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Workshop Program 
 

Tuesday, May 28, 2019 – Registration and Welcome Reception 

 Eckles Hall Café, 1404 Rollins Street, University of Missouri 

17:30 – 19:30  Registration 

18:00 – 19:00  Tours of Historic Sanborn Field (https://en.wikipedia.org/wiki/Sanborn_Field)  

18:30 – 20:00   Reception 

Wednesday, May 29, 2019 – Oral and Poster Sessions 

 N214 Memorial Union, 518 Hitt Street, University of Missouri 

Opening Session 

07:30 Registration, Continental Breakfast 

08:15 Ken Sudduth Remarks from conference chair 

 Zhou Shi  Remarks from working group chair 

08:30 John Sadler  Welcome from USDA-ARS 

 Shibu Jose  Welcome from University of Missouri 

08:45 Newell Kitchen Keynote Presentation:  
      What Came First, the Decision or the Sensor? ........................................ 7 

Session 1: Management Applications 
Chair: Ken Sudduth 
09:30 Athyna Cambouris Delineated Soil Management Zones with Proximal Soil Sensors to 

Effectively Characterize the Soil Variability under Potato Production in 
Eastern Canada ........................................................................................ 9 

09:45 Nuwan Wijewardane Mapping Infield Variability of Soil Properties to Support Precision 
Agriculture Using UAV, Multi-Depth EC, and Aerial Hyperspectral 
Imagery ................................................................................................... 15 

10:00 Guilherme Sanches Wide-Range Assessment of Spatial and Temporal Variability of Soil 
Attributes by an Electromagnetic Induction (EMI) Sensor in Brazilian 
Sugarcane Fields .................................................................................... 21 

10:15 Triven Koganti Evaluating the Performance of a Frequency-Domain Ground Penetrating 
Radar and Multi-Receiver Electromagnetic Induction Sensor to Map 
Subsurface Drainage in Agricultural Areas ............................................. 29  

10:30 Coffee Break 

Session 1 (continued): Management Applications 

Chair: Newell Kitchen 

10:45 Eric Lund Comparing Organic Matter Estimations Using Two Farm Implement 
Mounted Proximal Sensing Technologies .............................................. 35 

11:00 Maryem Arshad Comparing Management Zone Maps to Address Sodicity in Sugarcane 
Fields ....................................................................................................... 41 

11:15 Lance Conway Planting Depth and Soil Series Effect on In-Furrow Soil Sensor 
Performance............................................................................................ 47  

11:30 Nan Li Mapping Soil Exchangeable Calcium Using Linear Mixed Model in a 
Sugarcane Field ...................................................................................... 53 
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11:45 Discussion 

12:15  Lunch 

12:45 Fenny van Egmond Lunch Presentation: 

  Advancing Interoperable Soil Data Exchange for Global Soil Data 
Information Systems 

Session 2: Soil Spectroscopy 

Chair: Johanna Wetterlind 

13:15 Jean Robertson  How to Minimise Loss in Spectral Quality When Going From Laboratory 
to Field Measurements Using a Portable FTIR Instrument? .................. 59 

13:30 Dongxue Zhao  Establishing a Vis-NIR Spectral Library for Predicting Clay in Australian 
Cotton Growing Soils Using Various Sample Sizes ............................... 65 

13:45 Dongyun Xu  XRF and vis-NIR Sensor Fusion for Predicting Soil Chromium Content 69 

14:00 Jason Ackerson  Interoperability of Transfer Functions for In-Situ VisNIR Spectroscopy: 
Applications of Multi-Location EPO to Penetrometer-Based VisNIR 
Spectroscopy .........................................................................................  75 

14:15 Xu Xuebing  Determination of Soil Properties Using Laser-Induced Breakdown 
Spectroscopy (LIBS) Coupled with Partial Least Squares Regression 
(PLSR) (Ma Fei, presenter) ..................................................................... 81 

14:30 Mohammed Omer  Measuring Soil Quality Using Spectroscopic Techniques ...................... 87 

14:45 Discussion 

Session 3: Poster Session 

Chair: Kristen Veum 

15:00   Poster flash talks: One slide and one minute to introduce each poster  

15:30 Coffee Break 

15:45 Authors present at posters 

 Zhiqu Lu  Soil Exploration in the Vadose Zone Using the High-Frequency Surface 
Wave Method (Craig Hickey, presenter) ................................................. 93 

 Ehsan Zare  Time-lapse Imaging of Soil Moisture Monitoring in a Flood Irrigation Field 
Using Electromagnetic Conductivity Imaging: Wetting Phase ................ 99 

 Henrique Oldoni  Apparent Soil Electrical Conductivity as a Guidance for Canopy 
Management in Vineyards (Luis Bassoi, presenter) ............................. 105 

 Tiago Tavares  Sample Preparation for Assessing the Potential use of XRF on Soil 
Fertility Analysis .................................................................................... 111 

 Brian Nester  The Use of MIR for Supporting Routine Soil Property Analysis for US Soil 
Survey Under Field Conditions ............................................................. 117 

 João Coblinski  The Use of Reflectance Spectroscopy (VIS-NIR-SWIR-MIR) to Predict 
Soil Texture (Diego Urbina Salazar, presenter) .................................... 119 

 James Biney  Progress in Digital Mapping of Soil Organic Carbon: A Literature Review 
and Meta-Analysis  ............................................................................... 125 

 Kevin Godsey  Using a 3-Dimensional Scanner to Determine Soil Bulk Density  ........ 131 

 Sun-Ok Chung  Soil Texture Classification Using RGB Characteristics of Soil Images  135 

 Earl Vories  Interaction of Irrigation and Soil Effects on Cotton Yield  ..................... 141 
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 Milan Kroulik  The Agricultural Machine as a Tool for Data Collection  ...................... 147 

 Ken Sudduth  Multiple-Depth Electrical Conductivity Estimates of Discrete-Layer Soil 
Texture .................................................................................................. 153 

 Hak-Jin Kim  ISE based Embedded System for Hydroponic and Soil Nutrient 
Monitoring  ............................................................................................ 159 

17:30 Adjourn (dinner on your own) 

Thursday, May 30, 2019 – Oral Sessions 

 N214 Memorial Union, 518 Hitt Street, University of Missouri 

Opening Session 

07:30 Registration, Continental Breakfast 

08:00 Opening remarks and logistics 

08:15 Alex Thomasson Keynote Presentation: 
       The role of Proximal Soil Sensing in Agricultural Big Data ................... 165 

Session 4: Data Analysis Techniques 

Chair: Eric Lund 

09:00 Xueyu Zhao    DSM of Clay in 3-Dimensions Using EM38 and EM34 Data and Inversion 
Modelling (John Triantafilis, presenter) ................................................. 167 

09:15 Ma Ruijun    The Counting Models of Multi-layer Soil Electrical Conductivities ........ 171 

09:30 Bob  Gunzenhauser Estimating Soil Texture and Organic Matter with Proximal Soil Sensing 
Tools, Soil Analysis, and Soil Moisture Content: A Machine Learning 
Approach ............................................................................................... 181 

09:45 Said Nawar    Improving Measurement of Key Soil Fertility Parameters Based on X-Ray 
Fluorescence Spectroscopy Combined with Random Forest  .............. 187 

10:00 Zhe Xing    A Method Combining FTIR-ATR and Raman Spectroscopy to Determine 
Soil Organic Matter: Improvement of Prediction Accuracy Using 
Competitive Adaptive Reweighted Sampling (CARS) (Du Changwen, 
presenter) .............................................................................................. 193 

10:15 Coffee Break 

Session 5: New Sensors and Techniques 

Chair: Sun-Ok Chung 

10:30 Matteo Poggio   Automated Soil Core Scanner for Soil Organic Carbon Stock Estimations 
in New Zealand Hill Country ................................................................. 199 

10:45 Eko Leksono   Development of an On-the-Spot Proximal Soil Sensing Platform for 
Subsurface Measurement of Soil Properties ........................................ 205 

11:00 Yanhua Li    An ISE-based On-Site Soil Nitrate Nitrogen Detection System (Miao 
Zhang, presenter) ................................................................................. 211 

11:15 Mohamed Debbagh Development of a Low-cost Wireless Sensing System for Rapid in situ 
Assessment of Soil CO2 Emission ........................................................ 217 

11:30 Yijia Tang    Evaluating Low-cost Miniaturised Near-infrared Spectrometers for Rapid 
Analysis of Several Soil Properties (Edward Jones, presenter) ........... 223 

11:45 Chase Maxton   Comparing Proximal Soil Moisture Sensing with Modeled and Measured 
Soil Moisture Content ............................................................................ 229 
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12:00 Discussion 

12:30 Lunch  

13:00 Presentation of Student Awards 

Session 6: Soil Mapping and Characterization 

Chair: Robin Gebbers 

13:15 Martin Knotters   Structured Procedure for Selection of Suitable Soil Data Acquisition 
Techniques (Fenny van Egmond, presenter) ....................................... 235 

13:30 Hongfen Teng   Updating a National Soil Classification with Spectroscopic Predictions 
and Digital Soil Mapping ....................................................................... 241 

13:45 Keith Shepherd   Applications of Soil Mid-Infrared Spectroscopy in Africa: From 
Continental Scale Digital Mapping to Precision Agriculture for 
Smallholder Farmers ............................................................................. 247 

14:00 N.S. Wimalathunge Sensing Within-Field Soil Moisture with Cosmic-Ray Probes: Issues and 
Alternatives (Thomas Bishop, presenter) ................................................. 249 

14:15 Abdul Salam   Underground Soil Sensing Using Subsurface Radio Wave Propagation 
 .................................................................................................................... 255 

14:30 Anuar Kassim   Evaluation of Gamma-Ray Spectrometry for Mapping of Available K in 
Soil (Said Nawar, presenter) ..................................................................... 261 

14:45 Discussion 

15:15 Coffee Break 

Session 7: Sensor and Data Fusion 

Chair: Brent Myers 

15:30 Wenjun Ji    Proximal Sensor Data Fusion for 3D Mapping of SOC: From Canada to 
Sweden (Johanna Wetterlind, presenter) ................................................. 267 

15:45 Ronaldo de Oliveira Proximal Soil Sensing Platform for Effective Mapping of Soil Attributes in 
Brazil .......................................................................................................... 273 

16:00 Jingyi Huang   Unraveling Location-specific and Time-dependent Interactions between 
Soil Water Content and Environmental Factors in Cropped Sandy Soils 
using Sentinel-1 and Moisture Probes ...................................................... 279 

16:15 Discussion 

Wrap-up Session 

16:30 Session Chairs   Summaries of issues, accomplishments, and gaps 

17:00 All      General comments and discussion 

17:30  Adjourn to workshop dinner (separate ticket required) 

Friday, May 31, 2019 – Field Day 

 USDA-ARS Centralia Research Center 

08:30 Buses leave from Hampton Inn and Suites 

15:30 Arrive back in Columbia 

 Detailed field day schedule will be provided at the Workshop 
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What Came First, The Decision or the Sensor? 

Newell R. Kitchen 

USDA-ARS, Cropping Systems and Water Quality Research Unit, Columbia, MO 

Abstract 

My early training in agriculture began when I was just four years old. I played in a large backyard sandbox 
where I mimicked the actions of my father on our family farm. I created reservoirs, built irrigation canals and 
ditches, and cultivated fields—all in nearly pure sand. As a youngster, I made dozens of pretend agricultural 
decisions with my sandbox farm, aided primarily by my human sensors of vision, touch, and smell (we had 
an outdoor cat). Never did my crops fail. I was prosperous. It was a good life. Reflections on those early 
days, in light of what brings us together for this workshop, leads to the philosophical questioning of what 
came first, the decision or the sensor? Perhaps both could be argued as coming first, yet such a question 
deserves our musing to stay rationally grounded in purposeful careers in science and technology. When 
the organizers of this workshop considered themes for this year’s gathering, we came back to a recurring 
thought that attendees have had time and time again since the initial workshop in 2008. What is a soil 
sensor without a decision? An impulse for many of us throughout the years has been when a new or 
improved sensor is developed, we immediately acquire the sensor and start taking readings, assuming 
somehow it will be informative and useful. We are driven by the idea of extending data collection beyond 
what human sensing allows, by applying these sensing and data acquisition devices to explore, quantify, 
analyze, and share findings about the diversities of soil. Though true of many sciences, I contend our 
fascination and intrigue for soil, and its multifaceted functions, have truly been enlarged because of sensors, 
regardless if that sensing exercise has been in the laboratory or in the field. Soil sensing pushes us to ask 
questions we otherwise may never ask. More often than not (and as they should), these questions 
eventually are linked to some type of management decision. One might argue sensing most importantly 
supports basic biophysical and chemical scientific discovery, but a quick scan of the attendees of this 
workshop and their presentation content validates that we are, for the most part, applied scientists and 
engineers. The end products of our investigations are not academic, but are created in the support of 
decisions. Thus appropriately, we meet under the theme, “Linking Soil Sensing to Management Decisions.” 
Some come to sensing with soil or agronomy as their foundation; others learn of soil and crop management 
through their formal training in electronics and sensors. Regardless, the importance of what we do rests at 
the nexus of many disciplines as we learn to transform sensed soil properties into soil stewardship 
decisions. Those decisions range from crop and animal management, to conservation, to environmental 
protection. Soil sensing is trivial without meaningful response to the question, “So what?” It is in the 
application that value emerges. Thus, our efforts are centered on improving the capacity and economy of 
making management decisions through soil sensing. My challenge to you is, in your soil sensing 
campaigns, keep your focus on the decision. 
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Delineated Soil Management Zones with Proximal Soil Sensors to Effectively 
Characterize the Soil Variability under Potato Production in Eastern Canada 

Athyna N. Cambouris1, Bernie J. Zebarth2, Isabelle Perron1 

1 Quebec Research and Development Centre (RDC), Agriculture and Agri-Food Canada (AAFC), 2560 
Hochelaga Boulevard, Quebec City, QC, G1V 2J3, Canada 

2 Fredericton RDC, AAFC, 850 Lincoln Road, Fredericton, NB, E3B 4Z7, Canada 

Abstract 

Within-field management zones (MZ) delineated using soil apparent electrical conductivity (ECa) may 
provide the basis for site-specific crop management. This study evaluated the efficiency of soil ECa for 
delineating homogenous soil MZ related to soil properties and potato (Solanum tuberosum L.) tuber yield. 
Proximal soil sensing (PSS) instruments (Veris® and EM38) were used to measure soil ECa on three 
commercial potato fields, located in the provinces of Quebec (QC), New Brunswick (NB) and Prince Edward 
Island (PEI), Canada. The soil ECa data were used to delineate MZs using the fuzzy k-means classification 
method. Soil samples were collected and analyzed for physicochemical properties on more than 100 
sampling points per site (QC = 123; NB = 154 ; PEI = 104). Two MZs were found to be optimal in each site. 
Overall, the two MZs differed significantly in soil physicochemical properties in all three fields, whereas 
potato tuber yield differed significantly between MZs only in the QC and PEI fields. In the QC field, the 5.9 
Mg/ha greater yield for the high ECa zone was attributed to increased soil water availability and 
improvement in properties related to soil fertility (i.e., soil organic matter, soil pH). In contrast, tuber yield 
was 6.8 Mg/ha lower for the high ECa zone in the NB field, which was attributed to poor drainage, which 
results in poor early season crop growth under wet soil conditions. While yield did not differ between MZ in 
the PEI field, the low ECa zone had reduced soil water retention capacity and may require site-specific 
irrigation to optimize yield. The PSS instruments were effective in delineating MZs in all fields for potential 
use with site-specific nutrient and crop management as well as irrigation management. However, the 
specific management practices which could optimize potato production were site-specific. This emphasizes 
the importance of understanding the underlying relationships between pedoclimatic factors and crop 
response in order to effectively implement site-specific management using MZs.  

Introduction  
Despite the importance of spatiotemporal within-field variability in soil and crop properties, the conventional 
practice in potato (Solanum tuberosum L.) production in Eastern Canada is uniform crop input 
management. This practice may lead to a reduction in productivity and competitiveness, and an increase 
in adverse impacts on the environment. Potato producers are evaluating the potential of using precision 
agriculture (PA) to increase the profitability of crop production and improve tuber quality, while protecting 
the environment (Adamchuk et al. 2004, Cambouris et al. 2014).  

Use of a management zone (MZ) approach requires identification of subfield regions with homogeneous 
characteristics (Peralta and Costa 2013), such that the within subfield region variability is minimized, 
whereas the among subfield area variability is maximized (Tripathi et al. 2015). Proximal soil sensors (PSS) 
developed to measure soil apparent electrical conductivity (ECa) are one of the most widely adopted 
technologies to accurately and quickly obtain high spatial density soil measurements for the delineation of 
MZs (Sudduth et al. 2001). Among the unsupervised classification techniques available for the delineation 
of MZs, the fuzzy k-means is the most conventional and commonly used for this purpose (Serviado et al. 
2017). This study examined the efficiency of proximal soil sensing (PSS) to delineate within-field 
management zones on three commercial potato fields, located in the provinces of Quebec (QC), New 
Brunswick (NB) and Prince Edward Island (PEI), Canada.  

Materials and Methods 

Experimental Sites and Soil ECa Measurements 

The three sites were located in commercial fields under intensive potato production, and included St-
Amable, QC (45°40'52"N, 73°16'21"W), St-André, NB (47°06'04"N, 67°44'33"W), and Springfield West, 
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PEI, (46°21′08"N, 63°30′4"W). The field size of the QC, NB, and PEI sites was 13.8, 21, and 8 ha, 
respectively. The soil ECa was measured at the QC site with an EM38 (Geonics Ltd, Mississauga, ON, 
Canada) on a 15-m × 15-m sampling grid (44 measurements/ha). The EM38 was used in the vertical 
orientation, and measurements were made with the instrument on the soil surface The depth of investigation 
was approximately 0–1.5 m (ECa0-1.5m). The soil ECa of NB and PEI sites was measured continuously using 
a Veris (model MSP3 at NB site; model 3100 at PEI; Veris Technologies, Inc., Salina, KS, USA) along 
parallel transects spaced approximately 10 m apart (≈ 400 measurements/ha). Two depths were 
investigated of approximately 0–0.3 m (ECa0-0.3m) and 0–1.0 m (ECa0-1.0m). 

Soil Sampling and Analysis 

Soil was sampled for soil physical and chemical parameters using an intensive triangular grid sampling with 
a 30-m, 33-m, and 29-m spacing for the QC, NB and PEI sites, respectively. One composite sample for 
surface soil (0 to 0.15-m depth in NB and PEI; 0- to 0.20-m depth in QC) was collected at each sampling 
point, where each sample consisted of four soil cores collected randomly inside a 1.5-m-radius circle using 
a 0.05-m-diameter Dutch auger. Soil samples were air dried and passed through a 2-mm sieve. In each 
site, soil pH was measured with a soil:water ratio of 1:1. Soil organic matter (SOM) was determined by wet 
oxidation (Tiessen & Moir 1993) at the QC site whereas total carbon (C) content was measured with an 
Elementar varioMAX CN analyzer (Elementar Analysensysteme GmbH, Hanau, Germany) at the NB and 
PEI sites and converted to SOM using a conversion factor of 1.54. Soil particle size distribution was 
determined using the hydrometer method (Sheldrick & Wang 1993) at the QC site whereas the pipette 
method (Kroetsch & Wang 2008) was used at the NB and PEI sites. In each site, soils were extracted with 
a soil solution ratio of 1:10 using Mehlich-3 solution (Ziadi & Tran 2008). At the QC site, extract P 
concentration was determined colorimetrically using the molybdate reaction (Murphy & Riley 1962), the 
extract K concentration was determined by flame emission, and extract concentrations of calcium (Ca), 
magnesium (Mg), and aluminium (Al) were determined by atomic absorption (Perkin Elmer 3300, 
Uberlingen, Germany). The concentrations of P, K, Ca, Mg, and Al in the extract were determined by 
inductively coupled plasma optical emission spectroscopy (ICP-OES; Model, 4300DV, Perkin Elmer, 
Shelton, CT, USA) at the NB and PEI sites. 

Tuber Potato Yield 

At the QC site, potato yield were measured for three years using a potato harvester equipped with a Pro 
Series Potato Yield Monitor (RDS Technology Ltd, UK, England). At the NB site, yield was measured using 
a potato harvester equipped with a RiteYield system (Greentronics, Inc., Elmira, ON, Canada) during three 
years. At the PEI site, selected sampling points were handed harvested in one year to determine the yield.  

Statistical Analysis 

Descriptive statistics, Pearson correlation coefficients (r), and ANOVA were carried out with SAS version 
9.4 (SAS Institute, Inc., Cary, NC, USA). Data were analyzed with the GLM, CORR and UNIVARIATE 
procedures. Soil ECa variograms were computed with the GS+ geostatistical software, (V10.0, Gamma 
Design Software, Plainwell, Michigan) and kriged maps were performed in ArcGIS (ESRI, Redlands, CA, 
USA). Soil ECa datasets were used to delineate the MZs using naturally occurring clusters in the data 
(Chang et al. 2014). The fuzzy k-means method is an unsupervised method of classification that does not 
require prior knowledge or information to delineate MZs. It was performed with the FuzME software package 
(Minasny & McBratney 2002). The variance reduction due to zone partitioning was used to determine the 
optimal number of MZs in the experimental fields (Fridgen et al. 2000; Fraisse et al. 2001). 

Results and Discussion 

Descriptive Statistics and Geostatistics of Soil Electrical Conductivity 

The CV values for soil ECa were approximately 2.5 times greater in the NB site than in the QC and PEI 
sites (Table 1). In general, CV values are good indicators of variability, but not of its nature (i.e., structured 
or randomized) (Whelan and McBratney 2000). This greater CV likely reflects greater pedodiversity within 
the NB site, particularly greater variability in soil texture. Isotropic semi-variograms of ECa were computed 
to assess the within-field spatial variability of the studied sites. Spherical or exponential semi-variograms 
were the selected models. Spatial ranges for measured ECa were greater for QC (223 m) than for PEI and 
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NB (57-59 m). The nugget ratio was ≤20% for all sites, indicating that the nugget effect (random variance) 
was very low and reliably modelled by the sampling strategy used for soil ECa measurements (Simard et 
al. 2001; Cambouris et al. 2006). Moral et al. (2010) reported similar results for soil ECa measurements in 
a silt loam soils from Spain. High R2

CV values (i.e. > 0.88) indicated that good fits were obtained for all three 
sites. This suggests that soil ECa measured with the Geonics-EM38 or Veris model MSP3 or 3100 can be 
used to delineate MZs. 

Table 1. Descriptive statistics and geostatistical parameters of soil electrical conductivity (ECa) measured at Quebec (QC), 
New Brunswick (NB) and Prince Edward Island (PEI) sites. 

 

Descriptive statistics Geostatistical parameters 

n Mean Min. Max. CV (%) Model Nugget ratio (%) Range (m) R2
CV 

QC  ECa0-1.5m (mS/m)1  600 17.5 9.1 31.1 26 Spherical 1.0 223 0.88 

NB   ECa0-0.3m (mS/m)2  9502 1.7 0.3 8.2 63 Exponential 3.0 57 0.96 

NB   ECa0-1.0m (mS/m)3 8704 2.5 0.4 18.1 68 Exponential 8.3 59 0.94 

PEI  ECa0-0.3m (mS/m)2  1981 5.2 2.2 11.6 25 Spherical 20.0 64 0.87 

PEI  ECa0-1.0m (mS/m)3 1981 5.3 2.2 10.4 27 Spherical 17.0 64 0.88 

Note: measured with a: 1 Geonics-EM38 vertical mode directly on the ground; 2 Veris-MSP3; 3 Veris-3100; CV : coefficient of variation; Nugget ratio : 

(nugget semivariance/total semivariance) × 100 = C0/(C0+C) × 100; Range : distance at which a semivariance becomes constant; R2
CV : coefficient of 

determination of cross-validation. 

 

Correlation between Soil ECa, Soil Properties and Total Tuber Yield 

Soil ECa values were strongly correlated with soil texture in all three sites (Table 2). Soil ECa values were 
positively correlated to clay and silt contents and negatively correlated with sand content. Soil organic 
matter and most of the chemical soil properties were positively correlated to soil ECa values with the 
exception of Al contents that were negatively correlated to soil ECa values. Other studies (Moral et al. 2010; 
Landrum et al. 2015) reported similar relationships between soil ECa values, soil texture, and chemical soil 
properties under similar soil and topographic conditions. The strong correlations observed between soil 
properties and soil ECa values indicates that soil ECa can be used to predict the spatial distribution of soil 
properties, to visualize their impact on crop yield, and thereby to ameliorate productive and unproductive 
areas within a field (Perron et al. 2018). At the PEI site, soil ECa values were not correlated to hand-
measured yield. At the QC site, soil ECa was positively correlated to yield measured with a yield monitor in 
two of three years. In contrast at the NB site, soil ECa was negatively correlated to yield in all three years.  

Determination of the Optimum Number of MZs 

For all three sites, the fuzzy k-means clustering algorithm was used to partition the fields into 2–5 MZs. In 
increasing the number of MZ from one to five, the total within-zone variance of ECa decreased. Increasing 
the number of MZ from one to two had a greater impact than for any subsequent increase in MZ (Fig. 1). 
In all cases, additional MZs resulted in a limited reduction in total within-zone variance of soil ECa, and 
consequently two MZs was determined to be most suitable. As in other studies (Xin-Zhong et al. 2009; 
Moral et al. 2010), the magnitude of the reduction in total within-zone variance was used to select the 
optimum number of MZs.  

Practical Applications of MZs Within These Sites 

The optimal number of MZs must show a balance between the spatial variation of soil properties, yield 
stability over time, and a manageable spatial representation (Cambouris et al. 2006). ANOVA was 
performed to provide an indication of statistical distinction among different MZs (Chang et al. 2014). In the 
QC and NB sites (Table 3), the two MZs delineated using soil ECa measurements differed significantly in 
tuber yield for all 3 yr and in most of the soil physicochemical properties. In the NB site, averaged across 
the 3 yr, tuber yield was 6.8 Mg/ha greater for the low ECa MZ than for the high ECa MZ. In contrast, 
averaged across the 3 yr, tuber yield was 5.9 Mg/ha greater for the high ECa MZ than for the low ECa MZ 
at QC site. 
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Fig. 1. Decrease of the total within-zone variance of apparent soil electrical conductivity (ECa) into management zones 
(MZs) for a) Quebec, b) New Brunswick, and c) Prince Edward Island sites. 

 

This contrasting relationship between ECa and yield was attributed to differences in soil drainage 
conditions. At the NB site, higher ECa was associated with a finer soil texture and poor soil drainage which 
limits early potato growth and decreases crop yield and quality. In comparison, low ECa at the QC site 
reflects coarser soil texture with reduced water storage capacity which limits crop growth under dry climatic 
conditions.  

In the PEI site, the two MZs differed significantly in most of the soil physicochemical properties. Tuber yield 
was measured only in the first year at the PEI site, and was numerically, but not statistically, 2.0 Mg/ha 
greater for the high ECa MZ than for the low ECa MZ. More years of yield data would have been helpful at 
the PEI site to determine the relationship between ECa and yield.  

In all three sites, spatial variation in ECa was strongly influenced by soil texture. Soil texture, through its 
effect on soil water holding capacity and drainage, plays an important role in influencing potato yield, 
particularly in eastern Canada where much of the potato production occurs under rain-fed conditions. 
Where irrigation is applied, site-specific irrigation management may be required to optimize potato yield, as 
for example in the low ECa MZ in PEI where coarse textured soils limit soil water holding capacity. For all 
sites, the soil physicochemical properties also varied significantly between MZs, which may allow the 
possibility of site-specific nutrient management to improve potato yield and quality. 

Conclusion 

The soil ECa measurements were effective in delineating within-field differences in soil physicochemical 
properties. The MZs delineated with soil ECa differed significantly in tuber yield in QC and NB sites, and 
numerically at the PEI site. In all sites, the MZs can potentially be used for site-specific nutrient and crop 
management as well as irrigation management. The potential to use soil proximal sensors, such as Veris 
or Geonics, to map spatial variability of intrinsic soil properties is promising in potato production in Quebec, 
New Brunswick, and Prince Edward Island, particularly in fields with high pedodiversity. However, the 
specific management practices which could implemented to optimize potato production were site-specific, 
and reflected the pedoclimatic differences among fields within the three provinces.  
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Table 2. Pearson correlation coefficients for soil electrical conductivity (ECa), soil properties1 and total tuber yields at Quebec (QC), New Brunswick (NB) and Prince 
Edward Island (PEI) sites. 

  --------- Total tuber yield --------- 

 Sand Silt Clay SOM3 pH P K Mg Ca Al Depth2 1st yr 2nd yr 3rd yr 

QC ECa0-1.5m -0.43*** 0.41*** 0.35*** 0.04 0.15 0.32*** 0.38*** 0.29*** 0.36*** -0.40*** -0.72*** 0.30*** 0.49***   0.10 

NB ECa0-0.3m -0.71*** 0.61*** 0.81*** 0.25** 0.36*** -0.48*** 0.26** 0.53*** 0.48*** -0.66*** na -0.44*** -0.30*** -0.32*** 

NB ECa0-1.0m -0.71*** 0.60*** 0.85*** 0.24** 0.30*** -0.46*** 0.20* 0.49*** 0.43*** -0.64*** na -0.41*** -0.30*** -0.28*** 

PEI ECa0-0.3m -0.83*** 0.80*** 0.84*** 0.42*** 0.15 0.22* 0.34*** 0.16 0.25** -0.26** na 0.07 na na 

PEI ECa0-1.0m -0.82*** 0.79*** 0.82*** 0.44*** 0.14 0.25* 0.36*** 0.18 0.28** -0.26** na 0.12 na na 

Note: 1 Sand, silt, clay, SOM, pH P, K, Mg, Ca and Al measured on the depth 0-0.2 m at QC site and at the depth 0-0.15 m at NB and PEI sites; 2 depth to clayey substratum; 3 soil organic matter for Quebec and 

Prince Edouard Island, total carbon for New Brunswick; *, **, *** : significant at 0.05, 0.01, 0.001, respectively; na, not available. 

 

Table 3. Comparison of means of physicochemical properties1, apparent electrical conductivity (ECa) and total tuber yield among the two management zones (MZs) 
delineated at each experimental site at Quebec (QC), New Brunswick (NB) and Prince Edward Island (PEI) sites. 

MZs Sand Silt Clay SOM2 pH P K Mg Ca Al ECa
3 Depth4 ---- Total tuber yield (Mg/ha) ---- 

  --------------- (g/kg) --------------- (%)  -------------------------- (mg/kg) -------------------------- (mS/m) (m) 1st yr 2nd yr 3rd yr 

QC High ECa 866a 79a 55a 2.56a 5.6b 288a 143a 155a 582a 1402a 19.3a 1.06b 44.2a 39.6a 38.1b 

QC Low ECa 875b 71b 54a 2.27b 5.7a 111b 140a 163a 599a 1425a 13.5b 1.34a  36.8b 32.8b 34.4a 

NB High ECa 248b 561a 191a 3.39a 5.9a 188b 195a 148a 956a 1681b 5.1a na 31.9b 30.5b 30.9b 

NB Low ECa 363a 495b 142b 3.08a 5.8a 249a 181a 109b 778b 1842a 1.6b na 41.2a 37.4a 35.0a 

PEI High ECa 622b 281a 97a 2.08a 6.3a 210a 128a 105a 687a 1402b 6.6a na 48.9a na na 

PEI Low ECa 695a 229b 76b 1.76b 6.2a 193b 92b 95b 614b 1523a 4.5b na 46.9a na na 

Note: means followed by the same letter are not significantly different at 5% significance level according to least significant difference test; : 1 Sand, silt, clay, SOM, pH P, K, Mg, Ca and Al measured on the depth 

0-0.2 m at QC site and at the depth 0-0.15 m at NB and PEI sites; 2 soil organic matter; 3 measured with a Geonics-EM38 vertical mode directly on the ground at QC site, a Veris-MSP3 at NB site ECa measured 

at 0-0.1.0 m, and a Veris-3100 at PEI site, ECa measured at 0-1.0 m; 4 depth to clayey substratum; na, not available.  
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Abstract 

In modern farming systems, maps showing the spatial variability of soil properties are important to support 
and implement precision agriculture decisions. Satellite and aerial imagery have been conventionally the 
most commonly used data sources to derive such maps. The accuracy and usefulness of these maps, 
however, are limited because of their coarse resolution at the farm scale. Alternatively, farm scale-based 
proximal sensing techniques, such as Unmanned Aerial Vehicle (UAV) imaging or ground based soil 
sensors, are increasingly being used to develop digital soil maps for farm management. The objective of 
this study was to evaluate different data sources and their combinations to derive accurate digital soil maps. 
Apparent Electrical Conductivity (ECa) maps, LiDAR Digital Elevation Map (DEM), aerial-based 
hyperspectral imagery, and UAV multi-spectral imagery of an agriculture field in Havelock Farm, University 
of Nebraska-Lincoln, NE were available as different data sources. One hundred and forty-three surface soil 
samples were collected from the same field using a sampling grid and measured for moisture, total carbon, 
total nitrogen, nitrate-N, phosphorus, and Cation exchange capacity (CEC) in the lab. This dataset was 
randomly split into two subsets as training (70%) and test (30%) sets. Four modeling techniques: partial 
least squares regression, artificial neural networks, random forests, support vector regression, were used 
to calibrate models on the training set for different combinations of the point extracted data from ECa maps, 
DEM from LiDAR, hyperspectral, and UAV images to predict soil properties. Convolutional neural networks 
was used to calibrate models on the same training set using UAV multi-spectral and hyperspectral images. 
The developed models were then used to predict for the test set and their performances were assessed by 
calculating R2, Root Mean Squared Error, Bias and Ratio of Performance to Deviation. The results showed 
a correlation between phosphorus and LiDAR DEM, while negative correlations between total carbon / total 
nitrogen and UAV multi-spectral bands. The models performed poorly in predicting soil properties, except 
for phosphorus, regardless of the data source. This indicated the need to increase the number of the 
samples and the variability by incorporating data from other fields to calibrate robust models. 

Introduction 

Mapping soil properties of a field is important to identify the infield spatial variability of characteristics such 
as areas with high moisture, organic matter, and nutrients. Demarcating such areas can be invaluable for 
precision agricultural decisions. For instance, identifying areas with high moisture retention can be 
potentially helpful in irrigation management to increase water use efficiency. Identifying areas with high 
Nitrogen leaching can provide recommendations for split application of fertilizer.  

The confluence of several factors: increased availability of spatial data, computing power, and development 
of new sensors and data-mining tools, had led to the success of soil mapping in recent years (Minasny and 
McBratney 2016). Conventionally, satellite images and aerial imagery have been the most common source 
to develop such maps. However, those maps may not be well suited for field level precision agricultural 
decisions due to their coarse resolution. Alternatively, there are different sources of data such as ECa, 
LiDAR DEM, multi or hyperspectral images with higher resolution which are more suitable for farm scale 
mapping. These data sources can be used as covariates to calibrate models to predict soil properties and 
thus to produce maps. Literature reports the potential of ECa to be used to predict soil carbon (Knadel et 
al. 2015), moisture (Dobriyal et al. 2012), and texture (Friedman 2005). LiDAR DEM can also be related to 
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many soil properties since elevation governs a number of soil processes such as erosion and water/nutrient 
distribution.  

Compared to ECa and elevation, multispectral and hyperspectral imaging are relatively new methods to 
produce soil maps. Due to the relationship between spectral responses in the reflectance spectrum and soil 
properties (Barnes et al. 2003), the images obtained from these sensors can be used to predict soil 
properties. Liu et al., (2018) showed that the hyperspectral images can be used to improve the accuracy of 
deep learning models for soil clay content mapping. In addition, numerous reports in the literature 
demonstrated the successful use of hyperspectral data on soil mapping (Chen et al. 2000; Gholizadeh et 
al. 2018; Gomez et al. 2018; Vaudour et al. 2016).  

Different authors also tried various modeling techniques such as partial least squares regression (PLS), 
random forests (RF), support vector regression (SVR), artificial neural networks (ANN), and convolutional 
neural networks (CNN) to calibrate models to predict soil properties from these covariates (Liu et al. 2018; 
Vaudour et al. 2016). However, a direct comparison of these techniques on different combinations of data 
sources (i.e. ECa, LiDAR DEM, multi-spectral, hyperspectral images) has not been reported in the literature 
so far. Such comparison would allow the identification of the best approach and the data source to model 
soil properties and develop maps for the desired accuracy. To this end, the objective of this study was to 
evaluate different data sources: ECa maps, LiDAR DEM, multi-spectral and hyperspectral images) and their 
combinations to derive digital soil maps with different modeling techniques.  

Material and Methods 

Data collection 

The field in this study was on Havelock Farm of the University of Nebraska-Lincoln (40o 51’ 43’’ N, 96o 36’ 
47’’ W). The field was 12.5 ha (340×405 m) in size. The major soil types were crete silty clay loam (56.4%) 
and crete silt loam (24.8%). The field campaign was conducted during fall 2018. Four sources: EC survey 
maps, LiDAR digital elevation map, multi-spectral images, and air-borne hyperspectral images, were used 
to obtain data for the field. 

Firstly, an EC survey was conducted in the field to develop ECa maps at two depths using a DualEM21s 
sensor (Dualem, Inc., Milton, ON, Canada). Then multi-spectral images of the field were obtained using a 
camera (Micasense RedEdge multispectral camera, MicaSense Inc, Seattle, WA) attached to a UAV 
(Matrice 600 Pro, DJI, Shenzhen, China). The camera had five bands in blue (475 nm center, 20 nm 
bandwidth), green (560 nm center, 20 nm bandwidth), red (668 nm center, 10 nm bandwidth), red-edge 
(717 nm center, 10 nm bandwidth) and near infrared (840 nm center, 40 nm bandwidth) regions. The UAV 
was flown at a height of 120 m to obtain a ground resolution of 0.083 m for each band. 

Hyperspectral images of the field were obtained using an imagine spectrometer (AISA Eagle, Specim, 
Spectral Imaging Ltd, Finland) carried by an airplane (UNL CALMIT airborne research program). The 
spectrometer has a spectral range of 400-970 nm, 356 spectral bands, 1024 spatial pixels, and 12-bit depth 
per image with the ability to capture images at a rate of 50/s. The airplane was flown at an altitude of 
approximately 1000 m to obtain a ground resolution of 1m2 per pixel. In addition, LiDAR digital elevation 
map of the field was obtained from Nebraska Department of Natural Resources 
(https://dnr.nebraska.gov/data/elevation-data). The DEM map had a spatial resolution of 2 m. 

One hundred and forty-three surface (0-10 cm) soil samples were obtained from the field as the ground 
validation data using grid sampling (figure 1). At each sampling location, a 1x1 m square area was identified 
and soil samples were collected from four corners and the center. These samples were mixed and 
composited as the representative sample for the sampling point.  This sampling procedure was employed 
to account for the soil property variation within the 1 m2 area to match with the spatial resolution of the 
hyperspectral image. The collected soil samples were immediately put in sealed bags and sent to the lab 
for the measurement of 6 different soil properties: gravimetric moisture (%), total carbon (%), total nitrogen 
(ppm), nitrate-N (ppm), phosphorus (ppm), and CEC (meq/100g). 
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Figure 1. Soil sampling locations of the field arranged in a grid. The major soil series boundaries are also shown in white 
lines.  

Data Processing and Analysis 

The modeling for soil properties in this study was conducted using either the point data or image data 
extracted from spatial data. The point data were extracted using the area weight method. At first, a 1×1 m 
square was demarcated centering the sampling location. When parts of multiple adjacent pixels lay under 
this area, the sampling point value was calculated as the average of pixels weighted by its area under the 
square (i.e. area weight method). This procedure was implemented to extract data from ECa map, and all 
bands of UAV and hyperspectral images. The resulting data matrix consisted of 6 responses (i.e. soil 
properties measured), and 364 predictors (2 depths from ECa+LiDAR elevation+5 bands from multi-
spectral+356 bands from hyperspectral) for 143 samples.  

The dataset was randomly split into two subsets: a calibration set (70%) for modeling and a test set (30%) 
to validate the models. Extracted point data were used to calibrate models for different soil properties using 
four modeling techniques: partial least squares regression (PLS), artificial neural networks (ANN), random 
forests (RF), and support vector regression (SVR). The models were fine-tuned using 10-fold cross-
validation. The calibrated models on the calibration set were used to predict the test set. The prediction 
statistics R2, root mean squared error (RMSE), Bias, and ratio of performance to deviation (RPD) were 
calculated to evaluate the model performance. The same modeling procedure was implemented using 
different data sources (i.e. predictors) and their combinations. Additional information on these modeling 
techniques can be found in Helland (2004) , Liaw and Wiener (2002), Dayhoff and DeLeo (2001), Breiman 
(2001) for the interested readers. 

The image data for convolutional neural networks (CNN) modeling were extracted from UAV multi-spectral 
and hyperspectral images. After identifying each sampling on the image, a square area centering the 
sampling location was demarcated and used as a mask to extract the images from each band. The mask 
identified contained an area of 34×34 (= 34×34 m) and 100×100 (=8.3*8.3 cm) pixel areas for hyperspectral 
and UAV images respectively. 

The CNN architecture used in this study consisted of three convolutional layers with filters 16, 32, and 64, 
followed by five fully connected layers. Batch normalization and dropouts were used in each layer to avoid 
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overfitting. ‘ReLU’ function was used as the activation function at each node except for the last regression 
node. The models were optimized using the ‘Adam’ optimizer. Similar to point data modeling, 10-fold cross-
validation was used to fine tune the models. Additional detail on CNN deep learning can be found in Liu et 
al., (2018), Kamilaris and Prenafeta-Boldú (2018), and Chen et al., (2016). Calibrated models were used 
to predict for the test set and R2, RMSE, Bias, and RPD were calculated to evaluate the models.  

Results and Discussion 

Table 1 shows the summary statistics of the properties of the soil samples collected.  

Table 1. Summary statistics of the soil properties observed for the collected samples 

Property Mean Standard deviation Minimum Median Maximum Kurtosis Skewness 

Moisture (%) 18.10 2.54 12.20 18.20 26.30 0.31 0.10 

Total Carbon (%) 2.19 0.14 1.85 2.18 2.65 0.69 0.50 

Total Nitrogen (ppm) 1918 116 1597 1914 2178 0.06 -0.03 

Nitrate-N (ppm) 8.56 4.34 3.00 7.50 24.90 2.09 1.42 

Phosphorus (ppm) 32.90 17.20 12.00 29.00 107.00 4.09 1.82 

CEC (meq/100g) 21.29 2.73 17.60 20.70 35.00 9.72 2.72 

Per table 1, the moisture varied from 12.2 to 26.3 % while total carbon varied from 1.85 to 2.65 %. Kurtosis 
and skewness statistics indicated deviation from the normal distribution for all the properties measured, and 
Nitrate-N, Phosphorus and CEC showed right skewed distributions. Figure 2 shows the correlation matrix 
between soil properties and all the predictors extracted as point data. The first two principal components of 
hyperspectral data were used to represent the hyperspectral bands. 

According to figure 2, highest correlation was observed between P and LiDAR DEM (i.e. elevation). This is 
not surprising since P is tightly bound to soil matrix which is transported down slope with soil erosion, 
leading to negative correlation between P and elevation. Total carbon and nitrogen are also negatively 
correlated with UAV bands. Total carbon and nitrogen are part of soil organic matter which is usually darker 
in color since it absorbs more energy in visible regions (i.e. blue, red, and green). Organic matter also plays 
a major role in retaining soil water which can increase energy absorbance in NIR regions. Therefore, the 
lower reflected energy in visible and NIR region indicates higher organic matter, total carbon or nitrogen 
and vice versa.  

Table 2 shows the best modeling results for some of the soil properties. Note that only the properties which 
resulted in a R2>0.15 were shown here since none of the other models performed satisfactorily regardless 
of the modeling technique or data source used. In addition, we observed the high variation of the model 
performance statistics with different calibration and test splits. We speculated that the insufficiency of data 
and uniform field resulting less variability in the data to capture the underlining response-predictor 
relationships by the modeling techniques, caused the poor model performances. However, highest accurate 
model was obtained for P using the extracted point data from all four data sources and random forest 
modeling to which the reason is yet unclear.  
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Figure 2. Correlation matrix between measured soil properties and predictors from different data sources. The first two 
principle components were used to represent hyperspectral data. 

Table 2. Model performance statistics for 3 different properties which showed R2 > 0.15. The models were calibrated using 
extracted point data. 

Property Data Source Modeling tech R2 RMSE Bias RPD 
Phosphorus (ppm) UAV + LiDAR + EC + Hyperspectral RF 0.67 9.94 -0.34 1.73 
Total Carbon (%) UAV + LiDAR + EC + Hyperspectral ANN 0.26 0.15 -0.05 1.16 
Total Nitrogen (ppm) UAV + LiDAR +EC + Hyperspectral RF 0.16 110.31 -32.61 1.09 

Though the models did not perform to the expectation, we believe that including data from fields under 
different geographic regions, moisture regimes, texture, and including fields with more infield variability, 
may be able to increase the variability within the dataset as well as the number of samples. This variability 
could be then potentially captured by the modeling techniques to calibrate robust models which can perform 
better under diverse conditions. Such models can then be used to predict soil properties for the field to 
develop accurate maps, which can be used to support precision agriculture to increase efficiency while 
minimizing adverse effects on the environment. 

Conclusion 

In this study, data from different sources: ECa maps, LiDAR DEM, UAV multi-spectral imagery, and aerial 
hyperspectral images were used to model six different properties of surface soils using different modeling 
techniques: PLS, RF, SVR, ANN, and CNN. The results showed that soil P is correlated with elevation while 
total N and total C were negatively correlated with blue, green, red, rededge, and NIR bands of UAV multi-
spectral data. Models calibrated for predicting soil properties did not show satisfactory accuracies except 
for P which may be due to the insufficiency and less variability of data. Incorporating data from diverse 
fields may be helpful in calibrating accurate models to predict surface soil properties. 
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Abstract 

The soil apparent electrical conductivity (ECa) has been highlighted as a valuable information with high 
potential to map the soil fertility and yield potential of fields. However, sugarcane fields still have few results 
that shows the applicability of this information to define the soil spatial variability and its fertility conditions. 
The objective of this paper was to provide a comprehensive assessment of the relationship among ECa, 
evaluated by an electromagnetic induction (EMI) sensor, and the spatial variability of clay content, 
potassium (K), calcium (Ca) and Magnesium (Mg) in sugarcane fields. Six experimental sugarcane fields 
were evaluated, totaling 412 hectares mapped and 2,000 soil samples collected between 2011 and 2017. 
The results showed that ECa was able to map sites with higher clay content, K, Ca and Mg, corresponding 
to classes of greater soil electrical conductivity. Low ECa classes presented greater spatial variability of the 
evaluated soil attributes, i.e., places that should be sampled with greater accuracy and higher sample 
density for a suitable soil spatial characterization. The ECa variability was directly proportional to clay 
content variability. In general, the patterns founded at spatial variability level were temporarily remained. 
Electrical conductivity sensor is an excellent tool to define the spatial variability of soil fertility and could be 
used for a guided soil sampling to manage the sugarcane fields in an adequate sustainable way. 

Introduction 

Within the historical context of soil sensing techniques (Rossel and Bouma, 2016) to acquire high-quality 
information to manage the crop spatial variability, the apparent electrical conductivity (ECa) of soil it has 
been highlighted as an effective method to evaluate quickly, with high resolution and low cost the general 
soil fertility conditions (Sudduth et al., 2005) and soil yield potential (Corwin e Lesch, 2005; Corwin e Lesch, 
2003). ECa measurement has several advantages, such as high-speed data acquisition, easy to use, 
portable for field applications, and is a non-invasive method (Reedy e Scanlon, 2003). ECa has been 
highlighted as a powerful information in agriculture in the last decades, showed great correlation with soil 
salinity, clay content, cation exchange capacity (CEC), clay minerals, pore size and distribution, organic 
matter and temperature (Molin e Faulin, 2013; Ekwue e Bartholomew, 2011; Corwin e Lesch, 2005; 
McBratney et al., 2005; Tarr et al., 2005;  Domsch e Giebel 2004; Triantafilis et al., 2000; Sudduth et al., 
2001).  How ECa reflects the cumulative effect of soil matrix properties (mainly soil texture, cation exchange 
capacity, SOM and solute content), since these soil matrix properties are correlated with the yield, the ECa 
can also be highly correlated to crop yield (Godwin et al. 2003; Kitchen et al. 2005). Even more, recently 
Serrano et al. (2017) addressed the ECa data and it’s great spatial and temporal stability, turn it a valuable 
information for site-specific management of crops. 

Studies addressing the measurement of ECa in sugarcane fields are still scarce. Heil and Schmidhalter 
(2017) reported several potential applications of an electromagnetic induction (EMI) sensor, but none of the 
examples came from sugarcane fields. In Brazilian fields, ECa has been used mainly to define the yield 
potential (Siqueira et al., 2015), soil fertility mapping areas (Medeiros et al., 2018), the moisture content 
(Molin and Faulin, 2013) and management zones (Molin and Castro, 2008). Moreover, most of the studies 
under Brazilian conditions used sensors that measure ECa by the direct contact principle (Sanches et al., 
2018; Sana et al., 2014; Molin and Faulin, 2013; Molin and Castro, 2008), and few studies used EMI sensors 
(Sanches et al., 2019; Siqueira et al., 2015). Within this context, the objective of the present paper was 
provided a wide-ranging assessment of the relationship between soil attributes and ECa at spatial and 
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temporal level in Brazilian sugarcane fields by an EMI sensor. We intended to provide a comprehensive 
knowledge if ECa information, provided by an EMI sensor, can reflect the soil attributes variability and how 
it can help the producers to ensure an adequate site-specific management of their fields. 

Material and Methods 

Experimental fields 

All experimental fields, labeled as field A (21°16'35.65''S 47°32'15.65''W), field B (21°49'11.69''S 
48°35'44.21''W), field C (21°46'28.12''S 48°37'34.05''W), field D (21°38'12.18''S 48°39'05.49''W), field E 
(21°49'04.10''S 48°25'35.97''W)  and field F (21°49'04.10''S 47°44'11.29''W), are in São Paulo state, Brazil.  

Soil dataset 

The soil dataset used come from six sugarcane experimental fields where PA researches are carried out 
by the University of Campinas (UNICAMP). All data are stored in the Agronomic Database (BDAgro), 
reported in Driemeier et al. (2016). Only the soil surface layer data (0.00 to 0.20 m) were evaluated. For all 
fields, the soil was sampled by regular grids with different densities (Table 1). The experimental fields A 
and D were sampled for more than 1 year. About 2000 soil samples, collected between 2011 and 2017, 
were evaluated. The attributes clay content, potassium (K), Calcium (Ca) and Magnesium (Mg) were 
assessed. 

Table 1. Soil sampling characteristics of the sugarcane experimental fields. 

Field 
Area 

Years 
Grid 

Samples 
Dens. 

[ha]  [m] [samples ha
-1

] 
A 52.57 2011, 2012, 2013 and 2014 50 x 50 204 3.88 
B 95.88 2014 50 x 50 303 3.16 
C 34.81 2014 50 x 50 128 3.68 

D 102.06 2016 and 2017
*
 50 x 50 424 4.15 

E 37.50 2017 75 x 75 66 1.76 
F 90.04 2017 100 x 100 119 1.32 

* 100 x 100 m grid with 214 samples was collected. 

Apparent Electrical Conductivity (ECa) data set 

The soil ECa was measured using the electromagnetic induction (EMI) sensor EM38-MK2® (Geonics, 
Ontario, Canada). We used the 0.5 m coil separation readings in the horizontal dipole mode. The data 
logger frequency was 1 Hz (Table 2). The ECa readings of each experimental field was performed in a 
period shorter than one day. There was no precipitation on ECa measurement days that could alter soil 
moisture and, consequently, influence ECa measurements.  

Table 2. Apparent electrical conductivity (ECa) data of the sugarcane experimental fields. 

Field Valid N Dens. Mean Median Min. Max. Range SD CV 
[readings ha

-1
]  [mS m

-1
] 

A 18438 350.74 122.838 117.403 15.352 225.117 209.765 45.693 37.198 

B 25657 267.59 30.851 29.844 -55.430 227.500 282.93 43.517 141.052 

C 13312 382.45 5.055 4.727 -4.766 78.008 82.774 3.737 73.931 

D 79304 777.04 -51.846 -70.958 -124.727 137.190 261.9173 34.394 -66.338 

E 10102 269.40 -57.095 -57.695 -77.695 38.789 116.484 7.626 -13.357 

F 24499 272.09 -4.228 -15.508 -109.414 242.695 352.109 68.343 -1616.474 

Data analysis 

To assess the relationship between ECa and soil attributes, data analysis process was performed (Figure 
1). First, the ECa and soil data were analyzed to remove discrepant values from field readings or laboratory 
errors. Any input value that deviated from the mean by more than three standard deviations was treated as 
an outlier. As the ECa data have a higher density of measurements than the soil grid, the ECa data were 
reduced to the soil sample grid by linear polynomial surface regression (fittype fuction) using Matlab 
software (MathWorks, Natick, Massachusetts) in a buffer zone according to the linearization method 
described by Driemeier et al. (2016). After the removal of discrepant values, the correlation between soil 
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attributes and ECa was calculated by Pearson’s correlation coefficient (r). Second, all soil attributes were 
standardized for the interval 0 to 1, within the respective experimental field and year evaluated. This step 
put the data, regardless of the site and year, in the same range of variation to allow future comparisons. 

The ECa data of each experimental field was divided into five classes by three types of classification 
methods. We tested the Quantil (Q), Natural Breaks (NB) and Geometrical Intervals (GI) classification 
methods. One hundred samples, per ECa class, were adopted for each  iteration of the random sampling. 
We performed 10 iterations. At each iteration was calculated the mean (M) and coefficient of variation (CV), 
by ECa class, of the soil attribute assessed. At first time, we evaluated the clay content within ECa classes 
divided by the three types of classification methods tested. The objective was to decide which classification 
method best shows the difference between classes. The best classification method was selected, and the 
steps was performed again for K, Ca and Mg. The box-plot was used to visualize the data variability of all 
iterations by ECa classes, using the mean as the second quartile.  

Finally, a principal component analysis (PCA) was also applied to simplify the evaluated soil dataset and 
assess the variability of the principal components (PCs) at temporal level. To verify the spatial patterns at 
a temporal level, we evaluated the first main components in Field A, where sampling was performed for 4 
years. 

 
Figure 1. Data analysis process applied to dataset. 

Results and Discussion 

The present study comprised experimental fields with wide clay content variability (Figure 2 - a). Fields 
assessed were from sandy (clay <150 g kg-1) until very clayey (clay> 600 g kg-1). By clay content observed 
in the experimental fields, the present study covered different soil types. Even more, different soil fertility 
classes were included (Figure 2), since soil textural class is directly related to the availability of water and 
nutrients (Raij, 2001), addressing the wide-range assessment proposed in sugarcane fields. Field B showed 
the higher variability for all attributes assessed. Like clay content variability, fields B and F showed the 
greatest variability in soil ECa (Table 2). The highest ECa variability was observed in field F, with a 
measurement range equal to 352 mS m-1. Field C showed the lowest ECa measurement range, following 
clay content, Ca and Mg variability trends. 

A direct and significant correlation was founded between ECa and clay content (Table 3) for fields A, B, D 
and F (r = 0.48, 0.71, 0.81 and 0.78, respectively), corresponding to the fields with high clay content 
variability. In the fields C and E, where low clay content variability was observed, the correlation with ECa 
was not significant (r = 0.08 and -0.12, respectively). Excepted for Mg content at field D, K, Ca and Mg 
showed low correlations with ECa (r < 0.50). However, in a recent literature review, Sanches et al. (2019) 
showed that Ca and Mg presented the highest correlation averages with ECa (r = 0.44 and 0.43, 
respectively). Like reported by authors, a low statistical correlation between ECa and clay content does not 
mean that these attributes were not physically related, where many soil factors influence the ECa data. 

Quantil classification method showed the best division of clay content for ECa classes (Figure 3). All 
iterations produced, for NB and GI methods, overlap of classes 3 and 4. Thus, we assumed that the Q 
method was the most suitable for separation and classification of ECa data into classes, adopted in 
subsequent analyzes.  
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Figure 2. Clay content (a), potassium (b) calcium (c) and magnesium (d) variability of experimental fields for all years 

assessed. The classes of soil inherent variability are according to Raij et al. (1997). 

 

Table 3. Pearson’s correlation coefficient between ECa and soil attributes assessed.  
*Significant at 5%. 

Field Year Clay K Ca Mg 

A 

2011 

0.48* 

-0.01 0.03 0.23* 

2012 0.15* 0.20* 0.35* 

2013 0.02 0.14 0.28* 

2014 -0.09 0.15* 0.42* 

B 2014 0.71* 0.05 0.29* 0.18* 

C 2014 0.08 0.46* -0.01 0.19* 

D 
2016 

0.81* 
0.23* 0.30* 0.38* 

2017 0.31* 0.42* 0.65* 

E 2017 -0.12 0.00 0.31* 0.10 

F 2017 0.78* 0.34* 0.17 0.18 
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Figure 3. Clay content variability (g kg-1) by five classes defined according quantil (Q), natural breaks (NB) and geometrical 

intervals (GI) classification methods. 

 

How class 1 has the lowest and class 5 the highest values of ECa, clay content, K, Ca and Mg (Figure 4 – 
a to d, respectively) showed a clear trend of growth content from class 1 to 5 according to box-plot 
performed by random sampling assessment. In this way, as expected, the classes with low ECa evidenced 
sandy areas with lower contents of K, Ca and Mg. The CV from 10 iterations performed, showed that the 
less conductive classes also present greater variability in the contents, with a decrease trend from class 1 
to 5. Clay content and K showed a significant decreasement starting from class 3, while Ca and Mg (Figure 
4 – c and d) showed a linear decrease. Related to soil spatial variability mapping, an issue that still arouses 
interest of the scientific community is related to an efficient (economically and physically feasible) soil spatial 
characterization of its variability, as reported by Peets et al. (2012). The results founded in the present study 
can addressed this bottleneck, as evidenced by the ECa division into classes by quantile method. The CV 
can be an excellent indicative to assist the sampling and soil mapping process. While ECa lower classes 
must be sampled more rigorously, that is, with a higher sample density, the more conductive classes can 
be sampled with fewer samples for an adequate soil characterization. 

To perform a temporal variability assessment, PCA was applied to the soil attributes assessed. The first 
factor of PCA explained 41% of the total variance in the data (data not show); the only factor with eigenvalue 
greater than 1. Factor 1 is directly related to the Ca and Mg attributes (ρ = 0.84 and 0.89, respectively), 
where clay content (ρ = 0.35) and K (ρ = 0.35) showed lower, but positive, correlations with factor 1 (data 
not show). So, we assume that factor 1 can represent the soil fertility condition of field A. At time level, 
factor 1 showed the same growth trend from class 1 to 5, as previously observed (Figure 4), for the all years 
of assessment in field A (Figure 5). In general, the patterns founded at spatial variability level, were 
temporarily remained, where class 1 showed smaller average contents than class 5.  
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Figure 4. Standard content (y-axis left) and coefficient of variation (y-axis right – dashed line) of the iterations, per ECa 

class, of clay content (a), organic matter (b) and cation exchange capacity (c). 

Soil ECa, measured by IEM sensors, proved to be a high-quality information from fields to map the soil 
fertility in sugarcane fields, showing high potential to map yield potential zones (Sanches et al., 2019). 
Among the different types of sensing technologies for soil nutrient mapping, as addressed in Adamchuk et 
al. (2004), ECa sensors are an excellent and complementary alternative to map the spatial variability of soil 
fertility of fields. Furthermore, ECa can also aid the interpolation methods as an auxiliary variable to map 
the soil spatial variability (Sanches et al., 2018). Finally, the ECa mapping of sugarcane fields can be an 
excellent alternative for a site-specific management as showed here. Despite the low Pearson’s correlation 
founded between ECa and soil attributes, the ECa quantile classes are a good option for farmers establish 
zones in their fields to manage the soil fertility, allow the establishment of precision production environments 
(Sanches et al., 2019) and the yield potential zones. 

Conclusion 

The ECa classes, defined by quantile method, showed that the low electrical conductivity sites present 
lower clay, K, Ca and Mg contents. The higher ECa classes showed smaller CV for all soil attributes 
assessed, i.e., sites that can be characterized with smaller amounts of samples to an adequate soil mapping 
than lower ECa classes. The clay content variability was directly proportional to the ECa variability. In 
general, the patterns founded at spatial variability level, were temporarily remained. The EMI sensor is an 
excellent tool for defining the spatial variability of soil fertility and can be used for site-specific management 
of sugarcane fields. 
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Figure 5. Variability of loadings of the Factor1 in experimental Field A throughout the soil sampling periods 2011 (a), 2012 
(b), 2013 (c) and 2014 (d) in the ECa classes. 

References 
Adamchuk, V.I., Hummel, J.W., Morgan, M.T., & Upadhyaya, S.K. (2004). On-the-go soil sensors for precision 

agriculture. Computers and Electronics in Agriculture, 44(1), 71-91. 

Corwin, D.L., & Lesch, S.M. (2003). Application of soil electrical conductivity to precision agriculture. Agronomy Journal. 
95, 455–471.  

Corwin, D. L., & Lesch, S. M. (2005). Apparent soil electrical conductivity measurements in agriculture. Computers and 
Electronics in Agriculture, 46 (1–3 SPEC. ISS.), 11–43.  

De Benedetto D, Castrignanò A, Sollitto D, Modugno F, & Buttafuoco G (2012) Integrating geophysical and geostatistical 
techniques to map the spatial variation of clay. Geoderma, 171-172:53–63.  

Domsch, H., & Giebel, A. (2004). Estimation of soil textural features from soil electrical conductivity recorded using the 
EM38. Precision Agriculture, 5(4), 389–409.  

Driemeier, C., Ling, L.Y., Sanches, G.M., Pontes, A.O., Magalhães, P.S.G., & Ferreira, J.E. (2016). A computational 
environment to support research in sugarcane agriculture. Computers and Electronics in Agriculture, 130, 13–19. 

Ekwue, E.; & Bartholomew, J. (2011). Electrical conductivity of some soils in Trinidad as affected by density, water and 
peat content. Biosystems Engineering, 108: 95-103. 

Godwin, R. J., Wood, G. A., Taylor, J. C., Knight, S. M., & Welsh, J. P. (2003). Precision farming of cereal crops: A review 
of a six year experiment to develop management guidelines. Biosystems Engineering, 84(4), 375–391. 

Heil, K., & Schmidhalter, U. (2017). The application of EM38: Determination of soil parameters, selection of soil sampling 
points and use in agriculture and archaeology. Sensors (Switzerland), 17(11), 44.  

Kitchen, N. R., Sudduth, K. A., Myers, D. B., Drummond, S. T., & Hong, S. Y. (2005). Delineating productivity zones on 
claypan soil fields using apparent soil electrical conductivity. Computers and Electronics in Agriculture, 46(1–3 SPEC. 
ISS.), 285–308.  

McBratney, A.B., Minasny, B., & Whelan, B.M., (2005). Obtaining ‘useful’ high-resolution soil data from proximally-
sensed electrical conductivity/resistivity (PSEC/R) surveys. In: Stafford, J.V. (Ed.), Proceedings of the 5th European 
Conference on Precision Agriculture. Wageningen, The Netherlands: Academic Publishers, pp. 503–510. 

Medeiros, W.N.; Valente, D.S.M.; Queiroz, D.M.; Pinto, F.A.C.; & Assis, I.R. (2018). Apparent soil electrical conductivity in 
two different soil types. Revista Ciência Agronômica, 49 (1): 43-52. 



28 
 

Molin, J. P.; & Castro, C. N. (2008). Establishing management zones using soil electrical conductivity and other soil 
properties by the fuzzy clustering technique. Scientia Agricola, 65(6):567-573. 

Molin, J.P., & Faulin, G.C. (2013). Spatial and temporal variability of soil electrical conductivity related to soil moisture. 
Scientia Agricola, 70(1): 1-5. 

Peets, S., Mouazen, A. M., Blackburn, K., Kuang, B., & Wiebensohn, J. (2012). Methods and procedures for automatic 
collection and management of data acquired from on-the-go sensors with application to on-the-go soil sensors. 
Computers and Electronics in Agriculture, 81, 104–112.  

Raij, B.V.; Andrade, J.C.; Cantarella, H.; & Quaggio, J.A. (2001) Análise química para avaliação da fertilidade de solos 
tropicais. Campinas, Instituto Agronômico. 

Reedy, R.C.; & Scanlon, B.R. (2003). Soil water content monitoring using electromagnetic induction. Journal of 
Geotechnical and Geoenvironmental Engineering, 129:1028-1039. 

Rossel, R.A.V., & Bouma, J., (2016). Soil sensing: a new paradigma for agriculture. Agricultural Systems, 148, 71–74.  

Sana, R.S.; Anghinoni, I.; Brandão, Z.N.; & Holzschuh, M.J. (2014). Spatial variability of physical-chemical attributes of 
soil and its effects on cotton yield. Revista Brasileira de Engenharia Agrícola e Ambiental, 18: 994-1002 (in 
Portuguese, with abstract in English). 

Sanches, G.M., Magalhães, P.S.G., Remacre, A.Z., & Franco, H.C.J., (2018). Potential of apparent soil electrical 
conductivity to describe the soil pH and improve lime application in a clayey soil. Soil & Tillage Research,  
175, 217-225. 

Sanches, G.M.; Paula, M.T.N.; Duft, D.G.; Magalhaes, P.S.G.; & Franco, H.C.J. (2019). Precision production 
environemts for sugarcane fields. Scientia Agricola, 76(1), 10-17. 

Siqueira, G.M.; Silva, E.F.F.; & DaFonte, D.J. (2015). Spatial distribution of soil apparent electrical conductivity measured 
by electromagnetic induction and sugarcane yield. Bragantia, 74:215-223. 

Sudduth, K.A.; Drummond, S.T.; & Kitchen, N.R. (2001). Accuracy issues in electromagnetic induction sensing of soil 
electrical conductivity for precision agriculture. Computers and Electronics in Agriculture, 31: 239-264.  

Sudduth, K. A., Kitchen, N. R., Wiebold, W. J., Batchelor, W. D., Bollero, G. A., Bullock, D. G., et al. (2005). Relating 
apparent electrical conductivity to soil properties across the north-central USA. Computers and Electronics in 
Agriculture, 46(1–3 SPEC. ISS.), 263–283. 

Tarr, A. B., Moore, K. J., Burras, C. L., Bullock, D. G., & Dixon, P. M. (2005). Improving map accuracy of soil variables 
using soil electrical conductivity as a covariate. Precision Agriculture, 6(3), 255–270.  

Triantafilis, J., Laslett, G. M., & McBratney, A. B. (2000). Calibrating an Electromagnetic Induction Instrument to Measure 
Salinity in Soil under Irrigated Cotton. Soil Science Society of America Journal, 64(3), 1009. 

  



29 
 

Evaluating the Performance of a Frequency-Domain Ground Penetrating Radar 
and Multi-Receiver Electromagnetic Induction Sensor to Map Subsurface 
Drainage in Agricultural Areas  

Triven Kogantia*, Ellen Van De Vijverb, Barry J. Allredc, Mogens H. Grevea, Jørgen Ringgaardd, Bo V. 
Iversena 

a Department of Agroecology, Aarhus University, Blichers Allé 20, 8830 Tjele, Denmark 

b Research Group Soil Spatial Inventory Techniques, Department of Environment, Ghent University,    
Coupure links 653, 9000 Gent, Belgium 
c USDA/ARS Soil Drainage Research Unit, 590 Woody Hayes Drive, Room 234, 43210 Columbus, Ohio, 
U.S.A  

d Rambøll, Copenhagen, Denmark 

Abstract 

Subsurface drainage systems remove excess water from the soil profile thereby improving crop yields in 
poorly drained farmland. Knowledge of the position of the buried drain lines is important: 1) to improve 
understanding of leaching and offsite release of nutrients and pesticides and 2) for the installation of a new 
set of drain lines between the old ones for enhanced soil water removal efficiency. Traditional methods of 
drainage mapping involve the use of tile probes and trenching equipment. While these can be effective, 
they are time-consuming, labor-intensive and may cause additional damage to the drainage pipes. Non-
invasive geophysical soil sensors aid the collection of high-resolution spatially exhaustive data and 
therefore provide a potential solution to these problems. Previous research has focused on the use of time-
domain ground penetrating radar (GPR), with variable success depending on local soil and hydrological 
conditions and the central frequency of the specific equipment employed. In this study, we present the use 
of a stepped-frequency continuous wave (SFCW) 3D-GPR (GeoScope Mk IV 3D-Radar with DXG1820 
antenna array) instrument in combination with a single-frequency multi-receiver electromagnetic induction 
(EMI) sensor (DUALEM-21S). The 3D-GPR system offers more flexibility for application to different 
(sub)surface conditions due to the coverage of a wide frequency bandwidth. The DUALEM-21S sensor 
simultaneously provides information about the apparent electrical conductivity (ECa) and magnetic 
susceptibility (MSa) for four different soil volumes, corresponding to four different depths. This sensor 
combination was evaluated on nine different study sites with various soil types with textures ranging from 
sand to clay till. While high success rate was achieved in finding the tile drains at three sites (sandy, sandy 
loam, and organic soils) using the 3-D GPR instrument, the results at other six sites were less successful 
due to limited penetration of the 3D-GPR signal. Preliminary results suggests that the ECa measured by 
the DUALEM-21S sensor could be a useful proxy to evaluate the success that can be expected for the 3D-
GPR instrument. The high attenuation of electromagnetic waves in highly conductive media limiting the 
penetration depth of the 3D-GPR instrument can explain the findings obtained in this research. 

Introduction  

Installation of subsurface drainage systems comprised of buried drainage pipe networks has been a 
common practice for decades to enhance the water removal capability of poorly naturally drained soils. 
Some of the most productive agricultural regions in the world are a result of subsurface drainage practices. 
Subsurface drainage provides many agronomic and environmental benefits by lowering the water table 
enhancing plant productivity; however, the excessive leaching of nutrients and pesticides through 
percolation of solutes to drainage pipes is a potential risk for eutrophication and contamination of the 
surface water bodies (Rogers et al., 2005). In Denmark, considerable attention is being directed to the role 
of drainage systems in the transport and leaching of nutrients and pesticides to the aquatic environment. 
However, due to limited information on subsurface drainage installations, it is difficult to understand the 
hydrology and solute dynamics and plan effective mitigation strategies (Naz et al., 2009). Apart from these 
environmental aspects, there also are practical reasons motivating investment in improved drain line 
mapping. To enhance the drainage efficiency in agricultural areas with established drainage systems, the 
usual practice is to install new drain lines in between the old ones, requiring knowledge of their location 
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(Allred et al., 2005). Subsurface drainage installations often are poorly documented or the available 
information is outdated.  

Traditional methods of drainage mapping involve the use of tile probes and trenching which are time-
consuming and extremely tedious to apply at large spatial scales. In addition, their invasiveness entail the 
risk of further damaging the drainpipes causing costly repairs. Non-invasive geophysical soil sensors 
provides effective and efficient alternative to the problem. Previous research shows the use of time-domain 
impulse GPR with variable success depending on the local soil and hydrological conditions and their 
compatibility with the specific equipment used (e.g. chosen center frequency; Allred et al., 2005). Moreover, 
the success depends on the antenna orientation relative to drain line directional trend (Allred, 2013) and it 
is necessary to perform the survey along multiple parallel transects or using spiral and serpentine transects 
(Allred et al., 2018) to confirm the presence of the drain line and to ascertain its orientation. 

Recent technological advances in proximal sensing techniques have enabled the collection of high-
resolution, exhaustive data in three-dimensional (3D) space. In this study, we present the use of a SFCW 
3D-GPR in combination with state of the art EMI sensor (DUALEM-21S) for subsurface drain mapping. The 
wide area swathe, including 20 data collection channels spread over a total scan width of 1.5 m, and wide 
frequency bandwidth (60-3000 MHz) of the 3D-GPR facilitates full coverage of 3D space offering with 
complementary flexibility for application to different subsurface conditions. The DUALEM-21S sensor 
simultaneously provides the ECa and MSa measurements for multiple depth sensitivities increasing the 
possibility for inferring the vertical variation in soil properties. This sensor combination was evaluated on 
nine different study sites with various soil types, ranging from sand to clay till. 

The main goal of this research is to investigate if ECa measured by the DUALEM-21S sensor can act as a 
suitable proxy to explain the success achieved by 3D-GPR in finding the drain lines. Even when applied at 
a coarser resolution, EMI surveys are recommended for initial exploration, as they are cost effective and 
more robust to environmental conditions than GPR. In addition, EMI surveys have an established reputation 
for their widespread use in agricultural applications (Corwin et al., 2005). The rationale for this research is 
based on the notion that electrical conductivity (EC) controls the attenuation of electromagnetic waves (high 
signal attenuation in high EC areas) and hence controls the penetration depth of the GPR signal.  

Material and Methods 

Study Sites 

The selected Danish study sites are Fensholt upland (6205813 N, 568885 E); Fensholt lowland (6204718 
N, 567145 E), Silstrup (6309890 N, 478431 E); Estrup (6148875 N, 504378 E); Faardrup (6132550  N, 
648662 E); Holtum (6204566 N, 520304 E); and the LOOP 4 catchments – Lillebæk-1 (6109780 N, 610730 
E); Lillebæk-2 (6110380 N, 611557 E); Lillebæk-3 (6109685 N, 611347 E). All the coordinates are in UTM 
(wgs84, zone 32 N). These sites are mainly chosen to cover a variety of soil types and hydrological 
conditions and are all artificially drained by different types of drainage pipes (clayware or PVC).  

The Fensholt catchment is characterized by a clayey texture of the soil in the upland area and organic soil 
in the lowland area and is heavily tile-drained for its predominant agricultural land use (78%; De Schepper 
et al., 2017). Silstrup, Estrup and Faardrup belong to the sites monitored in the framework of the Danish 
Pesticide Leaching Assessment Programme (PLAP). The soil at the Silstrup consists of sandy clay loam or 
sandy loam in the topsoil and clay till in the subsoil. The soil at the Estrup was mainly sandy loam in the 
topsoil and clay till in the subsoil. The soil at Faardrup was loam or sandy loam in the topsoil and sandy 
clay till in the subsoil. A more detailed description of the PLAP study sites can be found in Lindhardt et al. 
(2001). Thick sediment deposits of sand and silt characterize the Holtum site with podzols being the 
dominating soil types (Houmark-Nielsen, 1989). The LOOP 4 catchments are located in the Lillebæk, a 
clayey till watershed, of which most part is characterized by a sand-mixed clayey soil (Rasmussen, 1996). 

The 3D-GPR Survey and Data Processing 

The 3D-GPR (Fig. 1a) used in this study was a SFCW GeoScope Mk IV 3D-Radar with DXG1820 antenna 
array (3d-Radar AS, Trondheim, Norway) covering a wideband frequency interval of 60-3000 MHz. It is a 
ground-coupled antenna array and consists of 21 bow-tie monopole antennas arranged so that the data is 
simultaneously recorded along 20 channels with a uniform spacing of 0.075 m resulting in a total scan width 
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of 1.5 m. The wideband coverage of the GeoScope Mk IV offers the flexibility to adjust the bandwidth 
depending on the desired resolution and the depth of interest under different (sub)surface conditions. In 
addition, the wide area swathe of the antenna array enables effective coverage of 3D space. The main 
difference between time-domain and frequency-domain GPR systems lies in the way they transmit energy 
into the ground. In a time-domain GPR system, a short wave pulse of a limited bandwidth (typically 
characterized by the system's center frequency) is transmitted at regular intervals and the reflected energy 
is received as a function of time. Contrarily, in a SFCW system, the frequency of a continuously transmitted 
waveform is modulated in linear increments, in which energy is focused on each frequency step in turn over 
a certain dwell time with coherent reception at the receiver. This provides an overall improved signal-to-
noise ratio (SNR) and penetration depth (Koppenjan, 2009). The penetration depth of a GPR instrument is 
the depth at which the SNR reaches a minimum and is mainly controlled by soil EC because signal 
attenuation is a major limiting factor. Other factors that control the penetration depth and quality of the data 
include energy loss at the antenna, loss from reflections from contrasts in RDP, and loss due to absorption, 
scattering and geometric spreading which depends on the soil type and RDP.  

The 3D-GPR was mounted on an all-terrain vehicle (ATV) and geo-referencing was done using a real-time 
kinematic (RTK) GPS with sub-decimeter accuracy. The data processing was done using the 3D-Radar 
examiner software (3d-Radar AS, Trondheim, Norway). The data was converted from frequency-domain to 
time-domain through an inverse fast Fourier transform using a Kaiser window with a beta value of 6 (Harris, 
1978) for a reduced bandwidth of 100-750 MHz, to eliminate low- and high-frequency noise. The choice of 
bandwidth has to be made based on the resolution necessary for detecting the features of interest. While 
including higher frequencies generally improves the resolution, high frequencies attenuate quickly resulting 
in less penetration of the GPR signal (Eide and Hjelmstad, 2002). A background removal filter based on a 
sliding window mean of 10-15 m was used to remove the background noise, especially suitable to eliminate 
antenna-ringing noise. The time zero is the time of first arrivals (direct air and ground waves) and was 
assumed a constant over the entire area for each study site. The choice of time zero was based upon where 
the largest signal magnitude was observed. The relative dielectric permittivity (RDP) was estimated from 
hyperbola fitting and evaluated using values from literature (Cassidy, 2009). The RDP determines the 
velocity of the electromagnetic waves in the subsurface and is necessary to convert the vertical scale of 
GPR data recordings from two-way travel time (ns) to depth (m). We refer to Sala and Linford (2012) for a 
more comprehensive overview of data processing for a SFCW GPR system. 

Fig. 1. a) The 3D-GPR and b) the DUALEM-21S sensor. Both the instruments are pulled by an ATV. 

The DUALEM-21S Survey and Data Processing 

The DUALEM‐21S (Dualem Inc., Milton, ON, Canada; Fig. 1b) is a frequency-domain multi-receiver EMI 
sensor operating on a single frequency of 9 kHz. It has two pairs of horizontal coplanar (HCP) and 
perpendicular (PRP) receiver coil arrays and simultaneously measures the ECa and MSa of different soil 
volumes. The transmitter (Tx) is located at one end and is shared by all the receiver coils at a distance of 
1.1 m and 2.1 m for the PRP coil configurations and 1 m and 2 m for the HCP configurations. At low 
induction numbers, the depth of exploration (DOE) for ECa measurements can be expressed in function of 
coil spacing (s) and array orientation (McNeill, 1980), with the DOE of the PRP and HCP arrays being 0.5 
s and 1.6 s respectively, when the instrument is placed on the ground (Dualem Inc., 2008). As such, the 
1.1 m PRP and 1 m HCP configurations measure ECa to depths of 0.5 and 1.6 m respectively, while the 
2.1 m PRP and 2 m HCP configurations provide ECa down to depths of 1.0 and 3.2 m. A DUALEM-421S 
sensor with an additional pair of receiver coils at 4.1 (4.1 m PRP) and 4 m (4 m HCP) spacing which 
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measure ECa down to depths of 2 m and 6.4 m, was used at the Fensholt lowland and Hotlum sites. 
However, here only the results of the 1, 2 m HCP and 1.1, 2.1 m PRP arrays are given. The sensor was 
mounted on a sled (0.2 m above ground) behind an ATV and georeferencing was done using a RTK GPS. 
The distance between transects was maintained to be approximately 1 m at all the sites and the data was 
sampled at a frequency of 8 Hz at a driving speed of 8-10 km h-1.  

Results and Discussion 

The 3D-GPR Results 

Drain lines are usually installed at a depth of 1-1.5 m. The typical signature of a drainage pipe in the 3D-
GPR data is a hyperbolic pattern in the vertical profile, and a linear pattern in a horizontal time/depth slice 
(Fig. 2) when the instrument is moved perpendicular to the drain line direction. This is because drainage 
pipes are cylindrical in shape and the arrival time of reflections retrace a hyperbolic pattern with the apex 
of the hyperbola coinciding with the location of the drain line and the extent of linear pattern in the horizontal 
slice representing the length of the drain line. As hyperbolic patterns can also be generated by other point 
size objects (rocks, cavities, etc.), the linear pattern in the horizontal slice helps to eliminate false positives 
which demonstrates the advantage of using the 3D-GPR with a wide swathe. 
Table 1 shows the details of the performed 3D-GPR surveys and the achieved average penetration depth 
and success rate in finding the drains. The extent of coverage was only 5% at Holtum as the area was 
generally wet because of the presence of a nearby stream. No drain maps were available at Holtum 
although we presumed to have found most of the existing drains due to good quality data and deep 
penetration of the GPR signal. At Fensholt lowland and Estrup, the survey was performed during three 
different times. The Fensholt upland is relatively large, hence the extent of area covered was only 30%. 
Full coverage was achieved at the sites Faardrup and Lillebæk-1, while only 50% of the target areas were 
covered at Silstrup and Lillebæk-2 and 3. Overall, deeper penetration depth and high success rate were 
observed at Fensholt lowland, Holtum and Faardrup while limited penetration and less success rate were 
observed at the other sites. 

Fig. 2. An example from Fensholt lowland (567281 E, 6204686 N) showing the typical signature of a drain line on the 3D-
GPR data a) hyperbolic pattern in vertical profile of reflections (amplitude) and b) linear pattern in the horizontal slice (1 m 

depth) of reflection strength (magnitude). The data was collected in January 2016 (RDP = 15, time zero = 2 ns). 

Table 1. Details of the 3D-GPR surveys; penetration depth (m) achieved at each study site and the success rate (%) in 
finding the tile drains. The success rate was in comparison to the drain maps provided by the farmers.  

* Presumed to be high due to lack of pre-existing drain maps. 

Study Site Time of the Survey Proportion of target 
area (%) 

Penetration 
Depth (m) 

Success Rate 
(%) 

Fensholt upland September 2016 30 0.5 - 1 10 
Fensholt lowland August 2015, January 2016, 

September 2016 
100 in total 1.5 75 

Silstrup November 2015 50 1 - 1.5 0 
Estrup November 2015, September 2017, 

August 2018 
95, 25, 25 1 - 1.5 5 

Faardrup September 2015 100 1.6 99 
Holtum January 2016 5 2 High* 

Lillebæk-1 August 2015 100 0.5 - 0.8 25 
Lillebæk-2 August 2015 50 0.6 - 1.2 15 
Lillebæk-3 August 2015 50 0.6 - 1.2 25 
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The DUALEM-21S Results 

Table 2 shows the mean ECa obtained for the four considered coil configurations of the EMI measurements. 
The ECa was very low (4.9 - 8.3 mS m-1) at Holtum because the soil was predominantly sandy. At Faardrup 
and Silstrup, the ECa was low in the 1 m PRP but increased significantly for 2 m PRP, 1 m HCP and 2 m 
HCP. This is because, at these sites, the sandy loamy topsoil is underlain by sandy clay till and clay till, 
respectively. A similar interpretation can be made for the Estrup, although the ECa was generally high 
compared to the other sites. The organic soil of Fensholt lowland has marginally high ECa as compared to 
the mineral soil of upland area. The sites at Lillebæk-1, 2 and 3 have similar mean ECa values indicating 
the same soil properties at all these sites. In general, the ECa values gradually increases with the DOE of 
the channels, which implies that at all the sites the soil EC generally increases with depth. 

Table 2. Mean apparent electrical conductivity (ECa – mS m-1) measured by 1 m PRP (0-0.5 m); 1 m HCP (0-1.6 m); 2 m PRP 
(0-1 m) and 2 m HCP (0-3.2 m) at different study sites after removing the negative values. 

 

 

 

 

 

 

Combined Interpretation and Localized 3D-GPR Penetration Depth 

A combined interpretation was made to understand the influence of soil EC on GPR signal attenuation and, 
hence, penetration depth. Deeper signal penetration (around 2 m) was observed at Holtum with low ECa. 
Correspondingly, high success rate was achieved in finding the tile drains. This was also the case at 
Faardrup where high success rate was achieved due to deep penetration of the GPR signal. Nevertheless, 
the ECa at Faardrup was higher in comparison to Holtum. At Silstrup, Fensholt upland, and Lillebæk (1, 2 
and 3), the ECa was relatively high in the deeper sensing channels (1 m HCP, 2 m HCP) when compared 
to Faardrup. The penetration depth was limited and less success was observed finding the drain lines. At 
Fensholt lowland and Estrup, the ECa was relatively high in comparison to the other sites. Nevertheless, 
high success rate and deep penetration was observed at Fensholt lowland but less to no success was 
observed at Estrup with relatively less penetration.  

Assuming no abrupt changes in RDP, a localized 3D-GPR penetration depth was calculated on a 2 x 2 m2 
regular grid (Fig. 3a) to exemplify the effect of EC on GPR signal attenuation. At each point on the regular 
grid, all the 3D-GPR trace magnitudes within 1 m radius were averaged. The time/depth when this average 
trace magnitude reaches a minimum was considered as the penetration depth of the 3D-GPR signal. The 
ECa data was kriged onto the same regular grid (Fig. 3b). Good correspondence was observed between 
localized 3D-GPR penetration depth and ECa data; i.e. high penetration was observed in areas with low 
ECa and vice a versa showing that GPR signal attenuation largely controls the penetration depth.  

 

 

 

 

 

 

 

 

Fig. 3. a) Localized 3D-GPR penetration depth and b) kriged 1mHCP data onto the same 2 x 2 m2 grid at Faardrup site. High 
penetration depth corresponds with low ECa values and vice a versa. The coordinates are in UTM (wgs84, zone 32 N). 

Study Site 1 m PRP 1 m HCP 2 m PRP 2 m HCP 

Fensholt upland 10.4 17.7 16.5 23.7 
Fensholt lowland 14.2 22.3 20.6 26.7 

Silstrup 7.6 18.2 15.3 22.7 
Estrup 12.9 28.6 23.3 35.2 

Faardrup 7.7 14.8 14.3 19 
Holtum 4.9 5.9 6 8.3 

Lillebæk-1 12.1 21.1 19.2 27.5 
Lillebæk-2 10.6 20 18.1 27.4 
Lillebæk-3 10.4 20.8 18.4 29 
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Conclusion 

High success rate was achieved in finding the drain lines at three sites using the 3-D GPR, but the results 
at other six sites were less successful. Close resemblance between the localized penetration depth of the 
3-D GPR and ECa shows the influence of EC on signal attenuation. Hence, the ECa measured by the 
DUALEM-21S sensor can act as ancillary information to explain the success achieved by the 3D-GPR in 
finding the drain lines, complementarily providing information on spatial variability of soil properties that are 
of importance to precision agriculture. Future research aims at predicting the suitability of the GPR for 
subsurface drainage mapping using EMI measurements. Besides, additional methods (drone imagery, 
magnetic gradiometer) will be tested with a goal of providing guidelines in relation to choice of sensor. 
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Abstract 

Using soil optical reflectance to measure soil organic matter in situ was initiated in the 1980’s and 
commercialized a decade ago. Recently two companies have introduced optical sensing on devices 
mounted to standard farm implements. If the measurements are accurate, these devices could provide 
scalable, low-cost organic matter mapping. The objective of this research was to compare the estimations 
of both of these technologies using lab-analyzed organic matter.  The research was conducted on four 
fields using more than 80 calibration samples.  While there were significant differences in the amount of 
organic matter estimated, both technologies were able to spatially represent the organic matter distributions 
within the fields. 

Introduction  

Variations in soil properties such as organic matter (OM) can be detected based on differences in light 
reflectance. Darker soils contain higher levels of moisture or OM than light-colored soils (Alexander, 1969). 
While this can be detected visually, optical sensors in the visible and near infrared (Vis-NIR), can quantify 
the reflectance characteristics and provide the data needed to develop calibrations to soil properties. Soil 
reflectance has been studied extensively since the 1970’s and is widely reported in the scientific literature 
as an effective means for approximating OM (Sudduth and Hummel, 1993). Early attempts at mobilizing a 
simple optical sensor for OM detection showed promising results, when a wide range of OM levels were 
present and conditions were closely controlled (Shonk et al., 1991). Veris® Technologies began 
development of soil optical devices in 2002 and introduced a commercialized Vis-NIR spectrophotometer 
system for proximal mapping soil in 2007 (Christy et al., 2003). Leveraging its experience from the higher-
end systems, Veris developed a two-wavelength device which has been commercially available since late 
2010 (Kweon, et al., 2013).  In 2017, Veris introduced the iScan, an implement-mounted optical sensor and 
4 electrode soil electrical conductivity measuring device that can be attached to a tillage tool or row-crop 
planter in order to collect soil measurements while performing a normal field operation (Figure 1). Also, in 
2017, Precision Planting® began commercially offering the SmartFirmer, an optical device that attaches to 
a planter row behind the seed tube (Figure 2).  Additionally, the SmartFirmer is being marketed as a device 
which allows real-time sensing and control of seed populations and other inputs based on its organic matter 
readings (https://www.precisionplanting.com/products/product/smartfirmer,2018).  Whether in real-time or 
using a prescription based on sensor-based estimations of organic matter, erroneous readings could lead 
to incorrect applications of crop inputs and economic harm.  The objective of this research was to compare 
the estimations from each of the two implement-mounted sensor systems to laboratory-measured organic 
matter samples co-located with field sensor readings. 

                          

Figure 1.  Veris iScan optical module         Figure 2. Precision Planting SmartFirmer optical module 
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Materials and Methods 

The Optical Devices 

The Veris iScan is an independent row unit that mounts either in between existing toolbar rows, on the side 
of a tillage tool, or inside the tillage tool frame (Figure 3). 

     

Figure 3.  Various applications of Veris iScan. 

 

A fluted coulter cuts residue and creates a loose soil slot for the runner containing the optical module to 
follow.  The operating depth of the device can be set from 2.5 to 8.5 cm depending on conditions and the 
information desired. For this project it was set to 3 cm. The optical module is pressed against the bottom of 
the slot and the consistent pressure provides a self-cleaning function. Measurements are collected through 
a sapphire window with 4 mm thickness. The visible and NIR wavelengths deployed in the iScan optics are 
660 nm and 940 nm.  Data was collected at a 1 hz rate.  The Veris method of estimating organic matter 
includes calibrating each field using lab-analyzed organic matter data (Lund et al., 2015). 

The Precision Planting SmartFirmer mounts behind the seed tube on a row crop planter, replacing any 
existing seed firming device in that location. The normal residue clearing and soil furrow opening functions 
are provided by the planter row unit disks, coulters, and/or row cleaners (Figure 4).  

 

Figure 4. Precision Planting SmartFirmer mounted to John Deere model 7300 planter. 

 

The operating depth of the planter disks which in turn sets the depth of the device are set by the position 
of the planter gauge wheels.  For this project the depth was set to 3 cm. The window of this device is 
pressed against the side of the furrow created by the planter disks.  Neither the window material nor the 
wavelengths are listed in any of the manufacturer’s commercial materials, however there are two in the 
visible portion (blue and amber) and there appears to be several in the infrared portion of the spectrum. 
Data was collected at a 1 hz rate.  The SmartFirmer provides an immediate estimation of organic matter. 
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Study Field Characterization 

This research was conducted on four fields in two central Kansas counties, Saline and Dickinson.  USDA 
SSURGO maps characterize the soils in the Saline county fields as silt loam and the Dickinson county field 
as a silty clay loam. For this research, both systems were operated on 18 meter transects within 24 hours 
of each other using DGPS for positioning. Lab-analyzed organic matter was provided by the grower’s 
previously analyzed lab data. More than 80 samples were utilized.  To match the on-the-go sensor 
measurements to the lab points an inverse distance weighted interpolation method was applied to the 
sensor values within 5 m of the lab sample location.   

   

              Table 1. Study field soil information. 

 

 

Results and Discussion 

Both systems produced maps exhibiting spatial structure and generally similar appearance (Figure 5). 

 

Figure 5. Maps of Dickinson field; SmartFirmer (left) and iScan (right). 

 

 

To calibrate the optical readings from all Veris optical sensors to organic matter, lab-analyzed samples are 
required, according to the process stipulated by the manufacturer (Lund et al., 2015).  The iScan optical 
readings on each field were calibrated to the corresponding lab samples. The estimations for the four fields 
were combined and compared to the lab data. As shown in Figure 6, there was strong correlation especially 
considering the limited OM variability in these fields. 
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Figure 6. Relationship of field-calibrated iScan OM versus lab-analyzed OM. 

 

 

The SmartFirmer provides an estimation of organic matter in real-time, and no field calibration is required 
by the manufacturer.  To validate the estimations provided by the SmartFirmer, its estimations were 
compared to the same set of lab data as was utilized for the iScan.  As is illustrated in Figure 7, while there 
is a reasonable relationship between the estimated and actual OM levels, the SmartFirmer over-estimated 
the organic matter on most samples. 

 

 

Figure 7. Relationship of SmartFirmer estimated OM versus lab-analyzed OM. 

 

 

If the SmartfFirmer were to be calibrated with lab data, the estimation would improve considerably as shown 
in Figure 8. 
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Figure 8. Relationship of SmartFimer estimated OM after field calibration versus lab-analyzed OM. 

 

The opportunity for improved accuracy gained by calibrating the SmartFirmer is further illustrated by 
comparing the root mean square error (RMSE) of each sensor’s OM estimations.  As Table 2 shows, the 
RMSE of all the fields is .72% OM and after calibrating using lab samples from each field, the RMSE 
drops to .24.  Without calibration, the SmartFirmer error of .72 is significantly poorer than the field average 
error .of .30. 

Table 2. Root Mean Square Errors of Organic Matter Estimations. 

 

 

The small range of OM variability on these fields provided a stringent test of these sensors’ abilities to 
deliver both precision and accuracy.  Future research should include fields with higher levels of OM and 
greater ranges of variability. 

 

Conclusion 

Two commercially available optical soil sensors were tested on four central Kansas fields.  Both sensors 
produced spatially structured optical maps with similar appearance.  Lab samples were used to determine 
both the accuracy and the precision of each product’s estimate of OM. The results show the need for 
calibrating each sensor with lab data. 
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Abstract 

In the sugarcane growing area of Herbert Valley, the soil is moderately sodic (6-10 %) due to high 
exchangeable sodium percentage (ESP %). To mitigate excess ESP, industry has developed Six-Easy-
Steps nutrient management guidelines to assist farmers determine suitable rates of gypsum. In this 
research, the use of proximal sensed data was explored in from of a digital elevation model, -ray (RS-700 
spectrometer) and electromagnetic induction (DUALEM-421) instruments to delineate management zones 
(2, 3 and 4) by numerical clustering (k-means). These digital soil map (DSM) derived zones were tested by 
calculating mean square prediction error (MSPE) relative to topsoil (0 – 0.3 m) ESP and by using restricted 
maximum likelihood (REML). These maps were compared with zones based on a traditional soil texture 
map (k = 3) and field-based delineation (k = 3). The DSM of zones were more precise given they minimised 
the within field MSPE for predicting ESP as compared to either the traditional soil texture map or field-based 
delineations (k = 3). This was especially the case for the DSM of k = 3 (5.60). Although various proximal 
sensed data could be used independently, DSM of zones generated using all sources of proximal sensed 
data was most accurate. Differential gypsum application rates could be recommended using the Six-Easy-
Steps nutrient management guidelines. 

Introduction 

In the sugarcane growing area of the Herbert Valley, the soil is characteristically high in exchangeable 
sodium percentage (ESP %) which are at levels considered to be moderately-sodic (i.e. 6-10 %). To mitigate 
excess sodium, sugarcane industry developed the Six-Easy-Steps nutrient management guidelines to 
assist farmers determine suitable rates of gypsum (Schroeder et al., 2009). However, knowledge about the 
soil variability is necessary to ensure efficient gypsum application. Laboratory analysis to do so is a labour 
intensive, time-consuming and costly proposition.  

Increasingly, proximal sensed data; including, topography (elevation), spectrometry (–ray) and 
electromagnetic (EM) data (soil apparent electrical conductivity – ECa) are being used to value add to limited 
laboratory data. This is because these data have been shown to be directly correlated with ESP. In cases, 
where there is no direct correlation, an alternative is to try and develop management zones by numerically 
clustering the proximal data (Huang et al., 2014). 

In this study, different management zones (k = 2, 3 and 4) were developed by using various proximal sensed 
data (i.e. elevation, –ray and ECa) in combination or individually. The DSM of zones were tested by 
measuring topsoil (0 – 0.3 m) ESP using restricted maximum likelihood (REML) analysis and determining 
the mean square prediction error (MSPE). These results were compared with a traditional soil texture map 
(k = 3) and field-based (k = 3) delineations and discussed in terms of cost of application of the gypsum. 

Material and Methods  

Study Area 

The study area (18°39’32”S, 146°8’10”E) is located in the Herbert Cane Productivity Services Limited farm, 
Ingham, Queensland, Australia. The total study area (7.55 ha) was divided into three fields by two slightly 
sunken roadways from north to south (Figure 2a). The soil texture has previously been described and 
mapped across the farm, using a traditional approach (Figure 2b).  

Climatically, the Herbert valley receives high precipitation (2,099 mm per annum) where summer 
experiences maximum rainfall (487 mm, February) as compared to winter (36 mm, July). Temperature 
ranges from hot summers (32 °C, January) to cool winters (14 °C, July). Cultivation of dryland sugarcane 
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(Saccharum officinarum) is main land use (Wilson and Baker, 1990).  

 

Fig. 1 Aerial photo of study field (showing three fields) b) Traditional soil texture map, c) ECa and -ray spectrometry 
survey transects with soil sampling points and d) spatial distribution of elevation data (m). 

Proximal Sensed Data  

Three types of proximal sensed data (elevation, –rays and ECa) were collected using a Real-Time Kinetic 
Global Positioning System (GPS), Radiation Solutions RS-700 -ray spectrometer and a DUALEM-421S 
instrument. The DUALEM-421S (Mississauga, Ontario, Canada) operates at a low frequency (9 kHz) with 
the distance between the transmitter to the horizontal co-planar (HCP) receivers being 1, 2 and 4 m. This 
gives theoretical depths of ECa measurement of 0–1.5m (1mHcon), 0–3m (2mHcon) and 0–6m (4mHcon), 
respectively. The distances between the transmitter to the perpendicular (PRP) arrays are 1.1, 2.1 and 
4.1m. This gives theoretical depths of ECa measurement of 0–0.5m (1mPcon), 0–1m (2mPcon) and 0–2m 
(4mPcon), respectively. A -ray spectrometer (RS-700) (Radiation Solutions, Mississauga, Ontario, 
Canada) collects natural radioactive emissions of -rays from the decay of K (%), U (ppm), Th (ppm) and 
across the whole spectrum (total count [TC] – cps) with a crystal (RSX-1).  

The data was collected from 21 transects, 6.5 m width apart (Figure 2c). The proximal data from these 
different instruments was interpolated onto a common grid of 5 m by using ordinary kriging in VESPER 
(Whelan, 1999). 

Soil Sampling and Analysis  

Five equidistant transects, numbered 2, 7, 11, 15 and 20, were selected to take 10 soil samples (5 × 10 = 
50) each (Figure 2c). Topsoil (0 – 0.3 m) samples were collected by using a Jack hammer. In laboratory, 
samples were ground to fine earth size fraction (2 mm) after air drying. The concentration of exchangeable 
cations (i.e. exch. Ca, Mg, Na and K) was determined based on Tucker’s (1974) method using a leaching 
device (Holmgren et al., 1977). The exchangeable sodium percentage (Triantafilis et al., 2009) was then 
calculated using the standard equation (ESP [%] = exchangeable [Na+/Ca2+ + Mg2+ + K+ + Na+]).  

Deleniation of Zones 

The interpolated proximal sensed data was clustered by using FuzME software (Minasny and McBratney, 
2002). To perform hard k-means (KM) clustering, the fuzziness exponent [ was set to 1 and Euclidian 
was used as distance matrix (Bezdek, 1981).  

The traditional soil texture map (Figure 2b) with three (k = 3) distinct soil texture classes (silty clay, clay and 
terrace silt loam) was digitized using ArcMap (10.4.1.). Similarly, field-based delineations, as defined by 
two road ways (Figure 2a) were also used as management zones.  
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Linear Mixed Modelling  

To predict mean ESP in each zone, linear mixed model (LMM) was used in following form: 

                                                                y Xβ ƞ ɛ	                                                                            (1)

where y is a n×1 vector of soil properties, X is a n×p design matrix of predictor variables,  is a p×1 vector 
of fixed effects coefficients,  is a n×1 vector of correlated random variable, and  is a n×1 vector of error 
variable (Lark et al., 2011). To fit the model, LME procedure was applied in RStudio by using NLME library 
(R Core Team, 2017). 

Computation of Mean Square Prediction Error 

To calculate mean squared prediction error (MSPE) for i number of classes (k) and N (50) number of 
observations following formula was used: 

                                                     1 1 1                                        (2)                          

where (k + k) is sum of the variances of the random effects and was treated as the expected value of 
the variance for the random variable. This procedure first estimates the variance parameters for the random 
effects by residual maximum likelihood (REML) followed by estimation of fixed effects coefficients by 
weighted least squares (Lark, 2011). 

Results and Discussion 

Spatial Distribution of ESP and DSM  

Figure 2 shows the spatial distribution maps of topsoil (0 – 0.3 m) ESP and DSM zones (k = 2, 3 and 4). 
Figure 2a shows that given the ESP in most parts of the field was intermediate-small (6 – 9 %), the field 
can be characterized as moderately sodic (6 – 10 %). However, some areas in centre, along eastern margin 
and in southwest corner can be characterized as strongly sodic (10 –15%).  

Considering DSM zones, Figure 2b shows that when all proximal sensed data was used and for k = 2, the 
field divided almost equally into 2. Zone 2A demarcated two areas, the larger in the north and a smaller 
area in the south. Zone 2B covered a small area in the centre. For k = 3, zone 2A was divided into 3A in 
southern third and 3C in northern parts. Zone 2B was essentially retained as 3B. While for k = 4, 3B was 
divided into 4B and 4C in the centre. Zone 3A and 3C were retained as 4A and 4C 

 
Fig. 2 Spatial distributions of a) of soil exchangeable sodium percentage (ESP – %), and digital soil maps (DSM) of b) k = 2, 

c) k = 3 and d) k = 4 zones using all proximal sensed data.  
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Optimal Management Zones  

To find out the optimal number (i.e. 2, 3 or 4), approach (i.e. DSM, traditional soil map or field- based 
delineations) and proximal sensed data (i.e. elevation, -ray and ECa data), MSPE was computed by 
performing REML-LMM analysis. Results are shown in Table 1.  

Considering the number of zones (k), the smallest MSPE (5.60) was calculated for the DSM of k = 3, 
followed by k = 2 (5.76) and then k = 4 (6.91). In case of field-based delineations (k = 3), comparable results 
were obtained with MSPE (6.2) almost equivalent to that of DSM (k = 2).  The traditional soil map (k = 3) 
returned the largest MSPE (7.04). Conclusively, DSM outperformed and for k = 3.  

To determine whether the DSM of k = 3 was superior by numerical (KM analysis) clustering of different 
proximal sensed data (i.e. elevation, -ray and ECa data) all together or alone, again MSPE was computed. 
Results are shown in lower half of Table 1. The smallest MSPE (5.60) was the DSM produced by using all 
proximal sensed data (Figure 2c). This was followed by the DSM produced by using only the ECa (6.69) 
and then elevation data (6.83). The ESP DSM as generated by -ray data (7.09) was least accurate.  

The results achieved herein, that the combined use of all available proximal sensed data was optimal, was 
consistent with previous studies (Castrignano et al., 2012). Though all individual proximal sensed data 
showed comparable results, ECa data performed next best and would be the preferred proximal sensed 
data to establish DSM if there was a choice.  

Table 1. Mean square prediction error (MSPE) of zone maps based on digital soil mapping (DSM), traditional soil texture 
map and field-based delineations using all sources of proximal sensed data and for topsoil (0 – 0.3 m) exchangeable 

sodium percentage (ESP - %). 

Soil properties DSM Traditional Field 
 k = 2 k = 3 k = 4 k = 3 k = 3 
ESP (%)  5.76 5.60 6.91 7.04 6.2 
      
k = 3 All Elevation -ray ECa  
ESP (%) 5.60 6.83 7.09 6.69  
*the optimal number of zones and proximal sensed data were highlighted in bold. 

Gypsum Application Rates 

Figure 3a shows the mean and standard error plots of topsoil (0 – 0.3 m) ESP as predicted by using DSM 
and k = 3 zones. Zone 3B (11.1 %) was strongly sodic (10 – 15 %), while zone 3A (8.6 %) and 3C (6.0 %) 
were moderately sodic (6 – 10 %). With respect to traditional soil texture map (Figure 3b) and field-based 
delineations (Figure 3c), all zones were found to be moderately sodic (6 – 10 %).    

 
Fig. 3 Plot of predicted mean and standard error of topsoil (0 – 0.3 m) ESP (%) for management zones, including a) DSM (k 

= 3) using all proximal sensed data, b) traditional soil texture map (k = 3), and c) field-based delineations (k = 3). 

The standard application rate (2.5 t/ha) and cost (A$210) suggest a total application of 18.75 tonnes of 
gypsum for a total cost of A$3,964 across the whole study area (7.55 ha). However, considering the Six-
Easy-Steps nutrient management guidelines (Table 1), the DSM of k = 3 zones would require differential 
gypsum application rates in zones 3A (5.42 t), 3B (6.04 t) and 3C (and 6.6 tonnes) given the areas of each 
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zone (respectively, 2.71, 1.51 and 3.3ha). This amounts to almost 18 tonnes of gypsum and an estimated 
total cost of A$3,780.  

Similar calculations can be made for the traditional soil texture map and the field-based delineations 
requiring 15 tonnes and 19 tonnes of gypsum with total cost of A$3,150 and A$3,990, respectively. 
Interestingly, the DSM approach along with the Six-Easy-Steps was the most accurate and cheapest 
(A$3,780) after the field-based delineation (A$3,150).  

Conclusions 

To reduce sodicity in the Herbert district, clustering (KM analysis) of proximal sensed data (elevation, -ray 
and ECa) led to the development of more precise DSM (k = 3) given they minimized within field MSPE as 
compared with either traditional soil texture map or field-based delineation (k = 3). These DSM zones could 
be used to apply differential gypsum application rates as defined by the Six-Easy-Steps management 
guidelines. Concerning combined or individual sources of various proximal sensed data, the former 
performed better as evidenced by smaller MSPE. However, with comparable MSPE values, ECa data also 
showed great potential to delineate DSM on its own. In terms of future work, it is necessary to evaluate the 
reproducibility of the DSM approach in other fields and across larger areas (i.e. multiple farms). In addition, 
the efficacy of recommended gypsum application rates can be determined by performing strip trials.  
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Abstract 

Integration of reflectance and temperature sensors into commercial planter components have allowed for 
a dense quantification of within-field spatial variability. This estimation of variability has potential to guide 
real-time management decisions, such as on-the-go variable rate applications (VRA) of seed and starter 
fertilizer. However, little is known about sensor performance across a range of environments. Therefore, a 
study was conducted in Missouri on multiple sites in 2018 and 2019 to determine (i) how well these sensors 
can estimate soil properties (i.e., moisture, temperature, and organic matter (OM)) and (ii) whether sensor 
output could be used to improve agronomic management. Research was performed with two planters 
across a range of planting depths, soil texture, and productivity. Data were collected in situ with soil 
reflectance (visible and near-infrared) and thermopile temperature sensors (Precision Planting 
SmartFirmer) on-the-go during corn (Zea mays L.) and soybean (Glycine max (L.) Merr.) planting. 
Measured soil temperature was collected with a handheld thermocouple sensor and soil samples were 
collected for OM at a 0-15 cm depth. Results showed that at a constant planting depth, soil temperature 
and OM were slightly overestimated by the SmartFirmers when compared to measured data. Likewise, both 
furrow properties were affected by and were negatively correlated to planting depth. However, the decrease 
in temperature with each 25 mm increase in planting depth was overestimated by nearly 2°C by the 
SmartFirmers. An agronomic analysis found that SmartFirmer furrow moisture was an indicator of the 
evenness of corn emergence across sites. The most uniform emergence was observed when SmartFirmer 
moisture exceeded 40%. This would suggest that operators target 40%, rather than 20 or 30% 
recommended by the manufacturer, during corn planting to achieve optimal emergence uniformity. Results 
for OM did not indicate strong whole field relationships between SmartFirmer OM and yield potential. 
However, within-field correlations were observed. These preliminary results suggest that soil moisture and 
OM estimated by the SmartFirmer may be valuable tools for capturing soil spatial variability and guiding 
VRA, but that further evaluation is needed for proper implementation.  

Introduction 

Seed zone soil physical properties such as moisture, temperature, and organic matter (OM) are major 
factors that influence grain crop emergence and yield potential (Cox and Cherney, 2015). Sensing these 
and other properties on-the-go during grain-crop planting allows for the potential to increase planter 
performance and seedling emergence uniformity, an outcome that has been shown to help optimize yield. 
Research has demonstrated the ability of passive and active planter downforce systems to identify some 
important soil state variables such as soil texture, bulk density, and gravimetric water content through 
varying gauge wheel loads (Badua et al., 2018; Brune et al., 2018). However, passive downforce systems 
did not perform well for estimating soil volumetric water content, organic matter, and texture (Brune et al., 
2018), while these relationships were not evaluated with the active system (Badua et al., 2018). Recent 
integration of proximal sensing of the seed furrow into commercial row-crop planters has aimed to improve 
the spatial quantification of these soil properties (e.g., organic matter). If commercial planters are properly 
equipped, these sensors have the capability to control VRA of planting depth, insecticide, fertilizer, seeding 
rate, and seed hybrid or variety. Although promising, little is known about the performance of these sensors 
across a range of environmental conditions. Therefore, the first goal of this research was to evaluate planter 
sensor ability to estimate soil properties (e.g., temperature and organic matter), while the second objective 
was to determine whether sensor output could be used to improve agronomic management.  
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Materials and Methods 

Data Collection: Planter Sensors 

Data were collected in the spring of 2018 and 2019 from multiple fields in central Missouri (Table 1). Each 
location ranged in soil texture, OM, tillage management, and productivity (Table 1). Sensor data were 
collected at each site from planters equipped with a Precision Planting 20|20 SeedSense monitor (Precision 
Planting, Tremont, IL). One system was installed on a 4 row integral planter with John Deere (Deere & 
Company, Moline, IL) MaxEmerge XP row units, and the other was installed on a 24 row John Deere 1790 
Central Commodity System planter with MaxEmerge XP row units. Both planters were equipped with 
Precision Planting SmartFirmers and DeltaForce active hydraulic downforce system. SmartFirmers were 
instrumented on each row of the 4 row planter, and on every fourth row of the 24 row planter. Data from 
the optical and temperature sensors located on each SmartFirmer were logged to the SeedSense monitor 
and were accompanied with GNSS coordinates. These data included sensor estimated furrow moisture 
(%), temperature (°C), organic matter (%), cleanness (%), and uniformity (%). The tractor and planter 
typically traveled between 1.3 to 2.2 m s-1, resulting in a recorded data point (1 Hz) every 1.3 to 1.5 m of 
travel.  

 

Data Collection: Planter Sensors 

Temperature. Measured soil temperature was collected in 2019 with a handheld thermocouple sensor 
(Omega Engineering, Inc., Norwalk, CT) from three fields ranging in size from 14 to 53 ha (Table 1). A 
total of 61 measurements were taken across the three fields. Each sample was collected and 
georeferenced along a single transect immediately following the planter pass. A temperature 
measurement was collected every 10 to 30 m along the tractor and planter transect at the target planting 
depth. 

Organic Matter. Soil samples were collected for the same three previously mentioned fields in the fall of 
2016 (Table 1). Samples were taken at a single point within a 1 ha grid at a depth of 0-15 cm. Soil 
samples were analyzed at Midwest Laboratories (Midwest Laboratories, Inc., Omaha, NE) for organic 
matter (g kg-1).  

Planting Depth and Emergence Uniformity. The influence of corn planting depth on sensor performance 
and corn emergence was evaluated for two fields in 2018 (Table 1). Within each field, two or three sites 
were located in close proximity (<1 km), were planted the same day, and were located on contrasting soil 
texture, OM, and/or landscape positions. Within site, planting depth main plots were arranged in a 
randomized complete block design. Four target planting depths (38, 51, 64, and 76 mm) were replicated 
four times at each site. Planting depth main plots varied in size based on field size and shape but were 
generally 9 m x 3 m. Additional soil temperature measurements were taken with a thermocouple from 
each replication at all target planting depths immediately following planting. All main plots also contained 
a georeferenced subplot (3 m x 1.5 m) where daily emergence measurements were recorded. An 

Table 1. Characteristics and measurements collected at all sites. 

Planter Field Site 

Site Characteristics Site Evaluation(s) 

Year Tillage† Size (ha) 

Organic 
Matter  
(g kg-1) 

Clay 
Content 
(g kg-1) Temperature 

Organic 
Matter 

Emergence 
Window 

Planting 
Depth 

Yield 
Analysis 

24 Row North 

  

2018/19 NT 53 24 225 x x 
  

x 

West 2018/19 NT 14 26 225 x x 
  

x 

East 2018/19 NT 29 29 225 x x 
  

x 

4 row Upland Summit 2018 NT 0.5 25 210   x x  

Backslope 2018 NT 0.5 25 250   x x  

Footslope 2018 NT 0.5 24 190   x x  

Alluvial Clay 2018 CT 0.5 21 200   x x  

Sand 2018 CT 0.5 15 70   x x  

†NT, no-tilled; CT, conventionally tilled 
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emergence window (EW) was calculated as the time (d) required for 90% of the seedlings to emerge in 
each subplot. Day 1 was initiated when the first seedling was identified. 

Yield Variability. Three fields were used to evaluate correlations between SmartFirmer OM and soybean 
yield (Table 1). Each field was planted with the previously mentioned 24 row planter, no-tilled, and rotated 
annually with corn and soybean (Table 1). Yield data were collected with a John Deere S670 combine 
equipped with the original equipment manufacturer yield monitor and a 12 m wide platform. Yield data 
were “cleaned” to remove erroneous data using Ag Leader’s Spatial Management Software (SMS; Ag 
Leader, Ames, IA). Cleaned yield data were converted to yield on a relative basis against the field specific 
mean, and kriged using SMS and converted to a 10 m grid. 

Data Processing and Analysis 

All data analyses involving georeferenced point measurements (ex: subplot, measured temperature) used 
average SmartFirmer data collected from a single transect within 5 m of the sampling or subplot location. 
Transects varied in size from 10 to 1100 m depending on planter and field size. Several linear regression 
models were then developed to evaluate SmartFirmer metrics using the REG procedure in SAS (SAS 
Institute, Cary, NC) at P ≤ 0.05. The independent variables were SmartFirmer temperature, moisture, or 
OM, while the dependent variables were measured temperature, OM, or EW.  

For field-scale analyses, SmartFirmer metrics were kriged to a 10 m grid using SMS. Linear correlations 
between SmartFirmer metrics (e.g., OM) and soybean yield were performed using the REG procedure of 
SAS at P ≤ 0.05. Additionally, multiple regression was also performed using SAS to evaluate multiple 
SmartFirmer metrics and soybean yield at P ≤ 0.05.  

Results and Discussion 

Sensor Performance 

Soil Temperature. SmartFirmer soil temperature was positively correlated to measured soil temperature 
across sites (Fig. 1a). In general, SmartFirmer soil temperature was slightly, but consistently, 
overestimated by about 1 °C. The regression model root mean square error (RMSE) suggests that 
producers could expect SmartFirmer temperature to be within 4 °C of actual soil temperature.  

Both SmartFirmer and measured soil temperature decreased with planting depth across all five sites. 
However, the SmartFirmers overestimated the temperature differences between depths. For example at 
the “riverbottom-clay” site, SmartFirmers showed a 2.4 °C decrease in temperature with each 25 mm 
increase in planting depth, while the measured soil temperature only decreased 0.6 °C with each 25 mm 
increase in depth (Fig 1b). Additionally, SmartFirmer accuracy improved as planting depth increased from 
25 to 75 mm. Although the cause for the improvement is unknown, it was potentially due to a greater 
ambient air temperature influence at shallow planting depths.  

 

 

 

 

 

 

 

 

 

 
Fig. 1. SmartFirmer soil temperature compared to soil measured temperature at a constant planting depth at three 

fields (A) and variable planting depths at one site (B). 
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Soil Organic Matter. SmartFirmers generally overestimated OM when compared to laboratory-measured 
OM across sites (Fig. 2a). The overestimation could be in part attributed to the difference between 
laboratory-measured sampling depth (0-15 cm) and SmartFirmer optical sensor operating depth (~45 
mm). A positive but weak correlation was observed between SmartFirmer and laboratory measured OM. 
SmartFirmers did not detect the range in OM (regression model slope = 0.24) that the laboratory-
measured samples displayed. Compared, SmartFirmer OM readings were about twice laboratory 
measurements for low OM soils. Because OM correl ations were mediocre, further analyses is needed to 
determine whether SmartFirmer OM, other sensor metrics, or a combination thereof are valid for guiding 
on-the-go VRA.  

Similar to SmartFirmer temperature, OM was also influenced by planting depth, where OM decreased with 
each 25 mm increase in planting depth. An example from the “upland-footslope” site can be found in Figure 
2b. These results suggest that an active downforce system is necessary for collecting consistent OM data 
and for reliable VRA guided by SmartFirmer OM. For this case, if ground contact is lost and planting depth 
is subsequently decreased, SmartFirmer OM levels would increase. This would be very problematic as 
areas where ground contact is lost are likely less productive (i.e., more compacted), therefore confounding 
the process.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Agronomic Evaluation 

Emergence Window. Across sites, EW was negatively correlated to SmartFirmer soil moisture, where EW 
decreased 0.04 d with each 10% increase in furrow moisture (Fig. 3a). When considering a target corn 
EW of 3 d, these results suggest targeting >40% furrow moisture for optimum corn emergence. This 
deviates from the standard recommendation from Precision Planting of 30% moisture.  

When evaluating the EW by site, contrasting results were observed at the “Alluvial” field between the “loam” 
and “clay” sites (Fig 3b). A negative correlation between EW and moisture was observed at both sites. 
However, the optimum EW was reached at lower soil moisture on the “sand” site (18%) than the “Loam” 
site (30%). This was attributed to moisture bound tightly to clay particles at the “Loam” site compared to the 
“Sand” where moisture was more freely available in the soil solution (Saxton and Rawls, 2006). These 
results suggest a soil specific target moisture when guiding uniform or VRA planting depth decisions.  
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Fig. 2. SmartFirmer organic matter (OM) compared to measured OM at a constant planting depth across three sites 
(A), and the influence of planting depth on SmartFirmer estimated OM at one site (B). 



51 
 

0 10 20 30 40 50
SmartFirmer

Furrow Moisture (%)

Loam
Sand

EW Target

Y = 14 - 0.6x + 0.007x2

R2 = 0.120
RMSE = 1.85

Y = 5.5 - 0.14x
R2 = 0.18
RMSE = 1.45 

 

 

 

 

 

 

 

 

 

 

 

Yield. Whole-field soybean yield and SmartFirmer OM were not correlated in the three fields analyzed in 
this study. However, visual inspection showed clear spatial trends between SmartFirmer OM and yield in 
some portions of the given fields. For example, Figure 3 illustrates an area of low OM and yield in southern 
portion of the “North” field. These results suggest that OM alone may not be sufficient at predicting yield 
potential.   
   
   
   

   
   
   
   
   
   
   
   
    

Fig. 3. SmartFirmer estimated furrow moisture compared to the emergence window (EW) across five sites (A), and 
within the “Alluvial” site (B). 

Fig. 4. Measured soil OM, SmartFirmer OM, and relative soybean yield at the “North” field. 
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When both OM and soil moisture were used in a multiple regression analysis, the ability to predict yield 
increased. The regression models were significant at P ≤ 0.05 for all three of the analyzed fields. However, 
the models for the “North” and “East” fields had poor coefficient of determination values (R2 < 0.10). 
Conversely, at the “West” field SmartFirmer moisture and OM were able to explain 46% of the yield 
variability. This can be visualized from the as-applied planting and yield maps shown in Figure 5. 
Collectively, these results show potential for predicting yield potential to guide VRA through moisture and 
OM data layer fusion. While OM is static, soil moisture will be dynamic over the growing season. A plausible 
reason soil moisture at planting so contributed to the season-long yield is the SmartFirmer readings are 
effectively serving as a surrogate for static soil and landscape properties (e.g., texture, slope, curvature).   
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Abstract 

In the highly productive Burdekin valley, the soil is heterogenous. To optimize productivity, for irrigated 
crops such as sugarcane, essential nutrients such as calcium (Ca) need to be applied. To assist sugarcane 
farmers, nutrient management guidelines for these mineral elements have been recommended (i.e. Six-
Easy-Steps) based on the exchangeable (Exch.) Ca. However, these are applied using ‘one size fits all’ 
approach, which lead to fertilizer use inefficiencies, given the alluvial nature of the landscape; where sandy 
soil characterizes the ephemeral creeks (Chromosols) and clay soil types (Sodosols and Vertosols) of the 
plains. Herein we used a linear mixed models (LMM) to create digital soil maps (DSM). And we compared 
the efficacy of various proximal sensed -ray spectrometry and EM data. Using measures of bias (mean 
error - ME) and precision (root mean squared error - RMSE) of predictions, as well as the Lin’s concordance, 
we determine which model and data was most useful using a leave-one-out cross-validation. Prediction of 
Exch. Ca using LMM was accurate Lin’s (0.87), unbiased (0.00) and has small MSPE (0.01). We also 
conclude that, while good concordance was achieved using either -ray (Lin’s = 0.79) or ECa (0.83) data 
for Exch. Ca, using both proximal sensors was optimal. The results showed that LMM can be used to 
generate a DSM of Exch. Ca in a sugarcane field. In terms of soil use and management, the infertile sandy 
textured soil associated with the prior stream channels and characterized by small Exch. Ca (< 0.2 
cmol(+)/kg)), require large fertilizer rates of lime (3 t/ha).  

Instruction 

To optimize productivity, essential nutrients such as calcium (Ca) need to be applied differentially in these 
areas. This is specifically the case for sugarcane production, whereby Ca is important for sugarcane growth 
and development (Hepler, 2005). It also can neutralize excess acid or alkaline soil, which is key to proper 
sugarcane root growth (White and Broadley, 2003). Given the importance of Ca in soil, the industry 
developed nutrient management guidelines for these mineral elements as part of the Six-Easy-Steps for 
nutrient management (Schroeder et al., 2009), in the Burdekin. However, accounting for the spatial 
variation of Exch. Ca requirements across a field is problematic owing to time consuming, labor intensive 
and prohibitive cost of soil sampling and laboratory analysis. 

A pedometric approach, such as creating a digital soil map (DSM), can potentially be applied (McBratney 
et al., 2003). That is, we can collect several soil samples for laboratory analysis (i.e. Exch. Ca) and relate 
these to easier to acquire proximal sensed data that reveal a close relationship, using statistical models 
(Minasny and Hartemink, 2011). In terms of proximal sensed data, gamma-ray (-ray) spectrometer and 
electromagnetic (EM) induction data may be useful. This is because many authors have found that these 
data could be used to establish a direct relationship with soil properties related to Exch. Ca, such as cation 
exchange capacity (CEC) and clay (Triantafilis, et al.,2009 and Li, et al. 2018). 

Aims of this research was to investigate the performance of LMM to predict Exch. Ca using measures such 
as precision (root mean square error - RMSE), bias (mean error - ME) and concordance (Lin’s). We also 
calculate the means square prediction error (MSPE) and compare these to a traditionally generated soil 
map of Soil Orders (Donnollan et al., 1990). We also evaluated two proximal sensed data sets to determine 
which is superior in terms of these measures of prediction if used alone to develop a DSM. To provide a 
practical demonstration of the soil use and management implications, we also determined the fertilizers 
requirement for Exch. Ca (i.e. lime) and in accord with respect to the Six-Easy-Steps for Burdekin nutrient 
management (Schroeder et al., 2009).  
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Materials and methods 

Study field 

The study field was located 24 KM to the west of Ayr, North Queensland (Fig.1a). Study field was 900 m 
long and 400 m wide (Fig. 1b), with an approximate area of 32 ha. The sugarcane is grown in north-south 
aligned beds. Climate is warm and sub-humid, with well-defined wet and dry seasons.  

Proximal sensed data  and soil data 

Two types of proximal sensed data were collected. The -ray data was collected using a Radiation Solutions 
RS-700 instrument which was designed to collect the natural radioactive emissions of -rays from 
radioelements of K (1.37 – 1.57 MeV), U (1.66 – 1.86 MeV), Th (2.41 – 2.81 MeV) and across the whole 
spectrum (0.41 – 2.81 MeV). Detection is achieved with with measurements of K (percentage - %), U and 
Th (parts per million - ppm) and TC (counts per second - CPS). The apparent electrical conductivity (ECa) 
data was collected using a DUALEM-421S instrument. It is incorporating horizontal co-planar (HCP) and 
perpendicular (PRP) receiver arrays. The distance between the transmitter to the HCP receivers are 1, 2 
and 4 m, giving theoretical ECa depths of exploration (DOE) of 0–1.5 m (1mHcon), 0–3 m (2mHcon) and 
0–6 m (4mHcon), respectively. The distances between the transmitter to the PRP receivers are 1.1, 2.1 
and 4.1 m, gives theoretical DOE of 0–0.5 m (1mPcon), 0–1 m (2mPcon) and 0–2 m (4mPcon), respectively. 

Fig. 1d shows that a total 182 points were sampled which are located on 13 approximately equidistantly 
(30 m) transects selected from 51 transects of proximally sensed data (Fig. 1c) and on a proximately square 
grid with an interval of 35 m. At each point, soil samples were collected at a depth of 0–0.15 m. The samples 
were air-dried, crushed and passed through a 2-mm sieve before measurement. The extraction of Exch. 
Ca were followed Tucker’s (1974) method by using a leaching device (Holmgren et al., 1977).  

 
Fig. 1 (a) Location of study field, (b) aerial photo with Soil Order map, (c) proximal sensed data survey transects, and (d) 

sampling points. 

Results and discussion 

Spatial distribution of kriged proximal sensed data 

In Fig. 2a, large (≥ 0.575 %) K predominantly characterizes the northern and the south - east corner of the 
field. At the northern end of the field, the large K coincides with the topsoil sand or loam textured 
Chromosols. Conversely, the central and south were for the most part intermediate-small (< 0.525%) to 
intermediate-large (0.525 – 0.575 %), which are related to the topsoil sand or loam over sodic clay 
(Sodosols) and the depressions characterized by Vertosols, which have a light to light-medium clay 
surfaces (A1), respectively. As shown in Fig. 2b, the opposite pattern was true for U (ppm); whereby the 
northern end had small values (< 14 ppm) while the intermediate-small (14 – 15 ppm) to large values (> 17 
ppm) defined the center and south. The distributions of Th (Fig. 2c) and TC (Fig. 2d) were similar to U. 
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Fig. 2c shows the spatial distribution of the kriged 1mPcon ECa. The small values (< 20 mS/m) was mainly 
distributed in the north, while to the south the values oscillated between intermediate-small (20 – 30 mS/m), 
intermediate (30 – 40 mS/m) intermediate-large (40 – 50 mS/m). Fig. 2d shows that the 2mPcon ECa 
exhibited the same basic pattern while the difference was that the ECa values were slightly larger by a factor 
of 2 across the field. The same pattern was evident for the 1mHcon and 2mHcon. 

We also make note of some anomalous areas where there were bands of smaller ECa between larger ECa 
areas. These bands were orientated to the north-east and in the most obvious case, coincides with the 
point of a boundary between two types soil (Chromosols and Vertosols) and approximately in the two-thirds 
of the way across the field. It was also noteworthy that ECa increased with the increasing depth of 
measurement which suggests that the subsoil was more conductive than the topsoil. 

 

Fig. 2. Spatial distribution of kriged proximal sensed gamma-ray (-ray) spectrometry data including (a) potassium (K - %) 
and (b) uranium (U - parts per million), and spatial distribution of proximal sensed electrical conductivity (ECa - m/Sm) data 

including (c) 1mPcon and (d) 2mPcon 

Proximal sensed data selection 

Table 1a shows the summary statistics of selected proximal sensed data and their probability values for 
predicting Exch. Ca using LMM. The optimal proximal data combination includes only one -ray (U) and 
one EM (1mPcon) data. In terms of the ECa, two shallowest measuring arrays were selected. 

Table 1 Summary statistics of selected proximal sensed data used in linear mixed model (LMM) approach for predicting 
soil exchangeable calcium (Exch. Ca-cmol(+)/kg) and their probability values. 

 
 Estimates Standard Error t value Prob > |t| 

Intercept 0.0241 0.0642 0.376 0.71 
U 0.0041 0.0012 3.516 0.00 
1mPcon 0.0077 0.0008 9.996 0.00 
TC 0.0001 0.0001 2.206 0.02 
2mPcon 0.0001 0.0002 6.177 0.00 

 

Spatial distribution of predicted Exch. Ca 

Fig. 3a shows predicted topsoil (0 – 0.15 m) Exch. Ca (cmol(+)/kg) using LMM. At the northern end, where 
the soil was predominantly characterised by topsoil sand or loam textured Chromosols (6Dya), the Exch. 
Ca was small (< 0.2 cmol(+)/kg). Immediately to the south, where the topsoil texture was sand or loam over 
sodic clay, or Sodosols (6Dye), the Exch. Ca was intermediate-small (0.2 – 0.4 cmol(+)/kg). Interspersed 
among this, however, were contiguous areas of intermediate Exch. Ca (0.4 – 0.6 cmol(+)/kg). These most 
likely represent the depressed areas, associated with the Vertosols (2Uge), which were light to light - 
medium clay and dominates most of the field according to the Soil Order map (Fig. 1b).  

Fig. 3b shows the errors of LMM calculated from the mean standard deviation of predicted Exch. Ca. The 
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error was large (> 0.08 cmol(+)/kg) in a couple of areas. This was the case along the southern margin, in 
the area previously delineated by the Sodosols (2Dyb), where intermediate Exch. Ca was predicted. We 
suggest this error was most likely a function of an edge effect owing to the proximity to the field extent, but 
also the boundary with a different soil type which was not as well represented compared to a larger one 
adjacent to it. This was similarly the case in the central parts of the field. Interestingly, boundary effects 
associated with the band of Sodosols (6Dye) was also evident and between the Chromosols and Vertosols. 
This was even though there was no specific or obvious change in Exch. Ca between the Sodosol and the 
Vertosol. 

 
 

Fig. 3. a) Spatial distributions of predicted soil exchangeable calcium (Ca - cmol(+)/kg) using linear mixed model (LMM); b) 
spatial distributions of prediction errors using LMM 

Model and proximal sensed data performance 

Fig. 4a shows the results of the leave-one-out cross-validation for Exch. Ca using LMM. The predictions 
were shown to be unbiased (ME = 0.06), precise (RMSE = 0.00) and exhibited good concordance (Lin’s = 
0.87). Fig. 4b shows the plot of measured versus predicted Exch. Ca using only the -ray data. The 
predictions were shown to be similarly unbiased (ME = - 0.01) and precise (0.08), the concordance was 
smaller (Lin’s = 0.79). Fig. 4c shows the results for the ECa data was identical to when both the proximal 
data were included in the LMM, however the concordance (0.83) was larger than for -ray only but smaller 
than when both sensors were used (0.87). 

 
Fig. 4 Plot of measured versus predicted soil exchangeable calcium (Ca - cmol(+)/kg) of linear mixed model (LMM) and 

using a) both gamma-ray (-ray) and electrical conductivity (ECa), b) only -ray data and c) only ECa data. 
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In addition, we calculated the MSPE of both the DSM generated using LMM approaches. In this regard, 
Table 2 shows that, to predict Exch. Ca, the MSPE of LMM DSM (0.01) was smaller than the error of the 
map of Soil Orders (0.0171). 

Table 2 Mean squared prediction error (MSPE) of predicted topsoil (0 – 0.15 m) exchangeable calcium (Exch. Ca - 
cmol(+)/kg) using linear mixed model (LMM), Soil Order map and using only the gamma-ray (-ray) or apparent electrical 

conductivity (ECa) data. 
 

 LMM Soil Order map -ray EM 
Ca 0.0100 0.0171 0.0126 0.0120 

Conclusion 

We found that proximally sensed -ray and ECa data, that was collected across an irrigated sugarcane 
growing field in the Burdekin valley, could be used to establish a relationship with topsoil (0 – 0.15 m) Exch. 
Ca. This was because these cations were correlated with clay and CEC, which were also well correlated 
with the proximal sensed data. We also showed that LMM produced predictions of Exch. Ca which were 
precise (RMSE = 0.06) and unbiased (ME = 0.01) and showed good concordance (Lin’s = 0.87). Moreover, 
the DSM was superior than the traditionally generated map of Soil Orders (0.0171).  

In terms of proximal data, the use of U, TC, 1mPcon and 2mPcon were most useful for Exch. Ca. We also 
found that if there was a choice between the two proximal sensed data, the ECa data was slightly superior 
in terms of predicting Exch. Ca than the -ray data, however, it would be preferable to use both and in 
combination. The soil use and management implications of the DSM was also determined, given the 
fertilizer requirement for Exch. Ca (i.e. lime) can be applied in accord with respect to the Six-Easy-Steps 
for Burdekin nutrient management (Schroeder et al., 2009). 
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Abstract 

Fourier transform infrared (FTIR) spectroscopy in the mid infrared region has great potential for soil 
monitoring, but in field applications are still relatively spars and there are several issues to overcome with 
in situ measurements. Field condition soil samples, unlike the dried-milled ones analysed in the lab, are 
subject to inhomogeneity, non-ideal particle size and variable moisture, reducing the quality, reproducibility 
and representativity of the spectra. In this study, two versions of a hand held FTIR instrument were used to 
test different sampling methods on two sets of field condition soils from Scotland and Sweden, ranging from 
mineral to organic soils. The instruments allowed for both diffuse reflectance and Diamond Attenuated Total 
Reflection (DATR) measurements. For comparison, soil spectra of the “best practice” dried and milled soil 
equivalent were used to determine how well spectra being recorded were representing the soil. In general, 
the DATR appeared to perform better than the diffuse reflectance, particularly when it came to 
measurement of field condition soil. The major problem for the diffuse reflectance approach was difficulties 
in getting enough energy (signal), especially for in-field measurements and dark organic soils. There were 
also issues with using diffuse reflectance on neat samples of highly organic soils as the intensity of the 
spectra often resulted in less differentiated peaks. Water obscured parts of the spectrum of field condition 
soil, however, the smearing of soil on to the DATR appeared to help achieve more representative spectra 
by allowing a better contact. Letting the soil dry for a short period after smearing on the soil also resulted in 
reduced water peaks.  

Introduction 

There is increasing interest in using FTIR spectroscopy in the mid infrared (MIR) region (4000 to 400 cm-1) 
to characterise soils. Spectra in the mid infrared region give an overall chemical profile of the soil samples 
encompasing both the organic matter and the full mineralogy represented. The spectra can be used to 
visualise changes in the soil, interpreted to determine components present and used, in conjunction with 
chemometrics, for prediction of a range of soil properties. This non-destructive approach has huge potential 
for soil monitoring, being faster, cheaper and more environmentally friendly than many alternative wet 
chemistry analyses (Tinti et al., 2015). However, producing representative and reproducible soil spectra 
with high quality requires thorough sample preparation including drying and milling (Robertson et al., 2013) 
and to date the technique has not been widely used for in field measurements. Relatively recently, suitable 
handheld instrumentation has become available, but there are many issues to be overcome with in situ or 
field-based measurements, where drying or milling is not possible, in order to achieve reproducible and 
representative spectra.  

Ideally, particle size for FTIR analysis should be <2 µm (clay size fraction). Larger particle sizes will result 
in sloping baselines, poor resolution of mineral peaks and “loss” of minerals in the spectrum due to reflection 
(e.g. by large quartz particles) rather than absorption of the infrared light (e.g. Le Guillou, et al., 2015). They 
may also result in spectra with poor signal to noise ratio. The heterogeneous nature of non-milled soil 
samples makes it difficult to get representative and reproducible spectra as different aspects of the soil 
might be represented to different extents each time. Different sampling accessories have different depths 
of penetration and sampling areas, so methods may need to be altered, possibly with averaging of different 
numbers of spectra, to reduce the effects of heterogeneity. This may also change depending on the nature 
of the soil.  

Another problem with in situ or field-based measurements is water, which is strongly absorbing in the MIR 
region and at worst, water bands can virtually obscure all the bands arising from the soil. As with large 
particles, water films can also result in significant surface reflection reducing the quality of the MIR spectra 
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(Soriano-Disla et al., 2014). Obviously if the moisture varies then the extent of the water bands will also 
vary. If the water content is not too high, then this variability might not cause problems for qualitative 
interpretation of spectra but will cause issues for building chemometric models to predict soil properties.   

In this study, different sampling methods on field condition soils were compared with “best practice” 
laboratory measurements in order to study the effect of particle size and soil moisture on the quality, 
reproducibility and representativity of the soil spectra. The study was done on a range of soil types and 
aimed to determine how to achieve the best possible spectra. 

Materials and Methods 

Datasets 

Development work was carried out on a small sub-set of 15 well-documented Scottish soils from the 
National Inventory of Scotland (NSIS) dataset, which had a large variation in organic matter content (from 
1%C to 47%C). High quality FTIR spectra (DATR) of dried-milled samples of these soils were already 
available in an NSIS spectral dataset (Robertson et al., 2013). Measurements in this study were made on 
three different treatments of the soil. The first group was of fresh soil samples which had been stored at 
4oC, the second was the fresh soil samples after drying at 30oC for approximately 2 days, and the third 
group were corresponding samples of the soils which had been previously dried and sieved through a 2mm 
sieve. During method development work the MIR spectra of the “best practice” milled soil equivalent were 
used for comparison to determine how well spectra being recorded were representing the soil. 
Subsequently measurements in field and lab measurements on fresh soil samples were also made on 80 
Swedish soils, from four fields, with variable organic matter content (from 2%C to about 25%C). 

Sampling Accessories 

Two handheld FTIR instruments, an Agilent 4100, and the newer Agilent 4300, were used in the 
development work (Agilent, Santa Clara, CA, USA). The instruments each had exchangeable sampling 
heads, allowing both diffuse reflectance measurements and ATR measurements (DATR, ZnSe range 4000 
to 650 cm-1) to be tested. The diffuse and DATR sampling options produce very different looking spectra, 
and both have perceived advantages and disadvantages. 

The diffuse sampling head has a bigger sampling area and frequency range with greater penetration depth 
than the ATR. It is generally regarded to be easier for sampling (although this may not necessarily the case 
as seen from results). Diffuse spectra of neat soil are too intense which leads to inversion of parts of the 
spectra, creating artefactual bands and making interpretation difficult (Nguyen et al. 1991). It does however 
allow small overtones and combinations to become evident which can be useful, particularly in calibration 
models. Diffuse reflectance spectra of each different soil treatment were recorded in the same way, with a 
coarse silver cap being used for reference/background measurements. A small metal powder sampling 
puck with two different sizes for sample presentation was used, and five replicates were recorded for each 
soil and sample type (where possible) (Figure 1a). 

 

 
Figure 1. Laboratory setup for a) diffuse reflectance measurements with two powder sampling puck sizes, and b) DART 

measurements using a small field clip. 
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Figure 2. In-field measurements using ATR pressing the instrument on to the soil for contact. Also visible are some of the 

holes from the soil samples that were taken for laboratory measurements. 

The DATR sampling area is only approximately 1 mm in diameter and the depth of penetration for the beam 
is about 2µm (wavelength dependent) which has been perceived as a major drawback for soil analysis, 
particularly given the heterogeneous nature of soil in the field. Due to the depth of penetration, a good 
contact is also needed between sample and sampling window for the DATR accessory. A small field clip 
was used to ensure good contact between the sample and the window (Figure 1b). For the fresh soil 
samples, analysis was carried out by smearing the soil onto the DATR window. Just pressing the sampling 
window down on the soil sample was also tried, e.g. in the in-field measurements (Figure 2). As for the 
diffuse, five replicates were recorded for each soil and sample type on the Scottish soils (where possible). 
In the measurements on the Swedish soils, 10 replicates were recorded for the in-field and lab 
measurements. So far, only DATR measurements have been done on the Swedish soils. 

Results and Discussion 

In assessing the results, we considered the quality of spectra produced for the two different sampling 
methods for each of the soil treatments. Factors considered included the ease of measurement, replication, 
noise, interference from water and relationship to “best practice” spectra of the soils.  

DATR Method 

Replication of spectra recorded using the DATR were often much better than might have been expected, 
given the small sampling area. The fresh soil generally gave better reproducibility than the fresh-dried or 
dried-sieved samples and were often less noisy. However, that was at the expense of having bands due to 
water obscuring parts of the spectrum. Allowing the fresh soils to dry for 5 or 15 minutes on the DATR and 
re-recording produced spectra which showed the same features as the fresh dried samples, but often less 
noisy, and with better replication. Although variable water in the soils samples undoubtedly creates a 
problem, it does appear that moisture in the soil allows a better contact with the DATR and produces more 
representative spectra. It was also found that, for the dry soils, a field clip to ensure good contact was 
important as pressing into the sample was unreliable. This was also true for the in-field measurement where 
pressing the instrument on to the soil resulted in weak signals and more variable spectra (Figure 3). Though 
most of the soils tested gave reasonable replication, and this seemed to be particularly the case for the 
highly organic soils, there were some samples where individual replicates differed substantially. For one 
soil with 7%C the replicates varied considerably, with one spectrum essentially just representing a grain of 
sand. In these cases, further work would be needed to determine how many replicates should be averaged 
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to give a representative spectrum. Figure 4 shows two examples of some of the laboratory measured MIR 
spectra from one organic (47%C) and one mineral soil (4%C) of the Scottish soils.  

Figure 3. Mean +/- standard deviation of 10 laboratory ATR measured MIR spectra of fresh soil samples (dark grey) and 10 
in-field ATR measured MIR spectra (light grey) from two Swedish soils; a) organic soil, and b) mineral soil. 

Comparing the DATR spectra of non-milled soils to those of the “best practice” spectra shows that they are 
noisier, their baselines can slope more, and they have poorer resolution of many mineral peaks. This results 
in them showing reduced representation of minerals such as quartz and feldspar. Results do show a relative 
enhancement of the clay mineral and organic matter bands which may be beneficial, as these components 
are often related to soil properties being studied or measured.  

Recording spectra using the DATR accessory was very straightforward and not affected by conditions. This 
makes recording spectra in the field relatively easy and may also make the methods more transferable from 
instrument to instrument. It was observed that less noisy spectra were obtained when using the newer 
Agilent 4300, on the same soil samples. 

 

Diffuse Method 

For some of the dry soil samples the appearance of the diffuse spectra un-milled treatments were not that 
different from diffuse spectra of milled samples and although a bit noisier the replication was reasonable. 
However, recording the spectra was more difficult than for the DATR method, and involved more trial and 
error. The diffuse spectra of neat soil have a very different appearance to those recorded using DATR 
(which are “Transmission like”) and show inversions of the strongest bands, often silicate or carbonate 
bands (Nguyen et al., 1991) which can make them harder to interpret but may not be such an issue for 
quantitative work. In fact, the strength of the spectra and enhancement of SOM and clay mineral bands are 
often regarded as beneficial. There are issues with using diffuse reflectance on neat samples of highly 
organic soils or peats as intensity of spectra mean that they often show very few discernible differences 
and can’t be readily discriminated (Harrison et al., 2006) in the way that DATR or transmission spectra can 
be.  

Although the diffuse method could be effective on dried soils, it generally seems to be far more problematic 
for use on field condition soils or for in-field measurement. There are issues with positioning, danger of 
getting soil into the instrument and difficulty in getting an appropriate reference/background measurement. 
The major problem for the diffuse reflectance approach, however, seemed to be the difficulty in getting 
enough energy (signal) for in-field measurements which may be due to it being too wet and too dark. For 
the fresh dark organic soils, only a portion of the small sample cup could be “presented” to the instrument 
otherwise the energy was too low for measurement. One effect of presenting a smaller portion of the soil 
for diffuse reflectance measurement was that the spectra starts to resemble ATR spectra (weaker signal 
and no longer inverted). 
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Figure 4. Laboratory measured MIR spectra from two Scottish soils; a) organic soil, and b) mineral soil. I) are fresh 
samples measured using diffuse reflectance. II to IV are measured using DATR on II) fresh, III) dried, IV) dried and milled 

soil samples. 

Summary 

In general, the DATR proved easier to use and appeared to perform better than the diffuse reflectance, 
particularly when it came to measurement of field condition soil. The major problem for the diffuse 
reflectance approach was difficulties in getting sufficient signal for fresh soil or measurements in the field. 
The strong intensity of the diffuse reflectance spectra resulted in inversions of the strongest bands, but 
measurements on the dried non-milled soil was for some samples still quite reproducible. There were, 
however, issues with neat highly organic soils, which showed less differentiated peaks when using diffuse 
reflectance compared with DATR. 

For the DATR measurements, the crucial step was to ensuring god contact and using a field clip was 
essential for dried samples. Soil moisture helped, as fresh soil generally gave better reproducibility than the 
fresh-dried or dried-sieved samples and were often less noisy. Although, at the expense of having bands 
due to water obscuring parts of the spectrum. A method of smearing the soil onto the DATR window was 
easy to do and allowing the fresh soils to dry for a short period on the DATR produced spectra showing the 
same features as the fresh dried samples, but often less noisy, and with better replication. 

For particle size, there may not be many means of changing the spectra, but an awareness of differences 
compared with milled samples is needed. Minerals (other than clay minerals) are underrepresented in the 
un-milled spectra, and mineral bands may be poorly resolved, but relative proportions of SOM and clay 
minerals are enhanced. Sloping baselines can also occur. 

For some soil types, especially with course texture, averaging of multiple scans may be needed to 
overcome the heterogeneous nature of the soil and get representative spectra, but for most of the soils 
included in this study replication appeared quite good. 
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Abstract 

To maintain profitability of cotton growing areas of Australia, information about clay is required. This is a 
slow and expensive laboratory analysis to undertake. An alternative is to use visible near infra-red (vis-NIR) 
spectroscopy, which has shown potential at different scales (e.g. local and global). Here, we predicted clay 
using a machine learning algorithm (Cubist) from vis-NIR acquired from topsoil (0-0.3 m) and subsurface 
(0.3-0.6 m) in seven cotton growing areas. The first aim was to assess the ability of soil samples from each 
area to predict clay independently. The second aim was to determine the ability of the samples of 6 areas 
to predict clay in an area withheld from the calibration. The third aim was to explore the potential to improve 
prediction using “spiking”. We conclude that establishing a calibration from each area independently was 
more accurate than making a calibration from 6 areas and predicting clay in the area withheld from the 
calibration. We also found that improvements in model performance were possible using spiking.  

Introduction 

The cotton growing areas in Australia are highly productive. To maintain profitability, the spatial distribution 
of key properties needs to be determined (Vasu et al., 2017). In this regard, clay content is informative 
because it controls cation exchange capacity and water holding capacity (Lorenz et al., 1999). However, 
generating information about clay across the large cotton growing areas is time-consuming and expensive. 
There is a need to develop efficient and affordable laboratory methods to predict clay, to enable data 
generation across large spatial extents but also at the local scale where soil management occurs. 

This has been achieved by using easier and cheaper to acquire visible near-infrared (vis-NIR) spectroscopy 
data which have been coupled to laboratory measured clay (Viscarra Rossel et al., 2006) using 
mathematical models including; partial least squares (Ji et al., 2014), decision trees (Shepherd and Walsh, 
2002) and random forest (Vågen et al., 2016).  

However, the established spectral libraries are site-specific and not readily available for predicting soil 
properties (e.g. clay) in different areas. To improve performance, samples from the study area of interest 
must be included into the established spectral library, termed “spiking” (Guerrero et al., 2016). In this 
study, the first aim was to assess the ability of soil samples from each area to predict clay independently. 
The second aim was to determine the ability of samples of 6 areas to predict clay in an area withheld from 
the calibration. The third aim was to explore the potential to improve prediction using “spiking”.  

Materials and methods  

Study Area 

The soil samples were collected in seven cotton growing areas situated in southeast Australia (Fig. 1). In 
the central-west of New South Wales, it includes, Trangie and Warren in the Macquarie valley and Bourke 
on the Darling River. In south-east Queensland it includes Toobeah and in northern NSW, Ashley, Wee 
Waa and Gunnedah.  

These areas are in semi-arid climatic regimes where the average rainfall is less than 650 mm per annum 
with hot summer temperatures (35 °C). Irrigated cotton production is the major agricultural activity (Huang 
et al., 2017). The size of areas varies from the smallest in Warren (20,000 ha) to the largest in Wee Waa 
(200,000 ha). The study areas are situated on the alluvial clay plains with dominant soil type being the gilgai 
cracking clays known as Vertosols. Thus, the topsoil (0-0.3 m) and subsurface (0.3-0.6 m) soil contain high 
amount of clay. The average values of pH are around 8.0. 
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Fig. 1 Location of seven study areas  

Soil Sampling and Laboratory Analysis 

The total number of soil samples available for developing a vis-NIR library to predict clay content from 
topsoil (0-0.3 m) and subsurface (0.3-0.6 m) within each area varied from a minimum in Wee Waa (27) to 
a maximum in Trangie (103). In each of the seven areas, soil sampling locations were selected primarily as 
a function of electromagnetic (EM) data collected on 500 m to 1,000 m grids. The soil samples were air-
dried and passed through a 2-mm sieve. The particle size fractions of clay, silt, and sand were determined 
using the hydrometer method.  

Spectral Analysis and Pre-Processing  

In the laboratory, ASD FieldSpec 4 was used to measure vis-NIR spectra. A Spectralon® panel was used 
as a white reference. Each soil sample was measured three times and averaged to obtain a representative 
spectrum. The pre-processing of measured spectra was achieved using ‘spectroscopy’ package in R studio 
(Rinnan et al., 2009). The pre-processing includes i) excluding spectral ranges between 350–499 nm and 
2451–2500 nm, to reduce noise; ii) transforming reflectance to apparent absorbance (log[1/reflectance]); 
iii) smoothing spectra using Savitzsky-Golay algorithm; iv) sampling the spectra to a resolution of 10 nm to 
reduce data redundancies; and, v) standard normal variate transformation (SNV).  

Cubist modelling 

We used a machine learning Cubist model to establish a relation between laboratory measured clay content 
and processed vis-NIR spectra. The Cubist model is capable of first identifying which variables (i.e. 
absorbance at specific wavelengths) are used as criteria for partitioning the vis-NIR spectra. Secondly, and 
for each partition, it fits a multiple linear regression model to predict clay. This approach is described as a 
decision tree (Quinlan, 1992). The variables used for partitioning are called nodes (e.g. absorbance of the 
vis-NIR spectra) and the multiple linear regression models under each partition are called the leaves.  

Developing spectral libraries from different areas, sample size  

We first explored the ability of samples from each area to predict clay in topsoil and subsurface, independent 
of each other. This aim simulated establishing a spectral library using a small number of soil samples 
Secondly, we explored the ability of using samples from six areas to predict clay in the area withhold from 
the calibration. This simulated the scenario of establishing a spectral library using many samples and 
applying it to a new area. Thirdly, we explored the potential to improve prediction using spiking approach 
where we used samples from six areas to build a library as indicated for aims 2, but we also added limited 
samples from the area where we wanted to predict clay. The Lin’s concordance was used to evaluate model 
performance, which is a measure of the agreement between measured and predicted samples (Lin, 1989). 

Results  

Measured visible near-infrared (vis-NIR) spectra  

Figure 2 shows the mean reflectance and absorbance of measured visible near-infrared (vis-NIR) spectra 
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in the seven areas for topsoil (0-0.3 m) and subsurface (0.3-0.6 m) combined. The pattern of mean 
absorbance for all wavelengths was similar regardless of study area. We note that absorbance increased 
with Warren and Trangie samples smallest, followed by Toobeah, Wee Waa, Ashley with Gunnedah having 
the largest absorbance. At wavelengths less than 1,000 nm, the area with the smallest absorbance was 
Bourke due to influence of Aeolian dunes.  

 
Fig. 2. Mean reflectance and absorbance of visible near-infrared (vis-NIR) spectra in seven areas. 

Model performance: predicting clay content using various sample size 

Figure 3a and b show the validation results of using samples from each area to predict clay content 
independently of the other six areas. Using a small number of either topsoil or subsurface samples in each 
area we can calibrate and validate clay satisfactorily. Improvement in validation was achieved when the 
topsoil (0.83) and subsurface (0.81) were combined in each area.  

 
Fig. 3. Validation results of using samples from each area to predict clay content independently of other six areas for a) 

topsoil (0-0.3 m) and b) subsurface (0.3-0.6 m); validation results of using samples from six areas to predict clay content of 
the area withheld, for c) topsoil (0-0.3 m) and d) subsurface (0.3-0.6 m); validation results of spiking approach, for e) 

topsoil (0-0.3 m) and f) subsurface (0.3-0.6 m). 
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Figure 3c and d show validation results of using samples from six areas to predict clay of the area withheld, 
for topsoil and subsurface, respectively. When we combined the validation results, for the topsoil (0.72) and 
subsurface (0.57), they were not as good when we consider all the independent validations (see Fig. 3a 
and b). We conclude that while better calibration Lin’s can be achieved in either the topsoil and subsurface, 
the ability to predict or validate clay was generally not satisfactory. 

Figure 3e and f show combined validation results of spiking approach, for topsoil and subsurface 
respectively. The validation was as good as those achieved considering all the topsoil (0.84) and subsurface 
(0.75) and when only using the data in each area to establish the calibration and independent of each other 
(Fig. 3a and 3b).  

Conclusion 

We have explored three different approaches for building a vis-NIR spectral library across seven cotton 
growing areas of southeast of Australia to predict clay in either topsoil (0-0.30 m), subsurface (0.3-0.6 m). 
Specifically, we assessed the ability of samples collected from each area to establish a calibration and to 
validate clay independent of the other 6 areas. This approach was preferable compared to establishing a 
calibration from soil samples of the six other areas to validate clay in the area withheld from the calibration. 
We also found that improvements in the calibration and validation were possible using “spiking”.  
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Abstract 

Anthropogenic activities such as sewage irrigation, application of pesticides and fertilizers are considered 
to be the main cause of Chromium (Cr) contamination in agricultural soils. The Cr contamination reduces 
soil quality and threatens environmental as well as human health. Conventional methods of Cr 
measurement, although accurate, involve complex sample processing and sophisticated laboratory 
analysis, which are time-consuming, costly and often environmentally unfriendly. X-ray fluorescence (XRF) 
and visible near-infrared spectroscopy (vis‒NIR) have been recognized as alternatives to measure soil 
heavy metal contamination in a cheaper, faster, non-destructive and environmentally conscious manner. 
The flexibility in the measurements allows these instruments to be used in field conditions. While the use 
of these experiments have gained attention of the community, the challenges lies in processing and using 
the data for predicting soil Cr. In this study, we explored the feasibility and effectiveness of XRF and vis‒
NIR spectra independently as well as in combinations for estimating Cr content in the paddy soil. Two 
strategies including outer-product analysis (OPA) and Granger–Ramanathan averaging (GRA) were used 
to combine (sensor fusion) the spectra and spectra model respectively from the two instruments. In the 
processing, 50 bootstraps were included to assess the uncertainty of the predictions. The results indicated 
that individually XRF spectra performed better than vis‒NIR spectra for the prediction of Cr content, with a 

Lin’s concordance correlation coefficient (ρc) of 0.83, a root mean square error (RMSE) of 8.80, and a ratio 
of prediction derivation (RPD) of 1.75. In combining (sensor fusion) the spectra from these sensors, OPA 

had the highest prediction accuracy with ρc of 0.90, RMSE of 6.80 and RPD of 2.30. Sensor fusion by GRA 

also performed similar to that of OPA fusion with ρc of 0.88, RMSE of 7.40 and RPD of 2.13. The predictions 
using both methods (OPA and GRA) were acceptable when concerning standard deviation of differences 
(SDD=4.23). This suggested that both the OPA and GRA sensor fusion are efficient and accurate methods 
for rapid measurement for Cr and provided a way forward for utilizing these technologies in the field of fast 
and sensor-based soil characterization. 

Introduction 

Chromium (Cr) is widely distributed in soils and rocks. During the past decades, Cr contamination in soils 
has been increasing with the rapid increase of population and industry (Gao and Xia, 2011). Environmental 
protection agencies in many countries, including the United States Environmental Protection Agency 
(USEPA), have ranked Cr as a priority soil pollutant (Fernández et al., 2009). Therefore, it is critical to better 
characterize soil Cr content to understand its effects and the associated environmental issues which are 
important for human beings. 

Traditional methods for the measurement of soil heavy meatal content are laborious, time-consuming, 
costly, and often environmentally unfriendly. Besides, the traditional methods are limited to information from 
specific sampling sites and they are unable to provide spatial variations of Cr contamination quickly over 
large areas (Shi et al., 2014). Therefore, rapid, accurate and environmentally friendly techniques are 
needed for the determination of soil Cr. Recently, proximal soil sensing techniques, such as x-ray 
fluorescence spectroscopy (XRF) and visible and near-infrared (vis‒NIR) spectroscopy, have gained the 
attention of researchers for the rapid characterization of soil. 

XRF has become increasingly popular for its high sample throughput and minimal sample preparation 
properties (Zhu et al., 2011). It provides accurate total elemental contents of soils in a short time, especially 
for the measurement of heavy metal content in soils (Caporale et al., 2018). Previous studies have shown 
the potential to use vis‒NIR spectroscopy for indirect measurement of heavy metals with reliable prediction 
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accuracy (Kemper et al., 2002; Sun et al., 2018). Although there are no direct spectral features for heavy 
metals such as Cr in vis‒NIR regions (Baveye and Laba, 2015), they are closely related to several soil 
properties (such as soil organic matter, clay minerals and iron oxides) which have direct responses in the 
vis‒NIR region of the electromagnetic spectrum (Piccolo and Stevenson, 1982). These techniques, though 
rapid and convenient, often suffer from a high degree of uncertainty, which is mostly due to soil sample 
heterogeneity (Hou et al., 2004). Integrated applications of proximal soil sensing techniques such as XRF 
and vis‒NIR has been tested to improve their prediction accuracy (Wang et al., 2015; O’Rourke et al., 2016; 
Xu et al., 2019).  

The objective of this study was to predict soil Cr content using XRF and vis‒NIR spectra and to compare 
the predictions independently and then the combination of two sensors by outer product analysis (OPA) 
and Granger–Ramanathan Averaging (GRA) approaches. 

Materials and Methods 

Study site and soil sampling 

The study area is in Fuyang, the southern part of the Yangtze River Delta, Zhejiang Province, China and 
covers an area of 1831 km2. The main soil type is paddy soils, a kind of Anthrosols in Chinese Soil 
Taxonomy. A total of 301 sampling sites were selected, and for each site, five individual topsoil samples 
(0–20 cm) were collected and composited to make one representative sample. These soil samples were 
air-dried, and stones and roots were removed by hand. The samples were then divided into two parts, one 
part was ground and sieved to less than 2 mm for spectral measurements and the other part was sieved to 
less than 0.15 mm for laboratory chemical analysis. 

Laboratory chemical analysis  

The ground and sieved soil samples were pre-processed by the microwave digestion method (4 ml HNO3, 
2 ml HCl and 2 ml HF). Soil Cr content was then measured using a Liquid chromatography inductively 
coupled plasma mass spectrometer (LC-ICP-MS) (NexION 300 X, PerkinElmer, Inc., USA). Certified soil 
reference materials, GBW07405, GBW07407, GBW07447 and GBW07451 (National Research Centre for 
Certified Reference Materials of China) were used to verify the accuracy of the LC-ICP-MS method. 
Moreover, about 15 % of the soil samples were measured twice for the repeatability test of the method. 

Spectra measurement 

The vis‒NIR spectra of soil samples were recorded using a Fieldspec ProFR vis‒NIR spectrometer 
(Malvern Panalytical Ltd) with a spectral range of 350 ‒ 2500 nm. Before each measurement, a Spectralon 
panel with 99% reflectance was used to calibrate the spectrometer. Then soil samples were measured 
using a high–intensity contact probe (Malvern Panalytical Ltd) with its own light source. Three random 
measurements were made at different positions in the petri dish (10 cm in diameter and 1 cm high). At each 
measurement, the instrument recorded 10 internal scans for a satisfactory signal-to-noise ratio. A total of 
30 spectra were averaged into one spectrum to represent the sample. 

The XRF spectra were collected using a Thermo Fisher Scientific Niton analyser (Thermo Fisher Scientific 
Inc., Billerica, MA, USA). The instrument was calibrated against a background for every 30 samples. ‘Soils 
Mode’ was chosen for the XRF spectral measurement, and each sample was scanned three times for 90 s 
each time. Finally, the average of the three parallel scans was taken as the spectra of the sample. 

Spectra pre-processing  

The vis‒NIR spectra were first reduced to 400–2450 nm to eliminate the influence of noise at the edge and 
then transformed into absorbance by log (1/R) (R is the reflectance). The spectra were then smoothed by 
the Savitzky–Golay algorithm to further reduce the noise and enhance the signal, with a window size of 15 
and polynomial of order 2. The XRF spectra were reduced to 0.405–42.105 keV to eliminate the low energy 
spectra and then smoothed by SG with a window size of 13 and polynomial of order 2. Then vis‒NIR and 
XRF spectra were down-sampled to a resolution of 10 nm and 0.15 keV respectively, to reduce redundancy 
and improve modelling efficiency. Before chemometric analysis, the outliers of the Cr measurements and 
both XRF and vis‒NIR spectra were identified by PCA and boxplot, and the remaining 291 samples were 
used to conduct the modelling.  
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Sensor fusion: Outer-Product Analysis algorithm 

Outer-product analysis (OPA) is a method that combines two kinds of spectra and produces their 
combinations to emphasize the co-evolutions of spectral regions (Jaillais et al., 2005). Let’s take an 
example (Fig. 1) to explain the process of OPA. We have c number of variables for XRF and r number of 
wavelengths for vis‒NIR with n number of soil samples scanned using each instrument. The combinations 
(vis‒NIRXRF) will produce n outer product matrices (c rows by r columns) with the multiplied intensities 
of the original two domains (Fig. 1a). Then, the c×r matrix is unfolded to a c×r vector and it produces a new 
matrix with n rows and c×r columns for chemometric analysis, such as partial least squared regression 
(PLSR). After the chemometric analysis, the related result such as VIP value (c×r vector) is folded-back to 
outer-product matrix (c rows with r columns) which will make it easy to explain and interpret the model (Fig. 
1b; Jaillais et al., 2005; Terra et al., 2019). 

 
Fig. 1. Process of data fusion by OPA (a) and the unfolding process for modelling and refolding of the model results (b) 

(revised after Jaillais et al., 2005). c is the number of variables for XRF and r is the number of wavelengths for vis‒NIR, n is 
the number of soil samples 

Model construction and assessment 

We used the Rank-KS algorithm (Kennard and Stone, 1969) to split the calibration and validation data. This 
includes sorting of the Cr content in ascending order and dividing them into several blocks and 
implementing the Kennard-Stone algorithm (Kennard and Stone, 1969) in each block. Two thirds of the 
entire data were chosen as calibration data.   

The PLSR algorithm 

Partial least squares regression (PLSR) is one of the most popular algorithms used for spectral calibration 
and prediction among the multiple linear calibration algorithms (Wold et al., 1983) and was used in this 
study. This method has the advantage of eliminating the problem of multiple collinearities of the 
independent variables.  

The GRA algorithm 

Granger–Ramanathan averaging (GRA) was used to combine the single sensor prediction results from 
XRF and vis‒NIR. It used the ordinary least squares (OLS) to combine different outcomes (Granger and 
Ramanathan, 1984). It fitted a multiple linear regression model where measured values are regressed 
against the corresponding predictions derived from the different sensor predictions.  

                                           Y ‒ ‒                                    (1) 

where Y is the vector with the soil property of interest (measured Cr contents),  and ‒  are the 
independent variables (prediction outcomes of XRF and vis‒NIR),  is the intercept,  and ‒  
are the weights of XRF and vis‒NIR outcomes. 

Data analysis and assessment statistics 

We used a set of assessment criteria to compare the performance of the model predictions. The Lin’s 
concordance correlation coefficient ( ), measuring the precision and bias to determine how far the 
predicted value deviate from the 1:1 line, was used to assess covariation and correspondence between the 
measured and the predicted values. It ranges from -1 to 1. The root mean square error (RMSE) and the 
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ratio of prediction derivation (RPD) were used to quantify the accuracy of the prediction.  

Additionally, we used the standard deviation of differences (SDD) to compare spectral prediction error and 
the chemical measurement error. According to Peng et al. (2013), usually RMSE ≤ 2×SDD is acceptable 
for many applications. The whole procedure adopted in this study is depicted in Fig. 2. 

 
Fig. 2. Flowchart of the chemometric analysis 

Results and Discussion 

Soil Cr content 

The distributions of calibration and validation dataset were similar to those of the whole dataset, which 
indicated that the split datasets were representative of the whole dataset. All datasets exhibited 
approximate normal distribution with skewness values close to 0 (Table 1).  

Table 1 Descriptive statistics of Cr (in mg kg-1) measured by ICP-MS in the laboratory  
Dataset N Min. 1st Q. Median Mean 3rd Q. Max. Skewness 

All 291 9.865 18.82 44.84 43.04 54.36 80.64 -0.24 
calibration  194 9.865 18.82 44.84 43 54.42 80.07 -0.28 
validation  97 13.05 18.81 45.47 43.13 54.25 80.64 -0.17 

Spectroscopic modelling of Cr content  

 
Fig. 3. Performance for validation of four models (a) XRF model, (b) vis‒NIR model, (c) OPA model (d) GRA model. The 

grey bars represent the 95 % confidence intervals derived from bootstrapping and the dotted line shows the 1:1 
relationship. 

Overall, soil Cr content was well predicted with confidence in all the methods tested in this study. Fig. 3 
shows the prediction performance of four models based on a single sensor and sensor fusion along with 
their prediction uncertainties. The prediction model based on OPA fusion performed the best. The  values 
for the validation dataset by the OPA approach was 0.90, with 95% confidence limits (95% CIs) from 0.88 
to 0.93 and the RPD value was 2.30 with its corresponding 95% CIs was between 1.91 and 2.68. The 
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second-best performance was achieved by the GRA model with  value of 0.88 with 95% CIs between 
0.85 and 0.90. The RPD for the same model was 2.13 with 95% CIs between 1.90 and 2.37. These clearly 
showed an excellent agreement between the measured Cr content and their corresponding OPA and GRA 
predictions. The prediction using the XRF spectra showed good agreement with the Cr content. For 
example, the  and RPD values of prediction were 0.83 and 1.75 with 95% CIs of 0.78 to 0.89 and 1.42 to 
2.08, respectively. For vis‒NIR spectra, the  and RPD values were 0.80 and 1.63, respectively. Their 
95% CIs were from 0.76 to 0.84 and 1.38 to1.87, respectively. These indicated a relatively weaker 
performance of vis‒NIR spectra in predicting soil Cr than that of the XRF spectra. 

The RMSEP of OPA and GRA were 6.80 and 7.40 mg kg-1 and were less than 2×SDD = 8.46 mg kg-1. This 
indicated that the prediction using OPA and GRA were acceptable for the applications. In contrast, RMSEP 
of single sensor prediction was larger than 2×SDD and failed the validity of the application.  

Table 4 comparison between chemical measurement error and spectra prediction error 
Index Instrument Value (mg kg-1) 
SDD ICP_MS 4.23 

RMSEP XRF 8.80 
vis‒NIR 9.47 

OPA 6.80 
GRA 7.40 

Variable importance projection analysis for three approaches 

 
Fig. 4. VIP scores of the Cr predictions for vis-NIR (a), XRF (b) and OPA fusion (c). X-axis represents the wavelengths of 

vis-NIR spectra and the Y-axis represents the energy of XRF spectra. 

The variable importance of PLSR models for the XRF, vis‒NIR spectra and the OPA fusion are shown in 
Fig. 4. For XRF, there were high VIP scores of >1.0 around 5.5‒7.0, 12.9‒14.5 and 15.0‒17.0 keV. 
Especially for the energy around 5.9 and 16.0 keV, the VIP scores were larger than 3.0. Besides there were 
small peaks at 3.5, 5.5, 8.7, 17.2, 18.0 and 32.0 keV with VIP scores around 1.0. For vis‒NIR, VIP scores 
of >1.0 were observed at around 470, 517‒673, 1379‒1424, 1891‒1967, 2058‒2144, 2160‒2174, 2184‒
2214, 2222‒2231 and 2331‒2358 nm. Among them, large peaks were observed at around 470, 577, 1413, 
1910, 2120, 2166, 2206, 2226 and 2344 nm. Unlike the single instruments, the VIP scores of the OPA 
fusion using both XRF and vis-NIR spectra needs to be presented in 3D color contour graphs (Fig. 4c). The 
VIP scores for the XRF energy around 5.5‒7.0, 12.9‒14.5 and 15.0‒17.0 keV were larger than 6.0 for 
almost all the wavelengths of the vis-NIR spectra. The wavelength of vis‒NIR had large VIP scores around 
1410, 1910, 2200 and 2300 nm and intersected with the energies of XRF. These high VIP scores of the 
OPA were also higher than the VIP scores of the individual XRF and vis‒NIR. The highest VIP scores were 
>9. Similarly, in the OPA matrix, the XRF also showed larger VIP scores than vis‒NIR may be owing to the 
direct relationship with the Cr content. 

Conclusion 

In this study, we used XRF and vis‒NIR individually and in combination to predict soil Cr in paddy soils from 
China. We used two sensor fusion approaches: OPA and GRA to combine the data from the XRF and vis-
NIR for the prediction of soil Cr content. For single sensors, the prediction accuracy of XRF was better than 
that of vis‒NIR but exhibited larger uncertainty in prediction than vis‒NIR. OPA fusion of the XRF and the 
vis‒NIR provided the best prediction with the largest ρc and RPD and the smallest RMSE and uncertainty. 
Sensor fusion by GRA also showed a comparable result with OPA fusion. Both of their predictions were 
also acceptable for SDD. Thus, this study provides a recommendation to use either OPA and GRA fusion 
of XRF and vis‒NIR data for the prediction of soil Cr content. 
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Abstract 

New advances in instrumentation have allowed for collection of visible near infrared (VisNIR) spectra on in 
situ soil.  In situ VisNIR has the benefit of providing estimates of soil properties without necessitating 
collection and subsequent laboratory analysis of soil samples. Due to differences between in situ spectra 
and laboratory-collected spectra (e.g. differences in moisture content and heterogeneity), existing spectral 
libraries are of limited utility for in situ spectroscopy. One approach for model calibration with in situ 
spectroscopy is to use a transfer function that can remove discrepancies between in situ and laboratory 
collected spectra.  After application of the transfer function to both laboratory-based and in situ spectra, 
models calibrated with laboratory-based VisNIR libraries can be used for predictions on in situ spectra. One 
challenge with the use of transfer functions is that, to calibrate transfer functions, spectra need to be 
collected from the same soils under in situ and laboratory conditions. The collection of samples for transfer 
function calibration is costly and time-consuming and undermines the stated benefits of in situ spectroscopy 
(i.e. removing the necessity for collection of soil samples). In this study, we investigated the potential 
interoperability of transfer functions between locations in Texas, Illinois, Iowa, and South Dakota. At each 
location, in situ VisNIR were collected with a penetrometer-mounted VisNIR foreoptic. Additionally, 
laboratory-based spectra were collected on air-dried soils. For each location, a transfer function known as 
an external parameter orthogonalization (EPO) is calibrated. EPO functions calibrated on each site were 
applied to spectra from the other locations and transformed spectra were used for clay and organic carbon 
content predictions using partial least squares regression.  Results showed that the EPO-PLS algorithm 
was successful at predicting clay and organic carbon content with root mean-squared errors of 5.6-5.8% 
and 0.41-0.43% for clay and organic carbon, respectively.  EPO-PLS model performance showed no 
change in performance regardless of EPO calibration data.  These results suggest that EPO models are 
highly interoperable and that a single EPO can be used successfully at multiple sites with diverse soils.  

Introduction 

Visible near-infrared spectroscopy (VisNIR) is a powerful tool for soil analysis.  VisNIR has been used to 
predict a range of soil properties including clay content and organic carbon content (Stenberg et at., 2010).  
VisNIR has an advantage over traditional laboratory analysis in that the method is rapid, requires very little 
sample preparation, and does not rely on use of potentially hazardous or destructive laboratory techniques.  

In recent years, advances in VisNIR instrumentation have allowed for rapid collection of VisNIR for in situ 
soils.  These instruments include plow-style instruments which can be pulled through the soil collecting 
spectra from the upper 5-10 cm of soil (Mouazen et al., 2007) as well as penetrometer-style sensors which 
can be inserted into the soil collecting high depth-resolution data (Ackerson et al., 2017).  Regardless of 
sensor design, in-situ VisNIR spectra have several unique challenges. 

The major limitation of in-situ VisNIR spectra is that spectra are impacted by the effects of soil water content 
and intactness (e.g. Ackerson et al., 2015).  Because of these in-situ effects, it can be difficult to use existing 
empirical models to predict soil properties from in-situ spectra.  Subsequently, several studies on in-situ 
VisNIR (e.g. Waiser et al., 2007) have focused on developing in-situ specific calibration models.  While 
these models may work on a case-by-case basis, this method requires site-specific calibrations to account 
for variation in soil moisture and intactness effects. 

 An alternative calibration approach is to leverage existing libraries of dry-ground spectra for model 
development.  By utilizing existing libraries, there is no need for field or water-content specific calibrations. 
However, because of the effects of water content and intactness on in-situ spectra, in-situ spectra must be 
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processed to remove these effects and make in-situ spectra compatible with dry-ground libraries.  One 
method for removing in-situ effects is external parameter orthoganalization (EPO).  EPO has been used 
with moist-intact cores (Ge et al., 2014) and in-situ spectra from a penetrometer-mounted foreoptic 
(Ackerson et al., 2017).  

As with site-specific calibrations, previous studies with EPO have focused on developing site-specific 
calibrations.  Development of these site-specific EPO algorithms is time-consuming and costly.  The goal 
of this study is to test the interoperability of EPO projections.  EPO projections calibrated using soils from 
four different states (Iowa, South Dakota, Illinois, and Texas) will be evaluated to see if site-specific EPO 
projections can be used on novel soils (i.e. soils from different states).  If EPO models can be successfully 
used on soils from different states, then there may be little need to develop site specific EPO projections. 

Materials and Methods 

In situ spectral acquisition 

In situ VisNIR spectra were collected at four study locations in Texas, Illinois, Iowa, and South Dakota 
(Table 1) using a penetrometer-mounted VisNIR foreoptic (Ackerson et al. 2017). The foreoptic contains 
an internal light source, a mirror, and a fiber optic cable (Fig. 1a).  Light from the lamp, reflects off the mirror 
and illuminates the soil.  Light reflections from the soil are intercepted by the fiber optic cable and 
transmitted to the spectrometer on the soil surface. All spectra in this study (i.e. in situ and dry-ground) 
were acquired with the same spectrometer, an ASD FieldSpec (ASD, Boulder Colorado). 

Table 1. Descriptions of each study site. 

Site 
Number of 

Cores 
Parent Martials Landforms Dominant Soil Taxa 

Iowa 6 Glacial Till Uplands Hapludolls 

Illinois 22 Loess Uplands Argiudolls 

Texas 38 
Holocene and Quaternary 

alluvium 
Stream terraces and 

floodplains 
Paleustalfs and 

Hapluderts 
South 

Dakota 
8 Loess over glacial till Uplands Haplustolls 

 

 

Figure 1. Penetrometer-mounted VisNIR with a diagram of the foreoptic (Fig. 1a) and the penetrometer mounted on a 
Giddings probe in the field (Fig. 1b). 

Prior to spectral acquisition, the spectrometer was calibrated by measuring the reflectance of a white 
spectralon reference panel (LabSphere, North Sutton, NH).  Calibration was conducted prior to each 
insertion of the fore-optic. The fore-optic was inserted into the soil using a Giddings Machine hydraulic soil 
sampling probe (Gidding Machine, Fort Collins, CO) (Fig. 1b).  A fore-optic was inserted at a constant rate 
and data-logging system triggered acquisition of VisNIR spectra at specific depth intervals.   

After acquisition of in situ spectra, soil cores were collected at each sampling location.  Cores were collected 
using the Giddings machine equipped with a 57-mm diameter sampling tube.  The tube was lined with a 
plastic sleeve allowing for intact cores to be transported to the laboratory for analysis.  Soil cores and in 
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situ spectra were collected to a depth of 120 cm.  

Laboratory analysis 

In the laboratory, soil cores were cut in half longitudinally and sampled at pre-defined depth intervals.  
Sampling depths corresponded to the same depth where in situ VisNIR spectra were collected so that each 
laboratory sample corresponded to an in situ VisNIR spectra.  

After samples were taken from the cores, samples were air-dried and ground to pass a 2-mm sieve.  A 
second set of VisNIR spectra were collected on the air-dried and ground samples. Spectra were collected 
using the same spectrometer that was used for in situ acquisition.  In addition to VisNIR spectroscopy 
samples were also analyzed for particle size (Gee and Orr, 2002) and organic carbon content (Nelson and 
Sommers, 1982). A summary of laboratory results for each site can be found in Table 2.  

Table 2. Summary statistics for each spectral dataset 

Site 
Clay Organic Carbon 

n Min.1 Median Mean Max.2 SD3 Min.1 Median Mean Max.2 SD3 

------------------ ----- ----------------------%---------------------- ----------------------%---------------------- 

Iowa 56 3 26 24 38 9 0.2 1.2 1.4 4.0 0.9 

Illinois 322 12 29 28 49 8 0.1 0.6 0.9 3.2 0.7 

South Dakota 49 4 29 29 40 6 0.1 0.7 1.1 3.2 0.9 

Texas 155 3 27 27 68 15 0.1 0.4 0.5 2.2 0.4 

All Sites 582 3 28 28 68 11 0.1 0.7 0.9 4.0 0.8 
1Minimum 
2Maximum 

3Standard Deviation 

EPO-PLS modeling 

Prior to analysis, all spectra were smoothed with smoothing spline (Brown et al., 2006), transformed to 
absorbance, and then normalized using the standard normal variant. Spectra were resampled on a 10-nm 
interval between 500 and 2450 nm.  Due to the configuration of the foreoptic and the length of the fiber 
optic cable, there was a high level of noise in the spectra below and above 500 and 2450 nm, respectively. 
Because of this noise, these regions of the VisNIR spectra were removed from analysis.   

In situ effects (e.g. water content and intactness) can distort spectral reflectance (Fig. 2a).  These effects 
were removed using the EPO algorithm (Roger et al., 2003).  To calibrate an EPO, VisNIR spectra from the 
same soil are collected in both the in situ and dry-ground state.  The difference between the two states 
allows for estimation of a projection matrix P.  P is then used to rotate and reproject spectra to remove 
intactness effects (Fig. 2b).  For more details on the EPO algorithm, readers are directed to Roger et al. 
(2003), Minasny et al. (2011), and Ackerson et al. (2015).     

 

Figure 2. VisNIR spectra of a single soil at multiple water contents before and after EPO transformation (Fig. 2a and 2b, 
respectively) 

Following EPO projection, partial least squares regression (PLS) was used to predict clay and organic 
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carbon content from EPO-transformed spectra.  An independent spectral library was used for all pls model 
calibrations.  The spectral library consisted of roughly 20,000 spectra collected from dry-ground soils from 
across the United States (Brown et al., 2006).  Spectra in the spectral library were transformed by EPO 
prior to PLS model calibration.  

To test the interoperability of EPO projection matrixes, we calibrated EPO projections using spectra from 
each site independently.  This resulted in four independent EPO projections.  Each EPO projection was 
then used to transform both the in situ spectra and spectra from the spectral library (Fig. 3).  The EPO-
transformed library spectra were used for PLS model calibration.  PLS models were then evaluated using 
the remaining EPO-transformed in-situ spectra.  The effectiveness of EPO-PLS models was evaluated by 
measuring EPO-PLS model performance.  Model performance was measured using root mean squared 
error (RMSE), bias, ratio of performance to interquartile range, and concordance correlations. 

 

 

Figure 3. Schematic of EPO PLS calibration and validation using spectra from the Illinois site. The calibration and 
validation process was conducted for each site independently. 

Results and Discussion 

Inter-site spectral variation 

The four sites represented a range of soil taxa and pedogenic environments (Table 1).  Sites had a diverse 
range in climate encompassing Udic and Ustic soil moisture regimes and Thermic, Mesic, and Frigid soil 
temperature regimes.  Additionally, there was a range in soil parent materials including fine textured alluvial 
materials, silty loess, and loamy-sandy tills.  This wide range in environments resulted in a diverse range 
in soil properties (Table 2).   

 

Figure 4. Principle component plots of air-dried and ground VisNIR spectra for each study location. Lines represent the 
convex hull of each dataset while symbols represent the dataset centroid. 
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Due to the diversity of soil properties and pedogenic histories, sites also represented a range in spectral 
characteristics.  Principle component analysis of dry-ground VisNIR spectra showed that each site occupied 
a distinct portion of spectral space (Fig. 4).  The most spectrally divers site was the Texas which covered 
the largest portion of spectral space.  This is not supposing given that clay content in the Texas data set 
ranged from 3 to 68%.  Iowa and South Dakota had the lowest spectral diversity, covering only very small 
portions of spectral space.  

EPO-PLS Model Performance and Interoperability 

EPO-PLS models were successful at predicting clay organic carbon content from in situ spectra using dry-
ground spectral library (Table 3, Fig. 5).  Without EPO, dry-ground models were unsuccessful for model 
predictions (results not show, see Ackerson et al. , () for details).  This result highlight how combining EPO 
with existing dry-ground spectral libraries can be useful for in-situ VisNIR spectroscopy. 

Table 3. Model performance for clay content and organic carbon content predictions 

EPO Calibration 
Clay Organic Carbon 

RMSE1 Bias RPIQ2 ρc
3 RMSE1 Bias RPIQ2 ρc

3 

-------------------- --------%-------- -------------- --------%-------- -------------- 

Iowa 5.8 0.0 2.44 0.82 0.43 0.00 2.19 0.81 

Illinois 5.7 0.0 2.50 0.83 0.41 0.00 2.26 0.83 

South Dakota 5.6 0.0 2.55 0.84 0.42 0.00 2.24 0.82 

Texas 5.7 0.0 2.48 0.83 0.41 0.00 2.27 0.83 
1Root mean squared error 

2Ratio of performance to inter-quartile range 
3Concordance correlation coefficient 

EPO-PLS model performed well for clay and organic carbon content predictions.  Clay content RMSE for 
all models was below 6% which is nearing the analytic precision of particle size analysis using the 
hydrometer method. Organic carbon predictions had RMSE between 0.43 and 0.41%. Unlike clay content 
predictions, the RMSE of organic carbon content is significantly larger than the precision of laboratory 
assays for organic carbon.  PLS models have been shown to be limited for organic carbon predictions 
versus alternative modeling methods (e.g. Sequeira et al., 2014).  Future analysis needs to evaluate the 
efficacy of alternative prediction method for organic carbon with EPO transformations. 

 

Figure 5. EPO-PLS model predictions for clay content using site-specific EPO projections.  Figures 5a, 5b, 5c, and 5d, 
show predictions for Iowa, Illinois, South Dakota, and Texas EPO projections, respectively. The solid line denoted the 1:1 

correspondence line. 
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Site-specific EPO projections showed virtually no performance difference from site to site.  This suggest 
that, regardless of what soils are used for EPO-calibration, the performance of EPO-PLS models is 
unchanged.  This holds for both clay and organic carbon content models and all study locations. Despite 
differences in soil properties, spectral diversity and sample size differences between calibration sites, EPO-
PLS performance was unchanged.  This suggests that EPO projections are highly interoperable and that, 
provided spectral acquisition arrangements are unchanged, a single EPO projection can be applied across 
multiple sites with diverse soils.  

Conclusion 

In this experiment we compared the performance of EPO-PLS predictions of clay and organic carbon 
content using in situ spectra collected from four locations using a penetrometer-mounted VisNIR foreoptic.  
EPO projections were calibrated for each site separately and PLS models were calibrated using an 
independent dry-ground VisNIR spectral library.  Our results showed that EPO-PLS was effective at 
predicting clay and organic carbon content (RMSE of 5.8-5.6 and 4.3-4.1%, for clay and organic carbon, 
respectively).  Additionally, there was no significant change in performance for EPO projections calibrated 
at each site.  This suggest that EPO-PLS performance is unaffected by the choice of EPO calibration 
location and that EPO projections are likely highly interoperable.  These results have implications for the 
future work with in situ VisNIR spectroscopy.  Specifically, these results suggest that EPO projections can 
be used at multiple locations and that site-specific EPO projections may be unnecessary.  
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Abstract 

Accurate management of soil nutrients and fast acquirement of soil properties are crucial in the 
development of sustainable agriculture. However, conventional methods used to analyze soil properties 
are generally labor-intensive, environmentally unfriendly, as well as time- and cost-consuming. Laser-
induced breakdown spectroscopy (LIBS) is a ‘superstar’ technique that has yielded outstanding results in 
the elemental analysis of a wide range of materials, but its application for agricultural soil properties is still 
limited. Therefore, LIBS technique was used to predict soil cation exchange capacity (CEC) in 200 
agricultural soil samples from different farmlands in China, and the prediction performances were compared 
in this study. The selected wavelengths significantly improved the prediction accuracy for soil CEC. Based 
on the selected (characteristic) LIBS spectra, residual prediction deviation (RPDV) values > 2.0 achieved 
excellent prediction accuracies for CEC. Findings from this study demonstrated that the LIBS technique 
combined with multivariate methods is a promising alternative for quantitative analysis of soil CEC because 
of the extraordinary prediction performances, which provided an alternative technique for the rapid 
prediction of other soil properties. 

 

Introduction  

Laser-induced breakdown spectroscopy (LIBS), an atomic emission spectroscopy technique, has been 
widely used for elemental analyses of a wide range of materials since the inception of the term “LIBS” in 
1981 (De Lucia Jr and Gottfried, 2011). A typical LIBS system is composed of a solid-state laser, a 
spectrometer, a control system, and an optical system. By focusing a high energy laser beam on the sample 
surface, a plasma plume is generated on the surface resulting in excited atomic, ionic, and molecular 
species (Miziolek et al., 2006; Radziemski & Cremers, 2006). Radiative light with various frequencies is 
collected by a spectrometer to form a spectrum during the cooling of the plasma. The LIBS technique has 
many merits for sample analysis including the fact that it is rapid, less destructive, cost-effective, 
environmentally-friendly, little to no sample preparation is required, and simultaneous multi-element 
detection can be achieved (Han et al., 2018; Juvé et al., 2008; Wang et al., 2018). 

Nevertheless, there remain many challenges in the application of LIBS to the detection of soil nutrients. A 
major limiting factor is the "matrix effects" that result from soil heterogeneity. The "matrix effects" are caused 
by changes in the emission line intensities of some elements in samples when the physical properties and 
the chemical composition of the matrix varies (Senesi, 2014). In this study, we apply the LIBS technique to 
acquire soil LIBS spectra for 200 soil samples collected from four types of typical farmland in China. 
Morphological weighted penalized least squares (MPLS) and wavelet transform (WT) de-nosing algorithms 
are used for baseline correction and smoothing of acquired LIBS spectra, respectively. Partial least squares 
regression (PLSR) is employed to build the model containing the pre-treated LIBS spectra and the chemical 
analyzed properties. The built model is then used for the prediction of soil properties according to the soil 
LIBS spectra. The specific objectives of this study are: (1) to identify the characteristic LIBS spectral lines 
corresponding to soil properties; and (2) to evaluate and compare the prediction performance of full LIBS 
spectra and of characteristic LIBS spectral lines for soil CEC. 
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Material and methods 

Soil sampling and chemical analysis 

A total of 200 top soils (0‒20 cm depth) were collected from four different types of farmland in China. 
Samples 1‒50 were Fluvo-aquic soil collected from Shandong province; samples 51‒100 were paddy soil 
collected from Jiangsu province; samples 101‒150 were red soil collected from Jiangxi province; and 
samples 151‒200 were black soil collected from Heilongjiang province. Detailed information about these 
sampling sites is summarized in Table 1. The soil samples were air-dried naturally at room temperature 
and then passed through a 2 mm sieve before chemical analysis. Soil cation exchange capacity (CEC) was 
determined using the ammonium acetate (pH 7) method (Sumner and Miller, 1996). Soil tablets used for 
LIBS measurement were palletized and measured 1 cm in diameter and 0.25 cm in thickness. Tablets were 
created using a tablet machine (YP-2, China) with an applied pressure of ~ 55 MPa for 2 min. 

 
Table 1 Detailed information on the sampling sites. 

Soil type Sampling position Land usages  Climatic conditions 

Fluvo-aquic 
soil 

116°22′–116°45′ E, 36°40′–37°12′ N Wheat-corn crop rotation Monsoonal climate, with mean annual 
temperature and precipitation of 13.1°C 

and 593 mm 

Paddy soil 119°22′–121°00′ E, 30°54′–32°01′ N  Rice-rapeseed crop 
rotation 

Subtropical humid monsoon climate, 
with mean annual temperature and 

precipitation of 15.7°C and 1100 mm 

Red soil 116°20′–116°51′E, 28°2′–28°30′ N;  
117°26′–118°00′ E, 27°48′–28°24′ N 

Paddy fields, forests, 
orchards, and tea 

plantation 

Subtropical humid monsoon climate, 
with mean annual temperature and 

precipitation of 17.7°C and 1712 mm 

Black soil 126°14′–127°45′ E, 46°58′–47°52′ N; 
126°16′–127°53′ E, 47°35′–48°33′ N 

Crop corn and soybean Temperate continental monsoon 
climate, with mean annual temperature 

and precipitation of 1–2°C and 500–
600 mm 

 

LIBS system and spectra acquisition  

The MobiLIBS system (IVEA, France) and AnaLIBS control software were used for spectra acquisition. A 
fourth-harmonic Nd: YAG laser (Quantel, France) was operated at 580 nm with a 5 ns pulse-duration to 
generate a laser beam with a frequency of 20 Hz, and a delivery energy of 16 mJ. A laser beam with a spot 
diameter of 50 µm was focused on the pelleted samples by a lens with a focal length of 15 cm. Plasma was 
produced in the ablation area and light radiated during plasma cooling. Emission lights were collected by a 
collection lens and were transmitted to the Mechelle 5000 Echelle spectrometer (Andor Technology, Ltd., 
Northern Ireland) by a fiber optic. The resolving power of this spectrometer was λ/∆λ= 4000. An intensified 
charge-coupled device camera (iStar, Andor Technology, Ltd., Northern Ireland) was used to collect the 
diffracted light. The delay time and the gate width were controllable and were adjusted to the optimal 
settings. For each soil sample, there were 5×5 matrices shot sites on the sample surface with three-layer 
shots at each site. Thus, a total of 75 parallel LIBS spectra were obtained for each soil sample. 
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Fig. 1. Flow diagram of LIBS spectral pre-processing and PLSR modeling. 

Calibration and validation 

The full spectra dataset was divided into a calibration set (75% of samples) and a validation set (25% of 
samples) using the Kennard–Stone (KS) algorithm (Kennard and Stone, 1969). The calibration set was 
used for modeling and the validation set was used to verify the prediction performance. Both the whole 
LIBS spectral range (200‒1000 nm) and the characteristic lines were used to model and predict the soil 
nutrients. An overview of the spectral pre-processing and the PLSR modeling processes is shown in Fig. 
1. Spectral pre-processing, PLSR modeling, statistical analyses, and graph designs were completed using 
MATLAB R2016a software (The Math Works, Natick, USA). 

 

Results and discussion 

LIBS spectra characterization 

Figure 2 demonstrates the comparison between original LIBS spectra and pre-processed LIBS spectra. 
Obviously, baseline drift and interference lines were observed in the original LIBS spectra. Baseline 
correction was applied first during spectral pre-processing. The LIBS spectra of different soil samples 
displayed various characteristic lines at different wavelengths from 200 to 1000 nm (Fig. 2b). Identifying 
these characteristic lines is an arduous and complicated task because of abundant characteristic emission 
lines as well as interference between spectral lines. In this study, the NIST Atomic Spectra Database 
(Kramida et al., 2012) and previous studies from the literature were combined to identify the LIBS spectrum.  
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Fig. 2. Original LIBS spectra of different agricultural soils. 

 

Prediction of soil CEC 

Soil CEC can represent soil fertility status and influence soil structural stability, nutrient availability, soil pH, 
and soil chemical equilibria with fertilizers and other ameliorants (Sharma et al., 2015; Shekofteh et al., 
2017). The CEC prediction ability of the LIBS spectra using a PLSR model was studied and the results are 
shown in Fig. 3. The RMSECV of cross-validation in the calibration set based on the full and selected LIBS 
spectra decreased with the increase in the nLVs and were lowest when the nLVs was 4. When the nLVs 
was above 3, the PLSR model based on the selected LIBS spectra showed lower RMSECV values than 
those based on the full LIBS spectra, implying that cross-validation gives better prediction accuracy. The 
model based on the selected LIBS spectra achieved excellent prediction ability with an RPDV of 2.2333, 
R2 of 0.8061, and RMSEV of 3.3033 cmol kg-1, which were dramatically superior to the corresponding 
values based on the full LIBS spectra (with an RPDV of 2.0198, R2 of 0.7618, and RMSEV of 3.6526 cmol 
kg-1). As shown in Fig. 3c & d, the scatters both in the calibration and validation sets based on the selected 
LIBS spectra were closer to the 1: 1 line than those based on the full LIBS spectra. The effective 
wavelengths selected for the prediction of CEC from the LIBS spectra mainly matched the emission lines 
of minerals (i.e. K, Ca, Mg, Al, Si, and Fe), N, and O (Fig. 3b), which indicated that the emission lines highly 
related to CEC were successfully selected by the CARS variables selection method. These results revealed 
that the prediction performance for CEC was improved by applying the CARS variables selection method 
to LIBS spectra. 

 

Conclusions 

Full and selected (or characteristic) LIBS spectra and PLSR were used to predict soil CEC. The prediction 
abilities of full and selected LIBS spectra were compared. For prediction of soil CEC, the LIBS spectral 
variables selected by the CARS algorithm showed better prediction performance than full LIBS spectra and 
gave an interpretability of variables. The LIBS technique still showed potential for characterization of soil 
CEC and other soil properties. Future studies should focus on: (1) developing and popularizing simple and 
convenient LIBS instruments for field use; and (2) improving the prediction performances for TP, AP, and 
AK contents via promoting LIBS instruments and algorithms or fusing with other techniques. 
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Fig. 3. Soil CEC prediction results using the PLSR model. (a) Root mean square error of cross-validation (RMSECV) in the 
calibration set as a function of the number of latent variables (nLVs); (b) the effective wavelengths selected for the prediction 
of soil CEC from the LIBS spectra using the CARS-PLS model; (c) scatterplot of measured CEC versus predicted CEC by the 
PLSR model based on the full LIBS spectra; (d) scatterplot of measured CEC versus predicted CEC by the PLSR model 
based on selected LIBS spectra. 
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Abstract 

Visible near-infrared reflectance spectroscopy (VNIRS) and laser‐induced breakdown spectroscopy (LIBS) 
are potential methods for rapid and less-expensive assessment of soil quality indicators (SQIs). The 
objective of this study was to compare VNIRS, LIBS and combined VNIRS-LIBS to predict SQIs using data 
from over 140 soil samples from multiple agricultural management systems in New Mexico. The agricultural 
management systems were from research farm experiments, which provide a scientific basis from 
controlled trials and commercial farm samples, which provide real-world perspective under a range of 
conditions. Partial least squares regression (PLSR) was used for calibrations between spectra and SQIs. 
Eighteen soil quality indicator measurements showed high correlations with VNIR and to some degrees 
with LIBS spectra included soil organic matter (SOM), permanganate oxidizable carbon (POXC), total 
microbial biomass (TMB), total bacteria biomass (TBB), total fungi biomass (TFB), mean weight diameter 
(MWD), aggregates 2–4 mm (AGG > 2 mm), aggregates < 0.25 mm (AGG < 0.25 mm), wet aggregate 
stability (WAS), electrical conductivity (EC), calcium (Ca), magnesium (Mg), sodium (Na) and iron (Fe) were 
modeled. Overall, calibrations based on measurements separated according to locations performed better 
compared to combined measurements irrespective of locations. Out of 5 locations studied, 3 gave high R2 
of prediction. The prediction R2 values for regression of VNIRS and LIBS were 0.94 and 0.80, respectively 
for electrical conductivity (EC); 0.94 and 0.97, respectively for pH; 0.66 and 0.85, respectively for soil 
aggregates > 2mm. Additionally, the prediction R2 values for regression of VNIRS spectra were: pH 0.92; 
total microbial biomass (TMB), 0.81; permanganate oxidizable carbon (POXC), 0.68; magnesium (Mg), 
0.67; iron (Fe), 0.62; calcium (Ca), 0.61; clay 0.60; electrical conductivity (EC), 0.53. Apart from further data 
collection, location effect appears to be significant, which means that the effectiveness of these methods 
for SQ assessment may be site-specific. Although this work illustrates the significant potential benefits of 
VNIRS and LIBS spectra for estimating SQIs, further testing of VNIRS and LIBS in the field is required to 
understand the effects of site and soil conditions on VNIRS and LIBS capacities. 

Introduction 

Historically, conventional assessments of soil quality rely on measured laboratory and field observations 
known as soil quality indicators (SQIs). The local calibration of these indicators on soil functional capacity 
can help in understanding the soil system and its quality which has been previously defined as the capacit
yof a specific kind of soil to function within its natural or managed ecosystem boundaries to sustain plant 
and animal productivity, maintain or enhance water and air quality, and support human health and habitati
on (Karlen et al. 1997). However, laboratory and field soil analyses are usually expensive, destructive, 
time-consuming, often complicated, and require extensive chemical uses (Janik et al. 1998). 

Therefore, soil visible-near infrared spectroscopy (VNIRS) and laser-induced breakdown spectroscopy 
(LIBS) have been considered as possible rapid, precise, nondestructive, portable and cost-efficient 
methods to replace conventional soil analysis and characterization of a wide range of soil materials 
(Bricklemyer et al. 2018; McMillan et al. 2014; Rosse et al. 2006; Janik et al. 1998). In most cases, the 
analytical spectra are measured in three main wavelength regions including the visible, VIS (400-700 nm) 
and near infrared, NIR (700-2500 nm) regions (Rossel et al. 2006) while LIBS spectra are measured in the 
spectral region between 200-1000 nm (McMillan et al. 2014). 

The fundamentals of VNIRS as described by Stenberg et al. (2010) and Rossel et al. (2006) relies on 
generating a soil spectrum where radiation containing all relevant frequencies is directed to the soil of 
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interest. Based on the elemental and structural composition of the soil, the radiation will be absorbed or 
reflected because of the vibration and rotation of molecular bonds in the soil materials caused by the 
incident radiation. These bonds will absorb the radiation to different degrees, with a specific energy 
quantum, corresponding to the differences between the two energy levels. The energy quantum is directly 
related to the frequency and inversely related to the wavelength. The absorbed - reflected radiation will 
generate a characteristic shape that can be used in the analytical spectra. 

Fundamentally, LIBS relies on the fact that every element in the periodic table emits light in the range 200–
1000 nm, and LIBS spectrum contains information about the concentration of most of the elements in the 
periodic table (McManus et al. 2014). LIBS analyzes the light produced from the interaction of the sample 
with laser radiation and records the light emitted from the decay of electrons to lower-energy orbitals during 
cooling of laser-induced ablation plasmas (Bricklemyer et al. 2018; McManus et al. 2014). 

Many studies have shown the capability of VNIRS and LIBS spectroscopy in agriculture and natural 
resource applications and for investigating specific soil materials including the mineral fraction, iron oxides, 
organic matter, water, carbonates, soluble salts, and particle size distribution (Bricklemyer et al., 2018; 
McManus et al., 2014; Shepherd and Walsh 2007). More than fifteen SQI measurements were predicted 
simultaneously by VNIRS at different levels of success by Idowu et al. (2008). The same study also reported 
a successful prediction (R2 > 0.80) for soil organic matter, permanganate oxidizable carbon, soil pH, and 
exchangeable acidity.  

Using hyperspectral sensing for rapid soil quality assessment in the arid southwestern USA is limited and 
there is a need for rapid and affordable assessment method to detect the changes in soil quality in response 
to management practices. The overall objective of this study was to establish scientific and statistically valid 
baseline data for hyperspectral soil quality assessment under the arid farming systems of the southwestern 
United States. The specific objectives of this study were (1) to evaluate the visible near-infrared reflectance 
and laser‐induced breakdown spectroscopies for soil quality assessment, (2) to establish a spectral library 
and regression models for the desert Southwest. 

Materials and Methods 

Soil Sampling and laboratory analyses. 143 surface soil samples were used for this study. The soils 
were collected from multiple agricultural management systems in 2015 and 2016 as part of a soil quality 
assessment study in the arid agroecosystems of New Mexico. Surface soil samples (0 – 0.15 m) were 
collected from the field, air-dried, and analyzed for multiple laboratory measurements, and the brief 
description of laboratory analyses and procedures can be found in Omer et al. (2018).  

Visible-near infrared spectroscopy (VNIRS). A spectrometer is simply an instrument that measures the 
light intensity as a function of wavelength (Wills at al. 2014). The ≤ 2 mm fraction of arid-dried soils were 
scanned with a Labspec 2500 spectrometer (Analytical Spectral Devices, Boulder, Colorado) at 
wavelengths from 350 to 2,500 nm, acquired at 1 nm increments (Wills at al. 2014). The optical setup was 
done as recommended by the instrument’s manufacturer and following the methodology developed by the 
US Natural Resources Conservation Service for the Rapid Carbon Assessment (Wills at al. 2014).  

Laser-induced breakdown spectroscopy (LIBS). Sample preparation involved compressing air-dried, 2-
mm sieved soil inside a 38 mm Spec-Caps using a 15-ton hydraulic press. The surfaces of all equipment 
were cleaned using Kimwipes and ethanol between the samples. As described by McManus et al. (2014), 
the soil sample was placed on the LIBS sample platform, and pulses of laser light were focused on the 
sample. The plasma temperatures caused the electrons to be excited to upper energy levels, and as the 
plasma cooled, electrons decayed to lower-energy levels, releasing energy in the form of photons. The 
result was a spectrum with 13,700 channels over the range of 198 and 969 nm which were collected by 
fiber optics and recorded. The desktop LIBS system has a footprint of < 1 m2, and the backpack models 
have been designed (McManus et al. 2014). 

Data calibration and validation. Partial Least Squares Regression (PLSR), which is a multivariate method 
for calibrating spectral data was used was used for calibrations between spectra and SQIs. The model 
performance was assessed using the coefficient of determination (R2) and root mean square error (RMSE) 
(Veum et al. 2017). In this study, we used 75 % of the data set for calibration and 25 % for validation, and 
we modeled every site separately then we modeled all the sites together. The VNIRS and LIBS spectra 
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were independently mean-centered, variance-scaled and then merged into a single combined LIBS -VNIRS 
predictor dataset before applying PLSR. The combined dataset resulted in 143 observations and 15,850 
columns (variables) (Bricklemyer et al. 2018). 

Results and Discussion  

Descriptive statistics of SQIs are presented in Table 1. As expected, most of the SQIs were not normally 
distributed since the datasets were modeled irrespective of locations. The assessment of univariate 
normality showed that some SQIs were positively skewed (SQIs > 0) while some others SQIs were 
negatively skewed (SQIs < 0) (Table 1). The SQIs that were negatively skewed included WAS (-0.27), Sand 
(- 0.45) and pH (-0.65). Moreover, the assessment of univariate normality showed that some SQIs had a 
positive kurtosis (SQIs > 3) including SOM, TMB, TBM, TFB, EC, Ca, Mg, Na and Fe. The SQIs that had a 
negative kurtosis (SQIs < 3) included POXC, MWD, AGG > 2 mm, AGG < 0.25, WAS, Silt, Clay and pH 
(Table 1). This also can be an indicator of the wide range between the minimum and maximum values for 
most of SQIs. 

Table 1. Descriptive Statistic for laboratory measured soil quality indicators (SQIs). 

SQIs Mean Standard Error Minimum Maximum Skewness Kurtosis N 

SOM (%) † 1.37 0.07 0.76 4.83 1.62 3.14 143 

POXC (mg kg-1)   426 5.34 379 591 0.72 -0.09 143 

TMB (ng g-1) 2163 181 891 11266 2.09 6.39 104 

TBM (ng g-1) 1038 91.9 442 4841 2.07 5.19 104 

TFB (ng g-1) 227 26.2 34.9 1280 1.91 3.79 104 

MWD (mm)  0.74 0.04 0.31 2.65 0.91 0.83 143 

AGG > 2 mm (%) 24.1 1.58 6.24 80.5 0.7 0.04 143 

AGG < 0.25 mm (%) 34.1 1.53 19.6 87.2 0.62 -0.43 143 

WAS (%) 54.6 1.45 43.5 93.9 -0.27 -0.4 142 

Sand (%) 57.8 1.61 43.2 90.5 -0.45 -0.78 143 

Silt (%) 17.5 0.81 9.76 40.2 0.37 -0.67 143 

Clay (%) 24.6 0.99 16.2 53.3 0.85 -0.19 143 

pH 7.44 0.02 7.3 8.1 -0.65 0.55 143 

EC (dS m-1) 1.6 0.12 0.67 8.28 2.18 4.96 143 

Ca (mg Kg-1) 8.86 0.66 4.17 46.6 2.19 4.99 143 

Mg (mg Kg-1) 2.88 0.25 1.08 18.4 2.51 7.25 143 

Na (mg Kg-1) 6.56 0.76 1.75 62.6 3.19 12.6 143 

Fe (mg Kg-1) 4.16 0.29 2.09 21.2 2.46 7.52 143 

† Soil organic matter (SOM), permanganate oxidizable carbon (POXC), total microbial biomass (TMB), total bacteria biomass (TBB), 
total fungi biomass (TFB), mean weight diameter (MWD), aggregates 2–4 mm (AGG > 2 mm), aggregates < 0.25 mm (AGG < 0.25 
mm), wet aggregate stability (WAS), electrical conductivity (EC), calcium (Ca), magnesium (Mg), sodium (Na) and iron (Fe). 

 

The calibration values for the SQIs are presented in Table 2. The VNIRS and LIBS have the potential to be 
used for rapid evaluation of soil quality indicators (SQIS). Many soil quality indicator measurements were 
highly correlated with VNIRS and LIBS measurements. The R2 of the calibration was > 0. 90 for all the 
SQIs using VNIRS alone (Table 2). The R2 of calibration for LIBS alone showed that few SQIs had R2 > 
0.90, but those that did included TMB, TBM, and TFB, which all had R2 = 0.96 (Table 2). The more accurate 
calibration models of VNIR over LIBS or combined VNIRS-LIBS could be the results of fundamental 
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molecular principles on which VNIRS is based and because of the absorptions features of organic 
molecules in VNIRS region (Bricklemyer et al. 2018). The lowest LIBS calibration R2 values were observed 
for EC (R2 = 0.33) and Na (R2 = 0.58), which could be influenced by the relative high wavelength of sodium 
(588.99 nm) using LIBS (Khan et al. 2013) and salinity is wet chemical technique (Table 2). In this work, 
the calibration R2 for combined VNIR-LIBS was lower than VNIR or LIBS alone and ranged between 0.10 
for Mg to 0.72 for pH (Table 2).  

Table 2. Calibration and root mean square error (RMSE) values soil quality indicators (SQIs) for partial least squares 
regression (PLS2) model built using visible-near infrared spectroscopy (VNIRS), laser induced breakdown spectroscopy 

(LIBS), and combined VNIRS- LIBS. 

SQIs 
     VNIR        LIBS VNIR-LIBS 

R2 RMSE R2 RMSE R2 RMSE 

SOM (%) † 0.94 0.21 0.61 0.43 0.13 0.68 

POXC (mg kg-1)   0.98 8.82 0.81 26.4 0.27 52.5 

TMB (ng g-1) 0.98 227 0.96 430 0.33 1328 

TBM (ng g-1) 0.98 121 0.96 214 0.36 701 

TFB (ng g-1) 0.98 35.7 0.96 68.8 0.32 204 

MWD (mm)  0.96 0.1 0.72 0.27 0.22 0.49 

AGG > 2 mm (%) 0.96 3.8 0.72 9.66 0.21 16.4 

AGG < 0.25 mm (%) 0.95 4.32 0.68 9.64 0.22 17 

WAS (%) 0.98 2.78 0.73 8.72 0.13 16.4 

Sand (%) 0.96 3.79 0.77 11.8 0.26 18.3 

Silt (%) 0.95 2.2 0.76 5.9 0.2 10.1 

Clay (%) 0.97 2.04 0.78 7.23 0.23 11.4 

pH 0.97 0.05 0.89 0.11 0.74 0.12 

EC (dS m-1) 0.94 0.29 0.33 1.2 0.11 1.21 

Ca (mg Kg-1) 0.96 1.26 0.61 5.44 0.14 5.94 

Mg (mg Kg-1) 0.97 0.49 0.61 1.72 0.1 2.29 

Na (mg Kg-1) 0.94 1.67 0.58 4.59 0.11 7.87 

Fe (mg Kg-1) 0.98 0.55 0.69 1.38 0.13 2.7 

† Soil organic matter (SOM), permanganate oxidizable carbon (POXC), total microbial biomass (TMB), total bacteria biomass (TBB), 
total fungi biomass (TFB), mean weight diameter (MWD), aggregates 2–4 mm (AGG > 2 mm), aggregates < 0.25 mm (AGG < 0.25 
mm), wet aggregate stability (WAS), electrical conductivity (EC), calcium (Ca), magnesium (Mg), sodium (Na) and iron (Fe). 

 

Modeling the whole datasets irrespective of location gave very poor predictions while modeling by different 
sites yielded better predictions (Figure 1). When only modeling data collected at the agriculture science 
center at New Mexico State University, the calibration and validation R2 values improved for pH (0.94 and 
0.63) and EC (0.94 and 0.55) when using only the VNIR spectra. While the pH (0.90 and 0.80) and EC 
(0.80 and 0.28) R2 values also improved when using LIBS spectra alone. At one of the other locations (data 
not presented), we also observed that when using VNIR alone, the R2 values for calibration and validation 
were 0.96 and 0.56 respectively for MWD and 0.95 and 0.56 for Fe. We also observed the R2 values for 
calibration and validation were 0.91 and 0.49 respectively for TMB and 0.80 and 0.50 for AGG> 0.25 mm 
using standalone LIBS. These results suggest the necessity of accounting for soil properties included soil 
texture, carbon, and mineralogy when attempting to estimate SQIs using spectral analyses (Cremers at al., 
2001).
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Figure 1. Calibration and validation values of soil pH and electrical conductivity (EC) for partial least squares regression (PLS2) model built using visible-near infrared spectroscopy 
(VNIRS), laser-induced breakdown spectroscopy (LIBS) using dataset from a specific agriculture science center (N=36).  
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Conclusion  

The use of visible near-infrared reflectance and laser‐induced breakdown spectroscopy for simultaneous 
assessment of soil quality is a key step towards rapid acquisition of soil information. In this study, 
eighteen soil measurements showed high correlations with VNIR, and to some degree with LIBS spectra, 
including SOM, POXC, TMB, TBB, TFB, AGG > 2mm, AGG < 0.25 mm, WAS, Sand, Silt, Clay, pH, EC, 
Ca, Mg, Na and Fe. These indicators were not well estimated by combining VNIRS and LIBS. Overall, 
calibrations based on measurements separated according to locations performed better compared to 
combined measurements irrespective of locations. The soil reflectance measurements can be influenced 
by content of soil organic matter, clay, silt, sand and soil mineralogy. VNIRS and LIBS spectroscopy may 
not be able to fully replace all traditional soil analyses but may be able to assist with the prediction of 
some SQIs. More studies are needed to expand the spectral library for VNIR and LIBS in the Southwest 
and to understand the factors controlling spectral responses between areas to facilitate improvement in 
predictive capacity of these methods for assessment of SQIs.  
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Abstract 

A high-frequency multi-channel analysis of surface waves method (HF-MASW) has been developed to 
explore shallow soil mechanical and hydrological properties in the vadose zone. The method uses surface 
wave propagations and spectral analysis to noninvasively measure soil profiles in terms of the shear (S) 
wave velocity as a function of depth.  It is an extension of the traditional MASW method by increasing 
frequencies up to 1 kHz. Recently, several practical techniques have been added to enhance the HF-MASW 
method. Using this enhanced HF-MASW method, the S-wave velocity soil profiles from a few centimeters 
to a few meters were measured. Fundamentally, the S-wave velocity is related to soil mechanical and 
hydrological properties through the principle of effective stress. Therefore, the measured 2-dimeniaional S-
wave velocity profile images can reflect the temporal and spatial variations of soils due to weather effects, 
geological anomalies, and anthropologic activities. In this paper, several HF-MASW applications were 
presented, including (1) soil profiling at testing sites with different soil textures, (2) a long-term survey for 
studying weather and seasonal effects on soil profile evolutions, (3) detecting and imaging fraigpan layers, 
(4) a farmland study to assess the influence of compaction on soil properties caused by the passages of a 
tractor, and (5) a short-term monitoring to capture the instantaneous soil profile variations due to rainfall 
events. These studies demonstrated that the HF-MASW method can be used as a promising proximal soil 
sensing tool for agricultural and environmental applications. 

Introduction 

In agricultural farmland management and vadose zone research, knowledge of soil properties within a 
couple of meters below the surface is important. In the vadose zone, the subsurface soils are mostly 
unsaturated and their mechanical and hydraulic properties are frequently influenced by cultural activities, 
weather and seasonal events, and natural soil processes. It is desirable to develop a non-invasive 
technique that can measure and monitor soil properties in the vadose zone. 

For agricultural soil applications, a high-frequency multi-channel analysis of surface waves (HF-MASW) 
method has been developed (Lu, 2014; 2015; 2017; Lu and Wilson 2017b), which is a modification from 
the conventional MASW method (Park, et al., 1998; 1999; Xia, et al., 1999; 2003). The latter explores 
subsurface soils at depths from several meters to tens of meters because of the employment of low 
frequency source and their targeted objectives. It usually ignores or averages the top soil properties with a 
thickness of a couple meters in the weathered zone or the vadose zone (Park, et al., 1999).  Using higher 
frequency excitations, the HF-MASW method aims at measuring soil properties of this very shallow soil 
zone with higher vertical resolution, thus filling the gap of the conventional MASW method. In this paper, 
several HF-MASW applications were presented, including (1) soil profiling, (2) a long-term-survey for 
studying weather and seasonal effects, ( (3) detecting and imaging fraigpan layers, (4) a farmland study to 
assess compaction effects, and (5) a short-term monitoring soil profile variations during rainfall events, 

 

Materials and Methods 

The HF-MASW Method 

The experimental setup for the HF-MASW method consists of a vibrating shaker, operating in a frequency 
sweeping mode with three frequency bands, and multiple vibration sensor placements along a straight line.  
Two types of shakers have been used. One is an electrodynamic shaker (Vibration Test System, Model 
VG-100-6). The shaker weighs 30.4 kg and provides 49.9 kg of peak force and a working frequency range 
from DC to 6500 Hz. The second shaker is a home theater actuator (TES-100 Actuator, 1-600 Hz, Crowson 
Technology) and weighs 1.6 kg. The actuator can support maximum load of 453.6 kg. Three types of 
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vibration sensors have been used: a moving laser Doppler vibrometer (Polytec PI, Inc., Model PDV 100, 
DC-22 kHz), an accelerometer (PCB Piezotronics, Model 352B, 2 Hz to 10,000 Hz) with multiple insertions, 
and a geophone array (GS-20DM, Geospace Technologies, 40 Hz). The employments of the two shakers 
and three sensors yield essentially identical results. Therefore, a HF-MASW system consisting of the home 
theater actuator and the geophone array is recommended due to their low costs.  

A HF-MASW test procedure includes four stages: (1) surface vibrations recording, (2) processing the 
collected signals using a 2D wave-field transformation, (3) extracting the dispersion curves (the phase 
velocity as a function of frequency) from the 2D wavefield transformation images, and (4) determining the 
S-wave velocity profile by an inversion process from the dispersion curves (Xia and others, 1999; 2003).   

In practice, the HF-MASW method is challenged technically by high attenuation of surface waves at high 
frequencies (Lu, 2015). In order to enhance the HF- MASW method, several practical techniques both in 
the data acquisition and signal processing have been developed (Park and Ryden, 2007; Park, 2011; Lu, 
2015; 2017; Lu and Wilson, 2017b; Lu, et al 2017). They include (1) the self-adaptive method with a variable 
sensor spacing configuration, (2) the phase-only processing, and (3) a nonlinear acoustic technique, 
respectively.   

Fundamentally, the S-wave velocity is related to soil mechanical and hydrological properties through the 
principle of effective stress (Lu, et al 2004; Lu and Sabatier, 2009). Therefore, the measured 2-dimeniaional 
S-wave velocity profile images can reflect the temporal and spatial variations of soils due to weather effects, 
geological anomalies, and anthropologic activities. Using the HF-MASW method, the spatial and temporal 
variations of soil properties from a few centimeters to a few meters can be measured. Several case studies 
are presented as described below. 

 

Soil profiling  

The HF-MASW tests were conducted at four testing sites (Lu, et al., 2017). The first two sites (loess and 
coastal plain) were located at the Mississippi Agriculture and Forestry Experiment Station (MAFES) at Holly 
Springs, Mississippi. The loess soil is mapped as Providence silt loam (fine-silty, mixed, active, thermic 
Oxyaquic Fragiudalf). The second MAFES site is a Cahaba sandy loam (fine-loamy, siliceous, semiactive, 
thermic Typic Hapludult). The soil at the third site was a Harleston sandy loam (coarse loamy, siliceous, 
semiactive, thermic Aquic Paleudult), at Pascagoula Beach, MS. The forth site was located at the Pontotoc 
Ridge-Flatwoods Branch Experiment Station of MAFES facility near Pontotoc, MS, which is an Adaton silt 
loam (Fine-silty, mixed, thermic Typic Ochraqualfs). This test site was used for a compaction study and 
treated by deep tillage using a subsoil shank. The site was kept undisturbed for several months, then the 
deep-tilled Adaton site was compacted using a John Deere 7320 tractor. The HF-MASW tests were 
conducted on both non-compacted and compacted Adaton soils for comparison purpose. The soil profiles 
in terms of the shear wave velocity were plotted in Fig. 1. 

In Fig. 1a, the Providence silt loam soil at Holly Springs presents a normal soil profile, featuring a 
monotonously increasing shear wave velocity trend with depth. The exploration depth at this site reaches 
a maximum value of 2.5 meters. In Fig. 1b, the Cahaba sandy loam at another Holly Spring site behaves 
differently from the silt loam with overall lower shear velocities than those of the silt loam profile. The soil 
profile in Fig. 1b demonstrates a hard layer around 10 cm to 20 cm, followed by gradually increased shear 
wave velocity with depth. The exploration depth in this site is 1.2 meters.  In Fig 1c, the Harleston beach 
sand in Pascagoula, MS exhibits an increasing variation in the shear wave velocity within the depth of 50 
cm. Below 50 cm deep, the velocity remains constant and then even slightly declines. This is due to the 
fact that the testing site is close to the shoreline where the soil is saturated below a shallow water table. In 
Fig. 1d, the non-compacted and deep-tilled Adaton soil at Pontotoc site presents low values of the shear 
wave velocities on the top 20 cm layer, reflecting the loose soil structure due to deep-tillage.  Below 20 cm, 
the shear wave velocity increases slowly with depth. The compacted Adaton soil has higher shear wave 
velocity on the top soil than those of non-compacted soil, showing the compaction effects from wheel-traffic 
that consolidates the soil and raises the shear wave velocity (Lu and others, 2004). The compaction effects 
are evident on the top 20 cm soil and can affect soil properties down to 60 cm deep. 
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Fig 1.  The soil profiles for (a) the Providence silt loam, (b) the Cahaba sandy loam, (c) the Harleston sand, and (d) the non-
compacted (solid line) and compacted (dashed line) Adaton soil.  

 

Long-Term Survey for Weather and Seasonal Effects Study  

A long-term survey was conducted to study weather and seasonal effects on subsurface soil (Lu, 2014). 
The test was conducted on the University of Mississippi campus where the original soils of a thickness of 
about 10 feet were excavated and refilled with washed sand. This site can be regarded as a homogeneous 
medium without the presence of distinctive layers. During a one-year survey, the temporal variations of soil 
temperature, water content, water potential, and P-wave velocity were monitored by buried sensors, as 
plotted in Figs. 2 (a)-(d).  

 

 

 

Fig 2. The temporal variations of soil conditions and soil profiles. (a) soil temperature, (b) water content, (c) water 
potential, (d) P-wave velocity, (e) soil profiles in the spring (f) soil profiles in the summer. For the sake of brevity, the soil 

profiles in the winter were not displayed. 
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The temporal variations of soil profiles measured by the HF-MASW method were shown in Figs. 2(e)-(f), 
which reflected and matched the temporal changes of soil conditions due to weather and seasonal effects, 
especially for those of water potential. It is remarkable that the most significant changes in the soil profile 
images occurred during the dry summer as shown in Fig. 2(f). The dramatic changes in the S-wave velocity 
in magnitude, extent, and depth happened not only in the top zone but in the deeper zone as well, indicating 
an expanded influence of dry soil conditions in the summer that penetrated into deeper soils. These 
observations can be understood and interpreted with the concept of the effective stress, governed by soil 
suction stress/water potential for surficial unsaturated soils and by overburden pressure for deeper layers 
of soils (Lu, et al., 2004; Lu and Sabatier, 2009). 

 

Fragipan Layer Detection and Imaging  

A fragipan is a naturally occurring dense soil layer with very low organic matter, high bulk density and 
mechanical strength, and hard consistence when dry, but brittle when moist. It is restrictive to root and 
water penetration. Fragipans play a critical role in hydrologic behavior, erosion, and land use (Wilson, et al. 
2017).  In order to detect and image a fragipan layer, a field test was conducted on the North Mississippi 
Experiment Station at Holly Springs, MS (Lu and Wilson, 2017a) using both a two-dimensional HF-MASW 
test and invasive soil profile characterization such as penetration tests. Fig. 3 shows the spatial distributions 
of the S-wave velocity of the vertical cross-section in the testing site. From the contrast of the S-wave 
velocity image, the presence, depth, and extent of a fragipan layer were determined, manifested as a high 
velocity layer. The results from both the HF-MASW and penetration tests were compared and they were in 
good agreement. 

 
Fig 3.  The cross-section image of the S-wave velocity of the test site, where the high velocity layer determines the 

presence, depth, and extent of a fragipan layer. 

 

Compaction Effect Study 

As mentioned before, the Pontotoc site was used for a compaction study. The two-dimensional HF-MASW 
tests were conducted on both non-compacted and compacted Adaton soils for comparison purpose. One 
of the soil profiles in terms of the shear wave velocity was plotted in Fig. 1d. The cross-sections of S-wave 
velocity images on both soils are shown in Fig. 4. It can be seen from Fig. 4a that the deep tilled soil 
presents low velocity at the top layer and the velocity monotonously increases with depth, featuring a normal 
soil profile. The compacted soil in Fig.4b exhibits an elevated velocity layer around 20 cm deep and at some 
deep locations the S-wave images show high-velocity patches around 50 cm, indicating a plowpan. Thus 
the influence of compaction on the soil properties can be assessed by the S-wave velocity image. 
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Fig 4. The cross-section images of the S-wave velocity for (a) deep tilled and non-compacted and (b) compacted Adaton 
soils. 

Short-Term Monitoring Soil Profile Variations During Rain Events 

The enhanced HF-MASW method was used to investigate instantaneous variations of soil profile during 
rainfall events. The testing site was located on the campus of the University of Mississippi, near the NCPA 
building, the same testing site used for the study of seasonal and weather effects on soil profiles in 2014. 
A rain gauge was installed to measure rainfall precipitation. The HF-MASW measurements were conducted 
continuously before, during, and after rainfall events.  The temporal responses of shallow soil up to 1.8 
meters below the surface were obtained in terms of the overtone images/movies and soil profile images. A 
typical case study was presented. In this case initial soil condition was dry soil and the testing site was 
subjected to one heavy precipitation followed by a medium rainfall.  

The corresponding soil profile image and precipitation are displayed in Figure 5, which demonstrates the 
temporal variations of soil profile in responding to the rainfall and aftermath. As compared with Fig. 5(a) 
and Fig. 5(b), the influence of rainfall on the soil profile is evident. As expected the rainfall affects the top 
soils most and this influence decreases with depth. For this case, rainfall infiltration depth can reach 1 meter 
deep. From Fig. 5 (a) one also observes the gradual recovery stage after rainfall, manifesting a show 
increasing S-velocity with time. It is believed that this recovery stage is due to evaporation and moisture 
redistribution. The study demonstrated that the HF-MASW method has the capability to capture the 
temporal variations of soil profile in responding to the rainfall events. 

 

 
Fig 5. (a) Soil profile image (b) the rainfall precipitation for dry soil with heavy precipitations (accumulated 36 and 8 mm) 
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Conclusions 

A HF-MASW method with the enhanced techniques was described. Using this HF-MASW method, the 
spatial and temporal variations of soil properties from a few centimeters to a few meters below the surface 
were measured. It has been demonstrated that the HF-MASW method can be applied for measuring soil 
profiles in the vadose zone, monitoring weather and seasonal influences on soil, detecting and imaging a 
fragipan layer, studying compaction effects, and capturing instantanous soil profile variations due to rain 
events. 
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Abstract 

In the Murray-Darling Basin there are competing demands for water from mining, environment and other 
agricultural uses. In addition, climate change forecasts for south-east Australia suggest reduced rainfall and 
hotter climates; which will reduce water available for irrigation. To improve water efficiency, irrigators need 
methods to monitor the soil volumetric water content (, m3 m-3) across a field. Significant technological 
advances in field instrumentation have enabled this to be done. However, sensors (e.g. Decagon GS3) are 
expensive and only offer point-information. In this study, we seek to determine if a multi-coil electromagnetic 
(EM) instrument (DUALEM-421), which measures soil apparent electrical conductivity (ECa – mS m-1), can 
be used in conjunction with EM inversion to value add to limited measurements of  and allow extrapolation 
along a uniformly heavy-clay transect. The EM4Soil software package was used to generate 
electromagnetic conductivity images (EMCI) to provide estimates of  from inverted ECa. We first determine 
the most useful set of inversion parameters for a DUALEM-421 ECa, including algorithm (cumulative function 
– CF and full solution - FS), forward model (S1 or S2) and damping factor ( = 0.07, 0.3, 0.6, 1.2, 2.4, 3.6). 
The best coefficient (R2 = 0.46) between  and  was achieved using CF, S1 and  = 0.3. We also compared 
the usefulness of inversion of different combinations of DUALEM ECa; DUALEM-1, DUALEM-2 and 
DUALEM-21. We found inversion of DUALEM-2 was unsatisfactory (R2 = 0.07) with equivalent correlation 
using DUALEM-1 (0.47) and DUALEM-21 (0.46). However, estimates of  by inversion of DUALEM-421 
ECa had larger Lin’s concordance (0.84) with measured b compared to DUALEM-21 (0.83) and DUALEM-
1 (0.54). We therefore explored the relationship between DUALEM-421 estimated  and .  We did this 
using an empirical calibration model (i.e. Artificial Neural Network, ANN). Results show that the model had 
good coefficient of determination (R2 = of 0.74), with good accuracy (RMSE = 0.04 m3 m-3) and agreement 
between measured and predicted  (Lin’s concordance of 0.84). 

Introduction 

The lower Namoi valley in northern New South Wales, is a highly productive agricultural area. In the 1950’s 
it was synonymous for prime hard wheat production as well as sheep and cattle grazing. Its agricultural 
versatility (Triantafilis et al., 2001) is a function of the Vertosols, which have large clay content (>35 %), 
shrink-swell properties that exhibit strong cracking when dry and slickensides and/or lenticular structural 
aggregates at depth, that dominate the plains. These properties allow for easy passage of moisture deep 
into the subsoil before the self-mulching properties seal it in. In the 1960’s, these Vertosol plains were 
recognised for their potential development for irrigation. Specifically, furrow irrigated cotton production. 
However, there have been issues with deep drainage (Woodforth et al., 2012) and threat of salinization 
(Huang et al., 2016); owing to water use inefficiencies (Triantafilis et al., 2003). In addition, there are 
competing demands for water from mining, environment and agricultural commodities. In addition, climate 
change forecasts for south-east Australia suggest reduced rainfall and hotter conditions (Dai, 2013). 

In a small furrow irrigated plot located at the Australian Cotton Research Institute, we aimed to monitor  
across a uniformly heavy-clay soil by i) installing  sensors in the topsoil (0 – 0.3 m), subsurface (0.3 – 0.6 
m), upper- (0.6 – 0.9 m) and deeper-subsoil (1.2 – 1.5 m), ii) collecting and correcting ECa using a single 
frequency multi-coil array DUALEM-421 before (0 hours) and various time-steps (2, 4, 6, 9 and 24 hours) 
after irrigation commenced, iii) invert ECa using EM4Soil to estimate  in the topsoil, subsurface, upper- 
and lower-subsoil; iv) understand relationship between  and soil properties, v) establish a relationship 
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between  and ; and, vi) map spatio-temporal variation of  with depth. 

Materials and Methods 

Soil moisture sensors installation and soil samples collection 

To measure and monitor  (m3 m-3) soil moisture sensors were installed at 8 sites. These were positioned 
20 m apart. For reference, site 1 was located at the eastern end near the head-ditch and site 8 at the 
western end and closer to the tail-ditch. At each of the 8 sites, which were spaced approximately 20 m 
apart, a large pit was dug with Decagon GS3 (Decagon Devices, Inc., WA, USA) sensors installed at depths 
of 0.15, 0.45, 0.75, and 1.35 m. They approximately represent  in the topsoil (0-0.3 m), subsurface (0.3-
0.6 m), shallow- (0.6-0.9 m) and deep-subsoil (1.2-1.5 m), respectively. The Decagon GS3 sensor 
measures;  (m3 m-3), temperature (oC) and bulk electrical conductivity (b - mS m-1). The GS3 sensors 
were connected to a self-contained Decagon Em50 data logger, which was configured to take 
measurements every 5 minutes.   

EM instrumentation and ECa data collection 

To measure soil ECa (mS m-1) we used a DUALEM-421S. The DUALEM-421 (DUALM Inc., Milton, ON, 
Canada) simultaneously measures apparent electrical conductivity (ECa, mS m-1) to six different depths. It 
consists of a transmitting coil (Tx) that operates at 9.0 kHz and three pairs of receiver coils (Rx). The Tx 
and one Rx pair have horizontal windings which form a horizontal coplanar array (HCP). The distance 
between the Tx to the coplanar Rx are 1, 2, and 4 m. The notation 1mHcon, 2mHcon, and 4mHcon 
represent ECa and correspond to measurements of approximately 0 – 1.5, 0 – 3.0, and 0 – 6.0 m, 
respectively. 

Results and Discussion 

Summary statistics of raw ECa and 

Table 1 shows summary statistics of measured ECa (mS m-1) from the DUALEM-421S before irrigation. 
The 1mPcon had the smallest mean (82.1 mS m-1). This was followed closely by the 1mHcon (103.6) and 
2mPcon (109.1). The largest mean ECa was measured by the 4mPcon (119.4), followed by the 2mHcon 
(112.8) and then 4mHcon (97.6) data. We also note that the ECa collected at shallower theoretical depths, 
the CV was larger, with 1mPcon the largest (12.5) followed by 1mHcon (10.9). The data was not skewed, 
except the 1mPcon (-1.2).  

 

Table 1 Summary statistics of soil apparent electrical conductivity (ECa, mS m-1) measured by a DUALEM-421S prior to the 
commencement of irrigation (0 hours) in perpendicular (1mPcon, 2mPcon and 4mPcon) and horizontal coplanar (1mHcon, 

2mHcon and 4mHcon). 

Sensor Num. Min Mean Medium Max  Std. 
Dev. 

CV Skewness 

1mPcon 19 50.3 82.1 82.9 104.4  10.2 12.5 -1.2 

          

2mPcon 19 85.6 109.1 108.6 132.5  11 10.1 0.4 

1mHcon 19 83.3 103.6 102 127.2  11.3 10.9 0.6 

4mPcon 19 106.2 119.4 116.6 137.9  8.9 7.5 0.5 

2mHcon 19 98.6 112.8 110 133.6  8.3 7.9 0.8 

4mHcon 19 88.2 97.6 97.9 104.9  5.2 5.3 -0.1 
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Table 2 shows summary statistics of average GS3 measured  (m3 m-3) for all sites at various depths, 
including topsoil (0.15 m), subsurface (0.45), upper- (0.75) and deeper-subsoil (1.35 m) at various times 
before (0 hours) and after (2, 4, 6, 9 and 24 hours) irrigation commenced. Prior to irrigation commencing, 
average topsoil  (0.31 m3 m-3) was smallest. According to Gardiner and Miller (2004), this would be at the 
lower end of field capacity for  (m3 m-3) for heavy-clay (~60 %). Conversely, subsurface (0.49 m3 m-3), 
upper- (0.51 m3 m-3) and deeper-subsoil (0.53 m3 m-3) was larger; akin to upper end of field capacity (0.42 
m3 m-3) for heavy-clay (Gardiner and Miller, 2004).  
 

Table 2 Summary statistics of average measured soil volumetric water content (, m3 m-3) for all eight measurement 
locations at various depths, including topsoil (0.15 m), subsurface (0.45 m), upper subsoil (0.75 m) and deeper subsoil 

(1.35 m) and at various times before (0 hours) and after (2, 4, 6, 9 and 24 hours) irrigation commenced. 

 

m3 m-3) Depth (m) 

hrs 0.15 0.45 0.75 1.35 

0 0.31 0.49 0.51 0.53 

2 0.34 0.49 0.51 0.53 

4 0.36 0.50 0.51 0.53 

6 0.41 0.50 0.52 0.53 

9 0.49 0.51 0.52 0.53 

24 0.44 0.51 0.52 0.53 

ANN modelling of  using , Easting and depth 

Fig. 1 shows measured versus predicted , generated using the ANN model at various times before and 
after irrigation at various depths. The model was accurate, given large Lin's concordance correlation 
coefficient (0.84) and precise (RMSE = 0.04 m3 m-3). For the most part, when measured  was large (>0.5 
m3 m-3), predicted  was also large (>0.5 m3 m-3). This was the case in the deeper- (1.35 m) and upper-
subsoil (0.75 m). The same was true for measured (>0.45 m3 m-3) and predicted (>0.45 m3 m-3)  in the 
subsurface (i.e. 0.45 m). These results were attributable to  being near saturation, prior to commencement 
of irrigation and because there was little change in subsoil . 

 

Fig. 1 Plot of measured soil  (m3 m-3)  versus predicted soil θ (m3 m-3) generated using the Artificial Neural Network (ANN) 
empirical model.  
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Spatio-temporal distribution of predicted soil  along the study transect 

Fig. 2 shows the spatial distribution of predicted  using the ANN calibration and applied to the inverted 
DUALEM-421 ECa data collected at the 19 measurement sites and at the various time-steps. Fig. 2a shows 
predicted  before irrigation commenced (0 hour). Prior to irrigation,  was near saturation (>0.45 m3 m-3) 
below the topsoil (0 – 0.15 m) and subsurface (0.15 – 0.30 m). In the topsoil,  was drier at the tail-ditch 
end (750650) as compared to the head-ditch (750875). Predicted  was equivalent to measured . 

Fig. 2b shows predicted  two hours after irrigation commenced. It was apparent that the site of the 
predicted wetting front can be discerned, where the topsoil increases toward saturation (0.4 – 0.45 m3 m-

3). It has approximately advanced 75 m down the transect (750800) and was predicted to be at site 2, given 
soil was saturated (>0.45 m3 m-3). 

Fig. 2d shows  six hours after irrigation commenced. It was apparent that the predicted location of the 
wetting front had approximately advanced 125 m (750750) and was near site 4. This location was equivalent 
to where the measured  was at or near field capacity (>0.45 m3 m-3). From here the measured and 
predicted  were in close alignment, although it was apparent that predicted  was being slightly under-
predicted with the wetting front lagging. 

Fig. 2e shows  nine hours after irrigation commenced. It appears that predicted wetting front does not 
reach the end of the field but advanced to a maximum of 200 m (750600). Irrigation ceased at this point in 
time. Fig. 2f shows predicted  twenty-four hours after irrigation commenced. The predicted  in the topsoil 
and at the head-ditch was now draining and the soil was no longer saturated; perhaps approaching the 
drained upper limit or field capacity. This was not reflected, however, in measured . It was not immediately 
clear why there was such a disparity. 

 

Fig. 2 Distribution of predicted soil volumetric water content (, m3 m-3) using ANN model developed between estimated  
(mS m-1) and measured  (m3 m-3) using Decagon GS3 sensors along the transect; including; a) prior to commencement of 
irrigation (0 hours) and various times post-commencement and b) 2, c) 4, d) 6, e) 9 and f) 24 hours. Note: Irrigation ceased 

after 9 hours. 
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Conclusions 

The collection of DUALEM-421 ECa data and its inversion to produce estimates of true electrical 
conductivity ( – mS m-1) provides useful information, which can be calibrated against  (m3 m-3) across a 
furrow-irrigated cotton field. The calibration provided reasonable predictions of  The results could be 
understood in terms of monitoring the spatial distribution of  during wetting-up phase of irrigation. In terms 
of irrigation management, this approach has potential benefits, which include ability to monitor water using 
time-lapse methods for; (i) improved timing of irrigation, (ii) evaluation of irrigation efficiency, and (iii) 
optimize water use efficiency by maintaining leaching of salts at a level matching leaching requirement.  

References 
Dai A. (2013). Increasing drought under global warming in observations and models. Nature Climate Change, 3, 52–58. 

Triantafilis J., Huckel A., & Odeh I. (2003). Field-scale assessment of deep drainage risk. Irrigation Science, 21(4), 183–
192. 

Triantafilis J., Ward W.T., & McBratney A.B. (2001). Land suitability assessment in the lower Namoi valley of Australia, 
using a continuous model. Australian Journal of Soil Research, 39, 273–290. 

Woodforth A., Triantafilis J., Cupitt J., Malik R.S., Subasinghe R., Ahmed M.F., Huckel A.I., & Geering H. (2012). 
Mapping estimated deep drainage in the lower Namoi Valley using a chloride mass balance model and EM34 data. 
Geophysics, 77:245-256. 

  



104 
 

  



105 
 

Apparent Soil Electrical Conductivity as a Guidance for Canopy Management in 
Vineyards 

Henrique Oldoni1, Bruno R. S. Costa1, Ladislau M. Rabello2, Luís H. Bassoi2 

1Department of Rural Engineering, College of Agricultural Sciences, São Paulo State University, 
Botucatu, São Paulo, Brazil 

2Embrapa Instrumentation, São Carlos, São Paulo, Brazil 

Abstract 

Data acquisition performed in a fast and less labor intensive way in order to gathering large enough sample 
sizes to characterize the spatial variability within agricultural fields has been evaluated. The apparent soil 
electrical conductivity (ECa) is frequently measured to this purpose, although the challenges inherent in its 
assessment, especially in perennial crops. ECa is well associated with physical and chemical soil attributes, 
which also affect plant growth and development. Therefore, the aim of this study was to evaluate the 
appropriateness of homogeneous zones delimitation based upon ECa data, obtained by an adaptable 
acquisition device, in order to differentiate vegetative vigor and yield of grapevines. The study took place in 
a commercial vineyard located at Espírito Santo do Pinhal, state of São Paulo, Brazil. The ‘Chardonnay’ 
grapevines were grafted on Paulsen 1103 rootstock, planted in 2.5 x 1.0 m spacing and trellised in vertical 
shoot position and irrigated by a drip system. Soil texture was classified as clayey (47% of sand, 15% of 
silt, 38% of clay in the 0-0.2 layer, and 43% of sand, 15% of silt, and 42% of clay in the 0.2-0.4 layer). 
Georreferenced measurements of ECa in the upper 0.4 m soil layer were performed in a 5 x 3 m grid and 
close to the plant row. A handheld equipment based on the soil electrical resistivity was developed by 
Embrapa Instrumentation and it was used for ECa measurements. Geostatistical tools were used to 
characterize the spatial variability and interpolation of ECa data. Maps were generated with two and three 
homogeneous zones of ECa which were delimited by Jenks optimization. One-way analysis of variance 
was applied to verify the significative difference among plant attributes (number of cluster per plant - NC, 
total cluster weight per plant - TCW, average cluster weight - ACW, and fresh pruning weight – FPW) 
determined in randomly selected grapevines in each ECa zones. TCW (yield), ACW, and FPW increased 
with the increasing of ECa when three and two ECa zones were considered. Results indicate that ECa 
homogeneous zones can be used as a guidance to confirm plant variability over the vineyard area. 

Introduction 

The search for improvement in wine grape production is an important issue for winemakers. Currently, 
precision viticulture (PV) is being adopted with the purpose to achieve this goal (Ozdemir et al., 2017). PV 
procedures allow the knowledge of the spatial variability within the vineyards and based on it growers can 
adopt different viticultural practices to improve the grape quality and production (Bramley et al., 2011; 
Tardaguila et al, 2011). The spatial variability of the vineyards has been evaluated through several 
parameters such as soil physical and chemical attributes, altitude, slope, vine vigor parameters, grape 
quality and productivity, canopy reflectance and apparent soil electrical conductivity (ECa) (Tardaguila et 
al, 2011, Rossi et al., 2013, Bonre et al., 2015, Urretavizcaya et al., 2017). Each one of these parameters 
has its own particularities based on method used, time consuming and cost involved in data acquisition. 

Technologies used on sensing of agricultural crops allow the acquisition of a large data size in a fast way 
with low labor requirement. These have been applied many times and successfully on characterizing the 
spatial variability of soil and crop parameters in agricultural fields. Among these technologies, the 
acquisition of apparent soil electrical conductivity (ECa) stands out, since this attribute correlates with 
several physical and chemical soil attributes which acquisitions are more laborious and time-consuming 
(Corwin and Lesch, 2005; Molin and Castro, 2008). Therefore, ECa may be useful for describing soil 
variability in vineyards (Bramley et al., 2011) and, consequently, grape parameters such as vegetative vigor, 
yield and grape composition, which depend directly on the variability of several soil attributes (Tardaguila 
et al, 2011). 

Several authors have reported about the ECa measurements to characterizing vineyards (Morari et al., 
2009; Bramley et al., 2011; Rossi et al., 2013; Urretavizcaya et al., 2017). In Brazilian viticulture, the 
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usefulness of a handheld device developed by Rabello et al. (2011) for ECa measurement in small cropping 
areas (Nascimento et al., 2014; Oldoni et al., 2018) is being reported. Thus, the aim of this work was to 
evaluate the suitability of homogeneous zones delimitation from ECa data, acquired by the mentioned 
device, for the differentiation of vegetative vigor and yield of drip irrigated grapevines cultivated in a 
commercial vineyard. 

Material and Methods 

Study Field Characterization 

This work was carried out at Espírito Santo do Pinhal, state of São Paulo, Brazil (22º 10' 49.1" S; 46º 44' 
28.4" W, 875 m) A vineyard of cv. Chardonnay grafted on Palusen 1103 rootstock was established in 2008 
in a 2.5 x 1.0 m row and plant spacing, respectively. A double-pruning practice (Favero et al., 2011) was 
employed in the vineyards, which implies in two pruning times within a year, one for plant formation and 
another for plant production and grape harvesting in the autumn / winter seasons. Vineyard area was 
divided in two parts, field 1 and field 2. The unilateral Cordon Royat training system and vertical shoot 
positioned trellis were used. Plants were irrigated by a drip system with emitters in a single line and spaced 
in 0.5 m (two emitters per plant). Water application was performed based on crop evapotranspitarion. Data 
were acquired during growing season from January 4th (pruning) to May 16th (harvesting), during the 
summer and autumn. Soil texture was classified as clayey (47% of sand, 15% of silt, 38% of clay in the 0-
0.2 m layer, and 43% of sand, 15% of silt, and 42% of clay in the 0.2-0.4 m layer). 

ECa data acqusition 

ECa measurements were collected on February 9th in the upper 0.4 m soil layer using a handheld device 
developed by Rabello et al. (2011) at Embrapa Instrumentation, Brazil (Fig. 1). The device was coupled to 
a real-time kinematic global positioning system (RTK-GPS; HiPer® GGD, TOPCON, Pleasanton, CA, EUA) 
(Fig. 1a). Measurements were performed in the wetted portion of the soil surface along the plant row and 
at every three grapevines. A total of 357 and 281 points were measured in filed 1 and 2, respectively (Fig. 
2).  

 
Fig. 1. Measurement of ECa by a handheld device along the plant row (a), data acquisition unit (b) and stainless stell rods 

in contact with the soil surface to apply an electrical current and to measure voltage (c). Photos: L. H. Bassoi 
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Fig. 2. Points of ECA measurement inside the fields 1 and 2 in the ‘Chardonnay’ vineyard. Source: Adapted from Google 

Earth. 

 

Delimitation of ECa homogeneous zones 

ECa data were submitted to descriptive statistics analysis by means of the calculation of mean, median, 
minimum and maximum values, dispersion (standard deviation and coefficient of variation – CV) and 
skewness and kurtosis coefficients for characterization of the data set and classification of the dispersion 
around the mean according to Wilding (1985) (low variation for CV ≤ 15%, moderate for 15 <CV ≤ 35% and 
high for CV> 35%). 

After that, geostatistical analysis was applied to the ECa data to characterize and quantify the its spatial 
variability structure and to interpolating data according the following steps: determination of experimental 
isotropic semivariograms using the Matheron estimator (Journel and Huijbregts, 1978); setting of theoretical 
semivariogram models (exponential, spherical and gaussian); cross-validation analysis and determination 
of root mean square error (RMSE) to choose the best model; acquisition of parameters of the best model 
(nugget effect, sill, range of spatial dependence); classification of the spatial dependence of the data by 
degree of spatial dependence (DSD) according to Cambardella et al. (1994), strong for DSD ≤ 25%, 
moderate for 25 <DSD ≤ 75% and weak for DSD> 75%; and interpolation of data by ordinary kriging 
(Webster and Oliver, 2007). 

ECa interpolated data of each field were classified in two (low and high) and three homogeneous zones 
(low, moderate and high) using Jenks optimization method which minimize the difference within the classes 
and maximize the difference among classes (Fraile et al., 2016). 

Descriptive analysis, cross-validation and Jenks optimization method were performed using R software 
3.3.3 (R Core Team, 2017). Geostatistical analysis and data interpolation were obtained using software 
Vesper 1.62 (Minasny et al., 2005). Maps were constructed using QGIS 2.14 (QGIS Development Team, 
2015). 

Grapevine data acquisition of plant data 

Twenty plants were randomly selected in all ECa homogenous zones at harvest (May 16, 2017, 132 days 
after pruning) to determine the number of cluster (NC) and total cluster weight (TCW, kg plant-1) per plant. 
Average cluster weight (ACW, g cluster-1) was obtained from the ratio between TCW and NC. Another 12 
plants were randomly selected on the pruning day of the following season (July 19, 2017) to determine the 
fresh pruning weight (FPW, kg plant-1) per plant to represent the vine vegetative vigor. In both cases plants 
were selected in such way to make measurements at least in three plants per ECa homogeneous zone. 
Clusters and shoots were weighted in a digital weighing scale with accuracy of 0.1 g.  
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Validation of ECa delineated zones 

The usefulness of ECa homogeneous zones for characterizing the vegetative vigor and yield of grapevines 
was submitted to the one–way ANOVA at 1, 5, and 10% level of significance. NC, ACW, TCW, and FPW 
were of each homogenous zone were compared using HSD Tukey test until 10% level of significance. 
ANOVA and Tukey test were performed using R 3.3.3 software (R Core Team, 2017). 

Results and Discussion 

A moderate variability was observed in the ECa data (15 < CV ≤ 35%) in both fields (Table 1). The skewness 
and kurtosis values indicated a close distribution to the normality, as well as the mean and median values 
were very close to each other (difference of 0.2 and 0.1 in fields 1 and 2, respectively). 

Table 1. Descriptive statistics analysis of ECa (mS m-1) in fields 1 and 2 in the ‘Chardonnay’ vineyard. 

Field Mean Median Minimum Maximum s(a) CV(b) (%) Skewness Kurtosis 

1 11.7 11.9 1.8 23.5 3.8 32.3 0.02 0.02 

2 12.7 12.6 5.0 22.3 3.2 25.0 0.30 0.20 
a s: standard deviation; b CV: coefficient of variation. 

In both fields, the exponential model for the ECa theoretical semivariograms presented the best adjustment 
according to the lower RMSE of the cross-validation (Table 2). The range of spatial dependence indicated 
a higher variability in field 2 (range of 14.03 m) in comparison with field 1 (range of 39.84 m) which means 
homogeneous zones with lower continuity in field 2. Spatial dependence of ECa data (DSD < 25%) was 
classified as strong in both fields and then the data interpolation by ordinary kriging was of high reliability. 
Maps (Fig. 3) show the spatial variability and ECa homogeneous zones delimited ECa in fields 1 and 2. 
The greater heterogeneity of spatial distribution in field 2, earlier indicated by the range values, was easily 
observed by the maps. 

Table 2. Theoretical semivariogram models and their respective adjustment parameters, degree of spatial dependence 
(DSD) and result of the cross-validation procedure to the apparent soil electrical conductivity (ECa, mS m-1) in fields 1 and 

2 in the ‘Chardonnay’ vineyard. 

Field Model Nugget effect Sill Range (m) DSD (%) RMSE(a) 

1 Exponential 2.05 15.99 39.84 12.80 2.33 

2 Exponential 1.92 8.00 14.03 23.96 2.53 
a Root mean square error of the cross-validation. 
 

 
Fig. 3. Maps of spatial distribution of apparent soil electrical conductivity (ECa, mS m-1) in the upper 0.4 m soil layer (a) and 
maps with two (b) and three (c) homogeneous zones of ECa delimited in fields 1 and 2 in the ‘Chardonnay’ vineyard. Black 
circles and white triangles indicate the plants where data of production and vegetative vigor were measured, respectively. 

Homogeneous zones of ECa were useful to distinguish the attributes ACW, TCW, and FPW of grapevines, 
but not for NC, in both fields. This last attribute presented difference in field 2 only when it was divided in 
three zones (p<0.05, Table 3). High ECa zones presented higher plant attributes of production and 
vegetative vigor with 10% level of significance by Tukey test. This result should be associated with the 
relationship among ECa and soil attributes as clay fraction, cation exchange capacity and organic matter 
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content (Corwin and Lesch, 2005; Molin and Castro, 2008) which are important to the grapevine 
development and its yield (Tardaguila et al., 2011). Bramley et al. (2011) observed high correlation between 
ECa and vegetative vigor of grapevine (expressed by the trunk circumference) but not for the yield. On the 
other hand, Rossi et al. (2013) found that both vegetative vigor and yield showed a spatial pattern which 
was inversely proportional to the soil electrical resistivity (1/ECa), i.e., directly proportional to ECa, as it was 
presented in this paper. 

Table 3. Number of clusters (NC), average cluster weight (ACW) and total cluster weight (TCW) per plant, and fresh pruning 
weight (FPW) in two and three homogeneous zones of apparent soil electrical conductivity (ECa, mS m-1) in fields 1 and 2 

in the ‘Chardonnay’ vineyard. 

Zone 
Field 1  Field 2 

NC 
ACW 

(g cluster-1) 
TCW 

(kg plant-1) 
FPW 

(kg plant-1) 
 NC 

ACW 
(g cluster-1) 

TCW 
(kg plant-1) 

FPW 
(kg plant-1) 

Low 11 a(b) 66.3 b 0.74 b 0.269 b  11 a 78.1 b 0.88 b 0.36 b 

High 13 a 83.8 a 1.08 a 0.432 a  15 a 92.1 a 1.39 a 0.45 a 

p(a) 0.482 0.007** 0.078ǂ 0.026*  0.165 0.055ǂ 0.067ǂ 0.099ǂ 

Low 10 a 67.3 b 0.70 b 0.264 b  11 b 79.7 a 0.86 b 0.36 ab 

Moderate 12 a 70.8 b 0.84 ab 0.276 b  12 b 87.5 a 1.09 b 0.36 b 

High 14 a 90.8 a 1.26 a 0.497 a  20 a 92.2 a 1.85 a 0.49 a 

p 0.315 0.002** 0.032* 0.001**  0.026* 0.520 0.032* 0.055ǂ 
a significant at level of 10 %(ǂ), 5 % (*), and 1% (**). 
b Mean values followed by different letters are different until the level of 10% by Tukey test. 

The split of the vineyard in three homogeneous zones improved the significance of ANOVA (except for 
ACW in field 2) when compared with two zones (Table 3). However, low and moderate ECa zones keep 
similar median values which indicate that the use of only two zones was suitable to differentiate vine 
attributes. Based on that, maps generated can be used to guarantee more consistent values. Furthermore, 
management of vegetative vigor should be performed based on maps to guide the removal of leaves and 
shoot tips for more uniform berry maturation and composition since plant vigor are related with them (Bonilla 
et al., 2015). Studies in following growing seasons in this same vineyard will be carried on to evaluate the 
temporal stability of the spatial distribution patterns reported in this paper. 

Conclusion 

Homogeneous zones of apparent soil electrical conductivity were suitable for the differentiation of 
vegetative vigor and yield in a drip irrigated ‘Chardonnay’ vineyard located in Southeast Brazil. The split of 
vineyard area in only two zones was enough to observe the difference among the plant attributes. Further 
evaluations should be performed to better understanding of the relationship among soil and plant attributes, 
including soil water content factor, for the improvement of precision viticulture. 
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Abstract 

Elemental analysis techniques, such as X-ray fluorescence (XRF), are compatible with direct analysis of 
soils, allowing to collect digital data in a practical way and without the generation of chemical waste. 
Assessing the analytical performance of these techniques in function of different strategies of samples 
preparation is fundamental for the development of applications, including determinations of soil fertility 
attributes. In this work, a procedure for the soil pellets preparation was evaluated, with and without binding 
agents. Cellulose binder was evaluated in the proportion of 10 and 15% w w-1, with grinding and 
homogenization times from 10, 15 and 20 min in planetary ball mill. The analytical performance of portable 
ED-XRF system was evaluated aiming at the direct and simultaneous determination of exchangeable (ex) 
P, K, and Ca in 15 soil samples from an agricultural field (0-0.2 m depth). XRF experiments were performed 
with soil samples in the form of pressed pellets as well as with sample in the form of loose powder. The 
best results related to the optimization of sample presentation were observed for pressed pellets prepared 
from soil mixed with cellulose binder at 10% w w-1 and ground for 20 min. XRF analysis of pressed pellets 
allowed a slight gain in performance over loose powder samples for the prediction of ex K and ex Ca. The 
prediction models calibrated with local samples showed promising results and encourage more detailed 
investigations for the application of XRF technique in tropical soil samples in order to determine soil fertility 
attributes, working as a complementary method to traditional laboratory analyses. 

Introduction 

Brazil is the fourth largest consumer of fertilizers in the world (FAO 2017) due to predominance of acidic 
and with low fertility tropical soils. Thus, the diagnosis of soil fertility is an important information for the 
correct management of fertilizers and limestone in crops. It is estimated that about 400,000 soil testing per 
year are carried out by Brazilian laboratories of fertility analyses (Demattê et al. 2019), with an expectation 
of increase, due to the expansion of agricultural areas, as well as the adoption of soil mapping techniques 
for Precision Agriculture (PA) practices, which demand high spatial and temporal density of information 
(Viscarra Rossel and Bouma 2016). In addition, as commented by Demattê et al. (2019), traditional soil 
analyses face other challenges related to the time required for performing the laboratory analyses (about 3 
to 15 days) and the hazardous reagents still used in these tests (e.g. dichromate and sulfuric acid).  

The establishment of a robust methodology for the direct analysis of soils using sensing techniques, 
allowing rural producers and laboratories to increase the amount of analysis in a practical and clean way, 
without relying exclusively on traditional fertility tests, is a current need in Brazil and a great multidisciplinary 
challenge for the researchers involved. In front of this need, discussions have recently begun between 
academics (Demattê et al. 2019) and companies for the development of hybrid laboratories. The term hybrid 
refers to labs, where a small part of the samples is analyzed by the traditional method and most of them 
being predicted by sensing technologies. Hybrid laboratories are compatible with controlled-environment 
and on-field analyses (e.g. using a mobile soil-testing lab (Pandey et al. 2018)). This is an interesting 
strategy, which should boost Brazilian research in the coming years to seek the best set of sensors 
compatible with direct analysis of soils, as well as the best strategy of calibration of predictive models. 

X-ray fluorescence (XRF) is a spectroanalytical technique compatible with direct soil analysis, which can 
be applied with a minimal or without sample preparation (Gredilla et al. 2016). The recent technological 
advance of optical and electronic components allowed the development and miniaturization of this 
technology, and become attractive for use in hybrid laboratories and in situ analysis. Despite the potential 
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of XRF for Proximal Soil Sensing (PSS) approaches have already been pointed out in previous years 
(Gebbers and Schirrmann 2015), this technique have been very poorly explored for assessments of 
physical and chemical attributes of tropical soils, mainly under the context of PSS and PA. 

At this moment, the challenge is to harness the existing knowledge of each sensor to adapt it to move 
towards its utilization as a management tool, promoting information on soil fertility. One of the key points is 
to know the tradeoff between analytical performance and sample preparation, in order to reduce or eliminate 
these procedures based on the analytical potential of the sensor for each sample condition. Such 
knowledge is important for the development of PSS applications using this tool. 

In this work, optimization procedures involving planetary ball milling and the use of binding agents were 
evaluated for soils samples before pellets preparation, as well as a comparison of the analytical 
performance of an XRF sensor in pellets and loose powder samples for the prediction of soil fertility 
attributes. 

Material and Methods 

The samples with particle size less than 2 mm were initially dried at 105 °C during 24 h and thereafter 
ground in a planetary ball mill (Retsch model PM 200 mill, Germany) by using two grinding tungsten carbide 
jars (50 mL; Retsch, Germany) with 10 tungsten carbide balls (10 mm diameter). Grinding was performed 
at 400 rpm, during 5 min clockwise/5 min counter clockwise with 10-s stop before changing the rotation 
direction. Grinding times from 10, 15, and 20 min were tested. 

Preliminary experiments were carried out by just pressing the laboratory samples without binder. It was 
observed that for the sandier sample (clay content of 175 g dm-3) the resulting pellets were friable, and 
crumbling easily (Figure 1A). Therefore, the binder addition was decisive for improving the quality of the 
pellets. In this case, binding agents, such as a microcrystalline cellulose powder (Sigma-Aldrich, Merck, 
Darmstadt, Alemanha), and cellulose (SPEX 3642 Cellulose Binder, Metuchen, NJ, USA) were evaluated in 
the proportion of 10 and 15% w w-1, with homogenization times from 10, 15 and 20 min. 

The grinding and homogenized samples were pelletized in a hydraulic press (SPEX 3624B X-Press) by 
transferring 0.8 g of the powdered material to a stainless steel set and applying 8.0 t cm-2 for 3 min. Cylindrical 
pellets were approximately 15 mm diameter and 2 mm thick, with mass per unit area of 1.77 g cm-2. The 
pellets produced were evaluated by visual inspection and the best characteristics (e.g. homogeneous aspect 
and appropriate mechanical strength) was obtained with pellets prepared with 10% w w-1 of both celluloses 
and ground for 20 min. Further experiments were performed with 10% w w-1 cellulose binder (Sigma-Aldrich, 
Merck, Darmstadt, Alemanha) and 20 min of ground in a planetary ball mill.  

A set of 15 soil samples were selected for the comparison of their exchangeable nutrients contents with the 
X-ray fluorescence produced by the pellet and loose powder samples. A new subsample of approximately 
30 g of these samples was sent to fertility soil testing and their exchangeable (ex) contents of P, K, Ca and 
Mg were determined via ion exchange resin extraction. The pseudo total content (ptc) of P, K, Ca, Mg were 
also analyzed following the USEPA Method 3051A (USEPA 1998). This methodology involves the chemical 
dissolution of pulverized soil sample using HNO3 and HCl; and the multielement quantification is made by 
inductively-coupled plasma optical emission spectrometry (ICP - OES). Despite it is not a total digestion 
method, it has presented proportional recoveries to the most aggressive methods for the elements presents 
in tropical soils (Nogueirol et al 2013) and, in addition, it is a method that requires less time of digestion, 
less consumption of acids and lower risks of environmental contamination (Silva et al 2014). 

The measurements were carried out by using a portable X-ray fluorescence spectrometer (portable 
EDXRF), Tracer III – SD model (Bruker AXS, Madison, USA), equipped with a 4 W Rh X-ray tube and 10 
mm2 of active area, X-Flash® Peltier-cooled Silicon Drift detector (SDD), operated at 23 μA and 15 kV and 
and emission intensities were measured for 30 s.The voltage configuration was chosen based on the interest 
in low atomic number elements and, the current, in order to the detector deadtime did not exceed 15% to 
avoid spectral distortions and artifacts. About 10 g of loose soil (dry and with particle size <2 mm) were packed 
into a polyethylene cup of 31 mm internal diameter and were covered with 4-μm-thick polypropylene thin-film.  

All data were acquired using the software Bruker S1PXRF®. The data were obtained through the 
deconvolution process using the Artax®. The Kα emission characteristics lines of the elements P, K, Ca and 
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Mg were evaluated through the signal-to-noise ratio, determined by dividing the characteristic X-ray net 
intensities by the background square root (Ernst et al. 2014). The intensity of Kα emission lines of P, K Ca 
and Mg were compared with the exchangeable contents of these nutrients for the loose soil and pellets. 
The descriptive statistics of soil fertility and the correlation between pseudo total and exchangeable 
contents were also presented. 

Results and Discussion 

In general, the sample presentation in form of pellets guarantees a gain of precision in the measurements 
performed with the XRF in relation to loose powder samples (Krug and Rocha 2016). In addition to the 
reduction of the particle size made before pressing the material, which consequently promotes 
homogenization of the sample, the pelletizing allows to reduce surface roughness effects, and increases 
the density of the material. Reducing sample roughness means reducing the physical matrix effect, which 
would attenuate part of the fluorescence produced by the analytes; and increasing the density of samples 
also allows increase the emission lines intensity of the characteristic X-rays (Shibata et al., 2009). These 
effects are mainly observed for light elements (e.g. Mg, Al, Si, P) (Takahashi 2015). 

Optimization of soil pelletizing 

Sandy soils with a higher silicates are more likely to not form pellets without the use of binder. In this work, 
for the palletizing of samples with clay content of 175 g dm-3 the addition of binder was decisive for improving 
the quality of the pellets. All experiments were performed with 10% w w−1 of microcrystalline cellulose binder 
that present characteristics closer to the analytical blank, i.e. lower analytes mass fractions of elements 
evaluated in the soil fertility (e.g. P, K, Ca, Mg, Si, Al, Fe). 

Increasing the grinding time, as well as the binder concentration, improves the cohesion between the 
particles of the pellet. In contrast, higher concentrations of binder make it difficult to homogenize it, even as 
requires a greater amount of this reagent. In general, pellets produced after 10 and 15 min of grinding were 
brittle, except for pellets containing 15% w w-1 of binder (Figure 2) which, in turn, were less homogeneous 
with white spots on their surface. The best cohesion between particles was obtained with 20 min of grinding. 
For this milling time, the pellet with 15% w w-1 of binder was slightly less heterogeneous than the pellet with 
10% w w-1. In relation to the brand, microcrystalline cellulose powder (Sigma-Aldrich, Merck, Darmstadt, 
Alemanha) presented more cohesive pellets. The best results were observed for pressed pellets prepared 
from soil mixed with cellulose binder at 10% w w-1 and ground for 20 min.  

 
Figure 1. Pellets of sand samples (A) without the binder addition and (B) with different grinding times, cellulose concentrations 

and brands. 
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Effect of sample preparation on quantitative analysis for fertility attributes prediction 

Soil samples were characterized by clayey texture, low variability of clay content (between 345 and 511 g 
dm-3) and high variability of exchangeable nutrients. According to the local classification for fertility 
interpretation (Van Raij et al. 2001), the contents of ex P oscillate between low and medium levels; and the 
contents of ex K, ex Ca and ex Mg, between medium and very high levels. These samples are also 
characterized by a significant correlation between available and pseudo total contents for all its nutrients. 
The descriptive summary of these analyses is presented by Table 1.  

Table 1. Descriptive statistics of exchangeable and pseudo total nutrients and its correlation for the respective nutrients. 

Exchangeable nutrients  Pseudo total nutrients 
 ex P ex K ex Ca ex Mg  ptc P ptc K ptc Ca ptc Mg 
 mg dm-3 ------- mmolc dm-3 -------  ------------------ mg kg-1 ------------------ 

Min 13 1.7 28 11  425.53 159.83 539.90 560.48 

Mean 22 4.47 50.53 26.87  499.09 313.94 750.53 664.50 

Max 39 8.1 78 54  589.52 460.49 1112.44 789.65 

SD 7.16 1.9 15.95 13.74  55.59 98.61 166.96 74.47 

CV (%) 32.55 42.41 31.55 51.15  11.14 31.41 22.25 11.21 

Correlation with pseudo total 0.79** 0.67** 0.83** 0.52**      

* Significant correlation at the probability level of 0.05; ** Significant correlation at the probability level of 0.01. 

The qualitative evaluation of the XRF spectra for soil pellet and in the form of loose powder allowed to 
identify the presence of emission lines for K and Ca, but no fluorescence emission was detected for Mg 
and P. Since they are light elements that produce fluorescence emission at low energy levels (between 1.2 
and 2.0 KeV), the concentration of the total content of these elements in the samples was not sufficient to 
produce fluorescence detectable by the equipment. So, even if there is a correlation between their pseudo 
total and available contents, direct calibrations for ex P and ex Mg (made with their own emission lines) will 
not be possible using the XRF spectra. However, this does not preclude the attempt of indirect calibrations, 
using other information present in the spectrum. 

The samples pelletizing did not present significant differences (at the probability level of 0.01) in the intensity 
of the Kα emission lines of K and Ca (Figure 2A and B, respectively), neither in their signal-to-noise ratio 
(Figure 2C and D). Although there was no significant effect on these variables, there was a slight reduction 
of precision in the calibration of ex K and ex Ca in samples of loose soil (Figure 3A and B, respectively), 
marked by a slight increase in error and reduction in R². The increase of precision in the prediction models 
performed in pellets indicates the better homogeneity of these samples, which is promoted by the reduction 
of particle size in the milling process (Suryanarayana 2001). Higher fluorescence yield and an increase in 
the signal-to-noise ratio were expected for the emission lines of the pelletized samples, due to the increase 
of their density and reduction of the physical matrix effect (Takahashi 2015), which was not observed for 
the analyses of this work. 

 
Fig. 2. Box plot of the Kα emission lines intensity of K and Ca (A and B, respectively); Box plot of the signal-to-noise ratio 

of Kα emission lines of K and Ca (C and D, respectively). 
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Fig. 3. Calibration curves using the Kα emission lines of K (A) and Ca (B) for the pellets and loose soil. 

According to the RPD interpretations proposed by Chang et al. (2001), the prediction models for ex K and 
ex Ca calibrated with the 15 local samples presented excellent performance for the pellet samples; and 
good and excellent performance for ex K and ex Ca, respectively, for loose soil samples. The results 
obtained by this work are promising and encourage more detailed investigations for the application of the 
XRF technique in samples of loose soil. The possibility of direct soil analysis with XRF analysis with 
satisfactory predictions of ex K and ex Ca for local models is an alternative to increase the efficiency of 
analytical procedures, allowing to increase the amount of analysis without the need of wet chemistry. In 
addition, soil samples dried and with a particle size smaller than 2 mm are compatible with evaluations 
using Vis-NIR diffuse reflectance. These sensors have great potential for obtaining information about 
texture, organic and mineralogical components; which can complement in a synergistic way the XRF 
information for a more complete characterization of the attributes of soil fertility (O'Rourke et al., 2016). 

Finally, we highlight that although the pellet preparation procedure is relatively laborious, taking about 18 
min to make each pellet, even as need specific equipment such as mill, press and scale; this sample 
preparation has the advantage of not requiring any chemical processes, as well as enables the use of the 
LIBS technique. Evaluations with the LIBS, XRF and Vis-NIR sensors may be a promising arrangement for 
the instrumentation of hybrid laboratories. 

Conclusions 

The best results of the optimization of soil pelletizing were observed for pressed pellets prepared from soil 
mixed with cellulose binder at 10% w w-1 and ground for 20 min.  

It was not possible to detect X-ray fluorescence of P and Mg in samples soils. Pressed pellets allowed a 
slight gain in performance over loose powder samples for the prediction of ex K and ex Ca. 

The prediction models of ex K and ex Ca calibrated with local samples presented promising results and 
should encourage more detailed investigations for the application of the XRF technique in agricultural soil 
samples for determination of soil fertility attributes, working as a complementary method to traditional 
laboratory analyses. 
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Abstract 

Mid-infrared (MIR) spectroscopy is a noninvasive method for soil property analysis. The MIR provides an 
opportunity for increasing the density of measured points that are needed to improve the accuracy of 
predicting soils and soil properties. MIR spectroscopy can also provide more accurate and faster data 
analysis than typical field office laboratory procedures. However, expanding the use of the MIR as a routine 
analysis would require an evaluation of this technology under field office conditions. The study was 
conducted in the Salina Soil Survey Office (SSO) in Kansas, United States. Soil samples from the study 
area (Kansas and Nebraska) were analyzed for selected soil properties at the Kellogg Soil Survey 
Laboratory (KSSL) using standard methods. MIR scans were also performed on the same soil samples at 
the KSSL using a Vertex-70 FTIR (Vertex) spectrometer (Bruker Optics Inc., Billerica, MA) and in the SSO 
in Salina using an Alpha FTIR (Alpha) spectrometer (Bruker Optics Inc., Billerica, MA). The values from the 
KSSL based on standard methods and Vertex spectrometer (Bruker Optics Inc., Billerica, MA) were used 
for model development. The models were used to determine the soil properties using scans from the Alpha 
in the SSO. A suite of soil properties that included clay content, organic carbon, total carbon, the presence 
of carbonates (effervescence), calcium carbonate equivalent (CCE), cation exchange capacity (CEC), pH, 
and 15 bar water were evaluated. These predicted soil properties can assist in the correlation of soil series 
for updating soil mapping and interpretations by providing relatively quick data over a large geographic 
area. Though the MIR use and expansion under field laboratory conditions needs further improvement, its 
error predictions in certain cases, like for determining particle size class (PSC), are comparable with 
standard laboratory analyses (i.e. hydrometer method). The improvement of current models and creation 
of new ones continues for narrowing the gap between predicted values in the SSOs and measured values 
in the KSSL. The objective of this study was to evaluate the transfer of the MIR spectroscopy from laboratory 
to field office conditions. 
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Abstract 

The aim of this study was to predict the content of clay, silt and sand in subtropical soils, using the VIS-
NIR-SWIR and MIR regions individually and together. The study was conducted in Brazil, within an area of 
325 hectares where soil varies from very clayey to sandy texture. A total of 197 samples were collected at 
depths of 0-20cm, 20-40cm and 40-60cm. Soil texture was determined in the laboratory by the pipette 
method. The reflectance data in the VIS-NIR-SWIR (350-2500 nm) region were obtained by FieldSpec Pro 
(Analytical Spectral Devices, Bouder, Colorado). The reflectance data in the MIR (2.500-25.000 nm) region 
were obtained with an Infrared Fourier Transformer (FT-IR) Alpha spectrometer (Bruker optics Corporation, 
Billerica, MA 01821, USA). The data set was randomly separated in calibration samples (70%) and 
validation samples (30%) to generate calibration models for the texture prediction, using the Cubist 
regression in R software. The coefficient of determination (R²) and root mean square error (RMSE) were 
used to determine the performance of each prediction model. The results showed a good prediction 
performance for sand and clay, however, poor results were obtained for silt, following the same trend 
observed in other studies. For clay content, the R² obtained good values in the validation (> 0.89) with a 
low error in prediction (RMSE of < 5%), considering the VIS-NIR-SWIR, MIR and VIS-NIR-SWIR-MIR 
models. For the sand content, the results were also significant, with R² above 0.81 for validation, with a low 
error. Two models, MIR and the combination of regions VIS-NIR-SWIR-MIR, obtained the best performance 
and accuracy for predicting soil texture. However, the indicated model was given by the MIR spectrometer, 
therefore, it can be used to complement the standard analysis and reach the largest number of analyses in 
shorter time and reduce costs. 

Intruduction 

Soil analysis laboratories use standard methods to determine soil texture, such as hydrometer and pipette, 
which requires a lot of time and high costs. However, there is a need for strategies to simplify determination, 
such as, the development of rapid and more cost-effective methodologies (Peng et al., 2014; Soriano-Disla 
et al., 2014; Zhao et al., 2018), and this can be done with proximal soil sensing, such as Visible Near-
Infrared (VIS-NIR), Short Wave-Infrared (SWIR) and Mid-Infrared (MIR). 

The VIS-NIR-SWIR (VNS) comprises wavelengths between 350 to 2,500 nm and MIR spectroscopy is the 
region from 2,500 to 25,000 nm. The reflectance spectroscopy is very useful to quantify soil properties, due 
to the interaction of light reflected from soils (Demattê; Da Silva Terra, 2014). Several studies are being 
carried out on soil science using RS techniques, such as, estimation of root density (Xu et al., 2017), 
estimation of arsenic content in soils (Shi et al., 2016), soil organic carbon (Cambou et al. 2016; Viscarra 
Rossel et al. 2006), soil total nitrogen (Morellos et al., 2016), moisture content (Wight et al. 2016), organic 
matter (Nanni and Demattê 2006; Zheng et al. 2016), estimation of soil mineralogy (Ramaroson et al. 2017), 
clay content (Tümsavaş et al. 2018), among others. 

Even with several studies on predict of soil properties by reflectance spectroscopy, studies that consider a 
large spectral range using VNS and MIR are few. The aim of this study was to predict the content of silt, 
sand and clay in subtropical soils, using the spectral range of VNS and MIR regions individually and together 
(VNS-M). 
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Material and Methods 

The study was conducted in the city of Pântano Grande, in the state of Rio Grande do Sul, Brazil, within an 
area of 325 hectares. The soil varies from very clayey to sandy texture. A total of 197 samples were 
collected at depths of 0-20, 20-40 and 40-60 cm. The soil samples were air dried, then milled and sieved. 
Fractions smaller than 2 mm were used in the soil texture and VNS analysis. For MIR analysis, the soil 
samples were milled and sieved at 100 mesh. The particle-size fractions of clay, silt, and sand were 
determined using the Pipette method (EMBRAPA, 2011). 

Reflectance data in VNS region were obtained by FieldSpec Pro spectrometer (Analytical Spectral Devices, 
Bouder, Colo.) with spectral resolution interpolated to 1 nm for wavelengths of 350 to 2500 nm (Figure 1). 
Three measurements were obtained for the same sample, rotating the Petri dish by 90° to obtain better 
representativeness of the surface area examined. The final spectrum was represented by the average of 
the three spectra. The reflectance in MIR region (4000-600 cm-1 / 2500- 25000 nm) were obtained by Alpha 
Sample Compartment RT (Bruker Optik GmbH) equipped with a diffuse reflectance acquisition accessory 
(Drift) (Figure 2). The spectra were acquired with resolution of 2 cm-1 and 32 scans per spectrum.  

 

 
Figure 1 - FieldSpec Pro spectrometer – VNS region (350 – 2500 nm) 

 

 
Figure 2 - Alpha Sample Compartment RT – MIR region (4000-600 cm-1 / 2500- 25000 nm) 

 

The data set was randomly separated in calibration (70%) and validation samples (30%) to generate 
calibration models for the silt, sand and clay prediction, using the Cubist algorithm (Cubist package, Kuhn 
and Quinlan, 2018) in R software (R DEVELOPMENT CORE TEAM, 2018). The coefficient of determination 
(R²) and root mean square error (RMSE) were used to determine the performance of each prediction model. 
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Figure 3 – Flow chart of steps required for soil analysis using VNS, MIR and combined VNS-M reflectance spectroscopy 
ranges. 

Results and Discussion 

The clay content ranged from 5 to 70%, with a mean value of 31%, sand between 14 and 86% with a mean 
value of 49%, and silt from 9 to 42% with mean value of 18%. The samples from this study presented high 
variability of particle size distribution. The modeling results showed a good prediction performance for sand 
and clay, however, inferior results were obtained for silt, following the same trend observed in other studies 
(Tümsavaş et al., 2018; Viscarra Rossel et al., 2006; Zhang et al., 2017). For clay content, the R² values 
obtained was high in the calibration (0.92, 0.96 and 0.97) and in the validation (0.89, 0.94 and 0.94) with a 
low error in prediction (RMSE of 5.2, 3.7 and 3.6%), considering the VNS, MIR and VNS-M models, 
respectively (Table 1). The results obtained for clay content were better than other studies for regions of 
VNS (Camargo et al. 2015) and MIR (Wijewardane et al. 2018). 

For the sand content, the results were also significant, with R² of 0.87, 0.96 and 0.96 for calibration and 
0.81, 0.88 and 0.88 for validation, with a low error (RMSE of 6.5, 5 and 5.1%), VNS, MIR and VNS-M 
models, respectively (Table 1). This study achieved better results compared to others for VNS (Zhang et 
al. 2017) and MIR (Viscarra Rossel et al. 2006) regions. The prediction models of silt did not obtained a 
good results, reached a R² of 0.61, 0.66 and 0.71 for training and 0.06, 0.18 and 0.14 for validation (VNS, 
MIR and VNS-M models, respectively). 
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Table  1. Performances of the models for clay and sand content applying Cubist algorithm in the reflectance spectroscopy 
ranges of visible, near and short wave infrared (VNS), mid-infrared (MIR) and  both combined (VNS-M). 

    Calibration Validation 

Soil Attribute Spectral range R² 
RMSE 

R² 
RMSE 

% % 

Clay VNS 0.92 4.2 0.89 5.2 

  MIR 0.96 2.8 0.94 3.7 

  VNS-M 0.97 2.7 0.94 3.6 

Sand VNS 0.87 5.4 0.81 6.5 

  MIR 0.96 3.2 0.88 5 

  VNS-M 0.96 3.1 0.88 5.1 

  

For model construction by depth, the results of accuracy and performance were not significant, because 
the data set of this study is relatively small (197 samples), due to this, we combine the samples by three 
depths to create the models. 

The models VNS, MIR and combined VNS-M presented good results, it is believed that this is due to the 
high textural variability of the soil and could be used to complement large scale sand and clay analyzes. 
The MIR and combined VNS-M achieved similar results, however, considering that in order to carry out the 
VNS-M analyzes it is necessary to perform measurements in two equipments, the MIR model was 
considered the best model to analyze the soil properties.  

The spectrum generated from the reading of soil samples in the mid-infrared (MIR) can bring more 
information about the measured object in comparison to the VNS, due to its higher spectral range. The MIR 
model may have reached the best prediction accuracy because there is a greater number of bands 
associated to soil properties that have a strong relationship with clay and sand, such as clay minerals 
(kaolinite) and quartz. 

Conclusions 

MIR presented a greater potential to quantify clay and sand content compared to the VNS, showing good 
performance for efficient analysis of soil particle-size. Thus, it is believed that soil reflectance spectroscopy 
can enhance standard methods of analysis, saving time and reducing costs. 
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Abstract 

Consistent evaluation of soil carbon (C) stocks using a cost effective methods with high accuracy level is 
important.  There is a lack of consensus on the scope of global SOC stocks and their spatial distribution. In 
recent years, substantial progress has been made in different phases of digital mapping of SOC. This work 
is a literature review and meta-analysis of various studies dealing with digital mapping of SOC between 
2000 and 2018 and its progress. It seeks to identify the different models, their uses and performance, to 
check which digital soil mapping methods and datasets are frequently used. A total of 200 publications 
focusing on digital soil mapping related to SOC research were selected and evaluated as a representative 
sample in the meta-analysis. An analysis was performed on the following: description and background of 
the study areas, most used input data for SOC, most frequently used modeling methods, the progress in 
uncertainty level assessment etc. Finally, a summary of the main trends found by the analysis and a general 
discussion and future prospectives was also provided. We conclude that although machine learning 
procedures are appropriate because of the numerous advantages over geostatistics, the leading DSM 
method used for SOC mapping by researchers all over the world is still geostatistics. 

Introduction 

Soil has become one of the most vulnerable resources in the world due to the occurrence of climate change, 
land degradation, and biodiversity loss, though it is considered as the main carbon reservoir containing 
more carbon than the atmosphere and terrestrial vegetation combined. Therefore, knowledge on SOC 
content is of great importance, as SOC is considered the basis of soil fertility mainly for agricultural purposes 
and an essential factor for controlling soil dynamics of various agrochemicals (Gholizadeh et al., 2013b). 
Due to its importance, thus it is necessary to monitor, assess and finally map it because of the benefits 
associated with mapping. To enable and ensure monitoring of SOC on a consistent basis, its stock ought 
to be measured using cost-effective methods that can cover a high variety of soil types. Hence, due to an 
increase in the growing interest to establish the size of soil carbon pool and its sequestration potential 
worldwide, DSM as an active and operational application to infer on patterns of soils across various spatial 
and temporal scales was employed (Grunwald, 2010). DSM techniques can potentially produce information 
about soil properties that are not presently available (Hempel et al., 2005; Legros, 2006). Additionally, they 
improve the consistency, accuracy, detail and speed at which soil survey information is generated. Mapping 
of soil carbon at the field and at the other scales has become an area of active research at both local and 
global levels since the development of DSM technologies in the late 1990s and the formalization of the 
discipline by McBratney et al. (2003). The purpose of this work is to perform a literature review and meta-
analysis of papers dealing with digital mapping of SOC from 2000 to 2018 to identify different models, their 
uses and performances, and also to verify an uncertainty assessment method in order to establish which 
DSM methods and dataset are mostly used. 
 

Materials and methods 

The various papers that were reviewed for this work were searched using electronic and online research 
platforms (e.g. ISI Web of Science, Google Scholar, and Researchgate). Keywords were adjusted 
according to search engines databases and consisted of a combination of Soil* and ("digital soil mapping" 
or "digital mapping" or "spatial prediction" or "predictive mapping") and ("soil organic carbon" or "organic 
carbon" or "organic matter" or SOM). Over 600 papers pop up but were later filtered out manually to about 
450. A list containing all the publications was later compiled and evaluated based on title, keywords and 
abstract in order to select only studies relating to DSM (focusing directly on SOC). A total of 200 publications 
met the criteria of being suitably focused on DSM related to SOC research and were used as a 
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representative sample in the meta-analysis. The headings and parameters were created (Table 1) for 
information collection from each publication for data and meta-analysis for this work. 

                                                                                                                                                                                                   
Table 1. List of dataset/parameters on which information were collected about papers on SOC 
modeling and mapping. 

Assessed datasets Parameters/Options 

Paper identification authors, journal and year 

Soil data source legacy data, original sampling, simulated data only 

Soil data as predictors  soil class maps, clay content, silt content, sand content, 
skeleton/rock fragments, iron (fe forms), aluminum, (ca, 
carbonates, pH, moisture, bulk density (BD)) 

Auxiliary soil data- remote and 
proximal sensing  

Remote sensing (RS) -satellites/airborne/drones; laboratory 
spectroscopy -Vis-NIR/MIR, Field spectroscopy- Vis-NIR/MIR 

Auxiliary data- DTM/DEM  DEM/DTM resolution, slope, slope gradient, slope position, 
slope length factor (LS), aspect (orientation), 
altitude/elevation, altitude above channel network, insolation, 
curvature, valley bottom flatness, valley depth, 
contributing/catchment area topographic (wetness) index, 
flow path length, flow accumulation 

Other auxiliary data  landscape category, climate–precipitation/temperature, 
geology, land use, vegetation type, vegetation indices, 
vegetation (species) composition, soil/land management, 
biological activity, wetlands 

Region Europe (without Russia), Northern America, Southern 
America, Africa, Australia, Russia, China, Asia (ex-Russia 
and China) 

Extent/scale  global, continental, whole country or state (province), 
regional, local (up to 1000 ha), plot (up to 10 ha), area size 
(km2) 

Land use  cropland, grassland (meadows, pastures, prairie, steppe, 
savanna, and rangeland), forest, urban, peat 

Modeling methods  inverse distance weighting (IDW), geostatistics, kriging 
(ordinary, simple, universal), regression-kriging, fuzzy 
methods, multiple linear regression (MLR), Cubist, 
polynomial models, Bayesian methods, (boosted) regression 
trees (RT), classification/decision trees, random forests (RF), 
partial least squares regression (PLSR), principal component 
regression (PCR), artificial neural networks (ANN), multiple 
additive regression splines (MARS), support vector machines 
(SVM), structural equation modelling (SEM), other machine 
learning techniques 

Validation, uncertainty assessment  Leave-one/group-out, Validation subsample, Independent 
validation samples, number of validations, maximum R2 
obtained (validation), minimum root mean square error 
(RMSE), validation 
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Results and discussion 

Geographical distribution of selected studies 

Out of 200 evaluated studies, 75 papers were from Europe, 10 from Southern America, 22 from Africa, 19 
from Northern America, 18 from Australia/New Zealand, 17 from Asia (excluding China), no value for 
Russia, while China accounted for 34 of the total papers spanning from 2000 to 2018 on digital soil mapping 
of SOC (Figure 1). An interesting observation was made regarding the number of papers from Africa (11 
%) that was higher than those for Northern America (10 %). The reason is that North America already has 
good classical data and well-defined soil maps, therefore most authors from Northern America and other 
developed countries mostly focused their work in Africa. In addition, in countries with enough legacy data, 
there is not much pressure to produce new maps using DSM. 

 

                     

                                        Fig. 1. Geographical distribution of selected studies. 

Most used modeling methods in the selected papers: conventional methods vs. machine learning 

Out of the many modelling methods that were listed, in quite a number of selected papers, only the top six 
methods, namely geostatistics (kriging (ordinary, simple and universal)), regression-kriging, multiple linear 
regression (MLR), random forests (RF), partial least squares regression (PLSR) and cubist, were used 
(Figure 2). Other available methods were not considered since their obtained values were very low. 
Regarding Figure 2, almost all the selected methods did increase in 2016, but they also dropped in 2017 
except for PLSR and MLR, which remained almost stable. It should be stressed out that we cannot say if it 
is just a temporary decrease or a start of a more long-term trend since we do not have data for the whole 
year 2018 to confirm or dispute this trend. Only the papers from the 1st half of the year 2018 are included 
in our selection, therefore the year 2018 is not considered in Fig 2. Based on this analysis, which spans 
between 2000 to 2018, geostatistics still remains the most used method, especially in the year 2016 (Figure 
2) regarding digital mapping of SOC, even though machine learning algorithms (RF, PLSR, and cubist) are 
rapidly gaining mileage. The reason behind this trend will be very difficult to explain, nevertheless, the initial 
difference (increase and decrease pattern) among all the methods before 2016 (Figure 2) could be a result 
of random fluctuation. It can be based on the type of dataset used by a particular group of researchers. 
Therefore, in a nutshell, the dataset used could be a determining factor when choosing a particular method 
to use. For the years 2010 and 2014, even though using regression kriging approach showed an increase, 
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application of other methods show a decrease. The reason may possibly be that the datasets used during 
such a period produced better results when being used by regression kriging than all the other methods. 

 

                      

                          Fig. 2. The number of papers using selected top six methods as changes with time. 

 

Most used data in the selected papers for SOC modeling and mapping 

The arrangement of a variety of acquired datasets was grouped into four main categories (soil data as 
predictors, remote and proximal soil sensing, DTM/DEM, and other auxiliary data), which this review 
considered in order to decide on the most used data from 2000 to 2018 for digital mapping of SOC (Table 
1). All the four categories were first analyzed individually using their different set of parameters in order to 
select the most used data from each group. Under the soil data as predictors, clay content was highest, 
while RS-satellite was the most frequently used under the remote and proximal sensing category. Land use 
and altitude/elevation were also used more under other auxiliary data and DTM/DEM, respectively. Other 
auxiliary data were the highest applied among the four main categories. Other datasets from each category 
which this review considers as important parameters in addition to the already mentioned top data sets 
(land use, clay, RS-satellite, and altitude/elevation) were also selected and analysed to determine the most 
used overall dataset (Figure 3). Out of the selected 200 papers for this review, land use (under other 
auxiliary data categories) with a total number of 196 was the most frequently used dataset. Globally, land 
is used with increasing intensity in order to meet the needs of a growing population. Agricultural outputs 
are nowadays forced to produce food for almost twice the population of people in the world than it was a 
decade ago. Present day perspectives are therefore that the demand for food, raw materials, and energy 
is expected to increase faster than the anticipated population growth. An extension of arable land will 
definitely be required. Thus, this is one of the several reasons why land use as soil input data will continue 
to show much demand as compared to other data (Figure 3). 
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         Fig. 3. The number of papers using particular auxiliary data (predictors, covariates) for digital mapping of SOC. 

 

Uncertainty & Validation 

Some of the papers show an uncertainty assessment which is related to the extent of the predictions and 
the covariates while others were related to the configuration of simulated points. For a randomly selected 
control points, the uncertainty models show a normal distribution. Nevertheless, with the exception of 
methods based on geostatistical studies, many of the studies (based on other methods) do not show any 
uncertainty of prediction, even though they are critical in determining the prediction confidence (Goidts et 
al., 2009). Out of the 200 papers selected for this study, 32.5 % used cross-validation, 14.5 % used internal 
validation sample and 16% used independent sampling while some papers (37 %) either did not mention 
or did not use any of these validation methods. 

 
Conclusions and perspectives 

This review concluded that despite the numerous advantages machine learning has over geostatistics 
approaches, researchers worldwide still prefer the use of geostatistics to machine learning. There could be 
several reasons to this, however, notable among those reasons for the period 2000 to 2018, as stated in 
this review, are: choice of data set, geostatistics ability to assess uncertainty about unsampled values, 
limited knowledge of computer application and machine learning reliance on an independence assumption 
of observation. In the future, the regional and national soil maps should be harmonized together for the 
global issues and uncertainty propagation during the prediction procedure should be pointed out regarding 
soil variation. Several challenges need to be settled in future soil mapping studies, such as simulation of 
the soil heterogeneity at the regional scale, more uniform methodology (GSP cookbook, etc.), better 
uncertainty assessment, new data sources (RS development), methodology development and new 
methods, combinations and ensemble approach, etc. 
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Abstract 
 
Soil bulk density is used to convert data from a weight basis to a volume basis, to estimate saturated 
hydraulic conductivity, and to identify compacted horizons. A common method used by US Department of 
Agriculture-Natural Resources Conservation Service (USDA-NRCS) Soil Survey field staff utilizes Saran-
coated clods collected from soil profiles (Method 3B1, Kellogg Soil Survey Laboratory 

Methods Manual, 2014). Clod preparation can be time consuming and both packaging and shipping of 
clods to available laboratories can be logistically challenging and time consuming. An alternate method 
was tested and published in 2008 by using a 3-dimensional (3-D) scanner to measure (in micrometers) 
the volume of soil clods to rapidly determine the bulk density of soil horizons.  This method had several 
advantages and a few disadvantages over the current method using Saran-coated clods. A modified 
process was tested to increase the efficiency of the 3-D scanner method. Sample preparation included 
shaping the soil clod for maximum surface exposure and removal of protruding roots.  The scanning 
process consisted of multiple scans, filling in holes missed by the scanner, and measuring the volume.   
Several anomalies were detected during the early testing of the process. Some were inherent with the 
scanning process and some were due to the nature of the soil sample.  Many of these anomalies were 
overcome with changes in the preparation of the sample and the scanning process.  One finding from this 
process is that soil horizons having bulk densities of less than 1.0 g /cm3 can be determined using the 
same process. Soil clods also do not shrink equally in all directions.  Another finding is that when clods 
from high shrink-swell soils dry, the clod increases in size due to expansion of cracks.  The 3-D scanner 
was determined to be a viable process for determining the bulk density of soil horizons at several different 
moisture contents and the process can be streamlined to reduce staff time.   

Introduction 
 
Published research titled Bulk Density Determination by Automated Three-Dimensional Laser Scanning 
(Soil Sci, Soc. Am. J., 2008, 72:1591-1593) compared the current method of Saran-coated soil clods and 
the 3-D scanner to determine soil bulk density.  It was determined that the two methods yielded similar 
results, with a calculated R square of 0.997 for a linear-line regression.  This was evidence enough to 
investigate further the possibility of using the 3-D scanner in a non-laboratory setting, such as a field soil 
survey office.   
 
Staff at the USDA-NRCS Kellogg Soil Survey Laboratory, Lincoln, Nebraska acquired a 3-D scanner in 
2011 for evaluation. The staff concluded that the scanner did measure the volume of soil clods precisely 
(personal conversation with Ellis Benham, head research scientist, 2012).   
 
In 2012, a 3-D scanner was purchased and tested using soil clods with different geometric shapes and a 
rock. The purpose of this evaluation was to develop a simpler, more rapid process to determine soil bulk 
density in a field soil survey office. Test soil clods were used to determine the best shape of the clod for 
maximum surface exposure to the laser to standardize clod shape.  Single clods were scanned multiple 
times to determine best intensity and number of scans (how many times the scanner stopped during 360 
degrees of rotation). 
 

Materials and Methods 

The 3-D scanner tested was Model 202Oi (NextEngine, Inc., 401 Wilshire Blvd., Ninth Floor Santa 
Monica, California 9040). Scanning software consisted of ScanStudioHD_1.1. Several procedures and 
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settings of the scanner software were first tested on a rock to determine the optimal program settings and 
clod orientation for scanning. Test soil clods were contoured many ways to determine the best shape for 
the scanning process. 

Standardization procedures were developed to make the volume values more consistent among samples.   

Various clod-trimming methods were employed to determine the best clod shape for minimizing scanning 
time. The number of scan stops within the 360 degree rotation of the clod (during scanning) was also 
altered to determine the most efficient process.” 

Clod sampling: Samples were collected from five soil pits by cutting out chunks of soil (approximately 15 
cm x 15 cm x 25 cm) from the middle of identified horizons.  They were then sealed in plastic containers 
to maintain moisture content and transported to the soil survey office with pit face orientation recorded.   

Clod preparation: Each large clod of soil was cut into three smaller samples for scanning.  Each clod was 
orientated to the sample position (top oriented up) as it was removed from the pit wall and the bottom was 
cut flat. The top of the clod was tapered to a point, so the scanner could scan all surfaces with few 
shadowed areas. Any overhanging protrusions were cut off.  This shape made it possible to scan the clod 
in one pass without changing position. It was then placed on a Formica plate with the starting position 
indicated with a red line, so the plate could be started in the same position at the beginning of each 
sample scanning process.  

Procedure: 

Weighing: Each plate was weighed and then each clod was weighed on a metric scale (Ohaus Scout Pro, 
400g) and values recorded on a spreadsheet. 

Scanning Process: Each clod was scanned with the NextEngine 3-D scanner with ScanStudioHD_1.1.1 
software.  

Figure 1: NextEngine Scan Studio interface GUI (graphic user interface). 

            
1. The clod rotated seven times and was scanned at each stop. 
2. The image was then merged programmatically with the Fuse icon. 
3. Any holes and the bottom in the image were filled with the Polish icon. 
4. Any image anomalies were erased with the Trim icon. 
5. The image was saved as an STL file with the Output icon. 
6. The STL file was then opened in RapidForm (VerifyViewer_2014_64_1.0). 
7. The image was orientated in the starting position of the scanning process for comparison with 

other images. 
8. The image was selected and the volume and surface area calculated. 
9. The bounding box values (X, Y, Z) were measured and recorded for further comparison to other 

scans of the same clod at different moisture content. 
10. The soil was air dried in the office for several days. 
11. The clods were weighed and scanned with the same plate and started in the same orientation as 

the first scan. 
12. The clods were then oven dried in a soil dryer (Laboratory Oven, Soil Test Inc.). 
13. All the data were analyzed statistically as described in results. 

 

Results and Discussion 

Rock results: 

A rock approximately the same size as an average soil clod was weighed and processed as described.  
The results are displayed in Table 1.  The X, Y, and Z values are the maximum width, height and length 
of a bounding box that envelopes the image of the rock.  
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Table 1: Results from scanning a rock multiple-times. 

Scan Vol-cm3 Area-mm2 X-mm Y-mm Z-mm Mass-gr 
Bd-
g/cm3 Deviation Deviation2 Notes 

1 176.935 18157.18 81.0275 85.307 82.0152 416.783 2.356 0.17125 0.029327  

2 176.839 18155.86 81.0458 85.1245 81.9466 416.783 2.357 0.07525 0.005663  

3 176.412 18132.76 80.9907 85.2572 81.906 416.783 2.363 0.35175 0.123728 Rock moved 

4 176.781 18152.8 80.973 85.2311 81.9791 416.783 2.358 0.01725 0.000298  

5 176.787 18144.04 80.979 84.7087 81.8019 416.783 2.358 0.02325 0.000541  

6 176.85 18159.09 81.0159 85.0257 81.8448 416.783 2.357 0.08625 0.007439  

7 176.73 18149.66 81.022 85.2659 81.9487 416.783 2.358 0.03375 0.001139  

8 176.77 18148.8 80.9985 85.2262 81.9788 416.783 2.358 0.00625 3.91E-05  

9 176.656 18136.01 80.9812 85.1401 81.9706 416.783 2.359 0.10775 0.01161  

10 176.811 18170.73 80.2698 84.8711 80.5831 416.783 2.357 0.04725 0.002233 Rock moved 

11 177.058 18151.62 85.3452 84.9094 79.0266 416.783 2.354 0.29425 0.086583 Rock moved 

12 176.536 18145.94 82.1358 85.2168 81.4436 416.783 2.361 0.22775 0.05187 Rock moved 

After scanning 12 times, standard statistics were applied to the data: 

1. Mean volume: Sum of all volumes/number records = 176.7638. 
2. Deviation: absolute value (experimental volume - mean volume). 
3. Sum of squares: deviation squared = 0.320468. 
4. Variance = Sum: (deviation squared)/number of values) = 0.026706. 
5. Standard deviation: Square root (sum of squares/number of records-1) = 0.170685. 
6. Coefficient of variation: standard deviation/mean = 0.000966. 

This procedure has a very low variance and a very tight standard deviation indicating that the scanner 
process is viable for determining the volume of a soil clod. 

Soil Clod Results: 

It was determined that flattening the bottom of the clod and tapering the top to expose the most surface to 
the multiple lasers were the most effective clod-shaping steps.  This procedure is described below.  Rotating 
the clod for a total of 7 scans (51.4 degrees between scans) within a full rotation of 360 degrees at the SD 
intensity setting was found to be enough to sufficiently cover the surface of the clods, with a minimal number 
of holes in the image. 

The soil clods from 5 soil pits were scanned three times with similar results.  Table 2 shows an example 
of three scans for the surface layer of Sharkey clay (very-fine, smectitic, thermic Chromic Epiaquerts). 

 Table 2: Example clod scanned values and Bulk Density results 
 

Clod Volume 
moist 

Volume 
air dried 

Volume 
Oven-dried 

Sur. area 
moist 

Sur. area    
air dried 

Sur. area      
O. dried 

BD 
Field 

BD 
Dry 

Delta 
% X 

Delta 
% Y 

Delta 
% Z 

1 327.77 95.65 93.24 14561.78 12869.13 14561.78 1.29 1.62 10.76 7.16 7.71 

2 319.49 132.19 128.50 17896.84 15651.64 17896.84 1.37 1.73 10.54 6.17 8.12 

3 226.53 90.74 88.21 16460.34 14141.57 16460.34 1.31 1.68 10.71 7.56 8.16 

The average bulk density at field moisture was 1.32 g/cc while the oven dried bulk density was 1.68 g/cc.  
The clods shrank unequally along the three axes.  This process may have potential for determining the 
shrink swell potential of soil, rather than the current method. 
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Conclusion  

The use of the 3-D scanner has a high correlation to the Saran coated clod method used by NRCS as 
identified by UC Davis and NRCS.  This paper shows that the scanning process can be simplified for a 
fast result with a high level of confidence.  This process has identified advantages and disadvantages to 
the process and anomalies associated with the scanner and soil in general as identified in the lists below.  

Advantages over Saran coated method: 
1. No hazardous chemicals used. 
2. Cheaper. 

 No shipping cost. 
 No Lab cost. 

3. Fast in-office analysis. 
4. Volume can be determined on clods less dense than water. 
5. Shrinkage can be measured in three dimensions. 
6. Surface area can be determined for intact peds. 

 

Disadvantages: 
1. The uncoated clod can degrade or deform during drying. 
2. The AWC is not easily changed to one third bar. 

 

Scanner anomalies: 
1. The first scan of the day tends to be consistently different than the later scans -- pre-scan to 

warm up the scanner. 
2. Florescent light can alter the scan because of hertz fluctuations -- shade from direct light. 
3. Shaking of the desk can alter the scan -- place on a stable table. 
4. Power fluctuations can alter the scan – use a battery stabilizer. 
5. If a hole is detected near the bottom edge of the clod it could potentially extend across the whole 

bottom of the clod reducing the volume when the image is meshed together -- remove all 
protrusions. 

 

Soil Anomalies: 
1. Small clods of crumbly soil do not scan well. 
2. Small clods that do not shrink much may be below scanner error and appear to increase in size. 
3. When the soil shrank, some clods increased in size because they opened like a flower. 
4. Clods fell over and broke apart during the drying process. 
5. Pieces of sharp edges broke off during drying. 
6. Small air pockets exploded during drying in some clods which reduced the overall volume. 
7. Some clods distorted during drying process creating over-hanging spots that altered the size. 
8. Holes that are exposed on the outside do not get filled in, so the volume is reduced. 
9. Soil clods can rotate independent of the plate, which altered the width and depth of the clod. 
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Abstract 

Soil texture has an important influence on agriculture, affecting crop selection, movement of nutrients and 
water, soil electrical conductivity and crop growth. Soil texture has traditionally been determined in the 
laboratory using pipette and hydrometer methods that require a considerable amount of time, labor, and 
expense. Recently, in-situ soil texture classification systems using optical diffuse reflectometry or 
mechanical resistance have been reported, especially for precision agriculture where more data is needed 
than in conventional agriculture. This paper is a part of overall research to develop a soil texture 
classification system using image processing. Application of image processing was motivated by simple 
traditional approaches such as visual inspection and the “hand-feel” method. In this paper, the potential of 
soil texture classification using RGB histograms was investigated. Seven sites representing major Korean 
paddy soil series were selected, 4-6 core samples up to a 50-cm intervals. For each segmented soil sample, 
four surface images were taken using a miniaturized CCD camera, and texture fractions were determined 
by the pipette method. Scatter plots showed linear patterns between silt content and histogram variables 
such as brightness (averaged pixel value), skewness, and difference between mode value and brightness 
(“mode – brightness”). When 5%-averaged silt content was linearly regressed with “mode - brightness”, 
squared correlation coefficient (R2), root mean square error of calibration (RMSEC), and root mean squared 
error of prediction (RMSEP) were 0.96, 2.2%, and 6.3%, respectively. When soils were classified using 
USDA soil texture classification, the laboratory method and the in-situ image processing method produced 
the same results for 48% of the samples. 

Introduction   

Precision agriculture requires acquisition and management of data on soil and crop properties. In particular, 
soil properties significantly affect crop selection and growth management (Bae et al., 2004). Among soil 
properties, soil texture is a main property not only related to other soil properties such as soil electrical 
conductivity, water and nutrient content, but also affecting management practices such as tillage, fertilizer 
and pesticide application (Hur, 1993; Lee et al., 2005). Therefore, quantification of soil texture is very 
important for successful field and crop growth management.  

Conventionally, soil texture indicates sand, silt, and clay fractions within soil based on USDA criteria, and 
has been laboratory-determined using pipette and hydrometer methods, which are labor-, time-, and cost-
consuming (Gee & Or, 2002). Therefore, in-situ rapid methods are more preferable for precision agriculture 
than these laboratory methods. Mechanical, optical, and electrical approaches have been reported for in-
situ rapid determination of soil texture (Douglas & Olsen, 1981; Zuo et al., 2000; Starr et al., 2000). These 
methods measure optical reflectance, mechanical resistance, or electrical properties of soil and then relate 
them to texture fractions. 

It is known that soil survey experts evaluate soil texture in-situ using visual inspection and the “hand-feel” 
methods based on many years of experience. They visually examine color and size of aggregated soil 
particles, and feel roughness by fingers. Our approach using image processing was motivated by this visual 
inspection and “hand-feel” method, taking surface imagery of soil samples, and calculating size distribution 
or roughness of soil particles. Image processing has been used in a variety of agricultural applications such 
as estimation of properties related to not only soil and crop, but also quality of agricultural products for 
sorting and grading (e.g., fruits) (Lim, 2003; Breul & Gourves, 2006).  

As a part of overall research to develop a soil classification system using image processing, the objective 
of the paper was to develop a soil texture classification algorithm using RGB characteristics of soil images 
such as averaged pixel value (brightness) and skewness.  
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Materials and Methods  

Soil Sampling and Texture Analysis  

To develop a soil texture classification algorithm, 194 soil samples from 7 selected Korean paddy fields 
were used. Sampling sites were selected considering dominant soil series with different texture fractions of 
paddy fields, with related information given in Table 1. From each site, 6 to 7 soil cores (diameter: 50-mm) 
were obtained using a core sampler up to 30 to 50 cm depths, depending on field conditions, and 
segmented by 50-mm intervals (Fig. 1). For each segmented sample, 4 images (2 from each side) were 
taken. After image acquisition, sand, silt, and clay fractions of the samples were determined using the sieve-
pipette method (Gee & Or, 2002). Table 1 summarizes soil series and texture fractions of the samples.  

 
Fig. 1. Photos of soil core sampling (left) and surface image of the sample (right). 

Table 1. Specifications of the soil samples. 

Site 
 

Series 
Sand (%) Silt (%) Clay (%) No. of 

sample Mean  STD Mean  STD Mean  STD 

1 Hwadong 9.4 1.5 58.5 1.7 32.1 1.2 30 

2 Gyuam 11.7 2.3 6.8 3.1 20.5 2.2 30 

3 Gangseo 38.3 3.6 46.9 3.4 14.9 1.4 28 

4 Pyeongtaeg 11.2 2.0 55.0 5.1 33.8 4.6 36 

5 Honam 15.9 6.9 48.1 6.4 36.0 4.2 22 

6 Yungnam 13.9 5.2 58.2 5.6 27.9 2.7 23 

7 Pyeongtaeg 20.0 8.3 39.4 14.9 40.6 11 25 

Image Acquisition and Processing   

Our goal was to develop a portable in-situ soil texture classification system using image processing. Two 
alternative platforms were considered: a moving platform that took soil surface imagery traveling through 
the soil profile by incorporation of the sensor in another sensing system (e.g., cone penetrometer), or a 
stationary platform that captured surface imagery of soils obtained by a soil sampler (e.g., auger). A 
magnification-controllable CMOS image sensor (Model: USB 2.0 PC camera SN9C201, Sonix Inc., 
Springfield, Virginia, USA) was selected for our study.  

 
Fig. 2. Example images and gray level brightness histogram for soils with high silt fraction (left) and sand fraction (right). 

Fig. 2 shows examples of soil surface images and corresponding histograms of gray level pixel values (i.e., 
brightness). Images of soil samples with different texture fractions contained quite different features (e.g., 
crevice; circled areas in Fig. 2) and quality (e.g., roughness, brightness). Overall, as sand fractions 



137 
 

increased, numbers of brighter pixels increased. For example, an image of soil with high sand fraction 
showed greater pixel values than an image with high silt and clay fractions (Fig. 2). Therefore, we expected 
that shape of the histograms (e.g., central tendency, dispersion, or bias) would be related to soil textural 
fractions. 

Results and Discussion  

Fig. 3 shows example scatter plots between histogram variables and soil texture fractions. Silt content 
showed the clearest linear pattern for all of the histogram variables, and correlation coefficients were 
negative for brightness and skewness, and positive for “median - brightness” and “mode - brightness”. 

 
Fig. 3. Example scatter plots between histogram variables and soil texture fractions. 

Clay content showed somewhat opposite patterns to silt content with the histogram variables, but the 
patterns were less clear compared with silt content. Sand content did not show any linear patterns with the 
histogram variables. These relationships led to the conclusion that, overall, soils with greater amount of silt 
content resulted in darker soil images and soils with greater amount of clay content resulted in brighter soil 
images. 

Table 2 summarizes linear regression between soil texture fractions (Y) and gray level histogram variables 
of the sample images (X). X variables producing the highest coefficients of determination were reported. 
Generally, coefficients of determination of the calibration models were quite low (less than 0.20) and 
RMSEC values were greater than 10% for all of the texture fractions. The best model was obtained for silt 
(R2 = 0.20; RMSEC = 10.7%) with “mode - brightness” as the X variable.  

Table 2. Results of linear regressions between soil texture fractions (Y) and histogram variables of the sample 

images (X). 

Y (%) 
 

Y processing* 
 

X 
Regression results 

R2 RMSEC (%) RMSEP (%) 

Sand 

 Mode – brightness 0.05 10.2 10.4 

√  Mode – brightness 0.06 0.3 0.3 

 Brightness 0.10 10.1 10.3 

% Skewness 0.35 10.3 12.1 

Silt 

 Mode – brightness 0.20 10.7 9.2 

√  Mode – brightness 0.18 0.2 0.1 

 Brightness 0.30 7.0 7.9 

% Mode – brightness 0.96 2.2 6.3 

Clay 

 Mode – brightness 0.08 10.1 8.4 

√  Mode – brightness 0.07 0.2 0.2 

 Mode – brightness 0.05 8.9 7.2 

% Mode – brightness 0.17 10.8 8.4 
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Errors in pixel values of soil surface images and laboratory-determined soil texture fractions might be 
induced by soil sampling, laboratory determination, and image acquisition processes. These errors could 
be overcome by increasing the number of measurements or averaging the measurements. When soil 
texture measurements were averaged with intervals of 1, 3, 5, and 7% fractions, R2 values for silt content 
changed to 0.27, 0.46, 0.96, and 0.96. For 5%-averaged texture fractions, R2 values obtained using linear 
models for sand and clay contents were 0.35 and 0.17, respectively. 

Using a validation data set, soil classification by USDA soil texture classification using the laboratory 
method was compared with that using the image processing method. As summarized in table 3, about 48% 
of the samples were classified into the same soil texture, and some of the other samples produced similar 
soil texture classification. 

Table 3. Comparison of soil classification using the laboratory method with that using image processing method. 

Site 
Laboratory method Image processing method 

Classified texture  No. of sample Classified texture  No. of sample 

1 Silt clay loam 15 Silty clay loam 15 

2 Silt loam 15 
Silty clay loam 

Clay loam 
14 
1 

3 Loam 14 
Silty clay loam 

Clay loam 
13 
1 

4 Silt clay loam 18 Silty clay loam 18 

5 
Silt clay loam 

Clay loam 
9 
2 

Silty clay loam 
Clay loam 

5 
6 

6 
Silt clay loam 

Silt loam 
3 
9 

Silty clay loam 12 

7 

Silt clay loam 
Silt clay 

Clay loam 
Clay 
Loam 

4 
4 
2 
1 
1 

Silty clay loam 12 

Conclusion  

In this paper, we tried several different ways to classify soil texture using processing of soil surface images 
taken in field conditions. Both laboratory determined soil texture and soil surface images might be erroneous 
due to soil sampling, laboratory analysis, or image acquisition procedures. Although clear linear 
relationships between the two data sets were not found, some potential of in-situ soil classification was 
observed, especially for silt content. 

Variables from gray level (averaged RGB pixel value) histograms were investigated in this paper. Using all 
histograms for R, G, and B values might provide better relationships with soil texture fractions since different 
optical bands might be associated with different reflectance characteristics caused by different texture 
fractions in the samples. Different variable transformations and averaging could be applied. Some other 
approaches such as Fourier transformation to investigate frequency domain aspects, and application of 
artificial intelligence techniques might be also useful. These issues will be investigated in future research. 
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Abstract 

Irrigated agriculture accounts for approximately 80% of the consumptive water use in the US and irrigation 
has increased in more humid areas of the nation. Soil textural variability within many irrigated fields 
diminishes the effectiveness of conventional irrigation management and irrigation scheduling methods that 
assume uniform soil conditions may produce less than satisfactory results on highly variable soils. 
Furthermore, benefits of variable-rate application of other agricultural inputs can be partially masked by 
applying inappropriate amounts of water. A field study was conducted at the University of Missouri Fisher 
Delta Research Center Marsh Farm at Portageville in 2016 and 2017 with the objective to better understand 
the impact of variable soil texture on the irrigation response of cotton. Treatments included two irrigation 
management systems and rainfed production. Clay content in the top 0.1 m soil layer, estimated from 
apparent electrical conductivity (ECa), ranged from 2% to 38%, with more than 40% of the points containing 
less than 10% clay and fewer than 20% of the points containing more than 20% clay. Yield values measured 
near an ECa observation were averaged to create a data set containing clay content and associated yield. 
While the differences among the water management treatments were not significant, a strong effect of clay 
content on cotton yield was observed in both seasons. While a larger clay content data set and additional 
years of data will be required to fully determine the impact of soil variability under varying water 
management schemes, these findings, based in a large part on proximal soil sensing, provide useful 
information for proper management of variable rate irrigation systems. 

Introduction 

Irrigated agriculture in the US is a major consumer of freshwater, accounting for approximately 80% of the 
nation's consumptive water use (Schaible and Aillery, 2015). While irrigation is essential for crop production 
in arid and semi-arid regions, in recent years, irrigation has increased rapidly in more humid areas. 
Uncertainty in the amount and timing of precipitation is one of the most serious risks to crop production in 
those areas and timely irrigation has been shown to increase yields of cotton (Vories et al., 2007). Producers 
have become increasingly reliant on irrigation to ensure adequate yields and reduce production risks. 

Soil textural variability within many irrigated fields diminishes the effectiveness of conventional irrigation 
management with respect to irrigation uniformity, scheduling, and water use efficiency. Irrigation scheduling 
methods that assume uniform soil conditions may produce less than satisfactory results on highly variable 
soils. While soil sampling and testing a dense grid of locations within a field would be expensive and time 
consuming, mobile measurements of apparent soil electrical conductivity (ECa) have become widely used 
to map soil variability because ECa responds to a number of important soil properties, and mobile 
measurements are relatively quick and inexpensive. In non-saline soils, most of the variation in ECa is a 
function of soil texture, moisture content, bulk density, and cation exchange capacity (CEC) (Corwin & 
Lesch, 2005). If two or more ECa measurements with different depth response functions are available, 
mathematical inversion can be used to calibrate layer EC values to layer soil properties (Monteiro Santos, 
et al., 2010). 

Benefits of variable-rate application of agrochemicals, seeds, and nutrients can be partially masked by 
applying inappropriate amounts of water. Center pivot irrigation systems can be equipped with variable rate 
irrigation (VRI) capability for site specific water application, and commercial VRI systems have been tested 
and shown to perform dependably (Sui & Fisher, 2015). This logical complement to variable rate application 
of other inputs has producers seeking guidance for preparing prescriptions for optimal water application. 
Soil properties will impact the optimal irrigation strategy for a given location, but soil texture alone won’t be 
enough. Vories et al. (2015) observed a significant impact of ECa in irrigated cotton in 2011 but not in 2012. 
The soil information will need to be supplemented with measures of crop stress for in-season adjustment. 
The Bushland, Texas, research team with the U.S. Department of Agriculture’s Agricultural Research 
Service (ARS) recently patented an Irrigation Scheduling Supervisory Control And Data Acquisition 
(ISSCADA) system (Evett et al., 2014) that can control VRI systems. With integrated sensor network 
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subsystems, the ISSCADA system detects variable crop water needs and provides spatially variable 
recommendations for watering rates.  

The goal of this research is to develop ways to utilize variable rate irrigation to improve crop production in 
the U.S. Mid-South. The specific objective of the work reported here is to better understand the impact of 
variable soil texture, as estimated by ECa, on the irrigation response of cotton. 

Materials and Methods 

A field study was conducted at the University of Missouri Fisher Delta Research Center Marsh Farm at 
Portageville (36.41° N, 89.70° W) during the 2016 and 2017 growing seasons to investigate irrigated cotton 
production. The rectangular field is approximately 5 ha, 320 m by 156 m, with the primary slope in the south 
to north (320 m) direction. The test location had been in corn production for three years prior to establishing 
this experiment. It is located roughly 14 km west of the Mississippi River and lies within the New Madrid 
Seismic Zone. The combination of alluvial, eolian, and seismic activity over the years has resulted in highly 
variable soils in the region. While farming activities, including precision land grading, have made the effects 
less obvious, they still exist. 

Soil mapping units within the study field included Tiptonville silt loam (fine-silty, mixed, superactive, thermic 
Oxyaquic Argiudolls), which made up the majority of the field, and Reelfoot loam and sandy loam (fine-silty, 
mixed, superactive, thermic Aquic Argiudolls) (USDA-SCS, 1971) (Fig. 1). However, the field contains areas 
of high sand content that are too small to show up in the soils map. To provide higher resolution information, 
mobile ECa data were collected on 13 April 2016. A Veris MSP3 system (Veris Technologies, Inc., Salina, 
KS, USA) was used to collect data on a 1-s interval and a 10-m transect spacing. The MSP3 system 
includes optical and pH sensing; however, only the ECa data were used in this study. Soil texture data 
(sand, silt, and clay fractions) from laboratory analysis were obtained by soil horizon from 8 calibration 
locations within the study field and an adjoining 5 ha field. These locations were chosen to cover the range 
in mobile ECa data values obtained. The Veris ECa data were inverted using the invVERIS software 
package (EMTOMO, Odivelas, Portugal) and layer EC values at the calibration locations were related to 
measured soil properties using linear regression. A detailed description of the procedure, including 
validation of the findings, was reported by Sudduth et al. (2017). 

 
Fig. 1. Aerial image of study field with overlaid clay content from ECa transects. 

 

The field was bedded in the north-south direction with a row spacing of 0.97 m and the cotton variety PHY 
333WRF was seeded at 13 seed m-1 on 23 May 2016 and 15 May 2017. Nitrogen (134 kg N ha-1) was 
broadcast applied at approximately the first square growth stage, approximately 30 d after planting. 
Reduced tillage was utilized and standard cultural practices for weed and insect control for producing 
irrigated cotton in Missouri were employed. Growth regulator, insecticide, and defoliant were applied as 
blanket treatments to the whole field.  
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The study field and adjoining field were irrigated using a 160 m Valley 6000 center pivot irrigation system 
(Valmont Irrigation, Valley, NE, USA) with a Valley Zone Control VRI system. The system included seven 
independently controlled water management zones along the pivot lateral. The inner six zones were of 
approximately equal area; however, the outermost zone consisted of the three sprinklers on the 5-m 
overhang beyond the outer drive tower. Three irrigation management treatments included variable rate 
irrigation based on the ISSCADA system, uniform irrigation based on the Arkansas Irrigation Scheduler 
(AIS, version 2.3.4; Cahoon et al., 1990), and rainfed production. Each experimental plot consisted of two 
adjacent pivot water management zones. In 2016, there were four replications, each comprising an arc of 
45° (Fig. 2). In 2017, there were five replications, each comprising an arc of 36°. Additional information 
about the irrigation treatments is available in Vories et al. (2019). 

 
Fig. 2. Plot layouts for a) 2016 and b) 2017. 

 

The crop was harvested on 10 November 2016 and 6, 7 October 2017 with a Case IH 2155 cotton spindle 
picker (Case IH, Racine, WI, USA) equipped with an Ag Leader Insight (Ag Leader Technology, Ames, IA, 
USA) yield monitor system with sensors for every row. The yield monitor was calibrated by placing the 
cotton from each load in a boll buggy equipped with scales (2016: Short Line Manufacturing, Shaw, MS, 
USA; 2017: Master Scales, Greenwood, MS, USA). Yield data were obtained with the program SMS Basic 
19.00 (Ag Leader Technology). Erroneous data points were removed from the yield data with Yield Editor 
2.07 (Sudduth and Drummond, 2007; Sudduth et al., 2012). To account for overspray from adjacent 
nozzles, a 7-m buffer was placed on each side of each plot and the yield obtained in those areas was not 
used in subsequent analyses. The large, spatially referenced data sets were managed with ArcGIS for 
Desktop 10.4.1 (ESRI, Redlands, CA, USA). Spatial data analyses were conducted with GeoDa 1.12 
(Center for Spatial Data Science, Univ. of Chicago, Chicago, IL, USA) using the spatial error model as 
recommended for yield monitor data (Griffin et al. 2007).  

The cotton picker harvested four rows at a time for a total width of 3.9 m, with the Global Positioning System 
(GPS) receiver positioned in the center. To investigate the relationship between the irrigation treatment 
response and the soil, yield data points within 2.0 m of an ECa point were averaged to provide an estimated 
yield associated with the clay content calculated from the ECa data. Therefore, 1 – 3 yield data points, 
representing 4 – 12 cotton rows, were averaged for yield for each ECa point within the plot areas. 

Results and Discussion 

The clay content in the top 0.1-m soil layer fit well with the measured validation data and the inversion 
estimate (Sudduth, et al., 2017). Clay content had a better fit than sand and those data were included in 
Fig. 1 and the subsequent analyses. While roughly three fourths of the field was in the Tiptonville silt loam 
mapping unit, the estimated clay content revealed much more variability. Estimated clay content ranged 
from 2% to 38%, with a mean of 9.8% and a median value of 9.4%. Areas of very low clay content, and 
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therefore large sand content, made up a large portion of the field, with more than 40% of the points 
containing less than 10% clay and fewer than 20% of the points containing more than 20% clay.  

The 2016 and 2017 growing seasons were similar and typical for the region; however, while the total rainfall 
through the irrigation period (planting through 17 August) was similar (Table 1), the timing differed, resulting 
in more irrigations in 2017. For the AIS-managed plots, each replication was irrigated the same amount on 
the same day; however, the ISSCADA-managed plots were irrigated independently from each other. Even 
in cases where the total seasonal application was the same for two replications, the timing of the 
applications was sometimes different.  

Table 1. Water applications to field from planting to 17 August, when irrigation scheduling was terminated. 
Water application ISSCADA AIS Rainfed 

2016 

Planting 23 May 

Total rainfall (mm) 321 

Number of irrigations 1.25* 2 0 

Total irrigation application (mm) 24* 38 0 

Total water applied (mm) 345 359 321 

2017 

Planting 15 May 

Total rainfall (mm) 309 

Number of irrigations 3.8* 6 0 

Total irrigation application (mm) 65* 112 0 

Total water applied (mm) 374 421 309 

* Value is average of all replications 

The soil variability illustrated in Fig. 1 was reflected in the yield maps from the study field for both growing 
seasons. Some differences can be seen, likely due to the different randomization of irrigation treatments 
between the two years (Fig. 2). Fig. 3 a) and b) show the yield quintiles after the buffer areas between plots 
and the areas outside the center pivot system were removed. In this study, however, only the yield data 
points associated with the ECa data points, Fig. 3 c) and d), were included in the subsequent analyses, 
resulting in just over 1,000 points each year. Even with the high degree of soil variability and large areas of 
low clay content, there was not any apparent bias regarding the location of treatments. In both seasons, 
the average clay content was 10% and was not significantly different among the water management 
treatments. 

With the reduced numbers of yield data points, no significant differences among the water management 
treatments were observed in either year (Table 2, Yield only). When Vories et al. (2019) compared the 
larger data sets shown in Fig. 3 a) and 3 b), significant differences were observed in 2016 even though the 
observed yield values were quite similar to those in Table 2. However, they were not able to look at soil 
impact in the larger data sets. When clay content was included as a covariate in the analyses, the 
relationship was very strong (p < 0.001 in both years). Similarly, even with the different randomization of 
treatments and different number of plots, the slopes were approximately the same both years (55 and 52 
kg seed cotton ha-1 increase per 1% clay content in 2016 and 2017, respectively). When the interactions 
with the covariate were included in the analyses, non-significant differences were observed; however, a 
larger clay content data set and additional years of data will be required to determine if the relationship 
actually is different under varying water management schemes.  

With the high degree of spatial autocorrelation associated with yield monitor data, spatial analysis methods 
are essential. While the treatment mean values were very similar with spatial and aspatial analyses, the 
results of the statistical comparisons that did not account for the spatial autocorrelation were quite different, 
with most of the comparisons suggesting significant differences (data not shown). In addition, these data 
were based on harvesting the complete plot areas. Often the equipment necessary for such a study is not 
available and smaller subsets of the plots are harvested for analyses. With the high degree of soil variability 
(Fig. 1) and strong effect of clay content (Table 2), it would be easy to unintentionally bias the results due 
the locations of the harvest plots. Both of these points demonstrate the importance of properly conducting 
studies under conditions of high soil variability and of using appropriate methods for analyzing the results. 
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Fig. 3. Seed cotton yield quintiles (kg ha-1) for study plots for a) 2016 and b) 2017 and for yield associated with ECa points 
for c) 2016 and d) 2017. 

 

Table 2. Seed cotton yield with and without clay covariate. 
Irrigation treatment Seed cotton yield (kg ha-1) 

 Yield only With covariate* 
2016 

ISSCADA 3246 a 3182 a 
Arkansas Irrigation Scheduler 2965 a 2929 a 

Rainfed 2748 a 2706 a 
Clay content, % --- 55.2 

2017 
ISSCADA 2782 a 2759 a 

Arkansas Irrigation Scheduler 2960 a 2959 a 
Rainfed 2447 a 2436 a 

Clay content, % --- 52.0 
* mean values at the median clay content of 9.4%  

Finally, the ability to rapidly collect spatially dense ECa data sets, which can usually provide accurate 
estimates of soil texture, is essential to this and similar research. The 13 April 2016 mobile ECa survey 
resulted in 5,465 data points within the study field and adjoining 5 ha field over the course of a few hours. 
By strategically selecting the locations of the 8 calibration samples, accurate estimates of clay content in 
the top 0.1-m soil layer were derived (Sudduth et al. (2017). Manually collecting and analyzing even 1% of 
those points would be extremely expensive in terms of both labor to collect the samples and laboratory 
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costs to analyze them, and the resulting dataset would be insufficiently dense for analyses such as those 
presented in this paper. 

Conclusion 

This study addressed the impact of variable soil texture on cotton response to irrigation. While a more 
extensive dataset will be needed to thoroughly investigate the interactions, some qualitative observations 
were clear:  

 A strong effect of clay content on cotton yield was observed in both seasons, even without 
significant differences among the water management treatments. 

 Under conditions of high soil variability properly conducting studies and using appropriate methods 
for analyzing the results are essential. 

 Spatially dense soil texture data, accurately estimated from mobile ECa surveys, is increasingly 
important for advances in VRI and other precision agriculture practices. 
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Abstract 

The digitization of agriculture brings with it one significant effect, which is the possibility of data collecting 
about the operation of tractors and connected machines, their storage and transmission. Data collection at 
all levels of agriculture; the use of communication technologies; data processing and interpretation 
represent a new development trend called SmartFarming today eventually Agriculture 4.0. The 
SmartFarming concept can be considered as a way forward for Precision Farming technologies. More and 
more farmers are involved in automated machine monitoring to control employee discipline. On the other 
hand, the potential of the data obtained is much higher. Together with machine position data, machine 
operating mode data are collected. Those data are closely related to fuel consumption, quality of work, 
machine time utilization, economy of operation, as well as environmental aspects of operation. Other 
important indicators are data obtained from connected machines. For the purpose of measurement, key 
tractors of the farm were equipped with monitoring units with CAN bus connections. The data log is started 
and sent to the storage from the moment the key is turned on. Data are collected since 2015. The 
trajectories data set and an overview of the concentration of passes within field are significant indicators of 
machine operation, compiled only on the basis of machine position knowledge. Based on the analysis of 
movement of machines it is possible to optimize the driving trajectory with regard to the shape of the field. 
The following are information about the working speed of the machines, altitude, engine speed and fuel 
consumption. Another source of information is the attached tools behind the tractor, where the individual 
tools were used as contact electrodes for measuring the conductivity of the soil. Data with minimal additional 
costs was obtained by the above methods. On the one hand, the operating data obtained reflects the 
working discipline of the operator; on the other hand it brings a certain image of the variability of the field 
environment. It will be possible to evaluate and enter into a much broader sector and consider the 
agricultural production issues more complexly, taking into account frequently discussed issues such as soil 
compaction or greenhouse gas production.  

Introduction 

Detailed monitoring and data collection, treatment, filtration, analysis and interpretation, modeling, and early 
signaling will help optimize inputs in decision-making processes, control inputs, and support resource 
conservation requirements. Everything is aimed at digitizing production processes and linking individual 
information levels from multiple sources to common databases, connections and functionalities (Van Es & 
Woodard, 2017, Schönfeld, et al., 2018). For the next direction, the term Smart Farming is becoming 
increasingly used as a tool for integrating disciplines. Based on the knowledge gained, information 
technology will connect a wide range of other disciplines, control mechanisms, business strategies, service 
actions or diagnostics (Skobelev, et al., 2019). To some extent, it is possible to talk about transforming the 
real world of objects into a virtual environment and unifying everything in our world under a common 
infrastructure. This demand will also be increasingly supported by external efforts to control the quality and 
origin of foods, reduce agricultural chemistry, reduce environmental and landscape burdens, but also 
deepen the shortage of skilled workers in agricultural primary production. According to (Sundmaeker et al., 
2016) the industrialization of agriculture has expanded a lot in the previous decades. Support for decision-
making that arises from development and research activities is a prerequisite for efficient and 
environmentally friendly farming. Automated process-data acquisition can be the basis for information-
steered agricultural production. In this moment, the mobile farm machines are equipped with sensors, which 
could be used for data collecting during the work (Steinberger, et al., 2009, Pitla, et al., 2016). Wireless 
sensor could be widely applied in various agricultural application and it presents a new direction of research 
in agricultural and farming domain (Ndzi, et al., 2014, Ojha, et al., 2017). Telematics data collection, 
transmission and storage to remote storage, sorting and data management and remote access to this data 
present real form of the developmental directions. The current utilisation of telematics is to innovate and 
modernize the management of agricultural production by monitoring the movement of machines, their 
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timing, position and performance. These technologies are the first step to creating a smart farm. (Carolan 
2017, Pivoto, et al., 2018). 

The goal of this research was to present utilization of data monitoring from machine as a tools for indirect 
mapping of field variability as well as tools for field operation management. 

Introduction 

Machine movement monitoring 

In order to automatic data collection of machine operating data, the farm tractors were equipped with 
monitoring units ITineris (ITinerisInformatikai, Hungary)for continuous collection and transmission of 
information from tractors CAN Bus. All data sets are completed with GPS location data. Data collection 
takes place continuously from switching-on to the switching-off of the tractor switchbox. In this paper, a 
selection of applications is presented. Using GIS applications, it is still possible to work with data. Based 
on machine position information, it is possible to model the machine trajectory. On the basis of the driving 
record, real work trajectories direction of the machines were obtained. In this case, trajectories during 
sowing were collected.  The choice of trajectory was always based on the experience of the operator or the 
tradition of cultivation. However, the complicated shapes of the plots often result in an inadequate choice 
of direction due to the excessive number of turns and non-operational crossings. Another important criterion 
is the respect of drainage lines on land. Another output is the monitoring of passes intensity and 
accumulation of the passes during the season. For the passes intensity determination, the field was divided 
by square grid with the cell 8x8 m and map maps were created from the sum of machinery position records 
in time at a particular place.   

Monitoring of operational data 

The data from the monitoring units was further used for evaluation of the operational indicators. Engine 
speed, working speed and fuel consumption were evaluated. A time series of values was obtained with a 
record interval of 1 s.  

Data filtering was performed before processing. Values larger or less than three times of the standard 
deviation from the mean value were excluded from the initial data set. The time series were smoothened 
during the subsequent modification. 

Use of data from a connected machine 

The connected machine as a data source is presented by measuring the conductivity of the soil by means 
of a galvanic contact method. Measuring electronics, which use principles of electrical resistivity 
measurements, was installed on a modular seeding machine Farmet Falcon (Farmeta.s., Ceska Skalice, 
Czech Republic) with working width of 6 m. As electrodes the narrow chisels of first working section were 
used. These chisels were electrically isolated from the machine frame through rubber segments. Chisels 
allowed contact with the soil during the work only. Speed sets corresponded to normal operating speed at 
which proper work of tools was ensured. Electrodes connection was done according to article of Milson 
(2003), where the mentioned connections are known as Wennerarray. Distance between electrodes was 
0.25 m. Outputs from electrodes were stored onto measuring units together with the GPS position. Storage 
interval was 5 sec. Measuring device was developed on Department of Agriculture Machines and 
Department of Machine Utilization, CULS Prague. 

Data were evaluated by geostatistical methods and presented as maps. Software ArcGIS 10.4.1 (ESRI, 
Red lands, USA), tools GS+ for Windows (Gamma Design Software, LLC, Michigan, USA), and Microsoft 
office (Microsoft Corporation, Redmond, USA) were used. 

Results and discussion 

Automated data acquisition about machine operating modes can be the basis for information-based 
agricultural production. Figure 1 shows a view of the movement of the machine from the moment when the 
tractor's switch box if turned on. In this case, record was transferred to the GIS (Geographic Information 
System) environment. 
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Fig. 1. Record of the machine moving, which was taken by the monitoring unit. 

The shapes of the fields are very variable. Any curvature ration of land increases the number of passes and 
turns. At present (Fig. 2a), it is based especially on the experience of drivers or usual habits of farmers. 
The next step was the modelling of trajectories for individual fields. The OptiTrail (LeadingFarmers, joint-
stock company, Czech Republic) program was used to model the trajectories. For the trajectory calculation, 
the model needs four inputs and parameters, shape of field, which is described by shapefile, working width 
of machines, number of rides at headlands and minimum turning radius. For each plot, a total of 180 driving 
directions were determined with a step of 1°. For the individual trajectories, the lengths of working and non-
working rides, length of transport distance, the number of turns and the length of the rides at the headland 
were calculated. The algorithms attempt to find the shortest possible total path distance for the individual 
machine. Data presents Table 1. Even minimum deviation from optimal route can lead to, in proportion, a 
significant increase of non-working rides and passes. Trajectory model can be, quite easily, transferred into 
the navigation device. Figure 2b shows the model trajectory set as optimal, calculated based on the shape 
of the field.  

According to Fechner (2014), the optimizing of work trajectories has significantly reduced the need for time 
to turning of machines at headlands of small and irregular plots. Table 1 presents the values for each of the 
driving phases for the given plot example. Larson (2016) demonstrates the significant impact of the shape 
and size of the plot on the effectiveness of application technics. 

 

 

 
Fig. 2. Selected field with recorded real direction of machine work trajectories (a, left) and modelled trajectories (b, right). 

 

 



150 
 

Table 1. Model values of travel lengths based on the real azimuth of the rides and lengths of passes modelled for optimal 
trajectories. 

 
Field Azimuth Total 

length of 
rides [m] 

Length of 
working 
rides [m] 

Length of 
turns [m] 

Number 
of turns 

Length of 
headland 
rides [m] 

Transport 
[m] 

Working and 
nonworking 
rides ratio 
 [%] 

Model of real 
trajectory  

 
165° 21,561.24 15,800.06 2,402.14 73 3,359.04 0.00 11.2 

Model of 
optimal  

trajectory  
45° 20,817.41 15,845.98 1,612.39 49 3,359.04 0,00 10.2 

 

Figure 3 interprets the statement: “Soil compaction phenomenon is connected with number of machinery 
passes but also with time exposure of soil surface to contact pressure” (Bakker and Davis 1995). It shows 
places with different traffic intensity and also with different time exposure of soil to the machinery load. The 
map was created using all inputs that took place between 2016 and 2017. The inputs were soil cultivation, 
seedbed preparation, sowing, fertilizing, plant protection, harvesting and grain deposition. 

 
Fig. 3. Map characterising intensity of traffic and time spent at a certain area. 

In terms of control data, interesting data are available about the working mode of the tractor itself or its 
engine. In this case the role of the machine operator plays an important role, his responsibility and the 
knowledge of the engine operating mode. We are directly connected with the economy of the operation of 
the kit, expressed via the consumption of fuel. Machine monitoring becomes an instrument to control and 
improve the situation from the perspective of the economical utilisation of work tools. Figure 4 provides a 
graphical record of engine speed during the ploughing of the field. The quality of work operations, but also 
the energy consumption during the work, is associated with the working speed of the tractors (Figure 5). 
Recording of the work speed can also be used as a control tool and a document of properly conducted 
work with respect to the recommended working speeds of the machines. 

 
Fig. 4. Recording of the engine speed of the tractor.      Fig. 5. Recording of the working speed of the tractor. 

Significant information from the machine operation record is fuel consumption. If we add the data about fuel 
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consumption to the other inputs during the season and the yield map, we will get a completely different view 
of the economics of the individual plots and their parts. The record of fuel consumption during soil 
preparation is shown in Figure 6. 

 

 
Fig. 6. Map of the fuel consumption during soil preparation.                  Fig. 7. ECa maps of kriged estimates. 

As Steinberger, et al. (2009) refer that modern farm machinery with installed sensors could collect a large 
amount of data during field operation. Indirect measurement of soil properties thus have many promising 
applications, which should be further developed and improved.  The soil conductivity map (Fig. 7) shows 
the output form platform located on the seed drill. As it states, for example Fortes et al., 2015 or Moral et 
al., 2010, measurement of the electrical conductivity of the soil is suitable for detection of many soil 
parameters and variables description.  

Conclusion  

Variability of soil properties on the soil block is a fundamental factor determining the boundary conditions 
for the cultivation of field crops, but also fundamentally modifies the level of risks associated with the 
negative impact of agrotechnical measures on the soil. The results present tractors and equipments as 
possible data collection tools. Due to the details of the record, we get to the scale, presenting the working 
width of each machine.The presented results represent a very small part of the data obtained. The main 
priority of the next work will be the preparation of automatic administration and interpretation of data for 
their further use.  
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Abstract 

Bulk apparent soil electrical conductivity (ECa) is the most widely used soil sensing modality in precision 
agriculture. Soil ECa relates to multiple soil properties, including clay content, water content, and salt content 
(i.e., salinity). In general, ECa sensors respond to soil conductivity down to a sensor-dependent 
measurement depth, weighted by a nonlinear response function. Although multi-channel commercial ECa 
sensors give information about multiple depths, additional processing is required to derive conductivity for 
specific, discrete depths that can then be related to texture or other soil properties. Therefore, the purpose 
of this research was to evaluate the accuracy of discrete-layer soil texture estimates from multi-channel 
ECa sensing. Mobile ECa data were collected for ten Missouri, USA fields from 8 to 35 ha in size and 
containing a range of soil types, ranging from predominantly sand to predominantly clay.  Profile ECa data 
as a function of depth were obtained at between 8 and 20 locations within each field using an instrumented 
penetrometer. Simultaneously, soil cores to 1 m depth were obtained at those same locations, segmented, 
and analyzed for texture. Commercial ECa inversion software was used to extract layer conductivities on 
0.1-m increments. Those layer conductivities were validated against the measured penetrometer ECa. The 
good results obtained across all fields (R2 ≥ 0.75) provided confidence in the accuracy of the inversion 
process. Inversion-based and measured conductivities were then related to the measured texture data. 
Results were not good for claypan-soil fields, where cations, especially Mg, were more strongly related to 
ECa than was clay. Better results were obtained when data were merged for all other fields, with measured 
ECa providing slightly better results (R2 = 0.84, RMSE = 5.7 % clay) than inversion-estimated layer ECa (R2 
= 0.81, RMSE = 6.2 % clay). These findings show that it is possible to provide accurate mapped estimates 
of discrete-layer soil texture using multi-channel ECa sensors. These texture estimates can then be used 
as input data for spatially-explicit crop and environmental modelling. 

Introduction  

Efficient and accurate methods of measuring spatial variations in soil properties are important for precision 
agriculture. Mobile measurements of apparent soil electrical conductivity (ECa) have become widely used 
to map soil variability. Soil ECa responds to a number of important soil physical and chemical properties. 
While in saline soils most of the variation in ECa can be related to salt concentration (Williams and Baker, 
1982), variations in non-saline soils are primarily a function of soil texture, moisture content, bulk density, 
and CEC (Corwin and Lesch, 2005). A model describing the relationship between ECa and soil properties 
was developed by Rhoades et al. (1989), whereby ECa was defined as a function of soil water content, the 
electrical conductivity of the soil water, soil bulk density, and the electrical conductivity of the soil particles.  

A basic application of ECa data is to provide qualitative information on soil spatial variability. Such 
information may help guide soil mapping and assist producers in establishing within-field management 
zones. In a more quantitative application, ECa may be calibrated to, and used to map, variations in soil 
parameters such as salinity, texture, or moisture. However, such calibration is complicated because ECa 
sensors respond to the true bulk soil conductivity (EC) down to a sensor-dependent measurement depth, 
as weighted by a nonlinear response function (Sudduth et al., 2005).  

In some applications, such as providing spatial data for crop or environmental modelling, the goal may be 
to use ECa to estimate physical or chemical properties in specific soil layers. If two or more ECa 
measurements with different depth response functions are available, then mathematical inversion of the 
theoretical models of ECa instrument response can be used to reconstruct the EC in different layers of the 
soil profile. Those layer EC values can then be calibrated to layer soil properties. Some inversion solutions 
(e.g., Hendrickx et al., 2002; Triantafilis and Monteiro Santos, 2010) have used data from an ECa sensor 
held at multiple heights above the ground at each sampling point. Practical application of such approaches 
for mobilized mapping of large areas is obviously limited. The alternative approach investigated in this study 
was to apply the mathematical inversion process described by Monteiro Santos et al. (2010) to data from 
an instrument that provided the required multiple readings simultaneously while traversing a field.  
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The goal of this research was to evaluate the use of an inversion approach to estimate layer soil properties 
for several fields in Missouri, USA. Specific objectives were to: 

 Implement an inversion solution to extract layer EC values,  

 Validate layer EC values using data obtained with an ECa sensing penetrometer, and 

 Use layer conductivities to estimate soil clay content.  

Materials and Methods 

Data were collected on ten crop production fields (8 to 35 ha) in Missouri, USA (Figure 1). Four were within 
the Central Claypan Major Land Resource Area (MLRA). Claypan soils are strongly layered and are 
distinguished by a greater than 50% increase in clay from topsoil to subsoil horizons. Topsoil textures were 
silt loam to silty clay loam, while the subsoil claypan horizons contained as much as 50 to 60% clay. Within-
field differences in topsoil depth above the claypan (< 0.1 m to > 1.0 m), coupled with the marked difference 
in clay between topsoil and subsoil often lead to large differences in profile clay content (Sudduth et al., 
2003). Four fields were within the Southern Mississippi Valley Alluvium MLRA, where the combination of 
alluvia and seismic activity has resulted in highly variable soils, ranging from sand to clay, often within a 
single field. Two fields were within the Deep Loess Hills MLRA, characterized by deep, medium textured 
soils that in general are less variable than in the other two MLRAs. 

 
Figure 1. Location of 10 study fields in Missouri, USA. A=alluvial fields, B=deep loess hill fields, C=claypan fields. 

Mobile ECa data were collected using the Veris 3100 and/or MSP systems (Veris Technologies, Inc., Salina, 
KS, USA). The six rolling coulter electrodes of the Veris 3100 allow it to collect two simultaneous ECa 
datasets, a shallow reading (Vsh) with 90% of the response from the soil profile to a 0.3 m depth and a 
deep reading (Vdp) with 90% of the response from the soil profile to a 1.0 m depth (Sudduth et al., 2003). 
The MSP3 system includes optical and pH sensing; however the ECa sensing components are functionally 
similar to the 3100 with some differences in spacing of the coulter electrodes (and therefore in theoretical 
depth response functions) to accommodate the additional sensing elements. Additional details on the 
configuration and operation of the electrode array can be found in Barker (1989). Soil ECa in milliSiemens 
per meter (mS m-1) was recorded on a 1-s interval along transects nominally spaced 10 m apart. Although 
our goal was to collect data with both ECa sensors at each of the ten fields, logistical problems meant that 
MSP data were obtained for nine fields and 3100 data for eight fields.  

Within several days of mobile ECa data collection, profile ECa data were obtained with a Veris P4000 probe. 
This probe measured soil spectral reflectance through a sapphire window, ECa from dipole contacts, and 
penetration resistance from a load cell force sensor; however only the ECa data were used in this study. 
Measurements were obtained at a nominal 20 Hz rate as the probe was hydraulically pushed into the soil 
to at least 90 cm depth. Output data were an average of 25 raw measurements and were obtained on 
approximately 4 to 7 cm depth increments depending on insertion speed of the probe. These profile ECa 
data were obtained from 7 to 19 calibration locations within each field that were chosen to cover the range 
in mobile ECa data values obtained. Soil texture data (sand, silt, and clay fractions) from laboratory analysis 
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were available by soil horizon for the calibration locations, with the exception of one claypan field. A more 
complete dataset including soil chemical properties was available only at two claypan fields.  

Veris ECa data were inverted using the invVERIS software package (EMTOMO, Odivelas, Portugal). This 
software uses a spatially-constrained one-dimensional (i.e., depth) inversion algorithm as described by 
Monteiro Santos (2004) and Monteiro Santos et al. (2011) to generate a quasi-3D solution that can be 
mapped as EC values of discrete depth slices. The software requires input of the usual X-Y-ECa data 
collected in a field survey along with auxiliary information including dimensions of the electrode array, initial 
condition estimates of layer EC, and a damping factor used in the iterative solution. Multiple software runs 
were done for each dataset, adjusting initial conditions and damping factor to optimize the model fit. Then, 
layer conductivities on a 0.1 m depth increment were output from the software and values coinciding with 
the calibration locations were extracted.  

Inversion model performance was validated by comparison of these data with ECa data measured by the 
Veris P4000 at those same locations and averaged to the same 0.1 m increments. Finally, layer EC values 
at the calibration locations were related to clay content using linear regression. Depth-weighted averaging 
was used to convert clay content measured by horizon to a 0.1m depth increment. 

Results and Discussion 

Maps of Vdp ECa data for two of the study fields (Figure 2) show the typical extent of spatial variability 
present. The highest and most variable ECa was found in the one alluvial field that was mostly clayey (Field 
9; Table 1), with the four claypan fields having the next highest means and standard deviations in ECa. The 
three alluvial fields that were more sandy (Fields 1, 2, and 4; Table 1) exhibited low mean ECa but a 
significant amount of variability. The two loess fields were considerably different, with one having moderate 
mean ECa and variability and the other having the least variability in ECa of all fields.  

 
Figure 2. Maps of deep (0 – 1.0 m) ECa for Fields 4 and 9, showing typical ranges of spatial variability.  

Inversion solutions were quantitatively validated by linear regression against measured ECa profiles from 
the Veris P4000 probe at the calibration points (Table 1). For two fields (Fields 3 and 10), better results 
were obtained by removing data from the top 0.1-m increment. In those cases the surface soil was loose 
and relatively dry at the time of P4000 data collection, and P4000 ECa was much lower than inversion-
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estimated EC in the surface 0.1 m (Figure 3). Thus, this difference was attributed to measurement issues, 
not problems with the inversion process. For Field 3, data were also truncated to a 0.7 m depth as actual 
and inversion-estimated conductivity strongly diverged below that depth. Perhaps the much higher ECa at 
this field (Table 1), which would cause a reduced response depth, (Barker, 1989) led to a poorer inversion 
solution at greater depths.  

Table 1. Validation statistics for ECa inversion results for different fields and sensors 

Field Soil region 
Mean and (Std. Dev.) of 

P4000 ECa (mS m-1) 
Veris 3100 inversion Veris MSP inversion 

r2 RMSE (mS m-1) r2 RMSE (mS m-1) 

1 Alluvial 14.5 (9.6) 0.36 6.3 0.27 5.2 
2 Alluvial 12.4 (9.2) 0.60 4.6 0.76 3.7 
3* Alluvial  75.8 (31.7) -- -- 0.86 18.0 
4 Alluvial 11.9 (9.7) -- -- 0.78 4.1 
5 Loess hills 19.3 (5.2) 0.16 7.4 0.50 7.7 
6 Loess hills 29.7 (11.6) 0.57 7.7 0.78 5.8 
7 Claypan 37.8 (20.0) 0.70 9.5 -- -- 
8 Claypan 32.5 (13.7) 0.66 6.1 0.68 6.6 
9 Claypan 29.3 (16.1) 0.76 8.5 0.76 8.5 

10* Claypan 37.6 (19.2) 0.78 8.4 0.77 8.9 
Overall  29.7 (20.9) 0.75 8.7 0.81 9.1 

  * Results are with a truncated depth range of 0.1 – 0.7 m for Field 3 and 0.1 – 0.9 m for Field 10 (see text for details).  
 

 
Figure 3. Relationship of inversion-estimated to measured layer conductivities at Field 10, showing greater divergence for 

data in the 0 – 0.1 m depth layer that was attributed to loose soil due to tillage just prior to sensing. 

For fields where both 3100 and MSP data were collected, the relationship to measured P4000 ECa was 
similar, or in some cases better with the MSP data. The reason for this was not determined, but may have 
been related to the slightly different geometry of the two sensor arrays. The two fields with relatively poorer 
inversion results (in terms of r2) were Field 1, which had the most small-scale variability that perhaps was 
difficult to handle with the inversion process, and Field 5, where the variation in measured ECa was 
considerably less than in any other field. Even so, the RMSE values for these fields were similar to those 
obtained for the other fields. Additionally, the relationship of inversion-estimated to measured data was 
consistent across all fields, with overall r2 ≥ 0.75 when all data were pooled (Table 1). 

Soil clay fraction was estimated by 0.1-m layer for all except Field 8, using linear regressions on P4000 
measurements and inversion-estimated conductivity values (Table 2). Best P4000 clay estimates were 
obtained for the alluvial fields, followed by the loess fields. Clay estimates for the claypan fields were poor, 
with r2 ≤ 0.28 and highest RMSE values. Estimates based on inversion data were less accurate than those 
based on P4000 data in almost all cases, although the magnitude of the difference was quite variable. 
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Inversion-based clay estimates were good for three of the four alluvial fields (r2 ≥ 0.58), while they were 
poor for the claypan fields and one loess field (r2 ≤ 0.32). These results suggest potential for ECa inversion 
results to be used for layer texture estimation on alluvial soils, subject to verification at additional field sites. 
In contrast, clay fraction estimation based on layer conductivities was not successful for the claypan fields. 
Overall, clay was estimated with r2 = 0.39 to 0.58 by regression on the three conductivity datasets (Table 
2). When the claypan soil fields were removed from the regression, results were much better (Figure 4) for 
P4000 ECa data (r2 = 0.84) and MSP inversion-estimated conductivity (r2 = 0.81). Results were not improved 
as much for 3100 inversion-estimated data due to that data being available for fewer fields (Table 2).  

Examination of ECa-depth profiles on claypan soils showed that deeper soil layers exhibited a higher than 
expected ECa for their clay content, suggesting that another soil variable was confounding the ECa-clay 
relationship. Data were pooled for Fields 9 and 10, where a more complete dataset was available, including 
cations, pH, cation exchange capacity (CEC), organic C and paste EC. Correlation analysis showed that 
the following were more strongly correlated to all ECa datasets than was clay content: Ca, Mg, Na, K, CEC, 
and organic C. The strongest correlations were with Mg, with r = 0.88 for P4000 data, r = 0.81 for MSP 
data, and r = 0.76 for 3100 data. These relationships will require further investigation before ECa can be 
used to reliably estimate layer texture on claypan soils. 

Table 2. Statistics for soil clay content estimation using different ECa data sources 

Field 
P4000 measured data 3100 inversion estimate MSP inversion estimate 

r2 RMSE (%) r2 RMSE (%) r2 RMSE (%) 

1 0.66 4.3 0.35 5.9 0.30 6.1 

2 0.61 4.8 0.58 5.0 0.70 4.3 

3 0.84 8.2 -- -- 0.67 11.9 

4 0.74 3.5 -- -- 0.62 4.3 

5 0.52 3.5 0.06 4.9 0.29 4.3 

6 0.44 3.5 0.37 3.8 0.42 3.6 

7 0.28 10.3 0.32 9.9 -- -- 

8 --* -- -- -- -- -- 

9 0.21 11.6 0.06 12.6 0.16 11.9 

10 0.22 10.1 0.22 10.1 0.25 9.9 

Overall 0.57 10.0 0.39 10.6 0.58 10.2 

No claypan** 0.84 5.7 0.51 5.8 0.81 6.2 

 *Data not available; **Regression without Fields 7, 8, 9, and 10. 

Conclusions  

In this study, a model inversion approach was used to calculate soil layer conductivities for estimation of 
soil clay fraction.  

 The invVERIS commercial software package was generally successful in generating reasonable layer 
EC values. Iterative adjustment of initial conditions and other input parameters was required at times 
to obtain best results. 

 Layer EC data were validated by comparison with field data from an ECa-sensing penetrometer. Strong 
linear relationships (r2 ≥ 0.68) were obtained for all but two of the fields investigated, although it was 
sometimes necessary to truncate the depth range because of site-specific sensing limitations. 

 Layer EC data successfully estimated soil clay fraction for three of the four alluvial fields examined. 
This was not the case for a claypan soil field where soil cation variation more strongly affected the EC 
response. Magnesium (Mg) was the cation most highly correlated with layer EC data for the claypan 
fields. 
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Figure 4. Regressions estimating layer clay content as a function of P4000 measured EC (left) and MSP inversion-

estimated EC (right), developed from non-claypan field data (filled circles). Claypan field data is also included as open 
circles, showing large under-estimations of clay content at some depths in claypan soil fields. 
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Abstract 

Rapid and efficient monitoring of chemicals in soil and hydroponic solutions is fundamental to establish 
variable-rate fertilization strategies. The high cost and long delays of conventional testing methods based 
on on-site sampling and laboratory analysis to determine the nutrient status in agricultural samples have 
limited their use in efficiently applying fertilizers. The goal of this study was to develop an on-site ion 
monitoring system consisting mainly of a micro control unit (MCU)-based embedded board and a sensor 
array of multiple ion selective electrodes (ISEs) to measure the concentrations of macronutrients in 
hydroponic solutions and soil extracts. Prior to each sample measurement, a two-point normalization 
method was applied for a sensitivity adjustment followed by an offset adjustment to minimize the potential 
drift that could occur during continuous measurement and standardize the response of multiple electrodes. 
The predictive capability of the NO3 and K ISEs in paprika hydroponic solutions were satisfactory, showing 
results in close agreement with the results of standard analyzers. However, the sensitivity of the Ca ISE 
based on Ca II ionophore was reduced at higher concentrations, underestimating the Ca concentrations by 
56% with a relatively low coefficient of determination. In Bray P1 solution, the responses of the cobalt 
electrodes were considerably reduced at the phosphate concentration range of > 10-2 M whereas the 
responses were satisfactory in Kelowna solution, showing a detection limit of ~10-4 M. However, there were 
no distinct differences in EMFs in the concentration range of 10-6 to 10-4M.  

Introduction 

Recently, there has been an increasing need for recirculating and reusing nutrient solutions in closed 
growing systems as a means of reducing the cost and minimizing the environmental impact of hydroponic 
systems, such as soil and water pollution induced by the used nutrient solutions (Jung et al., 2015; Rius-
Ruiz et al., 2014). Efficient monitoring of nutrients in soil and hydroponic solutions, using real-time, on-site 
methods, could allow accurate estimation of required rates for variable-rate fertilizer application in 
agricultural fields and greenhouses. 

Current practices for monitoring the ion concentrations in hydroponic solutions are typically based on the 
measurement of electrical conductivity (EC) using a portable EC meter. However, a problem with this 
practice is that EC measurements provide no information on the concentration of individual ions, thereby 
limiting the ability to effectively replenish the ions that are deficient for crop growth. The need for such ion 
sensing for field and greenhouse use has led the use of ion-selective electrode (ISE) to selectively the ions. 
Among the advantages of the ISE technology over current analytical methods (e.g., spectroscopic 
techniques) are simplicity of use, direct measurement of the analyte, sensitivity over a wide concentration 
range, low cost, and portability.  

The use of an embedded system technique based on microcomputers is advantageous in designing an on-
site nutrient analyzer with an array of sensors, as compared to a PC-based system, because of the 
capability to reduce the size and production cost of the system while maintaining its reliability and 
performance (Kim et al.,2017a). Currently, most of the commercial portable analyzers based on ISEs, such 
as pH meters, are operated on such an embedded system. However, the accuracy of the determination of 
nutrient concentrations is strongly affected by the signal drift and reduced sensitivity over time, which could 
be caused by manual calibrations, sampling, and the maintenance involved in the operation of ISEs (Kim 
et al., 2017b; Rius-Ruiz et al., 2014; Vardar et al., 2015). 

The ultimate goal of this study was to develop an ISE-based embedded system based on automatic 
sampling and calibration that could measure the concentrations of macronutrients in hydroponic solutions 
and soil extracts in real time. In this article, we report on the results obtained from two different research 
activities toward that goal. One was a validation test of the on-site hydroponic nutrient monitoring system 
to investigate its feasibility for simultaneous measurement of NO3, K, and Ca ions in hydroponic solutions. 
The other was a fundamental performance test of cobalt rod-based P electrodes to study the effect of 
hydroponic and soil extracting solutions on their sensitivity responses.   
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Materials and Methods 

Preparation of Ion-Selective Electrodes 

For the measurement of NO3, K, and Ca ions in solutions based on ISEs, three different PVC-based ion-
selective membranes were prepared using the compositions shown in Table 1. The NO3 and K membranes 
were formulated following the procedures reported in our previous studies (Kim et al., 2013a; 2013b; 
2017b). Chemical compositions for Ca ISE were prepared according to the methods described in a previous 
study (Schefer et al., 1986).  

Disk membranes with a diameter of 2.5 mm were attached to the ends of plastic bodies of 44 mm length 
using tetrahydrofuran (THF) solvent after evaporated 24 hours at room temperature. The NO3, K, and Ca 
ISEs were filled with 0.01M NaNO3 + 0.01M NaCl, 0.01M KCl, and 0.01M CaCl2 as an internal solution, 
respectively. The Ag/AgCl electrode prepared by coating a 99% silver wire with a diameter of 1 mm with 
Ag/AgCl ink (model 01164, ALS Co., Japan) was immersed as the inner reference electrode. For sensing 
phosphorus, 99.95% purity of cobalt electrodes were prepared according to procedures reported by (Kim 
et al., 2007; Xiao et al., 1995). A double junction glass electrode (Orion 900200, Thermo Fisher, MA, USA) 
was utilized as the reference electrode. 

Table 1. Chemical compositions of the NO3, K, and Ca ISE membranes prepared in the study.[a] 

 NO3 
Composition 

(wt%b) 
K 

Composition 
(wt%b) 

Ca 
Composition 

(wt%b) 

Ionophore TDDA 4.0 Valinomycin 2.0 
Calcium 

ionophore Ⅱ 
1.0 

Plasticizer NPOE 67.75 Dos(Bis) 64.7 NPOE 65.6 

Matrix PVC 28.25 PVC 32.8 PVC 32.8 

Additive   KTpClPB 0.5   

Inner solution 0.01 M NaNO3 + 0.01M NaCl 0.01M KCl 0.01 M CaCl2 

a TDDA = tetradodecylammonium nitrate, DOS = bis(2-ethyhexyl) sebacate, NPOE = 2-nitrophenyl octylether, PVC = high-molecular-

weight polyvinyl chloride, and KTpClPB = potassium tetrakis(4-chlorophenyl) borate 

b wt% - percentage by weight 

Development of the ISE based embedded system  

A prototype of an ISE-based embedded system developed in this study mainly consisted of a combination 
of six N, K, and Ca ISEs (two of each electrode), a double-junction reference electrode, a solution container, 
a sampling system using three pumps and solenoid valves, a signal processing circuit, and an Arduino 
board for data acquisition and system control. The block diagram that shows the components and 
connection of the system is shown in Fig. 1.  

The system could perform automatic sampling and normalization by variably controlling the pumps and 
valves to fill and empty the container with normalization solutions and test samples. The ISE analog input 
signals were obtained using a differential amplification circuit consisting of operational amplifiers for voltage 
following and low-pass filtering. The EMF data of the ISEs data were stored on an SD memory card installed 
in the Arduino board. 
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Fig. 1. Block diagram of the ISE-based embedded system that shows the connectivity of each sub-system.  

An automatic measurement mechanism was designed in conjunction with a two-point normalization method 
of NO3, K, and Ca ions (Fig. 2). The two-point normalization method was implemented based on a sensitivity 
compensation followed by an offset to minimize the EMF signal drifts. Figure 2 shows the sequence of the 
embedded system that contains the two different operations: two-point normalization and sample 
measurement, which include sampling, low-high normalization solution pumps, drainage performed using 
solenoid valves.  

     

Fig. 2. Flow chart for the sequence of the ISE-based embedded system (left) and View of the prototype measurement 
system. (A : the system controller;  B : Pumps for normalization and sample solutions; C : Sample holder and sensor 

array; D : Low and High normalization solutions; E: Drainage tank). 

Laboratory tests 

The tests were conducted to examine the feasibility of using the developed embedded monitoring system 
for detecting NO3, K, and Ca ion concentrations in hydroponic solutions. Prior to sample measurement, the 
two-point normalization was performed using the low and high normalization solutions prepared using 
original Yamazaki’s (1982) hydroponic solution (46 and 569 mg/L of NO3 and 25 and 251 mg/L of K, and 
15 and 157 mg/L of Ca for low and high concentrations, respectively) to determine the slope and offset 
values of the electrodes prior to sample measurement. Five samples with different concentrations of the 
three ions prepared were measured using the prototype monitoring system. The actual concentrations were 
determined in a standard testing laboratory (National Instrumentation for Environmental Management 
(NICEM), Seoul, South Korea). The EMFs measured with all individual ISEs were normalized and the 
calibration equations stored in the board were then applied to the normalized EMFs to estimate the 
concentrations of each ion in samples.  

To investigate the effect of base solutions on the sensitivity responses of cobalt rod-based electrodes to 
different phosphate concentrations, a paprika hydroponic solution titrated to pH 4 with 0.025M KHP solution 
and two different soil extracting solutions, i.e., Bray P1 (0.025M HCl + 0.03M NH4F, pH 2.5) (Brown, 1998) 
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and Kelowna extractants (0.25M CH3COOH + 0.015M NH4F, pH 3.2) (Lierop and Gough, 1989) were used 
as the base solutions. The cobalt electrodes were immersed in distilled water for 20 min and additionally 
conditioned with the tested solutions for 20 min prior to sample measurement. The responses of the cobalt 
rod electrodes to the base solutions containing varying amounts of KH2PO4 ranged from 10-6 to 10-1 M were 
measured.  

Results and Discussion 

Figure 3 compares the NO3, K, and Ca concentrations determined by the ISEs and standard analyzers 
when the five samples with different concentrations were measured. The ISE data were obtained from three 
replicate measurements of each step. There were highly linear relationships between the concentrations of 
the NO3 and K determined by the embedded system and standard analyzers, with slopes closes to unity 
and high coefficient of determination (R2) of 0.99, supporting the reliability of the ISE-based embedded 
system to measure concentrations of NO3 and K ranging from 50 to 1,000 mg/L in the hydroponic solution. 
On the other hand, the laboratory-made Ca ISE underestimated the Ca concentrations by 56% with a 
relatively low coefficient of determination (0.84), implying that the Ca ionophore II fabricated in the Ca 
membrane would not be suitable for sensing the Ca ion.  

 

 
Fig. 3. Comparison of ion concentrations determined by the ISE-based embedded system and by standard analyzers.  

Figure 4 compares the EMF responses of three cobalt rod-based electrodes to varying KH2PO4 
concentrations ranging from 10-6 to 10-1 M when tested in the paprika solution and two soil extractants. In 
the paprika solution, in the concentration range of 10-5 to 10-1 M, the cobalt electrodes showed sensitive 
responses to different KH2PO4 concentrations with an almost constant slope (45 mV/decade). However, 
high variations in EMF values were observed over the tested concentration range, yielding poor 
repeatability in EMF measurements. When tested in the soil extractants, even though the EMF responses 
of the cobalt electrodes were sensitive in the concentration range of 10-2 to 10-1, in Bray P1 solution, the 
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response slopes were considerably reduced as compared to those measured in Kelowna solution. 
Eventually, changes in the EMFs obtained with the cobalt electrodes in the phosphate were almost 
diminished (<30 mV) in the concentration range of 10-6 to 10-2 mole/L, implying that the cobalt electrode 
would not usable for sensing phosphate in Bray P1 solution. In the Kelowna solution, the sensitivity response 
with a detection limit of ~10-4 M would encompass the typical range of soil phosphorus concentrations 
measured in agricultural fields. However, there were no distinct differences in EMFs in the concentration 
range of 10-6 to 10-4M.  

(a)  

(b) (c)  

Fig. 4. Response of cobalt rod-based electrodes to different KH2PO4 concentrations in (a) paprika hydroponic solution, (b) 
Kelowna extractant, and (c) Bray P1 extractant.  

Conclusion 

Using an ISE-based embedded system based on automatic sampling and normalization, it was possible to 
measure NO3, K, and Ca ions in paprika hydroponic solutions in real time. The predictive capability of the 
NO3 and K ISEs were satisfactory, showing results in close agreement with the results of standard 
analyzers. However, the sensitivity of the Ca ISE based on Ca II ionophore was reduced at higher 
concentrations by underestimating the Ca concentrations by 56% with a relatively low coefficient of 
determination. In Bray P1 solution, the responses of the cobalt electrodes were considerably reduced at the 
phosphate concentration range of > 10-2 M whereas the responses were better in Kelowna solution, showing 
a detection limit of ~10-4 M. However, there were no distinct differences in EMFs obtained in the 
concentration range of 10-6 to 10-4 M. Future work will attempt to enhance the sensitivity of the Ca ISE by 
using new material as a Ca ionophore as well as to investigate the applicability of using cobalt electrodes 
for sensing phosphate in Kelowna-based soil extracts obtained from Korean soils.   
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The Role of Proximal Soil Sensing in Agricultural Big Data 

J. Alex Thomasson 
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Precision agriculture requires data, analysis, and action, and soils data are one of the most important data 
components.  Since the dawn of precision agriculture, advances in numerous technologies have expanded 
the opportunities and challenges for its benefit on-farm.  Global-positioning systems have become more 
numerous and precise.  Mechatronic technologies have advanced, enabling numerous tasks like variable-
rate applications and headland management operations to be conducted autonomously.  Robotic 
technologies are now emerging with capabilities for fully autonomous mobile vehicles to conduct specific 
tasks like spraying and harvesting.  Unmanned aerial vehicles have begun to enable high-resolution 
mapping of crop conditions.  Developments in sensing technologies have consistently progressed, including 
in soil sensing.  The advent of these technologies has roughly paralleled the growth of artificial intelligence 
(AI) for analyzing very large sets of data, faster computing to enable the massive numbers of calculations 
required for AI, and modern communication systems for moving the datasets.  Precision-agriculture data 
include static and historical data (soils data are in both categories) that enable AI-based analytical models 
to be generated, and dynamic data that determine what current actions should be taken.  The presentation 
will relate proximal soil sensing to (a) trends in big data, including faster computing capabilities and higher 
data-transmission bandwidth in rural areas; (b) things that are lacking for the beneficial use of big data, 
including accuracy, accessibility, usefulness, portability, clear return on investment, etc.; and (c) the fusion 
of datasets at different spatial and temporal scales. 
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Abstract 

Issues of water use efficiency associated with storage reservoirs are problematic, because leakage has led 
to point source salinization in some areas in some irrigated cotton areas. Information about the areal 
distribution of clay is therefore necessary to understand where existing water storages may be better 
relocated. We show how electromagnetic (EM) induction data from a reconnaissance survey of EM38 and 
EM34 instruments can be used with EM inversion (EM4Soil). This is because the collected apparent 
electrical conductivity (ECa – mS/m) can be inverted to estimate true electrical conductivity (  – mS/m) and 
correlated with clay. The first aim was to develop a quasi-two-dimensional (Q-2D) model, to develop a linear 
regression (LR) between  and clay collected from 10 soil sample locations to a depth of 12 m, along a 
single transect. This was achieved with an LR equation of the form 	 	22.12	 	0.2  with a good 
correlation coefficient (R2 = 0.74). The second aim was to use the LR to predict clay using a Q-3D model 
developed from EM38 and EM34 ECa collected on an approximate 0.5-1 km grid across 50,000 ha. A 
validation set of clay, collected from 34 soil sample location, indicated a good concordance was achieved 
(Lin’s = 0.80). We conclude the approach provides useful information on a reconnaissance scale and 
indicates where more detailed information may be collected to confirm problematic areas. In addition, 
locations can be identified where more suitable locations can be investigated. To better resolve the areal 
short scale variation and where the present and prior streams are juxtaposed against the clay alluvial plain, 
more ECa data should be collected. To improve resolving the depth of clay and underlying migrational 
channels, ECa from a DUALEM-421 instrument could also be collected and used in inversion modelling.  

Introduction 

The issue of water security is increasingly problematic in various highly productive irrigated cotton growing 
areas of central and northern New South Wales, Australia. This is because of growing community 
expectation for environmental water flows and demand from mining. Moreover, climate change models 
forecast southeast Australia will see increasing temperatures and decreasing precipitation (Dai, 2013). This 
means there will be less water available for competing interests, including irrigation. Proper management 
of the water resource and the off-river requirement to store the water on irrigated cotton farms necessitates 
an evaluation of the efficacy of the water storage reservoirs, existing and planned. In this regard, information 
of not only the spatial distribution of clay content across the landscape but the depth of clay is necessary 
(Triantafilis et al., 2004). This is because the deep drainage risk is the largest where the clay percentage, 
among other soil properties, in less than 40% (Triantafilis et al., 2003). Collecting the necessary soil 
samples to depths of up to 12 m and conducting the required analysis for particle size determination is time-
consuming and labour expensive. This is exacerbated by the variable nature of the landscape laterally and 
vertically. 

Electromagnetic (EM) induction instruments have been shown to provide fast and easy to acquire 
measurements of apparent soil electrical conductivity (ECa – mS m-1). In the absence of large variability in 
other soil properties know to influence ECa, such as salinity, moisture and mineralogy, the ECa can be 
related to clay (Hendrickx et al., 2002; Herrero et al., 2003; Hedley et al. 2004; Muzzamal et al., 2018). To 
develop more detailed and continuous profile information to depths of up to 12 m, more robust EM inversion 
modelling would be appropriate.  

Materials and methods 

Study Area 

The study area is centred on the township of Ashley, located in the Gwydir valley in northern NSW, 
Australia. Owing to the hot summers and availability of water from Copeton Dam, irrigated cotton 
(Gossypium sp.) production is carried out in rotation with wheat (Tritium sp.) and legumes (Dolichus sp.). 
Another factor is the almost ubiquitous clay floodplain (85%), characterized by Vertosols (Isbell, 2002).  
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However, Stannard and Kelly (1968) also identified prior stream formations and levee deposits of present-
day streams, which occupy 15% of the landscape (Needham 1991). The soil types vary greatly over short 
distances and include deep sands (Red-Orthic Tenisol), shallow transitional red-brown earth (Red 
Chromosol) and brown soils with texture boundaries (Brown Chromosol). The latter dominant and consist 
of light-textured surface horizons that overlay medium to heavy clays (Murray-Darling Basin Commission, 
1999). The subsoil of prior streams may be a remnant of medium- to the heavy-textured material or may 
grade into the      material at depth.  

Data collection and processing 

In all, 1516 measurement sites were visited on an approximate 0.5 km spacing in irrigated areas and 1 km 
in dryland areas. The two EM38 and three EM34 ECa data were interpolated across the study area onto a 
common 200-m grid. Ostensibly this was to enable the development of a Q-2D inversion model to develop 
an electromagnetic conductivity image (EMCI), which could be used to establish a calibration relationship 
between estimates of the true electrical conductivity and measured soil properties at 1 m depth increments 
and to a maximum depth of 11 m. We then used the EM4Soil software package (EMTOMO, 2014) 

A total of 44 soil samples locations were selected. At each location, samples were also available at 1-m 
intervals from 2 m to a maximum depth of 11 m. To develop a calibration relationship between estimates 
of  and clay, a pseudo-transect was selected. The remaining 34 soil sample locations were used to validate 
the accuracy of the predicted clay. 

Results and discussion 

Determination of optimal inversion parameters and calibration 

Fig. 1a shows the linear equation (LR) fitted to the  (mS m-1) data and the associated fitted confidence 
limits for the mean value, and the individual confidence limits for individual predicted values. The fit was 
performed using the bivariate fit tool (JMP version 11, SAS, 2013), with a significance level of α = 0.05. It 
was of the form,  

Clay = 22.12+0.20σ (R2 = 0.74)                                                   (1) 

and was used to estimate clay across the study area using the same EM4Soil inversion parameters but 
using the Q-3D inversion and considering the EM38 and EM34 data collected. 

In the case of the Q-2D calibration model, we might have been able to achieve a better calibration, if we 
had closer spaced measurements of EM38 and EM34 ECa data. Herein we used the interpolated (200 m 
grid) EM38 and EM34 ECa data collected on an approximate 0.5-1 km grid. To improve the fit of the 
relationship between clay and , more detailed EM38 and EM34 ECa data and along the calibration transect 
and in particular adjacent to the soil sampling locations.  

 
Fig. 1. Plot of (a) measured clay content versus calculated σ; (b) measured clay content (%) versus predicted clay content 

(%) obtained by validation using Q-3D inversion modelling.. 

Validation 

Fig. 2 shows the predicted clay across the Ashley study area as a 3D model. It was developed after applying 
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the Q-2D calibration equation developed between  and clay from the use of the 10 soil sample locations 
along the pseudo-transect. The predictions were then made using the Q-3D model generated by passing 
the interpolated ECa data collected from the EM38 and EM34 across the rest of the area and through 
EM4Soil. The accuracy of the predictions can be ascertained by considering cross validations for predicting 
clay at the calibration and validation sites.  

The validation across the whole area (Fig. 1b) was achieved by using the same calibration equation, but 
the validation considered how well this calibration could be used in concert with the Q-3D EMCI predicted 
clay, and specifically, how well could we predict clay at the 34 remaining soil sample locations not used in 
the calibration. Although the overall goodness of fit was smaller (R2 = 0.70), and the prediction precision 
(RMSE = 9.2%) slightly larger, the Lin’s concordance was still good (0.80) and as indicated by the measured 
and predicted clay conforming to the 1:1 line. 

 
Fig. 2. Areal distribution of predicted clay content in 3D view. 

 
Practical application of the predicted clay content 

It is in these areas, where there would be inherent risks in construction of water storages, which are a 
license requirement for irrigators. To better understand this, we consider a case study of where a large 
dual-cell water storage dam which was known to be problematic. Two storages were selected. Here, the 
dual-cell storage was situated atop sediments associated with a prior stream channel of Marshalls Ponds 
Creek. Management often noted saturated water conditions around the storage and higher water tables. 

Figure 3 shows a 3D cube taken from Figure 2 and the volume beneath the dual-cell storage dam. It was 
clear that while large parts of the storage may be suitable for the construction of the reservoir; given the 
soil and vadose zone clay was large, the same was not the case in the northern corner. To improve on farm 
water storage efficiency, management explored moving the dual-cell storage and identified a more suitable 
site at location 2, using methods developed in Triantafilis et al. (2002) and using EM38 and EM31 ECa data 
from a mobile EM sensing system. As seen in Figure 3b, the small cube beneath this storage was more 
uniformly large in clay (>50%) and to a depth of 6-8 m. To date the storage, while smaller than the original 
dual-cell storage, holds the water more efficiently. As a result, the dual-cell storage has been 
decommissioned and now sits idle. 

 
Fig. 3. 3-D contour predicted clay content maps for two storages. 
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Conclusion  

An EM38 and EM34 ECa survey was carried out in the Ashley area of the lower Gwydir valley. To better 
understand the areal and vertical distribution of clay in the soil and vadose zone, the ECa data were inverted 
using a 1-D spatially constrained algorithm using a Q-2D model and to develop a calibration between  and 
clay beneath a pseudo-transect. The resulting calibration (Clay = 22.12+0.20σ, [R2 = 0.74]) was 
subsequently used to predict clay using a Q-3D model developed from EM38 and EM34 ECa data collected 
across 50,000 ha. The validation set of clay, indicated a good concordance (Lin’s = 0.80) and to depths 
from within the soil profile (0-2 m) and in the shallow (3-4 m) and deeper (8-12 m) regolith.  

The approach we proposed herein, with some caveats, has some merits. We believe more work needs to 
be done to determine how universal the calibration might be and its ability to be used to predict clay in 
surrounding areas of the lower Gwydir valley. We believe that a better initial Q-2D calibration model might 
be achieved if we collect EM31 or DUALEM-421 ECa data and combine this with the EM38 and EM34 ECa. 
This will assist with improving our ability to resolve the depth of the clay plain and the location of the 
migrational channel sediments.More ECa data needs to be collected at smaller grid spacing and to enable 
better predictions. 
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Abstract 

Electrical conductivity (EC), also known as electrical resistivity (ER), is an important soil parameter. 
Apparent electrical conductivity (ECa) is a similar parameter that is widely being used for measuring soil 
variability in the field and has been proven to provide useful information for applications in precision 
agriculture. ECa of soil can be measured using an electromagnetic induction (EMI) sensor or an electrical 
resistivity measurement method. EM38 or Veris-3100 are examples of two commercially available sensors 
that are widely being used for this application. The theory of calculating the ECa for heterogeneous soil 
structures is still not well studied. The cumulative response function model (finite element integration 
method), Image charges method, and Bessel function model are three main models for calculating ECa 
under multi-layer soil structure. This paper focuses on comparing three methods of calculating ECa using 
a numerical method and discusses the differences between these methods. The results indicated, for the 
given condition, that the cumulative response function model and Image charges method produced very 
similar results and were different than that of the Bassel function model. However, compared with the other 
methods, the cumulative response function model was much easier to use and implement for the instances 
of more than two layers of soil. 

Keywords: Soil electronic conductivity, Theoretical counting models, Cumulative response function model, 
Finite element integration method, Image charges method, Bessel function model, Multi-layer soil profile 

Introduction 

The theory for calculating the electrical conductivity of homogeneous soil as well as the density function of 
relative contribution and cumulative function versus exploration depth have been studied before. There is 
a clear understing of the model for changes in ER (EC) or EMI as a function of the soil depth in the 
homogeneous soil. However, for complex soil structures and heterogeneous soil, there is a need for a new 
method and more complex model to calculate the ECa. The simplest model for heterogeneous soil can be 
considered as a soil with multi-layer of homogenous soil (See Fig.1), where each layer is considered as a 
homogeneous soil.  

There are three main methods and models that can be used for calculating ECa under multi-layer soil 
structure, the cumulative response function model (finite element integration method), Image charges 
method, and Bessel function model (McNeill, 1980; Dobrin, 1960; Parasnis, 1972). This paper focuses on 
comparing the above mentioned three methods of calculating ECa using numerical method and discuss 
the differences between these methods under the given measurement condition. 

Image charges method 

The theory of calculating the resistivities for the multi-layer soil structures were first described by Hummel 
using image charges method (Hummel,1929, 1932; Dobrin, 1960; Parasnis, 1972). This technique is based 
on the premise that there are an infinite number of current sources at the positions of the mirror images of 
the electrodes as they would be reflected optically by the interfaces of discontinuity (Dobrin, 1960). 



172 
 

 
Fig. 1. A multi-layer soil structure 

Two-layer soil ER (EC) model for two electrodes 

In the simplest case we assume that there is a horizontal layer of thickness h1 and resistivity ρ1 on the top 
of another homogeneous layer soil with resistivity  and thickness  and so on. The electric potential of 
a point electrode C, through which a current I is passing into the soil, is calculated by the method of image 
charges. The electric potential at a surface point P can be calculated from the equation (1) below (Parasnis, 
1972; Keller and Frischknecht, 1966; Hummel 1929): 

 	 	 1 ∑ /  (1) 

where r=distance between the point C and P, and ⁄ . C is the point electrode, h is 
distance where C’ is the image of C in the plane z=h.  

If we assume two electric injection points (two electrodes) then r=s, s is the distance between the two 
electrodes, the apparent resistivity of two-layer soil can be calculated from Eq. 1: 

 1 2∑
⁄ ⁄   

                                                1
⁄ ⁄ ⁄

⋯  (2) 

Two-layer soil ER (EC) model for Wenner array 

Making use of same method of image charges, the two-layer soil ER model can be calculated using Wenner 
array (Dobrin, 1960; Keller and Frischknecht, 1966).  
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where a is the electrode separation for the Wenner arrangement, h is the thickness of the layer, and the k, 
the resistivity contrast, is ⁄ .  

Bessel function model 

The calculation for ER of multi-layer soil also can be expressed in the Bessel function form. The Bessel 
function of the first kind Ja: 
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where Γ  is the gamma function, a generalization of the factorial function to non-integer values. If for a 
positive integer n (n≥1), Γ 1 !. 
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Two-layer soil ER (EC) model of Bessel function 

For the two-layer soil ER model of Bessel function with the depth z=0, it can be expressed as (Parasnis, 
1972; Scollar, et al., 1990): 
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where  )2exp(1/)2exp()( hkhkK   , ⁄  and J0 is the Bessel function of 

order zero ( 0 in Eq.4), r is the distance between the current electrode and potential electrode.  

Three-layer soil ER (EC) model of Bessel function 

For the three-layer soil ER model of Bessel function with the depth z=0, it can be expressed as (Parasnis, 
1972): 
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Cumulative response function model 

Cumulative response function model is a finite element integration method of calculating ECa for multi-layer 
soil.  

Two electrodes measurement for two-layer or three-layer soil structure 

McNeill (1980) introduced the relative contribution function and the cumulative response function for EMI 
vertical diploes measurement and for homogeneous soil as follows: 
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where z is normalized by dividing the depth z by the intercoil spacing s (for EM38, s=1). 

We found the formulas are same with the ER (EC) measurement for two electrodes (Veris 3100) and give 
out the new relative contribution function and the new cumulative response function for depth z as follows: 
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where z (m) is the depth of soil and s (m) is the spacing of two electrodes.  

So, for multi-layer of soil profile with different soil conductivity (  (Fig.2), the apparent electrical 
conductivity can be expressed as follow using limit element for continual function or discrete data.  
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Fig. 2. Multi-layer of soil profile with different  

For two layers, the apparent electrical conductivity for two electrodes measurement will be: 

     1121 zRa     (12) 

It can also be written as: 

 
 2

11

2
1

/21

1
11/

sh
a















  (13) 

For three layers, the apparent electrical conductivity for two electrodes measurement will be: 

        2231121 zRzRa    (14) 

Wenner array for two-layer or three-layer soil structure 

For Wenner array measurement, the relative contribution function and the cumulative response function for 
depth z are: 

 
    


















2/3222/322 44

1

4

1
8)(

zaza
azz  (15) 

  
   222222 /1

1

/21

2

44

1

4

1
2

azazzaza
azR



















  (16) 

where a is the electrode separation for the Wenner arrangement.  

Substituting Eq.15 to Eq.11, the apparent electrical conductivity for Wenner array measurement and for 
two-layer soil construction will be: 
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Apparent electrical conductivity for three-layer soil using Wenner array can be calculated similarly using 
Eq.14 and Eq. 16. 
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Results and Discussion 

The comparison of cumulative response function model with image charges method for two 
electrodes measurement in two-layer soil  

To compare cumulative response function model with image charges method, different values of ⁄  and 
/  were used and the results were compared as illustrated in figure 3. Equation 13 was used to draw 

relationship between the apparent conductivity and electrode separation for two-layer soil for cumulative 
response function with a two electrodes measurement in Fig. 3.  

Fig. 3 shows that when the value of h/s increases, that means the thickness of surface layer increases if 
the distance between the two electrodes remain the same (s= constant), then the value of ⁄  will be 
convergence to 1. That means the value of  is mainly governed by , and the influence of  is minimal. 
On the other hand, when ⁄ → 1, that means the two-layer soil tends to behave like a homogeneous soil 
and the influence of value h/s decreases. 

For Image charge method the values of ⁄  were calculated by equation 18 (which was derived from 
equation 2): 
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Using the equation 18, we can find the relationship between the apparent conductivity and electrode 
separation for various conductivity levels ( ⁄ ). The results are shown in figure 4. 

 
    (a) ⁄  from 100 to 4                                               (b) ⁄  from 2 to 1/100 

Fig. 3. Relationship between the apparent conductivity and electrode separation for various levels of conductivity between 
the two-layer soil, measured with a two electrodes array using cumulative response model. 

 
(a) ⁄  from 100 to 4                                                    (b) ⁄  from 2 to 1/100 

Fig. 4. Relationship between the apparent conductivity and electrode separation for various levels of conductivity between 
the two-layer soil, measured with a two electrodes array for image charges method (just counting first five terms used in 

summation).  
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In figure 4 only first five summation terms are used in calculation of ⁄ 	in equation 18 (or Eq.2). Here, 
there is a problem of precision for image charges method. The k-factor ranges between -1 and +1 as the 
conductivity ratio ⁄  varies between ∞ and 0, when ⁄ 1 , k is negative; ⁄ 1 , k is positive. 

Because 1)/2(1 2  snh ,  


 1
2/12)/2(1n

n

snh

k
 is convergent, it will be convergent from -1 to 1 with 

k change from -1 to 1. If k is negative, when  

1 2 ⁄ ⁄ 0.5 

.
⁄ → ∞. That means “resonance phenomenon” emerges. So, it is very important to choose 

the right number of summation terms m. One is for avoiding the “resonance phenomenon”, another for 
getting enough precision. It is obviously the counting number of population terms in summation of Eq.2 
should be increase with the value of ⁄  increasing. 

For example, when ⁄ , k= -9/11. when first 9 terms and first 11 summation terms were used, the 
value of sum will close -0.5 with various of h/s, then “resonance phenomenon” or large oscillation emerges, 

see following Fig.5 (a). In fact, all of sum 
  45.0

)/2(11
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 when → 0⁄  and → 10⁄  

if the population terms of sum calculated enough. When → ∞⁄ , → 1⁄ . See Fig.5 (b). 

 
(a)                                                                                (b)       

Fig. 5. The various of ⁄  values with the number of population terms increasing from first 5 terms to first 28 terms with 
⁄  in image charges method. (a) illustrate the “resonance phenomenon” ( ⁄  from 0 to 0.6), and (b) illustrate the 

various tendency of ⁄  ( ⁄  from 0 to 10) 

Comparison of figure 3(b) with figure 4(b) shows when the value of ⁄  is small, the two methods of 
cumulative function response model and image charges method have the same results for two electrodes 
measurement in two-layer soil. This is not true for large value of ⁄  as shown in figure 3(a) with figure 
4(a). How to decide the number of summation terms will change the results. For the case given in figure 
4(a) only five terms were used and to get the similar results as figure 3(a) more number of terms should 
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have been used. Increasing the number of terms is mathematically challenging work and is one of the major 
concerns in using this method. 

The comparison of cumulative response function model with image charges method for Wenner 
array measurement in two-layer soil 

The generated curves of cumulative response function using Eq.11 and Eq.16 for Wenner array in two-
layer soil for different values of ⁄  and h/a are shown in figure.6. 

 
        (a) ⁄ 	from 100 to 4                                     (b) ⁄  from 2 to 1/100 

Fig. 6. Graphs of between the apparent conductivity and electrode separation for various levels of conductivity between 
the two-layer soil, measured with a Wenner array using cumulative response function model. 

According to Eq.3, we also can get the curves of image charges method for Wenner array in two-layer soil. 
It is same just counting first five summation terms (Fig.7). Here again we have the same issue choosing 
the right of summation terms m for the large value of ⁄  and small value of h/a. It is clear that curves will 
be convergence to ⁄  when using enough summation terms (for example, first 28 terms).  

 
(a) ⁄  from 100 to 4                                      (b) ⁄  from 2 to 1/100 

Fig. 7. Graphs of between the apparent conductivity and electrode separation for various levels of conductivity between 
the two-layer soil, measured with a Wenner array using image charges method. 

The comparison of cumulative response function model with Bessel function model for two 
electrodes measurement in two-layer soil 

To apply Bessel function method for two electrodes measurement in two-layer soil, equation 19 can be 
derived from the Eq.4 and Eq.5 assuming that the distance between the current electrode and potential 
electrode r=1m as follows: 

 ⁄ 1 2  (19) 
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Using equation 19, we can generate different set of values for ⁄  and h (Fig.8). In figure 8, these curves 
generated using the first four sum of J0 (λ) with m from 0 to 3. 

 
(a) ⁄  from 100 to 1.1                                            (b) ⁄  from 1 to 0.01 

Fig. 8. Values of ⁄  changing with h increase at the different values of ⁄ 	for models of Bessel function for two 
electrodes measurement in two-layer soil (just counting the first fourth sum of J0(λ)) 

The value of ⁄  near 1 at h=0.3 varies significantly if not enough summation terms of J0(λ) is used (see 
Fig.8 (b)). When h=0.3, the values of ⁄  convergent to a stable value when the summation terms m of 
J0(λ) increasing from m=3 to m=5 at ⁄  near 1 (from 0.85 to 1.1), see Table 1. 

Table 1. the values of ⁄  convergent with ⁄  near 1 and the summation terms of J0 (λ) increasing from m=3 to m=5 
(h=0.3) 

⁄  m=3 m=4 m=5 
0.85 -8.0133 -0.221 -0.064 
0.9 3.7336 -0.3863 -0.1028 
0.95 1.5566 -1.335 -0.2365 
1.1 0.599 0.2352 0.0934 

Comparing the result of Bessel function model with cumulative response function model, it can be found 
that the trend lines of curves are consistence when h>0.6, especially for h→∞, ⁄  will be equal to 1. But 
for h<0.3, especially for h=0, it is different and has different meaning in Bessel function model and in 
cumulative response function model. Also, the values of Y axis are different in Fig.3 and Fig.8. In cumulative 
response function model, h→0 that means first layer thinner and thinner and two-layer soil will become one 
layer,  will be equal to . In Bessel function model, h→0 means that has no first layer, so  equal 0. In 
addition, the distance between measurement electrodes is defined as r=1m in Bessel function model in 
order to calculate and draw figure simply (Fig. 8). It is different with the h/s in the cumulative response 
model in Fig. 3. 

The comparison of cumulative response function model with Bessel function model in three-layer 
soil 

For three-layer soil, we can compare the cumulative response function model for two electrodes (Eq.14 and 
Eq.10) or Wenner array (Eq.14 and Eq.16) with model of Bessel function (Eq.6 and Eq.4). They should 
have similar results or some differences according to the computer numerical analysis under some given 
special conditions and limits. It is more complex to calculate three layers for Bessel function model and is 
not discussed in this paper. Lowrie (1997) and Parasnis (1972) discussed four common shapes of apparent 
resistivity structure consisting of three horizontal layers, Q, A, K and H type curves. 

Conclusions 

For multi-layer soils, if assuming each soil layer is homogeneous, the apparent electrical conductivities of 
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the whole soil can be measured using the cumulative response function model. Although there are different 
terms in the cumulative response function in the two electrodes measurement and the Wenner array, both 
have the same theoretical foundation. 

For the case of the two electrodes measurements and the Wenner array in two-layer soil, the results of 
computer numerical calculation of the cumulative response function model with image charges method are 
same. The two electrodes measurements in the two-layer soil, the results of computer numerical calculation 
of the cumulative response function model with the Bessel function model has the same difference when h 
(h/s) is small. However, for the image charges method and Bessel function model, they are not easy to use 
in practice because of the infinite sum and sophisticated integration, especially for more than three layers 
of soil. 

If it is heterogeneous in the horizontal soil layer, it is desirable to treat the microscopically complicated 
mixture as macroscopically homogeneous and characterize it by an effective permittivity (Sihvola and Kong, 
1988). For the multi-macro-homogeneous-layer soil, the total value of soil ECa underground can be 
calculated easily using the finite element integration method (cumulative response function model). By 
measuring the total soil ECa and lay-soil ECi, it is possible to reverse deduce out a certain layer EC and 
infer the attributions of the layer. 
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Abstract 

Soil properties, including water holding capacity, saturated drainage rate, and organic matter, are common 
requirements of crop growth models to properly characterize potential plant available moisture.  These soil 
properties can be obtained from soil survey sources, such as USDA SSURGO, but these sources may not 
have the desired resolution for modern precision agriculture applications.  In order to determine if higher 
resolution texture and organic matter values could be accurately derived using proximal soil sensing (PSS) 
tools, data were collected from 155 fields in 2016, 2017, and 2018.  Soil samples taken at specific depths 
and locations were analyzed and related to measured proximal soil sensing data and soil moisture values.  
Estimated Sand, Silt, Clay and Organic Matter were then predicted using Random Forest machine learning 
models.  Regression coefficients were significantly increased when gravimetric moisture measurements 
were included, but there was little to no improvement when three Electrical Conductivity (ECa) channels 
were used for training vs two. 

Introduction 

Proximal soil sensing in agriculture has increased in recent years. Tools to measure electrical resistivity 
that estimate apparent electrical conductivity (ECa) and optical sensors to measure soil color have been 
developed and marketed to capture spatial variability in fields (Lund 1999, Kweon 2013) .  However, it 
has been known that these measurements are dependent on other factors, such as soil temperature, 
moisture, previous crop, tillage, and residue levels.  Measurements taken on the same field at different 
times typically return different absolute ECa and optical measurements for the same location, but across 
the field, these measurements generally will show similar spatial trends of variability over time. (Molin 
2011) 

Crop models (APSIM, Hybrid-Maize, etc) can provide estimates of yield, nutrient uptake, soil water content, 
and identification of in-season stress.  Many crop models require some form of known soil measurements 
in order to operate.  These soil properties, derived from soil texture and organic matter to determine water 
holding capacity and potential mineralization, may be acquired through soil sample analysis for discrete 
sample points. Collection of soil samples to characterize large production fields at the spatial resolution that 
can be handled by current precision agriculture equipment becomes prohibitively expensive for most 
farmers.  Soil maps, including soil map units with soil property descriptions, may be used as inputs for a 
crop models across large areas, but are limited by the accuracy of the mapping of the soil map units and 
the estimated values linked to them. 

In this paper the authors want to assess if it is possible to construct high resolution soil map data for crop 
models by using a modeling process that links proximal soil sensing (PSS) data with soil texture and organic 
matter samples at key locations, along with soil moisture calibration values taken at the time of soil sensing.  
The resulting models could then be used to predict texture and organic matter for future sites with only the 
PSS and moisture calibrations. 

Materials and Methods 

Field Data Collection 

Between 2016 and 2018, 155 locations were identified and used for data collection.  Included in these 
locations were sub field sites used for research, including hybrid corn evaluation, but also include all or 
partial areas of regular fields used in crop production.  The locations spanned a wide geographical range 
across Eastern and Midwest United States (see Figure 1. for details).  Field sizes ranged from 1.2 to 16.2 
hectares for research fields and 12.1 to 64.7 hectares for regular crop production fields.  
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Figure 1. Geographic locations of sites 

At each site, 4 to 20 sample points were identified based on varying terrain characteristics of the plot.  
Attempts were made to locate the sample points to generally represent the variability that was perceived 
by the sampling team.  At each sample point location, deep cores were taken using a hydraulic driven soil 
probe (AMS, American Falls, Idaho, USA); all sites had sub-core samples of 0-30, 30-60, and 60-90 cm 
segments, and about half also included depths to 90-120, 120-150, and 150-180 cm depths.  From each of 
these depths segments samples were sent to a commercial soil testing laboratory (Waypoint Analytical, 
Atlantic, Iowa, USA) where soil texture was determined using the hydrometer method and organic matter 
determined using loss on ignition.  These results were recorded with each sample point’s latitude and 
longitude (recorded using a GPS handheld (Bad Elf GPS Pro) unit) associated with an IOS device with 2 
m accuracy.  Samples were generally taken in the spring before crops on the sites were planted, although 
some were taken after harvest. 

In the fall of the same growing season at each site, a Veris 3210 (Veris Technologies, Salina, Kansas, USA) 
machine was run across the field on 10 meter transects at a speed of 6.4 kph for research fields  and 11.2 
kph for production fields  Every second the apparent electrical conductivity (ECa) was recorded at 0-30 cm, 
0-60 cm, and 0-90 cm depth channels.  In addition, Red and IR band readings from an optical sensor 
running at approximately 6 cm depth were recorded along with the ECa values.  These were logged with 
latitude and longitude coordinates using the uncorrected GPS unit on the Veris unit with an accuracy better 
than 1 m or a corrected RTK signal from a Trimble (Sunnyvale, California, USA) receiver mounted in the 
tractor with accuracy better than 5 cm. 

Near the same time ECa and optical values were being collected, soil moisture values were taken at 4 
locations in most fields.  Sample points were determined by the sampling personnel based on terrain 
characteristics of the field and the coordinates recorded using the same GPS handheld unit.  Cores were 
taken using a hand sampling tool at 0-30, 30-60 and 60-90 cm.  Soil samples at each depth were weighed 
as taken from the field, oven-dried, and then weighed again to determine the gravimetric moisture content 
of the samples.  These moisture content values were assigned to the coordinates from which they were 
extracted. 

 

Data Processing and Analysis 

Data sets were brought into RStudio (RStudio, Inc) using R version 3.3.3 with plyr, rgdal, sp, raster, gstat, 
randomForest, rfUtilities, randomForestExplainer, and soilTexture packages installed.  For each site, the 3 
ECa channels, Red, and IR were converted from points to rasters, initially at 15 m resolution to cover gaps 
due to some poor GPS differential correction, then downsized to a 5 meter resolution. 
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Gravimetric moisture readings from points in each field were rasterized into 5 m resolution using inverse 
distance weighting interpolation (minimum distance = 1, maximum distance = 5, inverse distance power = 
3).  Gravimetric moisture interpolation was performed on each of the three depths (0-30, 30-60, and 60-90 
cm).  Raster layers of the gravimetric moisture had the same size and cell count as the ECa, Red, and IR 
raster layers.  All eight layers were combined into a raster stack geoTIFF file for each field. 

For each field and each sample point record containing sand, silt, clay, and organic matter values, the mean 
ECa, Red, IR, and gravimetric moisture values within a 5 m radius of each sample point were extracted 
from the raster stack.  These results were written to a table that included the sample point depth, location, 
and field ID. 

The data were cleaned to only include sample points with extracted values that did not have missing 
latitude, longitude, sand, silt, clay, OM, ECa channels, Red, IR, or gravimetric moisture values, resulting in 
3070 records from 117 fields.  Training record sets were created for each depth segment.   

 

 
Figure 2. 0-30 cm Training Set (N=671) 

 
Figure 3.  30-60 cm Training Set (N=675) 

 
Figure 4. 60-90 cm Training Set (N=655) 

 
Figure 5.  90-120 cm Training Set (N=359) 
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Figure 6. 120-150 cm Training Set (N=360) 

 
 Figure 7.  150-180 cm Training Set (N=350) 

Random Forest models were generated to estimate the Sand, Silt, Clay and Organic Matter fractions across 
the 6 different depth segments.  In order to determine the value added by the extra ECa channel and/or the 
gravimetric moisture measurements, models were developed that used either two (0-30 and 0-90 cm) or 
three (additional 0-60 cm) ECa channels (known as 2D and 3D, respectively), Red and IR, and with or 
without the three gravimetric moisture values (No MC or MC, respectively).  Correlation coefficients were 
determined for each unique Random Forest model, depth and output. 

To generate predicted Sand, Silt, Clay and Organic Matter estimates for each field, field raster stack data 
(containing ECa, Red, IR, and gravimetric moisture) was applied to each model (2D or 3D, with or without 
moisture) across the 6 depths.  The resulting predictions of texture and Organic Matter for each field were 
then written to multi-dimensional GeoTIFF files, both by depth and across all 6 depths.   

 

 
Figures 8, 9 and 10: Predicted Texture Maps of a Pioneer research field at Adair, Illinois, USA for 0-30, 30-60, and 60-90 

cm depths respectively.  Sand % = Red, Silt % = Green, and Clay % = Blue 
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Results and Discussion 

Analysis was performed to determine if 1) soil textural properties could be predicted from EC, 2) soil 
moisture improved the prediction and 3) a third EC channel improved the prediction of textural properties.  

Sand and silt content at the 0-30 cm depth were both predicted well from EC (greater than 0.60; Table 1). 
Clay and OM were both predicted more poorly at 0.46 and 0.51, respectively. This pattern of soil texture 
prediction was consistent at the 30-60 cm and 60-90 cm depth as well. Across all texture and OM traits, 
prediction quality decreased deeper in the soil profile.                                                                                                              

The addition of soil moisture at the time of PSS increased soil prediction accuracy. Regression coefficients 
all increased when soil moisture was included. Sand and clay content at the 0-30 cm depth were predicted 
at a value greater than 0.75 (Table 2) and represents an improvement of 0.15 compared to values without 
soil moisture. Clay and OM content were improved to 0.55 and 0.61, respectively, a 0.1 improvement for 
both traits. Addition of soil moisture in the models decreased RMSE by 29% across all traits for the 2D 
model (Table 3).  

Finally, in the question of whether a third EC channel from 0-60 cm improved prediction accuracy, it was 
found that there was no additional prediction performance for any texture or OM property using the third 
EC channel. The difference in regression coefficients between the 2D and 3D model with the moisture input 
at the 0-30 cm, 30-60 cm, and 60-90 cm depth changed by a maximum of 0.02.   

Table 1. Regression Coefficients of Predicted Texture and Organic Matter without Moisture Input 

R2 Sand 2D Sand 3D Silt 2D Silt 3D Clay 2D Clay 3D OM 2D OM 3D 

0-30 cm 0.64 0.62 0.61 0.60 0.46 0.45 0.51 0.51 

30-60 cm 0.60 0.59 0.54 0.55 0.45 0.45 0.30 0.28 

60-90 cm 0.58 0.57 0.56 0.55 0.42 0.41 0.26 0.25 

90-120 cm 0.53 0.53 0.52 0.51 0.30 0.32 0.22 0.24 

120-150 cm 0.53 0.53 0.52 0.53 0.19 0.17 0.26 0.27 

150-180 cm 0.45 0.47 0.43 0.45 0.17 0.17 0.28 0.30 

 

Table 2. Regression Coefficients of Predicted Texture and Organic Matter with Moisture Input 

R2 Sand 2D Sand 3D Silt 2D Silt 3D Clay 2D Clay 3D OM 2D OM 3D 

0-30 cm 0.79 0.78 0.76 0.76 0.55 0.56 0.60 0.61 

30-60 cm 0.75 0.75 0.70 0.70 0.61 0.60 0.36 0.34 

60-90 cm 0.71 0.71 0.71 0.69 0.56 0.56 0.40 0.38 

90-120 cm 0.64 0.64 0.63 0.64 0.34 0.34 0.31 0.30 

120-150 cm 0.59 0.59 0.60 0.58 0.26 0.25 0.30 0.32 

150-180 cm 0.50 0.50 0.51 0.50 0.26 0.26 0.29 0.30 
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Table 3.  RMSE between Measured and Estimated Texture and Organic Matter 

RMSE Sand Sand Silt 2D Silt Clay 2D Clay 3D OM OM 3D 

0-30 cm, No Moisture 5.50 5.80 5.29 5.55 2.12 2.16 0.39 0.39 

0-30, Moisture 4.00 4.10 3.91 4.05 1.80 1.80 0.33 0.32 

30-60 cm, No Moisture 6.11 6.11 5.66 5.69 2.44 2.42 0.36 0.35 

30-60 cm, Moisture 4.49 4.51 4.33 4.35 1.92 1.94 0.33 0.34 

60-90 cm, No Moisture 6.96 7.03 6.19 6.27 2.74 2.79 0.24 0.24 

60-90 cm, Moisture 5.55 5.50 5.00 4.97 2.28 2.26 0.21 0.21 

90-120 cm, No Moisture 7.84 7.83 6.78 6.72 2.74 2.73 0.27 0.27 

90-120 cm, Moisture 6.40 6.47 5.53 5.52 2.43 2.45 0.24 0.24 

120-150 cm, No Moisture 8.50 8.28 7.43 7.26 3.00 3.07 0.20 0.20 

120-150 cm, Moisture 7.39 7.53 6.41 6.51 2.62 2.70 0.18 0.18 

150-180 cm, No Moisture 8.88 8.67 7.97 7.83 2.72 2.76 0.19 0.19 

150-180 cm, Moisture 7.82 7.71 7.03 6.86 2.45 2.45 0.18 0.18 

Conclusion 

Utilizing samples taken at various depths of texture and organic matter, and soil moisture measurements 
for calibration of the proximal soil sensing measurements of ECa and visible and NIR, machine learning 
models using the Random Forest approach were trained to predict soil texture and organic matter with 
significant accuracy and across large regions.  These predicted texture and organic matter values can be 
used by crop models at higher spatial resolutions to predict yield, crop nutrient uptake, and soil moisture 
for various precision agriculture purposes.  The training of the models across large geographic areas, 
spanning multiple different soil series, parent materials, years, and terrain provides robust models. 
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Abstract 

Laboratory methods for estimating key soil fertility parameters are used commonly for providing fertilization 
recommendations, while proximal soil sensors still linger behind. Portable (handheld) X-ray fluorescence 
spectrometer (XRF) is a promising tool for onsite determination of key soil properties. However, in soil 
studies the use of XRF often remains cumbersome, following the poor performance of the method for light 
elements analysis and the complex nature of the soil matrix, introducing background noise. The 
performance of XRF spectral data coupled with random forest (RF) machine learning method for predicting 
potassium (K), phosphorus (P), magnesium (Mg) and calcium (Ca) was investigated. A wide range of soils 
(105 samples) collected from 10 different countries (D.R. Congo, Belgium, Ivory Coast, Italy, The 
Netherlands, Saudi-Arabia, South Africa, Spain, Switzerland, and Zimbabwe) were scanned using an 
Oxford XMET8000 XRF spectrometer (Oxford Instruments, UK). Spectral data was divided into a calibration 
(n = 74) and validation (n = 31) sets and the former set was subjected to RF analysis. Results indicated 
that the best RF predictions were obtained for K followed successively by Ca, Mg and P with coefficients 
of determination (R2) of 0.84, 0.76, 0.55, and 0.50, root mean squared error of prediction (RMSEP) of 
2833.76, 7406.14, 3119.73, and 429.25 mg kg-1, and ratio of performance to interquartile range (RPIQ) of 
2.33, 3.52, 1.92 and 1.49, respectively. The RF modelling procedure provided significantly improved 
prediction performance, compared to the calibration models provided by the manufacturer (R2 = 0.65, 0.75, 
0.65, and 0.22, for K, Ca, Mg and P, respectively). Our results suggest that XRF spectral data coupled with 
RF method to allow for rapid and low-cost analysis of soil K and Ca with high accuracy, while lower 
measurement accuracy for P and Mg suggests further work is needed to test whether the prediction of 
these elements can be improved by better calibration models.  

Keywords: XRF, modelling, soil fertility, random forest, portability. 
 
Introduction 

Soil macronutrients play a vital role in plant growth and yield, and should be available at certain 
concentrations for soil to be a suitable medium for plant and root development (Clarkson and Hanson, 
1980). Although traditional laboratory methods for soil elements analysis are accurate, they are time 
consuming, expensive, destructive, and contribute to the disposal of chemical agents to the environment 
(Wang et al., 2015). Consequently, quick, cost-effective, as well as non-destructive methods for the analysis 
of soil elements are increasingly required, which can be achieved by relevant proximal soil sensors (PSS).  

X-ray fluorescence (XRF) spectrometry is one of the most promising PSS techniques that can overcome 
the constraints of traditional analytical methods (Soodan et al., 2014). Its implementation in elemental 
analysis and soil research is well documented (Parsons et al., 2013; Wang et al., 2015). However, the 
technique is of poor performance for the analyses of the low-Z elements (Kaniu et al., 2012). Moreover, the 
complex nature of the soil matrix puts further challenges in the choice and performance of multivariate and 
machine learning modelling tools. It is reported that random forest (RF) have outperformed other modelling 
methods like partial least squares regression (PLSR) and artificial neural networks (ANNs) for predicting 
soil properties based on visible-near infrared spectral data (Nawar and Mouazen, 2017). However, only a 
limited number of reports on the use of RF (Towett et al., 2013, 2015) for the light elements analysis based 
on XRF spectra has been found in the literature.  

The aim of this study is to assess the potential of XRF coupled with RF modelling method for the 
measurement of light soil elements, namely, phosphorus (P), potassium (K), magnesium (Mg), and calcium 
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(Ca) in soil samples of very diverse soils collected from ten different countries in Europe, Africa and Asia, 
from agriculture, forest, landfill and urban areas.  

Materials and methods 

Laboratory chemical and spectral measurements 

Soil samples (n = 105) from a wide range of soils originated from 4 different land uses (agriculture, forest, 
landfill and urban) and 10 different countries (D.R. Congo, Belgium, Ivory Coast, Italy, The Netherlands, 
Saudi-Arabia, South Africa, Spain, Switzerland, and Zimbabwe) were used in this study. As expected, a 
wide variation in individual soil physicochemical properties was found among the samples. This large 
variation can be attributed to differences in parent materials, mineralogical composition, stage of weathering 
and soil formation, management (between sites) and sampling depth (within single soil profile). 

Samples were air-dried, crushed and grinded using a Retsch Cross-Beater mill or an agate mortar and 
pestle after removing the gravel and organic debris by sieving through a 2 mm stainless steel sieve. Next, 
samples were thoroughly mixed and 2 g of soil was packed in a 30 mm open-ended PANalytical XRF cup 
with a 4.0 μm Chemplex prolene X-ray film.  
An Oxford XMET-8000 Expert handheld XRF (Oxford Instruments, UK) with a Rh X-ray tube (4W, max. 
50kV, max. 200 μA) and integrated large area silicon drift detector (165 eV) was used in this study. The 
XRF instrument was operated in a bench-top mode using the XRF workstation for safety. Soil samples were 
placed on the measurement window and measurements were repeated three times at different locations of 
the sample using two operation conditions (phases) (15kV at 30 µA and 45kV at 30 µA) at 120 seconds per 
measurement (360 sec total time of one sample measurement) using the soil mode.  

Spectra pre-treatment 

The same pre-treatment of XRF spectra was carried out for all soil properties investigated using the 
prospectr R package (Stevens and Ramirez Lopez, 2014). First, the three replicates of 15 keV spectral 
measurement were averaged in one representative spectrum per sample and base line correction was 
applied using the modpolyfit method. Then, the noisy parts at both the spectra edges were removed by 
cutting the energy range outside 0.22–2.0 keV. To minimize random noise from the spectra without 
distorting the characteristic peaks amplitudes or shape, the Savitzky-Golay smoothing method was carried 
out using a polynomial filtering method (Savitsky and Golay, 1964). 

Data analysis 

The pre-treated spectra (predictors) of 105 soil samples were combined with soil elements reference values 
(dependent variables) in a two-dimensional data matrix. Hereby, the total counts per channel are being 
defined as Xi (the predictor variables), and soil elements concentrations are presented as Yi, (the response 
variables). The dataset was divided into a calibration (74 samples; 70%) and validation dataset (31 
samples; 30%), using the Kennard-Stone algorithm. The analysis was performed using prospectr-R 
package (Stevens and Ramirez Lopez, 2014).  

Random Forest (RF) analysis 

The randomForest R-package Version 4.6-12 (Liaw et al., 2018) was used to develop the RF models for 
the prediction of soil K, Ca, P and Mg. The ntree and mtry were set to 500 and 3, respectively. In order to 
evaluate the models’ performance for the prediction of the studied soil elements, the independent validation 
samples (Table 1) were used. In order to test the performance and the stability of spectral prediction models 
for the prediction of studied soil properties, the prediction results of RF models were compared to the 
manufacturer readily available predictions of K, P, Ca, Mg. Model prediction performance was evaluated 
using the coefficient of determination (R2), root mean square error of prediction (RMSEP), and the ratio of 
the performance to interquartile distance (RPIQ) (Bellon-Maurel et al., 2010). The greater RPIQ value, the 
better is the model performance.  

Results and discussion 
Soil data 

The descriptive statistics of the calibration and validation sets of K, P, Ca, and Mg are shown in Table 1. It 
should be noted that while for K, P and Ca the mean values for both the calibration and validation sets are 
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comparable, this is not the case for Mg (4711.6 mg kg-1 for the calibration set versus 5782.0 mg kg-1 for the 
validation set). For all elements, however, the range of the validation set is close to, and located within, the 
calibration set range. It is well known that sample concentration range or standard deviation (SD) is an 
important factor influencing model performance and that these should be comparable for the calibration 
and validation set. A larger range or SD of the validation set, for instance, would introduce a high RMSEP. 
The data in Table 1 indicate that the range and SD for the calibration and validation datasets are 
comparable, and that no influence is expected on model performance. 

Table 1: Statistical summary of laboratory measured potassium (K), phosphorus (P), calcium (Ca), and magnesium (Mg) in 
the cross-validation (Cal) set, and validation (Val) set, used for random forest (RF) modelling.  

Soil property dataset N Min. Mean Median 1st Qu. 3rd Qu. Max. SD 

K (mg kg-1) Cal 74 464.0 12129.0 11747.0 12129.0 15005.0 42421.0 6466.7 

 Val 31 4732.0 12552.0 11539.0 8272.0 14877.0 40096.0 7115.8 

P (mg kg-1) Cal 74 44.0 911.70 635.0 349.0 1071.2 5979.0 934.2 

 Val 31 175.0 859.60 695.0 414.5 1056.5 2706.0 618.9 

Ca (mg kg-1) Cal 74 307.0 13276.0 4283.0 1680.0 19332.0 60750.0 14935.3 

 Val 31 428.0 15038.0 9037.0 2047.0 28123.0 52575.0 15389.8 

Mg (mg kg-1) Cal 74 181.0 4711.6 3346.5 823.8 6909.2 21070.0 4480.4 

 Val 31 343.0 5782.0 4282.0 2322.0 8324.0 14835.0 4711.3 

N= number of samples; Min. = Minimum; 1st Qu. = first quartile; 3rd Qu. = third quartile; SD = standard deviation  

 

 
Fig. 1 Results of laboratory analyses for the tested data set (n= 105) (A). Soil texture are: C= clay, SCL= sandy clay loam, 

SL=sandy loam, CL=clay loam, LS=loamy sand, S=sand, L=loam, N/A = not available. The analytical methods used for 
chemical analysis were: melting with Lithium tetraborate Lithium metaborate + Inductively coupled plasma–optical 

emission spectrometry (ICP-OES) (K+OES); LiCO3 and H3BO3 total melt + atomic absorption spectrometry (AAS) for 
determination of Al and Si, HF+HNO3+HClO4 (and HCl) + AAS for Na, K, Ca and Mg, colorimetric determination with 

sulfosalicylic acid for Fe (L+ASS), and real total acid digestion with HF and HNO3 + AAS (R+ASS). Histograms, box-plots 
with outliers of CaCO3, pH, and organic carbon (OC) (B). 
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Performance of calibration models in cross-validation 

The cross-validation results indicated that the performance of the developed models followed the order Ca 
> K > P > Mg (Table 2 and Fig. 2). Small difference was observed for R2 (0.92-0.95) for all studied properties. 
The highest R2 was achieved for Ca (0.95) and the lowest R2 value was for Mg (0.92), whereas R2 values 
for K and P are comparable (R2= 0.94 and 0.93, respectively) (Figure 2). The results of RPIQ were 5.45, 
3.98, 3.88 and 3.60, for Ca, K, P, and Mg, respectively. Furthermore, results obtained are non-systematic, 
since Ca, P, and Mg are underestimated, and K is overestimated. The over- or under-estimation for P, Mg, 
K, and Ca could possibly be caused by a number of factors pertaining to soil matrices, analytical procedure, 
and reproducibility of the analyses (Towett et al., 2013) that could greatly affect the comparison of XRF and 
lab data (Kalnicky and Singhvi 2001).  

Performance of the calibration models in independent validation 

All the four calibration models were validated using the same prediction spectra of the independent 
validation set. Table 2 and Figure 2 summarize the accuracy of prediction. As expected the cross-validation 
results are considerably better than those obtained for the independent validation. Among the studied 
elements, the K model generally provides the best prediction with R2 = 0.84, RPIQ = 2.33 and RMSEP = 
2833.76 mg kg-1, followed by Ca with R2 = 0.76,  RPIQ = 2.15 and RMSEP = 7406.14 mg kg-1. The lowest 
performing predictions were those calculated for P with R2 = 0.50, RPIQ = 1.49 and RMSEP = 429.25 mg 
kg-1, which are comparable to those for Mg (R2 = 0.55, RPIQ = 1.92 and RMSEP = 3119.73 mg kg-1) (Table 
2 and Figure 2).  

Analyzing the literature shows that few works are available for the prediction of the light soil elements using 
XRF (Towett et al., 2013, 2015). For instance, Towett et al. (2013) adopted a simple linear calibration 
method of total X-ray fluorescence spectroscopy (TXRF) coupled with inductively coupled plasma mass 
spectrometry (ICP-MS) for direct quantification of total element concentrations including light elements 
(e.g., Ca, P, K, and Mg) in soil samples from across sub-Saharan Africa. They reported different accuracy 
with R2 = 0.86 for K and P, and R2 = n.d or not determined for Ca and Mg. In this context, Towett et al. 
(2015) used RF method to recalibrate TXRF and reported R2 values of 0.79, 0.69, 0.16, and 0.49 for 
exchangeable Ca, Mg, P, and K, respectively. The results obtained in the current research are consistent 
with those of Towett et al. (2015) using RF. While our results for P and K are better, the results of Ca and 
Mg are worse than those of Towett et al. (2015). It is difficult to explain these differences, but it might be 
related to the variation between the two datasets in respect to soil type, parent material and soil use. The 
observed weak ability of XRF to predict P and Mg may be attributed to the fact that fluorescent X-rays of 
such light elements tend to have low level of energies and are often being absorbed (Mukhtar et al., 1991). 
So, it is not surprising that only a few XRF spectral models are available to predict concentrations of total 
P in soil (Kruse et al., 2015; Towett et al., 2015). 

 Table 2: Results in cross-validation and independent validation of random forests (RF) models for potassium (K), Calcium 
(Ca), Phosphorus (P), and Magnesium (Mg). 

 Cross-validation (n=74) Validation (n=31) 

 R2 RMSEcv RPIQ R2 RMSEP RPIQ 

  (mg kg-1)   (mg kg-1)  

K 0.94 1612.61 3.98 0.84 2833.76 2.33 

Ca 0.95 3234.58 5.45 0.76 7406.14 2.15 

P 0.93 188.34 3.88 0.50 429.25 1.49 

Mg 0.92 1055.87 3.60 0.55 3119.73 1.92 

R2 = Coefficient of determination; RMSEcv = Root mean square error of cross-validation; RMSEP= Root mean 
square error of prediction; RPIQ = Ratio of performance to interquartile range. 
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Fig. 2 Scatter plots of measured versus predicted, in cross-validation (n = 74) and independent validation (n = 31), 
potassium (K) (a, b), calcium (Ca) (c, d) phosphorous (P) (e, f), and magnesium (Mg) (g, h), obtained from random forest. 

It has been reported that the absorption of light element signal in the atmospheric of XRF device leads to 
inaccurate measurements (Stosnach, 2005). Recent technological advances in handheld XRF sensors, 
most notably the integrated large-area silicon drift detector (SDD) have resulted in optimization of the signal 
quality, lower limit of detection (LOD) and an enhanced measurement efficiency (Goren et al., 2011). Our 
results showed good prediction performance for the studied light soil elements (namely K and Ca), obtained 
with the RF calibration method (Table 2), despite the very diverse sample set collected from 10 different 
countries with different soil types, parent materials and land use. Previous works suggested the influence 
of the dataset size (e.g., sample number) on the models’ prediction performance (Nawar and Mouazen, 
2017), with a general trend that the prediction capability increases with sample number. The small 
independent validation dataset used in the current work (31 sample) might have influenced the prediction 
performance, as a small prediction dataset was reported to produce various counterintuitive and unfamiliar 
side effects and cause a significant impact on the prediction results and lead to a very poor performance 
(Douglas et al., 2018). 

Comparison between XRF Calibration and the RF-based spectral analysis 

The prediction results of RF models were compared with the manufacturer calibration results. Results of 
prediction showed that RF models outperformed the instrument predictions for all four tested elements. The 
best predictions were obtained for K with R2 values of 0.83 and 0.65, and RMSEP values of 2283.8 and 
3177.3 mg kg-1, for RF and XRF, respectively. The worst predictions were for P with R2 values of 0.47 and 
0.22, and RMSEP of 538.8 and 1434.8 mg kg-1, for RF and XRF, respectively. The prediction of Ca and Mg 
are comparable with R2 values of 0.65–0.76 and RMSEP of 1511.8–13254.4 mg kg-1. Therefore, spectral 
modelling with chemometrics or machine learning tools is potentially a good option to consider for the 
analysis of these key fertility parameters. This is in line with literature, as many researchers have 
successfully used spectral models (full spectrum) and reported improved predictions for the light elements. 
For example, O’Rourke et al. (2016) used a portable XFR spectrometer coupled with Cubist regression 
method for the analysis of K, Mg, and P, reporting successful predictions with R2 of 0.89, 0.61, and 0.77, 
respectively. Using RF method, Towett et al. (2015) developed spectral model for predicting Mehlich-3 Ca, 
Mg, K, and P, reporting R2 values of 0.79, 0.73, 0.49, and 0.16, respectively.  
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Conclusions 

In this paper, the potential improving of XRF analysis of potassium (K), phosphorus (P), magnesium (Mg) 
and calcium (Ca) based on the spectral data of a diverse soil dataset from ten different countries coupled 
with random forest (RF) method was tested. Independent validation indicated that XRF spectra with RF 
provided improved prediction performance of the studied soil elements, compared with the manufacturer 
predictions. The best predictions, obtained for K and Ca, suggest that XRF combined with RF can be 
adopted for successful predictions of these properties. However, the prediction performance of P and Mg 
was less good, which warrants researching the potential for improvement. Here, the increasing availability 
of handheld XRF instruments will facilitate onsite rapid, easy and low-cost analysis of soil elements, 
especially when combined with other PSS methods such as near infrared and mid infrared spectroscopy. 
As the need to provide reliable agricultural decision support tools and recommendations for advanced site-
specific management practices increases, the relevance of such developments will only improve with time.  
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Abstract 

The determination of soil organic matter (SOM) levels is extremely important for evaluating the fertility status 
of agricultural soils. Fast and efficient approaches are therefore needed to aid in soil fertility assessment. 
In this study, a method is proposed based on a combination of mid-infrared attenuated total reflection (FTIR-
ATR) spectroscopy and dispersive Raman spectroscopy, as a rapid and non-destructive alternative to 
traditional chemical analysis. We tested the viability of SOM prediction by both types of spectroscopy 
individually, and by fused spectroscopy. The Partial Least Squares (PLS) method was used to construct 
predictive models to correlate soil spectra with SOM content. Simple data fusion was accomplished by 
concatenating the principal components of the two spectra. The predictive performance was not essentially 
improved, and even decreased for the fused ATR-Raman spectra based on the simple fusion strategy. 
Somewhat better results were obtained with the advanced method of data fusion, which involved 
concatenating the selected variables of the two spectroscopic techniques, after the variable selection step, 
by competitive adaptive reweighted sampling (CARS). The results showed that the RMSEP of the prediction 
model sharply decreased using both the individual and fused spectra data, combined with the CARS 
algorithm. Models based on fused spectra data with selected variables had the most accurate performance 
in SOM prediction. So the fusion of ATR and Raman spectroscopy is a promising approach for predicting 
soil properties, such as SOM, with the obvious advantage of simple preparation of the soil samples. 

Introduction 

The development of efficient and accurate methods for SOM analysis is highly important for sustainable 
and precision agriculture. Currently, the main method used to determine SOM content is the combustion 
method. The wet combustion method, and the more recently used dry combustion method (Nelson and 
Sommers, 1996; Kimble et al., 2001), commonly require extensive sample preparation and inevitably 
involve reagent contamination. These techniques are consequently destructive, laborious, and time and 
energy consuming (Senesi & Senesi, 2016)  

Spectroscopic approaches have been developed for nutrient analysis of soils. Many previous studies have 
demonstrated the potential of infrared spectroscopy in characterizing the structure of complex matrices, 
such as the organic macromolecule (Inbar et al., 1989; Haberhauer et al., 1998). Such FTIR spectra can 
provide valuable information, as they can reveal the presence of numerous diagnostic bonds that are 
related to the functional groups within SOM (Solomon et al., 2005) The application of spectroscopic 
techniques may provide particular advantages over chemical methods, including minimal sample 
preparation and reagent use, and the ability to analyze very small amounts of soil (Lohumi et al., 2015). 
Due to the easy detection of some of the target attributes, and the avoidance of residual reagents that can 
interfere with the results of chemical methods, spectroscopic approaches have been preferred for 
quantitative analyses in soil science, especially for the fast analysis of large soil samples (Malone et al., 
2017).  

Although significant progress has been made in SOM investigation using infrared techniques 18, advances 
in SOM characterization could further benefit from the progress made in non-destructive Raman 
spectroscopy, to obtain information about the chemical composition of complex organic material in soils. 
The application of ATR and Raman spectroscopy in parallel is the focus of the present study. We aim to 
establish a green analytical methodology for the determination of SOM, and report the results of a similar 
study on the determination of SOM, by combining soil Raman and ATR spectroscopy with a more advanced 
data fusion strategy.  
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Materials and methods 

Soil sampling and preparation 

Total 194 soil samples from China’s croplands were collected for this study. Four types of surface soils (0-
20 cm) were included: black soil, Fluvo-aquic soil, paddy soil and red soil. They were collected from 
Heilongjiang Province, Shandong Province, Jiangsu Province and Jiangxi Province, respectively. For each 
regional point, a representative sample was composed by mixing five random pure samples. Soil samples 
were subsequently air-dried in room temperature, crushed, and passed through a 2-mm mesh sieve. SOM 
contents were determined by the wet combustion method. The large variations in climate, parent materials 
and environmental conditions were clearly reflected by the wide variation in SOM contents, which ranged 
from 5.74 to 64.89 g kg-1. Black soils had high SOM content, whereas low SOM content was observed for 
Fluvo-aquic soils (Table 1).  

 
Table 1. Descriptive statistics of SOM content (g kg-1) for the calibration and validation sets used in partial least squares 
regression analysis. 
 

Datasets n Mean Maximum Minimum Std. dev. 

Calibration set 146 29.69 64.89 5.74 14.92 

Validation set 48 29.63 61.55 7.31 14.45 

Full dataset 194 29.67 64.89 5.74 14.80 

 

Spectroscopic Recording 

Before Raman spectra collection, each soil sample was blended and put into a plastic bag. Raman spectra 
were then acquired using a portable Raman spectrometer (i-Ramans Plus, USA) equipped with a laser 
diode (excitation wavelength: 785 nm) and a thermo-electric cooled charge-coupled device (TEC-CCD) 
detector. The laser power was set to 50 Mm. Soil spectra were recorded at a 1 cm-1 interval in a range from 
3200 to 180 cm-1, with a resolution of 4.5 cm−1. For each scan, the integration time was 60,000 ms. Three 
acquisitions for each sample were automatically averaged to obtain the analytical spectrum. To maximize 
the signal-to-noise ratio, dark current subtraction was conducted before each measurement. FTIR-ATR 
spectra collection was carried out using a portable Fourier transform infrared spectrometer (TurDefender 
FT, Thermo Fisher Scientific) in the range of 4500-400 cm-1 at a 4 cm-1 resolution.. The equipment included 
an anvil sample head for ease of sampling and decontamination. For each measurement, the soil sample 
was laid on the stage device, then the main spectrometer body was inserted into the stage device and the 
spectra were recorded. Before each measurement, the main spectrometer body was first kept flat and 
exposed to the atmosphere for background collection. Soil infrared spectra were processed using wavelet 
transformation to eliminate the random noise before being normalized. The Raman spectra were first 
smoothed by an FFT (Fast Fourier Transform) filter. The fluorescence background was fitted and subtracted 
from the soil Raman spectra using the method of adaptive iteratively reweighted penalized least squares 
(airPLS).  

Calibration and Validation 

A spectral range of 650-4000 cm-1 for soil ATR spectra was used for calibration. The models for SOM 
prediction were constructed using PLS regression, a well-known multivariate method that reduces the 
number of predictors to a smaller set of uncorrelated components and performs least squares regression 
on these components, instead of on the original data. First, a calibration step is needed to establish the 
relationship between the spectra variables and the target properties. The PLS models were then tested 
with an independent validation set. The calibration model was established using 75% of the samples, and 
was tested with the remaining 25%. Competitive Adaptive Reweighted Sampling (CARS) is an algorithm 
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for variable selection based on Darwin's theory of "the survival of the fittest". The relative importance of the 
variable is evaluated with respect to the stability index in the CARS algorithm. 

Results and discussion 

FTIR-ATR and Raman spectra of soils  

Figure 1 shows the FTIR-ATR spectra for the representative soil types used in this study. Generally, the 
spectral curves were relatively flat in the range from 1300 cm-1 to 4000 cm-1. The main absorption bonds 
for the soil FTIR-ATR spectra included peaks at ~780 cm-1, ~910 cm-1, ~990 cm-1, ~1440 cm-1, ~1640 cm-

1, ~1550 cm-1, 3360 cm-1, ~3620 cm-1 and ~3690 cm-1. According to the relevant literature, the peaks around 
910 and 990 cm-1 are due to Al-OH deformation vibrations in aluminosilicate and clay minerals (Nguyen et 
al., 1991), and the peak at 1440 cm-1 corresponds to an adsorption feature of inorganic carbon, such as 
carbonates. O-H vibrations of the lattice in clay minerals could be seen at 1630 and 3360 cm-1 (Ge et al., 
2014). The weak bond near 1550 cm-1 on the spectra of black soil was due to the aromatic C=C vibration 
(Baes &. Bloom, 1989), indicating the special structure of organic matter in black soil, unlike in other types 
of soil. A series of bonds that emerged between 3100 and 3700 cm-1, such as those at 3620 and 3696 cm-

1, were mainly due to the vibrations of clay minerals, such as montmorillonite and kaolinite (Ge et al., 2014).  

  

 

Figure 1. ATR spectra of soil samples: a, Fluvo-aquic soil; b, paddy soil; c, red soil; d, black soil 

In consideration of soil types, black soils had the highest absorption peaks at 1630 cm-1 and 3360 cm-1, 
followed by paddy soils, Fluvo-aquic soils and red soils, reflecting the differences in SOM content among 
distinct soils. In the spectral range from 3100 cm-1 to 3700 cm-1, the intensity ratio between 3360 cm-1 and 
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3620 cm-1 differed according to the soil type analyzed. The difference in height between the left peak (3360 
cm-1) and the right peak (3620 cm-1) was greatest for the spectra of black soils, with paddy soils having the 
next greatest difference. Fluvo-aquic soils had a similar intensity for these two peaks, while the right peak 
was higher than the left peak for the red soils. For red soils, there were absorption peaks at 3696 cm-1 and 
910 cm-1, which appeared only weakly for paddy soils. However, black soils and Fluvo-aquic soils had no 
typical absorption at 910 cm-1. These differences are related intimately to the content and composition of 
soil minerals. As can be seen from the above, the FTIR-ATR spectra of different soils reflect the levels and 
composition of SOM, providing a basis for prediction of SOM content. A description of Raman spectroscopy 
of soils has been reported in our previous study (Xing et al., 2016).. 

SOM Prediction based on FTIR-ATR and Raman spectra 

Raman and ATR spectra were merged, to examine whether better results could be obtained synergistically 
with the fusion of independent information from these two spectroscopy methods. Normalization was 
performed as a first step for data fusion, and principal components analysis (PCA) was then carried out for 
the individual spectra. Simple data fusion was accomplished by concatenating the principal components of 
the two soil spectra. The prediction performance of the models based on the fused data is shown in Figure 
2. 

 

Figure 2. Scatter plots of reference versus predicted values from the PLS model for SOM prediction based on Raman spectra 
of soils: a. without baseline exclusion; b. with baseline exclusion; c. ATR; d. ATR-Raman spectra. The line represents the 
1:1 reference line. 
 
 



197 
 

The parameters of the prediction data sets of the models based on the fused dataset were close to those 
obtained from the individual FTIR-ATR dataset. A certain decrease in model performance was observed, 
in terms of a slightly higher RMSEP and lower R2 than the FTIR-ATR results. All the results above were 
based on the one-time division of the full datasets. However, the robustness and error of the model were 
highly affected by the division method.  

SOM Prediction Using a Method of Variable Selection  

In this section, CARS was performed with both individual and fused spectra before PLS regression. The 
performance of CARS-PLS models based on Raman spectra are shown in Figure 3, from which we can 
see that large amounts of data were compressed after the variable selection. Higher means and variances 
of RMSEP are evident from the distribution plot using the full dataset (here marked in yellow). The means 
and variances of the RMSEP (here marked in blue) were obviously reduced by the step of variable selection. 
Similarly, the RMSEP values of the ATR model were reduced after variable selection. 

 

 

Figure 3. RMSEP distribution of models based on Raman, ATR and fused spectra of soils, after variable selection by 
CARS（ ）n = 48  

Conclusions 

In this paper, we have shown the possibility of using ATR-FTIR and Raman techniques for improving the 
accuracy of SOM content prediction in agricultural soils. The main advantage of this approach is the very 
small amount of samples needed, and the simple sample preparation, which may help to reduce the use of 
chemical reagents and the potential destruction of the SOM structure. The ATR-Raman technique should 
be further tested with more calibration methods before being applied as a routine method of SOM 
determination. Future studies should also validate such models with soils of different types, to study the 
extent to which soil type affects the models’ performance. This could be of particular value to modern 
agriculture in monitoring soil fertility levels and securing soil resources.  
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Abstract 

Estimation of soil organic carbon (SOC) stocks is fundamental to monitoring the processes of carbon 
sequestration or loss. Conventional methods are very time consuming and costly. Therefore, we contributed 
to the development of an automated soil core scanning platform (SCANS) to improve the rate of acquisition 
of soil data. This multi-sensing platform combines a visible near-infrared (VisNIR) spectrometer, a γ-ray 
densitometer and a charged coupled device (CCD) camera and allows high resolution scanning of an intact 
core at field condition without preprocessing. 

141 soil cores, from 48 locations across New Zealand, were collected to test the SCANS platform. Entire 
soil cores were extracted to 60 cm depth and scanned at 2.5 cm increment from 0 to 30 cm depth and 5 
cm increment from 30 to 60 cm depth. The cores were analyzed for bulk density and SOC to develop 
calibration models for SOC stocks. Partial Least Square (PLS) regression was used to predict volumetric 
water content and SOC percentage from the spectra. The γ-ray attenuation data and volumetric water 
content estimations were implemented into Beer’s law equation for bulk density predictions. Finally, SOC 
stocks were computed from the bulk density and organic carbon estimations. The results indicate accurate 
prediction models for bulk density with root mean squared error (RMSE) of 0.13 g/cm3 and R2 of 0.8, a 
satisfactory level of accuracy for volumetric water content and SOC with RMSE of 0.06 cm3/cm3 and 1.29%, 
and R2 of 0.72 and 0.7, respectively. Accurate estimations of SOC stocks computed from the bulk density 
and SOC predictions from SCANS fused data were achieved with RMSE equal to 0.09 t C/Mm3 and R2 
equal to 0.76.    

Our results are important for improving New Zealand’s understanding and verification of total SOC stocks 
and sequestration rates and for encouraging the adoption of these rapid and cost-effective techniques as 
an enhancement of standard laboratory analysis.  

Introduction 

Soil organic carbon (SOC) is a key driver to assess fertility and the natural ecosystem of the soil. Moreover, 
variations of SOC quantity stored in the soil profile directly relate to sequestration or loss of carbon dioxide 
to the atmosphere, contributing to climate change. For these reasons, many countries have been 
increasingly interested in measuring SOC stocks in the soil. Soil monitoring programs and protocols have 
been developed (Morvan et al., 2008) to measure changes in C stocks at various scales, from national to 
farm scale. The data obtained from such measurements lead policy makers to draft strategies for soil 
conservation and climate change mitigation as well as carbon auditing schemes (Stockmann et al., 2013; 
Paustian et al., 2009). Therefore, accurate methods to monitor SOC stocks are crucial. 

Conventional methods for laboratory analysis can be impractical or a limiting factor to accurately assess 
temporal and spatial variability of the SOC stocks, due to time and cost constraints. Additionally, the ability 
to measure minimal changes requires a larger number of samples to be statistically significant. Proximal 
soil sensing has been trying to overcome the gap between the request for high resolution and accurate soil 
data, and cost-effective methodologies of analysis (Viscarra et al., 2011). Distinct technologies have been 
developed or adopted to measure soil properties with encouraging results. However, one limitation of 
sensor-based data is that multiple soil properties can contribute to the signal variations (Adamchuck et al., 
2011). Researchers are trying to solve such uncertainties by developing more sophisticate statistical 
approaches. As an example, External Projection Orthogonalization (EPO) have been implemented to 
reduce the influence of water content on the reflection of electromagnetic radiation (Minasny et al., 2011, 
Roudier et al., 2017). An alternative approach to decrease uncertainties around signal-to-soil property 
relationship is to integrate sensors and combine the collected data (Adamchuck et al., 2011). The 
advantage of this data fusion approach is that it uses the same physical soil sample for all sensor analyses. 
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The goal of this study was to use a multi-sensing platform integrating a γ-ray densitometer and visible -  
near infrared (VisNIR) spectrometer (Viscarra Rossel et al., 2017) to predict SOC stocks. The scans were 
performed on intact cores at field condition and SOC stocks were estimated from the predictions of bulk 
density and SOC content.                     

Materials and Methods 

SCANS automated multisensory platform measurements. 

The automated multisensory platform SCANS (Viscarra-Rossel et al., 2017), contains three distinct 
sensors: an Analytic Spectral Device (ASD, ASD Inc., Boulder, CO, USA) FieldSpec 4 VisNIR spectrometer, 
an active γ-ray densitometer and a CCD camera (Fig. 1). A touch screen computer on a support outside 
the housing controls the sensors and stores the data. The three instruments are installed on a sensor head 
that is moved by a linear actuator along a platform. The platform holds the soil core and allows scanning of 
soil cores with a diameter from 45 to 85 mm and a length up to 1200 mm. 

 

Figure 6: Multisensing platform SCANS: a) the housing and b) the sensing head with: 1) γ-ray 
densitometer, 2) VisNIR contact probe, 3) soil core and 4) CCD camera (Viscarra Rossel et al., 2017) 

We collected 141 soil cores from 47 locations across New Zealand, to test the SCANS platform. Each soil 
core was then located on the platform inside the SCANS to perform the measurements. For the current 
study, each core was scanned at 2.5 cm depth increment from 0 to 30 cm and at 5 cm depth increment 
from 30 cm to 60 cm or to the bottom of the core when shorter. Therefore, there were a maximum of 18 
measurements collected for each soil core. For each depth of measurement, the data from the active γ-ray 
densitometer and the VisNIR spectrometer were collected. After scanning, the soil cores were cut into 10 
cm depth increments and sent to the laboratory for analysis of moisture content, bulk density and carbon 
content.  

Laboratory analyses 

The soil cores, separated into 10 cm intervals, were analyzed for water content and bulk density. We used 
the gravimetric method to analyze soil samples for bulk density and water content. The volumetric water 
content, , was calculated using:  

	 1  

where is the bulk density, is the gravimetric water content, and is the water density, equal to 1 kg m-

3.  SOC was measured through dry combustion with a LECO carbon analyzer. 

The SOC stocks were then calculated for each depth: 

	
SOC	 1

100
	 2  
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where  is the C stocks (t C Mm-3), SOC is the organic carbon content (g kg-1),  	is the bulk density (kg 
m-3) and RM (dimensionless) is the proportion of sample mass represented by rock fragments, measured 
by weight of fragments not passing through a 2 mm mesh sieve. 

Gamma-ray data analysis 

The γ-ray densitometer measures the number of photons that pass through the middle section of the core. 
The number of photons that reach the detector is a function of the density of the core. In the current study, 
field moist soil cores were scanned therefore the density of the samples is a combination of soil particle 
density and water density and is defined using the Beer-Lambert’s equation: 

	 	 μ 	μ 	 3  

where  is the number of photons attenuated by the soil core,  is the number of photons at the source,  
is the diameter of the core in cm, μ and μ are the mass attenuation coefficients for soil and water measured 
in units of square centimeters per gram, and are the bulk density of dry soil in gram per liter and the 
water density, which is 1 gram per liter, and 	is the volumetric water content in cm3 per cm3. The mass 
attenuation coefficients are measured empirically: they depend on the photon energy of the radiation source 
and the elemental constituents of the material. For the current study, we used the values of 0.0770 cm2 and 
0.0832 cm2 for the soil and the water, respectively, that were measured by Lobsey and Viscarra Rossel 
(2016) for the same sensing platform set up. 

To match the laboratory analysis for bulk density and the measurements collected with the SCANS platform, 
we averaged the γ-ray data corresponding to the 10 cm depth interval of the soil sample analyzed with 
standard laboratory measurements. After having modeled the volumetric water content with the spectral 
data collected with VisNIR spectrometer, the eq. 3 was resolved for the dry bulk density : 

1
μ
ln

μ
μ
	 	 3  

For major details about the theory and empirical estimations of dry bulk density with γ-ray densitometer, the 
readers are referred to Lobsey and Viscarra Rossel (2016). 

Spectral analysis and modelling 

Prediction models for volumetric water content, and soil organic carbon content were developed using the 
VisNIR data recorded on the cores. The reflectance spectra were processed before model calibration to 
limit the impact of noise or instrument artefacts. Splice correction were applied to eliminate the offset 
between different regions of the three spectrometer detectors. Due to low signal-to-noise ratio, the 
reflectance spectra between 350–400 nm were discarded. Afterwards, the spectra were processed by using 
a second order polynomial Savitzky–Golay filter (Savitzky and Golay, 1964) with a 9-nm window and 
applying a Standard Normal Variate (SNV) algorithm to correct for spectral variance resulting from light 
scattering effects. The preprocessing steps were performed in R (R core team, 2019).  

The spectral data were divided into calibration and validation sets. To ensure independent validation, the 
whole cores were assigned to either validation or calibration dataset. A total of 94 and 47 cores where 
assigned to the calibration and the validation dataset, respectively. As performed for the γ-rays counts 
measurements, the spectral data were averaged to match with the depth intervals of the laboratory 
analyses. SOC values were log-transformed due to high skewness (Table 1) to approach normal 
distributions and stabilize the variance in the modelling. SOC predicted values were back transformed using 
the equation (Roudier et al., 2017):  

	 4   

where  is the predicted log-values and  is the variance of the values. 

Partial least squared regression (PLSR, Wold et al., 2001) was used to calibrate the spectral models for 
volumetric water content and SOC. The prediction models were calibrated in R using the caret package 
(Kuhn, 2019). The parameters of each model were chosen using 10-fold cross validation with 50 repeats. 
Then, the models were fitted using the best parameters, and assessed on the held-out validation dataset 
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of 47 cores. Different performance statistics were used to evaluate the model robustness to predict soil 
properties, including the root mean square error (RMSE), the ratio of performance to deviation (RPD), the 
ratio of performance to interquartile range (RPIQ) (Bellon-Maurel et al., 2010) and the bias. 

Once the soil properties have been predicted, the SOC stocks were calculated according to equation 2. 

Results and Discussion 

Table 1 summarizes the descriptive statistics of the soil properties for the entire dataset. Each soil property 
shows ample range of values but relatively limited standard deviation and interquartile range (IQR), except 
for SOC and SOC stocks.  

Table 4: Statistical summary of soil properties for the entire data set. St. dev = standard deviation; IQR = interquartile range.  

Soil properties N Mean St. dev Median Min Max Range Skew IQR 

 [g/100 g dry soil] 758 53.5 18.6 51.5 9.99 110.8 100.8 0.36 26.6 

 [cm3/cm3 soil] 758 0.35 0.11 0.34 0.10 0.70 0.60 0.33 0.16 

 [cm3/cm3] 758 1.11 0.29 1.11 0.46 1.77 1.31 -0.06 0.44 

SOC [%] 758 2.48 2.30 1.62 0.08 16.5 16.4 1.68 2.90 

SOC stock [t C/Mm3] 758 0.22 0.16 0.17 0.01 0.77 0.76 0.85 0.24 

The modelling results are presented in Fig.2. The PLS models produce satisfactory results for each soil 
properties with R2 > 0.7, and RPIQ varying between 2.45 and 3.40 on the validation set. The most accurate 
predictions were achieved for bulk density with R2 equal to 0.8 and RPIQ equal to 3.4 (Fig. 2b). All models 
present no bias except for the SOC which shows a slight negative bias (Fig. 2c). The results of the current 
study approach the level of accuracy reported by Viscarra Rossel et al. (2017) where the multisensing 
platform was tested for the first time. However, in their study, the authors conducted the test in a single field 
where the soil variability is smaller. Our achieved level of accuracy shows the ability of the calibration 
models to describe the complexity of the data at national scale: PLS models were able to reduce the 
multicollinearity of the spectra and, simultaneously, identify the spectral features co-varying with the target 
variable in spite the variability of soil properties (Table 1).  

Bulk density estimations calculated from Beer’s law including the spectral predictions of volumetric water 
content from the PLS model were accurate (Fig. 2b). The sensing approach adopted with the γ-ray 
densitometer provide direct inferences of sample density using volumetric water content values predicted 
by the VisNIR model. Although the general model performances for bulk density are satisfactory, the RMSE 
is high compared to previous work (Viscarra Rossel et al., 2017). Such difference may be related to the 
presence of rock fragments in the samples: as correctly indicated by Lobsey and Rossel (2016), the SCANS 
does not record the presence of gravel. In the case of rock fragments in the path of -ray beam, the 
attenuation would be higher, providing a point measurement that is not representative of the depth interval. 
Such discrepancy may increase the prediction error and affect the SOC stock predictions if not adequately 
considered. However, the adopted sensor fusion approach showed the advantages of combining 
complementary technologies that enhance and correct the predictive potential of the single sensor to 
estimate important soil properties with a consistent and cost-effective procedure.  

Figure 3 shows the soil profile for the bulk density, SOC and C stocks obtained by laboratory analyses (10-
cm increments) and by predictions from the SCANS platform for each single depth measurement. The soil 
profiles developed from laboratory analyses and the SCANS data show a similar pattern. The SCANS data 
contains more information and greater possibility to identify small variations of soil properties down the soil 
profile. With the detailed profile information SOC stocks can be determined for a greater number of depth 
increments. Accepting the decrease in estimation accuracy, the proximal sensing approach provides more 
detailed soil information with much less effort compared with the standard laboratory methodologies  
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Figure 7: Comparison between observed and predicted values of the validation dataset for 
volumetric water content (a), bulk density (b), SOC (c), C stocks computed through the 
equation 2 (d). 

 

 

Figure 8: Comparison of depth profiles for bulk density (a), SOC (b) and C stocks (c) 
obtained from the laboratory analyses data (stairstep line) and the predictions of PLS 
calibration model 
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Conclusions 

By scanning intact cores at field condition the automated multi-sensing platform SCANS was able to 
satisfactorily predict SOC stocks. The predictions of SOC stocks were obtained by multiplying the model 
predictions of bulk density and SOC, estimated through a sensor fusion approach. Future work will focus 
on implementing non-linear statistical method for the calibration models to improve prediction accuracy and 
develop calibration models for other soil properties. We will further investigate the possibility to directly 
estimate SOC stocks from the SCANS data. We conclude that the multi-sensing platform provided 
encouraging results supporting the adoption of cost-effective proximal sensing techniques to determine 
SOC stocks and SOC changes in New Zealand. 
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Abstract 

Proximal soil sensing (PSS) has become the preferred method to quantify various soil properties in situ. It 
utilizes portable soil sensors which can be mounted on a mobile platform, commonly called an on-the-go 
soil sampling operation. With the development of geostatistics, representative soil sampling locations 
(spots) can be selected effectively, thus, reducing the need to sample the entire field. The objective of this 
research was to develop a robust mobile soil sensing platform for on-the-spot soil measurements. The 
developed On-the-spot Soil Analyzer (OSA) platform was able to clean the soil surface for better sensor 
contact as well as cleaning the sensor itself and covering the sampling hole automatically. The OSA used 
direct soil measurement (DSM) principles to quantify soil chemical properties using an Ion-Selective 
Electrode (ISE). The main physical design feature was the adoption of two sets of parallel linkages which 
were used to reduce digging curvature, thus, reducing platform vibration and the soil sampling footprint. 
Additionally, a linearly actuated steel fender was used to cover the sampling hole. To clean the soil surface 
efficiently, a Ziegler-Nichols PID control was developed to control the platform movement based on the 
digging blade load. One Arduino microcontroller was used for controlling the digging action while the other 
for sensor deployment, cleaning and footprint covering. The last Arduino was dedicated as a data 
acquisition system (DAQ). The platform was tested to measure soil soluble nitrate, phosphate and pH using 
ion-selective electrodes (ISE) at 15 locations in a 12-ha sandy loam field. The OSA successfully conducted 
the direct soil measurement of multiple soil chemical properties. The digging control was able to control the 
digging load accordingly and as a result, the average digging time was less than 10 s at 2 cm depths. The 
complete operation time was around 60 s for each sampling operation. The antimony pH ISE was able to 
predict soil pH with a fair result (R2 of 0.55) while the glass pH, nitrate and orthophosphate ISE provided 
less satisfactory results. 

Keywords: On-the-Spot Soil Analyzer, mobile sensing platform, direct soil measurement, PID control 

Introduction 

Proximal Soil Sensing (PSS) frequently involves the use of portable soil sensors mounted on a mobile 
platform; this method is commonly called on-the-go soil mapping. This operation requires a reliable platform 
to gather various in situ soil measurement. Compared to grid sampling, higher measurement density often 
reduces the overall errors of thematic soil maps (Adamchuk et al., 2004). Various on-the-go platforms have 
been developed in recent years. Adamchuk et al. (1999) developed a three-point hitch tractor attachment 
with a movable vertical shank to collect soil samples from under 20 cm depths. The soil sample was then 
brought into contact with pH ion-selective electrodes (ISE). On the other hand, Sibley et al. (2008) 
developed a conveyor-like soil sampler mounted on a small tractor. It had a vertical wood saw blade to cut 
the soil, a water spray metering unit to moisten the soil sample, a Nitrate ISE, a controller and a GPS. 
Interestingly, the former platform development did not alter the soil sample moisture content yet it still 
produced a strong correlation between the pH ISE output and a standard laboratory test. Therefore, this 
direct soil measurement (DSM) method was preferable when analyzing soil in situ. Additionally, further 
development provided a cross-vehicle mounting design which offered greater flexibility than dedicating one 
special vehicle to soil sampling only (Adamchuk et al., 2007). 

Following the single pH ISE platform development, a multiple sensor comprised of Nitrate (NO3
-), Potassium 

(K+) and Sodium (Na+) ISEs was also developed (Adamchuk et al., 2005; Sethuramasamyraja et al., 2008). 
Adamchuk et al. (2014) successfully utilized an On-the-spot Soil Analyzer (OSA) to determine soil pH (r2 = 
0.84) and nitrate (r2 = 0.87). The on-the-spot method involved frequent stopping to perform DSM using 
ISEs. First, the soil surface was cleaned from unwanted materials using a vertical rotary blade. Then, nitrate 
and pH ISEs were deployed firmly on the cleaned soil and followed by soil measurement. After the 
measuring was finished, the ISEs were retracted and cleaned using water spray. To complete the operation, 
while moving forward, the sampling hole was covered by soil gathered by a steel fender when digging. In 
comparison with the on-the-go approach, on-the-spot soil analysis has advantage of true in situ 
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measurement at a well-controlled depth and relatively small size of equipment suitable for a fully 
autonomous platform. Therefore, the objective of this research was to develop a robust automatic OSA 
platform that would efficiently prepare the soil, perform multiple ISE measurements and restore effect of 
soil disturbance. 

Materials and Methods 

Physical Design 

SolidWorks (Dassault Systemes S.A., Waltham, Massachusetts, USA) was used to design the optimized 
the On-the-spot Soil Analyzer (OSA) prototype. As shown in Fig. 1, the new design included two sets of 
parallel linkages which were used to reduce digging curvature, platform vibration and soil sampling footprint, 
as compared to the original prototype system. Additionally, instead of a direct drive, a sprocket-chain 
mechanism was utilized to drive the rotating blades. This method was chosen to minimize electrical noise 
from the digging blade motor and provided more ground clearance which improved digging depth and 
provided protection from ground stubble. A series of bracketry were designed to accommodate a linear 
actuator for automatic covering of the sampling hole. Furthermore, instead of two car windshield washer 
nozzles, three Teejet XR11002VK nozzles (TeeJet Technologies, Glendale Heights, Illinois, USA) were 
used to provide a better water spray suitable for cleaning the ISEs. The new OSA complete design can be 
seen in Fig. 2. 

 
(a) 

 
(b) 

Fig. 1. Digging curvature comparison between (a) the old and (b) the new OSA design 

Electronics Components 

A dual 12 VDC motor (2655 rpm, 337 W) with 8.45: 1 ToughBox Mini gear box (AndyMark, Inc., Kokomo, 
Indiana, USA) was used to rotate the digging blades. In field operation, the blades were always rotating at 
full speed. The load of the blades was controlled by the movement of a 45-cm linear actuator (Robotzone, 
LLC, Winfield, Kansas, USA) that moves the digging frame accordingly. After the digging was completed, 
a 45-cm high speed linear actuator (Progressive Automations, Richmond, British Columbia, Canada) was 
used to deploy the ISE sensors. The ISE measurement was set to be 25 s which was more than sufficient 
to obtain initial sensor response and model its steady-state behavior (Adsett et al., 1999; Adamchuk et al., 
1999). Subsequently, a 5 to 12 VDC relay (Velleman, Fort Worth, Texas, USA) was used to activate the 
Simer Blue Water self-priming pump (Pentair Plc., Delavan, Wisconsin, USA) to pump water into the 
9.5-mm tube line for washing the ISEs. To finish the measurement cycle, another 45-cm linear actuator 
(Progressive Automations, Richmond, British Columbia, Canada) was used to move the soil guard to cover 
the soil sample hole. All the motors and actuators were controlled using the Talon SR servo motor controller 
(900 W, Talon-Cross the Road Electronics, AndyMark, Inc., Kokomo, Indiana, USA). 

The new OSA was also equipped with various sensors to achieve faster digging time and efficient energy 
utilization. Each blade motor load was monitored using current sensors (50 A, hall effect ACS758, 
DFROBOT, Pudong, Shanghai, China). After finishing the digging, the blades needed to be positioned in 
such a way as to not obstruct the sensors’ deployment. To monitor the blade positions, a continuous rotation 
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potentiometer (200 kΩ, Precision Sales and Equipment Inc., Newtown Square, Pennsylvania, USA) was 
placed at the blade motor output shaft. To measure the digging depth, an AN1 120o linear rotating 
potentiometer (ZF Electronic Systems LLC, Pleasant Prairie, Wisconsin, USA) was used. Additionally, all 
actuators were equipped with current sensors (50 A, hall effect ACS758, DFROBOT, Pudong, Shanghai, 
China) to monitor their load and as a safety measure. 

 

Fig. 2. The new OSA design 

OSA Control and Data Acquisition System (DAQ) 

All OSA movements were controlled by two Arduino Uno microcontrollers. One Arduino was responsible 
for controlling the digging action and the blade position, while the other was responsible for deploying the 
ISEs and covering the sample hole. Each of the Arduinos was enclosed in a dedicated control box. An 
additional Arduino Uno was used as a data acquisition system (DAQ) and placed in the instrumentation 
box. This Arduino was dedicated to the ISE measurements which consisted of Whitebox Labs’ Tentacle 
shield (Meister Whiteboxes GmbH, Basel, Switzerland) with four Atlas Scientific ORP (oxidation-reduction 
potential) circuits (Atlas Scientific LLC, Brooklyn, New York, USA). Additionally, a GPS data logger and 
Bluetooth shield were added to the DAQ to provide georeferenced data and to ease mobile connectivity. 
All the Arduinos were interfaced via LabView (National Instruments Corp., Austin, Texas, USA). 

A simple, in-field PID tuning using the Ziegler-Nichols method was found to be more accurate and robust 
in controlling the digging action than using a modelling approach. As a result, the typical digging time was 
less than 30 s at the 4 cm digging depth. The digging action was monitored using a camera connected to 
a display in the operator’s compartment. LabVIEW 2015 (National Instruments, Austin, Texas, USA) was 
used to develop the Graphical User Interface (GUI) for the platform movement and sensor reading (Fig. 3). 
Therefore, the “one-button” soil measurement operation which consists of soil digging, sensor deploying, 
reading and cleaning, and sampling footprint covering could be achieved while the operator sits in the 
driver’s seat. The OSA operation flowchart is shown in Error! Reference source not found.. 

OSA Field Test 

The OSA platform was tested to measure soil soluble nitrate, phosphate and pH using ion-selective 
electrodes (ISE) at 15 locations in a 12-ha sandy loam field at the Macdonald Campus Farm of McGill 
University. Sampling took place in November 2018 a few days after soybean harvesting. Glass (Cole-
Parmer Instrument Company LLC, Vermon Hills, Illinois, USA) and Antimony (Veris Technologies, Inc., 
Salina, Kansas, USA) combination ISEs were used to measure soil pH, while soluble nitrate and phosphate 
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were measured using mono PVC (360 Yield Center, Morton, Illinois, USA) and Cobalt rod ISEs, 
respectively. Before the field measurements, each ISE was calibrated. The pH ISEs were calibrated using 
pH 4, 7 and 10 calibration solutions, while nitrate and phosphate ISE was calibrated using 10, 100 and 
1000 ppm N-Nitrate and 0.1, 0.01 and 0.001 molar orthophosphate calibration solutions. Each 
measurement was repeated two times in 1 m radius from the first sampling location. On each sampling 
location, a scoop of soil was extracted to be analyzed in the laboratory using Lachat QuikChem® 8500 
FIA+ (Lachat Instruments, Milwaukee, Wisconsin, USA) for soil soluble nitrate and orthophosphate while 
soil pH was analyzed using 1:1 soil to water dilution using glass pH combination ISEs. Uncertain 
measurements due to questionable contact with soil and/or potential for inefficient electrode cleaning were 
removed from the dataset. 

 

Fig. 3. LabVIEW OSA GUI 

 

Fig. 4. The OSA operation flow 

Results 

In the field setup, the OSA was attached to an all-terrain vehicle through a common drawbar towing hitch 
(Fig. 5a). Since there was not much residue in the field and considering the field texture, the digging depth 
was limited to 2 cm. The OSA was able to do the sampling operation flow smoothly (Fig. 5b-5d). The blade 
flattening action was able to provide enough space for smooth ISE deployment. The DAQ was able to 
provide GPS and ISEs measurements without electrical noise disturbance or cross-reference among the 
ISEs. The hole covering action was able to cover the sampling hole effectively. The ISEs cleaning 
successfully removed the sticking soil from the ISEs.  

The typical digging control output can be seen in Fig. 6. Digging took less than 10 s on average to finish 
which meant the entire operation needed approximately 60 s to complete. As shown in Fig. 6, there was 
spike in the current due to the impact with compacted soil or with stone. Also, the digging action was 
oscillating. Aside from the problems caused by the stony conditions, this oscillation was also attributed to 
the slow blade motor current sensor acquisition speed. The current data was measured every 84 ms to 
provide reliable data. Moreover, a median filter of 5 consecutive measurements was applied to provide a 
smooth current reading which needed for a continuous digging which on the other hand, may slow the 
control response in field conditions like this. Nevertheless, as the control system was able to limit the 
maximum digging load to less than 30 A and provide a decent response, the control system was considered 
robust. 

The filtered ISE’s performance is summarized in Table 5. In some locations, sand particles stuck to the 
glass pH ISE which could break the glass membrane and therefore, significantly reduced ISE accuracy. 
Nonetheless, the calibration regression was quite satisfactory (Fig. 7). The antimony ISE performed 
sufficiently to characterize the field soil pH and provided acceptable calibration (Fig. 8) for the direct soil 
measurement method. On the other hand, nitrate and phosphate ISEs did not indicate strong correlation 
with the laboratory values (Fig. 9 and 10). This was attributed to a relatively low activity of both ions in 
tested soil as well as the fact that no chemical ion extraction took place in the field (contrary to the laboratory 
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protocol). Future testing is scheduled to cover greater range of field conditions. 

 

 
a) The OSA field setup 

 
b) OSA digging result 

 
c) ISEs measurement 

 
d) OSA covering sampling hole 

Fig. 5. The OSA field operation 

 
Fig. 6. Typical OSA digging control output 

Table 5. ISEs performance 

ISE Reference 
Nernst Slope 
(mV/decade) 

Precision 
(p log) 

Accuracy 
(p log) 

n 
Sample 

pH, glass combination - -55.6 0.113 1.149 12 
pH, Sb combination - -46.7 0.119 0.488 10 
NO3, mono pH Sb 51.6 0.113 2.147 10 
P, mono pH Sb 41.2 0.135 1.706 10 

Conclusion 

The optimized OSA successfully conducted the direct soil measurement of multiple soil chemical properties. 
The new digging control was able to manage the digging load accordingly and as a result, the average 
digging time was less than 10 s at 2-cm depths. The complete operation time was around 60 s for each 
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sampling. The antimony pH ISE was able to predict soil pH (R2 of 0.55). Poor results on the glass pH was 
attributed to the sandy field conditions which destroyed the sensitive glass membrane. Unreliable nitrate 
and orthophosphate measurements were attributed to the relatively low activity of both ions in tested soil 
as well as the fact that no chemical ion extraction took place in the field (contrary to the laboratory protocol). 
Future testing is scheduled to cover greater range of field conditions. Nevertheless, the OSA was able to 
provide a robust platform for multiple soil chemical property measurements. 
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Fig. 7. pH Glass calibration 

 
Fig. 8. pH Sb calibration 

 
Fig. 9. pNO3 calibration 

 
Fig. 10. pP calibration 
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Abstract  

Soil nitrate-nitrogen(NO3
--N) is one of the primary evidence for nitrogen topdressing application during the 

crop growth period. Ion-selective Electrode (ISE) is one of the promising methods for rapid lower-cost in-
field detection. However, the accuracy and stability of ISE-based in-field detection were degraded by the 
simplicity of sample pretreatment.  In this paper, a self-designed prototype system for on-site soil NO3

--N 
detection based on ISE was developed. The system could achieve semi-automatic operations of soil 
sample preparing and NO3

--N detection. The procedure of spinning centrifugation was considered to avoid 
the interference of soil slurry suspension. Soil moisture was obtained for the calibration of the sample 
weight. A modified Nernstian prediction model was quantitatively characterized with both of the outputs 
from the ISE and the soil moisture sensor. System performance was evaluated with 108 soil samples. 
Compared with the standard spectrometric method, the average absolute error (AE) and root-mean-square 
error (RMSE) were found to be less than 4.7 and 6.1 mg/L, respectively. The on-site soil testing efficiency 
was  4~5 min/sample, which reduced 60% of the operation time than the manual sample preparing. On-
site soil NO3

--N status was dynamically monitored for consecutive 42 days. The declining peak of NO3
--N 

was observed. In all, the designed ISE-based detection system demonstrated promising capability for the 
dynamic on-site monitoring of soil macronutrients.  

Key words：on-site detection, Ion-selective Electrode(ISE), Soil nitrate nitrogen(NO3
--N), Soil moisture, 

dynamic monitoring 

Introduction 

In 2018, China consumes 5.9×106 kg fertilizer in 13.4×104 km2 cultivated farmland, which proportionally 
equals to 9% of the world farmland with the consumption of 1/3 of the world chemical fertilizers(China 
Statistics, 2018). Growing concerned is paid to the environmental and health issues caused by the overuse 
of chemical fertilizers.  

An ion-selective electrode (ISE) is a sensor that could transfer the ionic activity(or concentration) of a target 
testing ion dissolved in a solution into an electrical motive force (EMF). Theoretically, EMF value is related 
to the logarithm of the ionic activity according to the Nernst equation. Because of the importance of fertilizer 
to agricultural production, ISEs were first used in soil nitrate-nitrogen (NO3

—N) analysis ever since the 1960s 
(Myers et al., 1968). Researchers from Nova Scotia Agricultural College, Canada started the very first 
attempts on the development of In-field prototype NO3

—N monitoring system since the 1990s(Thottan et 
al., 1994; Sibley et al.,2008,2009). The in-field NO3

—N extraction was completed by mixing the collected 
soil sample with de-ionized water. Considering the influences of soil texture, the 5th generation of the 
modified system produces satisfactory results with a regression coefficient of 0.92. However, the problem 
of the randomly ISE signal disturbance, caused by direct soil slurry measurement, was claimed. Efforts 
were required for obtaining clear extractant. 

In 2001, A portable ISE detection kit was developed for infield direct measurement of soil chemical 
properties, including pH, mineral Na+, mineral K+, and NO3

—N (Davenport et al., 2001). More than 500 soil 
samples with the texture of the Quincy sand and the Warden silt loam were collected. However, the NO3

—

N testing results demonstrated obviously variations, which was greatly exceeded conventional 
requirements for further use. At the same time, researchers from the University of Missouri started the 
optimizations of ISE’s membrane and comparisons of soil extractants. Kelowna extractant was chosen as 
the optimized extractant for soil available macronutrients of K+, PO4

3- and NO3
—N. The accuracy of 
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laboratory soil  NO3
—N detection was recently reported with standard deviations ranging from 8.04 to 19.7 

mg/L in 37 soil extractants under manually sample preparing(Kim et al., 2007). 

One of the milestone researches was provided by Adamchuk’s group. Plenty of ISE based in-site soil 
monitoring concept models, including “Direct Soil Measurement”、“Integrated Agitated Soil Measurement”, 
and “On-the-Spot Analyzer”, were developed and validated (Adamchuk et al., 2005; Sethuramasamyraja 
et al., 2008). Soil extractant was obtained by injecting Di-water into the filed after removing the top 8 cm 
surface soil. The stirring process was conducted previous to measurements. Sensor array, including ISEs 
of pH, and NO3

—N, was inserted underneath the obtained soil slurry. Sensing data were obtained 
automatically. NO3

—N results detected by ISE demonstrated a good regression relationship with the 
standard UV-VIS method with the R2 of 0.87.  

Our group has worked on ISE based soil macronutrients detection for years. A bench-type 4-channel 
detection platform has been designed. The fabrication of all-solid-state ISEs has been optimized for K+, 
PO4

3- and NO3
—N detection. Effects of fresh soil moisture and reduced soil pretreatment procedure have 

been diagnosed. In addition, the filtration process was determined as the necessary operation for ISE-
based soil testing. Soil slurry would place obvious interference on the ISEs’ outputs (Linan et al., 2015).  

In this paper, a self-designed prototype system for on-site soil NO3
—N detection based on ISE was 

introduced in this paper. The procedure of spinning centrifugation was considered and optimized to get 
clear soil extractant. Influences of soil moisture were verified and were used for sample net weight 
compensation. Finally, system performance was evaluated with 108 soil samples. 

Material & Method 

Reagents & Apparatus 

Commercial nitrate ISE( No.9707BNWP, Thermo Scientific Orion, USA) was employed for testing. Soil 
moisture sensor (ECH2O-5TE, Decagon, USA) produced volumetric moisture reading for the compensation 
of soil net weight. Reagents used were all in Analytical grade. The testing solution was prepared with 
Deionized Water(Di-water). 

System Design 

The on-site soil NO3
—N detection bench was consisting of five major units, including extractant preparing 

unit(A), extractant clarification unit(B), electrode holder unit(C), leveling unit(D), an electric circuit unit(E), 
as illustrated in Fig. 1. As shown in Fig. , Centrifuge(B9) was employed to achieve the separation of soil 
slurry with the clarified extractant. Operation optimization was studied(Yanhua et al., 2016). The centrifuge 
process was conducted at the speed of 1000rps for 3mins. The manually collected soil sample was first 
weight with the electronic scale(A10). Information of both raw sample weight and infield soil moisture 
reading was input into the cellphone. And then, pre-programmed soil extractant operations would be loaded 
to the electric circuit unit.  

Soil Moisture Compensation 

The detected NO3
—N content would be greatly underestimated if soil moisture interference was not involved 

in the compensation of sample net weight. In this research, ECH2O-5TE (Decagon, USA) was applied for 
the on-site soil Volumetric moisture monitoring. The Volumetric moisture should be converted to the weight 
moisture for calibrating the sample net weight, as discussed in a previously published paper(Yanhua et al., 
2016). The NO3

—N prediction model, involving the Volumetric moisture, was derived from the Classic 
Nernst. The above-mentioned calculation was performed according to the equation (1-4). 
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Where:ρs represents for pre-determined bulk density of dry soil, 1.19 g/cm3; ρw represents the density of 
deionized water, 1.0 g/mL; θ0 represents for pre-determined Volumetric moisture ratio, -1.51%; θ represents 
for soil Volumetric moisture, %; ω represents for the soil mass moisture, %; M represents for the weight of 
raw soil sample, g; m represents for volume amount of soil extractant, mL; N represents for the ratio of 
extractant to the net weight of soil, mL/g; Ar represents for the relative atomic mass, nitrogen is 14; iC  
represents for the concentration of nitrate in tested sample, m/V,  mg/L; E represents for the EMF value 
produced by ISE, mV; E0 represents for the intercept potential of Nernstian model of tested ISE, mV; S 
represents for the response slope of Nernstian model of tested ISE, mV/decade, decade means 10 times 
change of the target concentration. 

 

A1. Stepper motor 1 A2. Proximity sensor 1 A3. Vertical slide table 1 A4. Peristaltic pump A5. Proximity sensor 2 A6. Injecting tube 
A7. Outlet tube A8. Blender A9. Soil sample container A10. Electronic weigh scale B1. Stepper motor 2 B2. Proximity sensor 3 B3. 

Vertical slide table 2 B4. Proximity sensor 4 B5. Peristaltic pump2 B6. Rotary table B7. Stepping motor 3 B8. Pipe hanger 
B9.Centrifuge C1. Electrode hanger 1 C2. Electrode hanger 2 D1. Horizontal Lever meter D2. Positioner D3. Leveling screw E1. 

Circuit controller E2. ISE connector E3. Control switches and indicator lights E4. Control switches and indicator lights 

Fig.1  Mechanical diagram of on-site detection bench 

Laboratory and Field Tests 

The self-designed on-site system was evaluated with 108 sets of fresh soil samples. Soil samples were 
manually collected in a demonstration summer corn planting farm(70L ×24W m2) from April to July 2016 
(40°8′37″N, 116°11′31″E). The first 12 samples were collected on May 30th, which were marked as group 
D1. The rest 8 groups of samples, marked with D2-D9, were obtained from June. 5th to July 2nd at the 
interval of 3 days. The on-site monitoring duration was 42 days. Soil samples were collected at the depth 
of 0-25 cm. Collected soil samples were blended thoroughly and were divided into three parts. The first part 
was detected directly by the self-designed detection bench in the site. The results were recorded as ISEos. 
The second part was sent to the conventional soil testing center operated by standard analytical 
measurements in China Agricultural University. The third part was pretreated under the protocol of the 
recommendation of soil testing and fertilization and fertilization (Youlu et al., 2006)]. Clarified soil extracts were 
obtained and monitored by nitrate ISE. The results were recorded as ISELT. Soil macronutrients information 
was summarized in Table 1.  
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Table 1 Soil Sample Information 

Test 
Purpose 

Texture 
Sample 

sets 

Mass 
moisture 

(%) 

Nitrate 
Nitrogen 

(mgꞏkg-1) 

Available 
Phosphate 
(mgꞏkg-1) 

Total 
Nitrogen  

(gꞏkg-1) 

Organic 
Matter  
(gꞏkg-1) 

Total 
Potasium 

(mgꞏkg-1) 

On-site Test 
Sandy 
loam 108 9.2~26.4 5.0~163.2 0.7~0.8 0.9~1.1 14.7~17.1 14.7~17.1 

Results & Discussion 

Soil NO3
—N Test  

Soil NO3
—N detection results were compared among three different methods, including the standard UV-

VIS, on-site ISE based monitoring, and laboratory ISE monitoring, as shown in Fig. 2 and Table 2. 

 

Fig. 2 Comparison among on-site ISE, Laboratory ISE and UV-VIS on soil NO3
—N detection  

The linear regression fitting result between ISEOS, ISELT, and UV-VIS were yUV-VIS =1.02ISEOS-0.57、yUV-

VIS=0.98ISELT-0.71. Both linear fitting curves were close to the 1:1 line. The ISE detection accuracy 
demonstrated a little variation with the change of Soil NO3

—N content. The accuracy was derived as ±30%, 
±16% and 5%(Full Scale, FS) at the NO3

—N content range of 0~30, 31~90, and 91~200 mg/L, respectively. 
The Maximum error (with the possibility of ±90%) was less than 10 mg/L. The intersection was close to 1. 
Adj. R2 are both of 0.98. The ISE results demonstrated close consistency with UV-VIS. The absolute error 
among ISEOS, ISELT, and UV-VIS were calculated as 0.1~19.9 and 0.0~18.4 mg/L with the average value 
of 4.7 and 4.0 mgꞏL-1, respectively. The RMSEs were found as 6.1 and 5.5 mg/L. No significant difference 
was found between the result of ISEOS and ISELT. 

The testing efficiency was also evaluated. The time duration and the labor force consumed for dealing with 
a dozen soil sample were compared among UV-VIS, ISEOS, ISELT. The results were summarized in Table 
3. The ISEOS demonstrated obvious advantages on the testing efficiency and labor force intensity. 
Compared with the conventional soil pretreatment protocols conducted prior to UV-VIS and ISELT, the self-
designed on-site detection bench was decreased 45 mins. The total time consumption was eliminated to 
40% of the duration of the conventional spectrometry method. 

Integrated with multi-sensor, centrifuge filtration, and programmable fluidic control, the self-designed on-
site soil NO3

—N detection bench produced a reliable result with efficient operations, which demonstrated a 
promising perspective for the infield monitoring applications.  

NO3
—N Variation Monitoring 

Based on the workbench, on-site NO3
—N variation was monitored for 42 days from Trifoliate stage to Silking 

Stage of summer corn. 3 representative samples were selected to demonstrate the NO3
—N content change 
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with corn growth, as shown in Fig. 3. The NO3
—N content was at the level around 70-100 mg/L at the 

beginning stage of D1.The NO3
—N demonstrated great variation characteristics with time and sample sites. 

However, an obvious NO3
—N decrease with the amplitude of 80 mg/L was happened uniformly among all 

three testing sites during the stage from D6 to D7. According to the definition of corn growth, D6 was the 
V12 period. And D7 was in the V14 period. The monitoring results perfectly fitted the nitrogen growth law 
of corn. After that growth stage, no clear nitrogen absorption could be verified. The  NO3

—N content kept at 
the level of 13.2~17.0 mg/L.  

Table 2 Statistical analysis of linear regression fitting results  

 Linear Fitting Model Adj. R2 F-value P-value Significance 
AE 

 (mgꞏL-1) 

MRE 

(%) 

RMSE 

(mgꞏL-1) 

ISE系统 y=1.02x-0.57 0.98 6055.8 0.0 * 0.1~19.9 13.9 6.1 

ISE常规 y=0.98x-0.71 0.98 5488.9 0.0 * 0.0~18.4 13.7 5.5 

 

Table 3 Comparison of the testing duration and labor force among  UV-VIS, ISEOS, ISELT 

Measurement* UV-VIS ISELT ISEOS 

Testing 
Duration 

(min) ** 

O 

P 

E 

R 

A 

T 

I 

O 

N 

S 

Quantitative 

Weighing 
12 

Quantitative 

Weighing 
12 

Sample 

Weighing 
2 

Extractant adding 12 Extractant adding 12 
Extractant Injection 16 

Shaking 20 Shaking 20 

Stabilization 20  
Stabilization 20 

Centrifuge Filtration 3 Filtration 4 

Titration 24 Filtration 4 

Detection 15 Detection 24 Detection 24 

Total 107 
 

92 
 

45 

Labor force 
Intensity 

 
Intensive physical work. 

Participate in the overall process 
Intensive physical work.  

Participate in the overall process 
Light physical work. Participate in 

sample pickup and weighting. 

* Soil samples, detected by UV-VIS and ISELT, should be pretreated according to the recommendation of soil testing[29]. The shaking 
time was required as 20 min. Stabilization time was optimized as 20 min.; Soil samples, detected by ISEOS, didn’t take the quantitative 
weighting. Fresh Soil samples were first weighing after moisture measurement. A peristaltic pump was used for extractant injection. 
The extractant injection rate was 36 s/sample. The stirring process was the 40s/sample. Centrifuge filtration rate was 40 s/12samples. 
Stable ISE reading could not be obtained until the variation of out EMF less than ±1 mV. The ISE detection rate was 4~5 min/sample. 

** Time used for processing 12 soil samples. 

Conclusion 

1. A self-designed prototype system for on-site soil NO3
—N detection based on ISE was designed and 

tested. Soil moisture information was collected for the weight calibration of the fresh soil. Centrifuge filtration 
was evolved to obtain clarified soil extractant.  

2. The performance of the on-site soil NO3
—N system was evaluated with 108 sets of fresh soil samples. 

The results demonstrated good consistency with the UV-VIS testing and laboratory ISE testing. Compared 
with UV-VIS method, the average absolute error was determined as 4.7 mgꞏL-1. The RMSEs were found 
as 6.1 mg/L. In addition, the detection duration was decreased to 40% of the spectrometric method.  

3. NO3
—N variation was monitored for 42 days in the summer cornfield. A nitrogen absorption peak was 

observed during the V12-V14 growth stage. The system demonstrated a promising perspective for the 
infield nutrient monitoring applications.   
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Fig.3 NO3
—N Variation Monitoring by On-site detection Bench 
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Abstract 

Greenhouse gas (GHG) emissions from agricultural soils have raised concerns about farming practices in 
North America. Consequently, these practices are being adapted to include strategies that mitigate soil gas 
emissions. Thus, the quantification of soil GHG emissions from agricultural fields is essential to understand 
the environmental impact of intensive crop and livestock production systems. Current methods of analysis 
involve sampling with “non-steady-state non-flow-through”, or “static”, chambers and ex situ analysis 
methods, such as gas chromatography (GC). These techniques often require expensive equipment, a 
tedious sampling process, and long data gathering times. This paper describes a newly developed wireless 
sensor system for in situ gas measurement. The system included a wireless sensor network (WSN) 
connection of low-cost Non-Dispersive Infrared (NDIR) CO2 sensors. This system retains the passive 
diffusion principles used in static chambers, allowing for linear flux rate modeling, and is based on previous 
sensor-based approaches aimed at providing cheaper alternatives for soil gas measurements. 
Simultaneous deployment of multiple sensor nodes at different regions of a field allows for high spatial and 
temporal analysis of CO2 measurements and mapping. This system was tested during a controlled 
experiment on the soil microbial activity of potato crops grown in soils amended with various substrates, 
including compost, biochar, and (TiO2) nanoparticles. GC validation of samples collected from the 
chamber’s headspace showed a linear relationship with the corresponding NDIR sensor outputs and 
yielded a R2 of 0.96 with no significant difference in the population mean at a α = 0.05 significance level. A 
model of the effects of the soil treatments and sampling dates on NDIR measured CO2 gas flux was 
obtained from this study and was found to be statistically significant using a two-way ANOVA. Based on 
the analysis of this report, the system developed provides a practical tool for rapid assessment of soil CO2 
emission from agricultural fields. 

Introduction 

Soils can act as either sinks or sources for GHGs, CH4, N2O and CO2, based on their structural properties. 
To generate reliable global budgets for land-use management, measurement techniques have been 
developed to determine trace gas emissions for various spatial scales (Oertel et al., 2016). This research 
focuses on only the chamber techniques used to collect trace gas concentrations to determine flux (flow 
rate per unit area). These chamber methods include closed and open chamber systems, for on-field gas 
sampling. These sampling methods often require ex situ analysis of static gas samples in a lab using 
analyzers such as a Gas Chromatograph (GC). Some systems allow for on-site analysis using tubing 
networks connected to a manifold controller for dynamic on-field analysis as well. While these systems 
have been used extensively as the primary method for collecting soil gas measurements, repeated 
sampling of air from stationary chambers (< 1 m2) is a laborious process and constrains our ability to assess 
GHG fluxes at the spatiotemporal scale which is needed to describe the variability present in farm-scale 
production areas. The use of commercially available automated chambers connected via tubes to stationary 
gas analyzers is limited by high instrumentation and analytical costs. This paper explores the development 
of a wireless chamber network equipped with Non-Dispersive Infrared (NDIR) sensors for simultaneous in 
situ analysis of gas emissions across agricultural production areas throughout a field as an appealing 
alternative. 

The goal of this research was to develop a cost-effective Wireless Sensor Network (WSN) system for in situ 
soil gas emission measurements using low-cost NDIR sensors. The proposed network provides an 
alternative to the “non-steady-state non-flow-through”, or “static”, chamber sampling technique and ex situ 
analysis methods, such as GC, that is currently used to perform GHG flux analysis. Such a WSN system 
allows for real time measurement of physical soil conditions and provides both spatial and temporal insight 
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into the conditions affecting GHG fluxes in soils (Mat Su et al., 2014). To achieve this goal, the primary 
objective of this project was the development of a configuration of sensors that would measure GHG 
concentration and other auxiliary properties through a chamber system that retains the passive principles 
of the traditional chamber sampling method and is consistent with GC output. CO2 plays an important role 
in the soil – atmosphere gas exchange of agricultural operations and was selected as the GHG in focus for 
the development of the chamber network. After the configuration of the NDIR chambers, a communication 
strategy between a network of these chambers was developed to achieve a spatiotemporal scale 
appropriate for the agricultural landscape. The final objective of this research was to test the system on 
various experiments under various controlled soil conditions. 

Materials and Methods 

Wireless Sensor Network Development 

As previously mentioned, the primary approach for developing a practical sampling method for the NDIR 
based system gravitated toward the use of wireless communication technology for transferring on-site 
sensor data to a database. This would achieve the large spatiotemporal scale required for agricultural 
practices. Thus, various Wireless Sensor Network (WSN) structures were considered during the 
development process. The prominent network structure considered for the spatiotemporal scale required 
for sampling in agriculture fields is the Low Powered Wide Area Network (LPWAN). Chambers designed 
for this network implement LoRa (Long Range) wireless communication technology for significantly long-
distance data transmission. LoRa transceiver modules operate in the 900 MHz Industrial, Scientific, and 
Medical (ISM) radio band in North America and 433 MHz in Europe. The network consists of 4 
communication layers which include, the sensor node, the gateway, the server and the application layers. 
Based on a star network topology, the network can allow for communication greater than 10 km (line of 
sight) with a single mounted base-station. 

Chamber and Gateway Design 

The fundamental unit of the WSN is the sensor node. Nodes consist of NDIR chambers equipped with a 
transceiver module and a power source. The main components of the NDIR chambers include the host of 
sensors housed within the chamber, the chamber headspace, and the soil blade. The chamber headspace 
allows for the accumulation of soil gas emissions in an enclosed 25 cm height by 10 cm diameter non-
reactive PVC cylinder. The blade is used for easy on-site implementation of the chamber on various soil 
types with minimal disturbance to the area. Sensor measurements obtained from this system include CO2 
concentrations (ppm), air pressure (kPa), air temperature (ºC), air humidity (%), and ultrasonic distance 
measurement (actual headspace). A sampling tube with a valve was added to each chamber for hand 
sampling of the headspace with a syringe. The chambers also incorporate fans within the headspace for 
uniform air mixing to ensure that a homogeneous air sample is measured. The system is electronically 
driven by an Arduino Nano microcontroller (Arduino, Italy) and powered by an 11.1 V (3 lithium ion 18650 
batteries) source. A printed circuit board (PCB) was specially designed for controlling the configuration of 
the electronics used in the sensor node. Housing of the chamber components such as the sensors, and the 
electronic control PCB, were 3D printed using polylactic acid (PLA) bioplastic material. 

A mobile gateway was developed using a Raspberry Pi 3 Model B single board computer (Raspberry Pi, 
Cambridge, United Kingdom) equipped with a LoRa transceiver. The gateway receives incoming data 
transmission from each node, returns a confirmation to the nodes and stores the data locally. The data can 
then be transferred to a server using the Wi-Fi capabilities of the Raspberry pi. The mobile gateway 
developed for this research has a range of greater than 2 km. Though this distance was achieved from 
testing the node, the actual distance can vary depending on the obstructions to the line of sight between 
the sensor node and the gateway. For example, mature corn fields will yield shorter reliable (~900 m) 
communication ranges depending on the positioning of the gateway.  

Sensor System Evaluation 

Testing of the NDIR based closed chamber system was performed parallel with two on-going experiments 
on the soil microbial activity of potato and green pepper crops grown in soils amended with various 
substrates. These experiments were performed under controlled environmental conditions with the main 



219 
 

effects of the various soil conditions being tested. In this study, air samples were collected manually from 
within the chamber headspace alongside the readings collected from the NDIR sensor. The purpose of this 
study was to test the precision and accuracy of the NDIR-based chambers by comparing the output 
obtained from the in situ system to the standard ex situ analysis of the gas using a GC. Another goal of this 
study was to test whether a sensor-based approach can consistently observe the differences in the 
microbial activity of soils amended with various substrates.  

Samples were collected from lysimeters located at the Macdonald Campus of McGill University, Ste. Anne 
de Bellevue QC, Canada (45°24’48.6” N latitude and 73°56’28.1” W longitude). The PVC lysimeters (1 m 
height x 0.45 m inner diameter) provide a controlled environment for the soil and the crop. They are sealed 
at the bottom with a PVC sheet and provided with a perforated drainage pipe. The lysimeters are filled with 
sandy soil obtained from the farm of the Macdonald Campus of McGill University. The experimental design 
of this study was set up as Completely Randomized Design (CRD). The experimental setup of the potato 
study includes 9 treatments with three replicates per treatment. The setup of the potted green pepper crops 
includes 7 treatments with 4 replicates per treatment. Testing of the NDIR WSN consisted of randomly 
assigning chambers, using a MATLAB generated random number assignment, to each treatment for both 
studies and measuring the CO2 emission as one measure of gauging the soil microbial activity. Testing of 
the NDIR WSN was repeated on multiple days for each treatment during the end of the summer season of 
2018. The sampling schedule includes four days of measurement of the potato study: August 10, August 
23, August 30, September 9, and two days of measurements performed on the potted green pepper crops: 
September 12, September 16. The potato and green pepper experimental study was used to compare 
NDIR obtained measurements with GC obtained measurements by performing further manual sampling. 
The potato crop study was further used as a demonstration of the capabilities of the NDIR WSN on the 
application of measuring soil gas emissions for various soil treatment. 

To test the WSN NDIR’s ability to effectively measure gas accumulation concentrations from within the 
chamber’s headspace, CO2 measurements obtained from the NDIR sensor output were compared with GC 
obtained measurements. This was done by collecting air samples from within the chamber’s headspace 
using a syringe to pull air from the sampling tube found on the NDIR chambers, storing the samples in 
20 ml evacuated exetainers, and finally analyzing the samples in the GC. For each trial, samples were 
collected at 0 min, 15 min, 30 min, 45 min, and 60 min to simulate the process used to calculate flux in the 
non-steady state non-flow through method. Thus, 5 samples were obtained for each trial. Since it was not 
possible to perform this process for every chamber, due to logistical constraints, 9 chambers were randomly 
selected during the potato and green pepper study for manual sampling trials. Thus, 45 samples were 
collected, analyzed by the GC, and compared to the corresponding NDIR chamber output using. The 
application of the NDIR WSN chamber to measure soil gas emissions in various soil treatments was 
demonstrated in the potato crop study. The study examined the soil microbial activity of potato crops grown 
in contaminated soils amended with various substrates. Using the same experimental design described 
previously for the potato crop only, the NDIR WSN was deployed to examine the effect of these various 
treatments on soil CO2 flux. 

Results and Discussion 

Comparisons Between NDIR and GC Measurements 

A linear regression between the two measurements was performed to see whether there was a linear 
correlation between the two techniques. Based on the coefficient of determination (R2) obtained from this 
model (R2= 0.96), there is a very strong linear correlation between the NDIR and GC measurements. The 
plot of the least squared regressions along with the correlation between the two measurements are shown 
in figure 1 below. 
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Figure 1. GC vs NDIR linear regression plot 

The data obtained from this statistical analysis was used as the validation of the measurements obtained 
by the NDIR WSN. As shown in literature, the GC lab technique was widely used as a standard for 
measuring gas concentration. Thus, comparing the NDIR chambers to the GC would show the precision 
and accuracy of the NDIR system to analyze gas concentrations on-site. Based on analysis of measured 
CO2 concentration dynamics (figure 2), it was assumed that both measurement techniques were identical.  

 
Figure 2. Time response of two trials (one with high flux, and one with low flux) NDIR vs GC 

Case study 

The application of the NDIR WSN for measuring soil gas emissions for various soil conditions was 
demonstrated on the potato crop study described in section 2.3 under controlled environmental conditions. 
The NDIR chambers were used as the method for measuring soil CO2 flux for this study. Results of the 
measured soil CO2 flux of all treatments are shown in figure 3 below. Thus, a two-way ANOVA was selected 
to assess these differences. 
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Table 1. Output of Two-way ANOVA model 
Two-way ANOVA 

Model: fluxij = μ + trti + datej + (trt*date)ij + eij 
 

R2 Coeff Var Root MSE flux Mean N 
 

0.74 29.08 1.75 6.03 108 

Source DF Sum of Squares Mean Square F Value Pr > F 

Total 108 4782.4 -- -- -- 

Model 36 4504.17 375.35 129.50 <.0001 

mean 1 3932.12 3932.12 1356.66 <.0001 

Model |Mean 35 572.04 52.00 17.94 <.0001 

treatments 8 226.65 28.33 9.77 <.0001 

date 3 345.39 115.13 39.72 <.0001 

treatment*date 24 56.58 2.36 0.77 0.7648 

Error 72 278.25 2.90 -- -- 

The output of the two – way ANOVA model is shown in Table 1 above. The results show that all parameter 
effects in the model, except for the fixed effects of the interactions of the treatments and dates, are 
statistically significant with a significance level of α = 0.05. Since the treatment parameter is statistically 
significant, there is a difference in the means of at least one of the treatments. Similarly, the date parameter 
is statistically significant; thus, there is a statistically significant difference in the means of at least one of 
the sampling dates. A multiple comparison was performed using a Tukey test in order to determine which 
treatments and dates were significantly different from each other. The treatments with significant differences 
are shown in figure 2. With an R2 of 0.73, this model is quite effective at predicting fluxes of a given treatment 
and date. 

 
Figure 3. Measured CO2 flux of all treatments in the potato crop study & Tukey output 
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Summary 

The results of the controlled experiments provide us with significant insight into the NDIR WSN CO2 
measurement techniques. The controlled experiment compared the raw CO2 concentrations (pre-flux 
calculation), in ppm, measured within the chamber headspace by the NDIR sensor with samples collected 
simultaneously within the headspace and analyzed by GC analyzer, also in ppm. Based on the analysis, 
we see a very strong linear relationship with a R2 value of 0.96. The 95% confidence from this study 
indicated that the true mean difference is negligible between the NDIR measurements and GC analyzed 
samples. This study demonstrates the NDIR WSN chamber’s accuracy with the standard GC analysis of 
samples within the same headspace. The CO2 data collected from the potato lysimeter site of this study 
further explores the NDIR WSN’s ability to determine treatment differences consistently. The results of the 
ANOVA showed significant differences between the treatments and date effects on CO2 flux, however there 
was no significant effects of the interaction between the dates and the treatment on the estimated flux. This 
indicates that the differences in the treatment effects on flux and the differences in the dates effects on the 
flux can be observed separately. The results of the tukey test show that the treatment with the highest least 
square mean is the soils amended with compost and waste water, directly after application (August 10), as 
expected. This Wireless Sensor Network provides both famers and researchers access to cheaper farm 
monitoring technology while providing the data infrastructure for better land management practices. 
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Abstract 

Near-infrared spectroscopy has been proposed as a rapid and cost-effective method for soil analysis. The 
main constraint in the real-world application of the NIR technology is the cost of the instrument. Full-range 
visible near-infrared spectrometers (350-2500 nm wavelength range) are commonly used for research 
purposes, but the cost of such spectrometers is high. Portable and miniaturized spectrometers are now 
available as off-the-shelf products. This study evaluated the feasibility of low-cost, miniaturized instruments 
for rapid soil analysis by analyzing various soil properties. A total of 392 soil samples were analysed from 
the wheat-sheep belt of southern New South Wales and northern Victoria, Australia. The study compared 
two research-grade VisNIR spectrometers (350-2500 nm) and two minituarised NIR spectrometers 
(NeoSpectra and NIRVascan). Cubist regression trees were used to build calibration models. Promising 
results were found in predictions of clay, sand, total carbon, cation exchange capacity, pH(1:5 CaCl2) (0.57 
≤ R2 ≤ 0.81) for all instruments, which highlights the potential of using near-infrared spectroscopy 
instruments for prediction of varied soil properties. As expected, the research-grade spectrometers 
provided the best prediction accuracies. Considering the prediction accuracy and cost, the miniaturized 
spectrometers also perform well. Results from NeoSpectra provided a comparable accuracy with the 
VisNIR spectrometers in predicting soil pH, CEC and exchangeable Ca and Mg. NeoSpectra produced a 
slightly less accurate prediction of total carbon, sand, and clay. While NIRVascan showed the lowest 
accuracy, it still produced predictions of reasonable accuracy for clay, sand, and total carbon (R2 ≥ 0.69). 
This study demonstrates the potential of miniaturized spectrometers as cheaper instruments in soil analysis. 

Introduction 

Diffuse reflectance spectroscopy, especially visible and near-infrared spectroscopy (VisNIR), has emerged 
as a simple, accurate, time- and cost-efficient method of soil analysis (Islam et al., 2003). Use of VisNIR 
spectroscopy has been proposed as an alternative or complement to conventional laboratory analysis 
(Stenberg et al., 2010; Nocita et al., 2015). It requires no dangerous chemicals and minimal sample 
preparation and can evaluate various soil properties simultaneously. These advantages can prove 
beneficial to site-specific crop management.  

Most studies in soil use research-grade VisNIR instruments with a wavelength range of 350-2500 nm, ASD 
being the most commonly used. Low-cost, miniaturized, portable near-infrared sensors have been 
developed in the past few years. Different performances can be obtained using different miniaturized 
infrared sensors in analyzing the same soil samples due to the differences in technical specifications such 
as resolution, spectral range, and energy intensity. Soriano-Disla et al. (2017) compared four portable near 
and mid infrared instruments for predicting a number of soil properties. They found that instrument 
performance is a case of ‘you get what you pay for’ — the cheapest instruments were the least useful for 
predicting soil properties, due to the restricted spectral ranges of these instruments. 

With more instruments becoming available it is beneficial explore the potential of lower cost, miniaturized 
NIR spectrometers with different wavelength ranges for soil analysis. It is unclear if cheaper spectrometers 
can still provide sufficient prediction accuracy in certain soil analysis applications, as no comprehensive 
study has studied the usefulness of these relatively cheap NIR instruments.  

Hence, the major aims of this paper are to:  

 Evaluate the accuracy of four portable near-infrared sensors for measuring a number of different 
soil properties 

 Considering the cost and accuracy, provide a recommendation of the potential application of each 
instrument in predictions of certain soil properties.  
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Materials and Methods 

Study Area 

This study used soil samples and laboratory data collected by Geeves et al. (1995). Sampling locations 
were from the wheat-sheep belt in southern New South Wales and northern Victoria, Australia (Fig. 1). In 
total, the soil dataset consists of 392 soil samples from 75 sites at various depths ranging from 0 to 100 
cm. These samples had been analyzed using standard laboratory methods for total carbon by the dry 
combustion method, particle size distribution using the hydrometer method, pH(1:5 CaCl2), exchangeable 
Ca, K, Na and Mg, and cation exchange capacity. The summary statistics of the soil properties is listed in 
Table 1. 

 
Fig. 1. Location of sampling sites within southern New South Wales and northern Victoria, Australia. 

 

Table 1. Descriptive statistics of soil samples used in this study. 

Property N Mean SD Min. Median Max. 

CEC (cmol(+) kg-1) 381 9.15 5.79 0.40 7.34 36.43 

TC (g 100g-1) 391 1.17 1.37 0.06 0.85 12.74 

Clay (g 100g-1) 391 26.6 16.6 5 20 74 

Silt (g 100g-1) 391 16.4 7.1 2 15 54 

Sand (g 100g-1) 391 56.9 16.5 14 60 91 

pH(1:5 CaCl2) 391 5.49 0.98 3.76 5.31 8.23 

Exch. K (cmol(+) kg-1) 381 0.72 0.44 0.06 0.61 2.92 

Exch. Ca (cmol(+) kg-1) 381 4.50 3.43 0.40 3.58 26.56 

Exch. Mg (cmol(+) kg-1) 381 4.08 4.30 0.19 2.30 25.20 

Exch. Na (cmol(+) kg-1) 381 0.64 1.51 0.00 0.10 11.56 
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Portable Infrared Instruments and Spectra Acquisition 

The soil samples were scanned in the laboratory in triplicate under air-dry (40°C) and ground (<2 mm) 
condition using four portable NIR instruments: ASD AgriSpec spectrometer (Malvern Panalytical Inc. 
Boulder, Colorado, USA), the PSR-3500 portable VisNIR spectroradiometer (Spectral Evolution Inc. 
Lawrence, MA, USA), NeoSpectra module SWS62221 (Si-Ware Systems, Cairo, Egypt) and NIRVascan 
(Allied Scientific Pro, Quebec, Canada). The specifications of these instruments are summarized in Table 
2. A Spectralon tile (Labsphere In., North Sutton, NG, USA) was used for reference readings. 

Table 2. Summary of the wavelength range, resolution, dimensions, weight and price of portable infrared instruments. 

Maker Instrument 
Spectral 

Range (nm) 
Resolution 

(nm) 
Dimensions 

(mm) 
Weight 

(kg) 
Cost*      
(USD) 

ASD AgriSpec 350-2500 3,6 127×368×293 5.44 ~$50,000 

Spectral Evolution SM-3500 350-2500 3,6,8 216×305×89 4.00 ~$50,000 

Si-Ware Systems NeoSpectra(Module) 1250-2500 8 or 16 73×47×18 0.50 ~$5000 

Allied Scientific Pro NIRVascan 900-1700 10-12 82×66×45 0.14 ~$2000 

*Cost as of June 2018 

Spectra acquisition, Pre-processing and Model Development 

All spectral processing, modelling and data analysis were performed in the R platform for statistical 
computing (R Development Core Team, 2017). The three replicate spectra were averaged. The averaged 
reflectance spectra were then converted to absorption, A=log(1/R). Spectra were then smoothed using the 
Savitzky-Golay filter with a window width of 11 data points and 2nd order polynomial (Savitzky & Golay, 
1964). The wavelength of Spectral Evolution and ASD outside the 500-2450 nm were removed due to the 
low signal-to-noise ratio. Similarly, only spectra of 1300-2500 nm were retained for NeoSpectra and 910-
1650 nm for NIRVascan. The spectra of the four instruments are shown in Figure 2. Each instrument shows 
a similar overall shape of the spectral curves, including broad absorption features centered around 
approximately 1400, 1900 and 2200 nm. Spectra were resampled at 10 nm intervals and subjected to a 
standard normal variate transformation for baseline correction.  

 
Fig. 2. Absorbance spectra data from the four instruments after trimming to remove regions with low signal to noise ratio.  
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Cubist regression trees were used to build predictive models (Quinlan, 1992; Kuhn and Quinlan, 2017). 
Samples were divided randomly into a 75% calibration set for training the model, and a 25% validation set 
to assess the accuracy of model predictions. The 75:25 split was repeated 50 times to get a distribution of 
the accuracy of prediction, which included the coefficient of determination (R2) and the root-mean-square 
error of the validation set (RMSEP). The largest R2 and the smallest RMSEP demonstrate the best 
prediction performance. 

Results and Discussion 

Performance of Cubist Models 

Table 3 shows the prediction accuracy of the Cubist model for the ten soil properties using four different 
portable infrared sensors as represented by mean R2 values and RMSEP calculated from the validation 
dataset. The R2 values show good predictions were achieved for total carbon (0.73 ≤ R2 ≤ 0.81), CEC (0.69 
≤ R2 ≤ 0.79) and clay (0.69 ≤ R2 ≤ 0.79) for all sensors. Moderate accuracy was achieved for sand (0.63 ≤ 
R2 ≤ 0.70), pH(1:5 CaCl2) (0.57 ≤ R2 ≤ 0.67), exchangeable Mg (0.52 ≤ R2 ≤ 0.70) and Ca (0.43 ≤ R2 ≤ 
0.63). Poor accuracy was found for exchangeable Na (0.33 ≤ R2 ≤ 0.42), K (0.18 ≤ R2 ≤ 0.36) and silt (0.14 
≤ R2 ≤ 0.25) for all sensors.  

 

Table 3. The mean of R2 and RMSEP values from 50 Cubist models. Different lowercase letters indicate group differences 
(p<0.05) tested using a t-test for the prediction of individual soil properties using different spectrometers. 

 R2  RMSEP 

Property ASD 
Spectral 

Evolution. 
NeoSpec. NIRVascan  ASD 

Spectral 
Evolution. 

NeoSpec. NIRVascan 

CEC (cmol(+) kg-1) 0.787 0.764 0.783 0.692  0.291 0.305 0.290 0.348 
 a a a b  a a a b 

TC (g 100g-1) 0.812 0.804 0.739 0.726  0.409 0.420 0.486 0.507 
 a a b b  a a b b 

Clay (g 100g-1) 0.786 0.782 0.691 0.732  7.647 7.887 9.418 8.710 
 a a c b  a a c b 

Silt (g 100g-1) 0.239 0.211 0.251 0.142  6.615 6.479 6.312 6.625 
 ab b a c  a a a a 

Sand (g 100g-1) 0.700 0.705 0.641 0.630  8.988 9.006 9.950 10.090 
 a a b b  a a b b 

pH(1:5 CaCl2) 0.673 0.673 0.652 0.574  0.557 0.566 0.576 0.655 
 a a a b  a a a b 

Exch. K (cmol(+) kg-1) 0.361 0.359 0.292 0.185  0.510 0.502 0.527 0.577 
 a a b c  ab a b c 

Exch. Ca (cmol(+) kg-1) 0.630 0.563 0.631 0.432  0.399 0.442 0.398 0.531 
 a b a c  a b a c 

Exch. Mg (cmol(+) kg-1) 0.667 0.635 0.699 0.519  0.624 0.648 0.582 0.766 
 ab b a c  b b a c 

Exch. Na (cmol(+) kg-1) 0.417 0.411 0.451 0.335  1.573 1.571 1.500 1.681 
 b b a c  b b a c 

 

Generally, the ASD and Spectral Evolution devices provided reasonable predictions with similar validation 
metrics, except for the prediction of exchangeable Ca where ASD slightly outperformed Spectral Evolution. 
NeoSpectra showed no significant difference in performance with the full-range sensors for the prediction 
of pH(1:5 CaCl2), CEC and exchangeable Ca and Mg, and slightly lower accuracy for total carbon, sand, 
and clay. NIRVascan had significantly lower validation metrics than the full-range sensors for all properties. 
However, it showed similar performance with NeoSpectra for total carbon and sand, and improved 
prediction in clay. In terms of overall performance for all properties the devices could be ranked: full-range 
spectrometers (ASD ≈ Spectral Evolution)  > NeoSpectra > NIRVascan. 
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Qualitative Description of the NIR Spectral Data 

The wavelength range of an instrument is one of the key factors influencing the prediction accuracies shown 
in Table 3. To visualize and understand how the spectra can infer soil properties, we calculated the average 
reflectance spectra based on quartiles (0-25, 25-50, 50-75 and 75-100%) of total carbon, clay and CEC 
measured by ASD, NeoSpectra, and NIRVascan (Fig. 3). Superimposed in this figure is a representation 
of the wavelengths that were used to construct the Cubist models for each soil property. The thick blue 
lines indicate wavelengths that were used as conditions in the Cubist models and thin purple lines indicate 
wavelengths that were used as predictors. The relative height of each line indicates the proportion of times 
each wavelength was used for the 50 individual models.  

 

 
Fig. 3. Mean spectra for the quartiles of selected soil variables (total carbon, clay, and CEC) and indication of the 
importance of wavelengths used to construct the 50 Cubist regression models. Vertical lines indicate the relative 

importance of wavelengths in constructing the 50 Cubist models (thick blue lines indicate a wavelength that was used as a 
condition, thin purple lines indicate a wavelength that was used as a predictor). 
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Each instrument showed similar mean reflectance spectra for the quartiles of individual properties. Clay 
content and CEC showed very similar patterns with a reduction in reflectance for increasing values of the 
variable and greater reductions observed at longer wavelengths. The similarities between the two variables 
was not surprising given the correlation between them (r = 0.72). The mean reflectance spectra of total 
carbon quartiles were harder to directly interpret, with increasing total carbon values associated with 
reduced reflectance for wavelengths <1000 nm and greater reflectance for wavelengths >1400 nm. This 
may be due to the contribution of both organic and inorganic carbon to the total carbon fraction. 

The importance of wavelength range is demonstrated by observing the wavelengths used for construction 
of the Cubist models for the ASD. The range of wavelengths used for prediction covers almost the entire 
500-2500 nm range available for modelling for total carbon and CEC, meanwhile important wavelengths 
ranged from 750-2400 nm for the prediction of clay. 

Conclusion 

 In general, the four portable infrared sensors showed reasonable prediction accuracy for clay, sand, 
total carbon, CEC, pH(1:5 CaCl2), exchangeable Mg and Ca (R2 > 0.57), but poor performances 
for silt, exchangeable Na, and K.   

 The full-range spectrometers (ASD and Spectral Evolution) had the highest accuracy, followed by 
NeoSpectra, and then NIRVascan which had the lowest overall accuracy for the investigated soil 
properties. The results indicate the wider spectral range of an instrument has, the greater accuracy 
it may achieve.  

 NeoSpectra is considered the better choice among all the portable instruments with sufficient 
accuracy and relatively low cost. NIRVascan can also be used in the prediction of certain soil 
properties such as total carbon, clay, and sand.  

 Although these instruments were shown to have reasonable performance in soil samples collected 
from agricultural fields in Australia under laboratory conditions, further research is needed to verify 
performance in other regions and scanning of samples in situ. 
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Abstract 

Various fixed-location soil moisture sensing technologies are being used in commercial agriculture, 
including probes that measure capacitance and time-domain reflectometry. Recently two proximal sensors 
have been commercialized that claim to measure soil moisture in situ in real time.  One is based on 
capacitance, the other on optical reflectance. The performance of each of these approaches was tested on 
five fields with differing soil textures and moistures and estimations were compared to lab analyzed soil 
moisture content.  To help evaluate static vs. on-the go sensor errors, static in field capacitance sensing 
was recorded.  Additionally, a soil moisture model has been proposed by USDA researchers, the Soil Water 
Characteristics model.  

Introduction  

Soil moisture measurements can have many applications in commercial agriculture.  Advances in 
implement control and adjustments, require more precise soil information for optimal planting, tillage or 
irrigation.  Soil moisture can vary widely within the optimal seeding depth range, with the need to plant deep 
enough for the seed to have adequate moisture for germination; however simply planting deeper can hurt 
emergence and crown root development.  Even though multiple soil moisture environments exist across a 
landscape, planters are often set for a single planting depth across the entire field.  Additionally, optimal 
tillage and seedbed preparation can be obtained by knowing the soil moisture content during or prior to 
tillage.  If soils are mechanically cultivated when they are too wet, the soil structure can be damaged, 
reducing the pore space which lead to water and nutrient run-off, reduced soil health, and reduced crop 
yields.  Having precise, geo-referenced and quantitative information about the soil moisture levels 
throughout the field can allow growers to make better planting and tillage decisions.  

The goal of this research was to determine the accuracy of two commercially available, on-the-go in situ 
sensors for soil moisture, as well as explore how these measurements relate to a publicly available soil 
moisture model.  

Materials and Methods 

Moisture Sensors 

Soil moisture measurements were recorded on-the-go using a Veris® Technologies iScan+ and the 
Precision Planting® SmartFirmer.  The Veris iScan+ utilizes capacitance sensing technology to measure 
the dielectric or permittivity of the soil--that is the ability of the soil to store electrical energy.  The amount 
of energy stored relates to the composition of the soil.  Soil is comprised of Air (dielectric constant = 1), 
minerals (dielectric constant ranges 3 to 8), and water (dielectric constant = 80).  Because the dielectric 
constant of water is much higher than that of minerals typically found in soil, or that of air, a sensor which 
detects the permittivity of the soil would be mostly influenced by the soil moisture.  This sensor uses an 
oscillation frequency of 100mhz.  This higher frequency reduces effects of soil salinity (Campbell et al., 
2009). The 100mhz pulse is applied to the soil and the time it takes to reach the charge is measured; which 
correlates to the soil’s dielectric properties.  The soil’s dielectric measurement can then be converted to soil 
volumetric water content using Topps’ Equation (equation 1); which has been proven to correlate to soil 
moisture content (Topp et al., 1980). 

 

 Volumetric Water =  4.3 x 10-6 x e3 – 5.5 x 10-4 x e2 +2.92 x 10-2 x e -5.3 x 10-2 (1) 

Where e is the measured dielectric constant from the soil capacitance sensor. 



230 
 

Precision Planting’s Smartfirmer utilizes an optical sensor to determine soil moisture.  The precise 
processing to convert these optical measurements to moisture has not been published in the manufacture’s 
literature.  However, one can tell even with the naked eye that soil moisture levels do influence the soil 
color.  More moist soils appear darker and reflect less light than drier soils.  Previous soil spectroscopy 
research suggests, the predominate bonds which absorb energy in the NIR spectrum are C-H, N-H, and 
O-H (Naes et al., 2002).  These bonds do respond to soil moisture levels; however, there is no wavelength 
that is a direct measurement of moisture.  The SmartFirmer uses several active light sources to illuminate 
the soil.  The spectrum was recorded using visible and near-infra red spectrometers (USB4000, Ocean 
Optics, Largo, FL, and CG9914GB, Hamamatsu Photonics, Hamamatsu, Japan).  Five distinct wavelengths 
of light were observed.  These were 467, 592, 850, 1200, and 1463 nm.   

Static in field volumetric water content measurements were recorded using a Decagon GS3 sensor.  The 
GS3 is a capacitance-based soil moisture sensor which operates at a 70mhz frequency (GS3 Manual).  
Three GS3 sensor moisture measurements were taken within 60cm of each lab collection location.  Care 
had to be taken to insert prongs into the soil without inducing any air gaps to obtain an accurate 
measurement.  Any artificial air gaps around the sensing prongs can induce high errors in sensor response. 

                               

  

Lab Moisture Equipment 

A volumetric soil sampler of 41.56 cm3 was used to collect field moist soils, directly from the bottom of the 
furrow of the Veris iScan+ implement to match the approximate depth the iScan+ and SmartFirmer 
traversed the field. 

The volumetric soil sample was transferred to a tin tray and weighed on an ADAM HCB 1002 scale prior 
to, and after drying in a Grieve convection oven for 14 hours at 225 degrees F.  Pre and post dried weights 
were then used to calculate the volumetric moisture content using the following formula.  

 

 Volumetric moisture = (Soil Dry – Tray) / (Soil Wet – Tray) (2) 

 

Where Soil Dry, Tray, and Soil Wet are weights in grams.  Soil wet is the soil extracted from the field using 
the volumetric soil sampler; while soil dry was recorded after the drying time in oven. 

 

Fig. 3. Precision Planting SmartFirmer Fig. 1. Decagon GS3 Fig. 2. Veris iScan+ moisture sensor 
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Fig. 4. Volumetric Soil Sampler 

                                                     

 

 

 

Field Site 

This research was conducted on four fields in central Kansas, Saline County.  USDA SSURGO maps 
characterize the soils in the Saline County fields as silt loam. For this research, both systems were 
operated on at a depth of 3cm on 18 meter transect spacing, where each sensor was within 1 meter of 
each other. Both sensors were operated within 1 hour of each other using DGPS for positioning. Lab-
analyzed moisture was collected simultaniously, and 21 samples were lab analyzed for moisture.  

To match the on-the-go sensor measurements to the lab points an interpolation method was employed.  
This weighted interpolation method allows for a single composite sensor measurement to be extracted to 
correlate to the field collected lab moisture measurement (Christy, 2008).   
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The weighting parameter, ,  was measured relative to a 3 m nominal radius using 
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where the latitude and longitude were in meters in the Universal Transverse Mercator (UTM) system. 

 

 

 

Fig. 6. Dry Soil weighed on scale Fig. 5. Sample Collection 
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Results and Discussion 

Sensor correlation to lab dried soils are reported below.  The in-field Decagon GS3 measurements reported 
the lowest RMSE; while the iScan+ reported the highest R2.  

 

Table 1. Relationship of moisture sensors vs. lab measured soil moisture content 

 

  Relationship of moisture sensors vs. lab measured soil moisture content 

 Decagon GS3 Veris iScan+ SmartFirmer Lab 

RMSE 5.7 6.69 10.01 - 

R2 .33 .71 .12 - 

Max 46.2 53.5 50.6 44.6 

Min 29.3 24.5 24.9 24.6 

Standard Deviation 3.9 9.2 5.4 6.1 

 

To better understand the sensor relationship at lower soil moisture levels at or below critical levels for 
seed germination, a comparison of lab samples less than 40% was reviewed. 

 

Table 2. Relationship of moisture sensors vs. lab measured soil, less than 40% lab analyzed soil moisture 

  

  Relationship of moisture sensors vs. lab measured soil moisture content 

 Decagon GS3 Veris iScan+ SmartFirmer  

RMSE 6.93 5.47 11.85  

R2 .17 .71 .07  
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Fig. 7. Relationship of lab analyzed moisture content to in situ soil moisture sensors. 

 

Fig. 8. Maps of Veris iScan+ moisture (left), and SmartFirmer moisture (right) 

Modeled Soil Moisture 

In addition to recording an oven dried lab moisture, traditional soil texture and organic matter analysis was 
performed by Midwest Labs (Omaha, NE).  These variables are then used as inputs to the Soil Water 
Characteristics model developed by the USDA (Saxton et al., 2006).  Because the fields had sufficient 
moisture this spring, it was theorized that modeled plant available water capacity would correlate to the 
measured lab and sensor moisture measurements. As figure 9 shows, there’s a meaningful relationship 
between the two.   

 

Fig. 9. Relationship between modeled plant available moisture and lab analyzed moisture 
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Conclusion 

Static and on-the-go soil capacitance sensors show better correlations to lab analyzed soil moisture.  The 
SmartFirmer optical sensor showed a general trend with the lab analyzed moisture; with a larger RMSE 
and overestimations of lower soil moistures.  At lower moisture levels closer to the critical threshold for seed 
germination, the capacitance based iScan+ showed the best correlations with the lowest RMSE.  

Using the RMSE of the static capacitance sensor as a reference, on-the-go sensing showed an RMSE 17% 
higher for the entire dataset, and 21% lower on moisture levels less than 40%.  This indicates a viable on 
on-the-go moisture measurement.  No static soil optical moisture sensor exists to compare to the on-the-
go optical response of the SmartFirmer; however, using static capacitance response as a reference, the 
error in on-the-go optical sensing was nearly 75% greater than comparable static capacitance moisture 
measurements.  

Future research would cover a larger geography of soils, with repeated measurements over time as natural 
soil moisture variations occur.  Static optical sensing for moisture in a laboratory environment by artificially 
adjusting soil moisture levels on multiple soil types could be conducted to provide a better understanding 
of the viability of real time on-the-go optical sensing for moisture.  To further establish the accuracy of on-
the-go capacitance measurements, additional static and on-the-go capacitance experiments should be 
explored.      
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Abstract 

Soil mapping is carried out for various purposes and at various scales but is always aimed at answering a 
defined or undefined (research) question. To answer this question information or data is needed which is 
then supplied by soil mapping using existing and/or new data. At present the choice which data to collect 
is often based on expert knowledge of the researchers or stakeholders involved. For the Dutch Key 
Registration of the Subsurface (BRO) the need was felt to develop a structured procedure to identify the 
gap between information need and availability and then to select the most suitable data acquisition 
technique(s) to close that gap. This should address the required accuracy and spatial resolution of the 
information need and the costs available for data acquisition.  

The information need of users of soil information products can be described in terms of the target universe, 
domain of interest, target variable, target parameter, type of result and a statistical measure for the accuracy 
such as standard error or confidence interval or the percentage correctly classified in class maps. The 
question dictates the threshold that is applied to these statistical measures. When this is mapped for the 
information question as well as the available information, maps and datasets the information gap can be 
identified. The gap can be addressed by data mining, up- or downscaling maps or acquiring new 
information. Methods for acquiring new information can be landscape analysis based soil mapping, 
geostatistical soil sampling or profile description in combination with kriging or machine learning, use of 
proximal soil sensors, using satellite information or a combination of these. The most effective remedy for 
supplementing and improving information is the one that answers the question against minimal costs, where 
the costs are not higher than the gain in terms of improved value of information. This is demonstrated for 
two case studies, fieldscale and a small region, where results show that in more complex cases this can be 
difficult. Several studies show however that the benefits or gain of soil maps generously outperform the 
costs associated with making them (costs:benefits 1:46 to 1:123 for 20 to 25 years map lifetime). 

Introduction 

The Soil Map of the Netherlands, scale 1: 50,000 is among other things included in the Dutch Key 
Registration of the Subsurface (BRO). This map is consulted to inform all kinds of choices and decisions in 
agriculture, environment, nature and infrastructure in the Netherlands and therefore needs to be up to date 
and suited for its purposes. There is a clear need for a structured procedure to identify discrepancies 
between information needs and information availability since choices become increasingly data-driven. 
Then a structured procedure is needed as well to select methods for additional data collection with which 
these discrepancies can be eliminated. The purpose of this study is therefore to answer the following 
research questions: 

1. How do you establish whether area-wide soil information in the BRO meets the requirements that 
the user(s) sets with regard to accuracy and spatial detail? 

2. How do you select the most efficient additional mapping method to allow area-wide soil 
information in the BRO to meet the requirements the user(s) sets with regard to accuracy and 
spatial detail? 

This research focuses on the quality aspect of accuracy, which is defined as the degree of correspondence 
between information and reality. It does not answer the question whether the BRO or the user is responsible 
for additional inventories or to what extend it would be desirable to include such information in national 
inventories. 

Soil information 

The different needs and requirements of users of area-wide soil information can be described following the 
method proposed by De Gruijter e.a. (2006): 
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1. Detailed description of the information requirement: target universe (outer boundaries of the 
target area and period), domain (s) of interest (more precise sub-areas and periods for which 
information is required), target variable (s) (variable (s) for which information is desired, these can 
be qualitative or quantitative), target parameter (s) (the type of statistic that is desired given the 
type of target variable and domain of interest), target quantity (the combination of a domain, 
target variable and target parameter), type of result (qualitative or quantitative, for instance the 
compliance or degree of compliance). 

2. Accuracy measure: for quantitative information this can be for example standard errors or 
confidence intervals, for qualitative information this is for example a percentage correctly 
classified (map purity according to user’s or producer’s accuracy), error rates or chance at a type 
II error. 

3. Accuracy requirement: for quantitative information a threshold for example a maximum for the 
standard error, for qualitative information for example a threshold like the minimum percentage 
that is correctly classified. 

Mapping the information requirement using the procedure offered here yields a clear description and set of 
qualitative or quantitative measures for the information needed to answer the (research, policy or planning) 
question at hand. When available information such as (parts of) the Soil Map of the Netherlands, more 
detailed maps, new surveys, ancillary and descriptive information is classified according to this description 
and measures, the type or specifics and the size of the information gap for a given question becomes 
apparent.  

There are a number of remedies that are conceivable to solve discrepancies that may arise between 
information requirements and information availability (the information gap): an additional inventory to cover 
the target universe (this is easier in space than in time), (geo-) statistical downscaling of information in the 
BRO to specific domains of interest, an additional inventory of the target variable within the domain of 
interest, statistical processing of the information in the BRO and/or of information from additional inventories 
to derive the desired target parameter, or combinations of these remedies. If qualitative information is 
required while the BRO contains quantitative information, classification, testing or detection must take 
place. If quantitative information is required while the BRO only contains qualitative information, a form of 
downscaling is needed, possibly with the aid of an additional inventory. If the information in the BRO does 
not meet the accuracy requirement, an additional inventory must take place until it does. If the accuracy of 
the information in the BRO is not known, it must be determined with a validation study. In addition to carrying 
out field observations, 'inventory' also means the exploration of existing datasets at local, regional, national 
or international agencies and organisations.  

The most efficient remedy is the one where information is supplemented and improved at the lowest 
possible cost, and where the costs of supplementing and improving information are not higher than the 
revenues in terms of increased value of information: the gain of supplementation and improvement of 
information (Morgan et al., 1990).  

This means that if a soil map is used for a longer period of time for multiple purposes, as is usually the case 
with national inventories, then an accurate cost-benefit calculation is complicated. However, various studies 
have shown that the costs of these maps are far outweighed by the benefits, even if it is not possible to 
determine all benefits. Klingebiel (1966) argued that the costs of a soil map that is used for several purposes 
are already payed off in the first year. He estimated the cost-benefit ratio for a 'lifespan' of the soil map up 
to 25 years is 1:46 for extensively used land such as forests, 1:61 for moderately intensively used areas 
with mixed agriculture that consist of approximately half of arable land and 1: 123 for intensively used areas 
that have been urbanized for about a quarter and where built-up areas are growing rapidly. From research 
results by Giasson et al. (2000) it can be calculated that for a farming region the cost-benefit ratio of a 1: 
50,000 soil map is 1:122 when the calculations are made over a 20-year period and an interest rate of 3% 
is applied. This corresponds to the cost-benefit ratio that Klingebiel (1966) calculated for an intensively 
used, urbanizing region. This would suggest that the cost:benefit ratio of general soil maps is expected to 
be more favourable than can be calculated from the main uses that are expected up front. Calculating the 
value of information for a few main uses is relevant in such cases is still relevant but indicative. 
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The value of area-wide soil science information is easier to express in monetary values for one specific 
application. Examples are calculations of crop damage due to groundwater extraction (Knotters and Vroon, 
2015) and forecast of crop yields (Bie and Ulph, 1972; Dent and Young, 1981; Giasson et al., 2000). In 
precision agriculture, research is conducted into the added value of detailed soil science information, for 
example by Cook and Bramley (2000). As far as is known to the authors, the study by Knotters and Vroon 
(2015) is the only analysis of the value of information of a soil map that is based on a validation. In this 
small regional study, damage payments to farmers in an area with groundwater extraction were calculated 
on the basis of the Soil Map of the Netherlands, scale 1: 50,000 and on the basis of a detailed 
supplementary mapping, scale 1: 25,000. The validation showed that the costs of detailed mapping 
compared to the benefits in terms of reduced error in compensation to farmers are 1: 8, assuming an interest 
of 3% and a payment period of 30 years. 

Methods for additional soil data inventories 

There are several methods to supplement the information to close the information gap defined by the above 
methodology: 

 Free or landscape based soil mapping, where a soil geographer maps soil patterns in the field, 
based on information from augerings, landscape features that are visible in the field and all kinds 
of additional information such as covariates. The choices and decisions that a soil geographer 
makes to draw unit boundaries cannot be reproduced fully by another and depend on the 
knowledge and insight of the geographer (Ten Cate e.a., 1995a,b,c).  

 Geostatistic surveys use interpolation algorithms such as kriging with field observations serving as 
input (Goovaerts, 1997). When the interpolation algorithms have been described, the result of a 
geostatistical soil mapping can be reproduced. The choices that are made when modelling the 
spatial correlation or structure (variogram) will vary from expert to expert, which prevents 
geostatistical soil mapping to be entirely objective (Englund, 1990).  

 In digital soil mapping, geostatistical techniques and machine learning techniques are used to make 
soil maps based on soil observations in combination with exhaustive sources of area-wide ancillary 
information, so-called covariates (McBratney e.a., 2003; Kempen, 2011). 

 Upgrading an existing soil map means that the current content of the map units on that map is 
described based on the results of new probability samples performed within those map units (Brus 
e.a., 1992). The map boundaries remain the same, the (type of) information they contain is updated 
or supplemented. 

 Various sensor techniques have been developed to map soil variables spatially by performing 
measurements (mostly) above ground (proximal soil sensing): the measurement of electrical 
conductivity using electrical resistance or electromagnetic induction (EC, EMI), VIS / NIR 
spectroscopy, gamma-ray spectrometry, ground penetrating radar, magnetometry, soil moisture 
and pH sensors. The choice for a particular technique depends, among other things, on the target 
variable and terrain characteristics of the area of interest (trafficability, soil profile, available 
platforms such as walking, driving, drones) (Knotters e.a., 2017, van Evert e.a., 2018).  

 Satellite images with optical, thermal and radar information can be used as an auxiliary variable in 
digital soil surveys or the spectral information can be used directly for soil mapping. Multi-spectral 
satellites have a better availability and have shorter return times. Hyperspectral images provide 
better accuracies. For both, composite images are made in order to map as much soil as possible 
and to distinguish soil reflections from reflections of vegetation and clouds. 

Example for case "Peat actualisation Utrecht" 

For the Province of Utrecht in the Netherlands there is a need for a soil map, scale 1: 50,000, which shows 
the distribution of peat and organic rich soils in 2018 with a percentage correctly classified of at least 70% 
per mapped soil property. This requirement is based on a list of tangible and non-tangible judicial, 
political/governmental, societal, economic risks and risks for the knowledge-system. These are difficult to 
quantify making a precise calculation of the value of information impossible or incomplete. This does 
however not prevent a calculation of accuracy and cost options for reaching the information requirement. 
The current Soil Map of the Netherlands was made over 1959-1995 and therefore does not meet the domain 
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of interest requirement of 2018. A Peat Soil Map of the Province of Utrecht, scale 1: 25,000 (BvU) from 
2008 is available. When this is 'plugged in' in the Soil Map of the Netherlands, scale 1: 50,000, then a map 
purity of 70% for soil type at main group, group and subgroup level are still not met as is evaluated in a 
validation study by Kempen e.a. (2011). The BvU can therefore only be used as auxiliary information. An 
additional inventory is therefore necessary to meet the desired purity and timeliness for the soil type 
characteristic at the main group, group and subgroup level. A mapping pilot is proposed to determine 
whether electromagnetic (EMI) or ground penetrating radar measurements can contribute to the efficiency 
of the supplementary inventory and at which observation densities of augerings and measurements a map 
purity of 70% can be achieved for each soil property. When achievable accuracies and costs of eth GPR 
and EMI surveys are known (expected in Spring 2019) an evaluation can be made of the expected value 
of information for EMI, GPR and augerings. This will determine the choice to fill the information gap for this 
question. 

Example for case "field in Peel region" 

For a field in the Peel region in the South of the Netherlands, research was carried out into the effectiveness 
of a measure that is taken (drainage) to nullify the wet damage that could have been caused by a change 
in the hydrological structure of an adjacent raised bog area. First augerings are carried out to fill the 
information gap. When this was determined insufficient, measurements with ground penetrating radar 
(GPR) were carried out to increase the accuracy in determining the effect of the measure and the calculation 
of the damage. The question is whether the costs of the additional GPR research have been worthwhile 
compared to the revenues in terms of a more accurate calculation of the damage and a more accurate 
estimate of the effects of compensatory measures. To answer this question, the following information is 
required: soil maps and maps with average highest and lowest groundwater levels (or groundwater levels) 
before and after the intervention, the inventories made with the conventional method (augerings) and with 
GPR, the costs of the augering inventory, the costs of the inventory with GPR, a risk assessment and 
considerations for further investigation, the table that provides the translation of soil and groundwater level 
information to yield depressions; the monetary value of a percentage of revenue depression; the period for 
which the damage is calculated (for example 30 years) and the internal interest rate that has been used. 
This information is currently gathered by the stakeholders involved in the case and will be assessed when 
available. 

Conclusions and Recommendations 

The following conclusions can be drawn from this study: 
1. The proposed method shows in detail and completely where offered information (such as by the 

BRO) does not match the information requirement and proposes possibilities to close the 
information gap. 

2. The case of the peat update for the province of Utrecht shows that there is no explicit accuracy 
requirement, it is based on a risk analysis. The value of information in terms of increased 
accuracy and therefore reduction of risks can therefore not be calculated. At the same time an 
evaluation of accuracies and costs of possible options to reach the general information 
requirement can still be performed. 

3. The damage calculation case for a field in the Peel region shows that for applications with a 
single application it is possible to impose an accuracy requirement and to weigh the costs of data 
collection against the revenues in terms of reduced financial risks. 

The following recommendations follow from this study: 
1. If there is no explicit accuracy requirement, such as for soil maps that are used for various 

purposes, it is recommended to aim for a quality criterion such as the historically grown 70% map 
purity, provided that this criterion is precisely defined. The method of data collection must then be 
selected in such a way that this quality criterion can be achieved at the lowest possible cost. 

2. It is recommended to accurately define the historically developed quality criterion of 70% map 
purity for soil maps. Currently, the following, different, interpretations of this criterion are possible: 
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a. 70% strict map purity: on 70% of the map all soil properties are correctly classified. This 
is seldom achieved in practice, see Marsman and De Gruijter (1986); 

b. Each soil property separately is correctly classified on 70% of the map; 
c. On average, all soil properties are classified correctly on 70% of the map. This is in line 

with findings from Marsman and De Gruijter (1986), but may mean that some features 
are much less accurate than others. 

We recommend to adopt b. 
3. It is recommended to substantiate the quality criterion of 70% map purity with risk analyses and 

adjust if necessary. 
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Abstract 

Traditional soil maps have helped us to better understand soil, to form our concepts and to teach and 
transfer our ideas about it, and so they have been used for many purposes. Although, soil maps are 
available in many countries, there is a need for them to be updated because they are often deficient in that 
their spatial delineations and their descriptions are subjective and lack assessments of uncertainty. 
Updating them is a priority for federal soil surveys worldwide as well as for research, teaching and 
communication. New data from sensors and quantitative ‘digital’ methods provide us with the tools to do 
so. Here, we present an approach to update large scale, national soil maps with data derived from a 
combination of traditional soil profile classifications, classifications made with visible–near infrared (vis–
NIR) spectroscopy, and digital soil class mapping (DSM). Our results present an update of the Australian 
Soil Classification (ASC) orders map. The overall error rate of the DSM model, tested on an independent 
validation set, was 55.6%, and a few of the orders were poorly classified. We discuss the possible reasons 
for these errors, but argue that compared to the previous ASC map, our classification was derived 
objectively, using currently best available data sets and methods, the classification model was interpretable 
in terms of the factors of soil formation, the modelling produced a 1×1 km resolution soil map with estimates 
of spatial uncertainty for each soil order and our map has no artefacts at state and territory borders. 

Introduction 

Soil maps have helped us to better understand soil, to form our concepts and to teach and transfer our 
ideas about it. They are valuable because of the expertise that has been used to create them and, which is 
inherently contained in the maps. Because soil is directly related to climate, vegetation, parent material and 
relief, soil maps have been useful in many soil and environmental applications, such as land management, 
ecosystem assessments and modelling (Yang et al., 2011). However, traditional soil maps are limited in 
terms of both their spatial delineations and their representations of the soil attributes within the classes (Bui 
and Moran, 2001). There is a need to update traditional soil maps with modern methods and technologies 
to provide more objective and accurate classifications of the spatial distribution of soil types. 

Digital soil mapping (DSM) (McBratney et al., 2003) can help to derive improved versions of soil maps by 
combining new spatially explicit data collected with new technologies and the traditional soil maps. Several 
authors have used DSM to update existing maps, either the descriptions of the soil (Yang et al., 2011), the 
delineations (Behrens et al., 2008), or both (Behrens and Scholten, 2006), but regardless of how good the 
updating models might be, success largely depends on having accurate and sufficient new data.  

Those data can come primarily from soil survey and measurement, which is often costly and time-
consuming. One technology, which can help to improve the efficiency of soil survey is diffuse reflectance 
spectroscopy in the visible and near infrared range (vis–NIR, 400–2500 nm) (Viscarra Rossel et al., 2016). 
It enables us to extract soil information on colour, iron oxide, clay and carbonate mineralogy, organic matter 
content and composition, the amount of water present and its particle-size distribution, quickly and cheaply. 
The integration of vis–NIR spectroscopy, remote sensing and DSM is enabling soil mapping over large and 
sparsely sampled regions of the world. In Australia, this approach has been used to map soil properties 
such as clay and iron mineralogy (Viscarra Rossel, 2011), carbon stocks (Viscarra Rossel et al., 2014), 
clay, sand, silt contents, pH, cation exchange capacity, bulk density, organic carbon content, total nitrogen 
(Viscarra Rossel et al., 2015) and soil erosion (Teng et al., 2016). 
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Although digital mapping has been used for updating soil maps in small sample regions (Cambule et al., 
2013; Grimm et al., 2008), few pedologists have investigated digital soil class mapping over large scales, 
and none in combination with vis–NIR spectroscopy. Thus, we have produced an updated quantitative 
version of the ASC orders map using DSM with random forests and derived estimates of spatial uncertainty 
for each class. Here we describe our procedure and the results. 

Material and methods 

The data set 

We used data from two sources originating from 38 756 unique sites across Australia (Fig. 1). There are 
three data sets, which made up of the Commonwealth Scientific and Industrial Research Organization 
(CSIRO) National soil database (NATSOIL) and the national soil site data collation project (NSSDC) and 
the vis–NIR estimates, ere combined to represents all of the Australian states and territories and all orders 
of the ASC (Table 1).  

 
Fig. 1. Locations of the sites with soil classified at the Australian Soil Classification order level. The points show the data 

classified by pedologists and the data classified using visible–near infrared spectra. 

It should be noted that profile from 4972 sites had no ASC classification assigned to them. Nevertheless in 
the development of the Australian soil spectroscopic database, we had recorded the visible–near infrared 
(vis–NIR) spectra of these soil samples and so, we could use discriminant models developed by Viscarra 
Rossel and Webster (2011) to assign ASC orders to them.  

Digital soil class mapping 

We used the Jenny-like DSM framework to model the ASC orders. The proxies for the soil–environmental 
factors that we used in the modelling can be found in Teng et al. (2018, Table 2). We separated the dataset 
which containing 38 756 observations and their covariates, into a training and a validation set by random 
sampling. Two-thirds (25 837) were assigned to the training set, and the remaining (12 919) to the validation 
set. We used the package randomForests in the software R for the computation.  

For the final predictions of the ASC orders (hereafter ASCRF) over Australia, we run a random forest model 
using the entire data set. We compared our maps derived with the random forest model to the original ASC 
orders map (ASCIsbell). The ASCIsbell map was derived from reinterpretations of soil profile information, look-
up tables and earlier soil classifications (Isbell, 2002). 
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Results 

The random forest model 

The error rate of the random forest ASCRF model, calculated on the validation set, was 55.6%. Vertosols, 
Hydrosols and Chromosols were most accurately classified orders with more than 50% correct classification 
(Table 1). Dermosols, Kurosols, Ferrosols, Sodosols and Organosols were next with correct classifications 
between 40% and 50%. Kandosols, Calcarosols and Tenosols were correctly classified in 38%, 34% and 
22% of cases, respectively, while Podosols and Rudosols were poorly classified with only 19% and 13% of 
cases correctly classified (Table 1). 

Table 1. Confusion matrix of the random forest model classification on the validation set, V =12 919, with an error rate of 
55.6%. The ‘correct classification’ was derived using (1 −error rate). Bold values indicate significance at< 0.001. 
Order AN CA CH DE FE HY KA KU OR PO RU SO TE VE Correct class. 
AN 0 0 6 1 0 4 1 0 0 0 0 1 0 0 0 
CA 0 58 23 6 0 5 16 0 0 2 4 36 1 20 0.34 
CH 0 19 1032 332 7 27 144 68 0 2 5 205 8 188 0.51 
DE 0 7 337 1123 41 71 159 96 1 3 9 224 5 317 0.47 
FE 0 0 32 139 222 3 18 19 0 0 2 5 0 61 0.44 
HY 0 7 26 113 10 457 42 21 0 1 1 25 3 25 0.63 
KA 0 18 187 263 12 46 494 80 0 2 18 110 16 69 0.38 
KU 0 4 140 60 8 26 37 370 0 1 7 105 21 12 0.47 
OR 0 1 2 4 3 9 2 0 16 1 0 0 0 1 0.41 
PO 0 0 2 22 8 59 7 15 0 28 0 6 0 0 0.19 
RU 0 9 168 81 0 23 59 57 0 3 70 46 4 38 0.13 
SO 0 12 291 250 3 29 63 38 0 2 2 719 7 269 0.43 
TE 0 0 80 90 0 27 65 79 0 5 9 72 124 13 0.22 
VE 0 8 170 199 10 23 25 7 0 0 2 175 0 1355 0.69 

Predictor importance 

Fig. 2 shows the importance of the predictors in the random forest ASCRF classification. Climatic covariates 
were the most important predictors of the ASC orders, except for Anthroposols and Tenosols (Fig. 2), which 
together with Podosols and Rudosols were poorly classified (Table 1). The vegetation covariates did not 
have much influence on the classification, except for Fpar-e, which affected the classification of primarily 
Ferrosols, Kurosols and Vertosols. Elevation, slope and relief were the most important terrain predictors. 
The DEM was the most important predictor of Hydrosols, and it was also important in the classification of 
Vertosols, Organosols and Ferrosols.  

 
Fig. 2. Relative importance of the environmental predictor variables in the random forest classification of the Australian 

Soil Classification orders 

Digital mapping of the ASC orders 

The spatial distribution of the ASC orders, depicted by the original ASCIsbell and the predicted ASCRF maps 
are show in Fig. 3a and b. Compared to the ASCIsbell map, the ASCRF map shows larger areas of Calcarosols 
in southwestern and western Western Australia (Fig. 3b). Areas in Western Australia mapped as Sodosols 
in the ASCIsbell map were mapped as either Tenosols, Rudosols, Calcarosols and small areas of Vertosols 
in the ASCRF map. In south eastern Australia, areas mapped as primarily Sodosols in the ASCIsbell map were 
mapped as predominantly Chromosols in the ASCRF map (Fig. 3). 
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(a) 

 

(b) 

 
Fig. 3. Maps of the Australian Soil Classification orders derived by (a) reinterpreting soil profile information, look-up tables 
and earlier soil classifications (ASCIsbell) and (b) random forest classification (ASCRF) using the point data shown in Fig. 1  

 

Uncertainty 

Fig. 4 shows maps of the classification probabilities for each of the ASC orders of the ASCRF model. The 
probability of Calcarosols occurring is largest in arid and semiarid regions of southern Australia (Fig. 4), 
mostly on flat to undulating plains. The probability of Chromosols is largest in regions of central New South 
Wales, north eastern Queensland, south western Western Australia and central Tasmania. Dermosols 
show to have a larger probability of correct classification along the wetter coastal and subcoastal areas in 
eastern Australia from Cape York peninsula to northern Tasmania (Fig. 4). The probability of Kandosols 
occurring is largest in eastern Australia, ranging from the coastal high rainfall regions in Cape York to the 
arid and semi-arid interior in Queensland and New South Wales. The largest probability of Sodosols 
occurring is in southern Western Australia but also in the dryer inland regions of eastern Australia and 
western Victoria (Fig. 4). 

 
Fig. 4. Maps of the probability of each of the Australian Soil Classification orders occurring across Australia. 
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Discussion and conclusions 

Several investigators have tried to update soil maps using new data and technologies. Yang et al. (2011) 
developed a method to update conventional soil maps of Wakefield, Canada using digital soil mapping. 
Nauman and Thompson (2014) used widely available data to disaggregate two existing adjacent soil 
surveys in West Virginia, USA, into one continuous soil series class map using no new soil field data. Dy 
and Fung (2016) updated a global soil map based on Soil Taxonomy for predictions of soil moisture.  

Here, we presented an approach to update a national soil class map with digital soil mapping and random 
forests, with data from different sources, soil survey and soil spectroscopy, that was recorded over different 
time periods. By deriving two random forest models, one that included the original ASC soil map as a 
predictor in the modelling, and one that did not, we tested the hypothesis that there is no value in using this 
map in the updating. We found that the random forest model that included the original ASC map, ASCRF, 
was slightly more accurate than the model that did no use it. This indicated that the original map, with the 
pedologists expertise and understanding inherent in its presentation, although largely subjective, added 
some value to the updating of the digital soil class mapping with the random forest. 

The overall error rate of the random forest was relatively large at 55.6%, and some of the orders were 
poorly classified (e.g. Anthroposols, Rudosols, Podsols, Tenosols). There are a number of possible reasons 
for this. First, to train our models, the large majority of the data that we used was historical from soil profiles 
that were classified by different people during numerous projects over approximately 50 years. The data 
were stored in different databases, with often different data models. As is usually done, orders were 
assigned using morphological descriptions with few laboratory analyses and largely relying on the 
pedologist's experience and expertise. Second, the vis–NIR estimates of the soil orders, that provide a fairly 
even coverage in the centre and west of Australia, although quantitative, were derived from a spectroscopic 
model and thus also contain errors. Third, although we had 38 756 sites with a soil order for our modelling, 
the total land area of Australia is 7 659 861 km2, which means that we had only 5 data points for every 1000 
km2, and the spatial distribution of these data was somewhat biased towards agricultural areas in eastern 
Australia (Fig. 1). 

Despite these shortcomings, our classification was derived using the best available data set that there is, 
and it was derived objectively. We used data-driven modelling that relates soil–environmental information 
to the soil classes, under the hypothesis that their characteristics depend on environmental factors that 
affect their formation. Conceptually this is the same approach that is taken by pedologists who derive 
traditional soil classification maps. The advantages of our approach, however, are that (i) rapid and cost-
effective estimates of the soil orders made with vis–NIR spectra complemented the difficult and expensive 
to obtain soil profile data derived from survey, (ii) random forest produced a model that was interpretable 
in terms of the soil–environmental covariates that were most useful for the classification of each of the 14 
soil orders, (iii) random forest produced a fine spatial resolution (1 km × 1 km) digital soil map of the ASC 
orders and maps of the probability of each soil class occurring across Australia, and (iv) by using the original 
ASC map as a predictor in the modelling we were able to integrate the expertise and the large amount of 
time and resources that went into the creating of that map, into the new ASCRF map. As far as we know, 
ours is the first attempt to produce a quantitative and objective update to a national soil classification map 
at the country or continental scale. 
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Abstract 

The World Agroforestry Centre’s Soil-Plant Spectral Diagnostics Laboratory, based in Nairobi, Kenya, has 
helped establish 30 mid infrared (MIR) soil spectroscopy laboratories across 16 countries in Africa. 
Applications of MIR soil spectroscopy at different scales, developed under the Africa Soil Information 
Service, are presented. These include (i) digital mapping of soil properties at continental scale to guide soil 
restoration strategies, (ii) digital soil property mapping at national scale for guiding fertilizer blending 
decisions, and (iii) provision of soil testing services to smallholder famers at within-field scale. MIR 
spectroscopy now forms the foundation for new digital soil information services in Ethiopia, Ghana, Nigeria, 
and Tanzania. 

The advantages and disadvantages of different models of deployment of soil MIR spectroscopy are 
presented, including high throughput spectral laboratories, rural soil health clinics, mobile soil testing units, 
and handheld devices for village level advisory services. Complementarity of MIR soil-plant spectroscopy 
with portable x-ray fluorescence spectroscopy is also discussed based on our results from Africa. 

A new not-for-profit company, Innovative Solutions for Decision Agriculture (iSDA), has been created to 
scale soil MIR spectroscopy in Africa. New types of business models are being developed with commercial 
soil testing companies, fertilizer companies, food companies, and agro-dealer networks to support 
efficiency in the deployment of MIR technology and propagate benefits of MIR spectroscopy across the 
agricultural value chain. This extends beyond soil health and plant nutrition assessment to quality 
assessment of organic manures, fertilizers, and agricultural products. 

Opportunities and bottlenecks for wider deployment and uptake of spectral technology are presented. 
Principles for taking agronomy to scale based on spectral technology are also presented and illustrated. 
Finally, ideas for building global soil spectral libraries are presented. 
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Abstract 

Water availability is a major determinant of food production across the globe and this is largely determined 
by the amount of water held by the soil. Given the potential increase in variability in climate in the future, it 
is expected that for many agricultural production systems across the world knowledge of soil moisture will 
become even more important. Our ability to determine soil moisture levels can be used to inform a range 
of management decisions, with the most prominent being to enable growers to determine the amount and 
timing of irrigation. In a dryland cropping system, it can be used in conjunction with seasonal forecasts to 
determine target yields based on water availability for the coming season which can then inform fertiliser 
rates. 

In this work, we present the use of cosmic ray probes for estimating within-field soil moisture. These are a 
relatively new technology which uses cosmic ray neutrons as a proxy for soil moisture content.  
Methodological issues still exist for more widespread use of the cosmic ray probes for which we address 
some: 

- field calibration which requires field measurements of soil moisture, soil organic matter and lattice water 
(hydrogen in mineral grains), which can be costly; 

- the spatial support of the observations which have a 300m radius. Any interpolation method needs to 
account for this spatial support for direct interpolation or if using covariates, must account for the 
variability of covariates within this footprint; 

- the effect of vegetation biomass which may impact on the stability of calibrations in cropping fields. 

To illustrate these issues we present two examples, the first from a dryland cropping farm where a mobile 
sensor is used and the second from an irrigated field where a stationary probe is used.  

While the quality of predictions for the cosmic ray probe is promising (RMSE = 0.06 gg-1) future work should 
consider the integration of all soil moisture data sources into a predictive approach rather than relying on 
one source by itself. 

Introduction 

The measurement of soil moisture is essential to improve management decisions in farming. It is a 
challenge to estimate how much water is in the soil across the farm and down the profile. The traditional 
point-based sensor can only monitor small volumes up to 10 cm from the sensor but gives detailed 
measurements down the profile. Satellite products can estimate soil moisture over a larger area but only 
for the top 5 cm of the soil profile. If it is a dryland cropping system, a grower only needs to know soil 
moisture at a few times during the year when key management decisions need to be made, i.e. when to 
sow or to determine fertiliser rates at the field scale. If it is an irrigated cropping system, growers need 
continuous monitoring of soil moisture.  

Cosmic ray soil moisture measurements are non–invasive, non-hazardous and mid-scale soil moisture 
measurements where its footprint is approximately 30 ha large and it can close the scale gap between the 
point measurements of root-zone soil moisture and remotely sensed surface soil moisture (Ochsner et al., 
2013; Montzka et al., 2017). The technique is passive, and it utilises naturally occurring cosmic ray neutrons 
as a proxy for soil moisture. When the cosmic ray neutrons travel through the air and the soil, they are 
significantly moderated by hydrogen atoms, which are found mostly in soil water (Dong et al., 2014). Cosmic 
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ray neutron sensing (CRNS) technology provides a basis for a method to measure soil moisture by fast 
neutron detection near the land surface. Stationary cosmic ray probes give time series of soil moisture 
averaged over the footprint of measurement.  The mobile application of cosmic ray probes estimates 
average soil moisture at a point in time by surveying large areas with a ground-based vehicle. The depth 
of measurements depends strongly on soil moisture, in theory, ranging from ~0.7 m in dry soil to ~0.12 m 
in wet soil (Franz et al.; Xreda et al., 2008).  

In most past studies, mobile cosmic-ray soil moisture probes have been used for surveying at a point in 
time, e.g. Chrisman and Zreda (2013); Dong et al. (2014) and Schrön et al. (2018). In this study, three 
surveys were conducted at key time intervals in a dryland cropping season to test the stability of its 
calibration in time and space. In addition, the mobile sensor was stationed in an irrigated field for four weeks 
to check the stability of calibration in time. A Random Forest model was adopted to create maps of soil 
moisture with other covariates.  

Materials and Methods 

Study Field characterisation 

The mobile cosmic ray probe was calibrated at two locations in Cootamundra in eastern Australia and with 
contrasting soil types. The calibration survey was repeated three times over a winter crop growing season: 
pre-sowing; midseason; and after harvest. The mobile cosmic ray probe was stationed on a cotton farm, 
Auscott, near Narrabri in eastern Australia. A stratified random sampling scheme was used to independently 
validate the cosmic ray probe measurements and farm maps of soil moisture for the Cootamundra site.  
Each of these steps is described in the subsequent sections. 

 
Figure 1 Study areas (Cootamundra & Narrabri) with paddock boundaries overlaying a Google map image (Google 2018); 
calibration sites– black circles; The blue tracks –  roving paths  

Field campaigns were conducted on a commercial farm (6370 ha) near Cootamundra. The predominant 
land use is dryland agriculture, specifically winter cereal and canola crops, and pasture. Rainfall is winter 
dominant, and the total annual rainfall is typically from 600-900 mm. The farm has an elevation range from 
236-718 m above the sea level.  Soils on the farm are predominately Chromosols (National Committee on 
Soil and Terrain; R. Isbell., 2016), characterised by a textural contrast and alkaline subsoil.  Auscott is a 
well established 11,038 Ha large corporate cotton farm, which has grown cotton over 50 years. Its soils are 
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predominantly Vertosols which is flood irrigated.  

Mobile cosmic ray probe survey 

Table 1 Survey dates 

 date survey 

1  18-20th April       2017 

2 21-22th  August   2017 

3 29-31th  January  2018 

4 11th  Dec-13th Jan Auscott18-19 

The rover surveys neutron count is measured every minute with GPS, and the tracks are shown in Fig. 2. 
Average driving speed of ~20 km h-1 was maintained for the survey. The footprint of the rover is a swath 
with its width equal to the footprint (~300 m) of a stationary probe, and its length is equal to the distance 
travelled during the counting interval. For the Auscott 2018-19 survey the rover was stationary, and the 
neutron count is measured every minute for the period of 11th Dec 2018-13th Jan 2019. Field soil moisture 
within the calibration circles was collected each day to determine N0, which is the neutron intensity above 
the dry soil. However, their were days that feld soil moisture was not collected in the Auscott 2018-19 
survey. 

Correcting neutron count measurements and determining soil moisture 

The neutron count is mainly sensitive to the number of hydrogen (H) atoms in the soil and vegetation. 
However, the count is also influenced by other environmental factors such as barometric pressure, 
atmospheric water vapour and intensity of the incoming neutron flux. Therefore, raw neutron counts from 
the field survey are required to be corrected. The corrections were performed following the procedures 
documented by Zreda et al., (2012). Corrected neutron counts were converted to volumetric soil moisture 
content (θ) using the calibration function generated by Desilets et al. (2010) and modified by Bogena et al. 
(2013). Cosmic-ray neutrons are moderated not only by H in the soil water but also other H pools, e.g. 
lattice water (structural water of soil minerals) and the water content of vegetation (Franz et al., 2013). Also, 
fast neutrons can be moderated by the C and H present in soil organic matter.  Therefore, these H pools 
are required to be considered to improve the accuracy of the neutron count.  

Below Eq. is used to characterise the relationship between neutron intensity and soil moisture 

θ
.

.
0.115 w w ρ , 

         

where N0 is the neutron intensity above the dry soil, w  is lattice water content, w  is soil organic matter, 
and ρ  is the bulk density of the soil. N0 parameter is determined by field calibration. Since the lattice water 
is an expensive to determine, we adopted a linear relationship as an alternative method which was created 
by Greacen (1981).  

For the calibration at the Cootamundra site, the total carbon map was created by ordinary kriging from 55 
soil samples (0-30 cm) collected across the farm from an unpublished study. Then the SOC was converted 
into an equivalent amount of water (WSOM) by multiplying by 0.556.  The soil bulk density (g cm-3) was 
acquired from The Soil and Landscape Grid Australia (SLGA) (Grundy et at., 2015). However, the H 
contribution from vegetation biomass is ignored in the calibration but considered in the interpretation of our 
results. 

For the dryland farm, a Random Forest model was used with the local covariates with the aim being to map 
at a 100m spatial resolution. The training dataset was created by combining the observations from the three 
cosmic ray probe surveys with the corresponding covariates.  The covariates of the model are slope, 
elevation clay content, Sentinel-1 soil moisture, evaporation and seasonal EVI. A 90 m digital elevation 
model (DEM) was obtained from Geoscience Australia. The slope is a derivative of DEM using GRASS 
GIS. DEM and the slope were included in the model to understand the topographically controlled effects on 
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soil moisture. The EVI is useful in areas that are rich in biomass, or in areas with scarce vegetation where 
soil might have an influence (Huete et al., 2002).  Seasonal EVI: December – March, April – July and August 
– November to understand the seasonal effect on soil moisture is from a MODIS product (MOD13Q1). Soil 
moisture 0-5 cm was obtained from http://nsidc.org/data/SPL2SMAP_S/versions/1  which is a combine soil 
moisture product of Soil Moisture Active Passive (SMAP) and the Sentinel-1 satellites. Evapotranspiration 
data were obtained from the MODIS product; MOD16. ET represents the loss of water from crops and the 
soil. 

Two statistics were calculated to evaluate the soil moisture prediction: (i) Lin's concordance correlation 
coefficient (LCCC); and (ii) the root-mean-square error (RMSE). 

Results and Discussion 

Table 2 presents N0 plus the corresponding neutron count rate and field average for each survey for the 
dryland farm. EVI was added to the table to assess the effect of different plant biomass through time and 
between the sites. 

 Table 2 Spatial covariates to describe the soil moisture dynamics at the time of the survey  
  Calibration circle  April 2017  August 2017   January 2018 

N0  north  363.01  362.80  333.62 

south  365.97  340.72  351.19 

Circle average  

(cm cm‐1) 

north  0.20  0.33  0.20 

south  0.12  0.24  0.11 

Corrected neutron 
counts (c min‐1) 

north  234.44  211.05  214.95 

south  261.05  213.21  256.65 

EVI  north  3224  5590  2158 

  south  5219  5180  2384 

According to the table, the circle's field average of soil moisture for April 2017 and January 2018 are quite 
similar but not the N0 values. Correct neutron count is explainable, i.e. low soil moisture gives high neutron 
count whereas high soil moisture gives low neutron count. However, N0 values are different in each survey. 
The only apparent difference is the vegetation biomass (as indicated by the EVI values) that we did not 
account for in the calibration which may cause these differences in N0 values. 

The RF approach is very useful in predicting soil moisture. Across all surveys, the RF model predictions 
gave excellent agreement with an LCCC of 0.87, and RMSE 0.05 cm cm-3 (Fig.2). Importantly, the RF 
model improves the results of the August 2017 survey.  

 
 Figure 2 Farm survey vs closest rover measurement and Farm survey vs Random Forest predictions for the dryland farm. 

100 m (hectare) resolution soil moisture maps were created from these surveys (Fig.3). These maps give 
an understanding of how much soil moisture is present at the key time of decision making. We used RF 
estimates for mapping where it can illustrate a local variation of soil moisture in paddock level. 
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Mapping soil moisture 

Figure 3 Volumetric soil moisture (cm3 cm-3) maps from the Random Forest predictions (0-30cm)  
 

Fig. 4 shows that the stability of 
the calibration through time for 
the cotton site with varying soil 
moisture content. N0 does vary 
through time which raises 
questions about the one step 
calibration approach adopted 
by many previous studies. In 
this study, there have been few 
assumptions made on the 
correction of the neutron count, 
and the calibration of the rover. 
They were (i) calibration sites 
explain the heterogeneity of the 
surface properties (lattice water 
and soil organic content); (ii) 
minimum direction bias on the 
neutron count on roads; (iii)  

Figure 4 comparisons of field soil moisture and N0 of the irrigated field. 

no biomass effect to the count; (iv) enough sampling points for the calibration; and (v) effective depth of the 
rover measurement is match with the soil samples depth (Chrisman and Zreda, 2013). 

We investigated the use of the CNRS to measure soil moisture in time and space in dryland field and also 
a time series of a location in an irrigated field. Importantly, the effectiveness of the calibration at one-time 
point was tested. Although the H contribution from vegetation biomass is ignored in the calibration, N0 
results show otherwise. We found that the calibration coefficient N0 changes over time – most likely due to 
a growing crop and changing soil moisture. According to Chrisman and Zreda (2013), the calibration 
parameter N0 does not change in time unless there is significant vegetation change throughout the year. 
Further, biomass or the water content in the litter layer should be considered in the calibration (Bogena et 
al., 2013). Correction for dynamic biomass is difficult because accurate field-scale estimates of biomass 
are laborious to obtain. Studies have shown that biomass and the N0 parameter is linearly or non-linearly 
related (Hornbuckle et al., 2012; Franz et al., 2013; Hawdeon et al., 2014; Baatz et al., 2014; Baatz et al., 
2015). Moreover, the strong deviation was still found for cropped sites with dynamic changes in above and 
belowground biomass (Jakobi et al., 2018). Therefore, the impact of dynamic changes in biomass water 
equivalent should be considered in the mobile cosmic ray probe calibrations. 
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Total predictions of the three surveys were excellent with LCCC 0.87, and RMSE 0.05 cm3 cm-3. There 
was a good correlation of -0.6 between neutron count and the field soil moisture. The resultant soil moisture 
maps of dryland farm confirm that the rover estimates for the top 30 cm soil have a good agreement with 
the soil water extracted from the farm survey soil samples and therefore, a grower can make their decisions 
confidently based on these estimates. Future work should consider the integration of all soil moisture data 
sources into a predictive approach rather than relying on one source by itself. 
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Abstract 

Continuous sensing of soil moisture is essential for smart agriculture variable rate irrigation (VRI), real-time 
agricultural decision making, and water conservation. Therefore, development of simple techniques to 
measure the in-situ properties of soil is of vital importance. Moreover, permittivity estimation has 
applications in electromagnetic (EM) wave propagation analysis in the soil medium, depth analysis, 
subsurface imaging, and UG localization. Different methods for soil permittivity and moisture estimation are 
time-domain reflectometry (TDR), ground-penetrating radar (GPR) measurements, and remote sensing. 
One major bottleneck in the current laboratory-based permittivity estimation techniques is off-line 
measurement of the collected soil samples. At that, the remote sensing approaches are limited to shallow 
depths of 20cm. 

Internet of Underground Things (IOUT) communications have the potential for soil properties estimation 
and soil moisture monitoring. A method has been developed for real-time in-situ estimation of relative 
permittivity of soil, and soil moisture, that is determined from the propagation path loss, and velocity of wave 
propagation of an underground (UG) transmitter and receiver link in wireless underground communications 
(WUC). The permittivity and soil moisture estimation processes Di-Sense, where Di- prefix means two, are 
modeled and validated through an outdoor UG software-defined radio (SDR) testbed, and indoor 
greenhouse testbed. SDR experiments are conducted in the frequency range of 100MHz to 500MHz, using 
antennas buried at 10cm, 20cm, 30cm, and 40cm depths in different soils under different soil moisture 
levels, by using dipole antennas with over the air (OTA) resonant frequency of 433MHz. Experiments are 
conducted in silt loam, silty clay loam, and sandy soils. By using Di-Sense approach, soil moisture and 
permittivity can be measured with high accuracy in 1m to 15m distance range in plant root zone up to depth 
of 40cm. The estimated soil parameters have less than 8% estimation error from the ground truth 
measurements and semi-empirical dielectric mixing models.  

Introduction 

Our telluric ecosystem, a lifeline of our essential provisions and economic well-being, is based on soil. It 
contains multitude of organisms which, through their physical, biological, and chemical processes, provide 
a cogent environment and nutrients required for food production and plant growth. The soil ecosystem 
regulates the circulation of Earth and environmental substances. It is also home to antibiotics that are used 
to cure diseases and store gases (e.g., methane, carbon dioxide, and oxygen) essential for life on our 
planet. Therefore, to meet the food needs of increasing population of World, enhanced understanding of 
the soil ecosystem is required (Salam et al., 2016). 

By 2020, Cisco’s visual networking index expects that 11.6 billion devices will be connected to the Internet. 
This number is greater than the projected population of the World (10 billion by 2050). The data insights 
from these devices will carry a $11 trillion economic value. There is a need for innovation in a diverse set 
of precision agriculture areas, particularly in underground soil sensing. From an era where only tractors, 
seeders, combines, harvesters, and farm machinery were used with very limited technology, we are 
foreseeing a future in which computing, and information technologies will be integral to every piece of 
equipment on the field. Growers will routinely use computers that are millions of times more powerful, 
connected to the Cloud with ubiquitous availability of data and information, and have communication 
capability with the underground equipment through increasingly sophisticated interfaces. Many billions of 
data points are already being generated on daily basis at large farms. Virtually every agricultural area has 
been profoundly impacted by advances in computing technologies. Despite their recent impact in more 
effective water management decision-making, advanced automated and wireless soil sensing technologies 
still face practical application challenges. More specifically, lack of robust rural wireless service, difficulty of 
installing and removing soil moisture sensors before and after a growing season, and overall mistrust to 
information systems due to privacy concerns, limit their adoption. Therefore, wireless communications-
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based soil sensing devices imbedded permanently in the soil, coupled with secure, privacy-preserving, and 
robust wireless underground network infrastructure in rural agricultural communities, will significantly 
contribute to the adoption of technology in production fields. 

An improvement of up to 40% improvement in water use efficiency is possible if an in-situ soil moisture 
measurement sensors-based approach is used for variable rate irrigation in the field of precision agriculture. 
The process of installing and removing sensors is laborious and time consuming. Thus, permanently 
installed sensors can enhance the technology implementation in fields. Moreover, autonomous irrigation 
can reduce human error in decision-making. It also eliminates over- or under-irrigation and further enhances 
water use efficiency. This project aims to develop technology to address the data acquisition challenges in 
soil moisture monitoring. Existing water content monitoring in the field of precision agriculture is enabled by 
satellite data services, that leads to higher cost and data rates are also very low. Current practices in soil 
moisture monitoring techniques use soil moisture sensors that provide readings at depths of 4 inches and 
use capacitive and resistive methods. Weather stations contain rain fall, temperature, humidity, and 
pressure sensors. These base and weather stations are also wired to sensors. All major irrigation 
companies use sensors which are wired to data loggers. Through the proposed underground novel soil 
sensing systems, the soil moisture monitoring can be done in the crop fields at a lower cost, with higher 
data rates in large-scale farms. 

The IOUT represents autonomous devices that collect any relevant information about the Earth and are 
interconnected with communication and networking solutions that facilitate sending the information out of 
fields to the growers and decision mechanisms. These novel approaches have broadened the scope of 
existing applications and have the potential to enable a wide array of novel solutions from saving water 
resources for more food production to improving crop yields by smart irrigation. Internet of things (IoT) 
devices that bridge and advance both cyber-engineering and the physical world will be a key area of 
opportunity in the next decade. The emerging use of IOUT in many areas, including precision agriculture, 
transportation, environment and infrastructure monitoring, and border patrol, underscores the importance 
of wireless underground communications. The PI’s research program aims to address problems that require 
theoretical modeling and empirical validations coupled with simulations to get physical insights into the 
propagation of radio waves in stratified medium. 

We have captured and analyzed the impulse response of the wireless UG channel through extensive 
experiments (Salam et al., 2016, April). A statistical model for the wireless UG channel based on these 
empirical evaluations has also been developed. The statistical model is based on the analysis of the 
properties of the power delay profiles measured in different soils under different water content levels in the 
indoor testbed and field settings. By using the impulse response analysis, a soil moisture based multi-
carrier modulation scheme (Salam et al., 2016, August) has been developed for high data-rate 
communications. Moreover, the insights gained from radio wave propagation in soil are utilized for to 
develop a novel design of a soil moisture adaptive beamforming approach (SMABF) for long range 
communications (Salam et al., 2017, May). A novel framework for UG beamforming using adaptive antenna 
arrays are presented to extend communication distances for practical applications. Furthermore, we 
investigated the performance and directivity improvements by employing spatial diversity at the receiver 
through experiments and a Lateral-Direct-Reflected (LDR) approach to exploit the spatial diversity in the 
UG wireless channel by using multiple antennas (Salam et al., 2017, May).  A theoretical model to 
investigate the impact on change of soil moisture on the performance of a dipole antennas buried 
underground has been developed (Salam et al., 2019).  

The insights gathered from the experimental and theoretical work clearly show that the there exists a 
relationship between the wireless UG communications and soil processes. Based on the findings and 
analysis of this empirical work (Salam and Vuran, 2016, 2017 May; 2017 May; 2017 August), five types of 
soil physical processes have been identified that have a significant impact on the radio wave propagation 
in the soil medium. The analysis of those processes analyses of those will lead to development of novel 
underground sensing systems and is also be the novel contribution of this proposed work: (1) Soil Type 
and Density Impacts: The attenuation of the radio waves propagating in the stratified medium is higher as 
compared to over-the-air (OTA) medium. The soil type and bulk soil density contributes to this loss because 
of the pore size and water holding capacity differences among different soils. (2) Volumetric Water 
Content Impacts: The radio wave propagation exhibits additional loss which comes from an extra 
attenuation induced by absorption of these waves through volumetric water content. Therefore, in addition 
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to the diffusion attenuation, the complex permittivity of the soil leads to additional path loss in soil medium. 
(3) Distance and Depth Impacts: A soil profile is divided into multiple horizons. Sensing devices for 
precision agriculture are usually buried in the O and A horizon of the soil profile. Therefore, the depth and 
distance between the sensing devices affects the path loss between the sender and receiver antennas. 
The air-soil interface also causes reflection on the buried antennas. (4) Antenna Impacts: The return loss 
of the underground antenna is not the same as the OTA, because the permittivity of soil impacts the return 
loss. Therefore, the resonant frequency shifts with change in soil moisture. With shift in resonant frequency 
the operation frequency needs to be adjusted for maximum communication efficiency. (5) Frequency 
Impacts: The radio wave path loss attenuation in soil also depends on the operation frequency. The choice 
of the operation frequency effects the maximum achievable capacity in the wireless underground 
communications. Moreover, the selection of the antenna requires consideration of the operation frequency. 

Therefore, in the design for wireless underground communications based underground soil sensing 
systems, these soil processes need to be considered such that the accurate models of the soil physical 
phenomena can be devised according to changes in environmental conditions. Finally, the feasibility of UG 
soil sensing systems depend on the investigation and accurate measurements of multiple novel parameters 
not considered for traditional over-the-air (OTA) communications. For instance, such sensing paradigm 
must be robust to variations in soil’s physical parameters, such as abrupt changes in soil profile layers, and 
volumetric water content variations across multiple layers. To this end, a new generation of advanced soil 
system has been developed. The aim of this work is to develop a novel underground soil system for sensing 
of different physical, biological, and chemical properties of the soil with the ability to sense according to its 
surrounding in different soil types. The development of such sensing system will also pave the way for novel 
precision agriculture applications that have not been perceived yet through improved understanding if soil 
properties. It will also aid in advancing the fields of subsurface radio wave propagation, underground 
communications and networking, and precision agriculture data analytics. This novel way of studying soil 
properties will facilitate efficient resource usage (e.g., improved water conservation, improved crop yield) 
leading to healthy and sustainable communities. 

Background and Related Work  

The Internet of Underground Things (IOUT) are being used in many areas including environment and 
infrastructure monitoring precision agriculture contaminated soil and dense nonaqueous phase liquids 
(DNAPLs) detection, detection of buried objects, and ground penetrating radars. Underground 
communications is an emerging field and lacks well established and empirically validated channel models. 
Over the air (OTA) channel models cannot be directly applied to UG communications because UG medium 
is lossy and is affected by soil, air, and moisture. These factors leads to diverse soils dielectric spectra 
based on time, frequency, and space. Electromagnetic (EM)-based wireless communication in UG channel 
is affected by different factors. These factors include soil type, soil moisture, operation frequency, 
transmitter-receiver (T-R) distances, and depth. All these factors must be taken into consideration for 
accurate path loss modeling. Underground (UG) channel path loss models have been developed in using 
theoretical electromagnetic fields analysis. However, these channel models have not been verified through 
experimentation. Therefore, empirical evaluations and validations are necessary to characterize the effects 
of operation frequency, soil moisture, soil texture, burial depth, and distance on the UG communications. 
Furthermore, performance of the UG antenna also needs to be analyzed. Moreover, deeper understanding 
of the effects of soil-air interface, dielectric properties of the soil, and lateral wave can also be realized 
through an extensive experimentation campaign. The development of a wireless underground channel path 
loss model that accounts for the soil type and moisture impact is important because of many factors such 
as the operation frequency, communications protocol, modulation scheme, network layout, connectivity and 
other important operational parameters can be ascertained based on the model. Moreover, to evaluate 
IOUT solutions, a reliable UG channel model is required. Existing over-the-air (OTA) channel models cannot 
be used in subsurface communications because of the high path loss that is caused by complex permittivity 
of the soil in the lossy propagation medium. Moreover, spatial and temporal changes in the soil permittivity 
also lead to path loss variations, a phenomena not observed in OTA communications. 
There are three different paths that contribute to propagation in wireless underground communications. 
Through-the-soil paths are direct and reflected. For both components, the wave path remains completely 
in the soil. The third wave, lateral component, moves along the air-soil interface above the soil surface. An 
in-depth discussion of these components of UG channel is presented in (Vuran et.al, 2018). 
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System Model 
To estimate the soil permittivity and moisture at a distance range of 1–15 m, expressions are derived that 
connect these quantities to the measurable parameters of the WUC. For the permittivity estimation, these 
quantities are propagation path loss and velocity of wave propagation in soil. The problem to be investigated 
is framed as follows: given the path loss of communication link in the soil medium, derive a function that 
estimates the permittivity, and soil moisture of understudy soil medium. It is also important to note that the 
effective permittivity is equivalent to complex permittivity under low electrical loss. Moreover, in this paper, 
permittivity refers to the relative permittivity (real part of the complex dielectric constant).  
When EM wave communication is carried through the soil in IOUT, the propagation loss due to the water 
molecules held in the soil medium, is function of the real effective permittivity (dialectic constant) of soil. 
Therefore, propagation path loss of the soil direct path (between the transmitter–receiver (T–R) pair) can 
be used to estimate the relative permittivity and soil moisture within 100–500 MHz range. To model soil 
permittivity, lowest path loss (LPL) across the whole frequency range is found by transmitting a known 
signal. The propagation path loss is determined by measuring the received signal. The transmitter transmits 
one signal using the narrow bandwidth at a time and frequency is increased sequentially in predefined step, 
f. Path loss is the ratio (expressed in decibel (dB)) of the transmitted power Pt to the power received Pr at 
the receiver. Path loss is determined as 

PL = Pt − Pr = 10. log 10(Pt / Pr),                 (1) 
where PL is the system path loss, and it includes the effects of transmitting and receiving antenna gains Gt, 
and Gr, respectively. Once the path loss is measured, the frequency of the lowest path loss is determined.  

fmin = F(min(PL( f ))),                                                           (2) 
where fmin is the frequency of the minimum pathloss. The fmin is not affected by distance between transmitter 
and receiver antennas, because of the antennas gains. Therefore, system path loss PL is inclusive of the 
antenna gains. Since PL measurements are done in narrowband, noise effects is minimal. Next the soil 
factor, φ, is calculated as: 

φs = fmin / f0,       (3) 
where f0 is the resonant frequency of the antenna in the free space. Once the soil factor, φs, has been 
determined, the wavelength at the f0 frequency is found: 

λ0 = c / f0,       (4) 
where c is the speed of light. Accordingly, relative permittivity of the soil is determined as: 

        r  = 1 / (φs × λ0 )2 .                    (5) 
Due to the inhomogeneity of the soil medium, permittivity of the soil varies along the communication link 
from point to point. This leads to variations in wavelength and phase velocity, as the wave propagates in 
soil. Therefore, permittivity of the soil can be measured from the velocity of wave propagation soil. Power 
delay profile (PDP) are measured to get velocity of the wave propagation, that is determined from the known 
geometry layout of the testbed, by calculating the time that wave takes to reach at the receiver from 
transmitter. Once the velocity of the wave in soil, Cs, is determined relative permittivity in soil is calculated 
from the difference of transmission and arrival time of the direct component in the soil. Path of the direct 
component is completely through the soil. r is determined as: 

r = [ Cs × (τdr – τdt)/l],                                                             (6) 
where l is the distance between transmitter and receiver antennas, τdr – τdt is travel time of the direct 
component in the soil, and Cs is the wave propagation velocity in soil. Due to different propagation velocities 
of the air and soil, direct wave is separate from the lateral wave which travels through the air along the soil–
air interface, and has less attenuation as compared to the lateral wave.  
The relationship of the soil moisture and permittivity is independent of the soil texture, bulk density, and 
frequency. Since, soil permittivity depends on the soil moisture only, soil water con- tent can be determined 
from soil permittivity. Since dry soil has relative permittivity of 3, and relative permittivity of the water is 80. 
Soil permittivity is calculated using (5) and (6), and accordingly, soil moisture is determined as: 

VWC(%) = ((r  – 3) / 0.77) + 14.97.                                   (7) 

Experimental Setup 
In this section, a brief description of the testbeds used in the analysis is provided. It is then followed by the 
techniques employed in UG channel measurements.  A facility has been prepared in a greenhouse setting. 
Purpose of this facility, referred to as indoor testbed, is to conduct IOUT channel modeling experiments. In 
IOUT deployment of UG communication devices is limited to 50 cm depths. These burial depths are close  
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Fig. 1. (a) Di-Sense VWC compared with ground truth VWC measurements (Salam et al., 2019), (b) Di-Sense VWC compared 

with Topp model, (c) Di-Sense permittivity compared with Peplinski model, (d) Di-Sense permittivity by time-domain 
velocity of propagation comparison with Di-Sense path loss propagation permittivity method. 

 
Fig. 2. Di-Sense error analysis (Salam et al., 2019): (a) Di-Sense VWC vs. ground truth VWC measurements, (b) Di-Sense 
VWC vs. Topp model, (c) Di-Sense permittivity vs. Peplinski model, (d) Di-Sense permittivity by time-domain velocity of 

propagation vs. Di-Sense path loss propagation permittivity method. 
 
to the surface of the earth, therefore waves propagating from UG devices travels along soil air interface. In 
the indoor testbed, four dipole antennas are buried at 10 cm, 20 cm, 30 cm, and 40 cm depths, and these 
antenna settings are extended to 50 cm, and 1m distances. Due to higher attenuation in soil, only distance 
up to 1m is considered. This structure helps in verifying the accuracy and repeatability of experiments such 
that role of receiver and transmitter antennas can be switched, and channel symmetry can be investigated. 
Moreover, multiple burial depths help to capture the depth effects on the channel. To compare the results 
of indoor testbed experiments, and to evaluate the effects of distance, a testbed of dipole antennas has 
been prepared in an outdoor field in silty clay loam soil. Dipole antennas are buried in soil at a burial depth 
of 20 cm with distances from the first antenna as 50 cm to 12 m. A testbed to conduct UG software-defined 
radio experiments has been developed in South Central Agricultural Laboratory (SCAL), University of 
Nebraska-Lincoln. Testbed in SCAL (South Central Agricultural Laboratory) consists of 4 sets of buried 
dipole antennas. Each set contains four dipole antennas buried at 50cm, 2m, and 4m distances.  
Since variations in soil moisture affects the UG communications, hence, it is important to monitor and log 
the soil moisture with each experiment to accurately characterize channel behavior. In these 
measurements, Watermark sensors are used to log the soil moisture with time. It is also fast, efficient 
method and is less error-prone. Soil moisture logging can also overcome the disadvantages of oven drying 
method of soil water content determination where the soil has to be removed from the testbed for laboratory 
analysis. Further, it has been observed in that presence of a metallic object in the close vicinity of the buried 
antenna interferes with communication. Therefore, to avoid any interference, soil moisture sensors are 
installed at the edges of the testbed. Measurements are taken using Keysight Technologies N9923A 
FieldFox Vector Network Analyzer (VNA). Two types of measurements are conducted in the indoor testbed.  
VNA takes the transmission S21 measurements for an UG transmitter and receiver (T-R) pair by 
transmitting a known signal and then loss is measured at the receiver by comparing the received signal 
with the sent signal. Path loss is the ratio (expressed in decibel (dB)) of the transmitted power Pt to the 
power received Pr at the receiver. Path loss measurements for the UG channel are taken from 10MHz to 4 
GHz frequency range in 401 discrete frequency point at different depths and distances. 

Results and Conclusions 
In this section, model validation results are presented. The values of the soil moisture and soil permittivity, 
over soil moisture, are calculated accordingly by using Eqs. (5) – (7), and results are shown in Fig. 1. In 
Fig. 1(a) and (b), Di-Sense VWC is compared with ground truth VWC measurements and Topp model. Di-
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Sense permittivity is compared with Peplinski model in Fig. 1(c). Di- Sense permittivity by time-domain 
velocity of propagation method is also compared with Di-Sense path loss propagation permittivity method 
and results are shown in Fig. 1(d). While these graphs clearly show an excellent match of ground truth 
measurements and the models with Di-Sense, many interesting points are shown in Fig. 1. It can be 
observed that with decrease in lowest path loss frequency, soil permittivity increases rapidly, which also 
lead to increase in soil moisture.  Results of model error analysis are shown in Fig. 2. In Fig.  2(a), Di-Sense 
VWC estimation error is shown with measured ground truth soil moisture sensing in different soils. Higher 
variability of Di-Sense soil moisture estimation error (1%–8%) is in silt loam soil, and model error variations 
are less in sandy soil. This highlights the impact of clay contents in soil. Overall, estimation error is less 
than 8%. Di-Sense soil moisture estimation error in comparison to the Topp model is shown in Fig. 2(b). It 
can be observed that estimation error of Di-Sense as compared to the Topp model is also less than 7%, 
and higher variability of error is also observed in silt loam soil. 
Di-Sense permittivity estimation error as compared to the Peplinski model is shown in Fig. 2(c). It can be 
observed that Di- sense estimation error as compared to the Peplinski model is relatively high (21%) for silt 
loam (field) as compared to silty clay loam and silt loam (that has error less than 15%).  It can also be seen 
that at higher soil moisture levels, less error is observed as compared to the lower soil moisture levels. 
Since many factors can affect the permittivity of water, at higher soil moisture level the relationship of soil 
medium dielectric constant becomes complicated. In addition, different factors (e.g., percentage of clay 
particles, soil temperature, soil type/texture, bulk density, salinity, porosity, and soil bulk density) affect the 
soil permittivity. Overall, both methods are in good agreement for the testbed soils with less than 8% 
estimation differences. Therefore, the Di-Sense soil moisture and permittivity models can be used for soil 
moisture and permittivity estimation in soils that have similar particle size distribution and classification to 
those used in these experiments. 
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Abstract 

Gamma-ray passive spectrometry is one of the proximal soil sensing (PSS) techniques with the potential 
to measure and map key soil properties such as texture and available potassium (Ka). None of the other 
PSS techniques except electrochemical sensing technology proved to be stable in providing sufficiently 
accurate results for mapping Ka. Also electrochemical sensors are capable of measuring Ka accurately, on-
line measurement to enable high density information was not successfully reported in the literature. This is 
due to the complexity of building an on-line system to collect soil samples them analyze them in real time, 
although few system were reported in the literature but never found its way to the market. There is still a 
need for an on-line sensor to map Ka, necessary for variable rate potassium fertilization. In this paper, a 
gamma-ray passive spectrometry sensor was tested for on-line mapping of the spatial distribution of Ka 
over one field of 8.4 ha at Voor de Hoeve field, Huldenberg, Belgium. During on-line measurement, a 5 s 
sampling interval was used while driving at 3 km / h speed at 10 m parallel transects. Two calibration models 
to predict Ka cross the field were developed and compared: 1) a simple third order polynomial function 
(3DPF) was established between the sensor reading of K and laboratory measured Ka with  R2 = 0.69 and 
2) a partial least squares regression (PLSR) model linking gamma ray spectra and laboratory measured 
Ka. The collection of soil samples for laboratory chemical analyses followed W-shape scheme, with each 
sample covering 10 m by 10 m area, of the same size of area, over which a passive gamma-ray spectrum 
are collected. Although a relatively small number of samples (45 samples) were used for the development 
of the PLSR calibration model, the cross-validation analyses has resulted in a very good performance with 
R2 of 87, residual prediction deviation (RPD) of 2.67 and root mean square error of cross-validation 
(RMSECV) of 2.29 (mg/100g). Maps of Ka comparing between the 3DPF and PLSR show great similarity 
and also with the map developed using the data of the laboratory analysis. The calculated variable rate 
showed the 3DPF and PLSR to reduce the amount of K2O fertilizer applied by 15 kg/field and by 2 kg/field, 
compared to the laboratory chemical soil analyses. In conclusion, the on-line measurement of Ka using 
gamma-ray spectrometry sensor shows high potentiality, which need to be tested in larger numbers of 
fields.  

Introduction 

Passive gamma-ray spectroscopy is one of the potential sensing candidate to measure Ka. This is due to 
the fact that the crystal detector detects energy emitted by the soil due to the natural decay of radioisotopes, 
including Thorium (Th-223), Uranium (U-238) and potassium (K-40). It is a non-invasive and non-
destructive method, which is absolutely safe to use. It is suitable to be configured on a mobile platform for 
on-line measurements with range of the detection can be up to 8 meters wide, and can be synchronised to 
digital GPS data (Viscarra Rossel et al., 2007). Gamma-ray spectroscopy is considered as relatively new 
PSS technique in measuring various soil properties, i.e., EC, pH, total nitrogen, and Ka and texture (Viscarra 
Rossell et al., 2007; Priori et al, 2014; Heggemann et al., 2017), and can be used to map soil with high 
resolution when mounted on a vehicle (Kuang et al., 2012). Although, correlations between Ka and K-40 
exists (Pracilio et al., 2006), the potential of ground gamma ray for measuring Ka in soils is not fully explored 
(Dierke and Werban, 2013). Viscarra Rossel et al. (2007) obtained fair prediction Ka (R2 = 0.61) using the 
bagging-partial least squares regression (PLSR) method. Dierke and Werban (2013) reported that K-40 is 
not applicable for indirect mapping of Ka, concluding that the estimation is possible if Ka in soils shows a 
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major proportion of the total K. Evaluation of the potential use of on-line gamma ray sensing for variable 
rate K fertilization compared to traditional method was not reported. The aim of this research is to evaluate 
the potential of on-line gamma-ray spectroscopy prediction and mapping Ka in an agricultural field.  

Material and Methods 

Study area 

The experimental wok was carried out in Voor de Hoeve field (VH), near Brussels in Flanders, Belgium. 
The field located at Huldenberg with longitudes of 2.34 and 2.45° W, and latitudes of 52.1 and 52.2° N with 
total area of about 8.5 ha. It is cultivated with seasonal winter wheat and potato. The dominate soil texture 
is silt loam (sand 9.5%, silt 78.5, and clay 12%), and the electrical conductivity (EC) ranged between 23 
and 79 mS/m. The soil organic matter (SOM) ranges between 1.55 to 4.9%. 

On-line gamma-ray spectrometer and measurement  

The on-line measurement system consisted of a GS Car portable gamma-ray spectrometer, fixed to a metal 
frame, which was attached to a tractor by the three-point linkage (Fig. 1a). The spectrometer has a 4l NaI(Tl) 
– crystal, automatic peak-stabilization detector, with 512 channels and an energy range between 100 keV 
and 3 MeV (GF Instruments, Czech Republic). The spectrometer is powered by 12V DC power supply that 
can be supplied from a tractor or an independent battery. Along with the gamma-ray data, sampling position 
was recorded with a differential global positioning system (DGPS) (CFX-750 RangePoint RTX, Trimble, 
USA), with submeter accuracy (30 cm). 

 
Fig 1. Measurement setup using a portable gamma-ray spectrometer attached with a tractor (a), and the online survey at 

Voor de Hoeve field (VH), near Brussels in Flanders, Belgium. 

 
On-line measurement followed by soil sampling were conducted successfully in spring 2018. A 5 second 
sampling interval for gamma-ray measurements was used. Data quality of calculated concentration will 
raise with measuring time at a point (Duivenstijn and Venverloo, 1964). Thus, the speed of measurement 
is an important parameter to set correctly for gamma-ray measurements in order to collect sufficient total 
counts to enable spectral analysis. The on-line data were recorded at a speed of 2.5 km/h (Fig. 1b). The 
measured cps was converted for each data point into the concentration of K-40 (%), Th-230, and U-238 
(ppm). The sensor was driven along parallel lines of 10 m gap between neighbouring lines.  

Soil samples and laboratory analysis  

A total of 45 soil samples (5 samples/ha) were collected during the on-line measurement, to be used for Ka 
analysis. The positions of samples to be collected were defined in advance based on the ECa maps 
measured in the previous year, where the field was divided into 10 m by 10 m cells. Static gamma-ray point 
measurements were taken, whereas the instrument was placed at a cell for 5 min at the same position. At 
each position, a composite sample of five sub-samples collected using W-shape sampling protocol, was 
collected on a square area of 100 m2 at 0-30 cm. The collected samples were transferred to the soil Survey 
of Belgium (https://www.bdb.be/), to be analysed for Ka. 
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Statistical Analyses 

Two type of analyses were used, namely, univariate and multivariate method, to establish the relationship 
between the Ka and K-40. a correlation between Ka  (mg100g-1) and K-40 values (%) WAS ESTABISHED 
using a non-linear regression analysis. A total of 45 K-40 and Ka values were fit to different polynomials, 
and the best fit (the highest R2), was a third order polynomial function (3DPF), which allowed the calculation 
of Ka values in (mg100g-1), as a function of the static and on-line measured K-40 (%). 

The other calibration was based on multivariate statistical method. Here the gamma-ray spectral data 
collected at static mode were used instead of the sensor output reading of K (%) to develop the calibration 
model. The gamma ray spectra were subjected to noise cut to the range of 1000-3000 KeV, followed by 
first derivation with a second-order polynomial approximation and windows of 5 KeV, and finally maximum 
normalization using prospectr-R package (Stevens and Ramirez–Lopez, 2013). The pre-processed spectra 
were pulled together with the measured Ka in one matrix, and the output matrix was subjected to partial 
least squares regression (PLSR) analysis with leave-one-out cross-validation (LOOCV), using package ‘pls’ 
available in R software (R Core Team, 2013). Model accuracy for predicting Ka contents were evaluated by 
means of coefficient of determination (R2), root mean square error of cross-validation (RMSECV), ratio of 
prediction deviation (RPD) (standard deviation of laboratory measured values divided by RMSE) and ratio 
of performance to interquartile distance (RPIQ). In general, a good model prediction should correspond to 
high R2, RPD and RPIQ, and low RMSECV values. 

Development of Ka maps and K2O fertiliser recommendation maps 

Three types of soil maps have been produced. A map of the measured Ka (n=45), full on-line gamma-ray 
predicted Ka map resulted from the 3DPF, and the full on-line predicted Ka map resulted from PLSR. In 
addition, K-40 (in %) map was also developed and compared with the other three maps detailed above. 
Using the full on-line predicted Ka values. the K2O fertiliser recommendation maps were developed. Based 
on data of the measured Ka (n=45) a linear formula for potassium fertilisation recommendation was derived 
from the correlation between Ka values and the K2O recommendation, used by the Soil Survey of Belgium. 
The Ka measured and on-line as well as K2O recommendation maps for the inter field were developed using 
ArcGIS software (ESRI, USA). 

Results and Discussion 

Soil and spectral analysis  

The descriptive statistics of the measured soil properties are presented in Table 1. Results showed rather 
small variability within the target field, with rather small ranges between minimum and maximum values. 
For example, Ka values ranged between 19 mg 100g-1 and 52 mg 100g-1. The measured K-40 ranged 
between 0.1 and 1.1% with an average and standard deviation of 0.47% and 0.16%, respectively (Table 
1). The moderate correlation (Pearson correlation coefficient, r = 0.69) between K-40 and Ka in the current 
study is expected and can be attributed to the dominant light soil texture (silt loam). Castrignano et al. 
(2012) found a similar significant correlation between the Ka and K-40 (r = 0.67, p < 0.05) at a cropping field 
with a light sandy soil in Corrigin, Western Australia, concluding that K-40 can provide accurate estimates 
of Ka. 

Table 1 Summary of gamma ray (K-40) and the laboratory measured available potassium (Ka) in soil samples collected 
from the target Voor de Hoeve field (SF) 

 No Min Median Mean Max 1stQ 3rdQ SD 

K-40 (%) 45 0.10 0.50 0.47 1.10 0.40 0.60 0.16 

Ka (mg 100g-1) 45 19.0 24.0 26.2 52.0 23.0 29.0 6.1 

Modelling based on univariate and multivariate analysis 

Univariate linear regression analysis 

The best performing polynomial derived between K-40 and Ka was the 3DPF, where R2 value was the 
highest of 0.69, as shown in Fig. 2a. This result is in line with the result reported by Castrignano et al (2012) 
using ordinary least squares regression of the logarithms transformation of Ka and K-40 with regression 
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confections (rho) of 0.64.  

The results of PLSR model in cross-validation developed with spectral dataset is presented in Fig 2b. The 
model resulted in R2 = 0.85, RMSECV = 2.29 mg100g-1, RPD = 2.67 and RPIQ = 2.61. From the current 
results, it seems that more research will be necessary to use a larger number of soil samples in the 
multivariate analysis, and that independent validation with samples not used in the calibration (cross-
validation) is used to test the model accuracy and robustness. However, the current result shows the 
potential of gamma-ray for on-line prediction on Ka, even when a limited number of soil samples are used. 
The good results can be attributed to to W-shape mode used to collect a composite sample that is 
representative of the entire area of corresponding cell, from which the gamma sensor collect magnetic 
waves over the same area. The composition of parent material (e.g., mineralogy and geochemistry) and its 
weathering affect the concentration of K-40, Th-223, and U-238 in soil (Viscarra Rossel et al, 2007).  Since 
this data is not available, we can speculate that good calibrations were obtained for Ka content because of 
chemical weathering of K-feldspars minerals (Ciceri and Allanore, 2015). Also, total K content is high duo 
to the frequently applied K2O fertilizer in such field. The positive PLSR regression coefficient at 1460, 1760 
and 2600 KeV (Fig. 2c) were obtained at energies that correspond to K-40, Th-223, and U-238, and may 
be due to these elements being adsorbed onto clay particles and Fe oxides (Megumi and Mamuro, 1977). 

 
Fig 2. Modelling results of potassium based on (a) a third order polynomial function (3DPF) that correlates the gamma ray 
potassium (K-40) (%) and laboratory measured available potassium (Ka), and (b) scatter plot of cross-validation results of 

measured Ka against predicted values based on partial least squares regression (PLSR) analysis using spectral datasets of 
the collected samples (45), and (c) regression coefficients of PLSR analysis.  

Maps of measured and predicted soil Ka 

Figure 3 shows maps of measured and predicted Ka values. These maps were classified into six classes 
from a minimum of 19 mg 100g-1 to a maximum of 52 mg 100g-1 values based on the geometric interval 
classification method. The measured Ka map shows the highest concentration at the western part of the 
field and this gradually decreases towards the eastern part. This gradual decrease is attributed to the slope 
that increases from the eastern part towards the western part of the field, indicating potential wash of soil 
nutrients including Ka into the bottom end at the western part of the field. Also, the spatial distribution of soil 
samples collected for laboratory analyses is not homogenous across the entire area of the field, which will 
affect the spatial distribution of Ka, something one should keep in mind when comparing the measured Ka 
map with the corresponding on-line measured maps to be discussed below.  

The on-line measured K-40 map in Figure 3b shows six classes that range from 0 to 1.1%. The spatial 
distribution of K-40 is similar to Ka in Fig. 3a, in that the high values of K-40 align with high concentrations 
of the on-line measured Ka. It is clearly demonstrated and in-line with the measured Ka map, where the 
highest Ka concentration is in the bottom side of the western part of the field, and this gradually decreases 
towards the eastern end. This spatial similarity is encouraging to suggest gamma-ray technology for future 
mapping of not only Ka but perhaps, soil variability and texture, which is already reported in the literature to 
be possible (Heggemann et al., 2017). 

Based on both the 3DPF derived in Fig.2a, on-line predicted Ka are used to develop full-point maps shown 
in Fig. 3. Most importantly, the spatial distribution of K-40 (Fig. 3b) is much similar to that of the measured 
map of Ka (Fig. 3a). The concentration of Ka increases from the eastern side towards the western side of 
the field, and is attributed to the increased slope in the terrain in this direction. The spatial similarity of the 
measured versus predicted maps is encouraging indeed and suggests that the gamma-ray sensing 
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technology holds promising potential for measurement and mapping of Ka, if a proper sampling strategy is 
followed, where the sampling area (e.g., 10 m by 10 m) match the active area, over which the natural 
radioactive electromagnetic waves are collected by the gamma-ray sensor during the on-line measurement. 
Similar spatial distribution pattern of PLSR based on-line developed Ka map (shown in Fig. 3d) with not only 
the on-line predicted corresponding map based on the polynomial analysis (shown in Fig. 3c), but also with 
the measured Ka (Fig. 3a) can be observed. 

Fertilisation recommendation 

The calculated amount of K2O fertiliser recommended for different methods of Ka measurement is shown 
in Fig. 3e,f and Table 3. This Table compares recommendations for K2O between the laboratory 
measurement versus on-line predicted Ka. Table 3 also compares the calculated on-line K2O 
recommendation based on the polynomial prediction versus PLSR prediction of Ka. The amount of K2O 
recommended based on the on-line predicted Ka using the 3DPF polynomial (216.0 kg/ha or 1814.4 kg/field) 
is very similar to the that of the measured Ka (217.2 kg/ha or 1824.5 kg/field). Only slight decrease in the 
amount of recommended K2O of about 10.1 Kg/field, is calculated as compared to the recommendation 
with the measured Ka. On the other hand, the recommendation based on the PLSR prediction of Ka is of 
higher rates than the measured Ka recommendation, with 218.7 kg/ha or 1837.0 kg/field. Therefore, the 
PLSR recommendation (Fig. 8b) was logically larger than those of the polynomial recommendation (Fig. 
8a), which can be attributed to the fact that the best performing PLSR model of the SF dataset was 
developed with a relatively small number of samples (45 samples). This means that more samples 
(collected with the W-shape mode covering the entire cell area) should be added to increase the size of the 
calibration dataset to reach the requirement for a robust PLSR prediction model. Also, it is recommended 
that the PLSR model is validated independently, by dividing a larger dataset into calibration and validation 
sets, a common practice adopted in spectral analyses in the literature. Due to the limited resources this 
was not possible in the current project, and suggest that a further study should be undertaken to reach this 
objective.  

Table 3. The amount of K2O fertiliser needed per hectare and per field calculated for different method of available 
potassium (Ka) measurement 

Recommendation method 
Applied amount   

(kg/ha) 
Applied amount        

(kg/field) 

Traditional soil analysis 217.2 1824.5 

Polynomial (3DPF) model prediction 216.0 1814.4 

Partial least squares regression (PLSR) model prediction 218.7 1837.0 

 
Fig 3.  Soil maps of the studied field: (a) map of laboratory measured soil available potassium (Ka), (b)  map of gamma ray 
measured K-40, (c) on-line map of Ka derived with the third order polynomial function (3DPF), and (d) on-line map of Ka 

based on partial least squares regression (PLSR) model predictions, (e) recommendation map of K2O fertilisation 
developed based on Ka predicted map using 3PLF, and (f) map of K2O based on PLSR. 
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Conclusions 

In this study, two methods of calibration were used to predict Ka cross one field of 8.4 ha area based on 
gamma-ray spectrometer readings. These included a third order polynomial function (3DPF) and a partial 
least squares regression (PLSR) model. Results indicated that gamma-ray spectrometer holds promising 
potential to measure Ka when combined with W-shape sampling method, covering 10 m by 10 m area over 
which the passive gamma-ray electromagnetic waves are collected. The observed clear similarity between 
the laboratory measured and both on-line predicted Ka maps proves that both models are in agreement and 
both are valid to predict Ka. Recommendation maps of K2O fertilisation show also similarity between both 
methods with no significant difference in the amount of fertiliser used. However, in order to evaluate the 
economic and environmental benefits of site specific K2O application based on gamma-ray survey, 
agronomic, cost-benefit and environmental analyses will all be needed to optimise the method to predict Ka 
with gamma-ray spectroscopy. 
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Abstract 

The objective of this study was to propose a framework for 3D mapping of SOC/SOM content using proximal 
soil sensor data fusion and compare its performance with traditional spatial interpolation. One 11-ha field 
from Canada and one 800 ha watershed from Sweden were selected as the research sites. In the Canadian 
field, 32 soil cores (0 to 1.1m depth) were collected following a modified nested grid sampling strategy. 
Each core was sub-divided into 10cm depth interval and measured for SOC in the laboratory. A Veris P4000 
vis-NIR-EC-IF platform was used to collect vis-NIR spectra (397-2212 nm) in situ continuously down to 
1.2m depth at each soil core location plus an additional 122 locations distributed over the field. On-the-go 
proximal sensors (DUALEM, SoilOptix, RTK GPS) were used to map the apparent electrical conductivity 
(ECa), gamma radiation and field elevation. In the Swedish watershed, 49 soil cores (including three depth 
layers, 0-0.2, 0.2-0.5 and 0.5-0.8 m) were collected for laboratory SOM measurements. The same version 
of Veris P4000 platform was used for soil profile survey at each sampling locations and an additional 50 
locations. The on-the-go proximal sensors used in Sweden were EM-38-MK2 and the Mole. 

By considering the sample depth, a 3D regression kriging method was used to build the regression model 
between measured SOC/SOM and the ancillary predictors measured from these proximal soil sensors, and 
the variogram part was also estimated, to generate the SOC/SOM maps at any depth. The sensor maps 
were further compared to the traditional spatial interpolation maps with the sampling measurements only. 
These maps were validated using 10-fold cross validation and the uncertainties were also assessed. With 
the aid from proximal soil sensor data, we were able to create more accurate maps, which capture more 
detailed local variations in SOC content. The findings from this research offer a potential of using 3D 
regression kriging and proximal sensor data fusion in assessing SOC stocks. 

Introduction 

Soil organic carbon (SOC) plays an important role in the carbon cycling of terrestrial ecosystems and 
climate change through greenhouse gas emission. Quantification of SOC stocks is important but faces a 
series of challenges, for an example, the cost of obtaining soil profile data. The accurate assessment of 
SOC stocks is especially important at higher latitudes close to the Northern Hemisphere. Proximal soil 
sensing can in situ measure soil information in a rapid, accurate, non-destructive, non-polluting way 
compared to traditional laboratory analysis and thus becomes popular. The objective of this study was to 
propose a framework for 3D mapping of SOC/SOM content using proximal soil sensor data fusion and 
compare its performance with traditional spatial interpolation. 

Materials and Methods 

Canadian Soil Survey 

Experimental site 

The experiment was carried out on an 11-ha agricultural field (-73.93811, 45.41693) at the Macdonald 
campus of McGill University, Quebec, Canada. The soil of this field varied from deep organic materials 
(muck soil) to mineral soils. Soil textures ranges from sand to clay loam and was characterized with 9 soil 
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series (Soil Classification Working Group, 1998). The field elevation ranged from 7 to 9 m above sea level. 
32 soil cores (0 to 1.1m depth) were collected in this field following a modified nested grid sampling design. 
Each core was sub-divided into 10 cm depth interval and measured for SOC in the laboratory. The detailed 
soil sampling was referred to Ji et al., (2015a, 2017). 

Measurements with proximal soil sensors 

The field was mapped using three on-the-go proximal soil sensors. Electromagnetic induction-based soil 
ECa was measured using a DUALEM-21s (Dualem, Inc., Milton, Ontario, Canada) sensor in 2013. It 
provides simultaneous measurements of four (two with horizontal co-planar, HCP 1 and HCP2, and two 
with perpendicular geometries, PRP1 and PRP2) ECa soundings at different depths. A real-time kinematic 
(RTK) AgGPS 542 global navigation satellite system (GNSS) receiver (Trimble RTK/PP-4700 GPS, Trimble 
Navigation Limited, Sunnyvale, CA, USA) and the elevation was recorded for the same field simultaneously. 
The study field was also surveyed using a gamma-ray sensor (SoilOptix, Practical Precision, Inc., Tavistock, 
Ontario, Canada) in 2013. It measured four broad spectral windows corresponding to potassium (K40), 
uranium (U238), thorium (Th232) and total count (TC). A commercial multi-sensor platform Veris P4000 
(Veris P4000, Veris Technologies, Inc., Salina, Kansas, USA) was used to make in situ profile 
measurements of ECa and vis-NIR reflectance spectra (397-2212 nm nm with 8 nm resolution) at a total of 
154 predefined sampling locations. At each of the 154 sampling locations, 4-7 profile measurements within 
0.5 m diameter as replicates were recorded down to 1.2 m depth. The detailed soil survey was referred to 
Ji et al., (2015a, 2015b, 2017 and 2019). 

Swedish Soil Survey 

Experimental site 

The research at the Swedish site was a continuous work followed by Piikki et al. (2013) and the same data 
were used in this study. In the 800 ha watershed, 49 soil cores (including three depth layers, 0-0.2, 0.2-0.5 
and 0.5-0.8 m) were collected. 8 subsamples were taken at each sampling location in a radius of 5 m. SOM 
were measured by loss on ignition. 

Measurements with proximal soil sensors 

The on-the-go proximal sensors used in Sweden were RTK GPS, EM-38-MK2 (Geonics Ltd, Mississauga, 
Ontario, Canada) and the Mole (The Soil Company, Groningen, the Netherlands). The same version of the 
Veris P4000 platform was used for soil profile survey at each sampling locations at an additional 50 
locations. However, the spectra were not added into the data analysis till the submission of this manuscript 
yet. 

Calibration and Validation 

A 3D regression kriging technique integrates regression technique, interpolation method as well as depth 
function and depth parameters (Hengl et al., 2014; 2017) and was written as 

z s , d β ∙ X s , d g d λ e s , d  

where ∑ β ∙ X s , d  represents trend predicted using regression, ∑ λ e s , d represents the residuals 

predicted by kriging, and g d  represents the predicted soil depth function, typically modeled by a spline 
depth function. 

The predictions of SOC/SOM were validated using a 10-fold-cross validation. 

All data analyses were performed in R 3.3.3 (The R Development Core Team, 2017). 

 



269 
 

 

(a)                                                              (b) 

Fig. 1. Histograms of (a) SOC (%) at 6 depth layers from the Canadian field, and (b) SOM (%) at 3 depth layers from the 
Swedish watershed. 

Results and Discussion 

Descriptive statistics 

In the Canadian site, SOC were estimated to standard depth intervals (0-5cm, 5-15cm, 15-30cm, 30-60cm, 
60-100cm and 100-200cm) using mass preserving depth splines. The histograms of SOC for the Canadian 
site and SOM for the Swedish site are presented in Fig 1. In general, the SOC/SOM content decreased 
with the increase of soil depth. 

3D mapping of SOC/SOM 

In the Canadian field (Fig. 2), with the increase of the depth, the SOC content is decreasing, and the spatial 
variability of SOC is also decreasing (the range is increasing). The Southwest part of the field was 
dominated by deep organic deposit and the North part was covered by shallow organic deposit. The 
predicted SOC by 3D regression kriging has a similar range when compared with the measured SOC, about 
0 to 45%. The highest SOC content was observed at the depth of 30-60 cm with the SOC content of 45.3% 
(Fig. 2a). With the aid from proximal soil sensor, we are able to observe the specific location of the highest 
SOC content at the depth of 30 cm (Fig. 2b). Because of the extremely high variability of SOC in the middle 
depth (30-60 cm) in this field, ordinary kriging with limited samples was not able to predict accurate SOC in 
the center part of the field (the predicted SOC contents were negative), which results in a hollow part in the 
map. This would not happen with 3D regression kriging method. The uncertainty maps at different depths 
showed almost the same trends as the 3D regression kriging maps (maps not shown). The standard errors 
from 3D regression kriging method (0-0.14%) were much smaller than with the ordinary kriging method (0-
12%). The 10 maps generated with 3D regression kriging method were only 10-fold-cross validated at the 
6 depths with laboratory measured SOC, and the highest RMSE error were 7.9% obtained at the 30-60 cm 
depth layer. 

 



270 
 

   

(a)  (b) 
Fig. 2. 3D mapping of SOC (%) in the Canadian site with (a) Ordinary Kriging and (b) 3D Regression Kriging 

 

The Swedish watershed was more homogeneous when compared with the Canadian field and SOM 
content is also decreasing with the increase of depth. In the top layer (0-20 cm), the highest measured 
SOM locates in the center to Southwest part of the field. The SOM is decreasing to the Northeast part, 
where soil is shallow and with bedrock outcrops. The standard errors of estimations from 3D regression 
kriging method (0-0.03 %) were much smaller than with the ordinary kriging method (0.15-0.33 %; maps 
not shown). The 10 predictive maps generated with 3D regression kriging method were only 10-fold-cross 
validated at the 3 depths with laboratory measured SOM, and the RMSEs were 0.47%, 0.38% and 0.17%, 
respectively. 

 

   

(a)  (b) 
Fig. 3. 3D mapping of SOM (%) in one of the Swedish sites with (a) Ordinary Kriging and (b) 3D Regression Kriging 

 

In both of the Canadian field and the Swedish watershed, the predictive maps generated using 3D 
regression kriging offers more detailed information than using traditional interpolation method, i.e. ordinary 
kriging. Compared to the traditional interpolated maps, with proximal sensors the uncertainties were much 
smaller, and the validated RMSEs were also smaller for most of the depth layers. 

The work presented here is ongoing and will also include two more Swedish fields with similar data 
presented by Piikki et al., (2014 and 2015) and Wetterlind et al., (2015). 

Conclusion 

With the auxiliary information obtained by proximal soil sensors, it is able to generate more detailed and 
higher accurate SOM/SOC maps at any depth in both organic and mineral fields in the two countries. This 
will bring great benefit for rapidly and accurately assessing SOC stocks at higher latitudes area closer to 
Northern Hemisphere in future. 
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Abstract 

Sustainable management of agricultural lands requires detailed information on soil properties. Although the 
literature has shown the potential of PSS data integration to predict spatial variations of soil properties, 
most of these studies were done in temperate soils considering up to three sensors. Study cases here 
introduced to contribute in applying PSS to: (i) assess the spatial variation of tropical soil chemical and 
physical attributes; (ii) understand processes controlling spatial soil variations; and (iii) compare spatial 
dependence and patterns among proximally-sensed and laboratory-measured soil attributes. In three 
preliminary study cases PSS was applied for digital soil mapping, soil salinity mapping, and within-field crop 
variations. Hand held and “on-the-go” sensors, respectively, for point-based and continuous monitoring 
readings, include apparent electrical conductivity and magnetic susceptibility meters; gamma ray, X-ray 
fluorescence and near infrared spectrometers; and mechanical resistance meters among others. Variables 
were significantly correlated (p < 0.05), and their spatial dependence structure (i.e: variogram analysis) and 
the spatial distribution patterns (i.e.: kriging) were all-similar. In addition, combined PSS datasets have 
shown improved predictions of soil properties (i.e.: R2

adj. from 0.21 to 0.94). Results have indicated the 
potential of PSS to assess the spatial variation of soil attributes that are more difficult to collect and analyze, 
supporting detailed soil mapping for precision agriculture and related activities. 

Introduction 

Proximal soil sensing (PSS) has proven over a decade its suitability to map soil variations with high spatial 
detail in support to land sustainable management and precision farming (Corwin and Lesch, 2005; Viscarra 
Rossel et al., 2011), where integrated multi-sensing platforms are now a trend approach. At field scale, the 
approach entails the use of geophysical sensors (Rhoades et al., 1999) from different types (e.g.: mechanic, 
electromagnetic, optical, etc.) to in-situ soil measurements, directly or indirectly predicting and mapping soil 
properties of interest. PSS has been applied to within-field attribute variations (Sanches et al., 2018), crop 
irrigation (Zhu et al., 2012), soil salinity and sodicity mapping (Rhoades et al., 1999) and digital soil mapping 
(Silva et al., 2016) include electrical conductivity meters, gamma ray, X-ray fluorescence and near infrared 
spectrometers, and mechanical resistance meters among others. 
Strong correlations have been reported among soil sensor data and soil properties from laboratory analysis 
at different soil types around the world (Naderi-Boldaji et al., 2013; Piikki et al., 2016; Sharma et al., 2014, 
2015). Strong correlations are mostly specific to certain soil property and sensor combinations. Therefore, 
selection of soil sensors to use depends on many factors, including target soil property, soil type, landscape 
characteristics, available technical assistance, sensor cost and portability. Aiming to better assist soil 
property predictions, the integration of data from different sensors has shown improved results (Piikki et al., 
2016; Huang et al., 2014; Söderström et al., 2016), while data format and equipment connectivity and price 
are still a problem (Bitella et al., 2014). 
In Brazil, most of the use of PSS technology for PA has been on apparent soil electrical conductivity (ECa), 
in particular by contact (VERIS Technologies, V3100), characterizing spatial variability of soil properties. 
Although Brazilian PA adopters mostly use for the delineation of management zones for soil fertility 
management, investments in PSS are still lacking (Bernadi & Inamasu, 2014). Where only recently the use 
of induced electromagnetic monitoring for ECa (Sanches et al., 2018) and sensor datasets fusion (Tavares 
et al., 2018) have been further addressed in precision farming applications. Although results in the literature 
has shown the potential of PSS data integration to predict soil properties, a review by Grunwald et al. (2015) 
showed in that most studies have been done in temperate soils and only considering up to two or three 
sensors in their predictions. Relationships among proximally-sensed and laboratory-measured soil 
properties datasets are still lacking when a larger number of sensors are used in combination. Only a few 
PSS data fusion reports have been done against tropical soil attribute datasets Piikki et al., 2016; Silva et 
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al., 2016), two of which focusing on Amazonian Dark Earths specifically (Söderström et al., 2013, 2016). 
This work aims to introduce preliminary results from three case studies focused on tropical soils and in situ 
PSS multiplatform data fusion. It briefly describes field experiments from a research initiative aiming to 
diminish knowledge gaps in applying PSS to tropical Brazilian soils. Study cases are introduced to illustrate 
early learnings using and defining field-monitoring protocols with several PSS devices. The overall research 
aims to understand how proximal soil sensors could contribute to predict and map different chemical and 
physical soil processes. A general case studies objective was to identify which PSS technology would best 
suite specific soil properties, and how sensors could be combined among themselves, or with available 
legacy data, to improve soil properties prediction maps. Along to primary applications of PSS to delineate 
management zones and to optimize soil sampling in precision farming applications, the team motivation 
lies in the potential of proximal sensors to complement or substitute soil sampling and laboratory analyses 
of these properties, which are costly, time- and energy-consuming, and potentially polluting.  

Material and Methods 

The three selected study cases are detailed below, where the selection of applied soil sensors were defined 
according to agricultural landscapes and production system demands, considering production-limiting 
factors, landscape characteristics, soil type, and target soil property. Sensor characteristics like portability 
ease of use, measurement support and the capacity to predict multiple soil properties were also taken into 
account, as well as external interfering factors and other accessibility limitations. For all study cases, soil 
spatial predictions followed classic methods for ordinary kreaging (OK), regression-kreaging (ROK) (Odeh 
et al., 1994) considering laboratory and PSS datasets, along to legacy data of landform attributes derived 
from digital elevation models and vegetation indices from remote sensing. 

Terraço Case Study 
The use of in-situ PSS datasets as support for digital soil mapping has mostly been done in temperate soils. 
Therefore, this PSS data fusion study aimed to address the lack of reports on multissensor data modelling 
against tropical soil attribute datasets. Field experiment was conducted in a 3.4ha area in the municipality 
of Seropédica, RJ, southeastern Brazil, with central latitude -22.757356 and central longitude -43.663409 
(Figure 1). The study area has 3.4 ha and has been under unimproved pasture (Panicum maximum Jacq.) 
for more than a decade. It is located in the Brazilian Atlantic Forest with tropical climate, dry winters and 
warm and humid summers. Soils are formed from granites, gneisses and migmatites, with intrusions of 
basaltic and alkaline rocks and sedimentary deposits. Analytical and digital mapping methods were applied 
to: (i) assess spatial variations of soil chemical and physical attributes; (ii) understand main factors of within-
field spatial soil variations; and (iii) compare spatial dependence and patterns among PSS and laboratory-
measured attributes. A set of hand held devices for point based PSS readings were used simultaneously 
to traditional soil survey procedures (Embrapa, 1999) and lab analysis (Donagemma et al., 2011).A 10 x 
10-m sampling grid was set in the study area for in situ measurement of soil properties using two proximal 
soil sensors. The grid had 29 by 13 sites, totaling 377 sites. A 20 x 20-m sub-grid was derived by skipping 
every other site in both directions, totaling 105 sites. For independent validation of the maps, another 25 
sites were allocated on the remaining sites on the 10 x 10-m grid using the conditioned Latin Hypercube 
sampling (Minasny & McBratney, 2006). PSS devices include: 1) a KT-10 (Terraplus Inc., Richmond Hill, 
Canada) for ECa and apparent magnetic susceptibility (MSa) readings by electromagnetic induction at 0-
10, 0-20, and 0-40 cm soil depths; 2) an Embrapa prototype ECa sensor (Rabello et al., 2014);  3) a RS-
230 BGO Super-SPEC gamma-ray spectrometer (Radiation Solutions Inc., Mississauga, Canada) counting 
equivalent uranium (eU), thorium (eTh), and potash (eK) emissions by a103-cm3 bismuth germanate oxide 
detector; 4) a CS650 water content reflectometer (WCR) (Campbell Scientific Inc., Logan, USA) to measure 
volumetric moisture contents (θ); 5) a PenetroLOG (Falker Automação Agrícola Ltda., Porto Alegre, Brazil) 
for cone penetration resistance (PR) readings, with a type 2 cone at 0-10 cm; and 6) a DP-6000 portable 
X-ray fluorescence (pXRF) spectrometer (Olympus Scientific Solutions Americas Inc., Waltham, USA) used 
in “Soil” mode to measure total element contents at soil surface. Measurements were taken at the soil 
surface cleaned off plant debris. 

Diba Case Study 
Soil salinization as result of natural or human-induced processes is a major environmental issue for 
agricultural sustainability, particularly in arid and semi-arid regions. The study was conducted in a family 
farm at Baixo Açu irrigated perimeter, Alto do Rodrigues, RN, northeast Brazil. The 3.6ha Pacovan banana 
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(Musa paradisiaca L.) field, with central latitude -5°22'33,32" and central longitude -36°43'56,80", was 
chosen to evaluate the responsiveness of an “on-the-go” ECa sensor to map soil salinity by electromagnetic 
induction. Soils in the region are mostly argissolos, cambissolos, and planossolos (Embrapa, 1999), from 
Jandaraíra calcaric rocks. Due to its semi-arid conditions (Koppen: BSh), the area is subject to natural soil 
salinization processes that have been inceased by irrigated crop production. The EM38-MK2 (Geonics 
Limited, Mississauga, Canada) was used for continuous ECa and MSa readings (N=15,200 points) on a 
zig-zag footstep tracks in “1m” mode, on both vertical and horizontal orientations. For soil salinity from 
laboratory analysis, soil core samples were collected in a 35 points uniform grid, at 0-10cm depth. PSS 
dataset fusion was considered in model predictions with legacy data covariates derived from remote 
sensing. In addition to evaluate model improvements of PSS fusion with different remote sensing datasets, 
the study further aimed to understand how different spatial resolution sources would influence this 
evaluation. The digital elevation model (DEM) and its derived topographic landform indices was obtained 
from SRTM datasets with 30m spatial resolution. Soil-adjusted Vegetation Index (SAVI) and Normalized 
Difference Vegetation Index (NDVI) were derived from spectral responses from Sentinel 2 satellite imagery, 
with 20m spatial resolution. 

Broek Case Study 
Soil compaction, errosion and structure quality are major issues in no-till crop production systems at 
Campos de Holambra, SP, southeast Brazil (Fig. 3). A 71ha central pivot area, with central latitude -
23°34'29.84" and central longitude -48°55'44.67", with intensive crop production of soya, corn and edible 
beans. Aiming to predict within-field spatial crop yield variations as a function of soil physical properties, 
PSS dataset fusion considered landform and soil samples for a fast quantitative soil structure diagnostic 
(DRES). A soil structure quality index (IQEs) was calculated for 15 points in soil topsequence lines as 
proposed in Ralisch et al. (2017). DEM and its derived topographic landform indices was obtained from 
SRTM datasets as well. A crop yield map was available for edible beans productivity from the immediately 
previous season. Two “on-the-go” sensors were simultaneously mounted in a pickup truck driving at speeds 
from 15 to 20 km.h-1. The EM38-MK2 was used for continuous ECa and MSa readings (N=4,720 points) in 
“1m” mode with vertical orientation. The Medusa 1200 gamma-ray spectrometer (Medusa Radiometrics, 
Groningen, The Netherlands) was used to count eU and eTh emissions by a 205-cm3 CsI detector. 

Results and Discussion 

Terraço Case Study 
Most laboratory- and sensor-measured soil properties were significantly correlated. The highest 
correlations among laboratory-measured properties were found between BS and CEC (0.87), clay and 
moisture (0.85), and OC and CEC (0.76). The sensor variables with highest correlations with laboratory-
measured properties were eTh with clay (0.78), and CS650 WCR θ with laboratory-measured θ (0.76). The 
CS650 WCR θ, and both the RS-230 BGO dose rate and eTh had moderate to high correlations (> 0.50), 
indicating potential variables for PSS fusion. Prediction models had moderate to good fits with R2

adj.>0.50 
for all soil properties but bulk density. The highest adjusted R2 were found for clay, and moisture, both as 
a function of combined sensors plus CS650 WCR, stressing the importance of including a soil moisture 
sensor in proximal sensor combinations. For best correlation soil properties, the quality of predictions was 
reasonably similar among interpolation approaches (Table 1), meaning modest improvements in map 
accuracy achieved by using sensor covariates. Sensor-aided derived maps were more detailed (Fig. 1), 
since predictions had more dense datasets and to interpolate from. Derived maps show similar spatial 
trends among OC, CEC, Clay, and soil moisture. 

Table 1. Model validation results for laboratory soil properties predicted as a function of PSS data fusion from individual, 
and combined proximal soil sensors in a 3.4-ha field in Terraço Case Study. 

Soil Attribute Mean Error RMSE*1 
OK ROK OK ROK 

Clay (g kg-1) 21 21 60 62 
Fe (g kg-1) 7,5 8,6 14,4 16,0 
OC (g kg-1) 1,2 1,5 2,9 3,1 

CEC (cmolc kg-1) 0,9 0,9 1,5 1,5 
θ (% m v-1) 4,1 3,9 5,8 5,9 

*1 Root Mean Square Error - A measure of precision of prediction and it should be as small as possible for unbiased and precise predictions. 
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Figure 1. This illustrates the Terraço case study location map with elevation model and sampling design (a) with 
correlations between soil attribute maps estimated by Ordinary Kriging (OK), from laboratory results, and Regression-

Kriging (ROK), from PSS datasets, for: Clay (b); Fe (c); OC (d); CEC (e); and θ (f). 

Diba Case Study 
In all soil depths considered, soil salinity predictions were best fitted for PSS dataset fusion with derivative 
indices from digital terrain analysis and remote sensing imagery. From DEM terrain derivatives, only the 
Channel Network Base Level (CHNB) was select during model training (Table 2). Individually, PSS data 
has performed better over combinations of terrain and imagery derivative indices on shallower readings. 
The better fitting of legacy data combination over PSS dataset alone in deeper readings (30-50 cm) was 
understood as a result from inconsistent field operation issues, as taking along the EM38 in shoulder strap 
mode, around 70 cm distant from ground surface. Predicted maps at different depths have shown consistent 
results as for the expected process of higher salt concentrations in deeper soil horizons of a sand soil area 
(Fig. 2). Figure 2 also shows the relevance of PSS data fusion for improved model fit dispersion graphics. 

Table 2. Model training results for the laboratory soil electrical conductivity map predicted as a function of data from an 
individual ECa sensor, and combined legacy data derivatives (DEM and Vegetation Indices) in a 3.6ha field from Diba case 

study. For each soil depth the best model fit are shown in bold and italic. 
Soil Depth Interval 

(cm) 
Model training Selected Covariates R R2

adj. 

0 - 10 
ECa + MSa + DEM + CHNB*1 + NDVI + SAVI 0.88 0.75 

ECa + MSa 0.43 0.24 
DEM + CHNB*1 + NDVI + SAVI 0.17 -0.09 

10 - 30 
ECa  + MSa + DEM + CHNB*1 + NDVI + SAVI 0.88 0.77 

ECa + MSa 0.42 0.22 
DEM + CHNB*1 + NDVI + SAVI 0.36 0.15 

30 - 50 
ECa + MSa + DEM + CHNB*1 0.78 0.57 

ECa + MSa 0.36 0.15 
DEM + CHNB*1 + NDVI + SAVI 0.55 0.39 

*1 Channel Network Base Level (m) – Is a morphometric measure giving the altitude above the channel network in the same units as the elevation data 

 

 

Figure 2. Model training dispersion graphics for soil salinity predictions in Diba case study are shown from left to right for 
best PSS fusion fit, PSS data only, and derivatives indices from DEM and Sentinel 2 imagery. Final salinity prediction maps 

are also shown for different soil depths, as for: a) 0-10 cm, b) 10-30 cm, and c) 30-50 cm. 

. 
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Broek Case Study 
Model fitting for soil physical properties were not significantly improved with additional PSS data fusion from 
the EM38 MK2 and Medusa 1200 sensors, as in relation to pure terrain derivative indices. Although the 
overall model fit considering PSS fusion with legacy data was moderately higher (Table 3), the limited PSS 
contribution was understood for the insufficient number of soil structure samples (N=15) in great contrast 
to spatially well distributed and dense PSS readings (N= 4,720). In contrast, the PSS data fusion only from 
the two sensors could stand by itself, having a significant gain over single terrain index combinations. From 
DEM derivatives, the Channel Network Base Level (CHNB) was only select during model training for the 
IQEs predictions, while aspect could contribute to both production parameters; soil structure and crop yield 
(Table 3). Predicted maps for soil structure quality and crop yield have shown consistent spatial trends as 
could be expected for soil compaction processes (Fig. 3). Figure 3 also shows the relevance of quantity 
and spatial distribution of soil core samples as a limiting factor to improve model fit dispersion graphics. 

 

Table 3. Model training results for soil structure quality and edible beans productivity predicted as a function of data from 
combined proximal soil sensors alone and legacy data derivatives from DEM in a 71ha field from Broek case study. For 

each predicted map the best model fit are shown in bold and italic. 
Predicted Map Model Selected Covariates R R2

adj. 

Soil Structure Quality Index 
(IQEs) 

ECa + MSa + eTh + eU + DEM + Aspect 0.62 0.38 
ECa + MSa + eTh + eU 0.07 0.05 

DEM + Aspect 0.01 -0.06 

Edible Beans Yield 
(ton.ha-1) 

ECa + MSa + eTh + eU + DEM + CHNB*1 + Aspect 0.80 0.44 
ECa + MSa + eTh + eU 0.65 0.39 

DEM + CHNB*1 + Aspect 0.03 -0.23 
*1 Channel Network Base Level (m) – Is a morphometric measure giving the altitude above the channel network in the same units as the elevation data. 

 

 

Figure 3. Model training dispersion graphics for soil structure quality (a) and edible beans yield (b) predictions in Broek 
case study are shown from left to right for best PSS fusion fit, PSS data fusion only, and derivatives indices from DEM. 

Final best fit predicted maps are also shown for: a) IQEs and b) crop yield. 

The hypothesis that proximally-sensed soil properties have similar spatial dependence and spatial 
distribution patterns to those of the soil attributes measured in the laboratory for different soil chemical and 
physical process simulations has been somehow confirmed. Further analysis including existing soil fertility 
data is still under computational phases, which could strength the overall research discussions. Finally, 
preliminary results have indicated that PSS data fusion has great potential to predict spatial variations of 
soil attributes whose measurement by conventional methods are more demanding. A potential for better 
efficiency in assessments of key soil processes is suitable to support of precision farming related activities. 

Conclusion  

For three case studies considered PSS data fusion has proven to improve regression models from a 
combination of soil sensors and/or legacy data derivative indices over those predictions from individual 
sensors. Portable point-based soil sensors have shown great potential to support digital soil mapping 
approaches, in which the pXRF sensor has produced the best predictions for chemical and physical soil 
properties among individual proximal soil sensors. 
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Proximal soil sensors allow the production of better soil property maps by ordinary kriging of sensor-based 
predictions with better spatial coverage. Proximal soil sensors can be used in place of laboratory soil 
analysis for soil property mapping, especially when used in combination. 
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Abstract 

Advances in sensor technologies provide potential for real-time monitoring of soil moisture status. Little 
work has been conducted to study the spatial and temporal variations of soil water content at the field scale 
and the interactions between soil water content and environmental controlling factors in cropped fields 
during the growing season. In this study, we assessed the spatial and temporal variations of surface soil 
water content (0–0.1 m) using seven in-situ soil moisture probes and Sentinel-1 satellite data over the 2016 
and 2017 cropping seasons in irrigated fields of the Central Sands Plains, Wisconsin, USA. An empirical 
multiple linear regression model was developed between the soil water content with Sentinel-1 backscatter 
data. The model was evaluated with leave-one-group-out cross-validation, which showed an R2 of 0.60, 
mean error of –0.00 m3 m-3, root mean square error of 0.02 m3 m-3, and a Lin’s concordance correlation 
coefficient of 0.75. Soil volumetric water content (VWC) and soil water deficit (SWD) were mapped at 30-m 
resolution every 7–12 days across one field (DU field at the Wallendal farm). Using two statistical metrics 
(“first metric” and “last metric”), the location-specific and time-dependent interactions between estimated 
soil water content and environmental controlling factors across the DU field were evaluated, and it was 
found that such interactions were affected by initial soil water content and plant stress status. The method 
has the potential to provide a baseline soil moisture map and can be coupled with mechanistic models for 
improved irrigation management and water use efficiency under a changing climate. 

 

Introduction 

Knowledge of soil water dynamics is important in agriculture because real-time estimation of soil water 
content at the field scale will improve irrigation effectiveness (Liang et al., 2016) and crop water use 
efficiency (Huang et al., 2018). Advances in remote sensing and spatial-temporal modeling provide a 
potential solution. By coupling data from soil moisture probes with remotely sensed datasets, it is possible 
to use various physical and empirical models to predict soil moisture across large spatial extents at fine 
spatial and temporal resolutions (Wang and Qu, 2009). Although researchers have used microwave 
sensors for estimating soil water content, little research has been done to understand the interactions 
between soil water content and environmental controlling factors in cropland over the growing seasons. 

In this study, we first present a model that estimates the spatial and temporal variations of surface soil water 
content (0–0.1 m depth) using in-situ soil moisture probes and Sentinel-1 data collected over two cropping 
seasons in irrigated fields of the Central Sands Plains, Wisconsin, USA. The study will test two hypotheses: 
1) surface (0–0.1 m) soil water content can be predicted at the high resolution (30-m) using a novel empirical 
model established using the Sentinel-1 data over the cropping seasons, and 2) the interactions between 
soil water content and controlling factors are location-specific and time-dependent and can be quantified 
using the estimates of soil water content at the high spatial resolution. 
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Materials and Methods 

Study Area 

The study areas included 6 irrigated fields at the Wallendal and Coloma farms in Central Sands Plains in 
Wisconsin, USA (Fig. 1). The soils are mostly sandy, with a sand content larger than 80% (Yost et al., 
2019). At the DU field of Wallendal farms (Fig. 1), kidney bean, hay-sudan grass, and pumpkin were planted 
over the 2016 cropping season. 

 

Figure 1 Study area in Central Sands Plains, Wisconsin, USA (left) and distribution of crop types in DU field over the 
2016 cropping season (right). The locations of soil moisture probes are shown in 7 red dots with field names are 
highlighted for Wallendal and Coloma farms.  

 

Soil Moisture Probe Data  

The soil moisture probes used were manufactured by AquaSpy Inc. (San Diego, CA, USA). A universal 
calibration equation was applied to convert the soil moisture sensor measurements to soil volumetric water 
content (VWC, m3 m-3) (Yost et al., 2019). In this study, depth of 0–10 cm was used because it was close 
to the effective measuring depth of the active microwave sensor (Paloscia et al., 2013). 

 

Sentinel-1 Data 

The remote sensing data collected from the European Space Agency – Sentinel-1 was used in the study. 
It is a phase-preserving dual polarization C-band Synthetic Aperture Radar (SAR) system and provides 
land surface backscatter measurements at 10 m × 10 m every 7–12 days depending on the number of 
available satellites that fly over the study area. Each image contained the single-band VV (single co-
polarization, vertical transmit/vertical receive) and dual-band VV+VH (dual-band cross-polarization, vertical 
transmit/horizontal receive) and the incidence angle of the sensor. Data were pre-processed by Sentinel-1 
Toolbox with thermal noise removal, radiometric calibration, terrain correction (Rabus et al., 2003). 

 

Establishing an Empirical Soil Water Content Model 

A multiple linear regression (MLR) model was used to predict soil VWC at 0–0.10 m using the Sentinel VV, 
VH, their temporal statistics, and the incidence angle of the sensor. The incidence angle was used to 
account for the effect of the relative position of the microwave sensor on the backscatter of the signal as 
suggested by Alexakis et al. (2017). To assess the accuracy of the MLR model with selected covariates, 
we used leave-one-group-out cross-validation as performed by Huang et al. (2017). 
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Predicting the Spatial and Temporal Variations in VWC across the Field 

The fitted MLR model with selected covariates was applied onto a 30-m grid across one study field (i.e. 
field DU in the Wallendal farm) over the 2016 cropping season. Information about the environmental 
controlling factors was also obtained across the DU field. A digital elevation model was obtained from the 
US Geological Surveys at a 1/3rd arc-second (~10 m) spatial resolution. Topographic wetness index (TWI) 
was calculated using SAGA-GIS based on the 10-m digital elevation model. Maps of soil particle size 
fractions (i.e. clay, silt, and sand contents), bulk density (BD), and soil organic carbon (SOC) concentration 
at the depth of 0–0.05 m and 100-m resolution were obtained from Ramcharan et al. (2018). Field capacity 
(FC) at -10kPa and permanent wilting point (PWP) at –1,500 kPa were estimated based on published pedo-
transfer functions (Yost and Hartemink, 2019). Soil apparent electrical conductivity (ECa) data were also 
collected across the field using a Veris-3100 (Salina, KS, USA). The shallow mode was used, which 
measured soil ECa at an effective depth of 0.0–0.30 m. Low ECa values often indicate sandy and drier soils, 
while higher ECa values represent clayey and wetter soils (Corwin and Lesch, 2003). To quantify the relative 
amount of soil water that is available to plants, we calculated soil water deficit (SWD, %) across the DU 
field (Patanè and Cosentino, 2010). 

 

Understanding the Location-specific and Time-dependent Interactions between Soil Water Content 
and Environmental Controlling Factors 

In order to quantify the relative contribution of different environmental controlling factors on VWC, two 
statistical metrics were used. The first metric determines which covariate alone is able to explain the 
response. It calculates the univariate coefficient of determination (R2) values from the linear regression 
models with one covariate only. For brevity, we call this metric the “first metric” (Grömping, 2006). The 
second metric used determines which covariate is able to explain the variance of response in addition to 
all other covariates that are present. We call it the “last metric” (Grömping, 2006). 

Results and Discussion 

Model Accuracy and Precision 

The leave-one-group-out cross-validation results for the MLR model are presented (Fig. 2). The model had 
an R2 of 0.60, mean error of –0.00 m3 m-3 and RMSE of 0.02 m3 m-3. The Lin’s concordance correlation 
coefficient of the validation result is 0.75, indicating a reasonable good agreement between the measured 
VWC and predicted VWC (Lin, 1989). 

 

Figure 2 Leave-one-group-out cross-validation results for the multiple linear regression (MLR) model to predict soil 
volumetric water content (VWC, m3 m-3) based on Sentinel-1 data. 

 

Spatial and Temporal Variations of Estimated VWC and SWD during the Cropping Season 

The spatial and temporal variations of estimated VWC using the empirical MLR model at the DU field over 
the 2016 cropping season are presented (Fig. 3). In general, VWC values increased from June 9th to 14th 
due to a rainfall event of 32.8 mm and increased from July 15th to 20th due to a rainfall event of 26.4 mm 
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and three irrigation events with cumulative amount of water of 27.9 mm for kidney bean and hay-Sudan 
grass and 20.3 mm for pumpkin. The changes of VWC were different during these two period across the 
field. The change of VWC from June 9th to 14th was mostly in the north and west of the field while the 
change of VWC from July 15th to 20th was mostly in the south and east. The spatial and temporal variations 
of estimated soil water deficit (SWD) are also presented during these two periods (Fig. 4). In general, the 
patterns are similar to those of the estimated VWC values and changes of VWC values. 

 

Figure 3 Estimated soil volumetric water content (VWC, m3 m-3) on a) June 9th, b) June 14th, d) July 15th, and e) July 
20th, and changes in VWC c) between June 9th and 14th and f) July 15th and 20th at the DU field in 2016 in the Central 
Sand Plains, Wisconsin, USA. 

Table 1 Percentage contribution (%) of environmental controlling factors on mean and standard deviation (SD) of 
estimated soil volumetric water content (VWC) across the DU field at 30-m resolution at the Wallendal farm during the 
2016 cropping season as calculated using two statistical metrics a) “first metric” and b) “last metric”. Note: a large 
percentage contribution indicates that the environmental factor contributes more to the mean or SD of VWC. 

a)            

Variables Duration 
Soil properties 

Crop 
Rainfall + 
Irrigation 

Topography 
Total 

ECa Clay Sand BD SOC Elevation TWI 

Mean of VWC June 2nd – 
Sep 1st 

3.2 2.8 1.0 4.0 1.9 0.1 4.7 0.2 0.1 13.9 

SD of VWC 0.5 0.5 9.4 21.8 3.5 27.7 21.7 2.9 0.1 33.5 

b)            

Variables Duration 
Soil properties 

Crop 
Rainfall + 
Irrigation 

Topography 
Total 

ECa Clay Sand BD SOC Elevation TWI 

Mean of VWC June 2nd – 
Sep 1st 

1.7 1.4 0.1 0.2 0.1 4.2 4.9 0.1 0.0 13.9 

SD of VWC 0.6 0.5 0.1 2.8 0.1 4.9 0.0 0.1 0.3 33.5 

 

Relationship between Soil VWC and Environmental Controlling Factors 

In 2016 cropping season, considering the contribution of each environmental controlling factor 
independently based on the “first metric”, rainfall + irrigation explained 4.7% of the total variance, followed 
by BD (4.0%), ECa (3.2%), clay content (2.8), SOC (1.9%), sand content (1.0%), elevation (0.2%), TWI 
(0.1%) and crop (0.1%). The relative importance of different environmental controlling factors was slightly 
different (Table 1b) when considered together in explaining the total variance of mean VWC in 2016. Note 
that only 13.9% the total variance was explained by all the environmental controlling factors. This can be 
due to three seasons. First, the maps of ECa, soil properties, and topography (i.e. elevation and TWI) were 
obtained at a coarse spatial scale and contained a large amount of uncertainty (Ramcharan et al., 2018). 
Second, other environmental controlling factors may also contribute to the variance of mean VWC, such as 
evapotranspiration, deep drainage and runoff, which cannot be mapped as such fine spatial and temporal 
resolutions using the available datasets. Third, the variance of mean and SD of VWC can be due to random 
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errors cannot be explained by any environmental factors (Vinnikov et al., 1996). However, this was not the 
case for the SD of VWC during the 2016 cropping season. Unlike the mean VWC, all the environmental 
controlling factors explained 33.5% of the total variance of the SD of VWC. This was not unexpected 
because the SD of VWC is mainly driven by water input from rainfall and irrigation, water storage as 
represented by field capacity and porosity as a function of soil particle size fractions, BD and SOC, and 
water output as evapotranspiration (crop) and runoff (topography). 

 

Figure 2 Estimated soil water deficit (SWD, %) on a) June 9th, b) June 14th, d) July 15th, and e) July 20th, and changes 
in SWD c) between June 9th and 14th and f) July 15th and 20th at the DU field in 2016 in the Central Sand Plains, 
Wisconsin, USA. 
Table 2 Percentage contribution (%) of different environmental controlling factors on changes of estimated soil volumetric water 
content (VWC) and soil water deficit (SWD) across the 30-m grid during two experiment periods as calculated using two statistical 
metrics a) “first metric” and b) “last metric” in the DU field at the Wallendal farm. Note: a large percentage contribution indicates that 
the environmental factor contributes more to the change of VWC or SWD. 

a)             

Variable Duration 
Initial soil 
condition 

Soil properties 
Crop 

Rainfall + 
Irrigation 

Topography 
Total 

ECa Clay Sand BD SOC Elevation TWI 

Change of VWC 
June 9th – 
14th 

Dry 1.2 0.7 4.5 6.2 0.2 13.6 – 0.2 1.2 17.1 

Change of VWC 
July 15th 
– 20th 

Wet 0.4 0.2 6.1 2.6 0.0 12.8 8.9 3.8 0.0 15.1 

Change of SWD 
June 9th – 
14th 

Dry 2.1 0.2 13.4 6.8 0.3 18.9 – 2.1 0.8 26.0 

Change of SWD 
July 15th 
– 20th 

Wet 0.0 1.2 0.0 1.9 0.0 6.8 3.9 0.0 0.3 11.9 

b)             

Variable Duration 
Initial soil 
condition 

Soil properties 
Crop 

Rainfall + 
Irrigation 

Topography 
Total 

ECa Clay Sand BD SOC Elevation TWI 

Change of VWC 
June 9th – 
14th 

Dry 1.2 0.1 0.4 1.1 0.1 3.5 – 0.9 1.0 17.1 

Change of VWC 
July 15th 
– 20th 

Wet 0.1 0.1 0.1 0.2 0.0 3.5 0.3 0.4 0.1 15.1 

Change of SWD 
June 9th – 
14th 

Dry 1.2 1.5 4.3 0.4 0.1 3.5 – 1.3 0.9 26.0 

Change of SWD 
July 15th 
– 20th 

Wet 0.0 1.2 2.4 0.0 0.0 3.7 0.4 0.2 0.0 11.9 

 

Location-specific and time-dependent interactions between VWC and environmental factors 

Changes in soil VWC are both location-specific and time-dependent (Fig. 3 and Fig. 4). The relative 
contribution of environmental controlling factors on changes of soil VWC is also presented (Table 2). In 
terms of changes of VWC due to rainfall (and evapotranspiration) only (June 9th to 15th, 2016), the location-
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specific controls on soil VWC dynamics are mainly caused by the spatial heterogeneity of crop (13.6%), 
followed by soil properties such as BD (6.2%), sand content (4.5%), ECa (1.2%), clay content (0.7%), SOC 
(0.2%), and topography (1.2% for TWI and 0.2% elevation). However, when the changes of VWC is due to 
both rainfall and irrigation (and evapotranspiration) (July 15th to 20th, 2016), the location-specific controls 
on soil VWC is mainly due to crop (12.8%), irrigation (8.9%), soil properties such sand content (6.1%) and 
BD (2.6%) and elevation (3.8%). 

Conclusion 

An empirical multiple linear regression model for predicting soil water dynamics at the surface (0–0.1 m) in 
cropped fields was established using Sentinel-1 data and soil moisture probes. Backscatter measurements 
of Sentinel-1 backscatter data were used in combination with temporal statistics (e.g. mean and maximum) 
and incidence angle of the sensor as covariates to predict soil water content in space and time. The model 
was reasonably accurate given the small RMSE (0.02 m3 m-3), large R2 (0.60) and Lin’s concordance 
correlation coefficient of 0.75 from a leave-one-group-out cross-validation. Using two statistical metrics, 
these maps revealed location-specific and time-dependent interactions between soil water content and 
environmental controlling factors, including crop, soil properties, irrigation, and topography. The method 
can be applied elsewhere to study the relationship between soil water dynamics and environmental factors. 
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