
Establishing a vis-NIR spectral library to predict clay in 

Australian cotton growing soils

Dongxue Zhao; Xueyu Zhao; Tibet Khongnawang; Maryem Arshad ;John Triantafilis*

Introduction

Aims

Methodology

Results



Australian cotton
highly productive 

To maintain profitability, requiring soil information on:

nutrient management 
water-use efficiency 

In this regard, requiring 

Clay
fertility
water holding capacity

Introduction



Problem definition
Laboratory: time consuming and expensive

Generating information of Clay across large 
cotton growing areas, requiring:  

• Many soil samples 

• Different depths

• Heterogenous fields, farms and districts 



Proposed solution
Digital soil mapping

Three components:

• Ancillary data (Vis-NIR spectroscopy)

• Laboratory observed clay

• Models (statistical/mathematical)

Easy Cheap

Laboratory clayAncillary
Limited

Models



Ancillary data
Vis-NIR spectroscopy 
which measures soil reflectance in 

Visible (400-700 nm)
Near-infrared (700-2500 nm)

electromagnetic spectrum

At small wavelengths (<1000 nm)
chromophores and iron oxides influence reflectance 

At intermediate wavelengths (i.e. 1400 and 1950 nm)
The bending and stretching of free water hydroxyl 
bonds in clay influence reflectance

At large wavelengths (i.e., 2200 nm)
Hydroxyl bonds of lattice minerals are influential 



Research gap
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Research aim

Specifically, four aims:

1. Use samples from each area to predict clay 
independently.

2. Use samples from six areas to predict clay in an 
area withhold.

3. Use the spiking approach 

4. How many data was necessary to develop a 
satisfactory library 

Establishing a Vis-NIR spectral library across 
seven cotton growing areas to predict clay:
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Methodology
Study areas

Trangie, Warren
Bourke 
Toobeah
Ashley, Wee Waa, Gunnedah

situated on the alluvial clay plains (gilgai cracking clays 
known as Vertosols)



Methodology
Soil sampling and laboratory analysis

Sampling locations:

based on EM survey on 500- to 1000-m grids 

Soil sample size:

varied from a min in Wee Waa (27) to a max in Trangie 
(103)

Laboratory analysis:

air-dried — 2 mm sieve — hydrometer



Methodology
Spectral analysis and pre-processing 

vis-NIR spectra measured by

a portable spectroradiometer (ASD 
Fieldspec4)

pre-processed by

‘spectroscopy’ package in R studio 

Cubist modelling

Nodes: 
specific wavelengths

Leaves:
multiple linear regression model



Results
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Results
Effects of depths on the model performance  
Generally,

combined topsoil and subsurface > topsoil or
subsurface

For example, 

Calibration Validation 

Triangie Toobeah
Topsoil 0.59 0.58
Subsurface    0.77                         0.57
Combined      0.90                         0.73

But this was not the case universally.

As the small sample size and clay variation. 



Conclusions

I. Establishing a calibration from each area independently was more accurate than making
a calibration from 6 areas and predicting clay in a new area.

II. Improvement in model performance was possible using spiking.

III. When 93 samples or more from the topsoil or subsurface were available for calibration, a
good validation could be achieved (Lin’s concordance > 0.7).

IV. A combined dataset from topsoil and subsurface samples enabled a more consistent set
of data with no loss of calibration and prediction accuracy.
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