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ABSTRACT 

Fertilizers are essential for plant nutrition to sustain global food demands. Fertilizer 

recommendations requires soil analysis. Conventional laboratory analysis for soil chemistry is 

often slow and expensive. Mid-Infrared (MIR) spectroscopy may be a promising solution to 

overcome the limitations of conventional soil analysis, but these require soil specific calibration 

algorithms.  Insufficient MIR analysis calibration algorithms exist for South African soils. The aim 

of this study was to create calibration algorithms for the prediction of exchangeable base cations 

(calcium (Ca2+), magnesium (Mg2+), potassium (K+), and sodium (Na+)) concentrations for soils 

from North-West Province, South Africa. Soil analysis data was received from Noordwes 

Kooperasie (NWK) and Griekwaland Wes Korporatief (GWK) which included 4393 and 175 soil 

samples, respectively. Conditioned Latin Hypercube Sampling (cLHS) was used to select a total 

of 1000 samples (900 from NWK, 100 from GWK), of which 979 were deemed fit and represented 

the soil spectral database (SSD). The samples were crushed and sieved (53 micron) before being 

scanned at 4000 – 600 cm-1 spectral range at 2 cm-1 resolution. The data was captured by OPUS 

Base software, exported with Spectrograph 1.2 software to R Studio. A spectral library was 

created by combining the SSD and the spectra of the samples from the SSD in R Studio using 

the R programming language. The spectral library was divided into a training and validation 

datasets at a 75:25 split.  Calibration algorithms were created from the training dataset using 

Cubist, Partial Least Squared Regression (PLSR) and Random Forest (RF) calibration models. 

The calibration algorithms were used to predict values of the validation dataset from the spectral 

library. The accuracy of the models was tested with the independent validation dataset with 

statistical analysis including coefficient of determination (R2), root mean square error (RMSE) and 

ratio of performance to deviation (RPD). Cubist showed the best overall performance with order 

of declining performance accuracy of the base cations as follows: Ca (R2 = 0.77; RMSE = 129; 

RPD = 2.09), Mg (R2 = 0.75; RMSE = 40; RPD = 1.89), K (R2 = 0.41; RMSE = 59; RPD = 1.28), 

and Na (R2 = 0.29; RMSE = 6.45; RPD = 1.14), followed by PLSR, then RF.  Base cations are 

not active in the MIR band. Prediction algorithms use soil properties which are active in the MIR 

band that correlate with exchangeable base cations, to predict the concentrations of the 

exchangeable base cations. To improve the accuracy of the models, it is recommended to 

increase sample numbers; using additional calibration models; using different scanning methods; 

and to include spectral processing before calibration. 

Key terms 

Soil spectroscopy, exchangeable base cations, mid-infrared, calibration models. 
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INTRODUCTION 

1.1 Background 

Food insecurity remains a main concern as global hunger is ever increasing (Von Grebmer et al., 

2017).  Although South Africa was seen as food self-sustainable in 2006 (Van der Berg, 2006), 

population growth still demands further agricultural development in South Africa (Nyam et al., 

2020).  With the increase in population, more food will have to be produced, without increasing 

agricultural land area (Herrero et al., 2010; Sutton et al., 2013).  The increase in food production 

should be done sustainably, as the food supply would need to be increased  annually, to keep up 

with the food demand from population growth (Sutton et al., 2013).  Farmers are generally willing 

to adopt sustainable agricultural farming practices when paid, or when saving cost regarding 

inputs (Boufous et al., 2023). Bonilla-Cedrez et al. (2021) suggest that agriculture can be 

intensified sustainably in sub-Saharan Africa by improving soil fertility and spatial targeting of 

fertilizer recommendations, which also reduce fertilizer inputs. 

Soil analysis helps determine the soil fertility and allows a farmer to apply fertilizer inputs based 

on what the plants need (Wall & Plunkett, 2021).  Soil testing is a very important part of 

commercial agriculture (Ray et al., 2010).  Soil testing increase yield, save cost and improve 

fertilizer use efficiency (Yun-peng et al., 2010).  For example: peach orchards in China had 

decreased fertilizer usage when soil testing was implemented (Xiao et al., 2019), while also in 

China, fertilizer nutrient balancing with the help of soil testing, increased the yield of peas, maize, 

and peaches; and reduced leaching significantly, whilst using less nitrogen, phosphorus and 

potassium (NPK) fertilizers (Chen, Hu, et al., 2021).   

Cost saving and yield increases are also of interest to farmers through variable rate application 

(VRA) of fertilizer (Thompson et al., 2019).  VRA of N resulted in 0.8 tonne per hectare higher 

maize yields compared to uniform application in South Africa (Maine et al., 2010).  VRA with a 

high spatial sampling rate, reduced winter wheat N application rates while increasing profit 

margins (Stamatiadis et al., 2018).  However, VRA of fertilizers, requires more soil samples per 

area of agricultural land (Thompson et al., 2019) and this has resulted in poor adoption by 

precision agriculture (PA) practitioners (Schimmelpfennig & Ebel, 2016; Griffin et al., 2017; 

Mitchell et al., 2018).  When a large amount of soil samples is required, it involves more field and 

laboratory work which translates in a higher economic input when using conventional soil analysis. 

Conventional soil analysis is the most widely used techniques used at the given time, in this case 

wet chemistry methods (Ryan et al., 2013). Conventional soil analysis is slow, expensive, 

hazardous, and destructive to the soil sample (Rossel et al., 2006).  Mid-Infrared (MIR) 
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spectroscopy may be a promising solution to the limitations of conventional soil analysis (Gates, 

2018).  MIR spectroscopy is an analytical method that that give qualitative and quantitative 

information of the chemical composition of samples (Zorin et al., 2021).  MIR spectroscopy has 

shown promise as a soil analysis method internationally to predict various soil properties when 

used with predictive machine learning algorithms (Shepherd & Walsh, 2007; Rossel et al., 2008; 

Johnson et al., 2019; Gholizadeh et al., 2021; Li, Xu, et al., 2021; Metzger et al., 2021; Parent et 

al., 2021; Sabetizade et al., 2021; Breure et al., 2022). Examples of machine learning algorithms 

are partial least squared regression (PLSR), Random Forest (RF) and Cubist.  

The agricultural sector in South Africa may benefit largely from MIR spectroscopy analysis due to 

it being more affordable, faster, requires less training and infrastructure, and measures multiple 

properties from a single sample (Rossel et al., 2006; Paterson et al., 2015).  

1.2 Problem statement 

A gap in the spectroscopic application stem particularly from the insufficient calibration algorithms 

for soils in South Africa (Paterson et al., 2015).  The main challenge is building a soil property 

database for the baseline study which requires large amounts of soil samples.  Collaborative 

research efforts are required to build up soil spectral libraries for South African soils (Paterson et 

al., 2015).  This includes data already collected by: ISCW, National and Provincial Departments 

of Agriculture and Universities; data held by private companies which are difficult to include due 

to confidentiality clauses; and lastly data that still needs to be collected from both private and 

public entities that can contribute to the soil property libraries (Paterson et al., 2015).  

Exchangeable base cations (EBC) are also seldom the focus of MIR soil spectroscopy studies 

(Gholizadeh et al., 2021; Li, Feng, et al., 2021; Metzger et al., 2021; Parent et al., 2021; 

Sabetizade et al., 2021; Breure et al., 2022).  The Soil Fertility and Analytical Services laboratories 

of the KwaZulu-Natal Department of Agriculture and Environmental Affairs have set up confident 

MIR calibrations for organic carbon, total nitrogen, and clay.  However, base cations calibration 

models are not widely available in South Africa. 

1.3 Hypothesis 

The hypothesis is that acceptable calibration algorithms can be created whereby the 

exchangeable base cations (Ca, Mg, K and Na) can be determined using MIR for the North-West 

Province, using machine learning algorithms. 

1.4 Research aim 

This study aims to create and test calibration algorithms using MIR to predict EBC for the soils of 

the North-West Province, using machine learning. 
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1.5 Research objectives 

To reach the research aim, the following objectives must be met: 

1. Establishing an EBC database of conventionally analysed soil samples of the North-West 

province. 

2. To create an MIR soil spectral database for the same soil samples. 

3. Forming a spectral library by merging the soil database with the MIR spectral database. 

4. Creating MIR calibration algorithms for the EBC, using machine learning and the created 

spectral library. 

5. To validate the calibration algorithms with an independent soil dataset. 
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CHAPTER 2 LITERATURE REVIEW 

2.1 Introduction 

“Food security exists when all people, at all times, have access to sufficient, safe and nutritious 

food to meet their dietary needs for an active and healthy life’’ (FAO, 2005).  The Sustainable 

Development Goals (UN, 2015) includes a goal to “end hunger, achieve food security, improve 

nutrition and promote sustainable agriculture” by 2030.  This will be difficult to achieve (Hawkes 

& Fanzo, 2017; Cai et al., 2020), as the interim goal to halve hunger by 2015 was met by less 

than half of all developing countries (Barbosa-Cánovas et al., 2017).  Furthermore, it is expected 

that Africa will contribute to approximately 58% of the world population growth by 2050 (Ciceri & 

Allanore, 2019), which necessitates the need for increased food production to achieve food 

security on our continent. 

Food insecurity is still a main concern as global hunger was still prevalent at 21.8% in 2017 (Von 

Grebmer et al., 2017).  Poor human and environmental health are the result of poor soil-, crop-, 

and livestock health in many African rural areas (Shepherd & Walsh, 2007).  Coupled with an 

increase in population, a great threat is posed to ecosystems and the environmental sustainability 

of developing countries in Africa (Shepherd & Walsh, 2007).  Fertilizers are essential for plant 

nutrition and may increase crop production by up to 90% by achieving higher yields and cropping 

intensity (Ciceri & Allanore, 2019; Qiao et al., 2019).  Fertilization also improves agricultural 

efficiency and product quality (Savci, 2012).  However, the sustainability of extensive use of 

fertilizers is questioned, as it has been found to lead to groundwater contamination, soil 

acidification, soil degradation, nutrient imbalance and deterioration of soil fertility; all affecting 

plant growth (Savci, 2012; Rahman & Zhang, 2018b; AL-Zabee & AL-Maliki, 2019; Naik et al., 

2019). 

According to the FAO, in the past fifty years, the use of  nitrogenous, phosphate, and potash 

fertilizers were increased by 800%, 300%, and 125% respectively (Tian et al., 2021).  Fertilizer 

over-application is also known to have a negative effect on plant growth (Wei et al., 2018).  This 

is most evident with broadcast fertilizer applications, generally coupled with low-density 

conventional soil analysis (Rahman & Zhang, 2018a).   

2.2 Precision agriculture 

Precision agriculture (PA) relies on farm systems designed to increase productivity, profitability, 

production efficiency; while minimising environmental impact (Whelan & Taylor, 2013).  These 

systems include technologies that automate application of pesticides, irrigation, and fertilizer (Say 

et al., 2018).   Natural soils may be variable in a short distance and could cause variable yields 
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(Elkateb et al., 2003).  Geypens et al. (1999) noted higher variable ranges for carbon, pH and 

calcium and lower variable ranges for K content in a study in Belgium as seen in Figure 2.1 and 

Figure 2.2. 

 

Figure 2.1: Variability of K content and P content in a study by Geypens et al. (1999) 

 

Figure 2.2: Variability of carbon content and pH in a study by Geypens et al. (1999) 
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To homogenise and increase the yields, fertilizer applications need to address this soil variability 

(Geypens et al., 1999).  PA offers economic benefit through reduction in the application of 

agricultural inputs (Tey et al., 2017; Kendall et al., 2021), increased production by management 

of variability of crop fields (Schimmelpfennig & Ebel, 2016; Kendall et al., 2021) and environmental 

benefit through precise application of agrochemical applications (Ma et al., 2014; Kendall et al., 

2021).  PA offers a solution to food security, while preserving agricultural and environmental 

sustainability (Kendall et al., 2021), by allowing the farmer to reduce inputs, which also has an 

economic benefit (Bongiovanni & Lowenberg-DeBoer, 2004). 

In Australia, R242 to R520/ha (current exchange rate) annual benefits were recorded when 

implementing PA.  Savings ranging between R17.35 and R381/ha  were recorded across six case 

studies that followed  VRA of fertilizers (Robertson et al., 2007).  In the Sichuan province of China, 

soil testing reduced fertilizer application by 23.5% - 28.2% on peach orchards, while also 

discovering and rectifying soil acidification (Xiao et al., 2019). 

In Beijing, China; nutrient balancing by soil testing was used to test the growth of peas, maize, 

and peaches; whilst also monitoring leaching of excess fertilizer (Chen, Hu, et al., 2021).  Nitrogen 

(N) input was reduced by 60%; 34% and 87% for peas, maize, and peaches; respectively.  

Phosphorus (P) inputs decreased by 77%; 69% and 93%; for peas, maize, and peaches; 

respectively.  Potassium (K) inputs for maize and peaches were decreased by 8% and 83% 

respectively; whilst a deficient soil, hosting the peas, could be rectified by adding 83% more P.  

These nutrient balancing practises also increased yields for peas, maize, and peaches by 2.7%; 

3.3%; and 49%; respectively.  Furthermore, leaching of N reduced for peas, maize, and peaches 

by 61%; 43%, 88%; respectively, whilst leaching of P reduced for peas, maize, and peaches by 

78%; 69%, and 93%.  Variable rate application resulted in 38% less total N use; and an increase 

of 14% N use efficiency in winter wheat in Larissa, Greece (Stamatiadis et al., 2018).  This related 

to a return of R53/ha per unit of N, compared to R31/ha return by farmer practise.  PA is therefore 

one way to use less fertilizers, but is dependent on high sample density, which can be timely and 

costly when conventional soil analysis methods are used (Gates, 2018).  

Conventional soil laboratory analysis is often slow and expensive, makes use of hazardous 

chemicals and is destructive to the soil sample (Palm et al., 2007; Paterson et al., 2015).  When 

different soil properties are tested, samples are split into sub-samples because they will be mixed 

with different chemicals to test different soil properties. With MIR analysis the same samples are 

used to simultaneously test the various soil, properties.  With multiple sub-samples needed to be 

able to analyse multiple soil properties, deviations in subsamples may influence the correlations 

drawn between the various soil properties, as chemical extraction may disrupt the soil equilibrium 

(Rossel et al., 2006; Stenberg et al., 2010; Gates, 2018). The number of observations to be made 

on a specific site is also limited with sampling associated with conventional soil analysis, which 



8 

become problematic when soils vary significantly over a short distance (Paterson et al., 2015).  

Infrared (IR) spectroscopy may be a promising solution to the drawbacks posed by conventional 

soil analysis (Janik et al., 1998; Bramley & Janik, 2005; Nocita et al., 2015; Gates, 2018) 

information on soil properties or soil conditions are require a high sample amount per unit for the 

are being analysed, due to its fast and cost effective soil analysis (Shepherd & Walsh, 2007). 

2.3 Infrared spectroscopy 

Ng and Simmons (1999) states: “Infrared (IR) spectroscopy measures the absorption of infrared 

radiation by chemical bonds in a material”.  Infrared radiation is absorbed by functional groups in 

molecules in a frequency range regardless of the rest of the structure of the molecule.  

Identification of these functional groups and sequentially the unknown molecule is then possible 

due to the connection to the frequency at which it absorbs IR radiation (Ng & Simmons, 1999). 

Spectrally active soil properties can be predicted by the use of infrared spectroscopy (Gates, 

2018).  This can be done with wavelengths ranging from mid-infrared (MIR) to visible (VIR) and 

near-infrared (NIR) spectroscopy (McCarty & Reeves, 2006; Reeves III, 2010; Hutengs et al., 

2019; Johnson et al., 2019).  VIR includes the range of 350 to 780 nm and NIR ranges from 780 

to 2,500 nm (Fang et al., 2018).  In remote sensing, the 350 to 1,000 wavelength range can also 

be referred to as VNIR whilst short-wave infrared (SWIR) then refers to the 1,000 to 2,500 range 

(Figure 2.3). 

 

Figure 2.3:  Graph displaying wavelengths of the different IR ranges in nanometres (nm) by (Fang et 

al., 2018). 

IR spectroscopy soil analysis have been applied to different soil properties such as carbon (C) 

content (Bellon-Maurel & McBratney, 2011a; Deiss et al., 2020), soil organic matter (SOM) (Chen 

et al., 2016; Dangal et al., 2019), total N (Sanderman et al., 2020), extractable P (Forrester et al., 

2015), pH (Dangal et al., 2019; Sanderman et al., 2020), electrical conductivity (EC) (Sanderman 

et al., 2020), exchangeable base cations (Ca, Mg, Na, K) (Gates, 2018; Sanderman et al., 2020), 
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cation exchange capacity (CEC) (Dangal et al., 2019; Sanderman et al., 2020), heavy metals 

(Jean-Philippe et al., 2012; Wang et al., 2017; Dangal et al., 2019), moisture content (Janik et al., 

2007), particle size distribution (Tümsavaş et al., 2019; Janik et al., 2020), clay mineralogy 

(Reeves III, 2012; Kasprzhitskii et al., 2018); soil respiration (Meyer et al., 2018; Liu et al., 2021), 

microbial biomass (Kamnev et al., 2021), atmospheric components (Liu et al., 2020), leachability 

of pesticides (Li et al., 2012; García-Jaramillo et al., 2014); soil salinity (Triki Fourati et al., 2015; 

Peng et al., 2016), soil acidity and alkalinity (Merry & Sabljic, 2009), and soil type (Linker et al., 

2005; Linker, 2007; Du et al., 2008). 

 

IR spectroscopy is a low cost, repeatable soil analysis method being more widely used in present 

times (McClure, 2003; Workman Jr & Shenk, 2004; Shepherd & Walsh, 2007).  Infrared (MIR and 

NIR) spectroscopy instrumentation can aid in soil analysis from a single sample to analyse 

multiple soil properties by using no chemicals inexpensively and fast (Shepherd & Walsh, 2007).   

 

2.3.1 NIR spectroscopy  

NIR spectroscopy is based on vibration of molecules that exist in the wavelength range from 

13,333 to 4000 cm-1 (Pasquini, 2018).  Near infrared technologies have previously been 

reported successful in applications ranging from material science, food, environment, 

medicine, pharmaceutics, agriculture and archaeology (Agelet & Hurburgh Jr, 2010).  NIR 

spectrometers are less expensive than MIR spectrometers and when rapid in field analysis is 

needed, VNIR may be a better option than MIR (Gates, 2018).  NIR  spectrometers are being 

utilized by tillage systems for in field measurements (Adamchuk et al., 2004; Shepherd & Walsh, 

2007).   

 

Previous studies on soil with the use of NIR spectroscopy was mainly used to predict organic 

carbon in soils (Reeves III, 2010; Bellon-Maurel & McBratney, 2011b; Branco de Freitas Maia et 

al., 2013; Gholizadeh et al., 2013; Gobrecht et al., 2014; Johns et al., 2015).  There have also 

been successful reports when predicting CEC, EBC, Total P, SOC, Total N, pH (Gates, 2018; 

Haghi et al., 2021) and heavy metal contamination in soils (Shi et al., 2014).  However, NIR 

models are not as robust as MIR models and MIR should be investigated when looking for more 

accurate prediction models (Brown et al., 2006; Gates, 2018). 
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2.3.2 MIR Spectroscopy 

MIR spectroscopy exist in the range from 2,500 – 25,000nm (4,000 cm-1 to 400 cm-1) (Haas & 

Mizaikoff, 2016).  It can provide quantitative information on molecules in any phase (liquid, solid, 

gas), that can support a variety of use cases (Haas & Mizaikoff, 2016). Applications range from 

manufacturing monitoring, materials science, medicine, environmental analysis and 

biotechnology (Haas & Mizaikoff, 2016).  The bonds able to identify with MIR spectroscopy can 

be seen in Figure 2.4. 

 

MIR spectroscopy gives stronger soil properties peaks due to the detection of fundamental 

vibrations of mineral and organic compounds, compared to NIR which offer more overtone 

features (Shepherd & Walsh, 2007).  Generally, MIR calibrations also outperform NIR based 

calibrations on the same sample sets (Pirie et al., 2005; McCarty & Reeves, 2006; Rossel et al., 

2006).  MIR is also better suited for organic matter and may provide more robust calibrations 

when different soil types are being analysed (Janik et al., 1998; Shepherd & Walsh, 2007).  In this 

case study, as predictive accuracy of models is the preferred outcome, MIR spectroscopy analysis 

will be used. MIR spectra, which contain large amounts of spectral information (McCarty & 

Reeves, 2006) is investigated. 

 

Figure 2.4: Comprehensive display of wavenumbers in cm-1 associated with the bonds of 

molecules showing active vibration the mid infrared region by Rossel et al. (2008). 
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2.4 Soil Spectral Library 

The creation of a soil spectral library is described in Figure 2.5.  The process by Shepherd and 

Walsh (2002) explains the need for a soil property database, of high density, in conjunction with 

soil spectra from the same database to create a soil spectral library.  According to Shepherd and 

Walsh (2002), samples should be collected covering the entire study area, using a representative 

sampling technique and size.  A soil spectral library is then built by gathering spectral data for 

each sample and combining it with the conventional laboratory analysis data of each sample.  The 

calibration accuracy of the spectral and soil data is tested.  If the model accuracy is accepted, a 

prediction is made, but if unacceptable spectral information is received, new spectral information 

should be gathered for the specific sample.  New samples added to the database should be 

sampled with the same technique and sample size and scanned.  If the sample does not test as 

an outlier, it can be added to the database.  Powerful machine learning software is often used to 

solve the complex formulas presented in calibration algorithms, especially for MIR spectroscopy 

(Reeves III, 2010). 

 

Figure 2.5: The detailed process of building a soil spectral 

library as proposed by Shepherd and Walsh (2002). 
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2.5 Dataset size 

Sordo and Zeng (2005) suggest that the size of the training dataset is positively correlated with 

improved performance in super vector machines and decision tree algorithms.  Ng et al. (2020) 

recommends that deep learning for spectral modelling is at a sample size above 2000.  The 

accuracy of PLSR, Cubist and Conventional neural networks plateaued at 4200, 500 and 1800 

soil sample number; respectively (Ng et al., 2020). 

2.6 Machine learning algorithms 

Machine learning makes use of statistical models and algorithms increasing efficiency of 

applications used in scientific study (Bei et al., 2021).  Computer systems use these models to 

perform tasks without the need for specific instruction, rather relying on patterns and inference 

(Bei et al., 2021).  Predictive machine learning algorithms have been a growing interest for the 

past quarter century (Janik et al., 1998; Breure et al., 2022).  Most recently, numerous calibration 

algorithms have been used in soil spectroscopy including PLSR (Li, Feng, et al., 2021; Nath et 

al., 2021; Sabetizade et al., 2021), random forest (Dangal et al., 2019; Chen, Men, et al., 2021), 

and cubist (Dangal et al., 2019; Ma et al., 2021). 

2.6.1 Partial least squared regression  

Partial least squared regression (PLSR) is a successfully used calibration model in prediction 

algorithms for soil spectroscopy analysis (Janik et al., 1998; Reeves III, 2010; Stenberg et al., 

2010; Nocita et al., 2011; Nocita et al., 2015; Metzger et al., 2020).  PLSR aims to split the 

collinear variables into latent variables to analyse data with fewer observations, by maximizing 

the variance between the response and the latent variables (Wold et al., 2001; Gates, 2018).  PLS 

is more robust in handling higher amounts of descriptor variables, increasing accuracy and 

lowering the risk of chance correlation (Cramer III, 1993). The major limitations are a higher risk 

of overlooking ‘real’ correlations and sensitivity to the relative scaling of the descriptor variables. 

Janik and Skjemstad (1995) presented PLSR to create soil property prediction models as early 

as 1995. The study used 300 soils throughout Australia and had excellent prediction accuracy 

with a R2 of 0.92.  Merry et al. (1997) achieved similar precision when predicting values for organic 

C (R2 = 0,93) and total nitrogen (R2 = 0,86) in South Australian soils.  Janik et al. (1998) followed 

soon after with a comprehensive study, predicting most of the important soil properties (Appendix 

1) with moderate to excellent results.  Prediction accuracies vary widely for different properties, 

and is generally classed as excellent (exchangeable Ca, exchangeable Mg, CEC, Total C, soil 

organic carbon (SOC), Total N, texture), moderate (exchangeable K, Total P, pH, SOM , 

Manganese (Mn)) or poor (exchangeable Na, iron (Fe), copper (Cu), extractable P, EC, sulphur 
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(S)) (Rossel et al., 2008; Ji et al., 2016; Gates, 2018; Sanderman et al., 2020; Takele & Iticha, 

2020; Haghi et al., 2021).  

PLSR was the first widely used prediction algorithm in soil analysis. However, Sirsat et al. (2018) 

found in his review on over 76 different algorithms that higher performance machine learning 

methods such as RF, may have a consistent higher performance.  

2.6.2 Random Forest 

Random Forest (RF) regression tree models combine numerous randomized decision trees and 

enhance their predictions using averages (Biau & Scornet, 2016).  It has been successfully used 

to predict soil properties such as pH (Chen, Men, et al., 2021; Ma et al., 2021),  SOC, clay, and 

CEC (Ma et al., 2021).  Random forest aims to solve missing values by splitting node samples 

into different weights or filling missing values with an estimate value such as the median then 

build a random forest on the available data to update the missing values by weighted rules of the 

estimated values where the closest (Louppe, 2014). However, the mechanisms behind random 

forest are not fully understood, and a problem arising frequently is the inconsistency of the model 

related to the learning set (Louppe, 2014). 

Soil property prediction by using RF as calibration algorithm is not as widely studied and varies 

between different studies when it is used.  For instance, pH predictions ranged from excellent 

(Chen, Men, et al., 2021), to moderate (Ma et al., 2021), to poor (Dharumarajan et al., 2017) in 

these three different studies.  Random forest have been used for soil salinity prediction, by remote 

sensing with satellite imagery, with sufficient accuracy (Fathizad et al., 2020).  Predictive 

properties for SOC, OC and CEC were poor, whilst EC have been predicted with moderate 

success (Dharumarajan et al., 2017; Ma et al., 2021).  Ca could be sufficiently predicted with RF 

but the other base cations of interest were not tested in the study by Dangal et al. (2019).  

Excellent predictive capabilities were displayed for SOM (Pouladi et al., 2019). 

RF cannot accurately explain the correlation between soil spectra and soil properties due to 

overfitting of data (Gates, 2018).  Simplicity can also be a good factor as overfitting of data is a 

real problem in some of these complex machine learning methods.   

2.6.3 Cubist 

Cubist is a rule-based algorithm which investigates nonlinear associations in observed data 

according to a series of “if-then” rules represented by multivariate linear models of the predictor 

(Kuhn et al., 2016).  Cubist is not as widely used as PLSR but is of interest due to its simplicity.  

In predicting Ca, the cubist model have outperformed PLSR and RF, with R2 values of 0.95, 0.89, 

and 0.93; respectively (Dangal et al., 2019).  Cubist tries to simplify models whilst maintaining 
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predictive accuracy by building a model containing multiple rules expressed linearly which aims 

to minimize average absolute error of the predicted values (Anon, 2019). Therefore, the rules may 

be biased concerning the predicted mean value compared to the measured mean value. 

Generally, with over-simplified models there is a trade-off with simplicity and prediction accuracy 

(Anon, 2019). 

Cubist as prediction model is used less than PLSR and more than RF.  Prediction accuracies vary 

widely for different properties and is generally classed like PLSR prediction models (Hong et al., 

2014; Morellos et al., 2016; Dangal et al., 2019; Haghi et al., 2021).  However, it seems that  there 

is more variation between studies.  Dangal et al. (2019) found more success overall than Hong 

et al. (2014) but may be attributed to using MIR as opposed to VNIR spectroscopy. 

2.7 Algorithm validation 

Validation is the process of determining the degree of accuracy of a model (Sornette et al., 2007).  

Industries depend increasingly on predictions by computers models in multiple sectors (Sornette 

et al., 2007).  Vabalas et al. (2019) suggest that statistical power increases with sample size. Lucà 

et al. (2017) found that different regression methods, such as PLSR, are more sensitive to 

calibration sizes.  The creation of predictive calibration algorithms requires the data to be split into 

training and evaluation datasets to be able to determine the model performance (Gates, 2018).  

Training and evaluation datasets are generally split into 75% and 25% for training and evaluation 

datasets, respectively (Gates, 2018).  These values can be changed to better suit different sample 

sizes.  Sabetizade et al. (2021) split the data into 70% and 30% for training and evaluation 

datasets, respectively, but only had 302 data points.  

Different problems can be more adequately solved by different calibration models (Mayer & Butler, 

1993).  Reviewing multiple machine learning studies, the most prominent validation algorithm is 

coefficient of determination followed by root mean square error. Also frequently encountered in 

soil property predictions studies is the ratio of RPD, which accounts for the offset of root mean 

square error value (Chang et al., 2001; Niederberger et al., 2015).  

2.7.1 Coefficient of determination 

The coefficient of determination (R2) is a statistical measure of the proportion of variance for 

calibration models and are standard across most studies. It describes the degree of correlation 

between predicted and observed values (Gates, 2018).  R2 is calculated by Equation 1. 

         [1] 
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𝑛 represent the sample size, 𝑜𝑏𝑠  ̅the total measured soil property values, 𝑜𝑏𝑠𝑖 represent the vector 

of the measured- and 𝑝𝑟𝑒𝑑𝑖 the vector of the predicted soil property values, respectively (Wadoux 

et al., 2021). 

An R2 value greater than 0.9 may be used to replace conventional analysis techniques, a value 

between 0.7 and 0.9 may be suitable to use for analysis that is too time consuming and costly 

whereas an R2 value below 0.7 is considered poor (Janik et al., 1998; Reeves III & Smith, 2009).  

R2 is not a good standalone algorithm validation to represent the prediction accuracy of a model, 

and should be accompanied by RMSE (Davies & Fearn, 2006; Gates, 2018). 

2.7.2 Root mean squared error 

Model prediction performance is often described by the RMSE statistical parameter (Estienne et 

al., 2001; Bellon-Maurel et al., 2010; Gates, 2018).  The RMSE is calculated by the squares of 

the variance between predicted and observed values, summed (Gates, 2018).  It is calculated by 

Equation 2. 

        [2] 

N is the number of samples in the test set, zfi and zoi is the predicted and observed values, 

respectively.  RMSE is an estimate of average for the property of interest and its units are directly 

related to the unit of the property tested, in this study it’s mg.kg-1. Ratio of performance to deviation 

is very much related to the RMSE, however makes the equation relevant to properties with varying 

RMSE values by making use of the standard deviation. 

2.7.3 Ratio of performance to deviation  

The ratio of performance to deviation (RPD) is specifically formulated to explain the accuracy of 

predictive models.  Dividing the standard deviation of the response by the root RMSE, results in 

the RPD.  The RPD is an excellent way to minimize confusion caused by the RMSE as the RMSE 

between different variables can differ significantly in value and not in percentage related to the 

observed value. It allows one to compare results between different properties with one another. 

Model quality is classified by Chang et al. (2001) and Niederberger et al. (2015) and in Table 2-1. 
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Table 2-1: Model quality explained by RPD and R2 as explained by (Chang et al., 2001) & (Niederberger et al., 

2015) 

Model quality (Chang et al., 2001) 
RPD 

(Niederberger et al., 2015) 
RPD 

(Niederberger et al., 2015) 
R2 

Excellent >2 >4 > 0.95 

Successful 1.4 - 2 3 – 4 0.9 – 0.95 

Moderately successful  2.25 – 3 0.8 – 0.9 

Moderately useful  1.75 – 2.25 0.7 – 0.8 

Poor <1.4 <1.75 < 0.7 

 

RPD is calculated by Equation 3. 

RPD=
ơ

RMSE
            [3] 

ơ represents standard deviation and RMSE is the abbreviation for root mean squared error. 

2.7.4 Ratio of performance to interquartile distance  

Ratio of performance to Interquartile distance (RPIQ), is the calculation of the interquartile range of 

the measured values divided by the Root Mean Square Error, displayed by Equation 4. 

RPIQ = 
IQR

RMSE
           [4] 

A higher RPIQ value is a representation of a more accurate prediction model.  

2.7.5 Bias 

Bias is a calculation of the average value of which the measured value is greater than the 

predicted value and is calculated by using the mean error and the RMSE (Wadoux & McBratney, 

2021). The closer to zero the value of the bias, the more unbiased the predictor is (Wadoux & 

McBratney, 2021). Bias is calculated by Equation 5: 

          [5] 

where 𝑛 is the sample size, 𝑜𝑏𝑠𝑖  are vectors of the measured, and 𝑝𝑟𝑒𝑑𝑖 vectors of the predicted 

soil property values (Wadoux et al., 2021). 
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2.8 Exchangeable base cations  

Exchangeable base cations (EBC) are defined as being able to be replaced by a cation of an 

added salt solution (Thomas, 1983). Base cations are prevalent, exchangeable, weak acid cations 

present in the soil.  They garner their name because they offset acidifying effects of SOx and NOx 

(Johnson, 1992).  The four cations that most generally occur in soils are calcium (Ca2+), 

magnesium (Mg2+), potassium (K+), sodium (Na+) (Hazelton & Murphy, 2016).  In strongly acidic 

soils, aluminium (Al3+) may be high in concentration (Hazelton & Murphy, 2016).  Hydrogen (H+) 

and Al3+ are referred to as acid cations (Gillespie et al., 2021).  Manganese (Mn2+), iron (Fe2+), 

copper (Cu2+) and zinc (Zn2+) are usually in negligible amounts in comparison to the other EBC 

(Hazelton & Murphy, 2016).  The affinity of base cations to occupy an exchange site is also 

dependent on the soil pH as seen in Figure 2.6. 

 

Figure 2.6: The affinity of base cations to occupy an exchange site is dependent on soil pH (Saha, 2014).  

The exchangeable cations are held onto the soil particles by the negative charge of the clay 

minerals as seen in Figure 2.7. 
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Figure 2.7: The comparison of the 
attraction of cations to a soil particle 
with low vs high CEC (Culman et al., 

2019). 

The degree at which the cations are drawn to the soil particle, is related to the cation exchange 

capacity CEC.  A soil with a higher CEC can thus hold onto more nutrients and exchangeable 

cations can only be replaced by other cations.  The affinity of a cation to occupy an exchange site 

is related to the size of its charge density as can be seen in Table 2-2 (Moore & Bradley, 2018). 

Table 2-2: Soil cations represented with their size in picometer (pm) and charge (mono-, di-, and trivalent) 

Monovalent (1+) Divalent (2+) Trivalent (3+) 

Sodium (116 pm) Magnesium (86 pm) Aluminium (41 pm) 

Potassium (152 pm) Calcium (114 pm)  Gallium (68 pm) 

Rubidium (166 pm)  Strontium (132 pm)  Indium (94 pm) 

 

The ratio of base- vs acid cations occupying the exchange sites, is called base saturation of a 

soil, and can be seen in Figure 2.8. 
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Figure 2.8: Comparison of the occupation 
by cations on soil particles with high and 
low base saturation (Culman et al., 2019). 

2.8.1 Exchangeable base cation analysis 

Exchangeable base cations are generally tested in South Africa by extraction with ammonium 

acetate and measured with inductively couple plasma (ICP) spectrometry or atomic absorption 

spectrometry (AAS).  Another used method is the Mehlich 3 extraction stock solution (Warncke & 

Brown, 1998).  Warncke and Brown (1998) propose the methods and reagents to be used.  In 

soils above 7.3 pH, Mehlich 3 values are overestimated as it starts to extract non-extractable Mg 

and Ca form soils (Rutter et al., 2021).   

Wavebands where exchangeable basic cations are active do not fall into the MIR absorption 

bands.  However, clay particles contain mineral compounds which do fall within the MIR 

absorption bands.  The correlation of exchangeable basic cations with these mineral compounds 

may attribute to their prediction accuracy.  Gates (2018) measured correlation of clay percentage 

with the exchangeable basic cation and can be seen in Figure 2.9.  Freeman et al. (2008) 

discussed feldspars and Madejová et al. (2017) discussed micas, especially the peaks in the 

region of 650-, 760-, 800-, 1000-, 1100-, and 1200 cm-1. Feldspars contain calcium, potassium 

and sodium ions which balance the negative charge on the silicate framework (Nash & Marshall, 

1956).  Micas also contain calcium, potassium, and sodium but contain double the number of 

sites that can contain magnesium (Allpress & Sanders, 1967).  In general MIR is quite good at 

predicting total elements but is far more variable with solution and exchangeable elements. Ca 

and Mg having higher charge density and are generally found in higher concentrations than K and 

Na in soil may be why Ca and Mg do better than K and Na in predictive analysis. 
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Figure 2.9: Correlation of clay percentage (x-axis) with exchangeable calcium; magnesium; sodium; and 
potassium; respectively (y-axis), in a study by Gates (2018), measured in cmol.kg-1. 

2.8.2 Potassium 

Potassium can be present in the soil solution, adsorbed onto the soil (mainly clay) particles and 

in organic matter (Moore & Bradley, 2018).  Primary sources of potassium in soil are from the 

weathering of minerals such as feldspars and micas (Hillel, 2008).  Weathering of minerals makes 

the nutrients available to plants.  In the case of ultisols and oxisols, where prolonging or extreme 

cases of weathering is detected, potassium is easily leached out of the soil profile and not in reach 

of the plant’s root system (Hillel, 2008).  Layered-aluminosilicate clay minerals have the capacity 

to adsorb potassium to the inside of their layered crystal lattices, inducing fixation of potassium 

ions, making it unavailable to the plant (Hillel, 2008).  Additional potassium, in the form of fertilizer, 

will have to be added to these types of soils when being utilized as agricultural soils (FERTASA, 

2016; Moore & Bradley, 2018). 

 

As a primary macronutrient, potassium has numerous important functions to fill as a plant nutrient. 

It aids essential enzymes, helps plants with drought tolerance by increasing water use efficiency, 

disease resistance and stalk rigidity as well as helping plants with nitrogen uptake (Hillel, 2008; 

FERTASA, 2016; Moore & Bradley, 2018).  Crops that require large amounts of potassium, such 

as bananas and potatoes, may show symptoms of deficiency more quickly than other crops. 

Deficiencies include chlorosis and shedding of older leaves (Hillel, 2008; FERTASA, 2016; Moore 

& Bradley, 2018).  Desirable proportions of potassium for plants is between 1 – 5% of the CEC 

(Hazelton & Murphy, 2016). 

Potassium deficiencies are far less common in Southern Africa than nitrogen or phosphorus; 

however, thresholds for potassium are much higher and South African staple crops such as 

maize, also require high potassium inputs (FERTASA, 2016).  Past studies utilizing MIR as 

analysis method for predicting potassium concentrations ranged from poor (0.28 R2) (Ji et al., 

2016) to sufficient (0.59 – 0.7 R2) accuracy (Rossel et al., 2008; Gates, 2018; Haghi et al., 2021).  

Prediction accuracies of exchangeable potassium are variable and are displayed in Table 2-3. 
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Table 2-3: Results produced from previous studies for the MIR prediction of exchangeable potassium 

Reference R2 RMSE  RPD Country 

(Gates, 2018) 0.83 0.49 cmol/kg 2.48 USA 

(Ji et al., 2016) 0.28 39.2 mg/kg 1.16 Quebec, Canada 

(Rossel et al., 2008) 0.59 2.3 mmol/kg 1.48 Australia 

(Haghi et al., 2021) 0.84 0.23 cmol/kg 2.41 Scotland 

 

2.8.3 Sodium 

Although sodium is not found in the essential plant nutrients list, it is important to test its 

concentration in the soil and irrigation water because of its negative effects on soil and plants.  

Where Na is in excess relative to Ca and Mg, sodic condition develops. Sodic soils are high in 

soluble and exchangeable sodium and pose great threat to agricultural land and crop growth  

(FERTASA, 2016).  Excess sodium salt prevents normal metabolism and limits nutrient and water 

uptake of plants and beneficial soil biota, cause rooting problems and increase pH to unsafe 

levels, which also inhibits plant uptake of other essential nutrients (Provin & Pitt, 2001; FERTASA, 

2016).  Furthermore, when a sodic soil dries out, a hard soil crust is the result, which also limits 

germination (FERTASA, 2016).  The high pH caused by excess Na can promote dispersion of 

clays and result in the dissolution of organic materials leading to so called “black-alkali” soils. 

Sodium levels below 1% are preferred for most plants’ optimal growth (Hazelton & Murphy, 2016). 

Saline soils in South Africa are localised to several soil groups, and occur mainly under arid 

conditions (Van der Merwe, 1962).  A very small percentage of the saline and sodic soils fall in 

the sodic category (Nell & van Huyssteen, 2018).  In South Africa, 3.8% of soils are considered 

non-alkaline saline-sodic; 6.3% are alkaline saline-sodic and 0.4% can be considered sodic (Nell 

& van Huyssteen, 2018). 

Previous studies found similar accuracies for sodium concentrations tested with MIR 

spectroscopy, ranging from poor (0.39 R2) (Rossel et al., 2008) to moderate although insufficient 

accuracy (0.63 R2) (Ji et al., 2016; Gates, 2018).  Wavebands where sodium is active does not 

fall into the MIR absorption bands and may contribute to low accuracy of determination as seen 

in Table 2-4. 
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Table 2-4: Results produced from previous studies for the MIR prediction of exchangeable sodium 

Reference R2 RMSE  RPD Country 

(Gates, 2018) 0.5 0.76 cmol/kg 1.42 USA 

(Ji et al., 2016) 0.63 3.2 mg/kg 1.58 Canada 

(Rossel et al., 
2008) 

0.39 20.3 mmol/kg 1.23 Australia 

 

2.8.4 Calcium 

Animals and plants require Ca in large amounts for healthy and vigorous growth.  Apart from plant 

nutrition, calcium also maintains physical properties in soil and reclaim sodic soils (Norton, 2013).  

Calcium is the most dominant cation because of its stronger affinity for exchange sites (Table 

2-2).  Base cation exchange site affinity is also pH dependent as seen in Figure 2.6. In turn 

improving soil structure and water holding capacity by replacing sodium in these exchange sites 

(Norton, 2013).  Cell walls and membranes are stronger with adequate amounts of calcium, which 

conversely increase shoot and root growth, whilst supressing a variety of diseases (Norton, 2013; 

Moore & Bradley, 2018).  High calcium concentrations between 65 and 80% of the CEC is optimal 

for plant growth (Hazelton & Murphy, 2016). 

Calcium losses primarily occur when Ca2+ leaches as counter ion with NO3
- from the topsoil or the 

root zone or when toxic levels of manganese and/or aluminium present, compete with Ca for 

exchange sites (FERTASA, 2016).  Deficiency of calcium usually presents itself as browning or 

die-back of newly formed leaves or roots (Norton, 2013).  Some deficiency markers include 

browning of leafy vegetables, blossom end rot of tomato, peppers or watermelon, bitter pit of 

apples and peanuts with empty pods.  Calcium toxicity is also possible although rare and may 

prevent germination or lead to slow growth rates (FERTASA, 2016).  An example of calcium 

toxicity is gold spot in the cell walls of the tomato fruit (De Kreij et al., 1992; Norton, 2013). This 

problem may also arise when excess Ca antagonises uptake of other nutrients, or in calcareous 

soils leading to lock-up of certain nutrients rather than a direct Ca toxicity (Wilkinson et al., 1990). 

Calcium is the EBC that is the most accurately predicted with R2 values ranging between 0.73 

and 0.94 R2 when tested with MIR spectroscopy as displayed in Table 2-5 (Rossel et al., 2008; Ji 

et al., 2016; Gates, 2018; Dangal et al., 2019; Sanderman et al., 2020).  Wavebands where 

calcium is active does not fall into the MIR absorption bands.  It is suggested that the accurate 

predictions of exchangeable calcium by the calibration algorithms are based on soil properties 

which are active in the MIR waveband region that correlate with exchangeable calcium as 

discussed in Exchangeable base cation analysis.  
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Table 2-5: Results produced from previous studies for the MIR prediction of exchangeable calcium 

Reference R2 RMSE  RPD Country 

(Ji et al., 2016) 0.73 0.50 g/kg 1.88 Canada 

(Rossel et al., 2008) 0.84 22.7 mmol/kg 2.51 Australia 

(Sanderman et al., 2020) 0.94 6.2 cmol/kg - USA 

(Dangal et al., 2019) 0.89 6.85 cmol/kg 3 USA 

(Gates, 2018) 0.96 1.43 cmol/kg 5.1 USA 

 

2.8.5 Magnesium 

In the soil exchange complex, magnesium is generally the second most abundant after calcium, 

which is dependent on parent material (FERTASA, 2016) and soil pH as seen in Figure 2.6 (Saha, 

2014).  Magnesium influences multiple metabolic processes, especially with regards to carbon 

dioxide (CO2), protein and chlorophyll mechanisms in plants (Cakmak & Yazici, 2010). 

Magnesium is located not only on exchange sites on clay surfaces but are also found inside clay 

minerals.  Thus, magnesium can be locked up in chlorite, vermiculite, and montmorillonite clay’s 

internal structure even after intermediate weathering (Cakmak & Yazici, 2010).  Even though 

magnesium plays such an important role in plant health, it has been overlooked by agronomists 

in the past two decades (Cakmak & Yazici, 2010; Rosanoff et al., 2012; Guo et al., 2016).  This 

was mainly due to the focus on NPK only fertilizers, resulting in potassium inhabiting most of the 

exchange sites (Cakmak & Yazici, 2010).  Magnesium in quantities of 10 – 15% of the total CEC, 

are recommended for optimal plant growth (Hazelton & Murphy, 2016). 

Consequently, growth and yield are severely affected by deficiencies of magnesium leading to 

abnormal development of important physiological and biochemical processes in plants (Cakmak 

& Yazici, 2010).  In acidic-, sandy- and highly weathered soils, where magnesium is easily 

leached, an interaction with Al is also of serious concern.  Magnesium is needed by plants to 

release organic acids which can chelate toxic Al ions, deeming it no longer toxic (Yang et al., 

2007; Cakmak & Yazici, 2010). 

Prediction accuracy when using MIR spectroscopy is sufficient to excellent in testing magnesium 

levels.  Previous studies found R2 values ranging between 0.66 to 0.89 as seen in Table 2-6 

(Rossel et al., 2008; Ji et al., 2016; Gates, 2018; Haghi et al., 2021).  Wavebands where 

magnesium is active does not fall into the MIR absorption bands.  It is suggested that the accurate 

predictions of exchangeable magnesium by the calibration algorithms are based on soil properties 

which are active in the MIR waveband region that correlate with exchangeable magnesium.  
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Table 2-6: Results produced from previous studies for the MIR prediction of exchangeable magnesium 

Reference R2 RMSE  RPD Country 

(Gates, 2018) 0.89 0.45 cmol/kg 3.07 USA 

(Ji et al., 2016) 0.66 100 mg/kg 1.7 Quebec, Canada 

(Rossel et al., 2008) 0.75 23 mmol/kg 2.03 Australia 

(Haghi et al., 2021) 0.83 1.77 cmol/kg 2.42 Scotland 
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CHAPTER 3 MATERIALS & METHODS 

3.1 Introduction 

Various steps are required to create an adequate soil spectroscopy algorithm in terms of its 

representation, size, and generalization ability (Ramirez-Lopez et al., 2013; Ramirez-Lopez et al., 

2014).  The steps taken to complete the study involves creating a soil spectral database from the 

soil property database, and its corresponding spectra, and combining of both to create a spectral 

library which will be used to create calibration algorithms for the prediction of the four major 

exchangeable base cations (Ca, Mg, K, and Na).  

3.2 Study area 

Plots of the samples received from NWK are displayed on the map in Figure 3.1.  The samples 

were all collected within the Western 26 Highveld grain producing area, located at 26°27'24.3", S 

26°04'58.0"E in the North-West province, South Africa.  The area is an arid to semi-arid region, 

found at an average height of 1,769 m above sea-level on average (USGS, 2022).  The area has 

an annual temperature and rainfall of 19.7°C and 567 mm, respectively (Malherbe et al., 2016). 

The site map for GWK samples were not made available.   

 

The Kalahari group covers the westerns portions of the study area consisting of calc-

conglomerate, mudstone, gritstone, siliceous/calcareous sandstone, silcrete, diatomaceous 

limestone and calcrete. The Klipriviersberg group, Malmani subgroup and Rietgat formations 

covers the eastern portions of the study area consisting of dolomite, chert, shale, limestone, 

quartzite, basalts, andesites, tuff, agglomerate, gneiss, and granites (Council for Geoscience, 

2019, (Kock, 2022). Broad land types consist of A - red and yellow redoximorfic, B - plintic, E - 

black or red clays, F - shallow soils and I - alluvia and rock outcrops (Land Type Survey Staff, 

2006, (Kock, 2022). Samples were all collected on commercial farmland hosting Zea Mays L. and 

Helianthus annus L as annual crops.   
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Figure 3.1: Map showing the location of the collected samples from NWK 
in the North-West province, South Africa (Kock, 2022). 

3.3 Soil property database 

The soil property database was created with topsoil sample information received from Noordwes 

Kooperasie (NWK) and Griekwaland Wes Korporatief (GWK), that was collected and underwent 

chemical testing by the two co-operations respectively. NWK and GWK provided a soil property 

database of 4,393 and 175 samples, respectively.  From the 4,393 samples, 1,500 was selected 

with conditioned Latin Hypercube Sampling (cLHS) developed by Minasny and McBratney (2006). 

Kock (2022) ran the selection with cLHS by using pH, phosphorus (P) and effective cation 

exchange capacity (T-value) as covariates and the same samples were used in this study. The 

1,500 NWK soil samples were then made available by NviroTek Central (Hartbeespoort, North-

West) for collection. The 175 soil samples from GWK were made available by Dries Bloem 

(Potchefstroom, North-West) for collection.  The collected samples were reduced to 900 using 

cLHS, also with pH, Ca, and T-value as covariates. GWK made a total of 175 samples available, 

of which 100 was selected for analysis using the cLHS method with pH, P, and T-value as 

covariates.  Therefore, a total of 1,000 samples were selected for spectroscopic analysis.  Of 

these, 21 samples were removed due to incorrect naming of samples, resulting in 979 total 

samples.  The following soil properties were determined for NWK samples and GWK samples: 
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exchangeable- calcium, magnesium, potassium, and sodium, with the ammonium acetate 

standard method. 

3.4 Soil spectral database 

The samples from the soil property database were ground with a Retsch Mortar Grinder RM 200 

(Retsch GmbH, 2021), sieved with a 53-micron sieve, and scanned to obtain the MIR spectra with 

the Bruker Alpha II (Figure 3.2) with DRIFT module instrumentation.  Baseline scans were 

required by the software every hour and was done with a gold-plated sample.  A spectral range 

of 4,000 - 600 cm-1 and a resolution of 2 cm-1 was used.  A spectral database was created with 

the MIR spectra.  Roughly 2 g of sample was loaded into the sample holder and levelled to provide 

consistent results from scanning.  The sample holder was then placed in the DRIFT module and 

the instrument was gently closed to avoid spilling any soil from the sample holder.  Bruker (2021) 

provided OPUS Base package software integrated with the spectrometer. Soil spectral data was 

created from scanning each sample once with 36 iterations per sample to display the spectra as 

an .opus file format. The .opus file format was then converted with Spectrograph 1.2 software to 

a .csv format. 

 

Figure 3.2: Bruker Alpha II with FT-IR DRIFT module attached (Bruker, 2021). 

3.5 Soil spectral library 

A soil spectral library was created which consist of information from the soil spectral database 

and spectral data.  Specifically, the exchangeable base cation concentrations of each sample as 

well as the MIR spectra associated with each sample.  The data from said databases were merged 

in Excel and read into R Studio as a .csv file. 
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3.6 Creating calibration algorithms 

The merging of the soil spectral database and the spectral data, and creation of  the calibration 

algorithm and prediction models for the exchangeable base cation concentrations, were done 

using R Software (Core, 2020) in R Studio user interface software.  The cubist-, plsr-, random 

forest functions included in the Cubist- (Kuhn et al., 2022), pls- (Mevik & Wehrens, 2015), and 

randomForest (Breiman, 2001) packages, respectively, was used for the soil property predictions.  

The soil spectral library was divided into a training and evaluation dataset in R at 75% and 25% 

(or 743 and 236) samples, respectively, using a randomize and split function.  The functions used 

to set up the model trees and predict the exchangeable base cations are displayed in Appendix 

2, with potassium used as the example. 

 

3.7 Evaluation 

The accuracy of the calibration algorithms was tested on the evaluation dataset in R Studio.  

Statistical analysis includes the R2, RMSE, RPD, RPIQ and bias.  Information regarding the 

formulas used for each can be found in the subheading “Algorithm validation”.  The scripts used 

for each the training and prediction of potassium as an example, can be found in Appendix 4. 

The accuracy of the predictive models on the evaluation dataset is visually represented by 

scatterplots of measured vs predicted values. They were calculated using the scripts in Appendix 

4. The script for the scatterplot used as an example, is the accuracy of cubist prediction model on 

potassium.  
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CHAPTER 4 RESULTS AND DISCUSSION 

4.1 Soil property database (SPD) 

The soil property database contains valuable information regarding the specified soil properties.  

The soil property database was created from data obtained from NWK and GWK for four soil 

properties used for calibration in this study.  The four soil properties and their statistical analysis 

is presented in Table 4.1 and represent the 1,675 samples in the soil property database.  

Table 4-1: Descriptive statistics of base cation concentration (mg.kg-1) of 1675 samples used of the creation 

of the soil property database 

Property Mean Median Std. dev Min Max Range 

Potassium 169 162 85 17 789 772 

Sodium 10.6 7.4 33.1 0.5 1303 1302 

Calcium 520 458 293 56 2505 2449 

Magnesium 129 99.0 105 14 1128 1114 

Std. dev = Standard deviation, Min = Minimum, Max = Maximum, Units for potassium, sodium, calcium, and magnesium 

= mg.kg-1.  

The mean for exchangeable K, Na, Ca, and Mg is 169, 10.6, 520- and 129 mg.kg-1; respectively.  

The medians are slightly lower than the mean for all the base cations at 162-, 7.4-, 458-, and 99 

mg.kg-1 for exchangeable K, Na, Ca, and Mg; respectively.  The standard deviations for 

exchangeable K and Ca are lower than the median at 84 and 293 mg.kg-1 respectively; compared 

to the standard deviations of Mg (105 mg.kg-1); which is slightly higher than the median (99 mg.kg-

1).  The standard deviation of Na (33.1 mg.kg-1) is much higher than the median (7.4 mg.kg-1), 

which speaks of possible outliers.  The Na maximum seems excessive and may be an error or 

outlier.  

4.2 Soil Spectral database (SSD) 

The soil spectral database is compiled from the data from the soil property database selected 

with conditioned Latin Hypercube Sampling (cLHS).  The SSD is being compared to the SPD to 

ensure that they SSD is a good representation of the SPD so that basing predictions on the SSD 

is sufficient for the calibration models.  The mean, median and standard deviation for K is slightly 

lower in the soil spectral dataset at 147, 134 and 74.4 mg.kg-1, respectively; showing the samples 

removed from the soil property database were overall larger values with respect to the 

exchangeable base cations.  The minimum is slightly higher (25 mg.kg-1) and the maximum 

slightly lower (526 mg.kg-1) than for the full SPD which indicates outliers from both extremes were 

removed. Box-and-whiskers plots of the SSD of K (Figure 4.1) greatly resembles the SPD of K 
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(Figure 4.1), except for the three uppermost values from the soil property database removed as 

outliers. This indicates the SSD of K is a satisfactory representation of the SPD of K. Positive 

skewness indicate that the mean is larger than the median for all EBCs and are right skewed. 

Kurtosis on all the EBCs indicate a fat-tailed distribution and are considered leptokurtic. 

Table 4-2: Descriptive statistics for 979 samples in the soil spectral database for the four exchangeable base 
cations of interest 

Property Mean Median Std. Dev Min Max Range Skewness Kurtosis 

Potassium 147 134 74 25 526 501 1.01 1.53 

Sodium 11.2 9 7.4 1 85 84 4.4 32.3 

Calcium 464 408 258 45 2243 2198 1.53 4.59 

Magnesium 114 98 73 16 786 770 2.21 9.4 

All units are in mg.kg-1 

 

Figure 4.1: Box and whiskers plot of the soil property database of potassium (left) and the soil 

spectral database of potassium (right). 

The mean, median and standard deviation of sodium are 11.2-, 9- and 7.4 mg.kg-1 respectively.  

The minimum value is slightly higher in the SSD with a value of 1 mg.kg-1.  The maximum value 

however is extremely lower at 85 mg.kg-1 in comparison to 1303 mg.kg-1 in the SPD. When 

reviewing the box and whiskers plot for the SPD (Figure 4.2), it is evident that the maximum value 

of 1303 mg.kg-1 is a definite outlier and may be a faulty value.  
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Figure 4.2: Box-and-whiskers plot of 
sodium showing the faulty maximum 

value to be removed as outlier. 
 

Excluding the anomalous maximum value from the database and comparing the box-and-

whiskers plots of the SSD and the SPD, it shows that the SSD sufficiently represents the larger 

dataset (Figure 4.3). 

 

Figure 4.3: Box-and-whiskers plot of the soil property database of sodium (left) and the soil spectral 

database of sodium (right). 

Values for calcium in the SSD was closely related to the SPD with values of 464-, 408- and 257 

mg.kg-1 for the mean, median and standard deviation respectively.  Minimum and maximum 

values of 45- and 2,243 mg.kg-1, respectively, from the SSD is also a good representation of the 

SSD values.  The box-and-whiskers plots for both the SPD and SSD of calcium confirms a good 

representation of the SSD on the SPD for calcium, as seen in Figure 4.4. 
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Figure 4.4: Box-and-whiskers plot of the soil property database of calcium (left) and the soil 
spectral database of calcium (right). 

The mean, median, standard deviation, and minimum values of magnesium in the SSD is 114-, 

98, 73.5- and 16 mg.kg-1, respectively. This closely resembled the values in the SPD for 

magnesium.  However, the maximum value of magnesium in the SSD (786 mg.kg-1) is moderately 

lower than the value of 1,128 mg.kg-1.  When reviewing the box-and-whiskers plots (Figure 4.5) 

of both the SSD and SPD of magnesium, it is evident that the larger SSD of magnesium is a good 

representation of the larger SPD for magnesium. 

 

Figure 4.5: Box-and-whiskers plot of the soil property database of magnesium (left) and the soil 
spectral database of magnesium (right). 

4.3 Soil Spectral Library 

The mid-infrared spectra obtained from scanning the samples in the SSD, shows similar features 

as seen in Figure 4.6.  A cluster of strong peaks are visible in the 3,700 – 3,600 cm-1 range which 

represent OH stretch bonds.  There are two peaks in the range of 2,300 – 2,100 cm-1 which 
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represent either triple CN or triple CC stretch bonds. Another cluster of peaks between 2,000 and 

1,300 cm -1 represent double CO bonds as esters, ketones, or amides, or double CC alkene and 

aromatic bonds.  Two peaks are present in the region of 1,200 – 1,100cm -1 are C-O-C stretch 

bonds and C-OH stretch bonds. The cluster is evident in the range of 950 – 500 cm -1 are possible 

C-Cl, C-Br, and CI, bonds. 

Figure 4.6: All spectra obtained from scanning the 979 soil samples in the soil spectral database using the 

Bruker Alpha II with MIR DRIFT Module showing similar features across the board. 

Data in the range of 2,400 – 2,300 cm-1 was removed due to noise that was related to the 

instrument.  The noise was due to moisture build-up in the detection chamber of the Bruker Alpha 

II MIR instrument as specified by Bruker.  The noise for unscanned samples were rectified by 

drying the silicone moisture traps at 105 °C for 4 hours.  Due to limited time with the instrument, 

the samples were not rescanned.  
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4.4 Algorithm validation 

4.4.1 Potassium 

All the MIR models were insufficient in predicting the exchangeable potassium values as seen in 

Table 4-4.  The Coefficient of determination values for K were the lowest for RF at 0.36, whereas 

Cubist and PLSR showed slightly better correlation at 0.41 and 0.42 respectively.   

RMSE was calculated at 59, 61 and 59 mg.kg-1 for Cubist, RF and PLS models respectively, 

making PLS a slightly better predictive model for K, although none were sufficient.  RPD also 

showed better performance for the PLS model at 1.29 followed closely by Cubist (1.28) and RF 

(1.25). RPIQ was calculated at 1.61, 1.57, and 1.61 for Cubist, RF and PLS models respectively. 

Bias was calculated at -0.108, -0.202, -0.132 for Cubist, RF and PLS models respectively.  

Gates (2018); Haghi et al. (2021); and Rossel et al. (2008) achieved better results with the 

prediction of exchangeable potassium with PLSR as prediction model; with an R2 value of 0.83, 

0.7, and 0.59 respectively; and an RPD value of 2.48, 1.83, and 1.48, respectively.  Our model 

performed better than that of Ji et al. (2016) with an R2 and RPD of 0.28, and 1.16, respectively.  

Haghi et al. (2021) had slightly better results with their cubist model with values of 0.84, and 2.41, 

for R2 and RPD; respectively, whilst our cubist model did slightly worse in comparison to the PLSR 

model in the same study.  No studies on the prediction of exchangeable potassium with RF as 

prediction model and MIR spectroscopy as scanning methods could be found. Our PLSR model 

outperformed Johnson et al. (2019) which showed results of 0.54 R2 and 0.97 RPIQ.  

 

The scatterplots for all the prediction models of exchangeable potassium are displayed in Figure 

4.7, and confirms the poor prediction value of our model.  The poor performance is probably not 

due to the collection of smaller sample size with cLHS as the dataset showed good resemblance 

in Figure 4.1.  It may be possible to achieve better results with spectral pre-processing. However, 

Kock (2022) did not achieve any significant improvement in predicting pH, T-value, and CEC.  A 

better explanation of the poor results is K not being spectrally active in the MIR wavelength region.  

The calibration model then uses spectral peaks of properties correlated with the property of 

interest to predict the property value.  Exchangeable potassium has a moderate to high correlation 

with clay content (Kundu et al., 2014).  Gates (2018) shows the correlation of clay percentage 

with the EBC found in their study.  Ng et al. (2022) argues that it is the clay particles or soil organic 

matter that are spectrally active in the MIR region as discussed in Exchangeable base cation 

analysis.   
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Table 4-3: The calibration results for exchangeable base cations’ spectral data from Cubist, PLSR and RF prediction models. 

 

 

 

 

 

 

 

 

Table 4-4: The validation results for exchangeable base cations’ spectral data from Cubist, PLSR and RF prediction models. 

 

 

 

 

 

 

 

 

 R2 RMSE (mg.kg-1) RPD RPIQ Bias 

Property PLS RF Cubist PLS RF Cubist PLS RF Cubist PLS RF Cubist PLS RF Cubist 

K 0.60 0.94 0.63 46 24 45 1.58 3.04 1.62 2.16 4.17 2.22 -0.111 -0.090 -0.096 

Na 0.45 0.91 0.45 5.5 3.1 3.2 1.35 2.43 1.32 1.28 2.30 1.25 -0.155 -0.117 -0.087 

Ca 0.85 0.96 0.83 97 61 103 2.62 4.13 2.46 3.19 5.03 2.99 -0.021 -0.044 -0.030 

Mg 0.81 0.94 0.77 31 20 35 2.27 3.48 2.05 2.10 3.21 1.89 -0.050 -0.059 -0.061 

 R2 RMSE (mg.kg-1) RPD RPIQ Bias 

Property PLS RF Cubist PLS RF Cubist PLS RF Cubist PLS RF Cubist PLS RF Cubist 

K 0.42 0.36 0.41 59 61 59 1.29 1.25 1.28 1.61 1.57 1.61 -0.108 -0.202 -0.132 

Na 0.11 0.15 0.29 7.44 6.77 6.45 0.99 1.09 1.14 0.84 0.92 0.97 -0.225 -0.249 -0.113 

Ca 0.75 0.68 0.77 135 155 128 1.99 1.73 2.09 2.48 2.17 2.6 0.0147 -0.108 0.023 

Mg 0.70 0.66 0.75 41 46 40 1.82 1.64 1.89 1.76 1.6 1.83 -0.048 -0.131 -0.035 
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Figure 4.7: Scatter plots and 1:1 line of the validation dataset 
predictions for exchangeable potassium for the Cubist, 

PLSR and RF models, respectively. 
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4.4.2 Sodium 

Sodium ranged from 1 to 85 mg.kg-1 and had a mean of 11 mg.kg-1.  Cubist performed better than 

PLSR and RF, but from a predictive capability perspective it was still of little meaningful use.  The 

R2 values for Na was 0.29, 0.15 and 0.11 for Cubist, RF and PLS respectively.  RMSE was 

recorded at 6.45-; 6.77-, and 7.44 mg.kg-1 for Cubist, RF and PLS models respectively.  These 

values seem low, but with a mean of 11 mg.kg-1, the error associated with the predicted values 

was high relative to the mean value.  RPD also showed better performance by the Cubist model 

at 1.14 although this is still poor. RF and PLS showed very poor predictive capability with an RPD 

of 1.09 and 0.99 respectively. RPIQ was calculated at 0.84, 0.92, and 0.97 for Cubist, RF and 

PLS models respectively. Bias was calculated at -0.225, -0.249, -0.113 for Cubist, RF and PLS 

models respectively.  

Gates (2018) mention that better prediction accuracy can be seen with properties that have large 

responses to infrared waves, in contrast to ones that have smaller ranges such as exchangeable 

sodium (Na+).  Previous studies also indicated worse predictive capabilities of exchangeable 

sodium, compared to the other EBCs.  Gates (2018), Ji et al. (2016), and Rossel et al. (2008), 

found R2 values of 0.5, 0.63, and 0.39, respectively; compared to 0.11 in this study; with PLSR 

as calibration model and MIR as spectroscopy method.  However, cubist did have a much better 

R2 at 0.29, but is still very poor in relation to the other studies.  Our PLSR model had a slightly 

lower R2 at 0.29 compared to 0.32 R2 but an RPIQ of 0.84 compared to 0.60 (Johnson et al., 

2019). 

The scatterplots for all the prediction models of exchangeable sodium are displayed in Figure 4.8, 

shows some correlation, however, there are a considerable number of outliers, and they are also 

dispersed far from the 1:1 line. Exchangeable sodium not being spectral in the MIR waveband 

region is the probable cause for the low prediction accuracy.  Being the base cation with the worst 

predictive capability by MIR spectroscopy argues that other soil properties correlated with 

exchangeable sodium, also have low activity in the MIR waveband region.  Sodium is not 

correlated with clay percentage in a study by Gates (2018), as seen in Figure 2.9.  Exchangeable 

sodium, being in low quantities, may also have an effect with regards to its low predictive accuracy 

with MIR spectroscopy.   



38 

7

 

Figure 4.8: Scatter plots and 1:1 line of the validation 
dataset predictions for exchangeable sodium for the 
Cubist, PLSR and RF models, respectively. 
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4.4.3 Calcium 

Calcium is the EBC with the highest predictive potential with MIR spectroscopy.  Cubist was the 

best predictive model while PLS also showed potential.  A minimum amount of 45 mg.kg-1 and a 

maximum amount of 2,243 mg.kg-1 was recorded, with a mean of 464 mg.kg-1.  R2 values of 0.77 

and 0.75 for Cubist and PLS respectively, showed that these models are acceptable for the 

prediction of Ca, whereas RF showed adequate predictive value with an R2 value of 0.68. RMSE 

was recorded at 128-, 155- and 135 mg.kg-1 for Cubist, RF and PLS models respectively.  RPD 

values are also good for Cubist and PLS at 2.09 and 1.99 respectively, whereas RF had an 

adequate value of 1.73.  RPIQ was calculated at 2.48, 2.17, and 2.6 for Cubist, RF and PLS 

models respectively. Bias was calculated at 0.0147, -0.108, 0.023 for Cubist, RF and PLS models 

respectively.  

Comparing these results to the studies in Table 2-5, similar predictive capabilities as the study by 

Ji et al. (2016) were obtained, whereas the studies by Gates (2018), Rossel et al. (2008), 

Sanderman et al. (2020), and Dangal et al. (2019) reported better prediction of exchangeable 

calcium concentrations in soil with MIR spectroscopy with R2 values of 0.96, 0.84, 0.94, and 0.89, 

respectively.  Sanderman et al. (2020) did not calculate RPD values, but Gates (2018), Rossel et 

al. (2008), and Dangal et al. (2019) observed values of 5.1, 2.51, and 3; respectively, by using 

PLSR as prediction model.  Dangal et al. (2019) also used cubist and RF as prediction models 

and in his study, and the results were R2 values of 0.95 and 0.93, and RPD values of 4.7 and 3.8, 

respectively, making cubist the most accurate prediction model in their study.  Our PLSR model 

outperformed (Johnson et al., 2019) which showed results of 0.73 R2 and 1.52 RPIQ. 

The scatterplots for all the prediction models of exchangeable calcium are displayed in Figure 

4.9.  The scatterplots confirm the predictability of exchangeable calcium percentage with MIR 

spectroscopy.  Exchangeable calcium not being spectrally active in the MIR waveband regions, 

suggest that it is highly correlated with a soil property that is spectrally active in the waveband 

region.  It may be a mineral in the clay particles, that is spectrally active in the MIR waveband 

region (Ng et al., 2022).  According to Gates (2018), exchangeable calcium shows good 

correlation with clay percentage as seen in Figure 2.9.  It is possible that the clay content contains 

mineral matter that is correlated with exchangeable calcium. 
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Figure 4.9: Scatter plots and 1:1 line of the validation dataset 
predictions for exchangeable calcium for the Cubist, PLSR and 
RF models, respectively. 
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4.4.4 Magnesium 

Magnesium concentrations, like calcium, were also best predicted by the Cubist model, followed 

by PLS and RF only showing adequate vales.  Magnesium ranged between 16 and 786 mg.kg-1 

with a mean of 114 mg.kg-1. R2 values of 0.75, 0.70 and 0.66 for Cubist, PLS and RF respectively.  

RMSE was recorded at 40-, 46-, and 41 mg.kg-1 for Cubist, RF and PLS models respectively.  

RPD values where adequate for RF at 1.64 whilst Cubist and PLS showed substantial predictive 

value at 1.89 and 1.82 respectively.  RPIQ was calculated at 1.76, 1.6, and 1.83 for Cubist, RF 

and PLS models respectively. Bias was calculated at -0.048, -0.131, 0.035 for Cubist, RF and 

PLS models respectively. 

No studies using MIR spectroscopy as scanning method and RF as calibration model could be 

found.  From the studies that used PLSR, Gates (2018) had the best results with R2 and RPD 

values of 0.89, and 3.07; respectively, and was the only study that did substantially better than 

this study regarding PLSR as calibration algorithm.  Haghi et al. (2021), Ji et al. (2016), and 

Rossel et al. (2008) achieved R2 values of 0.73, 0.66, and 0.75, and RPD values of 1.96, and 1.7, 

and 2.03, respectively.  Haghi et al. (2021) achieved R2, and RPD values of 0.83, and 2.42, 

respectively. Our PLSR model outperformed Johnson et al. (2019), which showed results of 0.77 

R2 and 1.36 RPIQ. 

The scatterplots for all the prediction models of exchangeable magnesium are displayed in Figure 

4.10.  The scatterplots show good correlation with higher values being less predictable as the 

outliers skew to the right.  Exchangeable magnesium is not active in the MIR waveband region 

and the moderate predictable accuracy suggest that a soil property with moderate correlation 

reside in the MIR waveband region (Ng et al., 2022).  Gates (2018) found good correlation of clay 

percentage with exchangeable magnesium as seen in Figure 2.9.  It may be possible that the clay 

content contains mineral matter that correlates with exchangeable magnesium.  
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Figure 4.10: Scatter plots and 1:1 line of the validation 
dataset predictions for exchangeable magnesium for the 
Cubist, PLSR and RF models, respectively. 
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4.5 Conclusion 

Exchangeable calcium- and magnesium showed promising results with all prediction methods, 

whereas the prediction of exchangeable K and exchangeable Na was both poor.  The same 

conclusion was made by all the other studies mentioned.  Cubist showed the best results.   

The results from this study suggest that the higher prediction accuracy for exchangeable calcium 

and magnesium, is attributed to them correlated to soil properties active in the MIR region. These 

soil properties are most likely a correlation with minerals within the clay particles or soil organic 

matter.  Furthermore, exchangeable calcium seems to show even higher prediction accuracy in 

comparison to exchangeable magnesium.  
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CONCLUSION AND RECOMMENDATIONS  

This study aimed to create models from calibration algorithms for the prediction of the 

exchangeable base cations; calcium, magnesium, potassium, and sodium; with mid-infrared 

spectroscopy as scanning method, for soils from the North-West province, South Africa.  The 

objectives of the study were met with varying results for the different soil properties as well as the 

different calibration algorithms.   

 

The first and second objectives were met when creating a soil property database that included 

1,675 samples, and then reducing the samples to 979 by using cLHS, followed by the scanning 

of each sample with mid-infrared spectroscopy to gather spectral information, of each sample.  

The third objective was met by combining the soil spectral database with the spectral data for 

each sample, and exporting the data in the correct format, which represented the soil spectral 

library.  The fourth objective was met by importing the soil spectral library into R and creating 

prediction models from calibration algorithms (partial least square regression, cubist, and random 

forest) in R Studio, which was used to predict the values of the evaluation dataset for each 

exchangeable base cation; calcium, magnesium, potassium, and sodium; totalling twelve 

calibration algorithms.  The fifth and final objective was met when evaluating the accuracy of the 

predictions with coefficient of determination, root mean square error, and ratio of performance to 

deviation.   

 

The hypothesis tested stated that MIR can be used to aid in the creation of acceptable calibration 

algorithms to predict EBC concentrations with machine learning techniques. This hypothesis was 

only partially accepted, as models for exchangeable calcium and magnesium was sufficiently 

calibrated, while exchangeable potassium and sodium were not.  The models created for Ca and 

Mg are not suitable for single soil sample prediction but may be useful for variability mapping for 

precision agriculture applications.  Cubist was the best overall calibration model, but not by a 

considerable margin, for exchangeable sodium-, calcium-, and magnesium concentrations.  

Exchangeable potassium concentrations were slightly better predicted by partial least square 

regression, also not by considerable margin.  Exchangeable calcium was the most accurately 

predicted soil property followed closely by exchangeable magnesium, which both show great 

potential to use MIR spectroscopy as a viable soil analysis method.  Exchangeable potassium 

prediction was poor and cannot be used sufficiently for exchangeable potassium analysis for soils 

from the North-West province, South Africa.  Exchangeable sodium showed very poor 

predictability by the models created, which correlated with other studies, and cannot be used as 

a viable analysis method. 
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Base cations are not spectrally active but rely on properties that are spectrally active that are 

correlated with base cations, to make predictions. The sample size used in this study is small 

compared to other studies, which in turn produce better accuracy such as Dangal et al. (2019) 

and Gates (2018). 

 

The following recommendations can be made to increase prediction accuracies with the models 

to make spectroscopy a viable soil analysis technique in the future, especially if large scale 

commercial use of the analysis methods is of interest.  

 

• The increase in sample numbers per area to ensure spectral variation of soils. 

• Use additional machine learning algorithms to create calibration models such as artificial 

neural network and deep learning. 

• The incorporation of different scanning methods to include more waveband regions, which 

will increase prediction accuracies of different soil properties, such as near-infrared, far-

infrared, and ultraviolet. 

• Spectral pre-processing, either basic, or waveband specific, can increase model accuracy.  
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APPENDIX  

Appendix 1: Table of soil properties tested by Janik et al. (1998) 

 
 
Appendix 2: Specific scripts used for the training and predicting of potassium as an example, by each of the 
three functions used, cubist, partial least squared regression, and random forest 

Function Script 

Cubist: training cubist (train [], train$K, control = cubistControl (rules=9))”.   

Cubist: predict predict (Model_Cubist_K, test []). 

PLSR: training plsr (K ~., data = trainK, ncomp = maxc, validation = "CV") 

PLSR: predict predict (Model_PLS_K, ncomp = nc, newdata = testK). 

RF: training randomForest (K~., data = trainK)) 

RF: predict pred_RF_Na = predict (Model_RF_Na,testNa) 

testNa$pred_RF_Na = pred_RF_Na 

 

 

Appendix 3: Specific scripts used for calculating the values of the statistical markers; R2, RMSE, and RPD, 
representing the accuracy of the prediction models for potassium as an example 

Statistical marker Script 
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R2 (cor (pred_Cubist_K, test$K)) ^2 

RMSE sqrt (mean ((pred_Cubist_K - test$K) ^2)) 

RPD RPD (pred_Cubist_K, test$K, na.rm = FALSE) 

 

Appendix 4: Specific script used for the creation of the scatterplots which give an indication of the accuracy 
of the prediction model, in this case cubist with potassium as an example 

Figure Script 

Scatterplot plot (y=pred_Cubist_K, x=test$K, 

ylab='Predicted Values', 

xlab='Measured Values', 

main='Cubist (K)', 

 abline (a=0, b=1)) 

 

 


