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PREFACE 

This thesis is presented as a compilation of 7 chapters, where Chapters 3 – 6 have been 

presented as separate journal publications and have all been submitted and are currently either 

published or under revision in peer-reviewed journals at date of submission. There is some 

repetition due to the thesis being presented as publications, however, each publication has been 

modified to reduce the repetition without losing relevant information. 

The first chapter provides a short introduction regarding soil organic carbon, the gaps that this 

study tried to address and the aim and objectives of the research. Chapter 2 provides a more 

detailed description of (i) soil organic carbon content and its importance in agriculture, (ii) the 

agricultural management practices that lead to soil organic carbon sequestration, (iii) the 

analytical methods used to determine soil organic carbon (including near-infrared spectroscopy), 

(iv) the methods used to map soil organic carbon (including ordinary kriging and digital soil 

mapping) and finally, (v) the designs and methods used for sampling, calculating and modelling 

soil organic carbon stocks. 

Chapter 3 focussed on determining which analytical method should be used for determining soil 

organic carbon content for the assessment of carbon credits in South Africa. This research has 

been published in Geoderma Regional 

(https://www.sciencedirect.com/science/article/pii/S235200942500032X) and was also 

presented at the Combined Congress in Pretoria in January 2023. Chapter 4 focussed on creating 

a near-infrared spectroscopy calibration algorithm of soil organic carbon content that could be 

used for South Africa. This research was also presented at the Combined Congress in Wilderness 

in January 2024 and has been published in Soil Advances 

(https://doi.org/10.1016/j.soilad.2025.100039). Chapter 5 aimed to determine whether 

conventional mapping using ordinary kriging or digital soil mapping with machine learning should 

be used for mapping soil organic carbon stocks at field scale in South Africa. This research is 

currently in press (accepted with minor revision) in Soil Advances. Chapter 6 focussed on 

comparing two soil organic carbon stocks quantification approaches, modelling and re-measure, 

at field scale in South Africa. This research is also currently at the editor in South African Journal 

of Plant and Soil. The final chapter gives a general conclusion of all the chapters and highlights 

future research that is needed. 

  

https://www.sciencedirect.com/science/article/pii/S235200942500032X
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ABSTRACT 

The aim of this research was to refine the methods for determining soil organic carbon stocks 

(SOCS) in South Africa. There were a few gaps that this study tried to address that the Verified 

Carbon Standard methodology, and the Gold Standard methodology are not being clear on or 

specific about. These gaps have a direct impact on the South African industry and includes: (i) 

the uncertainty regarding which analytical method should be used for determining soil organic 

carbon (SOC) content in South Africa, (ii) the unavailability of a near-infrared (NIR) calibration 

algorithm for SOC content in South Africa, (iii) the uncertainty on how to map SOCS at field scale 

in South Africa, and (iv) the uncertainty of using either a modelling or re-measuring approach be 

for quantifying SOCS at field scale in South Africa. 

Key objectives of this study included to: (i) evaluate the preferred method to be used for 

determining SOC content and the application for South Africa conditions, (ii) develop a NIR 

calibration algorithm for SOC content in South Africa on three different scales, (iii) determine how 

to map SOCS specifically at field scale in South Africa, and finally (iv) compare SOCS 

quantification approaches specifically at field scale in South Africa. The following paragraphs 

indicate the methodology for achieving the objectives, as well as the main findings and 

suggestions for the way forward. 

Accurate quantification of SOC content is essential for the assessment of carbon credits. In South 

Africa, the standard methodologies for carbon credit assessment does not specify which analytical 

method should be used for determining SOC content. The study aimed to determine which 

analytical method should be used for determining SOC content for the assessment of carbon 

credits. Secondly, it determined whether pedotransfer functions could be used for transferring 

SOC content values between methods, especially for transferring historic determined SOC 

content to more recently determined values using more modern methods. Two-hundred-and-

twenty topsoil (0–30 cm) samples were collected from five catchments in South Africa and 

analysed for SOC content with the three analytical methods: Walkley-Black wet-oxidation (WB), 

total dry combustion (TDC) and loss-on-ignition (LOI). The study found that the TDC method 

provided the most reliable SOC content values and should still be considered the preferred 

method for determining SOC content for the assessment of carbon credits in South Africa. The 

WB method should be avoided if a soil is expected to have a high SOC content, while the LOI 

method could still be used for determining SOM, however, this method should be avoided when 

determining SOC content. The study also reached the second aim by successfully creating 

pedotransfer functions between all three methods. However, only the WB and TDC methods had 

a very strong relationship (R² = 0.91) and showed that accuracy start to decrease significantly 
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above 2.5% SOC content. Therefore, the pedotransfer function (SOCWB = -0.157 + 0.895 x 

SOCTDC – 0.0149 x SOCTDC² – 0.000606 x SOCTDC³) could be used for transferring SOC content 

values with SOC content up to 2.5%.  

Near-infrared (NIR) spectroscopy has emerged as an easy, rapid and cost-effective alternative 

for SOC analysis and the accounting of carbon credits. South Africa currently lacks a calibration 

algorithm for predicting SOC content from NIR spectroscopy. This study aimed to develop a NIR 

spectroscopy calibration algorithm for SOC content, specific to South Africa. Soil samples were 

collected from 2 fields and 3 catchments across South Africa. These samples were analysed 

using the total dry combustion (TDC) method and scanned with a NIR spectrometer. Sixty NIR 

calibration algorithms were developed on a regional scale. The impact of methodological 

parameters, such as sample state, sampling design, processing and machine learning models, 

on the root mean square error (RMSE) of the validation statistics was also assessed. Although 

60 regional-scale calibration algorithms were developed, none were suitable (RMSE = 0.39 % 

and RPIQ > 2) for SOC content prediction, which was attributed to the small sample size (n = 

238). However, local calibration models for the Tsitsa catchment and Ottosdal fields presented 

great accuracy (RMSE < 0.1 and RPIQ > 1.5) that can be used for future SOC content prediction. 

The study found that the open spectral library global prediction model poorly predicted SOC 

content using local data (RMSE = 1.23 % and R² = - 0.83). This was attributed to South African 

samples being underrepresented in the global dataset. Sample state and sampling design were 

the most influential parameters affecting RMSE. To develop a national calibration algorithm, effort 

should be placed on developing accurate calibration algorithms for smaller areas that could be 

added to the national spectral library. 

Reliable SOCS maps are important for accurately assessing carbon credits. To address this gap, 

the study aimed to determine whether conventional mapping using ordinary kriging (OK) or digital 

soil mapping (DSM) with machine learning (ML) should be used for mapping SOCS at field scale 

in South Africa. Fifty samples from three depths, 0-5, 5-15 and 15-30 cm were collected from two 

farms in South Africa and analysed for SOC content using the TDC method, while for dry bulk 

density (ρb) a pedo-transfer was created for predicting the ρb at unsampled locations. Maps for 

SOC content, ρb and SOCS were created using OK and DSM with ML and assessed with 

evaluation statistics including root mean square error (RMSE) and Lin’s concordance correlation 

coefficient (ρc). A calculate-first approach and map-first approach were used for calculating the 

total SOCS for each study site. Findings of this study demonstrated that DSM with ML should be 

used rather than OK for mapping SOCS at field scale in South Africa. Utilising DSM with ML will 

lead to more accurate and reliable SOCS maps. However, the results also indicated that the SOC 

content, ρb and SOCS maps for DSM with ML need to be improved. To increase the accuracy of 

maps generated using DSM with ML, additional soil samples could be collected, and field scale 
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covariates should be incorporated. The results were inconclusive regarding whether the calculate-

first approach or the map-first approach should be used when utilising OK or DSM with ML. 

Although both approaches have several advantages and disadvantages, more research is 

needed to determine which approach should be used when utilising OK or DSM with ML. 

However, the study concluded that the calculate-first approach should be endorsed, due to this 

approach being simpler and might lead to more reliable and accurate SOCS estimations. 

There is an ongoing debate about the most appropriate approach for quantifying changes in soil 

organic carbon stocks SOCS. This study aimed to compare two SOCS quantification approaches, 

modelling and re-measure, on field scale in South Africa. The baseline assessment (2022) for two 

fields in South Africa was established beforehand and afterwards, fifty samples from three depth 

increments, 0-5, 5-15 and 15-30 cm were collected, and the SOCS calculated for two study sites 

(2024) using the re-measure approach and the modelling approach using the Rothamsted carbon 

(RothC) model. The sampling cost was also estimated against the value of sequestered SOCS 

(2022-2024) and compared between the two approaches. The main finding from the study 

indicated that it was inconclusive if a modelling or re-measure approach should be used for 

quantifying SOCS on field scale in South Africa. The spatial variation of SOC was the main factor 

influencing the total SOCS, sequestered SOCS and carbon credit values. The results indicated 

that the modelling approach using the RothC model slightly underestimated the total SOCS and 

sequestered SOCS when utilising all 50 observations for both study sites. The industry-

represented, “One-observation”, did not have a consistent trend and showed overprediction and 

underprediction for both study sites using the different approaches. This had significant financial 

implications using both approaches. The study also found that the spatial variation of the SOC 

must be taken into account at the onset of measuring the SOC content in year one, independent 

of whether the SOCS would be modelled or re-measured. The carbon sequestration industry must 

take the model limitations (such as field scale dynamics and sensitivity to short-term changes) 

into account, and find ways, such as an improved sampling design to address these accuracies 

of RothC at field scale. 

Key words: Soil organic carbon, carbon credits, near-infrared spectroscopy, RothC, digital soil 

mapping, satellite imagery, machine learning.  
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ABBREVIATIONS 

ANNs: Artificial neural networks 

BIO: Microbial biomass 

cLHS: Conditioned Latin Hypercube sampling 

DPM: Decomposable plant material 

DSM: Digital soil mapping 

HUM: Humified organic matter 

IOM: Inert organic matter 

ML: Machine learning 

OSSL: Open Source Spectral Library 

ρb: Dry bulk density 

PTF: Pedo-transfer function 

ρc: Lin’s concordance correlation coefficient 

RA: Regenerative agriculture 

RF: Random Forest 

RMSE: Root means square error 

RothC: Rothamsted Carbon 

RPD: ratio of performance to deviation 
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RPM: Resistant plant material 
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SIC: Soil inorganic carbon 
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CHAPTER 1 INTRODUCTION 

1.1 Background and Problem Statement 

The increased atmospheric carbon dioxide and other greenhouse gas emissions are a pressing 

local and global issue, leading to climate change that threatens environmental and social health 

(Lal, 2009; Zhou et al., 2019). Carbon emissions, including carbon dioxide and methane, can be 

decreased by the sequestration of carbon, which refers to the long-term storage of carbon in 

oceans, soils, vegetation, and geological formations (Lal, 2007). The potential reduction of carbon 

emissions through the sequestration of carbon in the soil has shown to be a viable option in recent 

years (Nair, 2012; Rhodes, 2017; Baurov, 2021; Zhang et al., 2021). 

Local land managers or farmers have the unique opportunity to sequester carbon and sell units 

of sequestered carbon (also called carbon credits) to the government or other businesses to 

generate an income (Sharma et al., 2021). The selling of these carbon credits is becoming 

increasingly sought after in South Africa. Accurate quantification of soil organic carbon (SOC) 

content is essential to account for these carbon credits. Currently, South Africa predominantly 

uses the Verified Carbon Standard methodology (Shoch & Swails, 2020) and the Gold Standard 

(Aynekulu et al., 2011; TREES Consulting, 2020) as frameworks for determining SOC content. 

These two frameworks are also used for mapping and modelling SOC content and soil organic 

carbon stocks (SOCS). 

There are a few gaps that this study tried to address that the Verified Carbon Standard 

methodology, and the Gold Standard methodology are not being clear on or specific about. These 

gaps include:  

 the measurement of SOC content,  

 predicting SOC content with near-infrared spectroscopy,  

 mapping of SOCS and finally,  

 the re-measure and modelling approaches of SOCS. 

Firstly, the Verified Carbon Standard does not specify which analytical method to determine SOC 

content, while the Gold Standard states that only the total dry combustion method may be used 

(Shoch & Swails, 2020; TREES Consulting, 2020). This uncertainty and variability in SOC content 

quantification introduces a level of risk, potentially affecting the credibility and reliability of carbon 

credit calculations. Therefore, to ensure credible carbon credits, SOC content must be measured 

using a single, dependable analytical method or a set of methods that can be consistently 

demonstrated to be interchangeable in their measurements.  
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Secondly, only two previous studies have focused on creating NIR spectroscopy calibration 

algorithms in South Africa (Nocita, 2009; Zahinda, 2020). Importantly, these algorithms have been 

made on small scales, are somewhat imprecise, and can only be used to predict SOC content for 

that specific area. While global studies have been conducted, the need for these studies to be 

specific to South Africa arises from the unique local conditions, such as soil types and climate, 

which can significantly affect the accuracy and reliability of NIR spectroscopic calibration 

algorithms. A global initiative has led to the development of the Open Soil Spectral Library 

(OSSL), which has an estimation service for utilising calibrated prediction models from open-

source NIR spectral data (Safanelli et al., 2023). However, recent studies have found that models 

from the OSSL underperform because they do not capture the complete representation of South 

African soil spectral properties (Kock et al., 2024). Therefore, there isn’t a readily available NIR 

spectroscopy calibration algorithm that can be used to predict SOC content for South Africa. 

Thirdly, greater precision in SOC maps at field scale is essential for refining agricultural 

management practices, assessing greenhouse gas mitigation strategies for agriculture, and 

calculating carbon credits. Although previous studies have utilised ordinary kriging (OK) and 

digital soil mapping (DSM) with machine learning (ML) for mapping SOCS (Wiese et al., 2016; 

Flynn et al., 2019; Venter et al., 2021; Flynn et al., 2022), South Africa does not currently have a 

standard and/or reliable method for accurately mapping SOCS at field scale (Aynekulu et al., 

2011; TREES Consulting, 2020; Shoch & Swails, 2020). The unavailability of a standard mapping 

method leads to inconsistent and incomparable SOCS maps, which could lead to poor land 

management decisions. By having a standard method, the accuracy and consistency of mapping 

SOCS at field scale could be improved by reducing potential errors or biases that could arise from 

using different or untested techniques. 

Fourthly, the measure and re-measure approach is not commonly used, as it takes time and is 

expensive. Therefore, South African companies commonly employ the measure and modelling 

approach using, for example, the Rothamsted Carbon (RothC) Model. However, this approach 

has been debated and could influence the reliability and accuracy of SOCS assessment. 

Therefore, there is a need to evaluate the most reliable approach for assessing SOCS in 

cultivated fields. 

1.2 Aims and Objectives 

This study aimed to refine the methods for determining SOCS in South Africa. Objectives of this 

study included to: 

 Evaluate which analytical method should be used for determining SOC content in South 

Africa. 
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 Create a NIR calibration algorithm for SOC content in South Africa. 

 Determine how to map SOCS at field scale in South Africa. 

 Compare SOCS quantification approaches at field scale in South Africa. 

1.3 Hypotheses of the study 

Hypotheses of the study included: 

 The study hypothesised that different methods work on different principles and would thus 

provide different SOC content values of the same samples. Secondly, it is hypothesised 

that transfer functions could be used for transferring SOC content values from one method 

to another. 

 The study hypothesised that NIR calibration algorithms would perform better at local 

scales compared to regional scales. The study also hypothesised that a NIR spectrometer 

could be used as a field instrument. 

 The study hypothesised that DSM with ML would create more accurate SOCS maps 

compared to OK. 

 The study hypothesized that the re-measure approach would provide a more accurate 

assessment of SOCS compared to the modelling approach. 
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CHAPTER 2 LITERATURE REVIEW 

2.1 Soil organic carbon content 

2.1.1 General Importance 

Soil carbon consists of two fractions: SOC and soil inorganic carbon (SIC). The SOC fraction is 

the primary carbon component of soil organic matter (SOM), which is defined as “a heterogeneous 

pool of C comprised of diverse materials including fine fragments of litter, roots and soil fauna, 

microbial biomass C, products of microbial decay and other biotic processes (i.e., such as 

particulate organic matter), and simple compounds such as sugar and polysaccharides” (FAO, 

2019). SOC's quantity (content) is arguably the most critical soil indicator because of its central 

role in various soil functions (Stockmann et al., 2015). SOC is known to improve soil fertility and 

productivity and contribute to worldwide food security. Regarding soil fertility, SOC enhances 

nutrient availability, soil structure and physical properties, and biological soil health and acts as a 

buffer against harmful substances (Chan, 2008). 

2.1.2 Soil organic carbon sequestration 

The increased atmospheric carbon dioxide and other greenhouse gas emissions are a pressing 

local and global issue, leading to climate change that threatens environmental and social health 

(Lal, 2009; Zhou et al., 2019). Carbon emissions, including carbon dioxide and methane, can be 

decreased by the sequestration of carbon, which refers to the long-term storage of carbon in 

oceans, soils, vegetation, and geological formations (Lal, 2009). The potential reduction of carbon 

emissions through the sequestration of carbon in the soil has shown to be a viable option in recent 

years (Nair, 2012; Rhodes, 2017; Baurov, 2021; Zhang et al., 2021). 

SOC is the largest component of the terrestrial carbon pool (1 600 gigatons) and approximately 

twice the amount of carbon in the atmosphere (750 gigatons) and in vegetation (610 gigatons) 

(Chan, 2008). The amount of SOC stored in the soil profile can be considerable. For example, if 

the soil has a SOC content of 1% within 0-30 cm depth, the amount of SOC stored over 1 hectare 

of land can potentially weigh about 42 tons (Chan, 2008). Grasslands and rangelands cover 

almost 68% of the total agricultural area globally and have contributed to SOC sequestration 

(FAO, 2019). Therefore, SOC sequestration is a necessary process that can reduce carbon 

emissions and help alleviate the problems of global warming and climate change. 

2.2 Agricultural Management Practices 

Agricultural management practices may significantly influence the capacity of the soil to sequester 

SOC. To obtain the greatest potential soil carbon sequestration, the established carbon sinks 

must be protected from disturbances over time, such as maintaining native plant cover or, most 
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importantly, continued best management practices (Chan, 2008). Agriculture management 

practices that enhance carbon sequestration, as well as increase carbon credits, include: (i) crop 

and residue management, such as erosion and irrigation control; (ii) conservation tillage, including 

no- or reduced tillage; (iii) pasture management, such as fertiliser management and improved 

grass species and legumes, and (iv) organic amendments, such as animal manure and recycled 

organics (Chan, 2008). 

2.2.1 Crop and residue management 

Crop and residue management practices are critical factors in increasing carbon sequestration. 

The use of cover crops and intercropping practices can also contribute to increasing SOC content 

levels and improving soil health, which can lead to more productive and resilient agricultural 

systems (Gzubuyuk et al., 2015; Dakhalla et al., 2016; Merante et al., 2017). Therefore, crop and 

residue management practices, such as selecting specific crops, using appropriate crop rotations, 

and returning residues to the soil can significantly impact increasing carbon sequestration. 

Nitrogen leaching can also be significantly reduced by cultivating specific crop combinations, such 

as barley with Italian ryegrass rather than pea and grasslands (Merante et al., 2017). In addition, 

residue management directly affects SOM and, therefore, soil properties such as pH, CEC, 

nutrient cycling, particle aggregation, moisture content, and soil temperature (Merante et al., 

2017). For instance, returning residues to the soil, rather than removing them, can quickly 

increase SOC content levels, leading to significant carbon sequestration. 

2.2.2 Tillage practices 

When it comes to decreased soil disturbance, reduced tillage or zero-tillage is an increasingly 

applied conservation or regenerative practice. It consists of cultivating crops while adopting 

agricultural practices that leave the soil undisturbed. The only soil disturbance occurring under 

reduced or zero-tillage is related to the movement of the agrarian machines generally used for 

weeding, seeding, and harvest (Merante et al., 2017). Reduced tillage reduces soil disturbance 

by the shallower depth of tillage and reduced frequency of passes over soil or by tilling only 

specific field portions (strip or ridge tillage). This reduced soil disturbance brings different benefits 

for the soil, especially over long periods, including (i) increased macro-aggregate stability and 

water infiltration improvement (Franzluebbers, 2002; Merante et al., 2017), (ii) soil erosion 

reduction (de Freitas & Landers, 2014; Merante et al., 2017), (iii) increased soil aeration (Batey, 

2009; Merante et al., 2017) and (iv) improved soil moisture and compaction reduction (Jin et al., 

2011; Merante et al., 2017). Reduced or zero-tillage can protect organic material from high 

temperatures and reduce mineralization (Alvarez et al., 2014; Merante et al., 2017). Reduced or 

zero-tillage has also improved biodiversity by creating a more favourable habitat for soil 

organisms, including earthworms and other beneficial microbes. These practices can also reduce 

greenhouse gas emissions by minimizing soil disturbance and decreasing fuel use associated 
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with tillage operations (Merante et al., 2017). Adopting reduced or zero-tillage practices can also 

lead to increased carbon sequestration, translating into additional carbon credits for farmers 

participating in the carbon markets. 

2.2.3 Pasture management 

Pasture management practices, such as fertiliser management and improved grass species and 

legumes, can increase carbon sequestration in soil and vegetation. Fertiliser management 

involves carefully using nitrogen and other nutrients to optimise plant growth and minimise 

environmental nutrient loss (Singh et al., 2019). This can increase the amount of carbon stored 

in plant biomass and SOM. Additionally, improved grass species and legumes can increase 

productivity and improve soil health, increasing carbon sequestration (Yu et al., 2020). 

Regenerative agricultural practices, such as crop rotation, cover cropping and the use of livestock 

to graze and fertilise the land can increase the amount of carbon stored in soil and vegetation, 

increase water retention and reduce erosion (Singh et al., 2019). 

Grazing intensity and grazing frequency has been shown to be an important factor affecting 

rangeland health and ultimately SOC. Continuous grazing could lead to excessive defoliation of 

preferred forage and lead to localised soil degradation and erosion (Teutscherova et al., 2021). 

A recent study has also found that intensive, short-duration rotational grazing could improve soil 

quality and ultimately increase SOC content (Teutscherova et al., 2021). The phenomenon, bush 

encroachment has also shown to be cause of severe degradation in South Africa (Turpie et al., 

2019). Bush encroachment refers to “the process whereby the cover of indigenous woody plants 

(trees and shrubs) in a grassy ecosystem (savanna or grassland) increases substantially relative 

to the indigenous woody cover of some (historical) reference state.” (Turpie et al., 2019). Although 

bush encroachment can lead to an increase in SOCS, as woody plants store more carbon than 

grasses, this phenomenon has shown to severely reduce the herbaceous plant biomass and 

density, leading to a decrease in SOCS, especially in the topsoil.   

2.2.4 Organic amendments 

Practices that include organic amendments, such as “green manuring” have been increasingly 

promoted to elevate SOC content levels (Lessmann et al., 2021). Organic amendments can 

improve soil fertility by increasing the availability of nutrients for plants and promoting microbial 

activity. Organic amendments can also enhance soil structure and porosity, improving soil water-

holding capacity and reducing erosion (Kumar et al., 2019). Different types of organic 

amendments can have varying effects on SOC content levels. For example, a study by Singh et 

al. (2018) found that applying animal and green manure resulted in higher SOC content levels 

than crop residues. In addition to improving soil health, the use of organic amendments can also 

have a positive environmental impact by reducing the need for synthetic fertilisers. The use of 
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organic amendments can also contribute to reducing greenhouse gas emissions. For example, 

using livestock manure can decrease methane and nitrous oxide emissions by replacing synthetic 

fertilisers (Chen et al., 2019). Moreover, the type and quantity of organic amendments used can 

affect the microbial community composition and diversity in the soil, impacting nutrient cycling, 

SOM decomposition, and overall soil health. Finally, it is essential to note that the effectiveness 

of organic amendments in increasing SOC content levels can depend on various factors, such as 

soil type, climate, and the specific amendment used. Additionally, the increased SOC levels 

resulting from organic amendment practices can lead to carbon sequestration in the soil, which 

can contribute to generating carbon credits. 

2.3 Methods for determining soil organic carbon content 

In South Africa, there are currently three different analytical methods used for measuring SOC 

content, including the Walkley-Black wet-oxidation (WB) (Walkley & Black, 1934), total dry 

combustion (TDC) (Nelson & Sommers, 1996; FAO, 2019) and loss-on-ignition (LOI) methods 

(Nelson & Sommers, 1996; FAO, 2019). NIR spectroscopy is also a relatively new method for 

determining soil properties in South Africa (FAO, 2019; Seboko et al., 2023; Kock et al., 2024). 

However, this method first requires determined SOC content data from one of the 

abovementioned methods.  

2.3.1 Walkley-Black wet-oxidation 

SOC content analysis using the WB method (Walkley & Black, 1934) has been the most widely 

used method since its development (O’Rourke & Holden, 2011). This is because it is rapid and 

requires minimum equipment compared to other methods (Nelson & Sommers, 1996; Chen et al., 

2015). The WB method measurements of SOC involve using dichromate (Cr2O7
2-) to oxidize SOC 

(wet oxidation), and iron sulphate (FeSO4) to reduce excess Cr2O7
2- in solution (Roper et al., 

2019).  

The WB method is also based on several assumptions (De Vos et al., 2007), which include: (i) 

that carbon is the chief reducing agent present in soils and (ii) that carbon, oxidisable hydrogen, 

and reducible nitrogen are present in SOM in about the same proportions (Walkley & Black, 1934). 

Concern has also been raised regarding the interference of other soil constituents, such as 

chloride, ferrous iron, and higher oxides of manganese that have been shown to undergo redox 

reactions in chromic acid mixtures, leading to incorrect values of SOC content (Walkley, 1947; 

De Vos, 2007). Other limitations of this method include incomplete oxidation, which leads to the 

underestimation of SOC content. SOC content values have been adjusted with a correlation factor 

of 1.47 to counter this underestimation (Meersmans et al., 2009; O’Rourke & Holden, 2011). 

Another concern in developing countries like South Africa is the high cost of imported chemicals. 
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Due to the hazardous nature of the reagents, disposing thereof (after laboratory analysis) could 

harm the environment or have an additional cost component. 

2.3.2 Total dry combustion 

The TDC method is considered the most reliable for measuring SOC content (Roper et al., 2019). 

The TDC method involves using a CN elemental analyser for measuring SOC content based on 

carbon dioxide released from thermally oxidised soil at very high temperatures (between 950 and 

1 800 °C) (Nelson & Sommers, 1996; Abella & Zimmer, 2007; Roper et al., 2019; FAO, 2019). 

After combustion, the product is quantified by gas chromatography using thermal conductivity or 

a flame ionisation detector (FAO, 2019). For SOC content, the end-product is carbon dioxide, 

while for nitrogen, it is nitrogen gas or oxides of nitrogen (Thompson, 2008). If other elements, 

such as chlorine, are present, they are converted to hydrogen chloride. During the quantification 

process, the end-products are carried by inert carrier gas, such as helium, and passed over 

heated high-purity copper. Copper removes oxygen that is not consumed during the initial 

combustion process (Thompson, 2008). 

The main advantage of this method is that it ensures complete combustion of all SOC content 

present in the sample and allows a relatively large number of samples to be processed per unit 

time (FAO, 2019). The most significant disadvantage is the high initial economic investment 

associated with the purchase of specific instruments, specifically in developing countries such as 

South Africa (Wang et al., 2012; Roper et al., 2019). Another disadvantage is the possible 

measurement of SIC content fraction with the SOC content, which leads to an overestimation of 

SOC content (FAO, 2019). This is especially true for arid Southern Africa, where SIC can 

contribute considerably to the total soil carbon. 

2.3.3 Loss-on-ignition 

The LOI method involves the thermal decomposition of SOM using a muffle furnace (Roper et al., 

2019). The mass lost during thermal decomposition indicates the mass of SOM lost due to 

oxidation and volatilisation. A known sample weight is placed in a ceramic crucible (or similar 

vessel) and then heated to between 350 and 550 ºC for a specific time, usually 3 to 8 hours 

(Nelson & Sommers, 1996). Although there is no definite standard procedure, the method is 

based on gravimetric mass loss (Hoogsteen et al., 2015). The sample is then cooled in a 

desiccator and weighed. SOM is calculated as the difference between the initial and final sample 

weights divided by the initial sample weight multiplied by 100 (Roper et al., 2019). 

One primary concern about this method is that some clay minerals will lose structural water (i.e., 

water that is part of the matrix) or hydroxyl groups at the temperatures used to combust the 

samples. This structural water loss will increase the total sample weight loss, leading to 
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overestimating the SOM content (Schumacher, 2002). Several authors (including De Vos et al., 

2005; Hoogsteen et al., 2015) have proposed clay correction factors to account for water losses. 

Another factor that affects the accuracy of SOC content estimations is the presence of carbonates 

(i.e., CaCO3 or CaMg(CO3)2), which decompose at ignition temperatures above 600 ºC (Kasozi 

et al., 2009; Hoogsteen et al., 2015). 

Typical LOI procedures assume the mass lost during thermal oxidation is entirely comprised of 

SOM, with estimates of SOC content derived using adjustment factors (Chatterjee et al., 2009; 

Roper et al., 2019). Although widely used, the validity of the conventional LOI-to-SOC conversion 

factor of 0.58 (or 1.74) remains dubious (Pribyl, 2010; Jensen et al., 2018). The basic assumption 

is that LOI is due to the combustion of SOM and that the SOC content in SOM is constant at 58% 

(Christensen & Malmros, 1982; Jensen et al., 2018). However, the traditional conversion factor 

0.58 for the LOI-to-SOC is considered too high. Although the accuracy of the LOI method remains 

dubious, some laboratories are transitioning from the WB method to the LOI method due to the 

human health problems and environmental conditions that the WB method is responsible for 

(Barwari et al., 2017). 

2.3.4 Near-infrared diffuse reflectance spectroscopy 

Research using NIR diffuse reflectance spectroscopy in soil science has increased rapidly in 

recent years (Wetterlind et al., 2008; Stenberg et al., 2010). Usually, the focus is on soil organic 

matter (SOM), texture, structure, and microbial activity in the soil (Stenberg et al., 2010). Reasons 

for interest in NIR include: (i) simple sample preparation, (ii) sample unaffected by analysis in any 

way, (iii) non-hazardous chemicals are required, (iv) measurement only takes a few seconds, (v) 

several soil properties can be estimated from a single scan, and (vi) the technique can be used 

both in the laboratory and in situ (Viscarra Rossel et al., 2006; Stenberg et al., 2010; Orr et al., 

2017). 

2.3.4.1 Fundamentals of soil near-infrared diffuse reflectance spectroscopy 

Electromagnetic radiation is defined as waves of electromagnetic fields travelling through space 

with electromagnetic (EM) energy, which includes radio waves, microwaves, infrared, visible 

radiation (light), X-rays and gamma-rays (Atkins & De Paula, 2010; Kock, 2021). The infrared 

section of the EM spectrum ranges from 10 to 14 790 cm−1 and is divided into three regions, 

namely near- (NIR) (14 290 − 4 000 cm−1), mid- (MIR) (4 000 − 400 cm−1) and far infrared (FIR) 

(400 – 10 cm−1). NIR is conventionally specified in wavelength in nanometer (nm, 10−9) or 

micrometer (µm). In contrast, MIR is conventionally specified in wavenumber (cm−1), which means 

how many EM waves fit into a length of one centimeter (FAO, 2022). 
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To generate a soil spectrum, radiation containing all relevant frequencies in the range is directed 

to the soil sample (Figure 2-1, Stenberg et al., 2010). The radiation or EM energy can be 

absorbed, transmitted, or deflected (Figure 2-1, FAO, 2022). In soil spectroscopy, the reflected 

energy from the soil surface is of most interest. There are two types of reflection: (i) specular 

(mirror) reflection and (ii) diffuse reflection. Diffuse reflectance penetrates and sufficiently 

interacts with the soil matrix, therefore containing more information regarding the soil constituents 

(FAO, 2022). The energy quantum is directly related to frequency (inversely related to 

wavelength); thus, the absorption spectrum produces a characteristic shape, which can be used 

for analytical purposes (Stenberg et al., 2010). Soil spectra can be represented in either 

reflectance or absorbance, therefore, practitioners should be careful about whether they are 

working with reflectance or absorbance spectra (FAO, 2022). Ultimately, the frequencies at which 

light is absorbed appear as a reduced signal of reflected radiation and are displayed in % 

reflectance (R), which can then be transformed to apparent absorbance: A = log(1/R) (Stenberg 

et al., 2010). Chemical and environmental factors influence the wavelength at which absorption 

takes place, such as neighbouring functional groups and temperature, allowing for the detection 

of a range of molecules which may contain the same type of bonds. 

Another essential part of soil spectroscopy is the modes of interaction between the EM energy 

and soil. Depending on the constituents present in the soil the EM energy or radiation will cause 

individual molecular bonds to vibrate, either by bending or stretching, and they will absorb light to 

various degrees, with a specific energy quantum corresponding to the difference between two 

energy levels (Stenberg et al., 2010; FAO, 2022). MIR energies cause molecular vibrations of 

chemical bonds commonly present in soils' organic and mineral compounds. The chemical bonds 

in organic compounds include O-H, N-H, C-H, C-C, C=C, C-N, C=O, etc. (FAO, 2022). Notably, 

the overtones and combinations of these vibrational absorption bangs appear in the NIR region. 

The NIR region is characterised by broad, superimposed, and weak vibrational modes, giving soil 

NIR spectra few, broad absorption features (Stenberg et al., 2010). 
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Figure 2-1: Illustration of diffuse reflectance spectroscopy, with incoming light from the left 

scattered, absorbed, and reflected (from Stenberg et al., 2010). 

2.3.4.2 Near-infrared spectroscopy and soil organic carbon content 

SOC content produces a spectral signature, combination bands, and overtones of fundamental 

spectral features detected in the NIR region (Cambule et al., 2012). These overtones and 

combination bands in the NIR region are due to the stretching and bending of N-H, C-H, and C-

O groups (Ben-Dor et al., 1999; Stenberg et al., 2010). Bands around 1100, 1600, 1700 to 1800, 

2000 and 2200 to 2400 nm have been identified as being particularly important for SOC content 

calibration (Krishnan et al., 1980; Dalal & Henry, 1986; Morra et al., 1991; Henderson et al., 1992; 

Ben-Dor and Banin, 1995; Malley et al., 2000; Martin et al., 2002; Stenberg, 2010; Stenberg et 

al., 2010). 

In addition to the specific NIR spectral bands mentioned, it is worth noting that the shape and 

position of the NIR spectrum can also provide information about SOC content (Cambule et al., 

2012). The NIR spectral signature of SOC content is influenced by soil type, texture, and moisture 

content (Ben-Dor et al., 1999; Stenberg et al., 2010). Therefore, it is crucial to consider these 

factors when using NIR spectroscopy for SOC content analysis. Furthermore, the relationship 

between NIR spectra and SOC content may vary depending on the calibration dataset and 

statistical model used (Cambule et al., 2012). Therefore, careful calibration and validation of NIR 

models are necessary to ensure accurate SOC predictions. 

2.3.4.3 Creating Calibration Algorithms Procedure 

The procedure for NIR soil spectroscopic analysis is as follows (FAO, 2022): To predict soil 

properties, such as SOC content, using NIR spectroscopy, (i) a sample set needs to be 
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established, also known as a soil database. The soil database must include soils covering the 

entire target (study) area to account for soil variability. (ii) the spectral data (acquired by scanning 

samples using a NIR spectrometer) is combined with the soil property data to build the soil 

spectral library.  

(iii) specific or various calibration models are then employed, where the models are tested, and 

the accuracy is validated using independent (validation) sample sets. Additionally, cross-

validation techniques, spectral pre-processing, and accuracy assessment indicators can be used 

to ensure robust model performance and reliable SOC estimations (Terhoeven-Urselmans et al., 

2010; Kock, 2021). Wadoux et al. (2021) also stress the importance of sampling designs for 

improving the soil spectral library. These sampling designs include simple random sampling (RS), 

conditioned Latin Hypercube Sampling (cLHS) and K-Means clustering sampling. 

2.3.4.4 Calibration models 

Different models are used for SOC content calibration and prediction, including Partial Least 

Squares Regression (PLSR), Random Forest (RF), Support Vector Machines (SVM), Cubist, and 

Artificial Neural Networks (ANN).  

Previous studies have mostly applied the PLSR model, focused on a regional scale, and used the 

Vis-NIR region to create calibration algorithms for SOC content (Table 2-1).  
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Table 2-1: Previous studies creating NIR calibration algorithms for soil organic carbon content. 

Authors Country Calibration model Scale Area size (km²) n Spectral range 

Sampling 
depth 
(cm) 

SOC 
content 

range (%) 

Results 

RMSE 
(%) RPD 

Nocita (2009) South Africa PLSR 
Regional 
and Field Unknown 113 Vis-NIR 20 0.18-6.03 0.36 2.27 

Viscarra-Rossel et al. 
(2011) Australia PCA National 7.68 million 4 030 Vis-NIR 100 Unknown n.d. n.d. 

Nocita et al (2012) Luxembourg PLSR & PCA Regional 420 107 Vis-NIR 5 0.9 - 5.02 0.35 2.6 
McDowell et al. 

(2012) Hawaii Islands PLSR & RF National Unknown 305 Vis-NIR Unknown 0.79 - 54.66 2.8 4.25 

Cambule et al. (2012) South Africa PLSR Regional 10 000 412 NIR 5 0.4 - 1.2 0.28 2.12 

Deng et al. (2013) Denmark PLSR National 43 098 2 072 Vis-NIR 50 0 - 6 0.4 2.1 
Camacho-Tamayo et 

al. (2013) Columbia PLSR Regional 51 1 240 NIR Unknown 1.19 - 2.55 0.19 2.27 

Tekin et al. (2014) Turkey and UK PLSR & ANN Regional Unknown 270 Vis-NIR 20 0.16 - 14.2 0.82 4.23 

Knadel et al. (2015) Denmark PLSR Field 0.264 30 Vis-NIR Unknown 1.4 - 3.3 0.26 2.1 

Clairotte et al. (2016) France PLSR National 552 000 3 800 Vis-NIR and NIR  0.06 - 17.7 

0.89 
and 
0.83 2.1 and 2.2 

Kusumo et al. (2018) Indonesia PLSR Regional Unknown 305 Vis-NIR 10 0.39 - 2.28 0.15 2.01 

Seidel et al. (2019) Germany PLSR 

Field, 
Regional, 

and 
National Unknown ~ 20 000 Vis-NIR 60 0.43 - 9.95 

Field = 
0.08; 
Reg = 
0.16; 

National 
= 0.21 

Field = 
5.84; 

Regional 
=2.78; 

National 
=2.3  

Zahinda (2020) South Africa PLSR & SVM Regional 169 000 200 Vis-NIR 30 0.3 - 3.6 0.24 2.4 

Li et al. (2020) China PLSR Regional Unknown 714 NIR 20 0.66 - 4.63 0.25 2.05 
George & Kumar 

(2020) India ANN Catchment 10 75 Vis-NIR 15 0.26 - 2.71 0.24 n.d. 

Biney et al. (2020) Czech Republic PLSR & SVM Field 0.22 130 Vis-NIR and NIR 20 0.6 - 2.93 
0.25 for 

both n.d. 

Xu et al. (2021) China PLSR & SVM Regional Unknown 328 Vis-NIR 20 0.45 - 4.33 0.36 2.81 
Gholizadeh et al. 

(2021) Czech Republic RF Field 0.16 143 Vis-NIR 20 0.62 - 2.74 0.22 n.d. 

Bai et al. (2022) China PLSR, RF & CNN Catchment 6 256 330 Vis-NIR 20 0.09 - 2.5 0.1 3.18 

Zayani et al (2023) France PLSR Catchment 12 198 Vis-NIR 25 1.46 - 7.54 0.33 2.01 

Singha et al. (2023) India PLSR & SVM Regional 3 200 Vis-NIR 30 0.07 - 1.1 0.12 2.47 

Long et al. (2023) China PLSR Regional Unknown 89 Vis-NIR 20 1.84 - 13.43 0.72 3.38 

Peng et al. (2024) China PLSR & RF Regional 55 50 NIR 100 0.52 - 8.49 0.75 n.d. 
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2.3.4.4.1 Partial Least Squares Regression 

PLSR is an orthogonal data compression method that allows soil scientists to view two-

dimensional spectra in multi-dimensional space (Wold, 1966; Janik et al., 2007; Nocita, 2009). 

The PLSR model works on finding the linear combination of input variables that best explains the 

variance in the output variable. In other words, the PLSR model combines a principal component 

analysis with a multiple regression (Wadoux et al., 2021).  

It iteratively identifies latent variables that capture the maximum covariance between the input 

and output variables. The latent variables are created from the spectral data and soil property 

data, which are then divided into smaller sets called orthogonal loadings and scores. These 

loadings and scores are similar to the principal components of principle component analysis 

(PCA); however, they focus more on the soil property data than just the spectral data (Bramley & 

Janik, 2005; Kock, 2022). The PLSR model can be used in R (R Core Team, 2020) with the 𝑝𝑙𝑠𝑟 

function in the 𝑝𝑙𝑠 package created by Mevik and Wehrens (2024). Many studies have used PLSR 

to create calibration algorithms for SOC content and have found great success (Table 2-1). 

2.3.4.4.2 Random Forest 

RF is a widely used (Table 2-1) non-linear model that operates by constructing a multitude of 

decision trees during training and outputting the mode of the classes (classification) or the mean 

prediction (regression) of the individual trees (Breiman, 2001). Data is split up in two thirds that 

are used to create or grow the regression tree while the rest is used for cross-validation in 

conjunction with the calibration step; these are known as out-of-bag samples and give an idea 

about how well the models perform (Shahrayini et al., 2020; Wadoux et al., 2021). When using 

RF for regression, a final prediction is determined by the average outputs for individual trees, 

while for classification, the trees are voted on by majority count (Wadoux et al., 2021). As 

mentioned, RF is also a widely used machine learning model for creating calibration algorithms 

for SOC content (Table 2-1). It is also optimised to work with large amounts of spectral data and 

is easy to use and tune for optimal results (Rossel and Behrens, 2010). 

2.3.4.4.3 Support Vector Machines 

The SVM model is based on the statistical learning theory and aims to find the hyperplane that 

best separates the data points while maximising the margin (Cortes & Vapnik, 1995; Vohland et 

al., 2011; Vapnik, 2000; Zahinda, 2020). An essential property of this model is that its solution 

depends only on a subset of training samples called support vectors (Xu et al., 2018; Zahinda, 

2020). 
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2.3.4.4.4 Cubist 

The Cubist model is an extension of decision trees. It builds a series of tree-based models and 

combines their predictions using a weighted average to provide more accurate and interpretable 

results (Quinlan, 1992). Cubist is a data mining tool developed from early model trees C4.5 and 

M5 (Peng et al., 2015). The Cubist model transforms regression into a classification problem and 

consists of a set of rules, and each rule consists of a linear model (Wadoux et al., 2021). Each 

rule has a ‘condition’ (i.e., reflectance at 880 nm <= 0.0144 & 1610 nm > -0.921); if the data meet 

this condition, the prediction is the given linear function. The program also provides statistics on 

each rule, referring to the predicted values range and the model's error. 

The 𝑐𝑢𝑏𝑖𝑠𝑡 package is used for utilising the model in R (Kuhn et al., 2024). Although the Cubist 

has not been commonly utilised for creating calibration algorithms for SOC content using NIR 

spectroscopy (Table 2-1), MIR studies have shown great promise (Minasny & McBratney, 2006; 

Dangal et al., 2019).  

2.3.4.4.5 Artificial Neural Networks 

Artificial Neural Networks (ANNs) consist of interconnected nodes that contain an activation 

function (Rosenblatt, 1958; Tekin et al., 2014). These nodes are also arranged in layers. They 

work by passing input signals through a network of interconnected nodes and adjusting the 

weights between nodes during training to minimise the difference between predicted and actual 

outputs. 

2.3.4.5 Model Accuracy Assessment Indicators 

Model validation is performed to assess the models created by calibration by comparing the 

predicted SOC content with the SOC content of the actual laboratory-measured values (Wadoux 

et al., 2021). There are also several indicators used in predictive soil spectroscopy (Wadoux et 

al., 2021), which include root mean square error (RMSE), square correlation coefficient (r2), 

coefficient of determination (R2), Lin’s concordance correlation coefficient (ρc), the ratio of 

performance to deviation (RPD) and the ratio of performance to inter-quartile distance (RPIQ) 

(Terhoeven-Urselmans et al., 2010; Kock, 2021). Another important aspect of model validation is 

assessing the model’s predictive power for new or independent data (Wadoux et al., 2021). This 

is typically done by evaluating the model’s performance on a separate dataset, known as the 

validation or test set, which was not used for model calibration or training. This helps ensure the 

model does not overfit the calibration data and can generalise well to new data. Additionally, 

cross-validation techniques such as k-fold, cross-validation or leave-one-out (LOO) cross-



16 

validation can further assess model performance and improve model robustness (Stenberg et al., 

2010; Kock, 2021). 

2.3.4.5.1 Root Mean Square Error 

The RMSE indicates the mean prediction error, measuring the deviation between the observed 

and predicted SOC content values (Viscarra-Rossel et al., 2006; Wadoux et al., 2021). The RMSE 

evaluates the dispersion of the residuals, which means that this statistic explains how 

concentrated the data are around the line of the best fit between the observed and predicted 

values. RMSE values are non-negative, where 0 indicates a perfect fit between observed and 

predicted values. 

Equation 2-1 is used to calculate RMSE, where 𝑛 is the sample size and 𝑜𝑏𝑠𝑖, and 𝑝𝑟𝑒𝑑𝑖 are 

vectors of the measured and predicted SOC content, respectively (Wadoux et al., 2021). 

Equation 2-1: 𝑹𝑴𝑺𝑬 =  √
𝟏

𝒏
∑ (𝒐𝒃𝒔𝒊 − 𝒑𝒓𝒆𝒅𝒊)²𝒏

𝒊=𝟏  

2.3.4.5.2 Square Correlation Coefficient 

The square correlation coefficient or Pearson’s squared correlation coefficient (r²) is commonly 

used to assess the dispersion around the regression line. This means that r² represents the 

strength of the linear relationship between observed and predicted values concerning the fitted 

regression line (Wadoux et al., 2021). 

Equation 2-2 is used to calculate r², where 𝑛 is the sample size 𝑜𝑏𝑠𝑖, and 𝑝𝑟𝑒𝑑𝑖 are vectors of the 

measured and predicted SOC content, respectively, 𝑜𝑏s is the total measured SOC content 

(Lawrence & Lin, 1989; Wadoux et al., 2021). 

Equation 2-2: 𝐫𝟐 = 𝟏 −
∑ (𝐨𝐛𝐬𝐢−

𝐧
𝐢=𝟏 𝐩𝐫𝐞𝐝𝐢)²

∑ (𝐨𝐛𝐬𝐢−
𝐧
𝐢=𝟏 𝐨𝐛𝐬)²

 

2.3.4.5.3 Coefficient of Determination 

The coefficient of determination (R²) is the amount of variance the model explains. The R² 

quantifies the improvement made by the model by simply using the mean of the observations as 

a prediction (Peng et al., 2015; Wadoux et al., 2021). 

Equation 2-3 shows the calculation of R², where RSS refers to the sum of squares of residuals 

(also called the sum of the squared error), and TSS refers to the total sum of squares. 

Equation 2-3: 𝐑𝟐 = 𝟏 −
𝐑𝐒𝐒

𝐓𝐒𝐒
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2.3.4.5.4 Lin’s Concordance Correlation Coefficient 

Lin’s concordance coefficient (ρc) measures the agreement between observed values and 

predicted values or values from another set concerning the 1:1 line (Lawrence & Lin, 1989). The 

values range from 0 to 1, and if predictions perfectly agree with the observations, all the points 

will fall on the 1:1 line.  

Equation 2-4 shows the calculation of ρc, where r is Pearson’s correlation coefficient, σ is the 

standard deviation (r𝜎𝑝𝑟𝑒𝑑𝜎𝑜𝑏𝑠) is the covariance between observed and predicted values) and μ 

is the mean. 

Equation 2-4: 𝛒𝐜 =  
𝟐𝐫𝛔𝐩𝐫𝐞𝐝𝛔𝐨𝐛𝐬

𝛔𝐨𝐛𝐬
𝟐 +𝛔𝐩𝐫𝐞𝐝

𝟐 +(𝛍𝐨𝐛𝐬 − 𝛍𝐩𝐫𝐞𝐝)𝟐
 

 

2.3.4.5.5 Ratio of performance to deviation 

The RPD is the ratio of standard error in prediction to the standard deviation (Williams & 

Thompson, 1978). The RPD aims to scale the error in prediction with the standard deviation of 

the soil property. Since RPD has been used for different products and thus divided into various 

categories, depending on those products, it is essential to note when to evaluate model 

performance. An example would be when evaluating the model performance, an RPD > 2 would 

indicate adequate model performance for a soil scientist. In contrast, only an RPD > 3 would be 

sufficient for a plant scientist. 

Equation 2-5 shows the calculation of RPD, where 𝑛 is the sample size 𝑜𝑏𝑠𝑖, and 𝑝𝑟𝑒𝑑𝑖 are vectors 

of the measured and predicted SOC content, respectively. 𝑜𝑏s is the total measured SOC content. 

Equation 2-5: 𝐑𝐏𝐃 =  
√

𝟏

𝐧−𝟏
∑ (𝐨𝐛𝐬𝐢−𝐨𝐛𝐬)²𝐧

𝐢=𝟏

√
𝟏

𝐧
∑ (𝐨𝐛𝐬𝐢−𝐩𝐫𝐞𝐝𝐢)²𝐧

𝐢=𝟏

 

2.3.4.5.6 Ratio of performance to inter-quartile distance 

The RPIQ accounts for possibly non-normal distribution of observations (Bellon-Maurel et al., 

2010; Zhang et al., 2020). This statistic uses the interquartile range to represent the spread of the 

observations. The values obtained by RPIQ can be interpreted the same way as those obtained 

by RPD. 

Equation 2-6 shows the calculation of RPIQ, where 𝑛 is the sample size 𝑜𝑏𝑠𝑖, and 𝑝𝑟𝑒𝑑𝑖 are 

vectors of the measured and predicted SOC content, respectively, 𝑜𝑏s is the total measured SOC 

content, respectively. The Q1(obs) and Q3(obs) are the first (25%) and third (75%) quantiles of 
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the observations (Q3(obs) − Q1(obs) is the interquartile distance), and the denominator is the 

RMSE. 

Equation 2-6: 𝐑𝐏𝐈𝐐 =  
(𝐐𝟑(𝐨𝐛𝐬)−𝐐𝟏(𝐨𝐛𝐬))

√
𝟏

𝐧
∑ (𝐨𝐛𝐬𝐢−𝐩𝐫𝐞𝐝𝐢)²𝐧

𝐢=𝟏

 

2.3.4.6 Spectral filtering and pre-processing 

Spectral pre-processing is integral to creating calibration algorithms as it improves the spectral 

quality (Wadoux et al., 2021). Table 2-2 indicates a summary of pre-processing techniques by 

Wadoux et al. (2021) with references to other studies that also used these methods. The main 

pre-processing categories include (i) spectral noise removal, (ii) scatter correction, (iii) derivatives, 

(iv) centring and standardisation, (v) reduction, and (vi) other techniques, such as splice correction 

and continuum removal (Table 2-2). 

Table 2-2: Summary of pre-processing techniques presented by Wadoux et al. (2021) with 

references to other studies that used these methods. 

Pre-processing 
category Technique Reference 

Noise Removal Spectral Trimming 
Orr et al., 2017; Wadoux et al., 2021; Long et 
al., 2023 

 Moving Window Average (MWA) 
Tekin et al., 2014; Clairotte et al., 2016; Wadoux 
et al., 2021 

 Savitzsky-Golay (SG) 

Cambule et al., 2012; McDowell et al., 2012; 
Stevens et al., 2013; Camacho-Tamayo et al., 
2014; Tekin et al., 2014; Clairotte et al., 2016; 
Seidel et al., 2019; Wadoux et al., 2021;   

Scatter Correction Standard Normal Variate (SNV) 

Cambule et al., 2012; Stevens et al., 2013; 
Camacho-Tamayo et al., 2014; Seidel et al., 
2019; Wadoux et al., 2021 

 
Multiplicative Scatter Correction 
(MSC) 

Cambule et al., 2012; Camacho-Tamayo et al., 
2014; Wadoux et al., 2021 

 Detrending Wadoux et al., 2021 

Derivatives First- and Second Order 
McDowell et al., 2012; Stevens et al., 2013; 

Wadoux et al., 2021 

Centring and 
Standardization  

McDowell et al., 2012; Tekin et al., 2014; 
Wadoux et al., 2021 

Spectral or dimensions 
reduction Resampling Wadoux et al., 2021; Long et al., 2023 

 Wavelets Wadoux et al., 2021 

Other Splice Correction Li et al., 2020; Wadoux et al., 2021 

  Continuum Removal (CR) Wadoux et al., 2021 

It is important to note that there is no single best method or sequence of methods for spectral pre-

processing (Wadoux et al., 2021). The most suitable methods will depend on the quality of the 

generated (raw) spectra and on the sensitivity of the subsequent analysis to random variation in 

the spectra. 
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2.4 Soil organic carbon stocks 

SOCS is based on the (i) amount of carbon in the soil as a percentage (%) of the mass of the soil, 

the (ii) density of soil (soil mass per unit volume), as well as the (iii) volume of soil for which 

calculations are being done (Aynekulu et al., 2011; TREES Consulting, 2020; Shoch & Swails, 

2020). Proper sampling techniques, appropriate laboratory procedures, and accurate calculations 

are essential to achieve accurate measurements. 

2.4.1 Sampling, procedures, and calculations 

2.4.1.1 Sampling design 

SOCS changes influenced by land-use changes or management practices can be assessed using 

two main approaches: diachronic and synchronic (Cerri et al., 2021). The diachronic approach 

includes conducting field experiments in which SOCS are measured over time on the same 

experimental plots with different management treatments. This approach is accurate and provides 

repeatability of measurements. However, it is costly and might have a time limit. The synchronic 

approach is where samples are taken simultaneously from field plots under different management 

systems at known durations from an initial reference state. SOCS are compared to those from 

soils under this initial reference state. The accuracy and reliability of data collected using this 

approach depends on a reasonable selection process of the study sites, which should be 

comparable. 

The random sampling scheme is widely used to represent a given management practice, 

specifically when the synchronic approach assesses SOCS changes (Cerri et al., 2021). This is 

the simplest way to select independent and unbiased samples, where each location has an 

equally probable chance of being selected (Wills et al., 2018; Cerri et al., 2021). It has been 

recommended that the sample be within a 3 x 3 m grid, with each point 50 m apart from the other, 

totalling nine points that cover an area of 1 ha. However, since this technique is costly and time-

intensive, this sampling technique is not always viable and not commonly employed in South 

Africa. 

2.4.1.2 Sampling depth 

Sampling depth is also an essential factor for adequately evaluating the changes in SOCS (Smith 

et al., 2020; Cerri et al., 2021). The IPCC (IPCC, 2006), Verified Carbon Standard Methodology 

(Shoch & Swails, 2020), and Gold Standard Methodology (Aynekulu et al., 2011; TREES 

Consulting, 2020) recommend considering at least the top 30 cm of the soil profile as this is part 

of the profile is the most affected by land-use or management practices. However, as soon as 

deeper-rooted crops or trees are planted, usually in integrated agricultural systems (agroforestry, 
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silvopastoral, and crop-livestock-forest systems), deeper soil sampling is recommended to 

evaluate the SOCS properly changes over time (Smith et al., 2020, FAO 2020; Cerri et al., 2021). 

Based on this, the following depth increments are recommended for soil sampling: 0-0.1, 0.1-0.2, 

0.3-0.4, 0.4-0.6, 0.6-0.8, and 0.8-1.0 m (FAO 2020; Cerri et al., 2021). It is also recommended 

that at least two or three samples be collected in each of these depth increments as a composite 

sample to further increase the accuracy of SOCS measurements.  

2.4.1.3 Sampling procedure 

The first step of soil sampling for the purpose of calculating SOCS is removing the vegetation or 

plant litter from the soil surface. Afterward, a soil pit or trench can be dug using a Tractor-Loader-

Backhoe (TLB), or soil samples can be collected using a soil corer or auger (ISO, 2006; FAO, 

2019). Soil samples (for SOC content) should be collected from each depth increment (cm). For 

collecting soil samples to determine dry bulk density (ρb), undisturbed samples should be 

collected using a metal cylinder with a calculated volume (~ 100 cm3) (IUSS Working Group WRB, 

2015). All samples should be placed in sealed, labelled plastic bags and delivered to a credited 

laboratory within 3 to 5 days (ISO, 2006; IUSS Working Group WRB, 2015). 

2.4.1.4 Soil organic carbon content and dry bulk density measurement 

In the laboratory, the SOC content is determined by various methods, including dry combustion 

(TDC) and wet-oxidation (Walkley-Black) methods (Walkley & Black, 1934; Nelson & Sommers, 

1996; FAO, 2019). The choice of method depends on various factors, such as the type and 

quantity of soil sample, the desired accuracy and precision, and the availability of equipment and 

resources. 

The ρb is determined in the laboratory by measuring the mass and volume of an undisturbed soil 

sample (Blake & Hartge, 1986). The sample is dried in an oven to remove all moisture, and its 

mass is measured. The ρb is then calculated by dividing the mass of the sample by its volume 

(Equation 2-7). It is important to note that the sample must be undisturbed to preserve its natural 

structure and porosity, which affects the accuracy of ρb measurement (USDA, 2018). 

Equation 2-7: 𝐃𝐫𝐲 𝐛𝐮𝐥𝐤 𝐝𝐞𝐧𝐬𝐢𝐭𝐲 (𝛒𝐛 ) (
𝐠

𝐜𝐦𝟑
) = 𝐃𝐫𝐲 soil (g)/Cylinder volume (cm³) 

2.4.1.5 Calculations of soil organic carbon stocks 

When discussing SOCS calculations, it is essential to acknowledge that there might be sources 

of error or uncertainty in the calculations. For example, soil properties may vary across a 

landscape or change over time, making it challenging to estimate SOCS accurately. Therefore, 

these potential sources of error must be minimised. Inaccuracies in SOCS calculations can also 
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significantly affect carbon credit accounting and management decisions. If SOCS is 

overestimated, it could lead to overestimating carbon sequestration and result in too many carbon 

credits. On the other hand, if SOCS is underestimated, it could lead to an underestimation of 

carbon sequestration and result in too few carbon credits (Gavrilova, 2019). 

Various tools and software are available to improve the accuracy of SOCS calculations. These 

can help standardise the sampling and analysis process, reduce errors, and provide more reliable 

estimates of SOCS (Paustian et al., 2016). Examples of such tools include the Agricultural and 

Environmental Data Interpretation System (AEDIS) (USDA, 2018) the Soil Organic Carbon 

Estimation Calculator (SOCEst) and other modelling software. The SOCS is usually calculated 

by multiplying the SOC content (% or g/kg) of soil with the ρb (g/cm³) of the soil with the coarse 

fragments (1 – Sm (v%)) and the depth at which the sample was taken (Equation 2-8). 

Equation 2-8: 𝐒𝐎𝐂𝐒 (𝐭/𝐡𝐚) = 𝟏𝟎 ×  𝐒𝐎𝐂 𝐜𝐨𝐧𝐭𝐞𝐧𝐭 (𝐠/𝐤𝐠) ×  𝛒𝐛 (𝐌𝐠/𝐦³) × (𝟏 –  𝐒𝐦 (𝐯%)) × 𝐥𝐚𝐲𝐞𝐫 𝐭𝐡𝐢𝐜𝐤𝐧𝐞𝐬𝐬 (𝐜𝐦) 

2.4.2 Mapping of soil organic carbon stocks 

Many geostatistical models, such as ordinary kriging (OK), regression kriging, co-kriging and 

inverse distance weighted regression, have been used in SOC content and SOCS mapping, 

because of their prediction accuracy and error minimisation (Farooq et al., 2022). Digital soil 

mapping (DSM) has been used in the past two decades to create more accurate and precise 

SOCS maps (Nenkam et al., 2024). This method predicts soil properties, such as SOCS, by 

correlating the relationship between soil properties and environmental covariates utilising 

machine learning and other methods (Pouladi et al., 2023). 

2.4.2.1 Ordinary kriging 

OK has been one of the most popular geostatistical models in recent years (Pouladi et al., 2023). 

OK interpolation is an early method for soil mapping; however, this geostatistical method is based 

on spatial point data for interpolation and cannot fully utilise the surface data of environmental 

covariates (Zhu et al., 2022).  

OK uses an estimated mean of a particular soil property (i.e., SOCS) at a known location to predict 

the value at an unsampled location (Yao et al., 2020). The predicted/interpolated value (𝑍(𝑥0)) 

at unsampled locations are calculated as presented by Equation 2-9, where n is the number of 

the adjacent observations used for the predictions and 𝜆𝑗 is the kriging weight for the 𝑍(𝑥𝑖) 

values (Yao et al., 2020). Maps created using OK are usually evaluated using the validation 

statistics described and discussed in 2.3.4.5. 

Equation 2-9: 𝐙(𝐱𝟎) =  ∑ 𝛌𝐣𝐙(𝐧
𝐢=𝟏 𝐱𝐢) 
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2.4.2.2 Digital soil mapping with machine learning models 

The recent development of DSM technologies enabled soil scientists to map SOCS from local to 

continental scales, using the scorpan factors, including soil, climate, organisms, and parent 

materials (Minasny et al., 2013). The SOCS depends on the balance between carbon inputs and 

outputs and the environmental conditions (scorpan factors) that directly and indirectly affect the 

processes controlling the spatial distribution of SOCS (Gomes et al., 2019). It is well understood 

that climatic conditions, such as precipitation and temperature, influence SOCS distribution, but 

other factors, such as soil texture, also influence SOCS, and clay amounts are critical to SOC 

protection due to interactions between the SOC and reactive surfaces of clay minerals (Gomes 

et al., 2019). Vegetation also favours the input of decaying plant biomass, especially in the topsoil 

(0-30 cm) (Bui et al., 2009), and vegetation indexes, such as normalised difference vegetation 

index (NDVI), have been used to predict SOCS. Terrain attributes, such as elevation, slope, and 

curvature, also have been used to predict SOCS. The combination of these different 

environmental factors creates unique local conditions, leading to increasing or decreasing SOCS, 

and are used to predict the spatial distribution of SOCS in DSM. As mentioned, land use and 

management practices also significantly impact SOCS. Therefore, it is crucial to consider these 

aspects when mapping SOCS to capture the spatial distribution of SOCS accurately and to design 

effective management strategies for maintaining or increasing SOCS. 

To accurately estimate SOCS, DSM relies on various input data sources, including remote 

sensing, topographic, and soil data. Remote sensing data, such as satellite imagery, provide 

information on land cover, vegetation properties, and landscape characteristics, which can be 

used to estimate SOCS (Luo et al., 2010; Gomes et al., 2019). Topographic data, such as 

elevation and slope, can provide information on soil erosion and deposition, affecting SOCS. Soil 

data, such as soil texture, OM content, and ρb, are essential for accurate SOCS estimation, as 

they are direct indicators of SOCS (Luo et al., 2010). 

Several ML models, including RF, Cubist, Support Vector Machines (SVM), and kriging-based 

models, are used to estimate the spatial distribution of SOC (Gomes et al., 2019). RF uses 

decision trees to classify data, while Cubist can handle continuous and categorical data. Kriging 

is a geostatistical interpolation method that estimates unknown values at unobserved locations 

(Krige, 1951). These models help to create more accurate and detailed soil maps by incorporating 

various data sources to estimate the spatial distribution of SOCS. The different ML models are 

also described and discussed in 2.3.4.4. Previous studies (Brevik et al., 2016; Shi et al., 2021) 

show the versatility and effectiveness of different ML models in mapping SOCS through DSM. 
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However, the accuracy and resolution of the input data used in DSM can impact the accuracy of 

the resulting SOC maps. Furthermore, the availability and quality of ground-truth data for model 

calibration and validation can also be a limiting factor (Grunwald et al., 2016). Another challenge 

is the need to balance the trade-off between model complexity and accuracy, as more complex 

models may result in overfitting and decreased prediction accuracy. Finally, it is crucial to consider 

the temporal dynamics of SOC, as changes in land use and management practices can result in 

rapid changes in SOCS, which static SOC content maps may not capture (Luo et al., 2010). 

Validation statistics for evaluating the reliability and accuracy of maps created by DSM with ML 

are also described and discussed in 2.3.4.5. 

2.4.2.3 Soil organic carbon stocks mapping of South Africa 

Several studies have focused on mapping SOC content and SOCS across South Africa (Shulze 

& Schutte, 2020; Venter et al., 2021; Kotze & van Tol, 2023; Odebiri et al., 2024). Venter et al. 

(2021) mapped SOCS from 0-30 cm under natural vegetation over South Africa at 30 m spatial 

resolution, while Schulze & Schutte (2020) mapped SOC content for areas across South Africa 

at a spatial detail that were not previously achieved. On the other hand, Kotze & van Tol (2023) 

and Odebiri et al. (2024) mapped SOCS at smaller scales, with Kotze & van Tol (2023) mapping 

at a catchment scale using DSM and Universal Kriging and Odebiri et al. (2024) mapping SOCS 

on a more regional scale. Although these studies did not directly focus on comparing conventional 

mapping with DSM, they provide the cornerstone of SOCS mapping in South Africa. These 

studies also support the importance of creating accurate and reliable SOCS maps for South 

African soils. 

2.4.3 Re-measuring and modelling approaches 

There is an ongoing debate about the most appropriate approach for quantifying changes in SOC 

content and SOCS (Paustian et al., 2016; Smith et al., 2019; FAO, 2019). Some argue that 

modelling approaches are more accurate and cost-effective than direct measurements (Smith et 

al., 2019), while others argue that direct measurements are the most accurate and reliable 

approach (Lal, 2005).  

Modelling approaches involve using numerical models, such as Rothamsted Carbon (RothC), 

CENTURY and DayCent, to simulate how management practices or land use changes affect 

SOCS. These models are commonly used for modelling SOC sequestration, while other 

techniques, such as ML, are used for estimating the actual SOC content or SOCS. Direct 

measurements involve physically sampling soils and analysing them in a laboratory to quantify 

changes in SOC content and SOCS. Importantly, the viability of the modelling and measuring 

approaches are greatly dependent on land management practices, affordability and accuracy. 
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2.4.3.1 Re-measuring approaches 

Direct re-measurements involve physically sampling soils (usually with a soil auger or core 

sampler) and analysing the samples in a laboratory to quantify changes in SOC content and 

SOCS. However, the approach does require many samples and relies on appropriate study 

designs and protocols (Smith et al., 2019). Because the analysis also involves the re-

measurement of SOC content and ρb. Combustion methods, such as TDC, can make large-scale 

measurements very expensive. In some cases, it may be of interest to quantify and account for 

the coarse fraction of belowground SOC content that is affected by grasslands or forest soils 

(FAO, 2019; Smith et al., 2019). Since changes in management practices influence SOC content, 

the ρb will also be affected. Therefore, an “equivalent mass basis” approach is recommended 

when comparing SOCS across land uses and management regimes (Wendt & Hauser, 2013; 

Smith et al., 2019). Another two disadvantages of accurate direct re-measurements are the 

requirement of large numbers of soil samples (Vanguelova et al., 2016; Smith et al., 2019) and 

sufficient sampling depth, which is crucial for adequately evaluating changes in SOC content 

(IPCC, 2006; Smith et al., 2019). 

2.4.3.2 Modelling approach using Rothamsted Carbon (RothC) model 

RothC is classified as a level 2 ‘soil’ model (IPCC, 2006; FAO, 2019) for the turnover of SOC 

content in non-waterlogged topsoil that allows for the inclusion of the effects of soil type, 

temperature, moisture content, and plant cover on the turnover process, with a monthly time step 

(Coleman & Jenkinson, 1996; FAO, 2019). This model is a widely used model for estimating 

SOCS and is a process-based model that simulates the turnover of SOM in the soil and estimates 

the changes in SOCS over time (Jenkinson et al., 1991). The model has been extensively 

calibrated and validated for various soil types and land-use systems. Advantages of the RothC 

model include its ability to account for the effects of different management practices on SOCS, 

and this model has relatively simple input requirements. However, the model may not be suitable 

for all soil types and may require site-specific calibration to improve its accuracy (Falloon and 

Smith, 2002). The model also induces room for error, as the SOC inputs from plant residues and 

animal excreta must be estimated and based on scientific literature, which might not be readily 

available or inaccurate (Poeplau, 2016; FAO, 2019). Parameters, such as plant SOC input and 

fertiliser SOC input are often problematic due to high uncertainty and model sensitivity (Poeplau, 

2016; FAO, 2019). Inaccurate estimates would lead to inaccurate SOCS quantification, leading 

to inaccurate carbon credits. 

The RothC model has four active carbon pools (Afzali et al., 2019; FAO, 2019), as seen in Table 

2-3. The decomposable plant material (DPM) is the most labile carbon pool in the soil. It consists 
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of recently added plant residues and other organic materials easily decomposed by 

microorganisms. The resistant plant material (RPM) is a carbon pool that contains less easily 

decomposed organic materials than DPM and includes more recalcitrant plant residues, such as 

cellulose and lignin-rich compounds. The humified organic matter (HUM), or humus, is a highly 

stable carbon pool that consists of organic materials that have undergone substantial chemical 

alterations, resulting in more excellent resistance to microbial decomposition. The inert organic 

matter (IOM) pool represents the soil's most stable and recalcitrant carbon pool (Afzali et al., 

2019). It consists of highly complex organic compounds that are resistant to microbial 

decomposition. In addition to these carbon pools, RothC modelling also considers microbial 

biomass (BIO), as microbes play a crucial role in decomposing organic materials and transforming 

carbon between different pools. 

Table 2-3: The four active Carbon pools and microbial biomass used for RothC modelling. 

Carbon active pool name Acronym 

Decomposable plant material DPM 

Resistant plant material RPM 

Microbial biomass BIO 

Humified organic matter HUM 

Inert organic matter IOM 

Figure 2-2 indicates the structure of the carbon pools and flows in the RothC model, initially 

created by Coleman & Jenkinson (1996) and Falloon & Smith (2002). These include major factors 

controlling the fluxes (a = multiplier for effects of temperature, b = multiplier for effects of moisture, 

c = multiplier for effects of soil cover, DPM/RPM = Decomposable/resistant plant material ratio). 

The incoming plant carbon is split between DPM and RPM, depending on the DPM/RPM ratio of 

the incoming plant material (Coleman & Jenkinson, 2014). The default DPM/RPM ratio is 1.44 for 

most agricultural lands and improved grassland, with 59% of plant material DPM and 41% RPM 

(Coleman & Jenkinson, 2014; FAO, 2019). The default DPM/RPM ratio of 0.25 is used for 

deciduous or tropical woodland, with 20% plant material DPM and 80% RPM. All incoming plant 

material only passes through these compartments or pools once (Coleman & Jenkinson, 2014).  

DPM and RPM will decompose with time to form carbon dioxide, BIO, and HUM (Figure 2-2). 

Notably, the proportion of carbon dioxide and BIO + HUM is determined by the soil's clay content 

(%) (Coleman & Jenkinson, 2014). The BIO + HUM is then split into 46% BIO and 54% HUM, and 

both decompose further to form more carbon dioxide, BIO, and HUM. The model derives IOM for 

the 0-20 cm of the soil layer by using Equation 2-10 (Falloon et al., 1998): 

Equation 2-10: 𝑰𝑶𝑴 = 𝟎. 𝟎𝟒𝟗 (𝒕𝒐𝒕𝒂𝒍 𝑺𝑶𝑪)𝟏.𝟏𝟑𝟗 
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Figure 2-2: Structure of the carbon pools and flows of carbon in the RothC model, including major 

factors controlling the fluxes (a = multiplier for effects of temperature, b = multiplier for effects of 

moisture, c = multiplier for effects of soil cover; DPM/RPM = Decomposable/resistant plant 

material ratio) (FAO, 2019). 

2.4.3.2.1 Input data requirements 

Table 2-4 indicates the minimum input data requirements for running the RothC model. Input data 

to run the RothC model include data regarding climate (mean monthly precipitation, mean monthly 

air temperature and monthly evaporation), soils (initial SOCS and initial SOCS of different carbon 

pools), and land management/vegetation data (monthly soil cover, monthly carbon inputs from 

plant residues, organic fertilizers, and manure, and DPM to RPM ratio).  

Table 2-4: RothC model minimum input data requirements (FAO, 2019). 

Climate data Soil data Land management data 
Mean monthly precipitation 

(mm) Total initial 0-30 SOCS (t C/ha) Monthly soil cover (bare vs vegetated) 

Mean monthly air temperature 
(℃) 

Initial SOCS of pools (t C/ha): DPM, 
RPM, BIO, HUM, and IOM Irrigation (mm) 

Monthly open-pan evaporation 
(mm) 

Clay content (%) at simulation depth 
(cm) 

Monthly C inputs from plant residue (t 
C/ha) 

   
Monthly C inputs from organic 
fertilizers and manure (t C/ha) 

  
DPM: RPM ratio (estimate of 

decomposability) 
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Precipitation and potential evapotranspiration (PET) are used to calculate topsoil moisture deficit 

(TSMD), as it is easier to do this than obtain monthly measurements of the actual topsoil water 

deficit (Coleman & Jenkinson, 2014). If PET data is unavailable, monthly potential 

evapotranspiration can be calculated with adequate accuracy using Müller’s (1982) collection of 

meteorological data from around the world. Thornthwaite’s equation could also be used to 

calculate the PET (Thornthwaite, 1948). Notably, air temperature is used rather than soil 

temperature as it is more obtainable for most sites. As mentioned, clay content (%) affects the 

way SOM decomposes and is used to calculate the amount of plant-available water the topsoil 

can hold (Coleman & Jenkinson, 2014). A crucial land management input factor is the soil cover 

status, as it is necessary to indicate whether the soil is vegetated because decomposition is faster 

in fallow soils than in cropped soil, even when the cropped soil is not allowed to dry out (Sommers 

et al., 1981; Coleman & Jenkinson, 2014). The plant residue input is calculated as the amount of 

carbon put into the soil per month (t C/ha), including carbon released from roots during crop 

growth. Notably, this input is rarely known, and the model is often run in “inverse” mode, 

generating input from known soil, site, and weather data (Coleman & Jenkinson, 2014). The 

amount of fertiliser and farmyard manure (FYM) is input separately because it is treated slightly 

differently from inputs of fresh plant residues. 
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CHAPTER 3 THE CARBON CREDIT CONUNDRUM: WHICH 

ANALYTICAL METHOD SHOULD BE USED FOR 

DETERMINING SOIL ORGANIC CARBON CONTENT IN 

SOUTH AFRICA 

3.1 Introduction 

The rise in atmospheric carbon dioxide and other greenhouse gas emissions poses a significant 

challenge both locally and globally, contributing to climate change that endangers environmental 

and social well-being (Lal, 2009; Zhou et al., 2019). A process to reduce emissions, such as 

carbon dioxide and methane, is through carbon sequestration, which involves the long-term 

storage of carbon in oceans, soils, vegetation, and geological formations (Olson & Al-Kaisi, 2014). 

Recent studies have indicated that the sequestration of carbon in the soil is a promising strategy 

for decreasing carbon emissions (Nair, 2012; Rhodes, 2017; Baurov, 2021; Zhang et al., 2021). 

Farmers and local land managers are uniquely positioned to sequester carbon and monetise this 

effort by selling carbon credits to the government or businesses, providing a source of income 

(Sharma et al., 2021). The demand for these carbon credits is rapidly increasing in South Africa. 

Accurate quantification of soil organic carbon (SOC) content is essential to account for these 

carbon credits. Currently, South Africa predominantly uses the Verified Carbon Standard 

Methodology (Shoch & Swails, 2020) and the Gold Standard (Aynekulu et al., 2011; TREES 

Consulting, 2020) as frameworks for determining SOC content. Unfortunately, the Verified Carbon 

Standard Methodology (Shoch & Swails, 2020) does not specify which analytical method should 

be used for determining SOC content, while the Gold Standard (TREES Consulting, 2020) states 

that only the total dry combustion (TDC) method may be used. This uncertainty and variability in 

SOC content quantification introduces a level of risk, potentially affecting the credibility and 

reliability of carbon credit calculations. Thus, for credible carbon credits, SOC content needs to 

be determined by a single, reliable analytical method or methods with reliable conversion factors 

to other methods. 

The three common analytical methods used for determining SOC content are the TDC (Nelson & 

Sommers, 1996; Kumar et al., 2019; Roper et al., 2019; FAO, 2019), loss-on-ignition (LOI) (Roper 

et al., 2019; FAO, 2019) and Walkley-Black wet-oxidation (WB) (Walkley & Black, 1934; Kumar 

et al., 2019; Roper et al., 2019; FAO, 2019) methods. The TDC method works by combusting 

SOC at very high temperatures (around 1 200 ℃). The carbon dioxide released during 

decomposition is quantified using an elemental analyser (also called CN analyser) (Pribyl, 2010; 

Roper et al., 2019; FAO, 2019). This high-throughput method has been shown to have a higher 
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accuracy compared to other methods and has been widely accepted as the standard method for 

SOC content determination (Aynekulu et al., 2011; TREES Consulting, 2020; FAO, 2019). The 

TDC method measures the total soil carbon, unless the inorganic fraction is removed using an 

acidic reagent or no inorganic carbon is present in the sample, typically in soils with a pH less 

than 7 (Konen et al., 2002; Pribyl, 2010; Roper et al., 2019; FAO, 2019).  

The LOI method is a rapid and simple method that also works on the principle of thermal 

decomposition. Soil samples are combusted in a muffle furnace at around 550 ℃ with the 

gravimetric loss measured as soil organic matter (SOM). This method uses a correction factor of 

1.724 to convert SOM to SOC content, by assuming that 58% of the SOM is comprised of SOC. 

Although there has been debate on this conversion factor, with SOC content reportedly ranging 

from 50 to 66% of SOM, the correction factor is still the most acceptable to date (Pribyl, 2010; 

Hoogsteen et al., 2015; Roper et al., 2019; FAO, 2019). 

Finally, the WB method is a rapid method that requires minimum equipment that uses dichromate 

to oxidise SOC in concentrated sulphuric acid and afterward titrating the remaining dichromate 

with ferrous sulphate (Walkley & Black, 1934; Konen et al., 2002; De Vos et al., 2005; Pribyl, 

2010; Roper et al., 2019; FAO, 2019). The amount of dichromate consumed during the reaction 

is then used to calculate the SOC content in the soil sample. However, incomplete oxidation can 

lead to SOC content underestimation and the use of dichromate might also be chemically harmful 

to the environment (Walkley & Black, 1934; Konen et al., 2002; De Vos et al., 2005; Pribyl, 2010; 

Roper et al., 2019; FAO, 2019). 

Many previous studies have been conducted on the relationship between these analytical 

methods (De Vos et al., 2005; Abella & Zimmer, 2007; Roper et al., 2019; Visconti et al., 2022; El 

Mouridi et al., 2023). However, only two studies have been conducted in Africa (Yerokun et al., 

2007; McCarty et al., 2010) and none have focused on South African soils. For regions or 

countries where certain analytical methods are unavailable, pedotransfer functions have been 

developed to convert SOC content values from one method to another (Fernandes et al., 2015; 

Gessesse & Khamzina, 2018; El Mouridi et al., 2023). Despite this, there are concerns that the 

unique characteristics of South African soils and environments may affect their applicability (Kock 

et al., 2024). Furthermore, there has been a lack of studies exploring the transfer of these 

functions between different countries or regions. As mentioned above, the WB method could lead 

to incomplete oxidation and consequently to SOC content underestimation. Calculating the 

recovery factor (RF) of the WB method, is essential in determining the extent to which the WB 

method underestimates SOC content to the TDC method. 
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The accurate assessment of carbon credits is crucial for local land managers and the industry, as 

identifying the most reliable method can not only enhance efficiency but also significantly reduce 

costs, ultimately benefiting all stakeholders involved. To address this gap, this study aimed to 

determine which analytical method should be used for determining SOC content for the 

assessment of carbon credits in South Africa. Secondly, it determined whether pedotransfer 

functions could be used for transferring SOC content values between methods. 

3.2 Materials and methods 

3.2.1 Study area and site description 

For the study area, five catchments (Figure 3-1a) were selected based on their ecological and/or 

economic importance in South Africa as part of the HYDROSOIL project (van Zijl et al., 2024). 

The five catchments included several different soil-forming factors, such as climate, land use and 

geology, which led to the representation of almost all South African soils. 

The Goukou catchment, located in the Western Cape Province, experiences a median annual 

precipitation (MAP) ranging from 400 to 600 mm (Shulze, 2007). The area is primarily composed 

of calcareous sedimentary rocks, such as sandstone, mudstone, shale, siltstone, conglomerate, 

and quartz (Council for Geoscience, 2019). Land use in the catchment mainly consists of 

commercially cultivated areas and low shrubland (fynbos) (GeoTerra Image, 2020). The soils in 

the Goukou catchment are characterised by sand dunes (Regosols) in the southern region, while 

the northern region features duplex soils (Solonetz and Planosols) and the crests feature shallow, 

rocky soils (Leptosols) (Land Type Survey Staff, 1972-2006). Soils in the Western Cape, 

specifically in the Goukou catchment, also have a higher soil inorganic carbon (SIC) fraction 

(carbonatic soils) compared to the other catchments (Sharififar et al., 2023). Some smaller areas 

within the catchment are also characterised by saturated soils (Gleysols) and located close to 

wetlands (Land Type Survey Staff, 1972-2006). 

The Olifants catchment, located in the Gauteng Province, is 1 567 km² in size and receives a 

MAP of 691 mm in the north and 787 mm in the south (Shulze, 2007). The catchment area 

primarily consists of sandstones, shales, quartzites, and dolomites (Council for Geoscience, 

2019). Land use in the catchment is mainly coal mines, commercial cultivated areas, and natural 

grassland (GeoTerra Image, 2020). The soils of the Olifants catchment are characterised by 

sandy topsoils overlying plinthic subsoils (Plinthosols), with shallow soils (Leptosols) occurring 

over large areas of the catchment (Land Type Survey Staff, 1972-2006). Some areas of the 

catchment also include deep, sandy soils (Acrisols) (Land Type Survey Staff, 1972-2006). 

The Sabie catchment, located in the Mpumalanga Province, is 5 790 km² and receives a MAP of 

540 mm in the eastern part and 1 200 mm in the western part of the catchment (Shulze, 2007). 
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The geology of the catchment includes quartzites, granites, basalts, conglomerates, andesites, 

gneiss and shales (Council for Geoscience, 2019). The land use varies from natural vegetation 

in the Kruger National Park and Sabie-Sands Game Reserve in the east, commercial irrigated 

agricultural areas in the lower lying areas and forest plantations in the west (GeoTerra Image, 

2020). Large areas of this catchment contain soils that are sandy and deep (Acrisols), while small 

parts of the catchment contain shallow soils (Leptosols) (Land Type Survey Staff, 1972-2006). In 

some areas, soils overlying relatively impermeable bedrock (Arenosols) can also be found. 

The Tsitsa catchment, located in the Eastern Cape Province, is 494 km² in size and receives a 

MAP of approximately 800 mm in the north and approximately 950 mm in the south (Shulze, 

2007). The geology of the catchment includes sandstones, mudstones, dolomites, and shales 

(Council for Geoscience, 2019). The land use varies from being predominantly built-up land 

(villages), natural grassland, commercial cultivated areas, and fallow lands, while there are also 

small distributions of forested land within the catchment area (GeoTerra Image, 2020). Large 

areas of this catchment also contain soils that are sandy and deep (Acrisols), while small parts of 

the catchment contain shallow soils (Leptosols) (Land Type Survey Staff, 1972-2006). Soil 

erosion is a major land degradation problem across South Africa but is particularly severe in the 

Tsitsa catchment and ultimately leads to a decrease of SOC content in the area (Ighodaro et al., 

2013; Parwada & Van Tol, 2016; du Plessis et al., 2020). 

The UMngeni catchment, located in the KwaZulu-Natal Province, is 986 km² in size (Figure 3-1b) 

and receives a MAP of more than 1 200 mm (Shulze, 2007). The geology of the catchment 

includes dolerite, sandstones, mudstones, and shales (Council for Geoscience, 2019). Large 

areas of this catchment also contain soils that are sandy and deep (Acrisols), while small parts of 

the catchment contain shallow soils (Leptosols) (Land Type Survey Staff, 1972-2006). The soil 

within the catchment is generally well-drained and high in SOM (Histosols) (Fey, 2010). This 

catchment supplies water to nearly 15% of South Africa’s population (Summerton & Schulze, 

2009), with the land use being predominantly forested land (GeoTerra Image, 2020). 
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(a) 

 

(b) 

 

Figure 3-1: (a) The study area indicating the five catchments selected where soil samples were 

collected, as well as (b) an example of the observation points that were distributed throughout the 

UMngeni catchment. 
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3.2.2 Soil sampling 

The sampling locations in each catchment were selected using the Conditioned Latin Hypercube 

Sampling (cLHS) design (Minasny & McBratney, 2006), using slope, elevation, geology, MAP and 

Normalized Difference Vegetation Index (NDVI) as covariates (Figure 3-1). This approach 

ensured that the attribute space of the different catchments was covered and should represent 

the SOC diversity accordingly. A total of 220 cLHS locations were identified and topsoil (0-30 cm) 

collected using a soil auger (Table 3-1). Only topsoil samples were taken, as per the requirement 

of the Verified Carbon Standard Methodology (Shoch & Swails, 2020) and Gold Standard (TREES 

Consulting, 2020). Sampling for the different catchments took place at various stages throughout 

the year and were conducted between December 2021 and November 2022. Although the 

sampling was done at different stages, SOC content was not expected to change over this period 

(Wuest, 2014). 

Table 3-1: The number of samples (n) from each catchment for soil organic carbon (SOC) content 

and pH analyses. 

Catchment 
SOC content 
analysis (n) 

pH analysis (n) 

Goukou 33 8 

Olifants 53 18 

Sabie-Sands 43 25 

Tsitsa 56 8 

Umngeni 35 15 

TOTAL 220 74 

 

The 220 collected samples were analysed for SOC content with the three methods: WB, TDC and 

LOI methods (incorporating the correction factor of 1.724) (FAO, 2019). No samples were treated 

with any acidic reagent to remove the SIC content. Only 74 samples were selected and analysed 

for pH (in a 1:2.5 KCl solution) (Table 3-1) due to budget constraints. The 74 samples represented 

the main soil forms found in the study area, as mentioned in section 2.1. 

3.2.3 Statistical analysis 

3.2.3.1 SOC content distribution 

The SOC content distribution for each site was shown through box-and-whisker plots created 

using the “ggplot” function in RStudio (Wickham, 2016). Given that the assumption of normality 

was not met, a Kruskal-Wallis’s test (Kruskal and Wallis, 1952) was performed in RStudio (R Core 
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Team, 2020) using the “kruskal.test” function, which was done to determine if there were overall 

significant statistical differences between the values of the methods. Afterwards, a pairwise 

means comparison test (“pairwise.wilcox.test” function) was also done in RStudio to determine 

the significance differences between each pair of methods. 

3.2.3.2 Creation of pedotransfer functions 

The “lm” and “poly” functions were used to fit a linear and polynomial model to the data (R Core 

Team, 2020).  The combination of the “lm”, “poly” and “ggplot” functions in RStudio (Wickham, 

2016) were used to create scatter plots and extract and visualise the pedotransfer functions 

between the methods. Ultimately, the best performing models were shown in this paper. 

3.2.3.3 Determination of SOC content percent recovery and factor 

The percent recovery (%R) for the WB method was determined by using Equation 3-1 (Mikhailova 

et al., 2003), while Equation 3-2 (Matus et al., 2009) was used to determine the recovery factor 

(RF).  

     Equation 3-1: %R = (SOCWB/SOCTDC) X 100 

where SOCWB refers to the SOC content by the WB method and SOCTDC refers to the SOC content 

determined by the TDC method, with all quantities expressed as percentages. 

     Equation 3-2: RF = (100/%R) 

3.2.3.4 Carbon credit assessment 

The implications of the different measurement methods for carbon credit assessment were 

demonstrated by selecting four specific samples that were measured with all three analytical 

methods. The implication of using the RF for the WB method was also added for each specific 

sample. The first sample selected had a very high SOC content, while the second sample selected 

had a very high SIC content, as indicated by the large difference between the WB and TDC 

measurements. The third and fourth samples selected, had a very low RF (1.1) and very high RF 

(3.5), respectively. Equation 3-3 was used to calculate the soil organic carbon stocks (SOCS) for 

each sample, assuming a dry bulk density of 1.3 g/cm³ to a depth of 30 cm. 

Equation 3-3: SOCS = SOC content (%) × dry bulk density (g/cm³) × layer thickness (cm) 

Since the price of carbon credits is trading between $15 - $25 per tCO2e (Orizon Agriculture, 

2024), the value of a carbon credit was deemed to be $20 for this demonstration. The amount of 

1-ton carbon dioxide equivalence (CO2e) was calculated by multiplying the SOCS with 3.76 

(molecular fraction). 
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3.3 Results and discussion 

3.3.1 Soil organic carbon content distribution 

Overall, the three methods presented varied measurements for SOC content, with statistically 

significant differences observed between the methods (Figure 3-2). The three methods also 

presented varied measurements for SOC content across the different catchments (Figure 3-3). 

Statistically significant differences between methods were observed only in the Olifants-, Tsitsa-, 

and Sabie catchments (Figure 3-3). In these catchments, the LOI method showed the highest 

SOC content distribution, while the WB method showed the lowest SOC content distribution 

(Figure 3-3). For the Goukou catchment, the TDC method showed slightly higher SOC content 

compared to the other two methods, although no statistical differences were found between the 

methods for this catchment (Figure 3-3). The pH distribution of the catchments showed that the 

Goukou had the highest pH, while the UMngeni had the lowest pH (Figure 3-4). However, except 

for the Goukou catchment, all other catchments were significantly indifferent from each other 

(Figure 3-4). 

The Goukou catchment exhibited a higher pH distribution (median = 6.35), suggesting nearly 

alkaline soil and the potential presence of SIC compared to other catchments. The elevated pH 

may be attributed to the proximity of the samples to the coastal dunes, which are rich in 

carbonates from sea-spray deposits (Sharififar et al., 2023), or to the influence of carbonates 

derived from calcareous weathered rocks (Council for Geoscience, 2019). Soils with a higher pH 

(> 6.35) typically have increased saturation with basic cations (Ca²⁺ and Mg²⁺), which react with 

dissolved bicarbonates and carbonates. This interaction can lead to the precipitation of SIC once 

critical ion concentrations are achieved (Batool et al., 2024). This shows that the TDC method 

may have overestimated the SOC content, by measuring both SOC- and SIC content. SIC can 

be removed by the addition of an acidic reagent, such as HCl, which has been done so that only 

SOC content is measured (Roper et al., 2019; FAO, 2019). Since the Goukou catchment is the 

only catchment likely to contain SIC, the TDC method should still be considered the preferred 

method for determining SOC content in soils with a pH < 6.35. 

The results indicated that the UMngeni catchment had the lowest pH distribution (Figure 3-4) but 

also the highest SOC content across all three methods (Figure 3-3). The SOC content measured 

by the WB method was consistently lower for all catchments compared to the other methods. 

Although not statistically significant, the SOC content from the WB method (median = 4.22 % for 

the UMngeni catchment) was nearly 1.5 % lower than that of the TDC method (5.68 %). This 

lower SOC content from the WB method was likely due to incomplete oxidation (Walkley & Black, 

1934; FAO, 2019), with recent studies suggesting that only 60-86% of SOC is oxidized (Kumar et 

al., 2019; FAO, 2019). The incomplete oxidation of SOC content, likely led to the method 
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underestimating the SOC content for the UMngeni catchment. The incomplete oxidation of this 

method is a common occurrence, and studies have tried to incorporate correction factors 

(Meersmans et al., 2009; Roper et al., 2019), however, no standardised correction factors are 

currently available. Although re-sampling was not done for this study, previous studies have 

shown that improved precision can be achieved at field scale by using the TDC method, rather 

than the WB method (Bowman et al., 2002; Goidts et al., 2009). Therefore, if the soil is expected 

to have a high SOC content, the WB method should be avoided. 

The LOI method demonstrated the highest overall distribution of SOC content (Figure 3-2) and 

showed the greatest SOC content for the Olifants, Sabie, and Tsitsa catchments (Figure 3-3). 

Previous research supports these findings, indicating that the LOI method typically yields higher 

SOC content than the WB method (Fernandes et al., 2015; Gessesse & Khamzina, 2018; Kumar 

et al., 2019; Visconti et al., 2022). Jensen et al. (2018) also found that the LOI method reported 

significantly higher SOC content compared to the TDC method, consistent with the results (Figure 

3-2 and Figure 3-3). It is important to note that the LOI method employs a correction factor of 

1.724 (assuming 58 % of SOM consists of SOC), which has been shown to overestimate SOC 

content (Hoogsteen et al., 2015; Jensen et al., 2018; FAO, 2019). Some studies have suggested 

that the correction factor should be closer to 50% of SOM (Pribyl, 2010; Hoogsteen et al., 2015; 

Roper et al., 2019; FAO, 2019). Hoogsteen et al. (2015) have also reported a clay correction 

factor (0.01 to 0.09), however, there are currently no standardised correction factors to be used 

for the LOI method. Overall, the higher distribution of SOC content observed in the LOI method 

indicates less consistent values compared to the WB and TDC methods. The LOI method is still 

a widely used method for determining SOM, however, this method should be avoided when 

determining SOC content. 
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Figure 3-2: The SOC content distribution of the three methods, including total dry combustion 

(TDC), Walkley-Black wet-oxidation (WB) and loss-on-ignition (LOI). The Kruskal-Wallis (KW) chi-

squared (X²) value, as well as superscript is seen to display the significant differences between 

the methods. 

 

Figure 3-3: The SOC content distribution of the five catchments for the three methods including 

total dry combustion (TDC), Walkley-Black wet-oxidation (WB) and loss-on-ignition (LOI). The 

Kruskal-Wallis (KW) chi-squared (X²) value, as well as superscript is seen to display the 

significant differences between the methods. 
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Figure 3-4: The pH distribution of the five catchments. The Kruskal-Wallis (KW) chi-

squared (X²) value, as well as superscript is seen to display the significant differences 

between the methods. 

3.3.2 Soil organic carbon content relationships and pedotransfer functions 

The SOC content relationships between the different methods for the five study sites clearly 

showed that the WB and TDC methods had the strongest relationships, with R² values larger than 

0.9, except for the Goukou catchment (Table 3-2 and Figure 3-6). Overall, the WB and TDC 

methods had a very strong relationship, with an R² of 0.91. 

Table 3-2: The relationships between the three analytical methods from the five different 

catchments, expressed as R². 

Catchment TDC vs LOI WB vs LOI WB vs TDC 

  R² p-value R² p-value R² p-value 

Goukou 0.37 0.004 0.75 <0.001 0.56 <0.001 

Umngeni 0.62 <0.001 0.39 0.002 0.96 <0.001 

Olifants 0.7 <0.001 0.72 <0.001 0.90 <0.001 

Sabie 0.93 <0.001 0.87 <0.001 0.97 <0.001 

Tsitsa 0.88 <0.001 0.83 <0.001 0.97 <0.001 

Previous studies also show this very strong relationship between the WB and TDC methods, with 

R² values > 0.86 (Jankauskas et al., 2005; Slepetiene et al., 2008; Gessesse & Khamzina, 2018; 
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Kumar et al., 2019). Only Roper et al. (2019) found a very similar R² of 0.55 between the TDC 

and WB methods, however, the reason for this moderate relationship was unclear for their study.  

From the results, it was determined that the likely reason for the moderate relationship between 

WB and TDC for the Goukou catchment was due to the TDC method also measuring the SIC 

fraction of the soil, while WB only measured SOC content. The comparison between the WB and 

TDC methods revealed that at a SOC content of 2.5%, the deviation between the 1:1 line and the 

regression line was 0.2%, while at 5%, the deviation increased to 1 %. This indicates that the 

discrepancy between the two methods became more pronounced with increasing SOC content, 

caused by the incomplete oxidation of SOC content in the WB method (Wakley & Black, 1934; 

Kumar et al., 2019; FAO, 2019). Thus, the pedotransfer function (Equation 3-4) may be applicable 

for soils with less than 2.5% SOC content, as many of the values lie along the 1:1 line in this 

range (Figure 3-5). However, for higher values, it becomes increasingly inaccurate and should 

therefore not be considered as reliable. Therefore, the pedotransfer function between WB and 

TDC could only be used for soils with up to 2.5% SOC content. 

Equation 3-4: 𝐒𝐎𝐂𝐖𝐁  =  −𝟎. 𝟏𝟓𝟕 +  𝟎. 𝟖𝟗𝟓 𝐱 𝐒𝐎𝐂𝐓𝐃𝐂 –  𝟎. 𝟎𝟏𝟒𝟗 𝐱 𝐒𝐎𝐂𝐓𝐃𝐂² −  𝟎. 𝟎𝟎𝟎𝟔𝟎𝟔 𝐱 𝐒𝐎𝐂𝐓𝐃𝐂³, 

where SOCWB = SOC content determined by the Walkley-Black method and SOCTDC = SOC 

content determined by the total dry combustion method. 

Some studies have found a very strong relationship (R² > 0.8) between the WB and LOI methods 

(Jankauskas et al., 2005; Brunetto et al., 2006; Yerokun et al., 2007), as seen with the Sabie and 

Tsitsa catchments, however, overall, these two methods tend to have relatively poor to moderate 

relationships (Figure 3-6). This is usually attributed to the LOI method overestimating the SOC 

content (Hoogsteen et al., 2015; Roper et al., 2019), while the WB method tends to underestimate 

SOC content in some cases due to incomplete oxidation (Pribyl, 2010; Roper et al., 2019; FAO, 

2019). This was also seen from Figure 6, with very high SOC values for the LOI method compared 

to the WB method. Therefore, the pedotransfer function (Equation 3-5) between the WB and LOI 

methods are not reliable enough to be used in South Africa. 

Equation 3-5: 𝐒𝐎𝐂𝐖𝐁  =  𝟎. 𝟏𝟒𝟓 +  𝟎. 𝟒𝟒𝟏 𝐱 𝐒𝐎𝐂𝐋𝐎𝐈  +  𝟎. 𝟎𝟏𝟐𝟔 𝐱 𝐒𝐎𝐂𝐋𝐎𝐈² −  𝟎. 𝟎𝟎𝟎𝟕𝟓 𝐱 𝐒𝐎𝐂𝐋𝐎𝐈³, where 

SOCWB = SOC content determined by the Walkley-Black method and SOCLOI = SOC content 

determined by the loss-on-ignition method. 

Some studies have also found strong relationships between the TDC and LOI methods (De Vos 

et al., 2007; Abella & Zimmer, 2007; Fernandes et al., 2015; Jensen et al., 2018), as found at the 

Sabie and Tsitsa catchments. However, recent studies (Roper et al., 2019; Kumar et al., 2019) 

have also found poor to moderate relationships (R² < 0.6) between these two methods (Figure 

3-7), due to the overestimation of SOC content with the LOI method. This overestimation was 
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also evident from Figure 3-8. Therefore, the pedotransfer function (Equation 3-6) between the 

TDC and LOI methods are also not reliable enough to be used in South Africa. 

Equation 3-6: 𝐒𝐎𝐂𝐓𝐃𝐂  =  𝟎. 𝟕𝟑𝟔 +  𝟎. 𝟐𝟗𝟓 𝐱 𝐒𝐎𝐂𝐋𝐎𝐈  +  𝟎. 𝟎𝟒𝟏𝟔 𝐱 𝐒𝐎𝐂𝐋𝐎𝐈² −  𝟎. 𝟎𝟎𝟎𝟖𝟔𝟏 𝐱 𝐒𝐎𝐂𝐋𝐎𝐈³, where 

SOCTDC = SOC content determined by the total dry combustion method and SOCLOI = SOC 

content determined by the loss-on-ignition method. 

 

Figure 3-5: Scatter plot indicating the relationship between the Walkley-Black wet-oxidation (WB) 

method and the total dry combustion (TDC) method for SOC content. The red line indicates the 1:1 

line. 

 

Figure 3-6: Scatter plot indicating the relationship between the Walkley-Black wet-oxidation (WB) 

method and the Loss-on-ignition (LOI) method for SOC content. The red line indicates the 1:1 line. 
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Figure 3-7: Scatter plot indicating the relationship between the total dry combustion (TDC) method 

and the loss-on-ignition (LOI) method for SOC content. The red line indicates the 1:1 line. 

3.3.3 SOC content recovery factor 

The samples (n = 220) had an RF median of 1.27, with statistically significant differences 

observed between the catchments (Figure 3-8). This value of 1.27, was remarkably close to the 

original RF (1.32) that was introduced by Walkley (1947) for quantifying the SOC content when 

external heat was not applied. The RF was also significantly lower compared to Sato et al. (2011) 

and Enang et al. (2018), which found RF ranges between 1.55 and 4.66. However, there were 

high variations of RF between all the catchments, with two outlier samples from the Goukou 

having an RF of 8 and 30, respectively (Figure 3-8). As mentioned, the TDC method likely 

measured the SIC content for the Goukou catchment, which led to the RF presenting these high 

RF values. 

Except for the Goukou catchment, the variation in RF for the other catchments can likely be 

explained by the SOC content pools (active and resistant) and factors influencing the 

decomposition of organic material, such as vegetation, land use and climate. Bahadori and Tofighi 

(2017) concluded that soils with generally low SOC content (~ 1%) are distributed more in the 

resistant SOC fraction. This might be true for the Sabie and Tsitsa catchments, as these two 

catchments presented lowest SOC content (Figure 3-3) and the lowest RF of 1.26 and 1.11, 

respectively. It might therefore be assumed that soils with high SOC contents, such as the 

UMngeni catchment, probably have a larger active pool that increases the efficiency of the WB 

method (Kamara et al., 2007; Jha et al., 2014). However, the UMngeni catchment had a relatively 
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low RF (1.24) compared to the other catchments, which might be attributed to some organic 

materials, such as phenolic- and lignin compounds that resist oxidation at the temperatures 

obtained with sulphuric acid in the WB procedure (Díaz-Zorita, 1999; Bahadori & Tofighi, 2017). 

The large RF variation of the Olifants catchment was likely attributed to disturbances of 

agricultural practices, such as tillage, that have been known to increase the active SOC pool on 

crop fields and consequently lead to high RF values (Bahadori & Tofighi, 2017). Overall, the 

variation and significant differences between each catchment, indicate that the RF of 1.27 for the 

WB method cannot be used as a standard for South African soils. 

 

Figure 3-8: The SOC content recovery factor (RF) for the WB method of the five catchments. 

Superscript is seen to display the significant differences between the methods. 

3.3.4 Implications for carbon credits 

Figure 3-9 indicates the significant financial impact the SOC content measuring method can have 

on the carbon credit value of a 1-ha field. Overall, the LOI method did not provide a consistent 

trend when evaluated with the other two methods, with some samples indicating a higher carbon 

credit value (High RF) and some samples indicating a lower carbon credit value (High SIC and 

Low RF) (Figure 3-9). This is due to the inconsistent SOC measurement by the LOI method, 

attributed to the inconsistent correction factor of 1.724. Concerning the TDC method, the great 

overestimation of SOC content was due to the inclusion of SIC content and is evident for the high 

SIC sample, where a grossly inflated carbon credit value of $20 267 was calculated compared to 

a value of $3 263 for the WB method when utilising the RF (Figure 3-9). This clearly shows the 
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vast financial implications of using an analysis method outside of the intended setting. Therefore, 

when the TDC method is to be used, the SIC content must be removed from the soil sample, 

before determining the SOC content. In contrast, the high SOC sample shows the effect of the 

underestimation of the WB method. The TDC method presented a carbon credit value of $45 057, 

while the WB method presented a carbon credit value of $22 528 and a value of $28 597 when 

the RF was applied. This shows the implication of the incomplete oxidation when using the WB 

method. Both, the high and low RF samples indicated the need for a specific RF. In the high RF 

scenario, the TDC method had a considerably higher carbon credit value ($2 003) than both the 

WB ($572) and WB with the RF ($715), while in the low RF scenario, the TDC method presented 

a higher carbon credit value ($5 982) compared to the WB method ($5 210), but a lower value 

than the WB with the RF ($6 526) (Figure 3-9). This difference in carbon credit value of 

approximately $600/ha, shows the magnitude of the financial implications of working on a general 

RF, rather than the actual value measured with the TDC method. 

As mentioned, the WB method can lead to the underestimation of SOC content, while the 

standard RF of 1.27 for the WB method is not suitable for South African soils. Therefore, the TDC 

method should be considered the preferred method for determining SOC content for carbon credit 

assessments. However, the SIC content needs to be removed through an acidic reagent, 

otherwise it could lead to gains or losses of up to thousands of dollars. 

 

Figure 3-9: Implications of carbon credit value ($) when using the four specific samples with the 

three analytical methods. 
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3.3.5 Applicability to South African soil conditions 

Overall, the study found that for South African conditions, the TDC method should be selected for 

determining SOC content and for accurate carbon credit assessment. The TDC method does 

unfortunately have a high cost and if the soil has a pH of 6.35 or higher, an acidic reagent (HCl) 

is needed to remove any free carbonates and prevent the measurement of SIC content. The next 

option should be the WB method, however, only for soils with an estimated SOC content < 2.5%, 

since after this point the method might underestimate the SOC content due to the incomplete 

oxidation. Although the median RF of 1.27 achieved, was very close to the original RF determined 

by Walkley (1947), the values did indicate variability, and it was clear that no standard RF could 

be applied for South African soils. The WB method does also have a high cost and has the highest 

environmental impact due to the use of hazardous chemicals (FAO, 2019). The TDC and LOI 

methods does however have a considerable energy usage, however, the TDC method has shown 

to have lower uncertainty and errors compared to the LOI and WB methods (Goidts et al., 2009). 

The study found that the LOI method provided the least reliable SOC content values, however, 

this method was the cheapest and is relatively simple to perform. As mentioned, the LOI method 

is still a widely used method for determining SOM, however, this method should be avoided when 

determining SOC content in South Africa for carbon credit assessment. The pedotransfer function 

created between the WB and TDC methods was acceptable for soils with a pH < 6.5, however, 

should be avoided when soils exhibit a higher pH or high SOC content. 

3.4 Conclusion 

The study found that the WB, TDC and LOI methods measured different SOC content values for 

the same samples. Measuring SOC content with different analytical methods could lead to 

significant financial implications and therefore a standard or consistent method is needed for 

determining SOC content for the assessment of carbon credits in South Africa. 

The study also reached the second aim by successfully creating pedotransfer functions between 

all three methods. However, only the WB and TDC methods had a very strong relationship (R² = 

0.91) and showed that accuracy start to decrease significantly after 2.5% SOC content. Therefore, 

this pedotransfer function (SOCWB = -0.157 + 0.895 x SOCTDC – 0.0149 x SOCTDC² - 0.000606 x 

SOCTDC³) could be used for transferring SOC content values with SOC content up to 2.5%. The 

pedotransfer function between the LOI and WB methods (SOCWB = 0.145 + 0.441 x SOCLOI + 

0.0126 x SOCLOI² - 0.00075 x SOCLOI³), as well as the pedotransfer function between the TDC 

and LOI methods (SOCTDC = 0.736 + 0.295 x SOCLOI + 0.0416 x SOCLOI² - 0.000861 x SOCLOI³) 

were found to be unreliable to be used in South Africa. 
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The LOI method should not be used for determining SOC content, due to the inconsistent 

correction factor of 1.724. Although the median RF of 1.27 was achieved, when the RF was 

applied, there were significant financial implications regarding carbon credit values. The variability 

of RF for the WB method between the different catchments were likely attributed to the different 

land use, vegetation and distribution of SOC pools. The study also found that the TDC method 

should still be considered the preferred method for determining SOC content for the assessment 

of carbon credits in South Africa. However, only in soils with a pH less than 6.35. Adding an acidic 

reagent to remove SIC should be considered an important step for determining reliable SOC 

content values. The WB method should be avoided if a soil is expected to have a high SOC 

content, while the LOI method could still be used for determining SOM, however, this method 

should be avoided when determining SOC content. 

Future research should focus on improving the RF for the WB method for South African soils, as 

well as evaluating the conversion factor of the LOI method for South African soils. This study 

successfully provided guidelines for selecting the appropriate analytical method when determining 

SOC content in South Africa. 
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CHAPTER 4 CREATING A NEAR-INFRARED SPECTROSCOPY 

CALIBRATION ALGORITHM FOR SOIL ORGANIC 

CARBON CONTENT IN SOUTH AFRICA 

4.1 Introduction 

To mitigate carbon emissions into the atmosphere, soil carbon sequestration has been 

implemented globally (Lal, 2009) and has become a significant focus in recent years (Nair, 2012; 

Rhodes, 2017; Baurov, 2021; Zhang et al., 2021; Batool et al., 2024). Local land managers or 

farmers have the unique opportunity not only to sequester carbon in the soil, but to sell units of 

sequestered carbon, to the government or other businesses as carbon credits (Sharma et al., 

2021).  

Accurate quantification of soil organic carbon (SOC) content is an essential part of the accounting 

of these carbon credits. Conventional methods that are used for the quantification of SOC content, 

such as the Walkley-Black wet-oxidation (WB) and total dry combustion (TDC) methods, are 

costly, labour- and time-intensive (Walkley & Black, 1934; Nelson & Sommers, 1996; FAO, 2019). 

Alternatively, the use of infrared light reflectance as an advanced technology has shown promise 

as an easy, rapid and cost-effective alternative for SOC analysis (Soriana-Disla et al., 2014; Orr 

et al., 2017). Research on the use of near-infrared (NIR) diffuse reflectance spectroscopy in soil 

science has rapidly increased, with a focus on SOC content, texture, structure, and microbial 

activity (Wetterlind et al., 2008; Stenberg et al., 2010; Orr et al., 2017; FAO, 2019; Biney et al., 

2020; Li et al., 2020; Long et al., 2023). 

The NIR spectral signature of SOC is influenced by factors such as soil texture and moisture 

content (Ben-Dor et al., 1999; Stenberg et al., 2010; Tekin et al., 2014). Previous studies have 

shown that it is possible to scan soil samples in situ (also called field state), as opposed to dried 

and sieved soils as prepared for conventional laboratory analysis (Nocita et al., 2013; Tekin et al., 

2012; Tekin et al., 2014; Biney et al., 2020). However, these studies reported significantly 

improved results for prediction of SOC content using laboratory prepared samples, as compared 

to field state samples. 

Different parameters, such as sample moisture state, spectral pre-processing, sampling selection 

and machine learning models have been shown to affect the accuracy of NIR calibration 

algorithms. In recent years, simple random sampling (RS), K-means clustering and conditioned 

Latin Hypercube Sampling (cLHS) have gained more attention as the sampling selection 

algorithm (Hair et al., 2013; Wadoux et al., 2019; Li et al., 2020; Long et al., 2023). Overall, partial 

least squares regression (PLSR) has been the mostly used model for developing NIR calibration 
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algorithms of SOC content (Cambule et al., 2012; McDowell et al., 2012; Stevens et al., 2013; 

Deng et al., 2013; Li et al., 2020; Long et al., 2023). However, Artificial Neural Networks (ANN), 

Random Forest (RF), Support Vector Machines (SVM) and Cubist have also been used 

successfully for developing NIR calibration algorithms of SOC content (McDowell et al., 2012; 

Stevens et al., 2013; Tekin et al., 2014; George & Kumar, 2019). 

The largest freely available spectral library is the Open Soil Spectral Library (OSSL), which has 

an estimation service for utilising calibrated prediction models from open-source mid-infrared 

(MIR), Vis-NIR and NIR spectral data (Safanelli et al., 2023). Currently, prediction models for SOC 

content using the MIR and Vis-NIR are outperforming the NIR prediction models (Safanelli et al., 

2023). However, the prediction of SOC content has shown to be very accurate using the NIR 

prediction models (root mean square error = 0.27% and Lin’s concordance correlation coefficient 

= 0.97), on samples entered in the spectral library. Currently, South African soils are highly 

underrepresented (n = 64) in the OSSL global dataset. These samples are from two distinct 

regions (western, arid region and humid coastal region), leading to inaccurate predictions (Kock 

et al., 2024). The gap must be addressed to determine whether the OSSL can be used to predict 

SOC content for South African soils. 

In South Africa, only two previous studies have focused on developing NIR spectroscopy 

calibration algorithms for SOC content (Nocita, 2009; Zahinda, 2020). Importantly, these 

algorithms have been developed on small areas and are only relevant and usable for those 

specific areas. Currently, there is no standard NIR calibration algorithm that could be used for 

predicting SOC content for South African soils. The aim of the study was to develop a NIR 

spectroscopy calibration algorithm of SOC content that could be used for South Africa. 

The objectives of the study included:  

 To determine whether the OSSL could be used for SOC content prediction of South 

African soils. 

 To determine the effect of parameters, such as sample moisture state, spectral pre-

processing, sampling selection and machine learning models on the creation of NIR 

calibration algorithms. 

 To assess the use of a NIR spectrometer as a field instrument by comparing samples 

scanned in situ (called field state) with samples scanned after laboratory preparation 

(called laboratory prepared). 

 To evaluate the performance of the developed NIR calibration algorithms at a regional 

scale and at local scales. 
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4.2 Materials and methods 

4.2.1 Study area and site description 

Soil samples were collected from five different study sites across South Africa to provide a 

diversity of soil properties, including SOC content (Figure 4-1, Table 4-1). The calibration 

algorithms were developed at the field scale for the Ottosdal and Vrede sites, at the catchment 

scale for the Olifants-, Sabie-Sands- and Tsitsa catchments, and at the regional scale, where all 

collected data were combined. The three catchments included several different and unique soil-

forming factors, such as climate, land use and geology, which led to the representation of almost 

all South African soils. The unique soil-forming factors mainly influencing South African soils 

included were arid and semi-arid to humid climates (Schulze, 2007) and varying parent material. 

At field scale, two fields from farms, near the towns of Ottosdal and Vrede were selected. The 

Ottosdal farm receives a median annual precipitation (MAP) of 565 mm (Schulze, 2007), is 

overlain by the Klipriviersberg Group (Council for Geoscience, 2019) and the soils are typically 

sandy (Acrisols). In contrast, the Vrede farm receives 795 mm MAP (Shulze, 2007), is overlain 

by the Balfour Formation (Council for Geoscience, 2019) and the soils are typically clayey 

(Gleysols and Planosols). Both farms work on dryland, two-year crop rotation of soybeans and 

yellow maize.  

At the catchment scale, three different catchments were selected, as part of a project funded by 

the Water Research Commission (C2020/2021-00455). The Olifants catchment is 1 567 km² in 

size and receives a low MAP of 691 mm in the north and 787 mm in the south (Shulze, 2007). 

The catchment area consists of various bedrock lithologies including sandstones, shales, 

quartzites, and dolomites (Council for Geoscience, 2019). The land use is predominantly coal 

mines, commercial cultivated areas, and natural grassland (GeoTerra Image, 2020). The soils of 

the Olifants catchment are generally sandy topsoil overlying a plinthic subsoil (Plinthosols), with 

shallow soils (Leptosols) occurring over large areas of the catchment (Land Type Survey Staff, 

1972-2006). 

The Sabie-Sands catchment is 5 790 km² and receives a MAP of 540 mm in the eastern part and 

1 200 mm in the western part of the catchment. The catchment area consists of various bedrock 

lithologies including, quartzites, granites, basalts, conglomerates, andesites, gneiss and shales 

(Council for Geoscience, 2019). The land use varies from natural vegetation in the Kruger 

National Park and Sabie-Sands Game Reserve in the east, commercial irrigated agricultural areas 

in the lower lying areas and forest plantations in the west (GeoTerra Image, 2020). Large areas 

of this catchment contain soils that are sandy and deep (Acrisols), while small parts of the 

catchment contain shallow soils (Leptosols) (Land Type Survey Staff, 1972-2006). In some areas, 

soils overlying relatively impermeable bedrock (Arenosols) can also be found. 
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The Tsitsa catchment is 494 km² in size and receives a MAP of approximately 800 mm in the 

north and approximately 950 mm in the south (Shulze, 2007). The catchment area consists of 

various bedrock lithologies including sandstones, mudstones, dolomites, and shales (Council for 

Geoscience, 2019). The land use varies from being predominantly built-up land (villages), natural 

grassland, commercial cultivated areas, and fallow lands, while there are also small distributions 

of forested land within the catchment area (GeoTerra Image, 2020). Large areas of this catchment 

also contain soils that are sandy and deep (Acrisols), while small parts of the catchment contain 

shallow soils (Leptosols) (Land Type Survey Staff, 1972-2006). Soil erosion is a major land 

degradation problem across South Africa but is particularly severe in the Tsitsa catchment, which 

has led to a decrease in soil and consequently SOC content in the catchment (Ighodaro et al., 

2012; Parwada & Van Tol, 2016; du Plessis et al., 2020). 

 

Figure 4-1: Location of the five different study sites and an example of the sampling points within 

the Sabie-Sands catchment and Vrede field. 

4.2.2 Soil sampling and analysis 

At the field scale, 50 sampling points were placed on a 1 ha grid to cover an area of 50 ha and 

the sampling was conducted after harvesting, between July and October 2022 (Figure 4-1). 

Samples were collected with a hand auger at the following depths: 0–5 cm, 5–15 cm, 15–30 cm, 

and 30–60 cm (Table 4-1). 
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At the catchment scale, the sampling locations in each catchment were selected using cLHS 

(Minansy & McBratney, 2006), using slope, elevation, geology, median annual precipitation 

(MAP) and Normalized Difference Vegetation Index as covariates (Figure 4-1). This approach 

ensured that the attribute space of the different catchments was covered and should represent 

the soil diversity accordingly. Sampling for the different catchments took place at various stages 

throughout the year and were conducted between December 2021 and November 2022. For the 

catchments, only topsoil samples (0-15 cm) were collected also using a hand auger (Table 4-1). 

All samples were scanned (once with a scan time of 14 seconds) in a field state, with a 

NeoSpectra hand-held NIR Analyzer developed by Si-Ware, with a spectral range of 1 350 – 2 

550 nm. Afterwards, the samples were brought to the laboratory, air-dried and passed through a 

2 mm sieve. The samples were then analysed for SOC content with the total dry combustion 

(TDC) method using a CN elemental analyser (Nelson & Sommers, 1996). After the TDC analysis, 

all the samples were scanned again in the prepared state. 

Table 4-1:The total number of soil samples (n) taken from each study site, as well as the total area 

of each study site (km²) and respective scale. 

Study site n Area (km²) Scale 

Ottosdal field 200 0.5 Field 

Vrede field 200 0.5 Field 

Olifants catchment 51 1 567 Catchment 

Sabie-Sands catchment 40 5 790 Catchment 

Tsitsa catchment 47 494 Catchment 

 

4.2.3 OSSL method 

To compare how local data will perform using global prediction models, the global spectral dataset 

from the OSSL was used. The methodological outline for the OSSL can be found in Safanelli et 

al. (2025), where the best performing model was selected and statistical metrics utilised, including 

root mean square error (RMSE) (Viscarra Rossel et al., 2006; Wadoux et al., 2021), Lin’s 

concordance coefficient (ρc) (Wadoux et al., 2021), ratio of performance to inter-quartile distance 

(RPIQ) (Zhang et al., 2020) and coefficient of determination (R²) (Peng et al., 2015; Wadoux et 

al., 2021). 

The online server for OSSL predictions was utilised and the entire laboratory prepared dataset 

was uploaded to the estimator and was specified as NIR in the Web application. The “Carbon, 

Total NCS” option was selected and the prediction values for each sample were obtained. The 
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OSSL ran a principal component analysis test to determine whether the spectral signatures of the 

uploaded samples were represented in the OSSL database. The predictions made by the OSSL 

models were exported and compared with the actual observed values from the soil analysis. To 

evaluate the OSSL predictions, the following statistical validation metrics were used: RMSE, ρc, 

RPIQ and R². 

4.2.4 Creation of calibration algorithms on regional and local scale 

4.2.4.1 Soil spectral library and algorithm development 

A soil spectral library was established by combining all the NIR spectral data (Figure 4-2) with the 

SOC content data acquired from the analysis. The integration of the spectral data and SOC 

content data was done in R Studio using the R programming language (R Core Team, 2020). 

On a regional scale, all the samples from the three catchments were used, while only the topsoil 

samples from the two field sites were used, to avoid skewing the dataset (n = 238). At the 

catchment scale, all the available samples for each catchment were used (Tsitsa, n = 47; Olifants, 

n = 51; Sabie-Sands, n = 40). For the field scale all the samples at every depth collected for each 

field (n = 200) were used, as all the samples came from the same sites. 

Four different parameters were tested, including: 

(1) the field state vs prepared state,  

(2) the different pre-processing methods of spectral data vs no pre-processing of spectral data,  

(3) sample selection algorithms to divide the spectral library into training and validation datasets, 

and  

(4) using different machine learning models. 

Spectral cleaning and pre-processing included outlier removal (sample discarded) and mean 

centering standardization (column-wise centering) (Wadoux et al., 2021), which was done to 

maintain the integrity of spectral features and their relationships and to avoid potential distortions 

of other pre-processing techniques. To divide the spectral library into a training and validation 

dataset, RS (De Gruijter et al., 2006), K-Means clustering (K-Means) (Hair et al., 2013), and 

conditioned Latin Hypercube Sampling (cLHS) (Minasny & McBratney, 2006) were applied, using 

the spectral data as input. For RS, the “sample” (R Core Team, 2020) function was used, while 

for K-means and cLHS, the “kmeans” (Kassambara & Mundt, 2020) and “clhs” (Roudier et al., 

2022) functions were used, respectively. The spectral library was split with all three methods into 

a 70:30, calibration to validation ratio datasets. The validation dataset was used to evaluate the 
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calibration models (Bai et al., 2022; Kock et al., 2024). The different empirical machine learning 

models used included Partial Least Square Regression (PLSR) (Janik et al., 2007; Dangal et al., 

2019; Comstock et al., 2019; Metzger et al., 2020; Wadoux et al., 2021), RF (Breiman, 2001; 

Knox et al., 2015; Wadoux et al., 2021), Support Vector Machines (SVM) (Peng et al., 2014; de 

Santana et al., 2021), Cubist (Quinlan, 1992; McBratney et al., 2003; Peng et al., 2015; Dangal 

et al., 2019; Wadoux et al., 2021), and Artificial Neural Networks (ANN) (Rosenblatt, 1958; Tekin 

et al., 2014; George & Kumar, 2020). No special tuning was done for any machine learning model 

and standard conditions, rules and parameters were used for each model (Wadoux et al., 2021). 

With the testing of these four parameters, 60 calibration algorithms were developed for the 

regional scale, using the entire soil spectral library training dataset. For ease of reference, each 

unique parameter configuration was allocated a code (Table 4-2). 

Table 4-2: An example of the code for the different calibration algorithms used in the study. 

 
n Sample state Processing 

Sampling 
design1 ML models2 Code 

O
p

ti
o

n
s

 

  

Field Pre-processing RS PLSR 

  

Prepared Raw cLHS RF 

  K-Means SVM 

   Cubist 

   ANN 

E
x
a
m

p
le

s
 

1 F Pre RS PLSR F-Pre-RS-PLSR 

2 P Raw cLHS ANN P-Raw-cLHS-ANN 

1 RS = stratified random sampling, cLHS = conditioned Latin Hypercube Sampling, K-Means = K-Means clustering. 
2 PLSR = Partial Least Squares Regression, RF = Random Forest, SVM = Support Vector Machines, ANN = Artificial 
Neural Networks. 

4.2.4.2 Calibration algorithm evaluation 

The different calibration algorithms were evaluated on both the calibration and validation datasets 

by computing the RMSE, ρc, RPIQ and R2. Additionally, scatterplots showing the observed and 

predicted values were also developed for the best algorithms to visually display the accuracy of 

the results. To assess the performance of the developed calibration algorithms at catchment- and 

field scale, the overall best performing algorithm at the regional scale (also called standard) was 

applied to the different study sites and validated as mentioned above. Additionally, the best 

performing algorithm for each individual study site was also determined and validated as 

mentioned above. 
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Although there are currently none, specific metrics for assessing if calibration algorithms are 

reliable, previous studies (Cambule et al., 2012; Camacho-Tamayo et al., 2013; Li et al., 2020; 

Wadoux et al., 2021) have found that calibration algorithms presenting an R² > 0.7 and an RPIQ 

> 1.4 were deemed reliable. However, the calibration algorithms had to have an RMSE < 0.3% 

on the regional scale and RMSE < 0.2% on catchment and field scale to be considered accurately 

usable for future SOC content prediction.  
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(a) 

 

(b) 

 

Figure 4-2: The near-infrared (NIR) raw spectral data obtained from scanning the soil samples in 

the (a) field and (b) prepared state with the NeoSpectra handheld instrument. 
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4.2.4.3 Evaluation of methodological parameters 

To determine the effect of the four methodological parameters, a Kruskal-Wallis test (Kruskal & 

Wallis, 1952) was performed on the RMSE validation values, as normality was not assumed. Box-

and-whisker plots (with error bars) were developed to visually determine the effect of the four 

methodological parameters on the RMSE validation values. 

4.3 Results  

4.3.1 Soil organic carbon content distribution and near-infrared spectra 

The SOC content distribution between the study sites was relatively high, varying between 0.14 

and 5% (Figure 4-3). Overall, the SOC content at the field scale was the lowest (medians < 1%) 

compared to the catchment and regional scales. The Tsitsa catchment also had the lowest SOC 

content distribution (median = 1.04%) for all catchments, while the Ottosdal study site had the 

overall lowest SOC content distribution (median = 0.47%).  

The absorbance values for the study sites in the field state were generally higher (less negative) 

compared to the values in the laboratory-prepared state (Figure 4-4a and b). The spectral peaks 

of the study sites for the laboratory-prepared state were also less pronounced compared to the 

peaks for the field state. The most pronounced peaks were seen around 1400-, 1900-, and 2200 

nm wavelengths, with the 1900 nm wavelength from the field state presenting the most 

pronounced peak. The mean raw spectral data, scanned in the field state and in a laboratory-

prepared state, indicated various absorbance values and spacing for each study site. For the field 

state, the Tsitsa study site presented the highest absorbance and the Ottosdal study site 

presented the lowest absorbance (Figure 4-4a), while for the laboratory-prepared state the 

Olifants study site presented the highest absorbance and the Ottosdal study site presented the 

lowest absorbance (Figure 4-4b). The spectral peaks for both states were generally aligned 

across all study sites. 
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Figure 4-3: The soil organic carbon (SOC) content (%) distribution at the three scales. 

(a) 
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(b)

 

Figure 4-4: The NIR mean raw spectral data for each study site obtained from scanning the soil 

samples in the (a) field and (b) laboratory-prepared state with the NeoSpectra handheld 

instrument. 

4.3.2 OSSL distribution 

From the OSSL library distribution, most of the samples were unrepresented (indicated as False 

in Figure 4-5) in the dataset, which led to only a few samples being accurately predicted (indicated 

as True in Figure 4-5). As most of the sample points are situated above the 1:1 line (ρc = 0.21), 

the OSSL calibration algorithm significantly underpredicted the SOC content, with observed SOC 

content higher than predicted SOC content (Figure 4-6). The OSSL prediction also presented 

RPIQ values < 1, R² values < 0.3 and an RMSE of 1.23% (Figure 4-6). 
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Figure 4-5: Scatter plot indicating the principal component analysis (PCA) of NIR Neospectra 

Open Soil Spectral Library (OSSL) and the representativeness of the SOC content from the 

laboratory prepared dataset. 

 

Figure 4-6: Scatter plots indicating the Open Soil Spectral Library (OSSL) calibration algorithm 

that was used as model prediction for soil organic carbon (SOC) content. The black line 

represents the 1:1 line. 
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4.3.3 Regional scale calibration algorithm 

4.3.3.1 Developed calibration algorithms 

Overall, the developed calibration algorithms at the regional scale for the field state indicated poor 

RMSE values (> 0.5%), poor to moderate (0–0.5) level of explanatory power (indicated by R²) 

and weak to moderate (0–0.6) positive relationships (ρc) (Table 4-3, Figure 4-7). The three best 

performing calibration algorithms at the regional scale for the field state (algorithms 8, 9 and 19 

in Table 4-3) had RMSE values between 0.69 and 0.75%, while the best performing algorithm 

had a ρc of 0.74, and RPIQ values of 1.39, respectively.  

The calibration algorithms for the laboratory-prepared state showed similar results (Table 4-4, 

Figure 4-8). However, the best performing algorithms (algorithms 34, 39, 49 and 54) showed 

moderate RMSE values (< 0.5%), moderate to high (0.6–0.8) level of explanatory power, and 

strong (> 0.8) positive relationships (ρc). The overall best calibration algorithm (49) had an RMSE 

of 0.39% and RPIQ > 2. 

The developed calibration algorithms for the field state and laboratory-prepared state also 

presented variable results when comparing the calibration statistics with the validation statistics, 

with some presenting optimal calibration statistics but not validation statistics and vice versa. 

Overall, there was no consistent trend found when comparing the calibration and validation 

statistics for the developed calibration algorithms. 
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Table 4-3: The calibration algorithms developed for the field state (n = 238) for SOC content in 

South Africa. The green highlighted calibration algorithms indicate the best performing 

algorithms. 

Algorithm Code Validation statistics 

number   RMSE R² ρc RPIQ 

1 F-Pre-RS-PLSR 0.9 0.18 0.41 1.07 

2 F-Pre-RS-RF 0.8 0.34 0.62 1.19 

3 F-Pre-RS-SVM 0.78 0.38 0.51 1.22 

4 F-Pre-RS-Cubist 0.77 0.4 0.63 1.24 

5 F-Pre-RS-ANN 0.91 0.15 0.44 1.05 

6 F-Pre-cLHS-PLSR 0.86 0.02 0.34 1.08 

7 F-Pre-cLHS-RF 0.84 0.08 0.49 1.11 

8 F-Pre-cLHS-SVM 0.69 0.38 0.53 1.34 

9 F-Pre-cLHS-Cubist 0.72 0.32 0.56 1.29 

10 F-Pre-cLHS-ANN 0.89 -0.02 0.46 1.05 

11 F-Pre-K-Means-PLSR 1.89 0.08 0.13 0.62 

12 F-Pre-K-Means-RF 1.76 0.2 0.28 0.67 

13 F-Pre-K-Means-SVM 1.83 0.14 0.21 0.65 

14 F-Pre-K-Means-Cubist 1.83 0.14 0.22 0.65 

15 F-Pre-K-Means-ANN 1.84 0.13 0.22 0.64 

16 F-Raw-RS-PLSR 0.93 0.15 0.36 1.12 

17 F-Raw-RS-RF 0.9 0.21 0.46 1.16 

18 F-Raw-RS-SVM 0.92 0.18 0.29 1.14 

19 F-Raw-RS-Cubist 0.75 0.45 0.74 1.39 

20 F-Raw-RS-ANN 1.93 -2.62 0.41 0.54 

21 F-Raw-cLHS-PLSR 0.9 0.15 0.34 1.35 

22 F-Raw-cLHS-RF 0.97 0.02 0.39 1.25 

23 F-Raw-cLHS-SVM 0.91 0.13 0.27 1.33 

24 F-Raw-cLHS-Cubist 0.8 0.33 0.59 1.52 

25 F-Raw-cLHS-ANN 0.98 0 0 1.24 

26 F-Raw-K-Means-PLSR 1.82 0.09 0.15 0.64 

27 F-Raw-K-Means-RF 1.85 0.05 0.14 0.63 

28 F-Raw-K-Means-SVM 1.85 0.06 0.12 0.63 

29 F-Raw-K-Means-Cubist 1.71 0.19 0.31 0.68 

30 F-Raw-K-Means-ANN 1.91 0 0 0.61 

F = field state, Pre = preprocessing, RS = simple random sampling, cLHS = conditioned Latin Hypercube Sampling, K-Means = K-

Means clustering, PLSR = Partial Least Squares Regression, RF = Random Forest, SVM = Support Vector Machines, ANN = Artificial 

Neural Networks. 
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Table 4-4: The calibration algorithms developed for the laboratory-prepared (air and dried) state (n 

= 238) for SOC content in South Africa. The green highlighted calibration algorithms indicate the 

best performing algorithms. 

Algorithm Code Validation statistics 

number   RMSE R² ρc RPIQ 

31 P-Pre-RS-PLSR 0.71 0.25 0.39 1.41 

32 P-Pre-RS-RF 0.72 0.24 0.51 1.39 

33 P-Pre-RS-SVM 0.69 0.3 0.47 1.45 

34 P-Pre-RS-Cubist 0.48 0.65 0.78 2.07 

35 P-Pre-RS-ANN 0.78 0.09 0.43 1.28 

36 P-Pre-cLHS-PLSR 0.77 0.3 0.42 1.32 

37 P-Pre-cLHS-RF 0.71 0.4 0.56 1.43 

38 P-Pre-cLHS-SVM 0.75 0.33 0.48 1.35 

39 P-Pre-cLHS-Cubist 0.57 0.62 0.75 1.8 

40 P-Pre-cLHS-ANN 0.78 0.28 0.48 1.3 

41 P-Pre-K-Means-PLSR 0.97 0.14 0.3 1.18 

42 P-Pre-K-Means-RF 1.02 0.05 0.26 1.12 

43 P-Pre-K-Means-SVM 1.01 0.08 0.27 1.14 

44 P-Pre-K-Means-Cubist 0.75 0.49 0.6 1.53 

45 P-Pre-K-Means-ANN 0.99 0.11 0.27 1.16 

46 P-Raw-RS-PLSR 0.71 0.24 0.38 1.4 

47 P-Raw-RS-RF 0.68 0.31 0.55 1.47 

48 P-Raw-RS-SVM 0.69 0.28 0.46 1.44 

49 P-Raw-RS-Cubist 0.39 0.78 0.86 2.57 

50 P-Raw-RS-ANN 0.83 -0.02 NA 1.2 

51 P-Raw-cLHS-PLSR 0.78 0.3 0.43 1.46 

52 P-Raw-cLHS-RF 0.74 0.37 0.52 1.54 

53 P-Raw-cLHS-SVM 0.81 0.24 0.42 1.4 

54 P-Raw-cLHS-Cubist 0.57 0.62 0.76 2 

55 P-Raw-cLHS-ANN 0.94 -0.03 NA 1.21 

56 P-Raw-K-Means-PLSR 0.91 0.06 0.25 1.06 

57 P-Raw-K-Means-RF 0.99 -0.1 0.22 0.98 

58 P-Raw-K-Means-SVM 0.94 0 0.24 1.02 

59 P-Raw-K-Means-Cubist 0.7 0.45 0.64 1.38 

60 P-Raw-K-Means-ANN 0.95 -0.02 0 1.01 

P = laboratory-prepared state, Pre = preprocessing, RS = simple random sampling, cLHS = conditioned Latin Hypercube 

Sampling, K-Means = K-Means clustering, PLSR = Partial Least Squares Regression, RF = Random Forest, SVM = Support 

Vector Machines, ANN = Artificial Neural Networks. 
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(a) 

 

(b) 

 

(c) 

 

Figure 4-7: Scatter plots indicating the top three calibration algorithms for validation model prediction for SOC content of the field state. The three 
calibration algorithms included (a) calibration algorithm 8, (b) calibration algorithm 9 and (c) calibration algorithm 19. The black line represents the 1:1 
line.  
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

Figure 4-8: Scatter plots indicating the top four calibration algorithms for validation model prediction for SOC content of the laboratory-prepared 

state. The four calibration algorithms included (a) number 34, (b) number 39, (c) number 49 and (d) number 54. The black line represents the 1:1 line.
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4.3.3.2 Effect of methodological parameters 

The Kruskal-Wallis tests were undertaken on the different methodological parameters that were 

used to develop the regional calibration algorithms (Table 4-5). Overall, the sample state and 

sample design were the most influential parameters influencing RSME), indicated by their high χ² 

-values and low p-values (Table 4-5 and Figure 4-9). The sample design parameter had the 

highest impact on RMSE and was statistically significant (Table 4-5). The cLHS sample design 

was the most accurate, with the lowest error and RMSE distribution, while the K-Means were the 

least accurate sample design (Figure 4-9).  The processing parameter was not as influential, nor 

statistically significant (Table 4-5). The distribution and error bars were very similar (Figure 4-9), 

with only the median of the pre-processing algorithms being slightly less than the raw spectral 

algorithms.  

Although the machine learning models were not the most influential on RMSE (Table 4-5), the 

results indicated that the Cubist model might perform better than other models for developing 

SOC content calibration algorithms (Figure 4-9). Cubist did not have the smallest error of all the 

models, but it did have the lowest distribution (median = 0.71 %). 

Table 4-5: Kruskal-Wallis test statistics of the methodological parameters. 

Methodological parameter χ² -value1 p-value 

Sample state 13.35 <0.005 

Pre-Processing 0.88 0.35 

Sample design 24.28 <0.005 

ML models2 10.5 0.03 

1 χ² = chi-squared 
2 ML = machine learning 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

Figure 4-9: The distribution of root mean square error (RMSE) validation values for the four methodological parameters used for creating calibration 

algorithms of soil organic carbon (SOC) content for South Africa. 
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4.3.4 Local scale calibration algorithms 

The laboratory-prepared state slightly outperformed the field state for almost all calibration 

algorithms (Table 4-6 and Table 4-7). Overall, the most optimal regional calibration algorithm (P-

Pre-cLHS-Cubist) from section 4.3.3.1 was found to be the most optimal calibration algorithm for 

only the Tsitsa catchment for the field and laboratory-prepared states (Table 4-6 and Table 4-7). 

The best overall calibration algorithm was achieved for the Ottosdal Field, with an RMSE of 0.04% 

and RPD of 1.87. The Tsitsa catchment and Ottosdal field sites had the best performing 

developed calibration algorithms for both field and laboratory-prepared states (Figure 4-10). 

However, all other study sites had different methodological configurations for their respective best 

calibration algorithms.  

Table 4-6: The standard calibration algorithms and best calibration algorithms developed for the 

five study sites for the field state. The green highlighted calibration algorithms indicate the best 

performing algorithms. 

Standard calibration algorithms 

Study site Calibration Validation statistics 

  algorithm RMSE R² ρc RPIQ 

Regional F-Pre-cLHS-Cubist 0.72 0.32 0.56 1.3 

Olifants Catchment F-Pre-cLHS-Cubist 0.7 0.3 0.53 1.6 

Sabie-Sands Catchment F-Pre-cLHS-Cubist 1.49 0.42 0.54 1 

Tsitsa Catchment F-Pre-cLHS-Cubist 0.1 0.95 0.97 3.8 

Ottosdal Field F-Pre-cLHS-Cubist 0.09 -0.38 0.27 0.9 

Vrede Field F-Pre-cLHS-Cubist 0.82 -0.2 -0.03 0.7 

Best calibration algorithms 

Regional F-Pre-cLHS-Cubist 0.72 0.32 0.56 1.3 

Olifants Catchment F-Pre-cLHS-SVM 0.57 0.53 0.68 1.9 

Sabie-Sands Catchment F-Pre-RS-PLSR 1.05 0.6 0.71 1.8 

Tsitsa Catchment F-Pre-cLHS-Cubist 0.1 0.95 0.97 3.8 

Ottosdal Field F-Raw-cLHS-Cubist 0.08 0.59 0.72 1.4 

Vrede Field F-Raw-cLHS-RF 0.55 0.06 0.2 0.7 

F = field state, Pre = preprocessing, RS = simple random sampling, cLHS = conditioned Latin Hypercube Sampling, K-Means = K-

Means clustering, PLSR = Partial Least Squares Regression, RF = Random Forest, SVM = Support Vector Machines, ANN = 

Artificial Neural Networks. 
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Table 4-7: The standard calibration algorithms and best calibration algorithms developed for the 

five study sites for the laboratory-prepared state. The green highlighted calibration algorithms 

indicate the best performing algorithms. 

Standard calibration algorithms 

Study site Calibration Validation statistics 

  algorithm RMSE R² ρc RPIQ 

Regional P-Pre-cLHS-Cubist 0.57 0.62 0.75 1.8 

Olifants Catchment P-Pre-cLHS-Cubist 1.28 -0.05 0.04 1.2 

Sabie-Sands Catchment P-Pre-cLHS-Cubist 1.03 0.16 0.44 1.4 

Tsitsa Catchment P-Pre-cLHS-Cubist 0.09 0.97 0.99 5.4 

Ottosdal Field P-Pre-cLHS-Cubist 0.1 -0.03 0.29 0.8 

Vrede Field P-Pre-cLHS-Cubist 0.64 -0.02 0.14 0.9 

Best calibration algorithms 

Regional P-Pre-cLHS-Cubist 0.57 0.62 0.75 1.8 

Olifants Catchment P-Pre- K-Means-Cubist 0.68 0.5 0.6 1.9 

Sabie-Sands Catchment P-Raw-cLHS-Cubist 0.8 0.38 0.55 1.8 

Tsitsa Catchment P-Pre-cLHS-Cubist 0.09 0.97 0.99 5.4 

Ottosdal Field P-Raw-cLHS-Cubist 0.05 0.71 0.83 1.1 

Vrede Field P-Raw-K-Means-Cubist 0.24 0.81 0.89 1.6 

P = laboratory prepared state, Pre = preprocessing, RS = simple random sampling, cLHS = conditioned Latin Hypercube Sampling, 

K-Means = K-Means clustering, PLSR = Partial Least Squares Regression, RF = Random Forest, SVM = Support Vector Machines, 

ANN = Artificial Neural Networks. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

Figure 4-10: The best calibration algorithms created for soil organic carbon (SOC) content for the field- and prepared state at the catchment- and field 

scale. The black line represents the 1:1 line.



69 

4.4 Discussion 

4.4.1 Soil organic carbon content distribution and near-infrared spectra 

The difference in SOC content between the different study sites was likely attributed to the 

different soil types and land use. The low SOC content distribution of the Tsitsa study site was 

likely due to the SOC being artificially decreased because of severe degradation of the area (du 

Plessis et al., 2020), while the Ottosdal study site presented low SOC content due to the soils 

being predominantly sandy, cultivated land (section 4.2.1). In contrast, the Olifants and Sabie-

Sands study sites had soils with higher organic matter content, as these samples were collected 

in forested areas. These two catchments also had a higher distribution of clayey soils (section 

4.2.1) and were able to retain more SOC, due to the soils’ ability to bind organic matter and protect 

it from decomposition. 

Overall, the absorbance values for the field state were generally higher compared to the 

laboratory-prepared state, likely because various forms of water strongly absorb NIR light 

(Stenberg et al., 2010). The pronounced peaks, located at the 1400 and 1900 nm wavelengths 

were likely attributed to the presence of water (Hummel, 2001; Stenberg et al., 2010; Gao, 2014). 

Previous studies have also indicated that peaks located at the 1400, 1900 and 2200 nm 

wavelengths could also be associated with clay minerals (Viscarra-Rossel et al., 2006; Stenberg 

et al., 2010; Conforti et al., 2015). Although this study did not investigate the importance of specific 

spectral bands for SOC content prediction, previous studies have identified the 2000 to 2400 nm 

wavelengths as particularly important for SOC content prediction (Stenberg, 2010; Stenberg et 

al., 2010). The differences in absorbance between the study sites for both field state and 

laboratory-prepared state, could likely be attributed to differences in soil texture as all the study 

sites, except for the Ottosdal study site, had a strong representation of South African soils (section 

4.2.1). As mentioned, the Ottosdal study site was characterised as very sandy (section 4.2.1), 

which explains the very low absorbance values for this study site. Conforti et al. (2015) and Zhang 

et al. (2024) has demonstrated that sandy soils have a higher reflectance and lower absorbance 

compared to clayey soils, likely attributed to the smaller surface area and larger particle size, as 

well as high quartz content. 

4.4.2 OSSL distribution 

The OSSL has successfully predicted SOC content with their developed NIR calibration 

algorithms (Safanelli et al., 2025), however, as South African soil spectral data are 

underrepresented in the current OSSL database (Kock et al., 2024), the OSSL prediction for local 

data was found to be poor and unusable (RPIQ < 1, RMSE of 1.23% and ρc of 0.21). This study 

concluded that since only 64 samples were represented in the OSSL dataset, any spectral data 

within South Africa cannot be used with the global model. Therefore, future work should focus on 
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contributing local data to global databases, such as the OSSL, which can significantly improve 

their performance for South African users. 

4.4.3 Regional scale calibration algorithm 

4.4.3.1 Developed calibration algorithms 

As mentioned, the best overall calibration algorithm (49) achieved an RMSE of 0.39% and RPIQ 

> 2. However, compared to recent studies the RMSE of the algorithm is slightly too high to be 

used for predicting SOC content (Camacho-Tamayo et al., 2013 and Li et al., 2020 achieved an 

RMSE < 0.3%). This is also substantiated in the scatter plots (Figure 4-6), where several samples 

plotted far away from the 1:1 line. 

When comparing the validation statistics of the best calibration algorithms for field- and laboratory-

prepared state to previous studies that also developed algorithms for SOC content at the regional 

scale, it is evident that sample size and spectral range might also be important factors for accurate 

and robust algorithms.  

Studies using only the NIR range (Cambule et al., 2012; Camacho-Tamayo et al., 2013; Li et al., 

2020), outperformed the best developed calibration algorithms from this study, with RMSE values 

< 0.3%. Only one recent study (Peng et al., 2024) performed poorer, with an RMSE of 0.75%. 

The main difference was the sample size, with Peng et al. (2024) using only 50 samples, while 

the other studies had more than 400 samples. Li et al. (2020) achieved more accurate predictions 

compared to this study (RMSE < 0.3%), despite having a larger SOC content range compared to 

the results found for this study. As RMSE values are highly dependable on the range of SOC 

content, this likely impacted prediction accuracy on a regional scale. The variable SOC content 

range of the three catchments (Figure 4-3), likely resulted in the calibration algorithms predicting 

relatively high RMSE values compared to Cambule et al. (2012) and Camacho-Tamayo et al. 

(2013). However, an increase in sample size could improve the calibration algorithms at regional 

scale. 

A larger sample size enables more accurate modeling of complex relationships between spectral 

data and SOC content (Yang et al., 2019) and therefore an increase in sample size should 

improve the calibration performance. However, there are currently no guidelines as to how much 

improvement can be expected and what the minimum number of samples used is to be effective 

(Ng et al., 2020). 

Regarding the effect of spectral range, studies that included the visible part of the spectrum 

(Nocita et al., 2012; Kusumo et al., 2018; Xu et al., 2021; Singha et al., 2023), all outperformed 

this study’s best developed calibration algorithms, with RMSE values < 0.3%. The only recent 
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studies that underperformed had RMSE values higher than 0.72% (McDowell et al., 2012; Tekin 

et al., 2014; Long et al., 2023). These studies had a sample size smaller than 100, making it 

difficult to accurately model the relationship between the spectral data and the SOC content (Yang 

et al., 2019). 

Specific spectral bands around 1 100, 1 600, 1 700 to 1 800 and 2 200 to 2 400 nm have been 

identified as being particularly important for SOC calibration (Stenberg et al., 2010). However, the 

visible range (400-780 nm) includes information related to color, which can be influenced by soil 

mineralogy, iron oxides, and soil organic matter. Previous studies have found obvious 

relationships between SOC and different textures (Viscarra-Rossel et al., 2006; Nocita et al., 

2013). There are also absorption features responsible for the prediction of SOC content 

(comprising of NH, CH and CO bonds) around the bands within the NIR range and also the visible 

range (Stenberg et al., 2010). Thus, the visible range can provide additional information on soil 

constituents that affect SOC indirectly, improving the robustness and accuracy of SOC 

predictions. 

As mentioned, there was no consistent trend found when comparing the calibration and validation 

statistics for the developed calibration algorithms. Along with several parameters, such as 

sampling selection techniques and machine learning models that were utilised, the study 

concluded that no definitive reason was found to explain the inconsistencies between the 

calibration and validation statistics. However, the likely reason for these inconsistencies was 

attributed to the relatively small sample size, which led to the validation performances changing 

significantly depending on which samples were included. The small sample size might have led 

to the calibration or validation samples being under- or overrepresented of the overall population, 

which resulted in inflating or underestimating the predictive accuracies. 

In summary, the developed calibration algorithms developed were neither robust nor accurate 

enough to be considered for predicting SOC content, when compared to other national and 

international studies on a regional scale. Therefore, these algorithms need to be improved before 

being used to predict SOC content in South Africa using NIR spectroscopy. 

4.4.3.2 Effect of methodological parameters 

As mentioned, the sample design parameter had the highest impact on RMSE and could be 

explained by the way these parameters operate. 

As K-Means clustering aims to partition data into clusters, the clustering process might not have 

selected samples that capture the full range of SOC content variability, leading to less 

representative calibration algorithms. On the other hand, the cLHS design excels in capturing 
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representative sampling across the entire range of the dataset, leading to the more accurate and 

robust sampling design (Minasny & McBratney, 2006). Even though RS did not perform better 

than cLHS, it did perform better than K-Means clustering. The RS design likely captured a more 

diverse and representative subset of the data, which ensured better generalization in the 

calibration algorithms. 

As mentioned, the difference in RMSE values between the two sample states was statistically 

significant and indicated that the sample state was the methodological parameter that had the 

second highest impact on RMSE (Table 4-3). The laboratory-prepared state had a much smaller 

error and distribution compared to the field state, hence, the laboratory-prepared state showed a 

higher accuracy. This is because the presence of water molecules introduces variability and 

interference with the spectra during the scanning of field samples (Nocita et al., 2013; Tekin et 

al., 2014; Biney et al., 2020). Previous studies have also confirmed the decrease of accuracy of 

calibration algorithms with the increase of water content from dryness to saturation (Ge et al., 

2022). The field state introduces additional complexity in the spectral readings, impacting the 

accuracy of the algorithms in predicting SOC content (Wadoux et al., 2021).   

As mentioned, the distribution and error bars were very similar for the processing parameters. 

The two main reasons for this finding were due to insufficient pre-processing and/or quality of 

spectral data. Firstly, only two pre-processing techniques were utilised, which might not have 

been significant enough to alter the spectral data in a way that impacts the calibration algorithms. 

Other methods, such as Savitzky-Golay smoothing, baseline correction or detrending, might alter 

the spectral data and impact the calibration algorithms developed (Wadoux et al., 2021). 

Secondly, if the raw spectral data were of high quality and consistently well-calibrated, the impact 

of pre-processing might be minimal. 

The main reason for Cubist outperforming the other machine learning models, was likely due to 

the model’s unique combination of rule-based regression and instance-based learning, which 

allows it to capture both global and local patterns effectively (McBratney et al., 2003; Peng et al., 

2015; Kock, 2022). Another reason might be due to the limitations of the other models for creating 

calibration algorithms for SOC content. RF and PLSR have the common limitation of not capturing 

certain non-linear relationships (Sharififar et al., 2019; Bai et al., 2022), and tend to overfit data, 

while ANN and SVM require careful tuning of hyperparameters (Sharififar et al., 2019; Bai et al., 

2022). The combined effect of Cubist being able to handle complex data and the limitations of the 

other models, likely led to Cubist being the most accurate model.  

In summary, the sample state and sample design had the largest effect on the developed 

calibration algorithms. The laboratory-prepared state outperformed the field state, as the water 
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molecules introduce complexity in the spectral readings, impacting the accuracy of the calibration 

algorithms. The cLHS design outperformed the other sampling designs, due to capturing the full 

range of SOC content variability. 

4.4.4 Local scale calibration algorithm 

The likely reason for other calibration algorithms outperforming the standard calibration algorithm 

at the different study sites was that each study site had a unique SOC content, SOC content 

distribution and a different number of samples. This variability likely required a different 

methodological configuration for optimal performance for each specific study site. Therefore, the 

local conditions of each specific study site should be taken into consideration. 

Comparing the catchment study sites (including Olifants, Sabie-Sands and Tsitsa) to other studies 

that developed calibration algorithms for SOC content at a catchment scale, only the Tsitsa 

catchment performed better. Previous studies returned RMSE values between 0.1 and 0.33% 

and RPD values between 2 and 4 (Bai et al., 2022; Zayani et al., 2023). The calibration algorithms 

for the Tsitsa catchment were more impressive, as the previous studies used a Vis-NIR instrument 

and had up to 330 samples to be used for the calibrations. 

The possible reasons for the Tsitsa catchment outperforming all other calibration algorithms and 

other studies were likely due to the low SOC range, representative sampling, effective range and 

optimal model fitting. Even with fewer samples, the Tsitsa catchment might have achieved a more 

representative sampling range, which leads to less variability for the model to learn from (Wadoux 

et al., 2021). When comparing the scatter plots of the Tsitsa catchment with the Ottosdal field, 

the Tsitsa catchment found a better 1:1 line fit compared to the Ottosdal field, where more than 

10 samples were overpredicted (Figure 4-9). 

Comparing the field study sites (Ottosdal and Vrede), only the Ottosdal field outperformed 

previous studies that developed calibration algorithms for SOC content at field scale (Nocita, 

2009; Knadel et al., 2015; Biney et al., 2020; Gholizadeh et al., 2021). The previous studies had 

RMSE values between 0.2 and 0.35% (Nocita, 2009; Knadel et al., 2015). Although the number 

of samples (200) did improve the RMSE (0.08% for field state and 0.05% for prepared state) for 

the Ottosdal field, RPIQ values (< 2) were still lower than the previous studies. 

Since the developed calibration algorithms for both the Tsitsa catchment and Ottosdal field had 

RMSE < 0.1% and RPIQ > 1.5, these calibration algorithms were concluded as usable for 

predicting SOC content within the specific areas. 
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4.4.5 Hand-held NIR spectrometer as a field instrument 

As mentioned, there was no concise difference found between the laboratory prepared state and 

field state for regional scale, however, on the smaller scales the laboratory prepared state 

outperformed the field state. Even though this might be the case, the Ottosdal and Tsitsa study 

sites had successful calibration algorithms for both states, indicating that the hand-held NIR 

spectrometer might be considered a field instrument for measuring SOC content in situ at smaller 

scales. Although, laboratory prepared spectral data has been proven to provide accurate SOC 

content predictions, in situ spectroscopy has the advantage of being a more time- and labour-

saving method (Xie et al., 2011; Yang et al., 2024; Loria et al., 2024). However, the removal of 

moisture is crucial for improving model prediction accuracy and is an ongoing problem that must 

be solved for in situ spectroscopic detection of SOC content (Yang et al., 2024). Therefore, more 

research is needed on the removal of moisture interference when utilising in situ measurements, 

which could likely lead to improved South African calibration algorithms at regional scales. 

4.5 Conclusion 

The study achieved the aim of developing a NIR spectroscopy calibration algorithm of SOC 

content that could be used for South Africa. However, this were only true for two local scale 

calibration algorithms. The best overall calibration algorithm (P-Pre-cLHS-Cubist) on regional 

scale, achieved an RMSE of 0.39% and RPIQ > 2. Although 60 calibration algorithms were 

developed for SOC content on a regional scale, none (including the best overall calibration 

algorithm) were deemed acceptable to be used for SOC content prediction in South Africa. The 

study concluded that the small sample size (n = 238) was likely the limiting factor for unusable 

calibration algorithms at regional scale and that a larger sample size would enable more accurate 

modeling of complex relationships between spectral data and SOC content. Currently, only the 

Tsitsa catchment and Ottosdal field have successfully developed calibration algorithms that can 

be used for future SOC content prediction. 

The study found that the OSSL global prediction model poorly predicted SOC content using local 

data (RMSE = 1.23% and ρc = 0.21). This was attributed to South African samples being 

underrepresented in the global dataset, which led to the conclusion that the OSSL cannot be used 

for SOC content prediction of South African soils. 

The study also found that sample state and sample design were the most influential 

methodological parameters influencing RMSE. The cLHS sampling design outperformed the 

other sampling designs, as it captured the representative sampling across the entire range of the 

dataset, leading to more accurate and robust sampling design. Although the choice of machine 

learning model did not influence RMSE on a regional scale, Cubist did outperform the other 
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models, likely due to the combined effect of Cubist being able to handle complex data and the 

limitations of the other models. 

Finally, the third objective was also reached, with the study finding that a NIR spectrometer could 

be used for measuring SOC content in situ. However, only the Tsitsa catchment and Ottosdal 

field have successfully developed calibration algorithms and therefore the NIR spectrometer can 

currently only be used for predicting SOC content at smaller scales. 

Since sample size was likely the limiting factor, to develop a national calibration algorithm, effort 

should be placed on developing accurate calibration algorithms for smaller areas that could be 

added to the national spectral library. In this way, site specific accurate soil spectral calibration 

would provide incentive to gather the data sufficient for a national calibration algorithm. The use 

of local models, such as locally weighted regression (LWR) and memory-based learning (MBL) 

could be explored to further improve the developed calibration algorithms. Spectral bands 

associated with SOC content for South African soils could also be explored. Finally, future work 

should focus on contributing local data to the OSSL global dataset, which can significantly 

improve their performance for South African users. 

 

  



76 

CHAPTER 5 HOW TO MAP SOIL ORGANIC CARBON STOCKS AT 

FIELD SCALE IN SOUTH AFRICA? 

5.1 Introduction 

Soil organic carbon (SOC) is one of the most important pools in the global carbon cycle, with a 

total quantity of 1 200 to 1 500 gigatons of organic carbon in 1 m depth ranges (Santacruz et al., 

2014; Hartemink & McSweeney, 2014) and 2 400 gigatons of organic carbon to 2 m depth ranges 

(Batjes, 1996; Paustian et al., 2019). To mitigate emissions, carbon sequestration, which refers 

to the long-term storage of carbon in oceans, soils, vegetation, and geological formations, has 

gained significant attention in recent years (Baurov, 2021; Zhang et al., 2021a; Batool et al., 

2024). Besides combating climate change through carbon sequestration, South African land 

managers also have the opportunity to sell units of carbon (called carbon credits) to the 

government or other businesses to generate an income (Sharma et al., 2021). Given its relevance 

to the South African industry, appropriate methods for mapping and monitoring soil organic carbon 

stocks (SOCS) are becoming crucial for accurate and reliable carbon credit assessment. 

Currently, South African industry utilises conventional methods for mapping soil properties, such 

as SOC content and SOCS at field scale. In the case of South African industries, conventional 

methods refer to soil samples being collected from the topsoil (0-30 cm depth) (Aynekulu et al., 

2011; TREES Consulting, 2020) on a 1-hectare (ha) or 2-ha grid basis (Verster et al., 2022) using 

geostatistical models, such as ordinary kriging (OK), regression kriging, co-kriging and inverse 

distance weighted regression to map the soil properties. These methods are used due to their 

prediction accuracy and error minimisation (Farooq et al., 2022). From the mentioned 

geostatistical models, OK has been the most popular technique used for mapping SOC content 

and SOCS in recent years (Verster et al., 2022; Li et al., 2022; Shoumik & Khan, 2023; Pouladi 

et al., 2023). However, OK utilises spatial point data for predicting values between points (Zhu et 

al., 2022). The use of OK at field scale has shown to have several disadvantages, with very little 

research having been done on the accuracy of the 1-ha grid layout, and the inability of the method 

to fully utilise the surface data of environmental covariates has shown to yield less accurate maps 

(Huang et al., 2022; Zhu et al., 2022; Pouladi et al., 2023).  

In the past two decades, digital soil mapping (DSM) with machine learning (ML) has been 

increasingly used to create more accurate and precise SOCS maps (Nenkam et al., 2024). This 

method predicts soil properties, such as SOCS, at unsampled locations by correlating the 

relationship between soil properties and environmental covariates utilising ML and other methods 

(Pouladi et al., 2023). These ML techniques, such as Support Vector Machines (SVM), Random 

Forest (RF) and Cubist, among others, have also been able to capture non-linear relationships 
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between soil properties and environmental covariates (derived from remote sensing imagery and 

elevation models), leading to better predictions and more accurate results (Farooq et al., 2022; 

Kotzé & van Tol, 2023). This method has been shown to save a lot of labour and time and is free 

from the limitation of expert knowledge limited to a certain area (Zhu et al., 2022). DSM with ML 

has been used to map SOC content and SOCS extensively internationally (Pouladi et al., 2023) 

and in South Africa (Seboko et al., 2021; Venter et al., 2022; Kotze & van Tol, 2023). 

Reliable and accurate SOCS maps are important for accurately assessing carbon credits. The 

accurate assessment of carbon credits is crucial for local land managers and the industry, as 

identifying the most reliable method can not only enhance efficiency but also significantly reduce 

costs, ultimately benefiting all stakeholders involved. Currently, South Africa predominantly uses 

the Verified Carbon Standard Methodology (Shoch & Swails, 2020) and the Gold Standard 

(Aynekulu et al., 2011; TREES Consulting, 2020) as frameworks for determining SOC content 

and SOCS for carbon credit assessment. Unfortunately, neither of these methods specify which 

method/s should be used for mapping SOCS at field scale. Although previous studies have 

utilised OK or DSM with ML for mapping SOCS (Wiese et al., 2016; Flynn et al., 2019; Venter et 

al., 2021; Flynn et al., 2022; Nenkam et al., 2024), South Africa does not currently have a standard 

method for mapping SOCS at field scale. To address this gap, the study aimed to determine 

whether conventional mapping using OK or DSM with ML should be used for mapping SOCS at 

field scale in South Africa. 

Objectives of the study included: 

 To determine if the conventional method using OK is sufficient for mapping SOCS at field 

scale. 

 To assess three ML models for performing DSM with ML of SOCS at field scale. 

 To compare the conventional method using OK with DSM with ML for mapping SOCS at 

field scale. 

 To compare a calculate-first approach with a map-first approach when using the 

conventional method of OK or using DSM with ML. 

5.2 Materials and methods 

5.2.1 Study area and site description 

Two study sites were selected from two different ecotopes, with an ecotope defined as a 

homogeneous area with a unique combination of climate, topographic and soil characteristics 

(Mzezewa et al., 2009). Within each ecotope, a field from a farm was selected, with the farms 

located near the towns of Ottosdal (located within the North West Province) and Vrede (located 

within the Free State Province) (Figure 5-1). The Vrede study site receives a median annual 
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precipitation (MAP) of 795 mm (Shulze, 2007), is overlain by the Balfour Formation, which 

consists of mudstone and sandstone (Council for Geoscience, 2019) and the soils found in the 

area are typically clayey. In contrast, the Ottosdal study site receives a MAP of 565 mm (Schulze, 

2007), is overlain by the Klipriviersberg Group, which consists of basalt, andesite and tuff (Council 

for Geoscience, 2019) and the soils found in the area are typically sandy. The dominant soil forms 

found at the Ottosdal study site are Clovelly and Hutton, while at the Vrede study site the dominant 

soil form is typically Tukulu (Soil Classification Working Group, 2018). The Ottosdal soil forms are 

typically deep and sandy, while the Vrede study site is typically has a clay loamy texture. Both 

farms utilised rotational cropping with maize and soybean. Both farms also implemented no-tillage 

practices and incorporated residues after harvest. In addition, the Vrede farm utilises other 

regenerative agricultural practices, including winter cover crops, manure input and daily rotational 

grazing of sheep. 

 

Figure 5-1: The location of the Ottosdal- and Vrede study sites, as well as the location of the fields 

and samples collected for the study. 

5.2.2 Soil sampling analysis 

Soil sampling was carried out on the two fields, with 50 sampling locations laid out on a 1 ha grid 

to cover an area of 50 ha (Figure 5-1), which was done to simulate how South African industry 
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would collect soil samples (Verster et al., 2022). The sampling was conducted after harvesting, 

between July and October 2022. For both the SOC content and dry bulk density (ρb) sampling, 

samples were collected at the following depth increments: 0-5-, 5-15-, 15-30 cm. Due to the 

tedious method of collecting samples for ρb, it was only carried out at every second observation, 

at all three depths (n = 75 / site). This data was then used to create a pedo-transfer function (PTF) 

to predict the remaining ρb values at the unsampled locations. 

At all 50 sampling locations, a soil hand auger was used to collect disturbed samples at three 

depths (n = 150 per site). The disturbed soil samples were analysed for SOC content with the 

total dry combustion (TDC) method using a CN analyser (Nelson & Sommers, 1996; FAO, 2019). 

At every second profile (n = 25 per site), a hand core sampler with a volume of 114 cm³ was used 

to the collect an undisturbed soil sample (n = 150 per site). The undisturbed core samples were 

oven-dried at 105 °C and ρb determined using Equation 5-1. The disturbed soil samples from the 

ρb observations, were also analysed for the three fractions of soil texture. 

Equation 5-1: 𝐃𝐫𝐲 𝐛𝐮𝐥𝐤 𝐝𝐞𝐧𝐬𝐢𝐭𝐲 (𝛒𝐛 ) (
𝐠

𝐜𝐦𝟑) = 𝐃𝐫𝐲 soil (g)/Cylinder volume (cm³) 

The PTF for predicting the ρb at unsampled locations were created using the RF model. The 150 

samples were divided into a training (75%) and evaluation (25%) dataset using conditioned Latin 

Hypercube Sampling (cLHS) (Minasny & McBratney, 2006; Roudier et al., 2022), with sand, silt, 

clay and SOC content as input variables. Using the “randomForest” (Breiman et al., 2024) and 

“predict” (Fox & Weisberg, 2019) functions in RStudio, the RF model was fitted on the training 

dataset with the sand, silt, clay and SOC content as predictor variables. The accuracy and 

reliability of the model was tested on the calibration and evaluation datasets with the root mean 

square error (RMSE), Lin’s concordance correlation coefficient (ρc) (Lin, 1989), coefficient of 

determination (R2), and ratio of performance to inter-quartile distance (RPIQ) (Bellon-Maurel et 

al., 2010). Although RPIQ is not a common PTF evaluation statistic, RPIQ provide a good 

indication on the reliability of the model used for predicting ρb values, with RPIQ < 1.8 indicating 

less reliable models, while RPIQ > 1.8 indicating reliable models. A RMSE < 0.2 g/cm³ would also 

indicate sufficient accuracy for predicting ρb values (Abdelbaki, 2018; Yanti et al., 2021; Bryk & 

Kołodziej, 2023; Chen et al., 2024). 

The SOC content, ρb values from the sampled locations and predicted ρb values from the pedo-

transfer function of unsampled locations were ultimately used for calculating the SOCS for each 

observation for both study sites (Equation 5-2). Typically for accurate SOCS calculations, coarse 

fragments (1 – Sm (v%)) are incorporated into the equation (Equation 5-2), however, the 

laboratory texture analyses revealed it to be zero. 

Equation 5-2: SOCS = 10 × SOC content (g/kg) × ρb (Mg/m³) × (1 – Sm (v%)) × depth (cm) 
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The SOC content and ρb distribution for each study site was shown through box-and-whisker 

plots created using the “ggplot” function in RStudio (Wickham, 2016). Given that the assumption 

of normality was not met, a Kruskal-Wallis’s test (Kruskal and Wallis, 1952) was performed in 

RStudio (R Core Team, 2020) using the “kruskal.test” function, which was done to determine if 

there were overall significant statistical differences between the values of the methods. 

Afterwards, a pairwise means comparison test (“pairwise.wilcox.test” function) was also done in 

RStudio to determine the significance differences between the study sites across different depths. 

For each study site across the different depths, QQ-plots were also plotted to compare the sample 

quantiles of SOC content and ρb to a theoretical normal distribution.  

5.2.3 Mapping analysis 

5.2.3.1 Geostatistical mapping 

For the geostatistical approach, OK was used with all 50 observations of SOC content and ρb 

(using both measured and predicted ρb values) to create continuous SOC content and ρb maps 

at all three depths measured. To calculate the SOCS with the map-first approach, the created 

SOC content and ρb maps were imported into System for Automated Geoscientific Analyses 

Geographic Information System (SAGA-GIS) (Conrad et al., 2015) and the “raster calculator” tool 

were used to calculate the SOCS for each mapped pixel at each depth increment using Equation 

5-2, and using the calculated pixel values, the total SOCS for the field was calculated. For the 

calculate-first approach, the SOCS for each observation was calculated using Equation 5-2, and 

afterwards interpolated with OK. 

The OK method involved several steps: firstly, a semi-variogram was constructed to model spatial 

dependence (Douzouné et al., 2024). A global model was used, i.e. all 50 observation points were 

used for semi-variogram construction and the semi-variograms were manually fitted with the 

“fit.variogram” function (part of the gstat package) in RStudio (Pebesma, 2025). The models 

included spherical, exponential, Gaussian, Matern and Stein’s parameterization (Tziachris et al., 

2017; Douzouné et al., 2024), with all models utilised and only the most optimal models shown in 

this paper. The most optimal model was selected based on the lowest cross-validation error and 

best fit to the empirical semi-variogram. Secondly, the semi-variogram models were used to 

estimate the kriging weights and finally these weights were applied to predict (interpolate) the 

SOC content, ρb and SOCS at unsampled locations. This step was conducted with the “gstat” 

and “predict” functions from the gstat R package (Pebesma, 2025), and no moving window was 

utilised (R Core Group, 2020).  

For assessing the model evaluation and accuracy of the OK interpolated maps, leave-on-out 

cross-validation was used (Guan et al., 2017; Yao et al., 2020). The cross-validation statistics 
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could only be computed using observations/points for the calculate-first approach, since the map-

first approach utilised already created maps. The cross-validation uses a single observation from 

the original sample as the testing data in which a prediction is made and the remaining 

observations are used as training data (Tziachris et al., 2017). This process is then repeated for 

all the sampling points. For the maps created using OK, commonly used accuracy indicators were 

used to assess the accuracy (Pouladi et al., 2023). 

5.2.3.2 Machine learning approach 

The mapping using DSM with ML was also done using 50 SOC content and ρb observations at 

each depth, as well as selected environmental covariates, which included the 30 m digital 

elevation model (DEM) (USGS, 2024), as well as the secondary derivatives derived from Sentinel-

2 satellite images taken on 28 February 2022 and 1 July 2022. The selection of these two dates 

was intentional, representing different seasons: one capturing the growth of vegetation during the 

planting season, and the other showing soil characteristics during the dry season. For the map-

first approach, the continuous SOC content and ρb maps for the three depths were created and 

thereafter imported into SAGA-GIS (Conrad et al., 2015). The “raster calculator” tool was used to 

calculate the SOCS for each mapped pixel at each depth increment using Equation 5-2, and using 

the calculated pixel values, the total SOCS for the field was calculated. For the calculate-first 

approach, the SOCS for each observation was calculated using Equation 5-2, and afterwards the 

SOCS predicted as discussed below. 

From the DEM, the following topographic layers were derived using the “basic terrain analysis” 

tool in SAGA-GIS (Conrad et al., 2015): slope percentage, profile curvature, planform curvature, 

multi resolution index of valley bottom flatness (MRVBF), relative slope position, valley depth, 

channel network distance, channel network base level, LS factor and the topographical wetness 

index. From the satellite images, secondary derivatives (Flynn et al., 2019; Odebiri et al., 2023) 

were derived using the “raster calculator” tool in SAGA-GIS (Table 5-1). These secondary 

derivatives were selected as they are found to be some of the main environmental covariates 

used for SOC content and ρb mapping at field scale (Huang et al., 2022). 
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Table 5-1: Spectral indices derived from the satellite imagery. 

Bands Wavelength (µm) Band number Symbol 

Blue 0.45-0.51 2 B 

Green 0.53-0.59 3 G 

Red 0.64-0.67 4 R 

Red edge 0.68-0.71 5 RE 1 

Red edge 0.73-0.78 7 RE 3 

Near infrared (NIR) 0.78-0.9 8 NIR 

Short wave infrared (SWIR) 1.02-1.12 11 SWIR 1 

Short wave infrared (SWIR) 1.56-1.66 12 SWIR 2 

Indices Equation Property 

Brightness index (BI) (R²+G²+B²)/3^0.5 Reflectance 

Colouration index (CI) (R-G)/(R+G) Soil colour 

Redness index (RI) (R²/B*G³) Hematite 

Saturation index (SI) (R-B)/(R+B) Spectral slope 

Normalised difference vegetation index (NDVI) (NIR-R)/(NIR+R) Vegetation 

Ratio vegetation index (RVI) NIR/R Vegetation 

Normalised difference moisture index (NDMI) (NIR-SWIR1)/(NIR+SWIR1) Vegetation 

Maccioni index (RE3-RE1)/(RE3-R) Vegetation 

Green vegetation moisture index (GVMI) (NIR-SWIR2)/(NIR+SWIR2) Vegetation 

Bare soil index (BSI) ((SWIR2-R)-(NIR-B))/((SWIR2-R)+(NIR-B)) Land use 

 

In RStudio, the 50 observations were divided into a calibration (75%) and independent evaluation 

(25%) dataset using conditioned Latin hypercube sampling (cLHS) (Minasny & McBratney, 2006; 

Kwon & Oh, 2021), with the spectral indices employed to select the most representative 

observations. Although data-slitting has been shown to be problematic in studies with relatively 

few samples (Piikki et al., 2021), selecting an independent dataset over cross-validation ensured 

that the evaluation was not biased. Furthermore, cLHS ensured that the most representative 

samples were selected (Zizala et al., 2024), providing a more reliable and robust assessment of 

predictive accuracy. 
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Cubist, RF and SVM was the ML models used for training the calibration dataset (n = 37) and 

then testing the model on the independent evaluation dataset (n = 13). The “caret” package (Kuhn, 

2008) was utilised to optimise the performance of all the ML models. For the SOC content and ρb 

maps created using DSM with ML, RMSE, R² and ρc were used to assess the accuracy. 

As mentioned, for the calculate-first approach the SOCS were calculated using Equation 5-2. 

Afterwards, cLHS were used again to divide the data into a calibration (n = 37) and independent 

evaluation datasets (n = 13) and finally Cubist was used for training the calibration dataset and 

then testing the model on the evaluation dataset. Finally, the accuracy of the created SOCS (0-

30 cm) maps was assessed by the same evaluation statistics, including RMSE, R² and ρc. 

5.2.4 Calculate-first approach vs map-first approach 

For evaluating the DSM with ML maps for SOCS, the independent evaluation dataset (n = 13) 

was used, and the predicted values compared to the measured values. The RMSE and ρc were 

calculated for each approach and a scatter plot indicating the observed versus predicted values 

were creating for the DSM with ML approaches. A pairwise means comparison test 

(“pairwise.wilcox.test” function) was also done in RStudio to determine the significance 

differences between the approaches for the two study sites. 

5.3 Results and discussion 

5.3.1 Pedo-transfer function and descriptive statistics 

The accuracy and reliability of the PTF created for ρb is shown in Figure 5-2. The PTF compared 

favourably to other PTFs created for ρb at small scales, with Yanti et al. (2021) achieving a R² of 

0.43 and an RMSE of 0.108 g/cm³, while Palladino et al. (2022) achieved a R² of 0.17 and RMSE 

of 0.17 g/cm³. It also compared well with another South African PTF (although on regional scale), 

where van Zijl et al. (2024) achieved a R² of 0.87 and RMSE of 0.11. This PTF was shown to be 

acceptably accurate and reliable, with the validation statistics indicating an RMSE of 0.06 g/cm³, 

R² of 0.87, ρc of 0.92 and RPIQ of 3.76 (Figure 5-2). 
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Figure 5-2: A scatter plot indicating the observed and predicted dry bulk density (ρb) values (red 

dots) of the validation dataset (n = 38) from the created pedo-transfer function. The dashed, black 

line indicates a 1:1 line. 

The Vrede and Ottosdal study sites presented statistically significant differences between the two 

locations across different depths. The Vrede study site had higher SOC content values for all 

three depths compared to the Ottosdal study site, with median values of 1.37, 0.76 and 0.83% for 

the Vrede study site and median values of 0.6%, 0.46% and 0.46% for the three depths of the 

Ottosdal study site (Figure 5-3). Regarding the ρb, the Ottosdal study site showed higher values 

compared to Vrede study site for all three depths, with median values of 1.69, 1.75 and 1.65 g/cm³ 

for the three depths (Figure 5-3). The Vrede study site showed median values of 1.67, 1.5 and 

1.37 g/cm³ for the three depths, respectively (Figure 5-3). 

The higher SOC content and lower ρb values for the Vrede study site could likely be attributed to 

a combination of several factors. Firstly, the Vrede study site receives a significantly higher MAP 

(795 mm) compared to the Ottosdal study site (565 mm), which leads to improved moisture 

retention in the soil, supporting higher organic matter levels. As mentioned, the Vrede study site 

was characterised by clayey soils (section 5.2.1), which generally have a greater capacity for 

storing SOC compared to sandy soils, as those found at the Ottosdal study site. Clayey soils also 

generally have lower ρb compared to sandy soils, due to the clay particles having a larger surface 

area that holds more water and organic matter, leading to more pore space in the soil, which 

reduces its overall density (Brady & Weil, 2017). The regenerative agricultural practices employed 

at the Vrede study site, such as the use of winter cover crops, manure inputs and daily rotational 

grazing of sheep, likely further contributed to enhanced SOC content and improved soil structure. 
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Figure 5-3: The soil organic carbon (SOC) content and dry bulk density (ρb) distribution of the 

three depths for the two study sites. 

Overall, the QQ-plots of SOC content for the Ottosdal study site across all three depths showed 

strong deviation from normality (Figure 5-4). The flattened pattern of the 5-15 cm and 15-30 cm 

depths likely suggests a highly skewed dataset, likely caused by the values concentrated within 

a narrow range (as indicated by Figure 5-3). The QQ-plots for the Vrede study site showed that 

only the 0-5 cm depth appeared closer to a normal distribution, although some deviation existed 

at the tails (Figure 5-5). The QQ-plots of ρb for the Ottosdal and Vrede study sites showed 

relatively good alignment with the theoretical quantiles, with only minor deviations at the lower 

and upper tails. 
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Figure 5-4: QQ-plots presenting the normality of soil organic carbon (SOC) content at different 

depths (0-5-, 5-15- and 15-30 cm) for the Ottosdal and Vrede study sites. 

 

Figure 5-5: QQ-plots presenting the normality of dry bulk density (ρb) at different depths (0-5, 5-15 

and 15-30 cm) for the Ottosdal and Vrede study sites. 
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5.3.2 Conventional mapping with ordinary kriging 

5.3.2.1 Soil organic carbon content and dry bulk density 

At both the Ottosdal and Vrede study sites, conventional mapping with OK did not produce 

statistically acceptable results (Table 5-2). Although the RMSE values for the SOC content (0.05 

– 0.5%) slightly outperformed Chabala et al. (2017) and John et al. (2021), who achieved RMSE 

values of 0.64% and 0.58%, respectively, and was similar to that achieved by Barbouchi et al. 

(2020), which found an RMSE of 0.19. The R² of 0.6, while the R² and ρc values for the Ottosdal 

and Vrede study sites were very low, indicating that the SOC content maps did not provide an 

accurate representation of reality. Although the RMSE values for the ρb maps were comparable 

to those reported in other studies (e.g., Mouazen et al., 2006; Mousavi et al., 2017), the R² and 

ρc values for the Ottosdal and Vrede study sites were significantly lower, also indicating that the 

ρb maps maps did not represent reality. 

 Table 5-2: The cross-validation statistics of soil organic carbon (SOC) content and dry bulk 

density (ρb) for the two study sites. 

SOC content ρb 

Ottosdal 

Depth (cm) RMSE (%) R² ρc RMSE (g/cm³) R² ρc 

0-5 0.12 -0.28 -0.01 0.12 -0.16 -0.06 

5-15 0.04 -0.46 -0.08 0.14 0.05 0.03 

15-30 0.05 0.2 0.12 0.11 -0.02 -0.02 

Vrede 

Depth (cm) RMSE (%) R² ρc RMSE (g/cm³) R² ρc 

0-5 0.5 0.48 0.39 0.12 -0.03 -0.01 

5-15 0.2 0.54 0.46 0.12 0.09 0.01 

15-30 0.21 0.41 0.31 0.13 0.36 0.25 

The provided maps (Figure 5-10a – d) are examples of the same spatial patterns observed for all 

the created SOC content and ρb maps. The inadequate representation of the maps could be 

attributed to the minimal semi-variance increase with distance (Figure 5-6 – Figure 5-9), 

suggesting very weak spatial dependency in the data. This weak structure implies that the spatial 

autocorrelation is low or that the spatial structure could not be well captured by the very few point-

based observations (Zhu & Lin, 2010). This likely led to inaccurate, patchy SOC content and ρb 

maps for the Ottosdal study site, as seen in Figure 10a and Figure 10c. Another effect of weak 

spatial dependency can also lead to some maps appearing overly smooth due to the averaging 

effect (Yamamoto, 2005), seen for both the SOC content map (Figure 5-10b) and ρb map (Figure 

5-10d). However, the SOC content maps from the Vrede study site did have stronger spatial 

dependency compared to the Ottosdal study site, which likely led to improved evaluation statistics 
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(Table 5-2). Considering the poor cross-validation statistics and the either patchy-looking or overly 

smoothed maps, the use of OK for mapping SOC content was considered as inaccurate and is 

not recommended at field scale. 
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(a)  (b)  

(c)  

Figure 5-6: The constructed semi-variograms for the Ottosdal study site of soil organic carbon (SOC) content at (a) 0-5 cm, (b) 5-15 cm and (c) 15-30 

cm. 
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(a)  (b)  

(c)  

Figure 5-7: The constructed semi-variograms for the Ottosdal study site of dry bulk density (ρb) at (a) 0-5 cm, (b) 5-15 cm and (c) 15-30 cm. 
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(a)  (b)  

(c)  

Figure 5-8: The constructed semi-variograms for the Vrede study site of soil organic carbon (SOC) content at (a) 0-5 cm, (b) 5-15 cm and (c) 15-30 cm.  
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(a)  (b)  

(c)  

Figure 5-9: The constructed semi-variograms for the Vrede study site of dry bulk density (ρb) at (a) 0-5 cm, (b) 5-15 cm and (c) 15-30 cm. 
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(a)  (b)  

(c)  (d)  

 
Figure 5-10: The maps created using ordinary kriging for (a) 5-15 cm soil organic carbon (SOC) content from the Ottosdal study site, (b) 5-15 cm soil 

organic carbon content (SOC) content from the Vrede study site, (c) 15-30 cm dry bulk density (ρb) from the Ottosdal study site and (d) 15-30 cm dry 

bulk density (ρb) from the Vrede study site.   
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5.3.2.2 Soil organic carbon stocks 

The calculate-first approach and the map-first approach using OK produced very similar total 

SOCS. For the Ottosdal study site, the calculate-first approach produced a value of 1 000 tons 

SOCS, while the map-first approach produced a value of 1 004 tons SOCS. For the Vrede study 

site the same trend of a negligible increase in SOCS with the map-first approach was observed, 

as the calculate-first approach produced a value of 1 533 tons SOCS, and the map-first approach 

produced a value of 1 553 tons SOCS. 

At both the Ottosdal and Vrede study sites, conventional mapping SOCS with OK did not produce 

statistically acceptable results (Table 5-3). In terms of RMSE, the Ottosdal study site (RMSE = 

2.27 t/ha) outperformed Li et al. (2023), Sherpa et al. (2016) and Kumar & Lal (2011), with values 

of 2.9, 17.21 and 3.56 t/ha, respectively. However, the R² and ρc values were very low for the 

Ottosdal study site compared to the other studies (Hoffman et al., 2014; Duan et al., 2020) with 

R² > 0.38. In contrast, the Vrede study site had a very poor RMSE (8.24 t/ha) and moderate R² 

and ρc values (Table 5-3), which outperformed the other mentioned studies. 

Table 5-3: The calculate-first approach cross-validation statistics of the soil organic carbon 

stocks (SOCS) (0-30 cm) for the Ottosdal and Vrede study sites. 

Cross-validation statistics of SOCS 

Ottosdal 

Depth (cm) RMSE (t/ha) R² ρc 

0-30 2.27 -0.36 -0.05 

Vrede 

Depth (cm) RMSE (t/ha) R² ρc 

0-30 8.24 0.62 0.58 

Although the two study sites did perform better regarding some evaluation statistics, the semi-

variogram parameters indicate that mapping with OK also showed weak spatial dependency for 

the Ottosdal study site (Figure 5-11b). The same patchy effect can also be seen for the Ottosdal 

study site map (Figure 5-11a), which indicate that the spatial structure could not be well captured 

by the point-based observations (Zhu & Lin, 2010). On the other hand, the SOCS for the Vrede 

study site (Figure 5-11c) did not provide the over-smoothing effect as seen from the previous 

maps (Figure 5-10b and Figure 5-10d), however, the poor RMSE value still led to the conclusion 

that the map provides an inaccuracy too large to be used.  
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(a)  (b)  

(c)  (d)  

Figure 5-11: The (a) soil organic carbon stocks (SOCS) map for the Ottosdal study site and the (b) constructed semi-variogram for the Ottosdal site, 

as well as the (c) soil organic carbon stocks (SOCS) map for the Vrede study site and the (d) constructed semi-variogram for the Vrede study site.
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5.3.3 Digital soil mapping with machine learning 

5.3.3.1 Soil organic carbon content and dry bulk density 

Overall, the maps produced from DSM with ML (Table 5-4) outperformed the maps produced with 

the conventional method using OK in terms of evaluation statistics (Table 5-2). However, the 

overall evaluation statistics still indicate relatively poor performance and need for improved maps. 

The only exception was for the SOC content at the 5-15 cm depth for the Vrede study site, where 

the OK performed slightly better RMSE (0.2% compared to 0.21%) and R² (0.54 compared to 

0.46). For ρb, the 15-30 cm depth from the Vrede study site also had a slightly better RMSE 

(0.11% compared to 0.12%) using OK. The provided maps (Figure 5-12a – d) are examples of 

maps created using DSM with ML and are also the same depth maps created using OK (Figure 

5-10a – d). The visual finding is that the maps created using DSM with ML does not indicate the 

same patchy or overly smooth look as with the maps created using OK. However, some maps, 

such as Figure 5-12a, did also provide overly smoothed maps, likely due to an averaging effect 

applied by the Cubist model to reduce prediction error and smooth the results (Khaledian & Miller, 

2020). Some maps (Figure 5-12b) presented the appearance of specific dots on the map and 

could likely be attributed to one or more covariates that were heavily utilised by the Cubist model 

for predictions in these locations. It is important to note that these dots are different to the patchy 

appearance of Ottosdal study site maps created using OK, where the patches appear at the 

location of the datapoints, artificially increasing the accuracy of the maps. From the maps created 

using DSM with ML, the dots were likely due to a covariate layer with which the SOC content was 

correlated. 

OK relies on the assumption that spatial autocorrelation (similarity of values at nearby locations) 

is consistent and stationary (Keskin et al., 2019). However, this might be effective when this 

assumption holds true, but OK may struggle to capture complex relationships between soil 

properties (SOC content and ρb) and environmental factors. In contrast, ML models, such as 

Cubist, were likely able to capture these non-linear, complex relationships by utilising the 

environmental covariates (Akpa et al., 2016; Taghizadeh-Mehrjardi et al., 2021; Taghipour et al., 

2022). Previous studies (Minasny et al., 2013) have found that for small scale areas (resolution < 

100 m), spatial topsoil SOC content correlates well with vegetation and local terrain attributes (i.e. 

slope, aspect, curvatures), which was likely also the case for this study, resulting in DSM with ML 

outperforming OK. 

Cubist was the overall best performing ML model for mapping SOC content and ρb from both 

study sites (Table 5-4). However, RF did outperform Cubist regarding the 0-5 cm and 5-15 cm ρb 

maps of the Vrede study site. Cubist performed better than RF and SVM likely due to the model 

effectively capturing non-linear relationships and threshold effects in the data, by using a 
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combination of “if-then” rules and linear regression adjustments (Peng et al., 2015; Kock, 2022). 

Cubist is also one of the most common ML models used for accurately mapping SOC content and 

have shown to outperform other ML models, such as RF and SVM (Lamichhane et al., 2019; 

Huang et al., 2022). RF, while robust and flexible, may not have captured these patters due to its 

reliance on non-linear decision trees, without the benefit of explicit rule-based splitting and linear 

corrections within segments (Lamichhane et al., 2019; Sharififar et al., 2019; Bai et al., 2022). RF 

and SVM are also two ML models that are susceptible to overfitting data (Hernandez et al., 2009; 

Keskin et al., 2019). This result was also in contrast to a recent study done by Nozari et al. (2024), 

which found that on regional scale RF outperformed Cubist slightly for creating SOC content 

maps. 

Since OK need reliable semi-variograms and dense observations, DSM with ML is recommended 

for mapping SOC content and ρb at field scale in South Africa. However, both methods need to 

be improved to be sufficiently accurate to be used at field scale.  For improving the OK maps, soil 

samples need to be taken much closer to one another, which would increase the spatial 

dependency. For the Vrede study site, the sampling distance would be approximately 73 m, which 

is 50% of the shortest range of the semi-variograms (146 m for 0-5 cm), following the norm of 

Flatman & Yfantis (1984). To improve the DSM with ML maps, more sampling and covariate data 

is needed. The ML models usually require large datasets to work optimally (Sarker, 2021) and 

the few observations (n = 50 / study site) included for this study was suboptimal to be fully utilised. 

Since mapping SOC content and ρb at is challenging (Huang et al., 2022), a viable option to 

increase data, but decrease costs are to map SOC content at farm scale rather than field scale, 

as it provides the opportunity to collect measurements at more locations, while decreasing the 

sampling density. The most substantial improvement will be gained by incorporating crop yield, 

as measured by the combine harvester, as the biomass produced should be correlated to the 

SOC content (Zhang, 2021b). Other field scale covariates, such as fine-resolution DEM, as 

determined through precision equipment on a tractor (Yang et al., 2019), electromagnetic 

induction (Doolittle & Brevik, 2014) and gamma-radiometric measurements (Dierke & Werban, 

2013) would greatly improve the DSM with ML maps. 
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Table 5-4: The validation statistics of soil organic carbon (SOC) content and dry bulk density (ρb) for the two study sites. The green highlighted cells 

show the best performing models. 

SOC content ρb 

  Ottosdal Vrede Ottosdal Vrede 

 Random Forest (RF) 

Depth (cm) RMSE (%) R² ρc RMSE (%) R² ρc RMSE (g/cm³) R² ρc RMSE (g/cm³) R² ρc 

0-5 0.1 0.17 0.21 0.4 0.42 0.37 0.11 0.01 -0.07 0.14 0.35 -0.18 

5-15 0.03 0.21 0.23 0.2 0.46 0.39 0.11 0.11 0.16 0.07 0.21 0.37 

15-30 0.04 0.07 0.23 0.18 0.43 0.32 0.15 0.04 -0.02 0.13 0.44 0.24 

  Support Vector Machines (SVM) 

Depth (cm) RMSE (%) R² ρc RMSE (%) R² ρc RMSE (g/cm³) R² ρc RMSE (g/cm³) R² ρc 

0-5 0.11 0.07 0.13 0.4 0.43 0.33 0.11 < 0.001 < 0.001 0.1 0.003 -0.03 

5-15 0.03 0.1 0.19 0.21 0.36 0.32 0.11 0.12 0.23 0.09 0.18 0.27 

15-30 0.05 0.06 0.23 0.18 0.36 0.33 0.16 0.02 -0.05 0.14 0.21 0.19 

  Cubist 

Depth (cm) RMSE (%) R² ρc RMSE (%) R² ρc RMSE (g/cm³) R² ρc RMSE (g/cm³) R² ρc 

0-5 0.09 0.56 0.66 0.44 0.76 0.58 0.12 0.11 -0.29 0.16 0.02 -0.1 

5-15 0.03 0.42 0.51 0.21 0.46 0.48 0.11 0.12 0.24 0.18 0.001 0.02 

15-30 0.04 0.27 0.41 0.16 0.5 0.6 0.17 0.11 -0.15 0.12 0.57 0.36 
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(a)  (b)  

(c)  (d)  

 
Figure 5-12: The maps created using digital soil mapping with machine learning for (a) 5-15 cm soil organic carbon (SOC) content from the Ottosdal 

study site, (b) 5-15 cm soil organic carbon (SOC) content from the Vrede study site, (c) 15-30 cm dry bulk density (ρb) from the Ottosdal study site and 

(d) 15-30 cm dry bulk density (ρb) from the Vrede study site.  
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5.3.3.2 Soil organic carbon stocks 

The calculate-first approach and the map-first approach using DSM with ML produced very similar 

total SOCS, however in contrast to OK, the calculate-first approach had negligibly higher SOCS 

values. For the Ottosdal study site, the calculate-first approach produced a value of 1 001 tons 

SOCS, while the map-first approach produced a value of 990 tons SOCS. For the Vrede study 

site the calculate-first approach produced a value of 1 574 tons SOCS, and the map-first approach 

produced a value of 1 562 tons SOCS. 

Overall, the created SOCS maps (Figure 5-13 and Figure 5-14) were improved from the maps 

created using OK, however, the evaluation statistics indicate that the map accuracy need to be 

improved. Although the created SOCS maps using DSM with ML only utilised the evaluation 

dataset (n = 13), it produced better evaluation statistics (Table 5-5) compared to the SOCS maps 

created using OK (Table 5-3). All the evaluation statistics were better using DSM with ML, only 

the R² value for the Vrede study site, were slightly better using OK (R² = 0.64) compared to DSM 

with ML (R² = 0.52). There was also a greatly improved RMSE of the map created using DSM 

with ML for the Vrede study site, with a RMSE of 6.56 t/ha, compared to the 8.24 t/ha using OK. 

Visually, the SOCS map created for the Ottosdal study site using DSM with ML (Figure 5-13a) did 

not show any of the patchy-looking areas as with the SOCS map created using OK (Figure 5-11a). 

Although the evaluation statistics for the Vrede study site using DSM with ML performed better 

compared to OK (Table 5-3 and Table 5-5), visually the DSM with ML map also presented the 

appearance of specific dots on the map (Figure 5-14a) and could likely be attributed to one or 

more covariates that were heavily utilised by the Cubist model for predictions in these locations, 

as was previously discussed. Therefore, OK produced a better-looking map compared to DSM 

with ML. 

Table 5-5: The validation statistics of soil organic carbon stocks (SOCS) for the two study sites 

using the calculate-first approach. 

SOCS 

Ottosdal 

Depth (cm) RMSE (t/ha) R² ρc 

0-30 2.2 0.19 0.35 

Vrede 

Depth (cm) RMSE (t/ha) R² ρc 

0-30 6.56 0.52 0.61 

 

The reason for the patchy-looking maps was likely the same as with the SOC content and ρb, 

where OK relies on the assumption that spatial autocorrelation is consistent and stationary 
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(Keskin et al., 2019; Farooq et al., 2022). The Cubist model was likely able to capture the non-

linear, complex relationships between the SOCS and environmental covariates, leading to more 

accurate maps. Since OK need reliable semi-variograms and dense observations for accurate 

maps, DSM with ML is recommended for mapping SOCS at field scale in South Africa. As 

mentioned, for improving SOCS mapping using OK as the conventional method, observations 

could be taken closer together, improving the spatial dependency. For improving SOCS mapping 

using DSM with ML, more detailed datasets, such as, such as finer-resolution DEMs, yield data, 

electromagnetic induction and gamma-ray data could be acquired, and focus could be shifted to 

farm scale instead of field scale. 

Overall, the two study sites had better RMSE values compared to other studies, such as Deng et 

al (2018), Hinge et al. (2018), Gomes et al. (2019) and Negassa et al. (2023) that achieved RMSE 

values > 10 t/ha. Deng et al. (2018) did achieve a better R² of 0.76, with the other mentioned 

studies achieving relatively the same performance compared to the Ottosdal and Vrede study 

sites, with R² values between 0.3 and 0.5. Two recent studies done by Taghizadeh-Mehjardi et 

al. (2020) and Odebiri et al. (2023) found that the use of deep learning models has emerged as 

innovative analytical strategies for improving SOCS mapping. Odebiri et al. (2023) utilised deep 

learning models, such as Concrete Autoencoder-Deep Neural Network, Boruta-Deep Neural 

Network, and Deep Neural Network and achieved RMSE values of 7.91–10.71 t/ha and ρc values 

of 0.79 – 0.85. This might indicate that the use of deep learning models can further improve 

mapping SOCS at field scale in South Africa.  
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(a)  (b)  

(c)  (d)   
Figure 5-13: The soil organic carbon stocks (SOCS) maps created for the Ottosdal study site using (a) the calculate-first approach using digital soil 

mapping (DSM) with machine learning (ML) (b) the map-first approach using digital soil mapping (DSM) with machine learning (ML) (c) the calculate-

first approach using ordinary kriging (OK) (d) the map-first approach using ordinary kriging (OK).  
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(a)  (b)  

(c)  (d)   
 

Figure 5-14: The soil organic carbon stocks (SOCS) maps created for the Vrede study site using (a) the calculate-first approach using digital soil 

mapping (DSM) with machine learning (ML) (b) the map-first approach using digital soil mapping (DSM) with machine learning (ML) (c) the calculate-

first approach using ordinary kriging (OK) (d) the map-first approach using ordinary kriging (OK).  
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5.3.4 Calculate-first approach vs map-first approach 

Overall, the two approaches for both OK and DSM with ML yielded very similar total SOCS for 

each study site (Figure 5-15). However, using OK, the map-first approach yielded higher total 

SOCS, while using DSM with ML, the calculate-first approach yielded higher total SOCS (Figure 

5-15). 

When comparing the calculate-first approach with the map-first approach, the latter achieved 

slightly better performance regarding ρc values for both study sites (Figure 5-16), while the RMSE 

where slightly lower for the Map-first approach at the Ottosdal study site. There were also no 

statistically significant differences found between the two approaches for both study sites, with p-

values > 0.05. Although the calculate-first approach achieved a RMSE of 2.27 t/ha and the map-

first approach achieved a ρc of 0.21 t/ha for the Ottosdal study site, the results from the Vrede 

study site showed that the calculate-first approach was slightly more accurate (ρc = 0.41) and 

with a lower RMSE (7.89 compared to 8.18 t/ha).  

Overall, it was inconclusive which approach should be selected when utilising the conventional 

method of OK or DSM with ML. The calculate-first approach is able to utilise ML and capture 

complex relationships between SOCS and environmental covariates (Lamichhane et al., 2019; 

Sharififar et al., 2019; Bai et al., 2022), which could lead to more accurate maps. This approach 

also incorporates both SOC content and ρb field measurements, which could lead to more reliable 

and accurate SOCS estimations. However, collecting field data for both SOC content and ρb can 

be labour-intensive, costly and logistically challenging over large areas or difficult terrain. In 

contrast, the map-first approach may be faster and suitable in areas where accurate and reliable 

maps of SOC content and ρb already exist, and the relationship between these variables and the 

environmental factors are relatively simple and linear. However, the map-first approach is 

dependent on the accuracy of the previously created maps, which may introduce errors and likely 

lead to less accurate and reliable maps. As the results were inconclusive, more research is 

needed to determine which of these two approaches should be selected when utilising OK or 

DSM with ML. However, the study concluded that the calculate-first approach should be 

endorsed, due to this approach being simpler and might lead to more reliable and accurate SOCS 

estimations. 
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Figure 5-15: The total soil organic carbon stocks (SOCS) when using OK and DSM with ML with 

the calculate-first and map-first approaches. 

 

Figure 5-16: Two scatter plots indicating the observed vs predicted values using the calculate-first 

approach and map-first approach for the Ottosdal and Vrede study site. 
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5.4 Conclusion 

The findings in this study demonstrated that DSM with ML should be used rather than OK for 

mapping SOCS at field scale. The results also showed the conventional method using OK for 

mapping SOCS were not sufficient for mapping SOCS at field scale. However, the results 

indicated that the SOC content, ρb and SOCS maps for DSM with ML needs to be improved. It 

was shown that the conventional method using OK yielded less accurate evaluation statistics and 

inaccurate maps, however, the SOCS map for the Vrede study site using DSM with ML did present 

specific dots, which made the OK map visually better-looking. Since, OK relies on the assumption 

that spatial autocorrelation (similarity of values at nearby locations) is consistent and stationary, 

the spatial structure could not be well captured by the point-based observations and let to either 

patchy-looking or overly smoothed SOC content, ρb maps. The results were inconclusive 

regarding whether the calculate-first approach or the map-first approach should be used when 

utilising DSM with ML. Although both approaches have several advantages and disadvantages, 

more research is needed to determine which approach should be used when utilising OK or DSM 

with ML. However, the study concluded that the calculate-first approach should be endorsed, due 

to this approach being simpler and might lead to more reliable and accurate SOCS estimations. 

To increase the accuracy of maps generated using DSM with ML, additional soil samples could 

be collected, and field scale covariates should be incorporated. This could include finer-resolution 

DEMs, yield data, electromagnetic induction and gamma-ray data. Moreover, since mapping SOC 

content and ρb at field scale is challenging efforts should focus on mapping these properties at 

farm scale instead. The use of deep learning models could also further improve mapping SOCS 

at field scale in South Africa. Finally, future studies should also focus on utilising the most 

applicable environmental covariates for optimal soil property mapping. 
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CHAPTER 6 MODEL VS MEASURE: COMPARING SOIL ORGANIC 

CARBON STOCKS QUANTIFICATION APPROACHES AT 

FIELD SCALE IN SOUTH AFRICA 

6.1 Introduction 

Soil organic carbon (SOC) plays a crucial role in the global carbon cycle, with an estimated 1 500 

to 2 400 gigatons of organic carbon in the top meter of soils worldwide (Hartemink & McSweeney, 

2014; Paustian et al., 2019; Smith et al., 2020) To mitigate carbon emissions, carbon 

sequestration (the long-term storage of carbon in oceans, soils, vegetation, and geological 

formations) has garnered increasing attention in recent years (Baurov, 2021; Zhang et al., 2021; 

Batool et al., 2024). The trading of carbon credits to the government and businesses has become 

a major focus in recent years (Sharma et al., 2021). In South Africa, farmers and land managers 

have the opportunity to generate income by trading these carbon credits. Given its relevance, 

appropriate methods for modelling and monitoring SOC content and soil organic carbon stocks 

(SOCS) are also becoming very important. 

There is an ongoing debate about the most appropriate approach for quantifying changes in 

SOCS (Paustian et al., 2016; Smith et al., 2020; FAO, 2019). Some authors argue that modelling 

approaches are more cost-effective than direct re-measurements (Smith et al., 2020), while others 

argue that direct measurements are the most accurate and reliable approach. There is a need to 

evaluate the costs of sampling against the value of SOCS sequestered and search for trade-offs 

between costs involved and alternative SOCS estimation methods (Smith et al., 2020). Accuracy 

is usually the key focus of scientific studies and carbon credit standards that follows a direct re-

measurements approach. For carbon credit standards that follows a modelling approach, the key 

focus is on the certainty that temporal (e.g. annual) changes in SOCS can be predicted over time. 

This includes the extent that the certainty criterion is met for: (i) equilibrium baseline conditions, 

(ii) “historic” re-measured or modelled changes in SOCS, and (iii) changes in SOCS predicted at 

5 years initially, proceeded by successive 5-year intervals (at 10, 15 and 20 years). Finally, the 

determined or predicted carbon credits (with either re-measure or modelling approach) must be 

reduced if the certainty criterion is not met, based on the prescribed rules of a standard 

methodology. 

Modelling approaches involve using numerical models, such as Rothamsted carbon (RothC) 

CENTURY and DayCent, to predict how changes in management practices or land-use affect 

SOCS over time. The RothC model is classified as a level 2 “soil” model, which refers to process-

oriented models that take SOC dynamics into account, but do not simulate other complex 
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processes, such as plant above- or belowground biomass growth or nutrient dynamics (IPCC, 

2006; FAO, 2019). RothC is commonly used for predicting changes in SOCS over time in non-

waterlogged topsoil and allows for the including of the effects of soil type, climate, moisture 

content and plant cover on the turnover process (Coleman & Jenkinson, 1996; Coleman & 

Jenkinson, 2014; FAO, 2019). Advantages of the RothC model include its ability to account for 

the effects of different management practices on SOCS and this model has relatively simple input 

requirements. Importantly, the model may not be suitable for all soil types and may require site-

specific calibration to improve its accuracy (Falloon & Smith, 2002). The model also introduces 

room for error, as the SOC inputs from plant residues and animal excreta need to be estimated 

and based on scientific literature, which might also not be easily available or might be inaccurate 

(Poeplau, 2017; FAO, 2019). Parameters, such as plant SOC input and fertiliser SOC input are 

often problematic due to high uncertainty and high model sensitivity (Poeplau, 2017; FAO, 2019). 

Fertiliser input is also not a requirement for the Fortran, python and Windows versions of RothC, 

which is another limitation of the model. Inaccurate estimates would lead to inaccurate 

quantification of SOCS, which would lead to inaccurate carbon credits. This would ultimately 

either decrease or increase the carbon credits and ultimately affect all stakeholders involved. 

Direct re-measurements involve physically sampling soils and analysing them in a laboratory to 

quantify changes in SOC content and stocks, however, does require many samples and rely on 

appropriate study designs and protocols (Smith et al., 2020). The calculation of SOCS includes 

measuring SOC content and dry bulk density (ρb) at specific depth intervals and incorporating 

coarse fragments (1 – Sm (v%)) (Equation 2-8). Advantages of the re-measuring approach 

includes the reliability of the actual direct soil measurements at different scales. 

In South Africa, carbon credits typically rely on the Verified Carbon Standard methodology (Shoch 

& Swails, 2020) or the Gold Standard methodology (Aynekulu et al., 2011; TREES Consulting, 

2020) as standard methodologies for quantifying SOCS (Bodenstein, personal communication, 

2023). The re-measure approach is not commonly used, as this approach takes time and has a 

high operation cost (Smith et al., 2020). Therefore, South African companies typically employ the 

modelling approach, commonly using the RothC model (Bodenstein, personal communication, 

2023; Mills, personal communication, 2025). The aim of this study was: 

 to compare two SOCS quantification approaches, modelling and re-measure, on field 

scale in South Africa and 

 to evaluate the cost against the value of SOCS sequestered. 
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6.2 Materials and methods 

6.2.1 Study area and site description 

For this study, one field from each of two farms was selected, located near the towns of Ottosdal 

in the North West Province and Vrede in the Free State Province (Figure 6-1). The Ottosdal farm 

receives a median annual precipitation (MAP) of 565 mm (Schulze, 2007), with basalt, andesite 

and tuff as the predominant lithology (Council for Geosciences, 2019), and the soils in the area 

are generally sandy (clay < 10%) and classified as Hutton and Clovelly soil forms (Soil 

Classification Working Group, 2018). In contrast, the Vrede farm receives 795 mm MAP (Schulze, 

2007), with mudstone and sandstone as the dominant lithology (Council for Geosciences, 2019), 

and the soils are primarily silty (silt > 15%) and classified as Tukulu soil form (Soil Classification 

Working Group, 2018). 

Agricultural management practices, including rotational cropping with maize and soybean as well 

as implementing no-tillage practices and incorporating residues after harvest, were implemented 

at both farms. The Vrede farm implemented a double cropping system, whereas the Ottosdal farm 

implemented a single cropping system. The Vrede farm utilised winter cover crops, while the 

Ottosdal farm did not. The winter cover crops at the Vrede farm included oats, rye, vetch, 

Japanese radish, forage rape and barley. Since, the Ottosdal farm only implemented a single 

cropping system, the SOC input and SOC sequestration potential was likely lower compared to 

the Vrede farm. According to the farmers, a total of 1 000 sheep (400 ewes and 600 lambs) grazed 

daily for a total of 300 days on the Vrede farm from June 2022 to July 2024, while a total of 200 

cattle (150 cows and 50 juveniles) grazed a total of 56 days (4 weeks after harvest) on the 

Ottosdal farm from June 2022 to July 2024. 
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Figure 6-1: The location of the Ottosdal Farm and Vrede Farm, as well as the location of the fields 

and augered (disturbed) samples collected for the study. 

6.2.2 Soil sampling and analysis 

6.2.2.1 Baseline assessment 

The baseline assessment (for 2022) was done in Chapter 5, by utilising the SOC content and ρb 

values and calculating the SOCS (t/ha) for the 50 observations using Equation 2-8 and then 

afterwards summing all observations for finally calculating the total SOCS. Since the texture 

analysis in Chapter 5 determined the coarse fragments as zero, the equation was slightly 

amended for calculating the total SOCS. Box-and-whisker plots were created using “ggplot” in 

RStudio (Wickham, 2016), which presented the baseline SOCS (2022) at the three depths for the 

two study sites. In Chapter 5, SOCS maps were also created for both study sites (Figure 6-2). For 

this study, soil mapping would not be used, as Chapter 5 indicated that improved mapping is 

needed for accurate SOCS calculation and mapping. 
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(a)  

(b)  

Figure 6-2: The soil organic carbon stocks (SOCS) map created using digital soil mapping and 

machine learning for the (a) Ottosdal study site and (b) Vrede study site (from Chapter 5). The 

“One-observation” that was selected close to the centre of the field is also shown. 

6.2.2.2 Re-measure approach 

For the re-measurement approach, disturbed soil samples from all 50 observations and three 

depth increments, (0-5, 5-15 and 15-30 cm; n = 150 / site) from both sites were collected in July 

2024 (after harvest) using a soil auger (Figure 6-1). The disturbed soil samples from both sites 

were air-dried and passed through a 2-mm sieve, before it was scanned with a NeoSpectra hand-

held near-infrared (NIR) spectrometer, developed by Si-Ware. The SOC content of soil samples 

from the Vrede study site was determined by using a LECO CN analyser (Nelson & Sommers, 
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1996; FAO, 2019), while SOC content from the Ottosdal study site was determined by using a 

NIR calibration algorithm (RMSE = 0.05, RPD = 1.87) that was created in Chapter 4. The ρb 

values for all 50 observations at three depths for both study sites were determined by using the 

pedo-transfer function created in Chapter 5. Finally, Equation 2-8 was used for calculating the 

SOCS for all 50 observations at each study site. 

6.2.3 Modelling approach using RothC 

6.2.3.1 RothC model description 

For the modelling approach, the RothC model was utilised and the “RothCModel” function in the 

“SoilR” package (Sierra et al., 2012; FAO, 2019; Jordon, 2021) was used to predict the SOCS for 

2024. The RothC model simulates SOC dynamics through time by partitioning incoming plant 

residues, and other SOC inputs such as manure, into four active compartments/pools: 

decomposable plant material (DPM), resistant plant material (RPM), microbial biomass (BIO) and 

humus (HUM) (Coleman & Jenkinson, 2014). The model also includes an inert organic matter 

(IOM) pool, which does not take part in SOC content turnover. Apart from IOM, each soil organic 

matter pool decomposes and has a specific decomposition rate. The decomposition rate for each 

pool is affected by soil moisture, temperature, plant cover and clay content (Kaonga & Coleman, 

2008; Coleman & Jenkinson, 2014; FAO, 2019). The RothC model computes the total organic 

carbon (t/ha) in a monthly time-step (Geremew et al., 2024) and requires the input data described 

in the following section to achieve this. 

6.2.3.2 Input data requirements 

The minimum data required to run the RothC model relates to climate (Table 6-1), soil, land 

management (Table 6-2 – Table 6-5), monthly vegetation cover and an estimated DPM/RPM ratio 

based on the land use (Coleman & Jenkinson, 2014). Furthermore, the model utilises a few 

default inputs, including the DPM/RPM ratio of 1.44, (Coleman & Jenkinson, 2005; Setia et al., 

2011; Coleman and Jenkinson, 2014; Geremew et al. 2024) and the decomposition rate constants 

(Ks) for DPM (10), RPM (0.3), BIO (0.66) and HUM (0.02) (Coleman & Jenkinson, 2005; Coleman 

& Jenkinson, 2014; Sierra & Mueller, 2023; Scherstjanoi & Dechow, 2024). 

Regarding the required input soil data, the clay content was acquired from the texture analysis in 

Chapter 5, while the SOCS for 2022 was calculated in section 6.2.2. The temperature-based 

Thornthwaite empirical equation was applied to estimate the potential evapotranspiration (PET) 

and used for calculating the environmental modifying rate (xi) for each study site (Equation 6-1 

and Equation 6-2). Mean monthly temperature and total monthly precipitation data from 1990 to 

2022 was collected from NASA Prediction of Worldwide Energy Resources (POWER) (NASA, 
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2024), while data from July 2022 until July 2024 (25 months) was collected from the South African 

Weather Service (SAWS, 2024). The South African Weather Service would also have been used 

for collecting data from 1990 to 2022, however, was unavailable due to maintenance. 

For calculating the carbon input through farmyard manure (FYM), the volatile solid (VS) excretion 

rates and total carbon content in VS was acquired from scientific literature (Table 6-2). The final 

FYM value was calculated by using Equation 6-3 – Equation 6-7 (Table 6-2). The amount carbon 

lost through grazing (Inout) was calculated using Equation 6-8 – Equation 6-11 and utilising the 

daily dry matter intake (DMI) from literature (Table 6-3). Since it was uncertain the exact weight 

of the cows at the Ottosdal farm, a conservative DMI value of 12 kg was selected based on typical 

values reported by Mokolobate et al. (2015) for South Africa. 

For calculating the carbon input through plant residues (In), the input from cash crops (Table 6-4) 

and from cover crops (Table 6-5) were calculated separately. For calculating the carbon input 

from cash crops, the harvest index (HI), shoot-to-root ratios (S/R) and yield data was utilised in 

Equation 6-12 – Equation 6-16 (Table 6-4). For calculating the carbon input from cover crops, the 

above-ground biomass (AGB), below-ground biomass (BGB), HI and S/R was utilised in Equation 

6-17 – Equation 6-20 (Table 6-5) (see also Appendix F and Appendix G). 
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Table 6-1: Baseline soil organic carbon stocks (C0) and environmental modifying rate (xi) and accompanying equations as RothC model input 

variables for soil organic carbon stocks prediction. 

RothC 
model input 

required Input variable Symbol Equation Equation description and constants References 

Environmental 
modifying rate 

(xi) 

Total monthly 
precipitation and mean 
monthly temperature 

Potential 
evapotranspiration 
(PET) (mm/month) 

Equation 6-1: PET = 16 ((10 x T) / I)a 

PET refers to the potential evapotranspiration 
T is the mean monthly temperature (°C)  

Index (I) is the heat index, calculated as the sum of 
(T/5)1.514 

a is a climate factor and is calculated as: a = 
0.000000675 × I3 − 0.0000771 × I2 + 0.01792 × I + 

0.49239 

Thornthwaite, 1948; Coleman et 
al. (1997); Coleman & 

Jenkinson (2005); Geremew et 
al. (2024) 

 
Soil cover modifying 

factor 
RCfactor (unitless)  

If the soil cover is bare, it returns 1 
If the soil cover is vegetated, it returns 0.6 

For other values, it returns NA Coleman et al. (1997); Coleman 
& Jenkinson (2005); Coleman & 
Jenkinson, 2014; Morais et al. 
(2019); Scherstjanoi & Dechow 
(2024); Coleman et al. (2024)   

xi value (between 0 
and 2) 

xi 
Equation 6-2: xi = RCfactor × fT × 

fW 

RCfactor is the calculated soil cover 
fT refers to the temperature modifier and calculated 

using the fT.RothC function 
fW refers to the moisture modifier and calculated using 

the fW.RothC function 
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Table 6-2: Farmyard manure input (FYM) and accompanying equations as RothC input variables for soil organic carbon stocks prediction. 

RothC model input 
required Input variable Symbol Equation Equation description and constants References 

Farmyard manure input (FYM) 
Annual volatile 

solids (VS) 
excretion 

VSanimal  
Equation 6-3: VSanimal = VSrate x 

(TOTALanimals/1000) x 365 

VSanimal (tDM VS/annum) refers to the volatile solid 
excretion 

VSrate (tDM VS/day/animal) refers to the dry volatile solid 
excretion rate; where for sheep it was 0.4 kg VS/1000 
kg/day, where for cattle it was 5.8 kg VS/1000 kg/day 

(2.65 kg VS/453 kg/day) 

IPCC, 2006; 
Kimura et al. 

(2011); Roy & 
Kashem (2014); 
Gavrilova et al. 

(2019) 

 
VS excretion for 
grazing period 

VSanimal/period 
Equation 6-4: VSanimal/period = VSanimal x (days 

grazed/365) 
VSanimal/period (tDM VS) refers to the volatile solid 

excretion for the specific period grazed 

 
Carbon content in 

excreted VS 
C/animal 

Equation 6-5: C/animal = VSanimal/period x VScarbon 

content 

C/animal (tDM C/animal) refers to the carbon content 
excreted for each animal 

VSanimal/period refers to the volatile solid excretion for the 
specific period grazed 

VScarbon refers to the carbon content of the volatile 
solid/manure, which was 0.35 or 35% of dry matter 

 
Total carbon input 
from all animals 

CTOTAL Equation 6-6: CTOTAL = animalsTOTAL x C/animal 

CTOTAL refers to the total carbon input from all animals 
animalsTOTAL refers to the total number of animals 

grazed 
C/animal refers to the carbon content in the excreted 

volatile solid/manure 

 
Total carbon input 
per hectare (FYM) 

FYM Equation 6-7: FYM = CTOTAL/field area 

FYM refers to the total carbon input from all animals at a 
unit field area 

CTOTAL refers to the total carbon input from all animals 
Field area was 50 ha 
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Table 6-3: Farmyard manure output (Inout) and accompanying equations as RothC input variables for soil organic carbon stocks prediction. 

RothC model input 
required Input variable Symbol Equation Equation description and constants References 

Farmyard manure output (Inout) 
Daily dry matter 

intake (DMI) 
DMI 

Equation 6-8: DMI = animalsTOTAL x 
animalweight x 0.03/0.02 

DMI refers to the dry matter intake for animals 
animalsTOTAL refers to the total number of animals 

grazed 
animalweight refers to the weight of the animals, 

where the following weights were used: 
Adult sheep = 60 kg 

Juvenile sheep/lambs = 25 kg 
Adult cow = 450 kg 

Juvenile cow = 200 kg 
DMI for cows = 12 kg of dry matter per day, while 

DMI for sheep = 1.8 kg of dry matter per day (3% of 
body weight) Nicol & Brookes 

(2007); Kimura et al. 
(2011); Roy & 

Kashem (2014); 
Mokolobate et al. 

(2015); Gavrilova et 
al. (2019) 

 
Total dry matter 

intake (DMI) over 
grazing period 

DMI/period Equation 6-9: DMI/period = DMI x days grazed 
DMI/period refers to the total dry matter intake over the 

grazing period 
DMI refers to the dry matter intake for animals 

 
Carbon content loss 

from grazing 
Clost 

Equation 6-10: Clost = DMI/period x 
(Ccontent/1000) 

Clost refers to the carbon content loss from grazing 
DMI/period refers to the total dry matter intake over the 

grazing period 
Ccontent refers to the carbon content of crops, which 

was 0.45 

  
Carbon content lost 
from grazing by total 

field area 
Inout Equation 6-11: Inout = Clost / field area 

Inout refers to the total carbon content lost from 
grazing  

Clost refers to the carbon content loss from grazing 
Field area was 50 ha 
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Table 6-4: Carbon plant inputs (In) and accompanying equations as RothC input variables for soil organic carbon stocks prediction. 

RothC model 
input required Input variable Symbol Equation Equation description and constants References 

Carbon plant inputs (In) 
Carbon input from 
cash crops (roots) 

Cr Equation 6-12: Cr = (yield / HI x SR)) x Cfactor 

Cr refers to the carbon input from the roots of 
the crop 

HI refers to the harvest index of the crop 
SR refers to the shoot-to-root ratio of the crop 

Cfactor refers to the carbon content fraction of the 
crop, which was 0.45 

Kuzyakov & 
Domanski (2000); 

Bolinder et al. 
(2007); Unkovich 
et al. (2010); Luo 

et al. (2015); 
Patel et al. 

(2015); 
Hergoualc'h et al. 
(2019); Dechow 

et al. (2019); 
Löwik (2023) 

 
Carbon input from 

cash crops 
(stubble and chaff) 

Cs Equation 6-13: Cs = Sfactor x (yield / HI) x Cfactor 

Cs refers to the carbon input from the stubble 
and chaff of the crop 

Sfactor refers to the below-ground biomass-to-
above-ground biomass of the crop 

Cfactor refers to the carbon content fraction of the 
crop, which was 0.45 

 
Carbon input from 
cash crops (root 

exudates) 
Ce Equation 6-14:  Ce = Efactor x (yield / HI) x Cfactor 

Ce refers to the carbon input from the root 
exudates of the crop 

Efactor refers to the carbon exudate factor 
Cfactor refers to the carbon content fraction of the 

crop, which was 0.45 

 

Carbon input from 
cash crops 

(residues from 
weeds) 

Cw Equation 6-15: Cw = Wfactor x (yield / HI) x Cfactor 

Cw refers to the carbon input from weed 
residues 

Wfactor refers to the carbon weed factor 
Cfactor refers to the carbon content fraction of the 

crop, which was 0.45 

 
Total carbon input 
from cash crops 

Incashcrops Equation 6-16: Incashcrops = Cr + Cs + Ce + Cw 

Incashcrops refers to the total carbon input from 
cash crops 

Cr refers to the carbon input from roots of the 
crop 

Cs refers to the carbon input from stubble and 
chaff of the crop 

Ce refers to the carbon input from the root 
exudates of the crop 

Cw refers to the carbon input from the weed 
residues 
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Table 6-5: Carbon plant inputs (In) and accompanying equations as RothC input variables for soil organic carbon stocks prediction (continued). 

RothC model 
input required Input variable Symbol Equation Equation description and constants References 

Carbon plant inputs (In) 
Biomass estimation 
for each cover crop 

Biomasscovercrops 
Equation 6-17: Biomasscovercrops = AGBfraction x 

BGBfraction 

Biomasscovercrops refers to the total biomass of all 
cover crops 

AGBfraction refers to the above-ground biomass 
fraction for the cover crop 

BGBfraction refers to the below-ground biomass 
fraction for the cover crop 

Kuzyakov & Domanski 
(2000); Cowie & Swift 
(2004); Bolinder et al. 
(2007); Unkovich et al. 
(2010); Subedi et al. 

(2018); Hergoualc'h et al. 
(2019); Dechow et al. 

(2019) 

 
Carbon input for 

cover crops 
Incovercrops 

Equation 6-18: Incovercrops = (Biomasscovercrops / 
HI x SR) x 0.45 

Incovercrops refers to the total carbon input from 
cover crops 

Biomasscovercrops refers to the total biomass of 
cover crops 

HI refers to harvest index of cover crop 
SR refers to the shoot-to-root ratio of cover crop 
The 0.45 refers to the carbon fraction in cover 

crops 

 
Total carbon plant 

inputs 
InTOTAL Equation 6-19: InTOTAL = Incashcrops + Incovercrops 

InTOTAL refers to the total carbon plant input 
Incashcrops refers to the total carbon input from cash 

crops 
Incovercrops refers to the total carbon input from 

cover crops 

  
Final carbon plant 

inputs 
In Equation 6-20: In = InTOTAL - Inout 

In refers to the final carbon plant input used in the 
model 

InTOTAL refers to the total carbon plant input 
Inout refers to the total carbon content lost from 

grazing  
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6.2.3.3 Model spin-up and calibration 

Before the spin-up procedure, a single observation (referred to as “One-observation”), close to 

the centre of the field was also selected to represent the entire field (similar to how SOCS would 

be calculated by industry) and the average for all 50 observations were also calculated (referred 

to as “composite”), which was done to represent a composite sample from the entire 50 ha field 

(Figure 6-3). 

The spin-up procedure entails an initialisation process in which the model runs for a 

predetermined period (1 000 years in this case) to achieve the SOC equilibrium state across the 

five pools. The process includes agricultural land management and land use data from 2017-2022 

at the two study sites and long-term monthly average climate data (1990 – 2022) (Coleman et al., 

2024; Geremew et al., 2024).  

The agricultural land management and monthly average climate data was used in the model spin-

up and the carbon quantity in each pool is initially set to zero. However, the IOM pool needs to 

be known, as this pool do not change over time in RothC and is dependent on the model’s 

dynamics. The initial calculated SOCS (from section 6.2.2) was used to calculate the IOM pool 

for each observation. Equation 6-21 presents the empirical function proposed by Falloon et al. 

(1998) that was used to determine the size of this pool based on the SOCS for all 50 observations 

measured in 2022. 

Equation 6-21: 𝐈𝐎𝐌 = 𝟎. 𝟎𝟒𝟗 × 𝐒𝐎𝐂𝐒 (𝟐𝟎𝟐𝟐)𝟏.𝟏𝟑𝟗 

The DPM/RPM ratio of 1.44 were used for both study sites as input for agricultural land 

management (Coleman & Jenkinson, 1996; Coleman et al., 2024).  

After the spin-up, the model needed to be calibrated as most of the measured SOCS values from 

2022 did not match the modelled spin-up values for 2022 (Figure 6-3). The calibration procedure 

was written in the R environment (R Core Group, 2020) and the kinetic constants (k for DPM, 

RPM, BIO and HUM) and FYM (Table 6-2) simultaneously calibrated until the modelled SOCS 

fell within the 95% quantile range of the measured SOCS. The calibration procedure involved 

slightly increasing or decreasing the values of the mentioned kinetic constants and total FYM. 

The kinetic rate constants were altered in a range between 80 and 120% of the RothC default 

values (Cagnarini et al., 2019), while the total FYM were changed between 0 and 1.5 tons. 

The values were calibrated using two different strategies: the first involved individually calibrating 

each of the 50 observations (referred to as “individual”), while the second involved calibrating the 

average SOCS (referred to as “average”) and applying it to all 50 observations. 
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Figure 6-3: The measured vs modelled soil organic carbon stocks (SOCS) for the Vrede and 

Ottosdal study sites, after the spin-up procedure. The black line represents the 1:1 relationship, 

while the observations marked in green, blue and black denote the single observation (industry 

standard), average (composite sample) and all other 50 observations, respectively. RMSE = root 

mean square error; ρc = Lin’s concordance correlation coefficient; RPD = ratio of performance to 

deviation. 

6.2.3.4 Model prediction for 2024 

Following the spin-up and calibration, the equilibrium carbon pool values were extracted using 

the integrated function (getC) part of the “SoilR” package (Sierra et al., 2012). These extracted 

values were then used as the initial pool values for predicting the SOCS changes from 2022 to 

2024. The hydro-climatic data, land management and monthly vegetation cover from 2022 to 

2024 was utilised in the model to predict the SOCS. 

6.2.4 Data analysis 

6.2.4.1 Re-measure approach vs modelling approach using RothC 

A scatter plot was created using the “ggplot” function in RStudio (R Core Group, 2020) and the 

re-measure approach values and modelling approach values compared with each other for each 

study site. Validation statistics, including root mean square error (RMSE), Lin’s concordance 

correlation coefficient (ρc) (Lin, 1989), and ratio of performance to deviation (RPD) were used for 

evaluating the relationship between the two approaches. 
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The total SOCS (for 2024) were calculated for each approach by summing all 50 observation 

values together, since the unit of the values were in t/ha. These values were referred to as “All-

50-observations” for each approach. Importantly, the “All-50-observations” value for the re-

measured approach represented the actual total SOCS for the two study sites, since 50 

observations were utilised (1 observation / ha) for determining the total SOCS for the two fields. 

Secondly, the single observation taken close to the middle of the field, (“One-observation”), and 

the average for all observations (“compsite”) was multiplied by 50 (since the field was 50 ha), 

which resulted in the total SOCS for each field (in tons). Since, two strategies were used for 

calibrating the values, the best performing calibration values were determined (section 6.3.2), and 

a bar graph was created using the “ggplot” function in RStudio (R Core Group, 2020) for 

visualising the differences between approaches. Overall, the “individual” calibration strategy 

showed the best validation statistics, however, the “average” calibration strategy was also applied 

to predict the SOCS (for each observation) for 2024 (Figure 6-8). The “individual” calibration 

strategy was utilised for predicting the total SOCS for 2024 (Figure 6-9). 

6.2.4.2 Soil organic carbon stocks and financial implications 

For calculating the number of SOCS sequestered after the 2-year period, the baseline SOCS 

(2022) was subtracted from the calculated SOCS of 2024. R programming was again utilised for 

creating a bar graph using the “ggplot” function in RStudio (Wickham, 2016) indicating the number 

of SOCS sequestered. Since the price of carbon credits is trading between $15 - $25 (R275 – 

R460) per tCO2e, the amount of 1 ton carbon dioxide equivalence (CO2e) was calculated by 

multiplying the SOCS with 3.76 (molecular fraction) and thereafter the carbon credit value 

calculated by multiplying with R300 as a standard carbon credit value for 1 tCO2e.  

For evaluating the cost of sampling with the value of SOCS sequestered using the re-measure 

approach, the cost of SOC content and ρb analysis was calculated. Operating costs, including 

sample collection and fuel, were estimated to be R 5 000 / site. The re-measure approach utilised 

50 observations at three depths, which resulted in a total of 150 disturbed samples at each study 

site that were analysed for SOC content (section 6.2.2). Although the SOC content from the 

Ottosdal study site was predicted using a site specific created NIR calibration algorithm, there is 

currently no accurate, readily available NIR calibration algorithm that can be used for the entire 

South Africa (Chapter 4). Therefore, local land managers and farmers need to determine SOC 

content either through the TDC method (Chapter 3) or through the Walkley-Black wet-oxidation 

method (Chapter 3). Local soil laboratories price between R 80 and R 120 for a sample 

determined with either the TDC or WB methods. Soil samples were priced as R 100 / sample and 

the total cost calculated. Although ρb is usually not re-measured, since it does not change 



122 

significantly over time, local laboratories price ρb measurements at R 70 / sample. Finally, the 

total costs were calculated and compared to the difference in potential carbon credit income as 

calculated with the modelling vs re-measure approaches. 

6.3 Results and discussion 

6.3.1 Descriptive statistics 

Overall, the Ottosdal study site showed an increase in SOC content and ρb from 2022 to 2024 

for all three depths (Figure 6-4), and also an increase in SOCS for all three depths (Figure 6-5). 

The Vrede study site showed an increase in SOC content, ρb (Figure 6-4) and SOCS (Figure 6-5) 

from 2022 to 2024 for only the 5-15 cm depth. The 5-15 cm depth for the Vrede study site, 

especially showed a tremendous increase in SOCS from 2022 to 2024. Both study sites also had 

an increase in SOCS after the 2-year period, which was more pronounced at the Ottosdal study 

site compared to the Vrede study site (Figure 6-6). 

The increase in SOCS after the 2-year period could likely be attributed to the regenerative 

agricultural practices incorporated, as mentioned in section 2.2. These practices, including crop 

rotations and the incorporation of organic matter, were employed at both sites, leading to 

enhanced soil organic carbon stocks by promoting microbial activity and increasing carbon inputs. 

 

Figure 6-4: Box- and whisker plots presenting the distribution of soil organic carbon (SOC) 

content and dry bulk density (ρb) in 2022 and 2024, for the Ottosdal and Vrede study sites.  
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Figure 6-5: Box- and whisker plots presenting the distribution of soil organic carbon stocks 

(SOCS) at the three depths in 2022 and 2024, for the Ottosdal and Vrede study sites. 

 

Figure 6-6: Box- and whisker plots the distribution of total soil organic carbon stocks (SOCS) in 

2022 and 2024, for the Ottosdal and Vrede study sites. 
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6.3.2 Model calibration for 2022 

For both study sites, the “average” calibration oversimplified the data and resulted in a poor fit 

(high RMSE and low ρc and RPD values), while the “individual” calibration accounted for the 

variability in the data, which resulted in a very good fit (low RMSE, high ρc and RPD) (Figure 6-7). 

Even though the “individual” calibration outperformed the “average” calibration, the smaller SOCS 

variability at the Ottosdal study site led to a slightly improved performance of the “average” 

calibration strategy, as evidenced by the lower RMSE (1.96 t/ha compared to 9.44 t/ha) and a 

more condensed data distribution compared to the Vrede study site (Figure 6-7). The “average” 

calibration technique led that the “One-observation” was slightly underpredicted for the Ottosdal 

study site, while for the Vrede study site it was slightly overpredicted.  

(a)
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(b)

 

Figure 6-7: The measured vs modelled soil organic carbon stocks (SOCS) of 2022 for (a) the Vrede 

and (b) Ottosdal study sites, using two calibration approaches: (left) AVERAGE - calibration based 

on the average SOCS across all 50 observations, and (right) INDIVIDUAL - individual calibration of 

each observation. The black line represents the 1:1 relationship, while the observations marked in 

blue, green and red denote the single observation (industry standard), composite sample and all 

other 50 observations, respectively. RMSE = root mean square error; ρc = Lin’s concordance 

correlation coefficient; RPD = ratio of performance to deviation. 

6.3.3 Re-measure approach vs modelling approach using RothC 

Overall, both study sites presented poor performance for both calibration strategies, with high 

RMSE values and low ρc, R2, RPIQ and RPD values (Figure 6-8). Although both calibration 

strategies presented poor performance (Figure 6-8), the Ottosdal study site exhibited a tighter 

clustering of observations, likely caused by the smaller SOCS variability compared to the Vrede 

study site. The spatial variability of SOC at field scale have also been found by Gonzalez-Molina 

et al. (2011) and was attributed to soils being heterogeneous and uncertainty regarding the 

number of domestic ruminants and intensity of grazing. The SOC spatial variability was ultimately 

one of the main factors affecting the accuracy and reliability of measured and modelled values for 

the two study sites. This spatial variability also had financial implications, as seen from Table 6-6 

and  

Table 6-7. 
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Overall, it was inconclusive if a modelling or re-measure approach should be used for quantifying 

SOCS on field scale in South Africa. As mentioned, utilising the re-measured approach for all 50 

samples (“All-50-observations”), were regarded as the closest to the true value of SOCS and 

SOCS sequestered from 2022 to 2024. From Figure 6-9 and Figure 6-10 it was clear that the 

“One-observation” showed no consistent trend using both approaches for both study sites, which 

is concerning as it is intended to replicate industry practices where a composite sample is typically 

taken close to the centre of a field to represent the entire area. The “composite” observation 

showed the closest total SOCS to the re-measured true value (“All-50-observations”) (Figure 6-9 

and Figure 6-10), since this sample was calculated as the average from all 50 samples and 

represented a composite sample from the entire field. The results indicated that the spatial 

variability of SOCS must be taken into account at the onset of measuring the SOC content in year 

one (2022 in this case), independent of whether the SOCS would be modelled or re-measured 

subsequently. The results also indicated that when “All-50-observations” were utilised, the 

modelling approach using RothC slightly underpredicted the SOCS values, which is in contrast to 

what previous studies have found (Senapati et al., 2014; Brilli et al., 2017; Davoudabadi et al., 

2024). This slight underprediction was likely due to the conservative nature of the input values 

used in the RothC model, such as estimates for organic matter content, where the model is 

designed to provide more cautious predictions of carbon turnover and sequestration (Coleman & 

Jenkinson, 2014). However, since the modelling approach only slightly underestimated (3 tons) 

the total SOCS of the Vrede study site (Figure 6-9 and Figure 6-10), the SOC spatial variability 

was likely better captured compared to the Ottosdal study site. 



127 

(a)

 

(b)

 

Figure 6-8: The measured vs modelled soil organic carbon stocks (SOCS) of 2024 for (a) the Vrede 

and (b) Ottosdal study sites, using two calibration approaches: (left) AVERAGE - calibration based 

on the average SOCS across all 50 observations, and (right) INDIVIDUAL - individual calibration of 

each observation. The black line represents the 1:1 relationship, while the observations marked in 

blue, green and red denote the single observation (industry standard), composite sample and all 
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other 50 observations, respectively. RMSE = root mean square error; ρc = Lin’s concordance 

correlation coefficient; RPD = ratio of performance to deviation. 

 

Figure 6-9: Comparison of total soil organic carbon stocks (SOCS) between modelled (blue) and 

re-measured (green) approaches for the Ottosdal and Vrede study sites, using different 

observation datasets: “All-50-observations” and “One-observation”. 
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Figure 6-10: The total soil organic carbon stocks change (sequestered) from 2022 to 2024 for the 

Ottosdal and Vrede study sites, using the modelling and re-measure approaches and two types of 

observation techniques. 

Table 6-6 and  

Table 6-7 indicates the SOCS sequestered and total SOCS with their accompanying carbon credit 

values for the different approaches. The final cost when utilising the re-measure approach 

resulted in a total of R 30 500 for each study site. The financial comparison between the carbon 

credit values and the associated final costs reveals distinct differences across the two study sites 

between the true SOCS value (“All-50-observations”) and the two approaches ( 

Table 6-7). 

 

 

 

 

 

Table 6-6: The soil organic carbon stocks (SOCS) sequestered from 2022 to 2024, carbon dioxide 

equivalence (CO2e) and the accompanying carbon credit value for the Ottosdal and Vrede study 

sites, when utilising two types of observation techniques for the re-measured and modelling 

approach. 

Ottosdal 

Observation 

dataset Approach 

SOCS sequestered 

(tons) CO2e 

Carbon credit 

value 

All-50-observations 

(TRUE VALUE) Re-measure 95 348.65 R 104 595.00 

All-50-observations Modelling 48 176.16 R 52 848.00 

Composite Re-measure 95 348.65 R 104 595.00 

Composite Modelling 49 179.83 R 53 949.00 

One-observation Re-measure 260 954.2 R 286 260.00 

One-observation Modelling - - - 

Vrede 

All-50-observations 

(TRUE VALUE) Re-measure 178 653.26 R 195 978.00 

All-50-observations Modelling 175 642.25 R 192 675.00 
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Composite Re-measure 178 653.26 R 195 978.00 

Composite Modelling 175 642.25 R 192 675.00 

One-observation Re-measure - - - 

One-observation Modelling 418 1534.06 R 460 218.00 

 

Table 6-7: The soil organic carbon stocks (SOCS) difference between the true SOCS value for 

2024 and the different approaches, carbon dioxide equivalence (CO2e) and the accompanying 

carbon credit value for the Ottosdal and Vrede study sites, when utilising two types of 

observation techniques. 

Ottosdal 

Observations Approach Difference (tons) CO2e Carbon credit value 

All-50-observations Modelling 47 172.49 R51 747.00 

Composite Modelling 46 168.82 R50 646.00 

One-observation Re-measured 145 532.15 R159 645.00 

One-observation Modelling 165 605.55 R181 665.00 

Vrede 

All-50-observations Modelling 3 11.01 R3 303.00 

Composite Modelling 3 11.01 R3 303.00 

One-observation Re-measured 570 2 091.90 R627 570.00 

One-observation Modelling 240 880.80 R264 240.00 

 

The study found that different sequestered SOCS values were calculated when utilising different 

observation techniques for both Ottosdal and Vrede study sites (Table 6-6). This had an effect on 

the carbon credit value for the number of sequestered SOCS after the 2-year period, with the true 

value having almost twice the carbon credit value (~ R 104 000) compared to the modelling 

approach (~ R 52 000) at the Ottosdal study site. Since the “composite” values were derived from 

each study site, they had the same carbon credit value as when all 50 observations were utilised. 

On the other hand, the “One-observation” collected with the re-measured approach had a carbon 

credit value of approximately R 290 000 at the Ottosdal study site, while the modelling approach 

presented a carbon loss and zero carbon credit value (Figure 6-10 and Table 6-6). In contrast, 

the true value of total SOCS sequestered and the modelling approach utilising 50 observations 

(“All-50-observations”) only had a difference of R 3 000, and the “One-observation” collected with 

the modelling approach had a carbon credit value of approximately R 460 000, while the re-

measure approach presented a carbon loss and zero carbon credit value (Figure 6-10 and Table 

6-6). This led to the “One-observation” using the modelling approach presenting approximately R 

260 000 more than the true carbon credit value of the field. 
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There was also a substantial difference in SOCS and potential carbon credits generated between 

using the modelling and re-measure approaches ( 

Table 6-7). For the Ottosdal study site, there was a difference of R 51 474 between the true value 

of SOCS and the SOCS using the modelling approach when utilising “All-50-observations”. This 

exceeded the final cost (R 30 500) by R 20 974. There was also a substantial difference of 

approximately R 160 000 and R 180 000 between the “One-observation” and the true SOCS, 

when using the re-measured and modelling approaches, respectively. 

For the Vrede study site, there was only a R 3 000 difference between the true SOCS value and 

the SOCS value when utilising “All-50-observations”. This led to a loss of R 27 197 when 

incorporating the operating costs of R 30 500, which would have been taking into account when 

50 samples had to be collected. Concerningly, when utilising the “One-observation” using either 

the re-measured or modelling approach, the difference was over R 250 000 compared to the true 

SOCS value. While there is some uncertainty regarding the operational costs, the potential value 

of carbon credits is several orders of magnitude higher than these costs when utilising the “One-

observation”. Therefore, it is crucial that this observation be accurate and reliable at the initial 

sampling (2022 for this study) and that soil variability taken into account as any discrepancies 

could have significant financial implications.  

 

As mentioned before, it was inconclusive if a modelling or re-measure approach should be used 

for quantifying SOCS on field scale in South Africa. However, the results indicated that utilising 

more samples either in the re-measure or modelling approach would provide more reliable carbon 

credit values. Given that the Ottosdal study site showed a difference of approximately R 21 000, 

and the Vrede study site experienced a loss after accounting for operating costs, utilising RothC 

at field scale has significant financial implications. Recent studies have shown that a combination 

of direct measurements (at plot scale) and modelling afterwards (at larger spatial scales) can 

greatly improve predicting SOCS and SOCS sequestration (Smith et al., 2020). By applying this 

approach and utilising sampling designs together with machine learning models the RothC model 

might be able to capture the SOCS variability and lead to more reliable carbon credit values. 

Approaches, such as strategic soil sampling at the initial measuring stage using sampling designs 

with machine learning models could capture SOC spatial variability and increase carbon credit 

reliability. Recent studies have shown how different sampling designs together with machine 

learning models are able to capture SOC content variability at smaller scales (Zizala et al., 2024; 

Bougiouklis et al., 2025; Sharma et al., 2025). Sampling designs, including conditioned Latin 

Hypercube Sampling (cLHS) (Minasny & McBratney, 2006), K-means clustering (Hair et al., 2013) 
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and Feature Space Coverage Sampling (FSCS) (Brus et al., 2007) are able to capture the 

representativeness of SOC content in a small area and ensure that the sampled data accurately 

reflects the heterogeneity of the field. In combination with machine learning models, such as 

Random Forest and Cubist, this approach can be further enhanced by using algorithms to analyse 

the spatial patterns of SOC content and divide the field into distinct SOC zones. As the RothC 

model does not include a sub-model for plant growth and yield (Coleman & Jenkinson, 2014; 

Jordon et al., 2022; Geremew et al., 2024), incorporating spatial covariates, such as normalized 

difference vegetation index (NDVI) and crop yield data, into the model would further enhance its 

predictive accuracy by providing additional insights into plant growth, which can help capture the 

dynamic relationship between SOC and crop productivity. Maas and Lal (2023) have found that 

vegetation indices, including NDVI, were able to estimate soybean yields exceptionally well (R² = 

0.91) and were utilised in the RothC model. Although utilising sampling designs together with 

machine learning models would likely require more composite samples being collected 

throughout the field to capture the SOC variability, it would ensure that the SOCS are modelled 

more accurately.  

A few limitations of this study need to be addressed. Firstly, the RothC model is typically designed 

for use at a more generalised scale (Falloon & Smith, 2002), and applying it to a field scale, 

variability might not be accounted for as seen by the results. The model also assumes certain 

steady-state conditions and simplified processes for carbon turnover, which may not always 

reflect the complexity of field scale dynamics, including microbial activity and decomposition rates. 

Also, the RothC model may be sensitive to short-term changes in SOCS due to its design focusing 

on long-term cycling. RothC is usually used for predicting SOCS after 10 years or more, which 

has shown to yield more consistent results (Gonzalez-Molina et al., 2011). Future research could 

improve modelling SOCS using RothC at field scale, by incorporating field scale dynamics and 

calibrating the model for short-term cycling. The SOC sequestration industry must take these 

considerations of the model limitations into account, and find ways, such as an improved sampling 

design, to address these inaccuracies of RothC at field scale. 

6.4 Conclusion 

In South Africa, companies commonly employ the modelling approach using the RothC model for 

predicting SOCS over time rather than utilising a re-measure approach by using direct 

measurements. The main finding from the study indicated that it was inconclusive if a modelling 

or re-measure approach should be used for quantifying SOCS on field scale in South Africa. The 

spatial variation of SOC was the main factor influencing the total SOCS, sequestered SOCS and 

carbon credit values. 
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The results indicated that the modelling approach using the RothC model slightly underestimated 

the total SOCS and sequestered SOCS when utilising all 50 observations for both study sites. 

The industry-represented, “One-observation”, did not have a consistent trend and showed 

overprediction and underprediction for both study sites using the different approaches. This had 

significant financial implications using both approaches. The study also found that the spatial 

variation of the SOC must be taken into account at the onset of measuring the SOC content in 

year one, independent of whether the SOCS would be modelled or re-measured. The carbon 

sequestration industry must take the model limitations (such as field scale dynamics and 

sensitivity to short-term changes) into account, and find ways, such as an improved sampling 

design to address these accuracies of RothC at field scale. By also incorporating vegetation 

indices, such as NDVI, and crop yield data into the RothC model would further enhance RothC’s 

predictive accuracy and help capture the dynamic relationship between SOC and crop 

productivity. Finally, a model sensitivity analysis could also help identify the rank of the most 

important model inputs that impacts the predicted SOCS for that specific model setup. This would 

also provide the modeller the opportunity to focus their efforts on more important model input 

values for improving region/site specific values. 
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CHAPTER 7 CONCLUSION 

7.1 Conclusions 

The study endeavoured to address gaps in terms of the measuring, quantification, mapping and 

modelling of SOC that the Verified Carbon Standard methodology and the Gold Standard 

methodology are not being clear on or specific about. These gaps focused on (i) the measurement 

of SOC content, (ii) predicting SOC content with NIR spectroscopy, (iii) mapping of SOCS, and 

finally (iv) the two quantifying approaches of SOCS. The study aimed to address these gaps by 

refining the methods for determining SOCS in South Africa. 

The first objective was assessed by collecting soil two-hundred-and-twenty topsoil (0-30 cm) 

samples and analysing the samples for SOC content with the WB wet-oxidation method, LOI 

method and TDC method. Polynomial models were fitted to the data and scatter plots created, 

while transfer functions were also created for transferring SOC content values from one method 

to another. The findings of the study suggested that the TDC method should be considered the 

preferred method for determining SOC content for the assessment of carbon credits in South 

Africa. The WB method should be avoided if the soil is expected to have a high SOC content, 

while the LOI method could still be used for determining SOM, however, this method should be 

avoided when determining SOC content. Transfer functions between all three methods were 

successfully created, however, only the WB and TDC methods had a very strong relationship (R² 

= 0.91) and showed that accuracy starts to decrease significantly after 2.5% SOC content. 

Therefore, the pedotransfer function (SOCWB = -0.157 + 0.895 x SOCTDC – 0.0149 x SOCTDC² – 

0.000606 x SOCTDC³) could be used for transferring SOC content values with SOC content up to 

2.5%.  

The second objective was assessed by collecting soil samples from five different study sites 

across South Africa and analysing these samples with the TDC method and scanning the samples 

with a NIR spectrometer. Sixty (60) NIR calibration algorithms were developed on a regional 

scale, with additional algorithms tailored for each site at various scales. The OSSL model was 

also used to compare how local data will perform using global prediction models. The impact of 

methodological parameters, such as sample state, sampling design, processing and ML models, 

on the RMSE of the validation statistics was also assessed. Although 60 regional-scale calibration 

algorithms were created, none were suitable for SOC content prediction. Findings of the study 

demonstrated that the OSSL prediction model cannot be used for predicting SOC content for 

South African soils. Sample state and sampling design were the most influential factors affecting 

RMSE. The cLHS design outperformed other sampling designs by capturing representative 

samples across the dataset, leading to more accurate and robust calibration algorithms. Prepared 
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samples yielded better results compared to field samples due to reduced variability and spectral 

interference from water molecules. Notably, the Tsitsa catchment and Ottosdal field were the only 

sites with viable calibration algorithms for both field and prepared states. 

The third objective was assessed by collecting fifty (50) samples from three depths, 0-5, 5-15 and 

15-30 cm and analysing the soil for SOC content using the TDC method. The ρb at unsampled 

locations was determined by creating a pedo-transfer function. Maps for SOC content, ρb and 

SOCS were created using OK and DSM with ML and assessed with validation statistics including 

RMSE and ρc. A calculate-first approach and map-first approach were used for calculating the 

total SOCS for each study site. Results of the study indicated that DSM with ML should be used 

rather than OK for mapping SOCS at field scale and therefore, using DSM with ML will lead to 

more accurate and reliable SOCS maps. However, the results also indicated that the SOC 

content, ρb and SOCS maps for DSM with ML need to be improved. Finally, the calculate-first 

and map-first approaches yielded very similar total SOCS, however, the calculate-first approach 

is simpler and decrease the room for error and therefore, is recommended for mapping SOCS at 

field scale.  

The fourth and final objective was assessed by establishing a baseline assessment for 2022 and 

collecting 50 samples from each of three depth increments, 0-5, 5-15 and 15-30 cm in 2024. The 

SOCS was calculated for two study sites (for 2024) using the re-measure approach and the 

modelling approach using the RothC model. Finally, sampling cost was estimated against the 

value of sequestered SOCS and compared between the two approaches. The results were 

inconclusive regarding which approach should be used for quantifying SOCS at field scale in 

South Africa. The spatial variation of SOC was the main factor influencing the total SOCS, 

sequestered SOCS and carbon credit values. The results indicated that the modelling approach 

using the RothC model slightly underestimated the total SOCS and sequestered SOCS when 

utilising all 50 observations for both study sites. The industry-represented, “One-observation”, did 

not have a consistent trend and showed overprediction and underprediction for both study sites 

using the different approaches. This had significant financial implications using both approaches. 

The study also found that the spatial variation of the SOC must be taken into account at the onset 

of measuring the SOC content in year one, independent of whether the SOCS would be modelled 

or re-measured.  

7.2 Significance of the study 

From Chapter 3, the study found that the TDC method is recommended for determining SOC 

content, as there is no standard method being used when determining SOC content for carbon 

credits in South Africa. The study also found that the WB method should be avoided if the soil is 
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expected to have a high SOC content, while the LOI method could still be used for determining 

SOM, however, this method should be avoided when determining SOC content. The transfer 

function created can also now be used for transferring SOC content values between the WB and 

TDC methods. Therefore, the study successfully focused on addressing the gap regarding the 

measurement of SOC content 

From Chapter 4, the research provided the first step to acquire a national calibration algorithm 

that could be used for predicting SOC content. Importantly, the study found that global prediction 

models, such as the OSSL, cannot be used for predicting SOC content for South African soils. 

The study also contributed to available soil spectroscopy data in previously underrepresented 

areas. Therefore, the study successfully focused on addressing the gap regarding predicting SOC 

content with NIR spectroscopy. 

From Chapter 5, the research showed that using the conventional method of OK is not sufficient 

for mapping SOCS at field scale and that DSM with ML should rather be used. This research also 

showed that the calculate-first approach is simpler and decrease the room for error and that the 

calculate-first approach is recommended for mapping SOCS at field scale. Therefore, the 

research successfully focused on addressing the gap regarding how to map SOCS at field scale 

in South Africa. 

From Chapter 6, the research showed that spatial variation of SOC was the main factor 

influencing the total SOCS, sequestered SOCS and carbon credit values. The research 

highlighted that the spatial variation of the SOC must be taken into account at the onset of 

measuring the SOC content in year one, independent of whether the SOCS would be modelled 

or re-measured. The carbon sequestration industry must also take the model limitations (such as 

field scale dynamics and sensitivity to short-term changes) into account, and find ways, such as 

an improved sampling design to address these accuracies of RothC at field scale. 

7.3 Limitations of the study and recommendations for future research 

From Chapter 3, the findings suggests that future research should focus on validating the current, 

created transfer functions and help develop new transfer functions for soils with SOC content 

higher than 2.5%. Increased sampling should be done, and regional and small-scale calibration 

and validation studies could be conducted to account for the diversity of South African soils, 

including focus on incorporating soils with a higher SIC fraction compared to SOC fraction. 

From Chapter 4, the low number of samples was a limitation for creating the calibration algorithm 

at regional scale. To acquire a national calibration algorithm, effort should be placed on creating 

useful calibration algorithms for smaller areas that would be added to the national spectral library. 
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In this way, site specific accurate soil spectral calibration would provide incentive to gather the 

data sufficient for a national calibration algorithm. Further refinement of the standard calibration 

algorithm may include incorporating a larger and more diverse set of soil samples, and 

investigating other methodological parameters, such as spectral pre-processing and machine 

learning models that were not used for this study. 

From Chapter 5, the low number of samples was also a limitation to the accuracy of maps 

generated using DSM with ML. Therefore, additional soil samples could be collected, and field 

scale covariates should be incorporated. These could include finer-resolution DEMs, yield data, 

electromagnetic induction and gamma-ray data. Moreover, since mapping SOC content and ρb 

at field scale is challenging efforts should focus on mapping these properties at farm scale 

instead. The use of deep learning models could also further improve mapping SOCS at field scale 

in South Africa. 

From Chapter 6, the fine scale likely led to the variability of SOC not being accounted for and led 

to varying results. The model may also be sensitive to short term changes in SOCS, due to its 

design in focusing on long-term cycling. Future research could improve modelling SOCS using 

RothC at field scale, by incorporating field scale dynamics and calibrating the model for short-

term cycling. The SOC sequestration industry must take these considerations of the model 

limitations into account, and find ways, such as an improved sampling design, to address these 

inaccuracies of RothC at field scale. Finally, more research should also focus on evaluating the 

costs of sampling against the value of SOCS sequestered and search for trade-offs between costs 

involved and alternative SOCS estimation methods. 
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Appendix A: The maps created using ordinary kriging from the Ottosdal study site for (a) 0-5 cm soil organic carbon (SOC) content, (b) 5-15 cm soil 

organic carbon content (SOC) content, (c) 15-30 cm soil organic carbon content (SOC) content (d) 0-5 cm dry bulk density (ρb), (e) 5-15 cm dry bulk 

density (ρb) and (f) 15-30 cm dry bulk density (ρb).  

(a) 

 

(b) 

 

(c) 

 
(d) 

 

(e) 

 

(f) 
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Appendix B: The maps created using ordinary kriging from the Vrede study site for (a) 0-5 cm soil organic carbon (SOC) content, (b) 5-15 cm soil 

organic carbon content (SOC) content, (c) 15-30 cm soil organic carbon content (SOC) content (d) 0-5 cm dry bulk density (ρb), (e) 5-15 cm dry bulk 

density (ρb) and (f) 15-30 cm dry bulk density (ρb).  

(a) 

 

(b) 

 

(c) 

 
(d) 

 

(e) 

 

(f) 
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Appendix C: The maps created using digital soil mapping (DSM) with machine learning (ML) from the Ottosdal study site for (a) 0-5 cm soil organic 

carbon (SOC) content, (b) 5-15 cm soil organic carbon content (SOC) content, (c) 15-30 cm soil organic carbon content (SOC) content (d) 0-5 cm dry 

bulk density (ρb), (e) 5-15 cm dry bulk density (ρb) and (f) 15-30 cm dry bulk density (ρb).  

(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 
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Appendix D: The maps created using digital soil mapping (DSM) with machine learning (ML) from the Vrede study site for (a) 0-5 cm soil organic 

carbon (SOC) content, (b) 5-15 cm soil organic carbon content (SOC) content, (c) 15-30 cm soil organic carbon content (SOC) content (d) 0-5 cm dry 

bulk density (ρb), (e) 5-15 cm dry bulk density (ρb) and (f) 15-30 cm dry bulk density (ρb).  

(a) 

 

(b) 

 

(c) 

 
(d) 

 

(e) 

 

(f) 
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Appendix E: The (a) field study areas and (b) catchment study areas with their sampling locations 

that was selected and used for this thesis. 

(a)  

(b)  
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Appendix F: Cash crop information for each study site, indicating crop type, harvest date, crop yield, harvest index (HI), shoot-to-root ratio (SR), 

below-ground biomass-to-above-ground biomass ratio (Sfactor), carbon exudate factor of the roots (Efactor) and carbon factor from weed residues 

(Wfactor). 

Study site Crop type Harvest date Crop yield 
(t/ha) 

HI SR Sfactor Efactor Wfactor 

Ottosdal Maize July 2017 9 0.52 5.6 0.1 0.09 0.07 

 Soybeans May 2018 2.7 0.38 5.2 0.1 0.09 0.07 

 Maize July 2019 4.8 0.52 5.6 0.1 0.09 0.07 

 Maize July 2020 5.16 0.52 5.6 0.1 0.09 0.07 

 Maize July 2021 7.24 0.52 5.6 0.1 0.09 0.07 

 Soybeans May 2022 3.8 0.38 5.2 0.1 0.09 0.07 

 Maize June 2023 8 0.52 5.6 0.1 0.09 0.07 

 Maize June 2024 1.6 0.52 5.6 0.1 0.09 0.07 

Vrede Maize June 2017 6.7 0.52 5.6 0.1 0.09 0.07 

 Soybeans April 2018 3.1 0.38 5.2 0.1 0.09 0.07 

 Maize June 2020 1.7 0.52 5.6 0.1 0.09 0.07 

 Maize June 2021 7.5 0.52 5.6 0.1 0.09 0.07 

 Soybeans April 2022 3.4 0.38 5.2 0.1 0.09 0.07 

 Maize June 2023 8 0.52 5.6 0.1 0.09 0.07 

 Soybeans April 2024 1.65 0.38 5.2 0.1 0.09 0.07 
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Appendix G: Cover crop information for the Vrede study site, indicating crop type, seed rate, 

harvest index (HI), shoot-to-root ratio (SR), above-ground biomass (AGB) and below-ground 

biomass (BGB) fractions. 

Crop type Seed rate 
(kg/ha) 

HI SR AGB BGB 

Oats 8 0.42 2.5 1.3 0.33 

Rye 14 0.27 2.2 1.6 0.56 

Vetch 3 0.38 2.8 0.2 0.11 

Radish 0.5 0.3 0.5 0.64 0.08 

Forage rape 0.5 0.25 5.0 1.8 0.54 

Barley 8 0.38 3.0 1.4 0.28 
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Appendix H: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the Goukou study site. 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

GOUKOU Sand 0.85  0.48  1.28 0.74 

GOUKOU Sand 0.88  0.71  1.12 0.65 

GOUKOU Sand 0.91  0.60  1.29 0.75 

GOUKOU Sandy Loam 2.06  1.55  1.91 1.11 

GOUKOU Sand 1.48  0.95  2.00 1.16 

GOUKOU Loamy Sand 1.16  0.79  1.59 0.92 

GOUKOU Sandy Loam 1.67  1.39  1.72 1 

GOUKOU Loam 3.51  2.38  2.26 1.31 

GOUKOU Sand 1.84  1.19  1.90 1.1 

GOUKOU Sand 2.11  1.03  4.31 2.5 

GOUKOU Sand 1.60  1.07  2.41 1.4 

GOUKOU Sand 6.41  3.98  5.59 3.24 

GOUKOU Sand 1.03  0.71  0.95 0.55 

GOUKOU Sand 0.57  0.32  0.76 0.44 

GOUKOU Sandy Loam 1.64  1.31  1.67 0.97 

GOUKOU Sandy Clay Loam 2.09  1.82  1.78 1.03 

GOUKOU Sand 0.59  0.32  0.72 0.42 

GOUKOU Sandy Loam 2.82  2.06  2.14 1.24 
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Appendix I: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the Goukou and UMngeni study sites. 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

GOUKOU Sand 0.63  0.24  0.91 0.53 

GOUKOU Sandy Loam 3.62  0.12  1.12 0.65 

GOUKOU Clay Loam 2.05  1.32  3.05 1.77 

GOUKOU Sandy Loam 2.62  2.16  2.34 1.36 

GOUKOU Sand 0.40  0.16  0.71 0.41 

GOUKOU Sand 1.88  0.76  2.24 1.3 

GOUKOU Sand 0.74  0.44  0.84 0.49 

GOUKOU Sandy Loam 2.12  1.80  3.71 2.15 

GOUKOU Sand 0.44  0.20  0.74 0.43 

GOUKOU Sand 1.95  1.48  1.69 0.98 

GOUKOU Sand 1.20  0.68  0.86 0.5 

GOUKOU Sand 0.84  0.56  0.98 0.57 

GOUKOU Sandy Loam 3.96  2.24  3.57 2.07 

GOUKOU Sand 2.09  1.80  2.40 1.39 

GOUKOU Sand 7.08  0.90  1.02 0.59 

UMGENI Loam 5.68  4.05  8.43 4.89 

UMGENI Loam 5.75  4.53  10.69 6.2 

UMGENI Clay Loam 2.30  1.76  4.52 2.62 
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Appendix J: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the UMngeni study site. 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

UMGENI Sandy Clay Loam 6.35  4.93  5.98 3.47 

UMGENI Clay 0.37  0.20  14.95 8.67 

UMGENI Clay 15.74  7.82  24.40 14.15 

UMGENI Silty Clay Loam 5.56  4.49  8.05 4.67 

UMGENI Clay 6.14  4.93  11.72 6.8 

UMGENI Silty Clay Loam 3.73  3.09  9.00 5.22 

UMGENI Loam 3.28  3.12  5.76 3.34 

UMGENI Sandy Loam 4.17  2.96  6.21 3.6 

UMGENI Clay Loam 4.47 3.87 6.60 3.83 

UMGENI Clay Loam 6.12  4.93  9.57 5.55 

UMGENI Silty Clay Loam 12.96  7.82  20.57 11.93 

UMGENI Clay Loam 10.84  7.46  16.03 9.3 

UMGENI Clay 5.85  4.74  9.43 5.47 

UMGENI Sandy Clay Loam 3.56  2.68  5.50 3.19 

UMGENI Sandy Loam 5.45  4.46  8.43 4.89 

UMGENI Sandy Clay Loam 4.20  3.59  6.48 3.76 

UMGENI Clay 8.26  6.36  9.48 5.5 

UMGENI Silty Clay 7.20  5.64  8.66 5.02 

UMGENI Silt Loam 5.69 4.22 7.95 4.61 

UMGENI Loam 6.76  5.45  9.41 5.46 
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Appendix K: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the UMngeni and Sabie study sites. 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

UMGENI Clay Loam 2.75  2.37  5.64 3.27 

UMGENI Clay Loam 5.22  3.67  7.45 4.32 

UMGENI Sandy Loam 6.54  5.33  12.84 7.45 

UMGENI Loam 5.90  5.13  11.28 6.54 

UMGENI Loamy Sand 3.44  2.96  6.34 3.68 

UMGENI Loam 4.44 4.22 5.66 3.28 

UMGENI Sandy Loam 5.80  4.86  14.10 8.18 

UMGENI Sandy Loam 5.68  4.78  10.67 6.19 

UMGENI Sandy Clay Loam 4.53  3.91  9.88 5.73 

UMGENI Sandy Loam 6.01  3.50  5.17 3 

SABIE Loamy Sand 0.68 0.54 2.47 1.43  

SABIE Loamy Sand 1.08 0.65 2.00 1.16 

SABIE Sandy Loam 1.78 1.54 5.66 3.28 

SABIE Loamy Sand 0.77 0.58 2.03 1.18 

SABIE Loamy Sand 2.31 1.62 3.62 2.1 

SABIE Loamy Sand 0.62 0.50 1.64 0.95 

SABIE Loamy Sand 0.52 0.35 1.50 0.87 

SABIE Sandy Loam 5.88 4.16 19.83 11.5 

SABIE Sandy Loam 2.34 2.23 11.72 6.8 

SABIE Loam 4.64 4.62 17.84 10.35 
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Appendix L: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the Sabie study site. 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

SABIE Sand 0.53 0.35 1.53 0.89 

SABIE Sandy Loam 4.15 3.62 10.03 5.82 

SABIE Sand 16.12 7.81 35.62 20.66 

SABIE Sand 0.62 0.42 1.64 0.95 

SABIE Loamy Sand 0.57 0.39 1.74 1.01 

SABIE Loam 2.64 2.54 14.78 8.57 

SABIE Sandy Loam 4.17 4.15 9.84 5.71 

SABIE Sandy Clay Loam 2.06 2.02 9.97 5.78 

SABIE Sand 0.35 0.15 0.76 0.44 

SABIE Sandy Loam 1.15 0.89 2.16 1.25 

SABIE Sandy Clay Loam 1.60 1.54 10.93 6.34 

SABIE Sandy Loam 2.40 2.08 12.05 6.99 

SABIE Sandy Loam 0.97 0.95 5.22 3.03 

SABIE Sandy Clay Loam 2.06 1.85 12.24 7.1 

SABIE Sand 0.57 0.46 1.36 0.79 

SABIE Loamy Sand 0.37 0.19 1.38 0.8 

SABIE Sandy Loam 4.76 4.58 14.67 8.51 

SABIE Sandy Loam 1.04 0.96 3.38 1.96 

SABIE Loamy Sand 0.88 0.46 2.48 1.44 

SABIE Clay Loam 3.38 2.85 9.95 5.77 
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Appendix M: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the Sabie and Tsitsa study sites. 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

SABIE Sandy Clay Loam 2.22 1.96 8.43 4.89 

SABIE Loamy Sand 1.40 1.27 6.64 3.85 

SABIE Sandy Clay Loam 1.03 0.81 2.43 1.41 

SABIE Sandy Loam 2.77 2.62 4.41 2.56 

SABIE Loamy Sand 0.68 0.62 2.24 1.3 

SABIE Sand 0.55 0.12 1.55 0.9 

SABIE Sand 0.43 0.23 1.16 0.67 

SABIE Sand 0.52 0.35 1.50 0.87 

SABIE Sand 0.30 0.15 0.81 0.47 

SABIE Sandy Loam 1.11 0.85 3.17 1.84 

SABIE Sandy Clay Loam 2.79 1.66 7.40 4.29 

TSITSA Sandy Clay Loam 0.75 0.5  4.07 2.36  

TSITSA Sandy Clay Loam 1.04 0.8  5.22 3.03  

TSITSA Sandy Clay Loam 2.05 2.0  6.58 3.81  

TSITSA Sandy Loam 1.48 1.2  4.33 2.51  

TSITSA Sandy Clay Loam 1.31 1.1  4.30 2.50  

TSITSA Clay 2.81 2.2  11.01 6.39  

TSITSA Clay Loam 1.87 1.7  6.46 3.74  

TSITSA Sandy Clay Loam 1.25 1.0  2.07 1.20  

TSITSA Clay 2.04 1.8  7.92 4.60  
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Appendix N: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the Tsitsa study site. 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

TSITSA Sandy Clay Loam 0.64 0.4  3.18 1.84  

TSITSA Sandy Clay 1.19 1.1  5.07 2.94  

TSITSA Sandy Clay Loam 1.04 0.9  3.42 1.98  

TSITSA Sandy Loam 0.96 0.8  3.38 1.96  

TSITSA Sandy Clay Loam 0.96 0.8  3.44 2.00  

TSITSA Sandy Clay Loam 1.54 1.4  4.11 2.38  

TSITSA Sandy Loam 0.90 0.7  3.07 1.78  

TSITSA Clay Loam 1.78 1.6  7.57 4.39  

TSITSA Sandy Loam 1.29 0.8  4.56 2.64  

TSITSA Clay 2.37 2.2  9.59 5.56  

TSITSA Sandy Loam 1.40 1.0  6.43 3.73  

TSITSA Loam 0.93 0.8  2.62 1.52  

TSITSA Clay 0.73 0.5  3.76 2.18  

TSITSA Sandy Clay 1.32 1.2  5.97 3.46  

TSITSA Loam 1.13 1.0  3.17 1.84  

TSITSA Sandy Loam 0.66 0.7  2.67 1.55  

TSITSA Clay Loam 0.73 0.6  6.61 3.84  

TSITSA Sandy Loam 0.67 0.6  2.03 1.18  

TSITSA Sandy Loam 1.09 1.1  3.01 1.74  

TSITSA Loam 1.27 1.1  4.40 2.55  
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Appendix O: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the Tsitsa study site (continued). 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

TSITSA Clay Loam 0.95 0.7  3.27 1.90  

TSITSA Clay Loam 1.04 1.0  4.51 2.61  

TSITSA Sandy Loam 0.63 0.6  2.11 1.22  

TSITSA Sandy Loam 0.78 0.7  2.04 1.18  

TSITSA Sandy Clay Loam 1.04 0.9  3.13 1.81  

TSITSA Sandy Clay Loam 1.46 1.4  3.98 2.31  

TSITSA Sandy Loam 0.32 0.2  1.83 1.06  

TSITSA Sandy Loam 0.91 0.8  3.93 2.28  

TSITSA Sandy Clay Loam 0.90 0.8  3.35 1.94  

TSITSA Sandy Clay Loam 1.18 1.2  2.91 1.69  

TSITSA Clay Loam 2.92 2.9  12.72 7.38  

TSITSA Loam 3.60 3.5  12.01 6.96  

TSITSA Loam 1.02 1.0  4.38 2.54  

TSITSA Clay Loam 1.13 1.1  3.41 1.98  

TSITSA Sandy Loam 0.99 0.9  3.27 1.89  

TSITSA Sandy Loam 0.82 0.8  2.86 1.66  

TSITSA Sandy Clay Loam 0.90 0.9  3.54 2.06  

TSITSA Sandy Clay Loam 1.12 1.1  5.03 2.92  

TSITSA Clay Loam 0.90 0.8  3.17 1.84  

TSITSA Clay Loam 2.20 2.1  7.69 4.46  
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Appendix P: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the Tsitsa and Olifants study sites. 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

TSITSA Clay 2.80 2.7  8.85 5.13  

TSITSA Sandy Clay Loam 0.67 0.7  3.57 2.07  

TSITSA Sandy Clay Loam 1.33 1.3  4.56 2.64  

TSITSA Clay Loam 1.80 1.8  5.60 3.25  

TSITSA Sandy Loam 0.66 0.7  2.49 1.45  

TSITSA Sandy Loam 0.70 0.7  3.24 1.88  

TSITSA Sandy Clay Loam 0.78 0.8  3.21 1.86  

TSITSA Sandy Clay Loam 1.55 1.3  4.31 2.50  

TSITSA Sandy Loam 0.87 0.7  3.16 1.83  

TSITSA Sandy Loam 1.26 1.0  4.25 2.46  

TSITSA Sandy Loam 0.61 0.5  2.57 1.49  

TSITSA Clay 1.79 1.5  7.51 4.36  

OLIFANTS Sandy Clay 4.59 2.7  9.88 5.73  

OLIFANTS Loamy Sand 0.75 0.4  6.44 3.73  

OLIFANTS Clay 2.19 1.5  8.38 4.86  

OLIFANTS Loam 2.55 2.3  10.09 5.85  

OLIFANTS Sandy Clay Loam 2.75 2.6  6.81 3.95  

OLIFANTS Clay Loam 0.92 0.8  4.02 2.33  

OLIFANTS Loam 1.58 1.4  8.49 4.92  

OLIFANTS Sandy Loam 2.23 1.3  5.84 3.39  
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Appendix Q: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the Olifants study site. 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

OLIFANTS Loamy Sand 0.63 0.0  2.56 1.48  

OLIFANTS Sandy Loam 0.89 0.4  4.10 2.38  

OLIFANTS Clay 4.27 2.8  9.68 5.62  

OLIFANTS Sandy Clay Loam 1.55 1.2  7.51 4.35  

OLIFANTS Loamy Sand 2.90 2.0  6.78 3.93  

OLIFANTS Sandy Loam 0.73 0.2  2.46 1.42  

OLIFANTS Loamy Sand 0.57 0.0  2.18 1.27  

OLIFANTS Sandy Clay Loam 0.92 0.2  4.92 2.85  

OLIFANTS Loamy Sand 1.17 0.9  4.13 2.39  

OLIFANTS Sandy Clay Loam 2.82 2.1  10.50 6.09  

OLIFANTS Sand 0.60 0.0  1.49 0.87  

OLIFANTS Sandy Loam 2.61 2.2  5.53 3.21  

OLIFANTS Sandy Loam 1.34 0.7  3.66 2.12  

OLIFANTS Clay Loam 2.48 1.3  9.24 5.36  

OLIFANTS Sandy Clay Loam 2.07 1.5  8.30 4.82  

OLIFANTS Sandy Clay Loam 2.24 1.6  3.93 2.28  

OLIFANTS Loamy Sand 1.30 0.7  4.17 2.42  

OLIFANTS Sandy Loam 4.25 2.6  9.40 5.45  

OLIFANTS Loamy Sand 0.98 0.3  3.58 2.08  

OLIFANTS Loamy Sand 0.53 0.1  2.14 1.24  
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Appendix R: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the Olifants study site (continued). 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

OLIFANTS Clay Loam 2.26 1.5  7.83 4.54  

OLIFANTS Sandy Loam 1.93 1.2  6.24 3.62  

OLIFANTS Sandy Loam 1.03 0.7  4.99 2.90  

OLIFANTS Sandy Clay Loam 0.90 0.2  3.90 2.26  

OLIFANTS Sandy Clay Loam 0.93 0.4  2.88 1.67  

OLIFANTS Sandy Loam 5.29 4.6  15.57 9.03  

OLIFANTS Sandy Loam 1.20 0.7  3.42 1.99  

OLIFANTS Sandy Clay Loam 1.44 0.7  8.22 4.77  

OLIFANTS Sandy Clay Loam 3.57 3.2  13.20 7.65  

OLIFANTS Sandy Clay Loam 2.25 1.5  8.29 4.81  

OLIFANTS Sandy Loam 1.73 1.5  5.98 3.47  

OLIFANTS Sandy Clay Loam 1.63 0.7  10.33 5.99  

OLIFANTS Sandy Clay Loam 1.47 0.9  5.89 3.42  

OLIFANTS Sandy Loam 1.18 0.5  5.96 3.46  

OLIFANTS Loamy Sand 1.77 1.7  5.02 2.91  

OLIFANTS Sandy Loam 1.95 1.1  8.41 4.88  

OLIFANTS Sandy Clay Loam 1.57 0.9  5.81 3.37  

OLIFANTS Loamy Sand 0.34 0.0  2.29 1.33  

OLIFANTS Sandy Loam 2.08 1.5  7.61 4.41  

OLIFANTS Sandy Loam 0.95 0.4  3.76 2.18  
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Appendix S: The soil texture and soil organic carbon (SOC) values from the TDC, WB and LOI methods of the Olifants study site (continued). 

Study site Soil texture TDC (% C) WB (% C) LOI (% SOM) LOI (% C) 

OLIFANTS Sandy Loam 0.95 0.4  3.76 2.18  

OLIFANTS Sandy Loam 0.79 0.0  4.09 2.37  

OLIFANTS Sandy Loam 0.82 0.2  3.10 1.80  

OLIFANTS Sandy Clay Loam 2.96 1.6  9.14 5.30  

OLIFANTS Sandy Loam 2.48 1.1  7.11 4.12  

OLIFANTS Sand 0.87 0.2  3.18 1.85  
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Appendix T: The soil organic carbon (SOC) content of the Ottosdal study site measured with the 

TDC method. 

OTTOSDAL SOC content (%) 

Sample number 0-5 cm 5-15 cm 15-30 cm 

1 0.54 0.46 0.51 

2 0.58 0.45 0.42 

3 0.54 0.46 0.41 

4 0.55 0.5 0.45 

5 0.82 0.39 0.33 

6 0.47 0.43 0.43 

7 0.56 0.42 0.48 

8 0.67 0.48 0.48 

9 0.62 0.47 0.46 

10 0.49 0.44 0.49 

11 0.88 0.47 0.44 

12 0.79 0.49 0.55 

13 0.49 0.39 0.4 

14 0.58 0.41 0.43 

15 0.68 0.46 0.47 

16 0.65 0.46 0.5 

17 0.54 0.47 0.47 

18 0.64 0.44 0.52 

19 0.65 0.4 0.38 

20 0.59 0.45 0.42 

21 0.46 0.39 0.43 

22 0.46 0.46 0.47 

23 0.51 0.47 0.47 

24 0.59 0.47 0.44 

25 0.52 0.42 0.47 

26 0.47 0.44 0.5 

27 0.75 0.42 0.46 

28 0.49 0.39 0.43 

29 0.7 0.47 0.38 

30 0.56 0.43 0.45 
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Appendix U: The soil organic carbon (SOC) content of the Ottosdal study site measured with the 

TDC method (continued). 

OTTOSDAL SOC content (%) 

Sample number 0-5 cm 5-15 cm 15-30 cm 

31 0.85 0.49 0.47 

32 0.55 0.5 0.52 

33 0.68 0.44 0.46 

34 0.47 0.51 0.48 

35 0.65 0.51 0.44 

36 0.61 0.55 0.65 

37 0.78 0.37 0.41 

38 0.49 0.44 0.5 

39 0.68 0.49 0.49 

40 0.52 0.46 0.46 

41 0.8 0.46 0.58 

42 0.67 0.52 0.46 

43 0.51 0.41 0.43 

44 0.66 0.43 0.46 

45 0.86 0.44 0.41 

46 0.7 0.49 0.46 

47 0.63 0.5 0.5 

48 0.72 0.44 0.44 

49 0.72 0.47 0.44 

50 0.56 0.43 0.54 
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Appendix V: The soil organic carbon (SOC) content of the Vrede study site measured with the 

TDC method. 

VREDE SOC content (%) 

Sample number 0-5 cm 5-15 cm 15-30 cm 

1 0.81 0.56 0.62 

2 0.93 0.47 0.47 

3 1.32 0.85 0.77 

4 1.04 0.56 0.66 

5 0.94 0.51 0.61 

6 0.94 0.5 0.55 

7 1.7 0.81 0.92 

8 0.94 0.62 0.69 

9 1.13 0.45 0.51 

10 1.03 0.65 0.69 

11 1.89 0.73 1 

12 2.3 0.94 0.8 

13 1.37 0.77 0.74 

14 2.46 0.73 1.09 

15 0.74 0.65 0.65 

16 0.87 0.71 0.73 

17 1.4 0.82 0.81 

18 1.64 0.9 0.79 

19 1.9 0.87 1.01 

20 2.3 1 0.9 

21 1.59 1.06 1.06 

22 2.06 1.38 0.97 

23 0.94 0.72 0.77 

24 0.94 0.77 0.88 

25 1.39 0.8 0.92 

26 2 1.35 1.1 

27 2.29 1.36 1.36 

28 1.63 0.92 0.87 

29 2.29 1.07 1.01 

30 1.46 1.06 0.83 
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Appendix W: The soil organic carbon (SOC) content of the Vrede study site measured with the 

TDC method (continued). 

VREDE SOC content (%) 

Sample number 0-5 cm 5-15 cm 15-30 cm 

31 1.52 0.67 0.66 

32 1.89 0.76 0.98 

33 1.32 0.97 1.03 

34 1.81 0.86 0.93 

35 1.23 0.71 0.95 

36 1.63 0.63 0.87 

37 1.26 0.75 0.92 

38 1.27 0.74 0.93 

39 1.72 0.33 1.09 

40 0.39 0.85 0.28 

41 0.29 0.92 0.29 

42 0.3 0.85 1.02 

43 1.33 1.02 0.32 

44 0.4 0.27 0.72 

45 0.86 0.26 0.25 

46 0.36 0.71 0.88 

47 1.37 0.74 0.79 

48 2.03 0.76 0.89 

49 1.89 0.86 0.8 

50 2.05 0.94 0.83 
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Appendix X: The clay (%) distribution of the Ottosdal study site. 

OTTOSDAL clay (%) 

Sample number 0-5 cm 5-15 cm 15-30 cm 

1 5.14 6.91 7.96 

2 5.92 7.65 7.42 

3 7.17 7.69 7.47 

4 6.61 6.38 6.70 

5 6.35 6.78 7.00 

6 7.12 6.67 7.41 

7 5.81 6.78 7.61 

8 6.66 8.88 9.34 

9 5.91 7.01 6.92 

10 4.40 6.88 7.89 

11 7.06 6.86 8.00 

12 5.90 6.43 7.34 

13 6.66 6.75 6.53 

14 5.16 7.90 8.03 

15 6.56 7.64 7.16 

16 7.33 7.45 7.21 

17 6.33 6.03 7.43 

18 6.70 7.62 6.70 

19 3.76 6.88 7.62 

20 6.33 6.73 7.53 

21 6.50 5.86 6.80 

22 6.48 6.25 9.50 

23 6.47 7.11 8.38 

24 6.35 6.64 7.27 

25 6.51 4.78 6.89 

26 6.42 6.71 7.92 

27 7.18 5.32 7.61 

28 6.27 6.26 6.92 

29 5.24 6.77 6.68 

30 6.77 6.52 7.79 
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Appendix Y: The clay (%) distribution of the Ottosdal study site (continued). 

OTTOSDAL clay (%) 

Sample number 0-5 cm 5-15 cm 15-30 cm 

31 6.75 7.34 7.65 

32 6.86 6.06 7.19 

33 5.55 6.51 7.03 

34 6.91 7.71 7.58 

35 6.84 7.97 7.90 

36 6.78 6.53 6.43 

37 6.49 6.97 7.76 

38 6.37 6.68 7.07 

39 6.62 8.08 8.37 

40 6.66 7.33 8.48 

41 7.00 8.55 8.75 

42 7.65 7.81 8.06 

43 6.23 6.75 7.22 

44 6.38 6.40 7.57 

45 3.21 5.96 6.86 

46 6.40 8.10 8.57 

47 6.85 8.08 8.80 

48 6.61 8.04 8.05 

49 6.64 8.13 10.09 

50 5.85 7.66 7.61 
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Appendix Z: The clay (%) distribution of the Vrede study site. 

VREDE clay (%) 

Sample number 0-5 cm 5-15 cm 15-30 cm 

1 5.87 6.73 9.54 

2 6.39 6.50 6.78 

3 5.18 5.34 6.85 

4 5.32 6.08 8.19 

5 6.47 5.60 6.11 

6 5.77 5.63 5.92 

7 6.01 6.57 6.49 

8 5.55 5.44 6.29 

9 5.21 6.50 6.27 

10 6.27 5.69 9.99 

11 5.11 7.48 7.65 

12 9.26 9.36 9.14 

13 6.60 6.48 10.47 

14 5.64 6.58 7.80 

15 5.33 5.93 5.76 

16 5.36 6.22 7.69 

17 6.95 6.57 8.71 

18 5.39 5.67 8.08 

19 7.88 7.06 7.43 

20 5.36 6.14 9.61 

21 6.91 7.21 7.20 

22 6.42 5.65 7.15 

23 6.14 6.86 7.19 

24 5.45 5.78 6.92 

25 5.84 6.29 7.66 

26 6.12 6.59 7.23 

27 5.55 5.88 7.29 

28 5.87 6.35 6.24 

29 5.26 8.13 8.05 

30 6.01 6.84 7.98 
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Appendix AA: The clay (%) distribution of the Vrede study site (continued). 

VREDE clay (%) 

Sample number 0-5 cm 5-15 cm 15-30 cm 

31 4.99 5.33 7.18 

32 6.29 7.66 7.49 

33 5.22 6.84 9.64 

34 6.47 7.84 8.97 

35 6.70 6.57 6.83 

36 5.94 7.60 7.70 

37 5.75 7.76 7.75 

38 6.03 6.05 9.17 

39 7.56 5.58 6.27 

40 7.57 6.16 8.91 

41 5.13 6.66 7.83 

42 6.06 7.21 5.99 

43 5.16 7.19 7.75 

44 6.62 6.11 8.77 

45 6.07 6.37 7.82 

46 6.40 7.57 7.95 

47 6.17 8.49 9.65 

48 6.35 7.68 8.87 

49 6.71 7.94 8.44 

50 5.55 6.66 7.66 

 


