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RESUMO 
 

Aprendizado de máquina para predição de alterações nos estoques de carbono 
do solo em cultivo de cana-de-açúcar devido à remoção da palha 

 
O Brasil estabeleceu políticas energéticas e climáticas que fomentam o uso de 

biocombustíveis como o etanol da cana-de-açúcar. Uma prática crescente é usar os 
resíduos da colheita, a palha de cana-de-açúcar, para cogeração de energia elétrica 
ou para produzir etanol de segunda geração. Neste estudo, objetivou-se prever 
mudanças de curto prazo nos estoques de carbono orgânico do solo de acordo com 
a massa de resíduos depositada na colheita utilizando técnicas de aprendizado de 
máquina (AM). Foram feitas também considerações sobre o atual  estado da arte 
relativo à aplicação de AM nas ciências do solo, com ênfase em solos tropicais e 
estoques de carbono do solo.  Os dados iniciais foram gerados entre 2015 e 2018 em 
cinco áreas de cultivo comercial de cana-de-açúcar na região centro-sul do Brasil e as 
variáveis disponíveis relacionam-se ao clima, atributos físicos e químicos do solo, 
matéria orgânica e variedade cultural. A variável predita (y) foi a taxa de variação do 
estoque de carbono por área por ano (Mg C ha-1 ano-1) em relação à massa seca total 
da palha. O conjunto de dados inicial foi dividido em treino (80%) e teste (20%) e oito 
modelos baseados em algoritmos de AM foram desenvolvidos utilizando Random 
Forest (RF) e Support Vector Machine (SVM) associados a quatro métodos de seleção 
de atributos. Os resultados foram avaliados pela raiz do erro quadrático médio (RMSE) 
com validação cruzada no conjunto treino e RMSE da predição no conjunto de teste. 
Os modelos treinados foram comparados com a adoção de valores médios de y 
estratificados por massa de palha depositada e camada de solo e entre eles (p < 0,05). 
Todos os modelos AM superaram a generalização de valores médios de y 
previamente conhecidos. O modelo SVM aplicado ao conjunto de atributos 
selecionado por RF apresentou melhor desempenho com redução considerável no 
número de atributos, o que poderia reduzir os custos e esforço de aquisição e 
processamento de dados em aplicações futuras. Conclui-se que modelos de AM são 
boas ferramentas para prever mudanças de curto prazo nos estoques de carbono 
devido à remoção total ou parcial da palha do campo. Os resultados obtidos e 
metodologia aplicada tem potencial de auxiliar produtores e gestores a identificar 
ralações de causa-efeito entre as condições locais de cultivo, o manejo da palhada 
adotado e as variações esperadas no carbono orgânico do solo. 

 
Palavras-chave: Carbono orgânico do solo, Machine learning, Manejo de resíduos, 

Atributos do solo 
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ABSTRACT 
 

Machine learning for prediction of soil carbon stock changes in sugarcane 
crop due to straw removal 

 
Brazil, as other countries, has established energy and climate policies that 

foster the use of biofuels as sugarcane ethanol, in which a growing practice is to use 
harvesting residues, the straw, for cogeneration of electricity or to produce second-
generation ethanol. In this study, it was aimed to create machine learning (ML) models 
capable of predict short-term changes in the soil organic carbon stocks according to 
the mass of sugarcane straw leftover the soil during harvest. Considerations were also 
made on the current state of the art regarding the application of ML in soil science, with 
an emphasis on tropical soils and soil carbon stocks. The initial data was generated 
between 2015 and 2018 in five experimental sites under commercial cultivation of 
sugarcane in Brazilian south-central region and the available variables were related to 
climate, soil physical and chemical attributes, organic matter and crop variety. The 
variable to be predicted (y) was the rate of carbon stock change per area per year (Mg 
C ha-1 yr-1) in relation to the total dry mass of straw. The initial dataset was divided into 
training (80%) and test (20%) and eight ML models were trained using the algorithms 
Random Forest (RF) and Support Vector Machine (SVM) associated to four feature 
selection methods. Results were evaluated using 10-fold cross-validation of the root 
mean squared error (RMSE) in the training set and prediction RMSE in the test set. 
The trained models were statistically compared among them and to the use of mean y 
stratified by straw mass deposited and soil layer. All the ML models surpassed the 
simple generalization of previously known mean values of y. The model SVM 
associated with RF feature selection performed better with a considerable reduction in 
the number of attributes, which could reduce the costs and effort of data acquisition 
and processing in future applications. The achievements indicate that ML models are 
good tools to predict short-term changes in carbon stocks due to total or partial straw 
remotion from the field. The obtained results and applied methodology have the 
potential to help producers and decision-makers interested in identifying cause-effect 
relationships between in situ crop conditions, straw management and expected soil 
carbon variations. 

 
Keywords: Soil organic carbon, Machine learning, Waste management, Soil attributes 
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1. GENERAL INTRODUCTION 

Many countries have established energy and climate policies that foster the 

biofuel use. In 2017, the Brazilian federal government instituted by Law No. 13.576 / 

2017 the National Biofuels Policy, called RENOVABIO (GOVERNO FEDERAL, 2017), 

which has as its main instrument the establishment of annual decarbonization targets 

for the fuel sector through the increased production and participation of biofuels in the 

country's energy matrix. RENOVABIO establishes that participating producers will be 

audited by certifiers and receive grades inversely proportional to their proven GHG 

emission reductions. They shall receive carbon credits which can then be traded 

according to the obtained grades. Fuel distributors, in turn, must prove compliance with 

the decarbonization targets by acquiring carbon credits. 

Among biofuels, ethanol receives special attention due to its great potential for 

emission reduction compared to the use of fossil fuels (LAMPE, 2008). Brazil stands 

out in the production of sugarcane (Saccharum officinarum) ethanol since the 1970s, 

and is currently the world's largest producer of sugarcane ethanol. For the 2019/20 

period, Brazilian cropped area is about 8.481 million hectares with an estimated 

production of more than 642 million tons of sugarcane and almost 34 billion liters of 

ethanol (CONAB, 2019). It is expected that by the year 2030, to meet domestic and 

foreign market demands, Brazilian ethanol production should grow to the range of 40 

to 50 billion liters (EPE, 2016; MINISTÉRIO DE MINAS E ENERGIA, 2018). 

The major responsible for the expected GHG emissions mitigation due to the 

increasing participation of ethanol in the Brazilian energy matrix is the soils potential 

to store carbon. The soil corresponds to the largest terrestrial carbon reservoir, 

containing about 1500 Pg (Pg=1 Gton) of carbon. This amount, although much smaller 

than that present in the oceans (40,000 Pg) is about 2 times bigger than that present 

in the atmosphere (MCCARL; METTING; RICE, 2007). Plants remove carbon from the 

atmosphere via photosynthesis, and after the decomposition of their tissues, part of 

their carbon remains partly fixed, or as commonly referred to, "sequestrated" in the soil 

(LAL, 2004).  

Several environmental, soil and coverage factors also strongly affect the 

potential for soil carbon sequestration, such as the planted crop  (WEST; POST, 

2002a),  temperature (TRUMBORE; CHADWICK; AMUNDSON, 1996; FRØSETH; 

BLEKEN, 2015), soil granulometry (BAUHUS; PARÉ; CÔTÉ, 1998; 
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SOUCÉMARIANADIN et al., 2018), pH, access of organic matter to microorganisms  

(DUNGAIT et al., 2012), among others. 

Sugarcane crop management practices also greatly influence the soil capacity 

to store organic carbon (CERRI et al., 2009; SILVA-OLAYA et al., 2017). One example 

is the adoption of mechanized harvesting instead of harvesting with pre-burning of 

straw (GALDOS; CERRI; CERRI, 2009; ZANI et al., 2018). In the first situation, the 

maintenance of the straw in the field promotes benefits to the soil: it provides nutrients; 

reduces thermal amplitude; improves aggregation; reduces soil (and consequently 

carbon) losses by attenuating the direct impact of wind and horizontal speed of water; 

favors infiltration and storage of water into the soil; decreases the density by better 

dispersing the tire pressure of the agricultural machinery (CHERUBIN et al., 2018a). 

On the other hand,  the use of the straw for cogeneration of electricity or as a substrate 

for the production of second-generation ethanol can also be advantageous: It may help 

to mitigate GHG emissions due to energy expenditure reduction in the mills and ethanol 

production increment without expanding the cropped area (FRANCO et al., 2013; 

KARLEN; JOHNSON, 2014). 

Thus, a great complexity of interactions dictates the soil carbon dynamics at 

different spatial and temporal scales (ETTEMA, 2002; AUSTIN et al., 2004). Models 

that help understand these processes and perform predictions of soil behavior have 

been formulated and applied for decades in natural and agricultural environments 

(NIKIFOROFF, 1937; STEVENSON; TANJI, 1982; PALOSUO et al., 2012). 

Studies on soil carbon dynamics use a variety of approaches. Some build 

models based on mathematical equations. Others use simulation models, i.e., a 

combination of various mathematical models. A comparative review of the 

assumptions, complexity, and mathematical logic of various approaches identified 250 

different soil organic matter models, with a new model emergence rate of 

approximately 6% year-1, many of those being modifications from previous versions 

(MANZONI; PORPORATO, 2009). 

In recent years data mining techniques have also been applied to the study of 

organic matter (LACOSTE et al., 2012; ABERA et al., 2021; LU et al., 2021). Data 

mining is especially useful when large databases are available, when interesting non-

obvious patterns are intended to be discovered, or when relationships between 

variables are difficult to understand. Therefore, often the process of mining data is also 

referred to as knowledge discovery from data, exploratory statistics or statistical 
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learning (HAN; KAMBER; PEI, 2012; GOLDSCHMIDT; PASSOS; BEZERRA, 2015). 

Algorithms specially developed to efficiently handle this great complexity of information 

are known as machine learning algorithms. Nevertheless, the mentioned techniques 

and tools have not been widely applied in soil science under tropical conditions, 

especially when disregarding geoprocessing-related research. 

In this study it was evaluated the use of machine learning algorithms to predict 

annual changes in sugarcane soil carbon stocks after partial or total straw removal 

under tropical conditions. The hypotheses were: 

I) Data mining techniques are suitable for identifying the most relevant 

attributes for understanding the changes in soil carbon stocks in a complex database. 

II) Changes in soil carbon stocks as a function of the amount of straw left in 

the field after harvest in sugarcane crop can be predicted using machine learning tools. 

It is expect that the obtained results and suggested approaches may serve as 

a start point to producers and decision-makers interested in correlate in situ crop 

conditions and straw management to expected soil carbon variations. 
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2. MACHINE LEARNING APPLIED TO SOIL SCIENCES AND SOIL ORGANIC 

CARBON: A REVIEW WITH EMPHASIS ON TROPICAL SOILS 

ABSTRACT 

The improvement and adoption of artificial intelligence (AI) 
techniques and Machine learning (ML) has increased dramatically over the 
last 20 years. A bibliographical search was conducted at the Web of Science 
database to identify the number of studies and some trends in ML usage for 
soil science, with emphasis on soil organic carbon (SOC) in tropical soils. It 
was revealed that in soil sciences, the adoption of ML techniques is in 
accelerated growth, but in countries with tropical soils only 40 papers were 
related to SOC research; most of them were published in the past 2 years 
and originated from Australia. The main task to which ML is addressed is 
regression, and the most frequent algorithms are Random Forest, Cubist 
and Boosted Decision Trees, with an apparent growing trend in the 
application of Random Forest and Extreme Gradient Boosting. Cross-
validation is the most frequent validation strategy. At the end, some gaps 
and opportunities in the area are discussed. 

Keywords: Data mining; Machine learning; Soil organic carbon; Soil sciences; Tropical 
soils; Weathered soils 

 

2.1. Introduction 

Clustering, modelling and predicting outcomes from data are common goals in 

soil science. Statistical approaches addressing to solve and interpret relations among 

soil and environmental attributes are adopted since the development of this research 

field. 

The improvement and adoption of artificial intelligence (AI) techniques have 

increased dramatically over the last 20 years driven by the reduction of costs 

associated with the capture, transmission and storage of data. This has made it easier 

and faster to program computers, to create models and take actions from incoming 

data in instead of predefined commands. Among AI variety of possibilities, the machine 

learning (ML) algorithms (also referred to as data mining algorithms) are by far the 

most widely adopted in all sorts of research and industry applications (JORDAN; 

MITCHELL, 2015). They associate statistical approaches and computational solutions 

to deal with a large amount of data and investigate patterns among variables that are 

not readily recognized by human eyes and computationally costly through standard 
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statistical techniques. This is the reason why the process of mining data is often 

referred to as knowledge discovery from data or exploratory statistics (HAN; KAMBER; 

PEI, 2012). 

The mentioned tools were previously restricted to the computer sciences but 

more recently, it is noticeable the increasing use of ML in soil science publications. 

Some reviews were devoted to examining the current state of the art in the 

implementation of ML tools in soil sciences (XIAO et al., 2019; PADARIAN; MINASNY; 

MCBRATNEY, 2020; SRIVASTAVA; SHUKLA; BANSAL, 2021; WADOUX; 

MCBRATNEY, 2021) and soil organic carbon (SOC) (ANGELOPOULOU et al., 2019; 

AHIRWAL et al., 2021), however little or no emphasis was given to countries with 

tropical soils.  

The present work aims to clarify some of the concepts and tasks related to AI 

and ML, demonstrate its acceptance in SOC studies in tropical soils and to observe 

the most used techniques. It is expected that this literature review could help to 

demystify this exciting research field and encouraged more soil scientists to try new AI 

and ML approaches in their areas. 

 

2.2. Development 

2.2.1. Main terms and procedures in machine learning 

 A ML or data mining algorithm is the part of an AI system responsible for 

creating a rule or predict a value given the provided data and requires careful data 

preparation to obtains reliable insights from complex patterns.  

Roughly speaking, ML tasks can be classified as supervised and 

unsupervised. Supervised tasks refer to situations where correctly labeled examples 

are presented to the algorithm for training, as in classification (discrete target variable) 

or regression (continuous target). Unsupervised tasks are clustering, creation of 

association rules and summarization. In these applications, there are not correctly 

labeled examples and heuristic solutions should be used to best achieve the goal. 

The main steps that precede a ML technique usage are, in the sequence: data 

cleaning (removal of incorrect, corrupted, incorrectly formatted, duplicate, or 

incomplete data), data integration (combination of multiple data sources), data 

selection (to keep only the data relevant to the task) and data transformation (changed 
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to a better organized or task compatible format) (HAN; KAMBER; PEI, 2012), and are 

commonly referred to as the most time-consuming part of any ML application (PYLE; 

EDITOR; CERRA, 1999). This is due to the fact that data, if not treated properly, can 

negatively influence the accuracy and precision of data mining tasks. Occurrence of 

unrealistic outliers, ambiguities in the information encoding, attributes monitored at 

different scales of time or space, unbalanced classes (that is, some may occur at 

relative frequencies so different that one or more are ignored by the algorithm) are 

examples of frequent situations that deserve special attention. 

The following steps include the application of methods to extract patterns (ML 

algorithm), model evaluation using statistics metrics and validation strategies and 

knowledge presentation. 

 

2.2.2. Adoption of Machine Learning Techniques in Soil Science and Soil 

Organic Carbon 

The first publications related to AI may be tracked to the 1950´s (CAMPAIGNE; 

HOWARD, 1959; MCCARTHY et al., 2006), however it was on the late 1990´s that the 

subject started to arouse greater academic interest, inclusive at the soil. 

In June of 2021, a series of searches were performed at the Web of Science 

database (WoS), to evaluate the progress in acceptance of ML techniques in soil 

sciences. Considering “data mining” OR “machine learning” as TOPIC among articles 

and reviews, 145,528 documents could be recovered at WoS. However, when the term 

“soil” was added, i.e. (“data mining” OR “ML”) AND “soil”, the number of recovered 

documents reduced to 2,504. It´s interesting to point out that around 60% of the papers 

focused directly on ML applications at soil science were published in the last two and 

a half years period (2019 - June 2021) and in the same period, the mean annual 

increase in publications was 44% (Figure 1-A). The same query was conducted using 

the SCOPUS database to verify if similar patterns can be observed. Maintaining the 

combination of the terms as TOPIC, a total of 2,528 documents were retrieved, thus 

confirming the low number of publications focusing directly on soil and ML. 

As a next step, only the publications containing the term “soil” in the title were 

considered among them. A total of 947 could be identified and almost half of them 

(48%) originate from China and USA (Figure 1-B).  
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Figure 1. A) Number of publications per year where terms “data mining” or “machine learning” were 
related to soil studies. B) Top origin countries from publications containing the term “soil” in the title (10 
or more published papers). The labeled bar “others (62)” refers to the group: Ireland, Malaysia, Norway, 
Russia, Mexico, Pakistan, Algeria, Iraq, Israel, Romania, Colombia, Hungary, Poland, Saudi Arabia, 
Argentina, Finland, Nigeria, Philippines, Serbia, Zambia, Cameroon, Croatia, Ecuador, Egypt, Georgia, 
Kenya, Slovakia, Burkina Faso, Chile, Democratic Republique of the Congo, Estonia, Indonesia, Jordan, 
Nepal, New Caledonia, Sri Lanka, Tanzania, Thailand, United Arab Emirates, Armenia, Bangladesh, 
Botswana, Costa Rica, Cote d’Ivoire, Ethiopia, Ghana, Haiti, Latvia, Lebanon, Madagascar, Mali, 
Montenegro, Mozambique, Peru, Qatar, Senegal, Tunisia, Uganda, Uzbekistan, Wales, Yemen, 
Zimbabwe. 

 

Studies are even more scarce when considering only publications from 

countries with tropical soils (389) and limiting to the ones also containing the term 

“carbon” in the title, 40 papers could be recovered from 10 countries, being 62% of 

them from Australia (Figure 2). This, along with previously presented information, 

demonstrates how small is the article production in the area among countries with 

highly weathered soils (except Australia). This subset of papers (40) was selected for 

further reviews. 
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Figure 2. Tropical countries where terms “data mining” or “machine learning” were related to soil studies 
and words “soil” and “carbon were mentioned in the article title. 

  

2.2.3. Main techniques in use and their applications 

To identify major trends in ML usage in SOC from weathered soils, the selected 

subset of papers was evaluated accordingly to the main ML task applied, algorithm 

tested, applied metrics and validation strategies. 

In 39 out of the 40 papers, regression algorithms were used and frequently 

more than one. Three of them solved classification tasks (but two of them also involved 

regression tasks) and only one also made use of a clustering technique (Table 1). 
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Tabela 1. Identification of the type of task for which machine learning algorithms were used in SOC 
studies in weathered soils. 

Machine learning 

task 

Number of 

occurrences 
Article 

Regression 38 

(SPENCER et al., 2005; KRISHNAN et al., 2007; BUI; 

HENDERSON; VIERGEVER, 2009; CHAKRABORTY et al., 2013; 

LACOSTE et al., 2014; SREENIVAS et al., 2014, 2016; HOBLEY 

et al., 2015; HOBLEY; BALDOCK; WILSON, 2016; HOBLEY; 

WILSON, 2016; RUDIYANTO et al., 2016, 2018; SOMARATHNA; 

MALONE; MINASNY, 2016; MARTINEZ-ESPANA et al., 2017; 

ROUDIER et al., 2017; HOUNKPATIN et al., 2018; SANDERMAN 

et al., 2018; WANG et al., 2018a, 2018b; DING et al., 2018; 

HAMZEHPOUR; SHAFIZADEH-MOGHADAM; VALAVI, 2019; 

MUKHERJEE et al., 2019; ROSSEL et al., 2019; GOMES et al., 

2019; MOURA-BUENO et al., 2020; RODRIGUEZ-VEIGA et al., 

2020; SILATSA et al., 2020; BENKE et al., 2020; TAGHIZADEH-

MEHRJARDI et al., 2020; GHOLIZADEH et al., 2020; ABERA et al., 

2021; ABRAMOFF et al., 2021; GUEVARA-ESCOBAR et al., 2021; 

AHIRWAL et al., 2021; PHAM et al., 2021; VASUDEVA et al., 2021; 

VENTER et al., 2021; GOYDARAGH et al., 2021) 

 

Classification 3 

(SPENCER et al., 2005; RODRIGUEZ-VEIGA et al., 2020; COSTA 

et al., 2021) 

 

Clustering 1 (MOURA-BUENO et al., 2020) 

 

Considering all the applications, 17 algorithms or combinations of them were 

used. Random Forest, Cubist, Boosted Decision Trees, Artificial Neural Networks, 

Support Vector Machine and Extreme Gradient Boosting are, in the mentioned order, 

the most frequent adopted techniques in supervised tasks (regression and 

classification) and a tendency of increase in Random Forest usage appears to be 

ongoing in the recent years (Figure 3). In the single paper where a ML clustering task 

was identified the chosen algorithm was the K-Means. 
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Figure 3. Progression in the usage of the most common algorithms in SOC studies in weathered soils. 
The label “other algorithms” refers to the group: quantile regression forest (2 publications), bagging with 
decision trees (2), conditional inference trees (2), Lasso regression (1), multiplicative adaptative 
regression splines (1), generalised linear mixed model (1), K-means (1), stacking with various diferent 
models (1) and light gradient boosting machine regression (1). 

 

Among the metrics for regression models the preferred ones are the coefficient 

of determination (R2) and the root mean squared error (RMSE), present in 72% of and 

65% of the publications, respectively. Other frequent statistics applied are the mean 

absolute error, mean squared error (both present in 17% of studies) and Linn´s 

concordance correlation coefficient (15%). Other 11 metrics were used in smaller 

frequencies, being used in only one or two publications: standard deviation error, 

median absolute relative error, Pearson´s correlation, model efficiency factor, ratio of 

performance to interquartile distance, mean squared deviation, ratio of performance 

deviation, normalized root mean squared error, mean total deviance, mean residual 

deviance and a customized measure. 

In the classification ML tasks the chosen metrics were the accuracy, probability 

of agreement and area under the receiver operating curve. In the clustering task the 

applied metric was not specified. 

A decisive step in a ML pipeline is to property validate the trained models, 

especially in supervised tasks. It´s not uncommon to develop models with great 

performance in the training set but with a much different prediction capacity when new 

unlabeled examples are presented. To overcome this difficulty, different strategies can 

be adopted as cross-validation, hold out and leave one out.  
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In the cross-validation, the provided training set is split n times, with a smaller 

fraction of it kept out of the training process. That fraction is later used as a test set for 

performance comparison. Each split part of the dataset is chosen to test a model 

trained in the remaining examples. In the end, a mean result of the n training processes 

can be evaluated. Cross-validation was the most applied validation strategy in the 

reviewed publications, being used in 25 articles (62%).  

Leave one out is a variation of cross-validation where the number of splits and 

training processes is equal to the number of examples in the provided training set, i.e, 

at any split only one example is left as the test set. Leave one out can be 

computationally expensive and time-consuming, being identified in only one of the 

selected publications. The hold-out validation strategy was present in 12 publications 

(30%) and consists of separating a percentage of the dataset to be used as a test set. 

 

2.3. Final remarks and future perspectives 

Several environmental, soil and cover factors strongly affect the soil carbon 

sequestration potential, such as crop (WEST et al., 2002), temperature (TRUMBORE; 

CHADWICK; AMUNDSON, 1996; FRØSETH; BLEKEN, 2015), texture (BAUHUS; 

PARÉ; CÔTÉ, 1998; SOUCÉMARIANADIN et al., 2018), pH (CURTIN; CAMPBELL; 

JALIL, 1998), access of organic matter to microorganisms (DUNGAIT et al., 2012) 

among others (FRANCAVIGLIA et al., 2017).  The ML solutions represent a powerful 

tool to help soil researchers unveil these relations and make an assumption on the 

future behavior of SOC. Perhaps, as important as predicting SOC carbon fluctuation is 

to select the most important attributes to monitor it on small and large scales.  

Several algorithms applied in the area were written many years ago and now, 

with the advances in computer hardware and software, are being taken to new usage 

frontiers. Others are quite recent, and its application is still evolving following the ML 

field steps. Random Forest and several other ensemble algorithms inspired in Decision 

Trees as Cubist and Extreme Gradient Boosting are well accepted and shall grow in 

usage along with the popularization of ML among soil scientists. The simpler ones as 

decision trees itself will probably remain more restricted due to the inferior prediction 

and generalization power compared to the ensemble algorithms. 

The present literature review has made clear that SOC research field in tropical 

and highly weathered soils has a lot more to offer and benefit from ML. Except for 
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Australia, which is quite advanced in the area, studies are still incipient or null in most 

developing countries. Yet, it was identified that some ML tasks, especially 

unsupervised ones as search for association rules and summarization, were not 

contemplated in any of the articles found and therefore represented an opportunity to 

create new applications. 
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3. MACHINE LEARNING FOR PREDICTION OF SOIL CARBON STOCK CHANGES 

IN SUGARCANE CROP DUE TO STRAW REMOVAL 

ABSTRACT 

Brazil, as other countries, has established energy and climate 
policies that foster the use of biofuels as sugarcane ethanol, in which a 
growing practice is to use harvesting residues, the straw, for cogeneration 
of electricity or to produce second-generation ethanol. In this study, it was 
aimed to create machine learning (ML) models capable of predict short-term 
soil carbon stock changes according to the mass of sugarcane straw 
leftover the soil during harvest. The initial data was generated between 2015 
and 2018 in five experimental sites under commercial cultivation of 
sugarcane in Brazilian south-central region and the available variables were 
related to climate, soil physical and chemical attributes, organic matter and 
crop variety. The variable to be predicted (y) was the rate of carbon stock 
change per area per year in relation to the total dry mass of straw (Mg C ha-

1 yr-1). The initial dataset was divided into training (80%) and test (20%) and 
eight ML models were trained using algorithms Random Forest (RF) and 
Support Vector Machine (SVM) associated to four feature selection 
methods. Results were evaluated using 10-fold cross-validation of the root 
mean squared error (RMSE) in the training set and prediction RMSE in the 
test set. The trained models were statistically compared among them and 
to the use of mean y stratified by straw mass deposited and soil layer. All 
the ML models surpassed the simple generalization of previously known 
mean values of y. The model SVM associated with RF feature selection 
performed slightly better with a considerable reduction in the number of 
attributes, which could reduce the costs and effort of data acquisition and 
processing in future applications. The achievements indicate that ML 
models are good tools to predict short-term changes in carbon stocks due 
to total or partial straw remotion from the field. The obtained results and 
applied methodology have the potential to help producers and decision-
makers interested in correlate in situ crop conditions and straw 
management to expected soil carbon variations. 

Keywords: Soil organic carbon; Machine learning; Straw management; Feature selection; 
Random forest; Support vector machines 

 

3.1. Introduction 

Governments aiming to mitigate greenhouse gas (GHG) emissions should 

take advantage of soil capacity to store carbon and implement public politics which 

stimulates the preservation or even increase of soil carbon stocks in cropped lands. 

Brazil, as other countries, has established energy and climate policies that foster the 
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use of biofuels, and sugarcane ethanol receives special attention due to the great 

potential for emission mitigation in comparison to fossil fuels.  This should encourage 

more sustainable management practices which positively affect soil carbon 

sequestration(POST; KWON, 2000; LAL, 2004; MCCARL; METTING; RICE, 2007). 

In sugarcane cropping, a growing practice uses harvesting residues, the straw, 

for cogeneration of electricity or as a substrate to produce second-generation ethanol. 

Although it may help to reduce industry´s energy expenditure and allow an ethanol 

production increment without area expansion (FRANCO et al., 2013; KARLEN; 

JOHNSON, 2014), the organic matter kept in the field promotes several additional 

benefits to the soil (CHERUBIN et al., 2018b), including desirable inputs of carbon, 

nutrients and physical protection. 

It becomes clear that, in the short future, sugarcane management strategies 

shall take soil carbon fluctuation into account, despite the complexity of interactions 

that dictate it´s dynamics at different spatial and temporal scales (ETTEMA, 2002; 

AUSTIN et al., 2004).  

Data mining techniques and machine learning (ML) algorithms comprise a set 

of tools specially developed to handle complex and large volumes of information and 

generate optimized models based on presented data. Efficient ML models were 

developed to address a range of challenges related to the organic matter 

(TAGHIZADEH-MEHRJARDI; NABIOLLAHI; KERRY, 2016; FRANCAVIGLIA et al., 

2017; FARHATE et al., 2018; ANGELOPOULOU et al., 2019) and may help producers 

to take data-driven decisions on straw management and predict soil carbon stocks 

fluctuation at the same time.  

In this study a series of information from field experiments in commercial 

sugarcane crops in the south-central region of Brazil were compiled. The main goals 

were: I) create ML models capable of predicting short term soil carbon stocks change 

according to the mass of sugarcane straw leftover the soil during harvest and II) select 

the most important attributes to feed the models, which reduces the cost and effort of 

data acquisition.  
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3.2. Material and Methods 

3.2.1. Dataset description 

The initial data was generated between 2015 and 2018 in five experimental 

sites under commercial cultivation of sugarcane in Brazil (Figure 4-A). The site 

selection was made intending to represent contrasting and representative sugarcane 

cropped situations in terms of soil and climate in the Brazilian south-central region 

(Figure 4-B). The treatments consisted of masses of sugarcane straw left in the field 

during the harvest. For two locations ― Capivarí (22º59' S, 47º30' W) and Valparaíso 

(21°13' S, 50°52' W) at São Paulo state ― the straw masses represented percentages 

of 0 (i.e. total removal), 25, 50, 75 and 100% from the total residues generated per 

area. For the three other locations ― Quatá (22º14' S, 50º41' W ) in São Paulo state, 

Chapadão do Céu (18º23' S, 52º39' W ) and Quirinópolis (18° 26' S, 50° 27' W) in 

Goiás state ― the straw masses represented percentages of 0, 50 and 100% of the 

mean mass of straw produced per area yearly in sugarcane in Brazil (MENANDRO et 

al., 2017). The experiments started in the first harvest after soil preparation. From the 

second harvest ahead, the straw left in the field added to the remaining and not 

completely decomposed from the previous year. 
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Figure 4. A) Geographic locations of the sampling sites. Data sampled between the 2015 - 2018 period. 
B) Hierarchical clustering dendrogram from data similarity considering climatic data and soil 
granulometry. 

 

The available variables were related to climate, soil physical and chemical 

attributes, organic matter and crop variety (Table 2 and Figure 5). Information 

corresponding to the annual temperature, precipitation and climatological classification 

patterns were obtained from (ALVARES et al., 2013) and the database provided by the 

authors at http://www.ipef.br/geodatabase/.  
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Tabela 2. Description of initially available attributes from the study sites 

Description Unit or Labels Attribute encoding 

Altitude above sea level            m altitude 

Average annual rainfall mm yearly precipitation 

Average annual maximum temperature ºC max yearly temperature 

Average annual minimum temperature ºC min yearly temperature 

Average annual temperature ºC mean yearly temperature 

Straw mass left in the field in the first year of the experiment Mg ha-1 straw mass 

Distance from surface (depth) of the assessed soil layer  cm soil layer upper limit 

Thickness of the assessed soil layer cm soil layer thickness 

Nitrogen content in cane straw g kg-1 straw N 

Phosphorus content in cane straw mg dm-3 straw P 

Potassium content in cane straw mmolc dm-3 straw k 

Calcium content in cane straw mmolc dm-3 straw Ca 

Magnesium content in cane straw mmolc dm-3 straw Mg 

Sulfur content in cane straw mmolc dm-3 straw S 

Initial soil density in layer 0-10 cm Mg m-3 (= g cm-3) bulk density 0-10 cm 

Initial density of soil in the layer 10-20 cm Mg m-3 (= g cm-3) bulk density 10-20 cm 

Initial pH in the soil layer 0-10 cm Adimensional soil ph 0-10 cm 

Initial pH in the soil layer 10-20 cm Adimensional soil ph 10a20_i 

Initial phosphorus content of the soil in the 0-10 cm layer mg dm-3 soil P 0-10 cm 

Initial phosphorus content of the soil in the 10-20 cm layer mg dm-3 soil P 10-20 cm 

Initial potassium content of the soil in the 0-10 cm layer mmolc dm-3 soil K 0-10 cm 

Initial potassium content of the soil in the 10-20 cm layer mmolc dm-3 soil K 10-20 cm 

Initial calcium content of soil in the 0-10 cm layer mmolc dm-3 soil Ca 0-10 cm i 

Initial calcium content of the soil in the 10-20 cm layer mmolc dm-3 soil Ca 10-20 cm 

Initial magnesium content of the soil in the 0-10 cm layer mmolc dm-3 soil Mg 0-10 cm 

Initial magnesium content of the soil in the 10-20 cm layer mmolc dm-3 soil Mg 10-20 cm 

Soil sand content g kg-1 sand content 

Soil clay content g kg-1 clay content 

Cultivated sugarcane variety (Dummy variables were 
created) 

yes (1), no (0) 
CTC-14, RB86-7515 or RB96-
6928 

Köppen climate classification Aw (1), Cwa (0) Köppen climate 

Target variable. It describes the rate of change of the soil 
carbon stock in relation to the treatment without straw 
removal. The negative values indicate straw tons per 
hectare loss per year. 

Mg C ha-1 year-1 Rate of carbon stock change     
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Figure 5. Value distribution of numerical attributes used in the models. Individual measurement units 
were described in table 1. 

 

3.2.2. Data integration and preprocessing 

Since data were obtained from different field experiments, they were adjusted 

for standardizing the evaluation periodicity and thickness of evaluated soil layers. All 

numerical variables were summarized and critically evaluated for their permanence in 

the dataset given their procurement cost and effort and relationship with others. As an 

example, only sand and clay content were chosen as granulometry metrics because 

silt content can be deducted from them. Also, for future application purposes, it was 

decided to include only attributes sampled before the installation of the treatments. 

Missing data were not frequent and were filled with median values of the corresponding 

location, treatment and soil layer. 

The variable to be predicted (y) was the rate of carbon stock change per area 

per year in relation to the total dry mass of straw (given in megagrams of carbon per 

hectare per year, Mg C ha-1 yr-1). It expresses how much carbon should be lost or 

gained from a soil layer stock per area in one year if the amount of straw left in the field 
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is modified. It was calculated for every experimental site, treatment and soil layer as 

y= (C stock 100% - C stock treatment) time-1, where C stock 100% is the median of the final 

carbon stocks for the control treatment (100% of sugarcane straw left in the field) and 

C stock treatment is the median of final carbon stocks for the evaluated treatment (Figure 

6).  

 

  

Figure 6. Calculated rate of carbon change in evaluated locations and soil layer depths. 

 

Most algorithm implementations require only numerical data for the training 

process, so the qualitative variables were transformed. Sugarcane varieties were 

derived into n new ones (n equal to the number of labels at the given attribute), 

indicating the presence of the label (1) or absence (0). Binary encoding was used for 

the Köppen climate classification indicating Aw (0) or Cwa (1).  The description of the 

sampled soil layer was derived into two continuous attributes: initial depth and 

thickness, using the unit in cm.  

As a final prepossessing step, to prevent attributes with greater values from 

standing out over others during the learning process, data were transformed to z-

scores according to the formula: z = (x - u) s-1, where “u” is the mean of attribute values 

and “s” is the standard deviation.  
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The final dataset after data integration and preprocessing consisted of 305 

instances and 32 attributes.  

 

3.2.3. Attribute selection and regression algorithms implementation 

Attribute selection and ML algorithm implementation were done using the 

Scikit-learn library implementation (PEDREGOSA et al., 2011) in Python language.  

Initially, the dataset was randomly partitioned in two: 80% of the data for the 

learning process (training set) and 20% for performance check (test set or validation 

set). Two ML algorithms were trained to predict y:  

Random Forest (RF) (BREIMAN, 2001): The RF is an ensemble predictor 

which uses bootstrap resampling to create n new datasets (usually 500 < n < 3000). 

Statistically, around ⅓ of examples in the original dataset is not included for each new 

bootstrap dataset, the out-of-bag samples. Decision trees are grown in each or those 

resampled datasets using a function that searches for the attribute and its value 

threshold that minimizes a data impurity measure (for example, Gini or Entropy index) 

at each node split. However, only a subset of the original attributes is sampled for the 

selection of the best node split. To evaluate the model in regression tasks, each tree 

uses its out-of-bag examples as a test set and the predicted value is the mean of all 

the voting trees which did not use the example in the learning process. The error is 

calculated as a mean difference between predicted and real values for the examples. 

Support Vector Machine (SVM) (BOSER; GUYON; VAPNIK, 1992; 

CORTES; VAPNIK, 1995): When used for classification tasks SVM creates a 

hyperplane that separate the classes of the examples. To choose the best fit for the 

hyperplane, boundary limits are created using some of the examples located next to 

the decision frontier, the so-called support vectors. If it is not possible to do the 

classification using a hyperplane directly, the kernel function is applied to map the 

examples in a higher dimension. The same main idea applies for regression tasks, 

however the algorithm goal becomes to find a hyperplane capable of include most of 

the samples inside the boundary limits and thus minimize an error function. 

Previous papers have aimed to measure the differences in carbon stocks in 

the evaluated study sites according to the amount of straw left in the field (TENELLI et 

al., 2021). Once we intended to develop ML models with the potential to perform 

predictions also in different locations, for a comparison purpose the means of y in the 
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training set were calculated stratified by treatment and soil layer (location not specified) 

and values were used as predictors for y in the test set, a more straightforward but 

easily generalized approach.  

The three prediction strategies (two ML methods and use of stratified means) 

were implemented with 10-fold cross-validation. The trained algorithms were then used 

to predict y in the test set for a performance check and to prevent overfitting.  

To select the most critical attributes for prediction of y and to develop simpler 

models, we have tested three feature selection methods:  

Recursive Feature Elimination (RFE): To select a subset of features from a 

rank of feature importances as some filter methods do have the disadvantage of 

ignoring possible interactions between attributes. The RFE (GUYON; WESTON; 

BARNHILL, 2002) is an exhaustive search method which overcomes this drawback by 

iteratively: I) training the chosen ML model, II) rank the feature importance according 

to the selected metric and III) exclude the feature with the smallest ranking criterion. 

These three steps are repeated continuously until only one feature lasts. The 

performance metric can be used alone or with cross-validation to choose the best 

subset. 

PCA: Differently from PCA dimensionality reduction due to data 

transformation, in the applied technique (JOLLIFFE, 1972), the main idea is that in a 

PCA analysis, every eigenvector whose eigenvalue ratio value is less than 0.70 has a 

small contribution to represent the data variance. Therefore, the most dominant 

variable in each one of these eigenvalues (i.e., with the highest absolute coefficient 

value) is also of little relevance and can be ruled out. 

RF embedded feature importance: The same heuristics previously 

described for the RF applies. In sequence, to estimate the feature importance for 

prediction, the values of the attributes are randomly permuted across all trees, one 

attribute at a time. The bigger the increase in error, the bigger the importance of the 

attribute and the analyst can decide graphically or through a threshold limit (desired 

number of attributes or importance value) for the permanence of the features in the 

dataset. 

For each chosen subset of attributes and model in use, the model 

hyperparameters were adjusted by 50 random search iterations. To RF the adjusted 

hyperparameters were the number of grown trees (500, 1000, 1500, 2000, 2500 or 

3000), maximum tree depth (5, 6 or 7) and a maximum number of attributes used by 
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tree (3, 5 or the squared root of the total number of attributes). For SVM the adjusted 

hyperparameters were the kernel function (radial basis or polynomial), C error 

regularization parameter (10-3, 10-2, 0.1, 0.5 or 1), the kernel coefficient gamma (10-4, 

10-3, 10-2, 0.1 or 1) and degree which is only used by the polynomial kernel function (2, 

3, 4 or 5). 

The models were evaluated in the training and test set using Pearson 

correlation coefficient, coefficient of determination (R2) and  the root mean square error 

(RMSE) between measured and predicted values, the last calculated according to the 

equation 1 : 

 

𝑅𝑀𝑆𝐸 = √
∑ (�̂�𝑖−𝑌𝑖)

2𝑛
𝑖=1

𝑛

2

                                                    (1) 

where, 

�̂�= predicted value for the class attribute; Y = Observed value and n = number of 

examples 

 

3.2.4. Statistical comparison of the machine learning models 

The results were compared using confidence intervals (p < 0.05) of the 

empirical frequency distribution. To do so, the 10 RMSE measurements obtained from 

cross-validation in the training sets were resampled with reposition (bootstrap 

resample) 5 103 times and mean value of each new resampled RMSE set was used to 

create the empirical frequency distribution of errors. The confidence intervals of those 

simulated distributions were used for comparison.   

 

3.3. Results and Discussion 

Due to the subset selection and random search tuning different 

hyperparameters were adopted in each trained ML model (Table 3). In general, RF 

has differed in number of grown trees and maximum number of attributes randomly 

selected for each tree. SVM only differed in gamma parameter in one of the models. 

The eight models yielded similar prediction errors among them considering   p 

< 0.05, with the exception of RF using the wrapper RFE which was surpassed by the 
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SVM associated to RF embedded feature importance selection, this last one identified 

as the best performance model (Figure 7). 

 

Tabela 3. Random search hyperparameter tunning for each Random Forest and Support Vector 
Machine trained model. 

   Adjusted hyperparameters 

Algorithm Selection method  Number o trees 
Tree depth 

(maximum) 

Attributes per tree 

(maximum) 

Random 

Forest 

None (all attributes)  1500 7 5 

Recursive feature 

elimination 
 2500 7 3 

Random forest 

feature importance 
 500 7 5 

PCA  500 7 5 

   Adjusted hyperparameters 

 Selection method  Kernel function 
Regularization 

parameter 
Gamma 

Function 

degree 

Support 

Vector 

Machine 

None (all attributes)  Radial basis 1 5 - 

Recursive feature 

elimination 
 Radial basis 1 1 - 

Random forest 

feature importance 
 Radial basis 1 1 - 

PCA  Radial basis 1 1 - 

 

When using the mean values for rate of carbon change according to the 

approximate percentages of straw left in the field and soil layer, the obtained RMSE 

was 0.35 Mg C ha-1 yr-1 in the training set and 0.34 C ha-1 yr-1 in the test set, with low 

correlation between measured and predicted y. All the ML-trained models performed 

better than simply assuming the mean values for the training and test set with 

reductions in prediction error from 55 up to 74% and 40 up to 55% for SVM and RF, 

respectively (Table 4). Correlations and R2 between measured and predicted y were 

also consistently higher for all the implemented ML models. 
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Tabela 4. Prediction errors and correlations between observed and predicted values for the rate of 
carbon stock change in training and test set for the evaluated models. 

Prediction 

strategy 
Selection method 

 Training set  Test set 

 
Mean RMSE ± sd R2 

Y x Ŷ 

correlation 
 RMSE R2 

Y x Ŷ 

correlation 

 Mg C ha-1 yr-1 --- ---  Mg C ha-1 yr-1 --- --- 

Calculated  

medians by 

the straw 

relative 

amount left 

(%) and 

soil layer 

None  0.35  ± 0.07 0.16 0.32  0.34 0.09 0.32 

Random 

Forest 

None (all attributes)  0.21 ± 0.06 0.78 0.95  0.17 0.76 0.76 

         

Recursive feature 

elimination 
 0.21 ± 0.05 0.87 0.94  0.17 0.77 0.90 

         

Random forest 

feature importance 
 0.19 ± 0.06 0.91 0.91  0.15 0.81 0.81 

         

PCA  0.19 ± 0.06 0.92 0.97  0.15 0.83 0.93 

Support 

Vector 

Machine 

None (all attributes)  0.16 ± 0.05 0.94 0.94  0.09 0.93 0.98 

         

Recursive feature 

elimination 
 0.16 ± 0.05 0.94 0.94  0.09 0.94 0.94 

         

Random forest 

feature importance 
 0.14 ± 0.05 0.94 0.99  0.09 0.94 0.98 

         

PCA  0.19 ± 0.06 0.86 0.94  0.21 0.64 0.81 

 

 

Figure 7. Statistical comparison from bootstrapped 10-fold cross validation RMSE results. Confidence 
interval bars followed by the same letter indicate no statistical difference (p < 0.05). 
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From a mathematical perspective, more attributes can many times be 

beneficial for prediction models but this is not always true. They add complexity and 

usually extra costs to obtain and process the data, which are not always compensated 

in the same proportion by the prediction improvement (FACELI et al., 2011). In this 

study, the obtained results corroborate this affirmation. The selected number of 

attributes for each model has varied largely and was just weakly correlated to 

performance improvement (given in RMSE reduction) considering the cross-validation 

prediction errors (Pearson correlation of - 0.2). 

The feature selection methods have permitted reductions in the number of 

predictors from 70 (RFE for RF) up to 83% (PCA) in comparison to the full list of 

attributes (figure 8-A). A hierarchical clustering (Ward algorithm) identified two major 

groups of subsets: one formed by the RFE for RF and PCA (same attribute subset for 

both ML models) subsets and other containing RFE for SVM and RF embedded feature 

importance selection (same attribute subset for both ML models). Besides the number 

of attributes, both groups differ due to the selection of the attribute “straw mass” wich 

defined the experimental treatments. 

It could be considered curious that “straw mass” was not used as input for all 

the models once previous studies conducted in the same experimental sites support 

that straw removal rate is directly related to soil organic carbon depletion (BLANCO-

CANQUI, 2013; CHERUBIN et al., 2018b; MORAIS et al., 2020) and many others 

demonstrate direct relationship between crop residues intake and increase in soil 

organic carbon stocks (WEST; POST, 2002b). A possible explanation is that in a short-

term straw removal effects in the carbon balance are difficult to be related if single thin 

soil layers are considered, once the mentioned previous works were mostly based on 

0-10 or 0-30 cm soil layers or longer evaluation periods. Even so, the mass of crop 

residue was used by the the best performance model (SVM with the RF embedded 

feature importance selection method). Possibly other optimization based ML 

algorithms with adjustable input weights as Artificial Neural Networks (MCCULLOCH; 

PITTS, 1943) may also be a good option to capture its subtle influence. 

The most frequently selected attributes were: soil layer upper limit (derived 

from soil layer) and K content in the 0-10 cm soil layer (6 times), P content in 0-10 cm 

soil layer (5 times) and soil clay content (4 times). This is suggestive that these 

attributes shall be considered prior to others in case of limited data collection resources 

for future applications similitar to the one here presented. 
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The top soil layers represent the interface where most of the straw 

decomposition takes place, so it was expected that at least one of the attributes 

containing its derivated information would be chosen. Crop residue decomposition also 

plays an important role in providing K and P to the soil. Potassium is the most abundant 

macronutrient in vegetal tissue and P, in turn, is also inputted to the soil in the form of 

soluble compounds during the decomposition process. In addition, crop residues are 

beneficial to preserve soil P by reducing losses by runoff, erosion and a number of 

other physical and chemical mechanisms (MENANDRO et al., 2017; LISBOA et al., 

2018; SOLTANGHEISI et al., 2021). In the available data, the soil clay content was 

probably considered the best granulometry indicator, which directly affect soil carbon 

depletion due to straw management (CHERUBIN et al., 2021). 

For the evaluated algorithms Altitude, Köppen climate classification, mean 

yearly temperature and straw S content were not used as inputs in any of the selected 

subsets (Figure 8-B).  
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Figure 8. A) Predictive attributes in each trained model associated to a feature selection method and 
similarity comparizon using Ward algorithm for agglomerative hierarchical clustering. B) Number of 
times that each attribute was selected. 

 

To better observe the advantage of using a ML method instead of adopting 

and generalize mean values obtained previously, the test set predictions of y from the 
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best model were compared to the means by soil layer and straw relative amount left in 

the field (Figure 9).  

Assuming the application of SVM with the RF embedded feature importance 

selection method for prediction of the rate of carbon change (y) an approximate RMSE 

of 0.27 Mg C ha-1 yr-1 would be obtained for the soil first 20 cm (RMSE of 0.09 Mg C 

ha-1 yr-1 described in Table 3 times three for the evaluated layers 0-5, 5-10 and 10-20 

cm). The same logic applied to the use of mean values from previous experiments, 

even considering the same straw removal proportion and soil layers would result in an 

error of 1.02 Mg C ha-1 yr-1 in the soil first 20 cm or, in other words, an increase in 

prediction error of 0.76 Mg C ha-1 yr-1. 

Lead by the observed differences in prediction accuracy, some extrapolations 

were imagined. The Brazilian sugarcane cropped area in 2020 was estimated at 8.6 

million hectares (CONAB, 2020). Assuming an overstated possibility of partial or total 

straw removal in the full cropped area would cause a national prediction error of 6.5 

million Mg C yr-1. Such a deviation would certainly cause severe impacts to sugarcane 

carbon footprint calculations and to sustainable management strategies taking soil 

carbon fluctuation into account. 

 



47 
 

 

Figure 9. Calculated and predicted values of rate of carbon change in the validation set stratified by 
relative amount of straw left in the field and soil layer depth. Only the best models of each evaluated 
algorithm are exibited. 

 

3.4. Conclusion 

The adoption of ML techniques can considerably improve the capacity to 

predict short-term changes in soil carbon stocks due to straw total or partial remotion 

in relation to simple generalization of previously obtained measurements. Yet, the 

selection of smaller attribute subsets using ML tools did not greatly affect the prediction 

errors, or in some circumstances even improved the prediction power as observed 

when the algorithm Support Vector Machine was trained in a subset selected by 

Random Forest embedded feature importance. 
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The obtained results have the potential to impact sugarcane management 

practices intended to improve soil organic carbon preservation if the required attributes 

to serve as inputs for the models can be measured. 
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