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Abstract
Machine learning approaches are utilized to identify patterns in behavior and generate predictions across various applications. The objective of this work is to create a highly efficient model for accurately measuring and analyzing the levels of soil organic carbon (SOC) in the Chambo river sub-basin, which is situated in the province of Chimborazo. The model evaluation entails the application of diverse machine learning algorithms and approaches to determine the most efficient regression model. Regression models are improved using techniques such as Artificial Neural Networks, Support Vector Machines, and Decision Trees. The Resilient Backpropagation method yields the most precise model, as it accounts for a greater proportion of the variability in SOC content for the test data. This aligns with the findings from the training data, demonstrating a relatively low mean absolute error and a processing time that is approximately 400 times faster than that of the Multilayer Perceptron algorithm. The evaluation of estimating models is an objective procedure that considers not only the findings and precise metrics derived from the model's design, but also other relevant elements. The effectiveness of the Random Forest approach, specifically the quantile regression forests technique, has been established for estimating SOC contents in the Chambo river sub-basin data.
Keywords: Organic carbon; soil; machine learning; chemical and physical properties.

1. Introduction
The ability to estimate and understand soil properties is fundamental in various disciplines, including agriculture, civil engineering, and environmental science. Traditionally, the estimation of these properties has been addressed using conventional statistical models, such as linear regressions and analysis of variance. However, these models often face significant limitations, especially in their ability to handle large data sets and capture complex interactions between variables [1].
Considering these challenges, machine learning emerges as a powerful and versatile tool capable of overcoming many of the restrictions of traditional statistical methods. Models such as artificial neural networks and decision trees have proven particularly effective in modeling the complex dynamics of soil properties, providing deeper insights and more accurate predictions [2].
Among these fields are the soil sciences, where machine learning techniques such as principal component analysis, neural networks, deep learning, decision trees, random forests, support vector machines, and others, are effectively used to estimate or classify the physical, chemical, morphological, demographic, and biological properties of soil around the world, each under different conditions [2].
In Ecuador, soil analysis is a recognized concern, as highlighted in studies by the United Nations Food and Agriculture Organization and the Ministry of the Environment of Ecuador [3]. These studies emphasize the critical need for soil studies, particularly research on soil organic carbon (SOC) [4], as maintaining the balance of SOC is crucial for the adaptation and mitigation of climate change.
Given the geographical, climatic, and demographic conditions of Ecuador, changes in characteristic soil indicators are more pronounced due to the proximity of different zones. The diversity of terrain results in various altitudinal levels that inversely impact the content of SOC [5]. Other factors related to soil properties that influence the content of SOC include biotic elements, moisture retention, phosphate content, bulk density, and depth from the surface [6].
Exploring the soil properties in Ecuador poses a challenge that must be resolved through comprehensive analysis for its subsequent development. In view of this, the current study focuses on constructing an optimal model to estimate and process the content of SOC using machine learning in the sub-basin of the Chambo River, in the province of Chimborazo. 
This effort involves evaluating a series of physical-chemical properties derived from samples taken at four study sites within the sub-basin to identify the key features related to explaining the levels of SOC. In this way, we contribute to advancing knowledge in this vital field, proposing innovative solutions that could be adopted in multiple disciplines related to the study and management of soil.
2. Soil Organic Carbon Sequestration
The increase in greenhouse gases, including CO2, due to anthropogenic activities is considered the fundamental cause of climate change [7]. The concentration of carbon dioxide (CO2) has increased by 100 ppm between 1960 and 2020, and future scenarios show that it will continue to rise [8]. There is a great interest in minimizing the amount of CO2 in the atmosphere, as well as other greenhouse gases, to mitigate the risks of global warming [9]. There are three strategies for reducing CO2 emissions and mitigating climate change [6]:
· i) the reduction of global energy consumption,
· ii) the development of low-carbon or carbon-free fuels, and
· iii) sequester CO2 from the atmosphere through natural and/or engineering solutions.
Soils are an excellent carbon store; it is estimated that they contain approximately 1500 Pg of organic carbon, twice the amount of carbon stored in the atmosphere, and about three times the carbon (C) stored in vegetation cover [9]. The uses and covers of soil, and their changes, determine the reserves of soil organic carbon (SOC) [10]. The global carbon cycle is characterized by long and variable natural flows between the atmosphere, the oceans, and vegetation; comparatively, this temporary storage is small.
Currently, 30% of the emitted carbon, "the missing carbon," dissipates into terrestrial ecosystems, but it is not yet known how long this carbon sequestration lasts, or if it is merely a transient effect. The carbon cycle needs some clear definitions to avoid misunderstandings. Gross primary productivity (GPP) includes all assimilated carbon. Net primary productivity (NPP) is GPP minus plant respiration. Net ecosystem productivity (NEP) is NPP minus soil respiration, that is, the respiration of microbes and roots; these processes are reasonably regular and can be predicted. Finally, net biome productivity (NBP) reduces NEP by irregular non-respiratory losses such as fires or logging [10].
3. Experimental Area and Data Processing
The research begins with the establishment of a system of areas permanently monitored for the collection of soil samples that align with the hydrography of the Chambo River basin. This basin is primarily formed by the confluence of the Cebadas and Ozogoche rivers and extends until it meets the Patate River near the Chimborazo volcano [11], as illustrated in Figure 1.
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Figure 1: Study area of the Chambo River Sub-basin within the Chimborazo Province in central Ecuador. Source: Own elaboration.
Within this framework, using a completely random fixed monitoring design, soil samples were collected from an area of approximately 73,678.564 hectares, with an experimental error margin of 0.05 and a 95% confidence level. This sampling aimed to determine the representative sample size segmented into four designated regions (Table 1).
Table 1: Number of points according to the sampled area.
	Area (ha)
	Atillo – Yasipan
	Ichubamba Guargualla
	Chemiag
	Navag
	Total

	
	9770,134
	12737.94
	9622.79
	41547.70
	73678.564

	sample points
	72
	72
	72
	72
	288


Source: own elaboration.
At each monitoring site, the protocol established by GIDAC for soil sample collection was followed, which involved clearing the soil surface and extracting 1 kg of soil at depths ranging from 0 to 30 cm and from 30 to 60 cm. These depths were determined using a tape measure attached to a helical auger. Subsequent analysis in the laboratory consisted of determining bulk density using the cylinder method, measuring pH levels using a potentiometer, assessing soil electrical conductivity with a conductivity meter, identifying color according to the Munsell chart, determining texture by the Touch method, and quantifying SOC using the LOI method [12].
Figures 2 and 3 present the descriptive statistics of the lithology and soil colors in the study area. A crucial aspect in the development of a model lies in the preprocessing of the data used, which ensures the generation of reliable results with minimal risk of bias. The nomenclature of the geological units follows the geological standards established by the Geological Map of Ecuador 2017-2018 [13]. This map introduces a unique nomenclature for each lithological unit, reflecting the various types of rocks that constitute each geological formation.
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Figure 2: Descriptive analysis of the lithology of the soils in the study area.
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 Figure 3: Descriptive analysis of soil colors in the study area.

Table 2: Descriptive statistics of the soil properties explored.
	Soil properties
	Mean
	Median
	SD
	CV (%)
	Min
	Max

	Altitude (masl)
	3735
	3759.00
	239.98
	6.4
	3158.00
	4275.00

	Humidity (%)
	41.53
	44.40
	14.52
	0.35
	10.16
	79.73

	Apparent density (g/cm3)
	0.89
	0.82
	0.32
	0.36
	0.27
	1.62

	pH
	5.50
	5.42
	0.64
	0.12
	4.43
	7.88

	Electrical conductivity (dS/m)
	0.27
	0.19
	0.23
	0.86
	0.02
	0.96

	Organic carbon (ton/ha)
	6.67
	6.76
	4.10
	0.61
	0.76
	16.42


SD (Standard Deviation); CV (Coefficient of variation); Min (minimum values); Max (maximum values)
Source: own elaboration.
Table 2 illustrates the descriptive statistics of the explored soil properties. Almost all the terrain exhibits a clayey composition, with silty textures predominating alongside sandy textures. Furthermore, regarding the quantitative attributes of the topography, it can be determined that the average elevation of the surveyed regions is at 3,735 meters above sea level, with the lowest elevation recorded at 3,158 meters above sea level. As for the physical and chemical parameters of the terrain in the region, it has been deduced that the soil of the area maintains an average moisture level of 41.53% with a deviation of ±14.52% from the mean, while the bulk density of the samples averages 0.89 ± 0.32 g/cm³.
The pH value of the analyzed soil is on average 5.5, with a minimum pH of 4.3 and a maximum of 7.88. The average electrical conductivity identified in the sector is 0.27 ± 0.23 dS/m (indicating a notable variability of this parameter in the research area). The percentage of organic carbon in the soils of the locality averages 6.67% ± 4.1%, and the organic carbon content has been calculated at an average of 156.55 ± 70.6 tons/ha.
4. Organic Carbon Modeling Using Machine Learning
The model evaluation process involves the implementation of various algorithms and machine learning techniques to identify the most optimal regression model. Techniques such as Artificial Neural Networks, Support Vector Machines, and Decision Trees are used to refine regression models.
· Artificial Neural Networks: These algorithms are inspired by the structure and function of biological neural networks. They are most commonly used for regression and classification problems, but they are a vast field consisting of hundreds of algorithms and can be used to solve many different types of problems [14].
· Support Vector Machines: A binary classification algorithm where the training process analyzes the input data and identifies patterns in the multidimensional space by categories. Given a set of points of two types in an N-dimensional space, this algorithm generates an N-1 dimensional hyperplane to divide these points into two groups. For example, if we have several points of two types on a sheet of paper that are linearly separated, the algorithm will find the straight line that separates the points of the two types and is as far away from them as possible. SVM algorithms are classified into two categories: linear (the data are separated by a hyperplane) and non-linear [15].
· Decision Trees: This type of algorithm represents the minimum number of yes/no questions that must be asked to calculate the probability of making the right decision. The method allows addressing the problem in a structured and systematized way and reaching a logical conclusion [16].
For the validation of the training models, the cross-validation technique involving ten iterations was used to acquire the coefficient of determination R2 (Equation 1) for each derived model.
	
	(1)


Where:
· n is the number of observations.
· Ti is the observed value.
· Ai is the predicted value.
· X is the average value of the variable over n observations.
Additionally, the processing time of each model was analyzed to determine which was the optimal model, not only based on predictive accuracy but also considering the runtime of the modeling algorithms using the Orange software with Python code. Furthermore, the derived models were applied to the test data to predict the SOC content (tons/ha), and the best model among those analyzed was identified based on the square of the correlation coefficient between the predicted values and the actual test data.
Below is the data processing using Orange software with Python code:
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Figure 4: Orange software data processing with Python code. Source: own elaboration.
5. Results and discussion
The main results obtained from the models generated using the Random Forest technique for estimating the SOC content in relation to the physical-chemical properties of the soil are detailed in Table 3. A parameter of 400 trees was applied, where the standard error stabilizes (Figure 5). From these results, it can be determined that the best regression model turned out to be the one calculated using Random Forest Regression, with shorter processing time and mean absolute error, and higher percentages of explained variability, for both training and test data.
Table 3: Evaluation of the Decision Trees model.
	Method
	Values
	Model quantiles

	R2
	70.70%
	78.01%

	Mean Squared Error
	0.0431
	0.0369

	R2 (cross validation)
	74.04%
	84.45%






Source: own elaboration.
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Figure 5: Evolution of the error according to the number of trees in the Decision Trees model. Source: own elaboration.
Analyzing the optimal Quantile Regression Forest model, it is observed in Figure 6 that the most important variable for explaining the SOC content turned out to be the COS percentage. In addition to this, the location, lithology, soil pH, and altitude complete the set of most important variables for estimating the response variable because they are the set of characteristics with the highest explained variability on the response variable (soil organic carbon).
[image: ]
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Figure 6. Important variables of the Decision Trees model. Source: own elaboration.
Analyzing the results from Table 4 on regression models using the Support Vector Machine, two better models were determined with a high percentage of explained variability, both for the training data and the test data, Radial Kernel and Bessel Kernel, with the coefficients of the latter being R2 = 0.8036, slightly higher than the former, R2 = 0.7990. However, the errors show that the Radial Kernel presents a slightly lower error than the Bessel Kernel, and the same behavior occurs in the processing time of both methods. Therefore, the Radial or Gaussian Kernel was defined as the better model because, although it sacrifices a percentage of the explanation of the variability of the SOC content, it presents better performance results and a lower mean absolute error.
Table 4: Evaluation of the Support Vector Machine models.

	Method
	Linear Kernel
	Polynomic Kernel
	Radial Kernel
	Laplace Kernel
	Bessel Kernel

	R2
	36.80%
	64.55%
	79.90%
	74.69%
	80.36%

	Mean Squared Error
	0.0842
	0.0390
	0.0269
	0.0270
	0.0279

	R2 (cross validation)
	45.59%
	69.36%
	74.61%
	71.20%
	75.33%


Source: own elaboration.
For the results of the regression models applied using Neural Networks observed in Table 5, it was determined that the best model is obtained by applying the Resilient Backpropagation method (Figure 7). There, the percentage of variability explained in the SOC content for the test data is the highest and is consistent with that obtained from the training data, having a relatively low mean absolute error, and it has a processing time approximately 400 times less than that obtained by applying the Multilayer Monotonic Perceptron algorithm.
Table 5: Evaluation of the Artificial Neural Networks model.
	Method
	Resilient Backpropagation
	Without Resilient Backpropagation
	Monotonic Multilayer Perceptron
	Quantile Regression

	R2
	85.14%
	85.63%
	83.60%
	72.28%

	Mean Squared Error
	0.0338
	0.0343
	0.0317
	0.0332

	R2 (cross validation)
	83.88%
	82.67%
	81.77%
	74.74%


Source: own elaboration.
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Figure 7: Neural Network Model with Resilient Backpropagation algorithm.
Globally, determining soil organic carbon content using machine learning models is a common practice that involves leveraging remote sensing. This method incorporates 74 bioclimatic variables, soil and biomass maps, vegetation indices, and morphometric variables derived from digital elevation models covering the entirety of Brazil [17].
The application of the Decision Tree technique has resulted in the development of a model demonstrating an R2 value of 0.32 for the training dataset and 0.33 for the testing dataset. Similarly, the comparison between geospatial and machine learning models used variables from satellite images, topographic maps, elevation models, and climate indicators [17].
Studies by Veronesi and Schillaci [18] have highlighted that Kriging showed the highest accuracy and stability when modeling data from a Mediterranean region of Sicily (Italy). This finding closely aligns with the accuracy metrics observed in models built with Random Forest and Quantile Regression Forest techniques, although with wider confidence intervals in errors, as noted in the evaluations conducted for these models [19].
The studies referenced share common points with the current research by asserting the suitability of the Decision Tree technique for estimating soil organic carbon content. However, they diverge in terms of the independent variables used. The present study aims to establish a model to estimate soil organic carbon based on its physical-chemical properties, in contrast to geospatial models in the literature that were solely based on geospatial data for their development, which ultimately led to better model performance.
In Khorramabad (Iran), a recent research study delved into integrating estimation models with satellite data and environmental variables collected on the ground, merging them with machine learning models, known as hybrid models. The study concluded that an initial fusion of estimation techniques combining Random Forest with Kriging yielded very accurate results with an R2 value of 0.93 for estimating soil organic carbon after a variable reduction process that employed the principal components of the training data [20].
Similarly, a study conducted in Calabar, Cross River State (Nigeria), explored a combination of variables acquired on the ground with data derived from satellites, and revealed that Decision Tree methodologies outperformed other approaches with an R2 value of 0.68 compared to neural networks and support vector machine methods [19,21]. However, researchers emphasized the importance of considering soil moisture and nutrient indices as main predictors, stressing the need to refine variables derived from satellites to avoid inaccuracies in data models. These studies are distinguished by their combination of in-situ and satellite-obtained information.
6. Conclusions
The evaluation of estimation models is a process that remains impartial and encompasses not only the results and precision metrics derived from the creation of an estimation model but also considers other factors. It has been determined that, in the context of predicting SOC content in the data from the Chambo River sub-basin, the Random Forest methodology, specifically the quantile regression forest technique, proves to be the most suitable approach. This technique achieves a balance between the accuracy of the models produced and exhibits superior performance in terms of processing time, achieving an accuracy of 85.14% on test data and processing data in just 0.53 seconds.
Conversely, models employing neural networks with resilient backpropagation also yield reliable estimates, though with slightly reduced accuracy compared to the previously mentioned method. These models require more processing time, as they record an accuracy of 83.88% on test data and take 0.66 seconds to process the data. Evidently, both types of models contribute significantly to the exploration of SOC in the high Andean paramo of Ecuador.
Upon analyzing the results of the aforementioned models, it was deduced that certain variables hold particular importance for estimating SOC content. These significant variables include the percentage of organic carbon, geographic location, lithology, soil pH, and altitude, demonstrating their relevance in both methodologies. This finding underscores the need for future research to primarily focus on processing these variables to determine the COS content in analogous study areas.
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Machine learning approaches are utilized to identify patterns in behavior and generate predictions 


across various applications. The objective of this work is to create a highly efficient model for 


accurately measuring and analyzing the levels of soil organ


ic carbon (SOC) in the Chambo river sub


-


basin, which is situated in the province of Chimborazo. The model evaluation entails the application 


of diverse machine learning algorithms and approaches to determine the most efficient regression 


model. Regression 


models are improved using techniques such as Artificial Neural Networks, Support 


Vector Machines, and Decision Trees. The Resilient Backpropagation method yields the most precise 


model, as it accounts for a greater proportion of the variability in SOC cont


ent for the test data. This 


aligns with the findings from the training data, demonstrating a relatively low mean absolute error 


and a processing time that is approximately 400 times faster than that of the Multilayer Perceptron 


algorithm. The evaluation of


 


estimating models is an objective procedure that considers not only the 


findings and precise metrics derived from the model's design, but also other relevant elements. The 


effectiveness of the Random Forest approach, specifically the quantile regression f


orests technique, 


has been established for estimating SOC contents in the Chambo river sub
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basin data.


 


Keywords: 


Organic carbon; soil; machine learning; chemical and physical properties.


 


 


1.


 


Introduction


 


The ability to estimate and understand soil properties 


is fundamental in various disciplines, including 


agriculture, civil engineering, and environmental science. Traditionally, the estimation of these 


properties has been addressed using conventional statistical models, such as linear regressions and 


analysis 


of variance. However, these models often face significant limitations, especially in their 


ability to handle large data sets and capture complex interactions between variables [1].


 


Considering these challenges, machine learning emerges as a powerful and ve


rsatile tool capable of 


overcoming many of the restrictions of traditional statistical methods. Models such as artificial 


neural networks and decision trees have proven particularly effective in modeling the complex 


dynamics of soil properties, providing d


eeper insights and more accurate predictions [2].
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