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 Background: The use of mathematical models to estimate soil properties can be an 

alternative to reduce costs with data collection and analysis, allowing better 

quantification and characterization of soil attributes, highlighting in that branch 
artificial neural networks (ANN). Objective: This study aimed to propose, construct and 

validate a model to estimate soil organic carbon stock in a fragment of a semi-

deciduous submontane forest through Artificial Neural Networks (ANN). Results: The 
best ANNwere selected based on the Pearson correlation coefficient (r), square root of 

the mean error (RMSE) and graphical analysis of residuals dispersion. The best 

correlation, both in training and validation,were observed for ANN1, which comprises 
the physicochemical variables of the soil, and for ANN 2, with chemical variables. The 

results of the use of neural network system to predict soil organic carbon stock are 

favorable. The input variables for the neural network used in this study are relatively 
easy to obtain, providing the use of the proposed methodology for the estimation of the 

stock of soil organic carbon. Conclusion: The physical and chemical properties of the 

soil used in this study allowed the prediction of organic carbon stock in semi-deciduous 
submontaneforest. ANN 2 was considered the most appropriate network to estimate the 

stock of organic carbon in the soil. However, further work should be carried out with 

different configurations of neural networks, i.e. using different architectures to obtain 
better correlation between the data of SOC stock and the physical and chemical soil 

properties, thus obtaining minor error in the response variable estimates.  

 

INTRODUCTION 

 

Brazil is a country rich in biodiversity due to the different biomes belonging to it (Silva et al. 2016; 

Ziembowicz et al., 2017). Than, the soil properties should be studied in order to generate knowledge about the 

structure, degree of conservation, fertility, among other factors that help in creating more efficient management 

practices and use of tropical soils, reducing impacts such as erosion and low productivity, being necessary to 

understand the dynamics of this forest in order to establish management plans for biodiversity and soil 

conservation (Curto et al., 2015; Arruda et al., 2013).  
The organic matter (OM) is one of those attributes that have great influence on the behavior of soils, 

constituting the largest carbon reservoir in this compartment and makes decrease the fertilizers consume 

(Ribeiro et al., 2017; Marouni et al., 2016). The stock of soil organic carbon (SOC) can be changed with greater 

or lesser intensity, being one of the most sensitive attributes to the changes triggered by the management. 

http://www.ajbasweb.com/
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Inadequate management practices can lead to the decline of the SOC stock, contributing to the increase of 

carbon dioxide (CO2) emissions to the atmosphere (Freixo et al., 2002). 
In this context, the soil works as an alternative for the sequestration of carbon present in the atmosphere, 

which is an option to mitigate the increased concentrations of greenhouse gases, thus contributing to the 

reduction of global warming. (Rosa et al., 2014). Therefore, the assessment of the SOC stock in natural 

environments is of great importance due to their sensitivity to changes in soil quality, as it can provide support 

for establishing management systems and for maintaining sustainable ecosystems (Carneiro et al., 2009). 

Chemical analysis carried out in the laboratory is the main method used to provide information about 

fertility and SOC, however, such method is considered expensive and time-consuming, given the amount of 

material needed and of data collection in the field that must be performed (Sousa Junior et al., 2011). 

Computational intelligence methods can be an alternative to reduce costs with data collection and analysis, 

allowing better quantification and characterization of soil attributes, highlighting in that branch artificial neural 

networks (ANN). 

ANN is a mathematical model with artificial neurons connected to each other through connections 

associated with weights. A process called training, by which ANN learns and extracts the information describing 

the phenomenon under study, does the adjustment of weights. After training, the ANNis evaluated for its 

generalization capability, i.e., the ability to generate accurate estimates for unknowndata (Braga et al., 2007, 

Silva et al., 2010). 

Researchers have shown that the ANN could be used to predict variables. In Brazil, Silveira et al. (2013) 

demonstrate that the use of ANN has potential in classifying preliminary soil mapping units using 

geomorphometry techniques. Bucene et al. (2004) showed that ANN was a very promising tool in soil 

differentiation for irrigation. 

Therefore, to evaluate if the methodology created to obtain accurate estimates of carbon storage in the soil 

is technically applicable, reducing the chemical analysis costs, this study aimed to propose, construct and 

validate a model to estimate the stock of soil carbon in a semi-deciduous submontaneforest using artificial 

neural networks. 

 

MATERIAL AND METHODS 

 

Data: 

Database for ANN training was obtained from soil analysis carried out in a fragment of semi-deciduous 

submontane forest. The forest fragment belongs to Cafundó Private Reserve of Natural Heritage (RPPN, in 

portuguese), located on the farm “Boa Esperança” in Cachoeiro de Itapemirim, Espírito Santo.  

The climate of the studied region is Aw, with rainy summer and dry winter, the average temperature is 22.2 

°C and the average annual precipitation is 1162 mm (Alvares et al., 2013). The terrain of RPPN Cafundóis 

characterized by having large flat areas with mild elevations and rocky outcrops at different points (IBGE, 

1987). And has three different types of soil: Planosol, Cambisol and Latosol (Santos et al., 2013). 

The data used were collected in April 2014 at four different depths (0-5, 5-10, 10-20, 20-40 cm) in the same 

day and in 12 plots with dimensions equal to 20 x 50 m, totaling 48 samples per class soil. To compose these 

samples, five sub-samples were collected, randomly, in each plot, distant 300 meters from each other, which 

after homogenates resulted in three samples composed of plot, to obtain representativity.  

Subsequently, the samples were sent for analysis in the soil laboratory of the Department of Soils of the 

Federal University of Viçosa (UFV), where analyzes chemical parameters were carried out following a 

methodology proposed by EMBRAPA (1997). 

 

Training and evaluation of ANN: 

The variables used to estimate the stock of SOC were classified into quantitative: pH, phosphorus, 

potassium, calcium, magnesium, effective CEC, bulk density, sand, silt and clay; and qualitative: soil class and 

sampling depth. 

The trained networks are Multilayer Perceptron type, consisting of two layers of artificial neurons that 

process the data (intermediate layer and output layer) and a layer of artificial neurons that only receives the data 

(input layer) and directs them to the intermediate layer (Silva et al., 2010). The data were divided into the 

different stages: 70% used for training and 30% for generalization (validation), and processed through software 

NeuroForest 3.3 (Binoti et al., 2014). The training algorithm used was Resilient Backpropagation, which, 

according to Leal et al. (2015), it is the most skilled and recommended choice for Multilayer Perceptron ANN 

type. 

The architectures used and the input variables (Table 1) were tested in order to get the most viable 

alternative to predict the carbon stock. Accordingly, for the hidden layer, 5, 8, 10 and 13 neurons were tested. 

The total number of cycles equal to 3,000 or average square error of less than 1% was used asstopping criterion 

of the training algorithm, as suggested by Chen et al. (2014). 
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Table 1:  Composition of artificial neural networks chosen to estimate the stock of soil carbon in a fragment of semi-deciduous submontane 

forest, in the state of Espírito Santo. 

ANN Architeture 
Input Variables 

Output variable 
Quantitative Qualitative 

1 18- 10– 1 
pH; ECEC; P; K; Ca; Mg; BD; Sand; Silt; 
Clay  

S; Depth Carbon Stock 

2 14- 13– 1 pH; ECEC; P; K; Ca; Mg S; Depth Carbon Stock 

3 7- 13– 1 pH; ECEC; P; K; Ca; Mg - Carbon Stock 

4 12- 10– 1 BD; Sand; Silt; Clay S; Depth Carbon Stock 

5 5 - 13– 1 BD; Sand; Silt; Clay - Carbon Stock 

6 9 - 10 – 1 pH S; Depth Carbon Stock 

7 9 - 5– 1 BD S; Depth Carbon Stock 

8 10- 8– 1 pH; BD S; Depth Carbon Stock 

9 3- 5– 1 pH; BD - Carbon Stock 

pH: Hydrogenionic Potential; ECEC: Effective Cation Exchange Capacity; P: Phosphorus; K: Potassium; Ca: Calcium; Mg: 

Magnesium; BD: Bulk Density; S: Soil classes. 

 

The best result was chosen based on the network that obtained the highest Pearson correlation coefficient (r) 

between the observed and estimated values for the validation data set. Having close results in the architecture 

choice, we selected the one with the lowest mean square error over the training data, and the one with fewer 

neurons in the hidden and input layers, in order to reduce the possibility of overfitting (Braga et al., 2007). 
The best ANN were selected based on the Pearson correlation coefficient (r), square root of the mean error 

(SRME) and graphical analysis of the residuals dipersion on the basis of observed and estimated values 

(Pearson, 1920 ; Mehtätalo et al, 2006). 

 

    
                 

          
            

  
 

 

 

Where: yi = carbon stock output values observed in chemical analysis;  = average carbon stock output 

values observed in chemical analysis; xi = output values of carbon stock estimated by ANN;   = average of 

thecarbon stock output values estimatedby ANN. 

 

             
        
 
     

 
    

 

Where: Yi = carbon stock output observed in chemical analysis;     = estimated carbon stock output; Ȳ = 

average of the carbon stock output observed; n = total number of data. 

 

RESULTS AND DISCUSSION 

 

The best network for each set of predictor variables was chosen from the 36 tested architectures, based on 

the statistical characteristics of SRME (%) and correlation (r) between observed and estimated values in the 

training and validation processes (Table 2). The best correlation values, both in training and in the validation, 

were observed for ANN 1 that comprises all physical and chemical parameters of the soil (0.97 to 0.93) and for 

ANN 2 with chemical variables (0, 98 and 0.93), whereas for both cases soil classes and sampled depths were 

considered. 

 
Table 2: Statistical features of selected ANN to estimate soil carbon stockin a fragment of semi-deciduous submontane forest, in the state of 

Espírito Santo. 

ANN 
Training  Validation 

Bias SRME (%)* r**  Bias SRME (%) r 

1 15,52 17,24 0,9696  13,20 14,35 0,9303 

2 15,38 17,12 0,9798  14,53 16,31 0,9301 

3 15,39 16,66 0,9230  15,02 16,47 0,8728 

4 15,37 16,99 0,9546  14,99 16,79 0,9251 

5 15,49 17,00 0,9139  14,42 15,82 0,8955 

6 14,82 15,59 0,6778  14,40 15,33 0,7073 

7 15,66 16,99 0,8720  14,32 15,78 0,9247 

8 15,32 16,68 0,9100  15,63 17,42 0,8998 

9 15,60 16,46 0,6568  14,96 15,57 0,6633 

* SQME (%): Square Root Mean Error; ** Pearson Correlation Coefficient 
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The soil class has an influence on the carbon stock due to the type of aggregates that are formed, increasing 

or decreasing the mineralization of organic matter and, consequently, the soil carbon stock. As for 

depth,generally SOC concentrations are higher in the superficial layers, decreasing exponentially with 

increasing depth (Rosa et al., 2014).  

In general, the availability of nutrients is influenced by soil pH. This attribute, as well as potassium, is 

linked to the stock of organic carbon, inferring that the pH in the proper range favors the maintenance of basic 

cations in the soil. 

In addition, the stock of SOC is correlated with chemical properties, as it causes the significant increase in 

the cation exchange capacity and in nutrient availability, especially in soils with predominantly low activity clay 

(Ciotta et al., 2003). However, as the SOC stock decreases with increasing depth, its effect on fertility is also 

reduced (Teixeira et al., 2003). The physical characteristics of the soil also have an influence on carbon stock, 

since the bulk density can be decreased by the increased amount of organic matter and lower clay content 

(Braida et al, 2006). Therefore, the relationship between carbon stock and soil physical properties is considered 

directly proportional, increasing the carbon stock as the density of the soil increases (Rangel& Silva, 2007). 

The highest correlation observed for ANN 1 and 2 can be explained by the influence of physical and 

chemical properties on the stock of soil carbon. Furthermore, the use of higher number of variables in estimating 

ANN enhances the values of the statistical parameters [r and SRME (%)] (Soares et al., 2014). 

However, as noted in Table 2, other networks (ANN 3, 4, 5, 7 and 8) showed correlationvalues greater than 

0.87, which is considered to be strongly correlated (Zou et al., 2003), setting variables with lower complexity 

and cost to estimate the stock of soil carbon. 

In the residual analysis (Figure 1), it was possible to confirm that ANN 1 and 2 present the best estimation 

results, confirming the statistical analysis already mentioned in this study. The graphical analysis allows you to 

view a homogeneous pattern in ANN 1 and 2, with dispersion of the residuals below 50%, unlike what happens 

with the other ANN. Note that artificial neural networks have demonstrated a tendency to overestimate the 

smallest values of the amount of soil carbon stock.  

The input variables for the neural network used in this study are relatively easy to obtain, providing the use 

of the proposed methodology for the estimation of the stock of soil organic carbon. Moreover, increased 

accuracy of the projections may be feasible by the inclusion of categorical input variables. 

 

Conclusions: 

The use of ANN to estimate the stock of soil organic carbon in a fragment of semi-deciduous submontane 

forest is efficient and reduces the number of physical and chemical analysis. Consequently, it is possible to 

reduce the cost of laboratory tests and the time dispended in fieldwork.  

The higher the number of input variables better results of prediction will be, however, it is up to the 

professional to decide the degree of reliability (r) that matches your need, and thus opt for a reliable ANN 

architecture to estimate the soil organic carbon through input variables of lowercost of data collection and 

analysis. 

However, the first option of neural networks (ANN 1) that uses more physical and chemical variables is an 

alternative of higher cost to predict the stock of soil organic carbon. As the second option (ANN 2) has a better 

viability by only using chemical attributes for prediction of carbon stock, which reduces the time and cost for 

obtaining the sample from SOC stock.  

The advantages of the ANN included the following: a) decreased subjectivity in the determination of soil 

carbon storage; b) the ability to consider a greater or smaller number of classification variables; c) elimination of 

the need for pre-existing analysis in the study area; d) the ability to use the tested network architecture 

application to predict soil units in homologous regions; e) assignment of random weights based on training 

samples, which reduces errors in the operation process. 

As well as facilitating predicting soil carbon storage, this approach contributes to the development of an 

alternative to facilitate futures studies, especially considering the availability of the data at zero cost, ease of 

obtaining terrain attributes and use of free software. 
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Fig. 1: Dispersion of residuals of carbon stock estimates by artificial neural networks (y) due to the observed 

values (x) in a fragment of semi-deciduous submontane forest, in the state of Espírito Santo. 
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Future Work: 

The results of the use of neural network system for soil organic carbon stock prediction are favorable. 

However, further work should be carried out with different configurations of neural networks, i.e. using 

different architectures to obtain better correlation between the data of SOC stock and the physical and chemical 

soil properties, thus obtaining minor error in the response variable estimates. 
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