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Abstract

Soil texture, determined by the proportions of sand, silt and 

clay, is a fundamental indicator of soil physical quality and 

an important attribute for soil classification. This study 

mapped the three-dimensional distribution of soil texture in 

a pasture area at the Instituto Federal do Tocantins (IFTO), 

Pedro Afonso Campus, Tocantins, Brazil. Forty soil samples 

were collected at three depth intervals (0–20, 20–40 and 40–

60 cm). Spatial modelling combined Ordinary Kriging and 

the Random Forest machine learning algorithm using 

environmental covariates derived from a digital elevation 

model and drone imagery. Clay content increased with 

depth, from 14% in the surface layer to 22% at 40–60 cm, 

whereas sand content declined from 71% to 58%, indicating 

greater textural differentiation in the subsurface. Model 

performance was generally modest, with R² values ranging 

from -0.04 to 0.21. Ordinary Kriging achieved the highest 

predictive performance at 40–60 cm (R² = 0.21, RMSE = 

5.58% and MSE = 4.86%), slightly outperforming Random 

Forest (R² = 0.18, RMSE = 5.72% and MSE = 4.93%). 

These results indicate that the spatial dependence of the data 

had a stronger influence on soil texture prediction than the 

environmental covariates incorporated into the machine 

learning model. Although predictive accuracy was limited, 

the integration of geostatistical and geospatial techniques 

successfully characterised the spatial variability of soil 

texture. The resulting three-dimensional maps provide 

valuable information for sustainable soil management, land-

use planning and future precision agriculture applications, 

while establishing a robust baseline for further 

investigations of soil spatial variability. 
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Introduction 

Soil texture, defined by the relative proportions of sand, silt and clay, is a fundamental attribute for soil description, 

identification and classification. This property directly influences soil aggregation, water and air movement, infiltration, water 

retention and susceptibility to erosion, thereby affecting the performance of agricultural production systems. As a relatively 

stable property that undergoes little temporal variation, soil texture is one of the principal attributes used in soil 

characterisation, classification and management. It also provides the basis for understanding a wide range of physical, chemical 

and biological processes within the soil environment (Augusto et al., 2022; Andrade et al., 2022) [4, 3]. 

Particle-size analysis was performed using a combination of physical and chemical dispersion of soil particles. The coarser 

fractions were separated by sieving, whereas the finer fractions (silt and clay) were determined by sedimentation in accordance 

with Stokes’ law. The particle-size fractions were quantified by gravimetric analysis and the pipette method, which measures 

the density of the soil suspension. This procedure enables the accurate determination of the particle-size distribution and the 

relative proportions of the soil fractions within the study area (Almeida et al., 2012) [1]. 
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Digital Soil Mapping (DSM) has become a valuable 

approach for addressing the shortage of detailed soil 

information, particularly in countries with extensive land 

areas, such as Brazil (Valadares et al., 2024) [27]. DSM 

integrates soil science, statistics, geographic information 

systems (GIS) and machine learning to model the spatial and 

temporal distribution of soil properties. Previous studies 

have shown that incorporating environmental covariates 

derived from remote sensing and digital terrain models 

enhances the predictive performance of mapping models, 

thereby supporting applications in agricultural planning, 

sustainable land management and environmental monitoring 

(Avalos et al., 2024; Rosin et al., 2023) [5, 18].  

Among the most widely employed methods, Ordinary 

Kriging is recognised as one of the best linear unbiased 

estimators for the spatial interpolation of soil properties. Its 

widespread use is largely attributable to its ability to account 

for the spatial dependence inherent in soil data, thereby 

providing reliable predictions even under conditions of high 

spatial variability. The Random Forest algorithm is also 

extensively applied in Digital Soil Mapping. It is an 

ensemble machine learning method that combines multiple 

regression or classification trees to produce robust and 

accurate predictions. Model performance is internally 

assessed using out-of-bag validation, while the relative 

importance of each environmental covariate is 

simultaneously quantified. This approach enables the 

production of high-resolution soil texture maps and provides 

a ranking of predictor variables according to their 

contribution to model performance (Sahraee et al., 2022; 

Pahlavan-Rad & Akbarimoghaddam, 2018; Dharumarajan 

& Hegde, 2020) [20, 17, 9]. 

This study aimed to evaluate the predictive performance of 

Ordinary Kriging and the Random Forest algorithm for 

estimating soil texture at depths of 0-20, 20-40 and 40-60 

cm, and to generate detailed three-dimensional soil texture 

maps of the experimental area at the IFTO Pedro Afonso 

Campus, Tocantins, Brazil. 

 

Material and Methods 

The study was conducted in a pasture area located on the 

experimental farm of the Federal Institute of Tocantins 

(IFTO), Pedro Afonso Campus, Tocantins, Brazil (Fig 1). 

According to the Köppen climate classification, the region 

has a tropical savanna climate (Aw), characterised by a 

rainy season from November to May and a dry season from 

June to October, with a mean annual precipitation of 

approximately 1,700 mm and a mean annual temperature of 

29 °C (Silva Neto, 2021; INMET, 2025) [25, 13]. The 

predominant soil in the experimental area is classified as a 

Quartzipsamment according to the Brazilian Soil 

Classification System (Sistema Brasileiro de Classificação 

de Solos – SiBCS) (Santos et al., 2025) [21].  

 

 
Source: Prepared by the authors 

 

Fig 1: Location of the study area 

 

A total of 40 georeferenced soil samples were collected at 

three depth intervals (0–20, 20–40 and 40–60 cm). Sampling 

locations were recorded using a handheld Garmin eTrex 32x 

GPS receiver (Garmin, 2020) [10]. 

The soil particle-size distribution (sand, silt and clay) was 

determined using the pipette method (Teixeira et al., 2017) 
[26]. Sodium hydroxide (NaOH) was used as the chemical 

dispersing agent, and mechanical agitation was applied to 

ensure complete particle dispersion. The sand fraction was 

separated by wet sieving through a 53 μm mesh, whereas the 

silt and clay fractions were determined by sedimentation 

according to Stokes’ law. All laboratory analyses were 

conducted at the IFTO Soil Laboratory. 

All three particle-size fractions were quantified to provide a 

comprehensive textural characterisation of the study area. 

However, spatial modelling was performed only for the sand 

and clay fractions, as these were considered the most 

representative indicators of soil textural variability and the 

most relevant to pedogenetic processes and land 

management within the study area. 

Ordinary Kriging was applied to interpolate the spatial 

distribution of the soil textural fractions. Semivariogram 

models were fitted using the R statistical software (R Core 

Team, 2025) [19], enabling unbiased predictions with 

minimum estimation variance (Silva et al., 1995) [24]. The 

Random Forest algorithm (Breiman, 2001) [6], also 

implemented in R, was employed to predict the spatial 

distribution of soil texture based on environmental 

covariates, allowing its predictive performance to be 

compared with that of the geostatistical approach. 

The Random Forest model was constructed using an 

ensemble of regression trees trained on bootstrap samples 

(Hastie et al., 2009) [11]. Model hyperparameters, including 
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the number of trees and the number of predictor variables 

randomly selected at each split, were defined according to 

recommendations reported in the literature (Paiva et al., 

2020) [16]. 

The Random Forest model incorporated three groups of 

predictor variables (Mallah et al., 2022) [15]: (i) terrain 

attributes derived from the digital elevation model (DEM), 

including slope, aspect, northernness, the Terrain 

Ruggedness Index (TRI), roughness and the Topographic 

Position Index (TPI); (ii) spectral indices derived from RGB 

drone imagery, including the Green Leaf Index (GLI), 

Triangular Greenness Index (TGI), Soil Colour Index (SCI), 

and the Red, Green and Blue spectral bands; and (iii) 

geographic coordinates (latitude and longitude). 

The predictive performance of the models developed for 

mapping the sand and clay fractions was evaluated using 

Leave-One-Out Cross-Validation (LOO-CV). Model 

performance was assessed using the coefficient of 

determination (R²), the root mean square error (RMSE) and 

the mean squared error (MSE). To reduce the method-

specific bias associated with each interpolation technique 

and to integrate the complementary spatial information 

captured by both the geostatistical and machine-learning 

approaches, the final sand and clay maps were generated 

using a two-step arithmetic averaging procedure. First, for 

each soil depth interval (0-20, 20-40 and 40-60 cm), a cell-

by-cell arithmetic mean was calculated between the 

predictions produced by the Random Forest model and those 

obtained from Ordinary Kriging, using rasters with identical 

spatial resolution and geographical extent. Arithmetic 

averaging was adopted as a simple ensemble strategy to 

produce more stable spatial representations by combining 

the strengths of both interpolation methods rather than 

relying on a single modelling technique. 

 

Results and Discussion 

Table 1 presents the descriptive statistics for the clay and 

sand contents at the three sampling depths (0-20, 20-40 and 

40-60 cm). Clay content increased with depth, from a mean 

of 14% in the surface layer to 22% in the deepest layer, 

whereas sand content exhibited the opposite trend, 

decreasing from 71% to 58% over the same soil profile. This 

pattern is likely attributable to the greater vertical 

translocation of clay particles within the soil profile. 

The standard deviation indicated low to moderate variability 

for both particle-size fractions (clay: 5.96-7.53%; sand: 

7.24-8.15%). Clay content exhibited slight positive 

skewness across all depth intervals, whereas sand content 

showed negative skewness. This contrasts with the findings 

of Alves et al. (2021) [2] for the Pandeiros River watershed 

(Minas Gerais, Brazil), where skewness coefficients for the 

textural fractions were also below 1, indicating distributions 

that more closely approximated normality. 

With respect to kurtosis, clay content exhibited negative 

values (-0.49 to -0.70), indicating a platykurtic distribution 

with a lower concentration of observations around the mean. 

In contrast, sand content displayed a distribution close to 

normality across most depth intervals, with the exception of 

the 40-60 cm layer, which showed a slight leptokurtic 

tendency. 

Overall, these results indicate that, although the soil texture 

data did not follow a perfectly normal distribution, the 

deviations from normality were relatively small and 

therefore support the application of both geostatistical and 

machine learning techniques for the spatial modelling of the 

analysed particle-size fractions. 

 
Table 1: Descriptive statistics of the soil textural fractions 

 

Variable Depth (cm) Min. (%) Mean (%) Max. (%) Standard Deviation Skewness Kurtosis 

Clay 

0-20 5 14 29 5.96 0.30 -0.49 

20-40 5 20 37 7.53 0.20 -0.56 

40-60 12 22 38 6.37 0.25 -0.70 

Sand 

0-20 54 71 82 7.24 -0.65 -0.18 

20-40 44 64 75 7.53 -0.54 -0.43 

40-60 33 58 70 8.15 -0.99 0.76 

 

Distribution of Soil Texture Fractions at Different 

Depths 

Clay Fraction 

Fig 2 presents the spatial distribution of clay content at 

different soil depths, revealing a gradual increase in this 

fraction with increasing profile depth. The highest clay 

contents ranged from 25% to 30%, whereas the lowest 

values varied between 5% and 10%, highlighting the spatial 

variability of soil texture across the experimental area. This 

pattern can be attributed to the pedogenetic processes of 

eluviation and illuviation, which promote the removal of 

fine particles from the surface layers and their accumulation 

in subsurface horizons, thereby increasing clay content with 

depth. Furthermore, landscape position influences sediment 

redistribution, favouring the deposition of finer particles in 

areas with lower transport energy. 

Similar findings were reported by Coelho (2022) [7], who 

observed an association between higher clay contents and 

increased soil organic matter, although the author 

emphasised that this relationship depends on the pedological 

characteristics and environmental conditions of each region. 

In addition, Sauzet et al. (2023) [23] demonstrated that 

eluviation and illuviation are active mechanisms of vertical 

clay translocation, leading to the enrichment of subsurface 

horizons and contributing to textural differentiation within 

soil profiles, thereby supporting the pattern observed in the 

present study. 
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Source: Prepared by the authors 

 

Fig 2: Spatial distribution of clay content at soil depths of 0-20 cm 

(A), 20-40 cm (B), and 40-60 cm 

 

Sand Fraction 

Fig 3 presents the spatial distribution of sand content at 

different soil depths, showing a pattern opposite to that 

observed for clay. The highest sand contents were found in 

the surface layer, reaching values close to 80%, followed by 

a gradual decrease with depth to approximately 60%. 

Overall, the distribution was more homogeneous in the 

surface layer and more heterogeneous in the subsurface 

layers, reflecting the influence of pedogenetic processes and 

particle redistribution throughout the soil profile. This 

pattern corroborates the findings reported by Jena et al. 

(2023) [14], who observed a predominance of sand in the 

upper soil layers and greater heterogeneity at depth. 

 

  
 

 
Source: Prepared by the authors 

 

Fig 3: Spatial distribution of sand content at soil depths of 0-20 cm 

(A), 20-40 cm (B), and 40-60 cm 

Comparative Analysis of Clay and Sand Distribution 

Maps 

Table 2 presents the performance of the Random Forest and 

Ordinary Kriging models in estimating clay content at 

different soil depths, as assessed using Leave-One-Out 

Cross-Validation (LOO-CV). Overall, both models 

exhibited limited predictive performance, with coefficients 

of determination (R²) ranging from -0.04 to 0.21. The best 

performance was achieved by Ordinary Kriging at the 40-60 

cm depth (R² = 0.21), whereas the lowest values were 

observed in the surface layer (0-20 cm), where the spatial 

variability of clay content is more strongly influenced by 

surface processes, including land use and soil management. 

Agricultural practices such as ploughing and harrowing 

disturb the surface soil layer, altering the natural dynamics 

of pedogenetic processes, including eluviation, illuviation, 

and clay translocation. In addition, erosional processes 

contribute to the redistribution of fine particles, increasing 

the spatial variability of clay content within the surface 

layer. In contrast, at greater depths, clay distribution is 

predominantly controlled by more stable structural factors 

associated with pedogenesis and the parent material. 

The RMSE values ranged from 5.58% to 7.10%, whereas 

the MSE values varied between 4.81% and 5.91%. Although 

these errors were relatively low in absolute terms, they 

contrasted with the low coefficients of determination (R²), 

reflecting a pattern typically associated with small sample 

datasets. In such cases, the models produce predictions with 

physically acceptable error magnitudes but have limited 

ability to explain the spatial variability of the observed data. 

Across all evaluated soil depths, Ordinary Kriging 

performed similarly to, or slightly better than, Random 

Forest, indicating that the spatial dependence of the data had 

a greater influence on soil texture prediction than the 

environmental covariates incorporated into the machine 

learning model. 

The low R² values can be attributed primarily to two factors. 

First, the limited number of samples compromised both the 

semivariogram fitting in Ordinary Kriging and the training 

of the Random Forest model, thereby reducing the statistical 

robustness of both approaches. Second, the limited 

environmental and pedological variability within the study 

area restricted the degree of contrast required for the models 

to consistently discriminate soil textural classes across 

space. Consequently, the predictive covariates were only 

partially able to represent the pedogenetic processes 

controlling the spatial distribution of particle-size fractions, 

particularly the influence of the parent material and the 

illuviation of clay into deeper soil horizons. 

Nevertheless, the RMSE and MSE values remained within 

physically plausible ranges for clay content, suggesting that 

the identified limitations were primarily associated with the 

combination of a small sample size and low local spatial 

variability, rather than with analytical inconsistencies in the 

original dataset. 
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Table 2: Performance of the Random Forest (RF) and Ordinary 

Kriging (OK) models in estimating clay content at different soil 

depths, as assessed using Leave-One-Out Cross-Validation (LOO-

CV) 
 

Model Depth (cm) R² RMSE (%) MSE (%) 

RF 0-20 0.01 6.25 5.17 

RF 20-40 0.09 7.10 5.91 

RF 40-60 0.18 5.72 4.93 

OK 0-20 -0.04 5.99 4.81 

OK 20-40 0.11 7.01 5.89 

OK 40-60 0.21 5.58 4.86 

 

Fig 4 presents the mean maps of the clay (A, C, and E) and 

sand (B, D, and F) fractions, generated from the arithmetic 

averaging of the estimates obtained at the three evaluated 

soil depths. These maps provide a comprehensive 

visualisation of the spatial distribution of soil texture, 

illustrating the distribution patterns of the two dominant soil 

particle-size fractions. 

 

  
 

  
 

  
Source: Prepared by the authors 

 

Fig 4: Mean maps of clay content: (A) 0-20 cm, (C) 20-40 cm, and 

(E) 40-60 cm; and sand content: (B) 0-20 cm, (D) 20-40 cm, and 

(F) 40-60 cm 

 

In the 0-20 cm surface layer, the clay map (A) shows 

relatively low mean clay contents, ranging from 10% to 

25%, with higher concentrations occurring in the eastern 

part of the study area. In contrast, the sand map (B) displays 

higher values, ranging from 60% to 80%, particularly along 

the margins and in the higher-elevation areas. This contrast 

indicates that the surface soil layer is characterised by a 

greater proportion of coarse particles, which is in 

accordance with selective depositional processes and lower 

aggregate stability. 

At the intermediate depth of 20-40 cm, the mean clay map 

(C) showed a slight increase in clay content, with values 

ranging from 10% to 30%. Conversely, the sand map (D) 

revealed a proportional decrease, with mean values ranging 

from 50% to 70%. This transition suggests a progressive 

accumulation of fine particles within the subsurface layers, a 

process commonly associated with the redistribution of 

materials throughout the soil profile. Demattê et al. (2014) 
[8] observed that, as elevation decreases, soils tend to exhibit 

finer, more clay-rich textures, reinforcing the influence of 

topography on the redistribution of soil particle-size 

fractions, which is consistent with the pattern identified in 

the present study.  

At the 40-60 cm depth, this pattern became even more 

pronounced. The clay map (E) exhibited the highest mean 

clay contents, ranging from 15% to 30% across several 

areas, whereas the sand map (F) showed the lowest mean 

sand contents observed throughout the soil profile, varying 

between 40% and 60%. This pattern reinforces the tendency 

for clay accumulation in deeper soil layers, which is 

consistent with tropical soil profiles undergoing advanced 

pedogenetic development. A similar trend was reported by 

Sartor et al. (2025) [22], who observed increased clay activity 

and cation exchange capacity (CEC) in irrigated soils of the 

Brazilian semi-arid region, indicating intense mineral 

transformation and clay mobilisation within the subsurface 

and deeper soil horizons. 

 

Conclusions 

The results demonstrated an increase in clay content and a 

corresponding decrease in the sand fraction with increasing 

soil depth, reflecting the natural processes of particle 

redistribution throughout the soil profile. Although the 

Random Forest and Ordinary Kriging models exhibited 

limited predictive performance (R² < 0.25), the resulting 

maps adequately represented the spatial patterns of soil 

texture, indicating higher clay concentrations in lower-

elevation areas and a predominance of sand in higher-

elevation regions. Among the evaluated methods, Ordinary 

Kriging achieved the best performance owing to its explicit 

consideration of the spatial dependence of the data. Overall, 

digital soil mapping proved to be a valuable approach for 

characterising the spatial variability of soil texture and 

supporting soil management and agricultural planning. 

These findings also highlight the need to improve predictive 

performance through increased sampling density and the 

incorporation of additional environmental covariates. 
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