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Abstract 18 

Knowledge on spatial distribution of soil depth, coarse fragments and texture are crucial 19 

for land resource management and environmental soil modeling. Digital soil mapping 20 

approach helps in prediction of spatial soil information by establishing the relationship 21 

between soil and environmental covariates. In the present study, we assessed spatial 22 
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distribution of soil depth, coarse fragments (CF) and soil textural classes over 0.13 M sq.km 23 

area of Tamil Nadu state. About 2100 samples were used for the prediction of soil 24 

properties using random forest model (RF). Out of which, 80 per cent samples were used 25 

for training and 20 percent samples were used for testing. Different environmental 26 

covariates such as digital elevation model outputs, landsat data and bioclimatic variables 27 

were related to predict the soil properties. The predicted soil depth and CF ranged from 46-28 

200 cm and 1-42 per cent respectively. The RF model performed well by explaining the 29 

variability (R2) of 43% for soil depth and 21% for coarse fragments with RMSE of 38 cm 30 

and 13%, respectively. The RF classifier classified the soil textural classes with 64% overall 31 

accuracy and 43% kappa index. Variable importance ranking of Random forest model 32 

showed that elevation, MrVBF are the important predictors used for prediction of soil 33 

depth and CF, whereas remote sensing vegetation indices such as NDVI, EVI were acted as 34 

primary variable for prediction of soil textural classes. In this study, 250 m resolution 35 

detailed soil depth, CF and textural class maps were prepared which will be useful for 36 

different environmental modeling and proper agricultural management purposes. 37 

Keywords: Spatial distribution, digital soil mapping, environmental covariates, soil 38 

properties, random forest model. 39 
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depth and CF, whereas remote sensing vegetation indices such as NDVI, EVI were acted as 72 

primary variable for prediction of soil textural classes. In this study, 250 m resolution 73 

detailed soil depth, CF and textural class maps were prepared which will be useful for 74 

different environmental modeling and proper agricultural management purposes. 75 

Keywords: Spatial distribution, digital soil mapping, environmental covariates, soil 76 

properties, random forest model. 77 
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Introduction  79 

With increasing need for site-specific management in agriculture, the planners and 80 

researchers require spatially continuous soil information at higher resolution for better 81 

representation, resource assessment, spatial crop planning, land management and effective 82 

policy making at regional and national level (McBratney et al. 2003). Spatial pattern of soil 83 

depth influences soil moisture, plant available water content, nutrient capacity, runoff 84 

generation (Gribb et al. 2009) and biological productivity (Gessler et al. 1995). Similarly, 85 

soil texture plays a key role in nutrient retention (Kettler et al. 2001), soil aeration and 86 

porosity, soil aggregation and structure development (Carrizo 2015), soil organic carbon 87 

and soil quality (Kong et al. 2009), soil water transportation, soil degradation (Hillel 1980) 88 

and soil productivity (Katerji & Mastrorilli 2009). These soil properties are also act as 89 

important criteria in grouping the soil series for similar management purpose, land 90 

suitability classes (Thompson et al. 2012) and involve in soil taxonomic classifications (Soil 91 

Survey Staff 2014). Assessing spatial distribution of soil depth and coarse fragments is 92 

laborious, difficult to measure practically as they are highly variable spatially (Wilding 93 

1985).  94 

Need for spatially seamless soil information dealt by prediction of soil properties by 95 

the concept of digital soil mapping which predicts the dependent soil properties (Florinsky 96 

et al. 2002) using the interrelationship between environmental covariates (DEM, climatic 97 

parameters, remote sensing imageries) (McBratney et al. 2003) and legacy soil information 98 

(Akpa et al. 2014) through numerical, statistical and geostatistical models (Minasny and 99 

McBratney 2016). It takes the advantage of ability to produce uncertainty and able to 100 

update when new data collected (Lagacherie and McBratney 2007). Spatial patterns in soil 101 
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properties (soil depth, CF and texture) are resultant of complex interactions of different 102 

factors such as geomorphic positions, topography, parent material, climate, weathering 103 

rate, vegetation cover, lithology (Kuriakose et al. 2009), biological, chemical and physical 104 

processes (Jenny 1941; Odeh et al. 1991). Thus, the environmental covariates related with 105 

soil development selected for establishing the DSM models such as legacy soil data (S), 106 

climatic information (C), Vegetation/landuse (O), derivatives of digital elevation models 107 

(R), lithology (P) and geographic co-ordinates (N) (Minasny and McBratney 2016). 108 

Tsai et al. (2001) used linear soil landscape regression model to map soil depth in 109 

Taiwan and estimated the spatial solumn thickness with RMSE of 16.13 cm. Tesfa et al. 110 

(2009) developed statistical models for prediction of soil depth over complex terrain in 111 

DCE watershed, USA (28 sq.km of 819 sub-watersheds) and found that with increasing 112 

complexity of variabilities, RF outperforms as it is robust against overfitting. Kuriakose et 113 

al. (2009) predicted soil depth with maximum capturable variability of 52% (R2) in part of 114 

Western ghats, Kerala. Mehnatkesh et al. (2013) identified the relationship between soil 115 

depth and topographic variables (slope, WI, catchment area and sediment transport index) 116 

using MLR and explained 76% total variability of soil depth. Bonfatti et al. (2016) used 117 

multilinear regression model in Southern Brazil (8118 ha) and predicted soil depth with R2, 118 

RMSE and CCC of 0.43, 34.8 cm and 0.59 respectively. Lacoste et al. (2014) investigated soil 119 

depth for a region in France of approximately 5,40,000 km2 and predicted the soil depth 120 

with R2 and RMSE values between 50–58% and 35–39 cm. Vaysse and Lagacherie (2017) 121 

attempted to predict soil depth of Languedoc-Roussillon region, France and could capture 122 

the maximum variability of R2= 23% with RMSE of 34 cm. In India, Dharumarajan et al. 123 
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(2020a) prepared 250 m resolution soil depth map of Karnataka using Regression kriging 124 

and QRF model which could explain maximum variability of 30% (R2) and 34 cm (RMSE).  125 

Mosleh et al. (2016) used different Machine learning techniques (ANN, BRT, GLM 126 

and MLR) and found CF with 0.07 R2 with RMSE of 3.2-3.7 which had high variability about 127 

260%. Similarly, Vaysse and Lagacherie (2015) evaluated simulation models, RFM and 128 

kriging approaches to coarse fragments and could capture only 4% variability of coarse 129 

fragments. Nussbaum et al. (2018) found that RF model performed better in prediction of 130 

soil gravel content with minimal RMSE of 2.64%.  131 

Few studies have been conducted in India to map soil textural classes either through 132 

prediction of sand, silt and clay particle size fractions (PSF) (Mitran et al. 2018; 133 

Dharumarajan et al. 2020) or categorical classes (Dharumarajan et al. 2020b). Many 134 

researches focused on PSF prediction for hydrological modelling, SOC stock estimation and 135 

textural class mapping using textural triangles (Akpa et al. 2014; Chagas et al. 2016; 136 

Mehrabi-Gohari et al. 2019; Zeraatpisheh et al. 2019; Dharumarajan et al. 2020b). RF 137 

classifier algorithms outperformed in classification of soil taxonomic classes (Silva et al. 138 

2019; Boroujeni et al. 2020), parent material (Heung et al. 2014), land suitability (Senagi et 139 

al. 2017) etc. Lieβ et al. (2012) found the maximum efficacy of RF model over Regression 140 

Tree in PSF prediction (30-40% R2). Vaysse and Lagacherie (2015) predicted PSF using RF 141 

with 33-35% R2 of sand, 31-35% R2 of clay and 23-29% R2 of silt content. Camera et al. 142 

(2017) reported that random forest classifier was more remarkable than MLR in soil 143 

texture classification. Zhang et al. (2020) compared five different models for the 144 

classification of soil texture class and found that random forest classifier performed 145 

significantly with overall accuracy of 65 per cent and profound improvement in kappa 146 
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index of 21 per cent. Abraham et al. (2020) predicted soil particle size fractions using the 147 

Random Forest algorithm to get soil textural classes and got the highest overall accuracy of 148 

84.70 percent compared to other models with kappa index of 55-70 percent.  149 

After inception of GlobalSoilMap project, many researches focused on spatial 150 

mapping of soil properties worldwide (Arrouays et al. 2014). In India, very limited 151 

attempts only made in digital soil mapping (Sreenivas et al. 2016; Dharumarajan et al. 152 

2017, 2019 & 2020; Reddy et al. 2021). Accurate prediction of soil properties would help in 153 

crop productivity and comprehensive land management especially ecological, crop 154 

suitability and hydrological modelling. With this context, an exploratory study was 155 

conducted to map soil depth, CF and texture of Tamil Nadu experiencing semiarid climate 156 

using Random Forest model techniques. 157 

 158 

Materials and Methods: 159 

Study Area 160 

Tamil Nadu is the south most state in India with 130058 sq.km area extended 161 

between 8°5' and 13°35' N and 76°15' and 80°12' E which accounts for 3.96 percent of the 162 

total geographical area (TGA) of the country (Fig.1). Tamil Nadu state has been divided into 163 

three physiographic units namely South deccan plateau (uplands), Hill ranges and Coastal 164 

Plains (Inland plain and Marine plain) (Natarajan et al. 1997). The geological formations of 165 

study area are dominant with Precambrian granitic, pink gneiss and charnockite followed 166 

by Pleistocenic alluvium and in someparts Pliocene sandstone. Tamil Nadu comes under 167 

semiarid agro-eco region which receives bi-model rainfall ie., 48 % from NEM and 32% 168 

from SWM. Mean minimum and maximum temperatures ranged between 21.6°C-31.8°C.  169 
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Dominant soils are Inceptisols (50%), Alfisols (30%), followed by Vertisols (7%), Entisols 170 

(6%) and Ultisols (1%) and negligible areas of Mollisols (Natarajan et al. 1997). Major 171 

crops being cultivated are Paddy, Pulses, Groundnut, Sugarcane, Cotton, Coconut, fruit and 172 

vegetable crops. 173 

 174 

Fig.1. Study area with profile locations 175 

Sampling Methodology 176 

Soils studied during soil resource mapping (SRM) of Tamil Nadu at 1:250,000 scale 177 

(1989–1999) and soils studied by Tamil Nadu state soil survey department and other 178 

ICAR-NBSS&LUP projects are collected and organized for mapping of soil depth, coarse 179 

fragments and texture in Tamil Nadu. The geospatial information of the soils studied during 180 

soil resource mapping were limited with degree-minutes which were again assigned with 181 



 

11 

 

specific coordinate pertained to the village information. A total of 2119 soil profiles were 182 

used for depth prediction study after removing the outliers whereas 2105 surface soil 183 

samples were used for coarse fragments and texture class mapping. While using the soil 184 

textural classes for spatial mapping, neighbouring soil textural classes are merged into 185 

broader classes such as clay and sandy clay into clay (C), clay loam and sandy clay loam in 186 

to loam (L) and loamy sand and sandy loam into sandy (S) textural classes based on the 187 

earlier studies proven that more number of soil classes with less frequencies may result in 188 

significant decrease in prediction accuracy (Lagacharie et al. 2019; Boroujeni et al. 2020). 189 

Environmental co-variates: 190 

Digital elevation model (DEM) of 30 m resolution obtained from shuttle radar 191 

topography mission (SRTM) was used to derive different topographic derivatives such as, 192 

elevation, slope, aspect, topographic position index (TPI), topographic wetness Index 193 

(TWI), LS factor, Multi-resolution Index of Valley Bottom Flatness (MrVBF) and multi-194 

resolution ridge top flatness (MrRTF) as topography is the main soil forming factor in semi-195 

arid regions (Mehnatkesh et al. 2013). Remote sensing variables such as, LISS III band data 196 

(1-4), normalized difference vegetation index (NDVI) and enhanced vegetation index (EVI) 197 

were also used to relate with the soil properties. Annual mean rainfall, maximum mean 198 

temperature (Tmax) and minimum mean temperature (Tmin) are used to represent 199 

climate in the models. The bio-climatic variables (19) such as isothermality, precipitation of 200 

driest month, precipitation of wettest month, precipitation seasonality and mean diurnal 201 

range were also included as environmental covariates for soil properties prediction. 202 

Correlation between the soil properties and the environmental co-variates was analyzed 203 
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using pearson correlation coefficient analysis with confidence level of 95%. Soil properties 204 

prediction methodology presented in Fig. 2. 205 

Table 1. Different covariates used in the model 206 

Predictor Source Resolution 

Elevation (m) SRTM DEM 30 m 

Slope (%) SRTM DEM 30 m 

Aspect SRTM DEM 30 m 

TPI SRTM DEM 30 m 

TWI SRTM DEM 30 m 

Plan curvature SRTM DEM 30 m 

LS-factor SRTM DEM 30 m 

MrVBF  SRTM DEM 30 m 

MrRTF  SRTM DEM 30 m 

NDVI MOD13Q1(2011-2015) 250m _16 

days EVI MOD13Q1(2011-2015) 

LISS-III  4 bands  26 m  

Precipitation (mm) WorldClim2 10 min 

Minimum temperature 

(Tmin) (℃)  
WorldClim2 10 min 

Maximum temperature 

(Tmax) (℃) 
WorldClim2 10 min 

Isothermality WorldClim2 10 min 

Precipitation of driest 

month (mm) 
WorldClim2 10 min 

Precipitation of wettest 

month (mm) 
WorldClim2 10 min 

Precipitation 

seasonality 
WorldClim2 10 min 
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 207 

 208 

Random forest model: 209 

Random Forest model (RFM) is an ensemble of decision trees which considers each 210 individual tree’s decision to predict and classify the soil properties in addition, it can rank 211 

the variables based on their significance in prediction (Breiman 2001). RF model tuned 212 

depending on the number of trees to be grown (ntree), number of variables used to split 213 

the nodes (mtry) and minimum number of samples at each node (nmin). Random forest 214 

model is insensitive to noisy, huge and missing dataset which can handle both quantitative 215 

and categorical dataset by regression and classification algorithm (Dharumarajan et al. 216 

2017). Statistical software R of randomForest package (Version R 4.0.5) was used to 217 

establish the relationship between environmental variables (R Development Core Team 218 

2012). 219 

Model prediction performance: 220 

For calibration of the prediction model, 80% of soil depth and CF datasets were used 221 

and 20% remaining dataset was used for validation dataset and based on the 50 iterations 222 

the performance of the models was evaluated. Model prediction performance was 223 

evaluated using coefficient of determination (R2), Lin’s concordance correlation coefficient 224 

(CCC), root mean square error (RMSE) and mean error (bias) of the validation datasets 225 

(Mitran et al., 2018). The value of R2 and CCC nearing 1 and RMSE to 0, indicates the good 226 

prediction performance of the model (Dharumarajan et al. 2017).  227 

 228 

Mean diurnal range 

(℃) 
WorldClim2 10 min 
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 229 

M  230 

R  231 

Where, pi and oi are predicted and observed values, pi and oi are means of predicted and 232 

observed values. 233 

Lin’s Concordance correlation coefficient 234 

 235 

 μ0 and µp are the means of observed and predicted values and σ20 and σ2p are 236 corresponding variance ρ is Pearson correlation coefficient between observed and 237 

predicted values. 238 

 239 

Performance evaluation of RF classifier algorithm: 240 

The performance of the RF classifier determined based on overall accuracy, and 241 

kappa index.  242 

Overall accuracy: 243 

Percentage of data correctly classified in the validation set is calculated as Overall 244 

accuracy. Overall accuracy (OA) is used to measure the effectiveness of the model which is 245 

shown as below, 246 

 247 
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Where n is the number of columns or rows of error matrix, Xii is the classes predicted 248 

properly, and N is the total number of observations (Byrt et al. 1993). 249 

Kappa index: 250 

Kappa index is the degree to which classification outcome is superior than the 251 

outcome of random classification (Cohen 1960). Kappa index >0.80, 0.4-0.8 and <0.4 252 

indicates the strong, moderate and poor agreements of classification, respectively 253 

(Congalton and Green 1998).  254 

Uncertainty analysis: 255 

The lack of reality assurance in prediction is considered as uncertainty (Heuvelink, 256 

2013) and its estimation along with prediction is important for assessing the risk in 257 

decision making. The uncertainty of the prediction was quantified by computing upper 258 

(95% quantile) and lower confidence (5% quantile) interval limits on the prediction map 259 

(Viscarra Rossel et al. 2014) which indicates that 90% of the time, an observed value will 260 

fall with in this prediction interval (Malone et al. 2014). The uncertainty for classifier 261 

algorithm is evaluated by error/confusion matrix (Boroujeni et al. 2020) which compares 262 

the measured and predicted soil classes and checks whether the categorization is 263 

satisfactory (Story and Congalton 1986). Confusion index/ error classification values vary 264 

from 0 to 1, of which larger values indicate higher uncertainty.  265 
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Fig. 2. Methodology Flow Chart 267 
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Result and Discussion: 269 

Descriptive statistics:  270 

Summary statistics of soil depth and coarse fragments are given in Table. 2. Soil 271 

depth varied from 9-217 cm with mean of 119±51 cm. Soil depth was skewed positively 272 

with negative kurtosis and the co-efficient of variation was 42.5 percent which indicates 273 

the high variability of soil depth in the study area. Similar results are in concordance with 274 

Kuriakose et al. (2009) and Dharumarajan et al. (2020a). Coarse fragments varied from 275 

non-gravelly (<15%) to very gravelly (80%) with positive skewness and kurtosis which 276 

shows the assymetrical distribution of CF. The very high variability (Wilding 1985) of 277 

coarse fragments (CV-135%) was recorded due to differences in landscape, 278 

transportability of soil particles and geographical dissimilarity (Tola et al. 2017). The 279 

variability of soil properties might attributed to the variability in topography and soil 280 

formation (Grimm et al. 2008). Correlation analysis has registered significant relationship 281 

between soil depth and coarse fragments with environmental variables (Table. 3). Soil 282 

depths were positively correlated with MRRTF (r=0.10**), MRVBF (r=0.20**), precipitation 283 

(r=0.24**) and minimum temperature (Tmin) (r=0.15**). It was negatively correlated with 284 

elevation (r=-0.14**), TWI (r=-0.13**) and with satellite band data. In contrast to soil 285 

depth, coarse fragments shown significant positive relationship with elevation (r=0.06**), 286 

TWI (r=0.13**) and band data and negative correlation with MRRTF (r=-0.08**), MRVBF 287 

(r=-0.15**), maximum (Tmax) and minimum temperature (Tmin). With increasing slope 288 

and elevation, the soil depth and coarse fragments shown negative and positive 289 

relationship respectively due to erosional soil loss on slope gradients (Tsai et al. 2001; 290 

Florinsky et al. 2002). This correlation study shows indirectly that coarse fragments of 291 
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valley (alluvial plains) are mere neglible as the depositional soils are devoid of coarse 292 

fragments (Dharumarajan et al. 2021). Soil textural classes were recorded from 2105 293 

surface samples in Tamil Nadu and classified into clay (464), loam (641) and sandy (1000) 294 

textural classes. Among the studied soils, predominant soil textural class is sandy soil that 295 

occupies about 48% followed by loamy soils (31%). 296 

Performance of RF prediction model: 297 

The performance of the model was evaluated with average performance over 50 298 

iterations using the accuracy indicators like R2, RMSE and bias given in Table 4. The result 299 

shown that the soil depth was predicted with the explained variability of R2=0.43±0.04 and 300 

RMSE of 38 cm. The concordance value for the prediction was 0.612±0.03 that confirms 301 

that the moderately good performance of the model (Dharumarajan et al. 2017). The 302 

performance of the Random Forest model was comparatively better than the QRF model 303 

used in Karnataka soil depth mapping which could only explain 17% variability (R2) 304 

(Dharumarajan et al. 2020a). In African continent, Hengl et al. (2021) predicted soil depth 305 

to bedrock suing 30 m resolution co-variates using 28054 sample data and predicted depth 306 

with 0.43 R2; 41.3 cm RMSE and 0.73 CCC with ensemble of RF, XG boost, deep net, Cubist 307 

and GLM net. The prediction of coarse fragments shown that the model could find the 308 

variability of 21 per cent (R2=0.21) with 13% RMSE. Compared to soil depth, the bias is 309 

higher for coarse fragment prediction. The prediction of CF by RFM is quite low which 310 

might be due to high terrain variability and minimal dataset of gravelly soils (Mosleh et al. 311 

2016). Hengl et al. (2004) predicted coarse fragments using SVM with medium level of 312 

validity. With regard to soil surface textural classification, the random forest classifier 313 

classified the textural class with overall accuracy and kappa index of 63.8% and 41.5%, 314 
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respectively with confidence interval of 0.59-0.68. This short range of prediction interval 315 

indicates the better performance of RF classifier. The performance of RF model is similar to 316 

Dharumarajan et al. (2020b) who mapped spatial and vertical (GlobalSoilMap depth 317 

specification) textural class map of Andhra Pradesh by predicting PSF and could classify 318 

the textural classes with overall accuracy and kappa coefficient of 52-65% and 42-47% 319 

respectively. Similar results were obtained from soil textural classification using Landsat-5 320 

TM images reported with over all accuracy of around 58-64% (Dematte et al. 2016). Zhang 321 

et al. 2020) signified the performance of RF in soil textural classification with profound 322 

improvement in reduction of error with increased kappa index of 0.21 by comparing 5 323 

different ML models. Boroujeni et al. (2020) classified WRB soil classes using RF model and 324 

resulted with 0.73 OA at first level with less confusion index.  The mean of confusion matrix 325 

obtained by running 50 RF models given in Table 6. In which, only 187 soils only correctly 326 

classified as clay out of 464 soil, similarly 275 soils only classified as loamy out of 641. 327 

Despite, about 60 per cent of the soils were classified to the correct class (Sandy texture). 328 

The error matrix shows (Table 6) that the classification of sandy classes (error= 0.261) is 329 

much better than other class (clay= 0.497; loam= 0.464) with respect to error estimates. 330 

The results are in concordance with the previously documented studies that classes with 331 

lower sampling frequencies were modeled less accurately (e.g., Lagacherie et al. 2019; 332 

Boroujeni et al. 2020). 333 

Importance of variables: 334 

The variables that contribute substantial for prediction of soil properties are 335 

assessed by Random Forest model. Fig.3 shows the variable importance ranking of RFM for 336 

prediction of soil depth, CF and textural classes. Derivatives of digital elevation models/ 337 
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topographic variables such as elevation, MRVBF, MRRTF are the primary variables involves 338 

in prediction of soil depth and coarse fragment contents (Adhikari et al. 2013; Lu et al. 339 

2019). Some climatic (Tmax) and bioclimatic variables (bio_4) are also bestowed for 340 

prediction of soil properties (Malone et al. 2020). Topographic variables were found to be 341 

generally more important than the land cover variables in predicting soil depth for this 342 

dataset (Tsai et al. 2001; Grimm et al. 2008). Complexity of the environmental variables 343 

resulting in variable soil depth (Chan et al. 2019). Similarly, MRVBF and elevation are the 344 

prime variables influencing the prediction of coarse fragments. For textural classification, 345 

remote sensing indices such as NDVI, EVI, topographical variables (elevation, MRVBF, 346 

MRRTF, TWI) (Mehrabi-Gohari et al. 2019) and climatic variables took part in classification 347 

of soil textural classes (minimum temperature (Tmin) and Precipitation) (Akpa et al. 348 

2014).  349 

Soil prediction maps: 350 

Summary statistics of the predicted soil properties given in Table 5. Predicted soil 351 

depth and CF ranged between 90-195 cm and 0-40% respectively. Skewness and kurtosis 352 

of the predicted coarse fragments indicates the presence of extreme values which is 353 

reflected in coefficient of variation (CV%-142%), whereas, the predicted soil depth did not 354 

register much variability (CV%-11.4%). Predicted soil depth map (Fig. 4a) shows that the 355 

depth ranged between 46 and 200 cm and the deeper soils occurring on western ghat 356 

(western side) attributed to climate and vegetational influence on soil development 357 

(Dharumarajan et al. 2020a) and valley bottom (eastern and south-eastern part) of Tamil 358 

Nadu due to the deposition of soil particles from higher elevation to lower elevation 359 

(Bonfatti et al. 2016). Spatial variability of soil depth attributed to parent material, 360 
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relief/topography and climate (Shivaprasad et al. 1998). Rudiyanto et al. (2016) suggested 361 

that improved sampling strategies and machine learning approaches can increase the 362 

accuracy of soil depth prediction. Coarse fragments map varied with 1 to 42 per cent of CF 363 

(Fig. 4c). Higher CF content was noticed in western and northwestern part of Tamil Nadu 364 

(Western ghats and Tamil Nadu uplands). Contradict to depth distribution, CF recorded 365 

high in uplands and low in alluvial/coastal plains owing to runoff losses of soil finer 366 

particles. According to textural class map (Fig. 5), the Tamil Nadu surface soils are 367 

dominated with sandy texture (Sandy loam and loamy sand), followed by clayey (clay, 368 

sandy clay) and loamy soils (clay loam and sandy clay loam). Clayey soils distributed in 369 

eastern and southern coastal part of Tamil Nadu, whereas, sandy soils distributed in 370 

northern and central part of Tamil Nadu. Variation of textural classes shows the transition 371 

of clay particles through fluvial movement from upland to lower elevation of eastern and 372 

south eastern part of Tamil Nadu with high clayey soils (Dharumarajan et al. 2020b). 373 

Coarser soil particles found in upper elevation than low lying areas due to the decreased 374 

transportability of sand particles (Mashalaba et al. 2020). 375 

Uncertainty maps of soil depth (Fig. 4b) manifest that high uncertainty of soil depth 376 

was noticed in lowland (coastal) and western ghats region which might be due to local 377 

landscape variation. Whereas, the low uncertainty of soil depth was noticed in uplands 378 

attributed to the similarity in the landscape and climate. The highest uncertainty of coarse 379 

fragments (Fig. 4d) was observed in the Tamil Nadu uplands which might be due to high 380 

elevation, erosional variability (Kalaiselvi et al. 2019) and granitic gneiss parent material 381 

whereas, the lowest uncertainties were observed in the coastal and low lying lands 382 

attributed to the non-gravelliness of depositional soils (Dharumarajan et al. 2021). 383 
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Regardless, the predicted soil maps can help in assessing the physical constraints for crop 384 

growth (Vagen et al. 2016), and used to find the suitable crops to cultivate, optimal 385 

fertilizer and other management aspects.  386 

Conclusion: 387 

In the present study, digital soil depth, coarse fragments and textural class maps 388 

were prepared using RF model. The result shown that the interrelationship between 389 

covariates could explain 43 and 21 per cent of soil depth and coarse fragments variability 390 

respectively. Terrain attributes such as elevation and MrVBF are the main predictors of soil 391 

depth and CF, whereas, Remote sensing indices (NDVI and EVI) are the important 392 

predictors of soil textural classes. Uncertainty map shows that Tamil Nadu upland soil has 393 

high uncertainty of depth prediction than the coastal soils. Surface soil textural mapping 394 

also acceptable with overall accuracy of 63.8%. Faster run time and reliable prediction 395 

performance of RF model helps in prediction and classification of soil properties. The 396 

prediction performance could be improved by incorporating additional covariates such as 397 

lithological data etc, increasing sampling density and stratification of dataset for different 398 

landscape units.  399 
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Table 2. Descriptive statistics of observed soil depth and CF 406 

Parameter 

Depth 

(cm) CF (%) 

Mean 119 11 

Minimum 9 0 

Maximum 217 80 

Std. Dev 50.78 15.0 

Skewness 0.02 1.80 

Kurtosis -1.09 3.09 

CV (%) 42.5 135 

 407 

Table 3. Correlation analysis between covariates and soil properties 408 

Variables 
Correlation co-efficient (R) 

Soil depth Coarse fragments 

Elevation -0.14** 0.06** 

EVI 0.02 -0.00 

NDVI 0.01 0.02 

TWI -0.13** 0.13** 

LS_Factor -0.04 0.00 

MRRTF 0.10** -0.08** 

MRVBF 0.20** -0.15** 

Plan curvature 0.05* -0.04 

Slope -0.01 0.01 

TPI -0.01 0.04 

Aspect 0.00 -0.02 
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Prec 0.24** -0.19** 

Minimum temperature (Tmin) 0.15** -0.07** 

Maximum temperature (Tmax) 0.00 0.02 

bio_7 -0.24** 0.14** 

bio_8 0.02 0.02 

bio_6 0.16** -0.07** 

bio_5 -0.01 0.03 

bio_4 0.08** -0.06** 

bio_3 -0.20** 0.12** 

bio_2 -0.43** 0.25** 

bio_19 0.29** -0.23** 

bio_10 0.08** -0.02 

bio_11 0.07** -0.01 

bio_12 0.24** -0.20** 

bio_13 0.24** -0.20** 

bio_14 0.10** -0.08** 

bio_15 0.13** -0.11** 

bio_16 0.30** -0.25** 

bio_17 0.17** -0.13** 

bio_1 0.08** -0.02 

bio_18 -0.08** 0.04 

bio_9 0.06** -0.01 

b1_LISS (0.52-0.59 µm) -0.19** 0.11** 

b2_LISS (0.62-0.68 µm) -0.12** 0.07** 

b3_LISS (0.77-0.86 µm) -0.04* 0.00 

b4_LISS (1.55-1.70 µm) -0.31** 0.18** 

*Correlation is significant at the 0.05 level (2-tailed) 

**Correlation is significant at the 0.01 level (2-tailed) 

 409 
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Table 4. Performance of Random Forest model for prediction of soil properties 410 

Soil properties R2 Concordance C RMSE Mean error 

Soil depth (cm) 0.43 0.61 38 0.19 

Coarse fragments (%) 0.21 0.42 13 0.44 

 411 

412 
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 413 

Table 5. Descriptive statistics of predicted soil depth and CF 414 

Parameter 

Depth 

(cm) CF (%) 

Mean 148 2.5 

Minimum 90 0 

Maximum 195 40 

Std. Dev 16.8 3.5 

Skewness 0.01 1.66 

Kurtosis -0.31 4.16 

CV (%) 11.4 142 

 415 

Table 6. Confusion matrix of Soil textural classification 416 

 Observed Classification 

error 

P
r

e
d

ic
te

d
 

Soil textural class Clay soils Loamy soils Sandy soils 

Clay soils 187 79 106 0.50 

Loamy soils 63 275 175 0.46 

Sandy soils 76 133 591 0.26 

 417 

 418 
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(a) Soil depth (b) Coarse fragments 

 
(c ) Soil texture 

Fig. 3. Importance variables for prediction of soil depth (a), coarse fragment (b) and 

soil textural classes (c)  
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     (a)       (b) 

   (c)      (d) 

Fig. 4. Prediction (a & c) and uncertainty (b & d) maps of soil depth and coarse fragments 
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 419 

 420 

Fig. 5. Surface soil textural map of Tamil Nadu 421 

 422 

 423 

424 
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