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Abstract 14 

Soil organic carbon (SOC) is a fundamental indicator of soil quality and ecosystem functioning, particularly in 15 

forest ecosystems. Accurate spatial assessment of SOC is essential for understanding its distribution and 16 

supporting sustainable forest management. This study aimed to predict and map SOC distribution across the moist 17 

temperate Quercus leucotrichophora forests of Himachal Pradesh, India, using machine learning (ML) techniques 18 

and to identify the major environmental drivers of its spatial variability. A total of 100 composite soil samples (0-19 

15 cm depth) were collected from seven districts, and SOC concentration was determined using the Walkley-20 

Black method. A digital soil mapping framework based on the SCORPAN model incorporated 49 environmental 21 

covariates derived from Landsat 8 imagery, SRTM elevation data and WorldClim bioclimatic variables. 22 

Following multicollinearity assessment using the variance inflation factor, 28 covariates were retained for model 23 

development. Four ML algorithms, namely Random Forest (RF), Support Vector Machine (SVM), Generalized 24 

Linear Model (GLM) and Cubist, were evaluated using R², RMSE, MAE and regression slope. Measured SOC 25 

concentrations ranged from 1.21% to 9.69%, with comparatively higher values observed at selected sites in 26 

Chamba district. RF demonstrated superior predictive performance (R² = 0.85; RMSE = 0.83%), outperforming 27 

GLM, SVM and Cubist. Variable importance analysis highlighted elevation, multi-resolution index of valley 28 

bottom flatness (MRVBF), slope and topographic ruggedness index (TRI) as dominant predictors, emphasising 29 

the influence of terrain on SOC variability. The RF-based SOC predictions ranged from 2.82% to 7.71%, while 30 

uncertainty was comparatively higher in steep and topographically complex landscapes than in valley floors. 31 

Although the outputs were generated at 30 m grid resolution, their effective spatial detail remains constrained by 32 

the native resolution of the input covariates. Overall, the findings demonstrate the potential of RF-based digital 33 

soil mapping for characterising SOC patterns in heterogeneous Himalayan Forest landscapes and provide a spatial 34 

baseline for prioritising forest conservation and soil management interventions. 35 

Keywords: Digital Soil Mapping, Machine Learning, Soil Organic Carbon, Remote Sensing and GIS 36 

 37 

 38 

 39 
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1. Introduction 40 

A key component of greenhouse gas dynamics, soil organic carbon (SOC) can behave as a reservoir based on the 41 

environment and soil management techniques. The carbon dynamics of soil, the biggest carbon storage system in 42 

terrestrial ecosystems, have attracted the attention of scientists worldwide (Schillaci et al. 2019 and Yigini et al. 43 

2016), especially in Indian Himalayan Region (IHR) due to ecological significance (Mishra et al., 2023). As a 44 

result, the demand for accurate SOC data is rising globally. Soil maps with high resolution offer the most thorough 45 

depiction of the distribution of SOC. It is difficult to create these maps concurrently on a global scale, and SOC 46 

data needs to be updated often with data particular to each location. Soil mapping has historically depended on 47 

ground-based surveys, which have constraints in precisely capturing the fine-grained spatial distribution of soil 48 

parameters (Jena et al. 2022 and Moharana et al. 2022). For this reason, creating a sophisticated and trustworthy 49 

approach is crucial to forecasting soil characteristics across various soil types and geographical areas. 50 

Digital soil mapping (DSM), which combines machine learning (ML) methods with remote sensing technologies 51 

including hyperspectral, multispectral, and radar imaging, has become a very successful strategy in this respect 52 

(Mohrana et al., 2026). For region-specific soil assessments, DSM is highly sought worldwide (Arrouays et al. 53 

2014; Dash et al. 2022; Dharumarajan et al. 2019). It is also essential to accomplishing sustainability objectives, 54 

such as land-use planning. Artificial neural networks, decision trees, linear regression models, multivariate 55 

adaptive regression splines, regression trees, and support vector machines are some of the key machine learning 56 

techniques used in DSM (Pahlavan-Rad and Akbarimoghaddam 2018). These methods have the advantage of 57 

being able to create statistical relationships between soil characteristics and environmental factors, satellite 58 

images, topography features like digital elevation models, and more (Rossiter 2018). The accuracy and efficiency 59 

of DSM are better than those of conventional soil mapping techniques. As a result, investigations examining the 60 

regional variability of soil properties based on DSM have increased significantly in recent years. 61 

By combining soil measurements with environmental covariates to produce continuous spatial forecasts, DSM 62 

has become a cutting-edge substitute for traditional soil surveys. It offers quantitative, higher-resolution 63 

estimations of soil characteristics that are crucial for agricultural planning, land management, and climate 64 

research. Limited soil observations, uncertainty in legacy data, and the availability of appropriate variables 65 

continue to be obstacles to DSM applications. Recent research demonstrates the increasing significance of remote 66 

sensing and machine learning in enhancing the precision and geographical detail of soil prediction. As a result, 67 

DSM provides a potential scientific foundation for generating the spatially explicit soil data required for making 68 

evidence-based environmental decisions (Nenkam et al., 2024). Similarly, estimated SOC, pH, texture, and bulk 69 

density globally using a 250 m resolution DSM (Hengl et al. 2015). A vital platform for combining current and 70 

historical regional soil data into a single global framework is the GlobalSoilMap consortium. Applications such 71 

as disaster risk assessment, infrastructure development, biodiversity conservation, and policymaking all benefit 72 

greatly from this compiled data (Liu et al. 2020). 73 

One of the world's most ecologically sensitive regions is Himalayan Mountain range in northern India, which is 74 

distinguished by its high endemism, unique climate, and abundant biodiversity (Mishra et al. 2020). One of the 75 

region's distinctive ecosystems, it includes the Lesser Himalayas, also known as Himachal, and the Great 76 

Himalayas. The Great Himalayas rise from the Shivalik ranges and move higher into the mid-Himalayas. The 77 
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region is known for its snow-capped mountains, rivers, and valleys. The rivers Beas, Ravi, and Chenab originate 78 

in Himachal. Notably, this region is home to the valuable trees Quercus leucotrichophora in the world, which has 79 

great cultural and traditional significance for both carbon sequestration, soil conservation and antioxidant 80 

properties. More than 27.73% of the banj oak is present in Himalayan region of Himachal Pradesh with respect 81 

to seven districts of Himachal i.e., Mandi, Kullu, Shimla, Solan, Sirmour, Chamba and Kangra. 82 

However, widespread land-use changes, deforestation, and abandoned fallow areas are all contributing to the drop 83 

in SOC levels in the Lesser Himalayas and the Great Himalayas (Rawal et al., 2026). Assessing changes in the 84 

carbon pool across forest and agricultural environments requires an understanding of SOC dynamics (Singh et al., 85 

2026). Compared to conventional grid-based mapping techniques, which are frequently linked to increased 86 

uncertainty, machine learning provides a potent way to estimate SOC at a landscape scale with less physical 87 

inputs. Given this, 100 number of SOC records from the soils of Quercus leucotrichophora forest in Himachal 88 

study were used in the current study. The study's objectives are to: (i) produce a digital SOC map using a variety 89 

of machine learning methods; (ii) evaluate the effectiveness of various models; and (iii) identify the main 90 

environmental factors affecting the distribution of SOC.  91 

2. Materials and Methods 92 

2.1. Study area  93 

The northern Indian state Himachal Pradesh is in the Western Himalaya located between 32° 5' 3.1416'' N-77° 34' 94 

16.2012'' E. Union Territory of Jammu & Kashmir and Ladakh are in the north west; Punjab, Haryana and 95 

Uttarakhand sharing borders to it in the south west, south and south east; Tibet in the north east. The state has 12 96 

districts and covers an area of 55,673 square kilometres is a part of Indian Himalayan Region. Despite being one 97 

of the least urbanized states in the nation, Himachal Pradesh has had one of the fastest-growing economies in 98 

recent decades. The main pillars of the state's economy are tourism, hydropower, and agriculture. The state has 99 

tropical, temperate and alpine forest ecosystem. With notable variations based on altitude the southern and western 100 

regions of Himachal Pradesh experience higher temperatures than the northern and eastern regions.  101 

The state's mean annual rainfall is approximately 1,251 millimetres, and its mean annual temperature is 102 

approximately 17.13°C. In the moist temperate high hill zones, the average temperature ranges from 15.4°C to 103 

20.5°C, while in the higher altitude regions, it is often lower from south to north. Because of the varied altitude 104 

soil temperatures vary greatly throughout it which subsequently influence the SOC. The predominant soil types 105 

in Himachal Pradesh are red loamy, sub-mountain, mountain meadow, and brown hill soils. Altitude, vegetation, 106 

slope, and structure all affect the type of soil. Soils of Himachal Pradesh show wide variability from light 107 

yellowish-brown in low hills to dark brown in forested and high-altitude regions which reflects the variance in 108 

organic matter and parent material. Soil structure is weak to moderately developed, while high-elevation soils are 109 

shallow, coarse-textured and skeletal. Entisols and Inceptisols dominate the Himachal Pradesh with localized 110 

presence of Alfisols and Mollisols in valleys and mid-hill zones (Rao et al. 2024). 111 

 112 
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Fig. 1 Map of the study area showing sampling points 

 113 

2.2. Soil Sampling and Analysis 114 

Using a V-notch and systematic randomized sampling soil samples were collected from each studied plot of 50 × 115 

50 m. The soil profile at each point was cored to a depth of 30 cm to characterise the profile; the surface 0-15 cm 116 

layer was retained for compositing and SOC determination, consistent with standard topsoil SOC sampling 117 

protocols. Five soil samples, four from the corners and one from the centre of each plot were collected, pooled 118 

and mixed properly to make a composite sample of 500 gram. The 100 sampling locations were distributed across 119 

the seven districts in proportion to the areal extent of Quercus leucotrichophora forest present in each, spanning 120 

the elevational and climatic gradient of the moist temperate zone; this density is broadly comparable to other 121 

regional digital soil mapping studies in the Indian Himalaya, although a sample-to-covariate ratio of ~3.6:1 (100 122 

samples to 28 retained covariates) is acknowledged as a constraint on model stability in the Limitations section 123 

below. In total, 100 samples were collected from 100 locations of Quercus leucotrichophora forests. The air-dried 124 

soil samples were assessed for further tests and analysis. SOC was analyzed as described in Walkley and Black 125 

method (Walkley & Black, 1934). 126 

2.3. Soil Mapping Framework 127 

The soil mapping framework was prepared using SCORPAN (soil, climate, organisms, relief, parent material, age 128 

and spatial position) model, which utilizes environmental attributes such as soil (s), climate (c), organisms (o), 129 

relief (r), parent material (p), age (a) and geographic position (n) to indirectly infer soil classification and 130 

characteristics of a specific location. This model establishes a quantitative (empirical) relationship between soil 131 

properties and the variables influencing spatial variability. The SCORPAN model is based on the principles of 132 

Jenny and Dokuchaev. It can incorporate various input data sources, including existing soil maps, point data 133 
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formats, or remotely sensed spectral characteristics. Environmental covariates are digitized and represented as 134 

geospatial raster data, processed using a geographic information system (GIS). This model simplifies the 135 

quantification of relationships between spatially explicit digital environmental variables and predicts soil 136 

attributes. Compared with traditional methods, it facilitates a more straightforward estimation of uncertainty. 137 

2.4. Model Validation Approach  138 

Four models (Random Forest, Generalized Linear Model, Support Vector Machine, and Cubist) were compared 139 

for SOC prediction by contrasting observed SOC with SOC predicted for samples not used in model fitting, using 140 

R², RMSE, MAE and the regression slope. The 100 soil samples were randomly partitioned into a calibration 141 

(training) set of (n = 80 samples; 80%) and an independent validation (testing) set of (n = 20 samples; 20%). The 142 

split was random and not stratified by district or elevation. During model development, model hyper-parameters 143 

were tuned on the calibration set only, using (10-fold cross-validation repeated 3 times), so that the validation 144 

samples were never used for model fitting or tuning; Random Forest was additionally assessed using out-of-bag 145 

(OOB) error. The accuracy measures reported in Table 2 and Fig. 7. 146 

 147 

2.4.1 Regression Analysis: Observed versus Predicted 148 

Predicted SOC values were shown against field-measured SOC readings for each model. The dependent variable, 149 

observed SOC, and the independent variable, projected SOC, were fitted using a straightforward linear regression. 150 

Model biasness and consistency with measured data are directly evaluated by this method. To visually evaluate 151 

how well the predictions match the observed data, a 1:1 reference line (slope = 1, intercept = 0) was added to each 152 

figure. Variations from this line show that the models either overestimated or underestimated. 153 

 154 

2.4.2. Determination Coefficient (R²) 155 

The percentage of variance in observed SOC that each model could account for was measured using the coefficient 156 

of determination (R²). Stronger agreement between predicted and actual SOC levels and improved model 157 

performance are indicated by higher R2 values. 158 

 

where yi is observed SOC, y^i is predicted SOC, and yˉ  is the mean observed SOC. 159 

2.3.3. RMSE (Root Mean Square Error) 160 

Root Mean Square Error (RMSE), which calculates the average magnitude of prediction errors in the same units 161 

as SOC, was used to quantify model prediction error. Higher prediction accuracy is shown by lower RMSE values. 162 

 

RMSE provides an intuitive measure of how far predictions deviate from observed values. 163 

2.4.4. MAE (Mean Absolute Error) 164 
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Mean Absolute Error (MAE) is the mean of the absolute differences between observed and predicted SOC, 165 

expressed in the same units as SOC (%). For a given set of residuals, MAE cannot exceed RMSE (MAE ≤ RMSE), 166 

and this relationship was used as a consistency check on the reported error metrics. 167 

2.4.5. Regression Slope  168 

Systematic bias was evaluated using the slope of the regression line between expected and observed SOC. 169 

Unbiased forecasts are shown by a slope around 1.0, but overestimation and underestimation are indicated by 170 

slopes larger or smaller than 1. 171 

 172 

2.5 Selection of Environmental Covariates 173 

Environmental covariates (ECs) associated with soil-forming processes were collected from multiple sources, 174 

including satellite-derived products, digital elevation models (DEMs), and climatic datasets. Initially, 49 175 

environmental covariates were compiled and classified into seven categories based on the SCORPAN conceptual 176 

framework: climate, organisms, parent material, position, relief, remote sensing, and soil. Landsat 8 Operational 177 

Land Imager (OLI) imagery was used to derive spectral predictors because of its 30 m spatial resolution and 16-178 

day revisit period (Moharana et al. 2022). Landsat 8 surface reflectance data were obtained from the United States 179 

Geological Survey (USGS; https://www.usgs.gov; accessed on 21 May 2024). Spectral bands (1–11) and derived 180 

indices, including the Normalized Difference Vegetation Index (NDVI), were considered as predictor variables 181 

for SOC modelling. 182 

Topographic covariates were derived from the Shuttle Radar Topography Mission (SRTM) DEM (30 m 183 

resolution) to characterize terrain conditions influencing soil formation and SOC distribution. Sixteen terrain 184 

attributes were generated using SAGA GIS version 6.3.0: Aspect (Asp), Elevation (Elev), Slope (Slp), Relative 185 

Slope Position (RSP), Topographic Wetness Index (TWI), Multi-Resolution Valley Bottom Flatness Index 186 

(MRVBF), Valley Depth (VD), Convergence Index (CI), Channel Network Base Level (CNBL), Channel 187 

Network Distance (CND), LS-factor, Plan Curvature (PlaC), Profile Curvature (PrC), Total Catchment Area 188 

(TCA), Topographic Position Index (TPI), and Topographic Ruggedness Index (TRI). Additionally, all 19 189 

bioclimatic variables (BIO1–BIO19) were obtained from the WorldClim version 2 dataset 190 

(http://www.worldclim.com/version2; accessed on 25 May 2024) to represent temperature and precipitation 191 

conditions. 192 

All covariates were harmonized to a common 30 × 30 m prediction grid using average or bilinear resampling, as 193 

appropriate to the data type. Sampling coordinates were transformed into the WGS 84 Universal Transverse 194 

Mercator (UTM) coordinate system, Zone 46N, to ensure spatial consistency between soil observations and 195 

environmental predictors. All datasets were maintained in raster format for subsequent modelling. 196 

It is important to distinguish the 30 m output grid resolution from the native spatial resolution of the input 197 

covariates. While Landsat 8 imagery and SRTM-derived terrain attributes provide information at 30 m resolution, 198 

other environmental predictors may originate from coarser-resolution datasets. In particular, the spatial resolution 199 

of vegetation products and WorldClim bioclimatic variables depends on their original source products. 200 

Resampling these datasets to 30 m facilitates spatial alignment but does not increase their original information 201 

content or resolve additional fine-scale variability. Consequently, although SOC predictions are generated on a 202 

30 m grid, their effective spatial detail is influenced by the native resolution of the contributing predictors. The 203 

resulting maps are therefore more appropriate for landscape- to district-scale assessments, identifying priority 204 
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areas for soil carbon conservation and restoration, and supporting regional land-management planning rather than 205 

plot-level decisions without field verification. 206 

To reduce predictor redundancy and potential multicollinearity, Variance Inflation Factor (VIF) analysis was 207 

performed using IBM SPSS Statistics version 20.0. VIF quantifies the inflation in the variance of regression 208 

coefficients caused by correlations among explanatory variables. An iterative backward-elimination procedure 209 

was applied, removing the variable with the highest VIF at each step and recalculating VIF values until all retained 210 

variables had values below 5. Based on this criterion, 36 environmental covariates were retained from the initial 211 

49 predictors (Table 1) for subsequent SOC prediction modelling. 212 

 213 

Table 1 Different environmental covariates used in the models for prediction of SOC 214 

Soil 

forming 

factor 

Predictor 
Abbreviatio

n 
Resolution 

Relief Elevation (m) Elev 90 m 

 Slope Slp 90 m 

 Aspect Asp 90 m 

 Topographic Positioning Index TPI 90 m 

 Topographic Ruggedness Index TRI 90 m 

 Topographic Wetness Index TWI 90 m 

 LS-factor LSF 90 m 

 Channel Network Base Level CNBL 90 m 

 Multi-resolution Index of Valley Bottom Flatness MRVBF 90 m 

 Multi-resolution Ridge Top Flatness MRRTF 90 m 

 Relative Slope Position RSP 90 m 

 Valley Depth VD 90 m 

 Plan Curvature PlaC 90 m 

 Profile Curvature PrC 90 m 

 Total Catchment Area TCA 90 m 

Vegetatio

n 
Normalized Difference Vegetation Index NDVI 

250 m _16 

days 

 Enhanced Vegetation Index EVI 
250 m _16 

days 

Climate Annual Mean Temperature (◦C) BIO1 1 km 

 
Mean Diurnal Range (Mean of monthly (max temp - min 

temp)) (◦C) 
BIO2 1 km 

 Isothermality (Bio_2/Bio_7) (* 100) BIO3 1 km 

 Temperature Seasonality (standard deviation *100) (◦C) BIO4 1 km 

 Max Temperature of Warmest Month (◦C) BIO5 1 km 

 Min Temperature of Coldest Month (◦C) BIO6 1 km 
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Soil 

forming 

factor 

Predictor 
Abbreviatio

n 
Resolution 

 Temperature Annual Range (Bio_5-Bio_6) (◦C) BIO7 1 km 

 Mean Temperature of Wettest Quarter (◦C) BIO8 1 km 

 Mean Temperature of Driest Quarter (◦C) BIO9 1 km 

 Mean Temperature of Warmest Quarter (◦C) BIO10 1 km 

 Mean Temperature of Coldest Quarter (◦C) BIO11 1 km 

 Annual Precipitation (mm) BIO12 1 km 

 Precipitation of Wettest Month (mm) BIO13 1 km 

 Precipitation of Driest Month (mm) BIO14 1 km 

 Precipitation Seasonality (Coefficient of Variation) (mm) BIO15 1 km 

 Precipitation of Wettest Quarter (mm) BIO16 1 km 

 Precipitation of Driest Quarter (mm) BIO17 1 km 

 Precipitation of Warmest Quarter (mm) BIO18 1 km 

 Precipitation of Coldest Quarter (mm) BIO19 1 km 

 215 

2.6 Machine Learning Techniques 216 

In this study, SOC content was predicted using four ensemble models: Random Forest (RF), Support Vector 217 

Machine (SVM), Generalized Linear Model (GLM), and Cubist. Several learners and algorithms are integrated to 218 

create these ensemble models. The ensemble learning/method, which combines several algorithms, created the 219 

ensemble model. R 4.1.2 software was used to do the corresponding trend analysis (https://www.R-project.org/), 220 

and ArcGIS 10.3 software was used to replicate the maps. 221 

Random Forest (RF) 222 

An effective ensemble learning method is random forest, which is an extension of the regression tree model. It 223 

uses two levels of randomization for every tree in the ensemble, combining several regression and classification 224 

trees (Breiman 2001). Because of its capacity to reduce model overfitting, increase prediction accuracy, and 225 

efficiently manage missing data, this model has become very popular. Its ability to operate with both quantitative 226 

and categorical data makes it flexible (Mishra et al., 2026). The following important elements affect how well the 227 

RF model performs: i) number of trees (n-tree): this parameter indicates how many trees are in the ensemble and 228 

is crucial to the model's performance. The number of predictors used for tree fitting (mtry) controls the selection 229 

of predictors taken into consideration at each split in the tree-building process. ii) minimum number of samples 230 

at terminal nodes (n-min): figuring out the minimum number of samples needed in terminal nodes of individual 231 

trees is essential for controlling model complexity. By examining how frequently they are used in nodes during 232 

tree development, the model finds important predictors. The mean square error (MSEOOB), which is calculated 233 

using the aggregated out-of-bag (OOB) predictions, is used to assess the performance of the RF model.  234 
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Where n = number of observations, zi = average prediction of the ith observation, and ̂ziOOB = average prediction 235 

for the ith observation derived from all trees in RF ensemble for which the observation was out-of-bag (OOB). 236 

Support Vector Machine (SVM) 237 

SVM is a reliable technique that uses support vectors (seen data points) to try to determine a maximal margin, 238 

also known as the margin of tolerance. The margin, which stands for the distance from the decision surface, 239 

facilitates linear data fitting or separation. According to (Kovačević et al. 2010), SVM is well known for its ability 240 

to generalize effectively to unknown data, which increases the application of its results. SVM uses kernel functions 241 

to map vectors into a high-dimensional space to address non-linear problems. As can be seen in the SVM equation, 242 

SVM creates an ideal hyperplane within this space to efficiently separate classes or forecast target variables. 243 

f(x) = [w • x] + b 

In the equation, [w • x] represents the dot product between a weighting vector w and an input vector x, while ‘b’ 244 

signifies the bias term.  245 

Generalized Linear Model  246 

A statistical framework known as a Generalized Linear Model expands on conventional linear regression to 247 

account for response variables with distinct distributions, such as normal, Poisson, or binomial. It is composed of 248 

three parts: a link function that connects the response mean to the linear predictor, a systematic component that 249 

represents a linear combination of predictor variables, and a random component that specifies the distribution of 250 

the dependent variable. GLMs are very flexible for real-world applications in domains like healthcare, finance, 251 

and the social sciences since they are frequently used to model a variety of data types, such as continuous variables, 252 

count data (Poisson regression), and binary outcomes (log istic regression).  In this study, the GLM was fitted to 253 

SOC (%) on its original  scale with Gaussian error distribution and identity link function, no bounds were imposed 254 

on the predicted values. 255 

Cubist 256 

In recent years, digital soil mappers have been increasingly interested in Cubist, a rule-based system (Miller et al. 257 

2015). The following is a summary of its methodology: First, Cubist uses a collection of given variables to build 258 

a tree structure. This tree illustrates many paths for forecasting. By improving training, it condenses the tree's 259 

routes to produce rules. Every rule outline particular circumstance under which it can be applied. To forecast the 260 

target variable under its specified conditions, each rule uses an MLR model. These models essentially depict how 261 

input variables and the target variable relate to one another in different situations. A collection of MLR models, 262 

each designed to predict values under certain circumstances, are represented by the tree's terminal nodes. Cubist 263 

improves prediction accuracy by using ensemble learning supported by boosting. Models developed using several 264 

iterations of the same method are combined in ensemble learning, which usually produces better prediction 265 

performance than individual models. Regarding the precise representations of  266 
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the Cubist linear models, they may be shown as follows: 267 

 

 268 

 269 

Here, ζ(c) represents the prediction made by the current model, while ζ(p) represents the prediction made by the 270 

parent model located higher up in the tree.  271 

3. Results 272 

3.1. Soil Organic Carbon 273 

Total SOC ranged from 1.21 to 9.69% across the 100 survey sites in the seven districts (namely Kullu, Mandi, 274 

Kangra, Shimla, Sirmour, Solan and Chamba). SOC values fell mostly within a narrower 1.21 - 4.98% band across 275 

six of the seven districts, with markedly higher values recorded at a small number of sites in Chamba district (up 276 

to 9.69%; see below). In district Kullu, SOC ranged between 1.44 - 4.91 %. Maximum SOC was recorded in the 277 

Great Himalayan National Park V population (4.91 %), followed by Great Himalayan National Park II (4.23 %), 278 

Great Himalayan National Park I (3.99 %), Great Himalayan National Park IV (3.61 %), and Sainj (3.41 %) 279 

populations. The remaining populations had < 3.40 % SOC. The minimum was recorded in Allain Duhangan 280 

Hydro Power Project (1.44 %) population. In Mandi district, SOC ranged between 1.57 - 4.54 %. Maximum SOC 281 

was recorded in the Badu population (4.54 %), followed by Nag Nala (4.52 %), Makriri (3.87 %), Chail Chowk 282 

(3.55 %), and Chaprot I (2.79 %) populations. The remaining populations had < 2.78 % SOC. The minimum was 283 

recorded in Tindunal (1.57 %) population. In Kangra district, SOC ranged between 1.97 - 4.38 %. Maximum SOC 284 

was recorded in the Dharamkot population (4.38 %), followed by Hanuman Ka Tibba (4.38 %), Macleodganj 285 

Cantonment (4.26 %), Bhagsu Nag (3.83 %), and Macleodganj II (3.39 %) populations. The remaining 286 

populations had < 3.38 % SOC. The minimum was recorded in Naddi (1.97 %) population. In Shimla district, 287 

SOC ranged between 1.37 - 4.52 %. Maximum SOC was recorded in the Shoghi II population (4.52 %), followed 288 

by Shoghi III (4.23 %), Jakhu I (4.21 %), Jakhu II (4.19 %), and Navbahar (4.17 %) populations. The remaining 289 

populations had < 4.16 % SOC. The minimum was recorded in Ghanahatti (1.37 %) population. In Sirmour 290 

district, SOC ranged between 2.11 - 4.17 %. Maximum SOC was recorded in the Nohradhar II population (4.17 291 

%), followed by Sangrah II (3.85 %), Nohradhar I (3.71 %), Haripurdhar II (3.54 %), and Sangrah I (3.32 %) 292 

populations. The remaining populations had < 3.31 % SOC. The minimum was recorded in Rajgarh (2.11 %) 293 

population. In Solan district, SOC ranged between 1.21 - 4.98 %. Maximum SOC was recorded in the Kandaghat 294 

I population (4.98 %), followed by Chail Wildlife Sanctuary (4.66 %), Jauna Ji (4.23 %), Bajdol (3.39 %), and 295 

Kandaghat II (3.25 %) populations. The remaining populations had < 3.24 % SOC. The minimum was recorded 296 

in Janedghat (1.21 %) population. In district Chamba, SOC ranged between 2.51 - 9.69 %. The maximum SOC 297 

was recorded in the Banikhet population (9.69 %), followed by KKWS-I (8.25 %), KKWS-V (8.12 %), KKWS-298 

III (7.89 %), and Mankot (6.58 %) populations. Moderate SOC content was observed in Khajjiar-II (5.45 %), 299 

Hatli-Dramman (5.23 %), and Khajjiar-I (4.65 %) populations. The remaining populations had < 4.00% SOC. The 300 

minimum SOC was recorded in the Dumas-Tissa population (2.51 %).  301 
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Thus, the measured SOC distribution is strongly right-skewed: most sites in six of the seven districts fall within 302 

1.21 - 4.98%, whereas only a few sites in Chamba district exceed this range (up to 9.69%). This distinction 303 

between the overall range (1.21 - 9.69%) and the range found in most districts (1.21 - 4.98%) is maintained 304 

throughout the interpretation of model performance. 305 

3.2. Variable importance 306 

Comparative relative variable significance plots in Figure 2 demonstrate that RF selected more variables than the 307 

SVM, Cubist, and GLM models. BIO 15 > Network Base Level > DEM > BIO 11 > Band 10 > BIO 8 > Band 11 308 

> Shadow Max > BIO 4 > BIO 9 was the order of the most important parameters in the RF model for forecasting 309 

the SOC. Slp, TRI, and Band 4 were the most important factors for using a Cubist model to forecast the variance 310 

of the SOC. The SVM and GLM models' most crucial components were the AP and LS. For both the RF and 311 

Cubist models, the elevation and slope had the greatest impact on the SOC forecast, followed by the other 312 

topographical and vegetation parameters. Landslides and floods in the upper Ganga Valley region of north-313 

western India cause soil sediments to be transported from higher elevations and deposited in lower-lying areas. It 314 

is worth noting that Boruta and the model-specific importance measures used here rank covariates by their 315 

predictive contribution within the fitted models; a high importance score indicates that a variable helped the model 316 

discriminate SOC values, but does not by itself establish that the variable is a causal driver of SOC formation or 317 

loss several of the top-ranked covariates (e.g. elevation, slope) are likely proxies for unmeasured processes such 318 

as microclimate, erosion history, and land management. The importance of elevation, MRVBF, slope and TRI are 319 

interpreted in terms of the processes they represent: elevation integrates temperature and moisture gradients that 320 

regulate litter input and decomposition; slope and TRI describe the susceptibility of a site to erosion and runoff 321 

and to shallow, well-drained soils; and MRVBF identifies flat, low-lying depositional positions where soil 322 

material and organic matter accumulate and where moisture is higher.  323 
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Fig. 2 Boruta variable importance plot illustrating the relative contribution of terrain, spectral, hydrological, 

and environmental covariates used in the RF model. Boxplots represent the distribution of importance scores 

across iterations, with confirmed important variables highlighted, marginal features shown in yellow, and 

rejected variables in red, indicating their respective influence on the model performance. 

3.3. Mapping of SOC 324 

The spatial predictions of the SOC provided by the different models, demonstrates notable differences in the 325 

projections. RF's predictions more closely matched the geographical distribution of the SOC we expected in the 326 

study region, even though the cross-validation accuracy scores of the four models were similar. The SVM forecast 327 

seems to underestimate the SOC in the study region. The prediction models' maps all showed both sudden and 328 

slow changes over the study area. Accordingly, the projected OC in the RF, SVM, Cubist, and GLM models varied 329 

from 2.82 to 7.71% (Fig. 4), 2.89 to 8.11% (Fig. 3), 0.0 to 14.06% (Fig. 5), and -576.75 to 132.91% (Fig. 6) 330 

respectively. The negative and >100% GLM values, and the Cubist upper value (14.06%) exceeding the highest 331 

value ever measured in the field (9.69%), are not physically plausible: a standard GLM with an identity link is 332 

unbounded, and Cubist's rule-based linear sub-models can extrapolate sharply beyond the range of the training 333 

data, so both models can generate physically impossible values when applied to covariate combinations that lie 334 

outside, or at the edge of, the envelope defined by the 100 calibration samples. These extreme values are best 335 

interpreted as a diagnostic of model extrapolation rather than as credible SOC estimates. Without independently 336 

verifying these predictions, it is hard to determine whether a model is the most accurate on its own; nevertheless, 337 

we selected RF as the most suitable model primarily on the basis of its quantitatively superior validation 338 

performance (highest R², lowest RMSE and MAE among the four models; Table 2)  RF's tree-based structure also 339 

constrains predictions to within the range of the training data, avoiding the implausible extrapolation seen for 340 

GLM and Cubist. The visual plausibility of its spatial pattern, discussed next, was used only as a secondary, 341 

corroborating check rather than a selection criterion. With high values in the study area's North-western region 342 

which is primarily forested and covered in dense vegetation and low values in its western regions which contain 343 

soils that are heavily eroded and used for agricultural cultivation the spatial patterns of the SOC in all models 344 

were realistic. The R2 of the RF model was the highest, consistent with the detailed quantitative comparison 345 

presented in Section 3.4 (Fig. 7). In all the calibration and validation sets, the RF model performed at its best R2 346 

= 0.85, (RMSE = 0.83% and Slope = 1.5) 347 

Implementation of the GLM and Cubist predictions: SOC (%) was modelled on its original scale, without 348 

transformation of the response variable. The GLM was fitted with Gaussian error distribution and identity link 349 

function, and the Cubist model was fitted as a rule-based model with linear sub-models. Both models were fitted 350 

to the calibration data and then applied to the stack of 36 covariate raster’s to obtain pixel-wise predictions over 351 

the entire mapped area, with no truncation of the output to the observed SOC range. The ranges quoted above (-352 

576.75 to 132.91% for GLM and 0 - 14.06% for Cubist) therefore describe all pixels of the output maps and not 353 

predictions at the 100 sampled locations. Values below 0%, above 100% (GLM), or above the maximum measured 354 

SOC of 9.69% (Cubist) are physically implausible, are extrapolation artefacts rather than valid SOC estimates, 355 

and are flagged as such in the captions of Figs. 5 and 6; they were not used to interpret the spatial pattern of SOC. 356 

 357 



13 

 

Figure. 3 Spatial distributions of SOC content across the study area in Himachal Pradesh, India, predicted 

using the SVM model. The map depicts SOC values ranging from ~2.89 to ~8.11, highlighting spatial 

variability in relation to topography and landscape heterogeneity within the study area boundary. 

 

 

Figure. 4 Spatial distributions of SOC content across the study area in Himachal Pradesh, India, predicted 

using the RF model. The map depicts SOC values ranging from ~2.82 to ~7.71, highlighting spatial variability 

in relation to topography and landscape heterogeneity within the study area boundary. 
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Figure. 5 Spatial distributions of SOC content across the study area in Himachal Pradesh, India, predicted 

using the Cubist model. The map depicts SOC values ranging from ~0 to ~14.06, highlighting spatial variability 

in relation to topography and landscape heterogeneity within the study area boundary. Values above ~9.69%, 

the maximum measured SOC, are physically implausible extrapolation artefacts and should not be read as valid 

SOC estimates. 

 

Figure. 6 Spatial distributions of SOC content across the study area in Himachal Pradesh, India, predicted 

using the GLM model. The map depicts SOC values ranging from -576.75 to ~132.91, highlighting spatial 

variability in relation to topography and landscape heterogeneity within the study area boundary. Negative 
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values and values >100% are physically impossible extrapolation artefacts; this map is shown for diagnostic 

purposes only and does not represent valid SOC estimates. 

 358 

 

Fig. 7 Predicted vs. observed soil organic carbon by various models in the study area. 

3.4. Accuracy of Models  359 

The efficacy of four regression models to predict SOC varied significantly, according to the performance 360 

evaluation. With a high coefficient of determination (R² = 0.85), which indicates that the model accounted for 361 

85% of the variation in observed SOC values, the RF model demonstrated the most robust predictive performance. 362 

Among the models, the model with the lowest RMSE value (0.83%) showed the least amount of prediction error. 363 

Although there was considerable overestimation at higher SOC levels, the fitted line's slope (1.50, i.e. >1) 364 

indicated that RF successfully tracked fluctuations over the SOC gradient; a slope above 1 in the observed-vs-365 

predicted fit means predicted values increase more steeply than observed values across the gradient, a pattern 366 

often linked, for RF, to the relatively small number of high-SOC training samples (the small number of very high-367 

SOC sites recorded in Chamba district) relative to the covariate space the model must generalise across this slope 368 

should therefore be interpreted jointly with R² and RMSE rather than in isolation. The over-steepening of the RF 369 

slope is a known artefact of tree-based bagging ensembles under skewed target distributions, which is why RMSE 370 

and R² remain the primary evaluative criteria here. Strong agreement between the expected and observed data was 371 

shown by the scatter points continued tight clustering around the 1:1 reference line. 372 
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The measured SOC range must be kept in mind when interpreting these metrics. Measured SOC spans 1.21 - 373 

9.69% overall, but most sites lie within 1.21 - 4.98% and only a few Chamba sites exceed this. The R² and slope 374 

in Table 2 are computed over the full range and are therefore strongly influenced by the few high-SOC Chamba 375 

samples, which exert high leverage on the regression; for the majority of sites (1.21 - 4.98%), an RMSE of 0.83% 376 

is a substantial fraction of the observed range, and performance there may be lower than the overall R² of 0.85 377 

suggests. Model performance should therefore not be generalised to high-SOC conditions that are represented by 378 

only a handful of samples. 379 

With an R2 score of 0.45 and an RMSE of 1.28%, the GLM model demonstrated a decent level of predictive 380 

power. The slope (0.78) showed persistent underestimate, particularly at higher SOC values, even if the model 381 

was able to represent the overall trend of SOC fluctuation. In comparison to the RF model, the scatter plot 382 

displayed a greater dispersion of points around the identity line, indicating GLM's diminished capacity to represent 383 

the nonlinear interactions that frequently define SOC spatial patterns. 384 

The SVM model was like that from the GLM model, however, they were marginally worse. Its predictive ability 385 

was comparatively low, with an R2 of 0.39 and an RMSE of 1.36%. The scatter distribution showed considerable 386 

variability and divergence from the identical line throughout both low and high SOC ranges, despite the slope 387 

(1.07) being near to 1, indicating proportionality between observed and anticipated SOC. The SVM regression 388 

line showed uneven predictive power, underscoring difficulties in capturing the intricate relationships between 389 

SOC and environmental factors. 390 

Out of the four algorithms, the Cubist model performed the worst. Its RMSE (1.55%) was the highest and its R2 391 

value was just 0.18, indicating significant prediction error and little explanatory power. A consistent 392 

underestimating of SOC, especially in mid- to high-value circumstances, was further highlighted by the slope 393 

(0.74). Cubist's insufficient capacity to depict SOC dynamics for the given dataset was demonstrated by the 394 

scattered dots, which were widely distributed and showed no discernible clustering around the 1:1 reference line. 395 

In terms of explanatory power, error reduction, and visual conformance with the 1:1 line, the RF model fared 396 

significantly better overall than the other methods. The gradual deterioration in model performance from RF to 397 

GLM and SVM, and ultimately Cubist, emphasizes how much model structure and the capacity to represent 398 

nonlinear behaviour affect SOC forecast accuracy shown in (Table 2). 399 

Table 2: Model Validation and Comparison of performance of different models for prediction of soil organic 400 

carbon in the study area. 401 

Model R2 RMSE, % MAE, % SLOPE 

RF 0.85 0.83 1.54 1.5 

GLM 0.45 1.28 2.09 0.78 

SVM 0.39 1.36 1.53 1.07 

Cubist 0.18 1.55 1.58 0.74 

Abbreviations used: RMSE: Root Mean Square Error; R2: Coefficient of determination; MAE: Mean absolute 402 

Error. 403 

3.5. Uncertainty 404 
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There is clear regional diversity throughout the research area in the Random Forest-derived uncertainty map of 405 

SOC estimates (Fig 8). In valley floors and generally homogenous landscapes, where field observations are more 406 

numerous and environmental circumstances are more uniform, lower uncertainty levels (≈0.79 % SOC) are 407 

typically seen. These regions show increased SOC estimate reliability and model confidence. Uncertainty values 408 

are expressed in the same units as SOC (% SOC), and each value is the standard deviation of the predictions of 409 

the individual Random Forest trees at that pixel. 410 

 411 

 

Figure. 8 Spatial distributions of Random Forest derived soil organic carbon prediction uncertainty, expressed 

as the standard deviation (in SOC %) of predictions across individual Random Forest trees across the study 

area. 

 412 

On the other hand, hilly and structurally complicated areas tend to have greater uncertainty values (up to ≈2.83 % 413 

SOC). Strong soil-terrain interactions, diverse land cover, and steep elevation gradients are characteristics of these 414 

regions that raise forecast variability among individual Random Forest trees. Similar trends have been often 415 

documented in digital soil mapping investigations, where complicated topography and restricted accessibility 416 

frequently lead to uneven or scant soil sample, which increases model uncertainty. 417 

The combined impact of data availability and environmental variation on SOC prediction performance is reflected 418 

in the observed uncertainty distribution. Because forecast reliability is quite poor, regions with higher uncertainty 419 

should be regarded cautiously. Practically speaking, the uncertainty map identifies priority zones for further soil 420 

sample and model improvement, making it a useful decision-support layer. The robustness and transparency of 421 

digital soil mapping outputs are improved by combining such uncertainty information with SOC projections, 422 

especially for land management and environmental assessment applications. In practical terms, a value of ≈2.83 423 
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% SOC means that individual trees disagree by roughly 2.8 percentage points, which is of the same order as the 424 

whole 1.21 - 4.98% range measured in most districts; pixels with such values should be treated as low-confidence 425 

predictions and prioritised for additional sampling, whereas pixels near ≈0.79 % SOC can be used with greater 426 

confidence. 427 

It is important to be clear about what this uncertainty layer does, and does not, represent: the mapped values are 428 

the standard deviation of predictions across the RF ensemble's individual trees, so they capture the model's internal 429 

disagreement about a pixel's SOC value given the available covariates and training samples. They do not capture 430 

SOC laboratory measurement error, spatial positional error in the sample locations, or the additional uncertainty 431 

introduced by extrapolating into covariate combinations poorly represented in the 100 calibration samples (e.g. 432 

the very high-SOC conditions found in parts of Chamba district). Users of this SOC map should therefore treat 433 

the uncertainty layer as a useful, but partial, guide to reliability, and should exercise particular caution in areas of 434 

sparse sampling or unusual covariate combinations. 435 

 436 

4. Discussion 437 

The present study demonstrates that the heterogeneous landscape of the Western Himalayas requires modelling 438 

approaches capable of capturing complex nonlinear relationships between SOC and environmental covariates. 439 

The superior performance of the Random Forest model aligns with recent findings from mountainous regions 440 

globally, where elevation-driven microclimate variability and topographic gradients exert strong controls on 441 

carbon accumulation (Jena et al., 2023; Hengl et al., 2015; Suleymanov et al., 2025). 442 

This suggests that forest structural richness and SOC may be positively correlated in this area, which is consistent 443 

with research showing that higher biomass and canopy cover frequently improve the retention of organic carbon 444 

in forest soils (Ražauskaitė et al., 2020).  This defies the notion that tree density and SOC are directly positively 445 

correlated, indicating that other important variables in SOC dynamics may include disturbance, litter quality, or 446 

soil microbial activity (Bradford et al., 2021). The SOC is transported from higher altitudes, where concentrations 447 

are often lower, to lower elevations, where concentrations are generally greater, by these topography-driven 448 

erosional processes (Jena et al., 2022). 449 

Topographic indices such as MRVBF, TRI, and LS-factor were particularly influential, highlighting the role of 450 

geomorphic processes in SOC redistribution. Steep slopes facilitate erosion and SOC loss, whereas valley bottoms 451 

act as depositional zones. This agrees with earlier studies demonstrating strong terrain–carbon linkages in 452 

Himalayan and Alpine systems (Pahlavan-Rad et al., 2020; Schillaci et al., 2019). 453 

Elevation, MRVBF, slope and TRI plausibly relate to SOC through linked effects on soil moisture, erosion, 454 

deposition and organic matter accumulation. Elevation controls temperature and precipitation: cooler and moister 455 

conditions at higher elevations slow decomposition and favour litter accumulation, which promotes organic matter 456 

build-up. Slope and TRI describe how steep and dissected the terrain is; steep, rugged surfaces shed water, 457 

promote surface runoff and erosion of the organic-rich topsoil, and support shallow, coarse and well-drained soils 458 

that retain less moisture and organic matter. In contrast, gentle and smooth surfaces retain litter and soil. MRVBF 459 

identifies flat valley bottoms and concave positions where eroded soil and organic material are deposited and 460 
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where higher soil moisture slows decomposition, favouring the accumulation and preservation of organic matter. 461 

These interpretations are consistent with the terrain-carbon linkages, they describe likely associations rather than 462 

demonstrated causal mechanisms. 463 

The study broadly consistent with recent digital soil mapping work elsewhere in the Himalaya. In the Kashmir 464 

Himalaya, Farooq et al. (2022) similarly found Random Forest to outperform a geostatistical kriging approach for 465 

SOC mapping in rugged mountain terrain. Using the same four learning algorithms applied here (RF, SVM, Cubist 466 

and a linear model) at a comparable 30 m resolution and 0 - 15 cm sampling depth in the Upper Brahmaputra 467 

Valley of Northeastern India, Kumar et al. (2023) likewise reported RF as the top performer, with rule-based and 468 

linear models trailing behind. Rengma et al. (2023), working in the mid-Himalayan terrain of Uttarakhand, and 469 

Kalambukattu et al. (2025), working elsewhere in the North-western Himalayan region covered by the present 470 

study, both identified elevation and other terrain attributes among the leading SOC predictors using RF-based 471 

digital soil mapping, reinforcing the topography SOC linkage reported here. Collectively, these studies support 472 

RF as a robust default choice for SOC mapping in topographically complex, data-limited mountain settings, while 473 

also indicating that the relative ranking of individual covariates varies with local land use, climate and sampling 474 

design, and should not be over-generalised beyond the specific landscape studied. 475 

One of the key advantages of RF models over other machine learning models is that they evaluate the relative 476 

importance of the covariates in the model (Da Silva et al., 2016). Unlike Cubist methods, which keep the model 477 

intact by stepwise selection of only highly variable and soil variables, RF models do not eliminate them (Akpa et 478 

al., 2014).  Pahlavan-Rad and Akbarimoghaddam, 2018 found that elevation and the CNBL were the most 479 

important factors for predicting soil characteristics in a study carried out in Himachal Pradesh.  480 

In the upper Ganga Valley, low-elevation cultivable fields seem less assured than high-elevation cultivable plains. 481 

The difference in management practices between the more intensively farmed areas explains this (Jena et al 2022). 482 

It is possible that the variables included in these prediction models were required to sufficiently take into 483 

consideration the management factors influencing the spatial variability in the SOC content levels in these 484 

downstream-farmed areas. Because they are less often farmed, the high-elevation lands may be less affected by 485 

management and the larger influence of the terrain features. The equilibrium between carbon inputs and outputs 486 

in soils determines SOC concentrations; this equilibrium is influenced by several factors, including regional 487 

features like vegetation, topography, and environmental circumstances (Sahoo et al., 2019). Topography was the 488 

most important covariate affecting the SOC distribution in our analysis, per (Pahlavan-Rad et al., 2020). 489 

This could be because of favourable microclimatic conditions, less disturbance, or increased litter build up (Brown 490 

and Lugo, 1982). However, even though Solan has the largest tree density, its low SOC indicates that the potential 491 

for carbon sequestration may be limited by saturation thresholds or site-specific soil conditions. Complex 492 

relationships between structural determinants, forest composition, and perhaps environmental factors are shown 493 

by the geographical distribution of SOC between districts. To further understand SOC dynamics in Himalayan 494 

oak forests, more multivariate studies combining climate, topography, soil texture, and land use history are 495 

required, as evidenced by the lack of a clear linear association between SOC. 496 

Interestingly, SOC did not correlate directly with Quercus leucotrichophora density, indicating that vegetation 497 

structure alone cannot explain SOC variability. Rather, the interaction between litter quality, soil microbial 498 
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processes, moisture regimes, and past disturbance appears more important in western Himalayas (Rawat et al, 499 

2021; Tiwari et al., 2023). This is consistent with emerging research emphasizing the dominant role of 500 

microclimatic buffering and soil biological activity in forested mountain systems (Mishra and Gorai, 2022; 501 

Bradford et al., 2021). 502 

This study characterises SOC concentration (% by mass), not SOC stock (mass per unit area, typically expressed 503 

as Mg C ha⁻¹), because bulk density was not measured at the sampling sites. Accordingly, this study focuses on 504 

the spatial mapping of SOC concentration and does not directly estimate SOC stocks or carbon sequestration. 505 

SOC concentration and SOC stock can diverge, particularly across the wide range of slope positions and soil 506 

depths represented in this dataset, so the present maps should be used for identifying relative spatial patterns and 507 

priority areas for SOC conservation rather than for direct carbon-stock accounting; coupling these SOC 508 

concentration maps with bulk density and soil-depth measurements is a priority for future work before they are 509 

used in formal carbon accounting. SOC stock assessment requires additional measurements, in particular soil bulk 510 

density and sampling depth (and, in these stony, skeletal mountain soils, coarse fragment content), and this is 511 

identified as a requirement for future research. 512 

Several limitations of this study should be kept in mind when interpreting the results. First, the ratio of soil samples 513 

to retained covariates (100 samples to 28 covariates, ~3.6:1) is modest for machine learning applications and is a 514 

plausible contributor to model instability, particularly for the more data-hungry Cubist and SVM models; 515 

expanding the sample size, especially in under-represented high-SOC settings such as Chamba district, would 516 

likely improve model robustness. Second, model performance was assessed using the calibration/validation 517 

partitioning, but no fully independent, spatially or temporally distinct validation dataset was available; future work 518 

should test these models against independent field data collected outside the original sampling campaign to obtain 519 

a less optimistic estimate of true predictive performance. Third, although all covariates were resampled to a 520 

common 30 m grid for mapping, several were derived from coarser native-resolution products, so the effective 521 

spatial resolution of the SOC maps in practice reflects this coarser envelope rather than a genuine 30 m level of 522 

detail. Finally, as noted above, the maps presented here describe SOC concentration rather than SOC stock. None 523 

of these limitations undermine the study's central finding that RF substantially outperformed the other three 524 

algorithms for SOC prediction in this landscape, but they should temper claims about the absolute accuracy and 525 

fine-scale spatial precision of the resulting maps. 526 

The poor performance of the Cubist model highlights the limitations of rule-based approaches in steep, complex 527 

terrain where environmental conditions shift abruptly. RF, with its ability to integrate nonlinear interactions and 528 

reduce overfitting through bootstrapping, is more suited for Himalayan SOC prediction. These results reinforce 529 

the utility of ensemble models for DSM applications in ecologically sensitive and topographically rugged 530 

landscapes. Overall, the study provides a spatial baseline of SOC concentration (not SOC stock) that can inform 531 

land management and soil conservation priorities across the North-western Himalayas at the landscape scale 532 

permitted by the coarsest covariates. 533 

5. Conclusion 534 
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This study successfully generated a SOC concentration map on a 30 m output grid (its effective spatial detail is 535 

limited by the coarser native resolution of some covariates) for Himachal Pradesh using four machine learning 536 

techniques. Among them, the Random Forest model demonstrated the highest predictive accuracy (R2 = 0.85, 537 

RMSE = 0.83%), followed at a considerable distance by GLM, SVM and Cubist (Table 2); the physically 538 

implausible extremes produced by the GLM and Cubist models, further support RF as the more defensible choice 539 

for the final SOC map. Topographic variables, particularly elevation, MRVBF, slope, and TRI, were consistently 540 

among the strongest predictors of SOC distribution across models, indicating a strong association between terrain-541 

driven processes and SOC patterns in these moist temperate oak forests; as discussed above, high covariate 542 

importance reflects predictive association rather than proof of a causal mechanism. The RF regression slope of 543 

1.5 (>1) reflects an over-steepening of predictions that is a known artefact of tree-based bagging under skewed 544 

target distributions (here, a few very high-SOC samples from Chamba district), which reinforces why RMSE and 545 

R² remain the primary evaluative criteria. The resulting 30 m SOC concentration maps provide a spatially explicit 546 

baseline that forest managers, policymakers, and conservation planners can use to identify SOC-rich areas 547 

warranting protection and SOC-depleted areas that may benefit from restoration across the seven-district study 548 

area in Himachal Pradesh. Realising the maps' full potential for carbon accounting will additionally require 549 

coupling them with bulk density and soil-depth data to convert SOC concentration to SOC stock, and validating 550 

model performance against soil samples collected independently of the present calibration dataset. The maps 551 

describe SOC concentration and do not directly estimate SOC stocks or carbon sequestration; stock assessment 552 

requires measurements of soil bulk density and sampling depth, which is identified as a requirement for future 553 

research. With these caveats addressed, the RF-based workflow presented here offers a practical, scalable template 554 

for developing standardized SOC inventories elsewhere in the Himalayan region to support land-use planning 555 

and, once combined with bulk density and depth data, carbon-stock assessments relevant to climate change 556 

mitigation. 557 
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