Comparative Assessment of Selected Machine Learning Algorithms for Soil
Organic Carbon Prediction and Mapping (Case Study: East of Khuzestan
Province)

ABSTRACT

Given the spatial variability of soil organic carbon (SOC) as a key indicator of soil quality, its precise regional
mapping is essential. This study compared the performance of random forest (RF), regression kriging (RK), and
extreme gradient boosting (XGBoost) algorithms, and identified the most influential factors controlling SOC
distribution in the Karun-3 watershed. Accordingly, 158 composite surface soil samples (0-5 cm) were collected
using a conditioned Latin Hypercube Sampling (cLHS) design. After preparation, standard laboratory methods
were used to measure several physical and chemical soil properties, including SOC, sand, silt, clay, electrical
conductivity (EC), pH, calcite equivalent carbonate (CCE), and bulk density (BD). Additionally.a set of 31
auxiliary variables — comprising topographic, spectral, and climatic indices, as well as soil charac i
used to model the spatial variability of SOC. These auxiliary variables were pre-processed by removi
near zero variance, and those highly intercorrelated (r > 0.8) with variance inflated factor ) greater tian 10,

The XGBoost algorithm outperformed the others, demonstrating the highest coeffici minatigh (R? =
0.628), the lowest error metrics (RMSE = 0.473 and MAE = 0.316), and the highe i fefMance to
c%isture Index
ol SOC. Analysis

the highest levels,




EXTENDED ABSTRACT
Introduction
Soil organic carbon (SOC) is a key indicator of soil quality and a major component of the global carbon cycle.
Accurate spatial prediction of SOC supports sustainable land management, enhances soil conservation planning,
and contributes to climate-change mitigation by identifying areas with high carbon sequestration potential.
However, SOC typically exhibits strong spatial heterogeneity, driven by interacting environmental factors such as
topography, moisture regime, vegetation cover, and land use. Conventional soil mapping approaches are often
labor-intensive, time-consuming, and expensive. This has motivated the rapid development of Digital Soil
Mapping (DSM) as a cost-effective and scalable alternative.

The Karun 3 Dam watershed (eastern Khuzestan Province, Iran) provides a challenging environment for SOC
mapping due to its complex terrain and diverse land uses, which can create non-linear and multi-factor controls on
SOC distribution. In such landscapes, advanced predictive models are often required to capture the complex
relationships between SOC and environmental covariates. Therefore, the main objective of this study was to
evaluate and compare the predictive performance of three distinct modeling approaches—Rando rest (RF),
Regression Kriging (RK), and Extreme Gradient Boosting (XGBoost)—for spatial prediction of SO
3 watershed. We hypothesized that the gradient boosting framework, particularly XGBoost
other approaches by more effectively learning non-linear relationships and interactions ®gtween S and
environmental covariates under heterogeneous environmental conditions.

Materials and Methods
The study was conducted in the Karun 3 Dam watershed located in ea Khuzestan Bovince, Iran. The
watershed is characterized by rugged topography and heterogeneous land-

letset a tely represented the
ology, soil types, and vegetation
cover, a Conditioned Latin Hypercube Sampling (cLHS) strgllegyas i nted. This was done using the TEUI

were converted to raster format with identical pixel si
samples were collected from a depth of 0-5 cm.

Soil samples were air-dried, passed through a 2 mm
chemical properties. These properties included soil organic caygon (SOC) determined by hot digestion oxidation;
soil pH measured in a saturated soil paste usinga pH meter; ele@rical conductivity (EC) measured in the saturated
paste extract with an EC meter; soil texture mined by thghydrometer method; bulk density (pb) measured
using a cylinder; and calcium carbonate equi
use type and geographical location of the sam

prepared for the measurement of physical and

s wéfe recorded using a Global Positioning System (GPS).

A suite of 55 environmental covariat from Landsat 9 imagery and a 10 m digital elevation model
(DEM) using ENVI 4.7, ABGIS 10.8.2, IS 6.4.0 softwares. These covariates included topographic,
spectral, climatic,ﬂdgoil feawmkes, all co linked to SOC variability. To enhance model stability and

eliminate redunda
variables (r > 0.8) a
variance.

We then followed
ensemble lear
boosted tree framew
patterns; and R

the

ased on recursive partitioning; Extreme Gradient Boosting (XGBoost), a gradient-
esigned for high predictive accuracy and efficient learning of complex non-linear
on Kriging (RK), a hybrid approach combining a multiple linear regression (MLR)
inary kriging of regression residuals to incorporate spatial autocorrelation not captured by

compone
covariates.

Model petformance analysis was evaluated using an independent validation strategy, where 70% of samples
(n = 111) were used for model training and 30% (n = 47) for independent validation. Splitting data into training
and testing subsets was performed employing a cLHS approach to ensure a more balanced and spatial coverage of
both the train and test sample. Predictive accuracy assessment was caried out using the coefficient of determination
(R?), root mean square error (RMSE), mean absolute error (MAE), and ratio of performance to interquartile range
(RPI1Q) metrics. To further examine model robustness, bootstrap resampling was performed within the caret
package in R.

To prepare a map of the spatial distribution of SOC using RF and XGBoost models, the final and optimized
model for each method was applied to every pixel of the region using the full set of environmental variables to
produce the SOC prediction map. For developing the SOC distribution map using the RK approach, the final SOC
distribution map consisted of two separate steps. In the first step, a multiple linear regression model was fitted to
the sampling points and applied to all raster layers of the region to generate the predicted SOC trend map. In the
second step, using the optimum variogram fitted to the residuals of the regression model and ordinary kriging, the



residual values were estimated and interpolated, then applied to all pixels in the study area. Finally, the final SOC
distribution map was produced by the sum of the trend map and the kriged residuals.

To quantify the uncertainty of predictions using RF and XGBoost models, we employed the 90% prediction
interval (P1) width To compute this index for tree-based methods, we first calculated, for each pixel, the
distribution of predictions obtained from different trees (in the RF model) or from bootstrapped models (in the
XGBoost model). The distance between the 5th and 95th percentiles of this distribution was then computed and
used as the uncertainty measure. However, uncertainty in the RK method was derived from two separate sources.
First, the variance of the trend estimate, attributable to uncertainty in the regression model coefficients, was
computed. This value was then added to the variance derived from residual kriging.

Results
Model comparison revealed a clear ranking in predictive performance. XGBoost provided the most accurate SOC
predictions, achieving R?=0.628, RMSE = 0.473, MAE = 0.316, and RPIQ = 1.980. Random Fgrest showed

¢
spatial autocorrelation remaining in the residuals after accounting for ¢ iates, or potentia haﬁges in fitting
a stable variogram structure under strong environmental heterogeneity.
Variable-importance analysis highlighted BD, CCE, Carbonate Index
Moisture Index (NDMI), and Lthe ength Slope Factor (Ls-Factor) as the
to the spatial districution of SOC in this study. The impo%:e of BD, C

alized Difference
ictors contributing

the role of soil physical condition and moisture status in reg@ffating S

The resulting SOC maps indicated higher SOC tioWmln t
watershed. In contrast, the central areas showed th i
confidence in this zone. Spatial uncertainty patterns furth
potentially additional covariates or sampling intensificaty

nce

uncertainty, suggesting stronger model
the need for careful sampling design and

Conclusions
This study demonstrates XGBoost as the mo ective appro@@h for regional SOC mapping within the complex
Karun 3 watershed, outperforming RandomWorest (RF) and@iegression Kriging (RK). The practical value of
XGBoost lies in its ability to accurately ca
thereby improving the reliability of digital soi
maps can assist land managgrs and decisi
conservation efforts. Futufe regearch sho

ng outputs. The generated SOC prediction and uncertainty
identifying high-potential carbon sinks and prioritizing soil
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