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Abstract—Accurate estimation of soil organic carbon (SOC) is critical in arid, data-limited regions where
land degradation and climatic stress disrupt carbon cycling. We developed a hybrid learning—geostatistical
framework that couples Bayesian-tuned gradient boosting decision trees (GBDT) with ordinary kriging (OK)
of model residuals to capture both covariate-driven variance and residual spatial autocorrelation. Field-mea-
sured SOC observations were integrated with Landsat-8/9 spectral derivatives (vegetation and soil reflectance
indices). GBDT modeled nonlinear SOC—environment relationships; OK then interpolated the spatially
structured residuals, and the two components were summed to form final predictions. The hybrid raised held-
out performance to R* = 0.72 and reduced RMSE by 32.8% relative to GBDT alone. Vegetation indices
explained 57% of the variance attributed to predictors (rising to 66.6% when the brightness index is included),
indicating a central role for plant-soil feedbacks in carbon accumulation. The approach is readily scalable for
semi-arid landscapes and supports evidence-based restoration targeting, climate adaptation planning, and
MRYV (monitoring, reporting, verification) of carbon outcomes.
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INTRODUCTION

Soil organic carbon (SOC) represents an important
fraction of the terrestrial ecosystem, functioning as its
most extensive carbon sink and exerting significant
influence over the global carbon budget [53]. Even
slight alterations in SOC can affect atmospheric CO,
concentrations over decades, positioning SOC accu-
mulation as an effective and economical approach to
climate change mitigation [40]. In addition to its role
in carbon dynamics, SOC significantly enhances soil
health by influencing structure, moisture retention,
nutrient turnover, and biological interactions, making
it a critical indicator of land degradation [9, 47].

A multitude of factors, including parent material,
climate variability, landscape position, vegetation type,
and human interventions like farming practices, affect
SOC’s levels and spatial arrangement [4, 37]. Owing to
this heterogeneity, producing detailed SOC maps is a
core aim of digital soil mapping to optimize land-use
and carbon-sequestration strategies; such maps help
locate high carbon-storage zones and areas vulnerable
to degradation or poor management [ 14, 20, 27].

While lab-based SOC quantification is highly
accurate, sparse field sampling and costly, time-con-
suming analyses limit coverage and resolution, espe-
cially in unstable or remote regions [6, 29, 57].
Advances in remote sensing (RS) and machine learn-
ing (ML) address these constraints: RS provides cost-
effective, wall-to-wall covariates, spectral indices,
topography, and climate, and reflectance in the visi-
ble, near-infrared, and shortwave-infrared ranges cor-
relates with organic content; indices such as NDVI,
SAVI, and EVI offer indirect yet reliable indicators of
surface-level carbon dynamics [1, 25, 49]. ML models
non-linear relationships between these environmental
covariates and observed SOC, enabling scalable, high-
resolution mapping for modern land-management
decisions [43, 45, 72].

Among machine learning models, ensemble meth-
ods, especially GBDT, have emerged as powerful tools
for soil prediction tasks due to their ability to model
complex, non-linear relationships and deal with col-
linearity and spatial variance [7, 44, 73]. Models such
as Random Forest (RF), Classification and Regres-
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sion Trees (CART), and Cubist also show robust pre-
dictive power using spectral inputs [42]. In areas like
northern Iraq, where access and data are limited,
XGBoost was recently shown to outperform RF, deliv-
ering high accuracy when trained on Landsat bands,
NDVI, SAVI, and elevation data [26].

Despite these advances, few studies have systemat-
ically compared various GBDT approaches and tun-
ing methods under remote-sensing-only conditions,
especially in semi-arid, data-deficient landscapes.
Previous work using XGBoost [26] did not explore the
impact of model optimization or alternative GBDT
setups, leaving significant methodological gaps.

The Amediya region in northern Iraq combines
steep, dissected terrain (1046—1506 m), a Mediterra-
nean climate with a xeric moisture regime, sparse
shrub, grass cover, and extensive rainfed cropland,
conditions that limit field access and yield scarce,
uneven SOC observations. These constraints make a
spectral-only covariate set especially pertinent: vege-
tation-season imagery (July) allows indices such as
NDVI, SAVI, EVI, and MSAVI to proxy organic
inputs and canopy productivity, whereas the late-dry
season (September) bare-soil window enables soil-
sensitive metrics (e.g., BI, NDSI, SRCI, GSI) to cap-
ture brightness, texture, and carbonate effects linked
to SOC stabilization. At the same time, orographic
controls and the land-use mosaic impart moderate
short-range spatial dependence in SOC that spectral
covariates may not fully explain. We therefore pair a
Bayesian-tuned GBDT (to model nonlinear SOC—
spectral relations) with ordinary kriging of residuals
(to correct local bias and honor remaining spatial con-
tinuity), a strategy well-suited to Amediya’s data-
scarce, heterogeneous landscape.

This study sets out to (i) assess the extent to which
Landsat-derived spectral indices, when modeled
through Bayesian-optimized GBDT, can predict SOC
in a semi-arid, data-limited region; and (ii) evaluate
whether combining this with kriging of residuals (i.e.,
a GBDT-OK hybrid) enhances accuracy. We hypoth-
esize that (a) fine-tuning hyperparameters will signifi-
cantly improve GBDT model performance, and
(b) regression kriging will further refine predictions by
addressing spatial autocorrelation not captured by
machine learning alone.

MATERIALS AND METHODS

Description of the study area. The research was con-
ducted in the Amediya sub-district, situated approxi-
mately 70 km north of Duhok Province in northern
Iraq, covering around 20.06 km? between latitudes
37°40’—37°60" N and longitudes 43°27"-43°30" E. The
elevation ranges from 1046 to 1506 m above sea level
(Fig. 1).

The region exhibits a thermic soil temperature
regime, where annual mean soil temperatures range

between 15 and 22°C, with more than a 6°C seasonal
variation at 50 cm depth. Its xeric soil moisture regime
is typical of Mediterranean climates, characterized by
extended dry periods following the summer solstice
and moist conditions during winter months. These cli-
matic traits influence both soil development and land
use [56].

Soils in the area are generally non-saline and cor-
respond mainly to Rendzic Leptosols in the World
Reference Base for Soil Resources [67]. These soils,
commonly known as Rendzinas, typically form on
calcareous parent materials, such as the limestone and
marl prevalent in the region. They are characterized by
a dark, humus-rich surface horizon directly overlying
the calcareous material. The mountainous, semi-arid
Mediterranean climate of the study area is character-
istic for the formation of Leptosols, rather than Cher-
nozems, which are archetypal soils of continental
grassland ecosystems.

The climate corresponds to the Koppen classifica-
tion type Csa, signifying a Mediterranean pattern with
hot, dry summers and mild, wetter winters. Annual
precipitation averages around 633.4 mm, largely con-
centrated in winter and spring. Rainfall is scarce
between July and October, contributing to seasonal
drought risk. Vegetation is relatively sparse and mainly
consists of shrubs and grasses. The area’s plant cover
can be categorized into high and medium forests, bush-
lands, and grasslands. Upland zones near the Great Zap
River host dry oak forests. Bush formations dominate
the landscape, while grasslands, covering over 16% of
the area, serve as grazing land for livestock [36].

Soil sampling and laboratory analysis. To facilitate
systematic sampling, the study area was overlaid with
a 500 x 500 m grid. Soil samples were collected near
the corners of each grid cell (Fig. 1). Sampling was
conducted from the topsoil layer (0—20 cm). When
grid corners were inaccessible due to steep terrain,
built-up zones, roads, or water bodies, nearby substitute
locations were selected, and their GPS coordinates
were recorded. Collected soils were air-dried at ambient
temperature, manually cleaned to remove coarse frag-
ments and organic debris, then ground and sieved
through a 2 mm mesh before analysis. Soil organic car-
bon (SOC) concentrations were measured using the
modified Walkley-Black dichromate oxidation method
as described by Nelson and Sommers [41].

Remote sensing variables and image processing. To
support the spatial modeling of soil organic carbon
(SOC), multispectral Landsat imagery was selected to
capture two complementary surface conditions: one
corresponding to peak vegetation cover and the other
to maximum soil exposure. Specifically, Landsat 8
Operational Land Imager (OLI) data from September
2021 and Landsat 9 OLI-2 data from July 2022 were
obtained from the USGS Earth Explorer platform
[61]. The July 2022 imagery was selected to represent
peak growing season conditions, maximizing vegeta-
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Fig. 1. Location of the study area and distribution of training (green) and test (red) points. The white—grey background represents
a hillshade digital elevation model (DEM) illustrating the topographic variability of the area. Contour lines are derived from the

DEM with a vertical interval of 5 m.

tion signal and facilitating the extraction of vegetation
indices such as NDVI and EVI. Conversely, the Sep-
tember 2021 imagery was selected to capture minimal
vegetation cover, corresponding to post-harvest or
dry-season conditions, thereby enhancing the detect-
ability of soil reflectance characteristics [29. 30].

The use of different Landsat platforms for each
acquisition was driven by data quality and availability.
Over the study area, cloud-free Landsat 8 imagery was
not available for July 2022, whereas Landsat 9 pro-
vided high-quality, cloud-free imagery during this
period. In contrast, suitable Landsat 8 data were avail-
able for September 2021, while Landsat 9 data for that
period either contained cloud contamination or were
not available. The integration of imagery from Land-
sat 8 and Landsat 9 is considered methodologically
sound, as both sensors have near-identical spectral
bands and spatial resolution, with Landsat 9 OLI-2
designed to replicate the performance of Landsat 8
OLI while improving radiometric resolution from 12
to 14 bits [62]. Studies have confirmed the geometric
and radiometric consistency between the two sensors,
with co-registration errors typically below 2.5 meters
RMSE, well within acceptable limits for 30 m spatial
resolution data [10].

All images were atmospherically corrected prior to
analysis using the Dark Object Subtraction (DOSI1)

EURASIAN SOIL SCIENCE  Vol. 59:64 2026

method implemented through the Semi-Automatic
Classification Plugin in QGIS. This preprocessing
step was essential for minimizing atmospheric effects
and ensuring consistency across the datasets, thereby
supporting accurate index derivation and SOC spatial
modeling [5].

Radiometric indices. Incorporating spectral indices
as auxiliary variables in soil organic carbon (SOC)
prediction models improves accuracy by mitigating
reflectance-related distortions [70]. This study
selected a suite of vegetation, and soil-sensitive indices
known for their association with SOC. Vegetation
indices included the Normalized Difference Vegeta-
tion Index (NDVI) [35, 36], Enhanced Vegetation
Index (EVI) [23], Soil-Adjusted Vegetation Index
(SAVI) [38, 39], and its modified form, the Modified
SAVI (MSAVI) [40, 41].

In addition to vegetation metrics, soil-specific indi-
ces were also utilized. The Brightness Index (BI), ini-
tially developed by Escadafal [13], was included to cap-
ture general soil reflectance. Given the significant
absorption of shortwave infrared radiation by clay and
carbonate minerals, relevant indices were derived from
September satellite imagery, chosen for its minimal soil
moisture conditions, enhancing bare soil detection [5].

Additional soil-sensitive radiometric indices were
integrated to complement canopy metrics, including



64 Page 4 of 14

GUNAL et al.

Table 1. Radiometric indices chosen for application in soil organic carbon spatial prediction models

Index Formula
Brightness Index /b42 + p3?
Simple Ratio Clay Index b6/ b7

Grain Size Index
Normalized Difference Vegetation Index

Soil-Adjusted Vegetation Index
Modified Soil Adjusted Vegetation Index

Enhanced Vegetation Index

Normalized Difference Soil Index

(b4 — b3)/(b4 + b3 + b2)
(b5 — b4)/(b5 + b4)
(68 — b4)) /(b8 + b4 + 0.5)) x 1.5

@xb5+1-[((2xb5+1)° — 8 x (65 - b4)) /2
2.5 (b5 — b4)/(b5 + 6 b4 —7.5x b2 +1)
(b7 — b2)/(b7 + b2)

the Simple Ratio Clay Index (SRCI), the Topsoil
Grain Size Index (GSI) [68], and the Normalized Dif-
ference Soil Index (NDSI) [11]. All indices were com-
puted from Collection-2 surface reflectance of Land-
sat-8 OLI and Landsat-9 OLI-2 using the band com-
binations listed in Table 1. Throughout, b2—b7 denote
blue, green, red, NIR, SWIRI, and SWIR2, respec-
tively; b8 denotes the panchromatic band and is not
used in these indices unless explicitly stated in Table 1.

The timing of the satellite imagery acquisition was
selected to correspond closely with the soil sampling
period. Distinct dates were chosen for computing vege-
tation-related and soil-related radiometric indices. For
vegetation indices, such as NDVI, EVI, SAVI, and
MSAVI, images from July 2022 were used, as this period
exhibited peak vegetation vigor, reflected by the highest
NDVI values. Conversely, images captured in late Sep-
tember 2021, representing the driest conditions and
lowest NDVI values, were employed to derive soil-
related indices such as SRCI, GSI, and NDSI.

Spatial Modeling of Soil Organic Carbon Distribution

Gradient boosting decision tree (GBDT). GBDT is
a supervised learning algorithm that constructs pre-
dictive models through the sequential application of
regression trees using the gradient boosting framework
[15]. Each iteration of the Least Squares Boosting
(LSBoost) algorithm aims to minimize the residuals,
i.e., the differences between predicted and observed val-
ues, by optimizing a predefined loss function. With each
step, a new base learner (denoted as hk(x)h k(x)) is
added to the model ensemble Fk(x), improving predic-
tion accuracy through functional gradient descent [33].
Model development was performed using MATLAB’s
fit ensemble function, employing Bayesian optimiza-
tion to fine-tune the hyperparameters. A 10-fold cross-
validation approach was used to ensure robustness.

Hybrid approach. GBDT combined with kriging.
To improve prediction accuracy, a hybrid methodol-
ogy integrating machine learning with geostatistical

interpolation was implemented (Fig. 2). The modeling
approach followed a three-stage process. Initially,
GBDT was applied to predict SOC levels based on
remote sensing-derived radiometric indices. Next,
OK was used to model the residuals from GBDT pre-
dictions, capturing spatial patterns that the machine
learning model alone may have missed. Finally, the
kriged residuals were added back to the GBDT esti-
mates, generating a refined SOC prediction surface
that leverages both the predictive strength of GBDT
and the spatial continuity modeled by OK [52].

The GBDT, optimized using Bayesian algorithms,
was applied to the training dataset to predict SOC val-
ues. Residuals were calculated by subtracting observed
laboratory-based SOC measurements from the
GBDT-predicted values at each sampling location, as
shown in Eq. (1):

1) = PSOCqppr) — p(SOCpps), (1)

where Tp) is denotes the residual at point p,
P(SOCggpr) is the SOC predicted by GBDT model

and p(SOCggg) is the observed SOC determined with
laboratory analysis. These residuals were then spatially
interpolated using OK to capture spatial patterns not
accounted for by the machine learning model. The
kriged residuals at point p are given in Eq. (2):

’{p) = 27"!”(10) (2)

In this equation, 7, is kriging-interpolated resid-
ual, 2 A; are optimal weights with > A =1 and Np) are
the residuals estimated from neighboring sample
points. The final step is to calculate the final SOC pro-
duced as the sum of the GBDT estimates and the OK
estimates of the residuals (Eq. (3)).

SOC(p) = p(SOCqppr) + r(,p)‘ 3)

This approach integrates the predictive capability
of the GBDT model with the spatial sensitivity of geo-
EURASIAN SOIL SCIENCE

Vol. 59:64 2026



DATA-SCARCE DRYLAND SOC MAPPING USING LANDSAT SPECTRAL INDICES

Page 5 of 14 64

RAW DATA
Measured SOC
65 points
Random
partition
Test data set | [Training data set|
18 points 47 points
I
! Ordinary Kriging
! o Testing
! g Input:x,y | |[————~"—"—" """~ ———————————-— -
: E coordinates
.DED| t
o =
'
GBDT
| Ordinary Kriging
! 50 Input: Residual Predicted -
| é Radiometric lnput:. GBDT Residual g
: s remote sensing residual g
) &= indices 1 I 3]
I F i I [Sum}— &
| (. | ! g
| (. | ! 5
1 (. \ 1 g
1 1 : | : <
| | |
1 (. 1 !
l P! I ' _ _ Predicted  _
1 Testi I : I Residual
_ _Testing _ _ _L ) o _____ | um = »
L = L L o o o o e o o e e e e D D D ____ Predicted _ s
SOC

Fig. 2. Three-stage hybrid modeling workflow for spatial Soil Organic Carbon (SOC) estimation.

statistical interpolation, enhancing the accuracy of
SOC spatial predictions.

Model evaluation metrics. The dataset was randomly
divided into a training set (70%) and a testing set (30%)
using the “Random selection within subsets” tool in
QGIS. The predictive accuracy of the models was
assessed using three statistical measures: the coefficient
of determination (R?), root mean square error (RMSE),
and mean absolute error (MAE), following the
approach described by Shcherbakov et al. [54].

The R? value, which indicates the proportion of
variance in the observed data explained by the model,
was calculated as (Eq. (4)):

n

Z (J’i - yi)2

R =1--2 :
Z(yz _yavg)2
i=l1

RMSE and MAE were used to measure prediction
errors, defined as follows (Egs. (5) and (6)):

C))

%)
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n

2 (vi=x
MAE=i=L
n
where y; is observed SOC value, y; is predicted SOC
value, y is the mean of observed SOC values, and n is
number of observations.

; (6)

RESULTS

Descriptive statistics. Table 2 presents the sum-
mary statistics for SOC content in both the training
and testing subsets used in the spatial prediction mod-
els. In the training set, SOC values ranged from 0.25 to
1.68%, with an average of 0.74%. The testing set
showed a similar distribution, with SOC values span-
ning from 0.32 to 1.68% and the same mean value of
0.74%. The overall standard deviation in the full data-
set was 0.40, compared to 0.42 in the training set and
0.32 in the test set. The coefficient of variation (CV)
was calculated as 53% for the full dataset, 57% for the
training data, and 43% for the test data, indicating
moderate variability in SOC content across samples.

Spatial distribution models and accuracy assessment.
Gradient boosting decision tree (GBDT). To enhance
the predictive power of the model, hyperparameters
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Table 2. Descriptive statistics for test, training and all data sets

Parameter Min Max Mean Median Std. Dev CV, %
All dataset 0.25 2.68 0.74 0.60 0.40 53
Training dataset 0.25 1.68 0.74 0.60 0.42 57
Test dataset 0.32 1.68 0.75 0.66 0.32 43

Table 3. GBDT Model Optimization Summary: Hyperparameters and Performance Comparison

Metric/Parameter GBDT-1* | GBDT-2 | Improvement, % |Training (GBDT-2)| Testing (GBDT-2)
Cross-validation loss (CVL) 0.39 0.26 -33
Coefficient of Determination (R?) 0.21 0.65 +213 0.83 0.65
Root Mean Square Error (RMSE) 0.39 0.23 —42 0.19 0.23
Mean Absolute Error (MAE) 0.17 0.13 —24 0.14 0.13

*GBDT-1 (baseline): Untuned model using library default hyperparameters; GBDT-2 (tuned): Model obtained via Bayesian hyperpa-
rameter optimization; CVL (cross-validation loss): Mean squared error averaged across K folds on the training partition (lower is better);
% Improvement: Calculated as (GBDT-2—GBDT-1)/|GBDT-1| x100; decreases in error/loss indicate improvement (negative sign).

Table 4. Optimal semivariogram model parameters for ordinary kriging interpolation of soil organic carbon (SOC) content

in the training dataset and GBDT residuals

. . . RMSE
Variogram Model Range, km Nugget Sill Nugget/Sill, % (Test Dataset)
SOC Stable 2.5 0.31 0.42 74.7 0.38
Residual SOC | Stable 4.0 0.04 0.04 97 0.16

were tuned to reduce cross-validation loss (CVL). The
initial GBDT-1 model yielded a CVL of 0.39, while
the optimized version, GBDT-2, showed a lower CVL
of 0.26, indicating a significant improvement in gener-
alization capability. The test dataset’s R? increased
from 0.21 in GBDT-1 to 0.65 in GBDT-2 (Table 3),
indicating a greater proportion of explained variance.

Error metrics further confirmed the performance
gain: RMSE declined from 0.39 to 0.23 and MAE
from 0.17 to 0.13. Overall, CVL decreased by 33.3%, R?
increased by 0.44, RMSE decreased by 42%, and
MAE by 24%. The optimized model (GBDT-2)
achieved R?2=0.83 on the training set and R?=0.65 on
the independent test set. Key hyperparameters for
GBDT-2 included: minimum parent size = 10, min-
imum leaf size = 5, learning rate = 0.113, number of
learning cycles (trees) = 47, and maximum tree
depth = 4.

Kriging-based spatial model. The optimal parame-
ters for OK applied to SOC data are summarized in
Table 4. Since the Kolmogorov-Smirnov test indi-
cated a departure from normality, a logarithmic trans-
formation was applied to meet the assumptions
required for geostatistical modeling. Several semivar-
iogram models, spherical, exponential, Gaussian, and
stable, were tested. The Stable model provided the best
fit based on cross-validation results, as it yielded the
lowest RMSE and highest R? values. The nugget-to-

sill ratio for the raw SOC data was 74.7%, suggesting
moderate spatial dependence, while the residuals had
a ratio of 97%, indicating weak spatial correlation.

The residual variogram displayed a low nugget effect
(0.04), implying minimal spatial structure, an expected
outcome given the reduced spatial autocorrelation post-
GBDT modeling. The flexible nature of the Stable
model made it well-suited to represent the spatial con-
tinuity characteristics of the SOC dataset, thereby
enhancing the accuracy of spatial interpolation.

Integrated GBDT-ordinary kriging model. For the
hybrid GBDT-OK model, out-of-fold training perfor-
mance was R2=0.90, RMSE =0.16, and MAE = 0.01,
while the independent test set yielded R> = 0.72,
RMSE =0.15, and MAE = 0.12; the shifts from train-
ing to testing indicate strong generalization with mod-
est degradation primarily in absolute error (Table 5).

The GBDT prediction map (Fig. 3) showed SOC
values ranging between 0.29 and 1.68%, with a median
concentration of 0.62%. Given the non-normal distri-
bution of the predictions, the first and third quartiles
were 0.60 and 0.79%, respectively, while the mean
value was 0.69%. This spread reflects the model’s abil-
ity to capture substantial spatial variability, owing to its
capacity to integrate multiple environmental predic-
tors and model complex nonlinear interactions. The
SOC distribution map reveals pronounced spatial het-
erogeneity, with distinct zones of high and low carbon

EURASIAN SOIL SCIENCE
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Fig. 3. Comparative spatial distributions of soil organic carbon (SOC) content (%) predicted by: (a) Gradient Boosted Decision
Trees (GBDT), (b) GBDT-Ordinary Kriging hybrid model, and (c¢) Ordinary Kriging (OK) alone.

concentrations, likely influenced by topography, land
cover, and land management practices. While this
detailed spatial variability can help identify SOC-rich
zones and prioritize areas for intervention, field-based
verification remains essential to confirm that localized
predictions align with ground-truth conditions.

The integrated GBDT—OK approach (Fig. 3b),
which combines data-driven prediction with spatial
interpolation of Ordinary Kriging residuals, produced
SOC estimates ranging from 0.19 to 1.76%. Given the
non-normal distribution of the spatial predictions, the
SOC distribution is summarized using robust statis-
tics, with a median value of 0.59% and first and third
quartiles of 0.43 and 0.88%, respectively, while the
mean value was 0.70%. The broader distribution com-
pared to GBDT alone indicates that incorporating
residual spatial patterns via kriging improves predic-
tions, particularly in areas where GBDT may exhibit
systematic biases.

In contrast, the standalone Ordinary Kriging
model (Fig. 3¢) produced a narrower range of SOC

estimates, varying between 0.43 and 0.91%, with a
mean value of 0.64%. This reduced variability reflects
the strong smoothing effect of OK when applied to a
limited number of field observations, resulting in an
underrepresentation of extreme SOC values. This nar-
rower range reflects kriging’s tendency to smooth pre-
dictions and gravitate towards mean values, especially
when sample density is limited or uneven. The spatial
continuity evident in the OK map reflects the model’s
reliance on the semivariogram, which may reduce
sharp variations while providing reliable interpolation
under sparse sampling conditions.

Variable importance in soil organic carbon estima-
tion. The contribution of each predictor to SOC esti-
mation was evaluated using the feature importance
scores from the GBDT model. To enable direct com-
parison, all importance values were normalized to a
scale where the highest-ranking variable was set at
100%. This facilitated a clear assessment of which
covariates had the greatest influence on SOC variabil-
ity across the study area.

Table 5. Accuracy assessment of the GBDT-OK hybrid model

Data set R? MAE, % RMSE, % Relative Importance-GBDT, %
Training 0.90 0.01 0.16 15.7
Test 0.72 0.12 0.15 32.8

EURASIAN SOIL SCIENCE  Vol. 59:64 2026
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Fig. 4. Relative importance (%) of vegetation and soil spectral indices in soil organic carbon prediction.

Among the vegetation-related indices, NDVI con-
tributed the most at 15.1%, followed by SAVI (14.5%),
EVI (14.4%), MSAVI (13.0%), and B1 (9.6%). Collec-
tively, these vegetation indicators accounted for 66.6%
of the total variance explained in the model (Fig. 4).
Regarding soil spectral indicators, NDSI emerged as
the top contributor (12.0%), with SRCI and GSI
explaining 10.9 and 10.4% of the variance, respec-
tively. Altogether, the soil index variables contributed
21.3% to the overall model performance.

DISCUSSION

Analyzing descriptive statistics is a crucial first step
in digital soil mapping, offering insight into the under-
lying patterns and variability of SOC data. This statis-
tical overview not only contextualizes raw observa-
tions but also enhances the interpretability of machine
learning models, defined as the ability to understand
how and why a model generates specific outputs [39].
The observed consistency in summary metrics sup-
ports the reliability of SOC data for modeling its spa-
tial distribution.

Influence of Model Optimization and Parameter
Tuning. Tuning model parameters improved the accu-
racy of SOC predictions, with R? values increasing
from 0.65 to 0.72 following the integration of geosta-
tistical residuals with machine learning predictions
(Tables 3, 5). These improvements are consistent with
earlier work by Emadi et al. [12], Zhang et al. [74], and
[44] Parvizi and Fatehi, which emphasized the
importance of combining statistical optimization with
spatial modeling techniques to refine SOC mapping.
Moreover, variations in optimal hyperparameter set-
tings reported in studies such as Budak et al. [7] and
Guo et al. [19] indicate the context-specific nature of

model tuning, as differences in predictor variables and
dataset structures can influence overall performance.

The optimal setting for the Minimum Leaf Size
hyperparameter in gradient boosting models is highly
context-dependent, influenced by the specific charac-
teristics of the dataset, the nature of the prediction
task, and interactions with other tuning parameters. In
this study, the Minimum Parent Size, representing the
smallest number of observations required in a node
before further splitting, was set to 10. This falls within
the broader range of values (2 to 10) reported in previ-
ous SOC spatial modeling efforts [7, 16, 72]. Ye et al.
[71] employed a related hyperparameter, min_child -
weight, within the XGBoost framework to predict soil
organic matter in Nhui Province using GF-6 satellite
data. Their model, tuned with a min_child weight of 4,
achieved an R? of 0.63, demonstrating that parameters
controlling model complexity can substantially impact
prediction accuracy. These hyperparameters are sensi-
tive to factors such as the type of covariate data (e.g.,
UAV imagery, Sentinel products), sample size, and the
underlying model architecture. The satisfactory per-
formance of the GBDT-2 model in this study,
achieved through LSBoost and Bayesian optimiza-
tion, demonstrates that properly tuned hyperparame-
ters contribute meaningfully to model robustness and
predictive power.

Effectiveness of the GBDT-OK hybrid model. The
spatial structure of soil organic carbon (SOC) in this
study exhibited moderate spatial dependence, as
reflected by a nugget-to-sill ratio of 74.7%. This level
of dependence is consistent with findings from prior
studies (e.g., [3], which demonstrated that SOC vari-
ability is shaped by environmental gradients such as
land use patterns, vegetative cover, and terrain com-
plexity. Conversely, the residuals derived from the
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GBDT model displayed a much higher nugget/sill
ratio of approximately 97%, signifying that any
remaining spatial variation in the residuals is weak or
nearly random.

Despite this low spatial autocorrelation in the
residuals, the use of OK in the regression-kriging
framework remains methodologically sound. Incor-
porating OK provides a means to capture subtle spatial
signals or anomalies not fully explained by the
machine learning model. Even when residuals exhibit
near-randomness, kriging can function as a spatial
smoothing tool, addressing localized model inaccura-
cies and reducing prediction noise [28, 60]. This inte-
gration enhances the visual consistency and interpret-
ability of SOC spatial maps, especially in data-sparse
areas or transition zones between land use types.

Moreover, from a theoretical standpoint, regres-
sion kriging tends to default to the regression output
when residuals lack spatial structure, ensuring model
parsimony and reducing the risk of overfitting [18].
This principle was reflected in our findings, where the
minimal nugget variance (0.041) indicated limited
spatial correlation in residuals, validating the GBDT
model’s explanatory strength. Nevertheless, incorpo-
rating OK remains a standard geostatistical procedure
in digital soil mapping, used even in cases of weak spa-
tial dependence to account for overlooked local trends
and reinforce spatial continuity [21, 75].

The results demonstrate the practical advantage of
integrating OK with machine learning for SOC pre-
diction. Although the residuals exhibited weak spatial
dependence, the hybrid GBDT-OK model achieved
superior performance. This indicates that the geosta-
tistical layer captured additional spatial nuances
beyond those explained by covariates alone. Specifi-
cally, RMSE was reduced by 15.7% in the training set.
An even greater reduction of 32.8% was observed in
the test set compared with the optimized GBDT-2
model. These gains demonstrate the hybrid model’s
ability to generalize better and detect subtle spatial
heterogeneity.

When juxtaposed with other spatial modeling
approaches, such as artificial neural networks (ANNSs)
using elevation, temperature, precipitation, and
NDVI as inputs, our model demonstrated comparable
improvements in RMSE (approximately 26.9%) to
those observed in kriging-enhanced systems, includ-
ing universal kriging and inverse distance weighting
methods. This suggests that combining GBDT with
kriging is not only statistically sound but also highly
effective in digital soil carbon mapping.

Contribution of vegetation and soil texture indica-
tors to SOC prediction. The results of this study cor-
roborate earlier findings by Parvizi and Fatehi [44]
and Liu et al. [30], which demonstrated that hybrid
geostatistical approaches, such as regression kriging
and stratified kriging using spatial detectors, can
enhance the precision of SOC spatial predictions.

EURASIAN SOIL SCIENCE  Vol. 59:64 2026

Their reported RMSE improvements, ranging from
13.7 to 21.6%, align well with the performance gains
observed in our GBDT-OK model. These improve-
ments are especially meaningful in the context of the
inherent variability in SOC content, indicated by the
high coefficient of variation and moderate spatial
dependence observed in our dataset.

A key driver of this enhanced predictive capacity lies
in the effective optimization of the GBDT model.
Unlike other nonlinear models such as multilayer per-
ceptron neural networks, GBDT iteratively corrects
errors by concentrating on underperforming estimators
(weak learners), thereby directly minimizing the loss
function. Coupled with Bayesian hyperparameter tun-
ing, this strategy strengthens the model’s ability to learn
complex patterns while avoiding overfitting [51, 59].

The variable importance analysis showed that veg-
etation indices (e.g., NDVI, SAVI, EVI, MSAVI) col-
lectively explained 66.6% of the variance in SOC pre-
dictions. These indices are sensitive to canopy density
and plant productivity. Both factors are closely linked
to organic matter inputs and carbon cycling processes.
Soil indices including NDSI, SRCI, and GSI contrib-
uted an additional 21.3%. This reflects the influence
of surface texture and mineral composition in SOC
estimation. The comparable contributions of vegeta-
tion and soil-based spectral indicators indicate the
multifactorial controls on SOC distribution. This
finding supports the inclusion of diverse covariates in
spatial modeling frameworks.

The findings reveal the dominant influence of veg-
etation-related variables in predicting SOC levels
across the study area. Among the vegetation indices
analyzed, NDVI, SAVI, and EVI emerged as the most
influential predictors of SOC, consistent with the
observations of Zhong et al. [76] and Wang et al. [65],
who reported a similar predictive strength of NDVI
and BI in SOC mapping across diverse landscapes.
The strong contribution of SAVI in this study is partic-
ularly relevant, as this index is particularly effective in
environments characterized by limited vegetation
cover. SAVI compensates for soil brightness and
reduces reflectance variability caused by sparse vege-
tation and topographic shading, thereby improving
accuracy in semi-arid and arid ecosystems [2, 24].

Despite the prominence of vegetation indices, abi-
otic constraints remain pivotal in arid rangelands.
Deane McKenna et al. [35] reported that precipitation
regimes and intrinsic soil properties often exert greater
control over carbon dynamics than vegetation or man-
agement practices. This suggests that while vegetation
metrics are essential for capturing aboveground influ-
ences on SOC, their impact may be modulated by
deeper soil and climatic controls, especially in water-
limited environments.

Limitations and insights in remote sensing-based
soil organic carbon estimation. Estimating SOC using
remote sensing data presents significant challenges
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due to the inherent spatial heterogeneity of soil prop-
erties. This variability complicates the establishment
of precise relationships between soil characteristics
and data derived from medium- to low-resolution sat-
ellite imagery. However, empirical spectral indices
such as the NDSI offer a practical solution by improv-
ing the ability to identify exposed soil surfaces and
accentuate relevant soil features [11]. In the present
study, NDSI emerged as the most influential soil
index, reaffirming its effectiveness in landscapes
marked by high spatial variability, particularly within
agricultural zones.

Soil texture parameters, specifically the SRCI and
GSI, also significantly contributed to SOC estima-
tion, collectively accounting for 21.3% of the model’s
explanatory power. These findings are in agreement
with prior research [66, 69], which emphasized that
soil texture exerts a pivotal influence on SOC dynam-
ics through its effects on moisture retention, nutrient
cycling, and general soil fertility. The observed cor-
relation between SOC and clay content in this study is
consistent with earlier literature, especially in hot, arid
regions where finer soil particles play a key role in pro-
tecting organic matter from microbial decomposition
[66, 76]. Classic studies by [55] and [34] further sup-
port this relationship, noting that the role of soil tex-
ture in regulating SOC becomes more pronounced in
warmer climatic zones.

The moderate spatial resolution of Landsat imag-
ery (30 m) can limit the accuracy of SOC modeling in
heterogeneous terrains like Amediya. Each pixel, cov-
ering approximately 0.09 hectares, often encompasses
a mixture of soil types and land covers, leading to an
averaging effect that obscures finer variations in SOC
at the sub-pixel level [77]. In regions such as Amediya,
where agricultural lands intersect with mountainous
features, SOC distribution tends to fluctuate at scales
smaller than a single Landsat pixel. As a result,
detailed SOC anomalies, such as enriched patches or
depleted zones, can be either diminished or over-
looked entirely [22]. Previous studies indicate that
coarse spatial resolution can mask local variation in
soil properties, whereas finer spatial resolution tends
to provide more detailed and often more accurate
SOC/SOM maps, particularly in heterogeneous ter-
rain and over limited extents (e.g., Sentinel-2 at 10—
20 m outperforming or revealing more detail than
Landsat at 30 m) [8, 31, 78]. Multi-resolution analy-
ses further show that model performance is sensitive
to the scale of predictors, with finer resolutions gen-
erally improving spatial detail and, in many cases,
predictive accuracy, although the optimal mapping
resolution can vary with study extent and environ-
mental heterogeneity [17, 46]. Accordingly, the ideal
grid size should align with zones of relative SOC
homogeneity; exclusive reliance on 30 m data in
complex landscapes risks underrepresenting true
SOC variability and may compromise the precision
of predictive models and maps.

CONCLUSIONS

This study demonstrates that phenology-targeted,
spectral covariates paired with a hybrid learning-geo-
statistical framework can deliver reliable SOC predic-
tions in data-scarce, semi-arid terrain. The design iso-
lates two complementary windows, peak greenness for
canopy signals and late dry season for bare-soil signals
and shows that vegetation indices are the principal driv-
ers of SOC variability, accounting for the majority of
modeled importance alongside soil-reflectance met-
rics. A Bayesian-tuned GBDT coupled with residual
kriging improves held-out accuracy (Test R? = 0.72)
and reduces error relative to GBDT alone, indicating
value in correcting short-range spatial structure not
fully captured by spectral covariates. Conceptually,
the results clarify when regression-kriging remains
beneficial despite weak residual autocorrelation,
adding nuance to model-selection guidance for digi-
tal soil mapping in heterogeneous landscapes. Prac-
tically, the approach enables higher-resolution SOC
surfaces suitable for restoration targeting, climate-
adaptation planning, and MRV workflows in regions
where dense sampling is infeasible. Limitations
include potential sub-pixel mixing at 30 m resolution
and seasonal sensitivity; future work should incorpo-
rate multi-temporal stacks and terrain-climate
covariates and assess transferability across neighbor-
ing basins.
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