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ABSTRACT

Accurate mapping of subsurface soil texture is important for sustainable land management and precision agricul-
ture in semi-arid environments, where soil observations are often spatially sparse. This study evaluates a multi-
temporal Digital Soil Mapping framework combining wet-season Sentinel-1 synthetic aperture radar (SAR) and
dry-season Sentinel-2 optical observations for mapping clay, silt, and sand fractions at 30—40 cm depth in the
Tal Kaif district of northern Iraq. Four hyperparameter-optimized machine-learning algorithms — Random Forest
(RF), extreme gradient boosting (XGBoost), support vector regression (SVR), and artificial neural network (ANN/
MLP) — were benchmarked using strict five-fold out-of-fold validation. Pure machine-learning models showed
limited independent predictive performance for all three fractions, with negative R? values and RPD values be-
low 1.0. The best pure-ML models achieved RMSE values of 9.726% for clay, 9.201% for silt, and 6.890% for
sand. Residual variograms demonstrated moderate to strong spatial dependence, supporting the incorporation of
spatially structured residuals through Regression Kriging (RK). Hybrid RK produced fraction-specific effects:
RMSE decreased slightly for clay (9.726% to 9.689%) and more clearly for sand (6.890% to 6.702%), whereas
silt performance deteriorated slightly (9.201% to 9.334%). The results therefore provide partial support for the
hypothesis that geostatistical modelling can complement pure machine learning, but do not demonstrate a univer-
sal improvement from RK. The principal limitation is the indirect relationship between surface remote-sensing
observations and subsurface texture at 30—40 cm depth, together with the sparse sampling network. Neverthe-
less, the resulting spatially continuous maps identified a predominance of fine-textured classes, particularly silty
clay loam and silty clay, providing spatial information relevant to irrigation planning, precision agriculture, and
soil-management decisions. The study contributes evidence that integrating environmental feature-space model-
ling with spatial residual structure can provide a more spatially informed framework for subsurface soil-texture
mapping in data-sparse semi-arid environments, while highlighting the need for fraction-specific evaluation and
independent validation in future studies.
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INTRODUCTION

Soil quality is a key factor in environmental
sustainability as well as agricultural productivity.
It is imperative to have soil quality assessment
strategies that take into account the complexi-
ties and interactions of soil systems (Shakir et al.,
2025). The soil texture (the relative proportion of
sand, silt and clay particles) is one of the main

determinants of the physical behaviours of any
soil ensuring that the soil is able to retain water and
chemical fertility. Traditionally, the evaluation of
these properties pivoted around field surveys and
laboratory analysis methods which, despite being
highly precise at the point scale, often fell short due
to overlap spatial discontinuity, demanding high
resources, and having a patchy assessment that
was unable to capture the continuous variability
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of these properties over wide agricultural districts
(Wadoux et al., 2020). The introduction of remote
sensing is a game changer in digital soil mapping
(DSM), allowing synoptic observation, spatially
explicit assessment, and efficient monitoring of
environmental conditions. More broadly, recent
geospatial studies have demonstrated the value
of remotely sensed data for characterizing spatial
variability in environmental quality and identify-
ing areas of environmental stress. For example,
(Ali et al., 2024) demonstrated the utility of spa-
tially distributed environmental observations and
thematic mapping for assessing changes in envi-
ronmental conditions in Karachi, while (Ejaz et
al., 2026) integrated satellite-derived vegetation,
bare-soil, and thermal indicators to characterize
spatial heterogeneity across major Pakistani cit-
ies. Together, these studies highlight the growing
importance of remotely sensed data in support-
ing evidence-based environmental monitoring
and decision-making. Historically, a deeper un-
derstanding of soil composition relied on inter-
preting individual point-based samples; however,
scientific approaches have since advanced toward
spatially explicit analyses of soil properties. To-
day, geospatial and remote-sensing approaches
capture environmental variability that point-based
observations alone cannot adequately represent.
Such information provides an important basis for
Digital Soil Mapping, particularly when multiple
complementary remote-sensing sources are in-
tegrated. The use of complementary optical and
radar observations can provide information on
different surface characteristics relevant to soil-
property prediction. Therefore, the integration of
optical and radar remote sensing data provides a
unique mathematical and physical synergy. Opti-
cal sensors that are passive in nature (Sentinel-2,
for example) give surface reflectance information
that is indicative of the mineral composition of
the surface. On the other hand, active microwave
sensors (Sentinel-1 C-SAR) utilize the ability to
penetrate all weather to continuously measure
surface moisture which provides an indication
of the dielectric properties, which in turn can be
used as a proxy for subsurface dynamics. Merg-
ing radar backscatter and spectral indices can bet-
ter estimate soil components than optical bands
alone (Bousbih et al., 2019; Tziolas et al., 2020).

At the same time, the analytical frameworks
of DSM are increasingly dominated by advanced
A.L techniques. Techniques from tree-based en-
sembles like Random Forest (RF) and extreme
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gradient boosting (XGBoost) to complex archi-

tectures support vector regression (SVR), and ar-

tificial neural networks (ANN/MLP), have shown
extreme capabilities in modelling non-linear en-

vironmental relationships (Sulaiman et al., 2025).

Despite notable advances, challenges remain re-

garding the operational limits of pure Machine

Learning (ML) models in geographical areas with

thin primary training data (Mirzaeitalarposhti et

al., 2022). When making predictions regarding
deep subsurface properties, these algorithms in
many cases struggle to replicate the continuous
spatial dependence of the ground truth resulting

in localized overfitting or predictive failure, a

phenomenon conceptually described as “spatial

blindness” due to the lack of direct coordinate

awareness (Wadoux et al., 2020).

To overcome these empirical challenges, hy-
brid spatial modelling techniques (e.g. Regression
Kriging (RK)) present a more robust alternative
(Keskin and Grunwald, 2018). RK plights environ-
mental covariates with ML algorithms to enhance
predictive power while ensuring the target variable
does not ignore the spatial autocorrelation(Hengl
et al., 2007). RK does not abandon ML in low data
situations, but rather uses it to define the global en-
vironmental trend, before applying Ordinary Krig-
ing (OK) to interpolating the spatial residuals to
adaptively fill the spatial gaps of the deterministic
algorithm (Mirzaeitalarposhti et al., 2022).

The main aim of this study is to evaluate and
improve the spatial prediction of subsurface soil
texture fractions (3040 cm depth) in a semi-arid
agricultural landscape (Tal Kaif district). The spe-
cific objectives are defined in a systematic manner:
1. A multi-temporal decoupling approach will

be implemented based on the combination of
wet-season Sentinel-1 SAR imagery and dry-
season Sentinel-2 optical data to extract the
bare soil reflectance so that maximal dielectric
responses on the surface can be detected as in-
direct proxies of subsurface dynamics (Bous-
bih et al., 2019).

2. To conduct a rigorous performance bench-
marking of four hyperparameter optimized ML
algorithms (RF, XGBoost, SVR and ANN) to
empirically assess their predictive limits and
identifying their spatial blindness using ad-
vanced pedometric indices (e.g., RPD) and vi-
sual analytics e.g., Taylor Diagrams (Sulaiman
et al., 2024).

3. The aim is to develop a hybrid RK framework
that spatially interpolates the ML predictive
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residuals to correct the deterministic anomalies
of the base models. Thus, producing a smooth,
hybrid spatial map. The ultimate aim is to as-
sess the predictive performance of pure ma-
chine-learning and hybrid Regression Kriging
approaches for spatial mapping of subsurface
soil texture in a semi-arid agricultural land-
scape (Mirzaeitalarposhti et al., 2022).

MATERIALS AND METHODS

Methodological framework

The method of the present study was de-
veloped to combine active and passive satellite

remote sensing data with firm field sampled data
followed advanced machine learning (ML) and
geostatistical modeling (Keskin and Grunwald,
2018; Poggio and Gimona, 2017). The workflow
encompasses data acquisition, temporal decou-
pling of Sentinel-1 and Sentinel-2 data, machine-
learning prediction, out-of-fold residual model-
ling, and final Regression Kriging correction, as
illustrated in Figure 1.

Study area and field sampling

The study was conducted in the cultivated
area of the Tal Kaif district, a vital agricultural
sub-district in Nineveh Governorate, Iraq, in a
semi-arid degradation-prone area (Alhamdany
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Figure 1. Methodological flowchart illustrating the integration of multi-temporal radar-optical satellite data,
machine learning benchmarking, and the hybrid Regression Kriging geostatistical framework
for subsurface soil texture mapping in the Tal Kaif District
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and Alnaser, 2024) (Figure 2). To capture spatial
heterogeneity of soil matrix, the comprehensive
field survey was performed. Soil sampling was
performed on a randomized stratified basis which
yielded a total of 70 soil samples. To assess the ac-
tual agricultural potential and spatial variability,
only subsurface root-zone layer (30—40 cm depth)
was sampled. Due to the physical constraints of
the maximum dielectric penetration depth of C-
band active microwave signals (e.g., Sentinel-1)
being limited to the top few centimeters of the
soil profile (Baghdadi et al., 2018; Tziolas et al.,
2020) only surface dielectric responses were used
as indirect proxies to model them. A multi-tem-
poral decoupling strategy was effectively imple-
mented to accomplish this (Bousbih et al., 2019).

Satellite data acquisition and temporal
decoupling strategy

A “Temporal Decoupling”, a data fusion using
multi-temporal data was adapted in order to over-
come the limitations of single-sensor approaches.
The concurrent dates on optical and radar sensors
in a highly cultivated area resulted in masked soil
pixels owing to the presence of dense vegetation
(Bousbih et al., 2019). Thus, data acquisition was
divided strategically:
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e Active microwave data: Sentinel-1 (C-
band SAR) imagery in interferometric
wide (IW) swath mode was acquired on
26 February 2026 (Scene ID: SI1A IW_
GRDH_1SDV_20260226T150911). This is
the wet season. The wet-season Sentinel-1
observations were used as an indirect surface
proxy, while dry-season Sentinel-2 observa-
tions were selected to maximize the availabil-
ity of bare-soil spectral information (Bousbih
etal., 2019; Gao et al., 2017).

e Passive optical data: Sentinel-2 (MSI) Level-
2A imagery was acquired on 30 August 2025
(SceneID: S2A_ MSIL2A 20250830T075811)
through passive optical data. By this dry pe-
riod, harvested land is largely bare so that the
optical sensor can record the real mineral spec-
tral reflectance without canopy obstruction or
any concomitant effect (Tziolas et al., 2020).

Data pre-processing

To guarantee the geometrics and radiometric
coincide with one another, a rigorous pre-pro-
cessing chain was formed to ensure uniformity
across the multi-source geospatial datasets.

Sentinel-1 SAR processing — the processing
of SAR data was performed in line with standard
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Figure 2. Map of the study area showing the location of the Tal Kaif district and the spatial distribution
of the 70 soil sampling points
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procedures for reliable backscatter coefficients

(Filipponi, 2019):

e Use of precise orbit files for overall geoloca-
tion accuracy.

e Thermal noise is removed and radiometric
calibration is carried out to derive sigma-
nought (c°) values using conversion of digital
numbers.

e A refined lee filter (using a 7 x 7-pixel win-
dow) was applied to mitigate speckle noise
without affecting spatial edges(Louzada et al.,
2025).

e Using the range-doppler algorithm and the
SRTM 30 m digital elevation model (DEM)
to correct the geometry of the terrain (Bousbih
etal., 2019).

Sentinel-2 optical processing:

e Using scene classification layer, SCL to isolate
clear-sky pixels and masking clouds.

e All relevant spectral bands are spatially resa-
mpled to a uniform 10 m grid to match the
SAR data cube (Tziolas et al., 2020).

Spectral index derivation — the soil adjusted
vegetation index (SAVI) was calculated and
given preference over the traditional normalized
difference vegetation index (NDVI). Within the
semi-arid settings of Tal Kaif district, NDVI has
considerable susceptibility to soil background
brightness. The SAVI uses a soil brightness cor-
rection factor L = 0.5 to minimize the background
effect and single-out signals from sparse vegeta-
tion. The result is a pure signal of bare soil prop-
erties (Huete, 1988).

A framework for predictive modeling and
geostatistical correction

To address the issues of overfitting and “spa-
tial blindness” usually caused by predicting sub-
surface properties from spatially sparse sampling
networks, we designed a three-phase hybrid spa-
tial modeling framework which transitions from
pure ML to RK.

Phase 1: Benchmarking of models
and hyperparameter tuning

The full set of spatial features used as inputs
for all ML models consisted of: active microwave
backscatter coefficients (VV and VH polariza-
tions from Sentinel-1), spectral indices (SAVI
and Clay Index from Sentinel-2), and topographic

variables (elevation, slope, and topographic wet-
ness index (TWI) derived from the 30m SRTM
DEM).In order to analyze the global spatial trends
of soil texture fractions (clay, silt, and sand) four
latest algorithms were tested.

Tree-based ensembles: Such as RF were cho-
sen as a strong baseline due to its robustness to
noise and structural overfitting (Mirzaeitalar-
poshti et al., 2022). To efficiently manage com-
plex non-linear interactions, we made use of XG-
Boost. This technique uses L1 and L2 regulariza-
tion to penalize the complexity of the model and
prevent overfitting (Li and Yan, 2024; Mirzaeital-
arposhti et al., 2022).

Advanced architectures: Support vector re-
gression (SVR) employing a radial basis func-
tion (RBF) kernel was adopted to effectively
map high-dimensional, non-linear feature spaces
(Sulaiman et al., 2025). Furthermore, we set up
an artificial neural network (ANN) based on the
multi-layer perceptron (MLP) framework to har-
ness deep and complex structural patterns of soil
(Sulaiman et al., 2025).These four models were
subjected to the following hyperparameter opti-
misation process involving the application of grid
search and 5-fold cross validation for ensuring
the appropriate behaviour of the algorithm and
that overfitting happens locally. This was done
before final predictions (Sulaiman et al., 2025).

Phase 2: Evaluation metrics
and visual diagnostics

The prediction performance of the optimized
pure ML models was quantitatively assessed
through standard statistical metrics such as the
coefficient of determination (R2), root mean
square error (RRMSE) and mean absolute error
(MAE) (Mirzaeitalarposhti et al., 2022; Sulaiman
et al., 2025). Additionally, the RPD was calcu-
lated as the most paramount pedometric index to
evaluate true model reliability. An RPD > 1.4 is
generally considered acceptable for spatial soil
mapping purposes (Mgohele et al., 2024; Xiao
et al., 2023). Moreover, scatter plots and Taylor
Diagrams were also created to simultaneously
validate correlation and standard deviation, ef-
fectively diagnosing model ability to capture true
spatial variance (Li and Yan, 2024).
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Phase 3: Residual extraction
and Regression Kriging (RK)

Deterministic ML predictions may exhibit
spatially structured errors. To strictly prevent data
leakage and avoid overstating RK performance,
residuals (Observed — Predicted) were extracted
using the five-fold out-of-fold procedure de-
scribed below. For each fold, residuals were cal-
culated only from the corresponding training sub-
set. An ordinary kriging model was subsequently
used to interpolate the spatial structure of these
residuals (Keskin and Grunwald, 2018). Experi-
mental semi variograms were used to characterize
the spatial autocorrelation of the predictive errors
and generate continuous residual fields. The de-
terministic ML predictions were then combined
with the kriged residuals using map algebra to ob-
tain the Hybrid RK predictions (Poggio and Gi-
mona, 2017). The predicted fractions were subse-
quently normalized, and the resulting continuous
maps were classified according to the USDA Soil
Texture Triangle to produce the final categorical
soil texture map.

Out-of-fold validation andommis hybrid
Regression Kriging

To obtain unbiased estimates of predictive
performance, a strict five-fold out-of-fold (OOF)
validation procedure was applied. For each fold,

the machine-learning model was trained exclu-
sively on the training subset and predictions were
generated for the held-out subset. Residuals used
for Regression Kriging were calculated only from
the corresponding training-fold observations and
their training predictions. A variogram was then
fitted to these training residuals, and ordinary
kriging was used to predict the residual compo-
nent at the held-out locations. The final Hybrid
RK prediction for each held-out observation was
calculated as the corresponding OOF machine-
learning prediction plus the kriged residual. This
procedure was repeated until every sampling lo-
cation had an independent Hybrid RK prediction.
Consequently, R, RMSE, MAE and RPD re-
ported for the Hybrid RK models were calculated
exclusively from predictions for observations that
were not used to fit either the machine-learning
model or the residual kriging model.

RESULTS AND DISCUSSION

Descriptive statistics and pedological
baseline

Before spatial modelling, the distribution of
the 70 subsurface soil samples (30—40 cm depth)
was assessed using the USDA Soil Texture Tri-
angle to characterize the textural composition of
the study area (Figure 3).

@ Field Samples (30-40 cm)

30 80 70 60

50

40 30 20 10

percent sand

Figure 3. USDA soil texture triangle showing the textural distribution of the 70 subsurface field samples
(30—40 cm depth) collected from the Tal Kaif District
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The mean particle-size composition was
39.07% clay, 53.72% silt, and 7.21% sand, in-
dicating a predominantly fine-textured soil com-
position. According to the USDA Soil Texture
Triangle, the samples were predominantly classi-
fied as Silty Clay Loam and Silty Clay. This pre-
dominantly fine-textured composition indicates a
substantial proportion of clay and silt in the sam-
pled subsurface layer. The predominance of fine-
textured material provides a relatively narrow
range of particle-size variation, which may limit
the ability of models based on environmental
covariates to distinguish local differences in soil
texture. The subtle, localized variations in such
a uniform fine-textured matrix are very difficult
to capture with environmental covariates alone,
increasing the need for geostatistics. (Mirzaeital-
arposhti et al., 2022).

Feature importance and multi-sensor
validation

Feature importance analysis was used to ex-
amine the relative contribution of optical indices,
SAR backscatter variables, and topographic pa-
rameters in the selected ML models. For the silt
fraction, SAVI showed the highest importance
among the evaluated predictors. Topographic
variables also contributed substantially to the pre-
dictions. Sentinel-1 VH backscatter was ranked

Feature Importance for Sand Prediction using XGBoost

0.1 020 025 030 035
Relative Importance

among the important predictors across the three
texture fractions, indicating that the complemen-
tary information provided by radar, optical, and
terrain variables contributed to the predictive
modelling (Figure 4).

The feature-importance results indicate
that predictors from multiple sensor and terrain
sources contributed to the ML predictions. For
the silt fraction, SAVI (soil adjusted vegetation
index) from the dry-season Sentinel-2 data was
the most important predictor among the evalu-
ated variables. Terrain variables, including el-
evation, slope, and topographic wetness index,
also showed high importance in the predictions.
Sentinel-1 cross-polarized backscatter (VH) was
also among the higher-ranked predictors across
the three textural fractions. The contribution of
Sentinel-1 VH in the feature-importance analysis
supports the use of wet-season radar observations
as a complementary data source to the dry-season
optical observations. These results indicate that
Sentinel-1 VH provides complementary informa-
tion that may capture surface conditions not rep-
resented by the optical predictors alone.

Performance benchmarking and limitations
of pure machine learning

To rigorously assess the predictive capabil-
ities of pure artificial intelligence (Al) methods

Feature Importance for Clay Prediction using XGBoost

0.00 0.05 0.
Relative Importance

Feature Importance for Silt Prediction using XGBoost

Features

0.10
Relative Importance

0.15 0.20

Figure 4. The 3 feature importance bar charts for clay, silt, and sand
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in digital soil mapping (DSM), a model bench-
marking analysis was performed. To observe
the best-performing algorithm, four algorithms
were compared: RF, XGBoost, SVR, and ANN
or MLP (Sulaiman et al., 2024). To minimize
overfitting and maximize algorithmic potential,
each of the models underwent hyperparameter
optimization through Grid Search before spa-
tial prediction.

The pure ML models were considered to
be unreliable, as they didn’t pass the threshold
that is considered suitable for pedometric pre-
diction. (RPD > 1.4) (Ma et al., 2019). It was
evident that the algorithms failed to master the
non-linear complexity and the sparse sampling
density of the 30—40 cm depth. The strict five-
fold OOF evaluation showed that the predictive
performance of the pure machine-learning mod-
els was limited for all three soil fractions. The
best OOF model for clay was SVR (R?=-0.059;
RMSE = 9.73%; RPD = 0.98), while SVR also

provided the lowest RMSE for silt (R? = —0.034;
RMSE = 9.20%; RPD = 0.99). For sand, XG-
Boost provided the lowest OOF RMSE (6.89%)
and the highest R? among the tested models (R?
= —0.065; RPD = 0.98). These results indicate
that the environmental covariates alone provid-
ed limited predictive skill for the independent
observations (Figures 5, 6).

To visually identify this fault in the algo-
rithm, scatter plots and Taylor Diagrams were
built for the best-performing pure models. The
scatter plots showed substantial dispersion
around the 1:1 line, consistent with the limited
OOF predictive performance reported in Table
1. The Taylor diagram summarizes the correla-
tion coefficient, centered root mean square error,
and standard deviation, providing a complemen-
tary diagnostic of model performance (Taylor,
2001). The Taylor diagram indicates that the
SVR models for clay and silt have low correla-
tion with the observations and reduced standard

Table 1. Performance benchmarking of pure ML algorithms

Soil fraction Algorithm R2 RMSE (%) MAE (%) RPD
Clay RF -0.298 10.768 8.654 0.884
Clay XGBoost -0.094 9.886 8.006 0.963
Clay SVR -0.059 9.726 7.723 0.979
Clay ANN -0.944 13.177 11.236 0.722
Silt RF -0.045 9.249 7.397 0.986
Silt XGBoost -0.037 9.218 7.409 0.989
Silt SVR -0.034 9.201 7.473 0.991
Silt ANN -1.387 13.983 10.771 0.652
Sand RF -0.110 7.033 5.885 0.956
Sand XGBoost -0.065 6.890 5.939 0.976
Sand SVR -0.169 7.220 6.431 0.931
Sand ANN -0.126 7.083 6.325 0.949
Clay (SVR) Silt (SVR) Sand (ANN)
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Standard Deviation
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Clay (SVR)
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0 X 2 3 4

6 7

Figure 6. Taylor diagram final

deviation. The pure ML predictions showed lim-
ited ability to reproduce the observed variability
of the fine soil fractions, with predictions tend-
ing toward the mean. Overall, the OOF results
indicate that the pure ML models had limited
predictive performance for the subsurface soil
texture fractions in this dataset.

Geostatistical correction through
regression kriging

To evaluate whether the ML residuals con-
tained spatially structured information, the out-
of-fold residuals were examined at the 70 sam-
pling locations (Figure 7a).

The residual maps showed localized pat-
terns of positive and negative prediction errors.
These patterns suggest that some spatial structure
remained in the ML residuals and motivated the
subsequent geostatistical analysis.

To characterize the spatial structure of the
residuals, experimental semivariograms were
calculated and fitted using the selected geosta-
tistical models (Figure 8). This spatial depen-
dence has been modelled using the experimen-
tal semi-variograms in (Table 2). The Nugget-
to-Sill ratios were 14.3% for sand, 18.8% for
silt, and 25.7% for clay, indicating different de-
grees of spatial dependence among the residu-
als. Using the reported classification, the sand
and silt residuals were classified as strongly

spatially dependent, whereas the clay residuals
showed moderate spatial dependence. These
results indicate that spatial structure remained
in the ML residuals, providing a basis for
evaluating whether residual kriging could im-
prove the predictions. Ordinary Kriging (OK)
was then applied to the training-fold residuals
within each OOF iteration to predict the resid-
ual component at the held-out locations. The
OOF comparison in Table 3 was used to assess
whether residual kriging improved the predic-
tive performance of the selected ML models.
The results show that the effect of the Hybrid
RK correction varied among soil fractions,
with improvements for clay and sand but no
improvement for silt. The OOF results did not
demonstrate uniformly superior performance of
Hybrid RK across all three soil fractions.

The OOF Hybrid RK evaluation produced
only modest changes in predictive performance.
For clay, Hybrid RK slightly reduced RMSE
from 9.73% to 9.69%, whereas the silt model
showed no improvement, with RMSE increasing
from 9.20% to 9.33%. The largest improvement
occurred for sand, where Hybrid RK reduced
RMSE from 6.89% to 6.70% and increased R?
from —0.065 to —0.008. Importantly, the Hybrid
RK metrics were calculated exclusively from
held-out predictions and therefore should be in-
terpreted as independent generalization estimates
rather than training-set performance (Figure 9).
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Figure 8. Residuals variograms

Final spatial distribution and USDA

classification

The Hybrid Regression Kriging framework
produced continuous prediction maps for clay,
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silt, and sand at 30-40 cm depth (Figure 10).
The final USDA soil texture map (Figure 11)
represents the spatial integration of these pre-
dicted fractions into categorical soil-texture
classes. The mapped distribution provides a
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Table 2. Geostatistical semi-variogram model parameters

Soil fraction Geostatistical . Range Nugget-to-Sill Spatial
residuals model Nugget (C0) Sill (C0+C) (AO - meters) Ratio (%) dependence class
Clay residuals Spherical 12.45 48.3 3.100 25.70% Moderate
Silt residuals Exponential 9.8 52.15 4.250 18.80% Strong
Sand residuals Spherical 41 28.6 2.800 14.30% Strong
Table 3. Comparative performance of base ML and Hybrid RK models
Soil ) OOF OOF MAE Hybrid RK | Hybrid RK | Hybrid RK | Hybrid RK
fraction | BaeML | OOFR® | pyise )| (%) | OOFRPD I ""re | RMSE (%) | MAE (%) | RPD
Clay SVR -0.059 9.726 7.723 0.979 -0.051 9.689 7.881 0.982
Silt SVR -0.034 9.201 7.473 0.991 -0.064 9.334 7.561 0.977
Sand XGBoost -0.065 6.890 5.939 0.976 -0.008 6.702 5.753 1.003
Clay (SVR-RK) Silt (SVR-RK) Sand (XGBoost-RK)
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Figure 9. Observed versus predicted soil texture fractions after hybrid Regression Kriging (RK)

spatial representation of subsurface textural vari-
ability across the Tal Kaif district. Because the
Hybrid RK OOF evaluation showed only mod-
est and fraction-specific changes in predictive
performance, these maps should be interpreted
as model-based spatial predictions rather than as
evidence of uniformly high predictive accuracy.

Comprehensive overview

The findings of this study demonstrate the
limitations of applying pure ML models for sub-
surface soil texture mapping in semi-arid envi-
ronments with sparse sampling. The initial hy-
pothesis that advanced ML algorithms could ad-
equately predict subsurface soil texture fractions
was not supported by the strict five-fold OOF
evaluation. Across clay, silt, and sand, the tested
models (SVR, XGBoost, RF, and ANN) showed
limited predictive skill, with negative R? values
and RPD values below the commonly applied
threshold for reliable pedometric prediction. The

best-performing OOF models were SVR for clay
(R? = —0.059; RMSE = 9.726%; RPD = 0.979)
and silt (R? = —0.034; RMSE = 9.201%; RPD =
0.991), while XGBoost performed best for sand
(R? = -0.065; RMSE = 6.890%; RPD = 0.976).
These results indicate that, under the conditions
of this study, the environmental covariates alone
provided limited predictive information for the
independent subsurface observations.

The multi-temporal decoupling strategy pro-
vided an important methodological advantage by
combining dry-season Sentinel-2 optical observa-
tions with wet-season Sentinel-1 SAR data. The
dry-season optical acquisition allowed the use of
relatively exposed soil surfaces, thereby reduc-
ing the masking effect of seasonal vegetation,
while the wet-season SAR acquisition provided
complementary information related to surface
dielectric and structural conditions. The feature-
importance analysis supported the value of this
multi-sensor configuration: SAVI was the stron-
gest predictor for silt, topographic variables made
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Figure 11. The final predictive categorical map
of subsurface USDA soil texture classes (30—40 cm)
in the Tal Kaif district, derived from the integration

of the hybrid Regression Kriging outputs

substantial contributions to the prediction of the
texture fractions, and VH backscatter received a
high rank across the three fractions. However, the
subsequent OOF benchmarking indicates that the
availability of these complementary covariates
did not, by itself, overcome the limitations of pure
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ML prediction. Thus, the results suggest that the
principal improvement was associated not simply
with adding remote-sensing predictors, but with
incorporating spatial structure into the modelling
framework.

The residual analysis provides empirical evi-
dence for this spatial component. The mapped re-
siduals exhibited localized positive and negative
patterns rather than a purely random distribution,
indicating spatially structured prediction errors.
The fitted residual variograms further showed
spatial dependence, with nugget-to-sill ratios of
25.7% for clay, 18.8% for silt, and 14.3% for
sand, corresponding to moderate spatial depen-
dence for clay and strong spatial dependence for
silt and sand under the adopted classification.
These results indicate that a substantial compo-
nent of the residual variation remained spatially
structured after the deterministic ML predictions.

The Hybrid RK results demonstrate that in-
corporating this residual spatial structure can
provide modest improvements, although the
magnitude and direction of the improvement
differed among soil fractions. For clay, hybrid
RK reduced RMSE from 9.726% to 9.689% and
slightly increased R? from —0.059 to —0.051.
For sand, the improvement was more pro-
nounced, with RMSE decreasing from 6.890%
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to 6.702% and R? increasing from —0.065 to
—0.008. In contrast, silt showed a slight dete-
rioration, with RMSE increasing from 9.201%
to 9.334% and R? decreasing from —0.034 to
—0.064. Therefore, the results do not support a
claim that RK universally improves predictive
accuracy for every soil fraction. Rather, they in-
dicate that geostatistical correction can provide
fraction-specific improvements, particularly for
sand in this study, while its benefit for clay was
small and its application to silt did not improve
the OOF metrics.

Despite these differences in predictive per-
formance, the hybrid RK framework provides
a spatially continuous representation of the pre-
dicted soil texture fractions by combining the
deterministic ML component with the spatially
interpolated residual component. The resulting
maps showed a predominance of fine-textured
fractions, particularly silty clay loam and silty
clay, across the Tal Kaif district. This spatial pat-
tern is consistent with the descriptive statistics of
the 70 subsurface samples, which showed low
mean sand content (7.21%) and high mean silt
(53.72%) and clay (39.07%) contents.

From an agronomic perspective, the predomi-
nance of these fine-textured classes indicates soils
with relatively high moisture-retention poten-
tial and potentially lower internal drainage. The
spatially explicit representation of these textural
conditions can therefore provide useful informa-
tion for site-specific agricultural management, in-
cluding irrigation planning and the identification
of areas potentially vulnerable to compaction,
waterlogging, and long-term land degradation.
However, these implications should be interpret-
ed as management-relevant interpretations of the
mapped soil texture rather than as direct measure-
ments of hydraulic properties.

Overall, the findings support a hybrid mod-
elling strategy in which ML is used to capture
relationships between soil texture and environ-
mental covariates, while geostatistics is used to
account for spatially structured residual variation.
The results do not demonstrate that RK univer-
sally outperforms pure ML; instead, they show
that its contribution is fraction-dependent and can
be beneficial where residual spatial dependence
remains substantial. Within the data-sparse semi-
arid setting examined here, this combination pro-
vides a more spatially informed framework for
subsurface soil texture mapping than reliance on
pure ML models alone.

CONCLUSIONS

The findings provide partial support for the
initial hypothesis. The tested pure machine-learn-
ing models did not achieve reliable independent
prediction of subsurface soil texture fractions at
30-40 cm depth, as indicated by negative OOF R?
values and RPD values below 1.0. This demon-
strates that the environmental covariates used in
this study were insufficient, when modelled inde-
pendently, to reproduce the observed subsurface
textural variability.

The results further demonstrate that the resid-
ual errors of the ML models contained a substan-
tial spatial component, with moderate to strong
spatial dependence across the three soil fractions.
Incorporating this spatial structure through Re-
gression Kriging produced fraction-specific ef-
fects rather than a universal improvement: predic-
tion accuracy improved slightly for clay and more
clearly for sand, whereas silt showed a slight de-
terioration. Thus, the hypothesis that spatial mod-
elling can complement pure ML was supported,
but the results do not support the claim that RK
universally improves prediction accuracy.

The principal methodological contribution
of this study is therefore the demonstration, un-
der a data-sparse semi-arid setting, that subsur-
face soil-texture mapping benefits from explicitly
considering both environmental feature space and
spatially structured residual variation. The study
also shows that multi-temporal Sentinel-1/Sen-
tinel-2 observations can provide complementary
surface information for subsurface texture model-
ling, while their predictive value alone does not
overcome the limitations of pure ML.

The resulting spatial maps revealed a pre-
dominance of fine-textured fractions, particularly
Silty Clay Loam and Silty Clay, and very low
sand content across the study area. These spatial
patterns provide a useful basis for site-specific in-
terpretation of soil water-retention and drainage
conditions and may support irrigation planning,
precision agriculture, and soil-management deci-
sions in data-sparse regions.

Future research should focus on determining
under which soil fractions, spatial configurations,
and environmental conditions residual geostatis-
tical correction provides meaningful predictive
gains. Independent validation using larger and
more spatially representative subsurface datasets
would also be valuable for assessing the trans-
ferability and robustness of the proposed hybrid
framework beyond the Tal Kaif study area.
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