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Soil pH is a key chemical property that governs nutrient availability, microbial activity,
and overall soil fertility, thereby exerting a significant influence on plant growth and
productivity. Accurate spatial prediction of soil pH is essential for site-specific soil
management and precision agriculture. The present study aims: 1) to prepare a digital
map of the spatial distribution of soil pH in the 0-25 cm soil layer at Badr Watershed,
southern Qorveh County, using environmental covariates derived from terrain
attributes, remote sensing data, and geopedological information; 2) to evaluate the
predictive performance of machine learning and statistical models, including Random
Forest (RF), Artificial Neural Network (ANN), Decision Tree (DT), K-Nearest
Neighbor (KNN), and Multiple Linear Regression (MLR) used for soil pH estimation;
3) to identify the most influential environmental variables controlling the spatial
variability of soil pH; and 4) to determine the modeling approach capable of producing
the most accurate and reliable digital soil pH maps to support precision agriculture and
sustainable soil management.

Material and Methods

This study was conducted in Badr Watershed located in the southern part of Qorveh
County, Kurdistan Province, Iran, covering an area of approximately 6,700 ha. The
objective was to develop a digital soil pH map of the 0-25 cm soil layer by integrating
environmental covariates with machine learning and statistical modeling approaches.
A geopedological map was first generated in a Geographic Information System (GIS)
environment based on the Zink geopedological approach using geological and
topographic information. Soil sampling locations were subsequently selected using the
Latin Hypercube Sampling (LHS) technique to ensure representative coverage of the
environmental variability across the study area. A total of 125 surface soil samples (0—
25 cm) were collected and soil pH was determined in saturated soil paste using a
calibrated pH meter following standard laboratory procedures.

A comprehensive set of environmental covariates was prepared to represent the soil-
forming factors, including terrain attributes derived from a Digital Elevation Model
(DEM), remote sensing indices extracted from Landsat 8 Imagery, and geopedological
variables. These covariates were used as predictor variables for digital soil mapping.
Soil pH was modeled using five predictive approaches, including Random Forest (RF),
Artificial Neural Network (ANN), Decision Tree (DT), K-Nearest Neighbor (KNN),
and Multiple Linear Regression (MLR), implemented in the R statistical software
environment. Model performance was evaluated using both 10-fold cross-validation
and 5-fold random validation procedures. Predictive accuracy was assessed based on
the coefficient of determination (R?), root mean square error (RMSE), and other
relevant statistical performance indices. The resulting prediction maps were
subsequently generated to characterize the spatial distribution of soil pH across the
study area.
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Results

The environmental covariates exhibited varying degrees of influence on the spatial
prediction of soil pH. Variable importance analysis identified geomorphology as the
most influential predictor, followed by watershed network base level, carbonate index,
slope aspect, relative slope position, slope length factor (LS), and curvature index.
The the above-mentioned five statistical and machine learning models (namely, MLR,
RF, ANN, DT, and KNN) were evaluated in terms of their predictive performance
using both 10-fold cross-validation and 5-fold random validation procedures. The
results revealed differences in prediction accuracy among the models evaluated.
Based on the 10-fold cross-validation results, the Multiple Linear Regression (MLR)
model achieved the highest predictive performance, with a coefficient of determination
(R?) of 0.698 and a root mean square error (RMSE) of 0.190, indicating its strong
capability of soil pH estimation across the study area. In contrast, the 5-fold random
validation results identified the K-Nearest Neighbor (KNN) model as the most accurate
and precise approach for soil pH prediction.

Comparison of the validation approaches further indicated that ensemble or combined
prediction strategies would generally outperform individual models. In this regard,
integrating the prediction outputs from multiple models improved the overall reliability
and spatial accuracy of the digital soil pH maps generated, resulting in a more robust
characterization of soil pH variability across the study watershed.

Conclusion

This study demonstrated the effectiveness of integrating environmental covariates with
statistical and machine learning approaches for digital mapping of soil pH in Badr
Watershed. The results confirmed that terrain- and geopedology-related variables
played fundamental roles in explaining the spatial variability of soil pH, highlighting
the importance of incorporating multiple environmental factors into digital soil
mapping frameworks.

Model evaluation revealed that predictive performance varied depending on the
validation strategy adopted. This is evidenced by the fact that Multiple Linear
Regression (MLR) provided the highest predictive accuracy under the 10-fold cross-
validation scheme, whereas the K-Nearest Neighbor (KNN) model performed best
under the 5-fold random validation approach. These findings indicate that no single
model is universally superior and that model performance depends on both the
characteristics of the validation procedure and the spatial structure of the dataset.
Furthermore, the superior performance of combined prediction approaches suggests
that, compared to individual models, ensemble modeling can improve the reliability
and spatial accuracy of digital soil pH maps. The soil pH maps thus generated provide
valuable spatial information that can support site-specific soil management, precision
agriculture, and sustainable land-use planning in the study area.

Overall, the integration of geopedological information, terrain derivatives, remote
sensing data, and advanced predictive models yields a robust framework for digital soil
pH mapping. Future studies may be recommended to investigate hybrid and ensemble
machine learning techniques, incorporate additional environmental covariates and
higher-resolution remote sensing data, and evaluate the transferability of the modeling
framework proposed herein to other regions with different soil and environmental
conditions.
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Figure 2- Geopedology of Badr watershed, Qorve city, Kurdistan province
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Table 2- Geopedological analysis in the Badr watershed
Landscape® Relief"/Molding* Lithology" Landform®
TRamf (Mo11) Slope facet complex (Mo111)
TRcom (Mo12) Slope facet complex (Mo121)
High Mountain (Mo1) Dim (Mo13) Slope facet complex (Mo131)
Gbm (Mo14) Slope facet complex (Mo141)
Mountain (M Md (Mo15) Slope facet complex (Mo151)
ountain (Mo) RJph,l (M016) Slope facet complex (Mo161)
Low Mountain (Mo2) TRIm (Mo21) Slope facet complex (Mo211)
TRIJl1 (Mo22) Slope facet complex(Mo221)
TRJd (Pill) Slope facet complex (Pi1l1l)
Hill (Pil) TRcom (Pi12) Slope facet complex (Pi121)
Qu (Pi13) Slope facet complex (Pi131)
Apical (Pi211)
_ _ Qf1 (Pi2) Distal (Pi212)
Alluvial fan (Pi2) Apical (Pi221)
Qf2 (Pi22) Distal (Pi222)
Piedmont (Pi) Slope > 20% (Pi311)
) 20% > Slope > 10% (Pi312)
o Qt3 (Pi31) 10% > Slope > 5% (Pi313)
Glacis (Pi3) 5% > Slope > 0% (Pi314)
Qal (Pi32) Slope facet complex (Pi321)
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Digital Elevation Model (extraction of terrain-related variables)
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Sz hsy bl 2 (53090585 AL as
Preparation of a geopedological map based on
the Zinck method.
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Measurement of soil properties
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Preparing the data required for machine learning input (soil data—soil properties and
classification classes—and auxiliary data: Digital Elevation Model, Landsat 8 satellite
imagery, and geopedological maps).
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Machine learning for quantitative variables (spatial data modeling based on the
following algorithms)
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Figure 3- Research implementation steps
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Table 3- Descriptive statistics of some physical and chemical characteristics of the soil and measured performance

Ol gt sD Mean Max Min Unit Soil physical anq chemical
cVv properties
36 0.3 75 8 6.8 - e

pH
255 0.1 0.2 0.4 0.1 dsm-t Sl ol
EC
62.4 0.4 0.6 2.3 0.1 % o oS
ocC
174.4 17 9.8 65 0 % Joles el LS
CCE
16.9 24 143 265 89 cmol(+) kgt 5l Pl b
CEC
30.4 6.8 225 43 9 % o
Clay
235 6.8 29.1 48.6 15.9 % “‘l“”
Silt
203 9.8 483 70 271 % o
Sand
61.3 10.4 171 48 15 o7 42> o
Volume % Gravel
SBpH dwrobe 55 pho (oS Sl i -F Jgoa
Table 4- Important covariates in predicting soil pH
S Cuod! o 35 &) oo (S8 (5 i
(Feature) (Important covariates in order of importance)
pH Geomorphology, Channel network base level, Carbonate index, Aspect, Relative slope

position, LS Factor, Convergence index
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Table 5- The results of evaluating the accuracy of pH prediction, using the 10-fold cross validation method

Je RMSE MAE R?
Model

KNN 0.258 0.218 0.239

DTA 0.194 0.156 0.562

ANN 0.193 0.154 0.607

RF 0.191 0.154 0.626

MLR 0.190 0.144 0.698

A 5 A ot O S arenal T3 N[V ol IRV WG N PR E
e 2 b K b 55 Je K alas Sl & iy 53 S bl SR osl
SEAPYY s Sla e bawgte o> ety 5 v/AYOY S o ol asl jola K glaas o 5555
sl 03 4 )b)j}f wﬂ LS\J" 3 Q)J»JL;%J L;‘L)M O asls WJLJS'\ &_}) )‘ oalaial L’ S el

J:bdcvpjm&&&piébdmwj‘ (F Jsd)

Ui O WB o liel (pigy 31 o3liwl b PH g v Como (2l mbli -5 Joua
Table 6- The results of evaluating the accuracy of pH prediction, using the 5-fold random validation method

Jao RMSE NRMSE=RMSE/Mean real R? ME

Model

ANN 0.1042 0.01384 0.7785 -0.00598

DTA 0.11508 0.01528 0.821 0

MLR 0.6088 0.08086 0.7413 0

KNN 0.0647 0.00859 0.9454 0.00792
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Figure 4- Soil pH prediction map using multi linear regression model with 10-fold cross validation methods
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