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the sustainability of agricultural ecosystems and ensuring food security.
Declining soil fertility directly affects crop productivity and, consequently, food
security. Understanding the spatial variability of fertility distribution patterns is
essential for efficient soil management. In recent years, the integration of
advanced machine learning algorithms with geostatistical methods has provided
powerful tools for modeling and predicting soil fertility indicators such as the Soil
Fertility Index (SFI). In arid and semi-arid regions, water scarcity, soil salinity,
and climatic variability are major challenges for sustainable agricultural
production. Therefore, spatial modeling of soil fertility and identification of its
driving factors can serve as a scientific basis for regional land-use planning and
resource management. The present study aimed to model and predict the spatial
distribution of SFI in two arid and semi-arid regions, Miameh—Dehloran and
Valiasr—Badreh (llam Province, western Iran), using Random Forest (RF) and
Cubist (CB) machine learning algorithms, and to compare their performance with
the conventional Ordinary Kriging (OK) method. Ultimately, this research seeks
to develop a region-based spatial model for SFI prediction in the agricultural lands
of the Zagros region in western Iran.

Materials and Methods: Soil sampling was conducted in the Miameh—-Dehloran and
*Corresponding author's Valiasr—Badreh areas using the conditioned Latin hypercube sampling (cLHS)
email method. A total of 133 and 71 surface soil samples were collected from the
mrostaminya@yahoo.com respective regions. The samples were analyzed for physical, chemical, and
biological properties to calculate the Soil Fertility Index (SFI). Auxiliary
environmental variables, including topographic parameters derived from the
Digital Elevation Model (DEM) and remote sensing (RS) indices, were used as
predictors. The most relevant variables were selected using the Variance Inflation
Factor (VIF) and Boruta algorithms, resulting in 9 and 12 selected predictors for
the Miameh-Dehloran and Valiasr—Badreh sites, respectively. Additionally, two
climatic variables—mean annual precipitation (MAP) and mean annual
temperature (MAT)—were included based on expert judgment. The RF, CB, and
OK models were trained and validated, and their predictive performances were
evaluated using the coefficient of determination (R?) and root mean square error
(RMSE). Spatial prediction maps of SFI were generated in ArcGIS based on the
best-performing model.

Results: The results indicated that the Random Forest model outperformed both the
Cubist and Ordinary Kriging models in predicting SFI values. The R2 of RF was
0.79 for Miameh—Dehloran and 0.60 for Valiasr—Badreh, while the RMSE values
were 0.64 and 0.69, respectively. These results demonstrate the superior ability
of RF in capturing nonlinear relationships between soil fertility and
environmental covariates. According to the spatial distribution maps,
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approximately 74.14% of the Miameh—Dehloran and 77.33% of the Valiasr—
Badreh areas fell within the “very high” (F1) and “high” (F2) fertility classes,
indicating considerable potential for agricultural productivity. The climatic
variables MAT and MAP were identified as the most influential predictors of SFI.
In Miameh-Dehloran, remote sensing indices—especially vegetation and spectral
reflectance indicators—played a major role, whereas in Valiasr—Badreh,
topographic parameters such as elevation, slope, and aspect were more dominant.
These spatial differences reflect the contrasting climatic and geomorphological
conditions of the two regions. Combining RF with RS and topographic data
significantly improved prediction accuracy and enabled the generation of high-
resolution fertility maps suitable for precision agriculture applications.

Conclusion: The findings highlight the potential of the Random Forest algorithm as
a robust and reliable approach for spatial modeling of soil fertility in arid and
semi-arid environments. RF effectively captured complex interactions among
climatic, topographic, and spectral variables, leading to accurate and detailed SFI
prediction maps. The study confirmed that climatic variables, particularly
temperature and precipitation, play a decisive role in determining the spatial
variability of soil fertility. The resulting maps can serve as valuable tools for
agricultural planning, selection of suitable crop types, and sustainable
management of soil and water resources. Overall, the proposed modeling
framework provides an efficient strategy for optimizing land potential, improving
crop yields—especially for wheat—and contributing to food security and
sustainable agricultural development in the drylands of western Iran.
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Figure 1. Location of the studied areas and sampling points in relation to Iran (a) and llam Province (b). Valiasr—e-
Badreh area (c) and Meymeh-Dehloran area (d).
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17 Geostatistical analysis
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Table 3. Statistical Summary of Soil Fertility Characteristics in the Valiasr-Badreh and
Maimeh-Dehloran Area

DT medledl oS Sl Sl a1y e
il SD Mean Max Min Unit Variable
CV%
0= iz
36 021 058 124 007 Cu
33 1.77 5.29 10.87 2.56 / _ Mn
25 0.88 358 5.83 150 PARS R S e Fe
66 0.12 018 0.68 0.02 Zn
45 0.65 143 353 0.24 % SOM
109 0.25 0.23 1.56 0.09 dsim EC
3.65 0.28 7.66 8.27 7.06 ; pH
20.43 16.25 55.22 75.25 24.25 Caco3
69 6.66 9.64 36.51 0.16 ; SFI
Ol R—douo
22 022 053 116 0.08 Cu
43 257 5.97 1576 0.33 / , Mn
33 0.74 2.23 5.25 0 PIIS R S e Fe
49 0.23 047 1.81 017 Zn
41 0.56 135 2.69 0.20 % SOM
21 0.78 3.74 6.38 0.99 dsim EC
3 0.23 7.26 7.92 6.79 ; pH
21.60 9.6 43.9 58 18.23 Caco3
48 4.05 85 19.42 134 ; SFI
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Table 4 - Selected Environmental Variables Using the Variance Inflation Factor (VIF) Method in
the Valiasr—Badreh and Maimeh-Dehloran Area

e (5 ki shreo (sl e
VIF Environmental variables VIF Environmental variables
0, yuazdy
9.13 Analytical Hillshading 1.81 Morphometric Features
4.88 Multiresolution ridge terrain
4.10 Topographoc position index(TPI) flatness(MRRTF)
5.44 Multiresolution valley bottom flatness
6.81 Channel Network (MRVBF)
4.45 Modified Catchments Area 2.93 Plan Curvature
541 Wind Effect 4.83 Slope Height
4.33 Convergence Index 5.69 Topographic Wetness Index
1.83 Wetness 3.70 Diffuse Insolation
4.45 Carbonate Index 5.30 Direct Insolation
4.72 Enhanced vegetation index(EVI) 2.64 Duration of Insolation
232 Aspect 3.42 Flow Accumulation
3.32 Convexity 1.61 Flow Direction
227 Mid slope Position
O,)J"“ Aowo
1.75 Catchment Area 3.46 Relative Slope Position
2.55 Catchment Slope 211 Morphometric Features
3.57 o 2.67 Multiresolution ridge terrain
Modified Catchments Area flatness(MRRTF)
4.89 ) 3.39 Multiresolution valley bottom flatness
Wind Effect (MRVBF)
3.64 Convergence Index 3.59 Plan Curvature
518 Wetness 237 Slope Height
3.48 Carbonate Index 4.23 Topographic Wetness Index
5.61 TTVI 2.69 Profile Curvature
3.32 Aspect 5.04 Direct Insolation
1.96 Convexity 1.99 Duration of Insolation
5.34 Valley Depth 238 LS Factor
7.22 Brightness 3.06 Flow Direction
7.85 Wind Exposion 6 Mid slope Position

6.06 Analytical Hillshading
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Figure 2. Selected Environmental Variables Using the Brouta Method for (a) the Valiasr—Badreh (b) Maimeh-Dehloran

Areas. (Full names of environmental variables referenced in Table 4)
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Table 5. Selected Environmental Variables for Modeling Soil Fertility Index in the Valiasr—
Badreh and Maymeh-Dehloran Areas

»‘9 sles Pl Cualo e, PU ‘:la.g;u dlﬁ‘o)ﬁ.&h
- Source of - Environmental
(Units) Symbol - Variable .
variable variables
038 yazdg
- Morpho_fea K Srnsyse S Morphometric
Features
- MRRTF S s YU S5 dpo bl (g lgen yasls  MUlti resolution
Ridge Top
Flatness(MRRTF)
Kw.m2 Diffuse Sy ISWEESN . JORW Diffuse Insolation
- Flow Direction S ol cas Flow Direction
Kw.m2 Direct_in S e il Direct Insolation
- Ana_Hill XA b ol b Julos o 450 Analytical
Hillshading
meters CHN S dnl ] aSes 4l daw Channel Network
Base Level
m? CHA_Area R 015 2ol S )9 orlune Catchment Area
- WE S sb Wind Effect
Degree Aspect Sy b g Aspect
- Convexity K b o Convexity
°C MAT w8l Al glos 5:Sike Mean Annual
Temperature
mm MAP ] Wl 3k :Ske Mean Annual
Precipitation
1/meters Profile_Cur S &y (Slisdl Profile Curvature
O AR dose
- MrVBF S s YU S5 dd b oyd (gylgen yasls  Multi Resolution
Index of Valley
Bottom Flatness
Slope Height KA s glis)) Slope Height
Kw.m-2 Direct_in I e il LS Direct Insolation
- Flow Direction IR ol cas Flow Direction
- CHA_Slope RERA 035> Catchment Slope
- WE S s sb il jasls Wind Effect
- TTvI g9 Gl el Bl s aLS iy asls Thiam’s
Transformed
Vegetation Index
Degree Aspect K o Can Aspect
- Brightness 199§l ptom lidey asls Brightness
°C MAT PWE S glod (1 Sle Mean Annual
Temperature
mm MAP P Wl Lok Sile Mean Annual

Precipitation
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Table 6 - Performance of the RF, CB, and OK models for predicting SFI in the Valiasr-Badreh
and Maimeh-Dehloran Areas

NEY R? RMSE MAE CCC
8y paxdy

RF 0.60 0.69 0.36 0.64

CB 0.33 1.06 0.98 0.27

OK 0.02 7.02 5.37 0.01
Ol dose

RF 0.79 0.64 0.37 0.75

CB 0.34 0.84 0.62 0.39

OK 0.49 3.9 3.2 0.32
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Table 7. Area of the predicted SFI classes by the RF in the Valiasr—Badreh and Maymeh-
Dehloran Area

RF Jse
Coluw 2o yd ((,b2) colue Cpdols s
Percentage of area Area (hectares) Fertility class
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