i Revue Intemationale & TJech Science Press
de Géomatique -

Doi:10.32604/rig.2025.069538 .

ARTICLE e

Predicting Soil Carbon Pools in Central Iran Using Random Forest: Drivers and
Uncertainty Analysis

Shohreh Moradpour"’, Shuai Zhao”’, Mojgan Entezari', Shamsollah Ayoubi”" and
Seyed Roohollah Mousavi'

"Department of Geography, Faculty of Geographical Sciences, Isfahan University, Isfahan, 81746-73441, Iran

“State Key Laboratory of Desert and Oasis Ecology, Xinjiang Institute of Ecology and Geography, Chinese Academy of Sciences,
Urumgj, 830011, China

3Department of Soil Science, College of Agriculture, Isfahan University of Technology, Isfahan, 84156-83111, Iran

*So0il Resource Management, Department of Soil Science, Faculty of Agriculture, University of Tehran, Karaj, 77871-31587, Iran
*Corresponding Author: Shamsollah Ayoubi. Email: ayoubi@cc.iut.ac.ir

*These authors contributed equally to this work

Received: 25 June 2025; Accepted: 27 August 2025; Published: 06 November 2025

ABSTRACT: Accurate spatial prediction of soil organic carbon (SOC) and soil inorganic carbon (SIC) is vital for
land management decisions. This study targets SOC/SIC mapping challenges at the watershed scale in central Iran
by addressing environmental heterogeneity through a random forest (RF) model combined with bootstrapping to
assess prediction uncertainty. Thirty-eight environmental variables—categorized into climatic, soil physicochemical,
topographic, geomorphic, and remote sensing (RS)-based factors—were considered. Variable importance analysis (via)
and partial dependence plots (PDP) identified land use, RS indices, and topography as key predictors of SOC. For
SIC, soil reflectance (Bands 5 and 7, ETM+), topography, and geomorphic units were most influential. Climatic factors
showed minimal impact in the studied semi-arid watershed. The RF model achieved moderate prediction accuracy
(SOC: R* = 0.43 + 0.13, nRMSE = 0.28; SIC: R* = 0.47 + 0.11, nRMSE = 0.37). Via and PDP analyses enhanced model
interpretability by clarifying environmental influences on SOC/SIC spatial distribution.
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1 Introduction

As the most significant carbon resource on Earth, the soil serves a fundamental function in carbon
sequestration and global climate change [1,2]. Soil organic carbon (SOC) and soil inorganic carbon (SIC)
can control the largest territorial carbon storage. Globally, the estimated storage inventory of SOC in the
one-meter depth varies from 1200 to 1600 picograms, while the inventory of SIC has been assessed as 695
to 1738 Pg for a similar depth [3]. SOC storage is much higher than SIC in surface soils. Nowadays, human
activities, particularly the development of industries, deforestation, and the use of fossil fuels can increase
carbon dioxide and extra greenhouse gas concentrations in the air, leading to global warming concerns. SOC
stocks represent the largest terrestrial carbon pool and play a critical role in climate change mitigation.

Globally, SOC can be regarded as a noteworthy factor for modeling greenhouse gas transpiration in
different climate change scenarios. SOC content is closely dependent on land use/cover and environmental
factors, which include geology, drainage, topography, climate, and intrinsic soil properties, as well as

@ Copyright © 2025 The Authors. Published by Tech Science Press.
This work is licensed under a Creative Commons Attribution 4.0 International License, which permits

unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



https://www.techscience.com/journal/RIG
https://www.techscience.com/
http://dx.doi.org/10.32604/RIG.2025.069538
https://www.techscience.com/doi/10.32604/RIG.2025.069538
mailto:ayoubi@cc.iut.ac.ir

810 Revue Internationale de Géomatique. 2025;34

anthropogenic activities [4-6]. Even a low change of the content owing to management practices in a
relatively large region could result in considerable emission of CO, as well as carbon cycling changes in
Earth’s ecosystems. SOC content can be regarded as a serious parameter in the assessment of soil quality [7].
Furthermore, it can improve soil aggregation [8], hamper soil loss, decrease land vulnerability, enhance the
nutrient cycle and its availability, and increase water storage capacity [9].

Batjes [7] and Marchant et al. [8] indicated that about 33% of the worldwide C stocks that are
agglomerated in the soil's upper meter had some inorganic compounds. SIC, which mainly consists of
carbonates, provides important information on mineralogy and soil chemical functions involving pH and
exchangeable cations that are essential for plant growth [9]. Conditions with enough soil moisture encourage
the build-up of SOC and frequently have low SIC. Arid and semi-arid areas with limited biomass output may
have SIC-rich soils with little SOC buildup [10]. Therefore, these findings imply that SOC and SIC may have
an offsetting impact.

Field surveys for enlightening SOC and SIC resources are accurate; nevertheless, they are expensive
and time-consuming, as well as labor-intensive [2]. The variation of soil characteristics had been previously
attained from some spatial approaches including such deterministic approaches as the nearest neighbor
approach and inverse distance weighting (IDW), additionally, stochastic approaches like universal simple
kriging and ordinary [11]. Afterward, there was the introduction of hybrid methods by conjoining deter-
ministic and stochastic approaches [4]. Digital soil mapping (DSM) and effective machine learning models
(ML) have been extensively employed recently for surveying and geographic estimation of soil parameters
utilizing a variety of environmental variables [5,12].

Remote sensing techniques can be regarded as a necessary part of DSM [6]. Environmental variables
that are frequently used to predict soil-forming components might be either qualitative or quantitative.
The primary predictors significant for estimating soil properties are typically the environmental variables
obtained from the digital elevation model (DEM) and its derivatives, remote sensing indices, and thematic
maps (legacy geology, land use, geomorphology, and legacy soil units) [12]. In addition, environmental
variables may be classified into passive or static (i.e., geology, legacy soil map) and active or dynamic (i.e.,
climatic) variables [13]. Environmental variables that reflect the impacts of organisms including vegetation,
land cover, and land use maps have been applied for predicting SOC by DSM [5].

There is a variety of machine learning models in DSM to get the spatial associations existing among
soil properties and environmental factors; this is subsequently followed by the target soil attributes’ spatial
variability. There has been an assessment of many machine learning algorithms for predicting some soil
characteristics (i.e, Cubist, artificial neural networks, multiple linear regression, k-nearest neighbors, partial
least squares regression, multinomial logistic regression, random forest, support vector machine, and genetic
algorithms [14].

Zeraatpisheh et al. [12], aiming to improve SOC spatial prediction by applying the environmental
variables selection method, used a wide range of machine learning algorithms comprising RE, Cu, SVM, and
PLSR, showing that Cu could be regarded as the most powerful in commonly used variables (topographic
properties as well as single-time remote sensing data); meanwhile, RF was more powerful when used remote
sensing time-series data. In another study, Naimi et al. [15] examined the data by 5 MLs of RE k-nearest
neighbors (KNN), SVM, PLSR, artificial neural networks, and the individual models ensemble.

Arid as well as semi-arid regions account for more than 85% of Iran [15], understanding SOC and
SIC storage and their contributions can be very important for decision-makers and governors. Moreover,
knowledge about the stock of these two components is very crucial regarding carbon sequestration and
global warming. Furthermore, it is very vital to identify the controlling factors of these two target variables.
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The selected watershed, located in central Iran, is characterized by low annual precipitation and high
evapotranspiration, sparse vegetation cover, and heterogeneous soil types. These arid to semi-arid conditions
pose serious constraints on organic matter accumulation, leading to naturally low SOC and high SIC
concentrations. Human-induced pressures such as overgrazing, inappropriate land use, and limited water
availability exacerbate soil degradation and carbon loss. This ecological sensitivity makes the area a strategic
testbed for evaluating predictive models and identifying key environmental drivers of carbon variability in
semi-arid systems.

Our research involved analyzing the relationship between SOC and SIC and different datasets (like
land use, geology, and geomorphology) independently. We also assessed the impact of incorporating or
excluding satellite imagery on model performance using machine learning techniques. Consequently, this
study attempted (i) to assess SOC and SIC prediction at the watershed basin using environmental variables,
and (ii) variable importance analysis (via) and partial dependence plots (PDP) analysis were considered to
find the major factors in controlling SOC and SIC variability at the given watershed, in the center of Iran.

2 Materials and Methods
2.1 Description of the Study Area

The study area was located in the western parts of Isfahan Province, in the center of Iran (Fig. 1). The
average elevation of the study area is 2380 m a.s.] with a mean slope of 3.3% [16]. The region receives an
average annual precipitation of 324.3 mm and has a mean annual temperature of 9.8°C. Conferring to the
Koppen organization, the climate can be ordered as semi-arid, with chilly winters. The chosen area is a part of
the Sanandaj-Sirjan zone geologically. According to [17], the most common rocks are Quaternary deposits,
shale, limestone, and slate. In the area under investigation, pasture, dryland agriculture, and irrigated farming
are the most common land uses (Fig. 2).

50 51 52 53 54 55
L L L s L L

< E

Isfahan Province A o

w ggu
1

34
(R

320
1

31
1

0204 8 120 160
O — — s

307
1

T T r T T T

5071450 e AT R \m@o 455000 460000 465000 470000
N
Studied watershed A

Legend g a

g1 E

pEM (1) g g

- High : 3533 8 8

- Low : 2060 : g

Study Area ’ = LS

g g

S S

Sample Points < 8 8

] L

Joomsis 3 45 e

3624000
T
3624000

T T T T T
450000 455000 460000 465000 470000

Figurel: The study area is located in Isfahan province, the center of Iran, and the spatial distribution of sampling points
is illustrated on the digital elevation model of the selected watershed
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Figure 2: The overall research workflow

2.2 Field and Laboratory Studies

For the current investigation, 100 points were selected for taking soil samples in the summer of 2021
using the random sampling approach (Fig. 1). GPS was employed to capture the sampling spatial points
during the process (Fig. 1). Five cores from 0 to 20 cm of topsoil were collected for each sampling point,
completing a square’s corners to create a sort of composite sample. Every single one of these samples was
allowed to air dry at ambient temperature. After that, impurities were removed. In the end, the samples under
consideration were run through a 2 mm sieve so as to facilitate laboratory examination [18]. Analysis of SOC
was done by the wet oxidation approach proposed by Nelson and Sommers (1982). Calculation of SIC content
was done as 0.12x calcium carbonate equivalent [19]. Bernard’s calcimeter method was used for measuring
the soil carbonate content [19].



Revue Internationale de Géomatique. 2025;34

2.3 Environmental Variables

813

In the present study, four datasets including topographic attributes extracted from DEM, remote sensing
data, climatic layers, and categorical data such as land use and geomorphology maps were used as SOC and
SIC driving forces (Table 1). The RS dataset included vegetation indices: Landsat 8 images from August to
September of 2021 that coincided with the period of soil survey and sampling collection with less than 10%

cloud cover were acquired from the USGS database (Table 1).

Table 1: Variables most commonly used for the prediction of SOC and SIC

Auxiliary data Variables Definition
Remote Landsat Bands (B2-B7)
sensing Normalized Difference Vegetation Index (B5-B4)/(B5+ B4)
(NDVI)
Enhanced Vegetation Index (EVI) 2.5 %
(B5-B4)
(B5+6x B4) — (7.5 x B2) +1
Transformed Vegetation Index (TVI) V/(B4-B3) /(B4 +B;3) +0.5
( B4 -B3 )
Corrected Transformed Vegetation Index B 4B_4B+3B3 X
(CTVD) ‘(34 + B3) i 0'5’
\/ ‘ B4 - B3 ’
+0.5
B4 + B3
. . . B5-B4
Soil Adjusted Vegetation Index (SAVI) ———— x(1+L)
B5+B4+L
Carbonate Index (CI) TIRS_;/TIRS_,
Topographic Elevation Elevation (m)
attributes AH Analytical Hillshading
Aspect Aspect
CNBL Channel Network Base Level
Cross.Sectional. Curv Cross-Sectional Curvature
TPI Topographic Position Index
Catchment.Area Catchment area
Flow.Accumulation Flow accumulation
LS.Factor LS factor
RSP Relative slope position
MRRTF Multi-resolution of Ridge Top
Flatness Index
MRVBF Multi-resolution Valley Bottom
Flatness Index
Plan.Curv Plan curvature
Prof.Curv Profile curvature
Total.Curv Total curvature

Longitudinal.Curv

Longitudinal curvature

(Continued)
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Table 1 (continued)

Auxiliary data Variables Definition
Convergence.Index Convergence index
Slope Slope
TWI Topographic wetness index
Val.Depth Valley depth
VDCN Vertical distance to channel
network
Selected Rainfall Precipitation map
climatic
data
Selected Soil map Units Land use types and patterns
categorical Land use map Lithological formations
data Geology map Geomorphology surfaces
Geomorphology map -

Soil map Units
Land use map
Geology map

Land use types and patterns
Lithological formations
Geomorphology surfaces

Topography can be considered as one of the foremost soil-forming factors in arid and semi-arid
regions [12]. Therefore, the Aster GDEM database was used to get a digital elevation model (DEM) with
30 m x 30 m cell sizes, and some topographic attributes described in Table 1 were calculated [20]. The SAGA
GIS software (version 4.7) was used to extract RS and topographic attributes [21].

The mean monthly precipitation for the period from 1997 to 2018 was obtained from the Meteorological
Organization of Iran (IRIMO). A precipitation interpolated map was then spatialized by using the Inverse
Distance Weighted (IDW) method in ArcMap 10.5 [21,22]; finally, the relevant precipitation map was applied
as a designated climatic data (Table 1).

Land cover, legacy soil map units, geology, and geomorphology maps were used in this research as
categorical variables (Table 1). Landsat 8 images were obtained on 3 September 2020, and ENVI 5.3 software
was applied to prepare the land cover map. One of the input variables included a land use map that is
presented in Fig. 32, and the dominant land cover components are residential areas (7.70 km?), rainfed
farmlands (83.65 km?), rangelands (60.03 km?) and irrigated agricultural lands (36.74 km?).

The geomorphology map was generated using Google Earth imagery as a base. Landscape positions,
geology, slope, aspect, and landforms were considered to delineate distinct geomorphic units. To capture
the complexity of the terrain, a four-level geomorphic hierarchy was adopted, encompassing landscapes,
landforms, lithology, and geomorphological surfaces [22]. Ultimately, sixteen geomorphic components were
identified and mapped (Fig. 3b, Table 2).

Fig. 4 presents additional variables (such as Elevation, Slope, Valley Depth, Band 2 Landsat 8, Band 7,
and Normalized Difference Vegetation Index), incorporated into the subsequent soil organic carbon (SOC)
and soil inorganic carbon (SIC) prediction models. To ensure consistency across platforms, all spatial datasets
were standardized to the WGS 1984 coordinate system and projected using the Universal Transverse Mercator
(UTM) Zone 32N. This standardization minimized spatial discrepancies and ensured accurate overlay and
analysis across different software environments.
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Figure 3: Land use (a) and geomorphology map (b) of the study area in Isfahan Province. Codes referring to

geomorphic surfaces can be seen in Table 2

Table 2: Geomorphic units which are related to the map (Fig. 2b) for the considered study area [Mt: Undifferentiated
metamorphic rock, gneiss, amphibolite, marbled dolomitic limestone, Qt: Alluvial deposits, Kml: Arbitulin-bearing

limestone, K4: Ganglomera, red sandstone, Kms: Marl and shale, Mt3: Dolomite limestone, marble, and dolomite]

Landscape Landform Lithology Geomorphological surface Code
Hill Developed hill Mt Hill, high altitude Hilll
Eroded hill Qt Hill, low altitude Hi222

Mountain  Eroded rock outcrop Mt Rock surfaces Molll
Kml Rock surfaces Mol21
K4 Rock surfaces Mol3l
Qt Rock surfaces Mol41
Kms Rock surfaces Mol51

Piedmont Alluvial fan Qt Active fan, upper section, high slope  Pilll
Active fan, lower section, low slope  Pill2

Pediment Qt High slope, cultivated Pi211

Low slope, cultivated Pi212

Mt3 Low slope, cultivated Pi222

Alluvial plain Qt High slope, cultivated Pi311

Low slope, cultivated Pi312

Playa Clay flat Qt Cultivated clay flat Pl
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Figure 4: Six examples of auxiliary variables applied for the purpose of modeling soil organic carbon and inorganic
carbon: (a) Elevation, (b) Slope, (¢) Valley Depth (Val.Depth), (d) Band 2 Landsat 8 individual band, (e) Band 7, and
(f) Normalized Difference Vegetation Index (NDVI)

2.4 Pre-Processing Examination

To optimize model performance, feature selection is crucial when dealing with a large pool of potential
predictors. Exhaustive exploration of all possible predictor combinations is computationally impracti-
cal [23,24]. Therefore, efficient feature selection techniques are essential to identify the most influential
variables. In this study, multicollinearity among variables was assessed using the Variance Inflation Factor
(VIF). Variables with a VIF exceeding 10 were excluded to enhance model stability [25]. Subsequently, the
Boruta algorithm was employed to select the most significant predictors for SOC and SIC [26]. To evaluate
the ability of environmental variables to predict SOC and SIC from a combination of remote sensing data,
topographic features, selected meteorological data, and selected land cover data, several scientific metrics
were employed.

2.5 Modeling and Evaluation of Models

In order to predict SOC and SIC a nonlinear Random Forest (RF) machine learning algorithm was
employed, also, all modeling processes and fitting optimization were carried out by applying the “caret” and
“randomForest” (ver: 4.7-1.2) packages in R 3.5.2 [27].
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Ten-fold cross-validation was applied to evaluate how well the model performed in estimating the
contents of SOC and SIC [28,29]. A major strength of the ten-fold cross-validation method lies in its
consistent reliability and fairness across small datasets. The four considered statistical indices were applied
to evaluate the potential of predictive models for SOC and SIC, specifically, the coeflicient of determination
(R?), root mean square error (RMSE), mean absolute error (MAE), and normalized root mean square error
(nRMSE) as shown in Eqs. (1)-(4). An appropriate predictor should have an RMSE which will be the lowest,
and (R?) shows the variance proportion in the object variable that could be elucidated by the model.

L (Z * (X5) - 2(X4))?

R*=1- 1

51 (Z(X) ~2(X))? w
N 2 %
RMSE = Yol [Z(Xi)_Z*(Xi)] ] )
N

MAE = 30, [12(X;) =2 + (X)) 3)

nRMSE = M5B (4)
7(X)

where Z(X;) and Z * (X;) show the observed and predicted values, respectively, and Z(X) denotes to the mean
of observed values, and N signifies the measurements number.

2.6 Post-Hoc Modeling

To elucidate the RF model’s behavior in predicting SOC and SIC, variable importance analysis (via)
and partial dependence plots (PDP) were employed. These techniques provided insights into the relative
contributions of predictors and the nature of their relationships with the target variables [30]. Via and PDP
were selected for their simplicity and effectiveness in visualizing variable effects and interactions. These
methods are well-suited for soil modeling, where understanding how predictors influence outcomes both
individually and in combination is important. Compared to more complex techniques like SHAP, via and
PDP offer clearer insights with lower computational cost.

To assess model uncertainty, a bootstrapping approach was employed, involving repeated resampling
of the dataset with replacement to estimate the variability in predictions. The overall research work-
flow is illustrated in Fig. 2, outlining the sequential steps of data acquisition, preprocessing, analysis,
and interpretation.

3 Results and Discussion
3.1 Descriptive Statistics

A statistical summary of SOC and SIC can be seen in Table 3. The results showed that the SOC content
varied from 0.19% to 1.77% with the average being 0.70%; also, the results indicated that SIC ranged from
0.36% to 6.48% with an average of 2.71.%, while the higher standard deviation for SIC showed higher
variation, as compared to SOC, in the given study area. The Kolmogorov-Smirnov test confirmed the normal
distribution for both variables. According to the classification applied for the coeflicient of variation (CV)
values, as proposed by Wilding (1985), SOC (CV = 42.85%) and SIC (CV = 45.97%) had high variability.
Indeed, high CV values indicate substantial spatial variation of SOC and SIC for the whole of the given
area [31]. In this study, a lower CV was obtained for SOC values, rather than SIC; this conformed to the
findings achieved by [12]. The high SOC variability in the considered area may also be ascribed to different
land use management and tillage practices [32,33]. Moreover, a great portion of the area is sheltered by
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rangelands with a high variety of vegetation cover because of different grazing pressures on the rangeland.
Differences in the density of vegetation have led to the high variability of soil organic materials throughout
the rangelands [34].

Table 3: Descriptive statistics related to SOC (%) and SIC (%) in this research study (N =100)

Soil properties Unit Min Max Mean SD CV  Skew. Kurt.

SOC % 019 177 070 029 4285 1.27 1.67
SIC % 036 6.48 271 124 4597 027 -0.03

Note: SOC: soil organic carbon; SIC: soil inorganic carbon; Min: minimum; Max:
maximum; SD: standard deviation; CV: coeflicient of variation; Skew: Skewness; and
Kurt: Kurtosis.

SIC also indicated high variation, which was presumably ascribed to variability in soil forming factors,
parent material, relief, as well as tillage practices. An important factor in the SIC variability in the surface
layers is related to the appearance of calcic horizons on the surface because of severe soil loss in the given
area. The other main process that could control the variability of SIC in semi-arid regions is the variability of
the decalcification process along the landscape [35,36]. In the studied semi-arid region, some parts including
lower and stable slopes received higher moisture, and decalcification occurred to a higher extent, as compared
to steep slopes. Therefore, it is expected that in these areas, lower calcium carbonates would exist in the
surface layer.

3.2 Performances of Developed Models

According to the VIF method [I8] and the Boruta method, the most factors were identified for
explaining of the variability of SOC and SIC in the given watershed. Overall, among the chosen variables, 21
topographic attributes, seven RS indices, and four other thematic maps comprising geology, geomorphology,
climatic data, and land use were included in the modeling (Table 1) for SOC and SIC in the given watershed.

Machine learning (ML) methods have been demonstrated in numerous studies to have the potential to
identify non-linear correlations among SOC, SIC, and variables [37]. Performance evaluation of the models
was conducted using the R?, RMSE, nRMSE, and MAE indices (Table 4). Table 4 shows that the RF model
exhibited the more accurate performance in predicting SOC with R* (0.43 + 0.13) and the lowest RMSE
(0.20 + 0.05), MAE (0.15 + 0.04), and nRMSE (0.28). The moderate R* in our study suggests that while the
RF model captures key patterns, a substantial portion of the variance remains unexplained. This may be
due to unmeasured variables (e.g., soil management history, microclimate effects), data noise, or inherent
complexity in soil processes, that is a common limitation in spatial modeling. Similar studies modeling SOC
using RF have reported R* values ranging from 0.30 to 0.65, depending on spatial scale, input data quality,
and environmental heterogeneity [38]. Our result falls within this range, particularly given the challenging
semi-arid context and limited availability of high-resolution covariates. The RF model showed the best results
in predicting SIC with R? = 0.47; RMSE = 1.01 + 0.17; MAE = 0.81 + 0.17; nRMSE = 0.3726 (Table 4).
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Table 4: Validation criteria (10-fold cross-validation) for prediction of the soil organic carbon (SOC; %) and inorganic
carbon (SIC; %) of all models. The bold values show the results having the highest accuracy (n = 100)

Soil properties Model

R? RMSE MAE nRMSE
SOC RF  0.43:0.13 0.20+0.05 0.15+0.04 0.2857
SIC RF 047 £0.11 1.01+0.17 0.81+0.17 0.3726

Note: RF: Random Forest; soil organic carbon (SOC); Soil inorganic carbon (SIC; %).
+ in the table shows standard deviation.

RF could be regarded as extensively used machine learning in DSM studies [32]. When considering
other models ML, the major advantages of RF over them are its non-parametric character, its capacity to
handle and employ very large variables sets with various variables kinds (categorical or continuous variables),
its high performance in prediction, the random selecting of variables throughout tree construction, and its
capability to handle inaccurate data [36,37]. Our results conformed to the investigations performed by [38],
which shows good RF performance; meanwhile, some other scholars have reported lower accuracy for the RF
model [38]. These discrepancies in the potential of different machine learning models for prediction could be
related to several reasons, such as the number of soil samples and their density in the field, model multiplicity,
landscape complication, type of environmental variables, source of data, and their resolution [38].

The results indicate that the inclusion of RS data in the previous auxiliary input variables (topographic
attributes, precipitation, geology, geomorphology, and land use) could enhance the predictive models’
accuracy. Matinfar et al. [4], in predicting SOC in Khorramabad plain, west of Iran, showed that including
RS and geomorphic attributes led to a higher performance of prediction. Moreover, Wang et al. [38] observed
that superior results were achieved when the derived topographic variables, as well as RS, were applied
together for prediction. The findings demonstrated that both models performed better than individual
variable sets in estimating SOC and SIC [39]. Accordingly, some scholars [39] employed Sentinel-1, Sentinel-
2, and topographic parameters as the auxiliary environmental variables for predicting SOC and total
nitrogen. They reported that the scenario with all three data sets had a higher performance than other variable
arrays for estimating SOC and total nitrogen. Our findings also indicated that the variable set with higher
comprehensiveness had a higher performance than the limited variables [40].

3.3 Relative Importance and PDP Analysis
3.3.1 Variable Importance

To attain a thorough thoughtful of the environmental variables that were more imperative in the
prediction of the SOC content, the via based on the RF model is presented in Fig. 5. According to the
via, the land cover map was identified to be the most significant variable for the SOC prediction. A study
conducted in Iran [41] showed that diverse land-uses led to significant changes in the SOC contents. Other
scholars [42,43] had the prediction of a higher SOC content in agricultural lands, as compared to other
land uses in western Iran and North-Western France, respectively. On the contrary, another research [44]

indicated that the change of land uses had a minimal impact on the content of SOC.
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Figure 5: The relative importance of each of environmental variables (%) for the prediction of soil organic carbon and
soil inorganic carbon in various datasets according to RF model. Soil organic carbon (a); soil inorganic carbon (b).
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Multi-resolution Valley Bottom Flatness, CI: Carbonate index; CTVI: Corrected Transformed Ratio Vegetation Index,
TWI: Topographic wetness index; LS: slope-length factor; Plan. Curv: Plan Curvature

Following the land use map, RS indices were identified as the most significant variables for estimating
SOC. The ranking and their contributions in estimating SOC were as follows: NDVI > EVI > B5 > B7 > B2. RS
indices are commonly regarded as worthy estimators of SOC content, as Wang et al. [44]. SOC can influence
the shape and intensity of the soil’s reflectance spectrum. In general, soils having more organic matter appear
to be darker. In addition, concerning diverse compositions of SOM, reflectance occurs in the mid to thermal
infrared range (2500-25,000 nm), as well as in the visible range (400-700 nm) [45]. Therefore, the existence
of relationships between soil features and the reflectance spectrum in the specific wavelengths could lead to
the cost-effective estimation of SOC [46]. Hence, the high contributions of NDVI, as the most well-known
indicator of soil organic matter existence and other bands (B2, B5, and B7) (Fig. 5), obviously corresponded to
the reflectance behavior of soil organic matter in the wide electromagnetic spectrum range [47]. Band 5 (Near
Infrared, ~0.85-0.88 pm) is sensitive to vegetation and organic matter due to its interaction with molecular
vibrations and water content in soils. Organic matter tends to absorb energy in this range, contributing to
darker soil reflectance. This band is particularly useful for detecting SOC through vegetation indices such
as NDVI and EVI, which are derived from NIR reflectance. Band 7 (Shortwave Infrared 2, ~2.11-2.29 um) is
highly responsive to carbonate minerals due to strong absorption features associated with CO3?~ molecular
vibrations. Carbonates exhibit distinct reflectance peaks in this region, making Band 7 a reliable indicator
for SIC detection. Asgari et al. [48] demonstrated that carbonate content significantly increases reflectance
intensity in SWIR bands, especially around 2338 nm.

Following the RS indices, some topographic attributes including the LS factor, elevation, MRVBE plan
curvature, and topographic wetness index (TWI) were deemed as the most imperative topographic attributes
to account for the SOC variability in the area. All these terrain attributes, directly or indirectly, can control the
redistribution of soil particles (especially SOC), energy, and water through the watershed [49]. Dai et al. [50]
had the observation of strong relationships between the SOC content and NDVI, precipitation, elevation, and
temperature. Several studies have previously revealed that topographic attributes, via effects on soil erosion
as well as deposition processes, could be important in determining SOC stability and accumulation [2,32].
A strong association between the SOC content and slope was reported by Fissore et al. [51], stating that
topographic attributes could do the regulation of SOC dynamics as well as SOC quality.
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Based on the findings of via for SIC, by RF model, RS data, and topographic attributes were acknowl-
edged as the most significant variables. Band 7 (Short wave Infrared 2, SWIR2) in the range of 2.11-2.29 um
and Band 5 (Near infrared, NIR) in the range of 0.85-0.88 um were the most persuasive variables in the Ist
and 2nd ranking. Asgari et al. [48], in studying carbonatic soils, reported the specific absorption wavelength
as the soil carbonates incidence was 2.338 y, which was intensified with the carbonates content; this was
in synchrony with Band 7 of ETM" data. Such observations conformed to the findings obtained by [52,53].
Interestingly, the carbonate index (CI) was identified as one of the top ten influential variables for predicting
SIC in this study (Fig. 5).

Among the topographic attributes, slope, MRVBE relative slope position (RSP), valley depth, elevation,
and TWI were recognized as the topographic attributes that had considerable impacts on the distribution
of carbonates in the given area (see Fig. 5). Topographic attributes could significantly mediate the carbonate
distribution throughout the landscape because of the effects of topography on soil formation processes and
soil erosion. In steep slopes, severe sheet erosion leads to the appearance of subsurface horizons that are
enriched by calcium carbonates [54]. The Wetness Index as the proxy of water and moisture patterns along
the landscape serves a vital role in the distribution of carbonates as relatively soluble minerals [55]. Soil-
forming processes along different slope positions also mediate the distribution of carbonates in semi-arid
regions. Calcium carbonates are likely to transfer from higher to lower slope positions; they can accumulate
on some specific land surfaces as a consequence of slope hydrology. Therefore, several topographic attributes
like slope, curvature, catchment area, and upslope area, by inducing the hydrological circumstances of
a location and making diverse soil moisture conditions, may generate different patterns of carbonate
leaching [55]. According to the results of via, geomorphology was recognized as the influential variable that
could control the variability of SIC. The highest values of SIC were observed in alluvial plains in the given
area. Sreenivas et al. [3], in a study, stated that alluvial plains had variable SIC content because of the variation
in the alluviums set down throughout the watershed.

Among the selected variables, unexpectedly, climatic variables were not included as the most significant
variables for modeling SOC and SIC. Although several studies have proved that climatic variables have a
great involvement in the SOC and SIC variability [32], it seems that the low importance of these variables
relates to the very low variation of climatic conditions in the studied catchment.

3.3.2 Partial Dependence Plot Analysis

To understand how the most important factors influence the outcome, we conducted a PDP analysis
on the top four predictors identified by our most accurate ML model (Fig. 6). A PDP plot illustrates how
SOC contents change in response to varying levels of environmental factors. The x-axis represents the values
or categories of each factor, while the y-axis shows the average SOC or SIC value corresponding to those
levels. According to the analysis, land use, NDVI, EVI, and B5 were the most influential factors in predicting
SOC. (Fig. 5a). In the left and right panels, higher amounts of SOC are associated with high values of EVI,
NDVI, and Land use where vegetation cover is dense and the wetness shows a rather monotonous positive
effect. Three plots are supported by the response curves (Fig. 6a—c). The response curve of SOC to EVI and
NDVI variation showed that SOC increased with increasing vegetation cover. Also, the land-cover plot that
agricultural land use has the highest amount of SOC. In similar studies, Peng et al. [56] reported the very
important effect of vegetation-related indices such as EVI and NDVI on the SOC variation, as well as, for
SIC prediction, the most important variables were B7, B5, Slope, and MRVBF (Fig. 5b). The results of the
PDP for these four key variables are shown in Fig. 7, where the results showed that SIC content increases
with MRVBE, while it decreases with Slope. Generally, the steeper the slope, the greater the erosion, and the
less soil formation and vegetation cover is expected [57].
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3.4 Spatial Prediction of SOC and SIC and Uncertainty Mapping

The spatial prediction maps of SOC and SIC are presented in Fig. 8. Fig. 8a represents the SOC map
derived using terrain attributes, climatic data, categorical data, and RS data by the RF model. The values of
SOC varied from 0.22% to 1.34%.

The maximum values of SOC were observed in the central parts of the watershed, which were mostly
covered by irrigated farming. As can be seen in the land use map (Fig. 3a), there were some irrigated crops
(wheat, barley, alfalfa, ...) in the central parts of the watershed with a low slope gradient. Returning crop
residues and the application of manure by local farmers [58] have led to an increase in SOC in these portions
of the watershed. Similarly, Mousavi et al. [29] predicted higher mean SOC in agricultural lands, as compared
to other land uses, across the landscape. Meanwhile, in the steep slopes with overgrazed areas and high
intensity of soil erosion, the minimum SOC was observed (Fig. 5a). Several researchers have reported similar
results, showing that overgrazing on steep slopes led to severe sheet erosion and eventually, soil organic
material loss [53].

Spatial scattering of SIC, resulting from RF models is shown in Fig. 8c. The spatial distribution of SIC
derived from the RF model on the selected variables is illustrated in Fig. 8c. The results extracted from
topographic features, climatic data, classified data (geology, geomorphology, and land use), and remote
sensing data by the RF model in this map ranged from 0.38 to 5.05 percent. The uncertainty map also showed
almost very low uncertainty involved with the predicted SIC map with a standard deviation between 0.03
and 0.70. According to Fig. 8d (right panel), the highest uncertainty associated with SIC prediction was seen
in the center parts of the study area.

The SIC uppermost values were perceived in the north and central parts of the studied watershed. In
the northern parts, along with the presence of calcareous rock-outs, calcium carbonates were exposed to the
surface and the highest contents were recorded. In the central parts of the studied watershed with the lowest
elevation, the higher SIC was related to receiving carbonates from the highlands as a consequence of soil
erosion. Several scholars in arid and semi-arid regions have reported that soluble compounds such as calcite
are transported and redistributed in the lowlands following soil erosion and deposition processes [59].
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The uncertainty map for the predicted SOC and SIC is presented in Fig. 8b,d, right panels. In general,
very low uncertainty is associated with the predicted map, showing the reliability of the implemented
model and results (SOC: PI = 0.005%-0.27%, SIC: PI = 0.03%-0.70%). Nevertheless, almost all of the
highest amounts of uncertainty are seen in areas with the lowest SOC content, and vs. for SIC the highest
uncertainty was observed in the central part of the study area. Zhao et al. [60] posited that the bootstrap
method is effective in quantifying uncertainty within RF models. They emphasized that by addressing various
factors—such as minimizing measurement errors, capturing spatial correlations, and selecting appropriate
scales—researchers can improve the reliability and informative quality of prediction maps. This approach
aligns with the principles of SOC and SIC, where reducing uncertainty enhances the understanding of soil
dynamics and contributes to more accurate predictions in environmental modeling.



Revue Internationale de Géomatique. 2025;34 825

4 Conclusions

The present study examined the spatial variability of SOC and SIC in a semi-arid watershed in central
Iran using the RF model and a diverse set of environmental variables. The results revealed that land use
was the most influential factor in SOC prediction, followed by remote sensing indices such as NDVI and
EVI, and then topographic attributes. The high SOC content observed in irrigated farmlands is likely due
to crop residue inputs, which explains the strong correlation between SOC distribution and land use. For
SIC modeling, RS data proved to be the most effective predictors, primarily due to the distinct spectral
signatures of carbonates. Geomorphological features and topographic attributes also played a critical role,
reflecting the impact of hydrological and hydropedological processes on SIC distribution. Partial dependence
plots (PDPs) effectively illustrated non-linear relationships between environmental variables and SOC/SIC
predictions, enhancing the interpretability and transparency of the RF model. Climatic variables, however,
showed limited contribution to SOC and SIC prediction, likely due to low climatic variability across the
study area. This suggests the need for further evaluation of climate-related variables in larger or more
diverse semi-arid catchments. Overall, the findings have important implications for land management and
carbon sequestration strategies in semi-arid regions. Identifying key environmental drivers such as land
use, vegetation indices, and terrain attributes enables more targeted interventions to enhance soil carbon
stocks. Future research should focus on testing model generalizability across broader geographic settings,
incorporating higher-resolution data, and exploring alternative machine learning algorithms to further
refine predictive accuracy and support sustainable land-use planning.
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