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Article Info ABSTRACT

Article type: Background and Objectives: Soil organic carbon (SOC) is a key factor
Full Length Research Paper iy maintaining soil fertility and supporting soil ecosystem services, and it
has been recognized by the United Nations Environment Programme as
one of the major global environmental challenges. Studies in Iran have

Article history:

Received: 07.26.2024 shown that, on average, each gram increase of organic carbon per
Revised: 01.24.2025 kilogram of soil can enhance wheat grain yield by 286 kilograms per
Accepted: 01.25.2025 hectare. Furthermore, understanding changes in SOC is a central

component in soil quality assessment. Therefore, this study was conducted
with the aim of digitally mapping soil organic carbon using environmental

Eﬁmﬁgs\;ariabl es. auxiliary variables and predictive models in the Badr watershed, south
Digital soil mapping, of Qorveh city, in order to evaluate the effects of environmental
Linear multivariate regression, ~ characteristics and auxiliary variables on SOC prediction and to identify
Satellite images the most suitable model for estimating soil organic carbon reserves.

Materials and Methods: In this research, auxiliary data including Landsat
8 satellite imagery and a digital elevation model (DEM) with a spatial
resolution of 10 meters were obtained from the National Cartographic
Center. The geological map of Qorveh was acquired from the national
geological database, from which the geological map of the Badr watershed
was extracted and digitized in a Geographic Information System (GIS)
environment, and the geomorphological map was prepared based on the
Zinck geopedology method. The locations of the observation points were
then determined, soil identification was carried out in the field, and soil
samples were collected from different depths. These samples were
analyzed for physical, chemical, and mineralogical properties, and the
soils were classified accordingly. To implement the study, 125 soil
profiles were selected using the Latin hypercube sampling method and
excavated across the watershed; the samples were air-dried in the
laboratory, ground, and passed through a 2 mm sieve, after which soil
organic matter was measured using the Walkley—Black method. For
modeling, artificial neural networks (ANN), decision tree analysis, and
multivariate linear regression were used to predict soil properties, and to
integrate the outputs of the models, the k-nearest neighbor (k-NN) method
was applied for preparing and evaluating the digital maps of soil classes
and characteristics.




Results: The prediction results were first evaluated using the 5-fold
random validation method, and in the second step, decision tree analysis,
artificial neural networks, k-nearest neighbor (KNN), and random forest
models were applied for prediction, while the mixed multivariate linear
regression method was used to integrate the outputs of the models. The
accuracy of these predictions was then assessed using the 10-fold cross-
validation method. The findings showed that among the applied models,
multivariate linear regression (MLR) achieved the highest accuracy for
predicting soil organic matter with a coefficient of determination (R?) of
0.637 and a root mean square error (RMSE) of 0.232, whereas the lowest
prediction accuracy was obtained from the KNN model.

Conclusion: Using the 5-fold random validation method, the comparison
of models including Artificial Neural Network (ANN), Decision Tree
Analysis (DTA), Multivariate Linear Regression (MLR), and K-Nearest
Neighbor (KNN) revealed that the KNN model achieved the highest
accuracy for predicting soil organic carbon, with a coefficient of
determination (R?) of 0.9906 and a root mean square error (RMSE) of
0.0361. However, given the spatial structure of the data, the 10-fold
cross-validation method provides a more reliable evaluation, making it
preferable to the 5-fold random validation method.
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2- Recursive feature elimination
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1- Digital Soil Mapping
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1- Prediction distance
2- Global Soil Map
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Figure 1. Location of the study area and spatial distribution of sampling points.
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Figure 2. Geology of Badr watershed, Qorveh city, Kurdistan province.
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Table 1. Descriptive statistics of some physical and chemical characteristics of soil and measured performance.
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Table 2. The results of evaluating the accuracy of soil organic carbon prediction, using the 10- fold cross
validation method.
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Table 3. The results of evaluating the accuracy of predicting soil organic carbon, using the 5fold random
validation method.

2 c N e
ME R r RMSE=RMSE/Mean real RMSE
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0 0.6349 0.7767 0.4640 0.2774 MLR
-0.00103 0.9906 0.9953 0.0603 0.0361 KNN
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Table 4. Important auxiliary variables in predicting soil organic carbon, in order of importance. from left to
right, the importance of the covariate decreases.
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Figure 4. Prediction maps of soil organic carbon using linear multivariate regression. Map B shows the

prediction of the average value, Map A shows the prediction with a dispersion range 5% lower than the
average, and Map C shows the prediction with a dispersion range 5% higher than the average.
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