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Abstract

Introduction: Soil physical and chemical properties play critical roles in soil health, agricultural
productivity, and natural resource management. These properties are key indicators for assessing
soil sustainability and carbon storage. Understanding their spatial distribution is essential for
effective land management and resource modeling, especially within the context of sustainable
agriculture. The mean weight diameter of soil aggregates (MWD) is a crucial parameter that
significantly influences the carbon cycle, soil structural stability, and agricultural productivity.
Similarly, soil organic carbon (SOC) is vital for environmental sustainability. Digital soil mapping
(DSM), which integrates data from environmental covariates and machine learning (ML)
algorithms, is a powerful tool for predicting soil properties and enhancing sustainable land
management practices. DSM techniques have proven highly effective in estimating soil parameters
across diverse landscapes, reducing the need for extensive field surveys and enabling data-driven
decision-making in precision agriculture. The primary objective of this study was to predict the
spatial distribution of MWD and SOC using DSM. Additionally, this study aimed to rank the most
influential environmental variables affecting these properties through ML-based modeling and to
compare the performance of various ML methods.

Materials and Methods: This study was conducted in the Fereydan region (50° 6' E, 32° 56' N),
Isfahan Province, Iran. We collected a total of 100 surface soil samples (0 to 20 cm depth) from
various land uses, including irrigated croplands, dryland farms, and pastures, using a systematic
sampling network. The samples were air-dried, sieved through a 2 mm mesh, and then analyzed in
the laboratory. We employed six machine learning algorithms—artificial neural network (ANN),
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random forest (RF), cubist model, support vector machines (SVM), k-nearest neighbors (KNN),
and boosted regression trees (BRT)—to relate environmental variables to the soil properties under
investigation. For the modeling process, four datasets were used as predictor environmental
covariates: remote sensing data, topography derived from a digital elevation model (DEM), soil
properties, and classified land data. The models' accuracy was evaluated across four different
scenarios, each utilizing one or more of these datasets. The most suitable environmental variables
were selected through a multicollinearity test using the variance inflation factor (VIF). Finally, to
model the two soil properties, the dataset was divided into calibration (70%) and validation (30%)
subsets. The performance of the models was evaluated using various statistical metrics, including
the coefficient of determination (R?), root mean square error (RMSE), and mean absolute error
(MAE).

Results and Discussion: The model validation results revealed that the KNN model achieved the
highest prediction accuracy for MWD in the fourth scenario (R?=0.59, RMSE=0.19, MAE=0.16).
These metrics indicate a moderate yet significant ability of the KNN model to predict MWD. In
contrast, the cubist model yielded the highest accuracy for SOC in the fourth scenario (R2=0.78,
RMSE=4.12, MAE=3.53). This suggests that the cubist model effectively captured the complex
relationships between environmental variables and SOC, providing a robust framework for
predicting soil carbon content. These findings underscore the strong potential of ML models to
capture intricate interactions between soil properties and environmental factors, enabling precise
spatial predictions of soil characteristics. The ability of these models to process large volumes of
data and uncover hidden patterns is particularly valuable in soil science, where the relationship
between soil properties and environmental variables can be complex and nonlinear. The results
revealed that different environmental variables played varying roles in explaining the spatial
variability of MWD and SOC. For MWD prediction, silt content emerged as the most influential
variable, followed by VV and CHND, both of which significantly affected the spatial distribution
of MWD. In contrast, for SOC prediction, the most important variables were the multi-resolution
valley bottom flatness index (MRVBF) and clay content. These factors are critical for
understanding the storage and cycling of organic carbon in soil, as both moisture retention and clay
particles are known to influence the stabilization of soil organic matter. The relationship between
these variables and SOC underscores the importance of considering soil texture and moisture
dynamics when predicting soil carbon stocks.

Conclusion: The results of this study demonstrate that ML models, such as Cubist and KNN can
effectively predict soil quality properties across different regions, particularly when combined with
topographic and climatic data. These approaches provide an efficient and rapid method for
generating digital soil maps and supporting sustainable land management. By leveraging multiple
environmental datasets, ML-based digital soil mapping enhances modeling accuracy while
reducing reliance on extensive soil sampling. These models are especially useful in areas with
similar climates where full-scale soil sampling may not be feasible, offering a valuable tool for
estimating soil quality attributes and improving agricultural productivity. Ultimately, the findings
of this research can help policymakers and farmers identify critical areas and adopt optimal
strategies to enhance soil quality and mitigate adverse environmental impacts. To further improve
the accuracy and stability of predictions, future studies should incorporate high-resolution
spatiotemporal data, advanced algorithms such as Cubist and KNN, and dynamic models for
analyzing temporal variations. Additionally, investigating soil-water—plant interactions and
assessing the impacts of climate change could play a crucial role in enhancing agricultural
productivity and promoting the sustainable management of soil resources.

Keywords: Digital soil mapping. Machine learning. Environmental variables. Soil properties.
Modeling accuracy. Feature selection.
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1- Soil adjusted vegetation index

2- Enhanced vegetation index

3- Topographic wetness index

4- Cross-sectional curvature

5- Channel network base level

6- Relative slope position

7- Multi-resolution valley bottom flatness index
8- Multi-resolution ridge top flatness index



Yo

\FeF Y aJLo.i A .U;- (‘_gj)jl.,if‘j@.l& 4.1») u.obj t.s"’“"""ﬁ"

S S T 39 S (St Sl (5 Sl el (1) Jou
Table (1) Auxiliary parameters for spatial prediction of soil properties

s slresls = el Sloed 5
Environmental data Variable name Description

e slas glakily
Sentinel Bands (B2-B7)
P by ods by e s

Normalized Difference Vegetation Index (B5—B4)/(B5 + B4)
293 31 Sawaw laosls (N DVI)
i 2/5
Remote sensing data A 6l 3 g et /(BS _Ba)
Enhanced Vegetation Index (EVI X
J EVD (B5 + 6 x B4) — (7/5 x E
Sl alE iy edd e Lesls B5 — B4
- “’Mﬁ.J} .y — X (1+1L)
Soil Adjusted Vegetation Index (SAVI) B5 + B4 + L
¢! (Elevation) m
(L
SVl e CNBL
Channel Network Base Level
53T 45 (Catchment Area) Catchment. Area
S5 55 el (LS Factor) LS. Factor
YL oS Lty YL ) L
e .A?ﬁ.d—-«»fs s S0l yor 2 MRRTE
Multi-resolution of Ridge Top Flatness Index
s d YL eSS ayo Loyd oS (gl ger Lt ls
5 e
o O Multi-resolution Valley Bottom Flatness MRVBF
Digital elevation model Index
(DEM) "
& sl (Total Curvature) Total. Curv
ol Ses LasLs (Convexity) Convexity
[Cand .-n- S - RSP
Slope Position Relative
KGRI 2L
SIS s Casb) e TWI

Topographic Wetness Index
253 go= (Valley Depth) Val.Depth

&S azis sl (SOil Units Map) -

B 3 o3l 5 Lags 1,18 ¢l

sl 5,8 «2s (Land Use Map)
Land use types and patterns

old (guands glresls

Classified data s e 423 (Geology Map) N e
Lithological formations
S3H 50585 7 saw

S35, 50 55 4z (Geomorphology Map)
Geomorphology surfaces

o (Clay), = (Sand), =i (Silt),
s 2L o seie 035 (Bulk density, BD), -
S JT .5 (SOC)

S s Sy
Soil properties
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1- Coefficient of determination
2- Root mean square error
3- Mean absolute error
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1- Zhou et al.
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1- Meliho et al.
2-Johnetal.
3- Extreme gradient boosting machine
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Table (2) Validation results of machine learning models for predicting soil properties

(V) 5,k (Y) 5 bk (¥) 5,5t (F) 5,k
Scenario (1) Scenario (2) Scenario (3) Scenario (4)
R? RMSE  MAE R? RMSE  MAE R? RMSE MAE R? RMSE  MAE

Sl b S Jube
Soil Properties Model

ANN 054  0.18 0.16 0.57 0.18 015 057 0.17 015 055 0.8 0.15
S s S RF 056  0.19 0.17 0.54 0.18 016  0.50 0.46 016 052 017 0.15
e _ Cubist 050 017 0.15 0.55 0.18 015 057 0.19 016 057  0.18 0.15
Mean weight diameter of soil ~ gym 0,56 0.18 0.16 0.44 0.24 021 048 0.32 024 053 0.23 0.20
aggregates (MWD, mm) KNN  0.56 0.19 0.16 0.45 0.19 016 051 0.18 016 059 0.9 0.16
BRT 050  0.19 0.16 0.53 0.20 017 0.9 0.18 015 046  0.19 0.16

ANN 0.63 9.60 7.97 0.39 9.62 8.03 0.55 9.58 8.05 0.59 9.74 8.16

RF 047  6.31 558 0.4 5.70 50 041 5.74 508 072 444 370
S JTosle Cubist 054 556 465 068 5.52 464 053 5.73 492 078 412 3.53
Soil organic carbon (SOC, %) SVM 051 573 480 064 7.50 625 059 7.96 636 059  7.01 5.62

KNN 0.57 5.95 5.18 0.56 5.45 4.77 0.47 5.78 5.01 0.56 5.92 5.15
BRT 0.52 6.05 5.28 0.63 5.91 5.09 0.58 6.01 4.98 0.63 4.69 4.04

oo R dlann g 5555 Ogen S5 BRT casloen o 3655 K o2 SIKNN Olziy 11 bl SVM ooy S Cubiist o 35las Ko RF ¢ 0 yan ae 45 ANN

e gl o Kibe MAE 5 o Slay o 5 Kbe sy RMSE (s
ANN: Artificial neural networks, RF: Random forest, SVM: Support vector machine, KNN: K-nearest neighbors, BRT: Boosted regression trees, R%: Coefficient of
determination, RMSE: Root-mean-square error, and MAE: Mean absolute error.
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1- Khordehbin et al.
2- Rahmati et al.
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Figure (3) The relative importance of auxiliary variables in predicting soil quality
attributes using the optimal prediction model, (a) Mean weight diameter of soil aggregates

(MWD, mm)using the K-nearest neighbors (KNN) algorithm, Scenario 4; (b) Soil organic
carbon (SOC, %) using the Cubist model, Scenario 4.
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Mean weight diameter of soil aggregates (MWD, mm) using the K-nearest neighbors (KNN) algorithm,
Scenario 4, and (b) soil organic carbon (SOC, %) using the Cubist model, Scenario 4.
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