(/ﬂ Tarbiyat Modares

The Journal of Spatial Planning

& Geomatics
Research Paper

Evaluation of Machine Learning Algorithms for Dust Source
Susceptibility Mapping by Integrating Remote Sensing and
Environmental Parameters
(Case Study: Kara-Bogaz- Gol Basin)

Farideh Bamerinejad !, Ali Mohammadian Behbahani*?, Chooghi
Bairam Komaki 3, Ramin Papi 4, Ali Darvishi Boloorani®

1.  Ph.D. Student in Desert Management and Control, Gorgan University of Agricultural Sciences and Natural Recourses,

Gorgan, Iran.

2. Associate Professor in Arid zone Management, Gorgan University of Agricultural Sciences and Natural Resources,
Gorgan, Iran.

3. Associate Professor in Arid zone Management, Gorgan University of Agricultural Sciences and Natural Resources,
Gorgan, Iran.

4. PhD. in Remote Sensing and Geographic Information Systems, National Cartographic Center (NCC), Tehran, Iran.
5. Professor in Remote Sensing and GIS, University of Tehran, Tehran, Iran.

Received: 2025/07/15 i ABSTRACT

Revised: 2025/10/28 | Dust storms, characterized by their capacity to transport aeolian sediments across extensive distances
Accepted:2025/12/02 : from their origins, represent significant threats to human societies and are linked with considerable
detrimental impacts on public health, ecological systems, and the economic stability of communities.
In light of the swift dispersal and extensive distribution patterns of dust particulates, coupled with their
transportational dynamics via wind currents, numerous occurrences remain elusive to detection and
monitoring, thereby necessitating the elucidation and spatial delineation of their origin regions. The
Kara-Bogaz Gol Basin, alongside the Karakum Desert, has emerged as one of the principal
contributors to dust emissions affecting Golestan Province in recent years. This study critically
assesses the efficacy of sophisticated machine learning algorithms in pinpointing dust emission origins
within the Kara-Bogaz Gol Basin. In the present investigation, a robust analytical framework founded
on the amalgamation of remote sensing data and machine learning methodologies was employed.
Environmental datasets, encompassing nine distinct parameters—namely, dusty days, soil moisture,
soil texture, precipitation, wind velocity, Normalized Difference Vegetation Index (NDVI), Digital
Elevation Model (DEM), air temperature, and land cover—were systematically extracted and
processed utilizing the Google Earth Engine platform across the temporal scope of 2003-2023. A total
of 340 dust emission sources were discerned through visual interpretation of MODIS satellite imagery,
serving as training data for the machine learning algorithms. The findings revealed the following
accuracies in identifying areas with high dust emission potential: Random Forest 91.8%, Artificial
Neural Network 70.9%, XGBoost 89.9%, Gradient Boosting 87.9%, Bagged CART 89.9%, and
LightGBM 91.8%. Notably, Random Forest and LightGBM exhibited superior performance in the
identification of dust sources. An examination of explainability techniques indicated that three
variables—vegetation index (27% contribution), soil moisture (23%), and DEM (19%)—exerted the
most substantial influence on the prediction of dust-prone areas. The primary contribution of this
research resides in the formulation of a hybrid machine learning framework adept at identifying
regions susceptible to dust emissions and quantifying the role of environmental parameters in the
genesis of these storms.
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Introduction

ust storms emanating from the Kara-Bogaz-Gol Basin present substantial environmental

and public health challenges within the northeastern region of Iran. This investigation
addresses the pressing necessity for precise identification of dust sources by establishing
an advanced machine learning framework that synthesizes remote sensing data alongside
environmental parameters. The study emphasizes the mitigation of the limitations inherent
in conventional dust monitoring methodologies through innovative computational
strategies, thereby offering a thorough analysis of dust emission patterns in this
ecologically vulnerable area from 2003 to 2023.

Research Method

The research utilized a multi-tiered analytical methodology that integrated satellite remote
sensing with advanced machine learning techniques. Data were processed through Google
Earth Engine to derive nine environmental variables, comprising dusty days, NDVI, soil
moisture, and wind velocity. A visual interpretation technique successfully identified 340
dust hotspots, which were subsequently employed as training data for six distinct machine
learning algorithms: Random Forest, Artificial Neural Networks, XGBoost, Gradient
Boosting, Bagged CART, and LightGBM. The performance of the models was
meticulously assessed utilizing the Kolmogorov-Smirnov test alongside 5-fold cross-
validation, while SHAP values and Sobol sensitivity analysis contributed to the
interpretability of the findings.

Results & discussion

The comprehensive analysis elucidated that both Random Forest and LightGBM attained
exceptional performance metrics, with accuracies recorded at 91.8% for each model. The
principal findings indicated that NDVI contributed 27%, soil moisture contributed 23%,
and DEM accounted for 19%, thereby identifying these as the most pivotal factors
affecting dust emissions. The investigation discerned distinct spatial patterns, where
regions characterized by lower elevation displayed heightened susceptibility to dust,
attributable to the synergistic effects of vegetation depletion and soil aridity. These
findings are consistent with, yet also enhance, prior global dust models, particularly in
delineating region-specific interactions between meteorological phenomena and
terrestrial conditions. Furthermore, the SHAP analysis yielded innovative perspectives on
nonlinear relationships, exemplified by the threshold effects of wind velocity on dust
generation across various land cover types.

Conclusion

This investigation delineates a notable enhancement in the identification of dust sources
through the pioneering amalgamation of machine learning methodologies and remote
sensing technologies. The established framework yields considerable advancements in
predictive accuracy and interpretability when juxtaposed with traditional approaches,
bearing significant ramifications for environmental stewardship in arid zones. The
methodology employed in the study exhibits the potential for modification and application
in other dust-affected regions globally, while the resultant findings furnish a robust
scientific foundation for the formulation of targeted strategies aimed at dust mitigation.
Prospective avenues for research encompass the integration of high-resolution datasets
and the extension of temporal analyses to evaluate the repercussions of climate change on
the frequency and intensity of dust storms.
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Figure 1. Geographical location of the Kara-Bogaz-Gol Basin
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Table 1. Spatial data specifications of environmental parameters affecting dust

&= S S o, Sby el I
G Yoy slass,
+ 20 b5 )
MODIS/Terra+Aqua S ovr i
G Yoy
Terraclimate Seshs t ore Skt b,
OpenLandMap Soil Texture aaon _— Sl sl
Class ’
G Yooy
i RS 550
Terraclimate SedS -~ oot
! - Google Earth Engine
2. Normalized Difference Vegetation Index
Koilogij g L inloT

4



G Yooy
Terraclimate SaslS e - FICIP
G Yoy
MODIS/Terra Fesks) forr NDVI
NASA SRTM D:;%:fr]al Elevation v N Sy
GYer
i 2o oSS L
Terraclimate SeskS - s
MODIS/Terra+Aqua Sasks) Yeyy ol b

b o (o (Sowod N-T-Y
v\..;abul.ﬂ‘\(TC)j<VlF) UMJL{)‘j (a)j; JALPP‘)L)J&VAL;«));)‘ Lﬁw u:;;:w MLM&;P
A Gl s el rl.,\S@.ao.;::}):jJe;_}fi odalin L“J:'“‘Jli.&:‘.uh’.'r“‘u oot

ool pglad (ool i b 5LE 90,5 Wgo (ol (2 Lwlls Y-Y
Jl:.é 6Lhdyts w.&;; L}'ll'“l'“: LS‘J" ‘YL L;LA‘) 9 (;vlg.a Cj,.,p_} b osls (:.ua UJ“J’;@_- J...ot} dt} BL J«.LJLA'A ﬁjl«ﬁ.’;
sskie opl sl (Darvishi Boloorani et al., 2022) W yi s a5 8 b 55 (Gless S slaclul o) jLéss S
sk https://worldview.earthdata.nasa.gov/ cole ;s YeYY B Yoo¥ Jlo 3l ok ) S5 5 "Lt
(Y USE) B yre bl blE Olgeas 5 olols [Lé s S slus; 055 TEv sliad & old ek jaix

mbbﬁjLAj MM‘)‘ abui.a‘LgoJ\J L}_E'L»Lw:)uj;; JJ}A 6UQ}4L§ Y JS.Z

Figure 2. Dust hotspots identified using visual interpretation of MODIS imagery
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Diagram 1. Kolmogorov-Smirnov (K-S) plot
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Figure 5. Key environmental drivers of dust event :a) DEM (m); b) Dusty days; ¢c) NDVI; d) Temperature (°C); ) Wind speed
(m/s); ) Precipitation (mm); g) Soil texture; h) Soil moisture (mm); i) Land cover
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Figure 6. Mapping of Dust Emission-Prone Sources Using Machine Learning Algorithms. a) Random Forest; b) Artificial Neural
Network (ANN); ¢) XGBoost; d) Gradient Boosting; e) Bagged CART; f) LightGBM
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Figure 7. Evaluation results of machine learning models using the KS Statistic method
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