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A B S T R A C T   

Dust pollution poses significant risks to human health, air quality, and food safety, necessitating the identifi
cation of dust occurrence and the development of dust susceptibility maps (DSMs) to mitigate its effects. This 
research aims to detect dust occurrence using satellite images and prepare a DSM for Bushehr province, Iran, by 
enhancing the attentive interpretable tabular learning (TabNet) model through three swarm-based metaheuristic 
algorithms: particle swarm optimization (PSO), grey wolf optimizer (GWO), and hunger games search (HGS). A 
spatial database incorporating dust occurrence areas was created using Moderate Resolution Imaging Spec
troradiometer (MODIS) images from 2002 to 2022, including 15 influential criteria related to climate, soil, 
topography, and land cover. Four models were employed for modeling and DSM generation: TabNet, TabNet- 
PSO, TabNet-GWO, and TabNet-HGS. Evaluation of the modeling results using performance metrics indicated 
that the TabNet-HGS model outperformed the other models in both training (mean absolute error (MAE) =
0.055, root-mean-square error (RMSE) = 0.1, coefficient of determination (R2) = 0.959), and testing (MAE =
0.063, RMSE = 0.114, R2 = 0.947) data. Following TabNet-HGS, the TabNet-PSO, TabNet-GWO, and TabNet 
models demonstrated progressively lower accuracy. The validation of the DSM was performed by assessing 
receiver operating characteristic (ROC) curves, revealing that the TabNet-HGS, TabNet-PSO, TabNet-GWO, and 
TabNet models exhibited the highest modeling accuracy, with corresponding area under the curve (AUC) values 
of 0.994, 0.986, 0.98, and 0.832, respectively. These results highlight the enhanced accuracy of dust suscepti
bility modeling achieved by integrating swarm-based metaheuristic algorithms with the TabNet model. The dust 
susceptibility map provides valuable insights into the sources, pathways, and impacts of dust particles on the 
environment and human health in the study area.   

1. Introduction 

Airborne dust is a significant environmental problem that affects 
public health and safety, agricultural productivity, and global climate 
(Tong et al., 2021). Dust events affect many regions and countries 
worldwide, including Asia (Cao et al., 2015a,b). In Asia, several coun
tries are exposed to dust events due to their geographical location, 
climate, and land use practices. The primary sources of dust in Asia are 
the deserts and arid regions of China, Mongolia, Kazakhstan, Iran, Iraq, 
Saudi Arabia, and Syria, which generate large amounts of dust particles 
that can be transported across national and regional boundaries (Yang 

et al., 2015; Broomandi et al., 2021). The dust events in Asia have 
increased in frequency and severity in recent years, causing significant 
environmental, social, and economic impacts, such as air pollution, 
water scarcity, crop failure, and infrastructure damage (An et al., 2018; 
Rashki et al., 2018). In Iran, dust events are a major environmental and 
health issue, especially in the southwest regions, such as the Khuzestan, 
Bushehr, and Hormozgan provinces (Darvishi Boloorani et al., 2023). As 
per the Iranian Department of Environment, there has been a docu
mented increase of over 50% in the frequency and duration of dust 
events in recent decades. These events have had a profound impact, 
affecting millions of individuals and resulting in substantial economic 
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losses (Rashki et al., 2021). In Iran, the primary origins of dust can be 
attributed to the deserts and drylands in the country’s central and 
southeastern regions. These areas are particularly susceptible to wind 
erosion, drought, and land degradation, making them significant sources 
of dust particles (Zeinali and Asghari, 2016). According to reports and 
studies, the Bushehr province of Iran is significantly affected by dust 
events. Natural and anthropogenic factors, such as desertification, 
drought, wind erosion, land use changes, and industrial activities, 
mainly cause dust emissions in these regions (Rahi et al., 2022). 

Dust particles can cause respiratory and cardiovascular diseases, 
reduce visibility and air quality, and damage infrastructure and agri
culture (Manisalidis et al., 2020). The impact of dust exposure on human 
health can vary, encompassing a range of adverse effects. These effects 
are influenced by factors such as the particles’ size, composition, and 
concentration, as well as the duration and frequency of exposure (Khan 
and Strand, 2018). Moreover, dust particles can exacerbate existing 
health conditions, such as allergies, hay fever, and sinusitis, and can 
cause eye irritation, skin rashes, and other allergic reactions (Kellogg 
and Griffin, 2006). Various measures can be taken to protect public 
health from the adverse effects of dust exposure, such as reducing the 
sources of dust emissions, improving air quality and ventilation, wearing 
personal protective equipment, and avoiding outdoor activities during 
dust events. Additionally, early warning systems and public awareness 
campaigns can inform the public about dust exposure risks and guide 
how to mitigate the impacts (Tam et al., 2012; Goudarzi et al., 2017). 

Traditional dust detection methods, such as ground-based sensors, 
are often limited in their spatial and temporal coverage and resolution 
and may not capture the full extent and variability of dust emission and 
deposition (Von Holdt et al., 2019). Ground-based sensors require costly 
and time-consuming maintenance and calibration and may be affected 
by local factors such as terrain, vegetation, and human activities (Allen 
et al., 2015). Furthermore, ground-based sensors may be unable to 
detect the sources and pathways of dust located beyond their range, such 
as in remote or inaccessible areas (Jiao et al., 2021; Abdalla and Peng, 
2021). Satellite remote sensing offers a valuable tool for large-scale and 
continuous dust monitoring, providing spatially explicit and temporally 
resolved data on dust concentration, distribution, and dynamics (Ayanu 
et al., 2012; Sowden et al., 2018; Baddock et al., 2021). 

Detection and mapping of dust emissions and deposition is essential 
for identifying sources and sinks of dust, predicting its transport and 
impact, and developing mitigation and adaptation strategies (Jiao et al., 
2021; Boloorani et al., 2021). Dust susceptibility mapping (DSM) has 
several advantages for environmental management and risk assessment 
(Jafari et al., 2022). By identifying the areas with a high potential for 
dust emission and deposition, susceptibility maps can help prioritize 
monitoring and mitigation efforts, allocate resources and funds effec
tively, and inform land-use planning and zoning (Gholami et al., 2020a, 
b,c). Geographic Information Systems (GIS) have several advantages for 
DSM, as they can integrate and analyze various spatial and non-spatial 
data sources and generate comprehensive and interactive maps and 
models (Boroughani et al., 2020). GIS can provide a spatially explicit 
and temporally dynamic representation of the environmental and 
anthropogenic factors influencing dust emission and deposition, such as 
topography, land cover, soil type, climate, human activities, and infra
structure (Jin et al., 2019). 

Until now, GIS-based dust susceptibility modeling has predomi
nantly relied on machine learning approaches. For DSM, machine 
learning and deep learning have several advantages, as they can handle 
large and complex datasets, extract relevant features, and generate ac
curate and interpretable models (Murdoch et al., 2019; Jafari et al., 
2022). By training on historical and real-time data, machine learning 
algorithms can capture the spatiotemporal variability of the environ
mental and anthropogenic factors that affect dust emission and depo
sition and learn the nonlinear and high-dimensional relationships 
between them (Balogun et al., 2021). 

Boroughani et al. (2020) conducted a DSM study in Khorasan Razavi 

Province, located in north-eastern Iran. They identified dust centers 
utilizing Moderate Resolution Imaging Spectroradiometer (MODIS) 
images from 2005 to 2016. To create their model, they employed two 
statistical methods: weights of evidence (WOE), frequency ratio (FR), 
and the random forest (RF) machine learning method. The results 
indicated accuracies of 82%, 82%, and 91% for FR, WOE, and RF 
methods, respectively. In a study concerning the prediction of land 
susceptibility to dust emissions in the Jazmurian Basin, Iran, Gholami 
et al. (2020a) utilized six machine-learning algorithms: extreme 
gradient boosting (XGBoost), cubist, bagged multivariate adaptive 
regression spline (BMARS), adaptive neuro-fuzzy inference systems 
(ANFIS), Cforest, and Elasticnet. The results indicated a higher accuracy 
of the Cforest algorithm over the others. Another study by Gholami et al. 
(2020b) involved spatial mapping of the provenance of storm dust in 
Khuzestan province of Iran, utilizing several data mining algorithms, 
including RF, support vector machine (SVM), Bayesian additive 
regression trees (BART), radial basis function (RBF), XGBoost, regres
sion tree analysis (RTA), Cubist model, and boosted regression trees 
(BRT), as well as an ensemble modeling (EM) approach. The results 
highlighted the superior accuracy of EM and XGBoost. Furthermore, 
Gholami et al. (2021) investigated mapping land susceptibility to at
mospheric dust emissions in Iran, employing recurrent neural network 
(RNN) and restricted Boltzmann machine (RBM) algorithms. The study 
demonstrated a higher accuracy of RNN compared to RBM. In a study by 
Jafari et al. (2022), dust spatial modeling was performed using various 
algorithms, including generalized linear model (GLM), classification 
tree analysis (CTA), artificial neural network (ANN), MARS, and RF, as 
well as Maxent (Maximum Entropy), and ensemble algorithms. The 
findings demonstrated that RF and ensemble algorithms exhibited the 
highest accuracy. Additionally, the study revealed that precipitation had 
the most significant impact on dust occurrences. Pourhashemi et al. 
(2022) determined dust-prone areas along the Iran-Iraq border utilizing 
remote sensing and machine learning techniques, including MARS, RF, 
and logistic regression (LR). The research showed that the RF algorithm 
achieved a superior accuracy of 92% compared to other algorithms. 
Choubin et al. (2023) conducted a study mapping salty Aeolian 
dust-source potential areas using MODIS images and the weighted 
subspace random forest (WSRF) model algorithms. The study compared 
these methods with three benchmark models: GLM, BRT, and support 
vector machine (SVM). The results indicated that WSRF outperformed 
the benchmark models. These algorithms have shown promising results 
in predicting dust concentrations, identifying dust events, and discrim
inating between dust and non-dust pixels. 

Moreover, these algorithms are often limited by their assumptions, 
biases, and hyperparameters, which may lead to overfitting, under
fitting, or suboptimal performance (Rouzrokh et al., 2022; Razavi-
Termeh et al., 2023). Attentive interpretable tabular learning (TabNet) 
is a deep neural network that uses a novel attention mechanism to select 
and weigh the relevant features dynamically, adaptively, and hierar
chically (Arik and Pfister, 2021). It stands out from traditional machine 
learning algorithms due to its unique attention mechanism, which 
dynamically selects and weighs relevant features. Unlike traditional 
methods, TabNet uses sequential decision-making and interpretable 
masks to focus on essential features, enhancing accuracy and inter
pretability adaptively. Specifically, it starts with an empty set, pro
gressively adds informative features, and employs binary masks to 
indicate feature relevance, allowing for nuanced pattern recognition. 
This innovative approach enables TabNet to capture intricate relation
ships within the data, making it a powerful tool for structured data 
analysis (Si et al., 2019). Like most machine/deep learning models, 
TabNet has hyperparameters that must be tuned for optimal perfor
mance. Finding the best hyperparameter settings may involve an 
extensive search, which can be computationally expensive and 
time-consuming. Incorrect hyperparameter choices can result in sub
optimal performance or an increased risk of overfitting (Bernardo et al., 
2021; Joseph et al., 2022). Metaheuristic algorithms are flexible and can 

S.V. Razavi-Termeh et al.                                                                                                                                                                                                                     



Journal of Environmental Management 358 (2024) 120682

3

handle diverse types of hyperparameters, including continuous, 
discrete, and categorical variables (Gadekallu et al., 2021). They can 
efficiently explore the search space of TabNet hyperparameters. For this 
purpose, in this research, three swarm-based metaheuristic algorithms 
(particle swarm optimization (PSO), grey wolf optimizer (GWO), and 
hunger games search (HGS)) were used to optimize the hyperparameters 
of the TabNet algorithm. Swarm-based metaheuristic algorithms are 
known for their global search ability, robustness, and diversity, making 
them suitable for complex and nonlinear optimization problems (Binitha 
and Sathya, 2012). 

This study explores the feasibility of utilizing satellite-based imagery 
combined with a TabNet model to monitor dust events and create a DSM 
specifically for Bushehr province (Iran), which is an ideal region owing 
to its high susceptibility to dust emissions (Darvishi Boloorani et al., 
2023). Moreover, this study enhances the performance of the TabNet 
model by integrating three swarm-based metaheuristic algorithms: PSO, 
GWO, and HGS. These algorithms optimize the TabNet model parame
ters and improve its accuracy in predicting dust susceptibility. The 
innovative aspect of this research lies in integrating satellite imagery, 
the TabNet model, and swarm-based metaheuristic algorithms for dust 
monitoring and DSM generation. By combining the spatial information 
from satellite images with the analytical power of TabNet and the 
optimization capabilities of swarm-based metaheuristics, this study 
seeks to achieve more accurate and reliable predictions of dust occur
rences and susceptibility. 

2. Workflow 

The research workflow consisted of five main steps, as illustrated in 
Fig. 1. In the first step, a spatial database was created by collecting dust 
occurrence data from MODIS images and gathering 15 criteria that in
fluence dust occurrence. Then, the collected data underwent pre
processing and preparation to ensure its quality. Multicollinearity 
testing assessed the dependence between the influential criteria and 
identified any multicollinearity issues that may impact the modeling 
process. After determining the eligibility of factors based on the multi
collinearity test results, the WOE method was employed (Step 3). This 
method calculated the probability of dust occurrence for each class of 
the selected influential criteria. The results obtained through the WOE 
method were utilized as inputs for the subsequent modeling phase. The 
TabNet model was enhanced in the fourth step using three metaheuristic 
algorithms: PSO, GWO, and HGS. Four models were developed and 
employed to generate the DSM for the study area: TabNet, TabNet-PSO, 
TabNet-GWO, and TabNet-HGS. The performance of the models was 
evaluated using various evaluation indices, including mean absolute 
error (MAE), root-mean-square error (RMSE), and coefficient of deter
mination (R2). The generated susceptibility maps were also assessed 
using receiver operating characteristic (ROC) curves to validate their 
accuracy (Uddin et al., 2022, 2023a, 2023b). 

3. Material and methods 

3.1. Study area 

The Bushehr province is positioned in the southwestern region of 
Iran, with its southern boundary adjoining the Persian Gulf (Fig. 2). The 
region covers an area of approximately 23,198 km2 and has a population 
of around 1.2 million people. The Bushehr province has a warm and 
humid climate, with hot summers and mild winters, influenced by the 
proximity to the sea and the surrounding mountains. The province ex
periences a wide range of temperatures, with the highest recorded 
temperature reaching 52.5 ◦C and the lowest dropping to − 1 ◦C. On 
average, the annual temperature of the province stands at 25.7 ◦C. 

Additionally, the area receives an average rainfall of 217 mm per 
year. The province has a diverse landscape consisting of coastal plains, 
mountains, and deserts, characterized by various natural resources and 

ecosystems. The coastal plains are essential for agriculture, fisheries, 
and tourism, while the mountains provide water resources, biodiversity, 
and scenic views. The deserts, such as the Dasht-e Kavir and Dasht-e Lut, 
are among the most significant and driest deserts in Iran and have a 
considerable impact on the region’s climate, geology, and ecology. The 
Bushehr province has been identified as one of the most affected regions 
by dust events in Iran due to its location in the path of the prevailing 
winds from the deserts and drylands in the central and southeastern 
parts of the country. The dust events in the Bushehr province have 
increased in frequency and severity in recent years, causing significant 
environmental, social, and economic impacts, such as air pollution, 
reduced visibility, crop failure, and infrastructure damage (Hamzeh 
et al., 2021; Rahi et al., 2022). Fig. 3 represents photos of dust within the 
study area. 

3.2. Dust detection and inventory map 

This investigation utilized MODIS Terra and Aqua satellite data to 
monitor dust patterns. These satellite images were employed to track 
aerosol optical depth (AOD) over 21 years (2002–2022) using the 
Google Earth Engine (GEE) system. To achieve this goal, this study 
employed a combination of the MCD19A2 V6 dataset and the multi- 
angle implementation of the atmospheric correction (MAIAC) algo
rithm. This integration enabled them to monitor the level 2 AOD with a 
high spatial resolution of 1 × 1 km. To enhance the accuracy of cloud 
detection, aerosol retrievals, and atmospheric correction, a cutting-edge 
technique called MAIAC was employed, which incorporates time series 
analysis and a hybrid approach involving pixel- and image-based pro
cessing (Muthukumar et al., 2022). The aerosol concentration was 
determined using the blue band of MODIS images over 21 years. The 
temporal pattern of dust occurrence between 2002 and 2021 is shown in 
Fig. 4. The regions identified as high-risk were transformed into 519 
data locations for modeling, with 70% (363 locations) assigned for 
training and 30% (156 locations) for validation (Fig. 5). 

3.3. Effective criteria 

For identifying dust-effective factors in this research, we selected 15 
influential criteria for the occurrence of dust. These criteria were based 
on previous studies (Boroughani et al., 2020; Gholami et al., 2020a,b,c; 
Jafari et al., 2022; Pourhashemi et al., 2022) and expert opinions. The 
selected criteria were classified into four categories: topography (alti
tude, aspect, and slope), climate (rainfall and wind speed), soil prop
erties (bulk density, sand, clay, soil water content, soil texture, and soil 
order), and land properties (land cover, lithology, distance to river, and 
normalized difference vegetation index (NDVI)) (Table 1). Each crite
rion is explained in Fig. 6a-o. We used ArcGIS 10.8 software and the GEE 
platform to process and prepare the data. 

The topography criteria (altitude, aspect, and slope) were obtained 
from the digital elevation model (DEM) extracted from the shuttle radar 
topography mission (SRTM) images. The pixel size of these images was 
30 × 30 m, and processing was carried out using the GEE platform. For 
the climate criteria (rainfall and wind speed), 20-year average data from 
10 synoptic stations (Fig. S1) in Bushehr province were used to create 
the corresponding maps. ArcGIS 10.8 software and the inverse distance 
weighting (IDW) interpolation method were employed for this task, with 
a 30 × 30 m pixel size. 

Regarding soil properties, we considered six criteria: bulk density, 
sand, clay, soil water content, soil texture, and soil order. Data from the 
United States Department of Agriculture (USDA) from 2000 to 2018, 
available in the GEE platform, were utilized to generate these criteria. 
The soil order map was created using the soil maps of Bushehr province. 
The pixel size for these criteria was set at 250 × 250 m. For land 
properties, a land cover map in 2017 was generated by combining 
Sentinel-1 and Sentinel-2 images within the GEE platform, following the 
methodology proposed by Ghorbanian et al. (2020). The lithology map 
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Fig. 1. A visual guide to the research workflow.  
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was created using data from the Iran geological maps at a scale of 1:100, 
000. The NDVI criterion, which is indicative of vegetation cover 
changes, was calculated using Landsat-8 images (2013–2022) in the GEE 
platform, following the Equation: 

NDVI=(Band 5 − Band 4) / (Band 5+Band 4) (1)  

where “Band 4” corresponds to the red spectral band of the Landsat-8 
Operational Land Imager (OLI) sensor, while “Band 5” represents the 
near-infrared spectral band. We utilized the DEM to obtain the river 
layer, which was then rasterized using the Euclidean distance method. 
For modeling, the pixel size of all criteria was converted to 250 × 250 m. 
Resampling techniques were used to equalize the pixel sizes of the 

Fig. 2. Geographic overview of the study area.  

Fig. 3. Photos of dust occurrence in the study area.  
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criteria. For this purpose, the nearest method was used for discrete data, 
and the bilinear method was used for continuous data. 

3.4. Multicollinearity test 

Multicollinearity refers to a statistical concept utilized in regression 
analysis to describe a situation where two or more independent vari
ables display a significant level of correlation (Farahani et al., 2022). 
This correlation can be moderate to high, leading to inaccurate or 
misleading analytical results. Various techniques exist for measuring 
multicollinearity, and one widely employed approach in earth science 
applications is the use of variance inflation factors (VIF) and tolerances 
(Franke, 2010; Mehravar et al., 2023). The categorization of VIF values 
indicates the absence of correlation when VIF equals 1, moderate mul
ticollinearity when the value falls between 1 and 5, medium multi
collinearity when VIF equals 5, and high multicollinearity when the 
value ranges between 5 and 10 (Parween et al., 2022). In regression 
analysis, a general guideline suggests that if the VIF exceeds 10 for a 

particular independent variable, it indicates multicollinearity (Sha
banpour et al., 2022). 

3.5. Weight of evidence (WOE) method 

The WOE is a statistical method that utilizes the Bayesian probability 
framework to statistically evaluate the comparative significance of 
conditioning factors (Lee et al., 2018). This approach determines the 
prior probability by analyzing historical data on dust occurrences. The 
WOE method calculates the weights for each dust conditioning factor (F) 
as positive (W+) and negative (W− ) based on the presence or absence of 
dust sites (D) (Equations (2) and (3)) (Razavi-Termeh et al., 2021). 

W+ = ln
(

p{D|F}
p{D|F}

)

(2)  

W− = ln
(

p{D|F}
p{D|F}

)

(3) 

P is the symbol for probability, D indicates the presence of dust 
conditioning factors, whereas D signifies their absence. F denotes the 
presence of dust, while F shows the absence of dust. A weight with a 
positive value signifies the existence of a dust conditioning factor at 
specific dust sites, indicating a direct association with the presence of 
dust. On the contrary, a weight with a negative value implies the lack of 
a dust conditioning factor and signifies a negative relationship between 
its absence and the occurrence of dust (Batar and Watanabe, 2021). 
Next, a weighted contrast factor (C) is calculated to assess the spatial 
association between the conditioning factor and dust. C displays a 
negative value to indicate a negative spatial relationship, while C ex
hibits a positive value to signify a positive relationship. Equations (4) 
and (5) are employed to calculate the values of C and its corresponding 
standard deviation S(C) for W (Tehrany et al., 2014). 

C=W+ − W− (4)  

S(C)=
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

S2(W+) + S2(W− )

√

(5) 

The variance of W+ is denoted as S2(W+), while the variance of W− is 
represented as S2(W− ). The calculation of the final weight (W) for each 

Fig. 4. Temporal patterns of dust occurrence in the study area.  

Fig. 5. Dust map in study area: a) Dust source detection, and b) Dust inventory map.  
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class of factors influencing dust is determined using Equation (6) 
(Razavi-Termeh et al., 2021). 

W=
C

S(C)
(6)  

3.6. Attentive Interpretable Tabular Learning (TabNet) model 

TabNet operates on a tree-like structure and facilitates the combi
nation of features by assigning coefficients to determine their influence 
in the decision-making procedure (Shah et al., 2022). TabNet utilizes 
sparse instance-wise feature selection to acquire knowledge from a 
training dataset. Additionally, it constructs a sequential multi-step ar
chitecture that identifies decision components at each step by using the 
selected features (McDonnell et al., 2023). At each nth step, TabNet 
processes a feature vector of D dimensions, and the output of each stage 
is directed to a feature transformer block. Several universal or 
stage-specific layers make up the feature transformer building block. 
Fully-connected layers, a batch normalization layer, and an activation 
function based on gated linear units (GLUs) comprise these layers (Arik 
and Pfister, 2021). In addition, the residual normalization connection 
implemented in the GLU aids in keeping the network’s variance con
stant. By employing this multi-layered block, the network gains the 
ability to select relevant features effectively and achieve improved 
parameter efficiency. The feature transformer is linked to the attentive 
transformer and mask to provide a reliable feature selection at each 
stage. This integration guarantees a dependable and resilient feature 
selection process throughout the analysis, enhancing the system’s 
overall reliability (Yan et al., 2021). The attentive transformer is 
formulated in Equation (7), a multi-layer block that includes completely 
connected and batch normalization layers. The masking technique and 
the attentive transformer are crucial in the overall methodology 
(McDonnell et al., 2023). 

a[i − 1] : M[i] = sparsemax(P[i − 1].hi([a − 1])) (7)  

In Equation (7), the variables " a[i − 1]" represent the previous step, " P[i]" 

represents the priori scale, and " hi" represents a trainable function. The 
sparsemax activation function and the prior are integral parts of the 
immersed transformer. The dimensionality of feature vectors is lowered 
by the sparsemax activation function’s introduction of sparsity. To do 
this, it maps the features onto a probability space in Euclidean space, 
which improves the data’s representation and interpretation (Asencios 
et al., 2023). The introduction of the sparsemax activation function 
enables each projected feature vector to be associated with a probability, 
thereby enhancing the interpretability of the model. Furthermore, the 
relevance or salience of a feature across the earlier phases is indicated by 
the last scale word, “P[i]". Its calculation is defined by Equation (8), 
providing a quantitative measure of the feature’s significance 
throughout the analysis (McDonnell et al., 2023). 

P[i] =
∏i

j=1
(γ − M[j]) (8) 

The "γ" variable specifies the connection between the number of 
decision steps required to enforce a feature and the number of decision 
steps taken. The feature is only enforced at the given decision step when 
the value of "γ" is 0. When "γ" is set to 1, it indicates that the feature is 
enforced at the provided action and across many stages (McDonnell 
et al., 2023). The primary function of the attentive transformer is to 
identify and select the most salient features, which are then utilized to 
construct the transformed feature vector. This vector is subsequently 
passed through the learnable Mask, denoted as " M[j]". The mask’s utility 
extends beyond merely improving interpretability to fine-tune the 
feature selection process begun by the watchful transformer. A coeffi
cient is constructed that gives each procedure stage its proper due by 
aggregating the masks at each one (McDonnell et al., 2023). 

3.7. Swarm-based metahurestic algorithms 

3.7.1. Hyperparameters tuning 
To optimize the TabNet model, this study employed three swarm- 

based algorithms: PSO, GWO, and HGS. The primary aim was to opti
mize seven hyperparameters of the TabNet model using these algo
rithms. These hyperparameters included n_d (dimension of the 
prediction layer), n_a (dimension of the attention layer), n_steps (num
ber of successive steps in the network), n_independent (number of in
dependent GLU layers), n_shared (number of shared GLU layers), 
gamma, and momentum. The objective was to find the best combination 
of hyperparameters for the TabNet model using these metaheuristic al
gorithms through multiple iterations while minimizing the RMSE index 
(Equation (9)). The RMSE index serves as an objective function, with 
lower values indicating greater convergence of the metaheuristic 
algorithms. 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
(y′

i − yi)
2

√
√
√
√ (9)  

In Equation (9), N represents the number of data points, y′
i represents the 

predicted value for the ith data point, and yi represents the actual value 
for the ith data point. In the subsequent sections, each of these algo
rithms will be comprehensively explained. The flowchart of the hybrid 
TabNet models is shown in Fig. 7. The first step in this process involves 
the initialization of the algorithm. Once the initialization is complete, 
the next step is the fitness evaluation. In this step, each particle in the 
PSO, each wolf in the GWO, and each hunger in the HGS population has 
its fitness evaluated. Fitness is calculated based on the performance of 
the TabNet model using a predefined metric, such as the RMSE. Lower 
RMSE values indicate better fitness, signifying a closer match between 
the model predictions and the actual data. Following fitness evaluation, 
the algorithms proceed to update their solutions. In PSO, personal best 
positions for each particle and the global best position are updated based 
on fitness values. In GWO, alpha, beta, and delta wolves, representing 

Table 1 
Information about the factors influencing dust.  

Factors Data source Type Scale/ 
Resolution 

Rainfall Iranian Meteorological 
Organization (IMO) 

Sheet 30 m 

Wind speed Iranian Meteorological 
Organization (IMO) 

Sheet 30 m 

Digital elevation 
model (DEM) 

Shuttle radar topography 
mission (SRTM) images 

Raster 30 m 

Altitude DEM Raster 30 m 
Slope DEM Raster 30 m 
Aspect DEM Raster 30 m 
Soil texture United States Department of 

Agriculture (USDA) 
Raster 250 m 

Bulk density United States Department of 
Agriculture (USDA) 

Raster 250 m 

Sand United States Department of 
Agriculture (USDA) 

Raster 250 m 

Clay United States Department of 
Agriculture (USDA) 

Raster 250 m 

Soil water content United States Department of 
Agriculture (USDA) 

Raster 250 m 

Soil order Iran’s Natural Resources and 
Watershed Management 
Organization 

Vector 1:100,000 

Distance from the river DEM Vector 1:50,000 
Lithology Geological maps of Iran Vector 1:100,000 
Land cover Sentinel-1 and Sentinel-2 

images 
Raster 30 m 

Normalized difference 
vegetation index 
(NDVI) 

Landsat-8 satellite imagery Raster 30 m  
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Fig. 6. Factors influencing dust: a) Aspect, b) Land cover, c) Lithology, d) Soil order, e) Soil texture, f) Wind speed, g) Rainfall, h) Slope, i) Distance to river, j) NDVI, 
k) Altitude, l) Bulk density, m) Sand, n) Clay, and o) Soil water content. 
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the best solutions, are determined, and other wolves adjust their posi
tions based on these leaders. In HGS, the individual is updated, 
considering the best solutions found so far. The iterative process con
tinues until a stopping criterion is met. Common criteria include 
reaching a maximum number of iterations or achieving a specific 
convergence tolerance. Once the stopping criterion is satisfied, the best 
hyperparameter set is extracted based on the optimal position in the 
final population. Finally, with the optimized hyperparameters in hand, 
the TabNet model is trained. These hyperparameters represent the 
configuration that resulted from the meta-heuristic algorithms’ search 
process, aiming to fine-tune the model for optimal performance. 

3.7.2. Particle Swarm Optimization (PSO) algorithm 
The PSO algorithm is a population-based stochastic optimization 

technique that draws inspiration from the collective behavior observed 
in bird flocking or fish schooling (Kulkarni et al., 2015). In PSO, a group 
of particles represents potential solutions within the search space of a 
given problem. Each particle modifies its position based on the best 
places it has previously known and the best positions found collectively 
by the swarm (Juneja and Nagar, 2016). This adjustment is guided by 
the particle’s velocity, which influences its movement toward promising 
regions in the search space (Kameyama, 2009). The algorithm involves 
the following steps (Onwunalu and Durlofsky, 2010; Jain et al., 2022):  

• Initialization: A population of particles is initialized, where each 
particle is assigned random positions and velocities within the search 

space. The initial positions of the particles are set as their individual 
best positions.  

• Update the velocity and position of the particles: Particle velocities 
are revised in light of each one’s current speed, cognitive part, and 
social part. The new velocity of a particle is calculated using the 
following Equation: 

V(i+ 1)=w ∗ V(i)+ c1r1(pbest − x(i)) + c2r2(gbest − x(i)) (10) 

Equation (10) calculates the updated velocity of a particle in PSO at 
the (i+1)th iteration. It incorporates an inertia weight (w), acceleration 
coefficients (c1 and c2), random numbers (r1 and r2), the particle’s per
sonal best position (pbest), the best position of any particle in the swarm 
(gbest), and the current position of the particle (x(i)). The particle’s po
sition is then updated based on the new velocity.  

• Evaluate and update the particle’s best positions: Using the objective 
function (the RMSE index), we may determine whether or not the 
current position of each particle is optimal. If the current position’s 
fitness surpasses the particle’s previous best-known position, the 
particle’s most prominent position is updated accordingly.  

• Update swarm’s best position: Each particle’s best-known position is 
evaluated for its fitness. The best location of the swarm is updated if a 
particle’s fitness is higher than the current best position.  

• Termination: Steps 2 to 4 are repeated until a termination condition 
is met. This could mean getting to a certain fitness level or several 
iterations. 

Fig. 6. (continued). 
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3.7.3. Grey Wolf Optimization (GWO) algorithm 
The GWO algorithm is a form of optimization theory conceptualized 

from observing the natural hierarchy and foraging practices of grey 
wolves (Li and Luk, 2019). In GWO, the population of candidate solu
tions is represented by a pack of grey wolves, which imitates the hunting 

dynamics and cooperation among wolves to find the best solution 
(Shahin et al., 2023). The algorithm involves the following steps 
(Tikhamarine et al., 2020; Nadimi-Shahraki et al., 2021): 

Fig. 7. Flowchart of hybrid TabNet models.  
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• Initialization: Initialize a population of grey wolves, where each wolf 
represents a potential solution within the search space. The initial 
positions of the wolves are determined randomly.  

• Update wolf’s position: The wolves’ location is constantly being 
revised about that of the pack’s alpha, beta, and delta wolves. The 
following equation is used to determine where each wolf will be in 
the future: 

X(i+ 1)=Xp(i) − A→∗ D→ (11) 

The following location of a wolf is denoted by X(i+1). The position 
vector of the grey wolf is Xp(i), where i represent the current iteration. 

The matrix coefficient A→ is utilized in the algorithm, along with the 
distance D→ that separates the grey wolf from the prey. These parameters 
are calculated using the following Equations: 

D→=

⃒
⃒
⃒C→∗ Xp(i) − X(i)

⃒
⃒
⃒ (12)  

A→= 2 ∗ a ∗ r1 − a (13)  

C→= 2 ∗ r2 (14) 

During the iterations, “a" experiences a linear decrease from 2 to 0, 
while " r1" and " r2" represent random numbers generated within the 
range of 0–1.Evaluate and update wolf’s dominance: The position 
dominance of each wolf is evaluated based on fitness assessments using 
the objective function (RMSE index). If a wolf has better fitness than the 
alpha, beta, or delta wolves, it becomes the new pack leader. 

• Termination: Steps 2 and 3 are repeated until a termination condi
tion (e.g., the maximum number of iterations or the desired fitness 
threshold is reached). 

3.7.4. Hunger Games Search (HGS) algorithm 
HGS, introduced by Yang et al. (2021), is an innovative 

population-based optimization algorithm that operates without gradi
ents. It draws inspiration from the cooperative foraging behaviors 
observed in social animals, where the intensity of these behaviors cor
relates with the animals’ hunger levels (Ma et al., 2022). In HGS, a key 
aspect is incorporating an adaptive weight that emulates the influence of 
hunger within the logical rules, or “games,” employed in each search 
step. This adaptive weight introduces a dynamic, straightforward 
framework that enhances the algorithm’s performance. Due to the sig
nificant impact hunger has on maintaining homeostatic balance and 
influencing the decision-making and actions of animals, it is widely 
recognized as a crucial factor (Fahim et al., 2021). As hunger intensifies, 
the desire for food increases accordingly. 

Furthermore, in the context of the HGS algorithm, “games” refers to 
the logical rules universally adopted by animals for survival. These rules 
encompass various behaviors, including searching for food and 
defending against predators. These games serve as fundamental strate
gies animals employ to enhance their chances of survival. When food 
resources are scarce, a logical game unfolds among hungry animals, 
wherein they compete and strive to secure the available food resources. 
This competition determines the victor who successfully obtains the 
little food during that particular instance. The HGS algorithm encom
passes several stages: initialization, assessing fitness, arranging in order, 
updating hunger, updating weight, and updating location (Ma et al., 
2022).  

• Approaching Food: The location of the individual at a time (t) is 
determined by its foraging behavior, which can be mathematically 
represented as follows (Adel et al., 2022): 

X(t + 1)
̅̅̅̅̅→

=

⎧
⎪⎨

⎪⎩

Game 1 : X(t)
̅̅→

∗ (1 + rand(1))m r1 < l
Game 2 : W1

̅→
∗ Xb(t)
̅̅̅→

+ R→∗ W2
̅→

∗

⃒
⃒
⃒Xb(t)
̅̅̅→

− X(t)
̅̅→⃒

⃒
⃒, r1 > l, r2 > E

Game 3 : W2
̅→

∗ Xb(t)
̅̅̅→

− R→∗ W2
̅→

∗

⃒
⃒
⃒Xb(t)
̅̅̅→

− X(t)
̅̅→⃒

⃒
⃒, r1 > l, r2 < E

(15) 

The position of each individual is represented by X(t)
̅̅→

, while Xb(t)
̅̅̅→

indicates the location of the best individual. The “weight of hunger” is 
denoted by W1

̅→ and W2
̅→. (1) is a randomly generated number. r1 and r2 

are two random numbers within the range of [0,1]. Furthermore, to 
enhance the algorithm’s performance, an additional parameter l is 
incorporated, while E is utilized as a control for variations. In this sec
tion, the instructions for the population are categorized into two aspects: 
X→-based and Xb

̅→-based. The initial game emphasizes independent 
hunting behavior, without collaboration or teamwork, for a few in
dividuals. The final two games replicate the cooperative gathering ac
tions involving R→, W1

̅→, and W2
̅→. These different regulations offer 

individuals a variety of potential areas to explore to find the best solu
tion within the search space.  

• Hunger role: Mathematical modeling is employed in this section to 
represent hunger-driven characteristics. Specifically, it quantifies the 
impact of hunger on each search step within the game environment. 
The calculation of the “weight of hunger,” denoted as W1

̅→ and W2
̅→, is 

determined using the following Equations (Adel et al., 2022): 

W1
̅→

=

⎧
⎪⎨

⎪⎩

hungry(i) ∗
N

SHungry
∗ r4, r3 < l

1, r3 > l
(16)  

W2
̅→

=
(
1 − e− |hungry(i)− hungry(i)|) ∗ r5 ∗ 2 (17)  

In the given context, the hunger level of each agent is denoted by ℎ(i). 
SHungry represents the total hungry amount of all agents. The variable N 
indicates the total number of agents. Additionally, r3, r4, and r5 are 
random numbers that fall within the range of [0,1].  

• After evaluating the stop conditions, the optimal solution is returned 
if they are met. If the stop conditions are not met, the process of 
upgrading is repeated 

3.8. Validation metrics 

In this research, the validation is done in two steps. In step 1, various 
performance metrics were utilized to quantify the accuracy and pre
dictive power of the optimized TabNet model. Commonly used metrics 
include RMSE (Equation (9)), MAE (Equation (18)), and R2 coefficient 
(Equation (19)) (Farhangi et al., 2022; Razavi-Termeh et al., 2023). 

MAE=

∑N

i=1

⃒
⃒y′

i − yi

⃒
⃒

N
(18)  

R2 = 1 −
SSR
SST

(19)  

In summary, in the context of these equations, n represents the total 
number of data points. The variable yᵢ represents the actual values, while 
y′

i represents the predicted values. The SSR is calculated by adding up all 
of the squared discrepancies between observed and forecasted data. 
Also, SST equals the total of the squared deviations from the actual 
values’ mean. Step 2 involves assessing the quality of the susceptibility 
maps using the area under the ROC curve (AUC). To ensure reliable 
predictions, verifying any predictive model before its practical appli
cation is essential (Farahani et al., 2023). The ROC is a valuable 
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technique for evaluating the performance of detection systems. The AUC 
serves as a measure to assess the quality of the forecasting system. It 
characterizes the system’s capability to accurately predict events, 
regardless of their occurrence or pre-determined nature (Masroor et al., 
2023). The ROC curve depicts the relationship between the true positive 
rate (TPR) or sensitivity and the false positive rate (FPR) or 1-specificity 
along the X-axis. In terms of structure, the ROC curve follows a trajec
tory from the lower left corner to the upper right corner, forming a di
agonal line. This curve is divided into two segments: the left portion 
represents thresholds associated with excellent performance (conser
vative), and the right segment corresponds to thresholds indicating poor 
decision-making (Uddin et al., 2023c). According to Yesilnacar and 
Topal (2005), the accuracy of spatial model prediction can be evaluated 
based on the relationship between the AUC and its corresponding clas
sification. The model’s accuracy is poor for AUC values ranging from 0.5 
to 0.6. Moving to AUC values between 0.6 and 0.7, the accuracy is 
classified as medium. The model’s accuracy is good because the AUC 
values fall between 0.7 and 0.8. Advancing further to AUC values 
ranging from 0.8 to 0.9, the accuracy is considered very good. Finally, 
the accuracy is excellent for AUC values between 0.9 and 1 (Shabanpour 
et al., 2022). 

4. Results 

4.1. Result of multicollinearity test 

A multicollinearity analysis was conducted to assess the presence of 
multicollinearity among the predictor variables. The results of this 
analysis are summarized in Table 2. Among the evaluated criteria, the 
criterion of distance from the river exhibited the lowest VIF value of 
1.01, indicating a negligible presence of multicollinearity. On the other 
hand, the bulk density criterion showed the highest VIF value of 5.56, 
suggesting a moderate level of multicollinearity. Despite this interme
diate level, it does not exceed the threshold of 10, indicating that the 
bulk density criterion can still be included in the modeling process. 
Based on these results, all the parameters examined in this study 
demonstrated VIF values below 10, indicating that multicollinearity is 
not a significant concern. Consequently, all the parameters can be 
effectively incorporated into the modeling process. 

4.2. Weight determination of effective criteria 

The WOE method was employed to assess the relative importance of 
different criteria in influencing the occurrence of dust. Fig. 8 illustrates 
the weights assigned to each factor. Among the wind speed criteria, the 
13–15 m/s class exhibited the highest impact on dust occurrence, with a 
WOE value 10.74. In the rainfall criterion, the 195–230 mm class 
demonstrated the most significant effect (WOE = 9.56). Regarding the 

Clay criterion, the 0–11 class was more influential, with a WOE value 
12.04. Similarly, the soil water content criterion highlighted the sig
nificance of the 0–5 class, with a weight of 12.23. In the Sand criterion, 
the 64–95 class obtained the highest weight (WOE = 16.44). The 
140–147 class emerged as the most important for the bulk density cri
terion, weighing 9.39. The altitude criterion indicated that the -23-160 
m class had the most significant impact (WOE = 12.37). The NDVI cri
terion results identified the − 0.08 to − 0.06 class as having the highest 
weight, with a value of 16.63. Regarding the distance from the river 
criterion, the 300–400 m class was deemed the most critical (WOE =
0.98). Regarding the slope criterion, the 0–3◦ class exhibited the highest 
weight of 9.13. Entisols (WOE = 13.85) and Sandy loam (WOE = 7.68) 
were the most significant soil order and texture criteria, respectively. 
The slope aspect criterion highlighted the importance of the South East 
class, with a weight of 3.3. Lastly, the land cover and lithology criteria 
revealed the Clay (WOE = 12.77) and Qft2 (WOE = 14.4) classes to be 
the most influential, respectively. 

4.3. Optimization and development of hybrid models 

Next we showcase the outcomes of the modeling process by 
employing the TabNet model in conjunction with three metaheuristic 
algorithms: PSO, GWO, and HGS. The WOE method’s output weights 
were used as inputs, with values for each criterion normalized to lie 
between 0 and 1. To facilitate the modeling process, the control pa
rameters of the three metaheuristic algorithms were defined, as shown 
in Table 3. 

The modeling and optimization procedures were implemented using 
Python programming in the Google Colab platform. The experiments 
were conducted on a computer system running on Windows 10 64-bit, 
equipped with an Intel(R) Core(TM) i7 CPU and 16 GB of RAM. The 
three metaheuristic algorithms were employed to optimize the hyper
parameters of the TabNet algorithm. Each algorithm utilized a popula
tion of 50 and underwent 100 optimization process cycles. The objective 
of the optimization process was to minimize the RMSE index, which 
serves as the performance evaluation metric. Fig. 9 illustrates the 
convergence functions of the three metaheuristic algorithms. HGS, PSO, 
and GWO achieved objective function values of 0.105, 0.113, and 0.176, 
respectively, indicating superior performance in optimizing the TabNet 
algorithm. The optimized values of the TabNet hyperparameters 
resulting from the metaheuristic algorithm optimizations are presented 
in Table 4. 

Fig. 10 displays the outcomes of assessing the significance of critical 
criteria utilizing the TabNet model. Results showed that the most 
important criteria were wind speed, soil texture, and altitude. In 
contrast, the parameters of distance from the river, slope aspect, and soil 
order had relatively lower importance in determining dust occurrence. 

The performance of the four TabNet models (TabNet, TabNet-GWO, 
TabNet-PSO, and TabNet-HGS) was evaluated using training and testing 
data. Fig. 11 illustrates the modeling results based on statistical in
dicators. Regarding statistical indicators in the training data, the 
TabNet-HGS model demonstrated the highest accuracy, with RMSE =
0.1, MAE = 0.055, and R2 = 0.959. It was followed by the TabNet-PSO 
models, with RMSE = 0.138, MAE = 0.073, and R2 = 0.923. The TabNet- 
GWO model achieved RMSE = 0.167, MAE = 0.08, and R2 = 0.888, 
while the TabNet model obtained RMSE = 0.197, MAE = 0.109, and R2 

= 0.844. The performance rankings in the testing data were similar to 
the training data. The TabNet-HGS model exhibited the highest accu
racy, with RMSE = 0.114, MAE = 0.063, and R2 = 0.947. The TabNet- 
PSO models achieved RMSE = 0.145, MAE = 0.081, and R2 = 0.907. 
The TabNet-GWO model obtained RMSE = 0.176, MAE = 0.096, and R2 

= 0.875, while the TabNet model yielded RMSE = 0.187, MAE = 0.121, 
and R2 = 0.858. These results indicate that integrating metaheuristic 
algorithms with the TabNet model improves accuracy compared to the 
standalone TabNet model. The HGS algorithm demonstrated the highest 
accuracy in training and testing data among the metaheuristic 

Table 2 
Multicollinearity analysis results.  

Factors Tolerance VIF 

Lithology 0.26 3.8 
Land cover 0.56 1.77 
Aspect 0.94 1.05 
Soil texture 0.55 1.81 
Slope 0.34 2.9 
Distance to river 0.98 1.01 
Altitude 0.56 1.76 
Bulk density 0.18 5.56 
Sand 0.87 1.13 
Soil water content 0.45 2.18 
Clay 0.45 2.19 
Rainfall 0.47 2.09 
Wind speed 0.52 1.9 
Soil order 0.45 2.2 
NDVI 0.24 4.11  
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algorithms. 
Fig. 12 and Table 5 present the results related to the prediction error 

of the four models: TabNet, TabNet-GWO, TabNet-PSO, and TabNet- 
HGS. The prediction error was assessed based on the training and test 
data’s mean values and standard deviation (STD). For the TabNet model, 

the mean prediction error was − 0.00028 in the training data. The 
TabNet-GWO model exhibited a mean error of − 0.02, while the TabNet- 
PSO and TabNet-HGS models showed mean errors of − 0.013 and 
0.0032, respectively. In the test data, the mean prediction errors were as 
follows: TabNet (− 0.059), TabNet-GWO (0.0093), TabNet-PSO 

Fig. 8. Assessment of weight factors for effective dust criteria.  
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(− 0.012), and TabNet-HGS (0.0057). In the training data, the lowest 
STD was observed in the TabNet-HGS model (0.1), followed by TabNet- 
PSO (0.137), TabNet-GWO (0.165), and TabNet (0.197). In the test data, 
the STD values were TabNet-HGS (0.105), TabNet-PSO (0.114), TabNet- 
GWO (0.175), and TabNet (0.177). The TabNet-HGS model exhibited 

the lowest mean error and STD, indicating its superior performance in 
predicting dust occurrences. 

Fig. 8. (continued). 
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4.4. Develop a dust susceptibility map (DSM) 

To generate the DSM, the four models developed were applied to the 
entire Bushehr province. The resulting susceptibility maps, shown in 

Fig. 13, were scaled between 0 and 1, with values close to 1 indicating 
higher susceptibility to dust. The Natural breaks classification method 
was employed to categorize the risk levels, resulting in the qualitative 
division of the susceptibility maps into five classes: very low risk, low 
risk, medium risk, high risk, and very high risk. According to the sus
ceptibility maps, the western and southern regions of the province 
exhibited greater susceptibility to dust. Although the susceptibility 
classes assigned by the four models were similar, it is worth noting that 
the TabNet model differed in structure from the hybrid models. 

The distribution of susceptibility classes for all four models is pre
sented in Fig. 14. Among the four models, the highest percentages of 
very low, low, moderate, high, and very high-risk classes were observed 
in the following order: TabNet-HGS (48.36%), TabNet-GWO (45.12%), 
TabNet-PSO (30.82%), TabNet (28.69%), and TabNet-GWO (29.45%). 
Furthermore, when considering the combined “High + Very High” risk 
classes, the TabNet-GWO model had the highest percentage (48.36%), 
followed by TabNet-HGS (45.12%), TabNet-PSO (30.82%), and TabNet 
(28.69%). These findings demonstrate the efficacy of the models in 
assessing the susceptibility of different areas within Bushehr province to 
dust, with the hybrid algorithms (TabNet-HGS and TabNet-GWO) 
consistently outperforming the standalone TabNet model in predicting 
higher risk levels. 

4.5. Comparison and validation of susceptibility maps 

To assess the accuracy of the susceptibility maps about real-world 
data, 30% of the dust occurrence data, which was not used in the 
modeling process, was employed. Fig. 15 and Table 6 show the ROC 
curve and AUC results, respectively, for the evaluation. The AUC values 
demonstrated the modeling accuracy of each approach. The TabNet- 
HGS model exhibited the highest accuracy with an AUC of 0.994, fol
lowed by TabNet-PSO with an AUC of 0.986, TabNet-GWO with an AUC 
of 0.980, and the standalone TabNet model with an AUC of 0.832. These 
results indicate that incorporating metaheuristic algorithms based on 
Swarm optimization enhanced the accuracy of the TabNet model. Spe
cifically, the HGS algorithm improved the accuracy of the TabNet model 
by 16.2%, the PSO algorithm by 15.4%, and the GWO algorithm by 
14.8%. Among the metaheuristic algorithms, the HGS algorithm 
demonstrated higher accuracy in optimizing the TabNet model than 

Table 3 
Parameter control of swarm-based algorithms.  

Algorithms Parameters 

PSO Population = 50 
Iteration = 100 
Local coefficient = 2.05 
Global coefficient = 2.05 
Weight min of particle = 0.4 
Weight max of particle = 0.9 

HGS Population = 50 
Iteration = 100 
The probability of updating position = 0.08 
Largest hunger = 10000 

GWO Population = 50 
Iteration = 100  

Fig. 9. Convergence diagram of TabNet optimization.  

Table 4 
Optimized TabNet hyperparameters.  

Algorithms n_d n_a n_steps gamma n_independent n_shared momentum 

HGS 26 24 4 1.14 4 1 0.058 
PSO 20 8 3 1 1 1 0.102 
GWO 8 8 4 1 5 3 0.4  

Fig. 10. Features importance using TabNet model.  
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GWO and PSO. These findings validate the effectiveness of incorporating 
Swarm-based metaheuristic algorithms in improving the modeling ac
curacy of the TabNet approach for DSM. The HGS algorithm out
performed GWO and PSO, highlighting its suitability for optimizing the 
TabNet model in this context. 

5. Discussion 

5.1. Key findings regarding effective dust factors 

In our study, we employed the WOE method to assess the probability 
of dust occurrence in each class of the practical criteria. The WOE 
method allowed us to quantify the relationship between the criteria and 
the likelihood of dust events while unifying our modeling approach’s 
input criteria. The results of our analysis indicated that areas charac
terized by elevated wind speeds had a greater likelihood of experiencing 
dust events, consistent with general expectations (Prospero et al., 2002). 
Stronger winds facilitate the movement and scattering of dust particles, 
resulting in heightened dust concentrations in the impacted regions 
(Mani and Pillai, 2010). Based on the findings of our study, there was a 
higher probability of dust occurrence in Bushehr province when lower 
amounts of rainfall were recorded, which translates to reduced soil 
moisture promoting more dust erosion (Gillette, 1999; Kavouras et al., 
2007), leading to increased dust generation and transport in the area 
(Achakulwisut et al., 2017). Consistent with the previous result, the 
WOE analysis demonstrated that areas with lower soil water content had 

a greater likelihood of experiencing dust events. Considering these fac
tors, the influence of lower soil water content criterion on dust occur
rence is amplified due to its contribution to soil instability, heightened 
generation of dust particles, sparse vegetation cover, and insufficient 
water availability for dust suppression. These combined effects make 
areas with lower soil water content more susceptible to dust events 
(Leung et al., 2022). 

Our analysis revealed that areas with lower clay content had a 
greater probability of experiencing dust events. This suggests that a 
reduction in clay levels can contribute to soil erosion and the generation 
of dust particles (Zucca et al., 2021). Consequently, regions with lower 
amounts of clay are more susceptible to dust occurrences. Our results 
found that higher values of the Sand criterion had a high impact on dust 
occurrence. This implies that an increase in sand levels can contribute to 
soil erosion and the generation of dust particles, thus enhancing dust 
events (Cao et al., 2015a,b). Our findings showed that the intermediate 
values (140–147) of the Bulk density criterion promoted the occurrence 
of dust. This suggests an optimal Bulk density range where soil condi
tions are more conducive to dust generation and transport (Sahu and 
Mishra, 2023). The results of our study indicated that dust occurrences 
were more likely to happen at lower altitudes. This can be attributed to 
atmospheric stability, wind patterns, and dust sources. At lower alti
tudes, air masses tend to be more stable, facilitating the accumulation 
and transport of dust particles (Sun et al., 2018). Additionally, the 
proximity to potential dust sources, such as arid regions or human ac
tivities, may contribute to higher dust events at lower elevations 

Fig. 11. Performance comparison of four TabNet-based models.  
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Fig. 12. Prediction error diagram of four TabNet-based models: a) TabNet, b) TabNet-GWO, c) TabNet-PSO, and d) TabNet-HGS.  
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(Reynolds et al., 2001). 
According to our study’s methodology, we discovered that lower 

values of the NDVI criterion had a more pronounced effect on dust 
occurrence, consistent with past work showing a similar relationship 
over the Middle East (Namdari et al., 2022). In regions with lower NDVI 
values, the vegetation cover tended to be sparse or less robust, exposing 
the soil and making it more susceptible to erosion (Mallick et al., 2014). 
Low vegetation exacerbates the generation of dust particles and hampers 
dust suppression efforts by reducing the protective barrier against wind 
erosion (Brantley et al., 2014). According to the results of our study, dust 
occurrences were found to be more likely at a distance of 300–400 m 
from the river. Rivers often significantly impact the local environment, 
influencing soil moisture levels, sediment deposition, and vegetation 
patterns (Wang et al., 2021). Areas closer to the river may exhibit spe
cific characteristics that make them more prone to dust generation and 
transport. Additionally, sediment deposition from the river can alter soil 
properties, potentially affecting dust dynamics in nearby areas (Von 

Holdt et al., 2017). Our findings determined that lower values of the 
slope criterion had a more significant effect on the occurrence of dust. 
There are several reasons why lower slope values can contribute to 
increased dust occurrence. Firstly, flatter terrain tends to have reduced 
surface roughness, allowing for more accessible dust particle transport 
by wind (Boroughani et al., 2021). Additionally, lower-slope areas may 
experience reduced water runoff, leading to drier soil conditions and 
increased dust generation (Cheng et al., 2008). According to our results, 
the analysis of soil orders revealed that the Entisols class had a more 
significant impact on the occurrence of dust. Entisols often have limited 
soil structure and poor aggregation, making them more prone to erosion 
(Ogunwole et al., 2008). The lack of well-developed horizons and 
inadequate soil stabilization mechanisms can lead to easier detachment 
and transport of soil particles by wind, resulting in increased dust gen
eration (Bhat et al., 2019). The results of the soil texture revealed that 
the sandy loam class had the most significant impact on the occurrence 
of dust, according to our findings. Sandy soils have a relatively loose 
structure, which makes them more susceptible to erosion and wind 
transport of soil particles (Duniway et al., 2019). A higher proportion of 
sand particles in sandy loam soils enhances their vulnerability to wind 
erosion and increases the likelihood of dust generation (Ding et al., 
2018). Based on our findings, we observed a higher probability of dust in 
areas with a southeast slope aspect. 

The influence of wind patterns and prevailing winds on the transport 
and dispersion of dust particles cannot be underestimated. In certain 
regions, the prevalence of southeast winds can result in the trans
portation of dust particles from specific source areas or parts conducive 

Table 5 
Prediction error analysis of four TabNet-based models.  

Models Train Test 

Mean STD Mean STD 

TabNet − 0.00028 0.197 − 0.059 0.177 
TabNet-GWO − 0.02 0.165 0.0093 0.175 
TabNet-PSO − 0.013 0.137 − 0.012 0.114 
TabNet-HGS 0.0032 0.1 0.0057 0.105  

Fig. 13. Dust susceptibility mapping (DSM) by four TabNet-based models: a) TabNet, b) TabNet-GWO, c) TabNet-PSO, and d) TabNet-HGS.  
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to dust generation (Bullard et al., 2016). Our study revealed that areas 
with clay land cover exhibited a higher likelihood of dust occurrences. 
Clay soils possess distinctive characteristics that significantly impact 
dust dynamics (Liu et al., 2020). With their fine-grained and cohesive 
nature, clay particles are susceptible to erosion and easily suspended by 
wind, ultimately generating and transporting dust particles across 
greater distances (Prokof’eva et al., 2017). Our findings indicate that the 
Qft2 lithology class had the most pronounced effect on dust occurrence. 
This particular lithological class exhibits distinct characteristics or 
compositions that render it more vulnerable to erosion and the pro
duction of dust particles. The specific features or composition of rocks or 
soil associated with the Qft2 class are likely responsible for its height
ened influence on dust events (Gholami et al., 2020a,b,c). 

The findings from the TabNet model emphasized the significance of 
wind speed, soil texture, and altitude as the primary factors in predicting 
dust occurrences within the study area. Higher wind speeds were 
identified as a significant parameter, indicating their role in facilitating 
the transport and dispersion of dust particles, resulting in elevated dust 
concentrations in the affected regions (Kedia et al., 2018). Furthermore, 
soil texture emerged as a crucial parameter, particularly emphasizing 
the impact of certain surfaces, such as sandy or loamy soils, on dust 
occurrence (Gherboudj et al., 2015). These soil types possess charac
teristics that make them more susceptible to erosion and the generation 
of dust particles, which the wind can easily carry (Rezaei et al., 2019). 

Moreover, altitude was found to be an essential factor in predicting 
the occurrence of dust. Lower altitudes exhibited a higher probability of 
dust events, potentially due to variations in topography, air circulation 
patterns, and proximity to dust sources. These factors can fluctuate with 
altitude and influence the concentration and distribution of dust parti
cles (Rashki et al., 2021). 

5.2. Comparison of optimized models 

In this study, three swarm-based metaheuristic algorithms were 
employed to enhance the performance of the TabNet model in predicting 

Fig. 14. Distribution of susceptibility classes of four TabNet-based models.  

Fig. 15. Comparison of four dust susceptibility maps by ROC.  

Table 6 
Comparison of susceptibility maps of four TabNet-based models.  

Models AUC Standard Error (SE) 95% CI 

TabNet-HGS 0.994 0.00253 0.978 to 0.999 
TabNet-PSO 0.986 0.00584 0.966 to 0.996 
TabNet-GWO 0.980 0.00934 0.958 to 0.992 
TabNet 0.832 0.0230 0.787 to 0.871  
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dust occurrences and generating dust susceptibility maps. The algo
rithms used were the HGS, PSO, and GWO. The results from various 
statistical indicators demonstrated that the HGS algorithm out
performed the other two, namely PSO and GWO, in optimizing the 
TabNet model and generating more accurate dust susceptibility maps. 
Utilizing the HGS algorithm improved accuracy and precision in pre
dicting areas prone to dust events. The HGS algorithm provides several 
advantages over the PSO and GWO algorithms. One key advantage is its 
ability to achieve a balanced exploration-exploitation tradeoff (Yang 
et al., 2021). By incorporating a pleasant memory, HGS maintains 
diverse solutions while exploring new regions of the search space. This 
dynamic balance helps prevent premature convergence and enables the 
algorithm to discover better solutions than PSO and GWO (Houssein 
et al., 2023). Another advantage of HGS is its robustness to parameter 
settings. Unlike PSO and GWO, which often require extensive parameter 
tuning, HGS demonstrates excellent stability and is less sensitive to 
parameter adjustments. This reduces the effort and time needed for 
parameter fine-tuning, making HGS easier to implement and use in 
practice (Mahajan et al., 2022). Following the HGS algorithm, the PSO 
algorithm exhibited higher accuracy than the GWO algorithm. Although 
the PSO algorithm did not perform as well as the HGS algorithm, it still 
demonstrated the capability to enhance the TabNet model’s accuracy 
and contribute to developing reliable dust susceptibility maps. One 
significant advantage is the simplicity and ease of implementation of 
PSO (Juneja and Nagar, 2016). Its straightforward concept, involving 
the movement of particles in a search space, makes it easier to under
stand and apply than the GWO algorithm (Chen et al., 2009). Compared 
to GWO, PSO typically has fewer control parameters, simplifying the 
optimization process and reducing the need for extensive parameter 
tuning. It mainly involves setting the number of particles, inertia weight, 
and acceleration coefficients. This simplicity in parameter configuration 
adds to the ease of implementing and applying PSO (Juneja and Nagar, 
2016). 

5.3. Limitations and recommendations 

While our study successfully employed satellite-based dust moni
toring and the optimization of the TabNet model using swarm-based 
metaheuristic algorithms, several limitations must be acknowledged. 
These limitations present opportunities for further research and im
provements in future studies. One of the primary limitations encoun
tered in this research was the low spatial resolution of the MODIS 
images. In the case of MODIS images, more than the spatial resolution 
might be required to capture fine-scale variations in dust concentrations 
or accurately assess the spatial distribution of dust events. The satellite 
imagery’s low spatial resolution can aggregate dust data over larger 
areas, potentially masking localized variations or small-scale dust 
events. This limitation can affect dust monitoring and susceptibility 
mapping accuracy and precision, particularly in regions with hetero
geneous landscapes or where dust events exhibit localized patterns. To 
overcome this limitation, future research could explore using satellite 
sensors with higher spatial resolution, such as commercial high- 
resolution optical or radar satellites and downscaling methods. 
Another significant limitation of our study was the need for more access 
to dust field validation and ground truthing data. While satellite-based 
monitoring and modeling techniques provide valuable insights, it is 
essential to validate the accuracy and reliability of the results through 
field surveys and ground-level data collection. Unfortunately, we could 
not conduct extensive field validation and ground truthing during this 
research due to various logistical and resource constraints. The lack of 
access to such data limits the ability to thoroughly verify and validate 
the satellite observations and model outputs, introducing uncertainties 
in the accuracy of the findings. Future research should prioritize col
lecting field validation and ground-truthing data to address this limi
tation. Field surveys can be conducted to measure dust concentrations at 
specific locations, collect soil samples for laboratory analysis, and gather 

meteorological data to complement satellite-based observations. This 
will provide a robust foundation for verifying the accuracy of the sat
ellite data and improving the reliability of the dust monitoring and 
susceptibility mapping results. Also, future research can address the 
spatio-temporal modeling of dust and pay attention to its temporal 
patterns. 

6. Conclusion and remarks 

This study employed satellite-based dust monitoring and optimized 
the TabNet model using swarm-based metaheuristic algorithms to 
investigate the factors influencing dust occurrence and create a dust 
susceptibility map. The findings provide valuable insights into influen
tial dust factors and contribute to understanding and mitigating dust 
events in the study area. Using the WOE method, several significant 
factors influencing dust occurrence were identified, which are consistent 
with general expectations from literature providing high confidence in 
the methods employed in this work. High wind speeds enhanced dust 
transport and dispersion, resulting in an increased probability of dust 
occurrence. Additionally, lower levels of rainfall, clay content, soil water 
content, altitude, slope, distance to the river, and NDVI values were 
associated with a higher likelihood of dust events, indicating their 
contribution to soil erosion, dust particle generation, and reduced 
vegetation cover. Clay land cover, Qft2 lithology, Entisols soil texture, 
and SouthEast aspect influenced dust occurrence. Optimizing the Tab
Net model using swarm-based metaheuristic algorithms, including the 
HGS, PSO, and GWO, demonstrated their effectiveness in improving 
model accuracy and developing a robust DSM. Among these algorithms, 
the HGS algorithm outperformed the PSO and GWO algorithms in 
optimizing the TabNet model and producing accurate susceptibility 
maps. The findings of this research have practical implications for pol
icymakers, land managers, and stakeholders involved in dust control 
and prevention efforts in the study area and similar regions. The iden
tified factors can inform the development of targeted measures to 
mitigate dust events and protect the environment. 
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