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ARTICLEINFO ABSTRACT

Keywords Today, the phenomenon of dust is one of the most important natural
Dust Storm hazards and has left adverse effects on human health, agriculture and
PrEd'Ct_'OH the environment. The purpose of this research is to predict the
Modeling frequency of dust storms in 17 selected stations in the western half of
Neural Network Iran. For this purpose, dust codes and horizontal visibility of less than
Western Half of Iran 1 km during the statistical period (1987-2023) were used to calculate

the frequency. Then Radial Basis Functions (RBF), Multilayer
Perceptron (MLP), Fuzzy Neural Inference System (ANFIS) and
Support Vector Regression (SVR) neural networks are used to predict
dust and humidity, temperature, precipitation, wind speed and
direction data as Input data and data of days with dust as a target were
used in the modeling. The data were divided into two groups, 80% of
the data were used for training and the other 20% were used for testing
the network. The comparison results of the used models showed that
the highest value of correlation coefficient in Kermanshah,
Ramhormoz and Eslamabad-E-Gharb stations was 0.99, 0.97 and 0.95,
respectively, based on the results of the RBF model. In general, this

Article History: model has provided the best performance due to less error and more
5760&\53624 correlation in the stations; Therefore, due to its high ability, it can be a
Received in revised form: quick solution in predicting the amount of dust and its distribution.
13 Feb 2024 The output results of the RBF model for dust forecasting in the future
Accepted: (2024-2040) showed that dust storms are more likely to occur in
ZAOV';?%&Z(‘)‘HHHE_ Abadan and Ahvaz and, like the observation period, Aligudarz can be

21 Jun 2025 considered as a low-wind station in the region.
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Extended Abstract

Introduction

Dust is a characteristic of dry areas or any area that is located near the source of dust generation and
benefits from its consequences by being located in the path of dust systems. Dust storms are one of the
natural hazards that can have adverse effects on human health, agriculture and the environment. Iran is
one of the arid regions of the world that is affected by severe dust storm events. The primary source of
dust storms in western Iran often originates from Irag, Syria and Saudi Arabia

Methodology

In this study, hourly dust data (horizontal visibility and current weather codes), average temperature,
precipitation, humidity, and wind speed and direction data for 1987-2023 were used. Clustering was
performed using the (FCM) method. In order to accurately predict future dust storms, RBF, MLP,
ANFIS, and SVR neural network models were used, and to select the appropriate model, the accuracy
criteria of Mean Square Error (MSE), Root Mean Square Error (RMSE), and correlation coefficient (R)
were used. After selecting the appropriate model, the forecast of changes in dusty days for the coming
years (2024-2040) was made and the output data was zoned.

Results and Discussion

Analysis based on the FCM method showed that the critical situation cluster includes Abadan and Ahvaz
stations. The results of the evaluation and testing indicators of models for dust prediction showed that the
best performance for dust estimation based on less error and more correlation is the RBF neural network
model. The results of simulation of the observed and predicted values of dust storms of the studied
stations for the test data by RBF showed that the curves of the observed and predicted values are close to
each other; therefore, this model was able to model and predict days with dust storms with acceptable
accuracy using the input variables. The forecast of dust conditions in the years 2024-2040 showed the
highest dust frequency for Abadan, Ahvaz and Masjed-e-Suleiman stations, which are equal to 204, 185
and 144 days, respectively.

Conclusion

Paying attention to the dangers of dust storms, identifying the areas affected by them, and realistically
predicting them will improve the quality of life and increase human health, and can be effective in
environmental planning and optimal and desirable protection of natural resources. The results of this
study showed that artificial neural network methods have higher superiority and accuracy and can extract
hidden relationships between inputs and outputs.
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t Radial Basis Function

> Ensemble Modelling

Z Support Vector Regression

Y Multiple Linear Regression

& Multivariate Adaptive Regression Splines
* Aerosol Optical Depth

Y Multilayer Perceptron

2 Multi-Layered Perceptron Artificial Neural Network
Y Long Short Term Memory

¥ Convolutional Neural Neetwork

¥ Machine learning
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