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Extended Abstract

Introduction: Dust storms are among the most significant climatic hazards in the arid and semi-arid regions of Iran,
accompanied by consequences such as reduced visibility, severe air pollution, threats to public health, decreased
agricultural productivity, and damage to urban and rural infrastructure. In recent years, particularly in the western regions
of the country, an increasing trend has been observed in the intensity, frequency, and spatial extent of this phenomenon.
This alarming trend results from a combination of natural factors, such as recurring droughts, declining soil moisture,
and strong winds, as well as human-induced drivers, including unbalanced land use changes, excessive exploitation of
water resources, and unsustainable land management practices. Given the widespread impacts of this phenomenon on
the environment and the livelihoods of local populations, accurately predicting the number of dusty days within specific
time periods is of great importance as a critical tool for damage mitigation and informed operational and managerial
decision-making. Achieving this goal requires the use of advanced data-driven methods and artificial intelligence
algorithms that can be effective in identifying complex, nonlinear, and non-deterministic patterns.

Materials and methods: In this study, a nonparametric predictive model based on the K-Nearest Neighbors (KNN)
algorithm was developed. The Particle Swarm Optimization (PSO) metaheuristic algorithm was employed as a catalyst
to optimize the model structure and enhance its prediction accuracy. The input data included the Frequency of Dust
Storm Days (FDSD) index from 26 synoptic stations located in 11 provinces across western Iran, covering the long-term
period from 1981 to 2020. To construct the predictive model, lagged values of the FDSD index over the four previous
time steps were used as input variables to accurately capture the temporal patterns of this phenomenon. Initially, the base
KNN model was implemented by adjusting the k parameter. Subsequently, the PSO algorithm was applied to optimize
key model parameters, including the number of influential neighbors and the weighting of input variables. The models’
performance was evaluated using four statistical indicators: the correlation coefficient (r), root mean square error
(RMSE), mean absolute error (MAE), and Nash—Sutcliffe efficiency (NS) coefficient, to assess the model’s accuracy
and stability in predicting the FDSD index.

Results and Discussion: The results show that the KNN-PSO model outperformed the standalone KNN model. The
application of the PSO algorithm allowed for automatic and optimal determination of key KNN parameters, such as the
optimal number of neighbors (k) and weighting of input variables. For instance, at Abadan station, the correlation
coefficient (R) of the KNN-PSO model increased to 0.997, while the RMSE decreased to 0.113. In contrast, the KNN
model values were 0.654 and 0.437, respectively, indicating a significant improvement in prediction accuracy using the
hybrid model. Comparison between observed and predicted values confirmed the improved model performance with an
increased frequency of dust storm days. Among the stations studied, Abadan, which recorded the highest FDSD values,
showed the highest agreement between the observed and predicted data. Overall, high-dust stations, such as Abadan,
Ahvaz, Masjed Soleyman, Bostan, Sarpol-e Zahab, and Bandar Mahshahr, exhibited strong correlations between actual
and predicted values. In scatter plots, these predictions closely followed the 1:1 line (f(x) = x), indicating the high
efficiency of the KNN-PSO model. Furthermore, results revealed that using lagged FDSD indices from previous seasons
did not enhance model performance, and simpler models utilizing only one-step lag yielded more accurate predictions.

Conclusions: Overall, the results demonstrate that the hybrid KNN-PSO model can significantly enhance the accuracy
of predicting the frequency of dust storm days, particularly at stations with high occurrence rates, such as Abadan. By
leveraging the capability of the PSO algorithm to automatically and optimally determine the sensitive parameters of the
KNN model, this approach improves predictive performance compared to the base model. The findings indicate that
integrating metaheuristic optimization algorithms such as PSO with simple data-driven models such as KNN not only
increases prediction accuracy and efficiency in climatically challenging regions but also enhances the stability and
generalizability under varying climatic and spatial conditions. Therefore, the use of such hybrid approaches can be
considered an effective strategy for improved monitoring and management of climate-related hazards, including dust
storms, in arid and semiarid regions.
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Table 1- The outputs of the KNN model and the optimal factors for predicting the FDSD index

w)yﬂ ‘_gl.aeéb sw.g'l.oﬂ ‘Sbbo.:‘é st J._u ali’.‘,.",l‘
NS MAE RMSE r NS MAE RMSE r

0.754  0.273 0.421 0.711 0.683  0.304 0.437 0.654 1
0.753  0.274 0.422 0.709 0.682  0.305 0.438 0.653 2 oL
0.753  0.275 0.423 0.709 0681 0.307 0.439 0.651 3 o
0.751  0.275 0.425 0.706 0.679  0.309 0.441 0.649 4
0.753  0.274 0.423 0.708 0.682  0.306 0.438 0.652 1
0.752  0.275 0.424 0.707 0.681  0.308 0.439 0.652 2 onl
0.751  0.276 0.425 0.706 0.679  0.309 0.441 0.651 3 i
0.749  0.277 0.426 0.705 0676 0.311 0.443 0.647 4
0.751  0.275 0.425 0.707 0.681 0.308 0.439 0.651 1 s
0.749  0.276 0.426 0.706 0679 0.311 0.441 0.649 2 o=
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NS MAE RMSE r NS MAE RMSE r
0748 0277 0427 0.704 0677 0313 0442 0646 3
0746 0278 0428 0703 0675 0314 0444 0644 4
0749 0276 0426  0.705 0679 0309 0441 0651 1
0746 0277 0427 0704 0677 0312 0442 0648 2 s
0745 0278 0428 0702 0676 0315 0443  0.644 3 Bl
0744 0279 0429 0702 0674 0316 0445  0.643 4
0748 0277 0428 0.704 0677 0311 0442 0649 1
0746 0278 0429 0703 0675 0313 0443  0.647 2 ale s
0744 0279 0431 0701 0674 0317 0444 0645 3 Resdlo yo
0743 0281 0432 0701 0673 0319 0446  0.643 4
0747 0279 0431 0.702 0675 0313 0443 0647 1
0745 0279 0432 0701 0674 0315 0444 0645 2 od
0743 0281 0433 0701 0673 0318 0445  0.643 3 DS A
0741 0283 0434 0699 0672 0321 0447 0641 4
0746 0281 0432 0698 0674 0314 0444  0.645 1
0744 0282 0433 0697 0673 0316 0445 0643 2 Wi
0741 0282 0435 0697 0672 0319 0446  0.641 3 ot
0739 0283 0436 0695 0671 0322 0448  0.639 4
0745 0282 0433 0696 0673 0315 0445  0.643 1
0743 0283 0434 0695 0671 0317 0446  0.642 2 N
0741 0284 0436 0695 0669 0321 0448 0638 3 Jg959
0737 0285 0437 0693 0668 0323 0449 0637 4
0744 0283 0435 0694 0671 0316 0446  0.642 1
0742 0284 0436 0693 0669 0318 0447 0641 2 stao
0739 0285 0438 0691 0667 0322 0449 0639 3 o
0735 0286 0439 0691 0665 0324 0451  0.635 4
0734 0284 0436 0693 0669 0317 0447 0641 1
0741 0285 0437 0692 0668 0319 0448  0.637 2 !
0738 0287 0439 0689 0665 0313 0451  0.634 3 PR
0734 0288 0441 0688 0664 0325 0452  0.632 4
0642 0285 0437 0691 0667 0319 0488 0639 1
0739 0286 0438 0688 0666 0321 0449  0.636 2 o
0736 0288 0441 0687 0665 0324 0452  0.633 3
0733 0289 0442 0686 0664 0327 0453 0631 4
0741 0286 0438 0689 0666 0321 0449 0638 1
0738 0287 0439 0686 0655 0322 0451  0.635 2 LTSl
0735 0289 0443 0685 0663 0325 0453  0.632 3 o ule
0732 0291 0444 0684 0661 0328 0454  0.629 4
0739 0288 0439 0688 0665 0322 0451 0635 1
0737 0289 0441 0685 0663 0324 0452 0633 2 iSes
0735 0292 0444 0683 0661 0327 0454 0631 3 O3 9
0731 0293 0445 0682 0659 0329 0455  0.628 4
0738 0289 0441 0686 0663 0324 0452  0.634 1
0736 0291 0442 0684 0662 0325 0453  0.632 2 s
0733 0293 0445 0682 0659 0328 0455  0.629 3 e
0729 0294 0446 0681 0658 0331 0457  0.625 4
0737 0291 0442 0685 0661 0325 0453  0.633 1
0735 0292 0443 0683 0659 0327 0454 0631 2 .
0732 0294 0446 0681 0657 0329 0456  0.627 3 (G
0728 0295 0447 0679 0656 0332 0458  0.623 4
0736 0293 0443 0684 0658 0327 0454 0631 1
0734 0294 0444 0682 0656 0328 0455  0.629 2 s
0731 0295 0447 0678 0654 0331 0457  0.625 3 I
0726 0296  0.448 0677 0653 0333 0459  0.621 4
0735 0294 0444 0683 0656 0328 0456  0.639 1
0733 0295 0445 0681 0655 0329 0457  0.627 2 .
0729 0296 0448 0677 0653 0332 0458  0.624 3 ayn
0725 0297 0449 0676 0651 0334 0461  0.619 4
0734 0295 0445 0682 0654 0331 0457 0627 1
0733 0296 0447 0679 0653 0332 0458  0.625 2 P
0728 0297 0449 0676 0651 0334 0459  0.623 3
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NS MAE RMSE r NS MAE RMSE r
0.725  0.298 0.451 0.674 0.648 0.335 0.462 0.621 4
0.734  0.296 0.446 0.681 0.669  0.332 0.458 0.625 1
0.741  0.297 0.448 0.678 0.665 0.333 0.459 0.623 2 Jss!
0.738  0.298 0.451 0.675 0.664 0.335 0.461 0.621 3 =
0.734  0.299 0.453 0.673 0.663  0.336 0.463 0.619 4
0.741  0.297 0.447 0.679 0.667 0.334 0.459 0.623 1
0.739  0.298 0.449 0.677 0.663  0.335 0.461 0.622 2 i
0.736  0.299 0.452 0.674 0.662 0.337 0.462 0.621 3 °3% ol
0.733  0.301 0.454 0.672 0.661  0.339 0.464 0.618 4
0.739  0.299 0.448 0.677 0.665 0.336 0.461 0.621 1
0.738  0.301 0.451 0.676 0.661  0.337 0.462 0.619 2 aoa|
0.735  0.302 0.453 0.673 0.661 0.339 0.463 0.617 3 w433
0.732  0.303 0.454 0.672 0.659 0.341 0.464 0.614 4
0.738  0.301 0.449 0.675 0.667 0.338 0.463 0.619 1
0.736  0.302 0.452 0.675 0.661 0.341 0.464 0.617 2 R
0.734  0.304 0.454 0.672 0.659  0.342 0.465 0.615 3 529954
0.731  0.305 0.455 0.671 0.657 0.343 0.476 0.613 4
0.736  0.302 0.451 0.673 0.663  0.339 0.464 0.617 1
0.735  0.303 0.452 0.672 0.660 0.342 0.466 0.615 2 ‘
0.732  0.305 0.455 0.669 0.656  0.344 0.467 0.612 3 »
0.729  0.306 0.456 0.668 0.655  0.345 0.469 0.611 4
0.735  0.304 0.452 0.671 0661 0.341 0.465 0.615 1
0.734  0.305 0.453 0.669 0.659  0.343 0.467 0.613 2 o lad lond
0.732  0.306 0.456 0.668 0.655  0.345 0.468 0.611 3 Sl O
0.728  0.307 0.457 0.666 0.653  0.347 0.471 0.609 4
0.734  0.306 0.453 0.668 0.661  0.342 0.466 0.613 1
0.733  0.307 0.454 0.667 0.658  0.344 0.469 0.612 2 )
0.731  0.308 0.457 0.666 0.653  0.346 0.471 0.608 3 o=
0.727  0.309 0.459 0.665 0.652  0.348 0.472 0.607 4
0.733  0.307 0.455 0.667 0.661  0.343 0.472 0.611 1
0.732  0.308 0.456 0.665 0.657 0.345 0.471 0.609 2 .
0.729  0.309 0.458 0.664 0.657  0.347 0.472 0.605 3 s
0.725 0311 0.461 0.663 0.651  0.349 0.473 0.603 4
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Table 2- The outputs of the KNN-PSO hybrid model and the optimal factors for predicting the FDSD

index
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NS MAE RMSE r NS MAE RMSE r
0.983  0.043 0.112 0.998 0981 0.044 0.113 0.997 1
0.981  0.045 0.115 0.997 0980 0.047 0.117 0.995 2 oL
0.980  0.049 0.116 0995 0978 0.051 0.118 0.994 3 o
0.980 0.051 0.118 0.994 0.976  0.052 0.119 0.993 4
0.982  0.045 0.112 0.997 0.981  0.045 0.113 0.996 1
0.981  0.046 0.116 0.997 0980 0.048 0.119 0.994 2 ol
0.980  0.049 0.117 0994 0976 0.051 0.119 0.993 3 i
0.979  0.052 0.119 0.993 0.975  0.052 0.120 0.992 4
0.982  0.046 0.112 0.997 0.980  0.046 0.113 0.997 1
0.981  0.048 0.117 0.997 0.980  0.048 0.118 0.994 2 s
0.979  0.050 0.118 0993 0975 0.052 0.120 0.993 3 o
0.978  0.053 0.121 0991 0974 0.053 0.121 0.990 4
0.981  0.047 0.113 0.996 0.980  0.047 0.114 0.996 1
0.981  0.049 0.118 0.995 0.980  0.049 0.118 0.993 2 e s
0979 0.051 0.119 0.993 0975  0.052 0.120 0.993 3 o
0.977  0.053 0.122 0991 0973 0.054 0.123 0.990 4
0.981  0.047 0.113 0.995 0980  0.047 0.114 0.995 1
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NS MAE RMSE r NS MAE RMSE r
0.980  0.049 0.119 0995 0979 0.050 0.119  0.993 2
0.979  0.052 0120 0992 0.975 0.052 0121  0.992 3 riale yui
0.976  0.054 0.123 0991 0972 0.055 0.124  0.990 4
0981 0.048 0.114 0995 0980 0.048 0.115  0.995 1
0.980  0.049 0.120 0994 0979 0.051 0.120  0.992 2 s s
0.978  0.053 0121 0991 0974 0.053 0121  0.991 3 FES A
0.975  0.054 0.124 0991 0971 0.055 0.124  0.990 4
0.980 0.048 0.114 0994 0979 0.048 0.115  0.994 1
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