A comparison of the ELM algorithm and XBeach model in developing a
hybrid XBeach-ELM method for dust storm prediction (Case study: Lorestan
Province)

ABSTRACT

This study aims to assess and compare the performance of the Extreme Learning Machine (ELM) rapid learning algorithm with
the open-source numerical model XBeach across ten synoptic stations in Lorestan Province (including Nurabad, Alishtar, Borujerd,
Kuhdasht, Khorramabad, Pol-e Dokhtar, Nojian, Dorud, Azna, and Aligudarz) over a 50-year period (1971 0), with the

findings revealed a statistically significant and meaningful difference in the modeling results when usin
approach compared to other methods examined. The hybrid XBeach-ELM method outperformed the E
showing the lowest values for the NRMSE and MAPE error metrics. A t-test comparison of the obse
confirmed the acceptance of the null hypothesis, indicating no significant differen
for the FDSD index when applying the hybrid XBeach-ELM method in Lorestan P
the individual ELM or XBeach models. These results suggest that only the hybrid
observed time series in predicting the FDSD index. The outcomes of this study have subs
of early warning systems, enabling more accurate dust storm forecasting, reducing hu
and infrastructure planning to bolster resilience in high-risk areas, informing local
management, and advancing the development of sustainable solution‘) improve the
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EXTENDED ABSTRACT

Introduction
Dust storms are recognized as one of the most serious environmental hazards in arid and semi-arid regions

worldwide. These storms not only affect human health but also have harmful impacts on wildlife and
vegetation. The human health effects of dust storms include increased air pollution, the spread of diseases
such as asthma and other respiratory issues, disruption of economic activities, damage to machinery and
equipment, contamination of water resources, and gastrointestinal illnesses. Wind speed is the main factor
responsible for the formation of dust storms. When wind speed exceeds the threshold for soil erosion, a
significant amount of particles is lifted from deserts and dry areas into the atmosphere, cau roblems
for surrounding regions. Therefore, modeling dust storms is essential for understanding
mechanisms behind their formation, spread, and consequences. Numerical models an
methods play an important role in simulating the dynamic behavior of dust st
predicting their temporal and spatial variations. While many indivi
been used to accurately model the Frequency of Dust Storm Days (F index, no stu
a numerical model with artificial intelligence models for dust storm prediC8ign. Thus, thigigtudy, for the first
time, combines a rapid learning algorithm with an open-source numerital mogel to | dust storms and
compares the performance of the Extreme Learning Wchine (EL orithm *with the open-source
XBeach model. 2

righnOdels have
sWAve combined

Method

Machine (ELM) rapid learning algorithm
Beach-ELM method, applied to ten synoptic
r, Borujerd, Kuhdasht, Khorramabad, Pol-e
igure 1. The analysis covers a 50-year long-
lity and World Meteorological Organization
ust storm is defined as a day when, in at least one
ed codes (06, 07, 08, 09, 30, 31, 32, 33, 34, 35, or 98)
appears in the weather ngRort. This is &gsum hat the corresponding horizontal visibility data for the
reported code is lgss eters. In udy, a horizontal visibility threshold of <1000 meters was
used for all dus]{ﬁ#e identify dust storm days. Extreme Learning Machine (ELM) is an
advanced variant of Teedf,

reduces computational tim pared to traditional methods. Unlike conventional approaches that rely on
igkzati ghts (such as backpropagation), ELM randomly initializes the hidden layer
e output layer weights by solving a matrix equation. This method is widely
ctical fields such as classification, prediction, and pattern recognition, thanks to its
efficienc i uning requirements, and satisfactory accuracy. XBeach is an open-source numerical
model in@developed to simulate the effects of hydrodynamic processes on sandy coastlines. It has
since been nded to other coastal types and applications. The model is capable of simulating coastal bed
changes using bed update equations, which are based on sediment changes and the movement of sand driven
by currents and waves. This allows XBeach to simulate the effects of erosion and deposition caused by
storms and strong waves, as well as predict morphological changes in the coastal bed.

This study compares the performance of the Extre
with the open-source XBeach model to propose a hybri
stations in Lorestan Province (including Nurabad, Alis
Dokhtar, Nojian, Dorud, Azna, and Aligu , as shown i

of the eight reporting periods, one of e dust-r
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Results

The evaluation indices R, NRMSE, MAPE, and NS were used to assess and compare the performance of
the XBeach, ELM, and XBeach-ELM models in predicting the frequency of dust storm days in Lorestan
province over a 50-year period. The results indicate that the hybrid XBeach-ELM method provides a much



higher accuracy in estimating the frequency of dust storm days across ten stations in Lorestan compared to
the ELM and XBeach models. The results from the ELM and XBeach models were almost identical, as
there was no significant difference between the two. The results demonstrate that the ELM and XBeach
models, when used individually, were not particularly effective in predicting the FDSD index, as their
predicted values deviated considerably from the observed values. However, the hybrid XBeach-ELM
method succeeded in reducing the gap between the predicted and observed values, significantly improving
the accuracy of dust storm predictions. This method has proven to be a valuable tool for simulating and
forecasting dust storms in Lorestan province. These findings emphasize the significance of employing
hybrid approaches in modeling dust storms—complex and nonlinear phenomena—and could play a crucial
role in enhancing disaster management and mitigating the impact of dust storms.
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Dust haze
Raised dust or sand
Well-developed dust whirls (dust devils)
Distant or past dust storm (distant at time of obs or past station in the past hour
DECREASED slight or moderate sand or dust storm with visibility <1000 m but >200 m
STABLE slight or moderate sand or dust storm with visibility <1000 m but >200 m )
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BEGUN or INCREASING slight or moderate sand or dust storm with visibility <1000 m but >200 m

DECREASED severe dust storm with visibility <200 m
Stable severe dust storm with visibility <200 m
BEGUN or INCREASING severe dust storm with visibility <200 m
Thunderstorm with dust or sand storm
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