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Abstract
Dust is a particulate matter in the atmosphere that is created by natural and human agents. Dust has negative effects on various
parts of human life, including agriculture, health and economics. In recent decades, in various areas with a lack of rainfall and
drought being contested, dust has happened there. One of these areas is the northern part of the Persian Gulf in Iran which has
been exposed to dust in recent years. The purpose of the present study was to evaluate and predict the hazardous phenomenon of
dust in the western strip of Iran. Therefore, the data of dust from 14 synoptic stations of the study area (1990–2018) using panel
data-hybrid neural network and adaptive neuro-fuzzy inference system (ANFIS) models were used. Finally, TOPSIS and simple
additive weighting (SAW) multi-criteria decision-making (MCDM) models were used to prioritize more dust-prone areas. The
results showed that the reliability of the panel data-hybrid neural network error estimation models is more than the ANFIS. Based
on prediction models, the highest probability of occurrence of the maximum dust in the future was observed at Sarpol-e Zahab
and Abadan stations (128.917 and 120.709%, respectively). According to the SAWmodel, the highest probability of occurrence
of dust was at Abadan station (998%) and based on the TOPSIS model, Eslamabad-e Gharb, with 997%. It is necessary the inter-
organizational cooperation by contracting an international memorandum with neighbouring countries in addition to domestic
actions to reduce the damage caused by the dust phenomenon in the study area.
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Introduction

Dust phenomenon is one of themost damaging natural disasters
in the world’s low rainfall areas, causing many environmental
problems in these areas (Khoshkiysh et al. 2012; Xinghua et al.
2019). Like the country, Kuwait is an arid country with an
extremely high level of dust loading (Aba et al. 2016). In arid
and semi-arid regions, dust storms are a common phenomenon
(Ahmed et al. 2016). Correlation between the occurrence of
respiratory and cardiovascular diseases and dust storms showed
that PM10 concentrations were significantly correlated with
bronchial (Al-Hemoud et al. 2018). Dust is one of the most
dangerous climatic phenomena in the world that annually
causes damage to the environment, roads and buildings and
urban air. Dust is evaluated with other atmospheric pollutants
as a pollutant (Zolfaghari et al. 2011; Aarons et al. 2019). Dust
storms are a major factor in the loss of soils and the economic
losses to industrial, agricultural and communications sectors in
most regions of Iran, especially in the west and southwest, and
can threaten human life in terms of health and food production
(Dastcherdi et al. 2011; Kasey et al. 2019). Dust is one of the
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most common climate phenomena in arid and semi-arid regions
of the world and is considered as one of the most important
environmental problems in these areas. The consequences of
this include social and economic problems, disruption of trans-
portation systems and, in general, environmental crises (Azizi
et al. 2011; Christos. 2018). The phenomenon of dust is one of
the most important environmental challenges in the region of
the Middle East and Iran in recent years. Today, this phenom-
enon has become one of the main problems in arid and semi-
arid regions, which has adverse social, economic and environ-
mental impacts (Fallah et al. 2014; Lilit et al. 2019). The dust
storms are one of the environmental hazards in the arid and
semi-arid regions of the world. It is an environmental event of
climate hazards that causes or exacerbates cardiovascular dis-
eases, respiratory diseases and many allergies in the human
body (Naserpour et al. 2015). The dust phenomenon is a com-
plex process that affects Earth-atmosphere interactions and is
mainly caused by high-speed winds in arid lands and dry air
conditions and often includes arid and semi-arid regions (Ataei
et al. 2015). The dust storms are major atmospheric phenomena
that have significant effects on the environment, health and
social and economic activities due to the entry of dust particles
into the atmosphere (Babaei et al. 2016). Dust is always con-
sidered as one of themost important environmental hazards and
has adverse environmental consequences and it is one of the
problems that have been spreading over the last few years due
to human interferences and irrational use of natural resources
and its degradation (Gandomkar et al. 2017). Other researchers
on dust have been investigated, including the following: Karimi
and Shokouhi (2011); Shamsipour and Safarrad (2012);
Khoshakhlagh et al. (2013); Arnas et al. (2017); Cantarella
and Luca (2005); Co and Boosarawongse (2007); Cuevas
et al. (2017); Rafał et al. (2016); Monika et al. (2016); Eslam
et al. (2017); Niu and Pinker (2015); Dagsson-Waldhauserova
et al. (2014); Painter et al. (2012);Meinander et al. (2014); Aher
et al. (2014); Bilal et al. (2014); Castelli et al. (2014); Ma and
Pinker (2012); Safarianzengir et al. (2019).

Naserpour et al. (2015) investigated the source identifica-
tion of the dust storms in the southwest of Iran using satellite
imagery and aerial maps and concluded that the Sudan low-
pressure system brings hot and dry winds polluted with Saudi
Arabia dust into our region. Hajbarpour et al. (2015) studied
the synoptic and statistical data on the dust phenomenon in
Ardabil. They found that the phenomenon of dust has a rising
trend and its most frequent occurrence has often occurred at
noon hours. Broomandi and Bakhtiarpour (2017) investigated
the source identification of dust particles using numerical
modelling in Masjed Soleiman and concluded that the main
source of dust storms is in Masjed Soleiman. Babaei et al.
(2016) investigated the analysis and identification of the
synoptic patterns of dust storms and concluded that the
mechanisms created dust in the cold season effect on
patterns of atmospheric circulation and systems in the

Middle East due to the greater diversity. Bagheri and
Hosseini (2016) investigated the synoptic analysis of dust in
52 southern cities of Iran and concluded that the formation of a
low-altitude mid-tropospheric system on the Saudi Arabia and
Iraq was the main cause of the formation of the dust mass.
Amarloo et al. (2017) investigated dust particles and its effect
on air quality and concluded that the percentage rates of pol-
lutants with a clean, healthy and unhealthy criterion for sensi-
tive, unhealthy, very unhealthy and dangerous groups were
10, 42, 34, 11, 5.2 and 5%, respectively during a year.
Sahraei et al. (2017) tracked the dust storms and found
that the origin of these storms was the central and northern
regions of Iraq and Syria. Gandomkar et al. (2017) investi-
gated the relationship between the temperature series and the
days with dust in Hamadan Province and found that the
temperature series have been increasing. Arnas et al.
(2017) investigated the characteristics and source of large
dust particles produced in Alcatorc and found that dust
particles such as globes and compresses form the first class
and the second class are the dust particles that mainly form
due to material coatings. Dansie et al. (2017) measured the
characteristics of wind dust and the ability to examine the
oceans. They found that dust has significant amounts of
portable material than the dust of the main Gulf of South
Africa’s lake. Sahu et al. (2017) investigated the phenol
absorption of the artificial product with active particles and
concluded that organic pollutants had a negative effect on
the neighbouring environment.

Jixia et al. (2017) investigated the link between biomedical
engineering and forestry and dust in Mongolia and concluded
that the wind had a strong propaganda effect on dust, while
forestry ecosystem engineering and rainfall had an inhibitory
effect. Zielhofer et al. (2017) investigated thousands of annual
fluctuations in the supply of Syria’s dust by reducing drought
in Africa and found that increasing the enrichment of dust in
the north of the desert on the western shores of the Caspian
Sea in the northwestern Mediterranean of Africa. Shoji et al.
(2017) studied the simulation of impurity transport in the pe-
ripheral plasma due to the release of dust in a long pulse drain
on a large cylinder and concluded that plasma is more
effective on the release of iron from the heli koks coil and
can create carbon dust from the area. Liu et al. (2017) have
studied the slope of dust charge under the conditions of the
Tokamak plaque. They concluded that the dust particles ob-
tain − 3 in relatively low plasma temperatures (< EV10) and a
plasma density of less than 1019 m. Zalesna et al. (2017)
studied the dust from JET with the ITER wall, such as the
composition and the internal structure. They found that the
comprehensive features of a wide range of high-resolution
microscopes, including a concentrated ion beam, have led to
identifying several particle classes. Willame et al. (2017) in-
vestigated the recovery of cloud, dust and ozone in the
Martian atmosphere using SPICAM/UV and concluded that
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the results of ozone are affected by clouds. Wang et al. (2017)
investigated the significant effects of heterogeneous reactions
on the chemical composition and mode of dust mixing and
concluded that heterogeneous reactions were the main
mechanism for producing nitrate and sulphate in dust
particles. Aromatic nitrate and ammonium sulphate reduce
due to the absorption of acid gas by dust particles. Nabavi
et al. (2017) investigated the sensitivity of the predictions of
WRF-CHEM to the characteristics of the function of the
source of dust in West Asia and found that increasing the
mean Spearman correlation between prediction and observa-
tions predict the aerosol optical factor by 12 to 16% then run
control using standard source functions.

We obtained enough information for the implementation of
this research according to the studies carried out. The phenom-
enon of dust, especially in the western strip of Iran, has always
been associated with many problems for residents of these
areas. This phenomenon is affected by atmospheric condi-
tions, which cause irreparable damage and respiratory prob-
lems every year. In addition, the phenomenon reduces air
quality. Therefore, it is necessary to pay attention to the issue
of dust. The purpose of this research is to evaluate and predict
the hazards of dust using the hybrid artificial neural network
developed based on the TOPSIS and simple additive
weighting (SAW) multi-criteria decision-making models.

Materials and methods

Area of research

The western region of Iran includes 4 provinces: Ilam,
Kermanshah, Khuzestan and Lorestan. The southwestern part
of Iran is geographically included regions with their particular
climate which suffers a lot of natural damages each year. The
studied area and the geographic characteristics of the 14 sta-
tions studied are presented in (Fig. 1).

Research method

The 29-year dust data (1990–2018) were used to analyse and
predict the dust in the western strip of Iran. Panel data-hybrid
artificial neural network and adaptive neuro-fuzzy inference
system (ANFIS) were used for error detecting and predicting,
then the new models of TOPSIS and SAW multi-criteria de-
cision-making (MCDM) were used to identify areas more ex-
posed to the dust phenomenon.

Experimental pattern

A two-way error component model is used based on the panel
data framework in Eq. (1).

LnPit ¼ μi þ λt þ βiLnERit þ vit ð1Þ

where LnPit is logarithm the value of each unit of the
amount of dust (14 stations studied). The unobservable effects
are divided into two groups of effects of the frequency of dust
and time effects (Gujarati 2003; Woldridge 2006).

Prediction with panel data model

At first, the forecast is described based on a one-way error
component model. The best linear predictor for T + S, yi with-
out bias for the prediction of the next period S for the section
ith is as in Eq. (2) (Baltagi 2005; Sobhani et al. 2018).

byi;TþS ¼ Z
0
i;TþSδGLS þ w0ΩbuGLS for s≥1 ð2Þ

where Y is a vector with dimensions X ‚ Z = [l NT ‚ X] ‚

NT × 1; l NT ‚NT ×K is a unit vector with a dimension of Ω

¼ δ ¼ α;βð Þ;NTbuGLS ¼ −ZbδGLS and (w = E ui, T + Su) are a
variance-covariance matrix, respectively, for period T + S
(Eq. (3)).

ui;TþS ¼ μþ vi;TþS ð3Þ

And w ¼ δ2u li⊗lTð Þ, in which Li is the column it from the
unit matrix and it is In. For example, Ii is a vector of 1 for the
observation and 0 for other observations. Therefore, we will
have Eq. (4):

w
0
Ω−1 ¼ σ2

μ l
0
i⊗i

0
T

� � 1

σ2
1

P þ 1

σ2
v
Q

� �
¼ σ2

μ

σ2
1

l
0
i⊗i

0
T

� �
ð4Þ

given thatl
0
i⊗l

0
iP ¼ l

0
i⊗l

0
T

� �
and l

0
i⊗l

0
T

� �
Q ¼ 0. According

to Eq. (4), w
0
Ω−1buGLS is converted to Tσ2

μ=Tσ
2
I

� �bui;GLS� �
thatbui:GLS ¼ ∑T

i¼1buit;GLS=T . Therefore, the best predictor corrects the
predictions without bias through the ratio of mean residuals for
T+S, yi in Eq. (4). In the two-way error component model for
each T+ S period, we will have Eqs. (5) and (6).

ui;TþS ¼ μi þ λTþS þ vi;TþS ð5Þ
i ¼ j for E ui;TþSujt

� � ¼ σ2
μ

i≠ j for E ui;TþSujt
� � ¼ 0

ð6Þ

Therefore, w ¼ E ui;T þ su
� � ¼ σ2

u lI lTð Þ is consistent for
the best predictor without linear bias in Eq. (2) and Ii is a
column with of the unit matrix with N ×N dimensions. So,
Eq. (7) is as follows:

w
0
Ω−1 ¼ σ2

μ l
0
i⊗iiT

� �
∑4

i¼l
1

λi
Qi

� �
ð7Þ
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According to Eqs. (8) and (9):

l
0
i⊗i

0
T

� �
Q1 ¼ 0 l

0
i⊗i

0
T

� �
Q2 ¼ l

0
i⊗i

0
T

� �
−i

0
NT=N ð8Þ

l
0
i⊗i

0
T

� �
Q3 ¼ 0 l

0
i⊗i

0
T

� �
Q4 ¼ i

0
NT=N ð9Þ

Equation (10) is obtained:

w
0
Ω−1 ¼ σ2

μ

λ2
l
0
i⊗i

0
T

� �
−iNT=N

h i
þ σ2

μ

λ4
iNT=Nð Þ ð10Þ

Therefore,w
0
Ω−1buGLS That buGLS ¼ y−ZσGLSð Þ is as in Eq.

(11):

Tσ2μ

Tσ2μ þ σ2v

� � bui0;GLS−bu00;GLS� 	
þ Tσ2μ

Tσ2μ þ Nσ2λ þ σ2v

� � bu00;GLS ð11Þ

where bui;GLS ¼ ∑T
i¼Ibuit;GLS=T and bu…;GLS ¼ ∑i∑tbuit;GLS

=NT . Therefore, the best predictor without linear bias for T + S,
yi is correct by using mean residuals for the two-way error com-
ponent model as in Eq. (12):

byi;TþS ¼ Z
0
i;TþS

bδGLS þ Tσ2
μ

Tσ2
μ þ σ2

v

 !bui;GLS ð12Þ

Prediction with panel data-hybrid artificial neural
network model

An artificial neural network is a parallel distributed processing
model that consists of several main processing functions or
units. The activator functions used in the neural network often
are linear, sigmoid and hyperbolic. Specifying an artificial
neural network is based on observations, and given the finite
points, many functions can be found to fit well (Co and
Boosarawongse 2007; Sobhani et al. 2019a).

Introducing criteria for comparing and evaluating
precision in prediction methods

The criteria such as mean square error (MES), root mean
square error (RMSE), mean absolute error (MAE) and mean
absolute percentage error (MAPE) are used to compare and
evaluate different prediction methods (Table 1). The values iy,
yi and n represent the predicted values, actual values and the
number of data, respectively (Tohidi et al. 2015; Sobhani et al.
2019b).

Fig. 1 Region and the stations under research in the world
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Adaptive neuro-fuzzy inference systems

The fuzzy system is a system based on the “condition-result”
logical rules that it depicts the space of input variables on the
space of the output variables by using the concept of linguistic
variables and fuzzy decision-making process. The combination
of fuzzy systems based on logical rules, and artificial neural
network methods that can extract the knowledge from numerical
data, has led to the introduction of an adaptive neural inference
system. A Sogno fuzzy system with two inputs, one output and
two rules and adaptive neuro-fuzzy inference system (ANFIS) is
presented in (Fig. 2). This system has two inputs x and y and one
output f. The structure of ANFIS consists of five layers as fol-

lows: if the output of each layer isQ1
i (i and it the node of layer j)

(Ahmadzadeh et al. 2010). In the end, the error rates of the
resulting models were compared and the function that produces
the lowest error rate at the lowest training time (Fig. 2) will be
selected as a membership function. Generally, entering raw data
reduces the speed and precision of the networks.

Therefore, net inputs should be placed in the range of the
sigmoid function (between 0 and 1) to prevent the early satu-
ration of the neurons and to equalize the value of the data for
the network. This prevents too much underweight and reduces
the early saturation of the neurons (Kenarkoohi et al. 2010;
Sobhani & Safarianzengir 2019).

Proximity to ideal mode (TOPSIS)

Hwang and Yoon proposed TOPSIS in 1981. In this method,
m alternatives (A1, A2... Am) were evaluated with the n indi-
ces (C1, C2, ..., Cn). Solving this problem with this method
involves the following steps (Makvandi et al. 2012; Nazmfar
and Alibakhshi 2014):

1. Un-scaling of decision matrix using norm un-scaling (Eq.
(13)):

rij ¼
f ijffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑ j
j¼1 f

2
ij

q j ¼ 1;…; J i ¼ 1;…; n ð13Þ

2. Formation of the weighted unscaled matrix (Vij) by mul-
tiplying the unscaledmatrix (rij) in weight diagonal matrix
(Eq. (14))

vij ¼ wi � rij j ¼ 1;…; J i ¼ 1;…; n ð14Þ

whereWi is the weight of the ith index, and the total weight
of indices equals 1.

3. Determination of positive (A∗) and negative (A−) The ide-
al solution is as shown in Eqs. (15) and (16):

A* ¼ v*1;…; v*n
� �

¼ max j vij


i∈I 0� �

; min j vij


i∈00� �� � ð15Þ

A− ¼ v−1 ;…; v−n
� �

¼ min j vij


i∈I 0� �

; max j vij


i∈I 00� �� � ð16Þ

4. Determination of distance of each alternative to the posi-
tive and negative ideals.

The distance of each alternative to the positive ideal
(D*

j ) is as shown in Eq. (17):

D*
j ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i¼1 vij−v*j
� �2r

; j ¼ 1;…; J ð17Þ

Table 1 Criteria for comparing and evaluating precision in prediction. Reference: Tohidi et al. (2015)

Criteria Equations

Mean Square error (MSE)
MSE ¼ 1

n ∑
n

i¼1
yi−byið Þ2

Root mean square error (RMSE)
RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n ∑

n

i¼1
yi−byið Þ2

r
Mean absolute error (MAE)

MAE ¼ 1
n ∑

n

i¼1
yi−byij j

Mean absolute percentage error (MAPE)
MAPE ¼ 1

n ∑
n

i¼1

yi−byi
yi




 


� 100

Fig. 2 Sogno fuzzy system with triangular membership function and its
equivalent ANFIS system (Kisi and Ozturk 2007)
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The distance of each alternative to the negative ideal (D*
j )

is as shown in Eq. (18):

D−
j ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i¼1 vij−v−j
� �2r

; j ¼ 1;…; J ð18Þ

5. Determination of relative proximity of each alternative to
the ideal solution (Eq. (19)):

C*
j ¼

D−
j

D*
j þ D−

j

; j ¼ 1;…; J ð19Þ

6. Ranking alternatives based on relative proximity C*
j

� �
,

the alternative greater is better.

Simple additive weighting method

1. It is simple to use the SAW method to select the best
option if there are a criterion and m alternative in multi-
criteria decision-making.

2. Formation decision matrix: The decision matrix of this
method consists of a table with the columns as criteria
or sub-criteria, and the rows as alternatives (stations)

3. Un-scaling of the decision matrix:

We divide each of the numbers of the column into the
largest number, if the criterion is positive (Eq. (20)), and if
the criterion is negative (Eq. (21)), the minimum of the col-
umn is divided into each number.

rij ¼ xij
x jmax

ð20Þ

rij ¼ x
J̇
min

xij
ð21Þ

4. Formation of a weighted matrix: The weighted matrix is
obtained using other methods (Eq. (22))

Wi ¼ ∑n
j¼1wj � rij ð22Þ

5. Choosing the best alternative: The score for each alterna-
tive is computed by adding the weight matrix rows and are
ranked according to Eq. (23).

A* ¼ Aijmax
∑n

j¼1wjrij
∑wj

� �
ð23Þ

Results and discussion

The purpose of this study was to investigate dust in the west-
ern strip of Iran. So, a new model in climatology, the panel
data-artificial neural network hybrid model, was used. The
new and developed models of TOPSIS and SAW multi-
criteria decision-making were used to prioritize more dust-
prone areas.

Validation and initial validation for prediction

Regarding the modelling based on ANFIS for forecasting sta-
tion dust, the lowest mean training error and the mean valida-
tion error was obtained 0.01 for Safiabad station and 1.11%
for Sarpol Zahab station. The highest mean training error and
the mean validation error was related to Aligudarz station
(019.02) and Bostan station (15.43%), respectively. The train-
ing and validation errors of other stations are presented in
(Table 2).

Table 2 Mean training and validation error of stations in the north of the
Persian Gulf, Iran

Station Mean validation error Mean training error

Bostan 15.43 01.019

Safi Abad 5.12 0.01

Abadan 1.12 03.00

Dezful 6.1 06.07

Masjed Soleiman 2 0.09

Bandar-e Mahshahr 1.33 09.010

Ahwaz 9.66 08.014

Kermanshah 10.78 06.07

Eslamabad-e Gharb 12.98 01.019

Sarpol-e Zahab 1.11 02.08

Ilam 8.63 011.016

Dehloran 13.09 014.010

Khorramabad 1.25 04.014

Aligudarz 4.69 019.02

�Fig. 3 Trend and time series of observed and predicted years of dust: a 5
stations of Bostan, Safiabad, Abadan, Dezful and Masjed Soleiman; b 5
stations of Bandar Mahshahr, Ahvaz, Eslamabad Gharb, Sarpol Zahab
and Kermanshah; c 4 stations of Dehloran, Ilam, Aligudarz and
Khorramabad; in the north of the Persian Gulf, Iran
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Predict the frequency of dust in the future

According to the error detection and validation, it can be predict-
ed more confidently. So, the panel data-artificial neural network
hybrid model and panel data model were used. Dezful station
with 110.11% in 2019, Abadan station with 109.12% in 2036,
Bandar Mahshahr station with 102.04% in 2029 (Fig. 3a),
Eslamabad Gharb station with 135.19% (Fig. 3b) and
Khorramabad station with 54.87% of the frequency of the dust
(Fig. 3c) showed an increasing trend.

Evaluation of the function of the predictive models
after prediction

After predicting the stations related to the regression
model of the two-way error component and panel
data-artificial neural network hybrid model, the function
of the predictions of these two models was evaluated

based on precision criteria. The results of the model
evaluations are separately presented for each of the sta-
tions in (Table 3).

Zoning frequency of the dust

According to the data obtained from the predictions, the mean
frequency of dust at 14 stations was zoned. The stations of
Sarpol Zahab,Masjed Soleiman and Abadan showed the max-
imum dust frequency (29.21, 31.447 and 33.46, respectively)
and the minimum dust frequency was observed at the two
stations of Aligudarz and Khorramabad (1.428 and 2.428,
respectively) (Fig. 4a). Considering the maximum dust fre-
quency, the highest dust was related to Sarpol Zahab and
Abadan stations (128.917 and 120.709, respectively) and the
lowest dust frequency belonged to the stations of Aligudarz,
Eslamabad Gharb and Khorramabad (14.05, 20.023 and
28.29, respectively) (Fig. 4b).

Table 3 Comparing and evaluating prediction precision for each station in the north of the Persian Gulf, Iran

Stations Prediction method Precision criteria

MSE RMSE MAE MAPE

Bostan Panel data model 0.0071 0.0632 0.0516 0.4159

Panel data-artificial neural network hybrid model 0.0003 0.0135 0.0215 0.2113

Safiabad Panel data model 0.0051 0.0036 0.0951 0.0009

Panel data-artificial neural network hybrid model 0.0214 0.0012 0.0006 0.0014

Abadan Panel data model 0.0065 0.0054 0.0852 0.0085

Panel data-artificial neural network hybrid model 0.0615 0.0587 0.0456 0.0025

Dezful Panel data model 0.0361 0.0031 0.0321 0.0009

Panel data-artificial neural network hybrid model 0.0069 0.0149 0.0951 0.0006

Masjed Soleiman Panel data model 0.0478 0.0011 0.0007 0.0154

Panel data-artificial neural network hybrid model 0.0698 0.0198 0.0147 0.0852

Bandar-e Mahshahr Panel data model 0.0014 0.0033 0.0752 0.0845

Panel data-artificial neural network hybrid model 0.0019 0.0098 0.0159 0.0698

Ahvaz Panel data model 0.0014 0.00001 0.0456 0.0257

Panel data-artificial neural network hybrid model 0.0009 0.0014 0.0001 0.0632

Kermanshah Panel data model 0.0147 0.0362 0.0003 0.0005

Panel data-artificial neural network hybrid model 0.0385 0.0987 0.0741 0.0124

Eslamabad Gharb Panel data model 0.0415 0.0654 0.0145 0.0397

Panel data-artificial neural network hybrid model 0.0063 0.0005 0.0321 0.0125

Sarpol Zahab Panel data model 0.0785 0.0222 0.0008 0.0129

Panel data-artificial neural network hybrid model 0.0965 0.0111 0.0032 0.0012

Ilam Panel data model 0.0004 0.0569 0.0021 0.0317

Panel data-artificial neural network hybrid model 0.0098 0.0007 0.0059 0.0123

Dehloran Panel data model 0.0021 0.0258 0.0014 0.0036

Panel data-artificial neural network hybrid model 0.0369 0.0987 0.0029 0.0198

Khorramabad Panel data model 0.0011 0.0741 0.0018 0.0013

Panel data-artificial neural network hybrid model 0.0015 0.0963 0.0087 0.0843

Aligudarz Panel data model 0.0177 0.0357 0.0852 0.0069

Panel data-artificial neural network hybrid model 0.0333 0.0753 0.0125 0.0852
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Prioritizing the dust-prone areas for stations based on
TOPSIS and SAW models in the western strip of Iran

After validation and error detection and prediction of the fre-
quency of dust in stations based on two SAW and TOPSIS
models, the frequency of dust was prioritized and then was
zoned. The goal of the TOPSIS method, one of the new
methods for solving multi-criteria decision-making problems,
is to select the best option based on the closest possible answer
to the ideal answer.

Therefore, appropriate indicators, statistical methods and
multi-criteria decision-making techniques were studied and se-
lected, using the TOPSIS model, to rank the stations studied in
terms of the frequency of dust to select the dust-prone areas for
the in the next 23 years. The Eslamabad Gharb and Kermanshah
stations (0.997 and 0.9659%, respectively) will be more exposed
to dust and the Dehloran and Ilam stations with the lowest fre-
quency of the dust (0.11 and 0.1407%, respectively) have the
minimum dust frequency (Table 4, Fig. 5a). Based on the SAW
model, the stations of Abadan and Masjed Soleiman were more
exposed to the dust (0.998 and 0.92, respectively) and the lowest
frequency of the dust belonged to the stations of Aligudarz and
Khorramabad (Table 4, Fig. 5b).

Fig. 4 Dust frequency obtained from predictions in the north of the Persian Gulf, Iran. a Average dust frequency. b Maximum dust frequency

Table 4 Priority dust-prone stations based on SAW and TOPSIS
models in the north of the Persian Gulf, Iran

Row Stations TOPSIS Model SAW Model

Rank Score Rank Score

1 Bostan 4 0.4987 0.5944 6

2 Safiabad 3 0.5222 0.5753 8

3 Abadan 10 0.1721 1 1

4 Dezful 5 0.4986 0.5944 7

5 Masjed Soleiman 9 0.0893 0.9273 2

6 Bandar Mahshahr 6 0.4502 0.6383 5

7 Ahvaz 7 0.2481 0.7982 4

8 Eslamabad Gharb 1 1 0.1867 10

9 Sarpol Zahab 8 0.1746 0.858 3

10 Kermanshah 2 0.9659 0.2142 9

11 Dehloran 14 0.11 0.1632 11

12 Ilam 13 0.1407 0.1232 12

13 Aligudarz 11 0.1732 0.12 14

14 Khorramabad 12 0.1623 0.11 13
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Comparison of research results with findings of other
researchers

In this research, we studied analysis, monitoring and
simulation of dust hazard phenomenon in the northern
Persian Gulf, Iran, Middle East. This method has been
used in many types of research and it has been consid-
ered as a suitable method for monitoring, analysis and
comparison, for example:

Competing droughts affect dust delivery to Sierra Nevada
(Aarons et al. 2019)
Depositional characteristics of 7Be and 210Pb in Kuwaiti
dust (Aba et al. 2016)
The role of dominant perennial native plant species in
controlling the mobile sand encroachment and fallen dust
problem in Kuwait (Ahmed et al. 2016)
Health impact assessment associated with exposure to
PM10 and dust storms in Kuwait (Al-Hemoud et al.
2018)
Effects of atmospheric dust deposition on solar PV ener-
gy production in a desert environment (Christos et al.
2018)

Meteorological catalysts of dust events and particle
source dynamics of affected soils during the 1930s Dust
Bowl drought (Kasey et al. 2019)
Contamination levels and human health risk assessment
of mercury in dust and soils of the urban environment
(Lilit et al. 2019)
Experimental study on dust suppression at transshipment
point based on the theory of induced airflow dust produc-
tion (Xinghua et al. 2019)

However, models in the present study were useful in
modelling, monitoring and predicting the dust phenomenon
in the north of the Persian Gulf, Iran.

Conclusion

The dust phenomenon annually causes irreparable damages to
various parts of the life of the living organisms and the envi-
ronment. Due to the importance of this issue, researchers have
sought to address this issue in the vast region of Iran with a lot
of stations. In this study, the hazardous phenomena of dust in
the western strip of Iran were investigated in Khuzestan, Ilam,

Fig. 5 The final map of dust-prone areas in the north of the Persian Gulf, Iran. a TOPSIS model. b SAW model
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Lorestan and Kermanshah Provinces using panel data and
hybrid neural network models. The result shows that the phe-
nomenon of dust is increasing in most of the studied stations.
The dust data was used to predict the two models of the adap-
tive neural network (ANFIS) and the hybrid neural network
and concluded that the power of the hybrid neural network
was more than the adaptive neural network (ANFIS).
According to the comparison and evaluation carried out for
prediction, the highest mean frequency of the dust was ob-
served at three stations of Sarpol Zahab, Masjed Soleiman
and Abadan (29.21, 31.447 and 33.46%, respectively).

According to the model of data panel and hybrid neural net-
work, evaluation and comparison of the models showed that the
lowest MSE in the hybrid model was 00019 at the station of
Bandar Mahshahr and in the panel data model, 0.0004 was ob-
tained at Ilam station. The lowest RMSEwas shown in the hybrid
model at Eslamabad Gharb station (0.00005) and in the data
panel model at Ahwaz station (0.0001). The lowest MAE was
obtained in the hybrid model at Ahwaz station )0.00001 (and in
the data panel model was at Sarpol Zahab station (0.0008) and
the lowest MAPE was shown in the hybrid model at Ahwaz
station (0.00006) and in the data panel model at Sarpol Zahab
station (0.0005). Finally, according to the TOPSIS model, the
stations of Eslamabad Gharb and Kermanshah were more ex-
posed to the dust in the future (0.997 and 0.9659, respectively).
Based on the SAW model, the stations of Abadan and Masjed
Soleiman will have the maximum probability of dust occurrence
(0.998 and 0.92, respectively) in the future. Considering the re-
sults for reducing the hazards of dust in the studied area, the
relevant organizations should make serious decisions on this
subject.
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