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The aim of this study is to assess and forecast spatial pattern changes of dust and wind speed in
Hamun-e Helmand basin, Sistan region. This region has the most dust events and the strongest winds,
including 120-day winds. Wind speed and dust data of seven synoptic stations were therefore extracted
from the Iran Meteorological Organization during 1990–2018. Wind and dust speed were predicted for
2020–2030 period using Autoregressive Integrated Moving Average (ARIMA) model and neural network,
then analyzed by spatial pattern distribution using Hotspot G Index. The results showed that both
models have a good eDciency in predicting wind and dust speed. However, due to error assessment in
ARIMA model, neural network was more accurate in prediction. The results of spatial autocorrelation
showed that cluster pattern of dust formed a pattern based on ARIMA model with an area of 21.01 and
20.64, neural network with an area of 19.67 and 19.47 for the two statistical periods 2018–2025 and
2026–2035, respectively, in the eastern half of the basin, namely Zabol and Zahak. The condition of
autocorrelation of wind speed pattern was similar to that of the dust, except that the wind speed not only
extended to the south of the basin, but also had spatial autocorrelation positive pattern in the northern
half of the basin as small spots based on ARIMA model with an area of 18.71 and 15.16, neural network
with an area of 22.12 and 15.68 for the two statistical periods 2018–2025 and 2026–2035, respectively.
Keywords. Dust; wind speed; ARIMA; neural network; spatial pattern.

1. Introduction
What goes beyond borders in the present age and
threatens all nations globally is environmental
crisis, especially air pollution and unexpected climate change (Rostami and Hosseini 2018). The
dust phenomenon occurs in arid and semi-arid
areas of the Earth, which is mostly related to the
climatic characteristics of these areas (Goldman
et al. 2016). According to the World Meteorological
Organization, when the wind speed exceeds 5 m/s

and the horizontal visibility is decreased to less
than 1 km due to the dust particles, the dust storm
is reported (Middleton 2017). The wind speed in
the southeastern region of Iran, due to the topography of the area in recent years, has always
caused many economic, social, and environmental
problems. Strong winds with dust may cause many
local heat Cuxes, thus increasing the dust further
(Ito and Niino 2016). Previous studies suggest that
there is a strong and positive relationship between
wind speed and dust concentration on a large scale
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(Mockford et al. 2018). In such a case, the wind
speed is so high that it causes wind erosion (Duniway et al. 2019; Evan 2019; Pi et al. 2019). Wind
erosion occurs when there is a common surface
between the wind and unprotected soil. The arid
regions are particularly characterized by frequent
and strong winds, and thin vegetation cannot
decrease wind speeds in these areas, so they are
associated with sandstorms (Vali et al. 2014). Such
strong storms sometime lead to very strong dust
spreading over a wide range, with the transport of
small particles. Dust storms are one of the most
significant natural disasters in arid and semi-arid
regions. This phenomenon may cause adverse
environmental impacts. Dust is one of the environmental hazards in Sistan region, known as a
permanent climate phenomenon in the south-east
of Iran. This phenomenon has become more and
more frequent in recent years and has further
expanded, causing many problems in the large
parts of south and south-east of Iran (Rostami
2017).
To systematically solve the dust problem, it
requires consideration of three factors, including
factors aAecting dust, information retrieval techniques, and dust modelling for its detection and
prediction (Lauret et al. 2017). Such a system
involves information on dust and other environmental changes, accessible in two ways: ground
observations (meteorological stations) and space
observations (satellites) (Sergeev et al. 2017; Sadowski et al. 2019). Ground observations include
surveillance and sensors’ data collected by radar
and lidar. Space observations usually include
satellites and sometimes UAVs, however, both are
used for better and more eDcient observations.
Assessment and forecasting changes in wind
speed and dust over the coming years can contribute to large-scale planning to reduce the damage caused by these crises. For example, Lal and
Tripathy (2012) predicted the dust concentration
of coal mines using ArtiBcial Neural Networks
(ANN). The results showed that the ANN model
predicted dust concentration better than the
Gaussian–Plume model. Sobhani and Safarian
Zengir (2019) predicted dust phenomenon in
southwestern Iran using hybrid-panel data neural
network model and Adaptive Network-based
Fuzzy Inference System (ANFIS). The results
showed that the reliability of the hybrid-panel data
neural network model was higher than the ANFIS.
Based on SAW and TOPSIS models, the highest
probability of dust event was predicted at Abadan
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station with 99.0% and Islam Abad station with
97.0% in the next 23 years, respectively. To reduce
the damages caused by the dust phenomenon in the
study area, in addition to domestic measures such
as inter-institutional cooperation, international
agreements with neighbouring countries are necessary. In another study, Asadi LotB et al. (2018)
examined the prediction models of dust phenomena
and data collection techniques. The results showed
that the DEOC and GOCART models are suitable worldwide though are not applicable to Iran.
Then, HYSPLIT model was implemented in
Ahwaz region, indicating the origin of the dust
from Iraq and Syria. Afkhami et al. (2015) investigated the possibility of predicting wind speed by
wavelet-ANN and wavelet-ANFIS models (case
study: Yazd Synoptic Station). According to the
results, the wavelet-ANFIS model had a better
performance compared to the wavelet-ANN model.
In another study, Tehroudi et al. (2013) evaluated
ARIMA and PARMA models in modelling and
predicting maximum wind speed (case study:
Bandar Abbas Synoptic Station). According to the
results, PARMA model had a better performance
due to greater correlation between actual and
adjusted production data, hence, used to predict
and produce the highest wind speed in the region
until 2026. Several methods and models have been
proposed to investigate medium and long-term
climatic and hydrological forecasts. The most
important of these models are stochastic models
(Salas et al. 1980), fuzzy set theory (Sharifan and
Ghahraman 2007), artiBcial neural network models
(Kisi 2008) and Erima Box models and Jenkins,
noted in 1970. Erima model has a systematic
method for each suitable model in each stage (determination, estimation and diagnosis) (ChatBeld
1996). However, in an Erima model, it is assumed
that there is a linear correlation structure between
the time series values of the observations (Zhang
et al. 2011). Climatic models based on statisticalprobabilistic principles have been of special
importance and application. In this type of modelling, a three-step strategy including diagnosis
(identiBcation), Btting and testing the accuracy of
the model and forecasting with certain conBdence
limits is considered (Asakereh and SeiBpour 2007).
ARIMA models are one of the suitable models for
Btting climatic processes such as precipitation,
dust and so on.
Lack of water resources and population growth
and economic development have increased
attention to freshwater resources. Many freshwater
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resources are located in common basins between
two or more countries, and tensions in the relations
between users of these resources have even led to
war, e.g., one of the border watersheds in eastern
Iran. Helmand is a joint watershed between Iran
and Afghanistan. Measures taken in recent decades
in Afghanistan have reduced the Helmand border
river and increased dust due to the conformity of
the favourable bed for 120-day wind in Sistan.
Assessment of dust and wind speed prediction may
contribute to better management of the losses and
problems. Therefore, the present study is aimed to
predict the dust and wind speed in Hamun-e Helmand basin, Sistan region by ANN and ARIMA
models.
2. Data and methodology
In this study, in order to investigate and predict
dust and wind speed, data have been extracted
from seven synoptic stations (table 1) of Sistan
region in Hamoon Helmand watershed, Iran during
1980–2018 (Bgure 1). After extraction and quality
control of the data, the following codes have been
used to extract the dust (table 2).
And a database of dust and wind speed was
formed. Autoregressive Integrated Moving Average (ARIMA) (p, d, q) models for time series
analysis. In an ARIMA model, the function is
based upon three parametric linear components:
auto-regression (AR), integration (I), and moving
average (MA) method (Box and Jenkins 1970).
The model is represented by the ARIMA symbol
(p, d, q). ‘p’ indicates the order of the time series
relationship with its past and ‘q’ the order of the
time series relationship with the factors inCuencing its structure. Therefore, it is obvious that

the larger p, d, q, are faced with a more complex
model (Asakereh and Doostkamian 2017). An
ARIMA model can be expressed as follows:
yt ¼ h0 þ /1 yt1 þ /2 yt2 þ    þ /p ytp þ et
 h1 et1  h2 et2      hq etq ;

where yt is the actual value and et is the random
error at time t, /i and hj are the coefBcients, p and q
are integers that are often referred to as
autoregressive and moving average polynomials,
respectively. Usually, random errors et are assumed
to be independently and identically distributed with
a mean of zero and a constant variance of r2 . If q = 0,
equation (4) will be an autoregressive (AR) of order
p. When p = 0, the model reduces to the q-order
moving average model. Stationary is a necessary
condition in building an ARIMA forecasting model.
When the observed time series presents trend and
heterogeneity, differencing and power transformation
(Box–Cox transformation) are often applied to the
data to remove the trend and stabilize the variance
before an ARIMA model can be Btted. One of
the most important tools for non-stationary time
series in mean and achieving stationary series is the
difference. Difference operator to be shown ð1  B d Þ.
Here d represents the order of difference. In this
study, this technique has been used at some stations.
The difference is deBned as follows:
ð1  BÞxt ¼ xt  xt1 ;

ð2Þ

ð1  B 2 Þxt ¼ xt  xt1  ðxt1  xt2 Þ:

ð3Þ

For variance transformation, the power transformation that has been introduced by Box and
Cox can be used, which is as follows (Box and Cox
1964):

Table 1. Location of synoptic stations in and around the studied watershed.
Station
Birjand
Nehbandan
Zabul
Zahedan
Sarbisheh
Dehsalm
Nusrat Abad
Zahak
Hamoun
Darmeyan
Zahan

ð1Þ

Province

Latitude

Longitude

Elevation

Southern Khorasan
Southern Khorasan
Sistan and Baluchestan
Sistan and Baluchestan
Southern Khorasan
Southern Khorasan
Sistan and Baluchestan
Sistan and Baluchestan
Sistan and Baluchestan
Southern Khorasan
Southern Khorasan

32.9
31.5
31.1
29.5
32.6
31.2
29.9
30.9
30.9
32.9
33.4

59.3
60
61.5
60.9
59.8
59.3
60
61.7
61.5
60
59.8

1491
1188
489.2
1370
1846
815
1127
495
482.5
1553.8
1753.4
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Figure 1. Geographical location of the study area.

Table 2. Dust codes used.
Row
1
2
3
4
5
6
7
8
9
10
11
12

Code
WMO

Description

06
07
08
09
30
31
32
33
34
35
76
98

Widespread dust in suspension not raised by wind
Dust or sand raised by wind
Well-developed dust or sand whirls
Dust or sand storm within sight but not at station
Slight to moderate dust storm, decreasing in intensity
Slight to moderate dust storm, no change
Slight to moderate dust storm, increasing in intensity
Severe dust storm, decreasing in intensity
Severe dust storm, no change
Severe dust storm, increasing in intensity
Diamond dust
Heavy thunderstorm with dust storm

8 k
<X  1
; k 6¼ 0
TðXÞ ¼
k
:
lnðXÞ; k ¼ 0 ;

ð4Þ

k is called the transform parameter. In order
to determine the order of p, the partialautocorrelation function and to determine the

Description
Dust or sand

Dust storm, sandstorm, drifting
or blowing snow

Sever dust phenomena

order of q the autocorrelation function is
calculated. Autocorrelation function which is
shown as qk , is deBned as follows (Wei 2007):
COV ðZt ; Ztþk Þ
c
qk ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃpﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ¼ k :
VarðZt Þ VarðZtþk Þ c0

ð5Þ
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In this equation, ck is autocovariance function
and qk are called autocorrelation function
(ACF), because they show covariance and
correlation between Zt and Ztþk of a process
that are separated by k lag time. Correlation
between Zt and Ztþk after removing a linear
dependence between variables Ztþ1 ; Ztþ2 ; . . .; and
Ztþk1 is called partial-autocorrelation function.
Thus, partial autocorrelation between Zt and
Ztþk will be equal with autocorrelation between
ðZt  Z^t Þ
and
ðZtþk  Z^tþk Þ.
So
partialautocorrelation ðPk Þ between Zt and Ztþk is
deBned as (Wei 2007):
COV ðZt  Z^t ÞðZtþk  Z^tþk Þ
Pk ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃqﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ :
VarðZt  Z^t Þ VarðZtþk  Z^tþk Þ

ð6Þ

The least-squares method is used to predict /i
(i = 1, 2,…, p) and hj (j =1, 2,…, q). The
significance tests will be done on the prediction
parameters and the insignificant parameters will be
deleted in the model. From the most important
tests, the p-value and t-Student tests can be noted.
The Ljung–Box statistic is used to investigate
model adequacy, i.e., to ascertain that the residuals
are white noise (zero mean, constant variance,
uncorrelated process and normally distributed).
When there are several favorable p and q in the
diagnostic check, Akaike information criterion
(AIC) will be used to choose the best one
(Shumway and StuAer 2005):
AIC ¼ nl nðSa2 Þ þ 2ðmÞ ;

ð7Þ

where Sa2 is the maximum likelihood, m = p + q is
the number of AR and MA parameters to estimate
and n is period of series. One of the applications and
acceptance criteria pattern in the ARIMA
modelling is to predict future values of data. In
other words, the last criterion to choose this model
is to oAer an appropriate behaviour to predict. This
feature was used for forecasting the precipitation of
Iran for the next 5 and 10 years. There are several
criteria for evaluating model performance; the most
important ones are correlation coefBcient and the
coefBcient of determination, mean square errors
and optimum eDciency. In this study, to assess the
performance of selected models, the mean square
error is used. This index measures the difference
between the values predicted by the model and
actual observations. This index is deBned as follows
(Zhang et al 2011):

MSE ¼

n
1X
ðAt  Ft Þ2 :
n t¼1

ð8Þ

In this equation, At is the value of observations
in t time and Ft are the predicted values. An RMSE
value closer to 0 indicates a better prediction.
Finally, in parts of this study, the kriging method
was used for interpolation of annual precipitation
and for interpolation of predicted precipitation in
the next 5 and 10 years in order to estimate the
precipitation of total zones of Iran. The kriging
method is an optimum method for interpolation.
The main basis for interpolation through this
method is that it is calculating the variogram by
an adjacent known point which is used for
estimating the unknown values. In this method,
each of the stations within and outside of a zone
according to their distance and location are
considered to be statistically significant so that
the variance estimated would be minimum.
Variogram function is deBned as follows:
nðhÞ

1 X
½zðxi Þ  zðxi þhÞ2 ;
cðhÞ ¼
nðhÞ i¼1

ð9Þ

where cðhÞ are the values of variogram for pair of
points which are distanced from one another to the
value of h. nðhÞ are the numbers of couple points
that are distanced apart. zðxi Þ are the values of
observed variable in the x point, zðxi þhÞ are the
values of observed variable that are located h
distance from x.
In addition, ARIMA modelling, a neural network
model has been used to more accurately study the
status of dust and wind speed. In this procedure,
the overall structure of the network consists of
three layers with separate tasks. The input layer
with the role of data distribution in the network,
the middle layer (hidden) which is responsible for
information processing and the output layer which
in addition to processing, for the network input
vector, shows its results and output. Common
transmission functions used in artiBcial neural
networks are sigmoid function and hyperbolic
tangent in the middle layer and linear stimulus
function in the output layer, which were also used
in this study. In this study, according to the paper
(Coulibaly et al. 2000), the feeder network was
used with the algorithm of reverse error propagation training and stop training. The results of each
neural network were selected with real test values
and the best model. After predicting wind speed
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and dust using the spatial autocorrelation pattern
G* or hotspot, the space pattern distribution of
these two parameters during the two periods
2020–2025 and 2026–2030 has been studied.

3. Results and discussion
Several criteria including R, R2, RMSE and MAE
were used to evaluate the ANN and ARIMA
models in predicting wind speed and dust (table 3).
They showed that the measured values are positively correlated with the estimated values for all
stations based on ANN and ARIMA models.
However, in most of the stations, the ANN model
had less error in estimating the dust, thus more

accurate. It should be noted that, at some stations
like Zahak, ARIMA had better results. Nevertheless, both models had acceptable results in assessing and predicting the occurrence of dust. Error
criterion of wind speed has experienced approximately a similar condition with the dust, so that
the assessment and prediction of wind speed was
less erroneous and highly correlated with ANN
results. For example, the RMSE at Zabol station
was 0.71 based on the ANN and 1.1 based on
ARIMA model, while the coefBcient of determination for this station was 0.93 and 0.83 based on
neural network and ARIMA models, respectively.
As previously discussed, modelling annual dust
and wind speed of Helmand basin stations by the
ARIMA models was performed to determine the

Table 3. Some evaluation criteria of the ANN and ARIMA models.
R2

R
Parameter
Dust

Wind speed

RMSE

MAE

Station

ANN

ARIMA

ANN

ARIMA

ANN

ARIMA

ANN

ARIMA

Birjand
Nehbandan
Zabol
Zahak
Nosratabad
Mirjave
Zahedan
Birjand
Nehbandan
Zabol
Zahak
Nosratabad
Mirjave
Zahedan

0.88
0.83
0.95
0.81
0.91
0.92
0.78
0.85
0.86
0.93
0.91
0.93
0.93
0.89

0.84
0.83
0.82
0.86
0.92
0.87
0.72
0.88
0.91
0.83
0.87
0.83
0.81
0.83

0.77
0.69
0.90
0.66
0.83
0.85
0.61
0.72
0.74
0.86
0.83
0.86
0.86
0.79

0.71
0.69
0.67
0.74
0.85
0.76
0.58
0.77
0.83
0.69
0.76
0.69
0.66
0.69

0.7
0.71
0.9
0.4
0.5
0.7
0.6
1.50
1.30
0.71
0.88
0.82
0.90
1.12

1.7
2.7
2.9
1.4
1.1
2.6
2.1
1.70
1.34
1.10
1.69
2.31
2.67
2.67

0
0
0.1
0
0
0
0
1.10
0.90
0.35
0.65
0.59
0.35
1.21

0.42
1.36
2.36
0.28
0.16
0.12
1.89
1.89
0.89
0.62
1.21
0.16
1.23
1.62

Table 4. Candidate models derived from overBtting annual dust days.
Parameter
Dust

Wind speed

Station

Models

AIC

Residual variance

Birjand
Nehbandan
Zabol
Zahak
Nosratabad
Mirjave
Zahedan
Birjand
Nehbandan
Zabol
Zahak
Nosratabad
Mirjave
Zahedan

ARIMAð3; 1; 1Þ
ARIMAð1; 1; 2Þ
ARIMAð1; 1; 1Þ
ARIMAð0; 1; 1Þ
ARIMAð2; 1; 1Þ
ARIMAð2; 1; 1Þ
ARIMAð1; 1; 1Þ
ARIMAð0; 1; 1Þ
ARIMAð0; 1; 1Þ
ARIMAð1; 1; 1Þ
ARIMAð0; 1; 1Þ
ARIMAð2; 1; 1Þ
ARIMAð2; 1; 2Þ
ARIMAð1; 11Þ

235.7
136.5
403.1
146.5
283.8
56.9
350
38.8
68.3
0.3
17.5
37.1
36
126.5

58.4
59.2
1244.7
259.7
137.9
69.6
389.9
0.495
0.11
0.93
1.81
1.74
0.025
0.105

Page 7 of 11 114

J. Earth Syst. Sci. (2021)130:114
best model for predicting dust values. Finally, by
Btting different patterns, suitable patterns for each
station were selected and the results were presented in table 4. The remaining appropriate patterns for each selected station were tested and their
normality, independence, and randomness were
demonstrated. To select the best model, the Akaike

information criteria were used and the Bnal model
was selected. Then, by analyzing the results, the
best model was selected for the annual dust and
wind speed of the Helmand basin stations. Finally,
the ARIMA model was used for the knowledge and
assurance of past behaviour and predicting annual
dust and wind velocity. The model was then chosen

Figure 2. Spatial autocorrelation pattern of dust in Helmand basin based on the ANN and ARIMA models during 2020–2030.

Table 5. Coverage of spatial pattern of dust based on ARIMA and ANN models.
Dust
2020–2025

2026–2035

Pattern

ANN

ARIMA

ANN

ARIMA

Cold spot – 99% conBdence
Cold spot – 95% conBdence
Cold spot – 90% conBdence
Not significant
Hot spot – 90% conBdence
Hot spot – 95% conBdence
Hot spot – 99% conBdence

13.31
11.46
4.44
46.38
0.30
3.85
19.67

12.72
11.32
3.85
46.89
0.07
3.40
21.01

14.51
11.16
4.44
45.38
0.20
3.45
19.47

17.75
8.43
3.18
44.60
0.37
4.14
20.64
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as the superior model by considering statistical
criteria, such as minimum variance, minimum
Akaike information criterion, independence, and
normality. For the annual dust modelling of the
Helmand basin stations, the modelling was Brst
performed with a difference of d = 0 in the ARIMA
family (p, q), then the difference of d= 1 and d= 2
in the ARIMA family (p, d, q). Significant patterns

were selected after modelling in the three modes. For
example, the ARIMA model (1,1,1) has been selected
as the best model for predicting dust at Zabol station.
However, the same ARIMA model (1,1,1) was
selected as the best model for wind speed. Therefore,
according to ARIMA modelling, changes in these two
parameters (dust and wind speed) are inCuenced by
random components for the past two years.

Table 6. Coverage of spatial pattern of wind speed based on ARIMA and ANN models.
Wind speed
2020–2025

2026–2030

Pattern

ANN

ARIMA

ANN

ARIMA

Cold spot – 99% conBdence
Cold spot – 95% conBdence
Cold spot – 90% conBdence
Not significant
Hot spot – 90% conBdence
Hot spot – 95% conBdence
Hot spot – 99% conBdence

17.83
6.14
4.29
44.23
0.37
4.44
22.12

14.02
6.43
4.44
52.33
0.15
3.25
18.71

14.28
8.73
4.88
51.18
0.37
4.51
15.68

13.39
8.51
5.10
52.44
0.15
4.36
15.16

Figure 3. Spatial autocorrelation pattern of the wind speed in Helmand basin based on ANN and ARIMA models during
2020–2030.
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Figure 2 shows the spatial autocorrelation
pattern of dusts in Helmand basin based on the
ANN and ARIMA models during 2020–2025 and
2026–2030. The results show that the dust in the
eastern half of Helmand basin especially Zabol and
Zahak stations had a high cluster pattern (spatial
autocorrelation positive pattern). In this period,
based on the ANN and ARIMA models, 19.67%
and 21.1% of the study area had a high cluster
pattern, respectively. Both models, with 3.85% and
3.4% of the basin, had the spatial autocorrelation
positive pattern of 95% conBdence in this period
(Bgure 2).
The spatial autocorrelation pattern of dust in the
second period is almost similar to that of the Brst
period, except for a little change in location and
extent of coverage. For example, the positive
cluster pattern based on the ANN model in the
period 2026–2030 reached 20.64 at 99% conBdence
level, while according to the ARIMA model, this
value was 19.47%, with a slight decrease compared
to the previous period (table 5). In contrast to the
spatial autocorrelation positive pattern, the spatial
autocorrelation negative pattern in the second
period has significantly extended. In the ARIMA
model, this extension is more tangible at the 99%
conBdence level. However, based on both the
ARIMA and ANN models, the distribution pattern
of the dust in most of the Helmand basin is
random.
According to the spatial autocorrelation pattern
of the wind speed, it is found that the spatial pattern of the wind speed based on the ANN model is
similar to the spatial pattern of dusts, so that the
spatial autocorrelation positive pattern of wind
speed is mostly related to the eastern Helmand
basin, namely Zabol and Zahak. Nevertheless, the
spatial autocorrelation pattern based on the
ARIMA model during 2020–2025, in addition to
the eastern half of the Helmand basin, had a high
cluster pattern in the northern half of the basin.
During this period, the spatial autocorrelation
positive pattern based on the ANN model at 99%
conBdence level covered 22.1% of the study area,
while the spatial autocorrelation positive pattern
based on the ARIMA model covered 18.7%. At
95% conBdence level, 4.4% and 3.25% of the study
area had a high cluster pattern. Also, based on the
ANN and ARIMA models, the spatial autocorrelation negative pattern, which includes the western
half of the Helmand basin, was 17.8% and 13%,
respectively (table 6). The spatial autocorrelation
pattern of the wind speed in the second period

(2026–2030) was similar situation to the Brst
period, except that the northern part of Helmand
basin had a random pattern in the second period.
However, the spatial autocorrelation positive pattern has not significantly changed (Bgure 3). As
shown in Bgure 3, the spatial autocorrelation pattern based on both ANN and ARIMA models has
significantly decreased. For example, the spatial
autocorrelation pattern of wind speed decreased by
almost 3% at 99% conBdence level, while at 95%
conBdence level, there was no significant change.
The spatial autocorrelation negative pattern has
not changed except with a 1% decrease in the low
cluster pattern.

4. Conclusion
The results showed that the ANN and ARIMA
models have good performance in predicting dust
and wind speed. However, in some stations,
including Birjand, Zabol, Mirjaveh, and Zahedan,
the ANN model was more accurate in predicting
dust. As Keykhosravi et al. (2019) emphasized the
high ability of perceptron neural network in predicting dust concentration and showed, this model
can be a suitable and fast solution in predicting
dust level. The ARIMA model was more accurate
at Nosrat Abad and Zahak stations. Except at
Birjand and Nehbandan stations, the ANN model
was more accurate in predicting wind speed than
ARIMA model. Review and forecast of the phenomenon of dust in Khuzestan Province using
Box–Jenkins time series model showed that these
models have good accuracy for predicting dust and
the number of dusty days for 2018–2027 (Falah
Qalhari and Sarvestan 2020).
The results of spatial autocorrelation analysis
showed that during the two studied periods
(2020–2025 and 2026–2030), south-east of Helmand
basin, Zabol and Zahak stations had a high (positive) cluster pattern. This is while the western half
of the basin had a low cluster pattern. The Bndings
of this study were consistent with the Bndings of
other studies (Negaresh et al. 2012; Dehghan and
Bemani 2020), suggesting that most of the dust
events occur in the eastern half of Sistan and
Baluchistan provinces (Helmand basin).
Predicting the spatial pattern of wind speed
showed that, similar to dust, the spatial autocorrelation positive pattern during the Brst period
(2020–2025) corresponded to the eastern part of
the Helmand basin. In the second period, the
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spatial pattern experienced changes, so that during
the period 2026–2030, in addition to the eastern
part of the basin, the wind speed in the northern
part had a spatial autocorrelation positive pattern.
Thus, the positive spatial pattern of wind speed is
said to be based on the maximum wind speed in the
region, with many researchers providing similar
results in examining wind conditions. For example,
Hamidian Pour et al. (2016) showed that the Sistan
wind has two maximal cores around Khawaf
(Atishan Plain) and Lake Hamun (Zabol) at an
average speed of 17 m/s. Therefore, as dust storms
are directly and indirectly aAected by climate
changes, and in recent years, in addition to
endangering human societies and their health, has
incurred significant damages in agriculture, economy, and transportation, the need for management
strategies for this destructive phenomenon in the
south-east half is, therefore, felt urgent. Assessing
and predicting future dust and wind speeds can
help better manage the damage and problems they
cause. Therefore, in this study, with the help of
ANN and ARIMA models, an attempt has been
made to predict dust and wind speed in Sistan
region, the site of 120-day winds located in
Hamoon Helmand watershed.
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