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Abstract 
The current study primarily sought to select the best index for elaborating on dust activities, analyze 
the temporal and spatial changes of the index’s trend, and examine the relationship of the index 
with environmental factors in Iranian dry regions. To this end, the study examined the data 
collected on dust concentration, dust storm index, the number of dusty days (NDD), the pollution 
caused by dust storms, and the frequency of all dust events over a period of 18 years (2001-2018) 
using the MODIS-aerosols optical depth (AOD) product. Moreover, Pearson's correlation 
coefficient was used to analyze the correlation between the indices and AOD data sets. On the other 
hand, the trend of the best index annual changes in twenty-eight Iranian urban areas was analyzed 
using the Mann-Kendall method. Also, the most important environmental factors controlling dust 
activities in high-risk areas were identified using the random forest model. The results of the study 
indicated a strong correlation between NDD and AOD in Iranian dry regions (r= 0.7; p-value= 
0.001). It was also found that the trend of NDD’s annual changes significantly increased in Torbat 
Heydarieh, Nehbandan, and Anar (Z>+1.96). However, the trend significantly decreased in 
Chabahar and Iranshahr (Z>│-1.96│. Generally, the results indicated an insignificant decreasing 
trend of annual NDD changes across the entire Iranian arid regions from 2001 to 2018 (Z= -0.45). 
on the other hand, the random forest model suggested that air pressure and wind speed exerted the 
greatest influence on dust activities that occurred in Iran’s high-risk area throughout the study 
period. Therefore, it could be argued that the findings of this study can help better monitor dust 
events and reduce their environmental risks in Iranian dry areas. 
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1. Introduction 

As atmospheric phenomena that occur in many 
dry regions of the world (Ghafarian et al., 2022), 
dust event is considered one of the main factors 
that contribute to land degradation in such 
regions (Du et al., 2022).  On the other hand, dust 
aerosols exert an adverse influence on climate 
change (Kok et al., 2023), agriculture 
(Ahmadzai, 2023), solar photovoltaic 
performance (Lay-Ekuakille et al., 2018; Nordine 
et al., 2023), and global radiation budget 
(Chauhan et al., 2023).   

There are several indicators to measure the 
activity of dust events, which include Dust Storm 
Index (DSI) (O’Loingsigh et al., 2014), Dust 
Concentration (DC) (Shao & Wang, 2003), 
pollution of dust storm index (PDSI) (Jebali et 
al., 2021), number of dusty days (NDD)  
(Natsagdorj et al., 2003), and frequency of dust 
events (FDE) (Alizadeh-Choobari et al., 2016) 
which they have been used for different purposes 
in some researches.  

Considering the fact that the difference 
between the parameters used in calculating the 
aforementioned indicators may affect the 
accuracy of the results obtained from the analysis 
of dust activities in different regions, it is 
necessary to identify the best indicator for 
assessing dust activities in areas that are sensitive 
to dust phenomenon. Therefore, as the issue has 
not been investigated in Iranian dry regions, this 
study sought to address it with special attention. 
To this end, the study considered the aerosols' 
optical depth (AOD) as its main criterion for 
evaluating the aforementioned ground-based 
indices (which are calculated using dust data 
recorded in synoptic stations). In other words, 
many studies have used AOD as an appropriate 
remote sensing tool to measure aerosols' activity 
and atmospheric dust (Mohammadpour et al., 
2022; Omidvar et al., 2022), seeking to 
understand how it reacts to environmental drivers 

(Namdari et al., 2022; Sujitha et al., 2022). 
It is very important to identify the most 

important environmental factors that control the 
dust activities in dry areas of the world. Recently, 
the good performance of machine learning 
models, especially tree-based tree models such as 
random forest (RF), has been confirmed in some 
dust studies (Berndt et al., 2021; Ouedraogo et 
al., 2022; Souri & Vajedian, 2015). Having 
introduced the best representative index for dust 
activities in Iranian dry regions, the current study 
applied the random forest (RF) model to identify 
the main important factors affecting dust 
activities in areas that are vulnerable to dust 
events. In other words, the relationship between 
environmental factors and the best dust index for 
Iranian dry areas was investigated using the RF 
model. In this regard, the main goals of the study 
could be stated as follows: 

1. Introducing the best representative index 
for dust activities in Iranian dry areas based on 
the index’s strongest correlation with aerosol 
optical depth (AOD) data sets. 

2. Analyzing spatio-temporal changes of the 
best dust activities index in Iran's dry areas 
throughout the study period. 

3. Determining the main factors controlling 
dust activity in areas more sensitive to this 
phenomenon using the RF model. 

2. Study area 
The study area of the current research is the dry 
areas of Iran, which are mainly located in the 
eastern half of this country and has an area of 
about 838000 square kilometers. The extent of 
dust prone areas in this region is about 601909 
km2. Based on the climatic parameters recorded 
for the selected stations in the mentioned period, 
the long-term average of air temperature, rainfall, 
relative humidity, and wind speed in the arid 
regions of Iran are 27.1°C, 107.3mm, 34.4%, and 
3.1 m/s respectively. 
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Figure (1): Geographical distribution of synoptic stations and dust-prone regions in dry areas of Iran 

 
3. Data Sets and Methodology 
The long-term weather observations and satellite 
data sets were used to investigate the objectives 
of the current research. The weather observations 
used in the study were three-hour recordings of 
horizontal visibility (HV) <10km, dust codes (06 
to 09, 30 to 35, and 98), daily recorded data 
concerning the minimum temperature (Tmin), 
maximum temperature (Tmax), rainfall (Ra), 
relative humidity (RH), wind speed (WS), air 
pressure (Pr), and evaporation (ET). These data 
were acquired from Islamic republic of Iran 
meteorological organization (IRIMO). There are 
28 synoptic stations in this region of Iran that 
have the same statistical period length with AOD 
data (2001-2018), but among them, 5 stations 
were excluded due to deficiency of AOD data. 
Finally, the 23 synoptic stations were selected to 
investigate the first two objectives of the current 
research. It is worth mentioning that after 
choosing the best dust activities index, analysis 
of their temporal and spatial changes was 
performed based on the recorded information for 
all synoptic stations. 

 

Moreover, the satellite data used in the study 
were AOD, land surface temperature (LST), and 
normalized difference vegetation index (NDVI) 
time series which were obtained for the years 
2001-2018 from 'https://earthdata.nasa.gov/'  at 
daily, eight-day, and sixteen-day time scales, 
respectively. All the satellite data belonged to the 
MODIS sensor. 

The monthly mean values of all data sets were 
calculated using the arithmetic mean method for 
monthly and annual time scales. Three-hour 
recordings of HV and dust events were also used 
to calculate the representative indices of dust 
activities in the mentioned time scales as 
explained below. 

3.1. The calculation of Dust concentration (DC)  
In this research, at first, mean monthly values of  
HV were calculated using the arithmetic mean 
method based on three-hour observations of HV 
recorded for all dust events in 23 selected 
synoptic stations. Then, equation (1) and 
equation (2) were used to calculate the monthly 
DC (µg.m-3) in the HV<3.5 km and 3.5 km, 
respectively (Shao & Wang, 2003). 	 = 3802.29 	 . 															 	 3.5                                 (1) 	 = exp( 0.11 7.62) 																																							 		 3.5                     (2) 
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The average DC values in each year of the 
study period (2001-2018) were calculated for all 
synoptic stations using the arithmetic mean of 
DC in 12 months. Finally, the yearly DC values 
were applied to calculate the long-term DC 
values in each station. 

3. 2. The calculation of Dust storm index (DSI)  
This index proposed by  O’Loingsigh et al. 
(2014)  to measure wind erosion and dust storm 
activities, which is calculated as follows: 

(1) The total number of local dust events 
(LDE: codes 07 to 09), moderate dust 
storms (MDS: codes 30 to 32, and 98), and 
severe dust storms (SDS: codes 33 to 35) 
for each month was calculated based on the 
maximum daily code recorded for these 
events. 

(2) The monthly DSI values were calculated 
by multiplying the number of LDE, MDS, 
and SDS by 0.05, 1, and 5, respectively. 

(3) The yearly DSI values were calculated for 
all synoptic stations based on the sum of 
DSI values in 12 months. 

3. 3. The calculation of Pollution of dust storm 
index (PDSI)  
The PDSI was proposed by Jebali et al. (2021) to 
elaborate on the pollution caused by dust storms 
with both internal and external origins. The steps 
for calculating the index are the same as those 
presented for DSI. However, the calculation 
formula of the index differs from that of the DSI 
in the following terms:  (1) in addition to the 
events with the codes mentioned above, external 
events (code 06) are also considered in 
calculating the MDS; and (2) the LDE, MDS, 
and SDS are counted based on the frequency of 
all codes corresponding to each dust event. 

3. 4. The calculation of Frequency of all dust 
events (FADE)  
The FADE is another indicator to measure the 
activity of sand and dust storms. In this work, 
monthly values of the FADE for all study 
stations were calculated based on the total 
number of three-hour events recorded in each 
month. The annual FADE values were calculated 
by summing FADE values in all months of each 
year in the selected stations. 

3. 5. The calculation of Number of dusty days 
(NDD)  
In this study, the number of dusty days per month 
was calculated by counting the days when at least 
one of the local, moderate or severe dust events 
occurred. The annual NDD values were also 
obtained by summing the NDD values in 12 
months of each year for all synoptic stations 
located in arid regions of Iran. 

Finally, the mean annual values of DC, DSI, 
PDSI, NDD, and FADE for dry regions of Iran 
were calculated based on the average values of 
these indices in all selected synoptic stations 
located in arid region of Iran. Among the 
mentioned indices, DSI and NDD were 
calculated only by considering internal dust 
events and the other three indices were calculated 
by considering all dust events (internal and 
external); Therefore, it is also possible to find out 
whether the impact of external events should be 
considered in the analysis of the dust activities 
across dry areas of Iran or not. 

3. 6. Determining the best representative 
index of dust activities 
To determine the best representative index of 
dust activities for dry areas of Iran, Pearson's 
correlation coefficient (r) was used (Equation 3; 
Sedgwick, 2012). This coefficient was used to 
analyze the intensity and direction (negative or 
positive) of the correlation of dust indices with 
the AOD data sets during the study period. The 
index that had the highest correlation with AOD, 
was introduced as the best index. = ∑( ̅)( )∑( ̅) ∑( ) .                                     (3) 

In the mentioned equation, x and y are 
independent and dependent variables, 
respectively. In the current research, dust indices 
were considered independent variables, and AOD 
was considered a dependent variable. ̅ refers to 
the mean of the values of the x-variable and  
indicates the mean of the values of the y-variable. 

4. Analysis of dust activities’ spatio-temporal 
changes in Iranian dry areas based on the best 
dust index  
This study prepared the spatial distribution map 
of dust occurrences according to the selected dust 
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index using the inverse distance weighting 
(IDW) interpolation method in ArcGIS10.4.1 
software. To this end, the study used long-term 
average values of the best index collected from 
all synoptic stations. This method has already 
been used in previous studies to prepare a spatial 
distribution map of dust events (Ghafarian et al., 
2022; Zhao et al., 2022). On the other hand, the 
trend of annual changes in the selected dust index 
throughout the study period (2001-2018) was 
investigated by the Mann-Kendall test both at 
local (synoptic stations) and regional scales 
(Iranian arid regions). According to the test, if 
the S value (equation 4) is not significantly 
different from zero, no trend could be proven; 
otherwise, the trend will either be upward or 
downward. Moreover, the zero hypotheses of the 
test indicate randomness and the absence of any 
trend in the data series. However, the verification 
of any of the hypotheses (i.e., the rejection of the 
null hypothesis) indicates the existence of a trend 
in the data series.  The Mann-Kendall test 
statistic (Z) for a time series x1,x2,...,xn is 
calculated using equations (5) to (6) (Kendall, 
1975; Mann, 1945). 
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where j and k are the order of observations, 
sgn(x) is the sign function, and n is the number 
of observations. Statistical significance was 
considered at p<0.05.                        

4.1. Determining environmental factors 
controlling dust activities 
After analyzing the spatial distribution of dust 
activities based on the best- selected index, more 

sensitive areas to dust storms were identified. 
Then, the most important factors influencing the 
changes in dust activities across the areas were 
ranked using the random forest model. Before the 
modeling process, collinearity analysis was 
performed on nine environmental variables 
(Tmin, Tmax, Ra, Pr, RH, ET, WS, LST, and 
NDVI) using the tolerance coefficient (TC=1-
R2). Accordingly, X-variables with the TC<0.1 
were excluded and the remaining variables with 
the TC>0.1 were used for modeling (Midi et al., 
2010).  This model can be utilized for various 
purposes such as regression, classification, and 
determining the importance of X-variables. In the 
present study, this model was used to rank the 
variables controlling dust activities based on their 
relative importance. To determine the relative 
importance of controlling variables, a random 
forest model is first fitted to the data. During this 
process, the out-of-bag error at each point is 
calculated and averaged for a forest.  After 
training the data set entered into the model, the 
values of each variable are permuted among the 
training data and the mentioned error is 
recalculated on the shuffled data set. In the next 
step, the difference of the error for before and 
after the permutation is calculated and the 
relative importance of the variable is determined 
and normalized by the standard deviation of the 
obtained differences (Breiman, 2001). In fact, 
variables which that generate small values for 
this score are less important than features that 
generate larger values, and vice versa. In this 
study, collinearity analysis and modelling 
process were respectively performed in the 
SPSS20 and the R studio software (Version 
1.1.463). 
 
5. Results and discussion 
5. 1. Comparing dust indices and choosing the 
best dust index for Iranian dry regions 
Table 1 shows the average values and standard 
deviation of the dust indices collected from the 
twenty-three synoptic stations in Iranian dry 
areas throughout the 2001-2018 period. 
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Table (1): The mean and standard deviation of the dust indices in the selected synoptic stations during the study 

period (2001-2018) 
  DC DSI PDSI NDD FADE 

Synoptic station Mean SD Mean SD Mean SD Mean SD Mean SD 

Anar 723.84 179.88 1.84 1.90 37.73 27.30 17.33 7.80 64.78 39.97 

Baft 75.89 86.45 0.04 0.06 0.56 1.08 0.78 1.13 1.67 2.29 

Bam 529.64 278.57 0.71 1.45 12.37 18.53 5.50 5.17 22.33 22.19 

Ferdos 485.44 195.00 0.71 0.46 6.25 11.92 12.00 6.64 23.72 18.78 

Iranshahr 991.88 167.52 5.00 2.38 28.85 36.58 74.61 28.92 146.28 84.16 

Jask 1089.57 80.46 6.49 2.93 17.13 8.26 116.72 39.62 268.17 110.03 

Kahnouj 658.52 474.96 1.53 2.49 17.39 17.39 8.89 6.47 29.44 26.27 

Kashan 357.97 332.29 0.92 1.77 18.71 19.82 4.17 5.29 23.33 24.72 

Kashmar 391.19 156.11 0.55 1.18 6.38 7.09 4.44 2.31 12.33 8.99 

Kerman 676.21 185.79 0.89 0.49 19.39 13.19 12.56 4.44 39.50 21.33 

Khur-va-biyabanak 652.80 170.37 0.61 0.30 73.84 51.44 11.17 3.76 90.83 52.71 

Nehbandan 737.37 170.58 3.28 3.53 117.76 155.09 28.72 22.08 177.33 192.08 

Sabzvar 649.14 128.92 1.22 0.61 3.63 3.02 19.11 7.25 29.28 16.56 

Saravan 926.33 114.38 2.41 0.79 35.52 35.41 46.11 14.22 124.61 54.50 

Semnan 279.48 234.91 0.19 0.37 8.92 14.68 1.72 1.94 10.56 14.78 

Shahrbabak 499.10 117.85 1.78 2.68 3.19 2.94 11.67 3.51 19.50 8.81 

Shahroud 162.30 154.42 0.06 0.06 1.71 2.99 1.17 1.21 3.50 4.73 

Sirjan 299.46 224.02 0.18 0.22 7.92 15.57 3.56 4.34 13.78 21.02 

Tabas 900.30 160.29 2.00 1.29 9.61 15.41 27.11 9.81 40.22 22.28 

Torbatheydariyeh 424.98 264.11 0.59 0.53 3.83 3.23 11.72 10.50 20.72 18.90 

Yazd 985.75 90.00 2.59 2.01 114.25 72.95 31.28 9.15 160.78 80.09 

Zabol 1102.13 92.51 39.28 20.90 67.15 42.06 166.06 19.30 364.83 207.68 

Zahedan 1047.78 78.22 5.86 3.18 141.14 101.27 70.56 10.54 287.94 105.14 

 
The values presented in Table (1) show that 

in terms of DC, DSI, NDD, and FADE, Zabol 
station, and in terms of PDSI, Zahedan station 
had the highest dust activities in arid regions of 
Iran during the study period (2001-2018). Mean 
±standard deviation values of DC, DSI, NDD, 
and FADE in the Zabol were 1102.13 ±92.51 
(µg.m-3), 39.28±20.90, 166.06±19.30, and 
364.83±207.68, respectively. The mentioned 
statistics for PDSI in Zahedan station were 
141.14±101.27.  

The results of the study indicated that the use 
of different indicators to identify areas with 
more dust pollution did not lead to totally 
similar results. Therefore, to determine an index 
that can better show the activity of such events 
in Iranian arid regions, the average values of 

DC, DSI, PDSI, NDD, and FADE were 
calculated separately based on the indices 
obtained from the twenty-three synoptic stations 
during the study period. Figure 2 (a –e) shows 
the annual changes of the indices in Iranian dry 
regions from 2001 to 2018 compared to the 
temporal changes of AOD.  

According to the results presented in Figure 
(2), the average values of DC, DSI, PDSI, NDD, 
and FADE across the dry areas were reported as 
636.8µg.m-3, 3.4, 32.7, 29.9, and 85.9 from 
2001 to 2018, respectively, and their standard 
deviation values were found to be 57.7, 1.1, 
11.4, 3.9, and 23.2, respectively. Figure 2 also 
suggested that while the DSI and NDD had a 
decreasing slope during the study period, the 
DC, PDSI, and FADE experienced an 
increasing slope during the same period. 

 



 
Z. Ebrahimi-Khusfi, M. Ebrahimi-Khusfi, M. Mirakbari / Desert Ecosystem Engineering Journal (2023) 12 (10 & 11) 25-38 

31 

 
Figure (2): Dust indices and their statistical characteristics in Iranian dry areas (2001-2018) 

 

In total, based on the two indicators of  DSI 
and NDD, the dust activity across the arid 
regions of Iran was decreasing while their 
activities was increasing during the study period 
based on the other three indicators. Therefore, 
considering that the distribution of dust indices 

and AOD data sets were normal (Sig>0.05; Table 
2); Pearson's correlation coefficient (r) was 
applied to analyze the relationship between all 
study dust indices and AOD data series and to 
determine the best dust index in the study area.

  

Table (2): The results of One-Sample Kolmogorov-Smirnov Test for dust indicators 
Parameters AOD DC (µg.m-3) DSI NDD PDSI FADE 

Kolmogorov-Smirnov Z 0.786 0.389 0.502 0.561 0.592 0.534 
Sig. (2-tailed) 0.567 0.998 0.963 0.911 0.875 0.938 

Table (3): Pearson's correlation coefficients between dust indicators and AOD in Iranian dry areas during the 
study period (2001-2018) 

 Correlation coefficient and 
p-values  

DC DSI NDD PDSI FADE 

 r 0.27 0.33 0.70** 0.63** 0.63** 
p-value 0.28 0.19 0.001 0.005 0.005 

*. Correlation is significant at the 0.05 level. 
**. Correlation is significant at the 0.01 level 

 

According to the obtained results, no 
significant correlation was observed between DC-

AOD (r= 0.27; p-value= 0.28) and DSI-AOD (r= 
0.33; p-value= 0.19). However, the stronger 
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correlations (at the 0.05 and 0.01 level) were 
observed between NDD-AOD (0.7; p-value= 
0.001), PDSI-AOD (r= 0.63; p-value= 0.005), and 
FADE-AOD  (r= 0.63 ; p-value= 0.005) (Table 3).  

The results also showed that the NDD, PDSI, 
and FADE could explain the dust storm 
activities in the dry areas better than the other 
two indicators. Considering that the NDD had a 
strongest correlation with the optical depth of 
aerosols., it was chosen as the best index for 
analyzing the spatial and temporal changes of 
dust storms activities in the study area. In the 

analysis of the relationship between a ground-
based index called DSI and several satellite 
indices with AOD for the stations around 
Horulazim wetland, it was shown that less than 
20% of AOD changes can be explained by DSI 
and about 50% of these changes can be 
explained by satellite indices (Poordehghan 
Ardekani et al., 2022). Therefore, the findings 
of these researchers about the relationship 
between DSI-AOD confirm the findings of this 
research. 

 
Figure (3): The annual NDD values in the synoptic stations located in the arid regions of Iran from 2001 to 2018 
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5.2. The analysis of dust activities’ spatio-
temporal changes in Iranian dry areas based 
on the best dust index 
As explained in the methodology, after selecting 
the best representative index of dust events, 
spatio-temporal changes of these events were 
analyzed based on the selected index in all 
stations located in the study region. In the 
studied urban areas, Zabol, Bandar Abbas, 
Bandarlangeh and Jask had the worst air quality 
in 2010, 2003, 2007 and 2010, respectively, 

with 205, 191, 181, 178 and 122 dusty days 
(Figure 3). In order to understand more about 
the spatial changes of dust activities in the study 
area, the spatial distribution map of dust 
activities in dry regions of Iran were prepared 
based on the long-term mean values of the NDD 
in 28 stations using the IDW method, and the 
trend of annual changes in the NDD for all 
stations was determined using the Mann-
Kendall test, which the results are summarized 
in figure 4. 

  

 
Figure (4): The Spatio-temporal changes of the number of dusty days (NDD) in Iranian dry areas during  

2001-2018 (Mann-Kendall statistic values were marked in red at each station) 
 

The NDD’s spatial distribution map indicated 
that during the study period, the total number of 
dusty days was less than 500 days in the 
northwest and the northeast of the study area. 
However, the number exceeded 500 days in the 
south and southeast regions of the study area 
during the same period. According to the NDD 
map, Zabul was identified as the dustiest city 
among Iranian arid regions, with its NDD being 
greater than 2500 days throughout the study 
period. In general, based on the reclassified 
NDD map, it was found that the southeastern 
and southern areas of the study area were more 
sensitive to dust storms than the central, 

northwestern, and northeastern areas. The high 
sensitivity of the southeastern regions, 
especially the cities of Zabol and Zahedan, to 
the wind erosion and dust storms has been 
proven in some past studies (Ebrahimi-Khusfi et 
al., 2020; Mesbahzadeh et al., 2020), which can 
confirm the findings of the present study. In 
most of the cities located in these areas, which 
were identified as high-risk areas in this study, 
the contribution of dust events with internal 
origin was higher than those with external origin 
(Figure. 5). In general, on a regional scale, 
55.4% of the dust events were of internal origin 
and 45.6% of them were of external origin. This 
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can be one of the reasons why NDD performed 
better than indices such as DC, PDSI and 
FADE, which include external events in their 
calculation. Although the calculation of DSI is 
done only based on internal dust events, this 
index is presented based on Australian weather 
conditions and the constant coefficients 
considered for its parameters (LDE, MDS, and 
SDS) may not be suitable for Iranian conditions. 
Although the DSI is calculated only based on 
internal dust events, but the weights used in its 
calculation are defined based on Australian 
conditions, and these weights may not be 
suitable for Iran's climatic conditions. 
Therefore, this seems to have led to a weak 
correlation of DSI- AOD compared to NDD-
AOD, despite the fact that both indices are 
calculated based on internal dust events. 

Moreover, the results of the Mann-Kendall 
test suggested an insignificant decreasing trend 
of NDD’s annual changes in the dustiest station 
(Zabul) throughout the study period (Z= -1.55). 
In general, out of the synoptic stations 

investigated in this study, only two stations, 
namely Iranshahr (Z= -2.99) and Chabahar (Z= 
-2.2), experienced significant decreasing 
changes in NDD, and three other stations, that 
is, Torbat Heydarieh (Z= 3.69), Anar (Z= 2.2), 
and Nehbandan (Z= 2.58) underwent significant 
increasing changes in terms of the NDD 
throughout the study period (2001-2018). The 
Mann- Kendall's statistic obtained for the entire 
study area was -0.45, indicating that the trend of 
changes in NDD in the regional scale during the 
years 2001 to 2018 was decreasing and 
insignificant. The average value of NDD in dry 
areas of Iran was about 30 days (Figure 2d), 
with the highest number of dusty days occurring 
in 2012 (37 days) and 2008 (35 days) and the 
lowest in 2005 and 2017 (27 days).  Modarres & 
Sadeghi (2018), in a part of their research, 
showed that during the years 2001 to 2010, the 
change trend of NDD had an increase trend, 
which is consistent with the findings of the 
current research for this period of time. 

 
Figure (5): The frequency of internal dust events (FIDE%) and the frequency of external dust events (FEDE%) 

in the synoptic stations of Iranian arid regions 
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5. 3. Main factors controlling dust activities 
in high-risk areas of dry regions of Iran 
In this stage of the current research, collinearity 
analysis was performed on the average values of 
nine environmental variables in areas more 
sensitive to dust storms. After removing highly 
correlated variables (TC<0.1) in 4 steps 
(Figure.6), the main variables were identified. 
They were rain, Pr, RH, WS, LST, and NDVI 
(TC>0.1) and were determined their relative 
importance using the RF model. The results 
showed that two important factors affecting NDD 
changes in high-risk areas of Iran were long-term 
changes in air pressure (RI= 5.90) and wind speed 
(RI= 1.89). After that, the land surface 
temperature (RI= 1.7), relative humidity (RI= 
0.73), rainfall (RI= 0.70), and vegetation cover 
(RI= 0.59) have played the most effective role in 

changing NDD and air quality in this region. 
Recently, Temperature, WS, RH, and Pr  are 
selected to model and optimize dust concentration 
estimation (Luan et al., 2023). The strong 
relationship between the LST and the dust 
emission is also been proven in the study 
conducted by Ma et al. (2020), which can indicate 
the high importance of these factors in dust studies 
and confirm the findings of this research. 
Jazmurian area as an area with high dust 
production potential is located in the high-risk 
area of dry areas of Iran. According to the reports 
of  Dolatkordestani et al. (2022), four factors of 
vegetation cover, elevation, wind speed and 
rainfall are introduced as the main factors 
controlling dust activity in this region, which is 
largely consistent with the findings of the present 
study. 

 

 
Figure (6): Collinearity analysis results of factors controlling dust activities in high-risk areas of arid regions of Iran 

 
Figure (7): Relative importance of factors controlling dust activities in high-risk areas of arid regions of Iran 
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6. Conclusion 
Dust events are one of the main factors 
contributing to land degradation in Iranian dry 
regions. Therefore, it is necessary to evaluate 
their changes based on a suitable criterion and 
identify the most important factors affecting 
them in different regions. This study found a 
strong correlation between NDD and AOD, thus 
recommending the latter to be used as a ground-
based index for analyzing temporal-spatial 
changes of dust events in other regions. 
According to the NDD, the southeastern and 
southern areas of Iran were identified as areas 
with higher dust activities. Moreover, in most of 
the cities located in high-risk areas, the 
contribution of internal dust events was higher 
than that of the external dust events in the 
regions.  

On the other hand, air pressure, wind speed, 

land surface temperature, relative humidity, 
rainfall, and vegetation were identified as the 
most important environmental factors 
controlling dust activities in high-risk areas, 
respectively. 

The results of the current study could thus be 
useful to increase our knowledge concerning the 
most important factors controlling dust 
activities, especially in the high-risk areas of 
Iran. Moreover, the findings of the study can be 
used to provide suitable solutions to better 
control and manage aeolian hazards in areas 
with more dust activity in Iranian dusty areas. 
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