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A B S T R A C T   

As the Aral Sea shrinks, the lakebeds are gradually drying up, and the newborn Aralkum Desert (AD) has become 
one of the most active sands and dust storms (SDS) sources in Arid Central Asia (ACA). However, the temporal 
characterization of SDS activity and its possible driving factors have yet to be thoroughly investigated. Here, we 
studied the temporal variations of the SDS activities in the Aral Sea during 2000–2020 based on the Enhanced 
Dust Index (EDI), then investigated the relative importance of different drivers of SDS activities during the 
different phases. The findings revealed that the SDS activities increased during the past 20 years (2000− 2020). 
The spring season is the most active period of SDS, especially in April. Additionally, the peak date of SDS ac-
tivities has arrived earlier in recent years (2019–2020). Both climate and terrestrial factors strongly influence the 
temporal characteristics of SDS. The main driving factors of SDS actives vary in different phases. From 2000 
through 2005, wind speed is the primary driving factor (r = 0.867, p < 0.001). From 2006 to 2015, the SDS 
activities were dominated by soil characteristics and water area. Although SDS activity experienced a quiet 
period in 2016 due to lake recovery and changes in soil water content, the regional drought manifested by 
precipitation and relative humidity has played a vital role in the active SDS since 2016. The regional drought and 
continued falling water level will increase the SDS risk in 5–10 years. The Pre-Aral region—Amu Darya delta is 
the most vulnerable region to SDS because of its location downwind from the SDS source area. The study findings 
provide essential information for the prevention and mitigation of SDSs in the Aral Sea region. Given the growing 
uncertainty about the Aral Sea crisis, more attention should be paid to the SDS risk assessment, providing a 
scientific basis for regional sustainable development.   

1. Introduction 

Sand and dust storms (SDS) usually occur when strong winds lift 
large amounts of sand and dust from bare, dry soils into the atmosphere 
(WMO, 2017). They pose severe risks, not only for human health but also 
for downwind environments (Goudie, 2014). For example, large coarse 
particles can damage external organs such as skin and eyes, whereas 
coarse (PM2.5–10) and fine (PM2.5) particulate matter (PM) are associated 
with respiratory disorders such as asthma, tracheitis, pneumonia, 
allergic rhinitis, and silicosis (Wu et al., 2021). Dust particles also have 

many negative impacts on soil, including soil erosion, reduced soil 
quality, and soil pollution through the deposition of pollutants (Mid-
dleton, 2017). For instance, a record-breaking SDS event in June 2020 
over the Sahara affected the greater Caribbean area (Francis et al., 
2020). This event likely aggravates COVID-19 symptoms and increases 
hospital admissions from the disease in regions where dust concentra-
tions spiked (Masters, 2020). Affected by climate extremes and 
expanded dust source areas, continental-scale SDS events have shown an 
increasing trend in recent years (Xi, 2021). 

The leading global SDS source areas are the arid regions of Northern 
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Africa, the Arabian Peninsula, Central Asia, and China (WMO, 2017). 
Arid Central Asia (ACA) is the largest arid region in temperate zones and 
one of the world’s major dust source areas for the global dust aerosol 
cycle (Wang et al., 2016) (Fig. 1). More than half of the lakes have been 
shrinking due to climate change and unregulated human activities in 
this region during recent decades, especially the Aral Sea (Abuduwaili 
et al., 2018). The Aral Sea, fed by two main rivers, Amu-Darya and Syr- 
Darya, sustains a diversity of flora and fauna in the delta regions 
(Micklin, 2007). These two rivers are of great ecological and economic 
value, playing critical roles in the development of ACA regarding hy-
dropower and agriculture (Leng et al., 2021). Since the 1960s, the 
expansion of cropland and reservoirs in the midstream has led to intense 
water consumption. Consequently, the Aral Sea has rapidly lost more 
than 80% of its water body in the last 60 years and created a new desert - 
the Aralkum on the dry lakebed (Shen et al., 2016). Affected by the 
drought climate and surface conditions, the Aralkum desert has become 
the emerging SDS source in ACA (Indoitu et al., 2015). Fine particles, 
including salt, are transported by rivers (the Amu Darya and the Syr 
Darya) and deposited on the Aral Sea bottom, providing an eolian origin 
for SDS outbreaks. The environmental hazards are caused by salt and 
dust storms (SaDS) blown from dry lakebeds containing high-density 
heavy metal elements (Cd, Co, Cu, and Ni) (Issanova et al., 2015). 
These salt dust transports pose a severe threat to the downwind envi-
ronments (Indoitu et al., 2015). For instance, at the end of May 2018, the 
three-day SDS events called “salt rain” hit Uzbekistan’s Karakalpakstan 
and Khorezm regions and Turkmenistan’s Dashoguz province (Audino, 
2018). In the year following this disaster, the incidence of livestock 

diseases and human respiratory diseases increased significantly in the 
Karakalpakstan region (Центр-1, 2019). Due to the lack of effective 
monitoring, this disaster was not predicted in advance by the local 
meteorological service. 

Spatial-temporal and continuous monitoring of SDS outbreaks and 
identifying their climatic and terrestrial driving factors are essential in 
preventing, controlling, or mitigating their negative consequences 
(Muhammad et al., 2012). Due to the absence of SDS monitoring sites or 
meteorological stations on the dried bottom of the Aral Sea, remotely 
sensed data from satellite-based platforms are a crucial data source for 
SDS monitoring (Indoitu et al., 2015). Since TIROS-1, the first meteo-
rological satellite, observed sand and dust storms in the Balkans in 1960, 
various remote sensing (RS) data have been used to monitor SDS ac-
tivity, such as the Advanced Very High-Resolution Radiometer 
(AVHRR), the Total Ozone Mapping Spectrometer (TOMS), the Geo-
stationary Operational Environmental Satellites (GOES), Feng Yun Sat-
ellites (FY), MODerate Resolution Imaging Spectroradiometer (MODIS), 
Landsat series and Sentinel series (Alpert and Ganor, 1998; Li et al., 
2021a; Sun et al., 2019; Tsolmon et al., 2008). Specifically, SDS moni-
toring using RS in the Aral Sea area has to meet three conditions: (1) a 
high temporal resolution ensures that more SDS events can be captured 
by satellite imagery; (2) a high spectral resolution for distinguishing SDS 
from clouds and the desert background; (3) long time series without 
gaps in spatio-temporal coverage. Based on these conditions, the daily- 
scale multispectral sensor-MODIS has become an indispensable dataset 
for studying long time series of SDS activities. An abundance of MODIS- 
based dust indices has been proposed and evaluated in recent decades. 

Fig. 1. Location of the 17 weather stations in the Aral Sea region (background-image: Landsat 8 Operational Land Imager (OLI) true-colour composite image in 2020; 
Cropland derived from European Space Agency (ESA) WorldCover 10 m product in 2020). 
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These include brightness temperature difference (BTD), normalized 
difference dust index (NDDI), middle east dust index (MEDI), brightness 
temperature adjusted dust index (BADI), and enhanced dust index (EDI) 
(Han et al., 2013; Karimi et al., 2012; Qu et al., 2006; Yue et al., 2017; 
Zhang et al., 2006). Shen (2016) investigated the performance of the 
above mentioned dust indexes in the Aral Sea region, and concluded that 
EDI had a better performance for identifying the spatial distribution and 
concentration of sand and dust storm. 

Recently researchers have investigated climate change and land 
surface change in the Aral Sea region. Yang et al. (2020) reconstructed 
the water-area variations of the Aral Sea based on multi-source data and 
analyzed their influencing factors. Li et al. (2021b) investigated the 
relationships between the Aral Sea shrinkage, cropland expansion and 
the increased presence of reservoirs in its drainage basins between 2000 
and 2020. Massakbayeva et al. (2020) assessed the water balance of the 
Small Aral Sea from 1987 to 2014. Shen et al. (2019) identified and 
predicted land surface change in the Aral Sea based on the support 
vector machine (SVM) classifier and an integrated approach based on 
the Markov chain and cellular automata. Wang et al. (2020a) found that 
the wind speed in Central Asia first experienced a decreasing trend, 
followed by a rapid increase since 2000, which had a significant impact 
on wind erosion in the Aral Sea. As previously mentioned, the climate 
and underlying surface of the Aral Sea region have experienced sub-
stantial changes in the past few decades (He et al., 2022; Shen et al., 
2019). However, the impacts of these changes on the temporal charac-
terization of SDS activities have seldom been discussed before. Climatic 
factors such as wind are the main power behind SDS formation in the 
Aral Sea region. Based on data from meteorologic observations, Indoitu 
et al. (2012) found that drastic rise of temperatures and high wind 
speeds have accelerated evaporation, together with strong winds, favor 
the development of SDS events in the Aral Sea region. Meanwhile, 
modeling and simulation research also demonstrates that the dust 
emission process is closely related to meteorological elements such as 
wind speed, temperature, and soil moisture (Ge et al., 2016; Karami 
et al., 2021; Xi and Sokolik, 2016). Apart from the direct influence of 
climate factors, terrestrial factors including vegetation cover, soil con-
ditions, and terrain ruggedness can also reflect the land susceptibility of 
SDS occurrence (Gholami et al., 2021). In many previous studies, 
vegetation cover that can decrease wind erosion is considered as the 
main terrestrial factor affecting SDS activities (Ebrahimi Khusfi et al., 
2020; Fan et al., 2014; Xu et al., 2006). Land surface temperature (LST) 
as an indicator of soil moisture content can affect the SDS activities, 
especially the diurnal temperature range in arid region(Ebrahimi-Khusfi 
and Soleimani Sardoo, 2021; Wang et al., 2021). Topographic factors 
also largely contribute to land susceptibility to wind erosion and dust 
storms in ACA (Gholami et al., 2021). 

Many of the factors mentioned above are essential drivers of SDS 
activities. However, previous studies have not discussed the driving 
factors behind the interannual temporal trend of SDS activities over the 
Aral Sea region (Gholami et al., 2021). In particular, research on the 
relationship between SDS activity and the Aral Sea shrinkage over the 
past two decades is lacking. In addition, there is still a lack of reliable 
SDS time series data with good spatial and temporal coverage. Most 
previous studies have focused on the spatial and temporal character-
ization of SDS activities in this region through ground observations and 
model simulations (Ge et al., 2016; Issanova et al., 2015; Shi et al., 2020; 
Xi and Sokolik, 2016; Zhang et al., 2020). The limited spatiotemporal 
coverage and model reliability for ACA often lead to uncertainties in the 
results. However, index-based RS data are rarely used in SDS time-series 
studies even though they are a suitable way to identify SDS events. 

In this paper, we, therefore, evaluate the performance of three dust 
indexes (NDDI, BTD, EDI) for SDS identification in the Aral Sea region, 
and we discuss the application potential of the EDI time series. In 
addition, we used multi-source data (ground observation data, RS data, 
and reanalysis data) to comprehensively study the temporal character-
ization of SDS and its driving factors, including wind speed, relative 

humidity, precipitation, lake area and water level, vegetation coverage 
and land surface temperature, from 2000 to 2020. This research may 
provide a comprehensive understanding and scientific support for the 
prevention and mitigation of SDSs in the Aral Sea region. 

2. Material and methods 

2.1. Study area 

The Aral Sea (45◦00′N, 60◦00′E) is the endorheic lake of the two 
longest rivers of Central Asia - the Syr Darya and the Amu Darya rivers 
(Micklin, 2016). It was once the fourth largest lake globally, covering an 
area of approximately 68,000 km2 in the 1960s (Fig. 1). Affected by the 
Soviet irrigation projects since 1960, the Aral Sea began shrinking. 
Reduced water surface left fine sand eroded and sorted by long-distance 
transportation and left a large amount of salt in dry lakebeds containing 
heavy metals (Ma et al., 2019). These provide potential material sources 
for the formation of sand and dust storms. Additionally, this region is 
primarily controlled by the intensity and the position of the Siberian 
High (SH) pressure system in winter and spring (Shi et al., 2020). In 
summer, the dust activities are linked with the high pressure over the 
Caspian Sea which is quantified by the Caspian Sea–Hindu Kush Index 
(CasHKI) (Kaskaoutis et al., 2016). Both of them bring atmospheric 
dynamics to long-distance dust transportation. Meanwhile, the arid 
climate also provides the climatic background for SDS occurrence (Opp 
et al., 2017). Based on the 17 weather station records (Fig. 1), the 
average daily temperature in the Arid Sea region is 11.72 ◦C (MAX: 
17.79 ◦C, MIN: 5.38 ◦C), with a range of − 25-4 ◦C in January and 
20–40 ◦C in July. The average annual precipitation is 58 mm, with 
substantial variations during the year. The lack of precipitation also 
provides ideal observation conditions for satellite-based SDS moni-
toring. Based on the Sentinel-5P NRTI CLOUD dataset, the monthly 
cloud fraction in 2020 shows that the Aral Sea bottom has low cloud 
coverage during the dust season (March, April and May) (Fig. 1). 

2.2. Dataset 

2.2.1. Remote sensing and reanalysis data 
MODIS data are the most widely used data source in long time series 

studies (2000 to present), especially in vegetation, atmosphere, climate 
research, etc. (Weng, 2011). The MODIS instrument is operating on two 
satellites: Terra and Aqua. Terra launched two years before Aqua, so the 
Terra record starts earlier, with observations beginning in 2000. Both 
satellites are in sun-synchronous orbits (SSO) and cross the Equator at 
approximately 10:30 A.M. (Terra) and 1:30 P.M. (Aqua) local time. In 
previous research, MODIS onboard the Terra and Aqua satellites has 
been widely used in SDS detection. However, fewer studies have been 
conducted to analyze temporal variations, especially comparing time 
series data retrieved from both satellites. This study will compare the 
performance of SDS detection between Terra (MOD09GA) and Aqua 
(MYD09GA) data. 

MO(Y)D09GA Surface Reflectance (SR) product is a seven-band 
product computed from the MODIS Level 1B including band 1 
(620–670 nm), band 2 (841–876 nm), band 3 (459–479 nm), band 4 
(545–565 nm), band 5 (1230–1250 nm), band 6 (1628–1652 nm), and 
band 7 (2105–2155 nm) (Vermote and Wolfe, 2015). MOD13Q1 data 
was used for fractional vegetation cover (FVC) derivation. The FVC was 
calculated based on NDVI provided by the MOD13Q1 product (Didan, 
2015). Similarly, as a factor sensitive to soil moisture in the Aral Sea 
region, the diurnal range of LST (LSDTR) was calculated based on the 
MOD11A1 product (Wan et al., 2015). 

The water level and surface area of Aral Sea are derived from radar 
altimetry observations at the LEGOS Hydroweb database (http://hyd 
roweb.theia-land.fr). This database provides water level variations, 
surface, and volume for about 337 lakes and reservoirs globally (Crétaux 
et al., 2011). Most of the data were calculated using satellite images 
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(MODIS, ASAR, Landsat, CBERS) and radar altimetry (Topex–Poseidon 
(T/P), Geosat Follow-on (GFO), European Remote Sensing Satellite 
(ERS-2), Jason-1, Jason-2, and Envisat). The Joint Research Centre 
(JRC) Global Surface Water (GSW) data (https://global-surface-water. 
appspot.com) was also used to draw the spatial-temporal distribution 
of the Aral Sea surface water area from 2000 to 2020 (Pekel et al., 2016). 

2.2.2. Observation data from ground stations 
Ground observation data were used in this study to investigate 

climate change in the Aral Sea region. The NOAA global surface sum-
mary of the day (GSOD) dataset, which is derived from the Integrated 
Surface Hourly (ISH) dataset, covers more than 9000 weather stations 
from 1929 to the present, and includes air temperature (MIN, MAX, 
TEMP), precipitation (PRCP), wind speed (WDSP), relative humidity 
(RH), visibility (VISIB), snow depth (SNDP), etc. (ftp://ftp.ncdc.noaa. 
gov/pub/data/gsod) (Sparks et al., 2017). Although the Aral Sea re-
gion covers more than 60 stations, only 17 stations have relatively 
complete observation records (each more than 7000 days) during our 
study period (2000–2020). The geographical locations and other details 
are shown in Table 1. For our study, we selected three relevant climatic 
factors (WDSP, PRCP, RH) to investigate the relationship with SDS fre-
quency. In order to study the dynamic force of SDS transportation in the 
Aral Sea area, we used the historical hourly wind direction data 
(2005–2020) provided by the website “Reliable Prognosis” (https://rp5. 
ru/). 

3. Methods 

3.1. Enhanced dust index 

EDI, proposed by Han et al. (2013), is a dust detection method for 
MODIS data without using thermal infrared bands (band 20–36). To 
emphasize the dust information, dust optical density (DOD), which 
represents the spatial character of dust on both the horizontal and ver-
tical scales, was introduced in the EDI. From the perspective of mixed 
pixels, DOD and dust endmember fraction (ɑdust) can be defined as 1 
(100%) when pixels are fully covered with dust. If the pixel is covered by 
other ground or atmospheric objectives, ɑ is 0. The range of EDI values 
obtained by the original EDI formula is − 1 to 1. And the negative values 
will affect the calculation of the EDI time series. Thus, the new EDI value 
is defined as follows to make the EDI value non-negative. 

EDI =
2αdust × b7

αdust × b7 + (1 − αdust)b3
(1)  

x = f (x1,α1, x2,α2, ..., xdust,αdust, ..., xn, αn, σ) (2)  

where b7 and b3 are the reflectances at the top of the atmosphere (TOA) 
at 2130 nm and 469 nm; respectively; x is band reflectivity; n is the total 
number of endmembers; a is endmember fraction which is estimated by 
the linear spectral unmixing (LSU) method (Keshava and Mustard, 
2002); σ is a parameter. 

Based on three SDS events, it is found that EDI has a better perfor-
mance than NDDI and BTD in the Aral Sea region (Fig. 2). The EDI can 
enhance dust information and effectively differentiate it from clouds and 
surfaces. The spatial patterns of dust are better represented, especially 
the salt dust plumes (Fig. 2h). Additionally, the spatial domain of EDI 
used to calculate the time series in this study is the water surface area of 
the Aral Sea 1960s (Blue line in Fig. 1: Latitude: 43◦12′N ~ 46◦53′N, 
longitude: 58◦23′E ~ 62◦09′E). 

3.2. Time series decomposition and change detection analysis 

The time series of SDS activities that were non-stationary may not 
show a clear linear trend and seasonal fluctuations. To better analyze the 
temporal characteristics of SDS activities, we decompose EDI time series 
into a seasonal component, a trend component, and an irregular 
component. Since the magnitude of the seasonal fluctuations does not 
vary with the level of time series, we used a classical additive model for 
time series decomposition. The additive model is expressed as follows 
(Kendall and Stuart, 1976): 

Yt = Tt + St +Et (3)  

where Yt is the original time series, Tt is the trend component, St is the 
seasonality component, and Et is the irregular component. 

To detect the EDI time series breakpoints and identify their types 
(trend or seasonal), we employed the Breaks For Additive Seasonal and 
Trend (BFAST) method proposed by Verbesselt et al. (2012). BFAST 
integrates time series decomposition with methods for detecting change 
or breakpoints within time series. This method has been widely used and 
assessed in the study of phenology, hydrology and climatology (He et al., 
2021; Mardian et al., 2021; Masiliūnas et al., 2021; Yang and Wang, 
2020). BFAST includes two critical steps: first is the additive model- 
based Seasonal-Trend decomposition procedure (STL), which is 
mentioned in Eq. 3; the second is to detect and characterize abrupt 
changes (e.g., breakpoints) within both the trend and seasonal compo-
nents. The ordinary least squares residuals-based moving sum (OLS- 
MOSUM) statistical test was used to evaluate whether one or more sig-
nificant breakpoints (p < 0.05) happen in the whole time series. If there 
exist significant breakpoints in the trend or seasonal component, a 
process of fitting a univariate piecewise linear regression to determine 
the locations of the breakpoints is carried out for each component. This 

Table 1 
Geographic locations of the weather stations used in the study.  

Station Start date Countrya Latitude Longitude Elevation(m) Land cover typeb 

AK-BAJTAL 1957/2/3 UZ 43.15 64.33 234 Barren/sparse vegetation 
ARALSK 1948/4/10 KZ 46.78 61.67 56 Grassland 
BUZAUBAJ 1960/1/1 UZ 41.75 62.46 98 Barren/sparse vegetation 
CHIMBAJ 1936/7/4 UZ 42.95 59.81 66 Cropland 
DASHKHOVUZ 1948/2/27 TX 41.75 59.81 82 Barren/sparse vegetation 
EKEZHE 1960/1/15 TX 41.03 57.76 62 Barren/sparse vegetation 
JASLYK 1974/8/9 UZ 43.88 57.88 127 Barren/sparse vegetation 
KAZALY 1934/8/18 KZ 45.76 62.11 68 Grassland 
KUNGRAD 1948/4/9 UZ 43.08 58.93 64 Cropland 
MUGODZARSKAJA 1957/7/3 KZ 48.63 58.50 398 Grassland 
NUKUS 1960/12/26 UZ 42.45 59.61 77 Built-up 
SAM 1957/7/13 KZ 45.40 56.11 88 Grassland 
TAMDY-BULAK 1961/1/2 UZ 41.73 64.61 238 Barren/sparse vegetation 
TEMIR 1948/2/10 KZ 49.15 57.11 234 Grassland 
UIL 1935/5/4 KZ 49.06 54.68 128 Grassland  

a Country where the weather station is located; UZ for Uzbekistan, KZ for Kazakhstan, TX for Turkmenistan. 
b Land cover type is derived by the European Space Agency (ESA) WorldCover 10 m 2020 product (https://esa-worldcover.org/en). 
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Fig. 2. MODIS true-colour images (Column 1), BTD (Column 2), NDDI (Column 3) and EDI (Column 4); SDS events on 18 April 2003 (a), SDS events on 01 Feb 2005 
(b), SDS events on 10 April 2008 (c), SDS events on 29 April 2008 (d), SDS events on 22 April 2014 (e), SDS events on 27 May 2018 (f), SDS events on 23 March 2020 
(g) and SDS events on 24 March 2020 (h). 
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process is iterated until the number of breakpoints and their positions 
remain unchanged. A more detailed technical elaboration can be found 
in previous publications (Masiliūnas et al., 2021; Yang and Wang, 2020). 
Although BFAST has received much attention, few studies have been 
conducted that use this method coupled with multitemporal remote- 
sensing data to understand the temporal characterization of SDS activ-
ities. We used the “linear regression” trend model and “harmonic” sea-
sonal model in BFAST. The parameter h is the minimal number of 
observations in each segment divided by the total length of the time 
series. Based on the previous research and the study period, we adopted 
one year as a minimal segment size between potentially detected breaks 
(h = 1/20), which meant a minimum of almost 20 years of data 
(2000–2020). 

4. Results 

4.1. Temporal variations in EDI 

4.1.1. Comparison of MODIS daily Terra and Aqua based EDI 
In this study, we have compared the EDI values retrieved by MODIS 

daily Terra (MOD) and Aqua (MYD) satellites (Fig. 3a) in the Aral Sea 
region from 2002 to 2020. The linear correlation between MOD-EDI and 
MYD-EDI is illustrated in Fig. 3a for the 18-year-long satellite observa-
tion in the Aral Sea region (r = 0.821, p < 0.001). A stronger linear 
correlation (r = 0.841, p < 0.001) has been found in the EDI trend 
component comparison (Fig. 3b). It can be seen from results inferred 
from linear correlation analysis that the MOD-EDI (descending node) is 
higher than that of MYD-EDI (ascending node) regardless of the influ-
ence of solar zenith angle (SZA). 

4.1.2. Temporal characteristics of annual, monthly, and seasonal EDI 
Based on the additive model, the trend components were retrieved 

from the EDI time series. The trend components allow us to have a better 
understanding of the EDI variation. Fig. 4 illustrates the temporal vari-
ations in mean EDI (regional average by the Aral Sea area in the 1960s) 
and its trend component in the study area during 2000–2020. Generally, 
EDI has shown a trend of rising volatility since 2005 (Fig. 4). Peak EDI 
trend values were reached in 2001, 2009, 2012, 2014, 2018, 2020, while 
lower EDI trend values occurred in 2005, 2010, 2016. Although the 
acquisition time is different, time series derived from MOD and MYD 
have almost the same trend (Fig. 4). In this study, three breakpoints 

(dashed lines) have been detected in each EDI time series (Fig. 4). Two 
breakpoints in 2018 and 2019 were simultaneously detected in the two- 
time series of MOD-EDI and MYD-EDI. The breakpoints in 2016 were 
caused by a sudden drop in EDI. These trend breakpoints typically 
correspond to environmental disturbances in terrestrial conditions (i.e., 
lake surface area) or gradual changes such as climate variability (i.e., 
wind speed and drought). 

To better reveal the intra-annual characteristics of SDS frequency in 
the Aral Sea region, we investigated monthly and seasonal variations in 
EDI values in the period between 2000 and 2020. Based on the prior 
investigation, images with a mean EDI greater than 0.05 have a high 
probability of SDS occurrence, called days with a high probability of SDS 
(DHPS). The monthly variation of DHPS is illustrated in Fig. 5. The SDS 
frequency in the Aral Sea is highest in April, followed by March and 
May. This is corroborated by the recent work of Groll et al. (2022) and 
Shi et al. (2020). DHPS was the lowest in July and August, with less than 
one day per month. The monthly difference of DHPS also exists between 
the two acquisition times (10:30 A.M. for MOD and 01:30 P.M. for MYD) 
(Fig. 5). DHPS at 10:30 A.M. on March, April, and May was significantly 
higher than at 1:30 P.M. However, in October and November, it is the 
opposite. 

Fig. 6 illustrates seasonal components variation of mean EDI values 
in the Aral Sea region (winter – DJF, spring – MAM, summer – JJA, 
autumn – SON). Spring has the highest EDI seasonal values, whereas the 
lowest EDI seasonal values were found in winter. Fig. 6 also shows that 
the MOD-EDI seasonal components were higher than the MYD-EDI 
seasonal components in fall. BFAST Seasonal was used to detect sea-
sonal breakpoints on the seasonal components of the EDI time series. 
Fig. 6 shows that the seasonal characteristics of the EDI time series were 
not evident before 2008. After 2008, the period for SDS frequent 
occurrence began to be postponed, and their intensity increased. The 
seasonal components variation shows the peak date of EDI varies in 
different phases (MOD-EDI: 2000–2007: April 9th, 2008–2009: April 
4th, 2009–2018: April 28th, 2019–2020: April 7th; MYD-EDI: 
2000–2007: March 20th, 2008–2009: April 4th, 2009–2018: April 
18th, 2019–2020: April 4th). The peak date of MYD-EDI seasonal 
components falls earlier than that of MOD-EDI, and the peak date of both 
EDI series has appeared earlier since 2018. 

Fig. 3. Linear regression between the MOD-EDI and MYD-EDI derived from MOD09GA and MYD09GA products (a) and its trend (b) on the Aral Sea region from 
2002 to 2020. 
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4.2. Climatic and terrestrial factors in the Aral Sea region 

Many studies have been conducted to investigate the direct or indi-
rect influencing factors of sand and dust storm at different scales 
(Ebrahimi Khusfi et al., 2020; Fan et al., 2014; Gholami et al., 2021; Shi 
et al., 2020). In this study, we used two types of influencing factors to 
explore the driving mechanisms of SDS: climate and terrestrial factors. 

4.2.1. Temporal interrelationships between climatic factors and SDS 
activities 

The temporal interrelationships of MOD-EDI, WDSP, VISIB, RH, and 

PRCP trends during the study period (2000–2020) are summarized in 
Fig. 7. And it shows that the relationships between EDI and other factors 
are significant (p < 0.001). WDSP and EDI have significant positive 
correlations (r = 0.555), and the rest are negatively correlated (VISIB: r 
= − 0.648, RH: r = − 0.552, PRCP: r = − 0.246). VISIB is visibility (in 
meters), an essential variable for reconstructing dust concentration. It 
can represent the intensity of regional SDS activities to a certain extent, 
but it also has a certain degree of uncertainty, especially on a large 
spatial scale (Shao and Dong, 2006). Some extreme SDS events moved 
fast through a weather station based on the RS verification, and some 
short-lived SDS events were mismatched with the VISIB record (Vukovic 
Vimic et al., 2021). In any case, VISIB and EDI have a moderately strong 
negative correlation during the study period. Wind speed is the dynamic 
condition for the occurrence of SDS events. Although there is a signifi-
cant positive correlation with WDSP, mismatches in the time series still 
exist (Fig. 7b). The increasing trend of EDI from 2006 to 2011 cannot be 
explained by WDSP. Furthermore, the decrease in the WDSP trend after 
2016 did not cause the EDI trend to have the same feedback (Fig. 7b). 
However, an obvious turning point can be found in the trend changes of 
RH and PRCP during 2016 (Fig. 7d and e). 

4.2.2. Temporal interrelationships between terrestrial factors and SDS 
activities 

In addition to climatic factors, terrestrial conditions also have a 
significant effect on SDS activity. In this study, we used the FVC calcu-
lated from MODIS 16-Day NDVI data as one of the terrestrial factors of 
SDS activities. Although we have masked negative NDVI values, 
abnormal values are still present in the surface water area. Fig. 8a and b 
illustrate the spatial distribution of annual LSDTR and FVC in 2020. 
Fig. 8c shows the rapid shrinking of the South Aral Sea and the slight 
expansion of the North Aral Sea during the past 20 years. As we can see 
from Fig. 8d, severe vegetation degradation exists in the dry lakebed of 
eastern part of the Aral Sea. 

Results of correlation analysis show that the LSDTR trend had a 
moderate, positive linear relationship with the EDI trend, with a 

Fig. 4. Time-series of MOD(MYD) EDI values (blue line) and its trends (red line) in the Aral Sea region from 2000 to 2020. (Dashed lines: Trend Breakpoints, Grey 
shading: Confidence intervals for Trend Breakpoints). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 

Fig. 5. Monthly variation of the DHPSs (EDI > 0.05) and 2 per moving average 
lines (MAL). 
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correlation coefficient (r) of 0.478 (Fig. 9b). We also found that the 
correlation between the LSDTR and EDI trend is higher after 2014, with 
a correlation coefficient (r) of 0.735. LSDTR is an important indicator of 
soil water content, especially in ACA (Wang et al., 2021). The higher soil 
water content in dry-up lakebeds decreases the soil erodibility by 
increasing the interparticle cohesive force between soil grains (Shi et al., 
2020). Although vegetation cover is the main factor affecting SDS 
occurrence because it affects the resistance of surface soil to wind 
erosion, the correlation coefficient is low in this study (r = − 0.138). The 
Aral Sea region is located in the arid land of the Eurasian continent, with 
extremely low vegetation coverage (Fig. 8b). Higher correlations be-
tween vegetation cover and SDS activities exist in areas with better 
vegetation coverage conditions (for example, the Semi-arid zone, the 
Agro-pastoral zone, the Desert steppe) (Fan et al., 2014). In the Aral Sea 
region, vegetation cover drivers are less significant than soil character-
istics in terms of impact on sand and dust storm activities, which is in 
accordance with the findings of Shi et al. (2021). 

4.2.3. The gradual retreat of the Aral Sea 
The water surface area of the Aral Sea has decreased dramatically 

over the past 60 years as it has mostly turned into the Aralkum desert. 
Based on the JRC and Hydroweb datasets, we investigated the spatial- 
temporal variations of the lake surface area and the water level varia-
tions to explore their effects on SDS activities. Fig. 10 shows the annual 
maximum water surface area of the Aral Sea in the 1960s, 1990, 2000, 
2010 and 2020. Previous studies have argued that the retreat of the Aral 
Sea was caused by water diversion projects that started in the 1960s 
(Wang et al., 2020b; Yang et al., 2020). Two major rivers (the Syr Darya 
and the Amu Darya), fed by snowmelt and precipitation in faraway 
mountains, transformed the desert into farms for cotton and other crops. 
In 1990, the North Aral Sea was separated from the Big Aral Sea 
(Fig. 10). The water surface area of the Aral Sea has shrunk quickly in a 
stepped shape since 1995 (Fig. 11). During this period, the shorelines in 
the eastern and southern parts of the Big Aral Sea show remarkable 
changes. The Dike Kokaral dam, which was completed in 2005, has 
accelerated the shrinking speed of TLA (Fig. 11). In the 2000s, due to the 
continuous decrease in its water supply, the South Aral Sea was further 
divided into the eastern and western parts, connected by a narrow 
channel (Fig. 10). By early 2010, the southeastern lake had disappeared, 
and the total lake surface area had reached the lowest point for the first 

time (Fig. 10). Since 2010, the water surface area and lowest water level 
rebounded slightly from their lowest. However, it reached the lowest 
point for the second time in 2013–2014, which is the first time in 
modern history that the eastern basin of the Aral Sea has completely 
dried up. Coincidentally, after two historical lows (2009–2010, 
2013–2014), the EDI trend has experienced a short period of increase 
(Fig. 7). Although the water area has recovered from 2014 to 2017, the 
lowest water level fluctuates and continues to decline. The recovery of 
the water area may be one of the possible causes of the decrease in EDI in 
2016. Since 2018, the Aral Sea’s lowest water level and lake surface area 
have constantly declined (Fig. 11). This is consistent with the increasing 
trend of EDI since 2018 (Fig. 7). Secondly, the continuous decrease of 
the lowest water level may indicate that more seasonal water bodies are 
replaced by permanent bare soil, which provides a material source for 
the next active SDS period. Meanwhile, influenced by the declining 
groundwater level, changes of seasonal water bodies also show great 
uncertainty regarding SDS occurrence. 

5. Discussion 

In the past 20 years, the dried bottom of the Aral Sea has become one 
of the world’s most important sources of dust and poses significant 
threats to the health of local people. More than 4 × 107 t of dust was 
blown away from the dry bed every year (Ge et al., 2016). Most previous 
studies investigated the SDS activity of the Aral Sea region based on 
ground observation data (Indoitu et al., 2015; Issanova et al., 2015). 
While these data span several decades, they are sparsely distributed, and 
there have been temporal gaps since the 1990s. Based on MODIS surface 
reflectance data and EDI, a long time series dataset of SDS activities in 
the Aral Sea region has been developed for the first time. This dataset 
expands the research of SDS records derived from the historical weather 
stations and AOD products. Owing to this dataset, we explored the 
temporal characterization of Aral Sea SDS activities (monthly, season-
ally, annually) and their possible driving factor (WDSP, RH, PRCP, TLA, 
LWL, LSDTR, FVC). Based on the results of this study, we discussed the 
main findings from the perspectives of temporal characteristics and 
driving factors of SDS activities. The future SDS risk in the Aral Sea area 
has also been estimated. 

Fig. 6. Temporal variations of seasonal components of mean EDI value on Aral Sea region from 2000 to 2020 (MAM: Mar-May, JJA: Jun-Aug, SON: Sep-Nov, DJF: 
Dec-Feb; Dashed lines: Seasonal Breakpoints, Grey shading: Confidence intervals.) 
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5.1. The temporal characteristics of SDS 

Geostationary orbit satellites (GOS), such as GOES, FY, Himawari, 
etc., are the ideal observation platforms for satellite-based SDS obser-
vation (Li et al., 2021a). However, GOS data are challenging to obtain 
for long period observation and coverage, especially in Central Asia. 
This is why numerous RS-based dust storm indexes have been developed 
based on MODIS data. This study first assessed the potential of EDI for its 
application in dust monitoring in the Aral Sea region and then investi-
gated the possible differences between Terra (MOD) and Aqua (MYD) 
MODIS-derived EDI time series at different temporal scales (annually, 
monthly and seasonally). 

Due to the salt deposition in the lakebed, frequent salt and dust 
storms with higher reflectivity occurred in this region. The pixels of 
SaDS are easily confused with bare soils in the BTD results (Fig. 2f and 
h). Additionally, NDDI-based SDS detection requires extraction within a 
particular threshold or range, which is not conducive to the study of time 
series. The EDI can describe the spatial distribution of SDS events and 
quantify the dust density. Meanwhile, the visible and near-infrared data 
(bands 1–7) are the only ones that needed for calculating EDI (Han et al., 
2013). Therefore, these advantages of the EDI suggest its applicability to 

the reconstruction of SDS events time series. We also investigated the 
difference of EDI derived from Terra and Aqua data. MOD-EDI is slightly 
higher than MYD-EDI, which is verified in the number of DHPS (EDI 
>0.05) in spring (MAM). There are more SDS events detected at 10.30 A. 
M. than at 1.30 P.M. in spring, while the opposite was true in autumn. 
The possible reasons were discussed based on the atmospheric dynamic 
and material conditions. First of all, we selected the hourly wind speed 
observation data of six weather stations around the Aral Sea in frequent 
sandstorm periods (spring: March, April, May; autumn: October, 
November) from 2005 to 2020 (Fig. 12). The wind speed in the Aral Sea 
region in spring is significantly higher than in autumn, which is the main 
reason for the more frequent SDS activities in spring (Fig. 12). However, 
it is difficult to explain that MOD-EDI is higher than MYD-EDI in spring, 
and MYD is higher than MOD in autumn. We can identify two potential 
causes. First, the wind speed at most weather stations in spring has 
reached the threshold wind velocity (5 m/s) at 11:00 A.M., but it 
reached the peak wind velocity at 2:00 P.M. in autumn (Fig. 12) (Clark 
et al., 2004). This explains that the EDI peak date in the afternoon 
arrived earlier than the morning (Fig. 6). Second, the EDI we used in this 
study was regionally averaged by the lakebed of the 1960s (primary dust 
source). The SDS was more active in the lakebed in the morning of 

Fig. 7. Temporal variations of EDI trend (a), visibility trend (VISIB) (b), wind speed trend (WDSP) (c), relative humidity (RH) trend (d), and precipitation trend 
(PRCP) (e) on Aral Sea region from 2000 to 2020 (Blue shading: Confidence intervals.) (For interpretation of the references to colour in this figure legend, the reader 
is referred to the web version of this article.) 
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spring, while the SDS center gradually moved away from the lakebed by 
the increased wind speed in the afternoon of spring. Therefore, the 
MOD-EDI is higher than the MYD-EDI in this study. 

The SDS in the Aral Sea has become more active over the past 20 
years, especially after 2017. Based on the BFAST method, two trend 
breakpoints were found in 2018 and 2019, respectively. Cyclical fluc-
tuations other than seasonality were not found in the EDI time series. 
The seasonality of SDS has also become more pronounced after two 
seasonal abrupts (2009, 2018). Fig. 6 indicates that the SDS active 
period in 2019 appeared earlier (some SDS events happened in Feb). 
This may be due to the earlier snowmelt season, which means earlier 
widespread wind erosion risk (Wang et al., 2020a). More research 
should be conducted on snowmelt season and SDS activity in the future. 

Additionally, as the feedback of human activities, SDS activities will be 
indirectly affected by human activities-dominated factors such as lake 
retreat, afforestation, grazing (Alizade Govarchin Ghale et al., 2021; 
Middleton, 2019). 

5.2. The contributions of different drivers to SDS activities 

This study used climatic factors (WDSP, RH, PRCP) and terrestrial 
factors (TLA, LWL, LSDTR, FVC) to analyze contributions to SDS in the 
Aral Sea region. Although SDS events can reduce horizontal visibility, 
visibility is a consequence rather than a driver. Thus, VISIB was not 
discussed as a driving factor in this study. The Pearson correlation co-
efficient between EDI and WDSP (r = 0.555), RH (r = − 0.552), LSDTR (r 

Fig. 8. The spatial distribution of annual LSDTR (a) and its trend (c), FVC (b) and its trend (d) in Aral Sea region during 2000–2020.  
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= 0.478), PRCP (r = − 0.246), FCV (r = − 0.138) suggested that wind 
speed plays a dominant role in SDS activities in this region. Although 
vegetation cover plays an important role in wind erosion at the field 
scale, its relationship with sand and dust storms is weak on a temporal 
scale, especially in extremely arid regions which have poor vegetation 
coverage conditions (Fig. 8b). 

As a common sensitive area for climate change and human activities, 
the climate and terrestrial surfaces of the Aral Sea have undergone 
tremendous changes in the past two decades. We explored the main 
drivers of SDS activities in three segments (2000–2005, 2005–2016, 
2016–2020). From 2000 to 2005, the SDS activities were mainly 
controlled by the climatic factor, especially the wind speed (r = 0.867, p 
< 0.001). Limited by the terrestrial conditions (little dust-prone area), 
this period was relatively calm and peaceful. As the rate of Aral Sea 
shrinkage accelerated and water levels continued to decline, more and 
more dust-prone areas were gradually exposed in this period (Fig. 9). 
Between 2006 and 2014, SDS activities entered an active period, and the 
exposed lakebed provided fine particle sources for wind erosion. We 
found that the LSDTR trend, representing the soil conditions, was 
roughly consistent with the EDI trend (Fig. 11). A rapid increase in wind 
speed in the Aral Sea region is observed since 2012. This is consistent 
with previous studies that have reported that global terrestrial stilling 
has rebounded over the past few decades and has increased rapidly since 
2013 (Zeng et al., 2019). Increased wind speed should mean more active 
sand and dust storm activities. However, the EDI trend shows a weak 
increase and then quickly decreased in 2014. Precipitation and relative 
humidity play essential roles in this period. The increasing precipitation 
and relative humidity raise the threshold of wind velocity and result in 
less active SDS activity (Ravi et al., 2004) (Fig. 7). Since 2016, the 
shrinking rate of the Aral Sea has slowed down (Fig. 11). The decreasing 
LSDTR trend also indicates that the soil water content of the dry lakebed 
was recovering in 2016 (Fig. 9). The above two factors also may lead to 
the quiet period of SDS activities in 2016. However, The PRCP, RH and 

Fig. 9. Temporal variations of EDI trend (a), LSDTR trend (b), and FVC trend (c) on the Aral Sea region from 2000 to 2020 (Blue shading: Confidence intervals.) (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 10. The Area Sea lake surface area in the 1960s, 1990, 2000, 2010, 2020.  
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LSDTR indicators show that the entire AS region has shown a drought 
trend since 2016 (Figs. 7 and 11). Evidence from satellites also dem-
onstrates that drought caused more intense SDS events. The severest 
sand and dust storm of the Aral Sea on record happened in May 2018, 
when the dust plume swept through the south Aral Sea lakebed and 

covered the entire delta of Amu Darya. The result of BFAST also suggests 
that SDS has become more active in recent years. It is worthwhile 
mentioning that aridity and drought play vital roles in the intense dust 
storm period of 2016–2020 and may have a tendency to further 
intensify. 

Fig. 11. Changes in total lake surface area (TLA) (blue line) and lowest water level (LWL) (red line) of the Aral Sea during 1992–2020. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 12. The diurnal wind speed profile of 6 weather stations (ARALSK, KAZALY, NUKUS, JASLYK, KUNGRAD, CHIMBAJ) around the Aral Sea region (the average 
wind speed during 2005–2020). 
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5.3. The future SDS risk in the Aral Sea region 

As an emerging new SDS source, the Aralkum desert is expanding 
due to the decreasing surface area and water level of the Aral Sea 
(Fig. 13). The continuous falling water level also brings great uncer-
tainty to the recovery of the Aral Sea. Additionally, plenty of studies has 
shown that increased runoff caused by upstream warming does not 
reverse the Aral Sea retreat. The anthropogenic activity was the most 
important driving force for the shrinkage of the Aral Sea (Su et al., 
2021). Therefore, the expansion of cultivated land and reservoirs plays a 
more crucial role in this process than climate change in this region. 
Subsequently, wider and drier wind erosion areas dominated by lake 
bottom sediments will increase the SDS risk in the future. However, 
numerical dust simulations over the Aral Sea region usually lack 
consideration of the effect of water surface variation on terrestrial 
conditions. Further research is needed to determine risk assessments of 
sand and dust storms under different scenarios of water area coverage. 

The meteorological results show an increasing trend in wind speed, 
while the precipitation decreased during 2000–2020. The wind speeds 
and directions at 17 weather stations around the Aral Sea have been 
summarized based on the historical weather forecast data (2005–2020) 
in this study (Fig. 13). The wind roses of 17 weather stations show the 
prevailing strong wind direction is from northeast to southwest in this 
region. These findings are consistent with the direction of dust trans-
portation by the current study (Ge et al., 2016; Karami et al., 2021). The 
geochemical evidence from eolian sediments also shows the accumula-
tion of toxic agrochemicals in the Aral Sea sediments, mostly contami-
nated with fertilizers remnant from the agricultural lands (Groll et al., 

2022). The Amu Darya Delta, located downwind of the dust source area, 
is highly vulnerable to SDS (Fig. 13). In this Pre-Aral region, more than 
3.6 million people (Karakalpakstan:1.84 million, Khorezm:1.77 million) 
rely mainly on irrigated agriculture (cotton, rice and melons) and 
grazing. The increasing SDS risk has negative implications for agricul-
tural and pastoral land. Additionally, increased respiratory and kidney 
disorders have also been reported, and the SDS also threatens air and 
vehicle traffic (UNEP et al., 2011). Furthermore, according to the vari-
ation of PRCP, RH, and LSDTR, it is clear that the drought conditions had 
an important influence on SDS in recent years. Future droughts are ex-
pected to rise in frequency and severity, likely increasing wind erosion 
and consequent dust generation. Therefore, more regional ground SDS 
observations and GOS based remote sensing observations are needed to 
quantify and predict the impact of SDS risk more effectively. 

6. Conclusion 

This study firstly assessed the applicability of EDI in the recon-
struction of SDS events time series, and then investigated the inter- 
annual and intra-annual temporal variations of EDI and the relative 
importance of drivers (WDSP, RH, PRCP, TLA, LWL, LSDTR, and FVC) 
on the SDS activity in the Aral Sea region in the past two decades 
(2000–2020). 

The potential of the EDI for SDS time-series studies was assessed 
based on MOD09GA and MYD09GA. The results show that seasonal and 
trend components of the EDI time series are useful for SDS monitoring. 
The spring season is the most active sand and dust storms period, 
especially in April. The seasonal abrupt based on BFAST found that the 

Fig. 13. The wind roses (wind speed and direction) for 17 weather stations around the Aral Sea region.  
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peak date of SDS is occurring earlier since 2018. Generally, the EDI trend 
showed increases during 2001–2015, briefly declined in 2016, and 
sharply increased after 2017. 

The temporal variation of SDS activities is influenced by a combi-
nation of meteorological and terrestrial conditions. Therefore, the main 
driving factors of SDS activities vary in different phases. During the 
period of 2000–2005, the wind speed was the dominant driving factor. 
From 2006 to 2015, the terrestrial factor dominated by LSDTR and TLA 
was the main driving force of SDS activities. The regional drought 
showed by PRCP and RH has played a vital role in the active SDS since 
2016. 

The continued falling LWL of the Aral Sea is expanding dust-prone 
areas, and drought frequency will increase the SDS risk in the Pre-Aral 
region in the next 5–10 years. In the future, more research is needed 
to assess the SDS risk to provide a scientific basis for sustainable 
development and restoration of the Aral Sea. 
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