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A B S T R A C T   

Study region: Central Asia. 
Study focus: In Central Asia, there is a lack of drought information to help understand the 
spatiotemporal variability and evolutionary characteristics of droughts. In this study, drought 
analysis data (i.e., high-resolution Standardized Precipitation Evapotranspiration Index (SPEI) 
dataset) was utilized in consideration of the meteorological and topographical characteristics of 
Central Asia and a dynamic drought detection technique (DDDT) algorithm was proposed for 
extracting three-dimensional(3D) drought events. As a result, it was possible to analyze the 
spatiotemporal distribution patterns and characteristics of droughts, which are intertwined with 
spatiotemporal dimensions. The drought events in Central Asia during the period of 1981–2018 
were identified and their spatiotemporal distribution patterns and variabilities were characterized 
using various drought characteristic indicators (drought duration, severity, affected area, in
tensity, location (latitude and longitude), and the distance and direction of the drought trajec
tory). Finally, a new approach to monitoring conditional drought in Central Asia was proposed 
based on a dynamic drought map that includes all 3D-drought properties. 
New hydrological insights for the region: Our major findings include (i) high-resolution data sets are 
suitable to interpret the development process and evolutionary characteristics of drought in 
consideration of the climatic and various topographical characteristics of Central Asia, (ii) most 
droughts of large and small scale in Central Asia can be quantified by identifying drought events 
in a three-dimensional concept using a DDDT algorithm, (iii) the direction of the drought tra
jectory that occurred in the study area during the period of 1981–2018 was often lateral, i.e., east 
and west, and (iv) in Central Asia at the beginning of 2008, severe drought continued in 2008, 
although the number of new monthly droughts tended to decrease. As a result of identifying the 
cause using the dynamic drought map, the number of new droughts that occurred every month in 
the second half of 2007 tended to increase, which led to the long-term drought in 2008.   
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1. Introduction 

Drought is a natural recurring phenomenon that occurs everywhere at various points in time. Drought is a complex topic which has 
impacts on different ecosystems, depending on the intensity and duration, and socio-economic impacts that often magnify the 
problems of the most vulnerable members of society. Since 1974, drought has claimed more than one million lives and caused $60 
billion in damage throughout the world (United Nations (UN), 2008). A thorough understanding of drought is essential to mitigate the 
current drought risk and prepare for climate change. 

Central Asia is characterized by complex geographic landscapes, shortages of water resources, agriculture-led economies, and 
growing populations. In addition, Central Asia has a predominantly arid/semiarid climate that is particularly sensitive to changes of 
atmospheric circulation. As such, the region, even in slightly drier years, has endured significant agricultural production losses, 
destruction of local economies, and threats to social stability (Broka et al., 2016). Clearly, developing drought prevention and pre
paredness strategies requires a better understanding of the spatiotemporal variability of drought and its evolutionary nature (Liu et al., 
2018; Wen et al., 2018). 

Since drought is a regional phenomenon that occurs over a long period of time, it is important to understand the spatial charac
teristics of drought. Previous studies on droughts, mainly before 2005, focused on the analysis of spatial patterns using data available 
in the target area. For example, statistical methods, such as correlation analysis and empirical orthogonal functions, can be used to 
estimate the regional characteristics of droughts (Oladipo, 1986; Cook et al., 1999; Hisdal and Tallaksen, 2003; Diaz et al., 2020; 
Andreadis et al., 2005) proposed a method for estimating the drought severity-area-duration, which is used to track drought duration 
according to the spatial changes of drought severity using a grid-based hydrological model. However, focusing on spatial charac
teristics obscures much of the temporal evolution of droughts. Therefore, it is essential to analyze the spatiotemporal structures of 
droughts to understand the role of external and internal forcing in drought progression. 

Subsequent studies have applied a global severity-area-duration curve analysis (Sheffield et al., 2009; Zhan et al., 2016). Drought 
cluster characteristics (e.g., distribution of centroids, the direction of displacement over time, and changes in a cluster area, intensity, 
and severity) have been studied at national (Vicente-Serrano, 2006; Vidal et al., 2010; Xu et al., 2015; Zhai et al., 2016) and continental 
(Lloyd-Hughes, 2012) scales. However, previous studies were limited to simple assessments of drought regions using time series of 
drought severity or report aggregation (Vicente-Serrano, 2006; Vidal et al., 2010; Gocic and Trajkovic, 2014; Wang et al., 2015). 

Many researchers analyzed drought events with relatively long durations and large impact areas in spatiotemporal drought in
terpretations. In other words, minor drought events have generally been filtered out so as not to affect the identification of major 
drought events. For example, Diaz et al. (2020) showed that after first filtering the largest cluster (the cluster with the largest area) at 
each time step, the 3D drought onset and end time, duration, affected area, and spatiotemporal evolution were tracked and analyzed. 
However, such the 3D clustering algorithm has the problem of easily overlooking weak drought events. 

In this study, we propose a practical method for monitoring droughts in space and time from a three-dimensional(3D) perspective 
and identifying all drought events in the Central Asia region during the period of 1981–2018 using high-resolution drought data. 
Various drought characterization factors (i.e., starting and ending time of drought, duration, severity, area, intensity, distance, and 
direction of drought trajectory) are used to quantify drought events from the 3D perspective leading to contribute to the creation of 

Fig. 1. Outlines of the study area bounded by a latitude of 50◦N.  
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dynamic drought maps. Finally, based on dynamic drought maps, we present a novel drought monitoring approach that can quantify 
the evolutionary characteristics of developing drought events on both temporal and spatial scales. 

2. Data and methods 

2.1. Study area 

The study area, as shown in Fig. 1, consists of six countries: Tajikistan, Kazakhstan, Turkmenistan, Uzbekistan, part of China, and 
Kyrgyzstan. As the precipitation data used in this study is only available for regions below 50◦N, the study area had to be cropped 
accordingly. The countries within Central Asia have high climatic contrasts. Generally, across the region, winters are moderate to cool, 
with mean temperatures ranging from − 3–20 ◦C, while summers are warm to hot, with mean temperatures ranging from 20 ◦C to 
40 ◦C. Winter temperatures can drop as low as − 45 ◦C and go as high as 50 ◦C in summer (Broka et al., 2016). Precipitation also varies 
across the region where the average annual precipitation is 500 mm in Tajikistan and 250 mm in Uzbekistan (USAID, 2018). In Central 
Asia, 80% of the land surface has a higher sensitivity to precipitation anomalies, while temperature is becoming an important 
parameter in drought assessment to account for the potential impact of climate change on arid regions. That is, even if there is no 
significant change of precipitation, an increase of the atmospheric temperature will increase the rate of evaporation and evapo
transpiration, which may reduce available water resources in Central Asia (Mirzabaev, 2013). For the drought analysis of the Central 
Asia region, it is appropriate to use the drought index based on precipitation and temperature, which considers the effect of evapo
transpiration on drought. 

2.2. Standardized precipitation evapotranspiration index (SPEI) 

SPEI is a multi-scale drought index based on a water balance and is widely used to assess drought conditions. This index reflects the 
extent to which a region deviates from the average drought year, with negative values representing more evaporation than precipi
tation and positive values representing more precipitation than evaporation. 

To estimate the SPEI value, the difference of the water balance was normalized to a log-logistic probability distribution (Vice
nte-Serrano et al., 2010), of which the probability density function and cumulative distribution function are given in Eqs. (1) and (2), 
respectively. 

f (x) =
β
α

(x − γ
α

)[
1 +

(x − γ
α

) ]− 2
(1)  
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[

1 +

(
α
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)β
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(2)  

where α, β, and γ are parameters representing the scale, shape, and location, respectively. 
Vicente-Serrano (2006) calculated the SPEI as follows: 

SPEI = W −
C0 + C1W + C2W2

1 + d1W + d2W2 + d3W3 (3)  

where C0 = 2.5155, C1 = 0.8028, C2 = 0.0203, d1 = 1.4327, d2 = 0.1892, and d3 = 0.0013. When P ≤ 0.5, W =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
− 2ln(P)

√
and when 

P > 0.5, W =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
− 2ln(1 − P)

√
. 

The drought severity is classified by the SPEI, as shown in Table 1. 
Pyarali et al. (2022) presented a high-resolution (5 km) standardized precipitation evaporation index (SPEI-HR) for Central Asia at 

various time scales from 1981 to 2018 using Climate Hazards group InfraRed Precipitation with Station’s (CHIRPS) precipitation and 
Global Land Evaporation Amsterdam Model’s (GLEAM) potential evaporation (Ep) datasets. The available observed meteorological 
data of the region is not continuous and very scarce for the entirety of Central Asia. The SPEI-HR dataset was developed to overcome 
the lack of data for monitoring the effects of drought in Central Asia. In this study, we utilized 6-month time scale of SPEI-HR data 
covering the period from 1981 to 2018 for the characteristics analysis of 3D-drought events. 

Table 1 
Drought severity classified by the SPEI.  

Classes SPEI Severity  

1 − 1.0 < SPEI No drought  
2 − 1.5 < SPEI ≤ − 1.0 Moderate drought  
3 − 2.0 < SPEI ≤ − 1.5 Severe drought  
4 SPEI ≤ − 2.0 Extreme drought  
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2.3. Dynamic drought detection technique (DDDT) algorithm 

In general, to identify drought events in a 3D concept, a continuous grid is divided into clusters (2D spatial clusters) on a spatial 
scale and then defined as a 3D-drought event by examining connectivity on a time scale (Rulinda et al., 2013). In this study, in 

Fig. 2. Procedure of the dynamic drought detection technique (DDDT) algorithm.  
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screening 3D drought events, the assumption that it occurs when adjacent grids are in a drought state in both temporal and spatial 
dimensions is still followed (Guo et al., 2018). However, the DDDT algorithm proposed in this study is different from previous studies 
in the process of clustering the grid on the spatial scale and the method of determining the center of drought. In this study, the dynamic 
evolution of drought was analyzed using the DDDT algorithm as follows. 

Step 1: Spatial definition of a single drought event. 
At the spatial scale, a drought cluster is identified by continuous drought area (CDA) analysis (Corzo Perez et al., 2011; 

Lloyd-Hughes, 2012; Van Huijgevoort et al., 2013; Herrera-Estrada et al., 2017; Diaz et al., 2020). The CDA analysis follows a con
nected component labeling approach for clustering drought cells (Haralick and Shapiro, 1992) by applying a two-scan algorithm. First, 
each cell is numbered for a location. The binary grid is then navigated to perform the first run, which assigns temporary labels to 
connected (adjacent) components (cells). This label represents the connection between the eight closest neighbors and all cells. A 3 × 3 
cell section was used in this study, with a total of nine cells in the grid and eight perimeters in the centroid cell. More detail information 
on the CDA analysis is provided in Corzo Perez et al. (2011). 

However, when clustering drought regions based on the CDA, only the presence of drought classified by a specific threshold is 
adapted without considering the grid-based severity of drought. That is, clustering droughts on a spatial scale based on grid-specific 
binary (0 and 1) values, we assume the grid-by-grid drought intensity is uniform. Therefore, in this study, a new concept of clustering 
spatial drought areas was proposed by considering the difference of drought severities by grid. This means that the spatial drought 
extent is centered on the grid with the greatest severity at a specific time, and the drought intensity is propagated to the adjacent grid. 
Therefore, the grid can be clustered by considering the size of the drought severity of the original grid rather than the binary value (0, 
1). 

Step 2: Centroid identification for spatial drought. 
In previous studies, researchers identified a major drought cluster (e.g., the cluster with the largest drought area) at a specific time 

and defined the centroid (p) of the cluster as the centroid at each time step (Corzo Perez et al., 2011; Lloyd-Hughes, 2012). That is, at 
each time step, only one center of the drought cluster is determined. However, when determining the center of drought according to 
this method, the case with a large drought severity in a cluster with a small area may be overlooked. In addition, mild droughts that 
occur over large areas may be overestimated, leading to the selection of drought centers (Diaz et al., 2020). Therefore, in this study, we 
did not intend to decide on one clustering on the spatial scale every time. The overlapping area ratio of spatially adjacent clusters was 
reviewed using Eq. (4) for all the 2D drought clusters classified in step 1 as a target. When the overlapping area ratio was 75% or more, 
they were reclassified into one cluster and the centroid’s equation is detailed in Wang et al. (2019). 

For example, as shown in Eq. (4), A1 and A2 were merged by the threshold (i.e., spatial overlap ratio) into one cluster, where the 
overlap ratio of areas between single drought events (A1 and A2) was 75% or more. The cell with the lowest SPEI was selected as the 
centroid of drought in each cluster. 

Spatial overlap ratio (%) =
Area(A1 ∩ A2)

Area(A1 ∪ A2)
× 100 (%) (4) 

Step 3: Centroid linkage of temporally consecutive clusters. 
A rule that separates or joins time sequences is required to link the centroids of a continuous cluster over time. In this study, the 

redundancy rate of the drought clusters over time was considered as the threshold (i.e., temporal overlap ratio). The two clusters were 
defined as having temporal continuity when the ratio of the overlapping area to the area of a relatively large community between the 
area of the community at time t (At) and at time t + 1 (At+1) was 50% or more, as shown in Eq. (5). The rules for connecting the 
centroids of the clusters are shown in Fig. 2. 

Temporal overlap ratio (%) =
Aoverlap(t, t + 1)
max(At,At+1)

× 100(%) (5)  

2.4. Spatiotemporal characteristics of droughts 

The spatiotemporal characteristics of a drought can be explained using indicators such as drought duration, severity, affected area, 
intensity, location of drought centroid (latitude and longitude), and the distance and direction of the drought trajectory.  

1) Drought duration is determined by the period between the beginning and the end of the drought in space and time, meaning the 
time at which the drought centroids are connected.  

2) Drought severity is the sum of the cumulative severities of the affected grid during the drought duration. The drought threshold 
(SPEI < − 1.0) was used to determine a 3D-drought event, as in Table 1.  

3) Drought area is defined as the number of the affected grids during the drought duration. The area per grid is 25 km2 in this study.  
4) Drought intensity is the severity divided by the duration of drought.  
5) Drought centroid is the cluster’s centroid at the spatial scale. It is calculated by weighted average considering the drought severity 

for each grid.  
6) Distance of the drought trajectory is calculated as the sum of distance between centroids for a 3D-drought event.  
7) Direction of the drought trajectory is determined based on the location where the 3D-drought event started (latitude, longitude) 

and the location where it ended (latitude, longitude). 
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Table 2 describes how to distinguish the direction of drought trajectory. Fig. 3 presents the schematic diagram for identifying the 
migration direction of a drought, where the angle θ is in the range of 0–360◦. The direction of the migration path is interpreted as 
follows: the positive eastern direction from the origin of the coordinate system with respect to the first drought centroid (initial 
centroid) is represented on the horizontal axis. Furthermore, θ between the horizontal axis and the line connecting the origin and the 
centroid of the last drought (the last centroid) represents a value for determining the migration direction. As shown in Table 2, the 
centroid of a particular cluster is located in one of 16 proposed positions. 

3. Results and discussion 

3.1. 3D-drought event analysis based on the DDDT algorithm 

The DDDT algorithm was applied to define spatiotemporal drought events in Central Asia. These droughts are considered as a 
continuum in three dimensions (longitude, latitude, time), i.e., drought patches clustered in the 2D space must be continuously 

Table 2 
Rules and directions for the initial and end points of the track.  

Id Rule Direction Id Rule Direction  

1 0 ≤ θ < 11.25 
or 348.75 ≤ θ < 360 

E  9 168.75 ≤ θ < 191.25 W  

2 11.25 ≤ θ < 33.75 ENE  10 191.25 ≤ θ < 213.75 WSW  
3 33.75 ≤ θ < 56.25 NE  11 213.75 ≤ θ < 236.25 SW  
4 56.25 ≤ θ < 78.75 NNE  12 236.25 ≤ θ < 258.75 SSW  
5 78.75 ≤ θ < 101.25 N  13 258.75 ≤ θ < 281.25 S  
6 101.25 ≤ θ < 123.75 NNW  14 281.25 ≤ θ < 303.75 SSE  
7 123.75 ≤ θ < 146.25 NW  15 303.75 ≤ θ < 326.25 SE  
8 146.25 ≤ θ < 168.75 WNW  16 326.25 ≤ θ < 348.75 ESE  

Fig. 3. Schematic diagram for the migration direction of a drought.  

Table 3 
Descriptive statistics for drought events based on the DDDT algorithm.  

Total number of drought events: 32,274  

Drought duration (months) Drought severity (-) Drought area (km2) Drought intensity (-) Trajectory distance (km) 

Min  2.00  12.30  300.00  6.15  0.00 
Mean  3.65  553.57  9562.27  127.22  37.80 
Max  32.00  14,859.36  230,900.00  1895.75  746.25 
Standard Deviation  2.39  820.58  13,118.21  120.31  49.96  
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connected in the temporal dimension to be grouped into one final cluster (3D-drought event). Table 3 and Fig. 4 show the results of 
extracting 3D-drought events in Central Asia by applying this method. During the period of 1981–2018, according to the estimated 
SPEI6-HR, a total of 32,274 drought events lasting more than two months occurred. 

In this study, the characteristics of the occurrence of drought in Central Asia were summarized using six indices that characterize 

Fig. 4. Statistical characteristic for 3D-drought properties in Central Asia.  
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the spatiotemporal evolution of drought phenomena. The distributions of the values for each indicator are shown in Fig. 4. Fig. 4(a)-(e) 
show box-plots of each indicator for the 3D-drought events, showing the characteristics of the movement direction of the drought 
trajectory based on the location information of the center. It was found that most of the trajectories of droughts occurring in Central 
Asia moved in the lateral direction, east and west (ENE, E, ESE, WNW, W, WSW). 

Pearson correlation analysis was performed to analyze the statistical characteristics of spatiotemporal evolution using the 3D- 
drought event characteristic indicator. The Pearson correlation coefficients between drought duration (DD), drought severity (DS), 
drought area (DA), drought intensity (DI), trajectory travel distance (TD), and drought trajectory travel direction (DDT) are shown in  
Fig. 5. 

It was confirmed that the drought duration, severity, area, and trajectory movement distance indicators had a high correlation 
(0.7–0.9) with each other. On the other hand, for drought intensity, the correlations between drought duration (r = 0.31) and travel 
distance (r = 0.56) were low. However, the direction of movement of the drought trajectory had no correlation with the drought 
duration, severity, area, intensity, or distance traveled. 

Table 4 presents the top 20 most severe drought events in Central Asia from 1981 to 2018. The most severe drought event was based 
on the drought severity (sum of SPEIs (values below –1) affected by the grid during the drought duration) that had the highest cor
relation with other indicators among the six drought indicators reviewed above. Table 4 shows the characteristics (beginning(B) time, 
end(E) time, duration, severity, area, intensity, movement distance, and trajectory direction) of the most severe drought events (top 
20) in Central Asia. 

The most severe drought occurred in Kyrgyzstan, which started in October 2007 and continued for 11 months. This drought showed 
a lateral movement trajectory to the west (θ = 180.71) and the affected area during the duration of the drought was 230,900 km2, 
which is larger than the area of Kyrgyzstan (199,900 km2). The second most severe drought occurred in Uzbekistan. Beginning in 
August 1985, the drought continued for 12 months. This drought showed a movement trajectory in the north-northeast (θ = 61.25) 
direction and the affected area during the drought was 220,850 km2. 

Based on the drought occurrence times indicated by the bolds in Table 4, the drought events that occurred within the period of 
2007–2008 accounted for 35% (7 out of 20) of the total number of droughts. In fact, during 2007–2008, there were severe droughts in 
Turkmenistan, Tajikistan, and Kyrgyzstan (Food and Agriculture Organization FAO, 2017). Accordingly, it is effective to use the 
3D-drought event identification technique based on the DDDT algorithm in characterizing and understanding the spatiotemporal 
evolution of drought phenomena. 

3.2. A new drought monitoring approach using conditional filtering 

The DDDT algorithm proposed in this study has an advantage in explaining the developmental process and evolutionary charac
teristics of drought phenomena. This method determines 3D- drought events to quantify the continuous and dynamic evolutionary 
(developmental) characteristics of drought events in the 3D space. In particular, this method can identify all drought events in the long- 
term drought time series. 

In previous studies, when a drought event was identified using the 3D clustering method, the occurrence of drought in the grid was 
distinguished according to the binary number system in determining the spatial drought patch, which is a 2D concept (Xu et al., 2015; 
Guo et al., 2018). On the other hand, the DDDT algorithm proposed in this study clusters the spatial drought patch by considering that 

Fig. 5. The Pearson correlation coefficients heat map between 3D-drought properties.  
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the grid with a large drought depth becomes the center and transfers (spreads) to adjacent grids in determining the occurrence of 
drought in the grid. Accordingly, it is possible to quantify the dynamic development characteristics of drought events by sufficiently 
considering the scale of drought depth for each grid. 

A drought event identified in this way can be shown in Fig. 6 as a dynamic drought map that includes all the drought attributes in 
the 3D aspect. Fig. 6(a) is a diagram comparing a typical drought map with a dynamic drought map. The typical drought map on the 
left panel shows the drought index values for a specific month using SPEI6-HR data. In contrast, the dynamic drought map on the right 
panel contains drought characteristics for drought events identified through the DDDT algorithm. Therefore, in the dynamic drought 
map, clustered drought patches are characteristic in consideration of the continuity and dynamics of drought events. Fig. 6(b) shows a 
conceptual diagram of the characteristic variables of 3D drought events (dry start time, drought center, drought affected area, center 
movement trajectory, and movement direction). 

In this study, we intended to explore various methods that can utilize dynamic drought maps including 3D drought attributes. For 
example, a conditional drought monitoring approach is helpful to determine whether a drought patch included in a dynamic drought 
map is new at this time or whether a drought patch that occurred in the past has continued to the present time. 

The upper graphs in Fig. 7 are time series plots of the number of drought patches per month during the drought period in Central 
Asia. As shown in Fig. 6(b), the dynamic drought map contains information that can confirm the continuity and dynamics of past 
drought events for each patch. That is, except for the drought patch in which the temporal continuity of the drought event exists, the 
remainder is classified as a newly appeared drought patch in the current month. 

The bottom graphs of Fig. 7 show the drought monitoring information divided through the new conditional drought monitoring 
approach. The orange bars represent the case of drought duration is one month, classified as a drought patch newly generated every 
month. On the other hand, the green bars represent the case of drought duration is more than 2 months, in which the drought events 
that have occurred in the past have continuity until the current month. It was confirmed that when the number of drought patches 
rapidly increases (2002/02–03, 2007/09–10), the proportion of drought patches newly generated in the current month increases 

Table 4 
Characteristics of the top 20 3D-drought events based on the DDDT algorithm using SPEI-HR in Central Asia.  

Top 20 Beginning 
time 

End 
time 

DD 
(months) 

DS (-) DA 
(km2) 

DI (-) TD 
(km) 

DDT 
(θ) 

Lon. (B) 
(◦E) 

Lat. (B) 
(◦N) 

Lon. (E) 
(◦E) 

Lat. (E) 
(◦N)  

1 2007/10 2008/ 
08  

11  14,859.36  230,900  1350.85  472.45  180.71  71.20  41.61  69.24  41.58  

2 1985/08 1986/ 
07  

12  12,671.32  220,850  1055.94  468.24  61.25  68.95  42.20  69.53  43.26  

3 1983/12 1985/ 
02  

15  11,728.22  157,125  781.88  365.22  257.41  57.91  47.42  57.79  46.88  

4 1983/04 1985/ 
02  

23  11,573.22  188,400  503.18  501.78  72.14  56.29  46.06  56.76  47.53  

5 1993/12 1996/ 
04  

29  11,491.32  187,525  396.25  690.63  261.17  74.61  49.84  74.40  48.46  

6 1983/04 1984/ 
10  

19  10,845.64  146,325  570.82  498.46  91.21  58.86  46.36  58.82  48.47  

7 1982/12 1983/ 
07  

8  10,384.72  158,425  1298.09  361.56  316.21  70.82  45.54  71.93  44.47  

8 1994/09 1995/ 
08  

12  9866.73  158,950  822.23  366.12  66.63  70.62  45.72  71.29  47.26  

9 2007/11 2009/ 
01  

15  9332.58  136,625  622.17  314.82  251.89  84.94  48.19  84.63  47.22  

10 2007/09 2008/ 
10  

14  9313.05  149,675  665.22  437.35  64.43  70.67  40.64  71.30  41.97  

11 2007/12 2008/ 
12  

13  8959.96  127,850  689.23  336.07  168.18  82.80  46.54  82.53  46.60  

12 1994/09 0996/ 
03  

19  8730.54  147,375  459.50  437.00  80.71  74.62  42.08  74.86  43.56  

13 1983/12 1995/ 
01  

14  8674.49  111,250  619.61  322.60  38.46  58.08  45.96  58.40  46.22  

14 2007/10 2008/ 
09  

12  8671.28  141,325  722.61  411.52  140.03  71.30  41.79  70.08  42.82  

15 1997/04 1998/ 
01  

10  8624.31  110,150  862.43  394.63  163.07  85.70  47.11  83.63  47.74  

16 2007/09 2008/ 
11  

15  8576.75  135,675  571.78  345.51  147.65  73.72  41.34  72.77  41.94  

17 1991/05 1992/ 
02  

10  8464.35  130,250  846.44  412.96  346.89  70.62  48.34  71.03  48.24  

18 2008/01 2008/ 
12  

12  8446.74  133,925  703.90  293.11  20.79  86.57  48.06  87.26  48.32  

19 1994/09 1996/ 
06  

22  8446.16  134,100  383.92  531.84  6.83  73.42  48.61  74.72  48.76  

20 1991/04 1991/ 
12  

9  8443.59  132,725  938.18  310.89  216.13  73.98  47.64  72.97  46.90  
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significantly. In contrast, when the number of drought patches continues to increase steadily over a long period of time (2010/6–2011/ 
1), the proportion of past drought patches increases significantly. In addition, the number of drought patches decreased sharply from 
February to July 2011, but it was confirmed that drought patches that occurred in the past persisted for a long time. To verify the 
effectiveness of the conditional drought monitoring technique based on the dynamic drought map, it is necessary to compare and 
review the actual recorded drought cases with the results obtained through drought monitoring. 

Fig. 6. Conceptual explanation for 3D-drought properties in a dynamic drought map.  
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Fig. 8 shows the results of dividing the data into two types of monthly drought patches identified in Central Asia from 1981 to 2018, 
where the y-axis represents the number of monthly drought patches. Here, type #1 is the number of new drought patches that occurred 
in the current month and type #2 is the number of drought patches that occurred from the time before the corresponding month and 
continued until the current month. Comparing the number of drought patches of the two types per month, it was confirmed that there 
was a delay time between the time series of type #1 and type #2, when a newly created drought patch continued into the next month. 
In addition, depending on the characteristics of the occurrence of new drought patches up to a specific month, it causes a change in the 
number of drought patches of type #2. 

For example, after January 1983, when the type #1 drought patch rapidly increases with a steep slope, most of it leads to type #2, 
except for the case of a flash drought of less than one month. However, when the type #1 drought patch steadily increases over a long 
period of time, such as after June 1993, the type #2 drought patch has a large cumulative effect due to the type #1 drought patch. In 
December 2007, the number of type #1 drought patches appeared to gradually decrease. However, at this time, the number of type #2 
drought patches continued to increase and then changed to a decreasing trend after 9 months. Accordingly, when forecasting future 
droughts based on data built through dynamic drought monitoring, it will be useful information to understand the spatiotemporal 
patterns of the droughts that have occurred in the past. 

Fig. 7. Results of applying a new conditional drought monitoring approach in Central Asia.  
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4. Conclusions 

In this study, we proposed a dynamic drought monitoring method based on a 3D drought event selected by applying the dynamic 
drought monitoring technique algorithm. In addition, considering the climate (typical temperate continental climate) of Central Asia 
and various topographical characteristics (mountainous terrain, low-lying basin, desert, and grassland), the most suitable data for 
drought monitoring (high resolution (5 km) SPEI-HR drought dataset) was carefully selected and utilized. In addition, the spatial and 
temporal distribution characteristics of drought events and the movement characteristics of dynamic drought trajectories were 
analyzed by a 3D concept utilizing the DDDT algorithm for droughts in Central Asia. 

The dynamic drought characteristics are explained through a 3D clustering method based on the DDDT algorithm, which were 
defined as 3D-drought events, which included various drought characteristic indicators (drought durations, severity, effected area, 
intensity, location (latitude and longitude), distance and direction of the drought trajectory) to quantify the spatiotemporal evolu
tionary characteristics of drought events. Then, we proposed a new conditional drought monitoring approach that can explain the 
developmental process and evolutionary characteristics of drought phenomena using a 3D concept. In this study, several conclusions 

Fig. 8. Classification of two types of drought patches through conditional filtering based on a new drought monitoring approach.  
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were drawn as follows.  

(1) In characterizing the evolution of spatial drought, the DDDT algorithm does not cluster according to the occurrence of drought 
(1 or 0). In other words, the actual size of the drought depth for each grid is fully reflected and clustered. It also follows the basic 
assumption that the drought magnitude of the adjacent grid around the grid with the maximum drought depth is mitigated. It is 
based on the concept that the effects of a drought spread to neighboring regions, centered on the maximum depth of drought. 
This is a useful concept for consistency in determining one centroid per drought patch.  

(2) In the past, the evolution of spatiotemporal drought was characterized by focusing on the largest drought event. However, if the 
DDDT algorithm is applied using a high-resolution drought data set, it is possible to identify all mild drought events that have 
been easily overlooked.  

(3) During the period of 1981–2018, the drought trajectories in Central Asia tended to move horizontally to the east and west. 
Central Asia droughts have very strong correlations among the duration, depth, area, and travel distance indicators of trajec
tories. This has the advantage of being clear in determining one criterion (indicator) among various indicators in determining 
the most severe drought event.  

(4) The dynamic drought map including all 3D-drought properties would be useful for conditional drought monitoring. In other 
words, when using the dynamic drought map, even information that cannot be confirmed in a general drought map, such as the 
temporal continuity and dynamic evolution characteristics of drought events, can be intuitively identified. 

In this study, only one filtering condition (two types of patch classification: type #1 and type #2) was used to apply the conditional 
drought monitoring approach. However, there will be countless other drought information that can be obtained by using dynamic 
drought maps. Therefore, in a follow-up study, we intend to develop various filtering contents necessary to increase the utilization of 
the new conditional drought monitoring approach proposed in this study. This will help to discover the characteristics of spatio
temporal drought patterns in the Central Asia region. Furthermore, it will be valuable as numerical data that can be used for short-term 
and long-term drought forecast studies. 
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