
Citation: Wang, C.; Li, Z.; Chen, Y.;

Li, Y.; Liu, X.; Hou, Y.; Wang, X.;

Kulaixi, Z.; Sun, F. Increased

Compound Droughts and Heatwaves

in a Double Pack in Central Asia.

Remote Sens. 2022, 14, 2959. https://

doi.org/10.3390/rs14132959

Academic Editors: Hainan Gong and

Peng Zhang

Received: 3 May 2022

Accepted: 19 June 2022

Published: 21 June 2022

Corrected: 8 June 2023

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

remote sensing  

Article

Increased Compound Droughts and Heatwaves in a Double
Pack in Central Asia
Chuan Wang 1,2 , Zhi Li 1,*, Yaning Chen 1, Yupeng Li 1, Xigang Liu 1,2, Yifeng Hou 1,3, Xuechun Wang 1,3,
Zulipiya Kulaixi 1,3 and Fan Sun 1,2

1 State Key Laboratory of Desert and Oasis Ecology, Xinjiang Institute of Ecology and Geography,
Chinese Academy of Sciences, Urumqi 830011, China; wangchuan201@mails.ucas.ac.cn (C.W.);
chenyn@ms.xjb.ac.cn (Y.C.); liyupeng@ms.xjb.ac.cn (Y.L.); liuxigang20@mails.ucas.ac.cn (X.L.);
hyf@stu.xju.edu.cn (Y.H.); wxchun@stu.xju.edu.cn (X.W.); 107556519103@stu.xju.edu.cn (Z.K.);
sunfan18@mails.ucas.ac.cn (F.S.)

2 University of Chinese Academy of Sciences, Beijing 100049, China
3 College of Geography and Remote Sensing Sciences, Xinjiang University, Urumqi 830046, China
* Correspondence: liz@ms.xjb.ac.cn; Tel.: +86-0991-782-3174

Abstract: Compound droughts and heatwaves (CDHWs) are likely to cause more severe natural
disasters than a single extreme event, and they have been exacerbated by rapid global warming.
Based on high-resolution grid data, this study combines the daily-scale ERA5-Land dataset and the
monthly-scale SPEI dataset with multiple indicators to analyze CDHWs. We calculated and analyzed
the temporal and spatial modal distribution of CDHWs in Central Asia from 1981 to 2018, and in
this paper, we discuss the sequence relationship between drought events, heatwave events, and
CDHWs. The results show that the number of CDHWs in the study region have increased over time
and expanded in terms of area, especially in eastern and southwestern Central Asia. The tsum (total
frequency of CDHWs) was 0.5 times higher than the total heatwave frequency and it increased at a
rate of 0.17/yr. The maximum duration of tmax (maximum duration of CDHWs in days) was 17 days.
Furthermore, the occurrence rate of tmax was 96.67%, and the AH (CDHWs’ accumulated heat) had
a rate of 97.78%, which, upon examination of the spatial trend pattern, accounted for the largest
increase in terms of area. We also found that the TAH (CDHWs’ average temperature anomalies,
SPEI < −0.5) shows obvious seasonality, with the increases in winter and spring being significantly
greater than the increases in summer and autumn. The intensity of the CDHWs was stronger than
that of a single extreme event, the temperature anomaly was higher than the average of 0.4–0.8 ◦C,
and there was a north–south spatial pattern across the study region. In eastern and northwestern
Central Asia, the AH and heatwaves (SPEI < −0.5) increased by 15–30 times per year on average.
During the transition from the base period to the reference period, CDHWs increased by 25%, and
the number of dry days prior to the CDHWs decreased by 7.35 days. The conclusion of our study can
provide a theoretical basis for coping with climate change in arid zones.

Keywords: droughts; heatwaves; compound events; arid regions; Central Asia

1. Introduction

The Sixth Scientific Assessment Report, issued by the Intergovernmental Panel on
Climate Change (IPCC), notes that global climate change, caused by human activities and
extreme weather and climate events, and the resultant sustained warming that has ensued
in various locations, will cause more frequent and serious extreme events [1]. Compound
events are generally more threatening to humans and the ecological environment than a
single climate event [2,3]. In particular, compound droughts and heatwaves (CDHWs) have
attracted increased attention in recent years [4–7], due to the significant impact that they
can have upon society and the environment [8–10]. Global warming has exacerbated the
occurrence of drought and heatwave events [11], especially in North America, Asia, Europe,
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and Australia. The findings of several recent studies have shown that the frequency and
severity of CDHWs are increasing [12–15]. Moreover, the results indicate that the precipita-
tion trend is the main influencing factor regulating the increase of CDHWs on land, thus
highlighting the importance of monitoring regional precipitation trends [16]. In one study,
the influence of multiple variables on drought, heatwave, and windy composite events
was investigated using the Copula function, and the results indicated a need to determine
all influencing factors within each composite event [17]. More recently, a comprehensive
study of drought, heatwave, and wildfire events was conducted. The findings indicated
that areas of drought, and areas with frequent heatwave complex events, are more prone
to wildfire events, which is essential for understanding the interactions between wildfires
and weather conditions [18]. Other studies demonstrate the diversity of composite event
combinations, and their wider social and ecological impacts, by studying how floods affect
the productivity and carbon cycles of arid/semi-arid grasslands when they occur during a
drought [19]. High temperatures accelerate soil evaporation [6], and they increase the loss
of soil and plant moisture, which, in turn, worsens droughts [20]. Moreover, a sustained
level of heat can lead to heatwaves, thus posing a great threat to ecology, the economy, and
overall human health. As the interactions between high temperatures and droughts can
lead to the worsening of a disaster, it is crucial to quantitatively assess the frequency of
occurrence and scope of these extreme complex events [21].

A high-temperature heatwave is defined as weather that is characterized by an unusu-
ally high temperature that lasts for several days. Due to geographical and socio-economic
differences, the methods used to study high-temperature heatwaves vary around the world
and there is no uniform standard [22]. Heatwaves are typically identified by using the
relative threshold and absolute threshold methods, and they are defined by their absolute
temperature and percentile [9,23]. Anomalies that occur in absolute and mean temperatures
may lead to a broad range of social and environmental impacts [24,25]; however, given
the regional differences in heatwave patterns and observations, as well as the need to
compare heatwave trends in various regions around the world, an approach that takes a
number of different factors into consideration would be useful for research purposes. The
percentile threshold method facilitates comparisons across regions and at different times,
and it has good utility in large regional comprehensive assessments [26,27]. This strategy
for heatwave assessment is applied according to the three aspects of frequency, intensity,
and duration. On this basis, the present paper considers the accumulated heat and average
temperature anomaly of a given heatwave day, and it explores the characteristics of a
heatwave in Central Asia using five dimensions.

The current tendency in arid zones is to become more arid [28]. Increasing aridity is
especially prominent in developing countries, with significant arid trends recently emerging
in Africa and Eurasia [29]. Asia is home to one of the world’s largest non-zonal arid
zones [30], which is located in a region that is both a climate change sensitive zone and
a highly vulnerable global water resource system and ecosystem [31]. In light of global
warming, extreme weather events in arid regions of Central Asia are receiving increasing
attention [32–35], largely due to the region’s role as the economic hub of the Silk Road.
Moreover, with an oasis economy as the mainstay, a fragile desert ecosystem is more
susceptible to extreme events [33,36]. An in-depth understanding of the characteristics of
climate change in Central Asia’s arid regions would provide a scientific basis for disaster
prevention and mitigation, as well as for an active response to climate change [37].

To that end, the current paper investigates CDHWs in relation to AH (CDHWs’ ac-
cumulated heat) and TAH (CDHWs’ average temperature anomalies on heatwave days,
SPEI < −0.5). These measures are applied to evaluate composite events, using the extreme
drought and heatwave composite events in Central Asia from 1981 to 2018 as a starting
point. The evolution of compound events are then analyzed, with a view to improve the
ability of arid areas to cope with climate change.
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2. Materials and Methods
2.1. Study Area

Central Asia is traditionally made up of five countries (Kazakhstan, Uzbekistan,
Kyrgyzstan, Tajikistan, and Turkmenistan), though in a broader sense, Central Asia also
includes arid northwest China (Figure 1) [38]. The Chinese component of the region is
located at 46◦–107◦E and 34◦–56◦N, which is deep in the hinterland of Eurasia, and is far
away from any ocean. Climatically, all of Central Asia is classified as being temperate
continental, which means that it is characterized by perennial drought, little rain, and
robust evaporation. The region also has a landform pattern of alternating mountains and
basins, with the precipitation in the mountainous areas being greater than that in basins.
Its vegetation is dominated by desert and grassland, and its ecosystem is fragile [30].
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Figure 1. Study area: (a) location of Central Asia on the world map; (b) distribution of land use
conditions in Central Asia; (c) elevation changes and distribution of rivers and lakes in Central Asia. The
map is based on the standard map number GS (2016) 1666 downloaded from the standard map service
website of the National Bureau of Mapping Geographic Information, and the base map is not modified.

2.2. Data Sources
2.2.1. ERA5-Land Hourly Data

We used the fifth-generation European reanalysis (ERA5-Land) dataset to obtain
hourly atmospheric data (https://cds.climate.copernicus.eu/#!/home, accessed on 1 Octo-
ber 2021). ERA5-Land has a resolution of 0.1◦ × 0.1◦, though its original resolution was
9 km. This dataset provides data from the last 70 years, using the laws of physics to com-
bine model data with observations from around the world in order to produce a globally
complete and consistent dataset. The data are generated by replacing the terrestrial portion
of the European Centre for Medium-Range Weather Forecasts (ECMWF) data [39]. ERA5
can easily replace other reanalysis products with high temporal and spatial resolutions [26].
In the present study, we used ERA5-Land to interpolate data from the study area in order
to match the resolution of the Standardized Precipitation Evapotranspiration Index (SPEI)
data. In addition, we resampled the hourly temperature data into a daily scale in order to
extract the daily maximum temperature, and to adjust the spatial resolution of ERA5-Land
from 0.1◦ to 0.5◦ by bilinear interpolation.

https://cds.climate.copernicus.eu/#!/home
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2.2.2. SPEI Data

The global Standardized Precipitation Evapotranspiration Index (SPEI) dataset (https:
//spei.csic.es/spei_database/, accessed on 1 October 2021) has a 0.5◦ spatial resolution and
a monthly time resolution. The SPEI provides long-term, reliable information concerning
drought conditions on a global scale, and it uses time scales ranging from 1 to 48 months.
Currently, the dataset covers the period between January 1901 and December 2018.The
temperature is used to calculate evapotranspiration using Thornthwaite’s method. This
index is calculated by using precipitation and air temperature data to characterize the dry
and wet states. As it considers more parameters than the Standardized Precipitation Index
(SPI), it is more developed than the SPI, and it also notes the effects of evapotranspiration. It
is more applicable in areas with significant temperature changes (such as medium subarid
regions), and thus it is especially suitable for long-term studies. We chose SPEI data using
a three-month scale, because it characterizes the effects of seasonal drought well. Moreover,
as the length of time increases, the SPEI becomes more stable, and the duration of the dry
and wet states increases [40,41].

2.2.3. Other Data

Data concerning rivers, lakes, and boundaries are derived from the Natural Earth
dataset (https://www.naturalearthdata.com/, accessed on 1 October 2021). Natural Earth
was built from a collaboration between many volunteers, it is supported by the NACIS
(North American Cartographic Information Society), and it is free for use in any type of
project. The land use data comes from (https://data.tpdc.ac.cn/, accessed on 1 October
2021). This type of land cover project is part of the second stage of ESA’s Climate Change
Initiative, and it has a spatial resolution of 300 m. Elevation data comes from (https:
//earthexplorer.usgs.gov/, accessed on 1 October 2021).

2.3. Methods
2.3.1. Evaluation of Heatwave Events and Drought Events

We used the percentile threshold method, along with the daily maximum temperature,
to define the heatwave occurrence as a daily maximum temperature that exceeds the 90%
threshold for at least three consecutive days (Figure 2a) [42]. The 90% threshold was
calculated using 38 samples, which provided a daily maximum temperature from 1979 to
2018 [23,43]. For example, the daily maximum temperature on January 1, during the time
period studied, is defined as the threshold of that particular day. There are 365 thresholds
for each grid point in the study area to compare with the daily maximum temperature
in the studied period. In order to make the threshold results more robust, we adopted a
three-day moving window algorithm, with 120 samples taken from December 31, January
1, and January 2 of the previous year; these samples were also taken from the time period
that is being studied and used for the threshold calculation [24]. As can be seen from the
distribution of threshold values (Figure 2b), the uneven solar radiation readings are caused
by differences in latitude. As one moves from lower to higher latitudes, the threshold
values gradually increase. The maximum threshold value is about 35 ◦C and the minimum
threshold value is about 15 ◦C, giving a latitude-affected threshold difference of around
20 ◦C. From a longitudinal perspective, however, the differences in threshold distribution
are relatively small. Overall, the threshold distribution is consistent, concentrated at around
25 ◦C, and is mainly affected by topography.

To quantify the different types of heatwaves, we selected eight characteristic indicators.
The main indicators are frequency, intensity, maximum duration, annual accumulated heat,
and average temperature anomalies on heatwave days. We found that heatwave frequency
could be divided into weak, medium, and strong high-temperature heatwaves. More
specifically, if a heatwave had a threshold that was greater than 90% for three consecutive
days, but less than five days, we defined this event as a weak high-temperature heatwave.
If a heatwave had a threshold that was greater than 90% for five consecutive days, but less
than seven days, we defined this event as a medium high-temperature heatwave. However,

https://spei.csic.es/spei_database/
https://spei.csic.es/spei_database/
https://www.naturalearthdata.com/
https://data.tpdc.ac.cn/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
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if a heatwave had a threshold that was greater than 90% for seven consecutive days or
more, we defined this event as a strong high-temperature heatwave. Intensity is defined
as the average intensity across all heatwave days, and maximum duration is defined as
the maximum duration of the heatwave. Accumulated heat describes the additional heat
generated by a heatwave during a given time (e.g., a given month) in terms of the sum
of outliers between each heatwave day and the 90% threshold for that month [42]. In
order to better compile statistics on the temporal and spatial variation characteristics of
accumulated heat, we converted monthly accumulated heat into annual accumulated heat
using maximum synthesis, as defined below:

HeatYcum =
n

∑
1

Tanom (1)

HeatYcum represents the accumulated heat in a year, n represents the number of
all heatwave days in a year, and Tanom represents the temperature anomaly between all
heatwave days in a year and the heatwave threshold.

The mean temperature anomalies of heatwave days were defined as (monthly accumu-
lated heatwave days)/(monthly total number of heatwave days). In this study, the mean
temperature anomalies of heatwave days were calculated on an annual scale in the study
area to determine whether there was a significant change in heatwave accumulation on an
interannual scale between all heatwave days and the heatwave threshold in a year:

Avganom =
HeatYcum

HWF
(2)

In this formulation, Avganom is the average temperature anomaly for all heatwave
days in a year, and HWF represents the total number of heatwaves in a year.

Drought was assessed using SPEI, with the drought threshold set as SPEI < −0.5.
Anything exceeding this threshold was defined as a drought state (Figure 2a).

2.3.2. Evaluation of Heatwave–Drought Compounds

Compound droughts and heatwaves are heatwaves that occur under drought con-
ditions [26], and multiple heatwave events in a drought are referred to as multiple CD-
HWs [24]. Figure 2c illustrates the intensity and duration of CDHWs. Since drought
indicators are based on monthly scales, heatwave indicators for the entire studied time
period should be calculated first, followed by a calculation of monthly heatwave indicators
that correspond with drought. Our assessment of CDHWs follows the criteria used for
heatwaves, as long as CDHWs are defined as being above the drought threshold. To
assess the severity of CDHWs, we compared the frequency, intensity, maximum duration,
accumulated annual heat, and mean temperature on heatwave days during a drought. The
CDHW indexes are further explained below. CDHW frequency is categorized as t3 (weak
frequency CDHWs), t5 (medium frequency CDHWs), t7 (strong frequency CDHWs), and
tsum (total number of heatwaves that occur under all drought conditions). CDHW intensity
is categorized as tmean, with intensity defined as the mean intensity of all heatwave events
under drought conditions. CDHW duration is categorized as tmax (maximum duration
of heatwaves in days under drought conditions) and AH (CDHWs’ accumulated heat) is
categorized as being the extra heat generated under drought conditions. TAH (CDHWs’
temperature anomalies on heatwave days, SPEI < −0.5) is categorized as being the aver-
age temperature anomalies of regional heatwave days in a drought state (accumulated
heat/total days of heatwave) to determine whether there is a significant change in AH
during a drought state.
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2.3.3. Statistical Methods

Empirical orthogonal function (EOF) analysis involves decomposing time-varying
variable fields into time-invariant spatial functions and time-dependent functions. The
spatio-temporal dataset is then simplified, as it is transformed into spatial modes of physical
quantities and associated time projections (time series) [44]. These spatial modes are EOFs,
and they can be thought of as basic functions (a set of basic vectors in a space) which
correspond with the variances. The relevant time projection is the principal component
(PC) and is the time coefficient of the EOFs. Raw data can be reconstructed by using EOFs
and PCs. EOFs can be used to better explore the main information and potential trends of
composite indicators. EOFs have been widely used in the analysis of temporal and spatial
changes in meteorological and hydrological elements, and it is a common statistical method
to study and analyze the state of the climate in a typical region. EOFs are able to capture
the main features and highlight the hidden trends of TAH and SPEI [45]. In this paper,
EOFs are used to capture the time and space modes of composite indicators.

The Mann–Kendall test and the Theil–Sen slope calculation are nonparametric trend
tests that do not assume the normal distribution of data and are insensitive to outliers.
The Thiel–Sen slope estimator is a statistical method used to estimate trend rates. It is a
nonparametric test that can be used for non-normal data. In this study, the Mann–Kendall
trend test, combined with the Thiel–Sen slope estimation, is used to estimate trend rates
and their significance in a time series [46]. Spatial trend is one of the most commonly
used research methods in the field of meteorology and climate studies. Spatial distribution
differences between different regions can be seen from space, and significant changes in
different regions can be seen through significance tests. This approach also makes it easier
to understand the impact of climate warming on composite events.
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Figure 2. Coupling mechanism diagram of drought events, heatwave events, and CDHWs.
(a) Drought events, heatwave events, and CDHWs that are defined by randomly selected grid
points at certain locations in a certain year; specific times and locations are shown at the thresholds of
9◦E, 11.5◦N, and at 18 grid points in 2012. (b) Three-dimensional spatial distribution of heatwave
thresholds (c) showing the local magnified details of (a). The intensity and duration of CDHWs are
further indicated.
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3. Results
3.1. Spatio-Temporal Variations of Compound Events in Central Asia

By analyzing the maximum duration of the CDHWs’ tmax (Figure 3a) and the tem-
perature anomalies in TAH (Figure 3b), it is evident that both of these values increase
substantially each year, and they are accompanied by fluctuations in regional (high) tem-
peratures [36]. Furthermore, both tmax and TAH show significant shifts around 1997. tmax
occurred twice in all months, for a maximum duration of 17 days. From 1981 to 2018,
the monthly CDHW rate was 96.67%, with CDHWs occurring nearly every month. The
incidence of tmax showed no major differences across seasons, but there was a notable
increase in interannual variation. The maximum TAH reached 8 ◦C in January 2007, and
the minimum TAH was about 0.1 ◦C; however, TAH was greatly influenced by seasons,
as the increases in TAH during winter and spring were greater than those in summer
and autumn. We defined temperature anomalies of more than six CDHWs in a month
as being an extreme compound event. Prior to 1994, there were only a few temperature
anomalies in terms of CDHWs (around 6 ◦C over 3 months); however, after 1994, the
temperature anomalies of extreme CDHWs showed greater interannual variation, whereas
the temperature anomalies with seasonal variation were less obvious.
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Figure 3. Monthly means in the panel axes. (a) Maximum duration tmax of CDHWs using a monthly
scale, and (b) the average temperature TAH anomalies of CDHWs using a monthly scale. (The grid
value is the maximum value for the corresponding month.).

The frequency changes of CDHWs showed clear increasing trends (Figure 4a–d).
Moreover, t3 had the largest growth rate, at an average of 0.038 event/yr. In addition,
t3 had the highest occurrence frequency, with an average of 1.2 times per year, which is
0.5 times that of heatwaves. It reached a maximum value in 2008 and a minimum value
in 1996. The average occurrence frequency of t5 was 0.41 times per year, and the rate
at which it increased was by 0.016 event/yr. In contrast, t7 had the lowest occurrence
frequency and the slowest growth rate compared with t5 and t3, with an average frequency
of 0.14. As illustrated in Figure 4d, tsum is the sum of the frequency of heatwaves under
all drought conditions. The average frequency of tsum was 4.8 event/yr, and it increased
at an average rate of 0.17 times per year. The filled area of the diagram illustrates that the
total frequency of heatwaves per year was about twice that of CDHWs, and that heatwave
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events had a tendency to become a CDHW. Figure 4e presents tmean as the intensity
of CDHWs, with an annual growth rate of 0.002 event/yr. As shown in the figure, the
intensity of tmean increases as the interannual scale progresses. The three years with the
strongest intensities were 2001, 2008 and 2017, and the average intensity of heatwaves
was 0.06 event/yr. The intensity of composite events was not significantly different from
that of heatwave events. The maximum duration of CDHWs and tmax increased steadily
(Figure 4f), with an interannual growth rate of 0.083 days/yr and an average duration of
2.9 days. The maximum duration of a CDHW occurred in 2007 and 2017 and lasted about
4 days, whereas the minimum duration of a CDHW occurred in 1986 and lasted about
1.6 days, and the tmax increased by 2.4 days. For AH, the increasing trend is more obvious
(Figure 4g), with an interannual increase of 0.47 ◦C. AH shows a higher growth trend after
2004, with an average value of 13.4 ◦C. The maximum temperature (about 34 ◦C) occurred
in 2008. Moreover, drought had a great influence on AH. The interannual growth rate of
TAH was about 0.008 ◦C/yr (Figure 4h), and the maximum value of TAH occurred in 2003,
at about 1.9 ◦C/yr. Overall, the interannual increase rate was relatively gentle, though TAH
had an influence on mean temperature anomalies in Central Asia.

The spatial trend of each index of composite events in Central Asia is shown in
Figure 5a–h. As is evident, the increase in the frequency of t3 was the highest in the eastern
and southwestern parts of the region, reaching 0.21 event/yr, and passing the significance
test. Only in the central area did t3 show a decreasing trend. Compared with t5 and t7,
t3 has the same spatial distribution and the highest increasing rate of successive trend
decreases, at 0.1 event/yr and 0.075 event/yr, respectively. For the entire Central Asian
region, tsum represents the spatial trend of frequency, thus indicating that the distribution
of tsum and t3 is similar; therefore, it can be inferred that t3 is the main frequency type of
tsum, and that it follows a trend of becoming stronger interannually, with 1.05 event/yr
being the highest frequency trend reported in Central Asia. Although the spatial trends
of the tmean and tmax were not obvious, an increasing trend was observed in a few parts
of the southeastern, central, and western regions, and the overall intensity of the tmean
and duration tmax of the entire region continued to increase. The accumulated heatwave
spatial trend in Central Asia had a comparative relationship with the total frequency tsum
of CDHWs, with the AH reaching 2.4 ◦C in most areas of southwestern China, and 1.2 ◦C
to 1.6 ◦C in southeastern China. In the central area, the AH slightly decreased, with the
maximum decreasing trend hitting 0.4 ◦C. Moreover, the TAH was similar to the tmean
and tmax, but the spatial trend was not obvious. The mean temperature anomalies in the
central and southeastern regions of Central Asia had a great influence on only a small part
of the land. As shown in Figure 5i, the trend increases for the five indexes all exceed 90% of
the region. The area affected by AH increased, and it accounts for the largest proportion of
affected land (up to 97.78%), whereas the area affected by t7 also increased, but it accounts
for the smallest proportion of affected land (91.4%). From these statistics, we can clearly
see that the increased occurrence of extreme CDHWs in Central Asia is not only obvious,
but there is an indication that they will only continue to become more frequent.
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3.2. Modal Analysis of Compound Events in Central Asia

Spatial modalities can indicate the coefficients of multiple indicators across an entire
space field, whereas the time coefficient can analyze the weight of the corresponding space
contribution at a certain time. We first normalized TAH, SPEI, and TAH(SPEI < −0.5), and
then we performed multivariate EOF analysis for the sequence. Our results showed that
the accumulated variance contribution rate of the first three feature vectors of the EOF
analysis was as high as 67.43%. The first three modes basically reflected the Central Asian
AH, SPEI, and TAH(SPEI < −0.5).

The variance contribution rate of the first mode, EOF1, which is the main mode, was as
high as 39.91% (Figure 6a). The proportion of areas with a TAH vector mean > 0 is smaller
than those with a vector mean < 0. The areas with TAH > 0 are mainly distributed at the
southeastern edge and within the central portion of Central Asia, and a negative value of
TAH appears in the northwestern part of the study region, indicating that the incidence
of TAH is low in this mode. In general, TAH is high in the east and low in the west. The
mean values of the drought condition vectors of the first mode are all > 0, which reflects
the consistent frequency variations of SPEI in Central Asia, and the high frequencies are
concentrated in most areas of southwestern China. TAH(SPEI < −0.5) is greater than TAH,
and the east–west differentiation pattern is more obvious, indicating that TAH(SPEI < −0.5)
is influenced by the complementary effects of TAH and SPEI. For example, TAH occurred
less frequently in most of the arid regions in the central region, whereas TAH(SPEI < −0.5)
showed a high frequency in central China, which may be closely related to the TAH–SPEI
drought pattern.

The variance contribution rate of the second mode, EOF2, is 17.46% (Figure 6b), and
the mean value of the overall vector of the space field of TAH is > 0. EOF2 shows that the
spatial frequency of TAH has good coverage, and the high frequency is concentrated in the
northeastern margins and middle portions of Central Asia. There were both positive and
negative areas of drought status in the SPEI, with the spatial pattern of the drought status
showing a step-like distribution pattern from southeast to northwest. In the second mode,
TAH and SPEI have the same effect on TAH(SPEI < −0.5), which is, broadly speaking, a
positive effect.

The variance contribution rate of the third mode, EOF3, is 10.06% (Figure 6c). This
mode basically presents the opposite spatial distribution pattern to EOF1 and EOF2. The
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spatial field of TAH is positive in the west and negative in the east, thus presenting a
pattern of east–west differentiation. The SPEI of the drought state is divided between the
southeast and the northwest. In the northeast, the SPEI value gradually increases, and the
drought state trend weakens, whereas in the southwest, the SPEI value gradually decreases,
thus indicating that the drought state trend becomes stronger. The frequency of TAH(SPEI
< −0.5) in the western region of the space field is higher, whereas the frequency in the
eastern region is lower. The highest value is concentrated in the southwestern region.
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The results show that in the study area, CDHWs mainly occurred in the central and
eastern regions, and that the probability of occurrence (SPEI < −0.5) has been aggravated
in recent years. In general, the positive part of TAH was greater than the negative part.
TAH made a positive contribution to the space field in 1988, 1993, and 2002, and a negative
one in 2008. Furthermore, TAH(SPEI < −0.5) showed typical regional characteristics in arid
areas. Its intensity was higher in the southeastern portion of the Taklimakan Desert than in
other areas, with the extent of damage extending to mid and southwestern Central Asia.

3.3. Comparative Analysis of CDHW Intensity and Single Heatwave Events

By comparing the TAH and tmax mean values of wet months with those of dry months
(Figure 7a,b), we can see that TAH(SPEI > −0.5), rather than TAH(SPEI < −0.5), had a
higher average strength. We can also see that temperature exceeded the average strength
by about 0.4–0.8 ◦C. Similarly, by looking at the tmax index, particularly tmax in a humid
state and tmax in drought state, we can see a north–south spatial pattern. The difference
basically occurs as a dividing line at a 45◦ north latitude, thus presenting a spatial pattern
that is high in the south and low in the north. South of 45N◦, the duration of tmax was
1–3 days in a humid state, and there were a few areas in the north where the wet tmax
exceeded dry tmax by 2–3 days. The correlation analysis of SPEI and AH (Figure 7c) shows
that the two have a good correlation of R2 = 0.46. The aggravating factor of drought will
lead to AH, and AH will further accelerate the occurrence of aridification. The spatial
correlation distribution diagram illustrates that the positive correlation area reached 80.2%.
More specifically, SPEI and AH had a strong positive correlation at the northwestern border
of China and in some areas in the southwest of Central Asia, with the correlation coefficient
reaching about 0.4.
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The temporal and spatial trends of heatwave intensity during periods of drought and
non-drought can indicate the quantitative relationship between compound events and
single heatwave intensity (Figure 8). For t3/t3(SPEI > −0.5) (Figure 8a), the trend frequency
in the northeastern area was 2.5 times per year. Furthermore, its largest ratio reached
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5 times the frequency of the trend area. Most of the other regional multiples were stronger
than single CDHW trends that concern heatwave frequency (about 2.5 times per year on
average) in the southwest of the most eastern areas, whereas a small number had an area
ratio of 7.5 times. The average annual growth rate of the CDHWs trend t3 was 0.75 times per
year. Moreover, CDHWs t5/t5(SPEI > −0.5) (Figure 8b) and t7/t7(SPEI > −0.5) (Figure 8c)
had the same spatial distribution pattern as t3, t5/t5(SPEI > −0.5). The highest spatial
growth rate of a trend was 0.77 times per year, and the average frequency intensity trend
of the CDHWs was higher than that of singular heatwaves. As tsum/tsum (SPEI > −0.5)
(Figure 8d) reflects the multiple trend of all occurrence frequencies, the mean frequency
intensity of the tsum of CDHWs was about 15 times that of a single heatwave event, and it
even reached 60 times per year in sporadic areas of northeastern China. The annual growth
rate of tsum/tsum (SPEI > −0.5) was 3.13 times per year. In summary, the frequency trends
of the four indicators have higher rate of growth in terms of space, which expands annually.
tmax/tmax(SPEI< −0.5) (Figure 8e) showed a high interannual growth rate of 0.81 times
per year, though no obvious spatial trend emerged. tmean/tmean(SPEI< −0.5) (Figure 8f)
showed no significant trend in terms of space, but it still increased at a rate of 0.02 times per
year over time. The AH/AH (SPEI < −0.5) (Figure 8g) trend showed that AH can increase,
and it had an annual growth rate of about 1.7 times per year. The increasing area of the
spatial trend accounted for more than 80%. Moreover, the AH/AH (SPEI > −0.5) trend
reached 15 times per year, with a relatively gentle trend change in the middle. Finally, we
noted that multiples of TAH were insensitive to AH in the spatial distribution, compared
with singular thermal events (Figure 8h), while still showing a slight increase of 0.003 times
per year as an interannual trend.

3.4. Relationship of CDHWs to Drought and Heatwave Events

We divided the entire research period into a base period (1981–1999) and a reference
period (2000–2018), and then we explored the quantitative relationship between CDHWs,
drought events, and heatwave events by looking for the hottest grid points in the two
periods. The hottest grid in the base period was 105.5◦E and 40◦N in 1999 (Figure 9c),
whereas the hottest grid in the reference period was 59.5◦E and 45.5◦N in 2016 (Figure 9d).
We defined a discontinuous heatwave day as the occurrence of at least three consecutive wet
days before the heatwave. During the dry months in the base period (Figure 9a), there was
an average of 14.67 dry days prior to each discontinuous heatwave day. During the humid
months, there was an average of 4.73 humid days prior to each discontinuous heatwave
day. Furthermore, we found that there were more heatwave days occurring during drought
states than humid states. For the dry months in the reference period (Figure 9b), there were,
on average, 6 dry days prior to each discontinuous heatwave day, whereas for the wet
months, there were, on average, 7.25 wet days; therefore, we can surmise that heatwaves
in a drought state occurred at essentially the same frequency (about 6 days) as those in a
humid state. In the transitional phase between the base and reference periods, the number
of drought days prior to the composite event decreased by 7.35 days, and the influence of
the composite event on the drought increased (Table 1).
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Table 1. Number and average days of discrete heatwaves in dry and wet conditions.

Days Average

1999_Wet 18 14 15 24 11 13 7 12 12 27 11 12 14.67
1999_Dry 11 25 11 9 15 4.73
2016_Dry 4 8 6 6
2016_Wet 8 10 4 6 8 8 7 7 7.25

As is evident from Table 2, the proportions of CDHWs, heatwave events, and drought
events were 67.27% and 14.29% in the base period, and 42.28% and 42.62% in the reference
period. During the transition from the base period to the reference period, the occurrence
probability of CDHWs increased from 39% to 52%, for an increase of 21%, and the oc-
currence probability of heatwave events increased from 58% to 123%, for an increase of
52.84%. On the other hand, drought events decreased from 273% to 122%, which repre-
sents a decrease of 123.77%; therefore, in the reference period, the proportion of CDHWs
and heatwave events played a leading role, and the proportion of CDHWs and drought
events increased by 52.98%. However, in the reference period, the proportion of CDHWs,
heatwave events, and drought events was basically the same, at about 42% (Table 2).
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Table 2. Occurrences and proportions of droughts, heatwaves, and CDHWs.

CDHWs Heatwaves Droughts CDHWs/Heatwaves CDHWs/Droughts

1999 39 58 273 67.27% 14.29%
2016 52 123 122 42.28% 42.62%Remote Sens. 2022, 14, x FOR PEER REVIEW 15 of 19 
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(a) Statistics regarding the hottest and driest grid points in the base period (1999); (b) statistics
regarding the hottest and driest grid points in the reference period (2019); (c,d) driest points in the
base and reference periods, respectively, and the spatial distribution of the hottest grid points.

4. Discussion

The increasing frequency and intensity of CDHWs is exacerbated by global warming,
as well as by extreme mean temperature anomalies on a regional scale [42]. Although
the increasing rate of CDHWs is worrisome, the increasing magnitude of CDHWs is rela-
tively consistent [9]. Both heatwaves and CDHWs are highly sensitive to variabilities in
climate [24,34]. The present study investigated the frequency, intensity, maximum duration,
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and heat accumulation under drought conditions, and the regional mean temperature
anomalies in Central Asia during 1981–2018. The results show that the frequency, intensity,
and maximum duration of CDHWs have increased, and that accumulated heat is increas-
ingly prominent in the eastern and southwestern parts of the study area. Our results are in
agreement with the assessment of global CDHWs [26] in terms of their increased frequency
and intensity. There is an increase in terms of the areas that are affected by CDHWs; the
emerging pattern is spatially asymmetric and there is a greater amplification effect across
the Northern Hemisphere. Concurrent, multi-type, extreme climate events have gradually
become a frontier issue in current disaster research [43]; therefore, it is important to clarify
the temporal and spatial variation characteristics of concurrent, multi-type, extreme climate
events on a global scale, as well as in local regions, for future comprehensive meteorological
disaster trend diagnoses and prevention [31].

In terms of single extreme climate events, heatwaves can occur in any season of
the year, though most happen in summer and fall [47]. In this paper, the comparison of
results in arid and non-arid areas showed that winter was becoming warmer at a greater
rate in arid areas than warming that occurred in summer [36]. Furthermore, we found
that winter warming amplified the effect of composite events occurring in arid zones,
and that soil moisture was increasing, along with air humidity and temperature; this is
because temperature anomalies were more likely to cause heatwave days [13], and the
driving factors of land complex events and land-air feedback are often characterized by air
subsidence. This leads to further air warming and drying, and it increases during latent heat
flux or sensible heat flux [23]. Combined events caused by drought and heatwave are mainly
controlled by surface flux [43]. The frequent occurrence of high temperature heatwaves may
not directly trigger drought, but when it occurs, high temperature heatwaves will cause
the drought to develop more rapidly and with greater intensity [48]. On the other hand,
drought also provides strong atmospheric circulation and underlying surface conditions
for the generation of high temperatures and heatwaves [49,50], thus having a significant
impact upon the socio-economic and ecological environment. In their recent work, Perkins-
Kirkpatrick introduced accumulated heat and mean temperature anomalies of heatwave
days into the assessment of global heatwaves, which quantitatively analyzed regional
differences in terms of heatwave intensity [42]. In the present study, we introduced this
concept for the first time in the assessment of composite events, and we found that there
was a significant increase in the trend for accumulated heat in arid Central Asia. Latitude is
also a key factor that should be considered when assessing global or regional CDHWs [15];
however, the internal relationship between drought and heatwave events becomes more
complicated due to differences in heat distribution across various dimensions, which are
caused by solar radiation. These differences mean that agricultural production and ecology
at different latitudes vary in terms of their ability to adapt to regional CDHWs [51].

As CDHWs can form as a combination of several single climate events [5], the future
frequency of complex drought and heatwave occurrences in arid areas should concern us.
Low-frequency CDHWs may not only be within the adaptive range, but they may also
be more sensitive to high-frequency and high-intensity complex events [34]. Moreover,
regional differences may result in changes to the factor combination structure of regional
CDHWs. In the future, different disaster-causing factors could be reasonably selected based
on regional characteristics. It would then be possible to further explore the internal physical
mechanisms of regional CDHWs and evaluate their impacts on agriculture, ecology, and
public health.

5. Conclusions

In this study, we analyzed the temporal and spatial variations of combined droughts
and heatwaves in Central Asia from 1981 to 2018. We also analyzed the seasonal differences
of tmax and TAH at a monthly scale, and we analyzed the spatial modal changes of
combined droughts and heatwaves using the EOF method. The intensity of the composite
drought and heatwave was compared with that of single heatwaves, based on the monthly
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mean TAH and monthly mean tmax. In order to explore the effects of drought events
and heatwave events on the occurrence of composite droughts and heatwaves, we used
1981–1999 as the base period and 2000–2018 as the reference period to find the hottest and
driest grid points in the two periods. The relationship between CDHWs and heatwave
events and drought events was also explored. The results show that:

(1) From 1981 to 2018, CDHWs in Central Asia showed an increasing trend in terms of
temporal and spatial variation. tsum increased at a rate of 0.17/yr, and the annual average
frequency of CDHWs was 4.8 event/yr. The total frequency of CDHWs was as high as
half the total frequency of heatwaves. CDHWs with the strongest intensity occurred in
2001, 2017, and 2018, with the tmax maximum duration reaching 17 days. In terms of
spatial trends, the increased area of accumulated heat accounted for the largest proportion
of affected land (97.78%). Additionally, we found that TAH was significantly affected by
seasonality, with increases in TAH during winter and spring being greater than those in
summer and autumn. TAH also exerted an influence on mean temperature anomalies.

(2) The accumulated variance contribution rate of EOF was as high as 67.43%, which
essentially explains the modal distribution of CDHWs in Central Asia. In 1988, 1993,
and 2002, TAH(SPEI < −0.5) showed a typical regional distribution in arid areas, and the
intensity in the southeastern part of the Taklimakan Desert was obviously higher than that
in other areas.

(3) The TAH(SPEI < −0.5) intensity was higher than the average TAH intensity of
0.4–0.8 ◦C in wet conditions, and it showed a north–south spatial pattern. In the transitional
phase between the base and reference periods, the number of drought days prior to a CDHW
decreased by 7.35 days, whereas the influence of CDHWs on droughts increased. During
the transition from the base to the reference period, CDHWs increased by 25%, heatwave
events increased from 58 to 123 (accounting for 52.84% of the increase), and drought events
slightly decreased.

Our results emphasize the spatio-temporal variations and modal analysis of CDHWs
in arid areas, along with the relationship between CDHWs and the occurrence of single
heatwave and drought events. CDHWs in Central Asia have increased significantly as
global temperatures have increased. It is well known that the wide range of impacts
associated with compound events exists not only in the natural sector and ecosystems,
but also in humans, particularly in areas related to public health. In the arid region of
Central Asia, the occurrence of CDHWs is expected to continue to increase in the future,
especially in the southeast and southwest. Research on CDHWs can provide science-based
information for decision-makers to deal with climate change, and it should therefore be
supported by the state and relevant departments.
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