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Abstract: Climate change is undoubtedly one of the world’s biggest challenges in the 21st century.
Drought risk analysis, forecasting and assessment are facing rapid expansion, not only from theoretical
but also practical points of view. Accurate monitoring, forecasting and comprehensive assessments
are of the utmost importance for reliable drought-related decision-making. The framework of drought
risk analysis provides a unified and coherent approach to solving inference and decision-making
problems under uncertainty due to climate change, such as hydro-meteorological modeling, drought
frequency estimation, hybrid models of forecasting and water resource management. This Special
Issue will provide researchers with a summary of the latest drought research developments in order to
identify and understand the profound impacts of climate change on drought risks and water resources.
The ten peer-reviewed articles collected in this Special Issue present novel drought monitoring
and forecasting approaches, unique methods for drought risk estimation and creative frameworks
for environmental change assessment. These articles will serve as valuable references for future
drought-related disaster mitigations, climate change interconnections and food productivity impacts.
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1. Introduction
Drought is a complex natural catastrophe that has plagued civilization throughout history.
It usually develops when different hydro-meteorological variables encounter drier than normal
conditions. Most parts of the world, even wet and humid regions, suffer from drought, though arid
areas are more susceptible because their moisture levels rely on only a few critical rainfall events [1].
Drought can be categorized into several types depending on its impact on the hydrological cycle [2].
Lack of precipitation for an extended period, i.e., several months to years, leads to meteorological
drought [3]. Meteorological drought inevitably spreads through the hydrological cycle for a prolonged
duration. This may cause crop yield reductions due to reduced soil moisture and is known as
agricultural drought [4,5]. Extended meteorological drought may cause a streamflow shortage, called
hydrological drought [6].
Drought is monitored using drought indices, which measure deviations from normal local
conditions based on historical distributions [7]. Drought indices developed to quantify meteorological,
agricultural and hydrological drought include the Rainfall Anomaly Index (RAI) [8], Palmer Drought
Severity Index (PDSI) [9], Standardized Precipitation Index (SPI) [10], Reconnaissance Drought Index
(RDI) [11], Standardized Precipitation Evapotranspiration Index (SPEI) [12], Crop Moisture Index
(CMI) [13], Soil Moisture Drought Index (SMDI) [14] and Standardized Runoff Index (SRI) [15].
Standardized drought indices are widely used due to their versatility and simplicity over various time
scales [6], and most only employ a single input indicator for drought monitoring. Single indicator-based
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drought indices do not fully reflect drought information and may lead to unreliable results [16]. They
are also based on the presumption of stationarity, which is not a valid assumption under changing
climate conditions; a more general and robust drought monitoring system is required.
Over the last century, the global climate and the environment have changed remarkably; global
warming, which contributes to increased water circulation, has caused severe natural disasters including
floods and droughts [17]. In most parts of the world, drought risk has increased significantly since 1970
due to the rise in evapotranspiration without any precipitation enhancement [7]. In East Asia, China
is frequently affected by drought due to significant precipitation and temperature variations [18–20].
The Ministry of Water Resources of China [21] reported extreme droughts occurring at an average rate
of every two years from 1990 to 2007. The associated crop productivity loss was estimated at almost
39.2 billion kg per year, about 1.47 percent of the gross domestic product. The Australian Agriculture
and Resource Economics Bureau reported that the 2006 drought reduced national winter cereal crops
by 36 percent and cost AUD $3.5 billion, leaving numerous farmers in fiscal crisis [22]. Therefore,
developing schemes for examining climate change-induced drought impacts on crop productivity is
crucial for sustaining global agriculture.
Global temperature increases and rainfall pattern variations are evidence that drought frequency
and severity are greatly affected by climate change [23]. Blenkinsop and Fowler [24] assessed climate
change impacts on drought characteristics and reported that short-term summer droughts are projected
to increase while long-term droughts will become less severe. Sheffield and Wood [25] used soil
moisture data to examine shifts in drought incidence by combining multiple General Circulation
Models (GCMs) and multi-scenarios. Extensive studies [26–30] focus on univariate and bivariate
frequency analyses for drought risk assessment due to climate change. Anthropogenic activities,
in addition to climate change, are also a major factor affecting drought phenomena [31]. Urbanization,
variation in land use/land cover and industrialization can influence hydrological processes and exert
environmental impacts, with substantial implications on water resources and, ultimately, hydrological
drought [32]. Many studies have quantified the influence of climate change and human activity
on streamflow, but studies on how they affect hydrological drought are very rare [33–35]. All of
these investigations utilized conventional drought indices for drought monitoring and are based on
stationarity presumptions; this is not valid for varying environmental conditions.
This Special Issue provides a platform for researchers to fill these gaps with their experience and
expertise. Figure 1 shows the climate-influenced relationships between hydrological cycle variables and
drought types. This Special Issue covers (1) robust index development for effective drought monitoring;
(2) risk analysis framework development and early warning systems; (3) impact investigations on crop
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Figure 1. Climate-influenced relationships between hydrological cycle variables and drought types.
Figure 1. Climate-influenced relationships between hydrological cycle variables and drought types.

Chen et al. [36] developed a new multivariate drought index based on multiple input variables:
precipitation, temperature, evaporation and surface water content. They compared the modified
composite drought index (MCDI) to the meteorological drought composite index (CI), an existing
multivariate drought index, and found a high correlation with drought events in China’s Hubei
Province. MCDI's drought monitoring accuracy is also compatible with historical drought records.
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2. Special Issue Overview
This Special Issue includes 10 peer-reviewed articles covering a wide range of research topics related
to drought monitoring, drought forecasting and drought risk analysis in a changing climate. Specific
issues include the development of a modified composite drought index (MCDI) and a non-stationary
joint drought management index (JDMI) [36,37], climate change influences on drought patterns
and crop yields [38,39], meteorological and hydrological drought risk under future climate change
predictions [40,41], extreme drought assessment and its relationship with the Indian Ocean dipole
(IOD) mode [42], severe drought prediction using atmospheric teleconnection patterns (ATPs) [43],
drought forecasting using stochastic models [44] and hydrological drought risk estimations based on
changing climate conditions and human activities [45]. These studies use statistical approaches, field
measurements and mathematical methodologies.
Chen et al. [36] developed a new multivariate drought index based on multiple input variables:
precipitation, temperature, evaporation and surface water content. They compared the modified
composite drought index (MCDI) to the meteorological drought composite index (CI), an existing
multivariate drought index, and found a high correlation with drought events in China’s Hubei
Province. MCDI’s drought monitoring accuracy is also compatible with historical drought records.
MCDI is a reliable drought monitoring index that represents integrated meteorological and agricultural
drought knowledge. In another study, Yu et al. [37] formulated a non-stationary joint drought
management index (JDMI) for hydrological drought risk assessments. They formulated a bivariate
time-varying copula model using generalized additive models for location, scale and shape (GAMLSS)
and determined future low-flow drought using simulated data for South Korea’s Soyang River basin.
From this, they calculated water supply performance indexes, considering reliability and vulnerability.
The outcomes suggest that time-varying models are more suitable for drought modeling under
changing environmental conditions. The non-stationary JDMI may serve as a significant model for
drought monitoring, planning and mitigation.
Guna et al. [38] examined the influence of climate variation on maize crop productivity during the
growing season in Songliao Plain, China. They applied the Mann–Kendall mutation test to determine
temperature and precipitation trends and used the standardized precipitation evapotranspiration index
(SPEI) to examine drought characteristics. They estimated the relationship between meteorological
drivers, drought indices and maize productivity and determined that the correlation between climate
yield and temperature is negative, while the correlation between climate yield and precipitation and
drought is positive. Using future global warming scenarios (1.5 ◦ C and the 2.0 ◦ C), the results show a
decrease in predicted maize productivity from −7.7% to −15.9% using multiple regressions and −12.2%
to 21.8% using one-variable regressions. These findings explain potential future security. Similarly,
Qutbudin et al. [39] investigated seasonal drought pattern variability using the Mann–Kendall test
and SPEI in Afghanistan. Their results indicate increasing Afghan drought severity and frequency.
A 0.14 ◦ C/decade temperature increase and rainfall decrease are the primary factors influencing the
results, which occur during the rice, corn and wheat growing season in Northwest and Southwest
Afghanistan. This methodology can be applied elsewhere and utilized in adaptation and mitigation
policy development.
Kwon and Sung [41] examined future drought changes using HadGEM2-AO projections in South
Korea. They projected future drought based on baseline climatic reference precipitation data and
quantitatively assessed changes in future drought’s severity and frequency. Their results, which are
distinctly different from previous studies due to existing methodology modification, suggest that future
drought will be weaker and less frequent due to a rise in precipitation. In future climates, mild drought
will occur more frequently, but drought frequency based on baseline climate will decrease. In order to
develop better coping strategies for future drought, knowledge about a region’s baseline and future
climates is essential. To better understand climate variation influences on drought, Kim et al. [40]
quantified the future hydrologic risk of extreme drought in South Korea using climate change scenario
representative concentration pathway (RCP) 8.5. They adopted the threshold level method to identify
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drought events and extract drought characteristics. They used bivariate frequency analysis to determine
return periods, taking into account drought duration and drought severity. They calculated that the
extreme drought hazard median will be higher in the future than the baseline period’s maximum
drought. These results will help establish drought risk-based quantitative design standards for water
resource systems.
Global rainfall patterns have changed due to climate change, resulting in extreme natural disasters
including drought. Yeh and Hsu [44] proposed an early warning system for drought forecasting using
stochastic, autoregressive integrated moving average (ARIMA) models based on the standardized
precipitation index (SPI) in Southern Taiwan. The ARIMA model yielded determination coefficients (R2)
of more than 80% at each station, with sufficiently low error indicators. This suggests that the ARIMA
model is a powerful tool for drought forecasting. Apart from climate change, anthropogenic activities
also influence hydrological drought risk. Zhang et al. [45] quantified climate change and anthropogenic
activity impacts on the hydrological drought risk for China’s Kuye River basin (KRB). They found that
the KRB’s annual runoff pattern changed significantly after 1979, and drought characteristics (duration
and severity) have been considerably worse in more recent times. The quantitative assessment reflects
that human activities lead to an increased regional drought risk, and the modeling results can be
utilized to plan and control sustainable water supplies.
Two studies improved extreme drought predictability by identifying the relationship between the
Indian Ocean dipole (IOD) and atmospheric teleconnection patterns (ATPs). Gao et al. [42] examined
extreme droughts in the Indochina peninsula (ICP) and its IOD relationship. They mimicked the
drought-sensitive area and various IOD evolution patterns via statistical simulations. The results
showed a reduction in extreme drought frequency throughout Vietnam and Southwestern China.
In contrast, they saw a drought frequency increase in Cambodia, Central Laos, and along the coastline
adjacent to the Myanmar Sea. Gao et al. [43] identified the relationship between extreme droughts and
ATPs by selecting a core drought region (CDR) based on historical drought analysis. They chose four
principal components (PCs) based on eight teleconnection variances. The extreme spring drought (ESD)
predictions showed that the neural network’s predictive performance was superior to the Poisson
regression. These studies will be helpful in improving extreme drought diagnostic methods.
3. Conclusions
This Special Issue’s ten articles advance our understanding of drought’s complex phenomena and
its interaction with climate change and human activity. The newly proposed drought indices [36,37] will
serve as effective tools for drought monitoring under changing environmental conditions. The indices
can incorporate multiple inputs for drought calculation, which is more realistic than traditional
methods. Two articles [38,39] investigated the effects of climate change-induced drought on various
types of crop productivity. These studies showed that temperature increases result in decreases in
crop productivity; this is linked to food security. The next two articles [40,41] examined meteorological
and hydrological drought risks under future climate change scenarios. The methodologies presented
in these two articles are helpful to cope with future natural disasters. Two papers [42,43] improve
drought predictability by identifying the relationships between drought and the Indian Ocean dipole
(IOD) and atmospheric teleconnection patterns (ATPs). Another article [44] proposed a drought early
warning system using a stochastic, autoregressive, integrated moving average (ARIMA) model; this
study is very beneficial because advance knowledge is required for effective management.
These articles cover a wide geographic range, across China [36,38,43,45], Taiwan [44], South
Korea [37,40,41] and the Indo–China peninsula [42], which covers many contrasting climatic conditions.
Hence, their results have global implications: the data, analysis/modeling, methodologies and
conclusions lay a solid foundation for enhancing our scientific knowledge of drought’s complex
mechanisms and relationships to varying environmental conditions.

Water 2020, 12, 1862

5 of 7

Author Contributions: Conceptualization, T.-W.K.; writing—original draft preparation, M.J.; writing—review
and editing, T.-W.K. All authors have read and agreed to the published version of the manuscript.
Funding: This research received no external funding.
Acknowledgments: This special issue is partially supported by the Korea Environmental Industry & Technology
Institute (KEITI) grants funded by the Korea Ministry of Environment (83070 and 79616). The authors highly
appreciate the editor and anonymous reviewers for their invaluable comments as well as the publication team of
Water for their tireless efforts.
Conflicts of Interest: The authors declare no conflict of interest.

References
1.
2.
3.
4.
5.
6.

7.
8.
9.
10.

11.
12.
13.
14.

15.
16.
17.
18.
19.
20.
21.

Sun, Y.; Solomon, S.; Dai, A.; Portmann, R.W. How often does it rain? J. Clim. 2006, 19, 916–934. [CrossRef]
Heim, R.R., Jr. A review of twentieth-century drought indices used in the United States. Bull. Am. Meteorol.
Soc. 2002, 83, 1149–1166. [CrossRef]
Wilhite, D.A. Drought as a Natural Hazard: Concepts and Definitions; Routledge: London, UK, 2000.
Keyantash, J.; Dracup, J.A. The quantification of drought: An evaluation of drought indices. Bull. Am.
Meteorol. Soc. 2002, 83, 1167–1180. [CrossRef]
Jehanzaib, M.; Kim, T.W. Exploring the influence of climate change-induced drought propagation on wetlands.
Ecol. Eng. 2020, 149, 105799. [CrossRef]
Jehanzaib, M.; Sattar, M.N.; Lee, J.H.; Kim, T.W. Investigating effect of climate change on drought propagation
from meteorological to hydrological drought using multi-model ensemble projections. Stoch. Environ. Res.
Risk Assess. 2020, 34, 7–21. [CrossRef]
Dai, A. Drought under global warming: A review. Wiley Interdiscip. Rev. Clim. Chang. 2011, 2, 45–65.
[CrossRef]
Van-Rooy, M.P. A rainfall anomaly index (RAI) independent of time and space. Notos 1965, 14, 43–48.
Palmer, W.C. Meteorologic Drought; Weather Bureau, Research Paper No. 45; US Department of Commerce,
Weather Bureau: Washington, DC, USA, 1965.
McKee, T.B.; Doesken, N.J.; Kleist, J. The relationship of drought frequency and duration to time scales.
In Proceedings of the 8th Conference on Applied Climatology, Anaheim, CA, USA, 17–22 January 1993;
Volume 17, pp. 179–183.
Tsakiris, G.; Vangelis, H.J.E.W. Establishing a drought index incorporating evapotranspiration. Eur. Water
2005, 9, 3–11.
Vicente-Serrano, S.M.; Beguería, S.; López-Moreno, J.I. A multiscalar drought index sensitive to global
warming: The standardized precipitation evapotranspiration index. J. Clim. 2010, 23, 1696–1718. [CrossRef]
Palmer, W.C. Keeping track of crop moisture conditions, nationwide: The new crop moisture index.
Weatherwise 1968, 21, 156–161. [CrossRef]
Hollinger, S.E.; Isard, S.A.; Welford, M.R. A New Soil Moisture Drought Index for Predicting Crop Yields. In
Preprints, Eighth Conference on Applied Climatology; American Meteorological Society: Anaheim, CA, USA,
1993; pp. 187–190.
Shukla, S.; Wood, A.W. Use of a standardized runoff index for characterizing hydrologic drought. Geophys.
Res. Lett. 2008, 35, L02405. [CrossRef]
Hao, Z.; AghaKouchak, A. Multivariate standardized drought index: A parametric multi-index model. Adv.
Water Resour. 2013, 57, 12–18. [CrossRef]
Leng, G.; Tang, Q.; Rayburg, S. Climate change impacts on meteorological, agricultural and hydrological
droughts in China. Glob. Planet. Chang. 2015, 126, 23–34. [CrossRef]
Ma, Z.; Fu, C. Interannual characteristics of the surface hydrological variables over the arid and semi-arid
areas of northern China. Glob. Planet. Chang. 2003, 37, 189–200. [CrossRef]
Dai, A.; Trenberth, K.E.; Qian, T. A global dataset of Palmer Drought Severity Index for 1870–2002: Relationship
with soil moisture and effects of surface warming. J. Hydrometeorol. 2004, 5, 1117–1130. [CrossRef]
Zou, X.; Zhai, P.; Zhang, Q. Variations in droughts over China: 1951–2003. Geophys. Res. Lett. 2005, 32.
[CrossRef]
MWRC China Water Resources Bulletin 2011; China WaterPower Press: Beijing, China, 2011.

Water 2020, 12, 1862

22.
23.

24.
25.
26.
27.
28.
29.
30.

31.
32.
33.

34.

35.
36.
37.
38.
39.

40.
41.
42.

43.

6 of 7

Wong, G.; Lambert, M.F.; Leonard, M.; Metcalfe, A.V. Drought analysis using trivariate copulas conditional
on climatic states. J. Hydrol. Eng. 2010, 15, 129–141. [CrossRef]
IPCC, C.C. The physical science basis. In Contribution of Working Group I to the Fourth Assessment Report of
the Intergovernmental Panel on Climate Change; Cambridge University Press: Cambridge, UK; New York, NY,
USA, 2007.
Blenkinsop, S.; Fowler, H.J. Changes in drought frequency, severity and duration for the British Isles projected
by the PRUDENCE regional climate models. J. Hydrol. 2007, 342, 50–71. [CrossRef]
Sheffield, J.; Wood, E.F. Projected changes in drought occurrence under future global warming from
multi-model, multi-scenario, IPCC AR4 simulations. Clim. Dyn. 2008, 31, 79–105. [CrossRef]
Salas, J.D.; Fu, C.; Cancelliere, A.; Dustin, D.; Bode, D.; Pineda, A.; Vincent, E. Characterizing the severity and
risk of drought in the Poudre River, Colorado. J. Water Resour. Plann. Manag. 2005, 131, 383–393. [CrossRef]
Santos, J.F.; Portela, M.M.; Pulido-Calvo, I. Regional frequency analysis of droughts in Portugal. Water Resour.
Manag. 2011, 25, 3537. [CrossRef]
Yoo, J.; Kim, U.; Kim, T.W. Bivariate drought frequency curves and confidence intervals: A case study using
monthly rainfall generation. Stoch. Environ. Res. Risk Assess. 2013, 27, 285–295. [CrossRef]
Mortuza, M.R.; Moges, E.; Demissie, Y.; Li, H.Y. Historical and future drought in Bangladesh using
copula-based bivariate regional frequency analysis. Theor. Appl. Climatol. 2019, 135, 855–871. [CrossRef]
Jehanzaib, M.; Kim, J.E.; Park, J.Y.; Kim, T.W. Probabilistic Analysis of Drought Characteristics in Pakistan
Using a Bivariate Copula Model. In Proceedings of the Korea Water Resources Association Conference,
Yeosu, Korea, 30–31 May 2019; p. 151.
Jehanzaib, M.; Shah, S.A.; Yoo, J.; Kim, T.W. Investigating the impacts of climate change and human activities
on hydrological drought using non-stationary approaches. J. Hydrol. 2020, 588, 125052. [CrossRef]
Sheffield, J.; Wood, E.F.; Roderick, M.L. Little change in global drought over the past 60 years. Nature 2012,
491, 435–438. [CrossRef]
Jiang, S.; Wang, M.; Ren, L.; Xu, C.Y.; Yuan, F.; Liu, Y.; Lu, Y.; Shen, H. A framework for quantifying the
impacts of climate change and human activities on hydrological drought in a semiarid basin of Northern
China. Hydrol. Process. 2019, 33, 1075–1088. [CrossRef]
Jehanzaib, M.; Shah, S.A.; Kwon, H.H.; Kim, T.W. Investigating the influence of natural events and
anthropogenic activities on hydrological drought in South Korea. Terr. Atmos. Ocean. Sci. 2020, 31, 85–96.
[CrossRef]
Zhang, D.; Zhang, Q.; Qiu, J.; Bai, P.; Liang, K.; Li, X. Intensification of hydrological drought due to human
activity in the middle reaches of the Yangtze River, China. Sci. Total Environ. 2018, 637, 1432–1442. [CrossRef]
Chen, S.; Zhong, W.; Pan, S.; Xie, Q.; Kim, T.W. Comprehensive Drought Assessment Using a Modified
Composite Drought index: A Case Study in Hubei Province, China. Water 2020, 12, 462. [CrossRef]
Yu, J.; Kim, T.W.; Park, D.H. Future hydrological drought risk assessment based on non-stationary joint
drought management index. Water 2019, 11, 532. [CrossRef]
Guna, A.; Zhang, J.; Tong, S.; Bao, Y.; Han, A.; Li, K. Effect of Climate Change on Maize Yield in the Growing
Season: A Case Study of the Songliao Plain Maize Belt. Water 2019, 11, 2108. [CrossRef]
Qutbudin, I.; Shiru, M.S.; Sharafati, A.; Ahmed, K.; Al-Ansari, N.; Yaseen, Z.M.; Shahid, S.; Wang, X.
Seasonal drought pattern changes due to climate variability: Case study in Afghanistan. Water 2019, 11,
1096. [CrossRef]
Kim, J.E.; Yoo, J.; Chung, G.H.; Kim, T.W. Hydrologic Risk Assessment of Future Extreme Drought in South
Korea Using Bivariate Frequency Analysis. Water 2019, 11, 2052. [CrossRef]
Kwon, M.; Sung, J.H. Changes in future drought with HadGEM2-AO projections. Water 2019, 11, 312.
[CrossRef]
Gao, Q.G.; Sombutmounvong, V.; Xiong, L.; Lee, J.H.; Kim, J.S. Analysis of Drought-Sensitive Areas and
Evolution Patterns through Statistical Simulations of the Indian Ocean Dipole Mode. Water 2019, 11, 1302.
[CrossRef]
Gao, Q.; Kim, J.S.; Chen, J.; Chen, H.; Lee, J.H. Atmospheric Teleconnection-Based Extreme Drought
Prediction in the Core Drought Region in China. Water 2019, 11, 232. [CrossRef]

Water 2020, 12, 1862

44.
45.

7 of 7

Yeh, H.F.; Hsu, H.L. Stochastic Model for Drought Forecasting in the Southern Taiwan Basin. Water 2019, 11,
2041. [CrossRef]
Zhang, M.; Wang, J.; Zhou, R. Attribution Analysis of Hydrological Drought Risk Under Climate Change
and Human Activities: A Case Study on Kuye River Basin in China. Water 2019, 11, 1958. [CrossRef]
© 2020 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 (http://creativecommons.org/licenses/by/4.0/).

