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Abstract: Gaining a comprehensive understanding of the characteristics and propagation of
precipitation-based meteorological drought to terrestrial water storage (TWS)-derived hydrological
drought is of the utmost importance. This study aims to disentangle the frequency–time relationship
between precipitation-derived meteorological and TWS-based hydrological drought from June 2002
to June 2017 based on the Standardized Precipitation Index (SPI) and Standardized Terrestrial Water
Storage Index (STI) by employing wavelet coherence rather than a traditional correlation coefficient.
The possible influencing factors on drought propagation in 28 regions across the world are examined.
The results show that the number of drought months detected by the STI is higher than that detected
by the SPI worldwide, especially for slight and moderate drought. Generally, TWS-derived hydro-
logical drought is triggered by and occurs later than precipitation-based meteorological drought.
The propagation characteristics between meteorological and hydrological droughts vary by region
across the globe. Apparent intra-annual and interannual scales are detected by wavelet analysis
in most regions, but not in the polar climate region. Drought propagation differs in phase lags in
different regions. The phase lag between hydrological and meteorological drought ranges from 0.5
to 4 months on the intra-annual scale and from 1 to 16 months on the interannual scale. Drought
propagation is influenced by multiple factors, among which the El Niño–Southern Oscillation, North
Atlantic Oscillation, and potential evapotranspiration are the most influential when considering one,
two, or three factors, respectively. The findings of this study improve scientific understanding of
drought propagation mechanisms over a global scale and provide support for water management in
different subregions.

Keywords: meteorological droughts; GRACE; hydrological droughts; drought propagation;
influencing factors

1. Introduction

Drought is a complex, extreme, and prolonged natural disaster resulting in costly and
destructive impacts on society and ecosystems [1,2]. By convention, drought is divided into
four types, i.e., meteorological, agricultural, hydrological, and socioeconomic drought [3,4].
Meteorological drought is associated with rainfall shortfall over an extended period [5].
Agricultural drought refers to soil moisture shortage which contributes to crop reduction.
Hydrological drought is defined as the deficit of a surface or subsurface water component,
such as runoff, soil moisture, groundwater [6–9]. These three types of droughts can cause
socioeconomic drought which may consequently threaten water and food security for
human beings [4,10].
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The transformation between drought types derived by different hydroclimatic vari-
ables is called drought propagation [11–13]. Understanding the propagation system and
the mechanism of the transition from meteorological drought to hydrological drought is
essential for drought warning and forecasting [14,15]. There are three main propagated
modes between meteorological and hydrological droughts—(1) a meteorological drought
leads to a hydrological drought; (2) a meteorological drought happens while no hydrologi-
cal drought occurs; and (3) a hydrological drought takes place without a meteorological
drought [16,17]. Several previous studies have focused on the spatio-temporal variabil-
ity for propagation and the lag time between meteorological and hydrological droughts
derived by runoff, streamflow, soil moisture, or groundwater [1,14,18–23]. The transition
of hydrological to meteorological drought varies by regions and climates [24], and it is
highly sensitive to the severity of antecedent meteorological drought [23,25]. For example,
the runoff-derived hydrological drought in the Yellow River Basin is 1–2 months lagged
behind the meteorological drought [26]. The time lag is about 6~10 months in most regions
of the Wei River Basin, and hydrological drought lasts longer in response to meteorological
drought in areas with sufficient vegetation cover and loess deposits [27]. The time lag
between runoff-derived hydrological drought and meteorological drought is within one
month in most areas of the Yangtze River Basin [28]. To date, many previous studies have
only focused on the mechanism between meteorological and hydrological drought derived
by a single surface water component. Since its launch on 17 March 2002, the Gravity
Recovery and Climate Experiment (GRACE) mission, a joint geodetic satellite mission
of NASA and the German Aerospace Center, has revolutionized our understanding of
the Earth’s water reserves. The twin GRACE satellites have been uninterruptedly track-
ing the changes in Earth’s gravity field, which are influenced by terrestrial water storage
(TWS). By measuring the deficit in the TWS—the summation of all surface and subsurface
water components—GRACE provides a more holistic assessment of hydrological water
shortage [29]. Only a few studies have focused on the relationship between TWS and
meteorological variations. For instance, the study in [30] qualifies the response of TWS
anomalies and related components to precipitation over 168 global basins. However, these
types of studies often rely excessively on correlation analyses, which only show simi-
larities between variables and possibly offset positive and negative correlations [31–33],
and ignore localized frequency relationships between variables. In recent years, wavelet
coherence (WTC) has obtained enormous popularity for its ability to analyze relationships
between nonstationary signals. Its application has expanded across multiple fields, in-
cluding geophysics and economics, largely due to its effectiveness in providing a nuanced
understanding of signal interactions in time–frequency space that may be misrepresented
by standard correlation coefficients [34–37]. Thus, this study examines the characteristics
of the propagation from meteorological drought to TWS-based hydrological drought by
employing the WTC method across the globe to fill this gap.

Drought propagation can be affected by local factors such as water, energy, topography,
watershed discharge, and storage state at the local scale [22,38]. Previous studies have paid
attention to the contribution of local climate characteristics to drought conditions, and the
findings of these studies have strongly enriched the knowledge of the origin of drought.
For instance, the increasing evapotranspiration rate and heat wave expedited the propa-
gation from meteorological to groundwater drought in the Pearl River Basin [22]. In the
Wei River Basin, rising temperature and decreasing soil moisture and precipitation rather
than irrigation water consumption dominate propagation dynamics from meteorological
to agricultural drought [39]. Precipitation and soil moisture strongly influence propa-
gation from meteorological to streamflow-driven hydrological drought in the Wei River
Basin [40]. Overall, the main focus of previous studies has mainly been on direct climate
factors including precipitation (PRE), evapotranspiration (ET), and temperature (TMP) on
drought propagation [5,11,41,42]. However, less focus has been paid to the influence of in-
direct factors (e.g., teleconnections) on drought propagation via hydrologic/meteorological
processes, which is also essential for understanding the propagation mechanism. Hence,
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more efforts should be made to explore the effect of oceanic teleconnections on drought
propagation.

Teleconnections, such as the El Niño–Southern Oscillation (ENSO), the Arctic Oscil-
lation (AO), the North Atlantic Oscillation (NAO), the Pacific Decadal Oscillation (PDO),
the Pacific/North American Teleconnection Pattern (PNA), and the Indian Ocean Dipole
(IOD), have important effects on hydrological cycles, mainly through affecting local PRE
and TMP [43]. The ENSO consists of El Niño and alternating La Niña phases, leading to
the sea surface temperature in the tropical Pacific being warmer and colder than normal
conditions, respectively [44–46]. Through modulating meteorological processes associated
with convection due to coastal warming, the Walker circulation, or atmospheric circulation
anomalies, the ENSO affects the precipitation and temperature beyond the coastal regions
of the Pacific Ocean even globally [46–49]. The NAO was originally discovered in the
late 19th century [50]. It is the most significant mode of the atmospheric phenomenon
at mid-latitudes in the North Atlantic and can reflect the fluctuations in the sea level by
atmospheric variability between the Azores High and the Icelandic Low. A significant
correlation exists between NAO and hydroclimatic variables or dry/wet conditions in
many regions, because precipitation and temperature on the land surface are associated
with sea level pressure and sea temperature variability [51,52]. The IOD is an irregu-
lar oscillation in the Indian Ocean, whose positive phase causes higher temperatures in
the Western Indian Ocean and more precipitation and the negative phase has the oppo-
site characteristics [53,54]. Although previous studies have demonstrated the impacts of
teleconnections on regional hydrological cycles, the understanding of the influences of
teleconnections on drought propagation from meteorological to TWS-based hydrological
drought is still limited.

In this study, the standardized precipitation index (SPI) is employed to characterize
meteorological drought, and TWS-based hydrological drought is represented by a standard-
ized terrestrial water storage index (STI). The primary aims of this study are to examine the
response of TWS-based hydrological drought to meteorological drought at a global scale,
and to identify the key influencing factor(s) on drought propagation. The analysis in this
study helps improve the scientific understanding of the forcing mechanisms and processes
of TWS-based drought propagation at the global scale, which provides a scientific basis
for decision making in drought prevention and water resource management to achieve
long-term sustainability under the changing environment.

2. Materials and Methods
2.1. Data

By monitoring gravity anomalies caused by mass redistribution on the earth, the
GRACE satellites can provide regional or global monthly records of TWS, including ice
sheets, aquifers, lakes, rivers, etc. [55]. GRACE measurements have been widely used in
hydrological drought characterization and recovery time detection [56–58]. Here, GRACE
Release-06 (RL06) mascon data with a high spatial resolution of 0.25◦ × 0.25◦ pretreated
by the Center for Space Research (CSR) are employed to describe the characteristics of
hydrological drought from 2002 to 2017 at the global scale (http://www2.csr.utexas.edu/
grace/RL06_mascons.html, accessed on 3 October 2021) [59]. The mean value of the two
adjacent preceding and following months are utilized to fill in the missing value of GRACE
at a certain month. Climatic Research Unit (CRU) TS 4.03 monthly temperature, potential
ET (PET), and precipitation datasets at the 0.5◦ × 0.5◦ spatial resolution (http://data.ceda.
ac.uk/badc/cru/data/cru_ts/cru_ts_4.03, accessed on 1 April 2023) from April 2002 to
June 2017 were collected from the UK National Centre due to their advantages of higher
spatial-temporal resolution and good consistency with in situ observations [60,61]. All
datasets are interpolated into the same 0.25◦ × 0.25◦ spatial resolution as GRACE data by
the bilinear interpolation method [62].

To evaluate the teleconnection effect on drought propagation, monthly ENSO, NAO,
AO, PDO, PNA, and Dipole Mode Index (DMI) data from 2002 to 2017 are applied in this

http://www2.csr.utexas.edu/grace/RL06_mascons.html
http://www2.csr.utexas.edu/grace/RL06_mascons.html
http://data.ceda.ac.uk/badc/cru/data/cru_ts/cru_ts_4.03
http://data.ceda.ac.uk/badc/cru/data/cru_ts/cru_ts_4.03
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study. The intensity of IOD can be characterized by the DMI, which is the anomalous sea
surface temperature gradient between the west tropical Indian Ocean (50◦ E to 70◦ E and
10◦ S to 10◦ N) and the east tropical Indian Ocean (90◦ E to 110◦ E and 10◦ S to 0◦ S). The
Niño 3.4 index is used to represent ENSO. Niño 3.4 and DMI data are obtained from the
Earth System Research Laboratories of National Oceanic and Atmospheric Administration
via https://climatedataguide.ucar.edu/climate-data (accessed on 25 October 2022) [63–65].
Monthly AO, NAO, and PNA are acquired from the Working Group of the Global Climate
Observing System at https://www.cpc.ncep.noaa.gov/data/teledoc/telecontents.shtml
(accessed on 25 October 2022) [66,67]. Monthly PDO data derived from the Extended
Reconstructed Sea Surface Temperature (version 5) are accessible at https://www.ncei.
noaa.gov/pub/data/cmb/ersst/v5/index/ (accessed on 25 October 2022) [68]. Table 1
summarizes the abbreviations and sources of the oceanic and climate indices used in this
study. To investigate the regional drought propagation across the globe, we delineate the
global terrestrial areas where both PRE and GRACE data are available into 28 regions based
on the classification in the 5th Intergovernmental Panel on Climate Change reports (Table 2
and Figure 1).

Table 1. Abbreviations and sources of the oceanic and climate indices used in this study.

Index Abbreviation Data Source

El Niño–Southern Oscillation ENSO https://climatedataguide.ucar.edu/climate-data
(accessed on 25 October 2022)

Arctic Oscillation AO https://www.cpc.ncep.noaa.gov/data/teledoc/
telecontents.shtml (accessed on 25 October 2022)

North Atlantic Oscillation NAO https://www.cpc.ncep.noaa.gov/data/teledoc/
telecontents.shtml (accessed on 25 October 2022)

Pacific Decadal Oscillation PDO https://www.ncei.noaa.gov/pub/data/cmb/
ersst/v5/index/ (accessed on 25 October 2022)

Pacific/North American Teleconnection Pattern PNA https://www.cpc.ncep.noaa.gov/data/teledoc/
telecontents.shtml (accessed on 25 October 2022)

Dipole Mode Index DMI https://climatedataguide.ucar.edu/climate-data
(accessed on 25 October 2022)

Potential Evapotranspiration PET http://data.ceda.ac.uk/badc/cru/data/cru_ts/
cru_ts_4.03 (accessed on 1 April 2023)

Precipitation PRE http://data.ceda.ac.uk/badc/cru/data/cru_ts/
cru_ts_4.03 (accessed on 1 April 2023)

Temperature TMP http://data.ceda.ac.uk/badc/cru/data/cru_ts/
cru_ts_4.03 (accessed on 1 April 2023)
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Table 2. The 28 regions used in this study.

Region Abbreviation

Alaska/N.W. Canada ALA
Amazon AMZ

Central America/Mexico CAM
Small Island Regions, Caribbean CAR

Central Asia CAS
Central Europe CEU

Canada/Greenland/Iceland CGI
Central North America CNA

East Africa EAF
East Asia EAS

East North America ENA
South Europe/Mediterranean MED

North Asia NAS
North Australia NAU
Northeast Brazil NEB

North Europe NEU
Southern Africa SAF

Sahara SAH
South Asia SAS

South Australia/New Zealand SAU
Southeast Asia SEA

Southeastern South America SSA
Southern Tropical Pacific STP

Tibetan Plateau TIB
West Africa WAF
West Asia WAS

West North America WNA
West Coast South America WSA

2.2. Standardized Precipitation Index (SPI)

The SPI is a multi-scalar index based solely on the accumulative precipitation for
a given time scale (e.g., 1, 3, 6, 9, . . . months). It has been widely used in previous
studies for drought characterization (e.g., severity, frequency, and duration time) since
proposed by [69]. SPI in short time scales is usually utilized for meteorological drought
detection [70,71], and SPI in longer time scales is commonly employed for the identification
of agricultural and hydrological drought [72,73].

In this study, the precipitation data described in Section 2.1 are utilized to compute SPI.
The SPI at the 3-month time scale is employed in this study to represent the meteorological
drought condition. SPI-3 can be computed by Equation (1):

SPIi = φ−1
(

F
(

Pi
))

(1)

where i is a month in one year (e.g., February). P is the sum of the precipitation in the
adjacent 3 months, and F is the cumulative distribution of the Gamma distribution, which
is utilized to define the relationship between probability and accumulative precipitation
Pi, φ−1 is the inverse of the standard normal cumulative distribution function, and the
precipitation deviation is SPIi. For details of the method, the reader can refer to [69]. The
values are classified into nine categories [69]: slight (−1.0 to −0.5), moderate (−1.5 to −1.0),
severe (−2.0 to −1.5), and extreme (≤ −2) drought, normal (−0.5 to 0.5), as well as slight
(0.5 to 1.0), moderate (1.0 to 1.5), severe (1.5 to 2.0), and extreme (≥ 2.0) wet circumstances
(Table 3).
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Table 3. Classification of dry/wet conditions of SPI and STI [29,69].

Classification Probability (%) Value

Extremely dry 2.3 ≤−2.0
Severely dry 4.4 −2.0~−1.5

Moderately dry 9.2 −1.5~−1.0
Slightly dry 15.0 −1.0~−0.5
Near normal 38.2 −0.5~0.5
Slightly wet 15.0 0.5~1.0

Moderately wet 9.2 1.0~1.5
Severely wet 4.4 1.5~2.0

Extremely wet 2.3 ≥2.0

2.3. Standardized Terrestrial Water Storage Index (STI)

STI is a multi-scalar probabilistic index that characterizes TWS deficiency at multiple
time scales and the statistical definition of STI is comparable to SPI [29]. Different from
other GRACE TWS-based hydrological indices (e.g., the drought severity index [74], the
total storage deficit index [75], and the GRACE groundwater drought index [56]), STI
accounts for the antecedent cumulative TWS surplus/deficit of past months on the current
wet/dry condition. In this study, the time scale for STI is the same as SPI, i.e., 3 months.
The formula for STI-3 is

STIi = φ−1
(

F
(

Ti
))

(2)

where T is the time series of the accumulative sum of TWS in the antecedent 3 months, Ti

denotes data for month i of the new dataset, F means the best-fitting cumulative distribu-
tion functions for Ti. Here, Ti is fitted by the normal distribution to define the relationship
of probability to accumulative TWS because more than 90% of the global gridded points
pass the Lilliefors test for normality at the 5% significant level [29,76]. Once the relation-
ship between probability and TWS is created in accordance with historical records, the
probability of TWS is computed, and the TWS deviation for a standard normal distribution
with a mean of zero and a standard deviation of one can be estimated by employing the
inverse normal distribution, and φ−1 means the inverse of the standard normal cumula-
tive distribution. This deviation is the STI value for the particular TWS data point. The
detailed computation process is described in [29]. The same as SPI, STI is divided into nine
categories, as shown in Table 3 [29].

2.4. Mann–Kendall Test and Sen’s Slope

The non-parametric Mann–Kendall test [77,78] has been widely used in analyzing
trends of meteorological and hydrological variables. Statistic S is computed by Equation (3).

S =
n−1

∑
k=1

n

∑
j=k+1

sgn
(
Xj − Xk

)
(3)

where n is the length of the data, and Xj and Xk are the data values for time j and k (j > k),
respectively. The sgn

(
Xj − Xk

)
can be obtained from Equation (4):

sgn(x) =


1 i f

(
Xj − Xk

)
> 0

0 i f
(
Xj − Xk

)
= 0

−1 i f
(
Xj − Xk

)
< 0

(4)

The variance is calculated as

VAR(S) =
n(n − 1)(2n + 5)− ∑

p
t=1 qt(qt − 1)(2qt + 5)

18
(5)
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where p is the number of tied groups which represents a dataset having the same value,
and qt is the total number for each tied data (t = 1, 2, . . . , p).

Then, the test statistic Z can be acquired by Equation (6).

Z =


S−1

VAR(S) i f S > 0
0, i f S = 0

S+1
VAR(S) i f S < 0

(6)

There is an increasing trend if Z > 0, and vice versa. The null hypothesis should be
rejected when |Z| > Z1−α/2 and the trend is significant in the time series. Z1−α/2 can be
accessed from the standard normal distribution. And α = 0.05 is employed in this study.

The magnitude of trend is computed by Sen’s slope estimator [79]. And it is defined as

slope = median
{Xj − Xk

j − k

}
, k < j (7)

where Xj and Xk are the data values (i.e., SPI or STI values) corresponding to the time j and
k. A positive slope value represents an upward trend, while a negative value indicates a
downward trend.

2.5. Wavelet Coherence Method

The WTC is proposed to measure the linkage between two time series by decomposing
each variable into a time–frequency space [80]. According to [34], the square WTC between
two signals X and Y at scale s is defined as

P2(Y, X) =

∣∣H(s−1WXY(s)
)∣∣2

H
(

s−1|WX(s)|2
)(

s−1|WY(s)|2
) (8)

where WXY(s) is the cross-wavelet transform of two time series which represents the
cross-covariance:

WXY(s) = WX(s)WY(s)
∗

(9)

where ∗ represents complex conjugation, WX(s) and WY(s) are the corresponding wavelet
transforms of X and Y at wavelet scale s. H denotes a smoothing operator in time–frequency
space, and it is calculated as

H = Hscale(Htime(W(s))) (10)

where Hscale and Htime denote smoothing in the wavelet scale and time, respectively. And
the suitable two operators are given by [80].

The phase difference is expressed as

∅ = tan−1

(
I
(

H
(
s−1WXY(s)

))
R(H(s−1WXY(s)))

)
∈ [0, 2π] (11)

where I and R are the imaginary and real parts of the smoothing operator H, respectively.
When the phase difference is 0 degrees, X and Y are coincident in the time domain (i.e., in
phase), whereas they are in anti-phase when the phase difference is around 180 degrees. For
the WTC figure, the phase difference is π/2 when the arrow points down and is parallel
to the y-axis (scale axis). And the phase angle reveals the temporal delay or phase shift
between two signals, which is given as

∆t =
∅× T

2π
(12)
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where T is the periodicity along the time domain, corresponding to the y-coordinate of a
point on the WTC figure.

The Partial WTC (PWC) is employed to measure the time–frequency scale between
two variations by eliminating the influence of other factors. It was introduced by [81] and
then improved by [33,82]. Here, we only consider the situation of excluding one, two, and
three variables based on the method developed by [33], and the equation can be expressed
as follows:

PY,X·Z =

(
1 − R2

Y,X·Z(s)
)

PY,X(s)√(
1 − R2

Y·Z(s)
)(

1 − R2
X·Z(s)

) (13)

where · represents the annotation for excluding variation Z (Z={Z1, Z2, Z3, · · · , Zq}), and
R2

Y,X·Z(s), R2
Y·Z(s), and R2

X·Z(s) are computed as

R2
Y,X·Z(s) =

WYZ(s)WZZ(s)s−1WXZ(s)∗

WYX (14)

R2
Y·Z(s) =

WYZ(s)WZZ(s)s−1WYZ(s)∗

WYY (15)

R2
X·Z(s) =

WXZ(s)WZZ(s)s−1WXZ(s)∗

WXX (16)

And P2
Y,X(s) is squared WTC between Y and X, which can be calculated from Equation (8),

WYZ(s), WXZ(s), WZZ(s), WXX(s), and WXX can be computed by Equation (9).
To quantitatively explain the main factor affecting drought propagation, the percent

area of significant coherence (PASC) of the whole wavelet time–frequency domain is
computed [33]. PASC is the percentage of areas with a 5% significance level out of all areas
outside the core of influence (COI). The difference in the PASC of PWC from WTC is then
computed. The factor(s) is(are) considered to significantly affect drought propagation when
the absolute value of the difference in PASC is greater than 5% [83].

3. Results

The SPI mainly characterizes meteorological dryness/wetness in terms of precipitation
deficit/surplus. The STI describes hydrological drought conditions based on TWS (a unity
of groundwater, surface water, snow, etc.). The statistical relationship between the SPI
and STI at 3 months is analyzed in the first part of the results. Second, the trends of the
two drought types are estimated. After that, the propagation time and time lag between
meteorological and hydrological droughts are evaluated in detail across the globe by
employing the WTC method. Then, the factors that significantly affect drought propagation
are identified.

3.1. Relationship between Meteorological and Hydrological Droughts

We use the SPI and STI at the 3-month time scale to explore the characteristics of
meteorological drought and hydrological drought. The spatial distributions of the number
of drought months (i.e., SPI or STI < −0.5) from June 2002 to June 2017 are compared in
Figure 2. In general, the number of drought months detected by the STI shows a more
spatially coherent pattern than the SPI. The total drought months detected by the STI in
most of the world is more than that detected by the SPI. The number of drought months
monitored by the SPI is larger than that by the STI in Central Russia and Western Australia.
Both indices capture a similar drought frequency in Europe, 40 degrees north latitude in
Asia, and the coastal area of Australia.
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Figure 2. Spatial distribution of number of drought months (<−0.5) detected by 3-month SPI (a) and
3-month STI (b) from June 2002 to June 2017.

Figures 3 and 4 show the occurrence of slight, moderate, severe, and extreme droughts
detected by the SPI and STI based on the classification of Table 3. The drought events oc-
curred less and less as the severity of the SPI and STI changes from slight, moderate, severe,
to extreme in most extensive coverage. The globe experiences slightly and moderately
dry situations, as shown by the STI, more often than by the SPI, especially in the south of
North America, North Africa, East Australia, Western Asia, and eastern Russia. The SPI
detects a higher number of severe drought events compared to the STI in the south of North
America, Southern Europe, and eastern Asia. The numbers of extreme droughts detected
by the SPI and STI are comparable across the globe except in Australia, east Europe and
most of Africa.
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3.2. Trends of Meteorological and Hydrological Droughts

The Mann–Kendall test and Sen’s slope are utilized to analyze the tendency of me-
teorological (3-month SPI) and hydrological (3-month STI) droughts. Figure 5 shows the
temporal trends of the monthly SPI and STI from June 2002 to June 2017 at the 5% signifi-
cance level. Although the SPI and STI measure the deficits of two different hydrological
components (i.e., precipitation and TWS, respectively), they display consistent trend direc-
tions (drier/wetter). The trend magnitudes of the two indices show differences regionally.
In general, the STI shows more significant trends than the SPI and the trends are stronger.
For example, both the SPI and STI have significantly increasing (wet) trends over the center
of the continental United States, eastern Australia, eastern Asia, the east of Africa, most of
Europe, and Central Asia, where the STI shows a tendency to be relatively more humid
than the SPI. Both show downward (dry) trends in the east of South America, North Africa,
and Central Russia, where the STI shows relatively drier trends than the SPI during this
period. In addition, in some regions, the STI also shows different changes from the SPI, such
as in the north of South Asia, the north of North America, Southern Africa, and northern
China, where the STI implies increasing trends while the SPI denotes decreasing trends.
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3.3. Drought Propagation Based on WTC Analysis

Figure 6 shows the WTC relationship and the phase difference between the SPI and
STI at the time–frequency domains in the 28 regions. Time is the horizontal axis, while the
vertical axis refers to the frequency. The WTC enables us to find the areas in time–frequency
space where the SPI and STI covary. The warmer the color is, the greater the correlation
between the two metrics, and vice versa. The colder region outside the significant region
represents the absence of dependence on time and frequency between the two indices.
Thus, we can see the frequency and time scales at which the SPI and STI move together.
When the arrow points right (the angle is (0, π/ 2) or (3π/ 2, 2π) ), the SPI synchronize
with STI, SPI and STI are in phase when the angle is 0 degrees, and the SPI precedes the
STI when the arrow points down (the angle is (0, π)).

Discrete and discontinuous intra-annual periodicities are found for all regions during
the study period. The co-movement time lasts relatively longer in CAM, CEU, EAF, MED,
NAU, NEB, SAF, SSA, WAF, and WNA, while the covary time in other regions is short.
Almost all the arrows are pointed down in these discontinuous periodicities, indicating the
SPI occurs earlier than the STI; however, the phase lags are diverse in different regions.

The significant interannual oscillations (2–5 years) between the SPI and STI prevail
in most of the regions except ALA, CAS, CGI, NAS, SAH, WNA, and WSA (Figure 6),
implying meteorological and hydrological droughts happen simultaneously or are delayed
in these regions. The SPI and STI show an in-phase (0 degree) relationship in CAM and
MED and SAU (28–50 months), indicating hydrological and meteorological droughts occur
simultaneously. The right-down arrows with an angle range of 30 to 90 degrees in other
regions indicate the SPI triggers and affects the STI and different phase lags exist between
the two indices. This means in interannual scales, STI-based hydrological drought evolves
from meteorological drought represented by the SPI in most regions, especially in the
region with significant coherence at long frequency scales.

The intra- and/or interannual periodicities between the SPI and STI detected by WTC
in the 28 regions are summarized in Figure 7. It should be noted the overlap data of pre-
cipitation and TWS in SAH is limited, which may not effectively reflect the relationship of
meteorological and hydrological drought. The SPI and STI have long significant interannual
periodicity in regions located in almost all latitudes, such as AMZ and CAR. These areas
are affected by precipitation variations associated with significant interannual oscillations
such as ENSO, PDO, AO, NAO, DMI, and PNA [47,53,84–87]. Both intra- and interannual
periodicities exist in Europe, mid-Africa, the south of South America, and the north of
North America. No obvious propagation progresses are detected in the coastal regions in
low- and mid- latitudes such as STP and WSA, where the water cycle is complicated by the
effects of many factors like the South Pacific Gyre and topography [88,89].
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Figure 6. The WTC analysis of SPI and STI in the 28 selected regions. The 푥-axis is time, and the 푦-
axis is the period in months. The area surrounded by the ‘V’-type black line shows the effective 
spectra. The thin black solid lines mark the cone of influence (COI), and the thick black line indicates 
that points pass the 95% confidence level against the red noise. The horizontal line in each subgraph 
marks the period of 12 months. When the arrow points to the right (left), two variables have positive 
(negative) correlation. Arrow directions represent the phase lag between SPI and STI. Rightward 
(leftward) arrows mean 0 (180)-degree phase lag, and downward (upward) arrows mean 90 (270)-
degree phase lag. The right-down and left-down arrows mean SPI causes STI, while the right-up 
and left-up arrows mean STI happens earlier than SPI. 

Figure 6. The WTC analysis of SPI and STI in the 28 selected regions. The x-axis is time, and the y-axis
is the period in months. The area surrounded by the ‘V’-type black line shows the effective spectra.
The thin black solid lines mark the cone of influence (COI), and the thick black line indicates that points
pass the 95% confidence level against the red noise. The horizontal line in each subgraph marks the
period of 12 months. When the arrow points to the right (left), two variables have positive (negative)
correlation. Arrow directions represent the phase lag between SPI and STI. Rightward (leftward)
arrows mean 0 (180)-degree phase lag, and downward (upward) arrows mean 90 (270)-degree phase
lag. The right-down and left-down arrows mean SPI causes STI, while the right-up and left-up arrows
mean STI happens earlier than SPI.
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3.4. Factors Affecting Drought Propagation

The above WTC results show intra- and interannual periodicities in drought prop-
agation. Therefore, in this part, we employ PWC to disentangle the influence of oceanic
oscillations (ENSO, NAO, PDO, AO, PNA, DMI) and two meteorological factors (i.e., PET
and TMP) on the propagation from meteorological to hydrological droughts. The PWC
method is used to examine the periodicity of the SPI and STI after removing specific ocean
signals and/or meteorological factors. The PWC results are then compared with the WTC
results to evaluate the roles of the factors removed in drought propagation [33]. The impacts
on the wavelet coherence variation after eliminating the selected factors are characterized
by the change in the PASC between the PWC and WTC (i.e., the PASC of PWC minus the
PASC of WTC).

Table 4 summarizes the largest change in the PASC and the corresponding factor(s)
removed in the PWC and the PASC change after excluding all factors. If only one factor
is excluded in the PWC, the ENSO is the most frequently detected factor that exerts the
largest impact on drought propagation among the 28 regions (i.e., the largest changes
in the PASC resulted from the ENSO removed in seven regions), followed by the NAO
and PDO, which account for five regions. Also, almost all the regions display a change
in the PASC with its absolute value larger than 5%, except in CGI, SAH, STP, and WSA,
where the PASC value of the WTC is small, suggesting these factors sufficiently affect
the propagation between meteorological and hydrological droughts. Figure 8 is the PWC
analysis with the most significant factor removed based on Table 4, showing the impacts
of the most important factor on drought propagation from meteorological to hydrological
droughts. The ENSO (NAO, PDO) mainly affects the periodicity of larger than 12 months
(i.e., interannual periodicity) between the SPI and STI in most of the regions. Figure 9
shows the impacts of removing the combinations of two factors in Table 4 on drought
propagation. Among all the combinations with two factors removed, the NAO and DMI
occur the most frequently and considerably explain the changes in drought propagation
in nine regions. Among all the combinations removing the three factors, the PET and
ENSO appeared most frequently, explaining 16 and 15 regions of variation in drought
propagation, respectively. Compared to the PASC changes in the PWC with one factor
removed, the mean coherences of the SPI and STI are altered more when more factors are
excluded, demonstrating that the combinations of multiple factors can better explain the
main characteristics of drought propagation.



Remote Sens. 2024, 16, 976 15 of 26

Table 4. The (largest) change in PASC and the corresponding factor(s) after excluding a certain
number (or all) oceanic/meteorological factors. In each column, the factor(s) in bold is the one(s)
detected the most frequently among the regions.

Region One Factor
Excluded

PASC
Change (%)

Two Factors
Excluded

PASC
Change (%)

Three Factors
Excluded

PASC
Change (%)

All Factors
Excluded

ALA PDO −10.92 PDO, DMI −11.16 ENSO, PDO,
PET −12.28 −5.37

AMZ ENSO −11.25 DMI, TMP −11.23 ENSO, PNA,
PET −11.77 −5.22

CAM AO −12.20 PNA, TMP −20.20 NAO, AO, TMP −22.53 −20.09

CAR PET −5.94 ENSO, PNA −8.09 ENSO, PNA,
PET −8.86 −5.75

CAS DMI −8.28 PDO, DMI −12.08 PDO, DMI, PET −11.94 −6.57

CEU NAO −13.49 NAO, AO −18.30 ENSO, NAO,
PET −20.32 −31.19

CGI TMP −3.82 AO, PET −5.32 AO, PDO, TMP −5.58 4.58

CNA NAO −6.12 NAO, PET −7.62 ENSO, PNA,
PET −14.36 −9.93

EAF DMI −14.98 PDO, DMI −19.51 ENSO, PDO,
TMP −20.16 −25.10

EAS PET −8.10 ENSO, NAO −14.56 ENSO, NAO,
TMP −18.90 −17.57

ENA ENSO −6.19 ENSO, PNA −8.53 ENSO, PNA,
PET −12.53 −7.98

MED NAO −7.65 NAO, DMI −8.93 AO, DMI, PET −12.01 −7.93
NAS PNA −9.35 PNA, TMP −16.93 NAO, PNA, PET −17.93 −10.80

NAU PET −12.96 NAO, PET −16.95 ENSO, DMI,
TMP −16.03 −16.52

NEB ENSO −9.90 ENSO, PET −15.15 ENSO, AO, TMP −21.94 −28.08
NEU PDO −7.58 AO, PDO −9.26 NAO, AO, PET −12.15 −11.87
SAF PDO 13.23 NAO, PET −11.77 NAO, DMI, PET −12.94 −10.69

SAH TMP 2.35 ENSO, NAO 3.47 ENSO, NAO,
DMI 3.42 4.11

SAS TMP −10.88 NAO, PDO −12.60 NAO, AO, PNA −15.58 −10.21
SAU PDO 7.81 PET, TMP −6.43 AO, PNA, PET −9.78 −7.62

SEA ENSO −13.94 AO, PNA −19.26 ENSO, NAO,
PET −19.59 −15.65

SSA ENSO −21.11 ENSO, PET −26.12 ENSO, AO, PET −28.92 −32.95

STP NAO 4.47 ENSO, DMI 10.19 ENSO, NAO,
DMI 11.06 7.12

TIB ENSO −8.71 ENSO, DMI −11.30 AO, PNA, PET −12.58 −6.62
WAF NAO −11.09 NAO, AO −13.61 ENSO, NAO, AO −17.97 −16.43
WAS PDO −8.69 AO, PDO −10.87 NAO, AO, PET −11.73 −9.88
WNA AO −8.76 PDO, DMI −12.77 AO, PDO, DMI −17.23 −12.60
WSA ENSO −3.16 DMI, TMP 3.94 AO, PNA, DMI 6.50 0.29
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Figure 8. The PWC analysis of the SPI and STI after eliminating one factor in the respective region 
according to Table 4. Each PWC subplot shows the PWC between drought propagation and the most 
influential factor in selected regions. The 푥-axis is the time duration from 2004 to 2017 and the 푦-
axis is the period in month units. The area surrounded by the ‘V’-type black line shows the effective 
spectra. The thin black solid lines mark the cone of influence (COI), and the thick black line indicates 
that points pass the 95% confidence level against the red noise. Arrow directions represent the phase 
lag between SPI and STI; the rightward (leftward) means 0 (180)-degree phase lag, downward (up-
ward) means 90 (270)-degree phase lag. 

Figure 8. The PWC analysis of the SPI and STI after eliminating one factor in the respective region
according to Table 4. Each PWC subplot shows the PWC between drought propagation and the most
influential factor in selected regions. The x-axis is the time duration from 2004 to 2017 and the y-axis is
the period in month units. The area surrounded by the ‘V’-type black line shows the effective spectra.
The thin black solid lines mark the cone of influence (COI), and the thick black line indicates that
points pass the 95% confidence level against the red noise. Arrow directions represent the phase lag
between SPI and STI; the rightward (leftward) means 0 (180)-degree phase lag, downward (upward)
means 90 (270)-degree phase lag.
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Figure 9. The PWC analysis of the SPI and STI after eliminating the two factors in the respective 
region according to Table 4. Each PWC subplot shows the PWC between drought propagation and 
the best combination of two factors in selected regions. The 푥-axis is the time duration from 2004 to 
2017 and the 푦-axis is the period in month units. The area surrounded by the ‘V’-type black line 
shows the effective spectra. The thin black solid lines mark the cone of influence (COI), and the thick 
black line indicates that points pass the 95% confidence level against the red noise. Arrow directions 
represent the phase lag between SPI and STI; the rightward (leftward) means 0 (180)-degree phase 
lag, downward (upward) means 90 (270)-degree phase lag. 

4. Discussion 
4.1. Characteristics of Meteorological Drought and Hydrological Drought 

In this study, we explore the similarity/difference between precipitation-based mete-
orological drought (SPI) and TWS-derived hydrological drought (STI) in terms of drought 
severity, frequency, and trends from 2002 to 2017 at the global scale. The SPI is used to 
characterize the meteorological drought caused by precipitation change. The STI 

Figure 9. The PWC analysis of the SPI and STI after eliminating the two factors in the respective
region according to Table 4. Each PWC subplot shows the PWC between drought propagation and
the best combination of two factors in selected regions. The x-axis is the time duration from 2004
to 2017 and the y-axis is the period in month units. The area surrounded by the ‘V’-type black line
shows the effective spectra. The thin black solid lines mark the cone of influence (COI), and the thick
black line indicates that points pass the 95% confidence level against the red noise. Arrow directions
represent the phase lag between SPI and STI; the rightward (leftward) means 0 (180)-degree phase
lag, downward (upward) means 90 (270)-degree phase lag.
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4. Discussion
4.1. Characteristics of Meteorological Drought and Hydrological Drought

In this study, we explore the similarity/difference between precipitation-based meteo-
rological drought (SPI) and TWS-derived hydrological drought (STI) in terms of drought
severity, frequency, and trends from 2002 to 2017 at the global scale. The SPI is used to
characterize the meteorological drought caused by precipitation change. The STI proposed
by [29] is employed to describe hydrological drought caused by the deficit of the whole
surface and subsurface water. The multi-scalar STI can express the complex phenomenon
efficiently, and it can be directly compared with other standardized indices with the same
statistical definitions. In northern South America, southern North America, Australia,
Europe, and northern Asia, the SPI and STI have similar dry/wet trends and the drought
months detected by the two indices are mostly greater than 50 (Figures 2–4), but their
drought frequencies of each drought category are different (Figures 3 and 4). For instance,
the slight and moderate drought occurrence detected by the STI is more frequent than
that indicated by the SPI over most of the globe, especially in the arid regions, where the
STI shows a dry trend, which is drier than that shown by the SPI (Figure 5). The drought
frequency differences also show that meteorological drought does not always trigger hy-
drological drought derived by TWS deficit, and water deficiency is not only generated from
less precipitation over a long time duration but is also affected by other factors such as
human intervention [14].

4.2. Propagation from Meteorological Drought to Hydrological Drought: Similarities and
Differences over Different Regions

To better understand the drought propagation mechanism across the globe, it is nec-
essary to analyze the response of TWS-derived hydrological drought to meteorological
drought across different regions, which has seldom been investigated in previous studies.
Earlier studies have shown that the WTC can better represent the relationship between two
time series in time–frequency space than the traditional correlation coefficient (e.g., Pear-
son’s correlation) [33,83]. Using the traditional correlation coefficient, positive and negative
correlations may cancel out over the whole time series. Moreover, WTC analysis can show
the propagation time and phase shift when two indicators covary and correlate significantly.
The WTC analysis reveals observable intra-annual or interannual patterns in most regions.
However, only discrete intra-annual periodicity between the SPI and STI exists in the polar
region (CGI) with low temperature [90]. Only interannual periodicity exists in northern
South America and in Central and South Asia. In Southern Africa, Western and eastern
Asia, Europe, east of South America, and Australia, drought propagation shows both intra-
annual and interannual variations. However, there is no obvious drought propagation
in the coastal regions where most regions are located near the Pacific Ocean, such as the
west of South America and the east of Oceania. Drought propagation may be influenced
by complicated atmospheric circulations and anomalous sea surface temperatures [91,92].
In high-latitude regions located in polar climates, climate-warming-induced snowmelt
disrupts drought propagation [1,90,93], making no apparent transmission between the two
drought types. There is a strong propagation relationship between the SPI and STI at the
interannual scale in almost all regions, including the arid and humid areas. This may be
attributed to the stronger influence of moisture transport from the atmosphere to the land
surface on drought propagation in these areas compared to polar areas, especially at an
interannual scale [94]. Apart from the climate-related factors shown in Table 1, other factors
such as topography, landform, and human activities may also affect the propagation from
precipitation-derived meteorological drought to TWS-derived hydrological drought, which
should be further studied [23,38,95,96].

For most regions, SPI leads to STI (right-down arrow), suggesting meteorological
drought is the main driver triggering water deficit and the time lags are diverse in different
regions. For the regions with intra-annual cyclicality over a longer period, hydrological
droughts occur 0.5 to 4 months later than meteorological droughts, while the time delay
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between the meteorological and hydrological drought ranges from 1 to 16 months for
regions with interannual cycles. However, the SPI and STI show significant positive
coherence in the long period cycle with almost no time lags in CAM, MED, and SAU [21,97].

The periodicity of the wavelet coherence between the SPI and STI in most regions
is significantly affected after eliminating one or two or three factors across all periods of
intra-annual and interannual scales (Figures 6, 8 and 9), suggesting drought propagation
is influenced by meteorological factors and teleconnections across all time and frequency
scales. The ENSO is the key driving factor for drought propagation in most regions around
the Pacific Ocean by influencing precipitation and actual evaporation [98–100]. The NAO
is another important driver with profound impacts on drought propagation by explaining
the enhanced or reduced precipitation across Europe, Africa, Australia, and Southern
Asia in different seasons [99,101–105]. The DMI also strongly influences global drought
propagation because it affects hydrologic variables around the Indian Ocean and then influ-
ences other regions through complex interactions with regional climate systems [106,107].
The PET is the direct meteorological variable that affects the drought propagation across
the globe by reducing (increasing) soil moisture and weakening (strengthening) water
availability in the hydrological system [41]. Limited studies have their focus to the com-
bined effects of meteorological or (and) oceanic factors on drought propagation across the
globe. Our results provide a new basis for future analysis on other influencing factors of
drought propagation.

5. Conclusions

We examine the propagation mechanism from meteorological drought to TWS-driven
hydrological drought. Meteorological drought caused by a precipitation deficit over a
long period of time can lead to considerable inadequate water resources on and beneath
the surface, which may contribute to water scarcity. Understanding propagation from
meteorological drought to TWS-derived hydrological drought is of fundamental impor-
tance for better understanding the water cycle mechanism and improving drought early
warning and forecasting. Although drivers of hydroclimatic variables to droughts have
been widely explored and analyzed in previous studies, factors affecting the propagation
from meteorological to TWS-based hydrological drought have not been comprehensively
investigated. Here, we use the multi-scalar precipitation-based SPI and TWS-based STI
to characterize meteorological and hydrological droughts, respectively. We also estimate
the characteristics of meteorological drought and TWS-driven hydrological drought, and
explore the relationship between two different drought types. Lastly, we use the WTC
analysis to detect the influence of six main teleconnections (i.e., ENSO, NAO, AO, PDO,
PNA, and IOD) and two direct climatic factors (i.e., PET and TMP) on the relationship
between the SPI and STI to analyze the main driver of drought propagation across the
globe. The following conclusions can be drawn from our results.

1. During 2002–2017, hydrological drought occurred more often than meteorological
droughts, especially slight and moderate drought in arid regions, due to regional
differences in precipitation and TWS. Precipitation-based meteorological drought
is the trigger of and happens earlier than TWS-derived hydrological drought in
most regions.

2. The propagation system from meteorological drought to hydrological drought varies
from region to region. The propagation is evident at the interannual scale in most
regions located in all latitudes, implying climate is a major factor affecting regional
drought propagation. No propagation is detected in the polar climatic region. Drought
propagation also varies with different phase lags. Hydrological drought happens later
than meteorological drought, with phase lags ranging from 0.5 to 4 months on the
intra-annual scale and from 1 to 16 months on the interannual scale. Both intra-annual-
and interannual-scale propagations can be found in most regions across the globe.

3. Combinations of multiple factors determine drought propagation between meteoro-
logical to hydrological droughts. The ENSO is the main factor when only one factor
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is considered in drought propagation; among different combinations, the unity with
NAO or PET contributes more to drought propagation.

Our study can improve the scientific understanding of the evolution from meteoro-
logical to hydrological drought in a changing environment. The results are expected to
provide a scientific basis for decision making in drought prevention and water resource
management to achieve long-term sustainability.
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