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Diﬀerent categories of droughts (e.g., meteorological, agricultural, hydrological), and their multi-scalar features
often make description of drought onset, persistence, and termination challenging and often subjective. Here we
show that a water-energy balance based indicator, named Standardized Moisture Anomaly Index (SZI), better
captures multiple categories of droughts and their multi-scalar features. We globally evaluate and compare the
performance of SZI with existing drought indicators that use potential evapotranspiration (PET) as a measure of
atmospheric water demand including the Standardized Precipitation Evapotranspiration Index (SPEI) and selfcalibrated Palmer Drought Severity Index (scPDSI). We show that while PET is a good indicator for characterizing the climate aridity, using it as a measure of atmospheric water demand for drought analysis leads to
misrepresentation of droughts, especially over water-limited (non-humid) regions where the actual evapotranspiration is primarily dominated by water availability rather than energy (or PET). The main advantage of
SZI is that, instead of PET, it uses a variable termed climatically appropriate precipitation for existing conditions
(P̂ ) as the atmospheric water demand metric. Investigating droughts over 32 large basins across the globe, we
show that the SZI can better represent meteorological, hydrological, and agricultural droughts compared to SPEI
(especially in non-humid basins; 18 out of 32 basins) and scPDSI at multiple time scales. Given that SZI is
physically more reasonable in reﬂecting surface water-energy balance over both humid and non-humid regions,
it enables better characterization of diﬀerent types of droughts in diﬀerent climatic regions.

1. Introduction
Drought is one of the most widespread natural hazards, yet the
underlying processes involved are not fully understood (Mishra and
Singh, 2010; Yuan and Quiring, 2014). In general, drought is characterized by below-average water supply, propagates through the hydrological system with consequent ecological and societal impacts
(Trenberth et al., 2014; Hao et al., 2017; Yang et al., 2017). However,
in contrast to other extreme hydro-climatic events such as ﬂoods,
droughts involve changes in multiple interconnected variables, and a
single indicator (e.g., based on precipitation (P), runoﬀ (RO), or change
in soil water storage) may not properly describe the underlying features
(AghaKouchak et al., 2015a; Mishra and Singh, 2010). Thus, droughts
are classiﬁed according to their characteristics into ﬁve categories:
meteorological, hydrological agricultural, ecological, and socioeconomic (Wilhite, 2000; Crausbay et al., 2017); however, most

⁎

droughts are classiﬁed, based on their physical characteristics, into one
of the ﬁrst three categories (Wang et al., 2009). Generally, meteorological drought refers to deﬁcit in P, hydrological drought corresponds
to lack of RO, and agricultural drought indicates low levels of soil water
storage (Andreadis et al., 2005). Ecological or socio-economic drought
corresponds to conditions whereby available water cannot satisfy the
demand leading to ecological or socio-economic impacts (Mehran et al.,
2017; Crausbay et al., 2017). These diﬀerent categories make it diﬃcult
to objectively quantify drought features using a single indicator. In
addition, it is well-recognized that drought is a multi-scalar phenomenon (McKee et al., 1993; Van Loon et al., 2016a) especially when
considering water use and human components of it (AghaKouchak
et al., 2015b; Mehran et al., 2017; Ashraf et al., 2017; Van Loon et al.,
2016b), making the description of drought onset, persistence, and termination extremely challenging and often subjective (Sheﬃeld and
Wood, 2007; Wang et al., 2009; Vicente-Serrano et al., 2012, 2013;
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(2006; 2007) demonstrated that change in ET is dominated by change
in P rather than in PET in non-humid regions. In humid regions, change
in ET is controlled by change in PET rather than P. This indicates that
because of diﬀerences in P, ET, and PET relationships in diﬀerent climate zones, the SPEI that uses the diﬀerence between P and PET for
estimating surface water deﬁcit/surplus can lead to signiﬁcant uncertainties. Therefore, a more physically-based approach considering
the complex land surface and atmosphere interactions is necessary to
describe both water and energy balance for describing droughts and
their severity.
Given that PET is not the only variable that aﬀects the water demand and surface water-energy balance, the surface RO, ET, and soil
moisture storage can be used to improve the physical mechanism in
SPEI. The Palmer Drought Severity Index (PDSI; Palmer, 1965) uses a
two-layer bucket model to quantify monthly cumulative moisture departure by accounting for surface water-energy balance (Wells et al.,
2004). It incorporates antecedent and current moisture supply and
demand into a hydrological budget system, wherein water supply is
deﬁned as P, and water demand is RO, ET, and changes in soil water
storage. Although the PDSI is widely used, it has several limitations
including sensitivity to temperature, lack of ﬂexibility with time scale,
and absence of a physically based surface water-energy balance
(Vicente-Serrano et al., 2010; Sheﬃeld et al., 2012; Zhang et al., 2015).
With the development of the self-calibrated PDSI (scPDSI; Wells et al.,
2004), some limitations of PDSI (mainly related to the indicator parameters) were overcome, but the general limitations of PDSI still apply.
To address the limitations of SPEI and PDSI, the Standardized
Moisture Anomaly Index (SZI) was recently proposed by Zhang et al.
(2015), which incorporates the advantages of both PDSI and SPEI. The
SZI uses a sophisticated land surface model to compute the cumulative
moisture departure, and includes a multi-scalar feature to quantify
drought events at diﬀerent temporal scales. In SZI, water supply is
deﬁned as P, while atmospheric water demand is estimated by a variable termed climatically appropriate precipitation for existing conditions (P̂ ), which originally came from PDSI (Palmer, 1965). The computation of P̂ includes P, ET, RO, and soil moisture loss and recharge
(Dai et al., 2004; Dai,(2011). Since P̂ takes most components of the
surface water-energy balance into account, it is physically more reliable
than PET as an indicator of atmospheric water demand for drought
assessment (Zhang et al., 2015). Additionally, the diﬀerence between
the P and P̂ (called moisture anomaly index, Z = P - P̂ ) is demonstrated
to be a good indicator of measuring multi-category drought (Well et al.,
2004; Dai, 2011; Zhang et al., 2015; Zhang and He, (2016).
The performance of SZI is demonstrated in a water-stressed region
(Zhang et al., 2015; Zhang and He, (2016). However, this issue has not
been explored at the global scale and in diﬀerent climatic conditions.
The main objective of this study is to globally evaluate and interpret the
SZI for multi-category and multi-scalar drought identiﬁcation over
diﬀerent climate zones. The performance of SZI, SPEI, and scPDSI are
compared and examined over 32 global large basins (Fig. 1). This paper
is arranged as follows: Section 2 introduces the data and methodology;
Section 3 includes our results; Section 4 provides a broader discussion;
and the conclusion is given in Section 5.

Sheﬃeld et al., 2012; Dai, 2013; Hao and AghaKouchak, 2013; Mu
et al., 2013; Rajsekhar et al., 2015).
A wide range of indicators have been developed to describe the
onset, persistence and termination of droughts from the perspective of
meteorology, hydrology, and agriculture, including the indices based
on single variables, such as P (McKee et al., 1993), runoﬀ (VicenteSerrano et al., 2012), soil water storage (Wang et al., 2009; Hao and
AghaKouchak, 2013), evapotranspiration (ET, Anderson et al., 2013),
satellite-based measures of vegetation growth (Quiring and Ganesh,
2010; Mu et al., 2013), or residual water-energy ratio during dry-wet
spells (Liu et al., 2017). Most indices represent wetness/dryness by
describing the near past conditions relative to the long-term climatology (McKee et al., 1993; Vicente-Serrano et al., 2010; Zhang et al.,
2015). The Standardized Precipitation Index (SPI; McKee et al., 1993) is
one of the most commonly used multi-scalar indicators for describing
meteorological droughts. The main limitation of the SPI is that it is
solely based on P data, considering only the water supply component
(Otkin et al., 2013; Ford and Labosier, 2017). Drought is often caused
by surface water imbalance, and P alone may be insuﬃcient for describing multi-category features of drought properly, although other
drought categories are usually originated from sustained P deﬁcit
(Hobbins et al., 2016; McEvoy et al., 2012, 2016). Similarly, the
drought indices based solely on RO or change in soil water storage are
primarily used to indicate hydrological or agricultural drought, respectively. Thus, drought indicators based on single variables lack the
ability to identify diﬀerent categories of droughts (Farahmand and
AghaKouchak, 2015).
The Standardized Precipitation Evapotranspiration Index (SPEI;
Vicente-Serrano et al., 2010; Beguería et al., 2014), on the other hand,
measures the accumulated climatic water balance anomalies at various
time scales by incorporating the diﬀerence between the available water
supply (P) and the atmospheric water demand (i.e., potential evapotranspiration, PET) and hence, provides a measure of drought severity
based on both atmospheric water supply and demand. In past years,
SPEI has been used in a broad set of multi-category drought studies and
several observations have been made: (1) it is ET rather than PET that
directly determines actual atmospheric water demand (Vicente-Serrano
et al., 2010, 2014; Huang et al., 2016; Yang et al., 2016), and the PET is
mostly much higher than ET in non-humid (water limited) region (Yang
et al., 2006); (2) the ET fully/partly satisﬁes the evaporative water
demand, and the relationships between P, ET, and PET vary across
diﬀerent climate zones (Yang et al., 2006; Xu et al., 2013; Yang et al.,
2015); (3) although the SPEI considers a simple atmospheric water
balance (D = P − PET ), it is mainly a measure of meteorological
drought and may lead to biases in describing other categories of
droughts (Dai, 2011; Sheﬃeld et al., 2012). Thus, such ﬁndings highlight the need for further investigation of the interactions between P,
ET, and PET in global drought assessment
It should be noted that drought indictors that are based on PET may
not properly diﬀerentiate between drought and aridity. Drought is a
meteorological phenomenon caused by water deﬁcit over a period of
time, while aridity is a climatic phenomenon, which refers to regions
where PET is often substantially higher than P. The aridity of a region is
generally measured by the aridity index (AI), which is the ratio of annual mean P (water supply) to PET (atmospheric water demand). Arid
regions are deﬁned as regions with AI < 0.65, and the climate zones
are further divided into semi-arid (0.2 < AI < 0.5), sub-humid
(0.5 < AI < 0.65), and humid regions (AI > 0.65) (Fig. 1a) (Huang
et al., 2016; Yang et al., 2016). This indicates that PET plays a crucial
role in identify the climate zones (climate aridity or wetness) of a region. However, relying on PET for describing droughts can lead to
biases in drought severity, especially in areas where PET is often higher
than P (i.e., arid and semi-arid regions; Yang et al., 2018). The relationship between PET and P is more spatially (or climatologically)
meaningful, but less temporally meaningful in drought characterization. Based on the Budyko hypothesis (Budyko, 1974), Yang et al.

2. Data and methods
2.1. Datasets
Direct observations for estimating global atmospheric water demand are limited (Trenberth et al., 2014) and hence, Land Surface
Models (LSM) have been widely used in the literature (Sheﬃeld et al.,
2004; Sheﬃeld and Wood, 2007; Zaitchik et al., 2010). The Global Land
Data Assimilation System (GLDAS) provides land surface ﬂuxes and
state variables based on multiple models, ground-based and satellitebased observations, and data assimilation techniques (Rodell et al.,
2004; Chen et al., 2013; Wang et al., 2016). The forcing ﬁelds (e.g. P, T
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Fig. 1. (a) Global distribution of mean annual wetness index (P/PET), (b) 32 large basins from Pan et al. (2012), (c) long-term mean annual evaporation ratio (ET/P)
versus dryness index (PET/P) (ϖ is the parameter of Fu’s equation, P is precipitation, ET is evapotranspiration, and PET is potential ET), and (d) Global distribution of
mean annual P / Pˆ ratio for 1948–2010 based on GLDAS-2 NOAH at a 0.25°×0.25° spatial resolution.

www.gleam.eu/) were used to determine the residual water-energy
ratio under drought condition, and to examine the performance of SZI,
SPEI, and scPDSI in comprehensive droughts through characteristics of
water-energy balance. The CRU TS 4.01 datasets during 1948–2010 is
derived from monthly observations at meteorological stations across
the world’s land areas. The GLEAM is a set of algorithms that separately
estimate the diﬀerent components of ET during 1980–2010: transpiration (Et), bare-soil evaporation (Eb), and interception loss (Ei) based on
satellite observations.
Global Inventory Modelling and Mapping Studies (GIMMS)-3 g
NDVI data at a spatial resolution of 8 × 8 km2 and a temporal resolution of 15 days derived from the National Oceanic and Atmospheric
Administration (NOAA)–Advanced Very High Resolution Radiometer
from 1982 to 2010 were used to evaluate performance of SZI, SPEI, and
scPDSI in measuring agricultural droughts at multiple temporal scales.
The GIMMS-3 g NDVI series oﬀers continuous and up-to-date global
NDVI dataset, and provides a robust large-scale observation of surface
vegetation conditions (Beck et al., 2011). The maximum value composite method was used to generate monthly NDVI series (Holben,
1986; Tucker et al., 1994), and the processed NDVI were further interpolated into a 0.25° × 0.25° spatial resolution.
A total of 32 global large basins (including nine arid basins, nine
semi-arid basins, six sub-humid basins, and eight humid basins) were
selected from Pan et al. (2012) (Fig. 1b). The terrestrial water budget
data set for 32 global basins during 1984–2006 was used to validate the
performance of SZI, SPEI, and scPDSI in multi-category and multi-scalar
drought identiﬁcation (Pan et al., 2012). This data set is based on
multiple observation sources (including the basin-averaged streamﬂow
data) and has been used in several published studies (Xu et al., 2013;
Zeng and Cai, 2016; Liu et al., 2017). For more speciﬁc information of
the selected 32 global large basins, please see Table 1. The long-term
mean annual evaporation ratio (ET/P) versus dryness index (PET/P) for

(air temperature), speciﬁc humidity, solar radiation, and wind speed)
and model outputs (including RO, ET, and soil moisture) of the GLDAS
product have been evaluated extensively by ground-based measurements in several regions (Zaitchik et al., 2010; Li et al., 2015; Bai et al.,
2016; Bi et al., 2016; Liu et al., 2016; Wang et al., 2016). Despite uncertainties and biases in GLDAS products, they oﬀer valuable information on land surface water and energy ﬂuxes for hydrometrological research, especially over regions where reliable groundbased observations are not available. Currently, there are two versions
of the GLDAS product: GLDAS-1 and GLDAS-2, which are available via
the Goddard Earth Sciences Data and Information Services Center
website (http://disc.sci.gsfc.nasa.gov/hydrology/data-holdings). The
GLDAS-1 drives four LSMs at a spatial resolution of 1° × 1° from 1979
to 2017, including the Community Land Model (CLM) (Dai et al., 2003),
the Mosaic (MOS) model (Koster and Suarez, 1994), the NOAH model
(Chen et al., 1996; Koren et al., 1999), and the Variable Inﬁltration
Capacity (VIC) model (Liang et al., 1994). The GLDAS-2 only drives the
NOAH model at a spatial resolution of 0.25° × 0.25° from 1948 to
2010. Overall, our results demonstrate that the GLDAS-2 NOAH LSM
performs best in both GLDAS-1 and GLDAS-2 products in simulating the
land water-energy states and ﬂuxes in most regions of the global land
area (detailed information is included in the Supplementary Information Fig. S1 to Fig. S6). Therefore, we employ monthly values of the
land surface variables (e.g., P, ET, PET, RO, and any changes in soil
water storage) generated with GLDAS-2 NOAH LSM for calculating the
SZI, SPEI, and scPDSI at a global scale.
The high-resolution grids of monthly climatic observations from
CRU TS 4.01 (Climatic Research Unit time series version 4.01 gridded
data, 0.5° × 0.5° resolution; Harris et al., 2014; http://www.cru.uea.ac.
uk/cru/data/hrg/) and the global daily ET product from Global Land
Evaporation Amsterdam Model (GLEAM v3.1a, with a spatial resolution
of 0.25° × 0.25°; Miralles et al., 2011; Martens et al., 2017; https://
249
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Table 1
The 32 large basins selected for drought analysis.
River

Drainage area /104 km2

Continent

P /mm

PET /mm

ET /mm

P̂ /mm

WI

Climate zone

Aral
Senegal
Indus
Ural
Murray-Darling
Limpopo
Niger
Nile
Yellow
Don
Mississippi
Yukon
Columbia
Ob
Amur
Indigirka
Mackenzie
Kolyma
Olenek
Lena
Parana
Dnieper
Volga
Yenisei
Danube
Congo
Mekong
Yangtze
Northern Dvina
Pechora
Pearl
Amazon

123
44
114
24
106
42
212
308
80
43
320
83
67
299
186
34
175
64
21
243
264
50
139
256
82
370
81
180
36
32
45
692

Asia
Africa
Asia
Asia-Europe
Oceania
Africa
Africa
Africa
Asia
Europe
North America
North America
North America
Asia
Asia
Asia
North America
Asia
Asia
Asia
South America
Europe
Europe
Asia
Europe
Africa
Asia
Asia
Europe
Europe
Asia
South America

247
509
375
281
441
520
649
595
386
451
730
244
594
429
503
238
358
266
268
354
1170
564
552
443
751
1459
1447
986
598
526
1417
2117

2364
3957
2625
1885
2774
2964
3591
3085
1988
1480
1894
614
1482
994
1139
538
769
542
529
697
2270
1054
974
755
1113
2088
1945
1296
646
543
1345
1798

196
371
309
275
416
492
434
473
355
423
618
193
416
341
399
170
283
179
179
263
926
478
422
312
548
980
895
597
362
253
713
1185

209
401
316
274
418
495
463
485
358
423
618
195
421
343
404
171
284
180
180
264
928
479
423
314
550
999
909
605
371
265
717
1190

0.10
0.13
0.14
0.15
0.16
0.18
0.18
0.19
0.19
0.30
0.39
0.40
0.40
0.43
0.44
0.44
0.47
0.49
0.51
0.51
0.52
0.53
0.57
0.59
0.67
0.70
0.74
0.76
0.93
0.97
1.05
1.18

Arid
Arid
Arid
Arid
Arid
Arid
Arid
Arid
Arid
Semi-arid
Semi-arid
Semi-arid
Semi-arid
Semi-arid
Semi-arid
Semi-arid
Semi-arid
Semi-arid
Sub-humid
Sub-humid
Sub-humid
Sub-humid
Sub-humid
Sub-humid
Humid
Humid
Humid
Humid
Humid
Humid
Humid
Humid

the 32 large basins is shown in Fig. 1c. The ﬁgure shows that the interactions and relative roles of P, ET, and PET vary with changes in the
climate condition and land surface characteristics over each basin (e.g.,
compare red and blue dots in Fig. 1c). Atmospheric water demand is
limited by available water (P) in non-humid regions, and by available
energy (PET) in humid regions.

Table 2
The equations of each of the water budget components used for hydrological
accounting.

2.2. Methodology

Water budget items

Calculation equation

ET
R

ET = Et + Eb + Ei

RO
L

In order to evaluate and interpret the SZI, SPEI, and scPDSI in multicategory and multi-scalar drought analysis at diﬀerent climate zones,
the SZI, SPEI, and scPDSI are generated globally based on GLDAS2Noah LSM for 1948–2010. The SPEI was computed using the monthly
diﬀerence (D) between P and PET as the water surplus/deﬁcit indicator,
where both P and PET (based on Penman-Monteith method (Allen et al.,
1998)) are obtained from GLADS-2 NOAH LSM. The SZI and scPDSI
calculation was based on the monthly diﬀerences between P and P̂ . The
variable P in SZI and scPDSI is the same as in SPEI, while P̂ is calculated
based on the water budget analysis in GLADS-2 NOAH LSM using ET,
RO, soil moisture recharge (R) and loss (L). These four values are
¯ j /PET
¯ j,
weighted according to the climate of the area using α = ET
¯ j / PRO
¯ j , and δ = L¯j / PL
¯ j to estimate P̂ . The weighting
¯ j , γ = RO
β = R¯j / PR
factors α , β , γ , and δ are called the water-balance coeﬃcients:

Pˆ = αj PET + βj PR + γj PRO − δj PL

(1)

Z = P − P̂

(2)

PET
PR
PRO
PL

ΔSt + ΔSu ΔSt + ΔSu ≥ 0
R=⎧
ΔSt + ΔSu < 0
⎨
⎩ 0
Outputs of GLDAS-2 NOAH LSM
0
ΔSt + ΔSu ≥ 0
L=⎧
⎨
⎩− (ΔSt + ΔSu) ΔSt + ΔSu < 0
Outputs of GLDAS-2 NOAH LSM
PR = AWC − (St + Su)
PRO = AWC − PR
⎧ PLt = Min (PET , St )
⎪
S
PL = (PET − PLt ) u
AWC
⎨ s
⎪
PL = PLt + PLs
⎩

Note: L is total moisture loss from both soil layer; PLt is potential moisture loss
from surface layer; PLs is potential moisture loss from the underlying layer; PL
is total potential moisture loss; P is precipitation; St and Su are surface layer
(0–10 cm) and underlying layer (10–200 cm) available soil moisture, respectively, which are derived from the outputs of GLDAS-2 NOAH LSM; ΔSt and ΔSu
are their monthly variable quantity, which are calculated from St and Su; AWC
is the available soil water holding capacity of the two layers; Et, Eb, and Ei are
transpiration, bare-soil evaporation, and interception loss, respectively. All
water budget components are in mm.

were compared with the observed drought records based on the P (reﬂecting meteorological drought), RO (reﬂecting hydrological drought),
change in soil water storage (reﬂecting agricultural drought), and residual water-energy ratio (WER, reﬂecting comprehensive drought
through characteristics of water-energy balance) in the selected 32
large basins at 1–48 months scales. A number of studies demonstrated
that water and energy are negatively correlated during drought

We tested various probability distributions and selected the log-logistic distribution for standardizing D and Z series to obtain SPEI and
SZI at diﬀerent temporal scales (Vicente-Serrano et al., 2010). The
scPDSI was calculated based on the procedures descripted in Wells et al.
(2004). Detailed equations for surface water-energy budget accounting
in the SZI are provided in Table 2.
To examine the performance of SZI, SPEI, and scPDSI, the results
250
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approach to transform PET to ET, which is given as a function of soil
water availability: ET = f (θ) PET . However, the Bouchet hypothesis
(Bouchet, 1963) indicates that PET and ET are often decoupled (or even
inversely-correlated) over some non-humid regions (Brutsaert, 2006;
Yang et al., 2006). In the Bouchet hypothesis, ET is related to PET and
wet surface evaporation (ETw) as: ET + PET = 2ETw . Since ETw is deﬁned as a constant, independent of surface wetness, the diﬀerential
form of Bouchet hypothesis can be given as: dET + dPET = 0 , which
indicates the inverse relationship between ET and PET. The Budyko
hypothesis among P, ET, and PET comes about because ET and PET are
correlated via P. In contrast, the relationship between P and P̂ exhibits
high correlations across all climate zones regardless of the value of the
wetness index. The global distribution of mean diﬀerences among P, ET,
PET, and P̂ can be found in Fig. 3, which also supports these observations and previous publications (e.g., Yang et al. (2006, 2007)

episodes, which indicates the ratio of sensible heat to net radiation
(total energy supply) during drought is comparatively higher than
normal condition, while the residual available water to precipitation
(total water supply) is usually lower than the normal condition
(Trenberth and Shea, 2005; Adler et al., 2008; Koster et al., 2009; Yin
et al., 2014; Liu et al., 2017). As a result, the ratio of residual available
water (P − ET ) to residual energy (PET − ET ) is relatively lower
(higher) during drought (wet) episodes than normal condition (Liu
et al., 2017). This ratio is deﬁned as WER:

WER = (P − ET )/(PET − ET )

(3)

To ensure WER is independent from SZI, SPEI, and scPDSI, in the
selected basins, the variables P and PET (calculated using PenmanMonteith equation) were obtained from CRU TS 4.01, while the ET was
provided by a remote sensing-based ET dataset that was validated using
eddy-covariance tower ﬂux data sets (GLEAM ET product; Miralles
et al., 2011; Martens et al., 2017). Since the monthly CRU TS 4.01
datasets are at a spatial resolution of 0.5° × 0.5°, the global daily
GLEAM ET data (0.25° × 0.25°) were interpolated into 0.5° × 0.5°
grids to a common resolution for calculating the WER. The same loglogistic distribution is used to standardize P, RO, change in soil water
storage (ΔS ), and WER data leading to SPI, Standardized Streamﬂow
Index (SSI), Standardized Soil Water Index (SSWI), and Standardized
Water-energy Index (SWI) at diﬀerent time scales. The derived SPI
(calculated based on CRU TS 4.01 P); SSI (calculated by the RO data
over 32 global basins provided by (Pan et al., 2012)), SSWI
(ΔS = P − RO − ET , computed based on P from CRU TS 4.01, RO from
(Pan et al., 2012), and ET from GLEAM) and SWI (estimated by CRU TS
4.01 P and PET data, and GLEAM ET data) are fully independent from
the SZI, SPEI, and scPDSI (based on GLDAS-2 NOAH LSM). The Pearson
correlation coeﬃcients (r) of SPI-SZI/SPEI/scPDSI, SSI-SZI/SPEI/
scPDSI, SSWI-SZI/SPEI/scPDSI, and SWI- SZI/SPEI/scPDSI were used to
evaluate the relative performance of diﬀerent drought indices in multicategory and multi-scalar drought identiﬁcation at diﬀerent climate
zones. To keep the spatial resolution of diﬀerent datasets being consistent with each other, the SZI, SPEI, and scPDSI were regridded into
0.5° × 0.5° to do correlation analysis at a global scale.

3.2. Evaluating and comparing SZI with SPEI and scPDSI in terms of
meteorological drought
Although the impact of atmospheric water demand on drought severity is important and will become even more signiﬁcant in a warming
climate (Stagge et al., 2017), it is clearly demonstrated that P is still the
most important driver of meteorological droughts (McKee et al., 1993).
Therefore, it is worth examining the performance of SZI, SPEI, and
scPDSI in terms of meteorological drought using P. Fig. 4 shows the
relationship between SPI and spatially averaged SZI, SPEI, and scPDSI
from the selected 32 large basins at 1- to 48-month time scales. The
ﬁgure shows that the r values for SZI-SPI range between 0.28 and 0.99
(average = 0.84), which are generally higher than those for the SPEISPI (range between 0.21 to 0.91, average = 0.68) and for the scPDSISPI (range between 0.21 to 0.91, average = 0.66) at all 32 large basins.
Fig. 5 illustrates that the discrepancy between r values for SZI-SPI and
SPEI-SPI are highest in arid basins (i.e., averaged r is 27% higher),
followed by the semi-arid basins (17% higher,) and sub-humid basins
(15% higher), while the averaged diﬀerence between r values is lowest
in humid basins (8% higher). This indicates that the SPEI underperforms in identifying meteorological droughts with increasing aridity
across 32 large basins. In contrast, the discrepancy between r for SZISPI and scPDSI-SPI are lowest in 6–12 months scale (i.e., averaged r is
9% higher), and followed by the 12–48 months scale (21% higher,)
while the averaged diﬀerence between r values is highest in 1–6 months
scale (33% higher) (Fig. 4 and Fig. 5). This indicates that the scPDSI are
incapable to identify the meteorological drought at varied time scales,
and the performance of scPDSI decreases with increasing temporal
scales after 12-month scale. Fig. 6 shows that the global distribution of
correlations between SPEI and SPI, between scPDSI and SPI, and between SZI and SPI at 1-, 3-, 6-, 12-, 24-, and 48-month scales during
1948–2010. In fact, Fig. 6 conﬁrms the conclusions from Figs. 4 and 5
that the correlations between SZI-SPI (global mean r is more than 0.90)
is generally higher than that for SPEI-SPI and scPDSI-SPI. This demonstrates that the SZI can better represent the meteorological
droughts than the SPEI (particularly in arid and semi-arid basins)
globally and the scPDSI at multiple temporal scales.

3. Results
3.1. Interpreting the relationships between water supply and demand in
diﬀerent climate zones
As shown in Fig. 2a, a positive correlation between P and ET was
found in most areas of all climate zones, with r increasing with decreasing aridity. The averaged r is 0.73 in arid regions, which is 14%,
27%, and 58% higher than in semi-arid regions (averaged r = 0.63),
sub-humid regions (averaged r − 0.53), and humid regions (averaged
r = 0.31), respectively. Contrary to Fig. 2a, the r between ET and PET
decreases with increasing aridity (Fig. 2b), where the averaged r (0.66)
is highest in humid regions, followed by sub-humid regions (averaged
r = 0.55), semi-arid regions (averaged r = 0.34), and arid regions
(averaged r = 0.15). A negative correlation between ET and PET was
found in most non-humid regions. There is no clear trend across climate
zones for the correlation between P and PET (Fig. 2c), but the averaged
r in all climate zones are comparatively low (the averaged r is −0.03,
0.15, 0.26, and 0.03 in arid, semi-arid, sub-humid, and humid regions,
respectively). Fig. 2d shows the correlation coeﬃcient between P and P̂
against the wetness index. It can be seen that P exhibits high correlation
with P̂ in all climate zones (the averaged r in arid, semi-arid, subhumid, and humid regions are 0.60, 0.59, 0.51, and 0.50, respectively),
and the averaged r in diﬀerent climate zones are very similar to each
other. The results highlight that change of ET is dominated by change in
P rather than PET in arid regions, while change in ET is controlled by
change in PET rather than P in humid regions. At the regional scale, the
Penman-Monteith hypothesis (Allen et al., 1998) is a widely used

3.3. Evaluating and comparing SZI with SPEI and scPDSI in terms of
hydrological drought
To gain a better understanding of the performance of SZI, SPEI,
scPDSI in hydrological droughts assessment, the correlations between
the streamﬂow and moisture availability deﬁned by diﬀerent drought
indices were examined. Fig. 7 illustrates the relationship between SSI
and spatially averaged SZI, SPEI, and scPDSI from the selected 32 large
basins at 1- to 48-month time scales. As shown in this ﬁgure, the r
values for SZI-SSI range between 0.24 and 0.98 (average = 0.78),
which are generally higher than those for the SPEI-SSI (range between
-0.24 to 0.94, average = 0.65) and for the scPDSI-SSI (range between
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Fig. 2. Boxplots showing the correlations between annual (a) P and ET, (b) ET and PET, (c) P and PET, and (d) P and P̂ for each grid point over diﬀerent climate zones
for 1948–2010.

Fig. 3. Global distribution of mean diﬀerences (in mm) between annual (a) P and ET, (b) ET and PET, (c) P and PET, and (d) P and P̂ for 1948–2010.

-0.04 to 0.86, average = 0.48) at all 32 large basins. The discrepancy
between r values for the SZI-SSI and those for the SPEI-SSI are highest
in arid basins (i.e., averaged r is 25% higher), followed by the semi-arid

basins (15% higher) and sub-humid basins (14% higher), while the
averaged diﬀerence between r values is lowest in humid basins (3%
higher) (Fig. 8). This indicates that the performance of SPEI in
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Fig. 4. The Pearson correlation coeﬃcients between SPEI-SPI, scPDSI-SPI, and SZI-SPI at 1- to 48-month time scales in the selected 32 large basins during
1948–2010.
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Fig. 5. The WI (P/PET) versus r between SPEI-SPI, scPDSI-SPI, and SZI-SPI for 32 large basins at 1-, 3-, 6-, 9-, 12-, 24-, 36-, and 48-month scales.

higher), and followed by the 1–3 months scale (11% higher,) while the
averaged diﬀerence between r values is highest in 9–48 months scale
(43% higher) (Figs. 7 and 8). This indicates that the scPDSI struggles to
identify hydrological drought at multiple temporal scales, and the
performance of scPDSI decreases beyond the 9-month scale. Above
analysis demonstrates that the SZI can better represent the hydrological
droughts than the SPEI globally (especially in non-humid regions) and
the scPDSI at varied time scales.

measuring hydrological droughts declines with increasing aridity across
32 large basins. Therefore, it is demonstrated that using PET as a proxy
for atmospheric water demand metric in drought assessment may lead
to biases in arid and semi-arid regions, and that SPEI is more appropriate for multi-scalar drought analysis in humid regions. In contrast,
the SZI performs better than the SPEI over all 32 large basins, especially
over water-stressed regions, indicating that using P̂ as a proxy for atmospheric water demand improves multi-scalar drought detection and
analysis. On the other hand, the discrepancy between r for SZI-SSI and
scPDSI-SSI are lowest in 3–9 months scale (i.e., averaged r is 9%
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Fig. 6. Global distribution of correlations between SPEI and SPI (left column), between scPDSI and SPI (middle column), and between SZI and SPI (right column) at
diﬀerent time scales during 1948–2010.
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Fig. 7. The Pearson correlation coeﬃcients between SPEI-SSI, scPDSI-SSI, and SZI-SSI at 1- to 48-month time scales in the selected 32 large basins during 1984–2006.
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Fig. 8. The WI (P/PET) versus r between SPEI-SSI, scPDSI-SSI, and SZI-SSI for 32 large basins at 1-, 3-, 6-, 9-, 12-, 24-, 36-, and 48-month scales.

SPEI-SSWI (range between -0.49 to 0.94, average = 0.29) and for the
scPDSI-SSWI (range between -0.79 to 0.71, average = 0.19) at all 32
large basins. Fig. 10 illustrates that the discrepancy between r values for
SZI-SSWI and SPEI-SSWI are highest in arid basins (i.e., averaged r is
66% higher), followed by the semi-arid basins (41% higher,) and subhumid basins (24% higher), while the averaged diﬀerence between r
values is lowest in humid basins (3% higher). This indicates again that
the performance of SPEI in agricultural droughts assessment decreases
with increasing aridity across 32 large basins. On the other hand, the
discrepancy between r for SZI-SSWI and scPDSI-SSWI are lowest in
6–12 months scale (i.e., averaged r is 21% higher), and followed by the

3.4. Evaluating and comparing SZI with SPEI and scPDSI in terms of
agricultural drought
As mentioned above, agricultural drought mainly results from low
levels of soil water storage, so the correlations between the ΔS and SZI,
SPEI, scPDSI were investigated to evaluate the performance of diﬀerent
drought indices in terms of agricultural droughts. Fig. 9 shows the relationship between SSWI and spatially averaged SZI, SPEI, and scPDSI
from the selected 32 large basins at 1- to 48-month time scales. The
ﬁgure illustrates that the r values for SZI-SSWI range between -0.29 and
0.95 (average = 0.44), which are generally higher than those for the
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Fig. 9. The Pearson correlation coeﬃcients between SPEI-SSWI, scPDSI-SSWI, and SZI-SSWI at 1- to 48-month time scales in the selected 32 large basins during
1984–2006.
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Fig. 10. The WI (P/PET) versus r between SPEI-SSWI, scPDSI-SSWI, and SZI-SSWI in 32 large basins at 1-, 3-, 6-, 9-, 12-, 24-, 36-, and 48-month scales.

3.5. Evaluating and comparing SZI with SPEI and scPDSI in terms of WER

1–6 months scale (54% higher,) while the averaged diﬀerence between
r values is highest in 12–48 months scale (68% higher) (Figs. 9 and 10).
This demonstrates that the scPDSI are limited in identify the agricultural drought at multiple temporal scales, and the performance of
scPDSI decreases with increasing temporal scales after 12-month scale.
Such conclusions point to SZI as a better representation of agricultural
droughts than the SPEI globally (particularly in water-stressed regions)
and the scPDSI at multiple time scales. Additionally, the correlations
between SZI-NDVI are also higher than that for SPEI-NDVI and scPDSINDVI, which conﬁrms the prior ﬁndings (please see Fig. S7 in the
Supplementary Information).

We also evaluated the SZI, scPDSI, and SPEI against WER over the
32 large basins shown in Fig. 1. Fig. 11 exhibits the SWI and spatially
averaged SZI, scPDSI, and SPEI from the selected basins with diﬀerent
wetness indices at 1- to 48-month time scales. The r values for SZI-SWI
range between −0.27 and 0.98 (averaged = 0.57), which are generally
higher than those for the SPEI-SWI (range from −0.27 to 0.97, with the
average being 0.46) and for the scPDSI-SWI (range from −0.44 to 0.79,
with the average being 0.32) at all the selected basins. Similarly, the
averaged discrepancy between r for SZI-SWI and r for the SPEI-SWI is
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Fig. 11. The Pearson correlation coeﬃcients between SPEI-SWI, scPDSI-SWI, and SZI-SWI at 1- to 48-month time scales in the selected 32 large basins during
1980–2010.
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Fig. 12. The WI (P/PET) versus r between SPEI-SWI, scPDSI-SWI, and SZI-SWI in 32 large basins at 1-, 3-, 6-, 9-, 12-, 24-, 36-, and 48-month scales.

SWI at 1-, 3-, 6-, 9-, 12-, 24-, and 48-month scales. In fact, Fig. 13
conﬁrms the conclusions from Figs. 11 and 12. The r for SZI-SWI are
also generally higher than those for SPEI-SWI at global scale (especially
in non-humid regions) and for scPDSI-SWI at multiple temporal scales.
Overall, the results demonstrate that inclusion of SZI can reliably describe multi-scalar comprehensive droughts through characteristics of
water-energy balance at global scale.
One limitation of the SZI is that it requires outputs of a land-surface
model such as GLDAS (used in this study). We acknowledge that there
are uncertainties in GLDAS product. In this study, we evaluate both
forcing data and model output of four LSMs in GLDAS-1 and GLDAS-2

highest in arid basins (30% higher), followed by semi-arid basins (13%
higher), sub-humid basins (12% higher), and humid basins (1% higher)
(Fig. 12). This indicates that the performance of SPEI in determining the
WER also weakens with increasing aridity in the study area, while SZI
generally performs better than the SPEI over all climate conditions. On
the other hand, the discrepancy between r for SZI-SWI and scPDSI-SWI
are lowest in 3–9 months scale (i.e., averaged r is 39% higher), and
followed by the 1–3 months scale (64% higher,) while the averaged
diﬀerence between r values is highest in 9–48 months scale (72%
higher) (Figs. 11 and 12). Fig. 13 shows the global distribution of
correlations between SPEI-SWI, between scPDSI-SWI, and between SZI261
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Fig. 13. Global distribution of correlations between SPEI and SWI (left column), between scPDSI and SWI (middle column), and between SZI and SWI (right column)
at diﬀerent time scales during 1980–2010.
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budget dominates the water budget component. In contrast, the SZI
uses the modiﬁed atmospheric water demand estimates that maintains
the balance between both water and energy budgets, allowing more
physically-based and reliable drought information in diﬀerent climate
zones. Additionally, the improved drought assessment with the SZI is
the result of a more reasonable estimation of atmospheric water demand by including P, RO, and ΔS , all that inﬂuence meteorological,
hydrological, and agricultural droughts, respectively.
It is well-known that drought is a multi-scalar phenomenon and
some of the existing indicators such as SPI (McKee et al., 1993) and
SPEI (Vicente-Serrano et al., 2010) can describe droughts at diﬀerent
temporal scales (e.g., 1- to 48-month). The time scale over which water
deﬁcit accumulates is important and inﬂuences the transition from a
meteorological drought into a hydrological and/or agricultural
drought. In this study, the SZI is compared with the scPDSI for multicategory (e.g., meteorological, hydrological and agricultural) and
multi-scalar drought identiﬁcation globally. The scPDSI is calculated at
monthly scales, while the SZI is generated for 1- to 48-month time
scales. While the performance of SZI remains consistent across diﬀerent
temporal scales, the performance of scPDSI decreases with increasing
temporal scale. Persistence precipitation deﬁcit can produce a severe
drought with a long duration, but some individual extreme precipitation events during this period may cause short-term wet spells. The
scPDSI is highly inﬂuenced by the individual (extreme) wet events,
whereas SZI shows more temporal consistency similar to SPI and SPEI.
Overall, given that SZI is physically more reasonable in reﬂecting
surface water-energy balance over both humid and non-humid regions,
it enables better characterization of diﬀerent types of droughts in different climatic regions.

NOAH LSM based on climatic observations from CRU TS 4.01, global ET
data from GLEAM, and streamﬂow data from Pan et al. (2012) at 32
global large basins. Overall, the results demonstrate that the GLDAS-2
NOAH LSM performs the best in GLDAS product in simulating the land
water-energy states and ﬂuxes in most regions of global land area.
Therefore, in this study, the SZI, SPEI, and scPDSI at multiple temporal
scales are calculated based on the GLDAS-2 NOAH LSM at a spatial
resolution of 0.25° × 0.25° from 1948 to 2010. For more speciﬁc information on evaluation and metrics, please see Supplementary Information Fig. S1 to Fig. S6.
4. Discussion and conclusions
A myriad of drought indices exists including indicators based on
precipitation (P), runoﬀ (RO), change in soil water storage, thermal
infrared based evaporative stress, satellite-based measures of vegetation
health, or residual water-energy ratio during dry/wet spells, and each
of them provides an eﬀective way to quantify drought from a particular
perspective (e.g., meteorological, hydrological, agricultural). However,
we still lack a comprehensive composite indicator that captures
droughts from diﬀerent perspectives. One opportunity to address both
supply and atmospheric demand aspects of droughts is to use a combined water-energy balance approach. Through a series of evaluations
and cross-comparisons, we show that Standardized Moisture Anomaly
Index (SZI), developed based on both water and energy balance, addresses this critical gap. We demonstrate that SZI can better represent
meteorological droughts, hydrological droughts, and agricultural
droughts, oﬀering comprehensive composite drought information.
We globally evaluate and compare the performance of SZI with
existing drought indicators that use potential evapotranspiration (PET)
as a measure of atmospheric water demand including the Standardized
Precipitation Evapotranspiration Index (SPEI) and self-calibrated
Palmer Drought Severity Index (scPDSI). We show that while PET is a
good indicator for characterizing the climate aridity, using it as a
measure of atmospheric water demand for drought analysis leads to
misrepresentation of droughts, especially over water-limited (nonhumid) regions where the actual evapotranspiration is primarily
dominated by water availability rather than energy (or PET). The main
advantage of SZI is that, instead of PET, it uses a variable termed climatically appropriate precipitation for existing conditions (P̂ ) as the
atmospheric water demand metric. Investigating droughts over 32 large
basins across the globe, we show that the SZI can better represent
meteorological, hydrological, and agricultural droughts compared to
SPEI (especially in non-humid basins; 18 out of 32 basins). Given that
SZI is physically more reasonable in reﬂecting surface water-energy
balance over both humid and non-humid regions, it enables better
characterization of diﬀerent types of droughts in diﬀerent climatic regions.
The uncertainty in atmospheric water demand in drought indices is
the main cause of discrepancies between the existing drought indices
(Sheﬃeld et al., 2012; Dai, 2013; Trenberth et al., 2014) especially in
non-humid regions where the actual atmospheric water uptake is primarily dominated by change in P rather than in PET (Yang et al., 2006,
2007). In general, using P̂ as the water demand metric is physically
more reasonable in reﬂecting surface water-energy balance over both
humid and non-humid regions, enabling better characterization of
multi-category and multi-scalar droughts in diﬀerent climate zones.
The SPEI is even inversely correlated with P, RO, and ΔS over some
water-limited regions. This observation can be explained by Fig. 1a and
d. As shown in these two ﬁgures, the annual mean PET is much higher
than P (especially in some non-humid regions), while the magnitudes of
annual mean P̂ and P was quite similar (i.e., the ratio between P and P̂
is generally around 1.0). From a physical viewpoint, atmospheric water
demand and supply generally balance over a suﬃciently long time scale
at all climate zones, which is realistically reﬂected by the relationship
between P and P̂ . In non-humid regions, it seems that the SPEI’s energy
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