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Abstract

Streamflow drought hazard indicators (SDHIs) are mostly lacking in large-scale drought early warning systems (DEWS). This
paper presents a new systematic approach for selecting and computing SDHIs for monitoring drought risk for human water
supply from surface water and for river ecosystems that is also relevant for meteorological or soil moisture drought. We rec-
ommend considering the habituation of people and ecosystems to the streamflow regime (e.g., a certain interannual variability

or relative reduction of streamflow) when selecting indicators. Distinguishing four indicator types, we classify indicators of

drought magnitude (e.g., water anomalydefieit during a pre-defined period) and severity (cumulated magnitude since onset of
the drought event). We quantify eight-nine existing and three new SDHIs globally using the global hydrological model Wa-
terGAP2.2d. For large-scale DEWS., wWe recommend selected recommend-streamflow-hazard-indicatersSDHIs-that-should
be-included-inlarge-seale DEWS-as-theyare- specific to suitableforrisk systems that are differently adapted to low water

availability, -and-characterized by either perennial or intermittent streamflow regime, and the-existeneewith or without access

ernetef to large reservoirs. Drought magnitude is best quantified by return period or relative deviation from mean, and sever-
ity by return period or water volume below a threshold relative to mean annual streamflow. Both anomaly and deficit indica-

tors should be provided.

1 Introduction

Drought occurs when there is a prolonged time period with less water than normal in different components of the hydrological
cycle (van Loon et al., 2016) but the term drought also has the connotation that during the drought period there is less water
than required (Popat and D611, 2021). No universal definition of “drought” exists (Lloyd-Hughes, 2014). While drought is a
local to regional phenomenon, its impacts can have transnational to global dimensions, in particular related to crop production

and trade (Wilhite and Glantz, 1985; van Loon, 2015; UNECE, 2015). Streamflow drought in transboundary basins implies
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direct international impacts. Hence, global-scale assessment, monitoring and forecasting of drought hazards or risks have the
potential to support drought risk management (Pozzi et al., 2013).

Drought poses numerous risks to humans and ecosystems. A specific drought risk is a function of hazard, exposure, and
vulnerability, while the term “drought impact” relates to the manifested risk (Field and Barros, 2014). In general, the term
“hazard” refers to the physical event, “exposure” to the presence of people or ecosystems that could be negatively affected,
and “vulnerability” to the susceptibility of a system to drought impacts and its (short-term) coping and (long-term) adaptation
capacity (Field and Barros, 2014).

Drought risk indicators, and thus drought hazard, exposure and vulnerability indicators, should be designed specifically

for the targeted risk (Lloyd-Hughes, 2014; Spinoni et al., 2018; Hagenlocher et al., 2019). Fo-assess-any-risk-itisneeessary-to
first-speeify—the—risk-of-what-fer-whem™—As an example, the risk of “not being able to provide enough water to fulfill the

customers’ water demand during times of lower water availability than normal” constitutes a drought risk for water supply

companies.

isk—(I_loyd-Hughes, 2014=Spinoni et al., 2018=Hagenlocher et al., 20193=If; forthe-examplerisk
the water supply source is a river, a suitable drought hazard indicator should be based on infermatien-en-streamflow data or

on water storage in the upstream reservoir. However,

(Steinemann et al., 2015)5a very large number of drought hazard
indicators has been proposed and applied by experts without stringent consideration of the targeted risks (Wilhite and Glantz,
1985; Lloyd-Hughes, 2014). To identify a suitable risk-specific hazard indicator, the first step is to decide which water flow
or storage should be taken into account, e.g. precipitation, soil moisture or streamflow, as the determined drought hazards
depend on the considered physical variable (Satoh et al., 2021). Even after determining the appropriate risk-specific physical
variable, e.g. streamflow, there is still a large choice of possible drought hazard indicators to quantify the occurrence or sever-
ity of streamflow droughts (WMO and GWP, 2016; Yihdego et al., 2019). A stakeholder survey encompassing 33 regional to
global drought early warning systems (DEWS) revealed that streamflow drought hazard indicators (SDHIs) are rarely applied
in DEWS, while drought hazard indicators based on meteorological variables, soil moisture, and remotely-sensed vegetation
conditions dominate. Among SDHIs, streamflow percentiles are mostly applied, e.g. in the US Drought Monitor. Other indi-
cators include the Palmer Hydrological Drought Severity Index (Palmer, 1965), cumulative streamflow anomalies (Fleig et
al., 2006; Lehner et al., 2006; van Loon et al., 2012; Heudorfer and Stahl, 2017), and the standardized streamflow (Modarres,
2007; Nalbantis and Tsakiris, 2009) or runoff index ( Shukla and Wood, 2008; Satoh et al., 2021). At the continental scale,
only the European Drought Monitor provides a streamflow-drought-hazard-indieatorSDHI (Cammalleri et al., 2016a), which
has also been tested for global implementation in the Global Drought Observatory (Cammalleri et al., 2020). There is current-
ly no global-scale operational streamflow drought hazard monitoring system.

Previous research has revealed that there is often no common understanding among stakeholders about drought hazard

concepts (Steinemann et al., 2015). Also, in—Wh
hazard-indicators-is-what-is-assumed-to-be—nermal”— most descriptions of drought indicator calculations ne-matter-which
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physieal variable-is-eonsidered;-it is not made explicit what is assumed to be “normal”. For instance, defining that“nermalis

the long-term mean value of the physical variable per calendar month (and-net—forexamplethe long-termannual meanjas
normal state implies-and-that-it-is-therefore-assumed that people and ecosystems are habituated to the seasonality of water

availability—. Applying percentiles per calendar month instead implies the habituation to interannual variability. Clearly, the

conception or selection of hazard indicators needs to take into account the habituation and thus vulnerability of the system at

risk. However, investigations and guidance on how to select the optimal SDHI, considering both the targeted risk and the
habituation of the system at risk to the streamflow regime, are missing.

Streamflow drought hazard can be estimated using either observed or modeled streamflow data. If no such data are
available, streamflow drought hazard is estimated by applying meteorological indicators such as the standardized precipitation
index SPI (McKee et al., 1993) and the standardized precipitation-potential evaporation index SPEI (Vicente-Serrano et al.,
2010), where the delayed response of streamflow to below-normal precipitation is considered through longer averaging peri-
ods, i.e., by comparing mean precipitation conditions of the preceding n months to the respective n months of the reference

period (SPIn).; wherenAveraging periods can range between 1 and 24 months (Gevaert et al., 2018). However, studies have

shown that meteorological indicators have limitations in describing hydrological drought processes and suggest including

streamflow drought indicators in drought management (Haslinger et al., 2014; Blauhut et al., 2016; Laaha et al., 2017). ;-as

water-bedies{(vanleon,2045)-Where streamflow observations are not available, hydrological models can compute the re-
sponse of streamflow to precipitation and other climatic variables to determine spatially and temporally continuous drought
hazard indicators that take into account the different characteristics of the river basins (Lehner et al., 2006). Still, the meteoro-
logical variables precipitation and potential evapotranspiration are known to be major drivers of streamflow and its variabil-
ity, and hydrological models, in particular large-scale models, suffer from significant uncertainties such that the added value
of simulated streamflow-drought-hazard-indieatorsSDHIs should be assessed.

Streamflow-drought-hazard-indieatersSDHIs are commonly classified into threshold-based and standardized indicators
(van Loon, 2015). The threshold level method (TLM) was first applied by Yevjevich (1967), who defined that a drought event
begins when streamflow falls below a certain threshold (e.g. a percentile) and ends as soon as the threshold is exceeded. Then,
drought magnitude is the streamflow deficit at the considered time period (computed ase-g- the difference between the thresh-
old streamflow and the actual streamflow in—-a-eertain-menthin that time period), while drought severity is equivalent to the
cumulative magnitude since the beginning of the drought event-{er-ofthe-whele-droughtevent). The standardized streamflow

indicator (SSI) quantifies the anomaly of streamflow during a certain time period from long-term mean streamflow in units of
standard deviation and is computed like the SPI. Negative values quantify the drought magnitude per time step. The-standard-
ized-streamflow-index-SSI has been applied using a 1-month averaging period (SSI1) (Zaidman et al., 2002; Modarres, 2007;
Nalbantis and Tsakiris, 2009) as well as longer averaging periods (SSI3, SSI6, SSI12) (Svensson et al., 2017; Wan et al.,

2021). However, classification in threshold-based and standardized indicators is somewhat misleading, since as-standardized

indicators can also be s




threshold fer-dreught-eceurrence-isnecessary-as is the case for TLM indicators (McKee et al., 1993; Barker et al., 2019, van
100 Oel et al., 2018, Tijdeman et al., 2020)._ On the other hand., comparing SSI and threshold-based indicators directly implies that
M and standardized droughtindieators-different therefore quantify different-drought characteristics (magnitude and severi-

ty) are analysed. Moreover, the term drought severity is sometimes used to describe drought magnitude and vice versa
(Steinemann et al., 2015, Vidal et al., 2009; Lopez-Moreno et al., 2009). Certainly, an improved classification of drought

hazard indicators would suppertin—thisfacilitate a better understanding of drought characteristics and provide guidance in

105 selecting appropriate drought hazard indicators.2
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A further consideration in designing streamflowdrousht-hazardindieatorsSDHIs is how to conceptualize drought in in-

termittent or highly seasonal streamflow regimes. If periods of zero flow are a normal part of the streamflow regime, as it is

the case in arid regions, then it is meaningless to assess streamflow deficits during these periods. Hence, arid regions are often
excluded from global drought analyses (Corzo Perez et al., 2011; Prudhomme et al., 2014; Spinoni et al., 2019). Some authors
tested rather high percentiles as thresholds to characterize drought in intermittent streamflow regimes (e.g. the 80" percentile
or +e-Q20, the streamflow that is exceeded in two out of ten months) (Woo and Tarhule, 1994; Tate and Freeman, 2000;
Fleig et al., 2006). This approach, however, has been criticized as it is not consistent with the anomaly concept of drought
(van Huijgevoort et al., 2012). To overcome these limitations, van Huijgevoort et al. (2012) introduced a method to identify
streamflow drought at the global scale that is also applicable for intermittent rivers. It combines the TLM with the consecutive
dry period method (CDPM) for streamflow, in analogy to the consecutive dry days (CDD) indicator for precipitation (Vincent
and Mekis, 2006; Griffiths and Bradley, 2007). Using this combined method, a drought in a period with streamflow identified
with the TLM is allowed to continue in a subsequent zero-flow period. Very short periods of zero flow are excluded from the
assessment. Although more sophisticated compared to the TLM alone, the combined method as described in van Huijgevoort
et al. (2012) may be too complex to be applied in DEWS. Moreover, the final scaling procedure of percentiles in months
where both TLM and CDPM apply might result in thresholds that are not intuitive.

This paper analyzes which SDHIs are suitable for assessing and monitoring drought risk for human water supply from

surface water and for river ecosystems_in large-scale DEWS. —takinginto-accountstreamflowreghmehabitnation-of peeple

and-river-ecosystems-to-streamtlow-avatabiity-as-well-ashuman-water use-(as-alternative-threshold)—We propose a systemat-

ic approach to indicator selection, which encompasses the explicit consideration of habituation of people and river ecosystems

to streamflow availability as well as a new classification system for drought hazard indicators. -that-ineludesfourindicator

n eve —hboth hich e—eith o e e e o
5 S Do O d Spere Saus > 85

terms—ofwatervelume—orin—terms—of frequeneyorprebability—Applying the global water resources and use model Wa-
terGAP2.2d for the reference period 1986-2015, we compare drought hazard globally as determined by eight-nine existing
and three newly developed hazard indicators. —Fhefermerinclhade SPH2-SPEH2-SSH-SSH2 the percentagedeviationof
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The following section describes how streamflow and other variables required for the computation of the SDHIs were

computed and defines the eleventwelve investigated streamflow-drought-hazard-indieatorsSDHIs. In Sect. 3, we present the

new systematic approach for selecting and computing SDHIs_and illustrate the approach using observed streamflow_at two

gauging stations. In Sect. 4, wesand-we analyze spatial and temporal discrepancies and similarities patteras-of the indicators

at the global scale. In Sects4-and. 5, we give recommendations on the general suitability of the indicators as well as for

large-scale applications. Finally, we draw conclusions in Sect. 6.

2 Methods and data
2.1 Global-scale simulation of streamflow, surface water use and PET

Hydrological drought hazard indicators were computed using output from the global water availability and water use model
WaterGAP2.2d (Miiller Schmied et al., 2021). WaterGAP2.2d has a spatial resolution of 0.5 degrees latitude by 0.5 degrees
longitude (55 km x 55 km at the equator) and covers the whole global land area except Antarctica. The-modelWaterGAP
consists of the WaterGAP Global Hydrology Model (WGHM) and five water use models for the sectors households, manu-
facturing, and cooling of thermal power plants (Florke et al., 2013) as well as irrigation and livestock. WGHM computes daily
time series of fast surface and subsurface runoff, groundwater recharge, and streamflow as well as water storage variations in
canopy, snow, soil, groundwater, lakes, reservoirs, wetlands, and rivers. Model input includes time series of climate data
between 1901 and 2016 and physio-geographic information, such as land cover, soil type, relief, and hydrogeology. For this
study, WaterGAP 2.2d was forced by the WFDEI-GPCC climate data set (Weedon et al., 2014), which was developed by
applying the forcing data methodology from the EU project WATCH on ERA-Interim reanalysis data. Potential evapotranspi-
ration (PET), required for the calculation of SPEI12, was computed using the Priestley-Taylor equation. In addition to the
standard model run (“ant”: anthropogenic), in which the impact of human water use and man-made reservoirs on streamflow
is simulated, naturalized (“nat”) conditions were computed by turning off these two types of human activities. Daily model
outputs of anthropogenic and naturalized streamflow (Qant and Qnat), PET, and surface water abstractions (WUs) were ag-
gregated to monthly time series. WaterGAP total runoff is calibrated against long-term mean annual streamflow at 1319 gaug-
ing stations worldwide covering approximately 54% of the Earth’s land area (except Greenland and Antarctica). A detailed
model description and evaluation can be found in Miiller Schmied et al. (2021).

In several model intercomparison studies, WaterGAP was often among the best performing global hydrological models

(GHMs). Kumar et al._(2022)_assessed the ability of nine catchment-scale models and eight GHMs to simulate hydrological

droughts in eight large catchments around the world. -Comparing simulated and observed streamflow deficits and SSI1 (SRI)

(their Tables 2 and 3), WaterGAP is among the two to three best performing GHMs with performance indicators (R? and

Nash-Sutcliffe efficiency) comparable to those of the catchment-scale models. In another assessment of streamflow drought

based on observed or simulated streamflow at 293 locations in Europe (Tallaksen and Stahl, 2014), WaterGAP performed

well as compared to six other GHMs. In their Fig. 3, WaterGAP results are better than the multi-model median for all four

6
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performance measures. Moreover, WaterGAP performed best regarding the simulation of drought persistence (their Fig. 4).

Prudhomme et al. (2011) analyzed the ability of three GHMs to reproduce historical streamflow drought events in European

basins using the regional deficiency index (RDI). While all three models are found to broadly capture the spatiotemporal

drought development, the authors conclude that WaterGAP “is arguably best suited to reproduce most regional characteristics

of large-scale high and low flow events in Europe” (Prudhomme et al., 2011: 1181). However, WaterGAP tends to overesti-

mate the variability in RDI, which is explained by insufficient soil storage capacity. In an intercomparison study among six

GHMSs (Zaherpour et al., 2018), WaterGAP showed the best results in simulating monthly streamflow in 27 out of 40 river

basins worldwide and in each of the eight hydrobelts (their Fig. 2 and Table 3). In five out of eight hydrobelts, the mean

weighted absolute error of Q95 was lowest for WaterGAP. Nevertheless, the study revealed that WaterGAP tends to overes-

timate low flows, and that discrepancies between simulated and observed seasonality and interannual variability can be signif-

icant. In a different multi-model validation study based on five global hydrological and land surface models (Veldkamp et al.,

2018), WaterGAP was the only model that slightly underestimated variability in monthly streamflow while the others overes-

timated variability. Correlation with observed monthly streamflow though was highest for WaterGAP in both managed and

near-natural basins across the globe (their Fig. 3h). Doll et al. (2016)_compared monthly low-flow Q90 as computed by the
GHMs WaterGAP and PCRGLOB-WB to observations at 821 WaterGAP calibration stations across the globe. Overall, low

flows could be simulated with reasonable accuracy by both GHMs and were overestimated at most stations. WaterGAP re-

sults showed a better fit to observations since it is calibrated against mean annual streamflow at the considered stations (their

Fig. 3). Despite calibration, WaterGAP simulations show a lower fit to small observed Q90 values below 1 km? month™!.

2.2 Steesmlov—depnshithasned bndieators SDTTTs

ElevenTwelve streamflowdrought-hazardindieatersSDHIs (Table 1) were computed for the whole land area except Green-
land and Antarctica with a spatial resolution of 0.5° using monthly time series of WaterGAP 2.2d model output for the refer-
ence period 1986-2015. For computing each indicator, we used the 30 monthly values available for each of the 12 calendar
months individually to determine distributions, thresholds, and deficits. Moreover, selected indicators were quantified for
WaterGAP_2.2d calibration stations using monthly streamflow observations provided by the Global Runoff Data Centre
(GRDC, 2019) for the period 1986-2015 (Figs. 2a and 2b and Sect. 34.2.5).

2.2.1 Standardized meteorological indicators SPI and SPEI

SPI time series were computed at the global scale following the method described in McKee et al. (1993). Monthly precipita-
tion data are first fitted to a probability distribution (e.g. gamma or Pearson Type III) and then transformed to the standard
normal random variable Z (Eq. 1) (also termed z score), which is the SPI, following an approximation method introduced by

Abramowitz and Stegun (1965). The standard normal distribution is characterized by a mean of zero and standard deviation of

7
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1. A value of -1, for example, indicates that the precipitation value deviates from the long-term mean by one standard devia-

tion.

Z=(X-plo (1)

with X = variable (e.g. precipitation), p = mean, and ¢ = standard deviation.

The SPI can be quantified for different averaging periods of typically 1 to 36 months. In the present study, SPI time se-
ries were computed using a 12-month averaging period (SPI12), which is recommended for the assessment of hydrological
drought impacts (WMO and GWP, 2016). For a limited sensitivity analysis, SPI time series with averaging periods of 3, 6, 9,
and 12 months were derived for 218 WaterGAP calibration stations (Sect. 4.2.5). The indicator was computed using the SCI
package for R (Gudmundsson and Stagge, 2016), fitting a gamma distribution to the precipitation time series.

SPEI12 time series were calculated at the global scale according to the method presented in Vicente-Serrano et al.
(2010) using a 12-month averaging period. Similar to SPI, the SCI package for R was utilized, however, applying the Log-

logistics distribution as recommended for the SPEI (Vicente-Serrano et al., 2010; Vicente-Serrano and Begueria, 2016).

2.2.2 Standardized streamflow anomaly indicators SSI1 and SSI12

SSI1 was computed for Qant analogously to SPI1 following the method provided in Kumar et al. (2009) using mean monthly

streamflow for each of the 12 calendar months. We applied ssinge—the R package fitdistrplus and the gamma distribution,

which showed ~the best fit among 23 par-

ametric probability distributions for most grid cells. The goodness-of-fit between simulated streamflow values and the proba-

bility distribution was assessed bBased on the one-sample Kolmogorov—Smirnov test (KS test) at the 0.05 significance level.

Tsthe fits were rejected in 17% to 21% of all grid cells (excluding Greenland) depending on the calendar month.
SSI12 is computed like SSI1, but with an averaging period of 12 months. For SSI12, the fits were rejected in around 6%

of all grid cells (excluding Greenland) with only slight variations among the calendar months.

2.2.3 Cumulative streamflow deficit indicators CDQICQDI1-Q50, EBQICODI1-Q80 and €EBDQICODI1-Q80-HS

€DOQICODIT-Q50 is the cumulative, volume-based streamflow deficit computed following the threshold level method
(TLM) (Sect. 1). It should be noted that the term “deficit”, which is generally used for the TLM, refers to the negative anoma-
ly below a selected threshold, and not to an unsatisfied water demand. With €EBQICQDI1-Q50, a deficit is defined to occur if
modeled monthly streamflow is lower than the 50" percentile (median) of the long-term mean calendar month streamflow.
The empirical percentile Q50 was computed in R using the quantile function with the default quantile algorithm. In each
month, the streamflow deficit volume is calculated as the difference between the median of all 30 calendar month streamflow
values during the reference period and the water volume that was actually transported in the stream in this month. The last
deficit month is the last month of the drought event. Monthly deficits (drought magnitude) are accumulated for all drought
8
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months to obtain severity-S. Any streamflow surplus over the median in a single month between two deficit months does not
decrease the cumulative deficit value. The cumulative streamflow deficit (in units of m?) is normalized by mean annual
streamflow (in units of m?®). A value of 2 [-], for example, indicates that the cumulative streamflow deficit in a certain month
is twice the mean annual streamflow. Following Spinoni et al. (2019), a drought event is defined to start with at least two
consecutive months with a deficit and it ends (deficit set to zero) if there are two consecutive months without a deficit (two
months criterion, 2mc). This approach avoids that short-term streamflow deficits that hardly pose a drought hazard to humans
and other biota are defined as drought events (Spinoni et al., 2019). Q50 as a rather high threshold can be viewed as a “con-
servative upper bound for low flows” (Smakhtin, 2001: 153).

Streamflow intermittency generally poses a problem, as in grid cells where the threshold (in this case Q50) is zero in a
particular calendar month, re-dreught-is—edroughts are never identified with-a—threshold-based-appreachin this month. To
overcome this problem, EBQICQDI1-Q50 allows an existing drought to continue during months with Q50=0, but only if Q in
the respective month is also zero. In months where Q50 is zero, but Q exceeds zero, the drought event ends. This approach
implies that a drought can be prolonged, but never begin in calendar months with Q50=0.

E€DOQICODI1-Q80 was calculated in the same manner as EPQICQDI1-Q50, however, using the empirical percentile
Q80 per calendar month as threshold, which is the monthly streamflow value that is exceeded in 80% of all 30 calendar
months. Daily or monthly Q80 is often used as a threshold for defining the onset and termination of a streamflow deficit peri-
od (van Huijgevoort et al., 2014; van Loon et al., 2014; Heudorfer and Stahl, 2017; Laaha et al., 2017), but the selected

threshold should represent local water requirements (including environmental flow) (Cammalleri et al., 2016a).-Fhe-choice-of

E€DOQICQODI1-Q80-HS is a variant of €EBQICODI1-Q80 suitable in intermittent and highly seasonal (HS) streamflow
regimes where people strongly rely on water storage in man-made reservoirs that needs to be replenished by streamflow. It
allows an existing drought to continue in any month where Q80 is zero also if the current streamflow Q exceeds zero. Howev-
er, the cumulative deficit is reduced by any streamflow surplus over the calendar month Q80. The rationale behind this ap-
proach is that streamflow during low-flow months (i-e-calendar months where Q80 is zero) is not relevant for people relying
on large reservoirs. Below-normal water storages can only marginally be replenished during a low-flow period, and hence
drought severity should remain at the level of the preceding high-flow period. Like €EBPQICODI1-Q80, a drought can be
prolonged but never begin, in months with Q80=0.

2.2.4 Empirical percentiles EP1 and cumulative empirical percentiles CEP1(20%)

Empirical streamflow percentiles EP1 were computed per calendar month following Eq. (2) with an averaging period of one

month. EP1 expresses the frequency of non-exceedance, while the inverse is the return period, in years.

EP1 = rank(Q)/n 2)
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where rank(Q) is the rank of a streamflow value of a certain calendar month and n is the sample size, i.e., the number of
years in the reference period. Rank 1 was assigned to the smallest streamflow value. If a sample contained several months
with the same streamflow value, the largest rank among these months was assigned to the tied streamflow values. For a calen-
dar month comprising, for instance, 26 out of 30 months with zero streamflow, a value of EP1=26/30 would be assigned to
the respective 26 months corresponding to a return period of 1.2 years. This method slightly adjusts the approach by Tijdeman
et al. (2020), who used the average rank among the tied values. In the given example, this would result in EP1=0.45 and a
return period of 2.2 years for the first 26 values. In this study, we chose the largest EP1 for tied values to reflect that frequent
streamflow values have a high frequency of non-exceedance and a low return period assuming that people and the ecosystem
are habituated to more frequent values including zero streamflow.

The cumulative percentile-based anomaly CEP1(20%) was computed in a similar way to €EBDQICQDI1-Q80 using the
20™ percentile (the value that is exceeded in 8 out of 10 months) of the respective 30 EP1 values as threshold per calendar
month. Moreover, CEP1 allows an existing drought event to continue during months where both Q80 and the current stream-

flow are zero.

2.2.5 Relative deviation from mean conditions RBQIRQDI1, RDQIRQDI12 and cumulative CRDQIRQDI1(-50%)

RDOQIRODI1 is the relative deviation of monthly streamflow from mean calendar month streamflow (MMQ) in percent. In
each montbh, it is calculated as the difference between monthly streamflow and the respective MMQ, which is then divided by
MMQ. RDQIRQDI12 is the relative deviation of mean streamflow during the preceding 12 months (in km?® month') from
mean annual streamflow (in km® month™!) during the reference period. In this study, RBQIRQDI12 is only assessed for two
gauging stations (Fig. 2 and Sect. 3.23), but not at the global scale.

The cumulative relative deviation CRDQIRODI1(-50%) with a threshold of RPQIRODI1=-50% was derived like
EBOICODI-Q80. Months with MMQ=0 where {-e-the relative deviation is not computable in-this—ealendar-month)-were

defined to end a drought event assuming that people are habituated to zero streamflow in this month.

2.2.6 Water deficit indicators CBQICQDI1-WUs and €EDQICODI1-WUs-EFR

The water deficit indicators EBQICQDI1-WUs and €BQICQDI1-WUs-EFR are computed like €BQICODI1-Q80 but
using as thresholds mean monthly potential surface water abstraction WUs, and WUs plus environmental flow requirement
(EFR), respectively. Following Richter et al. (2012), EFR is assumed to be 80% of mean monthly naturalized streamflow
Qnat per calendar month such that 12 EFR values are obtained per grid cell. WUs is the simulated water demand (potential
water abstractions from surface water bodies) and not the actual water abstractions (Miiller Schmied et al., 2021), but both
values are similar in most grid cells. The satisfied (or actual) water use is not suitable to identify periods of water deficit be-
cause it decreases along with water availability during drought. Cumulative deficits are normalized by mean annual stream-
flow. The indicators were not computed in grid cells where mean annual surface water demand in the reference period is zero

(approx. 9% of all grid cells excluding Greenland).
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2.32-7 Probability of drought events of a certain severity

Following the approach of Cammalleri et al. (2016a) to compute the low-flow index LFI, the probability of drought events of
a certain severity was computed for six cumulative indicators, CEP1(20%), four EBDQICQDI1 variants (thresholds Q50, Q80,
WUs, and WUs+EFR) and CRBDQIRQDI1(-50%). First, the partial duration series of drought events was derived based on the
severities of all drought events of the reference period. Grid cells with less than six drought events were excluded. The expo-
nential cumulative distribution function proposed in Cammalleri et al. (2016a) was used to estimate the probability of non-

exceedance p of a certain cumulative streamflow deficit:

p(si; ﬂ’) =1- e_/lsi (Wlth Si > 0) (3)

where the variable S; is the severity of drought event i, as quantified by a cumulative indicator, and the parameter A is
the inverse of the mean of the severities of all completed drought events. For instance, a value of p=0.7 in March 2002 de-
notes that, if the drought event ended in March 2002, its severity would be larger than the severity of 70% of the drought
events in the reference period. Different from LFI, which is based on daily streamflow data, time series of monthly stream-
flow were used for all indicators and the two-menths—eriterion2mc (see Sect. 2.2.3) was applied. Since p was computed for
each month of the reference period, it describes the non-exceedance probability of both completed drought events and contin-

uing droughts.

3 Proposed systematic approach for selecting and computing SDHIs

Wilhite and Glantz_(1985)_suggested distinguishing between a conceptual and an operational drought definition, with the

former referring to the general qualitative concept of drought and the latter allowing for a quantitative drought characteriza-

tion including onset, severity, termination, and spatial extent. In the following Sect. 3.1, aspects that relate to the conceptual

drought definition are discussed comprising the description of the targeted drought risk and the system at risk. In particular

assumptions about the habituation of the system at risk to the streamflow regime are discussed, an aspect that is currently not

taken into account or not made explicit in mest-drought hazard studies. In order to translate these conceptual definitions into

operational drought hazard indicators, agp new classification system for hazard indicators is proposed in Sect. 3.2. The new

systematic approach is illustrated in Sect. 3.3 for selected SDHIs using streamflow observations at two gauging stations with

different streamflow regimes.Results-and-discussion
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3.1 Assumptions about habituation inherent in drought hazard indicatorsPrepesed-systematic-appreach-for selecting

and computing streamflow drought hazard indicators

The choice of drought hazard indicators implies assumptions about the habituation of the system at risk. In the case of stream-
flow, people and ecosystems are assumed to have adapted to certain characteristics of the flow regime. For example, if
drought indicators are computed based on the calendar month-specific distribution of streamflow values, it is implicitly as-
sumed that people and ecosystems are adapted to the seasonality of streamflow. In case of SSIl;ferexample, it is_further
implieithy assumed that people and ecosystems are in-additions-adapted to a certain degree of interannual variability, e.g., to
the low streamflow that is only exceeded in 1 out of 5 years. But also temporally constant thresholds, which have traditionally
been used to define hydrological droughts (Stahl et al., 2020), are suitable for certain systems, e.g., for computing drought risk
for electricity generation by thermal power plants, which require a certain minimum streamflow for operation.

When conceptualizing or selecting a hazard indicator for a specific drought risk, these assumptions on habituation of
the system at risk should be made explicit. At the global scale, it is unknown to which streamflow characteristics different risk
systems such as drinking water supply, irrigation water supply, hydropower production, and the river ecosystem are accus-
tomed. Therefore, the eleven—twelve global-scale drought hazard indicators analyzed in this study cover different types of
habituation, including the habituation to a certain degree of interannual variability of streamflow, to streamflow seasonality,
to a certain reduction from mean calendar month or mean annual streamflow, and to being able to fulfill the demand for sur-
face water abstractions and environmental flow. Table 1 lists the indicators according to this classification together with

unique characteristics relevant for streamflow drought risk assessments.

12



| Table 1: Characteristics of conventional streamflow—drought-hazard-indieatorsSDHIs suitable for global-scale assessments,

375 classified according to inherent assumptions about habituation of people or other biota

Assumed habituation and indicator

People or other biota accustomed to

Characteristics

a certain degree of inter- SSI12/EP12! Suitable for quantifying 1) risk for human water supply in regions with large
annual variability CODI-080-HS man-made reservoirs or lakes that buffer seasonal streamflow deficits as
well as 2) risk for large lake and wetland ecosystems.
SPI12 If used as proxy for streamflow drought hazard, assumptions about habitua-
tion are the same as for SSI1.
Processes in altered flow regimes cannot be characterized.
seasonality and a certain SPEI12 Same characteristics as SPI12; better proxy for streamflow drought hazard
degree of interannual as it takes into account the impact of increased potential evapotranspiration
variability on drought.
SSI1/EP1/€EDQICQDI1-  Suitable risk for human water supply and for risk for river ecosystems in
Q80 regions without access to reservoirs. Streamflow drought hazard might be

underestimated in regions with high vulnerability and interannual variability.

seasonality

and median calendar
month streamflow

Using such a high threshold (median of calendar monthly streamflow) can
be beneficial in highly vulnerable regions where people cannot even cope
with small reductions in median monthly streamflow.

€DBQICODII-Q50

being able to fulfill de- The system at risk is accustomed to the seasonality of human water demand
mand for surface water (WUs). People are used to being able to fulfil human water demand.
abstractions The health of river ecosystems is not taken into account.
EBRICODIT-WUs An indicator of water deficit rather than drought hazard.

being able to fulfill de- The system at risk is accustomed to the seasonality of human water demand

mand for surface water
abstractions and envi-
ronmental flow

EbRICODI1-WUs-EFR

(WUs) and to the seasonality of environmental flow requirements (EFR).

Alternative 1: EFR based on Qant?: The river ecosystem has adjusted to the
altered flow regime over the last decades, which is considered the “new
normal status”.

Alternative 2: EFR based on Qnat?: the natural flow regime is the aspired
status.

a certain reduction from
mean calendar month

Suitable in study regions without large surface water storages.

Drought hazard might be overestimated in regions with low vulnerability

streamflow RBQIRODI1 . >
and interannual variability.
a certain reduction from RBOIRQDI12 Suitable in study regions with large man-made reservoirs or lakes, which

mean annual streamflow

buffer seasonal streamflow deficits.

Drought hazard might be overestimated in regions with low vulnerability
and interannual variability.

temporally constant min-
imum streamflow

Not included in this
study

Identifies drought hazard whenever water availability drops beneath a cer-
tain level (e.g., water intake for cooling of thermal power plants has to be
reduced). Identifies no drought in wet season.

"'EP12: Empirical streamflow percentile with an averaging period of 12 months (not analyzed in this study)

! Qant, Qnat: Modeled anthropogenic streamflow altered by human water use and man-made reservoirs (Qant) and natural-
ized modeled streamflow (Qnat)
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In hydrology, flow duration curves showing the fraction of the time that a certain streamflow is exceeded (expressed as

percentiles) are a Wldely used method to assess the low-flow regime (Smakhtin, 2001). Fer-example;—the-Q90-is—the-low
slq ]8%156%1':!{1]% Gﬁt‘h% E‘Hlﬁlﬁﬂllatl”% dlstﬂblitlsﬂ ﬁiHEHBH

Percentile-based indicators including empirical streamflow percentiles, standardized indicators, and TLM indicators with a

low streamflow percentile as threshold) are often applied in DEWS (Bachmair et al., 2016; Cammalleri et al., 2016a). They
are perceived as statistically consistent across different temporal and spatial scales, indicating the rarity of the event (Steine-
mann et al., 2015; WMO and GWP, 2016). Indicators of less than normal water availability such as “percent of normal pre-
cipitation” appear to be less preferred as time periods with the same indicator value have different probabilities of occurrence
in different regions and thus not the same rarity (Steinemann et al., 2015). However, according to Kumar et al. (2009), percent

deviations from mean precipitation (erpereent-of normal—percent-deviation+100%)-have been used to assess drought inten-

sity in India, South Africa, and Poland. Kumar et al. (2009) compared percent precipitation deviations and SPI in two districts

in India, one in a humid region with high mean precipitation and low interannual variability and the other in a semi-arid re-

gion with low mean precipitation and higher interannual variability. Based on a 39-year record of observed monthly precipita-

tion they showed that much higher percent deviations occurred, in the case of SPI = -1, in the low precipitation district than in

the high precipitation district, e.g., -70% and -30%, respectively. Consequently, drought hazard may be underestimated with

SPI in the low precipitation district. For example, yield loss is more closely related to percent of normal precipitation than to

the rarity of the low precipitation event, as crop yield depends on actual evapotranspiration in percent of PET, which decreas-

es with precipitation

Application of percentile-based indicators (e.g., SSI12, SSI1, and EBQICODI1-Q80 in Table 1) implies that people in

different climate regions and social systems are equally habituated to a certain interannual variability, which is most likely not
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the case. Similar to the example above from Kumar et al. (2009), the 20" streamflow percentile (or SSI1 = -0.84) would cor-

respond to a low relative streamflow deviation (e.g. -20%) in a humid region (low interannual variability) compared to a

higher deviation (e.g. -50%) in a semi-arid region (high interannual variability). Comparinga-humid-region-with-low-interan-

compared-to-the humidarea{e-s—20%)Hence, although percentile-based these-indicators have the advantage of being spa-

tially comparable in terms of drought frequency, they might underestimate streamflow drought hazard in semi-arid areas

where people (and ecosystems, albeit possibly to a lower degree) are often more vulnerable to reductions in water availability

ity. Regions with high interannual variability

are depicted in Fig. Alb. Here, drought hazard indicators that quantify anomalies from the long-term mean or median might
be better suited to define drought conditions. These include percent deviations from mean streamflow (RBQIRQDII,
RDOQIRODI12 in Table 1) or TLM indicators with higher percentiles as threshold (€EPQICQDI1-Q50 in Table 1). Con-
trastingly, river ecosystems are, in the ideal case, perfectly adjusted to interannual variability of streamflow such that percen-
tile-based drought hazard indicators are often suitable for drought risk assessment for river ecosystems. Fhereforeln conclu-
sion, percentile-based hazard indicators and relative deviations from the long-term mean or median should be used comple-
mentarily in large-scale DEWS assessments-to-adequately-in combination with adequate vulnerability and exposure indicators
support-to cover the-assessment-of-different drought risks.

Another important characteristic of drought hazard indicators is the selected averaging period that defines whether peo-
ple are habituated to the annual or seasonal flow regime. One can assume that river ecosystems are generally accustomed to
seasonality. Therefore, indicators with a short averaging period of, for example, one month (SSI1, RBQIROQDII and
EDBOICODI1 variants in Table 1) are appropriate for quantifying drought hazard for river ecosystems. Furthermore, short

averaging periods are suitable in regions where farmers and other water users do not have access to large water storages such

as reservoirs, lakes, or groundwater (either due to missing infrastructure or due to water use restrictions). As these users ab-

stract water directly from the stream,-and-whe-need-to-use-the—-water-as-it-flows-down-theriver they —Henee,these-users-are

very vulnerable to seasonal (monthly) streamflow deficits. Indicators with longer averaging periods (SSI12 and
RDOIRODI12), on the other hand, are suitable in regions with large man-made reservoirs, which are usually replenished
during the wet season such that streamflow deficits during the low-flow months are irrelevant. People in these regions are
therefore only vulnerable to either interannual variability (SSI12) or mean annual conditions (RBQIRQDI12), but not to sea-
sonality. Certainly, other averaging periods may be suitable depending on the region-specific storage capacity.

Since volume-based indicators (TLM indicators) are also important components in water resources management (van
Loon, 2015), we propose the volume-based indicator EBQICQDI1-Q80-HS as an alternative for SSI12 and RBQIRQDI1?2 te

ify-drought-hazard-when-assessing-droughtriskfor human—water-supply-in ease-efregions with highly seasonal (HS)

streamflow regimes and large reservoirs. If water users need streamflow to fill a reservoir, streamflow availability during the

dry season would be of (almost) no interest to the risk takers/water users. For them, it would be worse to have less water than
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normal during two consecutive wet seasons even if there is slightly more water than normal in the dry season (as the amount
of this water is very small compared to the water produced in the wet season). With €EBDQICQDI1-Q80-HS, an existing
drought is allowed to continue during a pre-defined low-flow period,—-e- namely months where the calendar month Q80 is
zero, even if streamflow exceeds zero (Sect. 2.2.3). Consequently, in case of two consecutive wet-season droughts the stream-
flow deficit continues to accumulate durins—thesecond—wetseasons—resulting in a higher drought severity_for the pooled
drought event fer-the-drought-event(afterthefirst-wet-season)-than for the two smgle two-wet-season droughts This most

likely reflects the perceived hazard of such a situation better.

seasenality—Regions with highly seasonal streamflow where the application of EBQICQDI-Q80-HS is meaningful ;e re-

gions-with-highly-seasenal streamflows-are depicted in Fig. Ala.

Obviously, if SPI12 and SPEI12 are used to assess meteorological drought hazard, people and ecosystems are assumed

to_be habituated to the interannual variability, but not the seasonality, of P and P-PET. However, wWhen SPH2-and

SPEH2they are used as proxies to identify streamflow drought hazard, they should ideally correspond to the temporal devel-
opment of SSI1._ Their performance would be assessed by comparing the goodness-of-fit between time series of SPI12 or

SPEI12 with SSII. In this case, -Henee;-assumptions about the habituation inherent in SPI12 and SPEI12 deseribed-in-Table+

refer to the streamflow regime and not to the-meteerelogicalvariablestime series of P and P-PET. Accordingly, SPI12 and
SPEI12 fall into the same category as SSI1 in Table 1 (interannual variability and seasonality). Obsteusk—+SPH2 and

streamflow drought hazard is discussed in Sect. 34.2.5.

For water managers, the status of the actual water deficit in terms of unsatisfied water demand might be as informative
as the status of streamflow anomaly. Drought hazard is generally defined as a climate-induced anomaly, i.e., a period of be-
low-normal water availability (McKee et al., 1993; van Lanen, 2006; van Loon, 2015). This concept can be broadened by
assuming that a drought only occurs if the anomaly coincides with a water deficit for people or ecosystems (Cammalleri et al.,
2016b; Popat and D611, 2021). This concept is not new and several definitions were already summarized in Wilhite and Glantz
(1985), e.g., drought is a “period during which streamflows are inadequate to supply established uses under a given water
management system” (Linsley et al., 1975 in Wilhite and Glantz, 1985: 115). Nevertheless, only a few studies exist where the
combination of anomaly and deficit was translated into drought hazard indicators for soil moisture (Palmer, 1965; Cammalleri
et al., 2016b; Popat and Do6ll, 2021) and streamflow (Popat and D&ll, 2021). In the present study, the water deficit aspect of
drought is represented by the indicators EBQICQODII-WUs and €BQICODI1-WUs-EFR where surface water demand is
taken as the threshold (Table 1). Application of these indicators implies that the system at risk is habituated to the satisfaction
of seasonal water demand. While EBDQICQDI1-WUs neglects water requirements of the ecosystem, EBDQICQDI1-WUs-EFR
as-computed-in-this-stady-assumes that the river ecosystems is habituated to the seasonality and magnitude of natural stream-
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flow. As EFR might never be fulfilled during the investigation period in case of streamflow regimes that are strongly altered
by human water abstractions and man-made reservoirs, Qnat in the EFR computation can be replaced by Qant-in-ease-of
strongly-altered-streamflowregimes. This implies the assumption that the river ecosystem has already adapted to the altered
streamflow conditions (Table 1). Figure Alc shows regions where human water demand is high compared to available

streamflow and where a drought hazard due to unsatisfied human surface water demand is likely.

3.1:2 Levels of drought characterization

coneeptual-drousht-definition—Translating this-conceptual drought definitions -into operational, a-quantitative drought hazard

indicators is not straightforward due to the complexity of the underlying natural processes and the large number of methods
and indicators that can be applied.
In the existing literature, there is agreement about which drought characteristics are relevant for operational applications
comprising ;-ramely-the temporal component (onset, termination, duration) and the spatial extent as well as drought magni-
tude and severity, from which other metrics such as intensity, return period, and frequency or probability of occurrence can be
derived (van Lanen et al., 2017). We understand drought magnitude as an anomaly or deficit occurring within one time step
and severity as the accumulated anomaly or deficit over all time steps during the duration of the drought event exceeding a
selected threshold (van Lanen et al., 2017). However, the terms drought magnitude and severity, which represent different
levels of drought characterization, are not applied consistently in the literature. The terms are not made explicit and some-
times interchanged (Steinemann et al., 2015, Vidal et al., 2009; Lépez-Moreno et al., 2009). In particular, the commonly ac-
cepted classification of streamflow—drought-hazardindieatorsSDHIs into threshold-based and standardized indicators (van
Loon, 2015) can be somewhat misleading, since the former represents time series of severity and the latter time series of
magnitude.

To facilitate a better understanding of the informative value of streamflow-drought-hazard-indicatorsSDHIs, we suggest
a new indicator classification that includes four types of indicators and distinguishes severity from magnitude indicators (Fig.

1). The feurindicator types (columns in Fig. 1) guantifi—include the volume-based anomaly, the standardized or percentile-
based anomaly, and the relative deviation,-and-the-anemaly-ecombinedwith-the-defieit— all of which are described in the previ-

ous section. Anomalyindicators—guan y—HOW—HhaSHa re—water—avahad Ve WAHRTeSspe o—a—threSnota

ble-than—under mean-—eonditions—Deficit-anomaly indicators (last column in Fig. 1) combine an anomaly indicator with an

indicator of the deficit with respect to optimal water availability. For example, Popat and D&l (2021) combined the volume-
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based magnitude-anomaly indicator pg (Fig. 1) with an indicator of the streamflow deficit with respect to water demand to
obtain the streamflow deficit anomaly indicator QDAI. For each indicator type, two levels of drought characterization can be

computed.: Level 1 indicates the drought magnitude;e—-the-non-eumulative-anemaly-or-defieit at each time step. Time steps

in drought analysis are usually months, but daily time steps may be used in drought monitoring systems (Cammalleri et al.,

2016a). Time series of drought magnitude can be expressed as absolute (volume-based) or relative anomaly or deviation or in
terms of frequency or probability of occurrence. If magnitude indicators are cumulated since drought onset, severity indicators
are obtained at level 2. The units of the four indicator types differ both at level 1 and 2, but at level 2, indicators can be direct-

ly compared when for-all-fourindicatortypes;severity-of the-drought-event-ean-be-expressed in the-same-units of probability

of non-exceedance (Fig. 1).
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g Frequency/probability of Standardized anomaly per time RDQ! transformed into Anomaly x deficit per time step
w anomaly per time step below step (e.g. SSI°) frequency/probability © below threshold (e.g. QDAI*)
b 4\
- ssheldleg—rat
gal
©
: S chossethveshodr
2
g Cumulative normalized anomaly Cumulative standardized or Cumulative relative deviation Cumulative anomaly x deficit per
2 J per time step below threshold percentile-based anomaly per from mean per time step below time step below threshold
‘—3" (,TLM “) (e.g. CDQI7) time step below threshold (e.g. threshold (e.g. CRDQI1) (e.g. cumulative QDAI)
g CSSI18, CEP1)
o

Frequency/probability based on
cumulative (normalized) anomaly
(e.g. LF1?)

Frequency/probability based on
cumulative standardized or
percentile-based anomaly
(e.g. CSSI1_f, CEP1_f)

Frequency/probability based on
cumulative relative deviation
from mean (e.g. CRDQI1_f)

Frequency/probability based on
cumulative anomaly x deficit

1Threshold to define anomaly or deficit based on, e.g. the same variable or a type of (human, plant, ecosystem) water demand and defined
by, e.g. constant or seasonal values, percentiles or mean, temporally averaged over the averaging period of the variable or over a different

time period (e.g. 31-day running mean of daily values in case of a daily averaging period)
2Methods to handle periods of no or low flow or storage; definitions for onset, termination, pooling of drought events

3 e.g. Tijdeman et al. (2020)

4Doll and Popat (2021) (QDAI: streamflow deficit anomaly index; pq: streamflow drought probability index)

5 e.g. Modarres (2007)

6 See Quiring (2009) and Steinemann et al. (2015) and their percentile-based approach for ,objective drought definition”. Only the percent
normal precipitation (relative deviation from mean precipitation, RDPI) was assessed.

7 e.g. Fleig et al. (2006)
8 e.g. Barker et al. (2019)
2 Cammalleri et al. (2016)
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1Threshold to define anomaly or deficit based on, e.g. the same variable or a type of (human, plant, ecosystem) water demand and defined
by, e.g. constant or seasonal values, percentiles or mean, temporally averaged over the averaging period of the variable or over a different

time period (e.g. 31-day running mean of daily values in case of a daily averaging period)
2Methods to handle periods of no or low flow or storage; definitions for onset, termination, pooling of drought events

3e.g. Tijdeman et al. (2020)

4Doll and Popat (2021) (QDAL: streamflow deficit anomaly index; pg: streamflow drought probability index)

°e.g. Modarres (2007)

6See Quiring (2009) and Steinemann et al. (2015) and their percentile-based approach for ,objective drought definition”. Only the percent
normal precipitation (relative deviation from mean precipitation, RPDI) was assessed.

7e.g. Fleig et al. (2006)
8e.g. Barker et al. (2019)
2 Cammalleri et al. (2016)

525 Figure 1: Schematie-Classification system includingfer-computing four types of drought hazard indicators, indicating 1) magnitude

of the drought at a certain time step as deficit and/or anomaly (level 1) or 2) severity of the drought event, i.e. the cumulative mag-
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nitude of drought since drought onset (level 2). Both magnitude and severity can be expressed in terms of frequency/probability to
compare the drought of interest to other droughts. The dark grey boxes indicate decisions made when computing the indicators.
Indicators in bold have already been applied in the literature. Assumptions about the habituation of people and ecosystems deter-

mine the selection of the type of indicator, the averaging period, and the threshold (see Table 1).

r-additionto-theelassification-sehemeFigure - shows—n+tThe dark grey boxes_ in Fig.ure | represent-the decisions to

be made-before-a-droucht-hazard-indicatorcan-becomputed; regarding time step length and averaging period, drought thresh-
old and definition of drought events (minimum length of drought event, pooling of drought events). Fhe-combined-choiceof

indicator-typeaveraging period-and-thresholdimplies-These decisions depend on assumptions-abeut-the assumed habituation

of people and ecosystems to certain streamflow conditions (Sect. 3.1 and Table 1).

~Beige and orange boxes contain indicators that

are expressed in absolute or relative Values%ﬁ%ﬁmag%bexesﬁhem%ﬁef&ﬂ%&%@epfessed and in terms-of-frequen-

cy/probability of occurrence, respectively. Indicators that-are—eurrently—usedapplied in drought monitoring (€EPQICQDII,
low-flow index LFI, percentiles, SSI, RDPI) or thathave beenapplied-in the literature (po, cumulative SSI, streamflow deficit

anomaly indicator QDAI) are written in bold.

Fhesehematie-in-Figure 1 shows that the specific drought hazard indicators represent different levels of drought charac-
terization (magnitude and severity) and that those pertaining to one of the four indicator types can be transformed between
level 1 (magnitude) and level 2 (severity) while still sharing the type-specific conceptual drought definition. Furthermore, the
sehematie-classification system clarifies that each indicator type requires a threshold setting either at level 1 or 2;-for-defining

. Hence, the term “threshold-based”

applies to any indicator of drought severity and it is therefore not a suitable criterion for distinguishing types of indicators.
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The classification of indicator types can be ambiguous. For instance, standardized and percentile-based anomaly indica-

tors are subsumed in Fig.gre 1 (column 2), although there is a minor conceptual difference between them as highlighted by

Tijdeman et al. (2020). While standardized indicators show the non-exceedance probability enabling extrapolation, empirical

percentiles represent the historical non-exceedance frequency within the boundaries of observations. We account for this

aspect by including the terms frequency and probability in Fig.ure 1. Volume-based and standardized or percentile-based

anomaly indicators, on the other hand, are presented as different indicator types, although they can be based on the same con-

ceptual drought definition if equivalent thresholds are applied. If Q80 is used as threshold for CQDI1 and -0.84 for cumula-

tive SSI1 (corresponding to the 20" percentile for cumulative EP1 and a return period of 5 years), both indicators capture the

same drought signal. Differences between the drought signals are then attributable to the computational methods for the

standardization of streamflow. Analyzing the sensitivity of SSII1 to different parametric and nonparametric standardization

methods in European river basins, Tijdeman et al. (2020)_revealed considerable differences in computed SSI1 among seven

probability distributions (and two fitting methods) and five non-parametric methods.

A major difference between

vantage-of-volume-based ever-and standardized indicators is that drought severity can be expressed in volume of “missing”

water and thus in ;+e—absolute- rather than relative values, which is often more informative in water resources management

(van Loon, 2015). Although both indicator types capture the same drought signal (see above), Hewever;-the relative levels of

drought severity among the drought events during the reference period differ. -as—+Volume-based indicators detect absolute

drought deficits aand standardized or percentile-based indicators relative drought deficits. Eor—instaneeAs an example, a

monthly deficit volume of 1% of mean annual streamflow represents a larger deviation from median streamflow in a low-flow
month compared to a high-flow month. Consequently, differences between the two indicator types velume-based-and-stand-

ardized-orpereentile-based-indieators-can be large when severities of specific drought events during the reference period are
compared. This difference is illustrated in Sect. 34.23.4 and Fig. 78.
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3.2-3 Illustration of habituation-based classification approachObservation-based-streamflow—drought-hazard-indica-
feEs

The relation between-among ten out of the eleventwelve indicators in Table 1 was assessed for time series of monthly stream-
flow observed at two GRDC gauging stations with different streamflow regimes. The Little Colorado RRiver near Cameron in

the United States (Fig. 2, left) was selected because it is the only station among 220 GRDC gauging stations worldwide with

continuous monthly streamflow observations between 1986 and 2015 that has a visible impact of the HS method (Sect. 2.2.3).

It -is characterized by comparably low mean annual streamflow (MA ca. 5 m?s!) and high interannual and seasonal varia-

bllltV Mean-month
m2-s)-Q80 is zero in May, June, and November. The Danube RRiver at Hofkirchen in Germany (Fig. 2, right) was selected
due to the different streamflow regime (= much higher MAQ of 640 m? s”'-, and-lower seasonal and inter-

annual variability) and due to the fact that the 2003 European drought can be used as a benchmark for the assessment. Since

both stations are situated in river basins with an assumed low vulnerability to drought by global comparison, the indicator
GDQI QDI1-Q50, suitable in hlghly vulnerable regions, was not considered-sinee-both-selected stations—are-situatedinriver

r. We used observations instead of WaterGAP mod-
elling result to exclude model uncertainties. Only mean monthly WUs used in EBQICODI1-WUs and €EBDQICODI1-WUs-
EFR is based on WaterGAP model output. Different from the description in Sect. 2.2.6, EFR in €EBQICQODI1-WUs-EFR is

computed as 80% of observed mean monthly Qant and not Qnat.

streamflow defieits-anomalies below Q80 are-are highlighted in orange. i#sFie—2a-
Fig. 2b depicts time series of drought severity according to different €BQICQODI1-Q80 variants. First, the effect of the twe
months—eriterion—2mc) (Sect. 2.2.3) can be deducted by comparing €EPQICODI1-Q80 (without 2mc) (wle—2me)—-and
€DOICODI1-Q80. Six-Applying the 2mc, several one -month droughts are excluded at both stations and at-the Little Colora-

de%epaf&exelﬂdeek{eg—liwg—zm%métwo drought events in1996-are pooled into one_in 1996 (Little Colorado
River) and 2003 (Danube River).

droughts-between2004-and 2064-Comparing CQDI1-Q80-HS and CQDI-Q80, the HS method (Sect. 2.2.3) can either lead to

the mere prolongation of drought events (for example in 1990 and 1991 at the Little Colorado River) or to the pooling of two
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or more wet-season droughts into one drought event (not identified at the two stations). When computing the frequency distri-

bution of drought severity, there would be no difference between CQDI1-Q80 and CQDI1-Q80-HS in case of drought prolon-

gation. In contrast, the pooling of two or more wet-season droughts into one drought event does change the frequency distri-

bution of drought severity. Whether the assumptions about habituation inherent in the 2mc and the HS method adequately

reflect the perceived drought hazard can only be answered with regional knowledge about the vulnerability of the system at

risk. At the Danube station, the 2mc certainly leads to the realistic extension of the drought event in 2003 until the end of the

For better comparison with the EBQICQDI1-Q80 variants, only z-scores below -0.84, equivalent to Q80, are shown for

the standardized indicators (Fig. 2c¢). Since fitting of the gamma distribution was rejected for the Little Colorado River station
based on the KS test (Sect. 2.2.2), the indicator EP1 (Seet—22-43-was computed instead of SSI1 and transformed into z scores.
Both-EP1 and SSI1. respectively, -capture the same drought signal as EPQICODI1-Q80 (withoutw#e 2mc) at both stations.
Nevertheless, the former indicate the drought magnitude during the month of interest only, while EBQICQDI1-Q80 indicates
the eumulative-magnitudei-e-severity since the beginning of the drought event. For instance, drought severity of the drought
event in 2014 (Fig2b;rightDanube station) exceeds the value in 2011 by a factor of almost 2. The maximum drought magni-
tude for both events, however, is very similar according to SSI1. Cammalleri et al. (2016a: 356) aptly write that standardized
indicators such as SPI and SSI -cannot reproduce the “conceptual mechanism behind the evolution of a drought event as a
phenomenon that is derived from a continuous hydrological quantity with daily values that are strongly dependent on the
antecedent status”. We argue though that this is just due to the fact that SSI1, as well as EP1, indicate drought magnitude and
could be converted into the severity indicators CSSI1 and CEP1, respectively (see Fig. 1), which take into account the ante-
cedent status of streamflow (Fig. 5£7f).

-WWith SSI12 (Fig. 2¢), deviations from normal conditions are smoothed over the preceding 12 months making the in-
dicator suitable in-for identifying reservoir drought hazard. highly-seasonal-flowregimes-with-reserveirs—The-indicatorisnot

onceptualized-to-dete eamflow—anomalies-at-a-monthly-scale-and-to-identifiy—the-onset-ofa eamflow—drought—Stream-

24



665

670

675

680

685

690

695

flow drought events at both stations anemalies—in2003-and 204H4(Fig2e,right), for-example,—are indicated by SSI12 enly
sherthy-before-the-droughtis-overwith a delay of several months with regard to drought onset and termination (2003 and 2014,

Danube River) or drought termination only (1996, Little Colorado River).

The correspondence between the meteorological indicators (SPI12 and SPEI12 (Fig. 2¢)} and the hydrological indicators
(SSI1 or EP1 and €DQICQDI1-Q80 variants) is low at both stations-(Fig-—2¢}. -For most streamflow drought events, the aver-

aging period of 12 months for the meteorological variables leads to excessive delays in the signal. Many short drought signals

are not detected at all. Performance of SPI12 and SPEI12 is equally low at both stations. Hence, drought propagation through
the hydrological cycle is faster than estimated by SPI112 and SPEI12. This is also supported by th i

at 21 8-gauging stations{Seet—3-5)—At both stations frem-in Fig. 2, an averaging period of 3 months resulted in the the-highest

correlation -between SPI and observed SSI1.was-highestfor SPI3-
RDOQIRODI (Fig. 2d) indicates the magnitude of streamflow drought hazard under the assumption that the system at risk

is habituated to mean monthly streamflow but not to interannual variability. Due to the high interannual variability at the
Little Colorado River with a few high-flow years that considerably increase mean monthly streamflow, RBQIRQDII1 and
RBQIRQDI12 are often below -50%. The strong RQDII signal is very different from the EP1 with minimum RQDI1 values
below -90% corresponding to EP1 (z score) between -1.8 and +0.6. At the Danube station, the threshold -50% is only reached

twice during the drought years 2003 and 2014 with SSTI below -1.65. (RPDOQH-in-60%and R12-in 30% of menths-duringthe
refereneceperiod)-As discussed in Sect. 3.1, it is unknown at the global scale to which streamflow characteristics people and

other biota are accustomed to, but Fig. 2 visualizes that SSI may underestimate the drought hazard in semi-arid regions. -At

RDOIROQDI probably overestimates drought hazard in regions where people are well accustomed to the interannual variability

of streamflow.
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The water demand deficit indicators EBQICQODI1-WUs and €EBQICODI1-WUs-EFR (Fig. 2e) result in very different
temporal patterns of drought severity as compared to the EBQICQDI1 variants. While streamflow at the Little Colorado Riv-
er is below Q80 mainly outside the low-flow period (May-June and November-December), mean monthly WUs are highest in

May and June, and consequently EDOICODI1-WU droughts often occur in these months. Fhe-absolutevaluesof CDOQH-

e—Drought severity accord-

ing to EBQICODI1-WUs-EFR is significantly higher and drought duration is much longer. EFR in Fig. 2e is computed as
80% of mean monthly observed Q. Hence, it is assumed that the river ecosystem is adapted to the seasonality of streamflow,
but it is negatively affected in years with very dry conditionsstreamtlow. At the Little Colorado River, water deficits occur in
65% of all months during the depicted period and mainly stem from unsatisfied envirenmental-flowrequirementsEFR. Appli-
cation of EBDQICQDI1-WUs alone is not suitable to assess the current status of water deficit, as it does not consider the envi-
ronmental component of water demand, but the indicator can be used complementarily to show the impact of human water
demand on the total water deficit. At the Danube station, EBQICODI1-WUs is always zero, since WUs is only a small frac-
tion of streamflow. Regions where human water demand is high as compared to supply include, e.g., the Mediterranean re-
gion, large parts of Turkey, India, and the western United States (Fig. Alc). Here, drought defined as water deficit due to high
water demand is likely to occur. In these regions, EBQICODI-WUs and €EBQICODI-WUs-EFR can indicate those months

where human water use would have to decrease to alleviate drought burden on the river ecosystem.
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Figure 2: Streamflow drought hazard based on observed streamflow during 1986-2015 at two WaterGAP calibration stations in the
USA (Little Colorado River near Cameron, 1986-2000) (left) and Germany (Danube River, Hofkirchen, 2001-2015) (right): Month-
ly observed streamflow Qobs, mean monthly streamflow MMQ and Q80 (a); €EPQICQDI1-Q80 variants (b); SPI12, SPEI12, SSI1
or EP1 and SSI12 (¢); RBQIRQDI1, RBQIRODI12 (d); €EBDQICODI1-WUs and €DQICODI1-WUs-EFR (e). The cumulative indi-

cators in (b) and (e) indicate drought severity; the non-accumulated indicators (¢) and (d) indicate drought magnitude (see Fig. 1).

In (a), periods where Qobs < Q80 are highlighted in orange. In (¢, left), the z score of EP1 is shown instead of SSI1, since gamma
fitting was not possible. In (c), only the value range below -0.84 is shown. In (d), only negative relative deviations are depicted. 2mc:

2 months criterion. MAQ: mean annual streamflow. SD: standard deviation.
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4 Quantification of global streamflow drought hazard by a global hydrological model

The objective of this chapter is to identify which of the SDHIs presented in Table 1 can be meaningfully quantified at the
global scale using WaterGAP 2.2d and which SDHIs are appropriate for monitoring different drought risks in large-scale

DEWS. After a limited validation of modeled streamflow (Sect. 4.1), SDHIs of drought magnitude and severity are compared
separately (Sect. 4.2.1-4.2.3) following —feHewing-the classification system presented in Fig. 1. The SDHIs are shown in

global maps for a selected month (March 2002), as it is important to understand the relation between indicators at a certain

point in time, especially for the application in DEWS, which are focused on the current situation or the near future. As pat-

terns of indicators depend on characteristic of the streamflow regime and water use that are temporally constant over the ref-

erence period, the reasons for similarities and differences between indicators can be deducted in any month of the reference
period. whiehis-March 2002 was selected as it was among the months with the highest difference between CQDI-Q80 and

CQDI-Q80-HS. In addition to the analysis for the selected time step, the latter two indicators are compared at the global scale

with respect to drought occurrence during the whole reference period. Discrepancies and similarities of the indicators are

discussed in more detail for two illustrative grid cells with the same CQDI-Q80 value in March 2002 (Sect. 4.2.4). Finally, the

suitability of SPI with different averaging periods to estimate streamflow drought hazard is assessed using streamflow obser-
vations from 218 GRDC gauging stations (Sect. 4.2.5). Based on this global-scale analysis and the proposed habituation-

based classification approach, selected SDHIs are recommended for implementation in large-scale DEWS (Sect. 5).

4.1 Model validation

As a limited validation exercise in the present study, percent deviations of simulated Q80 from observed Q80 values were

computed per calendar month (Fig. 3). The latter were based on monthly streamflow observations from the GRDC database

(GRDC, 2019). Out of 1319 WaterGAP calibration stations, 220 stations with continuous monthly observations between 1986

and 2015 were assessed, which are mainly distributed over the Northern Hemisphere (U.S., Canada, Europe, Russia). Figure:

9 depicts most of these stations. Two additional stations are located in the U.S. The analysis reveals that Q80 is overestimated

by WaterGAP in 63% of all months and stations and in 53% if only relevant deviations > 10% are considered. The median

percent deviation ranges between 35% in February and -7% in July. Figure: 3 indicates a tendency of WaterGAP 2.2d to

overestimate observed Q80 between October and April, while Q80 during the low-flow period in the Northern Hemisphere

(May to September) is better captured.
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Figure 3: Percent deviations of simulated Q80 per calendar month from Q80 based on GRDC observations using the reference

period 1986-2015.

In a recent study, WaterGAP 2.2d model output was validated against GRDC data by comparing SSI3 based on simulat-
ed and observed monthly streamflow (SSI3(sim) and SSI3(obs)) during 1971-2000 at 183 globally distributed GRDC stations

(Wan et al., 2021). Applying drought hazard classes for SSI according to Agnew (2000), the agreement between simulated

and observed hazard classes in each month was analyzed. Among all stations, the agreement ranged between 29 to 88% of all

360 months (their Fig. S4 and Table S3). At 68% of all stations (covering 83% of the assessed basin area), SSI3(sim) and

SSI3(obs) resulted in the same drought hazard class in 70 to 88% of the time. Moreover, the goodness-of-fit was evaluated

based on the Nash-Sutcliffe efficiency (NSE) for monthly streamflow and SSI3 (their Fig. S3). With a median NSE of 0.5 and

an interquartile range of 0.2-0.7 for SSI3 and 0.14-0.7 for streamflow, WaterGAP 2.2d model output showed a moderate

agreement with the observations. Both NSEs exceeded 0.7 at 25 out of the 183 stations, which are located in Central and

Eastern Europe (twelve stations), the United States (ten stations), and South Africa (one station).

4.233 Discrepancies in Simulated-streamflow-drought hazard as quantified by different SDHIs

4.2.13:3-1 Drought magnitude (level 1)

Figure 3-4 compares indicators of drought magnitude-—+ for March 2002-e—the-non -enmulative streamflowanemalyduringa
preseribed-averaging period-with averaging periods of one month and twelve months;ferMareh-2002. Comparing SSI1 and

RDOIRODI1 (Figs. 3a-4a and b), the patterns are different in many parts of the globe. While RBQIROQDI1 identifies most of
the drought regions according to SSI1 (e.g., western U.S. and Canada, parts of Brazil, Siberia, India, and China), relative
levels of drought magnitude are very different. For instance, streamflow drought hazard in northern Siberia is extreme accord-

ing to SSII (return period of 20 years or higher), but the deviation from mean monthly streamflow according to RBQIRQDI1
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is comparably moderate (-20-40%). This is due to the low interannual variability of streamflow (Fig. Alb). Moreover,

RDOIRODI identifies severe drought hazards below -80% in many regions with high interannual streamflow variability that

are not in drought according to SSI1

e.g., southern Africa, Australia, and northeastern China)

The strong correlation between RBQIROQDI! and the interannual variability can be clearly seen by comparing Fig. 3b-4b and
Fig. Alb. Overall, RBQIRQDI1 values below -40% are computed for a rather high fraction of grid cells (33% excluding
Greenland). Analyzing all March results during the reference period, this fraction varies between 29% and 40%. Figuress: 3a
4a and 3b-4b underline that RBQIRQDI1 can add value to global-scale assessments by drawing the attention to highly vulner-
able regions.

EP1 patterns (Fig. 3e4c) are very similar to SSI1, since both indicators are based on the same conceptual drought defini-
tion. Both indicators generally identify the same drought regions. - hHowever, drought classes differ for many grid cells with
EP1 indicating both more and less severe droughts within each region. These differences are due to the fitting of the gamma
distribution in case of SSI1 and due to the assignment of the maximum rank among tied values within a streamflow sample in
case of EP1 (Sect. 2.2.4). Comparing SSI1 with empirical percentiles, Tijdeman et al. (2020) identify several advantages and
limitations for both indicators. SSI1 has the disadvantage that for different streamflow regimes, different parametric probabil-
ity distributions would be required to achieve the best fit, which—Applying-different-distributionspergrid-cell-and-calendar
month,-hewever,— reduces consistency among—indicatorresults—at the global scale. In this study, the gamma distribution
showed the best fit among 23 parametric probability distributions for most grid cells and was applied in each month and grid
cell. Of course, using only one distribution for the whole globe results in poorly fitting distributions for some cells and
months (Tijdeman et al., 2020) especially at the lower bound. Grid cells where gamma fitting was rejected in March based on
the KS test (Sect. 2.2.2) are shown in grey in Fig.ure 43a (18% of all grid cells excluding Greenland).

As-an-alternative to-SSH-FEP1 has-the-advantagethatit-does not require fitting of a distribution and can therefore be
computed in more grid cells than SSI1. Only if a sample s;-in-this-ease-streamflowvaluesperealendar month;-includes more
zero flows than the selected pereentile-threshold, drought identification is #-is-not possible (blue -pessible-te-identify-droughts
for-thissample—For Mareh2002-these-grid cells are-highlighted-in-blue-in Figs. 3a4c).-and3e In Fig. 3e34a, these cells all

coincide with grid cells where gamma fitting was rejected.) On the other hand, if Q80 is zero and current streamflow exceeds

zero, it is possible to define that the current month is not a drought month (shown in beige in Figs. 3a-4a and 3e4c). EP1 has
the disadvantage that it only allows the quantification of the historical non-exceedance frequency within the reference period,
while probabilistic information, for example on extreme events such as a 100-year drought, cannot be derived (Tijdeman et
al., 2020).

SPI12 and SPEI12 (Figs. 3e-4¢ and ef) can be used as proxies for identifying streamflow drought hazard if streamflow
data is not available. Of course, the correlation with SSI1 strongly depends on the selected averaging period, which varies
with different basin characteristics (Sect. 34.2.5). Here, the selected indicators correlate fairly well with SSI1 by visual in-

spection. H:-however, the areal extent of extreme drought magnitude below -1.65 is higher according to the proxy indicators
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(e.g., U.S. east coast, southern Africa, and eastern China). Hence, in a global assessment, different averaging periods for SPI
and SPEI should be provided either at the global scale or specific to basins based on a correlation analysis. SSI12 (Fig. 3d4d)
indicates where average streamflow between April 2001 and March 2002 is very low compared to April-to-March periods
during 1986-2015. Compared to SSI1, the areal extent of extreme drought magnitude (< -1.65) as identified by SSI12 is larger
in, e.g., central Brazil, Morocco, north-eastern China, Siberia, and Greece. If people in these regions need streamflow to fill
reservoirs, SSI12 is more suitable than SSI1 to detect the drought hazard. In other parts of the globe, the areal extent of ex-
treme drought magnitude is smaller according to SSI12 (e.g., North America, northern Italy, and southern Africa). Here, SSI1
might detect the onset of a streamflow drought that cannot be captured by SSI12. At the global-scale, it is unknown if people
depend directly on streamflow or if they have access to reservoirs. Therefore, a global-scale DEWS should provide hazard
indicators for both risk systems. For monitoring drought risk for river ecosystems, short averaging periods are more suitable

assuming that the ecosystem is habituated to seasonality.
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Figure 34: Magnitude of drought hazard (level 1 in Fig. 1): Non-cumulative anomaly in March 2002 as indicated by SSI1 (a),
RDQIROQDI1 (b), EP1 (c), SSI12 (d), SPI12 (e) and SPEI12 (f) for the reference period 1986-2015. For the standardized indicators

and EP1, the z scores and the corresponding frequencies of non-exceedance and return periods are shown. In the blue grid cells in

(c), drought identification is not possible with EP1, since Q80 and O are zero. “nc”: not computable. The two grid cells from Table 2

are marked in (a) (northern Italy and central Paraguay).
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4.23.3.2 Drought severity (level 2)

Figure 4-5 shows volume-based indicators of drought severity in March 2002. -—+-e-the-eumulative streamflow—anemaly(a

QDI1-Q80 (Fig. 4a5a) is a percentile-based indicator such as SSI1 and EP1 _(Figs. 34a and 43c), i#-eaptures-the same-drought

signal-and-therefore showsan-overall similarthe spatial patterns are similar. as-the-droughtmagnitude-indicators SSH-and EP}
{Figs—3a-and 3e)—Nevertheless, as the severity indicator includes information on drought development before March 2002,

while the magnitude indicators only quantify the drought condition in this month, the severity shows a more differentiated
picture of drought conditions in areas with similarly strong drought according to SSI1 and EP1, e.g., Western North America
and Northern Siberia. Therefore, drought anomaly indicators and drought severity indicators, either the volume-based version
such a EBQICODI-Q80 or one based on EP1 (CEP1 in Fig. 1), provide different drought hazard information, and can there-
fore be used complementarily in a DEWS.

A comparison of EPQICODI1-Q80 and EBQICODI1-Q80-HS (Fig. 56) reveals that the impact of the HS method (Sect.
2.2.3) is rather small at the global scale but can be relevant at the regional scale. Figure 5a-6a depicts the fraction of drought
months as a percentage of all 360 months during the reference period as indicated by €PQICODI1-Q80. Using Q80 as
threshold implies that the time series should be in drought 20% of the time. This is only the case in 6% of all grid cells (ex-
cluding Greenland), while in—tn 86%-efal-grid-eells; the fraction is reduced to the range of >0% to <20%. This is either due
to the fact that one -month droughts are ignored (see twe-menths—eriterion;2mce, -Sect. 2.2.3) or that several calendar months
with Q80=0 exist where a streamflow deficit can never be identified. The fraction is increased to up to 22% in 5% of all grid
cells either due to the pooling of twe-ermere-drought events (2mc) or due to drought prolongation in case of Q=0 and Q80=0

(Sect. 2.2.3)see-abeve). Furthermore. Furthermore, FigSa-inecludesregions-where-CQDI1-Q80 is always zero in (3% of all
grid cells, where }—Here;-Q80 is zero in many nine-to-twelve-calendar months and_one month droughts are ignored in the

remaining months.in-combination-with-the 2me;a-drought-defieit lastin east-two-meonthsisneveridentified: In conclu-

sion, due to the assumed habituation of people and the ecosystem to periods of zero streamflow and to very short streamflow
deficits, streamflow drought hazard as quantified by €EBQICQDI1-Q80 is less frequent in the grey, green, and beige grid cells
(Fig. 5a6a). Regions where drought occurrence is reduced to less than 14% of the time include Japan, large parts of China,
Pakistan, Afghanistan, Iran, North Africa, the western parts of South and North America, and eastern Australia. Application
oftThe HS method leads to an increase in drought months by up to 3 percent points (corresponding to 11 out of 360 months)
in 6% of all grid cells (Fig. 5b6b). Larger increases of up to 12 percent points {43-eut-ef360-menths)y-are only computed in
0.4% of all grid cells. Higher values for the €BQICODI1-Q80-HS indicator are computed in parts of India, Pakistan, Afghan-
istan, Iran, and the western U.S., all of which are regions with highly seasonal streamflow regimes (Fig. Ala). —where—=a

ought-hazard-can-be-expected-to-continue-evenifstreamflow—inlow—flow-months (with-Q80=0)-exceeds—zero—Hence, alt-

hough the HS method has a small effect at the global scale, differences between €EBQICQDI1-Q80 and €EBQICODI1-Q80-

HS can be significant in regions with high seasonal streamflow variability.
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Figure 45: Severity of drought hazard (level 2 in Fig. 1): Cumulative deficit in March 2002 since onset of drought event as indicated
by €DQICQDI1-Q80 (a), EPQICQDI1-WUs (b), EPQICODII-Q50 (c), and EDQICODI1-WUs-EFR (d) for the reference period

1986-2015. Grid cells with a deficit of zero are shown in beige. Values larger than zero and below 0.1 are shown in green. A value of

0.1, for example, denotes that the current cumulative deficit is equivalent to 10% of mean annual streamflow (MAQ). WUs: mean

annual surface water withdrawals.

Application of €EBDQICQDI1-Q50 (Fig. 4e5¢c) implies that the system at risk is only habituated to the seasonality of
streamflow and that the study region is in drought half of the time. Like RBQIRODII (Fig. 3b4b), the indicator can identify
drought in highly vulnerable regions that would otherwise be overseen using lower thresholds such as Q80.

TWater-defieit-inMareh-2002-accordingto-the water deficit indicators EDQICQDI1-WUs_(Fig. 45b) shows a complete-
ly different spatial pattern from al-the above presented dreught-hazard-indicators-{Fie—4b), since it is driven by both the spa-
tial pattern of water stress (human water demand for surface water as a fraction of mean streamflow, Fig. Alc) and low water

availability. For instance, wWhile-in-southern-Adfriea; low water availability leads to high EBDQICQDI1-WUs values in north-

ern South Africa and southeast Spain in March 2002, the cumulative streamflow anomaly according to CQDI-Q80 is lowthere

fornia, USAJ)-orin-Spain in both regions.-
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A comparison between the-water-defieitindieators-CDQICQDI1-WUs and €EDQICODI1-WUs-EFR (Fig. 4d5d) shows

that only in a few regions human water demand is the dominant component determining the water deficit in March 2002 (e.g.,
parts of North America, India, northeastern China, and Australia). In most regions, EFR exeeeds-human-water-demand-and
leads to high cumulative deficits even if seasonal human water demand is small (< 10% of available streamflow, Fig. Alc).
Since EFR depends on mean streamflow per calendar month, EBQICODI1-WUs-EFR shows very similar patterns to
RDOIRODI1 (Fig. 3b4b). EBQICODI1-WUs-EFR is the only indicator in this study that takes into account ecosystem health,
an aspect that should be included in a global-scale DEWS. Alternatively, the cumulative anomaly-deficit indicator QDAI
(Popat and Déll, 2021), considering EFR based on a similar approach, can inform decision-makers and water users about the
drought hazard for water supply. In strongly altered flow regimes, where simulated anthropogenic monthly streamflow (Qant)
is always below 80% of mean monthly naturalized streamflow (Qnat), time series of EBQICQDI1-WUs-EFR are continuous-
ly increasing and it is not possible to distinguish drought events. In such cases, it is more meaningful to set EFR to 80% of

mean monthly Qant implying that the altered flow regime is the “new normal status” (see also Table 1).

=] | [ |
0 5 14 18 22.2% MAQ =10 0 =0 1 3 12 percent points

Figure 56: Comparison of €DQICODI1-Q80 and €PQICODI1-Q80-HS in the reference period 1986-2015: Percent of months in
drought based on €EDQICODI1-Q80 (a) and the increase due to the “HS method” in percent points (b). Both indicators allow an
existing drought to continue in months where Q80 and the current streamflow Q are zero. The HS method additionally facilitates
drought prolongation in months with Q80=0 if the-currentstreamflow-exeeedszere(Q>0. Neither indicator allows a drought to begin
in months with Q80=0. Drought prolongation in case of Q80=0 is only possible if a streamflow deficit was computed in at least two
antecedent months with Q80>0 (twe-menths-eriterien;2mc, Sect. 2.2.3). In (a), the fraction of drought months is reduced to <20% if
one -month droughts are ignored (2mc). In grid cells with 0% in (a), Q80 is either always zero or the few calendar months with
Q80>0 result in one_-month droughts only. The fraction can be increased to >20% in case of drought pooling (2mc) or in case of

drought prolongation if Q80=0. MAQ: mean annual disehargestreamflow.
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4.23:3.3 Drought severity expressed as frequency of non-exceedance_(level 2)

Figure 6-7 depicts the probability (frequency) of non-exceedance p of drought severity in March 2002 between four EBQIC-
QDI1 variants, the cumulative relative deviation CRBQIRQDI1 with a threshold of -50%, and the cumulative empirical per-

centile CEP1 with a threshold of 20%. The indicators are denoted with the suffix “f” for frequency. A p value of 0.8, for ex-

ample, indicates a high drought hazard, where the severity up to March 2002 is higher than the severity of 80% of all com-
pleted drought events in the reference period. Expressing severity in probability of non-exceedance, as also done in Cammal-

leri et al. (2016a), facilitates comparison between different indicator types that are quantified with different units. - EBDOQHs

h—Spatial
patterns based on €DQICODI1-Q80 f (Fig. 6a7a) and CEP1(20%) f (Fig. 6f7f) are similar, but differences are visible in
several regions. In southeastern Russia, northeastern China, Siberia, and parts of Canada and Alaska, CEP1(20%) f indicates
a more severe drought event than €EBQICQDI1-Q80 f, while in the Mediterranean regions and the eastern and southwestern
U.S. the severity of the drought events is lower according to CEP1(20%) f. These differences occur since EBQICQDI1-Q80
quantifies absolute and CEP1 relative drought deficits resulting in different relative levels of drought severity among the
drought events duringthereferenceperiod(Sect. 3-3-44.2.4 and Fig. 8). For EBQICODI1-WUs_f (Fig. 6b7b), p values could
not be computed in almost half of the grid cells, where less than six drought events were identified such that the map focuses
the viewer to grid cells with potential water deficits for human water supply (in particular irrigation). P—values—based-en
EDBQICODIT-Q50 f (Fig. 6e7c) and EBQICODI1-WUs-EFR_f (Fig. 6d7d) show high correspondence, as both imply similar
assumptions about the habituation of the system at risk to the streamflow regime (see Table 1). Correspondence between these
two indicators is higher than between €EBQICQDI1-Q50 f and €EBQICQDI1-Q80 f. At the global scale, CRODI1(-50%) f
(Fig. 67e) identifies; fewer regions with severe drought status are-identified-inMareh-2002 based-on-CRDOH(50%)F(Fis-
6ej-compared to EBQICODI1-Q50 f, but more regions compared to EBQICODI1-Q80 f.
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Figure 67: Probability of non-exceedance of drought events (level 2 in Fig. 1) in March 2002 for the cumulative indicators €EDQIC-
QDI1-Q80_f (a), EPQICODI1-WUs_f (b), EPQICODI1-Q50_f (c), EBDQICODI1-WUs-EFR_f (d), CRPQIRQDI1(-50%)_f (e), and
CEP1(20%)_f (f) for the reference period 1986-2015. A value of 0.8, for example, indicates that the cumulative anomaly or deficit,
i.e., the severity up to this month, is higher than the severity of 80% of all drought events in the reference period. The probability of
non-exceedance was not computed for grid cells shown in light grey, where less than six drought events were computed in the refer-

ence period (Sect. 2.3). “nc”: not computable.
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3.34.2.4 Relation between the various drought-hazard-indicatersSDHIs

The relation between selected streamflow—drought-hazard-indieatorsSDHIs from Figs. 34, 4-5 and 6-7 is compared for two
illustrative grid cells that share the same CQDI-Q80 value of 0.04 in March 2002 (Table 2). Thefera grid cells are located in

northern Italy (43.75° N, 11.25° E) and eastern Paraguay (-24.25° N, -56.25° E)-in-Marech-2002(Table-2) and - Beth-cells-are
both characterized by low seasonal and high interannual streamflow variability.-Fhey—suffer from-the-same-droucht severity

Although SSI1 and EP1 are based on the same conceptual drought concept, they indicate different drought anomalies.
The streamflow volume in March 2002 is the fourth smallest value in the Italian cell (rank 4, EP1=4/30=0.13) and the second
smallest value in the Paraguayan cell (rank 2, EP1=2/30=0.07). However, since the slope at the lower bound of the ranked
streamflow values in the Italian cell (not shown) is very small compared to the latter cell, the non-exceedance probability p of
the fitted gamma distribution increases equally slowly, and the resulting p (and z score) is smaller than in the Paraguayan cell
in-Mareh-2002. In fact, the smallest SSI1 in March in the Italian grid cell is -1.76 and in the Paraguayan cell -1.56. Hence, a
severe drought, usually defined below SSI1=-1.65, is never identified in March in the latter grid cells. Considering that the
interannual variability is slightly higher in the Paraguayan cell, the results are in line with the hypothesis that standardized
anomaly indicators may underestimate drought magnitude in such areas. RBQIRQDI1 on the other hand is lower in the latter
cell reflecting a stronger streamflow deficit in March 2002. Moreover, drought magnitude in March 2002 for water users
depending on reservoir storage (SSI12) is higher in the Paraguayan cell, indicating that the previous 12 months were relative-
ly drier in the Paraguayan cell than in the Italian cell.
th ]S%FS%HF”% as—threshold-and e;EpFes‘s‘ng
droughtseverityinunits-of frequeney/probabilityof nen-exeeedanee-CEP1(20%) f reveals that the rather strong streamflow
anomaly in the Italian eel-as-indieated-byaccording to EP1 is only a peak within a moderate drought event as compared to the

whole reference period. The value of 0.31 indicates that the drought severity up to March 2002 was exceeded by 69% of all
drought events between 1986 and 2015. The low EP1 value of the Paraguayan cell is part of a more severe drought event that
was exceeded by only 37% of all (completed) drought events. The higher drought magnitude in Paraguay according to
RDOQIRODI1 corresponds, by chance, to a higher probability of non-exceedance of this drought event (CRBQIRQDII(-
50%) _f). This comparison underlines that indicators of drought magnitude are only suitable for assessing the current status of
a drought event, but that they do not allow inferences about the status of the whole drought event compared to all other
drought events of the reference period.

All severity indicators except EPQICQODI1-Q80 indicate a stronger drought severity for the Paraguayan cell than for the
Italian cell. Selection of the-medianQ50 instead of Q80 as threshold increases resultsin-higherthe cumulative water deficits
from 4% than-seleeting-Q80;-withto 36% (Paraguayan cell) and 25% (Italian cell) of mean annual streamflow volume-in-the

Paraguayan-cell-and 25% in-the Halian—eel. Selection of the sum of human surface water demand and environmental water
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demand as threshold indicates, with 56% and 51% of mean annual streamflow volume, respectively, even higher deficits since
the onset of the drought event. Considering five-different-severity indicators that express drought severity in terms of frequen-
cy, the non-exceedance frequency of drought severity in March 2002 ranges between 0.3 and 0.7 in the Italian cell and be-
tween 0.6 and 0.8 in the Paraguayan cell (Table 2). In both grid cells, the indicators that do not assume habituation to interan-

nual variability (EBQICODI1-Q50 f, €BQICODI1-WUs EFR _f and CRBOQIRODI1(-50%) f) show the larsest—highest

severity.

Table 2: Comparison of streamflow-droughthazard-indieatorsSDHIs in March 2002 included in Figs. 34, 4-5 and 6-7 for a
grid cell in northern Italy (43.75° N, 11.25° E) and eastern Paraguay (-24.25° N, -56.25° E).

Magnitude' Severity? Severity?
(Current streamflow anomaly) | (Cumulative stream- (Probability (frequency) of non-
flow deficit) exceedance)
1 L‘_‘I L‘_‘I 1
Grid cell o S 5 2 2 o
& &= & &= = L
= = = =R = A <
[ A al A [ al A BN
& &
o O O O O O O ) ~
? 2 E 5 ¢ F3g § 3323 B
Z 5 2 & “ 852 8
53 Sa} v
Italy | -1.47% -0.71 0.134 -0.83 0.04 025 0.51 046 0.73 0.69 044 031
Paraguay | -1.08° -0.78 0.075 -1.32| 004 036 056| 057 083 080 0.83 0.63

I: Magnitude expressed as streamflow anomaly in March 2002 in units of standard deviation (SSI1) or empirical percentiles
(EP1) with respect to mean March streamflow values during 1986-2015, relative deviation from mean March streamflow
values (RPOQIRODI1), and streamflow anomaly averaged over April 2001 to March 2002 in units of standard deviation
(SSI12) with respect to all April-to-March periods during 1986-2015.

2. Severity expressed as water volume deficit with respect to a threshold as a fraction of mean annual streamflow since
drought onset until March 2002.

3: Severity expressed as probability (frequency) of non-exceedance in March 2002.

4: SS11=-1.47 is equivalent to Q93 and a return period of 14 years; EP1=0.13 is equivalent to a return period of 8 years.

5: SSI1=-1.08 is equivalent to Q86 and a return period of 7 years; EP1=0.07 is equivalent to a return period of 15 years.

As-Although CEP1(20%) and €BQICQDI1-Q80 =
tion-to-interannual-variabilitythey-capture exactly the same drought signals for the grid cell in Northern Italy during the ref-
erence period (Fig. 78), —Nevertheless;-the relative levels ef-dreught-severity-among the drought events during-the referenece
oo diffors- o St et bl e LR Ll e e ieb - Sssese b el o bileeen e e U T The
two drought events in 1989 and 1990 have the highest severity levels according to both indicators. However, EBQICODI1

identifies the 1989 drought as the maximum event, while CEP1 detects the 1990 drought as the maximum event. This can be
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explained by the fact that the mean calendar month streamflow is lowest between June and October. Consequently, higher
absolute streamflow deficit volumes (€EDQICQDII) can build up during the 1989 drought ending in June 1989 than in the
following drought event spanning over June to October 1990. Relative streamflow deficits on the other hand are larger for the
latter. This is in line with the higher EBQICODI1-Q80 f value in March 2002 (0.46) compared to 0.31 for CEP1(20%) f
(Table 2). since the March 2002 event occurs outside the low-flow period. The short drought from June to August 2012 illus-
trates the difference between both indicators even better.

Howdefieits but-hich relativeanomalies per-ealendar month—Among the twelve drought events, this drought event has only
the second lowest drought severity according to €RQICQDI1-Q80_f, but the 5™ highest severity based on CEP1(20%) f.

Consequently, when monitoring drought hazard, the severity of drought events during low-flow periods with high negative
impacts is underestimated relative to other drought events based on frequency values of volume-based severity indicators. Of
course, this is only true if monthly deficits are either not normalized (e.g. the low-flow index LFI, Cammalleri et al., 2016a)
or normalized against mean annual streamflow volume (e.g. van Loon et al. (2014) and all EBQICODI1 variants in this pa-

per) instead of mean monthly values.
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Figure 78: Drought severity per month (level 2) during the reference period 1986-2015 for a grid cell in Northern Italy (43.75° N
11.25° E) as indicated by €BQICODI1-Q80 (blue) and CEP1(20%) (red). MAQ: mean annual streamflow-velume.
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4.23.5 Suitability of SPIn to quantifiy streamflow drought hazardCerrelation-betweenSPIn-and SSH

1035 To analyze if either simulated SSI1 (SSI1 (sim)) or SPIn is a better estimator of observed streamflow drought hazard, monthly
time series of observed SSI1 (SSI (obs)) were correlated with five indicators applying the Pearson correlation: SSI1 (sim),
SPI3, SPI6, SPI9, and SPI12. The analysis was limited to the 218 WaterGAP calibration stations with continuous time series
of observed monthly streamflow during the reference period 1986-2015 for which all SPI variants were computable. Although
longer averaging periods for SPI from 12 to 24 months are recommended for hydrological drought assessments (WMO and

1040 GWP, 2016), different studies at the global (Gevaert et al., 2018; Vicente-Serrano et al., 2012) and the regional scale (Yu et
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al., 2020; Huang et al., 2017; Barker et al., 2016) have demonstrated that shorter averaging periods often perform better in
estimating streamflow drought hazard. Using an ensemble of seven global land surface and hydrological models, Gevaert et
al. (2018) found that the optimal SPI averaging period strongly varied among the models and with the season and climate
regime. Different SPI variants from SPI1 to SPI24 were identified to correlate best with modeled SSII time series. In regional
studies covering arid to humid climate and basin areas < 10,000 km?, SPI1 to SPI4 had the highest agreement with observed
SSI1 values. Only in some humid basins underlain by productive aquifers, longer averaging periods from 6 to 19 months
showed the best results. Basin size was found to be positively correlated with higher averaging periods (Yu et al., 2020).
Moreover, shorter averaging periods performed better during spring and summer and longer averaging periods in autumn and
winter (Huang et al., 2017). The strong influence of basin properties such as area and storage capacity as well as the climate

regime was also discussed in van Loon (2015).

o SPI3
o SPI6
e SPI9
SPI12

o SSI1 (sim)

calibration basins

Figure 89: Ranking of the Pearson correlation coefficient r at 218 WaterGAP calibration stations between SSI1 (obs: observed
streamflow) and each of the five indicators SSI1 (sim: simulated streamflow), SPI13, SPI16, SPI9 and SPI12 for the reference period
1986-2015.

Figure &9 depicts the 218 WaterGAP calibration stations and their basins located in North America, Northern and

Western Europe, Russia, and South Africa. At each station, the drought hazard indicator that achieved the highest Pearson
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correlation coefficient is indicated. Overall, SSI1 (sim) performed best at 165 stations with a median correlation coefficient of
0.7, followed by SPI12 at 23 stations. Among the 165 stations, the next highest correlation was achieved by SPI3 and SPI12
at 50 and 47 stations with median correlation coefficients of 0.65 and 0.46. The performance of WaterGAP is often lower in
semi-arid basins, in particular where streamflow is highly altered by irrigation and man-made reservoirs, and in regions domi-
nated by lakes. The SPI indicators outperform SSI1 (sim) only in smaller basins—Eie—9}. Nonetheless, the total number of
smaller basins (below <-80,000 km?) where SSI1 (sim) is a better estimator of observed drought hazard still exceeds the num-
ber of basins efal-where SPI variants perform better. Comparing the SPI variants, it would be expected that longer averaging
periods should better capture the drought hazard in larger basins where drought propagation through the hydrological com-

partments is more delayed. }aFig—9;0ur analysis indicates —there-is-a slight tendency that the 9- and 12-month averaging
periods show better results in the larger basins, but this cannot be clearly deducted due to the limited sample size. In conclu-
sion, drought hazard indicators based on modeled streamflow can often better quantify observed streamflow drought hazard

than meteorological indicators, but this strongly depends on the goodness-of-fit after streamflow calibration.
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5 Recommendations

5.1 General recommendations regarding the selection of drought hazard indicators

Drought hazard indicators serve to assess drought risk and to support drought management. Therefore, when deciding on
which drought hazard indicator to use, it is first necessary to clearly define “the risk of what for whom” that is to be addressed
by the indicator. Drought hazard indicators are risk system specific, and there is not one that fits all. As drought is conceptual-

ized as both “less water than normal” and “less water than needed”, the choice of indicator as well as the interpretation of the
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quantitative indicator values implicitly includes assumptions about what is normal and what is needed, i.e., to what amount of
available water people or ecosystems are habituated to without suffering from drought. For example, is the risk bearer well
adapted to the seasonal variability as well as the water availability that is exceeded in 8 out of 10 months per calendar month,
even though the latter is only a small fraction of the mean or median water availability as is the case in dry regions of the
globe? Then, an anomaly-based indicator with the Q80 values of each calendar month as thresholds may be suitable. Howev-
er, the spatial distribution of the values of such an anomaly indicator is only consistent and informative if it can be assumed
that risk bearers everywhere on the map are habituated in the same way. Or is the risk bearer not well adapted to a high inter-
annual variability and would suffer from even small reductions from mean/median streamflow? Then median values could be
used as threshold. Alternatively, it could be assumed in such a case that the drought hazard increases with the percent reduc-
tion of water availability from average availability in a calendar month. Then, an indicator based on the relative deviation of
the current water condition of the mean calendar month condition is informative. When selecting a drought hazard indicator,
we recommend that the assumptions about the habituation of the risk bearer are made explicit first, based on knowledge about
the risk system, which is then followed by the selection of a drought hazard indicator that fits to these assumptions.

When translating these conceptual drought definitions into operation drought hazard indicators, wWe alse-recommend

differentiating clearly drought magnitude indicators from drought severity indicators. Magnitude indicators with short averag-
ing periods such as 1 month provide information on current, potentially extreme condition of the water flow or water storage
under consideration. They should be used if the well-being of the risk bearer, e.g., river biota, strongly depends on the water
condition at the specific time step of the analysis, e.g., the current month. As negative drought impacts are mostly assumed to
increase with the length of the drought, however, severity indicators are often more informative than magnitude indicators as
they quantify the cumulative magnitude since start of the drought. All drought magnitude indicators can be used to derive
drought severity indicators. With exceptions, we recommend that drought severity at a certain point in time is expressed in
terms of the probability/frequency of occurrence (return period) of a drought event with such a severity. These recommenda-

tions relate to any type of drought variable (precipitation, soil moisture, etc.) and spatial scale.

5.2 Recommendations for streamflow-hazard-indicatorsSDHIs in continental and global DEWS

Continental and global DEWS, which encompass near-real time monitoring as well as seasonal forecasts, are to inform about
drought hazards for diverse risk systems, which are characterized by different risk bearers (e.g., human water supply, river
ecosystems), habituation, streamflow regimes and water storage capacities. Therefore, a large-scale DEWS should provide
data for a rather large number of drought hazard indicators together with a clear description of suitability for different risk
systems. Then, end-users can select and combine a number of drought hazard indicators that are most informative (as is done
e.g., for generating information shown by the US Drought Monitor). Table 3 lists dreught-hazard-indieatorsSDHIs that should
be provided by large-scale DEWS, together with their suitability for drought risk assessment for 1) human water supply from
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surface water and 2) river ecosystems, distinguishing intermittent and perennial streamflow regimes as well as low and large
water storage capacities.
(Meza et al., 2021; Meza et al., 2020)x

Table 3: Streamflow-dreoughthazard-indieatorsSDHIs that should be provided by large-scale DEWS, together with their suita-
1115 bility for drought risk assessment for 1) human water supply from surface water and 2) river ecosystems, distinguishing inter-
mittent and perennial streamflow regimes as well as low and large water storage capacities.

Intermittent streamflow Perennial streamflow
Indicators 1) Water users 1) Water users with 1) Water users with- 1) Water users with
of without access to access to large reservoirs  out access to large access to large reser-
large reservoirs reservoirs voirs
2) river ecosystems 2) river ecosystems
Return period based ~ Return period based on Return period based ~ Return period based
on EPI EPn! on EPI on EPn'
Magnitude | RPQIRQDII RDQIRQDIn' RDQIRQDI1 RDQIRQDIn!
In regions with (suspected) poor quality of hydrological model output, analyze SPEIn, in addition to
streamflow indicators.
EDOICODII-080 EDOICODIn-Q80! €DOICODII-080° €DbPICODI-080"
CDOICODII-080 f  €ROICODIn- 080 _f CDEICODII-Q80 f €P@ICODIn-080_f
€PEICODII-Q80-HS
EPOICODII-Q80-HS |
CEPn(20%) f' CEPI1(20%) f
CEP1(20%)-HS f
Severity
CRBQIRQDI(- CRBQIRQDIN(-50%) f! CRBQIRQDII(- CRBOIRQDIn(-
50%)_f CRDOIRODII(-50%)-  50%)_f 50%)_f'
HS f
€BQICODI1I-WUs- €BQICODIn-WUs- €DbQICODI1I-WUs- €bQICODIn-WUs-
EFR EFR! EFR EFR!
€BQICODI1I-WUs- €BQICODIn-WUs- €DbQICODI1I-WUs- €bQICODIn-WUs-
EFR_f EFR_f EFR_f EFR_f

'n: For global-scale DEWS, an averaging period n of 6 or 12 months is suggested.
2 CEP1(20%)_f preferred over CBDQICODI-Q80 indicators.
italics: Indicator assumes habituation to a certain degree of interannual variability (see Fig. A1b).

1120 beold: Indicator assumes the ability to fulfill seasonally varying demand for surface water abstractions and environmental flow.

normal font: Indicator assumes habituation to a certain reduction from mean monthly streamflow.

To assess drought magnitude, we recommend using empirical percentiles and relative deviations to cover risk systems

that are either habituated to a certain degree of interannual variability or to a certain reduction to mean calendar month
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streamflow. An averaging period of 1 month is suitable for river ecosystems and water users without access to large reser-
voirs, who depend on the water as it flows down the river. Longer averaging periods of 6 or 12 months are suitable in regions
where people have access to reservoir storage that is replenished during high-flow periods and that can alleviate short periods
of below-normal streamflow. We favor empirical percentiles EP over SSI as the former are more transparent to end-users of a
DEWS and do not entail uncertainties due to the fitting of a probability distribution. Moreover, application of one selected
probability distribution function at large scales will always exclude many grid cells where the fitting is not possible. Here,
other methods such as empirical percentiles would be required in any case. Expressing percentiles as return period (in years)
may further increase the transparency of EP as end-users are accustomed to quantifying flood hazards by return periods.

For all four risk systems in Table 3 (intermittent or perennial streamflow, both with and without access to large reser-
voirs), drought severity should be assessed with indicators that imply habituation to a certain degree of interannual variability
(CEP variants and/or EBDQICQDI-Q80 variants), to a certain reduction from mean monthly streamflow (CRBQIRQDI vari-
ants), and to the ability to fulfill seasonally varying water demand from surface water abstractions and environmental flow
(eBQICODI-WUs-EFR variants). The severity indicators expressed in cumulative percent (CEP and RBDQIROQDI variants)
should be provided as frequency of non-exceedance (denoted with suffix “f”) as the informative value of a cumulative per-
centage is low. Application of longer averaging periods of 6 or 12 months is recommended for all severity indicators in re-
gions with large reservoirs where the impact of short-term droughts below 6 months is probably low. In addition, the HS
method (Sect. 2.2.3) is recommended in intermittent flow regimes with reservoirs for EBQICODI1, CRBDQIROQDI1 and
CEP1. The method allows existing high-flow droughts to continue during low-flow periods (defined as calendar months with
Q80=0-e+-MMQ=0). The HS method follows the assumption that risk bearers in these regions cannot recover from high-flow
droughts during low-flow periods such that drought severity should be kept at the initial level. CEP1(20%)-HS f (not as-
sessed in this study) is computed like EBDQICODI1-Q80-HS f (Sect. 2.2.3) with potential drought prolongation in calendar
months with Q80=0. CRBQIROQDI1(-50%)-HS f (not assessed in this study) allows an existing high-flow drought to continue
in calendar months where mean monthly streamflow MMQ is zero (and thus all 30 streamflow values in this calendar month).
The €EBQICQODI variants are suitable for all risk systems as they inform end-users of a DEWS about drought severity in units
of absolute streamflow volume. CEP1 was found to be more sensitive to low-flow droughts than EBQICQDI1 (Fig. 7-8 and
Sect. 43.23.4). In intermittent streamflow regimes without reservoirs, however, droughts are mostly detected during the high-
flow periods, and CEP1(20%) f would not add value to a drought hazard assessment. In intermittent streams with reservoirs
on the other hand, application of CEPn(20%) f or CEP1(20%)-HS f is valuable, since these indicators quantify relative
streamflow deficits, and the ranking of drought events by their severity is different from the ranking according to EPQICQDI
variants (Fig. 78). Regarding the risk for ecosystems or water supply in perennial rivers without large reservoirs, CEP1 is
preferred over EBQICQODI1-Q80 due to the sensitivity of the former to low-flow droughts. In perennial rivers with large
reservoirs upstream, EBQICODIN-Q80 is preferable.

According to Stahl et al. (2020), practitioners often use particular streamflow values rather than anomalies as trigger for

management actions. These practitioners could use forecasted RBDQIRQDII as provided by the global-scale DEWS to deter-
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mine whether this trigger will be reached by computing streamflow from RBQIRQDI1 and observed mean monthly stream-

flow.o

6 Conclusions

This paper presents a new systematic approach for selecting global-scale streamflow drought hazard indicators (SDHIs) for

monitoring drought risk for human water supply and river ecosystems _in large-scale drought early warning systems (DEWS).

The methodology replaces the conventional and imprecise classification into threshold-based and standardized indicators by a
new taxonomy that distinguishes indicators pertaining to four indicator types by a) their inherent assumptions about the habit-
uation of people and the ecosystem to the streamflow regime and b) their level of drought characterization, namely drought
magnitude and drought severity, with the latter either in units of cumulative drought magnitude or in terms of frequency of
occurrence._The new classification scheme facilitates a better understanding of the information value of drought hazard indi-

cators. It can support the development of a (large-scale) DEWS as well as water managers who rely on the output of drought

hazard indicators.

-We applied the new classification scheme to a set of eight-nine existing and three newly developed droughthazard-indicators
SDHIs for the reference period 1986-2015 using the global water resources and water use model WaterGAP 2.2d. Indicators

of drought magnitude included SPI12, SPEI12, SSI1, SSI12, empirical percentiles EP1, and relative streamflow deviations

from mean conditions, RQDI1 and RQDI12. Indicators of drought severity comprised the cumulative volume-based drought
severity indicators CQDI1-Q50 and CQDI1-Q80 (with Q50 and Q80 as threshold), cumulative empirical percentiles
CEP1(20%) (20™ percentile as threshold), and cumulative relative deviations from mean conditions CRQDI1(-50%) (-50% as

threshold). We developed a severity indicator for highly seasonal (HS) streamflow regimes with access to large reservoirs

CQODI1-Q80-HS and two water deficit indicators, CQDI1-WUs and CQDI1-WUs-EFR, both considering mean monthly sur-

face water use, and in case of the latter also mean monthly environmental flow requirements. These indicators cover sthat-ecan

be-meaningfullyquantified-at theglobal seale—Several types of habituation to the streamflow regime were-covered-ineliding

comprising the habituation to a certain degree of interannual variability of streamflow, seasonality, a certain reduction from

mean calendar month or mean annual streamflow, and being able to fulfill the demand for surface water abstractions and

environmental flow. The comparison of indicators shows, for the first time explicitly for drought magnitude and severity, how

conceptualization and selection of indicators can lead to very different spatial and temporal patterns of drought hazard. Using

two example grid cells, the set of indicators resulted in a high range of non-exceedance frequencies (0.3-0.7 and 0.6-0.8) of

drought severity of the same drought event. Indicators of drought magnitude are only suitable for assessing the current status
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of a drought event, but they do not allow inferences about the status of the whole drought event compared to all other drought

events of the reference period.

A limited validation exercise revealed a tendency of WaterGAP 2.2d to overestimate observed Q80 between October

and April, while Q80 during the low-flow period in the Northern Hemisphere (May to September) is better captured. In a

recent study comparing simulated and observed monthly streamflow and SSI3 at 183 stations worldwide, WaterGAP 2.2d

model output showed a moderate agreement with observations. However, high agreement was identified at 25 stations in

Central and Eastern Europe, the United States, and South Africa. Moreover, the current study showed -We-analyzed-the-sensi-

that SSI1 based on modeled streamflow often outperformed SPI with different averaging periods. However, this strongly

depends on the goodness-of-fit after streamflow calibration. In uncalibrated basins, meteorological drought indicators should

be used complementarily as proxies for hydrological drought hazard due to the uncertainty of modeled streamflow.
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When providing drought hazard information in a global- or continental-scale DEWS, it is unknown which streamflow

characteristics people and river ecosystems are locally accustomed to, and it is uncertain to what degree people have access to
water stored in reservoirs. The suitability of hazard indicators is region- and risk-specific (Blauhut et al., 2021) and can only
be evaluated with regional knowledge about the vulnerability of the system at risk. Therefore, a large-scale DEWS should
provide data for a rather large number of drought hazard indicators that characterize the condition of various water flows
(streamflow, actual evapotranspiration as a fraction of potential evapotranspiration) and water storage compartments (snow,
soil, groundwater, lakes). A major component of the DEWS are clear explanations for the end-users about the suitability of
drought hazard indicators for specific risk systems. When selecting hazard indicators, we recommend that the end-user makes

the assumptions about the habituation of the risk bearer explicit --based-onknowledgeabout-the risk-system;-before selecting a

drought hazard indicator that fits to these assumptions. -Out of the twelve analyzed SDHIs, we recommend a set of magnitude

and severity indicators for large-scale DEWS specific to the risk systems 1) human water supply from surface water and 2)

river ecosystems, distinguishing intermittent and perennial streamflow regimes as well as low and large water storage capaci-

ties. Since an impact assessment was beyond the scope of this study, future studies could analyze how well these hazard indi-

cators, in combination with suitable vulnerability and exposure indicators, can estimate drought impacts in the targeted risk

systems at regional or national scales.
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Figure Al: Seasonal streamflow variability indicated by the seasonal amplitude_(;i-e—Q in calendar month with highest mean
monthly Q minus Q in calendar month with lowest mean monthly Q divided by MMQ (mean monthly Q over all calendar months))
(a), interannual streamflow variability indicated by the average of the 12 calendar month values of (Q20-Q80)/Qmean (b), and
average of the 12 calendar month values of WUsmean/Qmean (c). All values in percent.
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Data  availability.  WaterGAP  2.2d model output data wused in this study are available at
https://doi.org/10.1594/PANGAEA.918447 (Miiller Schmied et al., 2021). The WaterGAP 2.2d source code is published at
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(Herbert and D&11, 2022). GRDC monthly streamflow data are available at: http://grdc.bafg.de (GRDC, 2019).
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