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ABSTRACT: Flash droughts have been occurring frequently worldwide, which has a serious impact on food and water
security. The rapid onset of flash droughts presents a challenge to the subseasonal forecast, but there is limited knowl-
edge about their forecast skills due to the lack of appropriate identification and assessment procedures. Here, we inves-
tigate the forecast skill of flash droughts over China with lead times up to 3 weeks by using hindcast datasets from the
Subseasonal-to-Seasonal Prediction (S2S) project. The flash droughts are identified by using weekly soil moisture per-
centiles from two S2S forecast models (ECMWF and NCEP). The comparison with reanalysis shows that ECMWF and
NCEP forecast models underestimate flash drought occurrence by 5% and 19% for lead 1 week. The national mean hit
rates for flash droughts are 0.22 and 0.16 for ECMWF and NCEP models for lead 1 week, and they can reach 0.29 and
0.18 over South China. The ensemble of the two models increases equitable threat score (ETS) from ECMWF and
NCEP models by 8% and 40% for lead 1 week. In terms of probabilistic forecast, ECMWF has a higher Brier skill score
than NCEP, especially over eastern China, which is consistent with higher temperature and precipitation forecast skill.
The multimodel ensemble has the highest Brier skill score. This study suggests the importance of multimodel ensemble
flash drought forecasting.

SIGNIFICANCE STATEMENT: Flash droughts have raised considerable concern, but whether they can be pre-
dicted at subseasonal time scales remains unclear. This study evaluates forecast skill of flash droughts over China based
on ECMWF and NCEP hindcast data. Focusing on the historical flash drought events identified by the onset speed and
duration, it is found that the ECMWFmodel outperformed the NCEP model with higher hit rates, lower false alarm ra-
tios, and higher equitable threat scores, especially during the first week. However, less than 30% of the drought events
can be captured in most regions by both models. An ensemble of the two models showed skill improvement against the
ECMWF model for both deterministic and probabilistic forecasts.
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1. Introduction

The drought risk is often underestimated due to its silent
propagation without sufficient early warning (Yuan and Wood
2013; Hao et al. 2017; Pendergrass et al. 2020). In addition, cli-
mate change and human intervention alter the drought charac-
teristics, which raises a grand challenge for drought prediction
in the Anthropocene (Yuan et al. 2017; Samaniego et al. 2018;
Zhang et al. 2022). For instance, a type of drought with rapid
onset occurs frequently worldwide in recent years, which is
called “flash drought” (Hoerling et al. 2014; Yuan et al.
2015; Otkin et al. 2018; Yuan et al. 2019; Wang and Yuan
2021). Precipitation deficit is an important condition for the oc-
currence of flash drought (Mo and Lettenmaier 2016; Hoffmann
et al. 2021), but increased evapotranspiration due to high temper-
ature is also a critical factor for triggering the flash drought

(Wang et al. 2016; Wang and Yuan 2021, 2022). Strong precipita-
tion deficits and evapotranspiration excess increase the onset
speed of flash droughts and make flash drought forecasting diffi-
cult (Pendergrass et al. 2020; Liang and Yuan 2021; Zhu and
Wang 2021).

There are a number of flash drought indices in the literature
(Ford and Labosier 2017; Christian et al. 2019; Yuan et al.
2019; Pendergrass et al. 2020), and many studies have indi-
cated that soil moisture anomalies are useful for characterizing
the drought onset, particularly for rapid-onset droughts (Otkin
et al. 2018). In fact, soil moisture deficit is a good indicator for
agricultural drought, and flash drought differs from conven-
tional drought in that the former has a rapid onset, which can
be directly characterized by the rapid decline of soil moisture
or its percentile (Yuan et al. 2019). Osman et al. (2021) exam-
ined the key climate variables used in flash drought definitions,
including precipitation, soil moisture, and temperature, as well
as actual and potential evapotranspiration, and they found
that soil moisture–based flash drought definitions captured the
major events.

Flash droughts usually occur at the subseasonal time scale,
with durations ranging from a few weeks to 1–2 months. Drought
prediction skill at such time scale is limited due to the chaotic
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nature of the climate system and the mixture of the signals from
synoptic to seasonal time scales. Different temporal and spatial
scales of the atmosphere, land, and ocean processes, and their
forecast skill, make the prediction a challenge (Yuan and Wood
2013; Chen et al. 2020). To improve the understanding of the
sources of subseasonal to seasonal predictability as well as fore-
cast skill, the World Weather Research Program (WWRP) and
the World Climate Research Program (WCRP) jointly launched
a research initiative called the Subseasonal-to-Seasonal Predic-
tion (S2S) project (Vitart et al. 2017). The S2S datasets were
used to evaluate forecast skill for extreme weather related with
temperature and precipitation extremes (Luo and Wood 2006;
Tian et al. 2017; Prein et al. 2022; Tuel and Martius 2021). Vitart
and Robertson (2018) also showed that there is a potential to
predict the occurrence and the evolution of extreme events at
subseasonal time scale. As the key characteristic of flash drought
is the rapid onset, whether the S2S models can capture such pro-
cess needs further investigation.

Forecast skill for medium-range (usually defined as a fore-
cast period fewer than 2 weeks) weather forecasts has been
improved in recent years (Novak et al. 2014). Moreover, sea-
sonal forecast skill for droughts has also been extensively as-
sessed by using both dynamical ocean–atmosphere coupled
models or statistical models (Yuan and Wood 2013; Ma et al.
2015; Yuan et al. 2017; Yao and Yuan 2018; Liang and Yuan
2021; Wu et al. 2021). However, the prediction of flash
drought is a challenge because they occur rapidly with a
strong land–atmospheric interaction (Wang and Yuan 2022),
where most global climate prediction models do not necessar-
ily represent the interaction well. Mo and Lettenmaier (2020)
assessed the flash drought forecast skill based on the Global
Ensemble Forecast System Reforecast v2 (GEFSv2) in the
United States, and there is limited skill beyond 10 days. More-
over, they actually assessed the forecast skill of compound hot
and dry extremes at pentad-scale according to their flash
drought definition, without explicit requirements for the rapid
onset and a drought duration of at least 15–20 days (Otkin
et al. 2018; Yuan et al. 2019). Whether the S2S models provide
skillful forecasts for flash drought events over China, another
flash drought hotspot (Yuan et al. 2019), needs a comprehen-
sive assessment based on multiple S2S models, with both de-
terministic and probabilistic metrics.

In this study, we used both the NCEP (similar to those used
by Mo and Lettenmaier 2020) and the ECMWF hindcast data-
sets from the S2S archive to evaluate the subseasonal forecast
skill of flash droughts over China. The flash drought events
were identified based on the rapid decline in weekly soil mois-
ture, and the performances of ECMWF and NCEP models
were compared by using the ensemble mean results and indi-
vidual ensemble members, and the skill for the combination of
the two models was also assessed.

2. Data and method

a. Observations and S2S datasets

The ECMWF Reanalysis 5 (ERA5; Hersbach et al. 2020)
soil moisture and the CN05.1 precipitation (Wu and Gao 2013)

are used as reference data. ERA5 data are the fifth-generation
of global reanalysis data released by ECMWF. Here, the 20-cm
ERA5 soil moisture data with a spatial resolution of 0.58 3 0.58
are used in this study. This is because the S2S hindcast data do
not have enough drought samples for the forecast verification
if the deep-layer soil moisture is used for flash drought identifi-
cation. The study period is 1 April–29 September 1999–2020.
The CN05.1 precipitation observations are based on more
than 2400 ground-based meteorological stations in China com-
piled by China Meteorological Administration (CMA), and
they are regridded to 0.583 0.58 resolution.

The S2S multimodel hindcast and real-time forecast products
contain data from 11 models worldwide (Vitart et al. 2017), and
two of them are selected, i.e., ECMWF and NCEP. The data
are at 0.583 0.58 resolution. The NCEP real-time prediction be-
came operational from March 2011 with the newly developed
ocean–land–atmosphere coupled model (Yuan et al. 2011), and
the S2S archived the NCEP real-time forecasts from 2015.
The hindcasts during 1999–2010 have more observations from
ocean, land, and atmosphere to initialize the model, while the
real-time forecasts may have less observations for initializa-
tion when the forecasts issued. The data period is 1999–2020
for ECMWF model and is 1999–2010 (2015–20) for hindcast
(real-time forecast) for NCEP model. The ensemble sizes
are 11 and 4 for ECMWF and NCEP models, respectively.
To focus on the skill assessment in growing seasons (Yuan
et al. 2019) based on the available S2S data, the study period
is chosen as 1 April–29 September 1999–2010. For each year,
we select 26 hindcast/forecast cases that are initialized every
week from 1 April to 23 September (i.e., 1 April, 8 April, … ,
23 September) with forecast leads up to 46 days. We use the
first 21 days for weekly forecasts from lead 1 week to lead
3 weeks. The 11 ensemble members for the ECMWF model
are initialized at the same date, which consist of a control
ensemble member and 10 perturbed ensemble members.
For the NCEP model, the four ensembles are constructed by
using the hindcasts/forecasts that are initialized at 0000 UTC
during the target initialization day as mentioned above, and
those initialized at 0600, 1200, and 1800 UTC during the previ-
ous day.

b. Definition of flash drought

Yuan et al. (2019) developed a flash drought identification
method based on the soil moisture decline rate and drought
duration, which described the onset and recovery processes of
flash drought events. Here we use a similar definition: a flash
drought event is identified as the weekly (7 days) mean top-
20-cm soil moisture decrease from above the 40th percentile
down to the 20th percentile, with an average decline rate
of no less than 7% for each week, and the total drought
duration (from onset to recovery) should be no less than
3 weeks. The soil moisture cumulative distribution func-
tions (CDFs) for the ERA5 reanalysis and each ensemble
of S2S forecasts are constructed separately, and the soil
moisture percentiles used for the flash drought analysis are
calculated by using their own CDFs for reanalysis and forecast
ensembles. This can remove the forecast biases implicitly.
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Since the 12-yr calculation for flash droughts is very short, we
add the results of the previous week and the following week to
calculate the CDFs.

c. Verification measures

Forecast skill for flash drought events can be evaluated us-
ing a 2 3 2 contingency table (Wilks 1995). Let A be the
number of observed flash drought events that are forecast
by the model, C be the number of observed flash drought
events that are not forecast by the model, B be the number
forecast flash drought events that are turn out to be false
alarms, and D be the nondrought events that are both in ob-
servation and forecast, then the hit rate (HIT), false alarm
ratio (FAR), and equitable threat score (ETS) can be calcu-
lated as follows:

HIT 5
A

A 1 C
, (1)

FAR 5
B

A 1 B
, (2)

ETS 5
A 2 ARef

A 1 B 1 C 2 ARef
, (3)

ARef 5
(A 1 B)(A 1 C)

N
: (4)

HIT indicates the probability of detection, and FAR indicates
the probability of false alarm. ETS is a balanced score with an
optimal value of 1.

The ensemble average soil moisture is calculated first (both
for ECMWF/NCEP model, and their multimodel ensemble),
and then the soil moisture percentile is calculated before

identifying flash drought events. Taking HIT as an example,
Fig. 1 shows that ERA5 reanalysis identified a flash drought
event during 3 and 24 June 2007, the ECMWF S2S forecast
model captured this event for the lead-1-week forecast,
while the lead-3-week forecast failed to predict the onset of
the drought on 3 June. Therefore, the lead-1-week forecast
“hit” the drought, while the lead-3-weeks forecast missed
the drought.

Perfect model skill indicates the ability of a model to fore-
cast itself (Ma et al. 2015), by assuming the model is perfect
and the errors mainly come from initial conditions. Taking the
ECMWF model with 11 ensemble members as an example, we
calculate the perfect model skill for ETS as follows: 1) we use
ensemble 1 as “truth” and the mean of ensembles 2–11 as
“forecast,” to calculate the first ETS; 2) we use ensemble 2 as
truth and the mean of ensembles 1 and 3–11 as forecast, to cal-
culate the second ETS; 3) we repeat step 1 to obtain the third,
fourth, … , and the 11th ETS, and the perfect model skill in
terms of ETS is the mean of these 11 ETS values. In addition,
the Brier score (BS; Wilks 1995) is also used for assessing
probabilistic forecast skill. BS is essentially the mean square
error of the probabilistic forecast, which is calculated as
follows:

BS 5
1
N
∑
N

k51
(yk 2 ok)2, (5)

where N is the number of the target (3 weeks) periods for the
skill assessment [e.g., N 5 26 (weeks) 3 12 (years) 5 312 for
the NCEP model]; o represents whether flash droughts occur
in the observed data, considering that the observed value is
ok 5 1 when flash drought occurs and ok 5 0 when flash
drought does not occur. The yk 5 m1/m2 denotes the forecast

FIG. 1. Illustration for the forecast evaluation for a flash drought event. The solid black line
shows the ERA5 weekly mean soil moisture (SM) percentile at the grid point (43.58N, 124.58E)
during the 2007 flash drought. Blue solid and dashed lines show the weekly mean SM percen-
tile from the ECMWF model at lead 1 week and lead 3 weeks, respectively. Here, the lead-1-
week forecast captured the flash drought, while the lead-3-weeks forecast missed the onset
week (3 Jun).
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probability (m1 is the number of forecasts with drought occur-
rence) among the ensemble members (m2) for the kth target
period. For instance, for the ECMWF model, m2 5 11, and m1
varies from 0 to 11, so the yk varies from 0 to 1 (e.g., if m1 5 5,

then yk 5 5/11). A higher BS value is obtained if the accuracy
of the prediction is low, and a perfect prediction has a BS value
of 0. We calculate Brier skill scores (BSS) (Hamill and Juras
2006; Lee et al. 2020) as follows:

FIG. 2. Spatial patterns of the frequency of occurrence (FOC) of flash droughts (events/year) from (a)–(c) ECMWF
and (d)–(f) NCEP subseasonal hindcasts during 1999–2010 with lead times of 1–3 weeks and ERA5 reanalysis during
(g) 1999–2010. The flash droughts were identified based on the data during growing seasons (April–September). The
spatial averaging results are shown on the upper-right corners of each panel.
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BSS 5 1 2
BS

BSRef
, (6)

where BSRef is the BS for the climatological forecast con-
sists of observed soil moisture for the target forecast weeks
from different years, but excluding the target forecast year.
A positive BSS value indicates a skillful forecast, while a
negative value indicates a forecast worse than the climato-
logical forecast.

3. Results

a. Prediction of the climatology of flash drought events

Similar to Mo and Lettenmaier (2020), we calculated the fre-
quency of occurrence (FOC) of the flash drought to evaluate
whether forecast models can capture the climatology during
1999–2010. The FOC is the average number of flash drought oc-
currences per year. In dry areas, small soil moisture variability
may prevent a reasonable evaluation of forecast skills. There-
fore, areas with annual mean precipitation below 100 mm were
ignored in this study. Figure 2g shows that eastern China has
more flash droughts than western China. Note that the spatial
distribution is a little different from Yuan et al. (2019) due to

different study period [1999–2020 in this study, while 1961–2005
in Yuan et al. (2019)] and different soil depths for drought identi-
fication [20 cm in this study, while 100 cm in Yuan et al. (2019)].

The FOC for flash droughts from the ECMWF hindcasts
(Figs. 2a–c) from lead 1 week (day 1–7) to lead 3 weeks
(day 15–21) captures the spatial pattern, although the un-
derestimation is significant at long leads. The spatial corre-
lations of ECMWF-predicted FOC for leads 1–3 weeks are
0.28, 0.21, and 0.16, respectively. The NCEP model has
worse performance than the ECMWF model for reproduc-
ing the FOC pattern, with spatial correlations of 0.14, 0.11,
and 0.08 for leads 1–3 weeks. The observed national mean
FOC during 1999–2010 is 0.41 (Fig. 2g), while the ECMWF
model-predicted national mean FOCs are 0.39, 0.34, and
0.28 for the leads of 1–3 weeks (Figs. 2a–c), with underesti-
mations of 5%, 17%, and 32% respectively. For the NCEP
model-predicted national mean FOCs are 0.33, 0.26, and
0.23 for the leads of 1–3 weeks (Figs. 2d–f), with underesti-
mations of 19%, 36%, and 43% respectively.

b. Forecast skill for individual flash drought events

In this study, we used HIT, FAR, and ETS to assess fore-
cast skill for individual flash drought events. In areas with
small FOC, insufficient flash drought samples may prohibit a

FIG. 3. (a)–(i) Hit rates for the hindcasts of flash droughts at different lead times. “ENS” represents the ensemble of ECMWF and
NCEP. The boxes in (a) represent three regions: Northeast China (NEC; 428–558N, 1128–1358E), North China (NC; 328–428N, 988–1238E),
and South China (SC; 228–328N, 988–1228E). The spatial averaging results are shown on the upper-right corners of each panel.
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reasonable evaluation of the forecast skill. Therefore, areas
with FOC below 10% were ignored in the study. We focus on
forecast skill in three regions of China: Northeast China,
North China, and South China (Fig. 3a).

Figure 3 shows the hit rates for flash drought from ECMWF
and NCEP models as well as their combinations “ENS” at dif-
ferent lead times, and Table 1 lists the national and regional
mean statistics. At lead 1 week, hit rates of the ECMWF model

TABLE 1. The regional average results of the flash drought hindcast skill with different lead times. NEC, NC, and SC represent
Northeast China, North China, and South China, respectively. The hindcast period is 1999–2010 for ECMWF and NCEP models,
respectively. “ENS” represents the ensemble of ECMWF and NCEP.

HIT FAR ETS

Lead 1 Lead 2 Lead 3 Lead 1 Lead 2 Lead 3 Lead 1 Lead 2 Lead 3

ECMWF
NEC 0.23 0.06 0.04 0.59 0.65 0.71 0.13 0.03 0.02
NC 0.22 0.09 0.04 0.66 0.73 0.76 0.13 0.05 0.02
SC 0.29 0.14 0.04 0.62 0.69 0.75 0.17 0.08 0.02
China 0.22 0.10 0.04 0.65 0.71 0.75 0.13 0.05 0.02

NCEP
NEC 0.18 0.06 0.02 0.75 0.76 0.81 0.10 0.04 0.01
NC 0.19 0.09 0.04 0.75 0.79 0.83 0.11 0.05 0.02
SC 0.18 0.08 0.04 0.73 0.78 0.82 0.11 0.05 0.02
China 0.16 0.08 0.04 0.79 0.82 0.84 0.10 0.05 0.02

ENS
NEC 0.27 0.08 0.03 0.63 0.68 0.73 0.16 0.05 0.01
NC 0.24 0.09 0.04 0.68 0.73 0.73 0.14 0.05 0.02
SC 0.29 0.15 0.06 0.62 0.70 0.73 0.18 0.08 0.03
China 0.24 0.11 0.05 0.67 0.72 0.75 0.14 0.06 0.02

FIG. 4. As in Fig. 3, but for equitable threat score (ETS).
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is highest over South China, followed by Northeast China and
North China. While for the NCEP model, the hit rates at lead
1 week are highest over North China, followed by Northeast
China and South China. The better forecast skill in the North-
east China and South China may be related to the better per-
formance of FOC. With the increase in lead times, the hit rates
decrease. On average, the ECMWF model has higher hit rates
than the NCEP model (Figs. 3a–f). The results of the ENS are
better than both the ECMWF and NCEP models (Figs. 3g–i),
with increased hit rates for the national mean results of
9%–50%, 10%–38%, and 25% for the lead times of 1–3 weeks,
respectively. Figure S1 in the online supplemental material
shows the FAR for individual flash drought events. Eastern
China has lower FAR than western China, which is associated
with higher FOC over eastern China than that over western
China. The FAR increases over lead times, and the NCEP
model has higher FAR than the ECMWF model. This suggests
that the reliability of the ECMWF model is higher than the
NCEP model for flash drought forecasts, and the reliability de-
creases over lead times. Table 1 shows that although the ENS
increases the detectability (increases the hit rate), it does not
necessarily increase the reliability (decreases the false alarm
ratio).

Figure 4 shows the ETS scores for individual flash droughts
over each grid cell, with the positive values indicating skill-
ful forecasts. The ECMWF has a good performance at lead
1 week, with 62% of the grid cells showing skillful forecasts
(Fig. 4a) and a national average ETS of 0.13 (Table 1).
However, the skill drops quickly at lead 2 weeks and lead
3 weeks, with only 35% and 18% of the grid cells showing

positive ETS (Figs. 4b,c). The situation is even worse for the
NCEP model, where 53%, 31%, and 15% of the grid cells
show skillful forecasts at lead times of 1–3 weeks, respectively
(Figs. 4d–f). The multimodel ensemble shows significant skill
improvement at lead 1 week (Fig. 4g), where the ETS increases
by 8%–40% (Table 1). Due to the quick skill declines of the
ECMWF and NCEP models at the lead times of 2–3 weeks
(Figs. 4b,c,e,f), their combination only shows improvement
over limited regions (Figs. 4h,i).

Figure 5 shows the probabilistic forecast results at lead
1 week for flash droughts. Similar to the deterministic fore-
cast skill (Fig. 4), the ECMWF model has a higher probabil-
istic forecast skill than the NCEP model especially over
eastern China (Figs. 5d–f). Specifically, there are 57% of
the grid cells with positive BSS (skillful forecast) for the
ECMWF model at lead 1 week (Fig. 5d), while there are
only 41% of the grid cells for the NCEP model (Fig. 5e).
Although the differences in the ensemble members between
ECMWF and NCEP models, multimodel ensemble show a
higher BSS than ECMWF (Fig. 5f), which 62% of the grid cells
for the ENS.

To understand the subseasonal forecast skill of flash
droughts, we calculated the correlations between model predic-
tions and observations for both temperature and precipitation.
Figures 6a and 6d show that the correlations of temperature
for ECMWF and NCEP predictions at lead 1 week are above
0.95 in most areas of China. However, the NCEP model has
lower temperature correlation than the ECMWF model at lead
3 weeks (Figs. 6c,f). Figure 7a shows that the correlations of
precipitation for ECMWF prediction at lead 1 week are above

FIG. 5. Probabilistic forecast skill for ECMWF, NCEP, and ENS at 1-week lead time. (a)–(c) Brier score (BS) and (d)–(f) Brier skill
score (BSS).
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0.7 in most areas of eastern China, which is consistent with re-
gional high skill in flash drought forecast (Figs. 4a and 5c). The
precipitation correlations decrease significantly at leads of
2–3 weeks (Figs. 7b,c), which can explain the sharp declines
in flash drought forecast skill at long leads. The NCEP model
has lower precipitation correlation than the ECMWF model
especially at the first 2 weeks (Figs. 7d,e), so the former has
lower flash drought forecast skill than the latter. The precipita-
tion correlations over the Qinghai–Tibetan Plateau region are
higher than other regions, and they do not decline quickly
over leads for both the ECMWF and NCEP models (Fig. 7).
Whether the S2S models do have higher precipitation predic-
tive skill over the plateau needs further investigation as the ob-
servation gauges are limited. The eastern part of the plateau
has a large number of flash droughts (Fig. 2), and the good
drought forecast skill is consistent with the good precipitation
forecast skill over this region. While the flash droughts are
very few over the western part of the plateau, there is no

obvious connection between the drought forecast skill and
precipitation forecast skill.

To explore the potential forecast skill for flash droughts,
we calculated the metrics by using a “perfect model” as-
sumption (Luo and Wood 2006; Ma et al. 2018). We com-
puted the potential forecast skill of flash droughts in terms
of HIT (Fig. S2), FAR (Fig. S3), and ETS (Fig. 8). After
eliminating the model error, the potential hit rates for the
ECMWF model can reach 0.5 in most areas at lead 1 week
(Fig. S2a), which are much higher the actual hit rates (Fig. 3a).
Moreover, the potential false alarm ratios are below 0.6,
and the potential ETS values are above 0.3 for most regions
(Fig. S3a and Fig. 7a). This suggests a room for model im-
provement for a better flash drought forecast skill. The re-
sults for the NCEP model are similar, although they are
worse than those of the ECMWF model. The potential
forecast skill represents the ability for model to predict
itself, which suggests that the NCEP model’s ensemble

FIG. 6. Temperature correlation for the ECMWF and NCEP hindcasts at different lead times.
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members are more different from each other than those for
the ECMWF model. Although the potential forecast skill
shows promising results for the first two weeks, the results
for the third week are not satisfactory (Fig. 8, Figs. S2 and
S3), suggesting the challenge to forecast flash droughts at long
leads, even with a perfect model assumption. This study sug-
gests the importance of multimodel ensemble flash drought
forecasting. This suggests room for model improvement for a
better flash drought forecast skill, at least for the ECMWF
model. The results for the NCEP model are similar, although
they are worse than those of the ECMWF model. In fact,
ECMWF model generates ensembles by perturbing the initial
conditions, while the NCEP model generates ensembles by us-
ing forecasts at different lead times (e.g., 0-, 6-, 12-, and 18-h
lead). The latter method may generate ensembles with a wider
spread than the former, but the latter method is proved to be
reliable for seasonal drought ensemble forecasting (Yuan and
Wood 2013).

c. Sensitivity of the results to sample size and
ensemble members

Given that the ECMWFmodel has 22-yr hindcasts (1999–2020)
while the NCEP model only has 12-yr hindcasts (1999–2010),
we calculated the results for the ECMWF model by using
22-yr hindcasts (1999–2020). Table 2 shows that the improve-
ment of study years in the ECMWF model improves drought
hindcast skills. In addition, we extended the sample of the
NCEP model from 12 years (1999–2010) to 18 years (1999–
2010 and 2015–20) by incorporating the real-time forecast
data. Figure 9 and Table 3 show that the hindcast skills are
similar to the real-time forecast skills for the NCEP model.
We also used different ensemble members for the NCEP
model, from 4 to 28 members with different initialization
times. Figure 8 and Table 3 show that increasing ensemble
members does not improve the skill at lead 1 week, but does
improve the skill at lead 2 weeks and lead 3 weeks. Specifi-
cally, using 16 ensemble members results in highest HIT and

FIG. 7. Precipitation correlation for the ECMWF and NCEP hindcasts at different lead times.
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ETS, and lowest FAR. Beyond that, there is no obvious im-
provement. Table 3 shows that NCEP model with 16 ensemble
members has higher ETS than ECMWFmodel at lead 3 weeks,
although the former still has lower ETS than the latter at lead
1 week. Therefore, the sample size and ensemble members
cannot explain the skill difference between the ECMWF
and NCEP models at short lead, but the NCEP model with
sufficient ensemble members can have higher skill than the

ECMWF model at long lead. In fact, Yuan and Wood (2013)
found the NCEP model is the most reliable model among
the North American Multimodel Ensemble (NMME) cli-
mate models for forecasting droughts at seasonal time
scale, although the hit rate is not the highest. The ensem-
ble members for the ECMWF model start from the same
date, while the ensemble members for the NCEP model
start from different date. It is possible that the two ensem-
ble generation methods have advantages at short and long
leads, respectively.

d. Sensitivity of the results to the calculation of percentiles

Given that flash drought is an extreme event that has a very
low probability of occurrence (Yuan et al. 2019), an ideal
forecast ensemble requires a reasonable spread to cover the
extreme event. Figure 2 shows that even the ECMWF model

FIG. 8. Potential forecast skill of flash droughts in terms of ETS for (a)–(c) ECMWF and (d)–(f) NCEP at different
lead times.

TABLE 2. National mean results for flash droughts hindcast skill
for the ECMWF model for the hindcast period 1999–2020.

HIT FAR ETS

Lead 1 week 0.24 0.62 0.14
Lead 2 weeks 0.11 0.67 0.06
Lead 3 weeks 0.04 0.74 0.02
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with better performance underestimates the FOC, therefore,
we plot the results for each ensemble member to check the
ensemble spread. Figure 10 shows that the FOC patterns
from the control ensemble member (Fig. 10a) and 10 per-
turbed ensemble members (Figs. 10b–k) are similar, and na-
tional mean FOCs are lower than that for ensemble mean
(Fig. 10l). These results are based on the percentiles that are
calculated from different cumulative distribution functions
(CDFs) for different ensemble members. We also collect all
hindcasts from all ensemble members to construct a unified
CDF and calculate the corresponding percentiles and FOCs
of flash droughts based on the unified CDF, but the differ-
ence among individual ensemble members does not change
much (Fig. 11). The results also suggest that the spread of
ECMWF ensemble might be too small to capture the flash
droughts.

4. Concluding remarks

In this study, we assessed the subseasonal forecast skill for
flash droughts based on the two S2S models. The conclusions
are as follows:

1) The S2S hindcasts can capture the spatial distributions of
flash drought frequency, especially for the ECMWF model.

While the ECMWF and NCEP models only underestimate
5% and 19% of the national mean climatology of flash
drought occurrence at lead 1 week, the underestimations
increase significantly at leads of 2–3 weeks.

2) Averaged over China, the ECMWF and NCEP models can
predict 22% and 16% of the observed flash drought events
at 0.58 resolution at lead 1 week. The national mean de-
tectability decreases to 4% at lead 3 weeks, suggesting a
grand challenge for predicting flash droughts at subseaso-
nal time scale. The ensemble of the two models increases
equitable threat score from ECMWF and NCEP by 8%
and 40% for lead 1 week, respectively. In terms of proba-
bilistic forecast, ECMWF also has higher Brier skill score
than NCEP especially over eastern China, and ENS has
highest Brier score.

3) The perfect forecast skill of flash droughts is higher than
the forecast skill for both the ECMWF and NCEP models,
suggesting there is room for model improvement. Specifi-
cally, the ECMWF model has higher perfect forecast skill
than the NCEP model. The assessment of precipitation
forecast skill also help to explain the model difference,
where the flash drought forecast skill is highly correlated
with the temperature and precipitation forecast skill if suf-
ficient drought samples are available during the assessment
period.

FIG. 9. (a),(b) HIT; (c),(d) FAR; and (e),(f) ETS for NCEP hindcasts of flash drought at lead 1–3 weeks with different ensemble
sized and different hindcast/forecast years. Here, 12 years represent the hindcast period 1999–2010, and 18 years represent the com-
bination of hindcast (1999–2010) and real-time forecast (2015–20) periods; 4ens, … , 28ens refer to the ensembles consisting of dif-
ferent initialization times. For example, 8ens represents the 8 ensembles started from 0, 6, 12, … , 42 h before the target initializa-
tion date.
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The assessments of subseasonal ensemble forecast skill for
flash droughts based on two S2S models suggest that the raw
soil moisture prediction product is useful during the first
week, but the skill is marginal at long leads. Therefore, the
S2S soil moisture product might be helpful for flash drought

monitoring or watching, while the skillful forecasts at long
leads might need additional efforts such as assimilating the
information of land surface memory by combining with ad-
vanced land surface models (Yuan et al. 2018), correcting pre-
cipitation and/or soil moisture predictions by using artificial

TABLE 3. The national mean results of the flash drought hindcast skill for the NCEP model with different ensemble sizes and
hindcast/forecast periods. Here, 12 years represents the hindcast period 1999–2010, and 18 years represents the combination of
hindcast (1999–2010) and real-time forecast (2015–20) periods; 4ens, … , 28ens refer to the ensembles consisting of different
initialization times. For example, 8ens represents the 8 ensembles started from 0, 6, 12, … , 42 h before the target initialization date.

HIT FAR ETS

Lead 1 Lead 2 Lead 3 Lead 1 Lead 2 Lead 3 Lead 1 Lead 2 Lead 3

NCEP (12 years)
4ens 0.16 0.08 0.04 0.79 0.82 0.84 0.10 0.05 0.02
8ens 0.16 0.08 0.05 0.79 0.81 0.84 0.09 0.05 0.03
12ens 0.16 0.08 0.05 0.79 0.81 0.83 0.10 0.05 0.02
16ens 0.16 0.08 0.05 0.79 0.82 0.83 0.10 0.04 0.02
20ens 0.16 0.08 0.05 0.79 0.82 0.84 0.09 0.05 0.03
24ens 0.15 0.09 0.05 0.79 0.81 0.83 0.09 0.05 0.03
28ens 0.15 0.09 0.05 0.79 0.81 0.84 0.09 0.05 0.03

NCEP (18 years)
4ens 0.16 0.08 0.05 0.79 0.81 0.82 0.10 0.05 0.03
8ens 0.16 0.09 0.05 0.79 0.80 0.82 0.10 0.05 0.03
12ens 0.16 0.09 0.05 0.79 0.80 0.83 0.10 0.05 0.03
16ens 0.16 0.09 0.05 0.79 0.79 0.82 0.10 0.05 0.03
20ens 0.16 0.09 0.05 0.79 0.80 0.82 0.09 0.05 0.03
24ens 0.15 0.10 0.05 0.79 0.80 0.82 0.09 0.05 0.03
28ens 0.11 0.10 0.05 0.79 0.80 0.82 0.08 0.06 0.03

FIG. 10. Spatial patterns of the frequency of occurrence (FOC) of flash droughts (events/year) from (a) ECMWF control hindcast,
(b)–(k) 10 perturbed hindcasts, and (l) ensemble mean hindcast during 1999–2020 with lead times of 1 week. The flash droughts
were identified based on the data during growing seasons (April–September). The spatial averaging results are shown on the upper-
right corners of each panel. Each ensemble member in (a)–(k) and the ensemble mean in (l) has their own cumulative distribution
functions (CDFs) for the calculations of percentiles and flash droughts.
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intelligence (Liu et al. 2022), or linking specific flash drought
events with subseasonal climate modes (Tian et al. 2021).
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