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Abstract
Drought is among the most severe hydro-meteorological events, and it is expected to 
become even more critical and recurrent in multiple regions worldwide. The availability 
of hydrological information months ahead is crucial for developing effective early warn-
ing strategies, which often remain focused on meteorological drought, and to support 
effective adaptation programs and enhanced preparedness. The Copernicus Emergency 
Management System (CEMS) provides seasonal ensemble forecasts of river discharge 
based on the LISFLOOD hydrological model simulations, which are driven by seasonal 
meteorological ensemble forecasts from the seasonal forecast system version 5 (SEAS5) 
by the European Centre for Medium-Range Weather Forecasts (ECMWF). In this study, 
we evaluate the performance of these forecasts in detecting hydrological drought in the 
period 1991–2022 using the ECMWF reanalysis ERA5 as a proxy for the observational 
reference. The main results show that the skill of the ensemble mean of the Standardized 
Streamflow Index (SSI) is high at both 1- and 3-month time horizons; lower-skill fore-
casts (but still informative) can be achieved up to 6 months ahead. The forecast always 
outperforms trivial ones done by using the latest available state of the reanalysis, with 
the highest added value, on average, in the Northern Hemisphere. Seasonality in average 
river discharge is highlighted as one of the main drivers of the differences in skill between 
seasons. Additionally, the dominant role of inter-annual variability in initial conditions 
(soil moisture) and meteorological forcings (precipitation) on forecast skill is observed 
in summer and spring–summer for the former, and in winter and autumn–winter for the 
latter. Besides the high skill observed with the ensemble mean, the signal-to-noise ratio 
(SNR) of the ensemble forecast is identified as key metric to operationally assess and 
communicate forecast reliability.
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1  Introduction

Drought is considered one of the most severe weather-related natural hazards, mainly due 
to its ability to manifest everywhere in the globe, and the tendency to affect large areas 
for an extended period (UNDRR, 2022). Recent catastrophic events with well-documented 
impacts were observed in all the continents, including the 2012 US drought (Hoerling et al. 
2014), the 2003 and 2018 European droughts (Rebetez et al. 2006; Toreti et al. 2019), the 
‘millennium’ drought in Australia (Van Dijk et al. 2013), the ‘day zero’ drought in Cape 
Town (Sousa et al. 2018), the 2019–2022 multi-annual drought in Central South America 
(Arias et al. 2024), the 2016–2018 southern India drought (Mishra et al. 2021) and the 
events in the late 2000s in Ethiopia (Viste et al. 2013).

Drought is primarily triggered by the lack of precipitation for an extended period of time. 
This precipitation deficit may reverberate through the water cycle, causing a reduction in 
soil moisture, lower river discharge and further affecting groundwater recharge (Tallaksen 
and van Lanen, 2023). A reduction in river discharge may lead to what is here called hydro-
logical (or streamflow) drought. Analysis on hydrological droughts adds valuable informa-
tion to meteorological drought, as many economic sectors and ecosystems are affected by 
these events both directly and indirectly (Stahl et al. 2016; Lackstrom et al. 2017).

As for proactive drought management, forecasting is valuable to enabling effective and 
timely actions. However, due to the complex spatiotemporal evolution, drought events 
are usually difficult to predict and their impacts difficult to robustly identify and quan-
tify. Drought management has traditionally relied on crisis response or reactive approach, 
but managing effectively drought risk requires a transition to perspective and proactive 
approaches, aiming to prevent or mitigate its impacts and risks well in advance (Biella et al. 
2025). Define and design preparedness measures, such as early actions and long-term plan-
ning decisions, are subject to, among other things, the provision of reliable and usefulness 
sub-seasonal to seasonal (S2S) forecast to support decision-making (UNDRR, 2021).

Whilst several drought early warning systems exist at regional and global scale, many of 
which include forecasting tools, they tend to primarily provide information on the meteo-
rological component of drought (Tallaksen and van Lanen, 2023). Meteorological drought 
indices can be directly derived from these forecasts, as in the case of the Unusually Wet and 
Dry Conditions Index, currently implemented in the Copernicus Global Drought Observa-
tory (GDO, ​h​t​t​p​s​:​​/​/​d​r​o​​u​g​h​t​.​e​​m​e​r​g​​e​n​c​y​.​​c​o​p​e​r​​n​i​c​u​s​.​​e​u​/​t​​u​m​b​o​/​g​d​o​/​m​a​p​/, accessed on 1st July 
2025) and based on the Standardized Precipitation Index (SPI) (Mckee et al. 1993; Lavaysse 
et al. 2020). However, there is currently no hydrological drought forecast product that cov-
ers operationally the entire globe.

S2S predictions of drought-related variables can be achieved through statistical, dynami-
cal, or hybrid methods, also leveraging artificial intelligence (AI) (Hao et al. 2018). Within 
the dynamical (model-based) approach, ensemble forecasting has become well established 
in the field of hydrometeorological forecasting because it quantifies the uncertainty by gen-
erating a range of possible future streamflow outcomes (Troin et al. 2021).

Hydrometeorological forecasts based on hydrological models forced with short and long 
term weather forecasts exploit the predictability in the meteorological forcings as well as 
the effects of initial conditions of the hydrological variables. Several authors have pointed 
to higher predictability of hydrological drought (based on hydrometeorological forecasts) 
compared to meteorological drought (Yuan et al. 2013; Zhang et al. 2017; Sutanto et al. 
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2020). This represents a sound alternative to the commonly used Ensemble Streamflow Pre-
diction (ESP) method (Day 1985), in which predictability mainly stems from the memory 
effect and quickly decays after one month (Wood et al. 2015).

Predictability of hydrological quantities has been widely investigated in the recent past. 
Generally, the key role of initial hydrological conditions has been repeatedly stressed (e.g., 
Wood and Lettenmaier 2008). Shukla et al. (2013), using the variable infiltration capacity 
(VIC) model, quantified the effects of both the initial hydrological conditions and the sea-
sonal forecast skill. They observed regional and time dependent differences in the relative 
contributions of initial conditions and forecast skill. For instance, more prominent role of 
initial conditions was found in arid and snow-dominated regions of the Northern Hemi-
sphere in January and October, while forecast skill was estimated to be more important in 
the equatorial and monsoon region along the year. Similarly, Yossef et al. (2013) highlighted 
the important role of the initial state of surface and groundwater in forecasting hydrologi-
cal variables for large basins. In a recent assessment of seasonal river flow forecast across 
catchments in the Republic of Korea, Lee et al. (2024) found higher forecast skill at 1 month 
lead time, outperforming the ESP, particularly during the wet season, highlighting how pre-
cipitation is the most important variable affecting predictability.

The effects of initial conditions on predictability are strongly linked to memory and per-
sistence (i.e., autocorrelation) in hydrological variables. Thober et al. (2015) showed how 
autocorrelation can be used to indicate forecast dependence on initial conditions, while 
Nicolai-Shaw et al. (2016) successfully used antecedent soil moisture or discharge data to 
represent persistence.

The quality of forecasts is also influenced by the pre-processing procedures deployed to 
reduce biases. Shi et al. (2008) investigated how hydrological model calibration and bias 
correction contribute to reducing forecast errors, while Thober et al. (2015) highlighted the 
role of standardization of the hydrological forecast values, showing how different proce-
dures can lead to drastically different results. Thober et al. (2015) highlighted that trans-
forming the ensemble mean of a soil moisture forecast into a standardized index is more 
efficient for forecasting than the mean of individual standardized indices computed from 
each ensemble member. The use of self-consistent baseline data for standardization is also a 
key factor in ensuring consistency between forecast and historical data (Shao and Li 2013).

Recently, Acosta Navarro and Toreti (2023) highlighted how the SNR of a multi-system 
ensemble of predictions can be used as a proxy of forecast accuracy for temperature and 
precipitation during boreal summer months. Albeit significantly improved in the past years 
(Merryfield et al. 2020), the forecast skills for temperature and precipitation at seasonal 
scale are still low for meteorological drought predictions based on climate models (Aghak-
ouchak et al. 2022).

Currently, global-scale seasonal forecasts of hydrological quantities are operationally 
generated by the Global Flood Awareness System (GloFAS, ​h​t​t​p​s​:​​/​/​g​l​o​​b​a​l​-​f​l​​o​o​d​.​​e​m​e​r​g​e​n​c​y​.​
c​o​p​e​r​n​i​c​u​s​.​e​u​/, accessed on 1st July 2025) as part of CEMS (Emerton et al. 2018). The ​G​l​o​
F​A​S system provides an outlook on river flood conditions at S2S scale based on LISFLOOD 
model simulations forced with predictions from the ECMWF SEAS5 (Johnson et al. 2019). 
Despite the richness of this forecast dataset, its value for drought forecasting at global scale 
has not been fully investigated yet, while a similar dataset over Europe has shown promising 
results (Sutanto et al., 2021).
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The goal of this study is to exploit CEMS seasonal forecasts for hydrological drought 
forecasting, particularly the quantification of forecast skill at different temporal scales 
across the globe, and the detection of the main sources of predictability. The analyses are 
performed on forecasts for past years (1991–2022, reforecasts), which are compared against 
simulations forced with ECMWF ERA5 (Hersbach et al. 2020), with the latter used as a 
proxy of the ground truth. The outcomes of this evaluation will support the operational 
implementation of a new seasonal hydrological forecast indicator to enhance the CEMS 
portfolio of drought indicators.

2  Materials and methods

2.1  The CEMS GloFAS datasets

The hydrological datasets produced as part of CEMS GloFAS are based on the LISFLOOD 
rainfall-runoff model (De Roo et al. 2000; Van der Knijff et al. 2010). LISFLOOD is an open 
source (https://ec-jrc.github.io/lisflood, accessed on 1st July 2025) spatially distributed 
physically based model simulating all the main hydrological processes at grid cell (evapo-
transpiration, infiltration, snow formation, etc.), as well as the routing of runoff through the 
river network. In GloFAS v.4.0, model outputs are generated on regular lat/lon grids at 0.05° 
spatial resolution, daily time steps, and with quasi-global coverage (from 90º N to − 60° 
S). All the GloFAS data are distributed via the CEMS Early Warning Data Store (EWDS, 
https://ewds.climate.copernicus.eu, accessed on 1st July 2025).

Two datasets are used in this study, the first one is obtained by forcing LISFLOOD with 
ERA5 (Grimaldi et al. 2022). This dataset (hereafter G-E) is updated in near-real time (with 
a few days of delay), and it is here used as reference to evaluate the performance of the 
seasonal forecasts. Obtaining an observation-based reference dataset for validating hydro-
logical drought forecast at global scale is challenging, as observational networks are limited.

LISFLOOD has been calibrated and validated on a global scale over more than 1,800 
flow gauges, similarly to what described in Harrigan et al. (2020). This model has been 
previously used in drought monitoring, forecasting, and projection studies with good results 
(e.g., Sepulcre-Canto et al. 2012; Forzieri et al. 2014; Sutanto et al. 2024) and has been 
calibrated and validated in many experiments. Cammalleri et al. (2020) performed a valida-
tion exercise focusing on drought, showing overall good model performance, characterized 
by high efficiency and a small negative percentage bias for annual minima and total deficit 
during the period 1990–2016 at 437 stations distributed across Europe.

The second dataset here used is the ensemble forecast produced for past years (reforecast 
or hindcast) obtained by forcing LISFLOOD with the ECMWF SEAS5 seasonal reforecasts 
(Grimaldi et al. 2023). This dataset (G-S hereafter) includes 25 members (51 from 2017), 
and it is generated once a month for a temporal horizon up to 7 months. A flowchart sum-
marizing the methodology, including the use of G-E and G-S as input data, is provided in 
Fig. 1. For both datasets, river discharge, Q (m3 s−1), is analyzed from 1991 to 2022 as a key 
variable representative of hydrological droughts (WMO and GWP, 2016). River discharge 
is influenced by surface conditions, subsurface processes as well as meteorological factors.
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2.2  Data pre-processing

The G-E and G-S datasets are characterized by relatively high spatial (0.05°) and temporal 
(daily) resolutions. At seasonal and global scales, hydrological drought forecasts aim at 
identifying large-scale patterns of areas potentially impacted by drought and they are not 
meant for local scale or short-term applications. Global-scale forecast and modelling frame-
works complement, when they exist, detailed local forecasts and modelling systems (with 
homogeneous larger-scale evaluations and often longer lead times) based on higher-reso-
lution data and enhanced knowledge of catchment processes. Those local systems usually 
hold the mandate to issue warnings, and support emergency action on the ground (Dasgupta 
et al. 2025).

The two datasets are preliminarily aggregated both spatially and temporally to obtain 
data in line with the usual characteristics of drought seasonal forecasts (see the “Pre-Pro-
cessing” step in the methodological flowchart, Fig. 1). As an example, the current drought 
forecast product in GDO, based on a multi-system ensemble of SPI, is generated at a spatial 

Fig. 1  GloFAS-ERA5 reanalysis data and GloFAS-SEAS5 seasonal ensemble reforecast are the two data-
sets used in this study. For both datasets, river discharge is analyzed from 1991 to 2022. The datasets are 
initially aggregated spatially and temporally, then converted into standardized anomalies (SSI) by sub-
tracting the climatological mean, µ, and dividing the result by the standard deviation, σ. The metrics used 
to assess skill are: the Pearson correlation coefficient (r) and the Gilbert Skill (GS) Score. Additionally, 
forecast performance is compared to results from persistence analysis, using the latest available reanalysis 
as antecedent condition. The signal-to-noise ratio (SNR) is also calculated as a complementary metric to 
quantify forecast skill operationally. Finally, the forecast skill results are interpreted based on the inter-
annual variability in both initial conditions and meteorological forcings
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resolution of 1° (European Commission 2025), while the raw SEAS5 meteorological forc-
ings have a resolution of about 36 km (Johnson et al. 2019).

Spatially, the data are aggregated at 0.5° resolution following a weighted average of the 
Q values within each coarse resolution grid cell (with weight proportional to the drainage 
area). Commonly, river network upscaling is performed by finding the fine-resolution cell 
with the maximum drainage area (Arora and Harrison 2007); here, this procedure is general-
ized by accounting for the fact that the pixel with the largest drainage area may not neces-
sarily be the only one characterizing the coarse resolution, although major rivers should 
have higher weight in the aggregation when compared to smaller tributaries. At the temporal 
level, data are aggregated into monthly values by taking a simple average of daily values. 
It is worth noting that there are no gaps in the simulated time series. Since drought indices 
are usually computed on multi-month accumulations (as described later in this section), the 
monthly aggregation does not affect the results.

The aggregated datasets are converted into standardized anomalies using the z-score 
approach in the reference period 1991–2020 (see also the “Pre-Processing” step in Fig. 1, 
where the standardization procedure is illustrated). This period corresponds to the standard 
climatological reference for normal (WMO, 2017), and it is used for both G-E and G-S. In 
the case of forecasts, we first computed the ensemble mean, i.e., the average of the forecast 
values of the ensemble members, and then performed the standardization as suggested by 
Thober et al. (2015).

The standardized quantities, namely Standardized Streamflow Index (SSI), are computed 
on three most used accumulation periods: a month, 3 months, and 6 months. This makes 
possible to capturing different stages of hydrological drought development, from short-term 
up to the next months ahead. In the case of G-S, the forecasts used are the ones initialized 
at the beginning of the accumulation period, always including the forecast data only. For 
instance, SSI-3 (3-month accumulation) for the month of January includes the river dis-
charge for January, February, and March from the forecast issued on January 1st. Even if the 
LISFLOOD model simulates Q across the entire quasi-global domain, data over some grid 
cells are not reliable for drought analyses due to the discharge being too low (often close 
to 0) most of the time. If we assume that droughts occur when the SSI is lower than −1, 
these conditions are unrealizable when µ − σ ≤ 0. Grid cells where this condition occurs on 
6-month accumulated Q, derived from the G-E dataset, for more than 3 months are masked 
in all the analyses we performed. The resulting static mask excluded approximately 23% 
of the previously valid grid cells, including most of the deserts (hot and cold), as well as 
regions with ephemeral rivers with predominant no-flow conditions.

2.3  Evaluation strategy

2.3.1  Assessment of seasonal forecast skill

The skill of the seasonal hydrological forecasts (G-S) is evaluated by using the standardized 
anomalies (SSI) derived from the G-E dataset as a reference. Using SSI removes the sea-
sonality of the data, making correlation a robust metric for evaluating forecast performance. 
Therefore, two main metrics are computed to quantify the skill: the Pearson correlation 
coefficient (r) and the Gilbert Skill (GS) Score (Jolliffe and Stephenson 2003; Wilks 2020) 
(see the “Skill Quantification” step in Fig. 1 for a schematic overview of the assessment 
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process). While r characterizes the correlation between the two standardized datasets over 
the full range of data, the GS quantifies the skill in reproducing extremes, here defined 
as negative anomalies below −0.67 (corresponding to the 25-th percentile in the standard 
normal distribution). Both metrics are computed on the ensemble mean of the G-S dataset.

Different temporal windows are considered in the analysis: full year (Y, January–
December); boreal summer (JJA, June–August), boreal winter (DJF, December–February), 
spring-boreal summer (MAM-JJA, March–August), autumn- boreal winter (SON-DJF, Sep-
tember–February). Hereafter, we will use the terms summer and winter with the implicit 
assumption they refer to the Northern Hemisphere.

The full year, here, translates in twelve SSI-1, -3, and -6. Summer is just one SSI-3 for 
the period JJA, and the equivalent for winter is a single SSI-3 for the period DJF. Concern-
ing spring–summer (MAM-JJA), there are four SSI-3 (generated in March, April, May, and 
June) and one SSI-6 (generated in March), the same holds true for autumn–winter (SON-
DJF), with four SSI-3 (generated in September, October, November, and December) and 
one SSI-6 (generated in September).

2.3.2  Analysis of persistence

Since initial conditions and persistence have proven to be key factors in the predictability of 
hydrological quantities, the forecast performance is compared against the results obtained 
by using the latest available reanalysis as antecedent condition (see the “Persistence” branch 
within the “Skill Quantification” step in Fig. 1). This analysis aims at assessing the added 
value of the forecast over the simplest approach based on persistence, assuming the latter 
being the best dataset easily available for decision makers in the absence of any forecast 
information. To this aim, we computed the same skill metrics used in the previous analyses 
(r and GS) but using the SSI-1 of the month preceding the forecast from the G-E dataset. For 
example, as for summer, the forecast skill for SSI-3JJA (June–August) computed between 
G-S and G-E is compared with the skill obtained using SSI-1May from G-E (which repre-
sents the latest available reanalysis data before the forecast period), and SSI-3JJA also from 
G-E (this last part remains the same in both cases).

2.3.3  Effect of inter-annual variability and seasonality

The results of the forecast skill analysis are evaluated as a function of the inter-annual vari-
ability in both the initial conditions and the meteorological forcings (see the “Interpretation 
of the Results” step in Fig.  1, which summarizes these relationships). In this study, the 
inter-annual standard deviation of soil moisture conditions (quantified by the Soil Wetness 
Index, SWI) in the last antecedent month is used as a proxy for the variability in the initial 
condition (e.g., σMay of SWI for summer, JJA), while the inter-annual standard deviation of 
ERA5 precipitation (P) during the forecast period is used to quantify the variability in the 
forcing (e.g., σJJA of P-3 for summer). Following Bierkens and Van Beek (2009) in their 
skill assessment of river discharge seasonal forecasts across Europe, higher inter-annual 
variability in the parameters used for the initial conditions and slow response of the system 
to changes in meteorological forcings are expected to have affect the skill. Therefore, a good 
representation of the initial conditions becomes important for the river discharge forecast in 
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the months ahead. Skill is also influenced by the inter-annual variability of precipitation, as 
lower values make forecasting easier and the skill higher.

Moreover, seasonality in the hydrological variables can also be a factor in the over-
all skill, especially in explaining differences observed between opposite periods (i.e., 
summer and winter). The intra-annual variability in river discharge is quantified as 
∆JJA−DJF = (µJJA−µDJF)/µY, where µJJAand µDJF are the average river discharge 
during summer and winter months, respectively, and µY is the average annual river dis-
charge during the study period. This quantity is positive when Q is higher during the sum-
mer months, negative when Q is higher during the winter months, and close to zero in areas 
with limited seasonality. ΔJJA-DJF is here used as a proxy variable of river seasonality to 
investigate the difference in forecast skill between seasons.

2.3.4  Ensemble spread

The SNR of the ensemble is evaluated to provide information about the reliability of the 
hydrological forecasts (see the “Signal-to-noise ratio (SNR)” branch within the “Skill Quan-
tification” step in Fig. 1). Although the ensemble mean is expected to be the best estimate 
of the future conditions, the SNR provides relevant information that can be used to assess 
the reliability of the forecast in near-real-time (Acosta-Navarro and Toreti, 2023), given that 
skill is usually estimated once and assuming it will not change over time. Following Acosta 

Navarro and Toreti (2023), SNR = |µe|
σe

, where |µe| is the absolute value of the ensem-
ble mean and σe is the ensemble standard deviation, computed across ensemble members 
for every summer (JJA), spring–summer (MAM-JJA), winter (DJF), and autumn–winter 
(SON-DJF) 3 and 6 months ahead for each year. To check the agreement of SNR with the 
skill metrics, the yearly SNR values were averaged over the study period from 1991 to 2022.

To better evaluate the role of SNR in providing relevant information to forecast reliabil-
ity, the density distribution histogram of the mean absolute difference (MAD) between the 
ensemble mean forecast and reanalysis |SSIxG−S − SSIxG−E | is computed for 3- and 
6-month time horizons across different periods, and compared with the SNR values for each 
corresponding date (and different thresholds of SNR). As the focus of this study is on the 
prediction of dry extremes, all these analyses were limited to dry conditions in the reanalysis 
(ERA5, defined as negative anomalies below −0.67).

3  Results

3.1  Assessment of hydrological drought seasonal forecast

Results on the estimated forecast skill across the quasi-global domain are first reported in 
terms of Pearson r. Overall, the forecasts of hydrological drought conditions are skillful 
when data for the full year are considered, with higher Pearson r, on average, for 1 (SSI-1) 
and 3 (SSI-3) and 6 (SSI-6) months forecasts (Fig. 2b–d). Results for the three accumulation 
periods are similar in terms of spatial patterns (Fig. 2a; refer to Fig. S1 in the supplementary 
material for the spatial patterns corresponding to SSI-1 and SSI-3). As expected, the forecast 
performance slightly deteriorates with the increased time horizon.
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To provide a concise representation of the forecast performance, a threshold r = 0.5 is 
chosen to distinguish skillful forecasts. For SSI-1, skill is found to be almost globally above 
the chosen threshold (99% of the cells ≥ 0.5). There is a tendency of decreasing skill at lon-
ger forecast range for both SSI-3 and SSI-6. However, skillful forecasts are still found for 
most of the domain (92% and 79% of the cells being ≥ 0.5, respectively).

The spatial patterns in GS resemble those observed for Pearson r, as exemplified by 
Fig. 3 for SSI-6 for the full year, with skillful forecast of extremes denoted by positive value. 
Overall, an average GS Score equal to 0.30 ± 0.15 is obtained for SSI-6 (see Fig. S2 in the 
supplementary material for the spatial patterns corresponding to SSI-1 and SSI-3). Due to 
the high similarity between the estimated r and GS, successive analyses will mostly focus 
on Pearson r, except where differences in the results are relevant.

Fig. 2  Analysis of predictability on the entire annual dataset using the Pearson r metric. a Spatial distribu-
tion of the ensemble-mean Pearson r for a temporal horizon of 6 months (SSI-6) for the full year. Lower 
panel: the histograms show the mean (red line), µ, standard deviation, σ, and the percentage of cells with 
significant r values for b SSI-1, c SSI-3, and d SSI-6. As no negative correlation values have been esti-
mated, the Pearson r is here shown from 0 to 1
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3.2  Seasonality in hydrological drought forecast skill

Predictability is neither stationary in space nor in time, thus, additional analysis to evaluate 
the skill in each season is needed to get a better overview. Figure 4 (panels a and b) shows 
the estimated skill for SSI-3 in summer (JJA) and winter (DJF), respectively, while Fig. 4c 
shows the difference in skill between the two seasons (JJA – DJF). These results highlight 
a concentration of positive values (higher skill in JJA) in the Southern Hemisphere, Europe 
and the Middle East, and some regions of North America. Negative values, i.e. higher skill 
in DJF, are mostly estimated over the Asian continent and around the Sahel in Africa. This 
difference can be partially related to river discharge seasonality ΔJJA-DJF. Indeed, we found 
that overall, the skill is higher when the average river discharge is lower (Fig. 4d). This 
dependency is stronger for summer–winter (JJA-DJF) than for spring–summer and autumn–
winter (MAM-JJA – SON-DJF) (see Figs. S3 and S4 in the supplementary material for 
SSI-3 and SSI-6 in spring–summer, MAM-JJA, and autumn–winter, SON-DJF).

Fig. 3  Analysis of predictability on the entire annual dataset using the Gilbert Skill (GS) Score. a Spatial 
distribution of the ensemble-mean GS for a temporal horizon of 6 months (SSI-6) for the full year. Lower 
panel: the histograms show the mean (red line), µ, standard deviation, σ, and the percentage of cells with 
significant GS values for b SSI-1, c SSI-3, and d SSI-6. As no negative values have been estimated, the 
GS is here shown from 0 to 1
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3.3  Forecast skill over persistence

Figure 5 shows the added value of forecast over persistence expressed as skill difference 
(rforecast − rpersistence) averaged on 10º latitude bands for the three studied time horizons 
(1-, 3-, and 6-months ahead). Overall, the seasonal forecast outperforms the trivial forecast 
based on persistence in all cases (i.e., positive differences). There are similar patterns in the 
added value across the domain for the three accumulation periods, with larger positive dif-
ferences at higher latitudes for SSI-6 during the autumn–winter (SON-DJF) season (Fig. 5a-
c). Generally, there is a marked North–South difference in spring–summer (MAM-JJA), 
with an added forecast value up to 0.5 in the northernmost latitudes for SSI-3 and SSI-6 
(Fig. 5d–f). However, particularly around the Tropic of Cancer, the added value is limited 
for both SSI-3 and SSI-6 in MAM-JJA (Fig. 5e, f; see Fig. S5 in the supplementary material 
for winter (DJF) and summer (JJA)). The reader is referred to Figs. S6 and S7, in the supple-
mentary material, for the spatial patterns of the difference between rforecast and rpersistence in 
all the studied seasons and time horizons.

3.4  Main drivers of hydrological drought forecast predictability

To better understand the main drivers of hydrological drought predictability, apart from the 
river discharge seasonality previously reported, we investigate two potential sources: the 
initial conditions and the meteorological forcing (Figs. 6 and 7, respectively). Except for 
SSI-3 in winter (DJF), the results reveal a dependency of the estimated Pearson r on the 
inter-annual variability of initial conditions, with a slight tendency of increasing mean skill 
associated with higher standard deviation of the SWI, albeit a large spread is observed in 
these results.

Fig. 4  Spatial distribution of the Pearson r for a temporal horizon of 3 months (SSI-3) at: a June–August 
(JJA) and b December-February (DJF). Panel c shows the differences in r between the two seasons (a, 
b), while panel d reports the boxplot of the seasonal forecast skill differences SSI-3 (a-b) as a function 
of river discharge seasonality, ΔJJA – DJF. The lower and upper ends of the box represent the first and third 
quartiles, respectively, and the whiskers extend to the most extreme value within 1.5 IQR (interquartile 
range)
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Conversely, the results point toward an inverse relationship of the forecast skill with the 
inter-annual standard deviation of the precipitation during the forecast period, as a clear ten-
dency to decreasing mean skill with increasing precipitation variability is observed in winter 
(DJF) and autumn–winter (SON-DJF) for both SSI-3 and SSI-6 (Fig. 7a–c). This behavior 
is not observed in spring–summer (MAM-JJA) for SSI 3 and 6 (Fig. 7e–f), pointing to a 
different response to precipitation variability in spring.

3.5  Relationship between signal-to-noise ratio and forecast skill

Figure 8 (a and d) shows the spatial patterns of the time-averaged SNR for summer (JJA) 
and winter (DJF), as well as the corresponding scatterplots of the relationship of SNR with 
the Pearson r (Fig. 8 b and e) and GS (Fig. 8 c and f). Overall, there is a positive relationship 
between both skill metrics and SNR, with the spatial patterns of the SNR closely resembling 
those of the Pearson r (Fig. 4a and b). However, there are regions showing large differences 
between the two metrics, e.g., in Northern and Eastern Canada or Russia in summer (JJA). 

Fig. 5  Average difference in Person r between forecast and persistence at 10º latitude bands, in autumn–
winter (SON-DJF) for a SSI-1, b SSI-3, c SSI-6, and in spring–summer (MAM-JJA) for d SSI-1, e SSI-3, 
f SSI-6. We set the subdivision of the World around the Tropics, with North defined from 90° to 25°, 
South from −25° to −60°, and Centre roughly as the Tropics from 25° to −25°. These regions follow the 
GloFAS v.4.0 model coverage from 90ºN up to 60ºS
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In winter (DJF), some of these regions are in the East of the US, the Amazon basin, and the 
East and South of China.

These discrepancies are also exemplified by the large scatter in the boxplot around the 
mean behavior. Indeed, in both the relationships between Pearson r (SSI-3r) and GS (SSI-
3GS) with SNR (Fig. 8b and -c for summer, JJA; Fig. 8e and -f for winter, DJF) the boxplot 
are characterized by a large variability, which is only limited for SSI-3r at high SNR values 
(see Figs. S8 and S9 in the supplementary material for the other seasons and time horizon). 
This result is associated with an average Pearson r that tends to saturate at higher SNR val-
ues, introducing a nonlinearity in the relationship. In contrast, the relationships between GS 
and SNR are more linear, but also characterized by a greater variability, as indicated by the 
larger interquartile ranges and whiskers, particularly at SNR values > 2.

From the results shown in Fig. 8, it is possible to deduce a potential strategy for char-
acterizing the reliability of the hydrological drought forecast in near real time using SNR. 
Normally, higher average skill hydrological drought forecasts are associated with SNR > 2 

Fig. 6  Boxplot of Skill (Pearson r) for a winter (DJF) SSI-3, b autumn–winter (SON-DJF) SSI-3, and c 
SSI-6, for d summer (JJA) SSI-3, and e spring–summer (MAM-JJA) SSI-3, and f SSI-6 for inter-annual 
variability of the previous month Soil Wetness Index (σMM SWI). The range of Pearson r is here set as 0–1 
since no negative correlation values have been estimated. Boxplot colors are used solely to distinguish 
the season under study
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compared to the values observed for SNR ≤ 2. Additionally, variability in forecast skill 
appears to be higher for low SNR values. The threshold SNR = 2 roughly corresponds to the 
value where the elbow in Fig. 8b and e is located.

Plots in Fig. 9 show the frequency distribution of MAD values between the forecast and 
the reanalysis of dry extremes (SSI < -0.67) for different classes of SNR: low (< 2) and high 
(> 2). Results indicate that, on average, smaller average differences are observed for high 
SNR values (> 2) compared to low SNR values (< 2). Additionally, the results are less spread 
around the mean for SNR > 2 compared to the low SNR case, where the frequency distribu-
tion is rather flat. This difference is particularly true for SSI-3 DJF (Fig. 9b).

4  Discussion

This study provides an overall assessment of the skill of CEMS seasonal forecast of river 
discharge for the detection of hydrological droughts at three accumulation periods (1, 3, 
and 6 months) globally. Our results show generally high skill in predicting hydrological 
drought conditions in terms of correlation between the esemble mean forecast forced by 

Fig. 7  Boxplot of Skill (Pearson r) for a winter (DJF) SSI-3, b autumn–winter (SON-DJF) SSI-3, and 
c SSI-6, for d summer (JJA) SSI-3, and e spring–summer (MAM-JJA) SSI-3, and f SSI-6 for the inter-
annual variability of the precipitation during the forecast period (σseason Px). The range of Pearson r is 
here set as 0–1 since no negative correlation values have been estimated. Boxplot colors are used solely 
to distinguish the season under study
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SEAS5 model and the ERA5 reanalysis, well beyond what is commonly obtained on meteo-
rological droughts (e.g., Lavaysse et al. 2015). This result is in general agreement with 
the conclusions of previous studies performed at the European scale, e.g., by Sutanto et 
al. (2020). Higher forecast skill is generally found in northwest Northern America and the 
southernmost areas of South America (e.g., Paraná River Basin), the Congo River Basin in 
Central Africa, some regions in Northern and Eastern Europe, and Eastern Asia (Fig. 2a). 
Overall, good streamflow forecast skill in Europe was observed over the entire domain by 
Pechlivanidis et al. (2020) at lead time 0, although with geographical and seasonal variabil-
ity. In contrast, East of the US, Western Africa, Southern and Central Europe, India, North 
Korea, and the Republic of Korea and Japan show lower skill at the 6-month time scale 

Fig. 9  Density histograms of the Mean absolute difference (MAD) between ensemble mean forecast and 
reanalysis for SSI-3, a summer, JJA, and b winter, DJF, and SSI-6, c spring–summer, MAM-JJA, and d 
autumn–winter, SON-DJF for SNR > 2 (in purple) and SNR < 2 (in light orange)

 

Fig. 8  Time-averaged SNR, and scatterplots of the relation between the Pearson r (SSI-3r) and SNR and 
the Gilbert Skill Score (SSI-3GS) and SNR for a–c summer (JJA) and d–f winter (DJF). Pearson r ranges 
from −1 to 1, and GS ranges from −1/3 to 1. Similarly to the other figures, as no negative values were 
estimated, the ranges are set to 0–1
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(Fig. 2a). In general, beyond 3 months the forecast skill declines as also observed in Lee et 
al. (2024), especially during wet years, across catchments in the Republic of Korea.

We also find different skill patterns depending on the season. A sharp contrast exists, 
for example, in India and Eastern Asia, with significant skill in winter (DJF), when river 
discharge appears predictable for up to three months, and low to no skill for summer (JJA). 
Chevuturi et al. (2021) also pointed out the overall underestimation of the Indian Summer 
Monsoon rainfall over the Indian subcontinent in, but not limited to, the ECMWF SEAS5 
forecasting system. Still, they found that SEAS5 has good skill at predicting large-scale 
monsoon features, but it has less skill for smaller-scale indices. Another area exhibiting 
important differences is the Amazon basin, which, in contrast, has higher skill in JJA than 
DJF. Over Europe, our results pointing to higher predictability in spring and summer are in 
agreement with Pechlivanidis et al. (2020). The improved forecast capability on drought 
events during low average river discharge values can have important practical conse-
quences. Usually, droughts are more impactful during climatologically lower (on average) 
phases of river discharge, as the general lack of water is further exacerbated by the drought. 
In this context, the observed differences in skill across seasons are encouraging for opera-
tional applications, as the drought conditions occurring during the seasons with low average 
river discharge seem to be better predicted.

The comparison of the forecast performance against the trivial forecast using the last 
previously available reanalysis data explores the potential added value of the hydrological 
drought seasonal forecast compared to a system based only on monitoring. The accuracy 
of the seasonal forecast outperforms persistence over most of the study domain with an 
outbreak for 3 and 6 months ahead for Northern latitudes (over 50° N) in spring–summer 
(MAM-JJA) (Fig. 5d–f). As noticed by Yossef et al. (2013) in this season, even for a month 
accumulation period, the predictability of the forecast is dominated by the meteorological 
forcings, coinciding with the snow and ice melting process. Nevertheless, there are areas 
where the added value is less marked, such as those in the Tropical region for SSI-3 and 
SSI-6 in MAM-JJA.

The quality of the seasonal river discharge forecast depends on the correct estimation 
of the initial conditions and on the quality of meteorological forcings predictions. Results 
here show that if the initial conditions have a lower inter-annual variability, higher forecast 
skill is mostly driven by how well the meteorological forcings are forecasted (and less on 
the initial conditions) (e.g., Fig. 6a). The results show that getting the initial conditions right 
can enhance the hydrological drought forecast skill, although mean differences remain lim-
ited compared to data spread and additional investigation is needed to confirm the pattern. 
Across different scales, studies such as Wood and Lettenmaier (2008), Yossef et al. (2013) 
and Greuell and Hutjes (2023) found that the relative importance of one or another driver 
changes seasonally and with lead time, highlighting the need to target the dominant source 
of uncertainty, either through improved initial condition estimates, by data assimilation of 
satellite and/or micro-sensor data, or improved weather forecasts.

The SNR is evaluated to globally complement the analysis of predictability. Overall, 
ensemble-mean forecast skill increases with higher SNR values in both summer (JJA) and 
winter (DJF) (Fig. 8b and e), highlighting SNR as a valuable intrinsic measure of predict-
ability for hydrological drought forecasts. These results are consistent with Acosta Navarro 
and Toreti (2023), who pointed out the relevance of years with extreme SNR values on 
obtained skillful summer (JJA) air temperature and precipitation forecasts. They also iden-
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tified several cases in the Northern Hemisphere where low SNR corresponds to minimal 
anomaly differences, particularly in regions lacking predictive skill. Additionally, Doi et al. 
(2022) highlighted the importance of sampling years with the highest SNR for improving 
forecast accuracy. Communicating near real-time forecast reliability is critical to addressing 
user-relevant needs and, consistently with current best practices of operational verification, 
supports transparency and enhances trust. In addition, routinely monitoring forecast per-
formance and alerting stakeholders when it deteriorates is fundamental to maintaining that 
confidence (Pagano et al. 2025).

Notwithstanding, our results also show a clear distinction in the frequency of absolute 
difference between ensemble-mean forecasts and reanalysis according to the SNR, support-
ing the common understanding that high-coherent ensembles (high SNR) tend to be more 
skillful. Since the availability of skillful hydrological drought forecasts is of utmost impor-
tance for stakeholders' early decision-making, further work on ensemble member selection 
may enhance ensemble coherence, impacting forecast predictability.

5  Summary and conclusions

Drought is considered one of the most extreme natural hazards. Prolonged meteorological 
drought conditions propagate into agricultural and hydrological droughts, which are the 
levels at which damages are observed and reported. It follows that the availability of hydro-
logical drought forecasts represents an opportunity to develop early warning systems and 
contingency plans based on a proactive approach. Herein, we assessed the use of seasonal 
river discharge forecasts from CEMS GloFAS to predict hydrological drought conditions. 
We found that the predictability of the SSI for the period 1991–2022 remains high even at 
the 6-month time horizon (average Pearson r > 0.6), even if it understandably drops com-
pared to a month time horizon (Pearson r = 0.81 ± 0.11). It is worth noting that the skill is 
evaluated against a reanalysis (ERA5), so further analyses using observations may be use-
ful. Despite this limitation, results are promising, characterized by clear spatial patterns, 
with some regions (e.g., the Congo River Basin or Southern South America) retaining good 
skill even at a 6-month forecast horizon (Pearson r > 0.8). The spatiotemporal dependence of 
skill becomes apparent when results are compared to river seasonality, as we found higher 
skill with lower average river discharge. In addition, a key role of the inter-annual variabil-
ity in initial conditions and meteorological forcings on forecast skill is observed, with the 
former impacting especially summer (JJA) and spring–summer (MAM-JJA) forecasts and 
the latter influencing winter (DJF) and autumn–winter (SON-DJF) forecasts.

In the framework of an operational implementation of a drought forecast system based 
on SSI, the results show a net overall improvement over the latest available reanalysis data, 
suggesting added value in support of decision making. This is especially true in Northern 
latitudes during MAM-JJA and for 3 and 6 months ahead, as the memory effect is limited. 
Finally, auxiliary information on the reliability of the forecast can be inferred directly from 
measurements of ensemble spread, such as the SNR. The obtained results recommend the 
inclusion of this quantity, alongside the ensemble-mean, to highlight forecasts characterized 
by high reliability (SNR > 2 in this study).

Supplementary Information  The online version contains supplementary material available at ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​
/​1​0​.​1​0​0​7​/​s​1​1​0​6​9​-​0​2​5​-​0​7​7​5​1​-​w​​​​​.​​
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