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ABSTRACT
The Global Flood Awareness System (GloFAS) is a preoperational suite performing daily streamflow simulations to detect severe floods in large river basins. GloFAS defines the severity of a flood event with respect to
thresholds estimated based on model-simulated streamflow climatology. Hence, determining accurate and
consistent critical thresholds is important for its skillful flood forecasting. In this work, streamflow climatologies
derived from two global meteorological inputs were compared, and their impacts on global flood forecasting
were assessed. The first climatology is based on precipitation-corrected reanalysis data (ERA-Interim), which is
currently used in the operational GloFAS forecast, while the second is derived from reforecasts that are routinely produced using the latest weather model. The results of the comparison indicate that 1) flood thresholds
derived from the two datasets have substantial dissimilarities with varying characteristics across different regions of the globe; 2) the differences in the thresholds have a spatially variable impact on the severity classification of a flood; and 3) ERA-Interim produced lower flood threshold exceedance probabilities (and flood
detection rates) than the reforecast for several large rivers at short forecast lead times, where the uncertainty in
the meteorological forecast is smaller. Overall, it was found that the use of reforecasts, instead of ERA-Interim,
marginally improved the flood detection skill of GloFAS forecasts.

1. Introduction
Flood, which knows no political, economic, or social
boundaries, is one of the world’s deadliest and costliest
natural disasters. Since the beginning of the twentieth
century, almost 5000 major hydrological disasters are
known to have occurred worldwide, affecting a total of
over 3.5 billion people, claiming more than 7 million lives,
and causing estimated economic damages of USD $650
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billion (CRED 2014). Flood-related disasters alone are
responsible for 51% of the total people affected, 22% of
the total deaths, and 24% of the total economic damages
caused by all major natural disasters combined.
Wide-ranging global efforts (UNISDR 2015; Ward
et al. 2015) have been aimed at reducing flood damages
by increasing flood-risk awareness. The Global Flood
Partnership (GFP; De Groeve et al. 2015) has recently
been launched with the vision of bringing together the
scientific community, end users, and decision-makers for
the common goal of improving flood-risk management
and reducing the impact of floods. The partnership
promotes the integration of available flood forecasting,
detection, and mapping tools and facilitates the provision of timely flood-related information to relevant
end users and disaster-response organizations. These
scientific tools play a key role in flood damage reduction.
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Flood detection and recording systems such as the
Dartmouth Flood Observatory (DFO; Brakenridge
2014) and the Global Disaster Alert and Coordination
System (GDACS 2014; De Groeve and Riva 2009)
collect, archive, and share real-time and historical flood
information. These comprehensive flood-record databases with common data standards for recording warnings, events, and impacts will ensure that flood-risk
research and applications have sufficient data available
to study flood disasters. Near-real-time flood monitoring
systems using a combination of satellite-based precipitation estimates and hydrologic models (e.g., Wu
et al. 2014) provide real-time flood detection and shortterm flood prediction mechanisms. Flood inundation
mapping tools (e.g., Schumann et al. 2014) are useful for
delineating vulnerable areas that are under flood risk.
Flood forecasting and early warning systems (e.g.,
Alfieri et al. 2013; Pappenberger and Brown 2013;
Pappenberger et al. 2013; Dale et al. 2014) allow for
prediction of a flood disaster beforehand and preparation days or weeks before it strikes (Pagano et al. 2014).
Flood early warning systems play a major role in saving
lives and reducing economic damages (Jha et al. 2012).
Recent studies show that early warning systems bring
substantial financial benefits (Sampson et al. 2014;
Pappenberger et al. 2014). There are a number of probabilistic flood forecasting and early warning systems at national and continental scales (see Cloke and Pappenberger
2009; Pappenberger et al. 2015). Examples of continentalscale hydrologic ensemble prediction systems are the European Flood Awareness System (EFAS; Thielen et al.
2009; Bartholmes et al. 2009) and the African Flood
Forecasting System (AFFS; Thiemig et al. 2014).
At the global scale, however, there are only a few hydrological and flood-risk assessment modeling (e.g., Kim
et al. 2009; Decharme et al. 2012; Pappenberger et al.
2012; Yamazaki et al. 2013; Winsemius et al. 2013) and
operational flood forecasting systems. The Global Flood
Awareness System (GloFAS; Alfieri et al. 2013) has been
producing ensemble streamflow forecasts for major
global rivers since its launch in July 2011. On a daily basis,
GloFAS also produces forecasts for probability of
streamflow exceeding critical thresholds corresponding to
medium, high, and severe flood levels. The flood levels are
expressed in terms of return levels based on streamflow
climatology derived from long-term model simulation.
Simulated streamflow is used for the derivation of the
return levels primarily because of the limited availability
of discharge observation in most parts of the world.
Several factors could have an effect on the forecast
skill of GloFAS, including errors in the meteorological
forecasts, sparse observational network for meteorological and hydrological variables, uncertainty in the
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hydrologic model and initial conditions, human-made
influences in the river basins, information on the local
flood vulnerability, and the uncertainty in reference
climatology (Zsoter et al. 2014) used for threshold calculation. The last factor has been evaluated in the context of flood-level forecasting and is the subject of the
current work, while investigating the possible impacts of
the remaining sources of uncertainty (Wood and
Lettenmaier 2008) is beyond the scope of this study.
It is important that the characteristics of the reference
climatology are fully understood since it dictates the
process of determining the occurrence and severity of a
flood event. If, for example, the reference threshold is
set too low compared to what the operational forecast
produces, there will be a high frequency of false alarms
produced. Conversely, if the threshold is set too high,
the flood detection rate will be too low and thus the
forecast will miss large floods. In this work, we evaluate
the impact of the meteorological dataset underlying the
reference discharge climatology on GloFAS forecast
skill using two inputs produced at the European Centre
for Medium-Range Weather Forecasts (ECMWF) using
different versions of the Integrated Forecast System
(IFS). The first one is ERA-Interim (Dee et al. 2011),
which is an atmospheric reanalysis dataset with precipitation bias corrected using Global Precipitation
Climatology Project (GPCP) data (Balsamo et al. 2015).
The GPCP-corrected ERA-Interim represents a longterm global atmospheric dataset that is the closest to
reality as possible. The second is the ECMWF reforecast
dataset, which is continuously produced using the latest
version of the operational forecast model. The reforecast datasets are more consistent with operational
weather forecasts, which could make them more suitable to reproduce statistical extreme values that are
consistent with predicted discharge extremes.
The objective of this study is to assess the effect of the
reference climatology on the skill of GloFAS flood occurrence probability. The remainder of the paper is organized as follows. The methods and data, including the
hydrologic modeling, reference climatology, and the data
used for evaluation of the flood forecast are presented in
section 2. The evaluation methods are described in section 3. In section 4, results and a discussion are presented,
and conclusions are summarized in section 5.

2. Methodology and data
A schematic of the methodology used in this study is
shown in Fig. 1. There are two main outputs from the
GloFAS operational system on daily time steps: ensemble streamflow forecasts and flood exceedance probabilities. The exceedance probabilities are estimated based
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FIG. 1. Schematics of the study design.

on whether or not the forecasted streamflow exceeds critical
flood thresholds that are derived from historical streamflow
climatology. A common hydrological model setup was used
to produce the ensemble streamflow forecast and the
streamflow climatology. In this study, we compare two
streamflow climatologies derived from ERA-Interim and
reforecast meteorological forcings. The following sections
describe the details of the global streamflow forecasting
system, the procedure to estimate the streamflow climatology, and the data used (see also Table 1 for a summary).

a. Global hydrological forecasting
As described in Alfieri et al. (2013), GloFAS
employs a cascade of a hydrological and routing model.
The first is a land surface scheme of the ECMWF’s IFS
used for calculating the surface and subsurface runoff,
while the second is used for routing the simulated runoff
through the river network.

1) H-TESSEL FOR HYDROLOGICAL MODELING
The precipitation (and snowmelt) reaching the land
surface is partitioned between surface evaporation,
vegetation root extraction, surface and subsurface runoff, and free drainage to the groundwater. In GloFAS,

this grid-based partitioning process is modeled using the
land surface scheme of the ECMWF’s IFS, referred to as
Hydrology Tiled ECMWF Scheme for Surface Exchanges over Land (H-TESSEL; Balsamo et al. 2009;
Dutra et al. 2010). H-TESSEL performs the energy and
water balance calculations at each pixel of gridded land
and water surfaces. Each land surface grid is represented
with six tiles depending on the type and the degree of
land cover (bare land, low or high vegetation, shaded or
exposed snow, or intercepted water), and each water
surface grid is denoted with two tiles for open or frozen
water. The physical characteristics of each grid box are
parameterized using global datasets. The land surface
vegetation characteristics, such as vegetation type and
area fraction, are derived from the climate database
based on Global Land Cover Characterization (GLCC)
data (Loveland et al. 2000). Spatially variable soil texture classes are used for determining the soil hydraulic
properties and the subsequently calculated surface
runoff varies based on the soil texture. The global soil
texture classes are obtained from the Food and Agricultural Organization of the United Nations (FAO 2003).
Subsurface water flows are determined by Darcy’s law,
and the vertical water fluxes are modeled using a representation of four soil layers covered with one layer of
snow (Dutra et al. 2010). The surface and subsurface
runoff at variable spatial resolutions (i.e., 32–79 km depending on the IFS model) are the final outputs from the
H-TESSEL used for streamflow modeling.

2) LISFLOOD FOR FLOW ROUTING
A simplified version of LISFLOOD (Van Der Knijff
et al. 2010; Burek et al. 2013) is used for routing the
surface and subsurface runoff produced by H-TESSEL
[see section 2a(1)]. LISFLOOD is a two-soil-layer distributed rainfall–runoff model used for flood forecasting
and water resources modeling. Besides its standalone
capability to model the complete surface and subsurface
hydrological processes as used in EFAS (e.g., Thielen

TABLE 1. Summary of the hydrologic models and meteorological inputs used for the calculation of the flood thresholds and operational
forecasts. A common hydrological model setup was used for all simulations.
Threshold calculation
ERA-Interim

Reforecast

Operational forecast

Meteorological forcing

ERA-Interim (deterministic)
Resolution: ;79 km, daily

Reforecast (deterministic)
Resolution: ;32 km, daily

Hydrologic model used

H-TESSEL coupled with
LISFLOOD
Estimated return levels
to get flood thresholds
at 0.18 grids

H-TESSEL coupled with
LISFLOOD
Estimated return levels
to get flood thresholds
at 0.18 grids

ENS with 51 members
Resolution: ;32 km for
1–10-day lead, daily
H-TESSEL coupled
with LISFLOOD
Output: Streamflow at
0.18 grids and daily
time steps
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et al. 2009; Bartholmes et al. 2009) and AFFS (Thiemig
et al. 2014), LISFLOOD can also provide an offline
channel flow routing module that can be coupled with
other land surface models. In the GloFAS setup, a onedimensional LISFLOOD channel routing module is
used for estimating the groundwater storages and for
routing the surface and subsurface runoffs along river
channels. The routing scheme uses a four-point implicit
finite difference solution of the kinematic wave equation
(Chow et al. 1988). It assumes rectangular-shaped
channel cross sections and calculates channel flow velocity at each of the 0.18 3 0.18 grid points of the global
setup using Manning’s equation. The variables needed to
apply Manning’s equation (such as river network and river
width) are obtained from global databases. In this work,
the river network map, the global flow direction map, the
upstream area, and the flow length at 0.18 3 0.18 resolution were obtained from the global river network database
(Wu et al. 2012). The Manning’s roughness coefficients
were approximated to values ranging from a minimum of
0.025 for large lowland rivers to a maximum of 0.07 for
small mountainous streams (McCuen 2004). The channel
gradient between adjacent grids on the river network was
estimated using the flow length and the change in elevation between the respective grids. The river widths were
obtained from the Global Width Database for Large
Rivers (GWD-LR; Yamazaki et al. 2014). The GWD-LR
was calculated from a water body mask obtained mainly
from Shuttle Radar Topography Mission (SRTM) water
body data and flow direction datasets derived from Hydrological Data and Maps Based on Shuttle Elevation
Derivatives at Multiple Scales (HydroSHEDS; Yamazaki
et al. 2014; NASA/NGA 2003; Lehner et al. 2008). The
bankfull water depth was empirically estimated from
long-term average discharge and other parameters (described above) by applying Manning’s equation. For
simplicity, for all simulations in this study, the large lakes
and reservoir modules are not included in the hydrologic
model. Moreover, other parameters of the routing model
such as time constants for water in the upper and lower
zones and maximum rate of percolation from upper to
lower zone were set to constant values, though no specific
calibration was performed to fine-tune output discharge
values. While this may have an effect on the overall (absolute) forecast skill, it is not expected to affect the relative skill scores since the same model setup is used for the
streamflow forecast and the climatology simulations.

3) METEOROLOGICAL FORCING FOR
OPERATIONAL FLOOD FORECASTS

The meteorological variables used as input to the
hydrologic models were obtained from the Ensemble
Prediction System (ENS) of the ECMWF. The ENS,
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FIG. 2. Time window considered for the calculation of flood
thresholds and for the forecast evaluation.

produced with the most recent IFS update (ECMWF
2015) at the time, is a 51-member ensemble of global
forecasts generated twice per day (at 0000 and 1200 UTC)
at a horizontal resolution of ;32 km for 1–10-day lead
times and at a coarser resolution (;65 km) for 11–15-day
lead times. In this work, we used the first 10-day lead
forecasts initialized once per day at 0000 UTC to
produce a daily ensemble streamflow forecast for a total
period of 44 months (from January 2011 to August 2014;
see Fig. 2).

4) INITIAL CONDITIONS FOR THE ROUTING MODEL
The initial states of the LISFLOOD routing model for
the first day (i.e., 1 January 2011) were produced using a
long-term run (starting on 1 January 1980) using ERAInterim meteorological forcing. Then for the subsequent
days, model initial conditions were extracted from the
simulations with the ENS control run as an input. This
means that all members of the 51-ensemble model
simulation started from common initial conditions on
every first day of the 10-day forecast window, and thus,
the differences that arise in the 1–10-day lead forecast
among the streamflow ensemble members are due to the
spread in the ensemble meteorological forecasts. This
approach is analogous to the operational GloFAS
(www.globalfloods.eu), while the only difference is that
in the operational mode a higher-resolution deterministic forecast (HRES) is used for the generation of
the initial conditions of the routing model, instead of the
ENS control run used in this study.

b. Streamflow climatology
To determine the occurrence and severity of a flood
event, the common practice is to express the forecasted
hydrographs in terms of whether they exceed certain
critical thresholds (e.g., Reed et al. 2007; Thielen et al.
2009). In GloFAS, thresholds corresponding to medium,
high, and severe floods are expressed as 2-, 5-, and 20-yr
return levels, respectively. The impact of the differentmagnitude floods is not currently accounted for in the
GloFAS as, for example, a 5-yr flood can cause a catastrophic effect in vulnerable areas with no flood protection levels, while the same magnitude may not have
considerable impact in other areas where flood vulnerability or exposure is low.
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The return levels for each 0.18 3 0.18 model grid are
estimated from the streamflow climatology based on
model simulations using long-term meteorological
forcing. The return levels were computed by fitting
Gumbel extreme value distribution (Gumbel 1941) to
the annual maxima of the daily flows over the period
1995–2010 (see Fig. 2). The two-parameter Gumbel
distribution is shown to produce a comparable (in some
cases better) estimate of extreme discharge compared
to a three-parameter Generalized Extreme Value
(GEV) distribution (Dankers and Feyen 2008). The
cumulative distribution function (CDF) of the Gumbel
distribution is expressed as
2Z )

CDF 5 e2(e

,

(1)

where Z 5 (Q 2 m)/b is a dimensionless constant, Q is
discharge (m3 s21), m is a location parameter equal to a
discharge value corresponding to the peak of the probability distribution function (PDF), and b is a scale parameter that determines the shape of the PDF.
The procedure described above was used to estimate
flood warning thresholds for the two sets of streamflow
climatologies derived from ERA-Interim and reforecast. One may note that the GPCP-corrected ERAInterim represents an attempt to produce a long-term
global atmospheric dataset that is as close to reality as
possible. The atmospheric reforecast represents a longterm dataset that is more consistent with the operational
forecasts, meaning that it is more suitable to reproduce
statistical extremes consistent with discharge extremes
produced by the operational forecast.

1) THRESHOLDS FROM ERA-INTERIM
The first sets of flood thresholds were estimated using
ERA-Interim near-surface meteorological fields as input to the hydrologic models. The initial conditions for
the routing model were extracted from a long-term run
(more than 15 years starting in 1980) using the ERAInterim forcing. The ERA-Interim is a global atmospheric reanalysis dataset produced based on the 2006
version of the ECMWF IFS (Berrisford et al. 2009; Dee
et al. 2011). It was produced at a reduced Gaussian grid
of approximately 79-km uniform horizontal resolution.
The ERA-Interim precipitation was bias corrected to
match the monthly averages from GPCP, which is a
globally merged precipitation product from satellite and
gauge observations (Huffman et al. 2009; Balsamo
et al. 2015).

2) THRESHOLDS FROM REFORECAST
The second set of thresholds was calculated using the
unperturbed (control) run of the reforecast dataset,

which is generated based on a retrospective run of the
most recent version of the IFS model at the run time (see
ECMWF 2015). At the ECMWF, the IFS model is run
once per week to generate ensemble meteorological
reforecasts for the same weekday of the five surrounding
weeks in the past 20 years. The purpose of the model
rerun is to make the datasets consistent with the updated
operational weather forecasts. However, it should be
noted that if there is a frequent model upgrade, there
could be a possibility of having nonhomogeneous datasets
produced by different model versions. Since the reforecast
is run only once per week, it was necessary to reconstruct
the forecasts from multiple lead times to obtain a continuous time series needed to run the LISFLOOD model and
then estimate flood threshold maps. The effect of the
mixed forecast lead times (1–7-day lead) on the skill of
simulated discharge was found to be not significant when
evaluated against in situ measurements for several global
discharge measurement stations. Alfieri et al. (2014)
showed that such an approach based on a reforecast
dataset leads to estimates of flood thresholds consistent
with operational forecasts.
Compared to the ERA-Interim, the reforecast has a
higher spatial resolution (;32 km) and is produced with
the latest version of the IFS model (ECMWF 2015),
which makes it more similar to the operational forecast.
An additional difference is that there is no bias correction applied to the reforecast precipitation, while the
ERA-Interim precipitation was bias corrected using
GPCP. The initial conditions for the routing model were
obtained from a long-term run using ERA-Interim
meteorological inputs.

c. Data
1) DISCHARGE MEASUREMENTS
Daily discharge measurements for several stations
from different continents were used for the assessment
of the extreme value distribution used for estimating the
flood return levels and the skill of the exceedance
probability forecast. A total of 375 stations with continuous daily records during the 1995–2010 period were
obtained from the Global Runoff Data Centre
(GRDC). The global distribution of the stations is,
however, not homogenous, with no continuous daily
discharge data for South America and Asia, only two for
Africa, four for Australia, 10 representing Europe, and
the remaining coming from North America.

2) GLOBAL FLOOD RECORDS
Flood events from the DFO (Brakenridge 2014) were
also used for evaluating the skill of the GloFAS forecast.
The DFO database provides a list of major global flood
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events with start and end dates, estimates of the affected
areas, approximate centroids of the affected areas, and
related information extracted from various news reports.
A total of 102 global events were selected from the list
based on three criteria: 1) the start and end dates of the
flood event lie within the study period (between January
2011 and August 2014), 2) the flood event is also recorded
in the Emergency Events Database (EM-DAT; CRED
2014), and 3) flash flood events are excluded from the list.
After the selection was made, for each event a flood point
(a single model pixel) on a river channel was manually
determined based on the centroid of the affected area and
other geographical information extracted from news reports included in the DFO database.
The ensemble streamflow forecast from the GloFAS
is extracted at all model grids (0.18) containing the 102
flood points worldwide for a period between the start
and end of the flooding. Then, using the flood thresholds
computed from the ERA-Interim and reforecasts, exceedance probabilities are calculated at each location
for all days during the duration of the flood, using the
two sets of three maps with constant levels associated
with the 2-, 5-, and 20-yr flood. The maximum exceedance probability during the duration of the flood is used
to assess the flood detection skill.

median of the ensemble streamflow forecast exceeded
the thresholds from ERA-Interim and reforecasts were
compared. The percentage difference was computed as
difference in flood days


Nreforecast 2 NERA-Interim
(100%),
5
NERA-Interim

BS 5

1
T

T

å (PF 2 PO )2 ,

where PF is the probability of the forecast exceeding a
reference threshold (e.g., ERA-Interim or reforecast),
PO is 0 or 1 depending on whether or not the observed
discharge exceeds the flood threshold (observed), and T
is the total number of days. The change in forecast skill
when the reforecast thresholds are used instead of ERAInterim is expressed using the Brier skill score (BSS):
BSreforecast
.
BSERA-Interim

where ThrERA-Interim and Thrreforecast are thresholds derived from ERA-Interim and reforecast, respectively.
Additionally, the impacts of the reference climatology
on flood exceedance probability of the GloFAS forecast
for lead times ranging from 1 to 10 days were assessed.
This was done using the 51-member ensemble forecast
generated for lead times up to 10 days over the period
from 1 January 2011 to 31 August 2014 (a total of
1339 days). The total number of days for which the

(5)

Furthermore, flood data obtained from global flood records were used for assessing the effect on the probability of the streamflow forecast exceeding the warning
thresholds. The flood exceedance probabilities were
calculated as the proportion of the ensemble streamflow
forecast exceeding the flood thresholds. Differences in
the exceedance probabilities based on ERA-Interim
and reforecast thresholds were estimated using Eq. (6):
difference in exceedance probability
5 P(QFlood . ThrERA-Interim )
2 P(QFlood . Thrreforecast ) ,

(2)

(4)

t51

BSS 5 1 2

The difference between the ERA-Interim and the
reforecast streamflow climatologies and their impacts on
the operational flood forecasting were evaluated using
various methods. First the Gumbel extreme value distributions estimated for each of the ERA-Interim and reforecast were compared with those of in situ discharge. Then,
2-, 5-, and 20-yr flood levels computed at each model grid
(0.18 3 0.18) globally using ERA-Interim and reforecast
were directly compared. The percentage difference between the thresholds for each flood level was calculated as

(3)

where NERA-Interim and Nreforecast are the number of flood
days when ERA-Interim and reforecasts were used for
deriving the thresholds, respectively.
Additionally, an evaluation based on observed discharge over three years (2011–13) was done using the
Brier score (BS) for each station:

3. Evaluation

difference in threshold


Thrreforecast 2 ThrERA-Interim
(100%),
5
ThrERA-Interim
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(6)

where P(QFlood . ThrERA-Interim ) is the probability of
discharge exceeding the ERA-Interim threshold and
P(QFlood . Thrreforecast ) is the probability of discharge
exceeding the reforecast threshold.

4. Results
a. Comparison of flood thresholds
The Gumbel extreme value distribution was fit for
each of the ERA-Interim, reforecast, and in situ
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FIG. 3. Difference between parameters of the Gumbel distribution derived from simulated streamflow climatology and in situ
discharge for 375 global stations. Values shown are normalized
using the mean observed discharge of each station.

discharge climatologies. Figure 3 shows differences between the Gumbel distribution parameters estimated
for the simulated and observed discharge for the 375
stations. Note that the time period and length of data
used for calculation of the return levels are identical for
the ERA-Interim, reforecast, and observed discharge
(as shown in Fig. 2). Parameters of the extreme value
distribution based on both ERA-Interim and the reforecasts were on average lower than those based on in situ
discharge. The difference in location parameter (normalized with the mean observed discharge of each location) has a median of 22.72 (10th percentile of 27.45
and 90th percentile of 1.42) for ERA-Interim and a
slightly lower value of 22.95 (10th percentile of 27.60
and 90th percentile of 20.30) for reforecast climatology.
Similarly, the medians of the scale parameter are found
to be 21.01 (10th percentile of 25.27 and 90th percentile of 0.94) and 21.07 (10th percentile of 25.51 and 90th
percentile of 0.12) for ERA-Interim and reforecast,
respectively. The null hypothesis test on the two parameters sets showed significant similarity between
ERA-Interim and the reforecasts ( p 5 0.109 for the location parameter and p 5 0.247 for the scale parameter).
The negative values of the parameters indicate that the
flood return levels estimated using ERA-Interim and the
reforecast have lower magnitudes compared to the return
levels estimated from observed discharge. Such behavior
can be partly explained by the smoothing effect on discharges produced by the use of meteorological input and
hydrological models with space–time resolution comparatively coarser than the real-world hydrometeorological

FIG. 4. (a) ERA-Interim flood thresholds (3103 m3 s21) and
(b) percentage difference with reforecasts [Eq. (2)] shown for 5-yr
return flood. Return levels were calculated based on 16-yr (1995–
2010) model run for both ERA-Interim and reforecasts.

processes, particularly in extreme event situations. Note
that there were no discharge data for some regions (e.g.,
South America, Asia, and most parts of Africa), and
hence, the results presented based on the discharge datasets are not a complete representation of the globe.
The direct comparison between return levels estimated based on the two sets of climatologies from
ERA-Interim and the reforecast showed substantial
differences with varying characteristics across different
regions of the globe. The 5-yr return flood from ERAInterim and percentage difference with reforecast are
shown in Fig. 4. The 2- and 20-yr amounts are not shown
in the figure as they have similar patterns and lead to the
same conclusions. Return levels based on reforecasts
have a higher magnitude compared to those based on
ERA-Interim for most African basins, including the
Nile, Zambezi, Okavango, Congo, Orange, and Limpopo Rivers; for some rivers in Asia, such as the Ganges,
Brahmaputra, Yangtze, and downstream reaches of the
Yellow and Indus Rivers; and for some in South
America, including the Paraná, São Francisco, and
Madeira Rivers. ERA-Interim produces higher thresholds for pan-Arctic rivers, the Mississippi and Niger
Rivers, and most of the Amazon tributaries. While the
difference in most European rivers was within 625% of
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FIG. 5. For return levels of (a),(d) 2; (b),(e) 5; and (c),(f) 20 years, the (left) percentage of
days derived from ERA-Interim for which the 1-day lead ensemble median exceeds the flood
threshold and (right) difference (%) between the reforecast-based exceeded days and ERAInterim [Eq. (3)]. Negative values indicate that there are more flood warnings based on ERAInterim thresholds compared to those of reforecast and vice versa.

the ERA-Interim, the relative difference is larger in
central and southern Africa with some values going
above 100% (e.g., Okavango basin).
Note that the daily annual maximum flows are the basis
for calculation of the return levels, and the differences in
the climatologies reflect the disagreements between the
annual peak flows of the two datasets. Two factors may
have contributed to the disagreements. First, the IFS
model has undergone several improvement cycles since its
2006 release, which was used for creating ERA-Interim
datasets. The model changes include, among others, improved representation of clouds and precipitation (e.g.,
Forbes and Tompkins 2011), change in vertical and horizontal resolutions (ECMWF 2015), and the use of an
ensemble of data assimilation for initial perturbation of
the ensemble forecast (Forbes et al. 2015). Studies
(Haiden et al. 2014; Forbes et al. 2015) found that the
successive IFS model enhancements contributed to a
better forecast skill of heavy precipitation events relative
to the ERA-Interim (before precipitation correction).
Second, the bias correction applied to the ERA-Interim
precipitation using the GPCP monthly climatology could
contribute to the disagreements with the reforecast climatology. This is particularly important in the tropics,
where ERA-Interim precipitation was found to be larger

(Betts et al. 2009; Balsamo et al. 2015). The tropics and
Southern Hemisphere were identified as regions where
the bias correction produces a substantial improvement in
the ERA-Interim precipitation (Balsamo et al. 2015). This
may have reduced the magnitudes of peak flows in areas
where ERA-Interim climatology is significantly lower
than reforecast (e.g., southern Africa). In some other regions (e.g., the Unites States; see Balsamo et al. 2010)
there was a smaller bias between the ERA-Interim (before correction) and the GPCP precipitation, which may
result, at global scale, in a spatially heterogeneous precipitation bias correction applied to the ERA-Interim.

b. Effect on operational flood forecasts
Figures 5a–c show the percentage of days (out of
1339) for which the 1-day lead-time ensemble median
exceeded the ERA-Interim flood threshold for different
flood magnitudes. Note that the number of flood days
presented in the figure should not be confused with the
number of flood events, since a flood event can last for a
duration of several days to weeks.
The percentage of days when the median of operational forecasts exceeds the 2-yr ERA-Interim flood
level (Fig. 5a) is the highest for the Okavango and
Zambezi Rivers in Africa, the Yellow River in Asia, and
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FIG. 6. BSS of the 1-day lead ensemble flood forecasts resulting from reforecast thresholds
relative to ERA-Interim thresholds: (a) North America, (b) Europe and Africa, and
(c) Australia. Results refer to the 2-yr flood threshold.

the main channels of the Amazon and Nile, for some
river channels going above 500 days. The upper Mississippi River, the Colorado, the Amazon tributaries,
and most Asian rivers also exhibited high number of
flood days. A similar pattern was observed for highmagnitude floods (5-yr flood; Fig. 5b). A surprisingly
high percentage was also forecasted to exceed the 20-yr
flood in some regions (Fig. 5c). The reason for the high
percentage needs to be investigated in future research.
Results were then compared with those from
reforecast-based thresholds. As shown in Figs. 5d–f, the
total number of flood days are significantly lower (red
colors) for most African rivers when reforecast-based
thresholds are used as a reference compared to ERAInterim. This is also the case for the main reaches of the
Ganges and Brahmaputra, the Yangtze, and lower parts
of the Yellow River. This indicates that in those regions
there is a higher tendency of detecting floods, and possibly producing false alarms, with the use of ERAInterim reference climatology. Conversely, for the
majority of basins in North America and Russia (blue
colors; Figs. 5d–f), results show that using reforecast
climatology likely produces higher flood detection rates
and possibly more false alarms. These gaps in percentage of flood days between the datasets are direct reflections of the relative differences between the
thresholds (see Fig. 4 and section 4a).
Figure 6 presents the overall BSS [see Eq. (5)] of the
2-yr flood discharge of reforecasts with reference to

ERA-Interim. The skill score, calculated using in situ
discharges, denotes the added forecast skill when the
reforecast thresholds are used instead of those from
ERA-Interim. The results show that the forecast skill
depreciates (BSS , 0) for the majority of the stations in
North America (59%) when the reforecast is used instead of ERA-Interim, while the skill improves (BSS . 0)
for 21% of the stations. The decline in the BSS for the
majority of locations in the region can be attributed to the
fact that the reforecast thresholds are generally lower
than those of ERA-Interim in North America (see
Fig. 4), which leads to a tendency of higher false alarm
rates produced when the reforecast thresholds are used
(explained next). In the regions outside of North America, however, the threshold exceedance skill improves for
7 out of the 16 (44%) stations.
When only observed severe flood events (observed
discharge exceeding the 20-yr flood thresholds estimated using in situ data) are considered, the Brier score
for 1-day lead forecast of 2-yr return flood improves for
37% (26 out of 70) of the global stations when reforecast
thresholds are used instead of those from ERA-Interim.
There is no change observed for the remaining 63%. The
fact that there was no skill depreciation (no negative
BSS) when only the observed flood events were considered indicates that the number of false alarms is the
cause for the relatively lower skill score for reforecast
when calculated over the whole time series (including no
floods). A similar pattern was observed for longer lead
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FIG. 7. Probability of forecasted flood threshold exceedances: (top) 2-, (middle) 5-, and (bottom)
20-yr return levels calculated from ERA-Interim for 1-day lead time.

times and higher-magnitude floods. It should be noted,
however, that the lack of adequate discharge data leaves
the vast majority of rivers out of this analysis. The BSS
was calculated for locations that have complete discharge data during 1995–2010 (for the estimation of the
return levels) and at least 9 months of discharge data for
the forecast evaluation during 2011–14. This limits the
number of stations mostly to North America (93%) and
only a handful coming from the other regions, with none
from South America and Asia.

c. Comparison with flood-record data
1) ERA-INTERIM
Figure 7 shows a global map of forecast exceedance
probability for the 102 global flood events for 2, 5, and 20

years from ERA-Interim. The 1-day lead-time forecasts
show that 44% of the events were forecasted to exceed
the 2-yr flood level with a probability larger than 0.5
[P(flood $ 0:5)], 51% with a probability more than 0.25
[P(flood $ 0:25)], and 67% of the recorded floods were
forecasted by any ensemble member [P(flood . 0)]
when ERA-Interim thresholds were used. Here, we
considered only the recorded flood events for evaluation
of the streamflow forecast, and hence, we did not
quantify the contribution of possible false alarms.
The variation of the 2-yr flood exceedance probability
with forecast lead time is shown in Fig. 8. The results for
different ensemble percentiles indicate that the flood
detection rate decreases with lead time. For example,
the correct flood forecast rate of the ensemble median
drops from 44% of the flood events at 1-day lead to 26%
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FIG. 8. Probability of detection (ERA-Interim based) with
forecast lead time. The y axis shows the proportion of flood events
(out of the 102) for which the forecasted flood exceeds the 2-yr
threshold.

at 10-day lead forecast. Similarly, the detection rate
decreases for other ensemble percentiles shown (98th,
75th, 25th, and 2nd percentiles) with longer forecast lead
times. The trend of relatively high detection rate at short
lead forecast can be attributed to the lower uncertainty
in meteorological forecast compared to long lead times.
There are several possible factors causing the operational ENS forecast to miss some of the floods in general.
The first reason could be the uncertainty in the hydrometeorological modeling. Under the test setup used in
this work, the hydrological model parameters are not
calibrated and the lake and reservoir modules are not
included, both of which may affect the flood detection
probability. Besides, the meteorological forecast also
has its own uncertainty that could affect the detection.
Further, no data assimilation system is in place to update
initial discharge conditions at the start of the forecast
run. An accurate representation of the initial conditions
was shown to be a key component in forecasting high
flows in large river basins due to persistence (Alfieri
et al. 2013; Yossef et al. 2013), where a considerable
component of the runoff contributing to the flood hydrograph is already on the land surface at the start of the
forecast run and is simply conveyed downstream through
the river network with a travel time proportional to the
basin time of concentration.
Second, the spatial location of the flood event might
be inaccurately matched with the flood point on the river
network in the forecasting model (Revilla-Romero et al.
2015b). The spatial extent of the area affected by the
floods (which is not necessarily flooded area) was estimated by the DFO based on information acquired from
news sources (Brakenridge 2014). In this work, the
centroid of the large affected area was approximated
as a flooding point on a nearest major flood network. An
alternative approach to selecting a single flood point on

the river channel for the assessment of the ENS flood
detection rate would be to consider the entire upstream
area from the flood point and then take any exceedance
forecasted at any location within the boundary of the
catchment (e.g., Wu et al. 2014). This approach
considers a much larger spatial domain in contrast to a
single model pixel used in this study, but whether it
produces an improved detection rate is not clear.
The third reason could be inaccurate estimation of the
reference threshold, which is the subject of this work.
There is a tendency of missing floods in regions where
ERA-Interim thresholds are higher than the ENS forecast,
even if high flow magnitudes are forecasted. In such cases,
without changing the forecast, it is possible to improve the
exceedance probability forecast skill with only using consistent reference climatology with the forecast system. This
was tested using reforecast thresholds and assessing the
changes in flood detection rates as presented next.

2) ERA-INTERIM VERSUS REFORECASTS
Forecast exceedance probabilities using reforecast
thresholds are compared with those of ERA-Interimbased thresholds to evaluate the differences between the
two approaches. Figure 9 shows a global map of the
difference in exceedance probabilities between ERAInterim and reforecast thresholds [see Eq. (6)] for 1-day
forecast lead time. In 23% of the flood events the
probability of peak flow exceeding the 2-yr flood level
increased when reforecast thresholds were used instead
of ERA-Interim, while in 5% of the cases the probability
decreased and there was no change for 72% of the
events. Results for the shorter lead times showed that
there is an overall tendency of improvement in detection
rate (in terms of probability of exceedance) when
thresholds derived from reforecast were used instead
of ERA-Interim. Similar results were found for 5- and
20-yr floods that the exceedance probability increased
for the 1-day lead forecast when the reforecast was used.
The distribution of probabilities for different flood
magnitudes and forecast lead times (Fig. 10) indicates
that the difference in exceedance probabilities between
ERA-Interim and reforecast thresholds narrows for
longer forecast lead times (mostly within 60.3). It was
found that over 70% of the flood events have 5-yr exceedance probability difference between ERA-Interim
and reforecast thresholds within 60.10 for 5-day lead
forecast (Fig. 10b), and it goes close to 80% for 10-day
lead (Fig. 10c).
Based on the overall results, a case can be made that,
in the current setup of GloFAS, a better flood detection
could be achieved when using reforecasts instead of the
ERA-Interim to derive threshold levels. This is because
of two major reasons: 1) it would reduce the false alarm
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FIG. 9. Difference in threshold exceedance between ERA-Interim and reforecast for 1-day
lead ENS (51 member) forecasts [Eq. (6)]. Positive values indicate that the use of ERAInterim as a reference threshold produces higher exceedance probability compared to reforecast and vice versa. Shown are (top) 2-, (middle) 5-, and (bottom) 20-yr floods.

rate due to low ERA-Interim thresholds in several large
rivers (e.g., most rivers in Africa and others shown in
Fig. 4) and 2) it would improve the skill of the exceedance probability forecast for short lead-time forecasts
for which the meteorological uncertainty is relatively
lower. It should also be noted that the reforecasts are
more consistent with the operational forecast in terms of
model version and resolution. While our study showed
that streamflow climatology has an important impact on
the flood forecasting skill, the use and effects of other
global reanalysis datasets (Kalnay et al. 1996; Rienecker
et al. 2011; Kobayashi et al. 2015) for a similar purpose
or in other global flood forecasting systems needs to be
investigated.

5. Conclusions
In this work, we assessed the effect of the streamflow
climatology on GloFAS flood severity forecast by
comparing two long-term datasets: ERA-Interim and
reforecasts. The evaluation was performed through direct intercomparison of the flood thresholds derived
from the two datasets, using the in situ discharge and
flood data from a global flood archive. The results can be
summarized as follows.
1) The return levels based on ERA-Interim have lower
magnitude compared to those based on the reforecast for most African basins, for some large rivers in
Asia, and in South America, but they have higher
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flood threshold exceedance probabilities than the
reforecast for short forecast lead times (up to 5-day
lead), while the difference narrows for longer lead
times (beyond 5-day lead).
3) Comparison with in situ discharge showed a regionally variable result. ERA-Interim thresholds produced better streamflow forecast skill for the majority
of stations in North America compared to reforecast
thresholds, while in other regions it is found that
reforecast produced better forecast skills. Flood
detection skill considerably improved with the use
of reforecast thresholds when flood events were
considered.
4) The overall results confirmed the importance of
defining accurate reference thresholds for exceedance probability forecast and showed that using
reforecast-based streamflow climatology produces
higher flood detection rates in GloFAS especially
at shorter lead times.

FIG. 10. Distribution of the differences in probability of flood
forecast exceeding the 2-, 5-, and 20-yr thresholds between ERAInterim and the reforecasts (see Fig. 9): (a) 1-, (b) 5-, and (c) 10-day
lead times.

magnitude for pan-Arctic rivers, which could be due
to the successive IFS model improvements and the
precipitation bias correction applied to the ERAInterim datasets. The relative differences were
found to be minor in most European rivers while
largest disagreements were observed in central and
southern Africa.
2) The thresholds have a direct effect on the exceedance probabilities of the operational forecast.
Comparison for flood events obtained from global
flood-record databases showed that differences between the ERA-Interim and reforecast thresholds have
an impact on the flood detection rates for several rivers
(ranging from 20% to 40% of the events depending on
lead time). Overall, ERA-Interim produced lower

While streamflow climatology is shown to be important, additional steps are needed for improving the
overall skill of the GloFAS forecast. Works foreseen are
calibrating the LISFLOOD parameters and inclusion of
the lake and reservoir module into the model. The
model calibration using in situ discharge and satellitederived surface water information [following RevillaRomero et al. (2015a)] and the impact of lakes and
reservoirs on the forecast skill are currently being investigated in separate works. Satellite-based discharge
measurements (Brakenridge et al. 2012; Alsdorf et al.
2007; Durand et al. 2010) could be used to fill the gap in
discharge observations (e.g., Hirpa et al. 2013) and may
provide an opportunity for the calibration and evaluation of the forecast and will be considered in the future.
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