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ABSTRACT
In the last decade operational probabilistic ensemble flood forecasts have become common in supporting decision-making processes leading to risk reduction. Ensemble forecasts can assess uncertainty,
but they are limited to the uncertainty in a specific modeling system. Many of the current operational flood
prediction systems use a multimodel approach to better represent the uncertainty arising from insufficient
model structure. This study presents a multimodel approach to building a global flood prediction system
using multiple atmospheric reanalysis datasets for river initial conditions and multiple TIGGE forcing
inputs to the ECMWF land surface model. A sensitivity study is carried out to clarify the effect of using
archive ensemble meteorological predictions and uncoupled land surface models. The probabilistic discharge forecasts derived from the different atmospheric models are compared with those from the
multimodel combination. The potential for further improving forecast skill by bias correction and
Bayesian model averaging is examined. The results show that the impact of the different TIGGE input
variables in the HTESSEL/Catchment-Based Macroscale Floodplain model (CaMa-Flood) setup is
rather limited other than for precipitation. This provides a sufficient basis for evaluation of the multimodel discharge predictions. The results also highlight that the three applied reanalysis datasets have
different error characteristics that allow for large potential gains with a multimodel combination. It is
shown that large improvements to the forecast performance for all models can be achieved through appropriate statistical postprocessing (bias and spread correction). A simple multimodel combination
generally improves the forecasts, while a more advanced combination using Bayesian model averaging
provides further benefits.

1. Introduction
Operational probabilistic ensemble flood forecasts
have become more common in the last decade (Cloke
and Pappenberger 2009; Demargne et al. 2014; Olsson
and Lindström 2008). Ensemble forecasts are a good
way of assessing forecast uncertainty, but they are
limited to the uncertainty captured by a specific
modeling system. A multimodel approach can address
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this shortcoming and provide a more complete representation of the uncertainty in the model structure,
also potentially reducing the errors (Krishnamurti
et al. 1999).
‘‘Multimodel’’ can refer to systems using multiple
meteorological models, hydrological models, or both
(Velázquez et al. 2011). According to Emerton et al.
(2016), among the many regional-scale operational hydrological ensemble prediction systems across the globe,
at present there are six large-scale (continental and
global) models: four that run at continental scale over
Europe, Australia, and the United States and two that
are available globally. The U.S. Hydrologic Ensemble
Forecast Service (HEFS), run by the National Weather
Service (NWS; Demargne et al. 2014), and the Global
Flood Forecasting Information System (GLOFFIS), a
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recent development at Deltares in the Netherlands, are
examples of systems using different hydrological models
as well as multiple meteorological inputs. The European
Flood Awareness System (EFAS) developed by the
Joint Research Centre (JRC) of the European Commission and ECMWF operates using a single hydrological model with multimodel meteorological input
(Thielen et al. 2009). Finally, the European Hydrological Predictions for the Environment (E-HYPE) Water
in Europe Today (WET) model of the Swedish Meteorological and Hydrological Institute (SMHI; Donnelly
et al. 2015), the Australian Flood Forecasting and
Warning Service, and the Global Flood Awareness
System (GloFAS; Alfieri et al. 2013), running in collaboration between ECMWF and JRC, all use one main
hydrological model and one meteorological model
input.
While the multimodel approach has traditionally involved the use of multiple forcing inputs and hydrological models to generate discharge forecasts, it also allows
for consideration of multiple initial conditions. In keeping with GloFAS, this paper uses atmospheric reanalysis
data to generate the initial conditions of the land surface
components of the forecasting system; therefore, a
multimodel approach based on three reanalysis datasets
is trialed.
The Observing System Research and Predictability
Experiment (THORPEX) Interactive Grand Global
Ensemble (TIGGE; Bougeault et al. 2010) archive is an
invaluable source of multimodel meteorological forcing data. The archive has attracted attention among
hydrological forecasters and is already being extensively used in hydrological applications. The first published example of a hydrometeorological forecasting
application was by Pappenberger et al. (2008). In that
paper, the forecasts of nine TIGGE centers were used
within the setting of EFAS for a case study of a flood
event in Romania in October 2007 and showed that the
lead time of flood warnings could be improved by up to
4 days through the use of multiple forecasting models
rather than a single model. This study and other subsequent studies using TIGGE multimodel data (e.g.,
He et al. 2009, 2010; Bao and Zhao 2012) have indicated that combining different models not only increases the skill, but also the lead time at which
warnings could be issued. He et al. (2009) highlighted
this and further showed that individual systems of the
multimodel forecast have systematic errors in time
and space that would require temporal and spatial
postprocessing. Such postprocessing should carefully
maintain spatial, temporal, and intervariable correlations; otherwise, they lead to deteriorating hydrological forecast skill.
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The scientific literature contains numerous studies on
methods that can lead to significant gain in forecast skill
by combining and postprocessing different forecast
systems. Statistical ensemble postprocessing techniques
target the generation of sharp and reliable probabilistic
forecasts from ensemble outputs. Hagedorn et al. (2012)
showed, based on TIGGE, that by considering an equalweight multimodel approach, a selection of best NWP
models might be needed to gain skill on the bestperforming single model. In addition to this, the calibration of the best single model using a reforecast
dataset can lead to comparable or even superior quality
to the multimodel prediction. Gneiting and Katzfuss
(2014) focus on various methodologies that require
weighting of the different contributing forecasts to optimize model error corrections. They recommend the
application of well-established techniques in the operational environment such as the nonhomogeneous regression or Bayesian model averaging (BMA). The
BMA method generates calibrated and sharp probability density functions (PDFs) from ensemble forecasts
(Raftery et al. 2005), where the predictive PDF is a
weighted average of the PDFs centered on the biascorrected forecasts. The weights reflect the relative skill
of the individual members over a training period. The
BMA has been widely used and proved to be beneficial
in hydrological ensemble systems (e.g., Ajami et al.
2007; Cane et al. 2013; Dong et al. 2013; Liang et al. 2013;
Todini 2008; Vrugt and Robinson 2007).
Previous studies have used hydrological models,
rather than land surface models, to analyze the benefits
of multimodel forecasting and have focused on individual catchments. The potential of multimodel forecasts at the regional or continental scale shown in
previous studies provides the motivation for building a
global multimodel hydrometeorological forecasting
system.
In this study we present our experiences in building
a multimodel hydrometeorological forecasting system.
Global ensemble discharge forecasts with a 10-day horizon are generated using the ECMWF land surface model
and a river-routing model. The multimodel approach
arises from the use of meteorological forecasts from four
models in the TIGGE archive and the derivation of river
initial conditions using three global reanalysis datasets.
The main focus of our study is the quality of the discharge
forecasts derived from the TIGGE data. We analyze the
Hydrology Tiled ECMWF Scheme of Surface Exchanges
over Land (HTESSEL)/Catchment-Based Macroscale
Floodplain model (CaMa-Flood) setup and the scope
for error reduction by applying the multimodel approach
and different postprocessing methods on the forecast
data. Three sets of experiments are undertaken to test
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(i) the sensitivity of the forecasting system to the input
variables, (ii) the potential improvements in forecasting
historical discharge that can be achieved by a combination of different reanalysis datasets, and (iii) the use of
bias correction and model combination to improve the
predictive distribution of the forecasts.
In section 2 the datasets, models, and methodology
used throughout the paper are described. Section 3
summarizes the discharge experiments we produced and
analyzed. In section 4, we provide the results, while
section 5 gives conclusions to the paper.

2. System description and datasets
a. HTESSEL land surface model
The hydrological component of this study was the
HTESSEL (Balsamo et al. 2009, 2011) land surface
model. The HTESSEL scheme follows a mosaic (or
tiling) approach where the grid boxes are divided into
patches (or tiles), with up to six fractions over land
(bare ground, low and high vegetation, intercepted
water, and shaded and exposed snow) and two extra
tiles over water (open and frozen water) exchanging
energy and water with the atmosphere. The model is
part of the Integrated Forecast System (IFS) at
ECMWF and is used in coupled atmosphere–surface
mode on time ranges from medium range to seasonal
forecasts. In addition, the model provides a research
test bed for applications where the land surface model
can run in a stand-alone mode. In this so-called ‘‘offline’’ version the model is forced with near-surface
meteorological input (temperature, specific humidity,
wind speed, and surface pressure), radiative fluxes
(downward solar and thermal radiation), and water
fluxes (liquid and solid precipitation). This offline
methodology has been explored in various research
applications where HTESSEL or other models were
applied (e.g., Agustí-Panareda et al. 2010; Dutra et al.
2011; Haddeland et al. 2011).

b. CaMa-Flood river routing
CaMa-Flood (Yamazaki et al. 2011) was used to integrate HTESSEL runoff over the river network into
discharge. CaMa-Flood is a distributed global riverrouting model that routes runoff to oceans or inland
seas using a river network map. A major advantage of
CaMa-Flood is the explicit representation of water level
and flooded area in addition to river discharge. The relationship between water storage (the only prognostic
variable), water level, and flooded area is determined on
the basis of the subgrid-scale topographic parameters
based on a 1-km digital elevation model.
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c. TIGGE forecasts
The atmospheric forcing for the forecast experiments
is taken from the TIGGE archive where all variables are
available on a standard 6-h forecast frequency. The ensemble systems of ECMWF, the Met Office (UKMO),
the National Centers for Environmental Prediction
(NCEP), and the China Meteorological Administration
(CMA) provide, in the TIGGE archive, meteorological
forcing fields from the 0000 UTC runs with 6-h frequency starting from 2006 to 2008 depending on the
model. All four models were only available with the
complete forcing variable set from August 2008.
ECMWF was available with 50 ensemble members on
32-km horizontal resolution (;50 km before January
2010) up to 15 days ahead, UKMO was available with
23 members on ;60-km horizontal resolution (;90 km
before March 2010) also up to 15 days ahead, NCEP was
available with 20 members on ;110-km horizontal resolution up to 16 days ahead, and finally CMA was
available with 14 members on ;60-km horizontal resolution up to 10 days ahead. In testing the sensitivity of
the experimental setup to meteorological forcing (see
section 4a) the ECMWF control forecasts were used,
extracted directly from ECMWF’s Meteorological Archival and Retrieval System (MARS), where the meteorological variables are available without the TIGGE
restrictions. These have the same resolution as the 50
ensemble members but start from the unperturbed
analysis.

d. Reanalysis data
The discharge modeling experiments require reanalysis data, which are used to provide the climate and
the initial conditions needed for the HTESSEL land
surface model runs and to produce the river initial
conditions required in the CaMa-Flood routing part of
the TIGGE forecast experiments.
In this study we have used three different reanalysis
datasets: two produced by ECMWF, ERA-Interim
(hereafter ERAI) and ERA-Interim/Land with Global
Precipitation Climatology Project, version 2.2 (GPCP
v2.2), precipitation (Huffman et al. 2009) correction
(hereafter ERAI-Land; Balsamo et al. 2015), and a third,
the Modern-Era Retrospective Analysis for Research
and Applications (MERRA) land upgrade (MERRALand) produced by NOAA. The combination of these
three sources was a proof of concept to potential added
value of the multi-initial conditions.
ERAI is ECMWF’s global atmospheric reanalysis
from 1979 to present produced with an older (2006)
version of the ECMWF IFS on a T255 spectral resolution (Dee et al. 2011). ERAI-Land is a version of ERAI
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FIG. 1. Location of discharge observing stations that could be processed in the discharge experiments. The blue points are used in both
the reanalysis (at least 15 years of data available in 1981–2010) and in the TIGGE forecast experiment (at least 80% of days available from
August 2008 to May 2010) evaluation. The yellow points provide enough observation only for the reanalysis while the red points have
enough data available only for the TIGGE forecasts.

at the same 80-km spatial resolution with improvements
for land surface. It was produced in offline mode with a
2014 version of the HTESSEL land surface model using
atmospheric forcing from ERAI, with precipitation adjustments based on GPCP v2.2, where the ERAI 3-hourly
precipitation is rescaled to match the monthly accumulated precipitation provided by the GPCP v2.2 product
[for more details, please consult Balsamo et al. (2010)].
The MERRA-Land dataset is similar to ERAI-Land
in that it is a land-only version of the MERRA land
model component, produced also in offline mode, using
improved precipitation forcing and an improved version of the catchment land surface model (Reichle
et al. 2011).

e. Discharge data
In this study a subset of the observations available in
GloFAS was used, mainly originating from the Global
Runoff Data Centre (GRDC) archive. The GRDC is the
digital worldwide depository of discharge data and associated metadata. It is an international archive of data
started in 1812, and it fosters multinational and global
long-term hydrological studies.
For the discharge modeling, a dataset of 1121 stations
with upstream areas over 10 000 km2 was available until
the end of 2013. GRDC has a gradually decreasing
number of stations with data in the archive limiting their
use for more recent years. For the forecast discharge, we
limited our analyses to the period from August 2008 to
May 2010. This period provided the optimal compromise
in increasing the sample size between the length of the

period and the number of stations with good data coverage. For the reanalysis discharge experiments and also
for generating the observed discharge climate, stations
with a minimum of 15 years of available observations
were used in the 30-yr period from 1981 to 2010. For the
forecast experiments, stations with at least 80% of the
observations available were used in the 22-month period
from August 2008 to May 2010. Figure 1 shows the observation availability in the reanalysis and TIGGE
forecast experiments. It highlights that for the reanalysis
the coverage is better globally, with about 850 stations,
while the forecast experiments have around 550 stations
with large missing areas, mainly in Africa and Asia.

f. Forecasting system setup
To produce runoff from the TIGGE atmospheric
ensemble variables (see section 2c), HTESSEL experiments were run with 6-hourly forcing frequency and
hourly model time step. For the instantaneous variables
(such as 2-m temperature), linear interpolation was used
to move from the 6-h to hourly time step used in the
HTESSEL simulations. For accumulated variables (such
as precipitation), a disaggregation algorithm that conserves the 6-hourly totals was used. The disaggregation
algorithm divides into hourly values based on a linear
combination of the current and adjacent 6-hourly totals
with weights derived from the time differences.
The climate and the initial conditions needed for the
HTESSEL land surface model runs to produce runoff
were taken from ERAI-Land, the same initial conditions for all models and ensemble members without
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perturbations. The other two reanalysis datasets could
also be used to initialize HTESSEL, but the variability
on the resulting TIGGE runoff (and thus on the
TIGGE discharge) would be very small compared
with the impact of the TIGGE atmospheric forcing
(especially precipitation, see also section 4a) and the
impact of the TIGGE forecast routing initialization
(see section 3b for further details).
HTESSEL was set to T255 spectral resolution (;80 km).
This was the horizontal resolution used in ERAI and
was an adequate compromise between the highest
(ECMWF mainly ;50 km) and lowest (NCEP with
;110 km) forcing model resolution that also allowed
fast enough computations. The TIGGE forcing fields
were transformed to T255 using bilinear interpolation.
The TIGGE archive includes variables at the surface
and several pressure levels. However, variables are not
available on model levels, and as such, temperature,
wind, and humidity at the surface (i.e., 2 m for temperature and humidity and 10 m for wind) were used in
HTESSEL rather than on the preferred lowest model
level (LML).
Similarly, TIGGE contains several radiation variables, but not the downward radiations required by
HTESSEL. To run HTESSEL without major technical
modifications, we had to use a radiation replacement for
all TIGGE models and ensemble members. We used
ERAI-Land for this purpose, as it does not favor any of
the TIGGE models used in this study. This way, for one
daily run the same single radiation forecast was used for
all ensemble members and all models. These 10-day
radiation forecasts were built from 12-h ERAI-Land
short-range predictions. To reduce the possible spinup
effects in the first hours of the ERAI-Land forecasts, the
6–18-h radiation fluxes were combined (as 12-h sections)
from subsequent 0000 and 1200 UTC runs, following the
approach described in Balsamo et al. (2015). The sensitivity to the HTESSEL input variables will be discussed in section 4a.
In this study we were able to process four models out
of the 10 global models archived in TIGGE: ECMWF,
UKMO, NCEP, and CMA. The other six models do not
archive one or more of the forcing variables, in addition
to the downward radiation, required for this study.
The runoff produced by HTESSEL for TIGGE was
routed over the river network by CaMa-Flood. These
relatively short experiments for the TIGGE forecasts
required initial river conditions. These were provided by
three CaMa-Flood runs for the 1980–2010 period with
ERAI, ERAI-Land, and MERRA-Land runoff input.
The discharge forecasts were produced by CaMaFlood out to 10 days (T 1 240 h), the longest forecast
horizon common to all models. No perturbations were
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applied on the river initial conditions for the ensemble
members. The forecasts were extracted from the CaMaFlood 15-arc-min (;25 km) model grid for every 24-h
similarly to the 24-h reporting frequency of the discharge observations.

3. Experiments
The main focus of the experiments was on the quality
of the discharge forecasts derived from the TIGGE data.
Three sets of experiments were performed to test the
HTESSEL/CaMa-Flood setup and the scope for error
reduction by applying the multimodel approach and
different postprocessing methods:
d

d

d

Discharge sensitivity to meteorological forcing: The
first experiment (section 4a) tests the sensitivity of the
forecasting system to the input variables.
Reanalysis impact on discharge: The second experiment (section 4b) evaluates the potential improvements on the historical discharge that can be achieved
by a combination of different reanalysis datasets.
Improving the forecast distribution: In the third
experiment (section 4c), the use of bias correction
and model combination to improve the predictive
distribution of the forecast is considered.

a. Discharge sensitivity to meteorological forcing
In section 2f, a number of compromises in the coupling of HTESSEL and forecasts from the TIGGE archive were introduced. Sensitivity experiments were
conducted to study the impact of these. Table 1
provides a short description of the experiments.
The baseline for the comparisons is the discharge
forecasts generated by HTESSEL and CaMa-Flood
driven by ECMWF ensemble control (EC) forecasts.
These forecasts were produced weekly (at 0000 UTC)
throughout 2008–12 to cover several seasons (;260
forecast runs in total). In the baseline setup, the LML
meteorological output for temperature, wind, and humidity was used to drive HTESSEL.
The first sensitivity test (Surf vs LML) was to replace
these LML values with the surface values (as 2-m temperature and humidity and 10-m wind) from the same
model run. This mirrors the change needed to make use
of the TIGGE archive. Because of limitations in the
TIGGE archive, the ERAI-Land radiation was used for
all forecasts. Substitution of the ECMWF EC radiation
in the HTESSEL input by ERAI-Land is the second
sensitivity test (Rad). Further to this, substitution of the
wind (Wind), temperature, humidity, and surface pressure together (THP), and precipitation (Prec) from ERAILand in place of the ECMWF EC run values was also
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TABLE 1. Description of the sensitivity experiments with the ECMWF EC forecasts. The baseline is the reference run at the LML for
wind, temperature, and humidity forcing. The other experiments are with different changes for the forcing variables. First, the LML is
changed to surface (Surf), then different variables of the EC and their combinations are substituted by ERAI-Land data. Roman font
means EC forcing input while italicized font denotes substituted ERAI-Land input.
Forcing variable setup
Sensitivity expt

Rad

THP

Wind

Prec

Baseline
Surf vs LML
Rad
Wind
THP
Rad 1 THP
Rad 1 THP 1 Wind
Rad 1 THP 1 Wind 1 Prec

EC-Surf
EC-Surf
ERAI-Surf
EC-Surf
EC-Surf
ERAI-Surf
ERAI-Surf
ERAI-Surf

EC-LML
EC-Surf
EC-LML
EC-LML
ERAI-LML
ERAI-LML
ERAI-LML
ERAI-LML

EC-LML
EC-Surf
EC-LML
ERAI-LML
EC-LML
EC-LML
ERAI-LML
ERAI-LML

EC-Surf
EC-Surf
EC-Surf
EC-Surf
EC-Surf
EC-Surf
EC-Surf
ERAI-Surf

evaluated. Temperature and humidity were analyzed
together because of the sensitive nature of the balance
between these two variables. Although these changes
were not applied on the TIGGE data, they give a more
complete picture on sensitivity to the forcing variables.
This puts into context the discharge errors that we indirectly introduced through the TIGGE–HTESSEL setup
changes.
The impact on the errors was compared by evaluating
the ratio of the magnitude (absolute value) of the discharges to the baseline experiments, discharge value.
These changes in relative discharge were computed for
each station as the average of the relative changes over
all runs (in the 2008–12 period with weekly runs) and
also as a global average of all available stations.

b. Reanalysis impact on discharge
For the forecast of CaMa-Flood routing, the river initial
conditions are provided by reanalysis-based simulations
(see section 2d). They do not make use of observed river
flow and therefore are an estimate of the observed values.
The quality of the forecast discharge is expected to be
strongly dependent on the skill of this reanalysis-derived
historical discharge. This is highlighted in Fig. 2, where
ERAI-Land, ERAI, and MERRA-Land are compared
for a station in the United States for a 4-yr period.
Each of these reanalyses provides different error
characteristics that can potentially be harnessed by
using a multimodel approach. For this station ERAI
has a tendency to produce occasional high peaks, while
MERRA-Land has a strong negative bias. Although
Fig. 2 is only a single example, it highlights the large
variability between these reanalysis datasets and
therefore a potentially severe underestimation of the
uncertainties in the subsequent forecast experiments by
using only a single initialization dataset.
The impact of the multimodel approach was analyzed
by experiments with the historical discharges derived

from ERAI, ERAI-Land, and MERRA-Land inputs.
Three sets of CaMa-Flood routing runs were performed
for each of the four TIGGE models for the whole
22-month period in 2008–10, each initialized from one of
the three reanalysis-derived historical river conditions.
The performance of the historical discharge was evaluated independently of the TIGGE forecasts on the period of 1981–2010.

c. Improving the forecast distribution
In the third group of experiments a number of postprocessing techniques were applied at each site with the
aim of improving the forecast distribution for the observed data. Here we outline the techniques with reference to a single site and forecast origin t. The forecast
values available are denoted fm, j, t, i , where m indices over
the forecast products (ECMWF, UKMO, NCEP, and
CMA), j indices over the Nm ensemble members in
forecast product m, and i 5 1, . . . , 10 indicates the
available lead times.

FIG. 2. Example of discharge produced by ERAI-Land (red),
ERAI (green), and MERRA-Land (blue) forcing and the corresponding observations (black) for a GRDC station on the Rainy
River at Manitou Rapids in the United States.
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1) BIAS CORRECTION
As a first step we analyzed the biases of the data. As
described in section 3b, the historical river initial conditions have potentially large errors. In addition, the
variability of the discharge in a 10-day forecast horizon
is generally much smaller than derived from reanalysis
over a long period. Therefore, any timing or magnitude
error in the historical discharge provided initial conditions means the forecast errors can be very large and will
change only slightly, in relative terms, throughout the
10-day forecast period.
As bias was expected to be a very important aspect of
the errors, three methods of computing the bias correction em, j, t, i to add to the forecast fm, j, t, i were proposed.
The first of these is to apply no correction (or uncorrected); that is, em, j, t, i 5 0 in all cases. The second
method, referred to as 30-day correction, removes the
mean bias of the 30-day period preceding the actual
forecast run for each forecast product at each specified
forecast range. The mean bias is computed as an average
error of the ensemble mean over a 30-day period. In this
case, given a series of 30 dates t 5 1, . . . , N30 and observed discharge data yt , the bias corrections are given
by
N30 Nm

å å ( yt 2 fm, j, t2i, i )

t51 j51

N30 Nm

.

The third correction method, referred to as initial time
correction, focused specifically on the historical
discharge-based initial condition errors. The error at
initialization of the routing fm, j, t, 0 , that is, the error of the
historical discharge, was used as a correction for all
forecast ranges. This initial time correction gives
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50 members) get larger weights. In direct analogy to the
case of a single forecast product, the cumulative forecast
distribution is expressed in terms of the indicator function d(z), which takes the value 1 if the statement z is
true and 0 otherwise, as
Nm

Pr(Yt1i , y) 5

å å d( fm, j, t, i 1 em, j, t, i , y)
m j51

.

å Nm
m

Here em, j, t, i indicates one of the three bias corrections we
introduced in the previous section.
In the second combination strategy, BMA was used to
explore further the effects of weighted combination
and a temporally localized bias correction. Since discharge is always positive, the variables were transformed so that their distributions marginalized over
time are standard Gaussian. This is achieved using the
normal quantile transform (Krzysztofowicz 1997), with
the upper and lower tails handled as in Coccia and
Todini (2011). The transformed values of the biascorrected forecasts and observations are denoted f~
m, j, t, i

and y~t , respectively.
This study follows the BMA approach proposed by
Fraley et al. (2010) for systems with exchangeable
members with the weight wm, t, i , linear bias correction
(with parameters am, t, i and bm, t, i ), and nugget variance
s2m, t, i being identical for each ensemble member within a
given forecast product. The resulting cumulative forecast distribution in the transformed space is then a
weighted combination of standard Gaussian cumulative
distributions F, specifically,
Pr(Y~t1i , y) 5

Nm

y 2 am, t, i 2 bm, t, i f~m, j, t, i

j51

s m, t , i

å wm , t , i å F
m

!
.

em, j, t, i 5 yt 2 fm, j, t, 0 .
This method therefore uses a specific error correction
for each individual forecast run from day 1 to day 10.
Because of the common initialization, the initial time
correction was the same for all four TIGGE models for
all three historical discharge experiments, respectively.

2) MULTIMODEL COMBINATION
To investigate the potential further benefits of combining different forecast products, two model combination strategies were trialed. The naïve combination
strategy [also referred to as multimodel combination
(MM)] was based on utilizing a grand ensemble with
each member having equal weight. In this combination,
the larger ensembles (the largest being ECMWF with

As indicated by the origin and lead time subscripts, the
BMA parameters were estimated for each forecast origin and lead time. Estimation bias proceeds by first fitting the linear correction using least squares before
estimating the weight and variance terms using maximum likelihood (Raftery et al. 2005). A moving window
of 30 days of data, before the initialization of the forecasts similarly to the 30-day correction, was utilized for
the estimation to mimic operational practice.
As the initial conditions were expected to play an
important role, a further forecast was introduced in the
context of the BMA analysis. The deterministic persistence forecast is, throughout the 10-day forecast range,
the most recent observation available at time of issue,
that is,
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fm, 1, t, i 5 yt .
This persistence forecast was also used as a simple reference to compare our forecasts against.
To aid comparison with the naïve combination
strategy a similar-sized ensemble of forecasts was generated from the BMA combination by applying ensemble copula coupling (Schefzik et al. 2013) to a
sample generated by taking equally spaced quantiles
from the forecast distribution and reversing the
transformation.

VOLUME 17

least 10 years of data available in total (310 values) for
all days of the year.
Each of the historical discharge experiments produce
a time series of discharges (ft: t 5 1, . . . , N), which were
compared to the observed data using the mean absolute
error (MAE)-based skill score (MAESS) with the observed daily discharge climate (obsclim) as reference,
MAESS 5 1 2

MAE
,
MAEobsclim

and the sample Pearson correlation coefficient (CORR),

3) VERIFICATION STATISTICS
N

The forecast distributions were evaluated using the
continuous ranked probability score (CRPS; Candille
and Talagrand 2005). The CRPS evaluates the global skill
of the ensemble prediction systems by measuring a distance between the predicted and the observed cumulative
density functions of scalar variables. For a set of dates
t 5 1, . . . , N with observations and probabilistic forecasts
issued with the same lead time (which are realizations of
the random variables Yt1i), the CRPS can be defined as
CRPS 5

1
Nt

Nt

å

ð‘

t51 2‘

[Pr(Yt1i , y) 2 d( y $ yt )] 2 dy.

The CRPS has a perfect score of 0 and has the advantage
of transforming into the mean absolute error for deterministic forecasts and thus providing a simple way of
comparing different types of systems. In this study the
method of Hersbach (2000) for computing the CRPS
from samples was used. The global CRPS reported for
each lead time were produced by pooling the samples
from all the stations before computing the scores.
As the CRPS has the unit of the physical quantity
(e.g., for discharge m3 s21), comparing scores can be
problematic and is only meaningful if two homogeneous
sample-based scores are compared. For example, different geographical areas or different seasons cannot
really be compared. In this study we ensured that, for
any comparison of forecast models and postprocessed
versions, the samples were homogeneous. We considered the same days in the verification period at each
station specifically, and also the same stations in the
global analysis, producing equal sample sizes across all
compared products.
To help compare results across different stations and
areas, we used the CRPS-based skill score (CRPSS) with
the reference system of the observed discharge climate
in our verification. We produced the daily observed
climate for the 30-yr period of 1981–2010 and pooled
observations from a 31-day window centered over each
day. Observed climate was produced for stations with at

å (ft 2 f )( yt 2 y)

t51
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ,
CORR 5 sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
N

N

t51

t51

å (ft 2 f )2 å ( yt 2 y)2

where the bar denotes the temporal average of the
variable. The MAE reflects the ability of the systems to
match the actual observed discharge, while the correlation highlights the quality of match between the temporal behavior of the historical forecast time series and
the observation time series.

4. Results
First, we present the findings of the sensitivity experiments carried out, using the ECMWF EC forecast, on the
impact of the HTESSEL coupling with the TIGGE meteorological input. Then we compare the quality of the historical discharge produced from the ERAI, ERAI-Land,
and MERRA-Land datasets and the impact of their combination. Finally, from the large number of forecast products described in sections 3b and 3c, we present results that
aid interpretation of the discharge forecast skills and errors
with focus on the potential multimodel improvements:
d

d

d

d

the four uncorrected TIGGE forecasts with ERAILand initialization;
the MM combination of the four uncorrected models
with the ERAI, ERAI-Land, and MERRA-Land
initializations and the grand ensemble of these three
MM combinations (called GMM hereafter);
the GMM combinations of the 30-day-corrected, the
initial-time-corrected, and the combined initial-timeand 30-day-corrected MM forecasts (first initial-timecorrect the forecasts, then apply the 30-day correction
on these); and
finally, the GMM of the BMA combined MM forecasts (from all three initializations) with the uncorrected models, the initial-time-corrected models, and
also the uncorrected models extended by the persistence as a separate single value model.
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FIG. 3. Impact of different forcing configurations in HTESSEL
on the discharge outputs as a relative change compared to baseline.
The black dashed line displays the impact of changing the LML to
surface forcing (2 m for temperature and humidity, 10 m for wind).
The colored lines highlight the impact of replacing different EC
forcing variables, either individually or in combination, with ERAILand data.

a. Discharge sensitivity to meteorological forcing
The impact of replacing HTESSEL forcing variables
other than precipitation (combination of Rad, Wind,
and THP tests) with ERAI-Land (Fig. 3) is rather small
(;3% by T 1 240, brown curve in Fig. 3). The least
influential is the Wind (red curve), while the biggest
contribution comes from the THP (green curve). When
all ensemble forcing is replaced, including precipitation,
the impact jumps to ;15% by T 1 240 h, showing that a
large majority of the change in the discharge comes from
differences in precipitation (not shown).
The analysis of different areas and periods (see Table 2)
highlights that larger impacts are seen for the winter
period where the contribution of precipitation decreases
and the contribution of the other forcing variables, both
individually and combined, increases by approximately
twofold to fivefold (this is particularly noticeable for
THP). This is most likely a consequence of the snowrelated processes, with snowmelt being dependent on
temperature, radiation, and also wind in the cold seasons.

2931

This also implies that the results are dependent on
seasonality, a result that was also found by Liu et al.
(2013), who looked at the skill of postprocessed precipitation forecasts using TIGGE data for the Huai River
basin in China. In this study, because of the relatively
short period we were able to use in the forecasts verification, scores were only computed for the whole verification period and no seasonal differences were analyzed.
Regarding the change from LML to surface forcing
for temperature (2 m), wind (10 m), and humidity (2 m),
the potential impact can be substantial, as shown by an
example for 1–10 January 2012 in Fig. 4. In such cold
winter conditions, large erroneous surface runoff values
could appear in some parts of Russia when switching to
surface forcing in HTESSEL. The representation of dew
deposition is a general feature of HTESSEL that can be
amplified in stand-alone mode. When coupled to the
atmosphere, the deposition is limited in time, as it leads
to a decrease of atmospheric humidity. However, in
stand-alone mode, since the atmospheric conditions are
prescribed, large deposition rates can be generated
when the atmospheric forcing is not in balance (e.g.,
after model grid interpolation or changing from LML to
surface forcing).
This demonstrates that with a land surface model such
as HTESSEL, particular care needs to be taken in design
of the experiments when model imbalances are expected. The use of surface data was an acceptable compromise as the sensitivity experiments highlighted only a
small impact caused by the switch from LML to surface
forcing (black dashed line in Fig. 3), and similarly by the
impact of the Rad test, confirming that the necessary
changes in the TIGGE land surface model setup did not
have a major impact on the TIGGE discharge.

b. Reanalysis impact on discharge
The quality of the historical river flow that provides
initial conditions for the CaMa-Flood TIGGE routing is
expected to have a significant impact on the forecast
skill. We analyze the discharge performance that is

TABLE 2. Detailed evaluation of the discharge sensitivity experiments at T 1 240 h range for different areas and periods. Relative
discharge differences are shown after replacing EC forcing variables, either individually or in combination, by ERAI-Land, and also the
LML with surface forcing (2 m for temperature and humidity, 10 m for wind). The whole globe, the northern extratropics (defined here as
358–708N), and the tropics (308S–308N) as well as the specific seasons are displayed.
Avg diff (%)

Rad

THP

Wind

Rad 1 THP 1 Wind

Rad 1 THP 1 Wind 1 Prec

Surf vs LML

Global
Northern extratropics
Northern extratropics JJA
Northern extratropics DJF
Tropics
Tropics JJA
Tropics DJF

1.0
1.0
0.5
1.1
1.0
0.9
1.2

2.4
3.1
0.6
2.9
1.1
0.9
1.3

0.6
0.6
0.2
0.7
0.5
0.4
0.6

2.9
3.5
0.9
3.6
1.8
1.5
2.1

15.6
12.8
13.0
9.5
17.6
15.0
18.7

0.7
0.8
0.3
0.8
0.5
0.5
0.6
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FIG. 4. Surface runoff output of HTESSEL for the period 1–10 Jan 2012 (240-h accumulation) from two EC experiments, using (a) surface
forcing and (b) LML forcing, where possible. In (a), very large erroneous surface runoff values appear in very cold winter conditions.

highlighted in Fig. 5. This shows the MAESS and
CORR for the ERAI-, ERAI-Land-, and MERRALand-simulated historical discharge from 1981 to 2010,
and for their equal-weight multimodel average (MMA).
The results are provided as continental and also as
global averages of the available stations for Europe
(;150 stations), North America (;350 stations), South
America (;150 stations), Africa (;80 stations), Asia

(mainly Russia, 60 stations), and Australia and Indonesia
(;50 stations), making ;840 stations globally.
The general quality of these global simulations is quite
low. The MAESS averages over the available stations
(see Fig. 1) are ,0 for all continents, that is, large-scale
average performance is worse than the daily observed
climatology. The models are closest to the observed
climate performance over Europe and Australia and

FIG. 5. Historical discharge forecast performance for ERAI-Land, ERAI, MERRA-Land, and their equal-weight MMA. MAESS and
CORR are provided for each continent (North America, South America, Europe, Africa, Asia, and Australia and Indonesia). The reference
forecast system in the skill score is the observed discharge climate as daily prediction. CORR are also provided for the observed climate. The
scores are continental and global averages of the individual scores of the available stations (for station reference, see Fig. 1).
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FIG. 6. Relative improvements in CORR by equal-weight average of ERAI-Land, ERAI, and MERRA-Land discharges. Values show
the change in CORR compared with the best of ERAI-Land, ERAI, and MERRA-Land. Positive values show improvement while
negative change means lower skill in the average than in the best of the three historical discharges.

Indonesia. The correlation between the simulated and
observed time series shows a slightly more mixed picture, at least in some cases; especially Europe and
Australia and Indonesia, the model is better than the
observed climate. It is interesting to note that although
the observed climate produces a high forecast time series correlation, in Asia the reanalysis discharge scores
very low for all three sources. This could be related to
the problematic handling of the snow in that area.
Figure 2 shows an example where MERRA-Land
displayed a very strong negative bias. This example
highlights the large variability among these data sources
and is not an indication of the overall quality. Although
MERRA-Land shows generally negative bias (not
shown), the overall quality of the three reanalysis-driven
historical discharge datasets is rather comparable. The
highest skill and correlation is generally shown by
ERAI-Land for most of the regions with the exception
of Africa and Australia, where MERRA-Land is superior. ERAI, as the oldest dataset, appears to be the least
skillful. Reichle et al. (2011) have found the same relationship between MERRA-Land and ERAI using 18
catchments in the United States. Although they computed correlation between seasonal anomaly time series
(rather than the actual time series evaluated here), they
could show that runoff estimates had higher correlation
of the anomaly time series in MERRA-Land than
in ERAI.
The multimodel average of the three simulations is
clearly superior in the global and also in the continental

averages, with very few exceptions that have marginally
lower MMA scores compared with the best individual
reanalysis. The MMA is able to improve on the best of
the three individual datasets at about half of the stations
globally, both in the MAESS and CORR. Figure 6
shows the improvements in correlation. The points
where the combination of the three reanalyses helps to
improve on the best model cluster are mainly over Europe, Amazonia, and the eastern United States. On the
other hand, the Northern Hemisphere winter areas seem
to show mainly deterioration. This again is most likely
related to the difficulty in the snow-related processes,
which can hinder the success of the combination if, for
example, one model is significantly worse with larger
biases than the other two. Further analysis could help
identify these more detailed error characteristics,
providing a basis for further potential improvements.

c. Improving the forecast distribution
Figure 7 displays example hydrographs of some analyzed forecast products for a single forecast run to
provide a practical impression of our experiments. The
forecasts from 18 April 2009 are plotted for the GRDC
station of Lobith in the Netherlands. The thin solid
colored lines are the four TIGGE models (ECMWF,
UKMO, NCEP, and CMA) plotted together (MM) with
ERAI-Land (red), ERAI (green), and MERRA-Land
(blue) initializations. They start from very different
levels that are quite far from the observation (thick
black line), but then seem to converge to roughly the
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FIG. 7. Example of different discharge forecast products for the
GRDC station of Lobith on the Rhine River in the Netherlands. All
forecasts are from the run at 0000 UTC 18 Apr 2009 up to T 1 240 h.
The following products are plotted: multimodel combinations of four
TIGGE models (ECMWF, UKMO, NCEP, and CMA) with ERAILand (solid red lines), ERAI (solid green lines), and MERRA-Land
(solid blue lines) initializations; 30-day-corrected (dashed–dotted
lines), initial-time-corrected (dashed lines), and 30-day- and initialtime-corrected (dotted lines) versions of the three multimodel
combinations, each with all three initializations (with the respective
colors); and finally, the BMA versions of the three multimodel
combinations (all with gray lines, only from T 1 24 h). The verifying
observations are displayed by the black line.

same range in this example. The ensemble mean of the
initial error-corrected MMs (from the three initializations with dashed lines), which by definition start from
the observed discharge at T 1 0 h, then follow faithfully
the pattern of the mean of the respective MMs. The
30-day-corrected forecasts (dashed–dotted lines) follow
a pattern relative to the MM ensemble means set by the
performance of the last 30 days. The combination of
the two bias-correction methods (dotted lines) blends
the characteristics of the two; all three versions start
from the observation (as first the initial error is removed)
and then follow the pattern set by the past 30-day performance of this initial time-corrected forecast. Finally,
the BMA-transformed (uncorrected) MMs (thin gray
lines) happen to be closest to the observations in this
example, showing a rather uniform spread throughout the
processed range from T 1 24 h to T 1 240 h.
The quality of the TIGGE discharge forecasts based
on the verified period from August 2008 to May 2010 is
strongly dependent on the historical discharge that is
used to initialize them. Figure 5 highlighted that the
daily observed discharge climate is a better predictor
than any of the three historical reanalysis-driven discharges (MAESS , 0). It is therefore not surprising that
the uncorrected TIGGE forecasts show similarly low
relative skill based on the CRPS (Fig. 8). Figure 8 also
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FIG. 8. Discharge forecast performance for forecast ranges from
T 1 0 h to T 1 240 h from August 2008 to May 2010 as global
averages of CRPSS (computed at each station over the whole period) with the following forecast products. Gray lines indicate the
four TIGGE models (ECMWF, UKMO, NCEP, and CMA) with
ERAI-Land initialization, and a multimodel combination of these
four models with ERAI-Land (red line), ERAI (green line), and
MERRA-Land (blue line) initialization is also shown. The orange
line represents a grand combination of these three multimodels,
and grand combinations for six postprocessed products are shown:
the multimodel of the 30-day correction (burgundy dashed line),
the initial error correction (purple dashed line with markers), the
30-day and initial error correction combination (solid burgundy
line with markers), two BMA versions of the multimodel—one
with the uncorrected forecasts (black line without markers) and
one with the uncorrected forecasts extended by the persistence as
predictor (black line with circles)—and the persistence forecast
(light blue dashed line with circles). The CRPSS is positively oriented and has a perfect value of 1. The 0 value line represents the
quality of the reference system, the daily observed discharge
climate.

shows the performance of the four models (gray dashed
lines). In this study, we concentrate on the added value
of the multimodel combination and do not distinguish
between the four raw models. The scores change very
little over the 10-day forecast period, showing a marginal increase in CRPSS as lead time increases. This is
indicative of the incorrect initialization, with the forecast outputs becoming less dependent on initialization
further into the medium range, and slowly converging
toward climatology.
The first stage of the multimodel combination is the
red line in Fig. 8, the combination of the uncorrected
four models with the same ERAI-Land initialization.
On the basis of this verification period and global station
list, the simple equal-weight combination of the ensembles does not really seem to be able to improve on
the best model. However, we have to acknowledge that
the performance in general is very low.
The other area where we expect improvements
through the multimodel approach is the initialization.
Figure 8 highlights a significant improvement when using
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three historical discharge initializations instead of only
one. The quality of the ERAI-Land (red), ERAI
(green), and MERRA-Land (blue) initialized forecasts
(showed here only the multimodel combination versions) are comparable, with the ERAI-Land slightly
ahead, which is in agreement with the results of the
direct historical discharge comparisons presented in
section 4b. However, the grand combination of the three
is able to improve significantly (orange line) on all of
them. The improvement is much larger at shorter lead
times as the TIGGE meteorological inputs provide lower
spread, and therefore the spread introduced by the different initializations is able to have a bigger impact.
The quality of the discharge forecasts could be improved noticeably by introducing different initial conditions. However, the CRPSS is still significantly below
0, pointing to the need for postprocessing. In this study,
we have experimented with a few methods that were
proven to be beneficial.
The 30-day correction removed the mean bias of the
most recent 30 runs from the forecasts. Figure 8 shows
the grand combination of the 30-day bias-corrected
multimodels (with all three initializations), which
brings the CRPSS to almost 0 throughout the 10-day
forecast range (burgundy dashed line in Fig. 8). This
confirms that the forecasts are severely biased. In addition, the shape of the curve remains fairly horizontal,
suggesting this correction is not making the best use of
the temporal patterns in the bias.
Further significant improvements in CRPSS are
gained at shorter forecast ranges by using the initial time
correction (purple dashed line with markers in Fig. 8),
which does make use of temporal patterns in the bias.
The shape of this error curve shows a typical pattern
with the CRPSS decreasing with forecast range, reflecting the decreasing impact of the initial time correction and increased uncertainty in the forecast. The
impact of the initial time errors gradually decreases until
it finally disappears by around day 5 or 6, when the
30-day correction becomes superior.
The combination of the two methods, by applying the
30-day bias correction to forecasts already adjusted by
the initial time correction, blends the advantages of both
corrections. The CRPSS is further improved mainly in
the middle of the 10-day forecast period with disappearing gain by T 1 240 h (solid burgundy line with
markers in Fig. 8).
The fact that the performance of the 30-day correction is worse in the short range than the initial time
correction highlights that the impact of the errors at
initial time has a structural component that cannot be
explained by the temporally averaged bias. Similarly,
the initial time correction cannot account exclusively
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for the large biases in the forecasts as its impact trails
off relatively quickly.
The persistence forecast shows a distinct advantage
over these postprocessed forecasts (light blue dashed
line with circles in Fig. 8). There is positive skill up to
T 1 144 h and the advantage of the persisted observation
as a forecast diminishes, so that by T 1 240 h its skill is
similar to that of the combined corrected forecasts. This
further highlights that the utilization of the discharge
observations in the forecast production promises to
provide a really significant improvement.
It is suggested that the structure of the initial errors
has two main components: (i) biases in the reanalysis
initializations due to biases in the forcing (e.g., precipitation) and in the simulations (e.g., evapotranspiration) and (ii) biases introduced by timing errors in the
routing model due, in part, to the lack of optimized
model parameters. A further evaluation of the weight of
each of these error sources is beyond the scope of
this study.
The final of our trialed postprocessing methods is the
BMA. In Fig. 8, similarly to the other postprocessed
products, only the grand combination is displayed of the
three BMA-transformed MMs with the different initializations. The BMA of the uncorrected forecasts was
able to increase further the CRPSS markedly across all
forecast ranges except T 1 24 h (black line without
markers). The results for T 1 24 h suggest that at this
lead time the perfect initial error correction from T 1 0 h
still holds superior.
The other two BMA versions, one with the uncorrected forecasts extended by the persistence as predictor
(black line with circles) and one with the initial-timecorrected forecasts (not shown), both provide further
skill improvements. The one with the persistence performs overall better, especially in the first few days. The
BMA incorporating the persistence forecast remains
skillful up to T 1 168 h, the longest lead time of any of
the forecast methods tested. At longer lead times (days
8–10) the BMA of the uncorrected model forecast appears to provide the highest skill of all the postprocessed
products. This is evidence that the training of the BMA
is not optimal. This is in part due to the estimation
methodology used. More significantly experiments (not
reported) show that the optimal training window for the
BMA varies across sites, showing a different picture for
the BMA with or without persistence, and also delivering potentially higher global average skill using a
longer window.
Although Fig. 8 shows only the impact of the four
postprocessing methods on the grand combination of
the MM forecasts, the individual MMs with the three
initializations show the same behavior. The GMMs
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FIG. 9. Distribution of the skill increments over all stations provided by six combination and postprocessing products for two time ranges:
(a) T 1 24 h and (b) T 1 240 h. The x axis shows the reference skill, the average CRPSS of the four TIGGE models with the ERA-Land
initialization, while the y axis displays the CRPSS of the postprocessed forecasts at the stations. The six products are the MM combination of
the four models with ERAI-Land (red circles), the GMM combination of the three uncorrected MMs (green triangles), and the GMM
combination of four postprocessed products: the 30-day-corrected MMs (orange triangles), the initial-time-corrected MMs (cyan squares),
the combined 30-day- and initial-time-corrected MMs (purple stars), and finally the BMA-transformed MMs of the uncorrected forecasts
(blue stars), where all the MMs are the three MM with the different initializations. The diagonal line represents no skill improvement; above
this line the six products are better, while below it they are worse than the reference. The CRPSS values are computed based on the period
from August 2008 to May 2010. Some of the stations that have reference CRPSS below 25 are not plotted.

always outperform the three MMs for all the postprocessing products; for example, for the most skillful
method, the BMA, the grand combination extends the
positive skill by ;1 day (from around 5 days to 6 days,
not shown).
The distribution of the skill increments over all stations provided by different combination and postprocessing products is summarized in Fig. 9 at T 1 24 h
(Fig. 9a) and T 1 240 h (Fig. 9b). The reference skill is
the average CRPSS of the four TIGGE models with the
ERA-Land initialization (these values are represented
by the gray dashed lines in Fig. 8). Figure 9 highlights the
structure of the improvements in different ranges of the
CRPSS for the different methods over all verified stations in the period from August 2008 to May 2010. The
picture is characteristically different at different lead
times, as suggested by the T 1 24 h and T 1 240 h plots.
At short range, the improvements of the different
products scale nicely into separate bands. The relatively
simple MM combination of the four models with ERAILand (red circles) does not improve on the forecast; the
increments are small and with mixed sign. The GMM
combination of the three uncorrected MMs (green triangles) shows a marked improvement, and the 30-day
correction version (orange triangles) improves further
while the initial time correction products (cyan squares
and purple stars) show the largest improvement over
most of the stations. At this short T 1 24 h range, the

BMA (blue stars) of the uncorrected forecasts is slightly
behind, which is a general feature across the displayed
CRPSS range from 25 to 1.
In contrast to the short range, T 1 240 h provides a
significantly different picture. The relatively clear
ranking of the products is gone by this lead time. The
MM and GMM combinations are able to improve
slightly for most of the stations, but at this range the
contribution seems to be generally always positive. The
postprocessing methods at this medium range, however,
deteriorate the forecasts sometimes, especially in the
range from 21 to 0.5 (the 30-day correction seems to
behave noticeably better in this respect). The general
improvements are clear though for most of the stations,
and also the overall ranking of the methods seen in Fig. 8
is reflected, although much less clearly than at T 1 24 h,
with the BMA topping the list at T 1 240 h.
Finally, Fig. 10 presents the discharge performance we
could achieve in this study for all the stations that could
be processed in the period from August 2008 to May
2010 at T 1 240 h. It displays the CRPSS of the best
overall product, the GMM with the BMA of the uncorrected forecasts (combination of the three BMAtransformed MMs with the three initializations without
initial time or 30-day bias correction). The variability of
the scores is very large geographically, but there are
emerging patterns. Higher performance is observed in
the Amazon and in central and western parts of the
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FIG. 10. Global CRPSS distribution of the highest quality postprocessed product at T 1 240 h, the grand multimodel combination of the
BMA-transformed uncorrected forecasts, based on the period from August 2008 to May 2010. The CRPSS is positively oriented and has
a perfect value of 1. The 0 value represents the quality of the reference system, the daily observed discharge climate.

United States, while lower CRPSSs are seen over the
Rocky Mountains in North America and in northerly
points in Europe and Russia. Unfortunately, the geographical coverage of the stations is not good enough to
draw more detailed conclusions.

5. Conclusions
This study has shown aspects of building a global
multimodel hydrometeorological forecasting system
using the TIGGE archive and analyzed the impact of the
postprocessing required to run a multimodel system on
the forecasts.
The atmospheric input was taken from four operational global meteorological ensemble systems, using
data available from TIGGE. The hydrological component of this study was the HTESSEL land surface model
while the CaMa-Flood global river-routing model was
used to integrate runoff over the river network. Observations from the GRDC discharge archive were used for
evaluation and postprocessing.
We have shown that the TIGGE archive is a valuable
resource for river discharge forecasting, and three main
objectives were successfully addressed: (i) the sensitivity
of the forecasting system to the meteorological input
variables, (ii) the potential improvements to the historical discharge dataset (which provides initial river conditions to the forecast routing), and (iii) improving the
predictive distribution of the forecasts. The main outcomes can be grouped as follows:

(i) The impact of replacing or altering the input
meteorological variables to fit the system requirements is small and allows the use of variables from
the TIGGE archive for this hydrological study.
(ii) The multimodel average historical discharge dataset
provides a very valuable source of uncertainty and a
general gain in skill.
(iii) Significant improvements in the forecast distribution can be produced through the use of initial time
and 30-day bias corrections on the TIGGE model
discharge, or on the combination of the forecast
models; however, the combination of techniques
used has a big impact on the improvement observed, with the best BMA products providing
positive skill up to 6 days.
The quality of the raw TIGGE-based discharge forecasts has been shown to be low, mainly determined by
the limited performance of the reanalysis-driven historical river conditions analyzed in section 4b. The lower
skill is in agreement with results found in other studies.
For example, Alfieri et al. (2013) showed that in the
context of GloFAS, the LISFLOOD hydrological model
(Van Der Knijff et al. 2010), forced by ERAI-Land
runoff, shows variable performance based on the 1990–
2010 historical period. From the analyzed 620 global
observing stations the Pearson’s correlation coefficient
reaches as low as 20.2, and only 71% of them provide
correlation values above 0.5. Donnelly et al. (2015)
highlighted similar behavior with the E-HYPE system
based on 181 river gauges in Europe for 1981–2000. The
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correlation component of the Kling–Gupta efficiency
started around 0, and geographical distribution of values
in Europe was very similar to our result (not shown).
The lowest correlation was found mainly in Spain and in
Scandinavia, with a comparable average value to our
European mean of 0.6–0.7 (see Fig. 5).
The combination and postprocessing methods we
applied to the discharge forecasts provided significant
improvement of the skill. Although the simple multimodel combinations and the 30-day bias correction
(removing the mean error of the most recent 30 days)
both provide significant improvements, they are not
capable of achieving positive global skill (i.e., outperform the daily observed discharge climate). The
initial time correction, by adjusting to the observations
at initial time and applying this error correction into
the forecast, is able to provide skill in the short range
(only up to 2–3 days), especially when combined with
the 30-day correction. However, the impact quickly
wears off and for longer lead times (up to about 6 days)
only the BMA postprocessing method is able to provide positive average global skill (closely followed by
the persistence).
Although other studies could show significant improvement by using multiple meteorological inputs
(e.g., Pappenberger et al. 2008), in this study the impact
of combining different TIGGE models is rather small.
This is most likely a consequence of the overwhelming
influence of the historical river conditions on the river
initialization. The grand combinations, when we combine the forecasts produced with different reanalysisdriven historical river conditions, however, always
outperform the individual MMs (single initialization)
for all the postprocessing products. They provide a noticeable overall skill improvement, which in our study
translated into an extension of the lead time, when the
CRPSS drops below 0, by about one day as a global
average for the most skillful BMA forecasts.
In the future we plan to extend this study to address
other aspects of building a skillful multimodel hydrometeorological system. The following areas are considered:
(i) Include other datasets that provide global coverage
of runoff data on high enough horizontal resolution, such as the Japanese 55-year Reanalysis
(JRA-55; Kobayashi et al. 2015) or the NCEP
Climate Forecast System Reanalysis (CFSR; Saha
et al. 2010) to provide further improvements in the
initial river condition estimates.
(ii) Introduce the multihydrology aspect by adding
an additional land surface model such as the Joint
UK Land Environment Simulator (JULES; Best
et al. 2011).
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(iii) The presented scores in this study are relatively low
even with the postprocessing methods applied. To
achieve significantly higher overall scores, the information on the discharge observations should be
utilized in the modeling.
(iv) Similarly, the discharge quality could be significantly improved by better calibration of many of
the watersheds in the CaMa-Flood routing.
(v) Alternatively, the application of different riverrouting schemes such as LISFLOOD, which is
currently used in the GloFAS, would also provide potential increase in the skill through the
multimodel use.
(vi) Further analysis of the errors and the trialing of
other postprocessing methods could also lead to
potential improvements. In particular, better allowance should be made for temporal correlation
in the forecast errors. The use of the extreme
forecast index (Zsótér 2006) as a tool to compare
the forecasts to the model climate could potentially
bring added skill into the flood predictions.
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