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Abstract
The European flood alert system (EFAS) achieves early flood warnings for large to medium-
size river basins with lead times of 10 days. This is based on probabilistic weather forecasts,
the exceedance of alert thresholds and persistence. The methodologies have been tested
for different events and time scales in mid-latitude basins in Europe. In this article, the
transferability of the EFAS-methodologies to equatorial African basins is assessed with
the analysis of the Juba–Shabelle river basin as an example using a variety of different
meteorological data sources. In this context, ERA-40 and CHARM have been used for the
calculation of climatologies; re-forecasts of the current operational European Centre for
Medium-Range Weather Forecasts model provided hindcasts of historic flood events. The
results show that flood events have been detected successfully in more than 85% of all
cases, with a high accuracy in terms of timing and magnitude. Copyright  2010 Royal
Meteorological Society
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1. Introduction

Over the last few years, Africa has increasingly experi-
enced severe transnational floods that have caused sub-
stantial socio-economic losses and put enormous pres-
sure on countries across the continent (Theron, 2007;
Dartmouth Flood Observatory, 2009). Planning, coor-
dination and realisation of flood prevention, protection
and mitigation measures require a certain amount of
time prior to the flood event, and this can be provided
through early flood prediction.

The forecasting skills of medium-range flood pre-
diction systems depend largely on the quality of
the meteorological forecast and on the performance
of the hydrological model. In recent years the skill
of meteorological forecasts has noticeably improved
(McBride and Ebert, 2000; Hamill et al., 2007),
whereas the skill of hydro-meteorological forecast
systems has improved by 1–2 days over the last
10 years (Pappenberger and Thielen, 2009, personal
communication). Thus it is not surprising that the
application of probabilistic rainfall forecasts from
ensemble prediction systems (EPSs) has gained in

importance within the hydrological community leading
to the development of hydrological ensemble pre-
diction systems (HEPS) (Buizza, 2008; Pappenberger
et al., 2008a,b; Cloke and Pappenberger, 2009; Cloke
et al., 2009). This increased use of EPS is due to its
ability to account for uncertainties related to future
meteorological conditions, with lead times of up to
2 weeks, which is well beyond the limits of possi-
bility of deterministic models, and results in more
skilful forecasts (Pappenberger et al., 2005; Thielen
et al., 2009b).

The European flood alert system (EFAS) is an
advanced prototype of a continental flood warning
system. It uses multiple weather forecasts from EPS
to produce probabilistic flood alerts with lead times
up to 10 days. EFAS information is complementary
to national systems and provides a unique European
overview for the coordination of aid during flood
events that require international assistance (Thielen
et al., 2009a).

In this article, we have studied to what extent
the methodologies of EFAS can be transferred to
semi-arid environments in Africa and outlines the
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Figure 1. Juba–Shabelle river basin.

quality of the different climatological data. Such a
coupled system also enables evaluation of the per-
formance of meteorological forecasts and integrated
re-analysis over time and space (Pappenberger and
Buizza, 2009).

The remainder of this article is organised in four
sections. In Section 2, a short description of the
study area, the model set-up, the input data and the
EFAS-methodologies are given. This is followed by a
presentation of the evaluation methods in Section 3,
an analysis of the results in Section 4 and conclusions
in Section 5.

2. Description of the study area, input data,
model set-up and EFAS-methodology

2.1. The study area: Juba–Shabelle river basin

The Juba–Shabelle river basin is shared between
Somalia, Ethiopia and Kenya, and covers an area
of 783,000 km2 (Figure 1). The Juba and Shabelle
rivers are 1100 and 1700 km long, respectively. The
altitude of both rivers ranges from more than 3000 m
above mean sea level (AMSL) in the eastern Ethiopian
highlands to sea level.

The climate is determined by the north-easterly
and south-easterly winds of the Intertropical Con-
vergence Zone over the Ethiopian highlands result-
ing in tropical arid to dry and sub-humid conditions,
with two distinctive annual rain seasons: the so-called
Gu’ (long rains) from April to June, and the Deyr
(short rains) from October to November (Artan et al.,
2007).

The two rain seasons are reflected in the hydro-
graph by a twice-yearly flooding period (Figure 2).
The mean annual runoff at Luuq is more than 2.5
times the one measured at Belet Weyne, although the
catchment area upstream of the gauging station Belet
Weyne is about one-fifth larger than the catchment area
upstream of the gauging station Luuq (Table I). This
is partly due to higher annual rainfall in the head-
waters of the Juba and due to the different nature of
the geological formations underlying the two rivers.
Both rivers show a progressive discharge reduction
towards the outlet due to the lack of any signifi-
cant flow contribution in Somalia, major natural losses
(e.g. evaporation and infiltration) and human-driven
withdrawals for irrigational purposes (Artan et al.,
2007).
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Figure 2. Long-term average (1970–1989) flows in m3/s.
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Table I. Characteristics of gauging stations (locations are also marked in Figure 1).

Data
Altitude 100-yr return Mean annual Upstream Sampling

Station/stream (m AMSL) period (m3/s) discharge (m3/s) area (km2) frequency Start End Missing

Luuq/Juba 141.4 2031 191.0 166000 Daily 1951 To date 1968, 1991–2000
Belet Weyne/Shabelle 176.1 576 74.3 207000 Daily 1951 To date 1953, 1991–2001

Table II. Meteorological input data.

ERA-40
(Uppala et al., 2004)

CHARM
(Funk et al., 2003)

ERA-interim
(Berrisford et al., 2004)

RFE
(NOAA-CPC, 2002)

VAREPS
(Buizza, 2009)

Released by ECMWF Geography
Department,
University of
California in Santa
Barbra (UCSB) and
United States
Geological Survey
(USGS)

ECMWF National Oceanic and
Atmospheric
Administration,
Climate Prediction
Center
(NOAA-CPC)

ECMWF

Data type Re-analysis of past
observations using
NWP models

Blended
gauge-satellite
product, re-analysis
fields and orographic
model output

Re-analysis of past
observations using
NWP models

Blended
gauge-satellite
product

Probabilistic
re-forecasts using EPS

Temporal
resolution

6 h 24 h 6 h 24 h Staggered, 3 h (days
1–4) and 6 h (days
5–15)

Spatial resolution 120 km 10 km 80 km 0.1◦ Staggered, 50 km
(days 1–4)∗ and
80 km (days 5–15)

Time periods
provided

1 January 1959 to
31 August 2002

1 January 1961 to 31
December 1996

1 September 2002 to
31 December 2007

1 January 2001 to 31
December 2008

1 October 1977 to
25 November 1977,
16 March 1981 to 3
May 1981

∗ [Correction made here after initial online publication.]

2.2. Input data

2.2.1. Meteorological data

Meteorological observations available for this study
area are sparse, derived from an unevenly distributed
gauge network, and time series are often interrupted
by missing records. Therefore, the study has instead
been based on four re-analysis datasets, ERA-40,
CHARM, ERA-interim and RFE 2.0 (Table II). In
fact, this article focusses exclusively on ERA-40
and CHARM, because the temporal period of both
presented hindcasts is only captured by these datasets.

For the probabilistic flood forecast, the Euro-
pean Centre for Medium-Range Weather Forecasts
(ECMWF)- VAREPS data (Table II; Buizza et al.,
2007; Vitart et al., 2008) were used, which were
specifically recalculated for this case study by
ECMWF, using the latest model version (cycle 33R3,
Buizza, 2009).

2.2.2. Reference discharge data

Within Somalia, the two uppermost gauging stations,
Luuq and Belet Weyne, have been chosen as refer-
ence gauges for the hydrological calculations. These

locations allow the expansion of research from earlier
studies (the Somalia Flood Forecasting Model, Artan
et al., 2007), which provide short-range inflow fore-
casts based on river routing only without hydrological
components and the use of NWP data. Table I gives
an overview of the characteristics of these stations.

2.3. Model set-up and EFAS-methodology

In EFAS, the hydrological calculations are accom-
plished using LISFLOOD – a distributed grid-based
hydrological rainfall-runoff model (Van der Knijff and
de Roo, 2008). LISFLOOD is a hybrid model con-
sisting of physical and conceptual components. As
such, most model parameters are physically based and
thus derivable from literature, whereas the remaining
parameter values have to be adjusted through model
calibration.

LISFLOOD was calibrated based on meteorologi-
cal and hydrological data from the last five decades.
Parameter sensitivity has been established by using
a global sensitivity analysis (Cloke et al., 2008;
Pappenberger et al., 2008a,b). Sensitive parameters
have then been optimised in a two-step approach:
first manually using the trial-and-error method and
then automatically applying the Shuffled Complex

Copyright  2010 Royal Meteorological Society Atmos. Sci. Let. 11: 123–131 (2010)



126 V. Thiemig et al.

Evolution (SCE-UA) algorithm (Duan et al., 1994).
No hydrological parameter uncertainty has been con-
sidered under the assumption that meteorological
uncertainty will dominate the hydrological response
(He et al., 2009).

Due to large differences in the spatial and tempo-
ral distribution of the rainfall fields within the differ-
ent meteorological datasets (ERA-40, CHARM, ERA-
interim and RFE 2.0) all datasets were applied inde-
pendently from each other during the calibration and
calculation of initial conditions.

For the actual flood forecasting (i.e. hindcasting),
15-day ensemble weather forecast data were fed into
LISFLOOD, resulting in an ensemble of simulated
hydrographs.

In EFAS, a flood alert is emitted if the discharges
exceed critical thresholds (low, medium, high and
severe) and if the exceedance has been sufficiently
persistent over previous forecasts (the EFAS decision
support rules; Ramos et al., 2007; Bartholmes et al.,
2009; Thielen et al., 2009). For EPS-based forecasts,
an event is defined if a certain number of EPS (i.e.
at least 10 out of 51) have persistently exceeded the
critical thresholds (Bartholmes et al., 2008).

The determination of the thresholds thus plays
a crucial role for the system. For this study, the
alert thresholds were derived based on return-periods.
The 2-year, 5-year, and 10-year return-periods of the
hydrological time series were defined as the low,
medium and high alert threshold, whereas the severe
alert threshold corresponds to the highest recorded
discharge value.

3. Evaluation method

Hindcasts for the historical flood events of Deyr
1977 and Gu’ 1981 were calculated. A long-term run
has been computed over a time period of 21 years
(1 January 1961 to 31 December 1981) using the
meteorological datasets CHARM and ERA-40 as well
as the respective calibration setting. The initial con-
ditions were extracted from the simulated discharge
series on a daily basis during the flood event. Based
on these initial settings, the hindcasts using the proba-
bilistic precipitation re-forecasts of the ECMWF EPS

are calculated on a daily time step. Hence, every flood
event has been hindcasted twice, once for each initial-
isation setting.

This study addresses the potential use of VAREPS
and re-analysis data for flood forecasting in Africa.
Influences from insufficient model calibration or deter-
mination of initial conditions are therefore excluded
and ensemble forecasts are compared against simu-
lated discharges driven with ERA-40 and CHARM,
the so-called proxy hydrological record.

The applicability of the hindcasting methodology is
assessed visually and by multiple statistical methods
(as suggested by e.g. Cloke et al., 2008). The visual
assessment of the model performance is facilitated by
the compilation of colour-coded threshold exceedance
diagrams; whereas the statistical reasoning is based
on various skill scores such as the continuous rank
probability score (CRPS), relative operating charac-
teristics (ROC), spread–skill relationship, ranked his-
togram and the Pearson product-moment correlation
coefficient (R).

4. Results

4.1. Quality of meteorological data

The quality of the two different long-term meteo-
rological datasets, ERA-40 and CHARM, is deter-
mined based on mutual comparison. In principle, as
both datasets try to reproduce a close approxima-
tion of the meteorological situation, they should be
in agreement with each other. However, the long-term
annual average precipitation reveals a significant dif-
ference between both datasets. Table III shows that the
discrepancy between ERA-40 and CHARM remains
independent of the reference time period almost con-
stant with CHARM corresponding approximately to
1.5 times ERA-40.

In contrast, the spatial distribution of the long-
term annual average precipitation (Figure 3) shows
that despite the different resolution of the datasets, the
rough spatial distribution of the precipitation fields is
in good agreement. Both datasets show an increased
amount of precipitation over the Ethiopian highlands
and in the coastal area. Quantitatively, however, the

Table III. Comparison of the different meteorological datasets.

Luuq Belet Weyne

ERA-40 CHARM ERA-40 CHARM

Long term Annual areal average upstream of
the gauging station (mm/year)

520 814 505 776

Correlation 0.38 0.36
1976–1981 (calibration period) Annual areal average upstream of

the gauging station (mm/year)
617 903 561 777

Correlation 0.39 0.41
1982–1987 (validation period) Annual areal average upstream of

the gauging station (mm/year)
477 663 449 684

Correlation 0.47 0.38
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(a) ERA-40 (1959 – 2002) (b) CHARM (1960 – 1996)

Figure 3. Comparison of the long-term annual average precipitation (mm/a) of the different long-term meteorological datasets
ERA-40 (a) and CHARM (b) with the observations (mm/a) released within the FAO CLIMWAT database.

Figure 4. Colour-coded threshold exceedance diagram for the hindcast in Gu’ 1981 for Belet Weyne, showing the persistence on
the number of EPS-based simulations exceeding the low, medium and high threshold; initial conditions based on CHARM data. The
x-axis shows the day of each forecast. The y-axis indicates the forecasted day. The time period, in which the proxy hydrological
record exceeds the equivalent alert threshold, is indicated using a dark blue cell border at the heading of the matrix.

datasets are clearly different. In order to assess the
uncertainty, the datasets are visually compared with
the long-term observations that have been released
within the FAO CLIMWAT database (Smith, 1993).
Comparing those, ERA-40 shows a slight overestima-
tion at the coast, whereas the CHARM data exhibits an
overestimation in the northern part of the catchment.

Obviously this is a very coarse verification and one
should bear in mind that due to the non-linear filter of
the hydrological system small but systematic differ-
ences in rainfalls may have significant consequences
for the subsequent discharges.

Furthermore the fairly low correlation between
ERA-40 and CHARM (from 0.36 to 0.47) in Table III
confirms a high degree of uncertainty in the meteoro-
logical datasets.

Similar results have been reported in the literature.
Funk et al. (2003) stress that the temporal variabil-
ity of precipitation is in general very well captured
by the CHARM algorithm. As the literature evaluates
the performance of CHARM with reference to two
case studies (one in Kenya and the other in Mali)
no direct statement about the performance for the
region examined in this study can be given here. How-
ever, Funk et al. (2003) show that in mountainous
regions, that are well represented within the Global
Historical Climate Network (GHCN) dataset, the long-
term average shows considerable positive bias, indi-
cating an overestimation of the precipitation. As the
Ethiopian highlands are well represented by the GHCN
dataset it can be presumed that the precipitation is
uncertain.

Copyright  2010 Royal Meteorological Society Atmos. Sci. Let. 11: 123–131 (2010)
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Figure 5. Development of the Pearson product-moment correlation between the proxy hydrological record and the EPS-based
simulations over the 15-day lead time period.

Concerning the quality of the ERA-40 data Diro
et al. (2009) state that the spatial and seasonal variabil-
ity of the rainfall climatology are in general well cap-
tured in Ethiopia, whereas the mean amount of rainfall
over the Ethiopian highlands is underestimated.

4.2. Quality of hydrological predictions

Figure 4 summarises the results from the forecasts
starting on 23 March 1981. Threshold exceedances
are represented in a calendrical matrix; each row
holds a 15-day EPS-based hydrological hindcast for
the specific day the meteorological forecast has been
processed; each column represents the consecutive
development of the hindcast for a specific calendar
day. Therefore, the number of EPS-based simulations
exceeding the flood alert thresholds is shown within
the matrix, whereas the time period, in which the
proxy hydrological record exceeds the equivalent alert
threshold, is indicated using a dark blue cell border
at the heading of the matrix. Hence, if the colour-
coded rows and columns overlap each other then the
flood has been hindcasted successfully (Ramos et al.,
2007).

The threshold exceedance diagram for the flood
hindcast of Gu’ 1981 for the gauging station Belet
Weyne, shown in Figure 4, serves as a representa-
tive example of the general performance of all hind-
casts. Keeping the decision support rules of EFAS in
mind (Section 2.3), the alarm for the flood in Gu’
1981 at the gauging station Belet Weyne would have
been primarily processed on 25 March indicating a
low flood with a medium probability (18 out of 51
EPS-based simulations) starting on 3 April. Due to
consecutive daily monitoring of the expected situation
the starting date of the flood event is progressively
adjusted. Hence, on 27 March the flood event is pre-
dicted to start from 31 March, which is also the date
at which the proxy hydrological record exceeds this
threshold. The same accuracy can be seen for the
medium and high alert threshold. Despite the loss in
lead time caused by the criteria of persistence, the
flood event has been forecasted successfully 4 days
in advance. That the magnitude of the flood event
is well captured can be determined by the fact that

both EPS-based simulations and proxy hydrological
record exceed the same thresholds. Hence from a
visual point of view, the hindcasting methodology
results in a flood forecast that is characterised by a
very high accuracy of both the timing and magni-
tude.

Considering the visual evaluation of all hindcasts
(not shown), the flood signal could be detected suc-
cessfully in seven out of eight cases. The accuracy in
lead times varies from case to case and alert level sig-
nificantly from 1 up to 8 days, whereas the accuracy
concerning the magnitude of flooding was captured
correctly in six out of eight events.

Statistical analysis supports the visual findings. The
correlation plots (Figure 5) indicate a very high associ-
ation (R > 0.9) for the first few lead days and a fairly
good overall association (R > 0.6). Only the correla-
tion for the ERA-40-based hindcast (1981) decreases
significantly to a very low level of 0.2 indicating major
deviations from the proxy observations. Further, com-
paring both plots it can be seen that Belet Weyne
shows the tendency to perform slightly better than
Luuq.

The spread–skill relationship assesses the relation-
ship between mean standard deviation and standard
deviation of the mean absolute error. A perfect ensem-
ble implies that the statistical properties of the true
value of discharge (here: of the proxy hydrologi-
cal record) are identical to the statistical properties
of the ensemble, in which case the mean standard
deviation is equal to the standard deviation of the
mean absolute error (Palmer et al., 2005) [Correction
made here after initial online publication]. Based on
this, the ERA-40 exhibits a very good spread–skill
relationship as the curves are located very close
together (Figure 6(a)). The CHARM relationship per-
forms less well indicating an ensemble which is signif-
icantly under-dispersive. It is probably not a surprise
that the ECMWF-VAREPS forecasts provide a better
spread–skill relationship with respect to the ERA-
40 than CHARM as there is a larger similarity in
the model generation. The comparison with CHARM
suggests an under-dispersive model, which does not
exhibit enough spread to capture the proxy hydrolog-
ical record sufficiently.
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Figure 6. Spread–skill relationship (a) and CRPS reliability (b) (both in m3/s) for the flood hindcasts in Gu’ 1977 and Deyr 1981
over the 15-day lead time.

The ROC allows to assess the performance of a fore-
casting system that distinguishes between the intrin-
sic discrimination capacity and the decision thresh-
old of the system. In this context, discrimination
means the ability of the forecast system to distinguish

between occurrences of the event and non-occurrences,
by forecasting a different set of probabilities before
the occurrences of the event than before the non-
occurrences. A forecast is skilful if the ROC-graph lies
above the 1 : 1 line (Jolliffe and Stephenson, 2003).
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Although it was observed that the graph decreased
with increasing lead time, it always remained well
above the 1 : 1 line indicating a skilful forecast with a
high discriminatory power. This is representative for
all hindcasts (except flood event 1981, Luuq, ERA-
40).

In a last step, it was assessed that the forecast (hind-
cast) performs better than guessing or a benchmark.
The ROC score has already established that there is
some skill in the system. An additional way to eval-
uate this is to compute the CRPS of a climatology,
i.e. benchmark. In this study, the benchmark is set to
an average performance for this particular date. The
results (Figure 6(b)) show that the CRPS of this bench-
mark (green graph) is always significantly worse than
the one of the forecast (red graph), which indicates
that the forecast system is skilful.

5. Conclusions

The potentials of a hydrological ensemble predic-
tion system for flood forecasts using the EFAS-
methodologies in combination with medium-range
probabilistic weather forecasts have been investigated
for Africa, i.e. the Juba–Shabelle river basin. The
applied flood forecasting approach relies on the cri-
teria of threshold exceedance (minimum 10 out of 51
EPS-members) and the persistence of this signal.

In order to assess the pure performance of the
hindcasting methodology the model outcome was
compared against the proxy hydrological record. In
this case, the performance of the hindcast depends
solely on the quality of the meteorological data and
the capabilities of the hydrological model; possible
after-effects from the calibration are excluded.

The results show that in seven out of eight cases
the flood signal has been detected successfully. The
visual inspection depicts a high accuracy in terms of
timing and magnitude. Focussing on the processing of
flood forecasts that exceed the high alert threshold the
lead time is on average around 6–8 days. The statisti-
cal evaluation applying a number of appropriate skill
scores, such as the Pearson product-moment correla-
tion coefficient (R), the spread–skill relationship, ROC
and CRPS, revealed the capability of the forecasting
system to perform better than guessing.

Future model adaptations focussing on the imple-
mentation of hydrological model components that
account for semi-arid areas and significant water man-
agement issues (e.g. water withdrawal) promise to
improve the accuracy of the hydrological calculations.

Overall, the article has shown that the EFAS-
methodologies are transferable to African basins to
produce probabilistic flood forecasts to assist national
authorities in improved decision making, provided that
there is good-quality meteorological data.
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