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Abstract

Ensemble prediction system (EPS) meteorological forecasts are increasingly being used as
input to hydrological models in order to extend flood-warning lead-times and to improve
forecasts and the knowledge of their uncertainty. Probabilistic skill scores classically
used in meteorology are usually also utilized for assessing the quality of hydrological
ensemble forecasts. However, the different river discharge magnitudes can make difficult the
interpretation and comparisons of these scores, as it is for the continuous rank probability
score (CRPS). In this letter, a novel ‘Reduction’ CRPS (RCRPS), which takes into account
the different river discharge magnitudes, is proposed, and its usefulness is exhibited.
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I. Introduction

Hydrological forecasting systems increasingly use
meteorological forecasts from ensemble prediction
systems (EPS) as inputs (Schaake et al., 2007; Bogner
and Kalas, 2008; Pappenberger et al., 2008; Thielen
et al., 2008; Cloke and Pappenberger, 2009; Cloke
et al., 2009; Pappenberger and Buizza, 2009). Such
hydrological ensemble prediction system (HEPS) fore-
casts often have both a deterministic and probabilistic
component (Thielen et al., 2009a, 2009b). The deter-
ministic forecast provides a single high resolution esti-
mate, most useful for accurate spatial prediction at
short lead-times. The probabilistic forecast provides
additional information, i.e. the indication of the pos-
sibility of an extreme event, an estimate of forecast
uncertainty, possibility of extending flood warning
lead-times to the medium-range, and the probabilis-
tic information for the transformation into cost-loss
and hedging options in decision making (Gouweleeuw
et al., 2005; Laio and Tamea, 2007; Roulin, 2007;
Verbunt et al., 2007).

However, evaluating probabilistic HEPS can be
a problem due to the different magnitude order of
rivers discharges. A similar problem of the evaluating
probabilistic forecast by the Spread of ensemble and
root mean squared error (RMSE) scores has already
been pointed out by Randrianasolo et al. (2010) and
Thirel et al. (2010). Regarding the continuous rank
probability score (CRPS), a probabilistic skill-score
often applied in meteorology, Laio and Tamea (2007)
pointed out this problem while they used it on different
catchments.

Copyright © 2013 Royal Meteorological Society

To overcome this problem and to have a proba-
bilistic skill-score independent on the magnitude of
the studied variable, the Reduction CRPS (RCRPS) is
introduced in this letter. This score is based on a nor-
malization of the CRPS by the standard deviation of
river discharges and preserves the noteworthy prop-
erties of the CRPS (Hersbach, 2000; Candille et al.,
2007; Laio and Tamea, 2007; Candille, 2009), namely:

1. It is sensitive to the entire permissible range of the
parameter of interest;

2. Its definition does not require the introduction of
a number of predefined classes, on which results
may depend;

3. It can be interpreted as an integral over all possible
Brier scores (Brier, 1950);

4. For a deterministic forecast, the CRPS is equal
to the mean absolute error (MAE) and therefore,
has a clear interpretation, and thus this score
permits the comparison of the deterministic and
the probabilistic forecast of an HEPS. This quality
is necessary for decision making for earlier flood
alerts, when the weighting of different components
of an HEPS needs to be optimized. In the case
of the RCRPS, it is equal to Ratio-MAE for
deterministic forecasts;

5. It can be interpreted as an average value of
Expected Cost (the cost/loss ratio score is men-
tioned in Laio and Tamea, 2007);

6. It permits the comparison of two (H)EPSs.

In Section 2 of this letter, we present a resume of
the CRPS and introduce the definition of Reduction
CRPS. In Section 3, the test bed and HEPS datasets
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used for this study are described. In Section 4, we carry
out the evaluation of the HEPS discharge forecast in
order to demonstrate best practice in the application of
skill scores and discuss the results. Conclusions and a
proposal for future work are drawn in Section 5.

2. Continuous rank probability score and its
adaptation for hydrological applications, the
reduction CRPS

The CRPS (Stanki ef al.,, 1989) measures the dis-
tance between the predicted and the observed cumula-
tive distribution functions (CDFs) of scalar variables.
Hersbach (2000) proposed a reliability-resolution-
uncertainty decomposition of the CRPS. This decom-
position is convenient for practical computations,
especially for a short observational period, and gives
objective criteria for comparing two EPS forecasts,
which is necessary when deciding whether to imple-
ment a new or revised EPS (Candille et al., 2007,
Candille, 2009). Also, for hydrological applications
the benefit of decomposition for the most appro-
priate forecast evaluation has been demonstrated
(Bartholmes et al., 2009).

Thus while very useful, the dependence on magni-
tude of the data reference makes spatial comparisons
across catchments difficult. To overcome the disad-
vantage of the magnitude order dependence of the
CRPS, we propose a variant of this score, the ‘Reduc-
tion” CRPS (RCRPS). The RCRPS is defined by the
reduction of the standard deviation o (or statistical
normalization) obtained for each hydrological station
over the study time period:

CRPS

00

RCRPS =

ey

This equation is demonstrated by the normalization
of the variable and the calculation of the integration
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where m is the mean and o is the standard deviation
of all observational hydrological data.

We recognize that this normalization is a numerical
normalization, and therefore preserves all properties
of the CRPS mentioned in the introduction and the
decomposition of Hersbach (2000). And we note also
that this score RCRPS is dimensionless and the error
made in the larger a bin width (magnitude order) of
CRPS is normalized by the standard deviation of the
observational hydrological data.

Consequently, the RCRPS allows the averaging
over all hydrological stations in the same catchment
and to compare the skill score of different catchments
for the deterministic and probabilistic forecast across
space and time.

3. Description of the HEPS discharge
dataset

3.1. Test bed

The Danube catchment has been selected as a study
area in order to demonstrate best practice in the
application of the skill scores for HEPS discharge
predictions. It has an area of 817 000km? and is the
25th biggest drainage area of the Earth. It is located in
the southeast of Europe, originates from the Alps and
Carpathians, and drains from 19 different countries.

The Danube can be divided into three sub-regions
(Figure 1): the upper basin (upstream of Bratislava
station, fast responding, and snow melting), the middle
basin (upstream of Pancevo station) including the
Tisza and Sava, and the lower basin (including the
Danube Delta: Ceatal Izmail station, slow responding).
Figure 1 shows the relevant sub-basins of the Danube
Catchment and the eight hydrological stations used in
this study.

3.2. Case study

The hydrological model setup for the simulations and
forecasts is obtained from the European Flood Aware-
ness System (EFAS), which is described in detail in
Thielen et al. (2009b) and Bartholmes et al. (2009).
EFAS has been used in the past for case studies in
the Danube (Kalas et al., 2008; Pappenberger et al.,
2008; Thielen et al., 2009a). The hydrological model
of EFAS is Lisflood, a semi-physically based rainfall-
runoff-routing model designed to simulate hydrologi-
cal processes that occur at medium to large scales (Van
Der Knijff et al., 2010).

The period studied is 01 November 2007 to 31
October 2008, representing one hydrological year.
This is too short to draw definite conclusions about
the long-term quality of any HEPS discharge forecasts
(see discussion in Cloke and Pappenberger, 2009),
however, several studies on the HEPS have already
been realized on similar periods (19 months for Thirel
et al., 2008 and 16 months for Brochero ef al., 2011)
and we use this as a first step in the comparison of

Atmos. Sci. Let. 14: 61-65 (2013)
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Figure |. Danube catchment with eight hydrological stations: Schaerding (Inn River), Bratislava (upper part of the main Danube),
Szeged (Tisza River), Pancevo (middle part of the main Danube), Stoenesti (Olt River), Lungoci (Siret River), Oancea (Prut River),
and Ceatal Izmail (close to the outlet of the Danube) [based on IDPCR (http://www.icpdr.org/icpdr-pages/river_basin.htm)].

skill forecast scores at various stations representing
different hydrologic regimes.

4. Evaluation of the HEPS discharge
forecasts by RCRPS and CRPS

Table I shows information about the eight hydrologi-
cal stations selected above (Figure 1) and their corre-
sponding highest simulated discharge (Q Max), highest
CRPS over the complete lead-time (CRPS Max), and
highest RCRPS over the complete lead-time (RCRPS
Max).

The correlation coefficient between the Q Max and
the CRPS Max is R =0.9355, whereas between the Q
Max and the RCRPS Max it is R=—-0.7167, for the
eight hydrological stations presented in Table I. This
shows the RCRPS Max is less dependent on Q Max
than the CRPS Max. To show how the dependency
of RCRPS Max on Q Max is reduced, we used

211 hydrological stations available in this study area
(not shown in Figure 1). The correlation coefficient
between the Q Max and the CRPS Max is R =0.9432
and between the Q Max and the RCRPS Max is
R =—0.5832 for these 211 hydrological stations. And
Figure 2 shows the linear dependency of the CRPS
Max and RCRPS Max on the Q Max (Maximum of
the discharge) of all hydrological stations in this study
area.

That demonstrates the lower dependence of the
Reduction CRPS on the magnitude order of reference
discharge (given here through Q Max). It makes
the RCRPS more suitable than the CRPS for HEPS
discharge forecasts evaluation.

The comparison of the CRPS and RCRPS is pre-
sented in Figure 3 in more details for four selected
stations in the Danube catchment. Their evolution with
the lead-time (days) of the forecasts is given. Note
that both panels of Figure 3 are not using the same
y-scale.

Table I. The river basin, upstream area, maximum discharge, CRPS and RCRPS of eight hydrological stations.

Hydrological stations River basin Upstream area (km?) Q Max (m3s™') CRPS Max RCRPS Max
Stoenesti Olt 24125 440 35 045
Lungoci Siret 36025 595 43 0.46
Schaerding Inn 26625 950 50 0.22
Oancea Prut 27300 1120 46 0.32
Bratislava Upper Danube 132775 2685 160 0.36
Szeged Tisa 139475 3070 90 0.18
Pancevo Middle Danube 519450 7985 280 0.19
Ceatal Izmail Lower Danube 791400 I'1040 260 0.14

Copyright © 2013 Royal Meteorological Society
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Figure 2. The linear dependency of the CRPS Max and RCRPS Max on the Q Max (maximum of the discharge).
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Figure 3. Curves of the score CRPS (left panel) and RCRPS (right panel) at stations: Schaerding (dotted line), Oancea (dash-dot

line), Szeged (solid), and Ceatal Izmail (dashed).

Figure 3, (left panel) shows that the lowest CRPS
score value is observed at Oancea, the largest is
at Ceatal Izmail. However, since this score depends
clearly on the magnitude order of discharges and it is
not possible to compare these four curves altogether.
Therefore, neither is averaging the CRPS across differ-
ent stations possible, nor the comparison of the CRPS
for different stations.

In contrast, on the right panel of Figure 3, the
RCRPS is shown: in contrast to the CRPS on the
left hand side, the RCRPS cannot be linked easily to
the Q Max of the stations. It is in decreasing order

Copyright © 2013 Royal Meteorological Society

of performance for: Szeged, Ceatal Izmail, Oancea,
and Shaerding for the lead-times lower than 10 days.
This shows the lower dependence of the RCRPS with
regards to Q Max and that this score preserves the
shape of the curves with lead-time that were observed
with the CRPS, for each station.

5. Conclusions and future work

For hydrological applications where scores for differ-
ent stations across a river basin are to be compared or

Atmos. Sci. Let. 14: 61-65 (2013)
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averaged, the CRPS should be replaced with the nor-
malized Reduction CRPS. It permits the comparison of
ensemble discharge forecasts for two or more hydro-
logical stations and to allow averaging scores over
diverse hydrological stations. The Reduction CRPS
maintains the beneficial properties of CRPS and it per-
mits the comparison of deterministic and probabilistic
HEPS discharge forecasts with the Reduction MAE
and Reduction CRPS. Following this evaluation, the
Reduction CRPS will now be used within EFAS in
order to make forecast evaluation easier to interpret
for the different types of ensemble discharge forecasts
used: deterministic (ECMWF and DWD) and proba-
bilistic (ECMWF EPS and COSMO-LEPS). We also
note that this probabilistic score has been checked
with different distributions and different parameters
(not shown here). That means that this probabilistic
score has been validated for the different environmen-
tal datasets with different magnitude orders.

We suggest that future work should consider obser-
vational error (between the reference discharge and
the actual observed discharge) using the score reduce
centered random variable (RCRV: Candille and Tala-
grand, 2008) in order to give a skill-score of the use
of the discharge reference. We also recommend that
future work should attempt to classify a wide range of
skill Reduction CRPS forecasts in order to know the
level of skill-score forecast by this Reduction CRPS.
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