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ABSTRACT

A methodology for evaluating ensemble forecasts, taking into account observational uncertainties for
catchment-based precipitation averages, is introduced. Probability distributions for mean catchment pre-
cipitation are derived with the Generalized Likelihood Uncertainty Estimation (GLUE) method. The ob-
servation uncertainty includes errors in the measurements, uncertainty as a result of the inhomogeneities in
the rain gauge network, and representativeness errors introduced by the interpolation methods. The close-
ness of the forecast probability distribution to the observed fields is measured using the Brier skill score, rank
histograms, relative entropy, and the ratio between the ensemble spread and the error of the ensemble-
median forecast (spread-error ratio). Four different methods have been used to interpolate observations on
the catchment regions. Results from a 43-day period (20 July-31 August 2002) show little sensitivity to the
interpolation method used. The rank histograms and the relative entropy better show the effect of intro-
ducing observation uncertainty, although this effect on the Brier skill score and the spread—error ratio is not
very large. The case study indicates that overall observation uncertainty should be taken into account when
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evaluating forecast skill.

1. Introduction

The quality of meteorological forecasts can be a key
controlling factor for the quality of a hydrological fore-
cast. Pappenberger et al. (2005) have shown that any low-
quality meteorological forecast leads to large uncer-
tainties not only in the coupled surface runoff model but
also in the subsequent flood inundation predictions.
However, the effect of precipitation uncertainty on run-
off estimation is complex and it sometimes shows con-
tradictory results (Segond 2006). Nevertheless, the im-
portance of acknowledging this uncertainty in applying
any hydrological model is unquestionable. In the last
decade, ensemble prediction systems have substantially
improved their precipitation probability forecasts (Palmer
2002). It has been shown that such systems are superior
to single deterministic forecasts for certain time ranges
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(Palmer 2000; Zhu et al. 2002). Therefore, ensemble pre-
dictions are increasingly used as input into real-time flood
forecasting systems (de Roo et al. 2003; Gouweleeuw et al.
2005; Pappenberger et al. 2005). It is important that these
forecasts are evaluated on the scale of interest for hydro-
logical applications, in particular catchment scale (see, e.g.,
Abhrens and Jaun 2007).

In this paper, all evaluations are performed on catch-
ment averages. Verifications need to acknowledge the
uncertainty in the observations as well as in the forecast.
Wilson et al. (1999) have shown how scores vary if the
point forecast for temperature, precipitation, wind speed,
cloud amounts, and visibility is verified against obser-
vations that have been fitted with theoretical distribu-
tions. Ahrens and Jaun (2007) evaluated forecast ac-
curacy of precipitation on a catchment scale and in-
vestigated the importance of the uncertainty resulting
from the spatial interpolation of precipitation data. They
derived an ensemble of interpolated rain gauge data us-
ing stochastic simulations with kriging. Their research
demonstrated that the influence of the uncertainties is
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FIG. 1. The subdivision of the Danube catchment into 45 subcatchments (catchments are overlapping). The
overlaying grid is the forecast grid of the ensemble forecasts. The dots indicate measurement stations. Catchment
areas with fewer than five stations have been excluded from further analysis.

substantial. Ahrens and Jaun (2007) neglected the un-
certainty due to the interpolation method and the error
in the measurements.

In this paper, a methodology that takes into account
measurement errors, inhomogenieties of the rain gauges
network, and representativeness of spatial interpolation
as source of uncertainty are presented. This is achieved
by applying a generalized Bayesian method based on
Monte Carlo (MC) analysis, which leads to probability
distributions of catchment averages. The method em-
beds Brier skill score, rank histogram, relative entropy,
and the ratio between the ensemble spread and the er-
ror of the ensemble-median forecast (spread—error ra-
tio) into a framework in which both observation and
forecast uncertainties are acknowledged. The value of
this methodology will be demonstrated using a case
study of flooding that happened in July and August 2002
in the Danube catchment. The flooding affected more
than 600 000 people and caused damage in excess of
15 million U.S. dollars (USD) (WHO 2007). Since the
major cause of this flooding was heavy rain, attention
will be focused on this weather variable.

The paper begins with a description of the catchment
and flood event (section 2). Section 3 describes the fore-
cast system, the Generalized Likelihood Uncertainty Es-
timation (GLUE) method, which has been used to

compute probability distributions of catchment mean
precipitation. A description of the methodology for in-
corporating observation uncertainty is included as well
as a summary of the scores used in this study. Section 4
presents the results of the case study, while conclusions
are drawn in section 5.

2. Description of catchment

The Danube River has an approximate catchment
area of 817 000 km?, with a river length of 2857 km that
is shared among 18 countries. Around 82 million people
live within the catchment area of the Danube River,
which is the second largest river in Europe. The source
is in the Black Forest (Germany, 8°09") and its mouth is
at the Black Sea (29°05"). It has an uneven orography,
with heights up to 4000 MSL and an average elevation
of 475 MSL. (UNESCO 2006).

The catchment has been subdivided into 45 subcatch-
ments (Fig. 1) upstream of gauging stations used within
the European Flood Alert System, whose aim is to
provide medium-range flood alerts across Europe with a
lead time between 3 and 10 days (de Roo et al. 2003). The
subcatchments range from very small and compact, such
as the River Hron, to basins that spread nearly over
the entire domain, such as that of the upstream Iron
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Gate Reservoir. Thus, different numbers of forecast grid
points and observations are contained in each catchment.
Catchment areas range from 1600 to 132 000 km?, with a
mean of 22 333 km?. The catchments overlap each other,
in the case of gauging stations upstream on the same
river. For example, the catchment upstream of Iron Gate
also contains many smaller catchments from the upper
Danube, as catchments are nested into each other.

3. Methodology

All analyses are performed on catchment averages of
24 h of accumulated precipitation. The description of the
methodology is subdivided into three parts: The first part
concentrates on the representation of the forecast uncer-
tainty. The second part describes the methodology used to
derive probability distributions from uncertain observations
by using a generalized Bayesian framework. The third part
discusses the scores used to compare forecast probability
distribution and observed average catchment precipitation.

a. Forecast uncertainty

The rainfall forecasts used in this study are based on the
European Centre for Medium-Range Weather Forecasts
(ECMWF) ensemble forecasts [known as the Ensemble
Prediction System (EPS)]. These provide 50 realizations
for a 15-day lead time. A detailed description of the
ECMWF numerical weather prediction model can be
found in Molteni et al. (1996), Persson (2001), Buizza
et al. (2001), and Gouweleeuw et al. (2005). For this
study, a set of precipitation forecasts in the period from
20 July to 31 August 2002 with a 7-day lead time has been
used. The forecasts, at TL399L40 resolution (i.e., spec-
tral triangular truncation 399 with linear grid and 40
vertical levels, which correspond to about 80-km reso-
lution at midlatitude), start at 1200 UTC of the first day
of each period. Each forecast grid contributes to the
catchment averages proportionally to its fractional area
within each catchment.

b. Observation uncertainty

The precipitation measurements from this study have
been obtained from (i) a high-density network of rain
gauges owned by countries that are part of the Danube
catchment (Ghelli and Lalaurette 2000) and (ii) Syn-
optic Ocean Prediction Experiment (SYNOP) stations
available on the Global Telecommunication System
(GTS). The observed accumulated precipitation is for a
period of 24 h starting at 0600 UTC to match observed
and forecast quantities; the selected forecast lead times
are 42, 66, 90, 114, 138, and 162 h. Figure 1 shows the
uneven spatial distribution of the observations: high-
density coverage on the top western part of the Danube
and very low density on the eastern part.
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Therefore, observations are highly uncertain. The
influence of this uncertainty has been split into three
categories: (i) uncertainty due to measurement error,
uncertainty due to inhomogeneities of the network den-
sity, and (iii) uncertainty introduced by the application of
an interpolation method. The GLUE framework (Beven
and Binley 1992) has been used for this analysis. This
methodology will first be explained, then followed by a
discussion of the three sources of uncertainty in deriving
catchment averages from observations.

1) GLUE

A common feature of environmental models is that
values of specific input variables (e.g., precipitation) can
rarely be known sufficiently well enough to reproduce
model predictions that agree unequivocally with the
available verification dataset (Beven 2006; Beven and
Binley 1992; Beven and Freer 2001). This uncertainty
needs to be taken into account (Pappenberger and Beven
2006). Model predictions that cannot reproduce the ob-
servations sufficiently are classed as nonbehavioral. Ad-
ditional uncertainties in model predictions may also arise
from the structure of the chosen model, from the nature
of imposed boundary conditions, and from errors linked
to approximation processes used in the numerical solu-
tion. In this paper, the MC framework is used to analyze
model uncertainty. The MC approach consists of running
repeated simulations of a model using a range of values
for each uncertain input parameter or factor. The concept
of equifinality (Beven 2006) is based on the assumptions
that there may be a large number of parameter sets across
the parameter space that are able to map model predic-
tions to the observed data to an acceptable level of per-
formance. Uncertainty analysis techniques, such as the
GLUE methodology of Beven and Binley (1992), accept
the notion of equifinality and attempt to estimate the
level of confidence that can be placed upon a range of
model predictions rather than concentrating on a single
“optimum” prediction. The detailed description of the
GLUE procedure is given in Beven and Binley (1992).

2) UNCERTAINTY AS A RESULT OF
MEASUREMENT ERRORS

Comprehensive reviews of errors in precipitation mea-
surements are presented by Sevruk (2005) and Willems
(2001), who also point out that it is very difficult to mea-
sure precipitation without introducing systematic errors
and biases (Sevruk 1986; Sevruk and Klemm 1989).
Sevruk (1986) specified and quantified five main factors
that introduce a systematic error into the measurements
(see Table 1).

Correction procedures involve the knowledge of me-
teorological conditions (such as wind speed) and type of
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TABLE 1. Main components of systematic error in precipitation

measurements.
Error Magnitude (%)

Loss due to wind field 2-10 (10-50

deformation above the gauge orifice in snow conditions)
Losses from wetting on internal 2-10

walls of the collector and in the

container when it is emptied
Loss due to evaporation from 0-4

the container
Splash out and splash in 1-2

Blowing and drifting snow -

gauge. This study uses some generalized assumptions
about the measurement errors, as not enough informa-
tion was available to attribute individual measurement
errors to each rain gauge. The error distribution is as-
sumed to be represented by the following equation:

v
100

ewWsy

ISN,t = PN,t - (WN,t + + W)PN,I, (1)

where Py is measured precipitation at location N at
time r, Py is estimated precipitation at location N at
time £; wy,, is error induced by wind at location N at time
t; ry, is random error at location N at time #; and ewsy,
is error induced by evaporation, wetting, and splashing
at location N at time .

The wind-induced error is represented (Nespor and
Sevruk 1999) by

wyy = (b1P, + b3)", (2)

where by ~ U(0.0154, 10), by~ U(—4.392, —0.0879),
b; ~ U(0, 0.3), and U is uniform distribution. Equation
(2) is constrained by the envelope curve of all results
presented in the paper by Nespor and Sevruk (1999).
The equation, as in Nespor and Sevruk (1999), assumes
random wind. The random error distribution was esti-
mated from results by Ciach (2002) as

rne~N (0, \/ 0.1095P;,f),'725> , 3)

where N(aj,a;) is a normal distribution with mean a,
and standard deviation a,.

a= tPN,t’

b = max(tp,,), and

0, for Py, — Pyn;>bPy; Py, — Py;<0
(PN,t - ﬁN,t) - (bPN,r)
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The error induced by evaporation, wetting, and splash-
ing is based on the results presented in wide range of
studies (Lewis and Harrison 2007; Michelson 2004; Molini
et al. 2005; Ren and Li 2007; Sevruk 1986, 1996, 2005;
Sevruk and Klemm 1989; Sieck et al. 2007; Strangeways
2004; Tartaglione et al. 2005):

U(0.05,0.3)010Fx
P, ’

4)

YNt ™

In Fig. 2, the various error sources are presented for a
MC experiment for precipitations up to 20 mm. The
figure illustrates that errors can be very large, especially
at low precipitation amounts and that wind and wetting—
evaporation—splashing errors contribute the most to the
total error.

3) UNCERTAINTY AS A RESULT OF
INHOMOGENEOUS DENSITY

Inhomogeneities in the network density are a major
source of uncertainty and taking account of this uncer-
tainty may prove difficult. On the one hand, one wants
to use the entire sample to generate the best possible
precipitation field. On the other hand, the errors in the
network densities have to be quantified. In this analysis,
20% of all stations are randomly selected and omitted
from the computation of interpolated precipitation
fields. Care has been taken to ensure that no area ends
up with a network density of zero (e.g., in some of the
Danube area, the five nearest neighbors of the omitted
station could not be left out as well). The remaining
stations are used to compute the interpolated fields.

4) SKILL OF INTERPOLATED FIELD

The performance is assessed using a fuzzy framework.
The framework (Ebert 2008) assigns a membership value
between 0 and 1 that should be interpreted as likelihood
measures of the interpolated field. The membership
function is based on the MC experiment presented in
Fig. 2 and Eq. (5). The mean and maximum errors
are computed for each precipitation amount, and they
define the performance function as (for a comparable
application see Pappenberger et al. 2006b):

®)

, for PN,t - PN,t = bPN,z,PN,t - PN,t = aPN,t

1, for Py, — Py, <aPyy,
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FIG. 2. Results of an MC experiment for precipitation up to 20 mm and the same error sources as in Eq. (1).

where u is the membership value and ¢ is the total error
[Eq. (D].

The average membership value is used as the likeli-
hood measure for the interpolated field. An interpo-
lated field is rejected as nonbehavioral if more than 50%
of all stations within one of the subcatchments of the
omitted 20% total stations had a performance [as in Eq.
(5)] of zero.

5) INTERPOLATION UNCERTAINTY

Several studies (Busuioc et al. 2006; Coelho et al.
2006; Khan et al. 2006a,b; Rebora et al. 2006) have de-
scribed upscaling or downscaling methods for precipi-
tation. Uncertainties arising from these scaling methods
cannot be ignored. Tustison et al. (2001) pointed out
that there is always a representativeness error (or
commensurability error; see Beven 2006) when point
data are matched to a model scale or vice versa. The
magnitude of this error depends on measurement and
density ambiguities as well as on the statistical structure
of the underlying field, the interpolation scheme, and
the scale that is used for averaging (Tustison et al. 2001).
For example, the magnitude of a variance reduction
factor in producing catchment-based intensity—duration—

frequency (IDF) curves depends on the correlation struc-
ture of the precipitation [as well as on catchment size
and shape (Sivapalan and Bloschl 1998)]. Point-to-area
scaling is central to this study, as the scope of the paper
is to assess the quality of the forecast on a catchment
scale. Additionally, earlier analysis comparing precipita-
tion forecasts to observed precipitation has been per-
formed using gridded data that represent areal quanti-
ties (Cherubini et al. 2002; Ghelli and Lalaurette 2000).
Therefore, in this framework, the interpolation scheme
has significant influence on the analysis. Syed et al.
(2003) and Creutin and Obled (1982) review differ-
ent interpolation methods, such as Thiessen polygons
(Creutin and Obled 1982; Dirks et al. 1998; McCuen
1998; Tabios and Salas 1985; Thiessen 1911), inverse
square distance (Bedient and Huber 1988), isohyethal
methods (McCuen 1998), kriging, nearest neighbor or
arithmetic mean (Creutin and Obled 1982), or splines
and other multiquadratic methods (Shaw and Lynn
1972). Moreover, secondary variables, such as topog-
raphy (Goovaerts 2000) or distance from the coastline
(Marquinez et al. 2003), may be included in the inter-
polation scheme. Many authors argue that kriging is
superior to other commonly used techniques (Abtew
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et al. 1993; Creutin and Obled 1982; Shaw and Lynn
1972; Tabios and Salas 1985), provided all assumptions
are met (Borga and Vizzaccaro 1997). Skok and Vrhovec
(2006) have shown that errors up to 50% are introduced
by any interpolation method.

In this study, four different interpolation methods from
the list above have been chosen as representative for in-
terpolating a 100 m X 100 m grid over the Danube catch-
ment, which is then aggregated to the catchment scale:

® Quasi kriging: a simplified kriging approach that uses
topography as a secondary variable (Heise and Rivin
2001; Shepard 1968)

e Linear: triangle-based linear interpolation (Watson
1994)

e Cubic: triangle-based cubic interpolation (Yang
1986) (all negative values have been set to zero, as
negative rainfall is physically impossible, so this in-
validates some of the assumptions of this interpola-
tion method)

e Nearest neighbor: nearest-neighbor interpolation (Watson
1994)

Interpolation methods that not only recognize spatial
correlation but also temporal correlation (Segond 2006)
are a natural extension for the future progression of this
study.

Figure 3 summarizes the different steps for deriving the
average catchment precipitation probability distributions.
These probability distributions are used to compute skill
scores.

c. Performance measures/skill scores

Many different skill scores and performance mea-
sures have been developed in meteorology (see, e.g.,
references in Gandin and Murphy 1992; Gober et al.
2004; Venugopal et al. 2005; Weisheimer et al. 2005) as
well as in many other related disciplines (Hagen-Zanker
2006; Hagen-Zanker et al. 2006; Pappenberger et al.
2006a). Most of the measures developed do not allow
probabilistic inference [refer to Woodhead (2007) for
an excellent discussion], although they can be interpreted
in a generalized Bayesian likelihood framework (Smith
2000).

In this study, four different evaluation measures have
been used: the Brier skill score, the rank histogram, the
relative entropy, and the ratio between the ensemble
spread and the error of the ensemble median forecast
(hereafter spread—error ratio).

e The Brier score (Brier 1950) has traditionally only
been used to evaluate probability of occurrence of the
forecast system. The observational probability is
usually binary (1 if the event occurs and 0 if it does
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FIG. 3. GLUE framework for the analysis of the observational
uncertainties.

not). The method outlined above allows for replacing
this binary classification by the probability of occur-
rence of the observed system. The skill score has been
computed using a climatological forecast as refer-
ence, whereby the climatology is derived from the
average frequency of the event within the 43 days of
forecast. The thresholds for the score have been
chosen to reflect the 10th, 35th, 65th, and 90th per-
centiles of all observations within the evaluation pe-
riod, based on an interpolation using the full set of
observations and no additional error sources. There-
fore, the corresponding precipitation thresholds are
0.001, 0.12, 1.9, and 9.7 mm (24 h)_l. The rank
probability score is also computed as the average over
all the thresholds. Although these thresholds reflect
the characteristics of the event, note that EPS has a
negative bias at small thresholds (rains too little) and
a positive bias at large thresholds (rains too much).

® The rank histogram, also known as the Talgrand
histogram (Hamill et al. 2001; Talagrand 1997), shows
the probability of the observation falling between any
two adjacent members of the forecasting system. This
probability will be either 1 or 0 if the observation is
one value, but it could take any values between 0 and
1 if the observations are expressed in a probabilistic
fashion. In fact, a probabilistic precipitation obser-
vation can contribute to several ranks according to its
probability at the respective locations.

® The relative entropy is a measure of the distance be-
tween the observation and the forecast probability
distributions. The ignorance score can be derived from
the relative entropy, as shown in Roulston and Smith
(2002). The formulation of either of these measures
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FIG. 4. Box-and-whisker plots of the performance of the four different interpolation schemes.
The box marks the 25th and 75th percentiles. The lines extend to the 5th and 95th percentiles.

The median is marked with a dotted line.

demands that the probability of any observation or
forecast always be greater than zero. Roulston and
Smith (2002) have argued that a “forecast probability
of zero is impossible, unless it is truly impossible.”
Thus, any precipitation that is not coherent with our
conceptual understanding of the physics is truly im-
possible (although even that understanding is lim-
ited). Assigning a probability and a cut-off point is
crucial for this performance measure, as it is highly
sensitive to the tails of the distribution. The physical
necessity to specify a cut-off point also makes the
ignorance score improper. In this paper, we assumed
a minimum probability of 0.1 X 10~ for all values
between 90% of the minimum and 110% of the
maximum of all forecast and observed values (distri-
butions are linearly extrapolated to those points, if
necessary). Even though the ignorance score (and
with it the relative entropy) sensitivity to extreme events
and its robustness have been questioned (Gneiting
et al. 2007; Gneiting and Raftery 2007), the score is
used in this paper on the basis that it is representative
for this application.

e Additionally, the spread—error ratio is used in this
paper. From each distribution (observations and
forecast), the difference between the 90% and 10%
percentile will be computed, and the value of the
forecasts subtracted from the observations. The error

is calculated as the difference between the median of
the observations minus the forecasts.

A more detailed description of the scores can be
found in Jolliffe and Stephenson (2003).

4. Results of case study

The analysis of the results is split into two parts: (i)
the different interpolation schemes are compared and
then (ii) a discussion of results looking at the different
performance measures introduced previously.

a. Comparison of interpolation schemes

The relative merits of various interpolation schemes
have been examined at length in the past. A definite
ranking cannot be easily established a priory, because it
highly depends on the area and event interpolated;
therefore, in the present paper, the four selected schemes
have been compared, and Fig. 4 shows the results. The
boxplots show the mean (dotted line), 25th, and 75th
percentiles (lower and upper side of the box) of the
membership value (the larger the membership value,
the better the system). Differences among the various
interpolation methods are small. The nearest-neighbor
interpolation scheme has the best average performance,
followed by the cubic spline and linear interpolation
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TABLE 2. Average rank of each interpolation method derived from
the same set of data (see Fig. 2).

Cubic Quasi Nearest
Method splines Linear kriging neighbor
Average rank 2.1 1.9 3.7 1.9

methods. However, the uncertainties are very large and
the differences are within these ranges, which suggests
an equifinality of the interpolation schemes.

It is also possible to perform a direct comparison
between the four schemes. Figure 3 shows that a set of
four maps is derived from one sample by applying the
four interpolation methods. The average ranks that
each scheme achieves within one set of realizations are
displayed in Table 2.

In this comparison, the nearest-neighbor and the
linear interpolation schemes are better than the other
two methods, but criteria that distinguish between be-
havioral and nonbehavioral simulations are not based
on these ranks [for the definition of ‘“‘behavioral,” refer
to Eq. (5) in section 3b(4)]. Thus, hereafter, no further
distinction among the interpolation methods is made
and they are analyzed together.

b. Performance assessment

A positive Brier skill score indicates whether a forecast
is more skilful than a reference forecast (in this case, the
mean over the period). In Table 3, the average skill scores
for all catchments and the four thresholds are shown
[thresholds are chosen according to percentiles (refer to
the definition of skill scores for more details)]. It can be
seen that the skills are fairly low and they decrease with
lead time. The skill of the control experiment, the in-
terpolated field with all available data points and no er-
rors added to it, is included in the table under the column
labeled 100. The Brier skill score for the control is gen-
erally lower than for the uncertain observations. This
indicates that the methodology is able to capture some of
the errors inherent in the observations and is able make a
fairer comparison with the model forecasts.

Table 3 summarizes all catchments, although catch-
ments contributed to a different extend to the flood
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event. The table shows a decrease of the skill score with
lead time and significant differences in the skill at dif-
ferent thresholds. In Fig. 5, the Brier skill scores for
different lead times are compared to each other for each
catchment for the 1.3 mm (24 h) ™' threshold. The his-
tograms show the Brier skill score distribution. The
figure shows a scatterplot for each combination of lead
times, which compares the skills. Dots indicate catch-
ments with a center of gravity of less than 16° west, and
all other catchments are plotted as crosses. The figure
indicates that not all forecasts for all catchments are
skill full (also valid for all other thresholds) for lead
times up to day 7 and that many of the Brier skill scores
are not very high. In general, the skill of the forecast
deteriorates with increasing lead time, as the majority of
the forecasts is below the gray line (dots on the gray line
have the same skill for two consecutive lead times). The
histograms show no dominant distributions.

Figure 6 depicts the longitude of the catchment center
of gravity versus the relative entropy for a lead time of
42 h. The relative entropy clearly decreased from west to
east, as eastern catchments have fewer rain gauges and
therefore, on average, a larger variability. Roulston and
Smith (2002) have shown the sensitivity of the ignorance
score to variance, which explains the behavior in this study.
This example also shows that different performance mea-
sures exhibit different sensitivity to observed variability.

It has been speculated that smaller catchments have a
lower skill score, as they contain fewer model grid points
and thus experience a lower smoothing effect. An anal-
ysis of the rank probability score against catchment size
(not shown) demonstrates that there is no relationship
between catchment size and skill for this particular event.

Table 4 summarizes the forecast outliers for different
lead times and three different catchment categories:
small (less than 7018 km?), medium (between 7018 and
24 448 km?), and large (greater than 24 448 km?). This
subdivision allows for 15 catchments in each category.

Table 4 indicates over- and underprediction outliers
in the early time steps and a more even distribution at
longer lead times. The differences between the three
different catchment sizes are small. However, smaller

TABLE 3. Average Brier skill scores for six different lead times.

Threshold/lead time [mm (24 h)™'] 0.001 0.12 1.9 9.7
Stations used in interpolation (%) 80 100 80 100 80 100 80 100
42 h 0.12 0.09 0.30 0.2 0.37 0.17 0.21 -0.2
66 h 0.11 0.02 0.29 0.2 0.33 0.15 0.13 -0.23
90 h 0.10 0.01 0.27 0.19 0.30 0.15 0.10 -0.23
114 h 0.10 0.01 0.26 0.19 0.24 0.14 0.09 0.25
138 h 0.08 —0.02 0.20 0.16 0.23 0.14 0.09 —0.28
162 h 0.06 —0.05 0.19 0.12 0.22 0.11 0.06 -0.3
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catchments seem to have the tendency to proportionally
overpredict at the longer lead times, whereas this signal
is less evident in larger catchments. The EPS has shown
the tendency to overpredict at longer lead times; this
signal is stronger for the smaller catchments, which may
be explained by the smoothing effect mentioned. There
is no sensitivity to the location of the catchment, as east-
ern and western catchments have similar entropy scores.

It can be observed that uncertainties in the observa-
tions lead to flatter rank histograms. While in a deter-
ministic evaluation, one observation can only contribute
to one bar of the histogram—for example, an observa-
tion can only contribute to one rank despite being only a
small amount larger than the respective forecast; in a
probabilistic evaluation, the contribution of each ob-
servation is spread out, thus leading to a more uniform
appearance of the rank histogram.

The effect of observational error to the skill can also be
seen by looking at the spread—error ratio. Figure 7 shows
the absolute error of the mean observation minus the

mean forecast against the spread of the forecast sub-
tracted from the spread of the observation for all lead
times. Catchments with a center of gravity of less than 16°
longitude are plotted as open black circles (western
catchments) and all others as closed gray squares. Addi-
tional information is given to the percentage of catch-
ments in each quadrant of the figures. For example, at a
lead time of 42 h, 7% ofthe eastern catchments have a
positive spread difference and a negative mean differ-
ence; 23% have a positive spread difference and a positive
mean difference; 47% have a negative spread difference
and a negative mean difference; and 23% have a negative
spread difference and a positive mean difference. The
following four conclusions can be drawn from Fig. 7:

i) Eastern catchments have on average a smaller
spread difference and mean absolute error in com-
parison to western catchments.

ii) The mean absolute error and the spread of mean
distance increase with lead time.
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iii) Negative spread difference is a dominant feature.

iv) All conclusions are subjected to high uncertainties,
as sample size is relatively small, which is inevitable
with extreme events.

The first conclusion shows that the uncertainty in the
forecast is dominant if the observed precipitation is low.
The increase in the spread of the mean absolute error is
explained by the increasing spread of the forecast, which
leads to smaller errors between the two means. The
dominance of the negative spread difference suggests that
the spread of the forecast is larger than the spread pro-
duced by the uncertain observations; thus, the spread is
too large. However, the high variability in the results also
indicates the importance of recognizing the uncertainty in
the observations. The importance of the uncertainty in the
observations is clearly shown in the range of the spread
differences, which in some cases exceeds the mean dif-
ference. In catchments with the mean difference larger
than the spread error difference, the uncertainty in the
observations has a negligible effect.

5. Conclusions

This paper introduces a methodology for evaluating
ensemble forecasts using uncertain observations for
catchment-based precipitation averages. The forecast
uncertainty is generated by the Ensemble Prediction
System of the European Centre for Medium-Range
Weather Forecasts. The observations include uncer-
tainty introduced by error in the measurements, inho-
mogeneities in the density of the rain gauges network,
and representativeness error introduced by the inter-
polation method. Probability distributions for mean
catchment precipitation are derived using the Gener-
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TABLE 4. Outliers forecast vs lead time for three different
catchment sizes.

Lead time (h) Small (%) Medium (%) Large (%)

42 20 18 18
66 15 13 13
90 14 11 10
114 11 9 8
138 11 8 7
162 11 7 5

alized Likelihood Uncertainty Estimation framework
with a five-step Monte Carlo loop. The first 20% of the
stations are removed randomly, and the error is added
to the remaining stations. The observed quantities are
interpolated on a 100 m X 100 m grid using four dif-
ferent interpolation methods (quasi kriging, cubic
spline, linear, and nearest neighbor). A skill score based
on fuzzy membership functions is computed for the
remaining 20% of the stations with the four precipita-
tion fields. Fields that underperform according to these
skill score are classified as nonbehavioral and are not
included in any further analysis. The skill score is also
used to generate probabilistic distributions for catch-
ment averages (which are aggregated from the finer
grid). The probability distribution of the forecast and the
observed are compared using four different scores: Brier
skill score, rank histograms, relative entropy, and spread—
error ratio. The methodology is applied to 43 cases (from
20 July to 31 August 2002). The four performance indi-
cators highlight the sensitivity of the skills to catchment
size and location and observation uncertainty. Five main
conclusions can be drawn from this work.

® The sensitivity study suggests that there are small dif-
ferences between the different interpolation methods
for these 43 cases.

® The Brier skill score is always positive—however, not
very large—suggesting skill for catchment average
forecasts.

e Catchments in the east have worse performances than
in the west due to lower precipitation and higher
variability (fewer observation stations, smoother to-
pography) in the catchment averages. A comparison
of the spread differences shows that (i) eastern catch-
ments have on average a smaller spread differences
and mean absolute error in comparison to western
catchments; (ii) mean absolute error and the spread of
the mean differences increases with lead time, and
uncertainty in the forecast dominates the results; and
(iii) the spread of the ensemble forecasts is larger than
the spread of the probability distribution of the ob-
servations.
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FIG. 7. Plot of the absolute error of observation mean minus forecast mean against the spread of the forecast subtracted from the spread
of the observation for all lead times. Catchments with a center of gravity of less than 16° longitude are plotted as open black circles
(western catchments) and all others as closed gray squares (eastern catchments). Additional information is given to the percentage of
catchments in each quadrant of the figures. For example, at a lead time of 42 h, 7% of all eastern catchments have a positive spread
difference and a negative mean difference; 23% have a positive spread difference and a positive mean difference; 47% have a negative
spread difference and a negative mean difference; and 23% have a negative spread difference and a positive mean difference.

e The effect of the uncertainty in the observations can
be clearly seen in the rank histograms: the uncertainty
flattens the histogram, reducing the number of out-
liers. The relative entropy is also influenced by the
uncertainty in the observations but dominated by an

east—west divide.

Different skill measures have different sensitivity to
observation variability and thus uncertainty in the
observations. Entropy measures have a higher sensi-

gram (available online at http://www.preview-risk.com).
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tivity, whereas the Brier skill score is less sensitive.

Even though the analysis is based on 24 h of accumu-
lated precipitation, which may not be the preferred use for

hydrological purposes, it clearly points out that model
evaluation should include observation uncertainty.
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