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Abstract: The western Mediterranean is a very cyclogenetic area and many of the cyclones developed over the region are associated

with high impact weather phenomena that affect the society of the coastal countries. With the aim of improving the short to mid-

range numerical forecasts of cyclones and heavy rain events, ensemble prediction systems based on multiphysics and perturbed

initial and boundary conditions were designed. All simulations are performed with the MM5 mesoscale model nested in the ECMWF

forecast large-scale fields, which provides results at 22.5km resolution for a two-day period over the western Mediterranean

countries.

In the multiphysics ensemble, different combinations of model physical parameterizations are chosen. In the perturbed initial and

boundary conditions ensemble, a potential vorticity (PV) inversion technique is used to perturb the initial state and boundary forcing

of the mesoscale model. A PV error climatology (PVEC) derived from the large-scale fields allows to perturb the ECMWF PV fields

using the appropriated error range.

The results show a good improvement of the prediction capability, evaluated through precipitation verification indices, for both

ensembles over the traditional deterministic prediction,and a better performance of the perturbed initial and boundary conditions

ensemble than the multiphysics. The verification procedurehighlights the difficulties of evaluating the rainfall fieldforecast, since

the discontinuities of this field and the insufficient samples of extreme events affects the verification scores negatively. Despite this,

the results reinforce the idea that an EPS represents an improvement over a deterministic prediction. Copyrightc© 2009 Royal

Meteorological Society
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1 Introduction

The western Mediterranean often suffers heavy rain

events that have a high socio-economical impact. Sev-

eral studies have established a connection between heavy

rainfall and cyclones over the western Mediterranean
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2 M. VICH ET AL.

region (e.g.Jans̀aet al. 2001), a very cyclogenetic area

as a consequence of its latitude and complex topogra-

phy (Reiter, 1975; Meteorologial Office, 1962). Differ-

ent types of cyclones associated with heavy rain events

have been described, such as: 1) shallow weak distur-

bances with a warm core over land masses of thermal

origin (Romeroet al., 2001); 2) shallow weak lows with

a warm core over the sea at the lee of important moun-

tain ranges, linked to the orographic effect on the atmos-

pheric flow (Romeroet al., 2000); and 3) baroclinic sys-

tems with great vertical amplitude developed along frontal

zones under the intrusion in the Mediterranean region of

an upper-level through (Homaret al., 2002). Thus, the

prediction of these events is very important to prevent or

reduce the damages they cause.

The purpose of this study is to apply a probabilistic

forecast approach to improve the prediction of these high

impact weather events. A probabilistic forecast accounts

for the uncertainty in the initial state (Lorenz, 1963)

and the errors introduced by the models imperfections

(Frank, 1983). It is derived using several numerical model

runs. This technique is referred to as ensemble prediction

system (EPS). The EPS pretends to produce a forecast

probability density function (PDF) that captures the true

PDF.

The construction of an EPS can be done using a

wide range of techniques. One of them is perturbing

the initial state. This technique was implemented oper-

ationally in the 1990s at the National Centers for Envi-

ronmental Prediction (NCEP;Toth and Kalnay 1997) and

at the European Center for Medium-Range Weather Fore-

casts (ECMWF;Palmeret al. 1992; Molteni et al. 1996).

Lately, other meteorlogical centers have also imple-

mented it operationally, like the Meteorological Service of

Canada (MSC;Pellerinet al. 2003). Another EPS build-

ing technique takes advantage of several studies that show

how model parameterization schemes can contribute to

forecast errors (Houtekameret al., 1996; Stensrudet al.,

1999, 2000; Wandishinet al., 2001). Thus, ensembles

containing different models or different parameterization

schemes are more skillful that ensembles that do not con-

tain some aspect of model uncertainty (Stensrud, 2007).

Hence, the use of multiphisics and multimodel ensembles

is widely used to account for the model imperfections.

These previous EPS constructing techniques deal with a

Global Area Model (GAM) while our study requires a

Local Area Model (LAM). The transition from GAM to

LAM presents difficulties and is yet to be defined unequiv-

ocally. How one deals with this transition is part of the

strategy one needs to choose when defining a mesoscale

EPS.

In this paper a multiphysics ensemble that uses dif-

ferent physical parameterization for each ensemble mem-

ber and an ensemble with perturbed initial and boundary

conditions are studied. The latter ensemble introduces the

perturbations on the PV field through a derived poten-

tial vorticity error climatology. We have chosen to deal

with GAM-LAM transition by nesting a mesoscale model

(MM5) in the ECMWF forecast large-scale fields, and

when it corresponds, perturbing both the initial and the

boundary conditions. There are other recent studies that

compare the contributions of initial/lateral boundary con-

ditions and mixed physics to the spread and skill of 120-h

precipitations ensemble forecast (Clarket al., 2008), that

deal with the GAM-LAM transitions in a similar way.

To evaluate the performance of both ensembles a

collection of 19 MEDEX† cyclones is used as a trial

†MEDEX is a Mediterranean Experiment on cyclones that produce high
impact weather in the MEDiterranean, a project endorsed by WMO
(http://medex.aemet.uib.es).
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MULTIPHYSICS AND PV-PERTURBED ENSEMBLE PREDICTION SYSTEMS 3

set. These MEDEX cyclones are associated with floods

and strong winds over the western Mediterranean and

represent the kind of events that this study aims. The

verification process is applied to the precipitation field, a

hard field to predict and verify due to its complex nature

but with a direct impact on the society. The precipitation

is a highly discontinuous variable, meaning that there is a

large fraction of zones and times where the precipitation

is zero. Also, it is difficult to match the forecast and

the verifying data because the forecasts provide regularly

spaced grid fields while the verifying observations usually

are in irregular spaced networks of stations.

There is a wide range of verification methods that can

be used to prove the quality of an ensemble prediction sys-

tem. The quality of the forecasts involves measures of the

relationship between a forecast, or set of forecasts, and

the corresponding observations. AsMurphy and Winkler

(1987) and laterMurphy (1993) point out, different qual-

ity attributes of the forecast such as reliability, resolution,

uncertainty and sharpness need to be evaluated in the ver-

ification process to test the performance of such forecast.

These quality attributes can be evaluated through different

techniques such as the Brier score (Brier, 1950), reliability

diagrams (Wilks, 1995), the relative operating character-

istic, or ROC (Mason, 1982), and the rank histogram, also

known as a Talagrand diagram.

This paper summarizes the design and test for the

MEDEX cyclones of the two above mentioned ensemble

prediction systems. A description of the different datasets

used in the study is done in section 2. Section 3 contains

the development of the methodology designed to build

both ensembles. The ensemble verification procedure is

described in section 4. Finally, some concluding remarks

and future outlooks are presented in section 5.

2 Datasets

The ensemble dataset needs to account for our main goal,

designing an EPS for the Mediterranean area able to

predict the occurrence of extreme precipitation events.

Ideally, the EPS needs to be a real time fully operational

system. The UIB Meteorology Group has been running

the MM5 model on a daily basis for some years‡.

Owing to computational limitations, these 48 h numerical

forecasts, centered over the western Mediterranean region,

are initialized with global coarse resolution 24 h forecast

fields valid at 00 UTC and forced at the lateral boundaries

with the subsequent data (i.e. with 30,36, ..., 72 h global

forecasts). Thus, the mesoscale prediction system can

only be considered as quasi-operational in the sense that

forecasts, rather than analyses, are used to nest the MM5

model. With such a testbed in mind, the same type of

data will be used to initialize and force the numerical

weather model in the present study. This meteorological

data is provided by the European Center for Medium-

Range Weather Forecasts, ECMWF.

The Mediterranean Experiment on Cyclones that

produce High Impact Weather in the Mediterranean,

MEDEX, is a project designed to contribute to a bet-

ter understanding and short-range forecasting of high

impact weather events in the Mediterranean, mainly heavy

rain and strong winds, and is focused on Mediterranean

cyclones that produce high impact weather. Thus MEDEX

provides a suitable database for our study and the ensem-

bles trial set will consist of a collection of 19 MEDEX

cyclonic episodes comprising 56 different days between

September 1996 and October 2002 (TableI).

Finally, a precipitation dataset is needed for the veri-

fication process of the ensembles forecasted precipitation.

This dataset comes from the AEMET (Agencia Estatal

‡Seehttp://mm5forecasts.uib.es
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4 M. VICH ET AL.

Table I. List of the MEDEX cyclonic episodes used for
this study. A more detailed description can be found at

http://medex.aemet.uib.es.

Date Country affected

01 11-12 Sep. 1996 Spain

02 06-09 Oct. 1996 Italy, Spain

03 14 Oct. 1996 Spain, Italy

04 04-06 Nov. 1997 Portugal, Spain, France

05 11-14 Nov. 1999 Italy, Spain, France

06 10 Jun. 2000 Spain

07 21-26 Oct. 2000 Spain

08 02-05 Nov. 2001 Spain

09 09-13 Nov. 2001 Algeria, Spain, Croatia, Morocco

10 14-16 Nov. 2001 Spain

11 14-15 Dec. 2001 Spain

12 11 Apr. 2002 Spain

13 06-08 May. 2002 Spain

14 12-15 Jul. 2002 Spain, Croatia

15 31 Jul. - 01 Aug. 2002 Spain

16 08-10 Sep. 2002 France

17 12-13 Sep. 2002 Spain

18 23-24 Sep. 2002 Spain

19 08-10 Oct. 2002 Spain

de Meteoroloǵıa - Spanish Metoffice) climatological rain-

gauge network, which provides 24 h accumulated precip-

itation from 06 UTC to 06 UTC the next day. Figure1

shows the spatial distribution of this network over the

Mediterranean influenced regions of Spain, with a total

amount of 2300-2400 stations depending on the event.

3 Ensembles Construction

The ensemble consists of 13 members, 12 regular mem-

bers plus a chosen control member. These members are

run with the MM5 model. The MM5 non-hydrostatic

mesoscale model is a high resolution short-range weather

forecast model developed by the National Center for

Atmospheric Research (NCAR) and the Pennsylvania

State University (PSU) (Dudhia, 1993; Grell et al., 1995).

The simulation domain is defined as a 22.5 km resolution

horizontal grid mesh with 120x120 modes, centered at

Figure 1. Geographical domain used for he MM5 numerical simu-
lations. The spatial distribution of the AEMET raingauge network

used for the ensembles verifications is plotted using crosses.

39.8◦ latitude and 2.4◦ longitude. The vertical grid mesh is

defined by 30 sigma levels. This domain (Fig.1) contains

all the areas affected by the selected MEDEX cyclones

and corresponds to the Domain 1 used in the deterministic

quasi-operational model runs done by UIB Meteorology

Group. To simplify the verification process, the forecast-

ing period starts at 00 UTC but extends for 54 h instead

of the regular 48 h, since the observed daily rainfall accu-

mulations correspond to 06 UTC. The MEDEX trial set

will be covered by all possible simulations comprising a

MEDEX day within the 24-48 h forecast range. Thus, 56

different simulations have to be done per ensemble mem-

ber.

3.1 Perturbed initial and boundary conditions ensemble

In this study the ensemble perturbations are defined for

the wind and temperature fields through the PV field by

applying the potential vorticity inversion technique devel-

oped byDavis and Emanuel(1991). This PV inversion

technique uses the mass-wind balance condition derived

by Charney(1955) to link the wind field to the temper-

ature field and it has been used successfully by different
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MULTIPHYSICS AND PV-PERTURBED ENSEMBLE PREDICTION SYSTEMS 5

authors (e.g.Romero 2001andRomero 2008) to under-

stand quantitatively the relevance of the PV-anomalies on

the atmospheric behavior.

The perturbations are introduced in the initial and

boundary PV fields randomly, along the zones with

the most instense values and gradients of PV under

the assumption that these are the most sensitive zones

(Garcies and Homar, 2009; Romeroet al., 2005, 2006) of

the subsequent atmospheric evolution, like the cyclogene-

sis process to occur over the western Mediterranean. If this

hypothesis is true, the spread in the ensemble realizations

would be benefited. The inverted mass and wind fields

from the perturbed PV field will define, once compared

with the unperturbed fields, the perturbations to be intro-

duced in the MM5 model initial and boundary states. This

is a neat approach of building physically-consistent per-

turbations of the primitive mass and wind fields. However,

to be of value the EPS method requires the introduction

of PV perturbations of realistic magnitude. To this aim, a

PV error climatology or quantitative assessment of the PV

uncertainty range has been derived.

The Potential Vorticity error climatology is obtained

by comparing the ECMWF 24 h forecast and ECMWF

analysis PV fields (the alternative approach of comparing

two different analysis sources, like NCEP and ECMWF,

seems to offer essentially the same results;Horvath 2008).

It is assumed that the main error sources are the dis-

placement between PV structures and differences in inten-

sity, thus we will asses separately the displacement and

intensity errors. This climatology is derived from the

19 MEDEX cyclonic episodes described above, sampled

over a 200x200 grid points large domain at 6 h intervals

at the standard pressure levels (100, 200, 300, 400, 500,

700, 850, 925 and 1000 hPa). The PV error climatology

will tabulate, for each pressure level, the coefficients of

the functions fitted to the displacement and intensity error

percentiles extracted from this large amount of data.

The displacement error (DE) represents the minimum

of the forecast field displacement necessary to obtain

maximum local correlation with the analysis field. DE

is found after displacing a forecast PV field local matrix

(21x21 grid points, or 450x450 km) in all directions, up to

10 grid points (i.e. 225 km). The minimum displacement

showing local maximum correlation betwen the displaced

field and the analysis field is assigned to the matrix central

grid point as the corresponding displacement error. This

process is repeated for each domain grid point along with

its associated 21x21 grid points matrix. The choice of the

matrix dimension and the maximum tested displacements

are not entirely arbitrary, actually the 450x450 km matrix

dimension ensures that, according to the PV field typical

scales, subsynoptic structures will be effectively sampled.

The possible displacements up to 225 km ensure that

plausible lags between forecast and analysis PV fields can

be identified. It should also be noted that, by definition,

the displacement error is a discrete magnitude.

The intensity error (IE) represents the difference

between the displaced forecast field and analysis PV. It is

calculated for each domain grid point as the difference in

the 21x21 grid points PV average between the aforemen-

tioned optimally displaced forecast field and the analysis

field, and will be expressed relative to the analysis PV

average (i.e. as an error percentage).

The representation of the displacement error density

function, expressed as function of number of grid lengths,

shows a very clear symmetry along South-North and

West-East directions (see Fig.2 for 300 hPa). This fact

allows to express the error as absolute value in both

directions. Likewise the intensity error presents a very

high symmetry between positive and negative values (not
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line) and West-East (dotted line) directions are represented sepa-

rately.

shown), so the absolute value is used too. With regard

to the dependency on the PV value, DE appears to be

insensitive to this value, while IE exhibits an appreciable

dependency. It could be argued that this later case owes

to the fact of expressing IE in relative terms, but a

similar behavior is found when expressed as an absolute

error. For the intensity error, the percentiles calculation

requires, as a previous step, organizing the analysis PV

values in 0.1 PVU -an arbitrary choice- classes for each

pressure level. Then the IE percentiles as function of PV

value and isobaric level are easily calculated from our

population of error data. However the DE needs a different

approach due to its discrete nature. The first step is to

obtain the percentage of events with a displacement of X

grid lengths (X ranges from 0 to 10) and then associate

this percentage to X.5 grid lengths. Finally to obtain the

standard percentile levels a linearly interpolation of the

obtained percentages is done.

The representation of the calculated error percentiles

for the whole range of PV values displays the lack of
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Figure 4. Intensity Error percentile levels at 300 hPa.

dependence on the PV value for the displacement error

(Fig. 3) and the clear dependence on the PV value for the

intensity error (Fig.4). The analytical functions fitted to

the percentile levels are linear-like for each geographical

direction for the displacement error, and power-law for the

intensity error. This PV error climatology (DE and IE per-

centiles) is used to introduce realistic perturbation along

the zones with the most intense PV values and gradients

that tend to characterize the most influential PV struc-

tures of mid-latitude weather systems. These sensitivity

zones are delineated objectively by the following method.

First, a pseudo-sensitivity field is defined as the difference

between the PV field and a highly smoothed version of

it. Then, for each pressure level, a threshold is defined as

the domain averaged pseudo-sensitivity field in absolute

value. The zones with PV higher than the threshold and

lower than the negative of the threshold are then detected

along the three dimensional domain. The total detection

volume covers approximately half of the domain and each

three-dimensional detected piece generally corresponds to

an identified PV structure.

Finally, three different percentile levels are assigned

Copyright c© 2009 Royal Meteorological Society

Prepared usingqjrms3.cls

Q. J. R. Meteorol. Soc.00: 1–16 (2009)

DOI: 10.1002/qj



MULTIPHYSICS AND PV-PERTURBED ENSEMBLE PREDICTION SYSTEMS 7

0.0

0.5

1.0

1.5

2.0

2.5

3.0

0 2 4 6 8 10 12 14 16

D
E

S
-N

(g
rid

 le
ng

ht
s)

PV (PVU)

a)

10%

50%

90%

0.0

0.5

1.0

1.5

2.0

2.5

3.0

0 2 4 6 8 10 12 14 16

D
E

W
-E

(g
rid

 le
ng

ht
s)

PV (PVU)

b)

10%

50%

90%

Figure 3. Displacement Error percentile levels along a) South-North and b) West-East directions at 300 hPa.

randomly to each detected sensitivity volume, one for

intensity error and two for displacement error (one for

each direction). The intensity and displacement error

orientations (positive or negative) are generated randomly

as well, gobally for DE (i.e. common direction the whole

domain) in order to avoid discontinuities in the perturbed

PV field. These percentile levels are converted to PV

perturbations through the previous PV error climatology.

It is worth to notice that a superior limit is imposed to

the IE (IEmax = 200%) since this relative error tends to

infinity when PV tends to zero due to the power-law

function properties (see Fig.4).

To generate the ensemble members, the PV inversion

technique is applied to the perturbed PV field. The differ-

ence between the original and perturbed balanced fields is

added to the control, unperturbed mass and wind fields, to

produce the perturbed initial and boundary conditions.

3.2 Multiphysics ensemble

This multiphysics ensemble is constructed using different

MM5 physical parameterization sets. These sets are the

result of combining three explicit moisture schemes (God-

dard microphysics, Reisner graupel and Schultz micro-

physics), two cumulus parameterizations (Grell and Kain-

Fritsch) and two PBL schemes (Eta and MRF), plus

the set used in the operational model run by our group

(the explicit moisture scheme Reisner graupel, the cumu-

lus parameterization Kain-Fritsch 2 and the PBL scheme

MRF). The parameterization set of the operational model

is defined as the control member of the ensemble.

4 Verification procedure and results

A first evaluation of the EPSs is done by assessing the

performance of each EPS individual member in order to

assure that it is good enough to be included within the

ensemble. Afterwards, each EPS is verified using prob-

abilistic scores and indices, assuming each deterministic

forecast (ensemble member) is an independent realization

of the same underlying process. In this study the verifi-

cation is performed for the 24 h accumulated precipitation

period corresponding to the second day of the simulations.

The assessment of a weather forecast is not an easy

task due to the lack of a proper undertanding of what
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8 M. VICH ET AL.

is a good forecast. To clarify the goodness of a fore-

castMurphy (1993) defines three distinct types of good-

ness: consistency (forecasters’ judgments versus fore-

casts), quality (forecasts versus observations) and value

(benefits). Traditionally, forecast verification practices

consist of an evaluation of the correspondence between

forecast and observations. Any procedure for verification

of the quality of the forecasts involves measures of the

relationship between a forecast or set of forecasts and the

corresponding observations, hence a verification process

involves a comparison between matched pairs of forecasts

and the observations to which they pertain. In order to

analyze this relationship, for dichotomous forecasts, con-

tingency tables are used. A dichotomous forecast refers to

the yes/no nature of the forecast at each point, for exam-

ple a rainfall threshold defining the transition between a

rain event and a nonrain event. The contingency table,

shown in TableII , counts for each of the four possible out-

comes for the observed and forecast event: Hit (a), False

alarm (b), Miss (c) and Correct rejection (d). Some scores

derived from the contingency table are theprobability of

detectionPOD=a/(a+c), theprobability of false detection

POFD=b/(b+d), thefrequency biasBias=(a+b)/(a+c) and

base rates=(a+c)/(a+b+c+d); seeJolliffe and Stephenson

(2003) and Wilks (1995) for more details. Another use-

ful tool is theRelative Operating Characteristics Curve,

ROC, a graph of probability of detection against proba-

bility of false detection. The ROC, introduced in meteor-

ology byMason(1982), comes from the signal detection

theory and measures the ability of the forecast to discrim-

inate between two alternative outcomes.

Since this study is not focused on verifying a sin-

gle event but on evaluating the general performance of

the ensembles, the definition of the observed event is

not fixed. Therefore several rainfall amount thresholds (2,

Table II. Contingency table for observed event and forecastevent in
a 2x2 problem.

Event Observed
Forecast

Yes No

Yes Hit (a) False alarm (b)
No Miss (c) Correct rejection (d)

30 and 100 mm) have been chosen to define a range of

observed events and calculated its corresponding contin-

gency table.

The ROC curves obtained for each EPS and threshold

(not shown) indicate a very good performance of the indi-

vidual members taking into account that a perfect ROC

score is a curve that travels from bottom left to top left

of the diagram and then across to top right, and that the

diagonal line indicates no skill. The area under the ROC

curve (ROC area) is thus a good indication of the perfor-

mance of the system, in fact an area of 0.5 indicates no

skill and of 1 a perfect skill. Taking this consideration in

mind, Figure5 shows that the multiphysics EPS members

have a better performance than the PV-perturbed ones for

all thresholds, but nevertheless both EPSs present ROC

areas above 0.76, a very satisfying result. The Bias indi-

cates how the forecast event frequency compares to the

observed event frequency. The obtained results for this

index (Fig.6) show that all members of both EPS over-

predict (Bias> 1) rainfall amounts less than 5 mm while

underpredict (Bias< 1) the larger rainfalls amounts. At

approximately 5 mm threshold both EPS are nearest to

the perfect score (Bias = 1). The Bias fast decay towards

zero can be due to a sample problem, as the base rate

shows a rapid decrease of the number of event samples for

extreme precipitation values (Fig.6). The Taylor diagrams

plot several statistics related to the model performance

in a single diagram (Taylor, 2001), yielding a graphical

representation of the decomposition of the mean squared

error. These statistics are the correlation coefficient and
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Figure 6. Bias and base rate of the events, for a) Multiphysicsand b) PV-perturbed EPS.
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the centered pattern root-mean-square difference between

the forecast and the observed field, and the standard devi-

ation of both fields. The perfect score is obtained in the

Taylor diagrams when the data point representing the fore-

cast field matches up with the observed one. The diagrams

(Fig.7) show that both EPS obtain similar results, approx-

imately all ensemble members present a RMS difference

of 15 mm and a correlation coefficient of 0.5, while the

forecast and observation standard deviations are approxi-

mately of 10 and 16 mm, respectively. Taking into account

that the RMS errors, correlation coefficients and standard

deviations are sensitive to discontinuities, noise and out-

liers, the obtained results, for the rainfall field, are quite

good. The fact that individual members from the EPSs
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Figure 5. ROC area extremes for the Multiphysics and PV-
perturbed ensemble members, as functions of different rainfall event

thresholds..

perform similarly well is a positive feature. It is a desirable

property that the individual members of an EPS present

good performaces on they own, so they can build a valu-

able ensemble system.

In other to verify each EPS as a whole an estimate of

the forecast probability of an event needs to be obtained.

This forecast probability is calculated as the fraction of the

forecasts (or EPS members) predicting the event among

all forecast considered (all EPS members). With the pur-

pose of emphasizing the advantages of using a probabilis-

tic forecast against a deterministic forecast, the perfor-

mance of both types of forecasts is compared while eval-

uating the performance of the EPS. The chosen approach

to define the deterministic forecast is to consider a one-

member ensemble. That is, the forecast probability of the

deterministic forecast can only be 0 or 100%. To satisfy

our aims the deterministic forecast is the control mem-

ber of the ensemble. In the multiphysics case, it is the

member corresponding to the one using the parameteriza-

tions of our operational model run (explained above) and

in the PV-perturbed ensemble is the one corresponding to
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Figure 8. ROC area for the Multiphysics and PV-perturbed ensem-
ble and the control one-member ensemble, as functions of different

rainfall event thresholds.

the non-perturbed member using the same multiphysics

parameterizations.

The ROC areas obtained for both ensembles (Fig.8)

are very encouraging since the area values lie over 0.8

for rainfall thresholds below 10 mm and over 0.7 below

50 mm. The results above 50 mm are influenced by the

small sample problem associated with the small number

of observed events. The low 0.5 - 0.6 ROC areas are due

to this sample problem and to the difficulty of the EPS

predicting the extreme rainfall values. The PV-perturbed

ensemble shows better results than the multiphysics in

almost all the rainfall thresholds, and both EPS exhibit

significantly better results than the control member.

The Bias results (Fig.9) reveal a similar behavior

to the EPS individuals members, in the sense that both

EPSs overpredict small rainfall amounts and underpredict

large amounts. Between 2 and 10 mm rainfall values,

both EPS are nearest to the perfect score. Again the Bias

decays fast for large rainfall values due to the sample

problem. Like the ROC area, the Bias shows a slightly

better performance of the PV-perturbed ensemble than the
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Figure 9. Bias for the Multiphysics and PV-perturbed ensemble
and their respective control one-member ensemble, as functions of

different rainfall event thresholds.

multiphysics system. The comparison between the EPSs

and the control member is not easy since depending on

the threshold one can be better than the other. The Brier

Score (Brier, 1950) is a verification score for probabilistic

forecasts. It is the mean squared error of probabilistic

forecasts with events assigned a value of 1 and non-events

zero. The Brier Score can be decomposed into the sum of

three individual parts related to reliability, resolution and

the underlying uncertainty of the observations (Murphy,

1973). Therefore, if the verification sample is partitioned

into categories according to the forecast probabilities, the

Brier Score can be defined as follows:

BS =
1

n

k∑

i=1

(fi − oi)
2

=
1

n

k∑

i=1

ni (fi − oi)
2
−

1

n

k∑

i=1

ni (oi − o)
2

+ o (1 − o)

wherek is the number of categories (often 11, correspond-

ing to 0,10,..,100%),n the number of realizations of the

forecast,fi the forecast probability corresponding to thei

category,ni the number of timesfi is forecasted,oi the

observation probability corresponding to thei category

that is 1 or 0 depending on whether the event occurred

or not,oi the mean occurrence of event for forecast cat-

egory i ando the base rate or climatological mean. The

first term on the right-handed side is a measure of reliabil-

ity, the second term refers to resolution, and the third term

represents the uncertainty of the observations, so it is inde-

pendent of the forecast system. A perfect reliability means

a perfect agreement between the forecast values and the

observed values, while a perfect resolution means that the

forecast system can successfully separate one type of out-

come from another. The Brier Score ranges from 0 to 1,

and the perfect score is 0. The Brier Score can also be used

to define a positively oriented index, the Brier Skill Score,

that measures the difference between the Brier score for

the forecast and the Brier score for the unskilled standard

forecast normalized by the total possible improvement

that can be achieved. The unskilled standard forecast is

often the climatology, then the BSS can be written as

BSS= 1 −
BS

BSclimatology

which ranges from−∞ to 1; 0 indicates no skill compared

to the climatology and the perfect score is 1.

The Brier Skill Score results in Figure10 show that

the BSS is almost the same for both EPSs and the con-

trol run, while the BS terms show different behaviors

depending on the EPS and the control. Both EPSs and

control run present good skill for small rainfall thresholds

that decreases as the rainfall threshold increases. As one

should expect the BS uncertainty term is also the same for

both EPSs and control run since it does not depend on the

forecast uncertainties but on the observations. The results

obtained on the BSS are explained through the BS relia-

bility and BS resolution terms. These two terms are oppo-

sitely oriented and they almost compensate each other in

the total score. Taking this into account the multiphysics

ensemble shows better performance than the PV-perturbed

Copyright c© 2009 Royal Meteorological Society

Prepared usingqjrms3.cls

Q. J. R. Meteorol. Soc.00: 1–16 (2009)

DOI: 10.1002/qj



12 M. VICH ET AL.

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

0.45

0.50

0.55

0.60

000 m
m

002 m
m

005 m
m

010 m
m

020 m
m

030 m
m

050 m
m

100 m
m

150 m
m

B
rie

r 
S

ki
ll 

S
co

re

Rainfall threshold

a)
Multiphysics EPS

Perturbed IBC EPS
Control

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

0.16

0.18

0.20

0.22

000 m
m

002 m
m

005 m
m

010 m
m

020 m
m

030 m
m

050 m
m

100 m
m

150 m
m

R
el

ia
bi

lit
y 

te
rm

Rainfall threshold

b)
Multiphysics EPS

Perturbed IBC EPS
Control

0.00

0.01

0.02

0.03

0.04

0.05

0.06

0.07

000 m
m

002 m
m

005 m
m

010 m
m

020 m
m

030 m
m

050 m
m

100 m
m

150 m
m

R
es

ol
ut

io
n 

te
rm

Rainfall threshold

c)
Multiphysics EPS

Perturbed IBC EPS
Control

0.00

0.05

0.10

0.15

0.20

0.25

000 m
m

002 m
m

005 m
m

010 m
m

020 m
m

030 m
m

050 m
m

100 m
m

150 m
m

U
nc

er
ta

in
ty

 te
rm

Rainfall threshold

d)
Multiphysics EPS

Perturbed IBC EPS
Control

Figure 10. Brier Skill Score and the Brier Score three terms for the Multiphysics and PV-perturbed ensemble and the control one-member
ensemble, as function of different rainfall event thresholds. a) Brier Skill Score, b) Brier Score Reliability term, c)Brier Score Resolution,

and d) Brier Score Uncertainty.

EPS for both terms, while both ensembles show better per-

formance over the control run for the BS resolution term,

and vice versa for the BS reliability term. The attributes

diagrams plot the observed frequency against the fore-

cast probability, where the range of forecast probabilities

is divided in bins, and also include the no-resolution line

and the no-skill line. The perfect score is represented by

a curve that matches the diagonal. The no-resolution line

represents the climatological frequency of the event, while

the no-skill line presents a 0.5 slope and crosses the no-

resolutions and perfect score lines. Figure11 shows the

results for rainfall thresholds of 2, 30 and 100 mm in order

to represent the range of thresholds used in this work.

The results state how the skill decreases as the threshold

increases for both EPSs and the control run. Nevertheless

the curves do not migrate out of the regions of no-skill

except from the 100 mm threshold where the sample prob-

lem is already present as the graph reflects with its fluctu-

ations. Although both EPSs lie within in the skill zone,
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Figure 11. Attributes diagrams for the Multiphysics and PV-perturbed ensemble and the control one-member ensemble, fora) 2 mm, b)
30 mm and c) 100 mm rainfall event thresholds.

the PV-perturbed ensemble presents better skill than the

multiphysics EPS in almost all regions. The control run is

clearly presenting a bad skill. It is worth to note that the

attributes diagrams give graphical information of the BS

decomposition terms too. The reliability term coresponds

to the weighted distance from the diagonal line to the

attribute line, while the resolution term corresponds to the

weighted distance from climatology line to the attribute

line. Hence Figure11.a shows a better reliability and res-

olution for high forecast probability (over 0.4) than for

low forecast probability (below 0.4) for both EPSs, mean-

ing that they underforecast lower values and overforecast

higher values (conditional bias). The fact that the PV-

perturbed ensemble has higher observed probability than

the multiphysics makes that conditional bias worse for low

forecast probability and makes it better for high forecast

probability. For moderate to extreme rainfall thresholds

(Figure11.b and11.c) the interpretation is more complex

and highly dependent on the probability region, especially

for extreme values. The rank histograms (Talagrandet al.,
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Figure 12. Rank Histograms for the Multiphysics and PV-perturbed ensemble, for a) 2 mm, b) 30 mm and c) 100 mm rainfall event
thresholds..

1997) indicate how well the ensemble forecast spread rep-

resents the true variability or uncertainty of the obser-

vations. The rank histogram is constructed by combin-

ing the verification data with the ensemble members and

determining what rank in the combined data the verifica-

tion data represents. The rankings from the forecast sam-

ples are then represented in a histogram. A flat histogram

means that verification is equally likely to be found any-

where within the ensemble, implying that the ensemble

has the right spread. A U-shape means that the verifica-

tion is more likely to be found outside of the ensemble

range, so that the ensemble spread is too small. A Dome-

shape mean that the verification is found near the middle

of the ensemble, implying that the spread is too large. An

asymmetric curve means that the ensemble contains bias.

More detailed information can be found inHamill (2001).

As for the attributes diagrams, the results (Fig.12) are

shown for rainfall thresholds of 2, 30 and 100 mm. All

rank histograms present a U-shaped profile, except the 100
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mm threshold that leads to an excessive population within

the right extreme rank. That is, for the 100 mm threshold

almost all the observation values exceed the forecasts pro-

vided by the ensemble members, partly due to the limited

sample population and also to the well-known problems

of mesoscale models to reproduce extreme rainfall values.

The U-shape indicates that the spread in both EPSs is too

small, as most of the observations fall outside the extremes

of the ensemble. The 30 mm threshold presents a form

between the U-shape and the right-asymmetric, meaning

that the EPSs results fall outside the ensemble extreme

with a negative bias. The PV-perturbed ensemble presents

slightly better rank histograms than the multiphysics EPS.

It should be noted that owing to the rank histogram con-

struction method, it can not be calculated for the control

run, a one-member ensemble.

5 Concluding remarks and future outlook

The design of ensemble prediction systems based on mul-

tiphysics and perturbed initial and boundary conditions

with the aim of improving the short to mid-range numeri-

cal forecasts of cyclones and heavy rain events in the west-

ern Mediterranean is proved to be a good strategy. The

methodology developed for building the PV-perturbed

ensemble appears to be a promising tool. On the one hand,

the use of a single variable (PV) on which to define per-

turbations, combined with the PV Inversion Technique,

keeps the method simple while ensures modifications of

all the meteorological fields without compromising the

mass-wind balance. On the other hand, the results show

that a skillful PV-perturbed ensemble is obtained with this

method.

The verification procedure shows the difficulties of

evaluating the rainfall field, highly discontinuous in space

and time and observed over irregularly spaced networks,

as well as the sample problems associated with extreme

rainfall values. In spite of these difficulties the verification

highlights the advantages of EPSs over deterministic fore-

casts and also that the PV-perturbed ensemble, in general,

performes better than the multiphysics.

Encouraged by these results and the better perfor-

mance of the PV-perturbed EPS over the more tradi-

tional multiphysics approach, a new ensemble is currently

under development. This ensemble consists of using the

PV sensitivity regions calculated by the MM5 adjoint

model (Errico, 1997), anobjectivechoice, instead of the

zones with the most intense PV values and gradients, the

subjectivesensitivity attribution criteria exploited in this

paper. Preliminary results are very encouraging, since they

show an increase in the ensemble skill and spread.
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