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ABSTRACT
This paper deals with seasonal climate forecasting using as many as 13 coupled ocean–atmosphere models. An analysis
of the individual model, multimodel ensemble, and FSU synthetic superensemble (FSUSSE) climate forecasts was
performed for monthly and seasonal forecasts of precipitation, sea surface temperature (SST) and surface air temperature
over the Euro-Mediterranean region including the land areas of Europe, North Africa and the Near East, during the
period 1989–2001. In the FSUSSE methodology, forecasts are obtained by a weighted combination of the individual
coupled ocean–atmosphere model forecasts based on a training period. The set of 13 individual climate forecast models
utilized in this research is comprised of the seven models in the European suite of DEMETER models, a suite of four
Florida State University models, the Australian POAMA model and the NCAR CCM3 model.

The FSUSSE forecasts of seasonal precipitation anomalies were found to have the lowest root mean square (RMS)
errors in comparison to the models in the multimodel ensemble, and their ensemble mean. However, the anomaly
correlation (AC) coefficient results for seasonal precipitation anomaly forecasts by the FSUSSE were less impressive.
The equitable threat scores for the FSUSSE forecasts of seasonal precipitation were found to be better than the various
models in the multimodel ensemble, but those scores for the forecasts of positive seasonal anomalies were found to be
worse than most of the models in the multimodel ensemble.

The FSUSSE seasonal forecasts for SST and surface air temperature for the season considered (winter) were found
to be excellent for both AC coefficients and RMS errors in the forecast anomalies.

1. Introduction

In recent years a number of papers have addressed seasonal cli-
mate prediction using global coupled ocean–atmosphere mod-
els. Seasonal forecasts are clearly of value to a wide cross sec-
tion of society, including personal, commercial and humanitar-
ian interests (e.g., Thomson et al., 2000; Hartmann et al., 2002;
Pielke and Carbone, 2002). The Euro-Mediterranean area is a
climate-sensitive region, which is climatically stressed by limited
water resources and extremes of heat, which can cause or exacer-
bate existing socio-political tensions (Mann, 2001). In particular,
high frequency variations (monthly, seasonal, annual and inter-
annual), as well as low-frequency variations (inter-decadal) of
precipitation play a crucial role in the management of regional
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agriculture, ecosystems, environment, socio-economics, and
water resources (Xoplaki et al., 2000).

Seasonal climate predictions are now made routinely at a num-
ber of operational forecast centers around the world, using cou-
pled models of the atmosphere, oceans and land surface (e.g.,
Mason et al., 1999; Alves et al., 2002; Kanamitsu et al., 2002).
These predictions have been made possible by our understand-
ing of the coupled ocean–atmosphere system, which has come
about in the second half of the 20th century (Neelin et al., 1998).
Such predictions have also been fostered by the development and
deployment of specialized buoys to observe and measure the evo-
lution of near-surface waters in the tropical Pacific (McPhaden
et al., 1998), and by better coupled model predictions of El Niño
(Zebiak and Cane, 1987). These developments were also aided by
the very successful international Tropical Ocean Global Atmo-
sphere (TOGA) Program (World Climate Research Programme,
1985).

In the beginning, the notion of ensemble forecasting was ev-
ident in the studies of Lorenz (1963), where he examined the
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initial state uncertainties in a simple nonlinear system. Much
progress has been made in ensemble forecasting for the con-
ventional weather prediction problem, using the singular vec-
tor based perturbations (Molteni et al., 1996) and the breeding
modes (Toth and Kalnay, 1997). Several other formulations have
appeared in the current literature, including the simpler Monte
Carlo methods (Mullen and Baumhefner, 1994). In seasonal cli-
mate forecasts, the ensemble forecasts can be constructed by
using initial perturbations from adjacent start dates (LaRow and
Krishnamurti, 1998). Most deterministic and probabilistic en-
semble forecasts are produced with a single dynamical model,
although sometimes a set of multimodels is used (Yun et al.,
2005).

Schemes for objective combination of predictions from dif-
ferent models have been applied to seasonal climate forecasts for
several years (e.g., Krishnamurti et al., 1999; Krishnamurti et al.,
2000a; Krishnamurti et al., 2000b; Krishnamurti et al., 2002;
Pavan and Doblas-Reyes, 2000). In these schemes a systematic
improvement in root mean square (RMS) errors is observed for a
multimodel forecast over that of the individual model forecasts.

DEMETER models have been used for seasonal predictions
of precipitation, sea surface (SST) temperature and surface air
temperature, and the DEMETER models comprise 7 of the 13
models used in the multimodel ensemble employed in the present
study. The Development of a European Multimodel Ensemble
System for Seasonal to Interannual Prediction project (DEME-
TER) was conceived and funded under the European Union Vth
Framework Environment Programme. Palmer et al. (2004) stated
that the principal aim of DEMETER was to advance the concept
of the multimodel ensemble as a method for better represent-
ing forecast uncertainties and providing more reliable seasonal
forecasts.

This paper deals with the evaluation of the climate forecasts
of 13 ocean–atmosphere models over the Euro-Mediterranean
and North African regions, as well as the climate forecasts of
the Florida State University synthetic superensemble (FSUSSE).
In general, the forecasts from the superensemble technique are
found to be better than those from the individual models in
the multimodel ensemble and their ensemble mean. This is be-
cause the technique uses weights for combining the individual
model forecasts that are based on past model performance. These
weights are determined for each model and for each variable, grid
point, and vertical level. It is important to note that several possi-
bilities exist for combining the forecasts from multimodels and
that it is not a trivial problem to determine robust weights, due
to overfitting of the data, as was described by Kharin and Zweirs
(2002).

The large-scale multimodel forecasts are obtained for sea-
sonal forecasts of precipitation, sea surface and surface air tem-
perature, as well as the anomalies of these forecast parameters.
The forecast skills of the 13 models, their ensemble mean, and
the FSUSSE are compared by using RMS error, anomaly cor-
relation (AC) coefficient, equitable threat and bias scores. In

Section 2, the different climates of the large Euro-Mediterranean
region are described to indicate the complexity of the region and
to underscore the inherent difficulties in attempting to predict
such a diverse climate system. The models and data utilized are
explained in Section 3. Section 4 addresses the quality of the sea-
sonal climate simulations for the Euro-Mediterranean region by
the Florida State University Coupled Ocean–atmosphere Gen-
eral Circulation Model (FSUCGCM), as well as other models
in the multimodel ensemble. The methodologies of the conven-
tional FSU superensemble and synthetic superensemble mod-
els are presented in Section 5. The precipitation forecast skills
are discussed in detail in Section 6. The probabilistic measure
of precipitation forecast skill is presented in Section 7 using
equitable threat and bias scores. The RMS errors and the AC
coefficients for the predictions of SST and surface air tempera-
ture are presented in Section 8. Concluding remarks are made in
Section 9.

2. Climate

In this section we describe the complexity of the climate regimes
found in the vast region considered in this paper in order to
convey the inherent difficulties involved in attempting to pre-
dict such a diverse climate system. The Euro-Mediterranean and
North Africa regions, as defined in this paper, are shown in Fig. 1.
These regions have three different types of climate classification
and regional geomorphology. The area includes regions that are
characterized by surface temperature and precipitation anoma-
lies of opposite sign in seasons that have strong North Atlantic
Oscillation (NAO) anomalies (Rodo et al., 1997; Quadrelli et al.,

Fig. 1. Areas considered in this study: Euro-Mediterranean region and
North Africa (20◦N–70◦N and 30◦W–60◦E).
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2001). The Mediterranean climate is a special type of climate
characterized by a regime of hot summer drought and winter
rain in the mid-latitudes, located to the north of the subtropical
climate zone. Frei and Schar (1998), in describing the climatol-
ogy of the Alpine region, state that over the Northern Alps the
main wet season is in summer due to convection. Thus, the sea-
sonality for part of the Mediterranean region is bimodal. North
Africa has a dry climate that is defined by 0–30 mm average
annual rainfall due to the presence of the large Saharan Desert.
Over Northern Europe most of the rain falls in winter when the
storm track is stronger.

In boreal summer (during May to August), the high-pressure
belts of the subtropics drift northward in the Northern Hemi-
sphere. They are coincident with substantially higher tempera-
tures and little rainfall over the Euro-Mediterranean region. Dur-
ing the boreal winter, the high-pressure belts drift back towards
the equator, and the Euro-Mediterranean weather becomes more
dominated by the rain-bearing low-pressure depressions. While
usually mild, such areas can experience cold snaps when exposed
to the icy winds of the large continental interiors, where temper-
atures can drop to −40 ◦C in the extreme continental climates.

The Euro-Mediterranean region lies in an area of great cli-
matic interest. It is influenced by some of the most relevant
mechanisms influencing the global climate system; it marks a
transitional zone between the deserts of North Africa, which are
situated within the arid zone of the subtropical high, and cen-
tral and northern Europe, which is influenced by the westerly
flow during the whole year. In addition, the Euro-Mediterranean
climate is exposed to the South Asian Euro-Mediterranean re-
gion (SAM), the Siberian High Pressure System, the Southern
Oscillation (SO) and the NAO. There is recent evidence that the
teleconnection of the El-Niño-Southern Oscillation (ENSO) has
extended its reach into parts of the Euro-Mediterranean in recent
decades (Moron et al., 1998). The main physical and physico-
geographical factors controlling the spatial distribution of the
climatic conditions over the Euro-Mediterranean region are the
atmospheric circulation, the latitude, the altitude, the topogra-
phy, the Atlantic and Euro-Mediterranean SST distribution, the
land-sea interactions (distance from the sea) and smaller-scale
processes (Xoplaki et al., 2000).

3. Data sets and models

3.1. Data sets

Xie and Arkin (1997) developed a new technique, which they
called the outgoing long wave radiation (OLR)-based Precipita-
tion Index (OPI), to estimate global monthly precipitation from
the satellite-observed OLR data that are available from June
1974 to the present, except for a 10-month period of missing
data from March to December 1978. Estimates based on the new
technique are able to provide nearly complete global coverage
of large-scale precipitation with high quality for all seasons. By

combining the gauge based analysis of Xie et al. (1996) over
land with the oceanic estimates of Spencer (1993), based on ob-
servations from the Microwave Sounding Unit (MSU), the OPI
estimates provide a useful means to quantitatively describe the
global distributions of large-scale precipitation continuously for
an extended period from 1979 to the present. The full precipi-
tation data set of Xie and Arkin (1997), which is referred to as
CMAP, is used in this research. The observed climatology for
SST is from Reynolds et al. (2002), while the observed climatol-
ogy of surface air temperature is from the ECMWF reanalysis.

3.2. Models

3.2.1. FSU suite of coupled models. The FSU suite of cou-
pled models is comprised of four identical models that share the
same initial coupled data assimilation, dynamics, and most of
the physical parameterizations except for the cumulus parame-
terization and the radiative transfer algorithms. Two versions of
cumulus parameterization and two versions of radiative trans-
fer are used following Krishnamurti et al. (2002) in the design
of these FSU coupled models. The relevant references for these
algorithms for convection and radiation are Krishnamurti and
Bedi (1988), Grell (1993), and Lacis and Hansen (1974). Details
of the four versions of the FSU coupled model are provided in
Table 1.

The FSU coupled model combines the FSU global spec-
tral model (Krishnamurti et al., 1998) and the Hamburg Ocean
model (Latif, 1987). The model’s performance is described in
Krishnamurti et al. (2002). Model forecasts are initialized using
data assimilation in a two-step process:

(1) An ocean spin up component: Using monthly mean sur-
face winds from the ECMWF reanalysis and the Reynold’s SST
fields, we first spin up the ocean with the ocean model alone.
Here Newtonian relaxation of the observed SST and imposed
wind stresses drive the ocean for an 11-yr period. Details are
presented in LaRow and Krishnamurti (1998) and Krishnamurti
et al. (2000b).

(2) Coupled assimilation: A coupled assimilation phase uti-
lizes the FSU coupled model, where a physical initialization fol-
lowing Krishnamurti et al. (1991) and a Newtonian relaxation
assimilate the atmospheric and oceanic data sets. Here the ob-
served rain rates used in the physical initialization are derived
from the Defense Meteorological Satellite Program/Special Sen-
sor Microwave Imager (DMSP/SSMI) based on microwave scat-
tering temperatures and the NASA Tropical Rainfall Measuring
Mission (TRMM) satellites. This assimilation also includes a
Newtonian relaxation for the observed SSTs. This is all done
with daily rainfall and weekly Reynold’s SST data sets. In this
process, the model based daily rainfall totals are brought to a
close agreement with observed (analyzed) precipitation at the
same resolution. This assimilation tries to retain the temperature
of the air and the rotational part of the wind in the ECMWF
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daily analysis using a hard nudging. The choices of relaxation
coefficients for the nudging are presented in Krishnamurti et al.
(2002).

Using the aforementioned four versions of the FSU cou-
pled model, a total of 624 experiments (4 models × 13 yr ×
12 months), one experiment per month, were carried out over
the period 1989–2001. The two-step process of data assimilation
used to initialize the model forecasts is carried out for an initial
2-yr period first, and the initial state for the coupled model is
thus prepared. Then this coupled assimilation continues through
all 13 yr, so that seasonal forecasts can be carried out thereafter
for any start time. Data sets of the various forecast parameters
were archived for all forecasts at intervals of 15 d.

3.2.2. DEMETER models. The DEMETER models are de-
scribed in Palmer et al. (2004). The following is a list of European
coupled seasonal climate models that fall in this category:

1. The coupled models from France (CERFACS, LODYC
and METEO FRANCE)

2. The ECMWF coupled model
3. The UK Met office coupled model
4. The Italian coupled model INGV
5. The German coupled model MPI

Each seasonal forecast had a 1-month lead time. Data from
4-month forecasts was selected for each initial condition, cover-
ing the years 1989–2001. The seven coupled models each carried
an ensemble of nine forecasts for each start date. These ensem-
bles were constructed using wind and SST perturbations of the
respective initial conditions. In all, 3276 seasonal forecasts were
available from the DEMETER database (7 models × 9 ensemble
members per model × 13 yr × 4 months). In this research the
nine ensemble members for each model were averaged to yield
one forecast for each of the seven models. Table 1 describes some
features of these coupled models.

3.2.3. POAMA and CCM3 Models. The Predictive Ocean At-
mosphere Model for Australia (POAMA) is a state-of-the-art
ocean–atmosphere coupled model for seasonal to inter-annual
prediction. Real-time oceanic and atmospheric initial states are
used to initialize the coupled model. These are provided by an
ocean data assimilation system that is run in real time as part of
the POAMA system, and by operational weather analyses from
BMRC. The atmospheric component of the coupled model used
in POAMA is the BMRC unified atmospheric model (BAM)
with specifications of T47L17. The ocean model component is
the Australian Community Ocean Model version 2 (ACOM2).
The model is described in Zhong et al. (2001), and several fea-
tures of the model are presented in Table 1.

The National Center for Atmospheric Research (NCAR)
CCM3 model solves the dynamical equations in spectral space.
The configuration used is T63L26. Kiehl et al. (1998) provide
a complete description of the physical and numerical methods

used in CCM3. Several features of the model are presented in
Table 1.

Combining the DEMETER, POAMA, CCM3 and the FSU
components, a total of 13 global coupled ocean–atmosphere
models provided data sets for 4500 seasonal forecast experi-
ments (624 FSU + 3276 DEMETER + 600 POAMA/CCM3).

4. Model simulation of mean
Euro-Mediterranean climate

In the validation of any climate model, it is important that the cur-
rent climates from the model and observation/analysis be care-
fully compared. In this section, we focus on the quality of the
seasonal climate simulations for the Euro-Mediterranean region
by the Florida State University Coupled Ocean–atmosphere Gen-
eral Circulation Model (FSUCGCM). The predictability and the
interannual variability of rainfall in a model are dependent on
how well that model simulates the seasonal climatology (Sperber
and Palmer, 1996). Models with better rainfall climatology gen-
erally have less systematic errors and somewhat higher ability to
simulate interannual variations. Climate drift is almost inevitable
in coupled ocean–atmosphere models and frequently it can be
larger than the interannual signal.

The mean features of seasonal climate and its variability pro-
duced by the FSUCGCM seasonal forecasts were investigated
for the period 1989–2001. Fig. 2 shows the 13-yr time-series
of precipitation from this model, from which dry and wet pe-
riods may be determined. In this section, we will focus on the

Fig. 2. (a) Time-series of area average monthly precipitation. (b)
Time-series of area average standardized precipitation from January
1989 to December 2002. The standardization method is based on a
monthly precipitation time-series, X1, X2, .., Xn . The standardized
monthly precipitation series in (b) is defined as, xi = Xi −X̄

Sx
, where X̄

is the arithmetic mean and Sx is the standard deviation of the series.
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Fig. 3. Precipitation for JJA 1999 in units of mm/d. Panels (a), (b) and (c) show the precipitation climatology for the ensemble mean of forecasts
from the four FSU models based on strings of month-1, month-2 and month-3 forecasts, respectively. The observed rain in panel (d) is obtained from
Xie and Arkin (1997) data sets.

climate phenomena of dry summers (JJA) and wet winters (DJF).
We will examine JJA 1999 and DJF 2000/2001 as representa-
tive examples of the dry and wet seasons, respectively, over the
Euro-Mediterranean region. JJA 1999 represents one of the driest
summers (see months 126–128 in Fig. 2) while DFJ represents
one of the wettest winters (see months 144–146 in Fig. 2).

Lower level wind flow patterns and rainfall associated with the
boreal summer and winter seasons in the Euro-Mediterranean
region were examined. The observation based mean fields were
compared with fields simulated by the coupled model for the
December, January and February (DJF) and June, July and
August (JJA) periods. The seasonal rainfall forecasts from the
FSU coupled model in mm/d are presented in Figs. 3–4 and they
show almost similar spatial distribution. Fig. 3 compares the
mean observed (Xie and Arkin, 1997) and model boreal sum-
mer (dry period) Euro-Mediterranean region rainfall patterns for
the JJA 1999 period. The mean observed (Xie and Arkin, 1997)
and model boreal winter (wet period) Euro-Mediterranean re-
gion rainfall patterns for the DJF 2001/2002 period are shown in
Fig. 4. In both figures the observed mean (panel d) shows a rain
area of 2 mm/d near the east coast of the Euro-Mediterranean
region. Over the northwestern region of the map in both figures a
center of maximum rainfall of 4 mm/d is noted. The model fore-
casts (month-1 through month-3 in panels (a), (b) and (c), respec-
tively) valid for DJF 2001/2002 and JJA 1999 captured realistic
Euro-Mediterranean region rainfall patterns when compared to
these observations. The coupled model captured both the rain-
fall maximum over the east coast of the Euro-Mediterranean and
over the northwestern map region. However, the rainfall amounts
show rather large errors. For example, in Fig. 4 the observed pre-

cipitation mean is 2 mm/d in the eastern Euro-Mediterranean,
while the coupled model forecasts show values of 6–8 mm/d for
the same region. In Fig. 3 the model forecasts show a similar
pattern to the observed precipitation, although once again there
are errors in the precipitation amounts in the model. In both
Figs. 3 and 4 the Euro-Mediterranean rainfall amounts are seen
to increase from month-1 forecasts to month-3 forecasts in the
coupled model, representing a drift in the coupled model’s rain-
fall forecasts. Results from the month-3 forecasts are in the least
agreement with respect to the observed precipitation. Therefore,
the FSU coupled model fails to reasonably simulate observed
wet and dry season rainfall climatology in the longer range in
terms of rainfall amounts. The individual member model rainfall
forecasts from the coupled suite were not very impressive. The
models had a tendency to over predict by 30–40 % the Euro-
Mediterranean region rainfall from month-1 through month-3
when compared to the observed climatology. The spatial distri-
butions of precipitation over Europe and the North Africa conti-
nent, the Near East, and adjacent oceanic regions in the coupled
model were comparable to the respective monthly mean and sea-
sonal mean analyses. In this sense, the coupled model was able
to capture the large-scale features of the Euro-Mediterranean
region circulation and the associated rainfall reasonably well.
Even though the rainfall patterns were reasonably well simu-
lated by the coupled models in comparison to observation, the
actual rainfall amounts often showed rather large errors.

Next, we shall illustrate the climatology of seasonal rainfall
forecasts from the DEMETER, CCM3, POAMA and FSU cou-
pled models. In Table 1, we have provided a brief summary of
these models. The models vary considerably from each other in
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Fig. 4. Precipitation for DJF 2001/2002 in units of mm/d. Panels (a), (b) and (c) show the precipitation climatology for the ensemble mean of
forecasts from the four FSU models based on strings of month-1, month-2 and month-3 forecasts, respectively. The observed rain in panel (d) is
obtained from Xie and Arkin (1997) data sets.

terms of resolution, physics and the ocean model algorithms. The
resolutions vary from T42 (roughly 2.5◦ lat/lon) to T95 (almost
double that resolution). The vertical resolution varies from 19
to 40 levels. Table 1 provides references that outline the atmo-
sphere and the ocean model components for each of these mod-
els. Thirteen model runs were carried out for each experiment of
the DEMETER, CCM3, and POAMA models by perturbing the
initial states. Perturbing the wind stresses generated ensembles
of 13 forecasts of SSTs at the interface of the atmosphere-ocean
coupled system. Details of the procedures used in producing the
DEMETER model data sets may be found in Palmer et al. (2004).

The seasonal climatology forecasts for the years 1989 through
2001 for these models are given in Figs. 5–8 for DJF, MAM, JJA
and SON, respectively. The seasonal precipitation forecasts for
the boreal winter seasons of DJF 1989–2001 are shown in Fig. 5.
This figure represents the relatively wet winter season (defined
with respect to the mean values as seen in the Xie-Arkin (1997)
data set). Model forecasts depicted include the four FSU cou-
pled models, the seven DEMETER models, the CCM3 model,
and the POAMA model, as well as the multimodel ensemble
mean of all 13 models, and the FSUSSE, along with the ob-
served precipitation climatology for Xie and Arkin (1997). Fig.
5 shows that the northwestern Euro-Mediterranean region ex-
perienced very wet conditions during the boreal winter seasons
of DJF 1989–2001. The rest of the Euro-Mediterranean region
experienced lesser rains. The individual models vary consider-

ably in their rainfall predictions. Among the seven DEMETER
models, the SCNR and SCWF models, that have high resolution
ocean components, capture the Euro-Mediterranean features rea-
sonably well in comparison to observation, except for the rain-
fall all along the Euro-Mediterranean eastern coastline, which
is somewhat underestimated. Also, these models fail to capture
the wet areas over the northwest Euro-Mediterranean and North-
ern Atlantic regions mentioned above for the period DJF 1989
through 2001. In addition, these models show a belt of heavy rain
stretching from the Atlantic Ocean into the north central Euro-
Mediterranean that is somewhat overestimated. The boreal win-
ter (DJF) seasonal forecasts of precipitation in Fig. 5 show that,
among the DEMETER models, the UKMO and LODYC have
the better forecasts. The CCM3 model has a better forecast than
the POAMA model for the Euro-Mediterranean precipitation.
The POAMA, CNFC, SMPI and SCWF show excessively heavy
rainfall amounts over a very large area. Considering the entire
forecast area depicted, the rainfall patterns are best predicted by
the FSUSSE (to be described in detail in Section 5.2) in compar-
ison to the observed rainfall, except that the FSUSSE does not
capture the 2 mm/d rainfall over the eastern Euro-Mediterranean.
For the boreal spring (MAM) forecast in Fig. 6, the SCNR and
UKMO models of DEMETER most closely match the observed
precipitation. In Fig. 7, where the boreal summer precipitation
forecasts are shown, the CNRM, SCWF, and UKMO DEME-
TER models show the best performance, except that the UKMO
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Fig. 5. Climatology of seasonal precipitation (mm/d) over the Euro-Mediterranean region for the boreal winter season of DJF for the period
1989–2001: Climatology from the four FSU models (a–d), the seven DEMETER models (e–l), the CCM3 model (m), the POAMA model (n), the
multimodel ensemble mean of all 13 models (o) and the FSUSSE (p) is shown, along with the observed precipitation climatology from Xie and
Arkin (1997) (q).

Fig. 6. Same as for Fig. 5 except for the boreal spring season of MAM for the period 1989–2001.
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Fig. 7. Same as for Fig. 5 except for the boreal summer season of JJA for the period 1989–2001.

Fig. 8. Same as for Fig. 5 except for the boreal fall season of SON for the period 1989–2001.
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model overestimates the seasonal precipitation over central Eu-
rope in comparison to observation. For the boreal autumn (SON)
seasonal forecasts in Fig. 8, the LODY and UKMO DEMETER
models give the best forecasts of precipitation in comparison to
observation. For all of these seasons the CCM3 and POAMA
models show the least agreement with observation, while the
FSUSSE forecasts most closely match the observed precipita-
tion.

Models with poor rainfall climatology show rather large de-
partures in rainfall forecasts for a given season in compar-
ison to observation. The model climatology over the Euro-
Mediterranean region is sensitive to many model features that
contribute to such errors. The rainfall forecast by the individual
models comprising the multimodel ensemble departs consider-
ably from the observed rainfall for all seasons 1989–2001 in
comparison to observation. It is difficult to place much credence
on these models’ anomaly forecasts when they are calculated
with respect to their own individual mean fields for a given sea-
son. This is one of the reasons why seasonal forecasts have been
one of the most difficult forecast problems. Some models, such
as the FSU coupled models (ANR, AOR, KNR and KOR), and
the SCWF, SMPI, CCM3 and POAMA models, show excessive
rainfall in parts of the interior and Euro-Mediterranean coastal
areas, as well as over the Atlantic Ocean. The important mes-
sage here is that with the construction of the FSU synthetic su-
perensemble (FSUSSE) it is possible to remove such biases for
seasonal forecasts of rainfall. Such an approach is necessary
since the models comprising the ensemble carry large seasonal
biases in their rainfall forecasts. These biases are most likely
due to inadequate representation of physical processes (physics)
in these models. It is important to recognize that the FSUSSE
technique circumvents the need to correct the physics in each of
these models by developing a forecast equation that accounts for
each model’s deficiencies through a weighted combination of the
various models’ forecasts, with the weighting factors being de-
termined through the training procedure, whereby each model’s
forecasts are compared to observed conditions over an extended
period of time. The superensemble technique is described fully
in the next section of the paper. In principle, the FSUSSE’s suc-
cess should be evidenced in reduced RMS error scores and in
enhanced anomaly correlation coefficients, but this is not always
realized, as will be seen for the results of the seasonal precip-
itation forecasts in Sections 6 and 7. Generally speaking, the
RMS error results are better than the anomaly correlation co-
efficient results for the precipitation forecasts discussed in this
paper. However, for SST and surface air temperature forecasts,
both of these measures of skill indicate superior performance by
the FSUSSE in comparison to the other models, as will be seen
in Section 8.

In this section of the paper we have seen that the FSUSSE’s
simulation of the 13-yr climatology of rainfall for the four se-
lected seasons most closely matches the observed rainfall clima-
tology from Xie and Arkin (1997), when compared to the indi-

vidual models in the multimodel ensemble and their ensemble
mean. Based on the findings of Sperber and Palmer (1996), this
success by the FSUSSE in simulating the 13-yr seasonal rainfall
climatology would indicate that the model would also have an
advantage over the other models in rainfall predictability for in-
dividual seasons. Such rainfall predictions by the various models
will be examined in Sections 6 and 7 of the paper.

5. Methodology

5.1. Conventional FSU superensemble methodology

The FSU superensemble technique (Krishnamurti et al., 1999)
produces a single forecast derived from a multimodel set of fore-
casts. Forecasts from this methodology almost universally carry
the highest skill compared to the individual models comprising
the ensemble, as well as the bias-removed multimodel ensem-
ble mean. In the standard bias removal procedure that is used to
produce the bias-removed multimodel ensemble mean, each in-
dividual model has its bias removed, and then the mean of the bias
removed forecasts is constructed with each model being given,
in effect, a weight of 1. However, when the FSU superensem-
ble technique is used to produce the bias-removed multimodel
ensemble mean, each individual model, in effect, has its bias
removed, and then the mean of the bias removed forecasts is
formed, but with the important difference being that each model
is given a different weight, based on the training period. Different
models have different predictive skill, and when their forecasts
are combined to form the multimodel ensemble mean, the FSU
superensemble is equipped to reflect this differential predictive
skill in a way that the standard bias removal procedure cannot,
through the use of weights that are determined in the training
procedure. Thus, the strategy for the multimodel superensem-
ble is based on a partitioning of the forecast time line into two
components. The first of these, called the training period, uti-
lizes past multimodel forecasts and observed (analysis) fields to
derive model performance statistics. The second phase, called
the forecast phase, utilizes current multimodel forecasts and the
aforementioned statistics to obtain real-time superensemble fore-
casts. During training, with the use of benchmark observed (anal-
ysis) fields, past forecasts are used to derive statistics on the past
behaviour of the models. Given a set of past multimodel fore-
casts, a multiple regression technique is used, in which the model
forecasts are regressed against an observed (analysis) field. This
utilizes a least-squares minimization of the difference between
anomalies of the model forecasts and the analysis fields in order
to determine a distribution of weights. As stated above, these re-
gression coefficients (weights) associated with each individual
model can be interpreted as a measure of that model’s relative
forecast reliability for the given point over the training period.
For each model prognostic variable, the purpose of training is to
evaluate model biases geographically and vertically. This being
done for m multimodels at n gridpoints (along the horizontal and
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vertical) for p variables and q time intervals, constitutes as many
as m × n × p × q statistical coefficients (order of 107 weights).
The methodology for this conventional procedure consists of a
definition of the superensemble forecast according to the follow-
ing equation:

S = Ō +
N∑

i=1

ai (Fi − F̄ i ), (5.1.1)

where S is the superensemble prediction, O is the observed time
mean, ai are the weights for individual models i, Fi is the pre-

dicted value from model i,
−
Fi is the time mean of predictions by

model i for the training period, and N is the number of models.
The weights are computed at each of the grid points by mini-
mizing the objective function G for the mean square error of the
forecasts as:

G =
t=train∑

t=0

(St − Ot )
2, (5.1.2)

where t denotes the length of the training period. The length of
the training phase, in which the multiregression coefficients are
obtained, varies for each type of forecast addressed in this paper.
The statistics, collected during the training phase, are passed on
to the forecast phase of the superensemble (eq. 5.1.1). In this
forecast phase, we use real-time forecasts from the same mem-
ber models that were considered in the training procedure. As
previously stated, this type of local bias removal is more effec-
tive compared to a conventional bias removed ensemble mean.
The latter assigns a weight of 1.0 to all models after bias re-
moval. The superensemble includes fractional and even negative
weights depending on past behaviours. The negative weights are
a statistical fit measure; it is the same as in any application of
statistical data that are subjected to multiple regression, where
the weights are determined via a least-square minimization. No
hard physical interpretation should be expected for these neg-
ative weights. One must be bold to use such in meteorological
problems. If the weights are positive for some models at some lo-
cations and are negative for other models at the same locations, it
simply means that for those models with negative weights such a
correction provides the best least-squares fit. However, we have
established (Chakraborty et al., 2006) that the weights of dif-
ferent models plotted against forecast period during the training
phase do very closely resemble the plots of correlations of model
output versus the observed counterparts during the same train-
ing phase. Thus, negative weights do seem to imply that those
models have negative correlation against observations during the
training phase. In a probabilistic sense also, the superensemble
probability forecasts are somewhat better than the multimodel
bias removed ensemble mean forecasts at any threshold level
when compared to observations (Stefanova and Krishnamurti,
2002).

Some of our earlier research applications on seasonal cli-
mate forecasts utilized the Atmospheric Model Inter-comparison

Project (AMIP1 and AMIP2) global multimodel climate data sets
involving long integrations over a period of a decade using atmo-
spheric general circulation models (Gates et al., 1999). Accord-
ing to a recent study by Krishnamurti et al. (2000b), 13 models of
AMIP1 were selected in order to examine the rainfall forecasts.
The selection of these 13 models was based on detailed evalua-
tion of the data sets by Gadgil and Sajani (1998). It was noted
that there was a marked improvement in the forecasts of seasonal
precipitation from the superensemble in comparison to fore-
casts from individual models in the multimodel AMIP ensemble
(Krishnamurti et al., 2000b). This AMIP exercise did not address
how much improvement in rainfall anomalies (above those of cli-
matology) was possible from the conventional superensemble.
The issue of rainfall anomaly forecasts in comparison to clima-
tology is addressed in this paper using the FSUSSE and the data
from the ensemble of models described in Section 3.2.

5.2. FSU synthetic superensemble (FSUSSE)
methodology

A variation of the above conventional superensemble formula-
tion was necessary for improved skills for seasonal climate fore-
casts (Yun et al., 2003). From the member model forecast data
sets additional data sets are generated which are called the ‘Syn-
thetic Datasets’. This variant of the superensemble contributed
towards major improvements of the skills for seasonal climate
forecasts. The synthetic data set is created from a combination
of the past observations. A consistent spatial pattern is observed
among the observations and forecasts. This is simply a linear
regression problem in the empirical orthogonal functions (EOF)
space. Sets of such synthetic forecasts are then obtained, one
for each available forecast, for the creation of superensemble
forecasts. The method of creating the synthetic data and the as-
sociated statistical procedure is described below.

The time-series of observations can be written as a linear com-
bination of EOFs such as,

O(x, t) =
∑

n

Pn(t)φn(x), (5.2.1)

where n is the number of modes selected, which in this study
was chosen such that the EOFs explain 99% of the variance in
the observed data set. The two variables on the right-hand side of
the above equation represent the time (principal component, PC)
and space (EOF) decomposition, respectively. PC time-series
P(t) represents how EOFs (spatial patterns) evolve in time. PCs
and EOFs are defined as below for i member models,

Fi (x, t) =
∑

n

Fi,n(t)ϕi,n(x), (5.2.2)

where index i represents a particular member model, from 1 to
m.

The interest lies in knowing the spatial patterns of forecast
data, which evolve in a consistent way with the EOFs of the
observation for the time-series considered. Here, a regression
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Fig. 9. RMS errors (mm/d) in seasonal
precipitation forecast anomalies by the
individual models in the ensemble, the
multimodel ensemble mean, and the
FSUSSE for the period 1989–2001. Inset at
the right shows the mean RMS errors for all
the years: (a) DJF; (b) MAM; (c) JJA and (d)
SON.

relationship is used between the observations PC time-series of
forecast data, given as,

Pn(t) =
∑

n

αi,n Fi,n(t) + εi,n . (5.2.3)

In the above equation, the observation time-series P(t) is ex-
pressed in terms of a linear combination of forecast time-series
F(t) in EOF space. The regression coefficients, α, are found such
that the residual error variance E (ε2) is a minimum.

Once the regression coefficients are determined, the PC time-
series of synthetic data can be written as:

F reg
i,n (t) = αi,n Fi,n(t). (5.2.4)

Then the synthetic dataset is reconstructed with EOFs and PCs
as:

F syn
i (x, t) =

∑
n

F reg
i,n (t)φn(x). (5.3.5)

The synthetic data (m sets) generated from m member mod-
els’ forecasts are now subjected to the conventional FSU su-

perensemble technique (Krishnamurti et al., 2000a) described in
Section 5.1. Further details on the FSU synthetic superensemble
(FSUSSE) are described in Yun et al. (2003 and 2005).

6. Precipitation forecast skills

We shall next address specific improvements in the skill of
seasonal climate forecasts for individual seasons. Here we in-
clude skills of member models, their ensemble mean and the
superensemble. In Figs. 9 and 10 we illustrate the error statis-
tics (RMS errors and anomaly correlations, respectively) for sea-
sonal forecasts of precipitation covering the four seasons of DJF,
MAM, JJA and SON (panels a, b, c and d, respectively, in each
figure). The four panels of each figure show the results from
DEMETER, CCM3, POAMA and FSU coupled models, along
with the multimodel ensemble mean and the FSUSSE. It needs
to be clarified here that both the RMS errors and the anomaly
correlations shown in Figs. 9 and 10, respectively, are based on
anomalies for the model forecast fields versus anomalies for the
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Fig. 10. AC between forecasted anomalies
and observed anomalies of precipitation by
the individual models in the ensemble, the
multimodel ensemble mean, and the
FSUSSE for the period 1989–2001. Inset at
the right shows the mean AC for all the years:
(a) DJF; (b) MAM; (c) JJA and (d) SON.

observed fields. These results pertain to the Euro-Mediterranean
precipitation over the region 20N–70N and 30W-60E. The re-
sults are based on cross-validation, i.e., all the years of the fore-
casts, except for the one being addressed, are included in the
training database. This was necessary since the data length, i.e.,
numbers of the forecasts, were still quite small for the optimal
development of a training phase (Krishnamurti et al., 2000a).
Results presented in these illustrations convey the same essen-
tial message, i.e., a stepwise reduction of errors occurs from the
individual models to the multimodel ensemble mean and finally
to the best product, i.e., the FSUSSE. The RMS errors for the
individual models are almost a factor of two larger than for those
of the FSUSSE. An inset diagram in the far right, in each panel,
shows the 13-yr summary of forecast improvements. Overall, the
RMS errors are reduced considerably, since a reduction of RMS
error is a built in feature for the design of our superensemble
(see eq. 5.3.5). With regard to the anomaly correlations, there
were some improvements in the FSUSSE forecasts, but these
were not as obvious as for the RMS errors. Looking at the 13-yr

average graphs in Fig. 10, the FSUSSE has its best performance
in SON when only one member model has a higher AC than the
FSUSSE. The worst FSUSSE performance is in JJA when eight
member models and the multimodel ensemble mean have higher
AC values than the FSUSSE. In principle, it is possible to design
a superensemble for the improvement of the anomaly correla-
tion in its own right. The design of a superensemble is currently
being explored that can reduce the RMS error and enhance the
anomaly correlation at the same time.

As stated previously, many authors have noted a lower skill
for the seasonal forecasts of rainfall as compared to other pa-
rameters. A premise that seasonal forecasts of precipitation are
influenced by internal dynamics, in contrast to boundary forcing,
has been offered as a possible explanation for these lower skills.
Since internal dynamics and boundary forcing are not mutually
exclusive, i.e., one influences the other in a non-linear system,
such a partitioning of explanations is questionable. In a seasonal
forecast the first month’s boundary forcing can easily generate
an internal dynamical variability for the next month and vice
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Fig. 11. Seasonal forecasts of precipitation
(mm/d) over the Euro-Mediterranean region
for (a) DJF 1997/1998 and (b) DJF
2001/2002. Forecasts from the FSUSSE (a
and d) and the multimodel ensemble mean of
all 13 models (b and e) are shown, along
with the observed precipitation from Xie and
Arkin (1997) (c and f).

versa. Thus, the reasons for poorer rainfall forecasts still are not
apparent.

We shall next address the question of how much improvement
in the forecast geographical distribution of seasonal rainfall and
the forecast seasonal rainfall anomalies is obtainable from the use
of the synthetic superensemble. We will assess that improvement
by comparing the synthetic superensemble forecasts and those
of the member models to the observed rainfall climatology from
the data set of Xie and Arkin (1997).

Typical examples of the seasonal rainfall forecasts over the
Euro-Mediterranean region are illustrated in Fig. 11. All these
forecasts use a lead-time of 1 month. These are forecasts for
months 2, 3 and 4 for December, January and February respec-
tively. An average of these 3 months defines the seasonal rain-
fall forecasts. The observed seasonal forecasts are shown for
the two DJF periods of 1997/1998 and 2001/2002 based on the

Xie and Arkin (1997) data sets, along with the forecasts from
the synthetic superensemble and the 13-model ensemble mean.
The quality of these FSUSSE forecasts is good and matches the
high skills (discussed earlier) for the AMIP superensemble. The
individual member models’ rainfall forecasts were not very im-
pressive (Figs. 9 and 10). Their RMS errors were roughly two
or three times larger than those of the synthetic superensemble.
The member models carry large systematic errors that render
their skill scores rather low, whereas the synthetic superensem-
ble by virtue of its ability to correct such systematic errors can
perform ‘better’. That ‘better’ may be no more than the ability
of the synthetic superensemble to push its forecasts towards a
better climatology. If that is all that the synthetic superensem-
ble does, then one needs to ask about the skill for the sea-
sonal precipitation anomalies, which are central to any climate
forecast.
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Fig. 12. Seasonal precipitation anomaly
forecasts (mm/d) for (a) DJF 1997/1998 and
(b) DJF 2001/2002. Forecasts are shown for
the FSUSSE (a and d), the multimodel
ensemble mean of 13 models (b and e),
while observed anomalies are from Xie and
Arkin (1997) (c and f).

Figure 12 illustrates examples of precipitation anomaly fore-
casts for DJF 1997/1998 and DJF 2001/2002. The anomalies are
calculated with respect to the observed and the forecast seasonal
mean values to define the observed or the forecast anomalies,
respectively. Anomaly correlations for these forecast anomalies
are generally of the order of 0.2–0.4 over the Euro-Mediterranean
domain. Thus, the overall skill of forecasts for the seasonal
anomalies is small. Those skills were only slightly better for
the synthetic superensemble. Qualitatively, the seasonal rain-
fall forecast anomaly fields seen in Fig. 12 do seem to provide
some useful guidance on where to expect above or below normal
rainfall a season in advance. During DJF 1997/1998 (but not dur-
ing DJF2001/2002), the FSUSSE successfully depicted a belt of
above normal seasonal rainfall over the Euro-Mediterranean ex-
tending from west to east along 40N. The FSUSSE failed to
capture the enhanced positive rainfall anomalies north of
the Euro-Mediterranean region. Below normal values occur over
the central Euro-Mediterranean Sea, with heavy rainy areas to
the north, east and west of that region. Overall, little to no im-

provement in seasonal precipitation anomaly forecasts for the
two selected seasons was obtained from use of the FSUSSE.

7. Probabilistic measure of precipitation
forecast skill

The equitable threat score and bias score will be used to pro-
vide a probabilistic measure of precipitation forecast skill. These
skill scores are based on comparing regions of forecast versus
observed precipitation for certain threshold values. Following
Schneider et al. (1996) the equitable threat score is defined as,

EquitableThreatScore

=
H −

(
F × O

N

)

F + O − H −
(

F × O

N

) (0 ≤ ET S ≤ 1), (7.1)

where

Tellus 59A (2007), 1



EVALUATION OF THE FSUSSE PERFORMANCE 65

Fig. 13. Equitable threat score for seasonal
precipitation (a) and seasonal positive
precipitation anomalies (b) for the 13 models
of the multimodel ensemble, their ensemble
mean, and the FSUSSE. Threshold values
are 0.2 and 2 mm/d.

F = the number of grid boxes that forecast more than the thresh-
old
O = the number of grid boxes that observe more than the
threshold
H = the number of grid boxes that correctly forecast more than
the threshold(
F × O

N

) = the expected number of correct forecasts due to
chance
N = the total number of grid boxes inside the verification domain

The equitable threat score is one measure of probabilistic fore-
cast skill. The equitable threat score can vary from a small nega-
tive number to 1.0, where 1.0 represents a perfect forecast. This
is basically the ratio of the correct forecast area to the total area
of the forecast and observed precipitation. The model gets pe-
nalized for forecasting rain in the wrong place as well as for
not forecasting rain in the right place. Thus, the model with the
highest score is generally the model with the best forecast skill.

Figure 13 shows the equitable threat score for seasonal precip-
itation forecasts (part (a) of figure) and for seasonal precipitation
forecast anomalies (part (b) of figure) for the 13 models of the
multimodel ensemble, their ensemble mean, and the FSUSSE
for the 0.2 and 2.0 mm/d thresholds. Fig. 14 has an identical
depiction, but for the bias score (defined below). In these figures
the first fourteen bars represent the 0.2 mm/d threshold, and the
second fourteen bars represent the 2 mm/d threshold for each of
the seasons (winter, spring, and summer). The time periods for
each season are as follows:

WINTER (DJF) — 1 DEC 1988 - 29 FEB 2001

SPRING (MAM) — 1 MAR 1989 - 31 MAY 2001
SUMMER (JJA) — 1 JUN 1989 - 31 AUG 2001

The equitable threat score for precipitation forecasts, and the
bias score to be discussed below, were calculated for 1989–2001
over the region 30W–60E and 20N–70N (Fig. 1). The FSUSSE
was found to be better than the models comprising the multi-
model ensemble with respect to the equitable threat score, as
seen in Fig. 13a. In the winter season (DJF) the FSUSSE eq-
uitable threat score value is 0.77 (0.47) for a threshold of 0.2
(2.0) mm/d. KNR, CCM3 and MPI models show values of ap-
proximately 0.7 (0.3) for 0.2 (2.0) mm/d. The values for the
POAMA, AOR and ANR models decrease to about 0.50 (0.27),
with those models generally having the lowest equitable threat
score values for all the models and for 0.2 (2.0) mm/d thresh-
old. In spring (Fig. 13a), the FSUSSE equitable threat score is
0.68 at a threshold of 0.2 mm/d. Although this value drops to
0.64 by a threshold of 2 mm/d, the FSUSSE maintains the high-
est score in comparison to all models and for two thresholds.
CERFAC, INGV, and MetFr model values are just below those
of the FSUSSE, with the POAMA and KNR models having the
lowest values for two thresholds. The FSUSSE also has the best
equitable threat scores in summer (Fig. 13a). For this season
the CERFACS and MetFr models have better scores than the
other models. In terms of equitable threat scores (Fig. 13a) it
can be seen that the FSUSSE typically has the best ETS values
for seasonal precipitation forecasts, especially for precipitation
amounts over 2.0 mm for all seasons. CCM3, CERFAC and MPI
seem to be better than other ensemble models especially under
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Fig. 14. Bias score for seasonal precipitation
(a) and seasonal precipitation anomalies (b)
for the 13 models of the multimodel
ensemble, their ensemble mean, and the
FSUSSE. Threshold values are 0.2 and 2
mm/d.

2.0 mm for winter and summer. LODYC, ECMWF and UKMO
are better than other models for spring. Also MetFr and INGV
are better than other models for summer seasons. All the mod-
els show decreasing skill with increasing precipitation threshold,
with almost a steady fall in skill above 0.2 mm. Fig. 13b shows
that most models have ETS values under 0.03 for seasonal fore-
casts of positive anomalies. Especially for spring these values
are close to zero, which defines the worst ETS value. CER-
FACS, CCM3 and KOR have better ETS values for both 0.2 and
2 mm/d thresholds. The FSUSSE values are worse than most of
the individual models and usually worse than values for the mul-
timodel ensemble mean. The reason for this performance is not
immediately obvious, and further research is being conducted on
this question. The FSUSSE has its highest ETS value for the 2.0
mm/d threshold in spring, but this value is surpassed by several
other models. In summary, the FSUSSE performs well in terms
of ETS for forecast precipitation but not for forecast precipitation
anomalies.

Next, we will consider the bias score, which is defined as,

Bias = Nf

No
(7.2)

where
N f = number of grid points where event is forecasted.
N o = number of grid points where event is observed.

This score does not comment specifically on the skill of a
model in forecasting the exact placement of precipitation, but it
does give an indication of whether a model is consistently over-
forecasting or under-forecasting the area extent of precipitation.
The best model in this regard is the one that has a bias score

closest to 1.0, which means that the model is not over-forecasting
or under-forecasting the area extent of precipitation. If the model
has a bias score greater than 1.0, it is over-predicting the area
extent of precipitation, and if the score is less than 1.0 it is under-
predicting that area extent.

Precipitation bias scores for thresholds of 0.2 and 2.0 mm/d
are shown in Fig. 14 for the FSUSSE, the 13 individual models
of the multimodel ensemble, and their ensemble mean. It can be
seen that the FSUSSE maintains scores that are very close to the
perfect score of 1.0 throughout, while the competitors for the
most part have values significantly larger than 1 (over-forecast
of the area coverage of precipitation). In winter (Fig. 14a) the
FSUSSE maintains a value close to 1.0 for two threshold levels,
as do the AOR and KOR models. All other models show bias
scores that grow very large beyond a threshold of 0.2 mm/d, with
a number of models showing scores larger than 1.4 by a threshold
of 2 mm/d. In spring (Fig. 14a) the FSUSSE again has the bet-
ter bias scores, with values close to 1.0 for two thresholds. The
CERFAC and MPI models have bias scores that ranging between
0.8 and 1.2. The ECMWF, INGV, LODYC and UKMO models
all under forecast the area extent of precipitation at thresholds
beyond 0.2 mm/d, while the MetFr, CCM3 and POAMA models
over estimate the area extent of precipitation at these thresh-
olds. In summer (Fig. 14a) the FSUSSE again has the best bias
scores, and the POAMA, MPI and LODYC models also main-
tain scores that are close to the ideal of 1.0. The ANR, KNR,
CERFACS and ECMWF models all develop very large bias
scores with values greater than 1.6 by a threshold of 2.0 mm/d.
All these graphs show a striking tendency for the DEMETER,
CCM3 and POAMA models to over-forecast the area coverage of

Tellus 59A (2007), 1



EVALUATION OF THE FSUSSE PERFORMANCE 67

Fig. 15. (a) Anomaly correlation between
forecasted anomalies and observed
anomalies of SST for individual models in
the ensemble, the multimodel ensemble
mean, and the FSUSSE for DJF 1989–2001.
(b) Root mean square (RMS) error in the
forecasts of sea surface temperature
anomalies (SST) (K) by the individual
models in the ensemble, the multimodel
ensemble mean, and the FSUSSE for DJF
1989–2001.

precipitation amounts that are over 2.0 mm/d, and an equally
striking ability of the FSUSSE to correct this tendency based
on the training period. The FSUSSE repeatedly outperforms
all other models, with its curve most closely following the 1.0
line. For precipitation amounts above 0.2 mm, the FSUSSE was
clearly the better performer. The improvement in precipitation
bias of the FSUSSE over the ECMWF and MPI models can be
best seen in the cool seasons, especially during the winter period.
This improvement is likely due to the improved resolution of the
FSUSSE model. KOR, MPI and ECMWF have almost similar
bias scores especially for precipitation amounts with a thresh-
old of 0.2 mm/d during winter. UKMO, ECMWF and LODYC
models have better bias scores for spring. LODYC, ECMWF,
MPI and INGV models have better bias scores for summer.

Bias scores for seasonal precipitation forecast anomalies are
almost 1.0 for all models during winter, spring and summer
(Fig. 14b). On average, it appears that the multimodel ensemble
mean and the FSUSSE show the best bias scores for 0.2 and 2
mm/d. The FSUSSE model shows the same biases for heavier
or lighter precipitation amounts, with the FSUSSE showing im-
provement in these biases over the four FSU coupled models,
ANR, KOR, KNR and AOR

8. Seasonal prediction of sea surface
temperature (SST) and surface air
temperature

Figures 15 and 16 show the anomaly correlations and RMS
errors in the predictions of SST and surface air temperature,
respectively, by the 13 models comprising the ensemble, the

multimodel ensemble mean, and the FSUSSE for DJF 1989–
2001. The anomaly correlations and the RMS errors are both
error measures for the SST and surface air temperature anoma-
lies. That is, both metrics are based on anomalies for the model
forecast fields versus anomalies for the observed fields. These
figures show that the FSUSSE is very successful at reducing
RMS errors in the anomalies and in increasing the anomaly cor-
relation scores, in relation to the other models and their ensemble
mean, for both SST and surface air temperature forecasts. FSU
coupled models have the lowest anomaly correlations for both
SST and surface air temperature. The remaining models in the
ensemble have higher anomaly correlation scores for SST and
surface temperature than the FSU coupled models but not gen-
erally as high as the multimodel ensemble mean. The FSUSSE
anomaly correlation scores are higher than the ensemble mean
scores for both SST and surface air temperature. Fig. 15b depicts
the RMS errors for the SST anomaly forecasts, while Fig. 16b
shows RMS errors for surface air temperature anomaly fore-
casts. The FSU coupled models have the highest RMS errors,
with the remaining models in the ensemble showing lower val-
ues for both SST and surface air temperature anomaly forecasts.
The multimodel ensemble mean RMS errors generally represent
an improvement over the individual models in the ensemble, but
the FSUSSE shows the lowest RMS error values. CERFACS
and INGV show better RMS error values than other models for
winter. FSUSSE has the smallest RMS errors for SST and sur-
face air temperature anomalies in comparison to all other models.
Overall, the FSUSSE appears to represent a very promising tech-
nique for seasonal forecasts of SST and surface air temperature
anomalies.
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Fig. 16. (a) Anomaly correlation between
forecasted anomalies and observed
anomalies of surface air temperature for
individual models in the ensemble, the
multimodel ensemble mean, and the
FSUSSE for DJF 1989–2001. (b) Root mean
square (RMS) error in the forecasts of
surface air temperature anomalies (K) by the
individual models in the ensemble, the
multimodel ensemble mean, and the
FSUSSE for DJF 1989–2001.

9. Concluding remarks

The biggest contribution of this study is the pronounced re-
duction of RMS errors, along with a slight improvement in
the anomaly correlation scores, for seasonal forecasts of pre-
cipitation over the Euro-Mediterranean region. The participat-
ing models in this superensemble exercise included all of the
best available coupled atmosphere-ocean models from Europe,
as well as models from Australian, NCAR and a suite of FSU
models. This study includes the largest collection of data sets
for seasonal climate forecasts. The FSUSSE used in this study
is based on a multiple linear regression of weights between ob-
served and simulated PCs, together with observed EOFs. The
superensemble combines multimodel forecast runs to arrive at
an improved product that typically outperforms the participating
member models and their ensemble mean. This is true in terms
of RMS errors in forecast anomalies of precipitation but not for
the anomaly correlation coefficient for these forecast anomalies.
The suite of FSU coupled models deployed for this synthetic
superensemble was first independently studied to assess its in-
tegrity for simulating seasonal mean climatological features, in-
cluding precipitation. It was noted that the overall performance
of these individual models is comparable to the best among the
European suite of models (DEMETER).

Euro-Mediterranean region precipitation skills (RMS errors)
for seasonal forecasts show that member model skills are al-
most two times lower compared to those of the synthetic su-
perensemble. The superensemble is designed for the least-square
minimization of the RMS error. Thus, the result is not surpris-

ing. The expression for the anomaly correlation entails products
of domain sums and is not that straightforward and amenable
to improvement using a minimization principle. There are lim-
ited improvements in the anomaly correlations of precipitation
forecast anomalies over seasonal timescales by the FSUSSE;
the anomaly correlations for the synthetic superensemble are in-
deed higher than those of most member models and the ensemble
mean for fall and spring (considering the average over the period
1989–2001). But this is not the case for winter and summer (see
Fig. 10).

This paper has also investigated the skill of the FSUSSE
as a probabilistic forecast, comparing its forecasts with that of
the multimodel ensemble over the Euro-Mediterranean region.
The equitable threat and bias scores are calculated for differ-
ent ‘thresholds’ of precipitation in mm/d: 0.2 and 2.0 for winter,
spring, and summer. The ETS and bias scores of the FSUSSE are
better than for most of the other models and their ensemble mean
for seasonal precipitation forecasts. However, for seasonal pos-
itive precipitation anomaly forecasts, the equitable threat scores
of the FSUSSE are lower than for most of the other models and
their ensemble mean, although the bias scores are still competi-
tive. While evaluating these results, it should be kept in mind that
the data used covered a period of only 13 yr and this may cast
some doubts on the long-term robustness of the result. In addi-
tion, the choice of such a large region may also mix up results on
final prediction scores between Northern Europe, where strong
anomalies of precipitation and surface temperature are present
during winter in connection with the major general circulation
anomalies, and North Africa where precipitation anomalies are
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in general lower. This may lead to problems in the interpretation
of the results.

The FSUSSE forecasts of SST and surface air temperature for
the season considered (winter) were found to be excellent. For
these parameters, both the AC coefficients and the RMS errors as
applied to the forecast anomalies were found to be far superior
to the corresponding values for the models in the multimodel
ensemble and their mean for all years 1989–2001.

The construction of a superensemble for seasonal prediction
in the Euro-Mediterranean region proved to be worthwhile. The
skills were improved compared to those of the member-coupled
models, in the ways discussed in the previous paragraphs in
this concluding section of the paper. The higher skills for the
synthetic superensemble seem to arise for two reasons: the PC
time-series and the EOF selection do seem to filter out some
of the higher frequency noise that tends to degrade the skills.
The spatial structures (EOFs) for model forecasts are projected
based on the observed part of the training phase. The time eval-
uation of the seasonal anomalies in model forecasts are handled
better due to the use of weights determined from the statistics
of principal component time-series data of the models and the
observational counterpart during the training phase. The final
superensemble weights are determined from synthetic data sets
thus constructed.
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