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ABSTRACT
The multi-model ensemble for seasonal to interannual prediction developed in the European Union project DEMETER
has been used to quantify the predictability of monthly average maximum temperature that could be achieved opera-
tionally over the Iberian Peninsula. Statistical downscaling based on canonical correlation analysis is applied to increase
the spatial resolution available from the global models. The downscaling is based on empirical connections between the
North Atlantic sea level pressure and monthly average maximum temperature over the Iberian Peninsula.

The maximum temperature estimated from the multi-model ensemble and the single models is compared to the
observations. The statistical downscaling model skill is characterized by means of the correlation, variance fraction and
the Brier skill score. The results suggest the following: the downscaling model works properly when driven by observed
large-scale fields in terms of the correlation and the variance fraction scores, despite some problems owing to sample
degeneracy; the predictability is almost limited to February, which is one of the initialization months of the DEMETER
ensemble, and it is lost when this month is not considered as starting month. This result is supported by the fact that
the areally averaged reproducibility is lower during non-initialization months. In any case, the analysis of the variance
test performed reveals that the monthly average maximum temperature is scarcely predictable. Finally, the results also
support the advantage of using a multi-model ensemble approach instead of single models participating in DEMETER.

1. Introduction

General circulation models (GCMs) are able to reasonably sim-
ulate the behaviour of large-scale atmospheric fields, such as sea
level pressure (SLP). They simulate more or less properly low-
order zonal-wavenumber features, but they are not as accurate
when it comes to the simulation of high-order zonal-wavenumber
features. The GCM restrictions in low scales can be partly ex-
plained by their limited horizontal resolution (von Storch et al.,
1993).

Regional information is requested in many hydrological or
ecological studies making it necessary to downscale the GCM’s
outputs. For this purpose, different downscaling techniques have
been developed as tools for interpolating large-scale information
into a local or regional scale (Wilby and Wigley, 1997; Zorita
and von Storch, 1997; Murphy, 1999; Benestad, 2001). Down-
scaling techniques are also common tools in operational weather
forecasting (Billet et al., 1997) and their use with the DEME-
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TER models is a natural continuation of the DEMETER project.
In this paper, statistical downscaling is used to forecast maxi-
mum temperature over a mid-latitude region, as is the Iberian
Peninsula, with large spatial contrasts of topography which are
difficult to include in the GCM parametrizations.

GCM predictions are sensitive to initial conditions and uncer-
tainties in the model parametrization (Boer et al., 1992; Palmer
and Anderson, 1994; Barnett, 1999). In fact, the global climate
system is not completely predictable in terms of the existing
initial conditions. The problem of the sensitivity to initial con-
ditions is usually overcome through the use of an ensemble of
predictions starting from different initial conditions (Toth and
Kalnay, 1993; Palmer et al., 1998). However, uncertainties also
arise from an incomplete representation of reality in the formu-
lation of different models. Thus, different models (even highly
truncated ones) starting from identical initial conditions will
yield different results after some forecast time (Palmer, 1999).
Therefore, in order to obtain results not dependent on the model
formulation, a multi-model ensemble system has been devel-
oped over the last few years by running global seasonal fore-
casts in hindcast mode. Several European meteorological centres
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Table 1. Models participating in the EU project DEMETER

Atmosphere Ocean
CERFACS ARPEGE (T63, 31 levels) OPA 8.2 (2.0 x 2.0, 31 levels)
ECMWEF IFS (T95, 40 levels) HOPE (1.4 x 0.3-1.4, 29 levels)
INGV ECHAM-4 (T42, 19 levels) OPA 8.1 (2.0 x 0.5-1.5, 31 levels)
LODYC IES (T95, 40 levels) OPA 8.2 (2.0 x 2.0, 31 levels)
Meétéo-France ARPEGE (T63, 31 levels) OPA 8.1 (182GP x 152GP, 31 levels)
Met-Office HadCM3 (2.5x3.75, 19 levels) HadCM3 (1.25 x 0.3-1.25, 40 levels)
MPI ECHAM-5 (T42, 19 levels) MPI-OM1 (2.5 x 0.5-2.5, 23 levels)

contribute to the DEMETER European Union project (Develop-
ment of a European Multi-model Ensemble system for seasonal
to inTERannual prediction), which comprises a total of seven
global atmosphere—ocean coupled models, each running from
an ensemble of nine initial conditions (Palmer et al., 2004). The
data used in this paper correspond to the models developed in
these European centres (see Table 1 for details): the European
Centre for Research and Advanced Training in Scientific Com-
putation, France (CERFACS); Météo-France, Centre National
de Recherches Météorologiques, France (CNRM); the Euro-
pean Centre for Medium-Range Weather Forecasts (ECMWF);
Istituto Nazionale de Geofisica e Vulcanologia, Italy (INGV);
Laboratoire d’Océanographie Dynamique et de Climatologie,
France (LODYC); Max-Planck Institut fiir Meteorologie, Ger-
many (MPI); the UK Meteorological Office (UKMO). The
DEMETER hindcasts are started from February, May, August
and November initial conditions and each hindcast is integrated
for six months. This set of quasi-independent models with dif-
ferent initial conditions allows us to account for the influence
of errors in both initial conditions and model parametrizations.
In a previous European project, PROVOST (PRediction Of cli-
mate Variations On Seasonal Time-scales), the ability of a multi-
model ensemble to produce more reliable probability forecasts
of seasonal climate anomalies than single-model ensembles was
demonstrated (Palmer and Shukla, 2000). The multi-model ca-
pability was also obtained in other studies in which data from
different models were taken into account (Doblas-Reyes et al.,
2000; Stefanova and Krishnamurti, 2002).

We summarize the findings quoted above and state them as
follows to confront our problem, which is to analyse the feasibil-
ity of performing operational seasonal forecasts on the basis of
the results from the DEMETER project. Therefore, our starting
hypothesis will be the following.

(i) A multi-model ensemble prediction system, like that
used in the DEMETER project, is able to represent to some
extent the large-scale features of the climate system and provide
usable seasonal forecasts of these large-scale fields (SLP in our
case).

(i) Surface variables — the monthly average maximum tem-
perature (Tmax) in this paper — show a clear relationship
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with large-scale atmospheric flows around the studied area (the
Iberian Peninsula in this paper).

(iii) Amongst the plethora of downscaling techniques avail-
able, we selected canonical correlation analysis (CCA) as the
tool to provide a proper transfer function from the large-scale
field to the regional information needed. Considering that the
forecast is aimed at seasonal/monthly values of maximum tem-
perature and that this variable is quite normally distributed, it
is appropriate to use linear techniques rather than other non-
linear techniques, such as analogues, best suited for other non-
normally distributed variables. Previous studies (Zorita and von
Storch, 1999; Fernandez and Saenz, 2003) have shown that those
non-linear techniques are not significantly better than CCA for
monthly values of precipitation. Therefore, their use in the anal-
ysis of monthly averaged maximum temperature is not a priori
justified in this work.

With these assumptions in mind, the main objective of this
paper is to analyse the feasibility of performing operational sea-
sonal forecasts of maximum temperature over the Iberian Penin-
sula on the basis of the results from the DEMETER project. This
feasibility will be measured in terms of a quantitative assessment
of the monthly/seasonal predictability of maximum temperature
over the Iberian Peninsula by means of the combined strategy of
numerical multi-model ensemble seasonal forecasts plus adown-
scaling technique. The methodology and results of this paper are
sensitive to the planning underlying this virtual experiment. We
quantify the predictability by applying the downscaling model
in hindcast mode. We consider that the statistical downscaling
model (SDM) is formulated using observational data alone. Af-
terwards, the numerical seasonal forecast method (DEMETER
in this case) starts and the SDM is run in hindcast mode during
the validation period. The comparison of observations and sta-
tistically downscaled Tmax yields a measure of predictability.
We also explicitly test the advantages of using a downscaling
model by comparing downscaled values of Tmax with direct
model output. This test is evaluated in terms of correlation and
variance fraction skills.

In order to proceed this way, the observational record during
the validation period is not used to fit the SDM. We consider
that, in order to assess the predictability, having this validation
data independent of the formulation is a more stringent approach
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than alternative formulations, such as cross-validation schemes,
usually applied during analysis of the whole observational record
(Moron et al., 2001).

The outline of the paper is as follows. The data sets considered
for this study are described in Section 2. In Section 3 we present
the procedure to downscale maximum temperature, which takes
into account the relationships between observed Tmax and SLP
based on CCA. This section includes the calibration and valida-
tion steps. The results obtained by applying the statistical model
to the DEMETER output are presented in Section 4; the esti-
mated values using the multi-model ensemble and single models
are evaluated against the observations using different statistical
tests. The most significant findings and conclusions are presented
in Section 5.

2. Data sets

This work makes use of instrumental, reanalysis and model data
from the DEMETER project.

Station data for Tmax were provided by the Meteorological
Institutes of Spain and Portugal and correspond to 55 stations
evenly distributed over the Iberian Peninsula from 1950 to 2001.
Their locations are shown in the right panels of Fig. 1.

Monthly SLP was considered as predictor and it was drawn
from three different sources: the National Center for Environ-
mental Prediction/National Center for Atmospheric Research
(NCEP/NCAR) Reanalysis (NNR; Kalnay et al., 1996) from
1950 to 2001; the ECMWF ERA-40 from 1980 to 2001
(Simmons and Gibson, 2000; Uppala, 2002); and from the mod-
els of the DEMETER project, available from 1980 to 2001 (for
brief details on the models, see Table 1). The seven x nine en-
semble members provided by this project were used individually,
and also the full set of these models has been employed to con-
struct the multi-model ensemble mean. The DEMETER mean
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monthly maximum temperature was also considered. These re-
analysis and model data are defined on the same regular latitude—
longitude grid of resolution 2.5° x 2.5°, covering the area 60°W—
20°E and 30°-65°N, corresponding to the North Atlantic area
(see Fig. 1, left panels).

Both SLP and Tmax data were divided into two periods of
time. The first period spans the interval from 1950 to 1979, which
is used to train the SDM using SLP data from NNR and observed
Tmax data. The second period covers the interval 1980-2001 and
is used to validate the downscaling model. It covers the interval
when the DEMETER project data are available. In this case, SLP
data from both ERA-40 and DEMETER models and Tmax data
from observations and DEMETER models are analysed. The
ERA-40 data, considered in a different period of time from the
NNR data used to formulate the downscaling model, are a proxy
to a ‘perfect-prog’ model. This is meant to yield a measure of the
best forecast available, limited by the accuracy of the downscal-
ing model alone. The comparison between observed Tmax and
those estimated from DEMETER and the downscaling model
yields an estimation of the predictability that can be achieved on
the basis of state-of-the-art GCMs plus a CCA-based downscal-
ing model.

Monthly SLP and Tmax anomalies were calculated from
the corresponding monthly climatology of NNR and instru-
mental data from the period 1950-1979. These climatologies
were also used to compute anomalies during the second period
(1980-2001); the NNR climatology was used to compute SLP
anomalies for the ERA-40 and DEMETER data and the 1950—
1979 observed Tmax climatology for the Tmax data from 1980 to
2001. Consequently, the bias existing between different models
and reanalysis will be converted to a temporally constant, spa-
tially variable bias in the downscaled temperature field. There-
fore, none of the main validation scores (correlation and variance
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fraction) used in this paper will be affected by this definition of
the anomalies.

3. Downscaling model

In this study we have used CCA to obtain the relationship be-
tween T, [Thax(t, y)] over the Iberian Peninsula and SLP
[SLP(z, x)] corresponding to the North Atlantic area. As al-
ready mentioned in the introduction, Tmax is quite normally
distributed. As such, the use of other non-linear techniques, such
as analogues (Zorita and von Storch, 1999) or analogues in the
CCA space (Fernandez and Sdenz, 2003), best suited for non-
normally distributed variables, such as precipitation, cannot be
justified a priori. Thus, the anomaly fields are expressed as a lin-
ear combination of their canonical correlation patterns (CCPs)
pi(x) and gx(y)

SLP(t, x) & Y ay(t) pi(x) e))
k

Tnax(t, ) & Y be(D)ge(y), ©))
k

where a;(t) and by(t) are their canonical correlation coefficients
(CCCs).

The CCA is not applied directly to Tmax and SLP data. A
principal component truncation was made to pre-filter the data.
Afterwards, the CCA is applied to uncorrelated variables (the
leading principal components) with less spatial noise and still
accounting for almost all of the variance of the original field
(Barnett and Preisendorfer, 1987).

Asaresult of the CCA, a; and by are optimally correlated and if
SLP is known at a particular time ¢’ (output from a GCM, as in all
of the DEMETER runs), an estimation of Tmax is possible using
a simple linear regression between both canonical expansion
coefficients (von Storch et al., 1993)

ar(t') = SLP(¢', x) pp(x) A3)

Toan (', Y) = Y prear(t)g(y), )
k

where p, denotes the regression coefficient (which can be proved
to be equal to the canonical correlation) and p2(x) are the adjoint
canonical patterns (von Storch and Navarra, 1995). This simple
statistical method is a good choice in this type of study when there
is a strong relationship between large and regional information
and the regional scale variable is almost normally distributed. It
is also one of the methods most used for statistical downscaling.
The ability of this approach to predict Tmax over the Iberian
Peninsula is evaluated in the next section.

3.1. Calibration

The CCA method was applied on a monthly basis to the first
few principal components obtained from Tmax observations and
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SLP data from NNR for a 30-yr period (1950-1979). These data
were previously detrended on a grid-point basis. The trend is
recovered by projecting the SLP field with its original trend
in eq. (3). The number of principal components considered to
pre-filter each data set was determined by applying the North
et al. (1982) test and a Monte Carlo test based on the con-
gruence coefficient (Cheng et al., 1995). In accordance with
these tests, two or three modes were selected, depending on
the month, for Tmax and three or four modes for the SLP field
(see Table 2). The chosen modes are stable, non-degenerated
with the rejected ones and they describe more than 70% of the
total variance in every case. For instance, in February, four and
two modes were considered for SLP and Tmax, respectively,
which account for 92% and 88% of the total variance of each
field.

CCA was applied to the previously truncated fields. The high
canonical correlation obtained for the leading modes justifies
the use of this linear downscaling model. In some cases, the fig-
ures of canonical correlation yield very low values for the third
canonical modes (see Table 2) but these patterns were consid-
ered according to the North et al. test. In any case, these pairs
of patterns with low values of the canonical correlation p; will
have little influence on the downscaled anomalies because it is
the weight applied in the downscaling model [see eq. (4)]. The
first two CCPs corresponding to SLP and Tmax in February (the
best correlated month) are shown as an example in Fig. 1. Fig-
ures la and 1b show that the maximum influence of the SLP field
on the Iberian Peninsula Tmax field occurs in the north-east. For
the second pattern, this influence takes place over the central
zone of the Peninsula (Figs. 1c and d). Canonical correlations
are 0.90 for the first pair and 0.84 for the second. The CCPs
resemble the spatial signature of several atmospheric variabil-
ity modes of the Northern Hemisphere, which were identified in

Table 2. PCA truncation of the original fields, fraction of total
variance retained for each field and canonical correlations for each
month
N EOFs Variance(%)

SLP,Tmax SLP, Tmax CC1 cC2 CC3
Jan 42 91,76 0.84 0.37 -
Feb 42 92,88 0.90 0.84 -
Mar 33 82,90 0.86 0.55 0.34
Apr 3,2 78,72 0.83 0.43 -
May 3,3 75,91 0.77 0.57 0.10
Jun 43 84,84 0.88 0.65 0.20
Jul 43 84,72 0.75 0.65 0.46
Aug 42 83,73 0.75 0.09 -
Sep 42 85,86 0.82 0.71 -
Oct 43 87,90 0.92 0.77 0.40
Nov 42 88,79 0.80 0.53 -
Dec 42 90,80 0.79 0.69 -
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several previous studies by using different statistical approaches
such as correlation analysis of 500-hPa height (hereafter
W&G Wallace and Gutzler, 1981), rotated EOF analysis of 700-
hPa height (Barnston and Livezey, 1987, hereafter B&L; Bell
and Halpert, 1995), the gradient of SLP between Gibraltar and
Iceland (Jones et al., 1997) and the North Annular Mode (NAM),
which is a planetary scale pattern of climate variability character-
ized by an out-of-phase relation or seesaw in the strength of the
zonal flow along 55°N and 35°N [it is also known as the Arctic
Oscillation (AO); Thompson and Wallace, 2001]. In particular,
over the Iberian Peninsula the teleconnection indices associated
with Tmax are the East Atlantic (EA), North Atlantic Oscillation
(NAO) and AO. The indices corresponding to these teleconnec-
tion patterns used in this paper are defined as follows. The AO
Index is defined as the leading principal component of the SLP
field north of 20°N (Thompson and Wallace, 2000). The NAO
index is defined as the normalized pressure difference between
Gibraltar and south-western Iceland (Jones et al., 1997). The EA
index is defined by two different methods. The original method
(Wallace and Gutzler, 1981) defines the EA index as

1 1
EA = S Z'(55°N. 20°W) — 1 Z°(25°N, 25°W)

1
~1 Z*(50°N, 40°E),

where Z* is the normalized monthly 500-hPa geopotential height
anomaly. Finally, a second version of the EA index is also com-
puted from rotated EOF analysis of the 700-hPa geopotential
height field and distributed by the Climate Prediction Center
(CPC; Bell and Halpert, 1995). Table 3 depicts the correlation
coefficients obtained between the CCCs and the teleconnection
indices in November, December, January, February, March and
April, when the influence of these patterns is higher. Correla-
tion values are significantly lower for other months (not shown)
and only values higher than 0.50 are shown in this table in or-
der to make the analysis of this matrix easier. There is evidence
that the EA teleconnection patterns, defined by both W&G and
B&L, are the most significantly associated with Tmax over the
Iberian Peninsula, which agrees with previous results computed

during a longer period (49 yr; Sdenz et al., 2001, and references
therein). The correlation values between the canonical expan-
sion coefficients and EA index shown in this table are clearly
significant at the 95% confidence level, according to a Monte
Carlo test, taking into account the reduction of the degrees of
freedom in the series owing to temporal autocorrelation. From
these results it is possible to investigate the sources of interan-
nual temperature variability over the Iberian Peninsula consid-
ering the variability of the transport of sensible heat by mean
circulations, without the variability of eddy sensible heat fluxes
playing any significant role in this problem (Sédenz et al., 2001).
This interpretation in terms of the EA pattern influence is more
straightforward and physically based than others that consider
the non-linear response to the NAO index (Castro-Diez et al.,
2002).

Table 2 depicts the canonical correlation results for every
month. The relationship obtained between Tmax and SLP cor-
roborates the appropriate use of SLP to estimate Tmax over the
Iberian Peninsula using this CCA-based statistical downscaling
model.

3.2. Validation

The next issue is to validate the SDM. Two different data sets
(the NNR and ERA-40) were considered as predictors to ob-
tain the maximum temperature estimated with the downscaling
model.

To estimate the error owing to the downscaling method, the
same NNR series used in the formulation of the CCA model
(1950-1979) are used as predictor. The series estimated in this
way represent the maximum predictability of the model only
conditioned by the number of modes selected in the pre-filtering
principal component analysis (PCA). Figure 2 shows the corre-
lation coefficients between Tmax observed and Tmax estimated
using the downscaling model for the months of an extended
winter (November, December, January and February). The sta-
tions with a significant correlation at the 95% confidence level
are surrounded by a circle. The local significance level at each

Table 3. Correlation coefficients between SLP CCCs for the calibration period and teleconnection indices: EA_-W&G (East
Atlantic from Wallace & Gutzler); EA_CPC (East Atlantic from Climate Prediction Center); AO (Arctic Oscillation from Climate
Prediction Center); NAO_CRU (North Atlantic Oscillation from Climate Research Unit); NAO_CPC (North Atlantic Oscillation

from Climate Prediction Center)

December January February March April
CCCl CCC2 CCCl CcCcc2 CCCl ccC2 CCC1 CCC2 CCCl cce2
EA_W&G - —0.82 0.82 - —0.75 - 0.82 - 0.71 -
EA_CPC - 0.81 —0.54 - 0.83 - —0.51 - —0.58 -
AO 0.56 - - - - —0.57 - —0.57 - 0.50
NAO_CRU 0.57 - - - - 0.67 - —0.48 - 0.67
NAO_CPC - - - - - - - —0.64 - -
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a) November

44°N

43'N

42°N

41°N

40°N
Fig 2. Correlation maps (x 100) between ag'N
observed maximum temperature at each site 38N
and the output of the statistical downscaling ar'N
model using NNR 1950-1979 data as 36N
predictor.

site was obtained by means of a Monte Carlo test on the corre-
lation coefficient of synthetic time series taking into account the
autocorrelation of each series. For each observatory, the lag-1
autocorrelation is computed and used to generate many samples
of an autoregressive AR(1) random time series. The correlation
coefficients from these samples are used to create a numerical
histogram. The values in this histogram are then used to compute
the bounding values, which pass the null hypothesis ‘the correla-
tion coefficient is different from 0’, depending on the confidence
level required (95% in our case). Every map shows significant
correlation coefficients but higher values are obtained in Decem-
ber (Fig. 2b) and February (Fig. 2d), where the values are sig-
nificant at 95% in most cases. The other months present similar
values with significant correlations in most of the stations (ex-
cept March, which shows only 30% of significant correlations).
The fact that the downscaling model itself using data from the
reanalysis is not able to obtain values significant at 95% in all
the observing sites comes from the quite truncated CCA applied
to avoid problems derived from overfitting. An analysis of the
global field significance (Livezey and Chen, 1983) of these maps
is presented in Section 4.

ERA-40 data are taken into account in the initial conditions
used to produce the models included in the DEMETER project
and, more importantly, they represent an independent data set
which would be a ‘perfect model’. For this reason, the ERA-40
SLP is used in this part of the study to validate the downscal-
ing model in a different period and with a different data set to
that used for calibration. Figure 3 shows the results using the
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b) December
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42'N
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40N
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arN
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3E

ERA-40 SLP anomalies from 1980 to 2001 as predictor for the
extended winter months. For these ERA-40 reanalysis data but
for the period of time which is going to be used with the DEME-
TER models, the values of correlation are lower than those in
Fig. 2. In November and January (Figs. 3a and c), the correlation
coefficients are lower than in December (Fig. 3b) and February
(Fig. 3d), and it is in February when the map shows significant
correlation at 95% in most stations of the Iberian Peninsula. We
have obtained very good agreement between results derived by
using predictor data from ERA-40 and NNR for the period 1980—
2001 (not shown). The values shown in Fig. 3 for ERA-40 and
those from the NNR data merit some comments regarding the
low correlations obtained in several sites in some months be-
tween observed and downscaled temperature even when using
reanalysis data. We believe that this is due to the fact that the
eigenvectors are quite degenerated because the calibration sam-
ple is small. In order to show this, a projection of the NNR, ERA-
40 and multi-model ensemble data during the validation period
is shown against the eigenvalue order for January in Fig. 4. It
can be seen that the variance of each projection does not always
decrease with an increasing EOF order, as should be expected if
the sample were large enough to maintain a low degeneracy.

The results of the statistical model validation for the extended
winter shown, and for the rest of the year (not shown), indicate
that the statistical model is mostly well designed and that the re-
sults obtained are consistent with observations, as expected when
reanalysis data are used as large-scale input to the downscaling
model.
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a) November
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Fig 4. The log g0 2 of the projection of validation data (NNR,
ERA-40, multi-model ensemble) and of the NNR principal components
for the period from 1950-1979 against order of eigenvalue in January.

4. Forecast based on predictors from
DEMETER

In this section a comparison of the statistical downscaling esti-
mates and observed Tmax anomalies is analysed when the mod-
els of the DEMETER project are taken as predictors. One of our
interests in performing this study was to quantify the advantages
of using ensemble predictions instead of single models. There-
fore, the results obtained from the multi-model ensemble mean

Fig 3. Asin Fig. 2, but using ERA-40
1980-2001 data as predictor.

are contrasted with the estimations by the individual models. The
analysis was carried out for the period 1980-2001, which is the
time made available by all the models in the DEMETER project
to date.

Figure 5 shows the spatial distributions of the correlation be-
tween observed and estimated Tmax using the multi-model en-
semble mean as predictor for each month. The starting months of
the DEMETER hindcasts (February, May, August and Novem-
ber) are shown in the first column. The skill varies depending
on the month and location. The best correlation values were
obtained in February and June (Figs. 5a and e) with higher cor-
relation coefficients towards the west and central part of the
Iberian Peninsula. These values are hardly significant in any
significant amount of points for all the months, except Febru-
ary, which seems globally predictable over the entire Iberian
Peninsula.

To quantify this point to some extent, an approximation to the
field significance was tested using the Livezey and Chen (1983)
technique to the 95% confidence level. The test was performed
for the data sets used for verification (NNR for the calibra-
tion period 1950-1979 and ERA-40 for the DEMETER period
1980-2001), for the results downscaled from the DEMETER
multi-model ensemble-mean data and for the direct multi-model
ensemble-mean Tmax output. Table 4 illustrates the percent-
age of locally significant correlation coefficients between ob-
served and estimated maximum temperature for each month.
The effective number of spatial degrees of freedom is much
less than the number of stations owing to the large correlation

Tellus 57A (2005), 3
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decay distance of the maximum temperature. For this reason,
the percentage of successfully passed local significance tests re-
quired for global significance rises. The short sample length and
the small number of degrees of freedom (around two to three)
obtained through standard methods (Bretherton et al., 1999) do
not allow a reliable estimation of the spatial degrees of freedom.
As an example, Table 4 marks with an asterisk the percentages
which are significant to a 95% confidence level considering three
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Fig 5. As in Fig. 2, but using multi-model ensemble-mean 1980-2001 data as predictor. Months in the leftmost column correspond to initialization
months of the DEMETER runs.
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degrees of freedom. Conversely, the months not marked with an
asterisk do not show enough field significance to pass the test
(e.g. April and May using the ERA-40 as predictor outside the
calibration period, or all months but February and June when
using the data from DEMETER as predictor).

The reduction in the percentage of significant stations in
several months when changing from the calibration period to
the validation period (ERA-40) is remarkable. This reflects the
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Table 4. Percentage of stations significant to 95% for each month.
Field significant values on a 95% after Livezey and Chen (1983) are
marked with an asterisk. Results for the two SDM input data sets used
for verification (NNR and ERA-40), the results from the DEMETER
multi-model ensemble-mean data (DEMETER) and the direct
multi-model ensemble-mean Tmax output (DEMETER direct output)
are shown

NNR + SDM ERA-40 + SDM DEMETER DEMETER

+ SDM direct output
Jan 83* 20* 12 20*
Feb 100* 100* 83* 89*
Mar 30* 45* 1 0
Apr 74* 14 0 0
May 90* 5 0 41*
Jun 98* 87* 18* 0
Jul 83* 36* 0 27*
Aug 70* 41* 0 18*
Sep 100* 72* 0 1
Oct 100* 98* 0 5
Nov 80* 21* 1 9
Dec 98* 74* 5 0

effect of the SDM, while the step from ERA-40 to DEMETER
shows the reduction owing to the use of the ensemble prediction
system, where, as was already visually evident, only February
maintains a reasonable skill.

ANOVA methods (Wilks, 1995) also confirm the previous
results. A simple linear regression between the estimated and
observed maximum temperature significantly explains the ob-
served maximum temperature at most of the stations at the 95%
level for the NCEP and ERA-40 predictors. However, the pre-
dictability for the DEMETER predictors is limited to February
and, to a much lesser extent, June. For the rest of the months,
the variability of unpredictable noise is much greater than the
variability of the signal.

The lack of predictability of all months but February may be
because the relationship between Tmax and large-scale SLP pat-
terns is lower during these months and, also, because it reflects
a seasonal dependence suggested by many authors (Halpert and
Ropelewsky, 1992; Wilby, 1993; Palmer and Anderson, 1994)
and confirmed to reach maximum predictability during winter
and spring seasons in the framework of the PROVOST project
multi-model ensemble (Pavan and Doblas-Reyes, 2000). The
good results obtained in February are due to two reasons. First,
it is the month best represented by the downscaling model, as
shown in Figs. 2d and 3d and the canonical correlations on Ta-
ble 2. Secondly, it is one of the months in which the DEME-
TER hindcasts start from initial conditions. The influence of
the starting date can be observed by comparing Figs. Sa, d, g,
j and 6a—d where February, May, August and November data
from the hindcasts starting in November, February, May and

August are considered. That is, in Fig. 6, the results are com-
puted with model runs started four months earlier. There are
no points showing correlation values significant at a 95% con-
fidence level. This means, basically, that long-lead prediction is
quite limited over the area. The lack of predictability beyond
the one-month threshold is directly inherited from the lack of
predictability of the large-scale predictor by the GCMs at these
latitudes. The agreement among the different GCM estimates of
SLP over the Atlantic can be measured through the reproducibil-
ity (Yang et al., 1998; Hassan et al., 2004). The reproducibility
is a measure of the strength of the signal contained in the ensem-
ble. A null reproducibility is related to a full disagreement among
the ensemble members and, thus, a signal with no common vari-
ability. The maximum reproducibility (1) is reached when all
members agree and there is no internal variability of the ensem-
ble; the experiment is fully reproducible. The areally averaged
reproducibility of the SLP field entering the downscaling model
is computed separately for each month. Figure 7 reveals, as ex-
pected, that the starting months are the most reproducible, with
decaying reproducibility as the forecast time is increased. Febru-
ary shows the highest values, although 0.18 is still a low value.
Even in February, the ensemble of GCM simulations shows a
great variability in the estimation of the predictor on the Atlantic
area.

In order to discuss the improvement of the multi-model en-
semble with respect to the individual models of the DEME-
TER project, statistical downscaling is applied to predictors se-
lected from the individual models. We obtained that the corre-
lation coefficients between estimated and observed Tmax de-
pend on the month, the model and the initial condition. In gen-
eral, the correlation is higher in February for most of the mod-
els and initial conditions; hence, the comparison is focused on
this month. Figure 8 shows the correlation maps between ob-
served and estimated Tmax using the multi-model ensemble
mean (Fig. 8a) and the different individual models (Figs. 8b—
h) as predictors in February. For each of the different model
runs provided by the DEMETER project, the estimated series
in Fig. 8 correspond to the mean of the series estimated for ev-
ery initial condition of one single model. The figure shows that
the correlation coefficients are significant at 95% in nearly ev-
ery station of the different maps corresponding to most of the
individual models and the multi-model ensemble mean. Some
exceptions correspond to the INGV (Fig. 8d) and the MaxP
(Fig. 8h) models which show no significant correlation coeffi-
cients. The CERFACS model works better than the multi-model
ensemble for this particular month in terms of the correlation
skill.

Although the results are not shown for the other months,
we obtained larger differences among models and initial con-
ditions, which reveals that the estimated Tmax using the pro-
posed statistical downscaling technique is very sensitive to the
model formulation and the initial conditions used in each model
run.

Tellus 57A (2005), 3
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a) February

Fig 6. Correlation maps between observed
maximum temperature and statistical model
output for February, May, August and
November using the multi-model ensemble
mean as predictor with the starting month
four months earlier, in November, February,
May and August, respectively.

0.20
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Fig 7. Reproducibility of the SLP as defined by Yang et al. (1998). For
each month, the reproducibility averaged over the Atlantic region
(60°W=20°E/30°N—65°N) is shown.

Aug Sep Oct Nov Dec

Although the multi-model ensemble enhances prediction ca-
pabilities with respect to single models, there are some disad-
vantages owing to the variability reduction as a consequence
of averaging models and ensemble members. Figure 9 shows
the variance ratio of estimated to observed maximum tempera-
ture for the multi-model ensemble mean and the single-model
ensemble means for February. There is an underestimation of
variance in the case of the multi-model ensemble mean (Fig. 9a)
in relation to the observations, especially in the southern part
of the Iberian Peninsula and on the Mediterranean coast, as a
consequence of the averaging of models with anomalies that al-
most cancel each other out to obtain the predictor field in the
SDM. The corresponding maps for the individual DEMETER
models (Figs. 9b-h) also reflect variance reduction but the factor
is lower than that corresponding to the multi-model ensemble,
owing to the smaller number of elements in the single-model en-
sembles. Averaging (Figs. 9b—h) causes an underestimation of
the Tmax observed variance, especially in the south and on the
Mediterranean coast. However, in many circumstances, when
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one initial condition is considered in a single model, the re-
sults indicate variance overestimation with respect to the Tmax
observed variance, particularly in the north-west of the Iberian
Peninsula. It seems initially strange that a SDM might overesti-
mate the variance when not averaging the members of the ensem-
ble. The reason is that some models create stronger anomalies
than those in the observations. Therefore, they are able to pro-
duce [through eq. (3)] time expansion coefficients with variances
greater than in the case of observed data.

Some of the stations in the interior of the Iberian Peninsula
agree in variance ratio and fit better the variability of the ob-
servations in February. Figure 10 shows the performance of the
estimated Tmax series for the multi-model ensemble mean in
contrast with the observations for three stations located in dif-
ferent parts of the Iberian Peninsula: Valladolid, located in the
central-west zone of the Iberian Peninsula; Sevilla, in the south;
Castellon, in the east. The box and whiskers represent the DEME-
TER models spread, where the whiskers show the minimum and
maximum estimated values and the boxes the lower and upper
quartiles. For clarity, only a 4-yr period from 1989 to 1992 is
shown. In general, the estimated Tmax using the multi-model
ensemble mean underestimates the variability of the observa-
tions. Nevertheless, the values are closer in the winter months,
where the observed variability is better represented. The spread
of the individual models is smaller in stations located along the
Mediterranean coast (e.g. Castellén, in Fig. 10). However, in gen-
eral, the results obtained with individual models tend to overes-
timate or underestimate the real value of maximum temperature
and those results corresponding to the multi-model mean more
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closely approximate the observations in spite of the underesti-
mation of the observed variability.

In order to see if the use of a downscaling model leads to a
real improvement in results over direct model output of monthly
average Tmax from the DEMETER runs, a bilinear interpola-
tion was applied to the direct gridded model output data in order
to compute Tmax at the observing sites. Then, a comparison of
observed monthly average Tmax and interpolated direct model
output fields was carried out. The influence of the starting month
previously shown in the downscaled results is higher on results
from the direct Tmax outputs from the DEMETER project. For

aw o 3E

b} CERFACS

Iw o 3E
I METFR

Fig 8. Spatial distribution of correlation

(x 100) between observed and estimated
maximum temperature in February using
multi-model ensemble mean and DEMETER
models as predictors: (a) multi-model
ensemble mean; (b) CERFACS; (c)
ECMWEF; (d) INGV; (e) LODYC; (f)
METFR (Météo-France); (g) METOF
(UKMO); (h) MaxP (MPI).

these starting months, the correlation values between models
and multi-model ensemble-mean Tmax and the observed data
are higher than those obtained with the downscaling model,
especially in February for all cases and in May for the multi-
model ensemble mean and in most of the DEMETER models.
The percentage of significant stations using the multi-model
ensemble mean (Table 4) is globally significant for January,
February (starting month), May (starting month), July and Au-
gust (starting month). The globally significant correlation ob-
tained in June with the SDM is not significant in the direct
output, though. For the rest of the year, the correlation values

Tellus 57A (2005), 3



PREDICTABILITY OF MAXIMUM TEMPERATURE 459

ab m. m. ensemble mean

b) CERFACS

W BW

Fig 9. Ratio of estimated and observed
maximum temperature variances (x 100) in
February using multi-model ensemble-mean
and DEMETER models as predictor: (a)
multi-model ensemble mean; (b) CERFACS;
(c) ECMWEF,; (d) INGV; (e) LODYC; (f)
METEFR; (g) METOF; (h) MaxP.

are low and not significant. However, the variance ratio of the
interpolated Tmax outputs from the DEMETER project to the
variance of the observations is lower than those estimated from
the downscaling model for every month. Therefore, according
to one of the skill scores used (correlation), direct model output
performs better than statistically downscaled data for the starting
months. However, this is not true for the second skill score (vari-
ance fraction), where statistically downscaled data outperforms
direct model output.

The simplest seasonal forecasting system that can be arranged
is that based on the seasonal cycle of any climatological ele-
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ment. The skill of the estimated maximum temperature series

with the multi-model ensemble mean and the individual models
by DEMETER is analysed using a common measure of fore-
cast verification, the Brier skill score (BSS) relating to a forecast
based on climatology (Wilks, 1995). First developed by Brier
(1950), it is widely used in the evaluation of ensemble forecasts
with a single model (Molteni et al., 1996) and with a multi-
model ensemble (Palmer et al., 2000; Stefanova and Krishna-
murti, 2002). The BSS assesses the probability of occurrence of
a chosen event, in our case, that the predicted Tmax is a frac-
tion of the standard deviation over or under the climatology. A
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value lower than or equal to zero indicates a forecast worse than
the reference forecast, in our case the climatology, and a BSS
larger than zero indicates the opposite, with a value of 1 corre-
sponding to a perfect forecast. Table 5 shows the mean of the
BSS obtained from each station for the estimated series using the
multi-model ensemble mean and the individual models for six
events (anomaly above 1, 0.6 and 0.4 standard deviation and be-
low —0.4, —0.6 and —1 standard deviation) in February, which
was the best predicted month. As the validation anomaly time
series are centred on the calibration mean, a possible bias could
affect the BSS results. Therefore, the series were centred to cal-
culate the BSS in the estimate of the probability of these events
for each station. According to BSS values, the models shown
in Table 5 forecast better than the climatology the events below

(b) Sevilla; (c) Castellon.

—0.4 and —0.6 standard deviation where the BSS is higher than
zero. The values are different depending on the model and the
event, but, in general, the multi-model ensemble mean presents
positive values especially in the most extreme events, and INGV
and MaxP are the models which present the lowest BSS values,
with forecasts being worse than those derived from other mod-
els in most cases. If we analyse the BSS in different parts of the
Iberian Peninsula (not shown), the multi-model ensemble and the
individual models show positive and higher values in the central
and western parts of the Iberian Peninsula and worse forecasts
than climatology on the Mediterranean coast. This is in agree-
ment with the values shown in Fig. 8, where the correlations
are higher in these central and western zones and, in general,
lower on the Mediterranean coast. This probably reflects the fact

Tellus 57A (2005), 3
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Table 5. Values of BSS for the multi-model ensemble mean and
DEMETER models in February for six events (anomaly exceeding
1.00 and 0.4 and anomaly below —1.00, —0.60 and —0.40')

>1.00 >0.60 >040 <—-040 <—0.60 <—1.00

Ensemble  0.10 —-0.20 —0.14 0.52 0.41 0.14

CERFACS 0.03 -0.12 0.08 0.54 0.44 —0.19
ECMWF —-0.19 -026 —0.04 0.54 0.43 —0.06
INGV -1.10 —-1.13 —-0.90 0.13 0.10 —0.46
LODYC -0.03 -0.05 -0.14 0.37 0.28 —0.11
METFR 0.34 0.11 0.16 0.45 0.40 —0.18
METOF -0.25 -0.17 -0.07 0.36 0.34 —0.09
MaxP -1.02 -0.62 -0.30 0.34 0.21 —0.40

that Tmax over some areas, such as the Mediterranean, are more
dependent on local factors than on the large-scale atmospheric
patterns.

5. Conclusions

A quantitative assessment of the predictability of monthly/
seasonal maximum temperature over the Iberian Peninsula con-
sidering the combination of a multi-model ensemble of coupled
atmosphere—ocean GCMs and a CCA-based downscaling model
was carried out in hindcast mode for the period 1980-2001.

The results show that the downscaling model works well in
general, despite some errors which can be traced to sample de-
generacy owing to the small sample length available. Moreover,
there is still a part of the maximum temperature linked to un-
predictable noise and other possible independent predictors, as
revealed by the ANOVA performed.

In general, the application of the downscaling model using the
DEMETER simulations indicates that predictability is a function
of observation site and month. There are several reasons that
can explain this fact. First, observed (reanalysis) and DEME-
TER ensemble-mean main modes of variability do not coincide.
Therefore, when DEMETER anomalies are projected on to the
corresponding spatial adjoint patterns, the results do not reflect
sufficiently high canonical expansion coefficients. It follows that
these coefficients are not always valid to reconstruct observed
anomalies. Secondly, during some parts of the year, the relation-
ship between large-scale and regional information is weaker than
in others. This makes the downscaling model itself perform very
differently in different months.

In any case, for the Iberian Peninsula, quantitatively valuable
predictability is very small and is limited to the initialization
months, especially in February, or, by extension, to the winter
season when the results are analysed by seasons.

Variance of the predicted series using model ensemble is al-
ways much lower than observed, and this can be explained by
two reasons. First, the downscaling method itself produces a
loss in the variance fraction as a consequence of the PCA trun-
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cation, which cannot be recovered, even with a perfect model,
unless the model simulates too high anomalies (therefore, it
would not be perfect). Secondly, the ensemble nature of the
prediction, when averaging its different members, systemati-
cally produces anomalies in the SLP (predictor) field much
weaker than observed ones. Therefore, in the analysis of the
downscaled data and their relationship with observed anoma-
lies, this loss of variance must be explicitly taken into account
as being due to the averaging process of the members of the
ensemble.

Single-model ensembles were also analysed. Correlation re-
sults are slightly lower than for the multi-model ensemble, except
for the INGV and MaxP models, which show poorer agreement
with observations than the rest of the models.

In general, the Tmax series estimated with the multi-model
ensemble mean underestimate the observations, but in winter
months the forecasts better represent the observed variability,
especially in stations located in the interior of the Iberian Penin-
sula. With individual models, the approximation to the obser-
vations is lower and tends to overestimate or underestimate the
observations because the spread, in general, is high.

The direct DEMETER outputs show more influence of the
starting month in the correlation values with the observed data,
but they are not able to reproduce the real variability, show-
ing variance ratio values even lower than those from the SDM
estimated values. This is probably due to the inability of the
coarse-resolution GCMs to capture regional variability details.

The comparison of the DEMETER multi-model ensemble
prediction system plus a CCA-based downscaling model with
a seasonal prediction system based on the climatology shows
that predictability is higher than the climatology in events be-
low —0.4 and —0.6 standard deviation. It is the same for most
of the DEMETER models except for INGV and MaxP models,
which again show worse results. In general, the predictability of
extreme events is higher in the western and central parts of the
Iberian Peninsula and lower on the Mediterranean coast.
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