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Abstract
A Bayesian method known as the Forecast Assimilation (FA) was used to calibrate and combine monthly near-surface tem-
perature and precipitation outputs from seasonal dynamical forecast systems. The simple multimodel (SMM), a method that 
combines predictions with equal weights, was used as a benchmark. This research focuses on Europe and adjacent regions 
for predictions initialized in May and November, covering the boreal summer and winter months. The forecast quality of 
the FA and SMM as well as the single seasonal dynamical forecast systems was assessed using deterministic and probabil-
istic measures. A non-parametric bootstrap method was used to account for the sampling uncertainty of the forecast quality 
measures. We show that the FA performs as well as or better than the SMM in regions where the dynamical forecast systems 
were able to represent the main modes of climate covariability. An illustration with the near-surface temperature over North 
Atlantic, the Mediterranean Sea and Middle-East in summer months associated with the well predicted first mode of cli-
mate covariability is offered. However, the main modes of climate covariability are not well represented in most situations 
discussed in this study as the seasonal dynamical forecast systems have limited skill when predicting the European climate. 
In these situations, the SMM performs better more often.

Keywords Climate prediction · Multimodel ensemble · Forecast quality assessment · Forecast assimilation

1 Introduction

Seasonal climate prediction attempts to predict monthly or 
3-month statistical properties of climate with lead time rang-
ing from 1 month to 1 year (Doblas-Reyes et al. 2013). On 
these timescales, surface climate variables are difficult to 
predict over extratropical land areas because the response of 
the atmosphere to the slowly varying components of the cli-
mate system is highly uncertain and subject to many sources 
of error (Mason et al. 1999; Goddard et al. 2001; Doblas-
Reyes et al. 2013; Scaife et al. 2014).

Statistical and dynamical forecast systems have limited 
prediction skill over land, particularly in extratropical lati-
tudes (Goddard et al. 2001; Doblas-Reyes et al. 2013). Bar-
nett and Preisendorfer (1987) assessed the forecast quality 
of several statistical forecast systems to predict monthly and 
seasonal near-surface temperature over the United States. 
They showed that the statistical forecast systems that had 
persistence and sea surface temperature (SST) as predic-
tors offered the highest prediction skill in summer among 
the statistical schemes examined in their study. The highest 
summer prediction skill was linked to a decadal northern 
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hemisphere (NH) near-surface temperature variability. Pre-
diction skill in statistical forecast systems linked to decadal 
near-surface temperature variability was also described in 
studies focused on northern Europe (Johansson et al. 1998) 
and globally (Eden et al. 2015). Eden et al. (2015) showed 
that seasonal prediction skill was considerably reduced when 
trends for near-surface temperature were removed prior to 
the forecast quality assessment.

Seasonal prediction skill by dynamical forecast systems 
is assessed routinely for operational systems. As an illustra-
tion of such studies, Graham et al. (2005) showed that the 
UK Met Office coupled (one-tier) dynamical forecast system 
has higher seasonal prediction skill than its uncoupled (two-
tier) version, especially in tropical regions. This is because 
dynamical forecast systems have skill when predicting the 
SST anomalies in the tropical Pacific Ocean (Rodrigues et al. 
2014a) as well as the corresponding atmospheric response 
both locally and remotely (Kim et al. 2012). On the other 
hand, dynamical forecast systems still have limitations to 
predict the interannual atmospheric variability in the extra-
tropics (Kim et al. 2012) because many physical processes 
that could lead to prediction skill in these regions, such as 
an appropriate representation of sea ice, the land surface and 
the stratosphere is still under development (Arribas et al. 
2011; Stockdale et al. 2015). Despite all these issues, climate 
modelers have made significant progress in predicting the 
North Atlantic Oscillation (NAO) and its links to surface 
climate variables at seasonal timescale (Scaife et al. 2014).

Because of imperfections of forecast systems in simulat-
ing the observed climate, seasonal climate prediction must 
account for the uncertainties associated with forecast system 
formulation. The multimodel ensemble (MME), a method 
that combines predictions derived from several forecast sys-
tems, has proven to produce better seasonal predictions than 
other methods by providing better estimates of the forecast 
uncertainty (Doblas-Reyes et al. 2009). This is particularly 
relevant to regions with low skill such as Europe. When 
using the multimodel approach, the question of how to for-
mulate the most skillful combination arises. In this respect, 
several studies have demonstrated that the combination of 
predictions derived from several forecast systems with equal 
weights, referred to hereafter as simple multimodel ensem-
ble (SMM), produces on average better predictions than the 
best single forecast system (Doblas-Reyes et al. 2005; Hage-
dorn et al. 2005). However, even the SMMs hardly produce 
skillful predictions over Europe (Doblas-Reyes et al. 2000, 
2009, 2013; Wang et al. 2009).

To improve the SMM, Robertson et al. (2004) applied a 
Bayesian methodology to combine seasonal precipitation and 
near-surface temperature predictions derived from several 
dynamical forecast systems with a climatological distribution. 
Their combination method estimated weights for each dynami-
cal forecast system independently at each season, variable and 

grid point based on the ranked probability skill score (RPSS). 
The idea was to assign more weight to the predictions that had 
higher RPSS and assign more weight to the climatological 
distribution in situations when predictions were found to be 
unskillful. They concluded that their Bayesian scheme was 
more skillful than the SMM and the single dynamical fore-
cast systems. However, the main benefit of their method when 
predicting seasonal precipitation in extratropical regions was 
to bring much of the large area of negative RPSS values to 
near-zero skill.

Similarly, Coelho et al. (2006) applied a Bayesian method-
ology to combine summer precipitation predictions over South 
America derived from several dynamical forecast systems with 
a prior distribution estimated from a simple statistical forecast 
system. Their Bayesian method, referred to hereafter as Fore-
cast Assimilation (FA; Coelho et al. 2004, 2006; Stephenson 
et al. 2005), requires the application of a dimension reduction 
technique to deal with the high dimensionality of a spatial 
MME with strong dependency between values of neighboring 
grid points (Stephenson et al. 2005). This is an aspect of the 
combination problem not dealt with in Robertson et al. (2004) 
where the weights were estimated independently at each grid 
point. Coelho et al. (2006) concluded that the FA combination 
improved the prediction skill over the SMM combination and 
the single forecast systems in terms of the Brier score (BS) 
and its components.

The aim of the present study is to apply the FA method to 
calibrate and combine monthly near-surface temperature and 
precipitation predictions over Europe, an extratropical region 
where seasonal prediction skill is low. The relative merits of 
this method are discussed. Six seasonal dynamical forecast 
systems produced the monthly-mean predictions: two from the 
European Seasonal to Interannual Prediction Project (EURO-
SIP; Vitart et al. 2007) and four from the North American 
Multimodel Ensemble (NMME; Kirtman et al. 2014). These 
are two independent international MME efforts that are cur-
rently producing real-time predictions. Exploring the feasibil-
ity of combining monthly predictions from two independent 
operational MME efforts is an important novelty of this study.

The seasonal dynamical forecast systems and the observa-
tional reference are described in Sect. 2. Section 2 also pre-
sents the combination and the forecast quality methods. The 
forecast quality assessment is discussed in Sect. 3 whereas 
the benefits and limitations of the FA method are described 
in Sect. 4. The conclusions are presented in Sect. 5.

2  Data and methods

2.1  Observations

The observational reference for precipitation is the version 
2.2 of the Global Precipitation Climatology Project (GPCP) 
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monthly satellite-gauge combination with 2.5° horizontal 
resolution (Huffman and Bolvin 2013). The European Cen-
tre for Medium Range Weather Forecasts (ECMWF) global 
atmospheric reanalysis ERA-Interim with 0.7° horizontal 
resolution (Dee et al. 2011) was used as the observational 
reference for near-surface temperature. Both datasets cover 
land and ocean for the period from January 1979 onwards. 
They were used in both the forecast quality assessment 
and the estimation of the FA combination parameters (i.e. 
calibration).

2.2  Seasonal dynamical forecast systems

Table 1 summarizes the characteristics of the six seasonal 
dynamical forecast systems used in this study. They are the 
ECMWF climate forecast system 4 (S4; Molteni et al. 2011; 
Kim et al. 2012) and Météo-France seasonal forecast system 
version 3 (MF3; Alessandri et al. 2011) from the EURO-
SIP and the National Center for Environmental Prediction 
(NCEP) climate forecast system version 2 (CFSv2; Yuan 
et al. 2011; Kim et al. 2012; Saha et al. 2014), Geophysi-
cal Fluid Dynamics Laboratory Climate Model version 2.1 
(GFDL; Zhang et al. 2007), Canadian Meteorological Center 
seasonal forecast system version 2 (CMC2; Merryfield et al. 
2013) and the National Aeronautics and Space Administra-
tion Global Modeling and Assimilation Office (NASA; Ver-
nieres et al. 2012) from the NMME. The seasonal dynami-
cal forecast system will be referred to hereafter simply as 
forecast system.

The forecast systems, except for CFSv2 and NASA, ini-
tialize all ensemble members in burst mode on the first day 
of every month at 0 UTC. CFSv2´s ensemble members are 
initialized in different days and times, being the ones initial-
ized after the seventh day of the month used as the zero-
month lead time ensemble members of the next month (Saha 
et al. 2014). For example, the ensemble for the target month 
of February at zero-month lead time have their members 
initialized in January 11th, 16th, 21st, 26th, 31st, and the 
February 5th (at the synoptic times 00, 06, 12 and 18 UTC) 

of the same year. NASA initialized five ensemble members, 
one every 5 days, and six members in burst mode on which-
ever of the five-day starts is closest to the first of the month.1

A bilinear interpolation was performed on the predictions 
and observational references into a common 2.5° global grid 
prior to the combination and forecast quality assessment 
because they have different horizontal resolution. The com-
bination and forecast quality assessment were performed in 
winter (NDJF) and summer (MJJA) months for predictions 
initialized in May and November, allowing the evaluation of 
prediction skill varies from zero to 3-month lead time. The 
hindcast period used in the analysis covers the 1982–2010 
common period when all forecast systems had available data 
at the time this study started.

2.3  Combination methods

Two combination methods were used in this study. The first 
one is the simple multimodel ensemble (SMM; Doblas-
Reyes et al. 2005; Hagedorn et al. 2005), a method that 
combines predictions derived from several forecast systems 
with equal weights. In this method, the predicted mean is the 
simple arithmetic average of the ensemble-mean of the six 
forecast systems computed independently at each grid point 
and can be written as:

where m̂i,j is a vector with q elements representing an ensem-
ble-mean of the j th forecast system at the i th hindcast year 
at each grid point for a given variable, target month and lead 
time. m is the number of forecast systems (i.e. 6 forecast 
systems). q is the number of longitude points (i.e. 36 points) 
times the number latitude points (i.e. 22 points) covering 

ŷSMM

i
=

1

m

m∑
j=1

m̂i,j,

Table 1  Forecast systems from the EUROSIP and NMME systems

Forecast system Atmospheric component Ocean component Number of ensembles

S4 Integrated forecast system with 80 km resolution Nucleus for European Modelling of 
the Ocean version 3.0

51

MF3 Action de Recherche Petite Echelle Grande Echelle version 4 
with 300 km resolution

Océan PArallélisé model version 8.2 11

CFSv2 Global forecast system with 100 km resolution Modular Ocean Model version 4 24 (May)
28 (Nov)

GFDL GFDL atmospheric model with 200 km resolution Modular Ocean Model version 4 10
CMC2 Canadian atmospheric model version 4 with 200 km resolution Canadian ocean model version 4 10
NASA Goddard earth observing system version 5 with 200 km resolu-

tion
Modular Ocean Model version 4 11

1 http://gmao.gsfc.nasa.gov/resea rch/clima te/NMME/. Accessed 15 
December 2016.

http://gmao.gsfc.nasa.gov/research/climate/NMME/
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Europe and adjacent regions at the 2.5° resolution. The hat 
over the vector m̂i,j reminds that the ensemble-mean is a 
prediction (hindcast).

Similarly, the cumulative density function (CDF), used to 
quantify the quality of probabilistic predictions of the SMM, 
can be written as:

and

where F̂ is the Gaussian kernel density estimate as a func-
tion of the ensemble members 

(
ên,q

)
 for each forecast system 

independently and n is the number of ensemble members, 
which varies according to the forecast system as described 
in Table 1 (e.g. S4 has 51 ensemble members). Note that 
the vector m̂i,j is the row average of the matrix �̂�i,j . For 
instance, m̂1,1,1 =

1

51

∑51

k=1
êk,1 represents the first element 

of the ensemble-mean of S4 (j = 1) at the first hindcast 
year (i = 1) , such as m̂1,1 = c

(
m̂1,1,1, m̂1,1,2,… , m̂1,1,q

)
. The 

ensemble-mean and kernel density estimates were computed 
prior to the combination to avoid assigning more weight to 
the forecast systems that have a larger number of ensemble 
members.

The second combination method attempts to assign more 
weight to the predictions derived from the better forecast 
systems over the hindcast period. The Forecast Assimilation 
(FA; Coelho et al. 2004, 2006; Stephenson et al. 2005), a 
Bayesian method that calibrates and combines predictions 
from several sources with a prior historical information, was 
used to assign the weights. Because of the high dimensional-
ity of the multimodel ensemble of spatial fields compared to 
the number of hindcast years and strong dependency between 
values of neighboring grid points, a dimensionality reduction 
is applied on the original gridded predictions prior to the 
combination (Stephenson et al. 2005). The maximum covari-
ance analysis (MCA) was the statistical technique used in 
this study for dimensionality reduction. First, the observa-
tions were organized in a matrix to place the grid points in 
the rows and the training years in the columns, such as:the 
first element of

Ŷ
SMM

i
=

1

m

m∑
j=1

F̂
(
Êi,j

)
,

Êi,j =

⎡⎢⎢⎢⎣

ê1,1 ê1,2 ⋯ ê1,q
ê2,1 ê2,2 ⋯ ê2,q
⋮ ⋮ ⋱ ⋮

ên,1 ên,2 ⋯ ên,q

⎤⎥⎥⎥⎦
,

Y� =

⎡⎢⎢⎢⎣

y1,1 y1,2 ⋯ y1,q
y2,1 y2,2 ⋯ y2,q
⋮ ⋮ ⋱ ⋮

yt,1 yt,2 ⋯ yt,q

⎤⎥⎥⎥⎦
,

where t is the number of training years. Note that the letters 
ŷ∕Ŷ (with hats) represent the predictions or estimates of y∕Y 
(observational references). The FA calibration and combina-
tion procedure was performed using 3-year-out cross-vali-
dation method to reduce the effect of artificial skill (Mason 
and Baddour 2008). Therefore, the number of training 
years equals the number of hindcast years (i.e. 1982–2010: 
29 years) minus three, which are the target year, the previ-
ous year and the following year. The only exceptions were 
the first and last target years, when two hindcast years were 
removed: the target year and the following one for the for-
mer and the target year and the prior year for the later. Thus, 
t = N − 2 for the first and last target years and t = N − 3 
otherwise, where N  is the number of hindcast years. The 
cross-validation is indicated by the superscript in the matrix 
Y . For instance, the matrix Y1 has the elements y1,1 , y2,1 and 
yt,1 representing the first grid point in the years 1984, 1985 
and 2010 because the years 1982 and 1983 were removed in 
the cross-validation procedure whereas the matrix Y2 has the 
elements y1,q , y2,q and yt,q representing the q th grid point in 
the years 1985, 1986 and 2010 because the years 1982, 1983 
and 1984 were removed in the cross-validation procedure. 
Similarly, all predictions were organized in a matrix where 
the grid points of all forecast systems are placed in the rows 
and the training years in the columns, such as:

where the vector �̂�1,1 have all grid points of the first forecast 
system in the first training year. The cross-covariance matrix 
can be then decomposed into the product of three matrices, 
such as:

where the columns of �q,q are the orthonormal eigenvectors 
of 

(
��T�

)(
��T�

)T

, the columns of �(q*m),(q*m) are the 

orthonormal eigenvectors of 
(
��T�

)T(
��T�

)
 and �q,(q*m) 

is a diagonal matrix containing the square roots of the eigen-
values of � or � . Note that the product (q*m) is the number 
of columns in the matrix A which is equal the number of grid 
points times the number of forecast systems and the super-
script i was removed from the other matrices for simplicity. 
The expansion coefficients associated with the eigenvectors 
can be written as:

A =

⎡⎢⎢⎢⎣

m̂1,1 m̂1,2 ⋯ m̂1,m

m̂2,1 m̂2,2 ⋯ m̂2,m

⋮ ⋮ ⋱ ⋮

m̂t,1 m̂t,2 ⋯ m̂t,m

⎤⎥⎥⎥⎦
,

YiTA = UDVT ,

Z = Y�U,

X = AV,
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where X and � are the right (predictions) and left (observa-
tions) expansion coefficients and � is the number of retained 
modes. The number of retained MCA modes that gives the 
best FA prediction varies according to the climate variable, 
start date, lead time and area. However, the FA combination 
estimated by retaining the three first modes gave the best 
predictions more often. After the multimodel ensemble of 
spatial-fields were reduced into � time series that accounted 
for most of the dataset covariability, the likelihood param-
eters for the prediction calibration, the slope  , the intercept 
z0 and the prediction error covariance  , were estimated:

where x̄ and z̄ are the row averages of the matrices X and Z , 
respectively, ZZ is the ( � × � ) covariance matrix of Z , XX 
is the ( � × � ) covariance matrix of X , and XZ is the � × � 
cross-covariance matrix between X and Z . The FA predicted 
mean and covariance were then estimated in the MCA space:

where x̂i = m̂iV  is the predictor vector at the i th tar-
get year in the MCA space, m̂i =

(
m̂1 m̂2 ⋯ m̂(q∗m)

)
 is 

the vector containing the ensemble-mean at each grid 
point for all forecast systems at the i th target year and 
i = T

(T + )−1 is the gain/weight matrix. In this 
study, the climatology (z̄) was used as the prior information. 
The final step is to get the FA predictions in the geographical 
coordinate system:

where �̂�FA
i

 and �̂�FA
i

 are the FA predicted mean and covari-
ance matrices.

The above equations show that the FA method will per-
form poorly if U and V  are not well estimated. In other 
words, the multimodel ensemble must predict well the 
observed leading modes of covariability. Therefore, het-
erogeneous correlation matrices were computed by cor-
relating the right (left) expansion coefficients with the 
observations (predictions) to illustrate the advantages 
and disadvantages of the FA. They are called heterog-
enous because we correlate X (predictions in the MCA 
space) with Y  (observations) and Z (observations in 
the MCA space) with A (predictions). Representing the 
observed heterogeneous correlation matrices is extremely 

 = XZZZ
−1

z0 = −
(
x̄ − z̄T

)(T)−1
 = XX − XZZZ

−1XZ
T ,

Ẑi = ẑ + [x̂i − (z̄ − z0
)]

̂i =
(T−1 + −1

)−1
,

Ŷ
FA

i
= UẐi

Ŝ
FA

i
= ÛiU

T ,

challenging given the small sample size in current opera-
tional forecast systems and their lack of skill in simulating 
the interannual extratropical climate covariability.

2.4  Forecast quality assessment

The forecast quality assessment was performed using two 
different measures: one for deterministic and another one for 
probabilistic predictions. The Pearson correlation coefficient 
between the predicted mean and the corresponding observa-
tion, which is a measure of association, was the deterministic 
measure used in this study. The temporal correlation coef-
ficient over the hindcast period was computed independently 
for each grid point, target month and lead time as follows:

where ŷi and yi are the predictions and observations and ̄̂y 
and ȳ are their respective mean over N the hindcast years. 
Note that ŷi and yi are anomaly values computed in 3-year-
out cross-validation mode and that their time averages are 
computed for all hindcast years (i.e., they are close to, but 
not exactly zero).

The correlation coefficient measures the quality of deter-
ministic forecasts (i.e., how well the mean of the probability 
density function (PDF) is predicted), but provides no infor-
mation about the quality of the forecast uncertainty (i.e., 
how well the spread of the PDF is predicted). The continu-
ous ranked probability score (CRPS; Gneiting et al. 2005) 
was used to quantify the quality of probabilistic predictions. 
It compares the predicted CDF with a Heaviside function, 
which assigns probability density 0 to values smaller than 
the observation and 1 otherwise, and is defined on a continu-
ous scale so that the reduction of probabilistic predictions 
into discrete probabilities of binary or categorical events is 
not needed. It can be generically defined as:

where

is the Heaviside step function that jumps from 0 to 1 at the 
observation and F̂(𝜒) is the predicted CDF. The CRPS has 
the advantage of being defined on a continuous scale and 
does not require reduction to discrete probabilities of binary 
events (Jolliffe and Stephenson 2012).

The CRPS was estimated differently for the two types of 
probability forecasts handled in this study. When ensemble 

r =

∑N

i=1

�
ŷi −

̄̂y
��
yi − ȳ

�
�∑N

i=1

�
ŷi −

̄̂y
�2 ∑N

i=1

�
yi − ȳ

�2 ,

CRPS =

∞

∫
−∞

[
F̂(𝜒) − F0(𝜒)

]2
d𝜒 ,

F0(𝜒) =

{
0, 𝜒 < yi
1, 𝜒 ⩾ yi

,
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predictions are considered, the CRPS was estimated assigning 
equal weight to each ensemble member, such as:

where p̂i,j,k is a piecewise constant for the k th ensemble 
member and n is the number of ensemble members of 
the j th forecast system at the i th hindcast year. Note that 
p̂i,j,0 = − ∞ and p̂i,j,m+1 = ∞ are introduced for convenience. 
For instance, S4 has p̂i,j,1 =

1

51
⋯ = p̂i,j,51 =

51

51
= 1 given it 

is a cumulative distribution.
Therefore, the CRPS can be rewritten to deal with ensem-

ble forecasts (Hersbach 2000):

where

If the observation yi falls between the lowest and high-
est ensemble member, then αk and βk can be estimated as 
follows:

0 < k < n �k �k

yi > êi,j,k+1 êi,j,k+1 − êi,j,k 0

êi,j,k+1 > yi > êi,j,k yi − êi,j,k êi,j,k+1 − yi

yi < êi,j,k 0 êi,j,k+1 − êi,j,k

Otherwise as:

Outlier �k �k

yi < êi,j,1 0 êi,j,k − yi

yi > êi,j,n yi − êi,j,k 0

The FA predictions, where sets of predictions defined by 
a forecast mean and standard deviation are considered, the 
CRPS was estimated as follows (Gneiting et al. 2005):

where F and f  denote the CDF and PDF of the normal dis-
tribution with zero 0 and variance 1 at the normalized pre-
diction error yi−ŷi

�̂�i
, respectively . ŷi and �̂�i are the elements of 

the matrices Ŷ
FA

i
 and Ŝ

FA

i
 , respectively. Note that the CRPS 

was computed independently at each grid point.
The CRPS can be computed in terms of skill score, such 

as:

p̂i,j,k ≡ k

n
, for êi,j,k < êi,j,k+1 < ⋯ êi,j,n,

CRPS =
1

N

N∑
i=1

n∑
k=1

ci,j,k,

ci,j,k = 𝛼kp̂
2
i,j,k

+ βt
(
1 − p̂i,j,k

)2
.

CRPS =
1

N

N�
i =1

�̂�i

�
yi − ŷi

�̂�i

�
2F

�
yi − ŷi

�̂�i

�
− 1

�
+ 2f

�
yi − ŷi

�̂�i

�
−

1√
𝜋

�
,

where CRPSCLIM is the CRPS of the climatological distribu-
tion computed considering all but the target year as a large 
ensemble member.

The statistical significance at the 5% level was estimated 
using non-parametric bootstrap (Mason 2008; Jolliffe and 
Stephenson 2012) to quantify the sampling uncertainty of 
the verification measures. This method was chosen because 
it can be used in both correlation coefficient and CRPSS in 
a uniform fashion. In this procedure, the prediction-observa-
tion pairs are randomly resampled 1000 times with replace-
ment, keeping the prediction and observation pairs together 
(Mason 2008). For the deterministic assessment, these pairs 
are composed by the predicted mean and the corresponding 
observation. For the probabilistic assessment, the pairs are 
made of the forecast CDF and the corresponding observa-
tion. The null hypothesis used to estimate the p-values was 
that the verification measure was zero, while the alternative 
hypothesis was that the verification measure was larger than 
zero (i.e. one-tailed test).

3  Forecast quality assessment 
of the forecast systems

In agreement with previous studies (Wang et  al. 2009; 
Arribas et al. 2011; Kim et al. 2012; Doblas-Reyes et al. 
2009, 2013), the forecast systems are often more skillful 
when predicting near-surface temperature (Fig. 1) than pre-
cipitation (Fig. 2). Figure 1 illustrates the correlation coef-
ficient between the predicted and observed June near-surface 
temperature for predictions initialized in the previous May 
(1-month lead time) over the 1982–2010 hindcast period. 
Large areas of statistically significant positive correlation 
coefficient illustrate that the forecast systems are able to 
reproduce the main observed monthly near-surface tem-
perature patterns over the North Atlantic, Mediterranean 

Sea, Europe and Middle East in summer months. However, 
all of them lack skill when predicting the June near-surface 
temperature over the Scandinavian region.

The correlation coefficient is sensitive to linear trends. 
Therefore, it was also computed after the linear trend 
was removed from the observations and predictions (not 
shown). The linear trend was computed for the fore-
cast system ensemble mean, not the ensemble members 

CRPSS = 1 −
CRPS

CRPSCLIM
,
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Fig. 1  Correlation coefficient for the June near-surface temperature 
ensemble-mean predictions initialized in the previous May (1-month 
lead time) for the hindcast period 1982–2010. The dots are placed 

where the correlation coefficient is statistically significantly larger 
than zero at the 5% level using a non-parametric bootstrap procedure. 
See text for details

Fig. 2  As Fig. 1, but for the December precipitation ensemble-mean predictions initialized in the previous November (1-month lead time)
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individually because this is the most robust way to esti-
mate the predicted trend. All forecast systems experienced 
a generalized reduction in the correlation compared to 
the ones displayed in Fig. 1, especially over continental 
Europe and the Mediterranean region, although statis-
tically significantly positive values remained in North 
Atlantic Ocean and Middle-East. This shows that although 
the forecast systems have skill in predicting the June near-
surface temperature, much of the large positive correlation 
coefficient values described in Fig. 1 were due to both 
predictions and observations having a linear trend.

The correlation coefficient for the December precipita-
tion predictions initialized in the previous November dis-
play a different picture (Fig. 2): only a small fraction of 
the forecast systems has statistically significantly positive 

correlation coefficients. They are mostly located over the 
North Atlantic Ocean. The lack of prediction skill in extra-
tropical regions has been documented in previous studies 
(Doblas-Reyes et al. 2000; Wang et al. 2009; Arribas et al. 
2011; Kim et al. 2012).

Figure 3 illustrates how the correlation coefficient evolves 
with the lead time for the S4 near-surface temperature and 
precipitation predictions initialized in May and November 
from lead time 0–3 months. S4 was chosen for the illustra-
tion because it was often the most skillful forecast system 
(not shown). For both climate variables, the correlation 
coefficient decreases rapidly from lead time 0–1 month. 
However, the number of grid points with statistically sig-
nificantly positive correlation coefficient for precipitation 
almost vanishes in continental areas at lead times 1, 2 and 

Fig. 3  Correlation coefficient of near-surface temperature (two left 
columns) and precipitation (two right columns) for S4 ensemble-
mean predictions. Predictions are initialized in May (first and third 
columns) and November (second and fourth columns) and valid 

for zero to 3-month lead time (from top to bottom) for the hindcast 
period 1982–2010. The dots are placed where the correlation coeffi-
cient is statistically significantly larger than zero at the 5% level using 
a non-parametric bootstrap procedure. See text for details
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3 months. Some of the other five forecast systems do not dis-
play statistically significantly positive precipitation correla-
tion coefficient over continental Europe even at 0-month lead 
time (not shown). On the other hand, there are statistically 
significantly positive near-surface temperature correlations 
over many grid points at the four lead times analyzed, espe-
cially over the ocean (first and second columns of Fig. 3). 
In addition, near-surface temperature prediction skill does 
not always decrease linearly with lead time, as the skill in 
boreal winter for 1-month lead time is lower compared to 
2 and 3-months lead time (second columns of Fig. 3). This 
might be because prediction skill at each month is associated 
with different atmospheric phenomena (Barnett and Preisen-
dorfer 1987) or because the role of the trend changes with 
the calendar month.

The CRPSS estimated for the June near-surface tempera-
ture predictions initialized in the previous May (1-month 
lead time) shows that the forecast systems are outperformed 
by the climatological forecast in several instances (Fig. 4). 
Except for a few grid points, none of the forecast systems 
displays statistically significantly positive CRPSS grid 
points over continental Europe and only S4 and CFSv2 
display more positive than negative CRPSS areas over the 
studied region. Even for near-surface temperature predic-
tions initialized in and valid for May, only half of the six 
forecast systems (S4, CFSv2 and NASA) have more positive 
than negative CRPSS grid points over continental Europe, 

similar to predictions initialized in May and valid for July 
and August as well as for predictions initialized in Novem-
ber and valid for the winter months (not shown). Only S4 
and CFSv2 have positive precipitation CRPSS at zero-month 
lead time, both in summer and winter. However, these val-
ues go to zero or take negative values at lead times 1, 2 and 
3 months.

It should be borne in mind that the CRPSS is a more strin-
gent skill measure than the correlation coefficient because 
it requires not only that the predicted signal has the cor-
rect sign, but also that the uncertainty is correctly predicted 
(the correlation coefficient is not sensitive to errors in the 
predicted interval), which is usually not the case in current 
forecast systems. In this sense, the CRPS penalizes predic-
tions that are either over-dispersive (i.e. prediction interval is 
wide) or under-dispersive (i.e. prediction interval is narrow) 
and unreliable (i.e. observations fall often outside the predic-
tion interval). This is especially challenging when the refer-
ence is a perfectly reliable climatological prediction (Arribas 
et al. 2011), since a good CRPS occur when predictions 
are both under-dispersive and reliable. Therefore, red spots 
are observed in several grid points in most panels of Fig. 4, 
being S4 the only exception. Two reasons could explain 
these red spots: while the CFSv2 ensemble system presents 
over-dispersion in some situations, as for the grid points 
north of Iceland, the MF3, GFDL, CMC2 and NASA ensem-
ble systems are under-dispersive and unreliable. Penalties 

Fig. 4  As Fig. 1, but for the CRPSS
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are especially strong for ensemble systems that have a small 
ensemble size because they are directly proportional to the 
probability densities, which are in turn inversely propor-
tional to the number of ensemble members (e.g. an ensemble 
system with 10 members will be able to resolve probability 
density intervals of 1/10 whereas one with 51 members will 
distinguish probability density intervals of 1/51).

4  FA predictions

4.1  Modes of covariability

As described previously, the first step to combine predic-
tions produced by several forecast systems using the FA 
method is to apply a dimension reduction technique on the 
gridded data (Stephenson et al. 2005; Coelho et al. 2006). 
This is necessary because the number of grid points in a 
multimodel ensemble is much higher than the number of 
hindcast years and the dependency between values at neigh-
boring grid points (Stephenson et al. 2005). The MCA was 
used to reduce the data dimensionality on the two climate 
variables (precipitation and near-surface temperature), two 
start dates (May and November) and four lead times (from 
0 to 3 months). The large amount of cases makes a detailed 
description of every single one unfeasible. Therefore, only 
one case, which corresponds to the June near-surface tem-
perature covariability modes for predictions initialized in 
the previous May (one-month lead time), will be described. 
This case will illustrate that the FA method is able to pro-
duce skillful predictions when the forecast systems can pre-
dict properly the leading covariability modes, but poorly 
otherwise.

The MCA modes will be shown below as the heterogene-
ous correlation maps computed by correlating the expansion 
coefficients of the left field (i.e. the observation) with the 
original data of the right field (i.e. the predictions) and vice 
versa. Thus, all fields will have values between − 1.0 and 
1.0 making a comparison between predictions and observa-
tions easier. For instance, one can easily identify that cur-
rent forecast systems overestimate the positive near-surface 
temperature trend in June over the Mediterranean Sea and 
Northern Africa (first column of Fig. 5). In addition, the 
correlation coefficient between the expansion coefficients 
(time series) associated with the MCA modes and several 
climate indices were computed to quantify their association 
with the European climate variability. The teleconnection 
patterns were: NAO, Artic Oscillation (AO), East Atlantic 
(EA), East Atlantic/Western Russia (EAWR), Scandinavian 
and Polar/Eurasian (PE). These climate indices summarize 
in a single number the main patterns of climate variability 
that affect the European climate.

The first observed June near-surface temperature covari-
ability mode displays positive values over most of the area, 
except for a few grid points in the Eurasian region (top left 
panel of Fig. 5). The expansion coefficient associated with 
this mode (red line of the left panel of Fig. 6) has null or near 
null correlation coefficient with all physical teleconnection 
patterns listed above. Similarly, S4, CFSv2, GFDL, CMC2 
and NASA (first column of Fig. 5) simulate widespread posi-
tive values in the region, but all these systems overestimate 
the magnitude of the values compared to observations. This 
mode accounts for 51% of the squared covariance between 
the observations and the predictions at 1-month lead time.

The second observed near-surface temperature MCA 
mode, which accounts for 19% of the squared covariance, 
displays a strong dipole with positive correlation coefficient 
values over central Europe and negative values centered over 
Russia (top central panel of Fig. 5). The expansion coeffi-
cient associated with this covariability mode (red line of the 
central panel of Fig. 6) has a low correlation coefficient with 
the NAO (0.31), AO (0.34) and EA (0.40), and near null 
correlation coefficient with all other analyzed teleconnection 
indices. These three climate indices were correlated with the 
observed grid point near-surface temperature anomalies for 
the period 1982–2010. The correlation coefficient between 
EA and the near-surface temperature anomalies (not shown) 
exhibited a pattern like the second MCA mode displayed in 
the top central panel of Fig. 5. When analyzing the predic-
tions, we found that all forecast systems underestimate the 
magnitude of this MCA mode. Besides, most of them fail 
to emulate the regional patterns from the observational ref-
erence, especially the strong negative values centered over 
Russia (second column of Fig. 5). S4 is an exception to this 
by simulating a dipole similar to the one in the observa-
tions, although the positive values over central Europe are 
shifted southward whereas the negative values over Russia 
are shifted northward.

The third observed mode (top right panel of Fig. 5) shows 
a pattern with positive values over most of Europe and the 
Norwegian Sea and negative values over some parts of the 
North Atlantic Ocean, northern Africa, and Middle East. 
This mode accounts for 10% of the squared covariance. 
None of the climate indices described above has correlation 
coefficient higher than 0.3 with the expansion coefficient 
associated with this MCA mode. All forecast systems cap-
ture the negative values over the North Atlantic Ocean, but 
most of them fail to predict the pattern over the continents. 
The similarities between the predicted and observed modes 
are partly constrained by the need of the MCA modes to be 
orthogonal to each other, so that it is increasingly difficult for 
the modes beyond the first one to bear similarities.

The expansion coefficients associated with the first three 
observed covariability modes in summer months (MJJA) 
are similar (Fig. 6 is an illustration for June). However, the 
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covariance explained by each mode varies from May (pre-
dictions at zero-month lead time) to August (predictions 
at 3-month lead time): while the first three modes account 
respectively for 33%, 24% and 17% of the squared covari-
ance in May (the three modes together account for 74%), 
these numbers change to 66%, 10% and 7%, respectively, in 
August (the three modes accounts for 83%). That is, not only 
there is an increase in the total squared covariance accounted 

for the first three modes with lead time (from 74 to 83%), 
but also the share of the first mode alone doubles (from 
33 to 66%) while the share of the second and third modes 
summed up are significantly reduced (from 41 to 17%). This 
makes sense as most of the forecast systems consistently 
increase the positive values of the first covariability mode 
with lead time (not shown), which represents the trend that 

Fig. 5  Heterogeneous correlation maps for the observed and pre-
dicted June near-surface temperature. Predictions are initialized in the 
previous May (1-month lead time) for the hindcast period 1982–2010. 
The expansion coefficients of the left field (i.e. the observation) are 

correlated with the original data of the right field (i.e. the forecast 
systems) and vice versa. Results are shown for the first three leading 
MCA modes
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takes an increasingly larger role in the relationship between 
the observations and the predictions.

The expansion coefficients associated with the covari-
ability modes described above were used to estimate the 
parameters needed to combine several models using the 

FA method. Figure 6 illustrates the expansion coefficients 
associated with the first three June near-surface tempera-
ture covariability modes. The expansion coefficient associ-
ated with the first mode displays a positive trend over the 
studied region, which is spatially consistent as most of 

Fig. 5  (continued)

Fig. 6  First three expansion coefficients of the left (observations, red line) and right (predictions, black line) fields for the June near-surface tem-
perature. Predictions are initialized in the previous May (1-month lead time)
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the grid points have the same sign (first column of Fig. 5). 
This is consistent with the well-known observed warming 
trend over Europe in summer months (EEA 2015). On the 
other hand, both the second and the third expansion coef-
ficients are dominated by interannual variability.

4.2  Forecast quality of combined and calibrated 
predictions

This section discusses the forecast quality of the SMM and 
FA combination methods. The correlation coefficient dis-
plays an overall similar pattern for the June near-surface 
temperature predictions initialized in the previous May 
(1-month lead time) and the December precipitation pre-
dictions initialized in the previous November (1-month lead 
time) with both methods. On the other hand, local differ-
ences can be found in some regions (Fig. 7). For instance, 
FA outperforms SMM when predicting the June near-
surface temperature over the Scandinavian Peninsula, but 
not over the Eurasian region (upper panels of Fig. 7). The 
weak performance of the FA over the Eurasian region was 
linked to the failure of most forecast systems in predicting 
the weak negative (strong positive) values in the first (sec-
ond) observed near-surface temperature MCA mode (first 

and second columns of Fig. 5). More specifically, the large 
(small) negative area of the top right panel of Fig. 7 over 
central Russia (western edge of Russia/Baltic countries) 
coincides with the strong positive (weak negative) values 
of the top central (left) panel of Fig. 5. As expected, the 
FA method works in regions where predictions used in the 
combination correctly emulate the sign and magnitude of the 
observed covariability modes.

Much of the positive correlation coefficient values 
described in Figs. 1 and 7 might be explained because the 
predicted and observed linear trend had the same sign and 
not necessarily due to the ability of the forecast systems 
to predict the interannual near-surface temperature covari-
ability. Therefore, SMM and the FA methods were also 
estimated using linearly detrended data to measure the 
correlation coefficient sensitivity to the trend (not shown). 
We found that although the spatial correlation coefficient 
patterns were generally similar to the original data in both 
methods, there was a substantial reduction in the magnitude 
of the correlation values and statistically significantly posi-
tive correlation coefficient values disappeared in several grid 
points in western Europe. Additionally, the CRPSS for the 
June near-surface temperature probabilistic predictions ini-
tialized in the previous May (1-month lead time) illustrates 

Fig. 7  As Fig. 1 (first row) and Fig. 2 (second row), but for the multimodel ensembles
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the similarities in skill patterns but with differences in the 
magnitude of the values (upper panels of Figs. 7, 8). In the 
latter case, the FA combination presents statistically signifi-
cantly positive CRPSS over the North Atlantic Ocean, Medi-
terranean Sea and Middle East, an overall similar spatial 
pattern compared to the SMM. The performance of the FA 
method is closely linked to the required dimension reduction 
explained in the previous section.

The number of grid points with negative CRPSS for the 
June near-surface temperature with 1-month lead time is 
substantially reduced in both combination methods (Fig. 8) 
compared to all single forecast systems (Fig. 4), except S4. 
However, only modest improvement is found when compar-
ing only to S4 in this illustration. For instance, SMM has 
higher CRPSS (although not statistically significant positive) 
than S4 over eastern Ukraine, the Black Sea and Southwest-
ern Russia. This shows that a multimodel approach is not 
necessarily the best prediction strategy in all cases (Rodri-
gues et al. 2014b). On the other hand, the best single forecast 
system is not always the same (e.g. CFSv2 is the best one 
in Fig. 2). Therefore, evaluate different multimodel strate-
gies, especially considering operational forecast systems and 
objective methods that eliminates or downweights predic-
tions from unskillful forecast system, might be of great value 
to users of climate information.

5  Summary and conclusions

Monthly near-surface temperature and precipitation predic-
tions produced by several forecast systems were calibrated 
and combined using the Forecast Assimilation (FA) method. 
The FA method was then compared to the simple multimodel 
ensemble (SMM). The FA method calibrates and combines 
predictions from multiple sources by assigning unequal 

weights based on their forecast quality over the historical 
period. In addition, differently from other combination meth-
ods that assigns unequal weights, the FA method attempts 
to handle the high dimensionality of a spatial multimodel 
ensemble field (i.e. number of grid points times the number 
of forecast systems) compared to the number of independent 
hindcast years and the strong dependency between values 
of neighboring grid points (Stephenson et al. 2005). This 
study focused on Europe, a region where prediction skill is 
low and where the need for improvement of forecast quality 
has been expressed in the context of the developing climate 
services. Predictions initialized in May and November with 
lead times up to 4 months aimed to cover the boreal sum-
mer (MJJA) and winter (NDJF) months. Another important 
aspect of this study was to use six forecast systems that 
belong to two international MME efforts (EUROSIP and 
NMME), most of them publicly available.

Firstly, a forecast quality assessment was performed on 
the single forecast systems using a deterministic and a prob-
abilistic forecast quality measure. We show that the fore-
cast systems have higher skill when predicting near-surface 
temperature than precipitation. In addition, the near-surface 
temperature predictions have higher correlation in sum-
mer (MJJA) than in the winter months (NDJF), which may 
be partly explained because predictions and observations 
have the same long-term linear trend sign. The correlation 
decreased over many grid points when the trend is removed 
from the predictions and observations, although the posi-
tive correlation values prevailed. The CRPSS shows lower 
values than the correlation because it evaluates not only the 
predicted mean but also the predicted uncertainty, which 
can be expressed by a prediction interval. This is specially 
challenging when the reference climatological prediction is 
perfectly reliable (Arribas et al. 2011). Therefore, even if the 
forecast systems are able to predict the correct sign of the 

Fig. 8  As Fig. 4, but for the multimodel ensembles
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near-surface temperature trend they might still show nega-
tive CRPSS if they do not estimate correctly the forecast 
uncertainty. Yet statistically significantly positive CRPSS 
was found over several grid points for near-surface tempera-
ture predictions, but not for precipitation predictions. This 
shows that despite improvements in the forecast systems 
formulation, they still have difficulties to produce skillful 
precipitation predictions in extratropical regions.

In the second part of the study, we show that the FA 
method generally presents less skillful predictions than the 
SMM over Europe. The reduced FA skill is associated with 
the way it accounts for the high dimensionality of the mul-
timodel gridded data and the strong dependency between 
values of neighboring grid points (Stephenson et al. 2005; 
Coelho et al. 2006), a feature not accounted for in other 
multimodel studies (Robertson et al. 2004; Doblas-Reyes 
et al. 2005). This is done by applying the MCA on the cross-
covariance of the observations and predictions to reduce the 
multimodel ensemble into a few modes that explain most of 
the covariability. An illustration of how the predicted covari-
ability modes affect the FA skill can be seen by compar-
ing Fig. 5 with Figs. 7 and 8. In this illustration, large area 
with negative correlation coefficient (right hand columns 
of Fig. 7) and CRPSS (right hand column of Fig. 8) over 
Russia is found in a region where most forecast systems do 
not predict the correct sign of the anomalies in the first and 
second observed covariability mode (first row of Fig. 5). On 
the other hand, in agreement with previous studies (Coelho 
et al. 2006), the FA have skill and can even beat the SMM 
in regions where the covariability modes are well predicted 
by the forecast systems. In the above illustration, statistically 
significant positive correlation coefficient and CRPSS are 
found in parts of Scandinavian peninsula, North Atlantic, the 
Mediterranean Sea and Middle-East (right hand columns of 
Figs. 7, 8), regions where most forecast systems produce a 
spatial pattern similar to the observations (Fig. 5).

Seasonal forecast systems have predictive skill over 
South America mainly because they are able to represent the 
impact of the slowly varying components of the climate sys-
tem on the atmospheric surface climate variables, especially 
linked to the ENSO teleconnections. In this situation, the FA 
method works as well as or better than the SMM (Coelho 
et al. 2006). However, as illustrated previously, the forecast 
systems were not able to reproduce the main observed near-
surface temperature and precipitation covariability modes 
over Europe and adjacent regions in a joint MCA. Therefore, 
the FA method might not be the best combination strategy 
for the European climate.
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