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potential prediction skill (verification against the nudged sim-
ulation) beyond the linear trend of the order of 10 years ahead 
at the global scale, but essentially associated with non-linear 
radiative forcings, in particular from volcanoes. At regional 
scale, we obtain 1 year in the tropical band, 10 years at mid-
latitudes in the North Atlantic and North Pacific, and 5 years 
at tropical latitudes in the North Atlantic, for both sea surface 
temperature (SST) and upper-ocean heat content. Actual pre-
diction skill (verified against observational or reanalysis data) 
is overall more limited and less robust. Even so, large actual 
skill is found in the extratropical North Atlantic for SST and 
in the tropical to subtropical North Pacific for upper-ocean 
heat content. Results are analyzed with respect to the spe-
cific dynamics of the model and the way it is influenced by 
the nudging. The interplay between initialization and internal 
modes of variability is also analyzed for sea surface salinity. 
The study illustrates the importance of two key ingredients 
both necessary for the success of future coordinated decadal 
prediction exercises, a high frequency of start dates is needed 
to achieve robust statistical significance, and a large ensemble 
size is required to increase the signal to noise ratio.

Keywords Decadal variability · Oceanic predictability · 
Surface nudging

1 Introduction

Because of the potential socio-economic impacts, decadal 
climate prediction has developed as a novel topic over the 
last few years (Meehl et al. 2014) and given rise to great 
expectations. The goal of this exercise is to exploit the pre-
dictability of internally-generated climate variability together 
with that from the externally-forced component, as well as 
to enhance prediction skill by correcting the forced model 

Abstract Two decadal prediction ensembles, based on the 
same climate model (IPSL-CM5A-LR) and the same surface 
nudging initialization strategy are analyzed and compared 
with a focus on upper-ocean variables in different regions 
of the globe. One ensemble consists of 3-member hindcasts 
launched every year since 1961 while the other ensemble 
benefits from 9 members but with start dates only every 5 
years. Analysis includes anomaly correlation coefficients 
and root mean square errors computed against several rea-
nalysis and gridded observational fields, as well as against 
the nudged simulation used to produce the hindcasts initial 
conditions. The last skill measure gives an upper limit of 
the predictability horizon one can expect in the forecast sys-
tem, while the comparison with different datasets highlights 
uncertainty when assessing the actual skill. Results provide a 
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response. The 11th chapter of the Intergovernemental Panel 
on Climate Change (IPCC) fifth assessment report (Kirt-
man et al. 2013) describes the recent scientific achievements 
on this topic, but also emphasizes that several technical and 
scientific challenges remain. Although prediction skill arises 
mostly from external forcing (e.g. Doblas-Reyes et al. 2013), 
initialization of the slow components of the climate system 
has also provided added value for the first few years of the 
forecast, most notably in the North Atlantic (e.g. Hazeleger 
et al. 2013b; Corti et al. 2012; Kim et al. 2012; Oldenborgh 
et al. 2012; Swingedouw et al. 2013; García-Serrano et al. 
2014). This is at least partly due to the initialization of the 
Atlantic Meridional Overturning Circulation (AMOC), which 
shows large inertia in climate models (e.g. Persechino et al. 
2013). Over the North Pacific, some signs of improved pre-
diction skill through initialization have been found associated 
with the Pacific Decadal Oscillation (PDO), (Mantua et al. 
1997) or Interdecadal Pacific Oscillation (IPO) (Keenlyside 
et al. 2008; Meehl et al. 2010; Oldenborgh et al. 2012; Meehl 
and Teng 2012). Mochizuki et al. (2010) and Chikamoto 
et al. (2013) showed that models ability to follow the sub-
surface temperature evolution in the North Pacific increases 
thanks to initialization. Because of its potential effect on the 
atmosphere, SST has been the focus of most of these studies 
and is indeed commonly used as an indicator of the ocean’s 
state in decadal prediction assessments. Nevertheless, sub-
surface fields are somewhat shielded from weather noise and 
might thus be expected to be more predictable than the sur-
face fields (e.g. Branstator and Teng 2010), while they might 
still have the potential to affect the atmosphere on long time 
scales. Indeed, the oceanic heat content acts as a key indicator 
of climate perturbations on seasonal, interannual and longer 
time scales (e.g. Lozier et al. 2008), accounting for the total 
amount of heat variation, through storage and transport, that 
could potentially be available for the atmosphere. Using a sta-
tistical analysis of control simulations, Branstator and Teng 
(2012) showed that initialization has the potential to improve 
prediction skill of the upper 300 m temperature up to the first 
5 years in the North Pacific and 9 years in the North Atlantic.

Initialization techniques are numerous (Kirtman et al. 
2013), including assimilation of surface information only 
(e.g. Keenlyside et al. 2008; Merryfield et al. 2010; Swinge-
douw et al. 2013; Ray et al. 2015), restoring to 3-dimensional 
data (e.g. Voldoire et al. 2014; Bombardi et al. 2014), forc-
ing of the ocean model with atmospheric observations (Matei 
et al. 2012; Yeager et al. 2012) and more sophisticated alter-
natives based on fully coupled data assimilation schemes 
(Zhang 2007; Sugiura et al. 2009; Karspeck et al. 2014). It 
is yet difficult to distinguish whether one specific method 
clearly yields enhanced skill, as few studies have focused 
on comparing different techniques with a single climate 
model. Noteworthy is the study of Matei et al. (2012), who 
found that hindcast experiments starting from reconstruction 

simulations forced with the observed evolution of the atmos-
pheric state and associated heat flux over the ocean (including 
SST information although not explicitly) constitute a simple 
but skillful strategy for initialized climate predictions over 
the next decade, as compared to a 3-dimensional restoring 
towards ocean reanalysis. Bellucci et al. (2013) highlighted 
the strong differences in prediction skill obtained with fore-
cast systems using different ocean data assimilation products. 
Using perfect model approaches, Dunstone and Smith (2010) 
and Zhang et al. (2010) found, as expected, an improvement 
in skill when subsurface information is used as part of the ini-
tialization. Nevertheless, given the uncertainty in ocean rea-
nalysis below the surface (e.g. Ray et al. 2015), several stud-
ies also focused on prediction skill using only information 
from the sea surface (e.g. Keenlyside et al. 2008; Merryfield 
et al. 2010). In particular, Kumar et al. (2014) and Ray et al. 
(2015) showed that SST nudging is efficient in reconstructing 
the observed subsurface variability in the equatorial Pacific.

Given climate models usual biases notably in terms of 
mean state, another question that arises regarding the gener-
ation of initial conditions for predictions is the opportunity 
to use full field or anomaly initialization. In the first case, 
the coupled model is initialized with a state close to the 
real-world attractor and after initialization, drifts towards its 
own attractor. The second case limits this shock, but leads to 
question the link between mean state and variability. To put 
it differently, is it possible to properly reconstruct, and pre-
dict ENSO variability, for example, even if the warm pool is 
not correctly located in the model? Magnusson et al. (2012), 
Hazeleger et al. (2013a) and Smith et al. (2013) show that at 
decadal time scales, it is difficult to determine whether one 
of these two strategies is more skillful than the other.

This study aims at assessing prediction skill in the ocean 
with the IPSL-CM5A-LR climate model initialized via 
nudging towards observed SST anomalies. As described 
above, this set up lies on the side of relatively simple ini-
tialization techniques. Servonnat et al. (2014) investigated 
the performance of this technique for the reconstruction 
of subsurface variability in a perfect model configura-
tion using the same climate model. Ray et al. (2015) car-
ried similar analysis but under historical conditions and 
using observations, highlighting the current uncertainty 
in subsurface ocean variability. Swingedouw et al. (2013) 
showed the skill of the system in reproducing the Atlantic 
Meridional Overturning Circulation (AMOC) variability 
and Séférian et al. (2014) used it to demonstrate the rela-
tively long forecasting capabilities of the primary produc-
tion in the tropical Pacific as compared to SST. Here, we 
provide a more systematic investigation of ocean surface 
and subsurface predictability of the system. The model, 
experimental set-up and statistics are presented in Sect. 2. 
Global and tropical SST prediction skills are described in 
Sect. 3. Sections 4 and 5 concentrate on the prediction skill 



1227Decadal prediction skill in the ocean with surface nudging in the IPSL-CM5A-LR climate model

1 3

in the North Atlantic and in the North Pacific respectively. 
Section 6 discusses issues on sea surface salinity (SSS). 
Conclusions are given in the final section.

2  Model and methods

2.1  The climate model

We use the Earth System Model IPSL-CM5A-LR (Dufresne 
et al. 2013), developed at the Institut Pierre Simon Laplace 
(IPSL). The atmospheric model is LMDZ5 (Hourdin et al. 
2013), with a horizontal resolution of 1.875° × 3.75° and 
39 vertical levels. The ocean model is NEMOv3.2 (Madec 
2008), in ORCA2 configuration. This non-regular grid has 
a nominal resolution of 2°, refined in the Tropics and the 
subpolar North Atlantic. The ocean grid has 31 vertical lev-
els. NEMOv3.2 also includes the sea-ice component LIM2 
(Fichefet and Maqueda 1997) and the biogeochemical mod-
ule PISCES (Aumont and Bopp 2006). The performances 
of the oceanic component in the coupled configuration are 
discussed in Mignot et al. (2013). The reader is referred to 
the special issue in Climate Dynamics (http://link.springer.
com/journal/382/40/9/) for a collection of studies describ-
ing various aspects and components of the model as well as 
its performance for climatic studies. We emphasize here the 
contribution from Persechino et al. (2013) who investigated 
the model’s potential predictability.

2.2  The decadal prediction system

The set of experiments considered here is summarized in 
Table 1. It first includes a 3-member ensemble of non-ini-
tialized historical simulations, all available on the CMIP5 
database. They use prescribed external radiative forc-
ing from the observed increase in greenhouse gases and 

aerosols concentrations, as well as the ozone changes and 
the land-use modifications. They also include estimates 
of solar irradiance and volcanic eruptions, represented as 
a decrease in the total solar irradiance. These simulations 
start from year 1850. Their initial conditions come from the 
1000-year long control simulation under preindustrial con-
ditions and are each separated by 10 years. Each of these 
simulations was integrated until end of 2005. From Janu-
ary 1st 2006, they were prolonged using external forcing 
corresponding to the RCP4.5 scenario, as described in Tay-
lor et al. (2012). This ensemble of 3 members of histori-
cal + scenario simulations will be referred to as HIST in 
the following.

The second set of experiments under consideration is a 
3-member ensemble of nudged simulations, so called as 
they include a nudging towards observed anomalous SST 
variations. Each nudged simulation (NUDG1, NUDG2 
and NUDG3 in the following) was started on January 1st 
1949 from one of the historical simulations, using strictly 
the same external forcing, and applying also a nudging, or 
restoring term. This term consists in an additional heat flux 
term Q imposed in the equation for the SST evolution and 
written as Q = −γ (SST ′

mod − SST ′

ERSST ). SST
′

mod stands for 
the modeled SST anomaly with respect to the climatologi-
cal mean computed between 1949 and 2005 in the corre-
sponding historical simulation. SST ′

ERSST are the anomalous 
SST from the Reynolds et al. (2007) dataset with respect to 
the same climatological period. We use a restoring coeffi-
cient γ of 40Wm

−2
K
−1, corresponding to a relaxing time-

scale of around 60 days over a mixed layer of 50 m depth. 
This rather weak value as compared to previous studies 
using surface nudging (Keenlyside et al. 2008; Dunstone 
and Smith 2010; Luo et al. 2005) typically represents the 
amplitude of air-sea thermal coupling (e.g. Frankignoul 
and Kestenare 2002) and was justified in previous papers 
(Swingedouw et al. 2013; Servonnat et al. 2014; Ray et al. 

Table 1  Table summarizing the hind cast simulations used in this 
study. We specify in particular the initialization strategy, the number 
of members of the ensemble, the start dates frequency, the length (in 

years) of each hindcasts. The final columns gives some additional 
remarks for clarity

Initialization strategy Ens. size Start dates Length  
(years)

Name Remark

Non-initialized  3  Yearly (1961–2013) 10  HIST Independent long-term historical simulations

HIST1, HIST2, HIST3

Continuous surface  
nudging

 3  Yearly (1961–2013)  10 NUDG Independent long-term nudged simulations

NUDG1, NUDG2, NUDG3

Surface nudging 3 Every 5 years (1961–2006) 10 DEC1 Launched from NUDG1

Surface nudging 3 Every 5 years (1961–2006) 10 DEC2 Launched from NUDG2

surface nudging 3 Yearly (1961–2013) 10 DEC3 Launched from NUDG3

Surface nudging 9 Every 5 years (1961–2006) 10 DEC9 From DEC1 + DEC2 + DEC3

http://link.springer.com/journal/382/40/9/
http://link.springer.com/journal/382/40/9/
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2015). Efficiency of this nudging strategy in reconstruct-
ing subsurface variability is more specifically studied in 
Ray et al. (2015), and the reader is referred to Swinge-
douw et al. (2013) for a focus on the AMOC. Servonnat 
et al. (2014) investigate several aspects of surface nudging 
in a perfect model context. Note also that as indicated in 
the previous references, nudging is not applied when and 
where the model sea-ice cover exceeds 50 %.

A set of 3-member ensembles of runs at least 10 years 
long where the restoring constraint is no longer applied 
(while the external forcing from historical and scenario 
simulations is used) was then launched from each nudged 
simulation. These simulations make up our retrospective 
forecasts, or hindcasts. For NUDG1 and NUDG2, hind-
casts were launched on January 1st 1961 and every 5 
years afterwards until January 1st 2006, as recommended 
in the CMIP5 protocol (Taylor et al. 2012). These two 
sets of hindcasts, named DEC1 and DEC2 in the follow-
ing, were both submitted to the CMIP5 near term data-
base (e.g. García-Serrano et al. 2014). Hindcasts starting 
from NUDG3 were launched every year from January 1st 
1961 until January 1st 2013. These series of hindcasts, 
named DEC3, was not submitted to the ESG, but is now 
part of the multi-model decadal forecast exchange project 
(http://www.metoffice.gov.uk/research/climate/seasonal-
to-decadal/long-range/decadal-multimodel; Smith et al. 
2012). For all ensembles, initial conditions of the individ-
ual members were obtained by applying at the first time 
step a perturbation to the SST field seen by the atmos-
pheric component, chosen randomly at each grid point 
between −0.05 and 0.05 °C. Note that, strictly speaking, 
each group of 3 members in DEC9 also differ in terms of 
oceanic perturbation, since they originate from a different 
coupled simulation. Analysis of the impact of such differ-
ences in initial perturbations is beyond the scope of this 
paper and is not likely to have a strong effect (Du et al. 
2012). Note also that as in other CMIP5-type hindcasts, 
external forcing is exactly the same as in historical and 
nudged simulations. This forcing thus includes volcanic 
eruptions, even though this forcing would in reality not be 
available at the start date of the forecast in an operational 
context.

In the following, we evaluate the forecasting skill of 
the system using two ensembles of initialized hindcasts: 
the ensemble DEC3, on the one hand, consisting of 3 
members launched every year, and the ensemble named 
DEC9, on the other hand, resulting from the merging of 
DEC1, DEC2 and a subsample of DEC3, which consists 
thus in a 9-member ensemble of hindcasts launched every 
5 years from January 1st 1961 to January 1st 2006. On 
top of these, we consider the ensemble of HIST simula-
tions as a benchmark for multiyear prediction skill with-
out initialization.

2.3  Verification datasets

In order to validate the prediction skill of the system, five 
different datasets are used. First, we consider ERSST, the 
SST field from Reynolds et al. (2007), which was used 
for the nudging. Performances are expected to be highest 
with this reference dataset, which, for our purposes, cov-
ers the period (1961–2013). This dataset is represented 
with the dark blue color in the figures. The HadISST data-
set (Rayner 2003) taken as an alternate verification dataset 
gave very similar results as ERSST and is thus not shown. 
Secondly, we consider two ocean reanalyses, namely 
ORAS4 (Balmaseda et al. 2013, color code orange in the 
figure), available until 2011, and SODA2.2.4 (SODA here-
after, color code cyan in the figures) (Ja and Giese 2008; 
Giese and Ray 2011; Ray and Giese 2012), available until 
2005. As described in Ray et al. (2015), for example, these 
two reanalyses are based on different ocean models, with 
different resolutions, different forcing datasets and differ-
ent assimilation schemes, which may lead to substantial 
differences. They yield a consistent (significantly corre-
lated at the 90 % confidence level) reconstruction of the 
oceanic variability mainly down to 200 m (Ray et al. 2015). 
We use them both in order to assess the prediction skill of 
the system but taking into account the uncertainty in data, 
in particular for ocean variables hard to constrain such as 
the AMOC. For the AMOC, we also consider the recon-
struction proposed by Latif et al. (2006), using a dipole of 
SST between the Northern and Southern Atlantic (featured 
in yellow in the figures). Finally, for the subsurface tem-
perature, integrated ocean heat content and for the salinity, 
we also use the EN3 set of objectively analyzed tempera-
ture and salinity profiles (color code purple) proposed by 
Ingleby and Huddleston (2007). This product is not opti-
mized for SST, as it does not integrate specific surface data. 
All these datasets will be collectively referred to as DATA 
from now on in the text. Note however that these data sets 
are always considered individually in all computations, and 
not averaged out. Furthermore, for clarity of the figures, the 
ACC and RMSE skill scores computed for the HIST simu-
lations with respect to each of these data sets are not identi-
fied individually with specific colors.

2.4  Data processing

As discussed for example in Oldenborgh et al. (2012), 
a large part of the skill in decadal temperature forecasts 
is due to the trend. In order to study the predictability of 
the variability around the trend, it is important to remove 
the effect of the trend as cleanly as possible. A good defi-
nition of the trend is nevertheless difficult to obtain, given 
the non-linearity of the forcing (see discussion in García-
Serrano et al. 2014). Furthermore, estimates of local trends 

http://www.metoffice.gov.uk/research/climate/seasonal-to-decadal/long-range/decadal-multimodel
http://www.metoffice.gov.uk/research/climate/seasonal-to-decadal/long-range/decadal-multimodel
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are subject to large sampling variability because of the 
lower signal to noise ratio for smaller spatial scales. There-
fore, we focus here on spatial averages over relatively large 
domains (typically, the North Atlantic Ocean between 30° 
and 60°N) in order to maximize the signal to noise ratio 
(Goddard et al. 2012).

The treatment of data is then done as follows. Firstly, all 
ensemble sets (HIST, NUDG3, DEC and DATA) are organ-
ized mimicking the hindcasts outputs, that is as a function 
of start dates (from 1961 to 2013 or 2006 depending on the 
DEC system under consideration) and lead times (from 1 
to 10 years). Secondly, anomalies are computed. The refer-
ence period is estimated as the overlapping period between 
the observational records and the hindcasts, i.e. (1961–
2005) if the SODA reanalysis is included. Results were 
also tested against the use of a longer reference period, 
namely 1961–2011. This implies excluding the SODA 
reanalysis, but main results were unchanged. We then con-
sider, for each dataset, anomalies with respect to the linear 
trend. This trend is estimated separately for each forecast 
time over the reference period. The simulated trend is com-
puted separately for each individual member and the same 
methodology is applied both for DEC3 and DEC9. Obser-
vational trend is also considered as forecast-time depend-
ent. Note that this procedure includes a correction of a bias 
in the mean state as well as of the linear response to exter-
nal forcings. We assume that the residual signal represents 
the unforced variability, but we know that this is just an 
assumption as the external forcing is not linear. Note that 
the IPSL-CM5A-LR coupled model has a climate sensitiv-
ity of 3.9 K for a doubling of CO2 (Dufresne et al. 2013), 
which places it at the 4th out of 11 models of the CMIP5 
ranked per decreasing climate sensitivity (Vial et al. 2013) 
and is stronger than the newest estimates of climate sensi-
tivity around 3 K (Collins et al. 2014).

To ensure having the same number of verification years 
at each forecast time in DEC3, we consider the verification 
period (1966–2005) when the SODA dataset is included. 
Following the 4-year average approach this implies that 
the common verification period spans from 1966/1969 to 
2002/2005,with a total of 37 values per forecast lead time. 
Results are also tested against the common verification 
period 1966/1969 to 2008/2011, when SODA is excluded. 
Except if discussed in the text, results are generally simi-
lar. Note that the use of such common verification frame-
work yields the same number of degrees of freedom for 
all lead times for a single time series (e.g. García-Serrano 
et al. 2012); this enables a consistent comparison of fore-
cast skills at different lead times. Furthermore, given that 
the non-initialized simulations are in fact a re-organization 
of the outputs from three long-term simulations (HIST1, 
HIST2, HIST3), the time series constructed for the differ-
ent lead times are identical and thus the statistical metrics 

are constant. The same applies to the DATA time series fol-
lowing this approach. Note furthermore that this common 
verification framework was not used for DEC9 due to the 
few start dates available.

2.5  Forecast quality assessment

Multi-annual prediction skill is measured in terms of 
anomaly correlation coefficients (ACC) and root mean 
square errors (RMSE). ACC and RMSE are calculated 
based on the ensemble mean of the hindcasts. Both meas-
ures are computed for DEC and HIST respectively, against 
DATA, and for each lead time. Significance of the correla-
tion is tested with a one-sided Student t test at the 90 % 
confidence level. The number of degrees of freedom takes 
into account the autocorrelation of each time series, as 
suggested in Bretherton et al. (1999). We also test the sig-
nificance of the ACC difference between HIST and DEC. 
The purpose of this additional test is to evaluate the added-
value of initialization for the prediction skill. Significance 
of the difference between the RMSE of initialized (DEC) 
versus non-initialized (HIST) ensembles is evaluated using 
a Fisher test. Note that a fair estimation of the continuous 
ranked probability score (Ferro 2014) was found to yield 
very similar conclusions as the RMSE. Given that the 
evaluation of probability distribution might be problematic 
in DEC9 which only counts 8 realizations, we decided to 
show only RMSE here.

All ACC and RMSE are also computed against the 
NUDG3 (simply named NUDG in the following) outputs, 
and significance is tested similarly. The point of evaluating 
prediction skill against both DATA and NUDG is to com-
pare actual and potential predictability, respectively. Such 
assessment is particularly relevant when initial conditions 
have been constructed through nudging rather than directly 
taken from an independent dataset. In this case, indeed, the 
correlation and RMSE of hindcasts with respect to NUDG 
is expected to be higher than computed against DATA, as 
NUDG contains effectively the initial conditions from 
which the hindcasts were launched, and these can then be 
substantially different from the data (e.g. Ray et al. 2015). 
The forecasting skill against NUDG gives an idea of the 
upper limit of possible skill in the system, while the one 
computed against DATA measures the actual skill against 
a particular reconstruction of reality. The potential predic-
tion skill defined here is inspired from Boer et al. (2013) 
but not fully equivalent: for Boer et al. (2013) potential 
forecast skill is analogous to actual forecast skill, but with 
the divergence of the forecast from the observed evolution 
being replaced by a measure of the divergence of model 
results from each other. Here, we rather use a different ref-
erence, namely the NUDG simulation. Note also that only 
one nudged simulation is used, and not the average of the 
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three. Indeed, the nudging only has a limited impact on the 
ocean subsurface, so that the three nudged simulations do 
slightly differ after a certain depth (Ray et al. 2015). As 
a result, averaging the three nudged simulations in these 
regions would risk to blur the reconstructed variability at 
depth. Note however that it would not change the results 
regarding the SST prediction skill.

We also compare the skill of the forecasts with the per-
formance of a first order auto-regressive model (e.g. Ho 
et al. 2012). Initial conditions are taken from the last year 
before the beginning of the hindcasts, that is the last year 
with supposedly known conditions. The time constant 
involved in the auto-regressive model is estimated from the 
fit of the autocorrelation function of the considered time 
series taken in the long-term control run by a decreasing 
exponential (e.g. Mignot and Frankignoul 2003).

Finally, while the metrics presented above focus on the 
ensemble mean, it is also important to consider the disper-
sion of the hindcasts around this mean, in order to estimate 
their reliability. A forecast system is considered as reliable 
when the forecast probabilities of a certain variable match 
the observed ones. These questions have been extensively 
tackled for seasonal forecasts (e.g. Weisheimer et al. 2011; 
Batté and Déqué 2012), and much less for the decadal pre-
dictions (Corti et al. 2012; Ho et al. 2013). Here, since our 
analysis only uses one prediction system, the error primarily 
comes from uncertainty in initial conditions. In this respect, 
the spread of the set of predictions can be used as a measure 
of the prediction error. This ensemble spread is compared to 
the RMSE of the forecast ensembles with respect to DATA 
or NUDG. For a prediction to be reliable, or trustworthy, 
the time-mean ensemble spread about the ensemble mean 
should equal the time-mean RMSE of the ensemble mean 
forecast. The system is said overdispersed if the spread sig-
nificantly exceeds the RMSE. In this case, the probabilis-
tic forecasts are unreliable as the individual forecasts may 
produce too different results. On the contrary, if the spread 
is significantly smaller than the RMSE (system underdisper-
sive), especially at short forecast ranges, it may indicate that 
the initial perturbation of the probabilistic forecast is too 
weak to realistically sample the uncertainty of the system. 
The system can then be characterized as overconfident, and 
it is in any case also poorly reliable. Note nevertheless that 
caution is required when assessing the reliability in DEC3, 
given the very low number of members.

3  Global and tropical SST prediction skill

3.1  Global SST prediction skill

Figure 1a shows the time series of detrended global-mean 
SST anomalies averaged over the forecast years 2–5 in the 

DEC3 ensemble mean and the corresponding non-initial-
ized hindcasts HIST. Outputs from the NUDG simulation 
and ERSST are also shown. These time series highlight the 
decadal climate variability at global scale and the cooling 
signatures of the major volcanoes which have erupted over 
the last 50 years: Mt Agung in 1963, El Chichon in 1982 
and Mt Pinatubo in 1991. Because of the strong negative 
radiative forcing of these volcanic eruptions, ACC of the 
hindcasts with both NUDG and the DATA is not signifi-
cantly different from that obtained with the non-initialized 
hindcasts (Fig. 1b). The global mean SST indeed primar-
ily responds to external forcing, and this figure illustrates 
the weak added value of initialization for predicting this 
climate quantity over the period considered here (which 
includes rather strong volcanic eruptions). Consistently 
with Mehta et al. (2013), volcanic eruptions are one of the 
important sources of decadal prediction skill for global 
SST. When computed against NUDG and ERSST (the 
dataset used for the nudging) ACC remains significant at 
all lead times. SODA and more clearly ORAS4 yield lower 
scores. This illustrates the uncertainty in available datasets, 
and how it hampers hindcast verification. Note that the AR1 
predictive method started from DEC3 and computed with 
respect to NUDG is not skillful. This is consistent with an 
important role of external forcing, which may appear after 
the date when the hindcast was launched.

Figure 1e further illustrates the influence of non-linear 
external forcing in the DEC9 predictive system. Because 
hindcasts are launched every 5 years only in this set, 
their specific timing with respect to the volcanic erup-
tions listed above is very important. More precisely, one 
should note that the start dates used in DEC9 (following 
the CMIP5 protocol) are in phase or slightly leading the 
eruptions. As a result, for the forecast range 2–5 years for 
example, two start dates (1982–1985 and 1992–1995) are 
very strongly influenced by the eruptions [since the radia-
tive impact typically lasts 3 years, (e.g. Robock 2000)]. 
This highly contrasts with the forecast range 4–7 years, 
which is, for each start date, only impacted by the last 
year of the volcanic radiative effect [see also Fig. 10 in 
Germe et al. (2014)]. As a result, the main source of pre-
dictability for global SST is partly lost for the forecast 
range 4–7 years and the correlation skill drops. Impact 
of the main volcanic eruptions in the last 60 years falls 
again in the time window of the predictions at lead times 
6–9 years, thereby contributing to enhance the correlation 
skill again. Such specific sampling issue does not occur in 
DEC3 (Fig. 1b). A subsampling analysis of the start date 
frequency in DEC3 confirms that the drop of skill from 
forecast ranges 3–6 years until 5–8 years, followed by a 
recovery at the forecast range 6–9 years essentially comes 
from the specific choice of start dates every 5 years start-
ing from 1961 (Fig. 2).
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(a)

(b)

(c)

(d)

(e)

(f)

Fig. 1  a and d Time series of the detrended ensemble mean forecast 
anomalies averaged over the forecast years 2–5 [green, DEC3 (a), 
DEC9 (b)] and the accompanying non-initialized (grey) experiments 
of the global-mean sea surface temperature (SST). The green and grey 
shadings respectively show the spread of the forecasts. The red line 
shows the time series from the nudged experiment. The observational 
time series from the ERSST dataset are represented with dark blue verti-
cal bars, where a 4-year running mean has been applied for consistency 
with the time averaging of the predictions. The time axis corresponds to 
the first year of the forecast period (i.e. year 2 of each forecast). b and 
e Correlation of the ensemble mean with the NUDG reference (thick 
red and grey lines respectively, for the DEC and HIST forecast ensem-
bles), along the forecast time for 4-year averages. The figure also shows 
the correlation of DEC with ERSST (dark blue), ORAS4 (orange) and 
SODA (light blue) in thin lines, together with their counterparts for the 

HIST ensemble (grey thin lines’, different data sets not identified with 
colors). Significant correlations according to a one-sided 90 % confi-
dence level with a t-distribution are represented with a circle, non sig-
nificant ones with a cross. The number of degrees of freedom has been 
computed taking into account the autocorrelation of the time series, 
which are different for each forecast time. A filled circle indicates sig-
nificant correlations but not passing a two-sided t test for the differences 
between the DEC and HIST correlations. c and f RMSE of the ensem-
ble mean along the forecast time for 4-year forecast averages are plotted 
with solid lines. Circles are used where the DEC skill is significantly 
better than the HIST skill with 90 % confidence using a two-sided 
F test. Dashed lines represent the ensemble spread estimated as the 
standard deviation of the anomalies around the multi-model ensemble 
mean. Green line is for the spread of the initialized hindcasts [DEC3 (c), 
DEC9 (e)], grey dashed lines for the non-initialized ones

(a) (c)

(b) (d)

Fig. 2  a Potential ACC skill score of global mean SST with start 
dates taken with an interval of 1–5 years from 1961 to 2005 in DEC3. 
Grey lines show the corresponding skill for the HIST ensemble. b as 
a for the RMSE. c and d Same as a and b for the skill scores com-

puted against ORAS4. Hindcasts launched between 1961 and 2005 
were used here, but anomalies were not computed against a common 
verification period since this would be too restrictive for the longest 
start date intervals (see Sect. 2.4 for details)
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Benefits of the system’s initialization in bringing 
together the different members are yet visible from the 
fact that the spread of the initialized hindcasts is initially 
smaller than for non-initialized hindcasts (Fig 1c). After-
wards, it increases with forecast time, towards the level 
of the non-initialized hindcasts spread, illustrating the 
decreased influence of initialization with forecast time. 
Eventually, the spread of DEC3 is even slightly larger 
than that of HIST. Note however that differences are 
not significant. The spread of HIST hindcasts is slightly 
lower than the RMSE with respect to the NUDG simula-
tion, suggesting that the potential non-initialized forecast 
system is overconfident (underdispersive). This feature 
is worse for the initialized system (Fig. 1c). This lack of 
reliability is reduced in the DEC9 system (Fig. 1f) for 
which the RMSE is reduced. We recall that DEC9 differs 
from DEC3 in terms of start dates frequency and ensem-
ble size. Figure 2 shows that the reduction of the RMSE 
in DEC9 does not arise from a decrease in the start date 
frequency. It is thus due to the increase in the number of 
members which indeed is expected to yield a better esti-
mate of RMSE through a more accurate estimation of the 
ensemble mean. Nevertheless, Fig. 2 also shows that a 

reduction of the start date frequency yields more noisy 
and therefore less robust statistics, which can lead to spu-
rious results. The RMSE of DEC3 is larger than that of 
HIST, whatever the reference set (Fig. 1c). This feature is 
reduced in DEC9, probably as a result of the better esti-
mation of the RMSE. Still, this result is relatively sur-
prising, given the expected added value from initializa-
tion to correct part of the errors in the unforced model 
response and put the model in phase with the unforced 
variability, thereby decreasing the RMSE similarly for 
DEC3 and DEC9. These differences are nevertheless not 
significant, and this feature disappears for other regions 
investigated below.

Figure 3 shows the potential ACC skill score of the 
HIST and DEC3 ensembles computed grid-pointwise for 
detrended SST for the lead times 1, 2–5 and 6–9 years. The 
added-value of initialization for the first lead time is clearly 
illustrated on the top panel: for a lead time of 1 year, SST 
is skillfully predicted over all oceanic regions in the initial-
ized hindcasts. For longer lead times, fewer regions remain 
skillfully predicted in the initialized runs. The subpolar 
North Atlantic, the extratropical North Pacific, the north-
ern Indian Ocean and the western tropical Pacific, as well 

Fig. 3  Ensemble mean ACC of detrended SST in the HIST (left) and DEC3 (right) hindcasts against the NUDG simulation, for a lead time of 1 
year (top), 2–5 years (middle) and 6–9 years (bottom). Non-significant correlations at the 90 % confidence level are marked with black dots
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as localized areas of the Southern Ocean stand out. In the 
CCSM4 experimental decadal prediction system, Karspeck 
et al. (2014) found that the subpolar North Atlantic was the 
only region where the initialized predictions outperform the 
non-initialized ones. The maps shown here are a bit more 
encouraging, but they only show potential skill. Note that 
the maps computed against ERSST rather than NUDG are 
very similar (not shown). In the following, we focus on 
specific regions and discuss both the potential and actual 
prediction skill, including uncertainty arising from obser-
vational datasets.

3.2  Tropical SST prediction skill

In the tropical band, forecasting skill is investigated using 
individual forecast years, instead of multi-year averages. 
Both potential and actual SST predictions are skillful 
for the first lead time only (Fig. 4b). The non-initialized 
ensemble, on the other hand, is never significantly skillful 
(ACC is always negative), indicating that the prediction 
skill at 1 year lead time has been enabled by the initializa-
tion of the coupled model. For this first lead time, RMSE of 
DEC3 is smaller (but not significantly) than that of HIST, 
further highlighting the impact of initialization. This effect 
is lost for longer forecast ranges, with the spread of DEC3 
reaching the level of HIST. All statistics (both actual and 
potential) thus nicely highlight a prediction skill of 1 year 
over the tropical band, thanks to the better initial condi-
tions, an effect that is lost afterwards. Actual and potential 

ACC skills also loose significance after the first lead time, 
but the decrease is more gradual in DEC9, this may be due 
to sampling effects. Furthermore, DEC9 is roughly reliable 
for the first two lead times. As above, a subsampling analy-
sis of the start dates frequency in DEC3 shows that these 
improvements of DEC9 performances over DEC3 comes 
from the increase in the number of members (not shown). 
However, for lead times longer than 3 years, the evolution 
of skills with the lead time in DEC9 is, again, very noisy. 
This ACC recovery at lead time 7 years in DEC9 (Fig. 4e) 
gives another illustration of possible spurious predictions 
and conclusions when too few start dates are used. Another 
sampling impact is noticeable in the RMSE of DEC9 with 
two peaks at lead time 4 and 9 years, separated by the start 
date frequency of 5 years (Fig. 4f).

Further analysis shows that skill at lead time 1 is also 
found when considering the tropical Atlantic or the tropical 
Pacific separately (Fig. 3 right). In the tropical Pacific, the 
skill of year 1 in this region is consistent with the literature: 
in theory, ENSO is believed to be predictable on the order 
of 1 or 2 years in advance because of the self-sustained 
nature of the tropical Pacific coupled ocean-atmosphere 
system (e.g. Neelin et al. 1998). In practice, however, this 
predictability is reduced because of the influence of sto-
chastic atmospheric forcings, such as surface wind bursts 
in the western equatorial Pacific (e.g. Kleeman and Moore 
1997; Perigaud and Cassou 2000; Fedorov et al. 2003). 
Thus, ENSO predictability is usually limited to a few 
months, reaching 2 years only in some specific studies (Luo 

Fig. 4  Same as Fig. 1 for 
SST averaged over the region 
(20°S–20°N). In the upper pan-
els, HIST and DEC time series 
are considered for a lead time of 
1 year. In the middle and bottom 
panels, note that the forecast 
ranges are not 4-year averaged

(a)

(b)

(c)

(d)

(e)

(f)
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et al. 2008; Volpi et al. 2013). This general result seems to 
hold for our specific forecast system.

4  Prediction skill in the North Atlantic Ocean

As indicated above, the North Atlantic Ocean is often found 
to be the most predictable region of the world’s ocean when 
compared to non-initialized predictions (e.g. Hazeleger 
et al. 2013b; Corti et al. 2012; Kim et al. 2012; Oldenborgh 
et al. 2012; Doblas-Reyes et al. 2013). We focus first on 
the North Atlantic variability, by looking at the linearly 
detrended SST average over the Atlantic region (0°–60°N) 
(Fig. 5). Note that this index slightly differs from the canon-
ical definition of Atlantic Multidecadal Oscillation (AMO, 
e.g Sutton and Hodson 2005) as it is not low pass filtered. It 
is only computed using a 4-year running mean, as forecast 
ranges of 4 years are considered. It is used here to char-
acterize the Atlantic Multidecadal Variability (AMV). The 
variability in HIST is strongly dominated by the model’s 
bidecadal variability described in Escudier et al. (2013) 
and Ortega et al. (2015b). This internal variability is partly 
phased by external forcings, as shown in Swingedouw et al. 
(2013, 2015). However, according to these studies, the Mt 
Agung eruption (1963) induces a phasing of the AMOC 
(see below) only 15 years later and thus of the North Atlan-
tic SSTs after about 20 years, i.e. from the mid-1980s. This 

phasing can indeed be seen around the end of the period in 
Fig. 5a and is confirmed by a positive correlation between 
the North Atlantic SST from HIST and from ERSST for the 
period [1987–2005] (not shown). Before this, the variabil-
ity in HIST is strong and completely un-phased with data.

Both potential and actual prediction skill are signifi-
cant for all forecast ranges for DEC3, contrary to HIST 
(Fig. 5b). The statistical prediction based on an AR1 pro-
cess is also significantly correlated with the NUDG, but 
only for the forecast range 1–4 years, which is consistent 
with previous findings showing that dynamical predictions 
out-perform statistical predictions based on persistence 
over large parts of North Atlantic for longer lead times 
(e.g. Ho et al. 2012). This suggests that the additional skill 
potentially coming from ocean dynamics, beyond the ther-
mal inertia, is noticeable after about 1–4 years ahead (e.g. 
Matei et al. 2012). We also note that ACC computed against 
NUDG is generally slightly higher than the ones computed 
against DATA, in particular for shortest forecast ranges, 
and it shows a skill decrease with forecast time. The deg-
radation in the North Atlantic SST multi-year skill is even 
more clearly seen in DEC9, and it has also been found in 
recent studies using start dates every 5 years, in particu-
lar with the ENSEMBLES decadal re-forecasts ensemble 
(Oldenborgh et al. 2012; García-Serrano and Doblas-Reyes 
2012) and the CMIP5 ensemble (Kim et al. 2012). This is 
less obvious from yearly start dates, but it was reported in 

Fig. 5  Same as Fig. 1 for 
SST averaged over the region 
(0°–60°N) in the Atlantic

(a)

(b)

(c)

(d)

(e)

(f)
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the DePreSys system by García-Serrano et al. (2012). In 
DEC9, significance of actual skill is lost at forecast ranges 
longer than 4–7 years.

As for ACC (Fig. 5b), RMSE of the initialized hindcasts 
(with respect to the NUDG simulation) is significantly 
smaller than for the non-initialized ones for all forecast 
ranges (Fig. 5c). The difference is no longer significant 
when RMSE is computed against all other datasets, except 
for ORAS4. This can indicate a weak impact of initiali-
zation or a weak signal to noise ratio. In DEC9, RMSE 
is reduced as compared to DEC3, but given the reduced 
degrees of freedom, it is not significantly different from 
that of HIST, even when assessed against NUDG (Fig. 5f). 
Furthermore, as above, while DEC3 is strongly overconfi-
dent (underdispersive), DEC9 is a more reliable prediction 
system thanks to the increased number of members.

Figure 6 compares the prediction skill of SST anoma-
lies in the North Atlantic midlatitude (30°–60°N) and 
low-latitude (0°–30°N) regions respectively. As for the 
total North Atlantic SST variability, correlation with the 
NUDG simulation is significant at all lead times for the 
extratropical North Atlantic, both in DEC3 (Fig. 6b) and 
in DEC9 (not shown). Furthermore, the correlation skill 
score with NUDG is almost constant for all forecast ranges, 
as in Fig. 5. On the contrary, for the low-latitude part, the 
potential skill score is significant and significantly differ-
ent from non-initialized hindcasts only until the forecast 
range 2–5 to 3–6 years in DEC3 (Fig. 6d and in DEC9, 
not shown). As discussed in García-Serrano et al. (2012), 
this finding illustrates that the added-value from initializa-
tion in the AMV skill during the second half of the hindcast 
is likely dominated by midlatitudes in the SST area aver-
age. The skill of the AR1 model is also very different in 
the two regions: while it is pretty skillful at midlatitudes, 
it does not provide any skillful information at lower lati-
tudes. This suggests that the long prediction skill at mid-
latitudes is linked to the long persistence of SST anomalies. 
It is consistent with the observed autocorrelation functions 
shown for the two regions in García-Serrano et al. (2012). 
This difference between low and mid-latitudes skill as a 
function for short and long forecast ranges can be carried 
over to actual prediction skill in DEC3, although details in 
the significance of ACC depend on the dataset and forecast 
range that is considered for verification. On the contrary, 
ACC significance decays with forecast time at lower lati-
tudes. The picture is consistent but more noisy in DEC9, in 
particular in the northern region (not shown).

Figure 7a, b shows the correlation maps of the observed 
SST averaged over the northern Atlantic (0°–60°N) with 
SST anomalies in observations and NUDG. All time series 
have been averaged over four consecutive years prior to 
computing the correlation. These maps compare the rep-
resentation of the observed variability averaged over the 

North Atlantic in the nudged simulation and in the observa-
tions. The patterns are both well significant over the whole 
North Atlantic, except primarily along the Gulf Stream 
path, similarly to what is found in other studies (e.g. Marini 
2013). The pattern in the bottom panel (Fig. 7c) is differ-
ent with observations and NUDG: in the non-initialized 
simulations (HIST), correlation against the AMV vari-
ability is only significant equatorward of 15°N and in the 
western subtropical part of the North Atlantic. This sug-
gests that SST variability in the extratropical North Atlan-
tic mainly relies on the internal variability rather than the 
response to radiative forcing Comparing Fig. 7b, c shows 
the nudging efficiency to bring North Atlantic variability 

(a)

(b)

(c)

(d)

Fig. 6  Same as Fig. 1a, b for SST averaged over the mid latitudes 
(30°–60°N) (a and b) and low latitude (0°–30°N) (c and d) in the 
Atlantic
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close to observations. Nevertheless, at subpolar latitudes, 
the NUDG pattern shows non significant areas, unlike what 
is found in ERSST (Fig. 7a, b). These areas are quite small, 
but they indicate that locally, the nudging is not always 
sufficiently strong with respect to the model’s deficiencies 
and internal variability to constrain the SST anomalies. As 
previous studies have suggested that this area is crucial 
for predictability in the north and tropical Atlantic (e.g. 
Dunstone et al. 2011), this may explain the lack of actual 
predictability in our model. Specific reasons for this poor 
constraining of SST in this region is probably linked to the 
strong internal variability of this area in the model Escud-
ier et al. (2013), Ortega et al. (2015a) and/or a particular 
sensitivity to external radiative forcing as in other CMIP5 
models (e.g. García-Serrano et al. 2014). The correla-
tion of the predicted SST at forecast range 2–5 years with 
the observed North Atlantic variability (Fig. 7d) largely 
resembles the one found for HIST (panel c): it is hardly 
significant in the extratropical North Atlantic and the sig-
nificant domain extends only slightly poleward as com-
pared to HIST. In other words, the nudging works correctly 
in the North Atlantic but it yields a gain of predictability 
only between 15° and 30°N in the North Atlantic. It does 
not constrain sufficiently the subpolar SSTs. At the fore-
cast range 6–9 years (Fig. 7e), though, areas of significant 

correlation in the northern and eastern subpolar Atlantic 
emerge. This is consistent with enhanced actual predictabil-
ity seen in Fig. 6b. This cannot be due to external forcing in 
the model, as the structure in HIST is very different. Oce-
anic dynamics is a plausible explanation, as it may bring 
the DEC structure closer to the one of NUDG in spite of a 
lack of predictability in the subpolar North Atlantic. Pre-
dictability gained thanks to oceanic dynamics in the North 
Atlantic has already been invoked by previous studies (e.g. 
Matei et al. 2012). Another candidate is the effect of the 
initialization in correcting the model’s response to external 
forcing, identified as one of the premises of decadal climate 
prediction (Meehl et al. 2014), and its persistence along the 
hindcast period (Fig. 6b). In IPSL-CM5-LR probably both 
effects are at play.

Given the impact of the AMOC on the North Atlantic 
temperatures (e.g. Knight et al. 2005), we also attempt to 
evaluate its prediction skill. The major limitation for this 
assessment is the poor consistency of reanalyses in terms 
of AMOC variability (Reichler et al. 2012; Pohlmann et al. 
2013). As an illustration, the time series of the maximum 
of the AMOC at 48°N from the ORAS4 and SODA rea-
nalyses have a correlation coefficient of 0.24 over the com-
mon period (1961–2012), and 0.25 at 26°N. Both values 
are significant at the 90 % level (1-sided) but explain only 

Fig. 7  Correlation of observed 
ERSST time series averaged 
between 0° and 60°N in the 
Atlantic against the SST field 
in a ERSST, b–c NUDG and 
HIST respectively, d, e DEC3 
at forecast range 2–5 and 6–9 
years respectively. All SST 
fields are linearly detrended 
and considered as averages 
over 4 consecutive years. Non-
significant correlations at the 
90 % level are marked with the 
black dots
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(a1)

(a2)

(b)

(c)

Fig. 8  Same as Fig. 1 for the AMOC maximum at 48°N verified 
against ORAS4 (a1) and SODA (a2). The yellow line on panel b and 
c shows the skill scores (ACC and RMSE) of the AMOC computed 
against the reconstruction proposed by Latif et al. (2006), using a 
dipole of SST between the Northern and Southern Atlantic

(a)

(b)

(c)

Fig. 9  Same as Fig. 1 for the oceanic heat content integrated down 
to 300 m and averaged over the North Atlantic sub polar region (30°–
60°N). The purple bars in panel (a) and purple lines in panel (b) and 
(c) correspond to the heat content computed from the EN3 dataset

6% of the covariance. Correlation for the absolute maxi-
mum in latitude is close to 0. Swingedouw et al. (2015) 
have evidenced the influence of the volcanic forcing on 
the timing of bi-decadal variability in the North Atlantic in 
data and simulations. In particular, volcanic eruptions were 
found to induce an acceleration of the AMOC with a delay 
of roughly 15 years after the eruption. Swingedouw et al. 
(2013) showed that the SST nudging still plays an impor-
tant role, as they translate the role of atmospheric forcing 
such as the persistent NAO events in the 1980s and 1990s. 
This might explain the slightly delayed AMOC maximum 
around the end of the 1990s in NUDG as compared to 
HIST (Fig. 8a, b), but this effect is weaker in the present 
analysis than in Swingedouw et al. (2013) as only one real-
ization of NUDG is used here.

Figure 8 shows that our system has no skill in predicting 
the AMOC reconstructed by either of these reanalyses. By 

contrast, potential predictability as measured using ACC is 
significant at all lead times (Fig. 8b), in agreement with the 
long AMOC internal predictability (Persechino et al. 2013). 
Although these values start higher than for the non-initial-
ized hindcasts at the first two forecast ranges, the difference 
is not significant. The same conclusion holds for the RMSE 
although initialization has also helped to reduce the spread 
of the initialized hindcasts.

In order to better understand the impact of the initiali-
zation on the North Atlantic ocean and its predictability, 
we investigate the predictability of vertically averaged 
ocean heat content in DEC3 (Fig. 9). In the North Atlan-
tic midlatitudes, there is practically no actual skill for the 
heat content integrated down to 300 m or below which is 
consistent with the lack of actual SST skill in the same 
region (Figs. 6b, 7d, e). The potential skill is significant for 
all forecast ranges. It is higher than the skill obtained for 
non-initialized hindcasts until the forecast range 2–5 years, 
but the difference is not significant. As for the AMOC, the 
ocean heat content is found to be strongly impacted by the 
model’s internal variability, characterized by a 20 year time 
scale.
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Fig. 10  Same as Fig. 1 for 
SST averaged over the region 
(30°–45°N) in the Pacific

(a)

(b)

(c)

(d)

(e)

(f)

5  Prediction skill in the North Pacific Ocean

Prediction skill of the tropical Pacific was discussed in 
Sect. 3.2. The northern Pacific Ocean is usually one of 
the regions with the lowest actual skill in near-term tem-
perature forecasting (Guemas et al. 2012; Kim et al. 2012; 
Branstator and Teng 2012; Bellucci et al. 2013), although 
hints of improved predictability in the North Pacific tem-
peratures by initialization have been found by Mochizuki 
et al. (2010), Chikamoto et al. (2013) and Magnusson et al. 
(2012). After a trend analysis, Bellucci et al. (2014) sug-
gest that the poor skill in the extra-tropical North Pacific 
reflects the inability of the models to correctly reproduce 
the observed ratio between forced and unforced variabil-
ity in this region, where the warming trend only explains 
a small fraction of the total variability. Figure 3 neverthe-
less reveals potential prediction skill in our system in the 
North Pacific midlatitudes. One can identify three skilful 
regions in the North Pacific in our model, at lead-time 2–5 
years (middle right panel): Firstly, a skilful region is found 
between 5° and 15°N in the western Pacific, which also 
appears in HIST, thereby suggesting that it is associated to 
external forcing. A second skilful region is found between 
15° and 30°N in the western to central Pacific. This region 
is not skilful in HIST. Thus it has been positively affected 
by the initialization. It looses skill at lead time 6–9 years 

(Fig. 3 bottom right). Consistently, ACC for SST averaged 
over the low latitudes (0°–30°N) in the Pacific is only sig-
nificant when computed against NUDG (potential predict-
ability), and only over the forecast range 1–4 years (not 
shown). This is less than what was described for the tropi-
cal to subtropical North Atlantic above. As discussed previ-
ously, this is due to the dominant influence of ENSO in the 
Pacific, poorly predictable beyond 1 year, while the tropical 
Atlantic benefits from the influence of subpolar latitudes 
and cross-equatorial heat transport by the AMOC. Finally, 
the maps also show a skilful region between 30° and 45°N 
extending almost through the whole Pacific basin, which is 
still significantly correlated with NUDG at forecast range 
6–9 years, while no skill is found in HIST. This region 
bears similarity with the skilful region highlighted in Kim 
et al. (2012, 2014), Doblas-Reyes et al. (2013). Figure 10 
confirms that in our system, the potential skill averaged 
over the northern extratropical Pacific from 30° to 45°N is 
significant for all forecast ranges and significantly differ-
ent from the skill obtained for non-initialized hindcasts. 
Interestingly, actual prediction skill is also significant for 
all lead times so that although scores are slightly lower, 
actual prediction skill practically equals potential skill in 
this region. Furthermore, the actual skill is at least as good 
as for the Atlantic (Figs. 5b, 6b). Note that the shape of the 
ACC evolution with increasing forecast ranges 1–4 years, 



1239Decadal prediction skill in the ocean with surface nudging in the IPSL-CM5A-LR climate model

1 3

as computed against NUDG and DATA contrasts with the 
skill of the statistical AR1 process. The latter yields a sig-
nificant correlation only for the shortest forecast range, 
and it decreases quickly afterwards. This suggests a role of 
the oceanic circulation on this predictability beyond ther-
mal inertia. RMSE of DEC3 is not significantly different 
from HIST, and neither is the spread (Fig. 10c). In gen-
eral, DEC3 appears to be reliable, with the ensemble mean 
RSME matching the ensemble spread, while DEC9 can be 
rather considered as overdispersive.

The correlation between SST averaged over this region 
(30°–45°N) and the first empirical orthogonal function 
of annual mean SSTs between 20° and 75°N amounts to 
−0.94 (significant at the 95 % level, not shown) in the con-
trol simulation. This indicates that the SST average shown 
in Fig.10 can be taken as a measure of the negative phase of 
the Pacific Decadal Oscillation (PDO) in IPSL-CM5A-LR, 
in a manner similar to the definition in Mantua et al. (1997). 
Fig. 11 shows that in observations, SSTs averaged in the 
area also project on the typical PDO pattern (a), and that 
this is well represented in NUDG (b). However, the spa-
tial pattern associated in the model with the observed vari-
ations of SST in the North Pacific (30°–45°N), Fig. 11c) is 
not a PDO-like pattern. It rather bears similarity with the 
second least damped mode of North Pacific SST variability 
found by Newman et al 2007. The predicted pattern related 
to the observed time series (d and e) captures some of the 
positive anomalies in the central North Pacific, but not in 

the latitude band between 30° and 45°N. Furthermore, the 
predicted pattern is positive in the whole subtropics, near 
the eastern coast and in the north. This also resembles the 
second least-damped mode of North Pacific SST variability 
found by Newman (2007), except for the tropical and east-
ern subtropical part. Newman (2007, 2013) suggested that 
the observed PDO represents the sum of several stochastic 
phenomena rather than a single physical process, and they 
showed that long term predictability in the North Pacific is 
primarily due to the second least-damped mode. The fact 
that the observed PDO time series projects onto this mode 
in the historical simulation may explain the relatively long 
predictability in the North Pacific found in the model. The 
North Pacific climate has experienced several climate shifts 
over the past decades, in particular in 1976/1977 (e.g. Tren-
berth and Hurrell 1994; Mantua et al. 1997; Deser et al. 
2004; Yeh et al. 2011), in 1988/89 (Hare and Mantua 2000; 
Trenberth and Hurrell 1994) and in 1998/99 (Minobe 2000; 
Di Lorenzo et al. 2008; Ding et al. 2013). In the context of 
the PDO being represented by the sum of several stochas-
tic processes, Newman (2007) explain that these shifts may 
only be predictable within the timescale of the most rapidly 
decorrelating noise, i.e. around 2 years. The ERSST curve 
in Fig. 10a shows how these shifts translate in terms of SST 
averaged of the North Pacific midlatitudes. The three tran-
sitions are reasonably reproduced in the NUDG simulation, 
and the 1976 and the 1998 ones are reasonably predicted 
2–5 years in advance. This may again be explained by the 

Fig. 11  Correlation of observed 
ERSST time series averaged 
between 30° and 45°N in the 
Pacific against the SST field 
in a ERSST, b, c NUDG and 
HIST respectively, d, e DEC3 
at forecast range 2–5 and 6–9 
years respectively. All SST 
fields are linearly detrended 
and considered as averages 
over 4 consecutive years. Non-
significant correlations at the 
90 % level are marked with the 
black dots
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dominance in the model of one specific mechanism for the 
PDO, as opposed to what is found in Newman (2007). The 
late 1980’s event is rather well predicted with a 1 year lead 
time (not shown), while it is missed with at a 2–5 years 
forecast range. Note also that in the model, SST average 
between 30° and 45° in the Pacific is strongly correlated 
with the SSTs in the North Atlantic low-latitudes (r = 0.45, 
significant at the 95 % level, not shown). Although this sta-
tistical link is not realistic [see for example Marini (2013)], 
it may also explain the relatively long predictive skill 
detected in the North Pacific in our model.

We turn now to the investigation of the OHC, a key vari-
able for ocean memory and thus predictability. Ocean heat 
content integrated down to 300 m over the extratropical 
Pacific shows surprisingly good potential prediction skill, 
as compared to literature (Fig. 12). Initialized predictions 
are potentially skillful for all forecast ranges, and ACC 
measured against SODA (i.e. actual skill) is significant and 
significantly different from non-initialized hindcasts up to 
the forecast range of 5–8 years. For ORAS4 and EN3, ACC 
is in general significant as well, although not significantly 
different from the skill obtained in HIST. Time series for 
the forecast range 2–5 years (Fig. 12a) confirm the rela-
tively good reconstruction of the ocean heat content vari-
ability in NUDG with respect to EN3. These performances 

are overall striking and good and contrast with the general 
idea that decadal predictability over the North Pacific is 
quite low. Nevertheless, Chikamoto et al. (2013) reported 
prediction skill over almost a decade for subsurface tem-
peratures in the North Pacific, which is in agreement with 
our actual skill assessment. The potential predictability 
of our system suggests that even longer skillful forecasts 
might be achieved in the future. Interestingly, once again, 
the AR1 statistical model yields significant prediction skill 
for lead times 1–4 years, but the ACC drops rapidly as fore-
cast times increases. This clearly suggests a role of ocean 
processes for the long predictability detected in ocean heat 
content in IPSL-CM5A-LR.

6  Results on salinity

In a perfect model framework, Servonnat et al. (2014) 
showed a good ability of SST nudging in reconstruct-
ing SSS variability in the tropics. It is therefore interest-
ing to evaluate the prediction skill of this variable in the 
same region for our set of experiments (Fig. 13). Note 
however that given the lack of long-term satellite measure-
ments, SSS reconstructions and reanalysis are subject to 
much higher uncertainty than temperature, so that actual 

(a)

(b)

(c)

Fig. 12  Same as Fig. 9 averaged over the Pacific extratropical region 
(30°–45°N)

(a)

(b)

(c)

Fig. 13  Same as Fig. 4 (left), but for the SSS [average over the lati-
tude band (20°S–20°N)]. The purple bars in panel (a) and purple 
lines in panel (b) and (c) are from EN3 dataset
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prediction skill (or the lack of) has to be interpreted with 
care. Potential prediction skill of SSS over the tropical 
band (20°S–20°N) is significant for the first three forecast 

years, but both ACC and RMSE are significantly different 
in DEC3 and HIST only the first year. SSS has thus been 
impacted by the nudging in the Tropics, as described in 
(Servonnat et al. 2014) and given its relatively longer per-
sistence than SST (e.g. Mignot and Frankignoul 2003), 
it is potentially predictable over relatively longer fore-
cast ranges too. The AR1 model yields potential skill for 
1-year lead time. In terms of actual prediction skill, ACC 
is low but significant only when computed against ORAS4. 
NUDG is indeed significantly correlated with ORAS4 at 
the 90 % confidence level (r = 0.70), suggesting that SSS 
has been reconstructed with some agreement as compared 
to ORAS4. Note that these results primarily come from the 
tropical Pacific, while potential skill is only significant for 
the first two lead times in the tropical Atlantic. Séférian 
et al. (2014) found similar results in the tropical Pacific for 
the nutrient primary productivity.

We now examine the prediction skill, both potential 
and actual, of the SSS in the North Atlantic (30°–60°N) 
(Fig. 14). As indicated by the weak correlation between 
NUDG and the DATA (Table 2, top), SSS has not been 
properly reconstructed in these regions as compared to rea-
nalysis. SSS typical variability in all simulations is much 
stronger than in the DATA (Table 2, top, first column), 
probably as a result of the strong bi-decadal variability in 
this region in the model. Nevertheless, SSS has been influ-
enced by the nudging, as correlations between HIST and 
NUDG are also very weak. Note that the same applies to 
SST (Fig. 6a). In the North Atlantic, the resulting SSS vari-
ability both in the NUDG and DEC3 time series is strongly 

(a)

(b)

(c)

Fig. 14  Same as Fig. 1 for SSS averaged over the region (30°–60°N) 
in the Atlantic

Table 2  Correlation between 
SSS time series in different 
regions in the reanalysis 
(ORAS4 and SODA 
respectively), and the HIST, 
NUDG and DEC3 time series 
computed from the model 
simulations as described in the 
text at the forecast range 2–5 
years

The last column gives the correlation between the SSS and the SST time series for dataset separately. 
Significant correlation at the 90 % level with a two-sided student test have been highlighted in bold
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correlated with the corresponding SST. It was also the case 
in the non-initialized runs HIST. This strong link between 
SST and SSS in the North Atlantic in this model has been 
extensively described in Escudier et al. (2013). The correla-
tion of SST and SSS in the NUDG shows that SST nudging 
has strongly impacted the SSS through the 20-yr cycle. Sig-
nificant skill score and correlation of the DEC3 time series 
of SST and SSS for the forecast range 2–5 years shows that 
this phasing in the NUDG carries on in the hindcasts and 
yields potential predictability for the SSS in the northern 
North Atlantic. Given the role of SSS anomalies for deep 
convection and the AMOC, this type of mechanism for 
SSS predictability is encouraging for AMOC predictabil-
ity. Unfortunately, actual prediction skill is not significant. 
Nevertheless, since SSS is not properly constrained in this 
region in data and reanalysis, large uncertainties remain 
concerning large-scale SSS observation products. Reasons 
for these discrepancies are beyond the scope of the present 
study.

In the model, SSS and SST are not as tightly linked in 
the North Pacific as in the North Atlantic. Nevertheless, the 
salinity is also affected by the nudging, as seen from the 
weak correlations between HIST and NUDG time series 
(Table 2). The high (although not significant at the 90 % 
confidence level) correlation between NUDG and DEC3 
can thus be attributed to the SSS internal persistence, with 
makes it potentially predictable in the model.

7  Conclusions

Two decadal prediction ensembles, based on hindcasts per-
formed with the same model and the same simple initializa-
tion strategy have been analyzed. The initialization consists 
of surface nudging to ERSST anomalies, with a relatively 
weak nudging strength, namely 40W .m−2

.K−1. The first 
ensemble consists of 3 members of hindcasts launched 
every year between 1961 and 2013. The second ensemble 
consists of 9 members launched every 5 years between 
1961 and 2006. The focus of this study has been on assess-
ing multi-year prediction skill of the ocean in these two 
decadal prediction ensembles.

The first important outcome of this study is precisely the 
difficulty to assess the actual skill, because of data uncer-
tainty. For SST, ACC and RMSE measured from one obser-
vational dataset (ERSST) and two reanalysis (ORAS4 and 
SODA) led in general to similar conclusions in terms of 
predictability horizon, but with different values for the ACC 
and the RMSE. For the salinity and the ocean heat content, 
EN3, ORAS4 and SODA could also lead to different pre-
dictability horizons. For the AMOC, the three reconstruc-
tions considered here were found to be very weakly cor-
related. Understanding the reasons for these particularities 

are beyond the scope of this study. We suggest nevertheless 
that forthcoming assessments of decadal predictions should 
be performed against several -at least more than one -data-
sets, as a measure of the uncertainty of the data.

A second major conclusion is the importance of increas-
ing the number of members and start dates in decadal pre-
diction systems. This idea is not new (e.g. Kirtman et al. 
2013) and in the literature, the issue of the small size of 
ensembles has been overcome by using multi-model 
ensembles (e.g. Oldenborgh et al. 2012; Bellucci et al. 
2014). We showed here that 3 members are usually not 
enough to estimate consistently the ensemble mean, and 
thus yield biased estimates of the RMSE. Increasing the 
ensemble size to 9 members helps in reducing this problem. 
It leads to overall more reliable predictions, as the ensem-
ble mean is more accurately estimated, so that the RMSE is 
reduced and it becomes comparable to the spread. Proba-
bilistic skill scores yield similar conclusions (not shown), 
although the estimation of a probability density function 
with 9 members could only be tested with a start date inter-
val of 5 years (DEC9) and should be considered with care. 
Increasing the number of start dates also appeared crucial 
in order to obtain robust prediction skill scores. With only 8 
or 9 start dates to verify against, prediction scores are very 
noisy and thus poorly trustworthy. The major influence of 
non-linear effects of external forcing as well as background 
decadal variability has been illustrated.

A third particularity of the present study as compared to 
previously published evaluations of decadal prediction sys-
tems is the parallel assessment of both potential and actual 
prediction skill. Computing skill scores against observa-
tions and reanalysis datasets is of course crucial for practi-
cal applications. From a technical point of view, this is also 
important in order to evaluate the efficiency of the initializa-
tion strategy. However, from a pure scientific point of view, 
potential prediction skill gives a robust insight in the maxi-
mum predictive horizon which can be expected for a particu-
lar forecast system, thereby suggesting possible mechanisms 
responsible for the predictability, and areas where specific 
efforts on measurement systems and/or model improve-
ments should be made. In the case of DEC3, particularly 
long potential prediction skill has been found for the AMOC, 
the upper 300m ocean heat content and the SSS in the North 
Atlantic, and could be interpreted in terms of the internal 
mode variability of the IPSL-CM5A-LR model. Even if this 
does not translate in terms of actual skill it gives hope for 
future systems using more efficient initialization techniques, 
and provides physical explanation for predictive skill.

For linearly detrended SST, both potential and actual pre-
diction skill is of the order of 10 years at the global scale, and 
this is essentially due to the non-linear response to external 
forcing. Regionally, the horizon of the potential skill is 1 year 
in the tropical band, 10 years at mid latitudes in the North 
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Atlantic and in the North Pacific and 5 years at low latitudes 
in the North Atlantic. These results are generally consistent 
with previously published single and multi-models analy-
sis, even yielding longer predictability in the North Pacific 
midlatitudes. This is a particularly important result given the 
relatively simple initialization strategy used here, namely a 
weak nudging to observed SST anomalies. This score may 
come from the model’s specific spatial pattern associated to 
the observed SST variability in the North Pacific, and/or spu-
rious correlation between SST variability in the North Atlan-
tic and North Pacific. Regarding the North Atlantic, we have 
shown that the nudging helps phasing the SST but in hind-
cast mode, it is not strong enough to constrain it with respect 
to the strong internal variability of the model. Few studies 
analyzed in detail the prediction skill of integrated ocean 
heat content in such systems. Here, we find surprisingly high 
actual skill for this variable in the extratropical North Pacific. 
Over the North Atlantic, it has no actual skill, and neither 
does the AMOC, but we also underlined very strong discrep-
ancies among the different datasets for this variable, illustrat-
ing the difficulties to observe or reconstruct this large-scale 
feature. The particularly long prediction skill obtained in sur-
face and subsurface over the extratropical North Pacific will 
deserve a dedicated future study.

Surface SST nudging also proved relatively efficient to 
induce significant potential predictability of sea surface 
salinity in the tropics for about 3 years, which is longer 
than the prediction skill on SST. In the extratropical North 
Atlantic, our analysis also showed distinctive behavior 
resulting from a dominant internal mode of variability at 
the 20-year timescale in our model. SST nudging indeed 
exerts a strong influence on SSS, which induces a strong 
phasing of this variable in the nudged simulation. This 
leads to a surprisingly long potential predictability of SSS 
in the extratropical North Atlantic. Comparison with other 
systems should be performed in order to better understand 
the robustness and the reasons for this result. Although the 
mechanism is encouraging, this effect did not induce signif-
icant actual skill for SSS. Given promising results regard-
ing the realism of this 20-year timescale in the North Atlan-
tic (e.g. Swingedouw et al. 2015), next steps on the path of 
investigating the performance of surface initialization will 
consist of testing SSS and surface wind stress initialization. 
Data uncertainty is presently a strong limitation regarding 
the use of SSS for decadal prediction initial conditions but 
hope may come from recent satellite missions.
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