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Abstract Retrospective decadal forecasts were undertaken
using the Climate Forecast System version 2 (CFSv2) as
part of Coupled Model Intercomparison Project 5. Decadal
forecasts were performed separately by the National Center
for Environmental Prediction (NCEP) and by the Center for
Ocean-Land-Atmosphere Studies (COLA), with the centers
using two different analyses for the ocean initial conditions
the NCEP Climate Forecast System Reanalysis (CFSR) and
the NEMOVAR-COMBINE analysis. COLA also examined
the sensitivity to the inclusion of forcing by specified volcanic aerosols. Biases in the CFSv2 for both sets of initial
conditions include cold midlatitude sea surface temperatures,
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and rapid melting of sea ice associated with warm polar
oceans. Forecasts from the NEMOVAR-COMBINE analysis showed strong weakening of the Atlantic Meridional
Overturning Circulation (AMOC), eventually approaching the weaker AMOC associated with CFSR. The decadal
forecasts showed high predictive skill over the Indian, the
western Pacific, and the Atlantic Oceans and low skill over
the central and eastern Pacific. The volcanic forcing shows
only small regional differences in predictability of surface
temperature at 2m (T2m) in comparison to forecasts without
volcanic forcing, especially over the Indian Ocean. An ocean
heat content (OHC) budget analysis showed that the OHC
has substantial memory, indicating potential for the decadal
predictability of T2m; however, the model has a systematic drift in global mean OHC. The results suggest that the
reduction of model biases may be the most productive path
towards improving the model’s decadal forecasts.
Keywords Decadal forecast and prediction · Skill ·
Biases · CFSv2 · CMIP5 · Volcanic forcing

1 Introduction
Decadal climate prediction is a promising new field in climate science. Early dynamical decadal forecasts (Smith
et al. 2007; Keenlyside et al. 2008) indicated that skillful
forecasts of multiyear sea surface temperature (SST) variability could be possible using coupled general circulation
models. They showed that realistic ocean initial conditions
could improve the forecasts in the first few years, analogous to the role of atmospheric initialization in short and
medium range weather forecasting, and initialization of the
upper equatorial Pacific Ocean in seasonal to interannual
climate forecasting.
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On decadal and longer time scales, skill can also be
obtained for present-day conditions by predicting the component forced by time-varying radiative changes due to
external forcings (e.g. increasing greenhouse gases). The
analysis of forecasts also highlighted that internal climate
variability could compete with the time varying external
forcing on subdecadal and decadal time scales, leading to
multiyear apparent slowdowns and accelerations in the rate
of climate change response, demonstrating that decadal
prediction is potentially important for attribution of climate
change (e.g. Guemas et al. 2013).
More recently, the ENSEMBLES project (Weisheimer
et al. 2009) aimed at evaluating the feasibility of decadal
hindcasts. Five models participated in the project, which
developed and tested the decadal prediction experimental protocol that was later adapted for the CMIP5 decadal
predictions. The ENSEMBLES predictions did not include
volcanic aerosols or solar variability. García-Serrano and
Doblas-Reyes (2012) documented an impact of ocean initialization in improving forecasts of the Atlantic Multidecadal Variability (AMV) Index during the first half of the
forecasts, but found little impact of initialization on the
global mean surface temperature. The model biases were
substantially larger than the observed variability being
hindcast (van Oldenborgh et al. 2012).
Analysis of the ensemble mean forecasts from five of
the CMIP5 models, for integration periods of 2–5 and
6–9 years, showed high correlation (>0.8) for both periods
with the observed anomalies over the tropical Indian Ocean
and the eastern North Atlantic (Guemas et al. 2013). They
also showed low correlation for both periods (magnitude
<0.2) over the central and eastern North Pacific, and over
the Southern Ocean south of 45°S. The authors attributed
the high correlation over the Indian Ocean in years 2–5 to
small internal variability and predominance of external forcing. For the 6–9 year lead time, the contribution of the external forcing, and in particular that due to greenhouse gas
forcing, was expected to dominate. The analysis of Guemas
et al. (2012) argued that the failure of the predictions in the
North Pacific was due to poor predictions of the very strong
warm events in 1963 and 1968. They also noted that these
events appear to be explicable in terms of persistence and
advection of pre-existing ocean heat content (OHC) anomalies, and therefore might be expected to be predictable.
The mechanism for the high predictability in the North
Atlantic has been suggested to involve heat transport by
the Atlantic Meridional Overturning Circulation (AMOC).
Consistent with this hypothesis, Bellucci et al. (2012)
found that AMV and AMOC had statistically significant
predictability in the INGV CGCM in the 2–5 year range
due to initialization in Northern Hemisphere midlatitudes.
An ocean heat budget analysis carried out by Yeager et al.
(2012) found evidence that skillful prediction of the AMOC
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advective heat flux due to initialization was responsible for
a successful prediction of the accelerated North Atlantic
warming in the late 1990s by the NCAR CCSM4. In addition, Pohlmann et al. (2009) verified that the procedure of
combining the initialization of the prediction system to
observations reduced the AMOC drift in the simulation.
According to Smith et al. (2013), in anomaly initialization the model is constrained by observed anomalies and
deviates from the climatology only by the observed variability and, in theory, the forecasts do not drift. Pohlmann
et al. (2009) used the coupled model ECHAM5–MPI-OM,
in which the ocean component of the coupled model was
initialized with three-dimensional observational data and
an anomaly coupling scheme was applied in the ocean’s
subsurface. This initialization method also increased the
decadal forecast skill of surface air temperatures and SST
in the North Atlantic, in contrast to a conventional initialization method.
Motivated by these previous studies, the objective of this
work is to evaluate the decadal forecast skill of the National
Center for Environmental Prediction (NCEP) atmosphere–
ocean global coupled model, the Climate Forecast System
version 2 (CFSv2). In addition, we document some of
the deficiencies of the prediction systems that have been
recently corrected or are in need of improvement. Three
ensembles of retrospective decadal climate predictions
(“decadal predictions” or “decadal forecasts” in the following) are described. The predictions were made within the
Coupled Model Intercomparison Project phase 5 (CMIP5)
decadal prediction framework (Taylor et al. 2012; Meehl et
al. 2014), and results were contributed to the CMIP5 data
archive. The three ensembles examine the sensitivity of the
forecasts to the ocean reanalysis used for initialization and
to the inclusion of the radiative effects of volcanic forcing.
Section 2 presents an overview of the CFSv2 model and the
experimental design. Section 3 presents some of the main
biases in the prediction system. Sections 4 and 5 explore
the skill, the biases, some mechanisms related to decadal
predictability, and some of the deficiencies of the retrospective decadal forecasts. Conclusions are presented in Sect. 6.

2 Model and experiments
Decadal prediction ensembles were carried out separately
by the NCEP and by the Center for Ocean-Land-Atmosphere Studies (COLA) within the CMIP5 decadal prediction framework (Taylor et al. 2012; Meehl et al. 2014).
Although the source code of the version of CFSv2 used by
the two centers is identical, different oceanic initial conditions were used by each center. In addition, COLA scientists recently identified a code error in the CFSv2. The error
is described in “Appendix”.

Author's personal copy
545

CFSv2 CMIP5 decadal predictions

Table 1  Experiment description including initial condition years, length of simulations, number of ensemble members for each simulations,
atmospheric initial conditions, and oceanic initial conditions
Run

Initial condition years

Length (years)

Ensemble members

Atmosphere ICs

Ocean ICs

NCEP Volc

1980–2005
Every 5 years plus some other selected years
1960–2005
Every 5 years
1960–2005
Every 5 years

10

4

CFSR

CFSR

10

3

10

4

1960–2005
Yearly

10

1

COLA Volc
COLA NoVolc
COLA YrNoVolc

2.1 Model
The model used in these retrospective forecasts is the
CFSv2 (Saha et al. 2010, 2014). The atmospheric model is
based on the NCEP Global Forecast System (GFS) atmospheric model, with spectral discretization at T126 resolution (about 100 km grid spacing) and 64 levels in the
vertical. The ocean model is the Modular Ocean Model
version 4 (MOM4) (Griffies et al. 2004) configured with
1/2° horizontal resolution, increasing to 1/4° meridional
resolution in the deep tropics, and 40 vertical levels. The
CFSv2 is one of the highest horizontal resolution models
in the CMIP5 archive (Kirtman et al. 2013). The land component is Noah (Ek et al. 2003) and the sea ice component
is a modified version of the Geophysical Fluid Dynamics
Laboratory (GFDL) Sea Ice Simulator. The sea ice model
and the coupler are described in Saha et al. (2010).
2.2 Experiments
Table 1 summarizes the simulations used in this work,
including year of start, integration period, number of
ensemble members per period, atmospheric initial conditions and oceanic initial conditions. The atmospheric model
in both NCEP and COLA forecasts was initialized with the
atmospheric conditions from CFSR (Saha et al. 2010). The
sea ice initial conditions are also from CFSR. The ocean
model in the NCEP forecast was initialized with the oceanic conditions from CFSR. On the other hand, the ocean
model in the COLA forecasts was initialized with the oceanic conditions from the NEMOVAR-COMBINE (COMBINE-NV) reanalysis (Balmaseda et al. 2010). The ocean
initial conditions are directly interpolated from the reanalysis data onto MOM4s grid as in (Zhu et al. 2012b), but
using full initialization here. In addition, previous studies
find clear difference between COMBINE-NV and CFSR
in representing main patterns of the upper OHC variability,
particularly in the tropical Atlantic (Zhu et al. 2012a), and
in ENSO predictions when both used to initialize CFSv2
seasonal forecasts (Zhu et al. 2012b).

COMBINE-NV

In addition, there were three main sets of simulations as
follows: the NCEP forecasts with volcanic forcing (NCEP
Volc), the COLA forecasts with volcanic forcing (COLA
Volc), and the COLA forecasts without volcanic forcing
(COLA NoVolc). Note that the 1995, 2000, and 2005 cases
are the same in COLA Volc and COLA NoVolc, as there
were no large volcanic eruptions to include in the forcing
during the course of those predictions. These experiments
were carried out as ensemble simulations of 10 year long
integrations starting every 5 years. COLA also performed a
fourth set of experiments composed of 3 year long simulations starting every year (COLA YrNoVolc). The purpose
of this last set of experiments was to evaluate the CFSv2
skill in forecasting ENSO on longer than seasonal time
scales. Due to the period covered by the COLA experiments (1960–2010), the atmospheric results of all forecasts
were verified by comparison to the NCEP–NCAR reanalysis [join product from the NCEP and the National Center
for Atmospheric Research (NCAR)] (Kalnay et al. 1996)
and the oceanic results of all forecasts were compared to
the COMBINE-NV reanalysis. The NCEP and both sets of
COLA CFSv2 decadal predictions were submitted to the
CMIP5 archive.

3 Main CFSv2 problems: radiative imbalance, AMOC,
and sea ice
The main problems in the CFSv2 are a radiative imbalance at the top of the atmosphere, the melting of sea ice
and the weakening of the AMOC. The radiative budget at
the top of the atmosphere in the CFSv2 is approximately
7.4 W m−2/year on global average, with 3.6 W m−2 going
into the ocean.
The sea ice in the CFSv2 shows substantial melting in
the first 3 years of integration (Fig. 1). The sea ice cover
fraction in the ocean decreases from approximately 0.064–
0.05 (22 % decrease) in the NCEP Volc forecasts and to
0.043 (31 % decrease) in the COLA forecasts (Fig. 1a).
The sea ice thickness decreases from roughly 2.31–0.78 m
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volume flux are systematically larger in the COLA simulations with nine start dates (1960–2000) in comparison
to the COLA simulations with 5 start dates (1980–2000).
However, these differences are very small in comparison to
the differences between COLA and NCEP simulations (not
shown).

4 Decadal climate forecast skill

Fig. 1  Sea ice cover (a) and sea ice thickness (b) as a function of
lead-time. The curves show averages for each case over all of the
common forecast ensembles (1980–2000 initial conditions). The solid
line represents the NCEP Volc forecasts and the dashed line represents both the COLA Volc and the COLA NoVolc forecasts. The sea
ice cover fraction is averaged over the whole world ocean. The ice
thickness is averaged over areas with more than zero sea ice cover

Next, we evaluate the CFSv2 decadal forecast skill for 2-m
air temperature (T2m), and address the mechanisms related
to the forecast skill. Following the methodology used by
Goddard et al. (2012), Bellucci et al. (2012), Guemas et al.
(2012), (2013) we present the results for integration periods between 2–5 and 6–9 years. Since volcanic forcing
plays an important role on the Earth system’s radiative balance (Robock 2000), we analyze COLA Volc and COLA
NoVolc simulations separately. In addition, Krishnamurthy and Krishnamurthy (2013) have shown that the Indian
monsoon rainfall exhibits variability on decadal timescales
and is associated with the decadal SST variability in the
North Pacific and North Atlantic Oceans. Therefore, we
investigated the decadal predictability of the Indian monsoon precipitation in the forecasts. However, CFSv2 does
not indicate forecast skill for rainfall on decadal timescales
over India (not shown).
4.1 T2m bias

in the first 3 years of integration (66 % decrease) in both
NCEP and COLA forecasts (Fig. 1b).
Although the AMOC simulated by the CFS version 1
shows values of AMOC volume flux that are comparable
to those of reanalysis (Huang et al. 2011), the AMOC in
CFSv2 is much weaker. One would expect that the water
volume flux around 40°N to be around 16 Sv (e.g. Huang
et al. 2011). However, in the NCEP Volc forecast the volume flux oscillates around 3–4 Sv (Fig. 2). The COLA
Volc and COLA NoVolc simulations show stronger values
for volume flux at the beginning of the simulations. As the
integration time increases, the volume flux shows a steady
weakening in the first 5 years until reaching values comparable to the NCEP Volc forecast. The pronounced differences of AMOC amplitude between the COLA and NCEP
forecasts during the first a few years of the integrations
seem caused by both using different oceanic ICs as well as
the code error mentioned in “Appendix”. The latter due to
that AMOC amplitude and mean intensity are sensitive to
the parameterization of sea ice in the Northern Hemisphere
[details see Huang et al. (2014)].
There are small differences between COLA Volc and
COLA NoVolc regarding sea ice properties and water volume flux. In addition, the sea ice fraction and the water
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Figure 3 shows the T2m bias in the NCEP Volc, the
COLA Volc, and the COLA NoVolc forecasts. Changes
in the biases with time over land and tropical oceans are
not noticeable, except in the Arctic Ocean region where
we verify a warming drift (Fig. 3). In addition, the T2m
bias is similar to the CFSv2 SST bias found by Kumar et
al. (2012) and by Xue et al. (2013) in the tropical Pacific
Ocean. Kumar et al. (2012) noted that the CFSv2 shows
SST biases of opposite sign between summer and winter
over the equatorial Pacific. The small annual mean T2m
biases over the tropical Pacific (Fig. 3) are in part a result of
the cancellation of the bias due to its annual cycle (Fig. 3b).
4.2 Volcanic forcing and forecast start frequency
Next we investigate the prediction skill of the decadal
forecasts for T2m by calculating the anomaly correlations
between the decadal forecasts and the observation-based
analyses. Figure 4 show the anomaly correlation for experiments COLA Volc, COLA NoVolc, and COLA YrNoVolc
considering the period from 1960 to 2008. The spatial pattern of the anomaly correlations in the CFSv2 (Fig. 4) is
similar to other CMIP5 models, with low correlations in the
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Fig. 2  Water volume transport
above 1,000 m across 40°N in
the Atlantic Ocean. The curves
show averages for each case
over all of the common forecast
ensembles (1980–2000 initial
conditions). The solid line represents the NCEP Volc forecasts
and the dashed line represents
both the COLA Volc and the
COLA NoVolc forecasts

central and eastern Pacific and high correlations over the
Indian, the western Pacific, and the Atlantic Oceans (Kim
et al. 2012; Bellucci et al. 2012; Guemas et al. 2012, 2013;
Doblas-Reyes et al. 2013). There are only small regional
differences in forecast skill when we compare COLA Volc
and COLA NoVolc experiments (Fig. 4a–d). For example,
over the southern Indian Ocean (Fig. 4a–d).
It is relevant to point out the there were no volcano
eruptions in the period comprising start date 1995 or later.
Therefore, there is no difference in the COLA Volc and
COLA NoVolc simulations with those start dates. In addition, when we analyze only the forecasts with the influence of volcanoes, we verify a reduction in the COLA
NoVolc forecast sill in comparison to the COLA Volc
forecast skill (not shown). However, significance tests of
correlations then use fewer degrees of freedom. Consequently, the confidence level of the tests such as difference of correlations from zero is not high, and statistical
tests of differences of correlations from case to case do
not provide useful information. These results are consistent with the findings of Bellucci et al. (2012, 2014)
that most of the decadal skill is associated with the SST
trend. In addition, the authors verified that when the trend
is removed, there is still some skill in the North Atlantic
region, consistent with the AMOC predictability on decadal timescales.

There is a clear distinction in forecast skill between
5-year ensemble initialization and single member yearly
initialization (Fig. 4c–f). Even though there are more verification points in the COLA YrNoVolc experiments (49)
in comparison to the COLA NoVolc experiment (40), the
COLA NoVolc shows higher forecast skill (Fig. 4c–f).
However, this comparison is not fair because of the different ensemble members in the two sets; i.e. 1 in COLA
YrNoVolc, and 4 in COLA NoVolc. Note, even so, that the
skill patterns are very similar.
To evaluate the difference in skill between the experiments
we calculated the mean squared skill score (MSSS) as recommended by Goddard et al. (2012). The MSSS was calculated using ensemble mean predictions and the corresponding
observations as anomalies relative to their respective climatologies, that is, bias-corrected anomalies in the case of the
hindcasts. According to Goddard et al. (2012) and based on
Murphy (1988), when the reference prediction is the climatological average taken over the same period as the hindcasts to
be assessed, the MSSS can be expanded as Eq. 1:

MSSS =

2
rHO



SH
− rHO −
OH

2

(1)

where rHO is the correlation coefficient (anomaly correlation here) between the observed and hindcast time series,
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Fig. 3  T2m bias (°C) in the retrospective decadal forecasts. a,
b NCEP Volc; c, d COLA Volc;
and e, f COLA NoVolc in comparison to the NCEP–NCAR
reanalysis. Only start dates from
1980 to 2005 were considered.
Panels on the left show the bias
for years 2–5 and panels on the
right show the bias for years
6–9. The shading interval is not
regular

and SH and OH are the variances of the hindcasts and the
 
n
2 = 1
2 and
observations, respectively SH
j=1 (Hj )
n
 
n
2 = 1
2
OH
j=1 (Oj ) (Murphy 1988; Goddard et al.
n

2012). Since MSSS is a function of the anomaly correlation
(Eq. 1), their results are similar (not shown). Therefore, we
present the results of the comparison between experiments
by showing the improvement of an experiment H over a
reference experiment P as shown by Eq. 2 (Goddard et al.
2012)

MSSS =

MSSSH − MSSSP
.
1 − MSSSP

(2)

Although positive values show an improvement of
experiment H over experiment P the MSSS is not symmetric about zero. Therefore, the absolute values of negative
values are not comparable to the magnitude of positive values (Goddard et al. 2012).
Figure 5 shows the MSSS comparison between COLA
Volc (as MSSSH) and COLA NoVolc (as MSSSP) and the
MSSS comparison between COLA NoVolc and COLA
YrNoVolc. For years 2–5 the COLA Volc forecasts show
forecast skill improvement in comparison to the COLA
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NoVolc forecasts over the southern India Ocean, the western Pacific Ocean, the tropical Atlantic Ocean, and the
Labrador Sea (Fig. 5a). Which are regions that show forecast skill (Fig. 4). However, COLA Volc shows less skill
in other regions such as the North Atlantic Ocean. However, these relationships do not hold for forecast years 6–9
(Fig. 5b).
4.3 Ocean initialization and ensemble size
In order to compare the NCEP Volc and COLA Volc forecasts, only ensemble means from the common cases were
considered, reducing the number of degrees of freedom and
the confidence level of the results as mentioned in Sect. 4.2.
The forecast skill of T2m is similar in the NCEP Volc and
the COLA Volc simulations (Fig. 6a–d). We also evaluate
the forecast skill when merging the NCEP Volc and the
COLA Volc forecasts (Fig. 6e, f), considering that the difference in ocean initialization is an additional way to perturb the initial conditions. No clear improvement in decadal
forecast skill was verified by increasing the ensemble size
(Fig. 6). These results were also confirmed by the MSSS
comparisons (not shown).
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Fig. 4  Anomaly correlation
coefficient between T2m from
the NCEP–NCAR reanalysis
and T2m from the retrospective
decadal forecasts. Panels on the
left show the anomaly correlation for the average of years 2–5
and panels on the right show the
anomaly correlation for years
6–9 years. All start dates were
considered. The black contour
line shows anomaly correlations
statistically significant at 5 %
level considering 9 df for years
2–5 and 8 df for years 6–9. The
green contour line in e, f shows
anomaly correlations statistically significant at 5 % level
considering 48 df for years 2–5
and 47 df for years 6–9

5 Heat content predictions

5.1 OHC bias

The ocean’s thermal and mechanical inertia contain much
of the memory of the climate system. This memory, in turn,
determines the time scales of the climate response to external forcing and the time scale of the climate internal variability. Since the AMOC variability is not being well represented in the CFSv2 model, we investigate the heat content
with regard to the mechanisms that might be responsible
for the decadal predictability of T2m.
The OHC relative to 0 °C is defined as the vertically
integrated internal energy,

Figure 7 shows the bias in the quantity HC = (D(x, y)
/4,500)T̄ (x, y), approximately proportional to OHC, in
the retrospective decadal forecasts in comparison to the
COMBINE-NV reanalysis. The NCEP Volc forecast overestimates the heat content in most of the globe, especially
over the Atlantic Ocean and over the southern Indian Ocean
(Fig. 7a, b). The NCEP Volc heat content bias is predominantly warm relative to COMBINE-NV and substantially
larger than the biases in COLA forecasts (Fig. 7). This is
probably a result of the fact that COLA forecasts were initialized with COMBINE-NV, which is used to validate the
OHC results.

OHC =



z=0

ρcD(x, y)T̄ (x, y)

(3)

z=−D(x,y)

where T̄ is the vertically averaged temperature in °C, D(x,
y) is the full depth of the ocean in m, ρ is the density, and c
is the specific heat. We also calculated OHC using only the
first 700 m and the results were similar to the results presented here. We chose to show the diagnostic using the full
depth of the ocean because it represents a closed budget.

5.2 Volcanic forcing and ocean initialization
The CFSv2 forecast skill for OHC is shown in Fig. 8. Considering only coinciding start dates between NCEP Volc and
COLA Volc forecasts, heat content anomalies do not show
as much memory (Fig. 8a–d). This is more evident in the
COLA forecasts in which the model shows slightly higher
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The ocean heat content budget satisfies the two-dimensional energy budget expressed in Eq. 4:

d(OHC)
= NHF + O
dt

Fig. 5  T2m MSSS comparison between a COLA Volc and COLA
NoVolc for years 2–5, b COLA Volc and COLA NoVolc for years
6–9

forecast skill for year 2–5 years (Fig. 8c, e, g) in comparison to year 6–9 years (Fig. 8d, f, h) averages. In addition,
considering the full set of COLA simulations, we note that
the forecast skill for OHC is very similar in COLA Volc and
COLA NoVolc forecasts (Fig. 8e–h). The OHC shows forecast skill mostly over mid- to high-latitudes but also including tropical Indian and Atlantic Oceans (Fig. 8e, g).
Overall, the skill is higher in COLA Volc and NoVolc than
in NCEP Volc, except over tropical eastern Pacific (Figs. 8,
9a, b). The MSSS analysis also shows that there is no clear
distinction between the OHC forecasts skill in COLA Volc
and in COLA NoVolc (Fig. 9c, d). These large differences
between NCEP and COLA deep ocean biases (Figs. 2, 7)
and forecast skill (Figs. 8, 9) suggest an important impact
of the initial subsurface ocean temperatures in COLA Volc
and NCEP Volc and hence large differences between OHC
in the CFSR and COMBINE-NV analysis. The larger biases
in NCEP then may reflect the use of a different analysis for
verification than for initialization, while verifying the COLA
results against the same analysis as used for initialization
naturally produces smaller biases, at least initially. These
possibilities will be investigated in Sect. 5.3.
5.3 Ocean heat content budget diagnostics
To further investigate the role of the ocean heat content in
the CFSv2 decadal forecasts we perform a budget analysis.

13

(4)

where NHF is the net surface heat flux (positive into the
ocean) and O is the tendency due to ocean dynamics and
physics.
Considering the global mean of Eq. 3, and neglecting
transports of water and ice between land and ocean, O can
be approximated as zero, as there is no advection across
solid boundaries and the solid boundaries of the ocean are
∼
insulated. dOHC
= NHF. We verified the CFSv2 model
dt
approximately satisfies this relationship. Therefore, we
have some confidence in the accuracy of our direct evaluation of OHC from the ocean model output.
The global mean heat content calculated from the COMBINE-NV ocean analyses and from CFSR are shown in
Fig. 10. Our calculation of time series of global mean OHC
in the COMBINE-NV reanalysis is consistent with the version produced by Balmaseda et al. (2013), including the
cooling period in the 1990s and the strong warming period
in the 2000s (see their Table 1 for trend values). The time
series of the global mean OHC in the CFSR is considerably
different from that of the COMBINE-NV reanalysis. The
OHC in CFSR has higher mean values by order 4.5 %. The
jagged behavior in CFSR is apparently a result of NCEP’s
data assimilation configuration and the drift of the CFSv2
model (Fig. 11). The six segments of increasing global
mean OHC for CFSR correspond to the six independent assimilation streams that were carried out simultaneously to reduce time spent on the completion of the CFSR
(Saha et al. 2010; Xue et al. 2010). Therefore, every time
the assimilation occurs, the model OHC values approach
observed values. Then, the model starts to drift again
resulting in the jagged pattern of OHC. Apparently the
ocean is less strongly constrained to climatology in some
regions than COMBINE-NV, leading to a pronounced signature of the drift of the unconstrained model. Considering
that the initial state yielded by CFSR ocean reanalysis is
less realistic than the initial state provided by COMBINENV, it is expected that HC forecast in the NCEP Volc would
show less skill than forecast initialized with COMBINENV (Fig. 8).
The model drift is illustrated in Fig. 11 shows the global
mean OHC for the ensemble means of the different sets of
forecasts, which was removed when calculating the anomaly correlation (that represents a mean-bias correction; e.g.
Goddard et al. 2012). There is a clear positive near-linear
trend in the global mean OHC that is similar for each
unconstrained CFSv2 model forecasts essentially independent of initial state or external forcing and also close
to the upward trends in the different CFSR assimilation
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Fig. 6  As in Fig. 4 for experiments NCEP Volc, COLA Volc,
and a merge between NCEP
Volc and COLA Volc. Only start
dates from 1980 to 2005 were
considered. The contour shows
anomaly correlations statistically significant at 5 % level
considering 5 df for years 2–5
and 4 df for years 6–9

streams. The mean trend over all forecasts is removed in
calculating the anomaly correlation (no explicit bias correction is necessary for this calculation), revealing the forecast
information.
Figure 12 shows the time evolution of the globally averaged heat content tendency for the NCEP and COLA forecasts as well as for the COMBINE-NV reanalysis. The
tendencies plotted are the 1-year running mean (for the
forecasts) or 2-year running mean (for the COMBINE-NV
analysis) of the monthly tendency with the annual cycle
of the tendency removed. This approach removes both the
mean trend and the annual cycle in a physically meaningful manner without explicit detrending of the data (e.g. for
an unphysical result, remove the annual cycle from a multiyear linearly increasing time series).
The impact of volcanic forcing is evident in the COMBINE-NV and in the NCEP Volc and COLA Volc simulations (Fig. 12b–d). The strong cooling observed in 1963,
1982, and 1991 in these three cases follow major volcanic
eruptions, and are not seen in COLA NoVolc. On the other
hand, the cooling after 1998 is associated with the major El
Niño event of 1997–1998. The cooling affected mainly the
upper 700 m in the ocean, as the heat came out of the ocean

into the atmosphere mostly due to evaporation (Trenberth
2002; Balmaseda et al. 2013).

6 Conclusions
We presented the results of retrospective decadal forecasts
performed with the CFSv2 model as part of the CMIP5
decadal prediction exercise. We described a recently discovered code error in the CFSv2 and some problems
related to radiation imbalance, AMOC weakening, and sea
ice melting. We also discussed some aspects of the decadal forecast quality of T2m. In addition, we evaluated the
importance of the OHC for decadal predictability and some
problems in the CFSv2 representation of the OHC budget.
The prediction system shows a radiative imbalance
at the top of the atmosphere of about 7.4 W m−2/year,
resulting in energy surplus in the atmosphere component.
This radiative imbalance is probably contributing to the
fast melting of sea ice and consequently to the weakening of the AMOC. The sea ice cover in the CFSv2 shows
a decrease of approximately 22–31 % in the first 3 years
of simulations, accompanied by an ice thickness reduction
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Fig. 7  As in Fig. 3 for bias (in
comparison to COMBINE-NV)
in HC (°C), a quantity proportional to the ocean heat content

of roughly 66 %. The AMOC is much weaker than observations throughout the NCEP Volc forecasts. In the COLA
simulations, the AMOC shows initial values comparable to
observations, but steadily weakens in the first 5 years. Considering the strong biases in radiative balance, AMOC, sea
ice, T2m and OHC, the reduction of model biases might be
the most productive way for improving the skill of decadal
forecasts in the CFSv2.
Despite the problems in the representation of the
AMOC, the importance of the AMOC variability on decadal predictability has been examined by Huang et al.
(2014). On decadal timescales, the NCEP and the COLA
forecasts of T2m had similar skills, despite the strong differences in the ocean initialization and OHC biases. The
CFSv2 shows high predictive skill over the Indian, the
western Pacific, and the Atlantic Oceans and low skill over
the central and eastern Pacific. Other studies have shown
that the CMIP5 model have low decadal forecast skill over
the Northern Pacific Ocean. While Guemas et al. (2012)
attribute this low skill to a poor representation of two
extreme warming events over the northern Pacific Ocean
in the 1960s. Since we show results from a more recent
period (1980–2010), other factors must be playing a role
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in the low forecast skill of the CFSv2 over that region. One
such cause could be the low warming trend observed over
this area, which makes it less predictable (Doblas-Reyes et
al. 2013). Although our results show no clear difference in
skill between experiments with and without volcanic forcing, analyses using only the decadal periods in which there
were volcanic eruptions suggest that volcanic forcing is
important to the CFSv2 forecast skill. However, due to the
low number of degrees of freedom in our experiments, this
topic will have to be subject to further investigation.
The ocean heat budget diagnosis shows promise for
understanding mechanisms related to decadal predictability. The CFSv2 model shows a large drift in the global
mean OHC, in which the heat content increases with the
forecast time. This effect also impacts the OHC in the
CFSR, resulting in a jagged temporal behavior. In addition,
the OHC tendency shows negative values in the first years
of simulation, consistent with the sea ice melting bias.
The NCEP Volc and COLA Volc forecast were submitted
to the CMIP5 archive. We hope that this work will contribute to the improvement of the CFSv2. Moreover, we encourage the use of the CFSv2 simulations available in the CMIP5
dataset keeping in mind the limitations described here.
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Fig. 8  As in Fig. 6 for HC, representing heat content anomalies. Only start dates from 1980
to 2005 were considered in a–d.
All start dates were considered
in e–h. The contour shows
anomaly correlations statistically significant at 5 % level
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Appendix: An issue with the CFSR coupled
and its influence
In the course of the investigating the causes of the model
biases discussed in Sect. 4, COLA scientists discovered

a coding error in the coupler associated with the sea ice
mask and the atmosphere–ocean coupling. This error is
present in the versions of CFSv2 used by both COLA and
NCEP in the results described here, as well as in the version of CFSv2 used for the CFSR data assimilation and
CFS reforecasts (Saha et al. 2010). The result of this code
error is that the fluxes provided by the atmosphere to the
ocean in some regions are substantially different from the
fluxes seen by the ocean. The locations of the inconsistency in the fluxes are dependent on domain decomposition
and the number of processors used. Figure 13 shows the
inconsistencies in net surface heat fluxes in the COLA runs
and in a run made by COLA where the code error was corrected. The differences are computed from monthly mean
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Fig. 9  HC MSSS comparison
between a COLA Volc and
NCEP Volc for years 2–5, b
COLA Volc and NCEP Volc for
years 6–9, c COLA NoVolc and
COLA NoVolc for years 2–5, d
COLA Volc and COLA NoVolc
for years 6–9. a, b Are based on
start dates from 1980 to 2005
while frames c, d are based on
start dates from 1960 to 2005

Fig. 10  Global mean OHC
from COMBINE-NV (solid
line) and from CFSR (dashed
line). Units are 1010 W m−2 s−1

atmospheric model and ocean model outputs, and points
with nonzero sea ice are excluded.
Considering the COLA version in Fig. 13a, there is
inconsistency in the net surface heat flux in the annual mean
in the eastern North Atlantic near 0°E 60°N, with the ocean
net cooling calculated by the atmosphere on the order of
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100 W m−2. This negative inconsistency extends southward
to the coast along Spain as well as westward into the North
Atlantic and northeastward to 60°E. There is also a region
of weaker negative inconsistency near the Bering Strait
and in the northwestern North Atlantic. Similar features
are also found in the NCEP version (not shown). When
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Fig. 11  Global mean OHC
in the retrospective decadal
forecast ensembles from a
COLA NoVolc, b COLA Volc;
and NCEP Volc. Units are
1010 W m−2 s−1

Fig. 12  Global mean heat
content tendency from a COLA
NoVolc, b COLA Volc, c NCEP
Volc, d COMBINE-NV. Grey
dashed lines represent major
volcanic eruptions: Mount
Agung in 1963, El Chichón in
1982, and Pinatubo in 1991
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Fig. 13  The annual mean
difference (W m−2) between
the diagnostic of the net
surface heat flux supplied by
the atmospheric model to the
ocean model and the net surface
heat flux received by the ocean
model in CFSv2 for a the model
run by COLA and b a run by
COLA with the code error corrected. Points with nonzero sea
ice are excluded

the code error is fixed (Fig. 13b), the regions of negative
inconsistency disappear. The other surface fluxes (surface
wind stress and fresh water flux) also show inconsistencies
coincident with the negative heat flux inconsistencies in
Fig. 13a, and these also disappear when the code error is
fixed. Our explanation of the negative inconsistencies that
are removed by fixing the code error is that the coupler is
erroneously insulating the ocean from the atmosphere in
these regions as if there were sea ice.
We might expect that the wind stress and heat flux inconsistencies would have seriously distorted the ocean circulation
in the North Atlantic, including the AMOC and the subpolar
gyre. Given that the AMOC variability has been postulated
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to be an important mechanism for decadal climate variability and predictability in the North Atlantic (e.g. Huang et al.
2011; Swingedouw et al. 2012), that mechanism is probably
not realistically represented in the results reported here.
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