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ABSTRACT
Predictabilities of tropical climate signals are investigated using a relatively high resolution Scale Interaction Experiment–Frontier Research Center for Global Change (FRCGC) coupled GCM (SINTEX-F).
Five ensemble forecast members are generated by perturbing the model’s coupling physics, which accounts
for the uncertainties of both initial conditions and model physics. Because of the model’s good performance
in simulating the climatology and ENSO in the tropical Pacific, a simple coupled SST-nudging scheme
generates realistic thermocline and surface wind variations in the equatorial Pacific. Several westerly and
easterly wind bursts in the western Pacific are also captured.
Hindcast results for the period 1982–2001 show a high predictability of ENSO. All past El Niño and La
Niña events, including the strongest 1997/98 warm episode, are successfully predicted with the anomaly
correlation coefficient (ACC) skill scores above 0.7 at the 12-month lead time. The predicted signals of
some particular events, however, become weak with a delay in the phase at mid and long lead times. This
is found to be related to the intraseasonal wind bursts that are unpredicted beyond a few months of lead
time. The model forecasts also show a “spring prediction barrier” similar to that in observations. Spatial SST
anomalies, teleconnection, and global drought/flood during three different phases of ENSO are successfully
predicted at 9–12-month lead times.
In the tropical North Atlantic and southwestern Indian Ocean, where ENSO has predominant influences,
the model shows skillful predictions at the 7–12-month lead times. The distinct signal of the Indian Ocean
dipole (IOD) event in 1994 is predicted at the 6-month lead time. SST anomalies near the western coast of
Australia are also predicted beyond the 12-month lead time because of pronounced decadal signals there.

1. Introduction
In the last two decades both understanding and simulation of El Niño–Southern Oscillation (ENSO) have
been largely improved (e.g., Neelin et al. 1998; Achutarao and Sperber 2002). Following the first successful
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forecast of the 1986/87 El Niño event with a simple
coupled model (Cane et al. 1986), significant progress
in the ENSO prediction has been achieved using
ocean–atmosphere coupled general circulation models
(OACGCMs) with various complexities (e.g., Barnston
et al. 1999). Existing hierarchy of coupled models include the simple, intermediate, hybrid anomaly coupling; flux-corrected CGCMs; and nonflux-adjusted
CGCMs (e.g., Chen et al. 1997; Balmaseda et al. 1994;
Barnett et al. 1993; Kirtman et al. 1997; Ji et al. 1994;
Stockdale et al. 1998). Experimental ENSO forecasts
have been provided on real-time basis for the last decade (see the Experimental Long Lead Forecast Bulletin online at http://grads.iges.org/ellfb/home.html). Re-
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cent results have also shown that ENSO events of the
past two decades can be skillfully predicted up to three
seasons ahead (Barnston et al. 1999). The prediction
performance of current CGCMs was found to be comparable to that of statistical models.
To achieve good prediction skills of ENSO requires a
good coupled model and realistic initial conditions with
a proper initialization procedure (e.g., Chen et al.
1997). Current state-of-the-art CGCMs still have difficulties in correctly simulating the climatology and
ENSO variations in the tropical Pacific (e.g., Achutarao
and Sperber 2002). Compared to observations, most
CGCMs produce more frequent ENSO events with
poor phase locking to the seasonal cycle and weaker
ENSO amplitudes and teleconnections. The ill capture
of air–sea interactions responsible for ENSO will deteriorate the prediction skill even with perfect initial conditions. Since the ENSO predictability mainly resides in
the ocean memory (e.g., Neelin et al. 1998), a realistic
oceanic condition could lead to a better prediction skill
by assimilating subsurface observations into OGCMs
(e.g., Ji and Leetmaa 1997; Rosati et al. 1997) or by
adding the subsurface information as a predictor to statistical models (e.g., Smith et al. 1995; Clarke and van
Gorder 2003). To generate good assimilation data for a
particular OGCM, however, requires lots of efforts.
Furthermore, due to the different physics used in different models, assimilation data with one OGCM cannot be directly applied to other OGCMs (Tang et al.
2003). Initial errors owing to the model physics mismatch could develop quickly to destroy the predictability in the presence of unstable air–sea interactions.
One classical and economical way to generate initial
conditions is to force AGCMs with observed sea surface temperature (SST), and then vice versa, using the
AGCM outputs to force OGCMs. Mismatch between
the atmospheric and oceanic initial conditions, however, leads to an initial shock, reducing the forecast skill
within the first several lead months. Many efforts have
been made to generate consistent atmospheric and oceanic initial conditions using an iteration procedure
(Kirtman et al. 1997), coupled nudging schemes (Chen
et al. 1997; Rosati et al. 1997; Oberhuber et al. 1998), or
anomaly initializations (Latif et al. 1994; Schneider et
al. 1999). Recently, assimilation of both atmosphere
and ocean observations into a coupled GCM is in progress (T. Awaji 2004, personal communication). By
nudging observed wind stress into the simple coupled
model, Chen et al. (1997) found that their model prediction skill is improved significantly. The SST-nudging
scheme, however, degrades their model performance.
The failure of both the wind- and SST-nudging schemes
in the model of Rosati et al. (1997) is owing to too

diffusive thermocline produced by their OGCM. In the
absence of atmospheric and oceanic assimilation data,
success of the coupled nudging schemes is largely dependent on model performance in simulating the climatology and ENSO. Using the coupled SST-nudging
scheme, Keenlyside et al. (2005) showed that their
coupled model is able to predict ENSO at the 6-month
lead time based on a nine-member ensemble hindcast
experiment. The latest version of Cane–Zebiak model
has also shown a skillful prediction over the 1-yr lead
time based only on the SST-nudging initialization
scheme (Chen et al. 2004). This is because that the
model systematic biases have been statistically corrected (Chen et al. 2000; Barnett et al. 1993). In other
words, the model physics has been better fitted to the
observations.
Based on the European Union (EU)–Japan collaboration, we have developed a relatively high resolution
ocean–atmosphere coupled GCM, named the Scale
Interaction Experiment–Frontier Research Center for
Global Change (FRCGC) (SINTEX-F) model (Luo et
al. 2003). The ENSO variability is simulated realistically, including the magnitudes, period (3–5 yr), and
meridional broadness of SST anomalies (Gualdi et al.
2003; Guilyardi et al. 2003; Luo et al. 2005). Such good
performance of ENSO simulation is found to be related
to the high-resolution (T106) of the atmosphere GCM
(Guilyardi et al. 2004). One common bias that the cold
tongue in the tropical Pacific extends too far west has
also been reduced by improving the coupling physics
(Luo et al. 2005). The dry bias in the western Pacific
warm pool region is reduced. The ENSO signal in the
equatorial western Pacific and the teleconnection in the
North Pacific are simulated more realistically. In terms
of the model good performance in simulating the climatology and ENSO in the tropical Pacific, we have
implemented several hindcast experiments to check the
model performance of ENSO prediction based on the
simple coupled SST-nudging scheme for initialization.
The coupled model, hindcast experiments, and initialization scheme are described in section 2. Model performance of ENSO prediction is presented in section 3.
Predictabilities of climate signals in the tropical Indian
Ocean and Atlantic are shown in section 4. A summary
and discussion are given in section 5.

2. The coupled GCM and the hindcast
experiments
a. The SINTEX-F CGCM
The SINTEX-F coupled model was developed from
the original European SINTEX model under the EU–
Japan collaboration project (Gualdi et al. 2003; Guil-
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yardi et al. 2003; Luo et al. 2003, 2005). The global
ocean component is the reference version 8.2 of the
Océan Parallélisé (OPA; Madec et al. 1998) with the
ORCA2 configuration. To avoid the singularity at the
North Pole, it has been transferred to two poles in the
Eurasian and North American continent, respectively.
The model longitude–latitude resolution is 2° ⫻ 2°
cos(latitude) with increased meridional resolutions to
0.5° near the equator. It has 31 vertical z levels of which
19 lie in the top 400 m. Model physics includes a freesurface configuration (Roullet and Madec 2000) and
the Gent and McWilliams (1990) scheme for isopycnal
mixing. Horizontal eddy viscosity coefficient in open
oceans varies from 40000 m2 s⫺1 in high latitudes to
2000 m2 s⫺1 in the equator. Vertical eddy diffusivity and
viscosity coefficients are calculated from a 1.5-order
turbulent closure scheme (Blanke and Delecluse 1993).
Nonslip conditions are applied at lateral solid boundaries. The effect of solar radiation penetration under
the sea surface is also included. [Readers are referred to
Madec et al. (1998) or online at http://www.lodyc.
jussieu.fr/opa/ for more details.]
The atmosphere component is the latest version of
ECHAM4 in which the Message Passing Interface is
applied to parallel computation (Roeckner et al. 1996).
We adopted a high horizontal resolution (T106) of
about 1.1° ⫻ 1.1°. A hybrid sigma-pressure vertical coordinate is used with 4–5 of a total of 19 levels lying in
the planetary boundary layer. Model physical processes
include the Tiedtke (1989) bulk mass flux formula for
cumulus convection and the Morcrette et al. (1986) radiation code. Cloud water and water vapor (tracers) are
advected using the semi-Lagrangian scheme. Effects of
gravity wave drag and cumulus friction are parameterized. Land surface processes are based on a five-layer
model for soil temperature including the effects of soil
hydrology and snowpack over land. The surface turbulent flux is calculated according to a bulk aerodynamic
formula in which the drag coefficients for momentum
and heat are estimated based on an approximate analytical function of the moist bulk Richardson number
and roughness length (Louis 1979). Over the open water, the aerodynamic momentum roughness length is
estimated from friction velocity (Charnock 1955). The
original SINTEX coupled model with this highresolution version is found to be able to improve the
prediction of the development of intense ENSO episodes (Gualdi et al. 2005). We note that prediction
skills of ENSO in their coarse-resolution (T42) model
are rather low probably due to the biennial ENSO behavior.
The coupling fields (SST, surface momentum, heat
and water fluxes, etc.) are interpolated and exchanged
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every 2 h between the ocean and atmosphere by means
of the Ocean Atmosphere Sea Ice Soil (OASIS 2.4)
coupler (Valcke et al. 2000). The coupled model does
not apply any flux correction except that sea ice cover
is relaxed toward observed monthly climatologies in the
OGCM. The initial condition of the atmosphere is provided by the 1-yr run forced with observed monthly
climatological SST. The ocean is started from the Levitus annual mean climatologies with zero velocities.

b. The hindcast experiments
We have designed five hindcast experiments. Starting
from the above initial conditions, the coupled model for
each experiment has first been spun up for 11 yr in a
decoupled mode. The two-hourly atmospheric outputs
forced by Hadley Centre Global Sea Ice and Sea Surface Temperature (HadISST1.1; Rayner et al. 2003) for
the period 1971–81 are used to spin up the ocean model
in a synchronous manner. For the hindcast period
1982–2001, OGCM SSTs are strongly nudged toward
the National Oceanic and Atmospheric Administration/Climate Diagnostics Center (NOAA/CDC) SST
observations (Reynolds et al. 2002) in a coupled mode.
Weekly NOAA/CDC SSTs have been interpolated into
daily mean using a cubic spline method. A large negative feedback value (⫺2400 W m⫺2 K⫺1) to the surface
heat flux is applied. This value corresponds to the 1-day
relaxation time for temperature in the 50-m mixed
layer. The AGCM forced by such generated OGCM
SSTs, which are very close to the observations, tends to
produce realistic wind stress, heat, and water fluxes (see
Fig. 2 in section 3a). The OGCM forced by the AGCM
wind stress in turn tends to produce realistic thermocline variations in the equatorial Pacific. Thus, the
success of the simple coupled SST-nudging scheme for
initialization crucially depends on the performance of
both AGCMs and OGCMs.
Surface wind stress is important for the tropical air–
sea coupling system. Large uncertainties, however, exist in the wind stress estimations. To generate the five
hindcast ensemble members, we have perturbed the
coupling physics for each member separately. In the
first seasonal forecast experiment (SFE1), the effects of
ocean surface current on wind stress are neglected as is
done in most existing CGCMs. In terms of the importance of the strong surface current in the equatorial
Pacific, surface current momentum is directly passed to
the atmosphere in the second experiment (SFE2). This
affects both wind stress and heat flux calculations. The
external momentum source further influences the global angular momentum budget of the atmosphere (Luo
et al. 2005). The ocean surface is kept solid relative to
the atmosphere in the third one (SFE3), but the surface
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wind stress (only) is calculated by  ⫽ aCD|va ⫺ vo|(va
⫺ vo) (see also Pacanowski 1987). Here a is the density
of air, CD is the drag coefficient, va is the wind velocity
at the lowest level of the AGCM, and vo is the ocean
surface velocity at a 5-m depth (the uppermost layer of
the OGCM). The coupling physics in the last two experiments (SFE4 and SFE5) is the same as that in SFE2
and SFE3 except that ocean surface velocities are partly
dropped from the bulk formula. That is, we set  ⫽
aCD|va|(va ⫺ vo). Readers are referred to Luo et al.
(2005) for more details. We note that, as practical methods, SFE4 and SFE5 do account for some uncertainties
in the wind stress estimation as shown in sections 3
and 4.
The classical ensemble method for a single CGCM is
to perturb the initial conditions of atmosphere and/or
ocean whose physics is kept unchanged. Recent results
have shown that ensemble forecasts based on multiindependent models are able to significantly improve
both deterministic and probabilistic prediction skills
(e.g., Krishnamurti et al. 1999; Palmer et al. 2004). This
is mainly because of the error cancellation among different models (Hagedorn et al. 2005). The perturbed
coupling physics tends to modify model climatologies in
the equatorial Pacific (Luo et al. 2005). This could affect the climate drift during forecasts. Furthermore, the
ocean surface current may modify the actual driving
force of the westerly (easterly) wind bursts. This could
influence the evolution of individual ENSO event as
shown by Fedorov et al. (2003). The ensemble approach used in this study lies between the classical and
the multimodel one. It tries to account for the uncertainties associated with not only the initial conditions
but also the model physics. The models with merely
modified coupling physics, however, are not largely independent. Similar biases among them could not be
canceled by a simple ensemble mean without posterior
model calibrations (Doblas-Reyes et al. 2005, and references therein). We note that a similar idea is to use
multiple or stochastic-dynamic parameterizations for a
given subgrid process based on a single GCM (e.g.,
Palmer 2001). This has been found to improve weather
and climate predictability. In this study, for the sake of
simplicity, we have adopted the simple ensemble mean
method and measured deterministic prediction skills.
This provides a lower bound of ENSO predictability of
the SINTEX-F model.

3. Results
a. Initial conditions
Figure 1 shows 20°C isotherm depth anomalies along
the equatorial Pacific (2°S–2°N) from both the Simple
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Ocean Data Assimilation (SODA; Carton et al. 2000)
and model results. The latter is a simple average of the
five ensemble members. The anomaly fields of each
ensemble member have been calculated separately
based on its own climatology for the period 1983–2001.
Compared to the SODA observations, the model realistically captures the thermocline variations associated
with the interannual ENSO events in the past 20 yr. The
eastward-propagation features along the equator are
well simulated. The intermittent warm signals in the
early 1990s are also captured. Amplitudes of the thermocline fluctuations are comparable to the SODA reanalysis. The results indicate that the SINTEX-F
coupled model is able to generate realistic oceanic
memory for the ENSO prediction using the simple SSTnudging scheme.
The good simulation of the subsurface signal in the
equatorial Pacific is related to the realistic wind stress
forcing produced by the AGCM (Fig. 2). Lowfrequency westerly (easterly) anomalies related with
the El Niño (La Niña) events are well captured. The
eastward propagations of the anomalous westerlies associated with the strong 1982/83 and 1997/98 warm
episodes are simulated. Furthermore, the AGCM is
able to capture some intraseasonal westerly (easterly)
wind bursts in the western equatorial Pacific (see arrows in Fig. 2a). The westerly wind bursts in the early
1990s and during the onset phase of the 1997/98 El
Niño episode are captured realistically. The simulated
magnitudes, however, are generally smaller than the
SODA analysis. We note that the rather noisy structure
of the SODA wind stress before 1986 is due to the lack
of the Tropical Atmosphere Ocean (TAO) observations.
Based on the generally realistic initial conditions, we
have implemented the 12-month forecast with the
freely coupled GCM starting from 0000 UTC on the
first day of each month of each year from 1982 to 2001.
The restart files for each ensemble member forecast at
each time is obtained from the instantaneous state at
the same time generated by the coupled SST-nudging
run with the perturbed coupling physics as described in
section 2b.

b. Model drift
Because of model deficiencies, the climate state inevitably drifts toward the model’s own climatology
once the forecast starts. How large the drift is depends
on the prediction lead time, errors in initial conditions,
and model physics. Here, we define the lead time as the
length of forecast integrations. For example, 1-month
lead prediction refers to the monthly mean of the first
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FIG. 1. The 20°C isotherm depth anomalies (contour: 10 m) along the equatorial Pacific
(2°S–2°N) from (a) SODA and (b) model results based on the SST-nudging scheme. Regions
with positive values are shaded.

month integrations from the initial condition. Figure 3
shows annual mean climatologies of the predicted
equatorial SST at 1- and 12-month lead times. SST in
the eastern equatorial Pacific immediately shifts to a
colder state (Fig. 3a). This is caused by the mean thermocline there, which is too shallow in initial conditions
(not shown), probably forced by too strong a surface
easterly wind along the equator (see Luo et al. 2005).
This problem could be solved by subsurface data assimilation in the future. SST at 120°W is up to 1.2°–
1.6°C colder than the observation after the 3-month
free integrations, and then it gradually warms up,
slowly approaching the model’s own climatology there

(Luo et al. 2005). The cold SST bias in the eastern
Pacific gradually extends westward and leads to a
colder state in the central and western part (Fig. 3b).
The cold bias in the latter region, however, is reduced
by taking ocean surface current into account for wind
stress calculation in various ways. In particular, the cold
SST bias there is much smaller in SFE2 and SFE4 in
which surface current momentum is directly passed to
the atmosphere (see thin solid and dotted lines in Fig.
3b). The equatorial zonal SST gradients, as determined
by the air–sea interactions (e.g., Dijkstra and Neelin
1995), are also closer to observations with the improved
coupling physics. This is consistent with the 100-yr sen-
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FIG. 2. Same as in Fig. 1, but for the zonal wind stress anomalies (contour: 0.1 dyn cm⫺2).
Values in (a) have been spatially smoothed with nearby 9 points to filter out the noisy
structure of SODA analysis. Thick arrows denote the intraseasonal signals captured by the
model.

sitivity experiment results of Luo et al. (2005). The SST
bias in the equatorial Indian Ocean is rather small
within the first 12-month forecasts. SST in the eastern
Atlantic, however, continuously warms up; zonal SST
gradients in the central Atlantic are reversed after the
12-month free integrations. This is similar to the intrinsic bias in the coupled model climatology there (Luo et
al. 2005).
Following the conventional approach, climate drifts
based on different seasons and lead times are removed
for each ensemble member (e.g., Kirtman et al. 1997;
Stockdale 1997). Anomaly fields of the five members
are then simply averaged to get the ensemble mean

forecasts. Since we focus on the predictability of climate
changes beyond the intraseasonal time scale, observations and ensemble mean forecasts at each lead time
have been smoothed with the 5-month running mean
prior to the anomaly correlation coefficient (ACC) and
root-mean-square error (rmse) calculations. This tends
to give proper estimates of the climate predictability of
the model when we substantially increase the ensemble
members in the real-time forecasts. We note that in the
Indian Ocean, where the intraseasonal oscillations are
strong and active, five ensemble members are far too
small to estimate the influence of the intraseasonal signals.

Unauthenticated | Downloaded 01/09/23 07:15 AM UTC

4480

JOURNAL OF CLIMATE

FIG. 3. SST climatology of the period 1983–2001 along the equator (2°S–2°N) based on the NOAA/CDC observations (thick solid
lines), SFE1 (dot–dot–dashed lines), SFE2 (thin solid lines), SFE3
(short dashed lines), SFE4 (dotted lines), and SFE5 (long dashed
lines) for the (a) 1- and (b) 12-month lead time forecasts.

c. ENSO predictability
Figure 4 shows the ACC skill scores of global SST
predictions at 3-, 6-, 9-, and 12-month lead times for the
period 1982–2001. The model produces useful skill
(ⱖ0.6) of SST predictions in most of Pacific and tropical
Indian and Atlantic Oceans at the 3-month lead time
(Fig. 4a). The highest predictability appears in the central and eastern equatorial Pacific associated with the
interannual ENSO events as expected. The ACC in this
region reaches above 0.9 at the 3-month lead time, and
then gradually decrease to about 0.8, 0.7, and 0.6 at 6-,
9-, and 12-month lead times, respectively (Figs. 4a–d).
We note that ACC skills of ENSO based on unfiltered
forecasts and observations are only about 0.1 lower because of its predominant interannual variations. The
ENSO teleconnections in the North and South Pacific
also show considerable predictabilities until the
9-month lead time. Besides, significant SST predictabilities are found in the tropical North Atlantic and
western and eastern tropical South Indian Ocean. Results of those two basins will be described in section 4.
The interannual ENSO events are able to be predicted by the model up to the 1-yr lead time (Fig. 5a).
Both the El Niño events in 1982/83, 1986/87, 1991/92,
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and 1997/98 and the La Niña events in 1984/85, 1988/89,
and 1999/2000 are successfully predicted. Prediction of
the strongest 1997/98 warm event was found to be very
difficult and failed by most existing CGCMs beyond the
6-month lead time (e.g., Barnston et al. 1999; Landsea
and Knaff 2000). The SINTEX-F model is capable to
predict this unprecedented event at the 9-month lead
time with an amplitude as large as 2.2°C. At the 12month lead time, however, the predicted signal is only
about 1.3°C, about one-half of the observations. For the
weak warm signals in 1992/93 and 1994/95, the model
also shows considerable predictabilities at the 6–9month lead times. For the 1991/92 El Niño event, the
model predicted an earlier than observed peak and a
weaker magnitude at the short (3 month) lead time.
This is due to the similar errors in initial conditions
(Fig. 1). Similarly, the overestimated 1999/2000 La Niña
event at the short lead prediction seems to be related to
a cold bias in initial conditions. Better initial conditions
with data assimilation may improve the forecasts (e.g.,
Ji and Leetmaa 1997). During the period 1982–2001,
there is only one false alarm of a weak warm event in
1990/91. We note that the model tends to correctly predict the El Niño event in 2002/03.
Compared to the persistence forecast, model predictions of the Niño-3.4 SST index show much higher ACC
skills not only at long (9 months and beyond) lead times
but also at short lead times (Fig. 5b). The ensemble
mean forecast skill is above 0.7 at the 12-month lead
time (solid line in Fig. 5b). We note that the skill based
on the unfiltered data is still above 0.6 at the 12-month
lead time. The initial shock is largely reduced using the
compatible initial conditions between the atmosphere
and ocean as generated by the coupled SST-nudging
scheme. The model rmses at mid (6 month) and long
lead times are less than 50% of the persistence and
much smaller than one standard deviation of 0.97°C
(Fig. 5c). We note that the different systematic SST
biases from each ensemble member in the equatorial
Pacific do not lead to significant differences in the
ENSO prediction skills (see short dashed lines in Figs.
5b,c). This is probably related to the fact that the climate drifts of each member (not largely different) have
been removed in a posterior manner.
The low-frequency variations of the equatorial thermocline and zonal wind can be predicted at long lead
times. The eastward propagations of subsurface signals
along the equatorial Pacific are successfully predicted
at the 12-month lead time (Fig. 6a). This suggests a
potential predictability of ENSO beyond the 1-yr lead
time. The predicted magnitudes of the equatorial thermocline variations, however, gradually decrease as the
lead time increases. This is consistent with the weak-
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FIG. 4. (a)–(d) Model ACC skill scores of global SST predictions at 3-, 6-, 9-, and
12-month lead times. Contour interval is 0.1 and regions with values above 0.6 are shaded.

ened amplitudes of the predicted Niño-3.4 SST anomalies at long lead times, in particular, during the 1988/89
La Niña and 1997/98 El Niño events (see Fig. 5a). The
predicted peak phases of these two events are clearly
delayed as the lead time increases. To understand the
possible reasons, we have plotted in Fig. 6b the zonal

wind stress anomalies in the western equatorial Pacific
(2°S–2°N, 150°E–180°). The SODA analysis shows two
easterly wind bursts in 1988 and two strong westerly
wind ones in 1997 (see the long dashed line in Fig. 6b).
At a few months lead, the wind bursts can be predicted
but with weaker values (see the solid line in Fig. 6b). At
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FIG. 5. (a) Niño-3.4 SST anomalies (5°S–5°N, 170°–120°W) based on the NOAA/CDC
observations (solid line) and model predictions at 3- (red line), 6- (green line), 9- (blue line),
and 12-month (yellow line) lead times. Results have been smoothed with 5-month running
mean. (b), (c) ACC scores and rmses of the persistence (long dashed lines), ensemble mean
(solid lines), and individual member forecasts (short dashed lines).

mid and long lead times, however, the model shows no
predictability of these intraseasonal signals (see the
short dashed line in Fig. 6b). Similar behaviors also
appear for the three weak warm episodes in the early
1990s when the westerly wind bursts are active (Figs. 5a

and 6b). This is consistent with some existing studies
showing that the intraseasonal wind bursts in the western equatorial Pacific may trigger and amplify the
ENSO events under some circumstances (McPhaden
1999; Fedorov et al. 2003; Lengaigne et al. 2004). In
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FIG. 6. (a) Same as in Fig. 1b, but for the 20°C isotherm depth anomalies predicted at the
12-month lead time. (b) Zonal surface wind stress anomalies in the western equatorial Pacific
(2°S–2°N, 150°E–180°) from the SODA analysis (long dashed line), and the predictions at 1(solid line) and 9-month (short dashed line) lead times. We note that the time series of the
1-month lead time forecasts is similar to that produced by the SST-nudging initialization (see
Fig. 2b) but with weakened magnitudes.

other cases, for example, during the 1984/85 and 1999/
2000 cold and 1986/87 warm events, when the wind
bursts are weak or have no significant impacts, the
model is able to predict the ENSO events very well at
long lead times (Fig. 5a). The long lead–predicted subsurface signals in these cases also do not weaken too
much (see Figs. 1b and 6a).

d. The spring prediction barrier
Observations and existing model predictions have
shown that ENSO persistence and predictability de-

crease rapidly during springtime (e.g., Webster and
Yang 1992; Latif et al. 1994). One of possible reasons is
the phase locking of ENSO to the seasonal cycle; the
phase transition of ENSO in spring leads to a low signal-to-noise ratio (e.g., Rasmusson and Carpenter 1982;
Xu et al. 1994). We note that the SINTEX-F CGCM
captures the seasonal phase locking of ENSO (Tozuka
et al. 2005). As expected, the intrinsic “spring prediction barrier” appears in the model forecasts (Fig. 7a).
The model prediction skills decrease rapidly in spring,
reach mimima in summer, and then slightly rebound in
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FIG. 7. Seasonally stratified ACC scores and rmses of the
Niño-3.4 SST anomaly predictions.

fall. The prediction skills starting from each month,
however, still reach above 0.6 at the 12-month lead
time. In particular, predictions starting from 1 April
and 1 May show ACC skills as high as 0.85 even at the
1-yr lead time. Rmses of the model predictions starting
from each month show a rapid increase during spring
associated with the “spring barrier” (Fig. 7b). However,
maximum rmses appear in fall rather than in summer.
This is related to the pronounced semiannual signal of
SST in the eastern equatorial Pacific due to the model
deficiencies (Luo et al. 2005): Warm SST peaks appear
in both spring and fall. Such a semiannual cycle also
appears in the short and long lead time predictions (not
shown). The false warm SST peak in the east in fall
slackens the zonal SST gradients along the equatorial
Pacific. Thus, model errors could be amplified due to
the incorrect air–sea interactions in fall.

e. Global predictabilities during different ENSO
phases
Coupled models have difficulties in producing and
predicting the meridional broad structure of ENSO
SST anomalies and teleconnections in the extratropics
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(e.g., Barnett et al. 1993; Kirtman et al. 1997; Davey et
al. 2002). Figure 8 shows the spatial patterns of both
observed and predicted typical ENSO SST anomalies
during the peak phase, as calculated by one-half the
differences between three El Niño events (1986/87,
1991/92, and 1997/98) and three La Niña events (1984/
85, 1988/89, and 1999/2000). At the short lead time, the
model predicts ENSO magnitudes as strong as the observations with realistic meridional broadness in the
tropical Pacific (Figs. 8a,b). The cold SST anomalies in
the central North and South Pacific, the warm anomalies along the eastern boundary in the North Pacific, the
basinwide warm signals in the tropical Indian Ocean
and the cold anomalies near the western coast of Australia are well predicted. At 6- and 9-month lead times,
the meridional broadness of SST anomalies and the
ENSO teleconnections in the North and South Pacific
and Indian Ocean are successfully predicted (Figs.
8c,d). The predicted ENSO magnitudes in the equatorial Pacific, however, weaken slightly. The 12-month
lead time predictions also show a similar pattern of SST
anomalies but with much weaker magnitudes (not
shown). This is related to the fact that some of long
lead–predicted ENSO events are much weaker and delayed in the phase (see Fig. 5a).
Figure 9 shows the observed and predicted global
precipitation anomalies during the peak phase of
ENSO at 3-, 6-, and 9-month lead times. Associated
with El Niño events, for example, more rainfall appears
in the central and eastern equatorial Pacific, and less
rainfall does in the intertropical convergence zone
(ITCZ) and the South Pacific convergence zone
(SPCZ; Fig. 9a). In the tropical Indian Ocean, less
(more) rainfall is observed in the eastern (western) region. These precipitation changes are successfully predicted by the model at 3-, 6-, and 9-month lead times
(Figs. 9b–d). Besides, the drought in the northeastern
Brazil associated with the zonal Walker cell changes
and the flood near the eastern boundary in the North
Pacific and near the western coast of the southeastern
America associated with the Pacific–North American
(PNA) teleconnection are also well predicted. We note
that the model predictions show a systematic flood bias
over Indonesia at all three lead times. Whether it is due
to the insufficient resolution or deficiencies in model
physics requires further study.
SST anomalies during the developing phase of ENSO
[June–July–August (JJA⫹0)] are predicted realistically
(Fig. 10). In the summer when ENSO is growing, significant SST anomalies confined along the equatorial
Pacific have already appeared (Fig. 10a). Both the
equator-confined structure and magnitudes are predicted correctly at the 3-month lead time (Fig. 10b). At
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FIG. 8. SST anomaly differences in winter (from Dec to Feb) between the 1986/87, 1991/92,
and 1997/98 El Niño events and the 1984/85, 1988/89, and 1999/2000 La Niña events based on
(a) the observations and (b) 3-, (c) 6-, and (d) 9-month lead time predictions. Results have
been divided by 2 in order to show the typical ENSO magnitudes. Contour interval is 0.3°C
and thick solid lines denote zero contours.

6- and 9-month lead times, the equator-confined structure is predicted successfully but with much weakened
magnitudes (Figs. 10c,d). This is related to the fact that
some ENSO onsets are delayed in the model predic-

tions (see Fig. 5a). The warm SST anomalies in the
developing phase induce more rainfall in the central
equatorial Pacific and north of equator in the east, and
less rainfall in the eastern equatorial Indian Ocean, In-
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FIG. 9. Same as in Fig. 8, but for the global precipitation anomalies (contour: ⫾0.5, ⫾1, ⫾2,
⫾3 mm day⫺1 . . .). The observations are obtained from the Xie–Arkin (1996) analysis. Regions with positive values are shaded.

donesia, the SPCZ, the Caribbean area, and the north
equatorial Atlantic (Fig. 11a). These precipitation
changes are predicted at both short and long lead times
(Figs. 11b–d). The negative correlation between the Indian summer monsoon rainfall and ENSO has signifi-

cantly weakened during the last decades (Kumar et al.
1999). Indeed, observations show slight good summer
monsoons in the El Niño years during the past two
decades (Fig. 11a). The model, however, predicts a significant drought in India at the short lead times
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FIG. 10. Same as in Fig. 8, but for the global SST anomalies in summer (from Jul to Aug)
prior to the ENSO peak phase.

(Fig. 11b). In particular, a severe drought summer in
India is predicted in 1997 by the model at both short
and long lead times (not shown).
In the following summer after the ENSO year
(JJA⫹1), SST anomalies in the central and eastern
tropical Pacific become rather weak (Fig. 12a). Cold

anomalies start to appear in the equator. The weak but
meridionally broad SST anomalies are well predicted at
both short and long lead times (Figs. 12b–d). The zonally elongated cold anomalies in the North Pacific at
about 40°N are predicted amazingly well. The basinwide weak warm SST anomalies in the tropical Indian
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FIG. 11. Same as in Fig. 10, but for the precipitation anomalies (contour: ⫾0.25, ⫾0.5, ⫾1,
⫾1.5 mm day⫺1 . . .).

Ocean are predicted. Precipitation changes in the following summer after warm ENSO events show less
rainfall in the SPCZ, ITCZ, and in Indonesia (Fig. 13a).
More rainfall appears north of the equator in the eastern Pacific and south of the equator in the central region, which extends southeastward. In the equatorial

Indian Ocean, more summer rainfall appears after the
El Niño events. Those signals are successfully predicted
at both short and long lead times (Figs. 13b–d). The
flood near the western coast of India, however, is not
captured by the model. In east Asia, less rainfall appears in the south (east of the Philippines) and more
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FIG. 12. Same as in Fig. 8, but for the global SST anomalies in the following summer (from
Jul to Aug) after the ENSO peak phase.

rainfall appears in the north (near Japan). This is associated with the east Asian summer monsoon system.
They are successfully predicted at both short and long
lead times. Precipitation changes in the tropical Atlantic and the flood in the southeastern Brazil are also

predicted. However, the model tends to produce more
rainfall north of the South China Sea and north of Indonesia; this is opposite to the observations. The summer global drought/flood signals after ENSO are also
predicted at the 12-month lead time (not shown).
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FIG. 13. Same as in Fig. 12, but for the precipitation anomalies (contour: ⫾0.25, ⫾0.5, ⫾1,
⫾1.5 mm day⫺1 . . .).

4. Predictabilities in the tropical Atlantic and
Indian Oceans
The interannual climate variations in the tropical Atlantic and Indian Oceans are affected by both the remote influence of ENSO and local air–sea interactions.

The climate signals in these two basins are rather weak
compared to ENSO. Therefore, to enhance seasonal
predictabilities in these two basins is a challenge (see
Fig. 4). In particular, to predict interannual variations
due to local air–sea interactions in the equatorial Atlantic and Indian Ocean is not easy even at short lead
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FIG. 14. Same as in Fig. 5, but for the observed and predicted SST anomalies in the
tropical North Atlantic (10°–20°N, 60°–40°W).

times. Nevertheless, in some regions, for example, the
tropical North Atlantic and southwestern Indian Ocean
where the interannual variations are largely affected by
ENSO, the model shows significant predictabilities.
Figure 14a shows the SST anomalies in the tropical
North Atlantic (10°–20°N, 60°–40°W) from observations and model predictions at 3-, 6-, 9-, and 12-month

lead times. Observations show that the SST anomaly in
this region has a maximum positive correlation of 0.48
with the Niño-3.4 SST index at the 6-month lag. The
interannual SST changes are largely predicted even at
long lead times except for the false alarms of warm
events in 1991 and 1992 and a cold event in 1997 (see
colored lines in Fig. 14a). The model produces skillful
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FIG. 15. Same as in Fig. 14, but for the SST anomalies in the tropical southwestern Indian
Ocean (20°–10°S, 50°–70°E).

predictions until the 7-month lead time with no apparent initial shock (Fig. 14b). The rmses grow as the lead
time increases; but they are still smaller than one standard deviation (0.34°C) of the observed SST anomaly
until the 12-month lead time (Fig. 14c).
SST changes in the tropical southwestern Indian
Ocean (20°–10°S, 50°–70°E) show a close relationship

with ENSO (Fig. 15a; see also Xie et al. 2002). The
correlation between them reaches 0.63 at the 3-month
lag. Correspondingly, the model predicts all interannual
variations associated with the past 20-yr ENSO episodes even at the 12-month lead time without any false
alarm. The weak signals in 1993–95 in the absence of
ENSO events are almost unpredictable. The model
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FIG. 16. Same as in Fig. 15, but for the SST anomalies in the eastern equatorial Indian
Ocean (10°S–0°, 90°–110°E).

ACC skill scores of the ensemble mean predictions
reach 0.6 at the 12-month lead time (Fig. 15b). Again,
there is no apparent initial shock. The rmses are much
smaller than one standard deviation (0.34°C) of the observed SST anomaly in this region even for the 12month lead time predictions (Fig. 15c).
SST in the eastern equatorial Indian Ocean (10°S–0°,
90°–110°E) shows high-frequency variations (Fig. 16a).

It has very weak negative correlations with the Niño-3.4
SST index at 0- and 1-month lags. This suggests some
independence to ENSO (e.g., Saji et al. 1999). The correlations, however, become positive and reach 0.37 at
the 7-month lag. The model predicts the high-frequency
fluctuations in this region but with a considerable number of false alarms (see colored lines in Fig. 16a). The
extreme Indian Ocean dipole (IOD) event in 1994 is
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predicted at the 6-month lead time (see also Wajsowicz
2005). The model, however, fails to predict the cold
event in 1997. Strong or weak signals associated with
the ENSO events, for example, in 1983, 1987, 1989,
1992, 1998, and 2000, are predicted as long as at the
12-month lead time. The model ACC skills decrease
rapidly from 0.95 at the 1-month lead time to ⬃0.6 at
the 4-month lead time (Fig. 16b). At long lead times,
the prediction skills slightly rebound probably due to
the delayed ENSO influences. Rmses of the model predictions increase rapidly to about 0.35°C at the 7-month
lead time, comparable to one standard deviation of the
SST anomaly there (Fig. 16c).
It is interesting that the model also shows a significant predictability near the western coast of Australia
(see Fig. 4). SST in that region (22°–12°S, 95°–115°E)
has a weak negative correlation of ⫺0.24 with the Niño3.4 SST index (see also Fig. 8) with no delayed ENSO
influence. Interestingly, SST variations in this region
show pronounced decadal signals with a high persistence of ⬃0.35 at the 12-month lag (Figs. 17a,b). Such
dominant decadal signals can be predicted at long lead
times (see colored lines in Fig. 17a). Model ACC skills
reach above 0.6 at the 12-month lead time with rmses
smaller than one standard deviation (0.38°C; Figs.
17b,c).
We note that the ensemble spread among the five
members in the tropical Indian Ocean are larger than
those in the Niño-3.4 region and the tropical North
Atlantic (see short dashed lines in Figs. 5b, 14b, 15b,
16b, and 17b). This could be related to the strong intraseasonal signals over the equatorial warm SST and
the seasonal migration of monsoon winds in the Indian
Ocean. Wind stress modifications by the ocean surface
current with different coupling physics could be much
different in the presence of strong surface wind and
ocean current changes.

5. Summary and discussion
In this study, we have investigated the seasonal climate/ENSO predictability for the period 1982–2001
based on the SINTEX-F coupled GCM. To produce
ensemble forecasts, we have perturbed the coupling
physics for each member by taking ocean surface current into account for wind stress calculations in different ways (Luo et al. 2005). This accounts for the uncertainties not only in the initial conditions but also in the
model physics. Compatible initial conditions between
the atmosphere and ocean are generated using the
simple coupled SST-nudging scheme with a strong restoring coefficient to the observations. The initial shock
of forecasts has been largely reduced.
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The model hindcast results show a high predictability
of ENSO. All the warm and cold events in the past 20
yr, including the strongest 1997/98 El Niño episode, are
predicted successfully. The model ACC skill scores
reach above 0.7 at the 12-month lead time with the
rmses much smaller than one standard deviation of the
Niño-3.4 SST index. The predicted magnitudes for
some particular ENSO events, however, are weakened
with a phase delay at mid and long lead times. This
seems to be related to the unpredicted intraseasonal
wind bursts in the western equatorial Pacific beyond a
few months lead. The model also shows a “spring prediction barrier” similar to that in observations as expected from its good capture of seasonal phase locking
of ENSO. The spatial pattern of ENSO SST anomalies
and teleconnections during the developing (summer),
peak (winter), and ending (following summer) phases
are predicted at both short and long lead times. Correspondingly, the global drought/flood associated with
three ENSO phases are predicted successfully over the
9-month lead time. This implies potential societal impacts of the long lead ENSO forecasts. The negative
relationship between the Indian summer monsoon rainfall and ENSO, however, is overestimated in the model
predictions. Besides, the model rainfall predictions
show systematic biases near the Maritime Continent in
the western Pacific. Model calibrations may reduce
those systematic biases.
The model results show significant predictabilities in
the tropical North Atlantic and southwestern Indian
Ocean, where the SST changes are largely affected by
ENSO. The ACC scores in the two regions reach about
0.6 at 7- and 12-month lead times, respectively. In the
eastern equatorial Indian Ocean, where the local air–
sea interactions are active and the signals fluctuate
more frequently, the model shows skillful predictions
only up to about one season lead. However, the extreme IOD event in 1994 is predicted at the 6-month
lead time. Signals associated with the ENSO events are
still able to be predicted at long lead times. Interestingly, SST changes near the western coast of Australia
can be skillfully predicted at long lead times even without significant ENSO influences. This is due to the
dominant decadal signals there.
Success of the coupled nudging scheme for initialization depends crucially on the model performance. Since
the SINTEX-F CGCM realistically simulates the climatology and ENSO in the tropical Pacific, the simple
SST-nudging scheme is able to generate realistic subsurface information and surface wind changes along the
equatorial Pacific including several intraseasonal wind
bursts in the west. In the eastern part, however, the
model-produced mean themocline is too shallow. This
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FIG. 17. Same as in Fig. 16, but for the SST anomalies near the western coast of Australia
(22°–12°S, 95°–115°E).

affects the climate drifts during forecasts. Away from
the equatorial region, where mechanisms for generating subsurface variations are rather complicated, errors
in the initial oceanic conditions could be more severe.
This tends to affect the ENSO predictions at long lead
times. Assimilating subsurface observations into the
OGCM in a coupled mode shall reduce those errors
substantially. This is to be explored in our future work.
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