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Abstract The influence of ocean–atmosphere coupling
on the simulation and prediction of the boreal winter
Madden–Julian Oscillation (MJO) is examined using the
Seoul National University coupled general circulation
model (CGCM) and atmospheric—only model (AGCM).
The AGCM is forced with daily SSTs interpolated from
pentad mean CGCM SSTs. Forecast skill is examined
using serial extended simulations spanning 26 different
winter seasons with 30-day forecasts commencing every
5 days providing a total of 598 30-day simulations. By
comparing both sets of experiments, which share the same
atmospheric components, the influence of coupled ocean–
atmosphere processes on the simulation and prediction of
MJO can be studied. The mean MJO intensity possesses
more realistic amplitude in the CGCM than in AGCM. In
general, the ocean–atmosphere coupling acts to improve
the simulation of the spatio-temporal evolution of the
eastward propagating MJO and the phase relationship
between convection (OLR) and SST over the equatorial
Indian Ocean and the western Pacific. Both the CGCM
and observations exhibit a near-quadrature relationship
between OLR and SST, with the former lagging by about
two pentads. However, the AGCM shows a less realistic
phase relationship. As the initial conditions are the same in
both models, the additional forcing by SST anomalies in
the CGCM extends the prediction skill beyond that of the
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AGCM. To test the applicability of the CGCM to real-time
prediction, we compute the Real-time Multivariate MJO
(RMM) index and compared it with the index computed
from observations. RMM1 (RMM2) falls away rapidly to
0.5 after 17–18 (15–16) days in the AGCM and 18–19 (16–
17) days in the CGCM. The prediction skill is phase
dependent in both the CGCM and AGCM.
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1 Introduction
The low-frequency intraseasonal oscillation (ISO), often
referred to as Madden–Julian oscillation (MJO; Madden
and Julian 1972, 1994), is a dominant mode of tropical
variability accounting for a large percentage of convective
variance in the tropics. The ISO/MJO is important because
of its considerable influence on monsoon dynamics, generating active and break phases of convection during the
South-East Asian and Australian monsoons, on general
weather and climate variability and as an important part of
the ENSO cycle (Lau and Chan 1986; Kang et al. 1989,
1999; Ferranti et al. 1990; Webster et al. 1998; Bergman
et al. 2001; Han et al. 2001; Lawrence and Webster 2001,
2002; Jones et al. 2004a, b; Hoyos and Webster 2007; Kim
et al. 2008a, among others). Overall, the ISO has a large
impact on global medium- and extended-range forecast
skill (Chen and Alpert 1990; Hendon et al. 2000; Jones and
Schemm 2000; Webster and Hoyos 2004).
However, even the state-of-the-art dynamical models
experience severe deficiencies representing the ISO/MJO
with skillful forecasts only extending to 7–10 days (Chen
and Alpert 1990; Lau and Chang 1992; Schemm et al.
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1996; Jones et al. 2000; Seo et al. 2005). Recent observational and modeling studies have shown that the ocean–
atmosphere coupling is crucial for the maintenance of the
ISO/MJO. Furthermore, incorporating ocean–atmosphere
coupling into a model improves the ISO/MJO simulation in
terms of its activity, propagation characteristics, seasonality, and predictability (Waliser et al. 1999a; Woolnough
et al. 2000; Webster et al. 2002; Fu et al. 2003; Fu and
Wang 2004a, b; Rajendran et al. 2004; Rajendran and
Kitoh 2006; Zheng et al. 2004; Fu et al. 2007; Woolnough
et al. 2007; Kim and Kang 2008, among others).
Kim et al. (2008b, hereafter KHWK08) examined the
influence of sea surface temperature (SST) on the simulation and predictability of the MJO using serial extended
forecast integrations of the Seoul National University
Atmospheric General Circulation Model (SNU AGCM).
The serial runs were performed by prescribing observed
SST with monthly, weekly and daily temporal resolutions
and the results of the integrations illustrated that higher
temporal SST resolution improves the simulation and
potential predictability of the MJO intensity and eastward
propagating characteristics. However, with an AGCM, the
phase relationship between convection and SST becomes
distorted as the forecast lead time increases even when
using the daily SST. KHWK08 concluded that the explicit
ocean–atmosphere coupled processes must be crucial for a
better simulation and higher predictability of the MJO. This
manuscript constitutes an extension of KHWK08, comparing extended forecasts performed with a Coupled GCM
(CGCM) and an AGCM using a similar experimental
framework.
Recently, Woolnough et al. (2007) examined the role of
air–sea coupling on MJO forecasts using series of forecasts
initialized daily for 47 days of the Tropical Ocean Global
Atmosphere Coupled Ocean Atmosphere Response
Experiment (TOGA-COARE) period. The study found an
improvement of the MJO forecast skill by including ocean–
atmosphere coupled processes. Fu et al. (2007), focusing
on the summer ISO, also showed the inclusion of an
interactive ocean significantly extended the theoretical
limit of ISO predictability. In this paper, we also examine
the differences and similarities of MJO simulation and
prediction between coupled and atmospheric-only models.
However, this work has significant differences to earlier
studies.
The first distinctive difference is the focus on the
practical prediction skill rather than the potential predictability of the ISO/MJO. Several studies have indicated the
importance of ocean–atmosphere coupling on the ISO/MJO
prediction for both summer and winter (Fu et al. 2007;
Pegion and Kirtman 2008). For example, Fu et al. (2007)
focused on the impact of ocean–atmosphere coupling and
SST variability on potential predictability for boreal
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summer ISO using series of twin perturbation experiments
for selected events relative to a 15-year coupled control
run. Pegion and Kirtman (2008) also investigate the
importance of ocean–atmosphere coupling on the boreal
winter ISO predictability using the NCEP operation climate model in a ‘‘perfect’’ model experiment. These
studies are based on the hypothesis that the model is perfect, thus no model errors are considered. The potential
predictability was estimated by evaluating the control
simulation and the spread between different ensemble
members. Previous studies described a potential predictability limit for the ISO/MJO corresponding to *15 days
for precipitation and 20–30 days for circulation fields
(Waliser et al. 2003; Liess et al. 2005; Fu et al. 2007;
Pegion and Kirtman 2008).
However, in addition to potential predictability, there is
also a need to examine the ‘practical’ prediction skill in
coupled and uncoupled extended true-forecasts. As the
dynamical models are not perfect, and include much of
model errors, the practical predictability limit is expected
to be far less than that of the potential predictability. For
practical prediction, however, it is important to investigate
how well dynamical models forecast the MJO when they
include all the errors related to the dynamical model itself,
as well as errors in boundary and initial conditions.
Recently, Agudelo et al. (2008), using a serial extended
forecast framework for boreal winter 1992/1993 with the
ECMWF monthly forecast system, estimated that the
overall forecast skill for circulation features (including
model initial and boundary condition errors) was considerably higher than for convection-related processes with a
useful (or ‘practical’) forecast lead time of 13 and 8 days,
respectively.
It has to be emphasized that the short-term simulation
characteristics may be quite different from the characteristics of long-term simulation. This is because the shortterm simulation is influenced by initial conditions and is
not affected as much as the long-term simulation by model
biases that affect the model’s capability to represent the
MJO. Figure 1 shows the standard deviation of 20–100 day
filtered precipitation in winter (NDJFM) for observed
precipitation (CMAP, 1979–2005) and for the 20-year
CGCM simulation. The coupled model is the same version
used for the short-term predictions made in this paper. The
long term MJO simulation variability is far weaker in
intensity than that observed. However, the short-term
simulations are quite different (Fig. 2). Therefore, it is
useful to explore practical predictability even if the model
is not perfect.
The study of Woolnough et al. (2007) is the only
recent work that estimates the role of ocean–atmosphere
coupling in practical prediction skill of MJO. However,
their experiment is limited in the number of forecast cases,
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Fig. 1 Standard deviation of
the 20–100 day filtered
precipitation (units: mm/day)
in NDJFM for a observed fields
and b 20-year CGCM
simulation. Solid line contour
interval is 2 mm/day with the
first contour at 2

since it only examines the winter of 1992/1993 during
TOGA COARE. Previous studies revealing a dynamical
MJO predictability of 7–10 days are also limited in their
evaluation of forecast skill due to the length of the integrations and the number of cases explored (Chen and
Alpert 1990; Lau and Chang 1992; Schemm et al. 1996;
Jones et al. 2000; Seo et al. 2005). This problem is addressed
in the present study by performing model experiments
during 26 different boreal winters (1980–2005) similar to
KHWK08.
The third distinctive difference from previous studies is
the implementation of a fair comparison between the
CGCM and AGCM integrations. Woolnough et al. (2007)
compared the coupled model results with an experiment
using persistence of the SST initial conditions. While these
results provide valuable information of coupled and
uncoupled models in practical prediction situations, the
differences in forecasting skill between control and persistence runs cannot isolate the effect of ocean–atmosphere
coupling, since they do not use the same SST as a boundary
forcing. We compare the MJO simulation and forecasts
in CGCM and AGCM runs by forcing the AGCM with
pentad mean SSTs derived from the CGCM. Using the
CGCM and AGCM with same boundary forcing, as well
as the extended serial integrations framework, we can
quantify the ocean–atmosphere coupling effect, not only on

simulation aspects of the MJO, but also on its prediction
skill. The experimental framework and information about
the models used in this work are presented in Sect. 2.
Results of the simulation and prediction are in Sects. 3 and
4. Section 5 provides a synthesis and a perspective of the
results.

2 Experimental framework and data sources
The Seoul National University atmospheric general circulation model (SNU AGCM, Kim et al. 1998) is used in the
study with a triangular truncation at wave number 42 (T42)
and with 20 vertical levels. The major physical parameterizations of the model are the simplified Arakawa–
Schubert scheme for convection (Moorthi and Suarez
1992), the k-distribution scheme for radiation (Nakajima
and Tanaka 1986), a land surface model by Bonan (1998),
a non-local PBL/vertical diffusion scheme (Holtslag and
Boville 1993) and an orographic gravity wave drag
parameterization (McFarlane 1987). Further details of the
model are documented in Kim and Kang (2008). The
AGCM is forced with daily SSTs interpolated from pentad
mean CGCM SSTs.
The SNU coupled general circulation model (CGCM)
uses the same AGCM as described above. The ocean
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Fig. 2 Long-term time average
of the standard deviation of
filtered precipitation (units: mm/
day) of 26 boreal winters from
1980/1981 to 2005/2006 for a
observed fields, b CGCM and c
AGCM for the entire forecast
lead time. Solid line contour
interval is 2 mm/day with the
first contour at 2

component is MOM2.2 Oceanic GCM, developed by the
Geophysical Fluid Dynamic Laboratory (GFDL). There
are 32 vertical levels with 23 levels in the upper 450 m.
A mixed layer model (Noh and Kim 1999) is embedded
within the ocean model. The ocean model communicates
with the atmospheric model once per day, exchanging SST,
wind stress, fresh water flux, long and shortwave radiation,
and turbulent fluxes of sensible and latent heat. No flux
correction is applied. Details of SNU CGCM are documented in Kug et al. (2007). To obtain the initial ocean
conditions, the CGCM is integrated by prescribing the
salinity and temperature from NCEP Global Ocean Data
Assimilation System (GODAS).
The same extended forecast experimental framework of
KHWK08 (see Fig. 2 in KHWK08) is used in the present
study with 30-day serial integrations across 26 boreal
winters. Each experiment consists of a 30-day forecast
initialized successively every 5 days (00Z) using the
NCEP-NCAR reanalysis-2 as initial condition (Kanamitsu
et al. 2002) for all years between 1980/1981 and 2005/2006
starting November 6. The 30-day forecast is repeated
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starting November 6 and every 5 days up to February 24.
In total, 598 30-day serial forecasts were performed.
Anomalies are calculated by removing the 26-year climatology for each 30-day forecasts at each grid point. The
monthly mean OISST (Reynolds et al. 2002) is used to
remove interannual variability and also to construct an
ENSO index. The interannual variability associated with
the ENSO index, based on a time series of NINO 3.4 SSTs,
is then removed. The monthly ENSO index is interpolated
to a daily time series, and a linear regression relationship is
calculated with the daily fields at each grid point. Then, the
ENSO-related component of each field is subtracted from
the value at each grid point. Moreover, to remove further
aspects of interannual variability, decadal variability and
trends, a 120-day mean of the previous 120 days (including
observations) is subtracted. Finally, to emphasize the intraseasonal variability, we use a 5-day moving average in
each of the forecast segments to remove the high frequency
variability. The days prior to the 30-day forecast are padded with two days of analyses before the moving average is
applied.
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The same procedure is applied to the observed fields to
allow a fair comparison with experimental fields. We use
velocity potential anomaly at 200 hPa (hereafter VP200)
and zonal winds from the NCEP-NCAR R2, outgoing longwave radiation (OLR) from National Oceanic and Atmospheric Administration (NOAA) polar-orbiting satellites,
and observed pentad mean precipitation from the Climate
Prediction Center Merged Analysis of Precipitation
(CMAP, Xie and Arkin 1997) that is interpolated to daily
time scales. All data are interpolated to a spatial resolution
of 2.8125 9 2.8125 to match the model resolution.

3 ISO/MJO simulation
3.1 Mean ISO/MJO intensity
The ISO/MJO intensity metric is the standard deviation of
intraseasonally filtered precipitation calculated for both
observations and simulated fields for each forecast lead
time. Figure 2 shows the global distribution of the mean
ISO/MJO intensity from 1-day to 30-day forecast lead
times for the observation, CGCM, and AGCM runs.
Overall, the largest intensity of precipitation is coincident
with the regions of largest seasonal mean precipitation
(e.g., Hoyos and Webster 2007) occurring over the Indian
Ocean and the South Pacific Convergence Zone (SPCZ).
Results from CGCM (Fig. 2b) and AGCM (Fig. 2c) show
similar patterns to the observed fields as the same SST is
shared among the models. But there are regional differences in amplitude in the southern part of the Indian Ocean

and western Pacific. By including the ocean–atmosphere
coupling processes, the ISO/MJO amplitude in SPCZ is
simulated better in the CGCM with stronger variability
than in the AGCM. The strong intensity in the AGCM over
the Indian Ocean is weaker in the CGCM. However, the
strong intensity over the western Pacific is still present in
both models.
3.2 MJO propagation
Empirical orthogonal function (EOF) analysis is performed
on the filtered VP200 anomalies for each forecast lead time
in the tropical strip (from 40S to 40N) in a similar
manner to KHWK08, and shows that the eastward propagating mode (MJO) is the dominant tropical ISO mode.
Observations (Fig. 3a, b) show a dipole pattern in both
leading EOFs with a quarter-cycle phase difference
between the two principal components that represent the
well-known eastward propagating pattern of the MJO (e.g.
Lorenc 1984). Although there are slight differences in
phase and magnitude, the pattern of the leading eigenvectors for both the uncoupled and coupled experiments is
similar to observations throughout the forecast time.
Therefore, only the 10-day forecast pattern is shown
(Fig. 3).
Figure 4 shows the percentage of filtered variance captured by the two leading EOFs. Although the pattern of the
eigenvectors is very similar (Fig. 3), the percentage of
variance in each of experiment differs as the forecast lead
time increases. At the beginning of the forecast, the percentage is similar to observations (about 64%). However,

Fig. 3 The first (left) and
second (right) EOF of 10-day
forecast for filtered velocity
potential at 200 hPa (VP200)
from observed fields (top),
CGCM (middle), and AGCM
(bottom)
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Fig. 4 Percentage of filtered variance accounted by the first two
EOFs of filtered VP200 as a function of forecast lead-time for the
CGCM (solid) and AGCM (dashed). The observed value is 64.3%

as the lead time increases the variance decreases gradually
in both the CGCM and AGCM experiments. After day 15,
though, the variance in the CGCM oscillates near 50%
while the AGCM continue decreasing. These results indicate that, in spite of the similar spatial pattern of the
eigenvectors in both experiments, the leading modes represent the eastward propagating MJO more clearly when
the ocean–atmosphere coupling is included.
The eastward propagating nature of the MJO is manifested by a lead and lag correlation between the two
principal components (PCs). Figure 5 shows the lag correlation between the PCs of the two leading modes for
forecast lead times 5, 10, 15 and 20 days. The observation

Fig. 5 Lag correlation
coefficients from observations
(solid line), CGCM (dashed
line), and AGCM (dashed-dot
line). A negative lag means the
second principal component
(PC2) leads the first (PC1)
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curve is the same for all lags and leads. At the beginning of
forecast (Fig. 5a), the shape of the correlogram is very
similar to observations in both experiments, with a peak
when PC1 lags PC2 by 10 days (two pentads). As the
forecast lead time increases (10 and 15 days) the relationship between PCs decreases in both experiments.
However, the shape still indicates eastward propagation of
intraseasonal anomalies in CGCM run (Fig. 5b, c). For
day-20 (Fig. 5d), the correlation coefficients in the experiments are considerably lower than for the observations.
The CGCM results show a slightly better result than
AGCM suggesting that the ocean–atmosphere coupling
improves the simulation of the eastward propagation
associated with the MJO.
A wavenumber–frequency analysis is used to quantify
the propagating characteristics of different modes over the
tropics. In order to study further the MJO eastward propagation, the average wavenumber–frequency spectra of
unfiltered VP200 anomalies, including all forecasts lead
times, are examined (Fig. 6) in the same manner as in
KHWK08. The spectra are computed by Fourier transforming latitudinal segments averaged between 10S and
10N for each year and at each forecast lead day, and then
averaged over all 26-years and all forecast lead days from
1-day to 30-day. A positive (negative) zonal wavenumber
means eastward (westward) propagating wave. The power
in the wavenumber–frequency spectrum for observations is
concentrated in the eastward propagating modes, especially
in MJO timescales which is manifested as a broad peak

H.-M. Kim et al.: Ocean–atmosphere coupling and the boreal winter MJO

Fig. 6 Wavenumber–frequency power spectra computed for the equatorial band (10S–10N) for VP200 averaged from 1-day to 30-day
forecasts: a observed, b CGCM, and c AGCM. (Units: 1012 m4s-2)

located between 30 and 80 days and near wavenumber 1
(Fig. 6a). The spatio-temporal characteristic of eastward
propagating MJO is reproduced by both experiments with
weaker amplitude compared to observations (Fig. 6b, c).
Although the magnitude is weaker and the peak is slightly
shifted to longer periods than in the observations, the
temporal and spatial scale of the CGCM experiment is in
better agreement with observations than the AGCM. The
difference between CGCM and AGCM is more obvious if
the spectra are computed for the lead days after 15-day (not
shown).
3.3 Ocean–atmosphere coupling
The weaker eastward propagating MJO of the AGCM
compared to CGCM is due to the loss of a coherent
evolution between convection and the underlying SST
anomalies related to the MJO (e.g. Waliser et al. 1999a;
Woolnough et al. 2000; Rajendran and Kitoh 2006). As
in KHWK08, the limitations of improvement of MJO
simulation and prediction using high frequency SSTs is
caused in part by the unrealistic phase relationship
between collocated convective and SSTs anomalies. In
the AGCM experiment, the MJO-related fluxes have no
influence on the SST and the convection adjusts to a
location where the SST is most favorable, resulting in a
near in-phase relationship between OLR and SST
anomalies. However, in nature, the MJO variations of
SST not only influence the convection and surface convergence but, at the same time, they are influenced by the
atmospheric state. KHWK08 concluded that it is not
possible to reproduce a realistic phase relationship by
using an AGCM and suggested the problem could be
overcome by including the ocean–atmosphere coupling
processes.

To investigate the change of convection–SST phase
relationship with increasing forecast lead time, we calculate the lagged correlation between filtered OLR and SST
anomalies in a similar manner to KHWK08. Rigorously
speaking, the SST anomalies are the daily mean surface
temperature from the model simulation. Here, we refer to it
as ‘‘SST’’ because the data over the ocean region is used.
Correlation coefficients are calculated for each 30-day
forecast. 598 30-day forecast segments (26-year 9
23 segments/year) are used for obtaining the lead–lag
correlation coefficients each of which consists of 29 days
(-14, …, ?14 day lag). Figure 7 shows the correlation
coefficients as a function of forecast lead time averaged
over the equatorial Indian Ocean (70-95E, 5S–5N). In
the observations (Fig. 7a), the positive OLR anomalies
(suppressed convection) lead enhanced SST and negative
OLR (active convection) follow enhanced SST after
several days.
In the CGCM experiment (Fig. 7b), the phase relationship between SST and convection is more similar to
observations than in the AGCM experiment (Fig. 7c). It
should be noticed that, even in the CGCM, the phase
relationship does not match well with observations at the
beginning of the forecast. This implies that optimal initialization, which is targeted to improve the intraseasonal
phase relationships between the SST and convection, is
needed for better ISO/MJO simulations. However, as the
forecast lead time increases, the relationship adjusts to a
quadrature phase relationship similar to that observed. A
distinctive separation between negative and positive values
of correlation appears after forecast day-4 (Fig. 7b).
However, the AGCM shows an almost in-phase relationship through all forecast lead time (Fig. 7c). At 4-day
forecast, the convection and SST show a quadrature phase
relationship similar to the CGCM, but rapidly adjusts to an
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Fig. 7 Lag–correlation
coefficients between filtered
OLR and SST anomalies over
the Indian Ocean (70–95E,
5S–5N, left panel) and the
western pacific (120–140E,
5S–5N, right panel) from
observations (top), CGCM
(middle), and AGCM (bottom)
as a function of forecast lead
time. From the observed fields,
positive SST leads enhanced
convection

in-phase relationship. Similar results are observed over the
western Pacific region (120–140E, 5S–5N, Fig. 7d–f).
The similarity between AGCM and CGCM experiments at
the beginning of the forecasts results from the direct
influence of the prevailing phase relationship between
atmospheric initial condition and SST boundary condition.
At the beginning, the AGCM can also maintain a quadrature relationship to some extent; however, considerable
differences with observations appear as the lead time
increases due to the lack of ocean–atmosphere coupled
processes.

4 MJO prediction
We have shown that the CGCM produces a more realistic
MJO simulation compared to the AGCM in terms of the
intensity, eastward propagation, and the convection–SST
relationship. In this section, we will assess the impact of
ocean–atmosphere coupling on the practical prediction
skill using series of prediction segments.
4.1 MJO index
In previous studies of the MJO prediction, a major problem
in real-time prediction is the extraction of the intraseasonally
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varying component without the use of time filtering. Recently,
(Wheeler and Hendon (2004), hereafter WH04) developed an
index for monitoring and predicting the MJO in real-time
without the necessity of performing time filtering to identify
the MJO features. This index is based on the combined
EOFs of the observed OLR, 850 and 200 hPa zonal winds.
In this study, the MJO prediction is verified using a method
based on the WH04 MJO index.
The combined EOF analysis is performed using daily
mean anomalies from a 28-year data from 1979 to 2006.
Before conducting the EOF analysis, the seasonal cycle is
removed by subtracting the time average and first three
harmonics for the period of 1979–2006. Then, for removing the interannual variability, the monthly mean OISST
(Reynolds et al. 2002) from 1979 to 2006 are used to
construct an ENSO index (NINO 3.4 index). The interannual variability that is associated with the ENSO index is
then removed. This differs from WH04, where the first
rotated EOF of Indo-Pacific SSTs was used. The monthly
ENSO index is interpolated to a daily basis, and linear
regression relationship is calculated with the daily field at
each grid point. Then, the ENSO-related component of
each field is subtracted from the value at each grid point.
Finally, a 120-day mean of previous 120 days is subtracted
to remove further aspects of interannual variability, decadal variability and long term trends. The anomalies of the
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three variables were averaged over latitudes from 15S to
15N and normalized by the square-root of their zonalaveraged temporal variance. Using the equatorially-averaged variables, a combined EOF analysis was performed
based on the covariance matrix of the daily fields. The
leading pair of principal components (PC) time series is
known as the Real-time Multivariate (RMM) MJO index.
The first mode is referred to as RMM1 and the second as
RMM2.
Figure 8 shows the longitudinal structure of the first two
combined EOFs, which describe variations associated with
the MJO. The two leading modes describe 11.61 and
11.13% of the variance, respectively. The positive phase of
EOF1 describes active convection over the Maritime continent region while the positive phase of EOF2 describes
the suppressed convection over the Indian Ocean and
active convection over the western Pacific. Observation
and forecasts can be projected onto the two leading EOFs
to describe the MJO phase in terms of two time series,
RMM1 and RMM2. These two modes have been documented to represent the propagating nature of the MJO at
different phases (WH04). Kim (2008) in Fig. 1.3 showed
that these two indices are sufficient to explain much of the
tropical MJO variability.
4.2 MJO forecast skill
In order to obtain a forecast of the MJO index, predicted
zonal winds and OLR anomalies are used. The same procedure, described earlier to remove the interannual, decadal
variability and trend, is performed on the model output.
Using the equatorially-averaged variables, the observed
combined EOF basis (Fig. 8) is projected on the predictions to obtain the leading pair of principal components
(PC) time series (predicted RMM1 and 2). These indices
are then rescaled to pentad resolution.
To study the extended prediction skill of the experiments, the correlation between observed and predicted
RMM time series at different forecast lead days is computed (Fig. 9). The skill among experiments is very similar
for forecast lead time up to 5-day with correlations in
excess of 0.9 for both RMM1 and RMM2. After 10 day,
the forecast skill for CGCM and the AGCM begins to
separate for both RMM1 and RMM2. After the separation,
the forecast skill for RMMs in the CGCM is considerably
better than that in the AGCM through the remainder
forecast lead time. The skill of RMM1 (RMM2) falls away
rapidly to 0.5 after 17–18 (15–16) days in the AGCM and
18–19 (16–17) days in the CGCM. The skill falls continuously until the end of forecasts with higher correlations
for the CGCM experiment than for the AGCM. By using
the RMM as a predictand in dynamical models, Vitart et al.
(2007) and Seo et al. (2009) shows that the skill of MJO is

Fig. 8 Longitudinal structure of the first two combined EOFs of the
OLR (solid line), zonal wind at 850 hPa (U850, long dashes), and
200 hPa (U200, short dashes), respectively. Each field is normalized
by its global longitudinal variance before the EOF analysis. The
variance explained by the respective EOFs is 11.61 and 11.13%,
respectively

Fig. 9 Correlation coefficients between predicted and verifying
values of RMM1 (solid) and RMM2 (dash) for CGCM (red), and
AGCM (blue). Correlations are shown as a function of forecast lead
time

near 14–15 days. Especially, Seo et al. (2009) shows the
skill in dynamical prediction is nearly the same as that of
the best statistical model. The forecast skill in this study is
extended than previous results.
Figure 10 displays a longitude–time diagram of the filtered VP200 anomaly averaged over the tropical belt for
1992/1993 winter. The TOGA–COARE period was selected when two large MJO events occurred. We focus on the
forecast starting on 31 December 1992 to make it easier to
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Fig. 10 Equatorial longitude–
time sections of the filtered
VP200 anomalies (shading
interval 2 9 106m2 s-1)
averaged across the band
10S–10N starting from 31
December 1992 over 25 day
forecasts for a OBS, b CGCM,
and c AGCM

compare it with previous studies (Vitart et al. 2007;
Woolnough et al. 2007). Observations show (Fig. 10a), a
strong MJO initiated over the Indian Ocean which moves
eastward followed by, after 10–15 days, a new MJO convective initiation which also propagates eastward. The
eastward propagation in both models (Fig. 10b, c) is not
consistent with observations as the second convection is
not predicted. However, the CGCM follows the observed
propagation throughout the tropics, while the AGCM does
not cross the dateline.
Improvement in the extended forecast skill in CGCM
indicates the vital role for ocean–atmosphere coupling in
the maintenance and propagation of the MJO. As mentioned in above and in previous studies (Fu et al. 2007;
Kim and Kang 2008), the improved simulation in coupled
model is most likely due to the ability to capture the
interactions between the atmosphere and underlying ocean
that result in a more realistic phase relationship between
SST and convective anomalies. As the initial conditions are
the same in both models, the additional SST–convective
anomalies feedback in the CGCM extends the prediction
skill compared to the AGCM.
4.3 Forecast sensitivity to the MJO initial phase
The characteristics of the amplitude and propagation during the various ISO/MJO phases are different and are likely
to affect extended range forecast skill. For example,
Agudelo et al. (2006) found that the extended forecast
skill of the active convective periods associated with ISO is
poor when initialized at the early stages of the transitional
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phases (break to active convection) and that the forecast
skill increases substantially when the model is initialized
with the correct positive lower-tropospheric moisture
anomalies (late stages of the transition phase). Also, Fu
et al. (2007) examined the dependence of summer ISO
potential predictability on active and break phases of the
ISO defined by the eastern equatorial Indian Ocean filtered
rainfall anomalies. They showed the active-to-break phase
is more predictable than the break-to-active phase. In
addition, they showed that the minimum predictability
occurs when the forecasts start from the transition phase.
Both studies suggest that the phase dependence of the
forecast skill should be considered in the analysis. However, previous studies of the ISO/MJO prediction have not
examined the phase dependency using a comprehensive
serial run experiment. In this section, we will investigate
the dependency of prediction skill on the phase of MJO at
the start of the forecast for both CGCM and AGCM
predictions.
First, as in WH04, the RMM indices are divided by
eight phases that correspond to different locations of
large-scale convection over the tropics. The eight phases
represent the eastward propagating MJO. For example,
phase 1 represents weak convection emerging in the
western Indian Ocean and dryness prevailing over the
Indochina and the western Pacific. Phases 1–4 represent
the developing and eastward propagating of convection
over the Indian Ocean and phases 5–8 represent the
eastward propagating and decaying phases over the
western and central Pacific. Detail structures of each
phase can be found in WH04.
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The initial phase of the MJO can be determined by the
RMM1 and RMM2 at the initial date of the forecast, thus
all 30-day segments are classified into eight different
phases for the entire 26-year forecast experiment. The
number of cases for each phase is 49, 80, 86, 84, 51, 75, 82,
91, totaling 598 segments. To obtain the forecast skill of
each experiment, the pattern correlation of reconstructed
OLR between forecasts and observations is computed
independently for each of the phases. The spatial distributions of reconstructed OLR anomalies are obtained by
using the predicted RMM1 and RMM2 and the associated
OLR anomaly patterns. The following formula is used for
reconstruction of the OLR anomalies.
R  OLRðx; y; t0 þ sÞ ¼ X1 ðx; yÞ  RMM1ðt0 þ sÞ
þ X2 RMM2ðt0 þ sÞ
where, R-OLR is the reconstructed OLR anomaly and X is
the regressed OLR anomaly pattern onto RMM1 and
RMM2. t0 is the initial time point and s the forecast lead
time.
Figure 11 shows the prediction skill (the spatial correlation for the domain of 0–300E and 45S–45N) for
different initial phases and lead times. The difference
between the two forecasts skills is also presented
(Fig. 11c). Until 10 days, both of the models produce a
relatively high skill for phases 3 and 7 (mirror image of
phase 3) and a relatively low skill for phases of 1–2 and
5–6. Phases 1–2 and 5–6 have relatively weak MJO signal
when the MJO is initiated, whereas phases 3–4 and 7–8
have a large MJO signal with strong propagation over the
Indian Ocean and western Pacific. This behavior is consistent with conclusions of previous studies. Specifically,
using different prediction methods, previous studies have
shown that the prediction skill increases if there are active
ISO/MJO signals at the initial state (Lo and Hendon 2000;
Jiang et al. 2008; Agudelo et al. 2008). The skill difference
between CGCM and AGCM (Fig. 11c) is obvious after
15 days, especially over phases 2–4 that means the ocean–
atmosphere coupling effect is crucial for the MJO over the
Indian Ocean and western Pacific.

5 Discussion and conclusion
The influence of ocean–atmosphere coupling on the simulation and prediction of the boreal winter MJO has been
investigated by diagnosing series of extended forecasts
from 1980 to 2005 using a CGCM and an AGCM forced
with pentad mean SST derived from the CGCM. By
comparing both modeling experiments, which share the
same atmospheric components, the impact of the ocean–
atmosphere coupled process on the simulation and prediction of the MJO can be estimated rather precisely. While
the mean SST is the same in both experiments, the average
MJO intensity is generally closer to the observations in the
CGCM experiment than in the AGCM. The ocean–atmosphere coupling acts to improve the simulation ability of
the spatio-temporal evolution of the eastward propagating
MJO, and the phase relationship between convection
(OLR) and SST over the Equatorial Indian Ocean and
the western Pacific. While the observations and the
CGCM integrations exhibit a near-quadrature relationship
between OLR and SST with the former lagging by about
two pentads, the AGCM shows a less realistic phase
relationship.
Using a serial run experiment with a large number of
prediction segments and focusing specifically in large scale
features of the MJO, we find a considerably longer useful
forecast lead time than that of previous studies. The MJO
forecast skill is especially better when ocean–atmosphere
coupled processes are considered. The skill of RMM1
(RMM2) decreases to 0.5 at about 17–18 (15–16) days in
the AGCM while reaching 18–19 (16–17) days in the
CGCM. Improvement in forecast skill for the CGCM
highlights the importance of the role of ocean–atmosphere
coupling in the maintenance and propagation of the MJO.
The improved simulation in coupled model is most likely
due to the ability to capture the interaction between the
atmosphere and the underlying ocean. As the initial conditions are the same in both models, the SST–convection
anomalies feedback in the CGCM extends the prediction
skill compared to AGCM. We also found the prediction

Fig. 11 Pattern correlation skill
(0–300E and 45S–45N) of
the reconstructed OLR
anomalies for a CGCM,
b AGCM, and c differences
between CGCM and AGCM.
Correlations are shown as a
function of initial phase and
forecast lead time. Contour
interval is 0.1
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skill to be phase dependent in both the CGCM and AGCM
experiments. The skill is higher in CGCM when the forecasts start with MJO in the active stage.
Despite the generally poor simulation of ISO/MJO by
present-day GCMs, recent studies on dynamical predictability are encouraging in terms of the overall potential for
predictability. Waliser et al. (2003) found that the potential
for extended predictability of precipitation anomalies
associated with ISO is about 18 days. An analogous study
has recently been undertaken by Liess et al. (2005) using
the ECHAM AGCM, and suggest that the summer ISO has
potential predictability up to 30 days. Recently, Fu et al.
(2007) found the mean predictability of the summer monsoon ISO-related rainfall reaches about 24 days in the
coupled model and is about 17 days in the atmosphere-only
model. While the dynamical models still exhibit shortcomings in the simulation of ISO/MJO anomalies, there are
possibilities for improvement in various ways to reach to
the potential predictability.
Recently, Vitart et al. (2007) investigated the sensitivity
of the MJO monthly forecasts to the quality of initial
conditions. The intensity of MJO is significantly weaker in
ERA-15 than in ERA-40. Therefore, the serial experiment
using ERA-15 initial condition starts with a lower MJO
signal than ERA-40. The forecast skill showed a very
strong sensitivity to the quality of the atmospheric initial
conditions. Previous studies have also examined the impact
of the physical parameterizations on the general simulation
of MJO characteristics (Wang and Schlesinger 1999;
Maloney and Hartmann 2001; Lee et al. 2003). Focusing
on MJO prediction, Kim 2008 investigated the prediction
skill changing the convection parameterizations in 13-year
serial run and found significant improvement of MJO
forecasting skill using the Tokioka modification (Tokioka
et al. 1988; Lee et al. 2003). Further work will address
these issues.
Finally, the increase in simulation and predictive skill in
a fully coupled system is not difficult to understand from a
physical point of view. Stephens et al. (2004) describe the
MJO as a self-regulating oscillator between the hydrological cycle and the upper ocean heating. The regulation
occurs as a feedback between hydrological processes in the
atmosphere; radiation processes; and the dynamical
movement of air over the tropical oceans controlling
variations of rainfall, cloudiness, and SST on time scales
varying between 30 and 60 days. Three main phases: (1) a
destabilization phase when the atmosphere becomes
increasingly unstable by the combination of radiative
cooling of the upper troposphere, the gradual build up of
shallow convection, and the warming of the SSTs under
near-clear-sky and calm conditions; (2) a convective stage
where large-scale convection develops over the region
resulting in widespread heavy precipitation, deepening of
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the oceanic mixed layer, cooling of the SST, and moistening of the upper troposphere; and (3) a restoring phase
where the combination of continued cooling of the SSTs
maintained by the strong low-level winds and reduced solar
heating, with the radiative heating of the upper atmosphere
by high clouds sustained by high humidity, are major
factors in stabilizing the atmosphere, suppressing convection, bringing an end to the cooling of the SSTs, and
eventually leading to a calming of the winds, dissipation of
the thick upper-level clouds, and a restoration of the cycle
to its warming phase. Each of these three phases are
compound products of ocean–atmosphere interaction. If
any of these interactions are short-circuited by, for example
not allowing a full coupling between the atmosphere and
the ocean, the regulation will fail and simulations and
predictions will deteriorate.
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