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ABSTRACT

Several modeling studies have shown that the south Asian monsoon region has the lowest skill for
seasonal forecasts compared with many other domains of the world. This paper demonstrates that a
multimodel synthetic superensemble approach, when constructed with any set of coupled atmosphere–
ocean models, can provide improved skill in seasonal climate prediction compared with single-member
models or their ensemble mean for the south Asian summer monsoon region. However, performance of the
superensemble tends to improve when a better set of input member models are used. As many as 13
state-of-the-art coupled atmosphere–ocean models were used in the synthetic superensemble algorithm.
The merit of this technique lies in assigning differential weights to the member models. The rms errors,
anomaly correlations, case studies of extreme events, and probabilistic skill scores are used here to assess
these forecast skills. It was found that over the south Asian region the seasonal forecasts from the super-
ensemble are, in general, superior to the forecasts of the individual member models, and their bias-removed
ensemble mean at a significance level of 95% or more (based on a Student’s t test) during the 13 yr of
forecasts. Moreover, the skill of the superensemble was found to be better than those of the ensemble mean
over smaller domains as well as during extreme events that were monitored, especially during the switch on
and off of the Indian Ocean dipole, which seems to modulate the Indian monsoon rainfall. The results of
this paper suggest that the superensemble provides somewhat consistent forecasts on the seasonal time
scale. This methodology needs to be tested for real-time seasonal climate forecasting over the south Asian
region.

1. Introduction

The agriculture-based economy in many south Asian
countries is dependent on the seasonal southwest sum-
mer monsoon precipitation. Therefore, an accurate pre-
diction of the monsoon precipitation over this region at
least one season in advance is extremely important. Un-
fortunately, the present-day atmospheric general circu-
lation models (AGCMs) fail to simulate the mean and
interannual variation of the south Asian summer mon-
soon (Gadgil and Sajani 1998; Kang et al. 2002). The
seasonal forecasting skills of the AGCMs were found to
be poorer in simulating the Asian–Australian monsoon
as compared with the El Niño regions (Wang et al.
2004a). This is because prescribing sea surface tempera-
ture (SST) anomalies in AGCMs fails to provide real-

istic measures of atmosphere–ocean coupling away
from the El Niño regions.

On the other hand, the state-of-the-art coupled gen-
eral circulation models (CGCMs) fail in reproducing
the exact annual cycle, mean, and interannual variabil-
ity of the atmosphere when seasonal forecast time
scales are considered (Yang and Anderson 2000). Some
of these shortcomings originate from model bias, which
is inevitable in general circulation models (GCMs).
Furthermore, small perturbations of the initial condi-
tion also result in very different final states (Lorenz
1969). These are some of the main sources of errors in
a GCM. One method of reducing the forecast errors is
the ensemble simulation (Brankovic et al. 1990; Bran-
kovic and Palmer 1997). Several approaches were at-
tempted to combine multimodel ensemble forecasts to
a single reliable forecast that carries higher skills when
compared to the individual member models. These in-
clude the simple ensemble mean (Peng et al. 2002; Pa-
van and Doblas-Reyes 2000; Doblas-Reyes et al. 2000;
Stephenson and Doblas-Reyes 2000; Palmer et al.
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2004), regression-improved ensemble mean (Peng et al.
2002; Kharin and Zwiers 2002), bias-removed ensemble
mean (Kharin and Zwiers 2002), and the multimodel
superensemble (Krishnamurti et al. 1999). The multi-
model superensemble technique showed higher skill for
short range and seasonal forecasting compared with
member model forecasts (Krishnamurti et al. 2000a,b,
2001, 2002, 2003; Yun et al. 2003, 2005). There is one
major difference between a bias-removed ensemble
mean of multimodels and the superensemble. The
former assigns a weight 1/N for all models after bias
removal (where N is the number of models), and the
latter assigns fractional weights (positive or negative) at
different locations for different models. Some models
are very poor compared with the best model. Assigning
the same weights 1/N (after bias removal) does not
make the very poor model at the same weight as the
best model (Stefanova and Krishnamurti 2002). This
merit of the superensemble seems to provide somewhat
higher skill even over the bias-removed ensemble mean
forecast (Stefanova and Krishnamurti 2002).

How this collective bias-removal procedure of the
superensemble affects the forecast both for the total
and anomaly fields over the south Asian monsoon re-
gion is examined in this paper. An accurate forecast of
the total field is as important as the anomaly forecast
because a model with improved climatology (i.e., the
total fields) provides better seasonal means and inter-
annual variations (Sperber and Palmer 1996). It was
shown by Krishnamurti et al. (2003) that the forecast
skill of the superensemble is higher if high quality
model datasets and high quality observations (or analy-
sis) were used in the training phase. But how the super-
ensemble forecasts depend on the number of input
models has not been explored so far. Moreover, a com-
prehensive study on the performance of the superen-
semble during extreme climatic events has not been
addressed yet. In this paper, 13 state-of-the-art coupled
ocean–atmosphere models are being used to compare
the skill of the superensemble forecasts with that of the
conventional ensemble mean and of the individual
models over the south Asian monsoon region in sea-
sonal time scale. The main objective of the present
work is to compare the forecasting skill of the super-
ensemble for this suite of coupled models, and to sta-
tistically quantify the spread of forecast skill over the
south Asian monsoon region. In addition to that, this
study intercompares the forecasting skill of the 13
CGCMs over the south Asian monsoon domain. This
study also addresses the issue of the dependence of
forecast skill on the number of input models used for
constructing the superensemble and its performance

during extreme events on the seasonal time scale. Sec-
tion 2 describes the methodology in creating the super-
ensemble, the models used in the analysis, and the
datasets. Section 3 provides an example of the bias of
the simulations of the CGCM. Section 4 describes the
results assessed in terms of skill scores and case studies.
How well the superensemble captures the extreme
events is illustrated in section 5. The dependence of the
superensemble forecast on the input datasets is illus-
trated in section 6. Section 7 summarizes the major
results of this study.

2. Methodology, models, and datasets

a. Conventional superensemble methodology

In the superensemble technique (Krishnamurti et al.
1999, 2000a) a single consensus forecast is obtained
from a set of multimodel forecasts. At first, the time
line of the available dataset is divided into two parts:
the training phase and the forecast phase. The perfor-
mance of the individual models is obtained in the train-
ing phase using multiple linear regression against ob-
served (analysis) fields. The outcome of this regression
is the weights assigned to the individual models in the
ensemble, which are then passed on to the forecast
phase to construct the superensemble forecasts.

The temporal anomalies of a variable, rather than the
full fields, are used in the multiple regression technique.
Hence, in formulating the superensemble forecast, the
weights are multiplied to the corresponding model
anomalies. The constructed forecast is

S � O � �
i�1

N

ai�Fi � Fi�, �1�

where O is the observed climatology; ai is the weight for
the ith member in the ensemble; and Fi and Fi are the
forecasts and forecast climatological values, respec-
tively, for the ith model’s forecast. The summation is
taken over the N member models of the ensemble.
Note here that the climatology O and the anomaly for
a particular season are from different sources. We have
calculated S for every season (52 in total) of the fore-
cast period and then calculated the climatology S that
was used in this study. Now, since the anomalies calcu-
lated by the superensemble for different years are in-
dependent to each other, their sum over the available
years of forecasts need not equate to zero. Therefore,
the climatology of a particular season created from S
[of Eq. (1)] need not be identical to O. Poor perfor-
mance of the superensemble during only a single year
of the forecast period can make S different than O.
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Therefore, the superensemble climatology is not equal
to the observed climatology.

The weights ai are obtained by minimizing the error
term G, written as

G � �
t�1

Ntrain

�S �t � O�t�
2, �2�

where Ntrain is the number of time samples in the train-
ing phase, and S �t and O�t are the superensemble and
observed field anomalies respectively at training time t.
This exercise is performed for every grid point and ver-
tical level in the dataset during every forecast phase. In
other words, one weight is given to every model at
every grid point in the three-dimensional space for each
forecast. All together there were about 1.7 � 106

weights obtained for the forecasting of a single-level
parameter. It was found that the weight for a model
over a grid and for a particular variable does not vary
significantly from one year to the other year of forecast.
In other words, the superensemble weights are stable
and this methodology can be considered robust for pre-
diction in seasonal time scale.

The superensemble forecast differs from the conven-
tional bias-removed ensemble mean forecast in that the
weights for the superensemble are not 1/N. Putting ai �
1/N, for i � 1, 2, . . . , N in Eq. (1), one would obtain the
bias-removed ensemble mean. The superensemble
forecasts are made in selecting the assigning weights
and seen to perform better than the bias-removed en-
semble mean forecast (Stefanova and Krishnamurti
2002). Although superensemble provides a determinis-
tic forecast, it has been shown by Stefanova and Krish-
namurti (2002) that the superensemble algorithm car-
ries an equivalent probabilistic forecast as well.

b. Synthetic superensemble methodology

This variant of the superensemble methodology was
shown to provide better forecast skill than that of the
conventional superensemble (Yun et al. 2005). The syn-
thetic superensemble forecast is obtained when syn-
thetic datasets are used in the superensemble algorithm
in place of the member model forecast datasets. One set
of synthetic data is created corresponding to each
model by a linear regression with the observed (analy-
sis) field in the EOF space. This technique is described
below.

The observational data can be written as a linear
combination of the principal component (PC) and the
spatial EOFs:

O�x, t� � �
k�1

M

Pk�t��k�x�, �3�

where Pk(t) is the PC time series, 	k(x) denotes the
EOF component of the kth mode, and M is the number
of modes selected. In the present study, M was chosen
such that the EOFs explain 99% of the variance in the
actual dataset. The results are not dependent on this
number as long as the variance explained by the EOFs
is high (
95%).

Similar to the observations, the model datasets are
also expanded in terms of PC time series and EOFs:

Fi�x, t� � �
k�1

M

Fi,k�t��i,k�x�, �4�

where i denotes the ith-member model in the ensemble,
Fi,k(t) and �i,k(x) are the PC time series and spatial
EOF, respectively, for the kth mode, and M is the num-
ber of modes selected.

Now, a consistent pattern of the forecast and obser-
vation data is created by multiple linear regression. The
kth mode of the PC time series of the observations is
written as a linear combination of the kth mode of the
PC time series of different models with an error term:

Pk�t� � �
i�1

N

�i,kFi,k�t� � �i,k, �5�

where i denotes the ith member in the ensemble, �i,k is
the weight of the ith model for mode k, and 
i,k is the
error term. The �s are estimated using a multiple linear
regression, which minimizes the error variance E(
2).
After the weights are computed, the regression-
improved PC time series of the kth mode for the ith
model is defined as

Fi,k
reg�t� � �i,kFi,k�t�,

and the synthetic data for the ith-member model is de-
fined as

Fi
reg�x, t� � �

k�1

M

Fi,k
reg�t��k�x�, �6�

where 	k(x) represents the EOF components of the
observations. Once the synthetic data [F reg

i (x, t)] are
generated in this manner for every model of the en-
semble, these are then passed on to the input of the
conventional superensemble algorithm to construct
what is called a synthetic superensemble forecast. The
synthetic superensemble algorithm is schematically de-
scribed in Fig. 1. It was found that the synthetic super-
ensemble performs better than the conventional super-
ensemble (Yun et al. 2005). In this paper the phrases
superensemble and synthetic superensemble will be used
interchangeably to refer to the synthetic superensemble
forecasts. One of the main purposes of this paper is to
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show that this procedure seems to provide a rather ma-
jor improvement over those provided by single-
member models and the ensemble mean.

c. Models

As many as 13 state-of-the-art atmosphere–ocean
CGCMs were used for the construction of the superen-
semble. The characteristics of these models, along with
the acronyms in referencing them, are listed in Table 1.

Four versions of the Florida State University Global
Spectral Model (FSUGSM) were run with four differ-
ent combinations of two cumulus convection schemes
(viz., the Arakawa–Schubert and the Kuo) and two ra-
diation schemes. The version of the Arakawa–Schubert
scheme used here is a simplified form of the original
scheme (Arakawa and Schubert 1974), introduced by
Grell (1993). The Kuo convection scheme (Krishna-
murti et al. 1980; Krishnamurti and Bedi 1988) is a
modified version of that described in Anthes (1977).
The new radiation scheme used in the FSUGSM con-
siders band models. In addition to that, an old radiation
scheme, that is, an emissivity–absorptivity-based one

(Krishnamurti et al. 2002), is also being used here. The
atmospheric component of the FSUGSM was run at the
horizontal resolution of T63 (triangular truncation at 63
waves) and 14 vertical levels. The oceanic component
was adapted from Hamburg Ocean Primitive Equation
(HOPE) global model (Wolff et al. 1997), which has a
resolution of 5° in longitude and 0.5°–5.0° in latitude
with higher resolution over the equatorial latitudes.
The oceanic initial conditions were obtained from a
comprehensive coupled assimilation where the initial-
ized SSTs were relaxed to observed SST (Krishnamurti
et al. 2002).

A coupled version of the Community Climate Model,
version 3 (CCM3), from the National Center for Atmo-
spheric Research (NCAR) was also included in this
suite of CGCMs. The atmospheric component of this
model was run at the T63 resolution and with 18 verti-
cal levels. Construction of the oceanic dataset was car-
ried out in the same manner as for the four FSU mod-
els.

A Predictive Ocean Atmosphere Model for Austra-
lia-1 (POAMA1) is also included in this multimodel
suite. The atmospheric component of the POAMA1 is
run at an R47 resolution (rhomboidal truncation at 47
waves) and it has 17 vertical levels. A detailed descrip-
tion of this model can be found in Wang et al. (2004b).

Finally, the seven member models of the Develop-
ment of a European Multimodel Ensemble System for
Seasonal to Interannual Prediction (DEMETER) proj-
ect were included in this suite. The DEMETER con-
sists of a variety of models from different parts of Eu-
rope. A description of this project is provided in Palmer
et al. (2004). There were nine members in an ensemble
simulation for each model of the DEMETER family.
An average over these nine members was taken before
using these data in the superensemble.

d. Datasets, construction of the superensemble, and
the regions of study

The monthly averages of the different parameters
from the 13 CGCMs were available for this study. The
common time span for these forecast datasets covers
the years 1989–2001. Seasonal mean values were used
here. The forecast of a particular model was averaged
over four seasons of a year (March–May, June–August,
September–November, and December–February).
Thus, 52 seasonal forecasts were obtained from each
model over the 13 yr of simulations. The DEMETER
forecasts started on the 1st of February, May, August,
and November of each year and was carried out for 6
months. The forecasts for the first month were not used
in our analysis. The seasonal forecasts used in the
present study were obtained by averaging the next

FIG. 1. The algorithm for making the SSE forecast. The multi-
model dataset is passed on to a multiple regression in the EOF
space to create the synthetic data for every member model. These
newly created synthetic data are used in the training phase to
calculate the weights of different models. These weights are used
in Eq. (1) to construct the superensemble forecast.
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three months of the forecast. Hence, these seasonal
forecasts can be termed as one-month lead time fore-
casts. The observational datasets correspond to Climate
Prediction Center (CPC) Merged Analysis of Precipi-
tation (CMAP; Xie and Arkin 1997) for precipitation

and the European Centre for Medium-Range Weather
Forecasts (ECMWF) reanalysis for other variables. All
the datasets were interpolated to a common 2.5° � 2.5°
horizontal grid prior to the construction of the super-
ensemble.

TABLE 1. Salient features of the 13 coupled atmosphere–ocean general circulation models used in the analysis.

Name
(source)

Atmospheric component Oceanic component

Model Resolution Initial condition Model Resolution Initial condition

ANR (FSU) FSUGSM with
Arakawa–Schubert
convection and
new radiation
(band model)

T63L14 ECMWF with
physical
initialization

HOPE global 5° longitude,
0.5°–5°
latitude,
17 levels

Coupled
assimilation
relaxed to
observed SST

AOR (FSU) FSUGSM with
Arakawa–Schubert
convection and
old radiation
(emissivity–
absorptivity based)

T63L14 ECMWF with
physical
initialization

HOPE global 5° longitude,
0.5°–5°
latitude,
17 levels

Coupled
assimilation
relaxed to
observed SST

KNR (FSU) FSUGSM with Kuo
convection and
new radiation
(band model)

T63L14 ECMWF with
physical
initialization

HOPE global 5° longitude,
0.5°–5°

latitude,
17 levels

Coupled
assimilation
relaxed to
observed SST

KOR (FSU) FSUGSM with Kuo
convection and
old radiation
(emissivity–
absorptivity based)

T63L14 ECMWF with
physical
initialization

HOPE global 5° longitude,
0.5°–5°
latitude,
17 levels

Coupled
assimilation
relaxed to
observed SST

CCM3
(NCAR)

CCM3 atmospheric
model

T63L18 ECMWF Slab Ocean
Model SOM

2.4° � 1.2°–2.4° Coupled
assimilation

POAMA1
(Australia)

Bureau of
Meteorology
Research Centre
(BMRC)
Atmospheric
Model (BAM3)

R47L17 From latest
atmosphere
and ocean
conditions
from Global
Atmospheric
Sampling
Program

Australian
Community
Ocean
Model 2
(ACOM2)

�2° � 0.5°–1.5°,
25 levels

From ocean
assimilation
that was
based on
optimum
interpolation
(OI) technique.

CERFACS
(France)

ARPEGE T63L31 ECMWF 40-yr
Re-analysis
(ERA-40)

OPA 8.2 2° � 2°,
31 levels

Forced by
ERA-40

ECMWF
(Europe)

IFS T95L40 ERA-40 HOPE-E 1.4° � 0.3°–1.4°,
29 levels

Forced by
ERA-40

INGV (Italy) ECHAM-4 T42L19 Coupled AMIP
type

OPA 8.1 2° � 0.5°–1.5°,
31 levels

Forced by
ERA-40

LODYC
(France)

IFS T95L40 ERA-40 OPA 8.2 2° � 2°,
31 levels

Forced by
ERA-40

MPI
(Germany)

ECHAM-5 T42L19 Coupled run
relaxed to
observed SST

MPI Open
Model
Interface
(MPI-OMI)

2.5° � 0.5°–2.5°,
23 levels

Coupled run
relaxed to
observed SST

MetFr
(France)

ARPEGE T63L31 ERA-40 OPA 8.0 182 � 152 GP,
31 levels

Forced by
ERA-40

UKMO
(United
Kingdom)

HadAM3 2.5° � 3.75°,
19 levels

ERA-40 GloSea OGCM
Third Hadley
Centre Coupled
Ocean–Atmosphere
GCM (HadCM3)
based

1.25° � 0.3°–
1.25°, 40 levels

Forced by
ERA-40
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A cross-validation technique (Déqué 1997) was used
for constructing the superensemble forecasts for a par-
ticular year. The year to be forecast (4 seasons) was
excluded from the dataset and the weights of the super-
ensemble were computed based on the performance of
the models during the rest of the years (48 seasons),
called the training period. These weights were then ap-
plied to the individual member models for the construc-
tion of the superensemble forecasts [Eq. (1)]. While
comparing anomalies of different models, annual cycle
and bias of individual models have been removed. In
the case of superensemble, at first forecasts were con-
structed for all the 52 seasons. The annual cycle and
bias were removed from this time series (likewise for
the member models) at the time of comparison of
anomalies.

Figure 2 shows the south Asian monsoon region
(covering the area 10°S–35°N, 50°–110°E) over which
the forecast skills of the coupled models and the super-
ensemble are compared. All the major features of the
south Asian monsoon are encountered over this do-
main. The shading in this figure shows the observed
(Xie and Arkin 1997) climatology in precipitation dur-
ing June–August. Guided by this spatial distribution of
climatological precipitation we have selected four sub-
domains (indicated by a, b, c, and d in the figure) of the
monsoon domain to assess the performance of the su-
perensemble on regional scales. These four regions
have different characteristics for the monsoon precipi-
tation. Region a mainly encompasses the central Indian
landmass, region b encompasses an area of heavy rain-
fall over the Bay of Bengal, region c is dominated by
the orographic rainfall and the onset phase of Indian
monsoon, and region d is at the equatorial Indian
Ocean where the intertropical convergence zone forms
and propagates north toward the Indian subcontinent.
Another domain (partially outside of this monsoon re-
gion), which covers 20°S–0°, 80°–110°E, was chosen to
examine the performance of the superensemble during
extreme Indian Ocean dipole (IOD)-related events.

3. Mean monsoon and model bias

It is important to assess the simulated climatology of
a GCM before investigating its forecast for a particular
season. Figure 3 shows the spatial pattern of climato-
logical precipitation during June–August from observa-
tions (Xie and Arkin 1997), 13 CGCMs, their ensemble
mean (EM), and the synthetic superensemble (SSE).
The spatial correlation coefficient with observations for
different models is indicated at the top-right corner of
each panel. These were calculated using the following
formula:

SC �

�
i�1, j�1

i�Nx, j�Ny

�Fi,j � �F���Oi,j � �O��

� �
i�1, j�1

i�Nx, j�Ny

�Fi,j � �F��2� �
i�1, j�1

i�Nx, j�Ny

�Oi,j � �O��2

,

�7�

where Fi,j and Oi,j is the value of the parameter at grid
location (i, j) from model output and observations, re-
spectively; �F� and �O� are the area average of model
output and observations, respectively, over the domain;
and Nx and Ny are the number of grids in the x and y
directions, respectively. The spatial correlation is a
measure of the forecast efficiency of the models in
simulating the spatial pattern of the parameter over the
domain. Note from Fig. 3 that most of the models fail to
capture the key spatial features of precipitation over
the monsoon region. For example, the precipitation
maxima over the northern Bay of Bengal and over the
south–west coast of the Indian peninsula is missing in
some of the models. Some models overestimate these
precipitation peaks. The models that could capture the
climatological features of rainfall distribution over this
region realistically [viz., POAMA1, Istituto Nazionale
di Geofisica e Vulcanologia (INGV), the U.K. Met Of-
fice model (UKMO), and the EM] carry higher spatial
correlation (more than 0.80). The overall spread from

FIG. 2. The monsoon region (10°S–35°N, 50°–110°E) and the
four subregions selected for precipitation forecast analysis. The
shadings represent climatological June–August precipitation from
CMAP (Xie and Arkin 1997). Shadings are at 1, 2, 5, 10, and 15
mm day�1 (darker shades for higher precipitation rates).
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these coupled models is more than what was noted for
the Atmospheric Model Intercomparison Project
(AMIP) runs (Krishnamurti et al. 2000b). In the case of
the SSE, the spatial correlation is very close to one.
Sperber and Palmer (1996) argued that the mean and
the interannual variation of a GCM will be better if its
climatology is close to the observations. This suggests
that the seasonal forecast obtained from the superen-
semble might be more reliable than any other model of
the suite and their ensemble mean since it represents
the climatology extremely well (see the first and the last
panels of Fig. 3).

4. Seasonal forecasting

a. Precipitation

In Fig. 4 seasonal precipitation during June–August
of 1989–2001 from the 13 CGCMs, their EM, and the
superensemble are correlated with the observations for
the south Asian monsoon domain. The correlation co-
efficients between the observed and predicted precipi-
tation are indicated inside the panels. For most of the
models and the ensemble mean the correlation coeffi-
cient ranges from 0.4 to 0.8, whereas for the superen-
semble it is 0.94. In particular, large spread in the data
was noticed for ANR, AOR, KNR, KOR (see Table 1
for acronym definitions), and CCM3 (coefficient
�0.45). All these models tend to predict higher rainfall
when the observed rainfall is low and lower rainfall
when the observed rainfall is high. The DEMETER
models showed somewhat better forecast skill com-
pared with the other models in the suite (coefficient
�0.60). Note that the rainfall distribution pattern for
the Centre Européen de Recherche et de Formation
Avancée en Calcul Scientifique (CERFACS) and
Météo-France (MetFr) models are similar. Both of
these models predict rainfall too high when the actual
value (observed) is low (�10 mm day�1) and reach a
saturation for higher values of observed rainfall (
10
mm day�1). It appears that this similarity is due to the
use of similar atmosphere [Action de Recherche Petite
Echelle Grande Echelle (ARPEGE)] and ocean
[Océan Parallélisé (OPA)] components in these two
CGCMs (see Table 1). The UKMO, which used the
Third Hadley Centre Atmospheric Model (HadAM3)
and a global seasonal (GloSea) ocean GCM (OGCM),
showed a different pattern (and somewhat higher skill)
in the simulated precipitation. On the other hand, rain-
fall distributions from ECMWF and Laboratoire
d’Océanographie Dynamique et de Climatologie
(LODYC) show a similar pattern. For both of these
models, a higher than observed rainfall is noticed in the

lower ranges (�10 mm day�1) and lower to equal
amount of rainfall forecast was noticed for higher
ranges (
15 mm day�1) of observed precipitation. Note
that both these models used the same atmospheric com-
ponent [Integrated Forecast System (IFS); Table 1], but
a different oceanic component. For the other two
DEMETER members [INGV and Max Planck Institute
(MPI)], the frequency of rainfall at different intensities
is somewhat similar. Both of these models used two
different versions of the same atmospheric model
(ECHAM 4 and 5; see Table 1). Hence, it appears that
the model biases of the CGCMs in predicting precipi-
tation are dependent on the atmospheric component of
the model. Figure 4 also shows that the EM of these
models tends to predict higher than observed rainfall in
the low rainfall regimes (�5 mm day�1) and lower than
observed rainfall in the high rainfall regimes (
15 mm
day�1). The prediction of the superensemble (correla-
tion coefficient � 0.94) was better than the member
models and the EM in all intensity ranges of seasonal
precipitation over the south Asian monsoon domain.

Figure 5 shows the root-mean-square (rms) errors of
the precipitation anomaly forecast over the south Asian
monsoon region (10°S–35°N, 50°–110°E) during June–
August of 1989–2001 from the 13 different models, for
the bias-removed EM (BREM) and for the SSE. Also
shown are the mean rms errors from 13 yr of simula-
tions. The significance level at which the rms error of
the superensemble is superior to that of the BREM is
expressed in percent and is indicated at the top of the
panels for the respective year of the forecast. A Stu-
dent’s t test was used to calculate the significance level
(see the appendix). The anomalies of all forecasts were
calculated by removing the respective forecast clima-
tology for that season from the actual forecast. In cal-
culating the forecast climatology, the year to be forecast
was not included since that might bias the climatology.
The BREM was calculated by averaging all the model
anomaly forecasts [applying a weight of 1/N to all mod-
els in the Eq. (1)]. It is noted that during the Northern
Hemisphere (NH) summer season individual member
models show poor performance compared with the
BREM or SSE forecasts during most of the years of
simulations. The BREM is generally better than the
member models of the suite. However, it is worth not-
ing that the BREM always has skill lower than those of
the multimodel superensemble. This is because poorer
models have same weight as the better models (after
the bias removal) when the BREM is calculated. Dur-
ing 7 out of these 13 yr, the difference of rms error
between the BREM and the SSE was significant at
more than 95% confidence level. It was found that dur-
ing the years when the difference between the BREM
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FIG. 3. Precipitation climatology (mm day�1) during June–August 1994 from observations and forecasts of 13
coupled models, their EM, and the SSE. The spatial correlation with observations for different models is shown
as numbers at the top-right corner of each panel.
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FIG. 3. (Continued)
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FIG. 4. Relation between simulated and observed precipitation (grid by grid) over the south Asian monsoon
domain during June–August of 1989–2001 from 13 CGCMs, their EM, and the superensemble. The correlation
coefficient between the simulated and observed precipitation is indicated at the top of the panels.
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and superensemble was not highly significant, either
the standard deviation within the member models was
high (e.g., in 1989 and 1992) or the difference between
the BREM and the superensemble was low (e.g., in
1998 and 2001). On an average (Ave:1989–2001) the
superensemble anomaly forecast was better than the
BREM forecast with a confidence level of 98%. Over-
all, this result suggests that the seasonal anomaly fore-
casting skill from the superensemble approach is higher
compared with the member models within the en-
semble and it is robust with the interannual variation of
seasonal precipitation.

While rms error of the anomaly is a skill to measure
the amplitude of the predicted anomaly, anomaly cor-
relation (AC) is a measure of the skill to predict the
sign of the anomaly. In Fig. 6a the AC over the south
Asian region during June–August of 1989–2001 from 13
CGCMs, their EM, the conventional superensemble
(CSE), and the SSE are shown. No single model was
able to show a consistent high AC during the 13 yr. This
result clearly shows that high confidence in seasonal
forecasts cannot be achieved using a single model. Con-
sidering the average over 13 yr, the highest AC among
the models was 0.24 (not shown). Even the EM of the

FIG. 5. The rms error in precipitation anomaly forecasts (in mm day�1) during June–August over the region 10°S–35°N, 50°–110°E
from 13 coupled models, their BREM, and the SSE. Also shown is the significance level (in percent) by which the SSE rms error differs
from that of the BREM using a Student’s t test (see appendix).

FIG. 6. (a) The AC in precipitation forecasts (mm day�1) during June–August over the region 10°S–35°N, 50°–110°E from 13 coupled
models, their EM, the CSE, and the SSE; (b) rms anomaly of observed (CMAP; Xie and Arkin 1997) precipitation over the same
domain. A larger value of this parameter indicates a larger anomaly (positive or negative). The years marked by the arrows are
characterized by particular low anomalies. During those years, the SSE AC is not high. Whereas during years such as 1994, 1997, and
1998 when the anomaly in the observations was high over the region, the SSE AC was also significantly higher compared with the other
years.
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models does not show a consistent and high AC during
all the years (average AC � 0.33). There were 3 yr
during this period when EM showed the highest AC
among all the forecasts. On the other hand, during 5 yr
out of this 13 yr of simulations, the AC from the SSE
was higher than the member models, the CSE, and the
EM. The 13-yr mean AC for the SSE was 0.33 (not
shown). Note that the SSE performed better than the
CSE forecast in 12 out of the 13 yr of simulations (ex-
cept 1991). This shows the superiority of the SSE fore-
casts over that of the CSE, which is consistent with that
reported in Yun et al. (2005).

It was found that AC from the SSE was particularly
high when the anomaly of precipitation over this region
was high. This is illustrated in Fig. 6b. This figure shows
the rms anomaly of observed (CMAP) precipitation
during June–August of the 13 yr. The rms anomaly was
defined as

rms anomaly ���Domain �O � O�2

N
,

where O is the climatology of observations O, and N is
the total number of grid points. The summation is taken
over all the grid points in the domain. A high value of
this number indicates a high precipitation anomaly
(positive or negative) year. It was found that during the
years (such as 1989, 1993, 1996, 1999, and 2001; indi-
cated by arrows in the figure) when the anomaly in the
observed precipitation was low, the performance of the

SSE was not satisfactory. The SSE performed particu-
larly well when this anomaly was high and the AC from
the SSE was high (e.g., during 1994, 1997, and 1998).
Therefore, it is possible to state that the skill of the SSE
was particularly high when the precipitation over this
region experienced some extrema (positive or nega-
tive). It is very intriguing to say that one can depend on
the SSE forecast more than any other single model
forecasts or their EM forecast if the season is expected
to show a high precipitation anomaly. In other words,
the SSE performs better during an extreme year as
compared with a normal year for precipitation forecasts
over the south Asian monsoon region. This is further
confirmed by analyzing the probabilistic skill scores of
precipitation forecasts (Fig. 7).

In Figs. 8 and 9, the spatial patterns of the anomalies
in precipitation are examined. Figure 8 shows the pre-
cipitation anomaly during June–August 1994 from ob-
servations, all the member models and their EM, and
the superensemble. The AC of the forecast from dif-
ferent simulations with the observations over this do-
main is written at the top-right corner of each panel.
The year 1994 was chosen because it was characterized
by a positive IOD event (Saji et al. 1999), which is
known to have impacts on precipitation over the Indian
landmass (Ashok et al. 2001; Gadgil et al. 2003). The
main features of the precipitation pattern during this
year were the anomalous lower precipitation over the
east equatorial Indian Ocean, anomalous higher pre-
cipitation over the west equatorial Indian Ocean, and
anomalous higher precipitation over the Indian land-

FIG. 7. The ETS of precipitation forecasts during June–August of 1989–2001 over the region 10°S–35°N, 50°–110°E from 13 coupled
models, their BREM, and the SSE. The ETS was calculated from the anomaly of every dataset. The anomaly for a season was calculated
by subtracting the climatology of that season from the actual value, while the climatology for that particular season was calculated by
averaging over all available years but the forecast year. ETS from SSE shows particular high skill when the precipitation anomaly is
highly negative (��2 mm day�1) and positive (
1 mm day�1). This is consistent with the results of Fig. 6 that the SSE forecast skill
is higher than other forecasts over the south Asian region particularly when the anomaly of precipitation is high.
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mass and northern Bay of Bengal (Fig. 8a). It is clear
from this figure that most of the models were not able
to capture these anomalous patterns of precipitation
over the south Asian region for this year. For some
models the precipitation minimum over the eastern In-
dian Ocean was too close to the equator (ECMWF,
LODYC), whereas for some other models a weak
minima (CERFACS, MetFr) was noted. Moreover,
many models were unable to capture the positive pre-
cipitation anomaly over the western Indian Ocean
(ECMWF, LODYC, MPI, UKMO, KOR). By compar-
ing Figs. 8a and 8p it can be said that the superensemble
forecasts were closer to observations over both the east
and west equatorial Indian Ocean compared with any
other model and their EM. Figure 8 also shows that the
AC during 1994 from most of the models was poorer
(�0.50). Only 3 of the 13 models and the EM have an
AC more than 0.50. Note again that the superensemble
outperformed the skill of all the models and their EM
with an AC of 0.62.

In Fig. 9 another example is shown for the seasonal
forecasts of monsoon precipitation anomalies for the
year 2000. The forecast skill measured by the rms error
for most of the models is around 4 to 5 mm day�1. The
results for the superensemble are around 1.05 mm
day�1. The AC for most models varies from around
�0.05 to �0.10, whereas that of the superensemble is
around 0.27. Although the superensemble skill is higher
than those of the member models, an AC of 0.27 is
somewhat low. The corresponding correlation for the
total rainfall for the superensemble is of the order of
0.9. Thus, the superensemble is able to predict the cli-
matology of total rains quite closely. The magnitude of
the anomaly for the observed rains over the land area
during the 2000 summer monsoon season was around 1
mm day�1. Over the region of the equatorial eastern
Indian Ocean, the anomaly rain is of the order of 1 mm
day�1. The superensemble simulations are realistically
accurate over the equatorial eastern Indian Ocean.
However, this positive anomaly belt stretches westward
to 60°E where observed negative anomalies were
prevalent. None of the models handled this western
region accurately. In summary, we cannot say that
those seasonal forecasts for the superensemble may be
very useful to the agricultural community but that these
are the best compared with what is available from the
member models.

1) PROBABILISTIC SKILL SCORE

Categorical forecast metrics were calculated to find
the probabilistic skill of the superensemble as com-
pared with the member models and their unbiased EM.

Equitable threat score (ETS; also known as the Gilbart
skill score) is one such metric. ETS is defined in Table 2.

The ETS was calculated from the anomaly of every
forecast and the observations of precipitation over the
south Asian monsoon region. Anomaly for a season
was created by subtracting the climatology of that sea-
son from the actual values. Whereas the climatology for
the season was calculated by averaging over the values
of all possible years excluding the current (forecast)
year (i.e., for the year the anomaly was calculated). This
method ensures that the year to be forecasted does not
influence the climatology. Then precipitation anoma-
lies of June–August seasons during the 13 yr were used
to calculate the ETS. Ten different categories in the
anomaly were considered. Those are anomalies less
than �4, �3, �2, �1, 0 mm day�1, and greater than 0,
�1, �2, �3, �4 mm day�1. The results from the 13
member models, their BREM, and the SSE are shown
in Fig. 7. The SSE outperformed the member models
and the BREM by a huge margin in extreme dry events
of precipitation (��4, ��3, ��2 mm day�1). It per-
formed as well as the BREM when precipitation
anomalies were considered to be less than �1 mm
day�1. For more than normal rainfall, the SSE outper-
formed all the models and the BREM when the thres-
hold was considered to be �1 mm day�1. For �2 and
�3 mm day�1 thresholds, the SSE performed as good
as two other member models of the suite, although for
both these cases ETS from the SSE was much higher
than the other models and their BREM. If only positive
or negative precipitation anomalies are to be consid-
ered (
0 and �0 cases), the performance of all member
models, the BREM, and the SSE were comparable.

These results are consistent with that of Fig. 6. Both
these figures show that in anomaly forecasts of precipi-
tation, the SSE outperforms the member models and
their EM particularly when the anomaly is high. For
near-normal precipitation, it performs as good as the
member models and the EM. Therefore, the SSE can
be used for seasonal precipitation forecasts with high
confidence when the forecasted season is expected to
have a large departure from the normal values.

2) FORECAST SKILLS OVER SUBDOMAINS

Figure 10 shows the time series of error in seasonal
precipitation forecasts over four smaller domains (10°
latitude � 10° longitude) within the monsoon region.
These subregions are labeled by a, b, c, and d in Fig. 2.
The time series were constructed using 52 seasonal
forecasts during the 13 yr of simulations from different
models, their EM, and the superensemble. The ob-
served precipitation (Xie and Arkin 1997) was sub-
tracted from these time series to assess the errors of the
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FIG. 8. Precipitation anomalies (mm day�1) during June–August 1994 from observations and the forecast of 13
coupled models, their EM, and the SSE. The contour interval is 1 mm day�1 and positive anomalies are shaded.
The anomaly correlations and rms errors for different models are given in the top-right corner of each panel.
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FIG. 8. (Continued)
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FIG. 9. As in Fig. 8, but for June–August 2000.
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FIG. 9. (Continued)
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seasonal forecasts. The main feature of this figure is the
large spread in the forecast errors for the member mod-
els and relatively less errors for the EM and for the
superensemble over all the four subdomains. More-
over, the magnitude of the errors varied during differ-
ent seasons of the year. For the member models, the
highest errors in forecasts are noticed during June–
August over the Indian landmass (Fig. 10a), over the
Bay of Bengal (Fig. 10b), and over the southwestern
India (Fig. 10c). Consequently, the EM shows larger

errors during June–August as compared with the other
seasons. However, the forecast errors of the superen-
semble did not show any trends of being the largest
during the NH summer season compared with other
seasons over these regions. Moreover, superensemble
forecasts were closer to the observational estimates as
compared with all the member models and the EM
during all of the seasons for the 13 yr of simulations
over these three regions. Over the equatorial Indian
Ocean (Fig. 10d) the member models show the largest

FIG. 10. Error in precipitation forecasts (mm day�1) during 13 yr of seasonal simulations (four seasons per year)
over four different (10° latitude � 10° longitude) regions (shown in Fig. 2). All the member models are shown as
gray solid lines. The EM is the thick dashed line, and the SSE is the thick solid line. The year labels along the
horizontal axes indicate the June–August season of that year.

TABLE 2. The definition of ETS (a probabilistic skill score for categorical forecasts).

Observation

Yes No

Forecast Yes
No

YY
NY

YN
NN ETS �

YY � C

YY � NY � YN � C
, where C �

�YY � YN��YN � NY�

N
, and

N � YY � YN � NY � NN
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spread for errors in seasonal forecasts during all four
seasons of a year. The EM was closer to observations as
compared to all the member models. However, the su-
perensemble forecast outperforms all the member
models and the EM over this oceanic region as well.

For precipitation forecasts, the skill of the superen-
semble was highest compared with all the 13 state-of-
the-art coupled models and their EM. These forecast
skills were assessed from the rms errors, anomaly cor-
relations, case studies of anomaly predictions, and from
the errors of total precipitation over the full monsoon
domain and over four subdomains. This result suggests
that the superensemble forecasts can be considered as
one of the best current methods over the south Asian
monsoon region for the seasonal time scale and can

perhaps be used for real-time seasonal prediction with
some degree of confidence.

b. Winds

The diabatic heat source in the Tropics is related to
circulation features (Matsuno 1966; Webster 1972; Gill
1980). The heat source largely arises from the latent
heat release during precipitation. The induced circula-
tion, in turn, can affect the precipitation in a positive
feedback mechanism (Srinivasan and Nanjundiah 2002;
Li and Zeng 2002) by supplying enhanced moisture to
the system (Chakraborty et al. 2002). Hence, forecasts
of the horizontal winds of the lower troposphere are
also equally important to ensure a better skill for the
seasonal monsoon rainfall prediction. Figures 11 and 12

FIG. 11. The rms error in the zonal wind anomaly forecasts at 850 hPa (in m s�1) during June–August over the region 10°S–35°N,
50°–110°E from 13 coupled models, their BREM, and the SSE. Also shown is the significance level (in percent) by which the SSE rms
error differs from that of the BREM using a Student’s t test (see the appendix).

FIG. 12. As in Fig. 11, but for the meridional wind anomaly forecasts.
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show the rms error in the seasonal mean (June–August)
zonal and meridional wind anomaly forecast at 850 hPa
over 10°S–35°N, 50°–110°E from 13 different CGCMs,
their BREM, and the SSE. The numbers at the top of
the figure for each year indicate the significance level,
by which the superensemble forecast differs from that
of the BREM using a Student’s t test (appendix). A
large variation in rms error of the zonal wind forecasts
by the member models is shown in Fig. 11. The BREM
of the models does not show any higher skill compared
with several of the member models during many years
of forecasts. However, the models that show higher skill
compared with the BREM vary from one year to the
other. Hence, in overall skill measure, performance of
the BREM is better than the individual member mod-
els. But note that the BREM (almost) always (except
for 1998) has skill lower than those of the SSE. This is
because, unlike the SSE, poorer models have the same
weight as the best models (after bias removal) when the
BREM is calculated. The significance level, by which
the superensemble forecast differs from that of the
BREM, was more than 95% in 3 of the 13 yr of simu-
lations, and in the average over these years (labeled as
Ave: 89–01 in the figure).

The rms errors of the meridional wind anomaly fore-
casts (Fig. 12) have much lower values compared with
those of the zonal wind forecasts (Fig. 11). This may be
related to the fact that over this domain during June–
August the magnitude of the zonal wind anomaly is
much higher (more than double) than the magnitude of
the meridional wind anomaly, and that the rms error
tends to be lower if the magnitude of the variable is less
as compared with the case when the magnitude is high.
Member models show rms errors generally in the range

of 0.75 to 1.25 m s�1. The BREM forecast rms errors
are generally lower than the individual member mod-
els’ rms errors. However, from Fig. 12 it is evident that
the superensemble performs better than any other
models and their BREM for the meridional wind fore-
casts over this domain for all of the years. The differ-
ence in the rms errors for the superensemble as com-
pared with the BREM is significant at more than 95%
level (based on a Student’s t test) during 10 of the 13 yr
of simulations. On average (Ave: 1989–2001), rms error
of the SSE was better than the rms error of the BREM
with a significant level of more than 99%. These results
show that applying different weights to different mod-
els in the suite according to their performance can
make a better forecast product in the seasonal mean
scale over the south Asian summer monsoon region.

c. Surface air temperature

One more important parameter in the context of sea-
sonal prediction is the 2-m air temperature. The 2-m air
temperature from only 8 of the 13 coupled models (the
Australian model and seven DEMETER members)
was accessible for this study. The rms error of the sea-
sonal anomaly forecasts of this parameter, averaged
over the domain 10°S–35°N, 50°–110°E, is shown in Fig.
13. The rms error of most of the models remains within
0.50–0.75 K. Surprisingly, the rms error of the BREM
does not show a very low value compared with those of
the member models. However, the rms error of the
superensemble forecast was, in general, lower than the
BREM forecast during these 13 yr of simulations. The
low difference in confidence level during 11 of the 13 yr
of forecast was a result of the high standard deviation of
the member models because of the very poor perfor-

FIG. 13. The rms error in 2-m air temperature anomaly forecasts (K) during June–August over the region 10°S–35°N, 50°–110°E from
eight coupled models, their BREM, and the SSE. Also shown is the significance level (in percent) by which the SSE rms error differs
from that of the BREM using a Student’s t test (see the appendix).
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mance of one or two models. If this superensemble
were constructed more frequently during a day it would
be possible to predict surface temperature, especially
for the maximum–minimum temperature, more accu-
rately.

5. Precipitation anomaly during two opposite
phases of IOD events

In this section the performance of the superensemble
in predicting some extreme events is presented. The
IOD mode (Saji et al. 1999) is considered to be one of
the strong elements of the air–sea interactions over the
Indian Ocean. During a positive IOD event, the SST
anomaly over the eastern equatorial Indian Ocean be-
comes negative and that over the western equatorial
Indian Ocean becomes positive. An opposite SST
anomaly pattern is seen during a negative IOD event.
This seesaw of the SST anomaly has a strong coupling
with the zonal wind along the equator and precipitation
surrounding this region. Further studies (e.g., Ashok et
al. 2001; Gadgil et al. 2003) showed that the IOD events
can have major impacts on the Indian summer mon-
soon. In this section, two extreme IOD events were
chosen for comparison of the observed and superen-
semble-based precipitation forecasts.

During September–November of 1997 the SST over
the eastern Indian Ocean was below normal and during
March–May 1998 it was above normal. The precipita-
tion over this region was below normal during the

months of September–November of 1997 and above
normal during the months of March–May of 1998. Fig-
ure 14 shows the anomaly in precipitation forecasts
from the superensemble (shaded) and the observed es-
timates (contour) for these two seasons over the east-
ern equatorial Indian Ocean. Only those grid boxes
were shaded where the superensemble forecasts were
better than the EM forecasts of the 13 CGCMs at 95%
significance level using a Student’s t test. Note that the
superensemble predicts the seasonal precipitation
anomaly over this region both in location and magni-
tude reasonably well. Also note that in most of the
places where the precipitation anomaly is extreme, the
superensemble forecasts are better than those of the
EM forecasts at the 95% significance level. Therefore,
it is possible to conclude that the superensemble is able
to predict the total rains over the domain 10°S–35°N,
50°–110°E as well as the anomaly of extreme events
over a smaller spatial domain better in comparison with
the EM.

6. Member models and the superensemble

It was pointed out by Krishnamurti et al. (2003) that
the forecasts from the superensemble improve if better-
quality model datasets or observed analysis fields are
used in the training phase. This section tries to verify
this notion for several climate models and explores a
possible reason for the improvement in forecast skills
when better models are added to the suite.

FIG. 14. Anomaly in precipitation forecasts (mm day�1) during September–November
(SON) 1997 and March–May (MAM) 1998 (two opposite Indian Ocean dipole events) from
observations (contour) and superensemble forecast (shaded). Only those grids are shaded
where the superensemble anomaly forecast is superior to the EM anomaly forecast with more
than 95% confidence using a Student’s t test.
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Three different combinations of models were consid-
ered from the ensemble of 13 coupled models. First,
superensemble forecasts were obtained using only two
models, namely, CCM3 and POAMA1. Next, the seven
member models of the DEMETER project were added
to these two models, and superensemble forecasts were
obtained for this group of nine models. Finally these
results are compared with the results obtained from the
superensemble forecasts constructed using all 13 mod-
els.

The skill of the superensemble in seasonal forecasts
of precipitation for these three combinations of input
models were examined over four regions, namely, glob-
al (60°S–60°N, 0°–360°E), Tropics (30°S–30°N, 0°–
360°E), North America (0°–40°N, 130°–60°W), and
south Asia (10°S–35°N, 50°–110°E). Figure 15 shows
the results of the precipitation forecasts. The mean of
the rms errors in precipitation over the 13 yr of fore-
casts during June–August were taken for brevity. It can
be noted from this figure that the forecast errors were
largest over the four regions when two models were
used in constructing the superensemble. (We have used
two different combinations of two-member SSE,
namely, CCM3-POAMA1 and AOR-CCM3. The rms
errors were similar in both the cases. Here we present
results from the CCM3-POAMA1 combination.) Add-
ing the seven DEMETER member models to the suite
(9 models in total) and further adding the four FSU
models (13 models in total) continually improves the
rms errors in seasonal forecasts. The highest improve-
ment was noticed over the North American region.
Note that for all the combinations, the lowest errors
were found for the global precipitation and highest er-
rors were for the south Asian region. Irrespective of
this fundamental difference in the order of rms errors,
adding more models to the suite always improves the
superensemble forecasts over these regions. This is be-
cause of the fact that when a set of better data is avail-
able for multiple regression, the weights assigned to the
poor datasets (models) decrease (even regionally) and
so does their contribution to the final forecasts. Note
that in Fig. 15 adding more models did not improve the
rms error over a region. This is because of the fact that
adding more models increases the degrees of freedom
and there is a greater chance of getting errors from the
added degrees of freedom (weights of the models in this
case). Another important message that can be received
from Fig. 15 is that adding more models can improve
the forecast skill (whatever may be its margin), but the
order of rms errors over different regions remains the
same. This probably relates to the different predictive
skills over various domains. Better models in the train-
ing phase can improve the forecast over every region

but this improvement is limited by the predictability
over the region.

One obvious question arises at this point: Does the
removal of a poor model from the suite improve the
superensemble forecasts? From the spatial distribution
of weights that are assigned to the member models, it
was found that no single model has superior forecast
skill compared to the other models over every region of
the domain. A poor model over a region is a good
model over another region, and the notion of “poor”
and “good” in terms of the forecasts skills is only ap-
propriate to the overall performance of the model.
Hence, removing a poor model from the suite will de-
grade the skill of the superensemble forecast by reduc-
ing its performance over some region where the overall
poor model performs better than the other models in
the suite.

The key to the success of the superensemble over the
conventional multimodel forecasts lies in assigning the
differential weights among the models. In addition, as-
signing different weights to the same model in different
locations, different variables, and for different forecast-
ing seasons takes into consideration the inhomogeneity
of the GCM forecast skills along these dimensions. As-
signing more weights to a good model and less weights
to a poor model, which is unlike the conventional en-
semble forecasts, improves the forecast skill of the su-
perensemble over that of the EM forecasts.

7. Conclusions

The multimodel superensemble is a powerful ap-
proach to improve upon the results of member models.

FIG. 15. Rms errors of precipitation forecasts (in mm day�1)
from the superensemble of 2 models (CCM3 and POAMA1), 9
models (CCM3, POAMA1, and seven DEMETER members),
and 13 models (all those mentioned in Table 1) during June–
August and averaged over 1989–2001 over four different regions.
It can be noted that the superensemble forecasts continue to im-
prove as better models are used in the analysis.
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This approach removes the collective bias of all of the
member models. This is based on assigning weights to
each model based on their past performance. These
weights vary along the three coordinates (horizontal
and vertical), by the variables being improved and by
the model. There are no less than 107 weights being
used to construct the superensemble. A BREM assigns
a weight of 1/N (where N is the number of models).
Here all models carry the same weights. This assumes
that a poor model upon bias removal is equivalent to
the best model upon bias removal. It was noted that this
is not entirely correct. This is, however, not necessarily
the case if poorer models are added to the suite of
models. Adding a better model to the suite decreases
the weights of a poor model and its contribution to the
superensemble forecast. The results from the use of just
2 models versus 9 models versus 13 models were com-
pared and it was found that the skill does continue to
improve as better models are added to the suite. Since
the weights vary over space, this methodology incorpo-
rates the variations of the skills of the models over
different regions of a domain by assigning a different
set of weights to the models according to their local
performance.

Figure 16 summarizes the forecast skill of the mem-
ber models, the BREM, and the superensemble over
the south Asian monsoon region for four different vari-
ables during June–August of the 13 yr of simulations.
The rms errors for the best model in the suite in every
season were chosen as representative of the multimo-
del ensemble. Also shown are the rms errors from the
BREM and the superensemble. It was noted that for
any variable even the best model differs from one year
of the simulation to another year. Moreover, for a par-
ticular season the designated best model differs from
one variable to another. Therefore, it is not possible to
always rely on a single model for seasonal forecasts
over the south Asian region since the model perfor-
mance varies from year to year for different variables.
The BREM usually performs better than the best
model during most of the years. The rms errors from
the superensemble are, in general, lower than those of
the best model and the BREM, especially for precipi-
tation and meridional wind anomaly forecasts.

In all of these forecasts it is safe to state that the best
current forecasts are possible from the SSE that carries
a somewhat better forecast skill compared with (a)
member models; (b) the EM of member models; and
(c) the BREM. A Student’s t test was carried out in
each case to show that the improvement of the super-
ensemble over the EM is statistically significant at a
level generally 
95% for all of the years of simulations.
This is true for all the parameters (namely, precipita-

tion, low-level horizontal winds, and surface air tem-
perature) studied in this paper. The negative anoma-
lous precipitation over the east Indian Ocean and the
positive anomalous precipitation over the west Indian
Ocean during 1994, which characterizes the Indian
Ocean dipole, was best simulated by the SSE method-
ology. A case study over the eastern Indian Ocean dur-
ing two opposite phases of the dipole events shows that
the superensemble forecasts could realistically capture
the anomalous precipitation during these extreme
events.

Therefore, the superensemble shows the consistent
and best forecast skills compared with the member
models and the EM for seasonal time scale. This sug-
gests that the multimodel superensemble methodology
can be used for real-time applications of monsoon fore-
casts over the south Asian region with a greater confi-
dence as compared with the conventional multimodel
forecasts.
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APPENDIX

Significance Test on Difference in rms Error

Here we assume that the rms error of the member
models is normally distributed. The compound hypoth-
esis is (see Green and Margerison 1978, p. 130)

H0 : rmsem � rmssse � 0

H1 : rmsem � rmssse � 0
,

where H0 is the null hypothesis and H1 is the alternate
hypothesis. Here rmsem and rmssse are the population
rms errors of the EM and the SSE. Note here that we
take rms error of the EM instead of the mean rms error
of the members in the ensemble to compute the signifi-
cance level. This is because, in general, the rms error of
the EM is lower than the mean rms error of the indi-
vidual members in the ensemble.

From the sample estimates of the mean and vari-
ances, the t-test parameter can be written as

ts �
|rmsem � rmssse |

sD
,

where sD � sD /�n with sD being the standard devia-
tion of rms error within the ensemble of n members.
There are n � 1 degrees of freedom in this case. The
hypothesis H0 is rejected with (1 � �) 100% confi-
ence if

| ts | 	 t �1��
2�,�n�1�.

In other words, we state that the results of rmsem and
rmssse differ with a significance level more than (1 � �)
100% when the above condition is satisfied. The sig-
nificance level was calculated by solving the above
equation for � with known values of rmsem, rmssse, sD,
and n.
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