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ABSTRACT

The performances of various dynamical models from the Asia-Pacific Economic Cooperation (APEC) Climate Center
(APCC) multi-model ensemble (MME) in predicting station-scale rainfall in South China (SC) in June were evaluated. It was
found that the MME mean of model hindcasts can skillfully predict the June rainfall anomaly averaged over the SC domain.
This could be related to the MME’s ability in capturing the observed linkages between SC rainfall and atmospheric large-scale
circulation anomalies in the Indo-Pacific region. Further assessment of station-scale June rainfall prediction basedon direct
model output (DMO) over 97 stations in SC revealed that the MME mean outperforms each individual model. However, poor
prediction abilities in some in-land and southeastern SC stations are apparent in the MME mean and in a number of models.
In order to improve the performance at those stations with poor DMO prediction skill, a station-based statistical downscaling
scheme was constructed and applied to the individual and MMEmean hindcast runs. For several models, this scheme can
outperform DMO at more than 30 stations, because it can tap into the abilities of the models in capturing the anomalous
Indo-Pacific circulation to which SC rainfall is considerably sensitive. Therefore, enhanced rainfall prediction abilities in
these models should make them more useful for disaster preparedness and mitigation purposes.
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1. Introduction

Over South China (SC), the June monthly mean rainfall
and its interannual variability are the largest in magnitude
among those throughout the calendar year (Yuan et al., 2012).
In fact, the outbreak of the South China Sea summer monsoon
(SCSSM) occurs climatologically in the fourth pentad of May
(Murakami and Matsumoto, 1994; Wu and Wang, 2000; Gao
et al., 2001; Zhou et al., 2005), and its associated rainband
migrates northward in mid-to-late June. After the SCSSM
onset, precipitation over SC increases dramatically, marking
the beginning of the seasonal march of the summer monsoon
rainband (Ding, 2004). Accurate seasonal forecasts of the
June SC rainfall would be invaluable for the water manage-
ment sector, as well as for mitigation and disaster prepared-
ness in the region.

† Current address: Institute of Space and Earth Information Science,
the Chinese University of Hong Kong, Hong Kong

∗ Corresponding author: Chi-Yung TAM
Email: Francis.Tam@cuhk.edu.hk

‡ Current address: Earth System Science Programme, The Chinese
University of Hong Kong, Shatin, N.T., Hong Kong

On the interannual timescale, there are a number of cir-
culation systems that can greatly influence the SC summer-
time rainfall. The western North Pacific subtropical high
(WNPSH), in particular, can strongly influence the SC sum-
mer rainfall through its east–west displacement and strength
(Chang et al., 2000; Yang and Sun, 2005). In fact, SST
anomalies in both the South China Sea (SCS) (Zhou and
Chan, 2007) and the Indian Ocean (Yuan et al., 2008; Xie et
al., 2009) are able to affect SC through such a link between
the WNPSH and SC rainfall. An out-of-phase relationship
between the rainfall of regions surrounding the SCS and In-
dian summer monsoon (ISM) rainfall has also been proposed
(Kripalani and Kulkarni, 2001). In addition, extratropical at-
mospheric activities can affect SC rainfall. Zhang and Tao
(1998) pointed out that the persistent blocking high over the
Sea of Okhotsk could give rise to above-normal precipitation
in summer over East Asia. Also, the arrival of midlatitude
fronts may be linked to the onset of the SCSSM (Chang and
Chen, 1995; Tong et al., 2009). Yuan et al. (2012) concluded
that extratropical forcing induced by the west Siberian low
was an important contributor to the excessive June rainfall
in 2010 over SC. Finally, equatorial eastern Pacific SST is
a prominent climatic factor that influences the SC rainfall.
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For example, SC may suffer from droughts in the developing
stage of ENSO, whereas floods are likely to occur over SC
when the latter decays (Huang and Wu, 1989). Chang et al.
(2000) found that summer rainfall during the period 1951–
77 was stronger than that during the period 1978–96 in the
southeastern coastal area of China, due to a stronger and more
expansive mean western Pacific subtropical ridge caused by
higher mean equatorial eastern Pacific SST over the course of
the latter period.

General circulation models (GCMs) are widely used for
seasonal forecasting, but still lack sufficient ability in repro-
ducing climate at the local scale (Stockdale et al., 1998). In
the Asian summer monsoon region, for instance, state-of-the-
art coupled models generally have difficulties in capturingthe
mean precipitation, even with a one-month lead time (Wang
et al., 2007, 2008, 2009; Kug et al., 2008; Lee et al., 2010).
Nevertheless, in terms of predicting the East Asian and west-
ern North Pacific monsoon, models tend to perform better
when forecasting after the mature phase of ENSO (Wang et
al., 2009; Liang et al., 2009; Chowdary et al., 2010; Lee et al.,
2011a; Lee et al., 2011b). In recent years, the multi-model
ensemble (MME) method (Krishnamurti et al., 1999, 2000;
Doblas-Reyes et al., 2000) has been adopted by several major
operational centers for seasonal climate prediction (Palmer et
al., 2004; Lee et al., 2009). In the present reported study,
we used the hindcast runs from various climate models par-
ticipating in the Asia-Pacific Economic Cooperation (APEC)
Climate Center (APCC) MME to assess their performance in
predicting SC rainfall. In addition, we established a station-
based statistical downscaling scheme for the SC region in an
attempt to enhance the rainfall prediction abilities of some of
the models. Statistical downscaling, the fundamental prin-
ciple of which is to derive local climate anomalies from the
large-scale circulation, is widely regarded as a techniquethat
can improve model predictions (e.g., Karl et al., 1990; Wigley
et al., 1990; Wilby and Wigley, 1997; Kang et al., 2007; Sohn
et al., 2013a). Indeed, a pattern-based statistical downscaling
approach for SC summer rainfall prediction has previously
been tested by Tung et al. (2013). Liu et al. (2011) also used
statistical downscaling for summer rainfall prediction, but in
a smaller domain in the eastern part of SC. Several other stud-
ies have also attempted to improve model prediction by sta-
tistical methods (Wang and Fan, 2009; Fan et al., 2008, 2012;
Liu and Fan, 2014).

The remainder of the paper is organized as follows: Sec-
tion 2 provides a description of the models, datasets, and the
statistical downscaling method. The results of the relation-
ship between June rainfall and the large-scale circulation, the
models’ abilities to reproduce the June SC rainfall, and the
performance of the downscaling prediction are presented in
section 3. Finally, a brief discussion and summary of the key
findings is provided in section 4.

2. Data and methods
2.1. Observations and model hindcast data

This study used the daily mean precipitation records from

740 stations over the SC region (18◦–27◦N, 105◦–120◦E).
The geographical location of SC within China is shown in
Fig. 1c. Inspection of the observational data revealed that,
during the 1983–2003 period, 97 stations gave complete
records of daily rainfall in June. Precipitation values from
these 97 stations were considered in our analysis. The spa-
tial distribution of these 97 stations is shown in Fig. 1d.
In addition, 500 hPa geopotential height (Z500), 850 hPa
wind, and the mean sea level pressure (SLP) from the Na-
tional Centers for Environmental Prediction–Department of
Energy (NCEP–DOE) Atmospheric Model Intercomparison
Project (AMIP-II) reanalysis (Kanamitsu et al., 2002) were
also used.

The APCC MME hindcast considered in this study com-
prises the seasonal prediction experiments from 11 climate
models. They are provided by various operational centers
and research institutes from the APEC economies includ-
ing Canada, China, Korea, Taiwan, and the United States.
Experiments of both the Seasonal Model Intercomparison
Project/Historical Forecast Project (SMIP/HFP) and the Cou-
pled Model Intercomparison Project (CMIP) types are in-
volved, with the common hindcast period of 1983 to 2003.
Table 1 provides details of these model experiments. All
model predictions targeted in June were initiated in May of
the same year, and the simulation results were interpolated
onto the same 2.5◦× 2.5◦ grid. In addition to outputs from
individual models, their MME average (which is the simple
average of their products) was also considered in this study.
In order to compare with observations, the models’ rainfall
outputs were spatially interpolated using bilinear interpola-
tion onto the station locations in SC. Finally, as this study
focuses on the interannual variability of the SC rainfall, long-
term trends in both the observational and model data were
removed prior to the analysis.

2.2. Station-based statistical downscaling

Besides using model precipitation to predict the SC rain-
fall, a statistical downscaling method with model SLP and
Z500 values as predictors was also tested for predicting the
June rainfall at station locations. The construction of thesta-
tistical prediction scheme is outlined as follows. First, cor-
relation maps between station rainfall and SLP, as well as
those with Z500, for each individual station location were in-
spected, in order to unveil any linkages between the Indo-
Pacific large-scale circulation and SC rainfall. Results in-
dicated that there were robust connections between rainfall
variations observed at individual stations and SLP or Z500
signals from models over the ISM and western north Pa-
cific regions (see also section 3.1). Adopting the model out-
put statistics (MOS; Wilks, 1995) approach, model Z500 and
SLP were then chosen as predictors for the observed station
rainfall, based on the following equation:

Pi = aiSLPAA +biZ500AB ,

wherePi is the June rainfall anomaly at stationi, SLPAA

and Z500AB represent the anomalous SLP and Z500 aver-
aged over rectangular domains A and B located in the ISM
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Fig. 1. Long-term mean (1983–2003) monthly (a) 850 hPa wind and (b) Z500 in June. Black (green) arrows and
contours denote observed (MME average) 850 hPa wind and Z500values, respectively. Units of scale arrows
and contour lines for (a) and (b): m s−1 and gpm, respectively. (c) Geographical location of SC (denoted by the
box). (d) Observed long-term mean accumulated rainfall in June at 97 station locations over SC (units: mm).

Table 1. Description of the hindcast experiments considered in thisstudy.

Institute Model Resolution Ensemble size Experiment Reference

Meteorological Service of Canada
(MSC)

MSC-GM2 T32 L10 10 SMIP/HFP McFarland et al. (1992)

MSC MSC-GM3 T63 L32 10 SMIP/HFP Scinocca et al. (2008)
MSC MSC Spectral Primitive Eqt.

Model (MSC-SEF)
T95 L27 10 SMIP/HFP Ritchie (1991)

Korean Meteorological Adminis-
tration (KMA)

Global Data Assimilation and
Prediction system (GDAPS)

T106 L21 20 SMIP/HFP Park et al. (2002)

National Institute of Meteorolog-
ical Research (NIMR)

Meteorological Research Insti-
tute AGCM

5◦×4◦ L17 10 SMIP/HFP Back et al. (2002)

Seoul National University (SNU) Global Climate PredictionSys-
tem (GCPS)

T63 L21 12 SMIP/HFP Kang et al. (2004)

Central Weather Bureau (CWB) CWB AGCM T42 L18 10 SMIP/HFP Liou et al. (1997)
Bureau of Meteorological Re-

search Centre (BMRC)
Predictive Ocean-Atmosphere

Model for Australia (POAMA)
T47 L17 10 CMIP Zhong et al. (2005)

Beijing Climate Center (BCC) BCC CGCM T63 L16 8 CMIP Ding et al. (2000)
National Centers for Environ-

mental Prediction (NCEP)
NCEP Climate Forecast System

(CFS)
T62 L64 15 CMIP Saha et al. (2006)

Pusan National University (PNU) PNU CGCM T42 L18 5 CMIP Sun and Ahn (2011)

region and western north Pacific, respectively. Note that the
above represents an empirical relationship between station-
scale rainfall and the large-scale circulation, and coefficients
ai andbi (the values of which depend on the station being
considered) are determined from model hindcast and station
rainfall data by multiple linear regression. The exact location
of domain A (B) can be found by first setting a “moving win-

dow” with 50◦ of longitude and 30◦ of latitude over the tropi-
cal Indian Ocean/Indian subcontinent (western north Pacific)
area. The location of the window is then adjusted so that there
are a maximum number of stations in SC with rainfall signif-
icantly correlated to the SLP (Z500) field over at least 1/3
of the grid points within domain A (domain B). Finally, the
longitudinal and latitudinal extents of domains A and B are
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fine-tuned, so as to capture the most number of stations in SC
linked to either SLP or Z500 variations. Using this method,
about 25% and 20% of the SC stations were identified with
rainfall linked to SLP and Z500 variability over the Indo-
Pacific, respectively. This scheme is processed at each station
for every model, as well as for the MME average. For in-
stance, domain A was found to be (20◦N–10◦S, 60◦–110◦E),
while domain B covered (5◦–25◦N, 130◦–180◦E) when the
MME mean SLP and Z500 were used. In this study, the sta-
tistical downscaling prediction was validated using a leave-
one-out cross-validation framework. Such a framework seeks
to mimic the actual forecast situation when data in the target
period are not known; it is commonly used to validate predic-
tions based on statistical schemes (e.g., Sohn et al., 2013b).

3. Results

3.1. Relationship between SC rainfall and large-scale cir-
culation

Before analyzing the relationship between SC rainfall and
large-scale circulation, the June climatological conditions
from reanalysis data and model simulations were compared.
Figures 1a and b show the reanalysis-based and MME mean
values of Z500 and 850 hPa wind over Asia and the western
Pacific in June. It can be seen that the MME 850 hPa wind cir-
culation (green arrows in Fig. 1a) over the Indo-Pacific region
compares well with reanalysis data (black arrows). Note that
the position of the monsoon trough extending from northern
Indochina into the SCS/Philippines Sea was also reproduced
in the MME hindcasts. In addition, the WNPSH was also
captured well by the MME hindcast (green contours in Fig.
1b), albeit with a slightly eastward shifted position compared
with reanalysis data (black contours). The observed accumu-
lated rainfall in June over SC is also shown (Fig. 1d). Overall,
strong spatial variation is exhibited; monthly mean precipita-
tion can reach the value of 500 mm in some southern coastal
stations, while those over inland locations receive only 200
mm or less rainfall in the same month.

To examine how SC rainfall is related to the large-scale
circulation over the Indo-Pacific region, Z500, SLP and the
850 hPa winds were regressed onto the precipitation averaged
over SC in June. Figure 2 shows the regression coefficients
computed based on observations as well as the MME aver-
age. From the reanalysis-based Z500 regression map, posi-
tive anomalies can be found centered over the Philippines to
the SCS, and also in the western North Pacific (WNP) (Fig.
2a). Collocated with the former Z500 feature is an anomalous
anticyclone in the lower levels (Fig. 2c). The above indicates
a close relationship between SC precipitation variation and
WNPSH activity. In particular, the low-level wind branch
accompanying an anomalous high over the Philippines/WNP
leads to stronger southerlies from the SCS. The latter is likely
to transport more water vapor into SC, resulting in above-
normal rainfall in the region. In addition to those in the sub-
tropical western North Pacific, significant climate signalsare
also found in the northern Indian Ocean and at some extra-

Fig. 2. Regression coefficients of the monthly mean (a, b) Z500,
(c, d) SLP and 850 hPa wind based on the mean rainfall over SC
in June for (a, c) reanalysis (but with observed rainfall) and (b,
d) MME average. Dashed lines indicate negative values and
shading (vectors) denote statistically significant Z500 orSLP
(850 hPa wind) anomalies at the 90% confidence level. Con-
tour intervals are 2 and 1 gpm for (a) and (b), and 0.15 hPa for
both (c) and (d). Zero contours are omitted. Units of scale ar-
rows for (c) and (d): m s−1. The solid box in (a) denotes the SC
region.
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tropical sites. From the SLP and 850 hPa wind regression
maps, there is a broad-scale SLP negative anomaly over the
Indian Ocean with alongshore cyclonic wind off Sumatra and
the Somali coast (see Fig. 2c). Such a circulation feature
might reflect the influence of Indian Ocean dipole activity on
SC rainfall in boreal summer (Guan and Yamagata, 2003).
Finally, there appears to be a wave train in the 500 hPa height
field from the subtropics extending into northeast Asia/the
north Pacific region (see Fig. 2a). On the other hand, we can-
not discern any significant signals at more upstream locations
over continental Eurasia.

In the model environment, an analogous relationship be-
tween the large-scale circulation and SC rainfall is also found.
The Z500 regression map for the MME average shows that
increased SC rainfall is associated with a stronger WNPSH
over the far WNP to the SCS, with correlation even stronger
than that in observations (see Fig. 2b). Interestingly, the
MME produces very strong correlation between SC rainfall
and Z500 in the tropics; this could be related to the multi-
ensemble and multi-model averaging process, which tends
to increase the signal-to-noise ratio in the dataset. Thereis
also anomalous anticyclonic flow at 850 hPa and positive
SLP in the vicinity and to its east, again bearing much sem-
blance to observations (Fig. 2d). Inspection of the hindcasts
from individual models revealed that such a WNPSH (or low-
level anticyclone)–SC rainfall relationship is reproduced by
models including CWB AGCM, GDAPS, MSC-GM2, NCEP
CFS, PNU CGCM and POAMA (figures not shown). In addi-
tion, low-level easterly and northeasterly wind perturbations
are seen over India and the Arabian Sea to Somalia, respec-
tively. Related to this is a broad-scale positive SLP anomaly
spanning the Indian subcontinent to Saudi Arabia. This sug-
gests that the ISM tends to be weaker (stronger) when the
SC mean rainfall is enhanced (suppressed) in the MME av-
erage. A positive meridional SLP gradient in the northern
Indian Ocean is also found in the environments of the CWB
AGCM, GDAPS, NCEP CFS, PNU CGCM and POAMA
models when they produce above-normal SC rainfall (figures
not shown). Finally, there are significant circulation signals
over the North Pacific in the MME mean regression map,
which are even more robust than their observational coun-
terparts.

We next compared the year-to-year SC rainfall variation
from observations and the MME mean of hindcasts. The
observed and MME mean rainfall averaged over SC in June,
normalized by their respective standard deviations, are given
in Fig. 3. The two time series were found to be highly corre-
lated, with a correlation coefficient of 0.73. In other words,
the MME average is capable of capturing the SC rainfall
variation in June. For individual models, the correlation be-
tween their predicted SC rainfall and observations ranged
from −0.49 to 0.67. For models that yielded a correlation
coefficient of 0.3 or above, most of them (CWB AGCM,
GDAPS, NCEP CFS, PNU CGCM and POAMA) repro-
duced the aforementioned anomalous WNPSH and SLP gra-
dient over the Indian subcontinent associated with SC rain-
fall changes. This suggests that successfully capturing the

Fig. 3. Standardized SC mean rainfall anomalies in June from
observations (solid line) and MME average (dashed line).
Correlation between the time series is given in the lower right
corner.

WNPSH and ISM–SC regional climate linkages could be im-
portant for predicting SC precipitation.

3.2. Station-scale prediction based on direct model out-
puts and statistical downscaling

In order to assess the performance of direct model outputs
(DMO) in capturing the station-scale rainfall, hindcast pre-
cipitation data were first spatially interpolated onto 97 station
locations. Temporal correlation between the observed and
DMO-derived station-scale rainfall was then computed. The
results are shown in Fig. 4. It can be seen that GCPS and
NCEP CFS are the most skillful in reproducing the SC rain-
fall, with correlation reaching 0.6 or more at some stations.
On the other hand, for BCC CGCM and MSCSEF, there are
only a few stations with correlation coefficients greater than
0.2. The June rainfall variation in eastern SC seems to be rel-
atively well captured by GCPS, MSC-GM3, NIMR AGCM,
and POAMA, whereas CWB AGCM, GDAPS, NCEP CFS
and PNU CGCM are more skillful in southern coastal loca-
tions. Overall, in the more in-land western to northwestern
part of SC, the abilities of the models tend to be lower. Fi-
nally, the correlation between the observed and MME mean
DMO precipitation at station locations was also computed.
Compared to individual models, the MME average gives the
best overall performance in predicting the SC station rain-
fall (as evidenced by the MME mean giving the most num-
ber of stations with correlation larger than 0.2; see Fig. 4l).
The MME method can reduce forecast uncertainties by better
sampling of errors in the circulation–precipitation relations
in different models. Thus, in this study, we have been able
to demonstrate that even simple averaging of model products
can lead to an overall improvement in SC rainfall prediction.

It is evident that DMO prediction can be skillful at some
stations in SC, but for other stations realistic forecasts could
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Fig. 4. Correlation coefficients between observed and model-predicted rainfall for June at station locations from (a) BCC
CGCM, (b) CWB AGCM, (c) GCPS, (d) GDAPS, (e) MSC-GM2, (f) MSC-GM3, (g) MSC-SEF, (h) NCEP, (i) NIMR AGCM,
(j) PNU CGCM, (k) POAMA, and (l) the MME average.

not be achieved. We applied the statistical downscaling tech-
nique for the purpose of improving station rainfall prediction
by individual models. As shown previously, SC rainfall in
June is closely related to WNPSH activity, as well as SLP
variations over the ISM region (see section 3.1). We have
also seen that such linkages are also reproduced in the model
environment. Z500 and SLP simulations over the WNP and
Indian Ocean/Indian subcontinent regions, respectively,were
therefore chosen as predictors for statistical downscaling.
Notice that the regions over which the Z500 and SLP vari-
ables are averaged can differ from model to model (see sec-
tion 2.2 for details of the downscaling method). The exact
domains used for spatial averaging are provided in Table 2.

Figure 5 shows the difference between statistical predic-

Table 2. Domains over which the model-predicted SLP and Z500
were averaged for statistical downscaling. See text for details.

Model Domain A (SLP) Domain B (Z500)

BCC CGCM (0◦–30◦N, 50◦–90◦E) (10◦–25◦N, 130◦–180◦E)
CWB AGCM (25◦N–10◦S, 70◦–110◦E) (10◦–25◦N, 130◦–180◦E)
GCPS (15◦N–10◦S, 50◦–90◦E) (5◦–20◦N, 130◦–180◦E)
GDAPS (15◦N–10◦S, 50◦–90◦E) (0◦–20◦N, 130◦–180◦E)
MSC GM2 (15◦N–10◦S, 70◦–90◦E) (10◦–20◦N, 130◦–180◦E)
MSC GM3 (25◦N–10◦S, 50◦–110◦E) (15◦–30◦N, 130◦–180◦E)
MSC SEF (25◦N–10◦S, 60◦–120◦E) (10◦–25◦N, 130◦–180◦E)
NCEP CFS (25◦N–10◦S, 60◦–130◦E) (10◦–25◦N, 120◦–180◦E)
NIMR AGCM (10◦N–10◦S, 50◦–130◦E) (10◦–25◦N, 120◦–160◦E)
PNU CGCM (10◦N–10◦S, 60◦–110◦E) (10◦–30◦N, 120◦–180◦E)
POAMA (5◦–30◦N, 90◦–140◦E) (0◦–25◦N, 130◦–180◦E)
MME (20◦N–10◦S, 60◦–110◦E) (5◦–25◦N, 130◦–180◦E)



686 IMPROVING SEASONAL PREDICTION IN SOUTH CHINA VOLUME 32

tion–observation correlation and DMO–observation correla-
tion, for each individual model as well as their MME mean.
There are 50 stations over which the downscaling scheme
can improve the rainfall perdition for BCC CGCM, with im-
provement of the correlation by greater than 0.6 at some loca-
tions. Most of these stations are found in southern locations
of SC near the Pearl River Delta and to its west in Guangdong
(solid circles in Fig. 5a), where the correlation between ob-
servations and DMO is about−0.2 to−0.3. The number of
stations in SC at which statistical downscaling outperforms
DMO in predicting the June rainfall is also provided in Fig.
6. For GDAPS, MSCGM2 and the MME average, the statis-
tical scheme is able to improve the rainfall prediction onlyat
a handful of stations. It can be seen that downscaling can im-

prove predictions where the DMO performance is poor (see
Fig. 4 for the skill of DMO). Statistical downscaling leads
to improvement at about 30 stations for NCEP, many of them
located in southeastern coastal SC (see Fig. 5h). Statistically
downscaled rainfall prediction outperforms DMO for NIMR
AGCM at more than 40 stations, which are located mainly in
the southern part of the domain (see Fig. 5i).

To further examine why downscaling can greatly improve
the skill of the two models, large-scale circulation variables
were regressed onto the observed June rainfall averaged over
those locations with prediction improvements. It was found
that above-normal precipitation over the Pearl River Delta
(corresponding to stations where downscaling leads to im-
provement for BCC CGCM; see Fig. 5a) is positively cor-

Fig. 5. Correlation coefficient difference between direct model predictions and statistical downscaling predictions for (a)BCC
CGCM, (b) CWB AGCM, (c) GCPS, (d) GDAPS, (e) MSC-GM2, (f) MSC-GM3, (g) MSC-SEF, (h) NCEP, (i) NIMR AGCM,
(j) PNU CGCM, (k) POAMA, and (l) the MME average.
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Fig. 6. Number of stations over which statistical downscaling
prediction outperforms the direct model rainfall prediction for
June.

related with BCC CGCM SLP over the Indian Ocean/Indian
subcontinent region (figures not shown). An analogous re-
lationship was also found between the observed meridional
SLP gradient over the Indian Ocean/Indian subcontinent re-
gion and the rainfall variations over the SC (see section 3.1).
On the other hand, the regression map for BCC CGCM shows
a positive SLP anomaly over the Indian sub-continent right in
domain A (i.e. the region over which model SLP values were
used for statistical downscaling; see Table 2). Thus, thereis
an inverse relationship between observed rainfall at thesese-
lect stations and the strength of the ISM in the BCC CGCM
model. Such a relation is exploited by the station-based sta-
tistical downscaling scheme for local SC precipitation predic-
tion, leading to improvements in June rainfall prediction.As
for the NIMR AGCM, anomalous Z500 in the SCS extending
into the WNP is linked to the observed rainfall variations in
the corresponding station locations (figures not shown). Ap-
parently, the station-based statistical downscaling scheme can
make use of such a linkage to successfully enhance the pre-
diction skill over these selected stations.

4. Discussion and summary

The performance of 11 dynamical seasonal prediction
systems as well as their MME mean in predicting the June
SC rainfall was assessed. It was found that the MME mean
is skillful in capturing the rainfall variation averaged over the
SC domain. The relationship between SC rainfall and the

atmospheric large-scale circulation over the Indo-Pacificre-
gion in the reanalysis data and model environment was also
examined. Observations showed that enhanced rainfall over
SC is accompanied by stronger WNPSH activity and possi-
bly weaker ISM in June. Such SC rainfall–WNPSH and ISM
linkages were also seen in the MME mean as well as the hind-
cast runs from a number of models. The MME mean (and
some of the individual models) might benefit from this and
therefore show good skill in forecasting the June SC rainfall.

The performances of individual models and the MME in
terms of their June rainfall predictions at 97 SC stations were
also assessed. Overall, the MME mean also outperforms all
individual models in capturing the station SC rainfall vari-
ability. The better performance of the MME average may
be related to the better sampling of model uncertainties in the
MME method. Some models (e.g. NCEP CFS and GCPS) are
also considerably more skillful than others in their station-
scale rainfall predictions. On the other hand, most individ-
ual models and the MME mean demonstrate very little skill
at some locations, such as in-land western SC and eastern
coastal SC. Finally, a few individual models such as BCC
CGCM and MSCSEF possess almost no ability to predict
rainfall at many stations in SC.

We also carried out station-based statistical downscaling,
in an attempt to improve station rainfall prediction. Model
circulation patterns were directly linked to the observed sta-
tion rainfall in a statistical scheme, enabling climate signals
from the simulated large-scale circulation to be utilized for
station-scale prediction. In particular, SLP and Z500 aver-
aged over the ISM and WNP regions, respectively, were cho-
sen as predictors for downscaling prediction. Cross-validated
prediction results were then compared to those based on
DMO. It was found that statistical downscaling can lead to
more skillful forecasts compared to DMO at more than 30
station locations for seven models (out of a total of 12 hind-
cast runs, including the MME mean). Improvements brought
about by statistical downscaling for BCC CGCM and NIMR
AGCM were particularly noticeable. Further inspection of
their simulations revealed that rainfall variations at some SC
locations were robustly linked to the Indo-Pacific circulation
changes in these two models. In addition, we also compared
the performance of DMO and statistical downscaling for se-
lected years. For June 1999, the statistical scheme can even
outperform DMO in five different models regionally, to such
an extent that the scheme can correct a bias in the MME
over the southern coast of SC. Overall, the statistical scheme
can apparently tap into the abilities of models to capture the
large-scale circulation, thereby providing reasonably skillful
station-scale rainfall predictions for these models.

To summarize, a number of dynamical models examined
in this study, and especially the MME mean, can successfully
predict the June rainfall averaged over SC. The MME aver-
age also gives reasonably accurate predictions at the station
scale, except for some locations in SC. The performance of
individual models in capturing station-scale rainfall is much
more variable, but the skill of some models can be improved
by employing statistical downscaling. Reliable predictions of
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the hydrological variations in this region would be useful for
the water management sector, as well as for disaster mitiga-
tion and adaptation. The approaches to making such predic-
tions highlighted in the present study could prove useful in
these respects.
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