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ABSTRACT

A pattern projection downscaling method is employed to predict monthly station precipitation. The
predictand is the monthly precipitation at 1 station in China, 60 stations in Korea, and 8 stations in
Thailand. The predictors are multiple variables from the output of operational dynamical models. The
hindcast datasets span a period of 21 yr from 1983 to 2003. A downscaled prediction is made for each
model separately within a leave-one-out cross-validation framework. The pattern projection method uses
a moving window, which scans globally, in order to seek the most optimal predictor for each station. The
final forecast is the average of the model downscaled precipitation forecasts using the best predictors and
is referred to as DMME. It is found that DMME significantly improves the prediction skill by correcting
the erroneous signs of the rainfall anomalies in coarse resolution predictions of general circulation models.
The correlation coefficient between the prediction of DMME and the observation in Beijing of China reaches
0.71; the skill is improved to 0.75 for Korea and 0.61 for Thailand. The improvement of the prediction skills
for the first two cases is attributed to three steps: coupled pattern selection, optimal predictor selection,
and multi-model downscaled precipitation ensemble. For Thailand, we use the single-predictor prediction,
which results in a lower prediction skill than the other two cases. This study indicates that the large-scale
circulation variables, which are predicted by the current operational dynamical models, if selected well, can
be used to make skillful predictions of local precipitation by means of appropriate statistical downscaling.
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1. Introduction

East Asian monsoon prediction is still a challenge
for current General Circulation Models (GCMs) due
to large errors in these models (Kang et al., 2002;
Wang et al., 2004; Zhang et al., 2006; Kang and Park,
2007a). Generally, dynamical seasonal prediction er-
rors arise from model deficiencies in the representa-
tion of complex terrain, the governing physics and the
atmospheric uncertainty (Wilks, 1995). In order to
improve the seasonal prediction skill, a multi-model
ensemble (MME) system has been developed by reduc-
ing the uncertainties from different models in the past
decades. It has been demonstrated that MME pro-

duces more reliable probability forecasts of seasonal
climate anomalies than a single model (Palmer and
Shukla, 2000; Krishnamurti et al., 1999; Zhu et al.,
2008). Wang et al. (2007) improved the model forecast
skill on the Asian summer rainfall through a revised
25-point Shuman-Shapiro spatial filter applied to six
atmospheric GCMs and MME predictions. However,
MME still has little skill in midlatitude regions. In ad-
dition, GCMs generally employ a spatial resolution of
2.5◦×2.5◦ (latitude×longitude), and they are far from
being able to provide station-scale climate information
needed by users.

Current GCMs, nevertheless, are able to reason-
ably simulate the large-scale atmospheric variables
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such as sea level pressure (SLP) and 500-hPa geopo-
tential height (Z500) (von Storch et al., 1993; Kang
et al., 2004). In some regions, local precipitation has
reliable statistical relationships with the large-scale at-
mospheric variables, and the relationships may reveal
robust dynamical and physical mechanisms between
the local rainfall and large-scale circulations. Statis-
tical downscaling methods establish an empirical sta-
tistical relationship between one or several large-scale
meteorological variables, commonly those representing
the atmospheric circulation, and local-scale variables
(predictand), and then infer local changes by means of
sensibly projecting the large-scale information on the
local scale (Zorita and von Storch, 1999). A statisti-
cal downscaling scheme can also use GCM output as
predictor data to make predictions, which is known as
model output statistics (MOS; Wilks, 1995).

Based on the MOS and MME techniques, a
pattern projection downscaling system (Kang et al.,
2007b, 2009) had been developed using the multi-
model outputs collected by APEC (Asia-Pacific Econ-
omy Cooperation) Climate Center (APCC). APCC
has been operationally running MME with the timely
contributions of GCM hindcasts and forecasts from
15 institutes of the APEC members. The hindcast
datasets are well-suited for an MOS-based downscal-
ing. So far, the statistical method has been suc-
cessfully applied in predicting precipitation over the
Philippines, Thailand, Korea, Malaysia, etc. (Kang
et al., 2007b, 2009; Chu et al., 2008; Liew et al.,
2010). This paper will review the pattern projec-
tion downscaling technique developed at APCC and
demonstrate the skill improvement in seasonal predic-
tion using the new case of Beijing, China in compari-
son with cases of Korea (Kang et al., 2009) and Thai-
land (Kang et al., 2007b).

This paper is arranged as follows. Section 2 de-
scribes the datasets used in this study and introduces
the downscaling methodology. Section 3 demonstrates
the skills of downscaling prediction using the cases
of China, Korea, and Thailand, and goes on to an-
alyze how the prediction skills are improved in the
downscaling procedures. A summary is provided in
Section 4.

2. Data and methodology

2.1 Data

The predictand is station-based monthly rainfall.
The observed data from 1983 to 2003 are used not
only for the development of the statistical downscal-
ing technique, but also for validating the prediction
scheme using a cross-validation framework.

The predictor data are taken from operational
seasonal prediction model outputs. The hindcast
data of one-month lead predictions are outputs from
Seasonal Prediction Model Intercomparison Project
(SMIP) type experiments (Kobayashi et al., 2000).
Table 1 gives a basic description of the models and
their hindcast datasets. HFP indicates Historial Fore-
casting Project. BCC and NCEP models are coupled
models (tier-1) while other models are tier-2 systems.
Based on the evaluation of the collected models, we
selected different models for different cases. The pre-
dictors are taken from 8 variables of GCM outputs:
Z500, SLP, 850-hPa temperature (T850), 2-m air tem-
perature (T2M), 850-hPa zonal and meridional veloc-
ity (U850, V850), and 200-hPa zonal and meridional
velocity (U200, V200). The hindcast data also span
the 21-yr period from 1983 to 2003 and have a spatial
resolution of 2.5 degrees in both latitude and longi-
tude.

Table 1. Description of the GCMs used in this study

Model Institution (member economy) Data type Sea surface temperature

BCC Beijing Climate Center (China) SMIP/HFP Forecast

CWB Central Weather Bureau (Chinese Taipei) SMIP/HFP Forecast

GCPS Korea Meteorological Administration (Korea) SMIP/HFP Forecast

GDAPS Korea Meteorological Administration (Korea) SMIP/HFP Forecast

HMC Hydrometeorological Center (Russia) SMIP/HFP Forecast

JMA Japan Meteorological Agency (Japan) SMIP/HFP Forecast

MGO Main Geophysical Observatory (Russia) SMIP/HFP Observation persistence

NCEP Climate Prediction Center/NCEP (United States) SMIP/HFP Forecast
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2.2 Methodology

The downscaling prediction includes three steps
as follows.
2.2.1 Coupled pattern selection and projection

Pattern projection is based on the premise that
local precipitation variation is related to the variation
of large-scale patterns. The latter can be well simu-
lated by dynamical models, hence local precipitation
forecasts may be retrieved from the information in the
coupled pattern using a proper transfer function. Sup-
pose that the predictand and predictor are Y (t) and
X(i, j, t), respectively. Here, Y (t) is local station pre-
cipitation, and X(i, j, t) is model predicted large-scale
variable at the grid point (i, j) at the same time. Then,

Y (t) = αXp(t) + β, (1)

where Xp(t) is the projection of the predictor in an
optimal window. The optimal window refers to the
area in which the sum of the correlation coefficients
between the predictor field and the predictand at the
target station reaches the maximum,

Xp(t) =
∑

i,j

COR(i, j) × X(i, j, t). (2)

The correlation coefficient based on the training pe-
riod is obtained as

COR(i, j) =
{ 1

N

∑

i,j

(Y (t) − Ym) × (X(i, j, t)

−Xm(i, j))
}

/
{

σx(i, j) × σy

}
, (3)

where N is the number of training years; the subscript
m means the average of the variable during the train-
ing period; σ denotes the variance (Kug et al., 2007;
Kang et al., 2007b, 2009).

One important step in the downscaling proce-
dure is the selection of the optimal window. It
has been documented that GCM predictions, whose
large-scale circulation variables are used as predic-
tors in downscaling, commonly suffer from substan-
tial drifts away from the observed climate, and these
drifts are quite different for each model (Kang et al.,
2002; Kang and Schukla, 2006). In order to avoid
these model biases, a movable window with a size of
15(longitude)×10(latitude) grid points is set to scan

over the globe. The optimal window is the most sen-
sible area in which the sum of correlation coefficients
of a predictor in the window with the precipitation at
the target station reaches the maximum. Through this
step, the large-scale signals related to the variability
of local precipitation may be captured, and the pre-
cipitation at the target station is ultimately specified
by the large-scale information in the optimal window.
2.2.2 Multi-predictor optimal selection

In the Korean case, through the empirical orthog-
onal function (EOF) analysis, we found that the pre-
cipitation over the 60 stations shows quite different
interannual variations owing to the influence of the lo-
cal terrain. Consequently, using only one predictor to
specify the variations of rainfall at 60 stations is not
enough; one needs to search for more signal-bearing
predictors and select the best one for different stations.
In this study, eight model output variables are used
for downscaling, and the predictor is the one with the
best downscaling prediction skill; therefore, the pre-
dictor for one station may be different from that for
another.
2.2.3 Multi-model ensemble

The uncertainties of MOS forecasts are in gen-
eral caused by internal variability of the climate sys-
tem, the GCMs and the statistical downscaling models
(Benestad, 2001; Chen et al., 2006). Benestad (2002)
found that uncertainties in monthly and annual pre-
cipitation scenarios associated with GCM realizations
tended to be greater than those associated with the
downscaling strategies. In order to reduce the un-
certainties associated with GCMs, an MME predic-
tion is performed using the average of the precipita-
tion downscaled from the best predictor of the GCMs
(henceforth referred to as “DMME”). For comparison,
we create another MME using the average of the pre-
cipitation directly predicted by these GCMs (hence-
forth referred to as “RMME”). RMME precipitation,
which has the same resolution of 2.5◦×2.5◦ as that of
the GCMs, is interpolated to station points using the
method of 9-grid inverse distance to a power. As a re-
sult, the precipitation from both DMME and RMME
can be verified against the station observation; more-
over, the skills of both types of MME predictions can
be compared with each other.
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Fig. 1. The flow chart of the downscaling strategy.

Figure 1 shows the flow chart of the downscal-
ing strategy. For each model, the downscaling is
first carried out using each of the eight variables as
predictor, separately. The downscaling procedure is
tested within a leave-one-out cross-validation frame-
work, where one year used as forecast year is removed,
leaving other 20 years as the training period for devel-
oping the statistical relation (WMO, 2002). In this
way, the downscaling forecast is performed in turn for
each of the 21 years. Then, DMME is generated by av-
eraging the downscaled rainfall from the best predictor
of GCMs. Finally, both DMME and RMME predic-
tions are compared with the observed precipitation at
each station.

3. Results

3.1 Beijing

The data of monthly mean precipitation of Beijing
in August 1983–2007 are obtained from the China Me-
teorological Administration. The predictors are from
the outputs of all the models described in Table 1
except MGO. A cross-validation verification is made
during the 21-yr period of 1983–2003, then the inde-
pendent forecasts for 4 yr from 2004 to 2007 are made
and the forecast results are verified against the obser-
vation.

Figure 2 shows that raw MME generally predicts
wrong signs of precipitation anomalies for August in
Beijing in the cross-validation period and independent
forecast years. The correlation coefficient between ob-
served and simulated precipitation anomalies is only
0.04 during the hindcast period (1983–2003). In the
four independent forecast years, raw MME predicts
wrong signs for three years. Thus, users cannot obtain
any valuable prediction information from the selected
GCMs for the Beijing station.

Figure 3 shows that downscaled MME predictions
are in quite good agreement with respective observed
precipitation anomalies during the cross-validation pe-
riod (1983–2003). The correlation coefficient between
observed and downscaled precipitation anomalies in
the 21 years is 0.71. In the four independent fore-
cast years, downscaled MME successfully predicts cor-
rect signs. By comparing Fig. 3 with Fig. 2, it
is found that downscaled MME achieves considerable
improvement in prediction skill than raw MME. How-
ever, downscaling fails to predict the reasonable ampli-
tude of the precipitation anomalies. During the period
of cross-validation, the selected predictor for different
years is different even for one station, and the predic-
tor also changes among these models; but T850, SLP,
and V850 are commonly selected as the best predictor
in most of the years.
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From Fig. 4, it is found that downscaling sub-
stantially improves the prediction skill of each model
compared with that of raw models in simulating pre-
cipitation. Among raw model predictions, BCC shows
the best prediction for Beijing with acorrelation co-
efficient of 0.29, and other models generally have no

prediction skill. After downscaling, all models (except
CWB) show considerably higher prediction skills. This
indicates that these models have the ability to predict
the large-scale circulation well and the method can
extract effective information from the large-scale cir-
culation for downscaling prediction.

Fig. 2. Precipitation anomalies of observation and raw MME prediction in Beijing in August during the hindcast period

(1983–2003) and independent forecast years (2004–2007).

Fig. 3. Precipitation anomalies of observation and downscaled MME prediction in Beijing in August during the hindcast

period (1983–2003) and independent forecast years (2004–2007).
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Fig. 4. Correlation coefficients between observed and raw/downscaled precipitation in Beijing during the hindcast

period (1983–2003) for seven models and the MME.

3.2 Korea

The predictand is station-based summer rainfall
from 1983 to 2003 for 60 stations over Korea. The
observation data are taken from the Korea Meteoro-
logical Administration. The predictor data are from
the outputs of the following six models: CWB, GCPS,
GDAPS, JMA, MGO, and NCEP (see Table 1).

Figure 5 presents three time series of station-
averaged precipitation anomalies: observation, DM-
ME, and RMME, during the period of 1983–2003.
Compared with observation, RMME predicts oppo-
site signs of anomalies in 12 yr. On the other hand,
DMME predicts the same sign of rainfall anomalies
as in the observation in 17 yr, especially in the heavy
rainfall years of 1987, 1998, 2002, and 2003, and in
the drought years of 1983, 1988, 1992, and 1994. This
indicates that the large-scale variables, which are out-
puts from the current operational dynamical models,
are useful in predicting local rainfall, particularly in
extreme years, by means of the downscaling strategy.

Figure 6 shows the distributions of temporal cor-
relation coefficients between observed and predicted
precipitation: the panels (a) to (f) are for six mod-
els and panel (g) is for RMME; the panels (h) to (m)
are for six models using the downscaling strategy and
panel (n) is for DMME. It is found that the predic-
tions from these models except GCPS show very poor
performance at most of the stations. Even RMME

performs poorly. This indicates that the prediction
skill cannot be improved through the MME proce-
dure if the participating models have a poor predic-
tion skill. On the other hand, the downscaling pre-
dictions by these models have been substantially im-
proved compared with their respective raw model pre-
dictions. Moreover, DMME prediction is not only
much better than RMME prediction, but also bet-
ter than any single model downscaling prediction. It
is noticed that downscaling predictions by these indi-
vidual models commonly perform well only in part of
Korea, but the combination of these downscaling pre-
dictions (DMME) achieves quite good prediction skills
at all of the 60 stations. Figure 6 demonstrates clearly
that DMME further improves the prediction skill by
successfully reducing the uncertainties associated with
the individual models.

3.3 Thailand

The observed station monthly precipitation used
in this research is taken from the Thailand Meteo-
rological Department (TMD). Our target area is the
Bangkok region including eight stations. The predic-
tor data are from SLP outputs of six operational sea-
sonal prediction models: CWB, GCPS, GDAPS, JMA,
MGO, and NCEP (see Table 1).

Figure 7 shows that the first SVD mode between
the observed station precipitation and observed SLP
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explains 83% of the total covariance, and the corre-
lation coefficient of the expansion coefficients for the
leading SVD mode reaches 0.81. It is found that
strengthening SLP over the South China Sea, Philip-
pine Sea, and western North Pacific is accompanied by
enhanced precipitation in the Bangkok region. This

is dynamically reasonable because strengthening SLP
centered over the Philippine Sea favors the southeast-
erly passing over the Bangkok region along the South
China Sea and the Gulf of Thailand, bringing about
more rainfall in the region. It is noted that the eigen-
vector values of precipitation at the eight stations

Fig. 5. The station-averaged summer precipitation anomaly time series in Korea from observation, DMME, and RMME

during the period of 1983–2003.

Fig. 6. Distributions of the temporal correlation coefficients between predicted rainfall and observation at each station
in Korea. (a) to (f) are for six participating models and (g) is for RMME; (h) to (m) are for downscaling predictions
of six model and (n) is for DMME. The darker station points indicate the correlation coefficient at the 5% significance
level.
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Fig. 7. The first SVD mode between the observed station precipitation in the Bangkok region and observed SLP, and
the time series of the expansion coefficient for the leading mode (a, b, c); the first SVD mode and the time series of
the expansion coefficient for GCPS (d, e, f); and the first SVD mode and the time series of the expansion coefficient for
NCEP (g, h, i).

show the same sign, which suggests that the precipi-
tation at all these stations is controlled by the same
large-scale circulation process. This is probably be-
cause all the eight stations are located in the same
plain which is open to the Gulf of Thailand (see Fig.
7a). We take GCPS and NCEP as examples and show
the leading SVD mode between observed precipitation
and predicted SLP in Fig. 7. Basically, both mod-
els can reproduce the leading mode of the observation

well.
Based on the correlation analysis and the SVD

analysis between observed precipitation and SLP, we
think the domain 30◦S–60◦N, 60◦–180◦E contains
the large-scale circulation information for downscaling
over the Bangkok region. We set a movable window
to search for the most sensible area, and then make
downscaling and MME predictions. Figure 8 shows
that the skill of the area-averaged precipitation over
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Fig. 8. (a) Station location in the Bangkok region and (b) the correlation coefficients between the observed station
precipitation and two MME predictions: one is downscaled MME, and the other is raw model output MME. The solid
line in panel (b) indicates the critical value of correlation coefficient at the 5% significance level.

the Bangkok region for downscaled MME reaches 0.62;
while for raw MME, the skill is –0.39. For all the
stations, the skills have been substantially improved.
This is probably because precipitation at all the sta-
tions shows a similar covariant scheme with the SLP
pattern. In other words, the downscaling from the cou-
pled SLP pattern can predict the variability of precipi-
tation at all the stations if these models have good per-
formance in predicting SLP. It is interesting to note
that the correlation coefficient in the capital Bangkok
(station No. 5 in Fig. 8) reaches 0.66.

4. Summary

This study uses a multi-model output downscal-
ing technique to predict monthly station rainfall. The
hindcast datasets of operational GCMs and station ob-
served data, spanning a period of 21 yr from 1983 to
2003, are employed to develop the downscaling tech-
nique under a leave-one-out cross-validation frame-
work. In order to search for a coupled pattern, a mov-
able window is set to scan over a predictor field to find
the area that is highly correlated with the station rain-
fall. Local precipitation can be specified by predicted
large-scale information in the optimal window based
on the derived statistical relationship in the training
period. Single predictor may perform well in the trop-
ical region such as Bangkok in Thailand, where the

terrain is relatively simple and rainfall at all stations
has a similar relationship with a particular large-scale
variable; however, single predictor cannot capture the
variations of rainfall at all stations where the rain-
fall is strongly influenced by local complex mountain-
ous terrain. In our study, eight large-scale variables
from GCM outputs are taken as predictors to make
downscaling predictions for each station, separately;
the best predictor for a model is the one with the best
skill. The final prediction, DMME, is the average of
all downscaled rainfalls using the best predictors of
GCMs. RMME, an average of all GCM predicted rain-
fall, is also carried out for comparison.

This paper demonstrates that DMME predictions
are superior to RMME predictions at 1 station in Bei-
jing of China, 60 stations in Korea, and 8 stations in
Bangkok of Thailand. For Bangkok, the correlation
coefficient of the prediction by DMME with the ob-
servation is improved from –0.39 to 0.61 even using
a single predictor; after the multi-predictor optimal
selection is applied, the skill for Beijing is improved
from 0.04 to 0.71; and for Korea, the skill is improved
from –0.21 to 0.75. Downscaling prediction skills are
first substantially improved through a coupled pattern
projection procedure. Then, the skills are further im-
proved through two steps: (1) multi-predictor optimal
selection; and (2) multi-model downscaling ensemble.
These skillful DMME predictions indicate that some
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large-scale variables, which are predicted by current
operational GCMs, contain useful information on the
local climate variation, and the information can be
used to predict local precipitation variability if an ap-
propriate downscaling strategy is applied.
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