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Abstract Simulations of the Indonesian rainfall
variability using the Max Planck Institute regional
climate model REMO have been performed using three
different lateral boundary forcings: Reanalyses from
the European Centre for Medium-Range Weather
Forecasts (ERA15), the National Centers for Envi-
ronmental Prediction and National Center for Atmo-
spheric Research (NRA) as well as from ECHAM4
climate model simulation. The result of those simula-
tions are compared to station data. REMO simulations
were performed at 0.5� horizontal resolution for the
whole archipelago and at 1/6� for Sulawesi Island. In
general the REMO model, reproduces the spatial
pattern of monthly and seasonal rainfall well over land,
but overestimates the rainfall over sea. Superiority of
REMO performance over land is due to a high-reso-
lution orography, while over sea, REMO suffers from
erroneously low surface fluxes. REMO reproduces
variability during El Niño-Southern Oscillations years
well but fails to show a good (wet and dry) monsoon
contrast. Despite strong influences of the lateral
boundary fields, REMO shows a realistic improvement
of a local phenomenon over Molucca. Significant
improvement for the step from the relatively high glo-
bal 1.125� to 0.5� resolution is noticeable, but not from
0.5� into 1/6�. The REMO simulation driven by

ERA15 has the best quality, followed by NRA and
ECHAM4 driven simulations. The quality of ERA15 is
the main factor determining the quality of REMO
simulations. A predictability study shows small internal
variability among ensemble members. However, there
are systematic intrinsic climatological errors as shown
in the predictability analysis. These intrinsic errors have
monthly, seasonal and regional dependencies and the
one over Java is significantly large. The intrinsic error
study suggests the presence of the spring predictability
barrier and a high level of predictability in summer.

1 Introduction

The Indonesian part of the Asian monsoon has re-
ceived less attention in comparison to other Asian
monsoon areas like India and China. Studies of the
monsoon over the region using global and regional
climate models are rare. This study is motivated by the
inadequate results of the Max Planck Institute’s high-
resolution ECHAM4 global circulation model (GCM)
over Indonesia at T106 (1.125�) resolution (Aldrian
et al. 2003). Due to the presence of complex topogra-
phy and insufficient model resolution in the region,
current GCM shows a mediocre performance in simu-
lating the precipitation and its variability in the region.
The complexity of the region, especially the land sea
representation, requires a high-resolution model. Fur-
thermore, previous studies showed significant
improvements of rainfall representation when a mod-
erate resolution was replaced by a higher resolution
GCM (Stendel and Roeckner 1998; Jha et al. 2000).
Regional modeling (RCM) may allow the high resolu-
tion required, but there is no study yet using a regional
climate model in the region.

The meteorology of Indonesian rainfall has been
described recently by Haylock and McBride (2001);
Hamada et al. (2002); Hendon (2003) and Aldrian and
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Susanto (2003). Haylock and McBride (2001), using an
all-Indonesian rainfall index, found that the wet season
of Indonesia is inherently unpredictable. Hamada et al.
(2002) and Aldrian and Susanto (2003) indicated three
dominant rainfall climatic regions with intermediate re-
gions in between. Both agree on the type of monsoonal
climate with the maximum of the annual cycle occurring
during December/January/February, whereas in the
eastern islands of Molucca the maximum of the annual
cycle occurs during May/June/July. All four studies
agree on the negative El Niño-Southern Oscillations
(ENSO) impact to the Indonesian rainfall (in terms of
the correlation between the sea surface temperature,
SST, in the Pacific to Indonesian rainfall) especially
during the dry period from April to October Hendon
2003; Aldrian and Susanto (2003). El Niño (La Niña)
results in a lower (higher) rainfall amount in the dry
period.

One possibility for downscaling GCM results to the
regional scale is to apply a nested RCM. For reviews of
RCM, the readers are referred to Mesinger (1997) and
Staniforth (1997). The Max Planck Institute (MPI) re-
gional model REMO (Jacob 2001; Jacob et al. 2001) is
suitable for this purpose because REMO provides de-
tailed forecasts of weather parameters close to the
ground and an improved simulation of clouds and
rainfall compared to a GCM. Regional models are,
however, dependent upon the lateral boundary pre-
scription (Warner et al. 1997), which limits their capa-
bility in studying long-term climate behavior. The
purposes of the study are to show REMO capabilities in
simulating the monthly to interannual rainfall variabil-
ity, to see the downscaling effect at two different reso-
lutions (0.5� and 1/6�), to compare the variability with
three different lateral boundaries from the European
Centre for Medium-range Weather Forecast (ECMWF)
reanalyses (ERA15; Gibson et al. 1997), the National
Centers for Environmental Prediction and National
Center for Atmospheric Research (NCEP-NCAR) rea-
nalyses (NRA; Kalnay et al. 1996) and the MPI EC-
HAM4 (Roeckner et al. 1996) simulation and to explore
the rainfall predictability with different initial condi-
tions.

This study focuses on the rainfall simulated by
REMO. The regional model produces large-scale and
convective type precipitation, however due to limited
observations, the study focuses mainly on the total
rainfall. The time scale is limited to monthly, seasonal
and interannual periods from 1979–1993 (except for
comparisons with the ECHAM4 GCM, for which sim-
ulations are available only from 1979–1988). The outline
of this study is as follows. Sect. 2 discusses the data and
model setup, Sect. 3 the results of REMO simulations
over five major islands and three sea regions with three
different boundary forcings, the results of some sensi-
tivity studies to improve the rainfall simulation over the
sea, and the results of the down-scaling. Sect. 4 discusses
the REMO predictability. Finally, Sect. 5 there is a
summary of the main findings.

2 Data and model setup

2.1 Data

The observational data used in this study are monthly
rainfall data collected by the Indonesian Meteorological
and Geophysical Agency (BMG) at 167 stations all over
Indonesia and monthly mean rainfall data from the
WMO-NOAA project on the Global Historical Clima-
tology Network (GHCN; Vose et al. 1992) from 1979 to
1993. The data have undergone some quality control
tests including the homogeneity test before they are
incorporated into GHCN (Vose et al. 1992). In our area
of interest (19�S–8�N and 95�E–145�E) there are 545
rain gauges. Their data are gridded onto the REMO grid
at 0.5� resolution using the Cressman (1959) method. As
the second observational data set, a combination of
gauge observations with satellite estimates from the
Global Precipitation Climatology Project (GPCP;
Huffman et al. 1997) at 1� spatial resolution is used. The
data were interpolated onto the REMO grid.

The regional model simulations were driven by lateral
boundary conditions interpolated from either of two
reanalyses. The first is ERA15 at the horizontal resolu-
tions T106 or equivalent to 1.125� in the tropics, and the
second one is the 40-year NCEP reanalysis (NRA) with
a fixed spatial resolution of T62 (equivalent to 2.5� in the
tropics). The reanalyses data are available at 6 h inter-
vals from 1979 until 1993.

The third lateral boundary condition is taken from the
ECHAM4 climate simulation, which was used for a
resolution sensitivity study by Stendel and Roeckner
(1998). This particular version of the ECHAM4 model is
a spectral model with a triangular truncation at the wave
number 106 (T106). For the vertical representation a 19
level hybrid sigma-pressure coordinate system is used.
The time integration is carried out using a semi-implicit
‘‘leapfrog’’ method. The orography and the land-sea
mask are calculated from a high resolution (1 km) US
Navy data set. This simulation is part of the Atmospheric
Model Intercomparison Project (AMIP; Gates 1992), in
which several global atmospheric models participated in
simulating climate over 1979–1988. The ECHAM4
model was driven by interannually varying SSTs from
the AMIP 2 (Gates et al. 1999) at T106 resolution.

An independent gridded SST data from the Global
Ice and Sea Surface Temperature dataset (GISST2;
Rayner et al. 1996) version 2.3b are used in this study to
validate other SST data. This dataset is compiled from
SST observations from 1903 - present, with a spatial
resolution of 1�. To confirm with the rainfall data, we
use data from 1979 to 1993 only.

2.2 REMO model descriptions

REMO is a hydrostatic model that is either combined
with the European Model/Deutschland Model (EM/
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DM; Jacob and Podzun 1997) or the ECHAM4 physics
parametrization packages (e.g. Jacob 2001). In this
study, the physical parametrizations of ECHAM4 were
used. The dynamical core of the model as well as the
discretization in space and time are based on the Euro-
pean-Model. However, in REMO with ECHAM-4
physics temperature, water vapor and liquid water are
prognostic variables instead of enthalpy and total water
content. In addition, horizontal wind components and
surface pressure are also prognostic variables. The
model uses the Arakawa-C grid for the horizontal rep-
resentation and a hybrid system of p and g using 20
levels in the vertical. Vertical discretization follows
Simmons and Burridge (1981). The time discretization
uses a semi-implicit leapfrog scheme and an explicit
advection scheme. The lateral boundary interpolation
uses the method of Davies (1976), where the lateral
boundary relaxation zones extend to eight grid rows.
The lateral boundary consists of all prognostic variables
except the parameters described in Table 1. At the upper
boundary a radiative upper boundary condition
according to Klemp and Durran (1983) and Bougeault
(1983) is applied.

The radiation parametrization is adopted from the
ECMWF model (Fouquart and Bonnel 1980; Morcrette
and Fouquart 1986) with only a few changes described
in Roeckner et al. (1996). The grid-scale parametrization
of cloud microphysics is based on the solution of the
budget equations with the bulk schemes from Kesler
(1969) and the sub grid-scale precipitation processes
follow Tiedtke (1989), with deep convection adjustments
due to Nordeng (1994). Condensation values are based
on Sundqvist (1978).

Clouds are divided into stratiform and convective
clouds. The liquid water content of stratiform clouds is
determined by the corresponding budget equation
including sources and sinks due to phase changes and
precipitation. An empirical and temperature dependent
function is used to determine the cloud ice content,
through which influences on the radiation are included.
The parametrisation of the convective clouds is based on
the mass flux concept from Tiedtke (1989) with changes
in the deep convection.

REMO has three types of convection: penetrative,
shallow and mid-level convection. Only one scheme is
allowed in a grid cell. Penetrative convection is consid-
ered when the cloud base is in the planetary boundary
layer and large-scale convergence prevails in the lower
troposphere. In shallow convection, the cloud is formed
in conditions of a slightly divergent flow and is often
driven by evaporation at the surface or over water. In

mid-level convection, the cloud has its cloud base in the
free atmosphere and occurs together with large-scale
lifting in the vicinity of fronts with regions of thermal
instability. Penetrative convection is assumed if the dy-
namic fraction due to advective humidity transport
predominates, while shallow convection is assumed if
evaporation from the surface (land or ocean) is of larger
importance.

In REMO, soil temperatures on land are calculated
from diffusion equations solved in five different layers
covering the uppermost 10 m of the soil. The global data
set of fields of land surfaces is constructed from the
major ecosystem complexes of Hagemann et al. (1999).
Surface mean orography and variances are calculated
from the USGS GTOPO30 topography data with a
spatial resolution of 1 km. All surface parameters are
constant in time, i.e., do not vary monthly or seasonally.
The land surface scheme follows Dümenil and Todini
(1992). In this study, only one type of surface cover is
present on each grid cell (land, water or ice).

2.3 Model setups

The model was run in the climate mode with lateral
boundary conditions from ERA15 (REMO-ERA),
NRA (REMO-NRA) and an ECHAM4 simulation
(REMO-ECHAM). With the climate mode, a regional
model has to be initialized once and uses surface
parameters over land, SST over oceans and boundary
and using surface lateral boundary values during the
whole simulation. The lateral boundaries have a tem-
poral resolution of 6 h and are interpolated into a
5 min time step. A simulation of 15 years (1979–1993)
was performed for each reanalysis and a simulation of
10 years (1979–1988) for the ECHAM4 model. Table 1
shows major differences among the three lateral
boundary fields. The study was conducted at two
horizontal resolutions with 20 hybrid vertical layers
each. At the resolution 0.5� (55 km), the model is
formulated in a finite difference grid with 101 points in
longitude, 55 points in latitude with a bottom left
corner at 91�E/19�S. This grid system covers the whole
Indonesian archipelago. At the resolution 1/6� (18 km)
the model has 63 grid points in longitude and 71 points
in latitude with a bottom left corner at 117�E/7�S. The
latter grid system covers Sulawesi Island (REMO-1/6)
and was driven at the lateral boundary from the output
of the REMO-ERA simulation. Figure 1 illustrates the
structure of the REMO simulations at the two resolu-
tions.

Table 1 The quality of the three different lateral boundaries

Forcings Days Time span Liquid water content Specific humidity Original resolution

ERA15 365 1979–1993 Yes All layers 1.125
NRA 365 1979–1993 No Not upper 9 layers 1.875
ECHAM4 360 (Julian) 1979–1988 Yes All layers 1.125
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In the predictability analysis, those simulations be-
come the control runs, and six other simulations were
performed for REMO-ERA and REMO-ECHAM,
which make up two ensembles. Thus each ensemble
consists of a control run and six ensemble members,
whose initial condition differs from the control run by 12
to 72 h, and each is integrated for 15 years.

3 Results of REMO simulations

The annual and interannual climate over the region is
characterized mainly by the monsoons and ENSO
events. According to Aldrian and Susanto (2003) the
region is divided into three types of climate patterns, the
monsoonal, the semi-monsoonal and the anti-mon-
soonal type of climate. They found that the southern
monsoonal climate is the most stable with the lowest
year-to-year standard deviation. According to rain
gauge measurements, the monsoonal pattern exhibits a
precipitation maximum in May/June/July and a dry
period in December/January/February, while the semi-
monsoonal pattern shows two peaks, a larger one in
November/December and a smaller one in March/April.
The anti-monsoonal pattern has almost the opposite
pattern of the monsoonal pattern. In the forthcoming
analysis, we will examine the long-term rainfall vari-
ability simulated by REMO in comparison with obser-
vations. Then we will look at the improvement by using
a resolution hierarchy from T106, REMO 0.5� and 1/6�
resolutions and will perform some sensitivity studies.
The analysis will focus on the five major islands and the
three sea regions as shown in Fig. 2.

3.1 The five major islands

Figure 3 illustrates the results of REMO simulations
with three different lateral boundaries over five major
islands. Java is a unique island with a homogenous
strong monsoonal pattern, while the others have mixed
patterns between monsoonal, semi-monsoonal and anti-
monsoonal. REMO-ERA produces Java’s rainfall pat-
tern quite well. However, REMO-ERA sometimes

overestimates the peak of the wet season rainfall and
produces a longer dry period with underestimated
rainfall amounts. REMO-NRA overestimates the wet
season and REMO-ECHAM does not show a good
contrast between the wet and the dry seasons. From a
previous analysis with the ERA15 data Aldrian et al.
(2003), the dry monsoon region has a larger spatial ex-
tent covering most of Sumatra, which indicates a drier
Java or longer dry period for Java. In the analysis with
ECHAM4 data, the spatial extent of the wet semi-
monsoonal region reaches Java Island and indicates a
longer wet season for Java. The analyses of the rain
gauge Aldrian et al. (2003) shows that the border be-
tween the dry and wet regions lies in the third portion of
southern Sumatra. REMO is a hydrostatic climate
model, which suffers from errors due to weak vertical
movements near steep orography. Under dry conditions,
the limitation is even worse, when the supply of water
vapor is lacking and the remaining convection is initi-
ated from the orographic uplifting. The orographic
convection is barely present in REMO because the 0.5�
grid system does not resolve the orography well. A
similar finding with a 1� grid RCM for the Indian
monsoon region has been reported by Bhowmik and
Prasad (2001). Thus, there are large discrepancies

Fig. 1 The experiment setups
with three lateral boundaries
and two different resolutions

Fig. 2 The five major islands and three sea areas examined in this
study
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between observations and REMO, when REMO-ERA
underestimates rainfall in the dry period. Over the other
islands, the problem does not appear as strong as over

Java because the contrast between dry and wet season is
not so strong. During two ENSO events in 1982 and
1991 (the later not shown in Fig. 3), the variability of the

Fig. 3 Weighted area averages of the variability of simulated and observed rainfall for the five major islands (left) and their corresponding
monthly means (right). For clarity, only the first 10 year variabilities are shown
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reanalyses-driven REMO simulations agrees with
observations. Even REMO-ECHAM4, which usually
shows an overestimated dry period, has a significant fall
at the beginning of the dry period.

Over the other islands, REMO simulations mostly
underestimate the amount of rain. For most simulations
(with the exception of REMO-ECHAM over Java)
agreement with observations is good. The quality of the
simulated variability of REMO-ERA15 decreases from
Java to Kalimantan, Sumatra, Sulawesi and Irian.
During the strong El Niño year of 1982 the variability of
the model results for major islands with different model
boundary conditions are consistent, including REMO-1/
6. The correlation between REMO-ERA and REMO-1/
6 is high (0.946) in all years. The correlation values in
Irian are low because the island is located at the lateral
boundary zone of the RCM. The prognostic variables
on the entire outer boundary of REMO are identical to
the values of the corresponding driving model. The
prognostics equations are only solved for the interior
model grid points. Spurious precipitation values thus
appear in the outermost part of the interior domain. In
addition, Irian has the lowest density of rain gauges,
which contributes to a poor quality of observed rainfall
area averages.

REMO-ERA performances are always better than
those of REMO-NRA and REMO-ECHAM, since
REMO-ERA has a better monsoon representation than
the others. ERA15 provides the best forcing fields
among the three. NRA has originally lower resolution
than ERA15, no specific humidity in the upper nine
levels and no information on the liquid water content.
Although having such quality, REMO-NRA could
produce good simulations because we are dealing with
the lower atmosphere and the NRA quality in the lower
level is good. Unlike the other simulations, REMO-
NRA fails to improve the representation of the local
phenomena over eastern Sulawesi (Table 2).

At T106, ECHAM4 exhibits (not shown) consider-
ably less variability over Java than the two reanalyses
and the monsoons are not well simulated. However,
during strong ENSO years its quality is improved.
Similar characteristics appeared in the REMO-ECHAM
simulation at 0.5� resolution. Furthermore, ECHAM4
has a different time accounting system, using Julian days
instead of real calendar days. As monthly averages in
ECHAM4 are based on 30 days (see Table 1), the dif-

ferent times involvef may affect accuracy. In spite of this,
REMO-ECHAM produces good results over Kaliman-
tan, Sulawesi and especially over Sumatra, and shows
stronger improvements during the ENSO years of 1982
and 1991.

Over Sulawesi, another REMO simulation at 1/6�
resolution is also available with a correlation value to
observation similar to that at 0.5�. In fact, for the last
ten years, the higher resolution simulation is a repro-
duction of the coarser one. Thus, in comparison to the
observations at the 0.5� resolution, there is not much
improvement by going to a higher resolution for Su-
lawesi. Limited data quality at 0.5� may not be suitable
for that comparison.

Despite all this, the quality of each REMO simulation
is highly comparable to its original lateral boundary
counterpart. A high correlation result, as shown in Ta-
ble 2, corresponds to a high correlation at the GCM
resolution and so do most low correlation results.
Exceptions to these are the results for REMO-ERA and
REMO-ECHAM over Sulawesi and REMO-ERA over
Irian, where there are significant improvements in the
REMO simulations. Both Sulawesi and Irian are close to
the missing anti-monsoonal climate pattern over Mo-
lucca Sea. The improvements in this area will be dis-
cussed in Sect. 3.3. At 0.5�, the rest of the land
correlations showmerely the down-scaling implication of
limited area modeling (note that all correlations are made
at the 0.5� resolution). Notice further that the result of
REMO-ERA over Sumatra and REMO-NRA over
Borneo are degraded (Table 2). Both islands have two
climatic regions (the monsoonal and semi monsoonal)
and an intermediate or equatorial climate without a well-
defined annual cycle as described by Aldrian and Susanto
(2003). The observed weighted area averages of the whole
island tend to follow the large-scale climate. Thus, long-
term correlation with a GCM should produce better
correlation. A better approach is to perform analyses in
an area within an island and the same climatic region.

The quality of REMO simulations tends to follow the
quality of the original forcing field at the coarser reso-
lution. The quality of the REMO simulation is deter-
mined more by the quality of the boundary forcing than
by the physical parametrizations. ECHAM4 at T106 is
driven by AMIP2 SST, which is presumably as good as
the observed SST applied in the reanalyses. However,
the quality of atmospheric circulation is lower due to the
free atmospheric simulations, while reanalyses are
bounded, to some extent, to the assimilated synoptic
data. REMO may inherit many of the systematic errors
from the global model.

Beside correlation to observations, another measure
of REMO performance is the mean difference between
REMO simulations and observations. The mean error is
useful in calculating the mean bias from a two-sided
distribution and is calculated using the following for-
mula:

err ¼ ðx� xobsÞ ð1Þ

Table 2 Correlations between rainfall simulations in REMO and
global models and observations for the five major islands

Island REMO Global

ERA NRA ECHAM4 ERA NRA ECHAM4

Java 0.798 0.716 0.173 0.815 0.691 0.533
Kalimantan 0.780 0.668 0.422 0.780 0.761 0.417
Sumatra 0.708 0.682 0.637 0.764 0.639 0.472
Sulawesi 0.645 0.577 0.541 0.450 0.680 0.506
Irian 0.434 0.350 0.143 0.399 0.443 0.223
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Figure 4 shows the mean errors in REMO rainfall sim-
ulations for the five major islands using three different
lateral boundaries and for the original simulation at the
GCM resolution. From that figure, the regional model
errors are sometimes opposite in sign to those of the
GCM although their absolute values are still confined to
the GCM ones. For the ERA-driven simulation, there
are considerable improvements of correlation or reduc-
tion of errors except for some months over Java. Over
Sulawesi, ERA15 has large errors in April/May/June
due to the missing anti-monsoonal pattern. With NRA,
notable error reduction exists over Sulawesi only. From
Table 2, REMO-NRA fails to show improvements of
correlations over Sulawesi, but when using mean error
analysis, an improvement becomes apparent. For EC-
HAM4 there is no significant improvement over all five
major islands. The error over Irian from the REMO-

ECHAM is similar to that of ECHAM4 (that is, it fol-
lows the lateral boundary condition). The other two
REMO simulations over Irian, however, do not exhibit
similar features. In fact, except over Java, the mean er-
rors over other islands by REMO-ECHAM resemble
those of ECHAM4 with larger values. Similar para-
metrizations at both resolutions may be responsible for
this feature. The mean errors over Java are the largest
for the different lateral boundary forcings. This island
has a strong monsoon contrast between the dry and wet
periods, which REMO-ECHAM fails to simulate.

3.2 The three sea regions

The three sea regions (see Fig. 1) are West Sumatra
(WSUM), the Molucca Sea (MOLS) and the southern

Fig. 4 Monthly mean errors of
rainfall simulations (mm/day)
for five major islands with three
different lateral boundary
forcings from ERA (left) NRA
(middle) and ECHAM4 (right)
at the GCM resolution (solid
lines) and the REMO 0.5�
resolution (dashed lines)
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part of the South China Sea (SSCS), which represent the
monsoonal, anti-monsoonal and semi-monsoonal re-
gion, respectively. The WSUM region has high average
rainfall all year long. The MOLS has the anti-mon-
soonal type climate and is much affected by ENSO
events. The SSCS has the semi-monsoonal character
with double rainfall peaks in September/October/
November and March/April/May. It is difficult to verify
the results over the ocean because there are no observed
ocean rainfall data with comparable resolution in this
region and the precipitation climatology tends to lack
observations over the oceans and should be treated with
caution. Here, we use the secondary ocean data from
GPCP. Before looking at the rainfall variability, we will
discuss the quality of the SST data used by REMO.

Table 3 summarizes the quality of the SST data sets
from the three lateral boundary fields in comparison to
an independent GISST2.3 data set through the root
mean square error (RMSE). The RMSE is useful in
calculating the absolute mean error regardless of the
distribution type and is defined as follow:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðx� xobsÞ2
q

ð2Þ

The SST in SSCS has the least error in comparison with
other regions, while MOLS has the largest error, where
the RMSE reaches more than 0.5 �C. Another quality
measurement is the monthly mean error as shown in
Fig. 5. Both reanalyses have large negative biases over
MOLS, but the smallest bias in the other two regions.
From both RMS and mean errors, both reanalyses have
similar SST data quality since they may have been de-
rived from the same source. For example over MOLS,
the correlation value between the two SST is high (0.993)
and the RMS error is very low (0.09 �C). Over SSCS,
agreements among SST are high, except for ECHAM in
DJF.

The results of the three REMO simulations over sea
are shown in Fig. 6. As in the case of the simulations
over Sulawesi, the simulations over the Molucca Sea
show a significant improvement for REMO-ERA, a
small improvement for REMO-ECHAM and deterio-
ration for REMO-NRA when compared to the global
driving fields. Both land (Sulawesi) and sea (Molucca)
correlations decrease by 20% from the original NRA to
REMO-NRA. NRA has a coarser resolution than the
other two. NRA and ERA have very similar SST and
both have similar negative biases in relation to the
GISST2.3 SST data. However, REMO-NRA fails to
show improvement over Molucca. In addition the

quality of the atmospheric representation, either the
resolution or lack of some parameter fields by NRA
such as the liquid water content and upper air specific
humidity in higher levels, contributes to this discrep-
ancy. Interestingly, REMO-ECHAM shows a small
improvement over this region, although a bias of 0.5 �C
is observed between SST of ERA and ECHAM4.

With ERA15 as a lateral boundary condition, REMO
generally overestimates rainfall over the ocean. How-
ever, over the SSCS where the SST has the smallest
difference compared to GISST2.3 SST, REMO-ERA
gives a realistic rainfall amount. Thus, in the least error
prone region (SSCS), the agreement is rather high and
the time series are better correlated than in the other
regions. However, as shown in Table 4, these high cor-
relations depend on the quality of the lateral boundaries.
Over SSCS the quality of the rainfall variabilities of the
driving fields is also high. In the case of ECHAM4, large
errors in this region will cause large errors in REMO
simulations as well. The situation over SSCS shows that
realistic SSTs lead to high-quality rainfall simulation
both at GCM and REMO resolution, underlining the
importance of correct SST forcing. The occurrence of
local precipitation maxima over the sea (i.e., at the grid
point scale) might be linked to a feedback between local
circulation (enhanced low-level convergence) and release
of latent heat of condensation, producing local warming
and subsequent enhanced convergence and vertical
motions. This feature has been previously discussed in
Giorgi (1991).

Over WSUM, REMO performance resembles the
quality of the corresponding lateral boundary forcing.
Moderate SST agreement and low observed rainfall

Table 3 REMO root mean square errors (�C) of SST for the three
sea regions (in comparison to GISST2.2 SST)

Southern South
China Sea

Molucca
Sea

West
Sumatra

REMO-ERA 0.153 0.577 0.330
REMO-NRA 0.145 0.554 0.317
REMO-ECHAM 0.278 0.339 0.342

Fig. 5 Monthly mean SST errors (�C) in the three sea regions

802 Aldrian et al.: Long-term simulation of Indonesian rainfall with the MPI regional model



quality may also be responsible for the discrepancies.
Due to the lack of rainfall data over the sea, monthly
mean errors such as in Fig. 4 for simulations over land
cannot be performed.

3.3 Improvement through higher resolution

Figures 7 and 8 present the improvement by REMO
simulation over Sulawesi in a hierarchy of model reso-
lutions from T106 or 1.125� (bottom right) to 0.5�
(bottom left) and to 1/6� (upper right) in comparison to
the observed rainfall at resolution 0.5� (upper left).
These examples are taken from a normal year (a non-
ENSO year) and from peaks of the wet (January) and

the dry season (July). Sulawesi has two climate systems
(bimodal system). They are the regular monsoonal sys-
tem in the south part of central and north Sulawesi Is-
land and the anti monsoonal system in the eastern and
northern part of central Sulawesi Island. The monsoonal
system has an annual rainfall maximum in December/
January/February, while the anti-monsoonal system
reaches it in June/July/August.

During the dry season, as shown in Fig. 7, observa-
tions show maximum rainfall in the middle and eastern
parts of Sulawesi. ERA15 does not show the corre-
sponding maxima, but REMO in both resolutions shows
the correct locations and magnitudes of the maxima.
Similar results are also indicated for the peak of the wet
season in Fig. 8, when the maximum lies over south

Fig. 6 As Fig. 3, but for the three sea regions

Table 4 Correlations between
rainfall simulations in REMO
and global models and
observations for the three sea
regions

Sea region REMO Global

ERA NRA ECHAM4 ERA NRA ECHAM4

West Sumatra 0.390 0.191 0.118 0.370 0.055 0.052
Molucca Sea 0.570 0.290 0.391 0.222 0.517 0.345
Southern South China Sea 0.680 0.641 0.283 0.748 0.638 0.320
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Sulawesi. REMO-ERA improves the correlation with
observations compared to ERA15 over Sulawesi. The
improved correlation indicates a more realistic model
climate in REMO for this area and reveals a formerly
obscured local phenomenon.

Higher resolution (at 1/6�) also gives more vigorous
orographic rainfall over Sulawesi than for coarser reso-
lution. There is a general tendency of RCMs to overpre-
dict precipitation amounts over high topography (see Mc
Gregor 1997 for a review), presumably because of incor-
rect handling of the gradients along steep sigma surfaces.
Similar findings have been reported by Menendez et al.
(2001) and Nobre et al. (2001) over South America and
Mc Gregor and Walsh (1994) over Australia.

The representation of the anti-monsoonal climate
over the Moluccan archipelago is not as good as that for
eastern Sulawesi because the Moluccan archipelago is
close to the boundary of the REMO-1/6 domain. If it
were extended farther east at high resolution, we would
expect a better representation of the anti-monsoonal
system. A remaining deficiency is the common problem
of overestimated rainfall over the ocean at both REMO
resolutions.

In summary, the downscaling by REMO with three
spatial resolutions shows a better rainfall representation
over the Molucca region and part of Sulawesi. The anti-
monsoonal system was missing in the T106 analysis.
Although, the boundary forcing does not contain it,

Fig. 7 An example of the effect
of resolution in a hierarchy of
climate models for rainfall
simulation in ERA15
reanalysis, REMO-ERA at 0.5�
and REMO-1/6 in comparison
to observations at 0.5�
resolution. The example is
taken from July in a normal
year 1983
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REMO could produce this bimodal system at higher
spatial resolution, indicating that the anti-monsoonal
circulation over Molucca and east of central Sulawesi is
a local phenomenon, which cannot be resolved with a
low-resolution global model at T106.

3.4 Sensitivity studies

REMO overestimates rainfall over the ocean. Although
the area averages are comparable, peak values over the
ocean are too high. In order to understand the possible
background of this overestimation, we adjusted some

parameters, which eventually would reduce the precipi-
tation over the ocean with minimal changes over land. In
doing so, we changed the minimum cloud thickness over
land (ZL) and ocean (ZO), the minimum humidity level
for the condensation to start (ZRTC) and of the large-
scale cloud system (ZRTL), the SST and the Charnock
constant (CCHAR; Deutscher-Wetterdienst 1995). The
sensitivity study was performed with REMO-ERA,
which shows the best results so far. The REMO-ERA
with changed parameters was rerun for the first four
years between 1979–1982 to allow all simulations to use
the same starting point and to compare the results to the
control run. Figure 9 illustrates two examples from the

Fig. 8 As Fig. 7, but for
January 1984
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sensitivity study over Kalimantan and southern South
China Sea in comparison to REMO-ERA and the con-
trol run.

The minimum cloud thickness for the start of the
precipitation process over land (ZL) and over sea (ZO)
are set to 1500 m in REMO, but in the original EC-
HAM4 parametrization they ranged from 3000 to
5000 m. We changed them to 2000 m or 3000 m, or
varied them between 3000 m and 5000 m and looked for
effects upon rainfall over land and sea. The result shows
no significant influence on rainfall over the sea. Over
land, however, a reduction of the average rainfall by
1.28 mm/day over Kalimantan occurs when adopting a
flexible threshold between 3000 and 5000 m.

The second approach was to apply a constant SST
reduction of 1.0 �C. According to Aldrian and Susanto
(2003), a lower rainfall amount is usually associated with
low local SST. In order to reduce overestimation over
the sea, we chose reductions of the local SST. This
reduction lowered rainfall over land and sea. However,
the reduction over land was less than over sea and the
latter is unrealistically large (5 mm/day). This kind of
sensitivity study shows the importance of SST for cli-
mate modeling over the region. Furthermore, with only
a little more than 21% of land area and a widespread
scatter of small islands, the mean climate of the region is
oceanic or ocean affected.

Another sensitivity test is to change the minimum
relative humidity threshold for the condensation to start
in a grid volume. This parameter involves two precipi-
tation processes, the convective and large-scale precipi-
tation. In the original formulation, both parameters
(ZRTC and ZRTL) were set to 60%. Changing them to
80% causes significant changes over land and sea.
Interestingly, the rainfall over land increases somewhat,
while the rainfall over sea decreases significantly.

Evaporation is a key process for the atmospheric
water cycle and thus precipitation processes. The
Charnock constant is a measure for the evaporation
rate or the evaporation flux into the atmosphere from
the ocean. In the original ECHAM4 parametrization,
this parameter is set to 0.032. REMO also uses this
value but only for a grid cell size above 0.5�, while for
finer resolution a value of 0.0123 is used. In this sen-
sitivity study, the original ECHAM4 parametrization is
used. The result shows only a slight precipitation de-
crease between the sensitivity and the control run. As
in the case of changing SST, the decrease of rainfall
over the sea is a little larger than that over land. This
fact marks this constant as the next good candidate to
solve the problem of rainfall overestimation over sea
areas.

Table 5 summarizes the seven sensitivity studies.
From the analysis described, there are three possible
candidates to solve the problem of rain overestimation
over the sea. These are the reduction of SST, changed
ZRTC and ZRTL, and a changed Charnock constant.
Drastic reduction takes place when the REMO SST is
reduced by 1.0 �C and ZRTC and ZRTL are set to 80%.
However this reduction takes place also over land, while
the intention is to have reductions over sea only. Fur-
thermore, when we compare the result with observa-
tions, this reduction does not always result in the rainfall
amount being close to observations. It may be a com-
bination of several possibilities, already discussed, that
are responsible for the discrepancies of rainfall between
REMO and observations. From the three sea regions,
the least error-prone region (SSCS) has the least bias. In
conclusion, the combination of prescribed SST and
parametrization errors may be key contributors and a
coupled ocean atmospheric model is needed for further
investigation.

Fig. 9 Two examples of the results from the sensitivity study over Kalimantan and the southern South China Sea

806 Aldrian et al.: Long-term simulation of Indonesian rainfall with the MPI regional model



4 Predictability of rainfall simulated by REMO

Lorenz (1969) found that each scale of motion possesses
an intrinsic finite range of predictability. A small error in
the initial state of a nonlinear system will grow and will
render a forecast useless after some time, regardless of
the model error. For this study we performed ensemble
simulations by changing initial land and atmospheric
states to measure the internal variability of the model. Ji
and Vernekar (1997) applied a similar technique for a
RCM, but for a shorter term. The simulation was set up
by varying the initial condition by 12 h from 0 to 72 h
and making a control run at 0 h and six ensemble
members. With this setup, we changed all lateral
boundaries at the initial condition and the exact length
of the first month of simulation will be slightly different
among ensemble members. There are two ensemble
simulations using boundary forcings from ERA15 and
ECHAM4 to represent reanalyses and GCM model
simulations. This predictability study refers to the pre-
dictability of the initial condition or the predictability of
the first kind. We will analyze how strong the initial
condition affects the short and long-term simulation.

From long-term simulations with ERA15 and
ECAHM4 with lateral boundary forcings as shown in
Fig. 10, there are only small internal variabilities among
the control run and other ensemble members. All
ensemble members follow strongly the variability pre-
scribed by the control run. This characteristic appears in
all seasons and regions (not shown). The variability of
ensemble members follows the control run right after the
first month. Thus, after a while, there is no effect left
from changing the initial condition or, in other words,
the boundary condition strongly controls the variability
of each ensemble member. In comparison to land, the
variability over sea is larger in both types of REMO
experiments. The internal variability does not grow or
decay with time but establishes itself as an intrinsic finite
range of REMO predictability.

4.1 Intrinsic errors

A more cautious investigation employs monthly root
mean square errors (RMSE) of the internal variability.
By looking at this, we exclude other external errors and

examine solely the intrinsic climatological error due to
different initial conditions, since we maintain similar
model parameters and lateral boundaries. Any errors
will be due to the initial condition as a possible source of
errors in REMO simulations. The intrinsic climatologi-
cal error over the five major islands and the three sea
regions are shown in Figs. 11 and 12.

Interestingly, each island has a unique and coherent
annual pattern. Java has the largest error especially
using REMO-ERA, whose RMSE reaches almost
3 mm/day in April. This RMSE is significantly large
considering the average value of REMO-ERA and
REMO-NRA in April of 4.87 and 9.20 mm/day
respectively. Other islands have less than a third of Ja-
va’s error. From both types of REMO experiments,
there are considerably larger errors during Northern
Hemisphere spring (March/April/May) than during
other seasons. Indonesia experiences the transition be-
tween the wet and the dry monsoon periods at this time
of the year. On the other hand, there is also a systematic
pattern of the lowest error during the Northern Hemi-
sphere summer (June/July/August), when most of
Indonesia experiences the peak of the dry period. Fur-
thermore, this lowest error period is the most coherent
period. Thus we expect that simulations of rainfall over
Indonesia have the highest predictability at this time of
the year. In other words, this season is the best period to
examine other predictabilities beside internal predict-
ability due to initial conditions. The other two seasons
(December/January/February and September/October/
November) have errors in between the two seasons dis-
cussed earlier.

Over sea areas, the variability of the intrinsic clima-
tological error due to initial condition is less coherent
and has magnitudes higher than those over land.
Moreover, there is no common pattern as over the major
island areas. The highest spring and lowest summer er-
rors are detected over the Molucca Sea. REMO simu-
lations often produce overestimations of rainfall over
the sea. The internal climatological error is also
responsible for such discrepancies. Thus, from the result
of this predictability study alone, higher error over the
sea is expected from REMO simulations over Indonesia.

Consistent and large intrinsic errors in spring for a
large part of Indonesia contribute to lower predictability
skill in this season and may be related to the spring
predictability barrier. The spring predictability barrier

Table 5 Mean difference (mm/
day) between sensitivity studies
and control run (REMO-ERA)

Sensitivity type Land Sea

Java Kalimantan Sumatra Sulawesi Irian Wsum Mols SSCS

ZO=2000 0.003 0.034 –0.018 0.051 0.078 –0.092 0.037 0.178
ZO=3000 0.413 0.114 0.678 0.508 0.443 –1.241 –0.224 –0.569
ZL,ZO=3000 –0.471 –1.243 –0.757 –0.857 –0.617 –1.093 –0.659 –0.568
3000<(ZL,ZO)<5000 –0.460 –1.289 –0.781 –0.831 –0.583 –1.049 –0.415 –0.497
SST=SST–1.0 –1.782 –1.788 –1.634 –2.266 –0.789 –4.657 –4.866 –5.068
ZRTC, ZRTL=80% 2.569 4.135 5.675 2.655 3.888 –1.336 –3.307 –2.459
CCHAR=0.032 –0.046 –0.057 –0.014 –0.191 0.148 –0.351 –0.425 –0.673
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refers to a lower skill generally observed for predictions
that extend through boreal spring (Blumenthal 1991;
Goswami and Shukla 2000; Latif and Flügel 1991; Latif
and Graham 1992; Webster and Yang 1992; Balmaseda
et al. 1995; Davey et al. 1996; Moore and Kleeman 1996;
Chen and van den Dool 1997; Yu et al. 1997; Flügel and
Chang 1998; Latif et al. 1998; Weiss and Weiss 1999;
Goddard et al. 2000; Thompson and Battisti 2001).

The predictability study suggests a monthly or sea-
sonal variability of the intrinsic RMSE error of REMO
over Indonesia. It has been demonstrated previously
(e.g., Errico and Baumhefner 1987; Vukicevic and Errico
1990; Paegle et al. 1997; Laprise et al. 2000) that the
predictability of regional climate models is distinct from

that of global models. The RMSE among ensemble
members, in contrast to global models, approaches a
value much smaller than the variance due to natural
variability. While those studies concentrated mainly on
variables such as geopotential, temperature or wind
field, the present study examines the rainfall. In this
study the values of RMSE of rainfall among ensemble
members do not produce a single value asymptote, but
rather follow the intrinsic natural variability, which
varies by region and season.

Analysis previously showed a possibility that a local
phenomenon, such as in Molucca, could appear in a
regional simulation that has no counterpart in the ori-
ginal simulation at T106. This local phenomenon ap-

Fig. 10 Examples of the results from the long term predictability study over Kalimantan and the southern South China Sea from REMO-
ERA and REMO-ECHAM. Each graph consists of a control run and six ensemble member simulations. For clarity only the first four
years are shown
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pears in all ensemble members (not shown) with a high
predictability or low internal variability as in other
areas. Thus REMO enhances the ‘‘just in time’’ local
phenomenon independent of errors caused by different
initial conditions. This characteristic is very important
and useful for some REMO applications. For example,
the regional model simulation can be used in a future
climate scenario as a down-scaling tool. It is not neces-
sary to run the climate simulation for a longer period.
We may proceed directly to the intended period without
having to worry about the initial conditions. This is only

true for local convective phenomena or in a small land
area such as the maritime continent, otherwise we need
to wait until the soil reaches its equilibrium and restart
the simulation using that equilibrium soil.

The lateral boundary condition, which is updated
every 6 h, is responsible for the high predictability level.
REMO cannot keep the memory of an initial condition
after some consecutive changes of the lateral boundaries,
which eventually limits the degrees of freedom of
REMO. There are ways to increase the degrees of free-
dom in REMO simulations. For example, we could
supply SST from a different time period for each
ensemble member. This kind of study would refer to the
second kind of predictability (boundary value problem).
Another possibility is to supply the ocean surface
boundary condition from a stand-alone ocean simula-
tion and couple that with REMO. Rather than changing
the initial condition once, the ocean model could supply
different SST information every 6 h and hence give more
degrees of freedom to REMO.

The result indicates that REMO has a small internal
variability, which shows that the corresponding simu-
lations are strongly constrained by lateral boundary
conditions. An RCM should be sufficiently free to de-
velop internal mesoscale processes in order to be useful
for sensitivity studies. In this study REMO has shown its
ability to enhance regional features over Sulawesi and
the Molucca Sea. The strong boundary influence may
also be due to the small domain size used in this study.
Jones et al. (1995) concluded that the regional climate

Fig. 11 Monthly root mean square difference (mm/day) of ensem-
ble members to control run for five major islands as a measure of
the internal predictability of six ensemble members caused by the
initial values. Note that Java has magnitudes three time larger than
the other islands

Fig. 12 As Fig. 11, but for three sea regions
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model domain should be sufficiently small so that the
synoptic circulation does not depart far from that of the
driving GCM. However, Podzun et al. (1995) found that
the domain should also be sufficiently large to allow
development in the regional climate model of features
having a finer scale than those skillfully resolved by the
GCM. Furthermore, Bhaskaran et al. (1996) found that
the tropical monsoon simulation with a RCM is rela-
tively insensitive to model domain size, which contrasts
strongly with simulation results from Europe by Jones
et al. (1995).

4.2 Internal and external variances

Another measure of the predictability of an ensemble
simulation is the internal and external variances or
variability. The predictability is determined by the

summation of those variances. In this study the internal
variance is defined as

varðxi xh iÞ ¼ ðxi � xh iÞ2
D E

; ð3Þ

and the external variance as

varð xh iÞ ¼ ð xh i � xh iÞ2 ; ð4Þ

where xi is the i-th ensemble member, the xh ioperator
denotes the ensemble average and the �xoperator denotes
the time average. The method employed here is com-
parable to the analysis of variance (ANOVA) method.
The internal variance measures the degree of freedom of
a domain and measures how high the quality with one
simulation (without ensemble) will be. In this case low
internal variability indicates an expected good perfor-
mance by just a single simulation. Low degree of

Fig. 13 The internal and
external variances of the
ensemble REMO-ERA
simulation
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freedom may also mean too strong boundary condition
control, while, the external variance measures the con-
tribution of large-scale phenomena surrounding the
domain. Hence the predictability is high when the
external variance is low.

Figures 13 and 14 show the seasonal internal and
external variances of ensemble simulations from
REMO-ERA and REMO-ECHAM, respectively. From
both figures, the seasonal internal variances are only
about a quarter of the external variances. Thus, vari-
ability among ensemble members is mainly due to
external climate phenomena. Low internal variability
may also be due to too strong lateral boundaries. The
lateral boundary extends up to eight grid cells as shown
in internal variances on both figures. Within the inner
region, the model is capable of developing variability
independent on lateral boundaries. The inner region
shows variances according to climate activity, whereby
higher variances exist in wetter regions or areas with

higher precipitation activity. Consequently, the internal
variance has a seasonal dependency according to wet
and dry seasons, when JJA and SON have less variance
than the other seasons. The latter condition is also true
for the external condition, where higher variances are
related to major seasonal disturbances in the region,
such as high precipitation in west of Sumatra in all
seasons, tropical storm tracks near Mindanao (not clear
in REMO-ECHAM), tropical disturbances in northern
Australia in DJF, and a high precipitation area over the
Java Sea. Another persistent contrast exists between
variances over land and sea with variances over land (or
higher predictability over land) than over the sea. The
persistence is highest west of Sumatra, which has high
precipitation all year long or very little seasonal depen-
dence.

Although the measure of variance presented here is
able to show sources of discrepancies among ensemble
members, this variance measurement is limited to

Fig. 14 As Fig. 13, but for
REMO-ECHAM
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REMO only. There is a need for more ensemble quality
simulations from other regional models operating in the
area to determine the real quality of REMO simulation.
The only comparison made here is between two different
lateral boundary conditions ERA15 and ECHAM4,
where the ECHAM4 boundary conditions give lower
variances than ERA15. Hence, the quality of a single
simulation by REMO-ECHAM is closer to its ensemble
mean than for REMO-ERA. The present study shows
that high predictability is achievable over land in JJA
followed by SON, which is consistent with the findings
in the previous subsection.

5 Concluding remarks

We have described the performance of rainfall simula-
tions over Indonesia with REMO, driven by three lateral
boundary conditions derived from two reanalyses and a
T106 ECHAM4 simulation, at two different horizontal
resolutions. We analyzed the results for the five major
islands and three selected sea regions in the maritime
continent. In addition, sensitivity and REMO predict-
ability studies for different initial condition have been
performed. The analysis focuses on monthly, seasonal
and interannual variability of rainfall simulations as well
as the annual cycle.

The model, in general, is able to reproduce the spatial
pattern of monthly and seasonal rainfall. It produces
correct variability for ENSO years but fails to show a
good monsoon contrast. The simulations over land are
better in this respect than over sea areas. The high quality
of REMO simulations over land is due to resolved
orography, while over the ocean REMO suffers from
surface fluxes problems and overestimates the rainfall.
The model’s dependence on various sub-grid parametri-
zations is a very complex issue and is not fully understood
at present. Analyses of a sensitivity study to reduce too
strong precipitation over sea still leave some uncertain-
ties. Beside the lateral atmospheric boundary, SST is the
major factor determining the quality of simulations where
the least error prone region (SSCS) has the least bias.

The results suggest the important role of lateral
boundary conditions. REMO-ERA, which has the best
lateral boundary fields supplied by ERA15, produces the
closest simulation to observations except over Java.
Despite the strong influence of the lateral boundary,
REMO shows realistic improvement of a local climate
phenomenon over Molucca through higher correlation
(REMO-ERA and REMO-ECHAM) and mean errors
(REMO-NRA).

Improvement with higher resolution is obvious from
T106 to 0.5� but not to 1/6�. There is no need to go to
the higher resolution of 1/6�, where there are more vig-
orous orographic rainfalls over Sulawesi Island. How-
ever, this should be investigated later with higher quality
rainfall data. It may be that the parametrization we are
using over this region is most suitable for the 0.5� res-
olution. Moreover, RCM parametrization schemes are

normally tuned to the GCM resolution (Nouger et al.
1998). For this island, it might be necessary to use a non-
hydrostatic model. Steep orography as well as the tem-
perature gradients associated with the strong orographic
convection can only be adequately simulated with non-
hydrostatic models.

The predictability study shows small internal vari-
ability among ensemble members. This means that the
model can be used in any place in time without worrying
too much about the spin up. However, the intrinsic cli-
matological errors as shown in the predictability analysis
are worth considering. Those intrinsic errors have
monthly, seasonal and regional dependences, and the
one over Java is significantly large. The intrinsic error
study suggests the presence of the spring predictability
barrier and a high level of predictability in summer.
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