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ABSTRACT 
 

Indonesia's climate is known to be challenging to adequately simulate by climate models because of the complexity 
of the weather system and sea-land distribution. Model evaluation is essential to measure confidence in the model 
results. This study evaluates the performance of the CORDEX-SEA model in simulating monthly rainfall patterns 
and the characteristics of seasonal rainfall, i.e., pattern, timing, length, and intensity, in Indonesia during 1986-
2005. The performance of weighted (WMME) and unweighted ensemble methods are also calculated. Corrected 
CHIRPS data with similar seasonal patterns with point observation data is used as reference data to evaluate 
models. Percentage of the agreement of seasonal patterns between models and observation, FAR, and POD values 
were used to assess the model's ability to simulate seasonal patterns. WMME has the best seasonal patterns 
agreement with observation, 67% of all grids. The best model performance is shown by monsoonal patterns, with 
a POD value of 83% by WMME. Otherwise, all models could not describe an anti-monsoonal pattern, with a small 
POD (0-33%) and a high FAR (60-100%). In simulating the wet season on climatological, annual, and annual 
mean scales, both MMEs have similar performance and are better than individual models, with WMME performing 
best. However, on an annual scale, the yearly wet season produced by all models tends to approach its climatology 
value, making it less reliable in extreme years. Most models have higher daily and monthly rainfall than 
observation. In conclusion, the weighted ensemble method describes Indonesia's rainy season well, thus providing 
a reasonable basis for further research in climate projection analysis. 
 
Keywords: CORDEX-SEA, model evaluation, wet season 
   
 
1. Introduction 
 
As a result of climate change, changes in the seasonal 
distribution of rainfall have been observed in parts of 
Indonesia [1]–[3] and are projected to continue in the 
future [4]. A shift in seasonal rainfall patterns would 
majorly impact livelihoods, infrastructure, 
agricultural output, and food security [5]. 
 
From several previous studies [6], [7], seasonal 
patterns in Indonesia can be categorized as follows: 
non-seasonal, areas with unclear differences between 
the wet season (WS) and the dry season; bimodal, 
areas with two WS occurring in one year; and 
unimodal, areas with one WS in one year. Unimodal 
areas can be further categorized as monsoonal and 
anti-monsoonal. Monsoonal areas have peak rainfall 
from December to February, while anti-monsoonal 
areas during May to July. 
 
There are various methods to determine the onset and 
withdrawal of WS, for example, based on cumulative 
rainfall anomaly values [8]. However, this method 
can only be applied in unimodal areas. Therefore, 
Dunning et al. [9] extended that method to be applied 

to areas with twice WS in one year. This method is 
considered more suitable for use on model data 
because it does not use a definite threshold, so it does 
not need to be corrected for bias. Moreover, the 
calculation process is carried out differently for each 
point or grid. 
 
A high-resolution model is needed to explain the 
characteristics of WS, which are influenced by large-
scale and local climate factors [7]. Researchers use 
General Circulation Model (GCM) to understand 
future climate change [10], [11], but the low spatial 
resolution causes a lack of ability to represent 
atmospheric processes at a local scale [12], [13]. 
Currently available high-resolution projection data 
for the South East Asia region, namely the 
Coordinated Regional Downscaling Experiment – 
South East Asia (CORDEX-SEA), an aggregate of 
numerous dynamical downscaling outputs of various 
GCMs using multiple Regional Climate Models 
RCMs. From the output of CORDEX-SEA, several 
studies with the Southeast Asian domain have been 
carried out, for example: projections of extreme 
rainfall [14]; future changes in precipitation [5]; and 
the impact of climate change on sea level winds [15]. 
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Climate models have various uncertainties, one of 
which comes from the parameters and structure of the 
model itself [16]. One of the solutions to reduce 
model uncertainty in simulating climatic conditions is 
to perform a multi-model ensemble, which has been 
done by previous researchers [17], [18]. Several 
methods for constructing ensemble models are by 
averaging directly without weighting [19] and with 
different weighting for each individual model [20]. 
 
In order to research projecting changes in seasonal 
characteristics in the future, it is important to know 
the performance of individual models and ensemble 
methods in the past period. Evaluation of the 
CORDEX-SEA model in simulating the timing and 
seasonal rainfall of WS in Southeast Asia has been 
carried out by Hariadi et al. [21], but did not test the 
model's ability to replicate unimodal/bimodal 
patterns. Research that tests the model's ability to 
simulate rain patterns (unimodal/bimodal) has never 
been done. This study aims to measure the ability of 
individual CORDEX-SEA models and their 
ensemble models (weighted and unweighted) to 
simulate seasonal rainfall characteristics (pattern, 
time, length, and intensity) in the reference period in 
unimodal and bimodal regions. The results of this 
study can be used as a basis for researching the 
projection of season characteristics in the future, 
especially in areas where the model can simulate 
rainfall patterns well. 
 
2. Methods 

 
Model data. This study uses daily rainfall data from 
the output of eight CORDEX-SEA simulation models 
(Table 1.) in the reference period of 1986-2005 
following IPCC AR5 [22], which covers the territory 
of Indonesia. All model data have a spatial resolution 
of 0.25° x 0.25°, available in RCP4.5 and RCP8.5 
scenarios [5]. 
 
Table 1.  List of simulations used in this study. 

Country GCM (Developer 
Institute) 

RCM (Developer 
Institute) 

Vietnamese CNRM-CM5 (CNRM, 
France) 

RegCM4 [25] 
(ICTP, Italy) 

Philippines HadGEM2-ES (Hadley 
Centre, UK) 

RegCM4 [25] 
(ICTP, Italy) 

Thailand MPI-ESM-MR (MPI-
M, Germany) 

RegCM4 [25] 
(ICTP, Italy) 

Thailand EC-Earth (EC-Earth 
consortium) 

RegCM4 [25] 
(ICTP, Italy) 

Indonesia CSIRO MK3.6 
(CSIRO, Australia) 

RegCM4 [25] 
(ICTP, Italy) 

South 
Korea 

HadGEM2-AO 
(Hadley Centre, UK) 

WRF [26]  
(NCAR USA) 

Sweden HadGEM2-ES (Hadley 
Centre, UK) 

RCA4 [27] (SMHI, 
Sweden) 

German MPI-ESM-LR (MPI-
M, Germany) 

ROM4 [28] (MPI-
M Germany) 

 

Observation data. Daily rainfall data from The 
Climate Hazards group Infrared Precipitation with 
Stations (CHIRPS)  [23], with a spatial resolution of 
0.25° x 0.25°, are used as reference data to assess 
model performance. Corrections were made using 
dasarian rainfall data (10 days), blending between 
satellite data and in situ observation data used by 
BMKG, in order to bring the CHIRPS data closer to 
surface observation data. Considering day-i is in 
dasarian-j range, the ratio (𝑟𝑟) of daily CHIRPS 
precipitation on day-i (𝑃𝑃ℎ𝐶𝐶𝑖𝑖) with dasarian CHIRPS 
precipitation in dasarian-j (𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗) is calculated using 
Eq. (1). Correction Factor (CF) is then calculated 
using Eq. (2), with 𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗  is blended BMKG dasarian 
rainfall. The corrected CHIRPS dasarian rainfall is 
then obtained by Eq. (3), by adding CHIRPS daily 
rainfall with CF. 

 
𝑟𝑟 = 𝑃𝑃ℎ𝐶𝐶𝑖𝑖/𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗  (1) 

 
𝐶𝐶𝐶𝐶 = 𝑟𝑟 × �𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗� (2) 

 
𝑃𝑃ℎ𝐶𝐶_𝑘𝑘𝑖𝑖 = 𝑃𝑃ℎ𝐶𝐶𝑖𝑖 + 𝐶𝐶𝐶𝐶 (3) 

 
In addition, observational daily rainfall data from 98 
BMKG stations that have been quality controlled [24] 
was used to compare the spatial pattern to the 
corrected CHIRPS data. 
 
Multi-Model Ensemble (MME). This study uses 
two methods to calculate the ensemble value. First, 
the ensemble value is calculated based on the average 
value of all individual rainfall models without 
applying different weights. The resulting ensemble is 
referred to as SMME (Simple Multi-Model 
Ensemble). In the second method, the ensemble value 
is calculated based on the skill score (SS) [29]  as a 
certain weight of each individual model, so it is called 
a Weighted Multi-Model Ensemble (WMME). 
Following Yang et al. [30], SS is calculated from the 
3-month running average of monthly rainfall. Eq. (4) 
shows SS equation for each grid: 
 

𝑆𝑆𝑆𝑆 = 4(1+𝐶𝐶𝐶𝐶)4

�𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚+ 1
𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚

�
2

(1+𝐶𝐶𝐶𝐶0)4
  (4) 

 
Where m is the individual model. 𝑁𝑁𝑁𝑁𝑁𝑁𝑚𝑚 is the 
normalized standard deviation, namely the ratio 
between the standard deviation (SD) of the model and 
the SD of the observation. 𝐶𝐶𝐶𝐶0 is the maximum value 
of the correlation coefficient, which is 1. CC is the 
correlation coefficient between the observation and 
the model. The model performs best when the SS 
value is 1. The WMME rainfall data for each grid can 
be calculated by adding up the rainfall of the 
individual models multiplied by their SS values, then 
dividing by the sum of the SS values for each 
individual model. 
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Categorizing the seasonality. In categorizing an area 
as having a seasonal rainfall pattern or not, a 
combination of the Seasonal Index (SI) [31] and the 
method from Hamada et al. [6] is used. SI can be 
calculated by the Eq. (5). 
 

𝑆𝑆𝑆𝑆 = 1
𝑅𝑅
∑ �𝑋𝑋𝑛𝑛 −

𝑅𝑅
12
�12

𝑛𝑛=1  (5) 
 
Where Xn is the monthly rainfall in the nth month, and 
R is the annual rainfall. SI has a value from 0 (if 
monthly rainfall is the same throughout the year) to 
1.83 (if all rainfall occurs in a month). A region is 
categorized as seasonal if SI>0.19. 
 
Hamada et al. [6]  define the seasonal rainfall pattern 
based on the difference between the maximum and 
minimum values of 3 running averages of 
climatological pentad rainfall. If the value is > 
6mm/day, it is categorized as having a seasonal 
pattern and vice versa 
 
This study categorizes an area as seasonal if it fulfills 
one of the above conditions. Using these two 
conditions produces a spatial pattern of areas with 
seasonal and non-seasonal rainfall that is more similar 
to the local climate zones used by BMKG (ZOM, 
Zona Musim), compared to using only one method. 
 
Regions with seasonal rainfall patterns are then 
categorized as one (unimodal) or two (bimodal) WS 
in one year using harmonic analysis. The amplitude 
of the first (A1) and second (A2) components of the 
Fourier series based on daily rainfall data on each grid 
is calculated. An area is categorized as bimodal if 
𝐴𝐴2 𝐴𝐴1⁄ > 0.5, and the length of the two 
climatological WSs is ≥ 28 days (referring to the 
BMKG, the minimum season length is three 
dasarian, and the shortest range of three dasarian is 
28 days). The region will be categorized as unimodal 
if these conditions are not met. The method for 
determining climatological WS will be described in 
the next section. A similar method has been used for 
Africa [9] and Indonesia [6]. 
 
The unimodal area is again categorized based on the 
rainfall amount in a given month. An area is 
categorized as monsoonal if total rainfall from May 
to October is less than from November to March, 
similar to previous studies monsoonal pattern [6], [7]. 
Areas with higher total rainfall from September to 
February than from February to August are also 
monsoonal. The second criterion accommodates parts 
of Sumatra with slightly shifted rainfall peaks 
compared to the first monsoonal criterion. The 
unimodal region would otherwise be categorized as 
anti-monsoonal. This categorization is done to 
prevent the rainfall patterns of the monsoonal and 
anti-monsoonal zones from canceling each other out 
when the area is averaged for validation. 

 
Figure 1.  𝑪𝑪(𝒅𝒅) (green line), 𝑸𝑸𝒊𝒊 (red line) and 

𝑸𝑸𝒊𝒊 − 𝑸𝑸� (blue line) for points with a 
monsoonal pattern from WMME 
averaged over 1986-2005. The 
minimum (maximum) value of 𝑪𝑪(𝒅𝒅) 
is indicated by a blue (red) circle. 

 
Determining onset and retreat of WS. In the 
unimodal region, the method from Liebmann et al. [8] 
in Dunning et al. [9]  is used to determine WS's onset 
and retreat. The first step is to find the period when 
WS generally occurs in a year, called climatological 
WS. The climatological mean rainfall for each date, 
𝑄𝑄𝑖𝑖  (i from 1 January to 31 December), and the 
climatological daily mean rainfall, 𝑄𝑄� , were 
calculated. Then, the climatological cumulative daily 
rainfall anomaly on day d , C(d), is found: 
 

𝐶𝐶(𝑑𝑑) = ∑ 𝑄𝑄𝑖𝑖 − 𝑄𝑄�𝑑𝑑
𝑖𝑖=1𝑗𝑗𝑗𝑗𝑗𝑗  (6) 

 
Where i starts from January 1 to the day d for which 
the calculation applies. The beginning of the 
climatological WS is marked by the day of the 
minimum value of 𝐶𝐶(𝑑𝑑), and the maximum value 
marks the end (de). An example of the calculation can 
be seen in Figure 1. 
 
After determining the climatological WS, the next 
step is to find the onset and retreat of WS for each 
year by calculating the cumulative daily rainfall 
anomaly on day D, A(D): 
 

𝐴𝐴(𝐷𝐷) = ∑ 𝑅𝑅𝑗𝑗 − 𝑄𝑄�𝐷𝐷
𝑗𝑗=𝑑𝑑𝑠𝑠−50  (7) 

 
Where 𝑅𝑅𝑗𝑗 is the rainfall on day j, and A(D) is 
calculated every day from 50 days before ds and after 
de. The day after the minimum in A(D) is the onset, 
and the day of the maximum (after the minimum) is 
the retreat date. Because WS can span years, the onset 
and retreat of WS in the first year are not counted. WS 
is considered absent if WS is less than 28 days long. 
 
In the bimodal region, the onset and retreat of WS 
were determined using the method from Dunning et 
al. [9]. The climatological cumulative daily rainfall 
anomaly, C(d), is calculated similarly for the 
unimodal region. C(d) for each point is smoothed 



JURNAL METEOROLOGI DAN GEOFISIKA VOL. 24 ED. 1 2023: 39 - 51 
 

42 

using a 30-day moving average, called S(d). All 
values in S(d) that are more (less) than the four days 
before and after are considered as the maximum 
(minimum) value. All minimum values are 
considered as the onset of WS, and the first following 
maximum value is assumed to end that WS (Figure 
2a). The two longest WS (Figure 2b) are considered 
as first climatological WS (ds1 to de1) and second WS 
(ds2 to de2). 
 
The onset and retreat of the first WS (WS1) and the 
second WS (WS2) were then calculated for each year 
separately using the same method for the unimodal 
region. The calculations were performed over 20 days 
before and after ds and de for each WS instead of the 
50 days for the unimodal region. 
 
Simple Daily Intensity Index (SDII). SDII [32]  
determines the average daily rainfall intensity during 
wet and dry seasons. Assume 𝑅𝑅𝑅𝑅𝑤𝑤𝑤𝑤 is the daily 
rainfall on a rainy day, w (RR ≥ 1mm) in period j. If 
W is the number of rainy days in period j, with j from 
the beginning to the end of the WS, then: 
 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = ∑ 𝑅𝑅𝑅𝑅𝑤𝑤𝑤𝑤𝑊𝑊

𝑤𝑤=1 𝑊𝑊⁄  (8) 
 
Validation method. The rainfall pattern for each grid 
across the dataset (observation and model) is 
determined. The Probability of Detection (POD) and 
False Alarm Ratio (FAR) are calculated for each 
rainfall pattern to measure the agreement of the 
rainfall pattern between the model and observation. 
For example, for the monsoonal pattern, assume a is 
the number of grids with a monsoonal pattern on the 
observation and the model, b is the number of grids 
with a monsoonal pattern on the model but has a 
pattern other than monsoonal on observation, and c is 
the number of grids with a monsoonal pattern on 
observation but has a pattern other than monsoonal in 
the model, the POD and FAR values can be calculated 
by the Eq. (9) and (10): 
 
𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑎𝑎 (𝑎𝑎 + 𝑐𝑐)⁄    (9) 
𝐹𝐹𝐹𝐹𝐹𝐹 = 𝑏𝑏 (𝑎𝑎 + 𝑏𝑏)⁄  (10) 

 
By using rainfall patterns from observation data as 
rainfall patterns for all models, area-averaged rainfall 
for each rainfall pattern of each model is calculated. 
The WS onset, retreat, duration, and SDII were 
calculated for each rainfall pattern. Then these values 
are compared between observation and models. The 
Taylor diagram is used to analyze the correlation, 
standard deviation, and Centered Root Mean Square 
Difference (CRMSD) of monthly climatological 
rainfall between observation and models. 
 

 

 
Figure 2.  𝑪𝑪(𝒅𝒅) (green) and 𝑺𝑺(𝒅𝒅) (black) for points 

with a bimodal pattern from WMME 
averaged over 1986-2005. a) the blue 
(red) dots show all the minimum 
(maximum) values of S(d). b) Two 
longest WS. 

 
3. Result and Discussion 
 
Rainfall patterns agreement. The rainfall patterns 
for each grid of the entire dataset, including 
observations, individual models, and ensemble 
models, can be seen in Figure 3. From the spatial 
rainfall patterns in the corrected CHIRPS data (Figure 
3a) and observation stations (Figure 3d), it was 
possible to accurately depict the station point's 
rainfall pattern by making adjustments to the CHIRPS 
data. The suitability value between the model and the 
observation in describing seasonal patterns can be 
seen in Table 2. There are differences in the spatial 
distribution of seasonal patterns produced by the 
individual models. All individual models can 
simulate monsoonal patterns well, with a POD value 
of 42 - 89%. The most challenging rainfall pattern to 
be simulated by individual models is the anti-
monsoonal pattern, with most models having a POD 
value of <13% and a high FAR of >90%. Some 
individual models produce anti-monsoonal patterns 
in the northern part of Sumatra, possibly due to 
differences in the wind patterns generated by the 
models in that region. The northern Sumatra region is 
known to have a different rainfall variability 
generation mechanism [33] which the model may not 
simulate well. Nonetheless, this hypothesis requires 
further investigation, which is beyond the scope of 
this study. 
 
Compared to other individual models, the HadGEM2-
ES (RCA4) model has the highest conformity with 
corrected CHIRPS (59%), as well as the best model 
in describing monsoonal patterns in terms of POD 
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values (89%). The CSIRO-MK3.6 (RegCM4) model 
best fits the bimodal pattern, with a POD of 69%. 
However, a high FAR value also follows it because 
CSIRO-MK3.6 (RegCM4) produces the broadest 
bimodal pattern compared to other individual models, 
which are evident on the islands of Sumatra and 
Kalimantan. The EC-Earth model (RegCM4) 
produced the most extensive anti-monsoonal pattern 
of any individual model and had the highest POD 
(33%). MPI-ESM-LR (ROM4) has the lowest total 
rainfall pattern conformity compared to other 
individual models. 
 
WMME produces higher POD values than SMME in 
all rainfall patterns and higher total agreement. The 

POD values of WMME for all rainfall patterns are 
higher than most of the individual models. Although 
the highest POD values were obtained by different 
individual models for each seasonal rainfall pattern, 
WMME had the highest total agreement with 
corrected CHIRPS compared to all individual and 
SMME models. All models generally align with 
corrected CHIRPS in Java, Bali, NTB, NTT, and 
southern Papua. Rainfall pattern categories on the 
grid from the corrected CHIRPS data (Fig. 3a) were 
then used to define the regional rainfall mean for 
monsoonal, anti-monsoonal, and bimodal patterns 
from observation and model data. From now, 
corrected CHIRPS data will be referred to as 
observation. 

 
 

 

 

 

 

 
Figure 3.  Classification of seasonal rainfall patterns from observations and models data. 
 
Table 2.  POD, FAR, and total agreement of rainfall pattern between observation with each model for each 

rainfall pattern. Values are presented in percent. The two best values are bold, with an * in the 
first best value. 

Model Monsoonal Anti-monsoonal bimodal Total 
Agreement POD far POD far POD far 

WMME 83 25 6 77 43 53* 67* 
SMME 60 29 0 100 31 74 54 
CNRM-CM5 (RegCM4) 74 31 4 94 24 81 55 
CSIRO-MK3.6 (RegCM4) 56 33 0 100 69* 84 45 
EC-Earth (RegCM4) 56 33 33* 94 12 88 45 
HadGEM2-ES (RCA4) 89* 37 4 60* 12 66 59 
HadGEM2-ES (RegCM4) 79 38 0 100 29 75 54 
HadGEM2-AO (WRF) 73 31 7 93 48 72 56 
MPI-ESM-MR (RegCM4) 42 21* 13 94 31 80 46 
MPI-ESM-LR (ROM4) 46 38 0 100 3 92 43 
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Figure 4.  Taylor diagram for area-averaged 
monthly precipitation in regions a) 
monsoonal, b) anti-monsoonal, and c) 
bimodal. Small gray circles along the 
horizontal axis indicate observation 
data. The dashed line shows the STDEV. 
The dotted line shows the correlation 
between the models and the observation 
data. The CRMSD is indicated by the 
dash-dotted semi-circles about the 
observation point. 

 
Performance of monthly rainfall. There are clear 
performance differences between rainfall patterns and 
between models in simulating monthly rainfall 
(Figure 4). In general, the individual and ensemble 
models can describe the monthly rainfall better in the 
monsoonal region, compared to other regions, with 
the models performing worst in the anti-monsoonal 
region. The low performance of the model on anti-
monsoonal regions is due to the inability of the model 
to simulate anti-monsoonal patterns on observational 
data, as discussed in the previous sub-chapter. The 
model's poor performance in areas with anti-
monsoonal patterns, which are mostly found on small 
islands, is in line with previous studies [5]. Compared 
to observational data in monsoonal areas, all 
individual models have a correlation value of 0.5-0.8 
and Centered Root Mean Square Difference 
(CRMSD) <100 mm/month, while for STDEV, some 
individual models have values similar to 
observational data. In the anti-monsoonal region, all 
individual models had a correlation value of <0.3, 
even negative. The CRMSD values ranged from 100 
to 250 mm/month, and the STDEV values differed 
greatly from the observation data. All individual 
models in the bimodal region have correlation values 
of 0.2-0.6, CRMSD values of 60 – 150 mm/month, 

and STDEV, which tends to differ from the 
observation data. 
 
Application of MME from individual models resulted 
in better performance than all individual models in all 
regions, except for SMME in the anti-monsoonal 
region. The ensemble model correlation is > 0.8 in the 
monsoonal region and > 0.7 in the bimodal region. 
Both MMEs produce a similar performance on Taylor 
Diagram. Nevertheless, WMME's performance is 
better than SMME in all regions, as seen from the 
higher correlation value and lower CRMSD. 
However, the STDEV value of SMME is slightly 
closer to the observation data than WMME. 
 
Performance of climatological WS. The pattern of 
the climatological cumulative daily rainfall anomaly 
for all seasonal rainfall patterns and all models can be 
seen in Figure 5. From the area-averaged rainfall of 
grids with monsoonal patterns (using the same grids 
as observation data), all individual models and MMEs 
can produce monsoonal patterns. From the 
climatological observation data, WS occurs from 
October 26 to May 12, with a duration of 200 days 
and SDII 9.1 mm/day. Differences in onset, retreat, 
duration, and SDII of WS from all models with 
observation can be seen in Figure 6. WS onset occurs 
earlier in all models than in observation, except 
HadGEM2-AO (WRF) and HadGEM2-ES (RCA4). 
All models produce a more diverse retreat of WS. All 
models produce higher SDII than the observation, 
except MPI-ESM-LR (ROM4). All MMEs produce 
similar WS lengths and are closer to observation than 
all individual models, with WMME being the best by 
one day difference from SMME. 
 
Based on the area-averaged rainfall of grids with anti-
monsoonal patterns, observation data show that 
climatological WS spans from April 25 to October 31 
with a duration of 190 days and an SDII of 10.5 
mm/day. Figure 5b shows that only two models 
produced an anti-monsoonal pattern on the same grids 
as observation. However, the onset, retreat, and 
duration of the climatological WS of the two models 
have a large difference from the observation data 
(Figure 7). The CNRM-CM5 (RegCM4) model 
simulated an earlier WS onset of up to two months, 
while the EC-Earth (RegCM4) simulated a longer 
duration of WS of up to 43 days. This is due to the 
models’ inability to simulate correct rainfall patterns 
in grids with anti-monsoonal patterns from 
observation data, seen from the low POD in the 
previous sub-chapter. Thus, the anti-monsoonal 
pattern needs to be further validated on an annual 
scale. 
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Figure 5.  Cumulative daily mean rainfall 

anomaly for area-averaged data in 
regions a) monsoonal, b) anti-
monsoonal, and c) bimodal. The circle 
(square) indicates the onset (retreat) of 
the climatological WS. 

 

 
Figure 6.  Climatological WS difference between 

the model and observation in the 
monsoonal regions. Onset, retreat, and 
duration (SDII) are shown in days 
(mm/day). 

 

 
Figure 7.  Same as Figure 6, but for the anti-

monsoonal regions. 
 

 

 
Figure 8.  Same as Figure 6, but for the bimodal 

regions at a) WS1 and b) WS2. 
 
Observation data show that climatological WS1 
occurred from 13 March to 14 May with SDII of 8.7 
mm/day in the bimodal region, while WS2 occurred 
from September 26 to January 30 with SDII of 9 
mm/day (Figure 5c). The WS2 occurs longer, with a 
duration of 128 days, compared to the WS1, which 
occurs for 63 days. Both MMEs and three individual 
models could generate a bimodal pattern, with the 
differences shown in Figure 8. Compared to 
individual models, MMEs can produce more similar 
timing of the WS1 and the WS2 with the observation. 
Although the WS1 happened earlier when seen from 
the beginning and the end of the WS1, WMME had 
the closest WS length with observation in the WS1. 
WMME also produces the most similar WS2 with the 
observation. The SDII in both WSs produced by all 
models has a wet bias compared with observation, 
with WMME having the least bias. In general, 
climatological WS1 is better simulated by all models 
than climatological WS2. Besides being associated 
with the movement of the ITCZ [7], the WS in the 
bimodal region is also influenced by the monsoon 
system that occurs. WS1 coincides with the Asian 
Monsoon, and WS2 partially coincides with the 
Australian Monsoon. The higher wind bias during the 
Australian Monsoon compared to the Asian Monsoon 
[5] may be the reason why WS1 can be simulated 
more by the model than WS2. 
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Figure 9.  Interannual onset and retreat dates of the WS for regions a) monsoonal and b) bimodal. 
 
Performance of annual WS. The annual WS cycle 
can be seen in Figure 9. From the observation data, 
the annual average of WS in the monsoonal region 
occurs from October 22 to May 2 with a duration of 
193 days and an SDII of 9.3 mm/day. The onset of 
WS each year in the observation data is more diverse 
than the retreat of WS, which occur around the mean 
value. The individual models produce more varied 
WS onset and retreat than the two MMEs, which 
generally occur around the mean value. In years with 

extreme events, such as the strong El Nino in 1997-
1998, observation data indicate an earlier end of the 
1997 WS and a late onset of the 1998 WS. MMEs 
cannot simulate the impact of these extreme events, 
as shown by the onset and retreat of WS around its 
mean value. The MMEs averaging the values of all 
models with specific weights. As a result, the 
variation in values between individual models, 
including extreme values, will disappear, as stated in 
previous studies [34].
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Figure 10.  Boxplot of interannual WS timing differences between models and observation for regions a) 

monsoonal and b) bimodal. 

The distribution of the difference between the onset 
and retreat of the annual WS between models and 
observation is shown in a boxplot in Figure 10. Zero 
value mean model and observation have the same 
timing. In the monsoonal region (Fig. 10a), the two 
MMEs produced similar distributions of WS onset 
differences and were closer to observation than the 
individual models. The distribution of WMME has 
first quartile (Q1), median (Q2), and minimum values 
that are closer to zero than SMME, but SMME has 
better upper quartile (Q3) values. A similar 
distribution was also obtained for the WS retreat, with 
SMME having a slightly higher outlier value than 
WMME. 
 
Differences in the annual mean of onset, retreat, 
duration, and SDII of WS of all models with 
observation in the monsoonal region can be seen in 

Figure 11. The annual mean of WS onset occurred 
earlier in all models compared to observation, except 
CSIRO-MK3.6 (RegCM4) and the entire HadGEM2 
model. The annual mean of WS retreat was simulated 
late by most models, except CNRM-CM5 (RegCM4), 
EC-Earth (RegCM4), and all MPI models. The 
simulated annual mean of WS duration was longer by 
most of the models, except HadGEM2-ES (RCA4), 
HadGEM2-AO (WRF), and MPI-ESM-LR (ROM4). 
All models produce an annual SDII mean higher than 
the observation, except MPI-ESM-LR (ROM4). All 
MMEs, resulting in similar WS timing, are closer to 
observation than all individual models. WMME 
performs best with its WS onset two days closer to 
observation than SMME. 
 
In bimodal regions, observation data shows that the 
annual average of WS1 ranges from March 13 to May 
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16, with a duration of 64 days and an SDII of 9.59 
mm/day. The WS2, on annual average, lasts for 114 
days, from October 1 to January 23, with 9.7 mm/day 
SDII. The difference in WS timing, duration, and 
SDII between the models and observation in the 
bimodal regions is shown in Figure 10b. WMME has 
the smallest bias in simulating observation WS1 
onset, mostly earlier than the observation. The retreat 
of WS1 by SMME is most similar to observation 
compared to other models. The two MMEs produce 
similar annual bias distribution of observation WS2 
onset and are better than all individual models, with 
WMME slightly performing better. The annual WS2 
retreat simulated by WMME has a closer value with 
observation than other models. 
 
The annual mean differences in the WS timing, 
duration, and SDII of all models with observation in 
the bimodal regions can be seen in Figure 12. At 
WS1, WMME produces the annual mean of onset and 
duration closest to the observation. CSIRO-MK3.6 
(RegCM4) shows the same annual mean of WS1 
retreat with observation. In simulating the annual 
average of WS2 timing, most models result in retreat 
WS2 with a shorter duration than observation. 
Compared to observation, SMME can produce the 
same WS2 duration but with an earlier start of nine 
days. However, WMME produces closer WS2 timing 
to observation than SMME. All models' annual mean 
SDII at WS1 and WS2 is higher than the observation, 
with WMME being the closest. 
 
The categorizing of rainfall seasonal patterns using 
corrected CHIRPS data generally agrees with several 
previous studies [6], [7], with monsoonal patterns in 
most parts of Indonesia. Most models can simulate 
monsoonal patterns, in which two monsoon systems 
influence their seasonal cycle [7]. This result aligns 
with Tangang et al. [5], which state that the 
CORDEX-SEA model can simulate the monsoon 
system and the rainfall movement well. The anti-
monsoonal patterns are generally found in areas with 
small islands, such as Maluku. The inability of the 
model to simulate these anti-monsoonal patterns 
agrees with Tangang et al. [5], who stated the lack of 
model ability to simulate annual rainfall in areas with 
many islands.  
 
In the monsoonal regions, the WS onset simulated by 
CORDEX-SEA WMME occurred earlier than the 
observation. This result aligns with research by 
Hariadi et al. [21], which showed season onset of the 
CORDEX model is earlier than the observation in 
most of the areas in this study that had a monsoonal 
pattern. 
 

 
Figure 11.  Difference of WS annual mean 

between the model and observation 
in the monsoonal regions. Onset, 
retreat, and duration (SDII) are 
shown in days (mm/day). 

 

 

 
Figure 12.  Same as Figure 11, but for the 

bimodal regions at a) WS1 and b) 
WS2. 

 
Research by Tangang et al. [5] stated that the 
CORDEX-SEA models with RCMs of RegCM4 and 
WRF have a wet bias, while RCA4 and ROM have a 
dry bias. Consistent with that, Juneng et al. [35] also 
stated that RegCM4 produces wetter simulations. 
That statements agree with the results of this study, 
which is that most of the individual models produce a 
wet bias, except for MPI-ESM-LR (ROM4) with a 
dry bias. In the HadGEM2-ES (RCA4) model, the 
difference in bias with the result of Tangang et al. [5] 
may be due to the different time coverage, whereas 
this study only calculates SDII during WS. As most 
of the individual models in this study used RegCM4, 
which has a wet bias, the ensemble process that was 
carried out still shows a wet bias. However, weighted 
ensembles have a lower wet bias than most individual 
models. 
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4. Conclusion 
 
Corrections of CHIRPS daily rainfall data using 
BMKG blended dasarian rainfall data can produce 
seasonal rainfall patterns that align with in situ 
observations. The seasonal rainfall patterns generated 
by the individual CORDEX-SEA simulation models 
have different spatial distributions in most parts of 
Indonesia. However, they are generally the same 
throughout the southern part of Indonesia, including 
Lampung, Java, Bali, NTT, and the southern part of 
Papua. The spatial distribution of the seasonal rainfall 
patterns of WMME and SMME tends to be similar 
except in Kalimantan and Papua. The models best 
describe the monsoonal pattern, while the anti-
monsoonal pattern is the most difficult to simulate. 
The agreement of the seasonal pattern of the MMEs 
with observation is better than individual models, 
with the WMME outperforming the SMME. 
 
From climatological values, in monsoonal and 
bimodal regions, all MMEs models produce WS 
timing and SDII closer to observation than individual 
models. Although only slightly different, WMME is 
better than SMME. In the anti-monsoonal regions, 
only two models, CNRM-CM5 (RegCM4) and EC-
Earth (RegCM4), produced a pattern like the 
observation but with significantly different 
climatological WS timing. 
 
Based on the annual WS, the onset and retreat of WS 
from the MMEs tend to occur around its annual mean 
value. So, it is hard to simulate the annual variation 
of observation WS timing, including in years with 
extreme events such as the strong El Nino in 1997-
1998. MMEs perform better than individual models 
in simulating the observation annual average of WS 
timing, duration, and SDII. 
 
In general, WMME has the best performance 
compared to SMME and individual models in 
simulating the characteristics of WS in Indonesia. In 
monsoonal and bimodal regions, compared with 
SMME and individual models, the weighting process 
on WMME can reduce rainfall bias and make the 
simulated WS onset and duration closer to 
observation values, except for the retreat of the WS 
which still varies. However, all models cannot 
simulate seasonal rainfall patterns in anti-monsoonal 
regions. 
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