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Introduction: As a tropical archipelago, Indonesia is exceptionally susceptible to 
climate change impacts. Since mitigation requires accurate regional climate data, 
a reliable model assessment is essential to address the biases and uncertainties 
of Global Climate Model’s (GCMs). This study evaluates and ranks 35 NASA NEX-
GDDP-CMIP6 models, including their multi-model mean ensemble (ENSMEAN), 
on their capacity to simulate monthly precipitation climatology over Indonesia.
Methods: The methodology employed MSWEP dataset as the observational 
reference, utilizing statistical metrics including Correlation Coefficient (CC), 
Normalized Standard Deviation (NSTD), Root Mean Square Deviation (RMSD) 
and Mean Bias (MB). A dual-scale evaluation framework was adopted, assess-
ing the model’s spatio-temporal performance. Taylor Diagrams used to visualize 
model distribution, while Min-Max normalization and the Summation of Rank 
(SR) applied to ensure fair comparison and identify the best-performing models.
Discussion: The findings demonstrate that NEX-GDDP-CMIP6 models gener-
ally capture Indonesia’s seasonal precipitation patterns in close alignment with 
MSWEP observations. Notably, five models that consistently identified as high 
performers across spatio-temporal dimensions were ACCESS-CM2, CMCC-ESM2, 
TaiESM1, MRI-ESM2-0 and CESM2-WACCM. Specifically, ACCESS-CM2 showed 
the highest temporal accuracy, while TaiESM1 demonstrated the strongest spatial 
accuracy. ENSMEAN ranked seventh across spatio-temporal dimensions, proving 
its capability of reducing errors and enhancing simulation reliability. Despite the 
model’s overall accuracy, systematic biases persists, such as a “February dip” that 
underestimates peak wet-season precipitation and a tendency to overestimate 
precipitation during the dry season. These discrepancies suggests that simulating 
precipitation interactions among monsoon dynamics, topography and land-sea 
contrast remain challenging in Indonesia Maritime Continent. This study offers a 
benchmark for GCMs selection and underscores the need for improved regional 
models to support climate adaptation and hydrological policymaking.
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1 Introduction

Anthropogenic greenhouse gas emissions act as primary drivers of 
global warming (Ngai et al., 2022). This leads to climate extremes with 
significant impacts in ecosystem (Lungarska and Chakir, 2024), infra-
structures (Iradukunda et al., 2024) and humans (Irwandi et al., 2021). 
Recent studies projected that Southeast Asian surface temperatures 
could rise by over 3.5 °C by 2,100 (Raghavan et al., 2018). Developing 
countries in Southeast Asia may face severe climate change impacts, 
including Indonesia (Francisco et al., 2006). Indonesia undergoes sig-
nificant flood risk due to heavy precipitation (Qian, 2008). As a tropical 
archipelago, this region also highly susceptible to climate extremes 
(Griffiths et al., 2013). Therefore, long-term climate simulations are 
essential for adaptation in tropical monsoonal regions (Vicente-
Serrano et al., 2022). Global Climate Model’s (GCMs) are widely used 
for past and future climate simulations due to their extensive applica-
tion in climate studies (Chen et al., 2021; Pereira et al., 2023).

Coupled Model Intercomparison Project (CMIP) provides widely 
used GCMs that integrate coupled models of atmosphere, ocean, land 
surface, and sea ice components (Meehl et al., 2004). CMIP Phase 6 
(CMIP6) facilitates the study of climate change widely (Soumya, 
2025). However, many CMIP6 models exhibit regional precipitation 
biases and uncertainties (Dahiya et al., 2024; Konda and Vissa, 2022). 
Whereas, some models tend to show superior skill in precipitation 
simulation compared to others (Mohammed, 2025). For example, 
MRI-ESM2-0, EC-Earth3, and EC-Earth3-Veg were identified as the 
most proper models for future precipitation over the Southeast Asia 
continent (Iqbal et al., 2020). EC-Earth, GFDL, and NorESM also 
demonstrate superior skill in simulating seasonal precipitation over 
the Pacific and East Asia (Chen et al., 2021). Additionally, CMCC-
CM2-SR5, CNRM-CM6-1, MIROC-ES2L, IPSL-CM6A-LR, and 
INM-CM5-0 best capture precipitation and drought projections in 
Pakistan (Shakeel et al., 2025). The top multi-model ensembles to 
simulate precipitation over Southeast Asia were identified to be 
EC-Earth3, EC-Earth3-Veg, and E3SM-1-0 (Liu et al., 2023). While 
CMIP6 captures global climate complexity, its precipitation simula-
tions are limited by coarse spatial resolution (Chen et al., 2021).

NASA Earth Exchange Global Daily Downscaled Projections 
(NEX-GDDP-CMIP6) dataset provides downscaled projections that 
offer superior regional detail compared to standard GCMs (Bao and 
Wen, 2017). The dataset facilitates finer-scale precipitation modeling 
across topographical features (Jiang et al., 2023). Studies show NEX-
GDDP-CMIP6 improves upon CMIP6 in capturing extreme precipita-
tion over the India (Kumar et al., 2020), Ireland (Moradian et al., 
2024), China (Yuan et al., 2024), Southeast Asia (Raghavan et al., 
2018) and Africa (Musie et al., 2020). However, this high-resolution 
GCM’s remains underutilized for studying long-term precipitation 
patterns across Indonesia. While the NEX-GDDP-CMIP6 provides 
significant advancement in climate modeling, the large spread among 
individual models introduces uncertainty for regional applications 
(Thrasher et al., 2022). Further study into the dataset’s multi-model 
mean ensemble (ENSMEAN) is necessary to enhance simulation 
accuracy as suggested by Baghel et al. (2022). In a complex archipelago 
such as Indonesia, where systematic evaluations of GCM’s are still 
limited, objective evaluation ranking is essential (Kurniadi et al., 
2023). Therefore, this study proposes to evaluate and rank NEX-
GDDP-CMIP6 model along with its ENSMEAN to identify the best 
suitable climate models in Indonesia. This ranking provides a bench-
mark for identifying a subset of models, thereby minimizing 

uncertainties and ensuring that adaptation strategies are based on the 
most reliable model’s simulations.

The specific aims of this study were to: (a) evaluate and rank the 
performance of NEX-GDDP-CMIP6 models over Indonesia using 
monthly mean climatological analysis against the Multi-Source 
Weighted-Ensemble Precipitation (MSWEP) reference dataset, (b) 
propose the five best-performing models for spatio-temporal precipi-
tation analysis, and (c) investigate Indonesia climatic patterns as rep-
resented by the best-performing models. The consideration of 
Indonesia as a climate-sensitive region shows the need for further 
analysis using recent models. Consequently, finding of this study are 
expected to provide scientific insight into the robustness of the multi-
metric ranking method. Further, offer guidance for selecting appropri-
ate NEX-GDDP-CMIP6 models for Indonesia. This study facilitates 
climate change adaptation planning and informs policy decisions to 
support sustainable development. The next sections include the 
detailed information on the Indonesia region in the “Study Area” sec-
tion, “Materials and Methods” focuses on the dataset and study work-
flow, “Results” and “Discussion” presents comprehensive statistical 
results, while “Conclusion” provides the summary of results and rec-
ommendations for future studies.

2 Study area

The domain of this study is the Indonesian region as depicted in 
Figure 1, the largest world archipelagic country (Griffiths et al., 2013). 
Indonesia, which is located between Asia and Australia, lies between 
the Pacific and Indian Oceans. It has a vast and intricate territory com-
prising of 17,000 islands (Lee, 2015). It geographically covers a region 
of 60 08’ North Latitude - 110 15’ South Latitude and 950–1410 East 
Longitude, with a longitude of 5,000 km or 1/8 of the equatorial land-
scape. The land area is approximately 10,000,000  km2 with a 
2,720,000  km2 sea-land ratio of 2.7:7.3 which is close to the 3:7 
recorded for the surface of the Earth (Yamanaka, 2016). Indonesia has 
major islands of Sumatra, Java, Kalimantan, Sulawesi, and Papua with 
several other small islands, while approximately 70% of the territory 
is covered by ocean (Mahiru Rizal et al., 2019). The focus of this study 
is on the continent of Indonesia, whereas the neighboring countries 
such as Malaysia close to Borneo, Papua New Guinea close to New 
Guinea, Timor-Leste close to Timor, and all the surrounding oceanic 
areas are excluded through spatial masking.

Located in tropics, Indonesia experiences hot and humid climate 
throughout the year (Chang et al., 2004). The country shows a distinct 
seasonal cycle of Asia-Australian monsoon (Robertson et al., 2011; 
Wheeler and McBride, 2007). It’s monsoonal system cycle includes wet 
season from October to March and the dry season from April to 
September (Ramage, 1971). This is associated with the westerly winds 
and El Niño—Southern Oscillation (ENSO) influencing the climate 
of the country as well as the ocean warming which increases the 
amount of precipitation in some regions (Lee, 2015; Yamanaka, 2016). 
Notably, the monsoon timing has increasingly become variable due to 
climate change (Adriat et al., 2025). The Madden-Julian Oscillation 
(MJO) shows significant equatorial variability over the region (Tang 
and Yu, 2008). Thus, modulates precipitation across Indonesia (Lubis 
et al., 2022). The country precipitation anomalies also strongly influ-
enced by El Niño and Indian Ocean Dipole mode (IOD) (Nur’utami 
and Hidayat, 2016). Moreover, precipitation characteristic in 
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Indonesia is reported non-stationary, with a central–eastern increase 
and a central–western decrease (Sudarman et al., 2024). Regional 
dynamics in Indonesia can be examined using GCM’s numerical 
simulations, despite their coarse resolutions (Ferijal et al., 2025). This 
trend highlights the need for further study using the latest GCM to 
improve the precision and spatial detail of precipitation simulations.

3 Materials and methods

3.1 Climate model dataset

The NEX-GDDP-CMIP6 developed by NASA as an improvement 
of CMIP6. The dataset offers 35 models with 0.25° spatial resolution 
(approximately 25 km) to provide finer details than the original 
CMIP6 models that have native resolution typically around 100 km or 
coarser (Thrasher et al., 2022). The data archive contains downscaled 
1950–2,100 historical and future projections that can be accessed from 
the website of NASA at https://www.nccs.nasa.gov/services/data-col-
lections/land-based-products/nex-gddp-cmip6. NEX-GDDP-CMIP6 
utilizes a daily variant of the monthly Bias Correction/Spatial 
Disaggregation (BCSD) algorithm for its statistical downscaling. 
BCSD corrects and downscales CMIP6 data to bridge the gap in 
coarse-scale model outputs (Jain et al., 2019). BCSD method employs 
in two steps. First, quantile mapping bias correction used to align 
GCM’s distributions with historical observations, removing systematic 
errors. Second, spatial disaggregation interpolates into 0.25° grid for 
improved spatial resolution.

This study used the daily temporal resolution of NEX-GDDP-
CMIP6 precipitation dataset with the historical period of 1985 to 
2014, accessed in September 2023. The dataset includes all historical 
simulations of 35 NEX-GDDP-CMIP6 models as shown in Table 1. 

Variant of the models identified by code specifying key attributes 
given by letter and number of rNiNpNfN including realization index, 
initialization method, parameterization, and forcing variant 
(Moradian et al., 2023). The realization (r) stands for certain running 
simulation, the initialization (i) stands for initial conditions, and the 
physics (p) stands for the model physics version. The forcing (f) 
denotes the version of forcing index employed. The variant r1i1p1f1 
represents the first version of realization, first version of initialization, 
first version of physics and first forcing index simulation (Gummadi 
et al., 2025). These simulations offer a reliable basis for studying pre-
cipitation dynamics, climate impacts and adaptation.

ENSMEAN, in this study, employed to reduce the uncertainty and 
variability of individual models to a certain degree (Guo et al., 2023; 
Nwokolo et al., 2023). ENSMEAN model was generated after land-sea 
masking step by calculating the unweighted ensemble mean of 
monthly climatological output from 35 NEX-GDDP-CMIP6 models. 
An unweighted (simple) average was chosen for its simplicity and as 
a robust baseline for comparison. This approach does not account for 
the varying skill/performance of individual models, which a perfor-
mance-based or competence-weighted ensemble would address.

3.2 Observational dataset

The limitations of long-term observational records in 
Indonesia led to the adoption of the MSWEP (v2), which covered 
1985–2014 of daily temporal and 0.1° spatial resolution in this 
study. The MSWEP was used as the observational reference 
against the NEX-GDDP-CMIP6. The dataset covers 1979 up to the 
present day (Beck et al., 2017) and has 0.1° spatial resolution. The 
MSWEP exemplifies systematic data merging by assimilating the 
strengths of satellite, gauge, and reanalysis-based daily precipita-
tion estimates. The adoption of the dataset in this study was based 
on the detailed information presented by Beck et al. (2019). The 

FIGURE 1

Study domain covering Indonesia and its elevated terrain across the region (yellow–red shade).
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MSWEP provides high spatial resolution of 0.1° and up to 
3-hourly temporal resolution considered well-suited for regional 
hydroclimate studies (Nazarian et al., 2024). The dataset is a reli-
able source of gridded precipitation data for climatological and 
hydrological studies related to Indonesia (Ferijal et al., 2025).

3.3 Methods

35 NEX-GDDP-CMIP6 and ENSMEAN model employed to con-
duct statistical evaluation in this study. The precipitation dataset was 
assessed against the MSWEP for the historical period of 1985–2014 

TABLE 1  List of climate models compared with the MSWEP dataset.

Specifications Model’s name Variant

Model 	1.	 ACCESS-CM2: Commonwealth Scientific and Industrial Research Organization, Australia (Bi et al., 2020) r1i1p1f1

	2.	 ACCESS-ESM1-5: Commonwealth Scientific and Industrial Research Organization, Australia (Ziehn et al., 2020) r1i1p1f1

	3.	 BCC-CSM2-MR: Beijing Climate Center, China Meteorological Administration, China (Wu et al., 2019) r1i1p1f1

	4.	 CanESM5: Canadian Centre for Climate Modeling and Analysis, Canada r1i1p1f1

	5.	 CESM2: National Center for Atmospheric Research, USA (Swart et al., 2019) r4i1p1f1

	6.	 CESM2-WACCM: National Center for Atmospheric Research, USA (Danabasoglu et al., 2020) r3i1p1f1

	7.	 CMCC-CM2-SR5: Fondazione Centro Euro-Mediterraneo sui Cambiamenti Climatici, Italy (Cherchi et al., 2019) r1i1p1f1

	8.	 CMCC-ESM2: Fondazione Centro Euro-Mediterraneo sui Cambiamenti Climatici, Italy (Lovato et al., 2022) r1i1p1f1

	9.	 CNRM-CM6-1: National Center of Meteorological Research, France (Voldoire et al., 2019) r1i1p1f2

	10.  CNRM-ESM2-1: National Center of Meteorological Research, France r1i1p1f2

	11.  EC-Earth3: EC-EARTH-CONSORTIUM, Europe (Séférian et al., 2019) r1i1p1f1

	12.  EC-Earth3-Veg-LR: EC-EARTH-CONSORTIUM, Europe (Döscher et al., 2022) r1i1p1f1

	13.  FGOALS-g3: Institute of Atmospheric Physics, Chinese Academy of Sciences, China (Pu et al., 2020) r3i1p1f1

	14.  GFDL-CM4: NOAA Geophysical Fluid Dynamics Laboratory, USA (Held et al., 2019) r1i1p1f1

	15.  GFDL-CM4-gr2: NOAA Geophysical Fluid Dynamics Laboratory, USA (Held et al., 2019) r1i1p1f1

	16.  GFDL-ESM4: NOAA Geophysical Fluid Dynamics Laboratory, USA (Dunne et al., 2020) r1i1p1f1

	17.  GISS-E2-1-G: Goddard Institute for Space Studies, USA (Kelley et al., 2020) r1i1p1f2

	18.  HadGEM3-GC31-LL: Met Office Hadley Centre, UK (Kuhlbrodt et al., 2018) r1i1p1f3

	19.  HadGEM3-GC31-MM: Met Office Hadley Centre, UK r1i1p1f3

	20.  IITM-ESM: Indian Institute of Tropical Meteorology, India(Kuhlbrodt et al., 2018)a r1i1p1f1

	21.  INM-CM4-8: Institute for Numerical Mathematics, Russia (E. M. Volodin et al., 2018) r1i1p1f1

	22.  INM-CM5-0: Institute for Numerical Mathematics, Russia (E. Volodin and Gritsun, 2018) r1i1p1f1

	23.  IPSL-CM6A-LR Institute Pierre Simon Laplace, France (Boucher et al., 2020) r1i1p1f1

	24. � KACE-1–0-G: National Institute of Meteorological Sciences/ Korea Meteorological Administration, Republic of Korea 

(Pak et al., 2021)

r1i1p1f1

	25.  KIOST-ESM: KIOST, Republic of Korea (Pak et al., 2021) r1i1p1f1

	26.  MIROC-ES2L: Japan Agency for Marine- Earth Science and Technology, Japan (Hajima et al., 2020) r1i1p1f2

	27.  MIROC6: Japan Agency for Marine- Earth Science and Technology, Japan (Tatebe et al., 2019) r1i1p1f1

	28.  MPI-ESM1-2-HR: Meteorological Research Institute, Japan (Müller et al., 2018) r1i1p1f1

	29.  MPI-ESM1-2-LR: Meteorological Research Institute, Japan (Mauritsen et al., 2019) r1i1p1f1

	30.  MRI-ESM2-0: Meteorological Research Institute, Japan (Yukimoto et al., 2019) r1i1p1f1

	31.  NESM3: Nanjing University of Information Science and Technology (NUIST), China (Cao et al., 2018) r1i1p1f1

	32.  NorESM2-LM: Norwegian Climate Service Centre, Norway (Seland et al., 2020) r1i1p1f1

	33.  NorESM2-MM: Norwegian Climate Service Centre, Norway (Seland et al., 2020) r1i1p1f1

	34.  TaiESM1: Research Center for Environmental Changes, Academia Sinica, Taiwan (Wang et al., 2021) r1i1p1f1

	35. � UKESM1-0-LL: UK Met Office Hadley Center, UKPSL-CM6A-LR: Institute Pierre Simon Laplace, France (Sellar et al., 

2020)

r1i1p1f2

Simulation Historical (1985–2014)

Variable pr

Temporal Resolution Daily

Spatial Resolution 0.25° × 0.25°
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(Lakew, 2020). Monthly mean climatology was calculated for both 
datasets to establish a baseline for comparison (Lee et al., 2013). 
Spatial performance was examined through seasonal climatological 
means of December–January–February (DJF), March–April–May 
(MAM), June–July–August (JJA), and September–October–November 
(SON). Temporal performance was analyzed using the annual clima-
tological cycle as shown in Figure 2.

This dual scale evaluation framework of seasonal for spatial analysis 
and monthly for temporal analysis is based on the physical drivers of 
Indonesia. Spatial evaluation is conducted on a seasonal basis to capture 
monsoon-driven migration of Intertropical Convergence Zone (ITCZ) 
that affected precipitation distribution across Indonesia archipelago 
(Aldrian and Dwi Susanto, 2003). Temporal evaluation utilizes monthly 
data to assess the model’s ability in simulating annual cycle. Specifically, 
temporal evaluation use in capturing the timing and magnitude of wet-dry 
months transitions which are critical to agricultural adaptation (Jun-Ichi 
et al., 2002). By evaluating spatio-temporal dynamics, this study ensure 
that the model ranking reflect the ability to simulate Indonesia’s unique 
seasonal geography and monthly transitions of precipitation cycles.

The initial calculation was the adoption of the daily precipitation 
data to determine the monthly average with the aim of ensuring con-
sistency. For each month m in year y, the monthly mean precipitation 

,m yP  was computed for all daily precipitation values. ( ), ,d m yP  repre-
sents the daily precipitation on the day d  and ,m yn  is the number of 
days in the month. Therefore, the monthly mean precipitation was 
determined using the following equation:

	
( )

=
= ∑

,

, , ,
, 1

1 m yn

m y d m y
m y d

P P
n

	
(1)

Equation (1) was used to calculate 30-year climatological monthly 
mean by averaging all months in the period. For a given month m, the 
climatological monthly mean was determined in Equation (2):

	 =
= ∑ ,

1

1 n

m m y
y

P P
M

	
(2)

M = 30 which is the total number of years and the Equation (2) 
produces long-term monthly climatology to represent the typical pre-
cipitation characteristics in a month. Furthermore, the annual clima-
tology was computed by calculating the annual mean precipitation in 
each year. The annual mean for year y was determined based on the 
12 monthly means as shown in Equation (3):

	 =
= ∑

12

,
1

1
12

annual
y m y

m
P P

	
(3)

The 30-year climatology annual mean was subsequently obtained 
by averaging the annual means across the period. This was achieved 
using Equation (4):

	 =
= ∑

1

1 N
annual annual

y
y

P P
M

	
(4)

The performance of the models was quantified using statistical 
metrics for the purpose of detecting systematic deviations. The metrics 
used were Correlation Coefficient (CC), Normalized Standard 
Deviation (NSTD), and Mean Bias (MB) (Ngo-Duc et al., 2024). The 
Root Mean Standard Deviation (RMSD) evaluation metrics used in the 
Taylor plot were also adopted (Liu et al., 2024). Taylor diagrams were 
applied to show the combination of CC, NSTD, and RMSD that dem-
onstrated the ability of each model to reproduce the variability 
observed. The adoption of Taylor diagram was associated with it’s 
advantages in evaluating model performance by simultaneously show-
ing the correlation, variability, and errors in a single framework (Simão 
et al., 2020). The dataset were processed in Python programming lan-
guage using a specific module of the Open Climate Workbench (OCW) 
(H. Lee et al., 2018). In addition, SkillMetrics (https://pypi.org/project/
SkillMetrics/1.1.3/) and Matplotlib 3.2.2 libraries also employed in data 
processing. The steps for NEX-GDDP-CMIP6 and MSWEP included 
spatial cropping and land-sea masking over Indonesia. The observa-
tional MSWEP dataset was re-gridded to 0.25° NEX-GDDP grid to 
ensure a grid-to-grid comparison at daily time step. Following these 

FIGURE 2

Flowchart of the model evaluation and ranking method proposed in this study.
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steps, evaluation metrics were calculated to assess model performance 
as provided in Table 1.

Specifically, MSWEP was used as the reference precipitation 
dataset Ri and the NEX-GDDP-CMIP6 as simulated precipitation 
Si. Both were used to determine the average of the reference data-
set and simulated precipitation, evaluated over 30 years. The 
average simulations and observations were provided as S  and R . 
Furthermore, the variable N used in the metric computation for-
mula is defined differently for each evaluation scale. For the spa-
tial (seasonal mean) evaluation, N is the total number of grid 
cells across the domain (as the comparison is grid-to-grid on a 
single seasonal mean field). For the temporal (monthly climatol-
ogy) evaluation, N is the total number of grid cells multiplied by 
the number of months in the annual cycle (12 months), as the 
long-term monthly climatology is compared across the 
whole domain.

The formula for each metric is presented in the following equation:
Correlation Coefficient (CC), in Equation (5), was used to evaluate 

the magnitude and orientation of the linear relationship between 
Ri and Si:

	

− −
=

− −
= =

  
− −    

  =
   

− −      
   

∑

∑ ∑

i i1

2 2

i i1 1

S R

S R

N
i

N N
i i

S R
CC

S R
	

(5)

Normalized Standard Deviation (NSTD) was used to determine 
the variability differences between Ri and Si through the ratio of stan-
dard deviation as shown in Equation (6):

	

σ
σ

= Si

Ri
NSTD

	
(6)

NSTD was employed to assess variability differences between 
the simulations of Si and the reference data of Ri by calculating the 
ratio of their standard deviation. This metric provides a dimension-
less measure of relative variability. NSTD value close to 1 indicates 
that the simulations variability is comparable to the reference. 
Values higher or lower than unity represent overestimation or 
underestimation of the precipitation spread, respectively 
(Taylor, 2001).

Root Mean Standard Deviation (RMSD) evaluates the average 
deviation between Ri and Si values, combining both systematic and 
random errors, as given in Equation (7):
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Mean Bias (MB) was applied to measure the average deviations 
between Ri and Si values in Equation (8). This was used to determine 
when a model over- or underestimated.
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(8)

3.3.1 Taylor diagram

The performance of the models was presented through the 
Taylor diagram (Taylor, 2001). It served as a standard graphi-
cal method for assessing the correspondence between model out-
puts and observational data (Achutarao et al., 2004; Gates et al., 
1999). Taylor diagram offered a clear visualization of skills pre-
sented by the models. It allowed the assessment of the agreements 
and discrepancies with observations using three key metrics 
including RMSD, CC, and NSTD. The performance of NEX-
GDDP-CMIP6 models and ENSMEAN in simulating monthly 
mean climatology was evaluated against the MSWEP using the 
Taylor diagram.

3.3.2 Metrics conversion and min-max 
normalization

The chosen statistical measures (CC, NSTD, RMSD and MB) were 
selected as a comprehensive set to cover different aspects of model 
skill, encompassing correlation, variability, total error and systematic 
bias. Since each calculated values of CC, NSTD, RMSD and MB has a 
different range, a conversion was performed to standardized them into 
uniform range of −∞ 0to  for the model ranking process. 
Consequently, a new set of metrics was defined through conversion to 
ensure comparability (Ngo-Duc et al., 2024). The conversion metrics 
calculations are given by following formula:

	 = −1CCr CC 	 (9)

	 = − −1NSTDr NSTD∣ ∣	 (10)

	 = −RMSDr RMSD	 (11)

	 = −MBr MB 	 (12)

Where r  represents the original value of the data point, with CCr  
is the value conversion of Correlation Coefficient as given in 
Equation (9), NSTDr  is the value conversion of Normalized Standard 
Deviation as given in Equation (10), RMSDr  is the value conversion of 
Root Mean Standard Deviation as given in Equation (11), and MBr  is 
the value conversion of Mean Bias as given in Equation (12).

The best performing models are identified by CCr  and NSTDr  
values close to 1. This referring the high degree of correlation 
and comparable variability with the reference data. For RMSDr , the 
best performer of model is indicated with the lowest value. MBr , 
the positive value (>0) means the model has a “wet bias” (it over-
estimates precipitation). Whereas the negative value (<0) indi-
cated that the model has a “dry bias” (it underestimates 
precipitation).

Min-Max Normalization was then applied to transform new met-
rics with different ranges and units onto a uniform, comparable scale 
(0–1). This transformation is essential for ensuring a fair comparison 
across all performance criteria. Min–Max normalization applied to 
rescale all values because the metrics had different scales and units 
(Sarala, 2024). Equation (13) was used in the climate change studies, 
allowing for a consistent and uniform comparison of the data value. 
Equation (13) was applied to each data point to perform the 
transformation.
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(13)

minr  is the minimum value, maxr stands for maximum value, and 
normr  is the normalized value. The application was to ensure that 
higher normalized total scores consistently represented equal weight-
ing of all models.

3.3.3 Summation of rank (SR)

In this study, the models were ranked using the Summation of 
Rank (SR) method. This method aggregated and quantified the overall 
scores across multiple metrics (Wati et al., 2022). The final summation 
of Rank (SR) was employed as a non-parametric and multi-criteria 
decision-making method that aggregates performance across all nor-
malized metrics equally to identify the models with the most consis-
tent overall skill.

This ranking method aimed to identify the top five models with 
the most robust performance (Chen et al., 2011; Chhin and Yoden, 
2018). Specifically, in capturing seasonal and temporal precipitation 
relative to MSWEP across the region. The model with the higher 

TotalR  is typically considered the best-performing because the total 
normalized score is higher across all metrics, as shown in 
Equation (14):

	 = + + +_ _ _ _Total CC norm NSTD norm RMSD norm MB normR r r r r 	 (14)

Where _CC normr  is the normalized value of CC, _NSTD normr  is the 
normalized value of NSTD, _RMSD normr  is the normalized value of 
RMSD and _MB normr  is the normalized value of MB.

The final ranking utilizes the normalized score (ranging from 0 to 
1) for calculating the total performance score, TotalR , not the ordinal 
rank. Min-Max normalization is designed to handle the ‘direction’ of 
the metrics by ensuring that for all metrics, including error metrics 
like RMSD and MB, a higher normalized value consistently indicates 
better performance. The total score is defined as the sum of the nor-
malized scores TotalR  as given in Equation 14. The final rank r is then 
determined as the ordinal rank based on this TotalR  value, where the 
highest TotalR  corresponds to Rank 1.

In this study, spatio-temporal evaluation was performed. The 
models were ranked according to the aggregated normalized scores of 
the four metrics with a maximum attainable score of 4. The spatial 
aspect was evaluated using seasonal data of DJF, MAM, JJA, and SON 
with the model rankings determined from the cumulative scores across 
the four metrics. Maximum attainable score is 16, derived from four 
seasonal scores per metric for each model. Subsequently, the temporal 
evaluation was conducted using monthly data across the four metrics 
with a maximum score of 4 per model. The equal weighting scheme 
that applied to all metrics, assuming that the model’s ability to replicate 
the mean bias (MB) state, error magnitude (RMSE), linear association 
(CC) and variability (NSTD) are of equal importance for regional cli-
mate assessment. This weighing avoids subjective bias by not favoring 
one statistical attribute over another (Rupp et al., 2013).

FIGURE 3

The seasonal precipitation cycle across the Indonesian region derived from 35 climate simulations, ENSMEAN, and the MSWEP reference dataset. The 
shaded pink area shows the full range of simulated outputs from all models which reflect the level of uncertainty.
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4 Results

4.1 Model performance

The monthly precipitation cycles of 35 NEX-GDDP-CMIP6 and 
ENSMEAN models were compared with the reference dataset for 
1985–2014 in Figure 3. The pink shades indicate the inter-model dis-
tribution, the wider bands represent higher uncertainty, and narrower 
bands signal stronger agreement. MSWEP annual variability as 
observed in the maximum precipitation of ~280–300 mm in January–
March, minimum in July–August at ~150–170 mm, and an increase 
in September–December with ~280 mm. The figure showed that 
NorESM2-LM and MPI-ESM1-2-LR consistently overestimated the 
rainy season with the peaks reaching 320 mm in January–March to 
suggest a monsoonal pattern of precipitation. Meanwhile, CMCC-
CM2-SR5 and MIROC6 indicated underestimated values in the dry 
season (JJA) below 150 mm. Thus, reflected the existence of dryness 
over the months. CanESM5, CESM2, and HadGEM3-GC31-LL exhib-
ited values closer to MSWEP by maintaining seasonal amplitudes that 
were consistent with the observation data. BCC-CSM2-MR and 
GFDL-CM4 reproduced the seasonal shape but showed stronger 
deviations in April–May and October when precipitation tended to 
shift between rainy and dry seasons.

A critical observation in the annual cycle in Figure 3 is the consistent 
relative minimum in precipitation during February across most models, 
referred to as the ‘February dip’. This represents a systematic discrepancy, 
as the MSWEP reference dataset depicts a continuous peak during 
DJF. This model behavior likely stems from common biases in simulating 
the peak intensity of monsoonal flow in DJF. This underestimation 
reflects the challenge of simulating convection over the Indonesia com-
plex topography (Peatman et al., 2014). The discrepancies also attributed 
to the model’s challenges in simulating large-scale monsoon circulation, 
land-sea contrast interactions and complex tropical dynamics (Mulsandi 
et al., 2024). Notably, the reference data of MSWEP documented to cause 
and underestimation of peak precipitation values (Beck et al., 2017).

The bias spread in the Taylor diagram compares the annual precipi-
tation from NEX-GDDP-CMIP6 against the MSWEP. To reflect inter-
model differences in seasonal precipitation, CC was scaled to range of 
0–1. Visualization utilizes distinct symbols to represent individual 
models alongside the ENSMEAN. Figure 4 shows that majority of the 
models clustered close to the reference point. The CC scores exceeded 
0.9 with low RMSD and the NSTD was close to one. The clusters showed 
that the models could replicate annual precipitation variability in 
Indonesia with reasonable accuracy. The best performance was deter-
mined based on the closeness of the scores to the reference point of 
MSWEP which included high CC, low RMSD, and near ideal NSTD. The 
results showed that ACCESS-CM2, CMCC-ESM2, MRI-ESM2.0, 
TaiESM1, and ENSMEAN had good performance by having positions 
close to the MSWEP. Meanwhile, poor performance was associated with 
high disparities compared to the reference point, determined using 
NSTD far from 1, higher RMSD, or weaker correlation. While most 
models cluster closely to the MSWEP reference, certain models exhibit 
deviations in variability. Specifically, ACCESS-ESM1-5 and KACE-1-
0-G emerge as outliers with NSTD values exceeding 1.25 and 1.20, 
respectively. This indicates an overestimation of the observed precipita-
tion variability. In contrast, GFDL-CM4 demonstrate high fidelity to 
observation, maintaining CC above 0.90 and an NSTD near unity.

The Taylor diagram for DJF, as shown in Figure 5a, demonstrated 
that most clusters of the models are close to the reference dataset. The 
CC score exceeding to 0.9, reflects the good performance in simulat-
ing seasonal precipitation variability during the period. ACCESS-CM2, 
CMCC-ESM2, MRI-ESM2.0, and ENSMEAN were in proximity to 
the reference point by showing high correlation, low RMSD, and 
NSTD close to one, suggested minimal bias in the intensity. The clus-
tering pattern for MAM which is presented in Figure 5b is quite simi-
lar but the variances among all models become clearer. For example, 
TaiESM1, ACCESS-CM2, CMCC-ESM2, and ENSMEAN achieved 
CC scores close to 0.95–0.99 and recorded low RMSD. Thus, reflected 
the reliability of the models in reproducing precipitation variability 
and spatial distribution during the season.

FIGURE 4

Taylor diagrams showing NSTD, RMSD, and CC for the monthly climatology precipitation simulation over Indonesia using the MSWEP reference dataset. 
ENSMEAN model is presented as a red square with a blue outline.
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In Figure 5c, most models cluster near the observation point for 
JJA, showing high correlations (CC > 0.9) and low RMSD. This indi-
cated that most models effectively capturing dry season precipitation 
variability. ACCESS-CM2, CMCC-ESM2, TaiESM1, and ENSMEAN 
showed high correlation and minimal bias. The Taylor diagram for 
SON presented in Figure 5d shows that the models have greater spread 
compared to JJA. For example, ACCESS-CM2, CMCC-ESM2, MRI-
ESM2.0, and ENSMEAN had high CC in the range of 0.95–0.99 and 
low RMSD, confirmed the model’s robustness in capturing seasonal 
precipitation patterns and distribution. KACE-1-0-G showed devia-
tions in both NSTD and RMSD, reflected persistent deficiencies as 
previously observed in Figures 5a–d.

4.2 Experiment ranking

The multi-criteria assessments are widely applied in climate 
science to identify the best GCMs to capture climate variabilities 
and patterns (Nahar et al., 2017; Shakeel et al., 2025). Section 3.3 
provides information on the multi-criteria analysis to identify the 
models. Figure 6 presents the heatmap ranking of the experi-
ments. The scoring method adopted and described in Section 3.3 
offered a comparative evaluation of climate models based on spa-
tial and temporal performance. Figure 6 shows the validity of the 
models in temporal and spatial dimensions with the warmer 
shades signaling a higher trend. The four columns on the left rep-
resent the normalized value of each evaluation metrics including 

_ _ _ _, , andCC norm NSTD norm RMSD norm MB normr r r r  for the temporal 
dimension while the four on the right are for the spatial dimension. 
The row order is based on the ranking of the models. It was observed 
that ACCESS-CM2, CMCC-ESM2, TaiESM1, MRI-ESM2-0, 

CESM2-WACCM and KIOST-ESM has high performance accuracy 
against the reference dataset.

ENSMEAN also showed high CC as identified in the warmer 
colors. The best models improved the representation of variability and 
reduction of errors to show superior reliability compared to the others. 
The Figure 6 also shows the ability of the models in replicating spatial 
distribution of precipitation compared to temporal variability. The 
mean bias reflected the widest spread to emphasize the persistent 
errors due to overestimation and underestimation.

Figure 7 depicts ACCESS-CM2 as the top-performing model 
across all dimensions. Even though trade-offs remained evident 
between temporal and spatial performance with some excelling in one 
dimension but weak in another. Temporal simulations measured the 
capacity of models to reproduce climate variability and long-term 
trends. The results showed that ACCESS-CM2, CMCC-ESM2, and 
MRI-ESM2.0 had good accuracy in replicating observed time series 
compared to the others. TaiESM1, KIOST-ESM, and CMCC-ESM2 
also had the best performance in terms of spatial accuracy. 
Additionally, ACCESS-CM2 and CMCC-ESM2 emerged as the top-
performing models in the composite evaluation of spatial and tempo-
ral performance, followed closely by TaiESM1 and MRI-ESM2.0. The 
evaluation ranked ACCESS-CM2, CMCC-ESM2, TaiESM1, MRI-
ESM2.0, and CESM2-WACCM as the top five models, followed by 
KIOST-ESM in sixth and ENSMEAN in seventh.

4.3 Ability of the models to visualize 
Indonesia climatic pattern

The spatial distributions of the best ranking models including 
MSWEP, ACCESS-CM2 and ENSMEAN are compared in Figure 8. 

FIGURE 5

Taylor diagrams showing NSTD, RMSD, and CC for the monthly climatology precipitation simulation over Indonesia using the MSWEP reference dataset. 
ENSMEAN model is presented as a red square with a blue outline. (a) DJF; (b) MAM; (c) JJA; (d) SON.
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It was observed that the highest value of precipitation intensity during 
DJF exceeded 600 mm/month over some areas of Papua. 
ACCESS-CM2 exhibit better spatial performance than ENSMEAN 
during the season by providing closer spatial agreement to MSWEP 
as presented in heatmap (Figure 6). As shown in Figure 8, 
ACCESS-CM2 and ENSMEAN demonstrated comparable spatial 
performance over western and northern Indonesia, that captured the 
eastward expansion of wet condition during SON. ACCESS-CM2 
also captured a reduction in precipitation magnitude over Sumatra, 
Java and Nusa Tenggara during MAM, compared to MSWEP. The 
same trend identified during JJA with magnitude less than 150 mm 
over Java, Nusa Tenggara, and southern Sumatra. Whereas 
ACCESS-CM2 exhibited slight overestimation in western Sumatra 
during JJA.

The temporal variation of precipitation across Indonesia can be 
classified into three climatic patterns of monsoonal, equatorial, and 
local (Aldrian and Dwi Susanto, 2003). Figure 9 compares monthly 

mean precipitation for three representative regions which include 
Jakarta region for monsoonal, Pontianak region for equatorial, and 
Sorong region for local. While the models generally replicate the phase 
of Indonesia climatic types, systematic deviations from the MSWEP 
(red dashed line) persist throughout the annual cycle.

In Jakarta monsoonal regime, model trajectories deviate from 
MSWEP in almost every month. Thus, making a general characteriza-
tion of “good match” difficult to maintain. During DJF wet season, 
ACCESS-CM2 and MRI-ESM2.0 exhibit magnitude deviations, 
underestimating peak precipitation. While during JJA dry months, 
MRI-ESM2-0 and CMCC-ESM2 appear visually closest to the 
MSWEP. Other models tend to overestimate dry season precipitation, 
suggesting a superior fit for specific models during this period com-
pared to the higher uncertainty in transition months.

In the equatorial regime of Pontianak, all models captured the 
bimodal precipitation pattern, although quantitative deviations 
remain. ENSMEAN is closely in line with the MSWEP, reproducing 

FIGURE 6

The heatmap of 35 NEX-GDDP-CMIP6 and ENSMEAN based on normalized evaluation metric scores such as r (CC_norm), r (NSTD_norm), r (RMSD_
norm) and r (MB_norm) in simulating monthly precipitation. The columns represent spatial and temporal dimensions while the rows are the models. 
The order is the performance ranking with the best in the top 5 rows. The color represents the degree of validity with the green box showing poor 
connection while the red box signals near-perfect agreement with the reference dataset.
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both intensity peaks with minimal bias. Compared to other individual 
simulations, ACCESS-CM2 captures the dual-peak structure but 
exhibits lower precipitation intensity than MSWEP. CMCC-ESM2 
underestimates peak rainfall, while CESM2-WACCM shows a slight 
overestimation.

In Sorong local regime, precipitation variability is nearly uniform. 
Model fidelity shows marked variation peaking in JJA. During this 
period, MRI-ESM2-0 and CMCC-ESM2 appear most closely to the 
MSWEP. While ACCESS-CM2 and CESM2-WACCM show consis-
tent monthly variation, CMCC-ESM2 exhibits a negative bias during 
the local rainy season. Although ENSMEAN follows the MSWEP pat-
tern, inter-model differences in this region remain relatively small.

5 Discussion

Accurate long term global precipitation simulations are vital for 
assessing climate impacts and formulating adaptation strategies Vicente-
Serrano et al. (2022). Many studies provided insights into the perfor-
mance of GCMs in simulating precipitation. Raghavan et al. (2018) 

reported the agreement of NEX-GDDP-CMIP6 with the observation over 
the historical period. Many studies focused in evaluating climate model 
(Singh et al., 2019; Taghavinia et al., 2023; Wu et al., 2020). However, these 
studies rarely identified single model with the best overall performance 
(Moradian et al., 2024). This is possibly due to the need for a comprehen-
sive exploration of in situ observational data and region characteristic 
(Jain et al., 2019). There is also a need to adopt other methods to improve 
statistical performance (Wu et al., 2023). The reduction of uncertainty in 
the models is another important aspect, but the process can produce dif-
ferent results (Zhang et al., 2024).

Compared to previous research, this study provides new insight 
into NEX-GDDP-CMIP6 model assessments across Indonesia. This 
trend was confirmed by identifying the top five performing models: 
ACCESS-CM2, CMCC-ESM2, TaiESM1, MRI-ESM2-0, and CESM2-
WACCM. ACCESS-CM2 showed statistical strength of high CC, 
lower error and near ideal NSTD as presented in Figure 6. This model 
also shows superior spatial representation over western and northern 
part of Indonesia as well as wet expansion in SON as depicted in 
Figure 8. ACCESS-CM2 had also been identified as the top 5 ranked 
model in similar studies conducted in Iran utilizing CMIP6 by Zabihi 
and Ahmadi (2024) and Ireland utilizing NEX-GDDP-CMIP6 by 

FIGURE 7

Performance scores and ranking of 35 NEX-GDDP-CMIP6 models and the multi-model mean ensemble (ENSMEAN). Temporal-based and spatial-
based normalized performance scores are shown in green and orange, respectively. The composite performance score (yellow) represents the 
unweighted sum of normalized spatio-temporal metrics, where higher values indicate better overall model performance. (a) Rank for temporal aspect. 
(b) Rank for spatial aspect. (c) Final rank of combined spatio-temporal aspect.
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FIGURE 8

Spatial distribution plot of seasonal mean monthly precipitation measured at DJF, MAM, JJA, and SON to represent the MSWEP reference plot, the top-
performing model ACCESS-CM2, and ENSMEAN model consecutively.

FIGURE 9

The monthly mean precipitation with the climatic patterns of Jakarta (monsoonal type), Pontianak (equatorial type), and Sorong (local type). The order 
of models in the legend corresponds to the rank while the red dashed line represents the reference dataset.
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Moradian et al. (2024). ACCESS-CM2 demonstrate comparable spa-
tial distribution with the observation over land (Figure 8) as reported 
by Bi et al., 2020. In Figure 7, CMCC-ESM2 exhibits strong spatio-
temporal accuracy, consistent with its relatively low bias over 
Southeast Asia compared with other tropical regions in CMIP6 simu-
lations (Lovato et al., 2022). As demonstrated in Figure 7, the TaiESM1 
has the strongest spatial accuracy, this finding is related with the 
model’s effectiveness in simulating monsoon-driven patterns (Wang 
et al., 2021). The statistical results shows that ACCESS-CM2 has the 
best temporal accuracy and the lowest error score as depicted in 
Figure 7. This aligns with finding by Gupta et al. (2025), that this 
model emerges as the top-ranked model overall in precipitation simu-
lation. CESM2-WACCM indicated stronger temporal performance 
than spatial simulation in Figures 6, 7. The model also showed skill in 
simulating precipitation, with slight overestimation during JJA 
(Figure 9). Notably, CESM2-WACCM demonstrates superior ability 
to capture spatial precipitation trends over Uganda during SON com-
pared with other CMIP6 models (Ngoma et al., 2021).

ENSMEAN in Figure 3 shows slight underestimation during the 
rainy season but exhibits strong performance during the dry season. 
The similar trend is identified in Taylor diagram (Figure 4), as 
reported also by Berhanu et al. (2025). The seasonal performance of 
ENSMEAN is reflected by its high CC of 0.8, a standard deviation 
close to 1, and the lowest error during the DJF wet season (Figure 5). 
ENSMEAN did not deviate significantly from the reference dataset 
and showed low bias during SON which marked the onset of pre-
monsoon in Figure 3. The model also showed consistent skill in rep-
resenting spatial patterns during dry season of MAM and 
JJA. ENSMEAN achieved better spatial performance as presented in 
Figure 6. It ranked seventh when the temporal and spatial dimensions 
were combined as depicted in Figure 7. In Figure 9, the models cap-
tured Indonesia three climatic regions, demonstrating added value of 
multi-model evaluation in enhancing confidence as well as reducing 
GCM uncertainty.

NEX-GDDP-CMIP6 performance over Indonesia Maritime 
Continent is related with how well the parent models resolve the region’s 
climate engine mechanics or air-sea coupling (Zhang et al., 2023). A sys-
tematic bias remains where most models show underestimation in wet 
season of February (Figure 3). Suggests model’s difficulties in simulating 
complex interaction between El Niño—Southern Oscillation (ENSO) and 
local orography over the maritime continent (Supari et al., 2018). Most 
models, including MSWEP reanalysis, struggle to accurately demonstrate 
precipitation during wet season in Figure 3. Whereas, during dry season, 
most models tend to overestimate the precipitation. These biases may 
drive by interactions between monsoons and local factors, such as orog-
raphy and land-sea contrast, still challenge sub-grid parameterizations 
(Peatman et al., 2014). The proposed ranking method demonstrates it’s 
ability to simulate precipitation across Indonesia’s humid tropical mon-
soon region. This approach has also been successfully applied to semi-arid 
and arid regions, such as Morocco and Iran (Ayt Ougougdal et al., 2024; 
Zabihi and Ahmadi, 2024). This reinforces that model accuracy is highly 
region- dependent, although certain models exhibit consistent behavior 
across all climatic zones.

This study provided a benchmark for refining global and regional 
climate models through systematic assessment. The results serve as a ref-
erence for future CMIP6-based precipitation studies in tropical and 
monsoon-dominated regions. While this study provides valuable insights 
into the performance of NEX-GDDP-CMIP6 models across Indonesia, 
several limitations were identified. Firstly, although the current model’s 

evaluation utilizes historical monthly climatology for model selections, it 
is important to clarify that these findings are intended to support climate 
projections. Secondly, since the evaluation is based on mean monthly cli-
matology, it does not account for interannual variability or extreme events 
simulations such as heavy precipitation or prolonged drought. 
Consequently, future study should incorporate annual and seasonal time-
series metrics along with the standard extreme precipitation indices. Such 
addition will provide a more robust GCM’s evaluation and better frame 
their application for Indonesia’s climate regimes.

6 Conclusion

This study identified the five top-performing NEX-GDDP-CMIP6 
models in simulating monthly mean precipitation across Indonesia. 
Model performance was evaluated against observation using metrics of 
CC, NSTD, RMSD and MB. Taylor diagram utilized to visualized model 
accuracy. By applying Min-Max normalization and the Summation of 
Rank method, this study compared individual models along with 
ENSMEAN across spatio-temporal scales using equal weighting.

In this study, no single model consistently outperformed the 
others across all evaluation criteria. Consequently, the proposed 
method was applied to enable a uniform and comprehensive evalua-
tion. Statistical results indicate that ACCESS-CM2, CMCC-ESM2, 
and MRI-ESM2-0 provides the highest performance in simulating 
annual precipitation over temporal dimension. While TaiESM1, 
KIOST-ESM and CMCC-ESM2 exhibited better skill in seasonal pre-
cipitation across the spatial dimension. Overall, the five top-ranked 
models for simulating monthly climatological precipitation were iden-
tified as ACCESS-CM2, CMCC-ESM2, TaiESM1, MRI-ESM2-0, and 
CESM2-WACCM. Furthermore, ENSMEAN exhibited strong spatial 
agreement with MSWEP across Indonesia. Collectively, these models 
able to reproduce the three distinct climatic regions of Indonesia. This 
finding highlights the critical role of multi-model ensembles in miti-
gating individual GCM uncertainties and enhancing the reliability of 
regional climate projections. This study is particularly beneficial for 
climate impact assessments and water resource planning in tropical 
and monsoon-dominated regions.

Despite its benefits, debates continue regarding the selection of 
validation metrics for evaluating GCMs. Therefore, continued explo-
ration is necessary to better align specific validation metrics with the 
intended purpose of the GCM’s ranking. The existing GCM’s has dif-
ficulties in accurately simulating precipitation dynamics due to cli-
mate engine over Indonesia Maritime Continent. These results should 
encourage further research into developing suitable models for the 
region, particularly in capturing extreme precipitation events. This 
information is vital for sectors such as water resources, ecosystems, 
and agriculture as well as decision-making and climate change mitiga-
tion strategies. Moreover, future research should incorporate climate 
scenarios using future datasets. Projection accuracy needs to be 
assessed for extreme precipitation events as well as other key climate 
parameters. Given the limited spatial coverage of surface observations 
in Indonesia, there is a significant opportunity to adopt blended satel-
lite and in-situ dataset for improved representations.

A key limitation of this evaluation, which focuses on long-term 
monthly climatology, is that it does not directly assess the model’s skill in 
simulating interannual variability (year-to-year fluctuations) or extreme 
events (such as heavy precipitation or prolonged drought).
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