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Abstract

The ability of 42 global climate models from the Coupled Model

Intercomparison Project Phase 6 (CMIP6), consisting of 20 low resolution

(LR) and 22 medium resolution (MR), are evaluated for their performance in

simulating mean and extreme precipitation over Indonesia. Compared to Cli-

mate Hazards Group InfraRed Precipitation with Station data (CHIRPS), the

model climatologies and interannual variability are investigated individually

and as multimodel ensemble means (MME-mean) at monthly and seasonal

time scales for the historical simulation over the period 1988–2014. Overall,
results show that both LR and MR CMIP6 model skills in simulating mean

and extreme precipitation indices vary across specific Indonesian regions and

seasons. The individual and MME-mean tend to overestimate the observed cli-

matology, being largest over drier regions, yet MR models perform better com-

pared to the LR regarding the mean bias presumably due to increased

resolution. CMIP6 models tend to simulate extreme precipitation better in the

dry seasons compared to the wet season. The MME-means of the LR and MR

groups mostly outperform the individual models of each group in simulating

wet extremes (R95p and Rx5d) but not for the dry extremes (CDD). Among the

42 CMIP6 models, three models consistently perform poorly in simulating

Rx5d and R95p, namely FGOALS-g3, IPSL-CM6A-LR, and IPSL-CM6A-LR-

INCA, and one model in consecutive dry day (CDD) simulation, MPI-ESM-

1-2-HAM, and caution is warranted. Given the knowledge of such biases, the

LR and MR CMIP6 climate models can be suitably applied to assist policy

makers in their decision on climate change adaptation and mitigation action.
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1 | INTRODUCTION

Anthropogenic climate change is postulated to change
the frequency, intensity and pattern of precipitation
events globally (Trenberth, 2008; Willems and
Vrac, 2011; Guo and Wang, 2016). Understanding such
change is crucial as it ultimately influences the environ-
ment, including human life, in almost all sectors, both
currently and in the future (Sarojini et al., 2016; Sun et
al., 2016). Indeed, previous studies have shown that
extreme precipitation has already increased in many
regions, including Indonesia, in recent decades and such
conditions are likely to continue in the 21st century
based on IPCC reports (Easterling et al., 2017; Supari
et al., 2017; IPCC, 2021). Intensifying extreme precipita-
tion is not only projected for wet extremes, but also for
dry extremes, which also bring about significant prob-
lems to many sectors of society, particularly in develop-
ing countries such as Indonesia (Siswanto et al., 2017;
Supari et al., 2020; Tangang et al., 2020). It has emerged
that it is imperative to have a better interpretation and
degree of certainty in climate model projections regard-
ing such extremes. Therefore, here a key question on the
performance of the most recent climate models in simu-
lating Indonesian extreme precipitation during the his-
torical period is addressed. Understanding the
characteristics of the climate models, both positive and
negative, will help policy makers in terms of decisions on
appropriate climate adaptation and mitigation action
necessary for better future national development.

Many global climate models (GCMs) developed to per-
form climate simulations have been produced by the vari-
ous institutions worldwide for contributing to the
Intergovernmental Panel on Climate Change (IPCC)
Assessment Reports (Das et al., 2012; Stouffer et al., 2017).
Most recently, the Coupled Model Intercomparison Project
Phase 6 (CMIP6) has released several coordinated climate
model simulations to support the IPCC 6th Assessment
Report (AR6) (Hausfather, 2020). This is a continued effort
in developing such CMIP experiments as part of the long-
term program of the World Climate Research Programme
Working Group of Coupled Modelling (WCRP-WGCM) to
further our understanding on the Earth system (Taylor
et al., 2012). The objective of CMIP is to provide a frame-
work for common experiment protocols and forcing, and
subsequently making available various simulations to the
climate community to increase understanding on many
climate processes. Beside the improvement of various cli-
mate processes that have been incorporated in each gener-
ation of climate models, significant enhancement in
computational power allows GCMs to be more complexly
constructed and provide information at higher spatial and
temporal resolutions (Eyring, 2015; O'Neill et al., 2016).

Such finer resolution will be more useful particularly
when investigating regional climate impacts for small
countries, islands, and the Maritime Continent including
Indonesia.

A key component of each CMIP phase is adequate eval-
uation of the model simulations at global, regional, and
local spatial scales. Sillmann et al. (2013), who investigated
the performance of CMIP5 by comparing it with CMIP3
over the globe, concluded that CMIP5 models simulated rel-
evant climate extreme indices better, including their respec-
tive trend patterns. More recently, some studies have
evaluated climate extreme indices performance between
CMIP6 and CMIP5 at a global and regional scale (Chen
et al., 2020; Kim et al., 2020; Dong and Dong, 2021). When
compared to observations, they found that both the wet and
dry bias of CMIP6 precipitation extremes is smaller than
CMIP5. Ge et al. (2021), using a 15-model ensemble, further
found that CMIP6 models have considerably less error in
representing some climate extreme indices over Southeast
Asia. However, several studies stipulate that climate models
generally tend to overestimate (and underestimate)
observed precipitation over the Tropics and Maritime Conti-
nent during different seasons (Gouda et al., 2018; Demory
et al., 2020; Yazdandoost et al., 2021). This is in line with
early studies that showed the overestimation and underesti-
mation also occurred over smaller regions of the Maritime
Continent, including three distinct Indonesian climatic
regions, due to the complex topography (Pan et al., 2001;
Aldrian et al., 2003; Waseem Ashiq et al., 2010).

Despite their shortcomings, output of CMIP models
have been widely used for studies on anthropogenic cli-
mate change impacts at the global and regional scale
(Poan et al., 2016; Tangang et al., 2018; Fan et al., 2020;
Supari et al., 2020). However, one key shortcoming of pre-
vious CMIP models relevant to regional-scale evaluation
was noted to be due to their low horizontal resolution
(Giorgi et al., 2009). Either downscaling and/or bias cor-
rection methods need to be developed and applied before
undertaking climate change impact studies for higher spa-
tial scale purposes (Aldrian et al., 2004; Christensen
et al., 2007; Giorgi et al., 2009). To date, many studies have
investigated climate simulation representativeness at the
regional level. Tangang et al. (2020) described that using
CMIP5 models, GCMs cannot simulate the finer detail of
the precipitation distribution over Southeast Asia. Further,
high precipitation over the Kalimantan, Java, and Sumatra
islands of Indonesia during the wet season
(i.e., December–February [DJF]), a time when increased
hydro-meteorological disasters over the area occur, were
not able to be simulated by the low-resolution GCMs, but
represented well in Regional Climate Models (RCMs)
incorporating finer horizontal resolution simulated in the
Coordinated Regional Climate Downscaling Experiment–
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Southeast Asia (CORDEX-SEA) (Tangang et al., 2018;
Supari et al., 2020; Tangang et al., 2020). This highlights
the need to assess the most recent CMIP6 GCMs that
incorporate finer spatial resolution compared to previous
phases (Meehl et al., 2014; Eyring, 2015; Simpkins, 2017;
Hausfather, 2020).

Eyring (2015) note typical resolutions in CMIP3 of
250 and 150 km in CMIP5, whereas output from CMIP6
is provided at various nominal resolution options from
low to high resolution. Some studies have already
assessed the initial performance of the CMIP6 models.
Ajibola et al. (2020) evaluated the finer resolution of
CMIP6 models in improving the simulation of extreme
precipitation in West Africa and found vast improvement
in model ability to represent the precipitation pattern, yet
tend to underestimate the extreme precipitation. Precipi-
tation performance of climate models has been a
longstanding issue for the tropical region, however com-
paring CMIP6 models to the two previous phases (CMIP5
and CMIP3) over the tropical region does highlight some
improvement in representing the climate extreme indices
(Chen et al., 2020; Chen et al., 2021).

There are still limited studies investigating CMIP6
model performance, particularly with its finer horizontal
resolution, at the regional scale in the Tropics, in particulare
over Indonesia, with its three unique climatic regions. Here,
we assess the ability of the different CMIP6 models, based
on their resolution during the historical period, to represent
the mean and extreme precipitation over Indonesia, com-
pared to observations. A total of 42 CMIP6 models, with
20 and 22 models being deemed low and medium spatial
resolutions, respectively, are examined. The CMIP6 models
are investigated individually and as a multimodel ensemble
to ascertain which models better represent the observed cli-
mate extreme indices. Results are presented for seasonal
time scales and region annual cycles. The paper is orga-
nized as follows: data and methods are presented in sec-
tion 2, results are presented in section 3, and a summary
and discussions are presented in section 4.

2 | DATA AND METHODS

2.1 | Study area

This study focuses on evaluation of CMIP6 precipitation
performance over Indonesia, situated in the southern por-
tion of the Maritime Continent in the Southeast Asian
tropical region. The country spans 95�–141�E longitude
and 6�N–9�S latitude and generally has abundant annual
precipitation yet varies from the driest regions of around
500 mm to more than 3,000 mm in the wettest regions
(BMKG, 2021). This highlights that the spatial distribution

of precipitation over Indonesia is not uniform, with
Indonesia classified as having three different climatic
regions based on the monthly precipitation distribution
(Figure S1, Supporting Information) (Eguchi, 1983; Aldrian
and Dwi Susanto, 2003). Region-A, known as the mon-
soonal region, exhibiting peak mean precipitation during
the wet season of December–February (DJF) and a dry sea-
son of June–August (JJA), spans most of southern
Indonesia. Region-B, known as the equatorial
semimonsoonal region, has two peaks in the mean precipi-
tation annual cycle, spans more over western and northern
parts of the country. Lastly, Region-C is referred to as an
antimonsoonal region due to the opposite pattern in mean
annual precipitation compared to Region-A, with the wet
season occurring during JJA. The area that defines these
three distinct climatic regions over Indonesia in this study
follows the previous study of Kurniadi et al. (2021).

2.2 | Observed data

The Climate Hazards Group InfraRed Precipitation with
Station data (CHIRPS) dataset is employed here as the ref-
erence observations. The 0.05� high-resolution satellite
imagery and in situ observation station data are combined
by the United States Geological Survey-Earth Resources
Observation and Science and (USGS-EROS) and Climate
Hazards Centre (CHC) UC Santa Barbara to produce land-
only gridded precipitation. It covers the region 50�S–50�N
for the period 1981–2019 and was acquired at a 0.25� spa-
tial resolution. Overall, CHIRPS has both higher spatial
and temporal coverage compared to other available gridded
precipitation data that cover the Indonesian region and
outperforms in representing daily, monthly, and seasonal
time periods (e.g., Rauniyar et al., 2017; Yosef and
Raldi, 2017; Liu et al., 2020). CHIRPS adequately represents
wet and dry conditions, therefore deemed appropriate for
the present study where wet and dry extreme precipitation
is examined (Funk et al., 2015; Setiawan et al., 2017).

Given the large spatial resolution difference between
CHIRPS and the CMIP6 models, the Global Precipitation
Climatology Centre (GPCC) full data daily product, at a 1�

spatial resolution, was used as another observational refer-
ence dataset for comparison over the historical period of
1988–2014 (Schneider et al., 2008). The GPCC dataset,
established in 1989, incorporates national meteorological
and hydrological services, regional and global data collec-
tions, including World Meteorological Organization
(WMO) Global Telecommunication System (GTS) data,
and has been used in many studies as a reference previ-
ously to analyse GCM performance in simulating extreme
precipitation globally, including Indonesia (e.g., Ajibola
et al., 2020; Tangang et al., 2020; Yazdandoost et al., 2021).
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2.3 | CMIP6 data

Available CMIP6 models from various climates modelling
group were acquired through the Earth System Grid Fed-
eration (ESGF) portal (https://esgf-index1.ceda.ac.uk/
projects/esgf-ceda/). Overall, 42 CMIP6 historical simula-
tions of daily precipitation were obtained. To assess spatial
resolution dependency, 20 and 22 models are classified as
low (LR) and medium (MR) spatial resolutions, respec-
tively, when they were noted to have 250 and 100 km
nominal resolutions (Tables S1 and S2). More detail on
the algorithms for defining the nominal resolution attri-
bute of the CMIP6 models can be found in the Nominal
Resolution 0.1 documentation (https://pcmdi.github.io/
nominal_resolution/html/summary.html) and CMIP6
Forcing Datasets Summary v.6.2.41 (https://docs.google.
com/document/d/1pU9IiJvPJwRvIgVaSDdJ4O0Jeorv_
2ekEtted34K9cA/edit#). We only consider the first realiza-
tion of each CMIP6 model for the historical time period
between 1988 and 2014.

2.4 | Regridding

This study incorporates high, medium, and low spatial
resolution from the observations and model simulations
that were regrid onto a common spatial resolution of the
GPCC 1� grid before calculating precipitation indices. In
order to reproject the models to the same spatial resolu-
tion we applied the first order of conservative regridding
method as suggested by National Centre for Atmospheric
Research (NCAR) Climate Data Guide (CDG), widely
employed by previous studies (NCAR, 2014; Diaconescu
et al., 2015; Fan et al., 2020; Nikulin et al., 2012). NCAR
(2014) recommended using the first order of conservative
remapping method rather than bilinear or bi-cubical
methods which uses nearest-neighbour grid point rela-
tionships. This is because the conservative remapping
method considers all the input grid points and weights
each input grid based on the overlap area between the
input and output grid boxes (Jones, 1998; NCAR, 2014).
Subsequently, the input grid precipitation field is multi-
plied by those weights to regrid the dataset while con-
serving the precipitation amount. This method seems
appropriate for the Indonesia region consisting of numer-
ous small islands over the Equator.

2.5 | Climate extreme indices

This study focuses on climate extremes as defined by
the Expert Team on Climate Change Detection and
Indices (ETCCDI) (Zhang et al., 2011). The ETCCDI

indices are relatively easy to understand their changes
as it either represents extreme event frequency, inten-
sity, or duration over a given time period (Kharin
et al., 2013; Kim et al., 2020). The extreme indices
selected in this study are maximum consecutive 5-day
precipitation (Rx5d), total precipitation from days above
95 percentile (R95p), and maximum number of consec-
utive dry days (CDD), for the Indonesian region and its
three climatic subregions, as well as the mean precipita-
tion (Rmean). Overall, the chosen indices assess both
wet and dry extreme characteristics over Indonesia in
term of frequency, intensity, and duration (i.e., Aldrian
et al., 2007; Setiawan et al., 2017; Supari et al., 2017;
Lestari et al., 2019; Kurniadi et al., 2021). Rx5d, a fre-
quency and intensity index of extreme precipitation, is
selected as most hazardous disasters tend to coincide
with such consecutive meteorological events, such as
accumulated precipitation totals responsible for flooding
and/or landslides due to soil saturation (Debortoli
et al., 2017). However, the very wet days (R95p), an
intensity index of extreme precipitation, is selected as
short-term rainfall events are also capable of triggering
floods or landslides, hence this index likely indicates
the most extreme precipitation events in the year (Frich
et al., 2002; Debortoli et al., 2017; Sugiartha
et al., 2017). The selected drought condition is CDD,
which is related to meteorological drought, and indi-
rectly represents the effect of accumulating precipitation
deficits, is vital for soil moisture and hydrological
droughts (Supari et al., 2020; IPCC, 2018; Frich
et al., 2002; Zhang et al., 2012). Overall, these extreme
indices are helpful to health, agriculture and food secu-
rity, water resource, risk disaster reduction, forestry,
and construction sectors (Climpact, 2021; Marengo
et al., 2021). The indices are examined for monthly and
seasonal scales.

To assess the performance of the LR and MR
models in the mean and extreme precipitation, the bias
of individual models and the multimodel ensemble
(MME) mean is calculated with respect to the CHIRPS
observational reference. The bias calculation is applied
for the climatology and interannual variability. The cli-
matology is based on the 1988–2014 available dataset,
and spatial variability is the average standard deviation
from each of the individual models during the 27 years.
Similar climatology and variability calculations are also
performed at monthly time scales to evaluate the
annual cycle pattern of the four indices. Lastly, the
country (region) average at monthly time scale is also
calculated. The statistical significance of biases has been
calculated using a 2-tailed t test with the 95% signifi-
cance level of biases indicated in the maps as cross
hatching.
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Taylor diagrams are also employed to evaluate the
spatial pattern and variability of the extreme indices as
simulated by the individual models within the low and
medium resolution groups. The advantage of a Taylor
diagram is that it can accommodate numerous models
and provides two dimensional graphical frameworks
with three statistics. The three statistics reported in this
study are the correlation coefficient (CC), centred root-
mean-square difference (CRMSD), and spatial standard
deviation (SSD), between the models' pattern and the
observations reference. The reference dataset, CHIRPS,
and CMIP6 models input to the Taylor diagram are
assessed at the 1� spatial resolution.

3 | RESULTS

3.1 | Precipitation climatology and
variability

3.1.1 | Rmean

The seasonal mean and interannual variability of
Indonesian mean precipitation are assessed for CMIP6
GCMs. Figure 1a shows the observed climatological spa-
tial distribution of seasonal mean precipitation (Rmean)
during 1988–2014. The difference between the observa-
tions and the LR and MR MME-means are shown in
Figure 1b,c, respectively. To ease interpretation, blue
(red) represents wetter (drier) conditions in the climatol-
ogy and in the model differences. Area averages are also
shown in the top right corner of each map of the LR and
MR MME-mean's differences.

In general, the climatology of Indonesian seasonal in
the observations (Figure 1a) reveals abundant precipita-
tion during the rainy season (DJF), between 7 and
12 mm�day−1 over most parts of Indonesia, except for the
northern region of Sulawesi and Papua. The dry season
occurs during JJA, with precipitation between 1 and
7 mm�day−1, except for the northern part of Kalimantan,
eastern Sulawesi, and northern Papua where high precip-
itation still occurs. The driest areas of the country are
northern Sulawesi and several small islands in the Bali
and Nusa Tenggara region, with limited precipitation
year-round, except DJF. From the climatological pattern,
it is evident that topography plays a role in shaping
Rmean, with highest precipitation tending to occur in
mountainous areas (Qian et al., 2013; As-syakur
et al., 2014; Supari et al., 2017; Kurniadi et al., 2021).

On average, the LR and MR CMIP6 models simulate
the mean precipitation pattern in Indonesia well. It is evi-
dent that individual models either overestimate and
underestimate Rmean (Figures S2 and S3). Here, the

assessment uses CHIRPS as the reference due to CHIRPS
better performance described in section 2.2; however, the
spatial distribution of the precipitation indices from the
two (CHIRPS and GPCC) observations is similar
(Figures S4–S7). However, distinct biases are apparent in
some areas (Figure 1b,c). During the rainy season (DJF),
large overestimations of Rmean are found over northeast-
ern parts of the country, where it is somewhat dry during
DJF. Smaller overestimations can be found during MAM
in the eastern part of Nusa Tenggara, where it is some-
what drier compared to the wider region. During the dry
season (JJA), overestimation in relatively dry areas
becomes more dominant, spanning the majority of the
country, except for Papua. During SON, overestimations
can be found over northern Sulawesi to Papua, with
underestimations over southern regions of the country.
The overestimation in the models throughout Indonesia
follows similar overestimations in CMIP6 for the broader
tropical region (Fiedler et al., 2020). However, smaller
mean bias over Indonesia is found in the MR models
compared to the LR models during all seasons, indicating
the influence of higher resolution (e.g., Duffy et al., 2003;
Wiel et al., 2016; Chandrasa and Montenegro, 2020; Tan-
gang et al., 2020). For example, during the wet season
(DJF) the MR MME-mean bias is 0.47 mm, less than half
of the low MME-mean bias of 1.25 mm with the range
bias of 0–8 mm. This indicates better performance in
CMIP6 models over previous phases, a slightly better bias
range from regional climate simulations using CORDEX-
SEA downscaled CMIP5 models (i.e., Tangang
et al., 2020). The Rmean bias of each individual LR and
MR model is presented in Figures S2 and S3, respectively.

Figure 1d–f shows the interannual variability of the
seasonal mean precipitation, estimated using standard
deviation (SD) of the observations, and the LR and MR
MME-mean difference from the observations. The
observed seasonal patterns in Rmean SD mostly resemble
the Rmean climatological distribution (Figure 1a) with
spatial correlation range from 0.4 to 0.77 in all seasons.
That is, regions with larger (smaller) precipitation also
experience larger (smaller) variability throughout the
year. The seasonal bias pattern of the variability for LR
and MR MME-mean (Figure 1e,f) are similar to the
observed seasonal pattern (Figure 1d) with distinct
behaviour. Both MME-mean variability patterns tend to
represent higher (lower) variability of the smaller (larger)
observed variability, as indicated by negative spatial cor-
relations (Table S3). In addition, the seasonal bias pat-
terns of the variability for the LR and MR MME-mean
are also similar to the LR and MR MME-mean climato-
logical bias patterns (Figure 1b,c) with strong spatial cor-
relation (Table S4), whereby greater (smaller) variability
occurs in areas with a larger (smaller) difference in the
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FIGURE 1 Spatial distribution of the climatology and interannual variability of seasonal mean precipitation (Rmean) during 1988–2014
from (a, d) CHIRPS observations, and differences between (b, e) low resolution (LR) models and CHIRPS, and (c, f) medium resolution

(MR) models and CHIRPS. Area average values of the difference maps are shown in the top right corner. Cross hatches show the 95%

significance level of biases [Colour figure can be viewed at wileyonlinelibrary.com]
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models as indicated in the intermodel relationships
(Figure S8). Consequently, this can be interpreted
whereby the drier (wetter) regions are simulated with

larger (smaller) variability in the models. On average, the
mean SD of the MR MME-mean are more consistent with
observations compared to the LR MME-mean during the

FIGURE 2 The same as Figure 1, but for Rx5d [Colour figure can be viewed at wileyonlinelibrary.com]
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FIGURE 3 The same as Figure 1 but for R95p [Colour figure can be viewed at wileyonlinelibrary.com]
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wet (DJF) and dry seasons (JJA), but slightly larger dur-
ing the two transition seasons (MAM and SON). The
interannual SD of the seasonal Rmean over Indonesia is
smaller than its mean bias (Figure 1b,c) for CMIP6
models, consistent with that shown for the broader tropi-
cal region (Fiedler et al., 2020). For example, during DJF
the mean bias for low (medium) model is 1.25 (0.47) mm
but the mean SD bias is smaller of 0.49 (0.37) mm.

3.1.2 | Rx5d and R95p

The observed seasonal climatology of Rx5d (Figure 2a)
and R95p (Figure 3a) are consistent with the observed
Rmean climatological pattern (Figure 1a). During the
rainy season (DJF) values of Rx5d (R95p) greater than
110 mm (150 mm) occur across most of the country,
except northern parts of Sulawesi and Papua, and during
the dry season (JJA) values greater than 90 mm (130 mm)
are only observed in northern Kalimantan and Papua. The
Rx5d (Figure 2b,c) and R95p (Figure 3b,c) seasonal mean
bias of the LR and MR MME-mean resemble the seasonal
bias of the Rmean pattern (Figure 1b,c) with an over-
estimation over the drier regions of the country. For exam-
ple, during the rainy season (DJF) northern Sulawesi and
Papua are observed to be the driest areas for both Rx5d
and R95p, so such areas have a larger overestimation in
the LR and MR MME. In the dry season (JJA) the driest
region lies in the eastern part of Java to Nusa Tenggara,
and the LR and MR MME also exhibit largest over-
estimation. This is consistent with previous studies that
show CMIP models tend to overestimate precipitation
occurrence in the Tropics (Zhang et al., 2010; Fiedler
et al., 2020; Kim et al., 2020). The mean bias patterns of
LR and MR MME-means over Indonesia show that the
MR MME-mean tends to be smaller. For example, during
the rainy season (DJF), LR and MR MME-mean area-
averaged variability for Rx5d (R95p) is 35.59 (62.71) mm
and 28.01 (52.74) mm, respectively (Figures 2b,c and 3b,c).
For the dry season (JJA), the average difference of LR and
MR MME-mean areas for Rx5d (R95p) is 5.13 (8.67) mm
and 0.26 (1.6) mm, respectively. Overall, the country-scale
average mean bias of the MR MME-mean climatology for
Rx5d and R95p is about 10 mm less than that for the LR
MME-mean. The individual LR and MR model results for
the mean bias of Rx5d are provided in Figures S5 and S6,
respectively, and R95p in Figures S7 and S8, respectively.

The LR and MR MME-mean interannual variability
of the Rx5d (Figure 2e,f) and R95p (Figure 3e,f) are simi-
lar to the observed variability and the climatological bias
patterns with strong spatial correlation (Tables S3 and
S4). There is greater (smaller) variability in areas with a
larger (smaller) difference in the models within drier

(wetter) regions. For the Rx5d (Figure 2e,f), the mean
seasonal bias of the MR MME-mean interannual variabil-
ity vary larger compared to the LR MME-mean in all sea-
sons. For the R95p, the MME-mean variability bias of the
seasonal R95p is similar to the mean-bias of the Rmean
difference where MR MME-mean is smaller than LR dur-
ing wet and dry seasons (Figure 3e,f).

3.1.3 | Consecutive dry day

Figure 4 shows the seasonal climatology pattern of CDD
for observations (Figure 4a) and the MME-mean bias of
the two model groups (Figure 4b,c). As an indicator of
extreme dry conditions, the maps show a consistent sea-
sonal cycle with Rmean whereby lower Rmean areas coin-
cide with longer CDD. During the wet season (DJF),
values are mostly less than 4 days over most of the coun-
try, except the northern Sumatera and Sulawesi regions,
and during the dry season (JJA) values exceeding 10 days
are detected over southern parts of the country. The mean
seasonal bias associated with CDD of the LR and MR
MME-mean show a similar pattern to each other. During
the wet season (DJF) the models tend to overestimate
CDD over the majority of Indonesia, except northern Kali-
mantan and northern Sulawesi. The area-averaged over-
estimation of CDD for LR models is 1.29 days and more
than double that of the MR model bias of 0.29 days. Dur-
ing the dry season (JJA), both the LR and MR models tend
to overestimate in the region with longer CDD, such as
eastern Java, Nusa Tenggara, and Papua, but also when
the smallest area-averaged bias occurs for both the LR and
MR models, being 0.91 and 1 days, respectively. This over-
estimation of CDD highlights that even though CMIP6 on
average tends to represent shorter CDDs over tropical
regions, as expected, some regions have opposite patterns
in the bias such as shown here for Indonesia (Huang
et al., 2013; Fiedler et al., 2020; Kim et al., 2020). There is
also an obvious oppositely signed bias between the wet
and dry seasons, and the models tend to overestimate
CDD in the wetter regions during the wet season (DJF)
and overestimate CDD in the drier regions during the dry
season (JJA). The individual LR and MR model results for
the mean bias of CDD are presented in Figures S9 and
S10, respectively.

Figure 4d–f show the interannual variability of the
seasonal mean CDD for observations in number of days
(Figure 4d) and the bias of the LR and MR MME-mean
CDD variability (Figure 4e,f). The observed seasonal
CDD variability pattern is similar to the observed CDD
climatological pattern in Figure 4a with very strong spa-
tial correlation range between 0.82 and 0.9 for all the sea-
sons. This indicates that there is greater (less) variability
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FIGURE 4 The same as Figure 1 but for CDD. Colour bars are reversed in the model bias maps compared to wet extremes [Colour

figure can be viewed at wileyonlinelibrary.com]

in areas with a larger (smaller) number of CDD through-
out the year. The LR and MR MME-mean SD variability
follows the observed climatology SD and are also similar

to the LR and MR MME-mean climatological bias pat-
terns in Figure 4b,c. Simply, this means that there is
greater (smaller) SD variability in areas where CDD is
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overestimated (underestimated) as indicated in strong
spatial correlation above 0.7 in all seasons (Table S4).
The area-averaged SD variability of the MR and LR
MME-mean is not consistent across the seasons. The
country mean seasonal bias of the MR MME-mean vari-
ability is smaller in DJF yet larger in the remaining sea-
sons, with differences between MR and LR MME-means
ranging by 0.1–0.7 days.

3.2 | Precipitation annual cycle

Figures 5–8 present the mean and variability annual
cycle of the four precipitation indices (Rmean, Rx5d,
R95p, and CDD) from the two observational datasets,

CHIRPS (blue lines) and GPCC (red lines), and the 20 LR
models and 22 MR models over Indonesia (top row), and
the three climatic subregions (three lower rows). To illus-
trate the details of the model simulations, solid and
dashed black lines represent the LR and MR MME-
means, respectively, and the grey and brown shaded
areas represent the spread (maximum and minimum
values) across the individual LR and MR resolution
models, respectively.

3.2.1 | Rmean

For the Indonesian region, the Rmean annual cycle
shows good agreement between the two observations and

FIGURE 5 The annual cycle of (a) Rmean and (b) Rmean variability from CHIRPS (blue line), GPCC (red line), 20 low-resolution

(LR) models, and 22 medium-resolution (MR) models, across Indonesia and three climatic regions. Solid and dashed black lines represents

the LR and MR MME-means, respectively, and the grey and brown shaded areas, respectively, represent the spread of the individual LR and

MR resolution models [Colour figure can be viewed at wileyonlinelibrary.com]
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the MME-mean simulations (Figure 5a, top row). Both
observation datasets show a clear peak during
November–December and a trough in July–September,
with a smaller peak in March–April. The LR and MR
MME-mean simulate the Rmean annual cycle exception-
ally well at the country scale, following the observed wet
period during November–April and a dry period between
May–October. The clear overestimation of both LR and
MR MME-mean Rmean precipitation is evident, with LR
MME-mean overestimates larger than the MR MME-
mean. The spread across the LR models (grey shaded
area) also shows a larger wet bias across models than a
dry bias. Although the dry bias of the MR models tends
to be slightly larger than that of the LR models in June–
December, in general the LR models tend to simulate
Rmean with larger uncertainty than the MR model
throughout the year.

Climate models have different simulation capabili-
ties throughout the Tropics; therefore, this study also
evaluated the performance of the CMIP6 models in
more details to assess their ability in simulating the
three unique climatic regions within Indonesia (Huang
et al., 2013; Fiedler et al., 2020; Kim et al., 2020).
Region-A (Figure 5a, second row) is the monsoon
region (Figure S1), and well represented by all CMIP6
models; however, the LR MME-mean tends to over-
estimate Rmean in January–October and underestimate
in October–December. The MR MME-mean Rmean
tends to be in closer agreement with the observations,
especially in January–March, but again overestimates
(underestimates) in March–October (October–
December). The shaded area shows that a wet bias is
more dominant than a dry bias throughout the year for
both the LR and MR models, and LR models tend to

FIGURE 6 The same as Figure 5 but for Rx5d [Colour figure can be viewed at wileyonlinelibrary.com]
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have greater variability in simulating Rmean compared
to the MR models.

Region-B (Figure 5a, third row), an equatorial
semimonsoon region having two peaks throughout the
year (Figure S1), is also well represented by the LR and
MR models, with peaks in March–May and November–
December and a trough in June–August. The LR
(MR) MME-mean simulates Rmean best in November–
April (September–December), overestimates in April–
November (April–September), and only MR MME-mean
underestimates are found in January–April. Wet biases
are prominent throughout the year in the LR and MR
models yet the LR model simulates mean precipitation
with greater uncertainty than the MR model.

Region-C (Figure 5a, bottom row), an antimonsoon cli-
mate region (Figure S1) was failed to be simulated by the

LR and MR MME-mean as the Rmean signals are in con-
trast to the observations. The LR and MR models tend to
simulate a larger wet bias than a dry bias, although with
the MR models showing smaller interseasonal variability in
simulating Region-C Rmean compared to the LR models.

The annual cycle of Rmean SD over Indonesia,
Region-A and Region-B (Figure 5b) show a good agree-
ment between the two observations and MME-mean sim-
ulations during the year. However, the model SD is in
contrast with the observations in Region-C (Figure 5b,
last row). The spread across LR and MR individual
models show a larger variability simulation tendency
during the year but no consistency which one is more
dominant. For example the MR models tend to simulate
larger SD in the first half of the year but the LR models
simulate larger in the second half of the year.

FIGURE 7 The same as Figure 5 but for R95p [Colour figure can be viewed at wileyonlinelibrary.com]
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3.2.2 | Rx5d

The mean annual cycle of Rx5d averaged over
Indonesia (Figure 6a, top row) shows a general good
agreement between the observations and the models,
yet CHIRPS values are found to be less than GPCC
during certain months. Both observations show peaks
over November–January and March–May, and a
trough during June–August, all simulated by both LR
and MR MME-means. The LR MME-mean overesti-
mates Rx5d throughout the year similar to the MR
MME-mean except in June–August when the MR
MME-mean underestimates extreme precipitation. The
shaded areas show that the LR and MR models simu-
late a larger wet bias than dry bias throughout the
year, indicating more extreme precipitation events. In
general, the MR models have less spread compared to
the LR models.

The Rx5d pattern in Region-A (Figure 6a, second
row) is simulated very well by the models with peaks in
November–January and troughs during June–August.
The LR MME-mean overestimates the CHIRPS reference
throughout the year whereas the MR MME-mean overes-
timates during January–July, and similar to the reference
between July and December. The wet bias of the LR and
MR models is more dominant than the dry bias, and MR
models show less spread across the individual models
compared to the LR models. Similarly, both model
groups realistically simulate Rx5d when averaged over
Region-B (Figure 6a, third row). The LR and MR MME-
mean simulate the two peaks in November–December
and March–May, with the trough in June–August. Com-
pared to the CHIRPS reference both LR and MR models
tend to overestimate Rx5d throughout the year but are
comparable to the GPCC. The wet bias is more dominant
than dry bias in both the LR and MR models, while again

FIGURE 8 The same as Figure 5 but for CDD [Colour figure can be viewed at wileyonlinelibrary.com]
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the spread of the LR models is larger than that of the MR
models. The Rx5d over Region-C annual cycle (Figure 6a,
last row) is simulated poorly by the LR and MR models.
The majority of models simulate maximum Rx5d during
December–May, the minimum in Rx5d for the observa-
tions. The model's minimum values occur in June–
August, contrary to the observations when maximum
Rx5d occurs. In addition to not realistically simulating
the Rx5d annual cycle, the LR and MR models simulate
very large values in Rx5d (�200 mm), with the LR
models also showing larger spread than the MR models.

The annual cycle of Rx5d SD show a good agreement
between the observations and models, with obvious over-
estimation from the MME-models compare to the refer-
ence and closer to the GPCC for Indonesia, Region-A,
and Region-B (Figure 6b). However, the observed SD is
simulated in contrast pattern by the models in Region-C
(Figure 6b, last row). The shaded areas show larger vari-
ability are simulated by LR and MR models with no clear
which model is more dominant in representing larger or
smaller variability.

3.2.3 | R95p

LR and MR models show good agreement with GPCC in
representing the annual cycle of R95p at the Indonesian
scale, yet CHIRPS is found to have lower values in R95p
(Figure 7a, top row). The observed R95p patterns both
show a peak between November–March and trough in
July–September. The LR and MR MME-mean also simu-
late R95p peaks during November–January and trough
in June–September, yet due to the difference in the
observations, both LR and MR MME-mean overestimate
the CHIRPS reference year-round but are somewhat
consistent with GPCC. In addition, LR and MR models
simulate very large wet biases in most months. However,
slightly different to that of Rmean and Rx5d where the
maximum values in the variability of the LR model
group were consistently larger than the MR model, here
the MR models show a larger spread in R95p during
March–May.

The R95p annual cycle in Region-A (Figure 7a, sec-
ond row) of the observations is overall similar to that for
Rmean. The LR and MR MME-mean represent the
annual cycle of the extreme precipitation very well, with
a maximum value between November and March and a
minimum value during July–September, yet both tend to
overestimate compared to the CHIRPS reference. Similar
to the country scale, in Region-A the LR models tend to
have a larger spread, most prominent during MAM.
Despite the consistent difference between the observed
datasets, R95p simulations in Region-B (Figure 7a, third

row) from the LR and MR models show similar annual
cycles. The two MME-mean patterns simulate the two
peaks during October–December and March–May with a
trough in June–August. Both LR and MR MME-means
overestimate R95p compared to CHIRPS, with the LR
MME-mean having the largest overestimation. In addi-
tion, the wet bias is more dominant than the dry bias in
both LR and MR models, with the LR model spread com-
monly greater than the MR model, except during March–
May. The R95p simulations in Region-C (Figure 7a, bot-
tom row) show an opposite pattern from the observed
annual cycle. The models simulate the peak in
December–March, the minimum in the observation, and
the models simulate the trough in June–September, the
peak in the observations. More so, the spread in the MR
models is larger than the LR models, except during June–
October.

The annual cycle of R95p SD show a good agreement
between the observations and models for Indonesia,
Region-A, and Region-B (Figure 7b) but not for Region-C
(Figure 7b, last row). Both LR and MR models tend to
simulate larger variability (shaded areas), with LR
models tending to reproduce larger variability in the first
half of the year over Indonesia and particularly
Region-A. The MR models tend to represent larger vari-
ability throughout the year over Region-B and Region-C.

3.2.4 | Consecutive dry day

As an indicator of dry condition duration, CDD averaged
over the Indonesian region shows an annual cycle that
is understandably opposite to the previous three precipi-
tation indices (Figure 8, top row). Overall, the two obser-
vations and all individual CMIP6 models, together with
the MME-means show a similar annual cycle. The
CHIRPS reference and GPCC at the country scale
slightly differ during June–November whereby the CDDs
for GPCC are up to 4 days longer. The LR and MR
MME-mean from January represent the CHIRPS refer-
ence realistically up to April, then a 1 month delay in
the increasing number of larger CDD values occurs, after
which the CDD increases in June rather than May as
seen in the CHIRPS reference. Delays are also found in
the peak of the LR and MR MME-mean, which occurs
in September, 1 month later than the observations in
August. The tendency to simulate larger values in CDD
(dry bias) of the LR and MR models remains larger than
any wet bias throughout the year, and the LR models
show larger spread in simulating CDD compared to the
MR models.

The annual cycle of CDD in Region-A (Figure 8a,
second row), similar to the country scale, also displays
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an opposite pattern to that of Rmean, Rx5d, and R95p.
The CHIRPS reference shows that the peak of CDD
occurs in Jul-Sep, the trough for the other three precipi-
tation indices. Both the LR and MR MME-mean simu-
late the observed pattern realistically, yet overestimate
from July onwards, and a peak in September, 1 month
later than observations. The peak of LR (MR) MME-
mean is larger, being 17.9 (16.7) days compared to the
reference peak of 12.1 days. The CDD simulations of the
individual CMIP6 models show greater spread in the LR
models than MR models and the spread is very large
during the peak CDD months, almost 5 times the
CHIRPS reference values. Both model groups tend to
simulate a more dry bias than wet bias.

The CDD pattern over Region-B (Figure 8a, third
row) shows the opposite pattern to Rmean. The observa-
tions show two minima in CDD, during April and
October–December, which are peaks in the other precip-
itation indices. The LR and MR MME-mean simulate
the two peaks, but in January–March and July–
September however the number of days is relatively low.
For example, the first MME-mean peak in January–
March overestimates the CHIRPS reference by only
2 days, and the second peak in July–September is simi-
lar, but delayed by 1 month compared to the observed
peak. The LR and MR models tend to simulate more
CDDs (i.e., drier bias) with the LR models showing
greater spread in simulating CDD during October–
February, yet the MR model spread is larger between
February–October.

Interestingly, the CDD annual cycle for Region-C
(Figure 8a, bottom row) differs from the other three pre-
cipitation indices (Rmean, Rx5d, and R95p), whereby
large disagreement between the models and observations
occurs for Region-C. Here, the models simulate CDD
well, and the LR and MR MME-mean are similar and in
good agreement with the reference throughout the year,
except for a slight underestimation in May and over-
estimation in October. The two MME-means peak in
July–October in agreement with the CHIRPS reference.
Overall, LR and MR models tend to simulate a drier bias,
with the spread in the MR models larger than that of the
LR model during May–September.

The annual cycle of CDD SD show a good agreement
between the observations and models, with obvious over-
estimation from the MME-models compare to the refer-
ence in the second half of the year for Indonesia,
Region-A, and Region-B, and Region-C (Figure 8b). The
shaded areas show larger variability are simulated by LR
and MR models with LR models tend to represent larger
variability in the beginning and end of the year while MR
models in the middle of the year.

3.3 | Individual model seasonal
evaluation

Figure 9 presents a seasonal statistical summary, with the
three statistics of SSD, CRMSD, and CC, for the four pre-
cipitation indices Rmean, Rx5d, R95p, and CDD, across
Indonesia for the two groups of CMIP6 models evaluated.
Here, the reference is CHIRPS and the secondary obser-
vation is GPCC, represented by the green square and star,
respectively. Individual models for the LR and MR
groups are denoted as light blue and red symbols, respec-
tively. The bold blue and red symbols indicate the MME-
mean for the LR and MR models, respectively.

The wet season (DJF) shows the weakest performance
among the seasons for the CMIP6 models in simulating
the three indices (Rmean, Rx5d, and R95p) spatial pat-
terns, as evidenced by the fact that the majority of both
LR and MR models have an insignificant CC (<0.17).
However, the MR MME-mean shows a slightly better per-
formance compared to the LR MME-mean. For instance,
the CC for the MR MME-mean compared to the LR
MME-mean shows a higher agreement for Rmean
(0.12/0.04), Rx5d (0.07/0), and R95p (0.33/0.21). The SSD
for the MR MME-mean is also smaller than LR MME-
mean for Rmean (1.65/2.22), Rx5d (14.67/19.46), and
R95p (38.06/41.27). The last statistic, CRMSD, for the MR
MME-mean is also smaller compared to LR MME-mean
for Rmean (2.54/3.03), Rx5d (27.58/31.84), and R95p
(43.65/49.51). The best performance in simulating the
three wet precipitation indices across the seasons occurs
in the dry season (JJA) (Figure 9a–c). This is indicated by
the CC values for MR MME-mean which are higher com-
pared to the LR MME-mean of Rmean (0.76/0.66), Rx5d
(0.63/0.48), and R95p (0.59/0.42). The SSD for MR MME-
mean compared to LR MME-mean also show smaller
variability for Rmean (2.25/2.40), Rx5d (23.81/26.05), yet
larger for R95p (45.1/43.36) mm�day−1. The CRMSD for
MR MME-mean also indicates smaller variability than
LR MME-mean for Rmean (2.06/2.39), Rx5d
(34.16/38.87), and R95p (58.18/66.36) mm.

Although the MR MME-mean outperforms the LR
MME-mean, both MME-means are superior in simulat-
ing the three precipitation indices compared to the indi-
vidual models during most seasons. The Taylor diagrams
for these three precipitation indices also show there are
three individual models consistently simulating the pre-
cipitation indices poorly. The three models are LR models
namely FGOALS-g3, IPSL-CM6A-LR, and IPSL-CM6A-
LR-INCA. This is consistent with previous studies that
found these models largely overestimated mean precipita-
tion in Indonesia (Boucher et al., 2020; Li et al., 2020; Ge
et al., 2021).
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Interestingly, the seasonal Taylor diagrams for CDD
show a different simulation performance compared to
the three precipitation indices year-round. Although the
CMIP6 performance in simulating CDD during the wet
season (DJF) is still the least realistic, the CC indicates a
much better performance compared to the three precipi-
tation indices, and most are above the critical value. Sim-
ilar to the three precipitation indices, the CDD
simulation is better during the dry season (JJA), but the
CDD appears to be simulated best during SON. For
example, the CC of the LR (MR) MME-mean is 0.91 (0.9)
during SON, whereas it is 0.79 (0.84) in JJA. The LR and
MR MME-mean simulations of CDD is not always supe-
rior to their individual model groups as some individual
models lie closer to the reference compared to the MMEs.
In addition, only one model, MPI-ESM-1-2-HAM, which
was defined as the second worst ranking in terms of pre-
cipitation simulation over Southeast Asia (Iqbal
et al., 2021), consistently simulated CDD poorly during
all seasons.

4 | SUMMARY AND DISCUSSIONS

This study assessed the performance of 20 LR and 22 MR
CMIP6 models historical simulations of the mean and
extreme precipitation (Rx5d, R95p, and CDD) over
Indonesia. The model performance was compared to two
observation datasets, CHIRPS and GPCC, yet most analy-
sis used CHIRPS as the observed reference. The individ-
ual models and the MME-mean simulations of the
precipitation indices were compared to the observed at
both monthly and seasonal scales across all of Indonesia,
and its three climate subregions. Overall, model bias was
assessed for the climatology and interannual variability.
The simulated spatial pattern and variability of the
extreme indices evaluated using Taylor diagram.

Overall, the MME-mean of the CMIP6 model repre-
sents Indonesia's climatology of both average and
extreme rainfall but performance varies across individual
model. The 42 individual models and MME-mean tend to
overestimate the observed extremes year-round with

FIGURE 9 Taylor diagrams showing three statistics of standard deviation (SD), centred root-mean-square difference (CRMSD), and

correlation coefficient (CC) for the four precipitation indices (a) Rmean, (b) Rx5d, (c) R95p, and (d) CDD during the four seasons across

Indonesia from CHIRPS, GPCC, the low-resolution (LR) and medium-resolution (MR) CMIP6 models, and the multi model ensemble mean

of the LR and MR models. The reference in this study is CHIRPS. Individual models for LR and MR models are denoted as light blue crosses

and red symbols, and bold blue red symbols indicating the MME-mean for LR and MR, respectively [Colour figure can be viewed at

wileyonlinelibrary.com]
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larger overestimation over dry regions. The higher spatial
resolution in CMIP6 lead the MR models show better
performance compared to the LR models in representing
the extremes with smaller mean bias. However, the bias
in the SD was inconsistent for different seasons and pre-
cipitation indices. The CMIP6 models simulate the
extreme precipitation better during dry season (JJA), and
in SON for CDD. The lowest performance for all the
extremes occurs during the wet season (DJF). In addition,
the MME-mean of the LR and MR models tend to out-
perform the individual models in simulating the precipi-
tation extremes, but not for CDD where some individual
models performed better. Among the 42 CMIP6 models,
three models consistently performed poorly for Rmean,
Rx5d, and R95p simulations, namely FGOALS, IPSL-
CM6A-LR, and IPSL-CM6A-LR-INCA. One model that
consistently simulated CDD poorly was MPI-ESM-
1-2-HAM. Given such biases, the LR and MR CMIP6
models could both be utilized with these caveats for
future climate change projections and risk assessment in
related sectors to support policymakers in better future
national development strategies.

The larger overestimation tendency throughout dry
regions from the models could result from models ten-
ding to produce more “drizzle” (Pendergrass and
Hartmann, 2014; Sun et al., 2014). The CMIP6 GCMs still
produce a wetter frequency than observed, though
slightly better than its previous phase's performances
(Fiedler et al., 2020). The drizzle impact on model simu-
lations over dry regions could also be more prominent
than wet regions. For example, a small absolute value of
precipitation (e.g., 2 mm�month−1) could translate to a
100% difference over the dry region (e.g., 1 mm�month−1

precipitation), but may only be a small percentage differ-
ence over wet regions (e.g., 100 mm�month−1

precipitation).
Regarding the climatology and interannual variability

results, the models tend to consistently overestimate wet
indices over northern Sulawesi, northern Papua, and
eastern Bali Nusa Tenggara (e.g., Li et al., 2020; Ayugi
et al., 2021; Chen et al., 2021). This could be due to the
fact that all CMIP phases, including CMIP6, tend to pro-
duce an excessive cold tongue by simulating colder equa-
torial SST over the Pacific Ocean, which generates
warmer SST over Indonesia due to the Walker circulation
response, consequently driving higher precipitation over
Indonesia (Zhang et al., 2011; Flato et al., 2013; Ying
et al., 2018; Fiedler et al., 2020). Consistent overestima-
tions may also be impacted by the Indonesian
Throughflow (ITF) that circulates warm water from the
Pacific to the Indian Ocean through the seas around
those islands (Aldrian and Dwi Susanto, 2003;
Gordon, 2005; Feng et al., 2018). The combination of

these two mechanisms is likely to cause precipitation for
some regions to be overestimated by the CMIP6 models
year-round. These systematic biases were detected in the
previous CMIP5 model simulations (Tangang et al., 2020)
and remain in CMIP6. More so, this provides the justifi-
cation of the need for further studies on the SST and ITF
impacts on the precipitation over these Indonesian
regions.

Somewhat different to the wet extreme indices, the
extreme dry (CDD) overestimation is inconsistent with
previous findings of CMIP6 model tendency to simulate
shorter CDD over the Tropics (Huang et al., 2013; Fiedler
et al., 2020; Kim et al., 2020; Moon and Ha, 2020). How-
ever, results shown here indicate that even though the
CDD averaged over the Tropics may be shorter in CMIP6
models, specific regions in the Tropics, such as
Indonesia, have an oppositely signed bias. This finding
encourages further studies for the evaluation of the dry
conditions over local or regional tropical regions in the
climate model simulations.

The CDD overestimation in Indonesia shown here
has an obvious seasonal cycle to the bias, whereby the
overestimation tends to be simulated over wetter regions
during the wet season (DJF) but over drier regions during
the dry season (JJA). This may indicate that models simu-
late lower frequency with larger intensity of precipitation
over the country. Conversely, it may also support previ-
ous studies that show CMIP models tend to produce
more frequent light precipitation compared to observa-
tions, as the calculation of CDD ignores drizzle events
(i.e., <1 mm�day−1) (Pendergrass and Hartmann, 2014;
Sun et al., 2014; Fiedler et al., 2020).

Assessments of the annual cycles in the precipitation
indices show that in addition to broader country scale
features, the CMIP6 models can represent the annual
cycle of the extremes very well in two of the three cli-
matic regions of Indonesia, namely Region-A and
Region-B but not Region-C. Precipitation in Region-C is
more locally influenced by the circulation of warm
water from the Pacific to the Indian Ocean, known as
Indonesian Throughflow (ITF), which warms and cools
sea surface temperature (SST) over the local seas of
Region-C (Aldrian and Dwi Susanto, 2003;
Gordon, 2005; Feng et al., 2018). This may indicates
that this physical mechanism for driving precipitation
in this climatic region, associated with the ITF, is not
well represented in the CMIP6 models. In terms of peak
timing of the annual cycles, the peak of mean precipita-
tion model simulations show a systematic delay of
about 1–2 months, although the annual pattern is repre-
sented well. This delay may be related to the CMIP6
performance in simulating the SST annual cycle around
Indonesia (Moon and Ha, 2020). In addition to the peak
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shift of precipitation, the annual cycles also highlight
monsoonal behaviour changes (Wati et al., 2019). For
example, the monsoonal length and onset during the
rainy season on Rmean (Figure 9a, top row) which is
observed to be in DJF is simulated to start earlier and
finish later due to overestimation of the precipitation
indices (e.g., LR models). As the SST regional impacts
are not completely understood, further studies should
be carried out to better understand the SST impact on
historical and future monsoonal behaviour (Dong and
Dong, 2021; Izumo et al., 2020; Roxy, 2014; Wei
et al., 2019; Ueda, 2005; Jiang and Li, 2021).

Besides the similar annual cycle patterns, the assess-
ment of the precipitation indices indicates that the two
observations, CHIRPS and GPCC, somewhat differ in the
mean and variability annual cycles. Even though the
Rmean annual cycle of CHIRPS is close to GPCC
(Figure 5a), CHIRPS tends to simulate lower climatology
and variability values for the other extreme indices. This
is in agreement with previous studies that show satellite-
gauge merged products tend to underestimate precipita-
tion over complex topography regions like Indonesia,
where precipitation is also driven by orography and spa-
tiotemporal variability (Satgé et al., 2017; Sun et al., 2018;
Dinku et al., 2010; Derin and Yilmaz, 2014). The slight
underestimation of precipitation from CHIRPS, com-
pared to GPCC, could be one factor that results in its var-
iability to be lower. Other factors may include the limited
density and uneven distribution of in situ observational
stations in complex topography areas of Indonesia that
could result in GPCC, the gauge-based precipitation data,
to have a higher variability than CHIRPS.
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