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Abstract

The performance of the Meteorological Research Institute-Atmospheric General

Circulation model version 3.2 (MRI-AGCM3.2) in simulating precipitation is compared

with that of global atmospheric models registered to the sixth phase of the Coupled Model

Intercomparison Project (CMIP6). The Atmospheric Model Intercomparison Project

(AMIP) experiments simulated by 36 Atmospheric General Circulation Model (AGCM)s

and the High Resolution Model Intercomparison Project (HighResMIP) highresSST-

present experiments simulated by 23 AGCMs were analyzed. Simulations by MRI-

AGCM3.2S (20-km grid size) and MRI-AGCM3.2H (60-km grid size) are included as a

part of the HighResMIP highresSST-present experiments. MRI-AGCM3.2S has the

highest horizontal resolution of all 59 AGCMs. As for the global distribution of seasonal

and annual average precipitation, monthly precipitation over East Asia and the seasonal

march of rainy zone over Japan, MRI-AGCM3.2 models perform better than or equal to

CMIP6 AMIP AGCMs and HighResMIP AGCMs. HighResMIP AGCMs (average grid size

78 km) perform better than CMIP6 AMIP AGCMs (180 km) in simulating seasonal and

annual precipitation over the globe, and summer (June to August) precipitation over East

Asia. MRI-AGCM3.2 models perform better than or equal to CMIP6 AMIP AGCMs and

HighResMIP AGCMs in simulating extreme precipitation events over the globe.
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Correlation analysis between grid size and model performance using all 59 models

revealed that higher horizontal resolution models are better than lower resolution models

in simulating the global distribution of seasonal and annual precipitation and the global

distribution of intense precipitation, and the local distribution of summer precipitation over

East Asia.

(243 words, Limited to 300 words)

Keywords Precipitation; Global atmospheric model; High horizontal resolution model;

CMIP6
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1. Introduction

The performance to simulate present-day climatology by Atmospheric General Circulation

Models (AGCMs) is usually assessed by specifying the observed sea surface temperature

(SST) as a underlying boundary condition. This kind of simulation is called the Atmosphere

Model Intercomparison (AMIP) experiment. Lau et al. (1996), Lau and Yang (1996), Liang

et al. (2001), Kusunoki et al. (2001) and Kusunoki (2018a) analyzed AMIP experiments by

AGCMs and reported that simulated precipitation in summer is smaller than observations

over East Asia based. Also, Kang et al. (2002) and Kusunoki (2018a) indicated that most

AGCMs do not reproduce the northward marching of summertime rainy zone over East Asia.

However, Kusunoki et al. (2006), Kitoh and Kusunoki (2008) and Kusunoki (2018a)

revealed that AGCMs with higher horizontal resolution perform better than those with lower

horizontal resolution with respect to summer precipitation over East Asia. In the case of

simulating heavy rainfall events, Kusunoki et al. (2006), Randall et al. (2007) and Endo et

al. (2012) indicated the advantage of AGCMs with higher horizontal resolution over those

with lower horizontal resolution.

We have been developing a high horizontal resolution global atmospheric model called

the Meteorological Research Institute — Atmospheric General Circulation Model (MRI-

AGCM) since year 2002. In view of the advantages of higher horizontal resolution models

over lower ones in simulating precipitation over East Asia, a series of global warming
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projections such as Kusunoki et al. (2006, 2011), Kusunoki and Mizuta (2008, 2012, 2013),

Endo et al. (2012), Okada et al. (2017), Kusunoki (2017, 2018b, c), Chen et al. (2019), Lui

et al. (2019) and Kusunoki and Mizuta (2021) utilized the 20-km and 60-km grid spacing

versions of MRI-AGCM. The details of these studies are summarized in the Table 1 of

Kusunoki and Mizuta (2021).

Furthermore, future change in extreme precipitation events are projected by the 20-km

and 60-km grid versions of MRI-AGCM over the globe (Kamiguchi et al. 2006; Kitoh and

Endo 2016), over East Asia (Kitoh et al. 2009; Endo et al. 2012; Kusunoki 2018b; Lui et al.

2019) and over Japan in rainy season (Kusunoki et al. 2006; Kusunoki and Mizuta 2008).

Focusing the tropical region, future climate changes are projected with the 20-km and 60-

km grid versions of MRI-AGCM over Central America and the Caribbean region (Nakaegawa

et al. 2014a, b, c) and over Panama (Pinzén et al. 2017; Kusunoki et al. 2019). The impact

of future climate change over Panama are also investigated with the 20-km and 60-km grid

versions of MRI-AGCM for river discharge (Fabrega et al. 2013) and crop yield (Martinez et

al. 2020).

Kusunoki (2018a) compares the performance of the 20-km and 60-km grid versions of

MRI-AGCM with those of AGCMs participated in the fifth phase of the Coupled Model

Intercomparison Project (CMIP5; Taylor et al. 2012). The 20-km and 60-km grid versions of

MRI-AGCM performs better than CMIP5 AGCMs in simulating precipitation over East Asia
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(Kusunoki 2018a). As for the global distribution of precipitation, Kusunoki (2017) reported

that the 60-km grid version of MRI-AGCM performs better than CMIP5 AGCMs.

The ability of simulating global distribution of meteorological variables such as annual

average surface air temperature and annual precipitation by Atmosphere-Ocean General

Circulation Model (AOGCM)s participated in the sixth phase of the Coupled Model

Intercomparison Project (CMIPG6; Eyring et al. 2016) has improved compared to CMIP5

AOGCMs (Fig. TS.2c in Arias et al. 2021; Fig. 3.43 and FAQ 3.3 Figure 1 in Eyring et al.

2021). The horizontal resolution of atmospheric part of AOGCM registered for CMIPS is

about 170 km (Fig. 1.19a in Chen et al. 2021a), while that for CMIP6 is about 130 km (Fig.

1.19b in Chen et al. 2021a). Higher performance of CMIP6 AOGCMs compared to CMIP5

AOGCMs can be partly attributed to higher horizontal resolution of CMIP6 AOGCMs

(Section 1.5.3.1.1 in Chen et al. 2021a).

As for extreme precipitation event, CMIP5 AOGCMs perform better than CMIP3 AOGCMs

(Sillmann et al. 2013). Also, CMIP6 AOGCMs is better than CMIP5 AOGCMs in simulating

extreme precipitation over North America (Srivastava et al. 2020) and East Asia (Chen et al.

2021b). These improvements of model performance are partly attributed to the increase of

horizontal resolution of CMIP AOGCMs. However, higher horizontal resolution CMIP6

AOGCMs do not always perform better than lower horizontal resolution CMIP6 AOGCMs in

simulating extreme precipitation event over North America (Akinsanola et al. 2020).
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The High Resolution Model Intercomparison Project (HighResMIP) is designed to

investigate the dependence of horizontal resolution of models on the performance of

simulating climate (Haarsma et al. 2016). Dong and Dong (2021) revealed that precipitation

biases over Asia by CMIP6 AOGCMs and HighResMIP AOGCMs are smaller than those by

CMIP5 AOGCMs. Higher resolution HighResMIP AGCMs perform better than lower

resolution HighResMIP AGCMs in simulating global precipitation over land (Bador et al.

2020) and the seasonal march of rainy season and extreme precipitation event over

Malaysia (Liang et al. 2021). Since the impact studies of global warming often requires high

horizontal resolution precipitation as external forcing to, for example, river discharge model,

precipitation projected by HighResMIP AGCMs are utilized to evaluate future change of river

flow over Malaysia (Tan et al. 2021).

However, systematic and comprehensive comparison between the performance of

CMIP6 and HighResMIP AGCMs for global precipitation have not yet fully investigated. Also,

it is indispensable to evaluate the performance of the 20-km and 60-km grids versions of

MRI-AGCM in comparison with CMIP6 and HighResMIP AGCMs. Furthermore, it is

informative to evaluate how uncertainty in observations affects the variability of model

performance (Sperber et al. 2013; Bador et al. 2020b).

The purpose of this study is to examine whether HighResMIP AGCMs perform better than

CMIP6 AGCMs in simulating global distribution of precipitation. We also aim to investigate
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whether MRI-AGCMs perform better than CMIP6 and HighResMIP AGCMs in simulating the

global distribution of precipitation. Since MRI-AGCM has been developed to enhance higher

reproducibility of precipitation distribution and seasonal march of rainy season over East

Asia as well as the distribution and seasonality of global precipitation, we intend to compare

the performance of MRI-AGCMs with those of CMIP6 AGCMs and HighResMIP AGCMs in

simulating precipitation over East Asia. Moreover, we aim to evaluate how the performance

of AGCMs depends on horizonal resolution and region. Finally, we examine how the

uncertainty of verifying observation affects model performance.

2. Models and Experiments

2.1 The MRI-AGCM3.2 models

The MRI-AGCM version 3.2 (MRI-AGCM3.2) has been developed for climate simulations

with high horizontal resolution (Mizuta et al. 2012). In this study, we used the 20-km grid

spacing version MRI-AGCM3.2S (hereafter referred to as M20) and the 60-km grid spacing

version MRI-AGCM3.2H (M60). Both version consist of 60 vertical levels. The top level is

0.01 hPa equivalent to a altitude of about 80 km. We adopted the cumulus convection

scheme called the “YS scheme” (Yoshimura et al. 2015) which is developed based on the

method of Tiedtke (1989). M20 was used to investigate future precipitation changes in the

Asian region as to extreme precipitation events (Endo et al. 2012) and Japanese rainy
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season (Kusunoki et al. 2016; Kusunoki 2018b, c; Okada et al. 2017). In the case of the

tropics, Kusunoki et al. (2019) utilized M20 to project future precipitation changes over

Panama.

Because M20 requires enormous supercomputer resources, large ensemble simulations

is not easily feasible with M20. In contrast, the calculation speed by M60 is 5 times higher

than that of M20. Ensemble simulations with M60 enable us to evaluate the uncertainty of

future precipitation changes over Asian regions (Endo et al. 2012; Kusunoki and Mizuta

2013; Kusunoki 2018b, c; Kusunoki and Mizuta 2021), over the globe (Kusunoki 2017) and

in the tropics (Kusunoki et al. 2019). Moreover, M60 is used in the massive ensemble global

warming simulations of about 100 members called the Database for Policy Decision-Making

for Future Climate Change (d4PDF; Mizuta et al. 2017; Ishii and Mori 2020; Kusunoki and

Mizuta 2021).

2.2 The CMIP6 AMIP experiments

We used 36 global atmospheric models (Table 1) which participated in the CMIP6 AMIP

experiments coordinated for the sixth assessment report of Intergovermental Panel on

Climate Change (IPCC ARG; IPCC 2021). The AMIP simulation is one of the primary base

line experiments designated by the Diagnostic, Evaluation and Characterization of Klima

(DECK ; Eyring et al. 2016) framework. “klima” is Greek word for climate. We selected
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models that archived daily precipitation and used the Gregorian calendar. Nineteen models

used a realistic Gregorian calendar that included a leap year, but other 17 models did not

include a leap year. The grid spacing of models ranges from 56 to 313 km with the average

of 180 km (Table 1, the last column). Models are forced by observed sea surface

temperature (SST) and the sea ice concentration (SIC) of the Hadley Centre Sea Ice and

Sea Surface Temperature data set 2 (HadISST 2; Rayner et al. 2003). Time resolution is

monthly and horizontal resolution is 1 degree in longitude and latitude. The target period of

CMIP6 AMIP experiments is 36 years from 1979 to 2014, but in this study we evaluated

model performance for 20 years from year 1995 to 2014. Hereafter, we call the CMIP6 AMIP

experiments as CMIP6 experiments for short.

2.3 The HighResMIP experiments

We also used 23 higher horizontal resolution global atmospheric models (Table 2) which

participated in the High Resolution Model Intercomparison Project (HighResMIP ; Haarsma

et al. 2016) as a part of CMIP6 framework. We selected models that archived daily

precipitation and used the Gregorian calendar. Eighteen models used a realistic Gregorian

calendar that included a leap year, but other 5 models did not include a leap year. The grid

spacing of models ranges from 21 to 278 km with the average of 78 km (Table 2, the last

column). The average grid size of HighResMIP models (78km) is higher than that of CMIP6

10
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models (180km). The observational dataset of SST and SIC are almost the same as CMIP6

experiments, but higher time resolution of daily and higher horizontal resolution of 0.25

degree. The target period is 65 years from 1950 to 2014, but in this study we evaluated

model performance for 20 years from year 1995 to 2014. This experiment is named as

‘HighResMIP Tier 1 highresSST-present’ (Haarsma et al. 2016). The details of other external

forcing such as aerosol and ozone for CMIP6 experiments and HighResMIP Tier 1

highresSST-present experiments are summarized and compared in Table 1 of Haarsma et

al. (2016). Here after, we call ‘HighResMIP Tier 1 highresSST-present experiments’ as

HighResMIP experiments for short.

2.4 Experiments by MRI-AGCM3.2 models

According to the protocol of HighResMIP experiments, we have conducted one simulation

by M20 (simulation name SPD) and four simulations by M60 (simulation name HPD,

HPD_mO01, HPD_mO02, HPD_mO03) starting from four different atmospheric initial conditions.

The first character in simulation name indicates horizontal resolution of model (S; 20-km, H;

60-km). The second character 'P' denotes present-day or historical simulation. The third

character 'D' indicates the simulation code for HighResMIP. The SPD run is identical to
experiment by the MRI-AGCM3.2S (Table 2, No. 21, label u) and the HPD run is identical to

the experiment by MRI-AGCM3.2H (Table 2, No. 20, label t). In this study, we evaluated all

11
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the four simulations by M60 (HPD, HPD_mO01, HPD_m02, HPD_mO03).

3. Observational data of precipitation

Observational data of precipitation have difference and uncertainty especially for extreme

precipitation event (Alexander et al. 2019; Masunaga et al. 2019; Bador et al. 2020a).

Therefore, we used the multiple set of precipitation data to evaluate uncertainty of

observation, because model performance depends on the selection of observational data

(Sperber et al. 2013; Kusunoki and Arakawa 2015; Kusunoki 2018a; Bador et al. 2020b;

Srivastava et al. 2020; Akinsanola et al. 2020; Chen et al. 2021; Dong and Dong 2021).

3.1 The GPCP Version 3.2 Daily Precipitation Data Set (GPCPDAY)

We verified model performance against the Global Precipitation Climatology Project

(GPCP) Version 3.2 Daily Precipitation Data Set (GPCPDAY; Huffman et al. 2022). This data

cover the whole globe region and the time period for 20 years from 2001 to 2020. Horizontal

grid size is 0.5 degree in longitude and latitude corresponding to a longitudinal interval of

about 56 km at the equator (Table 3). The GPCPDAY is based on the Integrated Multi-

satellitE Retrievals for GPM (IMERG; Huffman et al. 2015) which combines information from

the Global Precipitation Measurement (GPM; Skofronick-dackson et al. 2017) satellite

constellation to estimate precipitation. Since the metrics of extreme precipitation events are

12
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derived from daily precipitation data, the GPCPDAY is the highest horizontal resolution

observational data to verify simulated extreme precipitation events over the whole globe

(90°S-90°N). However, the GPCPDAY do not cover the part of simulated target period by

models from 1995 to 2000. Pentad, monthly, seasonal and annual data are derived from

daily precipitation data. For the evaluation of model skills, all model data were two

dimensionally bi-linearly interpolated in longitude and latitude onto the 0.5-degree grid of the

GPCPDAY.

3.2 The GPCP 1ddvl.3 data

To evaluate the uncertainty of observation, we also used the One-Degree Daily data (1dd)

of GPCP v1.3 provided by Huffman et al. (2001) for 22 years from 1997 to 2018 (GPCP

1ddv1.3). Horizontal grid size is 1.0 degree in longitude and latitude corresponding to a

longitudinal interval of about 111 km at the equator (Table 3). This data also cover the whole

globe, but the data do not cover the part of simulated period by models from 1995 to 1996.

3.3. The TRMM data

Some of the CMIP6 models and most of the HighResMIP models have higher horizontal

resolution than the GPCPDAY (56 km). Thus, we also used higher horizontal resolution

precipitation data of daily mean dataset of the Tropical Rainfall Measuring Mission (TRMM)

13
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3B42 V7 (1998-2015, 18 years) and monthly mean dataset of the TRMM 3B43 V7 (1998-

2013, 16 years) provided by Huffman et al. (2007). The grid size is 0.25 degree which is

equal to a spacing of about 28 km at the equator. However, the TRMM data only cover 50°S-

50°N. Pentad data are derived from daily data of TRMM 3B42 V7, while monthly, seasonal

and annual data are derived from monthly data of TRMM 3B43 V7. Both the TRMM 3B42

and 3B43 data do not cover the whole period of target simulated period (1995-2014).

3.4 The APHRODITE data

Furthermore, we also used precipitation data of the Asian Precipitation Highly Resolved

Observational Data Integration Towards the Evaluation of Water Resources (APHRODITE)

V1901 MA (Monsoon Asia: 60.125-149.875°E, 14.875°S-54.875°N) compiled by Yatagai et

al. (2009, 2012). Since this dataset is based on rain gauge observation, data coverage is

limited to land only. The grid size is 0.25 degree which is equal to a spacing of about 28 km

at the equator. The period of APHRODITE data is 18 years from 1998 to 2015 which do not

cover the whole period of target simulated period (1995-2014).

Table 3 summarizes the characteristics of observational precipitation data to verify

simulated precipitation. Figure 1 compares horizontal resolution of CMIP6 models (Table 1),

HighResMIP models (Table 2) and MRI-AGCM3.2 (Table 2, No. 20, 21) with that of

observations (Table 3). Obviously, 1 degree resolution of the GPCP 1dd is too coarse to

14
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verify higher resolution models, although the GPCP 1dd covers the whole globe. The 0.25

degree resolution of the TRMM and the APHRODITE seem to be appropriate to verify higher

resolution models, but those dataset have limitations in regional coverage. Therefore,

models skill scores are calculated against the GPCPDAY data (0.50 degree).

4. Global precipitation

4.1 Geographical distribution

The global distributions of annal average precipitation (PAV, Table 4) are compared in Fig.

2. In the GPCPDAY observation (Fig. 2a), precipitation is large over the Indian Ocean, the

tropical area of the Pacific Ocean, the tropical area of the Atlantic Ocean and the Amazon.

Similar feature also appears in the GPCP 1dd observation (Figs. 2b). Precipitation by the

the TRMM observation (Fig. 2c) is larger than other observations (Figs. 2a, b) over the Indian

Ocean and the Maritime continent.

The multi-model ensemble (MME) average of CMIP6 models (Fig. 2d) generally well

reproduces observed distribution (Figs. 2a-c). Focusing on the Maritime continent, although

the CMIP6 MME average (Fig. 2d) overestimates GPCP observations (Figs. 2a-b), it is

comparable to the TRMM observation (Fig. 2c). The bias of the CMIP6 MME average (Fig.

2g) against the GPCPDAY (Fig. 2a) shows large positive (dark blue color) over the Maritime

continent and the South Pacific Convergence Zone (SPCZ). In the case of the best-

15
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306

performing CMIP6 model (Fig. 2e) selected by root mean square error (RMSE) of global

distribution against the GPCPDAY (Fig. 2a), positive bias (Fig. 2h) over the Maritime

continent and the SPCZ is smaller than those of the CMIP6 MME average (Fig. 2g). In

contrast, in the case of the worst-performing CMIP6 model (Fig. 2f), positive bias (Fig. 2i)

over the Maritime continent and the SPCZ is larger than those of the CMIP6 MME average

(Fig. 29).

HighResMIP models (Figs. 2j-I) also overestimate precipitation over the Maritime

continent and the SPCZ (Figs. 2m-o). Similar biases also appear in MRI-AGCM3.2H (HPD;

Figs. S1d, f) and MRI-AGCM3.2S (SPD; Figs. S1e, g). HPD shows larger precipitation

(green) over the Maritime continent than SPD, while HPD shows smaller precipitation

(purple) over the SPCZ than SPD (Fig. S1h).

4.2. Skill evaluation

In Fig. 3, the performances of CMIP6 and HighResMIP models for PAV are quantitatively

evaluated by objective skill measures against the GPCPDAY (green circle). The perfect

simulation coincides with the location of green circle. To evaluate the uncertainty of

observation, the GPCP 1dd (green square) is also plotted. Figure 3a shows the bias and

RMSE of simulations. Crosses (X) show individual models. In terms of bias (horizontal axis

in Fig. 3a), the precipitation amount of the GPCP 1dd (green square) tends to be smaller

16
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than the GPCPDAY (green circle), but difference among observation is smaller than the

spread of models (crosses). In the case of linear skill measures such as bias (horizontal axis

in Fig. 3a), the MME average (circle) is identical to the average of skill scores of all models

(AVM; square). Since RMSE (vertical axis in Fig. 3a) is a nonlinear skill measure, the MME

average (circle) differs from the AVM (square).

All CMIP6 models (Fig. 3a, black crosses) show positive bias mainly due to the

overestimation of precipitation over the Maritime continent and the SPCZ (Figs. 2g-i). In

terms of RMSE (vertical axis in Fig. 3a), the error of the MME average of CMIP6 models

(black circle) is almost smaller than those of all individual CMIP6 modes (black crosses).

This advantage of MME average over individual models is consistent with previous studies

such as Lambert and Boer (2001), Gleckler et al. (2008), Reichler and Kim (2008), Kusunoki

and Arakawa (2015), Kusunoki (2018a) and Akinsanola et al. (2020).

All HighResMIP models (Fig. 3a, blue crosses) also show positive bias mainly due to the

overestimation of precipitation over the Maritime continent and the SPCZ (Figs. 2m-0). In

Fig. 3a, the AVM of CMIP6 models (black square) is almost overlapped with the AVM of

HighResMIP models (blue square), indicating that the AVM of the HighResMIP models is

comparable to that of CMIP6 models in terms of bias and RMSE. This suggests that

increasing horizontal resolution is not effective to reduce bias and RMSE for global

distribution of PAV. The RMSE (vertical axis in Fig. 3a) of SPD (red cross) and HPDs (purple

17
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crosses) are relatively smaller than or equal to those of CMIP6 models (black crosses) and

HighResMIP models (blue crosses). The dependence of performance on horizontal

resolution of model is precisely investigated in the later section 6.

Figure 3b is the Taylor diagram (Taylor 2001) which demonstrates spatial correlation

coefficient (SCC) between observation and model simulations as well as spatial variability.

The distance from the origin point means the standard deviation of simulated spatial

distribution normalized by the ratio to the observed standard deviation. The radial distance

of one means perfect simulation of spatial variability in magnitude. The angle from the y-axis

implies SCC. The perfect simulation coincides with the location of green circle. Figure 3b

indicates that the performance of HighResMIP models are almost comparable to that of

CMIP6 models in terms of individual models (crosses), MME average (circles) and AVM

(squares). SCCs of SPD (red cross) and HPD (purple crosses) are relatively larger than

those of CMIP6 models (black crosses) and HighResMIP models (blue crosses).

In the both panel of Fig. 3a and 3b, the positions of HPD (purple crosses) are nearer to

the verifying observation (green circle) than that of SPD (red cross), indicating that lower

resolution model perform better than higher resolution model in the case of MRI-AGCM3.2.

Similar results is obtained for summer precipitation and heavy rainfall event over East Asia

in the study using the 20-km, 60-km, 180-km grid size versions of the MRI-AGCM3.2

(Kusunoki 2018a). Higher horizontal resolution models do not always perform better than

18
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lower resolution model. Same issue is already indicated by previous studies on the Indian

Monsoon rainfall simulated by AGCMs of 1990’s (Sperber and Palmer 1996), on extreme

precipitation over North America simulated by CMIP6 AOGCMs (Akinsanola et al. 2020) and

on global extreme precipitation over land simulated by HighResMIP AGCMs (Bador et al.

2020b).

It is by no means easy to identify the reason why M60 performs better than M20. One

possibility is that the horizontal resolution (56 km) of the GPCPDAY still do not capture the

small scale structure of precipitation represented in M20 and give rise to ostensible bias.

We will discuss this issue later in the section 7 using higher horizontal resolution observation.

Another possibility is that the only one simulation of M20 underestimates the estimated

range of M20’s skill.

4.3 Seasonality

Model performance to simulate the global distribution of seasonal mean precipitation are

further investigated. The biases of CMIP6 models (black) and HighResMIP models (blue)

are generally larger in summer (June-August) than other seasons and annual mean (Fig.

S2). The biases of SPD (red line) and HPD (purple line) are relatively larger than those of

CMIP6 individual models (black short lines) and HighResMIP individual models (blue short

lines) for all four seasons and annual mean (Fig. S2).
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The RMSEs of models are generally larger in summer than other seasons and annual

mean in terms of AVM (black and blue long thick lines), but the AVM of HighResMIP models

(blue long thick line) is smaller than that of CMIP6 models (black long thick line) in summer

(Fig. S3). The RMSEs of SPD (red line) and HPD (purple line) are smaller than or equal to

those of CMIP6 individual models (black short lines) and HighResMIP individual models

(blue short lines) for all four seasons and annual mean (Fig. S3).

In the case of SCC, performances of models are almost similar for all four season and

annual mean (Fig. S4). The AVM of HighResMIP models (blue long thick line) is larger than

that of CMIP6 models (black long thick line) for all four seasons and annual mean (Fig. S4),

This suggests the advantage of higher horizontal resolution models over lower resolution

models in simulating global distribution of seasonal and annual precipitation. The SCCs of

SPD (red line) and HPD (purple line) are larger than most of CMIP6 individual models (black

short lines) and most of HighResMIP individual models (blue short lines) for all four seasons

and annual mean (Fig. S4).

Although the biases of M20 and M60 models tend to be slightly larger than those of CMIP6

and HighResMIP models (Fig. S2), the advantage of M20 and M60 models over other

models is evident in the case of RMSE (Fig, S3) and SCC (Fig. S4) for global distribution of

seasonal and annual precipitation. This indicates the advantage of very high horizontal

resolution models over lower resolution models in simulating seasonal averaged global
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scale precipitation.

4.4. Extreme precipitation events

Table 4 shows the definition of extreme precipitation indices used for verification based

on Frich et al. (2002). The maximum 5-day precipitation (R5d) is often used to define heavy

precipitation events leading to water related disaster such as inundation and landslide. The

maximum 1-day precipitation (R1d) is widely used to define the most extreme precipitation

events happening once a year. On the other hand, consecutive dry days (CDD) is an index

estimating the possibility of dry condition and drought. PAV is also included in Table 4 for

comparison.

Figure 4 compares the SCC of global distribution of extreme precipitation simulated by

CMIP6 models, HighResMIP models and MRI-AGCM models. As for PAV, the AVM of

HighResMIP models (blue long thick line) is slightly larger than that of the CMIP6 models

(black long thick line). The SCC of MRI-AGCM models (red and purple lines) are larger than

most of CMIP6 models (black short line) and most of HighResMIP models (blue short line).

As for R5d, the SCC of models are generally smaller than that of PAV. The AVM of

HighResMIP models (blue long thick line) is slightly larger than that of the CMIP6 models

(black long thick line). The SCC of MRI-AGCM models are comparable to or larger than that

of CMIP6 models and HighResMIP models.
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In the case of R1d, the SCC of models are generally smaller than that of PAV and R5d,

suggesting the difficulty to simulate highly heavy rainfall. The AVM of HighResMIP models

(blue long thick line) is larger than that of the CMIP6 models (black long thick line). The SCC

of MRI-AGCM models are comparable to or larger than that of CMIP6 models and

HighResMIP models.

As for CDD, The AVM of HighResMIP models (blue long thick line) is slightly larger than

that of the CMIP6 models (black long thick line). The SCC of MRI-AGCM models (red and

purple lines) are larger than most of CMIP6 models (black short line) and most of

HighResMIP models (blue short line) .

In summary, the AVM of HighResMIP models (blue long thick line) is larger than that of

the CMIP6 models (black long thick line) for all four precipitation extreme indices. This

suggests the advantage of higher horizontal resolution model over lower resolution model

in simulating global scale precipitation extreme events. MRI-AGCM models (red and purple

lines) perform better than most of other individual models (black and blue short lines) for

PAV, R5d and CDD. This indicates the advantage of very high horizontal resolution models

(MRI-AGCM3.2) over lower resolution models in simulating global scale precipitation

extreme events.

5. Precipitation over East Asia
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MRI-AGCM models has been developed to simulate properly all sorts of meteorological

present-day climatology especially over East Asia which is characterized by large

precipitation and distinctive rainy season. We have conducted many downscaling studies

using MRI-AGCM models as outer boundary conditions of regional climate models over East

Asia (Kitoh et al. 2009; Mizuta et al. 2017; Ishii and Mori 2020; Nosaka et al. 2020). Therefore,

it is indispensable to validate the ability of MRI-AGCM to simulate precipitation climatology

over East Asia.

5.1 Geographical distribution

The rainy season over Japan (the Baiu) starts in the middle of May and terminates in the

end of July. Figure 5 compares observed precipitations with simulated precipitations in June.

In the GPCPDAY observation (Fig. 5a), precipitation is larger over the Taiwan island, the

southern part of China, the East China Sea and to the south of Japan, which corresponds

to the Baiu rain band. This rainy zone is also presented in other observations with some

differences (Figs. 5b, c). In the APHRODITE observation which is based on rain gauge data

over land (Fig. 5d), large precipitation over the southern part of China and the western part

of Japan is also presented as a part of the Baiu rain band.

The MME of the CMIP6 models simulates the Baiu rain band, but precipitation is

severely underestimated (Fig. 5e). Even the best-performing CMIP6 model also
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underestimate precipitation of the Baiu rain band (Fig. 5f). The worst-performing CMIP6

model simulates erroneous excessive precipitation to the south of 25°N (Fig. 5g). The

underestimation of precipitation over the Baiu rain band (brown color) is obviously

recognized in bias distribution (Figs. 5h-j). HighResMIP models also underestimated the

precipitation over the Baiu rain band (Figs. 5k-p). MRI-AGCM3.2H (HPD) is selected as the

best-performing model of HighResMIP models (Fig. 51) based on RMSE, but it still

underestimates precipitation over the East China Sea and to the south of Japan. MRI-

AGCM3.2S (SPD; Figs. S5f, h) also shows similar distribution to HPD but with less

precipitation as compared to HPD to the south of Japan (Figs. S5i; green color).

5.2. Seasonality

Figure 6 shows the seasonality of RMSE over East Asia for all models. In general, RMSEs

are larger in summer (June to August) than other seasons. This is due to small SCC in

summer (Fig. S6) and negative bias in June (Fig. S7). Also, the low performance of

simulating tropical cyclone by models due to insufficient horizontal resolution might lead to

large RMSE in summer. The AVMs of the HighResMIP models (blue long thick lines) are

equal to or smaller than those of the CMIP6 models (black long thick lines) for all months

(Fig. 6). The RMSEs of MRI-AGCM3.2 models (red and purple lines) are equal to or smaller

than the AVMs of CMIP6 models (black long thick lines) and HighResMIP models (blue long
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thick lines) for all months. This suggests the advantage of MRI-AGCM3.2 models over other

models in simulating monthly precipitation over East Asia for all months, especially in

summer.

5.3. Seasonal march of the rainy season over Japan

Figure 7 depicts the seasonal march of the Japanese rainy season (the Baiu) based on

longitudinal averaged pentad precipitation over Japan. In the GPCPDAY observation (Fig.

7a), the Baiu starts in the middle of May at latitude around 25°N. The Baiu migrates

northward till the middle of July at latitude around 37°N. Other observations show similar

northward migration of the Baiu (Figs. 7b, c). The MME average of CMIP6 models slightly

simulates the Baiu (Fig. 7d), but precipitation amount is severely underestimated (Fig. 79g).

Although the best-performing CMIP6 model well simulates northward migration of the Baiu

(Fig. 7e), precipitation amount is still underestimated (Fig. 7h). The location of the Baiu in

the worst-performing CMIP6 model is erroneously shifted to the north of observation (Fig.

7f), resulting in the shortage of precipitation (Fig. 7i). The underestimation of precipitation

during the Baiu period by HighResMIP models (Figs. 7j-0) is nearly similar to that by CMIP6

models.

Both HPD (Fig. S8d) and SPD (Fig. S8e) properly simulate northward migration of the

Baiu, but they still underestimate precipitation during the Baiu period (Figs. S8f, g). HPD
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simulates larger precipitation than SPD during the Baiu period (Fig. S8h; green color).

In terms of objective skill scores (Fig. 8), many models show negative bias indicating

underestimation of precipitation (horizontal axis in Fig. 8a). The RMSE (vertical axis in Fig.

8a) of the AVM by HighResMIP models (blue square) is slightly smaller than that of CMIP6

models (black square). Also, the magnitude of bias (horizontal axis in Fig. 8a) of the AVM by

HighResMIP models (blue square) is slightly smaller than that of the CMIP6 models (black

square). MRI-AGCM3.2 models (red and purple crosses) show smaller bias and RMSE than

most of other models.

In the Taylor diagram (Fig. 8b), the AVM of HighResMIP models (blue square) is nearer

to the observation (green circle) than that of CMIP6 models (black square), indicating the

advantage of the HighResMIP models over the CMIP6 models. The performance of MRI-

AGCM3.2 models are relatively higher than most of other models, especially as to SCC.

In summary, the MRI-AGCM3.2 models have advantage over other models in simulating

seasonal march of rainy season over Japan, although precipitation amount is still

underestimated.

5.4. Comparison with other regions

Figure 9 compares the ability to simulate summer (June-August) precipitation over each

square domain with the size of 30 degrees in longitude and latitude. Since spatial standard
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deviation is generally larger in the tropics than in middle latitude and high latitude, RMSE

tends to be larger in the tropics in most cases. In order to evaluate regional difference of

model performance fairly, the RMSE of individual model is normalized by the ratio to spatial

standard deviation at each domain. Then, all normalized RMSEs are averaged. Figure 9a

shows the average of normalized RMSEs by CMIP6 models over each domain. Since

models are forced with observed SST, model performance is generally higher (purple color)

over sea than over land. However, normalized RMSEs are relatively large over East Asia.

This means the difficulty of simulating summer precipitation over East Asia. The distribution

of the average of normalized RMSEs by HighResMIP models (Fig. 9b) are qualitatively

similar to CMIP6 models (Fig. 9a). Over East Asia, normalized RMSEs by HighResMIP

models are smaller than those by CMIP6 models (Fig. 9c; blue color). This indicates that

higher horizontal resolution models perform better in simulating summer precipitation over

East Asia than lower horizontal resolution models. This advantage is also evident if model

performance is evaluated by SCC for each domain (Fig. S9c). However, this advantage over

East Asia is not clear in other seasonal and annual average precipitation (Figure not shown).

6. Skill dependence on horizontal resolution

6.1 Global distribution

Figure 10 shows the relation between the grid size of all 59 models (36 CMIP6 models
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and 23 HighResMIP models) and model performance. Skill measure is SCC between

observed global distribution of PAV and that simulated by models. Models of smaller grid

size (higher horizontal resolution) tend to show higher SCC, therefore grid size and skill is

negatively correlated. Note that the vertical axis is reversed in Fig. 10. The correlation

coefficient between grid spacing and SCC is -0.441 which is greater than the 99 %

significance level. This indicates the advantage of higher horizontal resolution in simulating

global distribution of PAV. The similar advantage of higher horizontal resolution is found for

seasonal average precipitation with above the 99% significance level (Fig. S10; black lines).

As for skill measure of RMSE (Fig. S10; blue lines), the advantage of higher horizontal

resolution is smaller than for skill measure of SCC (Fig. S10; black lines), but correlation

between grid size and RMSE are still above the 95 % significance level for all seasons and

annual mean. Although Fig. 3 suggests that the advantage of higher resolution of models

(HighResMIP models) over lower resolution models (CMIP6 models) is not clear in terms of

AVM (square mark) and MME average (circle mark), correlation statistics between grid size

of model and model skill in Fig. 10 has directly revealed the advantage of higher resolution

of models.

The similar advantage of higher horizontal resolution model over lower resolution models

is also found for simulating extreme precipitation event of R5d and R1d with the skill

measure of SCC (Fig. S11).
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In the case of Fig. 10, the highest SCC of 0.947 is attained by the ECMWF-IFS-HR with

56 km grid size (Table 2, No. 8, label h), not by the highest horizontal model of MRI-

AGCM3.2S (SPD, 21 km, red cross; Table 2, No. 21, label u). This is consistent with previous

findings that higher resolution models do not always perform better than lower resolution

models (Sperber and Palmer 1996; Kusunoki 2018a; Akinsanola et al. 2020; Bador et al.

2020). The model performance depends on horizontal resolution, but also on implemented

physical process such as deep convection scheme (Sperber and Palmer 1996; Kusunoki

2018a). Increasing spatial resolution alone is not sufficient to reduce model errors, and other

improvements in physical processes and tuning should be explored (Bador et al. 2020). We

will discuss this topic further in the later subsection of 6.4.

6.2. Regionality

The regional dependence of model skill on horizontal resolution is investigated. Figure 11

illustrates whether higher horizontal resolution model perform better than lower resolution

model in simulating summer (June-August) precipitation over each domain with the size of

30 degrees in longitude and 30 degrees in latitude. Skill measure is SCC over each domain.

Correlation coefficients between grid size and model skill are calculated for all 59 models

over each domain. The advantage of higher resolution model is evident over the tropical and

northern Pacific Ocean, the Atlantic Ocean, the southern Indian Ocean and East Asia.
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Similar tendency is also evident for other seasonal and annual average precipitation with

some differences (figure not shown). In terms of RMSE, the result is almost similar with

weaker relationship between grid size and model skill (figure not shown).

6.3. Seasonality over Japan

The advantage of higher resolution model over lower resolution model around Japan

domain (120-150°N, 30-60°N; black box in Fig. S14a) is larger for summer precipitation than

for other seasonal and annual average precipitation (Figure S12). As for simulating the

seasonal march of rainy season over Japan in summer (Figs. 7-8), higher resolution models

tend to perform better than lower resolution model (Fig. S13). These results indicated that

higher resolution model is required for better simulation of summer precipitation over Japan.

6.4. Comparison between low resolution and high resolution models in the same institute

In the previous subsections of 6.1-6.3, all 59 models are used to evaluate dependence of

model skill on horizontal resolution. However, physical processes implemented in models

have large difference among institutions. This implies that the effect of difference in physical

processes and the effect of difference in horizontal resolution are mixed and are not

separated if we use all 59 models in skill-resolution correlation statistics. In HighResMIP, ten

institutions submitted simulations conducted with low horizontal model and high resolution
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model which share the same physical processes and vertical levels. Ten pairs of model

names are listed in the left hand side of Table S1. With this ten pairs of models, relation

between skill and horizontal resolution can be purely evaluated without any contamination

caused by the effect of difference in physical processes. Table S1 compares the skill of low

horizontal model and high resolution model in the same institute for seasonal and annual

precipitation over Japan domain. In the case of skill measure of SCC, seven high resolution

models perform better than corresponding low resolution models in the same institute for

summer precipitation over Japan domain. The advantage of high resolution model over low

resolution model is not found in other seasonal and annal average precipitation. In the case

of RMSE, the advantage of high resolution model is found for summer (80%) and autumn

(70%).

Fig. S14 shows the geographical distribution of the percentage of high resolution model

which outperforms corresponding low resolution models in the same institute. Target

variable is summer precipitation. The advantage of high resolution model is evident over

Asia region, especially over East Asia.

As for the global distribution of seasonal and annual average precipitation, the advantage

of higher resolution model over lower resolution model is not clear.

7. Uncertainty of observational data
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Observational data which has horizontal resolution higher than 1 degree in longitude and

latitude have large difference and uncertainties in representing intense precipitation events

(Herold et al. 2017; Kitoh and Endo 2019). To evaluate the uncertainty of observational data,

we have verified the performance of models against additional precipitation observation

dataset of the TRMM and APHRODITE data with the horizontal resolution of 0.25 degree.

7.1 The TRMM data

Fig. S15 compares the distribution of extreme precipitation R1d by the TRMM

3B42V7data (0.25 degree), the GPCPDAY V3.2 data (0.50 degree) and the GPCP 1ddV1.3

data (1.0 degree). Because the TRMM data only covers 50°S-50°N, target region is limited

to 50°S-50°N in Fig. S15. The distribution of R1d by the GPCPDAY data (global average

77.8 mm) is almost similar to the TRMM data (75.2 mm) with the spatial correlation

coefficient of 0.916. In contrast, The GPCP 1dd data severely underestimates R1d

precipitation especially over the tropics as compared to higher resolution observations of

TRMM data and GPCPDAY data.

Figure 12 compares SCCs verified against the GPCPDAY data and the TRMM data as to

the distribution of R1d over 50°S-50°N. In the case of CMIP6 (black) and HighResMIP (blue)

models, model performance verified against the TRMM data is almost comparable to or

slightly better than that by the GPCPDAY data. In the case of MRI-AGCM (red and purple)
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model performance verified against the TRMM data is almost comparable to that by the

GPCPDAY data. Small differences of model performance verified against the GPCPDAY

data and the TRMM data implies the robustness of verification using the GPCPDAY data.

7.2 The APHRODITE data

We have verified model performance for precipitation over East Asia (110-150°N, 20-

60°N) using the APHRODITE V1901 MA (Monsoon Asia) data which has a high resolution

of 0.25 degree (28 km; Table 3), but it covers only land area. RMSE against the APHRODITE

MA data (Fig. S16) is qualitatively similar to RMSE against the GPCPDAY data (Fig. 6) in

that RMSEs are larger in warmer season, although direct comparison between two kinds of

RMSE is not appropriate because the APHRODITE MA data is limited to land only. Note that

vertical axis range in Fig. S16 is smaller than Fig. 6. In Fig. S16, the RMSEs of HighResMIP

models in terms of the AVM (blue long line) in warmer season are smaller than that of CMIP6

models (black long line), which is qualitatively similar to Fig. 6. Also, the RMSEs of MRI-

AGCM models (red and purple) are smaller or equal to those of CMIP6 models and

HighResMIP models in warmer season (Fig. S16), which is also qualitatively similar to Fig.

SCCs by the APHRODITE MA data (Fig. S17) basically represent the similar

characteristics as that by the GPCPDAY data (Fig S6) regarding smaller skills in warmer
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seasons, the advantage of HighResMIP models over CMIP6 models and large advantage

of MRI-AGCMs.

Biases by the APHRODITE MA data (Fig. S18) tend to show positive value from January

to October in contrast to negative biases by the GPCPDAY data from May to December (Fig.

S7). In Fig. S18, biases of HighResMIP models in terms of the AVM (blue long line) is smaller

than or equal to those of CMIP6 models (black long line) for all months. This advantage of

HighResMIP models over CMIP6 models are not so evident in the case of the GPCPDAY

data (Fig. S7). The biases of MRI-AGCM3.2 models are nearly comparable to those of

CMIP6 models and HighResMIP models in most months (Fig. S18).

In summary, large similarity between model performance verified against the

APHRODITE MA data and the GPCPDAY data for the skill measures of RMSE and SCC

enhances the robustness of verification by the GPCPDAY data over Monsoon Asia region.

7.3. Skill dependence on horizontal resolution

We have evaluated skill dependence on horizontal resolution using the TRMM 3B42V7

data. Figure 13 compares correlation coefficient between grid size and the SCC of extreme

precipitation indices verified against the TRMM data and the GPCPDAY data over 50°S-

50°N region. The correlations coefficient between grid size and the SCC verified against the

TRMM data (red) are almost comparable to that by the GPCPDAY data (black) as for PAV,
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R5d and R1d. This gives robustness of relationship between model grid size and model

performance verified against the GPCPDAY data for moderate and intense precipitation.

As for CDD, relation between grid size and skill is very weak. This is reasonable because

CDD often appears as a result of extreme dry condition over large scale region which can

be well reproduced even by low resolution models.

8. Conclusions

We have compared the performance of CMIP6 AGCMs, HighResMIP AGCMs, MRI-

AGCM3.2s in simulating precipitation. The performance of HighResMIP models is equal to

or slightly better than CMIP6 models in simulating global distribution of seasonal and annual

precipitation. In terms with RMSE and SCC, MRI-AGCMs perform better than CMIP6 models

and HighResMIP models in simulating global distribution of seasonal and annual

precipitation. Although most of CMIP6 models and most of HighResMIP models

underestimate monthly precipitation in warmer season (May to August) over East Asia,

HighResMIP models perform better than CMIP6 models. The performance of MRI-AGCMs

is equal to or better than CMIP6 and HighResMIP models in simulating monthly precipitation

over East Asia for all 12 months. Most of CMIP6 and HighResMIP models fail to simulate

northward migration of rainy zone over Japan resulting in underestimation of precipitation

during rainy season over Japan. However, MRI-AGCMs perform better than any other
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models. The advantage of HighResMIP models over CMIP6 models in simulating spatial

distribution of summer (June to August) precipitation is more evident over East Asia than

any other regions in the globe.

Based on correlation analysis between grid size and model performance using all 59

models, higher horizontal resolution models perform better than lower resolution models in

simulating global distribution of seasonal and annual precipitation. The advantage of higher

resolution models over lower resolution model is evident in simulating seasonal march of

rainy zone over Japan. The advantage of higher resolution model over lower resolution is

remarkable over East Asia in simulating summer precipitation compared to other seasons.

Verifications against the TRMM (0.25 degree) data and the APHRODITE MA data (0.25

degree) are basically similar to and consistent to those by the GPCPDAY (0.50 degree). This

gives robustness of the results obtained in this paper.

Data Availability Statement

The MRI-AGCM3.2 data are available at the website of the Earth System Grid Federation

(ESGF) ; https://esgf.linl.gov/. The CMIP6 AMIP and HighResMIP data are available at the

website for the sixth phase of the Coupled Model Intercomparison Project (CMIP6) supplied

by the Program for Climate Model Diagnosis and Intercomparison (PCMDI);

https://pcmdi.linl.gov/CMIP6/
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Supplement

Supplement consists of eighteen figures of Fig. S1-18 and one table of Table S1.
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993  Fig. 2. The global distributions of climatological annual precipitation PAV (mm day'). (a-c)
994 Observations (Table 3). (d) CMIP6 multi-model ensemble (MME) average for the period

995 of 20 years from 1995 to 2014. (e) The best-performing CMIP6 model based on the root-
996 mean square error (RMSE, Fig. 3a) against GPCPDAY V3.2 observation (a). R : RMSE
997 (mm day', Fig. 3a). B: Bias (mm day, Fig. 3a). C : Spatial correlation coefficient (SCC;
998 non-dimension, Fig. 3b). (f) Same as (e) but for the worst-performing CMIP6 model. (g)
999 Bias of the CMIP6 MME average. (h) Bias of the best-performing CMIP6 model. (i) Bias
1000 of the worst-performing CMIP6 model. (j-I) Same as (d-f) but for HighResMIP models. (m-
1001 0) Same as (g-i) but for HighResMIP models.
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Fig. 3. Model skills. (a) A scatter diagram between bias and RMSE for simulated annual

precipitation over the globe. Models are verified against the GPCPDAY data (green circle).
The GPCP 1ddv1.3 data is also shown by green square. Black crosses denote individual
CMIP6 models. Black circle denotes the CMIP6 MME average. Black square denotes the
average of skill scores (AVM) of all CMIP6 models. Blue marks denote HighResMIP
models. Red cross shows MRI-AGCM3.2S (the 20-km model; SPD). Purple crosses show
all four members of MRI-AGCM3.2H (the 60-km model; HPD, HPD_mO01, HPD_mO02,
HPD_MO03) simulations. Units are mm day'. The domain average of observation is
displayed above the panel. (b) The Taylor diagram (Taylor 2001). Distance from the origin
denotes the spatial standard deviation of a simulated pattern which is normalized by the
ratio to the observed spatial standard deviation. Angle from the vertical axis means spatial
correlation coefficient (SCC). The spatial standard deviation of the observation in the
domain is displayed above the panel.
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51




1037
1038
1039
1040

— CMIP8 Indv — HighR Indv — SPD
O CMIP6 MME O HighR MME - HPD
- CMIP8 AVM == HighR AVM

7
o -

~ 5.

) .

-U - —_ -

4 T -

E

a * ;.;. gr i: - - _

= - 25525 iz .: : -

Sl . B- EFFZE_8E g5 2= .c o

== == §- = §E- S-=85=g.=F=-3- -

1 feahiogE R BE-gEcyE:

1 2 3 4 5 6 7 8 9 10 11 12
Month

Fig. 6. Dependence of RMSE (mm day™') of simulated precipitation over East Asia (110-
150°E, 20-50°N; Fig. 5) on each month. Figure format is similar to Fig. 4.

52



1041
1042
1043
1044
1045
1046

(a) GPCPDAY V3.2
2001-2020, 20yr

(b) GPCP 1ddv1.3
1997-2018, 22yr

(c) TRMM 3B43V7
1908-2013, 16yr

=3E83¢

I

e
g

R:2.76 B:-0.29 C:0.267

(e) CMIPG Best
CNRM-CM68-1
R:1.99 B:-0.07 C:0.680

(t) CMIPS Worst
NorESM2-LM
R:56.70 B:0.907 C:-0.10

ERERR

(i) CMIP6 Bias Worst
NorESM2-LM

S3E88¢8

)

(1) HighResMIP Worst
FGOALS-£3-L
R:4.53 B:0.956 C:-0.05

(k) HighResMIP Best
MRI-AGCM3—-2-H
R:2.01 B:-0.16 C:0.675

10
8
Q 6
4
2
.

(n) HighResMIP Bias Best
MRI-AGCMS-2-H

R:2.64 B:-0.18 C:0.300

SEB28&8¢8

(o) HighResMIP Bias Worst
FGOALS-S-L

v b

L]

. )

'

AEERR

¥
s | 6 | 7 s | 6 | 5 |

Month Month

6
Month

7

Fig. 7. Time-latitude cross section of pentad mean precipitation averaged for longitudes
125-142°E. Figure format is similar to Fig. 2. The target region (125-142°E, 20—45°N) is
displayed by the black box in Fig. 5a. Plotted time period is from pentad 25 (1-5 May) to
43 (30 July - 3 August). Unit is mm day™'. Black contour of 8 mm day™' defines the
Japanese rainy season based on the GPCPDAY observation (a).

53



(a) RMSE and Bias

OBS Average= 5.38 mm/day

-~ 6.0 O GPCPDAY
P X x| O GPcP 1.04eq
o
X
~ X X CMIP6 AMIP Indv
g 4.0 X K %(X O CMIP6 AMIP MME
g )%géxx X O CMIP6 AMIP AVM
; 2.0 )§§(§ X HighResMIP Indv
O HighResMIP MME
g El O HighResMIP AVM
m 0.0 T L r\ L) T
~15 -10 -05 00 05 1.0 15 X SPD20km
’ x HPD 60km
Bias (mm/day)
(b) Taylor diagram
8 e I3 w OBS SD= 2.71 mm/day
= 20T
.ﬁ P
> Lo
(')
o
= 151
o
©
o
g
w N
W 1.04
o)
)
.§ 0,95
©
0.5
=
5 0.99
z
0.0 . . ' | 1.00
0.0 0.5 1.0 1.5 2.0
1047 Normalized standard deviation
1048  Fig. 8. Same as Fig. 3 but for the seasonal march of the Japanese rainy season (Fig. 7).
1049

54



BON 16
30N 1.4
1.2
EQ 1
0.8
308 0.6
608 0.4
908 —_——
0 S0E B0E 90E 120E 150E 180 150W 120W 90W 60W S30W 0
ox (b) HighResMIP Normalized RMSE by stand dev
80N Q.8 " -5 2 1.6
30N i 1.4
1.2
EQ 1
0.8
308 0.6
608 0.4
90 ————r
30E 60E 90E 120E 150E 180 150W 120W 90W 60W 30W O
oN (c) HighResMIP — CMIP68 Black Circle : 90%
60N 0.8
o 0.2
0.1
EQ 0
-0.1
308 —0.2
605 -0.3
gos ) ¥ ) T U T L T T 1) T
1050 0 30E B0E 90E 120E 150E 180 150W 120W 90W 60W 30W 0
1061  Fig. 9. Regional dependence of reproducibility of simulated summer (June-August)
1052 precipitation. For each model, RMSE normalized by the ratio to spatial standard deviation
1053 is calculated over each square domains with the size of 30 degrees in longitude and 30
1054 degrees in latitude. The GPCPDAY data is used for skill evaluation. (a) The average of

1055 normalized RMSEs by CMIP6 models. (b) The average of normalized RMSEs by
1056 HighResMIP models. (c) HighResMIP minus CMIPG6. Black circles indicate differences
1057 above the 90% significance level.

1058

1059

55



1060

1061
1062
0.7
X CMIP8
X SPD
X X HPD

o 0.81

g X

? X X R X X

X

=

g X X

§ 0.9' XX

X XN X
1:0 J 1 L) T T T
0 50 100 150 200 250 300 350

1063 Grid spacing (km)
1064  Fig. 10. Dependence of model skill on grid spacing (Tables 1 and 2, the last column). Black
1065 crosses denote 36 CMIP6 models. Blue crosses denote 23 HighResMIP models. Red
1066 cross shows SPD. Purple cross shows the first member of HPD. The skill measure is
1067 SCC for the global distribution of annual precipitation. Vertical axis is reversed. The
1068 correlation coefficient between SCC and grid spacing is —0.441 which is greater than the
1069 99 % significance level. The GPCPDAY data is used for skill evaluation.
1070

56



90% <= O < 95% 95% <=0 <99% 99% <=

90N

6ON

30N -

EQ-

308 1

60S

gos 1 L 1 J U ) L) T T T T
1071 0 30E 60E 90E 120E 150E 180 150W 120W 90W 60W 30W O
1072 Fig. 11. Skill dependence on grid size for simulated summer (June-August) precipitation.
1073 Correlation coefficients between grid size and model skill for all 59 models (36 CMIP6
1074 models and 23 HighResMIP models) are calculated over each square domains with the
1075 size of 30 degrees in longitude and 30 degrees in latitude. Model skill measure is SCC
1076 (sign is reversed). The size of black circle shows statistical significance level. The
1077 GPCPDAY data is used for skill evaluation.
1078

57



1079
1080

1081
1082

1083
1084
1085

— CMIP8 Indv — HighR Indv — SPD
O CMIP8 MME O HighR MME — HPD
— CMIP8 AVM = HighR AVM
1.0
O O
0.9
B = = = =
o = - — _
L - = _
o 0.8 = = = =
8 = = - - = =
. — - — - -
O = _— — —
n — —
o4 ~ _ -
0.8

GPCPDAY TRMM  GPCPDAY TRMM  GPCPDAY TRMM
CMIP6 HighResMIP MRI-AGCM

Fig. 12. Comparison of model skill verified against the GPCPDAY and the TRMM 3B42V7.
Skill measure is SCC between observed and simulated R1d (Table 4) for the region 50°S-
50°N. Definitions of marks are the same as Fig.4.

58



1086

1087
1088
1089
1090
1091
1092

—— TRMM
—— GPCPDAY

|
o
()]
1

29%
-0.3 1

-0.2

Correlation (non—dim)

-0.11

0.0
PAV R5d R1d CDD

Extreme event index

Fig. 13. Correlation coefficients between grid size and model skill verified against the
GPCPDAY (black line) and the TRMM 3B42V7 (red line). Skill measure is SCC between
observation and simulations for four extreme precipitation indices (Table 4) over the
region 50°S-50°N. Green lines show statistical significance levels. Vertical axis is
reversed.

59



1093

Table 1. Features of 36 AGCMs executed CMIP6 AMIP experiments used in this study.

No. Label Name in Table AILS of Horizontal Number of grids Longitudinal grid
IPCC (2021) resolution and spacing (km) at the

vertial levels® Longitude Latitude  equator
1 a ACCESS-CM2 G064L85 192 144 208
2 b ACCESS-ESMI-5 G064L38 192 145 208
3 ¢ BCC-CSM2-MR T106L46 320 160 125

4 d BCC-ESMI1 T042L.26 128 64 313 +
5 e CAMS-CSM1-0 T106L31 320 160 125

6 f CanESMS5 T042L49 128 64 313 +
7 g CESM2 G096L.32 288 192 139
8 h CESM2-FV2 G048L32 144 96 278
9 i CESM2-WACCM G096L70 288 192 139
10 j CMCC-CM2-SRS G096L30 288 192 139
11 k CNRM-CM6-1 TO85L91 256 128 156

12 1 CNRM-CM6-1-HR T240L91 720 360 56 -
13 m CNRM-ESM2-1 TO85L91 256 128 156
14 n EC-Earth3 T170L91 512 256 78
15 o EC-Earth3-AerChem T170L91 512 256 78
16 p EC-Earth3-CC T170L91 512 256 78
17 q EC-Earth3-Veg T170L91 512 256 78
18 r FGOALS-f3-L G096L32 288 180 139
19 s FGOALS-g3 TO60L26 180 80 222
20 t GFDL-CM4 G096L33 288 180 139
21 u GFDL-ESM4 G096L.33 288 180 139
22 v IITM-ESM TO64L64 192 94 208
23w INM-CM4-8 GO60L21 180 120 222
24 x INM-CMS5-0 GO60L21 180 120 222
25 'y IPSL-CM6A-LR G048L79 144 143 278
26 z KIOST-ESM G064L32 192 96 208
27 A MIROC6 TO85L81 256 128 156

28 B MIROC-ES2L T042L40 128 64 313 +
29 C MPI-ESM1-2-HAM T063L47 192 96 208
30 D MPI-ESMI1-2-HR T128L95 384 192 104
31 E MPI-ESM1-2-LR T063L47 192 96 208
32 F MRI-ESM2-0 T106L80 320 160 125
33 G NESM3 T063L47 192 96 208
34 H NorCPMI G048L26 144 96 278
35 J NorESM2-LM G048L32 144 96 278
36 K SAMO-UNICON GO096L30 288 192 139
Average 180
Median 156

Maximum 313 +

Minimum 56 -

T means spectral model. Digits after T indicate triangular runcation spectral wavenumber. G

means grid model. Digits after G indicate corresponding triangular runcation spectral

wavenumber. Two digits after L indicate the number of vertical levels.

AGCM : Atmospheric General Circulation Model

CMIP6 : The sixth phase of the Coupled Model Intercomparison Project

AMIP : Atmospheric Model Intercomparison Project
IPCC : Intergovermental Panel on Climate Change
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Table 2. Features of 23 AGCMs executed HighResMIP Tier 1 highresSST-present experiments.

No. Label Name in Table AII.10 of = Horizontal Number of grids Longitudinal grid
IPCC (2021) resolution and spacing (km) at the

vertial levels Longitude  Latitude equator
1 a CAMS-CSM1-0 T256L.31 768 384 52
2 b CMCC-CM2-HR4 G096L.26 288 192 139
3 ¢ CMCC-CM2-VHR4 G384L26 1152 768 35
4 d CNRM-CMo6-1 TO85L91 256 128 156
5 e CNRM-CM6-1-HR T240L91 720 360 56
6 f EC-Earth3P T170L91 512 256 78
7 g EC-Earth3P-HR T341L91 1024 512 39
8 h ECMWEF-IFS-HR G240L91 720 361 56
9 1  ECMWEF-IFS-LR G120L91 360 181 111
10 j FGOALS-f3-H G480L32 1440 720 28
11k FGOALS-f3-L G096L.32 288 180 139
12 1 GFDL-CM4C192 G192L33 576 360 69
13 m HIiRAM-SIT-HR G512L32 1536 768 26
14 n HIiRAM-SIT-LR G240L32 720 360 56
15 o INM-CMS-H GI180L73 540 360 74
16 p IPSL-CM6A-ATM-HR G170L79 512 361 78

17 q IPSL-CM6A-LR G048L79 144 143 278 +
18 r MPI-ESMI1-2-HR T128L95 384 192 104
19 s MPI-ESM1-2-XR T256L.95 768 384 52
20 t  MRI-AGCM3-2-H? T213L64 640 320 63

21 u  MRI-AGCM3-2-S° T640L64 1920 960 21 -
22 v NICAMI16-7S G213L38 640 320 63
23w NICAMI16-8S G426L.38 1280 640 31
Average 78
Median 63

Maximum 278 +

Minimum 21 -

* Official name used in the Meteorological Research Institute (MRI) of Japan is MRI-AGCM3.2H.
® Official name used in the Meteorological Research Institute (MRI) of Japan is MRI-AGCM3.2S.
HighResMIP : High Resolution Model Intercomparison Project
IPCC : Intergovermental Panel on Climate Change
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Table 3. Observations of precipitation used for verification.

Name Time Spatial resolution Temporal Spatial Reference

resolution coverage coverage

degree  km?
GPCPDAY V3.2 Day 0.50 56  2001-2020, 20years  Globe Huffman et al. (2022)
GPCP 1ddvl.3 Day 1.00 111 1997-2018, 22years  Globe Huffman et al. (2001)
TRMM 3B42V7 Day 0.25 28 1998-2015, 18years  50°S-50°N Huffman et al. (2007)
APHRODITE Day 0.25 28  1998-2015, 18years  (60.125-149.875°E,  Yatagaiet al.
V1901 MA 14.875°S-54.875°N) (2009, 2012)
land only

TRMM 3B43V7 Month 0.25 28  1998-2013, 16years  50°S-50°N Huffman et al. (2007)

* Longitudinal grid spacing at the equator

GPCP 1dd : Global Precipitation Climatology Project One-Degree Daily data

TRMM : Tropical Rainfall Measuring Mission

APHRODITE: Asian Precipitation Highly Resolved Observational Data Integration
Towards the Evaluation of Water Resources

MA: Monsoon Asia

Table 4. Indices of extreme precipitation events.

Index Name Definition Unit
PAV  Annual precipitation Annual average precipitation mm day_l
R5d Maximum 5-day precipitation Annual maximum of consecutive 5-day precipitation =~ mm
R1d Maximum 1-day precipitation Annual maximum of daily precipitation mm
CDD  Consecutive dry days Annual maximum number of consecutive dry days day

(precipitation < 1 mm)
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