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Abstract
The Coupled Model Intercomparison Project Phase 6 (CMIP6) has introduced the High-Resolution Model 
Intercomparison Project (HighResMIP) experiment, allowing unprecedented simulations and predictions of global 
climate models with high resolution (more than 50 km). This study evaluates the capability of six Global Climate 
Models (GCMs) of HighResMIP in reproducing rainy season precipitation in the Lancang-Mekong River Basin. (1) 
We selected mean precipitation, hourly precipitation frequency and hourly precipitation intensity during the multi-
year rainy season as Precipitation Characteristic Indices to evaluate the ability of GCMs. We found that two GCMs, 
BCC-CSM2-HR and HadGEM3-GC31-HM, demonstrate a strong ability to reproduce the spatial distribution of 
precipitation indices during the rainy season, outperforming other GCMs and MME-M; (2) Most GCMs and multi-
model ensemble mean (MME-M) can reproduce the latitudinal distribution of mean precipitation, hourly 
precipitation frequency and hourly precipitation intensity, except HadGEM3-GC31-HM (mean precipitation), 
HiRAM-SIT-LR and NICAM16-8S (hourly precipitation frequency and hourly precipitation intensity); (3) We found 
that most GCMs overestimate the frequency of light precipitation, which can reach 60%-80%, while the frequency 
in the ERA5 (the latest fifth generation reanalysis data product launched by the European Centre for Medium-
Range Weather Forecasts) is 53.9%. However, almost all GCMs underestimate the frequency of moderate 
precipitation and heavy precipitation. For torrential precipitation, severe torrential precipitation, and extremely 

https://creativecommons.org/licenses/by/4.0/
https://www.oaepublish.com/dpr
https://orcid.org/0009-0008-2725-0671
https://orcid.org/0000-0003-4761-2859
https://dx.doi.org/10.20517/dpr.2024.02
https://dx.doi.org/10.20517/dpr.2024.02
http://crossmark.crossref.org/dialog/?doi=10.20517/dpr.2024.02&domain=pdf


Page 2 of Yao et al. Dis Prev Res 2024;3:10 https://dx.doi.org/10.20517/dpr.2024.0217

torrential precipitation events, most GCMs overestimate their frequency; and (4) Most GCMs can not simulate 
hourly precipitation well according to the Taylor diagram, because the correlation coefficients of four GCMs are 
about 0.1 and their normalized standard deviations are greater than 1. However, EC-Earth3P-HR and MRI-AGCM3-
2-S demonstrate relatively better performance, with correlation coefficients of 0.42 and 0.36, and the normalized 
standard deviations are close to the reference. These findings will improve the understanding of GCM precipitation 
simulation with high spatial resolution and higher temporal resolution.

Keywords: CMIP6 HighResMIP models, precipitation characteristic index, high spatial and temporal resolution, the 
Lancang-Mekong River Basin (LMRB)

INTRODUCTION
The Lancang-Mekong River Basin (LMRB) is a transnational river that connects six countries: China, 
Myanmar, Laos, Thailand, Cambodia and Vietnam. With its rich resources and advantageous geographical 
location, it is an important platform for regional consultation and joint construction under the Belt and 
Road Initiative[1]. The LMRB serves as a cornerstone for the socio-economic development of each country in 
the basin[2]. The spatial and temporal distribution of surface water resources and rainfall in the LMRB are 
extremely heterogeneous under the influence of monsoonal fluctuations in South and East Asia[3]. The 
LMRB is highly susceptible to extreme precipitation events, frequently resulting in disasters such as floods 
and droughts[4,5]. The frequency of floods in countries along the Mekong River Basin has shown an 
increasing trend since 1960 according to the statistics[6]. Although the timing and locations of flood 
occurrences vary among countries, floods constitute approximately 70% to 80% of the total number of 
natural disasters in the region[6]. Simultaneously, The Sixth Assessment Report of the Intergovernmental 
Panel on Climate Change (IPCC AR6) reports that the frequency and intensity of extreme precipitation 
events are increasing (high confidence) in the context of global climate change[7]. Moreover, Lutz et al. 
(2014)[8] suggest that increasing glacier melt and precipitation exacerbate the sensitivity to climate change in 
the upper LMRB, which originates on the Tibetan Plateau, affecting the composition of runoff and total 
runoff in the basin. Their study suggests that runoff in the LMRB will continue to increase until at least 
2050, necessitating a shift in focus to addressing extreme events and intra-annual shifts in water availability. 
In conclusion, accurate estimation of the spatial and temporal characteristics of precipitation in the LMRB 
is of great significance for water resource management, flood early warning, agricultural production, 
ecological environmental protection, and climate change research.

Global Climate Models (GCMs) offer valuable insights into the simulated distribution of global 
precipitation. Conventional GCMs face limitations in capturing smaller-scale features, orographic effects, 
and interactions between scales. As a result, they are primarily applied for studying large-scale regions, such 
as the globe and hemispheres[9]. Furthermore, studies have demonstrated that GCMs excel in simulating 
temperature changes[10]. However, significant deviations persist in the simulation of regional precipitation, 
particularly in the context of small- and medium-scale precipitation changes[10,11]. The Coupled Model 
Intercomparison Project Phase (CMIP) initiated by the World Climate Research Program (WCRP) in 1995 
has evolved to its sixth phase. The rapid development of high-performance computing resources is driving 
research into climate models with higher resolutions. These models can have a profound impact on the 
meteorological process of small- and medium-scale weather systems, resulting in a certain increase in 
simulation accuracy[12]. Some studies evaluate the historical precipitation simulation of CMIP5 and CMIP6 
by comparing them with observed precipitation data[13-15]. Xin et al. (2020)[16] compared eight CMIP6 GCMs 
and their corresponding CMIP5 GCMs in simulating summer precipitation and the East Asian Summer 
Monsoon in China. They found that most CMIP6 GCMs performed better than the corresponding previous 
CMIP5 models with a larger correlation coefficient and smaller standard deviation, and the CMIP6 MME is 
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more skillful than the CMIP5 MME. The reason is that all the CMIP6 models improve their ability to 
simulate the climatological pattern of the East Asian Summer Monsoon compared with the previous CMIP5 
models. In summary, CMIP6 performs better in modeling precipitation compared to CMIP5. Previous 
studies have shown that improving the resolution of CMIP6 GCMs can enhance the authenticity of small- 
and medium-scale precipitation simulations[17,18]. Consequently, the CMIP6 has introduced the High-
Resolution Model Intercomparison Project (HighResMIP) experiment, and there is a growing focus on 
investigating the capability of CMIP6 HighResMIP GCMs in capturing characteristics and changes in 
precipitation at smaller regional scales.

Recently, numerous studies have evaluated the performance of the CMIP6 GCMs in simulating 
precipitation at different resolutions, elucidating the reasons for bias and the resulting impacts. For instance, 
Muetzelfeldt et al. (2021) evaluate the performance of the Unified Model (UM) from the UK Meteorological 
Office (UKMO) in its global climate configuration, HadGEM3-GC3.1[9]. The evaluation focused on the 
simulation of the daily cycle of precipitation, along with frequency and intensity over Asia. They found that 
the high-resolution GCMs with convective parameterization improve simulations of the precipitation daily 
cycle at all spatial scales. These models also demonstrate a fairly accurate reproduction of the spatial pattern 
of precipitation in China compared to other regions in Asia. However, the interaction between airflow and 
topography exacerbates the existing bias in summer mean precipitation in high-resolution simulations. 
Yang et al. (2021) evaluated the precipitation simulation performance of 20 CMIP6 GCMs in China using 
the observed data from CN05.1[19]. They found that the CMIP6 models can better reproduce spatial 
distributions of precipitation and their interannual variability. Furthermore, the optimal model ensemble 
(BMME) outperforms the multimodel ensemble in simulating annual and winter precipitation, especially in 
regions with complex topography. However, there is no significant improvement in the simulation of 
summer precipitation. Xiao et al. (2022)[20] evaluated the performance of eight CMIP6 HighResMIP GCMs 
in simulating summer hourly precipitation and extreme precipitation over the Tibetan Plateau, comparing 
the results to TRMM 3B42 V7. The finding indicated an overestimation of summer precipitation over the 
Tibetan Plateau, primarily attributed to the overestimation of precipitation frequency. Huang et al. (2021) 
compare the high- and low-resolution simulation results of 12 CMIP6 GCMs based on the daily 
precipitation data from stations and satellite observations and the ERA5 precipitation data[21]. They mainly 
evaluate the performance of current climate models in simulating summer precipitation in the Southwest 
China region, especially the effect of model horizontal resolution on the simulation of extreme 
precipitation. They found that increasing the horizontal resolution can improve the simulation of summer 
precipitation intensity in steep terrain, but not in flat terrain, and the effect of the model parameterization 
scheme on the simulation of precipitation intensity needs to be further considered. Few studies have 
evaluated historical precipitation simulations of the CMIP6 HighResMIP GCMs on the LMRB. So far, we 
have found only one paper that compared the CMIP6 GCMs with their corresponding CMIP5 GCMs on 
the LMRB at a spatial resolution of 250 km and a monthly temporal resolution[22]. Therefore, it is necessary 
to study the performance of CMIP6 high-resolution GCM precipitation simulation on the LMRB.

Our study aims to evaluate the performance of precipitation simulation during the rainy season based on 
CMIP6 HighResMIP GCMs with high spatial resolution (50 km) and higher temporal resolution (3 h) over 
the LMRB to improve the understanding of the characteristics of precipitation simulation bias in complex 
terrain areas. The use of high-resolution CMIP6 GCMs can better capture the complexity of land surface 
and local terrain areas in small river basins (such as tributaries of the Mekong River Basin), thereby 
reducing the uncertainty of precipitation simulation[13,23]. High frequency precipitation data, such as a 
resolution of 3 h or higher, can provide more detailed and accurate information about the time, location, 
and intensity of individual precipitation events[24].
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Study area
Figure 1 shows the geographical location of the LMRB. The Lancang-Mekong River originates from the 
Tanggula Mountains on the Tibetan Plateau, often referred to as the "Third Pole of the Earth", and flows 
through China, Myanmar, Laos, Thailand, Cambodia, and Vietnam before finally reaching the South China 
Sea. The entire length of the LMRB is approximately 4,880 km, with a total basin area of about 744,000 km2. 
The Upper reaches of the river in China are called the Lancang River, and The reaches flowing out of 
Yunnan is called the Mekong River. The LMRB belongs to the Pacific Ocean water system and is an 
important north-south transboundary water system in Asia, with a rich variety of climatic types, flowing 
through a variety of climatic zones ranging from frigid to tropical, dry-cold, dry-hot and humid-hot[25].

The LMRB is shaped similarly to a strip, with the terrain gradually decreasing from northwest to southeast 
[Figure 1]. The elevation difference in the basin exceeds 6,000 m, which makes it rich in hydropower. 
However, the huge elevation difference also increases the difficulty of construction of national 
meteorological stations, making the region one of the more data-poor basins. Influenced by the westerlies 
and the Indian monsoon, the rainy season in the LMRB usually occurs between May and October, while the 
dry season is from November to April, and the runoff is mainly recharged by precipitation[26]. The upper 
reaches of the LMRB are cold with little rain, the middle reaches have distinct rainy and dry seasons, and 
the lower reaches are hot and humid. The distribution of annual precipitation is extremely uneven, with 
more than 85% of the precipitation concentrated in the rainy season due to the typical monsoon climate. 
The annual mean precipitation in the northern part of the LMRB is 400 mm, gradually increasing 
southward. The annual mean precipitation is more than 3,000 mm in the southern regions of Laos, 
Cambodia, and the mountainous areas on the edge of Vietnam[27].

Observation and reanalysis
The Global Grid Reanalysis Data (ERA5) was selected as the reference data to evaluate the performance of 
CMIP6 HighResMIP Models. ERA5 is the latest fifth generation reanalysis data product launched by the 
European Centre for Medium-Range Weather Forecasts (ECMWF), which has greatly improved in terms of 
temporal and spatial resolution and assimilation methods. Compared to the fourth generation reanalysis 
data product (ERA-Interim), the temporal and spatial resolution of ERA5 has been improved, with a 
horizontal resolution of 0.25° and a vertical resolution of 0.01 hPa (approximately 80 km). The temporal 
resolution has been increased from every 6 h to every 1 h, and the data time range has been extended to 
include real-time data from 1950 to the last five days[28]. In this paper, the ERA5 data spanning a time range 
of 1950-2014, totaling 65 years, is selected, with a temporal resolution of 1 h and a spatial resolution of 
0.25° × 0.25°.

CMIP6 HighResMIP model data
HighResMIP is one of the sub-program experiments conducted by the CMIP6, which aimed to evaluate the 
impact of different model level resolutions on the fidelity of climate simulations[29]. The HighResMIP 
climate model is divided into three tiers for simulation experiments. The first tier (Tier-1) experiments are 
the historically forced Atmospheric Model Intercomparison Program (AMIP) simulation experiments from 
1950-2014, and the second tier (Tier-2) experiments are the 100-year coupled (ocean-atmosphere coupled) 
simulation experiments from 1950-2050[30]. The third tier (Tier-3) experiments are an extension of the first 
tier for the years 2015-2050 (which can be further extended to 2100)[31]. Each tier experiment contains two 
sets of experiments: standard resolution and high resolution.

In this paper, the historical output of the CMIP6 HighResMIP Tier-1 high-resolution experiment is selected 
for analysis [Table 1]. The external forcing used in Tier-1 consists of aerosol loads of greenhouse gases 
including O3 and the 1950s ( 10-year mean) climate state, which is equivalent to the pre-industrial control of 

MATERIALS AND METHODS
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Table 1. Description of the six GCMs from CMIP6 HighResMIP used in the study area

Model
Resolution 
(latitude × 
longitude)

Modeling group Reference

BCC-CSM2-HR 0.45° × 0.45° Beijing Climate Center, China Wu et al. (2021)[32]

EC-Earth3P-HR 0.35° × 0.35° EC-Earth Consortium, Europe Haarsma et al. (2020)[33]

HadGEM3-GC31-
HM

0.23° × 0.35° Met Office Hadley Centre, UK Roberts et al. (2019)[34]

HiRAM-SIT-LR 0.50° × 0.50° Research Center for Environmental Changes, Academia Sinica, 
Taiwan

Chen et al. (2023)[35]

MRI-AGCM3-2-S 0.19° × 0.19° Meteorology Research Institute, Japan Mizuta et al. (2012)[36]

NICAM16-8S 0.28° × 0.28° JAMSTEC-AORI-R-CCS, Japan Kodama et al. (2019)[37]

Figure 1. The Lancang-Mekong River Basin. The national boundaries in this figure are obtained from the Standard Map Service website 
of the Ministry of Natural Resources of the People's Republic of China with no modifications. The Map Content Approval Number is GS 
(2016) 1665.
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HighResMIP[29]. The boundary conditions are set as follows: the land use/land cover is kept unchanged 
(roughly the same as that of around 2000), and the surface's leaf area index (LAI) is its climatic state value 
characterized by seasonal variations[29]. The target high resolution of the Tier-1 experiment is 25-50 km, 
which is higher than the basic resolution of CMIP6 by 100 km and significantly higher than the basic 
resolution of CMIP5 model by 150 km. More detailed information on the experiment design can be found 
in Haarsma et al. (2016)[29].

Method
In order to facilitate the comparison between the GCMs from CMIP6 HighResMIP data and the 
observation data, this study used the bilinear interpolation method to interpolate all the data to the latitude 
and longitude grid of 0.5° × 0.5°. The multi-model ensemble averaging technique uses equal-weighted 
ensemble averaging, i.e., taking the arithmetic average of the simulation results of six models 
(Abramowitz et al., 2019; Merrifield et al., 2020)[38,39]. In order to minimize the influence of light 
precipitation (mainly for below 0.1 mm h-1) in the numerical model on the evaluation results[20], effective 
precipitation is considered for both observed and modeled precipitation. Effective precipitation is defined as 
precipitation that exceeds 0.3 mm (3h)-1 at each time interval, and precipitation less than 0.3 mm (3h)-1 is 
considered as no precipitation. The precipitation of the rainy season accounts for more than 80% of the total 
annual precipitation. The water vapor provided by the Indian Ocean and the southwest monsoon is from 
late April to the end of early October. Therefore, the model and observed precipitation in this paper focus 
on a study period encompassing 65 years of consecutive rainy seasons (May-October in each year). Besides, 
the temporal resolution of GCMs from CMIP6 HighResMIP is 3 h, while the observational data have a 
higher temporal resolution of 1 h. To facilitate a meaningful comparison between the simulated 
precipitation by GCMs and observational data, the latter is sampled at 3-h intervals, and the simulated 
precipitation is accumulated over every 3-h period.

In this paper, we selected mean precipitation, hourly precipitation frequency, and hourly precipitation 
intensity during the multi-year rainy season as Precipitation Characteristic Index to evaluate the ability of 
GCMs to simulate precipitation [Table 2]. The mean precipitation during the rainy season (units: mm d-1) is 
calculated as the total effective precipitation divided by the total number of days during the rainy season[20]. 
The performance of precipitation simulations can be evaluated through the examination of both hourly 
precipitation frequency and intensity. This dual analysis provides insights into the characteristics of 
precipitation bias (Xiao et al., 2022; Li et al., 2015)[20,40]. The hourly precipitation frequency (units: %) is 
defined as the percentage of the number of effective precipitation hours to the total number of hours 
throughout the study period[20]. The hourly precipitation intensity [units: mm (3h)-1] is the cumulative 
amount of effective precipitation divided by the number of effective precipitation hours[20]. In order to 
further understand how precipitation characteristics change with the altitude or elevation of GCMs and 
ERA5, we used the latitudinal distribution in mean precipitation, hourly precipitation frequency, and hourly 
precipitation intensity to show these changes. The latitudinal distribution is calculated by averaging the 
Precipitation Characteristic Index at the same latitude.

Additionally, the relationship between precipitation frequency and intensity is an important indicator for 
evaluating the ability of GCMs to simulate precipitation (Li et al., 2015)[40]. Based on the grade of 12-h 
precipitation amounts specified in the People’s Republic of China Grade of precipitation National Standard 
(GB/T 28592-2012), we classified our 3-h precipitation intensity as follows: light precipitation 
[0-1.25 mm (3h)-1], moderate precipitation [1.25-3.75 mm (3h)-1], heavy precipitation [3.75-7.5 mm (3h)-1], 
torrential precipitation [7.5-17.5 mm (3h)-1], severely torrential precipitation [17.5-35 mm (3h)-1], and 
extremely torrential precipitation [> 35 mm (3h)-1]. In order to understand how precipitation frequency 
changes with different grades of precipitation in GCMs and ERA5, we calculated the frequency for distinct 
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Table 2. The selected Climatological Precipitation Index during the rainy season

Label Description Index definition Units

Pa Mean precipitation during the rainy 
season

The total effective precipitation is divided by the total number of days during the rainy 
season

mm d-1

Pf Hourly precipitation frequency The percentage of effective precipitation hours to the total number of hours during 
the rainy season 

%

Pi Hourly precipitation intensity The cumulative amount of effective precipitation divided by the number of effective 
precipitation hours

mm (3h)-1

Fi precipitation grade events-frequency The percentage of precipitation hours in  precipitation grade i to all effective 
precipitation hours 

%

grades of precipitation by averaging all grid points during the rainy season, and the detailed definitions can 
be referred to Table 2 and

where Fi is the frequency for precipitation in grade i; N is the total number of grids; Tj is the total number of 
time steps at grid point j during the rainy season, and Iij is the indicator function for whether precipitation 
intensity falls into grade i at grid point j.

The indicator function Iij is 1 if the precipitation intensity falls into the precipitation grade i at grid point j 
during the rainy season, and otherwise the indicator function is 0.

Moreover, we use the Taylor diagram and Taylor Skill Score (TSS) to quantitatively evaluate the 
performance of GCMs and MME-M precipitation simulation during the rainy season over the LMRB 
(Taylor, 2001)[41]. Taylor diagram provides a concise statistical of correlation coefficients (R), root-mean-
square difference (RMSD), and the ratio of standard deviation (RSD) between simulation and 
observation[42,43]. TSS is calculated by:

Where R is the correlation coefficient between the simulation and observation; R0 is the maximum possible 
R (typically set to 0.999); and σm and σo are the standard deviations of the simulations and observation, 
respectively. A closer TSS to 1 indicates that the simulation aligns well with the observation, whereas a TSS 
near 0 indicates that the simulation is opposite to the observation, and the simulation performance is poor.

RESULTS
The spatial distribution of climatological precipitation index during the rainy season
Figure 2 shows the observed and simulated spatial distribution of mean precipitation in the rainy season 
from 1950 to 2014 over the LMRB. The mean precipitation of ERA5 [Figure 2H] in rainy season showed 
significant spatial variability, which decreases gradually from south to north. Most areas in the lower LMRB 
experience mean precipitation higher than 6 mm d-1, with some regions reaching up to 12 mm d-1, while the 
mean precipitation is lower than 4 mm d-1 in the upper LMRB. The GCMs simulated the mean precipitation 
spatial pattern similar to ERA5 in rainy season with high mean precipitation in the lower LMRB and low 
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Figure 2. Spatial distribution of mean precipitation in rainy season (unit: mm d-1) from 1950 to 2014 over the LMRB. (A-F) is six CMIP6 
GCMs, (G) is the CMIP6 MME-M, and (H) is the ERA5 dataset.

mean precipitation in the upper LMRB, e.g., BCC-CSM2-HR [Figure 2A], EC-Earth3P-HR [Figure 2B] and 
HadGEM3-GC31-HM [Figure 2C], though HadGEM3-GC31-HM simulates higher mean precipitation 
(36.35 mm d-1) in the lower LMRB. However, the mean precipitation of the other three GCMs, HiRAM-
SIT-LR [Figure 2D], MRI-AGCM3-2-S [Figure 2E], NICAM16-8S [Figure 2F], is lower than that of ERA5, 
and shows poor performance on simulation of mean precipitation in rainy season. The mean precipitation 
of the multi-model ensemble mean (MME-M) in Figure 2G can basically simulate the spatial variation 
pattern of mean precipitation in rainy season, indicating that MME-M is superior to that of a single GCM 
mainly due to the good performance of three GCMs.

Figure 3 shows the observed and simulated spatial distribution of hourly precipitation frequency in rainy 
season from 1950 to 2014 over the LMRB. The hourly precipitation frequency of ERA5 [Figure 3H] in rainy 
season also demonstrates the higher frequency in the lower LMRB. It ranges from 30% to 60%. The spatial 
distribution of hourly precipitation frequency of BCC-CSM2-HR [Figure 3A] and HadGEM3-GC31-HM 
[Figure 3C] in rainy season closely approximates that of ERA5. They excellently reproduced the 
characteristics of frequent precipitation in the lower LMRB. The remaining four GCMs significantly deviate 
from the ERA5. EC-Earth3P-HR [Figure 3B] and MRI-AGCM3-2-S [Figure 3E] overestimate the hourly 
precipitation frequency of the entire LRMB. Especially MRI-AGCM3-2-S simulates a higher frequency 
(exceeds 65%) in most areas of the the lower LMRB and the maximum frequency reaching 83%. HiRAM-
SIT-LR [Figure 3D] and NICAM16-8S [Figure 3F] underestimate the hourly precipitation frequency in a 
whole of LMRB, exhibiting a lower frequency of below 25% in most areas, and the highest frequency is only 
33% simulated by NICAM16-8S. The spatial pattern of hourly precipitation frequency simulated by 
MME-M is uniform as a whole, and the simulation rarely captures the maximum hourly precipitation 
frequency. Although the EC-Earth3P-HR and MRI-AGCM3-2-S overestimate the frequency, the large-scale 
frequency underestimation of HiRAM-SIT-LR and NICAM16-8S results in the insufficient simulation of 
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Figure 3. Spatial distribution of hourly precipitation frequency in rainy season (unit: %) from 1950 to 2014 over the LMRB. (A-F) is six 
CMIP6 GCMs, (G) is the CMIP6 MME-M, and (H) is the ERA-5 dataset.

hourly precipitation frequency in MME-M. Consequently, the performance of hourly precipitation 
frequency in MME-M is inferior to that of BCC-CSM2-HR and HadGEM3-GC31-HM.

Figure 4 shows the observed and simulated spatial distribution of hourly precipitation intensity in rainy 
season from 1950 to 2014 over the LMRB. The hourly precipitation intensity of ERA5 [Figure 4H] is higher 
than 1.5 mm (3h)-1 in most areas of the lower LMRB, and lower than 1.2 mm (3h)-1 in the upper LMRB. 
However, only a few GCMs are capable of accurately simulating the spatial distribution of hourly 
precipitation intensity during the rainy season. The simulation performance of BCC-CSM2-HR [Figure 4A] 
and HadGEM3-GC31-HM [Figure 4C] is superior compared with the other four GCMs. However, EC-
Earth3P-HR [Figure 4B] and MRI-AGCM3-2-S [Figure 4E] have certain underestimation over the LMRB. 
HiRAM-SIT-LR [Figure 4D] and NICAM16-8S [Figure 4F] simulated hourly precipitation intensities 
exceeded 4 mm (3h)-1 in the lower LMRB, with maximum intensity reaching 5.8 mm (3h)-1 and 
10.9 mm (3h)-1, respectively, whereas the ERA5 maximum hourly precipitation intensity was only recorded 
at 2.8 mm (3h)-1. Due to the significant overestimation of the hourly precipitation intensity by HiRAM-SIT-
LR and NICAM16-8S, the MME-M also exhibits a slight overestimation of precipitation intensity in the 
lower LMRB.

The reasonableness of the simulated precipitation during rainy season depends on the accurate combination 
of precipitation frequency and precipitation intensity[20,40]. Therefore, we used hourly precipitation 
frequency and hourly precipitation intensity to reveal the bias characteristics of the CMIP6 HighResMIP 
GCMs. The HiRAM-SIT-LR and NICAM16-8S overestimated the precipitation intensity and 
underestimated the precipitation frequency in most areas of the LMRB (accounting for over 90% of the 
area). On the contrary, EC-Earth3P-HR and MRI-AGCM3-2-S underestimate the hourly precipitation 
intensity and overestimate the hourly precipitation frequency.
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Figure 4. Spatial distributions of hourly precipitation intensity [unit: mm (3h)-1] in rainy season from 1950 to 2014 over the LMRB. (A-F) 
is six CMIP6 GCMs, (G) is the CMIP6 MME-M, and (H) is the ERA-5 dataset.

The latitudinal distribution of three precipitation indices during the rainy season
Figure 5 shows the latitudinal distribution of (a) mean precipitation, (b) hourly precipitation frequency, and 
(c) hourly precipitation intensity between the observed and simulated in rainy season from 1950 to 2014 
over the LMRB. The maximum value of mean precipitation (3.3 mm d-1) in the rainy season of ERA5 (black 
line in Figure 5A) is located at 14.75° N with an altitude below 500 m. Additionally, the ERA5 mean 
precipitation during the rainy season decreases sharply above 20° N with increasing altitude. The simulating 
maximum value of mean precipitation (3.0-5.7 mm d-1) in the rainy season of GCMs and MME-M has 
similar characteristics to ERA5, which is also located at low latitudes of 14.75° N and lower altitude below 
500 m. HadGEM3-GC31-HM (green line in Figure 5A) simulated the maximum value of mean 
precipitation is much higher than the ERA5 and other GCMs, which is 5.67 mm d-1. Similarly, the mean 
precipitation of GCMs during the rainy season also decreases sharply above 20° N with increasing altitude. 
The trend of ERA5 and GCMs for hourly precipitation frequency is similar to that for mean precipitation 
[Figure 5B]. The maximum hourly precipitation frequency of ERA5 and GCMs also mainly occurs at 
14.75° N latitude. The hourly precipitation frequency in the rainy season of GCMs and MME-M is generally 
higher than that of ERA5 (black line in Figure 5B), except for HiRAM-SIT-LR and NICAM16-8S, whose 
frequencies are lower than that of ERA5. The hourly precipitation intensity of ERA5 (black line in 
Figure 5C) decreases with increasing latitude and altitude. Some GCMs and MME-M can accurately 
simulate precipitation intensity, but the precipitation intensity of NICAM16-8S and HadGEM3-GC31-HM 
significantly deviates from that of the ERA5. However, MME-M slightly overestimates the intensity at lower 
altitudes below 20° N. We can conclude that most GCMs and MME-M are capable of accurately 
reproducing changes in the latitudinal distribution of mean precipitation, hourly precipitation frequency 
and hourly precipitation intensity, except HadGEM3-GC31-HM (mean precipitation), HiRAM-SIT-LR and 
NICAM16-8S (hourly precipitation frequency and hourly precipitation intensity).
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Figure 5. The latitudinal distribution of (A) mean precipitation (unit: mm d-1), (B) hourly precipitation frequency (unit: %), and (C) hourly 
precipitation intensity [unit: mm (3h)-1] between GCMs and ERA5 in rainy season from 1950 to 2014 over the LMRB.

Precipitation frequency distribution under different grades of precipitation
As shown in Figure 6, the precipitation frequency distribution under different grades of precipitation 
simulated by the CMIP6 HighResMIP GCMs is different from the ERA5. To more effectively demonstrate 
this distribution difference, in Figure 6A, we limited the grades of precipitation to torrential precipitation. 
We found that most GCMs overestimate the frequency of light precipitation [1.25 mm (3h)-1], which can 
reach 60%-80%, while the frequency in the ERA5 is 53.9%. However, almost all GCMs underestimate the 
frequency of moderate precipitation [3.75 mm (3h)-1] and heavy precipitation [7.5 mm (3h)-1]. The 
logarithmic coordinate [Figure 6B] can be used to enlarge the tail end of the precipitation grade events-
frequency distribution. Most GCMs overestimate the precipitation frequency in simulating torrential 
precipitation [17.5 mm (3h)-1], severely torrential precipitation [35 mm (3h)-1], and extremely torrential 
precipitation events [more than 35 mm (3h)-1].

The performance of simulated precipitation during the rainy season
Figure 7 shows the Taylor diagram [Figure 7A] and TSS [Figure 7B] for the simulated precipitation in rainy 
season from 1950 to 2014 over the LMRB. EC-Earth3P-HR and MRI-AGCM3-2-S demonstrate relatively 
better performance for hourly precipitation, with correlation coefficients of 0.42 and 0.36, and the 
normalized standard deviations are close to the reference (REF). However, most GCMs can not simulate 
hourly precipitation well, because the correlation coefficients of foue GCMs are about 0.1 and their 
normalized standard deviations are greater than 1. The correlation coefficient of MME-M is about 0.3, while 
the Normalized standard deviation is far from the REF. TSS results are further consistent with the results of 
Taylor diagram; EC-Earth3P-HR and MRI-AGCM3-2-S perform better than other GCMs and MME-M.

DISCUSSION
This research discussion was divided into two parts. First, we discussed the similarities and differences 
between our simulated climatological precipitation results and other results. Additionally, the limitations of 
this study and future research directions are summarized.

The similarities and differences between simulated precipitation
In comparison with other studies, our findings exhibit both similarities and differences. The spatial pattern 
of CMIP6 HighResMIP GCM mean precipitation is high in the lower LMRB and low in the upper LMRB, 
which is similar to that of ERA5 during rainy season. The wet bias of precipitation was not found in the 
upper LMRB [Figure 2], which is confirmed by previous studies that CMIP6 HighResMIP GCMs 
simulations significantly reduce the wet bias of precipitation in regions, such as the east of the Tibetan 
Plateau and the Hengduan Mountains[43,44]. However, three CMIP6 HighResMIP GCMs, HiRAM-SIT-LR, 
MRI-AGCM3-2-S and NICAM16-8S, exhibit lower mean precipitation than that of ERA5 in the lower 
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Figure 6. Distribution of precipitation frequency (unit: %) with different grades of 3-h precipitation. The black triangle is ERA5 and the 
colored dots represent six CMIP6 HighResMIP GCMs. The Y-axis in (A) uses standard coordinates, while the Y-axis in (B) uses 
logarithmic coordinates.

Figure 7. The Taylor diagram (A) and Taylor skill scores (TSS) (B) for precipitation simulation of GCMs and MME-M in rainy season 
from 1950 to 2014 over the LMRB.

LMRB. The bias characteristics of the CMIP6 HighResMIP GCMs are further revealed by hourly 
precipitation frequency and hourly precipitation intensity. EC-Earth3P-HR and MRI-AGCM3-2-S suffer 
from the issue of "low intensity with high frequency", which is a common problem among CMIP6 
HighResMIP GCMs in numerical simulations[20]. However, HiRAM-SIT-LR and NICAM16-8S 
overestimated the precipitation intensity and underestimated the precipitation frequency, resulting in an 
abnormal "high intensity with low frequency" problem.

Our analysis shows that the maximum value and its location of mean precipitation and hourly precipitation 
frequency in MME-M over the LMRB align with those in ERA5 from the latitudinal distribution. This result 
contrasts with the findings of Xiao et al. (2022)[20], who reported that hourly precipitation frequency in 
MME-M over the southern margin and the eastern part of the Tibet Plateau is generally higher than that of 
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Tropical Rainfall Measuring Mission (TRMM). We also found that hourly precipitation intensity in 
MME-M is slightly overestimated compared to ERA5, which significantly differs from the results found by 
Xiao et al. (2022), where hourly precipitation intensity in MME-M is obviously underestimated relative to 
TRMM[20].

We further categorize precipitation intensity into light precipitation, moderate precipitation, heavy 
precipitation, torrential precipitation, severe torrential precipitation, and extreme torrential precipitation, 
based on the grade of 12-h precipitation amounts specified in the the Grade of Precipitation National 
Standard. However, Xiao et al. (2022) only used 1 mm/h intervals to classify precipitation intensity and did 
not study the frequency distribution across different grades of precipitation[20]. Most GCMs overestimate the 
frequency of light precipitation and underestimate the frequency of moderate precipitation and heavy 
precipitation than ERA5 does in our study, which is consistent with the findings of Xiao et al. (2022) over 
the eastern part of the Tibet Plateau[20]. Moreover, we found that most GCMs overestimate the frequency of 
torrential, severe torrential, and extreme torrential precipitation events, which contrasts with the 
conclusions of Xiao et al. (2022)[20].

Previous results show the good performance of most GCMs in simulating daily or monthly 
precipitation[22,43], but in our study most GCMs struggle to effectively simulate hourly precipitation. 
Therefore, most GCMs in the HighResMIP protocol should continue optimizing convective parameters at 
the hourly scale and improving the governing equations for atmospheric moisture transport and 
condensation in their next generation products to enhance the accuracy of precipitation simulations with 
higher temporal and spatial resolution[45].

Limitations
The limitations in selecting the number of HighResMIP GCMs
The six HighResMIP GCMs we chosen are from the experiments in Tier 1, which require the modeling 
groups to provide precipitation simulations at a 3-h temporal resolution. Nine GCMs can provide 3-h 
precipitation simulations in CMIP6 HighResMIP. We ultimately selected BCC-CSM2-HR, HadGEM3-
GC31-HM, EC-Earth3P-HR, HiRAM-SIT-LR, MRI-AGCM3-2-S, and NICAM16-8S because two GCM 
datasets are unavailable for download. This results in a significant discrepancy between the number of 
GCMs and the selected GCMs compared with other studies, making it difficult to compare the results.

The limitation of choosing ERA5 as the observation precipitation
The six GCMs exhibit varying degrees of underestimation in the precipitation frequency at 6 mm (3h)-1 
precipitation intensity than ERA5 in our study. Many researchers have found that ERA5 precipitation has a 
slight wet bias[46-48], and overestimation of precipitation amounts at specific locations and excessive snow 
depth in mountainous regions above 1,500 m[28]. Therefore, ERA5 precipitation chosen as the reference 
precipitation in this study may cause some bias compared to the research that chose the observation station 
precipitation data and remote sensing retrieval precipitation data as the reference precipitation[20,43,49].

The limitation in selecting precipitation indicators
We selected three indices, mean precipitation, hourly precipitation frequency, and hourly precipitation 
intensity, as Precipitation Characteristic Index to evaluate the ability of GCMs. Liu et al. (2023) selected six 
indices from the Expert Group on Climate Change Detection and Indicators (ETCCDI) to study the 
characteristics of extreme precipitation indices in the LMRB from 1980 to 2020, Annual total wet day 
precipitation, Number of heavy precipitation days, Number of very heavy precipitation days, Very wet days, 
MAX 5-day precipitation amount, and Simple daily intensity index[50]. The difference of precipitation 
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indices will lead to diverse model evaluation performance. ETCCD provided 27 climate indices which have 
been widely used in the analysis and study of extreme climate events[51]. In the future, more precipitation 
indicators can be selected for analysis and evaluation.

CONCLUSION
In this paper, we evaluated the performance of precipitation simulation during the rainy season based on 
CMIP6 HighResMIP GCMs with high spatial resolution (50 km) and higher temporal resolution (3 h) over 
the LMRB. The main conclusions are as follows:

(1) The spatial distribution of precipitation indices during the rainy season. For mean precipitation, the 
spatial pattern of the GCMs is similar to that of ERA5 with high mean precipitation in the lower LMRB and 
low mean precipitation in the upper LMRB, e.g., BCC-CSM2-HR, EC-Earth3P-HR, HadGEM3-GC31-HM, 
and MME-M. For hourly precipitation frequency, the spatial distribution of BCC-CSM2-HR and 
HadGEM3-GC31-HM are close to that of ERA5. The remaining four GCMs significantly deviate from the 
ERA5; EC-Earth3P-HR and MRI-AGCM3-2-S overestimate the hourly precipitation frequency over the 
entire LRMB; HiRAM-SIT-LR and NICAM16-8S underestimate the hourly precipitation frequency over the 
whole LMRB. The spatial pattern of MME-M is uniform and rarely captures the maximum hourly 
precipitation frequency. For hourly precipitation intensity, only two GCMs are capable of accurately 
simulating the spatial distribution: BCC-CSM2-HR and HadGEM3-GC31-HM. However, EC-Earth3P-HR 
and MRI-AGCM3-2-S have certain underestimation, and HiRAM-SIT-LR and NICAM16-8S have 
significant overestimation. The MME-M exhibits a slight overestimation of precipitation intensity in the 
lower LMRB. We found that two GCMs, BCC-CSM2-HR and HadGEM3-GC31-HM, demonstrate a strong 
ability to reproduce the spatial distribution of precipitation indices during the rainy season, performing 
better than other GCMs and MME-M.

(2) The latitudinal distribution of three climatological precipitation indices in the rainy season. The 
simulating maximum value of mean precipitation of GCMs and MME-M has similar characteristics to 
ERA5, which is also located at low latitudes of 14.75° N and lower altitudes below 500 m. However, 
HadGEM3-GC31-HM is much higher than the ERA5 and other GCMs, which is 5.67 mm d-1. The mean 
precipitation of GCMs decreases sharply above 20° N with increasing altitude. The trend of ERA5 and 
GCMs for hourly precipitation frequency is similar to that for mean precipitation. The hourly precipitation 
frequency of GCMs and MME-M is generally higher than that of ERA5, except for HiRAM-SIT-LR and 
NICAM16-8S. Some GCMs and MME-M can accurately simulate precipitation intensity, but the 
precipitation intensity of NICAM16-8S and HadGEM3-GC31-HM significantly deviates from that of the 
ERA5. However, MME-M slightly overestimates the intensity at lower altitudes below 20° N. We can 
conclude that most GCMs and MME-M are capable of accurately reproducing changes in the latitudinal 
distribution of mean precipitation, hourly precipitation frequency and hourly precipitation intensity, except 
HadGEM3-GC31-HM (mean precipitation), HiRAM-SIT-LR and NICAM16-8S (hourly precipitation 
frequency and hourly precipitation intensity).

(3) Precipitation frequency distribution under different grades of precipitation. We found that most GCMs 
overestimate the frequency of light precipitation, which can reach 60%-80%, while the frequency in the 
ERA5 is 53.9%. However, almost all GCMs underestimate the frequency of moderate precipitation and 
heavy precipitation. For torrential precipitation, severe torrential precipitation, and extremely torrential 
precipitation events, most GCMs overestimate their frequency.
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(4) The performance of simulated precipitation during the rainy season. Most GCMs can not simulate 
hourly precipitation well, because the correlation coefficients of four GCMs are about 0.1 and their 
normalized standard deviations are greater than 1. However, EC-Earth3P-HR and MRI-AGCM3-2-S 
demonstrate relatively better performance, with correlation coefficients of 0.42 and 0.36, and the normalized 
standard deviations are close to REF.

We believe that with the improvement of numerical simulation at the high temporal and spatial resolution, 
the results can provide an important basis for water resource management in the LMRB.
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