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Abstract  15 

The Guangdong-Hong Kong-Macao Greater Bay Area (GBA) is the world’s largest bay 16 

area in terms of land area and population, which has been increasingly suffering from 17 

weather and climate extremes under global warming. It is thus desired to produce 18 

reliable high-resolution climate information at a regional scale in order to enhance 19 

resilience to climate change over the GBA. For the first time, this study develops the 20 

multi-decadal nested-grid climate projections at a convection-permitting scale for the 21 

GBA, and assesses the abilities of the Weather Research and Forecasting (WRF) model 22 

with 36-, 12- and 4-km resolutions in representing precipitation, temperature and their 23 

extremes. Our findings indicate the added value of the convection-permitting WRF 24 

model for simulating the spring and summertime precipitation as well as extreme heavy 25 

rainfall events with daily amounts larger than 30 mm over the GBA. Increasing the 26 

spatial resolution of the WRF model does not necessarily lead to a significant 27 

improvement on temperature simulations. In addition, our findings reveal that the GBA 28 

is expected to experience an increasing number of heavy and extreme heavy rainfall 29 

events by the end of the 21st century. Moreover, the GBA is projected to experience a 30 

large temperature change across different seasons, and an enhanced warming will 31 

appear in autumn. The GBA is also expected to have more summer days with longer 32 

durations, thereby leading to an increasing risk of heatwaves and heat stress.  33 

 34 

Keywords Greater Bay Area; Regional climate; Convection permitting; Temperature; 35 

Precipitation; Extremes 36 

 37 
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1 Introduction 39 

The changing climate leads to increasingly frequent and severe weather extremes in 40 

recent years, which have been widely observed around the world (Fischer and Knutti 41 

2015; Miao et al. 2016). These extreme events have been posing significant threats to 42 

agricultural production, human health, ecosystems and the environment 43 

(Intergovernmental Panel on Climate Change 2013). For example, extreme events such 44 

as floods, droughts, heat waves, and other natural disasters killed over 1.2 million and 45 

affected 2.5 billion people worldwide from 1991 to 2005 (Centre for Research on the 46 

Epidemiology of Disasters 2005). During the same period, conservative estimates 47 

indicate that global natural disasters have caused more than $1.3 trillion dollars in 48 

economic losses associated with damages to properties and crops (Huppert and Sparks 49 

2006; Mayhorn and McLaughlin 2014). Climate simulations and projections play a 50 

crucial role in advancing our understanding of temporal and spatial changes in climate 51 

variables as well as the resulting consequences so as to develop climate change 52 

mitigation and adaptation strategies for reducing potential losses from the climate-53 

induced natural disasters.  54 

Global climate models (GCMs) are recognized as an effective tool to simulate 55 

climate change scenarios (Hagemann et al. 2011; Svensson et al. 2015; Bennett et al. 56 

2016; Pfahl et al. 2017; Sun et al 2017; Wang and Zhu 2020). However, GCMs cannot 57 

be used to simulate regional-scale climate features and variations, especially for 58 

complex terrain such as urban and mountainous regions. Dynamical downscaling is 59 

thus needed to produce the high-resolution climate information for conducting regional 60 

climate change impacts studies. Regional climate models (RCMs) is a typical 61 

dynamical downscaling approach that can transform the coarse-resolution outputs of 62 

GCMs to the higher-resolution climate information. Tremendous efforts have been 63 
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made to conduct high-resolution climate simulations using RCMs over the past decades 64 

(Caldwell et al. 2009; Heikkilä et al. 2011; Lavender and Walsh 2011; White et al. 2013; 65 

Yu et al. 2015; Zhu et al. 2019). Nevertheless, RCMs with a typical spatial resolution 66 

of 25−50 km cannot resolve deep convection and associated precipitation. It is found 67 

that the horizontal resolutions of 25–50 km are insufficient to represent fundamental 68 

and persistent atmospheric processes associated with the convective boundary layer or 69 

the irregular coastlines and topography (Kanamitsu and Kanamaru 2007). Convection 70 

parameterization schemes (Kang and Hong 2008; Clark et al. 2016; Ishida et al. 2020) 71 

are thus used to approximate the convection processes in RCM simulations for 72 

improving the accuracy of dynamical downscaling. However, the convection 73 

parametrization is considered as the major source of model uncertainties and errors, 74 

which may result in the misrepresentation of convective precipitation processes (Prein 75 

et al 2015). 76 

To provide more realistic high-resolution climate information at a regional scale, 77 

especially for complex topographic regions, the convection-permitting modeling (CPM) 78 

has been receiving increasing attention due to its ability to explicitly resolve local-scale 79 

forcing and processes associated with complex topography and land cover in response 80 

to variability in the large-scale atmospheric circulation (Liu et al. 2011; Rasmussen et 81 

al. 2014; Silverman et al. 2013; Kendon et al. 2017; Leutwyler et al. 2017; Liu et al. 82 

2017; Prein et al. 2017; Chan et al. 2018; Wagner et al. 2018; Chen et al 2020; Kouadio 83 

et al. 2020). The CPM with horizontal grid spacing of less than 4 km is able to explicitly 84 

resolve convection without the use of convection parameterization schemes, which 85 

largely improves the representation of orography and variations of surface fields at an 86 

ultra-high spatial resolution. This can be particularly advantageous for urban and 87 

mountainous regions with heterogeneous land surfaces. In addition, dynamical 88 
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downscaling through the nested regional climate modeling system shows relatively 89 

high skills in representing land surface characteristics as well as fine-scale climate 90 

features and extreme events (Frei et al. 2006; Salathe et al. 2008; Brisson et al. 2016). 91 

For example, Zittis et al. (2017) and Qiu et al. (2020) provided evidence that the nested 92 

domain was better able to simulate sharp temperature gradients and extreme rainfall 93 

events. To assess the kilometer-scale CPM with multiple nested grids for performing 94 

regional climate simulations over complex terrain, its added value was thus examined. 95 

According to the Fifth Assessment Report of the Intergovernmental Panel on 96 

Climate Change (IPCC AR5), human society will become much more vulnerable to 97 

weather and climate extremes by the end of the 21st century as a consequence of 98 

continuous global warming, with global temperature increasing by 1.1–6.4 °C relative 99 

to 1980–1999. Moreover, the frequency and intensity of extreme precipitation events 100 

have been obviously increasing in many countries (Bao et al. 2015; Kim et al. 2020; 101 

Kirchmeier-Young and Zhang 2020). The dramatic increases in temperature and 102 

precipitation extremes have a substantial impact on human society, ecosystems, and the 103 

environment. Therefore, projecting and understanding future climate change play an 104 

important role in driving sustainable development initiatives in a warming climate. 105 

The GBA is a city cluster consisting of nine cities in Guangdong Province and 106 

two Special Administrative Regions (Hong Kong and Macau), which is the world’s 107 

largest bay area in terms of land area and population. Along with the Belt and Road 108 

Initiative, the development of the GBA is a major initiative driven by the Chinese 109 

government. The GBA has a typical subtropical monsoon climate with the frequent 110 

occurrence of meteorological disasters caused by extreme weather, and the resulting 111 

economic losses account for more than 80% of total losses from natural disasters (Gao 112 

et al. 2020). Furthermore, the GBA has been increasingly suffering from weather and 113 
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climate extremes due to global warming and rapid urbanization, which has been posing 114 

severe impacts on human society and the environment in populous urban areas 115 

(Hallegatte et al. 2013; Swiss 2013). Little effort has been made to produce reliable 116 

high-resolution climate change information for the GBA. It is thus desired to project 117 

the spatial and temporal evolution of the changing climate and to assess potential 118 

climate change impacts for build a climate-resilient city cluster over the GBA.  119 

For the first time, the multi-decadal convection-permitting climate projection 120 

with horizontal grid spacing of 4 km will be conducted in this study for the GBA with 121 

complex terrain. The nested-grid WRF model simulations with different horizontal 122 

resolutions will be carried out for two different time periods, including a baseline period 123 

from 1980 to 2005 and a future period from 2074 to 2099. The WRF model simulations 124 

will be validated and compared across different spatial resolutions. The added values 125 

of the multi-decadal convection-permitting climate simulation will also be examined 126 

systematically by comparing against observations. In addition, future changes of 127 

precipitation, temperature and their extremes will be projected for the GBA under the 128 

Representative Concentration Pathways 8.5 (RCP8.5) scenario. RCP8.5 corresponds to 129 

a high greenhouse gas emissions pathway, which can be called ‘baseline’ scenario that 130 

does not include any specific climate mitigation target (Riahi et al. 2011). 131 

This paper is organized as follows. Sect. 2 describes the study area, the 132 

experimental design, the evaluation metric, as well as the data source and deposit. Sect. 133 

3 presents the evaluation and comparison of the present-day WRF model simulations 134 

across different spatial resolutions as well as the projected changes of precipitation, 135 

temperature and their extremes. Sect. 4 summarizes the key findings and main 136 

conclusions drawn from this study.  137 

 138 
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2 Experimental Design and Data 139 

2.1 Description of the study area 140 

The GBA is located between 21.3ºN–24.2ºN and 111.2ºE–115.3ºE, which covers nine 141 

cities (Guangzhou, Shenzhen, Zhuhai, Foshan, Huizhou, Dongguan, Zhongshan, 142 

Jiangmen, Zhaoqing) and two Special Administrative Regions of Hong Kong and 143 

Macau. It has a total area of 56,000 km2, with a population of 70 million. The GBA is 144 

the world-class urban agglomeration, which is one of the regions with the strongest 145 

economic influence in China. Climate change has a substantial impact on the 146 

development of regional economy. Thus, an in-depth analysis of climate characteristics 147 

plays an important role in understanding the changing climate and potential 148 

consequences over the GBA, which provides a solid foundation for developing sound 149 

climate change adaptation and mitigation policies.  150 

The GBA has a humid subtropical climate with mild winters (mean temperature 151 

of 14.6 °C) and hot summers (mean temperature of 27.9 °C) as well as plentiful rainfall 152 

(mean precipitation of 5.2 mm/day), which has complex topography and varying natural 153 

conditions (these were calculated based on the weather station data during the period 154 

of 1980−2005, provided by the National Meteorological Information Center of China). 155 

In recent years, the city cluster of the GBA has been suffering from the increasing 156 

extreme events such as heat waves, floods and storm surges induced by the warming 157 

climate, which poses a substantial challenge to the sustainable development of the GBA. 158 

It is thus desired to provide reliable climate information and to advance the 159 

understanding of the changing climate through high-resolution multi-decadal climate 160 

model simulations for building a climate-resilient city cluster over the GBA.  161 

2.2 Convection-permitting modeling 162 

The WRF (Skamarock et al. 2005) model was used to perform the multi-decadal 163 
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convection-permitting climate projections over the GBA and surroundings (hereinafter 164 

referred to as the GBA). The WRF features multiple options for boundary layers, 165 

convection, microphysics, and radiation as well as land surface model choices, with 166 

fully compressible, nonhydrostatic equations solved in the dynamical core, it is thus 167 

suitable for simulating a wide range of scales from thousands of kilometers to a few 168 

meters. Recent studies have shown that the WRF model can be used to downscale the 169 

reanalysis data to a high-resolution horizontal spacing of 4 km (Liu et al. 2017; Prein 170 

et al. 2017; Wang and Wang 2019; Zhang et al. 2019; Kouadio et al. 2020). Due to a 171 

large number of available options related to the model core and physical 172 

parameterization schemes, the WRF model can be configured properly to carry out 173 

long-term climate simulations at a regional scale.  174 

In this study, the WRF model was configured with a two-way scheme of three 175 

nested grids (Figure 1). The parent domain D01 covers a large part of China with 68 × 176 

56 grid points at a 36-km resolution, which can reduce spurious boundary effects in the 177 

inner region (Soares et al. 2014). The nested domain D02 consists of 138×96 grid points 178 

at a resolution of 12 km. The innermost domain D03 that covers the GBA with 216×171 179 

grids has a 4-km grid spacing which is fine enough to explicitly resolve the convection 180 

processes and to better simulate the details of complex terrain such as the coastlines, 181 

mountainous and urban areas (Kouadio et al. 2020). In two-way nesting, the coarse- 182 

and fine-resolution simulations are run simultaneously. The coarse-resolution 183 

simulation provides boundary values for the fine domain, and the fine-resolution 184 

simulation feeds its calculation back to the coarse domain. Such a two-way nesting 185 

strategy is able to bring the mesoscale information back from the D03 to upper domains, 186 

which is also expected to improve the D01 and D02 performance. The number of 187 

vertical levels in the WRF model was 21, with the 50 hPa model top. The initial and 188 
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lateral boundary conditions were provided by the ERA-Interim reanalysis product at 189 

the 0.75º × 0.75º resolution and were updated every 6 hours.  190 

The WRF model was configured properly with the Kain-Fritsch cumulus 191 

parameterization (Kain and Fritsch 1992; Kain 2004), the Yonsei University planetary 192 

boundary scheme (Hong and Pan 1996), the Monin-Obukhov similarity surface layer 193 

scheme (Jimenez et al. 2012), the Rapid Radiative Transfer Model long-wave radiation 194 

schame (Mlawer et al. 1997; Iacono et al. 2008), and the Dudhia short-wave radiation 195 

schame (Dudhia 1989). Three domains share the same physics parameterizations except 196 

that in the innermost domain D03, convective parameterization is not activated to allow 197 

explicit convection. Cloud microphysical processes can affect the conditions for the 198 

occurrence and development of cumulus convection by adjusting temperature and 199 

humidity, and subsequently influence the prediction of precipitation (Lohmann and 200 

Roeckner 1996; Morrison and Gettelman 2008). Therefore, choosing different cloud 201 

microphysics schemes has a substantial impact on the performance of precipitation 202 

simulation. As a result, three different cloud microphysics schemes were examined 203 

through sensitivity analysis, including the Lin scheme (Lin et al. 1983), the WRF 204 

Single-Moment (WSM) 3-class simple ice scheme, and the WRF Single-Moment 205 

(WSM) 5-class scheme (Hong et al. 2006).  206 

To identify the optimal cloud microphysics scheme, a sensitivity investigation 207 

was conducted based on a 3-month simulation for the summer season (from June 1 to 208 

August 31, 1981). Temporal variations of temperature and precipitation were examined 209 

for each sensitivity experiment by comparing against observations under various 210 

microphysics parameterizations. As shown in Figure 2, the temporal variations of 211 

temperature generated using different microphysics parameterizations are similar to 212 

each other, and all the resulting curves match well with observations. Since there is a 213 
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slight difference between these microphysics parameterizations, it is difficult to identify 214 

an optimal scheme based on the performance of temperature simulation. In comparison, 215 

precipitation is more sensitive to microphysics parameterizations, thereby leading to a 216 

substantial difference in the temporal variations of daily precipitation. Even though all 217 

different microphysics parameterizations capture the overall trend of daily precipitation, 218 

there are different levels of ability in capturing heavy precipitation days. It can be seen 219 

that the WSM5 outperforms Lin and WSM3 in terms of the accuracy in simulating 220 

heavy precipitation. The WSM5 scheme was thus selected as the optimal cloud 221 

microphysics parameterization of the WRF model. 222 

The multi-decadal convection-permitting climate projection for the future 223 

period of 2074−2099 was also forced with the ERA-Interim reanalysis product, and the 224 

initial and boundary conditions were consecutively perturbed using the Pseudo-Global 225 

Warming (PGW) technique (Liu et al. 2017). The perturbed physical fields include 226 

temperature, geopotential, specific humidity, horizontal wind, sea surface temperature, 227 

sea level pressure, and soil temperature. As shown in Eq. (1), the climate perturbation 228 

was estimated through a multi-model ensemble mean climate change signal. The ERA-229 

Interim reanalysis product was then perturbed every 6 hours by the derived climate 230 

change signal to provide the WRF model with initial and boundary conditions for the 231 

future climate projection. The future climate projection was developed based on the 232 

outputs of the Coupled Model Intercomparison Project Phase 5 (CMIP5) GCMs under 233 

the emission scenario of RCP8.5. 234 

WRFinput = ERA-Interim + (CMIP52071−2100 − CMIP51976−2005).                  (1) 235 

To minimize the influence of model uncertainties in quantifying the climate response 236 

to future greenhouse gas forcing, we used a multi-model ensemble mean climate 237 

difference between past and future periods. A total of 10 CMIP5 GCMs were selected 238 
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based on their performance in simulating the climate over China. Details of these 10 239 

GCMs are provided in Table S1 of the supplementary material.  240 

2.3 Evaluation metric 241 

The WRF model climate simulations were evaluated based on weather station data 242 

(Table S2 of the supplementary material). The model outputs with three nested grids 243 

(36-, 12- and 4-km) match the grid data to the corresponding or nearest station. To 244 

assess the performance of climate simulations across different resolutions, the added 245 

value (AV) was computed using Eq. (2) proposed by Di Luca et al. (2013): 246 

2 2

1 2

2 2

1 2

( ) ( )

(( ) , ( ) )

M O M O
AV

Max M O M O

  


 
                       (2) 

247 

where M1 is the WRF-simulated values with the relatively coarse resolution, M2 denotes 248 

the WRF-simulated values with the relatively high resolution, and O is the 249 

observational data obtained from weather station data. The AV is positive when the M2’s 250 

squared error is smaller than the M1’s one and negative otherwise. The positive values 251 

suggest an improvement of model performance by M2, while the negative values 252 

indicate that M2 degrades model performance achieved by M1. 253 

2.4 Data source and deposit 254 

The APHRODITE dataset (Yatagai et al. 2012) is equipped with two different 255 

resolutions (0.25° and 0.5°) of daily precipitation and temperature during 1951–2018, 256 

and the dataset is provided for several regions of Asian. This dataset is created by 257 

collecting and analyzing gauge observations across Asia through the activities of the 258 

APHRODITE’s water resources project. To validate the WRF model simulations, the 259 

0.25º × 0.25º daily gridded precipitation and temperature datasets were collected from 260 

APHRODITE and ERA-Interim reanalysis product for the period 1980–2005. Apart 261 

from these datasets, the ground-based observations of daily precipitation and 262 
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temperature were collected from weather stations over the study area to compute the 263 

added values of the WRF-4km simulation in comparison with WRF-12km and WRF-264 

36km simulations, which are considered more reliable than other reanalysis products. 265 

The meteorological data was provided by the National Meteorological Information 266 

Center of China (http://data.cma.cn/site/index.html).  267 

A web-based data portal, known as China’s Greater Bay Area Climate Data 268 

Portal (GBAcdp), was also developed in this study to make the simulated and projected 269 

climate information available to the public (http://www.gbacdp.cn/). The GBAcdp 270 

provides visual representations of the convection-permitting WRF model outputs in the 271 

forms of long-term trends, averages, and extremes using interactive web maps, which 272 

enables both technical and nontechnical users to have an easy access to the high-273 

resolution climate data. The home page of the GBAcdp was designed with a user-274 

friendly layout. And a number of auxiliary functions were provided to facilitate map 275 

viewing or downloading the data for the selected area.  276 

As shown in Figure 3a, the GBAcdp consists of three main modules: user access, 277 

main panel, and map overview. The user access module is designed to facilitate quick 278 

and easy access to the data portal. The access to GBAcdp is free of charge and without 279 

a login requirement, but users are required to create an account to download data. The 280 

main panel provides an easy way for users to view different pages and data. And the 281 

map overview allows users to efficiently view high-resolution maps of climatic 282 

variables (e.g., temperature and precipitation) over the GBA. Specifically, users can 283 

freely explore the interactive maps with more than 30,000 grids over the GBA. In 284 

addition, the average annual climatic variables are derived for the historical period of 285 

1980−2005 and the future period of 2074−2099, which are shown in the form of time 286 

series for each of 11 cities over the GBA. As shown in Figure 3b, the GBAcdp can 287 
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provide the time series of average annual precipitation and temperature for each GBA 288 

city, which allows users to download the time series data. Temporal and spatial changes 289 

in climate variables play an important role in addressing climate change mitigation and 290 

adaptation. More gridded datasets of climatic variables and extreme indices will be 291 

released in the near future to facilitate the strengthening of research and policy on 292 

adaptation to climate change over the GBA. 293 

 294 

3 Results and Discussion 295 

3.1 Evaluation of precipitation and temperature simulations with three nested 296 

grids 297 

To evaluate the performance of the WRF model with three nested grids, the WRF 298 

simulations with horizontal grid spacing of 36 km (WRF-36km), 12 km (WRF-12km), 299 

and 4 km (WRF-4km) were compared against each other over the GBA (domain D03). 300 

Figure 4 shows the comparison of absolute and relative model biases for the average 301 

daily precipitation simulations with 36-, 12- and 4-km resolutions. It can be seen that 302 

all simulations exhibit a consistent spatial pattern of model biases, which shows a wet 303 

bias of 3 mm/day in the north of the GBA and a dry bias of 2 mm/day in the south. 304 

Specifically, the WRF-36km and WRF-12km simulations exhibit a domain-averaged 305 

wet bias of 1.7 and 1.5 mm/day, respectively. In contrast, the WRF-4km simulation 306 

shows a relatively small domain-averaged wet bias of 0.4 mm/day. These indicate that 307 

the convection-permitting WRF-4km simulation is able to better capture daily 308 

precipitation over the GBA due to the explicit representation of convection processes 309 

associated with orographic features in comparison with the WRF-36km and WRF-310 

12km simulations.  311 

Figure 5 assesses the skill of the WRF model in simulating seasonal 312 



14 
 

precipitation across different resolutions over the GBA. In comparison, the WRF-4km 313 

simulation has better representation of both spatial and temporal evolution of 314 

precipitation in spring and summer, with a smaller model bias (Figure 5a). The 315 

distribution of seasonal daily precipitation also shows better performance of the WRF-316 

4km in simulating spring and summertime precipitation (Figure 5b). However, the WRF 317 

model with different spatial resolutions shows similar biases in simulating winter and 318 

autumn precipitation over the GBA. These are further confirmed by the Taylor diagram 319 

(Figure 6) that shows the correlation coefficient (COR), standard deviation (SD), and 320 

root-mean-square error (RMSE) between simulated and observed precipitation patterns 321 

in a graphical way. The WRF model with different resolutions exhibits similar 322 

performance in simulating the spatial distribution of autumn precipitation. Except for 323 

the autumn precipitation simulation, the convection-permitting WRF-4km simulation 324 

shows better skills of reproducing the spatial pattern of seasonal precipitation, 325 

especially for the spring and summertime precipitation simulations with the higher 326 

CORs and the lower RMSEs compared to those derived from the WRF-36km and WRF-327 

12km simulations. This verifies that the convection-permitting climate simulation is 328 

crucial to improving the accuracy of capturing the precipitation patterns in warm 329 

seasons (MAM and JJA). 330 

Figure 7 shows the comparison of simulated and observed monthly and annual 331 

precipitation time series. Our findings indicate that the WRF simulations with three 332 

different resolutions are able to capture the interannual variations in precipitation over 333 

the GBA, with the maximum monthly precipitation observed in June and a predominant 334 

increase in annual precipitation from 1991 to 1992. The WRF simulations have wet 335 

biases from March to September, with a maximum bias of 3.9 mm/day in June derived 336 

from the WRF-36km simulation. This is mainly due to a considerable overestimation 337 
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in the simulated summertime precipitation in the north of the GBA. In comparison, the 338 

temporal variations of monthly and annual precipitation simulated with the 4-km 339 

resolution are in better agreement with observations, thereby leading to smaller biases 340 

than those generated from the WRF-36km and WRF-12km simulations.  341 

In addition to the evaluation of precipitation simulations across different 342 

temporal scales, the skill of the WRF model in simulating surface air temperature was 343 

also examined across three different resolutions. Figure 8 depicts the spatial patterns of 344 

absolute and relative model biases for the daily mean temperature simulations with 36-, 345 

12- and 4-km resolutions. In general, the spatial distributions of simulated daily mean 346 

temperatures are similar across different resolutions. Due to the orographic features, 347 

daily temperatures are characterized by a north–south gradient over the GBA. As 348 

expected, the temperature is relatively low for the mountainous areas at high altitudes. 349 

The temperature increases gradually from north to south, which is consistent with the 350 

changing trend of the observed temperature. In comparison, the WRF model with the 351 

4-km spatial resolution is able to produce more details (e.g., small-scale hotspots of low 352 

temperatures in the north, as shown in Figure S1) in the spatial pattern of temperature 353 

changes, whereas the WRF-36km simulation shows much less details in the varying 354 

temperature pattern. As depicted in Figure 8, the differences of daily mean temperatures 355 

simulated across different resolutions are rather small. Specifically, the WRF-4km 356 

simulation has the domain-averaged absolute and relative model biases of –0.4 °C and 357 

–1.9%, respectively. In comparison, the WRF-36km and WRF-12km simulations 358 

generate slightly larger domain-averaged model biases. Overall, increasing the spatial 359 

resolution of the WRF model does not necessarily lead to a significant improvement on 360 

daily temperature simulations over the GBA due to the rather small differences of daily 361 

mean temperatures simulated across different resolutions. Likewise, the convection-362 
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permitting climate simulation does not show a pronounced improvement on seasonal 363 

temperature simulations (Figure 9). The similar biases and distributions of simulated 364 

seasonal temperatures are derived from the WRF model simulations with different 365 

spatial resolutions. 366 

Figure 10 depicts a comparison between simulated and observed time series of 367 

monthly and annual mean temperatures for the period from 1980 to 2005. It can be seen 368 

that there is an underestimation in the simulated monthly mean temperature across all 369 

resolutions, with the relatively large bias that appears from June to September. Such a 370 

dry bias is partly due to an underestimation of summertime temperatures simulated at 371 

different resolutions. Overall, the differences among three different simulations are 372 

rather small, and the annual temperature curves match well with each other. As for the 373 

trend of annual mean temperature, the WRF-36km and WRF-12km simulations show 374 

an underestimation during the period from 1980 to 2005, with relatively large biases 375 

that appear in 1998 (0.8 °C) and 2003 (0.9 °C). In contrast, the WRF-4km simulation 376 

is much closer to the observation, with an average bias of 0.1 °C. This indicates that the 377 

convection-permitting WRF-4km shows higher skills of capturing the monthly and 378 

annual mean temperature trends when compared with WRF-36km and WRF-12km.  379 

3.2 Added values of precipitation and temperature simulations 380 

To further examine the skills of the convection-permitting WRF model, we assess the 381 

added values (AVs) of the WRF-4km simulation of annual and summer precipitation 382 

and temperature relative to the WRF-36km and WRF-12km simulations. As shown in 383 

Figure 11, the AVs of the WRF-4km simulation against the WRF-36km and WRF-12km 384 

simulations are computed using the weather station data as the reference dataset. Most 385 

AVs of the WRF-4km against the WRF-36km are positive (Figures 11b and d), 386 

indicating that the WRF-4km has better skills of simulating precipitation. Compared 387 
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with the WRF-36km simulation, there is a relatively small improvement of the WRF-388 

4km against the WRF-12km (Figures 11a and c). It should be noted that the WRF-4km 389 

simulation shows a pronounced improvement in the northwest of the GBA in summer, 390 

especially for the WRF-4km simulation against the WRF-36km simulation in which a 391 

considerable wet bias exists due to a large overestimation in the High Plains during the 392 

summer season (Figure 4). Generally, the summertime precipitation is rather difficult 393 

to simulate since precipitation is concentrated in the summer months when the monsoon 394 

prevails, which could result in a considerable bias of annual precipitation simulation. 395 

Thus, improving the simulation of warm-season precipitation plays a crucial role in 396 

improving the reliability of precipitation simulation. It is also important to note that the 397 

WRF-4km shows better skills of simulating precipitation over the northwest parts of 398 

the GBA, indicating that the convection-permitting WRF model is able to improve the 399 

representation of precipitation pattern over complex terrain.  400 

Compared with precipitation simulations, there is no apparent differences in 401 

temperature simulations across different resolutions. Figures 11e-h show the AVs of 402 

annual and summertime temperature simulations. On average, there is no obvious 403 

improvement by the WRF-4km simulation compared to the WRF-36km and WRF-404 

12km simulations. These indicate that the use of the convection permitting WRF model 405 

can lead to a noticeable improvement on precipitation simulations but not necessarily 406 

for simulating temperatures over the GBA.  407 

3.3 Evaluation of extreme precipitation and temperature simulations 408 

In addition to a thorough evaluation of daily, seasonal and annual precipitation and 409 

temperature simulations across different resolutions, the WRF model simulations of 410 

precipitation and temperature extremes were also assessed using various extreme 411 

indices. The precipitation extreme indices include the simple daily intensity index (SDII) 412 



18 
 

and the consecutive wet days (CWD). The temperature extreme indices include the 413 

number of summer days (SU) and the consecutive summer days (CSU). A detailed 414 

description of precipitation and temperature extreme indices is provided in Table 1. 415 

3.3.1 Extreme precipitation 416 

The precipitation extreme indices (SDII and CWD) derived from the WRF simulations 417 

with different resolutions (WRF-36km, WRF-12km, and WRF-4km) are validated 418 

against those derived from observations. As shown in Figures 12a-c, all WRF 419 

simulations tend to overestimate the values in most areas of the GBA. In contrast, the 420 

WRF-4km simulation improves the representation of the SDII by reducing the positive 421 

bias in the north. According to regional statistics of the SDII derived from different 422 

simulations and the observation (see Figure S2 of the supplementary material), the 423 

WRF-4km simulation shows the best performance, with the domain-averaged SDII of 424 

12.5 mm/day which is closest to the observational data (13.7 mm/day). As for the CWD, 425 

it can be seen that all simulations have a similar spatial distribution with relatively small 426 

biases in the central part of the GBA and relatively large biases in the southwest. In 427 

contrast, the WRF-4km simulation is able to reduce the biases of the domain-averaged 428 

CWD, especially for the considerable biases in the southwest. Overall, there is a 429 

consistent pattern of model biases of SDII and CWD simulated across different 430 

resolutions, but the WRF-4km simulation has a pronounced improvement on the 431 

representation of extreme precipitation indices (SDII and CWD) over the GBA. 432 

Figure 13 presents the frequency distribution of simulated and observed daily 433 

precipitation with different intensities. Daily precipitation is divided into 10 categories, 434 

including 0−5, 5−10, 10−15, 15−20, 20−30, 30−40, 40−50, 50−60, 60−70, and 70−80 435 

mm/day. Compared with the observational data, the WRF-4km simulation shows a 436 

relatively large overestimation on the frequency of daily precipitation ranging from 0 437 
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to 5 mm/day and underestimation on those from 5 to 30 mm/day, while the WRF-36km 438 

and WRF-12km simulations are closer to the observation (see Table S3 of the 439 

supplementary material). Nevertheless, the WRF-4km shows much better skills in 440 

capturing the frequency of daily precipitation over 30 mm/day compared to the WRF-441 

36km and WRF-12km simulations. This reveals that precipitation extremes are 442 

sensitive to the improvement of model resolution and the representation of convection 443 

processes. Thus, the convection-permitting model has higher skills of capturing heavy 444 

rainfall events, especially for extreme heavy rainfall events with daily amounts larger 445 

than 30 mm over the GBA.  446 

3.3.2 Extreme temperature 447 

Figure 14 depicts the absolute biases of the climatologically averaged counts of SU and 448 

CSU derived from the WRF model simulations across different resolutions over the 449 

GBA. Compared with the WRF-36km and WRF-12km simulations, the WRF-4km 450 

simulation generates smaller biases of SU and CSU, especially for the central part of 451 

GBA. The domain-averaged SU and CSU derived from the WRF-4km simulation are 452 

96 and 42 days, respectively. These are in better agreement with the observation in 453 

comparison with those derived from the WRF-36km and WRF-12km simulations (see 454 

Figure S3 of the supplementary material). 455 

Figure 15 depicts the comparison in the frequencies of simulated and observed 456 

daily mean temperatures as well as the observation over the GBA. When the daily mean 457 

temperature ranges from 20 to 25 °C, the WRF model simulations with three different 458 

resolutions are in agreement with the observation, thereby leading to a relatively small 459 

bias. In comparison, the WRF-4km shows better skills in capturing daily mean 460 

temperatures higher than 28 °C. This suggests that the convection-permitting model is 461 

able to better simulate the high and extreme temperature events even though there is a 462 
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general underestimation for all simulations across different resolutions. 463 

3.4 Projected changes in precipitation and temperature 464 

Future changes in precipitation and temperature over the GBA are projected for the 465 

period of 2074–2099 relative to the reference period of 1980–2005. Figure 16 shows 466 

the spatial distributions of the percentage changes in the annual and seasonal 467 

precipitation by the end of the 21st century. The annual precipitation over most parts of 468 

the GBA is projected to increase slightly for all simulations with different resolutions. 469 

Specifically, the domain-averaged percentage increase in the annual precipitation is 470 

projected to be 2.1% from the WRF-36km simulation, 2.4% from the WRF-12km 471 

simulation, and 4.8% from the WRF-4km simulation, respectively.  472 

The signal of changes in seasonal precipitation is more pronounced for different 473 

areas of the GBA. The most pronounced decrease of up to 50% is expected to appear 474 

in the west of the GBA during the summer season, whereas winter, spring, and autumn 475 

precipitation amounts are projected to generally increase for all simulations. In 476 

comparison, the magnitude of increase derived from the WRF-4km simulation is 477 

stronger than those from the WRF-36km and WRF-12km simulations, with the domain-478 

averaged values of up to 42.7% in spring and 17.6% in winter. These indicate that the 479 

wetting trend over the GBA can be enhanced by the convection-permitting simulation. 480 

Furthermore, the autumn precipitation from the WRF-4km simulation shows a positive 481 

change of 25.8%, while the WRF-36km and WRF-12km simulations show a negative 482 

change of 9.8% and 10.8%, respectively. Such large positive changes in winter, spring 483 

and autumn precipitation are mainly due to the fact that the convection-permitting 484 

simulation has better skills of simulating extreme rainfall events. For example, the 485 

WRF-4km simulation projects a maximum positive change of up to 80% in the north 486 

of the GBA, whereas the WRF-36km and WRF-12km simulations show a maximum 487 
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positive change over the same region but with much smaller values (40% and 50%), as 488 

shown in Figures 16 m-o. Although the annual and seasonal precipitation show different 489 

growth rates across different resolutions, the overall trends are increasing in winter, 490 

spring, and autumn over the GBA.  491 

As shown in Table 2, the rainfall events are divided into six categories, including 492 

wet days (above 1 mm/day), light rain (1–10 mm/day), medium rain (10–25 mm/day), 493 

large rain (25–50 mm/day), heavy rain (50–80 mm/day), and extreme heavy rain (> 80 494 

mm/day). The occurrence of precipitation intensity below 1 mm/day is projected to 495 

decrease considerably for all simulations, with a decline of 5–31 days. In contrast, the 496 

frequencies of heavy precipitation (in the range between 50 and 80 mm/day) and 497 

extreme heavy precipitation (above 80 mm/day) are projected to generally increase. For 498 

example, a total of 4.4 days is expected to experience extreme heavy rainfall events 499 

based on the WRF-4km simulation, which is larger than the number of extreme heavy 500 

rain days (3.6 days) occurred during 1980–2005. Furthermore, more extreme heavy rain 501 

days are projected by the WRF-4km simulation (4.4 days) compared to those from the 502 

WRF-36km (2.8 days) and WRF-12km (3.2 days) simulations, as shown in Table 2. 503 

Overall, except for summertime precipitation, the amount of future rainfall is projected 504 

to increase over the GBA, especially in spring. In addition, the heavy and extreme heavy 505 

rainfall events will increase even though the number of wet days is projected to decrease 506 

by the end of 21st century. These imply a potential increase in flood risk as a result of 507 

the increasing extreme heavy rainfall events over the GBA. 508 

As for the temperature projection, most parts of the GBA are expected to 509 

experience a considerable temperature rise of 2.5 to 5.5 °C by the end of this century 510 

under the RCP8.5 scenario. All simulations consistently project a domain-averaged 511 

increase of 3.7 °C in the annual mean temperature (Figure 17). In addition, the GBA is 512 



22 
 

expected to experience a large temperature change across different seasons, and an 513 

enhanced warming will occur in autumn, with a domain-averaged increase of over 4 °C. 514 

In comparison, warming will be less pronounced in spring, with a relatively small 515 

increase of 3 °C. Overall, the greatest temperature rise is expected in the northern part 516 

of the GBA in all seasons, while the southern part will experience a relatively small 517 

increase. There will be a domain-averaged temperature increase of over 3 °C based on 518 

all simulations with different resolutions. Such a large increase in temperature will have 519 

dramatic adverse impacts on human society and nature systems. Urgent actions are thus 520 

needed to mitigate global warming, and adaptation measures should also be integrated 521 

into the GBA development strategies to enhance society’s resilience to extreme weather 522 

and climate events under global warming. 523 

3.5 Projected changes in precipitation and temperature extremes 524 

Figure 18 depicts the projected changes of extreme precipitation and temperature 525 

indices over the GBA. On average, the SDII is projected to increase over most parts of 526 

the GBA, while the CWD is expected to generally decrease, except for a predominant 527 

increase in the northwest of the GBA. Specifically, the SDII is projected to increase by 528 

up to 1.8 mm/day, which makes a positive contribution to the increase in the annual 529 

precipitation. However, the number of wet days is projected to decrease, indicating that 530 

the expected increase in total precipitation is mainly due to the increase in precipitation 531 

intensity rather than the change in precipitation frequency. Although the precipitation 532 

intensity is expected to increase in the future, the duration of precipitation will decrease 533 

owing to the domain-averaged negative change of CWD. As shown in Figures 18 a-c, 534 

the CWD is projected to decrease by nearly 2 days. Overall, an increase in the amount 535 

of precipitation but a decrease in the number of rain days imply an increasing intensity 536 

of rainfall events over the GBA. The projected changes in heavy precipitation provide 537 
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meaningful insights into the flood risk assessment, which plays a crucial role in 538 

facilitating policymakers and stakeholders to develop adaptation strategies for reducing 539 

potential damages caused by extreme rainfall events. 540 

In addition to the future projection of precipitation extremes, both the frequency 541 

and duration of extreme temperature are projected to increase over the GBA. 542 

Specifically, the domain-averaged SU values are projected to increase by more than 70 543 

days by the end of the 21st century, and the relatively large changes will mostly occur 544 

in the north of the GBA. This indicates that the northern part of the GBA is expected to 545 

experience the daytime temperatures above 25 °C during the entire summer season. As 546 

for the CSU, there is a noticeable difference in model simulations with different 547 

resolutions. The WRF-4km simulation shows an increase of up to 69 summer days 548 

relative to the reference period (1980–2005), which is more than those from the WRF-549 

36km (58 days) and WRF-12km (66 days) simulations. Based on the convection-550 

permitting simulation, therefore, the GBA is projected to experience more summer days 551 

and longer consecutive summer days. Such an increase in both frequency and duration 552 

of summer days is expected to lead to an increase of heatwaves as well as a rising risk 553 

of heat stress, which will have substantial negative impacts on agricultural production, 554 

water supply, and human health.  555 

 556 

4 Summary and conclusions 557 

For the first time, the multi-decadal convection-permitting climate projections with 558 

horizontal grid spacing of 4 km were developed for the GBA with complex terrain. 559 

Three nested-grid climate simulations with 36-, 12- and 4-km resolutions were carried 560 

out and compared against each other in order to explicitly evaluate the performance of 561 

the WRF model in regional climate simulations for the GBA across different spatial and 562 
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temporal scales. Future changes in precipitation, temperature and their extremes are 563 

also projected for the period of 2074–2099 relative to the reference period of 1980–564 

2005. 565 

Our findings reveal the added values of the convection-permitting climate 566 

simulations with the 4-km resolution for reproducing the spatial pattern of precipitation, 567 

especially for the spring and summertime precipitation as well as extreme heavy rainfall 568 

events with daily amounts larger than 30 mm over the GBA. Even though the the 569 

convection-permitting climate simulation is able to produce more details in the spatial 570 

pattern of temperature changes, there is no obvious difffenence in biases and 571 

distributions of temepratures simulated across different resolutions. This indicates that 572 

increasing the spatial resolution of the WRF model does not necessarily lead to a 573 

significant improvement on temperature simulations over the GBA. In contrast, the 574 

convection-permitting WRF model is able to better simulate the high and extreme 575 

temperature events even though there is a general underestimation for all simulations 576 

across different resolutions.  577 

Future climate projections indicate that the GBA is expected to experience an 578 

increasing number of heavy and extreme heavy rainfall events by the end of the 21st 579 

century, implying a potential increase in flood risk over the GBA. The overall trends in 580 

the annual and seasonal precipitation are also increasing except for the summertime 581 

precipitation, and the wetting trend can be enhanced by the convection-permitting 582 

climate simulation. In addition, the GBA is expected to experience a large temperature 583 

change across different seasons, and an enhanced warming will appear in autumn, with 584 

a domain-averaged increase of over 4 °C. The northern part of the GBA is expected to 585 

experience the greatest temperature rise, while the southern part will experience a 586 

relatively small increase. Overall, the GBA is projected to experience more summer 587 
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days with longer durations. Such an increase in both frequency and duration of summer 588 

days will lead to an increase in the risks of heatwaves and heat stress.     589 

It should be noted that the convection-permitting climate projections were 590 

developed in this study under the business-as-usual scenario of RCP8.5. The warming 591 

trends and climate-related risks would be reduced under the other scenarios such as the 592 

most aggressive mitigation scenario of RCP2.6. In addition, the ultra-high resolution 593 

meteorological observations (e.g., precipitation) or reanalysis products are much 594 

needed to better evaluate the convection-permitting climate simulations with horizontal 595 

grid spacing of 4 km over the GBA.     596 
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Figure 1. (a) The WRF model domain with three nested grids (D01, D02, and D03) and 865 

terrain heights (m). The horizontal grid spacings of three nested grids include 36 km 866 

(D01), 12 km (D02), and 4 km (D03), respectively. (b) The innermost domain D03 867 

(GBA) with the 4-km resolution includes the Guangdong-Hong Kong-Macao Greater 868 

Bay Area (indicated in red line) and surroundings.  869 
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Figure 2. Temporal variations of daily temperature and precipitation simulated using 872 

different microphysics parameterizations for the summer season from June 1, 1981 to 873 

August 31, 1981. 874 
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Figure 3. The web layout of China’s Greater Bay Area Climate Data Portal (GBAcdp). 879 
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Figure 4. Spatial distributions of (a, b, c) absolute and (d, e, f) relative model biases for 883 

average daily precipitation simulations with 36-, 12- and 4-km resolutions. Δ denotes 884 

the domain-averaged bias between simulations at different resolutions and observation 885 

during the period of 1980 − 2005.  886 
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Figure 5. (a) Absolute model biases of seasonal precipitation. (b) Boxplots of seasonal 889 

daily precipitation.  890 
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Figure 6. Comparison of seasonal precipitation simulations across different spatial 894 

resolutions during 1980–2005. 895 
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Figure 7. Comparison of simulated and observed average monthly and annual 899 

precipitation. 900 
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Figure 8. Spatial distributions of (a, b, c) absolute and (d, e, f) relative model biases for 903 

daily mean temperature simulations with 36-, 12- and 4-km resolutions. Δ denotes the 904 

domain-averaged bias. 905 
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Figure 9. (a) Absolute model biases of seasonal mean temperature. (b) Boxplots of 908 

seasonal mean temperature. 909 
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Figure 10. Comparison of simulated and observed monthly and annual mean 912 

temperatures. 913 
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Figure 11. The added values (AVs) of the WRF-4km simulations of annual and summer 916 

precipitation (a, b, c, d) and temperature (e, f, g, h) relative to the WRF-12km and WRF-917 

36km simulations. The weather station data is used as a reference dataset. 918 

 919 

  920 



49 
 

 921 

Figure 12. Spatial distributions of absolute model biases for average values of 922 

precipitation indices (a, b, c) SDII and (d, e, f) CWD for WRF-36km, WRF-12km and 923 

WRF-4km, as well as the observation. 924 
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 929 

Figure 13. Frequencies of simulated and observed daily precipitation with different 930 

intensities (unit of axis x: mm/day). 931 
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 933 

Figure 14. Spatial distributions of absolute model biases for average values of 934 

temperature indices (a, b, c) SU and (d, e, f) CSU derived from the WRF-36km, WRF-935 

12km and WRF-4km simulations, as well as the observation. 936 
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Figure 15. Frequencies of simulated and observed daily mean temperatures (unit of 939 

axis x: ℃). 940 
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Figure 16. Spatial distributions of the percentage changes in the annual and seasonal 944 

precipitation during the future period of 2074−2099 relative to the period of 1980–2005. 945 
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 950 

Figure 17. Spatial distributions of the changes in the annual and seasonal temperature 951 

by the end of the 21st century relative to the period of 1980–2005.  952 
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 953 

Figure 18. Spatial distributions of the changes in the precipitation and temperature 954 

indices by the end of the 21st century relative to the period of 1980–2005. 955 
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Table 1 Extreme precipitation and temperature indices 960 

Category Index Descriptive name Definitions Units 

Precipitation SDII Simple daily intensity 

index 

The daily mean intensity of a time 

series of daily precipitation amounts 

at wet days 

mm/day 

CWD Consecutive wet days The largest number of consecutive 

wet days of a time series of daily 

precipitation 

days 

Temperature SU Summer days The number of days where 

TX > 25 ℃ 

days 

CSU Consecutive summer 

days 

The largest number of consecutive 

summer days of a time series of daily 

temperature 

days 
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Table 2 Number of days for various categories of precipitation with different intensities 963 

Time Resolution 

Wet days 

(above 1 

mm/day) 

Light rain 

(1-10 

mm/day) 

Medium rain 

(10-25 

mm/day) 

Large rain 

(25-50 

mm/day) 

Heavy rain 

(50-80 

mm/day) 

Extreme 

heavy rain 

(above 80 

mm/day) 

1980-

2005 

WRF-4km 92.1 54.0 19.1 10.9 4.6 3.6 

WRF-12km 121.3 70.2 27.6 14.6 4.3 3.5 

WRF-36km 142.0 73.1 32.8 15.9 4.1 2.7 

2074-

2099 

WRF-4km 87.7 50.7 17.4 10.3 4.8 4.4 

WRF-12km 90.8 57.6 16.9 9.3 4.5 3.2 

WRF-36km 101.5 65.7 19.0 10.0 4.1 2.8 

 964 




