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 40 

Supplementary Notes  41 

Supplementary Note 1. Simulation settings 42 

We used the open-source Weather Research and Forecasting model coupled with 43 

Chemistry (WRF-Chem, version 4.2.2)¹ to simulate the spatiotemporal variations of 44 

surface shortwave solar radiation, air temperature (Ta), total cloud cover (TCC), and 45 

aerosol optical depth (AOD) across China during summer at five-year intervals from 2015 46 

to 2060. The model domain covers China and surrounding regions at a horizontal resolution 47 

of 10 km × 10 km, with 41 vertical layers of variable thickness extending from the surface 48 

to 10 hPa. A double-nested grid configuration was adopted, consisting of outer and inner 49 

domains at 50 km and 10 km resolution, respectively (Supplementary Fig. 1), with hourly 50 

output frequency. 51 

 52 

The simulations were driven by monthly emissions from the Dynamic Projection model 53 

for Emissions in China (DPEC, version 1.1)² for the carbon-neutral scenario at five-year 54 

intervals (0.25° × 0.25° resolution). Meteorological initial and boundary conditions were 55 

obtained from a 6-hourly, bias-corrected, multi-model integrated CMIP6 dataset³, 56 

constructed as the ensemble mean of 18 GCMs (1.25° resolution). Chemical initial and 57 

boundary conditions were derived from the MOZART-4 global chemical transport model⁴. 58 

A summary of all input datasets is provided in Supplementary Table 1. 59 

 60 

The following physical parameterization schemes were employed in WRF-Chem: the 61 

improved Morrison two-moment microphysics scheme⁵, RRTMG longwave and 62 

shortwave radiation schemes⁶, revised Monin–Obukhov surface layer scheme⁷, Grell 3D 63 

ensemble cumulus parameterization⁸, RUC land surface model⁹, and Shin–Hong planetary 64 

boundary layer scheme¹⁰. Parameters used for PV power calculations and associated losses 65 

are provided in Supplementary Tables 2 and 3.  66 

 67 

Supplementary Note 2. Simulation validation  68 
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To evaluate the reliability of simulated global horizontal irradiance (GHI), direct normal 69 

irradiance (DNI), diffuse horizontal irradiance (DHI), and air temperature (Ta) for the 70 

summers of 2015 and 2020, we compared model outputs with hourly observations from 71 

national meteorological stations. The number of stations measuring DNI and DHI is 72 

considerably lower than those for GHI, and fewer Ta observations were available in 2015 73 

than in 2020. 74 

 75 

We calculated correlation coefficient (R), root-mean-square error (RMSE), mean bias 76 

(MB), normalized mean bias (NMB), and index of agreement (IOA) using monthly 77 

averaged model outputs and observations for June–August of 2015 and 2020 78 

(Supplementary Table 4). 79 

 80 

Correlation coefficients between simulations and observations for GHI, DNI, DHI, and Ta 81 

were all above 0.61 and statistically significant at the 99.9% confidence level. IOA values 82 

exceeded 0.73 for all variables, indicating strong agreement in the spatiotemporal 83 

variability of surface radiation and temperature. The model generally overestimates GHI, 84 

DNI, DHI, and Ta, with the largest biases for GHI and DNI. RMSE and MB for DHI and 85 

Ta are relatively small (NMB ≈ 1%), whereas GHI and DNI exhibit larger errors (NMB 86 

up to 16%). These biases likely stem from uncertainties in simulated TCC and AOD, which 87 

in turn reflect limitations of the driving GCM and emission inventory. 88 

 89 

Supplementary Note 3. Interannual variation of solar radiation, high-temperature days and 90 
power loss distribution 91 

To examine the spatiotemporal stability of solar radiation, extreme hot days (EHD), and 92 

PV power losses during summer, we evaluated the spatial distributions of GHI, EHD, and 93 

PV power loss from 2015 to 2060 at five-year intervals (Supplementary Figs. 2–4). 94 

 95 

Throughout the study period, western China—including Xizang (Tibet), Qinghai, Xinjiang, 96 

and the western portions of Sichuan, Gansu, and Inner Mongolia—maintained consistently 97 

high GHI values with strong spatial persistence. Elevated GHI also appeared in Shanxi 98 
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Province and the Beijing–Tianjin–Hebei (BTH) region in 2035, 2040, 2055, and 2060, and 99 

in Hunan and Jiangxi in 2015 and 2060, though with lower spatial stability. In contrast, 100 

southeastern Tibet, central and eastern Sichuan, Northeast China, Hainan, and Taiwan 101 

consistently exhibited lower GHI. 102 

 103 

EHD exceeded 40 days per summer in Xinjiang and western Gansu and Inner Mongolia, 104 

showing persistent spatial patterns. Moderate EHD values (10–30 days) occurred in central 105 

and southern BTH, the Shaanxi–Shanxi junction, southern Jiangsu, northern Jiangxi, 106 

Hainan, and the Pearl River Delta (e.g., Zhongshan and Dongguan) between 2020 and 2060, 107 

and in central and eastern China in 2055–2060. 108 

 109 

Correspondingly, PV power losses were highest and spatially stable in Xinjiang, western 110 

Qinghai, Gansu, Inner Mongolia, central Ningxia, and central to southern BTH from 2015 111 

to 2060. These losses gradually increased over time. Overall, GHI, EHD, and PV power 112 

loss exhibit substantial spatial overlap and remain stable in western China and the central–113 

southern BTH region, where values consistently exceed those in other regions. 114 

 115 

Supplementary Note 4. Association of radiation and cell temperature with clouds and aerosols 116 

Clouds and aerosols are major determinants of solar radiation availability and PV panel 117 

operating temperatures. Supplementary Fig. 5 shows the interannual variability of summer 118 

GHI, TCC, and AOD from 2015 to 2060. GHI exhibits a fluctuating upward trend with a 119 

bimodal pattern, peaking around 2030 and 2060 and reaching a minimum near 2035. A 120 

strong inverse correlation is observed between GHI and TCC, while the anti-phase 121 

relationship between GHI and AOD is weaker—indicating that interannual variability in 122 

summer GHI is primarily driven by cloud cover, with aerosols exerting a secondary 123 

influence. 124 

 125 

To further assess how clouds and aerosols modulate PV performance, we analyzed the 126 

interannual variability of PV module cell temperature (Tc) relative to TCC and AOD 127 

during extreme heat events (Ta > 35 °C) from 2015 to 2060 (Supplementary Fig. 6). Tc 128 
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shows a clear inverse phase relationship with TCC across the entire period. Before 2045, 129 

Tc and AOD also exhibit an inverse relationship, whereas from 2050 to 2060 both show a 130 

concurrent decreasing trend. This pattern suggests that Tc variability is jointly influenced 131 

by TCC and AOD until the mid-2040s, after which the influence of aerosols diminishes—132 

likely due to declining aerosol concentrations under strengthened emission controls 133 

associated with China’s carbon neutrality pathway. 134 

 135 

 136 

 137 

 138 

 139 

 140 

 141 

 142 

 143 

 144 

 145 

 146 

 147 

 148 

 149 

 150 



 
 

6 
 

Supplementary Figures 151 

 152 

Supplementary Figure 1. Double-nested model domains with horizontal resolutions 153 

of 50 km (outer domain) and 10 km (inner domain). The inner domain encompasses 154 

China and its surrounding regions.  155 

 156 

 157 

 158 

 159 

 160 

 161 

 162 

 163 

 164 

 165 



 
 

7 
 

 166 

Supplementary Figure 2. Spatial distribution of mean summer global horizontal 167 

irradiance (GHI) averaged over 2015–2060. Bold outlines highlight China’s major 168 

photovoltaic (PV) generation bases—including Xinjiang, Gansu, Inner Mongolia, and 169 

Ningxia—or regions with consistently high GHI during 2015–2060, excluding Xizang 170 

(Tibet) and western Sichuan where large-scale solar energy development is extremely 171 

challenging.  172 

 173 
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 174 

Supplementary Figure 3. Spatial distribution of mean summer extreme hot days 175 

(EHD) averaged over 2015–2060. Bold outlines highlight China’s major photovoltaic 176 

(PV) generation bases, corresponding to regions that experience consistently higher EHD 177 

during 2015–2060.  178 

 179 
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 180 

 181 

Supplementary Figure 4. Spatial distribution of photovoltaic (PV) power loss during 182 

summer averaged over 2015–2060. Bold outlines highlight China’s major PV generation 183 

bases, corresponding to regions with consistently larger PV power losses over the study 184 

period. 185 
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 186 

Supplementary Figure 5. Annual variations of mean summer global horizontal 187 

irradiance (GHI), total cloud cover (TCC), and aerosol optical depth (AOD) from 188 

2015 to 2060. 189 

 190 

 191 

 192 

 193 
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 198 

 199 

 200 

 201 
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 208 

Supplementary Figure 6. Annual variations of mean summer cell temperature (Tc), 209 

total cloud cover (TCC), and aerosol optical depth (AOD) during extreme heat events 210 

(maximum air temperature, Ta > 35 °C) from 2015 to 2060. 211 
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 234 

Supplementary Tables 235 

Supplementary Table 1. Input data used in the WRF-Chem model.  236 

Datasets Socioecnomic 

scenario 

Year of used 

data 

Time 

interval  

Spatial 

resolution 

(degree) 

Variables or 

elements  

DPEC  

emission 

inventory2 

Ambitious-

pollution-

Neutral-goal 

2015,2020, 

2025,2030, 

2035,2040, 

2045,2050, 

2055,2060 

One 

month,  

0.25°×0.25° SO2, NOx, CO, 

NMVOC, NH3, 

PM10, PM2.5, BC, 

OC, CO2 

 

Multi-

model 

integrated 

GCM3 

SSP2-4.5 every year 

from 2015-

2060 

6-hourly 1.25°×1.25° Sea surface 

temperature, Sea-

level pressure, 

Surface pressure, 

Air temperature, 

Zonal wind, 

Meridional wind, 

Relative humidity, 

Geopotential 

height, Soil 

moisture, Soil 

temperature 

 237 

 238 

 239 

 240 

 241 

 242 

 243 

 244 

 245 
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 246 

Supplementary Table 2. Parameters used in the calculation of PV power and its loss 247 

Constant Meaning Value Unit 

𝛂 panel albedo 0.111 ∕ 

𝐀 suitable land area for PV 

power generation 

0.22 million km2 

𝜺 temperature coefficient of 

PV modules 

0.00312 ℃-1 

𝑻𝑵𝑶𝑪𝑻 nominal operating cell 

temperature 

4513 ℃ 

𝜷 optimum inclination non-constant 

varying with 

latitude14 

degree 

𝝆 surface albedo non-constant 

varying with 

longitude, 

latitude and 

time15 

∕ 

 248 

 249 

 250 

 251 

 252 

 253 

 254 

 255 

 256 

 257 

 258 

 259 
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Supplementary Table 3. Mean photoelectric conversion efficiency at the standard 260 

condition (PCE_std) and PV system performance coefficient (K) from 2015 to 2060 261 

proposed by Lu et al.16  262 

Year PCE_std K 

2015 0.160 0.816 

2020 0.194 0.831 

2025 0.209 0.846 

2030 0.224 0.861 

2035 0.234 0.871 

2040 0.244 0.881 

2045 0.254 0.891 

2050 0.259 0.896 

2055 0.264 0.901 

2060 0.269 0.906 

 263 

Supplementary Table 4. Simulation error of surface solar radiation and air 264 

temperature in summer 2015 and 2020. N is the sample number.  265 

 GHI  DNI DIF  Ta 

R 0.77 0.78 0.61 0.92 
RMSE 83.02 93.25 25.49 1.65 

MB 67.53 68.19 1.15 0.28 
NMB 0.16 0.16 0.01 0.01 
IOA 0.73 0.78 0.78 0.96 

N 520 53 133 14236 
 266 

 267 

 268 
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