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Abstract  27 

Daily surface incident solar radiation (Rs) from reanalysis products is widely used to assess the 28 

reliability, stability, and intermittency of photovoltaic power generation and other applications, 29 

owing to their full spatiotemporal coverage and physical consistency. However, whether 30 

reanalyses faithfully represent the characteristics of extreme Rs remains insufficiently evaluated. 31 

To address this, we assessed the performance of two major reanalysis products, ERA5 and 32 

MERRA-2, in simulating mean and extreme Rs across China during 1961–2016 with the help 33 

of precious ground-based observations of daily Rs. Observational analysis of mean Rs shows 34 

pronounced solar dimming before 1994, followed by weak brightening. Extremely high Rs 35 

(Rs90p) frequency presents multidecadal variations broadly consistent with mean Rs, whereas 36 

its magnitude increases persistently from 1980 onward. Conversely, extremely low Rs (Rs10p) 37 

frequency increases steadily during 1961–2016, while its magnitude decreases until 1994 and 38 

then reverses thereafter. Although ERA5 broadly captures most segmented variations of both 39 

extremes, it underestimates by over 90% the pre-1980 decline in Rs90p frequency and the post-40 

1994 increases in the frequencies of both extremes. MERRA-2 performs worse than ERA5, 41 

particularly in failing to reproduce the evolution of Rs90p frequency and magnitude. The 42 

attribution analysis reveals that trend biases in Rs90p are predominantly controlled by those in 43 

clear-sky Rs in reanalysis products whereas cloud- and aerosol-related processes jointly 44 

influence trend biases in Rs10p. These findings highlight the limitations of current reanalyses 45 

in simulating extreme Rs and the need to interpret cautiously their long-term trends in climate 46 

and solar energy applications. 47 
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1. Introduction 48 

Surface incident solar radiation (Rs) is a fundamental component of the Earth’s energy 49 

balance and plays a central role in regulating land-atmosphere interactions, hydrological 50 

processes, ecosystems, and the climate system (Wild, 2009; Wild, 2012; Mauritsen et al., 2025). 51 

Long-term changes in Rs have been widely documented as solar dimming and brightening, with 52 

important contributions from clouds, aerosols, and atmospheric circulation (Sanchez-Lorenzo 53 

et al., 2009; Sanchez-Lorenzo et al., 2015; Manara et al., 2016). In particular, increasing 54 

attention has been paid to extreme Rs events, since extremely high Rs events can exacerbate 55 

heat stress and drought (Horton et al., 2016; Dirmeyer et al., 2021; Guan et al., 2025; Lin et al., 56 

2026), while extremely low Rs events can suppress photosynthesis and reduce solar power 57 

generation efficiency (Wang et al., 2024; Zheng et al., 2024). These impacts underscore the 58 

need to accurately assess the characteristics of Rs extremes for climate, ecological, and energy 59 

applications. 60 

Reanalysis products are widely used across a broad range of fields to characterize long-61 

term variations in Rs owing to their global coverage, temporal continuity, and physical 62 

consistency (Zhou et al., 2018; Qin et al., 2019; Tong et al., 2021; Jiang et al., 2023). Despite 63 

continuous improvements in reanalysis products, substantial uncertainties remain in their 64 

capability to reproduce observed Rs variations, including a general overestimation of multiyear 65 

mean Rs values and a limited skill in capturing long-term Rs trends (Huang et al., 2018; Babar 66 

et al., 2019; Wohland et al., 2020; He et al., 2021a). Specifically, Urraca et al. (2018) reported 67 

that the fifth-generation ECMWF atmospheric reanalysis (ERA5; Hersbach et al., 2020) 68 

exhibits a global positive bias of 4.05 W·m-2, representing a 50–75% reduction in bias relative 69 
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to ECMWF Interim Reanalysis (ERA-Interim; Dee et al., 2011) and the Modern-Era 70 

Retrospective Analysis for Research and Applications, Version 2 (MERRA-2; Gelaro et al., 71 

2017). Feng and Wang (2019) reported that five reanalysis products, namely ERA-Interim, 72 

Japanese 55-year Reanalysis (JRA-55; Kobayashi et al., 2015), National Centers for 73 

Environmental Prediction Climate Forecast System Reanalysis (NCEP-CFSR; Saha et al., 74 

2010), Modern-Era Retrospective Analysis for Research and Application (MERRA; Rienecker 75 

et al., 2011), and MERRA-2, overestimated the multiyear mean Rs over China by 24.10–40.00 76 

W·m-2 relative to estimates derived from sunshine duration during 1980–2014, with substantial 77 

biases in Rs trends ranging from approximately -20 to 20 W·m-2·decade-1. He et al. (2021a) 78 

examined the latest reanalysis and revealed that the overestimation of multiyear mean of Rs 79 

over China during 1979–2014 is reduced from 15.88 W·m-2 in ERA-Interim to 10.07 W·m-2 in 80 

ERA5, with the declining Rs trend in ERA5 being closer to observations. Du et al. (2022) 81 

showed that MERRA-2 overestimates hourly and daily mean Rs over China by 69.35 W·m-2 82 

and 27.54 W·m-2, respectively. In addition, Wohland et al. (2020) evaluated four centennial 83 

reanalyses (20CRv2c, 20CRv3, ERA20C, and CERA20C) and one free-running model 84 

simulation (ERA20CM) over Europe, finding that only CERA20C broadly reproduced the 85 

observed dimming (1949–1979) and brightening (1979–2009) patterns in Rs. These studies also 86 

suggest that biases in reanalysis Rs are closely linked to deficiencies in the representation of 87 

clouds and aerosols, particularly cloud fraction, cloud optical properties, and aerosol radiative 88 

effects. Differences in the treatment of these processes, together with variations in 89 

observational data assimilation and radiation parameterizations, may partly explain the 90 

contrasting performance among reanalysis products. 91 
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Previous studies have also shown that separating all-sky and clear-sky Rs provides a useful 92 

framework for diagnosing the relative roles of cloud-related and clear-sky processes in 93 

observed dimming and brightening (Manara et al., 2016). However, uncertainties in these 94 

processes may also affect the simulated frequency, magnitude, and long-term trends of extreme 95 

Rs events, yet their implications for extreme Rs remain poorly understood. In particular, it 96 

remains unclear how reliably reanalysis products reproduce extreme Rs characteristics and to 97 

what extent biases in cloud cover and clear-sky Rs are associated with discrepancies in these 98 

extremes. Addressing these questions is particularly important given the widespread use of 99 

reanalysis products, especially ERA5 and MEERA-2, as substitutes for observations in climate 100 

and renewable energy applications, including assessments of photovoltaic power generation 101 

reliability and compound heat-drought extremes (Horton et al., 2016; Wang et al., 2024; Zheng 102 

et al., 2024).  103 

With the help of precious long-term ground-based observations of daily Rs and auxiliary 104 

meteorological variables from 1961 to 2016 over China, this study provides a quantitative 105 

examination of the performance of ERA5 and MERRA-2 in simulating extreme Rs, further 106 

links biases in extreme Rs to cloud-related and clear-sky radiative errors and quantify their 107 

contribution to trend biases of extreme Rs. By comparison with observations, this study aims 108 

to provide a benchmark for the reliability of reanalysis products in simulating extreme Rs, 109 

thereby informing climate change diagnostics, extreme-event risk assessments, solar energy 110 

applications. 111 

2. Data and Methods 112 

2.1 Ground-based observations 113 
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The China Meteorological Administration (CMA; https://data.cma.cn) maintains a 114 

nationwide network of ground-based meteorological stations with Rs observations dating back 115 

to 1957. Although these observations continue to the present, the historical Rs dataset, 116 

previously available through the CMA data platform, is no longer publicly accessible. This 117 

study uses daily Rs data through 2016, previously acquired through academic collaboration. 118 

The data were subjected to quality-control procedures, including outlier identification, internal 119 

consistency check, temporal consistency checks, and artificial checks, following the 120 

established quality-control practices (Zhou et al., 2018). To ensure sufficient data completeness, 121 

stations were required to have at least 80% of valid daily observations within each calendar 122 

month, each calendar year, and the entire period of 1961–2016. A total of 55 stations met these 123 

criteria and were retained for subsequent homogenization and analysis (Fig. 1). 124 

Some issues in daily Rs records have been reported to remain, including instrument aging 125 

and sensitivity drift prior to 1990 and instrument replacement during 1990–1993, which could 126 

result in spurious dramatic Rs trends in China (Tang et al., 2011; Wang et al., 2015; Wang and 127 

Wild, 2016; He and Wang, 2020). Based on the established experience from Zhou et al. (2021) 128 

and He et al. (2025), the homogenization was performed by first constructing a reference Rs 129 

series derived from sunshine duration and then deriving the difference series between the raw 130 

and reference Rs series by regression (He et al., 2025). The use of the difference series can 131 

effectively filter out most background climate variations, preventing true climate signals from 132 

confounding the detection of non-climatic breakpoints, which has been practically 133 

demonstrated to greatly enhance the signal-to-noise ratio and robustly isolate spurious 134 

breakpoints (Wang et al., 2015; Zhou et al., 2021; He et al., 2025). Breakpoints in the difference 135 

https://doi.org/10.5194/egusphere-2026-5275
Preprint. Discussion started: 12 November 2026
c© Author(s) 2026. CC BY 4.0 License.



7 
 

series were identified in the mean using the PMFred method, a Penalized Maximal F-test 136 

(Wang, 2008; Wang and Feng, 2013) and in the variance using the K-S test, an improved 137 

Kolmogorov-Smirnov test (Wang et al., 2010; Zhou et al., 2021). The detected breakpoints in 138 

both the mean and variance were subsequently corrected using quantile-matching adjustment 139 

to produce the final homogenized Rs dataset. Specifically, statistically significant breakpoints 140 

(p < 0.05) were adjusted using a quantile-matching procedure, in which each segment was 141 

aligned to the most recent reference segment using five years of observations before and after 142 

each breakpoint (Wang et al., 2010; Zhou et al., 2021). Further methodological details are 143 

provided in He et al. (2025). 144 

Daily clear-sky surface incident solar radiation (Rc) was obtained from He et al. (2022), 145 

where it’s calculated by equation (1) based on local geographical and meteorological conditions: 146 

                     𝑅𝑐 = ∫(𝜏𝑐_𝑑𝑖𝑟 + 𝜏𝑐_𝑑𝑖𝑓) × 𝐼0𝑑𝑡                       (1) 147 

where 𝜏𝑐_𝑑𝑖𝑟 and 𝜏𝑐_𝑑𝑖𝑓 represent the direct and diffuse radiation transmittance under clear 148 

skies, respectively; and I0 is the solar irradiance at the top of the atmosphere. They were 149 

calculated using a broad radiative transfer model developed by Yang et al. (2001), based on 150 

meteorological data (including air temperature, surface pressure, and relative humidity) from 151 

ground-based stations, turbidity coefficient calculated by Hess et al. (1998), and total column 152 

ozone data from Yang et al. (2006) using Nimbus-7 and Earth Probe Total Ozone Mapping 153 

Spectrometer (TOMS) observations (Mcpeters et al., 1996; Mcpeters et al., 1998) provided by 154 

the National Aeronautics and Space Administration Goddard Space Flight Center Ozone 155 

Processing Team. Rc served here as a diagnostic indicator of clear-sky atmospheric 156 

transmissivity rather than as an independent observational benchmark. 157 
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Given that the available cloud cover records terminate in 2013 and the temporal overlap 158 

between ERA5 and MERRA-2 begins in 1980, the subsequent attribution analysis is 159 

constrained to 1980–2013 to ensure data consistency and inter-comparability. Rc and TCC are 160 

temporally aligned with daily Rs observations at each station, and all reanalysis data described 161 

below are then matched to the corresponding observations to ensure consistency in missing 162 

data for subsequent analysis. 163 

2.2 Reanalysis products 164 

ERA5 (Hersbach et al., 2023) is the fifth-generation global atmospheric reanalysis 165 

developed by the European Centre for Medium-Range Weather Forecasts (ECMWF) as the 166 

successor to ERA-Interim, incorporating significant advances in the ECMWF Integrated 167 

Forecast System (IFS) and the availability of assimilated observations (Hersbach and Dee, 168 

2016; Hersbach et al., 2019). ERA5 is generated by combining the IFS model (CY41R2) with 169 

an advanced 4D-Var assimilation system, which ingests a wide range of in-situ and satellite 170 

observations to produce a physically consistent reconstruction of the atmosphere (Hersbach 171 

and Dee, 2016). Compared with earlier reanalysis products, ERA5 offers substantially higher 172 

spatial (~31 km) and temporal (hourly) resolutions and exhibits improved performance across 173 

key atmospheric variables (Hersbach et al., 2019). In particular, its simulation of Rs has been 174 

markedly enhanced through the adoption of the Rapid Radiative Transfer Model shortwave 175 

scheme and improved representations of clouds (He et al., 2021a). 176 

MERRA-2 is NASA's second-generation global atmospheric reanalysis, designed to 177 

succeed the original MERRA (Gelaro et al., 2017). It is produced using an updated version of 178 

the Goddard Earth Observing System model with a 3D-Var assimilation system, at a native 179 
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horizontal resolution of about 0.5° × 0.625° (~50 km) and with an hourly temporal 180 

resolution. It should be noted that MERRA-2 is the first long-term, global reanalysis to 181 

consistently incorporate dynamic aerosol information. This enables MERRA-2 to potentially 182 

provide an improved and physically consistent representation of atmospheric composition, 183 

hydrologic cycle, and key surface variables such as Rs (Gelaro et al., 2017; Feng and Wang, 184 

2019), making MERRA-2 a critical dataset for climate research and other applications. Due to 185 

the lack of MERRA-2 data prior to 1980, the evaluation involving MERRA-2 is limited to the 186 

period 1980–2016. 187 

To align the datasets, observational stations were spatially matched to the nearest 188 

reanalysis grid cells based on their geographic coordinates. We acknowledge that observational 189 

measurements reflect local point-scale conditions whereas reanalysis products represent spatial 190 

averages over grid cells, showing some representativeness mismatch, particularly in regions 191 

with complex terrain (Hofstra et al., 2009; Zhou et al., 2018). However, it’s worth noting that 192 

the layout and selection of China’s radiation stations strictly adhere to national meteorological 193 

standards (Wang et al., 2015), ensuring exceptional openness of the surrounding environment 194 

and enhancing the station’s spatial representativeness, thereby minimizing potential scale-195 

mismatch biases compared to these high-resolution of reanalysis products. Furthermore, 196 

station-based evaluation remains a widely used approach for assessing reanalysis performance 197 

due to the reliability and long-term continuity of ground measurements (Decker et al., 2012; 198 

Wang and Zeng, 2012; Zhou et al., 2017). 199 

2.3 Methods 200 

Following the approach for extreme temperature or precipitation indices defined by the 201 
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Expert Team on Climate Change Detection and Indices (ETCCDI; 202 

http://etccdi.pacificclimate.org/list_27_indices.shtml), daily Rs values below the 10th percentile 203 

or above the 90th were defined as extremely low (Rs10p) and high Rs (Rs90p), respectively. The 204 

10th or 90th percentiles for each calendar day were computed over a 7-day centered window for 205 

the respective analysis period. For instance, the 10th percentile on July 1 was calculated from 206 

392 observations of Rs, representing 7 days (June 28 to July 4) × 56 years (1961 to 2016). Based 207 

on the established community practices (Li et al., 2025; He et al., 2026), a 7-day centered 208 

window was used to compute daily percentiles to ensure sufficient samples for each percentile 209 

calculation. Sensitivity analyses confirm that alternative window sizes (e.g., 5- or 9-day) do 210 

not change the core findings of this study. The frequency (unit: days) of Rs10p or Rs90p was 211 

computed as annual count of days on which daily Rs values were below the 10th percentile or 212 

above the 90th. To account for the potential impact of missing data records, the frequency was 213 

further normalized by scaling the annual count of days with available records to 366 for leap 214 

years or 365 for the other years. The magnitude (unit: W·m-2) was calculated as mean daily Rs 215 

value on those days classified as Rs10p or Rs90p.  216 

To illustrate the impacts of these observational inhomogeneities, we made trend 217 

comparisons between raw and homogenized observations at 55 stations across China during 218 

1961–2016, including annual mean Rs anomalies (Fig. S1) and the frequency and magnitude 219 

of extremely high (Rs90p) and low (Rs10p) radiation (Figs. S1-S2 and Table 1). Results show 220 

that the homogenization addresses both abrupt discontinuities associated with instrument 221 

replacement during 1990–1993 and gradual biases caused by instrumental sensitivity drift (Fig. 222 

S1), which is consistent with the Rs adjustment reported by Wang et al. (2015) based on 223 
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homogenized monthly observations, providing additional support for the reliability of 224 

homogenization in this study. More importantly, these inhomogeneity issues can be eliminated 225 

substantially in the assessment of extreme Rs. For example, during 1994–2016, the frequency 226 

of Rs10p exhibited a significant increasing trend of 1.92 days·decade-1 in the raw observations, 227 

whereas the homogenized observations showed a statistically insignificant decreasing trend of 228 

-0.84 days·decade-1 (Fig. S2; Table S1). This reversal demonstrates that observational 229 

inhomogeneities can introduce spurious trends in extreme Rs, underscoring the necessity of 230 

homogenization for reliable assessments of long-term solar radiation variations. 231 

To evaluate performance of reanalysis products in capturing Rs10p and Rs90p, six metrics 232 

(Equations 2-7) were employed: accuracy, precision, specificity, false alarm rate, hit rate, and 233 

miss rate (Wilks, 2011). Let P and N denote positive (i.e., extreme Rs) and negative (non-234 

extreme Rs) samples, respectively. Reanalysis simulations were categorized as follows: true 235 

positives (TP), positive samples correctly simulated as positive; false negatives (FN), positive 236 

samples incorrectly simulated as negative; false positives (FP), negative samples incorrectly 237 

simulated as positive; and true negatives (TN), negative samples correctly simulated as 238 

negative. 239 

Accuracy = 
TP+TN

TP+TN+FP+FN
                            (2) 240 

Precision = 
TP

TP+FP
                                (3) 241 

Specificity = 
TN

TN+FP
                                (4) 242 

False Alarm Rate = 
FP

FP+TN
                                (5) 243 

Hit Rate = 
TP

TP+FN
                                (6) 244 

Miss Rate = 
FN

TP+FN
                                (7) 245 
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where accuracy measures the overall proportion of correctly simulated samples by reanalysis 246 

products; precision quantifies the reliability of correctly simulated extreme Rs; specificity 247 

represents the ability to correctly simulate non-extreme Rs; false alarm rate measures the 248 

fraction of non-extreme Rs incorrectly simulated as extreme Rs; hit rate indicates the ability to 249 

reproduce extreme Rs; and miss rate represents the fraction of extreme Rs that are not simulated.  250 

Higher values of accuracy, precision, specificity, and hit rate indicate better performances of 251 

reanalysis products, whereas higher values of false alarm rate and miss rate indicate poorer 252 

performances (Wilks, 2011). 253 

To explore the relationships between reanalysis biases in extreme Rs and the associated 254 

climatic factors, namely TCC and Rc, we conducted Pearson correlation analyses to assess their 255 

spatial correspondence. The biases were computed as reanalyses minus observations for 256 

extreme Rs days identified separately within each dataset, which were used to measure 257 

simulation errors of reanalysis products compared to observations. We further performed 258 

partial correlation analysis on the annual bias time series to examine the temporal associations 259 

between extreme Rs biases and each climatic driver while statistically controlling for the other: 260 

                       𝜌(𝑥,𝑦)|𝑧 =  
𝑟𝑥,𝑦− 𝑟𝑥,𝑧𝑟𝑦,𝑧

√(1−𝑟𝑥,𝑧
2)(1−𝑟𝑦,𝑧

2)
       (8) 261 

where 𝜌(𝑥,𝑦)|𝑧  is the partial correlation coefficient between x and y by controlling z; x 262 

represents the standardized Rs10p or Rs90p biases; y and z can be the standardized TCC or Rc 263 

biases; r is their Pearson correlation coefficient.  264 

Trends were estimated by applying linear regression to annual extreme Rs series and their 265 

significance levels were evaluated by a two-tailed Student’s t test. To quantify the relative 266 

contributions of biases in climatic drivers to the trend biases in extreme Rs, we employed 267 
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multiple linear regression: 268 

                      Y = ∑ 𝛽iXi + 𝑐 + 𝜀                              (9)                                   269 

where Y is the standardized bias in Rs10p or Rs90p between reanalysis and observations, and 270 

Xi is the standardized bias in the i-th climatic driver, including TCC and Rc. The coefficient 𝛽𝑖 271 

is the partial regression coefficient of i-th climatic driver, while c and 𝜀 are the intercept and 272 

residual, respectively. 273 

The relative contribution of each climatic driver to the modeled trend bias in extreme Rs 274 

was calculated as: 275 

                      𝐶𝑖 =
|Tri×𝛽𝑖|

∑|Tri×𝛽𝑖|
× 100%                          (10) 276 

where Ci is the relative contribution (%) of i-th climatic driver (i.e., TCC or Rc), and Tri is the 277 

linear trend in the standardized bias of the i-th climatic driver. The absolute values were used 278 

to quantify the relative magnitude of each driver's contribution, irrespective of its direction. 279 

Since ERA5 incorporates only climatological aerosol inputs instead of assimilating 280 

instantaneous data, the biases in simulated Rc were used as a proxy to represent potential 281 

influence of aerosol-related simulation difference in the subsequent analysis. Based on 282 

previous studies (He et al., 2021a; Wild et al., 2026) and available periods of reanalysis 283 

products, extreme Rs were investigated for the global dimming (1961–1979 and 1980–1993) 284 

and brightening (1994–2016) phases at temporal (climatology and trend) and spatial scales. 285 

3. Mean Rs in observations and reanalyses 286 

 Mean Rs over China shows a significant downward trend before 1993 (Fig. 2a). This 287 

decline is most pronounced from 1961 to 1979 (-4.74 W·m-2·decade-1, p < 0.05), with ~81.8% 288 

of stations experiencing dimming and 43.6% showing statistically significant trends (Fig. 2a-289 
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2b). During 1980–1993, the decreasing trend persists (-1.31 W·m-2·decade-1), though it is not 290 

statistically significant at the 0.10 level (Fig. 2a and 2d). After 1994, this trend averaged in 291 

China reverses to a slight increase of 0.97 W·m-2·decade-1 (p > 0.10), occurring at 52.7% of 292 

stations with significant increases mainly concentrated in southern China and eastern coastal 293 

areas (Fig. 2a and 2g). Previous studies have also extensively documented these long-term 294 

changes in Rs, including prominent dimming and subsequent brightening periods over China 295 

(Tang et al., 2011; Wang et al., 2015; Wang and Wild, 2016; He et al., 2018; Yang et al., 2018; 296 

He and Wang, 2020; Shao et al., 2022). 297 

ERA5 provides Rs simulations back to 1961. During 1961–1979, it fails to reproduce the 298 

pronounced nationwide decline observed in Rs, showing a significant decline only in the 299 

southeastern region (Fig. 2a and 2c). During 1980–1993, both ERA5 and MERRA-2 reproduce 300 

a decreasing Rs (Fig. 2e and 2f), with trends of -1.89 (p < 0.05) and -0.81 W·m-2·decade-1 (p > 301 

0.10), respectively. During 1994–2016, ERA5 captures an increasing trend in Rs (1.30 W·m-302 

2·decade-1, p > 0.10) that is consistent with observations (Fig. 2a and 2h), whereas MERRA-2 303 

instead simulates a significant declining trend (-2.20 W·m-2·decade-1, p < 0.05) in China, 304 

particularly in the southern regions, failing to reproduce the observed solar brightening (Fig. 305 

2h and 2i).  306 

4. Extreme Rs in observations and reanalyses 307 

Figure 3 shows that the Rs thresholds of different quantiles for each calendar day computed 308 

from observations and reanalyses. The differences in thresholds between from reanalyses and 309 

observations progressively decline with increasing Rs quantiles (Fig. 3). The differences or 310 

biases are largest at the 10% quantile and smallest at the 90% quantile, with ERA5 showing 311 
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closer agreement with observations than MERRA-2 (Fig. 3). The degraded performance from 312 

Rs90p to Rs10p likely reflects contrasts in their dominant physical controls. Rs90p is typically 313 

associated with clear-sky conditions and high atmospheric transmissivity, which are better 314 

constrained in reanalysis products. Conversely, Rs10p is strongly influenced by intricate cloud–315 

aerosol–radiation interactions (Zhao et al., 2020; Teng et al., 2026), which are notoriously 316 

challenging to parameterize or poorly constrained by observations, leading to larger biases in 317 

reanalysis products. 318 

4.1 Climatology 319 

For Rs90p at most stations in China, the multiyear average frequency in observations is 320 

higher during 1961–1979 (~55 days) than in the subsequent periods of 1980–1993 (~30 days) 321 

and 1994–2016 (~24 days), whereas the multiyear average magnitude peaks during 1994–2016 322 

(~266 W·m-2) (Fig. 4a, 4c, and 4f). During 1961–1979, ERA5 generally underestimates Rs90p 323 

frequency at most stations of China and overestimates Rs90p magnitude in particular for 324 

northwest China relative to observations (Fig. 4a-b). During 1980–1993, both ERA5 and 325 

MERRA-2 display similar spatial patterns in Rs90p frequency, with higher values in southern 326 

China and lower values in northern China (Fig. 4d-e), but this meridional contrast is much 327 

weaker in observations (cf. Fig. 4c). In this period, MERRA-2 exhibits a more pronounced 328 

overestimation of Rs90p frequency than ERA5, particularly in southeastern China (Fig. 4d and 329 

4e). During 1994–2016, both reanalysis products consistently underestimate Rs90p magnitude 330 

and overestimate Rs90p frequency across most regions (Fig. 4f-h). In contrast to observations 331 

and ERA5, MERRA-2 shows a distinct spatial pattern in Rs90p magnitude, with higher values 332 

in southern China and lower values in northern China (Fig. 4f-h).  333 
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For Rs10p in observations, its frequency pattern that lower values in the west and higher 334 

in the east before 1993 shifts to the opposite after 1994, while its magnitude consistently 335 

remains higher in the west than in the east (Fig. 5a, 5c and 5f). Both ERA5 and MERRA-2 336 

evidently overestimate Rs10p magnitude for all three periods, particularly pronounced in 337 

western China and in MERRA-2 (Fig. 5). During 1980–1993, MERRA-2 underestimates Rs10p 338 

frequency more than ERA5 referenced to observations, particularly in southeastern China (Fig. 339 

5c-e). During 1994–2016, ERA5 continues to underestimate Rs10p frequency, whereas 340 

MERRA-2 overestimates it in southern China.  341 

Six metrics were adopted to quantity the overall performance of reanalysis products in 342 

capturing Rs90p and Rs10p: accuracy, precision, specificity, false alarm rate, hit rate, and miss 343 

rate. For Rs90p, ERA5 performs slightly better than MERRA-2 across most metrics, except for 344 

hit rate and miss rate (Fig. 6). This suggests a slightly more robust yet somewhat conservative 345 

representation of high Rs extremes, likely reflecting differences in cloud-radiation 346 

parameterizations and data assimilation strategies that prioritize reduced false alarms over 347 

increased detection of high Rs extremes. For Rs10p, ERA5 outperforms MERRA-2 across all 348 

six metrics, highlighting a clearer advantage in representing low Rs extremes (Fig. 6). 349 

4.2 Long-term variations 350 

Figure 7 shows time series of annual frequency and magnitude of Rs90p and Rs10p 351 

averaged in China from observations and reanalysis products from 1961 to 2016. Observed 352 

Rs90p frequency exhibits a pronounced decline (-18.31 days·decade-1, p < 0.05) during 1961–353 

1979, followed by relatively low values during the 1980s and 1990s, and a significant recovery 354 

after 1994 (6.65 days·decade-1, p < 0.05) (Fig. 7a and Table 1). ERA5 broadly reproduces the 355 
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overall temporal evolution and interannual variability of Rs90p frequency but underestimates 356 

the early decline by ~95% and the post-1994 increase by ~91% (Fig. 7a and Table 1). In contrast, 357 

MERRA-2 fails to reproduce the recent recovery and instead exhibits a continued negative 358 

trend during 1994–2016 (-6.44 days·decade-1, p < 0.05), contrary to observations (Fig. 7a and 359 

Table 1).  360 

Observed Rs90p magnitude exhibits weak long-term trends, with relatively enhanced 361 

variability during the 1980s and early 1990s (Fig. 7c). ERA5 broadly reproduces both 362 

magnitude and interannual variability, although it slightly exaggerates the early weakening (-363 

4.78 W·m-2·decade-1 in ERA5, p < 0.10 vs. -0.26 W·m-2·decade-1 in observations, p > 0.10) 364 

(Fig. 7c and Table 1). MERRA-2 overestimates Rs90p magnitude by approximately 20–40 365 

W·m-2 referenced to observations during 1980–1993, but significantly underestimates the 366 

observed increase (7.12 W·m-2·decade-1 in MERRA-2, p > 0.10 vs. 13.35 W·m-2·decade-1 in 367 

observations, p < 0.05) (Fig. 7c). 368 

Observed Rs10p frequency evidently shows an increasing tendency (Fig. 7b). ERA5 shows 369 

high consistency with observations in terms of interannual variability (Fig. 7b). During 1980–370 

1993, ERA5 exhibits a slightly stronger increase in Rs10p frequency (5.26 days·decade-1, p < 371 

0.05) than the observed (2.79 days·decade-1, p < 0.05); in contrast, during 1994–2016 ERA5 372 

shifts to a weak negative trend (-0.84 days·decade-1, p > 0.10), whereas observations maintain 373 

a significant positive trend (1.92 days·decade-1, p < 0.05) (Fig. 7b), indicating that ERA5 374 

slightly underestimates the sustained increase in Rs10p frequency in recent decades. MERRA-375 

2 reproduces the overall upward tendency in Rs10p frequency but exhibits larger interannual 376 

fluctuations and a weaker trend during the earlier period (Fig. 7b), indicating an improvement 377 
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in trend representation than ERA5 in recent decades.  378 

For Rs10p magnitude, observations remain relatively stable, with a notable weakening (-379 

3.70 W·m-2·decade-1, p < 0.05) during 1980–1993 (Fig. 7d). ERA5 markedly overestimates 380 

Rs10p magnitude by an average of ~26.8 W·m-2 referenced to observations but roughly 381 

reproduces decadal trends, including the pronounced decrease (-4.18 W·m-2·decade-1, p < 0.05) 382 

during 1980–1993 (Fig. 7d and Table 1). MERRA-2 shows a substantial bias (~56.3 W·m-2) 383 

whose quantity is on the order of the observed Rs10p magnitude itself, and presents a limited 384 

skill in reproducing the Rs10p trend (Fig. 7d). 385 

4.3 Spatial patterns of long-term variations  386 

During 1961–1979, ERA5 generally reproduces the declining trends in Rs90p frequency 387 

across China (~60% of stations in ERA5 vs. ~76% in observations) but underestimates the 388 

degree of the declines (Fig. 8a-b). In southwestern China, ERA5 shows an opposite trend of 389 

Rs90p frequency relative to observations (Fig. 8a-b). Furthermore, ERA5 fails to reproduce 390 

both sign and degree of trends in Rs90p magnitude at most stations across China (Fig. 8a-b). 391 

For of Rs10p, ERA5 also shows limited skill in capturing spatial patterns of both frequency and 392 

magnitude trends (Fig. 9a-b). 393 

 During 1980–1993, in contrast to observations that have roughly comparable proportions 394 

of positive and negative trends in Rs90p frequency, both ERA5 (~82%) and MERRA-2 (~74%) 395 

exhibit decreasing Rs90p frequency trends at most stations across China (Fig. 8c-e). Compared 396 

with ERA5, MERRA-2 can reproduce the increasing Rs90p frequency over northeast China 397 

(Fig. 8c-e). For Rs90p magnitude, both ERA5 and MERRA-2 show weaker increasing trends 398 

than observed at the majority of stations across China, especially in southeastern China (Fig. 399 
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8c-e). For Rs10p, ~73%, ~85%, and ~60% of stations across China exhibit positive frequency 400 

trends in observations, ERA5, and MERRA-2, respectively, while ~77%, ~78%, and ~78% of 401 

stations show negative magnitude trends (Fig. 9c-e). Compared with MERRA-2, ERA5 better 402 

reproduces the spatial patterns of Rs10p frequency and magnitude trends, although it tends to 403 

overestimate the frequency increases and underestimate the magnitude declines at most stations 404 

across China (Fig. 9c-e). 405 

  During 1994–2016, MERRA-2 performs poorly in simulating Rs90p frequency, with ~92% 406 

of stations exhibiting negative trends, which is much inconsistent with observations (Fig. 8f 407 

and 8h). ERA5 reproduces the sign of the Rs90p frequency trend over southern China that is 408 

generally consistent with observations, but the degree of the trend is underestimated (Fig. 8f-409 

g). Observations indicate an increasing frequency but decreasing magnitude in Rs90p over 410 

northeastern China (Fig. 8f), but neither reanalysis product is able to reproduce this observed 411 

change (Fig. 8g-h). For Rs10p frequency, observations show significantly increasing trends in 412 

northern China and significantly decreasing trends in southern China, whereas both ERA5 and 413 

MERRA-2 fail to capture this spatial contrast (Fig. 9f-h). For Rs10p magnitude, observations 414 

exhibit significantly increasing trends in southeastern China, while both EAR5 and MERRA-415 

2 indicate decreasing trends, with the declining trends in MERRA-2 being statistically 416 

significant (Fig. 9f-h). In North China, Rs10p frequence increases but Rs10p magnitude 417 

decreases, suggesting an intensification in the severity of extremely low Rs, which may have 418 

serious implications for local agricultural production and photovoltaic power generation 419 

(Takahashi et al., 2019; He et al., 2021b; He et al., 2023). 420 

5. Attribution of biases in extreme Rs 421 
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Previous studies have shown that biases in mean Rs have been revealed to primarily arise 422 

from deficiencies in cloud and aerosol simulations in reanalysis products (Feng and Wang, 423 

2019; He et al., 2021a). However, since mean Rs integrates radiative conditions across all 424 

weather regimes, cloud- and aerosol-related processes are often difficult to disentangle. In 425 

contrast, Rs90p and Rs10p are generally governed by distinct atmospheric processes: Rs10p is 426 

associated with enhanced cloud cover and cloud optical thickness, indicating strong cloud 427 

control, whereas Rs90p is more sensitive to aerosol radiative effects. To further investigate the 428 

physical origins of reanalysis biases in Rs90p and Rs10p, we examined spatial correspondence 429 

of their climatological mean biases (section 5.1) and respective contributions of their trend 430 

biases (section 5.2) from cloud and Rc biases. 431 

5.1 Spatial relationships between climatological biases in extreme Rs and their drivers 432 

Figure 10 shows correlations across the 55 stations between climatological mean biases in 433 

extreme Rs and corresponding biases in TCC and Rc. For each station, climatological mean 434 

biases in Rs90p and Rs10p were calculated for extreme Rs days identified within each dataset 435 

during the study period. In ERA5, Rs10p biases exhibit a significantly negative correlation 436 

against TCC biases (r = -0.35, p = 0.01) with high sensitivity (-1.37 W·m-2/%), whereas Rs90p 437 

biases show little correlation (r = -0.06, p = 0.66) (Fig. 10a). A similar relationship was found 438 

in MERRA-2 (Fig. 10b). These relationships suggest that ERA5 and MERRA-2 themselves 439 

hold a strong control of TCC biases on Rs10p biases, but little association with Rs90p biases. 440 

Rc was used as a proxy for aerosol influences on Rs. ERA5 Rs10p biases exhibit a significantly 441 

positive correlation against Rc biases (r = 0.46, p < 0.01) with high sensitivity (0.92), whereas 442 

Rs90p biases hold a weak correlation (r = 0.24, p = 0.08) (Fig. 10c). In MERRA-2, neither 443 
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biases in Rs10p (r = 0.19, p = 0.17) nor Rs90p (r = 0.03, p = 0.83) are significantly correlated 444 

with Rc biases (Fig. 10d). In a word, ERA5 spatially link Rc biases to Rs10p biases but weakly 445 

to Rs90p biases, whereas MERRA-2 shows no such associations. 446 

To assess the roles of cloud and aerosol simulation errors under actual extreme Rs 447 

conditions, we further examined the relationships between biases in Rs90p and Rs10p and biases 448 

in TCC and Rc for extreme Rs days identified by observations (Fig. 11). In term of spatial 449 

correlations, Rs10p biases in ERA5 exhibit a significant negative correlation with TCC bias (r 450 

= -0.54, p < 0.05) (Fig. 11a). ERA5 holds a similar but weaker relationship between Rs90p 451 

biases and TCC bias (r = -0.50, p < 0.05), with a lower sensitivity than that of Rs10p (-1.43 vs. 452 

-1.79 W·m-2/%) (Fig. 11a). These relationships indicate that biases in extreme Rs are largely 453 

governed by errors in cloud representation, with a stronger influence on Rs10p than on Rs90p. 454 

Compared with ERA5, cloud biases in MERRA-2 still exert a strong control on Rs10p biases 455 

(r = -0.49, p < 0.05) with higher sensitivity (-2.19 vs. -1.79 W·m-2/%), but their influence on 456 

Rs90p biases is much weaker and statistically non-significant (r = -0.21, p > 0.10) (Fig. 11b). 457 

In ERA5, biases in Rs90p and Rs10p show a comparably positive correlation with Rc biases (r 458 

= 0.37 vs. 0.45, p < 0.01) (Fig. 11c). In MERRA-2, Rs90p biases exhibit a relatively weak but 459 

significantly positive correlation with Rc biases (r = 0.29, p = 0.03), whereas Rs10p biases is 460 

not correlated with Rc biases (r ≈ 0, sensitivity ≈ 0) (Fig. 11d). This contrast indicates that Rc 461 

biases are spatially associated with Rs90p biases but not with Rs10p biases.  462 

5.2 Temporal relationships between biases in extreme Rs and their drivers 463 

Figure 12 illustrates the spatial distributions of station-wise partial correlation coefficients 464 

calculated from the annual time series between reanalysis biases in extreme Rs (i.e., ΔRs90p 465 
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and ΔRs10p) and the corresponding biases in TCC (ΔTCC) and Rc (ΔRc). The reanalysis biases 466 

were computed as reanalyses minus observations for extreme Rs days identified separately 467 

within each dataset. For ERA5, significant negative partial correlations between ΔRs10p and 468 

ΔTCC primarily cluster over northern China (Fig. 12a and 12i), indicating that larger positive 469 

TCC biases are generally relevant to larger negative Rs10p biases. Conversely, positive partial 470 

correlations between ΔRs10p and ΔRc are widespread across China, but are generally stronger 471 

in western China and weaker over the North China Plain (35°-42°N, 110°-120°E) (Fig. 12b 472 

and 12i). These pattern contrasts suggest that cloud-related errors exert a stronger influence on 473 

ΔRs10p in northern China, whereas Rc errors become increasingly important in western regions. 474 

MERRA-2 shares a similar spatial pattern of partial correlations between ΔRs10p and ΔTCC 475 

to that of ERA5, characterized by negative correlations over northern China (Fig. 12e and 12i). 476 

However, significant positive correlations between ΔRs10p and ΔRc occur across larger domain 477 

of China, including the North China Plain (Fig. 12f and 12i), suggesting a more widespread 478 

influence of Rc biases than in ERA5. 479 

Both ERA5 and MERRA-2 clearly exhibit strong positive partial correlations between 480 

ΔRs90p and ΔRc across the vast majority of stations (Fig. 12d, 12h, and 12i). The correlations 481 

are generally stronger in ERA5 than in MERRA-2. In contrast, partial correlations between 482 

ΔRs90p and ΔTCC are weak and statistically insignificant at most stations (Fig. 12c, 12g and 483 

12i). These results indicate that biases in Rc are more closely associated with biases in Rs90p 484 

than biases in cloud cover for both reanalysis products. Similar results are present for extreme 485 

Rs days identified by observations (not shown). 486 

5.3 Contributions of trends biases in extreme Rs from those in TCC and Rc 487 
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 To further dissect the mechanisms driving the trend biases between reanalyses and 488 

observations, we decomposed trend biases in extreme Rs into contributions arising from those 489 

in TCC and Rc, which represent cloud-mediated radiative variations and clear-sky atmospheric 490 

(primarily associated with aerosol radiative effects) processes, respectively. 491 

Figure 13 shows that the responses of trend biases in extreme Rs to their physical drivers 492 

exhibit pronounced spatial heterogeneity and strong dependence on the type of extreme Rs. For 493 

Rs10p, trend biases in extreme Rs mainly arise from the combined influence of those in TCC 494 

and Rc, but their spatial distributions show distinct regional contrasts (Fig. 13a-b and 13e-f). 495 

The contribution of trend biases in TCC to those in Rs10p is more pronounced in eastern China, 496 

where cloud variability exerts strong control on low-radiation conditions, whereas its influence 497 

is substantially weaker over northwestern arid regions and the Tibetan Plateau (Fig. 13a and 498 

13e). In contrast, the contribution of trend biases in Rc to those in Rs10p is more widespread 499 

across the country and shows relatively higher contributions in northwestern China (Fig. 13b 500 

and 13f), suggesting that clear-sky processes, particularly aerosol-related radiative effects, play 501 

a larger role in regulating low-radiation extremes in regions with limited cloud influence. 502 

For Rs90p, the contribution of trend biases in TCC in is generally weak, with only limited 503 

and localized effects (Fig. 13c and 13g), indicating that cloud-related errors exert only a limited 504 

influence on long-term trends of high-radiation extremes in reanalysis products. By contrast, 505 

trend biases in Rc exhibits consistently high contributions to those in Rs90p across the entire 506 

country, with a highly uniform spatial pattern (Fig. 13d and 13h), demonstrating that clear-sky 507 

atmospheric processes dominate the representation of high-radiation extremes in reanalysis 508 

products. This dominance is physically expected since high-radiation extremes typically occur 509 
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under cloud-free or nearly cloud-free conditions, making the accurate representation of clear-510 

sky transmissivity and its long-term evolution far more critical than cloud variability. 511 

6. Conclusions and discussion 512 

Surface incident solar radiation (Rs) is a fundamental component of the Earth’s energy 513 

balance. Its extremes exert profound impacts on a wide range of sectors including agriculture 514 

and renewable energy production. Owing to their fully spatiotemporal coverage and completely 515 

physical consistency, reanalysis products have been widely used to force various models and 516 

as surrogate observations to assess low Rs events relevant to the stability of renewable energy 517 

system. However, their ability to reproduce the climatology and long-term variations of 518 

extreme Rs remains insufficiently evaluated. To address this gap, with the help of long-term 519 

ground-based observations of daily Rs, this study assesses the performance of two widely used 520 

reanalysis products, ERA5 and MERRA-2, in representing the climatology and long-term 521 

variations in extreme Rs over China during 1961–2016, and further quantifies the contributions 522 

of trend biases in extreme Rs from those in associated drivers. 523 

Observation-based analysis shows that Rs90p occurs more frequently during 1961–1979, 524 

whereas their magnitudes peak during 1994–2016. In contrast, Rs10p shows a persistent 525 

increase in frequency from 1961 to 2016, accompanied by declined long-term changes in 526 

magnitude. ERA5 broadly reproduces the multidecadal characteristics of both Rs90p and Rs10p, 527 

capturing their temporal evolution and spatial patterns more realistically than MERRA-2. For 528 

Rs90p, ERA5 represents overall frequency changes and interannual variability, though it 529 

slightly underestimates long-term magnitude trends and some regional contrasts, such as the 530 

post-1994 over northeastern China. MERRA-2 performs notably worse and exhibits unrealistic 531 
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long-term trends in frequency and magnitude during 1994–2016. For Rs10p, ERA5 532 

outperforms MERRA-2 during 1980–1993, reproducing the observed interannual variability 533 

and trends in both frequency and magnitude. In contrast, during 1994–2016, MERRA-2 shows 534 

relatively better skill in simulating the national mean trends of Rs10p frequency and magnitude; 535 

however, its spatial patterns differ substantially from observations, with particularly large 536 

discrepancies over southern China. These limitations should be carefully considered when 537 

applying current reanalysis products to solar energy assessment, climate impact studies, and 538 

historical analyses and projection constrains of Rs extremes over China. 539 

Extreme Rs, like mean Rs, is governed by in intricate cloud-aerosol-radiation processes 540 

(Ramanathan et al., 1989; Stephens, 2005; Wild, 2012; He et al., 2026; Yuan et al., 2026), yet 541 

how these processes are represented in reanalysis products remains poorly constrained. Our 542 

findings clearly demonstrate that the mechanisms underlying extreme Rs biases differ 543 

substantially, or even decouple, between extremely low and high Rs conditions. Thus, exploring 544 

extreme Rs yields a substantially cleaner framework for process-level attribution than focusing 545 

solely on mean Rs, guiding more targeted improvements for reanalysis products. 546 

For Rs10p, both the partial correlation and trend contribution analyses indicate that cloud- 547 

and aerosol-related processes jointly influence its biases, but their relative importance varies 548 

regionally. Cloud-related biases exert a stronger influence over northern China, whereas Rc 549 

biases become increasingly important in western China, roughly consistent with previous 550 

studies (Qian et al., 2006; Qian et al., 2007). This pattern is likely attributable to the lower 551 

cloud climatology of western China, where variations in atmospheric transmissivity exert a 552 

stronger control on solar radiation than cloud variability (Stephens, 2005; Wild, 2012; Bellouin 553 
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et al., 2020). In contrast, Rs90p biases exhibit much weaker sensitivity to cloud variability and 554 

are predominantly controlled by Rc biases, as evidenced by the contribution maps of their trend 555 

biases (Fig. 13c-d and 13g-h). This reflects the reduced sensitivity of surface solar radiation to 556 

cloud variability under near cloud-free environments, where clear-sky atmospheric 557 

transmissivity becomes the dominant control (Bellouin et al., 2020). 558 

It’s worth noting that the discrepancy between observations and reanalyses is substantially 559 

larger during 1961–1979 than after 1979 (Fig. 2a). This larger mismatch may reflect the 560 

combined effects of weaker observational constraints and greater reanalysis uncertainties in the 561 

pre-satellite era (Bengtsson et al., 2004; Dee et al., 2011; Fujiwara et al., 2017; Hersbach et al., 562 

2020). Prior to 1979, the sparse observing network and absence of satellite measurements 563 

provided limited constraints on the assimilated atmospheric state. Since cloud properties and 564 

surface radiative fluxes are generated by the forecast model rather than directly assimilated, 565 

uncertainties in the atmospheric analysis could propagate into cloud and radiative fields (He et 566 

al., 2021a), leading to biases in simulated Rs and poor representation of historical dimming 567 

during this period. Moreover, this period coincides with rapid, non-stationary changes in Rs 568 

driven by increasing anthropogenic aerosol emissions, which may be a big challenge for 569 

reanalysis systems to reproduce the observed dimming given the limited availability of realistic 570 

aerosol information and the simplified parameterization of cloud-aerosol-radiation interactions 571 

embedded within the forecast model.  572 

Distinct from our previous reliance on Rs estimates derived from sunshine duration (He et 573 

al., 2021a; He et al., 2026), a primary advancement of this work is anchored firmly in direct 574 

historical radiometric observations. Moreover, this study extends the analysis back to 1961, 575 
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clearly demonstrating the rapid early-stage dimming and its substantial discrepancies with 576 

reanalysis products before 1979. Crucially, these pervasive discrepancies are revealed in this 577 

study to be consistently evident in both mean and extreme Rs, indicating a robust assessment 578 

of reanalysis performance. 579 
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Table 1 Trends in the frequency (units: days·decade-1) and magnitude (units: W·m-2·decade-1) 864 

of extremely low (Rs10p) and high (Rs90p) surface incident solar radiations from observations 865 

(OBS), ERA5, and MERRA-2 in China during 1961–1979, 1980–1993, and 1994–2016 866 

periods. Bold and italic denote significance at the 0.05 and 0.10 levels, respectively. 867 

 OBS ERA5 MERRA-2 

Rs90p frequency 

1961–1979 -18.31 -0.97  

1980–1993 -5.00 -5.27 -6.01 

1994–2016 6.65 0.60 -6.44 

Rs90p magnitude 

1961–1979 -0.26 -4.78  

1980–1993 13.35 2.76 7.12 

1994–2016 1.52 2.26 -0.85 

Rs10p frequency 

1961–1979 1.89 -1.15  

1980–1993 2.79 5.26 0.84 

1994–2016 1.92 -0.84 2.43 

Rs10p magnitude 

1961–1979 -0.07 0.56  

1980–1993 -3.70 -4.18 -5.26 

1994–2016 1.37 -0.58 1.67 

868 
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Figure Captions 869 

Figure 1 Spatial distribution of the 55 solar radiation stations across China with homogeneous 870 

observations for 1961–2016. Star symbols denote the locations of the stations, with their colors 871 

representing the percentage of valid daily observations during 1961–2016. Background color 872 

shading represents elevation (m). 873 

Figure 2 (a) Annual mean anomalies of surface incident solar radiation (Rs; unit: W·m-2) from 874 

observations (gray), ERA5 (solid dark orange), and MERRA-2 (dashed light orange) over 875 

China during 1961–2016 and (b–i) their spatial patterns of trends (unit: W·m-2·decade-1) during 876 

three periods: (b–c) 1961–1979, (d–f) 1980–1993, and (g–i) 1994–2016. Black-bordered dots 877 

indicate significance at a level of 0.10, whereas light gray-bordered dots indicate statistically 878 

insignificant results. The proportions of positive (p < 0.10; red bar) and negative (p < 0.10; 879 

blue bar) Rs trends are shown in each panel. 880 

Figure 3 Thresholds of surface incident solar radiation (Rs; unit: W·m-2) corresponding to 881 

different quantiles (10%, 30%, 50%, 70%, and 90%) of for each calendar day based on 882 

observations (OBS, thick solid), ERA5 (thin solid), and MERRA-2 (thin dashed) over their 883 

respective analysis periods. 884 

Figure 4 Climatology of frequency and magnitude of extremely high surface incident solar 885 

radiations (Rs90p) across China averaged over three periods: (a–b) 1961–1979, (c–e) 1980–886 

1993, and (f–h) 1994–2016. Dot size indicates the magnitude (unit: W·m-2), while dot color 887 

denotes the frequency (unit: days). 888 

Figure 5 Same as Figure 4, but for extremely low surface incident solar radiation (Rs10p). 889 

Figure 6 Performance of reanalysis products in capturing extremely (a) high (Rs90p) and (b) 890 
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low (Rs10p) surface incident solar radiation based on several metrics including accuracy, 891 

precision, specificity, false-alarm rate, hit rate, and miss rate, for ERA5 (dark orange) and 892 

MERRA-2 (light orange) evaluated against observations during 1980–2016.  893 

Figure 7 Time series of (a–b) frequency (unit: days) and (c–d) magnitude (unit: W·m-2) in 894 

extremely high (Rs90p) and low (Rs10p) surface incident solar radiations in China from 1961 895 

to 2016, based on observations (gray), ERA5 (solid dark orange), and MERRA-2 (dashed light 896 

orange). 897 

Figure 8 Trend maps of frequency and magnitude of extremely high (Rs90p) surface incident 898 

solar radiations from observations (OBS), ERA5 and MERRA-2 in China during three periods: 899 

(a–b) 1961–1979, (c–e) 1980–1993, and (f–h) 1994–2016. Colors indicate trends in Rs90p 900 

frequency (unit: days·decade-1) with black dots marking significance at a level of 0.1. Upward 901 

and downward triangles denote increasing and decreasing trends in Rs90p magnitude (unit: 902 

W·m-2·decade-1), respectively, with their sizes indicating the absolute trend magnitudes. Black 903 

and light gray triangle outlines indicate statistically significant (p < 0.10) and insignificant (p > 904 

0.10) trends, respectively. The pie chart in the lower-left corner of each panel shows the 905 

proportions of stations exhibiting different combinations of frequency and magnitude trends: 906 

(+/+) indicates increasing trends in both, (+/-) indicates an increasing frequency but decreasing 907 

magnitude, (-/-) indicates decreasing trends in both, and (-/+) indicates a decreasing frequency 908 

but increasing magnitude. Due to integer rounding, the sum of percentages for each pie chart 909 

may not equal exactly 100% of the theoretical total.910 
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Figure 9 Same as Figure 8, but for extremely low surface incident solar radiation (Rs10p). 911 

Figure 10 Scatterplots of multi-year mean biases in extremely low (Rs10p; blue dots) and high 912 

(Rs90p; red dots) surface incident solar radiations (Rs; unit: W·m-2) versus biases in (a–b) total 913 

cloud cover (TCC; unit: %) and (c–d) clear-sky surface incident solar radiation (Rc; unit: W·m-914 

2) during 1980–2013 at the 55 stations. The starting year of 1980 was selected based on the 915 

temporal overlap of ERA5 and MERRA-2 from 1980 onwards, whereas 2013 marks the end-916 

year since the data availability of cloud cover ends in 2013. The biases are computed as 917 

reanalyses minus observations for extreme Rs days identified separately within each dataset. 918 

“r” denotes correlation coefficient with a statistical significance level in parentheses and “slope” 919 

indicates linear regression slope. Each dot denotes the reanalysis bias at an individual station, 920 

thus their correlation coefficients across the stations reflect the spatial correlations of the biases. 921 

Figure 11 Same as Figure 10, but the biases are computed as reanalyses minus observations 922 

for extreme Rs days identified based on observations. 923 

Figure 12 (a–h) Maps of partial correlation coefficients (ρ) derived from annual bias time series 924 

between reanalysis biases in extreme surface incident solar radiations (i.e., Rs10p and Rs90p) 925 

and their physical drivers (i.e., total cloud cover, TCC, and clear-sky Rs, Rc) during 1980–2013 926 

across 55 stations. Black and light gray outlines indicate statistically significant (p < 0.05) and 927 

insignificant (p > 0.05) levels, respectively. The biases were computed as reanalyses minus 928 

observations for extreme Rs days identified separately within each dataset. (i) Violin plots 929 

summarizing the station-level ρ shown in (a–h).930 
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Figure 13 Relative contributions (%) of trend biases in total cloud cover (ΔTCC) and clear-931 

sky surface incident solar radiation (ΔRc) to those in extreme surface incident solar radiations 932 

(ΔRs10p and ΔRs90p) from (a–d) ERA5 and (e–h) MERRA-2 relative to observations from 55 933 

ground-based stations. 934 
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  935 

Figure 1 Spatial distribution of the 55 solar radiation stations across China with homogeneous 936 

observations for 1961–2016. Star symbols denote the locations of the stations, with their colors 937 

representing the percentage of valid daily observations during 1961–2016. Background color 938 

shading represents elevation (m). 939 
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   940 

Figure 2 (a) Annual mean anomalies of surface incident solar radiation (Rs; unit: W·m-2) from 941 

observations (gray), ERA5 (solid dark orange), and MERRA-2 (dashed light orange) over 942 

China during 1961–2016 and (b–i) their spatial patterns of trends (unit: W·m-2·decade-1) during 943 

three periods: (b–c) 1961–1979, (d–f) 1980–1993, and (g–i) 1994–2016. Black-bordered dots 944 

indicate significance at a level of 0.10, whereas light gray-bordered dots indicate statistically 945 

insignificant results. The proportions of positive (p < 0.10; red bar) and negative (p < 0.10; 946 

blue bar) Rs trends are shown in each panel. 947 
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  948 

Figure 3 Thresholds of surface incident solar radiation (Rs; unit: W·m-2) corresponding to 949 

different quantiles (10%, 30%, 50%, 70%, and 90%) of for each calendar day based on 950 

observations (OBS, thick solid), ERA5 (thin solid), and MERRA-2 (thin dashed) over their 951 

respective analysis periods. 952 
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 953 

Figure 4 Climatology of frequency and magnitude of extremely high surface incident solar 954 

radiations (Rs90p) across China averaged over three periods: (a–b) 1961–1979, (c–e) 1980–955 

1993, and (f–h) 1994–2016. Dot size indicates the magnitude (unit: W·m-2), while dot color 956 

denotes the frequency (unit: days). 957 
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 958 

Figure 5 Same as Figure 4, but for extremely low surface incident solar radiation (Rs10p).959 
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 960 

Figure 6 Performance of reanalysis products in capturing extremely (a) high (Rs90p) and (b) 961 

low (Rs10p) surface incident solar radiation based on several metrics including accuracy, 962 

precision, specificity, false-alarm rate, hit rate, and miss rate, for ERA5 (dark orange) and 963 

MERRA-2 (light orange) evaluated against observations during 1980–2016. 964 

https://doi.org/10.5194/egusphere-2026-5275
Preprint. Discussion started: 12 November 2026
c© Author(s) 2026. CC BY 4.0 License.



47 
 

  965 

Figure 7 Time series of (a–b) frequency (unit: days) and (c–d) magnitude (unit: W·m-2) in 966 

extremely high (Rs90p) and low (Rs10p) surface incident solar radiations in China from 1961 967 

to 2016, based on observations (gray), ERA5 (solid dark orange), and MERRA-2 (dashed light 968 

orange).969 
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 970 

Figure 8 Trend maps of frequency and magnitude of extremely high (Rs90p) surface incident 971 

solar radiations from observations (OBS), ERA5 and MERRA-2 in China during three periods: 972 

(a–b) 1961–1979, (c–e) 1980–1993, and (f–h) 1994–2016. Colors indicate trends in Rs90p 973 

frequency (unit: days·decade-1) with black dots marking significance at a level of 0.10. Upward 974 

and downward triangles denote increasing and decreasing trends in Rs90p magnitude (unit: 975 

W·m-2·decade-1), respectively, with their sizes indicating the absolute trend magnitudes. Black 976 

and light gray triangle outlines indicate statistically significant (p < 0.10) and insignificant (p > 977 

0.10) trends, respectively. The pie chart in the lower-left corner of each panel shows the 978 

proportions of stations exhibiting different combinations of frequency and magnitude trends: 979 

(+/+) indicates increasing trends in both, (+/-) indicates an increasing frequency but decreasing 980 
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magnitude, (-/-) indicates decreasing trends in both, and (-/+) indicates a decreasing frequency 981 

but increasing magnitude. Due to integer rounding, the sum of percentages for each pie chart 982 

may not equal exactly 100% of the theoretical total.983 
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  984 

Figure 9 Same as Figure 8, but for extremely low surface incident solar radiation (Rs10p).985 
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  986 

Figure 10 Scatterplots of multi-year mean biases in extremely low (Rs10p; blue dots) and high 987 

(Rs90p; red dots) surface incident solar radiations (Rs; unit: W·m-2) versus biases in (a–b) total 988 

cloud cover (TCC; unit: %) and (c–d) clear-sky surface incident solar radiation (Rc; unit: W·m-989 

2) during 1980–2013 at the 55 stations. The starting year of 1980 was selected based on the 990 

temporal overlap of ERA5 and MERRA-2 from 1980 onwards, whereas 2013 marks the end-991 

year since the data availability of cloud cover ends in 2013. The biases were computed as 992 

reanalyses minus observations for extreme Rs days identified separately within each dataset. 993 

“r” denotes correlation coefficient with a statistical significance level in parentheses and “slope” 994 

indicates linear regression slope. Each dot denotes the reanalysis bias at an individual station, 995 

thus their correlation coefficients across the stations reflect the spatial correlations of the biases.996 
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 997 

Figure 11 Same as Figure 10, but the biases are computed as reanalyses minus observations 998 

for extreme Rs days identified based on observations. 999 
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Figure 12 (a–h) Maps of partial correlation coefficients (ρ) derived from annual bias time 1001 

series between reanalysis biases in extreme surface incident solar radiations (i.e., Rs10p and 1002 

Rs90p) and their physical drivers (i.e., total cloud cover, TCC, and clear-sky Rs, Rc) during 1003 

1980–2013 across 55 stations. Black and light gray outlines indicate statistically significant (p 1004 

< 0.05) and insignificant (p > 0.05) levels, respectively. The biases were computed as 1005 

reanalyses minus observations for extreme Rs days identified separately within each dataset. (i) 1006 

Violin plots summarizing the station-level ρ shown in (a–h).1007 
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 1008 

Figure 13 Relative contributions (%) of trend biases in total cloud cover (ΔTCC) and clear-1009 

sky surface incident solar radiation (ΔRc) to those in extremely low and high surface incident 1010 

solar radiations (ΔRs10p and ΔRs90p) in (a–d) ERA5 and (e–h) MERRA-2 relative to 1011 

observations at 55 ground-based stations. 1012 
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