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Abstract. Atmospheric aerosols strongly influence surface solar radiation (SSR) through scattering and absorption processes, 10 

introducing substantial uncertainties into SSR estimates. Despite the increasing use of atmospheric reanalysis products for 

solar resource assessment, the propagation of aerosol-related uncertainty into SSR calculations remains insufficiently 

quantified. In this study, we derive aerosol optical depth (AOD) uncertainties for the fourth-generation ECMWF Atmospheric 

Composition Reanalysis 4 (EAC4) and investigate their propagation into clear-sky estimates of global horizontal irradiance 

(GHI) and direct normal irradiance (DNI) over the 60°S–60°N domain for the 2003–2024 period. Prognostic AOD 15 

uncertainties are calculated using collocated EAC4 and Aerosol Robotic Network (AERONET) observations, while the 

resulting global mean relative AOD uncertainty is approximately 47%. Radiative kernels are subsequently used to quantify the 

sensitivity of clear-sky SSR to AOD perturbations, enabling the propagation of AOD uncertainty into GHI and DNI estimates. 

The results reveal pronounced spatial and seasonal variability, with the largest propagated uncertainties occurring over regions 

affected by persistent anthropogenic pollution, biomass burning, and desert dust. Relative GHI uncertainties generally remain 20 

below 5–6%, whereas relative DNI uncertainties frequently exceed 18% over major aerosol source regions and reach 25–35% 

seasonally under elevated aerosol loading. Overall, the proposed framework provides a computationally efficient methodology 

for generating uncertainty-aware solar radiation products and supports future investigations of aerosol-driven dimming and 

brightening, as well as long-term solar energy resource assessments under changing atmospheric conditions. 

1 Introduction 25 

In 2025, the European Union installed 65.1 GW of new solar photovoltaic (PV) capacity, while cumulative installed capacity 

is projected to reach approximately 718 GW by 2030 under the medium-growth scenario (SolarPower Europe, 2025). Globally, 

PV technology is expected to dominate renewable energy expansion through 2030, accounting for nearly 80% of the projected 

increase in renewable electricity capacity worldwide, while concentrating solar power (CSP) is another promising solar energy 

technology growing fast in recent years (IEA, 2025). In this context, surface solar radiation (SSR) constitutes a key parameter 30 

for solar energy applications, as it directly controls the power generation potential of solar energy systems, thereby strongly 
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influencing their design, operation, and economic viability (Ahmed et al., 2020; Li et al., 2021; Arnaoutakis et al., 2022). The 

large-scale deployment of solar energy systems therefore requires accurate characterization of SSR at both regional and global 

scales, which exhibits substantial spatial and temporal variability (Şen, 2004; Wang et al., 2020; Izam et al., 2022). Among 

the various factors affecting SSR, atmospheric aerosols play a major role, as they can substantially modify the amount of solar 35 

radiation reaching the Earth’s surface through scattering and absorption processes associated with their direct radiative effect 

(Boucher et al., 2013).  

The aerosol optical depth (AOD) is commonly used to quantify the attenuation of solar radiation by aerosols, serving as one 

of the key parameters controlling aerosol radiative effects. Previous studies have shown that discrepancies between modeled 

and observed solar irradiances are often strongly linked to uncertainties in AOD inputs (Gueymard, 2010; Yang et al., 2022). 40 

Aerosol information is commonly derived from both ground-based and satellite observations. Ground-based networks, such 

as the Aerosol Robotic NETwork (AERONET, Holben et al., 1998) and the Global Atmosphere Watch Precision Filter 

Radiometer network (GAW-PFR, Kazadzis et al., 2018) generally provide highly accurate aerosol measurements; however, 

their spatial coverage remains relatively sparse worldwide (Sengupta et al., 2021). In contrast, satellite observations, such as 

the Moderate Resolution Imaging Spectroradiometer (MODIS; Levy et al., 2010) and the Multi-angle Imaging 45 

Spectroradiometer (MISR; Diner et al., 1998), provide near-global spatial coverage and long-term records, making them 

especially valuable for global aerosol monitoring and solar radiation applications. In parallel, atmospheric reanalyses such as 

the Modern-Era Retrospective Analysis for Research and Applications, Version 2 (MERRA-2; Buchard et al., 2017; Gelaro et 

al., 2017), and the Copernicus Atmosphere Monitoring Service (CAMS; Morcrette et al., 2009) combine numerical modeling 

with the assimilation of diverse observational datasets to provide global aerosol fields with high temporal resolution. 50 

SSR information is currently obtained from several sources, such as ground-based and in-situ observations, reanalysis, models, 

and satellite retrievals (Gueymard, 1993; Wild et al., 2013; Tang et al., 2019; Jiao et al., 2022; Lu et al., 2023). Ground-based 

SSR measurements are generally considered the most accurate source of information. High-quality observations are provided 

by networks such as the Baseline Surface Radiation Network (BSRN; Driemel et al., 2018). These measurements provide high 

temporal resolution and highly accurate point-scale observations; however, their spatial coverage remains sparse and unevenly 55 

distributed worldwide, limiting their ability to resolve the spatial distribution of global horizontal irradiance (GHI) or direct 

normal irradiance (DNI). In contrast, satellite-derived products and atmospheric reanalyses provide spatially continuous SSR 

datasets with near-global coverage, making them particularly suitable for climate studies and solar energy applications. 

Nevertheless, the evaluation of these products against high-quality ground-based observations remains essential for assessing 

and improving their accuracy and reliability (He et al., 2023; Jiao et al., 2022). 60 

Although numerous studies have evaluated the performance of different SSR products against ground-based observations (Zib 

et al., 2012; Hatzianastassiou et al., 2020; Jiao et al., 2022; He et al., 2023; 2025; Wiltink et al., 2024), substantially less 

attention has been devoted to quantifying how uncertainties in aerosol properties propagate into uncertainties in SSR estimates. 

This limitation is particularly important for DNI, which is highly sensitive to aerosol attenuation and scattering processes (Hu 

et al., 2026). In regions characterized by persistent anthropogenic pollution, biomass burning, or desert dust events, where 65 
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aerosol effects on clear-sky SSR are particularly pronounced, uncertainties in aerosol characterization, such as the AOD, may 

therefore propagate into uncertainties in solar radiation products, potentially affecting solar energy assessments (Bartók et al., 

2017) 

Radiative kernels provide an efficient framework for quantifying the sensitivity of radiative fluxes to perturbations in 

atmospheric properties and have been widely used in aerosol direct radiative effect (DRE) studies (Soden et al., 2008; Shell et 70 

al., 2008; McComiskey et al., 2008; Thorsen et al., 2020, 2021). Such approaches enable the propagation of uncertainties in 

aerosol properties into uncertainties in radiative quantities while accounting for realistic atmospheric variability. In parallel, 

several studies have proposed prognostic uncertainty frameworks for AOD retrievals based on collocated satellite and 

AERONET observations (Sayer et al., 2013), allowing uncertainty estimates to be directly linked to the retrieved aerosol 

conditions. Nevertheless, most previous studies have primarily focused on aerosol DREs, while a substantial gap still exists in 75 

the systematic quantification of how aerosol-related uncertainties propagate into surface solar radiation components relevant 

for solar energy applications, particularly GHI and DNI, at global scale and over long-term periods. 

To address the limited understanding of how aerosol-related uncertainties propagate into SSR components relevant for solar 

energy applications, the present study first derives the global AOD uncertainties for the EAC4 using collocated EAC4 and 

AERONET observations following the expected-error framework of Sayer et al. (2013). These AOD uncertainties were 80 

subsequently propagated into clear-sky global horizontal irradiance (GHI) and direct normal irradiance (DNI) estimates over 

the study domain (60°S–60°N) for the 2003–2024 period. Clear-sky irradiances are obtained using radiative transfer 

simulations driven by EAC4 aerosol fields together with ancillary atmospheric and surface datasets. the resulting irradiance 

estimates are evaluated against high-quality ground-based measurements from the Baseline Surface Radiation Network 

(BSRN). The sensitivity of GHI and DNI to AOD perturbations is quantified through radiative kernels, enabling the 85 

propagation of AOD uncertainties into irradiance uncertainty estimates. The analysis investigates the spatial and seasonal 

variability of the resulting GHI and DNI uncertainties and their dependence on aerosol loading at the global scale. In addition, 

station-level analyses are performed for the highest-ranked AERONET stations in terms of long-term aerosol loading to 

investigate the temporal variability and magnitude of aerosol-related irradiance uncertainties under extreme aerosol 

environments. 90 

2 Data and Methodology  

2.1 Reanalysis aerosol data 

The Copernicus Atmosphere Monitoring Service (CAMS; https://atmosphere.copernicus.eu; last access: 07 July 2026) is a 

major component of the European Union's Copernicus Earth observation programme, providing global products of atmospheric 

composition, including aerosols and reactive trace gases. The ECMWF Atmospheric Composition Reanalysis 4 (EAC4) was 95 

first released in 2017, with the historical record for 2003–2019 completed in 2020 and subsequently extended to the present 

(Langerock et al., 2024). At the time of this study, the dataset covered the period from 2003 to December 2025. 
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EAC4 is produced using the European Centre for Medium-Range Weather Forecasts (ECMWF) Integrated Forecasting System 

(IFS), coupled with the Carbon Bond 2005 (CB05) atmospheric chemistry mechanism (Huijnen et al., 2010; Flemming et al., 

2015). The aerosol component represents the major atmospheric aerosol species, including desert dust, sea salt, sulfate, organic 100 

matter, and black carbon, together with their relevant physical and chemical processes. Aerosol emissions are derived from a 

combination of online parameterizations for natural sources and external inventories for anthropogenic and biomass-burning 

emissions, including GFAS and MACCity (Morcrette et al., 2009; Kaiser et al., 2012; Granier et al., 2011). 

In this study, the EAC4 total aerosol optical depth (AOD) at 550 nm data were retrieved from the Copernicus Atmosphere 

Data Store (https://ads.atmosphere.copernicus.eu/; last access: 07 July 2026) at a spatial resolution of 0.75° × 0.75° and a 105 

temporal resolution of 3 hours. 

2.2 Ground-based aerosol observations  

Ground-based aerosol observations were obtained from the Aerosol Robotic Network (AERONET; Holben et al., 1998, 2001), 

which operates a worldwide network of sun photometers providing long-term measurements of column-integrated aerosol 

properties. Version 3 (V3) Level 2.0 AERONET data were used in the present analysis. These data undergo automatedcloud 110 

screening and quality assurance control and have estimated aerosol optical depth (AOD) uncertainties of approximately ±0.01 

at visible wavelengths and ±0.02 in the ultraviolet (Giles et al., 2019; Sinyuk et al., 2020). AERONET measurements are 

available at multiple wavelengths between approximately 340 and 1640 nm and at a temporal sampling of typically 5–15 min. 

For the present study, AERONET serves as the observational reference for characterizing the uncertainty of EAC4 AOD. The 

analysis uses the same set of stations and data-selection criteria previously employed by Moustaka et al. (2026) for the 2003–115 

2024 period. Briefly, these criteria were designed to ensure sufficient temporal coverage and long-term representativeness of 

the observations. The complete filtering procedure and associated data-availability requirements are provided by both Zhang 

et al. (2025) and Moustaka et al. (2026) and are therefore not repeated here. Mauna Loa and Mexico City were additionally 

excluded following Inness et al. (2019), owing to known difficulties in the representation of volcanic sulfate in global aerosol 

modelling (Huijnen et al., 2010; Inness et al., 2019). The resulting observational dataset comprises 178 AERONET stations 120 

distributed across a broad range of aerosol environments. 

Because EAC4 AOD is analysed at 550 nm, whereas AERONET does not provide a direct measurement at this wavelength, 

the AERONET observations were spectrally interpolated to 550 nm using the Ångström power-law relationship (Ångström, 

1929): 

𝐴𝑂𝐷𝜆 = 𝐴𝑂𝐷𝜆0 ∙ (
𝜆0

𝜆
)

𝑎̇

, (1) 

where 𝜆 = 550 nm, 𝜆0 = 440 nm, and 𝑎̇ is the Ångström exponent derived from AOD measurements in the 440–675 nm 125 

spectral range (Eck et al., 1999; Giles et al., 2019). 
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2.3 Radiative transfer simulations  

Radiative fluxes were derived at 1-hourly temporal resolution using a lookup table (LUT) approach based on radiative transfer 

model (RTM) simulations performed with the UVSPEC model of the libRadtran radiative transfer package (Emde et al., 2016). 130 

The LUT used in this study follows the framework described in Papachristopoulou et al. (2024). Rather than performing 

computationally expensive RTM simulations for every grid cell and time step, radiative fluxes were obtained by interpolation 

within a set of pre-computed RTM simulations stored in the LUT. The use of LUTs as a computationally efficient alternative 

to direct RTM calculations is well established in solar radiation retrievals (Mueller et al., 2009; Qu et al., 2017). The 

interpolation approach has been shown to provide results that are nearly identical to direct RTM calculations while substantially 135 

reducing computational cost (Papachristopoulou et al., 2022; 2024). 

The LUT consists of pre-calculated radiative fluxes, including global horizontal irradiance (GHI) and direct normal irradiance 

(DNI), generated for a range of atmospheric and surface conditions. Specifically, the LUT is seven-dimensional and 

constructed as a function of aerosol optical depth (AOD), solar zenith angle (SZA), single scattering albedo (SSA), Ångström 

exponent (AE), total column ozone (TCO), total column water vapour (TCWV), and surface albedo (ALB). These parameters 140 

describe the state of the atmosphere, as well as the radiative properties of the surface, and were used as input to the RTM-

based LUT framework.  

For the aerosol information, 3-hourly AOD fields were obtained from the EAC4 global atmospheric reanalysis dataset (Inness 

et al., 2019). The EAC4 dataset combines model simulations with assimilated satellite aerosol observations and provides 

spatially and temporally continuous atmospheric fields suitable for long-term radiative applications. Monthly climatological 145 

fields of SSA and AE were obtained from the AeroCom dataset (Kinne, 2019), which provides globally consistent aerosol 

optical properties climatology. 

Trace gases parameters required as input in the LUT were derived from monthly averaged EAC4 fields. Specifically, TCWV 

and TCO were obtained from the EAC4 monthly climatology products (Inness et al., 2019). Surface albedo information was 

derived from the HAMSTER dataset (Roccetti et al., 2024), which provides monthly climatological broadband surface albedo 150 

fields. Due to the presence of seasonally dependent missing values in the HAMSTER albedo dataset at high latitudes, the 

present analysis was restricted to the latitude band between 60° S and 60° N. This restriction ensures consistent spatial coverage 

across seasons and avoids introducing artefacts related to incomplete surface albedo information. Finally, SZA values were 

calculated from solar geometry for each grid cell and updated hourly, whereas the remaining atmospheric and surface input 

parameters were assumed constant within each 3-hourly interval. Radiative fluxes were calculated at hourly temporal 155 

resolution. Since EAC4 AOD is available every 3 hours, the nearest AOD field was assigned to each hourly time step (i.e. 

each AOD value was assumed constant within ±1.5 h of its nominal analysis time), while SZA was recalculated for every hour 

to account for the changing solar geometry.  

To ensure spatial consistency among the various input datasets, all parameters (SSA, AE, TCO, TCWV, and ALB) were 

regridded to the native spatial resolution of the EAC4 AOD dataset (0.75° × 0.75°) prior to their use in the LUT framework. 160 
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Afterwards, the radiative fluxes were estimated through interpolation within the LUT for each grid cell and time step. A 

schematic overview of the overall methodology and data flow is presented in Fig. 1, while a summary of the datasets and 

temporal resolutions used in this study is provided in Table 1. Following Papachristopoulou et al. (2024), the LUT-derived 

radiative fluxes correspond initially to sea-level conditions and mean Earth–Sun distance. Therefore, an additional post-

processing correction was applied to account for surface elevation and the actual Earth–Sun distance corresponding to each 165 

day of year (DOY). The elevation correction follows the methodology of Fountoulakis et al. (2021), who estimated an average 

increase of approximately 2 % per kilometre in clear-sky GHI under different atmospheric and surface conditions. This 

correction was subsequently applied to the LUT-derived radiative fluxes in order to account for altitude-dependent effects on 

surface solar radiation. 

Radiative quantities were obtained through interpolation within the 7D LUT. Specifically, for each grid cell (𝑖, 𝑗) and time (𝑡), 170 

the radiative flux was derived by interpolating within the pre-computed LUT using the corresponding values of AOD, SZA, 

SSA, AE, TCO, TCWV, and ALB (Fig. 1). The LUT-derived radiative fluxes were subsequently used to compute radiative 

kernels (as described in Sect. 2.5), which quantify the sensitivity of surface solar radiation to AOD perturbations. These kernels 

form the basis for the propagation of AOD uncertainty into uncertainties in surface radiative fluxes. 
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 175 

Figure 1:  Schematic overview of the LUT-based methodology used to estimate hourly global radiative fluxes and their associated 

uncertainties. The LUT simulations are driven by aerosol, atmospheric, surface, and solar geometry inputs, including AOD, SSA, 

AE, TCWV, TCO, ALB, and SZA. The LUT outputs include GHI, DNI, and their associated uncertainty estimates. Map source: 

NASA Earth Observatory. 

 180 

Table 1: Overview of the input parameters used in the radiative transfer lookup table (LUT), including their temporal resolution 

and corresponding datasets. The table summarizes the atmospheric and surface variables employed for the estimation of surface 

solar radiation and the propagation of AOD-related uncertainties. 

Input Parameter Temporal resolution Dataset 

AOD 3-hourly reanalysis fields 
EAC4 (https://ads.atmosphere.copernicus.eu/datasets/cams-global-reanalysis-eac4, 

last access: 04 June 2026; Inness et al., 2019) 

SZA Hourly Computed from solar geometry 

SSA Monthly climatology AEROCOM (Kinne, 2019) 

AE Monthly climatology AEROCOM (Kinne, 2019) 
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TCWP Monthly hourly climatology 
EAC4 monthly averaged fields (https://ads.atmosphere.copernicus.eu/datasets/cams-

global-reanalysis-eac4-monthly, last access: 04 June 2026; Inness et al., 2019) 

TCO Monthly hourly climatology 
EAC4 monthly averaged fields (https://ads.atmosphere.copernicus.eu/datasets/cams-

global-reanalysis-eac4-monthly, last access: 04 June 2026; Inness et al., 2019) 

ALB Monthly climatology HAMSTER dataset (Roccetti et al., 2024) 

 

2.4 Estimation of AOD uncertainty 185 

The uncertainties of the EAC4 AOD product were estimated using a prognostic approach following Sayer et al. (2013). In this 

framework, the expected-error (EE) is derived from the statistical distribution of differences between the reanalysis AOD (i.e., 

EAC4) and ground-based AERONET observations and is expressed as a function of the EAC4 AOD. Prior to the uncertainty 

analysis, the performance of EAC4 against 178 AERONET stations worldwide was evaluated by Moustaka et al. (2026), 

demonstrating generally very good agreement with the observations (R = 0.84, RMSE = 0.12, MAE = 0.07, RMB = 1.0, and 190 

IOA = 0.9, based on 1,657,564 collocated data pairs).  

Collocated AOD differences between EAC4 and AERONET were calculated and grouped into bins according to the 

corresponding EAC4 AOD values, with each bin containing 500 collocated pairs. Within each bin, the distribution of absolute 

differences ∣ ΔAOD ∣=∣ AODEAC4 − AODAERONET ∣, was analysed. The 68th percentile of this distribution was used as a proxy 

for the EE, corresponding to one standard deviation under the assumption of an approximately Gaussian error distribution.  195 

A linear model was then fitted to describe the dependence of EE on AOD: 

𝐸𝐸 = 𝑎 + 𝑏 ⋅ AODdataset, (2) 

where 𝑎 and 𝑏 are regression coefficients derived separately for each dataset, and 𝐴𝑂𝐷𝑑𝑎𝑡𝑎𝑠𝑒𝑡  denotes the median dataset AOD 

within each equal-population bin  

The EE–AOD relationship resulted from this procedure is presented in Fig. 2. Additionally, Fig. S1 presents the histograms of 

the normalized retrieval error, AODEAC4 − AODAERONET EE⁄ , which are compared against an idealized Gaussian distribution 200 

with zero mean and unit variance, namely Ɲ(0,1). The normalized-error distribution exhibits a slight negative bias and broader 

tails than the theoretical Gaussian distribution, although framing the retrieval differences in terms of EE results in a 

substantially closer correspondence with the idealized Gaussian behaviour. This further demonstrates the general validity of 

Eq. (2) for the present dataset, while also indicating that the simple linear parameterization does not fully capture the largest-

error cases as discussed also in Sayer et al. (2012). 205 

To obtain the uncertainty of EAC4 AOD (𝜎AOD,EAC4), the contribution of AERONET measurement uncertainty (𝜎AOD, AER) was 

removed in quadrature. Assuming a constant 𝜎AOD, AER = 0.01 (Giles et al., 2019; Sinyuk et al., 2020), the 𝜎AOD,EAC4 is given 

by: 

𝜎AOD, EAC4 = √𝐸𝐸2 − 𝜎AOD, AER
2  . (3) 

Substituting the corresponding EE parameterization yields: 
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𝜎AOD, EAC4 = √(𝑎 + 𝑏 ⋅ AOD𝐸𝐴𝐶4)2 − (0.01)2. (4) 

As presented in Fig. 2, the fitted coefficients were estimated as a = 0.021 and b = 0.318 based on 1,666,328 collocated EAC4–210 

AERONET observations during the 2003–2024 period. This formulation provides a prognostic, AOD-dependent estimate of 

uncertainty for EAC4, allowing the error to increase with aerosol loading and ensuring consistency with the variability 

observed in the AERONET-based evaluation.  

 

Figure 2: The 38th (squares), 68th (triangles), and 95th (diamonds) percentiles of the absolute differences between EAC4 AOD 550 215 
nm and reference AERONET observations, are shown as a function of the EAC4. The red line represents the least-squares linear fit 

to the 68th percentile values, while the blue and green lines correspond to one-half and twice the fitted relationship, respectively.  

2.5 Propagation of AOD Uncertainty to Surface Radiative Fluxes 

The impact of AOD uncertainty on calculating surface solar radiation (SSR) was quantified using a first-order uncertainty 

propagation approach based on radiative kernels, Thorsen et al. (2020). The analysis focuses on the two main components of 220 

SSR, namely GHI and DNI under clear-sky conditions. 

The methodology follows a linear approximation, assuming that small perturbations in AOD lead to proportional changes in 

the radiative flux. Under this assumption, the uncertainty in a radiative flux 𝐹 due to uncertainty in AOD can be expressed as: 

𝜎𝐹 =∣
∂𝐹

∂AOD
∣⋅ 𝜎AOD,EAC4, (5) 

where 𝜎AOD,EAC4 is the AOD uncertainty derived as described in Sect. 3.1, and 
∂𝐹

∂AOD
 represents the sensitivity of the radiative 

flux to AOD, hereafter referred to as the radiative kernel.  225 

Radiative kernels were computed using finite differences based on pre-calculated radiative transfer simulations, following the 

methodology of Thorsen et al. (2020). Specifically, the kernel is approximated as: 

𝐾(𝑖, 𝑗, 𝑡) =
∂𝐹(𝑖, 𝑗, 𝑡)

∂AOD
≈

𝐹(AOD + 𝛿AOD, SZA, AE, SSA, TCWV, TCO, ALB) − 𝐹(AOD, SZA, AE, SSA, TCWV, TCO, ALB)

𝛿AOD
, (6) 

where 𝐹 denotes the radiative flux (i.e., GHI or DNI), 𝑆𝑍𝐴 is the solar zenith angle, 𝐴𝐸 is the Ångström exponent, 𝑆𝑆𝐴 is the 

single scattering albedo, 𝑇𝐶𝑊𝑉 is the total column water vapor, 𝑇𝐶𝑂 is the total column ozone, 𝐴𝐿𝐵 is the albedo, and 𝛿AOD 
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is a small perturbation in AOD. Specifically, the 𝛿AOD perturbation is chosen as a 1% increase to the AOD value following 230 

other studies in the literature (e.g., Thorsen et al., 2020; Witthuhn et al., 2021) 

For each grid cell and time, the propagated uncertainty in the radiative flux was estimated at the native resolution of the 

analysis. For each observation, the corresponding kernel value was derived by interpolating within the LUT according to the 

different input parameters. 

The resulting kernel was then combined with the respective 𝜎AOD,EAC4 to estimate the propagated uncertainty in the radiative 235 

flux, following: 

𝜎𝐹(𝑖, 𝑗, 𝑡) = 𝐾(𝑖, 𝑗, 𝑡) ⋅ 𝜎AOD,EAC4(𝑖, 𝑗, 𝑡), (7) 

where 𝑖 and 𝑗 denote the spatial coordinates and 𝑡 the time step. 

2.6 BSRN  

The EAC4-derived clear sky irradiance estimates were evaluated against SSR observations obtained from the Baseline Surface 

Radiation Network (BSRN), a global network of reference stations providing high-quality, quality-controlled measurements 240 

of solar and terrestrial radiation for climate monitoring, model evaluation, and satellite product validation (Ohmura et al., 1998; 

Driemel et al., 2018). Minute-resolution measurements of SSR components from all available BSRN stations were retrieved 

through the BSRN FTP archive and processed using the pvlib Python library (Holmgren et al., 2018; Jensen et al., 2023). For 

each station, all available observations between 2003 and 2024 were extracted and combined into continuous station-specific 

time series, resulting in a harmonized multi-site dataset spanning a wide range of climatic and geographical conditions. 245 

Consistent with the geographical domain adopted throughout this study (Sect. 2.3), only stations located within the latitude 

band between 60° S and 60° N were considered, reflecting the latitudinal restriction imposed by the availability of the surface 

albedo dataset used in the irradiance calculations. 

To identify clear-sky conditions suitable for the validation of the EAC4-derived irradiance products, the automated clear-sky 

detection algorithm of Long and Ackerman (2000) was applied. The method identifies clear-sky periods through four 250 

complementary tests based on (i) the normalized GHI magnitude, (ii) the maximum allowable diffuse irradiance (DHI) as a 

function of SZA, (iii) the temporal variability of GHI, and (iv) the temporal variability of the normalized DHI-to-GHI 

irradiance ratio. Only measurements satisfying all four criteria were retained as clear-sky observations. 

The original Long and Ackerman (2000) thresholds were developed empirically for the datasets considered in that study and 

were described by the authors as subjective quantities that allow a certain degree of flexibility depending on the characteristics 255 

of the measurements. Accordingly, the same four filtering tests were adopted here, while several of the empirical threshold 

values were moderately relaxed following visual inspection of the global BSRN dataset to improve the detection of stable 

clear-sky periods across different climatic regions without altering the underlying methodology. The modified thresholds 

consisted of a normalized GHI exponent of 1.10, normalized GHI limits of 1600, 900 and 750 W m⁻², a maximum DHI of 250 

W m⁻², a temporal variability offset of 6 W m⁻², and a normalized diffuse-ratio variability threshold of 0.004 using an 11-260 

minute moving window. 
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Following the clear-sky detection, only measurements acquired within ±5 minutes of each hourly timestamp (e.g., 13:00, 14:00 

UTC) were considered. Hourly clear-sky irradiance values were computed by averaging the available 1-minute observations 

within each 11-minute window, provided that at least 8 valid clear-sky measurements were present. This requirement ensured 

sufficient temporal sampling while avoiding time intervals represented by only a few isolated measurements. After applying 265 

these quality-control criteria, a total of 64 BSRN stations with 553,184 averaged clear-sky hourly collocations were retained 

for the analysis. Their spatial distribution and hourly data availability are presented in Fig. S2. 

3 Results 

3.1 Global Climatology of Mean AOD and Estimated AOD Uncertainty 

Figure 3 presents the spatial distribution of the annual mean AOD at 550 nm from the EAC4 for the 2003–2024 period, together 270 

with the corresponding estimated uncertainty. Elevated AOD values are primarily observed over regions affected by strong 

anthropogenic and industrial emissions, particularly eastern China and India, as well as over areas strongly influenced by 

biomass-burning activity, including Central Africa, the Amazon Basin, and parts of Indonesia. High aerosol loadings are also 

evident over the major global dust source regions, such as North Africa, the Middle East, Central Asia, and eastern Asia, which 

together contribute nearly 88 % of global dust emissions (Kok et al., 2023). 275 

It should be noted that locally enhanced AOD values over regions such as Mauna Loa and Mexico City should be interpreted 

with caution, as they are not fully representative of background aerosol conditions. As discussed in Sect. 2.2, these features 

are mainly associated with known model biases related to the injection of volcanic sulfur dioxide (SO₂) at unrealistically low 

altitudes. Under these conditions, SO₂ is more efficiently converted into sulfate aerosols through the sulfur oxidation pathways 

implemented in the CAMS IFS (CB05) chemical scheme, resulting in an overestimation of sulfate AOD over volcanic regions 280 

(Huijnen et al., 2010; Inness et al., 2019). 

The global mean AOD is 0.159, with the highest values exceeding 1.3 over intense aerosol source regions. The estimated 

uncertainty field generally follows the spatial distribution of AOD, with larger uncertainty values occurring over regions 

characterized by persistently high aerosol loading. The mean estimated AOD uncertainty is 0.071, while the highest values 

exceed 0.4 locally (e.g., eastern China). The corresponding mean relative AOD uncertainty is approximately 47%. Owing to 285 

the EE parameterization used to estimate AOD uncertainty (see Eq. (4)), the relative AOD uncertainty can exceed 100% over 

very clean regions where the nearly constant absolute uncertainty is divided by very small AOD values. 
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Figure 3: Geographical distribution of (a) the mean-annual AOD at 550 nm based on EAC4 over the 2003–2024 period, and (b) the 

corresponding estimated AOD uncertainty.  290 

3.2 Global Distribution of clear sky GHI, DNI and Associated Uncertainties  

Figure 4 presents the global spatial distribution of the mean annual GHI and DNI, expressed in W m⁻², together with their 

corresponding relative uncertainties derived from EAC4 AOD uncertainties for the 2003–2024 period. Panels (a) and (c) show 

the mean annual GHI and DNI, respectively, while panels (b) and (d) present the corresponding relative uncertainties. The 

corresponding seasonal distributions of GHI, DNI, and their associated relative uncertainties are provided in Figures S3–S6 of 295 

the Supplement. It should be emphasized that these uncertainty estimates quantify only the propagation of AOD uncertainty 

under clear-sky conditions. Uncertainties associated with clouds and other atmospheric or surface input parameters are outside 

the scope of the present analysis and are therefore not included. 

As shown in Fig. 4a, the highest GHI values are observed within the tropical and subtropical latitude band between 

approximately 30° S and 30° N, where incoming solar radiation is maximized due to favourable solar geometry throughout 300 
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the year. Lower GHI values are evident toward higher latitudes as a result of reduced solar elevation angles and shorter daylight 

duration. Compared to GHI, the spatial distribution of DNI (Fig. 4c) exhibits stronger regional variability, reflecting the 

enhanced sensitivity of the direct solar component to aerosol loading and atmospheric attenuation processes. High DNI values 

are generally associated with high-altitude and relatively pristine regions characterized by persistent clear-sky conditions, such 

as the Rocky Mountains in western North America and other elevated terrain with low aerosol loading (Xu et al., 2016). In 305 

contrast, regions affected by elevated aerosol concentrations, including areas influenced by anthropogenic pollution (e.g., 

eastern China and South Asia) and mineral dust (e.g., parts of North Africa and the Middle East), exhibit noticeable reductions 

in DNI (Papachristopoulou et al., 2022). 

Based on Fig. 4b, the relative uncertainties associated with GHI remain comparatively low on a global scale, generally below 

5–6 %. Elevated uncertainties are mainly confined to regions characterized by enhanced aerosol loading, including the Sahara, 310 

the Arabian Peninsula, the Indo-Gangetic Plain, and parts of East Asia. This relatively weak sensitivity reflects the fact that 

GHI includes both direct and diffuse radiation components, making the total downward shortwave flux less sensitive to 

uncertainties in aerosol attenuation alone. 

In contrast, the relative uncertainties associated with DNI are substantially larger and exhibit a much stronger spatial 

dependence on aerosol conditions (see Fig. 4d). Relative uncertainties exceeding 18 % occur primarily over regions affected 315 

by elevated aerosol loading, including areas influenced by mineral dust in North Africa and the Middle East, as well as regions 

with persistent anthropogenic pollution in South and East Asia. Localized maxima are also evident in areas affected by 

recurrent biomass-burning activity. These enhanced uncertainty levels reflect the strong sensitivity of the direct solar beam to 

aerosol extinction processes, which directly modulate the amount of unscattered solar radiation reaching the surface. 

The seasonal climatology presented in Figures S3–S6 indicate that the annual patterns are strongly modulated by both solar 320 

geometry and seasonal aerosol variability. Seasonal mean GHI follows the expected migration of maximum solar irradiation 

between hemispheres, with enhanced values over the southern Hemisphere during DJF and over the northern Hemisphere 

during JJA (Fig. S3). In contrast, the spatial distribution of DNI and its associated uncertainty is more strongly influenced by 

regional aerosol conditions. Elevated relative uncertainties persist throughout the year over major dust sources and pollution 

hotspots, including North Africa, the Arabian Peninsula, the Indo-Gangetic Plain and eastern China, while the largest seasonal 325 

enhancements occur during periods of increased aerosol loading (Fig. S6). Although the seasonal mean relative GHI 

uncertainty remains comparatively stable (~2% globally) (Fig. S4), the corresponding DNI uncertainty exhibits a stronger 

seasonal signal, with regional maxima exceeding 25–35% in regions with higher aerosol loads (Fig. S6). These seasonal 

patterns further support the dominant role of aerosol uncertainty in controlling the reliability of direct solar radiation estimates. 
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 330 
Figure 4: Spatial distribution of mean-annual global horizontal irradiance (GHI), direct normal irradiation (DNI), and their 

corresponding relative uncertainties for the period 2003–2024. Panels (a) and (c) show the annual mean GHI and DNI, respectively, 

expressed in W m⁻², while panels (b) and (d) present the corresponding relative uncertainties (%).  

3.3 High-AOD Stations and Propagation of Aerosol Uncertainty into Surface Solar Irradiance 

Additionally, the analysis focused on the 10 AERONET stations characterized by the highest mean AOD values over the 2003–335 

2024 period. The station ranking was based on long-term mean AOD derived from AERONET observations, enabling the 

identification of regions where aerosol effects on solar radiation are expected to be particularly pronounced. The ranking of 

the top 10 high-AOD AERONET stations, together with their global spatial distribution over the background EAC4 AOD 

climatology, is provided in Fig. S7. Τhese stations are primarily located in regions strongly influenced by anthropogenic 

pollution, biomass-burning, and desert dust events, including South Asia, East Asia, and North/West Africa. Figure 5 presents 340 

the 10 highest-ranked stations, including Gandhi College, XiangHe, Beijing, Lahore, Ilorin, and Kanpur, which represent some 

of the most persistently aerosol-loaded environments included in the long-term analysis. The grey line corresponds to EAC4 

AOD at 550 nm, while the orange and red lines represent GHI and DNI. The shaded regions indicate the propagated 

uncertainties associated with each irradiance component resulting from the adopted AOD uncertainty formulation as described 

in Sect. 2. 345 

Overall, the selected stations exhibit persistently elevated aerosol conditions throughout the year, with long-term mean AOD 

values ranging from 0.40 to 0.78. The corresponding mean AOD uncertainties range between 0.15 and 0.27, yielding relatively 

consistent relative AOD uncertainties of approximately 34.5–37.0% across all stations. These enhanced aerosol loadings are 

consistent with the strong seasonal variability observed over major dust, biomass-burning, and anthropogenic emission regions 

discussed previously. In particular, stations influenced by dust outbreaks typically exhibit maximum AOD values during boreal 350 

spring and summer, reflecting the enhanced dust mobilization and transport occurring between March and August (Stuut et 

al., 2012; Gkikas et al., 2015) (e.g., Dakar and Banizoumbou). Similarly, stations located in South and East Asia frequently 
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display pronounced seasonal aerosol peaks associated with severe anthropogenic pollution episodes and biomass-burning 

activity (Gui et al., 2021), although recent years are characterized by declining aerosol signals over eastern China due to 

emission control measures (e.g., Beijing and XiangHe), while aerosol loadings over South Asia remain persistently elevated 355 

or continue to increase (e.g., Gandhi College) (Satheesh et al., 2017; Zheng et al., 2018). 

Compared to GHI, DNI consistently exhibits substantially larger propagated uncertainty ranges across all stations and seasons. 

Across the analysed stations, seasonal mean DNI uncertainties range from approximately 30 to 49 W m⁻², whereas the 

corresponding GHI uncertainties range between approximately 7 and 18 W m⁻². Likewise, the relative seasonal DNI 

uncertainty (14.6–24.1%) exceeds the corresponding GHI uncertainty (3.0–9.1%) for all station–season combinations 360 

considered in this study. This behaviour reflects the stronger sensitivity of the direct solar component to aerosol attenuation 

and scattering processes (Gueymard, 2012).  

The largest propagated DNI uncertainties generally occur during periods of enhanced aerosol loading, particularly over South 

Asian and North/West African stations. The highest seasonal mean DNI uncertainty (48.8 W m⁻²) is observed at Zinder Airport 

during MAM, followed by Karachi during JJA (47.9 W m⁻²) and Banizoumbou during MAM (47.0 W m⁻²). More generally, 365 

North/West African stations exhibit seasonal mean DNI uncertainties of approximately 40–49 W m⁻², associated with periods 

of enhanced mineral dust activity and, in some regions, biomass-burning aerosols (Di Biagio et al., 2020; Fountoulakis et al., 

2021). South Asian stations also exhibit elevated uncertainty levels, with seasonal mean DNI uncertainties typically ranging 

between 33 and 48 W m⁻², while East Asian stations generally display somewhat lower values of approximately 30–42 W m⁻². 

In all cases, increases in aerosol loading are accompanied by considerably larger propagated uncertainties in DNI than in GHI, 370 

highlighting the fundamentally different response of direct and global irradiance to aerosol perturbations. 
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Figure 5: Interannual variability (i) and intra-annual cycle (ii) of aerosol optical depth (AOD) at 550 nm, global horizontal irradiance 

(GHI), direct normal irradiance (DNI), and their associated propagated uncertainties for the 10 highest-ranked AERONET stations 375 
(a)-(j) based on long-term mean AOD. The grey line represents EAC4 AOD at 550 nm, respectively, while the orange and red lines 

correspond to GHI and DNI. Shaded areas indicate the estimated uncertainty range associated with EAC4 AOD and the propagated 

uncertainties in GHI and DNI resulting from EAC4 AOD uncertainty. Stations are grouped according to their geographical region, 

with interannual variability shown in the left panels and intra-annual cycles shown in the right panels. 
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Despite the elevated aerosol conditions and associated uncertainty ranges, the seasonal behaviour of GHI and DNI remains 380 

physically consistent across all stations. Periods characterized by enhanced aerosol loading are generally associated with 

reductions in DNI due to stronger aerosol extinction of the direct solar beam. The impact on GHI is comparatively weaker 

because part of the attenuated direct radiation is redistributed into diffuse radiation. Consequently, GHI exhibits smaller 

uncertainty amplitudes and a more moderate response to aerosol perturbations than DNI, as expected. 

Overall, these results highlight the critical importance of accurate aerosol characterization for reliable solar radiation and solar 385 

energy assessments. The analysis demonstrates that uncertainties in AOD retrievals can propagate substantially into derived 

surface irradiance quantities, particularly for DNI under elevated aerosol conditions. Such effects are especially relevant for 

solar resource applications in regions characterized by persistent pollution or intense dust activity, where aerosol-related 

uncertainties may significantly influence photovoltaic and concentrating solar power performance assessments (Polo and 

Estalayo et al., 2015; Neher et al., 2019; Fountoulakis et al., 2021; Hou et al., 2025). 390 

3.4 Evaluation against BSRN 

Figure 6 presents the evaluation of the EAC4-derived clear sky irradiance estimates against the filtered BSRN reference 

observations, comprising 553,184 clear-sky hourly collocations from 64 BSRN stations distributed globally. Overall, the 

EAC4-based LUT methodology reproduces clear sky GHI with excellent accuracy, yielding a correlation coefficient (R) of 

1.00, a regression slope of 0.99, a Mean Absolute Error (MAE) of 18.8 W m⁻², a standard deviation (STD) of 26.0 W m⁻², a 395 

Root Mean Square Error (RMSE) of 26.6 W m⁻², and a Mean Bias Error (MBE) of −5.9 W m⁻² (Fig. 6a). The density 

distribution is tightly concentrated around the one-to-one line, indicating that the EAC4-based approach successfully 

reproduces both the magnitude and temporal variability of surface GHI over a wide range of atmospheric and geographical 

conditions. 

The agreement for clear sky DNI is lower but remains satisfactory, with R = 0.87, a regression slope of 0.90, a MAE of 62.7 400 

W m⁻², a STD of 85.1 W m⁻², an RMSE of 89.9 W m⁻², and an MBE of −28.9 W m⁻² (Fig. 6b). The larger spread observed for 

DNI is expected, as direct-beam irradiance is considerably more sensitive than GHI to uncertainties in aerosol loading and 

aerosol optical properties. Part of the remaining discrepancies may also arise from uncertainties in the cloud-screening 

procedure applied to identify clear-sky conditions in the BSRN observations, which can occasionally allow residual cloud 

contamination in the collocated dataset, as well as from the inherent measurement uncertainties associated with the irradiance 405 

observations themselves. 
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Figure 6: Evaluation of the EAC4-derived clear-sky (a) GHI and (b) DNI estimates against observations from 64 BSRN stations on 

a global scale for the period 2003–2024. The main panels show the frequency distributions of the irradiance differences (EAC4 − 410 
BSRN), with blue and red shading indicating underestimation and overestimation by EAC4, respectively. The statistical metrics 

reported in each panel include the mean irradiances derived from BSRN and EAC4, the correlation coefficient (R), the regression 

slope, the mean absolute error (MAE), the standard deviation (STD), the root-mean-square error (RMSE), and the mean bias error 

(MBE). Insets display density scatter plots of EAC4-derived versus BSRN-observed irradiances, where colours indicate the number 

of collocated hourly samples in each bin. The black dashed line represents the 1:1 relationship, while the grey solid line denotes the 415 
linear regression fit. 

4 Summary and conclusions 

In this study, prognostic aerosol optical depth (AOD) uncertainties for the ECMWF Atmospheric Composition Reanalysis 4 

(EAC4) were first derived using collocated EAC4 and Aerosol Robotic NETwork (AERONET) observations following an 

expected-error (EE) approach. These AOD uncertainties were subsequently propagated into clear-sky surface solar radiation 420 

(SSR) estimates over the 2003–2024 period using radiative kernels derived using radiative transfer simulations, enabling the 

quantification of uncertainties associated with global horizontal irradiance (GHI) and direct normal irradiance (DNI). 

The global mean AOD was found to be 0.159, with a corresponding mean estimated AOD uncertainty of 0.071. The resulting 

global mean relative AOD uncertainty was approximately 47%, although relative uncertainties exceeded 100% over very clean 

regions because of the EE parameterization and the small absolute AOD values. The global AOD uncertainties propagated 425 

into pronounced spatial and seasonal variability in SSR uncertainty. Relative GHI uncertainties generally remained below 5–

6% on a global scale, whereas relative DNI uncertainties frequently exceeded 18% over major aerosol source regions and 

reached annual mean values above 20% locally. Seasonal analyses further showed that regional DNI uncertainties may exceed 

25–35% during periods of enhanced aerosol loading, with the largest propagated uncertainties consistently observed over 

regions affected by persistent anthropogenic pollution, biomass-burning, and desert dust activity. 430 

Station-level analyses performed over the 10 highest-AOD AERONET stations confirmed the strong dependence of 

propagated irradiance uncertainty on aerosol conditions. Seasonal mean DNI uncertainties ranged between approximately 30 

and 49 W m⁻², whereas the corresponding GHI uncertainties ranged between 7 and 18 W m⁻². The largest uncertainty levels 
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were observed over South Asian and North/West African stations, where persistent anthropogenic pollution and desert dust 

activity produce elevated aerosol burdens throughout the year. Across these stations, long-term mean AOD values ranged from 435 

0.40 to 0.78, corresponding to mean absolute AOD uncertainties of 0.15–0.27 and relatively consistent relative AOD 

uncertainties of 34.5–37.0%. These aerosol uncertainties propagated into the solar radiation estimates, resulting in relative 

seasonal GHI uncertainties of 3.0–9.1% and relative seasonal DNI uncertainties of 14.6–24.1%. For example, at Gandhi 

College and Beijing, where long-term mean AOD values reached 0.78 and 0.73, respectively, relative AOD uncertainties 

remained close to 35%, while the propagated seasonal GHI uncertainties reached approximately 6% and 5.6%, and the 440 

corresponding DNI uncertainties approximately 19% and 17%. These findings are consistent with the global uncertainty 

assessment, which revealed the largest propagated irradiance uncertainties over regions affected by persistent anthropogenic 

pollution and enhanced desert dust loading. 

Finally, the performance of the EAC4-based clear-sky irradiance estimates was evaluated against 553,184 hourly collocations 

from 64 BSRN stations distributed globally. The results demonstrate excellent agreement for GHI, with R = 1.00, RMSE = 445 

26.6 W m⁻², MAE = 18.8 W m⁻², and MBE = −5.9 W m⁻². For DNI, the agreement remains satisfactory, with R = 0.87, RMSE 

= 89.9 W m⁻², MAE = 62.7 W m⁻², and MBE = −28.9 W m⁻², indicating a moderate overall underestimation of direct irradiance. 

These results demonstrate the ability of the LUT-based radiative transfer framework, driven by a combination of aerosol, 

atmospheric, and surface input parameters, to reproduce the observed variability of SSR components under clear-sky 

conditions. 450 

Although cloud variability is the dominant driver of SSR under all-sky conditions, the present analysis focuses on clear-sky 

irradiance to isolate the contribution of aerosol uncertainty. Such an assessment is particularly relevant for regions combining 

low cloudiness with elevated aerosol loads, where aerosol effects become a significant source of variability in clear-sky 

irradiance and where solar energy resources are generally highest. Consequently, accurate characterization of aerosol-induced 

uncertainty is especially important for solar resource assessment and photovoltaic applications in these regions. 455 

Overall, the results demonstrate that uncertainties in aerosol characterization can propagate substantially into SSR estimates, 

particularly for DNI. The considerably stronger sensitivity of DNI compared to GHI highlights the importance of accurate 

aerosol information for solar resource assessment, concentrating solar power applications, and advanced photovoltaic 

performance studies. The proposed framework provides a computationally efficient methodology for generating uncertainty-

aware solar radiation products at the global scale and may serve as a basis for future investigations of aerosol-driven dimming 460 

and brightening effects, as well as long-term solar energy resource assessments under changing atmospheric conditions. Future 

developments of this framework will include the generation of MODIS-based SSR products, enabling a comparison between 

satellite- and reanalysis-driven irradiance estimates. In addition, the uncertainty propagation analysis will be extended beyond 

AOD to account for uncertainties in other key aerosol optical properties, particularly the single scattering albedo (SSA), 

allowing for a more comprehensive characterization of aerosol-induced uncertainties in global SSR fluxes. 465 
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The CAMS global reanalysis (EAC4) data used in this study were obtained from the Copernicus Atmosphere Monitoring 

Service (CAMS) Atmosphere Data Store (ADS) (Copernicus Atmosphere Monitoring Service, 2020; 

https://doi.org/10.24381/d58bbf47, accessed on 10 June 2026). The CAMS reanalysis dataset is described in Inness et al. 

(2019). The Aerosol Robotic Network (AERONET) data are publicly available and can be accessed through the official website 470 

at: https://aeronet.gsfc.nasa.gov/. SSR observations from the Baseline Surface Radiation Network (BSRN) 

(https://bsrn.awi.de/, last access on 17 June 2026) were retrieved through the BSRN FTP archive and processed using the pvlib 

Python library (Holmgren et al., 2018; Jensen et al., 2023). 
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