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Abstract 

This study provides an evaluation of the Copernicus Atmosphere Monitoring Service (CAMS) Radiation Service 

(CRS) gridded solar radiation model for the Brazilian territory, focusing on its application for detailed spatiotemporal 

analyses. The research validates an extensive 19-year dataset of CAMS solar radiation estimations (2005-2023) by 

performing a rigorous comparison against high-quality ground-based measurements from 11 stations geographically 

dispersed throughout the country. Beyond simple pointwise comparisons, this work critically explores the model's 

capability to represent complex geographical and climatic patterns through the generation of monthly solar radiation 

anomaly and long-term trend maps. The methodology employed a multi-step process including bilinear interpolation 

to align the gridded satellite data with precise station coordinates, the calculation of statistical metrics (nMBE, 

nRMSE) across multiple time scales, and a comprehensive seasonal analysis. The resulting maps successfully 

revealed significant spatial variations in solar radiation directly linked to large-scale climatic phenomena, as the El 

Niño-Southern Oscillation (ENSO), underscoring the utility of CAMS data for regional-scale climate studies. The 

conclusion emphasizes the potential of CAMS as a promising and valuable tool for solar radiation mapping, while 

also acknowledging the inherent challenges in fully representing highly localized atmospheric conditions. The 

approach demonstrates how gridded models can effectively complement and extend in-situ measurements, 

particularly in vast regions with limited ground data availability. 
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1. Introduction 

Solar radiation stands as one of the most abundant and widely distributed energy sources on the planet, and 

consequently, the deployment of solar energy systems is experiencing exponential growth worldwide. This global 

expansion is primarily fuelled by two synergistic factors: a heightened awareness of environmental sustainability and 

unprecedented reductions in the costs of solar photovoltaic systems. According to the International Renewable 

Energy Agency (IRENA, 2024), as seen in Figure 1, the average price of solar modules has plummeted by over 87% 

since 2010, rendering solar energy not only more accessible but also highly competitive against traditional energy 

sources. This transformative shift plays a crucial role in the ongoing global energy transition, offering solar energy 

as a clean, scalable, and sustainable alternative. 
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Figure 1: PV Panel x Global Solar Capacity. Source: IRENA (2024); Nemet (2009); Farmer and Lafond (2016) by Our World in Data. 

Despite these advancements, the inherent variability and intermittency of the solar resource present significant 

challenges for energy systems, particularly concerning grid stability and reliability. Fluctuations in solar radiation 

are attributed to a complex interplay of meteorological factors, including cloud cover, atmospheric aerosols, and 

water vapor content. Therefore, a detailed and accurate characterization of the solar resource is essential for assessing 

the solar potential of different regions, optimizing the design of solar power plants, and forecasting energy 

production. 

In this context, satellite-derived solar radiation databases have become indispensable tools in solar irradiation study 

(Huang et al., 2019). This work focuses on the comprehensive evaluation of an extensive solar irradiance dataset 

provided by the Copernicus Atmosphere Monitoring Service (CAMS), a component of Europe's Earth observation 

program, through its Radiation Service (CRS). The CRS contains a continuous 19-year record of data, offering 

invaluable insights into the spatial distribution and temporal variability of solar radiation. For simplicity the CAMS 

Radiation Service will be referred in this work as CAMS. 

The primary objective of this study is to validate the quality and reliability of the CAMS gridded solar radiation data 

for the Brazilian territory. This is achieved by systematically comparing the satellite-derived estimations with high-

quality ground measurements from 11 stations strategically located across Brazil's diverse climates. Beyond a simple 

statistical validation, this paper aims to analyse the long-term progression of radiation levels, focusing on percentage 

variations and their geographic distribution. By investigating this historical dataset, we aim to identify regions that 

have experienced significant changes in radiation levels over time, effectively creating a dynamic analysis of trends 

and patterns that can complement static resources like a solar atlas. 

2. CAMS Gridded Solar Radiation Dataset 

Copernicus Atmosphere Monitoring Service (CAMS) is part of the Europea’s Earth observation services and 

provides consistent, quality-controlled information related to air pollution and health, solar energy, greenhouse gases 

and climate behaviour (CAMS, 2025). CAMS offers CRS as a supplementary service with solar radiation time series 

as its primary product which is widely used for energy systems analysis. In addition, it provides gridded data for 

energy system analysis on a spatial scale. 

Time series in 1 min, 15 min, hourly and daily temporal resolution are calculated 'on-the-fly' on user request at the 

desired location using the information on clouds from geostationary satellites as Meteosat Second Generation (MSG) 

and Himawari. MSG primarily covers Europe and Africa, extending into adjacent regions such as parts of South 

America and the Middle East, while Himawari provides coverage over East and Southeast Asia, Oceania, and the 

western Pacific region. Together, these satellites ensure continuous monitoring of cloud properties over large portions 

of the Eastern Hemisphere, enabling robust solar radiation estimations. 

Furthermore, to the standard access as single time series at the user’s individual target location, a gridded dataset for 

land surfaces of Europe and Africa and parts of Asia for the MSG field of view (FOV) and for the Asia_Oceanica 

region in the Himawari FOV is available. This is based on a retrieved collection of many time series in a 0.1° spatial 

grid and in a 15 min temporal resolution which are restructured to a gridded monthly data file as illustrated in Figure 
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2, in netCDF format. 

 

Figure 2: The general principle of CRS gridded data. Source: F. Azam, Personal Communication, 31.03.2025. 

 

The dataset of our interest is for the MSG FOV, which spans from January 2005 to December 2023 and provides key 

irradiance components essential for solar energy analysis. These include Global Horizontal Irradiation (GHI), the 

global radiation on a horizontal surface; Beam Normal Irradiation (BNI), representing direct radiation perpendicular 

to the sun's rays; Beam Horizontal Irradiation (BHI), the direct component on a horizontal plane; and Diffuse 

Horizontal Irradiation (DHI), the scattered component of radiation. Data is available for both modelled clear-sky 

conditions, which are calculated based on atmospheric components like aerosols, ozone, and water vapor, and all-

sky conditions, which account for the presence of clouds. 

The CAMS Gridded Solar Radiation product offers several advantages over the CAMS Time Series product, 

providing greater flexibility for a wide range of applications. The CAMS Time Series product delivers more detailed 

information at a single point and at a higher temporal resolution than 15 min. It's important to note that all the detailed 

information provided by the CAMS Time Series product is derived from temporal and spatial interpolation on the 

points between the satellite measurements temporal resolution and modelled atmospheric parameters (Schroedter-

Homscheidt et al., 2021). 

The gridded format product offers data points across a continuous spatial grid and enables users to apply their own 

interpolation models to fill in gaps or enhance the resolution of the data, even allowing the use of multi-source data 

for the modelling (Şen and Şahİn, 2001). Moreover, customized modelling, such as the use of advanced machine 

learning or physics-based models, can be applied to better understand the spatial relation of solar radiation in a certain 

area, increasing the accuracy of forecast models in the region, and even supporting more informed decisions in other 

sectors such as agriculture and environmental management (Vestnik, 2013). 

3. Methodology 

After downloading the CAMS data from CAMS atmospheric data store (ADS), an initial pre-processing stage was 

conducted to harmonize the dataset for analysis. First, to reduce the computational burden, the data was spatially 

subset from its original global grid to a rectangular area encompassing Brazil, defined by the coordinates -36º to 10º 

latitude and -61º to -32º longitude. Subsequently, a temporal adjustment was necessary to align the different time 

resolutions of the data sources. While the ground-based observational data was available at a one-minute interval, 

the CAMS gridded dataset provided values every 15 minutes. To ensure consistency, the ground-based time series 

was resampled to match the timestamps of the gridded data by computing the mean for each corresponding time step. 

The end of the interval was considered in the timestamp labelling.  

To enable a direct comparison with ground-based station data, first a bilinear interpolation was performed on the 

CAMS gridded product. This spatial interpolation used the four surrounding grid points to generate a satellite-derived 

time series that precisely matches the latitude and longitude of each measurement station. With the data spatially 

aligned, a statistical analysis was conducted using the Mean Bias Error (MBE) (Equation 1), the Root Mean Square 

Error (RMSE) (Equation 2), and the Pearson Correlation Coefficient (Equation 3). To facilitate a more robust 

comparison across different conditions, normalised mean bias error (nMBE – Equation 4) and normalised root mean 
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square error (nRMSE – Equation 5) were also calculated based on the average of the measured data. 

 

𝑀𝐵𝐸 = 𝑋 − 𝑌    (eq. 1) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑋 − 𝑌)2𝑛

𝑖=1   (eq. 2) 

𝜌 = √
𝑐𝑜𝑣(𝑋,𝑌)

𝑐𝑜𝑣(𝑋,𝑋)∙𝑐𝑜𝑣(𝑌,𝑌)
   (eq. 3) 

n𝑀𝐵𝐸 =
𝑀𝐵𝐸

𝑋
    (eq. 4) 

𝑛𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸

𝑋
    (eq. 5) 

Where X stands for the ground observations and 𝑋 its average, while Y stands for the CAMS model time-series and 

𝑌 its average. For a comprehensive evaluation, the data comparison was performed across multiple temporal 

aggregations: 15-minute, daily, and monthly time steps. Statistics were gathered for each year to determine if the 

quality of the CAMS data shows any tendency to improve over the long term. Furthermore, the analysis was 

segmented by season to assess the influence of different climatic conditions on the product's accuracy. In parallel, 

the CAMS time-series product was also evaluated against the same ground data to highlight the differences in 

performance between the directly interpolated gridded data and the on-demand time-series product processed by 

CAMS. 

A multitude of sources were used in the collection of ground data, including the Sistema de Organização Nacional 

de Dados Ambientais (SONDA) from the Instituto Nacional de Pesquisas Espaciais (INPE), the Baseline Surface 

Radiation Network (BSRN, Driemel et al., 2018), and the data collection carried by experts of IEA PVPS Task 16 

(Forstinger et al., 2023). In total, eleven stations were used, which are listed below in Table 1. The table also provides 

latitude, longitude, altitude, the period of the measured data and the average daily radiation of the measured series. 

The climates of each location in Köppen-Geiger classification are also provided. The spatial distribution of the 

stations can be observed in Figure 3, where they are indicated on the map. 

Table 1: List of Ground Measurement Stations Used for Validation 

Station Latitude Longitude 
Altitude 

(m) 

Daily Means 

(kWh/m²) 
Period Climate 

Petrolina -9.07 -40.32 387 5.51 
Mar2008 to 

Dec2020 

Hot 

Semi-Arid 

São Luiz -2.59 -44.21 40 4.84 
Jan2007 to 

Apr2019 

Tropical 

Savanna 

São Martinho da 

Serra 
-29.44 -53.82 489 4.79 

Apr2006 to 

Jun2017 

Humid 

Subtropical 

Ourinhos -22.95 -49.89 446 4.80 
Feb2006 to 

Apr2019 

Humid 

Subtropical 

Brasília -15.60 -47.71 1023 5.40 
Feb2006 to 

Apr2019 

Tropical 

Savanna 

Natal -5.84 -35.21 58 5.80 
Jan2015 to 

Dec2019 

Tropical 

Savanna 

Cachoeira Paulista -22.69 -45.01 574 4.93 
Jan2015 to 

Dec2019 

Humid 

Subtropical 

Florianópolis -27.60 -48.52 31 4.27 
Sep2013 to 

Dec2022 

Humid 

Subtropical 

Patos -7.01 -37.30 267 6.23 
Apr2012 to 

Dec2018 

Hot 

Semi-Arid 

Coremas -7.02 -37.94 239 6,15 
Sep2012 to 

Aug2019 

Tropical 

Savanna 

São João do Rio 

do Peixe 
-6.73 -38.45 251 6,28 

Sep2012 to 

Jan2019 

Tropical 

Savanna 
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Figure 3: Stations in Map. Source: Google My Maps, 2025. 

Following the collection of the measured data, a quality control (QC) process to ensure the exclusion of erroneous 

data from the evaluation was conducted as described in Miranda et al. (2022). The tests were conducted in accordance 

with the recommendations of the Baseline Surface Radiation Network (BSRN), ensuring the data met established 

physical and statistical limits. This multi-step procedure included physically feasible and extremely rare limit tests 

to check if values were within expected ranges, consistency checks between different radiation components (such as 

the ratio between global radiation and the sum of direct and diffuse components), and further tests to identify tracker 

malfunctions and data instability. These checks allowed for a progressive detection of errors and minimizing the 

impact of missing or invalid values on subsequent analyses. In Figure 4 the percentage of anomalous values for each 

station in the GHI, DNI and DHI are shown. 

  

 

Figure 4: DNI, DHI and GHI Quality Check. Source: Own Authorship, 2025. 

All the methodology described above, together with the anomaly map generation processes described below are 

illustrated in, the flowchart shown in Figure 5,  presenting the full procedure followed for the analysis. 
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Figure 5: Methodology Flowchart. Source: Own Authorship, 2025. 

3.1. Maps Formation 

The validation of CAMS Gridded Radiation data facilitates the analysis of long-term variations in solar radiation 

across Brazil (INPE, 2017). The validated CAMS gridded data was used to identify spatial and temporal patterns in 

radiation anomalies. The data used for the map is the Global Horizontal Irradiance (GHI) structured on a geographical 

grid covering Brazil. The initial step entailed the computation of the historical monthly mean for each grid point. 

This was achieved by selecting all radiation values corresponding to a specific month across the 19-year period 

followed by calculating the average daily radiation for that month. This resulted in 12 reference datasets, one for 

each calendar month. The purpose of this approach was to create a baseline that accounts for seasonal variations, 

allowing for a more accurate assessment of deviations from expected radiation levels. This resulted in twelve 

reference datasets that account for seasonal variations. Subsequently, these historical means were used to calculate 

the percentage anomaly for each month by comparing the observed radiation values with the corresponding historical 

mean, as detailed in Equation 6 (Costa et al., 2018): 

Anomaly (%) = 100 ×  
Observed Radiation−Historical Mean

Historical Mean
  (eq. 6) 

This anomaly calculation was applied to every grid point, generating spatial matrices of percentage variation that 

were then visualized as anomaly maps, as shown in the example for January 2005 (Figure 6) and the monthly 

climatology for the same month (Figure 7). These maps facilitate an in-depth evaluation of solar radiation variability, 

allowing for the identification of seasonal patterns, extreme variations, and potential long-term trends. To further 

observe the progression of solar radiation over the years, a more precise trend analysis was conducted by calculating 

the trend line for each grid point separately for each month. By determining the rate of change in Wh/year, this 

approach provides detailed insights into seasonal and long-term trends, allowing for the generation of maps that 

visually represent the spatial and temporal distribution of these changes. 
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Figure 6: Anomaly Map in January 2005. Source: Own Authorship, 2025. 

 

Figure 7: Climatology Maps. Source: Own Authorship, 2025. 

In addition, to observe more precisely the progression of solar radiation over the years for each region, the trend lines 

of each point were analysed separately for each month of the year, observing the variation rate of these lines. This 

approach allows for a detailed analysis of how solar radiation changes every month, providing insights into seasonal 

variations and long-term trends (Pons and Ninyerola, 2008; Wilcox and Gueymard, 2010; Qi et al., 2024; Correa et 

al., 2024). By calculating the rate of change in Wh/year for each point, we can generate maps that visually represent 

the spatial and temporal distribution of these changes. The trend line for each point, derived from the monthly data, 

serves as a critical tool for understanding the dynamics of solar radiation over time. The generation of these maps, 

which incorporate the rate of change in Wh/year, provides a powerful visual representation of the data for specific 

months, allowing for a detailed examination of how these trends vary across different regions. A positive trend 

indicates that the solar radiation during that month has historically increased over the years (2005-2023), while a 

negative trend indicates a decrease in radiation values over time. By separating the data by month, we can better 

understand the seasonal influences on solar radiation and how these influences may be changing over time.  

4. Results and conclusions 

The statistical results generally indicate that the CAMS model tends to overestimate solar radiation compared to 

ground-based measurements for monthly statistics, as shown by the negative nMBE values in Figure 8. However, an 

exception is noted at the São Martinho da Serra station, where a more balanced agreement between the model and 

measured data is observed. The deviations shown by the nRMSE values (Figure 9) may be attributed to local 

atmospheric conditions, surface features, or specific characteristics of the station's measurement setup. To better 

ascertain how local climate affects model performance, the stations in the figures are intentionally sorted by their 

average annual daily GHI radiation (from lowest to highest, as detailed in Table 1). 

 

Figure 8: GHI nMBE (%) for 15-min time resolution. Source: Own Authorship, 2025 
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Figure 9: GHI nRMSE (%) for 15-min time resolution. Source: Own Authorship, 2025 

A comparative analysis of the radiation components reveals that the GHI from CAMS is considerably more accurate, 

with a nRMSE of approximately 30%. In contrast, the DHI and DNI from CAMS show larger deviations, with errors 

around 50%, as seen in Figures 10 and 11, respectively. This highlights the challenges in modeling these more 

sensitive components of solar radiation. A key aspect of this study was the comparison between the CAMS Gridded 

data, processed with bilinear interpolation, and the point-specific CAMS Time Series. Although bilinear interpolation 

is a relatively simple method, the overall nRMSE results for both products were generally similar. However, the 

relative performance varied by location, underscoring the necessity of carefully selecting data sources and 

interpolation methodologies based on the specific application and regional characteristics. 

 

Figure 10: DHI nRMSE (%) for 15-min time resolution. Source: Own Authorship, 2025. 

 

Figure 11: DNI nRMSE (%) for 15-min time resolution. Source: Own Authorship, 2025. 

The analysis also identified a strong influence of temporal resolution and seasonal patterns on model accuracy. A 

clear seasonal variation in error was observed, with higher discrepancies during the summer and early autumn. This 
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period is characterized by increased cloud cover across much of Brazil, which directly impacts solar radiation levels, 

a trend that is illustrated in Figure 12, which the percentage of time the sky is clear, mostly clear, or partly cloudy 

(i.e., less than 60% of the sky is covered by clouds) according to the Weather Spark database. Then, lower percentages 

indicate higher cloud cover which is likely higher in the period from November until beginning of March. 

 

Figure 12: Chances of Clearer Sky. Source: Adapted from Weather Spark database, 2025. 

The case study of the Petrolina station in Figure 13, where the yellow bars represent summer and the blue bars 

represent winter, illustrates this seasonal pattern, which is further reinforced by the aggregated seasonal data for all 

stations, presented in Figures 14 and 15. Furthermore, model errors were significantly smaller when data was 

aggregated from a 15-minute resolution to daily or monthly scales. This is an expected outcome, as short-term 

fluctuations caused by transient weather events tend to cancel out over longer time intervals, resulting in a more 

stable representation of radiation levels. 

 

Figure 13: Monthly GHI nRMSE (%) for Petrolina. Source: Own Authorship, 2025. 

 

Figure 14: Seasons nRMSE GHI CAMS gridded. Source: Own Authorship, 2025. 
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4.1. Radiation Maps 

The CAMS gridded dataset enables the creation of anomaly and trend maps, providing a visual analysis of 

spatiotemporal solar radiation variations across Brazil. The analysis of the anomaly maps revealed a distinct pattern 

associated with the El Niño-Southern Oscillation (ENSO) phases, whose recent cycles are depicted in the Oceanic 

Niño Index (ONI) shown in Figure 15. During moderate to strong El Niño events, such as those in late 2015 and 

2023 shown in Figure 16, a clear discrepancy was observed: the central and northeastern regions exhibited positive 

anomalies (increased radiation), while the southern region displayed negative anomalies (reduced radiation). This 

pattern is consistent with the known effects of El Niño, which tends to cause drought conditions and clearer skies in 

the northeast while bringing more intense rainfall and cloud cover to the south. In contrast, during strong to moderate 

La Niña phases, such as in late 2010 and 2020 shown in Figure 17, the variation in radiation tends to be more 

homogenous throughout the country, balancing out the typical differences between the north and south of Brazil. 

These observations highlight the importance of considering ENSO phases when analysing long-term variations in 

solar radiation, as the differences between El Niño and La Niña periods underscore the role of large-scale climatic 

phenomena in modulating solar energy variability. 

 

Figure 15: Oceanic Niño Index (ONI). Source: GG Weather, accessed on 28 Mar 2025. 

 

Figure 16: Anomaly Maps for December 2015 and 2023. Source: Own Authorship, 2025. 

  

Figure 17: Anomaly Maps for December 2010 and 2020. Source: Own Authorship, 2025. 
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In addition to anomalies, trend maps were generated to analyse the rate of change in solar radiation over the 19-year 

study period. A distinct spatial pattern emerged, showing a region of predominantly positive variation—indicating a 

systematic increase in solar radiation—extending from the Southeast towards the Central and Northern areas of 

Brazil, as exemplified by the trend map for January in Figure 18. This long-term trend may be influenced by large-

scale meteorological systems such as the South Atlantic Convergence Zone (SACZ). Understanding these historical 

trends and anomalies is essential for both energy planning and climate studies, as it provides critical information on 

the spatial and temporal distribution of solar resources. 

 

Figure 18: Trend Map for January. Source: Own Authorship, 2025.  

To enhance the accuracy and reliability of the CAMS Radiation Service, future investigations should focus on critical 

methodological improvements. A key area of focus is the integration of hybrid models that combine satellite data 

with real-time ground measurements. Furthermore, it is essential to incorporate dynamic correction factors for cloud 

cover and atmospheric scattering. The implementation of these enhancements is expected to further increase the 

capacity of the CAMS gridded radiation database to account for local variations, which is particularly important in 

regions characterized by significant weather variability. The continued effectiveness of the database in supporting 

the planning and development of solar energy projects in Brazil and beyond relies on the incorporation of these 

additional data sources or correction methods. 
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