
 

 

Site adaptation of satellite-based GHI and DNI using clustered features 

and combined local-global modeling 

 

Diego Rodrigues de Mirandaa*, Germán Ariel Salazarb, Rodrigo Alonso-Suárezc, Alexandre 

Costad, Renan Soares Siqueira Costae, Tsang Ing Rene, Olga de Castro Vilelad  

a German Aerospace Center (DLR), Institute of Networked Energy Systems, Oldenburg, Germany; former 

affiliation: Center for Renewable Energy (CER), Federal University of Pernambuco (UFPE), Recife, Brazil 
b Grupo de Estudio y Evaluación de la Radiación Solar (GEERS), CONICET, Universidad Nacional de 

Salta, Salta, Argentina  
c Laboratorio de Energía Solar, Departamento de Física del Litoral, CENUR Litoral Norte, Universidad de 

la República, Salto, Uruguay 
d Center for Renewable Energy (CER), Federal University of Pernambuco (UFPE), Recife, Brazil 
e Centro de Informática (CIn), Universidade Federal de Pernambuco (UFPE), Recife, Brazil 

 

* Corresponding author 

E-mail address: diegorodriguesdemiranda@gmail.com (Diego Rodrigues de Miranda) 

 

Abstract: Estimating solar irradiance over several years is essential for assessing large-scale 

photovoltaic and heliothermic projects. The usual way to achieve this is to adapt long-term 

satellite-based solar irradiance estimates for specific locations using short-term ground 

measurements. In this context, a novel site adaptation method is proposed for global horizontal 

irradiance (GHI) and direct normal irradiance (DNI) based on a two-level modelling strategy 

incorporating both clustered and unclustered features. These lead to global and local models, 

which are evaluated separately and in combination. Input variables are provided by the 

Copernicus Atmosphere Monitoring Service Radiation Service (CAMS) and ECMWF ERA5-

Land. The method is tested at four locations – El Rosal and Salta (Argentina), Petrolina (Brazil), 

and Gobabeb (Namibia), addressing sites in the Southern Hemisphere with similar climates, but 

different latitudes and satellite viewing angles. A new non-supervised sky conditions 

classification method is proposed for the local models using the clear sky index, a variability 

index, and Kernel Density Estimation. This classification forms an integral part of the site-

adaptation procedure by capturing local cloud-irradiance interactions. For GHI at 15-minute 

resolution, the method improves accuracy relative to CAMS at locations near the edge of the 

Meteosat Second Generation field of view satellites, with RMSE reductions of 26.2% (El Rosal) 

and 4.8% (Salta). For DNI in Petrolina and Gobabeb, the local and combination models 

outperform CAMS model, achieving RMSE reductions of 10.2% and 5.8%, respectively. 

Combination models present the more accurate results as they use the global, local, and CAMS 

outputs as input variables. 

Keywords: site adaptation, CAMS Radiation Service, classification method, sky conditions, 

combination models 
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Variables 

𝑘𝑐 Clear sky index 

𝑘𝑡 Clearness index 

𝑘𝑛 Normal transmittance 

𝑉𝐼 Variability index of Stein et al. (2012) 

𝑦̂𝑐𝑜𝑟𝑟_𝑄𝑀 QM-corrected time series in the test set 

𝑦̂𝑡𝑒𝑠𝑡 Modeled time series in the test set 

𝑦̂𝑐𝑜𝑟𝑟_𝐵𝐷 Regression model output corrected by bias-variance 

𝑦𝑐𝑎𝑙̅̅ ̅̅ ̅ Mean of the observed time series in the calibration set 

𝑦̂𝑐𝑎𝑙
̅̅ ̅̅ ̅ Mean of the modeled time series in the calibration set 

𝜎𝑦,𝑐𝑎𝑙 Standard deviation of the observed time series in the calibration set 

𝜎𝑦̂,𝑐𝑎𝑙 Standard deviation of the modeled time series in the calibration set 

𝜌 Pearson correlation coefficient 

  

Nomenclature 

Acc  Accuracy 

APOLLO_NG  AVHRR Processing scheme Over cLouds Land and Ocean Next Generation 

BD  Bias and standard Deviation correction 

CAMS  Copernicus Atmosphere Monitoring Service Radiation Service 

CERES  Clouds and the Earth's Radiant Energy System 

CI  Confidence interval 

CM  Correlation Matrix 

DHI  Diffuse Horizontal Irradiance 

DNI  Direct Normal Irradiance 

ECMWF  European Center for Medium-Range Weather Forecasts 

ERA5  European Reanalysis 

GHI  Global Horizontal Irradiance 

KDE  Kernel Density Estimation 

MERRA  Modern-Era Retrospective Analysis for Research and Applications 

MSG  Meteosat Second Generation satellites 

MLP  Multilayer Perceptron 

MLR  Multilinear Regression 

NSRDB  National Solar Radiation Database 

PCA  Principal Component Analysis  

QM  Quantile Mapping 

SEL  Feature Selection 

SSI  Surface Solar Irradiance 

SS4  Skill Score proposed by Taylor (2001) 

STDRatio  STandard Deviation Ratio 

 

 

 

 

 

 



 

 

1. Introduction 

In large-scale photovoltaic and heliothermic projects, accurate estimation of long-term 

surface solar irradiance (SSI) time series is necessary to define the project’s bankability. The 

interannual variation of solar radiation requires at least ten years data for solar resource 

assessment (Habte et al., 2017). As long-term solar radiation measurements are expensive and 

rarely available at the exact project locations, statistical models are used to adapt long-term SSI 

time series estimated by satellite retrieval or reanalysis products. This procedure is known as site 

adaptation. During the overlapping period, short-term ground measurements (1–3 years) are 

combined with modeled datasets to derive statistical methods that are then used to adjust the 

modeled long-term time series (Polo et al., 2016), thereby forming the basis of the project’s solar 

resource analysis.  

The main historical solar irradiance databases are satellite-based models and reanalyses 

from Numerical Weather Prediction (NWP) models (Abreu et al., 2023). The European 

Reanalysis (ERA5) from the European Center for Medium-Range Weather Forecasts (ECMWF) 

and the Modern-Era Retrospective Analysis for Research and Applications (MERRA) from the 

National Aeronautics and Space Administration (NASA) are examples of reanalyses, while the 

Clouds and the Earth's Radiant Energy System (CERES), the National Solar Radiation Database 

(NSRDB), and the Copernicus Atmosphere Monitoring Service (CAMS) Radiation Service are 

examples of satellite-based databases. Satellite-based models generally provide higher accuracy 

than NWP to estimate global horizontal irradiance (GHI) and direct normal irradiance (DNI) 

(Salazar et al., 2020; Yang and Bright, 2020; Sarazola et al., 2023), and are largely employed for 

solar resource assessment (Huang et al., 2019; Fernández-Peruchena et al., 2020).  

Different statistical approaches can be applied for site adaptation, such as bias correction, 

quantile mapping, and linear and non-linear regression models (Cebecauer and Suri, 2016; 

Gueymard et al., 2009; Schumann et al., 2011; Ines et al., 2006; Themeßl et al., 2012; Cannon et 

al., 2015; Ramgolam et al., 2020). The simplest regression model is the linear regression between 

the modeled and measured SSI (Aguiar et al., 2019; Tahir et al., 2020; Bangarigadu et al., 2021). 

Gueymard et al. (2012) and Bender et al. (2011) employed a multilinear regression of reanalysis 

and satellite-based solar data to perform site adaptation. Vernay et al. (2013) proposed using a 

Fourier transform to determine the dominant frequencies of the error between the measured and 

modeled clearness index (ratio between GHI and the extraterrestrial irradiance on a horizontal 

plane, also called top-of-atmosphere irradiance). Fernández-Peruchena et al. (2020) and Dhata et 

al. (2022) applied a multilinear regression followed by a quantile mapping correction and different 

distribution mapping techniques, respectively. Tiba et al. (2019), Narvaez et al. (2021), 

Salamalikis et al. (2022), Ruiz-Munoz et al., (2024), Zainali et al. (2024), and Ledesma and 

Salazar (2025) used different machine learning techniques (non-linear models) to perform the site 

adaptation (e.g., support vector machine, neural networks, random forest, AdaBoost, and 

XGBoost). Yang and Gueymard (2021) proposed a probabilistic site adaptation using gridded 

modeled irradiance inputs. Jadidi et al. (2020) proposed to estimate the GHI hourly distribution 

using a Bayesian approach. Babar et al. (2020) applied daily GHI averages from CERES and 

ERA5 to build a new dataset based on Random Forest regression trained using ground 

measurements from Norway and Sweden. Dhata et al. (2024a) used five deterministic models to 

generate probabilistic time-series assuming normal distribution. Recent developments have also 

integrated site adaptation within high-resolution satellite-based solar resource assessment 

frameworks as in Bayasgalan et al. (2024). The authors use visible channels from Himawari 8/9, 

ground albedo information and solar geometry in a physics-based calibration approach. 

Atmospheric extinction parameters are optimized to minimize the Root Mean Square Error 

(RMSE) between satellite-derived and ground-measured GHI. Although the approaches cited 



 

 

above improved site accuracy, most of them rely on global correction models applied to the entire 

time series that do not explicitly account for irradiance variability regimes and local phenomena.  

Several clustering solar radiation time series approaches have been proposed in the 

literature, mostly using intra-hour data to classify hours and days in a set of solar irradiance regime 

categories (Pérez-Ortis et al., 2016). The methods include unsupervised techniques, where 

statistical models are applied to the dataset to define the clusters, and supervised techniques, 

where class information is provided as manually-defined targets to train a learning algorithm. 

Using unsupervised classification, Muselli et al. (2000) classified days of GHI time series as clear, 

overcast, and partly overcast with the aggregation Ward’s method using the hourly clearness 

index. Moreno et al. (2017) applied the k-medoids algorithm and variability indices to classify 

different days from DNI time series. Lewis et al. (2021) proposed a classification algorithm for 

15-min GHI time series based on the Fourier transform of the GHI signal and additional 

parameters derived from the irradiance series. Several other works using unsupervised algorithms 

were proposed to classify SSI time series (Soubdhan et al., 2009; Gastón-Romeo et al., 2011; 

Stein et al., 2012; Chicco et al., 2014; Fortuna et al., 2016) with models mainly based on threshold 

values of specific variables such as clearness index, air mass, GHI, and others (Duchon and 

O’Malley, 1999; Li and Lam, 2001; Harrouni et al., 2005; Kang and Tam, 2013; Trueblood et al., 

2013; Reno and Hansen, 2016; Ruiz-Arias and Gueymard, 2023). A few works deal with 

supervised classification due to the extensive work in determining the ground truth (Calbó et al., 

2001; Pagès et al., 2003; Schroedter-Homscheidt et al., 2018). Recently, Miranda et al. (2026) 

proposed a supervised classification algorithm based on a reference database of 277 hours of GHI 

measurements at minute resolution from the Carpentras BSRN station manually classified in eight 

different sky conditions. A combination of unsupervised and supervised classification methods 

has not been previously used for site-adaptation procedures. This double classification scheme 

was applied in solar energy short-term forecast (Alimohammadi and He, 2016; Jiménez-Pérez 

and Mora-López, 2016) but has not yet been addressed for site adaptation. 

Polo et al. (2020) highlighted the limitations of global corrections, citing cases where 

improving GHI estimates using statistical techniques is challenging, particularly when the GHI 

satellite-based model is already highly accurate. Some studies have therefore introduced local 

models to improve statistical models by splitting the time series according to previous sky 

condition classifications (e.g. clear, variable or overcast), as reported by Polo et al. (2020), 

Fernández-Peruchena et al. (2020), Dhata et al. (2022), Salamalikis et al. (2022), Dhata et al. 

(2024b) and Pinto et al. (2026). However, although these studies apply local models, they rely on 

threshold-based rules or observed irradiance indices to define the sky conditions. Therefore, they 

do not connect the modelled variables with ground-based variability conditions using a supervised 

approach. The exception is Dhata et al. (2024b), which uses machine learning to estimate the 

threshold-based values of the observed clear sky index in order to split the time series into clear 

and cloudy conditions. However, the decision is not made using time series variability. 

Existing site-adaptation frameworks rarely integrate unsupervised clustering and 

supervised classification within a unified modeling structure. Furthermore, they do not explicitly 

combine global and local regression through a dedicated training strategy. To the best of our 

knowledge, no study has yet investigated a solar irradiance site adaptation procedure that 

integrates: (i) variability-based clustering derived from minute-resolution data; (ii) supervised 

classification linking modelled variables to ground-based sky conditions; (iii) combination 

models merging global and local approaches; and (iv) a systematic assessment of data-splitting 

strategies to mitigate seasonal bias. The methodological development presented in this study is 

motivated by this research gap. 



 

 

This work presents a novel site adaptation method using global, local, and combination 

models for adjusting long-term GHI and DNI time series from CAMS Radiation Service products 

(Schroedter-Homscheidt et al., 2024), based on Meteosat Second Generation (MSG) and 

Himawari satellites. Global models are applied to the complete time series, while local models 

are trained on subsets defined by sky condition classes. These classes are derived from a 

classification algorithm that splits the SSI time series into five clusters (clear, partly clear, 

variable, partly variable, and overcast sky) using the clear sky index, the variability index 

proposed by Stein et al. (2012), and their joint probability. Unlike previous site-adaptation works 

(Polo et al., 2020; Fernández-Peruchena et al., 2020; Salamalikis et al., 2022), which used 

threshold-based rules to derive sky conditions, this study first applies threshold-based filtering to 

classify basic cases in clear and highly variable skies, and then uses a k-means approach with 

fixed initial centroids to ensure consistent convergence across sites. This provides a more robust 

classification of sky conditions that captures local short-term variability and cloud effects. These 

classes are then used as targets in a supervised classification algorithm, enabling the modelled 

variables to reproduce the local effects of clouds on irradiance. Additionally, a dedicated 

combination set is introduced to train the combination models, merging global trends in the time 

series with the local effects of each sky condition. Finally, to mitigate the effects of seasonality 

on the site adaptation models, various data splitting strategies before training the models are 

tested: maintaining the sequence; alternating intervals; and randomizing the time series data.  

The proposed site adaptation framework demonstrates substantial improvements over the 

original CAMS Radiation Service estimates for both GHI and DNI across the investigated sites. 

The combination models consistently provide the best performance, reducing systematic bias 

while improving RMSE relative to both the global and local models. In addition, the proposed 

sky-condition classification improves the estimation of SSI time series under different irradiance 

variability regimes. The site adaptation framework also reduces bias and RMSE in long-term 

monthly irradiation estimates compared with the original CAMS model, which is particularly 

relevant for long-term solar resource assessment and bankability analyses. These results 

demonstrate the practical value of combining unsupervised clustering, supervised classification, 

and global-local modeling within a unified site adaptation framework. 

This article is organized as follows. Section 2 describes the measured and modeled data 

and provides a description of the sites under consideration. Section 3 describes the clustering 

algorithm and the site-adaptation techniques. It also presents the performance metrics and 

evaluation framework. Section 4 presents and discusses the results of the unsupervised and 

supervised classifications as well as the site adaptation methods, and Section 5 summarizes the 

main conclusions. 

2. Ground and modeled datasets 

Southern Hemisphere stations were selected (Tab. 1) covering different site conditions 

and satellite viewing angles, as this last feature is an important driver of satellite-based estimates’ 

uncertainty (Laguarda et al., 2020). El Rosal and Salta are sites located on the border of the MSG 

field of view, thus susceptible to parallax and cloud representation problems due to the large view 

angle and pixel size. Different site altitudes are favored, and three of the stations have similar 

latitudes. In particular, El Rosal and Salta are close measuring sites, but with very different 

altitudes and climate conditions, located in the Andes and Salta city, respectively. While cloudy 

skies are frequent in Salta, cloudiness is seldom observed in El Rosal due to the Andes clouds 

blocking. Such a situation is especially challenging for MSG solar irradiance estimates, as cloud-

contaminated large pixels can be assigned to very different site conditions, and parallax issues are 

enhanced. These two sites’ locations provide an interesting dataset for testing site-adaptation 

methods. The other sites (Petrolina and Gobabeb) are better positioned concerning the MSG 



 

 

satellites. These stations also allow for testing the proposed site-adaptation method for DNI, a 

solar irradiance magnitude that is harder to estimate through satellite retrieval. With this choice, 

the proposed procedure is tested for GHI and DNI, and four different climates are addressed, 

following the updated Köppen-Geiger climate classification map (Peel et al., 2007). Petrolina and 

Gobabeb stations also measure the diffuse horizontal irradiance (DHI), allowing the comparison 

of the model results for this irradiance component. The ground measurements data passed for the 

Baseline Surface Radiation Network (BSRN) quality assurance procedure (Driemel et al. 2018; 

Long and Dutton, 2022) and additional quality tests as proposed by Miranda et al. (2022).  

Variables from the CAMS Radiation Service (referred to as CAMS for simplicity) and 

the ERA5-Land reanalysis of ECMWF are used as input for the site adaptation. CAMS provides 

time series of GHI, DHI and DNI in all-sky and clear-sky conditions with a temporal resolution 

of 15 minutes. These are spatially interpolated to the point of interest and are available from 2004 

until two days ago for any point inside the field of view (FOV) of the Meteosat satellites (which 

cover Europe, Africa, the Middle East and parts of South America), and from 2016 until two days 

ago for any point inside the FOV of the Himawari satellites (which cover the Asia-Oceania 

region). CAMS estimates SSI using the Heliosat-4 method (Qu et al., 2017), a fast parametrization 

of the libRadtran (Mayer et al., 2005 and 2010) radiative transfer model. It uses the McClear clear 

sky model module (Lefèvre et al., 2013; Gschwind et al., 2019) to input atmospheric parameters 

such as aerosol, ozone and water vapour. It also uses the cloud retrieving algorithm APOLLO_NG 

(Klüser et al., 2015; Schroedter-Homscheidt et al., 2022) to input physical cloud parameters 

derived from satellite imagery for the cloud module.  CAMS data is available at its Atmospheric 

Data Store (ADS1). In total, 29 variables from CAMS Radiation Service expert mode were used: 

all-sky (4) and clear-sky (4) irradiance time series, all-sky irradiance time series with no bias 

correction (4), top-of-atmosphere irradiance (1), solar zenith angle (1), a variable to define the 

summer and winter split (1), total column of water vapor and ozone (2), aerosol optical depth for 

five different atmosphere characteristics (5), albedo variables from MODIS (4), cloud optical 

depth (1), cloud coverage of the pixel (1) and cloud type (1). Additionally, nine variables from 

ERA5-Land (wind speed, dew point, skin temperature, ambient temperature, surface pressure, 

surface solar radiation downwards, surface thermal radiation downwards, total precipitation, and 

evapotranspiration) were also employed. CAMS variables from the expert mode are in 1-min 

resolution and were averaged to 15-minute resolution, as MSG-derived cloud properties are in 

this time resolution. The site adaptation is also performed in the same time scale. Linear 

interpolation was employed to convert the hourly ERA5-Land variables to the 15-minute 

resolution. The results are also evaluated by comparing with the Solcast irradiance-based model, 

which considers the GOES-Satellite in the irradiance model, providing a better viewing angle for 

the stations in South America (Solcast, 2024). 

Tab. 1. Meteorological stations used in this work (1-minute temporal resolution). 

Station El Rosal Salta Petrolina Gobabeb (BSRN) 

Country Argentina Argentina Brazil Namib 

Latitude (°) -24.393 -24.72872 -9.107 -23.5614 

Longitude (°) -65.7683 -65.40958 -40.442 15.04198 

Altitude (m) 3355 1233 404 409 

Satellite view angle 76.7° 76.4° 47.9° 32.3° 

Climate classification BSk Cwb BSh BWh 

Measurement period 2013 - 2016 2013 - 2015 2018 - 2022 2015 - 2020 

 

 

__________________________________________________________________________________ 
1https://ads.atmosphere.copernicus.eu/datasets/cams-solar-radiation-timeseries  
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3. Classification and site adaptation methods 

 GHI all-sky measurements and GHI clear-sky from the McClear model (Lefèvre et al., 

2013) in 1-minute resolution are employed to classify the sky conditions on 15-minute windows 

using a non-supervised classification method. The data are averaged on a 15-minute resolution, 

which is the target time basis for site-adaptation. Global models are applied to the whole data 

series, i.e. a single method is trained to site-adapt the output time series. Differently, in local 

models, the data is divided according to the sky condition using a supervised algorithm whose 

targets are the classes defined previously by the non-supervised approach. It must be noted that 

the classes are originally defined using ground measurements with the non-supervised technique, 

with another classification algorithm being trained to estimate the classes from the remote sensing 

information (which is available for several years and therefore can site-adapt the whole data 

series). The introduction of this classification ability of the sky conditions is key to this site-

adaptation proposal. The variables from CAMS and ERA5-Land are used as input information 

for the supervised algorithm and the site-adaptation procedure. A feature selection/extraction 

procedure is applied before site-adaptation to minimize redundancy in the input dataset as 

described in section 3.4. A diagram of the process is shown in Fig. 1. Different dataset split 

strategies are tested to divide the data into calibration, combination, and test sets. The global and 

local models are trained with the calibration set, and the combination models are trained within a 

particular set named here as combination set, as this requires each standalone model to be adjusted 

previously.  

 

Fig. 1. Site adaptation methodological diagram.  

 



 

 

3.1 Unsupervised Classification: definition of the sky conditions classes 

 The sky conditions classification is based on two indices that are relevant for identifying 

different SSI variability conditions: the clear sky index (𝑘𝑐, which is the ratio of the measured 

GHI to the clear sky GHI) and the variability index (𝑉𝐼) of Stein et al. (2012). These two indices 

scatter in a characteristic 'arrow-shaped' pattern, as reported by Stein et al. (2012). This pattern 

facilitates the identification of distinct sky conditions using either threshold values (as done by 

Trueboold et al., 2013) or statistical clustering algorithms. 𝑉𝐼 quantifies the GHI variability within 

15-minute time windows according to Eq. 1 (adapted from Stein et al., 2012) when applied to 

minute-by-minute data. High 𝑉𝐼 values indicate high variability, while low values indicate no 

variability associated with clear or overcast skies.  

𝑉𝐼 =

∑ √(𝐼𝑔,𝑘 − 𝐼𝑔,𝑘−1)2 + 1𝑛
𝑘=2

∑ √(𝐼𝑔𝐶𝑙𝑒𝑎𝑟𝑆𝑘𝑦,𝑘 − 𝐼𝑔𝐶𝑙𝑒𝑎𝑟𝑆𝑘𝑦,𝑘−1)2 + 1𝑛
𝑘=2

 (1) 

where 𝐼𝑔,𝑘 and 𝐼𝑔𝐶𝑙𝑒𝑎𝑟𝑆𝑘𝑦,𝑘 are the measured GHI and the clear-sky estimates, respectively, and n 

is the number of 1-minute data samples within each 15-minute interval (e.g. 𝑛 =  15).  

The classification method combines threshold-based filtering and unsupervised clustering 

to identify the sky conditions. Data with more than 83° of solar zenith angle and 𝑘𝑐 greater than 

1.3 are not considered. The threshold-based filtering (step 1) is defined as follows: clear sky 

conditions (class 1) are empirically obtained by setting thresholds for the absolute difference 

between the average and standard deviation of the measured GHI and clear-sky GHI (Eq. 2) while 

variable conditions (class 4) are identified by 𝑉𝐼 values greater than the 95th percentile of 𝑉𝐼 (Eq. 

3). These data are excluded from the clustering step, as they are already classified. 

|𝐼𝑔̅ − 𝐼𝑔𝐶𝑙𝑒𝑎𝑟𝑆𝑘𝑦
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ | < 20 𝑊/𝑚² & |𝜎𝐼𝑔

− 𝜎𝐼𝑔𝐶𝑙𝑒𝑎𝑟𝑆𝑘𝑦
| < 2 𝑊/𝑚² (2) 

𝑉𝐼 > 𝑃95(𝑉𝐼) (3) 

where 𝐼𝑔̅ and 𝜎𝐼𝑔
 are the GHI average and standard deviation on 15-min resolution obtained from 

the GHI minute data, 𝐼𝑔,𝐶𝑙𝑒𝑎𝑟𝑆𝑘𝑦
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ and  𝜎𝐼𝑔,𝐶𝑙𝑒𝑎𝑟𝑆𝑘𝑦

 are the clear sky GHI average and standard 

deviation on 15-min resolution obtained from the clear sky GHI minute data, and 𝑃95(𝑉𝐼) is the 

percentile 95 of the variability index on 15-min resolution as calculated by Eq. 1. 

In a second step, the remaining data are analysed using a Kernel Density Estimation 

(KDE) to estimate the joint probability density of 𝑘𝑐 and 𝑉𝐼. Prior to the KDE estimation, the 𝑉𝐼 

values used for classification are normalised by its maximum value to rescale the index between 

0 and 1. The resulting 3D-scattering (𝑉𝐼 𝑥 𝑘𝑐  𝑥 𝐾𝐷𝐸) facilitates the identification of distinct 

clusters in the data, as shown in Fig. 2. These clusters are physically interpretable based on 

irradiance level (𝑘𝑐) and variability. A peak of probability density is formed in the region with 

high 𝑘𝑐 and lower 𝑉𝐼 (red circle), which is associated with a clear sky. The bottom of this peak is 

associated with a partly clear sky condition (magenta circle), and presents high 𝑘𝑐 and low 𝑉𝐼. 

The blue circle indicates overcast sky (low 𝑘𝑐 and 𝑉𝐼). The black circle on the right shows the 

highest 𝑉𝐼 values, indicating variable sky conditions. Finally, the middle of the graph shows an 

intermediate region between the partly clear, overcast, and variable sky classes, labelled ‘partly 

variable sky’ (green circle). The k-means clustering (Macqueen, 1967; Jain et al., 2000) is then 

applied using the initial centroids highlighted with ‘X’ markers in green. The initial centroid 

values are presented in Tab. 2 and were defined following an inspection of data from the four 

sites. Similar 3D-scattering patterns were observed in the analysed stations, supporting the 

robustness of the initial centroid choice and providing stable convergence for the k-means 

algorithm. Without a fixed initialization, the algorithm may converge to different local minima 

that do not correspond to the intended physically interpretable sky-condition categories. Only the 

initial centroids are fixed; the centroid positions remain free to evolve during the k-means 



 

 

optimization. The same centroids and number of clusters (five) are used for all stations to ensure 

methodological consistency. This indicates that the classification captures the intrinsic physical 

regimes of solar irradiance variability rather than site-specific characteristics. 

Tab. 2. Initial centroids from the 𝑉𝐼 𝑥 𝑘𝑐  𝑥 𝐾𝐷𝐸 diagram. 

Class 
Clear sky 

index (𝑘𝑐) 

Variability index 

(𝑉𝐼) 

Kernel Density 

Estimation (KDE) 

1 - Clear sky 0.940 0.025 0.690 

2 - Partly clear sky 0.912 0.156 0.025 

3 - Overcast sky 0.150 0.010 0.070 

4 - Variable sky  0.766 0.937 0.007 

5 - Partly variable sky 0.735 0.539 0.005 

 

 

Fig. 2. Proposed classes in this work according to the scattering 𝑉𝐼 𝑥 𝑘𝑐  𝑥 𝐾𝐷𝐸. 
 

3.2 Data split in calibration, combination and test sets 

The next steps require parameter adjustment, architecture definitions, and performance 

assessment. The class vector obtained in the previous step and the variables from the historical 

database are divided into calibration, combination, and test sets to apply the statistical models. 

The optimal data split for site adaptation training and performance assessment and the variability 

of the output of these procedures with different data splits are issues that have not been addressed 

previously. For evaluating the model sensibility to different data splits, an experiment was carried 

out by applying 42 subset settings divided into four main categories: 1) 10 settings (splits 1 to 10) 

for different positions of chronologically sorted sets, which are defined by a moving window and 

accounts for 70%, 10%, and 20% of total samples, respectively; 2) 12 settings (splits 11 to 22) 

intercalating daily periods (e.g. two first days for calibration, third for combination and forth for 

the test set); 3) 10 settings (splits 23 to 32) applying different sets sizes with shuffled daily periods 

of 15-minute time series data; 4) 10 settings (splits 33 to 42) applying different sets sizes with 

shuffled 15-min averaged data. The different settings are summarized in Tab. 3. As it will be 

shown afterwards, the results vary depending on the choice. This variability affects the metrics in 

absolute terms but not the relative merit of each algorithm, i.e. the algorithm’s order is the same 

within each dataset split; hence, the conclusions are robust even under this situation. As the site 

adaptation aims to derive a stable mapping between ground measurements and modeled input 

features, the model is not using past irradiance values to predict future values. Therefore, 

randomization allows the calibration and test sets to contain representative samples of different 

seasons, solar zenith angles, and cloud conditions, which is particularly important for deriving a 

stable correction function for long-term resource assessment. 



 

 

Tab. 3. Different settings applied to split the data.  

Configuration Splits Calibration set Combination set Test set 

1) Chronologically 

ordered 
1 to 10 70% 10% 20% 

2) Intercalated days 11 to 22 50% 25% 25% 

3) Shuffling the 15-

min data daily 

23 to 26 ~80%/~70%/~60%/~50% ~10%/~20%/~30%/~40% 10% 

27 to 29 ~70%/~60%/~50% ~10%/~20%/~30% 20% 

30 to 31 ~60%/~50% ~10%/~20% 30% 

32 ~50% ~10% 40% 

4) Shuffling all the 

15-min timestamps 

33 to 36  ~80%/~70%/~60%/~50% ~10%/~20%/~30%/~40% 10% 

37 to 39 ~70%/~60%/~50% ~10%/~20%/~30% 20% 

40 to 41 ~60%/~50% ~10%/~20% 30% 

42 ~50% ~10% 40% 

      3.3 Supervised Classification: learning to classify based on the modeled data  

As the ground measurements cover a short period (1 to 3 years), the variables from the 

historical databases should learn the class vector obtained in the unsupervised classification to 

cluster the data for periods in which no ground measurements were available. In this paper, the 

supervised classification method chosen is the random forest (Breiman, 2001), after comparing 

its classification performance with other machine learning techniques (multilayer perceptron, 

convolutional neural network, gradient boosting, and support vector machine).  

Random forest is an ensemble that combines different estimates from decision tree (DT) 

models. Ensemble models use different classifiers trained on various subsets of the training set to 

obtain a combined classification model. Because the ensemble combines different classification 

models, it is less prone to overfitting than using only one classification model, such as the DT, 

and also can perform well even in the presence of outliers or noise from the time series (Han et 

al., 2012; Aggarwal et al., 2015). All input variables from CAMS and ERA5-Land are used with 

the target being the classes from the unsupervised classification. A grid search was performed on 

the train set to search the best set of hyperparameters according to Tab. 4, as follows: the use or 

not of bootstrap, the maximum depth of the DT (max_depth), the number of features randomly 

selected at each split of the tree (max_features), the minimum number of samples each leaf should 

have (min_samples_leaf), the minimum number of splits each internal node should have 

(min_samples_split) and the number of DT (n_estimators). The hyperparameter optimization was 

performed using the GridSearchCV implementation from the scikit-learn library2, with 3-fold 

cross-validation over the calibration set. The best model was selected based on classification 

accuracy. Parallel processing was employed to accelerate the grid search. 

Tab. 4. Grid search for the best hyperparameters of random forest model. 

Classification Model Grid search 

Random Forest 

"bootstrap": [True, False], 

"max_depth": [10, 20, 30], 

"max_features": [‘auto’, ‘sqrt’], 

"min_samples_leaf": [2, 4], 

"min_samples_split": [2, 5], 

"n_estimators": [200, 500, 700] 

      3.4 Feature selection/extraction 

Feature selection algorithms (shortly named as SEL here) search for the best subset of 

input variables with minimum redundancy among the variables and maximum relevance between 

each variable and the target (Hall, 2000; Yu and Liu, 2004). This study applies a Pearson 

correlation-based filter for the feature selection, while principal component analysis was 



 

 

employed for the feature extraction. The feature selection procedure is based on threshold values 

of Pearson correlations (called here as Z) among the input variables (step 1) and between input 

variables and the target (step 2), as described in Tab. 5. The target is the clearness index for GHI 

(𝑘𝑡 – defined as the ratio between GHI and horizontal extraterrestrial irradiance) and normal 

transmittance for DNI (𝑘𝑛 – defined as the ratio between DNI and extraterrestrial irradiance). 

Different values for Z were chosen for each step and for local and combination models. The Z 

values at each step were heuristically defined by inspecting the data.  

A principal component analysis (PCA) is used to conduct feature extraction. PCA is a 

well-known technique to reduce dimensionality in datasets with redundant variables (Hotelling, 

1993). A linear transformation is applied to the original input variables, obtaining the principal 

components set, from which a smaller subset can be chosen to explain a certain percentage of the 

total variance of the input data (Jollife, 1986). In this work, the first principal components that 

explain 95% of the total original dataset variance are chosen. The input data is normalised 

subtracting the mean average and dividing it by the standard deviation before applying PCA. 

The PCA extraction method is applied in the global, local, and combination models. In 

contrast, the wrapper/filter feature-selection algorithm (SEL) is applied independently for each 

local model and for each sky-condition class, as well as for each combination model. 

Consequently, the subset of selected variables is not fixed across all experiments, but varies 

according to the irradiance component, station, data split, and sky-condition class. To illustrate 

the final variable selection produced by the SEL algorithm, Appendix C presents representative 

examples for two stations considering a specific data split and irradiance component. Tab. 6 from 

Section 3.6 also specifies which site adaptation models use feature extraction (PCA) and which 

use feature selection (SEL). 

Tab. 5. Two steps procedure of the Feature Selection Algorithm. 

Feature Selection Algorithm (SEL) 

Steps 
Local Models                                            

(selection applied in the calibration set) 

Combination Models 

(selection applied in the combination set) 

Step 1 

1) Calculate the correlation matrix (CM) 

of input variables; 

1) Calculate the correlation between the 

input variables and the target; 

2) Find all correlations higher than Z1 = 

0.99 in the CM; 

2) Find the correlations lower than Z3 = 

0.85; 

3) Drop all the corresponding columns of 

these input variables. 
3) Drop the respective variables. 

Step 2 

1) Calculate the correlation between the 

remaining input variables and the target; 

1) Calculate the CM of the remaining input 

variables; 

2) Find the correlations lower than Z2 = 

0.2; 

2) Find all correlations higher than Z4 = 

0.999 in the CM*; 

3) Drop the respective variables. 
3) Drop all the corresponding columns of 

these input variables. 

*Z4 was chosen high, because the input models used in the combination are highly correlated. 

3.5 Performance metrics and evaluation framework 

The models are evaluated with common metrices, such as the mean bias error (MBE), the 

root mean square error (RMSE), their normalised versions (MBEn and RMSEn, relative to the 

measured data average), the standard deviation ratio (STDRatio), the Pearson correlation (𝜌) and 

the skill score (SS4) as proposed by Taylor (2001), as shown in Eqs. 4-8. The SS4 indicates the 

model’s overall performance as it considers both the STDRatio and correlation. Finally, the 

accuracy (Eq. 9) is used to evaluate the results of the random forest classification model. 



 

 

𝑀𝐵𝐸 =  
∑ (𝑦̂𝑖 − 𝑦𝑖)2𝑖=1

𝑁

𝑁
 (4) 

𝑅𝑀𝑆𝐸 =  √
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𝑁
∑(𝑦̂𝑖 − 𝑦𝑖)2

𝑁

𝑖=1

 (5) 

where 𝑦̂𝑖 and 𝑦𝑖 are the modeled and observed time series, respectively, and N is the number 

of points in the time series, 

 

𝑆𝑇𝐷𝑅𝑎𝑡𝑖𝑜 =  𝜎𝑚𝑜𝑑/𝜎𝑜𝑏𝑠 (6) 

where 𝜎𝑚𝑜𝑑 and 𝜎𝑜𝑏𝑠 are the modeled and observed time series, respectively, 

 

𝜌 =  
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𝑖=1
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(7) 

where 𝑦̅ and 𝑦̅̂ are the observed and modeled time series average, respectively. 

 

𝑆𝑆4 =  
(1 + 𝜌)4

4(𝑆𝑇𝐷𝑅𝑎𝑡𝑖𝑜 + 1/𝑆𝑇𝐷𝑅𝑎𝑡𝑖𝑜)2
 (8) 

𝐴𝑐𝑐 = (𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒)/(𝑇𝑜𝑡𝑎𝑙 𝑑𝑎𝑡𝑎 𝑎𝑚𝑜𝑢𝑛𝑡) (9) 

       

3.6 Site adaptation 

As previously stated, this work applies global, local, and combination models for site 

adaptation. Global models are those whose parameters are inferred based on minimizing a loss 

function over the entire time series of interest. Local models do so for subsets of this series, 

defined according to the local sky conditions through the random forest classification algorithm. 

Combination models take the outputs from global and local models to enhance the results over 

the combination set. Finally, all the strategies are evaluated in the test set.  

The regression models employed for site adaptation are the multilinear regression (MLR) 

and the multilayer perceptron neural network (MLP). These models are chosen for their simplicity 

within their respective frames (linear and non-linear). The key element introduced in this proposal 

is the prior sky classification derived from the input data, which is then utilized to derive local 

and combination models. The input of the models are the variables from CAMS (29) and ECMWF 

(9), as described in Section 2, together with the GHI CAMS clearness index (𝑘𝑡𝐶𝐴𝑀𝑆 – defined as 

the GHI CAMS divided by the top-of-atmosphere irradiance) or the DNI CAMS normal 

transmittance (𝑘𝑛𝐶𝐴𝑀𝑆 – defined as the DNI CAMS divided by the extraterrestrial irradiance), 

depending on whether the site adaptation is performed for 𝑘𝑡 or 𝑘𝑛, as well as the extraterrestrial 

irradiance. All input variables (40) for the global and local models are preprocessed by PCA or 

SEL, as described in section 3.4. The use of additional post-processing stages is also tested, by 

applying a quantile mapping (QM) correction or a bias-variance correction (BD). In the following, 

a brief description of the regression and post-processing models are presented: 

Multilinear Regression: In the MLR, the input variables are employed to estimate the target 

variable linearly. The minimum squares method was used to find the best linear coefficients that 

minimize the mean square error (Wilks, 2013). 

Multilayer Perceptron: The MLP is a feedforward neural network architecture consisting of an 

input layer, multiple hidden layers, and an output layer (Dawson and Wilby, 2001; Han et al., 

2012; Aggarwal et al., 2015). In this work, the MLPs architecture were designed with three hidden 



 

 

layers containing 5, 4, and 3 neurons, respectively, and a single output neuron. A hyperbolic 

tangent activation function is used in all hidden layers. Training is performed using the 

Levenberg-Marquardt (LM) optimization algorithm (Gavin et al., 2020), which iteratively adjusts 

weights through a combination of Gauss-Newton and gradient-descent steps. The MLP was 

implemented using the MATLAB Neural Network Toolbox (feedforwardnet). The training 

process minimizes the mean squared error (MSE) between predictions and targets. The LM 

algorithm does not require a fixed learning rate, as it adaptively regulates the damping parameter 

(μ) to control the step size. The training was limited to 50 epochs. 

To improve generalization and reduce sensitivity to weight initialization, the calibration dataset 

is randomly divided into 80% for training and 20% for validation. A total of 100 independent 

training runs are performed with different random initializations. The final model is selected 

based on the best SS4 performance over the validation subset. The MLP architecture and training 

configuration are fixed across all experiments. The combination and test datasets are reserved for 

model integration and independent evaluation, respectively. 

Quantile Mapping: In QM, the inverse of the Empirical Cumulative Distribution Function (ecdf) 

of the observed data is applied to adjust the modeled data. In Eq. 10, 𝑦̂𝑐𝑜𝑟𝑟_𝑄𝑀 is the QM-corrected 

time series of the modeled data in test set (𝑦̂𝑡𝑒𝑠𝑡), 𝑒𝑐𝑓𝑑𝑚𝑜𝑑 is the ecdf of 𝑦̂𝑡𝑒𝑠𝑡 and 𝑒𝑐𝑓𝑑𝑜𝑏𝑠
−1  is the 

inverse transformation of the ecdf estimated with the measured time series on the calibration set.  

𝑦̂𝑐𝑜𝑟𝑟_𝑄𝑀 = 𝑒𝑐𝑓𝑑𝑜𝑏𝑠
−1 (𝑒𝑐𝑓𝑑𝑚𝑜𝑑(𝑦̂𝑡𝑒𝑠𝑡)) (10) 

 

Bias-variance correction: The bias-variance (or bias-deviation) correction between model and 

observation is done according to Eq. 11, where 𝑦̂𝑐𝑎𝑙
̅̅ ̅̅ ̅ is the mean of the regression model in the 

calibration set, 𝜎𝑦,𝑐𝑎𝑙 and 𝜎𝑦̂,𝑐𝑎𝑙 are the standard deviations of the observed and modeled time 

series in the calibration set, 𝑦𝑐𝑎𝑙̅̅ ̅̅ ̅ is the mean of the ground measurements time series in the 

calibration set, and 𝑦̂𝑐𝑜𝑟𝑟_𝐵𝐷 is the regression model with bias-variance correction in the test set.  

𝑦̂𝑐𝑜𝑟𝑟_𝐵𝐷 = (𝑦̂𝑡𝑒𝑠𝑡 − 𝑦̂𝑐𝑎𝑙
̅̅ ̅̅ ̅) (

𝜎𝑦,𝑐𝑎𝑙

𝜎𝑦̂,𝑐𝑎𝑙
) + 𝑦𝑐𝑎𝑙̅̅ ̅̅ ̅ (11) 

 

      Tab. 6 summarises all the site adaptation models that were evaluated in this study. The 

proposed combination models integrate the outputs of global and local approaches using a subset 

of the data dedicated to this purpose, referred to as the combination set. Global models can correct 

the overall bias of the time series, whereas local models focus on adjusting specific parts of the 

time series according to the sky conditions classes. The combination models aim to integrate both 

approaches, benefiting from the perspectives of the global and local models while reducing 

residual errors. They use the CAMS model (1), the global models (6) and the local models (8) as 

input. These inputs are then used to train the combination model, which is implemented either as 

an MLR or an MLP in order to learn how to combine the results of the individual models, as 

shown by Eq. 12, where 𝑦̂𝑐𝑜𝑚𝑏 denotes the combination model, 𝑦̂𝐶𝐴𝑀𝑆 denotes the CAMS model, 

𝑦̂𝐺𝑖 denotes the global models, 𝑦̂𝐿𝑖 denotes the local models, and 𝑓 represents either a MLR or a 

MLP model. Therefore, the combination model is a second-stage regression model trained on the 

outputs of the CAMS, global, and local models. To reduce redundancy among the input variables, 

feature selection (SEL) is applied prior to training the combination models. This ensures that only 

the most relevant model outputs are retained, thereby improving model stability and 

generalization. As the input variables for the combination model can be highly correlated, feature 

selection was chosen as the preprocessing step.  

𝑦̂𝑐𝑜𝑚𝑏 = 𝑓(𝑦̂𝐶𝐴𝑀𝑆, 𝑦̂𝐺1, … , 𝑦̂𝐺6, 𝑦̂𝐿1, … , 𝑦̂𝐿8) (12) 



 

 

A key feature of the combination framework is that it uses independent data (from the 

combination set) to train the combination models. This data is not used to train the global or local 

models. This ensures that the combination models are trained using data that has not been seen 

before, which prevents overfitting and enables the model outputs to be adjusted more robustly. 

This approach is conceptually similar to stacking, where multiple base learners are combined 

using a higher-level model. The target variable for all the models was the clearness index (𝑘𝑡) for 

GHI and normal transmittance (𝑘𝑛) for DNI.   

Tab. 6. Models for site adaptation. 

REFERENCE MODELS 

CAMS GHI, DNI, and DHI from CAMS model 

Solcast GHI, DNI, and DHI from Solcast model 

GLOBAL MODELS 

MLR MLR with input variables preprocessed using PCA 

MLR_QM MLR with input variables preprocessed using PCA and postprocessing using QM 

MLR_BD 
MLR with input variables preprocessed using PCA and postprocessing using 

bias-deviation correction 

MLP MLP with input variables preprocessed using PCA 

MLP_QM MLP with input variables preprocessed using PCA and postprocessing using QM 

MLP_BD 
MLP with input variables preprocessed using PCA and postprocessing using 

bias-deviation correction 

LOCAL MODELS 

MLR_SEL_Loc 
5 MLRs (five sky conditions) with input variables preprocessed using SEL in 

each cluster 

MLR_SEL_BD_Loc 
5 MLRs with input variables preprocessed using SEL and postprocessing using 

bias-deviation correction in each cluster 

MLR_PCA_Loc 5 MLRs with input variables preprocessed using PCA in each cluster 

MLR_PCA_BD _Loc 
5 MLRs with input variables preprocessed using PCA and postprocessing using 

bias-deviation correction in each cluster 

MLP_SEL_Loc 5 MLPs with input variables preprocessed using SEL in each cluster 

MLP_SEL_BD_Loc 
5 MLPs with input variables preprocessed using SEL and postprocessing using 

bias-deviation correction in each cluster 

MLP_PCA_Loc 5 MLPs with input variables preprocessed using PCA in each cluster 

MLP_PCA_BD_Loc 
5 MLPs with input variables preprocessed using PCA and postprocessing using 

bias-deviation correction in each cluster 

COMBINATION MODELS 

MLRComb 
MLR trained on combination set using as input variables the CAMS model (GHI 

or DNI time-series) and the global and local model outputs preprocessed by SEL 

MLRComb_BD 

MLR trained on combination set using as input variables the CAMS model (GHI 

or DNI time-series) and the global and local model outputs preprocessed by SEL 

and postprocessing using bias-deviation correction  

MLPComb 
MLP trained on combination set using as input variables the CAMS model (GHI 

or DNI time-series) and the global and local model outputs preprocessed by SEL  

MLPComb_BD 

MLP trained on combination set using as input variables the CAMS model (GHI 

or DNI time-series) and the global and local model outputs preprocessed by SEL 

and postprocessing using bias-deviation correction 

 



 

 

4. Results and Discussion 

 

In this work, site adaptation is composed of a classification stage and an adjustment stage, 

both of which require evaluation. The assessment of the unsupervised and supervised data 

classification methods is presented in subsections 4.1 and 4.2 respectively, while the complete 

site-adaptation results are presented in subsection 4.3. A performance breakdown of the site 

adaptation methods per sky condition is shown in subsection 4.4. 

4.1 Unsupervised classification results 

The results of the threshold-based filtering and the k-means algorithm together are shown 

in Fig. 3. There is a peak of the probability density in the clear sky region with high 𝑘𝑐 and small 

𝑉𝐼 (class 1 in red). The overcast conditions are located in the region of low 𝑘𝑐 and low 𝑉𝐼 for all 

stations, while the partly variable sky represents mixed conditions situated in the middle of classes 

2, 3, and 5. As Gobabeb station is in the Namib desert, the percentages of partly variable, variable, 

and overcast skies are lower, in particular for the partly variable sky, for which only a small 

portion is seen in the graph. Petrolina and Salta presents a small peak in the blue region (overcast 

sky), due to the more balanced percentages distribution among sky conditions. Overall, the k-

means output shows similar patterns across stations, showing that the classification algorithm is 

robust in these different climates. Fig. 4 shows an example of the final 15-min window 

classification plotted with GHI measured data for El Rosal and Petrolina in minute resolution. In 

general, the classes correspond with the expected behavior of GHI. The black lines representing 

variable sky contain most of the cloud enhancement cases and the magenta lines show only short-

term variability in the GHI signal, but remain close to the clear-sky line for most of the time. 

Misclassification can be observed at border regions or during transition period between two sky 

conditions, as is the case of partly clear and partly variable sky classes.  

 
(a) El Rosal station (b) Salta station 

 
(c) Petrolina station  

 
(d) Gobabeb station 

Fig. 3. Output of k-means algorithm for all stations. 

Fig. 5 presents the probability density curves of the clearness index in minute resolution 

estimated by KDE. The clear sky and partially clear sky classes present a peak in the higher 

𝑘𝑡  region (red and magenta lines, respectively), while the overcast sky class shows a peak in the 

lower 𝑘𝑡 region (blue line). The variable sky class (black line) presents a bimodal distribution, 

with one of the modes at low 𝑘𝑡 and the other at high 𝑘𝑡, except for El Rosal station. The partially 



 

 

variable sky class (in green) does not present a specific shape in the different stations. The final 

percentages per sky condition are presented in Tab. 7. Stations El Rosal and Gobabeb have a 

predominance of clear sky conditions with more than 66% and 80% of the classes, respectively, 

being classes 1 or 2. Petrolina and Salta stations have sky conditions more distributed among all 

classes. Note the different behavior between Salta and El Rosal stations, which are close sites 

experiencing very different sky conditions during the year. The clustering results and data split 

percentages in each class are consistent with the station climate classification given in Tab. 1. 

 

 
(a) GHI El Rosal station. 

 
(b) GHI Petrolina station.  

Fig. 4. 15-min classes plotted with GHI measurements at minute resolution. 

 

 
(a) 𝐾𝐷𝐸 𝑥 𝑘𝑡 in minute resolution for each class 

of El Rosal station. 

 
(b) 𝐾𝐷𝐸 𝑥 𝑘𝑡 in minute resolution for each class 

of Salta station. 

 
(c) 𝐾𝐷𝐸 𝑥 𝑘𝑡 in minute resolution for each class 

of Petrolina station. 

 
(d) 𝐾𝐷𝐸 𝑥 𝑘𝑡 in minute resolution for each class 

of Gobabeb station.  

Fig. 5. Clearness index (𝑘𝑡) density curves for each class. 

Tab. 7. Final percentage of unsupervised classification for all stations. 

Class El Rosal Salta Petrolina Gobabeb 

1 - Clear sky 38.3% 10.4% 15.6% 65.3% 

2 - Partly clear sky 27.9% 35.7% 26.2% 15.4% 

3 - Overcast sky 12.3% 23.3% 20.4% 7.7% 

4 - Variable sky 10.5% 13.0% 18.0% 7.6% 

5 - Partly variable sky 11.0% 17.6% 19.8% 4.0% 

 



 

 

4.2 Supervised classification results 

The random forest model was trained for each of the 42 different divisions, using only 

the calibration set for training and the test set to evaluate the results. Other machine learning 

models were also tested, for example eXtreme Gradient Boost (XGBoost), which showed slightly 

lower accuracy performance compared to Random Forest over all stations. Therefore, the Random 

Forest model was kept for the supervised classification. Fig. 6 presents the accuracy of the random 

forest on the test set for each data split strategy. The accuracy is higher for the strategy of shuffling 

all 15-minute timestamps than for the other strategies, with average values of 69%, 72%, 65%, 

and 83% for El Rosal, Salta, Petrolina, and Gobabeb, respectively. These accuracies should be 

interpreted with caution, as the temporal autocorrelation of sky conditions may lead to optimistic 

estimates when neighboring timestamps are distributed across both the calibration and test sets in 

the fully randomized strategy. 

A clear difference in dispersion can be observed among the boxplots of the four split 

strategies. The chronologically ordered splits exhibits the greatest variation, which can be 

attributed to imbalanced classes in the calibration and test subsets, resulting from seasonal 

sampling bias and different atmospheric conditions. In contrast, data-shuffling approaches, 

whether by intercalating or shuffling days, or randomizing 15-minute timestamps, result in less 

variance through different data splits, as they ensure a more homogeneous distribution of 

atmospheric conditions and class frequencies. In particular, fully randomized 15-minute 

timestamps prior to data splitting led to higher accuracy. This approach breaks the temporal 

autocorrelation of solar irradiance time series and reduces dependence on the solar zenith angle, 

ensuring a more homogeneous distribution of classes in the calibration and test sets. The reduced 

dispersion observed for strategies involving intercalation or data shuffling indicates that the 

Random Forest model is robust with respect to different data partitions with varying amounts for 

training and testing (see Tab. 3), and can generalize well when class distributions are preserved. 

Overall, except for some splits, the relative results between stations are consistent. Since the 

application of the proposed method is in resource assessment for project bankability, which relies 

on retrospective analysis of long-term time series, the complete randomization of the time series 

is considered acceptable. This is not the case for forecasting applications, where temporal 

consistency must be preserved. This is the first insight provided in this work that the dataset splits 

influence performance, an overlooked issue in solar resource assessment.  

Fig. 6. Accuracy of the random forest model for all stations in the different configuration of data splits for 

calibration, combination, and test sets. 



 

 

4.3 Site adaptation  

The criteria for selecting the more accurate site adaptation model and the best data split 

strategy are set out in Tab. 8. Fig. 7 presents the MBEn and RMSEn of the more accurate global, 

local, and combination models in each data split for El Rosal and Salta stations. These top-

performing models in each category (global, local, and combination) are recognized for 

consistently achieving the highest rankings based on the criteria listed in Tab. 8. These are the 

MLP_QM and MLP_BD (global model for El Rosal and Salta, respectively), MLR_PCA_Loc 

(local model) and MLRComb_BD (combination model). The identification of these models 

allows the comparison of the three strategies based on their best-achieved performance. The local 

and combination models show better results than CAMS and the global models at El Rosal station. 

There is a remarkable gain in all metrics due to the site-adaptation procedures at this site. It shall 

be noted that the satellite estimates have a weak performance in El Rosal, caused by a sudden 

climate transition in space and a large satellite view angle. By inspecting the RMSEn, an 

improvement with the local and combination models can be observed (those including clustering 

techniques), especially when data shuffling is used in the dataset splits. For Salta station, the gain 

of the site-adaptation procedures is lower, as the satellite estimates have a better performance. 

Similar to El Rosal, the MBEn metric shows more stability across the splits than the RMSEn. 

Again, the combination models achieve the best RMSEn, as seen in the data shuffling division. 

The local models came second, showing improvement by introducing data clustering in the 

methodology. 

 

Tab. 8. Criteria* to choose the best models and split in the test set. 

Model category Model evaluation for each of 42 splits 

Global, local, and 

combination models 

1) The four models with the highest SS4 are selected; 

2) Among these four models, select the two with STDRatio closest to one 

in absolute value; 

3) Among these two models, the best one will be that with the lowest 

RMSEn. 

Choice for the more 

accurate split (after 

choosing the more 

accurate model per 

category) 

1) Select the ten splits whose model results present high SS4; 

2) Among these ten splits, select the five with STDRatio closest to one in 

absolute value; 

3) Among these five splits, select the three with RMSEn closest to one in 

absolute value; 

4) The best split from the three previous steps will be that with the lowest 

MBEn. 

*The criteria rank the models first by the SS4 and then by the STDRatio and RMSEn. This sequence of 

statistics was chosen to highlight first the model’s ability to reproduce the phase and frequency structure of 

the target signal (SS4) and then the difference in standard deviation (STDRation) and dispersion (RMSEn). 

In the case of the split evaluation, it is considered the MBEn in the last step, as it has more results to rank 

(42 splits).  

 



 

 

 
Fig. 7. Results for the best global, local, and combination models for GHI considering different data split 

strategies in El Rosal and Salta stations (15-min resolution). 

 

The more accurate model for El Rosal is MLRComb_BD in split 40 (RMSEn of 16.9% 

and correlation of 0.94), as shown in the Taylor’s diagram of Fig. 8. The CAMS model presents 

a correlation of 0.74 and an RMSEn of 43.1%. In contrast, the global models obtain correlation 

values close to 0.9, while the local and combination models obtain values close to 0.94. The 

Taylor diagrams for other stations are shown in Appendix A. 

 



 

 

 
 

Fig. 8. Taylor diagram for split 40 in El Rosal station. 

 

Figs. 9 and 10 provide the site-adaptation results for GHI and DNI in Petrolina and 

Gobabeb. The quantitative results provided below follow the metrics found in the last split 

strategy (shuffling the 15-min for all timestamps). In both stations, the CAMS MBEn 

overestimation (Petrolina) and MBEn underestimation (Gobabeb) are corrected and site-adapted 

unbiased estimates are obtained in all models, aside from some divisions in the chronologically 

ordered strategy. This is notably corrected for DNI, for which the MBEn of CAMS estimates are 

around +22% for Petrolina and -7% for Gobabeb. For GHI, the MBEn of CAMS estimates is 

lower but also notable, being +5% and -3%, respectively. RMSEn results are similar for all 

models, with improvements compared to the original CAMS estimates. These improvements are 

higher for DNI than for GHI, and the combination models perform slightly better than the others. 

It is observed that the gain of the combination models is higher for DNI. The results are consistent 

in both stations, even though the climate is very different. This difference is clear when the mean 

metrics’ values are inspected. For instance, in Petrolina, the RMSEn change comparing original 

CAMS and combination models is from 24% to 22% for GHI (8.3% gain) and from 51% to 42% 

for DNI (17.6% gain), and in Gobabeb is from 9% to 7% for GHI (22.2% gain) and from 18% to 

13% for DNI (27.8% gain). From these two stations, the gains found at Gobabeb are the highest, 

explained mostly by local sky conditions under clear sky (see the climate classification of Tab. 

1). However, this gain is lower compared to the one observed at El Rosal station, which is 

importantly affected by an error-prone cloud’s observation with a large satellite view angle, pixel 

size, and the high Andes ground albedo. 



 

 

 

Fig. 9. Results for the best global, local, and combination models for GHI considering different 

data split strategies in Petrolina and Gobabeb stations (15-min resolution). 

 

Tab. 9 presents the splits in which the more accurate performance is observed, following 

the criteria of Tab. 8 (last row), and the respective percentage of data in calibration, combination, 

and test sets. These more accurate splits use the shuffling strategy and have the major percentage 

of data for calibration. 

 

Tab. 9. Split with the more accurate results and respective percentage of data used in the models. 

Stations Splits Calibration Combination Test 

Gobabeb 33 80% 10% 10% 

Petrolina (DNI and DHI) 34 70% 20% 10% 

Salta and Petrolina (GHI) 36 50% 40% 10% 

El Rosal 40 60% 10% 30% 

 

 

 



 

 

 

Fig. 10. Results for the best global, local, and combination models for DNI considering different data 

split strategies in Petrolina and Gobabeb stations (15-min resolution). 

 

Tab. 10 and Fig. 11 show the statistical results comparing original CAMS and Solcast 

estimates with the best site-adaptation method for each model. The reported metrics in Tab. 10 

also shows 95% Confidence Intervals (CI), which were estimated using a non-parametric 

bootstrap approach where the observations and model results were 2000 times resampled (with 

replacement). The 2.5th and 97.5th percentiles of each MBEn and RMSEn bootstrap distributions 

were used to estimate the 95% CI. For El Rosal, the combination model achieves an outstanding 

result when compared to the CAMS model, with a decrease in RMSEn of 26.2% and an increase 

in SS4 from 0.57 (CAMS) to 0.89 (combination model). In Salta station, the site adaptation 

models present better results than CAMS; however, the improvement is lower than El Rosal 

station. Petrolina and Gobabeb are the sites where the site-adaptation obtains the lower relative 

gain in RMSEn for GHI (1.7% and 2.0% in RMSEn reduction compared with CAMS, 

respectively). Although the absolute gain is lower in Gobabeb, the starting RMSEn value is quite 

low, so it is relatively more difficult to obtain an improvement. In the other metrics (STDRatio, 

correlation, and SS4), Gobabeb has the lowest GHI site-adaptation gain. Comparing these two 

stations, the DNI site-adaptation improvements are higher than for CAMS DNI model in all 

metrics. Combination models provide the best performance in most metrics for both solar 



 

 

radiation magnitudes. For completeness, results for diffuse horizontal irradiance (DHI) in the case 

of Petrolina and Gobabeb stations are shown, which were obtained by the difference between the 

global and direct horizontal plane irradiance. The more accurate results for DHI are also in the 

combination models, which present lower RMSEn and higher correlations, especially for 

Gobabeb, where it was possible to decrease the RMSEn by 11.8% compared to the CAMS model. 

These results are also compared with Solcast model, which considers GOES-East satellite images 

over South America (not the MSG satellite images, as the CAMS model), therefore providing a 

better SSI estimation for this continent. For GHI, the best site adaptation and Solcast have similar 

MBEn (on average, 0.1% and 0.6%, respectively) and RMSEn (on average, 17.6% and 18%, 

respectively). In change, DNI and DHI site adaptation results are more accurate than Solcast 

model, with an average decrease in RMSEn of 7.2% and 11.9%, respectively. The MBEn of the 

best site adaptation model is also closer to zero than Solcast, except DHI at Petrolina station. 

Scatter plots in the test set between the ground measurements against CAMS dataset and the best 

site-adaptation method are shown in Appendix B for GHI, DNI, and DHI. 

 

 
(a) GHI statistics results 

 
(b) DHI and DNI statistics results 

Fig. 11. Results for the best global, local, and combination models compared with CAMS and 

Solcast models (15-min resolution). 



 

 

Tab. 10. Site adaptation results for the more accurate split in the test set (15-min resolution). 

Station  Models 
MBE in W/m² 

(MBEn) 
MBEn 95% CI 

RMSE in 

W/m² 

(RMSEn) 

RMSEn 95% 

CI 
SS4 

El Rosal 

(GHI) 

Split 40 

CAMS -166.7 (-25.4%) [-25.9, -24.8] 283.2 (43.1%) [42.5, 43.6] 0.57 

SOLCAST -15.3 (-2.3%) [-2.6, -2.1] 112.1 (17.0%) [16.6, 17.5] 0.88 

Global (MLP_QM) -3.0 (-0.5%) [-0.8, -0.1] 134.1 (20.4%) [19.9, 20.9] 0.84 

Local (MLR_PCA_Loc) 3.8 (0.6%) [0.3, 0.9] 114.2 (17.4%) [16.9, 17.9] 0.88 

Comb. (MLRComb_BD) 3.5 (0.5%) [0.3, 0.8] 111.4 (16.9%) [16.5, 17.4] 0.89 

Salta 

(GHI) 

Split 36 

CAMS 19.8 (4.6%) [3.6, 5.6] 132.4 (30.7%) [29.4, 32.0] 0.83 

SOLCAST 12.6 (2.9%) [2.1, 3.7] 104.5 (24.2%) [23.1, 25.3] 0.88 

Global (MLP_BD) -0.9 (-0.2%) [-1.1, 0.7] 119.6 (27.7%) [26.5, 29.1] 0.85 

Local (MLR_PCA_Loc) -0.7 (-0.2%) [-1.1, 0.7] 119.1 (27.6%) [26.2, 29.1] 0.85 

Comb. (MLRComb_BD) -1.0 (-0.2%) [-1.1, 0.6] 111.9 (25.9%) [24.5, 27.2]  0.87 

Petrolina 

(GHI) 

Split 36 

CAMS 25.8 (5.0%) [4.4, 5.7] 116.3 (22.7%) [22.0, 23.4] 0.86 

SOLCAST 9.7 (1.9%) [1.2, 2.6] 120.2 (23.5%) [22.7, 24.3] 0.84 

Global (MLP_BD) -1.6 (-0.3%) [-0.9, 0.3] 109.1 (21.3%) [20.6, 22.0] 0.88 

Local (MLP_SEL_Loc) 7.3 (1.4%) [0.7, 2.1] 115.6 (22.6%) [21.8, 23.3] 0.86 

Comb. (MLRComb_BD) -0.5 (-0.1%) [-0.7, 0.5] 107.8 (21.1%) [20.4, 21.7] 0.88 

Petrolina 

(DNI) 

Split 34 

CAMS 84.9 (21.5%) [20.2, 22.9] 202.1 (51.3%) [49.9, 52.7] 0.71 

SOLCAST 28.5 (7.2%) [5.8, 8.7] 198.6 (50.4%) [48.9, 51.8] 0.68 

Global (MLP_QM) 8.3 (2.1%) [0.9, 3.4] 171.4 (43.5%) [42.2, 44.8] 0.74 

Local (MLR_PCA_BD_Loc) 11.8 (3.0%) [1.7, 4.3] 175.5 (44.5%) [43.1, 45.8] 0.73 

Comb. (MLRComb_BD) 8.5 (2.1%) [1.0, 3.3] 162 (41.1%) [39.8, 42.4] 0.76 

Petrolina 

(DHI) 

Split 34 

CAMS -27 (-12.8%) [-13.7, -11.9] 72.7 (34.5%) [33.4, 35.5] 0.73 

SOLCAST -2.4 (-1.2%) [-2.2, -0.2] 74.4 (35.3%) [34.2, 36.4] 0.72 

Global (MLP) 12.0 (5.7%) [4.8, 6.6] 63.0 (29.9%) [29.0, 30.8] 0.78 

Local (MLR_PCA_BD_Loc) 8.2 (3.9%) [2.7, 5.2] 90.0 (42.7%) [41.1, 44.4] 0.65 

Comb. (MLRComb) 13.7 (6.5%) [5.6, 7.3] 62.8 (29.8%) [28.9, 30.8] 0.79 

Gobabeb 

(GHI) 

Split 33 

CAMS -19.1 (-3.2%) [-3.3, -3.0] 51.8 (8.6%) [8.2, 8.9] 0.98 

SOLCAST -0.6 (-0.1%) [-0.2, 0.1] 44.0 (7.3%) [7.0, 7.6] 0.98 

Global (MLP_BD) -0.4 (-0.1%) [-0.2, 0.1] 42.0 (6.9%) [6.6, 7.3] 0.98 

Local (MLP_SEL_BD_Loc) -1.0 (-0.2%) [-0.3, 0.0] 42.9 (7.1%) [6.7, 7.5] 0.98 

Comb. (MLRComb_BD) 0.2 (0.0%) [-0.1, 0.2] 40.2 (6.6%) [6.3, 7.0] 0.98 

Gobabeb 

(DNI) 

Split 33 

CAMS -52.8 (-7.2%) [-7.6, -6.9] 131.1 (18.0%) [17.5, 18.4] 0.84 

SOLCAST -13.3 (-1.8%) [-2.2, -1.5] 126.1 (17.3%) [16.7, 17.8] 0.82 

Global (MLP_QM) 2.4 (0.3%) [0.0, 0.6] 96.4 (13.2%) [12.7, 13.7] 0.90 

Local (MLP_PCA_BD_Loc) 1.6 (0.2%) [0.0, 0.5] 93.3 (12.8%) [12.2, 13.4] 0.90 

Comb. (MLRComb_BD) 2.2 (0.3%) [0.1, 0.6] 89.3 (12.2%) [11.7, 12.7] 0.91 

Gobabeb 

(DHI) 

Split 33 

CAMS 10 (8.6%) [7.8, 9.4] 46.7 (40.5%) [39.1, 42.0] 0.70 

SOLCAST 12.1 (10.5%) [9.6, 11.4] 54.1 (46.9%) [45.0, 48.8] 0.61 

Global (MLP_BD) 1.1 (1.0%) [0.3, 1.6] 36.8 (31.9%) [30.7, 33.1] 0.83 

Local (MLP_PCA_Loc) 2.0 (1.7%) [1.1, 2.3] 34.8 (30.2%) [29.0, 31.4] 0.85 

Comb. (MLRComb_BD) 0.7 (0.6%) [0.0, 1.2] 33.1 (28.7%) [27.6, 29.8] 0.86 

 



 

 

The statistical results presented so far consider a 15-min time resolution. To allow a direct 

comparison with other studies, additional data from Gobabeb station was used to further test the 

site adaptation model performance. Fernández-Peruchena et al. (2020) proposed a site-adaptation 

based on a combination of regression models, applied under clear and cloudy sky conditions, 

followed by a quantile mapping correction. They report results for Gobabeb station at hourly 

resolution. Here, the site adaptation model MLRComb_BD, trained using the split 33 (which 

adopts the randomization split strategy), was applied for the additional years of 2012-2014 and 

2021 for the Gobabeb station. Tab. 11 shows that the current procedure reduces the DNI RMSEn 

in 7% when compared to the CAMS model (hourly resolution), whereas Fernández-Peruchena et 

al. (2020) reported a 4% reduction. 

 
Tab. 11. Site adaptation results for DNI in Gobabeb (for the unseen years of 2012-2014 and of 2021). 

Temporal 

resolution/Reference 
Model MBEn RMSEn ρ 

15 min/Current work CAMS -9.2% 19.4% 0.91 

MLRComb_BD -0.2% 13.1% 0.95 

Hourly/Current work CAMS -9.1% 17.6% 0.92 

MLRComb_BD -0.1% 10.7% 0.96 

Hourly/Fernández-

Peruchena et al. (2020)* 

CAMS -11.0% 20.0% 0.91 

SiteAdapted DNI 0.1% 16.0% 0.91 

 *Values were visually estimated according to the Fig. 5 of the cited work 

 

The accuracy of the Random Forest model on 15-min resolution was 75.8% for the 

independent years of 2012-2014 and 2021, which is lower than the previous accuracy of 84.6% 

reported in Fig. 6. The strategy of shuffling individual 15-min timestamps may lead to optimistic 

Random Forest accuracy estimates because of the temporal autocorrelation of sky conditions (data 

leakage). However, when evaluating the site-adaptation results, which is the main focus of this 

work, the final combination model remains robust when applied to independent years from the 

Gobabeb station, with similar RMSEn values of 12.2% (Tab. 10) and 13.1% (Tab. 11) for DNI. 

These results indicate that the site-adaptation framework generalizes well to unseen years despite 

the optimistic accuracy observed in the intermediate Random Forest classification step. The 

randomization strategy also provides a more balanced representation of seasonal variability and 

cloud regimes during model training. As the objective of site adaptation is to derive a stable 

mapping between ground measurements and satellite-based irradiance estimates, assumed to be 

approximately stationary over time scales of 10–20 years, the random splitting strategy remains 

suitable for training the correction models, while chronological validation on independent years 

provides a more rigorous assessment of operational performance. 

 

4.4      Results of site adaptation per cluster 

 The previous analysis shows that the site-adaptation methods have the largest 

gains for GHI at El Rosal and DNI at Gobabeb. This section provides further analysis of the role 

of introducing clusters in the site adaptation. The more accurate global, local, and combination 

models were selected per cluster following the rank criteria of Tab. 8. Fig. 12 presents the 

evaluation for each sky condition for GHI and DNI. Normalised metrics were computed using the 

mean irradiance of the complete time series rather than the mean irradiance within each sky-

condition class to avoid artificially inflated relative errors for low-irradiance classes such as 

overcast DNI. A major reduction of the MBEn and RMSEn values in the GHI of El Rosal station 

is achieved in all classes when comparing original CAMS and combination models, except for 

overcast skies conditions. For the GHI on Salta, the global model presents the lowest MBEn in 

all clusters, except for the clear sky cluster where the Solcast model has the lowest MBEn. Note 

that the combination model for Salta has positive and negative biases that balance out in the all-

time series evaluation, showing the relevance of inspecting the results per cluster.  



 

 

Fig. 12. Results for the best global, local, and combination models compared with CAMS and Solcast 

models (15-min resolution). 

Concerning the RMSEn in Salta, all the models have similar values for the clear and 

partly clear sky conditions, with the combination and Solcast models having the lowest RMSEn 



 

 

values for the overcast and variable/partly variable sky conditions. For the GHI on Petrolina, 

global and combination models present the lowest MBEn, except for the partly clear sky and 

variable conditions. Additionally, global and combination models yield the lowest values for 

RMSEn in almost all clusters, except for the clear sky cluster, which produces similar results 

across all models. For the GHI on Gobabeb, the global model shows MBEn closest to zero in all 

clusters, with similar RMSEn values for the global, local, combination, and Solcast models. For 

the DNI component in Petrolina and Gobabeb stations, the combination models present the lowest 

RMSEn values in all clusters. When analysing MBEn, global models have the lowest values in 

clear conditions for DNI, and the global and combination models show MBEn closer to zero than 

original CAMS and Solcast for the overcast, variable, and partly variable clusters.  

 

4.5      Monthly evaluation for resource assessment 

Long-term surface solar irradiance (SSI) time series are used for solar resource 

assessment to determine the project bankability. For utility-scale photovoltaic and concentrating 

solar power (CSP) projects, on-site irradiance measurements of at least one year are commonly 

used to validate and site-adapt long-term irradiance time series derived from satellite-based or 

reanalysis models, thereby reducing uncertainty in long-term energy yield assessments (Sengupta 

et al., 2024). Therefore, the methods presented here aim to obtain an accurate estimation of long-

term surface solar irradiance (SSI) time series, which in turn are used to determine solar 

bankability and financial modeling (P50/P90 estimates). As the BSRN-GOB station used in this 

study has a data coverage of around 10 years, it can be used to further analyse long-term SSI time 

series. Fig. 13 presents the monthly time series of GHI, DNI, and DHI on Gobabeb station of 

accumulated energy values in kWh/m²/month. Ground observations are shown in black, while the 

CAMS model and the best site adaptation model (MLRComb_BD, split 33, according to Tab. 10) 

are shown in red and blue respectively. Tab. 12 provided the monthly statistics. CAMS GHI and 

DNI show an underestimation when compared with the measurements (negative bias), which tend 

to disappear towards the end of the time series. The same happens with CAMS DHI, but as one 

overestimation. The site-adapted model largely removes this systematic bias throughout the 

analysed period for the three SSI components. Comparing the values of Tab. 10 and 12, it is 

observed that the MBEn for GHI and DNI are similar for both CAMS and site adaptation models. 

On the other hand, the RMSE reduction is more pronounced on Tab. 12. Monthly aggregation 

substantially reduces RMSE through temporal averaging, whereas systematic bias is largely 

preserved. If no site adaptation is applied, the bankability will have a persistent bias which can 

affect the estimated costs for the solar project. Finally, these results also highlight that the 

improvements obtained with the randomization split strategy generalize to independent years 

outside the model-development period (2012–2014 and 2021), supporting that the observed 

performance gains are not solely a consequence of short-term temporal correlation. 



 

 

 
Fig. 13. GHI, DNI, and DHI monthly time-series for Gobabeb station. The grey shade area highlights the 

years used for site adaptation (2015-2020) in the calibration, combination, and test sets. 

 

Tab. 12. Monthly statistic for GHI, DNI, and DHI in Gobabeb. 

Models MBE in W/m² (MBEn) RMSE in W/m² (RMSEn) 

CAMS GHI -6.1 (-3.1%) 7.1 (3.6%) 

MLRComb_BD GHI 0.3 (0.1%) 1.2 (0.6%) 

CAMS DNI -18.6 (-7.8%) 22.3 (9.3%) 

MLRComb_BD DNI 0.3 (0.1%) 4.4 (1.8%) 

CAMS DHI 4.5 (11.9%) 6.4 (17.2%) 

MLRComb_BD DHI 0.3 (0.9%) 1.9 (5.1%) 

 

5. Conclusions 

 

This work develops site-adaptation techniques based on the introduction of a data 

classification scheme. This classification is performed using long-term data from CAMS 

Radiation Service with a statistical procedure trained with the measured data (available short-term 

data). The site adaptation is tested at four sites in the Southern Hemisphere with different climates, 

sky conditions, latitudes, and satellite viewing geometry. In particular, two close sites with very 

different sky conditions and large satellite view angles are tested (El Rosal and Salta). An arid 

site with mostly clear sky conditions is also included (Gobabeb). The results show that the 

clusters’ introduction allows better modeling of each data cluster’s particularity with a global 

impact on performance. The gain of the site-adaptation procedures depends on the site 

characteristics, the original quality of the long-term satellite estimates, and the SSI component 

under consideration. Different types of models applied to the whole time series (global) and to 

each cluster (local) are developed and tested, as well as their combination. Combination models 

arise as the best-performing option for most tested metrics in all sites. 

The site adaptation of the stations located in Argentina (El Rosal and Salta) shows a great 

improvement in data quality over the original CAMS GHI estimates. As these stations are located 



 

 

in a region at the edge of the MSG satellite’s field of view, the CAMS model may not accurately 

estimate the radiation attenuation by clouds in this region, especially in the El Rosal Andean site, 

located at 3355 meters above sea level with a rather high ground albedo. In particular, El Rosal 

station shows a reduction of 26.2% in the RMSEn when comparing the best performing site-

adaptation model (combination) and CAMS models, while for Salta, the reduction in the RMSEn 

is 4.8%. As El Rosal shows a high occurrence of clear sky conditions (66.2%), and the CAMS 

model misinterprets the clouds below the station as if they were covering the station due to pixel 

size and high ground albedo terrain, model errors are increased. The results for GHI at Petrolina 

and Gobabeb stations also show improvements made by the global, local and combination models, 

but to a lesser extent. When compared to the Solcast model, the site adaptation models have a 

slightly better MBEn in all-time series evaluation for GHI, with similar – but better – RMSEn 

results. This highlights that site adaptation models can correct cloud representation issues caused 

by the large viewing angle and pixel size of MSG in South America. For DNI and DHI, the MBEn 

and RMSEn of the global and combination models in all-time series evaluation are similar and 

more accurate than those of CAMS and Solcast, except for the MBEn in the DHI of Petrolina 

station with the lowest values presented by Solcast.  

The evaluation of the results per sky condition confirms that site-adaptation models 

substantially reduce biases and errors compared to the CAMS data, with particularly strong 

improvements for GHI at El Rosal and DNI at Gobabeb. The highest RMSE values are presented 

in the variable sky condition, highlighting the challenge in modelling solar irradiance under cloud 

enhancement situations. Global and combination models generally provide the most balanced 

performance across sites and sky conditions. The combination models consistently achieve the 

lowest RMSE for DNI, highlighting their robustness under different sky conditions. These results 

underline the value of cluster-based evaluation, which exposes strengths and limitations that may 

be hidden in all-sky average assessments. 

As the site adaptation of surface solar irradiance is a common practice in the solar industry 

to improve energy production estimates and support bankability of large solar power plant 

projects, accurate results are presented here using the freely available CAMS Radiation Service 

database as input to the machine learning models. Solcast, which uses the best viewing satellite 

for each region and is a commercial service, is employed as a reference model over South America 

due to its favorable satellite viewing geometry. The results show that comparable accuracy can 

be achieved through site adaptation based on CAMS data, offering a cost-free alternative for 

practitioners.  

The proposed site adaptation framework relies on variables provided by the CAMS 

Radiation Service (expert mode), which ensures its applicability across all regions covered by 

CAMS, including Europe, Africa, the Middle East, and parts of South America and the Asia–

Oceania region. In addition, since the method is based on general atmospheric and irradiance-

related variables (e.g. GHI, DNI, DHI, cloud optical depth, aerosol optical depth, total column of 

water vapor), it can be extended to other satellite-based radiation products, provided that similar 

input variables (e.g., cloud and atmospheric properties) are available. The methodology is also 

designed to be adaptable to different climatic conditions, as the classification and model training 

are site-specific, provided that 1-min GHI observations are available. The sky condition 

classification derived from ground measurements enables the site adaptation to account for 

regional variability in atmospheric conditions and cloud dynamics.  

From the point of view of global models, the multilayer perceptron (MLP) neural network 

shows better results than the multilinear regression (MLR), as it uses a non-linear technique to 

solve the problem globally. As the local models are applied to specific subsets of the time series 

divided according to the sky conditions, they achieve better statistical results overall than global 

models. Since the global and local models are not redundant, combining them on the combination 



 

 

set achieves even better results than the individual models. Furthermore, the best results for all 

the models evaluated are presented by the combination models. Although the performance gain 

of the combination model over the global and local models is modest, it is a computationally 

lightweight method. 

The evaluation of the different data splits shows that the data splits with randomization 

present results with less inter-subset variability and achieve higher accuracy than splits 

maintaining the chronological sequence of the time-series or splits with intercalation of days. 

Specifically, the random split strategy of all 15-min yields the lowest error metrics. However, 

because adjacent sky conditions are temporally correlated, this strategy may produce optimistic 

estimates of the intermediate Random Forest classification accuracy. An independent 

chronological evaluation performed for the BSRN-GOB station showed a reduction in 

classification accuracy, indicating the presence of temporal dependence between neighboring 

samples. Nevertheless, the final site-adaptation model maintained similar performance when 

applied to independent years, demonstrating that this sub-hourly data leakage does not 

substantially affect the long-term generalization capability of the proposed framework for 

resource assessment. As the tradeoff between accuracy, inter-subset variability, and using 

chronological sequences (which may be reasonable from an operational point of view) is a matter 

that has not been previously addressed in specific, full results with different subsets are presented 

here. A detailed assessment of this issue, including an assessment of temporal data leakage in 

additional stations, is left for future investigations. 

Finally, in practical applications, the long-term GHI and DNI corrected time series are 

commonly used as inputs for solar resource assessment and bankability studies of photovoltaic 

(PV) and concentrating solar power (CSP) projects. Estimation of PV energy yield typically 

requires additional variables such as global tilted irradiance (GTI), module temperature, and wind 

speed. Commercial software packages generally estimate GTI using well-established 

transposition models that take GHI, DNI, and DHI as inputs. Therefore, the extent to which 

improvements in irradiance site adaptation translate into improved GTI estimates and PV energy 

yield remains an important open research question. Since no measured GTI or PV production data 

were available in this study, this topic is recommended for future investigation. 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Appendix A 

 

As a complement to Fig. 9, all Taylor diagrams for the other stations are presented in 

Figures A.1 to A.7. 

Fig. A.1. Taylor diagram for split 36 in Salta station (GHI, 15-min resolution). 

Fig. A.2. Taylor diagram for split 36 in Petrolina station (GHI, 15-min resolution). 

 



 

 

 

 

Fig. A.3. Taylor diagram for split 34 in Petrolina station (DNI, 15-min resolution).  

 

 

 

 

 

Fig. A.4. Taylor diagram for split 34 in Petrolina station (DHI, 15-min resolution). 

 



 

 

 

 

Fig. A.5. Taylor diagram for split 33 in Gobabeb station (GHI, 15-min resolution). 

 

 

 

Fig. A.6. Taylor diagram for split 33 in Gobabeb station (DNI, 15-min resolution). 

 



 

 

 

Fig. A.7. Taylor diagram for split 33 in Gobabeb station (DHI, 15-min resolution). 

 

Appendix B 

 

The scatterplots of the statistical results presented in Tab. 10 are shown in Figures B.1 to 

B8.  

 

Fig. B.1. Scatterplots for CAMS and site adaptation models compared with GHI measured in El 

Rosal station (split 40, 15-min resolution). 



 

 

 

Fig. B.2. Scatterplots for CAMS and site adaptation models compared with GHI measured in Salta station 

(split 36, 15-min resolution). 

 

 

 

 

 

 

 

Fig. B.3. Scatterplots for CAMS and site adaptation models compared with GHI measured in Petrolina 

station (split 36, 15-min resolution). 



 

 

 

Fig. B.4. Scatterplots for CAMS and site adaptation models compared with DNI measured in Petrolina 

station (split 34, 15-min resolution). 

 

 

 

 

 

 

 

Fig. B.5. Scatterplots for CAMS and site adaptation models compared with DHI measured in 

Petrolina station (split 34, 15-min resolution). 

 



 

 

Fig. B.6. Scatterplots for CAMS and site adaptation models compared with GHI measured in Gobabeb 

station (split 33, 15-min resolution). 

 

 

 

 

 

 

 

 

Fig. B.7. Scatterplots for CAMS and site adaptation models compared with DNI measured in 

Gobabeb station (split 33, 15-min resolution). 

 



 

 

 

Fig. B.8. Scatterplots for CAMS and site adaptation models compared with DHI measured in Gobabeb 

station (split 33, 15-min resolution). 

 

Appendix C 

 

This Appendix illustrate the feature selection algorithm (SEL) results in a specific data 

split and irradiance component. The amount of input variables varies among the clusters 

according to the thresholds defined on Tab. 5. Tabs. C1 and C2 present the selected features for 

Gobabeb in split 33 and for Petrolina in split 36, both for GHI. The final selection is station-

dependent, as some variables are selected on Petrolina while they are not present in any clusters 

for Gobabeb (as is the case for skin temperature, wind speed and the fgeo parameter). It is 

interesting to note that the CAMS-based clearness index (𝑘𝑡𝐶𝐴𝑀𝑆) is presenting in all clusters, 

which can be expected as the correlation coefficients are obtained with the clearness index of the 

station (𝑘𝑡). The example shown on Tabs. C1 and C2 corresponds to the CAMS dataset version 

available at the time of the experiments, which includes both bias-corrected and non-bias-

corrected irradiance variables (NoCorr). Later CAMS versions no longer provide the NoCorr 

variables separately; however, this difference does not affect the feature-selection methodology 

or the conclusions regarding the role of feature selection in the proposed site-adaptation 

framework. BHI corresponds to the Beam Horizontal Irradiance, defined as the DNI multiplied 

by the cosine of the zenith angle.  

Tab. C3 show the feature selection results for the combination models for GHI at the 

Gobabeb and Petrolina stations (splits 33 and 36, respectively). From the 15 input models (the 

CAMS model, 6 global models, and 8 local models), 6 variables were selected for Gobabeb and 

12 for Petrolina. As the threshold used to remove highly correlated variables was a Pearson 

correlation coefficient greater than 0.999, a larger number of variables was discarded for Gobabeb 

than for Petrolina. This suggests that the model outputs are more strongly correlated at Gobabeb, 

which is consistent with its predominance of clear-sky conditions and lower cloud variability. In 

contrast, Petrolina exhibits greater variability in cloud conditions, resulting in more 

heterogeneous model outputs and, consequently, fewer variables exceeding the correlation 

threshold. 

 



 

 

Tab. C1. Feature selection results for the local models in Gobabeb GHI on split 33. 

Gobabeb GHI (split 33) - Feature Selection Results for the Local Models 

Clear Sky Partly Clear Sky Overcast Sky Variable Sky Partly variable Sky 

𝑘𝑡𝐶𝐴𝑀𝑆 ClearSkyDNI DHINoCorr 𝑘𝑡𝐶𝐴𝑀𝑆 GHI 

DNI 𝑘𝑡𝐶𝐴𝑀𝑆 GHINoCorr GHINoCorr BHI 

ClearSkyDNI DNI GHI BHI 𝑘𝑡𝐶𝐴𝑀𝑆 

TOA ClearSkyBHI 𝑘𝑡𝐶𝐴𝑀𝑆 DNI BHINoCorr 

ClearSkyDHI TOA DHI BHINoCorr DNI 

DHI ssrd** ClearSkyDNI GHI ClearSkyBHI 

t2m* BHI ssrd** DNINoCorr ClearSkyDNI 

 DNINoCorr BHI ClearSkyDNI TOA 

 ClearSkyDHI ClearSkyBHI ClearSkyBHI ssrd** 

 DHINoCorr TOA ssrd** DNINoCorr 

 DHI DNI ClearSkyGHI ClearSkyDHI 

 t2m* BHINoCorr TOA t2m* 

*t2m: 2-meter ambient temperature from ERA5-Land 

**ssrd: surface solar radiation downwards from ERA5-Land 

 

Tab. C2. Feature selection results for the local models in Petrolina GHI on split 36. 

Petrolina GHI (split 36) - Feature Selection Results for the Local Models 

Clear Sky Partly Clear Sky Overcast Sky Variable Sky Partly variable Sky 

𝑘𝑡𝐶𝐴𝑀𝑆 ClearskyBNI 𝑘𝑡𝐶𝐴𝑀𝑆 𝑘𝑡𝐶𝐴𝑀𝑆 𝑘𝑡𝐶𝐴𝑀𝑆 

ClearskyBNI TOA DHInocorr GHInocorr GHInocorr 

TOA GHI GHInocorr BHI BHI 

ssrd BHI GHI BNI BHInocorr 

skt* ssrd ClearskyBNI BHInocorr GHI 

DHI BHInocorr DHI GHI BNI 

ClearskyDHI 𝑘𝑡𝐶𝐴𝑀𝑆 ws** BNInocorr ClearskyBNI 

DHInocorr BNI ssrd  BNInocorr 

t2m skt* BHI  ssrd 

ws** BNInocorr TOA  TOA 

fgeo*** ClearskyDHI   skt* 

 t2m    

 DHI    

 DHInocorr    

*skt: skin temperature from ERA5-Land 

**ws: wind speed from ERA5-Land (obtained with the 10m u-component and 10 m v-component of wind) 

***fgeo: MODIS-like Bidirectional Reflectance Distribution Function (BRDF) parameter from CAMS  

 

Tab. C3. Feature selection results for the combination models in Petrolina and Gobabeb for GHI. 

Gobabeb GHI (split 33) Petrolina GHI (split 36) 

MLP_SEL_BD_Loc, MLP_BD, 

MLP_PCA_BD_Loc, 

MLR_PCA_BD_Loc, MLR_QM, 

CAMS GHI 

MLP, MLP_QM, MLR_BD, CAMS GHI, 

MLP_PCA_BD_Loc, MLP_SEL_BD_Loc, 

MLP_PCA_Loc, MLR_SEL_BD_Loc, 

MLP_SEL_Loc, MLR_PCA_BD_Loc, 

MLR_SEL_Loc, MLR_PCA_Loc 
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