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Abstract. This study focuses on categorize solar radiation
patterns in the Canary Islands using the clearness index (Kt) and 
clustering techniques This study utilizes data from multiple 
meteorological stations measurements to create a comprehensive 
dataset. The K-means algorithm is applied to the clearness index 
data, identifying distinct radiation zones within the Canary 
Islands. The analysis reveals four distinct radiation zones, each 
characterized by varying frequencies of cloudy, partially clear, 
and very clear days. The study highlights the necessity for tailored 
calibration to enhance predictive accuracy across different zones. 
Despite the high prediction errors observed, the clustering 
approach effectively categorizes the Canary Islands' radiation 
patterns, suggesting that further refinement of the model could 
lead to more accurate solar radiation forecasts. 

Key words. Canary Islands; solar radiation; diffuse solar 
radiation; clearness index. 

1. Introduction

The calculation of the photovoltaic (PV) energy is one of 
the most important challenges in the renewable energy 
deployment. Due to the performance of the PV modules is 
affected by multiple factors, the calculation of the 
irradiance is one of the most important defies to assure the 
adequate energy production [1–5].  
An accurate prediction of the PV production requires a 
thorough understanding of the diffuse and beam irradiance 
which composes the global irradiance, with a remarkable 
relevance in regions where real measurements are not 
accessible. In this sense, the analysis of the surrounding 
meteorological stations and the satellite measurements are 
the only available values to estimate the PV production.  
In recent years, clustering methods such as K-means have 
been employed to improve the characterization of solar 
radiation [6], by applying this algorithm to a Typical 
Meteorological Year (TMY), created using the Sandia 
method [7]. 

In this sense a comprehensive study on solar radiation 
zoning and the development of daily global radiation 
models for regions in China, focusing on areas with only 
surface meteorological measurements have demonstrated 
the accuracy of the method [8].  
K-means has been used to classify solar tilt irradiance and 
assess the impact of different solar variabilities on 
monocrystalline and thin-film photovoltaic systems [9], 
validating their clustering results using the elbow method, 
Silhouette Coefficient, and Gap Statistic, identifying four 
types of solar variabilities: overcast, moderate, mixed 
(clear/mild), and high variability.  
The goal of this research is to estimate the PV potential of 
the Canary Islands. This objective involves analyzing the 
solar radiation data to determine the optimal conditions for 
PV energy production.  
In this study is presented a characterization and 
classification of the climatic diversity of the Canary 
Islands, with a specific focus on solar radiation to calculate 
the PV production. This characterization aims to discern 
variations in the behavior of global irradiation among 
different subclimates within the archipelago. This objective 
is accomplished through the application of the K-means 
clustering algorithm to a comprehensive dataset collected 
from numerous weather stations distributed across the 
Canary Islands. 
Subsequently, the clusters generated are analyzed by 
comparing an annual distribution of daily radiation with the 
daily data measured by the weather stations. This 
distribution is built using the mean irradiation values from 
each weather station assigned to the respective radiation 
zones. This analysis allows for a detailed comparison of the 
annual radiation patterns within each identified cluster. 
This work presents an analysis of the values from different 
stations to obtain the most suitable interpolation methods to 
obtain irradiation values, using Canary Islands a test case 
due to its significant variation in the irradiance received on 
the surface.  



2. Methodology 
 
This study proposes an integrated framework to 
characterize and map solar radiation over the Canary 
Islands by combining statistical clustering with spatial 
interpolation techniques. The methodology comprises four 
main components: data acquisition and preprocessing, 
clearness index analysis with subsequent clustering, 
evaluation of spatial interpolation methods, and the 
integration of these approaches to generate a final radiation 
map. 
 
A. Canary Islands Description 
The Canary Islands is a Spanish outermost region with 
special treatment according to Article 349 of the Treaty on 
the Functioning of the European Union, composed by 8 
islands, placed in front of the Morocco coast. Due to its 
volcanic nature and therefore its orography, joint to the 
proximity of the Trade winds, the weather in Canary 
Islands is stable along the year with different climate zones. 
Latitude ranges from 27.73°to 29.22° (mean of 28.35°) and 
Longitude spans 18.15°to 13.45° (mean of 16.46°). This 
distribution captures the archipelagos full east west extent, 
from El Hierro in the southwest to Lanzarote in the 
northeast. 
Altitude extends from just 7 m above sea level to 2,071 m 
at mountainous stations, with an average of 464 m. The 
high standard deviation (444.85) confirms significant 
orographic variability, a hallmark of the Canary Islands. 

The Slope variable, taking the value 1 for north-facing 
locations and 0 for south-facing locations, has a mean of 
0.315. This suggests that roughly 31.5% of the stations face 
north and the remaining 68.5% face south. The median of 
0 implies that over half of the stations are south oriented. 
 
B. Data obtainment and preprocessing 
 
Global solar radiation data were obtained from three 
primary sources (in Figure 1 the weather stations are 
located across the Canary Archipelago): 
Daily accumulated horizontal global solar irradiance data 
recorded for each day from January 2010 to December 
2020, obtained from ground-based weather stations 
provided by Agrocabildo of the Cabildo de Tenerife [10]   
Hourly Horizontal global solar irradiance data from 
ground-based weather stations available in in the 
Agroclimatic Information System for Irrigation of the 
Ministry of Agriculture, Fisheries, and Food of the Spanish 
Government (SIAR) [11], for each hour from January 2010 
to December 2020.  
Hourly Horizontal global solar irradiance data recorded for 
each hour from January 2020 to December 2023, obtained 
from ground-based weather stations available in Grafcan, 
from Cartográfica de Canarias S.A. [12] 
 
All datasets were subjected to a preprocessing stage to 
harmonize the temporal resolution and ensure spatial 
consistency. 
 

 
Fig. 1 Ground weather locations. Source: own elaboration.  

 
C. Selection of Independent Variables 
 
The following geospatial variables were selected to explain 
spatial variability in solar radiation: 
Latitude and Longitude: Latitude and longitude specify 
the exact geographic location of the meteorological stations 
and delineate the boundaries of each island, serving as key 
factors for representing spatial gradients of solar radiation. 
In the context of the Canary Islands, these coordinates help 
capture critical differences related to the interaction with 
trade winds, cloud formation, and the incidence of radiation 
across coastal versus inland regions. Moreover, they enable 
discrimination of each islands relative position (eastwest 

and northsouth), facilitating the modeling of specific 
variations arising from geographic setting and, by 
extension, solar resource availability. Consequently, 
geopositioning is incorporated into the model as a primary 
variable for identifying and quantifying spatial radiation 
patterns. 
Altitude: Altitude affects atmospheric density and, 
consequently, radiation attenuation. Higher elevations 
often experience reduced cloud cover and enhanced 
irradiance, as lower values of other parameter as aerosol 
optical depth, water vapor and ozone content. In Canary 
Islands particular case the thermal inversion above 1000 
meters in height leads to cloud stagnation, thereby 
generating stratiform cloudiness at that altitude. 



Slope aspect (north/south): The slope aspect influences 
cloud formation and trade wind patterns. In this study, slope 
aspect was considered as a categorical variable, 
distinguishing between north-facing and south-facing 
slopes. This classification was based on the methodology 
described in [13], which defines a threshold for 
differentiating between these two aspects. 
Variable selection was initially guided by theoretical 
insights and previous experience in regional climatology. 
Their relevance was further assessed through exploratory 
analyses that revealed correlations and spatial patterns 
consistent with the initial hypotheses. 
 
D. Clearness index analysis  
The clearness index (Kt), defined as the ratio of the 
measured global solar irradiance (Hg) to the extraterrestrial 
irradiance (I0) (equation 1), serves as a key indicator for 
assessing atmospheric clarity.  
 

𝐾𝑡 = 𝐻௚ 𝐼଴⁄  (1) 
 
Where the extraterrestrial global horizontal irradiance (I0) 
is defined in equation 2. 
 

𝐼଴ = 𝐼ௌ஼ · ቀ1 + ቂ0.033 · 𝑐𝑜𝑠 ቀ
ଶ·గ

ଷ଺ହ
· 𝑛ௗ௔௬ቁቃቁ · 𝑐𝑜𝑠𝜃௓ (2) 

 
Where Isc is the solar constant and its value is 1367 W/m2 
[14–17], nday is defined as the sequential day of the year 
(i.e., n_day = 1 for January 1, n_day = 2 for January 2, and 
so on, up to 365 or 366 in leap years), representing the 
Earth's position in its orbit relative to the sun. and the solar 
zenith angle (θZ) is obtained by using the equation 3. 
 
𝜃௓(º) = 𝑎𝑐𝑜𝑠[𝑠𝑖𝑛𝜑 · 𝑠𝑖𝑛𝛿 + 𝑐𝑜𝑠𝜑 · 𝑐𝑜𝑠𝛿 · 𝑐𝑜𝑠𝜔ௌ] (3) 

 
In eq. 3, φ is the geographic latitude of the location, ωS is 
the sunset hour angle and δ is the solar declination, which 
is calculated using the Meeus algorithm [18]. 
Based on the thresholds established by Orgill [19], Kt 
values were categorized to differentiate between cloudy (Kt 
≤ 0.35), partially clear (0.35 < Kt ≤ 0.75), and very clear 
sky conditions (Kt > 0.75). 
A representative clearness index (KtRepresentative) was 
computed for each station by weighting the frequency of 
each sky condition category. 
 
E. Radiation zones clustering 
To capture the spatial variability of solar irradiance across 
the Canary Islands, we apply the K-means clustering 
algorithm to the KtRepresentative values. K-means is an 
iterative partitioning method that aims to divide a set of n 
observations into k clusters, where each observation 
belongs to the cluster with the nearest mean. The algorithm 
minimizes the within-cluster sum-of-squares (WCSS), 
ensuring that the total variance within each cluster is as low 
as possible. 
Mathematically, the objective function of the K-means 
algorithm is given by: 
 

𝑾𝑪𝑺𝑺 = ∑ ∑ ฬቚ𝒙𝒊
(𝒋)

− 𝒄𝒋ቚฬ
𝟐

𝒏
𝒊ୀ𝟏

𝒌
𝒋ୀ𝟏  (4) 

 

where: 
WCSS is the Within-Cluster Sum of Square and 
represents the sum of the squared distances 
between each point in a cluster and the centroid of 
that cluster. 
k represents the number of clusters. 
n indicates the number of cases in the dataset. 
xi represents the case “i”. 
cj is the value of the centroid in the cluster “j”. 

 
By applying K-means clustering to the KtRepresentative values, 
distinct radiation zones are identified, which reflect 
differences in atmospheric conditions influenced by factors 
such as altitude, slope orientation, and geographic location. 
 
F. Spatial Interpolation Techniques 
To generate a continuous spatial map of KtRepresentative, 
several spatial interpolation methods were evaluated: 
Multiple Linear Regression (MLR) and Multiple 
Quadratic Regression (MQR): These methods model the 
relationship between KtRepresentative and geographic 
predictors (latitude, longitude, altitude, and slope aspect) 
using ordinary least squares. While MLR assumes a linear 
association, MQR incorporates polynomial terms to 
capture non-linear effects inherent in complex terrain. 
Inverse Distance Weighting (IDW): IDW is a 
deterministic method that estimates KtRepresentative at 
unsampled locations by computing a weighted average of 
observed values, where the weights decrease with distance. 
In this study, a power parameter of 2 was used. 
Initial validation of the interpolation methods was 
performed using various training–validation splits (e.g., 
90–10%, 80–20%, and 70–30%), which confirmed the 
robustness of the approaches. For the purpose of this 
conference paper, however, the final interpolation results 
are presented using the entire dataset, with the IDW method 
yielding the best performance based on the error metrics 
considered. 
 
G. Integration of the Approach 
The final step in our methodology involves integrating the 
clustering and interpolation components. The identified 
radiation zones from the K-means clustering provide a 
spatial framework that reflects regional differences in solar 
irradiance. The representative clearness index is then 
interpolated over the study area using the selected method 
(IDW), thereby producing a continuous radiation map for 
the Canary Islands. 
This integrated approach not only accounts for the 
heterogeneity of local atmospheric conditions but also 
ensures that the spatial interpolation is grounded in a robust 
statistical classification. Detailed analyses of model 
performance, including discussions on multicollinearity in 
polynomial regressions and cross-validation results, are 
reserved for future publications. 
 
3. Results and Discussion 

 
In this section, we present the preliminary results obtained 
from applying our integrated methodology to the Canary 
Islands dataset. The discussion is divided into three 
subsections: clustering results, spatial interpolation 



outcomes, and an overall discussion of the integrated 
approach. 
 
A. Clustering results 
The K-means clustering algorithm was applied to the 
KtRepresentative values computed for each meteorological 
station. The objective was to partition the stations into 
distinct radiation zones that reflect variations in 
atmospheric clarity across the archipelago. The within-
cluster sum-of-squares (WCSS) was monitored during the 
iterative process to ensure convergence. 
Figure 2 displays the distribution of the stations across the 
identified clusters, with each cluster representing a distinct 
radiation zone. The clusters exhibit clear differences in the 
KtRepresentative values: 
Zone 1. This zone is characterized by low KtRepresentative 
values, which correspond to a high frequency of cloudy 
days. Stations in Zone 1 are generally located in areas 
where persistent cloud cover is common, likely due to the 
influence of local topography and prevailing 
meteorological conditions. These areas may be found on 
the windward side of the islands or in regions where 
orographic lifting enhances cloud formation. 
Zone 2 exhibits intermediate KtRepresentative values, 
suggesting a mix of cloudy and partly clear days. The 
stations within this zone experience transitional sky 

conditions, reflecting a balance between cloudiness and 
periods of higher irradiance. This zone typically includes 
regions where the effect of orography and atmospheric 
dynamics produces moderate variability in solar radiation. 
Zone 3 the KtRepresentative values are higher, indicating a 
greater occurrence of clear to mostly clear days. Stations in 
this zone are often located in regions less affected by 
persistent cloud cover, which might be due to their position 
relative to the trade winds or lower humidity levels. These 
areas tend to have favorable conditions for higher solar 
irradiance, supporting enhanced photovoltaic potential. 
Zone 4 displays the highest Kt<sub>Representative</sub> 
values, corresponding to predominantly clear conditions. 
The stations in this zone are usually found in areas with 
minimal cloud interference, such as leeward or sun-
exposed locations. The resulting high level of solar 
irradiance makes these zones particularly attractive for 
photovoltaic energy generation. 
The calculated centroids of the clusters serve as 
representative measures for the corresponding zones. These 
preliminary results indicate that the K-means algorithm 
effectively captures the spatial heterogeneity in sky 
conditions, thereby providing a robust classification that 
can be further utilized in spatial interpolation. 
 

 
Fig. 2. Classification of Canary Islands weather stations. 

 
 
B. Spatial Interpolation Results 
To generate a continuous map of the KtRepresentative across the 
Canary Islands, we evaluated several spatial interpolation 
techniques, including Multiple Linear Regression (MLR), 
Multiple Quadratic Regression (MQR), Inverse Distance 
Weighting (IDW), and Ordinary Kriging (OK). After a 
series of validation tests (using various training–validation 
splits), the IDW method (with a power parameter p = 2) 
yielded the most favorable performance based on error 
metrics such as RMSE, MAPE, and rRMSE. 
Figure 3 presents the final continuous map of KtRepresentative 
derived from the IDW interpolation. The map clearly 

delineates the different radiation zones identified through 
clustering, with transitions in the clearness index 
corresponding to topographical and geographical variations 
(e.g., the differences between northern and southern 
slopes). 
The interpolation errors, as summarized in Table 1, indicate 
low RMSE and MAPE values, confirming the robustness 
of the IDW approach. In particular, the spatial pattern of 
KtRepresentative aligns with known microclimatic features of 
the Canary Islands, such as the influence of orographic 
uplift and the persistent stratiform cloudiness on the 
northern slopes. 
 



 
Fig. 3.  Canary Island KtRepresentative map result of applying IDW interpolation method with p=2.

  
 

Table I. Summary of Model Performance Across Training–Validation Splits 

Model 
MABE 

(A / B / C) 
MAPE 

(A / B / C) 
MBE 

(A / B / C) 
RMSE 

(A / B / C) 
rRMSE 

(A / B / C) 
R² 

(A / B / C) 

MLR 
without 
constant 

7.34 /  
6.61 /  
5.25 

16.18% / 
13.87% / 

9.41% 

–1.81 /  
–0.38 /  

2.60 

8.03 /  
8.03 /  
8.45 

16.40% / 
16.46% / 
16.31% 

0.0291 / 
0.0887 / 
0.0013 

MLR with 
constant 

6.78 /  
6.11 /  
4.98 

14.96% / 
12.94% / 

8.94% 

–1.87 /  
–0.45 /  

2.15 

7.58 /  
7.71 /  
8.08 

15.48% / 
15.60% / 
15.59% 

0.0004 / 
0.2082 / 
0.0431 

MQR 
without 
constant 

4.33 /  
4.92 /  
4.52 

9.20% / 
10.53% / 

8.64% 

–0.25 / 
 –1.07 / 

 0.58 

5.44 /  
5.91 /  
5.35 

11.11% / 
11.96% / 
10.31% 

0.5148 / 
0.5370 / 
0.6503 

MQR with 
constant 

4.41 /  
4.60 /  
4.25 

9.51% /  
9.55% /  
8.15% 

–0.96 /  
0.36 /  
1.30 

5.46 /  
5.81 /  
5.33 

11.14% / 
11.75% / 
10.28% 

0.5040 / 
0.5353 / 
0.6538 

IDW with p 
= 2 

4.45 /  
3.96 /  
5.13 

9.40% /  
8.42% /  
9.25% 

0.02 /  
–2.48 /  

1.84 

4.89 /  
4.61 / 
8.12 

9.98% /  
9.34% /  
15.67% 

0.6147 / 
0.3947 / 
0.0624 

Notes: Each cell displays the metric for Split A / Split B / Split C, respectively. 

C. Discussion 
The integrated approach presented in this study successfully 
combines statistical clustering and spatial interpolation to 
map solar radiation over the Canary Islands. The K-means 
clustering provided a clear segmentation of the region into 
distinct radiation zones based solely on the KtRepresentative 
values. This classification is consistent with the underlying 
climatic and topographic variability of the region. 
Subsequently, the spatial interpolation of the representative 
clearness index using the IDW method produced a 
continuous map that accurately reflects the spatial 
distribution of the radiation zones. The low error metrics 
and the correspondence between the interpolated values and 
the observed microclimatic patterns underscore the efficacy 
of the chosen methods. 
It is noteworthy that the validation process, which involved 
multiple training–validation splits, demonstrated the 
stability of the interpolation results. Although detailed 

cross-validation results are beyond the scope of this 
conference paper, the consistent performance across 
different splits supports the robustness of the overall 
methodology. 
Overall, these preliminary findings highlight the potential 
of integrating clustering with spatial interpolation to 
improve solar radiation mapping in regions with complex 
orography. The approach provides a solid foundation for 
enhancing photovoltaic potential assessments and offers a 
promising avenue for further research. Future work will 
extend these analyses by incorporating more detailed error 
diagnostics, exploring additional interpolation techniques, 
and addressing potential multicollinearity issues observed 
in polynomial regression models. 
 
4. Conclusions 
This study presents a preliminary yet robust framework for 
characterizing and mapping solar radiation across the 



Canary Islands by integrating statistical clustering with 
spatial interpolation techniques. The key findings and 
contributions of this work can be summarized as follows: 
 
1. Integrated methodology: 
By combining the analysis of the clearness index (Kt) with 
K-means clustering, the study effectively segmented the 
region into distinct radiation zones. These zones, ranging 
from areas with predominantly cloudy conditions (Zone 1) 
to regions with high solar clarity (Zone 4), reflect the 
inherent spatial variability driven by local orography and 
meteorological dynamics. 
 
2. Performance of spatial interpolation: 
Several spatial interpolation methods were evaluated, 
including Multiple Linear Regression (MLR), Multiple 
Quadratic Regression (MQR), Inverse Distance Weighting 
(IDW), and Ordinary Kriging (OK). Cross-validation using 
various training–validation splits confirmed the stability of 
the methods. Among these, the IDW method (with a power 
parameter of 2) demonstrated superior performance based 
on error metrics such as RMSE, MAPE, and rRMSE, 
thereby providing a continuous map of the representative 
clearness index that aligns with observed microclimatic 
patterns. 
 
3. Preliminary validation: 
The validation process, performed through different 
training–validation splits, revealed that the proposed 
methodology is robust. Although detailed cross-validation 
results and additional diagnostic analyses are reserved for 
forthcoming publications, the consistent performance 
across splits underscores the viability of the integrated 
approach. 
 
4. Implications for photovoltaic assesment: 
The preliminary findings underscore the potential of this 
integrated framework to improve solar radiation mapping in 
regions with complex topography. By providing a more 
nuanced spatial characterization of solar irradiance, the 
approach lays the groundwork for enhanced photovoltaic 
potential assessments and more informed energy planning. 
 
While the results presented here are promising, this 
communication represents an initial step toward a 
comprehensive understanding of solar radiation variability 
in the Canary Islands. Future work will address additional 
aspects such as refined error diagnostics, the exploration of 
further interpolation methods, and the mitigation of 
multicollinearity issues in polynomial regression models. 
These efforts will provide a deeper insight into the spatial 
dynamics of solar irradiance and further validate the 
methodology for broader application. 
In summary, this study demonstrates that an integrated 
approach combining clustering and spatial interpolation can 
effectively capture the complex spatial variability of solar 
radiation. The promising preliminary results pave the way 
for more detailed analyses, which will be reported in 
subsequent publications. 
 
Acknowledgement 
This study is being supported by the Convenio 
Interadministrativo de Cooperación entre la Administración 

Pública de la Comunidad Autónoma de Canarias a través 
de la Consejería de Obras Públicas, Transportes y 
Vivienda y la Universidad de La Laguna. 
 
 
5. References 
[1] H. Li, W. Ma, Y. Lian, X. Wang, Estimating 

daily global solar radiation by day of year in 
China, Appl Energy 87 (2010) 3011–3017. 
https://doi.org/10.1016/j.apenergy.2010.03.028. 

[2] Y. Jiang, Estimation of monthly mean daily 
diffuse radiation in China, Appl Energy 86 
(2009) 1458–1464. 
https://doi.org/10.1016/j.apenergy.2009.01.002. 

[3] H. Khorasanizadeh, K. Mohammadi, A. 
Mostafaeipour, Establishing a diffuse solar 
radiation model for determining the optimum tilt 
angle of solar surfaces in Tabass, Iran, Energy 
Convers Manag 78 (2014) 805–814. 
https://doi.org/10.1016/j.enconman.2013.11.048. 

[4] H. Khorasanizadeh, K. Mohammadi, N. 
Goudarzi, Prediction of horizontal diffuse solar 
radiation using clearness index based empirical 
models; A case study, Int J Hydrogen Energy 41 
(2016) 21888–21898. 
https://doi.org/10.1016/j.ijhydene.2016.09.198. 

[5] A.A. El-Sebaii, A.A. Trabea, Estimation of 
horizontal diffuse solar radiation in Egypt, 
Energy Convers Manag 44 (2003) 2471–2482. 
https://doi.org/10.1016/S0196-8904(03)00004-9. 

[6] F. Li, Y. Lin, J. Guo, Y. Wang, L. Mao, Y. Cui, 
Y. Bai, Novel models to estimate hourly diffuse 
radiation fraction for global radiation based on 
weather type classification, Renew Energy 157 
(2020) 1222–1232. 
https://doi.org/10.1016/j.renene.2020.05.080. 

[7] A. Ebrahimpour, M. Maerefat, A method for 
generation of typical meteorological year, Energy 
Convers Manag 51 (2010) 410–417. 
https://doi.org/10.1016/j.enconman.2009.10.002. 

[8] Q. Cao, Y. Liu, K. Lyu, Y. Yu, D.H.W. Li, L. 
Yang, Solar radiation zoning and daily global 
radiation models for regions with only surface 
meteorological measurements in China, Energy 
Convers Manag 225 (2020). 
https://doi.org/10.1016/j.enconman.2020.113447. 

[9] S.R. Mahmoud, C.K. Gan, S. Ragab Mahmoud, 
C. Kim Gan, INTERNATIONAL JOURNAL of 
RENEWABLE ENERGY RESEARCH 
Classification of Solar Variability Using K-
Means Method for The Evaluation of Solar 
Photovoltaic Systems Performance, 2022. 

[10] G. y P. del C. de T. Servicio Técnico de 
Agricultura y Desarrollo Rural del Área de 
Agricultura, AgroCabildo, AgroMeteorología. 
Estaciones Meteorológicas (n.d.). 
https://www.agrocabildo.org/agrometeorologia_e
staciones.asp (accessed August 26, 2024). 

[11] P. y A. del G. de E. Ministerio de Agricultura, 
Sistema de Información Agroclimática para el 
Regadío, Consulta de Datos (n.d.). 
https://servicio.mapa.gob.es/websiar/SeleccionPa



rametrosMap.aspx?dst=1 (accessed August 26, 
2024). 

[12] C. de C.S.A. Grafcan, Red de Estaciones 
Meteorológicas, Red de Estaciones Meteorológicas 
(n.d.). https://www.grafcan.es/servicios/red-
estaciones-meteorologicas/ (accessed August 26, 
2024). 

[13] L. Mazorra Aguiar, J. Polo, J.M. Vindel, A. Oliver, 
Analysis of satellite derived solar irradiance in 
islands with site adaptation techniques for 
improving the uncertainty, Renew Energy 135 
(2019) 98–107. 
https://doi.org/10.1016/j.renene.2018.11.099. 

[14] Q. Cao, Y. Liu, X. Sun, L. Yang, Country-level 
evaluation of solar radiation data sets using ground 
measurements in China, Energy 241 (2022). 
https://doi.org/10.1016/j.energy.2021.122938. 

[15] F. Díaz, G. Montero, J.M. Escobar, E. Rodríguez, 
R. Montenegro, A new predictive solar radiation 
numerical model, Appl Math Comput 267 (2015) 
596–603. 
https://doi.org/10.1016/j.amc.2015.01.036. 

[16] Y. Zhou, D. Wang, Y. Liu, J. Liu, Diffuse solar 
radiation models for different climate zones in 
China: Model evaluation and general model 
development, Energy Convers Manag 185 (2019) 
518–536. 
https://doi.org/10.1016/j.enconman.2019.02.013. 

[17] Y. Zhou, Y. Liu, D. Wang, G. De, Y. Li, X. Liu, 
Y. Wang, A novel combined multi-task learning 
and Gaussian process regression model for the 
prediction of multi-timescale and multi-component 
of solar radiation, J Clean Prod 284 (2021). 
https://doi.org/10.1016/j.jclepro.2020.124710. 

[18] J.H. Meeus, Astronomical Algorithms, Second 
Edition, Willmann-Bell, Richmond, Virginia, 
United States of America, 1991. 

[19] J.F. Orgill, K.G.T. Hollands, Correlation equation 
for hourly diffuse radiation on a horizontal surface, 
Solar Energy 19 (1977) 357–359. 
https://doi.org/10.1016/0038-092X(77)90006-8. 

  
 
 
  


