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Abstract 

This paper describes the first steps given in order to develop a methodology to generate solar radiation maps 

using information from different sources. First, it is based on a meteorological simulation over the area of 

interest by means of a Numerical Weather Prediction Model. After that, a cluster method is applied to 

identify zones with similar features; this classification helps the final correction of the map based on a set of 

historical data from 40 sites. The first section contains an introduction of the work, and the second one 

collects the description of the methodology and data used. The third section presents the obtained results and 

validations to finish with conclusions and next works in the last section. 
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1. Introduction  

To make sitting decisions for solar plants it is very important to assess and characterize the solar radiation 

over large areas. Solar radiation maps are useful tools for this task, and there are solar resource maps derived 

from information from different sources such as ground measurements, numerical weather predictions or 

estimations derived from satellite images. In this work we present the first approach of a methodology that 

attempts to include the available information over an area of interest in the solar radiation map 

implementation. In this case we present an example of a solar radiation map for the Iberian Peninsula. 

The first tool used in this methodology consists of a meteorological simulation by means of a Numerical 

Weather Prediction Model (NWP), Skiron. After that, we have made spatial clusters by means of the 

meteorological information and unsupervised classification methods. To obtain the final version of the map, 

we fit different models for each identified cluster, based on data from a set of emplacements over the Spanish 

geography.  Note that these data contains only Global Horizontal Irradiance (GHI), and therefore, only the 

GHI map is developed under the complete methodology. 

2. Methodology and data 

The final goal of the methodology presented is to obtain solar resource maps that collect reliable information. 

To do that, the methodology contains the next steps: 

1. Generation of the solar resource map. 

2. Identification of similar areas. 

3. Fit of local models to include new information. 

4. Generation of modified solar resource map. 

2.1. Meteorological simulation 

The numerical weather prediction model used is SKIRON. This model was developed by the Atmospheric 

Modeling and Weather Forecasting Group of the National & Kapodistrian University of Athens. It is in use in 

approximately 20 research institutes and weather services worldwide. SKIRON has been running in CENER 

for several years, and it is used for forecasting and renewable energy  resource assessment. The numerical 



weather prediction model SKIRON is an integrated limited area modeling system based on the Eta/NCEP 

model. In the present work we have generated a historic of weather predictions covering a domain with a 

spatial resolution of 10km aproximately and for the period 1998-2011. Figure 1 shows an example of these 

predictions. In this case it corresponds to Temperature and Pressure forecasts over the whole domain. This 

simulation offers us a description of the weather in the domain and in particular in the Iberian Peninsula, 

which is the objective area in the present work  

 
Fig. 1. Domain simulated by Skiron. 

 

2.2. Climate Clusters 

The goal of clustering is to reduce the amount of data by categorizing or grouping similar data items together. 

So, these methods try to build groups with a great similarity between elements and great distance between 

groups. The criteria to define the distance between the elements are critical in this kind of methods and 

usually they are defined ad-hoc for the specific problem. 

In our case we have associated a vector containing Global Horizontal Irradiation (kWh/m2), 

Temperature (ºC), Temperature variance, Humidity (%), Pressure (hPa) and variance Pressure, to each point 

of the grid. All of them are used as mean annual values and they represent a set of typical variables used to 

define the climate of a zone. As similarity criteria we have used a metric based on the Principal Component 

Analysis (PCA) that is typical in exercises of image treatment; finally, the Partitioning Around Medoids 

(PAM) algorithm has been applied to finish the cluster method. A detailed description of the clustering 

methods can be seen in [1]. 

In our case, we have identified 5 groups, and the distribution around Spanish geography can be seen in figure 

2. The goal of this classification is to fit the solar resource map in a different way depending of its climate 

features. 



  
Fig. 2. Identified climate areas. 

2.3. Data available 

The data used for training and validation were created by the CM-SAF (Climate Satellite Application 

Facilities) of EUMETSAT (European Organisation for the Exploitation of Meteorological Satellites), which 

is an intergovernmental organization that establishes and maintains operational meteorological satellites for 

21 European States. The spatial resolution of the satellite derived data of solar global horizontal irradiation is 

3x3 km, and the data correspond to the period from 1983 to 2005. We used data from 40 emplacements 

covering the Spanish surface as we can see in figure 3.  

 
Fig. 3. Data distribution. 

 



2.4. Model fitting 

This step tries to modify the initial map into another one that reflects the solar resource with greater 

reliability. In order to achieve that goal, we have used the available information to modify the initial solar 

map, which in this case is the annual GHI in 40 emplacements of Spain. As first task we divided the 40 

emplacements into training and testing, and then fitted different models in the five identified areas. These 

models were implemented by means of Support Vector Machines (SVM) in its regression version. SVM are a 

set of techniques included into the lineal classifier family because they generate lineal hyperplanes to make 

the classification. These models are used in a lot of different problems such as in classification or in 

regression mode. Detailed information of these techniques can be consulted in [2] and [3]. 

As we say before, Figure 3 contains the emplacements with available data; He have divided them into two 

subsets: the first one is painted in yellow and corresponds to the training sites; the white emplacements are 

the testing sites and they will be used to check the final result. 

To modify the initial map we fitted five models with GHI, latitude, longitude as explaining variables and the 

GHI deviation as goal variable. One different model was fitted for each area, that is, for each cluster, we 

select data corresponding to the training set and we fit a regression model to explain the deviation generated 

in the first version of the map. So, we have criteria to correct the source map but it is different depending of 

the cluster. Note that the testing emplacements have been used only to compare the results of the 

methodology. 

To finish, the spatial resolution was increased to less than 1 km by means of a Kriging surface interpolation.  

3. Results 

In this section we present the obtained results by the application of the present methodology. As described 

before, we generated a first version of the map using the NWP model Skiron, which can be seen in figure 4. 

 
Fig. 4. GHI map generated by NWP. 

After that, different areas were identified based on the meteorological simulation, see figure 2, and different 

models were fitted for each zone. Figure 5 contains the solar radiation map obtained after this modification.  



 
Fig. 5. GHI map obtained after applying the methodology. 

To finish, we compared for the testing locations the initial and final data of the solar map. Note that the mean 

absolute error obtained in the first version was equal to 156 kWh/m2 instead of the 14 kWh/m2 obtained in 

the final one. This suggests that the fitted version of the map offers a great reliability in the annual GHI. In 

fact, figure 6 contains a plot that clearly reflects the increase of accurate observed in terms of relative error. 

The pink bars correspond to the initial deviation meanwhile blue ones collect the final relative error. We can 

see how after including new information into source map all the testing emplacements present a relative error 

under the level of 15%, being in a great number of emplacements even less than 5%. 

 
Fig. 6. Relative error in the testing sites 



 

Table 1 contains the results for the testing locations. As it can be seen, the error obtained in the initial version 

presents a greater bias than the final deviation. 

Site Lat (º) Long (º) 
Initial error 

(kWh/m
2
) 

Final error 

(kWh/m
2
) 

Bilbao 43.15 -2.55 -308 -19 

Huelva 37.16 -6.57 -297 -8 

Jaén 37.46 -3.47 -278 11 

Logroño 42.28 -2.27 -317 -111 

Lugo 43.01 -7.33 -295 -179 

Madrid 40.24 -3.41 -119 -3 

Murcia 37.59 -1.07 -84 32 

Pamplona 42.49 -1.38 -181 -65 

Pontevedra 42.26 -8.39 -95 21 

Salamanca 40.57 -5.4 -213 -89 

Santander 43.28 -3.48 -184 -68 

Segovia 40.57 -4.07 -94 22 

Sevilla 37.23 -5.59 -65 59 

Soria 41.46 -2.28 -83 41 

Teruel 40.2 -1.06 -108 -39 

Toledo 39.51 -4.01 -73 43 

Valladolid 41.39 -4.44 -99 25 

Zamora 41.3 -5.45 -65 4 

Zaragoza 41.39 0.52 -17 52 

Table 1. Results for the testing emplacements. 

 

4. Conclusions and future works 

In this paper we have presented the first approach of a new methodology that allows us to generate solar 

radiation maps using different sources of information. We have shown how the method is capable of 

generating a more reliable map including ground information. The tasks are been centered into the GHI solar 

resource map but the methodology can be applied also in the case of DNI resource maps or other similar 

cases. In fact, the next works that we will deliver will have the Direct Normal Irradiance as goal variable.  

Joint to that, we are working in the improvement of the different steps of the methodology. First, we try to 

generate a cluster methodology that collects other geographical information, and enables a more detailed 

correction of the initial map.  On the other hand, we are working in the regression models to correct the 

original deviations. Our goal is to combine source maps generated by different methodologies to obtain a 

final version with a great level of accurate.  
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