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Abstract 

For many developing countries, solar radiation measurements are only 

available for selected stations due to the cost of the measurement equipment 

and techniques involved. In this study, a simple model based on Radial Basis 

Function neural networks is proposed to estimate the Daily Global Solar 

Radiation using a limited meteorological data measured at Ghardaïa station. 

The study covered three years from 2012 (1st January) to 2014 (28th October). 

The obtained results show that the Radial Basis Function neural network 

model predicts the Daily Global Solar Radiation of clear and perturbed days 

with a good accuracy. The difference between the measured and the predicted 

values show a Root Mean Square Error of 0.014. 
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Introduction 

 

The Sun is the driving force for all atmospheric processes. Solar radiation intensity is 

the expression of that input of energy upon the planet Earth. Therefore, the ability to 

understand and quantify its value and distribution accurately is important in the initial 
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understanding and modeling of any other thermodynamic or dynamic process in the Earth-

ocean-atmosphere system. Unfortunately, too little is known about the spatial and temporal 

distribution of incoming solar radiation. A more complete and precise description of that 

distribution will prove usefulness to many fields of study that rely on atmospheric energy 

input, such as agricultural, architectural and engineering planning [1]. 

To assess the availability of solar radiation at different locations, measurements of 

global radiation, diffuse radiation, beam radiation, Sun shine hours, bright Sun shine hours, 

maximum and minimum temperature, humidity, pressure, visibility, wind speed and its 

direction, gust speed, water precipitation and air mass are very important parameters for 

designers of solar energy systems. For these reasons, several papers previously published on 

different types of clear sky models, analysis, and validation for various measurement 

locations. Each paper has its own benefit for looking at differing complexities, models for 

each component of irradiance  and accuracy for a given location or geographic region.  

Gueymard analyzed eleven clear sky irradiance models for predicting beam, diffuse and 

global radiation on a horizontal surface [2]. 

Bird and Hulstrom analyzed six atmospheric clear sky models for direct, diffuse sky, 

diffuse sky/ground and Global Horizontal Irradiance [3]. Badescu looked at five very simple 

clear sky models for GHI for two cities in Romania [4]. Younes and Muneer evaluated four 

clear sky models for six locations in UK, Spain and India [5]. Gueymard and Wilcox did a 

very detailed study on 18 broadband radioactive clear sky models that predict direct, diffuse 

and global irradiances under clear skies from atmospheric data [6]. 

In the present work, we propose a simple model based on Radial Basis Function (RBF) 

neural networks to estimate Global Solar Radiation (GSR) using a limited meteorological data 

measured at Ghardaïa station. 

 

 

Material and method 
 

RBF neural networks 

Radial-Basis Function Networks (RBFN) can be used for a wide range of applications, 

primarily because they can approximate any function and their training faster compared to 

Multi-Layer Perceptors (MLP). This fast learning speed comes from the fact that RBFN have 

just two layers (see Figure 3) of parameters (centers, widths and weights). The RBFN is based 
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on the idea of approximating a function F(x) through a linear combination of radial basis 

functions Ψ [7-10]. 

 (1) 

where P, λj, and cj are the number, the weight and the center (prototype) of the radial 

functions, respectively  

A typical choice for the radial basis function is the Gaussian kernel: 

 (2) 

where σj is the width parameter of the jth hidden unit (basis function) of the hidden layer 

For a given RBFN architecture based on the Gaussian kernel (i.e., for a fixed value of 

P), the training algorithm consists in finding the parameters λj, cj and σj such that  its the 

desired function F(x) as best as possible. Since F(x) is unknown, the goodness of fit is 

measured empirically by means of the available training samples. Briefly, the training of the 

hidden layer, which is equivalent to the computation of the kernel parameters (cj and σj), is 

performed by applying the k-means clustering algorithm (with k = P) to the available training 

samples. 

 
Figure 1. Architecture of a radial basis function neural network (RBFN) 

 
In this work, for the sake of simplicity, we will assume that all kernel functions have the 

same width (σj= σ) [11, 12]. The training of the output layer (i.e., the estimation of the λj 

parameter) is accomplished by formulating the estimation problem as a linear system of 
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equations solved according to the pseudo-inverse technique. 

Site location and solar radiation data 

The data used to perform the present study have been recorded at the Applied research 

Unit for Renewable Energies (URAER) situated in the south of Algeria far from Ghardaïa city 

of about 18 km. The latitude, longitude and altitude above the sea level of the URAER are 

respectively +32.37°, +3.77° and 450 m above (see the top of Figure 2) [13,14]. They are 

recorded every 5 minute and consist in data of temperature, direct, diffuse, and global solar 

irradiance. The radiometric station used to measure the three components of irradiance (direct, 

diffuse and global) is show on Figure 2 [15]. The daily variation of GSR during the years 

2012-2014, is shown on Figure 3. 

  
Figure 2. Location of Ghardaïa city (left). Instrumentation station (right) for measuring the 
global, the direct and the diffuse solar radiation: (1) Pyranometer for measuring the global 

solar irradiance. (2) Pyranometer for measuring the diffuse irradiance component. (3) 
Peryheliometer for measuring the direct irradiance component. (4) The ball used to 

permanently hide the pyranometer (2). (5) The 2-axis solar tracker [15]. 
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Figure 3. Daily global solar radiation at Ghardaïa city 
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Results and discussion 
 

In order to obtain the optimal model for prediction of the global solar irradiance, 

firstly we normalize the data to [-1,1], Then divides the data into two sets named as learning 

and test sets (see Figure 3). The learning set is divided in its turn to two sets: (i) training set 

which is used to train the model and (ii) validation set which is used to validate the 

performance of the model. The Learning data is divided according to the following 

percentages: 75% for the training set and 25% for validation set. Finally, the test set (data of 

2014) is used to verify the performance of the obtained model.  

The RBF prediction algorithm is shown on Figure 4. 

 
Figure 4. The RBF prediction algorithm 

To perform this work, four parameters were used as input to the RBF neural network 

which are: (1) the day of the year, (2) the maximum temperature, (3) the mean temperature (4) 

the sunshine duration in hour and one output which is the Daily Global Solar Radiation 

(DGSR). The list of the training parameters is shown in Table.1. 

Table 1. The training parameters of the proposed RBF model 
Nbr of Training and Validation Samples 700 

Nbr of Testing Samples 271 
Nbr of Inputs 4 

Nbr of Outputs 1 
Coarse Search of the width σj [0.1:0.1:1]

Nbr of Neurons in hidden Layer [1:25] 
 
After several tests, the RBF model with three neurons in the hidden layer and an optimal 

width of the Gaussian equal to 2 can model the DGSR with high accuracy and the error is 
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about 0.014. Figure 5 shows the error of the trained process and it is minimal value. 

The data from 2014 was used for testing the performance of the model. The estimated 

DGSR values were compared with the measured data as shown on Figure 6. The root mean 

square error (RMSE) between the estimated and the calculated values of the DGSR is found 

to be 0.014. 
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Figure 5. The ERROR of the training process 

as a function of the number of iterations 
Figure 6. The predicted DGSR (red) 

superposed to the measured DFSR (blue) 
 

From the obtained results, the selected model can predict the DGSR with good 

accuracy. The Root Mean Square Error (RMSE) between the measured and the predicted 

values is equal to 0.014. This small difference can be explained the fact by using perturbed 

and clear day. 

According to Figure 6, the prediction of DGSR of the perturbed day is difficult to obtain 

by the model. This phenomenon can be seen by the presence of outliers. In order to estimate 

the DGSR of the perturbed day by the model, more meteorological data rather than the 

temperature are needed such as relative humidity, wind speed, pressure and turbidity 

parameters (Linke factor, angstrom coefficient and exponent coefficient) [16] that 

characterize the state of the atmosphere. The use of all these parameters together will certainly 

ameliorate the performance of the model. 

In this paper a simple RBF neural network model have presented for the prediction the 

DGSR using both clear and perturbed days and the available meteorological data at the semi-

arid area of Ghardaïa. 

The obtained results shows that model predict the DGSR with good accuracy. The Root 

Mean Square Error (RMSE) between the measured and the predicted values is equal to 
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0.014.This small difference can be explained the fact by using perturbed and clear day 

together. In addition, the prediction of the DGSR of the perturbed day is difficult to obtain by 

the model due to the few parameters available. In order to estimate the DGSR of the perturbed 

day by the model, more meteorological data rather than the temperature are needed such as 

relative humidity, wind speed, pressure and turbidity parameters (Linked factor, angstrom 

coefficient and exponent coefficient). In future work will be used all these parameters as soon 

as we acquire the instruments that record them to model the GSR and to study the importance 

of each parameter in the model. 
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