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ABSTRACT 

Measured maximum air temperature, minimum air temperature, relative humidity and sunshine hours values between 
1990 and 2010 for Esfahan city (latitude N 32°67', longitude E 51°67', elevation 1550.4 m), Iran, were used for the 
estimation of global solar radiation (GSR) in future time domain using two types of Neural Networks: Fully Recurrent 
(FRNN) and Radial Basis Function (RBFNN). To achieve this, monthly mean air temperature, maximum air temperature, 
minimum air temperature, relative humidity and sunshine hours were used as inputs to the neural networks and the GSR 
used as output. Measured weather data from 1990 to 2006, was used in order to train the networks while the measured 
data from 2007 to 2010 was used for validating the trained networks. This study confirms the abilities of the RBFNNs 
and FRNNs to predict solar radiation values. 
Keywords: Radial Basis Function Neural Networks (RBFNNs), Fully Recurrent Neural Networks (FRNNs), Esfahan, Solar 
Energy. 
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INTRODUCTION 
Due to global political uncertainty and alarmingly increasing pollution levels in air, water, and soil, 
renewable energy resources are increasingly utilized [1]. Solar energy is a clean, inexhaustible, and a free 
source of energy. This source has served humankind for many centuries. For proper and efficient 
utilization of solar energy, the prediction of GSR is very important [2]. Several authors have used different 
formulations to predict GSR. 
Rehman and Mohandes, used number of day, air temperature, and relative humidity as inputs to a multi-
layer perceptron (MLP) neural networks in order to estimate daily GSR for Abha city in Saudi Arabia. 
Results showed a mean absolute percentage error (MAPE) of 4.49% [3]. 
Azadeh et al. used a MLP) neural network to predict monthly GSR by climatological and meteorological 
variables such as monthly mean maximum temperature, minimum temperature, relative humidity, vapor 
pressure, wind speed, duration of sunshine and total precipitation for six cities in Iran. The results 
showed an average MAPE and absolute fraction of variance (R2) of 6.70% and 94%, respectively [4]. 
In two different works, Mohandes et al. used latitude, longitude, altitude and sunshine duration as inputs 
of MLP and radial basis function (RBF) neural networks in order to predict GSR for 41 stations spread 
over Saudi Arabia [1, 2]. The data for 31 stations were used to train the neural networks and data from 
the other 10 stations were used for testing. The average MAPE for the MLP network was 12.61% while 
this value was 10.09% for RBF network. To predict the solar energy potential for 17 cities in Turkey, 
Sozan et al. used different meteorological and geographical factors (latitude, longitude, altitude, month, 
averages of sunshine duration and mean temperature) as inputs of the neural networks. The data for 11 
stations were used to train the neural networks and data from the other 6 stations were used for testing. 
The results showed a maximum mean absolute percentage error (MAPE) and absolute fraction of 
variance (R2) of 6.7% and 99.89%, respectively [5]. In a different study which was done by Sozan et al., 
the solar potential for 12 cities spread over Turkey, was predicted using neural networks based on same 
meteorological and geographical factors. The data for 9 stations were used in training the neural 
networks and data from the other 3 stations were used for testing. The obtained results showed a 
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maximum mean absolute percentage error (MAPE) and absolute fraction of variance (R2) of 6.78% and 
99.78%, respectively [6]. 
This study applies RBFNNs and FRNNs to predict monthly GSR. Esfahan city is considered as a case study 
in this work.  
 
NEURAL NETWORKS 
Redial Basis Function Neural Networks (RBFNNs) 
The radial basis function (RBF) network is a popular type of network that is very useful for pattern 
classification problems. Figure 1 shows the structure of a RBF network which consists of three layers of 
neurons. The input layer neurons receive the input pattern ( 1x to Nx ). The hidden layer neurons provide 
a set of activation functions that constitute an arbitrary “basis” for the input patterns in the input space to 
be expanded into the hidden space by way of non-linear transformation. At the input of each hidden 
neuron, the distance between the centre of each activation or basis function and the input vector is 
calculated. Applying the basis function to this distance produces the output of the hidden neuron. 
The RBF network outputs 1y to py are formed by the neurons in the output layer as weighted sums of the 

hidden layer neuron activations [7, 8]. 
The basis function is generally chosen to be a standard function which is positive at its centre x=0, and 
then decreases uniformly to zero on either side. A common choice is the Gaussian distribution function: 
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This function can be shifted to an arbitrary centre, cx  , and stretched by varying its spread as 
follows: 
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Figure.1. Topology of an RBF network. 

The outputs of the RBF network jy are given by: 
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where jiw is the weight of the hidden neuron i to output j , ic the centre of basis function i and i the 

spread of the function. icx  is the norm of  icx  . There are various ways to calculate the norm. The 
most common is the Euclidean norm given by: 
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This norm gives the distance between the two points x  and ic in N-dimensional space. All points x that 

are the same radial distance from ic give the same value of the norm. The purpose of training an RBF 

network is to determine the neuron weights jiw , RBF centers ic and spreads i that enable the network 

to produce the correct outputs jy corresponding to the input patterns x  [7-13] . 

RBF network training procedure 
The training of an RBF network involves the minimization of an error function. The error function defines 
the total difference between the actual output and the desired output of the network over a set of training 
patterns. Training proceeds by presenting to the network a pattern of known class taken from the 
training set. The error component associated with that pattern is the sum of the squared differences 
between the desired and actual outputs of the network corresponding to the presented pattern. The 
procedure is repeated for all the patterns in the training set and the error components for all the patterns 
are summed to yield the value of the error function for an RBF network with a given set of basis function 
centers, spreads and neuron connection weights [14]. 
Standard RBF network training procedure 
With the standard procedure for training RBF networks, after the number of hidden neurons  h has been 
decided, the following steps will be taken: 
1. Choose the RBF centers ic ; centre selection could be performed by trial and error, self-organized or 
supervised. 
2. Choose spreads i ; several heuristic methods are available. A popular method is to set i equal to the 

distance to the centre nearest to ic . 

3. Calculate neuron weights jiw ; when ic  and jiw  are known, the outputs of hidden 

neurons  ΤhKK ,,1  can be calculated for any pattern of inputs  Nxxx ,,1  . Assuming there 
are s input patterns x  in the training set, there will be s sets of hidden neuron outputs that can be 
calculated. These can be assembled into a sh  matrix: 
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The output of the RBF network  y is given by Eq.10: 
TTwKy                          (10) 

Where 
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T  

y is the matrix of actual outputs corresponding to the training inputs x . Ideally, y should be equal to d , 

the desired or target outputs. Unknown coefficients jiw can be calculated from Eq.11 in order to 

minimize the sum of the squared differences between y  and d . 

  dKKKw 
1TT          (11). 

Fully Recurrent Neural Networks (FRNNs) 
Fully Recurrent Neural Networks (FRNNs) are simple, but powerful computational models that can 
effectively learn temporal sequences, either in an on-line or an off-line fashion. A basic block diagram of 
an FRNN is shown in Figure 2. The FRNN consists of a linear input layer and a nonlinear output layer. The 
input layer is fully connected to the output layer via adjustable, weighted connections, which represent 
the system’s training parameters. The model also features unit-gain, unit-delay feedback connections that 
are fed back into its input layer. FRNNs accomplish their task by learning a mapping between a set of 
input sequences to another set of output sequences. In particular, the model’s inputs consist of input 
sequences, delayed output activations and a constant-valued input terminal related to a bias weight. On 
the other hand, the output layer generates the set of output sequences. 
Typically, nodes in this layer feature a sigmoidal activation function. Furthermore, the model may include 
a number of hidden nodes, also known as context units, whose activations are not related to any of the 
outputs of the task to be learned, but act as a secondary, dynamic memory of the system. The combination 
of this dynamic, context-based memory with the recurrent, feedback connections is what makes the FRNN 
a powerful model for learning relationships between temporal sequences [15, 16]. 
 

 
Figure 2. Block diagram of a Fully Recurrent Neural Network (FRNN). 

 
PROBLEM DEFINITION 
This paper introduces FRNNs and RBFNNs to solar radiation estimation based on month of the year, 
maximum air temperature, minimum air temperature, relative humidity and sunshine hours.  
The related data, collected from Esfahan city between 1990 and 2006, are applied for training GSR while 
measured data from 2007 to 2010 are used for validating the trained networks. The validation data are 
not used to train the neural networks. Also, the month with inadequate data were removed from the 
patterns. 
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Figures 3 to 7 show the measured values of maximum air temperature, minimum air temperature, 
relative humidity, sunshine hours, and GSR between 1990 and 2010 for Esfahan city. 

 
Figure 3. Values of maximum air temperature for Esfahan city between 1990 and 2010. 

 

 
Figure 4. Values of maximum air temperature for Esfahan city between 1990 and 2010. 

 

 
Figure 5. Values of relative humidity for Esfahan city between 1990 and 2010. 
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Figure 6. Values of sunshine Hours for Esfahan city between 1990 and 2010. 

 

 
Figure 7. Values of GSR for Esfahan city between 1990 and 2010. 

 
RESULTS AND DISCUSSION 
Neural Network Toolbox of MATLAB 2010 software was used for developing the FRNNs and RBFNNs in 
this study. All parameters were normalized in the (0.1, 0.9) range. In order to determine the optimal 
network structure, various network architectures were designed and the number of neuron in the hidden 
layer was changed. All models given in Table 1 were trained and tested in order to compare the 
performances of developed models in this study.  

Table1. Structure of some designed networks, training and testing errors. 

     
Model  

                Neurons in hidden layer Training  Validating 

  R2 (%)  MAPE (%) R2 
(%) 

FRNN-1 10 92.23  10.13 90.03 
FRNN-2 12 92.87  9.23 90.27 
FRNN-3 14 92.91  9.19 90.31 
FRNN-4 16 93.01  9.11 90.43 

FRNN-5 18 93.00  9.13 90.54 
RBFNN-1 10 93.03  9.09 90.67 
RBFNN-2 12 93.05  8.95 90.81 
RBFNN-3 14 92.98  9.13 90.69 
RBFNN-4 16 92.92  9.18 90.58 
RBFNN-5 18 92.90  9.21 90.36 

 
All models gave the absolute fractions of variance (R2) better than 90% but RBFNN-02 was the best 
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designed network with an absolute fraction of variance (R2) of 90.81% and mean absolute percentage 
error (MAPE) of 8.95%, respectively. Fig. 5 shows the measured and predicted values of GSR for the best 
designed network. 

 
Figure 8. Comparison between predicted GSR values based on the best model (RBFNNs-2) and measured 

values on testing data (2007 and 2010) for Esfahan. 
 
CONCLUSION 
FRNNs and RBFNNs were applied to estimate the monthly mean daily GSR on horizontal surface for 
Esfahan city using measured values of maximum and minimum air temperature, relative humidity, and 
sunshine hours. The measured data between 1990 and 2006 were used for training while the data from 
2007 to 2010 were used for validating the trained networks. Several network architectures were 
designed and the number of neuron and hidden layer were changed in order to find the best network 
structure. A one hidden layer network with 12 neurons was found to be the best designed network which 
had an absolute fraction of variance (R2) of 90.81% and mean absolute percentage error (MAPE) of 
8.95%. 
Future work is focused on comparing the methods presented here with other available types of Neural 
Networks. Predicting of global solar radiation can also be investigated with Multi Layer Perceptron (MLP) 
neural networks, Support Vector Machines (SVM) and etc. The results of the different methods can be 
compared with the presented method. 
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