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Abstract- Photovoltaic and solar thermal are the main sources of electricity generation from solar energy. While the solar 
radiation that reaches the top of the layers of the atmosphere can be easily calculated, the solar irradiance that reaches the 
ground level where solar collectors (thermal and photovoltaic) operate depends strongly on localized and complex 
atmospheric conditions. In the first part of this study, ANN-PSO technique is applied to predict daily global solar radiation 
(GSR) on a horizontal surface, based on meteorological variables. Daily maximum air temperature, minimum air 
temperature, mean air temperature, maximum relative humidity, minimum relative humidity, mean relative humidity, 
maximum possible sunshine duration, sunshine hours, cloud cover, evaporation and wind speed data between 2000 and 2011 
provided by Safiabad station, located in Dezful city, Iran (32° 16' N, 48° 25' E), are used as inputs to neural network and 
daily GSR used as output. The measured data between 2000 and 2008 are used to train the neural networks and the available 
data (732 days) from 2009 (January) to 2011 (April) are used for testing. Sensitivity Analysis is investigated to show the 
effect that each of the model inputs (i.e. meteorological variables) have on the model output (i.e. GSR). Eventually, In order 
to show the accuracy of the proposed method (i.e. MLP-PSO), a comparison is made with Backpropagation trained Multi-
Layer Perceptron Neural Networks (MLP-BP) for same study. In the second part of the paper, monthly electricity generated 
for a 20 MW photovoltaic (PV) power plant is considered. 
 
Keywords- Global Solar Radiation (GSR), Multi-Layer Perceptron Neural Network (MLP), Particle Swarm Optimization 
(PSO), Error Backpropagation (BP) Algorithm, Meteorological Variables, Modeling, RETScreen Software. 
 
I. INTRODUCTION 
 
Global solar radiation (GSR) measurements are the 
most important parameters for the solar energy 
applications [1]. For low priced and effective 
development and utilization of solar energy a 
comprehensive knowledge about the accessibility and 
variability of solar radiation intensity in time and 
special domain is of great importance. While the solar 
radiation that reaches the top of the layers of the 
atmosphere can be easily calculated, the solar 
irradiance that reaches the ground level where solar 
collectors (thermal and photovoltaic) operate depends 
strongly on localized and complex atmospheric 
conditions [2]. In developing countries, due to the 
cost and maintenance and calibration requirements of 
the measuring equipment, GSR measurements are 
usually made at few sites that may not be similar to 
the actual site of solar energy development and 
utilization. Studying the behavior of solar radiation at 
the intended site requires long-term data in a nearby 
location along with empirical, semi-empirical, 
physical, neural networks, etc techniques [3]. Many 
studies are performed by researchers to predict solar 
radiation using available meteorological and 
geographical parameters. Bakirci developed a new 
sunshine-based model to predict monthly average 
daily global solar radiation based on statistical 
regression techniques and achieved accuracy about 
65% for 18 provinces in Turkey [1]. Marquez and 
Coimbra developed a solar irradiance forecasting 
model by adopting predicted meteorological variables 

from the US National Weather Service’s (NWS) 
forecasting database as inputs to an MLP neural 
network. The obtained results showed a correlation 
coefficient (r) about 96.5% [2]. Rehman and 
Mohandes applied a backpropagation trained neural 
network (MLP-BP) to predict daily GSR for Abha 
city in Saudi Arabia based on number of day, air 
temperature, and relative humidity. Results showed a 
mean absolute percentage error (MAPE) of 4.49% 
(for 240 days as testing data) [3]. Al-Alawi and Al-
Hinai used location parameters, month, averages of 
pressure, temperature, vapor pressure, relative 
humidity, wind speed and sunshine duration as inputs 
into artificial neural network (ANN) to predict 
monthly GSR and achieved an MAPE about 7.3% 
[4]. 
In two different works, Mohandes et al. used latitude, 
longitude, altitude and sunshine duration as inputs of 
Multi-layer perceptron (MLP) and radial basis 
function (RBF) neural networks in order to predict 
monthly GSR for 41 stations spread over Saudi 
Arabia. 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 [5, 6].  To predict the 
monthly 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 
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networks and data from the other six 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 [7]. In a different study which was done 
by Sozan et al., the monthly solar potential for 12 
cities spread over Turkey, was predicted using neural 
networks based on same meteorological and 
geographical factors. The data for nine stations were 
used in training the neural networks and data from the 
other three stations were used for testing. The 
obtained results showed a maximum mean absolute 
percentage error (MAPE) and absolute fraction of 
variance (R2) of 6.78% and 99.78%, respectively [8]. 
Mubiru applied a backpropagation trained neural 
network to estimate monthly GSR for four locations 
in Uganda based on latitude, longitude, altitude, 
sunshine duration, relative humidity and maximum 
temperature [9]. Azadeh et al. used a backpropagation 
trained multi-layer perceptron neural network (MLP-
BP) 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 [10]. Hocaoglu Developed a 
Hidden Markov model to predict daily GSR based on 
air temperature measurements for a selected site in 
Turkey. The results showed a MAPE about 6.10% 
(for 365 days as testing data) [11]. Behrang et al. used 
multi-layer perceptron and radial basis function 
neural networks to predict GSR based on 
meteorological variables and achieved accuracy about 
5.21% as MAPE (for 214 days as testing data) [12]. 
In a different work, Behrang et al. applied Particle 
Swarm Optimization technique to more accurately 
determine empirical coefficients in solar radiation 
conventional models for 17 cities in Iran. They also 
showed that the obtained models for given latitude 
can be generalized to estimate solar radiation in cities 
at similar latitude [13].  For further studies about 
solar radiation modeling using different techniques 
the readers are referred to [14- 33]. Literature review 
indicates that MLP-PSO technique has never been 
used for such a study. 
 
In the first part of this study, daily maximum air 
temperature, minimum air temperature, mean air 
temperature, maximum relative humidity, minimum 
relative humidity, mean relative humidity, mean wind 
speed, maximum possible sunshine duration, 
sunshine hours, cloud cover, and evaporation data are 
used to predict GSR on a horizontal surface using a 
hybrid Multi-Layer Perceptron Neural Network and 
Particle Swarm Optimization (MLP-PSO) technique. 
In the second part of the paper, monthly electricity 
generated for a 20 MW photovoltaic (PV) power 
plant is considered. 

II. HYBRID ARTIFICIAL NEURAL NETWORK 
AND PARTICLE SWARM OPTIMIZATION 
(ANN-PSO) ALGORITHM 
 
2.1. Particle Swarm Optimization (PSO) 
The Particle Swarm Optimization algorithm was first 
proposed by Eberhart and Kennedy [34], inspired by 
the natural flocking and swarming behavior of birds 
and insects. The concept of PSO gained in popularity 
due to its simplicity. Like other swarm-based 
techniques, PSO consists of a number of individuals 
refining their knowledge of the given search space. 
The individuals in a PSO have a position and a 
velocity and are denoted as particles. The PSO 
algorithm works by attracting the particles to search 
space positions of high fitness. Each particle has a 
memory function, and adjusts its trajectory according 
to two pieces of information, the best position that it 
has so far visited, and the global best position attained 
by the whole swarm. If the whole swarm is 
considered as a society, the first piece of information 
can be seen as resulting from the particle’s memory 
of its past states, and the second piece of information 
can be seen as resulting from the collective 
experience of all members of the society. Like other 
optimization methods, PSO has a fitness evaluation 
function that takes each particle’s position and 
assigns it a fitness value. The position of highest 
fitness value visited by the swarm is called the global 
best. Each particle remembers the global best, and the 
position of highest fitness value that has personally 
visited, which is called the local best. Many attempts 
were made to improve the performance of the original 
PSO algorithm and several new parameters were 
introduced such as the inertia weight [35]. The 
canonical PSO with inertia weight, which is used in 
this study, has become very popular and widely used 
in many science and engineering applications [36-
39]. In the canonical PSO, each particle i has position 

ix and velocity iv  (the velocity of a particle 
represents the distance traveled from the current 
position) that is updated at each iteration according to 
Eq.1:      

   igiiiiii xpcxpcvwv


 2211             (1)                                                                                                           

Where w  is the inertia weight described in [40] ip  is 
the best position found so far by particle ip , and gp



is the global best so far found by the swarm. 1


and

2


weights that are randomly generated at each step 
for each particle component. 1c and 2c are positive 
constant parameters called acceleration coefficients 
(which control the maximum step size the particle can 
achieve). The position of each particle is updated at 
each iteration by adding the velocity vector to the 
position vector. 

iii vxx 
               (2) 

The inertia weight w (which is a user-defined 
parameter), together with 1c and 2c , controls the 
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contribution of past velocity values to the current 
velocity of the particle. A large inertia weight biases 
the search towards global exploration, while a smaller 
inertia weight directs toward fine-tuning the current 
solutions (exploitation). Suitable selection of the 
inertia weight and acceleration coefficients can 
provide a balance between the global and the local 
search [35]. The PSO algorithm is composed of 5 
main steps: 
I. Initialize the position vector x  and associated 
velocity v of all particles in the population randomly. 
Then set a maximum velocity and a maximum 
particle movement amplitude in order to decrease the 
cost of evaluation and to get a good convergence rate. 
II. Evaluate the fitness of each particle via the fitness 
function. There are many options when choosing a 
fitness function and trial and error is often required to 
find a good one.  
III. Compare the particle’s fitness evaluation with the 
particle’s best solution. If the current value is better 
than previous best solution, replace it and set the 
current solution as the local best. Compare the 
individual particle’s fitness with the population’s 
global best. If the fitness of the current solution is 
better than the global best’s fitness, set the current 
solution as the new global best.  
IV. Change velocities and positions by using Eqs.1 
and 2.  
V. Repeat step 2 to step 4 until a predefined number 
of iterations is completed.  
Particle size ( z ), inertia weight ( w ) and iteration 
number ( t ) are considered as important factors in 
PSO technique.  
For more details and examples about intelligent 
optimization techniques the readers are referred to 
[13, 41- 45].  
 
2.2. Particle Swarm Multi- Layer Perceptron 
Neural Networks 
One of the most important branches in artificial 
intelligence which is very applicable in solving 
engineering problems is artificial neural networks. 
Neural networks are computational models of the 
biological brain [46]. Any how, the architecture of an 
artificial neural network is simpler than a biological 
brain [47]. Multi- Layer Perceptron Neural Networks 
(MLPs) are perhaps the most common type of 
feedforward networks. The multilayered feedforward 
neural network has an input layer to receive inputs 
from sensors or other sources, an output layer to 
communicate with the outside world and one or more 
hidden layers for data processing to transform the 
inputs into outputs. 
The architecture of a feedforward neural network 
with one hidden layer is shown in Fig. 1. Each layer 
is made up of processing elements called neurons. 
Every neuron has a number of inputs, each of which 
must store a connection weight to indicate the 
strength of the connection. Connections are initially 
made with random weights. 

Each neuron in a layer is fully connected to every 
neuron in the subsequent layer forming a fully 
connected feedforward neural network. There is one 
bias neuron for each hidden layer and the output 
layer, as illustrated in Fig. 1, and they are connected 
to each neuron in their respective layer. These 
connections are treated as weights. 

 
Fig.1. Feedforward neural network with one hidden layer. 

 
Neurons in input layer only act as buffers for 
distributing the input signals iX to neurons in the 
hidden layer. Each neurons j (Fig. 2) in the hidden 
layer sums up its input signals iX after weighting 
them with the strengths of the respective connections 

jiw from the input layer and computes its output jy
as follow: 

 










 



D

i
ijij bXWfy

1
1              (3) 

where D is the number of neurons in the input layer, 
b1 is bias value for hidden layer, and f can be a 
simple threshold function or a sigmoid , hyperbolic 
tangent or radial basis function. 

 
Fig. 2.Details of a neuron. 

 
In a feedforward neural network, information flows 
from the input layer to the output layer without any 
feedback.  
The outputs of an MLP ( kY ) with one hidden layer 
can be computed as follow: 

 



H

j
jkjk byWfY

1
2              (4) 

where H denotes the number of neurons in the hidden 
layer and b2 denotes the bias value for output layer. 
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During the training process these weights are adjusted 
to achieve optimal accuracy and coverage [48- 51]. 
2.3. Optimization of neural networks 
The training of a neural network involves the 
minimization of an error function. The error function 
for a given pattern is defined as follow: 

 



N

i
predictedactual YY)x(F

1

2             (5) 

which is the same as MSE (Minimum Squared Error) 
that should be minimized by an algorithm. N denotes 
the number of samples, while actualY  and 

predictedY  are the real output and desired network 
output, respectively.  
The standard method for refining a multi-layered 
feedforward neural network is using an error 
Backpropagation (BP) algorithm. During the training 
phase, the feedforward calculation is combined with 
backward error propagation to adjust the weights. 
Further details about BP algorithm can be found in 
[12, 46-49, 51]. In this work PSO is used to optimize 
the weights assigned to the connections between the 
neurons within the neural network where each 
particle represents a neural network with a particular 
set of weights. The aim of the PSO is to find the 
particle producing the smallest value of the error 
function. The MLP network training procedure using 
PSO thus comprises the following steps: 
1. Generate an initial population of particles (each 
particle represents a neural network with a particular 
set of weights and the initial set of weights are 
initialized randomly from the interval [-1, 1]); 
2. Apply the training data set to determine the value 
of the error function associated with each particle 
(start learning with one hidden layer); 
3. Update the weights to minimize the error function 
by the proposed optimization algorithm; 
4. If the value of the error function has fallen below a 
predetermined threshold or after completing a set 
number of iterations go to 5, otherwise, increase the 
number of neurons in the hidden layer with random 
weights and return to step 3. 
5. Apply the testing data set to determine the 
accuracy of the network. If the predicted values are in 
good agreement with actual data save the global best 
and exit, otherwise, increase the number of hidden 
layers with random weights and return to step 3. 
 
III. PROBLEM DEFINITION 
 
The first part of the present study uses daily 
maximum air temperature, minimum air temperature, 
mean air temperature, maximum relative humidity, 
minimum relative humidity, mean relative humidity, 
mean wind speed, maximum possible sunshine 
duration, sunshine hours, cloud cover, and 
evaporation data provided by Safiabad station 
(located in Dezful city, a city in southwestern of Iran 
(32° 16' N, 48° 25' E)) between 2000 (January) and  

2011 (April) to predict daily GSR using a hybrid 
Multi-Layer Perceptron Neural Networks and Particle 
Swarm Optimization (MLP-PSO). The measured data 
between 2000 and 2008 are applied to train the neural 
networks and the available data (732 days) from 2009 
(January) to 2011 (April) are used for testing. The 
testing data were not applied to train the neural 
networks. All data (input/output) are normalized in 
range [0.1, 0.9]. The measured data between 2000 
and 2011 are shown in Figs. 3 to 7. 
 
IV. RESULTS AND DISCUSSIONS 
 
4.1. MLP-PSO results  
In this section, a code was developed in MATLAB 
2008 (Math Works, Natick, MA) based on the MLP-
PSO algorithm and applied to predict daily GSR. The 
convergence of the objective function was examined 
for different combinations of user-specified 
parameters of PSO (i.e. Particle Size (z), Inertia 
Weight (w) and Maximum Iteration Number (t)). The 
performance of PSO was satisfactory using the 
following user-specified parameters: 
Particle Size (z): 23 
Inertia Weight (w): 0.87 
Maximum Iteration Number (t): 210 
In order to determine the optimal network structure, 
various network architectures were designed and the 
number of neuron and hidden layer and transfer 
functions in the hidden layer/output layer were 
changed. Finally, Sigmoid transfer function for all 
hidden layers and Linear transfer function for output 
layer were found to perform reasonably good 
prediction. The performance of the models is 
accomplished by using well known statistical indices 
including: mean absolute percentage error (MAPE), 
correlation coefficient (r), and absolute fraction of 
variance (R2). Table 1 shows the architecture, training 
and testing errors of the best MLP-PSO model. For 
the developed model, the correlation coefficient (r), 
absolute fraction of variance (R2), and mean absolute 
percentage error (MAPE) on testing data are about 
99.35%, 99.78%, and 5.46% respectively. Fig. 8 
shows the comparison between measured and 
predicted GSR based on MLP-PSO on testing data. 
As it can be seen in this figure, the predicted values 
of GSR using MLP-PSO model are in good 
agreement with measured data. The best structure for 
MLP-PSO model is shown in Fig 9. 

 
Fig. 3. The measured air temperature data provided by 

Safiabad station between 2000 and 2011. 
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Fig. 4. The measured relative humidity data provided by 

Safiabad station between 2000 and 2011. 
 

 
Fig. 5. The measured sunshine hours and cloud cover data 

provided by Safiabad station between 2000 and 2011. 
 

 
Fig. 6. The measured evaporation and wind speed data 
provided by Safiabad station between 2000 and 2011. 

 

 
Fig. 7. The measured GSR data provided by Safiabad station 

between 2000 (January) and 2011 (April). 

 
Fig. 8. Comparison between measured and estimated daily 

GSR (on testing data) based on MLP-PSO model . 
 

 
Fig. 9. Architecture of best MLP-PSO model . 

 
Table 1. Best architecture and testing errors for MLP-PSO 

model. 

 
 

4.2. Sensitivity Analysis 
The effect that each of the model inputs have on the 
model output can be investigated via sensitivity 
analysis [52]. So, the response and accuracy of model 
can be evaluated via Sensitivity Analysis. It can be 
also used to provide irrelevant inputs which can be 
eliminated from the model for the sake of simplicity. 
During sensitivity analysis, network weights are 
fixed. Sensitivity is employed to find the rate of 
change in a model output due to changes in the model 
inputs. Sensitivity is usually presented in percentage 
or normalized in the (0, 1) range. Fig. 10 shows 
results of the sensitivity analysis for MLP-PSO 
model. As it can be seen in this figure sunshine hour 
is found to be the most effective GSR parameter 
while GSR was least sensitive to minimum air 
temperature and minimum relative humidity. 
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Fig. 10. The results of sensitivity analysis for MLP-PSO model. 
 
4.3. MLP-BP results 
In order to show the accuracy of the proposed method 
(i.e. MLP-PSO), a fair comparison is made with 
Backpropagation trained neural networks (MLP-BP) 
for same study. In order to maintain comparability, 
the train and test data sets, and the neural network 
structure (i.e. the number of neuron and hidden layer 
and transfer functions in the hidden layer/output 
layer) remained the same which were developed for 
the MLP-PSO method. Table 2 presents the 
performance of the MLP-BP model on test and train 
data sets. As it can be seen in this table, MLP-BP 
model has correlation coefficient, absolute fraction of 
variance (R2), and MAPE about 98.04%, 99.36% and 
9.53% on testing data. When the obtained results of 
MLP-PSO and MLP-BP models are compared, it can 
be found that the predicted GSR using MLP-PSO is 
more accurate than MLP-BP (an MAPE error 
reduction of 4.07% was achieved when PSO 
algorithm was used instead of using BP algorithm to 
train MLP network). Fig. 11 shows a comparison 
between actual and predicted GSR based on MLP-BP 
on testing data.  
 
Table 2. Network architecture and testing errors for MLP-PB 

model. 

  
 

 
Fig. 11. Comparison between measured and estimated daily 

GSR (on testing data) based on MLP-BP model. 

4.4. Electricity generated and annual greenhouse 
gases emission reductions for a 20 MW 
photovoltaic (PV) power plant 
In this section potential for a 20 MW PV power plant 
is considered for Dezful city using RETScreen 
software. RETScreen is a powerful analytical tool to 
assess renewable energy and energy efficiency 
economics and carbon reduction. The RETScreen 
climate database includes meteorological data, which 
are from ground monitoring stations. If climate data 
is not available from a specific ground monitoring 
station, data is then provided from the NASA’s 
satellite derived data. In this study monthly average 
daily data provided by Safiabad station are used as 
inputs to the software. The selection of PV modules is 
the first step in designing a PV power plant. Many 
types of PV modules with different characteristics are 
available on the market. The proposed PV power 
plant uses mono-silicon BP Solar 90 W modules. To 
produce 50 MW of energy, the plant needs 555,556 
modules for a total area of 349,859 m2. Table 3 shows 
the module’s specifications. An average derate factor 
(the percentage decrease in output due to soiling) of 
0.95 (range of 0.75- 0.98) is reported by US National 
Renewable Energy Laboratory among 24 PV system 
studies, equivalent to an average annual loss of 5%. 
Thus, this study assumes that dust and soiling will 
decrease annual production by 5%. 
 
In this study, PV modules are mounted in the three 
following ways; Fixed on Horizental, One Axis 
Tracking system, and Two Axis Tracking system.  
The monthly generated power for three different 
tracking systems are compared in Fig.12. Obtained 
results show high energy production potential 
generating 78.211, 104.241, and 112.780 GWh 
annually, for Fixed, One Axis Tracking, and Two 
Axis Tracking systems, respectively. 
 

Table 3. PV module specifications. 
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Fig. 12. Monthly generated power by proposed power plants 

 
CONCLUSIONS 
 
In the first part of this study applied a Hybrid Multi-
Layer Perceptron Neural Network and Particle 
Swarm Optimization (MLP-PSO) method to predict 
daily GSR using measured values of daily maximum 
air temperature, minimum air temperature, mean air 
temperature, maximum relative humidity, minimum 
relative humidity, mean relative humidity, sunshine 
hours, cloud cover, evaporation and wind speed. This 
is of great importance because above parameters are 
commonly accessible. Data for Safiabad station, 
located in Dezful city, a city in southwest of Iran, 
from 2000 to 2008 were used to train the MLP-PSO 
and the available data (732 days) from 2009 (January) 
to 2011 (April) were used for testing. The obtained 
results using developed model (i.e. MLP-PSO) 
showed an acceptable accuracy to predict daily GSR 
with correlation coefficient (r), absolute fraction of 
variance (R2), and mean absolute percentage error 
(MAPE) of 99.35%, 99.78%, and 5.46%, 
respectively. 
Sensitivity Analysis was investigated to show the 
effect that each of the model inputs (i.e. 
meteorological variables) have on the model output 
(i.e. GSR). The results showed that the GSR was least 
sensitive to Tmin and RHmin while S was found to 
be the most effective GSR parameter.  
Eventually, In order to show the accuracy of the 
proposed method (i.e. MLP-PSO), a comparison was 
made with Backpropagation trained Multi- Layer 
Perceptron Neural Networks (MLP-BP) for same 
study. The obtained result for MLP-PSO in 
comparison with MLP-BP represents an MAPE error 
reduction of 4.07%. 
In the last part of the study, electricity generated for a 
20 MW photovoltaic (PV) power plant is considered. 
The results show high energy production potential, 
generating 78.211, 104.241, and 112.780 GWh 
annually, for Fixed, One Axis Tracking, and Two 
Axis Tracking systems, respectively. 
Future work is focused on comparing the methods 
presented here with other available tools. Predicting 
of global solar radiation can also be investigated with 
neural networks trained with other intelligent 

optimization techniques. The results of the different 
methods can be compared with available methods. 
Also different PV module can be used and compared 
with BP Solar 90 W modules which used in this 
study. 
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