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Abstract 

In this work, artificial neural network (ANN) approach is used 

to investigate the ability of different Artificial Neural Network 

models to estimate of power produced by PV generator in 

Amman, Jordan.  

Three types of ANN is constructed and tested by using 

MATLAB neural network module to solve this problem and to 

test the ability of each ANN to estimate power produced by PV 

generator.  The three layers network structure is two inputs 

variables (ambient temperature and solar radiation) are used in 

training three models of ANN network. One output variable is 

power produced by PV generator. 

It was found that NARX network is very much capable to 

estimate the power produced by PV generator. 

 

INTRODUCTION 

Worldwide energy has become the main concern for nations, 

especially with unpredictable fossil fuel prices, political driven 

energy market, global warming, environmental aspects and the 

future availability of fossil fuel versus demand. This has driven 

researchers to study the possibility to compensate part of the 

energy which is generated by fossil fuel with alternative and 

sustainable sources to avoid the fluctuation in the energy 

market and reflect positively on national security and quality of 

life for nations.  Among such sources, solar energy was found 

to be a very promising source of energy. 

Photovoltaic solar energy is a clean renewable energy with a 

great potential, easy to install and to maintain, highly reliable 

and long-lasting. In last years, this kind of energy has 

experienced an outstanding and rapid growth due to the recent 

environmental commitments submitted by the developed 

countries and their comparative advantage. 

Photovoltaic (PV) systems have shown themselves to be one of 

the most promising applications for dealing with solar 

electricity generation and in the last few years, the PV market 

has changed drastically. According to a report of International 

Energy Agency [1] there has been substantial market growth in 

2006, with an ongoing trend in grid-connected applications. 

The total installed capacity in IEA PVPS member countries has 

reached 5.7 GW by the end of 2006. These encouraging 

developments are complemented by energy issues regaining a 

high priority on the political agenda. 

Solar radiation data are a fundamental input for solar energy 

applications. The data should be reliable and readily available 

for design, optimization and performance evaluation of solar 

technologies for any particular location. Unfortunately, for 

many developing countries, solar radiation measurements are 

not easily available. Therefore, it is necessary to develop 

methods to estimate the solar radiation on the basis of the more 

readily available meteorological data. 

Many models have been developed to estimate the amount of 

global solar radiation on horizontal surfaces using various 

climatic parameters, such as sunshine duration, cloud cover, 

humidity, maximum and minimum ambient temperatures, wind 

speed, etc. Chakhchoukh [2] and Wu [3] used the metrological 

data of Nanchang station (China) from 1994 to 2005 to predict 

the daily global solar radiation from sunshine hours, air 

temperature, total precipitation and dew point. Z. Sen [4] 

proposed a nonlinear model for the estimation of global solar 

radiation from available sunshine duration data. This model is 

an Angstrom type model with a third parameter which appears 

as the power of the sunshine duration ratio that gives the 

nonlinear effects in solar radiation and sunshine duration 

relationship. 

A simple model for estimating the monthly average of the daily 

global solar radiation data on horizontal surfaces was recently 

proposed by R. Perdomo, E. Banguero, and G. Gordillo in [5]. 

The model is based on a trigonometric function, which has only 

one independent parameter, namely the day of the year. It was 

found that the model can be used for estimating monthly 
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average of daily global radiation for 68 provinces of Turkey 

with a high accuracy. Janjai [6] proposed a model for 

calculating the monthly average hourly global radiation in the 

tropics with high aerosol load using satellite data. This model 

was employed to generate hourly solar radiation maps in 

Thailand. 

 In literature, Artificial Neural Networks (ANN) has been 

widely used as time series predictors. Many techniques have 

been developed in the general framework of time series 

prediction. These methods can be classified into two main 

categories: classical statistical methods, and intelligent based 

methods. Statistical methods (such as Fractional difference 

model, Structure model, Bayesian method, Threshold AR 

model, alterable variance model, Zhang [7] and Ji [8], and the  

Ratio-of-Medians Estimator (RME) method) are used for the 

estimation of the autoregressive moving-average (ARMA) 

parameter model and time series prediction [2] and [9-11]. 

Most time series prediction methods based on intelligent used 

Artificial Neural Network (ANN) technique, such as multilayer 

perceptrons with back propagation, recurrent neural networks, 

and a radial basis function (RBF) neural network [12-14].  

Traditional statistical methods are very easy to understand and 

implement, but they are not tractable in complex time series 

with a fast alteration and complicated evolvement Zhang [7]. 

ANNs are good for tasks involving incomplete data sets, fuzzy 

or incomplete information, and for highly complex and ill-

defined problems. They can learn from examples, and are able 

to deal with non-linear problems Kalogirou [15].  

As indicated above, several conventional models have been 

presented by researchers to predict global solar radiation (GSR) 

using different meteorological variables. However, using ANN 

has proved its efficiency as a prediction tool to predict factors 

through other input variables which have no specified 

relationship. Meteorological and climatological variables are 

most comprehensive and important factors for indicating the 

amount of solar radiation in a selected reign (Behrang [16], and 

Hrayshat [17]).  

Renewable energy is of great necessity for Jordan in future to 

meet its needs. In order to optimize the utilization of such 

source of energy, it is required to conduct a further research in 

this area.   Data mining can be efficiently used to solve problem 

in this area. The data mining algorithms can be used effectively 

to mine the availability of sources of solar energy in the desired 

region. They can also be used to check the feasibility of the 

installation of the plant and the prediction of the energy to be 

produced in it 

The main objective of this study is to investigate the ability of 

different Artificial Neural Network models to estimate of 

power produced by PV generator in Amman, Jordan. Elman, 

NARX and Feedforward models are examined and compared 

using MATLAB software. 

 

ARTIFICIAL NEURAL NETWORK (ANN) 

ANNs are commonly known as biologically inspired, highly 

sophisticated analytical methods, this technique is able to 

model extremely complex non-linear functions [18]. In general, 

ANN they is composed of three layers, these layers are an input 

layer, some hidden layers, and an output layer [19]. Each one 

of these layer can have many computational hidden nodes or 

neurons [20]. ANN has been applied in a wide range of 

applications, such as pattern recognition, function 

approximation, Optimization, simulation, prediction, automatic 

and many other application areas [21]. 

Three steps must be followed in order to develop the ANN 

model. First step is the input must be introduced with the 

desired output to the network. Secondly, the network is trained 

to estimate the output in a step called training step. Finally, the 

testing step, in which output data are estimated using the input 

data that are not used in the training step. A full description 

about his technique may be found in [19]. 

The structure of the three layers network is two inputs variables 

(ambient temperature and solar radiation), which are used in 

training the ANN network. One output variable is generated 

power of the PV. Elman, NARX and Feedforward models are 

examined and compared using MATLAB software. ANN 

model to be used in this study is fully introduced in Ref., [22]. 

The main objective of this study is to investigate the ability of 

Elman, NARX and Feedforward models to estimate of power 

produced by PV generator. The three models, with using 

Levenberg-Marquardt (trainlm) as a training algorithms, are 

designed and tested using MATLAB neural network module in 

order to solve this problem, also to test the ability of each ANN 

to predict power produced by PV generator. The performance 

of the proposed model has been conducted using the three 

global statistics: coefficient of determination (R2), root mean 

squared error (RMSE) and mean bias error (MBE).  

ANN network with neuron numbers (2, 10, 1) were designed 

and tested within the MATLAB. A total data consists of 48,484 

samples were obtained from previously experimental data and 

is used as the input of ANN network.  Furthermore, a total of 

50% of this data is used for training, 30% is used for validation 

and 20% is used for testing. Tangent sigmoid function was 

applied for the hidden layer, and linear transfer function is used 

in the output layer.  In this study and after many trails and 

errors, the number of the hidden layer is selected to be 10. 

Training parameters used in algorithms are shown in Table (1) 

with their values.  
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Table 1: Training parameters. 

Epochs between displays 1 

Maximum number of epochs to train  800 

Maximum time to train in seconds inf 

Performance goal 0 

Maximum validation failures 15 

Factor to use for memory/ speed Tradeoff 1 

Minimum gradient error 1*10-5 

Initial µ 1*10-3 

µ decrease factor 0.1 

µ increase factor 10 

Maximum µ 1*1010 

RESULTS AND DISCUSSIONS 

The data measured between May 1st 2015 and November 30th 

2015 were used for training, testing, and validation of ANN. 

Once the ANN is trained, which means that all the weights and 

bias are set, it can be tested. The proposed networks were 

trained using Levenberg-Marquardt (trainlm) algorithm. 

Variation of the gradient error, value of µ, and validation 

checks at each epoch results produced by the three models are 

shown in Figure (1). In Figure (2), the scatter plots of training, 

testing, and validation are shown. As shown in Figures (1), the 

NARX model trained with Levenberg-Marquardt algorithm 

converges faster than other models; where the training stopped 

after 73 epochs. The mean square error (MSE) of training 

period was found to be 399.0943 kW. Figure (2) shows quite 

close results of the scatter plot during training, validation, and 

testing of the experimental data using different training models. 

For NARX model, it was found that it has the highest values of 

R in training, validation, and testing are 0.9662, 0.96882 and 

0.96532 respectively. 

 

 

 

(a) 
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(b) 

 

 

(c) 

Figure 1: Comparison of variation of gradient error and validation checks using (a) Elman, (b) NARX and(c) Feedforward. 
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(c) 

Figure 2: Comparison of scatter plots of the models used for solar radiation. (a) Elman, (b) NARX and(c) Feedforward. 

 

Figure 3 shows a comparison between the measured and 

predicted values using the proposed networks. This 

comparison was based on the three models taken data at 30th 

of May 2015.  

 

 

Figure 3:  Comparison between measured and estimated at 30th of May 2015. 
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The comparative analysis of different training models using 

some basic statistics (R2, RMSE and MBE) has been carried 

out and is shown in Table (2), where NARX model provided 

the best performance, i.e., the lowest RMSE and highest R2, for 

the training period and validation period. The results of the 

research indicate that the predictive capability of Elman is poor 

compared with other training algorithm in power produced by 

PV generator modelling. 

 

Table 2: Comparison of performance of the used models. 

Model RMSE MBE R 

Validation Training Validation Training 

Elman 28.8862 28.5979 21.4012 21.8651 0.83899 

NARX 13.4074 13.9243 5.2414 5.4122 0.96671 

Feedforward 30.9277 30.8374 15.2068 15.0622 0.81987 

 

CONCLUSIONS 

In this study Artificial Neural Network (ANN) was used to 

estimating power produced by PV generator from 

meteorological data sets. All required data was supplied by the 

Ministry of Environment. 

It may be concluded that NARX model has ability to recognize 

the relationship between inputs and output variables and hence 

is has the best ability to predict power produced by PV 

generator with good accuracy. Also the statistical error analysis 

showed the accuracy of this model.    
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