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 This paper deals with Photo-Voltaic array modeling and maximum power point tracking by using 
artificial neural network. Conventional solar-array mathematical model requires detailed 
knowledge of physical parameters relating to the solar-cell material, this information may not be 
readily available to the users therefore the derived mathematical model may be inaccurate. Neural 
network modeling does not require any physical definitions for a photovoltaic array, hence they 
have a potential to provide a superior method of deriving non-linear models than the already 
established conventional techniques. In this paper back-propagation neural network and radial 
basis function neural network trained models are employed to simulate and predict the maximum 
power point of a Photo Voltaic array using measured environmental data. The model is trained 
using a random set of data collected from a real photovoltaic array. The functioning of the 
proposed model and predicted maximum power point of the photo-voltaic array are evaluated by 
simulation.  
 
Keywords: Photovoltaic array modeling, maximum power point tracker, artificial neural networks, 
back-propagation, radial basis function. 

 

 
1.  INTRODUCTION 
 The photovoltaic (PV) energy has its own importance in electrical power applications. 
Continuing decline in world’s conventional sources of energy implies a promising role for 
PV power-generation systems in the near future [4]. The principal advantages associated 
with photovoltaic are that they have no moving part; they don’t produce any noise, require 
little maintenance and work quite satisfactorily with beam or diffuse radiation posing no 
health or environmental hazards. Currently, solar panels are not very efficient with only 
about 12 - 20% efficiency in their ability to convert sunlight to electrical power [10]. The 
efficiency can drop further due to other factors such as solar panel temperature and load 
conditions. In order to maximize the power derived from the solar panel it is important to 
operate the panel at its optimal power point. It is crucial to operate PV energy conversion 
systems near maximum power point to increase the output efficiency of PV. However, due 
to the nonlinear nature of PV systems (Figure1) the current and power of PV array depends 
on the array terminal operating voltage. The conventional solar-array mathematical model 
requires detailed knowledge of physical parameters relating to the solar-cell material, 
weather condition, solar trajectory, illumination factor and temperature. At times due to 
lack of this information, the derived mathematical model may be inaccurate [9]. An 
important consideration in achieving high efficiency in PV power systems is to match the 
PV source and load impedance properly for any weather condition, thus obtaining 
maximum power generation. This technique is known as Maximum Power Point Tracking 
(MPPT) [4]. 
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Fig. 1: Schematic of a typical  p-n junction Solar cell and its characteristics in steady state 
operation. 

 The MPPT tracks the output voltage and current from the solar cell and determines the 
operating point that will deliver the maximum power. Due to the nonlinear nature of PV 
systems the current and power of PV array depends on the array terminal operating voltage 
(Figure 2). The MPPT compensates for the varying voltage vs. current characteristics of the 
solar cell according to its terminal voltage. In addition to this, due to the changing weather 
conditions, solar trajectory, luminance factor and temperature (Figure 3) operating 
maximum power point varies, hence the tracking control of MPT becomes a highly non-
linear problem.  

 
Fig. 2: Power of PV array depends on the array terminal operating voltage as shown. 

In the past the tracking strategies have been proposed such as Perturb and Observe, though 
this is an efficient algorithm, however it is based on only three parameters, i.e. array 
voltage, current and power, moreover at time it oscillates around the maximum power point 
in steady state [1]. An improvement over perturb & observe algorithm, was suggested by 
using incremental conductance algorithm. It was different in the sense that it computes the 
differential component of power with respect to voltage for determining the optimum 
operating point. However, this algorithm increases the complexity of implementation as it 
reduces the sampling time and hence the tracking speed [2]. After this a method based on 
evaluation of Parasitic Capacitance was suggested. In this method the evaluation of 
parasitic capacitance is obtained by accounting the average ripple in the power array 
generated by switching frequency. The limitation of this algorithm is that, the parasitic 
capacitances are small in quantity and accountable for only very large dimension PV array 
[6]. 
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Fig. 3: Variation of Solar Panel V-I characteristics with varying Irradiance, Temperature. 

  As artificial intelligence technique evolved for modeling of non-linear systems, a model 
based on Fuzzy Logic was suggested for modeling of MPPT. However, the limitation of 
this technique was that the maximum power point was based on the short circuit current 
measured on the load side of the system and this current cannot be measured continuously; 
hence this technique lacks the ability of continuous tracking [7]. 

 

 
Fig. 4: Max Power Line with varying weather condition. 

 Figure 4 shows the typical silicon cell I-V characteristics, as the output voltage rises, the 
PV produces significant less current. The I-V curve will change depending on the 
temperature and illumination. The operating voltage or current needs to be carefully 
controlled so that the maximum power from the array can be obtained. This MPP is seldom 
located at the same voltage the main system is operating at, and even if two were equal 
initially, the power point would quickly move as lighting condition and temperature 
change. Hence a device is needed that finds MPP and converts that to a voltage equal to 
system voltage [12]. The general requirements for MPPT are low cost, quick tracking under 
changing condition and small output power fluctuation [9]. Hence a more efficient method 
to solve this problem becomes crucially important. Artificial Neural Network modeling 
technique has attracted widespread interest in electrical engineering. Neural network 
modeling does not require any physical definitions for a photovoltaic array and have self 
adopting capabilities which make them suitable to handle non-linearities, uncertainties and 
parameter variations which may occur in a controlled plant [9]. The ANN application 
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suggested the use of Back Propagation Algorithm (BPA) for maximum power tracking and 
in one case the output of the net was dependent on the input to the Pulse Width Modulation 
(PWM) instead of maximum power, thus it did not substantiate the optimum requirement of 
modeling of PV array [8].  In another case, the net was optimized for climatic conditions of 
operation of the PV array, along with some white nodes which were not used in the 
convergence of MPT [9]. Another implementation of net was for optimum MPT, using 
BPA technique, where only two inputs i.e. reference cell open circuit voltage and time were 
considered and the net was dependent on external bias [3]. 
 This paper describes a different kind of approach for modeling a PV array and MPPT using 
artificial neural networks. The proposed architecture of ANN is based on Insolation, Load 
voltage and Cell temperature as the inputs and Maximum voltage, Maximum Current and 
Average load current are the outputs of the ANN. By combining source modeling and 
MPPT the overall computational time as well as the hardware resources required for 
implementation may be reduced. First, the conventional solar mathematical model is 
described. Then, this paper describes neural networks, structure and training procedures of 
back-propagation and Radial Basis function neural network. Next, the performance of the 
models and MPPT of solar cell are evaluated by comparing it with the testing data collected 
from a real photovoltaic array by MATLAB simulation. Finally, the conclusion of accuracy 
of the trained model for modeling and MPPT is discussed. The paper presents the structure 
of the model, the training procedures and the simulation results. 
  
2. MATHEMATICAL SOLAR ARRAY MODELING 

The equivalent circuit model of a solar cell consists of a current generator and a diode 
with series and parallel resistance [9]. The photocurrent generated when the solar array is 
exposed to sunlight can be represented with a current source, and the p-n junction transition 
area of the solar cell can be represented with a diode [4] as shown in Figure 5. The voltage 
and current relationship of the simplified solar cell based on Kirchoff’s current law can be 
expressed by the mathematical equation for the output current of single cell as:  

      
Fig. 5: Solar Array Model 

 

RshIRsVIAKTIRsVqIoIphI /)(]}/)([exp{ +−−+−=                                               (1) 

Here,   Iph = load current, 

Io = leakage or reverse saturation current, 

q = electron charge,  

V= solar cell voltage, 
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A = Ideality factor, 

k = Boltzman constant, 

Rs = series cell resistance, 

Rsh = shunt cell resistance.  

The temperature of solar cell is expressed as  

          2733.1899.025.012.3 +−++= WsTmST   …….                                    (2) 
 

Here, Tm= ambient temperature,  

          Ws = wind speed, 

           S = solar radiation. 

Io can be also expressed in another form which depends on the temperature of solar cell 
and is given as  

))}]/((*)/1/1exp{(3)^/[(* kAqEGTTrTrTIorIo −=                        (3) 
                                        

Here,  

Ior = I at reference temperature at Tr for301.18 ° K 

         EG = band gap energy, 

         Tr = reference temperature, 

         T = cell temperature. 

 

Iph in Eq. (l) is a function of incident solar radiation and cell temperature and is given as 

100/*)}(*{ STrTKiIscrIph −+=                                                        (4) 
                                                                                  

Here,   Iscr = short circuit current at Tr  

            Ki= temperate coefficient of short circuit current. 

The mathematical equation for the output current of np cells is 
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where np = number of parallel cells 

           Ko = q/(A*k*T) 

For Matlab modeling, a 40W amorphous silicon PV module, was chosen for modeling 
key specifications of PV module used shown in Table I. The modeling is based on the 
equations (1), (2), (3), (4) & (5) and the specification of the PV module. Newton-Raphson 
Method is used to determine the output current by substituting the values of the cell 
parameters and the values of voltage, insolation and temperature.  
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Table 1. Key specifications of PV module used 

At Temperature 25'C 
 

Open Circuit Voltage 
Short  Circuit Current 

Max voltage 
Max Current 

Maximum Power 

21.0 V 
3.02 A 
16.4 V 
2.4 A 
40 W 

  
 
The conventional solar-array mathematical model provided a satisfactory result but 
required detailed knowledge of physical parameters relating to the solar-cell material, 
weather condition, solar trajectory, illumination factor and temperature. At times due to 
lack of this information, the derived mathematical model may be inaccurate [9]. Neural 
network modeling does not require any physical definitions for a photovoltaic array, hence 
they have a potential to provide a superior method of deriving non-linear models than the 
already established conventional techniques. The Solar array was modeled using two 
different techniques of ANN namely Back Propagation and Radial Basis neural network. 

 
3. NEURAL NETWORKS  

  This section discusses the importance of neural networks and the proposed architecture of 
neural network for solar array and modeling and MPPT. Neural networks are composed of 
simple elements operating in parallel. These elements are inspired by biological nervous 
systems. The network function is determined largely by the connections between elements. 
Neural network can be trained to perform a particular function by adjusting the values of 
the connections (weights) between elements [11]. Neural network has the potential to 
provide an improved method of deriving non-linear models, which is complementary to 
conventional techniques. They have self-adapting capabilities, which makes them suitable 
for handling uncertainties of modeling [9]. Neural networks have been trained to perform 
complex functions in various fields of application including pattern recognition, 
identification, classification, speech, vision and control systems. 
 In this paper neural network is trained to derive non-linear PV array model and MPPT 
using back propagation network and Radial basis neural network.  
 
 A.  Back propagation neural network 

  Back-propagation is a multilayer feed forward network. It was created by generalizing the 
Widrow-Hoff learning rule to multiple-layer networks and nonlinear differentiable transfer 
functions [11]. Input vectors and the corresponding target vectors are used to train a 
network until it can approximate a function, associate input vectors with specific output 
vectors, or classify input vectors in an appropriate way as defined. Networks with biases, a 
sigmoid layer, and a linear output layer are capable of approximating any function with a 
finite number of discontinuities [11]. The back-propagation computation is derived using 
the chain rule of calculus. The term back-propagation refers to the manner in which the 
gradient is computed for nonlinear multilayer networks, it involves performing 
computations backwards through the network. 
   In the basic back-propagation training algorithm the weights are moved in the direction of 
the negative gradient. The training process requires a set of examples of proper network 
behavior - network inputs and target outputs. During training the weights and biases of the 
network are iteratively adjusted to minimize the network performance function. The default 
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performance function for feed forward networks is mean square error mse - the average 
squared error between the network outputs and the target outputs [11]. 
 
B.  Radial Basis Function neural network 

  The design of RBF network is viewed as a curve- fitting problem in a high dimensional 
space. Training/learning becomes searching for a surface in a multidimensional space that 
provides a best fit to the training data. Such a surface may be represented by a complex 
function consisting of a network of RBFs; the form and number of them are so determined 
such that the data points of an input vector can be mapped to that of the output vector can 
be mapped to that of the output vector with a satisfactory level of accuracy [4].  A key 
feature of RBF training is the distinction between the roles of the first and second layers of 
parameters. The transformation from the input space to the hidden layer is nonlinear, due to 
the use of Gaussian functions for RBFs. The hidden layer linked to the output layer, 
however, is linear. The main advantages of this configuration are that it keeps the 
mathematics simple and the computation relatively cheap. Furthermore it avoids the 
problem of sticking with a suboptimal solution, because of local minima which commonly 
occur in BP training [4]. While those governing the basis functions can be determined by an 
unsupervised technique using the input data alone, the weights from the hidden to the 
outputs layers can be calculated using faster linear supervised methods. Such a feature 
makes   Radial basis networks may require more neurons than standard feed- forward back 
propagation networks, but often they can be designed in a fraction of the time it takes to 
train standard feed-forward networks [11]. They work best when many training vectors are 
available. One advantage of RBFN modeling is that it seeks the best approximation rather 
than exact fitting to the training data. Thus even with a noisy data set, the method is able to 
derive a model which can give smooth mapping of the samples [4]. 
 
 
 C.   Proposed Architecture of Back Propogation and Radial Basis Neural Network 
 
 

 
 

Fig.6: Architecture of Back-Propagation Neural Network for PV array Modeling and 
MPPT tracking having 3 inputs 4 neurons in hidden layer and 3 outputs 
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Fig.7: Architecture of Matlab generated Back-Propagation Neural Network for PV array 
Modeling and MPPT tracking having 3 inputs 4 neurons in hidden layer and 3 outputs 
 
 

 
Fig.8: Architecture of Radial Basis Neural Network for PV array Modeling and MPPT 

tracking having 3 inputs 500 neurons in hidden layer and 3 outputs 

   The proposed architecture of Artificial Neural Network (ANN) for modeling consists of 
three layer structure of 3-4-3 as shown in Fig.1. The input to the ANN is a linear layer 
consisting of three neurons whose inputs are radiation, temperature and array voltage. The 
hidden layer in Back Propagation consists of four neurons with tangent sigmoid function. 
Sigmoid transfer function is used here because it is differentiable. The output layer of the 
ANN consists of three linear neurons with purelin function which is a linear transfer 
function and it gives the values of load current, maximum voltage and maximum current. 
Every neuron is provided with biasing which is not shown in the Figure 7. 
   The hidden layer in Radial Basis neural networks consists of 500 neurons with radial 
basis function. The output layer of the ANN consists of three linear neurons with purelin 
function which is a linear transfer function and it gives the values of load current, 
maximum voltage and maximum current. Every neuron is provided with biasing which is 
not shown in the Figure 8. 
   The proposed structure combines source modeling and MPPT by providing only one 
ANN model for load current (Iavg), Maximum Current (Imax) and Maximum Voltage (Vmax).  
Load Current is used to determine source modeling where as Maximum Voltage and 
Maximum Current are used to determine the Maximum Power Point at which the PV array 
can operate there by providing MPPT. 
 
4. SIMULATION RESULTS FOR SOURCE MODELING AND MPPT  
  This section discusses the procedure of data collection and simulation results for solar 
array source modeling and MPPT. The proposed architecture of neural network is trained 
using MATLAB program using a random set of data collected from a real photovoltaic 
array. 
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A.   Collection of Data 
 
  For the creation of the PV Source modeling and training of the ANN model the basic 
requirement is the collection of a highly distributed range of V-I values. For the training of 
the proposed neural network, part of data collected in April 2007 at Manipal University 
Campus, Manipal, India was used (Figure 9). The ANN modeling and hence the selection 
of data, has been done with an assumption that the panel is not working at its optimal level 
every time it is under the same conditions, namely insolation and temperature. 
 
B.   Creation of Database 
 
   Step 1: The solar panel was connected to a rheostat of rating 100 ohms. Step 2: An 
ammeter was connected to obtain the current output of the array and a multi-meter was used 
to obtain the voltage across the panel. Step 3: At a particular light intensity and 
temperature, the rheostat was varied from minimum to maximum value and the 
corresponding I-V values were recorded. Step 4: This is repeated for various light 
intensities to get data for a wide range of insolation levels. Since the data is not freely 
available we decided to observe the values ourselves. With a 40 W single panel we took the 
readings. Given below are the results obtained during our observation. The following 
observation was taken at MIT quadrangle, Manipal University, Karanataka, India. 
 

Day: 11th April 2006 

Time: 10:00 AM                       Insolation level:608000 lux                    Temperature: 37.6 

V 0.55 9.86 15.64 16.86 17.22 17.44 17.66 17.78 17.82 17.90 18.04 

I 1.5 1.44 1.00 0.84 0.566 0.40 0.32 0.28 0.22 0.20 0.18 

Time: 10:30 AM                       Insolation level:680000 lux                    Temperature: 38.0 

V 0.35 14.98 17.23 17.67 17.98 18.02 18.08 18.16 18.28 18.32 18.36 

I 1.94 1.50 0.84 0.60 0.48 0.50 0.39 0.34 0.31 0.28 0.21 

 
Fig.9: A part of the database created during our observation at MIT quadrangle, Manipal 

University, Karanataka, India 

 
Using the samples collected the model was trained by using BPA gradient descent 
algorithm to converge to an error of 0.015% using maximum 2350 epochs or iterations. 
Similarly the model was trained using RBF exact design using neural net toolbox in Matlab 
with spread constant specified as 0.5 and the results of the simulation are discussed below. 
 
 
C. Simulation and Results for PV Array Source Modeling 
 
Using 1152 samples of collected data the BP model was trained for the target load current 
of the collected data. After the model converged to an error of 0.015% refer Fig.10 the 
trained network was tested for its accuracy. To test the model, the Output Average Load 
Current from Neural Net was plotted against the Target Load Current, refer Fig.10. It can 
be observed from the graph of Fig.10 that the ANN model is producing satisfactory results, 
as expected the plot comes out to be approximately linear shown by ‘.’ symbols lying close 
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to the straight line. It validates the proposed model for source modeling.  Table.2 confirms 
the findings as no output average load current had an error more than 10% and most of 
them lied in the range of 1-5% of error.  It can be also seen that RBF produces a more 
accurate result than Back Propagation as shown in Figure 10 as output of RBF trained 
network lies closer to the straight line. 
 
 

      
 
Fig.10: Simulation Result PV array source modeling, Output Average Load Current from 
Neural Net versus Target Load Current results shown by ‘.’ Symbol. First figure shows 
modeling by Back Propagation Neural Net and second by RBF. 
 

Table 2. Percentage Error of Output Average load current from the target load current in 
1152 sample of collected data for Back Propagation. 

 
Percentage Error (%) No. of Sample Points 

<1 257 

1-5 796 

5.1-10 96 

10.1-100 0 

 
 
 
B.   Simulation and Results for MPPT 
 
The trained model was tested for these target data by plotting the variation of Output Neural 
Imax with changing Insolation level as shown in second plot of Figure 11. On comparing 
both the graphs as shown in Figure 11  it can be seen that the output Imax shown by ‘.’ 
approximately matches the target data shown by ‘+’ there by validating the ANN model for 
evaluating the value of Maximum Current. This is further confirmed from the results 
tabulated in Table.3. It can be seen from the findings that most of the neural output Imax lies 
in the acceptable range of less than 10% error. As seen from graphs RBF training produces 
a more accurate result than Back Propagation training 
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  Similarly, for variation of Maximum Voltage with varying Temperature the trained model 
was tested for these target data by plotting the variation of Output Neural Vmax with 
changing Temperature level as shown in Figure 11. As can be seen the training again 
produces satisfactory results with RBF training producing better results (Table 3). 
 
 

  
Fig.11: Simulation result showing Maximum Current (Imax) versus Insolation. Target data is 
shown by ‘*’ sign while trained network results shown by ‘.’ symbol. (Temperature = 
Original Temperature / 50; Insolation = Original Insolation / 100,000) First figure shows 
modeling by Back Propagation Neural Net and second by RBF. 
 
 
  Table 3. Percentage Error of output Maximum Voltage (Vmax) and Output Maximum 
Current (Imax) from the target load current in 1152 sample of collected data. 
 

Percentage Error (%) No. of Vmax Points No. of Imax Points 

<1 763 113 

1-5 366 490 

6-10 0 359 

11-20 0 359 

21-30 0 153 

31-40 0 3 

41-50 0 20 

50-100 0 0 

                
It can be seen from Table.3 that the proposed model clearly demonstrates its ability to track 
the Maximum Power Point with satisfactory results. 
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Fig.12: Simulation results showing Maximum Voltage (Vmax) versus Temperature. Target 
data is shown by ‘*’ sign while trained network results shown by ‘.’ symbol. ((Temperature 
= Original Temperature / 50; Insolation = Original Insolation / 100,000). First figure shows 
modeling by Back Propagation Neural Net and second by RBF. 
 
As can be seen from Table 4 the error decreases with increasing data points for the Radial 
basis function training. It can be seen that the model produces more accurate results for 500 
data points than for 100 data points. Therefore radial basis needs more number of 
information in order to get accurate modeling and maximum power point tracking. 

 

Table 4. Result for training using Radial basis with increasing number of input training 
data points. 

 
                       FOR 100   DATA   POINTS                              FOR 500 DATA POINTS 
                       Training of RBF net                                         Training of RBF net 

ERROR  Vmax Imax Iav Vmax Imax Iav 
<1%  21  8 37 438 443 477 
15%  26  36 10 62 57 23 
550%  24  34 40 0 0 0 
5100%  29  22 13 0 0 0 

 

5.   CONCLUSION 

This paper has presented a new ANN model for modeling and maximum power point 
tracking of PV arrays by combining source modeling and MPPT into one structure. The 
proposed model is simulated using back-propagation algorithm and Radial Basis function. 
The simulation results have shown that both the ANN model is producing satisfactory 
results both for the source modeling as well as MPPT. There by the proposed model can 
lead to energy saving as it can calculate maximum power points accurately.  The simulation 
results have shown that training for back propagation takes longer time than radial basis 
function. However, radial basis needs more number of information in order to get accurate 
modeling and maximum power point tracking. Above results shows that the method of 
Radial Basis function is well suited for achieving a lower error convergence and also gives 
satisfactory results for linear tracking of the non-linear model. Moreover, in future this 
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model can be extended by including the other weather conditions like humidity, wind 
velocity etc. along with the present inputs for MPPT for better accuracy. Use of the back-
propagation algorithm is generally very slow because it requires small learning rates for 
stable learning so faster algorithms like Radial Basis Functions is designed to increase the 
speed but they require more number of neurons and work best when many training vectors 
are available. The overall computation time as well as hardware required for 
implementation may reduce by using the proposed ANN model. 
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