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Abstract— According to a nonlinear current-voltage 
characteristic of Photovoltaics (PV) we need to track maximum 
power output of PV generation units instantly. The aim of this 
paper is to introduce a non-complicated method for tracking the 
maximum Power Point without any previous knowledge of the 
physical parameters linked with a Grid-Connected photovoltaic 
(PV) system using artificial neural networks (ANN) modelling. 
The ANN is trained in various conditions of PV Output Voltage 
and PV Output Current to forecast the Duty Cycle of DC-DC 
boost converter as the MPPT device. The proposed technique is 
implemented in Matlab/Simulink and compared with the 
conventional method of incremental conductance. Simulation 
results show a good performance of the ANN based MPPT 
controller. MPPT techniques that properly detect the global MPP 
has been widely investigated in the literature. They include hill 
climbing (HC), incremental conductance (IncCond), perturb-
and-observe (P&O), and fuzzy logic controller (FLC). As the best 
of our knowledge estimation of the duty cycle of the DC-DC boost 
converter by Artificial Neural Network and using it in place of 
the whole MPPT controller and using Voltage and current has 
not been done so far in the literature. 

Keywords—Photovoltaic (PV); MPPT; Artificial Neural 
Network; Duty Cycle; DC-DC Boost Converter 

I.  INTRODUCTION  

RENEWABLE energy sources of energy, e.g. photovoltaic 
(PV), play an important role in electric power generation, and 
are becoming essential nowadays as a result of inaccessibility 
and environmental influences of fossil fuels. In a very close 
future, more than 45 percent of necessary energy in the world 
will be produced by PV arrays [1-2]. On the other hand, one of 
the biggest obstacles towards the high-volume growth of solar 
electricity is low-energy conversion efficiency of PV panels [3-
5]. Furthermore, the nonlinear current - voltage (I-V) and 
Power-voltage (P-V) characteristics of Photovoltaic systems 
makes their output power always varying with weather 
conditions, i.e., solar radiation, atmospheric temperature and 
also the load connected [6, 7]. So as to keep effective 
procedure of producing energy, a Maximum Power Point 
Tracking (MPPT) system which has rapid reaction and can 
exploit the largest power from the PV arrays becomes vital. By 
means of MPPT the cost of energy generated by PV panels is 
reduced [8]. Plenty of methods have been using artificial 
intelligence techniques for MPPT of PV systems in recent 
years [9-10]. The usefulness of Neuro-fuzzy structures for the 
MPPT control and the forecast of maximum power generation 
of PV systems in partly shaded situations was discussed in 
[12].  A joint radial-basis-functions (RBF) and backprop 

network, which used the solar irradiance as Input signal to 
estimate the effects of random cloud movement on the 
electrical parameters of the MPPT and the variables of the 
inverter was proposed by Giraud and Salameh in [13]. 

Similarly, tracking the maximum power by implementing 
microcomputer with a lookup table was suggested in [14]. 
There are some additional widely used methods like 
incremental conductance method (IncCond) [15] and the hill 
climbing method (HC). These techniques are widely applied in 
the MPPT controllers because of their clarity and easy 
application. However, to the best of our knowledge estimation 
of the duty cycle of the DC-DC boost converter by Artificial 
Neural Network and using it in place of the whole MPPT 
controller and using Voltage and current has not been done so 
far in the literature. The objective of this study is to bridge this 
gap. In this work, the attention will be focused on simulation 
assessment study between Incremental Conductance Technique 
and ANN, considering the panel output current and voltage 
variation in order to better performance in actual changing 
irradiance conditions. 

II. CONFIGURATION OF THE PROPOSED SYSTEM 

The formation of the proposed system consists of the PV 
array, Artificial Neural Network MPPT, DC-DC boost 
converter and 3level bridge inverter as shown in Fig. 1. 

Solar irradiance (E) in W/m2 and the cell temperature (Tc) 
in degree Celsius are the inputs for the PV array, where the 
actual voltage and current expressed in Vdc and Idc. The 
coordinates of the city of Miami in the USA were used in 
HOMER1 Software, 25˚78 N latitude and 80˚22 W longitude, 
to obtain hourly solar radiation values. Hourly average values 
of 
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Fig. 1. Configuration of proposed system 
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Fig. 2. Hourly solar irradiation 

 
Fig. 3. The equivalent circuit of a photovoltaic array 

solar data are shown in Fig. 2. In this study the temperature 
was considered constant at 25 ̊C. 

The MPPT is based on a DC-DC boost converter with an 
insulated gate bipolar transistor (IGBT) power switch. The 
duty cycle of this converter is obtained by artificial neural 
network (ANN) which is trained using Vdc and Idc. 

A. PV array characteristics  

The Fig. 3 illustrates the equivalent circuit of the PV cell 
where Iph is current source of the PV array, largely depends on 
the insolation and cells temperature. Rsh is an equivalent shunt 
resistance, Rs is an equivalent series resistance, I and V are the 
output current and output voltage of the PV array. Generally, 
for uncomplicatedness Rsh and Rs are considered to be open 
circuit and short circuit, respectively. The shortened 
mathematical model of the output current and voltage is given 
as: 

( 1)s

q V

pkn T
p ph p rsI n I n I e



                               (1) 

 
Where 
Irs  : Cell reverse saturation current 
q  :  Electronic charge 
k  :  Boltzmann’s constant (1.38×10 -23  J / °K ) 
T  : Cell surface temperature ( °K ) 
p  : Cell ideality factor ( p =1~5) 
np : Number of solar cells in parallel 
ns : Number of solar cells in series 

The current source of PV array, Iph varied according to solar 
irradiation and cell temperature, is given by: 

1( ( )) /100ph sc rI I K T T                         (2) 

Where: 

Tr  :  Reference temperature 

Isc :  Short circuit current at reference temperature and 
solar   irradiation; 

KI :  Short circuit current temperature coefficient at  
  reference temperature and solar irradiation; 

λ :  Solar radiation, irradiation, or insulation (W/m2). 

In this study we are going to develop an artificial neural 
network based MPPT controller for the PV arrays. In the 
incremental conductance method, which is used to generate 
training data for the Artificial Neural Network in this study, the 
controller senses incremental variations in current and voltage 
array to foresee the consequence of a voltage alteration. This 
method involves more calculation in the controller, but 
changing conditions can be tracked more quickly than perturb 
and observe method (P&O). Similar to the P&O algorithm, it 
may produce swaying in output power.  

In this paper, a 100-kW PV array of 330 SunPower 
modules (SPR-305) is used for a Matlab simulation model. The 
array involves 66 parallel strings of 5 series-connected modules 
connected in parallel (66*5*305.2 W= 100.7 kW) [16]. The 
electrical specification of the mentioned module on standard 
test condition (STC) is shown in Table 1. I - V and P - V 
curves of single module at 25 ̊C for different irradiance is 
illustrated in Fig. 4.  

B. Neural Network Architecture 

Lately, the use of ANN has entered various scientific areas 
as an approximation technique because of the very good 
pattern recognition capability [17]. A three-layer neural 
network can fairly perfectly estimate any nonlinear function to 
a random accuracy. A three layer feedforward backpropagation 
ANN is used: an input, a hidden and an output layer to guess 
Duty Cycle of DC-DC boost converter. The input layer consists 
of a two dimensional vector, one is the DC output Voltage of 
PV modules and the other is the PV current, output layer is one 
dimensional vector consisting of Duty cycles. The training 
procedure needs a set of samples of appropriate network 
behavior inputs and target outputs. 

 

TABLE I.  SPECIFICATION OF SPR-305 PV MODULE ON STANDARD TEST 
CONDITIONS1000 W/M2, 25 ̊C 

Maximum power 305W 

Open circuit voltage 64.2 V 

Short circuit current 5.96 A 

Voltage at maximum power point 54.7 V 

Current at maximum power point 5.58 A 
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Fig. 4. I-V and P-V curves of single module at 25 ̊C for different irradiance 

The procedure of training a neural network includes 
modification of the weights and biases of the network to 
enhance network performance. Throughout the training, the 
connection weights are modified until the best fit is attained for 
the input–output patterns based on the minimum errors. 

The default performance function for feedforward networks 
is mean square error (MSE) which is the average squared error 
between the outputs, a, and the target outputs t. It is shown as 
[16]: 

2 2

1 1

1 1
( ) ( )

N N

i i i
i i

F mse e t a
N N 

                    (3) 

Another performance function for neural networks is 
the mean absolute percentage error (MAPE), which is a 
measure of exactness of the method specifically in trend 
estimation. It typically articulates accuracy as a percentage, and 
is well-defined by the formula: 

1

1 N
i i

i i

t a
MAPE

N a


                                (4) 

TABLE II.  TRAINING PARAMETER VALUES 

Number of Hidden Layers 26 

Epochs between displays 5 

Learning rate 0.001 

Maximum number of epochs to train 1000 

Performance goal 0 

 

In this paper, we used MAPE as the evaluation factor of our 
approximation. Training parameter values of the proposed 
network are tabulated in Table II. 

IV. RESULTS AND DISCUSSIONS 

In this study, quite a lot of inhomogeneous irradiance 
distributions are utilized to test the operation of the proposed 
scheme. In order to generate data that can be used as training 
sets of Artificial Neural Network we run the Simulink model 
with hourly average irradiance of the first 42 weeks of the year 
from 7 am in the morning to 5 pm in the evening. As the 
control system uses a sampling time of 100 microseconds for 
voltage and current controllers, simulation of each day 
produces 20000 inputs of Voltage, Current and Duty Cycle 
which are big enough for training the network. In the 
simulation we used a time step of 0.1 for each hour and ran the 
simulation for 42 seconds. The simulation results for extracting 
the training data is shown in Fig. 5. The simulation was run by 
using the irradiance data of the last 10 weeks of the year to 
calculate the testing data of the neural network which are 
depicted in Fig. 6. As it can be seen from figures 5 and 6 stated 
maximum power of 100.7 kW is obtained at times of a 1000 
W/m2 irradiance and generally power is tracking the irradiance, 
which means that the incremental conductance method can 
produce a reliable set of training and testing data. In the next 
step the acquired data are used to simulate the neural network 
to train and then approximate the duty cycle of the MPPT.   

 
Time (weeks) 

Fig. 5. Irradiance, output voltage, output current duty cycle and generated power of PV system for the first 42 weeks of the year (Training Data) 
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Time (weeks) 

Fig. 6. Irradiance, output voltage, output current duty cycle and generated power of PV system for the last 10 weeks of the year (Testing Data) 
 
 

 
Fig. 7. Results of estimated duty cycle values compared to actual values 

 

Fig. 7 shows the estimated (blue line) and actual (green 
line) values of the Duty Cycle ratio. Undoubtedly considering 
the mean absolute percentage error of 1.49% the results 
approved the effectiveness of the proposed technique. 

The main advantages of the proposed MPPT method is that 
the system needs less computational work because of no 
necessity for awareness of internal MPPT system parameters 
and the system offers a compressed solution for this 
multivariable problem. 

IV. CONCLUSION 

The productivity of the suggested Artificial Neural 
Network structures for the MPPT control and the forecast of 
Duty Cycle of DC-DC boost converter has been presented. 
Since the duty cycle is directly achieved by using ANN, the 
proposed system does not need complicated processes and 
cutting-edge power electronic control units. The results how 
that the ANN is sufficiently accurate and can identify the duty 
cycle under different solar irradiance.   
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