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ABSTRACT

This paper presents an Artificial Intelligent based Maximum Power Point Tracking (MPPT) of a Photo-Voltaic
array implementation using Dspace with less number of sensors. The MPPT algorithms Perturb and Observe ,
Incremental Conductance, Neural Network and Adaptive Neuro Fuzzy Inference System (ANFIS) are discussed,
implemented and compared. The modeling of the PV array is performed in MATLAB/SIMULINK. The
performances are evaluated by means of MATLAB/SIMULINK simulations interfaced with Dspace control desk

and ds1104.

Keywords - Adaptive Neuro Fuzzy Inference System (ANFIS), Incremental Conductance, Maximum Power
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I. INTRODUCTION

The limitation of the energy sources and
power quality are the major concern of this century
thus most of the literature discuss the problems of
natural resource depletion, environment impact, the
rising demand of new  energy resources and
challenging technologies to overcome these problems.
At present, photovoltaic (PV) generation is assuming
increased importance as a renewable energy source
application because of distinctive advantages such as
simplicity of allocation, high dependability, absence
of fuel cost, low maintenance and lack of noise and
wear due to the absence of moving parts.
Furthermore, the solar energy characterizes a clean,
pollution free and inexhaustible energy source.
We know that the efficiency of the solar PV module
is low about 13%. Since the module efficiency is low
it is desirable to operate the module at the peak power
point so that the maximum power can be delivered
to the load under varying temperature and insolation
conditions. Tracking the maximum power point
(MPP) of a photovoltaic (PV) array is usually an
essential part in order to increase the efficiency of the
system. The problem considered by MPPT techniques
is to automatically find the voltage VMPP or current
IMPP at which a PV array should operate to obtain
the maximum power output PMPP under a given
temperature and irradiance. As such, many MPP
tracking (MPPT) methods have been developed and
implemented. The methods vary in complexity,
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sensors required, convergence speed, cost, range of
effectiveness, implementation hardware, popularity,
and in other respects.
There are two basic approaches in maximizing the
power extraction:

(a) Using automatic sun tracker.

(b) Searching for the MPP conditions.

In automatic sun tracker systems, the solar panels are
controlled to follow the movement of the sun (Rizk &
Chaiko [1]). Due to the high cost and the energy
consumption of the sun tracker, this approach may not
be suitable for energy conversions at a small to
medium power range.

In searching for the MPP condition, many methods
have been tried. The perturb and observe (Eftichios
,Kostas & Voulgaris [2]; Eftichios Koutroulis, Kostas
Kalaitzakis & Nicholas C. Voulgaris [3]; Leyva et al.
[4]; Elgendy, Bashar & David [5]; Sharma & Purohit
[6]; Abdalla, Zhang & Corda [7]; Brito, Sampaio,
Luigi , Melo & Canesi [8]; Ansari , Chatterji & Igbal
[9] ), incremental Conductance (Scarpa, Buso, &
Spiazzi [10]; Altas & Sharaf [11]
;Siwakoti, Chhetri, Adhikary & Bista [12]; Guan,
Hung, Cheng & Chi [13]) and current sweep are some
of the fundamental approaches. Many other
techniques like constant voltage (Elgendy, Zahawi &
Atkinsou [14]), three points prediction Algorithm
(Milea, Zafiu, Marin & Oltu [15]), linear reoriented
coordinates method (LRCM) (Jung, Kim , Park , Choi
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& Chung [16]), fractional-order incremental
conductance method (FOICM) (Lin, Huang, Yi. &
Chen [17]), open-circuit voltage and short-circuit
current (Kumari & Babu [18]), dual module V and |
method (Park, Ahn, Cho & Jong [19]), ON/OFF
control method (Azab [20]), sensor less method
(Kitano, Matsui, & Xu [21]), low cost method (Lopez,
Penella, & Gasulla [22]) etc. are also reported. In all
these methods the duty cycle of the dc-dc converter is
adjusted to track the maximum power point (MPP).A
smart optimal control of the dc-dc converter using GA
techniques is proposed in (Elshaer , Mohamed A &
Mohammed O [23]). Artificial Intelligent techniques
algorithms like Fuzzy Logic (Balasubramanian &
Singaravelu [24].; Wu & Widodo [25]) , Neural
Network (Rai , Kaushika , Singh & Agarwal [26]),
Neuro-Fuzzy (Putri & Rifa [27]; Kamel & K.
Nagasaka [28]; Chaouachi , Kamel & Nagasaka [29])
and Adaptive Neuro Fuzzy Inference System (ANFIS)
(Radianto [30]; Tarek & Benbouzid [31]) to estimate
the MPP using the data collected from several
experiments performed in different environmental
conditions are also reported. A indirect methods has
also been proposed where the, I-V curve is adjusted
through optimization techniques like Partical Swarm
Optimization (PSO) (Ishaque, Salam, Amjad &
Mekhilef [32]). Comparison between different
methods has been performed in (Esram & Chapman
[33]).

Modeling and characteristics of PV module are
described in section Il. Maximum Power Point
Tracking (MPPT) algorithms such as Perturb and
Observe, Incremental Conductance, Neural Network
based MPPT and ANFIS (Adaptive Neuro Fuzzy
Inference System) based MPPT for a PV module is
explained in section Ill. In section 1V, the proposed
hardware design is discussed. Simulated circuits and
waveforms of this research are presented in section V
followed by conclusions VI.

1. PV MODELING

Modeling of a solar cell is done by connecting a
current source in parallel with an inverted diode along
with a series and a parallel resistance as shown in
Fig.1. The series resistance is due to hindrance in the
path of flow of electrons from n to p junction and
parallel resistance is due to the leakage current. The
single diode model shown in Fig 1 was adopted for
simulating the PV module under different irradiance
and temperature levels. PV  modules are
interconnected in a parallel-series configuration to
form PV arrays as shown in Fig 2.
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Fig 1: Single Diode Model of a PV Cell

It has non-linear characteristics, and the basic
mathematical model can be expressed as:

where,

I 'and V are the PV array output current and voltage
respectively,

Iph is the photo-current that is equal to shortcircuit
current Isc,

10 is the reverse saturation current,

np is the number of modules connected in parallel,
ns is the number of modules connected in series,

q is the charge of an electron

k is Boltzmann’s constant,

a is the p-n junction ideality factor, 1I<a<5(a=1
being the ideal value),

and T is the cell temperature.

Practical arrays composed of several connected
photovoltaic cells require the inclusion of additional
parameters to the basic equation :

- (2)

where, Iph and 10 are the photovoltaic and saturation
currents of the array and

Vt = NskT /q is the thermal voltage of the array with
Ns cells connected in series.

Rs and Rp are equivalent series and parallel array
resistances. The light generated current (Ipv) of the
solar cells, depends on the series and parallel
resistances. Datasheets only provides the nominal
short-circuit current (Isc,n), which is the maximum
current available at the terminals of the practical
device. The assumption Isc = Ipv is generally used in
photovoltaic models because in practical devices the
series resistance is low and the parallel resistance is
high. The light generated current of the photovoltaic
cell depends linearly on the solar irradiation and is
also influenced by the temperature according to the
following equation:
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where Ipv,n is the light-generated current at the
nominal condition (usually 25 °C and 1000W/m2), T
and Tn are the actual and nominal temperatures, S and
Sn are actual and nominal radiation and the short-
circuit current/temperature coefficient (KI ). Diode
saturation currents (I0) also depend on the solar
radiation and the cell temperature as:

where, Eg is the bandgap energy of the semiconductor
and 10,n is the nominal saturation current:

with Vt,n being the thermal voltage of Ns series-
connected cells at the nominal temperature Tn. At
normal levels of solar irradiance, the short-circuit
current can be considered equivalent to the
photocurrent Iph, i.e. proportional to the solar
irradiance S (W/m2). But this may result in some
deviation from the experimental result, so a power
law having exponent a is introduced in equation 4 to
account for the non-linear effect that the photocurrent
depends on. The short-circuit current Isc of the PV
modules is not strongly temperature dependent. It
tends to increase slightly with increase of the module

temperature. For the purposes of PV module
performance, modeling this variation can be
considered.
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Fig 2: Equivalent Circuit of PV Module
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Fig 3: Buck Converter Configuration

Fig.3 shows use of buck converter for elevating the
output voltage Vo respect to the input voltage Vin by
fixing the duty cycle D (with a pulse width
modulator) according to the following relation :

(6)

The modeling of the PV cell was done in
MATLAB/SIMULINK by writing the code in the
embedded block. The solar irradiance and temperature
were the input to the PV module and the voltage and
current were the output of the module. The PV array
subsystems were modeled and connected to the MPPT
controller and boost converter. In literature a number
of approaches and models can be found to analyze the
behavior of PVs (U. Boke [35]; Arias & Rivera [36];
Ramaprabha & Mathur [37]).

The PV cell model used in this work is based on the
single diode cell. The VI characteristics ( in green)
of a typical solar cell are as shown in the Fig 4.
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Fig 4: V-1 and P-V Characteristics of PV Cell
When the voltage and the current characteristics are
multiplied we get the P-V characteristics (in blue) as
shown in Fig. 4. The point highlighted as MPP is the
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point at which the panel power output is maximum
(Marcelo, Gazoli & Filho [38]).

11l. MPPT ALGORITHMS

The electrical power generated by a
photovoltaic system depends on solar irradiance |,
temperature and cloud cover. The current and voltage
at which a solar module generates the maximum
power is known as the maximum power point which
is not known in advance. The maximum power point
tracking (MPPT) system basically controls the voltage
and the current of the PV array independently of the
connected load. It is found that the P&O technique is
the most extensively used in commercial MPPT
systems because it is straight forward, accurate, and
easy to implement .MPPT algorithms Perturb and
Observe, Incremental Conductance, Neural Network
and Adaptive Neuro Fuzzy Inference System (ANFIS)
which are implemented on the PV array are described
below ( Ansari , Chatterji & Igbal [39]).

3.1Perturb and Observe

In this method a slight perturbation is
introduced in the system. Thus, the power of the
module alters. Due to the perturbation if the power
enhances, then the perturbation is carried on in the
same direction. After the maximum power is
accomplished, the power at the next instant
decrements and hence the perturbation reverses. As in
this method only one voltage and current sensor is
used the error due to change in irradiance is
introduced.

3.2 Incremental Conductance Method

Incremental conductance method senses both
the wvoltage and current of the PV array
simultaneously thus the error due to change in
irradiance is eradicated. At MPP the slope of the PV
curve is 0.

(dP/dV)MPP=d(VI)/dV

0=I+VdIl/dVMPP

dI/dVMPP = - [/V ==--mmmem- (7
The left hand side of equation 7 is the instantaneous
conductance of the solar panel. When this
instantaneous conductance equals the conductance of
the PV array then MPP is reached. This method is
more complex and the cost of implementation is also
high and this method is suitable for a highly
elaborated system.

3.3 Neural Network based MPPT

Neural network architecture gives the
appropriate solution for the non-linear and complex
systems. Among its types, there is the back
propagation network which is more widespread,
important and useful. The function and results of
artificial neural network (ANN) are determined by its
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architecture that has different kinds. The simpler
architecture contains two layers as shown in Fig. 7.

Hidden Layer Qutput Layer

Input

10 1

Fig 7: Neural Network Model

The input region receives the extern data.
The first layer, hidden layer, contains several hidden
neurons which receive data from the input region and
send them to the second layer, output layer.
In this paper, to map the relationship between the
emulated MPP locus (EML) parameter sets and the
parameters available from the datasheet, a two layer
feed-forward ANN as shown in Fig 7 is utilized. The
input layer in this case consists of PV voltage and
current recorded under different irradiations and
temperatures from a real time system. The number of
hidden layer nodes is 10. The relationships between
the inputs and outputs are given as follows (Chiu,
Luo, Huang & Liu [40]):
Neurons in input layer only act as buffers for
distributing the input signals. The net input of the j"
hidden unit is

------- ®
where is the weighting on the connection from the
i™ input unit, represent the bias for the hidden

layer neurons.
The output of the neurons in the hidden layer is

--(9)
and the net input to the neurons in the output layer can
be written as

where is the weighting on the connection from
the | input unit, represent the bias for the second
layer neurons.

The output of the second layer, , 1s the network
outputs of interest, and these outputs are labeled yy, .

x (11)

The collected data is first processed by MATLAB to
obtain the corresponding emulated MPP locus (EML)
parameter set. Using the collected data as input of
artificial neural network (ANN) and the obtained
emulated MPP locus (EML) parameter as output of
artificial neural network (ANN), the proposed
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artificial neural network (ANN) can be trained using
the Neural Network Toolbox in MATLAB ( Anitha &
Prabha [41]).
A two-layer feed-forward network with sigmoid
hidden neurons and linear output neurons , can fit
multi-dimensional mapping problems arbitrarily well,
given consistent data and enough neurons in its
hidden layer. The network was trained with
Levenberg-Marquardt backpropagation algorithm .
Function fitting is the process of training a neural
network on a set of inputs in order to produce an
associated set of target outputs. Once the neural
network has fit the data, it forms a generalization of
the input-output relationship and can be used to
generate outputs for inputs it was not trained on.
Training data These are presented to the network
during training, and the network is adjusted according
to its error.
Validation data These are used to measure network
generalization, and to halt training when
generalization stops improving.
Testing data These have no effect on training and so
provide an independent measure of network
performance during and after training.
A total of 7609 samples were collected from real time
system out of which 5327 samples (ie) 70% was used
as training data, 1141 samples (ie) 15% was used as
validation data and remaining 1141 samples (ie) 15%
was used as testing data.
The mean square error(MSE) and regression of the
ANN model developed is given in Table 1.

Table 1: ANN Data Set, Mean Square Error and

Regression
Samples | MSE Regression
Training 5327 2.92492e-9 | 1.90887e-1
Validation | 1141 2.82180e-9 | 1.93351e-1
Testing 1141 2.88905e-9 | 1.79767e-1

To validate the ANN model the error histogram and
regression plot are shown in Fig 8 and Fig 9.
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Mean Squared Error (MSE) is the average

squared difference between outputs and targets.
Lower values are better. Zero means no error.
Regression (R) Values measure the correlation
between outputs and targets. A R value of 1 means a
close relationship, 0 a random relationship.
The two-layer feed-forward network with sigmoid
hidden neurons and linear output neurons based
artificial neural network (ANN) model developed
using MATLAB/SIMULINK is shown in Fig.10.

PV Voltage

Process Input 1

Delays 1 Wt 1y

PV Current
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Process Output 1 Duty Cycle

netsum1 purelin

@]
Fig 10: MATLAB/SIMULINK ANN Model

3.4 ANFIS (Adaptive Neuro Fuzzy Inference
System)

Intelligent control is the viable alternative to
conventional control schemes. The uncertain or
unknown variations in plant parameters can be dealt
more effectively by using artificial intelligent
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techniques such as fuzzy logic and neural network.
Hence the robustness of the control system can be
improved. The multilayer feed forward network has
nodes which performs a particular function on
incoming signals. Each node has different formula.
The links in the adaptive network just indicate the
signal flow direction (Liu & Huang [42]; Jang [43];
Shimi, Thilak, Jagdish & Chatterji [44]). The
Investigators have developed an Adaptive Neuro
Fuzzy Inference System (ANFIS) based algorithm for
Maximum Power Point Tracking (MPPT). Voltage ,
current and the duty cycle was recorded under
different irradiations and temperatures from a real
time system. This real time data was used to train the
Adaptive Neuro Fuzzy Inference System (ANFIS)
model using MATLAB/SIMULINK (Fig. 11).

input inputmf rule

outputmf

output

Logical Operations
and

. or

not
Fig. 11. MATLAB/SIMULINK ANFIS Model
IV. PROPOSED DESIGN

In this proposed method the photovoltaic

system uses a MPPT system which automatically
varies the duty cycle of the buck converter in order to
generate the required voltage to extract maximum
power.
The most popularly used MPPT algorithms Perturb
and Observe ,Incremental Conductance, Neural
Network based MPPT and ANFIS based MPPT
algorithms are used for generating the duty cycle of
the buck converter. The block diagram of the
proposed scheme is shown in Fig.12. Voltage and
Current sensors are used to acquire the input PV
voltage and Current and is fed as input to the real time
interface unit ds1104. Dspace 1104 is interfaced with
MATLAB/SIMULINK in PC, which generates the
firing pulse of required duty cycle to fire the buck
converter.
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Fig. 12. Block Diagram of the Proposed System

V. SIMULATED CIRCUITS AND WAVEFORM
To verify the correctness of the proposed
maximum power point tracking (MPPT) methods, a
37 W prototyping circuit is implemented from which
simulations and experiments are carried out
accordingly.
Eldora Micro Series 36 Cell Multicrystalline PV
Module was wused for experimentation. The
parameters of the utilized PV panel is given in Table2.

Table 2 Parameters of the utilized PV panel

Pmax (W) 37
Vingp (V) 18.1
Impp (A) 2.1
Ve (V) 21.77
I (A) 2.26
Efficiency (%) 12.01

The buck converter inductance and capacitance design
was done using the following equations

(12)
(13)

for a switching frequency of 80KHz and inductance

current ripple of 10% the and are
approximated as ImH and 100uF respectively.

The validation of the system developed was done
experimentally using the prototype of the P&O,INC,
ANN and ANFIS based maximum power point
tracking (MPPT) system shown in Fig.13 and Fig. 14.
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Fig. 14 P&O output waveforms on control desk
The MATLAB/SIMULINK implementation of the
Perturb and Observe and Incremental Conductance
MPPT subsystems are shown in Fig 15 and Fig 16
respectively.
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Fig 15: Perturb and Observe MPPT Algorithm
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Fig 16: Incremental Conductance MPPT Algorithm

The real time data acquisition was done using Dspace
and the simulated circuit is as shown in Fig 17

PC with MATLAB/
SIMULINK (MPPT

Fig 17: Real Time Data Acquisition

During the experimentation the irradiation was
changed from 450W/m®> to 910 W/m2 and the
experiment was carried out with different algorithms
such as Perturb and Observe , Incremental
Conductance, Neural Network and adaptive neuro
fuzzy inference system (ANFIS). The power Vs time
plot for all the algorithms are as shown in Fig 18. The
slope for all the curves was also calculated as shown in
Fig 19. By observation it was found that Perturb and
Observe (P&O) algorithm has poor response and lot of
oscillations. Using the linear regression equation
y=a+bx, where the intercept (a) was equated to zero
then the equation becomes y=bx, where b is the slope.
From the results it was found that the maximum b
value resulted in adaptive neuro fuzzy inference system
(ANFIS) which was 15.81. Thus it was conclude that
ANFIS model gave fast response and fewer oscillations
compared to Perturb and Observe, Incremental
Conductance, Neural Network models. Next to
adaptive neuro fuzzy inference system (ANFIS) the
artificial neural network (ANN) model showed a better
result with a slope 15.69. The incremental conductance
model response shows a initial dip and thus the
response the poor.
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VI. CONCLUSION

The Atrtificial Intelligent based Maximum
Power Point Tracking (MPPT) of a Photo-Voltaic
array was implementation using Dspace . The MPPT
algorithms  Perturb and Observe, Incremental
Conductance, Neural Network and Adaptive Neuro
Fuzzy Inference System (ANFIS) were discussed,
implemented and compared. The modeling of the PV
array was performed in MATLAB/SIMULINK. It
was conclude that ANFIS model gave fast response
and fewer oscillations compared to Perturb and
Observe, Incremental Conductance and Neural
Network models. The proposed ANFIS model is a
well trained system and uses only two sensors and
thus making the system cheaper and faster compared
to the ANFIS model discussed in literature. Next to
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adaptive neuro fuzzy inference system (ANFIS) the
artificial neural network (ANN) model showed a
better result. The performances were evaluated by
means of MATLAB/SIMULINK  simulations
interfaced with Dspace control desk and ds1104.
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