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Abstract— Due to scarcity of fossil fuel and increasing demand of
power supply, we are forced to utilize the renewable energy
resources. Considering easy availability and vast potential, world
has turned to solar photovoltaic energy to meet out its ever
increasing energy demand. The mathematical modeling and
simulation of the photovoltaic system is implemented in the
MATLAB/Simulink environment and the same thing is tested
and validated using Artificial Intelligent (Al) like ANFIS. This
paper presents Maximum Power Point Tracking Control for
Photovoltaic System Using Adaptive Neuro- Fuzzy “ANFIS”.
The PV array has an optimum operating point to generate
maximum power at some particular point called maximum
power point (MPP). To track this maximum power point and to
draw maximum power from PV arrays, MPPT controller is
required in a stand-alone PV system. Due to the nonlinearity in
the output characteristics of PV array, it is very much essential to
track the MPPT of the PV array for varying maximum power
point due to the insolation variation. In order to track the MPPT
conventional controller like Adaptive Neuro-Fuzzy “ANFIS” and
fuzzy logic controller is proposed and simulated. The output of
the controller, pulse generated from PWM can switch MOSFET
to change the duty cycle of boost DC-DC converter. The result
reveals that the maximum power point is tracked satisfactorily
for varying insolation condition.
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Keywords—Photovoltaic;
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L INTRODUCTION

Today photovoltaic (PV) systems are becoming more and more
popular with increase of energy demand and there is also a
great environmental pollution around the world due to fossils
and oxides. Solar energy which is free and abundant in most
parts of world has proven to be economical source of energy in
many applications [1]. The energy that the earth receives from
the sun is so enormous and so lasting that the total energy
consumed annually by the entire world is supplied in as short a
time as half an hour. The sun is a clean and renewable energy
source, which produces neither green house effect gas nor toxic
waste through its utilization. It can withstand severe weather
conditions, including cloudy weather. The watt peak price is
decreased since the seventies, this leads to large scale
promising areas. It does not have any moving parts and no
materials consumed or emitted. Unfortunately,[3] this system

has two major disadvantages, which the low conversion
efficiency of electric power generation (9 to 16%), especially
under low irradiation conditions and the amount of electric
power generated by solar array changes continuously with the
weather conditions like irradiation and temperature. To
overcome this problem, maximum power point tracking
(MPPT) technique will be used.

Fuzzy logic control “FLC” and adaptive neuro-fuzzy “ANFIS”
control. The tracking algorithm integrated with a solar PV
system has been simulated with boost DC-DC converter in
stand - alone PV system. The proposed PV system with boost
DC-DC converter is shown in Fig.1. The given model operates
very fast in comparison on with available methods and has
proper accuracy in maximum power point tracking (MPPT).

PV Array

Fig.1. Photovoltaic module with DC-DC boost converter.

II. MATHEMATICAL MODELING OF
PHOTOVOLTAIC CELL

A PV cell can be represented by an equivalent circuit [9] as
shown in Fig. 2. The characteristics of this PV cell can be
obtained using standard equation (01).
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Fig. 2 Equivalent circuit of PV cell



Ipy = photovoltaic current

Io = saturation current

V= Ns k T/q, thermal voltage of array

N; = cell connected in series

T = is the temperature of the p-n junction

k = Boltzmann constant

q = electron charge

Rs = equivalent series resistance of the array

Rp = equivalent parallel resistance of the array

a = diode ideality constant

Fig. 2 shows the single diode model. A single solar cell will
produce only a limited power. Therefore it is usual practice in
order to get desired power rating the solar cells are connected
in parallel and series circuits which form a module. Such
modules are again connected in parallel and series to form a
solar array or panel to get required voltage and current. The
equivalent series and parallel resistance of the array are
denoted by the symbol Rg and Rp respectively in the
equivalent circuit.

From the general [-V characteristic of the practical
photovoltaic device one can observe that the series resistance
Rg value will dominate in the voltage source region and the
parallel resistance Rp value will dominate in the current source
region of operation.

The general equation of a PV cell describes the relationship
between current and voltage of the cell.

Since the value of shunt resistance Rp is high compared to
value of series resistance Rg the current through the parallel
resistance can be neglected. The light generated current of the
photovoltaic cell depends linearly on the solar irradiation and
is also influenced by the temperature [10] given by the
equation (02)
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n

Ipy= is the light generated current at nominal condition (25°C

and 1000 W/ m2)

AT=T-Tn

T = actual temperature [K]

T, = nominal temperature [K]

K = current coefficients

G = irradiation on the device surface [W/m2]

G, = nominal irradiation

The current and voltage coefficients Ky and K are included as

shown in equation (03) in order to take the saturation current

Io which is strongly dependent on the temperature.

_ len T KA (03)
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Ky = voltage coefficients

K; = current coefficients

Fig. 3(a) and Fig. 3(b) give the power voltage (P-V)
characteristics of a PV module for different values of solar
radiation and temperature. The short circuit current is clearly
inverse dependence to the temperature; an increase in
temperature causes a reduction of the open-circuit voltage
(when sufficiently high) and also more maximum output
power.

(@ (b)
Fig.3. Simulated waveforms showing the effect of
(a) Irradiation and (b) temperature on P-V characteristics.

The manufacturer’s data at standard conditions are given as
Puax = 80W, Imax = 4.515 A and Vmx = 21.6V. The simulation
results obtained were: Pmax= 78.51W, Inx= 4.35 A and Vi =
18.2 V. [4-8]

Simulated I-V, P-V characteristics for the maximum power
point tracking (MPPT) is shown in Fig.4.

At this Maximum Power Point (MPP), the solar array is
matched to its load and when operated at this point the array
will yield the maximum power output. From Fig. 4 (a) & (b),
it is observed that the power output has an almost linear
relationship with array voltage unit, hence the MPP is attained.
Any further increase in voltage results in power reduction. [5]

MPP J

Fig.4. PV array simulated curves
I-V curve (25°C) and (b) P-V curve (1000w/m2).

III. DC-DCBOOST CONVERTER

A dual stage power electronic system comprising a boost type
dc-dc converter and an inverter is used to feed the power
generated by the PV array to the load. To maintain the load
voltage constant a DC-DC step up converter is introduced
between the PV array and the inverter. The block schematic of
the proposed scheme is shown in Fig.5.
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Fig. 5 A MPPT Controllers in a PV System



In this scheme a PV array feeds DC-DC converter used in step-
up configuration.. For a dc-dc boost converter, by using the
averaging concept, the input—output voltage relationship for
continuous conduction mode is given by

Vo __ 1 (04)
Vin (1 -D )

Where, D = duty cycle. Since the duty ratio “D” is between 0
and 1 the output voltage must be higher than the input voltage

in magnitude. [2-3]

IV. ADAPTIVE NEURO-FUzzy MPPT CONTROLLER
A. Adaptive neuro-fuzzy principle

A typical architecture of an ANFIS is shown in Fig. 6, in which
a circle indicates a fixed node, whereas a square indicates an
adaptive node. For simplicity, we consider two inputs X, y and
one output z. Among many FIS models, the Sugeno fuzzy
model is the most widely applied one for its high
interpretability and computational efficiency, and built-in
optimal and adaptive techniques. For a first order Sugeno fuzzy
model, a common rule set with two fuzzy if—then rules can be
expressed as:

Rule 1:if x is A} and yis B;;thenz, = p)x+0,y+n
Rule 2:if x is A, and yis B,;thenz, = p,X+Q,y+1,
Where Ai and Bi are the fuzzy sets in the antecedent, and pi, qi
and ri are the design parameters that are determined during the
training process. As in Fig. 6, the ANFIS consists of five
layers:

Layerl Layer2 Layer3 Layer4 Layer5
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Fig. 6 Architecture of ANFIS.

Layer 1: Every node i in the first layer employ a node
function given by:

O = p (¥), =12

1 | 05)
OI = 'LlBi:Z (X)’ 1:374

Where Ha and 4 can adopt any fuzzy membership
function (MF) [15].

Layer 2: Every node in this layer calculates the firing strength
of a rule via multiplication
Of =@ = pup (Vg (), i=1,2 (06)
Layer 3: The i-th node in this layer calculates the ratio of the

i-th rule’s firing strength to the sum of all rules firing
strengths:

o =wi=—9=1 |

i i=1,2 07)
@ + @ -

Where i is referred to as the normalized firing strengths.

Layer 4: In this layer, every node i has the following function:
Ot =wizi=wi(px+0q;y+r), i=1,2 (08)
Where @iis the output of layer 3, and {p;,q;,5}is the

parameter set. The parameters in this layer are referred to as
the consequent parameters[14-16].

Layer 5: The single node in this layer computes the overall
output as the summation of all incoming signals, which is

expressed as:
2

0} = Z @iz, = @2, + ©y7, .
i=1
The output z in Fig. 3 can be rewritten as [7- 9]:

2=(@x) pr-+(@1y) oy +(@ )1 +(@2x) py +(@2y) 6 +{@2) - (10)

i=1,2 (09)

B. Adaptive neuro-fuzzy controller

The ANFIS controller generates change in the duty cycle D,
based on speed error ( e ) and derivate in the speed error ( de )
defined as:

e =AP

de = dap

dt

Where AP is changes in power
In this study first order Sugeno type fuzzy inference was used
for ANFIS and the typical fuzzy rule is:

ifeis A; and de is B;; then z; = f(e,de)
Where A and B are fuzzy sets in the antecedent and z = f
(e,de) is a crisp function in the consequent[13].
The significances of ANFIS structure are:

Layer 1: Each adaptive node in this layer generates the
membership grades for the input vectors A; , i =1,...,5. In this
paper, the node function is a triangular membership function:

0, e<a;

T8 4 <es<h,

b; — a;
Ol = up(e), {=——. bi<es<c
i = A 5 P i = = b
I ' C|_bi

0, c;<e

Layer 2: The total number of rule is 25 in this layer. Each
node output represents the activation level of a rule:

O7 =@ = min 1y (€)ptg (de)), i=1,...,5.

Layer 3: Fixed node i in this layer calculate the ratio of the i-
th rule's activation level to the total of all activation level:



Layer 4: Adaptive node i in this layer calculate the
contribution of i-th rule towards the overall output, with the
following node function:

O = wiz; = wi (pie+ qide + ;).

Layer 5: The single fixed node in this layer computes the
overall output as the summation of contribution from each
rule:

0f = @iz = UL Ol
-t @, + 0,

The parameters to be trained are (a;, b; , and ¢; ) of the premise
parameters and (p;, g;, and r; )of the consequent parameters.
Training algorithm requires a training set defined between
inputs and output [11 - 12]. Although, the input and output
pattern set have 150 rows. Fig.7 shows optimized membership
function for e and de.
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Fig. 7 Optimized membership

E

AE
The number of epochs was 500 for training. The number of
MFs for the input variables e and de is 7 and 7, respectively.
The number of rules is then
49 (7*7 = 49).The triangular MF is used for two input
variables. It is clear from (15) that the triangular MF is
specified by two parameters.
Therefore, the ANFIS used here contains a total of 95 fitting
parameters, of which 28 (7* 2 + 7*2 = 28) are the premise
parameters and 147 (3* 49 = 147) are the consequent
parameters. The training and testing root mean square (RMS)

errors obtained from the ANFIS are 4*7 .10 and 5%3.10°°
respectively.

q

Layer 1 E: Layer 2 '

_______________________________

Fig. 8 The graphical representation of ANFIS system two input and
one output variable

RESULTS AND DISCUSSION

Simulation of neural fuzzy algorithm as MPPT on PV system
is done by providing interference in the form of solar
irradiation and temperature changes because these two
variables affect PV output voltage and current.

A. Solar irradiation and temperature Fixe

Les figures 10a, 11b, 12¢, 13d shows the simulation results of
the PV system with a PV Power of 112 W without disturbance
at irradiation of 1000W/m2 and temperature of 25°C.

The responce of the system when we use ANFIS control is
better than FLC control but with an overshooting in the
dynamic response. In the both system of controls produce a
maximum power point voltage of 20.17V as shown in Fig. 10a
and Fig. 11b corresponding to characteristic P-V and I-V. The
outputs of FLC and ANFIS regulators are connected to the
boost converter, so they produce a duty cycle as shown in
Fig. 13d. At steady state conditions output power reached the
value of 112 W.
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Fig.10 MPPT characteristic P-V
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B. Solar irradiation and temperature change

In this condition the output voltage transient response of buck
converter shows the simulation results by giving solar
irradiation disturbance. At the initial conditions for solar
irradiation of 1000 W/m2 and changes until 800W/m? in t=5s
and in t=25 increased to its initial conditions.

At the initial conditions, the PV temperature of 50°C then
decreased at a temperature 25°C with different value of solar
irradiation.

From t=5s to t=10s the fixed temperature 50°C and solar
irradiation decreased from 1000 W/m’ to 800 W/m’, PV
output power of 112 W and will decreases to low value which
causes by the decrease of the current in the output of the boost.
This suggests that changes in solar irradiation will lead to
changes in the PV output current. The two MPPT’s controller
produces changes in d, as shown in Fig 13h.

From t=10s to t=15s the fixed solar irradiation 800 W/m” and
temperature decreased from 50°C to 25°C, PV output power of
88 W and will increases to high value which causes by the
decrease of the current in the output of the boost as shown in
Fig 10e,caused by the changing of the value of the duty as
shown in Fig 13h . This suggests that a change in PV
temperature is inversely proportional to changes in the PV
output current.

From t=20s to t=25s the fixed temperature 25°C and solar
irradiation increased from 800 W/m?”to 1000 W/m?, PV output
power of 98 W and will increases to high value as shown in
Fig 12f,,which causes by the increase of the current in the
output of the boost as shown in Fig 12g.

The change the value of D is very small as well as the
environmental parameters change. This change of D value will
affect the converter output voltage that reaches steady at 20.5
V. Because the D value changes only very little then the
converter output voltage change is also small as shown in Fig
10a.

V. CONCLUSION

This paper has presented neural fuzzy for controlling PV
system output voltage to operate at maximum power point
although happened temperature and irradiation changes.
Applications of neural fuzzy controller on MPPT of PV
showed a good performance. The system was analyzed and
designed, and performance was studied by simulation with
Simulink/Matlab. PV system can operate at maximum power
point although occur temperature and sun irradiation change
that can shift maximum power point.
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