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The solar photovoltaic energy is becoming popular in the modern-day distribution networks due to the clean energy factor. The
photovoltaic modules exhibit a nonlinearity in the output power concerning the environmental conditions. This work suggests an
adaptive neuro-fuzzy inference system- (ANFIS-) based maximal power point tracker (MPPT) for the optimization of the solar
photovoltaic system (SPVS). The controller modelled is utilized to optimize the output power of a DC-DC converter connected
to a 400W PV array. The entire model is analysed employing MATLAB/SIMULINK using primary features provided by the
technical data. The behavior of the controller modelled is tested for various weather conditions and partial shading conditions.
The findings show the controller’s tracking speed effectiveness and dynamic response in PSCs.

1. Introduction

The solar photovoltaic modules depend on irradiance and
temperature for the power generation, but these two factors
vary with varying atmospheric conditions like weather, cli-
mate, and seasons. Other conditions like partial shading due
to cloud cover, nearby trees, buildings, and dust also have
adverse effects on PV-based power generation [1–3]. This
introduces the need for power optimization in solar photovol-
taic power generation, which will keep track of the maximum
power point and optimize the power accordingly. Amaximum
power point tracker can be defined as a technique employed in
renewable energy-based power generation units like solar pho-
tovoltaic or wind turbines to extract maximum power output
at uncertain conditions [4, 5].

The commonly used maximum power point tracking
methods like hill climbing methods (perturb and observe
method and incremental conductance method) have more
and recurrent oscillations around the maximum power value
tracked. Hence, they are inaccurate in foreseeing the MPP
during adverse atmospheric conditions. However, they are
easy to design and implement. These techniques involve less
hardware, and hence, they are highly cost effective. [6, 7].

Artificial neural networks employ learning based on the
behavioral or operational pattern of the concerned applica-
tion, which enables speed and independence over the appli-
cations where it is employed. ANN-based MPP tracking
gives good outputs in ordinary environmental occasions
but is unable to follow MPP in shading conditions [8]. The
training method has a significant impact on its performance.
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ANN trained for a specific capacity of the PV system is not
employable again, and this makes it exclusive and unsalable.
Also, periodic tuning of the nodes is required to keep up

with the present operating conditions of the PV system as
it ages with time [9]. Fuzzy-based MPPTs show better per-
formance as given in Section 1. However, designing the
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Figure 1: V-I characteristics of the PV array.
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membership functions and the rules are a complex process.
Also, the precision of the entire system depends on this
design; any manual flaw can affect the output. But in the case
of the ANFIS controller, all the MFs and rules were based on
the data obtained from the specifications of the PV array. So,
it increases the accuracy and eliminates the complexity in
the design.

The ANFIS controller combines the merits of neural net-
works and fuzzy logic together. These controllers exhibit fast
response with good efficiency at all weather conditions mak-

ing it more suitable for nonlinear systems like SPV modules.
The rules and the membership functions for the ANFIS con-
troller are autodesigned through the learning/training pro-
cess, which brings down the design complexity in the fuzzy
controller [10–13]. Solar PV modules function by converting
the light energy in the photons into electrical energy, so irra-
diance is an unrulable input. The performance of the solar
modules is affected by the operating temperature. Since
humidity and wind velocity influences the temperature,
there is no need for additional emphasis on it.
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2. Modelling of the Solar Photovoltaic System

The solar module can be expressed as a mathematical equa-
tion as in equation (1). The current of the photovoltaic mod-
ule under uniform irradiance is derived from equation (1).

I =NpIph −NpIo exp
q Vpv + IpvRs
� �

NsAKT

( )

− 1
" #

, ð1Þ

where Iph is the photocurrent of the module, Np is the num-
ber of parallel module connections, Ns is the number of
series module connections, Io is the diode saturation current,
k is the Boltzmann constant, q is the elementary charge of
electron, A is the quality factor of the diode, Rs is the series
resistance, Vpv is the module voltage, and Ipv is the current.
The solar array designed for the study has five Canadian
Solar CS5C-80M modules serially connected. The maximum
power of a single module is 80.15W with an open-circuit
voltage (V

̲ oc
) of 21.8V and a short-circuit current (Isc) of

4.97A. The voltage-current characteristics of the designed
array under various irradiances and various temperatures
are given in Figure 1.

2.1. Boost Converter. The boost converter is a DC-DC con-
verter used to increase the DC voltage produced by the solar
PV array. The circuit of the boost converter is given in
Figure 2.

The rate of conversion is usually determined by duty
cycle D. It is obtained on the basis of maximum power value
tracked by the MPPT. The connection among the input volt-
age V i, output voltage Vo, and the duty cycle D of the boost
converter is given in equation (2).

Vo
V i

=
1

1 −D
: ð2Þ

The optimum D value to remove the mismatch among
the resistance of PV module RPV and load resistance RL is
given in equation (3).

RPV = RL 1 −Dð Þ2: ð3Þ

The inductor value in the TON state is given in equation
(4).

L =
VD
ΔILF

: ð4Þ

The boost converter performs better in the continuous
conduction mode ΔIL ≥ 2 Ii, so equation (4) becomes

L ≥
D 1 −Dð Þ2RL

2F
: ð5Þ

The value of the output capacitor in the TON state is
given in equation (6).

CO =
DIo
ΔVoF

: ð6Þ

The ripple value of the output voltage Vo should be con-
sidered while calculating the output capacitor value. For a
desired output capacitance value, the ΔVo = 0:02Vo. So,
equation (6) becomes

CO ≥
D

0:02FRL
: ð7Þ

The value of the input capacitor can be calculated from
equation (8).

Cin =
V iD

8FLΔV i
: ð8Þ

The input capacitor reduces the input voltage ripple, so
for the desired input capacitance, ΔV i ≥ 0:01V i. This makes
equation (8) as follows:

Cin ≥
D

0:08F2L
: ð9Þ

The parameters of the 1 kHZ, 100V boost capacitor with
RL of 10Ω include a 0.625mF inductor, 0.01C input capac-
itor, and 2.5mC output capacitor. All the component values
are calculated with a duty value of 0.5.
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3. ANFIS-Based MPPT

Adaptive neuro-fuzzy inference system ropes in functionali-
ties of ANN and fuzzy logic. The Sugeno fuzzy controller
can be trained by an ANN to derive the precise membership

functions for the variables based on their interrelatedness
[14, 15]. The weights of the nodes involved also can be
derived to make up a complete rule base. The solar irradi-
ance and ambient temperature or the PV array voltage and
PV array current can be used as inlet of the model. The
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Figure 9: Architecture of the proposed ANFIS MPPT.
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ANN helps to easily tune the membership function and rule
table [16, 17]. The inference system of the ANFIS controller
matches to a set of fuzzy rulebooks with learning fitness for
the optimization of nonlinear functions. The fuzzy rule sets
for a two-input (x, y)–one output (z) FIS can be given as
follows:

The 1st rule is that if x is A1 and y is B1, then,

f1 = p1x + q1y + r1: ð10Þ

The 2nd rule is that if xisA2andy is B2, then,

f2 = p2x + q2y + r2: ð11Þ

And the output function is given by equation (15).

f =
w1 f1 +w2 f2
w1 +w2

=w1 f1 +w2 f2: ð12Þ

The architecture of the ANFIS with two inputs (x, y) and
one output (z) is given in Figure 3.

3.1. Layer 1. All the nodes are usually adaptable. In the out-
put of node i in this layer O1, i depends on the input of the
membership functions of the respective node I.

O1, i = μAi xð Þ, for i = 1, 2,

O1, i = μBi−2 yð Þ, for i = 3, 4:
ð13Þ

Here, x and y are the inputs and Ai and Bi are fuzzy sets
in the parametric form associated with node i. In this work,
membership functions used for the inputs x and y are
Gaussian.

3.2. Layer 2. Nodes are fixed and the output of the node i is
the result of input functions. This layer acts as a multiplier
and is called a neural network layer.

O2, i =wi = μAi xð Þ ∗ μBi yð Þ, for i = 1, 2: ð14Þ

3.3. Layer 3. All the nodes are fixed and characterized by N .
In the output of layer 3, O3, i is called standardized firing
strengths since it is the sum of the firing strengths of rules
from the previous layer.

O3, i =wi =
wi

w1 +w2
, for i = 1, 2: ð15Þ

3.4. Layer 4. The characteristics of the nodes are adaptable
and the parameters are consequent. This is a fuzzy logic
node with a parameter set {pi, qi, ri}. The output of the node
is shown in equation (16)

O4, i =wif i =wi pix + qiy + rið Þ, for i = 1, 2: ð16Þ

3.5. Layer 5. It has only one node fixed and its output is com-
puted as a total of every incoming signal. The output func-
tion of this node is shown in equation (17).

O5, i =〠
i

wi f i =
∑iwi f i
∑iwi

, for i = 1, 2: ð17Þ

The architecture of an ANFIS is not a unique design; dif-
ferent layers can be combined as required by the application.
The training algorithm of the ANFIS tunes the alterable
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Figure 12: Output power of the optimizer with ANFIS MPPT at
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parameters in the adaptive layers (layer 1—Ai, Bi; layer 4—pi
, qi, ri) to match the output of the training datasets. The
datasets were generated through simulation of the solar PV

array under various weather conditions by randomly alter-
ing the solar irradiance and temperature values.

The ANFIS model proposed depends on the zero-order
Sugeno fuzzy model. The Sugeno fuzzy model has built-in
features for training the fuzzy controller. It is time efficient
and less complex. The output of the PV array implies two
main factors—irradiance hitting over it and temperature.
The relationship between the output power and these two
factors are studied through correlation analysis. Where Pear-
son’s coefficient of correlation between the power and irradi-
ance and power and temperature are 0.97264 and 0.78435,
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Figure 15: Output power of the ANFIS MPPT at PSC I.
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Table 1: Output values.

Evaluation
parameters

Pmax
(kW)

Tr
(ms)

η
(%)

Oscillations Sensors

ANFIS 0.502 3 30.23 No G, T

7International Journal of Photoenergy



respectively. Hence, irradiance G (W/m2) and temperature T
(°C) are considered the inputs for the ANFIS controller. The
maximum voltage (Vm) generated at a given instance is con-
sidered as the output and is fed into a duty generator. The
duty cycle generator is a basic pulse width modulator which
compares the ANFIS output with the measured voltage Vpv
and produces the duty pulse for the boost converter based
on the difference between the two voltages. The Sugeno
fuzzy model with two inputs and one output is given in
Figure 4.

The ANIFIS is trained with 231 datasets acquired from
the I-V and P-V characteristics of Canadian Solar CS5C-
80M modules at various weather conditions. The datasets
were simulated based on the real-time data of Canadian
Solar CS5C-80M modules. And the best sets were selected
for training the ANFIS. The datasets employed in the train-
ing are shown in Figure 5, and the output of the training are
shown in Figure 6. The membership functions of the corre-
sponding input variables are shown in Figures 7 and 8.

The architecture of the proposed ANFIS is shown in
Figure 9.

The proposed controller has 81 rules and they are plot-
ted in three dimensions as in Figure 10. There are 81 rules
in the proposed controller. These rules were obtained by
training the controller with the datasets. The rules are
depicted in the pictorial form in Figure 10.

The ANFIS generates a reference duty value, based on
which the duty generator creates the duty signal to control
the boost controller output. The ANFIS-based maximal
power point tracker is simulated in MATLAB/SIMULINK
for the proposed solar PV array of five Canadian Solar
CS5C-80M modules serially connected to a boost converter
for optimizing the output power. The SIMULINK design is
portrayed in Figure 11.

4. Results & Discussion

The proposed optimizer is tested under different conditions
as presented as follows.

4.1. Standard Test Condition. The standard test conditions
indicate that the SPV array works using an irradiance of
1000W/m2 and temperature of 25°C. The controller boosts
the input voltage level to match the load voltage; hence,
the values are higher. The output power of various maxi-
mum power point techniques at STC is compared with the
output power of the PV array and it is shown in Figure 12.

4.2. Under Rapidly Varying Weather Conditions. The PV
array was tested for rapidly varying atmospheric conditions,
which was achieved by varying the irradiance and tempera-
ture pattern. The inlet signals of the SPV array for varying
weather condition VWC is given in Figure 13.

4.2.1. Partial Shading Conditions. The partial shading condi-
tion I is influenced in the PV array by reducing the irradi-
ance input of one module by half (500W/m2). In this
condition, two modules out of the five in the PV array are
partially shaded with irradiance values of 400W/m2 and

500W/m2. In this condition, three modules out of the five
in the PV array are partially shaded with irradiance values
of 400W/m2, 500W/m2, and 600W/m2. Figure 14 describes
the effect of partial shading condition III on power-voltage
characteristics of the array.

Figures 15–17 represent the output power of the ANFIS
MPPT at PSC I, PSC II, and PSC III, respectively. The
ANFIS controller responds faster at all PSCs and shows no
power fluctuations. The fuzzy controller converges at the
same speed as the ANFIS controller in PSC I and II but
shows a remarkable response delay under PSC III. More-
over, the fuzzy controller exhibits a little fluctuation under
PSC I.

The efficiency is given by equation (18), where Pmax is
the maximum power produced in Watts, G is irradiance in
W/m2, and A is the area of total array A = 1:6864m2 as in
Table 1.

η =
Pmax
GA

× 100: ð18Þ

5. Conclusion

Soft computing approaches are well suited to handling non-
linear issues due to their aptitude and inimitability. Depend-
ing on the problem type, almost every technology has certain
inadequacies. ANFIS technology proves better convergence
and efficiency over the fuzzy technique. Yet, the perfor-
mance of the ANFIS controller depends on the eminence
of the training datasets. Nature-based algorithms like genetic
algorithms can be employed to optimize the datasets
employed in training the ANFIS controller to further
improve its efficiency.
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