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Abstract - The performance of a photovoltaic (PV)
module can be improved by employing maximum
power point tracking (MPPT) controllers. MPPT
controllers are algorithms that are included in PV
battery charge controllers or inverters to extract the
maximum available power from PV modules for any
given temperature and irradiance. Several studies
report that the use of PV modules without MPPT
controllers results in power losses, which ultimately
results in the need to install more solar panels for the
same power requirement. Numerous techniques of
varying complexities have been proposed in the
literature to solve the MPPT objective function. This
paper presents a comparative analysis of three
computational intelligence (CI) based MPPT
techniques namely, the fuzzy logic (FL) based
controller, artificial neural networks (ANN) based
controller, adaptive neuro-fuzzy inference system
(ANFIS) based controller and one conventional
technique, the perturbation and observation (P&O)
controller. These MPPT controllers are designed,
simulated and analysed in the MATLAB/Simulink
environment. The performance of the studied MPPT
techniques is evaluated under steady-state weather
conditions, rapidly changing weather conditions and
varying load conditions. CI-based MPPT controllers
are found to be more efficient than the P&O controller.
Moreover, the ANFIS-based MPPT controller shows an
outstanding MPPT performance for all the scenarios
studied.

Keywords:  Maximum  power point tracking,
computational intelligence, photovoltaic, comparative
analysis, adaptive neuro-fuzzy inference system

1. INTRODUCTION

Climate change and the escalating energy demand are the
driving force behind sustainable energy research and
developments that are impacting all countries and
organizations [1]. To achieve the environmental goals for
the future energy mix, many countries are strongly
promoting renewable energy technologies and energy

efficiency systems. Thus, the study of renewable energy
technologies is now a critically active and growing
research topic. Among the renewable energy sources, solar
photovoltaic (SPV) is considered one of the fastest-
growing renewable energy technologies as shown in Fig. 1

[2].
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Fig. 1 - Installed capacity of SPV systems from 2010 to
2020 [3]

The interest in SPV is growing worldwide due to the
continuous price drop of both the photovoltaic (PV)
modules and solar batteries as well as the advances in
power electronics [4]. However, SPV power generation is
still comparatively costly as compared to traditional energy
sources [5]. And considering their relatively high
installation costs and their low energy conversion
efficiency, SPV systems are not widely applied. Despite all
these challenges, there are so many new innovative
technologies such as machine learning, computational
intelligence (CI) & the internet of things (IoT), that are
being employed to advance SPV systems thereby
improving the competitiveness of solar energy in the
marketplace [6]. CI techniques such as particle swarm
optimization (PSO), artificial neural networks (ANN),
fuzzy logic (FL) and genetic algorithms (GA) are currently
being utilized in several SPV technologies. These
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techniques have the potential to reduce energy losses,
lower energy costs, and facilitate & accelerate the use of
clean energy sources worldwide [7]. Thus, CI techniques
have become an imperative technology as the energy sector
is relentlessly looking for ways to cater for the rapidly
increasing demand for clean, cheap, and reliable energy.
One of the SPV technologies where CI techniques are
being applied is for tracking the maximum power point
(MPP) of PV modules. The maximum power point tracking
(MPPT) concept remains an important technology for
improving the efficiency of PV modules. Several studies
report that the use of PV modules without MPPT
controllers results in power losses, which ultimately results
in the need to install more solar panels for the same power
requirement.  Numerous  techniques of  varying
complexities have been proposed in the literature to solve
the MPPT objective function.

The perturbation and observation (P&O) [8], [9];
incremental conductance [10], [11] and open-circuit
voltage [12], [13] are the examples of conventional
techniques used for maximum power point tracking. The
P&O and incremental conductance are the widely used
conventional MPPT controllers because of their simplicity
in hardware implementation, fewer sensor requirement and
low cost. However, several studies show that these
conventional techniques have various challenges such as
high fluctuations about the maximum power point (MPP),
slow tracking speed and drift issues that arise when there
is rapidly changing weather conditions [14], [15], [16]. In
addition, conventional techniques are only efficient for
uniform environmental conditions and they fail to track the
global maximum power point (GMPP) under partially
shaded weather conditions. With the rise of computational
intelligence, soft computing methods emerged as an
alternative to solve issues associated with conventional
MPPT controllers [17]. These CI-based MPPT controllers
proved to be more efficient because of their ability to solve
complex and non-linear problems. The Refs. [18], [19],
[20], [21] reported the superiority of the FL concept for
MPPT. However, the efficiency of the FL-based MPPT
controller depends on the proper design of fuzzy rules and
membership functions. Thus, there must be a good
understanding of PV systems for one to be able to design
an efficient FL-based MPPT controller. The ANN-based
MPPT controller is also considered as one of the powerful
techniques as given in [22]. The main advantages of
artificial neural networks are that they are capable of
solving very complicated and non-linear problems.
However, ANN-based MPPT controllers have some
disadvantages such as the need for a large amount of
training data and appropriate design of the ANN
architecture [23]. As a result, the efficiency of the ANN-
based MPPT depends on the availability of the training
data and the training procedure. Recently, the ANFIS,
which is a combination of FL and ANN have been
suggested for MPPT. This hybrid system proved to be more
efficient with small oscillations about the MPP as reported
in Refs. [24], [25], [26], [27]. The main advantage of the
ANFIS-based MPPT controller is that it combines the
benefits of two machine learning techniques to overcome
the drawbacks of the individual techniques. Other common
CI techniques that have been reported in the literature for
MPPT include particle swarm optimization (PSO) [28],

[291,[30]; cuckoo search [31], [32]; genetic algorithms
[33], [34] and artificial bee optimization [35], [36]. This
paper presents a comparative analysis of three Cl-based
MPPT techniques namely, the FL-based controller, ANN-
based controller, ANFIS-based controller and one
conventional technique, the P&O controller. It should be
noted that the comparative studies of the above-stated
MPPT techniques given in the literature are only limited to
steady-state weather conditions and varying weather
conditions as given in Refs. [37], [38], [39], [40]. This
comparative study aims to simulate real-life conditions by
taking a step further and evaluate the controllers under
varying load conditions.

1.1. The Concept of Maximum Power Point Tracking

MPPT controllers achieve maximum power transfer from
the source to the load through impedance matching
between the solar modules and the load connected [41].
They force PV modules to always operate at their
maximum power point (MPP) for any given environmental
and loading conditions. The PV power output is non-linear
due to the variation of solar irradiance and temperature. At
any given instant, the PV module’s operating point
corresponds to some unique point on the power-voltage (P-
V) curve. And for the PV module to generate the maximum
power possible, the operating point must always
correspond to the highest value on the P-V curve as given
in Fig. 2. However, when a solar module is directly
connected to the load, the operating point is dictated by the
load connected, that is, it can be at any point on the P-V
curve that may not be the MPP, depending on the
impedance interaction between the solar modules and the
load connected.
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Fig. 2 - Power-Voltage and Current-Voltage curves of
a PV module [42]

Therefore, MPPT controllers are connected between the
solar cells and the load to continuously match the source
and load impedances of the PV systems such that the PV
modules always operate at MPP under varying solar
irradiance, temperature and load.

2. SYSTEM COMPONENTS MODELLING

The studied solar system is made up of a PV module, a DC-
DC boost converter, an MPPT controller and a 10Q
resistive load. The schematic diagram of the system
components is shown in Fig. 3.
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Fig. 3 - System components

2.1. PV modelling

Photovoltaic (PV) can be defined as a process whereby the
solar irradiance is converted into electricity using
semiconductors materials that exhibit a property called the
photovoltaic effect [43]. The equivalent circuit of solar
cells can be derived from the physical characteristics of a
diode, normally called the single diode model. Fig. 4 shows
the equivalent circuit of a single diode model. From Fig. 4,
the current source, I; represents the flow of electrons when
solar radiation hits the surface of a solar PV cell. And the
diode represents the characteristic behaviour of the PN
junction of the solar PV cell. The model has two resistances
namely series resistance and parallel resistance.

Rs /
Ip Is +
ILCt) Rsh 4

o
Fig. 4 - Equivalent circuit of a single diode model [44]

A PV module is formed by connecting several solar cells
and the output current of the module is given by,

q(V+IRy)
=1l —1, [e nRNsT

- 1] — Isn )]

where I, is the photo-current; I, is the saturation current;
q is the electron charge; V is the output voltage of the PV
module; n is the ideality factor of the diode; K is the
Boltzmann constant; N; represents the number of solar
cells connected in series; T is the solar cell temperature; Ig,
is the current through the shunt resistor. The current
produced from the incidence of radiation at a given
temperature is then given as,

G
Iph = [Isc + kl(T - 298) m] (2)
where I is the short circuit current; k; is the temperature
coefficient of the Iy, at Standard Test Conditions (STC); G
is the solar irradiance. The reverse saturation current of the
diode is given by,

_ Isc

Ls = —7v ey — 3
TGN ®

where V,. is the open-circuit voltage. The module’s
saturation current at any given temperature is given by,

a 590(%‘%)
T\3 |7k
Io = Irs (T—n) e
where, T, = 298 K; E, is the bandgap energy. The ART
solar module - 360Wp, 39.0 V Si-monocrystalline type
module was selected for this study. Table 1 represents the
parameters of the selected module at standard test

conditions (STC). The parameters of the module at STC
are given in Table 1.

“4)

Table 1 - Specifications of the ART-solar-360Wp

Quantity Value
Maximum power, Pypp 360Wp
The voltage at MPP, 39.0V
Vupp
The current at MPP, Iypp 9.24A
Ve 47.5V
I 9.71A
Number of cells, N, 72
Temperature coefficient 0.050 %/°C
of the I, k;
Temperature coefficient -0.39 %/°C
of the Py

By using the equations given above and parameters
presented in Table 1, current-voltage (I-V) and power-
voltage (P-V) characteristics curves can be plotted. Fig. 5
& Fig. 6 shows the P-V and I-V curves of the PV module
at 25 °C respectively.
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Fig. 5 - P-V curve of the PV module
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Fig. 6 - I-V curve of the PV module
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2.2. DC-DC boost converter

MPPT controllers are implemented using DC-DC
converters. In this study, a boost converter is utilized for
transferring the maximum power from PV modules to the
load. A boost converter is comprised of two semiconductor
switches namely, the diode & Mosfet, an inductor and a
capacitor. The boost converter is turned ON when the
Mosfet switch is closed. During the ON-state, the inductor
current increases and the energy is stored in an inductor in
the form of a magnetic field. On the other hand, by opening
the Mosfet switch, the boost converter gets into the OFF-
state. In this state, the inductor discharges and the current
flows through the diode, capacitor, and load. The
input/output relationships of the voltages and currents of
the boost converter are given by,

_ VW %)
%_1—0

I = (1 =D)lin (©)

where V, is the output voltage of the converter, V;, is the
input voltage to the converter, I, is the output current of the
converter, I, is the input current to the converter. The
detailed design of the boost converter is explained in Refs.
[45], [46]. Therefore, the specifications of the DC-DC
boost converter for this study are given in Table 2.

Table 2 - DC-DC boost converter specifications

follows,

g, =P _ P~ Puey (7)
KTAV T Ve — Vg

AEy = Ex — Eg-1y (3)

where P, and Vj, are the instantaneous power and voltage
of the SPV system respectively. Fig. 7 shows a schematic
diagram of an FL-based MPPT controller.
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Fig. 7 - Schematic diagram of an FL-based MPPT

controller

Table 3 - Merits and demerits of an FL-based MPPT
controller

2.3. THE STUDY OF FOUR TECHNIQUES USED
FOR MPPT

MPPT is generally a process of searching for the optimum
operating point, where the maximum available power can
be extracted from PV modules. In this study, four MPPT
controllers are here presented,

- FL-based controller.

- ANN-based controller.

- ANFIS-based controller.

- P&O controller.

(a) FL-based MPPT controller
Fuzzy logic control was invented to address uncertainty
and imprecision which widely exist in real-life engineering
problems. FL controllers were adopted for MPPT to
resolve the challenges in conventional controllers such as
too many oscillations about the MPP and high settling time.
The inputs for fuzzy logic based MPPT controllers are
usually an error, E, and change in error, AE and the output
can be the duty cycle itself, or the V,,,, and I,p,. The FL
algorithm uses the voltage or power values from the PV
system to calculate the error value and change in error as

Parameter Symbol Value Advantage; Drawbacks
Tnput voliage v 39V Very few fluctuations Una.ble to learn from the
. about the MPP environment.
Input current lin 9.24 A Very good dynamic Very difficult to derive fuzzy
Duty ratio Di, 0.35 response. rules and membership functions.
Inductor L 3.7mH No need for the training | The system performance is
Load resistance R 10 Q data, the design is based | directly affected by the fuzzy
Output capacitor C, 87.5 uF on real-time variables. rules
Input capacitor C; 4000uF
Switching frequency 7 20 kHz (b) ANN-based MPPT controller

An artificial neural network (ANN) is a mathematical
method that tries to simulate how biological neural
networks work. Artificial neurons learn from previous or
given examples so that if they encounter such a situation
again in the future, they will be able to give a solution. For
MPPT, the ANN inputs are usually PV array parameters
like Vy¢ and Ig¢, environmental data like solar irradiance
and solar cell temperature or any combination of these [22].
The output can be the voltage or current at the MPP or the
duty cycle which will then drive the PV module to operate
at the MPP. Fig. 8 shows an ANN-based MPPT controller
connected to the utility grid.

Table 4 - Merits and demerits of an ANN-based MPPT
controller

Advantages
Very efficient with a few
fluctuations about the MPP

Drawbacks
A large amount of datasets is
needed for training the
system
A proper design of the ANN
architecture is required
Periodic tuning is needed
because of the ageing of PV
cells

Fast response
accurate

Limited dependence on the
system parameter variations

and very
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Fig. 8 - A setup of an ANN-based MPPT controller
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(c) ANFIS based MPPT controller

An adaptive neuro-fuzzy inference system is a data
learning technique that integrates fuzzy logic with artificial
neural networks. It uses fuzzy logic for transforming
system inputs into the desired outputs by using highly
interconnected artificial neural networks. ANFIS combines
the benefits of two machine learning techniques to
overcome the drawbacks of the individual techniques.

Layor 2 Layor 3 Layord VP Ip Layors
» |
Layor 6
» 2
[
¥ d
3
4

Fig. 9 - The ANFIS architecture

ANFIS based MPPT controller can have different input
variables such as irradiance, temperature, V. and Is.. The
output to the ANFIS controller can be the current or voltage
at the MPP or the duty cycle of the converter which then
drives the PV module to operate at the MPP. Fig. 9 shows
the architecture of an adaptive neuro-fuzzy inference
system.
Table 5 - Merits and demerits of an ANFIS based
MPPT controller
Advantages
Highly efficient for both
steady and rapidly varying
environmental conditions.
Fewer oscillations about
the MPP

Drawbacks
A large amount of datasets
is needed to train the
system
Relatively expensive to
implement because more
sensors are needed.
Periodic tuning is needed
because of the ageing of
PV cells

Low computational time

(d) P&O MPPT controller
This method is also well-known as hill climbing and is one
of the oldest algorithms for MPPT. The Perturbation and
Observation method is considered the cheapest MPPT
technique due to its easy implementation and the
requirement of fewer parameters [9]. Fig. 10 illustrates the
concept of the P&O technique. The first step in this method
is to introduce a perturbation/disturbance in the PV
module’s operating voltage. The modification of the
module’s voltage is achieved by varying the duty cycle of

the DC-DC converter. After introducing a disturbance, the
present value of the power output is calculated and
compared to the previous value to give a difference in
power, AP. If AP is greater than zero, the perturbation is
kept in the same direction and when it becomes negative
the perturbation is reversed. This process is repeated
several times until the MPP is reached.

MpPP
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Fig. 10 - MPPT using the P&O techniques

Table 6 -Merits and Demits of a P&O MPPT technique
Advantages Drawbacks
Relatively low-cost, easy | Slow tracking speed and

and simple to implement. | drift issues

Periodic tuning is not | Poor performance for
needed because this | tracking the GMPP and
technique doesn’t depend | under rapidly varying
on the PV module’s | weather conditions.
parameters

3. RESULTS ANALYSIS AND DISCUSSION

Three computational intelligence-based MPPT techniques
(FL based controller, ANN-based controller & ANFIS-
based controller) and one conventional MPPT technique
(P&O controller) are designed and implemented in this
comparative study. They are designed, modelled and
analysed in the MATLAB/Simulink environment. The
MPPT controllers are simulated for steady-state weather
conditions, rapidly varying weather conditions and varying
load conditions to analyse their dynamic response.

Case 1: Simulating the controllers at Standard Test
Conditions (STC).

All the MPPT controllers are simulated at STC (1000W/
m? & 25 °C), and then a comparative analysis is performed
to study the behaviour of each controller. The ideal MPP
of the PV module at STC is 360W. The comparison of the
MPPT controllers is shown in Fig. 11.

The MPPT controllers are compared in terms of their
tracking efficiency and speed. The tracking efficiency

(Tgsy) is given by,

ftPMPP dt
Teps = 7 2 X 100% 9)

0 Pideal MPP dt

ISSN 2067-5534 © 2022 JSE 16



JOURNAL OF SUSTAINABLE ENERGY VOL. 13, NO. 1, JUNE, 2022

where Pypp represents the maximum power point for each
controller and Pjz.q; ypp represents the desired/ideal
maximum power point for given environmental conditions.
The tracking speed is measured as the time the controllers
take to settle down.

It is observed that the settling times for the ANFIS-based
MPPT controller and ANN-based MPPT controller are
very small whilst the FL-based MPPT controller and P&O
controller take much time to track the MPP. The P&O
controller fluctuates a lot as compared to the other three
controllers as given in Fig. 12. It should also be noted that
although the FL-based MPPT controller doesn’t oscillate a
lot about the MPP, it has a poor efficiency as compared to
the other three controllers. The overall performance of all
the controllers is satisfactory for steady-state weather
conditions, however, the ANFIS-based MPPT controller
demonstrates the best performance as compared to other
controllers. Table 7 gives the tracking efficiencies and
speed of the studied MPPT controllers for steady-state
weather conditions.
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Fig. 11 - Steady-state comparison of the MPPT

controllers.
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Fig. 12 - Zoomed diagram of the dynamic response of
the controllers.

Table 7 - Tracking efficiencies of the controllers for
steady-state weather conditions.

MPPT Technique Tracking | Settling
efficiency time
ANFIS 99.92% 0.02s
P&O 99.68% 0.1s
ANN 99.60% 0.02s
FL 96.68% 0.05s

Case 2: Simulating the controllers under rapidly
varying solar irradiance and constant temperature.

At this point, the performance of the studied MPPT
controllers is evaluated under rapidly varying solar
irradiance levels (1000W/m?, 850W/m? 500W/m?, and
50W/m? ). The power output comparison of the four
controllers is given in Fig. 13.
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Fig. 13 - Simulations of the controllers under varying
solar irradiance levels.
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Fig. 14 - The drift phenomenon of the P&O controller.
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All controllers exhibit a satisfactory tracking performance
but with different levels of accuracy. Cl-based MPPT
controllers show a better dynamic response as compared to
the P&O controller. The P&O encounters a drift
phenomenon, a condition where there is an incorrect
decision for either decreasing or increasing the duty cycle
for rapidly changing solar irradiance levels. The drift
phenomenon of the P&O controller is illustrated in Fig. 14
(between 0.4s to 0.5s).

Case 3: Simulating the controllers under varying solar
irradiance and varying temperatures.

The MPPT controllers are simulated whilst varying both
the solar irradiance and temperature. In this case, four real
data sets of solar irradiance and temperature are used. The
data sets are given in Table 8. Fig. 15 shows the dynamic
response of the controllers for rapidly varying solar
irradiance and temperature. The ANFIS-based MPPT
controller and ANN-based MPPT controller give the best
performance for rapidly changing weather conditions. The
tracking efficiency of the FL-based MPPT controller and
P&O controller is very poor as shown in Fig. 15.
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Fig. 15 - Simulations of the controllers under varying
solar irradiance and temperature

Table 8 - Data sets of solar irradiance and temperature

Solar Irradiance Temperature
633 W/m? 30.6 °C
440 W/m? 25.2°C
222 W/m? 20.1°C
30 W/m? 15.2°C

Case 4: Simulating the controllers under varying load
conditions.

At this point, the MPPT controllers are evaluated under
varying load conditions to extra evaluate their robustness
and effectiveness of these controllers. The load is changed
as shown in Fig. 16. It should be noted that all CI-based
MPPT controllers show an outstanding performance under
varying load conditions. Moreover, the ANN-based MPPT

controller and ANFIS-based MPPT controller offer a better
tracking efficiency as compared to the FL-based MPPT
controller. The P&O MPPT controller suffers from high
oscillations for higher load conditions (400, 25Q & 35Q).
It performs fairly under low load conditions (between 0.4s
and 0.6s) as shown in Fig. 17.
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Figure 16 - Load variations for the MPPT controllers.
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Fig. 17: MPPT controllers under varying load
conditions and constant weather conditions.

The poor performance of the P&O MPPT controller can be
explained by the fact that this controller depends on fixed
step sizes to either increase or decrease the duty cycle of
the boost converter and it doesn’t adapt to any changes to
the variables in the system. Fig. 18 shows a diagram of
heavy oscillations of the P&O MPPT controller under
varying load conditions.
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Fig. 18 - Zoomed view of the P&O MPPT controller
oscillations.

Case 5: Simulating the controllers under varying solar
irradiance and load conditions.
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Fig. 19 - Simulations of the controllers for varying
load conditions and varying weather conditions.

The controllers are also evaluated under varying weather
conditions and varying load conditions to find out the best
MPPT controller for the worse scenario. Fig. 19 gives the
power output curves for the controllers. CI-based MPPT
controllers can effectively track the MPP of the solar
modules while the P&O MPPT controller suffers from
heavy oscillations about the MPP.

4. CONCLUSION

In this article, four MPPT controllers are described and
compared for extracting the maximum available power
from a PV module. The MPPT controllers are designed,
simulated and analysed in the MATLAB/Simulink
environment. For evaluation, the controllers are studied
under steady-state weather conditions, rapidly changing
weather conditions and varying load conditions.
Simulation results show that all Cl-based MPPT

controllers perform better than the P&O MPPT controller.
Additionally, the ANFIS-based MPPT controller offers the
best performance for every scenario studied, with the same
level of consistency. The performance of the FL-based
MPPT controller is poor for rapidly varying solar
irradiance as compared to other MPPT controllers. For
future work, the performance of the FL-based MPPT
controller may be enhanced by optimizing the design of its
membership functions using optimization techniques like
genetic algorithms and particle swarm optimization. The
P&O MPPT controller suffers from heavy oscillations for
varying load conditions and the tracking speed is slow
resulting in power wastages.
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