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Due to their inherent ability and environmentally friendly nature, renewable energy sources are the only real option for producing
pollution-free energy in the modern era. Solar energy is one of the best possibilities in this family for supplying civilization with the
power and energy it needs. Researchers can efficiently boost a PV panel’s efficiency by using the maximum power point tracking
(MPPT) approach to extract the most power from the panel and send it to the load. The authors of this study examined and
surveyed the sequential advancement of solar PV cell research from one decade to the next, and they elaborated on the upcoming
trends and behaviours. Many maximum power point tracking algorithms (MPPTs) that are employed in photovoltaic systems
(PVSs) that function under both uniform and partial shade situations are structurally summarized in this work. Well-written
descriptions of the features of photovoltaic modules are followed by a variety of effective control strategies, including both AI-
based and traditional controllers. In addition, appropriate knowledge of the various controllers is essential when the PV system is
exposed to partial shade, keeping in mind the different control systems’ classifications in this situation. A thorough analysis of
several soft computing-based techniques is also included, as well as many classical controller-based PV systems. First, well-
developed traditional MPPT methods are used, followed by artificial intelligence-based MPPT approaches. Later, a thorough
comparison of the various MPPT-controlling approaches is established. For PV systems operating under partial shade conditions
(PSCs), the advantages and disadvantages of the various MPPT techniques are outlined, contrasted, and assessed. Future research
directions for MPPT are also being investigated. A collection of several datasets pertaining to various control processes that were
gleaned from various research articles has also been presented. Researchers working on PV-based MPPT and those working in the
sectors of renewable energy production and environmentally sustainable development would be very interested in the findings of
this review study.

1. Introduction civilization and the industrial revolution. More so, these

sources create natural contamination, which is hazardous
Since the turn of the century, renewable energy sources  for us. In this scenario, nonconventional energy sources may
(REGS) have taken the lead as an energy source. Conven-  be a perfect and prominent alternative for the sophistication
tional energy sources cannot meet the energy demand of the ~ of human development. So, using nonconventional energy is
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an important and correct decision in this current century.
The three technologies that have been most widely used in
recent decades are solar photovoltaic systems, wind
turbines, and energy storage systems [1, 2]. The solar PV
system takes the main limelight on itself due to its ease of
availability in most parts of the world, large irradiance,
and least running cost (i.e., maintenance and operating
cost). The primary problems researchers face are irregular
irradiance and variable atmospheric temperature, two of
which are the main input parameters for solar PV
modules during implementation. Solar PV module faces
drastically lower efficiency under fluctuating weather
conditions. To overcome this drawback, maximum power
point tracking (MPPT) is an effective and hot technique
for researchers to harvest the maximum power from PV
panels [3, 4].

Various MPPT methods have been discussed and
summarized in [5, 6]. Future research must include
a thorough examination and summary of the various MPPT
approaches. Irradiance and ambiguous temperature have an
impact on the nonlinear behaviour of the output nature from
a PV array. Scientists know about this nonlinear behaviour
of PV systems from the I-V and P-V curves [7]. To uplift the
efficiency of the PV system, detecting maximum PV power
(MPPT) is essential and vital under both normal and partial
shedding conditions [8, 9]. PV panel installation experiences
various surrounding factors such as clouds, tall mansions,
and birds, which can create nonuniform shades over the
panel. In this circumstance, several peaks take place in P-V
curves [10, 11]. These points are known as local maximum
power points (LMPPs); furthermore, only one point among
these meets the highest point known as the global maximum
power point (GMPP) [12, 13].

Numerous research studies have already been carried out
to monitor maximum power points (MPPs) in order to get
the most power possible from PV panels under constant
irradiation levels. Over the past few years, scientists have
shared multiple review articles on this subject. Many of these
articles elaborated on conventional MPPT techniques such
as the Pb&O technique [14-20], incremental conductance
method [20-22], constant voltage algorithm (CVA) [23-25],
hill climbing algorithm (HCA) [26, 27], and traditional
metaheuristic controllers such as the conventional fuzzy
logic controller [28-33] and neural network [34]. An
adaptive MPPT on PI controller-based parameters opti-
mized through the harmony search (HS) algorithm was
introduced in [35]. Easy implementation, simple structure,
and rapid convergence made these methods attractive and
unique. However, these methods cannot make a disparity
between LMPP and GMPP. The superiority and drawbacks
of these traditional techniques have been summarized in
[36, 37]. To eliminate the disadvantages faced by conven-
tional techniques, researchers are now focusing on artificial-
intelligence-based methods along with optimization algo-
rithms to enhance the efficiency of solar PV modules. Soft
computing, artificial intelligence (AI), and bioinspired (BI)
are some of the most important advanced MPPT technol-
ogies that can alleviate some of the issues raised by standard
MPPT controllers [38].

International Transactions on Electrical Energy Systems

The global maximum power point (GMPP) is routinely
tracked using metaheuristic optimization techniques when
dealing with partial shading issues [39]. Intensive use of an
optimization-based method, such as particle swarm opti-
mization (PSO) and artificial bee colony (ABC), has been
implemented in the past to increase the efficiency of solar PV
panels [40-43]. However, these algorithms do not give
superior performance separately. Hybrid metaheuristic al-
gorithms give fruit-bearing results for tracking maximum
power in the solar P-V curve to overcome this discrepancy.
A novel grasshopper-based FLC system optimization of the
solar PV system for handling specific temperature changes as
well as irradiance [44], the merger of differential evaluation
(DE) and particle swarm algorithm (PSO) [45-47], grey wolf
optimizer [48, 49], whale optimization-based MPPT con-
troller [50], genetic algorithm [51], cuckoo search algorithm
[52], salp swarm optimization (SSO) [53, 54], and grass-
hopper optimization (GHO) [55] were introduced for in-
creasing the tracking speed and efficiency of the panel. A
detailed survey of the MPPT performance comparing four
metaheuristic algorithms has been introduced in [56]. The
closest survey of searching MPPT by finding the utmost duty
cycle was used in [57]. The tracking efficiency of five separate
optimization methods, i.e., PSO, GA, differential evolution
(DE), harmonic search (HS), and differential PSO (DPSO),
was compared. Choosing the right control parameters for
several of these algorithms is crucial to their performance.
Making the best choice for the control parameters is a dif-
ficult process, especially under changing weather conditions.
Some researchers like hybrid MPPT methods for enhanced
efficiency, low settling time, and better convergence rate
towards maximum power point [50, 58-62]. The hybrid GA-
P&O-based MPPT technique was introduced in [63] for
minimising the steady-state oscillations in the traditional
P&O technique. A new model reference adaptive control
(MRAC) is introduced in [64]. The proposed controller’s
average tracking efficiency is 99.77% and 99.69% under
diverse temperature and radiation conditions. The combi-
nation of artificial intelligence-based MPPT methods and
traditional methods is a hot cake for many researchers.
Intelligence control-based methods have strong optimiza-
tion ability and superior controlling capability. However,
researchers are facing some drawbacks of the aforesaid
methods that these intelligence-based MPPT methods are
suffering from poor real-time performance, low practicality,
and high computational complexity. Therefore, MPPT
control for a PV system should fully utilise the existing range
of control methods to give full play to their individual
advantages, growing strengths, and avoiding weaknesses,
especially under crucial situations such as PSCs. The authors
firmly feel that some improvisation on the intelligence-based
MPPT’s limitations must be made, and this may be a po-
tential route for future research in this area. Following the
abovementioned discussion, it is required to summarise
these techniques through one review article. While writing
the article, the authors must emphasise that soft computing
and artificial intelligence techniques must look into the
partial shedding problem. In this paper, chief MPPT tech-
niques are analyzed and segregated based on their
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enactment. Their good parts are elaborately discussed and
differentiated among themselves, mostly in variable atmo-
spheric conditions. The original contributions of the article
are summarized as follows:

(1) To elaborate briefly on materialising MPPT tech-
niques considered in a few articles. Many review
articles published earlier were deficient in discussing
the advantages and weaknesses of various MPPT
algorithms. As most of the articles were trying to
cover all traditional and updated approaches, it is
natural that deep and adequate discussion was not
present in them. The concern paper eliminates this
drawback efficiently.

(2) To emphasise MPPT algorithms considering the
partial shading problem as choosing an efficient
technique demands new considerations to ensure
that they are well organized and show the best results
in typical environmental conditions. Al-based
methods can fulfil the problems mentioned above.
That is why, the present paper primarily deals with
those algorithms.

(3) To establish interfacing between conventional and
Al-based modified controllers on solar MPPT so that
they easily meet the requirements of researchers.

(4) To overcome the low areas (i.e., wrong real-time
performance, low practicality, and excessive com-
putational complexity) and future direction of re-
search in the MPPT field.

The rest of the paper is organized as follows. Section 2
discusses mathematical modelling and characteristics of the
solar PV cell. Section 3 concentrates on various MPPT-
controlling methods, including conventional and artificial
intelligence methods. Section 4 compares various MPPT
techniques and modern research, and possible future
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where Ipyc is the output current and Vi is the output
voltage of the solar PV panel, Ipy o is the solar photo-
electric current, Igc is the diode saturation current, A is
the diode’s ideality factor (value lies between 0 and 1), g is
the charge of the electron (q=1.602x107"°C), and K is
the Boltzmann constant (K=1.380649 x10>*joule per
Kelvin (K)). In the abovementioned equation, Rp; is the
parallel resistance of the PV panel, which is generally
a significant value and often approaches infinity because
it has very little influence. Rg; is the series resistance of
the panel.

A solar PV system typically consists of a variety of PV
modules. A structure resembling a thread is created by
connecting these in sequence. One peak, known as the
maximum power point (MPPT), can be found in both the P-

directions are outlined in Section 5, and last, the gist of the
discussion is encapsulated in Section 6.

2. Photovoltaic Module Characteristics

2.1. Under Uniform Irradiance and Atmospheric Condition.
The two main variables that directly affect the output power
of solar PV panels are sun irradiation and air temperature.
To achieve MPPT, new values of those two components will
therefore be needed. It is also crucial that the solar cell
manufacturer accurately specifies the open circuit voltage
(Vocen) and short circuit current (Igcn) values on the
datasheet. Notably, a PV module is made up of a number of
cells connected in both series and parallel. Series connection
is generally used for increasing the voltage level, and the
current level is increased by parallel connection. An array of
PV cells is framed by several PV panels [65, 66]. Seven
parameters are generally helpful in analyzing the PV output
characteristics such as open circuit voltage (V ocy) and short
circuit current (Igcy) [67, 68]. All these parameters are
introduced with their name in Table 1. It is worth men-
tioning that the solar cell manufacturer provides the data-
sheet containing the parameters mentioned above and under
standard test conditions (STCs), their solar irradiance is
maintained at 1000 W/m?, and the atmospheric temperature
is 25 C. In this paper, SOLKAR 36 W is chosen, and different
electrical parameters are summarized in Table 1. Without
the equivalent circuit model, it is impossible to define the
actual characteristics of the PV module. So it is very much
needed to design a solar PV cell equivalent circuit illustrated
in [14]. The I-V curve is accustomed to knowing about the
behaviour of solar PV characteristics.

To increase the output power, the slide of the solar cell is
continuously connected either in series or parallel, con-
firming that all slides in the PV module increase the output
power. According to the equivalent circuit of the PV module
[7], we have

q (Vpy + IPVC)) _ 1] Vpve + Ipyc Rp Neg (1)
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V and I-V curves under typical operating conditions (i.e.,
homogeneous ambient temperature and constant solar ir-
radiation) [69]. Multiple peaks are seen in the P-V and I-V
curves when those two components are not uniform under
partial shedding situations, as opposed to the usual oper-
ating ambient conditions. The global maximum power point
(GMPP) is one of these peaks that displays supremacy, and
the other peaks are referred to as local maximum power
points (LMPPs) [70-72].

2.2. Partial Shedding Condition (PSC). PV modules are
connected in series or parallel mode to increase the system’s
overall output power and efficiency. A solar PV system
incorporated under uniform and nonuniform irradiance is
shown in Figure 1. It is crucial and impenetrable to track



TaBLE 1: Parameter specification of SOLKAR 36 W PV module.

Parameter Variable Value
Open circuit voltage Voen 21.24 (V)
Short circuit current Isen 2.55 (A)
The voltage at maximum power VmpeN 16.56 (V)
Current at maximum power Ivippn 2.25 (A)
Power at maximum power Pyippn 37.08 (W)
No. of slide in series Nge 36
No. of slide in parallel Nopa 1
T IP\ IL
—N
_TV PV Array T Vi Converter v, % Load

1

Pulse
Generator

FIGURE 1: Block diagram of the PV system with the MPPT
technique.

maximum power points under shaded and nonuniform
solar irradiance [73-78]. The entire PV panel, or perhaps
a portion of it, is obscured by the enormous mansion, flying
birds, long trees, or occasionally by clouds. In this nonlinear
and nonuniform shadowed state, a hotspot emerges in the
PV module, which significantly increases the PV string
output. In order to mitigate such an issue, the bypass diode is
linked with the module. In addition, this setup guarantees
the least amount of systemic harm.

Uninterrupted operation in the cell of the PV system,
which is under shaded, imprudent reverse biased voltage,
can cause the creation of the abovementioned hotspot. As
a result, an open circuit condition occurs in the whole PV
system, which is another cause for inserting a bypass diode
with a prearranged number of cells in series [79, 80]. To
defend the PV system during reverse current conditions, the
blocking diode may connect at the termination of each series
string. Figure 2 shows the PV array along with the bypass
and blocking diode. The property of the PV system, along
with the bypass diode, is divergent from those without this
diode. Under partial shading conditions, the same current
does not flow as the bypass diode provides a substitute path
for the current to flow. As a result, a number of peaks are
created in the P-V curve. Thus, suitable MPPT techniques
must be required to choose the global maximum point
among these local peaks.

3. Controlling Methods of the Solar PV System

The performance of the many main MPPT algorithms is
evaluated and categorised in this paper. Their benefits are
described and contrasted with those of other techniques, with
an emphasis on partial shade circumstances and nonuniform
solar irradiation. Figure 3 classifies the ongoing techniques.
They fall under the following three primary groups:
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FIGURE 2: PV array with bypass diode.

(a) Conventional MPPT methods
(b) MPPT methods based on artificial intelligence

(c) MPPT methods under nonuniform irradiance and
temperature

3.1. Conventional MPPT Methods. Further conventional
MPPT methods are subdivided into two types: based on
parameter selection and straight controlling methods, which
depend on sample data.

3.1.1. Methods Based on Parameter Selection. Controlling
methods under this section are primarily the constant
voltage algorithm, open circuit voltage tracking algorithm,
short circuit tracking algorithm, and current scanning
method.

The constant voltage algorithm (CVA) is the most
straightforward and effortless method based on the hy-
pothesis that a linear correlation is maintained between the
open circuit voltage and the voltage of the PV module at
a maximum power point [25, 81]. The major drawback of
this method is that MPPT cannot be efficiently tracked in
lower settling time when there is a substantial atmospheric
change in the temperature.

The open circuit voltage tracking algorithm (OCVTA)
originates from the open circuit, and in this method, the
voltage of the PV module decreases in floating voltage steps
and thus senses the varying voltage. The output nature of the
maximum power point voltage V,, will change propor-
tionally with open circuit voltage V- under nonlinear
atmospheric conditions. A relation between V) and V', can
be calculated as

VM = Ka'VOC’ (2)

where K, is a proportionality constant, always smaller than
1, because open circuit voltage depends logarithmically on
the short circuit current [82, 83]. We can estimate the value
of the proportionality constant by detaching the PV module
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Conventional

Methods
based on Al

MPPT
Techniques

Techniques
under PSC

1. CVA [19-21]

2.OCVTA [61]

3. SCTA [59-60]
4. CSN [62]

Based on
parameter
Based on
sample data

1. Pb&O [65-68]
2. HCM [75, 76]
3.1Cn [69-71]
4. PFB (77, 78]

1. FLC [85-93]
2. ANN [79-81] | ( \
3. SMC [144]
1.PSO [112-114]
2. GA [128-131]
3.GWO [134]
P 4. FFOA [158]
Baseﬁ"“ 5. TLBO [151]
sott 6. ACO [141-143]
computing 7. ABC [146-148]
method
and so on
-

1. PSO-FLC [122]
2. GA-ALFC [130]

3. GWO-ALFC [133]
4. PSO-ANN [82]

Hybrid
method

Ficure 3: Classification of MPPT methods.

from the load. Some research articles used OCVTA in stubby
light irradiance [84].

The short circuit tracking algorithm (SCTA) is another
conventional approach where the working principle is al-
most analogous to the CVA algorithm. The short circuit
current of the PV array (Iy.c) continuously changes with an
uncertain atmosphere, mainly due to irradiance. The PV
module’s current in maximum power point condition
(Iyax) varies directly with short circuit current (Igc). The
following equation can express this relationship:

Tvax = KSCTA'ISCC, (3)

where K¢-ry is a proportional constant whose value is al-
ways smaller than 1, which is very lightly affected by tem-
perature [25, 81].

The current scanning method (CSN) is another pa-
rameter selection based on the conventional MPPT method.
This method suffers from a slower tracking speed than
conventional approaches [85].

3.1.2. Straight Controlling Approaches Depending on Sample
Data. Implementing such methods is quite easy as these do
not follow any model. Due to this, such kind of an approach
is quite attractive to researchers. These are sampled data-
based approaches which help to track maximum power
points. Some methods under this category are perturb and
observation (Pb&O) methods, incremental conductance

(ICn), hill climbing method (HCM), and power feedback
(PFB).

Pb&O is the most popular and extensively used method
because this approach does not need any prior knowledge of
the system. Voltage is an essential function, as the PV array’s
output power differs. This method measures little changes in
operating voltage; consequently, changes in power (AP) are
also estimated. If a change in power (AP) is positive, an
escalation in voltage is also observed to reach MPPT. So
change in power error can be quickly scented by a little
voltage error. In this algorithm, MPPT can be achieved by
constantly tracking the voltage change of the PV array,
which is the primary source of output power fluctuation.
Due to its uncomplicated structure and easy execution,
Pb&O is well-suited for grid connections and standalone
systems and can give higher efficiency [86, 87]. This method
yields increased efficiency and is ideal for uniform and
constant temperature conditions. The output of the system
oscillates about MPPT under partial shade, which is un-
desirable because temperature and irradiance are continu-
ally changing. To resolve this Pb&O issue, a minor
adjustment has already been made [19, 88-90].

The incremental conductance method (ICn) is another
popular approach for finding MPPT, mostly dependent on
the solar P-V curve slope [21, 22, 58], [91] maintaining dp/
dv=0 and dI/dP=0 [92]. Under changing atmospheric
conditions, this algorithm tracks MPPT efficiently. Due to
its complex control process, accuracy is hampered



sometimes. More so, voltage incremental step size varies
directly with tracking error here. To overcome these
drawbacks, modified approaches were adopted [93]. In
another modified approach, the voltage from the PV array
(Vpy) and current (Ipy) is taken into consideration [94]. So,
uncertain atmospheric conditions can be noticed according
to PV array voltage and current for reaching MPPT.
Compared with traditional ICn, modified methods can ef-
ficiently track MPPT with lower settling time and negligible
oscillation around MPPT [95].

The Pb&O algorithm is similar to the hill climbing
technique (HCM). The MPPT point in the P-V curve may
deviate with certain variations in irradiance and tempera-
ture. Therefore, this issue can make it difficult for the HC
controller to track MPPT. Global MPPT tracking control
could therefore go in the incorrect way. A modified adaptive
technique was suggested in [96, 97] as a solution. Thus,
adaptive HCM can more closely track MPPT than traditional
HCM, and power loss is also reduced.

Power feedback (PFB) is another rare tracking method
for MPPT. After accumulating output voltage and current
from the solar PV array, this method computes output
power in both hardware and software. This method is
workable and suitable under fluctuating weather conditions
but is not dependable. It modifies output voltage depending
on the power difference between current and past cycles. The
output voltage may differ from the same output power. The
operating principle of these approaches is well elaborated in
[12, 98].

3.2. MPPT Methods Based on Artificial Intelligence. The
behaviour of the P-V curve is not uniform and will fluctuate
continuously under changing irradiance and atmospheric
temperature. This situation generates several peaks, so the
traditional technique cannot track MPP. To overcome this
drawback, nowadays, artificial intelligence-based MPPT
methods are extensively applied in solar PV systems. Some
methods that fall under this category are FLC and ANN.
Artificial neural network (ANN) is one of the popular
and simple methods based on biological neural systems
[99-102]. A neural network is constructed by interrelated
basic units called neurons. Neurons pass information and
signal. A neural network generally has three layers: an input
layer, an intermediate layer, and an output layer, as shown in
Figure 4. Each neuron is connected through synaptic weight
with the next layer. Instructions are kept as a set of con-
nection weights. An appropriate training process can
achieve proper modification of connection weights. After
getting proper training, weights carry essential information,
but those are haphazard and meaningless before training.
When ANN is implemented in a solar PV system, illumi-
nation, short circuit current, and open circuit voltage may be
used as input and duty ratio, and the voltage is an output
parameter. In modern research, ANN collaborates with
other intelligent techniques to get better results. For a re-
duction in training time, particle swarm optimization (PSO)
was incorporated with ANN [103]. A different strategy was
presented in [104] to improve control settings and enhance
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FIGURE 4: Schematic diagram of an artificial neural network.

output outcomes. In [105], a hybrid approach based on ANN
and incremental conductance was presented. The primary
objective is to track MPP in a variety of atmospheric situ-
ations. Field programmable gate array (FPGA)-based ex-
perimental verification was used to replicate the suggested
approach and test its viability. When compared to perturbs
and the observation approach for partial shade situations,
the new method demonstrated its superiority. An artificial
neural network (ANN) has the main advantage of not re-
quiring a mathematical function in a physical system model.
ANN performs well, but it has a problem with its lack of
internal state memory. As a result, it takes a long time to
analyze input and cannot process a sequence of data. Due to
the long computational time, the ANN method is not
suitable for tracking GMPP under changing atmospheric
conditions.

Fuzzy logic is the most frequently used artificial
intelligence-based technique whose operation is based on
a predetermined set of rules [106-109]. FL is the most at-
tractive controller to researchers due to its simplicity, and it
does not need prior knowledge about the system [110]. Each
decision is based on a degree; approximation values occur
despite exact values in the fuzzy logic controller [111, 112]. A
classical fuzzy logic-based controller is based on the fol-
lowing three steps: fuzzification, rule interfacing engine, and
defuzzification. A simple block diagram of this controller is
shown in Figure 5

Based on the controller outline, input variables are
generally termed as error “e” and change in error “Ae.” In
a fuzzy logic-based MPPT controller, input variables can be
expressed as

_AP(t) _P(t)-P(t-1)

AV V() -V(E-1) @

e(t)

Ae(t) =e(t) —e(t-1), (5)

where P (t) and V() are the PV module’s power and voltage,
respectively. The work function of the fuzzification block is
to convert crisp input data into specific linguistic binary
values, which is impossible without the help of the mem-
bership function. Although several types of membership
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Fuzzification Defuzzification TaBLE 2: Rule base used in FLC controller.
—/ SN v AP

Input Decision :()| /\(\I:{>| Output ‘ NL NS Z0 PS PL

— A NL PL PS NL NS NS

NS PS PS NL NS NS

Rul Z0 NS NS NS PL PL

Base PS NS PL PS NL PL

PL NL NL PL PS PL

FIGURE 5: Block diagram of the conventional fuzzy logic controller.

functions such as trapezoidal, triangular, and Gaussian are
already used in fuzzification, the triangular membership
function is mainly used and popular. Abbreviations such as
“NL,” “NS,” “Z0O,” “PS,” and “PL” given in Table 1 are used
as negative large, negative small, positive small, and positive
large [113, 114]. As the complexity increases with more
membership functions introduced in the fuzzification pro-
cess, processing time increases comprehensively, but
a higher accuracy can be claimed. The rule interface engine is
used to control output variables according to the behaviour
of the interface engine. Five rule-based interfaces have al-
ready been introduced in Table 2. The “If-then” rule concept
has been introduced here, which needs knowledge about the
system. Another interface method is the “Mamdani” ap-
proach which is based on the max-min approach. In the
defuzzification process, membership functions are once
again converted into a crisp output, that is, a numeric value
from a linguistic value. Among the different defuzzification
methods such as the center of the area (COA) and the mean
of maxima (MOM), the COA approach is more prevalent in
application [115].

3.21. Ancient Research on FLC and Their Limitations.
When the system is highly nonlinear, complex, and has
unpredictable model alterations over time, the fuzzy logic
controller (FLC) is a dependable technique. The main
characteristic of FLC is the integration of specialised
knowledge and experience into language rules for system
control. Furthermore, FLC exhibits superior dynamic and
steady-state performance since it can track the MPPT
rapidly and is stable once it is reached. Nevertheless, the
primary drawbacks of FLC are its complicated imple-
mentation and the possibility of drift due to variations in
irradiance. The creation of rule tables, the definition of fuzzy
sets, and the form of membership functions all call for
greater intuition and experience from designers, which has
an immediate impact on the accuracy and speed of tracking.
In early works, the authors used [116] fuzzy logic controller
in the MPPT system, but the main problem was that its
efficiency was compromised under partial shading condi-
tions. Another asymmetrical fuzzy logic controller was
introduced by Liu et al. [117]. Their ultimate results give less
transient time with 42.8% improvement and higher accuracy
with 0.06% than symmetrical FLC. Concerning the
abovementioned method, it is worthwhile to say that the
FLC controller also suffers from disadvantages such as
excessive dependency upon membership function and
sound knowledge required on the PV system.

Taking into account the drawbacks listed above, several
scientists combine optimization techniques with standard
fuzzy logic controllers. The fuzzy logic controller is com-
bined by the authors of [118, 119] with the BAT algorithm
and the grasshopper algorithm, respectively. To increase
system independence, the FLC controller is integrated with
various optimization techniques in [117, 120-123], [109].
Another updated fuzzy logic controller [124] uses a single
input to cut operation time and complexity.

3.3. MPPT Methods under Nonuniform Irradiance and
Temperature. Under partial shading conditions, when the
solar irradiance and temperature are not uniform, FLC or
artificial neural network alone may not be efficient due to the
long settling time and lack of accuracy. Under these cir-
cumstances, different soft computing techniques, as men-
tioned above, have been introduced. These hybrid methods
not only improve overall system accuracy but also reduce
complexity and give higher efficiency in minimum tracking
time. In this section, several optimization methods such as
particle swarm optimization (PSO) [125], genetic algorithm
(GA) [126],grey wolf optimization (GWO) [127], ant colony
optimization (ACO) [128], artificial bee colony optimization
(ABC) [129], cuckoo search algorithm (CSA) [130], and
teaching learning-based optimization (TLBO) [131], and
their implementation on MPPT are discussed.

3.3.1. Particle Swarm Optimization. Particle swarm optimi-
zation (PSO) is a robust metaheuristic search-based optimi-
zation algorithm introduced by Kennedy and Ebrahat in 1995.
Community behaviour of flocking birds and schooling fish is
the key to developing this algorithm. Different communal
agents are used to interchange their knowledge in this process.
Every agent is called a particle, and these particles try to move
to their best position found by themselves. Following this
procedure, each particle is addressed towards an optimal so-
lution or close to the optimal solution at the end
[132, 133].Compared with other optimization algorithms,
better class solutions within a shorter period of time can be
claimed from PSO [134]. We can obtain the prospective so-
lution by the particle used in this algorithm. With pre-
determined velocity, each particle flies, which can be managed
considering their flying experience. The main steps of this
algorithm are described as follows.

(1) Allocation. The population size of the algorithm is ini-
tialized in this first step by haphazardly selecting particles
that are taking part in the optimization. According to the



quantity of variables, D is creating a solution in dimensional
space. From this space solution, particles are selected. When
information is missing, particles randomly initialise the first
step of the algorithm, and subsequent phases perform the
optimization process.

(2) Gesture. The present location (X)) of every particle
acquires a velocity of (V)), which is essential for finding
a superior position compared with the present. The best
position (Pg.) and global best position (G,.) of an I-th
particle are already introduced, which is achieved from the
real solution.

The succeeding position of the particle solution of the
conventional algorithm is given in the following equations:

V1f+1 =u=s<V]1<+m1 *C *(Pbe—le)
(6)

+m, *C, * (Gbe - X]f),

XF = xh 4 v, (7)

where i denotes the optimization vector variable, k is the
iteration number, V¥ and X* are the velocity and position of
the ith variable for the k th iteration, u is the inertia weight
factor, ¢, is an individual coefficient particle, ¢, is a social
coefficient particle, and m, and m, are random variables and
the value of these variables lies between 0 and 1.

1> €5, and u values are highly sensitive, as a slight change
in this parameter can harshly affect the convergence speed
and accuracy of the system. The effect of inertia weight is also
not negligible as it has a relation directly with the conver-
gence speed. A slower convergence may be observed if the
value of inertia weight is significant.

(3) Judgement. In the modified location, the fitness of the
particles is examined and reserved for subsequent iterations.
Most OK location (P_(f)) is the superior position denoted
by the ith particle up to the updated iteration, which is
updated if equation (6) is satisfied. The present condition of
Gy and Py is expressed as follows:

P;=X{if F(x)2F(P), (8)

Gy = Pyif  F(P;)2F(Gy,). 9)

Here, PSO is applied to MPPT.

The main aim of PSO is to discover the best particle
that carries an optimal global solution in a solar PV
system, which is the PV array’s global maximum power
point (GMPP). Here, output voltage or current may act as
a particle and output power is treated as an objective
function. The location matrix of particle ¢ can be written
as

k k _k _k k
X =[x1,x2,x3, ......... ,xn], (10)

where x} is the position of its & particle in the k th iteration,
and the output power oscillates due to a partial shading
problem. So, the algorithm must be started if the criteria of
equation (11) are fulfilled.
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Until convergence occurs, the particle operation con-
tinues. The flowchart is shown in Figure 6.

Prior and Modern research work on PSO-based MPPT:

The primary goal of introducing this technique in
MPPT is to provide researchers with the small particles
discovered via PSO in order to achieve a globally optimal
solution. Under nonuniform situations, particularly
when there is a partial shading, the controller system
becomes stable, inherent, and independent. Numerous
research investigations have created PSO-based MPPT
[135, 136]. PSO has been incorporated to increase the
overall PV module’s efficiency and track global maximum
power points in the lowest settling time [137]. On the
other hand, the performance of PSO is greatly affected by
the environment’s change and the group’s initiation. In
modern days, conventional PSO has been improved and
modified, incorporating PV systems by many scientists.
To improve tracking performance, three different strat-
egies have been developed in PSO [138, 139]. Artificial
neural networks are also connected with PSO to increase
the tracking speed [103]. Another modified version of
PSO in which both global and local mode has been used
to find global maximum power point is discussed in
[140].

By collaborating the direct duty cycle method with
the conventional PSO algorithm, steady-state oscillation
has been minimized [141]. In [142], converging speed
is improved by a two-step procedure. In the first case,
PSO finds the nearest local MPPT; in the later case,
global MPPT is reached. Table 3 briefly describes the
PSO-based MPPT.

3.3.2. Genetic Algorithm. Genetic algorithm (GA) is yet
another potent metaheuristic method for finding a better
solution based on biological behaviour. Holland, in 1975,
first discovered this algorithm through survival for suit-
ability [143]. By the constant population of genes, chro-
mosomes can be made up and carry either natural or
binary formations. The population of chromosomes de-
velops gently over generations in this optimization pro-
cedure. The population of chromosomes grows and is
modified by generations influenced by GA operators in
this computing algorithmic process. Parents have been
chosen in every generation, and that helps produce
children in succeeding generations. For a better pop-
ulation with time, the objective function is a primary
essential factor. The detailed process is represented in
Figure 7. The succeeding steps of this algorithm are de-
scribed as follows.

(1) Start. Objective function setup is a primary vital tool for
categorizing candidates’ solutions’ robustness all over the
algorithm process. The objective function is chosen and
formed depending on the necessity and complication of the
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FiGure 6: Flowchart of particle swarm optimization.

TABLE 3: Summarization of PSO-based MPPT.

Algorithm Reference Comments
[135, 136] Conventional PSO has been incorporated into different solar PV modules
[137] To increase efficiency and tracking speed, PSO has been implemented
138, 139] To improve accuracy and to track speed, modified PSO was introduced to the PV
PSO ’ system
[103] ANN connected with PSO to increase the accuracy and efficiency of the PV system
(140] Modified PSO algorithm was introduced in the PV module to find the global MPPT
[141] The direct duty cycle method incorporates PSO to reduce oscillation
[142] Converging speed of the PV module increased by modified PSO
y
Set .
Assess Choose Reunite Mutate
Parameters

FIGURE 7: Successive steps of the GA algorithm.

target system. By random picking, the first set of chromo-
somal populations was selected. The population dimension
is a critical factor for the convergence speed of the algorithm.
Like all other optimization problems, a vast population size
is needed for reducing the converging speed.

(2) Choice of Selection. By selecting the objective function,
the fitness values of chromosomes in the beginning pop-
ulation are assessed. Chromosomes are incorporated into
the ongoing population, depending on the fitness assessment
results. Usually, chromosomes containing more excellent
value will have a better chance of being promoted to pro-
motion in the next generation.

(3) Crossover. Two predetermined chromosomes are merged
in this step. The conventional crossover process only occurs
if genes are in a binary arrangement. As with standard
crossover, there are no restrictions on where the crossover
points may occur. The only requirement is that the corre-
sponding crossover points on the two parents should “match
up semantically.” That is, if one parent is being cut on a rule
boundary, then the other parent must be cut on a rule
boundary. Arbitrary integer number, containing less
number of genes in a chromosome, attuned to break parent
chromosomes and produce offspring as represented in
equation (12) [144, 145]. Considering a is the crossover rate,
oftspring will be crossed over as discussed. If the genes are
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coded with continuous numbers, then the children can be
obtained from the following equation:
Offspring, = a x parent, + (1 — @) x parenty,

(12)
Offspring, = (1 — a) x parent, + Q X parent,,

(4) Mutation. To get a new solution from the GA, mutation is
actually used. Traditional crossover operation does not
deliver this solution. The mutation operator haphazardly
operates chromosomes with a predetermined rate called
mutation rate (). Mutation obtained the statement for
continuous coded chromosomes which are given in equation
(13) (146). If the genes are coded in binary format, the
mutation process will invert the bit value from random
positions. If the genes are coded with continuous numbers,
the mutation is performed by using the following equation:

Offspring = + B. Offspring + offspring. (13)

This process carries over until a flagship condition oc-
curs. Depending on the complication and demand, flagship
conditions may be set. The flowchart is given in Figure 8.

(5) GA-Optimized MPPT. Due to its inherent capability and
supremacy, the GA approach has been widely used in
nonconventional energy fields. Despite its advantages such
as good convergence speed and less oscillation around
maximum power point, GA suffers from some disadvan-
tages. This algorithm is not helpful for very long and
complex problems. At first, the parent population is shown
as

X = [parenta. parent’.......... parent”] , (14)

where n is the size of the population, and the objective
function is defined as the output power of the PV system.
The objective function is used to find fitness value in every
solution. Due to sudden changes in solar irradiance, at-
mospheric temperature, and load variation, GA must be
reformed in the MPPT application.

(6) Previous and Recent Works. There are not many well-
explained works from the ancient age where GA was only
utilised in MPPT. The GA technique was used to determine
the PV system’s overall maximum power point [147]. GA
algorithm [148], which was suggested and validated by two
different shading patterns, was used to create the MPPT
controller. Under various partial shade scenarios, the per-
formance of the conventional perturb and observation ap-
proach and the GA-based MPPT controller was examined.
These days, GA approaches work in conjunction with other
controllers to create systems that have good efficiency and
convergence rates when applied to PV modules. The GA
method in [121] is used to fine-tune the fuzzy logic con-
troller’s parameters. Under nonuniform conditions, this
correct hybrid technique outperforms fuzzy logic controllers
solely. In [149], GA is used to tune parameters of artificial
neural network (ANN) where the PV module has an
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excellent tracking speed and convergence approach. Table 4
shows a summarized table of genetic algorithm-based solar
MPPT systems.

3.3.3. Grey Wolf Optimization. Another population-based
soft computing optimization technique was introduced by
Mirjali et al. in 2015, which is based on the cooperative
behaviour of grey wolves [150]. This algorithm follows the
grey wolfs structural guidance and coursing behaviour.
Usually, grey wolves consist of small packs and like to live in
packs comprising 5-10 wolves. These wolves solely follow
a rule of hierarchy which is described in Figure 9.

Wolves are divided into alpha, beta, delta, and omega
groups based on the potentiality of hunting. Alpha wolves
are the primary king of these packs and can be male or
female. Alpha wolves take all critical decisions. All other
wolves rigorously follow the orders of alpha wolves. Only
alpha wolves can mate in packs. The primary importance in
the grey wolf pack is regulation, and organizational hier-
archy is maintained compared to their strength. Beta wolves
are second in command in the pack. These wolves aid the
dominant wolf in making decisions. Beta wolves lead the
pack when the alpha wolves are unable to do so due to illness
or other circumstances. In that circumstance, beta wolves
guide other subordinate wolves while respecting alpha
wolves. In the hierarchy pack, delta is at level three, and
omega is at level zero. Omega is a ground-level wolf, hence it
will follow any orders given by other wolves in the pack.
Another remarkable study of these wolves’ hunting be-
haviour follows the following four basic steps.

(1) Communal Hierarchy. Maintaining the hierarchy rule,
alpha wolves are given supreme solutions in the pack, fol-
lowed by the beta-category wolves, and delta-category
wolves are treated as the third-best solution providers.
The last group, omega, lies in the last position in the hi-
erarchy and always follows the instructions of other wolves.

(2) Enclosing Prey. A primary essential step in this hunting
process is the enclosing behaviour of prey for GWO. It can
be expressed in the following equations:

=1 MX,m-Xml, (15)
X(n+1)=X,(n-N.L, (16)

where 7 is the number of current iterations, X, and X are the
positions of prey and grey wolf separately, and L, M, and N
are coefficient vectors further elaborated in the equations as

— —— —

N=2av,a, (17)
— —

M =2.v,, (18)

where elements of a are proportionately decreased from 2 to
0 across iterations and v, andv, are arbitrary vectors in
[0, 1].
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FI1GURE 8: Flowchart of the genetic algorithm.

TaBLE 4: Overview of GA-MPPT.

Algorithm Reference Comments
[147] Simple GA algorithm is used to find the global maximum power point from the PV
system
GA [148] GA-optimized MPPT system has been introduced in the partial shading problem
[121] GA is used to tune the parameters of the fuzzy logic controller under partial shading
conditions
(149] GA incorporates neural networks for increasing tracking speed and convergence

A
AR
AR
o\

FIGURE 9: Hierarchy topology of GWO optimization.

(3) Hunting. The hunting process is mainly decided by an
alpha wolf, followed by beta and delta wolves. All repre-
sentative agents renovate their position depending on the
best candidate’s solution (a, S, 9).

(4) Attacking Prey. When prey stops their movement, the
hunting process ends.

The flowchart of the GWO algorithm is well described in
Figure 10.

(5) GWO-Based MPPT. The grey wolf optimization tech-
nique has already been employed in a number of research
studies to fine-tune the MPPT controller for faster tracking
speed and stable operation with little oscillation. This
method of optimization is employed in [151] to fine-tune the
adaptive fuzzy logic controller’s parameters. In this work,

four new shading patterns have been introduced. The fuzzy
logic controller uses the GWO approach to produce the best
possible duty cycle for the converter. The GWO approach
incorporates MPPT in another study. Engaging grey wolves
is used to describe the duty cycle of the converter [152].

3.3.4. Ant Colony Optimization (ACO). Another heuristic
algorithm for finding the global best solution was introduced
by Dorigo and Gambardella in 1997 based on the scrounging
characteristics of real-life ants who are fond of food
[128, 153]. ACO is widely used in nonconventional energy
sectors [154, 155]. The only part of this algorithm is that it
easily copes with uncertain changes, runs vigorously, and
gives a high convergence rate bearing new conditions
[156, 157]. The flowchart of this algorithm is shown in
Figure 11. In [158], the SEPIC converter connects with the
solar PV module, and a second-order ACO is used to tune
the PI controller. The analysis confirmed that the ACO-
tuned PV module results are better than the GA algorithm.
ACO was utilised to determine the solar PV module’s global
maximum power point [159]. The new method out-
performed other known heuristic methods in tests con-
ducted under four different partial shade circumstances.
Compared with PSO, ACO shows its supremacy due to its
high convergence speed independent of the initial condi-
tions. The adaptive fuzzy logic controller parameters were
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tuned by ACO in [160] to minimize steady-state error. The
adequate dynamic performance shows its supremacy even
under uncertain atmospheric conditions. Some of the ACO-
based MPPT works are summarized in Table 5.

3.3.5. Cuckoo Search Algorithm. The cuckoo search algo-
rithm (CSA), which is based on the reproductive traits of
various cuckoo bird genera, is another bioinspired opti-
mization tool [161, 162]. It is a trait of some cuckoo bird
species to constantly lay their eggs in another bird’s nest. The
principal basis of this method is the parasitic reproduction
process. Levy’s flight procedure is utilised here to search for
the step size of the nest. Step sizes are not fixed and are
usually large compared to the conventional PSO method in
this algorithm. Gradually, its convergence rate is higher
when the particles come nearer to MPPT. As mentioned
earlier, the step size is variable, successively gets minimal,
and comes to zero. CSA is most similar to HC and PB&O
from per operational point of view. The CSA-MPPT con-
troller was introduced in [162] and tested under different
partial shading conditions. The proposed simulation model
showed efficient results compared to PSO and the standard
PB&O methods.

3.3.6. Artificial Bee Colony Algorithm (ABC). ABC is
a comparatively new approach based on a swarm intelligence
algorithm. It was first introduced by Karaboga [129, 163] in
2005. This algorithm is mainly a bioinspired-based method
with attractive features, such as a few controlled parameters
and independent convergence criteria (i.e., not depending
on initial conditions). Artificial bees are mainly divided into
three classes: employed bees, onlooker bees, and scout bees.
Employed bees are mainly responsible for the collection of
food or making most of the foods, whereas onlooker bees
stay in hives to determine food sources. Scout bees are
generally used for searching for new food sources. All these
three types of bees coordinate with each other and work
accordingly to find optimal solutions in minimum settling
time. In the PV-based MPPT system, the duty cycle is treated
as food position and maximum output power as the food
source of the ABC algorithm. The flowchart of the ABC
algorithm is shown in Figure 12. This is divided into four
steps. In the PV-based MPPT system, when researchers
introduce ABC, the duty cycle of the DC to DC converter
computer is represented as follows:

d, = dyg,, + rand [0, 1] (g — dioy,)- (19)

newd. =d_. +9,(d. - dy), (20)

where d_ is the current duty cycle, d,,,, is the lower value of
the duty cycle, dy;g, is the higher value of the duty cycle, J, is
a constant whose value lies between —1 and 1, and d, is the
former duty cycle.

(1) ABC-Based MPPT. ABC technique merges with Pb&O to
enhance the algorithm’s stability [164]. Another hybrid
method implements a neural network-based fuzzy controller
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and the ABC algorithm to optimize the membership
function [165]. In [166], scientists put in the ABC algorithm
into the solar MPPT system which operates under non-
uniform atmospheric conditions and compared its MPPT
tracking ability with the PSO-based system. Results show
that the ABC-based MPPT system not only gives higher
tracking efficiency but also lower oscillation around MPPT.

3.3.7. Firefly Optimization Algorithm. FFOA is quite similar
to PSO, which Xin she Yang developed in 2007 to solve
different optimization-based problems [108, 168, 169].
Based on the behaviour of the bugs illuminated, this algo-
rithm is developed, and the mathematical model of this
algorithm is well described in [170, 171] FFOA requires
a minimum parameter tuned compared to PSO and with
negligible oscillation. It comes to an optimal solution
compared with PSO. Shining light plays the main role in the
population-based nature of these bugs, which helps mating
partners come closer to bugs. This illumination is a key
factor which helps to determine the updated position of bugs
[172]. The flowchart of FFOA is well described in Figure 13.
If we consider one example where firefly b has higher
brightness than firefly a, a new position of a can be defined
by the equation as

x;” = x; +B(d) (xa—xb)<rand0m - %), (21)
where the parameter of attractiveness can be described in the
equation as

B(d) = B,e PV n>1; (22)
where x, and x; are the two positions of fireflies, d is the
distance between the two flies, § is an attractive level pa-
rameter, and a is the random movement factor whose value
lies between 0 and 1. The performance of FFOA in-
corporated the MPPT method in [173], and it shows su-
premacy compared with the standard PSO in terms of better
tracking speed and accuracy as well as in low oscillation
points of concern. A flowchart is given in Figure 13.

3.3.8. Teaching-Learning-Based —Optimization (TLBO).
Another modern soft computing technique introduced by
Rao et al. in 2011 does not need any parameter for its ex-
ecution. This algorithm was created by the authors with
inspiration from the teaching and learning process in the
academic world. For this reason, they called it an optimi-
zation strategy based on teaching and learning. Nominal
parameters such as population size and number of iterations
are the only requirements for this algorithm [167]. TLBO is
a population-based iterative method comprising two stages:
the “learner phase” and the “teaching phase.” In the first
phase, learners gather knowledge from their teachers; in the
last phase, by interacting with each other, learners gain more
knowledge. Learners enhance their knowledge in both steps.

(1) Teacher Phase. Teachers are the prominent vital people in
this phase. They share their knowledge with each learner
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TaBLE 5: Overview of the ACO-based MPPT.
Algorithm Reference Comments
[158] Second-order ACO algorithm is used to tune the PI controller, which gives better
efficiency compared with the GA algorithm
ACO is used to find the global maximum power point and the developed method
ACO [159] . .
gives a higher convergence rate than PSO
[160] Parameters of the adaptive fuzzy controller were tuned by ACO to increase dynamic

response and minimize steady-state error
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FIGURE 12: Traditional artificial bee colony algorithm flowchart.

separately. M, is the mean, and T, is the teacher at iteration,
k. T} attempts to uplift M, towards its level. The solution is
updated vigorously, depending on the current and the new
mean variance.

A new mean expression is

Difference_Mean; = k (M, ogified—LrMmodified)> (23)

where T, is the teaching factor, whereas k is the random
number whose value is between 0 and 1, and T, value is
generally either 1 or 2, which can be mathematically rep-
resented as

T, = round[1 + random (0, 1){2 — 1}]. (24)

Depending upon Difference_Mean; the current solution
is modified as

o
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FIGURE 13: Flowchart of the firefly algorithm.

Xmodifiedk = Xpreviousk T Difference_Mean;,. (25)

(2) Learner Phase. Despite gathering knowledge from
teachers, learners also acquire knowledge by speaking with
each other, so their results are also boosted. By random and
arbitrary iteration, learners perform their work to enhance
knowledge. Mathematical expressions are developed by
randomly selecting learned X » and X q (where X ¥ Xq). If
the accomplished objective function of X is less than the
accomplished objective function of X, then according to
(26) and (27), we have

Xmodiﬁed,k = Xprevious,k + k(Xp - Xq)’ (26)

else

Xmodiﬁed,k = Xprevious,k + k(Xq_Xp)- (27)
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Whenever an updated solution is healthier, it will be
considered.

4. Interpretative Comparison

Research articles show the struggling evaluation and dif-
ferentiation of the best MPPT methods and algorithms.
However, researchers always choose the utmost MPPT
techniques based on the situation and low complexity. So,
the essence of any project and restrictions are crucial aspects
of knowledge gathering. More so, haphazard and un-
predictable environmental conditions are also essential as-
pects of measuring the performances of various MPPT-
based PV systems. Among all methods, artificial
intelligence-based techniques give higher tracking speeds,
better convergence with the lowest settling time, and neg-
ligible oscillation around MPPT, especially under certain
atmospheric changing conditions. The principal point of
concern is system independence, efficiency, and high re-
liability. Considering these factors, the PV-based system is
analyzed under both ordinary and partial shading problems
elaborated in Table 6. The summary table makes it obvious
that ANN and FLC algorithms are unable to track the global
maximum point when temperature and irradiance are un-
predictable due to fluctuating atmospheric conditions.
Though the ANN method is independent of system con-
ditions, its reliability depends mainly on training. That is
why, when the array’s characteristics change as a result of
ageing, its efficiency is likewise impacted. Due to its system
independence, simplicity, and moderate convergence rate,
FLC-based MPPT technology stands out among most tra-
ditional approaches. Three difficult stages raise the com-
putational cost of it. Fuzzy logic controllers’ quick tracking,
capacity to make decisions, and high efficiency made them
the most effective method among all traditional approaches.
Thus, this controller is one of the most dependable methods
in constant atmospheric conditions and few PSC conditions.
Most PSO-dependent methods may be updated versions but
are efficient under various PSC conditions. The primary dark
side of the PSO algorithm is its complexity, slow tracking
speed, and dependency upon initial conditions. Keeping in
mind these discrepancies, many researchers have developed
modified PSO, and those algorithms can fulfil the demand
for a high convergence rate, low oscillation around MPPT,
and high efficiency around MPPT.

A comparison of concern for PSC conditions for some
MPPT algorithms is also shown in Table 7 [5]. Here, in the
concern table, three shading patterns have been taken into
consideration and the performance of various MPPT con-
trollers has been compared. Output power, energy pro-
duction per day, and efficiency are the three parameters
considered for choosing supremacy. GA can follow the
global MPPT under a variety of atmospheric situations since
it has the inherent ability to deal with collective objective
functions. System independence, increased efficiency, low
tuning requirements, lack of oscillation are the other benefits
of GA.

GWO and FFOA are almost similar in characteristics as
these algorithms are not system dependent, have high
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converging speed, and have a superdynamic response with
a better efficiency than PSO.

CSA is a bioinspired technique similar to conventional
approaches, such as Pb&0O and HC. However, it attracts
researchers due to its sound characteristics such as high
tracking ability under partial shading conditions, best effi-
ciency, and system independence. However, drawbacks are
also noticed in this algorithm, such as high complexity al-
gorithm and moderate oscillation around MPPT, which
cannot be ignored. Comparing the various techniques, it is
worthwhile to write that based on parameters selection,
various soft computing-based techniques have their own
advantages and certain limitations.

The comparative results of tracking the MPPT using
different shedding under PSC are shown in Table 8 [57]. The
comparison of several performance indicators in this con-
text, including real output power, measured power, tracking
time, and efficiency analysis, directly aids power system
engineers and researchers in the relevant field in de-
termining the specific scope of work.

5. Hybrid Methods

Recently, many researchers have implemented hybrid
methods to track global maximum power point (GMPP).
These techniques overcome the issues faced with conven-
tional Al-based algorithms such as PSO, GA, GWO, and
ABC. Major oscillation around GMPP, long settling time,
and high overshoot are common problems with conven-
tional techniques which are overcome by various hybrid
methods nowadays by researchers.

If the membership functions (MFs) are not chosen
correctly, the standard fuzzy logic controller (FLC) may
generate some issues. Using swarm approaches, FLC’s
output parameters and input scaling factors are optimized
to enhance the algorithm’s performance. Several methods
are available for tuning the MFs of fuzzy logic controllers.
In [151], Laxman et al. used the GWO method to tune the
MFs of FLC. They took four different partial shedding
conditions and compared their tracking efficiency with
conventional FLC and PO and proved that their imple-
mented hybrid methods were efficient compared to other
traditional MPPT techniques even in uncertain weather
conditions as well.

In the conventional design of FLC, expert knowledge
is required; on the other hand, without such information,
design is typically slow and nonoptimized. In [121],
Messai et al. introduced a one hybrid approach where
MFs of fuzzy logic controllers were tuned by the genetic
algorithm (GA). They suggested an FLC-based MPPT
design that is more effective for usage in standalone PV
systems.

While they are less stable and more fluctuating around
the maximum power point (MPPT), conventional MPPT
approaches such as perturb and observe (P&O), incremental
conductance, and artificial neural network (ANN) are still
adequate for tracking the PV systems’ maximum power. To
overcome the aforementioned drawbacks of the ANN
method, Hamdi et al. proposed an innovative method where
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TaBLE 7: Comparison between different MPPT algorithms.

17

Output Energy produced per day . o

SI no. MPPT methods power obtained (W) (kWh) Efficiency (%)
Pb&O [19, 88, 89] 74.58 745.8 97.55
PSC1 INC [20-22] and [21, 22, 58] 75.08 750.8 98.21
ABC [129, 163] 76.12 761.2 99.57
ABC-PO [164] 76.4 764 99.93
P&O [19, 88, 89] 36.12 362 84.42
PSC2 INC [20-22] and [21, 22, 58] 41.2 412 96.08
ABC [129, 163] 423 423 98.64
ABC-PO [164] 42.78 427.8 99.77
Pb&O [19, 88, 89] 27.04 270.4 90.76
PSC3 INC [20-22] & [21, 22, 58] 28.56 285.6 95.87
ABC [129, 163] 29.12 291.2 97.57
ABC-PO [164] 29.67 296.7 99.59

TaBLE 8: Comparative study of various MPPT methods under unequal illuminated conditions.
Real output power S . o

MPPT methods obtained (W) Measured power (W) Tracking time (s) Efficiency (%)
Differential particle PSO [103, 138-142] 739 739 0.19 100
PSO [135-137] 739 711 0.24 96.2
GA [143-146] 739 720 0.28 97.4
Harmony search algorithm [35] 739 709 0.24 96.0
Differential evolution [45] 739 645 0.35 87.2

particle swarm optimization (PSO) has been used to opti-
mize the parameters of ANN. This hybrid approach proved
its efficiency in real-time comparison through the myRIO-
1900 board.

From the abovementioned discussion, it can be worthwhile
to say that in modern times, hybrid methods are very efficient
for tracking GMPP in solar PV systems. That is why, researchers
are now spending a lot of time researching these methods.

6. Modern Research and Future Challenges

Some controlling algorithms yet to be categorized are al-
ready applied to PV systems. Segmentation and random
search methods are already applied in [174, 175]. These two
techniques can naturally track GMPP in challenging cir-
cumstances. The Fibonacci linear search algorithm (FLSA)
was introduced by Ramaprabha et al. and their particular
algorithm has excellent response speed during climate-
changing conditions [176]. More so, by this method,
power oscillation at a steady state is minimized. Some
hybrid methods are also introduced in [81, 156, 177]. These
combined methods are well aware of tracking global MPPT
under variable atmospheric conditions. To reduce the fuzzy
rules without compromising efficiency, Danandeh and
Mousavi developed another hybrid technique where the
Incremental conductance method and FLC are merged
[178]. This system exhibits some fuzzy properties such as
high speed and accuracy but just a little amount of nature
like incremental conductance techniques with straight-
forward and affordable implementation. An efficient en-
ergy management strategy is introduced by D. Chatterjee
et al. in [179].

Nowadays, some modified and newly developed AI-
based algorithms have been introduced by scientists such
as gravitational search algorithm (GSA), biogeography-
based optimization (BBO), krill-herd optimization
(KHO), water cycle algorithm (WCA), and harmony search
algorithm (HSA). These algorithms are yet to be applied to
MPPT-based solar PV systems, and it is worthwhile to say
that new approaches may play some optimistic role under
partial shading conditions. It is tough to select a particular
optimization algorithm because all have advantages and
drawbacks. However, depending on controlling parameters,
system complexity, steady-state oscillation, and high
tracking speed, we can still choose a particular one, which is
not an easy task. To minimize cost and complexity during
hardware setup, sensorless MPPT may be used.

It is a great challenge to implement the new innovative
hybrid concept in real-time experiments. This is a hot cake
for the researchers and they are successfully implementing it
in most of the cases. Implementing cost and complexity are
two major factors during real-time experiments. Researchers
are very aware of the cost optimization side and reduction in
complexity during real-time implementation. Various
agencies, companies, and governments of almost every
nation are sanctioning huge funds nowadays for these works
because it is well known that sustainable energy resources
are the only way to generate power for the next decade.

7. Conclusion

The rapid outgrowth of the civilization along with expanding
industrialization forces us to build up our affection towards
renewable resources. With modernity, the need for energy
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has been sharply rising during the past few decades. Ex-
cessive use of conventional resources creates huge envi-
ronmental contamination which can be fatal for the
civilization. It is emphasized that the PV system based on
MPPT techniques has been a viable topic for the last few
decades for researchers, but rapid and more improvement is
still needed for accuracy, efficiency enhancement, and less
oscillation around the MPPT point of view. This review
article briefly describes most of the traditional methods and
modern MPPT algorithms based on artificial intelligence
strategies. The manuscript expeditiously briefs various
techniques that are distinct on their own route but draw
attention to their advantages and drawbacks. It is well
established from the discussion above that the MPPT
method of solar PV systems has been a widespread and
energetic topic for researchers over the last few decades.
Traditional MPPT methods suffer from drawbacks such as
high oscillation around MPPT and inefficiency under
partial shading conditions. Both atmospheric conditions
(i.e., uniform and variable irradiance and temperature) are
considered, and different MPPT approaches, which are
convenient under both conditions, are elaborated. More-
over, different concepts, flowcharts, advantages, and
drawbacks of each Al-based algorithm are also presented.
Each technique’s ultimate evaluation is scrutinized based
on factors such as convergence rate, efficiency, capability of
tracking under uncertain irradiance and temperature, cost,
system independence, and oscillation around MPPT. This
extensive essay highlights the following potential directions
for research in addition to reviewing many contemporary
MPPT algorithms.

Since Al-based algorithms have better optimising ca-
pabilities and offer better tracking performance, the com-
bination of these algorithms and conventional
methodologies still has to be adjusted. However, these
methods have some drawbacks, such as little practicality and
high complexity in some aspects. Proper modelling of PV
systems under variable atmospheric conditions still needs
some attention from researchers. Finally, adequate meth-
odization of the MPPT-interpreted indicator still requires
improvement. Existing methods for evaluating MPPT per-
formance are based on whether or not the applied algorithm
efficiently tracks the MPPT. However, a more informative
index is required in this regard. In a nutshell, the authors
accomplished that there is a vast range of possibilities for
improving hybrid MPPT approaches by employing mis-
cellaneous other intelligent techniques. This review article is
expected to meet future research direction for the scientists
and engineers interested in working on PV-based MPPT
systems.

Data Availability

The data used to support the findings of the study are
available from the corresponding author upon request.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

International Transactions on Electrical Energy Systems

References

[1] X. Ge, F. W. Ahmed, A. Rezvani, N. Aljojo, S. Samad, and
L. KokFoong, “Implementation of a novel hybrid BAT-Fuzzy
controller based MPPT for grid-connected PV-battery sys-
tem,” Control Engineering Practice, vol. 98, 2020.

[2] H. Tiwari, A. Ghosh, C. Sain, F. Ahmad, and L. Al-Fagih,
“Modified direct torque control algorithm for regeneration
capability of IM driven electric vehicle by using hybrid
energy storage system,” Renewable Energy Focus, vol. 48,
2024.

[3] K. Li, C. Liu, S. Jiang, and Y. Chen, “Review on hybrid
geothermal and solar power systems,” Journal of Cleaner
Production, vol. 250, 2020.

[4] R. B. Bollipo, S. Mikkili, and P. K. Bonthagorla, “Critical
review on PV MPPT techniques: classical, intelligent and
optimisation,” IET Renewable Power Generation, vol. 14,
no. 9, pp. 1433-1452, 2020.

[5] M. Mao, L. Cui, Q. Zhang, K. Guo, L. Zhou, and H. Huang,
“Classification and summarization of solar photovoltaic
MPPT techniques: a review based on traditional and in-
telligent control strategies,” Energy Reports, vol. 6,
pp. 1312-1327, 2020.

[6] H. D. Tafti, A. Sangwongwanich, Y. Yang, J. Pou,

G. Konstantinou, and F. Blaabjerg, “An adaptive control

scheme for flexible PowerPoint tracking in photovoltaic

systems,” IEEE Transactions on Power Electronics, vol. 34,

no. 6, pp. 5451-5463, 2019.

M. Seyedmahmoudian, B. Horan, T. K. Soon et al., “State of

the art artificial intelligence-based MPPT techniques for

mitigating partial shading effects on PV systems - a review,”

Renewable and Sustainable Energy Reviews, vol. 64,

pp. 435-455, 2016.

[8] M. V. da Rocha, L. P. Sampaio, and S. A. O. da Silva,
“Comparative analysis of MPPT algorithms based on Bat
algorithm for PVsystems under partial shading condition,”
Sustainable Energy Technologies and Assessments, vol. 40,
2020.

[9] A. Ali, K. Almutairi, M. Z. Malik et al., “Review of online and
soft computing MaximumPower point tracking techniques
underNon-uniform solar irradiation conditions,” Energies,
vol. 13, no. 12, p. 3256, 2020.

[10] M. Dhimish, “Assessing MPPT techniques on hot-spotted
and partially shaded photovoltaic modules: comprehensive
review based on experimentaldata,” IEEE Transactions on
Electron Devices, vol. 66, no. 3, pp. 1132-1144, 2019.

[11] H. D. Tafti, A. Sangwongwanich, Y. Yang, J. Pou,
G. Konstantinou, and F. Blaabjerg, “An adaptive control
scheme for flexible power point tracking in photovoltaic
systems,” IEEE Transactions on Power Electronics, vol. 34,
no. 6, pp. 5451-5463, 2019.

[12] X. Li, Q. Wang, H. Wen, and W. Xiao, “Comprehensive
studies on operational principles for maximum power point
tracking in photovoltaic systems,” IEEE Access, vol. 7,
pp. 121407-121420, 2019.

[13] H. Rezk, A. Fathy, and A. Y. Abdelaziz, “A comparison of
different global MPPT techniques based on meta-heuristic
algorithms for photovoltaic system subjected to partial
shading conditions,” Renewable and Sustainable Energy
Reviews, vol. 74, pp. 377-386, 2017.

[14] S. D. Al-Majidi, M. F. Abbod, and H. S. Al-Raweshidy, “A
novel maximum power point tracking hnique based on
fuzzy-logic for photovoltaic systems,” International Journal
of Hydrogen Energy, vol. 43, no. 31, pp. 14158-14171, 2018.

[7



International Transactions on Electrical Energy Systems

[15] L. AzadMurari, D. Soumya, S.P. Kumar, G.A. SatpatiBiplab,
and P. Arvind, “P&O algorithm based MPPT technique for
solar PV System under different weather conditions,” in
Proceedings of the IEEE International Conference on circuits
Power and Computing Technologies, pp. 20-21, ICCPCT,
Kollam, April 2017.

[16] R. Alik and A. Jusoh, “An enhanced P & O checking al-
gorithm MPPT for hightracking efficiency of partially shaded
PV module,” Solar Energy, vol. 163, pp. 570-580, 2018.

[17] C. Manickam, G. P. Raman, G. R. Raman, S. I. Ganesan,
N. Chilakapati, and N. Chilakapati, “Fireworks enriched P &
O algorithm for GMPPT and detection ofpartial shading in
PV systems,” IEEE Transactions on Power Electronics, vol. 32,
no. 6, pp. 4432-4443, 2017.

[18] S.T. Prasad, T. V. Dixit, and K. Ramesh, “Simulation and
analysis of perturb and observe MPPTAlgorithm for PV
array using cuk converter,” Advances in Electronic and
Electric Engineering, vol. 4, no. 2, pp. 213-224, 2014.

[19] M. Abdel-Salam, T. El-Mohandes, and M. Goda, “An im-
proved perturb-and observe based MPPT method for PV
systems under varying irradiation levels,” Solar Energy,
vol. 171, pp. 547-561, 2018.

[20] M. Bouksaim, M. Mekhfioui, and M. N. Srifi, “Design and
implementation of modified INC, conventional INC, and
fuzzy logic controllers applied to a PV system under variable
weather conditions,” Design, vol. 5, no. 4, p. 71, 2021.

[21] H. Yatimi, Y. Ouberri, and E. Aroudam, “Enhancement of
power production of an autonomous PV system based on
robust MPPT technique,” Procedia Manufacturing, vol. 32,
pp. 397-404, 2019

[22] S. Motahhir, A. El Ghzizal, S. Sebti, and A. Derouich,
“Modeling of photovoltaic system with modified incremental
conductance algorithm for fast changesof irradiance,” In-
ternational Journal of Photoenergy, vol. 2018, Article ID
3286479, 13 pages, 2018.

[23] R. K. Rai and O. P. Rahi, “Fuzzy logic based control tech-
nique using MPPT for solar PV system,” in Proceedings of the
2022 First International Conference on Electrical, Electronics,
Information and Communication Technologies (ICEEICT),
pp- 01-05, Trichy, India, September 2022.

[24] S. Adhikary, P. K. Biswas, and C. Sain, “Comprehensive
review on charging solution of electric vehicle-an internet of
things based approach,” International Journal of Electric and
Hybrid Vehicles, vol. 15, no. 1, pp. 40-66, 2023.

[25] M. Lasheen, A. K. Abdel Rahman, M. Abdel-Salam, and
S. Ookawara, “Adaptivereference voltage based MPPT
technique for PV applications,” IET Renewable Power
Generation, vol. 11, no. 5, pp. 715-722, 2017.

[26] C.H.Kumariand V.S. V. Kaumudi Pravallika, “Fuzzy based
improved incremental conductance MPPT algorithm in PV
system,” in Proceedings of the 2022 IEEE International
Conference on Electronics, Computing and Communication
Technologies (CONECCT), pp. 1-6, Bangalore, India, July
2020.

[27] L. Ma, Y. Sun, Y. Lin, Z. Bai, L. Tong, and J. Song, “A high-
performance MPPT controlmethod,” Mater Renew Energy
Environ (ICMREE), pp. 195-199, 2011.

[28] J. K. Shiau, Y. C. Wei, and B. C. Chen, “A study on the fuzzy-
logic-based solar power MPPT algorithms using different
fuzzy input variables,” Algorithms, vol. 8, no. 2, pp. 100-127,
2015.

[29] G. Dhaouadi, O. Djamel, S. Youcef, and A. Bouden, “Fuzzy
logic controller based MPPT for a photovoltaic system,” in
Proceedings of the 2021 IEEE Ist International Maghreb

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

(42]

(43]

19

Meeting of the Conference on Sciences and Techniques of
Automatic Control and Computer Engineering MI-STA,
pp- 204-208, Tripoli, Libya, May 2021.

A. M. Noman, E. Addoweesh Khaled, and M. Hussein, “A
fuzzy logic control method for MPPT of PV systems,” in
Proceedings of the IEEE International Conference on Elec-
trical, Computer and Communication Technologies, ICECCT,
pp- 874-880, Montreal, QC, Canada, October 2018.

G. D. Anbarasi Jebaselvi and S. Paramasivam, “Fuzzy-based
MPPT controlled 3Z boost converter for PV applications,” in
Recent Advances in Metrology, S. Yadav, K. Chaudhary,
A. Gahlot, Y. Arya, A. Dahiya, and N. Garg, Eds., Springer,
Singapore, 2023.

K. Loukil, H. Abbes, H. Abid, M. Abid, and A. Toumi,
“Design and implementation of reconfigurable MPPT fuzzy
controller for photovoltaic systems,” Ain Shams Engineering
Journal, vol. 11, no. 2, pp. 319-328, 2020.

M. Kumar, K. K. Pandey, A. Kumari, and J. Kumar, “Fuzzy
logic based MPPT controller for PV panel,” in Advances in
Machine Learning and Computational Intelligence. Algo-
rithms for Intelligent Systems, S. Patnaik, X. S. Yang, and
I. Sethi, Eds., Springer, Singapore, 2021.

A. S. Saidi, C. B. Salah, A. Errachdi, M. F. Azeem,
J. K. Bhutto, and V. Thafasal Ijyas, “A novel approach in
stand-alone photovoltaic system using MPPT controllers &
NNE,” Ain Shams Engineering Journal, vol. 12, no. 2,
pp. 1973-1984, 2021.

F. A. Banakhr and M. I. Mosaad, “High performance
adaptive maximum power point tracking technique for off-
grid photovoltaic systems,” Scientific Reports, vol. 11, no. 1,
pp. 20400-20413, 2021.

B. Yang, T. Zhu, ]. Wang et al., “Comprehensive overview of
maximum power point tracking algorithms of PV systems
under partial shading condition,” Journal of Cleaner Pro-
duction, vol. 268, 2020.

A. Moghassemi, S. Ebrahimi, and J. Olamaei, “Maximum
power point tracking methods used in photovoltaic systems:
a review,” Sig Process Renew Energy, vol. 4, pp. 19-39, 2020.
J. Li, Y. Wu, S. Ma, M. Chen, B. Zhang, and B. Jiang,
“Analysis of photovoltaic array maximum power point
tracking under uniform environment and partial shading
condition: a review,” Energy Reports, vol. 8, pp. 13235-13252,
2022.

A. M. Eltamaly, H. M. H. Farh, and M. F. Othman, “A novel
evaluation index for the photovoltaic maximum power point
tracker techniques,” Solar Energy, vol. 174, pp. 940-956,
2018.

A. Bakdi, W. Bounoua, A. Guichi, and S. Mekhilef, “Real-
time fault detection in PV systems under MPPT using PMU
and high-frequency multi-sensor data through online PCA-
KDE-based multivariate KL divergence,” International
Journal of Electrical Power & Energy Systems, vol. 125, 2021.
S. Hadji, J. P. Gaubert, and F. Krim, “Real-time genetic
algorithms-based MPPT: study and comparison (theoretical
an experimental) with conventional methods,” Energies,
vol. 11, no. 2, p. 459, 2018.

S. Titri, C. Larbes, K. Y. Toumi, and K. Benatchba, “A new
MPPT controller based on the Ant colony optimization al-
gorithm for Photovoltaic systems under partial shading
conditions,” Applied Soft Computing, vol. 58, pp. 465-479,
2017.

D. Kumar and K. Chatterjee, “Design and analysis of artificial
bee-colony-based MPPT algorithm for DFIG-based wind



20

(46]

(47

[50

(51]

[52

—

(54]

(55]

energy conversion systems,” International Journal of Green
Energy, vol. 14, no. 4, pp. 416-429, 2017.

L. Bhukya and S. Nandiraju, “A novel photovoltaic maxi-
mum power point tracking technique based on grasshopper
optimized fuzzy logic approach,” International Journal of
Hydrogen Energy, vol. 45, no. 16, pp. 9416-9427, 2020.

F. M. Li, F. Deng, S. Guo, and X. Y. Fan, “MPPT control of
PV system under partially shaded conditions based on
PSO-DE hybrid algorithm,” in Proceedings of the 32nd
Chinese Control Conference, pp. 7553-7557, Xi’an, China,
July 2013.

S. Manna, A. K. Akella, and D. K. Singh, “A novel
MRAC-MPPT scheme to enhance speed and accuracy in PV
systems,” Iranian Journal of Science and Technology,
Transactions of Electrical Engineering, vol. 47, no. 1,
pp. 233-254, 2022.

E. P. Sarika, J. Jacob, S. Mohammed, and S. Paul, “A novel
hybrid maximum power point tracking technique with zero
oscillation based on P&O algorithm,” International Journal
of Renewable Energy Resources, vol. 10, no. 4, 2020.

S. Mohanty, B. Subudhi, and P. K. Ray, “A new MPPT design
using grey wolf optimization technique for photovoltaic
system under partial shading conditions,” IEEE Transactions
on Sustainable Energy, vol. 7, no. 1, pp. 181-188, 2016.

S. Mohanty, B. Subudhi, and P. K. Ray, “A grey wolf-assisted
perturb & observe MPPT algorithm for a PV system,” IEEE
Transactions on Energy Conversion, vol. 32, no. 1, pp. 340-
347, 2017.

N. Priyadarshi, M. S. Bhaskar, and D. Almakhles, “A novel
hybrid whale optimization algorithm differential evolution
algorithm-based maximum power point tracking employed
wind energy conversion systems for water pumping appli-
cations: practical realization,” IEEE Transactions on In-
dustrial Electronics, vol. 71, no. 2, pp. 1641-1652, 2024.

A. F. Mirza, M. Mansoor, Q. Ling, M. I. Khan, and
O. M. Aldossary, “Advanced variable step size incremental
conductance MPPT for a standalone PV system utilizing
a GA-tuned PID controller,” Energies, vol. 13, no. 6, 2020.

J. Ahmed and Z. Salam, “A maximum power point tracking
(MPPT) for PV system using cuckoo search with partial
shading capability,” Applied Energy, vol. 119, pp. 118-130,
2014.

A.F. Mirza, M. Mansoor, Q. Ling, B. Yin, and M. Y. Javed, “A
salp-swarm optimization based mppt technique for har-
vesting maximum energy from pv systems under partial
shading conditions,” Energy Conversion and Management,
vol. 209, 2020.

B. Yang, L. Zhong, X. Zhang et al,, “Novel bio-inspired
memetic salp swarm algorithm and application to mppt
for pv systems considering partial shading condition,”
Journal of Cleaner Production, vol. 215, pp. 1203-1222, 2019.
M. Mansoor, A. F. Mirza, Q. Ling, and M. Y. Javed, “Novel
grass hopper optimization based mppt of pv systems for
complex partial shading conditions,” Solar Energy, vol. 198,
pp. 499-518, 2020.

S. Senthilkumar, V. Mohan, S. P. Mangaiyarkarasi, and
M. Karthikeyan, “Analysis of single-diode PV model and
optimized MPPT model for different environmental con-
ditions,” International Transactions on Electrical Energy
Systems, vol. 2022, Article ID 4980843, 17 pages, 2022.

T. T. Hoang, “Application of swarm optimization algorithms
for maximum power point tracking of photovoltaic system —
a comparative study,” J. Electr. Syst. (ISSN: 11125209), vol. 17,
no. 4, pp. 542-558, 2021.

International Transactions on Electrical Energy Systems

[58] R. Kumar, S. Khandelwal, P. Upadhyay, and S. Pulipaka,

“Global maximum power point tracking using variable
sampling time and p-v curve region shifting technique along
with incremental conductance for partially shaded photo-
voltaic systems,” Solar Energy, vol. 189, pp. 151-178, 2019.

[59] DiabAAZ, “MPPT of PV system under partial shading

conditions based on hybrid whale optimization simulated
annealing algorithm (WOSA),” in Modern Maximum Power
Point Tracking Techniques for Photovoltaic Energy Systems,
A. M. Eltamaly and A. Y. Abdelaziz, Eds., Springer In-
ternational Publishing, pp. 355-378, New York, NY, USA,
2019.

[60] A. E.F. Jouda, F. Elyes, A. Rabhi, and M. Abdelkader,

“Optimization of scaling factors of fuzzy-MPPT controller
for stand-alone photovoltaic system by particle swarm op-
timization,” Energy Procedia, vol. 111, pp. 954-963, 2017.

[61] A.K..F.Kihal, F. Krim, A. Laib, B. Talbi, and H. Afghoul, “An

improved MPPT scheme employing adaptive integral de-
rivative sliding mode control for photovoltaic systems under
fast irradiation changes,” ISA Transactions, vol. 87,
pp. 297-306, 2019.

[62] Y. H. Wan, M. X. Mao, L. Zhou, Q. J. Zhang, X. Z. Xi, and

C. Zheng, “A novel nature-inspired maximum power point
tracking (MPPT) controller based on SSA-gwo algorithm for
partially shaded photovoltaic systems,” Electronics, vol. 8,
no. 6, p. 680, 2019.

[63] C.C. Huaand Y.J. Zhan, “A hybrid maximum power point

tracking method without oscillations in steady-state for
photovoltaic energy systems,” Energies, vol. 14, no. 18,
p.- 5590, 2021.

[64] S. Manna, D. K. Singh, A. K. Akella et al., “Design and

implementation of a new adaptive MPPT controller for solar
PV systems,” Energy Reports, vol. 9, pp. 1818-1829, 2023.

[65] S. Dadfar, K. Wakil, M. Khaksar, A. Rezvani, M. R. Miveh,

and M. Gandomkar, “Enhanced control strategies for a hy-
brid battery/photovoltaic system using FGS-PID in grid-
connected mode,” International Journal of Hydrogen En-
ergy, vol. 44, no. 29, pp. 14642-14660, 2019.

[66] A.Rezvani and M. Gandomkar, “Simulation and control of

intelligent photovoltaic system using new hybrid fuzzy-
neural method,” Neural Computing & Applications, vol. 28,
no. 9, pp. 2501-2518, 2017.

[67] H. Mahamudul, M. Saad, and M. Ibrahim Henk, “Photo-

voltaic system modeling with fuzzy logic based maximum
power point tracking algorithm,” International Journal of
Photoenergy, vol. 2013, Article ID 762946, pp. 1-10, 2013.

[68] H. Elaissaoui, M. Zerouali, A. E. Ougli, and B. andTidhaf,

“MPPT algorithm based on fuzzy logic and artificial neural
network (ANN) for a hybrid solar/wind power generation
system,” in Proceedings of the 2020 Fourth International
Conference On Intelligent Computing in Data Sciences
(ICDS), pp. 1-6, Fez, Morocco, October 2020.

[69] A. Aldosary, Z. M. Ali, M. M. Alhaider, M. Ghahremani,

S. Dadfar, and K. Suzuki, “A modified shuffled frog algo-
rithm to improve MPPT controller in PV System with
storage batteries under variable atmospheric conditions,”
Control Engineering Practice, vol. 112, 2021.

[70] J. Bai, Y. Cao, Y. Hao, Z. Zhang, S. Liu, and F. Cao,

“Characteristic output of PV systems under partial shading
or mismatch conditions,” Solar Energy, vol. 112, pp. 41-54,
2015.

[71] A. Ganguly, P. K. Biswas, C. Sain, A. T. Azar, A. R. Mahlous,

and S. Ahmed, “Horse herd optimized intelligent controller
for sustainable PV interface grid-connected system:



International Transactions on Electrical Energy Systems

a qualitative approach,” Sustainability, vol. 15, no. 14,

p. 11160, 2023.

[72] A. Roy, A. Ghosh, C. Sain, F. Ahmad, and L. Al-Fagih, “A
comprehensive analysis of control strategies for enhancing
regulation in standalone photovoltaic systems,” Energy Re-

ports, vol. 10, pp. 4659-4678, 2023.

[73] F. Belhachat and C. Larbes, “Comprehensive review on
global maximum power point tracking techniques for PV
systems subjected to partial shading conditions,” Solar En-

ergy, vol. 183, pp. 476-500, 2019.

[74] A. J. Alrubaie, A. Al-Khaykan, R. Q. Malik, S. H. Talib,
M. 1. Mousa, and A. M. andKadhim, “Review on MPPT
techniques in solar system,” in Proceedings of the 2022 8th
International Engineering Conference on Sustainable Tech-
nology and Development (IEC), pp. 123-128, Erbil, Iraq,

February 2022.

[75] R. Hussan and A. Sarwar, “Maximum power point tracking
techniques under partial shading condition—a review,” in
Proceedings of the 2018 2nd IEEE International Conference on
Power Electronics, Intelligent Control and Energy Systems
(ICPEICES), pp. 293-298, Institute of Electrical and Elec-
tronics Engineers(IEEE), Piscataway, NJ, USA, October

2018.

[76] L. L. Jiang, R. Srivatsan, and D. L. Maskell, “Computational
intelligence techniques for maximum power point tracking
in PV systems: a review,” Renewable and Sustainable Energy

Reviews, vol. 85, pp. 14-45, 2018.

[77] G. Li, Y. Jin, M. Akram, X. Chen, and J. Ji, “Application of
bio-inspired algorithms in maximum power point tracking
for PV systems under partial shading conditions—a review,”

Renewable and Sustainable Energy Reviews, vol.
pp. 840-873, 2018.

[78] M. A. M. Ramli, S. Twaha, K. Ishaque, and Y. A. Al-Turki, “A
review on maximum power point tracking for photovoltaic
systems with and without shading conditions,” Renewable
and Sustainable Energy Reviews, vol. 67, pp. 144-159, 2017.

[79] M. Seyedmahmoudian, S. Mekhilef, R. Rahmani, R. Yusof,
and E. T. Renani, “Analytical modeling of partially shaded
photovoltaic systems,” Energies, vol. 6, no. 1, pp. 128-144,

2013.
(80

Singapore, January 2021.

[81] D. Pilakkat and S. Kanthalakshmi, “An improved p & o
algorithm integrated with artificial bee colony for photo-
voltaic systems under partial shading conditions,” Solar

Energy, vol. 178, pp. 37-47, 2019.

[82] A.I. M. Ali and H. R. A. Mohamed, “Improved P&O MPPT
algorithm with efficient open-circuit voltage estimation for
two-stage grid-integrated PV system under realistic solar
radiation,” International Journal of Electrical Power & Energy

Systems, vol. 137, 2022.

[83] J. Ahmad, “A fractional open circuit voltage based maximum
power point tracker for photovoltaic arrays,” in Proceedings
of the 2010 2nd International Conference on Software
Technology and Engineering, San Juan, PR, USA, October

2010.

[84] S. Veerapen, H. Wen, and Y. Du, “Design of a novel MPPT
algorithm based on the two-stage searching method for PV
systems under partial shading,” in Proceedings of the IEEE

P. R. Satpathy, P. Bhowmik, T. S. Babu, R. Sharma, and
C. Sain, “Bypass diodes configurations for mismatch losses
mitigation in solar PV modules,” innovation in electrical
power engineering, communication, and computing tech-
nology,” in Proceedings of Second IEPCCT 2021, pp. 197-208,

(85]

(86]

(87]

(88]

(89]

(90]

(91]

(92]

(93]

(94]

[95]

(96]

[97]

(98]

[99]

21

3rd International Future Energy Electronics Conference and
ECCE Asia Asia, Kaohsiung, Taiwan, June 2017.

T. Noguchi, S. Togashi, and R. Nakamoto, “Short-current
pulse-based maximum-power-point tracking method for
multiple photovoltaic-andconverter module system,” IEEE
Transactions on Industrial Electronics, vol. 49, no. 1,
pp. 217-223, 2002.

O. Boubaker, “MPPT techniques for photovoltaic systems:
a systematic review in current trends and recent advances in
artificial intelligence,” Discov Energy, vol. 3, no. 1, p. 9, 2023.
J. M. Kwon, B. H. Kwon, and K. H. Nam, “Grid-connected
photovoltaic multi-string PCS with PV current variation
reduction control,” IEEE Transactions on Industrial Elec-
tronics, vol. 56, no. 11, pp. 4381-4388, 2009.

A. L Ali, M. A. Sayed, and E. E. Mohamed, “Modified ef-
ficient perturb and observe maximum power point tracking
technique for grid-tied PV system,” International Journal of
Electrical Power ¢ Energy Systems, vol. 99, pp. 192-202, 2018.
A. Ghamrawi, J. P. Gaubert, and D. Mehdi, “A new dual-
mode maximum power point tracking algorithm based on
the perturb and observe algorithm used on solar energy
system,” Solar Energy, vol. 174, pp. 508-514, 2018.

F. El Aamri, H. Maker, D. Sera, S. V. Spataru, J. M. Guerrero,
and A. Mouhsen, “A direct maximum power point tracking
method for single-phase grid-connected PV inverters,” IEEE
Transactions on Power Electronics, vol. 33, mno. 10,
pp. 8961-8971, 2018.

M. Jagadeshwar and D. K. Das, “A novel adaptive model
predictive control scheme with incremental conductance for
extracting maximum power from a solar panel. Iran,” J. Sci.
Technol. Trans. Electr. Eng, 2022.

V. Andrean, P. C. Chang, and K. L. Lian, “A review and new
problems discovery of four simple decentralized maximum
power point tracking algorithms—perturb and observe,
incremental conductance, golden section search, and New-
ton’s quadratic interpolation,” Energies, vol. 11, p. 2966, 2018.
K. S. Tey and S. Mekhilef, “Modified incremental conduc-
tance algorithm for photovoltaic system under partial
shading conditions and load variation,” IEEE Transactions on
Industrial Electronics, vol. 61, no. 10, pp. 5384-5392, 2014.
K. S. Tey and S. Mekhilef, “Modified incremental conduc-
tance MPPT algorithm to mitigate inaccurate responses
under fast-changing solar irradiation level,” Solar Energy,
vol. 101, pp. 333-342, 2014.

A. Tavakoli and M. Forouzanfar, “A self-constructing Lya-
punov neural network controller to track global maximum
power point in PV systems,” International Transactions on
Electrical Energy Systems, vol. 30, no. 6, 2020.

Y.-P. Huang and S.-Y. Hsu, “A performance evaluation
model of a high concentration photovoltaic module with
a fractional open circuit voltage-based maximum power
point tracking algorithm,” Computers & Electrical Engi-
neering, vol. 51, pp. 331-342, 2016.

Z. Efendi, E. Sunarno, F. D. Murdianto, R. P. Eviningsih,
L. P. S. Raharja, and D. Wahyudi, “A maximum power point
tracking technique using modified hill climbing (MHC)
method in DC microgrid application,” AIP Conference
Proceedings, vol. 2228, 2020.

X.Li, H. Wen, Y. Zhu, L. Jiang, Y. Hu, and W. Xiao, “A novel
sensorless photovoltaic power reserve control with simple
real-time MPP estimation,” IEEE Transactions on Power
Electronics, vol. 34, no. 8, pp. 7521-7531, 2019.

S. Messalti, A. Harrag, and A. Loukriz, “A new variable step
size neural networks MPPT controller: review, simulation



22
and hardware implementation,” Renewable and Sustainable
Energy Reviews, vol. 68, pp. 221-233, 2017.

[100] S. Issaadi, W. Issaadi, and A. Khireddine, “New intelligent

control strategy by robust neural network algorithm for real-
time detection of an optimizedmaximum power tracking
control in photovoltaic systems,” Energy, vol. 187, 2019.

[101] A. Gupta, P. Kumar, R. K. Pachauri, and Y. K. Chauhan,
“Performance analysis of neural network and fuzzy logic
based MPPT techniques for solar PV systems,” in Proceedings
of the IEEE International Conference, Greater Noida, June
2015.

[102] T. Barker, A. Ghosh, C. Sain, F. Ahmad, and L. Al-Fagih,
“Efficient ANFIS-driven power extraction and control
strategies for PV-bess integrated electric vehicle charging
station,” Renewable Energy Focus, vol. 48, 2024.

[103] H.Hamdi, C. Ben Regaya, and A. Zaafouri, “Real-time study
of a photovoltaic system with boost converter using the
PSO-RBF neural network algorithmsin a MyRio controller,”
Solar Energy, vol. 183, pp. 1-16, 2019.

[104] A. A. S. Mohamed, H. E. L-S. Metwally, A. El-Sayed, and
S. L. Selem, “Predictive neuralnetwork-based adaptive con-
troller for grid-connected PV systems supplyingpulse-load,”
Solar Energy, vol. 193, pp. 139-147, 2019.

[105] K. Punitha, D. Devaraj, and S. Sakthivel, “Artificial neural

network based modified incremental conductance algorithm

for maximum power point tracking in photovoltaic system

under partial shading conditions,” Energy, vol. 62, pp. 330-

340, 2013.

K. Ishaque, S. S. Abdullah, S. M. Ayob, and Z. Salam, “Single

input fuzzy logic controllerfor unmanned underwater ve-

hicle,” Journal of Intelligent and Robotic Systems, vol. 59,

no. 1, pp. 87-100, 2010.

S. Farajdadian and S. M. H. Hosseini, “Optimization of

fuzzy-based MPPT controller via metaheuristic techniques

for stand-alone PV systems,” International Journal of Hy-

drogen Energy, vol. 44, no. 47, pp. 25457-25472, 2019.

S. Farajdadian and S. H. Hosseini, “Design of an optimal

fuzzy controller to obtain maximum power in solar power

generation system,” Solar Energy, vol. 182, pp. 161-178, 2019.

[109] C. Sain, A. Banerjee, P. K. Biswas, A. T. Azar, and T. S. Babu,
“Design and optimisation of a fuzzy-PI controlled modified
inverter-based PMSM drive employed in a light weight
electric vehicle,” International Journal of Automation and
Control, vol. 16, no. 3/4, pp. 459-488, 2022.

[110] C. S. Chiu, “T-S Fuzzy maximum power point tracking

control of solarpower generation systems,” IEEE Trans-

actions on Energy Conversion, vol. 25, no. 4, pp. 1123-1132,

2010.

A. Mellit and S. A. Kalogirou, “Artificial intelligence tech-

niques for photovoltaicapplications: a review,” Progress in

Energy and Combustion Science, vol. 34, no. 5, pp. 574-632,

2008.

[112] R. Fullér, Neural Fuzzy Systems, TUCS, FI-20500 Turku.

[113] T.J. Ross, Fuzzy Logic with Engineering Applications, John
Wiley & Sons, Hoboken, NJ, USA, 2009.

[114] S. Sivanandam, S. Sumathi, and S. Deepa, Introduction to
Fuzzy Logic Using MATLAB, Springer, Cham, 2007.

[115] M. Masoum and M. Sarvi, “A new fuzzy-based maximum
power point tracker forphotovoltaic applications,” Iran
J Electr Electron Eng, vol. 1, pp. 28-35, 2005.

[116] W. Chung-Yuen, K. Duk-Heon, K. Sei-Chan, K. Won-Sam,
and K. Hack-Sung, “A new maximum power point tracker of
photovoltaic arrays using fuzzy controller,” Power Electronics
Specialists Conference, vol. 1, pp. 396-403, 1994.

(106

(107

(108

[111

International Transactions on Electrical Energy Systems

[117]

[118]

[119]

[120]

[121]

[122]

[123]

(124

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

C.-L. Liu, J.-H. Chen, Y.-H. Liu, and Z.-Z. Yang, “An
asymmetrical fuzzy-logic-control-based MPPT algorithm for
photovoltaic systems,” Energies, vol. 7, no. 4, pp. 2177-2193,
2014.

X. Ge, F. W. Ahmed, A. Rezvani, N. Aljojo, S. Samad, and
L. K. Foong, “Implementation of a novel hybrid BAT-Fuzzy
controller based MPPT for grid-connected PV-battery sys-
tem,” Control Engineering Practice, vol. 98, 2020.

L. Bhukya and S. Nandiraju, “A novel photovoltaic maxi-
mum power point tracking technique based on grasshopper
optimized fuzzy logic approach,” International Journal of
Hydrogen Energy, vol. 45, no. 16, pp. 9416-9427, 2020.

T. Radjai, L. Rahmani, S. Mekhilef, and J. P. Gaubert,
“Implementation of a modified incremental conductance
MPPT algorithm with direct control based on a fuzzyduty
cycle change estimator using dSPACE,” Solar Energy,
vol. 110, pp. 325-337, 2014.

A. Messai, A. Mellit, A. Guessoum, and S. A. Kalogirou,
“Maximum power pointtracking using a GA optimized fuzzy
logic controller and its FPGA implementation,” Solar Energy,
vol. 85, no. 2, pp. 265-277, 2011.

A. Al Nabulsi and R. Dhaouadi, “Efficiency optimization of
a dsp-based standalonePV system using fuzzy logic and dual-
MPPT control,” IEEE Transactions on Industrial Informatics,
vol. 8, no. 3, pp. 573-584, 2012.

O. Guenounou, B. Dahhou, and F. Chabour, “Adaptive fuzzy
controller based MPPTfor photovoltaic systems,” Energy
Conversion and Management, vol. 78, pp. 843-850, 2014.
M. Farhat, O. Barambones, and L. Sbita, “Efficiency opti-
mization of a DSP-basedstandalone PV system using a stable
single input fuzzy logic controller,” Renewable and Sus-
tainable Energy Reviews, vol. 49, pp. 907-920, 2015.

P. C. Cheng, B. R. Peng, Y. H. Liu, Y. S. Cheng, and
J. W. Huang, “Optimization of a fuzzy-logic control-
basedMPPT algorithm using the particle swarm opti-
mizationtechnique,” Energies, vol. 8, no. 6, pp. 5338-5360,
2015.

J. H. Holland, “Genetic algorithms,” Scientific American,
vol. 267, no. 1, pp. 66-72, 1992.

S. Mirjalili, S. M. Mirjalili, and A. Lewis, “Grey wolf opti-
mizer,” Advances in Engineering Software, vol. 69, pp. 46-61,
2014.

M. Dorigo and L. M. Gambardella, “Ant colony system:
a cooperative learningapproach to the traveling salesman
problem,” IEEE Transactions on Evolutionary Computation,
vol. 1, no. 1, pp. 53-66, 1997.

D. Karaboga, “An idea based on honey bee swarm for
NumericalOptimization,” Technical Report-TR06, Erciyes
University, Erciyes University, 2005.

A. Amir, A. Amir, J. Selvaraj, and N. A. Rahim, “Study of the
MPP tracking algorithms: focusing the numerical method
techniques,” Renewable and Sustainable Energy Reviews,
vol. 62, pp. 350-371, 2016.

R. V. Rao, V. J. Savsani, and D. P. Vakharia,
“Teaching-learning-based optimization: a novel method for
constrained mechanical design optimization problems,”
Computer-Aided Design, vol. 43, no. 3, pp. 303-315, 2011.
R. C. Eberhart and J. Kennedy, “A new optimizer using
particle swarm theory,” in Proceedings of the sixth in-
ternational symposium on micro machine and human science,
pp- 39-43, New York, NY, USA, October 1995.

K. James and E. Russell, “Particle swarm optimization,” in
Proceedings of the 1995 IEEE International conference on



International Transactions on Electrical Energy Systems

[134]

[135]

[136]

[137]

[138]

[139]

[140]

(141

[142]

(143

[144

[145]

[146]

[147]

neural networks, pp. 1942-1948, Perth, WA, Australia, June
1995.

J. H. Seo, C. H. Im, C. G. Heo, J. K. Kim, H. K. Jung, and
C. G. Lee, “Multimodal function optimization based on
particle swarm optimization,” IEEE Transactions on Mag-
netics, vol. 42, pp. 1095-1098.

L. Yi-Hwa, H. Shyh-Ching, H. Jia-Wei, and L. Wen-Cheng,
“A particle swarm optimization-based maximum power
point tracking algorithm for PV systemsoperating under
partially shaded conditions,” IEEE Transactions on Energy
Conversion, vol. 27, pp. 1027-1035.

N. A. Kamarzaman and C. W. Tan, “A comprehensive review
of maximum powerpoint tracking algorithms for photo-
voltaic systems,” Renewable and Sustainable Energy Reviews,
vol. 37, pp. 585-598, 2014.

M. Miyatake, M. Veerachary, F. Toriumi, N. Fujii, and H. Ko,
“Maximum power point tracking of multiple photovoltaic
arrays: a PSO approach,” IEEE Transactions on Aerospace
and Electronic Systems, vol. 47, no. 1, pp. 367-380, 2011.
M. N. S. Khairi, N. A. B. Bakhari, A. A. A. Samat,
N. Kamarudin, M. H. Md Hussin, and A. I. Tajudin, “MPPT
design using PSO technique for photovoltaic system,” in
Proceedings of the 2023 IEEE 3rd International Conference in
Power Engineering Applications (ICPEA), pp. 131-136,
Putrajaya, Malaysia, March 2023.

K. Ishaque, Z. Salam, A. Shamsudin, and M. Amjad, “A
direct control-based maximum power point tracking method
for photovoltaic system underpartial shading conditions
using particle swarm optimization algorithm,” Applied En-
ergy, vol. 99, pp. 414-422, 2012.

N. H. Saad, A. A. El-Sattar, and A. E. A. M. Mansour, “A
novel control strategy forgrid-connected hybrid renewable
energy systems using improved particleswarm optimiza-
tion,” Ain Shams Engineering Journal, vol. 9, no. 4,
pp. 2195-2214, 2018.

S. Deol, S. R. Patel, and T. Choudhury, “Fuzzy logic method
based MPPT controller for solar energy generation,” in In-
novations in Cyber Physical Systems, J. Singh, S. Kumar, and
U. Choudhury, Eds., Springer, Singapore, 2021.

K. L. Lian, J. H. Jhang, and I. S. Tian, “A maximum power
point tracking method based on perturb-and-observe
combined with particle swarm optimization,” IEEE Jour-
nal of Photovoltaics, vol. 4, no. 2, pp. 626-633, 2014.

J. H. Holland, Adaptation in Natural and Artificial Systems:
An Introductoryanalysis with Applications to Biology, Con-
trol, and Artificial Intelligence, UMichigan Press, MI, USA,
1975.

Y. Shaiek, M. Ben Smida, A. Sakly, and M. F. Mimouni,
“Comparison between conventional methods and GA ap-
proach for maximum power point tracking ofshaded solar
PV generators,” Solar Energy, vol. 90, pp. 107-122, 2013.
S. Daraban, D. Petreus, and C. Morel, “A novel global
MPPT based on genetic algorithms for photovoltaic sys-
tems under the influence of partial shading,” in Proceedings
of the IECON 2013-39th Annual Conference of the IEEE
IndustrialElectronics Society, pp. 1490-1495, IEEE, Vienna,
Austria, November 2013.

D. E. Goldberg and J. H. Holland, “Genetic algorithms and
machine learning,” Machine Learning, vol. 3, no. 2/3,
pp. 95-99, 1988.

R. M. B. Ramaprabha, “Genetic algorithm based maximum
power point trackingfor partially shaded solar photovoltaic
array IntJResRevInfSci (IJRRIS),” https://www.academia.edu/

[148]

[149]

[150

[151]

[152]

[153]

[154]

[155]

[156]

(157

[158]

(159

(160]

[161]

23

33809719/Genetic_Algorithm_Based_Maximum_Power_Point
_Tracking for_Partially_Shaded_Solar_Photovoltaic_Array.
H. R. Mohajeri, M. P. Moghaddam, M. Shahparasti, and
M. Mohamadian, “Development a new algorithm for
maximum power point tracking of partially shaded photo-
voltaic arrays,” in Proceedings of the 2012 20th Iranian
conference on electrical engineering (ICEE), pp. 489-494,
IEEE, Tehran, Iran, May 2012.

A. A. Kulaksiz and R. Akkaya, “A genetic algorithm opti-
mized ANN-based MPPT algorithm for a stand-alone PV
system with induction motor drive,” Solar Energy, vol. 86,
no. 9, pp. 2366-2375, 2012.

S. Mirjalili, S. M. Mirjalili, and A. Lewis, “Grey wolf opti-
mizer,” Advances in Engineering Software, vol. 69, pp. 46-61,
2014.

B. Laxman, A. Annamraju, and N. V. Srikanth, “A grey wolf
optimized fuzzy logic based MPPT for shaded solar pho-
tovoltaic systems in microgrids,” International Journal of
Hydrogen Energy, vol. 46, no. 18, pp. 10653-10665, 2021.
S. Mohanty, B. Subudhi, and P. K. Ray, “A new MPPT design
using grey wolf optimization technique for photovoltaic
system under partial shading conditions,” IEEE Transactions
on Sustainable Energy, vol. 7, no. 1, pp. 181-188, 2016.

Q. Shen, J.-H. Jiang, J. C Tao, G. L Shen, and R. Q. Yu,
“Modified ant colony optimization algorithm for variable
selection in QSAR modeling: QSAR studies of cyclo-
oxygenase inhibitors,” Journal of Chemical Information and
Modeling, vol. 45, no. 4, pp. 1024-1029, 2005.

R. Rahmani, R. Yusof, M. Seyedmahmoudian, and
S. Mekhilef, “Hybrid technique of ant colony and particle
swarm optimization for short term wind energyforecasting,”
Journal of Wind Engineering and Industrial Aerodynamics,
vol. 123, pp. 163-170, 2013.

L. Yu, K. Liu, and K. Li, “Ant colony optimization in con-
tinuous problem,” Frontiers of Mechanical Engineering in
China, vol. 2, no. 4, pp. 459-462, 2007.

K. Sundareswaran, V. Vigneshkumar, P. Sankar, S. P. Simon,
P. SrinivasaRao Nayak, and S. Palani, “Development of an
improved P & O algorithmassisted through a colony of
foraging ants for MPPT in PV system,” IEEE Transactions on
Industrial Informatics, vol. 12, no. 1, pp. 187-200, 2016.

S. Titri, C. Larbes, K. Toumi, and K. Benatchba, “A new
MPPT controller basedon the ant colony optimization al-
gorithm for photovoltaic systems underpartial shading
conditions,” Applied Soft Computing, vol. 58, pp. 465-479,
2017.

B. Lekshmi Sree and M. G. Umamaheswari, “A Hankel
matrix reduced order SEPIC model for simplified voltage
control optimization and MPPT,” Solar Energy, vol. 170,
pp. 280-292, 2018.

Y. Dhieb, M. Yaich, M. Bouzguenda, and M. andGhariani,
“MPPT optimization using ant colony algorithm: solar PV
applications,” in Proceedings of the 2022 IEEE 2lst in-
ternational Ccnference on Sciences and Techniques of Auto-
matic  Control and Computer Engineering (STA),
pp- 503-507, Sousse, Tunisia, December 2022.

A. Besheer and M. Adly, “Ant colony system based PI
maximum power point tracking for stand-alone photovoltaic
system,” in Proceedings of the 2012 IEEE International
Conference on Industrial Technology (ICIT), pp. 693-698,
IEEE, Athens, March 2012.

J. Ahmed and Z. Salam, “A soft computing MPPT for PV
system based on Cuckoo Search algorithm,” in Proceedings of


https://www.academia.edu/33809719/Genetic_Algorithm_Based_Maximum_Power_Point_Tracking_for_Partially_Shaded_Solar_Photovoltaic_Array
https://www.academia.edu/33809719/Genetic_Algorithm_Based_Maximum_Power_Point_Tracking_for_Partially_Shaded_Solar_Photovoltaic_Array
https://www.academia.edu/33809719/Genetic_Algorithm_Based_Maximum_Power_Point_Tracking_for_Partially_Shaded_Solar_Photovoltaic_Array

24

(162

[163]

[164]

[165]

[166]

[167]

[168]

[169]

[170]

[171]

[172]

[173]

(174]

[175]

[176]

the int conf power eng energy electr drives, pp. 558-562,
Istanbul, Turkey, May 2013.

J. Ahmed and Z. Salam, “A maximum power point tracking
(MPPT) for PV system using cuckoo search with partial
shading capability,” Applied Energy, vol. 119, pp. 118-130,
2014.

K. Sundareswaran, P. Sankar, P. S. R. Nayak, S. P. Simon, and
S. Palani, “Enhanced energy output from a PV system under
partial shaded conditions through artificial bee colony,” IEEE
Transactions on Sustainable Energy, vol. 6, no. 1, pp. 198-209,
2015.

N. Belhaouas, M. S. A. Cheikh, P. Agathoklis et al., “PV array
power output maximization underpartial shading using new
shifted PV array arrangements,” Applied Energy, vol. 187,
pp. 326-337, 2017.

S. Padmanaban, N. Priyadarshi, M. Sagar Bhaskar,
J. B. Holm-Nielsen, V. K. Ramachandaramurthy, and
E. Hossain, “A hybrid ANFIS-ABC based MPPT con-
trollerfor PV system with anti-islanding grid protection:
experimental realization,” IEEE Access, vol. 7, pp. 103377-
103389, 2019.

A. S. Benyoucef, A. Chouder, K. Kara, S. Silvestre, and
O. A. Sahed, “Artificial beecolony-based algorithm for
maximum power point tracking (MPPT) for PVsystems
operating under partial shaded conditions,” Applied Soft
Computing, vol. 32, pp. 38-48, 2015.

R. V. Rao, V. J. Savsani, and D. P. Vakharia, “Teaching-
learning-based optimization: a novel method for constrained
mechanical design optimization problems,” Computer-Aided
Design, vol. 43, no. 3, pp. 303-315, 2011.

X. S. Yang, “Firefly algorithms for multimodal optimization,”
Stochastic  algorithms:  Foundations and Applications,
vol. 5792, p. 169¢78, 2009.

X. S. Yang, “Firefly algorithm, stochastic test functions
anddesign optimization,” International Journal of Bio-
Inspired Computation, vol. 2, no. 2.

X.-S. Yang, “Firefly algorithms for multimodal optimiza-
tion,” Stochastic Algorithms: Foundations and Applications,
Springer, pp. 169-178, Cham, 2009.

X.-S. Yang, Nature-inspired Metaheuristic Algorithms,
Luniver Press, UK, 2010.

K. Sundareswaran, S. Peddapati, and S. Palani, “MPPT of PV
systems under partialshaded conditions through a colony of
flashing fireflies,” IEEE Transactions on Energy Conversion,
vol. 29, pp. 463-472, 2014.

A. Ganguly, P. K. Biswas, C. Sain, and T. S. Ustun, “Modern
DC-DC power converter topologies and hybrid control
strategies for maximum power output in sustainable
nanogrids and picogrids-A comprehensive survey,” Tech-
nologies, vol. 11, no. 4, p. 102, 2023.

Y. H. Liu, J. H. Chen, and J. W. Huang, “Global maximum
power point tracking algorithm for PV systems operating
under partially shaded conditions usingthe segmentation
search method,” Solar Energy, vol. 103, pp. 350-363, 2014.
K. Sundareswaran, S. Peddapati, and S. Palani, “Application
of random search method for maximum power point
tracking in partially shaded photovoltaicsystems,” IET Re-
newable Power Generation, vol. 8, no. 6, pp. 670-678, 2014.
R. Ramaprabha, M. Balaji, and B. L. Mathur, “Maximum
power point tracking of partially shaded solar PV system
using modified Fibonacci search methodwith fuzzy con-
troller,” International Journal of Electrical Power & Energy
Systems, vol. 43, no. 1, pp. 754-765, 2012.

International Transactions on Electrical Energy Systems

[177] M. Kermadi, Z. Salam, J. Ahmed, and E. M. Berkouk, “An

effective hybridmaximum power point tracker of photo-
voltaic arrays for complex partialshading conditions,” IEEE
Transactions on Industrial Electronics, vol. 66, no. 9,
pp. 6990-7000, 2019.

[178] M. A. Danandeh and S. Mousavi G, “A new architecture of

INC-fuzzy hybrid method for tracking maximum power
point in PV cells,” Solar Energy, vol. 171, pp. 692-703, 2018.

[179] D. Chatterjee, P. K. Biswas, C. Sain, A. Roy, and F. Ahmad,

“Efficient energy management strategy for fuel cell hybrid
electric vehicles using classifier fusion technique,” IEEE
Access, vol. 11, pp- 97135-97146, 2023.





