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Abstract: There are a variety of maximum power point tracking (MPPT) algorithms for improving the
energy efficiency of solar photovoltaic (PV) systems. The mode of implementation (digital or analog),
design simplicity, sensor requirements, convergence speed, range of efficacy, and hardware costs are
the primary distinctions between these algorithms. Selecting an appropriate algorithm is critical for
users, as it influences the electrical efficiency of PV systems and lowers costs by reducing the number
of solar panels required to achieve the desired output. This research is relevant since PV systems are
an alternative and sustainable solution for energy production. The main aim of this paper is to review
the current advances in MPPT algorithms. This paper first undertakes a systematic literature review
(SLR) of various MPPT algorithms, highlighting their strengths and weaknesses; a detailed summary
of the related reviews on this topic is then presented. Next, quantitative and qualitative comparisons
of the most popular and efficient MPPT methods are performed. This comparison is based on
simulation results to provide efficient benchmarking of MPPT algorithms. This benchmarking
validates that intelligent MPPTs, such as artificial neural network (ANN), fuzzy logic control (FLC),
and adaptive neuro-fuzzy inference system (ANFIS), outperform other approaches in tracking the
MPPT of PV systems. Specifically, the ANN technique had the highest efficiency of 98.6%, while
the ANFIS and FLC methods were close behind with efficiencies of 98.34% and 98.29%, respectively.
Therefore, it is recommended that these intelligent MPPT techniques be considered for use in future
photovoltaic systems to achieve optimal power output and maximize energy production.

Keywords: photovoltaic system; MPPT techniques; systematic literature review; comparative study;
simulation results; benchmarking

1. Introduction

Global energy consumption is growing faster than global energy production due to
increased industrialization, population growth, and better living conditions [1]. According
to the International Energy Agency (IEA), global energy consumption will increase by 44%
between 2006 and 2030 [2]. Consequently, many countries of the world are switching to
promising, socially acceptable, renewable, and sustainable new energy sources, including
wind, solar, small hydro, biomass, geothermal, ocean thermal, and tidal energy sources.

Photovoltaic energy is popular among these renewable sources due to its sustain-
ability, local availability, environmental friendliness, simple technology, increasing cost-
effectiveness, and little system balance. With no moving components or carbon emissions,
a PV system uses semiconductor materials to convert sunlight to direct current electricity.
PV has now replaced hydropower and wind as the third most important renewable energy
source. Currently, ground-mounted or building-integrated PV systems are used in residen-
tial, commercial, and grid applications in more than one hundred countries [2]. According

Energies 2023, 16, 3509. https://doi.org/10.3390/en16083509 https://www.mdpi.com/journal/energies

https://doi.org/10.3390/en16083509
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0009-0006-3102-9828
https://orcid.org/0000-0003-1627-405X
https://orcid.org/0000-0002-6307-909X
https://doi.org/10.3390/en16083509
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en16083509?type=check_update&version=1


Energies 2023, 16, 3509 2 of 45

to the International Energy Agency for Solar Energy Systems (IEA-PVPS), the capacity of
globally installed PV systems increased to 227 GW in March 2015 and was expected to
reach 500 GW by the end of 2020 [3,4].

Today, the number of installed PV cells is rising rapidly. There are three different kinds
of application for these cells: grid-connected systems [5,6], standalone systems [7,8], and
hybrid systems [9], which combine PV systems with other types of energy. By 2021, the
amount of power generated in the world was around 843.09 GW [10].

It is well known that the curves of current and power as a function of the voltage
(Current (I)—Voltage (V) and Power (P)—Voltage (V)) of a PV module are mostly influenced
by meteorological characteristics, specifically irradiance and temperature [11]. These
characteristics depend on different factors, such as weather conditions and load conditions.

Indeed, relatively high cost and low efficiency remain two significant challenges of
PV cells. Therefore, given the economic factors and the rising demand for energy, it is very
vital that maximum power is extracted from cells, with optimum economic and energy cost.
The most used and efficient approaches for controlling the maximum power point of PV
cells are discussed in this study.

A review of the literature shows two main research topics. The first one is defined by
the intelligent solutions for predicting weather and/or load conditions. The second one
is focused on advanced methods of maximum power point tracking of PV cells. In this
paper, we mainly focus on the second research orientation, highlighting the most efficient
MPPT methods. In an initial analysis, previous reviews from 2016 to 2020 related to MPPT
algorithms for PV systems are studied. These papers have been collected from Science
Direct and Web of Science databases.

To show the novelty and added value of this current study, Table 1 presents a sum-
mary of other review papers on the same topic as well as a comparison of these papers
with the current paper [12–18]. Indeed, 62 MPPT classification algorithms of PV systems
are proposed in [12]. In this comparative study, the authors used different properties
and characteristics, such as the system complexity, the quantity of sensors, the kind of
circuitry (digital or analog), tuning, convergence speed, and parameter dependence. The
comparison is quantitative and quite general, and is oriented mainly toward the choice
of technology. In [13], the idea of power tracking for PV systems is discussed, and an
overview of 40 historical and contemporary MPPT approaches is given. Some of these
techniques are mathematically modeled and laid out. This paper presents a clustering of
these approaches via five criteria—sensors, speed, stability, type of circuit, and periodic
tuning—in order to give an overall idea of the existing methods. Nonetheless, the clustering
of MPPT approaches is not of great help for the choice of an MPPT method, especially if
the criterion considered is not representative of the classes. Paper [14] presents more than
41 MPPT approaches. Their advantages and drawbacks are also covered based on four cri-
teria such as economics, performance, control, and type of circuit, but the study undertakes
no systematic review. In [15], the authors review different MPPT strategies and explain
their benefits and drawbacks using block and schematic diagrams, operating principles,
and algorithms. This review analyzes the input, output, and hidden parameters of MPPT
algorithms under steady conditions, rapidly changing conditions, and partial shading
conditions (PSCs). Using tables, which mention the kind of MPPT load, the prospective
application domains of the articles under review are also covered. This paper presents a
few recommendations worth noting, but it does not provide a comparative quantitative
analysis. In [16], an orderly and succinct evaluation of MPPT approaches used for PV
systems is provided. A few effective techniques are selected and categorized into four
groups (Hybrid, Optimized, Intelligent, and Classical) based on the tracking algorithm
used to track MPPT under only partial shading conditions (PSCs). This review paper gives
several ideas without taking into account a quantitative analysis comparison, a systematic
review, or a qualitative analysis comparison.
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Table 1. Summary of the related reviews on MPPT from 2016 to 2022 and comparison of these reviews
with the current review paper.

Refs. Year Selected Keywords One-Sentence Summary
Topic of Paper Benchmarking

Review Systematic
Review

Quantitative
Analysis

Qualitative
Analysis

[12] 2016 MPPT, PV, System
efficiency

Review study of
62 MPPT algorithms × ×

[13] 2016
MPP, MPPT,
PV, converter,
power electronics

Overview of 40 old and
recent MPPT methods × ×

[14] 2018 MPPT, PV, PV cell

Comparative and
comprehensive review of
MPPT methods for
PV cells

× × ×

[15] 2019

PV system,
MPPT techniques,
conventional methods,
partial shading,
bio-inspired algorithms

Thorough summary of
the many MPPT methods
that have recently been
developed, modeled,
and/or experimentally
verified in PV literature

× ×

[16] 2020
GMPP, MPPT classification,
MPPT techniques,
partial PSCs, PV system

A detailed examination
of the hybrid, optimized,
intelligent, and classical
MPPT techniques

× ×

[17] 2020 MPPT, PV, grid-connected
Critical review of some of
the most recent MPPT
techniques developed

× ×

[18] 2022
GMPPT, PSC, PV system,
uniform weather condition,
MPPT algorithms.

Present the strengths,
weaknesses,
opportunities, and
threats (SWOT analysis)
of MPPT algorithms.

× ×

The
current
paper

2023

MPPT techniques,
photovoltaic system,
converter, systematic
literature review, state of
the art, meta-analysis,
comparative study,
simulation results,
benchmarking.

High-level systematic
literature review of
MPPT methods

× × × ×

The best-known MPPT algorithms are examined in [17]. The efficiencies of these
algorithms are evaluated based on their power extraction and tracking improvements.
This evaluation provides some comparative analysis in terms of convergence to MPP,
power extraction efficiency, tracking speed, and steady-state oscillation. However, in this
comparative study, the environmental conditions for each algorithm are not specified.
Hence, the outcome is not conclusive because the results are provided for the general
case. In [18], the authors offer a comprehensive evaluation of the strengths, weaknesses,
opportunities, and threats (SWOT analysis) associated with MPPT algorithms under only
PSC. By doing so, the authors aim to provide researchers and practitioners with a better
understanding of the feasibility and limitations of these algorithms. Nevertheless, it is
important to note that this review may not fully capture the impact of external factors
such as climate change, which can significantly influence the effectiveness and efficiency
of MPPT algorithms in real-world applications. As such, further research is needed to
explore the potential effects of these factors on the performance of MPPT algorithms in
practical settings.

In summary, review papers related to MPPT algorithms have so far paid less attention
to a systematic literature review (SLR) and benchmarking based on both quantitative and
qualitative analysis.
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This current holistic review provides insights not fully covered or evaluated by pre-
vious reviews. Its added value consists in its in-depth study of different MPPT methods,
in order to select the most optimized one from a technical perspective. In other terms, the
main contributions of this review are expounded as follows:

X A systematic review of the MPPT algorithms is given. Previous review papers are
discussed, with detailed descriptions showing the advantages and the limitations of
the most important MPPT algorithms;

X A comparative study of seven MPPT methods (namely perturb and observe (P&O),
incremental conductance (IC), artificial neural network (ANN), fuzzy logic control
(FLC), double integral sliding mode control (DISMC), particle swarm optimization
(PSO), and adaptive neuro-fuzzy inference system (ANFIS)) is presented using sim-
ulations. The main goal is to examine their efficiencies and inaccuracies at steady
state in order to set standards for future research in the field of MPPT algorithms with
various scenario tests.

X Benchmarking to correctly select the best MPPT for different environmental conditions
is also carried out.

The remaining parts of this paper are organized as portrayed in Figure 1. Concretely,
Section 2 presents the methodological SLR approach. SLR steps used in various research
works on MPPT techniques and their outcomes are explained in detail in Section 3. Lastly,
Section 4 concludes with a summary of the important points and offers benchmarking
related to the MPPT algorithms.

Energies 2023, 16, x FOR PEER REVIEW 4 of 43 
 

 

 A systematic review of the MPPT algorithms is given. Previous review papers are 
discussed, with detailed descriptions showing the advantages and the limitations of 
the most important MPPT algorithms; 

 A comparative study of seven MPPT methods (namely perturb and observe (P&O), 
incremental conductance (IC), artificial neural network (ANN), fuzzy logic control 
(FLC), double integral sliding mode control (DISMC), particle swarm optimization 
(PSO), and adaptive neuro-fuzzy inference system (ANFIS)) is presented using sim-
ulations. The main goal is to examine their efficiencies and inaccuracies at steady 
state in order to set standards for future research in the field of MPPT algorithms 
with various scenario tests. 

 Benchmarking to correctly select the best MPPT for different environmental condi-
tions is also carried out. 
The remaining parts of this paper are organized as portrayed in Figure 1. Concretely, 

Section 2 presents the methodological SLR approach. SLR steps used in various research 
works on MPPT techniques and their outcomes are explained in detail in Section 3. Lastly, 
Section 4 concludes with a summary of the important points and offers benchmarking 
related to the MPPT algorithms. 

 
Figure 1. Diagrammatic view of the organization of the paper. 

2. Method Overview 
To perform a replicable and robust literature review, this review uses Mengist et al. 

(2020)’s methodology [19] to conduct a systematic literature review (SLR), meta-analysis, 
and benchmarking studies on MPPT techniques. 

The systematic literature review (SLR) and meta-analysis are research methodologies 
that aid in the gathering and analysis of pertinent data on a specific subject. These meth-
odologies are designed to meet pre-established eligibility requirements and provide solu-
tions to research questions. 

Meta-analysis involves the use of statistical techniques, which can be descriptive 
and/or inferential, to summarize data from various research studies on a particular topic 
of interest. This methodology helps to generate knowledge from several investigations, 
both qualitatively and quantitatively. The process consists of six essential steps that aid in 
conducting a comprehensive review. Firstly, the research protocol outlines the scope and 
objectives of the study. Secondly, the search strategy is defined, including the selection of 
relevant databases and search terms. Thirdly, the appraisal stage involves identifying 

4.  Conclusions
Conclude and recommend.

3. SLR employed on MPPT techniques (2005-2022 )
- Basic classification of MPPT techniques.

- Comparison of the MPPT algorithms for PV systems.

- Benchmark of MPPT techniques.

2. Method Overview
Steps of Systematic Literature Review (SLR)  and meta-analysis studies.

1. Introduction
Summary of the related reviews on MPPT fand comparison of these reviews 

with the current review paper.

Figure 1. Diagrammatic view of the organization of the paper.

2. Method Overview

To perform a replicable and robust literature review, this review uses Mengist et al.
(2020)’s methodology [19] to conduct a systematic literature review (SLR), meta-analysis,
and benchmarking studies on MPPT techniques.

The systematic literature review (SLR) and meta-analysis are research methodologies
that aid in the gathering and analysis of pertinent data on a specific subject. These method-
ologies are designed to meet pre-established eligibility requirements and provide solutions
to research questions.

Meta-analysis involves the use of statistical techniques, which can be descriptive
and/or inferential, to summarize data from various research studies on a particular topic
of interest. This methodology helps to generate knowledge from several investigations,
both qualitatively and quantitatively. The process consists of six essential steps that aid
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in conducting a comprehensive review. Firstly, the research protocol outlines the scope
and objectives of the study. Secondly, the search strategy is defined, including the selection
of relevant databases and search terms. Thirdly, the appraisal stage involves identifying
literature based on pre-defined inclusion and exclusion criteria and assessing its quality.
Fourthly, the data is synthesized and categorized to extract key findings. Fifthly, the analysis
phase involves narrating the results and drawing conclusions. Finally, the benchmarking
stage is where the findings are reported.

Table 2 shows a list of these steps, which are essential for conducting a successful meta-
analysis. By following these steps, researchers can ensure that their analysis is thorough
and accurate, which is critical for generating high-quality research that can be used to
inform decision-making in various fields.

Table 2. Steps of SLR and meta-analysis studies.

N◦ Steps Results Methods

1 Protocol Definition of the scope of
the study Formulate research questions

2 Search
Definition of the
research strategy
Searching studies

Search for strings
Search for databases

3 Appraisal
Selection of studies
Assessment of
research quality

Define the criteria for inclusion and
exclusion
Quality criteria

4 Synthesis
Data extraction
Data classification
by categories

Extract template
Organize data according to some
iterative definition to prepare it for
additional analysis.

5 Analysis Analysis of the data
Results and discussion

Description, quantitative categories,
narrative analysis, and qualitative
analysis of the organized data
Show the trends, highlight the gaps, and
compare the results based on
the analysis

6 Benchmarking Report writing
Conclusion

Summarize the report’s findings
Conclude and recommend

3. SLR Employed on MPPT Techniques

The following subsections detail the SLR approach used to evaluate the most recent
developments in MPPT algorithms.

3.1. Step 1: Protocol

In this first step, a research protocol is required for the SLR in order to take into account
the features of transparency, transferability, and replication of this study. This step reduces
bias by ensuring that detailed literature searches are conducted.

Determining the research scope is the most difficult problem in this step. As soon as
the study criteria are established, it becomes easier to choose the best research methodology
by developing research questions and study boundaries.

In this study, the refined objectives of the SLR are to assess the state of the art on MPPT
algorithms for PV systems. This assessment is defined through the appropriate choice of
refined research questions (RQ):

• RQ1: What MPPT techniques are used?
• RQ2: What categories of MPPT techniques are defined?
• RQ3: Which MPPT algorithms have been mostly used on a real test bench?
• RQ4: What kind of converter design is used?
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• RQ5: What comparative criteria are used?

These are the research questions that the study would answer by following the
SLR method.

3.2. Step 2: Search

In this step, the delivery and strategy of the search are presented. The search strategy
helps in defining the proper search terms and locating the pertinent databases to gather the
necessary material. Although the nature of the issue area heavily influences the number of
databases, the number of databases for SLR searches could be set and limited. As a result,
the search string definition ought to be based on the terminology used by the SLR program
for the population.

To cover the recent research works on the study topic, publication techniques over the
last 17 years (2005–2022) have been collected from Web of Science, Google Scholar, IEEE
Xplore, Science Direct, Scopus, and other databases. As a result, an initial list of papers
was obtained from different publishers, where the Boolean keyword combinations, such as
“MPPT Techniques” OR “MPPT Methods” AND “Photovoltaic system” AND “Photovoltaic
Power” AND “converter”, have been explored, as shown in Figure 2.
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Evaluation of the selected papers was carried out according to the answers to the RQs
defined in step 1. A descriptive analysis of the identified papers was conducted according
to the distribution of the works by year of publication (Figure 3). Figure 3 shows that the
number of publications increased until the year 2022; since that time, there has been a
significant decrease.
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Figure 3. Distribution of papers according to year of publication from 2005 to 2023.

Other distributions are given in Figure 4 to show the evolution of MPPT and photo-
voltaic use since 1960. This figure presents a timescale variation on the frequency of use
of terms “MPPT” and “PV system” in scientific books from Google Books Ngram Viewer.
It can be seen that the popularity of MPPT and PV system has significantly increased in
recent years.



Energies 2023, 16, 3509 7 of 45

Energies 2023, 16, x FOR PEER REVIEW 7 of 43 
 

 

It can be seen that the popularity of MPPT and PV system has significantly increased in 
recent years. 

Fr
eq

ue
nc

y 

 
Year 

Figure 4. Frequency of contrasting word types of MPPT algorithms from 1960 to 2019. 

To analyze the effect of keyword information clustering, another visualization was per-
formed based on the bibliometric method using VOSviewer (version 1.6.16.) [20]. This soft-
ware revealed the different aspects of the treated topic and therefore the set of publications 
according to the specificity of the keywords. The latter ensures the visualization of bibliometric 
networks and analysis of big data. In fact, such networks represent a qualitative analysis 
method that maps scientific papers with similar characteristics into smaller clusters. 

Figure 5 is a cartographic analysis performed by VOSviewer. For the five keywords, 2000 
publications were identified in the initial search phase. The different keyword combinations 
in the SLR provide an overview of research trends in technical MPPT algorithms for PV sys-
tems. The following figure shows that the nodes covering the widest and most noticeable areas 
are “MPPT” and “maximum power point tracking (mppt)”, which has a smaller size. 

 
Figure 5. Analysis of the author-supplied keywords from 2005 to 2022. 

Figure 4. Frequency of contrasting word types of MPPT algorithms from 1960 to 2019.

To analyze the effect of keyword information clustering, another visualization was
performed based on the bibliometric method using VOSviewer (version 1.6.16.) [20]. This
software revealed the different aspects of the treated topic and therefore the set of publi-
cations according to the specificity of the keywords. The latter ensures the visualization
of bibliometric networks and analysis of big data. In fact, such networks represent a
qualitative analysis method that maps scientific papers with similar characteristics into
smaller clusters.

Figure 5 is a cartographic analysis performed by VOSviewer. For the five keywords,
2000 publications were identified in the initial search phase. The different keyword combi-
nations in the SLR provide an overview of research trends in technical MPPT algorithms
for PV systems. The following figure shows that the nodes covering the widest and most
noticeable areas are “MPPT” and “maximum power point tracking (mppt)”, which has a
smaller size.
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The bibliometric network is described by hubs and edges, where the hubs represent
the keywords and the edges define the relationship between keywords. In addition, the hub
size represents the frequency of recurrence. The connections between hubs illustrate their
co-occurrence in the same paper. Generally, a smaller distance between hubs demonstrates
that there is a higher correlation between them. A hub size is larger when the impact of the
keyword is greater.

3.3. Step 3: Appraisal

The appraisal step involved evaluating the chosen publications based on the objectives
of the current review. To find papers relevant to the current review, the selected studies
were screened according to the inclusion criteria.

The study’s general screening processes and the flowchart for selecting relevant
literature are presented in Figure 6. Initially, a total of 1535 papers were selected. To further
narrow down the selection, each paper was screened based on various exclusion criteria
such as whether it had an extended abstract, whether it was gray literature, a keynote, a
presentation, a book chapter, and/or an inaccessible publication, and whether it was not
written in English. This resulted in 1100 papers that were eligible for further title reading.
After reading the titles, only 850 articles met the eligibility criteria for abstract reading.
From these 850 articles, only 550 publications were left for main body reading. During
the main body reading, duplicated papers and articles lacking clear ecosystem service
assessment methods were manually removed. As a result, 230 papers were assessed and
downloaded for further screening steps. Finally, 110 articles that fulfilled all the inclusion
criteria were used for the SLR.
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3.4. Step 4: Synthesis

The synthesis phase involved both the extraction and classification of pertinent data
from chosen papers, in order to develop ideas and reach conclusions. Finding and removing
pertinent material from the chosen publications was a part of the data extraction procedure.
There was coding for SLR and meta-analysis studies, just like in survey research, using the
prepared criteria from the chosen publications.

Based on the RQs, the selected papers were analyzed and synthesized according to six
structural dimensions as defined in Figure 7.
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• Decision levels: The papers were divided into four decision levels: theoretical, system
design, implementation (experimental or simulation), and comparative criteria.

• Methods: This classification refers to the different kinds of MPPT techniques. The
studies were divided into classic, advanced, smart, and hybrid techniques.

• Converter design: This refers to the type of the converter used by the authors to
implement the MPPT solutions, namely buck converter, boost converter, etc.

• MPPT applications: This refers to the special cases used by some authors based either
on simulation results or experimental results for which the kind of experimental
context is defined.

• Comparative criteria: This refers to the criteria used to compare different MPPT
techniques and assess their performance.

3.5. Step 5: Analysis

The evaluation of synthesis data, the extraction of significant material, and drawing
conclusions from the chosen papers are all included in this step. The formulated research
questions will be answered at this point. This step includes both the qualitative and
quantitative interpretation and narration of results, as well as making suggestions for future
directions of research projects and drawing conclusions. Descriptive and/or fundamental
inferential statistical techniques can be used to synthesize the data from the final list of
chosen publications. The nature of the research findings, the types of statistics supplied
for each study, and the hypotheses examined by the meta-analysis all influence the types
and applications of the statistical methods. This step has two main subsections: Qualitative
Analysis and Quantitative Analysis.

3.5.1. Qualitative Analysis

The different MPPT methods can be classified into four, viz.: classical, advanced,
intelligent, and hybrid. A brief review of the knowledge and understanding of these four
concepts is presented in this section. The merits and de-merits of these techniques are
discussed and ordered in Table 2.

The challenging factor in the realm of solar energy is the dynamic nature of generating
varying power and voltage that depend on environmental circumstances. Conditions such
as wind speed, shade, and sun insolation angle are among the factors that influence solar
energy generation. As a result, maximum power generation is not assured for all electrical
loads [21]. To extract the highest amount of available power from PV systems, MPPT
techniques are equipped with appropriate controllers. A variety of MPPT approaches have
been proposed in the literature to run PV modules at maximum power. The effectiveness
of these approaches is determined by their capacity to track rapidly changing meteoro-
logical conditions. Therefore, MPPT classification techniques are highly related to the
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control method [22,23]. In addition, the classification is mainly based on how the different
techniques track under partial shading conditions (PSCs).

In the literature, there are mainly four classes of MPPT techniques used in PV systems
(Figure 8).
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Classical MPPT techniques are easy to implement [23,24]. They are most efficient
under uniform irradiation conditions since the PV system will then create only one Global
MPP (GMPP). These algorithms exhibit fast oscillations around the MPP, resulting in power
loss. The major limitation of these traditional techniques is that they ignore the influence of
partial shade circumstances. Hence, they fail to track the true MPP for some conditions. A
well-known classic MPPT algorithm is the P&O algorithm [25–27]. This algorithm, which
utilizes the controller temporarily, struggles to exceed the MPP during a rapid irradiance
shift, contributing to a distortion of the operational parameters of the PV system [27]. Still,
the controller reduces the algorithm’s inaccuracy, allowing the MPP to be tracked again with
a slight delay. Furthermore, at the MPP, the terminal voltage oscillates, leading to power
loss. These oscillations can be compensated for by using the least disruptive phase size.
The minor phase slows down the initial transient of the algorithm and changes the weather
responsiveness of the system. Some improved versions of the P&O algorithm which take
into account this drawback have been proposed [26]. Another conventional algorithm that
can be cited is the INC algorithm with the proportional integral (PI) controller, which fits
well with sudden irradiance changes and reduces rip oscillation across the MPP [26,28].
Because the INC algorithm frequently isolates itself from the MPP during abrupt irradiance
variations, the reaction and swing paces would still be balanced. Due to oscillations at the
highest point, these algorithms, according to Esram and Chapman [29], are unable to track
the all of the power quickly and reliably.

To enhance the basic methods, other classes of MPPT algorithms based on advanced
techniques have been proposed in the literature. Among these advanced techniques, there
is the sliding mode technique, which has been applied to PV power control [30,31] and
provides good performance in a dynamic environment. Algorithms based on optimization
tools are also a good alternative to the classical algorithms [23,32].

Such methods are based on the optimization of the response time as well as on the
optimal adjustment, allowing good static and dynamic responses. Furthermore, the use
of low-cost microcontrollers makes the application of these strategies much easier. For
example, the PSO method is a faster tracking algorithm with fewer steady-state oscilla-
tions [33,34]. In [35], the authors present the GWO method, which provides the finest
evolutionary strategy for system knowledge independence. Cuckoo search-based MPPT is
a bio-inspired algorithm that exploits the characteristics of brood parasitism to perform a
Levy flight in order to find the best MPP point. ACO and ABC are two techniques that use
evolutionary methodologies to track GMPP without the need for temperature or irradiation
sensors [36].

Under certain conditions, advanced algorithms find all their interest compared to
others based on classic and optimization methods. In [23,37], intelligent-based techniques
are designed for high accuracy in dynamic weather conditions. Their tracking efficiency
and speed are very high. These methods are also limited by high control circuit complexity
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and large data processing for system training. The FLC method [38,39] has two principal
advantages over other techniques: first, the exact mathematical model of the system is
not required; second, the design of the controller depends only on human knowledge.
Human expertise is used in the design of fuzzy rules, which is a three-part primary
component. Typically, the fuzzy technique consists of three steps: fuzzification, rule-based
query table (fuzzy rules) and defuzzification. Another technique is the ANN, which is
a faster tracking technique but requires a large amount of data for training to improve
tracking accuracy [40–42]. It takes dynamic irradiation and temperature as inputs and
saves them as data sets. Fibonacci [43] and Gauss-Newton [44] are two smart approaches
that are gaining in popularity due to their ability to track MPP by updating the searching
range in real time.

These smart methods are intended for MPP tracking with high accuracy in changing
and dynamic meteorological conditions. They have very high tracking efficiency and speed.
These techniques also suffer from a great complexity of the control circuits and treatment
of big data for prior formation of the system.

Recently, classical MPPTs have been combined with intelligent or advanced MPPTs
in hybrid-based MPPT approaches [45,46]. The principle of the best mix of intelligent and
advanced algorithms is based on two stages: estimation of the MPP in the first stage and
fine-tuning of that MPP using advanced methodologies in the second stage. First, the
MPP is located on the P-V curve using conventional methods. The goal of this stage is
to get the setpoint as close to the MPP as possible. Second, using advanced procedures,
the setpoint is produced to reach the actual MPP. P&O-ANN and IC-ANN are two hybrid
MPPTs that use deep learning (DL) training and building blocks to interact with the
controller. To get the most energy from the PV system, it is trained using a greedy layer-wise
pattern. The deep neural network is then fine-tuned via backpropagation and supervised
learning using classical MPPT-IC and P&O to achieve maximum power [47]. The adaptive
neuro-fuzzy inference system (ANFIS), which combines ANN and FLC, is another hybrid
MPPT. For smart power management and solar power systems, ANFIS and fuzzy logic
are ideal, versatile, and adaptable to any new configuration [48]. To imitate the fuzzy
technique required to learn all the information about a dataset, neuro-adaptive learning is
used. ANFIS uses input–output datasets to develop a fuzzy inference system (FIS). The
membership function parameters that offer the best fit for tracking the input–output data
are calculated by the model [49]. A hybrid learning strategy that involves backpropagation
and least squares algorithms is used to alter the parameters of the fuzzy membership
function [50]. MPPT based on ANFIS has been shown to improve solar energy system
conversion efficiency [51].

To conclude, the hardware implementations of these MPPT approaches are scarcely
touched upon in the literature. Therefore, an effort is made to research and talk about the
hardware and software platforms for these strategies. Their tracking speeds are used, as
well as their efficacy. Specifically, all classical algorithms have lower algorithm complexity
and slower tracking speeds than other methods, making them the most trustworthy under
conditions of uniform irradiation. Since they are the best techniques for MPP tracking
in varying irradiation conditions, intelligent techniques are gaining popularity in this
era. They are also more efficient at tracking, sensing, and storing enormous amounts of
data, thereby simplifying systems by removing the need for mathematical calculations.
Furthermore, advanced methods work well with any system without needing to be aware
of the PV panel specifications. The best thing about these methods is that, because they
use bio-inspired algorithms, they can be used in any PV system without knowing anything
about it. This review includes modernized hybrid approaches, which are very effective in
tracking the MPP and substantially lighten the computational load. Furthermore, due to
their speed and extreme precision, these hybrid approaches are used to control modern,
complex applications.

The advantages and weaknesses of different MPPT techniques in the literature are
summarized in Table 3.
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Table 3. Comparison of the MPPT algorithms for PV systems.

Category Method Year References Advantages Weakness

C
la

ss
ic

al

Perturb and
Observe (P&O) 2020 [25,26,28,52–54]

1. Simple design: The P&O MPPT method is one of
the simplest MPPT algorithms, which makes it easy
to implement in small PV systems.

2. Low cost: The P&O method is also cost-effective,
making it an ideal solution for small-scale
PV systems.

3. Fast response time: The P&O MPPT algorithm is
capable of quickly responding to changes in the
operating conditions of the PV system, ensuring
maximum power extraction.

4. High efficiency: The P&O MPPT method can
effectively track the maximum power point and
maintain high efficiency even under changing
weather conditions.

1. Oscillations near the MPP: The P&O MPPT
method may cause oscillations near the maximum
power point, leading to reduced efficiency and
stability issues.

2. Slow convergence: The P&O MPPT method may
converge slowly, especially when the operating
conditions are rapidly changing.

3. Poor performance under partial shading
conditions: The P&O MPPT method may not
perform well in partial shading conditions, leading
to reduced efficiency and stability issues.

4. Sensitivity to parameter selection: The P&O
MPPT method is sensitive to the selection of the
perturbation step size, thus it is necessary to
carefully tune the parameters for
optimal performance.

Modified Perturb
and Observe

(MP&O)
2018 [55,56]

1. Simple implementation: The MP&O algorithm is
relatively simple to implement, making it a popular
choice for small to medium-sized PV systems.

2. Fast tracking: MP&O is a fast MPPT method,
which makes it suitable for rapidly changing
weather conditions and load demands.

3. Robustness: MP&O is relatively insensitive to
system parameter variations, making it robust
under different operating conditions.

4. Low cost: MP&O is a low-cost MPPT method,
making it an economical choice for
budget-constrained PV systems.

1. Oscillation: MP&O may oscillate near the
maximum power point, causing the system to
operate at suboptimal power levels.

2. Local maximum: MP&O may get trapped at a local
maximum instead of the global maximum power
point, leading to reduced power generation.

3. Noisy signal: The MP&O algorithm may have
difficulties tracking the maximum power point in
the presence of noisy signals, leading to
suboptimal performance.

4. Inadequate performance in low-light conditions:
MP&O may struggle to track the maximum power
point in low-light conditions, leading to reduced
power generation.
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Table 3. Cont.

Category Method Year References Advantages Weakness

C
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Incremental
Conductance (IC) 2017 [57–60]

1. Fast tracking speed: The IC method is a fast MPPT
technique, which is important for rapidly changing
environmental conditions such as shading or
changing temperature.

2. Simple design: The IC method has a simple design
and does not require a lot of computational power,
making it an attractive option for small-scale
PV systems.

3. High efficiency: The IC method is known for its
high efficiency and can effectively extract the
maximum power from a PV panel.

1. Sensitivity to noise: The IC method is sensitive to
measurement noise, which can result in oscillations
and instability around the MPP.

2. Limited dynamic range: The IC method can only
operate within a limited range of the MPP, which
can result in suboptimal performance when the PV
panel operates under extreme conditions.

3. Poor performance in shading conditions: The IC
method may struggle to track the MPP accurately in
shading conditions, which can lead to reduced
power output.

Ripple Correlation
Control (RCC) 2015 [61–63]

1. Simple implementation: The RCC MPPT method
is relatively simple to implement and does not
require complex algorithms or mathematical
calculations, making it a cost-effective solution for
PV systems.

2. High accuracy: The RCC method has the ability to
accurately track the maximum power point, even
under rapidly changing conditions, making it a
reliable method for MPPT.

3. Fast tracking: The RCC MPPT method is fast in
tracking the maximum power point, as it only
requires small incremental changes in the operating
point to reach the maximum power point.

4. Robustness: The RCC method is robust against
parameter variations and insensitive to fluctuations
in the operating conditions of the PV panel, making
it suitable for use in harsh environments.

1. Sensitivity to noise: The RCC MPPT method is
sensitive to noise in the power output of the PV
panel, which can affect its accuracy and
performance.

2. Limited dynamic range: The RCC method has a
limited dynamic range and may not be suitable for
use in systems with a wide range of
operating conditions.

3. Limited efficiency: The RCC method may not be as
efficient as other MPPT methods, as it requires
more power electronics components to implement
and can result in higher power losses.

4. Limited compatibility: The RCC method may not
be compatible with certain types of PV panels, as it
relies on the presence of a characteristic ripple in
the power output of the panel.
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Table 3. Cont.

Category Method Year References Advantages Weakness
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Hill Climbing (HC) 2012 [64,65]

1. Simple to implement: The Hill Climbing method
is simple to implement as it does not require
complex algorithms or mathematical calculations,
making it suitable for low-cost applications.

2. Fast tracking: The Hill Climbing method is
relatively fast in tracking the maximum power
point compared to other MPPT methods. This
makes it ideal for applications where the solar
panel operating conditions are changing rapidly.

3. Robustness: The Hill Climbing method is relatively
robust compared to other MPPT methods, which
makes it less susceptible to errors and faults in
the system.

1. Local maximum point: The Hill Climbing method
is prone to getting stuck at a local maximum power
point instead of the global maximum power point.
This can lead to reduced efficiency and
power output.

2. Slow convergence: The Hill Climbing method can
be slow in converging to the maximum power
point, especially in systems where the operating
conditions are changing rapidly.

3. Sensitivity to noise: The Hill Climbing method is
sensitive to measurement noise, which can result in
errors and reduce the efficiency of the system.

Short Circuit
Current (SCC) 2017 [66,67]

1. High accuracy: The Short Circuit Current MPPT
method provides very accurate tracking of the
maximum power point, leading to high efficiency of
the PV system.

2. Simple implementation: The Short Circuit Current
MPPT method is relatively simple to implement, as
it only requires monitoring the short-circuit current
of the PV array.

3. Cost-effective: The Short Circuit Current MPPT
method is cost-effective compared to other MPPT
methods as it does not require complex algorithms
or expensive components.

1. Limited applicability: The Short Circuit Current
MPPT method is limited in its applicability, as it
only works well under certain conditions such as
when the short-circuit current is proportional to the
maximum power.

2. Sensitivity to shading: The Short Circuit Current
MPPT method is sensitive to shading. Shading of
even a small portion of the PV array can greatly
reduce the short-circuit current, causing the MPPT
method to track the wrong maximum power point.

3. Reduced efficiency under low-light conditions:
The Short Circuit Current MPPT method has
reduced efficiency under low-light conditions, as
the short-circuit current decreases with decreasing
light levels, which can cause the MPPT method to
track the wrong maximum power point.

4. High voltage restrictions: The Short Circuit
Current MPPT method is limited by high voltage
restrictions, as it cannot be used with high-voltage
PV systems.
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Table 3. Cont.

Category Method Year References Advantages Weakness

Open Circuit
Voltage (OCV) 2017 [13,14]

1. Simplicity: The OCV MPPT method is simple to
implement, as it does not require complex
algorithms or specialized control hardware. This
reduces the cost of the system and makes it more
accessible for smaller-scale applications.

2. Robustness: The OCV MPPT method is relatively
robust compared to other MPPT methods, as it does
not rely on accurate information about the current
or power characteristics of the system. This makes it
more reliable in applications where environmental
conditions can change rapidly or unpredictably.

3. High accuracy: The OCV MPPT method is highly
accurate in finding the maximum power point,
especially under stable operating conditions.

1. Inefficient under changing conditions: The OCV
MPPT method is not well suited to tracking the
maximum power point under changing conditions,
such as changing temperature, solar insolation, or
shading conditions. This can result in lower system
efficiency and reduced power output.

2. Slow response time: The OCV MPPT method can
be slow to respond to changes in the maximum
power point, as it relies on monitoring the
open-circuit voltage, which is a
slow-moving quantity.

3. Limited voltage range: The OCV MPPT method is
limited to a certain voltage range, beyond which it
becomes less accurate. This makes it less suitable
for systems with high-voltage or
high-power requirements.

4. Limited to small systems: The OCV MPPT method
is generally limited to small-scale systems and may
not be suitable for large-scale installations, where
more sophisticated MPPT methods may
be required.
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Table 3. Cont.

Category Method Year References Advantages Weakness
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Particle Swarm
Optimization (PSO) 2022 [68–72]

1. Simple implementation: The PSO algorithm is
relatively simple to implement, which reduces the
complexity of the MPPT control system and makes
it easier to integrate with the PV system.

2. High convergence speed: PSO has a high
convergence speed, which means that it can quickly
find the maximum power point of the PV system,
reducing the time required to track the maximum
power point.

3. Global optimization: PSO is capable of global
optimization, which means that it can find the
maximum power point even if it is located far from
the starting point.

4. Robustness: The PSO algorithm is relatively robust,
which means that it can handle changes in the
environment and PV system parameters without
significant degradation in performance.

5. Adaptability: PSO can adapt to different types of
PV systems and environments, making it suitable
for use in a wide range of applications.

1. Sensitivity to initial conditions: PSO is sensitive
to the initial conditions, which can affect the
convergence of the algorithm and the accuracy of
the MPPT results.

2. Computational load: The PSO algorithm requires a
high computational load, which can be a challenge
for systems with limited computational resources.

3. Parameter selection: PSO requires careful selection
of parameters, such as the number of particles and
the weighting coefficients, to achieve
optimal performance.

4. Convergence to local optima: PSO may converge
to a local optimum instead of the global optimum,
which can result in suboptimal MPPT results.

5. Complexity: The PSO algorithm can be complex,
especially when multiple objectives are involved,
making it challenging to design and implement for
practical applications.
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Table 3. Cont.

Category Method Year References Advantages Weakness
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Grey Wolf
Optimization

(GWO)
2014 [73]

1. Global optimization: GWO is a global
optimization algorithm, which means that it can
efficiently search for the global optimal solution for
the MPPT problem in a PV system.

2. Fast convergence: GWO is a relatively fast
optimization algorithm, and it can quickly find the
optimal solution for the MPPT problem in a
PV system.

3. Simple and easy to implement: GWO is a simple
algorithm that can be easily implemented in a PV
system, making it a convenient choice for real-time
MPPT applications.

4. Robustness: GWO is a robust optimization
algorithm, which means that it is less affected by
the presence of local optima and can still find the
global optimal solution in a PV system.

1. Sensitivity to initial conditions: GWO is sensitive
to the initial conditions, and the choice of the initial
conditions can greatly affect the final results.

2. Not suitable for complex problems: GWO may
not be suitable for solving complex problems, such
as those with a high number of variables or
nonlinear relationships.

3. Reliance on random search: GWO relies heavily
on random search, which may not be as efficient as
other optimization methods such as gradient-based
methods in certain situations.

4. Lack of theoretical guarantees: Although GWO is
an effective optimization algorithm, it lacks
theoretical guarantees, such as convergence or
optimality, making it more of an
empirical approach.

Ant Colony
Optimization (ACO) 2015 [74]

1. Robustness: The ACO algorithm is robust and can
effectively track the MPP under different
environmental conditions, such as changes in
temperature and insolation.

2. Convergence speed: The ACO MPPT method has a
fast convergence speed, which means that it can
quickly find the MPP even under rapidly changing
conditions.

3. Improved efficiency: ACO MPPT can improve the
overall efficiency of a PV system by tracking the
MPP more accurately, leading to higher power
output and better energy conversion.

4. Global optimization: The ACO algorithm is
capable of global optimization, meaning that it can
find the MPP from a large search space, rather than
being restricted to a narrow range of
operating points.

1. Complexity: The ACO algorithm is complex and
requires a high level of computational power,
which can be challenging for small or low-cost PV
systems.

2. Memory requirements: The ACO algorithm
requires a large amount of memory to store the
information needed to perform its calculations,
which can be a challenge for systems with limited
memory resources.

3. Real-time performance: The ACO MPPT method
may not perform well in real-time applications, as it
may take longer to find the MPP than
other methods.

4. Implementation challenges: Implementing the
ACO MPPT method can be challenging, as it
requires specialized knowledge and skills in both
photovoltaics and artificial intelligence.
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Table 3. Cont.

Category Method Year References Advantages Weakness

Cuckoo Search 2013 [75]

1. Global optimization: Cuckoo Search is a
meta-heuristic optimization algorithm that can
effectively search the global optimum solution in
complex search spaces, making it well-suited for
finding the maximum power point in a PV system.

2. Fast convergence: The algorithm has fast
convergence speed compared to other optimization
algorithms, which is important in real-time MPPT
applications where the maximum power point
changes rapidly with changes in environmental
conditions.

3. Simple implementation: Cuckoo Search is a
simple algorithm that requires few parameters to be
set, making it easier to implement compared to
other optimization algorithms.

4. Robustness: The algorithm is robust to the
presence of noise and variations in the input data,
making it well-suited for PV systems where
environmental conditions can cause significant
fluctuations in the power output of the PV panels.

1. Sensitivity to initial conditions: The algorithm
can be sensitive to the initial conditions, meaning
that the results may vary depending on the starting
point of the optimization.

2. Non-convergence: In some cases, the algorithm
may not converge to a global optimum solution,
resulting in suboptimal performance.

3. Complexity: The algorithm is based on a complex
mathematical model, which can be difficult to
understand and implement for those with limited
technical knowledge.

4. Computational requirements: Cuckoo Search is a
computationally intensive algorithm, which can
increase power consumption and reduce the
efficiency of the overall system if not properly
implemented.

Artificial Bee
Colony (ABC)

MPPT
2015 [76]

1. Global optimization: The ABC algorithm is a
global optimization method, which means that it
can find the global maximum power point (MPP) of
a PV system even if the function is multimodal and
has multiple local maxima.

2. Real-time operation: The ABC algorithm is
capable of real-time operation and can track the
MPP quickly, even under rapidly changing weather
conditions.

3. Simple implementation: The ABC algorithm is
relatively simple to implement and does not require
complex mathematical models or algorithms.

4. Robustness: The ABC algorithm is robust and can
handle noisy or uncertain data.

1. Convergence speed: The ABC algorithm may
converge slowly compared to other optimization
methods, especially for large-scale systems.

2. Parameter sensitivity: The performance of the
ABC algorithm can be sensitive to the choice of its
parameters, such as the number of bees, search
range, and limit of trial limits.

3. Stochastic nature: The ABC algorithm is a
stochastic method, which means that it may not
always find the global MPP.

4. Memory requirements: The ABC algorithm
requires a relatively large amount of memory to
store the solution, which may not be feasible for
embedded systems.
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Table 3. Cont.

Category Method Year References Advantages Weakness

Gauss-Newton
MPPT 2018 [77]

1. Simplicity: Gauss-Newton MPPT is simple to
implement and does not require complex
algorithms to find the maximum power point
(MPP).

2. Speed: Gauss-Newton MPPT can track the MPP
quickly and efficiently, making it ideal for use in
rapidly changing conditions.

3. Robustness: Gauss-Newton MPPT is less sensitive
to measurement noise compared to other methods,
making it more robust in real-world applications.

1. Convergence issues: Gauss-Newton MPPT may
not converge to the MPP if the initial guess for the
MPP is too far from the actual MPP.

2. Local optima: Gauss-Newton MPPT can get stuck
in a local optimum instead of finding the global
optimum, which is the actual MPP.

3. Sensitivity to model accuracy: Gauss-Newton
MPPT requires accurate models of the PV system,
and errors in the model can affect the accuracy of
the MPPT algorithm.

A
dv

an
ce

d

Sliding Mode
Control (SMC) 2017 [78,79]

1. Robustness: SMC is known for its robustness
against parameter variations and measurement
noise, making it a suitable choice for PV systems
where the operating conditions can change rapidly
and unpredictably.

2. Fast tracking: SMC can track the MPP quickly,
reducing the time taken to reach the MPP and
improving the overall energy efficiency of
the system.

3. High accuracy: SMC can track the MPP with high
accuracy, even in the presence of nonlinearities and
perturbations in the system.

1. Complexity: SMC is a complex control method that
requires significant computational resources, which
may limit its use in small-scale or low-cost
PV systems.

2. Chattering: SMC may exhibit chattering, which is
an oscillation in the control signal, resulting in
reduced control accuracy and increased
system stress.

3. Tuning: The performance of SMC depends heavily
on the proper tuning of its parameters, and this
tuning process can be time-consuming and may
require significant expertise.
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Table 3. Cont.

Category Method Year References Advantages Weakness

Artificial Neural
Network (ANN) 2012 [80–82]

1. High accuracy: ANN MPPT methods have a high
accuracy compared to traditional MPPT methods,
which results in higher efficiency and maximum
power extraction from the PV system.

2. Robustness: ANN MPPT methods have the ability
to handle nonlinearities, uncertainties, and
variations in the PV system, making them more
robust compared to other MPPT methods.

3. Real-time tracking: ANN MPPT methods can track
the maximum power point in real time, allowing
for fast and efficient extraction of power from the
PV system.

4. Easy implementation: ANN MPPT methods can
be easily implemented in digital systems, making
them a popular choice for modern PV systems.

1. Complexity: ANN MPPT methods can be complex,
making them challenging to design, implement,
and maintain.

2. Computational overhead: ANN MPPT methods
require high computational power, making them
less suitable for low-power PV systems.

3. Training: ANN MPPT methods need to be trained
on a large dataset, which can be time-consuming
and requires a significant amount of
computational resources.

4. Overfitting: ANN MPPT methods are susceptible
to overfitting, which can result in decreased
accuracy and reduced performance in
real-world conditions.

5. Data-dependency: ANN MPPT methods are highly
dependent on the quality of the training data and
can perform poorly if the data is not representative
of the actual operating conditions of the PV system.

Fibonacci
Series-Based MPPT 2019 [83]

1. Efficient tracking: The Fibonacci series-based
MPPT method is a relatively efficient method for
tracking the maximum power point of a PV system.

2. Reduced oscillations: Unlike some other MPPT
methods, the Fibonacci series-based method can
reduce oscillations in the output power of the
PV system.

3. Simplicity: This method is simple to implement
and does not require complex algorithms or
sophisticated control strategies.

1. Sensitivity to temperature changes: The Fibonacci
series-based MPPT method may be less effective in
tracking the maximum power point under
conditions of rapidly changing temperature.

2. Time delay: The Fibonacci series-based MPPT
method may require more time to converge to the
maximum power point than other methods, leading
to a reduction in the overall system efficiency.

3. Limited precision: The precision of the Fibonacci
series-based MPPT method may be limited,
resulting in a suboptimal power output from the
PV system.
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Table 3. Cont.

Category Method Year References Advantages Weakness

Fuzzy Logic Control
(FLC) 2019 [84]

1. Improved performance: Fuzzy logic controllers are
known for their ability to improve the performance
of maximum power point tracking (MPPT)
compared to traditional MPPT methods.

2. Adaptability: Fuzzy logic controllers can adapt to
changing conditions, such as changes in
temperature and insolation, making them more
flexible in real-world applications.

3. Robustness: Fuzzy logic controllers are highly
robust and can handle nonlinear and non-smooth
input–output relationships, making them suitable
for use in complex systems like PV systems.

4. Simplicity: Fuzzy logic controllers are relatively
simple to implement, especially when compared to
other control methods such as artificial
neural networks.

1. Complex rule-based system: Fuzzy logic
controllers rely on a complex rule-based system,
which can be difficult to design and optimize.

2. Parameter tuning: Fuzzy logic controllers require
careful tuning of the parameters, such as the
membership functions, to achieve
optimal performance.

3. Computational burden: Fuzzy logic controllers
can be computationally intensive, which can be a
problem in resource-constrained systems such as
small PV systems.

4. Limited theoretical foundation: Despite its
practical success, fuzzy logic has limited theoretical
foundations compared to other control methods
such as linear control.

Double Integral
Sliding Mode

Control (DISMC)
2017 [85,86]

1. Robustness: DISMC is robust to various
uncertainties such as parameter variations and
external disturbances, making it a suitable control
method for MPPT in PV systems.

2. Fast convergence: DISMC can quickly converge to
the maximum power point, which is important for
efficient energy harvesting from a PV system.

3. Improved tracking performance: DISMC has
improved tracking performance compared to other
MPPT methods, which is crucial for ensuring that
the PV system is operating at its
maximum efficiency.

1. Complexity: DISMC is a complex control method
that requires advanced mathematical modeling and
control design techniques, which can increase the
design and implementation cost of a PV system.

2. Chattering: DISMC is prone to chattering, which is
an unwanted high-frequency oscillation in the
control signal that can lead to decreased
performance and efficiency of the PV system.

3. Sensitivity to Parameter Variations: DISMC is
sensitive to variations in the system parameters,
which can affect the control performance and
stability of the PV system.
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Table 3. Cont.

Category Method Year References Advantages Weakness

H
yb

ri
d Fuzzy Particle

Swarm
Optimization

(FPSO)

2020 [87]

1. High efficiency: FPSO-based MPPT algorithms are
highly efficient in tracking the maximum power
point (MPP) of a PV system, which leads to
improved overall energy conversion and higher
yields from the PV system.

2. Flexibility: FPSO algorithms are highly flexible
and easily adaptable to different types of PV panels
and operating conditions, making them suitable for
a wide range of PV applications.

3. Robustness: FPSO algorithms are robust against
disturbances, such as changes in the atmospheric
conditions, and are capable of quickly re-adjusting
the operating point to track the MPP.

4. Fast convergence: FPSO algorithms have a fast
convergence rate, which means that they can
quickly find the MPP in real time, reducing the time
required to achieve optimal energy conversion.

1. Computational complexity: FPSO algorithms can
be computationally intensive, requiring high-speed
processing and large amounts of memory to be
effective, which can increase the overall cost of the
MPPT system.

2. Initial conditions: The performance of FPSO
algorithms can be affected by the initial conditions,
and they may require some fine-tuning to achieve
optimal performance.

3. Stochastic nature: FPSO algorithms are based on
stochastic processes, which means that they can be
prone to fluctuations and may not always converge
to the optimal solution.

4. Sensitivity to parameters: FPSO algorithms are
sensitive to certain parameters such as the swarm
size, particle velocity, and learning rate, which can
affect their overall performance and stability.

Adaptive
Neuro-Fuzzy

Inference System
(ANFIS)

2020 [88]

1. Nonlinearity: ANFIS can effectively handle
nonlinearities in the PV system, making it suitable
for real-world applications where the relationship
between input and output is nonlinear.

2. Flexibility: ANFIS can be easily modified to handle
different types of inputs, making it a versatile tool
for PV systems.

3. Robustness: ANFIS is robust to environmental
changes and can adjust to the changing conditions,
ensuring stable and consistent performance of the
MPPT system.

4. Fast convergence: ANFIS can quickly converge to
the optimal solution, reducing the time required to
track the maximum power point.

1. Complexity: ANFIS is a complex system that
requires significant computational resources,
making it less suitable for low-cost and
low-power applications.

2. Overfitting: ANFIS is prone to overfitting, where it
becomes too closely tailored to the training data
and fails to generalize to new data.

3. Sensitivity to initialization: ANFIS is sensitive to
the initialization of its parameters, which can
impact the performance of the MPPT system.

4. Lack of interpretability: ANFIS is a black-box
model and does not provide any insight into the
underlying relationships between inputs and
outputs, making it difficult to understand
its behavior.
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Table 3. Cont.

Category Method Year References Advantages Weakness

GWO–P&O 2017 [89]

1. Fast convergence: The GWO–P&O MPPT method
has fast convergence speed compared to other
MPPT algorithms, making it suitable for
real-time applications.

2. Improved accuracy: The hybridization of the Grey
Wolf Optimizer and Particle Swarm Optimization
algorithms leads to improved accuracy in tracking
the MPP, which can increase the power output of
the PV system.

3. Global optimization: The GWO–P&O MPPT
method has the ability to find the global optimal
solution, which is important in finding the MPP in a
PV system.

1. Complexity: The hybridization of the two
optimization algorithms can lead to increased
complexity, making it more difficult to implement
and understand.

2. Sensitivity to initial conditions: The GWO–P&O
MPPT method is sensitive to initial conditions,
which can affect the convergence speed
and accuracy.

3. Resource-intensive: The GWO–P&O MPPT
method requires significant computational
resources, which may not be feasible for
some applications.

PSO–P&O 2015 [90]

1. Fast convergence: The PSO–P&O MPPT method
has fast convergence time compared to other MPPT
methods, making it suitable for
real-time applications.

2. Global optimization: PSO is a global optimization
method, meaning that it can find the global
maximum power point even if the initial conditions
are not close to it.

3. Robustness: The PSO–P&O MPPT method is
robust against parameter variations and
environmental changes, making it suitable for
various types of PV systems.

4. Simplicity: The PSO–P&O MPPT method is simple
and easy to implement, requiring only basic
mathematical operations.

1. Computational intensity: The PSO–P&O MPPT
method requires significant computational
resources compared to other MPPT methods,
making it less suitable for low-cost and
low-power systems.

2. Sensitivity to parameters: The PSO–P&O MPPT
method is sensitive to its parameters, and selecting
the appropriate parameters can be challenging.

3. Sensitivity to initial conditions: The PSO–P&O
MPPT method is also sensitive to the initial
conditions, meaning that it may not converge to the
global maximum power point if the initial
conditions are not appropriate.
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Table 3. Cont.

Category Method Year References Advantages Weakness

HC–ANFIS 2018 [91]

1. High accuracy: The HC–ANFIS MPPT method
uses an adaptive neuro-fuzzy inference system
(ANFIS), which provides high accuracy in tracking
the maximum power point (MPP) under various
operating conditions.

2. Robustness: The HC–ANFIS MPPT method is
robust to variations in solar irradiance, temperature,
and load conditions, making it a reliable solution
for real-world applications.

3. Easy to implement: The HC–ANFIS MPPT method
is relatively easy to implement, as it does not
require complex mathematical models or
complicated algorithms.

4. Fast response time: The HC–ANFIS MPPT method
has a fast response time, allowing it to track the
MPP quickly and efficiently under changing
operating conditions.

1. High computational complexity: The HC–ANFIS
MPPT method requires a significant amount of
computational power, which can be a drawback for
some applications.

2. Need for initial training: The HC–ANFIS MPPT
method requires initial training data to develop its
fuzzy inference system, which can be
time-consuming and requires a large amount
of data.

3. Overfitting: The HC–ANFIS MPPT method can
sometimes overfit to the training data, leading to
reduced accuracy under different operating
conditions.

4. Dependence on initial conditions: The
performance of the HC–ANFIS MPPT method is
sensitive to the initial conditions, which can affect
its accuracy and overall effectiveness.
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3.5.2. Quantitative Analysis
A. Comparative Study of Some MPPT Methods

For a quantitative comparative study of the MPPT methods, it is essential to study
their theoretical bases according to the literature review [12–18]. The first part of this section
will present the different MPPT algorithms. The second part will describe the PV system
used to present the obtained simulation results.

The MPPT command in a PV system can be defined as an algorithm that, when
combined with an adaptation step, allows the system to function at its optimal operating
point, regardless of the weather (global sunshine and temperature) or load value [92]. The
duty cycle for the boost converter is then calculated using the pulse width modulation
(PWM) method. Below, we briefly discuss seven MPPT methods, each of which represents
any of the four broad MPPT classifications.

A.1 Perturb and Observe

The basic principle of this algorithm is based on the comparison of the previous and
current power and voltage values at each power sampling step. At a specified initial step,
initialization of PV voltage and current values is performed. The difference between the
previous and current power (dPpv) and voltage (dVpv) values is determined.

If dPpv is less than zero, the value of dVpv is observed. If dVpv is more than zero, the
duty cycle is increased; otherwise, it is decreased.

If dPpv > 0, the value of dVpv is observed. If dVpv > 0, the duty cycle is reduced;
otherwise, it is increased. This procedure is repeated until the MPP is reached [93].

A.2 Incremental Conductance

This algorithm largely follows the same approach as P&O in finding the MPP but
makes use of the special relationship between the current and voltage (I-V curve). The
calculation of the MPP comprehends the PV cells’ estimated current and voltage values
and measures the derivative of the PV cell current (dIpv) and voltage (dVpv) [94]. The
working point’s trajectory is determined using the PV current–voltage curve. It possesses
all the necessary characteristics to be the best-known example in the literature for uniform
conditions because of its moderate unpredictability and better subsequent execution using
the P&O technique [86].

The IC method relies on the fact that at the MPP, the derivative of the output power P
with respect to the panel voltage V is equal to zero. Using the slope of the system’s P-V
curve as a starting point, this approach tracks the MPP using all of the data. The tracking
procedure is completed only when the slope of the P-V curve or the derivative of the PV
array power dPpv

dVpv
is zero. Tracking of the MPP is more difficult whenever the atmospheric

circumstances are rapidly changing, and the pace of tracking drops exponentially due
to the continual change in the P-V curve. Maintaining the operational point under these
circumstances is difficult. To extract the MPP without oscillations, numerous adaptive step
size approaches are being introduced.

The mathematical methodology for estimating the position of the MPP on the P-V
curve is as follows:

dPpv
dVpv

> 0 to the le f t o f MPPT
(
VMPPT > Vpv

)
dPpv
dVpv

= 0 at the MPPT
(
VMPPT = Vpv

)
dPpv
dVpv

< 0 to the right o f MPPT
(
VMPPT < Vpv

) (1)

The slope of the power curve at the MPP can be expressed mathematically as

dPpv

dVpv
= Ipv

dVpv

dVpv
+ Vpv

dIpv

dVpv
= Ipv + Vpv

dIpv

dVpv
= 0 (2)
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You can also consider Equation (1) to be equivalent to
dIpv
dVpv

> − Ipv
Vpv

to the le f t o f MPPT
(
VMPPT > Vpv

)
dIpv
dVpv

= − Ipv
Vpv

at the MPPT
(
VMPPT = Vpv

)
dIpv
dVpv

< − Ipv
Vpv

to the right o f MPPT
(
VMPPT < Vpv

) (3)

The detailed operating principle of the IC algorithm can be broken down into the
following steps [95]:

Step 1: Initialize the current and voltage parameters at the output of the photo-
voltaic panel.

Step 2: At time k, measure the current and voltage.
Step 3: Calculate the current and voltage variation from time k − 1 to time k:{

∆Vpv = Vpv(k)−Vpv(k− 1)
∆Ipv = Ipv(k)− Ipv(k− 1)

(4)

Step 4: If ∆Vpv = 0, proceed to Step 5; if not, proceed to Step 6.
Step 5: If ∆Ipv = 0, proceed to Step 11; if not, proceed to Step 7.

Step 6: If dIpv
dVpv

= − Ipv
Vpv

, then go to Step 11; else, go to Step 10.
Step 7: If ∆Ipv > 0, then go to Step 8; else, go to Step 9.
Step 8: Use Equation (5) to calculate the voltage increase:

Vpv(k + 1) = Vpv(k) + D (5)

where D represents the duty cycle constant.
Then go to Step 11.
Step 9: Use Equation (6) to calculate the voltage increase:

Vpv(k + 1) = Vpv(k)− D (6)

where D represents the duty cycle constant.
Then go to Step 11.
Step 10: Return to Step 8 if dIpv

dVpv
> − Ipv

Vpv
; else, return to Step 9.

Step 11: Update the parameters for current and voltage:{
Vpv(k− 1) = Vpv(k)
Ipv(k− 1) = Ipv(k)

(7)

Return to Step 3.

A.3 Double Integral Sliding Mode Control

The double integral sliding mode control (DISMC) adjusts the inductor current (iL) or
PV current (Ipv), as well as the PV voltage (Vpv), to extract the greatest power from the PV
system. Such a system has a relative degree equal to 1, and the DISMC controller is then
defined by the first order one.

The 1st-order DISMC controller to track the MPP is based on three steps:

� Computing the reference trajectories Vre f and Ire f ;
� Design of the sliding mode surface;
� Definition of the switching function.



Energies 2023, 16, 3509 27 of 45

As a first step, the initial values of Vre f and I, which are Vpv and Ipv in various weather
conditions, must be determined. When the load is disconnected from the system, the
open-circuit voltage Voc is defined as follows:

Voc = NsVtln
(

Ipv + Iout

Iout

)
(8)

Following the calculation of Voc, the value of Vre f is then computed [85]:

Vre f = KocVoc (9)

where Koc is the substance coefficient, which is connected to the structure and material of
the PV module. This coefficient changes depending on the age and condition of the PV
module; it varies dramatically over lengthy periods of time.

According to investigations of several solar panels, Ire f is a function of the radiation
intensity G. It can be demonstrated that the relationship between these two variables is
approximately linear, as indicated by Equation (10).

Ire f = KGG (10)

where KG is the substance coefficient, which is connected to the structure and substance of
the PV module.

The second step consists in defining the switching surface “s”. The choice of this
one is so crucial. In fact, the sliding surface should be developed to maximize the system
performance while also achieving the appropriate control goals [85]. A linear combination
of the state variable error and their derivatives is commonly used to construct a switching
surface, as defined in Equation (11).

s =
[

d
dt

+ β

]n−1
e(x) (11)

where n denotes the order of the sliding surface, and e(x) denotes the state variable tracking
error of x. The simplest and most frequently used choice is to set n = 1, giving s = e(x).

The difference between a classic sliding mode controller and the DIS scheme lies in the
definition of the tracking error expression. This expression, which must satisfy the Hurwitz
condition, is given by Equation (12) (n = 1):

e(x) = a1e1 + a2e2 + a3e3 + a4e4 (12)

where
e1 = Vref − vpv
e2 =

∫ (
Vref − vpv

)
dt

e3 =
∫ {∫ (

Vref − vpv
)
dt
}

dt
e4 = Iref − iL

(13)

ai > 0; i = {1, .., 4}.
The sliding surface and its derivative must be assumed to be zero in order to produce

the control signal. It is essential to define the speed convergence type of the system
trajectory to reach the sliding surface. Different switching functions have been used in the
literature to achieve this aim [86].

A.4 Particle Swarm Optimization

According to Kennedy and Eberhart’s 1995 [96,97] presentations, the PSO algorithm is
an optimization approach that may be used with multivariable function optimization and
a large number of local optimal points. The PSO algorithm was inspired by observations
of animals engaged in social behavior, such as flocking birds and schooling fish. The fast
convergence and simple implementation of PSO make it stand out from other global opti-
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mization techniques. Consequently, PSO has received increasing attention from researchers,
who study its use in MPPT in PV systems.

PSO models a “flock” of cooperative “birds” or particles acting as a swarm. Each
swarm particle has a fitness value that is mapped by an objective function and an individual
velocity that it uses to decide how far and in which direction it should go. The data obtained
from each particle’s search operations are exchanged [97–99]. The best solution discovered
by the particle (pbest) is stored for use as the individual best position and the best particle in
the area (gbest). This last one is recorded as the best position for the swarm. Both pbest and
gbest have an impact on a particle’s position. To move to the best spot, the particle swarm
continuously modifies its direction and velocity. Each particle eventually advances in the
direction of an ideal location or a location near a global ideal. The typical particle swarm
optimization is described by the following equations:

vi(k + 1) = wvi(k) + c1r1 · (Pbest − xi(k))
+c2r2 · (gbest − xi(k))

(14)

xi(k + 1) = xi(k) + vi(k + 1) (15)

where i = 1, 2, . . . , N; xi and vi stand for the motion and location of particle i respectively, k
for the number of iterations, w for the inertial weight, r1 and r2 for random variables with
uniformly distributed values in the range [0, 1], and c1 and c2 for the cognitive and social
coefficients, respectively. The best location of particle i as an individual is represented by
pbest, while the best position of the entire swarm is represented by gbest. If the initialization
condition (17) is satisfied, the procedure is updated according to Equation (16):

pbesti = xik (16)

f (xik) > f (pbesti) (17)

where f stands for the objective function that needs to be increased. The fundamental PSO
method can be described in five steps:

Step 1: Random initiation of particle position and velocity.
Step 2: Evaluation of an objective function.
Step 3: Evaluation of pbest and gebst.
Step 4: Updating the position and velocity.
Step 5: Repetition of steps 2–4 until the requirements are satisfied.

A.5 Fuzzy Logic Controller

Fuzzy control is a technique that permits nonlinear controllers to be built using
heuristic information derived from expert knowledge. The FLC is based on three main
steps: fuzzy rules, fuzzification, and defuzzification [84]. The fuzzy rules are designed by
human expertise.

The input parameters of the PV are converted into linguistic variables during fuzzifi-
cation, i.e., crisp quantities are transformed into fuzzy quantities (fuzzy set). Using human
knowledge to develop relevant application needs, rules are designed to offer linguistic
variable input and output relational parameters. Defuzzification is a fuzzification inversion
procedure. The maximum membership function, the centroid method, and the weighted
average approaches are typically used in this process. During the defuzzification phase,
the FLC output is converted from a linguistic variable to a numerical variable which is then
fed into the converter as an analog signal.

The rule foundation table is the most important step of the FLC design, and it is at
this step that the technique can be tuned to the defined needs. FLCs work by continuously
changing the duty ratio D in the converter based on information about change in error
and voltage error, with the goal of having the panel voltage equal to the maximum voltage
(Vmpp). The voltage error is derived by comparing the immediate PV array voltage to the
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reference voltage. On the other hand, the reference voltage is the highest voltage of the
module at any particular moment of solar radiation. The most significant voltage and
reference voltage changes as indicated by the sun’s irradiance are thus identified.

In our case, there are two input variables, which are the error E and the error variation
∆E at the instant k.

E(k) = ∆Ppv
∆Vpv

=
Ppv(k)−Ppv(k−1)
Vpv(k)−Vpv(k−1)

=
Vpv(k)∗Ipv(k)−Vpv(k−1)∗Ipv(k−1)

Vpv(k)−Vpv(k−1)

(18)

∆E(k) = E(k)− E(k− 1) (19)

where
E(k) is the error value at a sampling time k.
E(k− 1) is the error value at a sampling time (k − 1).
∆E(k) changes of error.
The output of the fuzzy controller, which is the adjustment in the converter’s duty

cycle, is determined and converted to phonetic factors [100].
As indicated in Table 4, the following linguistic variables were used to establish five

membership functions: Negative Big (NB), Negative Small (NS), Zero Error (ZE) or Zero
(Z), Positive Small (PS), and Positive Big (PB).

Table 4. Fuzzy logic rule base.

E
∆E

NB NS ZE PS PB

NB PB PS NB NS NS

NS PS PS NB NS NS

ZE NS NS NS PB PB

PS NS PB PS NB PB

PB NB NB PB PS PB

The controller’s input interface is the fuzzification. It carries out the fuzzification oper-
ation, which involves transforming the process’s numerical data into language variables.
The fuzzy controller’s output interface is the defuzzification. Because the controller must
produce correct results, it ensures that fuzzy information is converted into firm (Boolean)
information. There are several defuzzification techniques with varying degrees of approxi-
mation of fuzzy variables in Boolean variables, depending on the center of gravity or the
maximum of the membership function. For the fuzzification step, we used five triangular
membership functions for all inputs and outputs. The inputs and variables were converted
to linguistic values. These five membership functions were used for the controller’s inputs
and outputs [100].

The effectiveness of the FLC technique is dependent on selecting the optimum member-
ship functions to reduce the error value to zero, and the rule base table plays an important
role in this MPPT technique.

A.6 Artificial Neural Network

An artificial neural network (ANN) is a powerful data processing system composed
of small, interconnected processors known as neurons. These neurons are comparable to
biological brain cells [101].

Utilizing neural networks to identify the maximum power point (MPP) in a photo-
voltaic (PV) system is a more effective solution in terms of precision and output characteris-
tics stability when compared to traditional methodologies.

In this study, we used a multilayer perceptron neural model architecture to extract the
output characteristics of a Jinko Solar Co. Ltd. JKM270M-72 PV module. This neural model
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has an input layer with two neurons representing the irradiation G and the temperature T.
There is a hidden layer of ten neurons and an output layer with a single neuron representing
the target, which is the optimal voltage (Vopt) [102].

The neural network was developed using steady and dynamic weather conditions on
the solar PV module Jinko Solar Co. Ltd. JKM270M-72. The collected data was used to
train and test the model. The sigmoid and linear-type activation functions were used in the
hidden and output layers, respectively, and the backpropagation algorithm was used as
a supervised learning approach to adjust weights and biases and optimize the criterion.
Overall, the ANN proved to be an efficient and precise solution for finding the MPP in a
PV system.

A.7 Adaptive Neuro-Fuzzy Inference System (ANFIS)

Jang and Sun developed the ANFIS architecture of neuro-fuzzy networks that uses a
hybrid learning rule to perform parametric identification [103]. The hybrid learning rule
combines the gradient backpropagation algorithm with the least squares approach. This
model is quite effective when it comes to tracking, nonlinear approximation, dynamic
control, and signal processing. The ANFIS architecture is shown in Figure 9.
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The rules of this architecture are described by the following equations:
If K1 = a and S1 = b, then

f1(a, b) = P1a + q1b + r1 (20)

If K2 = a and S2 = b, then

f2(a, b) = P2a + q2b + r2 (21)

K1, K2, S1, and S2 are the fuzzy sets that reflect linguistic values like small, medium,
and large, and a and b are the inputs. The learning process determines these fuzzy sets. The
design parameters P1, P2, q1, q2, r1 and r2 are also determined during the learning process.

In this hybrid structure combining the advantages of fuzzy logic and neural networks,
the roles of the five layers include:

Layer 1: Computes the membership degrees of each input variable in the range 0–1.{
o1

i = µKi(a)
o1

i = µSi(b)
(22)

where i = 1, 2.
Layer 2: Calculates the premises of each rule as the product of the levels of learning of

the variables in play in these premises.

o2
i = wi = µKi(a) ∗ µSi(b) (23)
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where i = 1, 2.
Layer 3: Normalizes the layer’s findings using an N-rated normalization operator.

o3
i =

−
wi =

w .
i

w1 + w2
(24)

Layer 4: Assesses each rule’s conclusion.

o4
i =

−
wi fi =

−
wi(Pia + qib + ri) (25)

Layer 5: Gives the final outcome.

o5
i = f = ∑

1

−
wi fi =

Σiwi fi
Σiwi

(26)

The optimal values of the parameters of these membership functions and the ensuing
parameters are determined using a hybrid learning approach that combines the least
squares method and the backpropagation learning algorithm. The ANFIS network output
is calculated using these ensuing parameters.

The ANFIS structure used to drive the boost converter. The structure has one output
(Vopt), two inputs (temperature (T) and irradiance (G)), and seven membership functions
for each input. Fourteen input membership functions are used to generate forty-nine
fuzzy rules.

To generate operational signals, the reference voltage of the PV generator is compared
to the optimal voltage produced by ANFIS. The PWM generator then provides the opera-
tional signal. The resulting PWM signals control the duty cycle of the DC–DC converter to
modify the PV module’s operating point [87].

B. PV System Presentation

This subsection is divided into two parts. In the first part, we present the PV system
used in this study, describing its behavior under different conditions by means of some
curves. The second part is dedicated to the design and parameters of the used converter.

B.1 General System Description

A solar panel, a boost converter, a control unit for tracking the MPPT, and a load make
up the studied energy conservation system (see Figure 10). The MPPT algorithm controller
determines the exact PWM duty cycle to obtain the greatest power point by using the
output of the solar panel as the boost converter (DC–DC Converter) input.
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Figure 10. General block diagram of the PV system.

MATLAB/Simulink R2021a was used to illustrate the behavior of the PV system (set
up with the Jinko Solar Co. Ltd. JKM270M-72 PV module). The properties of the PV
module are listed in Table 5.
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Table 5. Characteristics of the PV module.

Specifications for the PV Module from the Jinko Solar Co. Ltd. JKM270M-72 Datasheet

Specifications Symbol Value Unit

Short-circuit current Isc 8.35 A

Open-circuit voltage Voc 45 V

Maximum power Pmax 269.968 W

Cells per module Ncell 72 -

Voltage at maximum power point Vmp 35.9 V

Current at maximum power point Imp 7.52 A

Temperature coefficient of Isc Tc Isc 0.044335 %/deg.C

Temperature coefficient of Voc TcVoc −30,372 %/deg.C

Number of modules connected in parallel Np 1 -

Number of modules connected in series Ns 1 -

B.2 Converter Design

An MPPT converter is a device that extracts maximum power from a PV module.
According to the literature, different types of power converters have been utilized in PV
systems. The examples that can be cited are the SEPIC converter [104], the buck–boost
converter [105], the buck converter [106], the boost converter [107,108], and others [109].
Because the boost converter is commonly used for MPPT [110], we selected it for our study
(see Figure 11).
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A DC input voltage Vpv, an inductor, a switch (IGBT), a diode, a capacitive filter, and a
load are all components of a boost converter. The converter’s output voltage Vout can be
changed by varying the value of the duty ratio (D).

The total resistance that the source perceives is known as the maximum power point
resistance Rpv, as depicted in Figure 11. Vpv and Ipv may oscillate, depending on the MPPT
method used and the voltage ripple at the PV module.

The derivation of the MPPT boost converter operates in the continuous current mode
and relies on the ideal state. It is based on the assumption of a fixed resistive load Rout.
The primary objective of this derivation is to develop straightforward equations for com-
puting the input capacitance Cin, output capacitance Cout, and inductance L of the MPPT
boost converter.

Furthermore, the validity of the derivation is confirmed by comparing the theoretical
values obtained from the derived equations with the results of the MPPT boost converter
simulation conducted using MATLAB/Simulink R2021a. This comparison serves as evi-
dence to support the accuracy and usefulness of the equations derived.

In [111], a method is employed to determine the values of L, Cin, and Cout for the
MPPT boost converter. The findings of this method are presented in Table 6, which displays
the parameters used in the calculation and the corresponding results. The utilization of
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this method provides valuable insights into the characteristics of the MPPT boost converter,
which can aid in optimizing its performance.

Table 6. Parameters needed to calculate the MPPT boost converter components.

Category Parameters Value

PV Module

MPP resistance during minimum
irradiance Rmp(max)

20.4 Ω

MPP resistance during maximum
irradiance Rmp(min)

4.77 Ω

CLC Filter
Input capacitance (Cin)
Input capacitance (Cout)
Inductance (L)

0.000130079 F
0.00601252 F
0.00462222 F

PWM Characteristic

Switching frequency ( fs) 5 KHZ

Maximum duty cycle limit (Dmax) 8%

Minimum duty cycle limit (Dmin) 80%

Desired Ripple Factor
MPP voltage ripple factor (γVmp)
Output voltage ripple factor (γVo)
Inductor current ripple factor (γIL)

1%
1%

25%

C. Results and Discussion

The results of exhaustive simulations for the seven proposed MPPT algorithms (P&O,
IC, DISMC, PSO, ANN, ANFIS, and FLC) are presented and discussed in this section.

These algorithms were applied to a DC/DC boost converter system and resistive load
whose specifications are presented in Table 7. The parameters of the PV array are shown in
Table 6.

Table 7. Weather conditions.

Test Type Temperature (T) Irradiation (G)

Test 1: Steady weather 25 ◦C 1000 W·m−2

Test 2: Dynamic weather
25 ◦C 100 to 1000 W·m−2

(Figure 12a)

10 to 40 ◦C (Figure 12b) 100 to 1000 W·m−2

(Figure 12a)
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For this comparative study, two kinds of tests were proposed based on different
weather conditions, as shown in Table 7:
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� Test 1: Steady weather
� Test 2: Dynamic weather

Test 2 is divided into two scenarios. The simulation of the first scenario, the dynamic
weather scenario (Scenario 1), is presented for different irradiation levels from 100 to
1000 W/m2, as shown in Figure 12a, at a fixed temperature of 25 ◦C.

In Scenario 2, the PV system was installed under changing irradiance and temperature
condition for a disturbance period of 1 s, as depicted in Figure 12a,b.

Simulations have been performed in MATLAB/Simulink R2021a software and the
obtained results were compared the same configuration given in Table 8.

Table 8. Parameters needed to simulate the MPPT algorithms.

Algorithms Parameters Value Unit

P&O and IC

Input 2 -

Output 1 -

Initial duty 0.425 -

Minimum duty 0.08 -

Maximum duty 0.8 -

Delta duty 0.00001 -

DISMC

Input 3 -

Output 1 -

Surface - -

Substance coefficient - -

PSO

Input 2 -

Output 1 -

Inertial weight 0.4 -

Random variables [0, 1] -

Personal learning coefficient 1.2 -

Global learning coefficient 2 -

ANN

Input layer 2 -

Hidden layer 10 -

Output layer 1 -

Activation functions Sigmoid and linear -

ANFIS

Input layer 2 -

Membership functions for
each input 7 -

Fuzzy rules 49 -

Input membership functions 40 -

Output layer 1 -

FLC

Input 2 -

Output 1 -

Membership functions 3 -

Triangular membership
functions for all inputs
and outputs

5 -

Let us start with the first test based on the steady weather.
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From the Test 1 result of the evolution of power as a function of time, which is depicted
in Figure 13, it can be seen that all seven simulations produced practically the same type of
output curve. Comparing the MPPT controllers, the simulation results demonstrate that
the PSO technique had a substantial ripple of panel power (Zooms 1 and 2 of the power
curves in Figure 13).
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To assess the performances of the MPPT models, daily estimated and measured data
were evaluated by estimating the relative error Er and efficiency η(%) for each MPPT
technique, which are described as

Er =
Pideal − PMPPT

Pideal
(27)

η(%) =
Pout

PMPPT
∗ 100 (28)

where

• PMPPT is the output power of the PV panel under MPPT control and can be calculated
as the product of the voltage and current at the MPP of the PV panel;

• Pout is the output power of the boost converter and can be calculated as the product of
the output voltage and load current;

• Pideal is the ideal theorical power of the PV panel.

Based on the Equations (27) and (28), and according to the Figure 13 found in the
steady state, the following quantitative results are shown in the Figures 14–16. In Figure 14,
a classification of real and output power efficiencies is given. It can be seen that the ANN
technique had an efficiency of 98.6%, followed closely by the ANFIS method with an
efficiency of 98.34%.

Based on the relative errors, which are depicted in Figure 15, the ANFIS method had
the best result of all the MPPT algorithms, with the ANN method following closely. On the
other hand, the PSO and FLC methods showed the most mediocre results, with a difference
in error of almost 0.037 compared to the ANFIS method.

The temporal response of the output power of the system under steady-state weather
conditions is shown in Figure 16. Compared to the other algorithms, the response time of
the FLC controller was fast, the response times of the P&O and IC techniques were a bit
fast, and those of the DISMC and PSO commands were slow.
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Figure 14. Efficiencies (%) of MPPT algorithms under steady-state weather conditions: Test 1.
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Figure 16. Response times (s) of MPPT algorithms under steady-state weather conditions: Test 1.

We now present the Test 2 results for the first scenario. Figure 17 depicts the results,
which show that all seven simulations had output curves of different shapes. For quick
changes in irradiation, the ANFIS and ANN controllers failed to track the MPP, then the
P&O and IC techniques provided the same outcome with a little difference, followed by
DISMC and FLC methods, and finally the PSO technique.
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To evaluate the robustness of these controllers, the simulations were realized with
a constant temperature value of 25 ◦C and solar irradiation that varied from 500 to
250 W·m−2, from 250 to 1000 W·m−2, from 1000 to 100 W·m−2, from 100 to 300 W·m−2, and
from 300 to 600 W·m−2 (see Figure 12a). As shown in Figure 17a, the output characteristic of
the PV generator varied proportionally with irradiation. As shown in Figure 17b, when the
irradiation was 1000 W·m−2, the maximum power supplied by the PV generator stabilized
around 256.64 W for the ANN controller, with only a difference of 0.34 W between this
value and that of the ANFIS controller.

When the solar irradiation was 500 W·m−2, the maximum power was 107.3 W for
the ANN and ANFIS methods and for a variation of 1000–100 W·m−2 in irradiance; the
maximum power for the P&O and IC algorithms was 25.17 W, while that of the ANN and
ANFIS methods was 21.82 W.

In transient and stable states, there are significant oscillations of conventional tech-
niques compared with ANN and ANFIS. Sudden changes in solar irradiation greatly
interfere with the conventional techniques.

All the proposed MPPT controllers were able to extract the maximum power of
the system at the different temperature values (see Figure 18) and the same variation of
irradiation of Scenario 1.
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The findings of Scenario 2, as shown in Figure 18a,b, reveal that each of the seven
algorithms produced a different output curve. The P&O and IC controllers accurately
tracked the MPP under varying irradiation and temperature, the DISMC, FLC, ANFIS, and
ANN techniques tracked the MPP fairly accurately, and the PSO technique showed the
least tracking accuracy.

The average response time for all MPPT techniques, as shown in Figure 19, was
calculated by taking the mean of the response times recorded for each weather condition in
Test 2.
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Figure 19. Average response time of MPPT algorithms: Test 2.

In Scenario 1, the P&O, IC, and DISMC controllers took longer than the other con-
trollers to reach the optimum power. For example, there was an average response time of
0.22 s for P&O and IC controllers and 0.23 s for DISMC controller.

In Scenario 2, the DISMC technique required more time to attain the peak power
than the other controllers, which showed that the PSO controller was faster than other
controllers in both scenarios.

The convergence speed of the power MPPT controller (power vector) can be calculated
in terms of the time it takes for the power vector to reach a steady-state condition. This is
done by measuring the time it takes for the power vector to change from one steady-state
value to another. The convergence speed can then be expressed as the change in the power
vector value over time.

To calculate the convergence speed of the power MPPT controller, we measured the
initial and final steady-state power vector values and then calculated the change in the
power vector value over the time period. The formula for the convergence speed of power is

Convergence Speed =
Final Power Vector Value− Initial Power Vector Value

Time Period
(29)

The average convergence speed for all proposed MPPT algorithms, as shown in
Figure 20, was calculated by taking the mean of the convergence speeds recorded for each
weather condition.
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For the average convergence speed of the MPPT controllers for Test 2, which is depicted
in Figure 20, the two scenarios gave practically the same output average convergence speed,
with a slight difference. Out of the seven controllers, the average convergence speed of
the FLC method was fastest, while that of the DISMC method was second fastest; the
difference in speed between these two algorithms was almost 24.24 W·s−1 for Scenario 1
and 24.68 W·s−1 for Scenario 2.

Although the FLC, ANN, and ANFIS methods showed good performance under
varying irradiances, their simulation times were higher than those of the other four methods.
Using MATLAB’s built-in tic-toc command, the simulation times were captured, which
showed how long it took MATLAB to run the relevant code for each MPPT method.

3.6. Step 6: Benchmarking

The benchmarking includes the description as well as the presentation of the methods
followed and results obtained from the selected literature. In future studies, it could serve
as a helpful guide, which considers the needs of operators and consumers, for choosing the
most beneficial MPPT types.

A comparison of the dynamic performance of MPPT techniques based on a selection
of criteria that were reviewed by the study and set the monitoring method’s conduct
apart from the peak power point. The complexity, number of necessary sensors, rate of
convergence, price, range of effectiveness, required gear, and level of acceptance of these
techniques vary. It has been established that the application being considered plays the
largest role in choosing the best MPPT technique. For example, cutting-edge methods like
incremental conductance, fuzzy logic, and genetic/artificial MPPT approaches are suitable
in constrained environments, such as in aerospace satellites [112].

Additionally, there has recently been considerable study of combined or improved
approaches. These techniques use an established method with a more complex control
algorithm to enhance performance, especially in partially darkened or rapidly changing
environments. Maximum power point tracking in PV systems remains a rapidly expanding
field of research, with new creative methods continually proposed. As a result, MPPT
techniques will continue to be improved and refined, leading to wider commercial adoption.

Table 9 is a summary of the comparative analysis of all MPPT techniques proposed
in the literature. The tracking of algorithms under dynamic and constant weather cir-
cumstances is represented by dynamic and steady tracking, respectively. The algorithm
complexity can be used to assess the control complexity of an algorithm. Hardware com-
plexity and sensors, on the other hand, can be used to estimate the cost of implementation
of each algorithm.

This review can help with subsequent analysis, which can then be used to choose the
perfect MPPT to meet the needs of both the operator and the consumer. Each of the various
MPPT methods has its benefits and drawbacks. The difficulty of implementation arises
when massive computations are required. The tracking energy and speed decrease during
fractional shading crises.

The classical approach, like the P&O and IC methods, is straightforward, simple to
implement on hardware, and widely employed, but it performs slowly when exposed to
rapidly changing environmental conditions. These techniques are less precise and respond
more slowly than intelligent techniques. The DIS MPPT controller is more expensive and
has a more sophisticated hardware implementation than traditional methods.

Under changing insolation, low varying temperatures, fast varying with fewer ripples,
and quick simulation times, the PSO approach performs less efficiently.

For tracking peak power under various meteorological conditions, intelligent methods
including ANN-, fuzzy-, and ANFIS-based MPPT are efficient and produce great results,
but the system becomes costlier and more sophisticated overall. These approaches can
manage nonlinearities without a precise mathematical representation of the system, but
they are expensive.
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Table 9. Benchmark of MPPT techniques.

Technique Parameters P&O IC DIS PSO ANN ANFIS FLC

Dynamic tracking R H H L H H H

Prior tuning N N Y Y Y Y Y

Steady tracking R H R R H H H

Hardware implementation E E M C C C M

Algorithm complexity L L M L M H H

Response to varying
atmospheric conditions F F M M M S S

Simulation time M F M F M S S

Convergence speed F F M M M S S

Oscillation around MPP H M M L L L L

Cost INX AV AV EX EX EX AV

Precision Go Go Go AC VG VG Go

Tuning complexity L L M M H H H

Number and types
of sensors

2
V and I

2
V and I

2
V and I

2
V and I

3
V, T and G

3
V, T and G

2
V and I

H: high; R: reasonable; M: medium; F: fast; AV: average; L: low; Y: yes; N: no; AC: acceptable; S: slow; Go: good;
VG: very good; E: easy; C: complex; INX: inexpensive; EX: expensive; V: voltage; I: current; G: irradiation.

4. Conclusions

This paper presents a comprehensive SLR of various MPPT algorithms, analyzing their
pros and cons, and summarizing the available review studies on this topic. The authors
also provide a new benchmark for evaluating the performance of different MPPT methods,
which is helpful in selecting suitable algorithms under specific conditions. Based on the
outcomes of simulations of different techniques, a quantitative and qualitative comparative
analysis of the most effective MPPT strategies is subsequently provided.

The main conclusions of the study are as follows:

X All MPPT controllers are capable of extracting the maximum power from the sys-
tem at different irradiation values, though their performance levels may vary. For
instance, during steady-state weather conditions, the ANN technique demonstrated
an efficiency of 98.6%, closely followed by the ANFIS method at 98.34% efficiency.

X The P&O technique has a better response time than the IC technique, with minor
variations, and the PSO technique requires less processing than other techniques. For
example, under steady-state weather conditions, the P&O technique had a response
time of 0.322 s, followed closely by the IC method with a response time of 0.326 s.

X The simplest approaches, such as PSO and DISMC, are easier to use but have lower
efficiency than ANN, ANFIS, and FLC techniques when exposed to irradiation and
temperature variations.

X The MPP controllers based on neural networks, fuzzy logic, and ANFIS perform
significantly better than conventional approaches in terms of tracking efficiency,
convergence time, and oscillations around the MPP.

X The ANN, FLC, and ANFIS methods relying on machine learning require advanced
gears to run these algorithms. The usage of these contemporary strategies in cur-
rent PV grid deployments can be attributed to the computing hardware’s steadily
improving performance-to-price ratio.

Overall, this study provides valuable insights into the strengths and weaknesses of
different MPPT techniques and will be useful for researchers and practitioners working in
the field of solar energy.
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