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 Between 2015 and 2024, global solar photovoltaic (PV) capacity rose 

significantly from 223.204 GW to 1624 GW, contributing to the reduction of 

greenhouse gas emissions associated with fossil-fuel-based power 

generation. Solar PV is recognized for its environmental benefits and is 

increasingly seen as a viable alternative for a long-term sustainable energy 

supply. However, the power output of PV systems is highly dependent on 

atmospheric conditions, particularly solar irradiation and temperature, which 

can cause fluctuations and reduce overall efficiency. To address this, 

maximum power point tracking (MPPT) techniques are employed to 

optimize energy extraction under varying environmental conditions. This 

study presents a comparative analysis of four MPPT algorithms, perturb-

and-observe (P&O), incremental conductance (InC), fuzzy logic control 

(FLC), and artificial neural network (ANN) for grid-tied PV systems using 

MATLAB/Simulink. Each algorithm was evaluated under dynamic 

conditions to determine its tracking efficiency and responsiveness. The 

results show that while conventional methods like P&O and InC are simpler, 

they are less effective under rapidly changing conditions. FLC demonstrates 

faster convergence but requires greater computational resources. The 

intelligent controllers demonstrated superior performance: FLC achieved the 

highest power output of 1.019×10⁶ W with a corresponding voltage of 

1.422×10⁴ V, while the ANN algorithm followed closely with 9.650×10⁵ W 

and 1.200×10⁴ V, respectively. The comparative insights gained from this 

analysis offer practical guidance for selecting MPPT controllers in real-

world solar energy applications. 
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1. INTRODUCTION 

Photovoltaic (PV) cells are devices that detect electromagnetic radiation and dissipate current or 

voltage, or both, in response to the concentration of solar insolation. Its application has gone exponential, as 

presented in Figure 1. The approach to harnessing the maximum potential of solar energy is termed 

maximum power point tracking (MPPT). An MPPT is a type of electronic DC to DC regulator that 

maximizes compatibility across the load and the solar PV array. The main application and merits of MPPT in 

solar power system generation are to maximize the capability and energy of solar cells [1]. Escalating global 

energy needs are driving a rapid rise in the consumption of fossil fuels, resulting in detrimental 

https://creativecommons.org/licenses/by-sa/4.0/
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environmental effects like global warming, acid rain, and ozone layer depletion [1]. To safeguard the Earth's 

ecological balance, it is imperative to diversify energy resources and mitigate the adverse impacts associated 

with fossil fuel technologies. Moreover, the impending challenges of soaring fuel costs and diminishing fossil 

fuel reserves may have adverse economic and political consequences for numerous nations in the coming 

years. To ensure sustainable development, enhancing energy efficiency and maximizing the utilization of 

renewable energy sources (RES) are of paramount importance [1]-[4]. One potential solution to address this 

crisis is the utilization of RES. Amongst these, solar energy holds great promise and is expected to witness 

significant growth in its market share. PV cells are a viable method for harnessing solar energy. However, a 

challenge with the solar system is its intermittent nature, as the times of maximum solar insolation rarely 

align with energy demand. Hence, it is logical to store the PV energy generated during periods of high 

sunlight not only to sustain power supply during low-insolation times or cloudy periods but also to ensure a 

continuous electric power output [5]. The global PV rooftop and utility-scale segments' growth is depicted in 

Figure 1. 

 

 

 
 

Figure 1. Global PV rooftop and utility-scale segments growth [2] 

 

 

One of the primary challenges facing PV systems is operating at maximum power under all 

environmental conditions, including temperature fluctuations, shifting sunlight, shade conditions, and module 

ageing. To address these issues, an efficient algorithm called maximum power point tracking (MPPT) has 

been developed [6], which will increase system efficiency and lower costs [7]. Many research studies offer 

various methods to attain MPPT. As they are simple to use and reasonably priced, perturb and observe 

(P&O), and incremental conductance (InC) are a few of the traditional MPPT methods that have been 

extensively utilized for tracking the MPP [8]. 

Additionally, oscillations near MPP are caused by a specific predilection.  The poor tracking speed 

and strong oscillations near MPP are problems with these methods [9]. Numerous research studies have 

sought to resolve this issue by introducing artificial intelligence methodologies and optimization strategies, 

such as fuzzy logic controllers (FLC) [10]-[17]. While the Chimp optimization algorithm does not require a 

mathematical model or technical knowledge of the exact mode of operation, it can deal with the nonlinear 

properties [18]. In several applications, artificial neural network (ANN) techniques are widely used to handle 

nonlinearity [19]. Additionally, the best MPPT solution is explored by the application of machine learning 

(ML) [20]. Their effectiveness is largely reliant on thorough training, which typically requires a significant 

amount of processing power and time to complete [21]. 

Recent research has shown a particular interest in bio-inspired MPPT algorithms, which have 

produced superior outcomes than evolutionary MPPT controllers in terms of increased precision and speed. 

For global point tracking, this study used artificial neural networks and fuzzy logic control. These methods 

tracked the global point satisfactorily in both standard sun radiation and partially shaded conditions. 

However, these methods need intricate calculations. 

This work proposes a comprehensive comparative analysis of MPPT algorithms within a grid-tied 

photovoltaic system context. Unlike previous studies that focus only on standalone PV systems or simplified 

irradiance profiles, this study evaluates the algorithms' tracking behavior under realistic grid-tied constraints. 

The specific goals include: i) Implementing four widely used MPPT techniques (Perturb and Observe, 

incremental conductance, fuzzy logic, and the artificial neural network) under identical test conditions;  
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ii) Assessing their tracking efficiency, convergence time, voltage ripple, and output power stability; and  

iii) Analyzing their suitability for integration with grid-tied inverter systems. The study introduces a unified 

testing framework using MATLAB/Simulink, which allows direct and fair comparison. Findings show that 

while P&O is simple, it suffers under rapidly changing conditions, whereas fuzzy logic-controlled MPPT 

offers faster convergence but is computationally intensive, providing actionable insights for real-world 

MPPT controller deployment. 

This work is structured into five main sections for clarity and flow: i) Section 1 introduces the study, 

outlining the problem, objectives, and significance of the research; ii) Section 2 covers the electrical 

modelling and characteristics of the photovoltaic (PV) system, explaining the methodology used in the study; 

iii) In section 3, the proposed MPPT algorithms are described in detail, highlighting their working principles 

and relevance; iv) Section 4 presents the simulation results, including a thorough analysis and comparison of 

the performance of the proposed techniques; and v) Finally, section 5 concludes the paper by summarizing 

the key findings and their implications. 

 

 

2. METHOD 

This study appraises the appropriate literature on state-of-the-art PV technology and other related 

IEEE standards in the design of power systems. A test system was used, and it was modelled and simulated 

in MATLAB/Simulink software. The approach includes the modelling of 25 panels in series and 20 parallel 

modules, respectively, with a total of 775 kW required, and the mathematical modelling of the PV system 

using several MPPT algorithms to support the research objectives. Moreover, a sensitivity study was 

performed to differentiate the worth of each MPPT algorithm, respectively, to be implemented in 

MATLAB/Simulink software. The features of semiconductor p-n diodes and solar cells are very similar. One 

popular model used to represent the equivalent electrical circuit of a solar cell is a single-diode model, as 

shown in Figure 2 [1]. 

 

 

 
 

Figure 2. Equivalent solar cell circuit of a single-diode model [1] 

 

 

In the context of the PV cell, the output current and output voltage are denoted as I and V, 

respectively. The diode's reverse saturation current is represented by IO, while the diode ideality factor is 

denoted as a. Additionally, the symbols RP and RS denote parallel and series resistance, respectively.  

 

𝐼 = 𝐼𝑝ℎ − 𝐼𝑂 [𝑒𝑥𝑝 (
𝑉+𝐼×𝑅𝑆

𝑎×𝑉𝑠ℎ
) − 1] −

𝑉+𝐼×𝑅𝑆

𝑅𝑝
 (1) 

 

𝐼𝑝ℎ = [𝐼𝑆𝐶_𝑆𝑇𝐶 + 𝐾𝑎(𝑇 − 𝑇𝑆𝑇𝐶)]
𝐺

𝐺𝑆𝑇𝐶
 (2) 

 

Where the short-circuit current at standard test conditions (STC) is represented by Isc_STC. The cell 

temperature at STC is indicated by TSTC (25 °C), G (W/m2) representing the insolation incident on the PV cell 

surface.  The insolation level at STC is denoted by GSTC (1000 W/m2), and the short circuit current 

coefficient, or Ka, is usually given by the cell manufacturer. Moreover, (2) explains how temperature affects 

the saturation current IO [3]. The open circuit voltage under standard test circumstances (STC) is represented 

by VOC_STC in the context provided. 

 

𝐼𝑂 =
𝐼𝑆𝐶𝑆𝑇𝐶

+𝐾𝑎(𝑇−𝑇𝑆𝑇𝐶)

𝑒𝑥𝑝[(𝑉𝑂𝐶𝑆𝑇𝐶
+𝐾𝑏(𝑇−𝑇𝑆𝑇𝐶))/𝑎×𝑉𝑡ℎ]−1

 (3) 
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Numerous DC-DC converters were invented, including buck, cuk, and boost converters. 

Considering its outstanding efficiency, the boost converter is the most popular choice among these for PV-

generated systems [1]. The primary cause is that, as a loss power equation shows, it can provide and control 

an output voltage that is higher than the input voltage while maintaining a low output current. The DC-DC 

boost converter's key component is a transistor that controls the amplified processing via a controller. 

Transistors such as the insulated gate bipolar transistor (IGBT), bipolar junction transistor (BJT), and metal 

oxide semiconductor field effect transistor (MOSFET) are frequently utilized in DC-DC converters. The 

output voltage is continuously higher than the input voltage due to the boost converter. The circuit topology 

of the boost converter is shown in Figure 3. Tables 1 and 2 present the converter parameters and network and 

inverter parameters used in this study. 

 

 

 
 

Figure 3. Boost converter circuit topology [1] 

 

 

Table 1. Boost converter parameters 
Description Value 

Switching frequency (Hz) 5000 

Inductor resistance 0.1 Ω 
Inductance 100e-3 H 

Capacitor resistance 0.1 Ω 

Capacitance 50e-6 F 
Load 150 Ω 

 

Table 2. Existing network and inverter parameters 
Description Value Description Value 

Breaker resistance (Ohm) 0.01 Source inductance (H) 16.58e-3 

Snubber resistance (Ohm) 1e6 Base voltage (Vrms) Ph-Ph 25e3 
Snubber capacitance Cs (F) Inf Nominal phase-to-phase voltage Vn (Vrms) 380 

Phase-to-phase voltage (Vrms) 380 Nominal frequency fn (HZ) 50 

Frequency (HZ) 50 Active power P (W) 10e3 
Source resistance (Ohm) 0.8929   

 

 

 

When the switch S is turned on, the diode D becomes reverse-biased, meaning it no longer conducts 

current. As a result, the inductor L is effectively disconnected from the output side and instead becomes part 

of a closed loop with the voltage source. This causes the current through the inductor to increase linearly due 

to the applied input voltage, since the inductor resists changes in current by storing energy in its magnetic 

field. During this interval, the output stage is isolated from the input, and the load receives power solely from 

the discharge of the output capacitor C, which temporarily maintains the output voltage and supplies current 

to the load. 

Figure 4 illustrates the behavior of the inductor current in continuous conduction mode (CCM), 

where the current flowing through the inductor remains nonzero throughout the entire switching cycle. In this 

mode, the inductor current remains positive (i.e., 𝐼𝐿(𝑡) > 0) at all times, ensuring continuous energy transfer 

and improved efficiency in power delivery. Under steady-state conditions in CCM, the duty cycle D, which is 

the ratio of the switch-on time to the total switching period, can be calculated using (4). 

 

𝐷 = 1 −
𝑉𝑑

𝑉𝑜
 (4) 

 

Where: Vd is the input voltage, Vo is the converter's output voltage, and D is the duty ratio. 

The output voltage VO of the converter increases proportionally with the duty ratio D, as indicated 

by (4). This relationship shows that by adjusting the amount of time the switch remains on during each 

switching cycle, the average voltage delivered to the load can be effectively controlled. As the duty ratio 

increases, the converter transfers more energy to the output, resulting in a higher output voltage. However, 

changing the duty ratio not only affects the output voltage but also influences the behaviour of both the input 

and output currents of the converter. These variations can impact the overall stability and efficiency of the 

system, especially in continuous conduction mode (CCM), where the inductor current never drops to zero. To 

ensure smooth and stable operation in this mode, it is essential to properly design the passive components, 

namely, the inductor and capacitor used in the converter. 
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The (5) is used to calculate the value of the inductor L required to limit the current ripple ΔIL and 

maintain continuous conduction (5). 

 

𝐿 =
𝑉𝑑𝐷

2∆𝐼𝐿𝑓𝑝
 (5) 

 

Here, Vd is the input voltage, D is the duty ratio, ΔIL is the peak-to-peak inductor current ripple, and fp is the 

switching frequency. The (6) provides the required value for the output capacitor C, which smooths the 

output voltage and reduces the voltage ripple ΔVO (6). 

 

𝐶 =
𝐼𝑂𝐷

∆𝑉𝑜𝑓𝑝
 (6) 

 

Where IO is the output current, ΔVO is the allowable output voltage ripple, and fp is the switching frequency. 

The proper selection of these components is crucial for achieving the desired performance, minimizing 

losses, and ensuring the reliable operation of the converter in CCM. 
 

 

 
 

Figure 4. Boost converter voltage and current waveform in continuous conduction operation [1] 

 

 

3. MAXIMUM POWER POINT TRACKING (MPPT) 

In the ever-advancing field of solar energy technology, maximum power point tracking (MPPT) 

plays a vital role in enhancing the efficiency and performance of PV systems. As solar panels are subject to 

constantly changing environmental factors, such as irradiance, temperature, and shading, the electrical 

characteristics of these panels fluctuate. MPPT is a power electronic device integrated with intelligent control 

algorithms that dynamically track and operate the PV system at its optimal point, known as the maximum 

power point (MPP). This capability ensures that, regardless of varying conditions, the maximum possible 

power is extracted from the solar array and delivered to the load with the highest possible efficiency [1]. 

Traditionally, MPPT methods have relied on algorithmic techniques designed to adjust the operating 

voltage or current of the PV modules in response to observed changes in power output. Among these, the 

perturb and observe (P&O) method and the incremental conductance (InC) technique have been the most 

widely adopted. The P&O method operates by incrementally adjusting the voltage and observing the change 

in power; if the power increases, the algorithm continues in the same direction; otherwise, it reverses. In 

contrast, the InC method determines the MPP based on the slope of the power-voltage curve, offering faster 

and more precise tracking under rapidly changing conditions. Despite their effectiveness, these methods often 

struggle with tracking delays, oscillations around the MPP, and suboptimal performance during transient 

environmental events like fast cloud movement or partial shading. To overcome these limitations, this 

research and development in MPPT have shifted toward intelligent, adaptive techniques rooted in artificial 

intelligence and soft computing. Artificial neural networks (ANNs) and fuzzy logic controllers (FLCs) are 

considered at the forefront of this innovation. ANN-based MPPT systems are capable of learning from 

historical and real-time data, allowing them to predict and respond to changing conditions with a high degree 

of accuracy. Meanwhile, fuzzy logic provides a rule-based yet flexible approach to handle uncertainties in 

input parameters, emulating human reasoning to make decisions where precise mathematical models are 

insufficient. These intelligent methods offer improved tracking speed, reduced oscillations around the MPP, 

and better adaptability in complex scenarios, making them highly effective in modern PV applications [22]. 
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However, the advancement in MPPT strategies also introduces new challenges. The selection of an 

MPPT technique must consider multiple practical factors such as computational complexity, response time, 

implementation cost, and hardware compatibility. While traditional methods are simpler and easier to 

implement on low-cost microcontrollers, intelligent algorithms often require more sophisticated processors 

and greater memory, which can increase the overall system cost. Consequently, the choice between classical 

and advanced MPPT methods depends largely on the specific requirements of the PV application, whether it 

prioritizes cost-effectiveness, precision, or scalability. Looking ahead, the future of MPPT lies in the 

development of hybrid and self-adaptive systems that combine the strengths of multiple techniques. 

Integration with IoT platforms, real-time weather data, and edge computing is expected to enhance the 

predictive capabilities of MPPT systems, transforming them from reactive controllers into proactive decision-

makers. As solar energy continues to scale globally, MPPT will remain a crucial enabler, evolving from a 

mere efficiency tool into a basis of smart, responsive, and high-performing energy systems [23], [24]. 
 

3.1.  Perturbation and observation MPPT 

The perturbation and observation (P&O) method remains one of the most foundational and widely 

implemented strategies in the domain of MPPT. Its continued popularity in both academic research and 

commercial applications stems from a combination of technical simplicity, cost-effectiveness, and ease of 

real-time implementation. Despite the emergence of more advanced and intelligent tracking algorithms, P&O 

still holds a central position in MPPT literature and serves as a benchmark for evaluating newer techniques. 

At the core of the P&O method lies a deceptively simple logic: Perturb the operating voltage or current of the 

PV system slightly and observe the effect on output power. If the power increases, the perturbation continues 

in the same direction; if it decreases, the direction is reversed. This trial-and-error approach enables the 

algorithm to gradually converge on the maximum power point (MPP), where the output power is at its peak 

for the given environmental conditions. This algorithm can be visualized through a control loop that operates 

continuously, measuring the current and voltage output of the PV module and making incremental 

adjustments to the duty cycle of the associated DC-DC converter. A typical flowchart of this decision-making 

process, such as the one shown in Figure 5, highlights its straightforward logic structure. Since it does not 

rely on complex mathematical models or extensive datasets, P&O is highly adaptable and can be deployed on 

inexpensive microcontrollers with limited processing power [25]. 

 

 

 
 

Figure 5. P&O algorithm flowchart [1] 

 

 

However, the simplicity of the P&O method is both its strength and its limitation. Under steady-

state conditions, it performs well and maintains the operating point close to the MPP. Yet, in rapidly 
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changing environments, such as when clouds pass over a solar array, it may struggle to distinguish whether 

changes in output power are due to perturbations or external factors. This can lead to oscillations around the 

MPP or misdirection in the tracking process. Despite this, its low computational overhead and minimal 

hardware requirements make it an attractive solution for small to medium-scale PV systems, especially in 

cost-sensitive applications. Remarkably, the principles of the P&O method have served as the blueprint for 

more sophisticated hybrid and adaptive algorithms. Many researchers have sought to enhance its performance 

by integrating it with techniques such as fuzzy logic, neural networks, or variable step-size adjustments. 

These improvements aim to retain the simplicity of P&O while addressing its responsiveness and stability 

under dynamic conditions. In this sense, the P&O method is not just a basic MPPT technique; it is a catalyst 

for innovation, a platform upon which the next generation of smart, responsive, and adaptive MPPT 

strategies continues to be built [26]. 

 

3.2.  Incremental conductance MPPT 

The incremental conductance (InC) method represents a more analytical and mathematically 

grounded approach to MPPT in PV systems. Its development emerged as a response to the limitations of 

simpler methods, such as perturbation and observation (P&O), particularly in terms of precision and 

adaptability to rapidly fluctuating environmental conditions. The InC algorithm is based on a critical insight 

into the power-voltage (P–V) characteristics of a photovoltaic array. Specifically, it exploits the fact that the 

derivative of power with respect to voltage, dP/dV, equals zero at the maximum power point (MPP). This 

principle allows the MPPT controller to determine whether the system has reached the MPP, or whether it 

should increase or decrease the operating voltage to move closer to it. Unlike perturbation-based techniques 

that rely on iterative observation, InC calculates this derivative explicitly, using the PV array's real-time 

output current (I) and voltage (V) data [27]. At the maximum power point, the incremental conductance 

(dI/dV) and the instantaneous conductance (I/V) are equal, leading to the condition in (7).   

 
𝑑𝑃

𝑑𝑉
=

𝑑(𝑉×𝐼)

𝑑𝑉
= 1 + 𝑉

𝑑𝐼

𝑑𝑉
→

1

𝑉
×

𝑑𝑃

𝑑𝑉
=

1

𝑉
+

𝑑𝑃

𝑑𝑉
 (7) 

 

This equality forms the decision-making core of the InC algorithm. If the incremental conductance 

is greater than the negative of the instantaneous conductance, the operating point lies to the left of the MPP, 

and the voltage must be increased. Conversely, if the incremental conductance is less, the operating point lies 

to the right of the MPP, and the voltage must be decreased. Only when the two are equal does the algorithm 

confirm that the MPP has been located. An algorithmic implementation of this process, illustrated in  

Figure 6 highlights its systematic nature and responsiveness to dynamic conditions.  

The InC method offers a distinct advantage in grid-tied systems, where precision and real-time 

adaptability are paramount. As it avoids unnecessary oscillations around the MPP and makes informed 

voltage adjustments based on slope analysis, it enables more stable and efficient operation, particularly under 

conditions of rapid irradiance fluctuation or partial shading, where other methods often falter. The (8) 

through (10) provide the logic foundation for the directional decision-making within the InC algorithm. By 

evaluating the relationship between dI/dV and I/V in real time, the MPPT controller can accurately determine 

whether to increase, decrease, or maintain the PV operating voltage, ensuring consistent and efficient 

tracking of the MPP even under rapidly changing environmental conditions [28]. 

 
𝑑𝑃

𝑑𝑉
= 0        𝑖𝑓 

𝑑𝐼

𝑑𝑉
> −

1

𝑉
, (𝑙𝑒𝑓𝑡 𝑜𝑓 𝑀𝑃𝑃) (8) 

 
𝑑𝑃

𝑑𝑉
= 0        𝑖𝑓 

𝑑𝐼

𝑑𝑉
= −

1

𝑉
, (𝑎𝑡 𝑀𝑃𝑃) (9) 

 
𝑑𝑃

𝑑𝑉
= 0        𝑖𝑓 

𝑑𝐼

𝑑𝑉
< −

1

𝑉
, (𝑟𝑖𝑔ℎ𝑡 𝑜𝑓 𝑀𝑃𝑃) (10) 

 

Moreover, due to its deterministic control logic, InC is well-suited for integration into digital 

controllers and microprocessors used in modern power electronic converters. While it may require slightly 

more computational resources than P&O, its increased accuracy and tracking stability make it a preferred 

choice in many high-performance grid-tied PV applications. As a result, the incremental conductance method 

is not just an alternative to simpler MPPT algorithms, it is a sophisticated strategy that embodies the balance 

between mathematical rigor, algorithmic precision, and practical performance, and continues to serve as a 

benchmark in comparative studies of MPPT methods for grid-tied photovoltaic systems [29]. This method 

measures the PV array's operating voltage (V) and current (I) using two sensors. The (11) and (12) can be 

used to digitally compute the incremental changes (dV and dI) of the PV array's output current (I) and 

voltage (V) by sampling these values at successive time intervals (k-1) and (k) [2]. 
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𝑑𝑉(𝑘) = 𝑉(𝑘) − 𝑉(𝑘 − 1) (11) 

 

𝑑𝐼(𝑘) = 𝐼(𝑘) − 𝐼(𝑘 − 1) (12) 

 

 

 
 

Figure 6. InC MPPT flowchart [1] 

 

 

3.3.  Artificial neural network controlled MPPT 

As the demand for smarter, more responsive, and adaptive renewable energy systems increases, 

Artificial neural networks (ANNs) have emerged as a transformative approach in the development of 

maximum power point tracking (MPPT) algorithms. Representing a branch of artificial intelligence, ANN-

based MPPT strategies offer distinct advantages over traditional techniques, particularly in dynamic and 

unpredictable environmental conditions. Conventional MPPT algorithms, such as perturbation and 

observation (P&O) and incremental conductance (InC), while effective in steady-state conditions, often 

suffer from delayed convergence and suboptimal performance under rapid variations in solar irradiance and 

temperature. These shortcomings can result in oscillations near the maximum power point (MPP) or failure to 

track it altogether. In contrast, ANN-based MPPT overcomes these limitations through a data-driven, 

adaptive learning approach capable of generalizing complex, nonlinear relationships between environmental 

variables and the system’s power output. The core structure of an ANN-controlled MPPT system is 

illustrated in Figure 7. This configuration typically employs solar irradiance and cell temperature as input 

variables to the neural network. The network is trained to map these inputs to a corresponding duty ratio for 

the DC-DC converter, which adjusts the operating point of the photovoltaic (PV) array to match the MPP in 

real time. This training process utilizes supervised learning techniques, wherein the ANN is presented with 

multiple scenarios of solar and thermal conditions, and the corresponding optimal duty ratios are determined 

using known MPP data [30]. 

One of the most effective training algorithms for this application is the Levenberg-Marquardt 

backpropagation algorithm, known for its fast convergence and high accuracy in function approximation. 

During training, the ANN optimizes its internal parameters known as weights through iterative minimization 

of the mean squared error (MSE) between the predicted output (a) and the actual target output (t), as 

described in (13). 

 

𝑃 =
1

𝑁
∑ (𝑡𝑣 − 𝑎𝑣)2𝑁

𝑣=1  (13) 
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Where N represents the number of training samples, tv is the desired output for the vth sample, and av is the 

predicted output. The training goal is to minimize this error across the dataset, thereby enabling the ANN to 

learn the optimal duty ratio for any given environmental condition. 

 

 

 
 

Figure 7. ANN-controlled MPPT structure [9] 

 

 

The practical realization of ANN-based MPPT has been explored across various converter 

topologies, including Boost and CUK converters, where the ANN serves as an intelligent controller that 

continuously adjusts the operating point of the PV system. The simulation environment of 

MATLAB/Simulink was used to validate the model, confirming its superiority in both response time and 

tracking accuracy. Of particular interest is the use of feed-forward multi-layer neural networks, which consist 

of input, hidden, and output layers arranged in a forward-only topology. These architectures are capable of 

approximating highly nonlinear functions and can generalize well to unseen data, making them highly 

suitable for real-world solar energy systems that encounter varying operational conditions throughout the 

day. Intrinsically, ANN-controlled MPPT represents a paradigm shift in PV energy optimization moving 

from rule-based logic to intelligent, self-adaptive systems. By learning from data and continuously evolving, 

ANN-driven controllers not only enhance energy harvesting efficiency but also pave the way for next-

generation smart PV grids capable of operating autonomously and optimally under diverse and dynamic 

conditions [31]. 

 

3.4.  Fuzzy logic controller MPPT 

The emergence of fuzzy logic as a robust method for handling uncertainty in complex systems can 

be credited to Lotfi Zadeh, whose pioneering work laid the foundation for fuzzy set theory. In the realm of 

photovoltaic (PV) systems, this approach has translated into the development of the fuzzy logic controller 

(FLC), a nonlinear, rule-based control method that effectively integrates expert knowledge and heuristic 

decision-making into the control algorithm. Unlike traditional MPPT techniques that rely heavily on linear 

models and mathematical precision, FLCs thrive in uncertain, nonlinear, and rapidly changing environments, 

making them particularly well-suited for solar power applications. At its core, the FLC for MPPT comprises 

four main components: fuzzification, fuzzy rule base, inference mechanism, and defuzzification. Each plays a 

critical role in enabling the controller to dynamically determine the optimal duty cycle adjustment for a DC-

DC converter, thus allowing the PV system to operate at or near the maximum power point (MPP) under 

varying solar and environmental conditions [23]. 

a) Fuzzification 

The fuzzification process translates crisp numerical inputs into linguistic fuzzy variables. In the 

proposed controller, the two primary inputs are the error (e) and the change in error (ce), calculated at each 

sampling instant (k). These are defined mathematically in (14) and (15). 

 

𝑒 (𝑘) =
𝑃(𝑘)−𝑃(𝑘−1)

𝐼(𝑘)−𝐼(𝑘−1)
 (14) 

 

𝑐𝑒 (𝑘) = 𝑒(𝑘) − 𝑒(𝑘 − 1) (15) 

 

Here, P(k) represents the instantaneous power of the PV array, and I(k) its corresponding current. 

These inputs are then mapped to linguistic subsets, negative big (NB), negative small (NS), zero (Z0), 

positive small (PS), and positive big (PB), through membership functions. These functions graphically define 

the degree of belonging for each input variable to its corresponding fuzzy set, enabling the controller to 
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interpret the inputs in qualitative terms. Figure 8 illustrates the membership functions for the input variables 

and the output (duty cycle change, ∆D). 

 

 

 
 

(a) (b) 

 
(c) 

 

Figure 8. Defined membership functions: (a) converter input current, (b) converter input voltage, and  

(c) fuzzy controller output duty cycle 

 

 

b) Fuzzy rule base 

The fuzzy rule base acts as the brain of the controller, comprising a collection of IF-THEN rules that 

encapsulate expert knowledge and intuitive control responses. These rules relate the fuzzy inputs to 

corresponding fuzzy outputs and allow the system to react intelligently to varying conditions. The fuzzy logic 

system is thus capable of mimicking human-like decision-making, adjusting the converter behavior based on 

prior experience and system knowledge [23]. 

c) Inference mechanism 

Inference is the reasoning engine of the FLC. It interprets the rule base by evaluating the fuzzy 

inputs and determining how each rule should be applied. The output fuzzy sets are combined using methods 

such as Mamdani or Takagi-Sugeno-Kang (TSK) inference. Mamdani inference, for example, is known for 

its intuitive and interpretable rule representation, while TSK is computationally more efficient for real-time 

applications. The selected inference method synthesizes the various rule outcomes into a composite fuzzy 

output representing the overall control action [23]. 

d) Defuzzification 

The final stage in the fuzzy control loop is defuzzification, which converts the aggregated fuzzy 

output back into a crisp control signal that can be implemented by the DC-DC converter. Among various 

defuzzification methods, the center of gravity (COG) and center of area (COA) are most commonly used due 

to their balanced representation of fuzzy sets. In this study, the output (∆D(k) is computed using the weighted 

average of the membership values, as shown in (16) and (17). 
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∆𝐷(𝑘) =
∑ 𝜇(∆𝐷𝑣(𝑘))𝑛

𝑣−1 ×∆𝐷𝑣(𝑘)

∑ 𝜇(∆𝐷𝑣(𝑘))𝑛
𝑣−1

 (16) 

 

∆𝐷(𝑘) = 𝐷(𝑘 − 1) + ∆𝐷(𝑘) (17) 

 

The resulting duty ratio (D(k)) then determines the converter's switching behavior, effectively 

adjusting the operating point of the PV system to track the MPP. To evaluate the controller's performance, a 

MATLAB/Simulink model was developed, depicted in Figure 9, incorporating dynamic changes in solar 

irradiation from 200 W/m² to 1000 W/m². The results demonstrate that the FLC-based MPPT exhibits strong 

adaptability and consistent performance across varying conditions. Unlike conventional MPPT algorithms, 

which may falter under transient conditions or require intricate tuning, the FLC adapts quickly and reliably 

without the need for a precise mathematical model of the PV system. The FLC-based MPPT algorithm stands 

out for its flexibility, simplicity, and real-world applicability. It bridges the gap between model-based and 

heuristic control by embedding intuitive knowledge into a formal decision-making framework. This makes it 

an attractive solution for grid-tied PV systems operating under diverse and unpredictable environmental 

conditions. 

 

 

 
 

Figure 9. FLC-based MPPT Simulink model 

 

 

4. RESULTS AND DISCUSSION 

To evaluate the performance of different MPPT algorithms, simulations were conducted under 

varying irradiance and temperature conditions. The algorithms assessed include perturb and observe (P&O), 

incremental conductance (InC), artificial neural network (ANN)-based MPPT, and fuzzy logic controller 

(FLC)-based MPPT. The primary metrics for comparison were tracking efficiency, response time, and stability 

under dynamic environmental conditions. Figure 10 presents the comparative power outputs of the four MPPT 

algorithms under simulated dynamic irradiance conditions. The P&O algorithm, shown in red, exhibited the 

lowest steady-state power output due to its inherent oscillations around the maximum power point. The InC 

method, represented in orange, showed improved performance with relatively smoother tracking and better 

average power output compared to P&O. The FLC, in yellow, demonstrated the highest and most stable power 

output throughout the simulation, with an output of 1.019×106 W. The FLC's power indicates an effective and 

accurate MPPT tracking. The artificial neural network (ANN)-based MPPT, represented in purple, closely 

followed the FLC in terms of output power but showed slight oscillatory behavior, especially in the early 

stages of convergence. These results highlight the superior performance of intelligent control techniques, 

particularly FLC and ANN, over conventional methods. The FLC-based MPPT consistently maintained peak 

power, underscoring its adaptability and precision in handling non-linear PV characteristics. 

Figure 10 illustrates the dynamic performance comparison of four MPPT algorithms, P&O, InC, 

ANN, and FLC under simulated irradiance conditions. Notably, both the ANN and FLC algorithms 

demonstrate superior power output characteristics, each reaching a peak magnitude of approximately 

1.098×10⁶ W. At around 0.01 seconds, all algorithms exhibit a sharp power rise, converging toward their 

respective maximum points. However, both ANN and FLC respond more rapidly and effectively, attaining 

the maximum perturbation point at 0.034 seconds, where their power values temporarily align with those of 

the conventional P&O and InC methods. Beyond this point, a divergence in performance becomes evident. 

The FLC-based MPPT outperforms all others by maintaining a consistently higher output—approximately 

1.019×10⁶ W with minimal oscillation, stabilizing much earlier at around 0.16 seconds. In contrast, while the 

ANN-based MPPT tracks closely behind, it exhibits slightly higher perturbation and oscillation before 

stabilizing, indicating a marginally slower convergence to steady-state compared to FLC. 
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Figure 10. MPPT power settling comparison 
 

 

On the other hand, the traditional P&O and InC methods yield noticeably lower power levels 

throughout the simulation, stabilizing at about 1.098×10⁴ W after 0.16 seconds. These methods show slower 

response times and larger steady-state errors, highlighting their limitations in rapidly changing irradiance 

conditions. The simulation results reinforce the effectiveness of intelligent MPPT algorithms, particularly 

FLC, which offers the best combination of accuracy, speed, and stability in MPP tracking. The ANN 

algorithm also demonstrates high potential, albeit with a slightly delayed settling time, while P&O and InC 

are more susceptible to performance degradation under dynamic operating conditions. 

Figure 11 presents a comparative analysis of the simulated voltage responses for the four MPPT 

algorithms. Initially, all algorithms exhibit a rapid voltage rise, with the first notable perturbation occurring 

around 0.01 seconds, marking the onset of the Maximum Power Point Tracking (MPPT) process. During this 

early transient phase, the P&O, InC, and ANN algorithms momentarily surpass the FLC in reaching their 

peak voltage values, indicating faster initial response in terms of voltage rise. However, as the simulation 

progresses, a shift in performance emerges. By approximately 0.0346 seconds, the FLC-based algorithm 

overtakes the others and begins to exhibit superior voltage regulation. It not only reaches a higher steady-

state voltage compared to its counterparts but also demonstrates enhanced damping characteristics, as 

evidenced by the reduced amplitude of voltage oscillations and quicker settling time. This highlights the FLC 

algorithm's robustness in handling dynamic changes while maintaining voltage stability. 
 

 

 
 

Figure 11. Plot of different algorithms’ voltages under constant states 
 
 

The P&O and InC algorithms converge to similar steady-state voltages but at a lower magnitude 

than FLC, and they also display persistent oscillations, which reflect their slower adaptation and sensitivity to 

perturbations in environmental conditions. The ANN algorithm, although initially faster, lags behind in 

stabilizing compared to FLC and shows a slightly lower final voltage level with minor fluctuations, which 

may be attributed to the complexity of training convergence and dependency on data quality. While 

conventional algorithms like P&O and InC perform adequately, their steady-state performance is outpaced by 

intelligent controllers. The FLC demonstrates the best voltage stability and regulation, followed by ANN, 

affirming the value of advanced control logic in PV system MPPT strategies. These results are particularly 

important for grid-tied PV systems, where voltage consistency is essential for safe and efficient operation. 

The performance analysis of the MPPT algorithms under a solar irradiance of 600 W/m² and 

constant temperature, as presented in Figures 12 and 13, reveals significant insights into the dynamic and 

steady-state behavior of each algorithm within a grid-tied photovoltaic (PV) system. Figure 12, which 

illustrates the comparison of simulated power outputs, highlights key transition points where the behaviors of 

the FLC, ANN, P&O, and InC algorithms intersect or converge. At 0.14 seconds, the power output of the 

FLC algorithm experiences a noticeable decline, settling at 7.44×10⁵ W. This drop results in the FLC power 

output equating to the nearly constant power levels maintained by both the P&O and InC algorithms. The 

point of convergence suggests that the previously dynamic response of the FLC method temporarily aligns 

with the more stable performance of the conventional algorithms. Shortly after, at 0.15 seconds, the ANN 
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algorithm, undergoing a gradual decline in its power output, also matches the power level of P&O and InC at 

7.44×10⁵ W.  

This again demonstrates a transient convergence point, signifying that ANN, despite its adaptive 

capabilities, can briefly synchronize with conventional algorithms during certain system transitions. Finally, 

at 0.185 seconds, the power outputs of all four algorithms converge at 4.045×10⁵ W, a steady-state value that 

likely reflects the system’s stabilization under the constant irradiance condition. This convergence suggests 

that, regardless of the differences in algorithmic complexity and adaptability, the system eventually reaches a 

uniform operating point. 

 

 

 
 

Figure 12. Plot of different algorithms’ powers at 600 W/m2 with constant temperature 

 

 

In Figure 13, which displays the comparison of simulated voltage responses of the same algorithms, 

a similarly insightful trend is observed. At 0.0346 seconds, the FLC algorithm exhibits a higher voltage 

output than its counterparts, with P&O, InC, and ANN all outputting 1.474×10⁴ V. This early superiority in 

voltage response indicates the FLC’s quick adaptability and rapid tracking behavior, which is a direct result 

of its rule-based decision-making logic that enables it to respond efficiently to input changes. As time 

progresses, at 0.145 seconds, the voltage output of FLC, during its downward trend, matches the voltage 

values of the other algorithms, P&O, InC, and ANN each around 10,000 V.  

This moment of equality illustrates another transient phase where both adaptive and heuristic 

algorithms reach similar performance levels before diverging again. At 0.18 seconds, P&O and InC show 

greater voltage stability by maintaining a constant output of 9700 V, while ANN continues its downward 

slope and records a slightly lower voltage of 9500 V.  

The observed behavior suggests that traditional algorithms like P&O and InC offer steadier voltage 

regulation than ANN, which may require additional tuning to maintain performance under stable environmental 

conditions. Interestingly, by 0.19 seconds, P&O, InC, and ANN all align with a voltage value of 9500 V, while 

the FLC algorithm displays a slightly improved output of 9700 V. This demonstrates the FLC’s capacity to 

recover and maintain higher voltage output compared to the others, even after a decline phase. 

 

 

 
 

Figure 13. Plot of different algorithms’ voltages at 600 W/m2 with constant temperature 

 

 

The comparative analysis underlines the strengths and limitations of each algorithm. The FLC 

method is shown to be highly responsive and adaptive during transients, although it may experience 

temporary instability. ANN also exhibits adaptive learning capabilities but tends to require more time to 

converge towards stability, especially in constant conditions. On the other hand, P&O and InC prove to be 

more consistent and stable in both power and voltage outputs, making them reliable choices for scenarios 

where simplicity and steady operation are preferred. Nevertheless, the brief points of convergence and 
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divergence among all the algorithms indicate that no single method is universally optimal across all operating 

conditions. Therefore, combining the fast-tracking abilities of FLC, the intelligent adaptation of ANN, and 

the stability of conventional techniques like P&O and InC may offer a more robust and efficient MPPT 

control strategy for grid-connected PV systems. 

The results illustrated in Figures 14 and 15 highlight the performance of the four MPPT algorithms 

under a steady irradiance condition and an increased ambient temperature of 30°C. These figures demonstrate 

that, despite the temperature rise, both power and voltage outputs across all algorithms remain largely stable 

throughout the simulation. However, a closer inspection reveals that the FLC algorithm consistently 

outperforms the others in both power and voltage regulation. 

In Figure 14, the power outputs of all algorithms initially exhibit transient oscillations as they converge 

toward their respective steady-state operating points. After approximately 0.1 seconds, the outputs stabilize. 

While the P&O and InC algorithms show moderate power output and relatively slower settling behavior, the 

ANN and FLC algorithms demonstrate faster convergence and smoother profiles. Among them, the FLC 

algorithm achieves the highest and most stable power output, indicating superior tracking efficiency and a 

quicker ability to lock onto the maximum power point under the given conditions. This advantage becomes 

particularly important in real-world applications where rapid adaptation and minimal power loss are crucial. 

 

 

 
 

Figure 14. Plot of different algorithms’ power at 30 °C with constant irradiance 

 

 

 
 

Figure 15. Plot of different algorithms’ voltage at 30 °C with constant irradiance 

 

 

Figure 15 further reinforces the dominance of the FLC approach. The voltage outputs of all 

algorithms again show brief fluctuations early on, followed by stabilization. The FLC algorithm not only 

reaches its steady-state voltage faster than the others but also maintains the highest voltage level throughout 

the simulation period. This is a clear indication of its robustness and effectiveness in extracting the maximum 

energy from the PV system under elevated temperature conditions. While the ANN also performs well and 

shows a relatively high and stable voltage output, it still falls slightly behind the FLC. In contrast, the P&O 

and InC methods maintain lower, though stable, voltage outputs, reflecting their simpler logic and less 

adaptive nature. The findings from Figures 14 and 15 confirm that the FLC algorithm exhibits superior 

performance in both dynamic response and steady-state behavior, making it the most effective among the 

four algorithms evaluated. It not only responds quickly to environmental conditions but also sustains higher 

power and voltage outputs consistently. The ANN algorithm shows promise with its learning-based 

adaptability, but remains slightly behind the FLC in steady-state values. Conventional algorithms like P&O 

and InC offer reliable performance but are clearly outperformed in both responsiveness and output efficiency. 

These results emphasize the potential of FLC-based MPPT for optimized operation in grid-tied photovoltaic 

systems, particularly under fluctuating environmental conditions such as temperature variations. 
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The performance of the four MPPT algorithms was evaluated under both standard test conditions 

(STC) and dynamic scenarios involving irradiance fluctuations, as illustrated in Figures 10 and 11 and 

summarized in Tables 3 and 4. Under STC (1000 W/m², 25 °C), Table 3 shows that both P&O and InC 

techniques converged to the same operating point at time t = 0.16 s, with identical input voltages of 3711 V 

and output voltages of 1.088×104 V, achieving an output power of 8.032×10⁵ W. These results highlight the 

similarity in behavior of these conventional algorithms under steady-state conditions. On the other hand, the 

ANN-based MPPT showed better performance with an increased input voltage of 6283 V and a 

corresponding output voltage of 1.200×10⁴ V, achieving a higher power output of 9.650×10⁵ W. The FLC 

algorithm delivered the best results under these conditions, reaching an output voltage of 1.422×10⁴ V and 

power of 1.019×10⁶ W, confirming its superior tracking ability and quick convergence to the MPP. 

This performance trend is further supported by Figure 10, where the FLC and ANN curves rise 

sharply and stabilize earlier compared to P&O and InC. The power generated by FLC and ANN exceeds that 

of the conventional algorithms throughout the simulation, with the FLC output peaking at 1.098 × 10⁶ W and 

stabilizing faster around t = 0.16 s. Figure 11 shows similar behavior in terms of voltage tracking, where FLC 

again leads with the highest and most stable voltage curve, while P&O and InC exhibit persistent ripples and 

slower settling. 

Under variable irradiance and constant temperature, the simulation mimicked real-world operating 

conditions where solar irradiance changes due to partial shading or cloud coverage. As shown in Table 4, 

P&O and InC still mirrored each other, with a drop in input voltage to 3566 V, and output power decreasing 

to 7.443×10⁵ W at an irradiance level of 600 W/m². Their output voltages fell slightly to 1.058×10⁴ V, 

indicating a proportional decline in performance due to reduced solar input. The ANN algorithm, however, 

maintained a relatively high input voltage of 6283 V and an output voltage of 1.174×10⁴ V, yielding a robust 

power output of 8.930×10⁵ W, demonstrating its adaptability to environmental changes. The FLC showed a 

more significant drop in output power to 4.040×10⁵ W, possibly due to the fuzzy rules being less tuned for 

abrupt irradiance transitions, although it still outperformed conventional methods in terms of voltage stability 

with 4320 V input and 9048 V output. 

The FLC-based MPPT algorithm, therefore, proves highly effective in both stable and variable 

irradiance conditions, showing resilience and precision in maintaining high power output and system voltage. 

FLC excels under constant conditions, while conventional algorithms like P&O and InC, though simpler, lag 

in both responsiveness and efficiency. These findings support the integration of intelligent control techniques 

for modern grid-tied PV systems where dynamic adaptation and maximum energy extraction are critical. 

 

 

Table 3. Results under STC 
Algorithm Time (s) Input voltage (V) Output power (W) Output voltage (V) 

P&O 0.16 3711 8.032×105 1.088×104 

InC 0.16 3711 8.032×105 1.088×104 

ANN 0.16 6283 9.650×105 1.200×104 

FLC 0.16 7084 1.019×106 1.422×104 

 

 

Table 4. Different results under partial shading conditions, constant temperature, and variable irradiance 
Algorithm Time (s) Input voltage (V) Output power (W) Output voltage (V) 

P&O 0.16 3566 7.443×105 1.058×104 

InC 0.16 3566 7.443×105 1.058×104 

ANN 0.16 6283 8.930×105 1.174×104 

FLC 0.16 4320 4.040×105 9048 

 

 

5. CONCLUSION 

This study presented a comprehensive comparative assessment of four Maximum Power Point 

Tracking (MPPT) algorithms, perturb and observe (P&O), incremental conductance (InC), fuzzy logic 

controller (FLC), and artificial neural network (ANN), for a grid-tied photovoltaic (PV) system under both 

standard test conditions (STC) and dynamically varying irradiance scenarios. Simulations were carried out 

using MATLAB/Simulink, with a boost converter integrated to emulate realistic power conversion behavior. 

Under STC, both P&O and InC achieved equivalent performance, with a peak output power of 8.032×10⁵ W 

and an output voltage of 1.088×10⁴ V, confirming their adequacy under stable environmental conditions. 

However, intelligent controllers demonstrated superior performance: FLC achieved the highest power output 

of 1.019×10⁶ W with a corresponding voltage of 1.422×10⁴ V, while the ANN algorithm followed closely 

with 9.650×10⁵ W and 1.200×10⁴ V, respectively. 
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When subjected to partial shading and variable irradiance, performance deviations became more 

pronounced. The ANN-based approach showed excellent adaptability to environmental fluctuations, 

maintaining a high and stable output of 8.930×10⁵ W at 1.174×10⁴ V, illustrating strong robustness and rapid 

dynamic response. By contrast, P&O and InC saw a significant reduction in performance, with outputs 

dropping to 7.443×10⁵ W, emphasizing their sensitivity to non-uniform conditions. FLC, while 

outperforming conventional methods under uniform conditions, showed limited adaptability under dynamic 

conditions, with output power declining to 4.040×10⁵ W. These results reinforce the potential of intelligent 

MPPT strategies in modern PV systems. Among the tested algorithms, ANN consistently exhibited the best 

balance of tracking speed, voltage stability, and robustness to varying irradiance levels. FLC also 

demonstrated competitive advantages, particularly in scenarios with imprecise or nonlinear system 

characteristics due to its model-free nature and inherent fault tolerance. Beyond algorithmic performance, 

this work aligns with the global shift toward cleaner energy alternatives, driven by environmental and 

economic imperatives. By demonstrating how advanced MPPT techniques can efficiently extract up to  

775 kW of solar power, this research underscores the importance of adaptive and intelligent controllers in 

improving the reliability and performance of grid-tied PV systems. 

Future research would prioritize the experimental validation of ANN and FLC algorithms in real-

time hardware platforms, along with the development of hybrid MPPT techniques that fuse the 

complementary strengths of AI-based models and rule-based systems. Also, the integration of modern 

optimization and deep learning approaches could further enhance MPPT precision and dynamic 

responsiveness, particularly under complex and rapidly changing operating environments. 
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