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ABSTRACT

Photovoltaic (PV) energy is among the renewable and clean energies
which are been widely used in recent years worldwide. To ensure optimal
energy extraction under dynamic irradiance and temperature conditions,
improving the efficiency of PV systems requires advanced Maximum
Power Point Tracking (MPPT) techniques. To identify the most suitable
technique that can be implemented practically, we conduct a compara-
tive study in this paper between MPPT algorithms, namely Incremental
Conductance (INC), Perturb and Observe (P&O), Fuzzy Logic (FL), and
Artificial Neural Network (ANN). Using MATLAB/Simulink, our study
was conducted under the same operating conditions, with a focus on
efficiency, statistical analysis of robustness, and computational complexity.
Our results show that the FL controller delivered the best overall perfor-
mance, whose effectiveness depends on the accuracy of the rule base and
scaling factors. It is characterized by a mean efficiency of 97.17%, a rapid
response of 0.0585 s, minimal steady-state oscillations, and strong adapt-
ability to environmental variations. The ANN-based approach achieves
a mean efficiency of 94.91% and exhibits high performance at medium
to high irradiance levels. However, its efficiency decreases significantly at
low irradiance, resulting in reduced stability and increased deviation. INC
and P&O achieve mean efficiencies of 95.20% and 95.15%, respectively.
Moreover, due to their low computational cost, both techniques can be
easily implemented. However, under rapidly changing conditions, they
exhibit slower dynamics and more pronounced oscillations around the
maximum power point, resulting in less stability.
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1 Introduction

PV systems are among the most attractive and reliable renewable energy sources, due to their
economical and environmental advantages [1]. These systems convert solar energy directly into
electrical energy without the need for moving parts. Although PV systems are generally less efficient
than some other renewable energy technologies, their performance can be significantly improved by
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implementing MPPT techniques [2] to optimize energy extraction and maximize efficiency under
varying temperature and solar irradiance conditions. The MPPT techniques of PV systems are
practically realized by integrating a DC–DC boost converter [3]. The Maximum Power Point (MPP)
can be determined graphically from the P-V curve of the system. According to the literature, numerous
MPPT algorithms have been developed, mainly Fuzzy Logic (FL) [4,5], ANN MPPT [6], fractional
open-circuit voltage (FOC) method [7], INC method [8], P&O and hill climbing method [9], and others
[10,11].

Historically, FOC and hill climbing are simple methods, as they can be easily implemented in
practice. Although they have wide recognition, these methods have some drawbacks, such as their
limited tracking accuracy, sensitivity to rapid irradiance fluctuations, and persistent oscillations
around the MPP. These disadvantages make these methods more sustainable at dynamic and real-time
PV levels. On the contrary, the INC and P&O methods are relatively simple, yet they are widely used in
the literature to perform standard benchmarks in MPPT research. For these reasons, we include them
in our study as a consistent standard for comparison with other methods. In addition to these classical
approaches, we evaluate ANN and FL controllers. Despite their greater computational complexity,
they offer enhanced adaptability, stability, and efficiency even under fluctuating environmental
conditions such as partial shading [12]. In such a situation, the P–V curve of the PV system exhibits
multiple local maxima. Therefore, conventional techniques, rather than converging to the global MPP
[13], converge to a local point. To overcome this limitation and ensure more accurate and stable
tracking, we employ intelligent methods such as ANN and FL due to their ability to learn and adapt
to adverse environmental conditions caused by obstacles, cloud movement, or structural shading.

Numerous MPPT algorithms have been investigated under static or overly simplified conditions
in the literature, where most studies restrict their focus to either conventional techniques or intelligent
approaches, such as ANN and FL. Consequently, there is a notable lack of comprehensive research
on identical, highly dynamic irradiance and temperature variations that closely simulate and evaluate
PV operation under real conditions for both categories of algorithms. Regarding their respective
strengths and weaknesses, it is impossible to draw robust, evidence-based conclusions. To overcome
this limitation, we conduct a comparative study in our paper between four MPPT algorithms, namely
INC, P&O, ANN, and FL. Our study offers in-depth insights into their relative performance, including
efficiency and statistical analysis of their robustness and computational complexity, for real-time PV
applications.

To complete our study, which initially focused on a comparative analysis of four MPPT strategies,
it is necessary to investigate their robustness under noisy measurements and varying system dynamics,
as these factors can impact their effectiveness. In this regard, several studies have addressed noise
resilience through denoising and intelligent protection mechanisms in relation to power electronic and
grid applications. Among these studies, intelligent network–based schemes [14] and deep learning–
based fault protection for meshed HVDC grids [15] have demonstrated their effectiveness in advanced
denoising and improving robustness against disturbances. Although these methods are beyond the
scope of this study, they highlight complementary approaches that could be integrated with MPPT
controllers in future works to improve tracking reliability in noisy or highly dynamic environments.

Our paper is organized as follows: Section 2 introduces the PV module model adopted. Then,
we describe in Section 3 the boost converter that interfaces the PV module with the load. Section 4
presents the four MPPT techniques, namely Artificial Neural Networks, Incremental Conductance,
Fuzzy Logic, and Perturb and Observe, implemented for comparison. In Section 5, we exhibit the
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simulation results obtained under dynamic irradiance profiles. Finally, in Section 6, we present the
main results of our work and outline our future studies.

2 Photovoltaic Module Modeling

Among the various modeling approaches proposed in the literature, the single-diode [16] configu-
ration has gained wide adoption because it strikes an effective balance between accuracy and simplicity.
Unlike the double-diode model, which provides a more detailed representation of recombination
losses but requires additional parameters and higher computational effort, the single-diode approach
captures the essential nonlinear behavior of the PV cell while remaining computationally efficient
and easier to implement, especially in MPPT studies. As illustrated in Fig. 1, the model consists
of a photocurrent source (Iph) in parallel with a nonlinear diode and a shunt resistance (Rp), all of
which are connected in series with a resistance (Rs). The photocurrent source is primarily influenced
by two external factors: solar irradiance and the cell’s operating temperature. The main electrical
characteristics of the PV panel used in this work are summarized in Table 1, which provides the
parameters of the KC200GT module under standard test conditions (STC). The following equations
mathematically depict the PV cell’s behavior:

Iph = (Isc + a · (T − Tn))
G
Gn

(1)

I0 = I0,n

(
T
Tn

)3

exp
[

q × Eg

n × K

(
1
Tn

− 1
T

)]
(2)

I0,n = Isc

exp
(

Voc

nVth

)
− 1

(3)

I = Iph − I0

[
exp

(
(V + Rs · I)

n × Vth

)
− 1

]
− V + Rs · I

Rp

(4)

Iph: generated current of solar cells.

I0,n: Nominal saturation current.

I : output current of the module PV.

Rs: solar cell’s series resistance (�).

V : Solar module voltage (V).

G: Irradiation at STC conditions.

Vth: the thermal voltage Vth = NsKT
q

.

Rp : solar cell’s parallel resistance (�).

T : Temperature of the p-n junction (in Kelvin).

I0: saturation current of the diode.

q : Electron charge.

n : Diode identity factor (n = 1.3).

Ns: Total number of photovoltaic cells connected in series.
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Tn: Temperature at reference condition.

Eg: Energy band gap of the semiconductor material, approximately (≈1.1 eV).

-

+

Figure 1: PV cell modeling using an equivalent circuit

Table 1: Specifications of the PV panel KC200GT in STC conditions

Power at
MPP (W)

Current at
MPP (A)

Voltage at
MPP (V)

Short circuit
current (A)

Open circuit
voltage (V)

Number
of cells in
series

Number
of cells in
parallel

200 7.61 26.3 8.21 32.9 54 1

3 Modeling of Boost Converter

In photovoltaic application systems, the boost converter is widely used, particularly in MPPT
controllers [17], as illustrated in Fig. 2. Assuming an ideal converter, the output voltage (V 0) is
determined for a load resistance (R) of 36.12 Ω. As a result, both V 0 and the duty ratio (D) are
calculated as follows:

V0 = √
P0 × R = 85V (5)

D = 1 − Vpv

V0

= 0.69 (6)

The inductor value is designed to achieve a 30% input current ripple (�Ipv) at a switching frequency
of fs = 20 kHz, while the output capacitor is sized to limit the output voltage ripple (�V 0) to 0.2%, as
described in references [18,19], in order to minimize oscillations at MPP.

L = Vpv × D
2ΔIpv × fs

= 0.2 mH (7)

C = V0 × D
2�V0 × R × fs

= 240 μF (8)

At 132 V, a practical capacitance of 300 μF is capable of supporting the output voltage of 85 V. To
reduce the impact of equivalent series resistance, two capacitors are connected in parallel, resulting in
an effective capacitance of C = 600 μF at 132 V.
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Figure 2: Boost converter with MPPT controller

4 MPPT Techniques
4.1 MPPT by Using Perturb and Observe

The P&O algorithm [20] determines the MPP by periodically adjusting the operating voltage of the
PV generator and monitoring the corresponding change in output power. If an adjustment leads to an
increase in power, the next step continues in the same direction. In contrast, a decrease in power causes
the algorithm to reverse the direction of adjustment. Through this iterative process, the operating point
gradually converges toward the MPP. The overall decision of our controller is shown in Fig. 3.

Figure 3: P&O flow chart

4.2 MPPT by Using Artificial Neural Networks
Artificial Neural Networks are a widely used artificial intelligence technique [21,22] with various

applications, including PV energy conversion. For MPPT implementation, the ANN model shown
in Fig. 4 establishes a nonlinear mapping between the input variables—solar irradiance and temper-
ature—and the output signal that controls the DC/DC converter. For each change in irradiance or
temperature, the ANN predicts the appropriate control action to maintain operation at the MPP.
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Figure 4: Architecture of the ANN based-MPPT controller

The model structure consists of a feedforward network with one hidden layer containing 10
neurons and an output layer with a single neuron, as illustrated in Fig. 5. The hidden layer employs a
nonlinear activation function, while the output layer uses a linear function to provide the duty ratio.
The network was trained using the Levenberg-Marquardt algorithm, which is well-suited for function
approximation problems due to its fast convergence properties. The training dataset was constructed
from combinations of irradiance and temperature values, covering a wide operating range to ensure
robustness under varying environmental conditions.

Figure 5: Structure of the ANN model for PV MPPT prediction

The performance of our ANN was evaluated using a dataset divided into training, validation,
and testing subsets. Therefore, the mean squared error (MSE) decreased steadily over the training
epochs, reaching its best validation performance of 3.8835 × 10−10 at epoch 1000, as shown in Fig. 6.
The close overlap of the training, validation, and testing curves confirms that the model generalizes
well without overfitting. This configuration ensures accurate and reliable prediction of the duty ratio,
enabling efficient and stable MPPT operation.

4.3 MPPT by Using Incremental Conductance
Using the incremental conductance method [23,24], the PV generator’s terminal voltage is deter-

mined by comparing and analyzing its incremental and instantaneous conductance. The discovery
of the MPPT is indicated when the incremental conductance equals the instantaneous conductance.
Fig. 7 illustrates the flow architecture of the INC controller.
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Figure 6: ANN performance evaluation in terms of MSE

Figure 7: INC flow chart
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4.4 MPPT by Using Fuzzy Logic
Fuzzy logic control is a method that enables the use of heuristic information obtained from expert

knowledge to create nonlinear controllers [25]. A FL controller consists of several key components,
as illustrated in Fig. 8. The input signals are first processed and converted into fuzzy values by the
fuzzification block [26]. The rule base provides a linguistic representation of the variables to be
controlled, based on a thorough understanding of the system. Using these rules and the corresponding
membership functions, the inference engine interprets the data. The defuzzification block then converts
the fuzzy outputs from the inference engine into crisp values, ensuring accurate process control. The
rule-based structure of the fuzzy algorithm makes it easy to implement and independent of solar
characteristics.

Fu
zz

ifi
ca

tio
n

Error

Input
Inference

Rules

D
ef

uz
zi

fic
at

io
n

Process
Output

Figure 8: The key components of FL system

In our study, the formulation of the rule base was driven by the physical behavior of the
photovoltaic system rather than by arbitrary choices. The controller uses two inputs: the error (E),
which measures the distance from the MPP, and the change of error (�E), which reflects its temporal
evolution. Both inputs were divided into seven linguistic levels, and the duty cycle adjustment was
considered as the output, which was defined through these levels. This control operates as follows:
when the error is largely positive, the duty cycle is sharply decreased. On the contrary, when the
error is largely negative, it is increased. For small deviations, moderate adjustments are applied.
Values close to zero result in minimal action to reduce oscillations. This systematic mapping ensures
smooth transitions, robustness under rapid environmental fluctuations, and complete coverage of the
operating domain. Table 2 summarizes the operational logic of the controller, which is based on 49
fuzzy control rules, and the linguistic variables are defined as follows: NS (Negative Small), NM
(Negative Medium), NB (Negative Big), PS (Positive Small), PM (Positive Medium), PB (Positive
Big), and Z (approximately zero).

The error (E) and the change in error (�E) are the two control variables used to determine which
controls are chosen based on how well they are satisfied in the suggested input. We present the E and
ΔE as follows:

E = Pn − Pn−1

Vn − Vn−1

= �P
�V

(9)

�E = En − En−1 (10)

The actual duty cycle ratio D is determined using the following formula:

D(j) = D(j − 1) + SΔDΔD(j) (11)
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Table 2: The rules implemented in the FLC

�E NB NM NS Z PS PM PB

NB NB NB NB NM NS NS Z
NM NB NB NM NM NS Z PS
NS NB NM NS NS Z PS PM
Z NB NM NS Z PS PM PB
PS NM NS Z PS PS PM PB
PM NS Z PS PM PM PB PB
PB Z PS PM PB PB PB PB

5 Results and Discussion

In our study, the proposed PV system was modeled and tested in MATLAB/Simulink using
different MPPT techniques, as illustrated in Fig. 9. The PV system block represents the KC200GT
PV module. The boost converter block is used to adapt the PV output voltage and ensure impedance
matching with the load, thereby allowing optimal power transfer. The MPPT controller dynamically
adjusts the duty cycle of the boost converter based on the measured PV voltage and current, ensuring
maximal operating conditions. The load block models the electrical demand connected to the system,
while the measurement and monitoring blocks provide signals such as power, current, and voltage
for performance evaluation. To ensure the accuracy of the single diode representation of the panel,
the simulated model was compared against the manufacturer’s datasheet values under STC. Fig. 10
presents the P–V characteristics of the simulated KC200GT module in comparison with the datasheet
reference, while Fig. 11 shows the corresponding I–V characteristics. The close agreement between
the simulated and datasheet curves confirms the reliability of the adopted model, thereby providing
a robust foundation for subsequent MPPT performance evaluation under varying irradiance and
temperature conditions, and ensuring that the obtained results are both representative and meaningful
for practical PV system behavior.

Figure 9: Proposed PV system with MPPT techniques
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Figure 10: P–V characteristics of the simulated KC200GT module vs. datasheet values
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Figure 11: I–V characteristics of the simulated KC200GT module vs. datasheet values

Given that the performance of MPPT highly depends on both transient response and steady-state
oscillations, a comparative analysis of the P&O, INC, FL, and ANN techniques was conducted under
both constant and varying irradiance conditions. The detailed results, presented in Figs. 12–17, allow
for a clear comparison in terms of tracking time, accuracy, and stability. Under STC, the Incremental
Conductance method shows the slowest response, taking approximately 0.118 s to reach the MPP,
with power oscillations in the range of 182.53 to 191.09 W. The Perturb and Observe method exhibits
a very similar response time of 0.116 s with a fluctuation of 182.45 to 191.206 W. Considering that
in both algorithms, the step size corresponds to the change of the converter duty cycle �D was set to
1 × 10−5 after a tuning process to achieve a compromise between convergence speed and steady state
oscillations and it should be noted that the larger values of �D accelerate the tracking process but
increase oscillations around the MPP, while smaller values reduce oscillations but make the response
slower. Therefore, this choice ensures stable tracking with acceptable response time and efficiency,
indicating nearly identical behavior in both dynamics and stability. The FL controller demonstrates
the best performance, reaching the MPP in approximately 0.0585 s with a very narrow oscillation
band (193.95–196.13 W), followed closely by the Artificial Neural Network, which reaches the MPP
in 0.0587 s with limited fluctuations (192.56–194.32 W). However, although the ANN exhibits good
speed and consistent stability, its efficiency decreases under low irradiance conditions, resulting in
less accurate MPP tracking. The dynamic responses of all techniques are shown in Fig. 16, correlated
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with the irradiance variations defined in Fig. 15, which confirms the superiority of the FL method,
ensuring a fast transient response and remarkable stability in the face of sudden irradiance changes.
The ANN maintains good consistency but shows reduced performance under low irradiance, while
P&O and INC exhibit significant delays and pronounced oscillations during transitions. Therefore,
the FL controller stands out as the most effective in terms of speed, accuracy, and overall stability,
followed by the ANN, which remains competitive under high irradiance. In contrast, INC and P&O
are less efficient, particularly in dynamic environmental conditions.
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Figure 12: Output power of FL, INC and ANN controller
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Figure 13: Output current of FL, INC, P&O and ANN technique
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Figure 14: Output voltage of all the controlled methods
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Figure 15: Variable Input irradiances of the PV system

Based on the performance results summarized in Table 3 below, which presents a statistical
analysis of the four MPPT techniques under different irradiance levels, we aim to better evaluate
the overall effectiveness and robustness of each method. The tracking efficiency at each irradiance
is defined as:

ηi = Pout,i

Pthe,i

(12)

To provide a more global assessment of the algorithms, the mean tracking efficiency and the
standard deviation were calculated as:

η = 1
N

N∑
i=1

ηi (13)

σ =
√√√√ 1

N − 1

N∑
i=1

(ηi − η)2 (14)

where N = 5 corresponds to the number of irradiance scenarios considered.
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Figure 16: Output power of the tested model
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Figure 17: Zoomed views (a–d) of the PV output power under varying irradiance for FL, ANN, INC,
and P&O MPPT techniques

The computed results are summarized in Table 4. As shown, the FL controller exhibits both
the highest average efficiency and the lowest deviation, indicating strong robustness and stability
across variations in irradiance. The ANN controller achieves a comparable mean efficiency but with a

https://www.scipedia.com/public/Boujaghama_et_al_2026 13

https://www.scipedia.com/public/Boujaghama_et_al_2026


K. Boujaghama, N. Khaldi, R. Markazi and L. Amhaimar,

Comparative study of fuzzy logic, P&O, incremental conductance, and artificial

neural network MPPT methods in fluctuating irradiance,

Rev. int. métodos numér. cálc. diseño ing. (2026). Vol.42, (1), 24

significantly higher deviation, reflecting less consistent behavior, particularly at low irradiance levels.
On the other hand, the P&O and INC methods yield similar mean efficiencies with moderate deviation,
confirming their limited effectiveness.

Table 3: Performance analysis of all MPPT techniques at varying irradiance and fixed temperature
(25°C)

Irradiance/
Temperature
(W/m2)/(°C)

Maximum
theoretical power
output Pthe,i

Average instantaneous output
power Pout,i

Power conversion efficiency ηi

FL INC ANN P&O FL INC ANN P&O

1000/25 200 195.04 186.81 193.46 186.82 97.51% 93.39% 96.72% 93.40%
800/25 159.3 155.18 149.87 153.84 149,90 97.41% 94.08% 96.57% 94.10%
600/25 118.25 115.10 114.58 113.66 114.53 97.34% 96.90% 96.12% 96,85%
400/25 77.13 74.95 74.12 73.05 74.11 97.17% 96.10% 94.71% 96,08%
200/25 36.48 35.17 34.85 32.98 34.78 96.41% 95.53% 90.41% 95.34%

Table 4: Statistical evaluation of tracking efficiency across irradiance levels

MPPT technique mean η (%) σ standard deviation (%)

FL 97.17 0.44
ANN 94.91 2.64
P&O 95.15 1.41
INC 95.20 1.44

The computational complexity of the MPPT algorithms was estimated in terms of floating-point
operations (FLOPs) by analyzing the number of basic arithmetic operations performed in the Simulink
model at each sampling step. For consistency, additions and multiplications were counted as one
FLOP, while divisions were considered more costly (≈8 FLOPs). Table 5 presents the estimated FLOP
counts for each method. The results show that P&O requires the lowest number of operations, followed
by INC, while FL incurs higher complexity due to the process of fuzzification, rule evaluation, and
defuzzification. ANN has the highest computational demand, primarily because of multiple neuron
weight multiplications and activation functions. These results indicate that advanced methods, such
as FL and ANN, demand higher computational resources, regardless of their tracking performance,
which must be taken into account for real-time implementation.

Table 5: Estimated computational complexity of MPPT algorithms in FLOPs per iteration

Technique estimated FLOPs per
iteration

Main sources of complexity

P&O ∼20 FLOPs Voltage/current measurement, �P and �V calculation, duty
cycle update

INC ∼35 FLOPs Slope calculation (dI/dV), comparison, decision logic, duty
cycle adjustment

(Continued)
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Table 5 (continued)

Technique estimated FLOPs per
iteration

Main sources of complexity

FL ∼120 FLOPs Fuzzification of 2 inputs, 49 rule evaluations, Mamdani
inference, centroid defuzzification

ANN ∼200 FLOPs Weighted sums (input × weights), bias addition, activation
functions, output computation

In addition to the performance evaluation, it is important to consider the implementation
feasibility of the investigated algorithms. The P&O and INC techniques remain attractive due to
their simplicity, low processing requirements, and ease of deployment on inexpensive microcontrollers,
even if their efficiency can fluctuate under dynamic conditions. ANN and FL controllers demand
more memory, design effort, and computational resources, which may increase their hardware cost
and complexity. However, these advanced methods can provide greater flexibility and an ability to
handle with nonlinear system behavior, provided that the ANN is trained on a sufficiently rich and
representative dataset that includes both low irradiance and dynamic scenarios, and that the FL
membership functions, scaling factors and rule base are correctly specified and validated, under these
conditions, they become suitable for integration on more powerful digital platforms. Therefore, the
choice of the MPPT algorithm should strike a balance between measured efficiency and computational
complexity, as well as implementation costs.

6 Conclusion

Overall, while the FL controller has shown superior performance and robustness in our study, it
should not be interpreted as a universally dominant solution; each algorithm exhibits specific strengths
and weaknesses that depend on the operating conditions. The ANN performs very well under high
irradiance, but its degradation at lower irradiance suggests that our future work should focus on
improving training datasets, including more diverse low-irradiance scenarios, or integrating adaptive
retraining mechanisms. Additionally, the primary limitation of the FL controller is its reliance on
expert-designed rules and membership functions, which can limit its scalability across different PV
technologies. To overcome this constraint, we can use adaptive or self-tuning fuzzy systems. On the
other hand, INC and P&O are more stable at low irradiance than ANN, but still exhibit slower
convergence and oscillations around the MPP.

Therefore, our future study should emphasize the importance of considering hybrid or adaptive
MPPT strategies that combine the robustness of FL, the learning capability of ANN, and the simplicity
of INC and P&O. Additionally, it should incorporate partial shading conditions and real-world
experimental validations to confirm the reliability of these approaches under practical deployment
scenarios.
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