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Maximizing Photovoltaic Power Output in Partial Shading Conditions for Electric Vehicle
Applications: A Comparative Study of Intelligent Control Strategies
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Abstract: The increasing demand for sustainable transportation has positioned Electric Vehicles (EVs) as a key application area for photovoltaic (PV) systems. This study
aims to enhance PV performance under Partial Shading Conditions (PSCs) by employing advanced Maximum Power Point Tracking (MPPT) algorithms. A comprehensive
simulation model featuring a boost converter and battery integration is developed to evaluate and compare three MPPT techniques: the conventional Perturb and Observe
(P&O) method, Grey Wolf Optimization (GWO), and Fuzzy Logic Control. Unlike previous studies, this work conducts a structured and comparative performance analysis
across four distinct and progressively complex shading scenarios. Performance metrics include average power output, convergence time, and steady-state oscillations.
Simulation results under shading patterns SP1 to SP4 indicate that the Fuzzy Logic approach achieves superior performance, with mean power outputs of 997.094 W (SP1)
and 410.081 W (SP4), outperforming GWO by 1.7% and 0.7%, respectively. These findings offer quantitative evidence for the effectiveness of intelligent MPPT methods in

enabling robust and efficient PV integration for EV applications.
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1 INTRODUCTION

In recent decades, the utilization of renewable energies
as an ecologically conscious substitute for fossil fuels and
nuclear energy has garnered immense appeal due to their
inexhaustible nature, minimal environmental impact, and
adaptability to decentralized power generation [1-3]. As a
result, cutting-edge technologies are actively under
development to harness the potential of these energy
sources.

Among the prevalent renewable options, solar energy
emerges as a standout choice, serving as the foundation for
photovoltaic (PV) energy generation through solar panels.
The trajectory of solar energy's growth is marked by
exponential progress. Notably, it operates on a
decentralized premise, catering effectively to the demands
of local communities and authorities, while curbing energy
losses during transmission. This decentralization spurs
increased utility and heightened efficiency. In stark
contrast to the visual and auditory disruptions caused by
wind turbines, solar energy remains silent and unobtrusive,
making it a favourite choice in residential areas. The robust
expansion of the solar energy market further underscores
its ascendancy [4]. Photovoltaic (PV) generators find
diverse applications, with isolated systems and
grid-connected systems being the primary categories. The
performance and efficiency of PV systems are significantly
influenced by factors like radiation and temperature. Low
radiation levels lead to reduced energy output, while high
temperatures cause a decrease in power generation [5].

PV arrays have become indispensable for harnessing
solar energy due to their ease of installation, low
maintenance requirements, and cost-effectiveness. Despite
the presence of electric motors powered by PV cells in the
market, their reliance on carbon brushes or DC/AC
converters affects their reliability and suitability for
specific applications.

Amid a global emphasis on sustainable technologies,
the evolution of transportation has led to the rise of electric
vehicles (EVs) and their unique subset: solar vehicles [6].
EVs, propelled by electricity rather than conventional
fuels, have transformed the automotive landscape by

offering cleaner and more energy-efficient mobility
options. However, within the realm of EVs, a fascinating
niche has emerged in the form of solar vehicles, an
innovation that integrates renewable energy directly into
the driving experience [7]. Solar vehicles are equipped
with solar panels that capture sunlight and convert it into
electric power, enabling propulsion or charging of onboard
batteries. This integration of solar technology holds the
promise of extending the range of EVs, reducing reliance
on external charging infrastructure, and enhancing the
sustainability quotient of personal transportation. This
exploration delves into the world of electric vehicles and
the innovative concept of solar vehicles, shedding light on
their mechanics, benefits, challenges, and potential
contributions to a greener and more environmentally
conscious future of transportation [8].

A
shading zone o™

Figure 1 Example shading zone/irradiation path simulation

Fig. 1 illustrates typical partial shading conditions that
solar electric vehicles (EVs) often encounter in urban
environments. Shading caused by nearby buildings, trees,
or other obstacles leads to non-uniform irradiance across
photovoltaic (PV) modules. This irregular exposure results
in complex power-voltage (P-V) characteristics with
multiple local maxima, making it difficult for conventional
MPPT algorithms to reliably track the global maximum
power point. As a result, the efficient operation of PV
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systems under such conditions becomes highly dependent
on the effectiveness of the MPPT technique used [9].

Shading introduces two major technical challenges for
PV systems [10, 11]. The first is mismatch losses, where
the current output of the entire PV array is limited by the
weakest (shaded) module. The second is the hot spot effect,
which occurs when a shaded module absorbs power instead
of producing it, potentially causing localized overheating
and long-term damage. These issues substantially degrade
system performance and pose reliability and safety risks,
especially in mobile solar-powered applications like EVs
[12, 13].

To overcome these limitations, researchers have
proposed various intelligent MPPT algorithms capable of
adapting to rapidly changing environmental conditions
[14], for instance, compared P&O, Fuzzy Logic, and
ANFIS-based controllers, demonstrating improved
tracking performance with intelligent techniques, though
steady-state dynamics were not examined. Priyadarshi et
al. [15] developed a TS-fuzzy RBF neural network that
provided better adaptability but required complex model
tuning. Mirjalili et al. [16] introduced the Grey Wolf
Optimization (GWO) algorithm, which has been applied
successfully to MPPT problems, yet its transient behavior
under diverse shading conditions remains underexplored.
More recently, Ali et al. [17] proposed an Adaptive Fuzzy
Logic Controller with grid integration, but without
evaluating its convergence behavior across multiple
shading patterns.

While these contributions are valuable, most studies
emphasize tracking accuracy in isolation and often
overlook other critical performance aspects such as
convergence time, dynamic response, and robustness under
varying PSC scenarios. In contrast, the present work offers
a comprehensive comparison of three MPPT strategies
P&0O, GWO, and Fuzzy Logic evaluated under four distinct
and progressively complex shading conditions. By jointly
analyzing mean power output, convergence speed, and
steady-state oscillations, this study aims to deliver practical
insights for designing reliable PV systems tailored for EV
integration.

To conduct this analysis, a complete simulation
framework is developed using MATLAB/Simulink. The
framework incorporates a PV array, a boost converter, and
a lithium-ion battery model. Each MPPT method is tested
under identical conditions and evaluated based on multiple
performance metrics. The results serve to highlight the
relative strengths and limitations of each technique,
particularly in challenging partial shading scenarios.

To conclude, the key original contributions of this
study are summarized as follows:

1. A structured comparative analysis of three MPPT
techniques Perturb and Observe (P&O), Grey Wolf
Optimization (GWO), and Fuzzy Logic under four distinct
partial shading scenarios designed to reflect realistic urban
environments.

2. A detailed performance evaluation that goes
beyond traditional MPP tracking accuracy by including
mean power output, convergence time, and steady-state
oscillations key parameters for practical deployment in
solar-powered EVs.

3. Identification of trade-offs between response
speed and tracking stability, offering insights into selecting

and tuning intelligent controllers based on
application-specific needs.

4. A full-system simulation in MATLAB/Simulink
that includes realistic PV, converter, and battery models,
providing a reproducible experimental platform for future
research and validation.

Following this introduction, the paper is organized as
follows: Section 2 presents the architecture of the electric
vehicle system. Section 3 describes the modeling of the PV
array, boost converter, and battery. Section 4 details the
MPPT control strategies (P&O, Fuzzy, and GWO). Section
5 discusses simulation results and comparative analysis.
Finally, Section 6 summarizes the key findings and
outlines directions for future research.

2 THE ELECTRIC VEHICLE ARCHITECTURE

Electric vehicles (EVs) encompass a range of
propulsion technologies, including Battery Electric
Vehicles (BEVs), Plug-in Hybrid Electric Vehicles
(PHEVs), and Hybrids [18, 19]. These vehicles typically
feature a central battery pack that directly powers an
electric motor driving the wheels [20]. BEVs offer
numerous advantages such as zero emissions, simplified
drive train designs, energy efficiency, and long-term cost
savings. However, challenges like limited range and
charging infrastructure persist. Ongoing advancements in
battery technology are extending BEV ranges and reducing
charging times, playing a crucial role in achieving
emission-free  transportation [21]. This progress
underscores the importance of advancing battery
technology, expanding charging infrastructure, and
addressing  sustainability ~ considerations for a
transformative shift towards sustainable mobility.

A solar-powered electric vehicle, as illustrated in the
Fig. 2, further enhances the concept of sustainable
mobility. It integrates a solar panel to harness renewable
energy, a multiport power converter to manage energy
distribution, a battery for energy storage, and an electric
motor controlled by a motor driver for propulsion. This
design not only optimizes energy efficiency but also
minimizes  reliance on  conventional  charging
infrastructure, making it a promising solution for
sustainable transportation. According to the findings
presented in [22], a study on the well-to-wheel energy
efficiency of different powertrain technologies highlights
the superior performance of electric vehicles (EVs)
compared to internal combustion engine (ICE) vehicles.
The study shows that EVs, such as the Nissan Leaf,
consume an average of 0.470 MJ/km, while ICE vehicles
consume approximately 2.456 MJ/km, underscoring the
significant energy efficiency advantage of EVs. This
well-to-wheel analysis considers the entire energy chain,
including extraction, transformation, transport, and energy
use. However, it does not factor in "gray energy", which
refers to the energy required for manufacturing and
recycling vehicle components. Due to the complexity of
battery production, EVs are likely to have higher "gray
energy" demands compared to ICE vehicles.

Battery Electric Vehicles (BEVs) offer the major
advantage of zero emissions and have significantly
improved in range and charging efficiency. Modern BEVs
now achieve ranges of 300-500 kilometers per charge,
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making them practical for long-distance travel and not just
city commutes. Fast-charging technologies further reduce
charging times, enhancing user convenience. The
integration of solar-powered systems in EVs adds to their
energy efficiency, reducing reliance on external charging
while promoting environmental sustainability. These
advancements address earlier limitations, demonstrating the
growing practicality and appeal of BEVs for a wider range
of transportation needs.
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Figure 2 Battery electric vehicle architectures

3 PV SYSTEM MODEL

This section presents the modeling of the photovoltaic
(PV) system, including its key components and operational
principles. The system consists of a PV array exposed to
varying sunlight conditions, a DC-DC boost converter for
voltage regulation [23], and Maximum Power Point
Tracking (MPPT) algorithms to optimize energy
extraction. The Fig. 3 illustrates the integration of these
components, highlighting how the MPPT controller
dynamically adjusts the converter's duty cycle to ensure the
PV array operates at its maximum power point, even under
partial shading. This model serves as the foundation for
evaluating the performance of different MPPT techniques.

IS+

MPPT
Algorithms

Figure 3 Diagram of the Photovoltaic System with MPPT Algorithm Integration
3.1 Photovoltaic Cell Model

A photovoltaic module is composed of multiple solar
cells arranged in series and parallel configurations to
produce the required voltage and current levels. Each solar
cell operates as a p-n junction semiconductor that generates
direct current when exposed to sunlight. For analysis, this
study utilizes the single-diode model illustrated in Fig. 4.
This model strikes an effective balance between simplicity
and accuracy, providing a fundamental yet precise
representation of the PV system's behavior [24].

The equivalent circuit of the generalized model
comprises a photocurrent source (I,4), a diode, a parallel
resistance (R,) representing leakage currents, and a series
resistance (KRs) accounting for the electrical losses caused
by the contact interfaces between the semiconductor
material and the metal components.
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Figure 4 Simplified equivalent circuit of solar cell

The current / can be determined by applying
Kirchhoff's law in Fig. 4:

[=1,-1p-1, (1)

L, the photo current and I, represents the current
passing through the R, can be determined as:

;o V+RgI

p
RP

(@)

Ip denotes the diode current (related to the saturation
current). This is given by the following equation [25]:

Ip = Isd (exp[M]_lj 3)

n-K-T

where I;; denotes the reverse saturation current, g the
charge of electron (1.602 x 107" C), K the constant of
Boltzmann (1.38 x 10723 J/K), T the temperature of cell in
Kelvin (K) and finally n is the ideal factor.

We replace in Eq. (1):

1=1,-1, (exp(w}l]— L

n-K-T R,

A single PV cell typically generates less than 2 W of
power at approximately 0.5 V. Therefore, multiple cells
must be connected in series and parallel within a module to
achieve the required power output [26]. A photovoltaic
array consists of multiple PV modules -electrically
interconnected in series N; and parallel N, configurations
to produce the desired voltage and current levels.

The V-I relationship for a photovoltaic (PV) module is
expressed through the following characteristic equation:

vV I-Rg
ql —+
Ng N, 1

K-T-n

I:Nplph_Np'IS‘d eXp

N,V
P 1 ]-Rg
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R,

©)

The specifications of the PV module utilized in this
study are provided in Tab. 2.
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3.2 Boost Converter

DC/DC converters are crucial in power systems for
regulating and adapting voltage levels to meet specific
application requirements, ensuring efficiency and stability.
Among these, the boost converter is particularly popular in
photovoltaic (PV) systems due to its ability to step up the
low and fluctuating voltage from solar panels to the
required levels for loads or storage systems [27]. This is
essential in scenarios like partial shading or variable
sunlight. Additionally, in Maximum Power Point Tracking
(MPPT) applications, the boost converter is highly
efficient, simple to implement, and capable of operating
across a wide range of input voltages. It enables the MPPT
controller to dynamically adjust the operating point of the
PV system, ensuring maximum power extraction and
making it an ideal choice for modern solar energy
solutions. To derive the modeling equations for the Boost
Converter shown in the figure, we analyze the system for
the two states of operation: when the switch (S) is ON and
OFF.

Steady-State  Voltage Conversion Ratio: For
steady-state operation, the energy stored in L during the
ON phase equals the energy released during the OFF phase.
The output-to-input voltage ratio is:

VUU[ = _ (6)

where D is the duty cycle

State-Space Representation: Using the state variables:
x1 = ir: inductor current; x» = Ve = Vou: capacitor C,
voltage.

The state-space equations are:
e  When S is ON:

Vv,
PR ) 7)

_R'C2

e  When S is OFF:

. V=% PR

X LX) =
oL PG RG

®)

The above equations describe the dynamic behavior of
the converter. These models can be used to design
controllers, simulate transient responses, and optimize
performance under varying PV conditions.

3.3 Battery Model

Batteries play a vital role in electric vehicles (EVs),
with their performance influenced by numerous factors. To
evaluate and predict Dbattery behavior, various
mathematical models have been developed, including the
Rint model, RC model, Thevenin model, and PNGV
model, alongside electrochemical approaches such as the
Shepherd model, Unnewehr universal model, Nernst
model, and combined model. These models are extensively
utilized in EV research to study battery polarization
characteristics. Notably, the Thevenin model and advanced

alternatives like the improved NPV model have proven
particularly effective in accurately representing the
performance of lithium-ion batteries [28].

The schematic diagram of the new NPV model is
illustrated in Fig. 5. This model represents the open-circuit
voltage (V,.) as a function of the state of charge (SoC). In
this model, Ky, K; and K, are constants selected to ensure
the model accurately fits the experimental data. Ry
represents the ohmic resistance, while R, denotes the
polarization resistance. C, is the polarization capacitance,
used to characterize the transient response during the
processes of charging and discharging, with 7,
representing the voltage across C,. The electrical
characteristics of the model are represented by the
following equation:

V,=V, -V, —1,R

oc P 0
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Figure 5 Schematic diagram for the new electrochemical-polarization model

The Fig. 5 depicts an equivalent circuit model of the
battery, illustrating its internal dynamics. The open-circuit
voltage (V,.) is the primary energy source, while Ry, the
internal resistance, represents energy losses. The parallel
combination of R, and C, models the transient polarization
effects, with /; and V; indicating the load current and
terminal voltage, respectively. This model provides a
detailed representation of the battery's charging and
discharging behavior, enhancing the accuracy of
performance prediction and control in EV applications.

4 MPPT TECHNIQUES FOR PHOTOVOLTAIC SYSTEMS

Photovoltaic (PV) systems face challenges due to
variable solar irradiance, making consistent maximum
energy production difficult. To address this, Maximum
Power Point Tracking (MPPT) dynamically adjusts system
output for efficient operation under changing conditions.
MPPT operates by monitoring and adjusting the voltage
output from a boost converter to match the battery's
requirements, maximizing power transfer.

The Perturb and Observe (P&O) technique is a widely
used MPPT method due to its simplicity but struggles with
efficiency under rapidly changing conditions. Advanced
algorithms like fuzzy control and Grey Wolf Optimization
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(GWO) improve tracking accuracy and adaptability,
offering enhanced performance in dynamic environments.

4.1 Perturb and Observe

The Perturb and Observe algorithm is among the most
commonly employed methods for MPPT in photovoltaic
PV systems [29]. Its simplicity, ease of implementation,
and cost-effectiveness make it a preferred choice for
maximizing the energy harvested from solar panels. The
P&0O method operates by iteratively adjusting the
operating point of the PV system and observing the effect
on power output to identify the Maximum Power Point
(MPP).

Basic Principle:

e The P&O algorithm perturbs (changes) the voltage or
current of the PV system and observes the resulting change
in power output.

e The direction of perturbation is adjusted based on
whether the power output increases or decreases.

a) Steps of Operation:

e Increase in Power (AP > 0): If a perturbation in voltage
(AV) results in an increase in power (AP > 0), the operating
point is moving closer to the MPP. The algorithm continues
perturbing in the same direction.

e Decrease in Power (AP < 0): If a perturbation in
voltage results in a decrease in power (AP < 0), the
operating point is moving away from the MPP. The
algorithm reverses the direction of perturbation.

b) Iterative Process:

e This process repeats continuously until the operating
point converges at the MPP, where maximum power is
extracted from the PV system.

e The principles of this algorithm are illustrated through
a flowchart, as shown in Fig. 6.

Measure PV \

current and voltage

13

calculate the

equivalent power

¥
calculate
power and voltage variation
AP and AV
‘ /
s
No YE.
'/ - - “”"‘\
)
e N\ e \
' ‘ ! -

VE=VEAV  VE=VEAV V=V 44V

V*=V*4+AV

Figure 6 The flowchart of P&O algorithm

The Perturb and Observe (P&O) MPPT technique is a
robust, simple, and cost-effective method for optimizing
the power output of PV systems. While it is highly suitable
for systems operating under stable conditions, its
limitations in dynamic or shaded environments must be
considered. With proper tuning and application, P&O
remains one of the most practical solutions for MPPT in
photovoltaic systems.

4.2 The Fuzzy MPPT Controller

With the advancements in microcontrollers, fuzzy
logic control has gained popularity [30]. This technique
offers several advantages, including its ability to handle
imprecise input values and its independence from
high-precision mathematical models. Furthermore, it can
effectively deal with non-linearities. The principle of a
fuzzy command involves two input variables: the error (E)
and the rate of error change (AE), along with an output
variable Aa (change in duty cycle). The determination of
the output variable, which drives the static converter to
achieve the desired PPM (Pulse Position Modulation), is
based on a truth table and the evolution of the input
parameters.

RULES
Crisp l
Input Fuzzy Input Fuzzy Output Crisp Output
=== Fuzzifier —* - Intelligence ** - Defuzzifier ===

Figure 7 Fuzzy logic architecture

In the literature, fuzzy logic control typically involves
three steps: fuzzification, fuzzy rule algorithm, and
defuzzification, as depicted in the Fig. 7. During
fuzzification, the digital input variables are transformed
into linguistic variables, which provide a more intuitive
representation of the data for use in fuzzy logic systems.
These linguistic variables can take one of five possible
values: Negative Big (NB), Negative Small (NS), Zero
(ZE), Positive Small (PS), and Positive Big (PB). This
categorization allows the fuzzy system to interpret and
process numerical inputs in a way that mimics human
reasoning, enabling effective decision-making in complex
systems. The Fig. 8 illustrates the membership functions
corresponding to these linguistic variables, showing how
input values are mapped to their respective categories over
the range of —1 to 1, where each curve represents a specific
linguistic term.

NB NS ZE Ps PE

1.0 -0.5 0.0 0.5 1.0

Figure 8 Membership functions for error
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The input parameters £ and AE are linked to the
following equations:

P(k)-P(k-1)
O 0, 10
AE(k)=E(k)-E(k-1) (11)

According to the evolution of the input parameters and
respecting a truth Tab. 1, a value will be assigned to the
output parameter Ao.

The linguistic variable Ao is determined based on
various combinations of £ and AE. For instance, when the
input variables (E and AE) are assigned values PB and ZE,
indicating operation far from the PPM, the truth table
assigns the value PB to the output variable Aa. This implies
a strong positive variation of the duty cycle to achieve the
PPM.

Table 1 Fuzzy logic controller truth table

AEI,? NB NS ZE PS PB
NB ZE ZE NB NB NB
NS ZE ZE NS NS NS
ZE NS ZE ZE ZE PS
PS PS PS PS ZE ZE
PB PB PB PB ZE ZE

E[k]

controller

Figure 9 Takagi-Sugeno (TKS) fuzzy inference model

This Fig. 9 illustrates the fuzzy logic controller (FLC)
used for Maximum Power Point Tracking (MPPT) in
photovoltaic systems. It demonstrates how the FLC
processes the error E[k] and the change in error AETk]
derived from the power P,, and voltage V,, of the
photovoltaic panel to correct the Aa of the converter,
ensuring optimal power extraction. The constants K, K>
and K3 are the adaptive gains that require online
adjustment.

The flowchart (Fig. 10) illustrates the fuzzy
logic-based MPPT algorithm designed to optimize
photovoltaic system performance. The fuzzy inference
model employed in this system is the Takagi-Sugeno
model. During the defuzzification phase, the center of
gravity position of the resulting membership function is
calculated, and its abscissa serves as the regulator's output.
As previously described, the FLC optimizes the reference
voltage by strategically selecting the variation of the duty
ratio Aa to track the maximum power. This process
involves initializing the duty ratio (D), measuring voltage
and current values, calculating power, and determining the
error (E) and its change (AFE). The fuzzy logic controller
then processes these inputs through fuzzification,
rule-based inference, and defuzzification to adjust the duty

ratio for achieving maximum power point tracking
(MPPT).

Set initial value for
Duty ratio (D)

¢

n D=D+AD

Measure V(k), I,(k)

calculate AD

Calculate P
B, (R=L()*V;(K)

Calculate error(E)
(P (K)-P (k-1) | A
| Zin in ‘

E—-|_n  in
[V, 0=V, (k-1)) _4 Fuzzification |—| Inference Engin | | Defuzzification |-

Figure10 Fuzzy logic-based MPPT algorithm flowchart

and change in error
AE =E (k)-E(k-1)

4.3 GWO MPPT Controller

In 2014, Mirjalili, introduced the GWO method as a
novel metaheuristic optimization algorithm [16]. This
algorithm aims to find the best solution to a problem by
simulating the social hierarchy of grey wolves and
analyzing the behavior of the victim. During the hunting
operation, the GWO algorithm emulates the hierarchical
dominance observed in real grey wolf groups until their
movements converge. The hierarchical commands within
the group can be categorized into four types, as depicted in
Fig. 10. At the top level of social dominance is the alpha
(@), responsible for making decisions related to hunting and
leading the other wolves in the pack. The alpha group is
considered the best solution. The second level in the chain
of command is called Beta, where wolves monitor the
actions of other groups and assist the alpha in
decision-making. In the absence of alphas due to death or
aging, betas can assume their role.

The lower ranks consist of Omega and Delta, with the
latter being the lowest and last to eat after the Alpha and
Beta wolf groups. In wolf packs, the hunting process
involves three primary steps: chasing, surrounding, and
attacking.

#Responsible for decision making
# Not necessarly the strongest member of the pack
The best n therm of manging the pack

#Help the a n decision making orother pack ackivity
#Prays the ok of an advisor o the a and dicipiner
A fo the pack
ﬁ #Reinforoes the & commands throughout the pack
and gives feedback 1o the o

#Piay the role of scapegoat
* Always have to submit to all the other dominant
- wolves (a.and B)

A #Protect and help the dominant wolves in hunting

*Responsible for watching the boundaries of the

“ [ temitory and warning the padk in case of any
b "(’ danger

- * Protect and guarantee the ssfety of the pack

Figure 11 Grey wolf hierarchy

Grey wolves are randomly assigned positions
according to an algorithm that starts with a fixed number
of grey wolves.
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The following equations explain how each group of the
pack encircles the prey:

D=|C-x,(1)-X (1) (12)
X (t+1)=|x, (1)~ 4-D| (13)

X(¢) is the grey wolf vector position, X,(f) is the
position vector of prey

The vectors 4 and C can be expressed by the following
equations:

A=2-a-F-a | t
- with:a =2+ 1 ——— (14)
C=2% T

max

Tmax, t: the iterations total number and the current
iteration, 71, 7>: randomly chosen in the interval [0, 1].

The term X,(t + 1) refers to the update of the prey
position determined from the positions of gray wolves
groups a, f, and A. The following mean function is
employed to achieve this objective [16]:

‘@@+U=X ! 3 (15)
where:

D, = |C1Xa (t)_)?(t)|

Dy =|C, Xy (1)-X (1) (16)

and:
X,(t)=X,(t)-4,-Dy (17)

Eq. (12) represents the distance from the current
position, aiming to minimize it to bring the subsequent
position denoted by Eq. (13) closer to the position of the
victim, which signifies the correct solution of the problem
Xp(2).

The parameter "a" in this algorithm linearly decreases
from 2 to 0 during successive iterations using Eq. (14),
effectively modeling the wolves' behavior when
approaching the victim during the exploration phase. If the
condition |4| <1 is met in this phase, the wolves initiate an
attack on the victim.

The alpha group, recognized as the leaders, holds the
most accurate knowledge of the prey's location. Upon
identifying the prey's position, the hunt is primarily led by
the alpha group, with occasional contributions from the
beta and delta groups. Meanwhile, the rest of the pack
prioritizes attending to injured wolves and ensuring the
well-being of the group. Once the prey ceases movement,
the wolves initiate their attack, bringing the hunt to an end.

( GWO initialization |

|¢

<

IOulpul the duty cycle according to wull’il

I Sense Vpv, Ipv of PV array I

I

I Evaluate the power Ppv |

Update
Prmax,i=P(i=1)

All agents evaluated? ' Next wolf
fitness value i=i+]

Next iteration
k=k+1

Figure 12 Flowchart of GWO-based MPPT algorithm for PV systems

The flowchart shown in the Fig. 12 illustrates the
GWO-based MPPT algorithm for photovoltaic systems. It
initializes parameters, evaluates power (P,,) for each agent
(wolf), updates fitness values, and identifies the global
maximum power (Gmax). The process iterates, adjusting
parameters, until the convergence criterion is satisfied,
ensuring optimal power point tracking.

5 RESULTS AND DISCUSSION

To study the comparative performance of the P&O,
GWO, and Fuzzy MPPT control methods, a small
prototype system was implemented. The prototype consists
of four API-P250V photovoltaic modules connected in
series. These modules are tested under various levels of
shading conditions, as detailed in Tab. 3. The modules are
connected to a DC boost converter, which is controlled by
the output of the MPPT controller algorithm. The system
configuration is illustrated in Fig. 3.

The entire system, including the photovoltaic modules,
boost converter, and MPPT controller, is simulated using
MATLAB/SIMULINK 2021. This setup enables a
thorough evaluation of the effectiveness and feasibility of
the three MPPT techniques under different shading
scenarios, facilitating a comprehensive comparison of their
performance.

The specifications of the photovoltaic module are
listed in Tab. 2.
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Table 2 Table API-P250V module specifications at STC

Characteristics Value
Py 250 .536 W
Voww 312V
Ly 8.03 A
I, 852 A
L 372V
Current temperature coefficient 0.057582 A/°C
Voltage temperature coefficient —0.3342 V/°C
No. of cells 60

Tab. 3 illustrates the different shading patterns (SPs)
applied to the photovoltaic (PV) sub-modules in the
system, with each shading pattern characterized by varying
levels of solar insolation (measured in W/m?) on the four
sub-modules (Gpv1l, Gpvl2, Gpv2l, and Gpv22).

e SPI1: All sub-modules receive uniform insolation of
1000 W/m?, representing standard non-shaded conditions.

e SP2: Sub-module Gpv11 is shaded, receiving only 300
W/m?, while the other three sub-modules (Gpv12, Gpv21,
and Gpv22) maintain full insolation of 1000 W/m?.

e SP3: Both Gpvll and Gpvl2 are shaded, with
insolation levels of 300 W/m? and 500 W/m?, respectively,
while Gpv21 and Gpv22 remain fully illuminated at 1000
W/m?.

e SP4: A more complex shading scenario is represented,
where Gpvl11 and Gpv12 receive 300 W/m? and 500 W/m?,
respectively, Gpv21 receives reduced insolation of 800
W/m?, and only Gpv22 remains fully illuminated at 1000
W/m?

These various partial shading conditions are essential
for evaluating and comparing the performance of MPPT
algorithms in maintaining efficient power output.

Table 3 The four shading patterns used in this study

corresponding to the different shading patterns (SP1 to
SP4) as derived from the P-V characteristics in the Fig. 13.

These results represent the global maxima that
advanced MPPT controllers must achieve to ensure
efficient and optimal power extraction from the
photovoltaic system under varying shading conditions.

Fig. 14 illustrates the results of the SP1 shading pattern
for three MPPT control techniques: P&O, GWO, and
Fuzzy. The plots show the PV voltage, duty cycle, PV
current, and PV power over time. The GWO and Fuzzy
methods demonstrate improved tracking performance,
achieving faster convergence to the maximum power point
(MPP). However, both GWO and Fuzzy methods exhibit
noticeable oscillations during steady-state operation, while
the P&O method provides a more stable, albeit slower,
response. These oscillations highlight the trade-off
between dynamic response and stability in advanced
MPPT techniques.

Table 4 Analysis of PV characteristics under varying shading patterns

Pattern no. Insolation on PV sub-modules / W/m?
Gpvll Gpvl2 Gpv21 Gpv22
SP1 1000 1000 1000 1000
SP2 300 1000 1000 1000
SP3 300 500 1000 1000
SP4 300 500 800 1000

Py | W Vi I V Lupp | A
PS1 999.351 123.816 8.071
PS2 743.822 92.19 8.068
PS3 488.311 60.56 8.063
PS4 412.559 62.386 6.613
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The Fig. 13 illustrates the power-voltage (P-V)
characteristics of a photovoltaic system under different
shading patterns (SP1 to SP4), showing that under shading
conditions, the P-V curves exhibit multiple local maxima.
This highlights the critical importance of employing
advanced MPPT algorithms to ensure optimal power
extraction by accurately identifying and tracking the global
maximum point of the curves.
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Figure 13 Analysis of PV characteristics for different types of shading

The Tab. 4 presents the optimal values of maximum
power (Pupp), voltage (Vupp), and current (L)

Figure 14 Performance comparison of P&0, GWO, and Fuzzy MPPT
techniques under SP1 shading condition

Notably, the PV power results from all the MPPT
controllers achieve the optimal value, approximately
999.351 W, as expected in this shading condition. This is
because SP1 presents a single global maximum, ensuring
no ambiguity in power tracking for any of the controllers.
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Figure 15 Performance comparison of P&0, GWO, and fuzzy MPPT techniques
under SP2 shading condition
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Fig. 15 illustrates the performance of the MPPT
control techniques P&O, GWO, and Fuzzy under shading
pattern SP2. The plots display PV voltage, current, duty
cycle, and power over time. Notably, the P&O method
struggles to track the global maximum power due to its
inability to distinguish between local and global maxima
under partial shading conditions. Conversely, both GWO
and Fuzzy MPPT algorithms effectively achieve the
maximum power. The Fuzzy MPPT shows slower
convergence compared to GWO but exhibits minimal
oscillations, ensuring steady and reliable performance.
These results emphasize the superior tracking capability of
intelligent MPPT techniques like GWO and Fuzzy under
complex shading scenarios.
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Figure 16 Performance comparison of P&0O, GWO, and fuzzy MPPT techniques
under SP3 shading condition

Under shading pattern SP3, which features three local
maxima in the power-voltage curve (Fig. 13), Fig. 16
compares the performance of MPPT control techniques
P&0O, GWO, and Fuzzy. The P&O method struggles to
accurately track the global maximum power due to its
inability to distinguish between local and global maxima,
resulting in suboptimal power extraction. In contrast, the
Fuzzy MPPT smoothly outperforms GWO, offering faster
convergence, minimal oscillations, and negligible
steady-state error.
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Figure 17 Performance comparison of P&0, GWO, and Fuzzy MPPT
techniques under SP4 shading condition

Under shading pattern SP4, characterized by four local
maxima in the power-voltage curve, Fig. 17 demonstrates
the performance of the MPPT techniques P&O, GWO, and

Fuzzy. The P&O method continues to face challenges in
reaching the global maximum power due to its inability to
distinguish between local and global maxima, leading to
suboptimal power extraction. In contrast, both Fuzzy and
GWO methods successfully track the global maximum
power. The GWO algorithm achieves a faster response but
exhibits oscillations during convergence, while the Fuzzy
MPPT method provides smoother and more precise
tracking with minimal oscillations, albeit with a slower
convergence rate compared to GWO.

Tab. 5 provides a comparative overview of the three
MPPT algorithms - Fuzzy Logic, Grey Wolf Optimization
(GWO), and Perturb and Observe (P&O) - under four
distinct partial shading patterns (SP1 to SP4). The
performance metrics considered include mean power
output, time to reach the maximum power point (MPP), and
the theoretical optimal power for each scenario.

Table 5 Comparison between the GWO and fuzzy-based MPPT methods under
different partial shading patterns

Pattern Tracking Mean power | Time to reach | Optimal
no. algorithm /W MPP /s power / W

Fuzzy 997.094 1.09826

SP1 GWO 995.399 1.42768 999331
PO 968.202 0.507843
Fuzzy 740.284 1.04452

SP2 GWO 739.321 0.485227 743.822
PO 687.776 0.258164
Fuzzy 487.335 0.926832

SP3 GWO 485.181 1.03577 488.311
PO 391.287 0.309546
Fuzzy 410.081 1.01035

SP4 GWO 407.054 0.44479 412.559
PO 358.242 0.309484

SP1 (Uniform Irradiance)

All three algorithms perform well under SP1, which
presents a single global peak and no ambiguity in power
tracking. The Fuzzy MPPT achieves the highest mean
power output (997.094 W), closely followed by GWO
(995.399 W). The P&O method, while faster to converge
(0.5078 s), yields a noticeably lower mean power (968.202
W), indicating small oscillations or deviations near the
MPP. This suggests that while P&O is efficient in
straightforward conditions, it compromises precision
compared to intelligent methods.

SP2 (One Module Shaded)

Under moderate shading, the performance gap becomes
more pronounced. Both Fuzzy and GWO successfully
locate the global MPP, with Fuzzy again delivering the
highest mean power (740.284 W). GWO, though slightly
less accurate (739.321 W), shows superior responsiveness
with the fastest convergence (0.4852 s). The P&O method
achieves only 687.776 W, illustrating its tendency to lock
onto local maxima in the presence of shading-induced P-V
irregularities.

SP3 (Two Modules Shaded)

Increased shading complexity further tests algorithm
robustness. Fuzzy logic continues to outperform (487.335
W) and demonstrates low oscillations and good steady-state
behavior. GWO follows closely (485.181 W), albeit with a
longer convergence time. P&O again falls short (391.287
W), reinforcing its inadequacy under multi-peak conditions.
These results confirm that intelligent algorithms are not
only more accurate but also more reliable in dynamic
environments.
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SP4 (Three Modules Shaded)

This represents the most complex and asymmetrical
shading case. Fuzzy MPPT maintains the highest mean
power (410.081 W) and precise tracking with minimal
overshoot. GWO trails slightly (407.054 W) but converges
more rapidly (0.4448 s), which may benefit time-critical
applications. P&O continues to underperform (358.242 W),
reaffirming its unsuitability for high-complexity scenarios.

5.1 Comparative Insights and Trade-offs

A key takeaway from this comparative study is the
trade-off between convergence speed and tracking
accuracy. GWO consistently achieves faster convergence
than Fuzzy, but often at the cost of minor oscillations
around the MPP. In contrast, the Fuzzy controller exhibits
slightly slower response times but delivers smoother, more
accurate steady-state power.

Furthermore, P&O's limitations are clearly exposed as
shading complexity increases. While suitable for simple or
stable conditions, its susceptibility to local extrema and lack
of adaptability makes it unreliable under real-world partial
shading scenarios. This underscores the need for intelligent,
adaptive MPPT techniques in applications such as
solar-powered EVs where irradiance conditions are
inherently dynamic.

5.2 Practical Implications

For EV-integrated PV systems, where energy
harvesting efficiency directly impacts battery autonomy and
vehicle range, the choice of MPPT algorithm is critical. The
Fuzzy MPPT offers the best balance between performance
and stability, making it ideal for high-reliability systems.
GWO may be preferred when faster dynamic adaptation is
needed, such as in intermittently shaded routes. P&O,
though computationally lightweight, is not recommended
unless environmental conditions are highly predictable.

6 CONCLUSION

This study investigated and comparatively evaluated
three Maximum Power Point Tracking (MPPT) techniques
- Perturb and Observe (P&O), Grey Wolf Optimization
(GWO), and Fuzzy Logic Control - under varying partial
shading conditions. Through detailed MATLAB/Simulink
simulations across four distinct shading scenarios, the
research demonstrated that traditional P&O methods are
limited in their ability to consistently track the global
maximum power point, especially in the presence of
multiple local maxima. In contrast, the fuzzy logic-based
MPPT algorithm consistently delivered the highest mean
power output with minimal oscillations, while the GWO
algorithm provided faster convergence times with slightly
lower tracking precision. By jointly analyzing mean power,
convergence time, and dynamic stability, the study
provides actionable insights into selecting and tuning
MPPT strategies for solar-powered electric vehicle (EV)
applications. These findings contribute to improving the
energy efficiency, reliability, and adaptability of PV
systems in real-world, dynamically shaded environments.

Future work should focus on the practical
implementation of these intelligent MPPT techniques in
embedded systems. In particular, deploying fuzzy logic
and GWO algorithms on hardware platforms such as

FPGAs or DSPs can help validate their performance under
real-time constraints. Additional research is also
encouraged to optimize controller parameters using
adaptive or hybrid Al approaches, integrate weather
prediction data, and assess long-term operational reliability
under varying climatic conditions. Such developments
would further enhance the deployment readiness of
intelligent MPPT systems for next-generation EVs and
off-grid solar applications.
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