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Abstract —The increasing deployment of photovoltaic (PV) systems demands efficient maximum
power pointtracking (MPPT) methodsto optimize energy extraction under varying environmental
conditions. Conventional MPPT algorithms often suffer from slow convergence and instability
under fluctuating irradiance and temperature. Here we propose a hybrid MPPT controller
combining an enhanced Walrus Optimization algorithm with Vigilante Selection and Juvenile
Update (WOVE-NSJ) and Levenberg-Marquardt (LM) training of a feedforward neural network
(FNN). This approach improves global search and local fine-tuning, achieving near-ideal tracking
efficiencies of 99.98%, reduced average tracking time (0.0914 s), and minimal overshoot with
near-instantaneous settling times. Benchmarking against state-of-the-art ANN-based controllers
demonstrates superior transient stability and robustness. These findings suggest that the proposed
WOVE-NSJ-LM-FNN controller offers a promising solution for real-time, high-performance
MPPT in PV systems, enhancing power output and system reliability under dynamic conditions.
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l. Introduction

The accelerating global demand for sustainable energy
solutions is driven by the urgent need to mitigate the
climate crisis [1]. This transition is critical not only for
reducing dependence on fossil fuels but also for securing
wider societal benefits, including improved public health,
enhanced energy security, and long-term economic
stability [2]. Photovoltaic (PV) systems have become a
dominant renewable energy technology due to their
scalability, minimal environmental footprint, and
relatively low maintenance requirements [3]. Global PV
capacity now exceeds 1.6 TW [4], underscoring the need
for continuous technological and algorithmic innovation
to maximize energy Vyield. Despite their rapid
deployment, PV modules remain inherently constrained
by low conversion efficiencies [5]. This limitation makes

continuous operational optimization essential to ensure
maximum energy extraction. At the core of this challenge
lies Maximum Power Point Tracking (MPPT), which
identifies and sustains the operating point of highest
power output under dynamically varying solar irradiance
and temperature conditions [6].

Conventional MPPT techniques, such as Perturb and
Observe (P&O) and Incremental Conductance (INC), as
well as fractional-based methods, have been widely used
as MPPT algorithms due to their simplicity and low
computational cost [8]. However, they suffer from
drawbacks, including steady-state oscillations, periodic
power interruptions, and reduced reliability under rapidly
changing environmental conditions [9-10]. These
limitations have motivated the development of advanced
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MPPT methods that incorporate intelligent control and
metaheuristic optimization. Again, Artificial Neural
Networks (ANNSs), adaptive fuzzy controllers [11], and
hybridized methods with optimization algorithms have
demonstrated  superior  tracking accuracy and
adaptability, particularly under partial shading. However,
proposed hybrid methods in the literature often require
extensive training datasets and introduce significant
computational complexity, limiting their feasibility in
resource-constrained PV systems [12].

Additionally, despite significant progress in the
development of metaheuristic algorithms (MHAs) [13],
the continuous demand for improved solutions to
increasingly complex problems drives the need for
ongoing research. This necessitates the enhancement of
the accuracy of existing MHAs for MPPT applications.
Such enhancements are crucial because many algorithms
are based on approximations of natural behaviour and are
prone to becoming trapped in local optima rather than
finding a global solution. To address the limitations of
existing MPPT strategies and MHASs, this work proposes
a novel hybrid controller with an enhanced Walrus
Optimization with Migilante Selection and Juvenile
Update Levenberg Marquardt Feedforward Neural
Network  (WOVE-NSJ-LM-FNN) for an  MPPT
controller. The controller combines the global search
capabilities of an enhanced Walrus Optimization (WO)
algorithm with the rapid convergence of the Levenberg-
Marquardt (LM) training method.

The Walrus Optimization (WOQO) [14] algorithm is a
recently proposed metaheuristic algorithm that has
demonstrated significant versatility and effectiveness
across a diverse range of complex engineering problems
in the literature. The standard WO algorithm exhibits
critical limitations, particularly in addressing complex,
high-dimensional  optimization ~ problems.  These
challenges primarily stem from premature convergence
and an imbalanced approach to exploration and
exploitation. The random selection of vigilantes in the
original WO can lead to suboptimal guidance for the
population, as these experienced individuals may not
always represent the most promising solutions, thus
causing the algorithm to converge prematurely,
especially in multimodal functions with numerous local
minima. Furthermore, while juveniles are intended to
introduce diversity through exploratory movements, their
random and undirected exploration in the search space
can result in inefficient traversal of low-quality regions,
slowing convergence. This lack of a mechanism to guide
juveniles towards areas of higher fitness potential or
away from detrimental areas leads to suboptimal

exploration, as juveniles

unpromising regions.

To address these issues, we propose two primary
modifications to the WO algorithm: (1) a fittest-based
vigilante selection strategy and (2) a juvenile update
mechanism that directs juveniles toward the safest and
fittest solutions. These modifications form the basis of
our new algorithm, the Walrus Optimization with
Vigilante Selection and Juvenile Update (WOVE-NSJ),
which enhances convergence rates, improves the balance
between exploration and exploitation, and yields higher-
quality solutions for complex optimization problems.

In this work, we proposed a novel hybrid MPPT

controller, the WOVE-NSJ-LM-FNN MPPT, with

improved accuracy and low computational requirements
for solar power extraction. The key contributions made
by authors are summarized below.

a) We proposed a novel hybrid MPPT controller that
combines an improved Walrus Optimization
algorithm with Levenberg-Marquardt Feedforward
Neural Network training, yielding a hybrid MPPT
controller that ensures high accuracy with reduced
computational overhead and simplified tuning for
real-time PV systems.

b) Again, we proposed an enhanced Walrus
Optimization algorithm named WOVE-NSJ, which
introduces a fittest-based vigilante selection concept
and juvenile update mechanisms to improve the WO
algorithm’s exploration and exploitation balance.The
modifications introduced improved convergence,
with superior performance.

The remainder of this article is organized as follows.

Section 1l describes the proposed photovoltaic system

configuration and details the modelling of its key

components, including the PV module, boost converter,
and artificial neural network structure. The section
further explains the modifications introduced in the

Walrus Optimization algorithm and the integration of the

Levenberg—Marquardt training method. Section Il

presents the simulation environment, dataset creation,

ANN model development, performance evaluation

metrics, and benchmarking procedures. Section IV

discusses the results obtained, with emphasis on output

power, tracking efficiency, convergence speed, and
transient stability in comparison with existing controllers.

Finally, Section V concludes the paper by summarizing

the main contributions and highlighting possible

directions for future research.

might repeatedly explore
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Il. Proposed PV System Configuration with
Hybrid MPPT Algorithm

The proposed photovoltaic systemdesigned for this study
is shown in Figure 1. The system consists of a PV
module, a DC/DC boost converter controlled by the
proposed ANN-based MPPT controller, and a resistive
load. This system is controlled by an intelligent MPPT
controller based on a hybrid training approach using a
modified Walrus Optimization Algorithm (WOVE-NSJ)
and the Levenberg-Marquardt (LM) algorithm for
training an Artificial Neural Network (ANN). The goal
of the MPPT controller is to continuously adjust the
converter’s duty cycle to extract the maximum possible
power from the PV module under varying environmental
conditions. The Maximum Power Point (MPP) on the PV
(I-V) curve is where the product of voltage and current is
highest, representing the peak power output. In PV
systems, the MPP depends on factors like solar irradiance
and cell temperature. Changes in temperature mainly
affect the PV output voltage, while changes in irradiance
affect the output current. To ensure a PV system operates
at its maximum power output, it needs to adjust to
varying environmental conditions. This is managed by a
DC/DC converter controlled by an MPPT algorithm. The
MPPT algorithm adjusts the converter's duty cycle to
keep the system at the MPP. In the proposed design, an
optimized ANN algorithm determines the optimal duty
cycle by analyzing real-time solar irradiance (G) and
temperature (T) data. It then adjusts the converter's
operation to ensure the PV system operates at its
maximum power point. This adaptive approach enhances
energy conversion efficiency, helping the PV system
better utilize solar resources.
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Figure 1. Proposed photovoltaic (PV) systemwith hybrid MPP tracker
(Screenshot from MAT LAB Simulink)

2.1. Proposed Modified Walrus Optimization

The Walrus Optimization (WO) is a novel addition to
metaheuristic optimization algorithms, inspired by
unique walrus social and behavioural patterns. Despite its
novelty and performance, the WO algorithm faces
several critical limitations that affect its effectiveness in
solving  complex,  high-dimensional  optimization
problems. These challenges include premature
convergence and an imbalanced approach to exploration
and exploitation, which we will elaborate on below. In
the standard WO, the random selection of vigilantes
significantly influences the algorithm's convergence.
Vigilantes, who guide the migration phase, are chosen at
random. This can result in suboptimal guidance for the
population since vigilantes represent experienced
individuals within the algorithm. Random selection does
not ensure that the most promising solutions will guide
the rest of the population. Consequently, this can lead to
the walruses following less fit individuals, causing
premature convergence, particularly when dealing with
multimodal functions with numerous local minima.
Moreover, the balance between exploration and
exploitation is essential in any optimization algorithm. In
WO, juveniles (young walruses) play a crucial role in
introducing diversity through exploratory movements.
However, their movements are not directed toward
known high-quality solutions; instead, they randomly
explore the search space. This approach can result in
excessive exploration in low-quality regions, thereby
reducing the algorithm's efficiency and slowing
convergence toward optimal solutions. Additionally, the
WO algorithm lacks a mechanism to guide juveniles
toward areas with higher fitness potential or away from
harmful areas within the search space. In the original
WO, juveniles perform independent, random movements
without the influence of high-fitness solutions. This can
lead to suboptimal exploration, as juveniles may
repeatedly explore regions far from optimal solutions or
in dangerous areas. This behaviour limits the algorithm's
ability to refine the search efficiently and produces
solutions of poor quality. To address these issues, we
propose two primary modifications: (1) a fittest-based
vigilante selection strategy and (2) a juvenile update
mechanism that directs juveniles toward the safest and
fittest solutions. These modifications result in the Walrus
Optimization with Migilante Selection and Juvenile
Update (WOVE-NSJ) algorithm, which is designed to
enhance convergence rates, improve the balance between
exploration and exploitation, and yield higher-quality
solutions for complex optimization problems.
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2.2. New Vigilante Selection Strategy

In the original WO, vigilantes are selected randomly,
which can hinder convergence by not using the highest-
quality solutions as guides. We propose using the two
fittest male walruses in the population as vigilantes,
thereby ensuring that only high-quality solutions
influence the migration phase. Let X, .. ; represent the
position of each male walrus, and f(X) represent the
fitness function of the male walrus i. The new vigilantes
are defined in (1) and (2).

Xy1 = Xmale 1 @

Xy2 = Xmale 2 )

In (1) and (2), Xpya1e,1 aNd Xiq1 o are the positions of
the top two fittest male walruses, respectively. The
updated equation for the walrus position based on the
new selection of vigilantes is given in (3).

X =X+ Ky — Xyp)-Birj ©)

In (3), Xy, and Xy, are the positions of the two fittest
male walruses as selected, and f; is the adaptive
migration step factor for walrus i. This new selection
strategy uses the most successful individuals (fittest
males) to influence the population’s migration to
improve convergence rates and enhance exploration.

2.3. Enhanced Juvenile Update Strategy

In this paper, we modify the juvenile update equation to
enable them to move closer to the fittest and safest
solution in the search space. The new position update is
based on two primary factors: closeness to the fittest
solution (i.e., best solution found so far) and safest
position within the search space (taken as an averaged
position between the fittest solution and the second well-

performing individual calculated with (4).
_ Xpest,j+Xbest-second ,j

Xsafe,j - 2 (4)
In (4), X.s. is the safest position in the j** dimension in
the search space, and Xiest—secona 1S the second-best
position in the j" dimension in the search space.
The juvenile’s position is updated by moving it towards a
position between the best solution and safest position
with a random weighting to retain exploration. We
express the update equation for the i*" juvenile in the jt!
dimension by (5).
Xiadii = Xjuv,ij + T (XBest;j - Xjuv,i,j) +@ -
r. (Xsafe,j _Xjuv,i,j) (®)
is the updated position of the i" juvenile in

In (5), Xit!

juv,ij

the j** dimension, Xpest;j IS the position of the best

walrus in the j™, X is the safest position in the j™

dimension, and r is a random number between 0 and 1,
which allows the juvenile to move in a balanced direction
between the fittest and safest solutions. The pseudo code
for implementing the proposed WOVE-NSJ is given in
Table 1a.
Table 1a. Pseudo code
Start  Simulation of Walrus Optimization Algorithm
1 Input: Set parameters of WO i.e., population size,

iteration number, proportion of males and females.

2 Generate initial positions of walruses based on
problem parameters i.e., dimension

3 Calculate the initial fitness of walruses based on the
initial positions in the search space.

4 Whileiter < maximum iteration

5 If current walrus is the fittest found so far:

6 Update second best position and its fitness
to the previous best values

7 Update best position and best scoreto the
current walrus

8 Else if the current walrus is the second fittest:

9 Update second best position and its fitness
accordingly

10 Calculate the safest position based on (4)

11 Calculate danger and safety signals

12 Ifldanger signal| = 1//begin exploration

13 Sort all male walruses in ascending order and
select the fittest amongst them

14 Update positions of walruses using (3)

15 Else: // begin exploitation

16 If safety signal > 0.5: // breeding behaviour

17 For each male walrus:

18 Update position of walruses using Halton
sequence

19 For each female walrus:

20 Update position by moving them towards
the fittest males

21 For each juvenile:

22 Update position by moving them towards

best and safest position using (5)
23 Else if |danger signal| = 0.5: / initiate
gathering of walrus

24 Update position of each walrus using
gathering mechanism

25 Else: // initiate fleeing of walruses

26 Update position of each walrus using fleeing
mechanism

27 Update positions of all walruses and apply
boundary conditions
28  Increment iter and store best score and best position

End  Simulation
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2.4. Levenberg-Marquardt Training Algorithm

The Levenberg-Marquardt (LM) algorithm is used as a
second-stage training algorithm in the proposed hybrid
training approach to refine the artificial neural network
parameters for Maximum Power Point Tracking (MPPT).
The LM training algorithm is a highly efficient curve-
fitting method suitable for small to medium-sized
networks where high precision and fast convergence are
critical. It is also particularly useful for regression
problems such as predicting the optimal duty cycle for a
boost converter, as it combines the advantages of both
Gauss-Newton and gradient descent algorithms. It also
converges rapidly near the error surface minimum. It is
based on these reasons that the authors selected the LM
in the hybrid approach. After the initial weights and
biases of the ANN are optimized and selected using the
modified Walrus Optimization Algorithm (WOVE-NSJ),
the LM algorithm performs supervised fine-tuning to
minimize the network’s output error. The proposed
hybrid training approach uses the improved global search
capabilities of WOVE-NSJ) and the fast local
convergence properties to ensure good accuracy of the
tracking model.

2.5. Proposed Artificial Neural Network Hybrid Training
Workflow

To enhance the accuracy, robustness, and convergence
speed of the Maximum Power Point Tracking (MPPT)
controller, a hybrid training workflow is developed for
the Artificial Neural Network (ANN). The workflow
combines the global search capabilities of the Improved
Walrus Optimization Algorithm (WOVE-NSJ) with the
local refinement strengths of the Levenberg-Marquardt
(LM) training algorithm. Figure 2 illustrates the
sequential training process involved in the proposed
hybrid system. Figure was conceptualised and developed
by authors using Microsoft Visio Software \ersion
2021).
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The workflow consists of two main phases: global
weight initialization using the WOVE-NSJ algorithm and
local fine-tuning using the Levenberg—Marquardt (LM)
algorithm. In the global phase, a dataset of irradiance and
temperature values with corresponding optimal duty
cycles is generated from PV system simulations
employing a Perturb and Observe (P&0O) MPPT
controller. This dataset is divided into training and
testing sets and used to train the ANN, where WOVE-
NSJ performs global optimization of input weights,
biases, and output weights by minimizing the mean
squared error (MSE) between the predicted and target
duty cycles. In the local fine-tuning phase, the WOVE-
NSJ-optimized parameters are used as initial values for
the LM algorithm, which further refines the network
parameters using the same training data to achieve faster
convergence and improved accuracy. The final optimized
FNN is then implemented in a Simulink-based MPPT
controller, where it processes real-time simulated
irradiance and temperature inputs to compute the optimal
duty cycle for regulating the DC/DC boost converter and
ensuring continuous maximum power exraction. A
summary of the training process is illustrated in Figure 3.
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Page 53



Daniel Kwegyir et al/ International Journal of Energetica (IJECA) Vol. 10, N°2, 2025, pp. 49-64

I1l.  Simulation Setup and Parameter

Setting
This section outlines the simulation environment,
component parameters, data creation, and testing

scenarios used to evaluate the performance of the
proposed WOVE-NSJ-LM ANN-based MPPT controller.
The goal was to test the controller under realistic
environmental variations and benchmark its performance
against alternative ANN-based MPPT controllers.

3.1. Simulation Environment

The parameters of the simulation environment are
provided in Table 1.

Table 1. Parameters of Simulation Environment

Parameter Description

Software MATLABR2022bwith Simulink and Neural
Network Toolbox

Hardware Intel Core 7,20 GB RAM

Solver Type Fixed-step, Discrete

3.2. Training, Testing and Validation Dataset Creation

To generate the dataset for training and testing the
Acrtificial Neural Network (ANN), a conventional MPPT
technique, the Perturb and Observe (P&O) method, was
modelled in MATLAB/Simulink as a controller for a PV
system. The simulation of the PV system with a P&O is
shown in Figure 4. The parameters of the PV model and
boost converter used for the Simulink model are given in
Table 2 and Table 3 respectively.

Figure 4. Simulationof a PV system with P&O as MPPT controller
(Screenshot from MAT LAB Simulink)

Table 2. Simulation Parameters of PV Module

Parameter Value
Open circuit voltage (V) 3290V
Short circuit current (Iy.) 24.63 A
Maximum power voltage (Vmp) 263.0V
Maximum power current (lmp) 22.83 A
Maximum power (Pyy) 6004.29 W

Table 3. Parameters of DC-DC Boost Converter

Parameter Value
Input capacitor 5000 pF
Inductor 2.5mH
Output capacitor 250 uF
Switching frequency 25 kHz
Loadresistance 200 Q

The baseline P&O controller was subjected to a wide
range of irradiance and temperature values to simulate
realistic PV operating conditions. Irradiance was varied
from 100 W/m? to 1000 W/n®? in steps of 10 W/m2. For
each irradiance level, temperatures between 18°C and
38°C were applied. Each simulation was run for 0.6
seconds with a sampling time of 1le-4 seconds to ensure
that the PV system dynamics reached steady state.
Although each simulation produced 6000 samples, only
the final steady-state values of the RMS PV output
voltage and boost converter output voltage were
recorded. These values were then used to compute the
corresponding duty cycle ratio for each irradiance and
temperature combination. In total, 1,911 unique duty
cycle data points were obtained from all simulations. The
dataset was divided into training, testing, and validation
subsets to ensure effective learning and generalization of
the ANN. This data creation approach ensured that the
ANN training dataset captured the essential nonlinear
relationships between irradiance, temperature, and duty
cycle and avoided redundancy from transient simulation
data.

3.3. ANN Model Development

The Artificial Neural Network (ANN) model was
developed in MATLAB to predict the duty cycle of the
boost converter based on irradiance and temperature
inputs. The model was designed and trained using a
hybrid approach described earlier that integrates the
Modified Walrus Optimization Algorithm for weight
initialization and the Levenberg-Marquardt algorithm for
fine-tuning. The ANN model building and training with
the WOVE-NSJ and benchmarking with other selected
algorithms were done with a MATLAB script. The
dataset generated from PV system simulations was
imported into MATLAB. Each data record consisted of
solar irradiance, cell temperature, and corresponding duty
cycle. The dataset was normalized and divided into
training (70%), validation (15%), and testing (15%)
subsets to ensure effective generalization of the ANN.
The ANN was structured as a feedforward neural
network with two input neurons, i.e., irradiance and
temperature, ten hidden neurons with a sigmoid (logsig)
activation function, and one neuron with a linear
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(purelin) activation function for duty cycle prediction.
The WOVE-NSJ algorithm was applied to optimize the
initial weights and biases of the ANN. The optimization
was formulated as a minimization problem, with the
normalized mean squared error (NMSE) between the
predicted and actual duty cycle serving as the objective
function. After WOVE-NSJ had produced the optimal
weights, the ANN was retrained using the Levenberg-
Marquardt (LM) algorithm. The trained ANN was
exported to Simulink using the gensim function in
MATLAB as an MPPT controller within the PV system
simulation framework. The PV system with the WOVE-
NSJ-FNN controller is given in Figure 6. The parameters
used in the model creation for all algorithms are given in
Table 4. The training MSEs of all algorithms are
compared in Figure 5.
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Figure 6. Simulink model of PV system with FNN controller
(Screenshot from MAT LAB Simulink)

Table 4. Parameters for ANN Model Building

Parameter Specification

Input Variables
Output Variable

Solar irradiance, Cell temperature
Duty cycle of boost converter

Network Type

Hidden Layer Neurons
Activation Function
Training Algorithm
(Stage 1)

Training Algorithm
(Stage 2)

Training Epochs (LM)
Performance Goal
Minimum Gradient
Data Division

Export Method
Population size

Maximum iterations

Feedforward Neural Network (FFNN)
10

Sigmoid (logsig)

WOVE-NSJ andall selected
benchmarking algorithms
Levenberg-Marquardt (LM) fine-tuning

1000 (maximum)

1x10°

1x 107

70% Training, 15% Validation, 15%
Testing

gensim (for Simulink integration)

50 for all algorithms in model training
1

1000 forall algorithms in model

training 1

Search space bounds [-1,+1][-1,+1]

3.4. Performance Evaluation Metrics

We assessed the performance of the proposed WOVE-
NSJ-LM-trained  Atrtificial Neural Network (ANN)
MPPT controller and compared it with other benchmark
methods, using a set of quantitative metrics. The metrics
capture key aspects of the controller, such as energy
efficiency, controller responsiveness, and control
stability. The specific metrics used are discussed below.

Output Power

This metric quantifies the electrical power extracted from
the PV system at steady state. It is a direct indicator of
the controller's effectiveness in tracking the Maximum
Power Point (MPP). Higher output power indicates better
MPPT tracking. Power is calculated as the product of PV
module voltage and current over time. The maximum and
average power values are recorded for each scenario.

Tracking Efficiency

The efficiency measures how closely the power
extracted by the controller approaches the theoretical
maximum power of the PV module under given
irradiance and temperature, calculated with (6).

Efficiency = (Pextr—a“ed) X 100% (6)

Prated
The Efficiency is computed for each test case using

predefined ideal power values at 20°C, 25°C, and 30°C.

Tracking Time

The tracking time measures how quickly the MPPT
controller can converge to the maximum power point
after a change in environmental conditions. In this work,
we record the time duration from the beginning of a
simulation scenario (or after a step change) to the point
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where the output power reaches and stabilizes around the
MPP.

Transient Power and Voltage Response

This captures how smoothly the controller reacts to
changes in irradiance and temperature. In this work, we
capture the overshoot and settling time in the power and
voltage signals through dynamic simulations under
changes in irradiance and temperature at predefined time
intervals.

3.5. Benchmarking of Proposed Method

To evaluate the effectiveness and superiority of the
proposed hybrid WOVE-NSJ-LM training method for
the ANN-based MPPT controller, this study performs a
comprehensive comparative analysis against seven
alternative optimization algorithms in the literature. The
selected algorithms are Classical Walrus Optimization
(WO), Teaching-Learning-Based Optimization (TLBO),
JAYA Algorithm, Hybrid Evolutionary and Arithmetic

Optimizer (HEAO), Pelican Optimization Algorithm
(POA), African Multure Optimization  Algorithm
(AVOA), and Driving Training-Based Optimization

(DTBO). Each algorithm is employed to train an ANN
model in Model Training 1 using the same input-output
configuration, followed by Levenberg-Marquardt
training in Model Training 2. All models are subjected to
identical simulation conditions for a fair and consistent
performance evaluation.

IV. Results and Discussions

In this section, we discuss the performance of the
proposed WOVE-NSJ-LM MPPT controller compared to
the benchmarking controllers stated earlier in subsection
4.5, under varying irradiance and temperature values.
The discussions focus on four key performance metrics:
output power, efficiency, tracking time, and transient
response of the controllers. The results offer valuable
insights into the strengths and limitations of each
controller, as well as how various optimization
algorithms enhance the performance of artificial neural
networks.

4.1. Performance of MPPT Controllersin Maximizing
PV Output Power

The performance of the proposed hybrid WOVE-NSJ-
LM MPPT controller, in terms of PV output power
extracted and efficiency, is compared with other
benchmark controllers in Figure 7 and Figure 8. The

results presented are the maximum steady-state PV
output power and efficiency under a fixed irradiance of
1000 W/me, while varying ambient temperatures at 30°C,
25°C, and 20°C. The efficiency corresponding to each
temperature value is computed using (6), where the
steady state maximum power is taken as a percentage of
the theoretical maximum power of 5875 W at 30°C, 6004
W at 25°C, and 6133 W at 20°C.

e ——
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Figure 7. Comparison of steady-state output power across different
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Figure 8. Comparison of tracking efficiency across different
temperatures and constant irradiance

At 30°C, the proposed WOVE-NSJ-LM MPPT controller
demonstrated outstanding performance, producing a
maximum output power of 5874 W and an efficiency of
99.98%. The efficiency value indicates that the WOVE-
NSJ-LM training algorithm was effective in determining
and fine-tuning the weights and biases of the feedforward
neural network (FNN). In comparison, the TLBO-LM-
FNN controller produced a maximum output power of
5367 W with an efficiency of 91.35%. These results
placed the TLBO-LM-FNN controller second to the
WOVE-NSJ-LM-FNN in terms of maximum power
produced. The other controllers, HEAO-LM-FNN and
WO-LM-FNN, showed  moderate  performances.
However, JAYA-LM-FNN  and DTBO-LM-FNN
controllers produced suboptimal power outputs of 1421
W and 3124 W, respectively, representing efficiencies of
24.19% and 53.17%. The JAYA-LM-FNN and DTBO-
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LM-FNN controllers were unable to address the
temperature-induced variations in PV characteristics
effectively. As we lowered the temperature to 25°C, the
WOVE-NSJ-LM-FNN controller produced a maximum
output power of 6,003 W, representing an efficiency of
99.98%.

The TLBO-LM-FNN controller also performed well,
generating an output power of 5878 W with an efficiency
of 97.90%. The HEAO-LM-FNN ranked third, with a
maximum power output of 4924 W and an efficiency of
82.01%. In contrast, the JAYA-LM-FNN controller
demonstrated a significant improvement over its
performance at 30°C, with an output power of 3105 W
and an efficiency of 51.72%. Meanwhile, POA-LM-FNN
and AVOA-LM-FNN exhibited an average performance,
while the WO-LM-FNN showed a slight increase in
efficiency compared to its output at 30°C. Again, when
the temperature was dropped to 20°C, the performance
trends among the various artificial neural network (FNN)
controllers remained consistent with those at 30°C and
25°C. The WOVE-NSJ-LM-FNN controller
demonstrated superior performance, producing an output
power of 6,132 W with an efficiency of 99.98%.

The TLBO-LM-FNN controller remained competitive,
producing a slightly lower output power of 6,114 W,
which represents an efficiency of 99.69%. In contrast, the
HEAO-LM-FNN controller produced an output power of
5,338 W, representing an efficiency of 87.04%. Notably,
the JAYA-LM-FNN controller, which previously
exhibited suboptimal performance, showed some
improvement with a power output of 5106 W,
representing an efficiency of 83.25%. The JAYA-LM-
FNN controller showed an enhanced adaptability under
reduced thermal stress. Conversely, the POA-LM-FNN,
AVOA-LM-FNN, and DTBO-LM-FNN controllers still
underperformed relative to the WOVE-NSJ-LM-FNN
and TLBO-LM-FNN controllers. The consistent and
accurate performance of the WOVE-NSJ-LM-FNN
controller across all temperature scenarios indicates that
the proposed controller performs well under the tested
temperature  conditions. The WOVE-NSJ-LM-FNN
controller's performance can be further attributed to the
optimized initial weight and bias selection by the
WOVE-NSJ algorithm, which the LM further refines to
achieve near-optimal convergence. Additionally, the
TLBO-LM-FNN controller was a strong contender, with
its performance closely matching that of the WOVE-
NSJ-LM-FNN model at lower temperatures. However,
the WOVE-NSJ-LM-FNN controller's performance was
slightly higher than the TLBO-LM-FNN controller. The
consistent and accurate performance of the WOVE-NSJ-
LM-FNN controller across all temperature scenarios

indicates that the proposed controller performs well
under the tested temperature conditions.

On the other hand, JAYA-LM-FNN controller's
significant improvement at lower temperatures indicates
that it has the potential to perform under certain viable
conditions. Finally, the moderate performance of the
HEAO-LM-FNN controller, particularly at higher
temperatures, and the consistent underperformance of
AVOA-LM-FNN, POA-LM-FNN, and DTBO-LM-FNN
controllers show their relative inefficiency in extracting
maximum power from the PV system.

4.2. Evaluation of Average Power Extraction for FNN-
Based MPPT ControllersUnder Varying
Temperature and Constant Irradiance

In Figure 9, the average output power of the various
FNN-based MPPT controllers across the three
temperature conditions simulated: 30°C, 25°C, and 20°C,
already discussed, was computed, and compared. The
results in the figure represents the average power
extracted across a constant irradiance of 1000 W and
varying temperatures of 30°C, 25°C, and 20°C.
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Figure 9. PV Average Output Power at Constant Irradiance (1000
W/m?)

The WOVE-NSJ-LM-FNN MPPT controller produced
the highest average power across all temperatures, with
values of 3125.67 W, 3194.00 W, and 3259.00 W at
30°C, 25°C, and 20°C, respectively. The TLBO-LM-
FNN controller ranked second in performance with a
high average power extraction across all temperatures.
For instance, at 25°C, the TLBO-LM-FNN Controller
produced 3111.00 W compared to 3194.00 W by the
WOVE-NSJ-LM-FNN  MPPT controller. The other
MPPT controllers showed an expected increase in output
power as the temperature was decreased. These results
are consistent with the known temperature dependence of
PV modules, where lower temperatures improve panel
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efficiency. For example, the WO-LM-FNN controller
exhibited a significant increase in power, from 2292.00
W at 30°C to 2635.00 W at 20°C. The HEAO-LM-FNN
controller also reflected this trend, with a power increase
from 2667.00 W to 279233 W over the same
temperature range.

However, POA-LM-FNN and AVOA-LM-FNN
controllers deviated from this trend. These MPPT
controllers exhibited less pronounced and inverse
variations in output power, indicating that these
controllers may have a potential difficulty in adapting to
temperature-induced  changes in PV module
characteristics. Also, JAYA-LM-FNN and DTBO-LM-
FNN controllers exhibited relatively lower performance
compared to other controllers. At 30°C, the JAYA-LM-
FNN controller produced 1483.67 W, which was
significantly lower than that of the WOVE-NSJ-LM-
FNN and TLBO-LM-FNN controllers. Similarly, the
DTBO-LM-FNN controller produced an average output
power of 2037.00 W at the same temperature. Finally, the
AVOA-LM-FNN controller also underperformed, as its
output power produced was relatively low. For instance,
at 25°C, the AVOA-LM-FNN controller produced an
average output power of 2114.67 W.

As discussed in the results, the WOVE-NSJ-LM-
FNN and TLBO-LM-FNN controllers exhibited robust
performance due to their high average output power and
consistent trends across different simulated temperatures.

4.3. Evaluation of Efficiency Under Random Irradiances

The performance of the various ANN-based MPPT
controllers under varying irradiance levels of 1000 W/n?,
500 W/m?, and 100 W/m?, as well as at a standard
temperature of 25°C, was also assessed. The results
obtained are compared in Figure 10.
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Figure 10. Efficiency of ANN-Based Controllers at Different
Irradiances

The WOVE-NSJ-LM-FNN controller had the highest
efficiency across all irradiance levels with values of 96%,
97%, and 96% at 100 W/m?, 500 W/, and 1000 W/n¥,
respectively. The TLBO-LM-FNN controller followed
closely as the second-best efficient controller, with a
maximum efficiency of 91% at 500 W/m? and a
minimum efficiency of 87% at 100 W/m2. The other
controllers, such as WO-LM-FNN, HEAO-LM-FNN,
and POA-LM-FNN, exhibited efficiencies in the range of
73-79% with stable performance across different levels.
On the other hand, JAYA-LM-FNN, AVOA-LM-FNN,
and DTBO-LM-FNN consistently underperformed, with
efficiencies ranging from 60% to 75%. The JAYA-LM-
FNN controller, however, improved significantly with an
efficiency of 75% at 1000 W/me. Clearly, the proposed
WOVE-NSJ-LM-FNN  controller was robust and
efficient in the tracking at different irradiance levels.

4.4. Tracking Time Analysisof FNN-Based MPPT
Controllersat Standard Conditions

In Table 5, we compare the tracking time of the MPPT
controllers under standard temperature of 25°C and
varying irradiance levels.

Table 5. Comparison of average tracking time across varying
irradiances of 1000 W/m?, 750 W/m? 500 W/m?, 250 W/m? and 100

W/m?

MPPT Trackingtime insecondsat varying irradiances
Controller 100 250 500 750 1000

W/m?2 W/m?2 W/m?2 W/m?2 W/m?2
WO-LM-
ENN 0.319  0.103 0.054 0.5 0.04
TLBO-LM- 0.391  0.125 0.084  0.064  0.045
FNN
JAYA-LM- 0.333  0.207 0.06 0.046 0.03
FNN
HEAO-LM-

0.219  0.102 0.066  0.052  0.049
FNN
WOVE-NSJ-
LM-ENN 0.207 0.09 0.068  0.057  0.035
POA-LM- 0.386  0.111 0.066  0.062  0.043
FNN
AVOA-LM- 251 0.119 0.076  0.052  0.032
FNN
ENTEO"‘M' 0.322  0.136 0.079  0.055  0.041

According to the results in the table, the proposed
WOVE-NSJ-LM-FNN consistently had the shortest
tracking times, ranging from 0.207 seconds at 100 W/m?
to 0.035 seconds at 1000 W/mt. The HEAO-LM-FNN
controller also demonstrated stable performance with
relatively low tracking times across all irradiances. The
AVOA-LM-FNN controller also had shorter tracking
time under high irradiance but lagged slightly at lower
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levels. In contrast, the JAYA-LM-FNN controller also
demonstrated excellent and minimal tracking speed at
high irradiance levels but struggled significantly at lower
irradiance levels. The TLBO-LM-FNN and DTBO-LM-
FNN performed more slowly overall in terms of tracking
performance. The classical WO-LM-FNN and POA-LM-
FNN controllers exhibited noticeable delays under low
irradiance levels. Collectively, these results demonstrate
that the proposed WOVE-NSJ-LM-FNN controller is
efficient in extracting maximum power at lower tracking
times. The average tracking times of all controllers are
compared in Figure 11.
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Figure 12. Comparison of the power transient response of controllers to
scenario simulation
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In a well-designed solar tracking system, overshoot is a
key factor to minimize because excessive deviation from
the optimal power point wastes energy and can lead to
instability. The percentage overshoot of each algorithmis
compared to the proposed WOVE-NSJ-LM-FNN in
Table 6.
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Figure 11.Comparison of average tracking times of ANN-based MPPT
controllers under different irradiance and standard temperature of 25°C

The average tracking time of the proposed WOVE-NSJ-
LM-FNN was the shortest at 0.0914 seconds. The
HEAO-LM-FNN controller closely followed with an
average tracking time of 0.0976 seconds. The POA-LM-
FNN, AVOA-LM-FNN, and DTBO-LM-FNN had
average tracking times of 0.1336 seconds, 0.1260
seconds, and 0.1266 seconds, respectively. The JAYA-
LM-FNN and TLBO-LM-FNN controllers had average
tracking times of 0.1352 seconds and 0.1418 seconds,
respectively, which are relatively higher. However, the
average tracking time of the WO-LM-FNN controller
was the highest at 0.2032 seconds.

4.5. Transient Power Response Analysis of FNN-Based
MPPT Controllers

In Figure 12, we simulated transient scenarios using
varying temperatures and irradiance levels and compared
the power change responses of the various controllers.
The conditions used for simulating the transient scenarios
are T = 30°C, | = 1000W/m? (first scenario), T = 25°C, |
= 750W/m? (second scenario), and T = 18°C, | = 500 W/
n? (third scenario).

Table 6. Comparison of the percentage overshoot for the power
response

Training Percentage Overshoot for different time
Algorithm periods on the transient curve
(0-0.2)s (0.2-0.4)s (0.4-0.6)s

AVOA-LM-FNN 9.87910 37.28400 1.43060
DTBO-LM-FNN  11.53400 48.76500 1.42970
HEOA-LM-FNN  16.84900 10.60000 5.17580
JAYA-LM-FNN 58.05000 126.47000 11.95800
POA-LM-FNN 13.25200 22.50600 0.00002
TLBO-LM-FNN 6.78860 5.33080 0.00029
WO-LM-FNN 9.87910 31.72000 0.11396
WOVE-NSJ-LM-  0.00002 0.00575 0.00342
FNN

As compared in Table 6, WOVE-NSJ-LM-FNN achieved
virtually zero overshoot across all observed time
intervals: 0.00002% (0-0.2 s), 0.00575% (0.2-0.4 s), and
0.00342% (0.4-0.6 s). These results show the MPPT’s
exceptional transient stability and precise convergence to
the steady-state operating point. The integration of
WOVE-NSJ and LM mechanisms in a hybrid MPPT
controller resulted in highly effective weight initialisation
and adaptive learning dynamics for the FNN.

On the other hand, the JAYA-LM MPPT demonstrated
severe instability, with overshoot values reaching
58.05% in the initial interval and peaking at an excessive
126.47% between 0.2 and 0.4 seconds, before dropping
to 11.95% in the final phase. Overshoots exceeding
100% are unacceptable in MPPT systems, as they not
only reflect poor control performance but also pose risks
of hardware stress and energy loss. The JAYA-LM
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MPPT lacked the damping characteristics necessary for
smooth transient response. Moderate overshoot levels
were observed in AVOA-LM (37.28%), DTBO-LM
(48.76%), WO-LM (31.72%), and POA-LM (22.51%)
during the 0.2-0.4 s interval. Although these values are
significantly lower than those of JAYA-LM, they still
exceed the thresholds typically considered acceptable for
MPPT operation. Among the other MPPT controllers,
TLBO-LM emerged as the most stable alternative to
WOVE-NSJ-LM. It maintained overshoot below 6.79%
in the first interval and exhibited controlled behaviour
throughout the remaining time periods. Overall, the
comparative analysis shows WOVE-NSJ-LM as the best-
performing MPPT algorithm among those tested in terms
of transient response and control stability.

Again, the settling times of each MPPT controller are
compared in Table 7 during the same time periods.

Table 7. Comparison of settling time for power response

Training Settling time for differenttimeperiodson the
Algorithm transient curve

(0-0.2)s (0.2-0.4)s (0.4-0.6)s
AVOA-LM- 3.20E-02 1.55E-02 1.02E-02
FNN
DTBO-LM- 3.15E-02 1.55E-02 1.12E-02
FNN
HEOA-LM- 3.02E-02 1.35E-02 1.28E-02
FNN
JAYA-LM-FNN  2.52E-02 1.87E-02 2.05E-02
POA-LM-FNN 3.11E-02 1.51E-02 1.38E-02
TLBO-LM-FNN  3.30E-02 1.01E-02 7.94E-03
WO-LM-FNN 3.20E-02 1.54E-02 1.31E-02
WOVE-NSJ- 3.31E-02 4.50E-05 0.00E+00
LM-FNN

The settling time analysis further demonstrates the strong
performance of the WOVE-NSJ-LM algorithm in MPPT
control. While most algorithms achieved settling times
within  the 10-30 ms range, WOVE-NSJ-LM
demonstrated an almost instantaneous response, reaching
the steady-state maximum power point in just 4.5 x 107
s during the 0.2-0.4 s interval and achieving a complete
settling time of 0.00 s by 0.4-0.6 s. This performance
indicates that the controller eliminates overshoot and
converges to the optimal operating point with faster
speed. TLBO-LM exhibited the next best performance
among the remaining algorithms, with a fast-settling time
of 7.94 ms in the final interval. However, it still fell short
of the near-instantaneous response of WOVE-NSJ-LM.
Other algorithms, including WO-LM, POA-LM, HEOA-
LM, AVOA-LM, DTBO-LM, and JAYA-LM, recorded
longer settling times ranging from 10 to 30 ms. Notably,

JAYA-LM again underperformed, with a final settling
time of 205 ms. These findings demonstrate the
effectiveness of combining WOVE-NSJ global weight
initialization with Levenberg—Marquardt fine-tuning. The
proposed hybrid MPPT controller produced negligible
overshoot and a near-instantaneous settling time, with
high responsiveness to rapid changes in irradiance and
temperature.

4.6. Transient Voltage Response Analysis of FNN-Based
MPPT Controllers

In Figure 13, voltage transient scenarios are simulated
using varying temperatures and irradiance levels. The
conditions simulated are T = 30°C, | = 1000W/m? (first
scenario), T = 25°C, | = 750W/m2 (second scenario), and
T=18°C, 1=500 W/ m? (third scenario).

350

300

T=18°C
1=500 W/m2

P——
e

T=25°C
1=750 W/m2 i

Voltage (V)
g
i

—— WO-ANN

—— TLBO-ANN
———JAYA-ANN
HEAO-ANN

—— WOVE-NSJ-LM-ANN
———POA-ANN

——— AVOA-ANN

——— DTBO-ANN

T=30°C
1=1000 W/m2

-50

I I I
0 0.1 0.2 0.3 0.4 0.5 0.6
Time (s)

Figure 13. Comparison of thevoltage transient response of controllers
to scenario simulations

The settling time of each MPPT controller for the voltage
transient is compared in Table 8 for the same time
intervals.

Table 8. Comparison of settling time for voltage response

Training Settling time for differenttime periods on
Algorithm the transient curve

0-0.2 0.2-04 0.4-0.6
AVOA-LM 2.81E-02 1.55E-02 1.78E-02
DTBO-LM 2.74E-02 1.55E-02 1.88E-02
HEOA-LM 2.58E-02 1.37E-02 1.09E-02
JAYA-LM 2.05E-02 1.87E-02 1.75E-02
POA-LM 2.68E-02 1.51E-02 1.88E-02
TLBO-LM 2.96E-02 1.04E-02 9.17E-03
WO-LM 2.81E-02 1.54E-02 1.92E-02
WOVE-NSJ-LM  3.96E-02 0.00E+00 0.00E+00
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In terms of voltage response, most algorithms settled
within the expected range of 10-30 ms. Notably, WOVE-
NSJ-LM showed a distinct advantage by achieving a
settling time of 0.00 s in both the 0.2-0.4 s and 0.4-0.6 s
intervals, indicating an immediate transition to steady-
state without delay. TLBO-LM and HEOA-LM also
performed well, with settling times of 9.17 ms and 10.9
ms, respectively, in the final interval. These values
exhibit rapid stabilization, although not as rapidly as
those of WOVE-NSJ-LM. JAYA-LM recorded moderate
settling times, but its earlier overshoot issues limit its
overall effectiveness. Overall, the results show that
WOVE-NSJ-LM  combines fast settling with low
overshoot, which is beneficial for maintaining stable
voltage in MPPT systems. While other algorithms offer
acceptable performance, WOVE-NSJ-LM demonstrates
strong performance under the tested transient conditions.

V. Conclusion

The increasing penetration of photovoltaic (PV) systems
into modern power networks highlights the importance of
reliable and efficient maximum power point tracking
(MPPT) to ensure stable power delivery under dynamic
environmental conditions. Conventional MPPT methods,
such as the Perturb and Observe (P&O) method or
classical heuristic controllers, often struggle with slow
convergence, entrapment in local optima, poor
adaptability to fluctuating irradiance and temperature,
and oscillatory steady-state behaviour. These limitations
translate into significant power losses and reduced
system efficiency. Addressing these challenges formed
the core motivation for this research.

To overcome the above limitations, this study proposes a
novel hybrid MPPT controller based on the improved
Walrus Optimization with Vigilante Selection and
Juvenile Update (WOVE-NSJ), combined with the
Levenberg—Marquardt (LM) algorithm for training a
feedforward neural network (FNN). The WOVE-NSJ
algorithm was designed to enhance the balance between
exploration and exploitation during the weight
initialization of the FNN, thereby avoiding premature
convergence. The LM algorithm, on the other hand,
refines the initialized weights to accelerate convergence
and minimize training errors. Together, the hybrid
WOVE-NSJ-LM  training framework provided an
effective tool to address the shortcomings of both
conventional MPPT methods and previously explored
metaheuristic ANN models.

The proposed WOVE-NSJ-LM-FNN MPPT controller
was evaluated against other ANN-based MPPT

controllers under varying irradiance and temperature

conditions. The results established several key findings:

a) The WOVE-NSJ-LM-FNN consistently achieved
near-perfect efficiencies of approximately 99.98%
across variations in irradiance and temperature. It
outperformed all benchmark controllers, with TLBO-
LM-FNN emerging as the closest competitor (up to
97.9%). Controllers such as JAYA-LM-FNN and
DTBO-LM-FNN  significantly ~ underperformed,
particularly at higher temperatures.

b) The proposed controller delivered the highest
average power across all tested temperatures,
demonstrating superior robustness to thermal
variations. TLBO-LM-FNN again ranked second,
while POA-LM-FNN and AVOA-LM-FNN failed to
adapt effectively to temperature changes.

¢) The WOVE-NSJ-LM-FNN exhibited the shortest
average tracking time (0.0914 s), significantly
outperforming classical WO-LM-FNN (0.2032 s).
This demonstrated the proposed controller’s ability
to achieve rapid convergence to the MPP, which is
essential under fluctuating irradiance conditions.

d) In dynamic simulations, WOVE-NSJ-LM-FNN
achieved virtually zero overshoot and near-
instantaneous settling times (as low as 4.5 x 107 s),
reflecting exceptional stability and adaptability. By
comparison, controllers such as JAYA-LM-FNN
exhibited severe instability with overshoot exceeding
100%, while TLBO-LM-FNN maintained moderate
but acceptable stability.

e) \oltage transient analysis confirmed that WOVE-
NSJ-LM-FNN not only eliminated overshoot but
also reached steady-state voltage faster than all other
controllers, ensuring both power quality and
reliability.

While the proposed controller shows significant promise

in simulation studies, future work should extend this

research in several directions. First, hardware-in-the-loop

(HIL) or real-time experimental validation is needed to

verify performance under practical operating conditions.

Second, scalability to larger PV arrays and grid-

connected systems should be explored, particularly under

partial shading scenarios where the complexity of

MPPTs increases. Finally, the adaptability of the

proposed method to hybrid renewable energy systems

(PV-wind, PV-battery) could be investigated to extend

its application beyond standalone PV systems.
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