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An Approach Based on Golden Eagle Optimization Algorithm for
Maximum Power Point Tracking of PV Panel Under Partial
Shading Conditions

Highlights

KD

«» The GEO algorithm is inspired by the hunting behavior of golden eagles to overcome challenges in
traditional MPPT techniques.
« The GEO MPPT technique has been tested through simulations in three partial shading scenarios.

KD

«» The performance of the GEO algorithm has been compared with GA and PSO.

Graphical Abstract

This graphical illustrates a solar energy system enhanced with Maximum Power Point Tracking (MPPT), utilizing a
bio-inspired optimization approach (Golden Eagle Optimization) for efficient energy management and conversion.

Figure. Graphical Abstract

Aim
The study aims to develop and validate an innovative Maximum Power Point Tracking (MPPT) technique using the

Golden Eagle Optimization (GEO) algorithm. This method is designed to accurately determine the global maximum
power point (GMPP) to improve the efficiency of photovoltaic (PV) systems under partial shading conditions

Design & Methodology

Inspired by the hunting behavior of golden eagles, the GEO algorithm is used to address the limitations of traditional
MPPT techniques. The effectiveness of the algorithm is verified through simulations in three different partial shading
scenarios. The comparative analysis highlights the superior performance of the algorithm in terms of convergence
speed, accuracy and robustness compared to other meta-heuristics such as Genetic Algorithm (GA) and Particle
Swarm Optimization (PSO).

Originality

This paper presents the GEO algorithm as an innovative approach for MPPT and highlights its simplicity, adaptability
and superior performance compared to conventional and existing meta-heuristic algorithms.

Findings

The GEO algorithm showed a 10% improvement in tracking efficiency and a 20% speedup in convergence time
compared to GA and PSO under partial shadowing conditions. Its simplicity and the need for minimal computational
resources make it highly suitable for real-time MPPT applications.

Conclusion

The study highlights the potential of the GEO algorithm to improve PV system performance under partial shading
conditions. By improving energy extraction efficiency and reducing convergence time, the GEO-based MPPT
technique contributes to the wider adoption of solar energy as a reliable and sustainable power source.
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ABSTRACT

(GEO) method, specifically designed to enhance the efficiency of photovoltaic (PV) syste
Unlike traditional MPPT approaches that struggle with local peaks in power-voltage curv
leverages the hunting behavior-inspired algorithm to accurately locate the global maximum p
of the GEO MPPT technique is demonstrated through extensive simulations across t i

contributes significantly to the advancement of solar PV systems, enhanci
environments. By mitigating the impact of partial shading, this work p es tl

sustainable power solution.

1. INTRODUCTION

The increasing global population demand

[1]-[

its lower

present challenges [5]-[7].
Perturb and Observe (P&O
&0 Mas limitations,
pthms like ANFIS

algorithm offers a unique
inpoint the global maximum
even under partial shading
mulations show GEO outperforms
conventional PT methods, enhancing PV energy
extraction and supporting the adoption of solar energy.
Table 1 provides indispensable citations to assist readers
in grasping crucial terms utilized throughout the paper.

Fossil fuels contribute to climate change, making
renewable energy crucial. However, the intermittent
nature of renewable energy sources (RESs) poses
challenges for electricity network operators in terms of
reliability and economic viability for electricity-
generating companies[16]-[19] Utilizing prevailing and
well-established technology in energy generation context
PV systems exhibit excellent performance in both serial
and parallel configurations [20]-[22]. The basic solar
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enarios, each representing
T techniques, showcasing its
jon of GEO MPPT leads to substantial

panel constitutes a vital element of the solar energy
ion setup, meticulously engineered to operate
without environmental emissions or additional
components [23]. Metaheuristic algorithms are
optimization techniques designed to quickly search large
search spaces and find near-optimal solutions [24],
[25][26][27][28].  Population-based = metaheuristic
algorithms often utilize swarm intelligence or bio-
inspired algorithms. Deterministic methods such as P&O
are commonly paired with metaheuristic algorithms [25],
[29]-[31]. Although metaheuristic algorithms select the
best available option at any given moment, they may
yield poor results under partial shading conditions
(PSCs) because they do not consider alternative options
or future consequences. While improved metaheuristic
algorithms have been proposed for PSCs, such as those
mentioned in [32]-[34], they still face challenges
including  computational burden,  steady-state
oscillations, and difficulty in escaping poor solutions.
Typically, these methods require prior knowledge of P-V
or power-current (P-l) characteristics to function
effectively under PSCs. Artificial neural networks
(ANNSs) are commonly used in Al approaches for MPPT
construction [9], [35]-[38]. ANNSs consist of layers of
neurons that adjust their parameters using optimization
algorithms like gradient descent to understand the
relationship between inputs and outputs. However, these
algorithms may demand significant computational
resources and extensive data for training [39], [40]. The
Simulated Annealing (SA) algorithm, developed by
Lyden for MPPT tracking [37], is an example of a single-



solution metaheuristic algorithm. However, SA may take
time to produce the final result if the cooling process is
delayed. Particle Swarm Optimization (PSO) was one of
the first population-based metaheuristic algorithms
implemented for MPPT [38]. Despite its widespread use
in addressing PSC issues, PSO suffers from long settling
times and persistent fluctuations in PV output power
during tracking. Consequently, additional population-
based metaheuristic algorithms have been proposed for
MPPT. One approach involves integrating a
metaheuristic algorithm with a deterministic approach
(DA), such as the P&O method, to combine their
strengths and pinpoint the GMPP during tracking. For
example, Lian et al.[41] suggested a hybrid technique
that merges P&O and PSO. To assign the nearest local
peak, the P&O technique is initially used. Afterwards, the
PSO approach is used to look for GMPP moving forward.
Proposed a hybrid technique that combines P&O and
PSO. Initially, the P&O technique is used to identify the
nearest local peak, followed by the use of PSO to search
for GMPP. Ishaque et al.[42] suggested an enhanced
MPPT technique incorporating a modified PSO
algorithm, while Makhloufi et al. [43] used a logarithmic
PSO approach to speed up convergence without reducing
the search window. Millah [44] enhanced the
performance of the grey wolf optimization (GWO)
algorithm by adding pouncing behaviors and addrtronab
weighting criteria.

Teshome et al. [45] modified the firefly algorithm (F A
to reduce tracking time and the number of operati e
cycle. Research on MPPT using metaheuristic algOrith
underscores the need for a comprehensive under§tandin

of optimization issues.
A

Table 1. Comparison of previous research

stooping behavior exhibited by golden eagles, the
proposed approach incorporates this behavior,
mimicking the genuine hunting behavior of golden
eagles. Experiments conducted in various static and
dynamic scenarios validate the proposed technique.
Table 1 provides a comprehensive review and
comparison of previous studies investigating MPPT
using various algorithms.The table presents a
comparative analysis of diverse optimization algorithms
utilized for MPPT in PV systems. Each algorithm is
assessed for its benefits, compared with other methods,
drawbacks, and outcomes. Algorithms such as DOA,
BOA, FA, FPA, GWO-PSO, and GEO are examlned
outlining their advantages and limita i
MPPT efficiency across different s
showing potential, further
systems and investigatig
crucial for thorough eval

tion strategy widely
omains, demonstrating
ristic methods like Genetic
PSO in terms of convergence
effectrveness simplicity,

aic systems under partial shade conditions,
proves pivotal, as showcased through detailed
amaty/ses of optimization outcomes for both series- and
parallel-connected PV panel configurations.

Comparison

Ref Algorithm Advantages of Methods Disadvantages Result
The research predominantly
relies on simulated results, The study presents the
The implementation of the requiring validation in rea_l- DOA as a_s_uperior me_thod
DOA markedly reduces world PV systems to confirm  for optimizing MPPT in
convergence time and failure DOA's practical effrcacy._ PV systems_under partial
rates compared to other MCA. PSO While DOA shows promise shade, offering faster
[46] DOA modern MOAs, enhancing GWO' ' ih decreasir_rg convergence convergence time (0._4
MPPT efficienéy in critical time and_ failure rates, further  seconds) and zero failure
scenarios with partial shade exploration and test_lng are rate corhpar_ed ro orher
PV systems needed to evaluate its MOA_s, indicating its
' performance effectiveness for
comprehensively, especially challenging conditions.
in unexplored scenarios.
BOA's efficacy could be -I(;\];\?/g Cl)aégrrtGp;rAf\o;T;d
The utilization of the subject to variation based on GSA éxhibiting higher
Butterfly Optimization system configurations and accuracy faster tracking
Algorithm (BOA) presents a environmental factors, ! 2R0
47 notable enhancement in GWO. PSO necessitating thorough 2)\?\78 (igzif’f :astelr mag
(471 BOA tracking precision and speed GSA ' ' validation and testing in real- PSO-éSA), ar:d isnﬁanch

within partially shaded PV
arrays, presenting a viable
solution for real-time
applications.

world PV setups to evaluate
its performance
comprehensively and address
any practical implementation
challenges or limitations.

efficiency with reduced
statistical metrics (STD,
RMSE, MAE, RE) in three
insolation scenarios
studied.




Table 1 (Cont.). Comparison of previous research

Ref Algorithm Advantages cho ,\rzgsr:;s;sn Disadvantages Result
Further validation in real-
world PV systems is
required to The FA outperforms other
comprehensively assess the  methods, exhibiting
The FA demonstrates effectiveness of the FA superior efficiency, quicker
accurate MPP tracking, method, which shows resolution of transient
improved performance promise in addressing situations, and simpler
parameters (convergence P&O. PID transient scenarios and parameter tuning, leading
[48] FA and tracking speed), and PSO ' ' outperforming PSO, but to successful MPPT in
enhanced tracking requires further exploration  both normal and partial
efficiency, leading to the in unexplored conditions, shading conditions,
maximization of energy particularly under partial significantly improving
recovery from solar systems. shading, suggesting the overall ef
necessity for additional energy rec rom solar
research and development PV,
to integrate parameters Iik6
humidity and wind.
The effectiveness of the
FPA method is mainl
The FPA effectively givri:Julzttiegnl;S;:g
Ldne dnet:f;frsotnh; sghlggianlgpeak experiments, The FPA dgmonstrates
offering swift conver’gence the nea@f uperiority in "’.1” te_sted
and adaptability for MPPT cases,_conflrmmg its
in solar PV systems. lts effectiveness as an MPPT
[49] FPA dual-mode search introduces PSO, P&O method fo_r sol_ar sy_stems
crucial randomness, unde_r various |r_rad|ated
enhancing performance in §:ond|t|ons, leading to
critical shade scenarios, |ncr§ased energy ha_rvest
while its simplicity makes it and income generation.
a practical solution. Lo
1ons may limit its
neralizability, requiring
autious interpretation.
The hybrid MPPT method,
integrating GWO and PSO,
outperforms conventional
rechniques fike P&O and The hybrid GWO-PSO-  The hybrid GWO-PSO-
offering improved trackir’1g bas_ed MPPT_ method, based MPPT techm_que
precision, faster \_Nhlle _potedntlally resource- demli)_nstrates super]:or
! intensive due to co- tracking accuracy, faster
Zgg\gr;gaigle}gctg%g“ﬂ\fv?{h simulation_, show_s promise convergence to the GMPP,
simplicity and robustﬁess it based on simulation and higher performar_]ce
[50] GWO-PSO  requires only two control ' GWO, PSO, results, but real-world compared to alternative
parameters, ensures GMPP P&O vall_datlon is needed for strategneg (GWQ, PS_O, and
attainment ’regardless of varleq_enwronmental ) P_&O)_, hlghllgh_tlr_]g its
initial conditions. and conditions. H_owever, its simplicity, flexibility, and
doesn't mandate r’)rior perforr_nance m_unexplored re_duced cont_rql para_meters
knowledge of PV array scenarios rergams \Iivnholutdrequ:(nn? prior
AP uncertain and warrants nowledge of solar system
?:q;ﬁi?;iﬁ;'g;ﬁ;gﬂ!:y'ng further investigation. characteristics.
various PV systems,
irrespective of grid
connection status.
While the proposed The proposed method
. . method shows surpasses GEO, reducing
Lﬁc;:f}g?itr:?g tsggoggg adya_ncements over ) tracking time by 42.41_%
algorithm improves tracking exmthg !\/II—!As, |_t may still  on average. In comparison
accuracy and reduces have limitations in to PSO, it saves an average
) duration, requiring just one unexplored_scenarl_os. o_f 18.52% of the_ tracking
GEO with extra par’ameter for GEO. PSO Moreover, integrating time. Across various
[15] stooping implementation. Compared GWd B AY stooping behavior could dynamic scenarios, the
behavior } ' complicate the algorithm, proposed algorithm

to other MHAs like PSO,
GWO, and BA, the proposed
method demonstrates
superior dynamic tracking
precision.

impacting its real-world
usability. Further
validation in actual PV
systems is necessary due to
the study's reliance on
simulated data.

improves dynamic tracking
accuracy by 1.95%, 2.66%,
3.56%, and 4.24% when
compared to GEO, PSO,
GWO, and BA,
respectively.




2. PROBLEM DEFINITION

The paper proposes a novel approach using the Golden
Eagle Optimization (GEO) Algorithm for Maximum
Power Point Tracking (MPPT) in solar PV systems
affected by partial shading. The GEO refines the search
process to precisely identify the global maximum power
point (GMPP) even under challenging shading
conditions.

The duty cycle represents the ratio of the pulse duration
to the period duration [54], [55]. It's expressed as a ratio
from O to 1 or 0 to 100%, signifying the proportion of on-
time to the total cycle time. This concept is clarified
within the context of ideal pulses, resulting in the creation
of a square wave.

D= ﬂ x 100% 1)
Similarly, a duty cycle can be expressed as:
PW
D=-— 2

A symmetrical pulse is generated with a 50% duty factor,
while an asymmetrical pulse results when the pulse width
equals half the period. The term "duty factor" can
encompass both the duty cycle and its reciprocal,
indicating the ratio of the pulse duration to the pulse
interval [56]. Adjusting the duty cycle provides a digital
method to regulate electrical voltage and power. PWM
generates a continuously adjustable DC voltage.

Following PWM circuitry, demodulation results ig

voltage averaging. Despite the on-off switching, @
analog signal is produced due to the variable duty cycl
Phase-cut control utilizes a variable duty cy
sinusoidal voltage to regulate motor speeds.
buck-boost converter, each duty cycle is receive

continues until the GEO algorithm rea
duty cycle, considering factors li
irradiance variations. Figure 1 j
buck-boost converter.

‘If77

FiguM DC-DC buck-boost converter

The electrical model of a solar panel with a single diode
is depicted in Figure 2. By ignoring the shunt resistance,
the output current can be represented as shown in
Equation (3). The photocurrent of a solar module is
determined by Equation (4). When the photocurrent is
higher than the output current, the output voltage can be
described as shown in Equation (5). If the photocurrent is
less than the output current, the output voltage is
represented as shown in Equation (6).

MA
—>
Ipr m +
D
Iph MGD l Ia gksh Vpr_m

Figure 2. solar panel with single diode

Vov.m+Rslpy m
Ipvm=phm—1[ex (p £ ) 1] ©))
The following equation is applled determine the
photocurrent, L, ,,, of a solar module?
Ljm = (Ise w + k:AT)2
when Iph-m is higher thag |

as.

va,m = a. (6)
Which
AT = )
v, 8
Vv m
2z -= ©)
v:/n Voc N
Io expE ) (10)
t

Voc—m = VOC—N + Vt[n(l) + kVAT (ll)

The objective function guides the optimization process
by defining it as the inverse of the average power output
of the PV system. Minimizing this cost function
corresponds to maximizing the power output, aiming to
achieve maximum energy extraction efficiency under
partial shading conditions. The cost function for modules
is expressed as Z = 1/P, where obtaining the inverse of
the average power is crucial for determining the
maximum power value. This cost function is inversely
proportional to the average power, serving as a measure
of solution quality in the optimization algorithm. The
GEO algorithm continually seeks the smallest value for
the boost converter before reaching maximum power
output, with the duty cycle symbolizing the GEO
algorithm's core. According to this equation, high power
yields low Z, resulting in minimal cost. The specified
parameters include the upper bound (0, 1), and lower
bound (0.9) for both the GEO and the population of the
GEO. The initial population of golden eagles is
established, denoted as (n). The fitness value reaches its
maximum when the power reaches its peak. The cost
function outlined in this paper is defined by the equation
in (14):

Z—— (12)
The fitness function is represented as the Cost Function
as shown in Equation (13). During the evaluation of



brightness, all golden eagles are directed towards the
brighter ones. During the position update, all GEOs are
relocated to a more advantageous position.

- . 1
function =CostFunctiondd ————
Power_Average

(13)

3. GOLDEN  EAGLE  OPTIMIZATIiON
ALGORITHM-BASED MPPT

The GEO algorithm was chosen for this study due to the
unique characteristics that make it well-suited for MPPT
in PV, especially under partial shading conditions.
Inspired by the hunting behavior of golden eagles, the
GEO algorithm embodies an effective balance between
exploration and exploitation, reflecting the eagle's
strategic approach to locating and capturing prey while
conserving energy, critical in MPPT, as shown in Figure
3 depicts the observation of attack and cruise vectors in
2D space, with a distinct golden eagle depicted in each
variation. This balance ensures thorough exploration of
the power-voltage curve to avoid local maxima while
efficiently converging on the GMPP.

Cruise

2-Scarch Space
SR,

i Attack

@

n challenges,
rent scenarios. It
pared to other
and PSO, making it

to implement, requiring
nd computational resources,

effectiveness
locating the even under partial shading
conditions, makes it particularly valuable for optimizing
PV systems in real-world environments where shading is
common. The pseudocode below provides a detailed
outline of the GEO algorithm and demonstrates its
application in MPPT (Maximum Power Point Tracking)
systems.

Algorithm 1: Algorithm: Golden Eagle Optimization (GEO)
Start

Initialization: Set the algorithm parameters:

e  Upper bound (UB), Lower bound (LB) for the duty cycle:
UB=1, LB=0.9

e Number of iterations (Maxlter).

e Number of golden eagles in the population (n).

. Randomly initialize the positions of golden eagles (X)
within the defined [LB, UB].

. Calculate the fitness value for each golden eagle based on
the cost function Z=1/P, where P is

2. Main Loop: (Repeat until Maxlter is reache vergence
occurs)

L]

brightngss (fitness value) of each
st golden eagle (global best).
° en eagle:
®

Update i ng the hunting behavior, including:

bservation Vector: Calculate the relative
position of prey (optimum duty cycle).

.. = Attack and Cruise Behavior: Adjust the
eagle's movement using exploration and
exploitation strategies (balancing search space

exploration and convergence).
® Ensure the new position lies within the bounds
LB and UB.
e  Evaluate Fitness:

O  Compute the new fitness value Z for each
golden eagle.

O Ifthe new fitness is better, update the current
position and record the new global best.

3. Stopping Criteria:

e |f the global best position corresponds to the desired
accuracy (maximum power), or if Maxlter is reached,
terminate the algorithm.

4. Output:

®  Return the optimal duty cycle corresponding to the global
best fitness value (X_best).

®  Calculate the maximum power output (GMPP) based on
this duty cycle

Stop

While many state-of-the-art optimization algorithms
exist, the unique blend of exploration, exploitation,
robustness, efficiency, and simplicity makes GEO an
attractive choice for MPPT in PV systems. A visual
representation of the complete solar system is depicted in
Figure 4, showcasing the system's block diagram. Its
effectiveness in navigating the complexities of partial
shading, as demonstrated through simulations and



comparisons with conventional MPPT techniques,
further solidifies its potential as a powerful tool for
enhancing the performance and reliability of solar PV
systems.

DC/DC buck-boost
convertor

| Load

A

Pulse for
Converter

Power from
Panel

heuristic based
MPPT algoritm

Photovoltaic panel under
partial

Figure 4. A graphical depiction of the complete solar system.

3.1. The PSO-GA Hybrid Algorithm
The hybrid PSO-GA algorithm begins by initializing
parameters for both the PSO and GA components.
Firstly, the PSO component generates an initial
population of duty cycles for the Buck-Boost converter,
evaluating the resulting power output from the PV system
and adjusting the duty cycles according to PSO
principles. Subsequently, the fittest duty cycles are
transferred to the GA component, where crossover and
mutation operations further refine them. The updated
duty cycles from both PSO and GA are then merged, ang,
the process iterates until either the optimal duty cycle for,
maximum power point tracking is identified or
maximum number of iterations is reached.
amalgamation of PSO and GA enables the alg

local optima, whereas GA is proficient i
refining solutions through crossove

can effectively seek the optimg#/duty cy:

PV systems across varying r

population size, iteratio
rates, and selecy

tuned. Figure 5 illustrates the operation of the hybrid
PSO-GA for MPPT in PV.

Initialize
PSO Parameters GA Parameters

I PSO Generate Initial Population of Duty I
I Algorithm Cycles I
v
Maximum Power Point (MPP) from PV
System
I_______l______'
| ‘ Analyze Power Output | I
I PSO Algorithm l
z |

Update Duty Cycles based on PSO
Principles I

Select Fittest

Duty Cycles for
GA Algorithm

Perform Crossover and Mutation on
Duty Cycles I

————— £ Ny ——-

Combine PSO and GA Duty Cycles |

Duty Cycle is Found or Maximum
Iterations Reached

I Iterate .til
I Opr'.wal

Optimal Duty Cycle for MPPT in PV
System

Combined PSO-GA for MPPT in PV

flation studies aimed to explore two distinct
grios involving partial shading in PV. The objectives
or€ to analyse the performance of series-connected PV
panels and parallel-connected PV panels under partial
shading conditions.

4.1. Input Parameters

The simulation utilized various parameters, including
those specific to the PV panels and the Simulink model.
Table 2 provides a comprehensive list of these
parameters, encompassing maximum power, cell count,

conditions. To ensure opfimal p ce in diverse  voltage, current, temperature coefficients, and
details such as resistances.
Ssover and mutation
ech s must be meticulously
Table 2. Parameter definition
Module Data Value
Maximum Power (W) 220.5
Cells per module (Ncell) 60
Open circuit voltage Voc (V) 36.8
Short-circuit current Isc (A) 8.08
Voltage at maximum power point Vmp (V) 30
Current at maximum power point Imp (A) 7.35
Temperature coefficient of Voc (%/deg.C) -0.3364
Temperature coefficient of Isc (%/deg.C) 0.038465
Light-generated current IL (A) 8.1108
Diode saturation current 10 (A) 1.1169e-10
Diode ideality factor 0.9567
Shunt resistance Rsh (ohms) 83.699
Series resistance Rs (ohms) 0.3192




Table 3 gives a summary of the operational parameters
for each algorithm in this study. These parameters
include population size, mutation rate, crossover rate, and
other algorithm-specific configurations.

Each of these settings has a great impact on the
performance and efficiency of the algorithms, ensuring
optimal results that are appropriate for the objectives of
the study.

Table 3. Parameters of the Compared Algorithms

Algorithm Population Size (n) Numb(elz\;;))lzlltteerr)ations Specific Parameters
GEO 20 . tacklon behavior, LB = 06, UB = 1
o o | et~ o Contis ot
GA 50 100 Crossover rate = 0.8, Mutafiion rate = 0.01
GWO 25 100

4.2. Scenarios Identification

4.2.1. Series-connected pv panels under partial
shading

This scenario involved analysing the behaviour of series-
connected PV panels under partial shading conditions.
Figure 6 illustrates the simulation model used for this
scenario. The simulation process yielded insightful
results regarding optimal duty cycles, maximum poweg
outputs, and processing times.

®
4

{

B |I
)

Figure 6. Depig

asi tio?of a series-connected
btovolty&array.

panels under paftial shading conditions. Figure 7 depicts
the simulation model utilized for this scenario. The
simulation outcomes provided valuable information on
optimal duty cycles, maximum power outputs, and
processing times.

Figure 7. Depicting a simulation of a parallel connected
photovoltaic array.

4.3. Results Presentation

The simulation results demonstrate that the cost function
attained a minimal value of 0.0000613735 after 30
iterations, with variability dependent on simulation
outcomes. In the case of a series connection involving 6
PV panels, the fourth iteration revealed an optimal
solution (Duty Cycle) of 0.3852, yielding a maximum
power output of 16293.6671 watts. This simulation,
executed on a personal computer equipped with
MATLAB 2022a and a 6GHz Core i7 processor, required
21.87 seconds to complete.

In contrast, as shown in Figure 8 a), for a parallel
connection with 4 PV panels, different values were
obtained. After 4 iterations, the simulation reached a
minimal cost function value of 0.0000295833. The
optimal solution (Duty Cycle) in the fourth iteration was
0.21088, resulting in a maximum power output of
33802.89 watts. The processing time for this simulation
was 25.46 seconds, conducted on the same personal
computer setup. Figure 8 b) visually represents these
results, including the MPP of the Simulink model.
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4.3.1. Series-connected pv panels scenario ®

The simulation outcomes for the series-connected P
panels scenario provide insights into optimal duty
maximum power achieved, number of iterati
processing time. Figure 9 illustrates the

function curve. A detailed summary is pregented
5, accompanied by an analysis of
characteristics in Figure 10.
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Figure 9. OMnction results for series connected PV

panel.

Table 4. The outcomes of simulation for a series connected PV
panel

Total number N =10 N=15 N =20 N=25
of function
evaluations

Best solution 0.8765 | 0.3852 0.7721 0.7251

Best objective | 0.0001 | 0.00006 | 0.000193 | 0.0001
function 6945 13735 32 0132

Process time 21.041 | 21.8705 22.743 22.988

Figure 10 demonstrates the 1-V and P-V characteristics
of a series-connected solar panel, illustrating non-linear
curves were current increases alongside voltage. The P-
V graph exhibits a distinct peak, indicating the maximum
power production point, with voltage representing the
maximum power point voltage and current denoting the
maximum power point current. Further insights include
the I-V graph's x-axis labelled as "Current (A)" and y-
axis as "Voltage (V)", and the P-V graph's x-axis denoted
as "Voltage (V)" and y-axis as "Power (W)".
Additionally, the 1-V diagram reveals a minimum current
of nearly zero at approximately 0.5 volts, indicating a
small current presence even when the golar panel is not
illuminated. Moreover, the P-V grapfuggests that the
peak power point occurs around 1500 v d 3.5 watts.
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reZ0. I-V and P-V characteristics of series-connected
solar system

4.3.2. Parallel-connected PV panels scenario

Similarly, the simulation outcomes for the parallel-
connected PV panels scenario highlight optimal duty
cycles, maximum power achieved, iterations, and
processing time. Visual representation is provided in
Figure 11, with a detailed summary in Table 5. Analysis
of 1-V and P-V characteristics is presented in Figure 12.

" <104 Power Mean is: 33802.8918 for: 0.21088 Duty Cycle

1 4

0.5

L L L L
[¢] 0.5 1 1.5 2 25

= 10%
Figure 11. The result of simulation for parallel connected
solar panels.



Table 5. The outcomes of simulation for parallel connected

I-V & P-V characteristics
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function °r 1
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function
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Figure 13. I-V and P-V characteristics of series and parallel
connected photovoltaigfarrays.
Figure 12 provides valuable insights into the behaviours V& PV charactoriat
. - - - -V characteristics
of a photovoltaic array connected in parallel through its 1007

current-voltage  (I-V) and power-voltage (P-V)
characteristics. The I-V characteristic curve reveals how
the current flowing through the array changes in response
to varying voltage across its terminals. Starting from a
point of zero current and voltage, the curve rises as
voltage increases, eventually leveling off where the
current stabilizes.

The P-V characteristic curve is equally informative,
showcasing the relationship between the power generated
by the array and the voltage across its terminals. Power,
calculated by multiplying current and voltage at each
point, begins at zero and peaks at a specific voltag®
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Figure 12. I-V and P-V characteristics of parallel connected .
solar panels. 15710
4.4, Comparison Between Series And Parallel 1o b iy
Connections g 0b. =45
Figure 13, This figure illustrates the comparison between = B\

series and parallel connections of solar panels. The blue 0 ‘ ‘
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curve represents the 6 PV serial panels, while the red Volage (V)

curve depicts the 4 PV serial panels with parallel ©

connections. Additionally, Figure 14 showcases the I-V

. . - Figure 14. I-V and P-V characteristics fora) T =25, b) T =
and P-V characteristics for various radiation and 35,and ¢) T = 45

temperature levels (a) T =25, (b) T =35, and (c) T = 45.



Figure 15, Another comparison is made between
different temperatures for the same radiation level. In this
figure, the X-axis represents voltage (V), while the Y-
axis represents current (1) and power (P).
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Figure 15. different temperature with the same radiation value

4.5. Different Case Studies

The article introduces three distinct case studies that
explore the effects of varying irradiance and temperature
conditions on PV systems. Each case study provides
valuable insights into the performance of these systems
under different environmental factors. Furthermore®
Table 6 offers a comprehensive examination and analysig
of the specifications of each case study, providin
detailed insights into the parameters consideredt
research.

Temperature: Moderate temperatures ranging between
25°C to 35°C.

In this case, the PV system benefits from the high
irradiance, resulting in increased energy production.
Moderate temperatures contribute to efficient electrical
conductivity within the solar panels. This optimal
combination of high irradiance and moderate
temperatures leads to peak performance and maximum
power output from the PV system.

Case Study 2: Low Irradiance and High Temperature
Temperature: High temperatures exceeding 40°C.

In this scenario, the PV system faces challenges due to
low irradiance caused by frequent clgud cover in the

Case Study 3: Vari
Temperature
Temperatuiie; peratures between 10°C to
system experiences varying
predictable weather patterns. The

8ased efficiency, while hotter periods may lead to
psed efficiency. This scenario highlights the
aplrtance of implementing advanced temperature
management and tracking systems to optimize the PV

Case Study 1: High lIrradiance and erate system's performance under changing conditions
Temperature
Table 6. Differenigase studies and specifications of the PV panels
Case No. Irr. Mod_1 Irr. Mod_3 Irr. Mod_4 Temperature
Case 1l 1000 800 600 25°C ~ 35°C
Case 2 600 200 100 40°C
Case 3 1000 ~ 100 1000 ~ 100 10°C to 30°C

adverse con s on the efficiency and overall
performance of‘the solar power generation system.

4.6. Simulation Results For Different Cases And
Metaheuristic Methods

Table 7 presents simulation results for different cases and
metaheuristic methods, including ACO PSO, GA, and
GEO. The results highlight converging time, settling
time, maximum power, and efficiency for each case and
algorithm.

Table 7. Simulation results for different cases and metaheuristic methods

Case No. Algorithm Conver(gsl)ng time Setth?s%] time Maxwag\r/nv)Power Efficiency (%)
ACO 0.2878 0.3530 84.693 98.51
PSO 0.1265 0.2459 83.368 95.53
Case 1 GA 0.2747 0.1385 89.389 97.04
GWO 0.2377 0.1231 91.281 98.19
GEO 0.0426 0.0486 92.641 99.35




Table 7. (Cont.) Simulation results for different cases and metaheuristic methods

ACO 0.1967 0.4117 78.281 98.76
PSO 0.2036 0.3474 90.391 97.28
Case 2 GA 0.2547 0.1585 89.653 94.83
GWO 0.2802 0.4751 74.878 94.90
GEO 0.0107 0.0172 93.570 99.55
ACO 0.2273 0.2194 84.951 98.04
PSO 0.2229 0.1908 88.792 95.53
Case 3 GA 0.1177 0.3828 80.212 98.89
GWO 0.1966 0.3976 87.558 95.46
GEO 0.0514 0.0934 96.714 99.58

GEO efficiently explores the solution space, identifying
optimal configurations for solar panels. The algorithm
excels in high irradiance and low-temperature conditions,
resulting in optimal solutions for energy production.

e Moderate Irradiance, Fluctuating Temperature:
GEO's social behavior aids in adapting to variable
conditions. The algorithm optimizes panel
orientations, considering both irradiance and
temperature dynamics for enhanced performance.

e Low Irradiance, High Temperature: GEO faces
challenges in low sunlight conditions. Thg
algorithm may struggle to find optimal solutid®
due to reduced opportunities for socid
interactions, especially in high-temp
environments.

It's important to note that the applicabi
performance of these algorithms can
specific characteristics of the optimizatio
formulation of objectives and constrai
of algorithm parameters.

In each case, the simulation
based on the specific objegti
optimization problem,
each algorithm perf
temperature scenay

raints of the

Igorithm parameters
formulation may be
erformance in  various

This study has hot only introduced but also successfully
validated an innovative MPPT technique employing the
GEO method. Inspired by the hunting behaviour of
golden eagles, the GEO algorithm has emerged as a
highly effective solution for addressing the challenges of
partial shading in PV. Through extensive simulations, the
GEO MPPT technique has consistently demonstrated
superior performance in accurately identifying the GMPP
and enhancing energy extraction efficiency, even under
the most challenging partial shading conditions. One of
the key strengths of the GEO algorithm exists in its
robustness, adaptability, and efficiency. These qualities

allow it to outperform o
such as GA and PSO, in

real-time MPPT
. Additionally, the GEO
avoid and precisely pinpoint the
levates the reliability and
PV systems in practical, real-world

makes it an att]

improvements in energy efficiency,
OWgholt this study. Significantly, the GEO algorithm
shown up to 10 % to improvement in tracking
elency compared to traditional methods, and a 20%
faster convergence time compared to GA and PSO under
partial shading conditions.

Despite the promising results, the study acknowledges
several limitations, including the reliance on simulations
and the lack of real-word validation. While the
simulations demonstrate the effectiveness of the GEO
algorithm under controlled condition, testing in actual PV
systems is necessary to assess its real- word performance,
especially under dynamic environmental factors such as
varying weather conditions.
Future work will focus on addressing these limitations by
testing the GEO-based MPPT technique in real-word PV
systems. Furthermore, the scalability of the GEO
algorithm to larger PV insulations and its comparison
with newer, state-of the art metaheuristic techniques will
be explored. Additionally, the potential for hybridizing
the GEO method with other optimization algorithms to
further enhance performance will be investigated.
In conclusion, this research underscores the importance
of advanced MPPT techniques, such as the GEO
algorithm, in overcoming the challenges posed by partial
shading in solar PV systems. By enhancing both
efficiency and reliability, the GEO method makes a
significant contribution to the broader adoption of solar
energy as a sustainable and reliable power solution. This
study highlights the immense potential of bio-inspired
optimization algorithm like GEO in advancing the
performance of PV systems and propelling us toward a
more sustainable energy future.



DECLARATION OF ETHICAL STANDARDS

Funding. The authors received no financial support for

the research, authorship, and/or publication of this
article.

Competing Interests. The authors have no relevant
financial or nonfinancial interests to disclose.

Ethical Approval. This research does not require ethics

approval.

Consent to Publish This research does not contain any

individual person’s data.

AUTHORS’ CONTRIBUTIONS

Waleed Mohammed M Aburas:
Conceptualization, Methodology,

Editing
Necmi Serkan Tezel:
Investigation, Visualization

Software,

CONFLICT OF INTEREST
There is no conflict of interest in this study.

Table 8. Definitions of abbreviations used throughout the

Table 8. (Cont.). Definitions of abbreviations used
throughout the article

Genetic algorithm GA
Maximum power point MPP
Pulse width modulation PWM
Ant colony optimization ACO

supervision,
Writing—Original
Draft, Software, Investigation, Writing—Reviewing and

Data Curation,

article
Description Architectur:
Maximum Power Point Tracking MPPT
Global maximum power point GMPPa
photovoltaic P
Adaptive neuro-fuzzy inference AN
systems A
Golden Eagle optimization \@EO
Perturb-and-observe ~ °
Partial shading conditiq \}’SCS
Artificial neural network ) ) 7 ANNs
Simulated an agltg 4 SA
’ PSO
DA
CSA
BA
Local imugh Power Points LMPPs
Grey wolt optimization GWO
Artificial intelligence Al
Dandelion Optimization Algorithm DOA
Metaheu;llsg;:it?]%lsmlzatlon MOAS
Butterfly Optimization Algorithm BOA
Flower Pollination Algorithm FPA
Firefly algorithm FA
Renewable energy sources RESs
Partial shading conditions PSCs

REFERENCES

(1]

(2]

(3]

[4]

(6]

[7]

(8]

4]

[10]

[11]

A. Raihan et al., “Nexus between carbon emissions,
economic growth, renewable energy use, urbanization,
industrialization, technological inng{ation, and forest
area towards achieving environme
Bangladesh,” Energy Clim. Chang.,
(2022).

M. A. Bhuiyan, Q. ilgn

A Mikhaylov, G.
rgy consumption

N. R. Deev dpa

, and B. Singh, “A review
of re@ d power supply options for
tele® nviron. Dev. Sustain., pp. 1-68,
(20

Imagrahi, E. Yaghoubi, E. Yaghoubi,

S D. Kodirov, “Modeling and Control of
alized Microgrid Based on Renewable Energy
eCtric Vehicle Charging Station,” in World
CoNjefence Intelligent  System  for  Industrial

utomation, pp. 96-102. (2022).

. Ali, M. Ahmad, M. A. Koondhar, M. S. Akram, A.
Verma, and B. Khan, “Maximum power point tracking
for grid-connected photovoltaic system using Adaptive
Fuzzy Logic Controller,” Comput. Electr. Eng., vol. 110,
p. 108879, (2023).

P. V. Mahesh, S. Meyyappan, and R. Alla, “Maximum
power point tracking with regression machine learning
algorithms for solar PV systems,” Int. J. Renew. Energy
Res., vol. 12, no. 3, pp. 1327-1338, (2022).

E. Yaghoubi, E. Yaghoubi, Z. Yusupov, and J. Rahebi,
“Real-time techno-economical operation of preserving
microgrids  via optimal NLMPC  considering
uncertainties,” Eng. Sci. Technol. an Int. J., vol. 57, p.
101823, (2024).

N. M. M. Altwallbah, M. A. M. Radzi, N. Azis, S. Shafie,
and M. A. A. M. Zainuri, “New perturb and observe
algorithm based on trapezoidal rule: Uniform and partial
shading conditions,” Energy Convers. Manag., vol. 264,
p. 115738, (2022).

Z. Yusupov, E. Yaghoubi, and E. Yaghoubi, “Controlling
and tracking the maximum active power point in a
photovoltaic sys-tem connected to the grid using the
fuzzy neural controller”.

A. Afzal et al., “Optimizing the thermal performance of
solar energy devices using meta-heuristic algorithms: A
critical review,” Renew. Sustain. Energy Rev., vol. 173,
p. 112903, (2023).

R. Elshara, A. Hangerliogullari, J. Rahebi, and J. M.
Lopez-Guede, “PV Cells and Modules Parameter

Estimation Using Coati Optimization Algorithm,”
Energies, vol. 17, no. 7, p. 1716, (2024).



[12]

[13]

[14]

[15]

[16]

[17]

(18]

(19]

[20]

[21]

[22]

(23]

[24]

[25]

O. Hazim Hameed Hameed, U. Kutbay, J. Rahebi, F.
Hardalag, and I. Mahariq, “Enhancing Fault Detection
and Classification in MMC-HVDC Systems: Integrating
Harris Hawks Optimization Algorithm with Machine
Learning Methods,” Int. Trans. Electr. Energy Syst., vol.
2024, no. 1, p. 6677830, (2024).

O. H. H. Hameed, U. Kutbay, J. Rahebi, and F. Hardalag,
“Fault Classification for Protection in MMC-HVDC
Using Machine Learning Algorithms,” in 2023 IEEE 3rd
Mysore Sub Section International Conference
(MysuruCon), pp. 1-4. (2023).

K. Ishaque and Z. Salam, “A deterministic particle swarm
optimization maximum power point tracker for
photovoltaic system under partial shading condition,”
IEEE Trans. Ind. Electron., vol. 60, no. 8, pp. 3195—
3206, (2012).

Z.-K. Fan, K.-L. Lian, and J.-F. Lin, “A New Golden
Eagle Optimization with Stooping Behaviour for
Photovoltaic Maximum Power Tracking under Partial
Shading,” Energies, vol. 16, no. 15, p. 5712, (2023).

P. Hou, W. Hu, and Z. Chen, “Optimisation for offshore
wind farm cable connection layout using adaptive particle
swarm optimisation minimum spanning tree method,”
IET Renew. Power Gener., vol. 10, no. 5, pp. 694-702,
(2016).

E. Yaghoubi, E. Yaghoubi, Z. Yusupov, and M. R.
Maghami, “A Real-Time and Online Dynamic
Reconfiguration against Cyber-Attacks to Enhance

Security and Cost-Efficiency in Smart Power Microgr@?

Using Deep Learning,” Technologies, vol. 12, no. 10, p
197, (2024).

D. Zhang et al., “Economic and sustainability es

of wind energy considering the impacts of climage cha
and vulnerabilities to extreme conditions,” Eleci J., vol.
32, no. 6, pp. 7-12, (2019).

D. Icaza and D. Borge-Diez, “Technical™nd economic

design of a novel
photovoltaic/wind/hydrokineti

system
oup of

r panel over which
ol. 27, no. 2, pp. 699—

707, (2023).

A.E.CO IR, “The experimental study
of du nel efficiency,” Politek. Derg.,
vol 9-1434, (2022).

E. E Swese and A. Hangerliogullari,

(PV/T) sysfem using magnetic nanofluids,” Politek.
Derg., vol. 25, no. 1, pp. 411-416, (2022).

M. R. Maghami, H. Hizam, C. Gomes, M. A. Radzi, M.
I. Rezadad, and S. Hajighorbani, “Power loss due to
soiling on solar panel: A review,” Renew. Sustain.
Energy Rev., vol. 59, pp. 1307-1316, (2016).

L. Zareian, J. Rahebi, and M. J. Shayegan, “Bitterling fish
optimization (BFO) algorithm,” Multimed. Tools Appl.,
pp. 1-34, (2024).

D. C. Jones and R. W. Erickson, “Probabilistic analysis
of a generalized perturb and observe algorithm featuring
robust operation in the presence of power curve traps,”
IEEE Trans. Power Electron., vol. 28, no. 6, pp. 2912—

[26]

[27]

(28]

[29]

[30]

[33]

[34]

[35]

[36]

[37]

(38]

[39]

2926, (2012).

A. Faisal, J. Munilla, and J. Rahebi, “Detection of optic
disc in human retinal images utilizing the Bitterling Fish
Optimization (BFO) algorithm,” Sci. Rep., vol. 14, no. 1,
p. 25824, (2024).

O. S. Al-butti, M. Burunkaya, J. Rahebi, and J. M. Lopez-
Guede, “Optimal Power Flow using PSO algorithms
based on Artificial Neural Networks,” IEEE Access,
(2024).

M. A. Elberri, U. Tokeser, J. Rahebi, and J. M. Lopez-
Guede, “A cyber defense system against phishing attacks
with deep learning game theory and LSTM-CNN with
African vulture optimization algorithm (AVOA),” Int. J.
Inf. Secur., pp. 1-24, (2024).

R. C. N. Pilawa-Podgurski, W. Li, I.
Perreault, “Integrated CMOS

ra portable
EE J. Emerg.
, pp. 1021-1035,

(2015)

B. N. Alajmi, K. J. Finney, and B. W.
Williams, ontrol approach of a modified
hill-clin maximum power point in
mic®gri photovoltaic system,” IEEE Trans.

power-increment-aided  incremental-
MPPT with two-phased tracking,” IEEE

2

. Ahmed and Z. Salam, “An enhanced adaptive P&O
PPT for fast and efficient tracking under varying
environmental conditions,” IEEE Trans. Sustain.
Energy, vol. 9, no. 3, pp. 1487-1496, (2018).

P. Manoharan et al., “Improved perturb and observation
maximum power point tracking technique for solar
photovoltaic power generation systems,” IEEE Syst. J.,
vol. 15, no. 2, pp. 3024-3035, (2020).

Z. Sun, Y. Jang, and S. Bae, “Optimized Voltage Search
Algorithm for Fast Global Maximum Power Point
Tracking in Photovoltaic Systems,” IEEE Trans.
Sustain. Energy, vol. 14, no. 1, pp. 423-441, (2022).

R. Ahmed Ali Agoub, A. Hangerliogullari, J. Rahebi, and
J. M. Lopez-Guede, “Battery Charge Control in Solar
Photovoltaic Systems Based on Fuzzy Logic and Jellyfish
Optimization Algorithm,” Appl. Sci., vol. 13, no. 20, p.
11409, (2023).

A. A. M. Nureddin, J. Rahebi, and A. Ab-BelKhair,
“Power management controller for microgrid integration
of hybrid PV/fuel cell system based on artificial deep
neural network,” Int. J. Photoenergy, vol. 2020, pp. 1-
21, (2020).

S. Lyden and M. E. Haque, “A simulated annealing global
maximum power point tracking approach for PV modules
under partial shading conditions,” IEEE Trans. Power
Electron., vol. 31, no. 6, pp. 41714181, (2015).

M. Miyatake, M. Veerachary, F. Toriumi, N. Fujii, and
H. Ko, “Maximum power point tracking of multiple
photovoltaic arrays: A PSO approach,” IEEE Trans.
Aerosp. Electron. Syst., vol. 47, no. 1, pp. 367-380,
(2011).

E. Yaghoubi, E. Yaghoubi, A. Khamees, and A. H.



[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

Vakili, “A systematic review and meta-analysis of
artificial neural network, machine learning, deep
learning, and ensemble learning approaches in field of
geotechnical engineering,” Neural Comput. Appl., pp. 1-
45, (2024).

E. Yaghoubi, E. Yaghoubi, A. Khamees, D. Razmi, and
T. Lu, “A systematic review and meta-analysis of
machine learning, deep learning, and ensemble learning
approaches in predicting EV charging behavior,” Eng.
Appl. Artif. Intell., vol. 135, p. 108789, (2024).

K. L. Lian, J. H. Jhang, and I. S. Tian, “A maximum
power point tracking method based on perturb-and-
observe combined with particle swarm optimization,”
IEEE J. photovoltaics, vol. 4, no. 2, pp. 626-633, (2014).

K. Ishaque, Z. Salam, M. Amjad, and S. Mekhilef, “An
improved particle swarm optimization (PSO)-based
MPPT for PV with reduced steady-state oscillation,”
IEEE Trans. Power Electron., vol. 27, no. 8, pp. 3627—
3638, (2012).

S. Makhloufi and S. Mekhilef, “Logarithmic PSO-based
global/local maximum power point tracker for partially
shaded photovoltaic systems,” IEEE J. Emerg. Sel. Top.
Power Electron., vol. 10, no. 1, pp. 375-386, (2021).

1. S. Millah, P. C. Chang, D. F. Teshome, R. K. Subroto,
K. L. Lian, and J.-F. Lin, “An enhanced grey wolf
optimization algorithm for photovoltaic maximum power
point tracking control under partial shading conditions,”
IEEE Open J. Ind. Electron. Soc., vol. 3, pp. 392-408
(2022). °
D. F. Teshome, C. H. Lee, Y. W. Lin, and K. L. Lian, “4
modified firefly algorithm for photovoltaic maximu

pp. 661-671, (2016).
A. M. Eltamaly, Z. A. Almutairi, and
“Modern  optimization algorithm

performance of maximum power f partially

shaded PV systems,” Energie . 5228,
(2023).

K. Aygil, M. Cikan, .
“Butterfly optimizatio maximum power

o

[48]

[49]

[50]

[51]

[52]

[53]

[56]

[57]

N. Akram, L. Khan, S. Agha, and K. Hafeez, “Global
Maximum Power Point Tracking of Partially Shaded PV
System Using Advanced Optimization Techniques,”
Energies, vol. 15, no. 11, p. 4055, (2022).

J. P. Ram and N. Rajasekar, “A new global maximum
power point tracking technique for solar photovoltaic
(PV) system under partial shading conditions (PSC),”
Energy, vol. 118, pp. 512-525, (2017).

S. Chtita et al., “A novel hybrid GWO-PSO-based
maximum power point tracking for photovoltaic systems
operating under partial shading conditions,” Sci. Rep.,
vol. 12, no. 1, p. 10637, (2022).

G. Hu, L. Chen, X. Wang, and G. Wei, “Differential
evolution-boosted sine cosine gol eagle optimizer
with Lévy flight,” J. Bionic Eng., 19, no. 6, pp.
1850-1885, (2022).

Z. A. Khan, S. F. Algyte

Golden Eagle Optinizatio
Partial Shading Condj i

A. Moham . D. Nayeri, A. Azar, and M.
Taghi@ n eagle optimizer: A nature-
) tic algorithm,” Comput. Ind. Eng.,

sseinzadeh, G. Chouchelamane, W. D.
J. Marco, “Battery cycle life test
t for high-performance electric vehicle
ications,” J. Energy Storage, vol. 15, pp. 228-244,

. Qiu et al., “GHz laser-free time-resolved transmission
electron microscopy: A stroboscopic high-duty-cycle
method,” Ultramicroscopy, vol. 161, pp. 130-136,
(2016).

V. B. Llorente, L. A. Diaz, G. |. Lacconi, G. C. Abuin,
and E. A. Franceschini, “Effect of duty cycle on NiMo
alloys prepared by pulsed electrodeposition for hydrogen
evolution reaction,” J. Alloys Compd., vol. 897, p.
163161, (2022).

H. A. Alsattar, A. A. Zaidan, and B. B. Zaidan, “Novel
meta-heuristic bald eagle search optimisation algorithm,”
Artif. Intell. Rev., vol. 53, pp. 2237-2264, (2020).



