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Research Article ABSTRACT

Article History: Optimization algorithms are mathematical steps used to find an optimal
iﬁg‘;‘p‘gﬂ: gg'gg'ggi‘; solution from a set of possible solutions. These solutions usually require a long
Published online:13.01.2026 time, while optimization algorithms can find solutions quickly. Algorithms are

typically combined to overcome algorithm weaknesses or improve
performance. In this article, we have enhanced the Political Optimizer (PO)

Keywords: . using a mechanism that randomly redistributes the leader's positions to
Optimization algorithm

Political optimizer increase the searching efficiency and overcome the problem of stagnation in
Benchmark problems the local solution. We aimed to redistribute the leaders' locations inside the
Uni-model functions election campaign process to open the road for the leaders to move to new
Multi-model functions areas. This idea was applied in critical conditions to have a little effect on the

algorithm. The enhancement was promising, and the results improved well for
the exploration and exploitation phases. We compared the performance of the
enhancement algorithm with the classical political optimizer algorithm beside
13 different state-of-the-art algorithms. The evaluation occurred on 50
benchmark problems, 25 were unimodal and 25 were multi-modal objective
functions, while the mean result was completed to achieve the stability of the
algorithms. The Enhanced Political Optimizer (EPO) achieved 23 optimal
solutions and 13 close to the optimal solutions, while the results of the PO
were 17 optimal and ten solutions close to the optimal. In terms of execution
time, the algorithm was very promising, where the execution times in one run
are (0.79336 ~ 0.16673) for the unimodal functions, while multi-model
functions record (1.0874 ~ 0.16953) of the highest and lowest values,
respectively.

Lider Yeniden Dagitim Mekanizmasina Dayali Gelistirme Politik Optimizasyon Algoritmasi

Arastirma Makalesi 0z

Makale Tarihgesi: Optimizasyon algoritmalari, olasi ¢éziimler kiimesinden optimum bir ¢6ziim
E:gﬁlt?;m%%%%%gzzg bulmak icin kullanilan matematiksel adimlardir. Bu ¢dziimlerin bulunmasi
Online Yayl.nlalnm.a:l 3.01.2026 genellikle ¢ok uzun zaman alirken, optimizasyon algoritmalari ¢dziimleri kisa

stirede bulabilir. Algoritmalar genellikle algoritmadaki zayifliklar1 gidermek
Anahtar Kelimeler- veya performanst iyilestirmek icin birlestirilir. Bu makalede, arama
Optimizasyon algoritmast verimliligini artirmak ve yerel ¢dziimdeki durgunluk sorununu agmak icin
Politik optimizasyon liderlerin konumlarin1 rastgele yeniden dagitan bir mekanizma kullanarak
_I*flia;lagn%}IP;OEEWle;il r Politik Optimizasyoncuyu (PO) gelistirdik. Liderlerin se¢im kampanya siireci
C‘(a)k m% d?ellli f%nkssli);/cc))m?ar icindeki konumlarini yeniden dagitarak liderlerin yeni alanlara taginmasina yol
acmay1 amagladik. Bu fikir, algoritmaya kiiciik bir etki yaratmak igin kritik
kosullarda uygulandi, gelistirme ¢ok umut vericiydi ve sonuglar hem kesif
hem de istismar asamalar1 i¢in ¢ok iyi iyilesti. Gelistirme algoritmasinin
performansini, 13 farkli son teknoloji algoritmanin yam sira klasik politik
optimizasyon algoritmasiyla karsilastirdik. Degerlendirme 50 kiyaslama
problemi {izerinde yapildi, 251 tek modlu ve 25'" ¢ok modelli amag
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fonksiyonlartydi ve ortalama sonug algoritmalarin kararliligini elde etmek i¢in
hesapliydi. Gelismis Politik Optimizasyon (EPO) 23 en iyi ¢dziime ve en iyiye
yakin 13 ¢oziime ulagirken, PO'nun sonuglar1 17 en iyi ve en iyiye yakin 10
¢Oziimdii. Yirlitme siiresi agisindan algoritma ¢ok iimit vericiydi, tek modlu
fonksiyonlar icin bir ¢alistirmada yiirtitme siireleri (0.79336 ~ 0.16673) iken,
cok modelli fonksiyonlar sirasiyla en yiiksek ve en diisiik degerleri (1.0874 ~
0.16953) kaydetti.

To Cite: Al-Jarah MAF., Ozkok }fO. Enhancement Political Optimizer Algorithm Based on the Leader Redistribution

Mechanism. Osmaniye Korkut Ata Universitesi Fen Bilimleri Enstitiisti Dergisi 2026; 9(1): 254-267.

1. Introduction

Optimization algorithms are mathematical methods or procedures used to find the best possible solution
to a problem, often under constraints (Tao et al., 2024). These algorithms aim to maximize or minimize
an objective function, representing the optimization goal (Zhou et al., 2023). Optimization is critical in
various fields, including engineering, economics, machine learning, and operations research (Cheraghi
and Hossein Jahangir, 2023). The aim behind inventing optimization algorithms is to solve NP-hard
problems that take several years to solve. Optimization algorithms can solve these problems in several
steps thanks to their simple mechanics and their avoidance of useless solutions (Chatterjee et al., 2024).
Optimization algorithms are divided into two categories: heuristic and meta-heuristic algorithms. Each
of these classes is designed to achieve optimal solutions using simple techniques; these technigques
usually mimic creatures' behaviors in hunting or any other organized steps to achieve something.
Suppose the meta-heuristic algorithm is based on natural behavior. In that case, it is called a Nature-
inspired meta-heuristic algorithm, which has been classified into four major groups in the literature:
Evolution-based, swarm-based, physics-based, and human behavior-based algorithms (Khan et al.,
2024; Ramnath et al., 2024). This study on human behavior-based algorithms called the political
optimizer (PO) has improved this algorithm using an adaptation technique to its mechanism. The
primary political optimizer simulates the government formation and parliamentary gaining strategies
(Askari et al., 2020). The algorithm is designed in four aspects: two involve the exploration phase, the
election campaign, and the party switching, and two involve the exploitation phase, which is the election
phase and parliamentary affairs. Several improved occurred in the PO in the literature, such as multiple
filter political optimizer (Sahu et al., 2022a), political optimizer with interpolation strategy (Zhu et al.,
2021), Quasi-oppositional-based political optimizer (Basetti et al., 2021), modeling of chaotic political
optimizer (Sunitha et al., 2022) and Dragonfly political optimizer (Muppidi and Kishore, 2023). In this
study, we added a heuristic redistributed for the leader's position in the election campaign phase to
improve the balance between the exploration and the exploitation phases.

Despite its innovative design, the Political Optimizer (PO) exhibits several mathematical limitations. Its
dual-role mechanism can cause interdependent updates that risk premature convergence in complex
landscapes. The Recent Past-Based Position Updating Strategy (RPPUS), though effective, introduces
search path dependency and may misguide the search in dynamic environments. Additionally, relying

on only two reference solutions (party leader and constituency winner) limits directional diversity. The
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performance is also sensitive to the party switching rate (A), which requires careful tuning to balance
exploration and exploitation. Lastly, the fixed structure of equal party and constituency sizes reduces
adaptability in heterogeneous problem domains.
To handle these limitations, this article proposed periodic random reselection of leaders when no fitness
improvement occurs, promoting exploration and preventing stagnation. The structured position-
updating logic adapts based on fitness trends, dynamically adjusting search radii to balance exploitation
and exploration. This ensures more diverse and adaptive search behavior while preserving the core
socio-political structure of the original algorithm. The highlighted points that pushed us to create the
article on the enhanced Political Optimizer algorithm include some problem statements, motivation, and
the contributions can be summarized in some points:-
¢ Finding the optimal solution for multi-objective optimization problems by PO is challenging,
so the exploration phase should be improved. At the same time, several unimodal problems
should be dropped in the local solution.
e Although the PO algorithm represents a complex algorithm, it has a fast running time and short
time complexity.
o Our contribution is improving the exploration phase by redistributing the leaders' positions. This
idea creates a new search space where the leaders replace the positions with standard agents.
This mechanism provides a new search space for the leaders and prevents the algorithm from
getting stuck in a local minimum.
After the introduction, this paper begins with a literature review section containing the newer
development research of political optimizer algorithms from the highest impact international publishing
journals (Elsevier and Springer). Section 3 illustrates the method of the enhancement process, while the
fourth section displays the framework's results and implementation steps. This research ends with a

discussion and future work, besides highlighting some limitations and gaps State-of-the-art.

2. Literature Review

Dong et al. (Dong et al., 2022) proposed GPOFWA, a hybrid of the Political Optimizer and Fireworks
Algorithm, improving subgroup limitations via spark mechanisms. It was validated on 30 benchmark
problems, outperforming state-of-the-art algorithms.

Chander et al. (Chander et al., 2023) developed a hybrid Dolphin Echolocation—Political Optimizer to
optimize the Tversky index for feature selection. Achieved 0.937 accuracy in classifying big data using
clustering techniques.

Sahu et al. (Sahu et al., 2022b) combined multiple filter-based ranking with Political Optimizer to handle
high-dimensional, imbalanced DNA microarray data. The hybrid showed strong performance across

various machine learning models.
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Bashkandi et al. (Bashkandi et al. 2023) introduced a hybrid method using PO, PSO, and CNN for
automated brain tumor detection. The PO optimized CNN structure, achieving superior accuracy on
preprocessed brain MRI datasets.

Fathy and Rezk (Fathy and Rezk 2022) used the Political Optimizer to estimate SOFC model parameters
under steady and dynamic conditions. It achieved high accuracy and robustness, outperforming several
modern optimizers.

Kiani et al. (Kiani, Anka, and Erenel 2023) proposed PSCSO, enhancing Sand Cat Swarm Optimization
using parliamentary principles to improve exploration and exploitation. Validated on CEC benchmarks

and engineering problems, it showed superior performance.

3. Background
3.1. Political optimizer

Politics can be said to be an improvement process from two angles. The first angle is where individuals
work to maximize public gain to win elections. In contrast, the other angle pushes parties to secure the
most significant number of seats in Parliament to win the formation of a government. The sequence of
political improvement includes four stages, each two stages going in one direction: the first direction
includes the election campaign and party switching. In contrast, the second direction includes elections
between parties and parliamentary affairs. The fifth stage is done only once and includes the formation
of the party and the allocation of electoral districts, while the remaining four stages are repeated
periodically (Askari et al., 2020).

3.2. Exploration phase

Both the election campaign and the party-switching processes represent the exploration phase in the PO
algorithm. In this phase, each agent in the population improves its position concerning the parity leaders
or the area winners. The new agent position will update toward the leader or the winner positions locally
called (center) according to two conditions and three equations in each condition. See Equations 1 and
2.

e+ o — p (), P (- D <p () <meorpl (1= )2 ()2
pt+1)=m+Q2r— Dm —p1), fp(t—D<m<p (Horp (t—1y=m >p ()
m*+ (2r— D)jm* —p/ (- 1), ifm<pt-D<p@orm=>p(—1)>p () (1)

equation (1) will be active if the solution is improved (i.e., if the fitness of the previous solution is less
than the fitness of the current solution), while equation (2) will be active if the solution is collapsed (i.e.,

the fitness of previous solution is higher than the fitness of current solution) (Askari et al., 2020).
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m*+ (2r — Dlme — p/ (1)), ifp(—-D<p(<morp (t—-D=p @) =>m
pli+ly= p/a-1D)+rp()-p-1), Hp-D<m<porp(t—-1)zm=p
m+ (2r—Dime—p/ (t - 1), fm<p(-Dsporm=pt—1)=p (1) (2)

where

pj (t): Fitness value of the current position of candidate i in party j at iteration t.

Pj (t + 1): Fitness value of the previous position of candidate i in party j at iteration t—1.
pj: Position vector of candidate i in party j

r: A random number in the range [0,1], used for stochastic updating of positions.

m=: A value used in the position update; initially holds the kth dimension of the party leader p* and

then of the constituency winner c*

3.3. Exploitation phase

This phase involves the election process and Parliamentary affairs. The election process represents the
first exploitation process with mathematical representation by evaluating the fitness of each solution and
selecting the fitness one. On the other hand, Parliamentary affairs simulate the exploitation and

convergence processes.

4. Materials and Methods
4.1. Enhancement idea

By reviewing the multi-objective problem results, it can be predicted that the weakness of the algorithm
in achieving the optimal solution means the algorithm's exploration phase needs a mechanism to
improve it. It is clear that the algorithm updates the locations of the agents to the leaders or the winners,
but this creates monotonous solutions and inhibits the algorithm's ability to find unconventional
solutions, rather than switching positions with the most diminutive leader, fitness. Randomly
redistributing the leaders' positions creates a high probability of searching for new solutions. It may
allow a vanished leader to regain popularity, see Figure 1.

The exploration phase is divided into two steps depending on the previous solution. If the current
solution is greater than or equal to the previous solution, Equation 1 will activate; otherwise, Equation
2 will activate. We exploit the first condition (greater than or equal) to divide it into two conditions. The

first is (greater than), which activates Equation 1, and the second is (equal), which activates Equation 3.
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Algorithm 1 Election campaign part 3 leaders’ redistribution (P, fitness)
for each, I belong to (1, search agent) do.
if Prefitness = = fitness(i) then each six iterations
[~, sorted_indices] = sort-fitness

diversity threshold =0.2
for each i belongs to (1, searchAgent) do.
Sp =10, 1]
if sp < diversity_threshold then
‘ r=1[1,n]
position (i, :) = position(sorted_indices(r), :)
end
end
end
end
P(i + 1) = P(sorted_indices(rand(1,N))) ©)
/Ex‘ .///pl‘ \ C i > p,* \ C i~ 4P -7 %4 A -’E,' .///Pz' \
2% 77 =7 77
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Figure 1. (a, b) shows the position improvement according to the leaders (Equations 1, 2). (c, d) Shows the
position improvement according to the constituency winners (Equations 1, 2). (e) lllustrate the new mechanism
of the leader’s reselection process (Equation 3).

4.2. Total framework

This section explains the total algorithm block diagram, where the algorithm begins by initializing the
parity members by creating the population agents. After each individual has been evaluated using the
objective function to calculate their fitness, their fitness enables us to select both leaders and winners.
After that, the main loop will run until the criteria condition is eliminated (see Figure 2). In the election
campaign section, the enhancement statement has been added under this condition (If the previous

solution = current solution), then run Equation 3.

4.3. Benchmark functions

To evaluate the performance of the enhancement algorithm, we test it on two sets of benchmark
problems from the state-of-the-art; the first set is unimodal-objective functions to test the exploitation
capabilities, and the second set is a multimodal-objective function to test the exploration ability. The

two sets are explained in two sections below;
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Initialze of all party Fitness calculation
member of each individual

1
‘ Determine leaders and winners |
i
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Election campaign
If previous co lution < current sclution P

previous colution < current soluticn

Use eq.3 E'
1

‘ Run the party switching phase ‘

Election phase: fitness calculation of party

member and determination of party leadres
and constituency winners

T
| Run parlimanentary |
1
I
‘ Update previous positions and fitness ‘

’{ Increment t and update Lemda ‘

Figure 2. The total framework of the enhancement political optimizer

The unimodel objective functions are (F1 — Sphere, F2 - Quartic Noise, F3 - Powell Sum, F4 - Schwefel's
2.20, F5 - Schwefel's 2.21, F6 — Step, F7 — Stepint, F8 - Schwefel's 1.20, F9 - Schwefel's 2.22, F10 -
Schwefel's 2.23, F11 — Rosenbrock, F12 — Brown, F13 - Dixon & Price, F14 - Powell Singular, F15 —
Zakharov, F16 - Xin-She Yang, F17 - Perm 0,D,Beta, F18 - Three-hump Camel, F19 — Beale, F20 —
Booth, F21 — Brent, F22 — Matyas, F23 - Schaffer N. 4, F24 - Wayburn Seader 3 and F25 — Leon).

While the multi-model objective functions are (F1 - Schwefel's 2.26, F2 — Rastrigin, F3 - Periodic, F4 -
Qing, F5 - Alpine N. 1, F6 - Xin-She Yang, F7 — Ackley, F8 - Trignometric 2, F9 — Salomon, F10 -
Styblinski-Tang, F11 - Griewank, F12 - Xin-She Yang N. 4, F13 - Xin-She Yang N. 2, F14 - Gen.
Pendlized, F15 - Pendlized, F16 - Egg Crate, F17 - Ackley N.3, F18 - Adjiman, F19 - Bird, F20 - Camel
6 Hump, F21 - Branin RCOS, F22 - Goldstein Price, F23 - Hartman 3, F24 - Hartman 6, F25 - Cross-

in-tray, F26 - Bartels Conn) the optimal values of this functions are mentioned in the results section.

5. Results and Discussion

Acer Nitro PC has implemented all experiments with an Intel CPU 2700G and 6GB GPU. In this section,
we arrange the enhancement algorithm to test 50 benchmark problems, with 25 used for the exploration
phase and 25 for the exploitation phase. The experiments were run multiple times to determine the
optimal parameter values. The experiments were careful not to tamper with the values of the original
variables of the basic PO algorithm, such as the population number, the humber, and the value of

Lambda. However, simultaneously, we implement the experiments several times to obtain the best
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values for the new variables, such as the diversity threshold and the iteration period. The experiments
found that the best results can be achieved by making the diversity threshold 0.2, and the change occurs
every six iterations. See Table 1, which tests more than one case, and select the best values of parameters
on the Rosenbrock function.

Table 1. Test several cases to determine the best values of the diversity threshold iteration change

Case number The diversity iteration change Reuslt
threshold
Best Worst main
Case 1 0.1 3 0 0 0
Case 1 0.2 6 0 0 0
Case 3 1 10 0 26.9348 2.6935
Case 4 5 20 0 27.3911 2.7391

Each problem was run ten times, and the final average was calculated to obtain a result with the highest
possible stability. At the same time, the results were compared with the original PO algorithm in addition
to 13 other algorithms from the literature. Whale Optimization Algorithm (WOA) (Mirjalili and Lewis,
2016), Differential Evolution (DE) (Kukkonen and Lampinen, 2004), Biogeography Based Optimizer
(BBO) (Simon, 2008), Grey Wolf Optimizer (GWO) (Mirjalili et al., 2014), Krill Herd (KH) (Gandomi
and Alavi, 2012), Salp Swarm Optimization (SSA1) (Mirjalili et al., 2017), Social Spider Algorithm
(SSA2) (Yu and Li, 2015), Butterfly Optimization Algorithm (BOA) (Arora and Singh, 2019), Cuckoo
Search (CS) (Yang and Suash Deb, 2009), Gravitational Search Algorithm (GSA) (Rashedi,
Nezamabadi-pour, and Saryazdi 2009), Sine Cosine Algorithm (SCA) (Mirjalili, 2016), Teaching-
Learning Based Optimization (TLBO) (Rao et al., 2011), Soccer League Competition (SLC)
(Moosavian and Kasaee Roodsari, 2014) algorithm. In table 2 the results show the ability of EPO to
achieve the nearest to the optimal solution was not achieved in the old version where (F2, F4, F5, F8,
F9, F13, F15, F16, F21 and F24) This proves the evolution of the algorithm in the exploitation scenarios
where ten new nearest to optimal solution achieved. In contrast, the primary PO achieved only two
solutions (F7, F9). The EPO algorithm also obtained an optimal solution for (F19 and F23), thus
outperforming the basic PO algorithm. In the exploratory phase, the Enhancement algorithm has
obtained 13 optimal solutions (F2, F8, F9, F11, F16 — F22, and F24, F25) in addition to what it shares
with the old algorithm of solutions in (F2, F8, F9, F11, F16, and F25) see Table 3. By comparing the
nearest to the optimal solution, it was also able to find five new nearest optimal solutions (F1, F5-F7,

and F12). In terms of execution time, the algorithm was very promising, where the execution times in one run are
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(0.79336 ~ 0.16673) for the unimodal functions, while multi-model functions record (1.0874 ~ 0.16953) of the

highest and lowest values, respectively. In the summary of the results section, from 50 benchmark problems, the

EPO achieved (26, 18) while the PO achieved (17, 6) optimal and nearest to the optimal solutions, respectively.

Table 2. Comparison among the PO and EPO, besides the other 13 optimization algorithms, to evaluate
the performance around the uni-model functions

a
WoA  SCA

Fn Stats Opt. BOA 5541 5541 GWO SLC  KH TLBO GSA CS BEEO DE FO EFO

F-1 Mlean O 10E-14 S4E-QE T4E-1491 8E+0I 83E-0F 1.9E-1¢ 14E-T3 13E+DD1.6E-81 6.6E-02 1.OE+DI L.IE+D23.5E-10 00 1]

F-2 Meaa 0 ©.5E-04 3.0E-01 1.2E-03 2.0E+00 L.IE-0l 1.3E-03 5.8E-04 1.3E-01 2.IE-04 E1E-02 1.0E-D1 3.9E-03 4.6E-02 3.7E-04 0.000
F-3 Mean 0 1.0E-16 T7.9E-07 5IE-2132.6E-03 14E-26 19E-12824E-1122.1E-07 6.3E-2211.7E-13 B4E-12 00 49E-13 00 L]

F-4 Mean 0 13E-11 3.8E+01 3.9E-10220E+00 43E-053 T.1E-17 4.3E-38 53E+D01.1E45 15E+0164E+014.1E+018.6E-06 7.7E-179 3.46e-130
F-5 Mean 0 1.ZE-11 L7E+01 T.3E+01 6.2E+H01 3.7E+01 1.6E-04 B.6E-36 5.1E+D03.1E-37 TAE+001.6E+01353E+011.8E+01 2.7E-158 1.42e-158
F-§ Mezaa 0 LIE+0l E9E-0F 4.1E-01 3.6E+0I 1.2E-04 L7E+D0 T.0E-02 14E+D01.3E-05 8.2E-01 9.7E+011.0E+022.0E-10 0.0 L]

F-7 Mean 25— dn -38.40  -I11.BB -37S5.00 -140.80 -31.08 -I19.12 -265.72 -T0.52 -I171.64 -180.40 -133.04 -137.44 -I1T4.94 -275.00 175
F-8 Mean 0 1.8E-14 5.8E+03 1.3E+05 3.9E+HM 24E+045.1E-04 5.6E-T2 3.7E+03 6.5E-15 1.5E+03 1.3E+4 3. 6E+04 8.6E+04 1.5E-274 1.80=-281
F-2 Mean 0 F0E+T3 S0E+36 1.5E-10113E+00 4.1E+68 1.1E-16 1.2E-38 35E+592.7E-45 27E+0I1.0E+103.6E+014.7E-05 1.35E-179 1.932-179
F-10 Mhlean 0 10E-21 2.7E-07 DOE-00 1.7E+DE 3.8E-11 3.9E-95 DOE00 5 2E-08 DNE00 3.5E-03 9.3E+02 1.2E-01 T.6E+03 L0 1]

F-11 Mean 0 40E+H)] L.7EH0I 4.8E+01 2.3E+06 1.TE+02 4.7E+H01 4.6E+01 1.3E+H02 4.3E+01 1.3E+HI24.3E+03 4.3E+037.7E+01 00 L]

F-12 Mean 0 15E-14 24E-10 83E-1479.7E-02 T.3E-04 4.3E-31 1.3E-TE 2.0E+023.1E-95 5.5E+001.6E+000L0 5.9E-13 00 L]

F-13 Mean 0 0.09 804 0.87 162985 044 067 0.67 98 04T 421 6782 33718 2134 0.os 003
F-14 Mean 0 1.7E-14 64E+00 T.1E-14 23E+02 1.2E+001.7E-0F 2.2E-77 1.8E+007.6E-08 3.1E+008.6E+004.5E+015.8E01 0@ L]

F-13 Mean 0 1.7E-14 14E+01 83E+02 93E+)] §3E+022.IE-06 2.3E-34 4.0E+0254E-05 1.IE+016.0E+022.9E+014 9E+0] 9.0E-188 1.008=-188
F-14 Mean -1 91E48 6.9E-276-32E-01 6.8E-2800.0E+00 1.2E-1650.0E+00 5.3E-61 0.0E+O0 6.7E-54 0.0E+000.0 0.0 -4.8E-01 0.2
F-17 Mean 0 93927 4434 51473 4440 13104 3713 1973 9741 02 5TRT6 240 13589 1.70 1676 09
F-18 Mean 0 11E-17 13E-15 1.6E-14423E-91 1.IE-02 1.8E-2902.9E-1001.7E-11 5.9E-2141.0E-20 9.3E-26 L0 2.7E-1270.0 L]

F-12 Meaa 0 21E-01 2.3E-13 44E-11 1.IE-(4 3IE-02 3.0E-02 O.0E-00 1.1E-10 DLOE-00 1.0E-20 1.4E-20 1.2E-01 0.0 1.7E-23 L]

F-20 Mean 0 85E-02 1.7E-14 1.7E-04 S.0E-04 14E-17 1.2E-07 DLOE-00 99E-11 (LOE-00 3.1E-20 5.0E-26 L0 L1} oo L]

F-21 Mean 0 1GE+01 14E-B7 14E-87 14E-87 14E-B7 14E-07 14E-I7 14E-B7 14E-B7 1.3E-04 14E-B7 14E-B7 14E-B7 14E-17 1.383e-37
F-22 Mdean 0 1.ZE-15 5.8E-16 OOE=00 5.3E-78 2.3E-08 4.7E-16124E-08 7.3E-12 T.2E-1551.2E-21 2.5E-2% D0 2.8E-11700 L]
F-23 Mean 0.20257 019 0.29 0.19 0.29 0.9 019 0.19 0.9 0.I9 031 020 030 020 0.19 029253
F-24 Mdean 2135 12.43 1911 1831 1813 1811 1201 1831 1201 1831 1901 1911 2044 1901 1801 181059
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Table 3. Comparison among the PO and EPO, besides the other 13 optimization algorithms, to evaluate
the performance around the multi-model functions.
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Figure 4. The convergence of the classic Enhancement political optimizer

6. Conclusion
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This study presents enhancements to the political optimizer algorithm. The basic optimizer involves the

election campaign and party switching mechanism in the exploration technique, and gathers each

election phase and parliamentary affairs for the exploitation phase. The algorithm suffered from a

weakness in the exploration phase, where the multi-objective functions were not solved, or a good

solution could not be found. Also, the exploitation phase missed the optimized solutions repeatedly.

Thus, the enhancement idea introduces the basic algorithm to rescue it from these dangers. We aimed

to redistribute the leaders' locations inside the election campaign process to open the road for the leaders
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to move to new areas. This idea was applied in critical conditions, and each of the six iterations with a
threshold value had little effect on the algorithm; the enhancement was very promising, and the result
improved very well for both the exploration and exploitation phases. We compared the performance of
the enhancement algorithm with the classical political optimizer algorithm beside 13 different state-of-
the-art algorithms. The evaluation occurred on 50 benchmark problems, 25 were unimodal and 25 were
multimodal objective functions, while the mean result was completed to achieve the stability of the
algorithms. Moreover, for future enhancement, the algorithm needs more balance mechanisms to
achieve higher results, where there are some functions with alarming results, which means that the
algorithm is sometimes stuck in a local minimum, such as F1, F2, and F4. Better results can be achieved
by balancing the exploration and exploitation phases.
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