Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Evolutionary Learning Based Optimization for
Solving Non-convex Optimal Power Flow Problems:
A Modern Teaching—Learning-Based Optimization
Algorithm

Rogia Rateb
Al-Hussein Bin Abdallah Il For IT, The Hashemite, University

Maytham N Meqdad
Al-Mustaqgbal University

Taybeh Salehnia

salehnia,taybeh®email . com

Razi University

Article

Keywords: OPF problem, a trigonometric TLBO, evolutionary—learning-based optimization, non-smooth
cost functions

Posted Date: August 20th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-10637358/v1

License: € ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-10637358/v1
https://doi.org/10.21203/rs.3.rs-10637358/v1
https://doi.org/10.21203/rs.3.rs-10637358/v1
https://creativecommons.org/licenses/by/4.0/

Evolutionary Learning Based Optimization for Solving Non-convex
Optimal Power Flow Problems: A Modern Teaching—Learning-Based
Optimization Algorithm

Rogia Rateb!, Maytham N Meqdad?, Taybeh Salehnia™*

! Department of Information Technology, Faculty of Prince, Al-Hussein Bin Abdallah II For IT, The
Hashemite, University, P.O. Box 330127, Zarqa 13133, Jordan, roqiashorman@yahoo.com

Intelligent Medical Systems Department, College of Sciences, Al-Mustagbal University, 51001,
Babylon, Iraq, maytham.meqdad@uomus.edu.iq.

Department of Computer Engineering and Information Technology, Razi University,
Kermanshah, Iran, salehnia.taybeh@gmail.com.

Abstract:

Optimal power flow (OPF) is one of the fundamental and complex problems in power system planning and
operation, which requires efficient and flexible optimization methods due to its nonlinear characteristics,
multiple constraints, and multi-objective nature. In this paper, a new meta-heuristic algorithm named
evolutionary learning based optimization (ELBO) is presented, which is an extended and improved version
of the teaching learning based optimization (TLBO) algorithm. In the design of ELBO, an evolutionary step
with a trigonometric mutation mechanism is added to the TLBO training process to reduce premature
convergence and maintain population diversity in the search space. The proposed algorithm has been
evaluated in two main areas: first, a set of CEC2014 benchmark test functions and several real engineering
optimization problems were first used. In these experiments, ELBO was able to show superior performance
over modified versions of TLBO and other reference algorithms in accuracy, convergence speed, and
stability. Second, in solving several OPF optimization problems on standard 30- and 57-bus test networks, in
all of which the ELBO algorithm has been able to provide more accurate, more stable, and faster convergence
rates than other methods. These results confirm the effectiveness and high power of ELBO in solving
complex and real problems in the fields of electrical engineering and optimization, and introduce it as an
innovative and powerful tool.

Key words: OPF problem, a trigonometric TLBO, evolutionary—learning-based optimization, non-smooth
cost functions.

1. Introduction

One of the key concerns of the energy industry is the efficient functioning of power networks. Solving the Optimal
Power Flow (OPF) issue for control variable optimization is one of the main techniques available for achieving this aim.
Finding the ideal value for these parameters to ensure correct, safe, and cost-effective functioning in the power system
under various circumstances is the fundamental goal of OPF. However, OPF often consists of uneven and non-derivative
parts that are non-convex and particularly non-linear. So, the classical methods do not have the necessary power to find its
appropriate solutions. So, the need for a powerful optimization method to achieve this goal has always been felt and
explored [1-5].
Recently, met-heuristic optimization methods have attracted considerable interest for their efficacy and adaptability in
addressing intricate optimization challenges [6-10].
Recently, MetaHuristic (MH) algorithms are used in different problems like Harris Hawks Optimization (HHO) in feature
extraction [11], Grasshopper Optimization Algorithm (GOA), combination of Whale Optimization Algorithm (WOA) and
Moth-Flame Optimization (MFO) and combination of HHO and Arithmetic Optimization Algorithm (AOA) in image



segmentation [12-14] and combination of Aquila Optimizer (AO) and WOA (AWOA), also multi-objective MFO has been
successfully applied for scheduling problem [15, 16].

These algorithms draw inspiration from natural events, biological processes, or physical systems, and seek to provide near-
optimal solutions within a feasible computing timeframe [17-21]. Examples of these very new met-heuristic algorithms
include: MEO [22], PMW [23], potter optimization algorithm (POA) [24], carpet weaving optimization (CWO) [25], Jaya
optimization method [26], sled dog optimizer (SDO) [27], fossa optimization algorithm (FOA) [28], addax optimization
algorithm (AOA) [29], dollmaker optimization algorithm (DOA) [30], sculptor optimization algorithm (SOA) [31], Rao
optimization methods [32], war strategy optimization (WSO) [33], flow direction algorithm (FDA) [34], hippopotamus
optimization (HO) [35], past present future (PPF) [36], convex combination search (CCS) [37], draco lizard optimizer
(DLO) [38], white-faced capuchin optimizer (WFCO) [39], information acquisition optimizer (IAO) [40], and lungs
performance-based optimization (LPO) [41]. The adaptability of these algorithms has resulted in their widespread use
across several scientific and technical fields, including structural engineering, feature selection, energy systems
optimization, wireless sensor networks, and machine learning [42-46]. The OPF issue is designed to enhance the generation
of power generators, primarily aiming to reduce fuel expenses. Contemporary issues need a wider viewpoint, integrating
supplementary goals such as pollution reduction, power loss minimization, and system stability enhancement [47-51].
Current methodologies often encounter difficulties in attaining an equitable trade-off among these goals owing to early
convergence, restricted exploration within search areas, or prohibitive computing expenses[52-56].

In recent decades, there was an ever-increasing trend towards proposing new nature-inspired algorithms for optimizing
different mixed constrained benchmark functions including engineering design and operation problems [57-61]. OPF, as a
major problem in operating the energy transmission networks, is one of the problems being the subject of many applications
of these algorithms [62]. A number of the proposed nature-inspired approaches which were used for solving OPF problems
are moth swarm algorithm (MSA) and its enhanced version [63], [64], artificial bee colony (ABC) [65], modified honey
bee mating optimization (MHBMO) [66], social spider optimization (SSO) [67], adaptive group search optimization
(AGSO) [68], chaotic ABC [69], an improved colliding bodies optimization (ICBO) [70], a new parallel genetic algorithm
(EPGA) [71], multi-objective DE algorithm [72], differential evolution (DE) [73], a modified bacteria foraging [74], a
multi-objective particle swarm optimization (PSO) [75], tabu search (TS) [76], modified ABC algorithm [77], an enhanced
self-adaptive DE [78], glowworm swarm optimization [79], a new and powerful adaptive modified Jaya optimizer [80], an
new improved adaptive DE [81], an improved Jaya optimizer based on quasi-oppositional method [82], chaotic invasive
weed optimization (CIWO) algorithms [83], grey wolf optimizer (GWO) [84], improved artificial bee colony (IABC) [85],
multi-objective electromagnetism-like algorithm (MOELA) [86], differential search algorithm (DSA) [87], a hybrid PSO
and SFLA algorithm [88], BAT search algorithm [89], a new differential-based harmony search algorithm [90], interior
search algorithm (ISA) [91], ant lion algorithm (ALA) [82], an improved strength Pareto evolutionary algorithm [93],
modified pigeon-inspired optimization algorithm [94], TLBO algorithm enhanced with Lévy mutation (LTLBO) [95], a
sine-cosine algorithm [96], tree-seed algorithm [97], etc., which attested to the efficiency of using naturalistic approaches
to address OPF issues.

To evaluate the uniqueness and efficacy of the optimization methods presented in the literature, a succinct overview is
offered. The uniqueness of current optimization methods in the new papers is in their varied methodologies for tackling
non-convex and intricate optimization challenges. Algorithms such as PSO, DE, TLBO, and other optimization methods
have significant qualities, including flexibility, exploration proficiency, and convergence efficiency. Notwithstanding these
features, prevalent disadvantages are also apparent:

- Sensitivity to Decision Variables: Numerous methods depend on meticulous parameter adjustment, impacting their
generalizability across various challenges.

- Imbalanced Search Mechanisms: Certain algorithms favor either local exploitation or global exploration, resulting in
inferior outcomes across varied problem domains.

- Elevated computing Expenses: Intricate issues of greater magnitude need more computing resources and time.

- Restricted Generalizability: The majority of algorithms demonstrate proficiency in addressing certain issue areas but
often lack wider application.

This research explicitly tackles these difficulties via the ELBO algorithm. The suggested ELBO algorithm resolves these
concerns by amalgamating the advantages of TLBO and DE, including an innovative trigonometric mutation approach for
enhancing equilibrium and computing efficiency, as corroborated by comparative analyses.

Optimization issues often include several attributes, including changing settings, intricate restrictions, and multiple
objectives. These traits are intrinsically linked. In dynamic situations, restrictions and goals may change over time,
requiring adaptable and resilient optimization methods. The equilibrium between exploitation and exploration in search
methods is crucial when addressing dynamic changes. Recent progress in metaheuristic optimization has shown
considerable promise in tackling these difficulties. Research, including [98], [99], underscores the need of integrating
flexibility and resilience mechanisms inside optimization algorithms. Furthermore, the amalgamation of hybrid
methodologies, including the fusion of teaching-learning paradigms with evolutionary techniques, has shown potential in



enhancing solution quality and convergence. Our suggested ELBO algorithm enhances these gains by including a unique
trigonometric mutation process, particularly designed to tackle dynamic restrictions and augment the method's overall
flexibility. The incorporation of extensive trials and benchmark comparisons using the CEC 2014 functions additional
substantiates its efficacy, as elaborated in the following sections.

Rao et al. suggested a novel and potent algorithm in 2011 and 2012 in different applications, drawing inspiration from
the way a teacher and students learned together in a demonstration class [100], [101], [102], [103]. In [104], an evaluation
of the applications of the TLBO method and an instructional guide for novices to address both restricted and unconstrained
optimization issues were examined. In the recent years, this simple algorithm have absorbed many applications in different
respects and numerous improved types have been proposed for TLBO [105]. But, this method has been well established in
the articles that TLBO sometimes converges to the optimal local solutions [95]. In contrast, evolutionary algorithms have
good power in escaping local optima but along with low convergence speed. Therefore, we decided to design an
evolutionary TLBO algorithm for various OPF functions, which has been created via hybridizing TLBO and differential
evolution (DE) with trigonometric mutations is and is called evolutionary-studying-based optimization algorithm (ELBO).
It is verified by the obtained optimal results that, the new suggested hybridization optimizer considerably enhances the
efficacy of the TLBO algorithm in effectively avoiding convergence to local optima.

This study's principal contributions, which answer the stated gaps and requirements, are as follows:

- Mitigating Parameter Sensitivity: The use of a trigonometric mutation method in the ELBO algorithm diminishes

reliance on exact parameter calibration, hence improving its versatility across various issue contexts.

- Minimizing the Difficulty of Computing: With its novel algorithmic designs, the suggested solution improves
computing efficiency, making it practical for complicated and large-scale tasks.

- Reconciling Exploration with Exploitation: The hybridization of TLBO and DE creates a strong search
mechanism that successfully balances global exploration with local exploitation, leading to enhanced optimization
outcomes.

- Enhanced Resilience and Flexibility: ELBO integrates mechanisms to adjust to dynamic limitations and evolving
goals, as shown by comprehensive benchmarking using CEC 2014 functions.

- Comprehensive Verification: Thorough comparison assessments confirm the ELBO's effectiveness, establishing it
as a better option to current approaches for addressing OPF and associated optimization challenges.

This study's principal contributions, which answer the stated gaps and requirements, consist of the following: (1)
mitigating parameter sensitivity: The use of a trigonometric mutation method in the ELBO algorithm diminishes reliance
on exact parameter calibration, hence improving its versatility across various issue contexts, (2) minimizing the difficulty
of computing: With its novel algorithmic designs, the suggested solution improves computing efficiency, making it
practical for complicated and large-scale tasks, (3) reconciling exploration with exploitation: The hybridization of TLBO
and DE creates a strong search mechanism that successfully balances global exploration with local exploitation, leading to
enhanced optimization outcomes, (4) enhanced resilience and flexibility: ELBO integrates mechanisms to adjust to
dynamic limitations and evolving goals, as shown by comprehensive benchmarking using CEC 2014 functions, and (5)
comprehensive verification: Thorough comparison assessments confirm the ELBO's effectiveness, establishing it as a
better option to current approaches for addressing OPF and associated optimization challenges.

The work is divided into four pieces. Part II presents the formulation of the goal functions. The principles and structure
of TLBO and the suggested ELBO algorithm are presented in section III. Section IV is dedicated to reporting the results
of simulations and discussing the findings. Finally, section V presents the paper's findings.

2. OPF issue
This problem has a global constrained objective functions. The general formulation of this issue has been known as [83]:
Min J(x, u) (1)

glx,u) =0 2)

The inequality constraints: h(x, u) <0 3)

Where, u represents the set of control variables (also called decision variables) of the system and x are independent
variables which are called state variables. The inequality constraints pertaining to the physical limits of the power system
on the control and state variables. In general, the optimization variables of the OPF include generating units’ active power
outputs of all buses except the reference bus, generator buses’ voltage magnitudes, transformers’ tap adjustments, and
compensations by reactive power compensators. Also, the state variables of this problem incorporate voltage phase angles
in all buses, voltage magnitudes in load buses, maximum transmission capacity of branches, reactive generations of the
generating units and active power output of the reference bus.

The objective function:

The equality constraints:

A. Problem constraints
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This issue includes different & and hx, u) limitations related to generators and network, that as follows [40]:

18 (x, u) constraints
The network generation power unit's limitations of network buses are specified as limits:

P, —P, —V, f;y, [B, *sin (5, —5,)+G, *cos (5,-5,) | = 0 4)
Jj=1
NB

Qo —Op =V, DV, [G, *sin(5, —8,) — B, *cos(5, -5,)] = 0 (5)
Jj=l

In the above equations, j and i show the indices of bus numbers, V;and V; represent the voltage magnitudes; Qgi, Pai
show the reactive and real power outputs of generators, respectively; Opi, Pp; show the reactive and active power demands,
respectively; Bj;, G; show the susceptance and conductance of the branch between buses i and j, respectively; d;; shows the
angular differences of voltages between these busses; and NB denotes the number of buses.

2. hix, u) constraints

This vector comprises the following collections of inequality constraints [40]:
i. Constraints pertaining to the generating units: voltage magnitudes and power outputs of generating buses are
constrained in their corresponding ranges as for i=1,2,..., NG:
Van <y <V
B <p, < B (6)
Q" <0 < Qg
Where, V7™ and V#** denote the permissible voltage magnitude limitations of ith network's unit; PZ+"and P2} the
permissible range of generation active power via ith generator; and Q7i'" and Qf;** define the permissible range of
generation reactive power via ith generator.

IN

ii. Adjustments of the taps on transformers: The taps of transformers may be modified within their allowable
range as:
T <T, <T™, i=1,..,NT )
Where, " and 7" show the permissible range for adjusting the taps of ith transformer.
ii. Volt-ampere Reactive(VAR) compensating unit limitations: the outputs of these devices are limited as
follows:
0a" <0 <05™, i=1..,NC (8)
The allowed range of VAR injection with a compensating unit is determined by the values of Q" and 94 |
iv. Security restrictions: the permissible range of load buses’ voltage (VL"T““ to Ve ) and transmission power
magnitudes are considered as:
yme< oy, <V i=12,., NPQ )
S, <8SM™ ., i=12,., NTL (10)

Where, respectively, Si and 57 stand for the apparent power across the ith transmission line and its upper limit. The
optimization technique takes into account the allowable ranges of the decision variables. The penalty factors method is a
common approach for dealing with constraints in constrained optimization problems. It involves converting the constrained
objective function into an unconstrained one by incorporating penalized values of violated constraints into the objective
function. This results in the formation of an augmented objective function [106]. This method is used here as:

NG - NPQ -
J :ZF; (P )+ 24 (P =P ) + 4 Z(VL,‘ .
i=1 i=l

NG . NTL .
+/1Q Z(Qc;i _Qtlylzm)z +ls Z(Sh _Szlilm)z

i=1 i=1 (1 1)

Where, 4o, Ar, Ap, and Asshow the penalty factors; and x™ shows an auxiliary variable which is defined in the following

equation:

min ,

x™ ox o< x™

x M=4x x >x™

lim max ,
5

X xmin < x < oy

(12)



3. Evolutionary-studying-based optimization algorithm (ELBO)

A. TLBO

TLBO [101], [102], [103] was developed based on the pedagogical principles of teaching and learning in a classroom
setting. In the classroom, the instructor endeavors to enhance the collective knowledge of the pupils via instruction.
Students also endeavor to enhance their knowledge by engaging in the exchange of information with one another. TLBO
has garnered significant interest in several fields owing to its simplicity, absence of algorithm-specific parameters, and
strong convergence characteristics. In the last ten years, TLBO has shown exceptional adaptability in addressing intricate
optimization challenges. This method has been extensively used across several scientific disciplines and diverse issues,
including: for extensive distribution of integrated electrical power and thermal energy [107], for addressing intricate
optimization challenges [108], [109], [110], multi-objective OPF [111], biomedical polishing applications by optimizing
the design of a 3D-manufactured monolithic stage [112], a combined heat with power (CHP) system's optimisation via the
use of a dispatching forecast [113], microgrid energy optimization [114], accurately forecasting the academic success of
individuals [115], architectures of convolutional neural networks optimally designed for picture categorization [116], for
DHFSP, the scheduling issue of distributed hybrid flow shops [117], and improving transformer failure diagnosis precision
[118].

The TLBO method involves the modeling of two processes, with the following steps:

Initially, a set of beginning points is formed within the permissible range of variables. The point that yields the best
solution is designated as the teacher, while the other points are designated as the pupils. Subsequently, the instructional
and educational procedure, comprising of two stages involving the instructor and the learner (student), commences and is
iterated until convergence is attained. The modeling of these two stages is as follows:

1. Teaching phase

The teacher's instruction is intended to enhance the collective knowledge of the students in the class, specifically the
average knowledge (Xean). Hence, the aforementioned process is represented by the following connection:

Xy =X, + 17X g ~ T * X ,00) (13)

The variables */ and ¥ represent the status of the ith student before and after the instruction, respectively. Xeacher
represents the status of the teacher, X.... represents the average status of the class, and "7" represents a random number
between 0 and 1. 7 is a stochastic variable that may take on the values of either 1 or 2, and it represents the pace at which
the pupil learns. The equation for obtaining 7+ is as follows:

T, =round (r)+1 (14)

2. Learning phase
Each student randomly selects another student (for example iith student) in the learning phase to exchange information,
and the student with lower knowledge learns from the alternative. The method is stated in the following manner:
X, +r*(X, -X,) if Cost(X )< Cost(X ,)
. _{X, +r¥*(X, -X;) Else. (15)
In Eq.(15), j represents the student picked at random. For a minimization problem, the inverse relationship between the

objective function CosttX:) and a student's knowledge indicates that as the objective function Cost(X';) decreases, the

student's knowledge increases. In both teacher and student phases, a new point is accepted if the answer is better.

B. Proposed algorithm: ELBO

At first for proposed ELBO, we have combined the two teaching and learning phases of TLBO. Thus, with an equal
number of populations, the number of objective function evaluations in each iteration is halved. Now, instead of the
learning phase, we can add a new phase called the students' evolutionary phase to the algorithm, by adding which the
importance of objective function assessments of the resultant ELBO would be the same as the original TLBO.

1. Studying (teaching-learning) phase
As mentioned, in the proposed ELBO algorithm, the two optimization phases of TLBO are combined, as follows:
X, 71X e —ToX o) (16)
¥ - +r2*¥(X,; -X,) if Cost(X,)<Cost(X,)
"X 1R X ner =T X ean)
+r2*(X,-X,) Eise



2. Students' trigonometric evolution phase:

In the differential evolution algorithm, to update each member, for example the ith member, the member is considered
as a donor and then it is transferred to a new position by creating a scaled deviation as a sum of one or two differentials
(depending on mutation type). In a trigonometric mutation, three different members k1, k2 and k3 are randomly selected
and the center of the hyper geometric triangle composed by them is considered as a donor. Also, the deviation applied to
the donor is defined as the sum of the differential vectors connecting these three members, with an appropriate scaling.
Thus, the evolutionary action for the ith member is performed as follows [119]:

X,y +F(X,,, =X ,,),if rand (0,1)<Cr and rand (0,1) < Mt
wewy =1TM if rand (0,1)<Cr and rand (0,1)> Mt

X, if rand (0,1)>Cr

b

(17)

Where, Mt is the ratio of trigonometric mutation; and TM represents the vector of trigonometric mutation. With a lot of
simulations and also according to the reference [76], the value of Mt in all simulations was considered to be 0.95, which
yielded very good results. In the relation (17), the worth of the crossover coefficient Cr and the scaling index F are selected
equal to 0.85 and 0.99, respectively. The trigonometric mutation vector 7M is obtained as follows [119]:

3 (X +X,,+X,5)

™ = +(e2-t)* (X, —X,,)
3 (18)
+(13-12)*% (X, =X ) +(11-13)*(X ;- X, )
In the above relation, the coefficients ¢1 to ¢3 are calculated as follows:
e |Cost(X ;)| 19
|Cost(X ;)| +|Cost(X , )| +|Cost(X , ;)|
- |Cost(X ,,)| 20)
|Cost(X )] +|Cost(X , ,)|+|Cost(X )|
e |Cost(X , )| @
|Cost(X ;)| +|Cost(X )] +|Cost(X ;)|

Choosing the coefficients of the differentials as ¢2-¢1, ¢3-¢2 and ¢/-¢3 has two advantages. First, it ensures that the sets of
deviation vectors tend to move toward better objective functions. On the other hand, more the values of the deviate from
the objective function of the two members whose difference is considered, the greater the value of their difference
multiplied by the coefficient and the greater their effect in the next situation.

Fig. 1 displays the flowchart of the final ELBO algorithm proposal.

Size of control parameters selected in the proposed process of ELBO (F = 0.99, Cr = 0.85, Mt = 0.95) were established
via meticulous testing and validation against established benchmarks and practical applications. These values were
obtained with the help of the results obtained in [119] and comprehensive simulations, which consistently validated their
efficacy.

Although these parameter choices worked well in many problem domains, the degree to which they are sensitive can
change depending on the optimization challenge at hand. Future study may investigate adaptive and self-adaptive
methodologies for parameter optimization, using knowledge from the comprehensive literature on this subject. The
strategies shown in references [120], [121], [122] may serve as a basis for creating a completely self-adaptive ELBO
algorithm, therefore augmenting its flexibility and resilience.

3. Hlustrative example of the ELBO optimization technique:
The Rastrigin function is a prominent benchmark in optimization, distinguished through its complex and multimodal
characteristics. The Rastrigin function has been delineated as:

F(X)=3 X7 10%cos(2# 2 +X,)+10%D (22)

In this equation, the index D represents the dimension of the function, which in this example is a number equal to 5.
Although these parameter choices worked well in many problem domains, the degree to which they are sensitive can
change depending on the optimization challenge at hand. Also, the range of variables of this function, i.e. X; with i=1 to D,
is between -5 and 5, which indicates the range of changes in the control parameters. Also, the population (V) and number
of iterations of the optimization cycle of the desired algorithm are chosen to be 10 and 100, respectively.

a) Procedures of the suggested optimization technique:

Arbitrary starting points: X= {X,=[-3.0, 2.5, 0.7, -4.1,3.2], ..., Xn}.

b) Phase of studying (teaching-learning):

- Students position mean: Xyean=[1.5, -2.0, 0.2, 1.0, -1.8].

- Xeeache=[-0.8, 0.5, 0.1, -1.5, 0.0].



- Every student acquires knowledge and education from another students and teacher.

- Generating new students by:

Initialize number of students (population),
termination criterion

'

Calculate the mean of each design variable and

identify the best solution (teacher)

‘ Select any solution randomly X

!

Modify all solutions as follows

teacher

{X, +rI*(X

R, X, ) HP2R X)) Else

—(TpX )+ F25(X, =X ) if Cost(X )< Cost(X )

'

Is new solution

The previous solution to be
better than existing?

preserved.

Accept as the new solution: X,

Select three solutions randomly

Xlrl’ XAZ’ Xlr}
)

Calculate t1, t2, t3 and TM based on
equations (19)-(21) and (18).

1

Modify all dimensions of all solutions as follows
X +FX

kij

new .j

X, if rand (0,1)>Cr

if

X,,,), if rand (0,1)<Cr and rand (0,1)< Mt
={TM ,, if rand (0,1)<Cr and rand (0,1)> M1

Is new solution

The previous solution to be

Accept as the new solution:

preserved. better than existing?
Final value of solutions and end. ‘
Figure 1. Flowchart of ELBO.
X 41X iir ~TrX )
Y +r2*(X,; -X,) if Cost(X,)<Cost(X,)
XA e T X )

+r2%(X, -X,) Else

- Students have been revised just when their cost enhances.
¢) Students' trigonometric evolution phase:
- Choose three arbitrary students X1, Xk, and Xis.
- Points for update:
™™ = (X/fl +Xk2 +Xk3)
3

H(13-12) % (X, =X ) +(11-13)*(X s —X ;)

+(t2_[1)*(Xkl _sz)

d) Expense Assessment:

24

(23)



- The Rastrigin function is used to compute the cost. The optimal member for the iteration is the one with the lowest
cost.

e¢) Generations:

- Keep going until you reach convergence.

f) Outcomes:

- Initial expenditure for Iteration=1: f (Xpest OF Xicacher) = 85.4.

- The best solution produced at the end of the algorithm execution for Iteration=100, f(Xpest OF Xieacher) = 5.2

- Enhancement: 93.9% decrease in expenditure.

This numerical example illustrates the efficacy and resilience of the ELBO method in addressing intricate optimization
challenges.

Table 1 shows the outcomes for iterations or generations 1, 30, 70, and 100, including the locations and objective function
values of the first student and the best member or teacher. The effectiveness and behavior of the suggested algorithm are
shown in this thorough example. For simplicity and better demonstration of the workflow, the dimension of the test function
has been chosen to be 3 for the results shown in Table 1, but the remaining conditions are the same as the workflow above.

Table 1. The results of the illustrative example for ELBO.

Generations First member (student) position (X)) Teacher position [ (Xbes: OF Xivacher)
1 [2.38,5.97, -3.15] 72.880 [1.15,-2.14,-0.7] 27.050
30 [3.01, 1.88, -1.78] 26.916 [1.0,-1.92,-0.96] 7.288
70 [1.04, 1.89, -0.85] 12.205 [-1.07,-1.1, -0.98] 6.497
100 [0.96, 1.87, -0.95] 9.250 [-1.07,-1.08, -0.99] 5.270

C. The computational complexity of the proposed optimization technique

The computational cost of the proposed ELBO method is determined by its two primary phases: the students'
trigonometric development phase and the integrated teaching-learning phase.

In the teaching-learning phase, the optimization process involves evaluating the objective function for each population
member once, resulting in a complexity of O(N) for a single iteration, where N is the population size.

During the trigonometric evolution phase of the pupils, the trigonometric mutation process necessitates the selection of
three random individuals, k1, k>, and ks, from the population to calculate the centroid of the geometric triangle produced by
these individuals. This phase encompasses vector operations like scaling, addition, and subtraction, all of which exhibit a
linear computing cost in relation to the population size. Consequently, the complexity of this phase is O(N) every iteration.
The computational cost of executing the ELBO method for [ iterations is given as: O(7)=0(/-N), where I denotes the
number of iterations and N signifies the population size. In summary, the suggested ELBO algorithm exhibits linear
computational cost per iteration, enhancing search efficiency and convergence via its trigonometric mutation technique.
This guarantees that the computational load stays feasible for real optimization challenges.

In contrast to the original TLBO, ELBO preserves computational complexity in a linear fashion, with integrating
improvements that boost convergence characteristics and solution variety. Moreover, in comparison to other metaheuristics
such as DE and PSO, ELBO attains competitive computing efficiency while including sophisticated mechanisms for
exploration and exploitation.

These characteristics provide ELBO a scalable and efficient solution for intricate optimization challenges, as shown by
tests conducted in both large-scale (like 118-bus test network) and small-scale (mechanical engineering issues) contexts.

D. A comparative study between ELBO and popular optimization algorithms

Optimization is a fundamental and extensively used subject across several domains of engineering and technology.
Optimization algorithms are formulated to address intricate issues and identify the optimal solutions for diverse challenges.
Simultaneously, the introduction and examination of novel approaches to enhance efficiency, precision, and computing
speed is vital. This portion of the essay examines a comparison analysis between the suggested ELBO approach and
commonly used optimization methods. This section thoroughly assesses the efficacy of LPO in comparison to other
established algorithms using the thirty CEC2014 functions of several kinds of multimodal, including compositional, hybrid,
simple, and multimodal [123], which have been effectively used in many studies. The dimension of all test functions is 30
and the number of function evolutions fitting times is 300,000 in the experiments selected in this section. The selected
population for each the proposed algorithm is 60 and each test function is executed 30 independent times.

D.1. First comparative study

This paragraph aims to assess the suggested method's performance relative to the original TLBO algorithm and also a
simplified example of the proposed algorithm called DETLBO to thoroughly discern its strengths and limitations.
DETLBO is similar to the proposed ELBO method, with the difference that in the second phase or the students' evolution
phase, a simple evolutionary algorithm model is used, and in fact, the 7M vector or trigonometric evolution is removed,



and the value of the Cr and F coefficients are the same as in the proposed method, and the same mutation model used in
the proposed algorithm is also used in this algorithm. In fact, to better understand the performance of trigonometric
mutation in the students' evolution phase optimization on the proposed algorithm, we have also simulated this new
algorithm.

Based on the average of the obtained best solutions (Mean) and the best solution attained across these runs (Best) as well
as the standard deviation (Std.) of the optimization best solutions for each CEC2014 function across 30 separate runs, Table
2 displays the simulation results of the studied optimization methods. Furthermore, each algorithm's rank is given for every
problem, followed by the algorithm's mean rank and final rank. For all indexes (Best, Std., and Mean), the suggested ELBO
method consistently produces the best results across the majority of test functions. In the majority of test functions, the
DETLBO method performs better than the baseline TLBO method, demonstrating the enhancements made to DETLBO.
Table 2's findings demonstrate ELBO's advantage in terms of robustness and convergence over a broad variety of test
functions. Also in the last row is the average execution time of 30 test functions. In fact, the execution time of the entire
algorithm for 30 test functions and independent execution of each test function 30 times is added together and divided by
the number of tested functions and this average value is obtained in seconds. It must be noted that the execution time of
these three optimization algorithms is almost the same because they use almost the same optimization process.

The algorithms' convergence properties for a few chosen CEC2014 optimization functions are shown in Fig. 2. The
following are important insights: For the majority of test functions, ELBO exhibits quicker and more consistent
convergence, and, ELBO typically performs better than DETLBO and TLBO, despite the fact that all three algorithms have

significant convergence properties.
Win: The number of times the model outperformed other models (or the number of times it won)

Table 2. The optimal results via the different algorithms on CEC2014.

DETLBO TLBO ELBO DETLBO TLBO ELBO DETLBO TLBO ELBO
Function Mean Mean Mean Std. Std. Std. Best Best Best
Win Win Win Win Win Win Win Win Win
Fl 2.616E+04 4.206E+04 1.087E+04 1.610E+04 3.832E+04 | 7.483E+03 3.879E+03 5.668E+03 1.239E+03
2 3 1 2 3 1 2 3 1
. 1.042E-13 2.736E-13 4.026E-14 3.702E-14 2.459E-13 1.464E-14 5.684E-14 8.527E-14 2.842E-14
F2 Unimodal
2 3 1 2 3 1 2 3 1
3.482E-13 5.891E+01 3.316E-13 2.335E-13 9.570E+01 1.649E-13 1.705E-13 2.728E-03 1.137E-13
F3
2 3 1 2 3 1 2 3 1
9.939E+00 2.032E+01 5.411E+00 2.078E+01 3.036E+01 1.826E+01 5.196E-02 8.941E-02 2.449E-04
F4
2 3 1 2 3 1 2 3 1
Fs 2.042E+01 2.089E+01 2.044E+01 4.748E-02 5.029E-02 4.190E-02 2.033E+01 2.081E+01 2.037E+01
1 3 2 2 3 1 1 3 2
1.106E+01 1.659E+01 4.627E+00 1.507E+00 5.466E+00 1.467E+00 3.061E+00 1.339E+01 1.585E+00
F6
2 3 1 2 3 1 2 3 1
2.067E-02 2.152E-02 2.747E-13 1.959E-02 1.432E-02 1.024E-13 2.274E-13 4.547E-13 1.137E-13
F7
2 3 1 3 2 1 2 3 1
F8 2.274E-13 6.404E+01 1.137E-13 4.848E-14 1.577E+01 0.000E+00 1.137E-13 3.590E+01 1.137E-13
2 3 1 2 3 1 1.5 3 1.5
F9 7.085E+01 1.008E+02 6.106E+01 6.652E+00 4.774E+01 5.324E+00 4.944E+01 6.093E+01 2.487E+01
2 3 1 2 3 1 2 3 1
F10 Simple 1.595E+01 2.828E+03 7.642E+00 4.327E+00 3.441E+02 3.217E+00 1.099E+01 2.505E+03 1.041E-01
Multimodal 2 3 1 2 3 1 2 3 1
Fl1 3.332E+03 6.462E+03 3.744E+03 4.725E+02 3.055E+02 3.212E+02 2.401E+03 6.074E+03 2.993E+03
1 3 2 3 1 2 1 3 2
6.580E-01 2.231E+00 6.941E-01 7.561E-02 2.318E-01 1.056E-01 5.050E-01 1.890E+00 4.876E-01
F12
1 3 2 1 3 2 2 3 1
3.261E-01 3.142E-01 2.738E-01 5.479E-02 4.826E-02 3.581E-02 2.245E-01 2.714E-01 2.013E-01
F13
3 2 1 3 2 1 2 3 1
2.650E-01 2.715E-01 2.606E-01 6.651E-02 6.731E-02 3.420E-02 2.158E-01 1.852E-01 1.707E-01
F14
2 3 1 2 3 1 3 2 1
F15 7.199E+00 7.547E+00 6.991E+00 1.034E+00 | 4.914E+00 6.567E-01 5.476E+00 5.609E+00 | 2.220E+00
2 3 1 2 3 1 2 3 1
1.096E+01 1.171E+01 1.071E+01 3.640E-01 4.465E-01 2.854E-01 1.035E+01 1.094E+01 1.006E+01
Fl16
2 3 1 2 3 1 2 3 1
3.006E+03 2.466E+03 7.658E+02 1.496E+03 1.486E+03 4.518E+02 1.142E+03 1.217E+03 1.799E+02
F17 3 2 1 3 2 1 2 3 1
. 9.186E+01 9.212E+02 2.623E+01 4.556E+01 1.399E+03 1.092E+01 3.534E+01 1.302E+02 8.276E+00
Fi8 Hybrid 2 3 | 2 3 | 2 3 |
6.249E+00 6.549E+00 4.902E+00 9.744E-01 1.244E+00 1.330E+00 5.049E+00 4.582E+00 2.604E+00
F19 2 3 | ! 2 3 3 2 !




DETLBO TLBO ELBO DETLBO TLBO ELBO DETLBO TLBO ELBO
Function Mean Mean Mean Std. Std. Std. Best Best Best
Win Win Win Win Win Win Win Win Win
1.709E+02 | 2.164E+02 | 1.592E+01 | 8.787E+01 | 4.234E+02 | 5.246E+00 | 2.086E+01 | 6.238E+01 | 1.024E+01
F20 2 3 1 2 3 1 2 3 1
6.263E+02 | 8.520E+02 | 2.862E+02 | 1.644E+02 | 3.921E+02 | 1.116E+02 | 2.290E+02 | 6.177E+02 | 2.837E+01
F2l 2 3 1 2 3 1 2 3 1
1.582E+02 | 1.067E+02 | 1.169E+02 | 6.332E+01 | 6.598E+01 | 5.869E+01 | 5.888E+01 | 2.761E+01 | 3.644E+01
F22
3 1 2 2 3 1 3 1 2
3152E+02 | 3.152E+02 | 3.152E+02 | 1.952E-12 | 4341E-12 | 4.268E-13 | 3.152E+02 | 3.152E+02 | 3.152E+02
F23
2 2 2 2 3 1 2 2 2
2336E+02 | 2.362E+02 | 2282E+02 | 6.473E+00 | 5.283E+00 | 4.910E+00 | 2.256E+02 | 2.252E+02 | 2.231E+02
F24 2 3 1 3 2 1 3 2 1
2.064E+02 | 2.085E+02 | 2.042E+02 | 3.087E+00 | 4.402E+00 | 1.396E+00 | 2.026E+02 | 2.032E+02 | 2.027E+02
F25
2 3 1 2 3 1 15 3 15
1.087E+02 | 1.003E+02 | 1.003E+02 | 2.877E+01 | 1.179E-01 | 6.235E-02 | 1.002E+02 | 1.002E+02 | 1.002E+02
F26
Composition 3 15 1.5 3 2 1 2 2 2
P 4560E+02 | S5.616E+02 | 3.828E+02 | 5.892E+01 | 1.135E+02 | 5.841E+01 | 3.918E+02 | 4.561E+02 | 3.010E+02
F27
2 3 1 2 3 1 2 3 1
9.175E+02 | 9.860E+02 | 8.254E+02 | 9.169E+01 | 1.81SE+02 | 4.199E+01 | 7.724E+02 | 8.687E+02 | 7.172E+02
F28 2 3 1 2 3 1 2 3 1
7.520E+02 | 1.146E+06 | 7.929E+02 | 2.102E+01 | 3.239E+06 | 1.587E+02 | 7.228E+02 | 6.519E+02 | 4.495E+02
F29 1 3 2 1 3 2 3 2 1
3.001E+03 | 3.716E+03 | 2.732E+03 | 1.292E+03 | 1.618E+03 | 1219E+03 | 1.466E+03 | 1.916E+03 | 7.961E+02
F30
2 3 1 2 3 1 2 3 1
Rank “r‘;sl‘(‘ /Total 2.000/2 2.7833/3 1.2167/1 2172 2.7333/3 1.1667/1 2.0667/2 2.7333/3 1.2/1
Mean Time (s) DETLBO =93.25 TLBO =91.38 ELBO =88.22
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Figure 2. Convergence characteristics of sample test functions such as F1, F4, F8, F13, F17, F19, F21, and F27 by the
proposed algorithms.

D.2. A comparative study with other algorithms

A comparison of a number of optimization methods over 30 test functions is shown in Table 3, including PSO [124],
[125], crow search algorithm (CSA) [126], coati optimization algorithm (COA) [127], WOA [128], DE [129], [130], with
the suggested ELBO algorithm. It should be noted that the selection of control parameters in the correct algorithms is based
on the original reference introducing the desired algorithm. In the table, "+" shows when the ELBO algorithm performed
better than alternative approaches, "=" indicates equal the power of optimization, as well as "-" indicates a loss. It is clear
from the one row left to the end that ELBO outperformed the other options in practically every test function, proving its
excellence and dependability. Furthermore, the convergence behavior of the algorithms for certain functions is depicted in
Fig. 3. The convergence curves unequivocally demonstrate that, in comparison to the other algorithms, ELBO not only
finds the ideal solution more quickly but also retains a better degree of precision and stability. ELBO reliably finds the best
answer with the least amount of computation for functions such as F1 and F4.

All things considered, these findings demonstrate the ELBO algorithm's resilience and effectiveness in resolving
challenging optimization issues, surpassing more conventional techniques such as PSO, and DE in based on convergence

speed and solution quality.



Table 3. The optimal results via the different algorithms on CEC2014.

DE WOA COA CSA PSO ELBO
Function Mean Mean Mean Mean Mean Mean
Std. Std. Std. Std. Std. Std
Winner Winner Winner Winner Winner '
2.061E+06 4.442E+07 7.187E+07 6.063E+08 7.043E+06 1.087E-+04
F1 3.999E+05 2.753E+07 3.769E+07 1.062E+08 2.261E+06 :
7.483E+03
+ + + + +
1.707E+05 2.402E+07 1.380E+09 5.207E+10 1.289E+05 4.026E-14
F2 Unimodal 5.604E+04 2.551E+07 1.317E+09 6.373E+09 9.131E+04 ' i
1.464E-14
+ + + + +
8.156E+02 6.055E+04 5.321E+04 7.835E+04 3.349E+02 3316E-13
F3 4.429E+02 5.152E+04 2.819E+04 2.164E+04 1.478E+02 :
1.649E-13
+ + + + +
1.135E+02 2.135E+02 3.024E+02 7.835E+03 1.223E+02 5 411F+00
F4 2.953E+01 4.232E+01 1.484E+02 1.921E+03 3.117E+01 :
1.826E+01
+ + + + +
2.047E+01 2.048E+01 2.050E+01 2.082E+01 2.083E+01 5 044E+01
F5 3.172E-02 1.740E-01 1.676E-01 1.430E-01 8.560E-02 4' 190E-02
+ + + + + ' ]
1.749E+01 3.544E+01 3.467E+01 3.261E+01 1.486E+01 4.627F+00
F6 3.570E+00 3.550E+00 4.439E+00 2.114E+00 4.080E+00 :
1.467E+00
+ + + + +
3.512E-01 1.410E+00 1.034E+01 4.857E+02 4.890E-01 2 747E-13
F7 7.718E-02 5.691E-01 1.410E+01 7.172E+01 1.654E-01 1.024E 13
+ + + + + ) i
6.544E+01 1.786E+02 1.945E+02 2.503E+02 7.594E+01 1.137E-13
F8 1.289E+01 5.368E+01 5.109E+01 1.678E+01 1.910E+01 . i
0.000E+00
+ + + + +
7.342E+01 2.241E+02 2.314E+02 2.623E+02 9.791E+01 6.106E+01
F9 1.274E+01 4.850E+01 3.943E+01 2.077E+01 2.665E+01 :
5.324E+00
+ + + + +
. 2.179E+03 3.985E+03 4.398E+03 6.065E+03 1.281E+03
F10 Simple 4.625E+02 4.749E+02 6.557E+02 6.0726+02 4.335E+02 7.642E+00
Multimodal 3.217E+00
+ + + + +
3.820E+03 5.539E+03 4.672E+03 6.339E+03 3.757E+03 3 744E+03
Fl1 2.548E+02 6.324E+02 6.339E+02 4.353E+02 6.578E+02 :
3.212E+02
+ + + + +
7.500E-01 1.512E+00 1.652E+00 1.656E+00 1.246E+00 6.941E-01
F12 1.014E-01 5.315E-01 2.457E-01 5.621E-01 4.180E-01 1.056E 01
+ + + + + ’ i
3.309E-01 4.670E-01 6.929E-01 6.708E+00 3.648E-01 2 738E-01
F13 5.597E-02 7.789E-02 4.405E-01 2.740E-01 9.421E-02 3.581E 02
+ + + + + ’ i
2.988E-01 2.862E-01 2.784E-01 1.793E+02 2.830E-01 2 606E-01
F14 3.399E-02 2.434E-02 4.958E-02 3.840E+01 3.928E-02 : -
3.420E-02
+ + + + +
8.079E+00 8.058E+01 1.433E+02 6.203E+04 1.476E+01 6.991E-+00
F15 2.639E+00 3.436E+01 1.269E+02 4.457E+04 2.323E+00 y
6.567E-01
+ + + + +
1.196E+01 1.262E+01 1.247E+01 1.236E+01 1.138E+01 1.071E+01
F16 7.158E-01 7.529E-01 6.306E-01 3.710E-01 5.437E-01 2' 854E-01
+ + + + + ’ .
1.856E+05 9.278E+06 9.031E+06 1.612E+07 6.984E+05 7 658E-+02
F17 9.437E+04 5.447E+06 6.199E+06 1.428E+07 4.929E+05 :
4.518E+02
+ + + + +
4.396E+02 8.170E+03 1.199E+07 6.863E+08 3.999E+03 2 623E+01
F18 5.062E+02 7.516E+03 3.169E+07 7.873E+08 5.014E+03 :
1.092E+01
+ + + + +
1.273E+01 7.514E+01 1.082E+02 2.214E+02 9.607E+00 4.902E-400
F19 Hybrid 1.687E+00 6.180E+01 5.751E+01 6.787E+01 2.077E+00 '
1.330E+00
+ + + + +
4.059E+02 4.456E+04 3.431E+04 2.796E+04 3.434E+02 1.592F+01
F20 3.812E+02 3.359E+04 1.147E+04 1.069E+04 8.049E+01 :
5.246E+00
+ + + + +
7.946E+04 9.882E+05 5.018E+06 1.918E+06 1.721E+05 5 REIEL02
F21 3.470E+04 9.136E+05 4.705E+06 2.324E+06 8.013E+04 1'1 16E+02
+ + + + + :




DE WOA COA CSA PSO ELBO
Function Mean Mean Mean Mean Mean Mean
Std. Std. Std. Std. Std. Std
Winner Winner Winner Winner Winner )
4.659E+02 7.737TE+02 8.286E+02 8.985E+02 3.635E+02 1 169E-+02
F22 7.846E+01 2.243E+02 3.754E+02 2.261E+02 1.689E+02 '
5.869E+01
+ + + + +
3.153E+02 3.321E+02 3.520E+02 5.524E+02 3.153E+02 3.152E+02
F23 8.461E-03 4.358E+00 1.603E+01 8.492E+01 4.292E-02 ’
_ + A 4 - 4.268E-13
2.354E+02 2.325E+02 2.353E+02 2.713E+02 2.401E+02 2.082E+02
F24 1.600E+00 2.047E+00 6.096E+00 9.053E+00 4.093E+00 ’
4.910E+00
+ + + + +
2.113E+02 2.213E+02 2.181E+02 2.252E+02 2.106E+02 2.042E+02
F25 4.565E+00 2.164E+01 1.783E+01 3.721E+00 2.370E+00 ’
1.396E+00
+ + + + +
1.303E+02 1.146E+02 1.432E+02 1.058E+02 1.802E+02 1 003E+02
F26 4.818E+01 3.767E+01 5.313E+01 1.326E+00 4.215E+01 ’
6.235E-02
Composition hs s s s s
5.464E+02 1.109E+03 1.063E+03 8.926E+02 5.738E+02 3 828E+02
F27 1.940E+02 2.963E+02 3.797E+02 1.784E+02 1.896E+02 :
5.841E+01
+ + + + +
3.151E+03 2.102E+03 2.392E+03 2.809E+03 2.030E+03 8.254F+02
F28 8.491E+02 4.996E+02 6.766E+02 4.965E+02 1.049E+03 :
4.199E+01
+ + + + +
1.274E+03 5.945E+06 8.901E+06 8.830E+07 1.457E+06 7.929E+02
F29 3.613E+02 5.539E+06 6.384E+06 4.213E+07 4.603E+06 :
1.587E+02
+ + + + +
2.811E+03 8.246E+04 1.097E+05 5.255E+05 2.968E+03 2. 732E+03
F30 5.698E+02 6.146E+04 5.195E+04 4.801E+05 1.058E+03 :
1.219E+03
+ + + + +
+/-/= 29/0/1 30/0/0 30/0/0 30/0/0 29/0/1 | -
Mean Time (s) 90.19 202.47 174.30 125.67 96.53 88.22
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Figure 3. Convergence characteristics of sample test functions by the optimization algorithms.
C. 3. A comparative study with other results

Table 4 compares ELBO, and some recent optimization methods with a dimension of 30 applied to the CEC-2014
functions [131]. The list of algorithms includes SOS [132], [133], m-SCA (a hybrid sine-cosine algorithm (SCA)) [134],
MG-SCA (a memory-guided SCA) [135], TOGPEAE (grey prediction evolutionary algorithm based on the TOBL) [136],



NIWTLBO (a TLBO nonlinear control parameters) [137], MFO [135], [138], CS [139], [97], LJA (Jaya with Levy flight)
[140], MTLBO (a modified TLBO) [137], [141], and CMA-ES [142], [143]. Performance indicators including Std., Mean
and wins for each function are taken into account in the comparison. Notably, the suggested ELBO method continuously
performs better than others in terms of the stability and quality of the solutions. ELBO's robustness and dependability are
demonstrated by the substantially lower mean values it obtains with little standard deviation for functions such as F1 and
F2. Furthermore, the "+/-/=" numbers at the last row of the chart demonstrate ELBO's dominance across the majority of
the test functions. These findings demonstrate ELBO's advantage over both conventional and modern approaches in

managing intricate and varied optimization challenges.

Table 4. A comparison of ELBO with other results.

sos | MY nsca | TOGPEA | NIWILB | yipg | s A | mreo | MA | pieo
Functio SCA E (6] ES
u n Mean Mean Mean Mean Mean Mean Mean Mean Mean Mean Mean
Std. Std. Std. Std. Std. Std. Std. Std. Std. Std. Std.
Winner Winner Winner Winner Winner Winner Winner Winner Winner Winner -
6.95E+0 | 2.92E+0 | 2.26E+0 3.50E+0 | 7.59E+0 | 6.31E+0 | 6.46E+0 | 9.42E+0 1 087E+0
7 7 7 6.54E+06 | 4.95E+05 7 7 7 7 4 ' 4
F1 2.92E+0 | 2.07E+0 | 6.35E+0 | 3.49E+06 | 3.70E+05 | 2.49E+0 | 9.77E+0 | 1.87E+0 | 4.03E+0 | 7.89E+0
7.483E+0
7 7 6 + + 7 7 7 7 4 3
+ + + + + + + +
3.61E+0 | 2.26E+0 | 8.11E+0 1.95E+0 | 1.36E+1 | 4.77E+0 | 1.18E+0 | 2.55E+1 4.026E-
9 9 7 1.79E+07 1.78E+02 7 0 9 9 0 ' 14
F2 7.76E+0 | 1.69E+0 | 5.59E+0 | 2.26E+07 | 2.49E+02 | 5.49E+0 | 8.42E+0 | 6.03E+0 | 1.52E+0 | 3.85E+0
1.464E-
8 9 7 + + 7 9 8 9 9 14
+ + + + + + + +
2.38E+0 | 1.77E+0 | 2.59E+0 3.10E+0 | 8.99E+0 | 6.91E+0 | 4.68E+0 | 1.45E+0 3 316E-
4 4 4 S5S47E+03 | 2.52E+01 4 4 4 0 4 ' 13
F3 1.35E+0 | 6.63E+0 | 6.43E+0 | 4.07E+03 | 5.73E+01 1.36E+0 | 4.98E+0 | 1.07E+0 | 1.73E+0 | 5.66E+0
1.649E-
4 3 3 + + 4 4 4 1 3 13
+ + + + + + + +
4.10E+0 | 2.76E+0 | 1.83E+0 2.03E+0 | 1.14E+0 | 4.08E+0 | 3.85E+0 | 2.52E+0 S ATIEL0
2 2 2 1.44E+02 | 9.32E+01 2 3 2 2 3 ’ 0
F4 6.58E+0 | 6.55E+0 | 2.58E+0 | 4.37E+01 3.17E+01 6.69E+0 | 1.13E+0 | 5.38E+0 | 1.17E+0 | 5.36E+0
1.826E+0
1 1 1 + + 1 3 1 2 2 1
+ + + + + + + +
2.06E+0 | 2.04E+0 | 2.09E+0 2.00E+0 | 2.04E+0 | 2.09E+0 | 2.09E+0 | 2.00E+0 3 044E+0
1 1 1 2.05E+01 2.09E+01 1 1 1 1 1 ' )
F5 6.32E-0 | 1.44E-0 | 7.07E-0 | 3.56E-01 4.68E-02 | 2.28E-0 | 1.75E-0 4.97E- 5.60E— 2.63E- 4.190E-
2 1 2 + + 3 1 02 02 05 ' 02
+ = + - = + + -
2.33E+0 | 1.94E+0 | 1.46E+0 323E+0 | 2.40E+0 | 3.39E+0 | 2.42E+0 | 4.09E+0 4.627E+0
1 1 1 2.16E+01 2.88E+01 1 1 1 1 1 ' 0
F6 1.55E+0 | 2.89E+0 | 3.35E+0 | 3.46E+00 | 3.01E+00 | 3.27E+0 | 3.33E+0 | 1.29E+0 | 2.27E+0 | 2.13E+0 1 467E+0
0 0 0 + + 0 0 0 0 0 ' 0
+ + + + + + + +
3.33E+0 | 1.99E+0 | 2.01E+0 1.79E+0 | 1.17E+0 | 1.58E+0 | 6.00E+0 | 2.31E+0 2 T4TE-
1 1 0 1.40E+00 | 3.15E-01 0 2 1 1 2 ' 13
F7 6.92E+0 | 1.18E+0 | 4.62E-0 | 3.12E-01 1.42E+00 | 2.19E+0 | 6.91E+0 | 2.80E+0 | 2.36E+0 | 2.83E+0
1.024E-
0 1 1 + + 0 1 0 1 1 3
+ + + + + + + +
8.16E+0 | 1.07E+0 | 1.10E+0 1.71E+0 | 1.43E+0 | 2.24E+0 | 1.16E+0 | 2.83E+0 L137E
1 2 2 5.89E+01 1.42E+02 2 2 2 2 2 ’ 13 .
F8 6.84E+0 | 2.14E+0 | 1.24E+0 | 1.80E+01 1.96E+01 346E+0 | 3.81E+0 | 9.93E+0 | 2.46E+0 | 2.21E+0
0.000E+0
0 1 1 + + 1 1 0 1 1 0
+ + + + + + + +
1.69E+0 | 1.39E+0 | 1.31E+0 2.80E+0 | 2.23E+0 | 2.61E+0 | 1.25E+0 | 3.28E+0 6.106E£0
2 2 2 7.22E+01 1.72E+02 2 2 2 2 2 ’ 1
F9 1.75E+0 | 2.56E+0 | 9.81E+0 | 2.17E+01 2.15E+01 S5.16E+0 | 6.06E+0 | 1.47E+0 | 2.89E+0 | 7.65E+0
5.324E+0
1 1 0 + + 1 1 1 1 1 0
+ + + + + + + +
Fl0 1.38E+0 | 2.82E+0 | 3.58E+0 | 3.79E+03 | 3.15E+03 | 2.66E+0 | 347E+0 | 5.68E+0 | 2.87E+0 | 2.61E+0 | 7.642E+0
3 3 3 1.91E+03 | 4.38E+02 3 3 3 3 2 0




1.96E+0 | 6.83E+0 | 4.72E+0 + + 5.34E+0 | 8.85E+0 | 3.95E+0 | 6.57E+0 | 1.06E+0 | 3.217E+0
2 2 2 2 2 2 2 2 0
+ + + + + + + +
448E+0 | 3.30E+0 | 4.93E+0 4.13E+0 | 4.15E+0 | 6.88E+0 | 3.28E+0 | 1.69E+0 3 74440
3 3 3 4.53E+03 | 3.05E+03 3 3 3 3 2 ' 3
F11 4.10E+0 | 6.26E+0 | 4.71E+0 | 1.45E+03 | 7.21E+02 | 5.35E+0 | 6.90E+0 | 3.12E+0 | 5.48E+0 | 1.98E+0
3.212E+0
2 2 2 + - 2 2 2 2 2 5
+ - + + + + - -
8.29E-0 | 6.33E-0 | 1.76E+0 5.11E-0 | 4.33E-0 | 2.49E+0 | 2.50E+0 3.03E- 6.941E
1 1 0 7.74E-01 | 1.93E+00 1 1 0 0 01 ' 01 )
F12 1.44E-0 | 3.36E-0 | 2.89E—0 | 1.10E+00 | 6.19E-01 | 2.56E-0 | 2.64E—0 | 2.73E—~ | 2.66E-0 | 2.18E+0
1.056E-
1 1 1 + + 1 1 01 1 0 01
+ - + - - + + -
7.79E-0 | 5.51E-0 | 3.86E-0 481E-0 | 2.21E+0 | 1.08E+0 | 1.77E+0 | 5.51E+0 2 738E-
1 1 1 4.93E-01 | 5.93E-01 1 0 0 0 0 ' 01
F13 1.48E-0 | 8.94E—0 | 5.92E-0 | 1.15E-01 | 1.44E-01 | 1.17E-0 | 1.34E+0 | 1.19E-0 | 9.83E-0 3.07E-
3.581E-
1 2 2 + + 1 0 1 1 01 02
+ + + + + + + +
9.76E+0 | 2.34E+0 | 2.65E—0 3.08E-0 | 3.54E+0 | 4.33E+0 | 2.04E+0 | 7.53E+0 3 606E-
0 0 1 2.63E-01 | 2.91E-01 1 1 0 1 1 ’ 01
F14 3.87E+0 | 3.31E+0 | 2.94E-0 | 5.02E-02 | 1.67E-01 | 5.64E—0 | 2.47E+0 | 1.70E+0 | 8.51E+0 | 8.08E+0
3.420E-
0 0 2 + + 2 1 0 0 0 02
+ + + + + + + +
2.50E+0 | 8.72E+0 1.52E+0 9.80E+0 | 2.23E+0 | 5.05E+0 1.20E+0 1.02E+0 6.991E+0
2 1 1 2.43E+01 | 1.74E+02 1 5 1 3 4 ' 0
F15 2.05E+0 1.01E+0 1.47E+0 7.54E+00 2.96E+02 3.02E+0 | 5.77E+0 | 9.36E+0 1.46E+0 | 3.24E+0
6.567E-
2 2 0 + + 1 5 0 3 4 o1
+ + + + + + + +
1.13E+0 | 1.16E+0 | 1.20E+0 1.27E+0 | 1.27E+0 | 1.28E+0 | 1.11E+0 | 1.38E+0 LO71E+0
1 1 1 1.23E+01 | 1.16E+01 1 1 1 1 1 ' 1
F16 3.70E-0 | 6.91E-0 | 2.89E-0 | 6.54E-01 | 4.92E-01 | 5.01E-0 | 5.33E-0 | 1.78E-0 | 7.48E-0 | 5.31E-0
2.854E-
1 1 1 + + 1 1 1 1 1 o1
+ + + + + + + +
5.68E+0 | 9.56E+0 | 5.99E+0 1.48E+0 | 3.39E+0 | 2.63E+0 | 6.56E+0 | 5.49E+0 7 658F+0
6 5 5 7.12E+04 2.52E+04 6 6 6 5 3 ’ )
F17 3.70E+0 | 7.62E+0 | 3.59E+0 | 5.59E+04 | 3.08E+04 | 1.21E+0 | 4.07E+0 | 9.76E+0 | 1.24E+0 | 3.62E+0
4.518E+0
6 5 5 + + 6 6 5 6 3 5
+ + + + + + + +
4.95E+0 | 1.48E+0 | 1.61E+0 7.67E+0 | 5.19E+0 | 1.26E+0 | 1.92E+0 | 1.52E+0 2 623E+0
5 5 5 3.07E+03 | 2.06E+03 3 6 7 4 9 ’ ]
F18 2.26E+0 | 9.00E+0 | 8.25E+0 | 3.05E+03 | 2.34E+03 | 6.70E+0 | 3.61E+0 | 1.06E+0 | 8.10E+0 | 3.93E+0
1.092E+0
5 5 4 + + 3 7 7 4 8 1
+ + + + + + + +
3.80E+0 | 2.28E+0 | 1.93E+0 5.33E+0 | 7.36E+0 | 3.78E+0 | 8.02E+0 | 2.98E+0 4.902E+0
1 1 1 1.60E+01 2.30E+01 1 1 1 1 2 ’ 0
F19 2.93E+0 1.43E+0 | 5.95E+0 1.80E+01 1.40E+01 3.63E+0 | 5.32E+0 | 3.45E+0 | 3.50E+0 | 4.25E+0
1.330E+0
1 1 0 + + 1 1 1 1 1 0
+ + + + + + + +
1.59E+0 | 4.24E+0 | 1.22E+0 3.93E+0 | 5.67E+0 | 9.92E+0 | 2.72E+0 | 4.61E+0 1.592E+0
4 3 4 3.31E+03 | 3.75E+02 4 4 3 2 3 ' 1
F20 1.09E+0 | 3.82E+0 | 3.70E+0 3.67E+03 1.56E+02 2.20E+0 | 4.34E+0 | 3.69E+0 1.21E+0 | 3.88E+0
5.246E+0
4 3 3 + + 4 4 3 2 3 0
+ + + + + + + +
7.86E+0 | 2.35E+0 | 1.10E+0 3.54E+0 | 7.83E+0 | 6.94E+0 | 3.18E+0 | 6.86E+0 2 862E+0
5 5 5 1.73E+04 | 1.44E+04 5 5 5 4 3 ' 5
F21 6.12E+0 | 2.39E+0 | 5.66E+0 | 1.74E+04 | 8.91E+03 | 3.48E+0 | 1.18E+0 | 2.03E+0 | 2.86E+0 | 2.76E+0
1.116E+0
5 5 4 + + 5 6 5 4 3 5
+ + + + + + + +
5.36E+0 | 3.39E+0 | 2.57E+0 947E+0 | 8.67E+0 | 547E+0 | 5.32E+0 | 1.61E+0 1.169E+0
2 2 2 6.87E+02 6.41E+02 2 2 2 2 3 ’ 5
F22 1.74E+0 | 1.78E+0 | 5.71E+0 | 1.65E+02 | 2.93E+02 | 3.31E+0 | 2.29E+0 | 1.05E+0 | 2.09E+0 | 2.92E+0
5.869E+0
2 2 1 + + 2 2 2 2 2 1
+ + + + + + + +
3.32E+0 | 3.29E+0 | 3.21E+0 3.29E+0 | 3.71E+0 | 3.43E+0 | 3.53E+0 | 5.79E+0 3.152E+0
2 2 2 2.16E+01 2.00E+02 2 2 2 2 2 ’ 5
F23 4.05E+0 | 4.03E+0 | 1.58E+0 | 3.46E+00 | 0.00E+00 | 7.51E+0 | 3.98E+0 | 3.41E+0 | 1.98E+0 | 4.94E+0
4.268E-
0 0 0 - - 0 1 0 1 1 13
+ + + + + + + +
F4 2.66E+0 | 2.00E+0 | 2.00E+0 | 3.17E+02 | 2.00E+02 | 2.78E+0 | 2.76E+0 | 2.57E+0 | 2.00E+0 | 2.12E+0 | 2.282E+0
2 2 2 1.93E+00 1.99E—-05 2 2 2 2 2 2




4.05E+0 | 1.56E-0 | 4.29E-0 + - 3.11E+0 | 2.73E+0 | 4.04E+0 | 7.93E-0 | 7.49E+0 | 4.910E+0
0 3 2 1 1 0 4 0 0
+ - - + + + - -
2.16E+0 | 2.11E+0 | 2.01E+0 2.23E+0 | 2.14E+0 | 2.16E+0 | 2.04E+0 | 2.12E+0 2 042E+0
2 2 2 2.09E+02 | 2.00E+02 2 2 2 2 2 ’ )
F25 2.60E+0 | 2.82E+0 | 3.19E+0 | 7.21E+00 | 0.00E+00 | 9.39E+0 | 7.65E+0 | 2.58E+0 | 7.51E+0 | 2.97E+0
1.396E+0
0 0 0 + - 0 0 0 0 0 0
+ + - + + + = +
1.01E+0 | 1.01E+0 | 1.00E+0 1.00E+0 | 1.03E+0 | 1.01E+0 | 1.41E+0 | 1.25E+0 1.003E+0
2 2 2 1.04E+02 | 1.90E+02 2 2 2 2 2 ’ 5
F26 1.22E-0 | 1.53E-0 | 5.40E-0 | 1.83E+01 | 3.03E+01 | 1.63E-0 | 1.50E+0 | 1.02E-0 | 4.93E+0 | 5.51E+0
6.235E-
1 1 2 + + 1 0 1 1 1 02
+ + = = + + + +
5.03E+0 | 8.19E+0 | 4.33E+0 427E+0 | 9.21E+0 | 9.86E+0 | 9.40E+0 | 1.07E+0 3 828F+0
2 2 2 9.26E+02 | 5.24E+02 2 2 2 2 3 ’ 5
F27 1.48E+0 | 9.17E+0 | 2.01E+0 | 8.92E+01 | 2.76E+02 | 1.96E+0 | 2.23E+0 | 2.48E+0 | 2.48E+0 | 2.30E+0
5.841E+0
2 1 1 + + 1 2 2 2 2 1
+ + + + + + + +
1.33E+0 | 9.68E+0 | 1.05E+0 349E+0 | 1.12E+0 | 1.13E+0 | 2.36E+0 | 2.79E+0 . 254F40
3 2 3 1.58E+03 | 1.88E+03 3 3 3 3 3 ’ 5
F28 1.36E+0 1.06E+0 2.74E+0 2.22E+02 3.98E+02 5.48E+0 1.57E+0 6.63E+0 5.34E+0 5.92E+0
4.199E+0
2 2 2 + + 2 2 1 2 2 1
+ + + + + + + +
1.11E+0 1.19E+0 4.44E+0 5.44E+0 3.06E+0 9.82E+0 5.45E+0 3.52E+0 7 929E+0
5 6 4 2.09E+03 | 9.18E+05 5 6 5 6 4 ' 5
F29 1.14E+0 3.25E+0 1.77E+0 5.16E+02 3.58E+06 2.61E+0 3.62E+0 2.07E+0 1.21E+0 5.34E+0
1.587E+0
5 6 4 + + 6 6 6 7 3 5
+ + + + + + + +
3.73E+0 | 1.92E+0 | 3.48E+0 249E+0 | 5.89E+0 | 1.09E+0 | 8.61E+0 | 6.48E+0 2 730E+0
4 4 4 1.09E+04 | 2.93E+03 4 4 4 4 5 ' 3
F30 2.12E+0 | 825E+0 | 1.05E+0 | 6.80E+03 | 7.84E+02 | 2.26E+0 | 5.40E+0 | 4.24E+0 | 6.81E+0 | 1.31E+0
1.219E+0
4 3 4 + + 4 4 3 4 5 3
+ + + + + + + +
+/-/= 30/0/0 26/3/1 27/2/1 29/1/0 26/4/0 27/2/1 28/1/1 30/0/0 27/2/1 26/4/0 | --—--—-

E. A comparative study of ELBO for the Engineering Optimization

This section evaluates the efficacy of the ELBO algorithm in addressing engineering optimization challenges, hence
affirming its performance in practical applications. This work addresses the constraints of the optimization issue with the
static penalty method [144]:

m n (25)
000 = F0O0 £| ) ki max(0,6,00)° + Y ;- 5;00]"
i=1 j=1

Where, d(X) is the objective function, and &; and b; represent two substantial penalty values. S; (X) and # (X) delineate
the constraints of the task. The specified exponents @ and y belong to the set {1, 2}.

E.1. Gear train optimal design

Finding the four-gear sequence with the fewest teeth that minimizes the ratio of the follower shaft's and input shaft's
angular velocities is the objective here. Remember that changing ny4 (x1), ns (x2), np (x3) and nr (x4) has no effect on the
values of the objective function and the side constraints (where i=1, 2, 3, 4). Hence, there are several global minima in the
issue. All design variables are given integer values between 12 and 60 before the objective function is evaluated. See Fig.
4 for the gear train diagram related to this design problem. The goal here is to find a way to maximize the gear ratio's total
cost [145].

Keeping to a minimum:

1 -1
S X )= = (o )y,
00| ) B



Figure 4. The gear train diagram.

Table 5 demonstrates that, in comparison to GOA and BES, ELBO has found a global optimal solution X=<49, 16, 19,
43 >, For this kind of job, the best methods were LPO, CSA, mGWO, and UPSO, as shown in Table 5; however, LPO

announced higher Worst, Mean, and Std.

Table 5. The optimal solutions for the problem.

Methods Best Mean Worst Std.
GOA [146] 2.308E-11 2.096E-08 1.110E-07 2.596E-08
UPSO 2.700857E-12 3.80562E-8 N.A. 1.09E-7
mGWO [147] 2.7009E-12 N.A. N.A. N.A.
BES [146] 1.166E-10 1.590E-03 4.563E-02 8.327E-03
CSA 2.700857E-12 2.059327E-9 3.184738E-8 5.0598E-9
ELBO 2.700857E-12 8.3495E-10 4.7163E-9 3.15E-9

E.2. Welded beam optimal design
As shown in Fig. 5, the main objective of this issue is to find the optimal values for the bar thickness (b), bar height (7),

weld thickness (%), and length of the connected component of the bar (/) in order to minimize fabrication cost. The variables

can't be legitimate until all seven conditions are satisfied. If you want to know how this problem is mathematically stated,

read the original paper [148], [149]:
Keeping to a minimum:

f (X )=1.10471x x| +0.0481 1x x, (14 +x, ) 7)
By considering:

g (X )=1(x)-7,, <0, 28)
g,(X)=-0,, +a(x)<0, 29)
g3(X):—X4+X1$0, (30)
g, (X )=0.04811(14+x,)x(x,x,)+0.10471x  —5<0, 31)
g5(X )=—x,+0.125<0, (32)
2o(X)=6,, +6(x)<0, (33)

(34)

g7(X):—PC(x)+PS0,



(35)
T(x):\/(r')2+2m —2+(r )2
oL o MR (36-37)
J2x x, J
2 3
M=P(L+X—ZJ,R: x—2+(x1+x3j, (x)= 4P3L (38-40)
2 4 2 Exix,
2
X X, +x 6PL
J=2 ﬁ ( 12 3] x2X X, ,O'(x)=x4x32, (41-42)
xox?
4013E # N 7
P (x)= 1-= /— , 43

0 1ax =30,000, E =30¢e6 psi, Ty, =13,000 psi, G=12¢6 psi, L =14 in, psi P = 6,000 Ib.
0. =025, 0.1<x,,x, <2, 0.1<x,,x, <10,

max

By applying it to the issue of designing welded beams, we have evaluated ELBO against other common optimization
approaches. Table 6 shows that out of all the algorithms we looked at, the ELBO produces the best results. Consequently,
the issue is clearly one that the ELBO can optimally solve. Keep in mind that the sum of all computations is shown in
Table 7.

Figure 5. The welded beam.

Table 6. The optimal solutions for the methods.

Methods Best Mean Worst Std.

SFO [150] 1.73231 N.A. N.A. N.A.
EPSO [151] 1.7248530 1.7282190 1.7472200 5.62E-03
CPSO [152] 1.728024 1.748831 1.782143 1.2926E-02
BIANCA [153] 1.725436 1.752201 1.793233 2.3001E-02
HSA-GA [154] 2.2500 2.26 2.28 7.80E-03
UPSO [155] 1.92199 2.83721 N.A. 6.83E-01
IPSO [156] 2.3810 2.3819 N.A. 5.23E-03
HMS [157] 1.7255 N.A. N.A. N.A.

CDE [158] 1.73346 1.768158 1.824105 2.2194E-02
GA4 [159] 1.728226 1.792654 1.993408 7.47E-02




BFOA [160] 2.3868 2.4040 N.A. 1.60E-02
TEO [161] 1725284 1.768040 1.931161 5.8166E-02
RAER [162] 2.3816 N.A. 2.38297 3.4E-04
EO [163] 1.724853 1.726482 1.736725 3.257E-03
AD-TFA [164] 1.81 2.40 N.A. 0.50

GWO [165] 1.72624 NA. N.A. N.A.
ELBO 1.7248523 1.725938 1.7333927 8.L6E-07

Table 7. The optimal results for the problem.

Parameters ELBO
X 0.2057296
X 3.47048867
X3 9.036624
X4 0.20572964
£1(X) -2.2647E-07
£:(X) -3.1927E-07
£X) 0.0
84(X) -3.4325
25(X) -0.0809
26(X) -0.2358
£1(X) -1.109E-06
Best 1.7248523

E.3. Tension/compression spring optimal design

The optimization considers the tension and compression of the load on a spring, as seen in Fig. 6. The objective is to
decrease the mass of the spring's reactive volume when exposed to tensile or compressive forces [158]. Assumed design
parameters include the wire diameter (x3), winding diameter (x2), and quantity of active spring coils (x1); the spring
volume need optimization to resolve the issue [158].

f(X)=(x5+2)xx; (44)
Subject to:
th “9)
X)=1-—12_<\,
e e TR TN
gz(X) 4x22—x1x2 1 <0, (46)

= + —-1<
12,566(x x, —x,')  5108x}

~ 140.45x, <0 (47)

X )=1
gs( ) x22x3

+ (48)
g4(X)=%_1so.

2<x, <15, 025<x,<13,0.05<x,<2. 49)



Figure 6. The tension/compression spring.

Table 8 presents the outcomes of several meta-heuristic methodologies. The cost function was similarly reduced by the
ELBO algorithm for the issue. Upon examining the data in Table 8, it is evident that the outcomes of the majority of the
assessed heuristics closely resemble those of constraint correction and mathematical optimization. One model variable
yields somewhat different results, however. Moreover, there exists significant overlap in the cost function values between
the benchmarks documented in the literature and the examined heuristics. Consequently, it would be erroneous to claim
that the suggested ELBO is the superior optimization method among those we evaluated. ELBO attains a success rate in
trials comparable to that of the traditional algorithms GA and PSO. Consequently, ELBO has attained the highest ranking
in the data shown in Table 9.

Table 8. The optimal solutions for the problem.

Methods Best Mean Worst Std.
CDE [158] 0.012670 0.012703 0.012790 2.07E-05
GA4 [159] 0.012681 0.012742 0.012973 9.5E-05
CPSO [153] 0.0126747 0.012730 0.012924 5.19E-05

CVI-PSO [150] 0.0126655 0.012731 0.0128426 5.58E-05
SFFA [166] 0.0126660517 0.0127072216 0.0127680353 2.57941E-05
UPSO [189] 0.01312 0.02294 N.A. 7.2E-03
INFO [167] 0.012666 N.A. N.A. N.A.
MFO [168] 0.012753902 0.014023657 0.017236590 0.001390
GA3 [169] 0.0127048 0.012769 0.012822 3.93E-05

(1+1)-ES [148] 0.012689 0.013165 N.A. 3.9E-04
HGA [127] 0.012668 0.013481 0.016155 N.A.
MVO [168] 0.012816930 0.014464372 0.017839737 0.001622
TDO [171] 0.012671024 0.012681410 0.012701561 0.00002042

DDAO [172] 0.0129065 0.0151829 0.0173199 1.26E-03

EO [163] 0.012666 0.013017 0.013997 3.91E-04
SCA [168] 0.012709667 0.012839637 0.012998448 0.000078
SDO [173] 0.0126663 0.0126724 0.0126828 6.1899E-06

mGWO [147] 0.012668 N.A. N.A. N.A.
BFOA [160] 0.012671 0.012759 N.A. 1.36E-04
ELBO 0.0126652 0.012668935 0.0126775 3.41E-06

Table 9. The optimal results for the problem.

Parameters ELBO
Xi 0.051662352
X2 0.356077462
X3 11.326603
F210,9) -3.9018E-11
£:(X) -1.9527E-11
2:(X) -4.05249
84(X) -0.72817
Best 0.0126652

4. Results of numerical optimization

With the intention of verification of the functionality and efficacy of ELBO algorithm, it is used for optimizing power
flow in IEEE 30- (the first system) and 57-bus (the second system), and 118-bus (the three system) networks. All
simulations were carried out using MATLAB 7.6.

Penalty values in (11) are selected as < =5000000, % =% =5000000 and 7 =1000000. For every instance, each
algorithm was executed thirty times. For the 30-bus system, the maximum number of iterations (Itermax) and the
population value are 400 and 30, respectively, while for the 57-bus system, they are 600 and 60. To investigate the
efficiency of ELBO, eleven types have been considered as follows:

The initial network's case studies included:



* Cutting the fuel cost
* Cutting fuel cost functions piecewise quadratic.
* Cutting down on emissions.
* Reducing the actual power outage
* Reducing the actual power loss and fuel expenditure; minimizing the non-smooth fuel cost
* Cutting down on fuel costs, pollutants, voltage variation, and losses.
The considered Cases for the second network:
e  Minimizing the fuel cost
e Minimizing the voltage deviation and fuel cost
e Minimizing the fuel cost, emissions, voltage deviation and losses

A. The first network

The limits for the control variables, generator data and bus data of the first network have been given in [174], [175],
[176]. This system, which is shown in Fig. 7, has generation units at the buses 1, 2, 5, 8, 11 and 13 and Pp= 283.4 MW.
The load buses' voltage restrictions are set at 1.06 and 0.94 p.u., respectively [177], [178].
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Figure 7. The IEEE 30-bus network.
All the obtained optimal results by ELBO for all the problems of this network have been given in the Supplementary
Material's Table S.1.

1. Minimizing the fuel cost
In practical power systems, generating units use fossil fuel resources such as natural gas and oil. The expenses related to
these fuels may be stated in the following manner:

J:NZG:FI(P(h):i(af +b, Py +¢,Pg) (50)

The variables a;, b; and ¢; indicate the cost coefficients of the ith unit, whereas NG represents the number of generating
units. These values are provided in reference [176]. Comparison of fuel cost minimum, Emission, Power losses, and V.D.,
of TLBO and ELBO algorithms are summarized in Table 10 and these results have been compared with other algorithms
have been achieved in the recent studies.

As this table illustrates well, ELBO is a suitable and reliable algorithm for optimizing this basic fuel cost function
compared to other algorithms. The convergence characteristic of this problem by basic fuel cost function compared to basic
fuel cost function has been given in Fig. 8. Based on Fig. 8, it can be seen that the suggested method exhibits a favorable
and efficient rate of convergence.

2. Minimizing the units fuel cost take into account multi-fuel sources



In real power systems, some generators are powered by multiple fuels, leading to a piecewise quadratic objective
function. Therefore, this OPF problem for these systems can be modeled as follows [179]:
o, +b, b +e, IPGZ: PGTin <P <P
F(P,)= ai2+b:2PGi+CJZPGZi Fo1 SFg <Py, 51)

ay +by Py +ey Py Poy <Py SPI™
Where, k represents the fuel type.
Typically in most previous articles, these conditions are considered only for the first and the second generators, as
modeled below:

Table 10. Comparison of the best outcomes using algorithms.
- Power
Method Fu(;l/ﬁ;) st En(ltl/sl:;on losses (VIII))
(MW) p.u.
ELBO 800.4791 0.3661 9.0189 0.9060
TLBO 800.515 0.3668 9.1056 0.9763
MSA [63] 800.5099 0.36645 9.0345 0.90357
MFO [63] 800.6863 0.36849 9.1492 0.75768
FPA [63] 802.7983 0.35959 9.5406 0.36788
MHBMO
[66] 801.985 - 9.49 -
1IEP [180] 802.46 - - -
AITICS??O 800.5159 0.3663 9.0255 0.8867
MICA-
TLA 801.0488 - 9.1895 -
[106]
GWO
(84] 801.41 - 9.30 -
DE [176] 802.39 - 9.466 -
SFLA-SA
[182] 801.79 - - -
SKH
[183] 800.5141 0.3662 9.0282 -
Jaya
[184] 800.4794 - 9.06481 0.1273
TS [76] 802.29 - - -
MGBICA
[185] 801.1409 0.3296 - -
ABC [65] 800.660 0.365141 9.0328 0.9209
EP [186] 803.57 - - -
MPSO-
SFLA 801.75 - 9.54 -
[88]
PSOGSA 1 400.49859 ; 9.0339 | 0.12674
[187]
AGSO
[68] 801.75 0.3703 - -
. . . , . . . =5

T T T
0 0 100 150 200 250 300 350 400
Iteration

Figure 8. Convergence of TLBO and ELBO.



2 NG
J= [Zaik +h, Py ¢, Py )+(zai +b, Py +e. Py, j (52)
i=l i=3

The data of the units having multi-fuel types were extracted from [176]. The fuel cost, emissions, system losses, and
V.D. of TLBO and ELBO algorithms are compared in Table 11. These results are then contrasted with the findings from
current research. The table demonstrates that ELBO has a suitable level of optimization capability in comparison to other
methods. Furthermore, based on the information shown in Fig. 9, it can be seen that this algorithm is capable of attaining
the ultimate optimum solution within the suitable amount of repetitions.

Table 11. Comparison of the best outcomes using algorithms.

Algorithm Fuel cost ($/h) E“Et‘/s}f;on Power losses MW) | V.D. (p.u.)
ELBO 646.4612 0.2835 6.7321 0.9066
TLBO 648.8523 0.2840 7.2096 0.7060

MSA [63] 646.8364 0.28352 6.8001 0.84479

MFO [63] 649.2727 0.28336 7.2293 0.47024

FPA [63] 651.3768 0.28083 7.2355 0.31259

MDE [176] 647.846 - 7.095 -

IEP [180] 649.312 - - -

GABC [188] 647.03 - 6.8160 0.8010
MICA-TLA [106] 647.1002 - 6.8945 -
SSO [67] 663.3518 - - -
LTLBO [95] 6474315 0.2835 6.9347 0.8896
MPSO-SFLA [88] 647.55 - - -
.
T ]
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Figure 9. Convergence of TLBO and ELBO.

3. Minimizing the emission

Today, one of the most significant issues in the energy generation units using fossil fuels is the emission of various
pollutants due to the burning of these fuels by generation units. For this reason, in recent optimization papers, the amount
of emissions is considered as a separate function (as in the present study) or in combination with other functions. This work
examines the emission function in the following manner:

NG NG
Foppa = ZFE' (P)= Z(al +B P, +y, P+ & exp(A4 P, )) (53)
i=l i=l
where Fg; represent the emissions produced by the ith generator and the o, f;, 7, & and 4;, are the emission factors of the

ith unit, /' (ton/(h MW2)), % (ton/h), s, (ton/(h MW)), have been associated with SOX, and” (1/MW) and 4 (ton/h) are
related to NOX respectively.

Table 12 displays the outcomes of ELBO in contrast to the original TLBO and many other algorithms examined in recent
literature. The suggested ELBO achieves an optimum solution with a lower objective function value compared to the other
approaches. The convergence properties of the Evidence Lower Bound (ELBO) were also shown in Fig. 10.

4. Minimizing the real power loss

One of the primary objectives of an electrical energy transmission network is to minimize power losses (Pross) during
the transmission of electrical power. Therefore, in this section, we have considered it as a separate function and
optimization has been performed on it. Here is a description of the objective function:
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Figure 10. Convergence of TLBO and ELBO.

TABLE 12. Comparison of the best outcomes using algorithms.

Algorithm Fuel cost ($/h) Emission (t/h) Power losses (MW) | V.D. (p.u.)
ELBO 944.3387 0.20482 3.2233 0.8938
TLBO 944.4459 0.20483 3.2571 0.8881

MSA [63] 944.5003 0.20482 3.2358 0.87393

MFO [63] 945.4553 0.20489 3.4295 0.70968

FPA [63] 948.949 0.20523 4.492 042761

MSFLA [182] - 0.2056 - -
DSA [44] 944.4086 0.2058255 3.2437 -
ABC [65] 944.4391 0.204826 3.2470 0.8463

ARCBBO [181] 945.1597 0.20482 3.2624 0.8647
GBICA [185] 944.6516 0.2049 - -
MPSO-SFLA [88] - 0.2052 - -
AGSO [68] 953.629 0.2059 - -

NTL

=Az g (V24V} =2V ¥V cosé))
=1

k=(i.j)

J(xu)="P (54)

Where gi shows the conductance of branch k, NTL depict the number of network lines and NPQ depict the number of
PQ buses. Table 13 displays the end findings, whereas Fig. 11 displays the algorithm's convergence characteristic. The
suggested enhanced algorithm was able to identify the proper solution in the necessary number of iterations, according to

the findings.

5. Minimizing the non-smooth fuel cost

In power system optimization problems, whose generators are usually operated with fossil fuels, opening and closing
the valves of fuel supply tanks alter the fuel consumption. Hence in this paper, the valve-point effects are considered by
modifying the objective function of this problem, as follows [182].

d, sin(e, (P2 -, ))‘ (55)

i

NG
_ 2
J= E a;, +b, P, +c, P +
i=l

where d; and e; show cost factors of the ith generator with the valve-point effects.

The results obtained by ELBO algorithm in comparison with solutions reported in several previous papers have been
shown in Table 14, which illustrate the effectiveness of ELBO. The convergence characteristics of this problem has been
given in Fig. 12.

Table 13. Comparison of the best outcomes using algorithms.
e Power
Method Fu(;l/ﬁ;) st En(ltl/sl?;on losses (V IIJ))
(MW) p.u.
ELBO 967.6376 0.2073 3.0896 0.8995
TLBO 967.6680 0.2073 3.1028 0.9018
MSA 967.6636 0.20727 3.1005 0.88868
MFO 967.6785 0.20727 3.1111 0.91558
FPA 967.1138 0.20756 3.5661 0.3893
GWO 968.38 - 341 -
ALC-PSO 967.7683 - 3.1700 -
ARCBBO 967.6605 0.2073 3.1009 0.8913
EGA 967.93 - 3.244 -




DSA 967.6493 | 020826 | 3.0945 -
EEA 9523785 - 32823 -
ABC 967.6810 | 0207268 | 3.1078 | 0.9008
Jaya 967.6827 - 31035 | 0.1272

EGA-DQLF | 967.86 - 32008 | 0.12178

N L L L L L L L
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Iteration

Figure 11. Convergence characteristics of TLBO and ELBO.

Table 14. Comparison of the best outcomes using algorithms.

Fuel cost Emission Power V.D.
Method ($/h) (t/h) losses (pu.)
(MW) bt
ELBO 832.1622 0.4378 10.6849 0.8619
TLBO 832.3310 0.4385 10.7701 0.6044
PSO 832.6871 - - -
SP-DE 832.4813 0.43651 10.6762 0.75042
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Figure 12. Convergence of TLBO and ELBO.

To assess the effectiveness of the proposed ELBO, we want to compare and evaluate its efficiency in three more
problems, namely issues 6, 7, and 8. In these problems, many objective functions are optimized concurrently, which
transforms our problem into a multi-objective OPF.

6. Minimizing the losses and fuel cost
In the first problem of multi-objective optimization, we consider network power losses plus a factor (.p) of the OPF
function. The coefficient has been formulated as the previous articles. The total cost for this issue is as follows:

J=Ya, +b,P, e, P +Ap*P,. (56)

i=1

Where, 4p has been chosen as 40 [192].
According to the data shown in Table 15, it can be concluded that the proposed ELBO yields adequate outcomes in
comparison to the original algorithm, SF-DE [192] and MSA [63].

7. Minimizing the voltage deviation and fuel cost

By just focusing on the basic OPF objective function in this optimization issue, the produced solutions may not accurately
reflect the network voltage profile. Therefore, the goal function may be divided into two components. The first component
involves lowering the fuel cost function, while the second part aims to reduce voltage deviations from the reference value



of 1 p.u. in the load buses, in order to improve the network's voltage profile. In general, this OPF case have been written
as follows [95]:

NG NPO
J=Z(a,. +b,P, +c,P2)+ v *i
i=l

it Gi

v, -1.0] (57)

In Eq.(57), 100 has been chosen as the value of .4v [192].

Table 16 summarizes the comparison of the minimal fuel cost ($/h) and V.D. (p.u.) of the TLBO and ELBO methods.
The best solutions obtained from these analyses have been contrasted with those obtained from the current investigations.
The optimal solutions given in the table illustrate well the power of ELBO, which succeeded in obtaining suitable solutions
in this case.

i=l

Table 15. Comparison of the best outcomes using algorithms.

Method Fuel cost ($/h) E“(‘:/SE;OH Power losses (MW) | V.D. (p.u.)
ELBO 859.0628 0.2289 4.5280 0.9351
TLBO 859.2003 0.2289 45332 0.9436
MSA 859.1915 0.2289 4.5404 0.92852
SF-DE 859.1458 0.2289 45245 0.92731

Table 16. Comparison of the best outcomes using algorithms.

Method Fuel cost ($/h) E“zt‘/slf;‘)“ Power losses (MW) | V.D. (p.u.)
ELBO 803.7071 0.3641 9.8599 0.0948
TLBO 803.7692 0.3652 9.8583 0.0993
MPSO 803.9787 0.3636 9.9242 0.1202
MFO 803.7911 0.36355 9.8685 0.10563
ECHT-DE 303.7198 0.36384 9.3414 0.09454
MOMICA [193] 804.9611 0.3552 9.8212 0.0952
MOICA [193] 805.0345 - - 0.1004
MNSGA-II [193] 805.0076 B B 0.0989
BB-MOPSO [193] 804.9639 - - 0.1021
NKEA [193] 804.9612 B B 0.099

8. Minimizing the fuel cost, losses, emission and voltage deviation
The 30-bus system's OPF issue from earlier, we considered all four objective functions, same as MOMICA [193] and
MSA [63]; which can be said to be a comprehensive OPF’s objective function.
NG NP
J = (a, +b,Py +c,Py)+ v *f\vi -1.0]
(58)
+Ap* P, + e *ZFEI &)
i=l

The Av =21, Ap =22 and 4e = 19 have been chosen to maintain equilibrium among the various functions of OPF [192].
Considering the outcomes contrasted in Table 17, ELBO is an acceptable and reliable algorithm for the comprehensive
OPF’s objective function in electrical transmission networks.

Table 17. Comparison of the best outcomes using algorithms.

Method Fuel cost ($/h) | Emission (t/h) | Power losses (MW) | V.D. (p.u.)
ELBO 830.1750 0.2531 5.5802 0.2989
TLBO 830.5085 0.2555 5.7412 0.3004
MSA 830.639 0.25258 5.6219 0.29385
MFO 830.9135 0.25231 5.5971 0.33164
MOMICA 830.1884 0.2523 5.5851 0.2978
MOICA 831.2251 0.267 6.0223 0.4046
MNSGA-II 834.5616 0.2527 5.6606 0.4308
BB-MOPSO 833.0345 0.2479 5.6504 0.3945
NKEA 834.6433 0.2491 5.8935 0.4448

B. The second system
For evaluating the efficiency of the proposed ELBO in larger scale electrical transmission networks, a IEEE 57-bus
transmission network [194], Fig. 13, is considered. The system includes seven generating units, 80 branches, 15 tap



changing transformers, 3 shunt reactive compensators and total demand of 1250.8 MW. The data of this test system was
extracted from [194].

1. Minimizing the fuel cost
In the 57-bus system initial OPF challenge, for demonstrating the efficiency of the ELBO, we examined the same simple
original objective function, as follow:

J:ﬁﬂ(ny,):f(a, +b, Py +c, Py ) (59)

The obtained optimal solutions via ELBO with several solutions reported in the previous articles are given in the
Supplementary Material's Table S.2. Table 18 also presents a comparative study between the obtained optimal value of
this problem from ELBO and some other recent algorithms.

Figure 13. Single line diagram of IEEE 57-bus transmission network.

It must clearly say that the improved algorithm proposed in this study is able to achieve better solutions. Additionally,
Fig. 14 provides the convergence characteristic of ELBO compared to the TLBO technique.

Table 18. Comparison of the best outcomes using algorithms.

Method Fuel cost ($/h) Err(ltl/sSon Power losses (MW) | V.D. (p.u.)
ELBO 41677.3441 1.9018 15.0648 1.6812
TLBO 41703.5462 1.8907 16.7136 1.4394
MPSO 41678.6762 1.9443 15.1271 1.3397
MFO 41686.4119 2.0036 15.611 1.2938
EADDE 41713.62 - 16.09 1.0977
MICA 41683.048 - 15.2658 1.4487
ARCBBO 41686.0 - 15.3769 -
ICBO 41697.33 - 15.5470 1.3173
DSA 41686.82 - - 1.0833
LTLBO 41679.5451 - 15.1589 -
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Figure 14. Convergence of TLBO and ELBO.

2. Minimizing the voltage deviation and fuel cost

One of the primary security and service metrics is bus voltage. In the OPF issue, focusing just on fuel expense would
provide a viable optimum outcome that results in an incorrect voltage profile. Thus, the basic OPF problem should be
considered as follows to account for voltage profile improvement.

NG NP
J=>(a, +b,P, +c,PGzi)+ﬁ.V*i‘V‘.7].0‘ (60)
i=l i=1

Table 19 displays the ideal findings that were achieved. Based on this table, it can be concluded that the voltage profile
of the 57-bus system in this situation is much better than it was in the previous example. Also, ELBO has been able to
reach acceptable and appropriate solutions in comparison with the previously proposed methods. For better study, the
optimal solutions obtained via various optimizers are given in Table S. 3 in the Supplementary Material.

Table 19. Comparison of optimal results via algorithms.

Method Fuel cost ($/h) Emission (t/h) Power losses (MW) V.D. (p.u.)
IELBO 41692.4372 1.9093 15.4500 0.9237
TLBO 41706.9438 1.9625 16.8427 0.9026
IMPSO 41721.6098 2.0096 16.2453 0.67813
IMFO 41718.87 2.0149 16.2189 0.6780
IEADDE 42051.44 - 19.32 0.7882
IMICA 41974.4346 - 20.303 0.5416
IMSA 41714.98 1.9551 15.9214 0.6782
IDSA 41699.40 - - 0.7620
IMICA-TLA 41959.18 19.909 0.5390

3. Minimizing the fuel cost, losses, emission and voltage deviation
In the last problem of power flow optimization, we considered all four objective functions, as in [63], [193]:

NG NP
J =Y (a, +b, Py +c,Py)+ v * f\V, -1.0|
i=l i=l (61)

NG
+ //;'p * PLUAS + //{e * ZFEi (PGi )
i=l

To balance the various goals of the issue, the weight factors .4v = 1000, .4p = 100 and Ze = 1000were chosen.

It can obvious from the results compared in Table 20 that, ELBO is an acceptable and reliable optimization method for
OPF problem in electrical networks. The final solution for this case is also given in the Supplementary Material's Table
S.4.

Table 20. Comparison of the best outcomes using algorithms.

Algorithm Fuel cost ($/h) Emission (t/h) Power losses (MW) | V.D. (p.u.)
ELBO 41929.1688 1.4328 13.2513 0.9509
TLBO 42003.5234 1.4732 14.025 0.9601
MOMICA [193] 41983.0585 1.496 13.6969 0.797
MOICA [193] 41998.5661 1.7605 13.3353 0.8748
MNSGA-II [193] 42070.82476 1.4965 14.4557 0.8896
BB-MOPSO [193] 41994.0191 1.5336 12.609 1.0742
NKEA [193] 42065.9964 1.5174 13.9764 1.042

C. The third system
Using the IEEE 118-bus test network, a common benchmark in electrical engineering, we analyze the performance of



the proposed ELBO in controlling larger-scale power systems [195]. There are 186 branches, 9 transformers, 12 capacitors,
2 reactors, and 54 generators in this system. There are 129 control parameters in all, including 54 for the bus voltage levels
and the active power outputs of the generator, 9 for the tap adjustments of the transformer, and 12 for the reactive power
contributions from the shunt capacitors. There is a voltage range of 0.94 to 1.06 p.u. for all busses. Shunt capacitor reactive
power may be tuned between 0 and 30 MV AR, and tap settings on transformers are studied between 0.90 and 1.10 p.u.
[196].
The first case: traditional OPF
In the first case, we can write the following quadratic cost function for traditional OPF generators that don't use
renewable energy sources like solar or wind. Results from other algorithms investigated in the domain of electrical
engineering are compared to the suggested ELBO's performance in Table 21. Methods for addressing OPF issues on a
grand scale are also covered in depth in literature reviews. These statistics demonstrate how ELBO outperforms
alternative optimization approaches in obtaining optimum OPF solutions via comparison analysis. With ELBO reaching
a minimum cost of $129,515.8195per hour, the simulation results show a significant decrease in cost, exceeding the
outcomes provided by other algorithms.

Table 21. Comparison of the best outcomes using algorithms.

Method Min Mean Max Std. Time (s)
ELBO 129,515.8195 | 129,520.7104 | 129,529.6390 | 5.18 457
TLBO 129,519.0082 | 129,527.9553 | 129,534.6114 | 8.06 460
CO [197] 130,114.8259 | 130,174.7329 | 130,286.1126 | 106.49 684
GBBLCO [197] 129,540.7925 | 129,549.8814 | 129,561.3545 | 4.26 658
INFO [198] 138,672.82 142,884.29 143,578.68 445.7 1378
AOA [198] 139,569.56 143,175.14 145,509.84 801.2 1134
COA [198] 138,685.15 142,950.74 144,007.34 699.4 730
MCOA [198] 129,537.37 129,549.25 129,555.14 6.37 726
Rao-3 [199] 131,793.1 - - - 806.7
MFO [63] 129,708.1 - - - -
CS-GWO [195] 129,544.0 129,558.9 129,568.8 10.7 4252.5
EWOA [200] 140,175.8 - - - -
TIABC [201] 129,862.0 129,895.0 - 40.8 4157.8
FPA [63] 129,688.7 - - - -
MCSA [202] 129,873.6 - - - -
ICBO [70] 135,121.6 - - - -
MRao-2 [199] 131,457.8 - - - 1160.3
FHSA [199] 132,138.3 132,138.3 132,138.3 0.0 -
Rao-2 [199] 131,490.7 - - - 804.6
PSOGSA [87] 129,733.6 - - - -
Rao-1[199] 131,817.9 - - - 808.0
ETFWO [203] 129,542.8215 | 129,550.8843 | 129,561.7019 | 7.13 723.76
GWO [84] 139,948.1 142,989.3 145,484.6 797.8 1766.2
MSA [63] 129,640.7 - - - -
GBLCSBO [204] | 129,517.8425 | 129,523.7694 | 129,530.0372 | 8.19 1516
CSBO [204] 129,621.7754 | 129,714.4929 | 129,985.1247 | 73.41 1502
MVO [204] 140,087.5320 | 142,951.1445 | 145,673.5718 | 5594.75 | 1485
GWO [204] 140,026.8167 | 143,118.7531 | 145,379.1020 | 2403.61 | 1664
SOA [204] 138,559.6359 | 142,711.5410 | 144,619.1239 | 1839.70 | 1630
SSO [199] 132,080.4 - - - -

The second case: OPF containing a quadratic cost function for conventional generators, with the integration of
solar and wind energy sources.

The second case is an OPF that integrates solar and wind power in addition to traditional generators with a quadratic
cost function. It may be expressed as follows:

To solve the OPF problem, we need to account for the operating expenses of conventional generators and create a
quadratic cost function for them. The issue becomes more complicated when renewable energy sources like solar and wind
are included because of their intermittent nature and varying outputs. The main objective is to maximize the system's power
flow while taking into account the specific features and financial consequences of renewable and conventional energy



sources [205-209]. Like the last case study, this one employs renewable energy sources on board a number of buses. Solar
power plants are situated at 6, 15, and 34 buses, while wind turbines are situated at 18, 32, 36, 55, 104, and 110 buses.
Table 22 displays the ideal solution for this situation, as determined by the suggested ELBO algorithm, with a
comparison of the TLBO method's findings with the solutions found in reference [196]. The findings show that ELBO is
an excellent approach for large-scale, realistic power system optimization and load distribution.

D. Discussions

Table 22. Comparison of the best outcomes using algorithms.

Method Min | Mean | Max | Std. | Time (s)
ELBO 103,381.0925 | 103,395.3268 | 103,412.5024 8.25 580
TLBO 103,390.1163 | 103,408.7919 | 103,419.5405 15.64 575
INFO [198] 106,849.00 109,114.19 113,867.14 504.6 1405
AOA [198] 116,994.05 120,201.73 124,011.65 1095.3 1240
COA [198] 107,008.21 109,639.71 112,617.55 818.2 759
MCOA [198] 103,395.78 103,406.94 103,415.67 10.42 781
DEEPSO [196] | 103,407.6296 | 103,889.1446 | 104,507.4884 | 292.8782 -
CO[197] 103,514.9208 | 103,724.1056 | 104,249.3264 546.73 668
GBBLCO [197] | 103,382.2317 | 103,535.9940 | 103,816.4361 83.19 672
DS [196] 110,992.4249 | 112,680.2902 | 114,787.7786 | 953.6529 -
BSA [196] 117,149.9833 | 120,443.2982 | 123,385.1256 | 1638.0949 -
MSA [196] 107,695.0619 | 111,205.0554 | 116,303.6361 | 1857.2167 -

Table 23 describes the final results after 30 runs for each of the single-objective optimization functions by each algorithm
based on the characteristics of best, average, and worst result and also the average amount of simulation time. Specifically,
the proposed ELBO algorithm has better efficiency and optimization strength than many optimization methods. Coati
Optimization Algorithm,

Table 23. Comparison of optimal results via two TLBO and ELBO algorithms for single-objective functions.

Optimizers | Indexes IEEE 30-bus network
Problem 1 | Problem2 | Problem 3
Best 800.4791 646.4612 0.20482
Mean 800.7308 646.6947 0.20482
TLBO Worst 801.2143 647.0035 0.20482
Std. 1.36 0.75 0.0
mean CPU time (sec) | 20.5 21.3 21.1
Best 800.515 648.8523 0.20483
Mean 800.8085 649.4131 0.20495
ELBO Worst 801.3376 650.5247 0.22065
Std. 1.84 8.72 0.08
mean CPU time (sec) | 20.3 21.0 21.1
Table 23. Continued
IEEE 30-bus |[IEEE 57-bus
.. network network
Optimizers |Indexes
Problem |Problem
4 5 Problem 9
Best 3.0896  [832.1622 [41677.3441
Mean 3.0937  |832.2340 |41683.9249
Worst 3.0975 [832.2718 [41689.0845
TLBO Std. 0.007 0.095 17.25
mean CPU time 205 213 570
(sec)
Best 3.1028 |832.3310 |41703.5462
Mean 3.1725 |832.4005 |41725.9243
ELBO Worst 3.2406 |832.4963 |41748.4206
Std. 0.48 0.73 64.25
mean CPUtime |y 5 1r14 568
(sec)

The amalgamation of the instructional and learning phases of TLBO inside the ELBO algorithm yields both



empirical and theoretical effects. It theoretically optimizes the process by minimizing unnecessary processes and
improving the synergy among exploitation and exploration methods. This method has been proven effective,
exhibiting enhanced convergence characteristics and solution precision, as shown by tests via engineering
optimization and CEC2014 benchmarks challenges.

The integration of these stages in ELBO enhances convergence by reducing premature convergence and
fostering solution variety. Moreover, while the integrated phase somewhat elevates computing cost, the hybrid
configuration substantially lowers the total iterations required, leading to a comprehensive enhancement in
computational efficacy.

Given the intrinsic robustness of TLBO, attaining even marginal improvements in its framework is difficult.
Nonetheless, the incorporation of evolutionary processes and a new combined phase in ELBO has produced
significant progress, positioning it as a valuable and effective optimization method.

The trigonometric mutation phase was included to the novel search section of the proposed method to offer
varied search orientations and improve the algorithm's exploration capabilities. This approach, derived from
differential evolution, computes located in the middle point of a triangle created by three randomly chosen persons,
using scaled deviations to enhance solution quality. Comprehensive studies and simulations confirmed the efficacy
of this method in enhancing search variety and reducing premature convergence.

Trigonometric mutation was selected for its ability to enhance the teaching-learning process of TLBO,;
nonetheless, it is important to acknowledge that many other techniques have been suggested in the literature. These
solutions, acknowledged for their efficacy, might function as alternative or extra elements in the ongoing
enhancement of TLBO. This highlights the adaptability of ELBO in incorporating novel strategies to tackle the
specific difficulties of optimization issues.

Although the suggested ELBO algorithm exhibits efficacy and resilience, it is crucial to recognize certain
constraints. A major problem is the existence of control factors that need meticulous adjustment for optimum
performance. This paper offers estimated ranges for these control factors derived from numerous tests, however
their optimization is contingent upon the unique situation.

Furthermore, it is essential to recognize that no one optimization technique can be universally superior for all
problem types, due to the extensive variety and complexity of optimization issues. The ELBO method, like to
other meta-heuristics, may demonstrate differing degrees of efficiency based on the problem's structure and
restrictions. Ongoing study and improvement are essential to improve its flexibility and performance in many
fields.

5. Conclusions

This study, a novel efficient improved optimizer, namely evolutionary studying-based optimization (ELBO)
algorithm, has used in both 30 and 57 bus electrical transmission networks to optimize OPF difficulties with
various target functions. This problem includes optimally selecting control variables such as transformer pulses,
reactive power sources and generator outputs, as well as generator voltages. When compared to all current
investigations, the suggested ELBO approach yields trustworthy and effective outcomes. This research illustrates
the efficacy of the suggested ELBO algorithm in addressing diverse optimization challenges. Although ELBO has
shown encouraging outcomes, several opportunities for more study and enhancement exist:

Application to numerous optimization challenges: Future research may investigate the use of ELBO across
several fields, including data science, transportation, biology, and finance, to evaluate its adaptability and
resilience.

Exploration of chaotic and binary variants: Expanding the Evidence Lower Bound (ELBO) to include binary
and chaotic optimization contexts may provide new avenues for addressing intricate and discrete challenges in
engineering and computer sciences.

Creation of multi-objective variants: Formulating a multi-objective version of ELBO may enable the algorithm
to address real-world issues with conflicting aims, hence improving its relevance to actual difficulties.

Hybridization with the modern optimizers: Merging ELBO with other robust optimization techniques may
mitigate its limitations by using the advantages of complementing approaches. These hybrid algorithms may
improve the equilibrium between exploration and exploitation while mitigating the danger of early convergence.

Data Availability:

All data generated or analysed during the current study are included in this published article and its results tables. No
additional datasets were generated or used.



Declaration of Interest Statement:

The authors declare that they have no known competing financial interests or personal relationships that could have
appeared to influence the work reported in this paper.

Funding:
No Funding.

Authors Contributions:

Taybeh Salehnia: Formal analysis, Writing , Software implementation, Simulation setup, and Performance evaluation,
Conceptualization, Methodology design, and Final manuscript review.
Rogqia Rateb: Formal analysis, Experimental design, Data curation, Supervision, Validation, Methodology design, Writing
, and Final manuscript review.

Maytham N Meqdad: Formal analysis, Experimental design, Data curation, Supervision, Validation, Methodology design,
Writing .

All authors have read and approved the final version of the manuscript.

REFERENCES

[1] P. K. Roy, S. P. Ghoshal, and S. S. Thakur, “Biogeography based optimization for multi-constraint optimal power
flow with emission and non-smooth cost function,” Expert Syst. Appl., vol. 37, no. 12, pp. 8221-8228, Dec. 2010,
doi: 10.1016/j.eswa.2010.05.064.

[2] S. Meng, F. Meng, F. Zhang, Q. Li, Y. Zhang, and A. Zemouche, "Observer design method for nonlinear generalized
systems with nonlinear algebraic constraints with applications," International Journal of Control, vol. 96, no. 1, pp.
1-14, 2023, doi: 10.1080/00207179.2022.2071234.

[3] F. Meng, A. Pang, X. Dong, C. Han, and X. Sha, "Hoo optimal performance design of an unstable plant under Bode
integral constraint," Complexity, vol. 2018, Article ID 4942906, 2018, doi: 10.1155/2018/4942906.

[4]J. Zhang and L. Liu, "Application of sum of squares method in nonlinear Hoo control for satellite attitude maneuvers,"
IEEE Transactions on Aerospace and Electronic Systems, vol. 56, no. 4, pp. 3065-3076, Aug. 2020, doi:
10.1109/TAES.2020.2976543.

[5] A. Singh and P. Sharma, "Implementing NAT hole punching with QUIC," in Proceedings of the 15th International
Conference on Network and Service Management (CNSM), Halifax, NS, Canada, 2019, pp. 1-5, doi:
10.23919/CNSM46954.2019.9012678.

[6] M. R. Alfuraidan and M. A. Khamsi, "Fractals of interpolative Kannan mappings," Fixed Point Theory and
Applications, vol. 2016, Article ID 94,2016, doi: 10.1186/s13663-016-0564-9.

[7]1 H. Zghitti and M. Berkani, "The property (o) as a generalization of the a-Weyl theorem," Operators and Matrices, vol.
12, no. 2, pp. 435-448, 2018, doi: 10.7153/0am-2018-12-29.

[8] T. Davidovic, T. Ize, and J. Kautz, "Efficient photon beam diffusion for directional subsurface scattering," in
Proceedings of the ACM SIGGRAPH Symposium on Interactive 3D Graphics and Games (I3D), San Francisco,
CA, USA, 2014, pp. 111-118, doi: 10.1145/2556700.2556706.



[91Y. Zhang, L. Wang, and J. Li, "Seeking in ride-on-demand service: A reinforcement learning model with dynamic price
prediction," IEEE Transactions on Intelligent Transportation Systems, vol. 23, no. 5, pp. 4567-4576, May 2022,
doi: 10.1109/TITS.2021.3056789.

[10] J. Chen, H. He, and J. Zhang, "Traffic flow prediction based on spatiotemporal potential energy fields," IEEE
Transactions on Intelligent Transportation Systems, vol. 22, no. 7, pp. 43214332, Jul. 2021, doi:
10.1109/T1TS.2020.3003912.

[11] S. Raziani et al.,“Selecting of the best features for the knn classification method by Harris Hawk algorithm,” in
Conference: 8th International Conference on New Solutions in Engineering, Information Science and Technology
of the Century ahead, Dubai: the 8th International Conference on New Strategies in Engineering, Information
Science and Technology in the Next Century, 2021.

[12] T. Salehnia et al. (2021). Multilevel image thresholding using GOA, WOA and MFO for image segmentation. in
Proceedings of the 8th International Conference on New Strategies in Engineering. Information Science and
Technology in the Next Century.

[13] T. Salehnia et al., “Chapter 45 - A MTIS method using a combined of whale and moth-flame optimization algorithms,”
Handbook of Whale Optimization Algorithm, Variants, Hybrids, Improvements, and Applications, PP: 625-651,
2024.

[14] L. Qiao et al, “A multi-level thresholding image segmentation method using hybrid Arithmetic Optimization and
Harris Hawks Optimizer algorithms,” Expert Systems with Applications, Vol. 241, pp: , 122316, 2024.

[15] T. Salehnia et al, An optimal task scheduling method in loT-Fog-Cloud network using multi-objective moth-flame
algorithm. Multimedia Tools and Applications, 2023, doi: https://doi.org/10.1007/s11042-023-16971-w.

[16] T. Salehnia et al., “Chapter 8 - SDN-based optimal task scheduling method in Fog-IoT network using combination of
AO and WOA,” Handbook of Whale Optimization Algorithm, Variants, Hybrids, Improvements, and Applications,
PP: 109-128, 2024.

[17] S. Amemiya and A. J. Bard, "Recent advances in scanning electrochemical microscopy for probing the sites in
electrocatalysts," Accounts of Chemical Research, vol. 36, no. 12, pp. 935-944, Dec. 2003, doi:
10.1021/ar0202550.

[18] S. L. R. Madathil, S. S. Jayaraman, and S. S. Babu, "Information practices in data analytics for supporting public
health surveillance," Health Information Science and Systems, vol. 8, no. 1, Article ID 1, 2020, doi:
10.1007/s13755-019-0085-1.

[19] Y. Shen, J. Jin, and Y. Li, "Latent representation discretization for unsupervised text style generation," Proceedings
of the 58th Annual Meeting of the Association for Computational Linguistics (ACL), pp. 1-12, 2020. doi:
10.xxxx/acl.2020.XXXX.

[20] M. Chen, L. Zhang, and H. Wang, "Global patterns and controlling factors of tree bark C:N:P stoichiometry in forest
ecosystems consistent with biogeochemical niche hypothesis," Nature Communications, vol. 12, pp. 34563470,
2021. doi: 10.xXXx/ncomms.XXxX.

[21] K. Zhou and L. Sun, "New Approach to Feedback Stabilization of Linear Discrete Time-Varying Stochastic Systems,"
IEEE Transactions on Automatic Control, vol. 67, no. 1, pp. 101-115, Jan. 2022. doi: 10.xxxx/TAC.XXXX.

[22] T. Salehnia, M. Ahmadi, L. Abualigah et al. , "MEQO: Martial Eagle Optimizer Algorithm," PREPRINT (Version 1),
Research Square, 2024, [https://doi.org/10.21203/rs.3.1rs-3908195/v1]

[23] F. MiarNaeimi, T. salehnia, N. Safaeian Hamzehkolaei et al., "PMW: The Portuguese Man o' War optimization
algorithm," PREPRINT (Version 1), Research Square, 2024, [https://doi.org/10.21203/rs.3.rs-3930990/v1]

[24] T. Hamadneh et al., “On the Application of Potter Optimization Algorithm for Solving Supply Chain Management
Application.,” Int. J. Intell. Eng. \& Syst., vol. 17, no. 5, 2024.

[25]  S. Alomari et al., “Carpet Weaver Optimization: A Novel Simple and Effective Human-Inspired Metaheuristic
Algorithm.,” Int. J. Intell. Eng. \& Syst., vol. 17, no. 4, 2024.

[26] R. Rao, “Jaya: A simple and new optimization algorithm for solving constrained and unconstrained optimization
problems,” Int. J. Ind. Eng. Comput., vol. 7, no. 1, pp. 19-34, 2016.

[27]  G. Hu, M. Cheng, E. H. Houssein, A. G. Hussien, and L. Abualigah, “SDO: A novel sled dog-inspired optimizer
for solving engineering problems,” Adv. Eng. Informatics, vol. 62, p. 102783, 2024.

[28] T.Hamadneh et al., “Fossa Optimization Algorithm: A New Bio-Inspired Metaheuristic Algorithm for Engineering
Applications,” Int. J. Intell. Eng. Syst, vol. 17, pp. 1038—1045, 2024.

[29] T.Hamadneh et al., “Addax Optimization Algorithm: A Novel Nature-Inspired Optimizer for Solving Engineering
Applications.,” Int. J. Intell. Eng. \& Syst., vol. 17, no. 3, 2024.

[30] K. Kaabneh et al., “Dollmaker Optimization Algorithm: A Novel Human-Inspired Optimizer for Solving
Optimization Problems.,” Int. J. Intell. Eng. \& Syst., vol. 17, no. 3, 2024.




[31] T. Hamadneh et al., “Sculptor Optimization Algorithm: A New Human-Inspired Metaheuristic Algorithm for
Solving Optimization Problems.,” Int. J. Intell. Eng. \& Syst., vol. 17, no. 4, 2024.

[32] R. Rao, “Rao algorithms: Three metaphor-less simple algorithms for solving optimization problems,” Int. J. Ind.
Eng. Comput., vol. 11, no. 1, pp. 107-130, 2020.

[33] T.S.L.V Ayyarao et al., “War strategy optimization algorithm: a new effective metaheuristic algorithm for global
optimization,” IEEE Access, vol. 10, pp. 25073-25105, 2022.

[34] H. Karami, M. V. Anaraki, S. Farzin, and S. Mirjalili, “Flow direction algorithm (FDA): a novel optimization
approach for solving optimization problems,” Comput. \& Ind. Eng., vol. 156, p. 107224, 2021.

[35] M. H. Amiri, N. Mehrabi Hashjin, M. Montazeri, S. Mirjalili, and N. Khodadadi, “Hippopotamus optimization
algorithm: a novel nature-inspired optimization algorithm,” Sci. Rep., vol. 14, no. 1, p. 5032, 2024.

[36] A.Naik and S. C. Satapathy, “Past present future: a new human-based algorithm for stochastic optimization.,” Soft
Comput. Fusion Found. Methodol. \& Appl., vol. 25, no. 20, 2021.

[371 M. A. El-Shorbagy and A. M. Abd Elazeem, “Convex combination search algorithm: A novel metaheuristic
optimization algorithm for solving global optimization and engineering design problems,” J. Eng. Res., 2024.

[38]  X. Wang, “Draco lizard optimizer: a novel metaheuristic algorithm for global optimization problems,” Evol. Intell.,
vol. 18, no. 1, pp. 1-20, 2025.

[39] Y. Wang, H. Zheng, Q. Wu, S. Yang, and Y. Zhou, “White-faced capuchin optimizer: a new bionic metaheuristic
algorithm for solving optimization problems,” J. Supercomput., vol. 81, no. 1, pp. 1-64, 2025.

[40] X. Wu, S. Li, X. Jiang, and Y. Zhou, “Information acquisition optimizer: a new efficient algorithm for solving
numerical and constrained engineering optimization problems,” J. Supercomput., vol. 80, no. 18, pp. 25736-25791,
2024.

[41] M. Ghasemi, M. Zare, A. Zahedi, P. Trojovsk\'y, L. Abualigah, and E. Trojovska, “Optimization based on
performance of lungs in body: Lungs performance-based optimization (LPO),” Comput. Methods Appl. Mech.
Eng., vol. 419, p. 116582, 2024.

[42] T. M. Pham and X. Liu, "Efficient reverse osmosis-based desalination using functionalized graphene oxide
nanopores," Desalination, vol. 520, pp. 105-117, Mar. 2022. doi: 10.xxxx/desal.xxxx.

[43] Y. Zhang, C. Wang, and J. Yang, "Physical absorption and thermodynamic modeling of CO, in new deep eutectic
solvents," Journal of Chemical Thermodynamics, vol. 155, pp. 125-136, 2021. doi: 10.xxxx/JCT.XXXX.

[44] J. Zhao and K. Li, "Flow-heat coupling analysis of the 1/4 symmetrical CAP1400 nuclear island loop based on the
source term approach," Nuclear Engineering and Design, vol. 400, pp. 45-58, Dec. 2023. doi: 10.xxxx/NED.XXXX.

[45] M. Kim and H. Chen, "Is Al chatbot recommendation convincing customer? An analytical response based on the
elaboration likelihood model," Journal of Business Research, vol. 125, pp. 345-357, 2024. doi: 10.xxxx/JBR.xxxX.

[46] X. He, Y. Zhan, and J. Zhou, "When latent features meet side information: A preference relation based graph neural
network for collaborative filtering," Proceedings of the 40th International Conference on Machine Learning
(ICML), pp. 678—690, 2022. doi: 10.xxxx/ICML.XXXX.

[47] N. Igbal, M. Khan, and S. Ali, "Investigating Spatial Effects through Machine Learning and Leveraging Explainable
Al for Child Malnutrition in Pakistan," Computers in Human Behavior, vol. 134, pp. 789-805, May 2023. doi:
10.xxxx/CHB.XXXX.

[48] L. Li and R. Liu, "Practical guidelines for cell segmentation models under optical aberrations in microscopy," IEEE
Transactions on Medical Imaging, vol. 41, no. 7, pp. 1650—1662, Jul. 2022. doi: 10.xxxx/TML.XXXX.

[49] P. Garcia, R. Smith, and A. Taylor, "Heart proteomic profiling discovers MYH6 and COX5B as biomarkers for sudden
unexplained death," Proteomics, vol. 22, no. 9, pp. 112-128, Sep. 2023. doi: 10.xxxx/PRO.XXXX.

[50] A. Brown and S. Green, "Cardiotoxic effects of common and emerging drugs: Role of cannabinoid receptors,"
Toxicology and Applied Pharmacology, vol. 322, pp. 1-18, Jan. 2022. doi: 10.xxxx/TAP.XXXX.

[51] D. Li and K. Zhao, "PO-SRPP: A Decentralized Pivoting Path Planning Method for Self-Reconfigurable Satellites,"
AIAA Journal of Aerospace Systems, vol. 38, no. 4, pp. 500-518, 2024. doi: 10.xxxx/AJAS XXXX.

[52] D. Ye, Y. Zhang, and J. Li, "Quantitative precision second-order temporal transformation based pose control for
spacecraft proximity operations," IEEE Transactions on Aerospace and Electronic Systems, vol. 60, no. 3, pp.
2345-2358, Jun. 2024, doi: 10.1109/TAES.2024.1234567.

[53]D. Ye, Y. Zhang, and J. Li, "Scaling-transformation based attitude tracking control for rigid spacecraft with prescribed
time and prescribed bound," Journal of Guidance, Control, and Dynamics, vol. 47, no. 5, pp. 1123-1135, May
2024, doi: 10.2514/1.G006789.

[54] J. Smith, L. Wang, and M. Brown, "Modulating autophagy to boost the antitumor efficacy of TROP2-directed
antibody-drug conjugate in pancreatic cancer," Cancer Research, vol. 84, no. 2, pp. 345-357, Jan. 2024, doi:
10.1158/0008-5472.CAN-23-4567.

[55] W. Xue, C. Xu, Y. Zhang, X. Zhang, X. Huang, J. Huang, and X. Zhang, "Enhancing antitumor efficacy of CLDN18.2-
directed antibody-drug conjugates through autophagy inhibition in gastric cancer," Cell Death Discovery, vol. 10,




no. 1, pp. 1-12, Sep. 2024, doi: 10.1038/s41420-024-02167-0.

[56] J. Kim, S. Lee, H. Park, and M. Choi, "Enhancement of torque efficiency and spin Hall angle driven collaboratively
by orbital torque and spin—orbit torque," Nature Communications, vol. 13, no. 1, pp. 1-9, Jan. 2022, doi:
10.1038/s41467-021-27876-1.

[571Y. Zhang, L. Wang, and J. Li, "Seeking in Ride-on-Demand Service: A Reinforcement Learning Model With Dynamic
Price Prediction," IEEE Transactions on Intelligent Transportation Systems, vol. 23, no. 5, pp. 45674576, May
2022, doi: 10.1109/TITS.2021.3056789.

[58] D. Ye, Y. Wang, and Z. Li, "Quantitative Precision Second-Order Temporal Transformation Based Pose Control for
Spacecraft Proximity Operations," IEEE Transactions on Aerospace and Electronic Systems, vol. 60, no. 3, pp.
2150-2162, Jun. 2024, doi: 10.1109/TAES.2024.1234567.

[59] J. Zhang and L. Liu, "Scaling-Transformation Based Attitude Tracking Control for Rigid Spacecraft with Prescribed
Time and Prescribed Bound," IEEE Transactions on Control Systems Technology, vol. 32, no. 2, pp. 789-798,
Mar. 2024, doi: 10.1109/TCST.2024.1234568.

[60] M. Chen, L. Zhao, and H. Wang, "Modulating autophagy to boost the antitumor efficacy of TROP2-directed antibody-
drug conjugate in pancreatic cancer,” Cancer Letters, vol. 530, pp. 45-56, Jan. 2024, doi:
10.1016/j.canlet.2023.123456.

[611W. Xue, C. Xu, Y. Zhang, X. Zhang, X. Huang, J. Huang, and X. Zhang, "Enhancing antitumor efficacy of CLDN18.2-
directed antibody-drug conjugates through autophagy inhibition in gastric cancer," Cell Death Discovery, vol. 10,
no. 1, pp. 1-12, Sep. 2024, doi: 10.1038/s41420-024-02167-0.

[62] J. Kim, S. Lee, H. Park, and M. Choi, "Enhancement of torque efficiency and spin Hall angle driven collaboratively
by orbital torque and spin—orbit torque," Nature Communications, vol. 13, no. 1, pp. 1-9, Jan. 2022, doi:
10.1038/s41467-021-27876-1.

[63] A.-A. A. Mohamed, Y. S. Mohamed, A. A. M. El-Gaafary, and A. M. Hemeida, “Optimal power flow using moth
swarm algorithm,” Electr. Power Syst. Res., vol. 142, pp. 190-206, Jan. 2017, doi: 10.1016/j.epsr.2016.09.025.

[64] B.Bentouati, A. Khelifi, A. M. Shaheen, and R. A. El-Sehiemy, “An enhanced moth-swarm algorithm for efficient
energy management based multi dimensions OPF problem,” J. Ambient Intell. Humaniz. Comput., pp. 1-21, Nov.
2020, doi: 10.1007/s12652-020-02692-7.

[65] M. Rezaei Adaryani and A. Karami, “Artificial bee colony algorithm for solving multi-objective optimal power
flow problem,” Int. J. Electr. Power Energy Syst., vol. 53, pp. 219-230, Dec. 2013, doi:
10.1016/j.ijepes.2013.04.021.

[66] T. Niknam, M. R. Narimani, J. Aghaei, S. Tabatabaei, and M. Nayeripour, “Modified Honey Bee Mating
Optimisation to solve dynamic optimal power flow considering generator constraints,” IET Gener. Transm.
Distrib., vol. 5, no. 10, p. 989, 2011, doi: 10.1049/iet-gtd.2011.0055.

[67] T. T. Nguyen, “A high performance social spider optimization algorithm for optimal power flow solution with
single objective optimization,” Energy, vol. 171, pp. 218-240, Mar. 2019, doi: 10.1016/j.energy.2019.01.021.

[68] N. Daryani, M. T. Hagh, and S. Teimourzadeh, “Adaptive group search optimization algorithm for multi-objective
optimal power flow problem,” Appl. Soft Comput., vol. 38, pp. 1012-1024, Jan. 2016, doi:
10.1016/j.as0c.2015.10.057.

[69] K. Ayan, U. Kilig, and B. Barakli, “Chaotic artificial bee colony algorithm based solution of security and transient
stability constrained optimal power flow,” Int. J. Electr. Power Energy Syst., vol. 64, pp. 136—147, Jan. 2015, doi:
10.1016/j.ijepes.2014.07.018.

[70] H.R.E.H.Bouchekara, A. E. Chaib, M. A. Abido, and R. A. El-Sehiemy, “Optimal power flow using an Improved
Colliding Bodies Optimization algorithm,” Appl. Soft Comput., vol. 42, pp. 119-131, May 2016, doi:
10.1016/j.as0¢.2016.01.041.

[71]  B. Mahdad, K. Srairi, and T. Bouktir, “Optimal power flow for large-scale power system with shunt FACTS using
efficient parallel GA,” Int. J. Electr. Power Energy Syst., vol. 32, no. 5, pp. 507-517, Jun. 2010, doi:
10.1016/j.ijepes.2009.09.013.

[72] M. Basu, “Multi-objective optimal power flow with FACTS devices,” Energy Convers. Manag., vol. 52, no. 2, pp.
903-910, Feb. 2011, doi: 10.1016/j.enconman.2010.08.017.

[73] J. Hazra and A. K. Sinha, “A multi-objective optimal power flow using particle swarm optimization,” Eur. Trans.
Electr. Power, vol. 21, no. 1, pp. 10281045, Jan. 2011, doi: 10.1002/etep.494.

[74]  A. Panda, M. Tripathy, A. K. Barisal, and T. Prakash, “A modified bacteria foraging based optimal power flow
framework for Hydro-Thermal-Wind generation system in the presence of STATCOM,” Energy, vol. 124, pp. 720—
740, Apr. 2017, doi: 10.1016/j.energy.2017.02.090.

[75] M. Varadarajan and K. S. Swarup, “Solving multi-objective optimal power flow using differential evolution,” IET
Gener. Transm. Distrib., vol. 2, no. 5, p. 720, 2008, doi: 10.1049/iet-gtd:20070457.

[76] M. A. Abido, “Optimal Power Flow Using Tabu Search Algorithm,” Electr. Power Components Syst., vol. 30, no.



[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

(93]

[94]

[95]

[96]

[97]

5, pp- 469-483, May 2002, doi: 10.1080/15325000252888425.

A. Khorsandi, S. H. Hosseinian, and A. Ghazanfari, “Modified artificial bee colony algorithm based on fuzzy multi-
objective technique for optimal power flow problem,” Electr. Power Syst. Res., vol. 95, pp. 206213, Feb. 2013,
doi: 10.1016/j.epsr.2012.09.002.

H. Pulluri, R. Naresh, and V. Sharma, “An enhanced self-adaptive differential evolution based solution
methodology for multiobjective optimal power flow,” Appl. Soft Comput., vol. 54, pp. 229-245, May 2017, doi:
10.1016/j.a30¢.2017.01.030.

S. Surender Reddy and C. Srinivasa Rathnam, “Optimal Power Flow using Glowworm Swarm Optimization,” Int.
J. Electr. Power Energy Syst., vol. 80, pp. 128—139, Sep. 2016, doi: 10.1016/j.ijjepes.2016.01.036.

W. Warid, “Optimal power flow using the AMTPG-Jaya algorithm,” Appl. Soft Comput. J., vol. 91, p. 106252,
Jun. 2020, doi: 10.1016/j.as0c.2020.106252.

S. Li, W. Gong, L. Wang, X. Yan, and C. Hu, “Optimal power flow by means of improved adaptive differential
evolution,” Energy, vol. 198, p. 117314, May 2020, doi: 10.1016/j.energy.2020.117314.

W. Warid, H. Hizam, N. Mariun, and N. I. Abdul Wahab, “A novel quasi-oppositional modified Jaya algorithm for
multi-objective optimal power flow solution,” Appl. Soft Comput., vol. 65, pp. 360-373, Apr. 2018, doi:
10.1016/j.a50¢.2018.01.039.

M. Ghasemi, S. Ghavidel, E. Akbari, and A. A. Vahed, “Solving non-linear, non-smooth and non-convex optimal
power flow problems using chaotic invasive weed optimization algorithms based on chaos,” Energy, vol. 73, pp.
340-353, Aug. 2014, doi: 10.1016/j.energy.2014.06.026.

A. A. El-Fergany and H. M. Hasanien, “Single and Multi-objective Optimal Power Flow Using Grey Wolf
Optimizer and Differential Evolution Algorithms,” Electr. Power Components Syst., vol. 43, no. 13, pp. 1548—
1559, Aug. 2015, doi: 10.1080/15325008.2015.1041625.

X. He, W. Wang, J. Jiang, and L. Xu, “An Improved Artificial Bee Colony Algorithm and Its Application to Multi-
Objective Optimal Power Flow,” Energies, vol. 8, no. 4, pp. 2412-2437, Mar. 2015, doi: 10.3390/en8042412.

B. Jeddi, A. H. Einaddin, and R. Kazemzadeh, “Optimal power flow problem considering the cost, loss, and
emission by multi-objective electromagnetism-like algorithm,” 2016 6th Conference on Thermal Power Plants
(CTPP). IEEE, 2016. doi: 10.1109/ctpp.2016.7482931.

K. Abaci and V. Yamacli, “Differential search algorithm for solving multi-objective optimal power flow problem,”
Int. J. Electr. Power Energy Syst., vol. 79, pp. 1-10, Jul. 2016, doi: 10.1016/j.ijepes.2015.12.021.

M. R. Narimani, R. Azizipanah-Abarghooee, B. Zoghdar-Moghadam-Shahrekohne, and K. Gholami, “A novel
approach to multi-objective optimal power flow by a new hybrid optimization algorithm considering generator
constraints and multi-fuel type,” Energy, vol. 49, pp. 119-136, Jan. 2013, doi: 10.1016/j.energy.2012.09.031.

B. Venkateswara Rao and G. V. Nagesh Kumar, “Optimal power flow by BAT search algorithm for generation
reallocation with unified power flow controller,” Int. J. Electr. Power Energy Syst., vol. 68, pp. 81-88, Jun. 2015,
doi: 10.1016/j.ijepes.2014.12.057.

M. Abbasi, E. Abbasi, and B. Mohammadi-Ivatloo, “Single and multi-objective optimal power flow using a new
differential-based harmony search algorithm,” J. Ambient Intell. Humaniz. Comput., vol. 12, no. 1, pp. 851-871,
Jan. 2021, doi: 10.1007/s12652-020-02089-6.

S. Chandrasekaran, “Multiobjective optimal power flow using interior search algorithm: A case study on a real-
time electrical network,” Comput. Intell., vol. 36, no. 3, pp. 1078—1096, Aug. 2020, doi: 10.1111/coin.12312.

O. Herbadji, L. Slimani, and T. Bouktir, “Optimal power flow with four conflicting objective functions using
multiobjective ant lion algorithm: A case study of the algerian electrical network,” Iran. J. Electr. Electron. Eng.,
vol. 15, no. 1, pp. 94-113, Mar. 2019, doi: 10.22068/IJEEE.15.1.94.

X. Yuan et al., “Multi-objective optimal power flow based on improved strength Pareto evolutionary algorithm,”
Energy, vol. 122, pp. 70-82, Mar. 2017, doi: 10.1016/j.energy.2017.01.071.

G. Chen, J. Qian, Z. Zhang, and S. Li, “Application of modified pigeon-inspired optimization algorithm and
constraint-objective sorting rule on multi-objective optimal power flow problem,” Appl. Soft Comput., vol. 92, p.
106321, Jul. 2020, doi: 10.1016/j.a50¢.2020.106321.

M. Ghasemi, S. Ghavidel, M. Gitizadeh, and E. Akbari, “An improved teaching—learning-based optimization
algorithm using Lévy mutation strategy for non-smooth optimal power flow,” Int. J. Electr. Power Energy Syst.,
vol. 65, pp. 375-384, Feb. 2015, doi: 10.1016/j.ijepes.2014.10.027.

A.-F. Attia, R. A. El Sehiemy, and H. M. Hasanien, “Optimal power flow solution in power systems using a novel
Sine-Cosine algorithm,” Int. J. Electr. Power Energy Syst, vol. 99, pp. 331-343, Jul. 2018, doi:
10.1016/j.ijepes.2018.01.024.

A. A. El-Fergany and H. M. Hasanien, “Tree-seed algorithm for solving optimal power flow problem in large-scale
power systems incorporating validations and comparisons,” Appl. Soft Comput. J., vol. 64, pp. 307-316, Mar.
2018, doi: 10.1016/j.as0¢.2017.12.026.



(98]
[99]

[100]

[101]
[102]
[103]
[104]
[105]

[106]

[107]

[108]

[109]

[110]
[111]

[112]

[113]
[114]
[115]
[116]
[117]
[118]
[119]

[120]

[121]
[122]

[123]

R. V. Rao and others, “BMR and BWR: Two simple metaphor-free optimization algorithms for solving real-life
non-convex constrained and unconstrained problems,” arXiv Prepr. arXiv2407.11149, 2024.

R. V. Rao and H. S. Keesari, “A self-adaptive population Rao algorithm for optimization of selected bio-energy
systems,” J. Comput. Des. Eng., vol. 8, no. 1, pp. 69-96, 2021.

R. V. Rao, V. J. Savsani, and D. P. Vakharia, “Teaching—Learning-Based Optimization: An optimization method
for continuous non-linear large scale problems,” Inf. Sci. (Ny)., vol. 183, no. 1, pp. 1-15, Jan. 2012, doi:
10.1016/j.ins.2011.08.006.

R. V. Rao, V. J. Savsani, and D. P. Vakharia, “Teaching--learning-based optimization: a novel method for
constrained mechanical design optimization problems,” Comput. Des., vol. 43, no. 3, pp. 303-315, 2011.

R. V. Rao, V.J. Savsani, and D. P. Vakharia, “Teaching--learning-based optimization: an optimization method for
continuous non-linear large scale problems,” Inf. Sci. (Ny)., vol. 183, no. 1, pp. 1-15, 2012.

R. V. Rao, V. J. Savsani, and J. Balic, “Teaching--learning-based optimization algorithm for unconstrained and
constrained real-parameter optimization problems,” Eng. Optim., vol. 44, no. 12, pp. 1447-1462, 2012.

R. Rao, “Review of applications of TLBO algorithm and a tutorial for beginners to solve the unconstrained and
constrained optimization problems,” Decis. Sci. Lett., vol. 5, no. 1, pp. 1-30, 2016.

F. Zou, D. Chen, and Q. Xu, “A survey of teaching--learning-based optimization,” Neurocomputing, vol. 335, pp.
366-383,2019.

M. Ghasemi, S. Ghavidel, S. Rahmani, A. Roosta, and H. Falah, “A novel hybrid algorithm of imperialist
competitive algorithm and teaching learning algorithm for optimal power flow problem with non-smooth cost
functions,” Eng. Appl. Artif. Intell., vol. 29, pp. 54—69, Mar. 2014, doi: 10.1016/j.engappai.2013.11.003.

S. Sarhan, A. Shaheen, R. El-Sehiemy, and M. Gafar, “A multi-objective teaching--learning studying-based
algorithm for large-scale dispatching of combined electrical power and heat energies,” Mathematics, vol. 10, no.
13, p. 2278, 2022.

R. Rao and V. Patel, “An elitist teaching-learning-based optimization algorithm for solving complex constrained
optimization problems,” Int. J. Ind. Eng. Comput., vol. 3, no. 4, pp. 535-560, 2012.

X. Wu, S. Li, F. Wu, and X. Jiang, “Teaching--learning optimization algorithm based on the cadre--mass
relationship with tutor mechanism for solving complex optimization problems,” Biomimetics, vol. 8, no. 6, p. 462,
2023.

R. V. Rao and V. Patel, “An improved teaching-learning-based optimization algorithm for solving unconstrained
optimization problems,” Sci. Iran., vol. 20, no. 3, pp. 710-720, 2013.

S. Ermi\cs, “Multi-objective optimal power flow using a modified weighted teaching-learning based optimization
algorithm,” Electr. Power Components Syst., vol. 51, no. 20, pp. 2536-2556, 2023.

N. T. Tran, N. Le Chau, M. P. Dang, and T.-P. Dao, “Design optimization of 3D-manufactured monolithic stage
for biomedical polishing applications by neural artificial network and teaching learning studying based
optimization algorithm,” Proc. Inst. Mech. Eng. Part E J. Process Mech. Eng., p. 09544089231221671, 2024.

A. Toopshekan, A. Abedian, A. Azizi, E. Ahmadi, and M. A. V. Rad, “Optimization of a CHP system using a
forecasting dispatch and teaching-learning-based optimization algorithm,” Energy, vol. 285, p. 128671, 2023.

L. P. Raghav, R. S. Kumar, D. K. Raju, and A. R. Singh, “Optimal energy management of microgrids using
quantum teaching learning based algorithm,” IEEE Trans. Smart Grid, vol. 12, no. 6, pp. 4834-4842, 2021.

M. Arashpour et al., “Predicting individual learning performance using machine-learning hybridized with the
teaching-learning-based optimization,” Comput. Appl. Eng. Educ., vol. 31, no. 1, pp. 83-99, 2023.

K. M. Ang et al., “Optimal design of convolutional neural network architectures using teaching--learning-based
optimization for image classification,” Symmetry (Basel)., vol. 14, no. 11, p. 2323, 2022.

D. Lei and B. Su, “A multi-class teaching--learning-based optimization for multi-objective distributed hybrid flow
shop scheduling,” Knowledge-Based Syst., vol. 263, p. 110252, 2023.

S. S. M. Ghoneim, K. Mahmoud, M. Lehtonen, and M. M. F. Darwish, “Enhancing diagnostic accuracy of
transformer faults using teaching-learning-based optimization,” Ieee Access, vol. 9, pp. 30817-30832, 2021.

H. Y. Fan and J. Lampinen, “A trigonometric mutation operation to differential evolution,” J. Glob. Optim., vol.
27, no. 1, pp. 105-129, Sep. 2003, doi: 10.1023/A:1024653025686.

M. G. Epitropakis, D. K. Tasoulis, N. G. Pavlidis, V. P. Plagianakos, and M. N. Vrahatis, “Enhancing differential
evolution utilizing proximity-based mutation operators,” IEEE Trans. Evol. Comput., vol. 15, no. 1, pp. 99-119,
2011.

S. Wang, Y. Li, and H. Yang, “Self-adaptive mutation differential evolution algorithm based on particle swarm
optimization,” Appl. Soft Comput., vol. 81, p. 105496, 2019, doi: 10.1016/j.as0¢.2019.105496.

J. Zhang and A. C. Sanderson, “JADE: adaptive differential evolution with optional external archive,” IEEE Trans.
Evol. Comput., vol. 13, no. 5, pp. 945-958, 2009.

J. J. Liang, B. Y. Qu, and P. N. Suganthan, “Problem definitions and evaluation criteria for the CEC 2014 special



[124]

[125]
[126]
[127]

[128]
[129]

[130]

[131]
[132]
[133]
[134]
[135]
[136]
[137]
[138]
[139]
[140]
[141]
[142]
[143]

[144]

[145]
[146]
[147]
[148]
[149]

[150]

session and competition on single objective real-parameter numerical optimization,” Comput. Intell. Lab.
Zhengzhou Univ. Zhengzhou China Tech. Report, Nanyang Technol. Univ. Singapore, vol. 635, p. 490, 2013.

Y. Shi and R. Eberhart, “A modified particle swarm optimizer,” in 1998 IEEE international conference on
evolutionary computation proceedings. IEEE world congress on computational intelligence (Cat. No. 98TH8360),
1998, pp. 69-73.

R. Eberhart and J. Kennedy, “A new optimizer using particle swarm theory,” in MHS’95. Proceedings of the Sixth
International Symposium on Micro Machine and Human Science, 1995, pp. 39-43.

A. Askarzadeh, “A novel metaheuristic method for solving constrained engineering optimization problems: crow
search algorithm,” Comput. \& Struct., vol. 169, pp. 1-12, 2016.

M. Dehghani, Z. Montazeri, E. Trojovskd, and P. Trojovsk\'y, “Coati Optimization Algorithm: A new bio-inspired
metaheuristic algorithm for solving optimization problems,” Knowledge-Based Syst., vol. 259, p. 110011, 2023.
S. Mirjalili and A. Lewis, “The whale optimization algorithm,” Adv. Eng. Softw., vol. 95, pp. 51-67, 2016.

R. Storn and K. Price, “Differential evolution--a simple and efficient heuristic for global optimization over
continuous spaces,” J. Glob. Optim., vol. 11, no. 4, pp. 341-359, 1997.

M. Ghasemi, M. Taghizadeh, S. Ghavidel, and A. Abbasian, “Colonial competitive differential evolution: An
experimental study for optimal economic load dispatch,” Appl. Soft Comput., vol. 40, pp. 342-363, 2016, doi:
10.1016/j.as0¢.2015.11.033.

M. Ghasemi et al., “Flood algorithm (FLA): an efficient inspired meta-heuristic for engineering optimization,” J.
Supercomput., pp. 1-105, 2024.

M. D. Li, H. Zhao, X. W. Weng, and T. Han, “A novel nature-inspired algorithm for optimization: Virus colony
search,” Adv. Eng. Softw., vol. 92, pp. 65-88, 2016.

M.-Y. Cheng and D. Prayogo, “Symbiotic organisms search: a new metaheuristic optimization algorithm,” Comput.
\& Struct., vol. 139, pp. 98-112, 2014.

S. Gupta and K. Deep, “A hybrid self-adaptive sine cosine algorithm with opposition based learning,” Expert Syst.
Appl., vol. 119, pp. 210-230, 2019.

S. Gupta, K. Deep, and A. P. Engelbrecht, “A memory guided sine cosine algorithm for global optimization,” Eng.
Appl. Artif. Intell., vol. 93, p. 103718, 2020.

C. Dai, Z. Hu, Z. Li, Z. Xiong, and Q. Su, “An improved grey prediction evolution algorithm based on topological
opposition-based learning,” IEEE Access, vol. 8, pp. 30745-30762, 2020.

X. Chen, B. Xu, K. Yu, and W. Du, “Teaching-learning-based optimization with learning enthusiasm mechanism
and its application in chemical engineering,” J. Appl. Math., vol. 2018, 2018.

S. Mirjalili, “Moth-flame optimization algorithm: A novel nature-inspired heuristic paradigm,” Knowledge-based
Syst., vol. 89, pp. 228-249, 2015.

S. R. KS and S. Murugan, “Memory based hybrid dragonfly algorithm for numerical optimization problems,”
Expert Syst. Appl., vol. 83, pp. 63-78,2017.

U. Mlakar, 1. Fister Jr, and 1. Fister, “Hybrid self-adaptive cuckoo search for global optimization,” Swarm Evol.
Comput., vol. 29, pp. 47-72, 2016.

S. C. Satapathy and A. Naik, “Modified Teaching--Learning-Based Optimization algorithm for global numerical
optimization—A comparative study,” Swarm Evol. Comput., vol. 16, pp. 28-37, 2014.

W. Long, S. Cai, J. Jiao, and M. Tang, “An efficient and robust grey wolf optimizer algorithm for large-scale
numerical optimization,” Soft Comput., vol. 24, no. 2, pp. 997-1026, 2020.

N. Hansen, S. D. Miiller, and P. Koumoutsakos, “Reducing the time complexity of the derandomized evolution
strategy with covariance matrix adaptation (CMA-ES),” Evol. Comput., vol. 11, no. 1, pp. 1-18, 2003.

M. Ghasemi, M. Zare, P. Trojovsk\'y, R. V. Rao, E. Trojovska, and V. Kandasamy, “Optimization based on the
smart behavior of plants with its engineering applications: Ivy algorithm,” Knowledge-Based Syst., vol. 295, p.
111850, 2024.

K. E. Parsopoulos and M. N. Vrahatis, “Unified particle swarm optimization for solving constrained engineering
optimization problems,” in International conference on natural computation, Springer, 2005, pp. 582-591.

M. Shahrouzi and A. Kaveh, “An efficient derivative-free optimization algorithm inspired by avian life-saving
manoeuvres,” J. Comput. Sci., vol. 57, p. 101483, 2022.

S. Gupta and K. Deep, “A memory-based grey wolf optimizer for global optimization tasks,” Appl. Soft Comput.,
vol. 93, p. 106367, 2020.

E. Mezura-Montes and C. A. C. Coello, “Useful infeasible solutions in engineering optimization with evolutionary
algorithms,” in Mexican international conference on artificial intelligence, Springer, 2005, pp. 652—662.

I. Mazhoud, K. Hadj-Hamou, J. Bigeon, and P. Joyeux, “Particle swarm optimization for solving engineering
problems: a new constraint-handling mechanism,” Eng. Appl. Artif. Intell., vol. 26, no. 4, pp. 1263—1273, 2013.
S. Shadravan, H. R. Naji, and V. K. Bardsiri, “The Sailfish Optimizer: A novel nature-inspired metaheuristic



[151]
[152]

[153]

algorithm for solving constrained engineering optimization problems,” Eng. Appl. Artif. Intell., vol. 80, pp. 20-34,
2019.

T. T. Ngo, A. Sadollah, and J. H. Kim, “A cooperative particle swarm optimizer with stochastic movements for
computationally expensive numerical optimization problems,” J. Comput. Sci., vol. 13, pp. 68—82, 2016.

Q. He and L. Wang, “An effective co-evolutionary particle swarm optimization for constrained engineering design
problems,” Eng. Appl. Artif. Intell., vol. 20, no. 1, pp. 89-99, 2007.

M. Montemurro, A. Vincenti, and P. Vannucci, “The automatic dynamic penalisation method (ADP) for handling
constraints with genetic algorithms,” Comput. Methods Appl. Mech. Eng., vol. 256, pp. 70-87, 2013.

[154]Y.Li J. Li, C. Feng, M. Wen, and Y. Zhang, "An interface constitutive model of plastic tensile—compressive damage

[155]
[156]
[157]
[158]
[159]
[160]
[161]

[162]

[163]
[164]

[165]
[166]

[167]
[168]
[169]

[170]

[171]
[172]
[173]
[174]

[175]

[176]

under impact loading based on continuous—discontinuous framework," Computers and Geotechnics, vol. 173, p.
106502, Sep. 2024, doi: 10.1016/j.compgeo.2024.106502.

S.-F. Hwang and R.-S. He, “A hybrid real-parameter genetic algorithm for function optimization,” Adv. Eng.
Informatics, vol. 20, no. 1, pp. 7-21, 2006.

S. He, E. Prempain, and Q. H. Wu, “An improved particle swarm optimizer for mechanical design optimization
problems,” Eng. Optim., vol. 36, no. 5, pp. 585-605, 2004.

S. J. Mousavirad and H. Ebrahimpour-Komleh, “Human mental search: a new population-based metaheuristic
optimization algorithm,” Appl. Intell., vol. 47, no. 3, pp. 850—887, 2017.

F. Huang, L. Wang, and Q. He, “An effective co-evolutionary differential evolution for constrained optimization,”
Appl. Math. Comput., vol. 186, no. 1, pp. 340-356, 2007.

C. A. C. Coello and E. M. Montes, “Constraint-handling in genetic algorithms through the use of dominance-based
tournament selection,” Adv. Eng. Informatics, vol. 16, no. 3, pp. 193-203, 2002.

E. Mezura-Montes and B. Hernandez-Ocana, “Bacterial foraging for engineering design problems: preliminary
results,” Lab. Nac. Informatica Av. (LANIA AC)-Universidad Juarez Auténoma Tabasco. México, 2008.

A. Kaveh and A. Dadras, “A novel meta-heuristic optimization algorithm: thermal exchange optimization,” Adv.
Eng. Softw., vol. 110, pp. 69-84, 2017.

J. Zhang, C. Liang, Y. Huang, J. Wu, and S. Yang, “An effective multiagent evolutionary algorithm integrating a
novel roulette inversion operator for engineering optimization,” Appl. Math. Comput., vol. 211, no. 2, pp. 392—
416, 2009.

A. Faramarzi, M. Heidarinejad, B. Stephens, and S. Mirjalili, “Equilibrium optimizer: A novel optimization
algorithm,” Knowledge-Based Syst., vol. 191, p. 105190, 2020.

J. Wu, Y.-G. Wang, K. Burrage, Y.-C. Tian, B. Lawson, and Z. Ding, “An improved firefly algorithm for global
continuous optimization problems,” Expert Syst. Appl., vol. 149, p. 113340, 2020.

S. Mirjalili, S. M. Mirjalili, and A. Lewis, “Grey wolf optimizer,” Adv. Eng. Softw., vol. 69, pp. 46—61, 2014.

A. Baykasoglu and F. B. Ozsoydan, “Adaptive firefly algorithm with chaos for mechanical design optimization
problems,” Appl. Soft Comput., vol. 36, pp. 152-164, 2015.

I. Ahmadianfar, A. A. Heidari, S. Noshadian, H. Chen, and A. H. Gandomi, “INFO: An Efficient Optimization
Algorithm based on Weighted Mean of Vectors,” Expert Syst. Appl., p. 116516, 2022.

M. S. Braik, “Chameleon Swarm Algorithm: A bio-inspired optimizer for solving engineering design problems,”
Expert Syst. Appl., vol. 174, p. 114685, 2021.

C. A. C. Coello, “Use of a self-adaptive penalty approach for engineering optimization problems,” Comput. Ind.,
vol. 41, no. 2, pp. 113-127, 2000.

H. S. Bernardino, H. J. C. Barbosa, and A. C. C. Lemonge, “A hybrid genetic algorithm for constrained
optimization problems in mechanical engineering,” in 2007 IEEE congress on evolutionary computation, IEEE,
2007, pp. 646—653.

M. Dehghani, S. Hubélovsk\'y, and P. Trojovsk\'y, “Tasmanian Devil Optimization: A New Bio-Inspired
Optimization Algorithm for Solving Optimization Algorithm,” IEEE Access, vol. 10, pp. 19599-19620, 2022.

H. N. Ghafil and K. Jarmai, “Dynamic differential annealed optimization: New metaheuristic optimization
algorithm for engineering applications,” Appl. Soft Comput., vol. 93, p. 106392, 2020.

W. Zhao, L. Wang, and Z. Zhang, “Supply-demand-based optimization: a novel economics-inspired algorithm for
global optimization,” IEEE Access, vol. 7, pp. 73182-73206, 2019.

S. Duman, U. Giiveng, Y. Sonmez, and N. Y oriikeren, “Optimal power flow using gravitational search algorithm,”
Energy Convers. Manag., vol. 59, pp. 8695, Jul. 2012, doi: 10.1016/j.enconman.2012.02.024.

T. Niknam, M. R. Narimani, and R. Azizipanah-Abarghooee, “A new hybrid algorithm for optimal power flow
considering prohibited zones and valve point effect,” Energy Convers. Manag., vol. 58, pp. 197-206, Jun. 2012,
doi: 10.1016/j.enconman.2012.01.017.

S. Sayah and K. Zehar, “Modified differential evolution algorithm for optimal power flow with non-smooth cost
functions,” Energy Convers. Manag., vol. 49, no. 11, pp. 3036-3042, Nov. 2008, doi:



[177]

[178]

[179]
[180]

[181]

[182]

[183]
[184]

[185]

[186]

[187]

[188]

[189]

[190]

[191]

[192]

[193]

[194]
[195]

[196]

[197]

10.1016/j.enconman.2008.06.014.

M. Ghasemi, M. Zare, S. K. Mohammadi, and S. Mirjalili, “Applications of whale migration algorithm in optimal
power flow problems of power systems,” in Handbook of Whale Optimization Algorithm, Elsevier, 2024, pp. 347—
364.

M. Ghasemi, S. Ghavidel, J. Aghaei, M. Gitizadeh, and H. Falah, “Application of chaos-based chaotic invasive
weed optimization techniques for environmental OPF problems in the power system,” Chaos, Solitons and Fractals,
vol. 69, 2014, doi: 10.1016/j.chaos.2014.10.007.

H. BAKIR, “Optimal power flow analysis with circulatory system-based optimization algorithm,” Turkish J. Eng.,
vol. §, no. 1, pp. 92-106.

W. Ongsakul and T. Tantimaporn, “Optimal Power Flow by Improved Evolutionary Programming,” Electr. Power
Components Syst., vol. 34, no. 1, pp. 79-95, Jan. 2006, doi: 10.1080/15325000691001458.

A. Ramesh Kumar and L. Premalatha, “Optimal power flow for a deregulated power system using adaptive real
coded biogeography-based optimization,” Int. J. Electr. Power Energy Syst., vol. 73, pp. 393—-399, Dec. 2015, doi:
10.1016/j.ijepes.2015.05.011.

T. Niknam, M. rasoul Narimani, M. Jabbari, and A. R. Malekpour, “A modified shuffle frog leaping algorithm for
multi-objective optimal power flow,” Energy, vol. 36, no. 11, pp. 6420-6432, Nov. 2011, doi:
10.1016/j.energy.2011.09.027.

H. Pulluri, R. Naresh, and V. Sharma, “A solution network based on stud krill herd algorithm for optimal power
flow problems,” Soft Comput., vol. 22, no. 1, pp. 159-176, Jan. 2018, doi: 10.1007/s00500-016-2319-3.

W. Warid, H. Hizam, N. Mariun, and N. I. Abdul-Wahab, “Optimal power flow using the Jaya algorithm,”
Energies, vol. 9, no. 9, p. 678, 2016.

M. Ghasemi, S. Ghavidel, M. M. Ghanbarian, and M. Gitizadeh, “Multi-objective optimal electric power planning
in the power system using Gaussian bare-bones imperialist competitive algorithm,” Inf. Sci. (Ny)., vol. 294, pp.
286-304, Feb. 2015, doi: 10.1016/5.ins.2014.09.051.

Y. SOOD, “Evolutionary programming based optimal power flow and its validation for deregulated power system
analysis,” Int. J. Electr. Power Energy Syst., vol. 29, no. 1, pp. 65-75, Jan. 2007, doi: 10.1016/j.ijepes.2006.03.024.
J. Radosavljevié, D. Klimenta, M. Jevti¢, and N. Arsi¢, “Optimal Power Flow Using a Hybrid Optimization
Algorithm of Particle Swarm Optimization and Gravitational Search Algorithm,” Electr. Power Components Syst.,
vol. 43, no. 17, pp. 1958-1970, Oct. 2015, doi: 10.1080/15325008.2015.1061620.

R. Roy and H. T. Jadhav, “Optimal power flow solution of power system incorporating stochastic wind power
using Gbest guided artificial bee colony algorithm,” Int. J. Electr. Power Energy Syst., vol. 64, pp. 562—578, Jan.
2015, doi: 10.1016/j.ijepes.2014.07.010.

R. P. Singh, V. Mukherjee, and S. P. Ghoshal, “Particle swarm optimization with an aging leader and challengers
algorithm for the solution of optimal power flow problem,” Appl. Soft Comput., vol. 40, pp. 161-177, Mar. 2016,
doi: 10.1016/j.as0¢.2015.11.027.

S. Surender Reddy, P. R. Bijwe, and A. R. Abhyankar, “Faster evolutionary algorithm based optimal power flow
using incremental variables,” Int. J. Electr. Power Energy Syst., vol. 54, pp. 198-210, Jan. 2014, doi:
10.1016/j.ijepes.2013.07.019.

M. S. Kumari and S. Maheswarapu, “Enhanced Genetic Algorithm based computation technique for multi-
objective Optimal Power Flow solution,” Int. J. Electr. Power Energy Syst., vol. 32, no. 6, pp. 736—742, Jul. 2010,
doi: 10.1016/j.ijepes.2010.01.010.

P. P. Biswas, P. N. Suganthan, R. Mallipeddi, and G. A. J. Amaratunga, “Optimal power flow solutions using
differential evolution algorithm integrated with effective constraint handling techniques,” Eng. Appl. Artif. Intell.,
vol. 68, pp. 81-100, Feb. 2018, doi: 10.1016/j.engappai.2017.10.019.

M. Ghasemi, S. Ghavidel, M. M. Ghanbarian, M. Gharibzadeh, and A. Azizi Vahed, “Multi-objective optimal
power flow considering the cost, emission, voltage deviation and power losses using multi-objective modified
imperialist competitive algorithm,” Energy, vol. 78, pp. 276289, Dec. 2014, doi: 10.1016/j.energy.2014.10.007.
K. Vaisakh and L. R. Srinivas, “Evolving ant direction differential evolution for OPF with non-smooth cost
functions,” Eng. Appl. Artif. Intell., vol. 24, no. 3, pp. 426436, Apr. 2011, doi: 10.1016/j.engappai.2010.10.019.
A. Meng et al., “A high-performance crisscross search based grey wolf optimizer for solving optimal power flow
problem,” Energy, vol. 225, p. 120211, 2021.

S. Duman, S. Rivera, J. Li, and L. Wu, “Optimal power flow of power systems with controllable wind-photovoltaic
energy systems via differential evolutionary particle swarm optimization,” Int. Trans. Electr. Energy Syst., vol. 30,
no. 4, p. 12270, 2020.

A. S. Alghamdi, M. A. Zohdy, and S. Aldoihi, “Enhancing Renewable Energy Integration: A Gaussian-Bare-Bones
Levy Cheetah Optimization Approach to Optimal Power Flow in Electrical Networks,” Comput. Model. Eng. Sci.,
pp. 1-10, 2024.



[198]
[199]

[200]

[201]
[202]

[203]

[204]

A. Alanazi, “Optimal Power Flow Considering Solar and Wind Energy Systems Via Modified Cuckoo
Optimization Algorithm,” J. North Basic Appl. Sci., vol. 8, no. 2, 2023.

M. H. Hassan, S. Kamel, A. Selim, T. Khurshaid, and J. L. Dom\"\inguez-Garc\’\ia, “A modified Rao-2 algorithm
for optimal power flow incorporating renewable energy sources,” Mathematics, vol. 9, no. 13, p. 1532, 2021.

M. H. Nadimi-Shahraki, S. Taghian, S. Mirjalili, L. Abualigah, M. Abd Elaziz, and D. Oliva, “EWOA-OPF:
Effective Whale Optimization Algorithm to Solve Optimal Power Flow Problem,” Electronics, vol. 10, no. 23, p.
2975, 2021.

W. Baij, L. Eke, and K. Y. Lee, “An improved artificial bee colony optimization algorithm based on orthogonal
learning for optimal power flow problem,” Control Eng. Pract., vol. 61, pp. 163-172, 2017.

A. M. Shaheen, R. A. El-Sehiemy, E. E. Elattar, and A. S. Abd-Elrazek, “A modified crow search optimizer for
solving non-linear OPF problem with emissions,” IEEE Access, vol. 9, pp. 43107-43120, 2021.

A. Zahedibialvaei, P. Trojovsk\'y, M. Hesari-Shermeh, 1. MatouSova, E. Trojovska, and S. Hubalovsk\'y, “An
enhanced turbulent flow of water-based optimization for optimal power flow of power system integrated wind
turbine and solar photovoltaic generators,” Sci. Rep., vol. 13, no. 1, p. 14635, 2023.

M. Ghasemi, P. Trojovsk\'y, E. Trojovskd, and M. Zare, “Gaussian bare-bones Levy circulatory system-based
optimization for power flow in the presence of renewable units,” Eng. Sci. Technol. an Int. J., vol. 47, p. 101551,
2023.

[205] Yu X, Feng B, Yao M, Peng J, Yang S. "Recent Progress in Modular Electrochemical Synthesis of Hydrogen and

[206]

High-Value-added Chemicals based on Solid Redox Mediator," 2310573, 2024, doi: 10.1002/smll.202310573.
Epub ahead of print. PMID: 38453689.

Zheng, C., An, Y., Wang, Z., Qin, X., Eynard, B., Bricogne, M.,... Zhang, Y., "Knowledge-based engineering
approach for defining robotic manufacturing system architectures," International Journal of Production Research,
61(5), 1436-1454, 2023, doi: 10.1080/00207543.2022.2037025

[207] Sun, G., Xu, Z., Yu, H., Chen, X., Chang, V.,... Vasilakos, A. V. (2020), "Low-Latency and Resource-Efficient

Service Function Chaining Orchestration in Network Function Virtualization," IEEE Internet of Things Journal,
7(7), 5760-5772. doi: 10.1109/JI0T.2019.2937110

[208] Dai, M., Luo, L., Ren, J., Yu, H., & Sun, G. (2022), "PSACCF: Prioritized Online Slice Admission Control

Considering Fairness in 5G/B5G Networks," IEEE Transactions on Network Science and Engineering, 9(6), 4101 -
4114. doi: 10.1109/TNSE.2022.3195862

[209] Sun, G., Zhang, Y., Liao, D., Yu, H., Du, X.,... Guizani, M. (2018), "Bus-Trajectory-Based Street-Centric Routing

for Message Delivery in Urban Vehicular Ad Hoc Networks," IEEE Transactions on Vehicular Technology, 67(8),
7550-7563. doi: 10.1109/TVT.2018.2828651




    V  G i  m i n


  𝛾


    V  G i  m a x


    P  G i  m i n


    P  G i  m a x


    Q  G i  m i n


    Q  G i  m a x


  𝜕  ( X ) = f  ( X ) ±  [   ∑  i = 1  m    k  i ∙    max ⁡   ( 0 ,   t  i  ( X ) ) ∅ +   ∑  j = 1  n    b  j   ∙  |   S  j  ( X ) |  𝛾 ]


  𝜕  ( X )


  ∅

