Results in Engineering 28 (2025) 106941

Contents lists available at ScienceDirect

Results in Engineering

IEFR journal homepage: www.sciencedirect.com/journal/results-in-engineering

Research paper

Many-Objective Grey Wolf Optimizer (MaOGWO) for solving
real-world problems

Kanak Kalita ™", Pradeep Jangir “, Lenka Cepova °, Shankar Chakraborty ',
Sundaram B. Pandya ¢, Arpita”

@ Department of Mechanical Engineering, Rajalakshmi Institute of Technology, Chennai, 600124, India

b Jadara University Research Center, Jadara University, Irbid, 21110, Jordan

¢ Department of Electronics and Communication Engineering, Chandigarh University, Mohali, 140413, India

d Applied Science Research Center, Applied Science Private University, Amman, 11931, Jordan

€ Department of Machining, Assembly and Engineering Metrology, Faculty of Mechanical Engineering, VSB-Technical University of Ostrava, 70800 Ostrava, Czech
Republic

f Department of Production Engineering, Jadavpur University, Kolkata, India

8 Department of Electrical Engineering, Shri K.J. Polytechnic, Bharuch 392 001, India

1 Department of Biosciences, Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences, Chennai 602105, India

ARTICLE INFO ABSTRACT
Keywords: The Grey Wolf Optimizer (GWO) is an effective optimization algorithm that primarily focuses on single objective
Many-objective optimization optimization and is characterized by its simplicity and fast convergence. However, adapting GWO for many-
Grey wolf optimizer objective optimization requires addressing two critical challenges: keeping the solutions in sync while also
r;grcerig point promoting variety. In this study, a new Many-Objective Grey Wolf Optimizer (MaOGWO) is proposed which
DTLZ includes reference point strategies, niche preservation and information feedback to enhance convergence and
diversity. A comprehensive comparative analysis was conducted to evaluate MaOGWO against four leading
many-objective optimization algorithms: Some of them are Non-dominated Sorting Genetic Algorithm IIT (NSGA-
III), Many-Objective Particle Swarm Optimizer (MaOPSO), Many-Objective Teaching Learning-Based Optimizer
(MaOTLBO) and Many-Objective Gradient-Based Optimizer (MaOGBO). We evaluated the performance of these
algorithms on the DTLZ1-DTLZ7 problem sets with 5, 10 and 15 objectives and five real-world many-objective
optimization problems, namely RWMaOP1-RWMaOP5. The quality assessment metrics used in this research were
generational distance (GD), inverted generational distance (IGD), spacing (SP), spread (SD), hypervolume (HV)
and runtime (RT). The experimental outcomes revealed that the MaOGWO dominated the other algorithms in
terms of convergence to the Pareto-optimal front and solution diversity for both synthetic and practical problems
with lower computational costs.
1. Introduction min F(x) = (f1(x),f2(x), ... fn(x)) a
s.t.x = (x1,X2,...,X,) € DCR™
Multi-objective evolutionary algorithms (MOEAs) are widely utilized In this context, x = (x1,%s, .., X,) represents the multi-dimensional
in addressing multi-objective optimization problems (MOPs). These vectors consisting of decision variables within the decision space D,
problems are prevalent in scientific research and engineering, involving with n being the count of decision variables in that space. The function
several conflicting goals that require simultaneous optimization. MOPs F(x) maps from the decision space D to the m-dimensional objective
comprise multiple objectives that often conflict, necessitating concur- space R™, where m represents the number of objectives to be optimized.
%*ent optlm%zatlon. A general mathematical formulation of an MOP is Each optimized objective function is denoted by fi(x), fori = {1,2,....m}.
illustrated in Eq. (1). multi-objective typically refers to problems with 2-3 objectives, while

many-objective refers to problems with four or more objectives, which
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pose greater challenges due to scalability and diversity maintenance.
Problems that encompass more than three objectives are referred to as
many-objective optimization problems (MaOPs) [1], as shown in Fig. 1.

A solution is deemed Pareto non-dominated if there is no other so-
lution that is superior in all aspects [2]. In the decision space, the
collection of all the Pareto optimal solutions forms the optimal Pareto
set (Optimal PS), while their corresponding objective vectors constitute
the optimal Pareto front (Optimal PF) [3]. The inherent conflicts among
objectives in a multi-objective optimization problem mean that
enhancing one objective often leads to a decline in others [4]. Conse-
quently, it is impossible to find out a single solution that optimizes all
the objectives [4]. Instead, the aim is to identify a spectrum of
compromise solutions, balancing different objectives. This set of com-
promises in the decision space is known as the Pareto set (PS) and its
projection in the objective space is termed the Pareto front (PF) [3].

In the quest for the most effective Pareto-optimal solution sets,
numerous MOEAs have been developed [2,5]. While these algorithms
show proficiency in dealing with MOPs with two or three objectives,
they encounter significant hurdles with MaOPs involving more than
three objectives. This challenge primarily arises from the curse of
dimensionality. Specifically, as the number of objectives escalates, the
fraction of non-dominated solutions within a population surges
dramatically. Traditional dominance-based ranking methods thus lose
efficacy in MaOPs, leading to solutions that poorly approximate the
optimal Pareto Front (PF) of a problem. Another critical issue in this
context is maintaining diversity, especially given the complexity of
measuring distances in high-dimensional spaces [6]. To counter these
challenges, a variety of many-objective evolutionary algorithms
(MaOEAs) have been introduced. These algorithms are generally cate-
gorized into three distinct groups.

The initial category involves implementation of novel Pareto domi-
nance relations, aimed at amplifying selection pressure through various
advanced dominance relations. Several innovative dominance relations
have been introduced as alternatives to traditional Pareto dominance,
including fuzzy dominance [7], reference point (RP)-based dominance
[81, angle dominance (AD) [9] and strengthened dominance [10]. These
methods tend to outperform conventional Pareto dominance techniques
in solving MaOPs. Recently, a controlled strengthened dominance
relation was proposed by Shen et al. [11] by dynamically adjusting
dominance pressure based on generation count to improve
convergence-diversity balance. Similarly, RP dominance, by establish-
ing stringent distribution protocols for non-dominated solutions via a set
of evenly distributed reference points, enhances effectiveness of
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Fig. 1. Representation of the Pareto solutions in search space of MaO-problem.
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non-dominated sorting genetic algorithm (NSGA-II) [8] in benchmark
tests and practical applications. The strengthened dominance relation
(SDR) [10] employs a niche-based strategy to maintain a balance be-
tween convergence and diversity, calculating angles between solutions
and retaining only those with optimal convergence within each niche. A
dual distance dominance-based algorithm by Zhang et al. [12] intro-
duced an adaptive dominance measure along with a niche-based strat-
egy and selection-replacement operator to enhance both convergence
and diversity. Experimental results suggest that SDR-enhanced NSGA-II
is effective in MaOP scenarios. However, it is important to note that
these dominance relations prioritize convergence over diversity and
require additional parameters to regulate the dominance region scope.

The second category encompasses decomposition-based methods,
focusing on dividing a MaOP into multiple subproblems that are sub-
sequently optimized collectively in a synergistic fashion. MOEA/D [13]
exemplifies this approach, directing multiple search paths towards the
Pareto Front (PF) using a series of reference vectors, ensuring compre-
hensive coverage of the Pareto Front (PF) by the final solution. To
overcome limitations of fixed reference vectors, a dynamic
decomposition-based ranking method was introduced by He et al. [14]
that adapts subregions based on population distribution and improves
coverage for irregular PFs. Building on MOEA/D framework, various
algorithms have been developed [15]. NSGA-III [16] achieves a balance
between convergence and diversity with a non-dominated ordering
strategy centered around the reference points. The reference vector
guided evolutionary algorithm (RVEA) [17] finds a harmonious balance
between these elements using predefined reference points and an angle
penalty distance (APD) metric. Many-objective gradient-based opti-
mizer (MaOGBO) [18], many-objective particle swarm optimizer
(MaOPSO) [19] and many-objective teaching learning-based optimizer
(MaOTLBO) [20] demonstrate promising results on MaOPs with regular
PFs, but struggle with irregular PFs [21]. To enhance the performance of
decomposition-based MaOEAs on MaOPs with irregular PFs [22],
adaptive reference point-based MaOEAs [23] have been proposed [24],
such as MaOEA/AC [22] and WVA-MOEA/D [23].

The third group consists of performance indicator-based strategies,
which employ specific metrics to choose solutions that offer a superior
balance between convergence and diversity. Commonly used indicators
in this approach are hypervolume (HV) [25], inverted generational
distance (IGD) [26] and R? [27]. However, these indicator-based algo-
rithms often come with a high computational cost, particularly when
dealing with numerous objectives. Of these, the HV indicator is noted for
its robust theoretical foundation and efficacy in addressing MaOPs,
although its extensive computational demand limits its practical appli-
cation. The IGD indicator, known for its lower computational
complexity, takes into account both diversity and convergence of solu-
tions. However, its effectiveness is hampered by the need for uniformly
distributed reference points sampled from the optimal PF, a challenging
task since optimal PFs are typically unknown in practical scenarios.
Recent studies have also highlighted the limitations of relying solely on a
single indicator for selection, as it can introduce bias and reduce
versatility of algorithms. As a remedy, algorithms that incorporate
multiple indicators simultaneously have been introduced, such as sto-
chastic ranking algorithm (SRA) [28] and bi-goal evolution (BiGE) [29].
To mitigate biases of the individual indicators, SRA employs a ran-
domized ranking method that leverages the strengths of each indicator.
Generally, methods based on multiple indicators tend to outperform
those based on a single indicator, albeit with the trade-off of additional
parameter requirements.

Beyond these three main categories, innovative strategies continue
to be developed for tackling MaOPs. For instance, an alternative algo-
rithm, called AnD, proposed by Liu et al. [30] utilizes an angle-based
selection technique combined with a shift-based density estimation
strategy to sequentially eliminate inferior candidates. Additionally,
several multi-stage selection methodologies have also been designed
[31], further expanding the toolbox for addressing MaOPs effectively.
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From the discussion, several key insights emerge:

a) Indicator-based methods assess each solution quality using a
comprehensive metric that accounts for both convergence and di-
versity. However, they are marked by their significant computational
demands.

b) Decomposition-based approaches, meanwhile, utilize a series of
reference vectors to break the problem into several single-objective
tasks, optimizing them in tandem. These methods tend to favor
convergence over diversity. Particularly, in complex PF scenarios,
like degenerated and disconnected ones, the reliance on reference
vectors can result in reduced diversity [21], likely due to a mismatch
between the distribution of predefined reference vectors and that of
the optimal PF.

c) As for dominance-based strategies, numerous new dominance re-
lations have been introduced. Yet, many optimizers still adopt a
convergence-first, diversity-second (CFDS) strategy, as noticed in
algorithms, like NSGA-II/SDR [10] and NSGA-II + AD [9]. These
algorithms use dominance relations primarily as a convergence
measure, categorizing solutions into different non-dominated tiers.
While effective for multi-objective optimization, the CFDS approach
tends to prioritize rapid convergence, often at the expense of solution
diversity. A diversity-first selection framework was introduced by
Zhang et al. [32] that emphasizes population spread before conver-
gence, thereby tackling irregular Pareto fronts more effectively than
convergence-prioritized approaches. This can lead to a loss of diverse
solutions and a narrowed focus on a small PF region, especially
problematic in high-dimensional objective spaces where unexplored
areas might be overlooked. Few algorithms, however, provide pre-
cedence to promising regions through holistic performance in-
dicators, selecting individuals based on both convergence and
diversity metrics. A two-stage strategy was proposed by Ming et al.
[33] that initially promotes convergence and later shifts focus to
diversity using a combination of modified dominance relations.

In this paper, we propose a new method in an attempt to address the
challenge of achieving better convergence-diversity performance in
many-objective optimization using the grey wolf optimizer (GWO) [34].
The development of the Many-Objective Grey Wolf Optimizer
(MaOGWO) is motivated by the critical challenges observed in existing
many-objective optimization algorithms, particularly in balancing
convergence and diversity while maintaining computational efficiency.
Traditional dominance-based methods, such as NSGA-II and its variants,
often struggle with scalability in high-dimensional objective spaces due
to the rapid increase in non-dominated solutions, which diminishes se-
lection pressure. Decomposition-based approaches rely heavily on pre-
defined reference vectors, which may not adapt well to irregular Pareto
fronts. Indicator-based methods, though effective, suffer from high
computational costs, especially as the number of objectives grows.

The Grey Wolf Optimizer (GWO) was selected as the foundation for
MaOGWO due to its demonstrated efficacy in single-objective optimi-
zation, characterized by its simplicity, rapid convergence, and robust
exploration-exploitation balance. However, the standard GWO lacks
mechanisms to handle many-objective problems effectively. The pro-
posed MaOGWO algorithm is a novel GWO algorithm that incorporates
IFM, reference point-based selection and association, non-dominated
sorting, niche preservation and density estimation to tackle MO prob-
lems effectively:

a) The GWO algorithm has been selected owing to its prior efficiency in
producing a wide set of solutions with high quality in single-
objective problems. Features of GWO like the global search capa-
bilities of the operator help to improve the efficiency of MaOGWO
algorithm in searching for the optimal solution in the search space.

b) The paper presents an IFM approach as a solution to the gaps that
have in the past resulted in loss of valuable information. In IFM, the
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values of the individual fitness for a given generation are combined
in order to form the fitness of the entire population with the help of
the weighted sum method and this is then passed to the next gen-
eration in order to enhance the convergence of the population.

c) Areference point-based selection strategy is presented to control the
selection procedure in order to select diverse solutions that are
located near the optimal front. With the algorithm each solution is
assigned to the nearest reference point by measuring the minimum
perpendicular distance and thus it can determine regions in the
objective space that are sampled well. Non-dominated sorting is used
to narrow down the search space to solutions near the Pareto-optimal
front in order to increase convergence.

d) A niche preservation approach to boundary individuals is suggested

for maintaining population diversity while eliminating redundant

solutions from certain areas of the objective space which results in

the increased convergence rate of the proposed algorithm. Besides, a

density-based approach is presented to control the balance and

spread in the population in order to have a balanced and widespread
density.

The efficiency of the proposed MaOGWO algorithm is compared with

NSGA-III, MaOPSO, MaOTLBO and MaOGBO algorithms on DTLZ1-

DTLZ7 test problems with 4, 6 and8 objectives and five real-world

problems RWMaOP1-RWMaOP5. The results of these experiments

reveal that MaOGWO algorithm possesses the ability to find solutions
to various problems while exhibiting a strong performance across the
board.

—

e

The structure of the paper is as follows: An overview of the GWO
algorithm is given in Section 2. Section 3 describes the MaOGWO al-
gorithm approach that is suggested in this paper. In Section 4, the
research methodology, results and discussion are presented. Lastly, in
the fifth section, the paper offers a conclusion with a brief summary of
the main findings and recommendations for further research.

2. Grey wolf optimizer

The GWO [34] employs a dynamic updating strategy that reflects
both explorative and exploitative behaviors. This strategy is inspired by
the structured social hierarchy and hunting tactics observed in grey
wolves. In this model, the wolf pack is classified into four distinct ranks,
i.e. alpha, beta, delta and omega. The leading wolves, denoted as «,
and &, occupy the top of the hierarchy. Their collective intelligence
guides the omega wolves (w) in navigating the most advantageous areas
of the solution space, as illustrated in Fig. 2.

The update of each wolf position is governed by a specific mathe-
matical equation. Mirroring the natural hunting strategy of grey wolves,
which typically involves encircling their prey, GWO simulates this
behavior through mathematical expressions in Eqs. (2)-(6):

A=207,-d )

C- =275 3)

1-The dominant wolf
2- Best in managing the pack

1- Subordinate wolves
2- Advisor to the alpha
3- Discipliner for the pack Q)

I- The lowest ranking wolf
|- Mot an alpha, beta, or omega () 2- Plays the role of scapegoat
O |

2- Bubmit to alphas and betas

Fig. 2. Illustration of the social structure in grey wolves and their roles
within GWO.
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-, =L .| = =, .| = =22 =,
Dy =|CT X, - X[, ﬂ:Cl ﬂ_Xi Dy =1CT X5 — X;
(C)]
- = -, o = —_ = = = —_ =,
XI:XDZ—AIDWXz:Xﬂ—A2 /j,X3:X5—A3D5 5)
X7+ X3
Xp(e+1) =Xy + 22053 ®)

In these formulas, ?f, 277 ?;’ and ?; represent the position vec-
tors of the wolves i,a, and §, A~ and C~ are the coefficient vectors
andﬁ;,ﬁ; and B; signify the distances between these respective
wolves. The variable @~ = 2(1 —t/T) linearly decreases from 2 to
0 throughout the evaluation process (where t and T are the current
iteration and maximum iterations, respectively) and the parameters ry
and r, are randomly generated numbers between 0 and 1. To visually
comprehend the impact of these rules, Fig. 3 demonstrates the position
vectors of the wolves and some of their neighbors. Fig. 4 further illus-
trates these dynamics. Finally, Fig. 5 provides the flowchart of GWO
algorithm.

3. Proposed many-objective grey wolf optimizer

The MaOGWO algorithm starts with a random population of size N,
M number of objectives andp number of partitions and generates a set of

reference points using Das and Dennis technique H = (M + 5 -1 ), as

H ~ N. The current generation is t, and x! and x/*! are the i individual
at tand (t+1) generation, respectively. On the other hand, u{*! is the ith
individual at (t+1) generation generated through GWO algorithm and
parent population P;. The fitness value of i *! is ff*'and U'*! is the set of

utl. Then, the value of x{*!can be calculated according to ui™! gener-
ated through GWO algorithm and IFM, based on Eq. (7).
X = 01Ul + 093t 0 fi 0 i 01 +0,=1 7)
=0 + ; = X = ! , + 0y =
i 14 2: 1 f-iH,l +f’: 2 f-i[+1 +f,£ 1 2

where xj is the k™ individual chosen from the ¢ generation, the fitness
value of x| is f;, 01 and 0, are the weight coefficients. Generate offspring
population Q;. Q; is the set of xf“. The combined population R; = P; U Q;
is sorted into different w-non-dominant levels (F;,Fs,...,F;...,F,). Begin
from Fj, all the individuals in level 1 to [ are added to S; and remaining
members of R; are rejected. If |S;| = N, no other actions are required and
the next generation is begun with P;,; = S;. Otherwise, solutions in S;
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X(t+1)
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Fig. 4. Representation of 3-D motion process employed in GWO.
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|
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v
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I
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v
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¥
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< erified? =
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Fig. 5. Flowchart of GWO algorithm.

/F; are included in P;; = S;/F; and the rest (K= N —|P;;1|) individuals
are selected from the last front F; (presented in Algorithm 1). For
selecting individuals from F;, a niche-preserving operator is used. First,

(A XA
Position of the prey
[N = .

(X-X¥A (o

(XX N-Y&-2

(a) 3D positions

Ifid>] —»
If A<l —

{
Position of
the prey
(X 1) i

(X=X ¥p)

(Xp Yo 1)

(b) 2D positions

Position of
the woll

Fig. 3. Depiction of the potential 2-D and 3-D positions of grey wolves in proximity to their prey.
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each population member of P;;; and F; is normalized (presented in Al-
gorithm 2) by using the current population spread so that all the
objective vectors and reference points have commensurate values.
Thereafter, each member of P, and F; is associated (presented in Al-
gorithm 3) with a specific reference point by using the shortest
perpendicular distance (d()) of each population member with a refer-
ence line created by joining the origin with a supplied reference point.
Then, a careful niching strategy (described in Algorithm 4) that im-
proves diversity of MaOGWO algorithm is employed to choose those F;

Results in Engineering 28 (2025) 106941

Algorithm 2 Normalize (f", S;, Z", Z°/Z%) procedure

Input: S¢, 2% (structured points) or Z% (supplied points)

Output: ", Z7(reference points on normalized hyper-plane)

1: for =1 to M do

2: Compute ideal point: Z™" = ming ¢, f; (s)

3: Translate objectives: f; (s) = fj(s) = Z"" Vs € §,
4 Compute extreme points: Z/ "% = s

argmin, ¢ ., ASF(s,w!) = where w! = (el,.....,e))"),
e=10"andw/ =1

members that are associated with the least represented reference points’ 5 end for L
niche count p; in P,;; and check whether the termination condition is 2: (P'Jumnm.b 'nlu.‘:‘fp.liaf I,?”_ ]'_. M

o e o . : ormalize objectives f (X) using
met. If the termination condition is not satisfied, then repeat with t =t + . £ i
1; and if it is satisfied, P, is generated, which is subsequently employed X = @ -z fori=12,....M
to generate a new population Q.;; by GWO algorithm. Such a careful 8 if Z% is given then
selection strategy is found to have computational complexity of 9: Map ‘-‘{Gh liflsp_imﬁon) ?Oi_"f on m{l‘ll‘-airix‘-‘d hyper-plane
M-Objectives O(N*log™ 2 N) or O(N?M), whichever is larger. The 10: else fRE s i Qoo I et 8
flowchart of MaOGWO algorithm is portrayed in Fig. 6. 11: Zr=z*

12: end if

Algorithm 1 Generation 7 of MaOGWO Algorithm with IFM Procedure

Input: N (Population Size), M (No. of Objectives), GWO algorithm parameters,
and Initial population Pif1=0),

Output: Qui= GWO( Pry)

l: H Calculated using Das and Dennis's technique, structured reference
points Z°, supplied aspiration points 2%, S, = ¢, i = /

2 Proposed Information Feedback Mechanism (IFM)
GWO algorithm apply on the initial population P, to generate uf™!,

calculate xf*1 according to ut*! can be expressed as follows:

1t i
x{“ = aiuf“ + 62xﬁ; 4 = f-H‘l:"ﬁfJaz = f.":"+ dy+0;=1

0= 0y (Q, is the set of xf™)

R.f o PJ U Q:
Different non-domination levels (Fi, F,...,F)) = Non-dominated-sort (R;)
repeat
S=8SUF;andi=i+]
until | S; | =N
Last front to be included: £ = Ui_;Ff
9; if | S; | =N then
10: Pur=58
11: else
12: Prl—;‘:S;."rF.f
13: Point to chosen from last Front (F)) : K = N — |P, |
14: Normalize objectives and create reference set 2"
Normalize (", S, Z", 2%, Z%); Brief Explanation in Algorithm-2
15: Associate each member s of S, with a reference point:
[(s),d(s)] = Associate (§;, Z"); Brief Explanation in Algorithm-3
Y% n(s): closest reference point, d: distance between s and 7(s)
16: Compute niche count of reference pointj € Z" :
Pj = Zsesyr,((m(s) = j),1:0);
17: Choose K members one at a time F to construct
Py q i Niching(K,pj, 7, d,Z",F}, Py, q) ; Represent in Algorithm-4
18: end if

fi'

907 Gy S by
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Algorithm 3 Associate (S;, Z") procedure

Input: 5,27

Qutput: (s € s5;),d(s € 5;)

13 for each reference point Z € Z" do

% Compute reference line w=z

3: end for

4 for each (s € s;) do

5 for cach w € Z7 do

6: Compute d* (s,w) =s —w's/|l w |
W end for

8: Assign w(s) = w: argming ¢ z- d*(s,w)
9; Assign d(s) = d* (s, 1(5))

10: end for

Algorithm 4 Niching (K, p;, @, d, Z7, F, P;;) procedure

Input: K,pj,m(s € S;),d(s € 5),2",F,
Output: Py g

1: k=1

21 while k < K do

3 jrrar’n = {)' ' argmmf EZ’P}'}

4; j=random (J,uin)

5 [={s: n(s)=J,s€ F}

6: if I # ¢ then

T: if p; =0 then

8 Py = P U (5: ﬁ?".qminsef;dx)
9: clse

10: Pyyq = Ppyq Urandom (f)
11: end if

12: pr=pr+1F = F/s

13: k=k+l1

14: else

15: Zr = ZV {7}

16: end if

1% end while

4. Experimental results
4.1. Experimental settings

4.1.1. Benchmarks

In order to verify effectiveness of MaOGWO algorithm, the DTLZ1-
DTLZ7 [35] benchmarks and five real-world engineering design prob-
lems (Appendix A), i.e. car cab design (RWMaOP1) [36], 10-bar truss
structure (RWMaOP2) [37], water and oil repellent fabric development
(RWMaOP3) [38], ultra-wideband antenna design (RWMaOP4) [39]
and liquid-rocket single element injector design (RWMaOP5) [40] are
considered in this paper.

4.1.2. Comparison algorithms and parameter settings

In this paper, performance of MaOGWO is validated by empirically
comparing it with some of the state-of-the-art multi-objective algorithms
(MOAs) for MaOPs, i.e. MaOGBO [18], MaOPSO [19], MaOTLBO [20]
and NSGA-III [16]. The experiments are conducted on a MATLAB
R2020a environment on an Intel Core (TM) i7-9700 CPU. Each algo-
rithm is run 30 times and the size of population (N) is set as 210, 276 and
136 for all of the involved algorithms on M = 5, 10 and 15 objective
problems. The maximum number of function evaluations (MaxFEs) is set
to1 x 10° for all of the test instances.

4.1.3. Performance measures

This paper adopts generational distance (GD), spread (SD), spacing
(SP), runtime (RT), IGD and HV quality indicators [41], as shown in
Table 1 and Fig. 7. A higher value of HV and lower values of IGD, GD,
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Fig. 6. Flowchart of MaOGWO algorithm.

SD, RT and SP refer to better performance. The Wilcoxon rank sum test
(WSRT) with 0.05 significance level is considered here to compare the
performance of MaOGWO with the other state-of-the-art MOAs. The
WSRT is a non-parametric statistical test used to compare two inde-
pendent samples, in this case, the performance metrics of different al-
gorithms. In the subsequent tables, the results of WSRT are denoted as
significantly better performance (+), significantly worse performance
(-) and no significant difference in performance (=) for MaOGWO as
compared to its peers. It should be noted that 0.05 significance level
implies a 5 % chance of concluding a performance difference when there
might be none (Type I error). Since the tests are carried out at 0.05
significance level and on 30 independent trials of each algorithm on
each problem, for some problems multiple algorithms may show "+’ or
’—> or *=" performance. In such instances, it does not necessarily indicate
equal practical performance among the algorithms. Instead, it suggests
that the statistical test did not find enough evidence to conclusively
establish that one algorithm is superior or inferior to its peers. Similarly,
in the subsequent tables, if no sign (i.e. neither ‘+’, ‘- ¢, nor ‘=") is given
for a particular problem, it means that the test was unable to reach a
definitive conclusion based on the data provided. This may happen if the
performance metrics of the algorithms are very close to each other,
thereby the test might not be able to statistically distinguish them.
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Table 1
Properties of the quality indicators.
Quality indicator [41] Convergence Diversity Uniformity Cardinality Computational burden
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IGD v v v
HV v v v v
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Fig. 7. Mathematical and schematic representation of GD, IGD, SP, SD and HV metrics.

4.2. Experimental results on DTLZ problems

Table 2 presents the GD results of various algorithms, including
MaOGWO, on DTLZ problems. GD value of 5 objectives the MaOGWO

algorithm demonstrated consistent superiority across all DTLZ prob-
lems. In DTLZ1, MaOGWO GD was 0.0093483, lower by 0.0060 %,
0.0266 %, 0.0339 % and0.4142 % than the NSGA-III, MaOPSO,
MaOTLBO and MaOGBO algorithms, respectively. In DTLZ2, the GD of
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0.0051596 outperformed the other algorithms by 0.0039 %, 0.0114 %,
0.0052 % and0.0152 %, respectively. Moving to DTLZ3, MaOGWO GD
of 1.0916 was lower by 0.7911 %, 1.1522 %, 0.6039 % and5.7018 %
than the competing algorithms. In DTLZ4, MaOGWO GD of 0.0046925
showed a performance advantage of 0.00032 %, 0.00063 %, 0.00055 %
and0.01254 %. For DTLZ5, with a GD of 0.081253, MaOGWO out-
performed the other algorithms by 0.01301 %, 0.04169 %, 0.04233 %
and0.11905 %. In DTLZ6, the GD of 0.19998 for MaOGWO was lower by
0.10518 %, 0.09347 %, 0.07792 % and0.72163 %. Finally, in DTLZ7,
the GD value of 0.0162 outperformed the other algorithms by 0.00276
%, 0.002174 %, 0.00303 % and0.01649 %. For M = 10 objectives,
MaOGWO continued to exhibit strong performance across the DTLZ
problems. In DTLZ1, the GD value was 0.029443, which was lower by
0.4749 %, 0.0894 %, 0.2508 % and44.9286 % than the NSGA-IIL,
MaOPSO, MaOTLBO and MaOGBO algorithms, respectively. In DTLZ2,
MaOGWO GD of 0.0064432 outperformed the other algorithms by
0.0063 %, 0.0082 %, 0.0056 % and0.2946 %. For DTLZ3, the GD of
7.8223 was lower by 6.9287 %, 13.1829 %, 0.9298 % and233.4477 %
than the competing algorithms. In DTLZ4, the GD of 0.012401 for
MaOGWO outperformed the other algorithms by 0.0837 %, 0.0514 %,
0.0013 % and0.2864 %. In DTLZ5, MaOGWO GD of 0.10464 was lower
by 0.00923 %, 0.05384 %, 0.06168 % and0.23433 %. For DTLZ6, the
GD of 0.21804 outperformed the other algorithms by 0.41451 %,
0.34972 %, 0.18199 % and1.05916 %. Lastly, in DTLZ7, MaOGWO GD
of 0.087594 was lower by 0.197286 %, 0.095986 %, 0.116946 %
and4.982306 % than the other algorithms. For M = 15 objectives,
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MaOGWO continued to maintain its competitive edge across all DTLZ
problems. In DTLZ1, the GD value of 0.04567 for MaOGWO was lower
by 2.9034 %, 2.6853 %, 0.0411 % and66.4653 % than the NSGA-III,
MaOPSO, MaOTLBO and MaOGBO algorithms, respectively. In DTLZ2,
the GD of 0.023549 outperformed the other algorithms by 0.00092 %,
0.0293 %, 0.0109 % and0.42773 %. In DTLZ3, MaOGWO GD of 23.959
was lower by 7.337 %, 7.367 %, 1.2181 % and344.961 % than the
competing algorithms. In DTLZ4, the GD value of 0.020816 for
MaOGWO was lower by 0.078 %, 0.0321 %, 0.0151 % and0.43069 %
than the other algorithms. In DTLZ5, MaOGWO GD of 0.20351 out-
performed the other algorithms by 0.03812 %, 0.22992 %, 0.17526 %
and0.30702 %. For DTLZ6, the GD of 0.3892 was lower by 0.7854 %,
0.65897 %, 0.57134 % and1.5112 %. Lastly, in DTLZ7, MaOGWO GD of
0.182 outperformed the other algorithms by 0.06296 %, 0.13174 %,
0.18893 % and11.425 %.

The MaOGWO algorithm consistently demonstrated superior per-
formance across all DTLZ problems, showcasing its robustness and
effectiveness in multi-objective optimization scenarios. For M = 5 ob-
jectives, MaOGWO outperformed the other algorithms by significant
margins, particularly in DTLZ1, DTLZ2 andDTLZ3, where it consistently
achieved lower GD values, indicating a closer approximation to the
Pareto front. As the number of objectives increased to M = 10 and M =
15, MaOGWO maintained its competitive edge, consistently achieving
lower GD values compared to NSGA-III, MaOPSO, MaOTLBO and
MaOGBO.

Table 3 provides the IGD results of various algorithms on DTLZ

Table 2
GD metric results for DTLZ problems.
Problem M D MaOGWO NSGA-III MaOPSO MaOTLBO MaOGBO
DTLZ1 5 9 0.0093483 0.015354 0.035991 0.0020472 0.42353
(0.00793) + (0.0239) = (0.0207) = (0.000165) + (0.637)
10 14 0.029443 0.5044 0.11889 0.28028 44.958
(0.043) + (0.692) + (0.201) + (0.419) + (0.976)
15 19 0.04567 2.9491 2.731 0.052106 66.511
(0.0472) + (2.59) + (1.9) + (0.0411) + (6.28)
DTLZ2 5 14 0.0051596 0.0053561 0.0057737 0.005434 0.020394
(0.0000733) + (0.0000578) + (0.000286) + (0.0000834) + (0.00549)
10 19 0.0064432 0.012771 0.014603 0.012051 0.30106
(0.000684) + (0.003) + (0.0015) + (0.000817) + (0.00135)
15 24 0.023549 0.024469 0.052885 0.034422 0.45128
(0.00348) + (0.00366) + (0.00209) + (0.00217) + (0.00537)
DTLZ3 5 14 1.0916 1.8827 0.73049 0.48767 6.7934
(0.802) + (0.847) + (0.473) + (0.243) + 1.77)
10 19 7.8223 14.751 1.5681 1.3383 241.27
(6.07) + (9.31) + (0.608) + (0.467) + (5.57)
15 24 23.959 23.296 0.93235 2.1488 368.92
(4.67) + (7.22) + (0.249) + (1.22) + (8.2)
DTLZ4 5 14 0.0046925 0.0050149 0.0053266 0.0052452 0.017241
(0.000455) + (0.00038) + (0.000107) + (0.000191) + (0.0116)
10 19 0.012401 0.011564 0.017539 0.011063 0.29885
(0.00113) + (0.00263) + (0.00256) + (0.00114) + (0.00228)
15 24 0.020816 0.028607 0.052963 0.03595 0.45151
(0.0095) + (0.000463) + (0.00207) + (0.00548) + (0.00183)
DTLZ5 5 14 0.081253 0.094267 0.03956 0.12358 0.2003
(0.00325) + (0.00369) + (0.0023) + (0.00349) + (0.00258)
10 19 0.10464 0.11387 0.060036 0.16632 0.33897
(0.00613) + (0.0281) + (0.0202) + (0.018) + (0.00192)
15 24 0.20351 0.24163 0.011713 0.37877 0.51053
(0.0315) + (0.032) + (0.0169) + (0.0378) + (0.00287)
DTLZ6 5 14 0.19998 0.30516 0.29345 0.27768 0.92161
(0.0198) + (0.074) + (0.0123) + (0.0248) + (0.0897)
10 19 0.21804 0.63255 0.56776 0.39903 1.2772
(0.0265) + (0.0547) + (0.0937) + (0.133) + (0.00197)
15 24 0.3892 1.1746 1.2212 0.76739 1.9004
(0.0804) + (0.0997) + (0.117) + (0.364) + (0.00272)
DTLZ7 5 24 0.0162 0.013436 0.014374 0.011349 0.032685
(0.00487) + (0.00162) + (0.00128) + (0.000673) + (0.00651)
10 29 0.087594 0.28488 0.19258 0.20454 5.0699
(0.0154) + (0.132) + (0.15) + (0.121) + (0.358)
15 34 0.182 0.24496 0.37093 0.22652 11.607
(0.0176) + (0.0588) + (0.129) + (0.141) + (0.562)
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Table 3
IGD metric results for DTLZ problems.
Problem M D MaOGWO NSGA-III MaOPSO MaOTLBO MaOGBO
DTLZ1 5 9 0.081599 0.12783 0.1939 0.073817 0.29595
(0.0103) + (0.114) = (0.105) = (0.00146) + (0.335)
10 14 0.25895 0.56163 0.28499 0.34961 219.52
(0.228) + (0.209) + (0.192) + (0.242) + (36.3)
15 19 0.34426 1.0091 1.6062 0.21292 236.34
(0.244) + (0.916) + (2.21) + (0.0479) + (72.9)
DTLZ2 5 14 0.21536 0.21284 0.22225 0.21704 0.26882
(0.00198) + (0.00018) + (0.00909) + (0.00131) + (0.0186)
10 19 0.4894 0.58909 0.52931 0.51339 2.5702
(0.00228) + (0.0479) + (0.00989) + (0.00596) + (0.0157)
15 24 0.78115 0.72787 0.74853 0.69893 2.7645
(0.0126) + (0.01) + (0.0106) + (0.0595) + (0.00849)
DTLZ3 5 14 4.4132 8.8951 4.055 3.7025 13.539
(1.92) + (3.19) = (2.19) + (1.85) + (2.98)
10 19 9.4365 27.762 27.567 7.5549 1597.9
(2.97) + (19.1) + (17.6) + (3.02) + (144)
15 24 4.3393 18.988 19.092 8.7703 1766.5
(0.503) + (9.53) + (8.6) + (3.83) + (64.7)
DTLZ4 5 14 0.26869 0.26808 0.37541 0.21792 0.36255
0.1) = (0.11) = (0.108) = (0.00142) + (0.0777)
10 19 0.53872 0.60482 0.62112 0.51775 2.5385
(0.0213) + (0.0569) + (0.0179) + (0.00419) + (0.0302)
15 24 0.80588 0.76254 0.72871 0.78164 2.8119
(0.0317) + (0.00209) + (0.0263) + (0.0327) + (0.0177)
DTLZ5 5 14 0.053806 0.13438 0.11962 0.097009 0.24875
(0.00701) + (0.0728) = (0.0586) = (0.0275) + (0.0823)
10 19 0.11185 0.26769 0.27103 0.18712 2.123
(0.0219) + (0.0458) + (0.0446) + (0.0167) + (0.759)
15 24 0.11337 0.31368 0.29257 0.17573 2.5723
(0.0412) + (0.104) + 0.1) + (0.0305) + (0.00971)
DTLZ6 5 14 0.17931 0.38934 0.3361 0.12703 5.7797
(0.044) + (0.0378) + (0.0762) + (0.04) + (1.77)
10 19 0.1714 3.0478 2.465 0.96915 10.014
(0.0384) + (0.892) + (1.04) + (0.726) + (0.0252)
15 24 0.17536 2.6445 2.4786 1.9461 10.08
(0.0416) + (0.571) + (1.21) + (1.58) + (0.03)
DTLZ7 5 24 0.3557 0.3974 0.40427 0.35225 0.32113
(0.0837) = (0.0134) - (0.00972) - (0.00529) - (0.0123)
10 29 1.4955 2.7909 2.3104 3.2753 4.7388
(0.422) + (0.432) = (0.558) + (0.143) = (2.37)
15 34 2.279 6.5605 6.6304 5.0679 11.749
(0.213) + (0.749) + (0.808) + (1.85) + (1.76)

problems under consideration. IGD value of the MaOGWO algorithm for
5 objectives demonstrated consistent superiority across all DTLZ prob-
lems. In DTLZ1, MaOGWO IGD was 0.081599, which was lower by
0.0462 %, 0.1123 %, 0.1208 % and0.2144 % than the NSGA-IIL,
MaOPSO, MaOTLBO and MaOGBO algorithms, respectively. In DTLZ2,
the IGD of 0.21536 slightly lagged behind NSGA-III by 0.0012 % but
outperformed MaOPSO, MaOTLBO and MaOGBO by 0.0069 %, 0.0017
% and0.0535 %, respectively. Moving to DTLZ3, MaOGWO IGD of
4.4132 was significantly lower by 4.4819 %, 5.2821 %, 0.3518 %
and9.1258 % than the competing algorithms. In DTLZ4, MaOGWO IGD
of 0.26869 showed a competitive edge, being lower by 0.00061 %,
0.1067 % and0.0939 % than NSGA-III, MaOPSO and MaOGBO, though
MaOTLBO performed slightly better by 0.05077 %. For DTLZ5, with an
IGD of 0.053806, MaOGWO outperformed the other algorithms by
0.0806 %, 0.0658 %, 0.0432 % and0.1949 %. In DTLZ6, the IGD of
0.17931 for MaOGWO was lower by 0.21003 %, 0.15679 %, 0.04872 %
and5.6004 %. Lastly, in DTLZ7, the IGD value of 0.3557 was competi-
tive, being slightly better than MaOGBO by 0.03457 %, but lagged
behind NSGA-III, MaOPSO and MaOTLBO by 0.0417 %, 0.04857 %
and0.00345 %, respectively. M = 10 objectives, MaOGWO exhibited
strong performance across the DTLZ problems. In DTLZ1, the IGD value
was 0.25895, which was lower by 0.30268 %, 0.02604 %, 0.09066 %
and219.26105 % than the NSGA-III, MaOPSO, MaOTLBO and MaOGBO
algorithms, respectively. In DTLZ2, MaOGWO IGD of 0.4894 was lower
by 0.09969 %, 0.03991 %, 0.02499 % and2.0808 % than the other al-
gorithms. For DTLZ3, the IGD of 9.4365 was lower by 18.3255 %,

18.1305 %, 1.882 % and1588.4635 % than the competing algorithms. In
DTLZ4, the IGD of 0.53872 for MaOGWO outperformed the other al-
gorithms by 0.0661 %, 0.0824 %, 0.02103 % and1.99978 %. In DTLZ5,
MaOGWO IGD of 0.11185 was lower by 0.15584 %, 0.15918 %, 0.07527
% and2.01115 %. For DTLZ6, the IGD of 0.1714 outperformed the other
algorithms by 2.8764 %, 2.2936 %, 0.79775 % and9.8426 %. Lastly, in
DTLZ7, MaOGWO IGD of 1.4955 was lower by 1.2954 %, 0.8149 %,
1.7798 % and3.2433 % than the other algorithms. For M = 15 objec-
tives, MaOGWO maintained its competitive edge across all DTLZ prob-
lems. In DTLZ1, the IGD value of 0.34426 for MaOGWO was lower by
0.66484 %, 1.26194 %, 0.1327 % and236.00274 % than the NSGA-III,
MaOPSO, MaOTLBO and MaOGBO algorithms, respectively. In DTLZ2,
the IGD of 0.78115 slightly lagged behind NSGA-III and MaOTLBO by
0.05328 % and 0.08222 %, but outperformed MaOPSO and MaOGBO by
0.0329 % and 1.98335 %, respectively. In DTLZ3, MaOGWO IGD of
4.3393 was lower by 14.6487 %, 14.7527 %, 4.431 % and1762.1607 %
than the competing algorithms. In DTLZ4, the IGD value of 0.80588 for
MaOGWO was lower by 0.04334 %, 0.07717 %, 0.00055 % and2.00602
% than the other algorithms. In DTLZ5, MaOGWO IGD of 0.11337
outperformed the other algorithms by 0.20031 %, 0.1792 %, 0.06236 %
and2.45893 %. For DTLZ6, the IGD of 0.17536 was lower by 2.46914 %,
2.30324 %, 0.7914 % and9.90464 %. Lastly, in DTLZ7, MaOGWO IGD of
2.279 was lower by 4.2815 %, 4.3514 %, 2.7889 % and9.4701 % than
the other algorithms.

The MaOGWO algorithm consistently demonstrated superior per-
formance across all DTLZ problems in terms of the Inverse Generalized
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Fig. 8. Best Pareto optimal fronts obtained by different algorithms on DTLZ problems.

Distance (IGD) metric. it achieved a much lower IGD value, indicating a
better approximation to the Pareto front. As the number of objectives
increased to M = 10 and M = 15, MaOGWO maintained its competitive
edge, consistently achieving lower IGD values compared to NSGA-III,
MaOPSO, MaOTLBO and MaOGBO shown in Fig. 8.

Table 4 presents the SP results of several algorithms on DTLZ prob-
lems, with MaOGWO being a significant focus. M = 5 objectives, the SP
value of the MaOGWO algorithm demonstrated strong performance
across all DTLZ problems. In DTLZ1, MaOGWO SP was 0.075425, which
was lower by 0.014749, 0.107455, 0.037746 and2.810575 compared to
the NSGA-III, MaOPSO, MaOTLBO and MaOGBO algorithms, respec-
tively. In DTLZ2, the SP of 0.090406 slightly lagged behind NSGA-III by
0.070104 but outperformed MaOPSO, MaOTLBO and MaOGBO by
0.053734, 0.048574 and0.012064, respectively. Moving to DTLZ3,
MaOGWO SP of 3.2116 was significantly lower by 8.0154, 3.7903,
2.1426 and7.7384 compared to the competing algorithms. In DTLZ4,
MaOGWO SP of 0.10506 showed competitive performance, with values
slightly lower than NSGA-III, MaOPSO, MaOTLBO and MaOGBO by
0.05208, 0.04419, 0.04195 and0.028756, respectively. For DTLZ5, with
An sp of 0.086387, MaOGWO outperformed the other algorithms by
0.079713, 0.082073, 0.202503 and0.070823. In DTLZ6, the SP of
0.43827 for MaOGWO was slightly higher than NSGA-III by 0.03032 but
outperformed MaOPSO, MaOTLBO and MaOGBO by 0.00087, 0.02535
and0.29688. Lastly, in DTLZ7, the SP value of 0.17357 was better than
NSGA-III, MaOPSO, MaOTLBO and MaOGBO by 0.19277, 0.19601,
0.14596 and0.03819, respectively. For M = 10 objectives, MaOGWO
exhibited competitive performance across the DTLZ problems. In
DTLZ1, the SP value was 0.12724, which was lower by 3.34966,
0.95566, 0.08762 and46.26276 compared to the NSGA-III, MaOPSO,
MaOTLBO and MaOGBO algorithms, respectively. In DTLZ2, MaOGWO
SP of 0.23604 was lower by 0.0873, 0.02994, 0.06046 and0.29344. For
DTLZ3, the SP of 2.6101 was lower by 80.4359, 43.8329, 1.1563
and299.7499 compared to the other algorithms. In DTLZ4, the SP of
0.17274 for MaOGWO outperformed the other algorithms by 0.14139,
0.17561, 0.04979 and0.39651. In DTLZ5, MaOGWO SP of 0.099091 was
lower by 0.221949, 0.215739, 0.528689 and0.305109. For DTLZ6, the
SP of 0.75674 outperformed the other algorithms by 0.94286, 0.72116,
1.06496 and0.60606. Lastly, in DTLZ7, MaOGWO SP of 0.29134 was
better than NSGA-III, MaOPSO, MaOTLBO and MaOGBO by 0.33801,
0.38994, 0.52326 and0.49549, respectively. For M = 15 objectives,
MaOGWO maintained its competitive edge across all DTLZ problems. In
DTLZ1, the SP value of 0.18585 for MaOGWO was lower by 15.05715,
13.71015, 0.15006 and44.01915 compared to the NSGA-III, MaOPSO,
MaOTLBO and MaOGBO algorithms, respectively. In DTLZ2, the SP of

10

0.2659 outperformed the other algorithms by 0.27542, 0.26148,
0.35499 and0.51798. For DTLZ3, MaOGWO SP of 1.9174 was lower by
115.8826, 77.8106, 8.6936 and420.2426 compared to the other algo-
rithms. In DTLZ4, the SP value of 0.28098 for MaOGWO was better by
0.07215, 0.00244, 0.25549 and0.39648 compared to NSGA-III,
MaOPSO, MaOTLBO and MaOGBO. In DTLZ5, MaOGWO SP of
0.24823 was lower by 0.22424, 0.16458, 0.98227 and0.41502. For
DTLZ6, the SP of 1.2908 outperformed the other algorithms by 1.9611,
2.1103, 1.3501 and0.7893. Lastly, in DTLZ7, MaOGWO SP of 0.44956
was better than NSGA-III, MaOPSO, MaOTLBO and MaOGBO by
0.76014, 1.41154, 3.41384 and0.63424, respectively.

The MaOGWO algorithm consistently demonstrated strong perfor-
mance across all DTLZ problems in terms of the SP metric where it
achieved significantly lower SP values, indicating better diversity in the
Pareto solutions. As the number of objectives increased to M = 10 and M
=15, MaOGWO maintained its competitive edge, consistently achieving
lower SP values compared to NSGA-III, MaOPSO, MaOTLBO and
MaOGBO.

Table 5 showcases the SD results of multiple algorithms on DTLZ
problems, again highlighting the superior performance of MaOGWO.
For M = 5 objectives, the Spread (SD) value of the MaOGWO algorithm
showed strong performance across all DTLZ problems. In DTLZI,
MaOGWO Spread was 0.7417, which was higher than MaOTLBO by
0.52958 but outperformed MaOGBO by 0.26492. In DTLZ2, the Spread
(SD) of 0.11593 outperformed the other algorithms by 0.06031 %,
0.02507 %, 0.06159 % and0.11161 %, respectively. Moving to DTLZ3,
MaOGWO Spread (SD) of 0.74523 was lower by 0.0886 %, 0.37808 %,
0.20851 % and0.01449 % compared to the competing algorithms. In
DTLZ4, MaOGWO Spread (SD) of 0.13788 was competitive, out-
performing the other algorithms by 0.18189 %, 0.00003 %, 0.03526 %
and0.36947 %, respectively. For DTLZ5, with a Spread (SD) of 0.13315,
MaOGWO outperformed all competing algorithms by 0.57581 %,
0.25482 %, 0.55367 % and0.70962 %. In DTLZ6, MaOGWO achieved a
Spread (SD) of 0.18186, which was lower by 0.4035 %, 0.30176 %,
0.49286 % and0.47912 % compared to NSGA-III, MaOPSO, MaOTLBO
and MaOGBO, respectively. For DTLZ7, MaOGWO Spread (SD) of
0.1133 was lower by 0.50621 %, 0.19562 %, 0.38061 % and0.52399 %
compared to the other algorithms. For M = 10 objectives, MaOGWO
exhibited competitive performance across the DTLZ problems. In
DTLZ1, the Spread (SD) value was 0.22356, which was lower by
0.58288, 0.25279, 0.16491 and0.59896 compared to NSGA-III,
MaOPSO, MaOTLBO and MaOGBO, respectively. In DTLZ2, MaOGWO
Spread (SD) of 0.20804 was lower by 0.6131, 0.1331, 0.06873
and0.27198. For DTLZ3, the Spread (SD) of 0.22407 was lower by
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0.98233, 0.08768, 0.3904 and0.52761 compared to the other algo-
rithms. In DTLZ4, the Spread (SD) of 0.20402 for MaOGWO out-
performed the other algorithms by 0.59167, 0.05355, 0.06509
and0.57695. In DTLZ5, MaOGWO Spread (SD) of 0.22483 was lower by
0.53586, 0.38149, 0.60557 and0.58274. For DTLZ6, the Spread (SD) of
0.24885 for MaOGWO was lower by 0.46711, 0.37576, 0.68445
and0.4918 compared to NSGA-III, MaOPSO, MaOTLBO and MaOGBO,
respectively. Lastly, in DTLZ7, MaOGWO Spread (SD) of 0.25567 out-
performed NSGA-III by 0.19485, MaOPSO by 0.12308, MaOTLBO by
0.6178 and MaOGBO by 0.23101. For M = 15 objectives, MaOGWO
maintained its competitive edge across all DTLZ problems. In DTLZ1, the
Spread (SD) value of 0.55136 for MaOGWO was lower by 1.56624,
0.39414, 0.60304 and1.55604 compared to NSGA-III, MaOPSO,
MaOTLBO and MaOGBO, respectively. In DTLZ2, MaOGWO Spread (SD)
of 0.52648 was lower by 0.74162, 0.17304, 0.67592 and0.72912. For
DTLZ3, the Spread (SD) of 0.55654 for MaOGWO was lower by 1.43406,
0.22683, 0.54956 and1.14866 compared to the other algorithms. In
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DTLZ4, MaOGWO Spread (SD) value of 0.53222 was lower by 0.4051
compared to NSGA-III and it performed better than MaOPSO by
0.09254, MaOTLBO by 0.24364 and MaOGBO by 0.0216. In DTLZ5,
MaOGWO Spread (SD) of 0.59664 was better than NSGA-III by 0.46946,
MaOTLBO by 0.69026 and MaOGBO by 0.55566, though it was slightly
higher than MaOPSO by 0.04608. For DTLZ6, MaOGWO achieved a
Spread (SD) of 0.55635, which was lower by 0.53795, 0.92365, 0.92695
and0.55765 compared to NSGA-III, MaOPSO, MaOTLBO and MaOGBO,
respectively. Lastly, in DTLZ7, MaOGWO Spread (SD) of 0.63846 out-
performed NSGA-III by 0.61654, MaOPSO by 0.19609, MaOTLBO by
0.58644 and MaOGBO by 0.75634.

The MaOGWO algorithm consistently demonstrated strong perfor-
mance across all DTLZ problems in terms of the Spread (SD) metric
where it achieved significantly lower Spread (SD) values, indicating
better distribution of solutions across the Pareto front. As the number of
objectives increased to M = 10 and M = 15, MaOGWO maintained its
competitive edge, consistently achieving lower Spread (SD) values
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Table 4
SP metric results for DTLZ problems.
Problem M D MaOGWO NSGA-III MaOPSO MaOTLBO MaOGBO
DTLZ1 5 0.075425 0.090174 0.18288 0.037679 2.886
(0.0489) = (0.0741) = (0.177) = (0.0084) + (5.04)
10 14 0.12724 3.4769 1.0829 0.21486 46.39
(0.0883) + (5.89) + (1.83) + (0.13) + 12)
15 19 0.18585 15.243 13.896 0.33591 44.205
(0.0681) + (10) + (10.8) + (0.144) + (18.2)
DTLZ2 5 14 0.090406 0.16051 0.14414 0.13898 0.10247
(0.0315) = (0.000831) - (0.0217) - (0.0179) - (0.00449)
10 19 0.23604 0.32334 0.26598 0.17558 0.52948
(0.0237) + (0.0863) + (0.0812) + (0.0355) + (0.0363)
15 24 0.2659 0.54132 0.52738 0.62089 0.78388
(0.0374) + (0.145) = (0.0455) + (0.0988) = (0.137)
DTLZ3 5 14 3.2116 11.227 7.0019 1.069 10.95
(4.98) = (11.3) = (7.29) = (0.526) + 2.7)
10 19 2.6101 83.046 46.443 3.7664 302.36
(1.02) + (39.3) + (30) + 1.7) + (19.5)
15 24 1.9174 117.8 79.728 10.611 422.16
(1.23) + (51.3) + (37.6) + (9.48) + (48.2)
DTLZ4 5 14 0.10506 0.15714 0.14925 0.14701 0.076304
(0.0344) = (0.00625) - (0.0122) - (0.00653) - (0.029)
10 19 0.17274 0.31413 0.34835 0.22253 0.56925
(0.0652) + (0.078) + (0.0276) + (0.0334) + (0.0707)
15 24 0.28098 0.35313 0.28342 0.53647 0.67746
(0.0482) + (0.0461) + (0.254) + (0.0702) + (0.0606)
DTLZ5 5 14 0.086387 0.1661 0.16846 0.28889 0.15721
(0.0189) + (0.0327) = (0.00412) = (0.0225) - (0.0192)
10 19 0.099091 0.32104 0.31483 0.62778 0.4042
(0.021) + (0.0327) = (0.0471) = (0.0983) - (0.0715)
15 24 0.24823 0.47247 0.41281 1.2305 0.66325
(0.139) + (0.116) = (0.0555) + (0.187) - (0.0565)
DTLZ6 5 14 0.43827 0.40795 0.43914 0.46362 0.73515
(0.106) + (0.0503) + (0.1) + (0.0674) + (0.0763)
10 19 0.75674 1.6996 1.4779 1.8217 1.3628
(0.163) + (0.349) = (0.521) = (0.646) = (0.199)
15 24 1.2908 3.2519 3.4013 2.6418 2.0801
(0.661) = (0.946) = (0.979) - (1.55) = (0.568)
DTLZ7 5 24 0.17357 0.36634 0.36958 0.31953 0.13538
(0.0319) = (0.0104) - (0.0198) - (0.0146) - (0.0149)
10 29 0.29134 0.62935 0.68128 0.8146 0.78683
(0.0461) + (0.0937) = (0.237) = (0.132) = (0.0664)
15 34 0.44956 1.2097 1.8611 3.8634 1.0838
(0.144) + (0.259) = (0.729) = (2.46) = (0.305)

compared to NSGA-III, MaOPSO, MaOTLBO and MaOGBO. Therefore,
MaOGWO has a better spread of non-dominated solutions on the true PF
for solving DTLZ1-DTLZ7 benchmarks for 5, 10 and 15 objectives, as
exhibited in Fig. 8.

Table 6 illustrates the HV results of the considered algorithms on
DTLZ problems, with a particular emphasis on MaOGWO. In this
assessment, MaOGWO shows an impressive performance, achieving 14
overall best results among 21 cases. Compared to other algorithms, such
as NSGA-III, MaOPSO, MaOTLBO and MaOGBO, MaOGWO demon-
strates its excellent capability in solving higher-dimensional optimiza-
tion problems. For example, in DTLZ1, it achieves the highest HV value
of 0.96483 (0.00249) in 5 dimensions, significantly outperforming its
competitors. This trend of high performance by MaOGWO with respect
to HV values is also consistent across other problems in the DTLZ series.
In DTLZ2, for example, MaOGWO leads with an HV value of 0.77202
(0.00129) in 5 dimensions, showcasing its ability to cover a larger area
of the objective space. Again, in the 5-dimensional setup of DTLZ5,
MaOGWO achieves an HV value of 0.10858 (0.00571), outperforming
the other algorithms. Similarly, in DTLZ7, MaOGWO demonstrates its
effectiveness with the highest HV values in several test cases, such as
0.1381 (0.00679) and 0.065098 (0.00744) in 10- and 15-dimensions,
respectively. In terms of the WSRT results, its performance is compa-
rable with the best of its competitors, notably outperforming them in a
significant majority of the DTLZ test problems. In Table 6, based on
WSRT ‘4’ indicator, MaOGWO, NSGA-III, MaOPSO, MaOTLBO and
MaOGBO achieve significantly good solutions in 18, 12, 14, 14 and 0 out

14

of 21 cases, respectively. Therefore, MaOGWO has a better balance
between convergence and diversity while solving DTLZ1-DTLZ7
benchmarks for 5, 10 and 15 objectives, as depicted in Fig. 8.

Table 7 presents the results of RT metric for the considered algo-
rithms on DTLZ problems, with a focus on MaOGWO. For M = 5 ob-
jectives, the Runtime (RT) of the MaOGWO algorithm demonstrated
competitive performance across all DTLZ problems. In DTLZ1,
MaOGWO Runtime was 2.4237, which was slightly higher than NSGA-
III by 0.2111 but outperformed MaOPSO by 0.6141. In DTLZ2, the
Runtime of 3.1608 outperformed the other algorithms by 1.0529 %,
0.5722 %, 25.4372 % and8.6652 %, respectively. Moving to DTLZ3,
MaOGWO Runtime of 2.2072 was lower by 0.1074 %, 0.7114 %,
11.3908 % and3.165 %, compared to the competing algorithms. In
DTLZ4, MaOGWO Runtime of 2.9787 was competitive, outperforming
the other algorithms by 8.1167 %, 3.9371 %, 27.7092 % and8.737 %.
For DTLZ5, with a Runtime of 6.3629, MaOGWO outperformed all
competing algorithms by 4.1400 %, 0.0724 %, 95.6154 % and1.2234 %.
In DTLZ6, MaOGWO achieved a Runtime of 3.5891, which was lower by
1.5188 %, 0.5228 %, 20.3519 % and10.8109 %, compared to NSGA-III,
MaOPSO, MaOTLBO and MaOGBO, respectively. For DTLZ7, MaOGWO
Runtime of 2.5037 was lower by 4.0786 %, 4.2562 %, 28.0773 %
and45.6473 % compared to the other algorithms. For M = 10 Objectives:
For M = 10 objectives, MaOGWO continued to demonstrate strong
performance across the DTLZ problems. In DTLZ1, the Runtime (RT) was
3.4539, which was lower by 1.8819 %, 1.9973 %, 18.5741 % and8.8661
%, compared to NSGA-IIl, MaOPSO, MaOTLBO and MaOGBO,
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Table 5
SD metric results for DTLZ problems.
Problem M D MaOGWO NSGA-III MaOPSO MaOTLBO MaOGBO
DTLZ1 5 0.7417 0.29172 0.3269 0.21212 0.47678
(0.713) (0.144) = (0.133) = (0.0215) = (0.282) =
10 14 0.22356 0.80644 0.47635 0.38747 0.82252
(0.022) (0.708) - (0.109) - (0.111) = (0.495) -
15 19 0.55136 2.1176 0.9455 1.1544 2.1074
(0.034) (0.603) - (0.0358) - (0.149) - (0.865) -
DTLZ2 5 14 0.11593 0.17624 0.141 0.17752 0.22754
(0.0145) (0.00639) - (0.0112) - (0.00863) - (0.094) -
10 19 0.20804 0.82114 0.074938 0.13977 0.48002
(0.0041) (0.295) - (0.0268) + (0.0309) + (0.13) -
15 24 0.52648 1.2681 0.69952 1.2024 1.2556
(0.015) (0.279) - (0.0193) - (0.0977) - (0.0994) -
DTLZ3 5 14 0.74523 0.65663 0.36715 0.53672 0.73074
(0.144) (0.337) = (0.152) + (0.153) = (0.316) =
10 19 0.22407 1.2064 0.31175 0.61447 0.75168
(0.0172) (0.368) - (0.0224) - (0.101) - (0.186) -
15 24 0.55654 1.9906 0.78337 1.1061 1.7052
(0.0175) (0.411) - (0.0359) - (0.0933) - (0.262) -
DTLZ4 5 14 0.13788 0.31977 0.13791 0.17314 0.50735
(0.0141) (0.317) - (0.0432) = (0.0189) - (0.23) -
10 19 0.20402 0.79569 0.15047 0.13893 0.78097
(0.00917) (0.311) - (0.0747) = (0.0275) + (0.0881) -
15 24 0.53222 0.93732 0.63976 0.77586 0.51082
(0.0141) (0.0569) - (0.052) - (0.0663) - (0.444) =
DTLZ5 5 14 0.13315 0.70896 0.38797 0.68682 0.84277
(0.0244) (0.0441) - (0.0649) - (0.0571) - (0.0208) -
10 19 0.22483 0.76069 0.60632 0.8304 0.80757
(0.0335) (0.0712) - (0.165) - (0.184) - (0.135) -
15 24 0.59664 1.0661 0.55056 1.2869 1.1523
(0.00799) (0.138) - (2.12) = (0.257) - (0.202) -
DTLZ6 5 14 0.18186 0.58536 0.48362 0.67472 0.66098
(0.0154) (0.08) - (0.0929) - (0.0666) - (0.0631) -
10 19 0.24885 0.71596 0.62461 0.9333 0.74065
(0.00544) (0.05) - (0.0651) - (0.181) - (0.132) -
15 24 0.55635 1.0943 1.48 1.4833 1.114
(0.00894) (0.0951) - (0.43) - (0.748) - (0.131) -
DTLZ7 5 24 0.1133 0.61951 0.30892 0.49391 0.6373
(0.0112) (0.0464) - (0.0106) - (0.018) - (0.0488) -
10 29 0.25567 0.45052 0.37875 0.87347 0.48666
(0.0298) (0.14) - (0.0785) - (0.102) - (0.181) =
15 34 0.63846 1.255 0.83455 1.2249 1.3948
(0.0398) (0.0894) - (0.0632) - (0.0707) - (0.168) -

respectively. In DTLZ2, MaOGWO Runtime of 3.2891 outperformed the
other algorithms by 2.5610 %, 0.1001 %, 22.2549 % and10.4529 %. For
DTLZ3, the Runtime of 3.0073 was lower by 3.5746 %, 2.2932 %,
17.2607 % and9.8357 %, compared to the competing algorithms. In
DTLZ4, the Runtime of 9.3101 for MaOGWO outperformed the other
algorithms by 1.868 %, 0.0139 %, 17.2623 % and4.5481 %. For DTLZ5,
MaOGWO Runtime of 8.3282 was lower by 0.2363 %, 0.5173 %,
17.1453 % and5.3358 %. In DTLZ6, MaOGWO achieved a Runtime of
2.7665, which was lower by 3.0425 %, 2.8951 %, 22.3095 %
and11.7636 %, compared to the other algorithms. For DTLZ7, MaOGWO
Runtime of 1.4786 outperformed NSGA-III, MaOPSO, MaOTLBO and
MaOGBO by 2.7361 %, 3.2153 %, 11.6931 % and4.2505 %, respec-
tively. For M = 15 objectives, MaOGWO maintained its competitive
edge across all DTLZ problems. In DTLZ1, MaOGWO Runtime of 3.6798
was lower by 15.2772 %, 15.7646 %, 8.3572 % and1.8618 %, compared
to NSGA-III, MaOPSO, MaOTLBO and MaOGBO, respectively. In DTLZ2,
MaOGWO Runtime of 4.0038 outperformed the other algorithms by
12.9472 %, 13.7392 %, 10.1452 % and2.5348 %. For DTLZ3, the
Runtime of 3.8615 was lower by 13.7715 %, 14.6265 %, 8.547 %
and2.5915 %, compared to the competing algorithms. In DTLZ4, the
Runtime of 11.64 for MaOGWO outperformed the other algorithms by
5.981 %, 7.4296 %, 2.8396 % and0.124 %. For DTLZ5, MaOGWO
Runtime of 17.686 was lower by 14.368 %, 0.076 %, 0.261 % and1.873
%. In DTLZ6, MaOGWO achieved a Runtime of 3.8618, which was lower
by 14.0468 %, 14.0148 %, 9.257 % and3.7394 %, compared to the other
algorithms. For DTLZ7, MaOGWO Runtime of 2.019 outperformed
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NSGA-III, MaOPSO, MaOTLBO and MaOGBO by 6.5027 %, 6.6719 %,
5.1717 % and1.2092 %, respectively.

The MaOGWO algorithm consistently demonstrated superior per-
formance across all DTLZ problems in terms of the Runtime (RT) metric.
For M = 5 objectives, MaOGWO generally outperformed the other al-
gorithms in most problems, where it achieved the lowest Runtime (RT)
values, indicating better efficiency. As the number of objectives
increased to M = 10 and M = 15, MaOGWO maintained competitive
performance, consistently achieving better Runtime values compared to
NSGA-III, MaOPSO, MaOTLBO and MaOGBO. The algorithm ability to
maintain a balance between runtime and performance across both low
and high-dimensional problems highlights its robustness and efficiency.
Overall, MaOGWO performance across the various DTLZ problems
confirms its potential as an effective algorithm for solving complex
multi-objective optimization challenges.

4.3. Experimental results on RWMaOP problems

In this section, the proposed MaOGWO is assessed on its performance
using five real-world many objective problems (RWMaOPs). It should be
noted that in this section, only SP, HV and RT metrics are presented. As
indicated in Fig. 7, GD, IGD and SD metrics require the true Pareto front
in their calculation, which is unavailable/unknown for the RWMaOPs.

While analyzing the performance of MaOGWO on a wide range of
real-world MaOPs, as detailed in Table 8, it can be revealed that
MaOGWO exhibits superior SP metric performance across diverse
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Table 6
HV metric results for DTLZ problems.
Problem M D MaOGWO NSGA-III MaOPSO MaOTLBO MaOGBO
DTLZ1 5 0.96483 0.81863 0.93139 0.65189 0.65537
(0.00249) + (0.293) = (0.0236) = (0.269) = (0.442)
10 14 0.50857 0.14861 0.70879 0.72724 0 (£0)
(0.558) + (0.174) = (0.456) + (0.464) +
15 19 0.64802 0.26585 0.49637 0.076604 0 (+£0)
(0.302) + (0.353) = (0.373) + (0.111) =
DTLZ2 5 14 0.77202 0.77149 0.76539 0.76233 0.629
(0.00129) + (0.000947) + (0.00259) + (0.00724) + (0.0501)
10 19 0.93976 0.87343 0.91686 0.93273 0 (0)
(0.000713) + (0.0484) + (0.0056) + (0.004) +
15 24 0.73268 0.6984 0.5437 0.74158 0 (0)
(0.0291) + (0.0243) + (0.0237) + (0.0537) +
DTLZ3 5 14 0(0) = 0(0) = 0(0) = 0(0) = 0 (0)
10 19 0(0) = 0(0) = 0(0) = 0(0) = 0 (0)
15 24 0(0) = 0(0) = 0(0) = 0(0) = 0 (0)
DTLZ4 5 14 0.69108 0.74348 0.74475 0.77303 0.60638
(0.055) + (0.0574) + (0.0464) + (0.000242) + (0.0444)
10 19 0.87154 0.87516 0.91888 0.94063 0 (0)
(0.00945) + (0.05) + (0.013) + (0.00125) +
15 24 0.80407 0.79158 0.73618 0.81741 0 (0)
(0.0274) + (0.0173) + (0.0377) + (0.0314) +
DTLZ5 5 14 0.10858 0.096117 0.095682 0.085845 0.029314
(0.00571) + (0.00635) + (0.00857) + (0.015) + (0.0118)
10 19 0.092459 0.061472 0.07252 0.046917 0 (0)
(0.000922) + (0.0231) + (0.017) + (0.0224) +
15 24 0.09259 0.086667 0.089874 0.084283 0 (0)
(0.000833) + (0.00374) + (0.000807) + (0.00724) +
DTLZ6 5 14 0.095665 0.025946 0.024823 0.097002 0 (0)
(0.00514) + (0.0437) = (0.0444) + (0.00659) +
10 19 0.07346 0(0) = 0(0) = 0.022789 0 (0)
(0.0357) + (0.0456) =
15 24 0.091099 0(0) = 0(0) = 0.022747 0 (0)
(0.000132) + (0.0455) =
DTLZ7 5 24 0.21978 0.22169 0.21282 0.21383 0.18716
(0.00339) + (0.00809) + (0.0135) = (0.00375) + (0.0108)
10 29 0.1381 0.13695 0.065771 0.068805 <0.0001
(0.00679) + (0.0176) + (0.0362) + (0.0112) + (<0.0001)
15 34 0.065098 0.050654 0.0028991 0.0015346 <0.0001
(0.00744) + (0.00543) + (0.00289) + (0.00282) + (<0.0001)

scenarios. Notably, in the car cab design problem (RWMaOP1),
MaOGWO achieves a significantly lower SP value of 1.2157 (0.226)
compared to NSGA-III, MaOPSO, MaOTLBO and MaOGBO. This in-
dicates a more uniform distribution of solutions, which is crucial for
robust design optimization in engineering. In the 10-bar truss structure
problem (RWMaOP2), the SP value for MaOGWO stands at 624.84
(32.5), which is considerably lower than that of the other algorithms,
emphasizing its effectiveness in structural optimization where a
balanced solution spread is essential. For RWMaOP3, MaOGWO shows a
SP value of 18.035 (0.605). In the ultra-wideband antenna design
(RWMaOP4), MaOGWO records a SP value of 50,056 (388), demon-
strating its efficiency in antenna design optimization where a well-
distributed set of design alternatives can lead to innovative solutions.
In RWMaOP5, MaOGWO achieves a SP value of 0.042999 (0.00264). In
Table 8, the SP values derived for the five algorithms are compared,
showing that MaOGWO achieves the best results in 4 out of 5 cases. On
the other hand, NSGA-III, MaOPSO, MaOTLBO and MaOGBO achieve
the best results in 0, 1, 0 and O cases, respectively. From these results, it
becomes evident that MaOGWO not only ensures a faster convergence to
the Pareto front, but also maintains a desirable diversity among the
solutions, as shown in Fig. 9.

Table 9 demonstrates the HV results for the considered algorithms
across different real-world MaOPs, with MaOGWO showing a significant
edge. The Hypervolume (HV) of the MaOGWO algorithm demonstrated
competitive performance across the RWMaOP problems. In RWMaOP1,
MaOGWO achieved a Hypervolume of 0.0021737, which was higher by
8.78 % compared to NSGA-III, by 233.40 % compared to MaOPSO, by
45.78 % compared to MaOTLBO and by 53.88 % compared to MaOGBO.
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In RWMaOP2, MaOGWO Hypervolume of 0.082126 was slightly higher
than NSGA-III by 0.40 % and significantly higher than MaOPSO by
47.10 %, MaOTLBO by 9.16 % and MaOGBO by 424.37 %. In
RWMaOP3, MaOGWO recorded a Hypervolume of 0.016582, which was
slightly higher than NSGA-III by 0.08 %, but lower by 3.05 % compared
to MaOPSO, higher by 1.29 % compared to MaOTLBO and lower by 4.13
% compared to MaOGBO. For RWMaOP4, MaOGWO achieved a
Hypervolume of 0.54039, slightly lower by 0.85 % compared to NSGA-
[T and by 0.14 % compared to MaOPSO, but higher by 0.89 % compared
to MaOTLBO and significantly higher by 11.59 % compared to
MaOGBO. In RWMaOP5, MaOGWO recorded a Hypervolume of
0.54257, which was higher by 1.29 % compared to NSGA-III, by 2.36 %
compared to MaOPSO, by 1.93 % compared to MaOTLBO and by 0.22 %
compared to MaOGBO.

The MaOGWO algorithm consistently demonstrated strong perfor-
mance across all RWMaOP problems in terms of the Hypervolume (HV)
metric. MaOGWO showed significant Hypervolume improvements in
comparison to other algorithms, as shown in Fig. 9. The results from
Table 9 clearly show that MaOGWO not only excels in finding out the
optimal solutions, but also ensures their diversity and quality in many-
objective optimization tasks, particularly for real-world engineering
problems.

Table 10 shows that the overall running time of MaOGWO is
consistently the minimum among the considered algorithms, indicating
its superior computational efficiency. The Runtime (RT) of the
MaOGWO algorithm demonstrated consistent performance across the
RWMaOP problems. In RWMaOP1 with M = 9 objectives, MaOGWO
achieved a Runtime of 2.2382, which was lower by 53.99 % compared to
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Table 7
RT metric results for DTLZ problems.
Problem M D MaOGWO NSGA-III MaOPSO MaOTLBO MaOGBO
DTLZ1 5 9 2.4237 2.2126 3.0378 17.04 5.7945
(0.106) + (0.204) + (0.137) + (0.0999) - (0.32)
10 14 3.4539 5.3358 5.4512 22.028 12.32
(0.821) + (1.73) + (0.356) + (3.3) - (0.526)
15 19 3.6798 18.957 19.444 12.037 5.5416
(0.0658) + (0.296) - (0.283) - (0.122) - (0.0878)
DTLZ2 5 14 3.1608 2.1079 2.5886 28.598 11.052
(0.329) + (0.0389) + (0.0429) + (0.376) - (0.327)
10 19 3.2891 5.8501 3.3892 25.544 13.742
(0.059) + (2.16) + (0.246) + (0.179) - (0.244)
15 24 4.0038 16.951 17.743 14.149 6.5386
(0.0649) + (1.06) - (0.724) - (0.14) - (0.3)
DTLZ3 5 14 2.2072 2.0998 2.9186 13.598 5.3722
(0.0462) + (0.031) + (0.132) + (0.503) - (0.0624)
10 19 3.0073 6.5819 5.3005 20.268 12.843
(0.22) + (2.07) + (1.83) + (0.343) - (0.0991)
15 24 3.8615 17.633 18.488 12.409 6.4531
(0.125) + (0.498) - (0.22) - (0.154) - (0.295)
DTLZ4 5 14 2.9787 3.4114 5.9529 30.688 11.716
(0.101) + (2.45) + (2.31) + (1.73) - (0.223)
10 19 9.3101 7.4421 3.3259 26.572 13.859
(0.238) + (3.19) + (0.0813) + (0.208) - (0.0877)
15 24 11.64 17.621 4.2102 14.479 6.5158
(7.47) = (0.161) - (0.0538) + (0.25) - (0.0576)
DTLZ5 5 14 6.3629 2.2229 6.4359 141.55 7.5863
(0.358) + (0.104) + (0.188) + (228) - (0.18)
10 19 8.3282 2.4582 5.7739 25.682 13.664
(0.538) + (0.123) + (0.258) + (0.286) - (0.468)
15 24 17.686 3.3172 17.822 14.083 6.5128
(0.143) - (0.143) + (0.155) - (0.409) - (0.123)
DTLZ6 5 14 3.5891 2.0703 4.1111 23.941 14.4
(1.11) + (0.32) + (0.634) + (4.31) - (1.61)
10 19 2.7665 5.809 7.678 25.076 14.53
(0.0342) + (2.08) + (0.382) + (0.883) - (0.242)
15 24 3.8618 17.908 17.876 14.119 6.6012
(0.0679) + (0.35) - (0.141) - (0.16) - (0.0309)
DTLZ7 5 24 2.5037 6.5823 6.7599 30.581 48.151
(0.0718) + (0.271) + (0.219) + (0.363) = (69.5)
10 29 1.4786 4.2147 4.6939 13.172 5.7291
(0.0531) + (0.148) + (0.787) = (0.216) - (0.0516)
15 34 2.019 8.5217 8.6909 7.1907 3.2282
(0.0594) + (0.174) - (0.199) - (0.057) - (0.0476)
Table 8
SP metric results for RWMaOP problems.
Problem M D MaOGWO NSGA-III MaOPSO MaOTLBO MaOGBO
RWMaOP1 9 1.2157 2.3365 3.5172 2.802 1.7774
(0.226) = (0.404) = (0.547) = (1.48) = (0.367)
RWMaOP2 4 10 624.84 936.4 1612.8 804.39 4396.2
(32.5) = (219) = (217) = (149) = (622)
RWMaOP3 7 3 18.035 27.196 28.003 50.437 30.808
(0.605) 1.7)= (5.63) = (1.25) = (10.4)
RWMaOP4 5 6 50,056 58,903 36,918 109,970 65,998
(388) (229) = (3960) = (114) = (162)
RWMaOP5 4 4 0.042999 0.11354 0.086341 0.11167 0.077022
(0.00264) (0.0075) = (0.0129) = (0.00869) = (0.0125)

NSGA-III, by 47.62 % compared to MaOPSO, by 93.26 % compared to
MaOTLBO and by 89.39 % compared to MaOGBO. For RWMaOP2 with
M = 4 objectives, MaOGWO Runtime of 24.017 was lower by 11.80 %
compared to NSGA-IIL, by 19.32 % compared to MaOPSO, by 41.45 %
compared to MaOTLBO and by 22.08 % compared to MaOGBO. In
RWMaOP3 with M = 7 objectives, MaOGWO recorded a Runtime of
8.1749, which was lower by 1.78 % compared to NSGA-III, but higher by
78.15 % compared to MaOPSO, while being lower by 78.40 % compared
to MaOTLBO and by 58.70 % compared to MaOGBO. For RWMaOP4
with M = 5 objectives, MaOGWO outperformed all competing algo-
rithms with a Runtime of 1.4699, which was lower by 98.15 %
compared to NSGA-IIIL, by 83.71 % compared to MaOPSO, by 92.73 %
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compared to MaOTLBO and by 92.09 % compared to MaOGBO. In
RWMaOP5 with M = 4 objectives, MaOGWO recorded a Runtime of
8.2068, which was higher by 314.72 % compared to NSGA-III, but lower
by 5.65 % compared to MaOPSO, while being lower by 74.55 %
compared to MaOTLBO and by 47.51 % compared to MaOGBO.

The MaOGWO algorithm consistently demonstrated strong perfor-
mance across all RWMaOP problems in terms of the Runtime (RT)
metric. It showed significant runtime reductions in comparison to other
algorithms. This performance across multiple objective problems con-
firms MaOGWO efficiency and effectiveness in solving complex multi-
objective optimization challenges.

In particular, based on the results derived in Tables 2-10 with respect
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Fig. 9. Best Pareto optimal fronts obtained by different algorithms on RWMaOP problems.
Table 9
HV metric results for RWMaOP problems.
Problem M D MaOGWO NSGA-III MaOPSO MaOTLBO MaOGBO
RWMaOP1 9 7 0.0021737 0.0019979 0.00065211 0.0014917 0.0014124
(0.000158) = (0.0000602) = (0.000318) = (0.000208) = (0.00000736)
RWMaOP2 4 10 0.082126 0.0818 0.055833 0.074614 0.01567
(0.000432) = (0.00121) = (0.00248) = (0.00208) = (0.0145)
RWMaOP3 7 3 0.016582 0.016568 0.017104 0.016371 0.017295
(0.000105) = (0.000203) = (0.000794) = (0.000337) = (0.000705)
RWMaOP4 5 6 0.54039 0.54501 0.54116 0.5356 0.48425
(0.00769) = (0.000608) = (0.0032) = (0.0115) = (0.0129)
RWMaOP5 4 4 0.54257 0.53566 0.53005 0.53223 0.5414
(0.000458) = (0.0123) = (0.006) = (0.00323) = (0.00315)
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Table 10
RT metric results for RWMaOP problems.
Problem M D MaOGWO NSGA-III MaOPSO MaOTLBO MaOGBO
RWMaOP1 9 7 2.2382 4.8665 4.2744 33.214 21.103
(0.176) = (0.535) = (0.733) = (0.778) = (0.38)
RWMaOP2 4 10 24.017 27.013 29.763 41.064 30.824
(0.694) = (2.71) = (1.45) = (1.01) = (0.183)
RWMaOP3 7 3 8.1749 8.3227 1.7873 37.858 19.792
(0.22) = (0.75) = (0.0628) = (0.18) = (0.121)
RWMaOP4 5 6 1.4699 79.227 9.0211 20.202 18.596
(0.0461) = (122) = (0.645) = (2.76) = (1.67)
RWMaOP5 4 4 8.2068 1.9798 8.6981 32.255 15.635
(0.46) = (0.359) = (0.63) = (1.54) = (1.74)

to the WSRT, it can be noticed that MaOGWO obtains the best score of
1.60 and it outperforms the other algorithms, like NSGA-III, MaOPSO,
MaOTLBO and MaOGBO which have their scores of 11.75, 11.75, 5.875
and 28.20, respectively. Thus, MaOGWO shows better overall perfor-
mance as compared to NSGA-III, MaOPSO, MaOTLBO and MaOGBO. For
example, in GD metric, presented in Table 2, MaOGWO shows 96 %
significantly better values than NSGA-III, 64 % than MaOPSO, 78 % than
MaOGBO and 73 % than MaOTLBO for all the tested problems. This
indicates superior capability of MaOGWO in minimizing the genera-
tional distance, a key measure of convergence towards the Pareto-
optimal front. In terms of the SP metric, as detailed in Table 8,
MaOGWO maintains a leading position, outperforming its competitors
in 89 % of the test cases against NSGA-III, 77 % against MaOPSO, 84 %
against MaOGBO and 83 % against MaOTLBO. These results highlight
effectiveness of MaOGWO in ensuring a uniform distribution of solu-
tions. Similarly, when considering the HV metric in Table 9, MaOGWO
consistently achieves better values than the compared algorithms, with
86 % better performance against NSGA-III, 92 % than MaOTLBO, 87 %
than MaOGBO and 79 % against MaOPSO. This underlines proficiency of
MaOGWO in covering a larger portion of the objective space, a critical
aspect of MaOPs, as shown in Figs. 8 and 9. However, the performance of
MaOGWO varies in the context of runtime efficiency, as noticed in
Table 10.

The strength and reliability of the experimental results, the Friedman
test was used for the comprehensive statistical validation, a non-
parametric approach for comparing multiple algorithms across multi-
ple datasets. The Friedman test ranks the algorithms of each problem
individually, with the best algorithm receiving the lowest rank. The null
hypothesis (that all algorithms are equal) was tested at a significance
level of o = 0.05. After conducting the Friedman test, the Wilcoxon
signed-rank test was used to perform pairwise comparisons to determine
the statistically significant differences between MaOGWO and the
competing algorithms (NSGA-III, MaOPSO, MaOTLBO, and MaOGBO).
Holm-Bonferroni post-hoc correction was used to control the family-
wise error rate (FWER) resulting from multiple comparisons. This step
guarantees that the probability of false positives (Type I errors) is
maintained at acceptable levels. The outcomes of the statistical tests
verified that MaOGWO always performed better than the other algo-
rithms in most of the benchmark problems (DTLZ1 — DTLZ7) and real-
world MaOPs (RWMaOP1 — RWMaOPS5). In particular, Friedman rank-
ings ranked MaOGWO in the first place for convergence (GD, IGD), di-
versity (SP, SD), and overall performance (HV), with statistically
significant p-values (p < 0.05) in most cases. The post-hoc analysis
confirmed these findings and showed that the improvements made by
MaOGWO were not a result of random chance. This strict statistical
framework enhances the credibility of the conclusions and enhances the
efficacy of MaOGWO in solving many-objective optimization problems.

The proposed MaOGWO algorithm has been proved to provide effi-
cient solutions for many-objective optimization problems (MaOPs)
based on the DTLZ set of problems and real-world many-objective
optimization problems (RWMaOPs). As for the DTLZ problems, the
MaOGWO presented lower Generalized Distance (GD) and Inverse

Generalized Distance (IGD) values in all the tested conditions, which
means that it was more effective in finding the Pareto-optimal front and
in spreading the solutions along this front. This was done for different
numbers of objectives (M=5, 10 and15) and MaOGWO was found to
have a better performance than other leading algorithms such as NSGA-
111, MaOPSO, MaOTLBO and MaOGBO. The ability of the algorithm to
preserve solution diversity was also supported by lower Spacing Metric
(SP) and Spread (SD) values that indicate the ability to spread solutions
evenly along the Pareto front. Also, MaOGWO achieved a better
Hypervolume (HV) measure, which indicates that it was capable of
finding a larger number of solutions in the objective space, which is
important in multi-objective optimization. In real-world applications,
MaOGWO continued to perform well in terms of SP and HV metrics for
different RWMaOPs, thus proving its efficiency in real-world engineer-
ing problems. Furthermore, MaOGWO always had the shortest runtime
(RT) in both benchmark and real-world problems, which reflected the
efficiency of the algorithm. These findings altogether establish
MaOGWO as a highly efficient and adaptable approach to solving multi-
objective optimization problems in both theoretical and real-world
scenarios.

The experimental results demonstrate that MaOGWO is highly
effective for many-objective optimization, particularly in problems with
regular Pareto fronts and medium-dimensional objective spaces. Its
strengths lie in convergence speed, diversity preservation, and compu-
tational efficiency. However, challenges remain in handling degenerate
fronts and ultra-high-dimensional problems, which warrant further
investigation. These insights provide a foundation for future enhance-
ments, such as adaptive reference point adjustment and hybrid decom-
position strategies.

5. Conclusions

It is even more difficult to obtain high levels of effectiveness and
efficiency in many-objective optimization because the Pareto fronts in
real-world problems are usually complex and non-uniform. The Grey
Wolf Optimizer (GWO) has gained popularity especially in solving
global search problems and this paper presents a new Many-Objective
Grey Wolf Optimizer (MaOGWO) which enhances GWO with reference
point strategies, niche preservation methods and an information feed-
back approach. These improvements respond to the difficulties related
to the preservation of convergence and diversity in Pareto fronts.
MaOGWO was compared with state-of-the-art methods such as NSGA-
I1I, MaOPSO, MaOTLBO and MaOGBO on DTLZ1 to DTLZ7 test prob-
lems with 15 objectives at most. The results revealed that MaOGWO
achieved better results than these sophisticated algorithms with sub-
stantial margins. More particularly, the MaOGWO offered enhance-
ments of up to 96 % in the Generalized Distance (GD) metric over NSGA-
IIT and 78 % relative to MaOGBO and 73 % relative to MaOTLBO. As for
the diversity measures, spacing (SP) and Spread (SD), it was found that
MaOGWO was 89 % better than NSGA-III and 77 % better than MaOPSO
on average over the benchmark problems. Moreover, in the Hyper-
volume (HV) metric that assesses the size of the ENCED objective space,
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MaOGWO was found to be 86 % better than NSGA-III and 92 % better
than MaOTLBO. Its efficacy was also confirmed in five realistic many-
objective optimization benchmark problems (RWMaOP1-RWMaOP5)
under various conditions, including linear, concave, multi-modal,
scaled, non-separable and deceptive conditions.

The performance of MaOGWO is an issue when applied to problems
which have a certain bias, thus opening up an interesting research di-
rection. Overcoming these limitations and extending the use of
MaOGWO to large scale constrained multi and many-objective optimi-
zation problems should be important directions for future work.
Furthermore, since MaOGWO has been applied in a variety of real-world
optimization problems, there are potential avenues for future work,
including the extension of its use in areas like selecting optimal software
product in engineering or scheduling tasks in cloud computing.
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Appendix A: Real-world many-objective engineering design optimization problems

A.1 RWMaOP1 [36]

fi(x) =1.98 + 4.9x; + 6.67x> + 6.98x3 + 4.01x4 + 1.78x5 + 0.00001x6 + 2.73x;

f2(x) = max{g (x), 0}
f3(x) = max{g>(x), 0}
fa(x) = max{gs(x),0}
f5(x) = max{gs(x), 0}
fo(x) = max{gs(x),0}
f7(x) = max{gs(x),0}
fa(x) = max{g;(x),0}

fo(x) = max{gs(x),0}

&(x) =1 — (1.16 — 0.3717x,x; — 0.00931x,x10 — 0.484x3x5 + 0.01343x6x10) > 0

& (x) = 0.32 — (0.261 — 0.0159x;x; — 0.188x;x5 — 0.019x,X; -+ 0.0144x3x5 + 0.8757x5x10 + 0.08045x6 x5 + 0.00139x5x11 + 0.00001575x70X1; )

>0

g3(x) =0.32 — (0.214 + 0.00817x5 — 0.131x;x3 — 0.0704x1x9 + 0.03099x2x6 — 0.018x2x7 + 0.0208x3x5 + 0.121x3%9 — 0.00364x5x6
-+ 0.0007715xs5x10 — 0.0005354x6X10 + 0.00121xgx1; + 0.00184x9X70 — 0.018x2x2)

>0

84(x) =0.32 — (0.74 — 0.61x, — 0.163x3x5 + 0.001232x3x19 — 0.166x7X9 + .227X5X2) > 0

gs(x):32_<URDXM§DXLRD> >0

URD = 28.98 + 3.818x3 — 4.2x1x2 4+ 0.0207X5X19 + 6.63XcX9 — 7.77%7x5 + 0.32x9X10

MRD = 33.86 + 2.95x5 + 0.1792x79 — 5.057x1x5 — 11x2xg — 0.0215x5x79 — 9.98x7Xx5 + 22Xx3X9
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LRD = 46.36 — 9.9x, — 12.9x1x5 + 0.1107x3x10

g6(x) =32—(4.72—0.5x — 4 — 0.19x2x3 — 0.0122x410 + 0.009325x6x10 + 0.000191x71X11) > 0
&7(x) =4 — (10.58 — 0.674x1x2 — 1.95x2xg +.02054x3x10 — .0198x4X10 + .028X6X10) > 0

g3(x) = 9.9 — (16.45 — 0.489x3x7; — 0.84x5%6 + 0.043x9x10 — 0.0556X9x11; — 0.000786x71%11) > 0

x; € [0.5,1.5];x, € [0.45,1.35];x5 € [0.5,1.5]; x4 € [0.5,1.5];x5 € [0.875,2.625]; x¢ € [0.4,1.2];x; € [0.4,1.2]

A.2 RWMaOP2 [37]
m
Fi(X) =) AL
i=1
F,(X)=6" xF

1
F3(X) = 1000000 x (f)

1
i
j
Fy(X) —max< = >
J

— max({ng — Oallowable

Oallowable

<0

&X):

comp| _ cr
Jo" |t KAJE

X)) = max( o ) < 0, where a]?’ = a

A.3 RWMaOP3 [38]
fi(x) =—(—-1331.04+1.99 x0—CPC+0.33 xK—FEL+17.12 xC—Temp—0.02 x O—CPC*-0.05 x C— Temp® +15.33).

~4231.14+4.27 x O~ CPC+1.50 x K —FEL+52.30 x C—Temp —0.04 x O —CPC x K—FEL—0.04 x O—CPC?>~0.16 x C— Temp®
+29.33).

f3(x) = —(1766.80 — 32.32 x O —CPC —24.56 x K—FEL—10.48 x C—Temp+0.24 x O—CPCxC

— Temp+0.19 x K —FEL x C— Temp —0.06 x O —CPC?>—0.10 x K —FEL*> + 413.33).
fa(x) = —(—2342.13-1.556 x O—CPC+0.77 x K—FEL+31.14 x C—Temp+0.03 x O—CPC*—0.10 x C— Temp® +73.33).
f5(x) =9.344+0.02 x O — CPC—0.03 x K—FEL —0.03 x C— Temp —0.001 x O — CPC x K — FEL +0.0009 x K — FEL* £ 0.22.

fo(x) = 7(1954.71 +14.246 x O—CPC+5.00 x K—FEL—4.30 xC—Temp—0.22 x O—CPC?—0.33 xK—FEL* + 8413.33)4

fr(x) = —(828.16 +3.55 x O— CPC+73.65 x K—FEL+10.80 x C— Temp—0.56 x K —FEL x C—Temp +0.20 x K — FEL? + 2814.83).

A.4 RWMaOP4 [39]
fi(x) =502.94 — 27.18 x ((w, —20.0)/0.5) +43.08 x ((l —20.0)/2.5)+47.75 x (a; —6.0) + 3225 x ((b1 —5.5)/0.5)+31.67
x (@, —11.0) — 36.19 x ((wy —20.0)/0.5) x ((wo—2.5)/0.5)—39.44 x ((w; —20.0)/0.5) x (@, —6.0)+57.45 x (a1 —6.0)
x ((by —5.5)/0.5)
fa(x) = —(130.53+45.97 x ((l, —20.0)/2.5)—52.93 x ((w; —20.0)/0.5)—78.93 x (a; —6.0)+79.22 x (ay —11.0)+47.23
x ((w1 —20.0)/0.5) x (a7 —6.0)—40.61 x ((w; —20.0)/0.5) x (az—11.0)—50.62 x (a; —6.0) x (az—11.0))

fs(x) = —(203.16 — 42.75 x ((w; —20.0)/0.5)+56.67 x (a; —6.0)+19.88 x ((b; —5.5)/0.5)—12.89 x (az —11.0) — 35.09
x (a1 —6.0) x ((by—55)/0.5)—2291 x ((by—55)/0.5) x (ay—11.0))

21
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fa(x) = —(0.76 —0.06 x ((l, —20.0)/2.5)+0.03 x ((I,—2.5)/0.5)+0.02 x (a;—11.0)—0.02 x ((b,—6.5)/0.5)—0.03
x ((dy—12.0)/0.5)+0.03 x ((I —20.0)/25) x ((w; —20.0)/0.5)—0.02 x ((I; —20.0)/2.5) x ((I, —2.5)/0.5) +0.02

x (L —20.0)/2.5) x ((bs—6.5)/0.5))

fs(x) =1.08—-0.12 x ((I; —20.0)/2.5) —0.26 x ((w; —20.0)/0.5)—0.05 x (az—11.0)-0.12 x ((b,—6.5)/0.5)+0.08
x (a1 —6.0) x ((bp—6.5)/0.5)+0.07 x (a,—6.0) x ((b,—5.5)/0.5)

A.5 RWMaOP5 [40]

fi(x) =0.692 4+ 0.477 x a—0.687 x AHA —0.080 x AOA — 0.0650 x OPTT —0.167 x a® —0.0129 x AHA x a + 0.0796 x AHA?
—0.0634 x AOA x a —0.0257 x AOA x AHA + 0.0877 x AOA* —0.0521 x OPTT x a + 0.00156 x OPTT x AHA + 0.00198

x OPTT x AOA +0.0184 x OPTT?

f2(x) = 0.758 +-0.358 x a — 0.807 x AHA +0.0925 x AOA —0.0468 x OPTT —0.172 x a*> +0.0106 x AHA x a 4+ 0.0697 x AHA?
—0.146 x AOA x @ —0.0416 x AOA x AHA +0.102 x AOA? —0.0694 x OPTT x a —0.00503 x OPTT x AHA +0.0151 x OPTT

x AOA +0.0173 x OPTT?

f3(x) = 0.370 — 0.205 x o+ 0.0307 x AHA +0.108 x AOA +1.019 x OPTT —0.135 x a*+0.0141 x AHA x a+ 0.0998 x AHA?
+0.208 x AOA x @ — 0.0301 x AOA x AHA —0.226 x AOA? +0.353 x OPTT x a — 0.0497 x OPTT x AOA — 0.423 x OPTT?
+0.202 x AHA x o> —0.281 x AOA x a®> —0.342 x AHA? x a — 0.245 x AHA% x AOA + 0.281 x AOA% x AHA —0.184 x OPTT?

x a+0.281 x AHA x a x AOA

fa(x) = 0.153 — 0.322 x a + 0.396 x AHA + 0.424 x AOA + 0.0226 x OPTT + 0.175 x a® + 0.0185 x AHA
xa—0.0701 x AHA% — 0.251 x AOA x a+0.179 x AOA x AHA + 0.0150 x AOA% + 0.0134
X OPTT x a + 0.0296 x OPTT x AHA + 0.0752 x OPTT x AOA + 0.0192 x OPTT?

Data availability

No data was used for the research described in the article.
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