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Abstract 
Multi-objective optimization remains a significant and realistic problem in en-
gineering. A trade-off among conflicting objectives subject to equality and in-
equality constraints is known as the Pareto Front. The size problem is com-
mon to multi-objective optimization. Recently, several multi-objective opti-
mization techniques have been developed; each technique has its own and dif-
ferent characteristics rather than others. This involves search techniques, se-
lection methods, preferences made by the decision makers, an optimization 
framework, fitness evaluation, mutation or crossover methods, the nature of 
the problem and constraints, and the degree of complexity. Moreover, classi-
fication of problems into static and dynamic further attempts to balance some 
criteria such as diversity, coverage, and convergence. This paper provides an 
elaboration on all multi-objective optimization techniques, and shows the 
drawbacks addressed in the literature, which will help researchers’ under-
standing of the various formulations in the field. 
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1. Introduction 

Multi-objective optimization results in a tradeoff between local and global optimal 
solutions, influenced by numerous attractors within the solution space. This com-
plexity complicates the task for optimization algorithms [1], particularly in sce-
narios where the importance of objectives varies among decision makers. In 
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multi-objective optimization, multiple conflicting goals make it impossible to 
identify a single best solution without knowing the decision makers’ preferences, 
as all trade-off solutions are equally optimal and important [2] [3]. 

In optimization problems, decision-makers usually assign preferences to reflect 
the importance of different objectives using various techniques (a priori, a poste-
riori, interactive, or no-preference). However, in multi-criteria optimization in-
volving qualitative aspects like aesthetics—where preferences are unclear—result-
ing trade-off solutions may seem unsatisfactory and hinder creativity or design 
distinctiveness [4]. In scenarios where some objectives are more important than 
others, prioritizing these objectives is essential. Lexicographic Goal Programming 
is a common method used to solve such problems by addressing goals in order of 
their importance. 

It ranks the importance of objectives using strategic planning by breaking down 
objectives into several levels of proactive priorities [5]. Hence, optimization for-
mulations can be categorized into three different categories: no preferences, pref-
erence-based (weighing methods), and Prioritization, which utilizes a prioritizing 
strategy to assign full relative priority to the higher-level ranked objective; after-
wards the next rank’s objective, The goal of the multi-decision-maker needs pri-
oritizing problem is to determine the optimal ranking that considers the ratings 
of each decision-maker separately. Decision-makers must first determine alterna-
tive global rankings based on their opinions and then choose the final ranking 
using a contextual and strategic data-driven process [6]. 

It is thought that an optimization method may be appropriate for one problem 
but not for another; in other words, the ability of an optimization method to solve 
an optimization problem and generate high-quality tradeoff solutions depends on 
a variety of factors, including search strategy, decision-maker preferences, opti-
mizer framework, selection process, fitness estimation method, degree of com-
plexity, and the point or phase at which a human interacts to enter his preferences 
[3], in the following sections classification of Multi objective optimization meth-
ods will be classified with respect to the aforementioned aspects. 

2. Multi-Objective Search Techniques for Optimization 

Figure 1 demonstrates the three main categories into which optimization search 
methods can be generally separated: classical, meta-heuristic, and enumerative. 
The two primary types of classical algorithms are gradient-based and direct search, 
which are both known for being accurate methods that guarantee the best possible 
result. These serve as the cornerstone for the creation of meta-heuristic methods. 
However, these techniques have a limited scope in practical applications [7]-[9]. 
Enumerative searches are deterministic, but they are distinguished here because 
they don’t use heuristics. It is the simplest one; it systematically explores the entire 
solution space. They take into account every potential answer within a predeter-
mined search space. In which the solution is evaluated, however, it is easily seen 
that this technique is inefficient or even infeasible as search spaces become large 
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and it takes a longer time for large problems [7] [8]. 
 

 
Figure 1. Multi-objective optimization search techniques. 

 
Meta-heuristic methods are best for dealing with real-world problems in several 

fields; it can serve in engineering, management, politics, and others, and can be 
applied for discontinuous, large-dimensional, multi-modal problems and can 
even be used to solve black box optimization problems without understanding the 
problem physics. An obvious drawback beck that it is unable to provide an exact 
result. It can be categorized into probabilistic or stochastic and deterministic-
based approaches. Metaheuristic stochastic algorithms use the Monte Carlo method 
or random number generation for initialization, creating uniform pseudo-ran-
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dom sequences based on the uniform probability distribution [10]. Deterministic 
meta heuristics address optimization problems by applying preset judgments, 
guaranteeing that the result stays constant [9]. Deterministic meta-heuristic-based 
search is simple and comprehensible, while the stochastic approach is complex 
and incomprehensible [11]. 

Greedy, Hill climbing, Bound and Branch search technique, Branch & Bounds 
[7]; depth-first search [12] [13], breadth-first search [13], Best-first search [12], 
and calculus-based search technique [13] are well-known techniques under the 
Deterministic-based Meta Heuristic family. These methods vary in their approach 
and suitability depending on the problem at hand, whether it involves searching 
through discrete states (DFS, BFS, Best-First) or optimizing continuous functions 
(Calculus-Based). Every technique has advantages, and the selection of a particu-
lar strategy is dependent on the specific needs and features of the optimization 
problem [14]. 

The hill-climbing approach, widely used among human problem solvers, fo-
cuses on local optimization. It derives its name from climbers aiming to reach the 
mountain peak swiftly by choosing the steepest ascent path from their current 
location. Similarly, when adjusting the knobs of a television to achieve a better 
image, each knob is turned sequentially, maximizing progress toward the desired 
quality before moving to the next. This method hinges on continuously evaluating 
image quality relative to a benchmark and making incremental improvements 
based on local data, ensuring gradual enhancements in the most promising direc-
tion [14].  

Hill-climbing is popular due to its low computational cost; it doesn’t require 
remembering past steps. It works by always choosing the most promising local 
option. However, this simplicity has downsides: it can get stuck at local maxima, 
follow misleading paths, or revisit fewer promising options. Since it doesn’t back-
track, it’s called an irrevocable method. Hill-climbing performs better when the 
evaluation function is accurate and when operators are commutative, meaning 
their order doesn’t affect outcomes, ensuring the solution can still be reached, 
even if delayed. This makes it useful for problems like the least spanning tree, 
though designing the right operators can be challenging [14]. 

Branch and Bound is a systematic search technique for solving optimization 
problems by partitioning the solution space and pruning regions that cannot yield 
better solutions than the best one found so far. It is used when either exhaustive 
search is too expensive or greedy/local methods are not able to discover the global 
optimum [14]. 

Branching the problem and dividing it into smaller subproblems (branches), 
and bounding for each subproblem, a bound (the best possible solution in that 
branch) is computed. If this bound is worse than the best-known solution, we can 
prune (discard) that branch. Pruning discards subproblems that can’t result in a 
better solution. Search Tree: Problems are represented as nodes in a tree. The root 
node is the original problem; children are subproblems [14]. 
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Depth-First Search (DFS) investigates each branch as far as feasible before back-
tracking. Commonly used in graph traversal problems to explore as deeply as 
much as feasible along each path before backtracking. It is advanced in memory 
efficiency as it explores deeply, suitable for problems with a large state space [14]. 

Breadth-First Search (BFS) explores all neighbor nodes at the present depth 
level before moving on to nodes at the next depth level. Effective for finding the 
graph’s unweighted shortest path, or when all paths need to be explored system-
atically. It is advanced in Guarantees the quickest route in terms of number of 
edges [14]. 

Best-First Search chooses the node with the most promise according to some 
heuristic, typically the estimated distance from the goal. Widely used in informed 
search algorithms like A*, where the heuristic guides the search towards the goal 
efficiently. Advances in efficiency in finding a solution quickly based on the Cal-
culus-Based Optimization, which uses mathematical calculus (derivatives, gradi-
ents) to optimize continuous functions. Applied in a number of fields, such as 
engineering, economics, and physics, to find optimal solutions to problems de-
scribed by mathematical functions. Provides exact solutions when the objective 
and constraint functions are differentiable, allowing for precise optimization in 
continuous domains [14]. 

Stochastic search is divided into two categories: population-based methods and 
single-solution methods. In the single solution the work only to modify a single so-
lution, until reaching a defined criterion [15]. In contrast, population-based methods 
alter and modify a set of solutions during optimization. However, throughout the 
process of optimization, a collection of solutions is altered and transformed using 
population-based strategies [16]. Local search, Tabu search, etc., are some exam-
ples of stochastic single-solution-based methods [17]. 

One of the significant issues that faces the meta heuristic optimizers in stochastic 
search is highly sensitive to the initial population’s characteristics. Population-
based metaheuristic algorithms have different capacities to arrive at a global opti-
mum when the initialization method is altered [15]. In this search technique, it is 
possible for the same starting solutions to lead to various final answers when using 
probabilistic approaches since they employ random rules throughout search. In a 
short length of time, these strategies produce solutions of excellent quality [16]. 

Single-objective-based techniques can only produce the best results for one com-
peting objective at a time and have a single objective function and a unique optimal 
solution. Multi-objective methods deal simultaneously with several objectives and 
offer Pareto-optimal solutions [15] [18]. Evolutionary and swarm-based ap-
proaches, mathematical programming, and hybrid algorithms are the four primary 
groups into which multi-objective techniques fall. Hybrid algorithms combine the 
concepts of swarm and evolutionary algorithms or others [15]. The integration of 
different methods allows the algorithm to improve each component and mitigate 
its weaknesses. Here are a few ways in which multi-objective algorithms can be 
hybridized [19] [20]: 
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- Integrating Local Search with Evolutionary Algorithms: Multi-objective algo-
rithms like the Strength Pareto Evolutionary Algorithm 2 (SPEA2) and the 
Non-dominated Sorting Genetic Algorithm II (NSGA-II) can be enhanced by 
incorporating local search techniques. Local search refines solutions in the vi-
cinity of the current population, improving both the convergence to the Pareto 
front and the diversity of the solutions. 

- Hybrid algorithms can incorporate machine learning methods to enhance deci-
sion-making and guide the search process. For instance, reinforcement learning 
or surrogate modeling can predict the performance of candidate solutions, ena-
bling us to concentrate on the most promising regions inside the search space. 

- Integrating Swarm Intelligence with Evolutionary Algorithms: Combining 
multi-objective algorithms with swarm intelligence methods, such as Particle 
Swarm Optimization (PSO), results in hybrid approaches like Multi-Objective 
Particle Swarm Optimization (MOPSO). This integration enhances the effi-
cient exploration of the area under search. 

- Hybrid Algorithms: These approaches combine evolutionary algorithms with 
mathematical programming methods, such as linear or integer programming, 
to enhance their ability to address specific constraints or objectives effectively. 

Evolutionary algorithms are techniques inspired by the principles of natural evo-
lution. They allow for the generation of a group of trade-off solutions in a single 
run while requiring significantly less computational power to identify these solu-
tions [15]. Convergence, variety or diversity, and coverage are the fundamental 
objectives [19]. Evolutionary algorithms are distinguished in three main catego-
ries: decomposition-based, indicator-based, and dominance-based [21]. The Pa-
reto dominance principle is used to determine the fitness of solutions in domi-
nance-based algorithms. 

The Normal Boundary Intersection (NBI) is a well-known example of a poste-
riori technique based on mathematical programming [22], Modified Normal Bound-
ary Intersection (NBIm) [23], Normal Constraint (NC) [24], and Successive Pa-
reto Optimization (SPO) [25]. And Directed Search Domain (DSD) [26], which 
builds many scalarizations to tackle the multi-objective optimization issue. A Pa-
reto optimum solution, either locally or globally, is produced by the answer to each 
scalarization. In Figure 4, the NBI, NBIm, NC, and DSD scalarizations are de-
signed to produce uniformly distributed Pareto points that provide a decent ap-
proximation of the actual Pareto point set. 

Swarm-based techniques leverage the intelligent behavior of self-organizing and 
decentralized systems inspired by biological phenomena. These algorithms are 
well-suited for solving both single-objective and multi-objective optimization prob-
lems. One of the most renowned swarm-based approaches for multi-objective opti-
mization is Multi-Objective Particle Swarm Optimization (MOPSO) [27], Multi-
Objective Ant Colony Optimization (MOACO) [28], and Multi-Objective Marine 
Predator Algorithm (MMPOA) [29]. Multi-objective Whale Optimization Algo-
rithm (WOA) [30], and Multi-objective Spotted Hyena Optimization (MOSHO) 
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[31]. These techniques successfully minimize the objective function without be-
coming trapped in local minima (Figure 2). 

 

 
Figure 2. Swarm-based optimization algorithms. 

 
Swarm-based approaches rely on influencing individual behavior by local or 

global individuals on others, similar to the crossover operator in evolutionary al-
gorithms. They incorporate potential solutions traveling via hyperspace, allowing 
individuals to benefit from past experiences. One of the most significant accom-
plishments of PSO is its effectiveness in solving both discrete binary and contin-
uous nonlinear optimization problems [32]. 

Through interactions at the local level, the self-organizing characteristic of a 
swarm system facilitates the evolution of solutions at the global level. 

3. Classification of Multi-Objective Optimization Based on  
Preferences  

There are three main approaches to optimization with multiple objectives, de-
pending on when the decision maker interacts at which provides additional pref-
erence information [4] [10] [11] [33] [34]. 
- A priori method requires the decision-maker to provide additional preferences, 

such as objective weights, before the optimization process begins. In other words, 
preference information must be incorporated into the mathematical program-
ming problem prior to initiating the solution search [10]. 

- The posteriori method involves the user expressing their preferences after gain-
ing an understanding of the trade-offs among non-dominated alternatives. 
These approaches can be generally divided into two categories: those that em-
ploy mathematical programming techniques and those based on Evolutionary 
Multi-objective Optimization (EMO) algorithms. In these methods, the deci-
sion-maker evaluates all or a subset of the Pareto optimal options and selects 
what they consider to be the best or most suitable solution [4] [10] [34]. 
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- In interactive approaches, the decision-maker provides preferences during 
each iteration, gradually guiding the process toward the final solution. The ex-
ecution of this approach involves refining objective functions and constraints 
by incorporating user feedback on preferences at different stages of the process 
[4] [10] [34]. 

In addition to the three previously mentioned approaches, multi-objective op-
timization (MOO) can also produce solutions that do not rely on preference-based 
trade-offs. However, such solutions are less suitable for multi-criteria optimiza-
tion, which often considers qualitative factors like aesthetics. This limitation can 
hinder one of the most vital aspects of design: originality [34]. Examples of non-
preference-based methods include Gradient Descent, a commonly used optimiza-
tion technique, as well as Simulated Annealing, Particle Swarm Optimization (PSO), 
Ant Colony Optimization (ACO), and Random Search. Random Search, which in-
volves sampling points randomly from the solution space and evaluating their 
performance, can be surprisingly effective for certain optimization issues, partic-
ularly when the solution space is poorly understood. 

3.1. Priori Preference-Based Multi-Objective Optimization  
Procedure 

Classical single or multi-objective optimization techniques are frequently used to 
support the priori approach, while the posteriori method necessitates intriguing 
alterations to theorems and optimization algorithms. In real-world applications, 
interactive methods are quite fascinating, although they usually rely on computa-
tional techniques employed in a priori and a posteriori approach and combine 
them with intermediate phases of preference elicitation [34]. Figure 3 shows the 
numerous kinds of multi-objective optimization methods based on the role of hu-
mans in the optimization process [34]. 

As illustrated in Figure 4, the NBI, NBIm, NC, and DSD scalarization methods 
are formulated to generate uniformly distributed Pareto points, offering a reason-
able approximation of the true Pareto front. 

 

 
Figure 3. Grouping multi-objective optimization techniques according on how humans are involved in the optimization process. 
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Figure 4 gives examples of optimization methods under each search classifica-
tion; the most well-known a priori approaches are the utility function method, the 
lexicographic method, and goal programming, and others [33]. 

Figure 5 illustrates schematically the priori approach, which begins with the 
selection of preference vector w using higher-level information. The composite 
function is then created using the preference vector, and a single-objective opti-
mization method is applied to optimize it in order to get a single solution. The 
method is applicable to find several trade-off solutions by using an alternative 
preference vector and repeating the steps [33]. 

 

 
Figure 4. Goal-oriented multi-objective optimization methods and algorithms classification. 

 

 
Figure 5. Schematic of a priori preference-based multi-objective optimization procedure 
(Classical MOO Procedure). 
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Tradeoff results/solutions obtained by the preference-based procedure is very 
sensitive to the relative preference vector used in forming the composite function. 
Aside from the problem, it is obvious that determining a relative preference vector 
is highly subjective and challenging [33]. 

Classical optimization mostly works according to the priori preference-based 
approach. Starting with the weighted sum approach, the ε-constraint method, 
Tchebycheff methods [9], value function methods and goal programming meth-
ods and other methods will be presented below [33]. 

As described above, since the classical procedure requires higher preference in-
formation before starting the optimizer, it could be categorized as a priori multi-
objective optimization [34]. The Weighted Sum Method is one of the priori ap-
proaches examples; it combines multiple objectives into a single objective function 
by assigning a user-defined weight to each one and multiplying accordingly. This 
approach is the simplest and most widely used traditional technique. It’s the most 
intuitive method for addressing multiple objectives, as it involves minimizing a 
weighted total. For example, if the goals are to lower production costs and reduce 
material waste during manufacturing, this method naturally balances the trade-
offs between the two [33]. 

The vector of objectives function must be normalized in order to solve the issue 
of varying order of magnitude for distinct objective functions before being trans-
formed into a single weighted objective function. 

This strategy can be outlined as follows: 

Minimize ( ) ( )
1

M

m m
m

f x w f x
=

= ∑  

Subject to ( ) 0, 1,2, ,ig x j J≥ =   

( ) 0, 1,2, ,kh x k K= =   
( ) ( )         , 1, 2, ,L U

i i ix x x i n≤ ≤ = ……   
Weighted Metric Methods integrates numerous objectives into a single objec-

tive can be used instead of a weighted sum of the objectives. Weighted metrics, 
such as pl  and l∞  distance measurements, are frequently employed for this 
purpose. The weighted  l∞ distance measure of any solution x  from the ideal 
solution z* can be minimized for non-negative weights as follows: 

( ) ( )
1*

1
,

M p

p m m m
m

l x w f x z
=

= −∑  

Subject to ( ) 0, 1,2, ,ig x i J≥ =    
( ) 0, 1,2, ,kh x k K= =   

( ) ( )         , 1, 2, ,L U
i i ix x x i n≤ ≤ =   

Figure 6 shows that, when p = 1, the resultant problem corresponds to the 
weighted sum technique. When p = 2, the weighted Euclidean distance from the 
ideal point of any point in the objective space is reduced [33]. 

Generally, when using higher value of p , the goal is to reduce the largest de-
viation ( ) *   m mf x z− , this is called weighted Tchebycheff metric [3] [9]. 

Minimize ( ) ( ) *
1

1
max ,

M
M
m m m m

m
l x w f x z∞ =

=

= −∑  
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Subject to ( ) 0, 1,2, ,ig x i J≥ =    
( ) 0, 1,2, ,kh x k K= =   

( ) ( )         1, 2,, ,L U
i i ix x x i n≤ ≤ =   

The figures below for p = 1, p = 2, p = ∞  
 

 
Figure 6. Effect of p parameter on Pareto frontier. 

 
It is not possible to find every optimal solution when p = 1, p = 2, where all 

optimum solutions can be found if we apply the weighted Tchebycheff metric, 
which should satisfy the following theorem [33]. 

Theorem 3 Let x* be a Pareto-optimal solution. Then the weighted Tchebycheff 
problem can be solved by x’ if there is a positive weighting vector shown in the 
above equation, where the reference point is the utopian objective vector z**. 

It’s also critical to keep in mind that, as p increases, the problem can no longer 
be differentiated, which means that many gradient-based approaches cannot be 
used to identify the minimum solution to the single-objective optimization prob-
lem [3]. 

Normalizing the objective functions is essential when using this method since 
different objectives may require values with different orders of magnitude, and 
understanding the lowest and maximum function values for every target is the 
main challenge faced using this method. Additionally, the real solution z* is 
needed for this strategy to work. Consequently, prior to optimizing the pl  met-
ric, each of the M objectives must be improved independently [3]. 

ε Constraint Method is shown in Figure 7. It may address the non-convex ob-
jective space; this is a limitation of the weighted approach. To address this, Haimes 
et al. (1971) suggested reformulating the MOOP by retaining a single objective 
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while constraining the others to user-defined values. The revised problem is ex-
pressed as follows [3] 

Minimize ( ) ,f xµ  
Subject to ( ) , 1, 2, ,  and m mf x m M m µ≤ = ≠  

( ) 0, 1,2, ,ig x i J≥ =    
( ) 0, 1,2, ,kh x k K= =   

( ) ( )           1, 2 ,, ,L U
i i ix x x i n≤ ≤ =   

 

 
Figure 7. The ε-constraint method. 

 

 
Figure 8. The proposed correlated weighted metric method with p = 2. 

 
The parameter m  represents an upper bound of the value of ( )mf x  and need 

not necessarily mean a small value close to zero. In this method, one objective is 
treated as objective function, and the others as constraints ( ) , if c

m m mf x ≤ =    
divides the objective space into two different parts, 1

cf >  , and 1
cf ≤  . 

The resulting problem expressed in the preceding equation has a feasible solu-
tion that is located in the left section of the objective space. Finding a solution that 
reduces this viable zone is now the challenge of the resulting problem [3]. 
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The obvious minimum solution is “C”. Using the ε-constraint method, inter-
mediate Pareto-optimal solutions to nonconvex objective space problems can be 
obtained. 

The following theorem proves the ε-Constraint Method’s utility in dealing with 
either convex or non-convex problems. 

Theorem 3 The unique solution of the ε-constraint problem stated in equation 
is Pareto-optimal for any given upper bound vector ( )1 1 1, , ,

T
Mµ µ− +∈= ∈ ∈ ∈ ∈ . 

Kuhn-Tucker optimality conditions (Deb, 1995) and by using a Lagrange mul-
tiplier for 1µ  the constraint. 

Using different M∈  values, different Pareto-optimal solutions can be found. 
The same strategy can be applied to issues with convex or nonconvex objective 
spaces. 

One obstacle lies in using ε-Constraint Method when choosing M∈  not be-
tween the minimum and maximum function value, thus no feasible solutions will 
be obtained [3]. 

Rotated Weighted Metric Method. Alternatively, as shown in Figure 8, the 

pl  metric can be applied with an arbitrary rotation from the ideal point, as op-
posed to applying it directly as indicated in the weighted metric method. Let us 
consider the following relationship between the rotated objective reference axes f 
and the original objective axes f [3]. 

f Rf=  

where R is the rotation matrix of size M × M, thus, the modified pl  metric be-
comes  

  ( )
1

*

1
    

pM p

p m m m
m

l w f x z
=

−
 

=  
 
∑  

By using p = 2, then 

( )( ) ( )( )*
 

1
*

 

T p

f x z C f x z 
  

− − ,  

where,  

1 0
 

0 2

Tcos sin w cos sin
C

sin cos w sin cos
α α α α
α α α α

     
=      − −     

 

Different w  and α  will give different solutions, where w takes the value 
from 0 to 1, and the angle α from 0 to 90 degrees. 

Adapting the Optimal Solution Dynamically 
The problem faced pl  metric is when p is smaller, it will be challenging to lo-

cate some optimum solutions, this difficulty can be overcome also, by update of 
point *

 z  for every time that a Pareto-optimal solution is found, by this way Ip 
distance comes closer to Pareto optimal front, and the solutions that aren’t cov-
ered before will be easier to be obtained [3]. 

As shown in Figure 9, with each Pareto-optimal solution discovered thus far, 
all potential combinations of solutions can be created to produce new candidate 
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ideal solutions. Following that, a candidate solution that does not dominate any 
of the other alternatives can be chosen as the new z*, Figure 9 showing that by 
moving z* closer to Pareto front, more Pareto optimal solutions can be found 

 

 
Figure 9. Effect of z* location on number of optimum Pareto solutions. 

 

 
Figure 10. Benson’s method. 

 

Benson’s Method is most similar to weighted metric approach, except that the 
reference solution is assumed to be a viable non-Pareto-optimal solution. The 
working principle is shown in Figure 10; it depends on a solution 0z  which is gen-
erated randomly from the feasible region. Afterwards, the non-negative difference 
( ( )n

mz f x− ) of each objective is then evaluated, and their sum is maximized [3]; 

maximize ( )( )( )0

1
max 0, ,

M

m m
m

z f x
=

−∑  

Subject to ( ) 0 , 1, 2, ,m mf x z m M≤ =   
( ) 0, 1,2, ,ig x i J≥ =    
( ) 0, 1,2, ,kh x k K= =   

( ) ( )         1, 2,, ,L u
i i ix x x i n≤ ≤ =   
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Maximizing the above objective involves identifying a hypercube with the larg-
est perimeter. The optimal solution to this problem lies on the Pareto-optimal 
front, as the Pareto-optimal region is located at the limit of what a practical search 
space is [3]. 

The method, while superior to the weighted metric, has limitations such as ad-
ditional constraints to limit the search to the region dominated by the chosen so-
lution 0z  and a non-differentiable objective function, making gradient-based 
methods challenging to address. Although Ehrgott (2000) modified the formula-
tion for differentiable objective functions also presents equality requirements. 

Value Function Method (Utility Function) depends on utilizing the interac-
tion of function value with the others, it allows for interactions between different 
objectives, where ( ) ( ) ( ) ( )( )1 , 2 , mf x f f f x=  . When comparing solutions i  
and j , if the utility function ( )iU f  > ( )iU f solution i  is selected over solu-
tion j . According to Rosenthal (1985), the value function must be significantly 
decreasing before being employed in multi-objective optimization. This indicates 
that if one of the objective function values is decreased while the other objective 
function values remain constant, the preference for a solution must grow. As a 
result, Miettinen (1999) established the following theorem: 

Theorem 4 
Let the value function U: MR R→  be strongly decreasing. Let U attain its 

maximum at *f . Then, *f  is Pareto-optimal. 
For the contours shown in Figure 11, solution A is the best fit, as its value func-

tion contour is tangential to the Pareto-optimal front. It’s necessary to remember 
that this approach can only identify one answer at once. By adjusting the value 
function’s parameters, several Pareto-optimal solutions can be attained [3]. 

 

 
Figure 11. Contours of the value function. 

 
In the utility function, the goal is to maximize the value function as follows: 

Where U: MR R→  for all M objectives 
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maximize ( )( )    ,U f x  
Subject to ( ) 0, 1,2, ,ig x i J≥ =   

( ) 0, 1,2, ,kh x k K= =   
( ) ( )         1, 2,, ,L u

i i ix x x i n≤ ≤ =   
The primary limitation of this approach is that the resultant answer is totally 

reliant on the value function that was employed. Additionally, the user must create 
a value function that is globally applicable throughout the whole search space; 
consequently, there is a risk of utilizing an overly simplistic value function [3].  

Min-Max Goal Programming, in this technique, instead of reducing the total 
weighted deviations from the objectives, the largest deviation within each goal is 
minimized [3]. This method involves achieving target values for every objective, 
so that it can be considered as an extension of traditional linear programming 
[35]. The Mathematical expression of Min-max Goal Programming is as follows: 

 Mind  

Subject to ( )i i i if x n p b+ − =  
 i i i in p dα β+ ≤  

x F∈  
0, 0, 1,2,3,i ix n p i k≥ ≥ =   

where ip , and in  are the positive and negative deviations from the desired 
value of the ith objective, d is the largest deviation, and  ib  is the precise targeted 
level for the ith goal [35]. 

Because this technique necessitates selecting weight factors iα  and iβ , the 
user is ultimately in control of the technique. This method resembles the weighted 
Tchebycheff method in several ways, but it substitutes the target solution for the 
ideal solution [3]. 

This approach was updated by Zeleny, who suggested a new Goal programming 
procedure instead of determining the optimum in a system with fixed resources, 
to construct an optimal system by expanding resources [36]. This method is then 
called De Novo programming. In the above procedure, the objective is to deter-
mine each objective function’s best and worst performances; based on these per-
formances, a suitable solution is then obtained. 

3.2. Posteriori Preference-Based Multi-Objective Optimization  
Procedure 

This procedure is called a posteriori multi-objective optimization, where the algo-
rithm searches for a minimal set of solutions based on a partial order (usually the 
Pareto order) within the target space. After generating the set of nondominated 
solutions, the user then analyzes the trade-offs and selects a preferred solution 
afterward [34]. 

There is a key difference between the two methods: priori methods require a 
preference vector before knowing the outcomes, while posteriori methods use 
problem data to choose from a set of trade-off solutions. A posteriori approaches 
are generally more systematic and practical, but if a reliable preference vector is 
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available, then priori methods are sufficient and more direct. 
In Figure 4, the posteriori approaches are divided into two main categories: 

mathematical programming techniques and algorithms for Evolutionary Multi-
objective Optimization (EMO), NBI, NC, SPO, DSD are examples for the mathe-
matical programming techniques, while NSGA II, NSGA III, SPEA-2, PSO, SA, 
and MOGA are good examples for the evolutionary algorithms [14]. 

As shown in Figure 12, Step 1 (downward and vertically) finds multiple and a 
well-distributed trade-off solution without using any relative preference infor-
mation. Once a well-distributed set of trade-off options has been identified, after-
wards, higher-level information is used to select one of the trade-off options in 
Step 2 (horizontally, towards the right) [3]. 

For a problem with a single objective, Step 1 will result in an exact one global 
optimal solution, preventing it from moving on to Step 2. Both steps are required 
in the event of a single-objective optimization with several global optima to locate 
all or most of the global optima initially. And then to select one from them using 
the problem’s higher-level knowledge [3]. 

Mathematical programming and Evolutionary Algorithms (EA) are two main 
categories of a postriori optimization methods. It is also called the ideal multi-
objective optimization techniques, which are depicted schematically in Figure 12. 

 

 
Figure 12. Schematic of a two-step multi-objective optimization procedure. 

 
These techniques are effective for black-box optimization as they don’t require 

knowledge of the underlying physics. They can also handle discontinuous, high-
dimensional, and multi-modal problems, but they do not guarantee precise or sat-
isfactory solutions [9]. 

Among these, mathematical computations methods, and the evolutionary ap-
proach (EA) uses the principles of nature’s evolution to guide its search for the 
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best answer, four different evolutionary algorithms, i.e., genetic algorithms (GAs), 
evolution strategy (ES), evolutionary programming (EP) and genetic program-
ming (GP) which are considered a population based, or an ideal multi-objective 
optimization procedure, in the following section the most famous methods will 
be outlined [9]. 

Multi‑objective Evolutionary Algorithms (MOEAs) 
Figure 13 demonstrates that multi-objective evolutionary algorithms can be 

classified into three main categories, Dominance-based, indicator-based, and de-
composition-based algorithms are the three types of evolution-based algorithms. 

 

 
Figure 13. Classification of multi-objective evolutionary algorithms. 
 

Dominance-based algorithms: Fitness is ascribed to solutions based on the 
Pareto dominance principle. Examples of dominance-based algorithms are 
Multi-Objective Optimization Algorithm (MOGA), Strength Pareto Evolution-
ary Algorithm (SPEA), Pareto archived Evolutionary Algorithm (PAES), and 
Non-Dominated Sorting Genetic Algorithm II (NSGA II) [9]. Dominance-based 
is also called Pareto-based based where the MOEAs employ a two-tiered ranking 
system. The first ranking is governed by the relationship of Pareto dominance, 
while the ranking at the second level is predicated on how each point contributes 
to diversity [34]. 

In MOEAs, all trade-off solutions are treated equally. If objective importance is 
known, the problem can be simplified using weighted sum functions. In priori 
methods, preferences are provided before solving, allowing conversion to a single-
objective problem. In a posteriori method, preferences are used after generating a 
well-distributed Pareto front, from which the decision-maker selects the preferred 
solution—this is known as an ideal preference approach [10]. 

Numerous preference-based techniques have been developed. The initial at-
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tempt was by Fonseca and Fleming [33], who proposed ranking the population 
members based on both Pareto dominance and the decision maker’s preferences. 
A fuzzy approach was also introduced, where the person who makes decisions 
specifies preferences using preference points. Branke and Deb incorporated pref-
erence information into NSGA-II by modifying the dominance definition and ap-
plying a biased crowding distance based on weights [37] proposed a multi-objec-
tive evolutionary algorithm (MOEA) that partitions the objective space into levels, 
integrates prior preferences using meaningful parameters, and automatically con-
structs scalar objectives without requiring weight selection. 

Indicator-based algorithms (IBEA): in which the ranking or selection of indi-
viduals is dependent on the value of the indicator measure, some of these (IBEA) 
algorithms, S-Metric Selection Evolutionary Multi-Objective Algorithm (SMS-
EMOA), Portfolio Selection Multi-Objective Evolutionary Algorithm (POSEA) 
and Hypervolume Estimation Algorithm (HypE) [9]. 

These types of MOEAs are equipped with quality indicators to direct the search 
methodology. Hypervolume and generational distances are good examples of these 
metrics using an arbitrary indicator to compare two pairs of possible solutions. 
This approach is called the indicator-based evolutionary algorithm (IBEA), which 
was developed by Zitzler and Künzli. Another approach, introduced by Brockhoff 
and Zitzler, focuses oZn objective reduction techniques and hypervolume-based 
methods [38]. This approach was further advanced by Bader and Zitzler, who pro-
posed a fast hypervolume-based MOEA for addressing many-objective optimiza-
tion problems. It has since become a widely adopted method for resolving prob-
lems with several objectives. Subsequently, [35] explored the robustness of hyper-
volume-based multi-objective search methods. In their work, they introduced 
three novel strategies for addressing robustness within the field of evolutionary 
computing: modifying the objective functions, incorporating additional objec-
tives, and imposing robustness constraints. These strategies were then integrated 
into a multi-objective hypervolume-based search framework [35]. 

Decomposition-based algorithms: utilize scalarization techniques to decom-
pose the problem into many smaller subproblems, which are subsequently solved 
cooperatively. Among these methods are the following: MOEA/D based on de-
composition (MOEA/D) [20], VEGA (Vector Evaluating Genetic Algorithm) [39], 
Non-Dominated Sorting Genetic Algorithm III (NSGA-III) [40], MOEA/D based 
on dynamic resource allocation (MOEA/D-DRA) [41], and MOEA/DD based on 
dominance and decomposition (MOEA/DD) [28]. 

MOEA/D is a multi-objective evolutionary algorithm framework that uses con-
ventional aggregation approaches to decompose MOP into scalar sub-objective 
optimization problems. These subproblems can be linearly or nonlinearly weighted, 
and their neighboring relations are established based on distances between their 
aggregation weighting vectors. Each subproblem keeps one solution in its memory, 
and the algorithm generates a new solution if it’s better than the old one. Each 
individual neighboring subproblem will update its current solutions if it receives 
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a solution better than the old one. A key advantage of MOEA/D is that local search 
can be naturally applied to each subproblem, as each one involves optimizing a 
scalar objective function [20]. 

3.3. Interactive Optimization Methods (IMO) 

The decision-maker is given access to intermediate search results in an interactive 
method, which helps them comprehend the issue and gives more preference data 
to direct the search. User input on preferences is requested at several points 
throughout the algorithm’s execution in order to enhance the objective functions, 
constraints, and their priority. 

The goal of interactive multi-objective optimization (IMO) is to determine a 
decision maker’s most favored solution while considering a series of progressive 
preferences. The decision maker can modify their choices and narrow their search 
space exploration to only areas they are interested in. Over the last few decades, 
two distinct approaches—the evolutionary multi-objective optimization (EMO) 
and multiple criteria decision making (MCDM)—have progressively come to share 
an interest in IMO. While IMO methods rooted in EMO often use evolutionary al-
gorithms to generate a representative set of solutions in the decision maker’s pre-
ferred region, IMO methods developed by the MCDM community typically use 
mathematical programming methodology. One preferred. Pareto’s solution [42] 
[43]. 

Two essential components of interactive multi-objective optimization are the 
DM and machine (algorithm). To demonstrate how the DM and the machine 
communicate when employing IMO approaches, a DM-Machine interaction sys-
tem is displayed in Figure 14. 

 

 
Figure 14. DM-machine interaction system. 
 

The machine is essentially an algorithm that combines a search engine (optimi-
zation algorithm) with a preference model. The DM is a human DM who wants 
to determine his or her most preferred solution [42]. 

The figure above depicts the entire interaction process. The decision-maker ex-
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presses their preferences based on their comprehension of the issue and the algo-
rithm-generated answers. Then, acting as a conduit between the algorithm and 
the decision-maker, it builds a preference model utilizing the input supplied 
[42]. 

The findings are shared with the decision-maker, enabling them to refine their 
preferences. Through interaction with the algorithm, the decision-maker gains in-
sights and adjusts their preferences to determine the most favored solution [42]. 
The development of Interactive Multi-Objective (IMO) techniques consists of 
three main components: search engine, preference model, and preference infor-
mation. The decision maker (DM) provides various forms of preference infor-
mation, each affecting their cognitive load differently. The preference model defines 
how the machine utilizes the DM’s preferences, without the DM needing to be aware 
of it. The algorithm that the search engine uses determines the quality of the results 
[42]. 

Any interactive optimization methods will be built on four fundamental design 
elements: Search engine, preference model, preference information, and interac-
tion pattern come in order of importance; one of two interaction patterns is uti-
lized either interaction after run (IAR) or interaction during run (IDR). 

The IMO methodologies have mostly embraced both IAR and IDR patterns. As 
seen in Figure 15(a) and Figure 15(b), an IMO technique that follows the IAR 
pattern can produce one or a set of (approximate) Pareto optimum solutions at each 
iteration since it runs the search engine through from start to finish between two 
neighboring interactions. The DM can contribute preferences such as reference 
points, weights, tradeoffs, and the categorization of objectives. If just one solution is 
developed and presented to them, DM is presented with more than one solution. 

The solutions obtained in the first three iterations of IMO methods are demon-
strated. The curve in each sub-figure represents the Pareto front. (a) and (b) show 
a single solution (z) and a set of solutions (F) obtained by methods adopting the 
IAR pattern, respectively. (c) illustrates how a population (P) changes over time 
in accordance with the decision maker’s (DM’s) preferences using methods that 
follow the IDR pattern [14]. 

In addition to providing tradeoffs or a categorization of objectives on the most 
desirable option, decision makers may also give reference points or weights and 
compare these solutions. Classical interactive MCDM techniques use the IAR pat-
tern to find one or more Pareto optimum solutions for each iteration. Addition-
ally, it is utilized in certain interactive MOEAs, such as those that rely on reference 
point data. Section III has specifics on various IMO techniques [14]. 

As seen in Figure 15(c), IMO approaches that follow the IDR pattern allow the 
DM to provide preferences at regular intervals throughout the search engine run 
in order to direct the search towards the DM’s area of interest (ROI). In most 
cases, the population does not approach the Pareto front until much later in the 
optimization process. According to [6] [11], the DM is more active in the whole 
optimization-cum-decision making process in this scenario since they have more 
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opportunities to offer fresh information. Thus, the IDR pattern’s IMO procedure 
is more DM-focused. It should be mentioned that approaches using the IAR pat-
tern are better suited for preferences like tradeoffs and objective categorization, 
since it is more relevant to take these tradeoffs into account. 

 

 
Figure 15. Dm’s preferences for methods adopting the IDR or IAR pattern [19]. 

 
Preference Information can be categorized into three different ways: expecta-

tion that DM wants to achieve, the comparison of objective functions and the 
comparison of solutions, which requires the DM to make comparisons when ex-
pressing preferences. It is possible to compare objective functions using weights, 
trade-offs, objective categorization, etc. Weights are frequently employed to rep-
resent the relative significance of goals, and finally, a tradeoff is when one solution 
is given up in order to improve another at a feasible solution [44] [45]. 

Reference Model widely employs one of three types of preference models: choice 
rules, dominance relations, and value functions (also known as utility functions). A 
value function (VF) is a scalar function that assesses solutions quantitatively for all 
objectives. The DM either explicitly specifies its parameters or indirectly determines 
them depending on the DM’s preferences. The DM’s preferences are expressed as a 
relationship between two solutions, which is known as a dominant relation.  
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In the selection operator of interactive MOEAs, it frequently takes the role of 
the relationship of Pareto dominance [42]. The following table shows a summary 
of the preference types. 

Table 1 illustrates the advantages and disadvantages of search engines, prefer-
ence model, and preference information. 
 
Table 1. Common kinds of information about preferences and their pros and cons [14]. 

Category 
Preference 

Information 
Features Advantages and Disadvantages 

Expectation 
Reference 

point 

A reference point  
consists of k continuous 
valued aspiration levels 
representing desirable  

objective values  
(quantitative). 

The reference point could either 
be accessible or not, and the DM 

has the discretion to define it.  
Calculating the objective ranges is 

frequently necessary, and  
additional computational effort or 
prior knowledge may be required 

Comparison 
of objective 
functions 

Weights 

The purpose of weights is 
to show how important 

one objective is in  
relation to others. They 
can be derived from the 
decision-maker’s (DM’s) 
pairwise comparisons of 
objectives or explicitly 

provided by the DM as k 
scalar values. 

There is a widespread  
misunderstanding that weights 

will indicate how important each 
goal is in relation to the others.  

However, it is unclear what these 
notions actually represent.  

Additionally, employing weights 
to control the solution process  

isn’t always easy for the DM [46]. 

Tradeoffs 

In general, taking one  
objective as the reference 
objective, the DM needs 

to give the amount of  
increment of each of the 
remaining k-1 objectives 
to compensate one unit 

decrement of the  
reference objective  

(quantitative). 

Although tradeoffs can facilitate 
the quest for a more ideal  

solution, they also put a heavy 
cognitive burden on the DM  

because they must decide how 
much compromise is acceptable 

between objectives. 

Classifying of 
objectives 

The DM is tasked with 
categorizing objectives 

based on desirable 
changes and specifying 

aspiration levels or upper 
bounds for some  

objectives. 

Establishing reference points is 
strongly related to classifying  

objectives. The decision-maker 
has more control over the process 

of finding a solution when  
objectives are categorized and the 
degree of relaxation permitted for 
those that can be compromised is 

specified. But it’s crucial to  
remember that the  

decision-maker’s burden will rise 
as a result of these new  

responsibilities. 
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Continued 

Comparison 
of solutions 

Pairwise 
comparison 
of solutions 

determining whether  
solution is better than the 

other, whether they are 
equal, indifferent, or  
neither (qualitative). 

Relatively less mental work is  
required of the decision-maker 

while comparing solutions.  
However, as the number of  

solutions increases, their duties 
will probably also expand. 

Classification 
of solutions 

Dividing a set of  
solutions into different 

categories where  
solutions in each  

category incomparable or 
indifferent (qualitative). 

Selecting the 
most referred  

solution 

Selecting the most  
preferred solution among 

group of solutions  
(qualitative). 

 
- Models of preference have been widely utilized in the literature, including 

value functions (or utility functions), dominance relations, and decision rules 
[47]. Decision rules typically consist of two parts: the premise, which outlines 
the criteria that objectives and/or solutions must satisfy, and the decision sec-
tion, which establishes the relationships between solutions or assigns them a 
score [42]. 

- Many methods model DM’s underlying value function (VF) dynamically based 
on DM’s preferences. Three types of popular VFs are explained; a) A weighted 
metric measures the distance between the objective vector and a certain point, 
b) Wierzbicki introduced a successful scalarizing function (ASF) as part of the 
reference point technique, According to Wierzbicki, it is a modified value 
function (VF) that communicates both the usefulness of meeting aspirations 
and the disutility of failing to do so [48]. ASFs have been created in various 
forms [49] [50], c) The DM is symbolized by only one compatible additive 
value function [51]. The term “compatible” refers to the IMO approach’s abil-
ity to create a preference model that ranks solutions similarly to the DM 
method [52] [53] examines all compatible additive VFs. 

- But for the dominance relations, dominance relation indicates the DM’s choice 
between two solutions: one is chosen over the other, or both are indifferent or 
incomparable. The binary relation between two solutions, x and y, can be ex-
pressed as xDy (x dominates y), yDx (y dominates x), or xDNy (indifferent). 
Dominance relations sometimes combine Pareto and DM preferences, allow-
ing for comparison of non-dominated solutions [13] [42] [54]. 

- Decision-makers usually apply “IF-THEN” principles according to their per-
sonal preferences. Decision rules can explain the relationships between solu-
tions or assign solution scores to help choose the best options if certain criteria 
are satisfied by the objectives and/or solutions. Because of their inherent error, 
preference models in decision rules are more general and simpler for DMs to 
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understand. The DM’s qualitative preferences may be transformed into quan-
titative data on goals or solutions using fuzzy rules, a sort of decision rule [55]. 

- In hybrid preference model some IMO approaches use a mixed preference 
model. In [56], the r-dominance relation is defined using the weighted Euclid-
ean distance. A solution x is said to r-dominate a solution y if they meet any of 
the following two conditions: 1) x Pareto dominates y; 2) x and y are non-
dominated; x is closer to the reference point than y in terms of weighted Eu-
clidean distance; and the absolute value of their distance difference exceeds a 
threshold. [57] [58], after getting the strengths of solutions using the fuzzy in-
ference system, a strength superior relation is established to define a fitness 
function. 

IMO approaches utilize search engines classified into mathematical program-
ming (MP) techniques and non-MP strategies. techniques for optimization, in-
cluding linear, nonlinear, and multi-objective programming, are specifically de-
signed for software systems. In the MCDM community, IMO approaches fre-
quently achieve Pareto-optimal solutions [42]. 

3.4. Non-Preference-Based Methods 

In contrast to preference-based procedures, population-based approaches do not 
require predefined information before searching or solving problems; instead, for 
every simulation run, a collection of solutions is produced, and the best solutions 
are selected to form the Pareto frontier set of solutions through additional sorting. 
In recent years, a variety of non-classical, unconventional, and stochastic search 
and optimization algorithms have been introduced, transforming the field of 
search and optimization [3]. 

3.5. Hybridization Techniques 

In Figure 4, Hybrid techniques, which, although not fully studied yet, may com-
prise various Evolutionary Multi-objectives Optimization algorithms or a combi-
nation of MCDM (multi-criteria decision making) and EMO; its future uses might 
supplant existing technologies that depend on goal-oriented approaches. Speed-
constrained Multi-objective Particle Swarm Optimization (SMPSO) is one of the 
potential high-performance algorithms, since the single objective version of the 
method (PSO) outperformed the EA-based alternatives [54] [59]. Other approaches 
like the Parallel Re-Combinative Simulated Annealing technique [60], address the 
issue of genetic drift by integrating the principle of the cooling sequence from 
simulated annealing [61], Boltzmann tournament selection [62], and standard ge-
netic operators. One of the well-known hybridization methods is the Local Search 
Memetic Genetic Algorithms (GAs) employ a global search strategy; however, 
they often require a relatively long time to converge to the global optimum. To 
address this, a population-based GA can be combined with an individual learning 
procedure to improve the fine-tuning of global search. 

When a genetic algorithm is integrated with a local search procedure, it forms 
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a hybrid genetic algorithm (HGA). The basic steps of an HGA are as follows [63]: 
1) Specify the objective or fitness function, and configure the genetic algorithm 

parameters, including population size, parent-to-offspring ratio, selection strat-
egy, crossover count and mutation rate. 

2) Create the first population at random as the current parent population. 
3) Evaluate the objective function for each individual (chromosome or solu-

tion) in the initial population. 
4) Produce the offspring population by applying GA operations like crossover, 

mutation, and selection. 
5) Determine the objective function values for all individuals in the offspring 

population. 
6) Perform a local search on each offspring, evaluating fitness of each new lo-

cation, and replace the offspring if a better local option is available. 
7) Select the individuals that will form the next generation; this process is 

known as replacement in that individuals from the current parent population are 
“replaced” by a new population formed from individuals selected from the off-
spring and/or parent generations. 

8) If the criterion for stopping is met, the process terminates; otherwise, return 
to Step 4. 

Among these learning searching techniques (LS) are the Nelder-Mead Simplex 
method and the three-dimensional local search. The Best-Offspring Hybrid Genetic 
Algorithm is one of the developed algorithms that is built on earlier principles 
(BOHGAS) [64]. The objective of this algorithm is to lower the overall LS expenses. 
It has been observed that the LS may be run repeatedly on the same “valley” (to find 
the lowest) or “mountain” (to find the maximum) [65]. Therefore, after local search, 
it is likely that several chromosomes within a generation become clustered closely 
together, positioned on the same or closer to the peak or at the same or closer to the 
valley. This may make it harder for the GA to maintain diversity in its population, 
an important consideration in avoiding converging to a local optimum [66]. 

3.6. Advantages and Disadvantages of a Priori, a Posteriori, and  
Interactive Preference Approaches  

When the DM is expected to offer preference, information is a crucial component 
of MCDM. To achieve this, there are three options: 
- Prior to the search (a priori approaches). 
- Posteriori. 
- Interactive preferences. 

Its widespread use is due to the fact that any optimization procedure that makes 
use of this a priori knowledge becomes easy. The primary challenge (and disad-
vantage of the method) lies in locating this first global preference data [42]. 

Interactive approaches have been normally favored by researchers [67] for sev-
eral reasons: 
- The entire set of components of a situation, besides the context in which it is 

embedded, can affect perception. 
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- Individual preference functions or value structures cannot be expressed ana-
lytically, although it is assumed that the DM subscribes to a set of beliefs. 

- Value structures change over time, and preferences of the DM can change over 
time as well. 

- Aspirations or desires change as a result of learning and experience. 
- The DM normally looks at trade-offs satisfying a certain set of criteria, rather 

than at optimizing all the objectives one after the other. 
Interactive techniques also present several challenges, particularly concerning 

the preference data the decision-maker (DM) must provide while conducting the 
search. For instance, the DM may be asked to evaluate a set of options for each 
goal, assign weights, or adjust ambition levels. These tasks are often complex, and 
DMs frequently find it difficult to offer input that effectively guides searching for 
the best compromise solution. 

In the field of OR, posteriori methods are also often used [68] [69]. These meth-
ods’ primary benefit is that, because they are predicated on the idea that “more is 
better,” no utility function is needed for the analysis [70]. The primary drawbacks 
of posteriori methods are: 
- The algorithms used with these approaches are normally very complex and 

tend to be difficult for the DM to understand. 
- Many real-world problems are too large and complex to be solved using this 

sort of approach. 
- The number of solutions in the Pareto optimal set is typically too large for the 

decision maker to analyze effectively. 
Combining two or more of these techniques is also a possibility. An approach 

that may be developed is to ask the DM for some pre-search information and then 
ask them to modify their choices while the search is underway. Comparing this to 
using the two methods separately, it might be more effective. 

3.7. Classification Strategies: Static and Dynamic Strategies 

Fei Wu et al. (2023) developed a dynamic optimization algorithm to face the fol-
lowing problems [70]:  

1) How to deal with diversity, keeping the population convergence and diversity 
balanced?  

2) What is the best way to design a prediction strategy that is both robust and 
efficient?  

3) From the strategy, the classification of decision variables is not clear. 
Mohammad Reza Sharif et al. (2021) introduced a multi-objective moth swarm 

algorithm featuring a novel definition of pathfinder moths and moonlight, aimed 
at improving synchronization and preserving a well-distributed set of non-domi-
nated solutions. Furthermore, the crowding-distance method was used to choose 
the most efficient solutions within the population. The efficiency of the suggested 
MOMSA was evaluated using a series of multi-objective benchmark problems 
ranging from 7 to 30 dimensions [70]. 
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They were compared with the results. Against three well-known meta-heuris-
tics, including the decomposition-based multi-objective evolutionary algorithm 
(MOEA/D) and the Pareto envelope-based selection algorithm II (PESA-II), and 
multi-objective ant lion optimizer (MOALO). To facilitate comparison, four 
measures were used: generational distance (GD), spread (Δ), spacing (S), and 
maximum spread (MS). Sandra C. Cerda-Flores et al. (2022) introduced a similar 
article on potential multi-objective methods [70]. 

3.8. Classification of Meta-Heuristic Algorithms According to Their  
Nature: Swarm-Based, Evolutionary-Based, Physics-Based,  
and Human-Based 

Meta-heuristic algorithms are analyzed and compared across five key aspects, fol-
lowed by a classification of the algorithms based on these criteria and These clas-
sifications are according to: 
• The type of algorithms (swarm-based, evolutionary-based, physics-based and 

human-based).  
• Nature-inspired vs. non-nature-inspired.  
• The inspiration’s origin.  
• Population-based vs. single solution-based.  
• Based on the country of origin. 

Today, algorithms are generally classified into four main categories: phys-
ics/chemistry-based, bio-inspired (excluding swarm intelligence), swarm intelli-
gence (SI)-based, and a miscellaneous group. The latter includes algorithms that 
are difficult to categorize under the first three groups, as they incorporate diverse 
characteristics from various domains such as social behavior and emotional pro-
cesses [3]. 

3.9. Working Principles for Well-Known Meta Heuristic  
Optimization Algorithms 

Table 2 below explains briefly the most well-known multi-objective algorithms, 
meta-heuristic-based, work principles and their category. 
 

Table 2. A wide range of 110 meta-heuristic algorithms. 

Method Brief explanation 

Evolutionary  
Programming (EP) 

This algorithm defines a number of operators, such as crossover and mutations, and is a basic method 
used in the majority of modern and evolutionary approaches [71] 

Genetic Algorithm 
(GA) 

This algorithm leverages biological concepts such as heredity and mutation to find approximate results. 
It is one of the most widely used population-based heuristic algorithms. The primary operator of the  

algorithm is combination, but it also employs the mutation operator to prevent poor convergence Stay 
away from local optima traps. The algorithm is relied on the survival of the fittest theory and Darwin’s 

theory, with the core idea being that traits are inherited through genes [72] 

Scatter Search  
Algorithm (SSA) 

t differs from other evolutionary algorithms in that it is based on the concept of using systematic  
techniques to generate new solutions, offering certain advantages over solutions chosen purely at  

random. This approach is used to enhance and diversify the search process [73] 
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Simulated Annealing 
(SA) 

The SA algorithm is a probability-based, single-solution method for finding the global optimal solution 
in large solution spaces, based on the melting and freezing process of metals [74] 

Tabu Search (TS) 
The algorithm employs the concept of a Tabu List to avoid local optima traps. It begins with an initial 
solution and searches for the best neighboring solution. It moves to the best solution unless it is on the 

tabu list, with the length of the list representing the maximum number of iterations [17] 

Cultural Algorithms 
(CA) 

This algorithm is a type of evolutionary algorithm that, unlike others, incorporates both a population 
component and a knowledge component. The belief space in the algorithm is classified into various 

types, including temporal knowledge, domain-specific knowledge, situational knowledge, and spatial 
knowledge [75] 

Particle Swarm  
Optimization (PSO) 

Inspired by bird flight, the algorithm calculates objective function values for each particle and  
determines direction based on its current location, best location, and the group’s best particles. This  
process is repeated using speed and position update operators until a stopping criterion is met [76] 

Ant Colony  
Optimization (ACO) 

ACO is a population-based metaheuristic algorithm inspired by nature, specifically the actions of ants. 
As social creatures focused on survival, ants locate food and communicate through pheromones, leaving 

traces on the ground. When selecting between two paths, ants typically prefer those with higher  
pheromone concentrations [77] 

Differential Evolution 
(DE) 

Based on the theory of natural evolution, this algorithm utilizes mutation and combination operators. 
However, it differs from the Genetic Algorithm (GA) in terms of comparison and solution selection [78] 

Variable Neighborhood 
Search (VNS) 

The algorithm applies basic local search rules by dividing the space of solution into neighborhoods,  
randomly selecting one, and performing a local search. If the new solution is better than the best  

recorded one, a new neighborhood is generated around that solution [79] 

Sheep Flocks Heredity 
Model (SFHM) 

This algorithm is an evolutionary computation algorithm based on sheep flocks’ heredity. It simulates 
heredity of sheep flocks in a prairie [80] 

Harmony Search (HS) 
Harmony in music and optimization problem solving is closely related, as it relates to the optimal  

relationship between sound waves and frequencies for optimal audience experience [81] 

Bacterial Foraging  
Optimization (BFO) 

The algorithm, inspired by bacterial movement, focuses on the search behavior of individual bacteria, 
their reproduction probability, and bacterial decomposition, with well-nourished bacteria being the key 

elements [82] 

Social Cognitive  
Optimization (SCO) 

This algorithm emphasizes the development of human knowledge and intellect, considering behavioral, 
environmental, and personal factors. It also incorporates learning from others and the impact of their 

actions [83] 

Shuffled Frog Leaping 
Algorithm (SFLA) 

This algorithm combines probabilistic and deterministic methods to simulate frogs’ search for food in 
wetlands. It seeks to balance exploring potential solutions with in-depth research within the solution 

space. The population is a group of frogs with chromosome structures similar to those in genetic  
algorithms [84] 

Electromagnetism-  
like algorithm (EMA) 

The proposed algorithm utilizes electrostatic system rules, adjusting each particle’s virtual electric charge 
based on its optimal position [85] 

Space Gravitational  
Algorithm (SGA) 

The SGA algorithm, inspired by space simulations, applies Einstein’s theory and Newton’s law of  
gravitation to identify the global optimal solution. This approach reduces computational complexity and 

helps avoid local optima traps [86] 
Particle Collision  
Algorithm (PCA) 

The PCA algorithm, inspired by nuclear collision reactions, features a structure similar to simulated  
annealing (SA) but does not require user-defined parameters or a cooling schedule [87] 

Big Bang-Big Crunch 
(BB-BC) 

The BB-BC algorithm employs the Big Bang theory and the concept of universe freezing to create a 
weighted center of gravity, generating new solutions through the use of a Gaussian distribution [88] 

Group Search  
Optimizer (GSO) 

The algorithm is motivated by the actions of animals searching for food resources, categorizing them 
into producers, scroungers, and rangers, each exhibiting distinct behaviors [89] 

Invasive Weed  
Optimization (IWO) 

The algorithm is modeled after robust, random, and adaptable weed colonies, which pose a threat to 
beneficial plants while demonstrating their ability to adapt to environmental changes [90] 
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Small-world  
Optimization  

Algorithm (SWOA) 

The proposed algorithm, inspired by scientific studies on human communication and networking,  
utilizes local short-range and random long-range search agents to perform both local and global  

searches [91] 

Cat Swarm  
Optimization (CSO) 

The algorithm employs tracking and searching sub-models, treating cats as solutions with parameters 
such as relative velocity, proportional value, and status [92] 

Saplings Growing UP  
Algorithm (SGA) 

The algorithm is based on the planting and growth of saplings, aiming for uniform distribution of agents 
in the solution space through mating, branching, and vaccination [93] 

Imperialist Competitive 
Algorithm (ICA) 

The algorithm divides countries into colonial and colonizer groups, building empires. Over iterations, 
weak empires collapse, leading to convergence when only one empire remains [94] 

Artificial Bee Colony 
Algorithm (ABC) 

This algorithm uses bee group behavior to identify food resources, modeling worker bees, watchdogs, 
and scouts’ performance. Operators consider deterministic, probabilistic, and searching for new areas if 

improvement isn’t achieved [95] 

Central Force  
Optimization (CFO) 

CFO is a deterministic algorithm that uses gravity to slow the search process, focusing on the searches 
with the highest proportion or mass [96] 

Integrated Radiation 
Algorithm (IRA) 

The algorithm uses Einstein’s theory of general relativity to find the optimal solution in a simplified  
astrophysics search space, assuming the optimal solution is an incompletely symmetrically growing  

supernova [97] 

Multi Point Simulated  
Annealing Algorithm 

(MPSA) 

This method uses multiple stages simulated annealing strategy to compare multiple candidates designs 
simultaneously [98] 

River Formation  
Dynamics Algorithm 

(RFDA) 

The algorithm relying on the formation of rivers and their beds through erosion and sedimentation  
processes, considering factors like water movement and sedimentation [99] 

Big Crunch Algorithm 
(BCA) 

According to the algorithm, which depends on closed the universe theory, the Big Bang, the initial  
cosmic bang, produces an endless amount of heat and energy until there is just one mass left [100] 

Biogeography Based  
Optimization (BBO) 

This algorithm draws inspiration from the spatial dispersion of biological entities and employs  
fundamental operators such as migration and mutation [101] 

Firefly Algorithm  
(FFA) 

The algorithm, inspired by firefly insects’ ability to generate light, attracts weaker ones inversely related 
to their distance [102] 

Paddy Field Algorithm 
(PFA) 

The method disperses seeds at random, with the goal of avoiding local optimal traps. Higher-growth 
plants have a greater likelihood of reused [103] 

Gravitational Search 
Algorithm (GSA) 

The algorithm optimizes a system by applying the laws of motion and gravity. Because mass and  
distance are proportionate, each particle inside the cosmos is drawn to every other particle. The object 

with the highest mass is anticipated to be the ideal global solution [104] 

Cuckoo Search (CS) 
The proposed algorithm optimizes chicken production by avoiding detection by host birds, based on 

cuckoo behavior in bird nests [105] 

Hunting Search (HuS) 
The algorithm, motivated by collective animal hunting like Dolphins, wolves, and ions, suggests that  

despite their distinct hunting methods, they share a common approach: hunters encircle prey, tighten 
sieges, and re-establish the group if prey escapes [106] 

Intelligent Water Drops 
(IWD) 

The method models variations in water speed, soil content, and soil bed as it flows from one point to  
another using intelligent water droplets acting as search agents. [107] 

Artificial Physics  
Optimization  

Algorithm (APOA) 

To look through the solution space, APOA employs physical forces to transfer agents to regions with 
higher fitness based on user-defined agent mass [108] 

Bacterial Evolutionary 
Algorithm (BEA) 

This evolutionary clustering technique maximizes the number of groups in datasets by using gene  
transfer and bacterial mutation [109] 
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Human-inspired  
Algorithm (HIA) 

The algorithm resembles the approach of modern climbers, splitting the search space into equal  
sub-spaces and distributing an equivalent quantity of s agents across each one [110] 

League Championship 
Algorithm (LCA) 

The algorithm’s inspiration comes from a sports league competition, where search agents compete over 
several weeks. The fittest team emerges as the winner, while all teams prepare for adjustments in the  

following week [111] 

Locust Swarms (LS) 
Inspired by locusts, the algorithm uses greedy local search, the PSO approach, and clever starting  

positions to explore the search space, starting a little bit away from prior solutions [112] 

Consultant-Guided 
Search (CGS) 

CGS is a collective intelligence method that emphasizes direct information sharing among members of a 
population, inspired by real-world decision-making strategies [113] 

Bat Algorithm (BA) 
The algorithm, inspired by bat echolocation, adjusts each bat’s speed and position to detect prey,  

barriers, and nests in darkness, based on optimal positions [114] 

Charged System Search 
(CSS) 

The algorithm uses the laws of motion to direct charged particles (CPs) in solving problems, with the 
position, acceleration, and velocity of each agent being affected by the other CPs. [115] 

Chemical Reaction  
Optimization (CRO) 

The algorithm models chemical reactions and energy transfers, employing combination and  
decomposition processes to reduce potential energy [116] 

Eagle Strategy  
Algorithm (ESA) 

This two-step hybrid search algorithm blends the firefly algorithm with random search [117] 

Group Counseling  
Optimization (GCO) 

With iterations that resemble counseling sessions, where members gradually better their positions with 
help from the counseling team or themselves, the algorithm mimics human problem-solving behavior 

through consultation [118] 

Social Emotional  
Optimization (SEO) 

The algorithm model human efforts to improve social status, treating individuals as members of society. 
It updates their emotional scores based on feedback and selects the members with the highest status 

[119] 

Galaxy Based Search 
Algorithm (GbSA) 

GbSA algorithm uses spiral arms of galaxies to look for the best solutions, improving spiral movements 
with chaos to escape local optimal traps [120] [121] 

Spiral Dynamics  
Inspired Optimization 

(SDIO) 

The method, which draws inspiration from natural spiral occurrences, searches the solution space using 
a multidimensional spiral and balances variation and intensification using control parameters [122] 

Teaching-learning 
based Optimization 

(TLBO) 

The approach uses a mutual teaching-learning relationship, treating population members as class  
students. It involves two phases: teacher influence and mutual interactions [123] 

Anarchic Society  
Optimization (ASO) 

It illustrates the difficulty of overcoming local optimal constraints when a group of members are  
aberrant, unstable, and disruptive [124] 

Current Search (CS) 
This technique is based on how electricity flows in circuits, where current usually selects the channel 

with the least resistance [125] 

Water Cycle Algorithm 
(WCA) 

The algorithm, inspired by water cycle processes, moves creeks towards rivers and rivers towards the sea, 
with creeks qualifying to connect the river or sea [126] 

Wolf Search Algorithm 
(WSA) 

The algorithm, inspired by wolves’ survival strategies; while keeping the prior location in the memory, it 
allows each agent to independently search and if the new a position is superior than the previous ones, 

including [127] 

Mine Blast Algorithm 
(MBA) 

The method, relies on a real-world mine-blast event, selects the explosive component causing the most 
damage to enlarge the most recent mine [128] 

Atmosphere Clouds 
Model (ACM) 

In order to intensify, diversify, and examine the search area., the algorithm mimics the formation,  
movement, and dissemination of a natural cloud [129] 

Black Holes Algorithm 
(BHA) 

Inspired by the phenomena of black hole, the algorithm views the ideal solution in every cycle as a black 
hole that attracts more stars and randomly produces novel solutions [130] 
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Egyptian Vulture  
Optimization (EVO) 

The algorithm, inspired by Egyptian vultures’ natural behaviors, was initially developed for hybrid  
optimization functions [131] 

Penguins Search  
Optimization  

Algorithm (PSOA) 

The group has the more food, such fish, is chosen as the optimal option by this method, which is based 
on penguins’ collective hunting behavior [132] 

Swallow Swarm  
optimization (SSO) 

The algorithm used divides particles into three groups—explorer, aimless, and leader—based on the 
movements and behavior of swallows [133] 

Grey Wolf Optimizer 
(GWO) 

The method relies on the predation strategy and hierarchy of gray wolves, including Omega, Delta, Beta, 
and Alpha kinds and the three primary hunting stages [134] 

Golden Ball (GB) 
This approach uses the principles of a football game and is predicated on the multiple population  

approach [135] [136] 

Animal Migration  
Optimization  

Algorithm (AMOA) 

The way that animals migrate in groups and leave a single group to live in another served as the model 
for this algorithm [137] 

Soccer League  
Competition Algorithm 

(SLC) 

Soccer leagues served as inspiration., focuses on team and player competition for league ranking and 
personal development, resulting in faster and more accurate convergence to global optimality [138] 

[139] 

Chicken Swarm (CS) 
This algorithm replicates the hierarchical conduct of a flock of chickens, with hens, roosters, and  

chickens organized in a specific order [140] 

Forest Optimization  
Algorithm (FOA) 

The algorithm, based on planting seeds in a forest, assumes that seeds under trees cannot grow, but 
those scattered elsewhere may [141] 

Heart Algorithm (HA) 
This algorithm is modeled to mimics the circulatory system and heart. The best-fitting population  

member is considered the heart, while the others are blood molecules. Blood molecules gravitate toward 
or away from the heart to improve their fitness [142] 

Kaizen Programming 
(KP) 

Each expert contributes an idea to the final solution which combines all of the ideas. The fitness of each 
concept is determined by its contribution in the Japanese problem-solving technique known as kaizen 

[143] 

Exchange Market  
Algorithm (EMA) 

The process of exchanging shares on the stock market served as the model for this evolutionary  
algorithm [144] 

African Buffalo  
Optimization (ABO) 

The algorithm draws inspiration from the actions of the behavior of African buffalos, wild domestic  
cattle, who roam the continent during rainy seasons for green pastures [145] 

Elephant Herding  
Optimization (EHO) 

The behavior of African buffalos, wild domestic cattle that travel the continent in search of new pastures 
during wet seasons, served as the model for the algorithm [146] 

Ions Motion Algorithm 
(IMA) 

This algorithm uses tensile force, pressure, and ionic motions of anions and cations. Positive ions  
(cations) and negative ions (anions) are the two groups into which candidate solutions are separated. 
Ions introduce potential solutions, and their movement within the search area is driven by tensile and 

pressure forces [147] 

General Relativity 
Search Algorithm 

(GRSA) 

The algorithm draws inspiration from the actions of the general theory of relativity. In this approach, 
population members are represented as space-based particles, influenced only by gravity. These particles 

move along the shortest paths to reach their most stable positions, with step lengths and directions  
determined by the shortest paths and speed [148] 

Jaguar Algorithm with 
Learning Behavior 

(JALB) 

This algorithm is modeled after the hunting behavior of jaguars, who charge toward their prey,  
sometimes hunting in groups. It balances exploration and exploitation by mimicking this hunting  

strategy [149] 

Optics Inspired  
Optimization (OIO) 

This method models optical phenomena, using convex and concave mirrors to diverge and converge 
light beams. Within the search area, peaks and valleys function as convex and concave mirrors,  

respectively, reflecting the search space [150] 
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Runner-Root  
Algorithm (RRA) 

This algorithm models the behavior of plant runners and roots, with roots focusing on small regions and 
runners covering larger areas with big steps. It includes two functions representing the runners as well as 

roots for exploitation and exploration, respectively [151] 

Vortex Search  
Algorithm (VSA) 

Based on the vertical movement of fluids, this meta-heuristic algorithm improves and expands searches 
using an adjustable step length mechanism [152] 

Stochastic Fractal 
Search (SFS) 

A mathematical idea is used by the program known as fractals, which are taken from the natural  
phenomena of growth [153] 

Prey-Predator  
Algorithm (PPA) 

The predator-prey interaction found in animals served as the model for the algorithm [154] 

Water Wave  
Optimization (WWO) 

This method, which was inspired by water waves, makes use of breaking, reflection, and propagation to 
produce an efficient search mechanism in a high-dimensional solution space [155] 

Bull Optimization  
Algorithm (BOA) 

This algorithm changes the genetic algorithm’s selection procedure so that only superior individuals are 
eligible to take part in crossover [156] 

Elephant Search  
Algorithm (ESA) 

A population’s members are viewed by this algorithm as a herd of elephants. Members who identify as 
male and female are regarded as local and exploratory search agents, respectively [157] 

Ant Lion Optimizer 
(ALO) 

Five steps make up this technique, which was inspired by ant-lion hunting: random search, sieging,  
trapping, capturing prey, and rebuilding the trap [158] 

Lion Optimization  
Algorithm (LOA) 

This application simulates lions’ social behavior. Male adult lions can be either resident or nomadic, and 
they can live in packs or roam freely. While resident lions represent local searchers, nomadic lions act as 

global search agents for identification and exploration [159] 

Whale Optimization 
Algorithm (WOA) 

The three main parts of this algorithm—sifting prey, assaulting prey (exploitation), and looking for prey 
(exploration)—were motivated by natural selection and whale social behavior [160] 

Dynamic Virtual Bats 
Algorithm (DVBA) 

The ability of bats to produce different frequencies and wavelengths during the hunting phase served as 
the inspiration for this approach [161] 

Tug of War  
Optimization (TWO) 

This population-based algorithm was inspired by the tug-of-war game. Every potential solution is  
considered by this algorithm collectively to engage in the game [162] 

Virus Optimization  
Algorithm (VOA) 

This algorithm imitates how viruses behave when they target cells. Using this technique, the immune 
system regulates the quantity of viruses in every cycle to stop the unintended increase in viruses [163] 

Virus colony search 
(VCS) 

This program imitates how viruses replicate and spread when they infect host cells [164] 

Crow Search Algorithm 
(CSA) 

This method is a population-based approach motivated by the brilliant actions of crows. The core  
principle of the Algorithm of Crow Search (CSA) is that crows store and hide surplus food, retrieving it 

when necessary [165] 

Dragonfly Algorithm 
(DA) 

This algorithm is modeled on the social behavior of dragonflies during activities such as foraging, group 
navigation, and evading predators [166] 

Camel Algorithm (CA) 
The strategy incorporates elements like temperature, water supply, stability, visibility, and ground  

conditions, drawing inspiration from camel behavior during desert marches [167] 

Water Evaporation  
Optimization (WEO) 

The algorithm models water molecule behavior during evaporation from solid surfaces, treating the solid 
surface as the solution space and water molecules as the population. Search parameters include surface 

wettability and molecular features [168] 

Thermal Exchange  
Optimization (TEO) 

The plain and easy-to-understand Newton’s law of cooling serves as the foundation for this method 
[169] 

Electro-Search  
Algorithm (ESA) 

The flow of electrons around an atom’s nucleus served as the model for this algorithm [170] 

Grasshopper  
Optimization  

Algorithm (GOA) 

This approach models optimization problems using a group of grasshoppers, treating the newborn stage 
the same as the adult stage. While adult grasshoppers make larger, abrupt movements, juveniles take 

smaller, slower steps [171] 
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Sperm Motility  
Algorithm (SMA) 

This algorithm is inspired by the human reproductive system. Sperm, serving as search agents, randomly 
disperse throughout the solution space, mimicking their motility in seeking an ovum. The ovum’s  

chemical secretions attract the sperm toward the optimal solution [172] 
Beetle Swarm  
Optimization  

Algorithm (BSOA) 

This approach is suggested by using beetle foraging concepts to improve swarm optimization  
performance [173] 

Chaotic Bird Swarm 
Optimization 

Algorithm 

To increase the quality of exploitation, this algorithm blends foraging and privilege behaviors with  
chaotic-based approaches [174] 

Butterfly Optimization 
Algorithm 

In order to achieve global optimization, this method imitates the behavior of butterflies during mating 
and food hunting [175] 

Chaotic grasshopper 
Optimization 

Algorithm (CGOA) 

This approach integrates chaos theory into the GOA optimization process, using chaotic maps to  
effectively balancing extraction and exploration [176] 

Quantum Dolphin 
Swarm Algorithm 

To get around the local optimum, this technique incorporates the quantum search algorithm with the 
Dolphin Swarm Algorithm [177] 

Emperor Penguins  
Colony 

The method is motivated by Emperor Penguin behavior, specifically their body heat radiation and  
spiraling movements within their colony [178] 

Shell Game  
Optimization 

This technique creates an algorithm for resolving optimization issues by simulating the rules of a game 
called shell games [179] 

Darts Game Optimizer 
(DGO) 

This technique creates an algorithm to solve optimization problems by simulating the laws of the game 
of darts [180] 

Capuchin Search  
Algorithm (CapSA) 

The capuchin monkeys’ dynamic behavior served as the model for this algorithm [176] 

Red deer Algorithm 
The behavior of Scottish red deer, especially their distinctive mating rituals seen throughout the  

breeding season, serves as the model for this algorithm [177] 

Dynamic Multi  
Objective Optimization 

Algorithm 

A dynamic multi-objective optimization algorithm utilizing classification prediction. The algorithm 
comprises three key components: a classification strategy, a dynamic classification adjustment  

mechanism, and tailored prediction strategies that adapt to the outcomes of the dynamic classification 
[178] [181] 

Three main types of 
MOEA algorithms are 

evaluation index-based, 
decomposition-based, 

and dominant  
relation-based. 

Combining these typical search techniques with the chaotic evolution algorithm to enhance the search 
functionality of multi-objective optimization algorithms [20] 

4. Conclusions 

• Multi-objective optimization formulation can be mainly categorized into three 
families, the first is prioritization, in which optimization starts with the highest 
priority objective, and the consequence objective. The process starts with the 
most important one, lexicographic is a good procedure for this formulation, 
the second family is the preference-based or the weighing formulations, which 
in turn are divided into, priori, postriori, or interactive approaches, depend on 
where the decision maker puts his input, and finally the non-preference meth-
ods in which tradeoff solutions are generated without any decision-making in-
puts. Still, multi-objective methods lack a methodology for dealing with multi-
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objective Pareto fronts. 
• Each family involves several different methods; each one has its own search 

technique, preference conditions, and attributes. The multi-objective optimi-
zation procedure can also be a hybrid of two or more different methods/for-
mulations in order to fix a drawback of individual methods. By merging dif-
ferent techniques, one can create a hybrid that has multiple advantages that 
cannot be reached when using a single optimization method. 

• The ability of an optimization method depends on many factors, like searching 
techniques, decision makers’ interaction, the point at which the decision maker 
puts his references, type of references, a priori, postriori, interactive, or no-
preference based, type and complexity, and number of objectives and con-
straints in the optimization problems. 

• Clustering of solutions is still a drawback of all methods utilizing metaheuris-
tics; this should be considered in future research. 
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