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A B S T R A C T S  A R T I C L E   I N F O 

This review examines advancements in metaheuristic 
techniques for multi-objective problems, where 
conflicting goals must be optimized simultaneously. 
Conventional methods often struggle, while 
approaches such as genetic algorithms, particle swarm 
optimization, ant colony optimization, and simulated 
annealing effectively explore large solution spaces to 
find near-optimal results. The paper analyzes 
enhancements including parameter tuning, 
hybridization, problem-specific knowledge integration, 
and improved exploration–exploitation balance. Key 
models discussed include NSGA-II, MOPSO, MACO, 
and MOSA. Performance is evaluated using benchmark 
metrics like hypervolume, generational distance, and 
coverage, showing improved speed and solution 
quality over traditional methods. Applications across 
engineering, economics, logistics, and supply chains 
highlight practical value. Future directions emphasize 
integrating machine learning, real-time adaptation, and 
uncertainty handling to further strengthen 
metaheuristic optimization for complex multi-objective 
challenges. 
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1. INTRODUCTION 

In this paper, multi-objective 
optimization (MOO) is concerned with 
problems containing two or more 
conflicting objectives that need to be 
optimized at the same time. In contrast to 
single-objective optimization, where the 
goal is to find a single optimal solution, 
MOO seeks a set of optimal solutions 
referred to as the Pareto front. Every 
point along the Pareto front represents a 
certain trade-off: if you want to improve 
on one objective, at least one other 
objective must degrade. This property of 
MOO makes it much more challenging 
and difficult compared to single-objective 
optimization (Sharifi et al., 2021). 

The importance of MOO comes from 
various real-world applications in 
different fields. In engineering, for 
example, balancing costs with the 
performance and durability of a product 
are critical factors in design. In 
economics, puppeteering policy could 
entail a trade-off with economic growth 
over sustainability. Logistics is an area 
where cost and delivery time are 
dependent on from route optimization. 
These examples depict the widespread 
occurrence of MOO problems and the 
need for efficient optimization methods 
(Saini & Saha, 2021). 

The complexity of MOO usually do 
not permit the classical optimization 
methods including linear programming 
and gradient-based methods to work 
correctly. Such methods often depend on 
derivative information and can only be 
suitable to unimodal, continuous and 
tangentable objective functions. On the 
other side most of the MOO problems 
include non-linear, non-differentiable 
and multi-modal functions. Nature of 
MOO problems also means that 

traditional methods are not directly 
suited for them as they are usually aimed 
to find unique optimal solutions only 
(Zaizi et al., 2023). 

To deal with these issues the use of 
metaheuristic algorithms has been 
proposed by researchers. Metaheuristic 
algorithms are higher level structures 
that process optimization problems 
effectively with large search spaces 
(Sadeeq & Abdulazeez, 2023b). They are 
especially suited for MOO problems 
owing to their flexibility, adaptability and 
close-to-optimal solutions over a short 
period of time. Metaheuristic algorithms 
can deal with various types of scenarios 
that do not require derivative 
information (such as objective function, 
constraints, and problem type) (Osaba et 
al., 2021). 

Traditional approaches are 
outperformed by meta-heuristic 
algorithms in many aspects. First of all, 
they are naturally suited for solving 
MOO problems due to their ability to 
discover many different solutions at once. 
Secondly, they are extremely robust and 
can deal with very noisy, non-linear and 
multi-modal objective functions. Third, 
they could use different techniques to 
balance exploration (search of new areas 
of the solution space) and exploitation 
(development around known good 
solutions), increasing high-quality 
solution (Khanduja & Bhushan, 2021). 

However, in many cases, standard 
metaheuristic algorithms are not enough 
to provide a good quality of solutions for 
complex MOO problems using the least 
possible computing time. Researchers 
have also introduced adaptations of these 
algorithms in order to better their results. 
The above variations aims for the 
enhancement of convergence speed, 
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solution quality and diversity in the 
Pareto front (Houssein et al., 2021). The 
following sections discuss the key 
metaheuristic algorithms and their 
modifications for MOO. 

2. METHOD 

2.1. Metaheuristic Algorithms and their 
Modification 

Metaheuristic algorithms are 
optimization techniques that employ 
strategies to navigate through large and 
complex search spaces to find near-
optimal solutions. These algorithms are 
designed to be general-purpose, flexible, 
and adaptable to a wide variety of 
optimization problems [9]. Examples of 
different metaheuristic algorithms such 
as genetic algorithms (GA), particle 
swarm optimization (PSO), ant colony 
optimization (ACO) and simulated 
annealing (SA) are in wide use, where the 

first two paradigms belong to biologically 
inspired approaches. All of these 
algorithms have specific ways and 
methods they go about exploring and 
exploiting the search space. 

2.2. Genetic Algorithms (GA) 

Genetic Algorithms are modeled 
after the concept of natural selection and 
genetics. Their mechanism is based on 
processes similar to biological evolution 
(selection, crossover, and mutation), 
evolving a population of candidate 
solutions (Khan et al., 2021). As shown in 
Figure 1. A GA consists of initializing a 
population, the individuals in the 
population can be those potential 
solutions, iteratively evaluate fitness, 
selection operation on fittest individuals, 
perform crossover and mutation operator 
to create new offspring (Alam et al., 2020). 

 

 
Fig. 1. Flowchart of the standard genetic algorithm (GA) (Albadr et al., 2020). 

 

Multi-objective optimization is an 
area where genetic algorithms have been 
successfully applied in the past, and are 

being modified to suit new applications. 
This includes the modified non-
dominated sorting genetic algorithm 
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(NSGA-II), which minimizes local optima 
trapping for the conventional genetic 
algorithm and reduces multi-objective 
optimization error. As Lihao Zhang 
mentioned, this method outperformed by 
extensive evaluations on traditional 
algorithms through (Maghawry et al., 
2021).  

A further significant change for 
tuning multi-objective issues by way of a 
hybrid genetic algorithm (HGA) The 
HGA they propose merges a genetic 
algorithm (GA) focused on global search 
and particle swarm optimization (PSO) 
that specializes in local search, backed up 
by selection based on K-means clustering. 
The method proposed in this hybrid 
strategy seeks to balance the exploration 
versus exploitation of the search space 
against as well as rehabilitating rejected 
individuals, which presents challenges 
for multi-objective optimization. The 
algorithm was evaluated on four 
benchmark test functions, and the results 
demonstrated favorable optimization 
and convergence performance. The study 
concludes that HGA has better results 
than standard GA especially as it relates 
to minimizing the objective function and 
reducing iteration count for convergence 
(Zhang, 2023).  

In a different paper, Fused 
Deposition Modelling (FDM) process 
parameters optimization through Hybrid 
Genetic Algorithm (HGA) along with 
Multi-criteria Decision-Making (MCDM) 
approaches is proposed. It aims to 
optimize the mechanical properties and 

surface quality of 3D-printed parts. 
Different optimization approaches are 
used in the study such as TOPSIS, GRA 
and RSM. Optimal process parameters 
like infill density, layer height, print 
speed and extrusion temperature are 
quantified to have minimum surface 
roughness and maximum tensile, impact 
and flexural strengths. The results show 
that the hybrid strategy improves the 
FDM process, making it a more consistent 
method for creating high-performance 
parts with better mechanical properties 
(Chinchanikar et al., 2024).  

Another one use non-dominated 
sorting genetic algorithm II(NSGA-II) for 
thermodynamic optimization of a Stirling 
engine (Taki et al., 2024). This method is 
designed to be versatile enough to solve 
several problems at the same time, based 
on choosing the design parameters 
within certain limits that impact engine 
performance. The approach establishes 
several objective functions depending on 
some performance measures. NSGA-II 
works by iteratively applying non-
dominated sorting to generations of 
designs. NSGA-II provides a balance 
between convergence toward an optimal 
solution and diversity in the solution set 
[60], which is beneficial for balancing 
engine-efficiency solutions. Results are 
compared to alternative approaches, 
validating the process and demonstrating 
NSGA-II's benefits for such complex, 
multi-objective optimizations. The 
aforementioned approaches are detailed 
in Table 1. 
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Table 1. Summarization of the latest approaches on multi-objective optimization 
on genetic algorithm. 

Ref Optimization 
Approach 

Key Techniques Comparative Analysis 

(Maghawry et 
al., 2021) 

Hybrid GA + 
PSO 

Genetic Algorithm 
(GA), Particle Swarm 
Optimization (PSO), 
K-means clustering 

Proposes a hybrid 
approach combining GA 

and PSO, utilizing K-
means for improved 

selection mechanisms 

(Zhang, 2023) Non-
dominated 
Sorting GA 

NSGA-II, Pareto 
optimality, MATLAB 

Compares traditional 
algorithms with NSGA-

II, demonstrating 
NSGA-II's superiority in 

avoiding local optima 

(Chinchanikar 
et al., 2024) 

Hybrid 
Genetic 

Algorithm 

Multi-criteria 
decision-making 

(MCDM), Genetic 
Algorithm (GA) 

Focuses on the 
integration of MCDM 
with GA to enhance 

multi-objective 
optimization in FDM 

(Taki et al., 
2024) 

Non-
dominated 

Sorting GA II 

Iterative selection of 
design parameters, 
convergence and 

diversity emphasis, 
bounded parameter 

optimization 

NSGA-II's performance 
is evaluated against 
traditional methods, 

demonstrating superior 
efficiency in multi-
objective balancing 

2.3. Particle Swarm Optimization (PSO) 

Particle Swarm Optimization is 
inspired by the social behavior of birds 
flocking or fish schooling. In PSO, a 
swarm of particles (candidate solutions) 
moves through the search space, with 
each particle adjusting its position based 

on its own experience and the experience 
of neighboring particles. The movement 
of particles is guided by two main 
components: the cognitive component 
(personal best position) and the social 
component (global best position) 
(Abdulazeez et al., 2021). As shown in 
Figure 2. 
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Fig. 2. Particle swarm optimization architecture (Al-Smadi et al., 2023). 
 

In this study, the authors propose a 
Cooperative Coevolutionary Multi-
Guide Particle Swarm Optimization 
(CCMGPSO) algorithm to solve large-
scale multi-objective optimization 
problems. In response, they propose a 
novel CCMGPSO framework that builds 
on cooperative coevolution (CC) and 
multi-guide particle swarm optimization 
(MGPSO) to ensure both scalability and 
computational efficiency. These key 
elements contain the periodic association 
of a unique CC based subswarm for each 
objective, in order to make better use of 
the computational budget. In this 
method, they a maintain context vectors 
pool, each of which directs the 
optimization for some predetermined 
number of iterations before changing to 
new target. Moreover, diversity and 
convergence are taken care of by 
maintaining a crowding distance-based 
archive within the CCMGPSO. Its 
performance is tested against six state-of-
the-art algorithms on benchmark 
problems (Madani et al., 2023). 

This work proposes a dynamic 
population size strategy in Multi-
Objective Particle Swarm Optimization 
(D-MOPSO) to cope with the difficulties 
of balancing convergence and diversity 
when solving multi-objective 
optimization problems. The D-MOPSO 

algorithm is based on the adjustment of 
population size according to the resource 
found in archive of non-dominated 
solutions. To introduce more particles 
that can perform a better exploration, we 
utilize local boundary perturbation 
mechanism when the population is 
under-searched. On the other hand, if the 
resources are enough then it reduces the 
population size by removing the particles 
that produced unsatisfactory or duplicate 
results. This adjustment of the population 
size prevents premature convergence, 
and makes good use of resources. This 
optimized algorithm is used as a 
comparison against other thirteen 
optimization algorithms, showing the 
trade-off between convergence and 
diversity in better way (Shu et al., 2023). 

An improved Multi-Objective 
Particle Swarm Optimization (MOPSO) 
algorithm for routing in Mobile Ad-hoc 
Networks (MANETs) proposed in this 
study. The I-MOPSO is an improved 
MOPSO with a mutation operator that 
seeks to escape local optima and 
investigate the problem space more 
globally. The algorithm functions in a 
multi-objective optimization context, 
where is aims at minimizing path length 
while loading the network uniformly. It 
incorporates a dynamic adaptation 
mechanism that adjusts the mutation rate 
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according to the state of the swarm, 
providing robustness against variable 
network conditions. The algorithm 
efficiently offers optimal routing 
solutions in a dynamic and decentralized 
network environment, as shown by 
comparative experiments (Rajeshkumar 
et al., 2023).  

Another paper employs a data-
driven model using a Takagi-Sugeno-
Kang fuzzy neural network to simulate 
the Municipal Solid Waste Incineration 
(MSWI) process for multi-objective 
optimization, focusing on nitrogen oxide 
emissions and combustion efficiency. The 
authors introduce an Adaptive Large-
Scale Multiobjective Competitive Swarm 

Optimization (ALMOCSO) algorithm to 
manage complex optimization tasks by 
blending adaptive schemes and 
multistrategy learning, which enhances 
the model's responsiveness to dynamic 
inputs. ALMOCSO generates a Pareto 
optimal set based on extensive historical 
data to guide real-time optimization 
decisions. Through iterative refinement, 
the methodology optimizes emissions 
and combustion efficiency 
simultaneously, achieving significant 
performance gains validated by real 
MSWI plant data (Huang et al., 2023). The 
mentioned approaches above are 
summarized in Table 2. 

 

Table 2. Summarization of the latest approaches on multi-objective optimization 
on particle swarm optimization. 

Ref Optimization 
Approach 

Key Techniques Comparative 
Analysis 

(Madani et al., 2023) Cooperative 
Coevolutionary 
Multi-Guide 
Particle Swarm 
Optimization 
(CCMGPSO) 

Integration of 
cooperative 
coevolution (CC) 
with multi-guide 
particle swarm 
optimization 
(MGPSO); periodic 
assignment of CC-
based subswarm; 
crowding distance-
based archive 

Validated against 
six state-of-the-art 
algorithms on 
benchmark 
problems 
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Table 3 (Continued). Summarization of the latest approaches on multi-objective 

optimization on particle swarm optimization. 

Ref Optimization 
Approach 

Key Techniques Comparative 
Analysis 

(Shu et al., 2023) Dynamic 
Population Size 
Multi-Objective 
Particle Swarm 
Optimization (D-
MOPSO) 

Dynamic 
adjustment of 
population size 
based on resource 
availability; local 
boundary 
perturbation; 
reduction strategy 
for redundant 
particles 

Benchmarked 
against thirteen 
optimization 
algorithms, 
demonstrating 
superior balance of 
convergence and 
diversity 

(Rajeshkumar et al., 
2023) 

Enhanced Multi-
Objective Particle 
Swarm 
Optimization 
(MOPSO) 

Mutation operator 
to avoid local 
optima; dynamic 
adaptation 
mechanism for 
mutation rate; 
simultaneous 
consideration of 
multiple objectives 

Demonstrated 
efficiency in 
providing optimal 
routing solutions 
in dynamic and 
decentralized 
network 
environments 

(Huang et al., 2023) Adaptive Large-
Scale 
Multiobjective 
Competitive 
Swarm 
Optimization 

Data-driven Takagi-
Sugeno-Kang fuzzy 
neural network; 
multistrategy 
learning; Pareto 
optimal set-based 
decision-making 

Compared 
ALMOCSO to 
traditional 
optimization 
methods, 
demonstrating a 
10% increase in 
combustion 
efficiency and 
15.58% NOx 
reduction 

2.4. Ant Colony Optimization (ACO) 

Ant Colony Optimization is inspired 
by the foraging behavior of ants. In ACO, 

a colony of artificial ants builds solutions 
to the optimization problem by 
traversing a graph and laying down 
pheromones on the edges. The 
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pheromone levels guide subsequent ants 
in constructing their solutions, with 
higher pheromone levels indicating more 
promising paths. Over time, the 
pheromone levels are updated based on 

the quality of the solutions, allowing the 
algorithm to converge toward optimal or 
near-optimal solutions. As shown in 
Figure 3. 

 

 
Fig. 3. Foraging process of ants. (Celik & Yurtay, 2017) 

 

In this study, a hybrid algorithm is 
employed to solve the multi-objective 
path planning (MOPP) problem for 
mobile robots in static nuclear accident 
environments. They simulate the real 
nuclear accident sites by creating a two-
layer cost grid map for the environment 
through geometric modeling and Monte 
Carlo calculations. In this paper, we 
present a novel hybrid algorithm (IACO-
A) which combines an enhanced version 
of the ant colony optimization with a new 
version of A algorithm. It minimizes the 
path length, accumulated radiation 
exposure and energy consumption by its 
approach of optimizing paths. It also 
include a high dose rate avoidance 
strategy that is triggered once the robots 
recognize deadly levels of radiation, 
which directs them away from 
radioactive source with high doses. The 
performance of their algorithm is 
evaluated via simulations in several 
complex environments, which verifies 
that it can achieve better quality path 
than the classical ACO and some recent 

path planning methods (Zhang et al., 
2023). 

In this paper, we propose a new 
modified ant colony optimization 
algorithm called the multi-objec tive ant 
colony optimizer with restart (MOACOr) 
which aims to solve the above conflicting 
objectives of generating efficient speed 
profiles for metro trains that minimizes 
energy consumption and travel time. In 
this work, MOACOr is applied to the 
metro network of Valencia and compared 
using Inverse Generational Distance 
(IGD) and Normalized Hypervolume 
(NH) indicators to assess convergence 
and diversity. Results are compared with 
that from a standard genetic algorithm 
(NSGA-II), and MOACOr outperformed 
the baseline in terms of convergence, 
regularity, and solution diversity. It 
involves using a driving simulator to 
model speed profiles and applying a 
systematic procedure in order to get valid 
Pareto fronts for proper comparison of 
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optimization algorithms (Fernández et al., 
2023). 

In this study, a multi-source ant 
colony optimization (MS-ACO) 
algorithm is proposed to enhance the 
efficiency and accuracy of UAV spraying 
paths for orchards. Methodologically, 
they consider the flight characteristics of 
UAVs as well as the irregularity of 
orchard planting orientation in 
determining optimal routes in terms of 
distance, corner cost and number of task 
nodes. The enhanced algorithm 
incorporates the heuristic function 
alongside a mechanism for optimizing 
iteration speed and bypassing 
suboptimal paths. Results from field and 
simulation experiments indicate the path 
length, corner angles, number of nodes, 
energy cost and flight time were 
improved over the classic ACO 
significantly, which validates that the 
MS-ACO algorithm is applicable to UAV 
entomopther with practical use of 
spraying (Tian et al., 2023).  

Another paper involves developing a 
dynamic Ant Colony Optimization 
(ACO) algorithm with a look-ahead 
mechanism, termed DALM, aimed at 
optimizing traffic signal control within 
Internet of Vehicles (IoV) systems. The 
algorithm incorporates real-time traffic 
data collected through wireless sensor 
networks and predicts upcoming traffic 
flow alongside the current vehicle queue. 
This look-ahead function allows for 
optimal, phase-sequenced green light 
timing that does not depend entirely on 
vehicle trajectory data, ensuring both 
privacy and resilience against cyber 
threats. The optimization process 
evaluates multiple potential sequences 
based on projected wait times and vehicle 
flow, dynamically adapting signal timing 
to minimize overall wait times and 
emissions. Experiments conducted in five 
different traffic flow scenarios 
demonstrated DALM’s efficiency, with 
significantly reduced wait times and 
emissions compared to four other 
traditional optimization methods (Liao et 
al., 2023). The mentioned approaches 
above are summarized in Table 3. 

Table 4. Summarization of the latest approaches on multi-objective optimization 
on ant colony optimization. 

Ref Optimization 
Approach 

Key Techniques Comparative 
Analysis 

(Zhang et al., 
2023) 

Hybrid algorithm 
integrating 
improved ant 
colony 
optimization and 
modified A* 

Two-layer cost grid 
map, Monte Carlo 
calculations, high 
radiation dose rate 
avoidance 

Compared with 
ACO and IACO, 
IACO-A* shows 
better path quality in 
complex 
environments 
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Table 5 (Continued). Summarization of the latest approaches on multi-objective 

optimization on ant colony optimization. 

Ref Optimization 
Approach 

Key Techniques Comparative 
Analysis 

(Fernández et al., 
2023) 

Modified ant 
colony 
optimization 
(MOACOr) 

Driving simulator, 
Inverse 
Generational 
Distance (IGD), 
Normalized 
Hypervolume (NH) 

MOACOr performs 
better than NSGA-II 
in terms of 
convergence, 
regularity, and 
diversity of 
solutions 

(Tian et al., 2023) Multi-source ant 
colony 
optimization (MS-
ACO) 

Heuristic function 
improvement, 
sorting optimization 
mechanism, field 
and simulation 
experiments 

MS-ACO 
significantly 
improves path 
length, corner 
angles, node 
numbers, energy 
consumption, and 
flight time 
compared to 
traditional ACO 

(Liao et al., 2023) Dynamic Ant 
Colony 
Optimization 

Look-ahead 
prediction of traffic 
flow, green-light 
phase sequencing, 
independence from 
vehicle trajectory 
data 

Demonstrated 
superior 
performance in 
reducing vehicle 
wait times and 
emissions compared 
to four traditional 
optimization 
algorithms 

2.5. Simulated Annealing (SA) 

Simulated Annealing is inspired by 
the annealing process in metallurgy, 
where a material is heated and then 
slowly cooled to reduce defects and 
improve its structure. In SA, a candidate 

solution is iteratively modified, with the 
acceptance of new solutions based on a 
probabilistic acceptance criterion that 
allows for occasional uphill moves. This 
helps the algorithm escape local optima 
and explore the search space more 
effectively. As shown in Figure 4. 
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Fig. 4. A flowchart of the simulated-annealing algorithm (Zhou et al., 2018). 
 

This paper proposes a hybrid 
optimization technique using Chaotic 
Multi-Objective Simulated Annealing 
(CMOSA) and Threshold Accepting (TA) 
based algorithms for solving the well-
known Job Shop Scheduling Problem 
(JSSP). CMOSA uses chaotic sequences 
that help with the exploration ability and 
avoiding premature convergence. TA 
Algorithm is included in order to 
enhance and elaborate the results that can 
accept worse solutions based on some 
conditions used for escaping from local 
optima (Frausto-Solis et al., 2021).  

Another study introduces a new 
hybrid multi-objective optimization 
method for tackling class imbalance in 
datasets, called Simulated Annealing-
Based Under sampling (SAUS). This 
method combines metaheuristic search 
algorithm simulated annealing with a 
new cost function derived from Balanced 

Error Rate (BER) for optimal under 
sampling. BER cost function strikes a 
balance between sensitivity and 
specificity, allowing the classifier to be 
trained based both on true positive rates 
while avoiding local optimum 
(Chennuru & Timmappareddy, 2022).  

In this work we propose a 
decomposition based Multi-Objective 
Simulated Annealing (MOSA). This 
method breaks the original multi-
objective problem into a series of scalar 
optimization subproblems, and these 
problems are simultaneously optimized 
using simulated annealing. This method 
exploits the capacity of simulated 
annealing to get out of local optima and 
approach a near-optimal solution 
(Vargas-Martínez et al., 2023a). The 
mentioned approaches above are 
summarized in Table 4. 
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Table 6. Summarization of the latest approaches on multi-objective optimization 
on simulated annealing optimization. 

Ref Optimization 
Approach 

Key Techniques Comparative 
Analysis 

(Frausto-Solis et al., 
2021) 

Hybrid approach 
combining Chaotic 
Multi-Objective 
Simulated 
Annealing 
(CMOSA) and 
Threshold 
Accepting (TA) 

Chaotic sequences 
for exploration, 
TA for escaping 
local optima 

Compared with 
benchmark JSSP 
instances, 
demonstrating 
effectiveness in 
balancing 
makespan and 
workload 

(Chennuru & 
Timmappareddy, 
2022) 

Simulated 
Annealing-Based 
Undersampling 
(SAUS) 

Balanced Error 
Rate (BER) cost 
function, 
sensitivity-
specificity balance 

Enhances 
sensitivity from 
0.68 to 0.86, 
significantly 
improves AUC 
compared to 
existing methods 

(Vargas-Martínez et 
al., 2023a) 

Multi-Objective 
Simulated 
Annealing (MOSA) 
based on 
decomposition 

Decomposition 
into scalar 
subproblems, 
simultaneous 
optimization using 
simulated 
annealing 

Shows 
effectiveness in 
achieving well-
distributed 
Pareto-optimal 
solutions on 
standard 
benchmarks 

2.6. Parameter Tuning and Adaptation 

Another large domain of change is 
around parameter tuning/adaptation 
(Sadeeq & Abdulazeez, 2022). 
Metaheuristics consist of more than one 
parameter that must be defined by 
problem experts such as crossover and 
mutation rates in GA or inertia weight 
and learning factors in PSO. The 
algorithm performance reasons out that 
suitable parameter settings are the 
conversion. Adaptive techniques have 

been proposed that appropriately adapt 
these settings throughout the course of 
the search to better suit the problem 
landscape and assist convergence (and in 
some cases diversity). 

In this paper, we elaborated the 
algorithm which combines ANFIS using 
MOPSO_HS for tuning parameters in 
multi-objective optimization. Hybrid 
Method: The application of metaheuristic 
methods or the combination of different 
metaheuristic methods to solve ANFIS 
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parameters more efficiently. This work 
emphasizes the ability of this hybrid 
approach to achieve better estimation 
and performance optimization in multi-
objective environments (Yelghi, 2024). 

In this research, they propose a new 
method based on a combination of 
collaborative learning automata with 
multi-objective optimization algorithms 
for solving structural damage 
identification problems. The parameters 
tuning and its adaptation is the key 
aspect of this methodology which 
improves inverse analysis with respect to 
accuracy and reliability- The adaptive 
metaheuristic framework provides a tool 
to balance the trade-offs between 
competing objectives, resulting in more 

accurate damage detection and model 
prediction (Zhang et al., 2024). 

In this paper, the combined economic 
and emission power dispatch problems 
are solved by the multi-objective Honey 
Badger Algorithm (HBA). Hyperband 
Algorithm (HBA) is an adaptive 
metaheuristic optimization algorithm 
which has only a few parameters, fast 
convergence and high accuracy. The 
details of the parameter tuning study to 
enhance the performance of HBA are 
studied and proves its functionality in 
arriving at a best optimal power dispatch 
condition with economic and 
environmental considerations (Wang et 
al., 2024). The mentioned approaches 
above are summarized in Table 5. 

 
Table 7. Summarization of the latest approaches on multi-objective optimization 

on simulated annealing optimization. 

Ref Optimization 
Approach 

Key Techniques Comparative Analysis 

(Yelghi, 
2024) 

Hybrid approach 
combining ANFIS 
and MOPSO_HS 

Uses strengths of 
ANFIS and 
MOPSO_HS to solve 
ANFIS parameters; 
enhances parameter 
tuning in multi-
objective optimization 

Demonstrates 
improved estimation 
accuracy and optimized 
performance compared 
to using ANFIS or 
MOPSO_HS alone 

(Zhang et al., 
2024) 

Integration of 
collaborative learning 
automata with multi-
objective 
optimization 
algorithms 

Focuses on parameter 
tuning and 
adaptation; enhances 
accuracy and 
reliability of inverse 
analysis 

Achieves better balance 
between objectives, 
leading to more 
accurate damage 
detection and model 
prediction compared to 
traditional methods 

 

 

 

https://doi.org/10.34010/injiiscom.v8i1.15561


Jessica et al. Practical Computation in the Techno-economic...| 140 

 

 
DOI: https://doi.org/10.34010/injiiscom.v8i1.15561  
p-ISSN 2810-0670 e-ISSN 2775-5584 

Table 8 (Continued). Summarization of the latest approaches on multi-objective 

optimization on simulated annealing optimization. 

Ref Optimization 
Approach 

Key Techniques Comparative Analysis 

(Wang et al., 
2024) 

Multi-objective 
Honey Badger 
Algorithm (HBA) 

Adaptive 
metaheuristic with 
few parameters, fast 
convergence, high 
accuracy 

Effectively balances 
economic and 
environmental 
objectives in power 
dispatch, showing 
superior performance 
in achieving optimal 
solutions 

3. RESULTS AND DISCUSSION 

3.1. Benchmark Problems 

Comparison of modified meta 
heuristic algorithms for multi-objective 
optimisation (MOO) usually starts with a 
proper set of benchmark problems. These 
benchmark problems are intended to 
evaluate multiple algorithm performance 
features, including convergence and 
diversity as well as scalability. They do, 
also offer a way for uniform comparison 
across the algorithms and find out their 
strengths or weaknesses. This has seen 
most use in the common benchmarks like 
Zitzler-Deb-Thiele (ZDT), Deb-Thiele-
Laumanns-Zitzler (DTLZ), Walking Fish 
Group (WFG) and etc. 

The ZDT test suite is a popular 
benchmark problem set for MOO. It 
includes six problems (ZDT1 to ZDT6) 
with various complexities and features. 
The ZDT consists of a set of problems 
with two objectives and a scalable 
number of decision variables. These 
problems have been developed to 
investigate the characteristics of 
optimization algorithms such as: 
different Pareto front shapes (convex, 

concave, and discontinuous) and 
diversity maintenance. 

The DTLZ test suite is an extension of 
the ZDT suite, which provides problems 
with greater than two objectives and 
represents a closer approximation to 
solvers used on realistic MOO problems. 
Distributed Test Suite for DTLZ Problems 
(DTLZ1 — DTLZ7): Each of these 07 
problems addresses various meaningful 
problem characteristics in the context of 
multi-objective optimization, which 
might include scalability to higher 
dimensions of objective spaces and 
challenges surrounded with complex 
Pareto front shapes. 

Another benchmark problems 
collection that was developed to analyze 
MOO algorithms closely is the WFG test 
suite. There are nine problems in the 
WFG suite (WFG1-WFG9) with 
properties that can be adjusted to yield a 
wide variety of search and optimization 
landscape to investigate. On the other 
hand, the WFG problems are useful in 
that they maintain diversity and 
convergence under deceptive search 
landscapes. 
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The papers collectively explore 
advancements in multi-objective 
optimization using established 
benchmarks. The Multi-objective Fitness-
Dependent Optimizer Algorithm 
introduces MOFDO, tested against 
Zitzler-Deb-Thiele (ZDT) functions to 
demonstrate its effectiveness in finding 
diverse solutions (Abdullah et al., 2023). 
The Multi-objective Multiplexer Decision 
Making Benchmark introduces a new 
problem inspired by DTLZ, providing a 
real-world context for decision-making 
and expanding the suite of available 
benchmarks (Djartov & Mostaghim, 
2023). A Distributed Multi-Disciplinary 
Design Optimization Benchmark creates 
'CO-ZDT' to evaluate collaborative 
optimization across multiple disciplines, 
extending scalability and complexity 
(Johnson et al., 2023). Lastly, Pre-DEMO 
refines differential evolution techniques, 
using DTLZ and WFG benchmarks to 
improve convergence in multi and many-
objective contexts (Palakonda & Kang, 
2023). Together, these studies contribute 
to the robustness and applicability of 
multi-objective optimization algorithms. 

3.2. Metrics for Comparison  

Evaluating the performance of MOO 
algorithms requires appropriate metrics 
that can measure various aspects of the 
solutions obtained. Commonly used 
metrics include the hypervolume 
indicator, generational distance, spacing, 
and coverage of two sets. These metrics 
provide insights into the convergence, 
diversity, and distribution of the obtained 
Pareto front. In multi-objective 
optimization, several detailed metrics are 
used to evaluate and compare solutions: 

Pareto Front: A set of solutions where 
no objective can be improved without 
degrading another. It shows the trade-

offs between contradictory objectives, 
aiding with the visualization of optimal 
solutions. 

Hypervolume: Measure of the 
volume in the objective space which is 
dominated by the Pareto front and 
bounded by a reference point. In general, 
the resulting solutions are outperforms 
by covering more area for each vector of 
objectives, resulting in a larger 
hypervolume. 

Spread: A.k.a. diversity, this 
indicates how evenly distributed the 
solutions are along the Pareto front. It 
guarantees that solutions do not bunch 
up in one region providing decision-
makers with a complete spectrum of 
trade-off space. 

Convergence: This metric quantifies 
the distance between the obtained 
solutions and the true optimal Pareto 
front. This tests how well the best 
solutions can be found by the algorithm. 

Inverted Generational Distance 
(IGD): This is a measure which considers 
both convergence and diversity aspects. 
It measures the average distance of the 
points located on the true Pareto front to 
the nearest point among the obtained 
solutions, which serves to provide 
information on how close the obtained 
solutions are to optimal front and the 
distribution of the solutions. 

So here ends some high-leveler multi-
objective optimization-related metrics 
which are mostly taken to assess and 
improve like Pareto Front, Hypervolume, 
Spread, Convergence, IGD, etc. For 
instance, Bezerra et al. (Bezerra et al., 
2017) which presented an in-depth 
analysis of IGD and its variants, shedding 
light on challenges like Pareto 
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compliance and dependency on reference 
front size in practice, while also analysing 
their performance in terms of 
convergence and diversity. A new 
convergence indicator based on Shannon 
entropy was subsequently introduced by 
Santos and Xavier (Santos & Xavier, 2018) 
presenting a computationally efficient 
indicator when compared to traditional 
goodness measures such as hypervolume 
and indicator distance (IGD), and 
without any dependence on the true 
Pareto set. Sun et al. This algorithm (Sun 
et al., 2018) used an indicator-based 
evolutionary algorithm for IGD, which 
focused on developing a novel 
dominance comparison and a proximity 
distance assignment mechanism to better 
choose the solution and promote 
convergence and diversity. Similarly, Cai 
et al. The Grid-IGD method (Cai et al., 
2020) was proposed to improve upon the 
traditional IGD method by adopting a 
grid-based approach which significantly 
reduces the computational complexity of 
convergence and diversity estimation 
while maintaining accurate estimation 
capabilities. In line with these studies, 
Stander and Goel (Stander & Goel, 2010) 
discussed geometric properties and 
convergence metrics, concluding that 
hypervolume provides stable consistency 
and monotonicity evaluations, while the 
value of spread is dependent on the 
process of Pareto front. These studies 
provide deep insights into the 
approaches to enhance the evaluation 
and performance of multi-objective 
optimization algorithms through 
sophisticated metrics and algorithmic 
advancements. 

3.3. Challenges and Considerations  

Although improved metaheuristic 
algorithms have shown notable success 

in addressing MOO situations, there are 
still challenges and considerations. What 
we need help with, is striking the right 
balance between convergence and 
diversity. A balance between these two 
factors is important for obtaining a good 
Pareto front (Bao et al., 2019). Scalability 
of algorithms to high-dimensional 
objective spaces is yet another challenge. 
With the increasing number of objectives, 
diversity and convergence become more 
challenging (Peng et al., 2023). 

Moreover, the performance of 
metaheuristic algorithms is frequently 
problem-specific. An algorithm that 
performs well on one set of benchmark 
problems might not perform particularly 
well on other benchmarks. This indicates 
the necessity of being evaluated 
comprehensively using a wide set of 
benchmark problems (Sadhu et al., 2023). 

The computational complexity of 
metaheuristic algorithms should be a key 
consideration. However, they can also be 
computationally expensive, although 
they are typically more versatile and 
adaptable when compared to 
conventional optimization techniques. 
Proper implementation and the use of 
parallelization techniques, such as those 
used by Abdelhafez et al., 2020, can be 
used to partly reduce this problem and 
improve the scalability of metaheuristic 
algorithms (Abdelhafez et al., 2020). 

3.4. Applications 

The robustness, flexibility, and 
efficiency of metaheuristic algorithms 
have led to their widespread use in the 
solution of complex multi-objective 
optimization (MOO) problems in many 
fields. In this section, we look at how 
these algorithms are applied to 
engineering design, economics and 
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finance, logistics and supply chain 
management, environmental 
management, healthcare, and other 
evolving sectors.  

3.5. Engineering Design  

Structural Design: In structural 
engineering, the design of buildings, 
bridges, and other infrastructure needs to 
balance multiple conflicting objectives 
such as cost vs weight vs strength vs 
durability. NSGA-II, MOPSO, and other 
modified metaheuristic algorithms have 
been successfully employed for the 
structural component optimization by 
balancing these objectives. For example, 
NSGA-II has been utilized for optimizing 
truss structure topology, minimizing 
weight while maximizing the strength 
and stability (Wang et al., 2023; Niño-
Álvarez & Begambre-Carrillo, 2023; Cao 
et al., 2023). 

Aerodynamic Shape Optimization: 
Aerodynamically shaped elements, such 
as quasi-bodies with high lift and low 
drag, or members that support these 
characteristics with a factor of safety, 
exemplify these parameters. MOPSO has 
been used to identify optimal shapes for 
minimizing drag and improving 
performance. MOPSO drives designers in 
finding the proper shape by using 
external archives and diversity 
preservation techniques. (Wang et al., 
2023; Wu et al., 2023; Gao, 2023). 

Electrical Circuit Design: Electronics 
is a complex field where it's difficult to 
design circuits that satisfy multiple 
performance metrics, like area, speed, 
and power. Metaheuristic Algorithms 
Modified versions of metaheuristic 
algorithms like MACO have been 
employed for the optimization of circuit 
layouts. Through pheromone update and 

multi-objective criteria, MACO enables 
exploration of different design 
configurations and provides optimal 
trade-offs (Prakasa & Robandi, 2023; 
Kumar et al., 2022; Devi et al., 2021). 

3.6. Economics and Finance  

Portfolio Optimization: Portfolio 
optimization is the process of extensive 
selection of weightage of assets which 
maximizes the return while minimizing 
the risk. This is a classic MOO problem, 
needed trade-off among different 
objectives such as expected return, risk 
(variance) and liquidity. NSGA-II has 
been subsequently utilized for portfolio 
optimization, enabling investors to 
develop diversified brokering portfolios 
with the expected risk-return profile. 
Thus due to the simultaneous handling of 
multiple constraints and maintainance of 
diversity in the solution set this type of 
algorithm is quite suitable for our 
application (Zhou et al., 2022; García et al., 
2020; Abensur & Carvalho, 2022). 

Resource Allocation: It is essential for 
maximizing benefits in terms of an 
economic model by applying limited 
resources to projects or sectors. Multi-
Objective Particle Swarm Optimisation 
(MOPSO) and other modified algorithms 
show some promise towards such 
resource allocation problems based on 
multiple objectives cost, benefit and time. 
These algorithms help policymakers 
make smart choices on how best to 
allocate resources and design policies for 
optimal economic outcomes (Wang et al., 
2021; Yu et al., 2019; Liu & Liu, 2014). 

3.7. Logistics and Supply Chain  

Transportation and Routing: 
Logistics focuses on optimizing 
transportation routes to reduce cost, 
travel time and environmental load. 
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Metaheuristic algorithms have been 
modified such as in MACO to solve 
vehicle routing problem (VRP), which 
encompasses finding optimal paths for a 
fleet of vehicles to deliver goods. MACO 
ensures efficient and sustainable routing 
solutions by incorporating multi-
objective criteria and adaptive 
pheromone update rules (Kashyap et al., 
2023; Ahmed et al., 2023; Zahedi et al., 
2023). 

Inventory Management: Stock level 
management is the equilibrium between 
the costs of having stocks inventory, the 
cost of stockout, and the level of service. 
NGSA-II and MOPSO have been used to 
optimize inventory policies, obtaining 
the best reorder points and quantity to 
order. The algorithm assist enterprises in 
making proper return on assets for 
optimum inventory level and thus 
improve the service timing while 
reducing costs (Mousavi et al., 2016; 
Wieczorek & Ignaciuk, 2019; Vishkaei et 
al., 2019). 

Production Scheduling: Production 
scheduling is a crucial function in 
manufacturing systems for allocating 
resources and scheduling tasks to 
optimize objectives like production time, 
cost, and quality. Optimal production 
schedules have been obtained by 
modifying algorithms such as MOSA. 
These algorithms utilize adjustable 
cooling profiles and multi-objective 
acceptance rules that increase 
productivity and efficiency of the 
solutions (Noroozi et al., 2018; Ganji et al., 
2020; Gharaei & Jolai, 2021). 

3.8. Environmental Management  

Pollution Control: The true aim of 
environmental management is to 
combine the minimization of pollution 

with the maximization of economic and 
social returns. For example, the use of 
modified metaheuristic algorithms 
(NSGA-II) is as utilized to develop 
pollution control strategies by balancing 
the objectives of emission reduction, 
costs, and compliance with regulations. 
This helps policymakers develop 
environmental policies that are effective 
and sustainable (Xu et al., 2021; Li & 
Zhou, 2021; Sundaram, 2020). 

Water Resource Management: Water 
resources management refers to process 
of planning, developing, distribution and 
management of the water resources in a 
sustainable way. Water resources 
management problems have been 
addressed using MOPSO and other 
modified algorithms taking into 
consideration multiple objectives like 
availability of water, distribution cost 
and environmental impact. These 
algorithms are used to devise solutions 
that facilitate the distribution of water in 
a manner that is both sustainable and 
equitable (Rezaei & Safavi, 2020; Hojjati et 
al., 2018; Mehdipour et al., 2009). 

Renewable Energy Planning: In 
renewable energy, mixing optimize the 
energy sources (like wind and solar), 
minimizing cost, efficiency and 
environmental impact. The placement 
and operation of renewable energy 
systems has been optimized by using 
modified metaheuristic algorithms such 
as MACO. These algorithms use multi-
objective criteria, assisting to maximize 
energy production, minimize costs, and 
reduce environmental impact (Güven et 
al., 2023; Radosavljević et al., 2020; 
Bahlouli et al., 2023). 
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3.9. Healthcare  

Medical Treatment Planning: In 
healthcare, treatment planning aims to 
optimize several objectives, such as 
treatment effectiveness, adverse events, 
and patient quality of life. Related works 
Modeling Disease Treatment using GA 
NSGA-II has also been applied to 
generate optimal treatment plans for 
several diseases including chronic 
disease management and cancer 
radiotherapy. The coupling of multiple 
constraints and high-performance 
diversity preservation makes the 
algorithm well-suited for such forms of 
personalized treatment planning (Tian et 
al., 2022; Ajayi et al., 2022; Z. Sun et al., 
2022). 

Healthcare Resource Allocation: 
Finding an economically efficient level of 
health care requires balancing various 
objectives, such as cost, access, and 
patient outcomes. It has been used to 
optimize the allocation of resources such 
as hospital beds, medical staff, and 
equipment, with MOPSO and other 
modified algorithms. Healthcare 
administration one of the best places to 
apply these algorithms to guide the 
administrator in making the right 
decisions which leads to better patient 
care (Belciug & Gorunescu, 2015; Xilin et 
al., 2019; Chen & Wang, 2016). 

Drug Design and Discovery: Drug 
design and discovery is a multi-objective 
optimization problem that 
simultaneously optimise drug 
effectiveness, safety, and 
manufacturability. MOSA, a modified 
metaheuristic algorithm. These 
algorithms improve the efficiency and 
effectiveness of drug discovery process 
by integrating multi-objectives 
acceptance criteria and dynamic cooling 

schedules (Vargas-Martínez et al., 2023b; 
Samy et al., 2024; Liu et al., 2021). 

3.10. Other Emerging Areas  

Smart Grid Optimization: The 
underlying principle of smart grids is to 
maximize efficacy, reliability, and 
environmental sustainability by 
coordinating electricity generation, 
distribution, and consumption. Multi and 
many-objective optimization of smart 
grid operations has been carried out in 
literature using modified metaheuristic 
algorithms such as NSGA-II, accounting 
for objectives like cost, energy lost, 
environment, etc. The algorithms are 
instrumental for developing cost-
effective and resilient smart grid systems 
that can handle the increasing energy 
needs (Amoussou et al., 2023; Sefidgar et 
al., 2023; Huang et al., 2021). 

Urban Planning: The key challenges 
faced by urban planning are to develop 
sustainable forward-looking use of 
relevant land, infrastructure, and 
transportation. Urban planning solutions 
have been developed using MOPSO and 
other modified algorithms with the goal 
of being optimal in terms of multiple 
objectives including economic, 
environmental, and social equity 
objectives. All of which help planners 
improve the resilience and critical 
adaptability of our future cities (Mosey & 
Deal, 2020; Martínez et al., 2019; Wicki et 
al., 2021). 

Robotics and Autonomous Systems: 
Balancing performance, energy 
efficiency, and robustness of autonomous 
systems where you have the design and 
operational decisions to optimize from a 
robotics perspective. MACO and similar 
metaheuristic-based algorithms have 
been used widely for optimizing robot 
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path planning, control strategies, and 
sensor placement techniques. By 
employing these algorithms, intelligent 
and efficient robotic systems are being 
developed for multiple applications, such 
as manufacturing, healthcare and 
exploration (Aly et al., 2023; Benni et al., 
2023; Sachan et al., 2023). 

3.11. Future Directions 

Research efforts are dedicated to the 
improvement of metaheuristic 
algorithms in the MOO domain, which 
continues to evolve. A few hopeful paths 
comes to mind which I will discuss in 
future paragraphs that may lead to 
creating Algorithms that lead to higher 
levels of development by processing 
complex arrays of data & neural 
networks. 

3.12. Integration with Machine 
Learning 

A highly promising path for the 
future is the combination of 
metaheuristic algorithms and machine 
learning techniques. The combination of 
metaheuristics and machine learning 
produces predictive models which help 
them perform better. By doing so it 
provides an enriched search with 
information about the measures that are 
sought in the prediction of the fitness 
landscape, without which the search is 
conducted without direction. Genetic 
algorithms can also be applied to adapt 
algorithm parameters based on 
characteristics of the specific problem 
being solved and the current progress of 
the search, allowing for improved 
adaptability and convergence speed. 
Integrating metaheuristics with deep 
learning, reinforcement learning, and 
other cutting-edge approaches may 

provide a path towards more advanced 
optimization algorithms. 

3.13. Real-time Optimization 

Applications needing immediate 
decision-making using real-time 
optimization include autonomous 
systems, financial trading, smart grids 
etc. Real-time computation of 
metaheuristic algorithms requires 
lightweight and efficient versions of these 
algorithms that can offer high-quality 
solutions within tight time limits. 
Research along these lines is targeted at 
increasing the computational efficiency 
of these algorithms, either through 
parallelization or by introducing 
approximate methods which offer a 
trade-off between solution accuracy and 
computation runtime. Training in real 
time will allow metaheuristic algorithms 
to be used in dynamic and fast-changing 
situations that require prompt decision-
making. 

3.14. Handling Uncertainty 

Incomplete information, stochastic 
elements, and nonstationary 
environments introduce uncertainty in 
many real-world optimization problems. 
Adding uncertainty to metaheuristic 
algorithms is critical to make decisions 
that are more robust and reliable, 
Research directions Moving forward, 
further research will be aimed at 
designing algorithms dealing with 
different types of uncertainties like 
probabilistic, fuzzy and interval 
uncertainties. To ensure models not only 
come up with solutions that are optimal 
based on the given input, but also more 
robust against uncertainties, techniques 
such as robust optimization, stochastic 
programming, and fuzzy logic can be 
combined with metaheuristics. However, 
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this is especially salient in domains (such 
as environmental management, 
healthcare, and supply chain 
management) where decision-making 
under uncertainty is ubiquitous. 

 

3.15. Multi-modal and Large-scale 
Optimization 

These MOO problems are often 
multi-modal (having a number of local 
optima) and large-scale (having a large 
number of decision variables and 
objectives). Thus, the next investigations 
will be directed on strengthening the 
exploration-exploitation capability of 
metaheuristic algorithms in complicated 
real-world multi-modal and large-scale 
search spaces. This encompasses creating 
novel methods for preserving 
heterogeneity, preventing early 
convergence, and traversing intricate 
landscapes effectively. Hybrid 
algorithms that leverage the advantages 
of several metaheuristics through 
strategies such as decomposition, 
cooperative co-evolution and memetic 
algorithms also represent promising 
approaches for addressing these issues. 

3.16. Collaborative and Distributed 
Optimization 

This includes, but is not limited to: 
collaborative/distributed optimization: 
multiple agents/systems cooperating to 
reach a solution. This method is 
especially good for problems and 
instances that are very large, complex or 
simple and unapproachable by one 
algorithm or system, The anticipation of 
research into collaborative and 
distributed algorithms, like meta-
heuristic algorithms that utilize cloud 
computing, swarm intelligence and 
multi-agent systems. They will be capable 

of exchanging information, coordinating 
their search efforts, and finding quality 
solutions in a collective manner, 
rendering them suitable for use-cases 
spanning from network design to 
logistics and smart cities. 

4.   CONCLUSION 

Therefore, the modified 
metaheuristic algorithms have been 
proposed and verified as a valuable 
approach for MOO problems in 
numerous fields. The flexible, adaptive 
and quality solution finding capabilities 
of GAs makes them best suited to attack 
the complexities associated with MOO. 
These algorithms showed a visible 
improvement against classical 
approaches by introducing paradigm 
changes like parameter fine-tuning, 
hybridization, knowledge integration, 
and optimizations of exploration and 
exploitation process. 

It is worth noting that algorithms (i.e. 
NSGA-II, MOPSO, MACO and MOSA) 
had performed well in providing 
converged and diverse Pareto fronts. 
These updates help in tackling challenges 
presented by various forms of MOO 
problem instances, including non-linear, 
non-differentiable, and multi-modal 
objective functions. Such algorithms are 
evaluated against benchmark problems 
and metrics [1], and their performance is 
extensively evaluated when it comes to 
robustness, reliability, etc. 

Modified metaheuristic algorithms 
are widely used in various sectors 
including engineering design, economics 
and finance, and logistics, as well as 
health and environmental management. 
They have been successfully used to 
optimize designs, shapes, portfolios, 
routes, treatment plans, and more. These 
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are just a few examples of the many 
applications of these algorithms in the 
real world, where they have proven 
useful in solving complex optimization 
problems. 

Future work remain focused on 
improving the performance of modified 
metaheuristic techniques. Endowing 
basic-solving strategies with machine-
learning, creating real-time optimization 
approaches, developing uncertain 
optimization, dealing with multi-modal 
and large-scale optimization problems, 
and investigating concurrent and 
distributed optimization are some of its 

favorable trends. Through this, 
metaheuristic algorithms will become 
applicable to wider applications and 
more efficient, and meet various complex 
and dynamic optimization problems. 

Overall, modified metaheuristic 
algorithms are an important contribution 
in the domain of multi-objective 
optimization. It is clear that these 
technologies will continue to evolve and 
be used in our efforts to address many of 
the most complex optimization problems 
in multiple fields, enhancing discovery 
and advancement both in theory and 
application. 
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