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A combinatorial optimization problem consists of traversing the search
space to extract an optimal solution among a finite set of solutions of an often
very large size such as its exhaustive enumeration is a tedious task among
combinatorial problems. Solving a problem combinatorial optimization
requires the use of an algorithmic process allowing the maximization or
minimization of one or more “objective” functions while respecting the
constraints posed by the problem. The number of “objective” functions of
the problem to be treated allows to classify it as a single-objective problem
or a multi-objective problem. Actually, a mono problem objective consists
of optimizing a single “objective” function, while a multi-objective problem
consists of optimizing two or more often-contradictory “objectives”. The
resolution of this type of problem (multi-objective problems) consists of
finding a compromise between the different imposed objectives. Indeed,
most of these problems belong to the class of NP-hard problems and
therefore do not currently have a valid efficient algorithmic solution for all
data. The fact that we encounter this problem in fields of application as

different as economy, industry, engineering ...etc.

Computing gives it great practical interest. The existing exact methods
are limited to small instances. Today, very difficult instances are resolved
using heuristic approaches, the ability of the latter to provide good quality
solutions make them indispensable in the practical field and they also prove
very useful for the development of exact methods based on evaluation and

separation techniques.

Human beings acquire a high level of intelligence with the ability to
understand, reason, recognize, learn, innovate, retain information, make
decisions, communicate and solve problems. Thus, integrating human
intelligence to develop the optimization technique using human problem-

solving ability would definitely take the scenario to the next level, thereby
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promising an effective solution to real-world optimization problems. These
algorithms are invoked in several real problems such as engineering,

economics and logistics...etc.

While multi-objective evolutionary algorithms have the ability to find
the Pareto optimal set, according to the No Free Lunch theorem [1], there is
no single technique that can solve all optimization problems of Equally, then
the power of an optimizer to solve a specific problem does not prove its
ability to solve another. This theorem allowed researchers to propose and
improve algorithms, because there is no standard solution. In view of this
theorem in this work, we propose a multi-objective optimization algorithm
called Multi-objective Chef Based Optimization Algorithm (MOCBOA)
based on the single-objective version Chef Based Optimization Algorithm
(CBOA) [2]. The latter is a population-based algorithm

In order to solve difficult multi-objective optimization problems and
find a set of better-quality solutions, the main points added in our MOCBOA

algorithm are:

o The Pareto dominance method has been integrated into the CBOA
algorithm to extract non-dominated solutions from the population.

o Anexternal archive was added to the CBOA algorithm in order to save
non-dominated solutions.

o The dominance relationship was integrated in order to update the
solutions in the archive with the best solutions while guaranteeing the

diversity and convergence of the Pareto optimal solutions.

The organization of this dissertation is as follows:
» Chapter 01: Discusses the general presentation of combinatorial
optimization.
» Chapter 02: Optimization problem-solving approaches

» Chapter 03: Chef-based optimization algorithm
11




» Chapter 04: Explains the MOCBOA algorithm implementation

with an application example.
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CHAPTER O01:

COMBINATORIAL OPTIMIZATION
PROBLEM
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1. INTRODUCTION
A combinatorial optimization problem consists of finding the best solution in a

discrete set of solutions called the set of feasible solutions. In general, this set is finite but
of very large cardinality.

In this chapter, we will present some basic concepts of optimization combinatorial
relative basic elements, which we will use in our study. we add some examples of these
combinatorial optimization problems with their algorithmic complexities and the tools for
modelling the problems of combinatorial optimizations then exact and approximate
resolution methods. In addition, present the context of multi-objective optimization and

its main definitions.

2. DEFINITION OF AN OPTIMIZATION PROBLEM
An optimization problem is defined by:

1. A decision space: configuration solution space made up of different values taken
by the decision variables.

2. One or more function(s) called objective(s) to be optimized (minimize or
maximize).

3. A set of constraints to respect.

3. COMBINATORIAL OPTIMIZATION PROBLEM

DEFINITION
In its most general form, a combinatorial optimization problem (subset with a finite

number of solutions of discrete optimization) consists of finding in a discrete set one
among the best feasible subsets (or solutions), the notion best solution being defined by

an objective function. Formally, given:

ea discreet set N finished
ea set function f :2N — R called the objective function
eand a set R of subsets of N, the elements of which are called the feasible

solutions
A combinatorial optimization problem consists of determining
Max {f(S):SeR (1)
ScN

We quickly present here four classic combinatorial optimization problems:
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The backpack problem, the assignment problem, the traveling salesman problem
and the scheduling problem.

4. COMPONENTS OF A COMBINATORIAL OPTIMIZATION

PROBLEM
= A search (decision) space: set of solutions or configurations made up of

the different values taken by the decision variables.
= Objective function: one or more so-called objective function(s), to be
optimized (minimize or maximize).

= Constraints: a set of constraints to respect.

In most problems, the state (decision) space is finite or countable. The problem
variables can be of various nature (real, integer, Boolean, etc.) and express guantitative

data. The objective function represents the goal to be achieved for the decision maker.

The constraint set defines conditions on the state space that variables must satisfy.
These constraints are often constraints of inequality or equality and allow in general to

limit the search space (feasible solutions).

5. CHARACTERISTICS OF A COMBINATORIAL
OPTIMIZATION PROBLEM
. Number of decision variables:

o A = mono variable.

o Several = multi variable.
o Type of decision variable:

o Continuous real number =continuous.

o Integer= integer or discrete.

o Permutation on a finite set of numbers= combinatorial.
o Type of objective function:

o Linear function of decision variables= linear.

o  Quadratic function of decision variables= quadratic.

o Nonlinear function of decision variables= nonlinear.
. Problem formulation:

o With constraints = constrained.

o Without constraints = not constrained.

15




6. SOLVING ACOMBINATORIAL OPTIMIZATION PROBLEM

Solving the combinatorial optimization problem requires the study of three point’s
individuals:
¢ The definition of all feasible solutions,
e The expression of the objective to be optimized,
e The choice of the optimization method to use,
The first two points relate to the modelling of the problem, the third to its resolution.
In order to define all the feasible solutions, it is necessary to express all the constraints of
the problem. This can only be done with good knowledge of the problem under study and
its field of application.

7. TYPES OF OPTIMIZATION METHODS

a pareto solution
multi-objective optimization
methods <
a set of pareto solutiond

optimization methods

single-objective optimization an optimal solution
methods

Figure 1.1: Types of optimization methods and their targeted solutions.

8. SINGLE-OBJECTIVE OPTIMIZATION PROBLEMS
A single-objective optimization problem (SOOP) has the objective function (f (x°)),

which must be minimized or maximized and a number of constraints (g (x”)). Equation

(2) shows the formula of the SOOP in its general form.
Minimize f (x7)
s.t. gj(x)=>0(G=1,...,m) 2)
x €XCRn

Where x” is a vector of n decision variables, x” = (x1, x2,..., x,) T, and X represents

a feasible region.

In single-objective optimization (SOO) problem deals with the maximization or
minimization of the objective function based upon a single variable given a constraint or

an unconstrained problem. The SOO problems have a single variable in the given
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objective function. The function may vary according to the different values of that
variable. The function may have i) Relative or Local Minimum ii) Relative or Local
Maximum iii) Absolute or Global Minimum iv) Absolute or Global Maximum. The
applications of SOO are related to less complex real time problems. However, at small

levels too optimization is needed

9. MULTI OBJECTIVE OPTIMIZATION PROBLEM
Multi-objective optimization is a branch of combinatorial optimization in this type

of optimization; we seek to satisfy several objectives at the same time. Thus, the

multicriteria optimization problem

Can be put in the following form:

Max, Min (f1(X); f2(X)... f2(X)) T, p>2 3)
gi(X) <0, j=1; 2;...m

10.CONCEPT OF DOMINANCE AND DOMINANCE
OPTIMALITY

a) Dominance

We say that the decision vector u= [ui,...,w]" dominates the vector v= [vi,...,v]"

(denoted: u<v), if and only if :
Vie{l,2,.. K} fiv)Na;e{l,2,....N}iu)<fi(v)

b) Pareto set

The Pareto set is the set of optimal solutions in the sense of Pareto, it is also called
the set of non-dominated solutions or the set of compromises or the set of efficient

solutions.

c) Pareto frontier

The Pareto frontier is the image of the Pareto set in the space of feasible criteria.
It is also called the Pareto surface or the Pareto front.

11.COMPLEXITY OF A COMBINATORIAL OPTIMIZATION

PROBLEM
Here we address addressing the complexity, definitions and classifications of

problems as follows (Figure 1.2).

1. P Class:
17




The class P is the set of languages decidable in polynomial time by a deterministic
Turing machine. It is included in NP

2. NP Class:

The class NP is the set of languages decidable in polynomial time by a non-

deterministic Turing machine.
3. NP-complete Class:

In complexity theory, an NP-complete problem or NPC problem (i.e., a complete

problem for the class NP) is a decision problem satisfying the following properties:

It is possible to verify a solution efficiently (in polynomial time); the class of

problems verifying this property is denoted NP.

All the problems of the NP class are reduced to this one via a polynomial reduction;

this means that the problem is at least as difficult as all other problems in the NP class.
4. NP-hard Class:

An NP-hard problem is, in complexity theory, a problem belonging to the NP-hard
class, which amounts to saying that it is at least as difficult as the most difficult problems
of the NP class.

If an NP-hard problem is in NP, then it is an NP-complete problem. So, all NP-
complete problems are NP-hard.

-dN

919]dwod

NP

Figure 1.2: Relationship between problem classes.

12.EVOLUTIONARY ALGORITHMS
When solving a multi-objective optimization problem, evolutionary algorithms are
a popular method for producing Pareto optimal solutions. The majority of methods for

evolutionary multi-objective optimization (EMO) utilize Pareto-based ranking schemes.

18




Evolutionary algorithms including Strength Pareto Evolutionary Algorithm 2 (SPEA-2)
[3], Multiobjective Differential Evolution versions, and the Non-dominated Sorting
Genetic Algorithm-11 (NSGA-II) [4] and its expanded version, (NSGA-I1II) [5], have
become standard methods. When evolutionary algorithms are utilized to address multi-
objective optimization problems, their primary benefit is in their ability to produce sets
of solutions that facilitate the computing of an approximate Pareto front.

13.CONCLUSION
In this chapter we introduced the basic concepts of optimization and combinatorial

optimization that are essential to understanding our work. We mentioned the types of
optimization methods and provided a definition for both single-objective optimization
problems and multi-objective optimization problems. In addition to this, we provided an
explanation of dominance and dominance optimality. Finally, we added a definition of

evolutionary algorithms.
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CHAPTER 02:

OPTIMIZATION PROBLEM-SOLVING
APPROACHES

20




1. INTRODUCTION
The necessity to handle numerous problems faced in daily life has prompted

researchers to propose and modify solution methods, with the goal of improving
performance in terms of calculation time and solution quality. Throughout the years,
different ways for addressing issues of varying complexity have been developed, resulting
in a wide range of tactics and performance levels. These methods can be broadly classified

into two types: exact methods and approximation methods.

Metaheuristic algorithms have numerous applications in solving optimization
problems. Integrating human problem-solving abilities into these algorithms may
improve the solutions to real-world optimization problems. Human behavior and
evolution enable individuals to adapt to their circumstances at speeds that frequently
outperform those of natural evolutionary processes.

2. METHODS FOR SOLVING MULTI-OBJECTIVE PROBLEMS
Multi-criteria optimization deals with problems that require the simultaneous

optimization of several objectives. These methods can be classified according to a specific

framework, as illustrated in (Figure 2.3).
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Multi-objective

optimization
methods
|
| |
E’faCt Heuristics
algorithmes
|
| |
| | Branchand Spef:|f!c Metaheurstics
bonnd heuristics
|
| |
|| A* Single-solution Population -
based based
|
| | |
. swarn . .
Tabu search evolut.lonary intelligence physica/chemist|
algorithms h y-based
algorithms
|
| |
simulutes genetic multi-verse
. — - human-related non-human — R
annealing algorithm optimization
differential teaching- artificial bee
. — leaming-based |} — harmony search
evolution LoD colony
optimization
human
A ant colony
— urbanization R
. optimization
algorithm

Figure 2.3: classification of multi-objective optimization methods
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2.1. EXACT METHODS FOR OPTIMIZATION
The principle of exact methods consists of searching, often implicitly, for a solution,

the best solution or all of the solutions to a problem. Optimization exact concerns all the
methods making it possible to obtain a result which we know to be optimal for a specific
problem. This ranges from simplex methods to Lagrangian methods. Through dynamic

programming. The exact methods can be classified into four large classes:

o Dynamic programming,

o Continuous linear or integer programming,

o Nonlinear programming with or without constraints,
o Tree search methods (Branch & Bound).

In order to find accurate solutions to issues that are known to be tough,[6] more
recent research has made it possible to build dynamic programming and linear
programming in integers. However, these approaches are not always simple to employ,
especially when it comes to describing the problems that are likely to be treated. In fact,
the size of the issues and the calculation times which might be prohibitive before the
algorithm achieves the exact answer limit the exact approaches even though the danger
of the calculation time required to discover a solution growing exponentially with the

problem's dimensions.

22. METAHEURISTIC METHODS
Metaheuristic constitute a class of methods which provide good quality solutions in

reasonable time to combinatorial problems known to be difficult for which no more
efficient classical method is known. We call Metaheuristic (from the Greek, Meta = which
encompasses) methods designed to escape local minima. The term Meta is also explained
by the fact that these methods are general structures whose components must be
instantiated according to the problem, for example, the neighbourhood, the starting
solutions or the stopping criteria. Metaheuristic are generally iterative stochastic
algorithms which progress towards a global optimum, that is to say the global extremum
of a function by evaluating a certain objective function. They behave like search
algorithms, attempting to learn the characteristics of a problem in order to find an
approximation of the best solution in a manner close to approximation algorithms. The
growing interest in Metaheuristic is entirely justified by the development of machines

with enormous computational capacities, which has made it possible to design
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increasingly complex Metaheuristic which have demonstrated a certain efficiency when
solving several NP-hard problems.

There are many Metaheuristic ranging from simple local search to more complex
global search algorithms. However, these methods use a high level of abstraction allowing
them to be adapted to a wide range of combinatorial optimization problems.

3. HUMAN-INSPIRED ALGORITHMS
Human-inspired algorithms are a subclass of metaheuristics that use human

behavior and cognitive processes to address optimization challenges. These algorithms
take advantage of human-like processes for social interaction, decision-making, learning,
and problem-solving. Integrating these human-like behaviors into optimization

algorithms may improve their performance and relevance to real-world situations.
Key Human-Inspired Algorithms:

Human-inspired algorithms have evolved to address complex optimization
problems by mimicking various human strategies. Some well-known human-inspired

algorithms include:

Table 2.1: Human-Inspired Optimization Algorithms

Sl Name of the HIOA Year Author

1 Cultural Algorithm [7] 1994 Reynolds

2 Harmony Search Algorithm [8] 2001 Geem et al.

3 Society and Civilization [9] 2003 Ray et al.

4  Seeker Optimization Algorithm [10] 2006 Dai et al.

5 Imperialist Competitive Algorithm [11] 2007 Gargari and Lucas
6  League Championship Algorithm [12] 2009 Kashan

7 Group Counselling Optimization 2010 Eita et al.
Algorithm [13]

8 Anarchic Society Optimization [14] 2011 Ahmadi

9 Cobhort Intelligence [15] 2013 Kulkarni et al.

10 Exchange Market Algorithm [16] 2014 Ghorbani and Babaei
11 Election Algorithm [17] 2015 Emami et al.

12 Passing Vehicle Search [18] 2016 Savsani and Savsani
13 Human Mental Search [19] 2017 M.J. Mousavirad
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14 Social Engineering Optimizer [20] 2018 Amir Mohammad

Fathollahi-Fard

15 Future Search Algorithm [21] 2019 Elsisi
16 Political Optimizer [22] 2020 Qamar Askari et al.
17 Coronavirus Herd Immunity 2021 Mohammed Azmi Al-
Optimization [23] Betar
18 Stock Exchange Trading Optimization 2022 Emami
[24]
4. ADVANTAGES AND LIMITATIONS OF HUMAN-BASED

ALGORITHMS
Human-based metaheuristic algorithms are designed based on modelling

communication, interactions, thoughts, decisions, and strategies of humans in their social

and individual lives.

4.1. ADVANTAGES

eHuman-based algorithms can handle complex decision-making processes
that may be difficult for purely automated algorithms.

eHumans are adept at adapting to changing circumstances, making human-
based algorithms suitable for dynamic environments where rules or conditions
may evolve over time. This adaptability can lead to more robust and flexible
systems.

eHuman-based algorithms often produce results that are easier to interpret
and explain compared to purely automated algorithms. This is particularly
important in domains where transparency and understanding of decision-making
processes are crucial, such as healthcare and law.

eHumans possess creativity and lateral thinking abilities that are
challenging to replicate in purely automated systems. Human-based algorithms
can leverage these capabilities to generate innovative solutions to complex

problems.

4.2. LIMITATIONS

eHuman-based algorithms are susceptible to human biases, prejudices, and

subjectivity. The decisions made by humans may vary based on individual
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perspectives, experiences, and cognitive biases, leading to inconsistent or unfair
outcomes.

eDepending on the level of human involvement, human-based algorithms
may not scale efficiently to handle large volumes of data or tasks. Human labour
can be time-consuming and costly, limiting the scalability of such systems.

e Human-based algorithms may not be feasible or practical for certain tasks
or domains where human judgment is difficult to quantify or where automation is

preferred for efficiency or consistency reasons.

5. BASIC PRINCIPLES OF HUMAN-BASED ALGORITHMS
Human-based algorithms draw inspiration from the cognitive processes and social

behaviors found in humans. These algorithms seek to emulate human problem-solving
processes in order to identify optimal or near-optimal solutions to complex optimization
issues. This section digs into the underlying ideas that underpin human-based algorithms,

focusing on their methods, structures, and common applications.

5.1. Human Cognition & Learning
Human-based algorithms simulate cognitive processes such as perception, memory,

reasoning, and problem solving in order to improve optimization efficiency and
effectiveness. The key principles include:

Memory Utilization: Keeping track of previously investigated solutions can help
guide future searches and avoid repeated assessments.

Learning and Adaptation: Using learning mechanisms to adjust in response to

environmental feedback, analogous to how humans learn from their experiences.

5.2.  Social Interaction and Collaboration
Human-based algorithms improve performance by modeling social behaviors:

Collaboration and teamwork: Using group decision-making techniques, such as
Group Counseling Optimization, to develop strong and innovative solutions.
Balancing rivalry and cooperation among agents, as demonstrated by competitive

and cooperative learning processes.

5.3.  Strategies for Decision Making and Problem Solving
These algorithms use human decision-making processes to explore complex search

areas.
Heuristics and rule of thumb: The Human Mental Search algorithm serves as an

example of using simple, efficient decision-making criteria.
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Scenario analysis and simulation involve simulating several situations to analyse

probable outcomes, similar to human mental simulations.

5.4. Emotional and psychological factors
Some algorithms include human emotional and psychological components:

Motivation and Reward Systems: Use reward systems to incentivize desirable
actions, comparable to reinforcement learning.
Stress and weariness: Human weariness and stress are simulated to represent
realistic search behaviors, minimizing overexploitation and encouraging exploration.
The optimization process typically includes:
1. Initialization: A random generation of candidate solutions.
2. Evaluation: involves determining the suitability of each possible solution.
3. Iteration: is the process of improving solutions incrementally using
predetermined procedures.
4. Termination: refers to the end of the search process when stopping
requirements are satisfied, such as a maximum number of iterations or a suitable

fitness level. (Figure 2.4) shows the optimization process.
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>

Figure 2.4: Flowchart depicting common structure of HIOAs

6. ENGINEERING APPLICATIONS OF OPTIMIZATION

End

Optimization is critical in engineering since it allows researchers to develop and

enhance systems, processes, and products by identifying the optimal solutions within

given limitations. Engineers can improve performance, save costs, increase efficiency,

and assure the long-term viability of their designs by utilizing optimization techniques.

The significance of optimization in engineering cannot be emphasized enough, since it
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has a direct impact on the quality and viability of engineering solutions in practical

applications.

Here are a few common applications from several engineering disciplines to show

the subject's broad reach.

O

O O O O O

Design of civil engineering structures such as frames, foundations, bridges,
towers, chimneys and dams for minimum cost

Design of minimum weight structures for earth quake wind and other types of
random loading

Optimal plastic design of frame structures (e.g., to determine the ultimate
moment capacity for minimum weight of the frame).

Design of water resources systems for obtaining maximum benefit.

Design of optimum pipeline networks for process industry.

Design of aircraft and aerospace structure for minimum weight

Finding the optimal trajectories of space vehicles.

Optimum design of linkages, cams, gears, machine tools, and other mechanical
components.

Selection of machining conditions in metal-cutting processes for minimizing the
product cost.

Design of material handling equipment such as conveyors, trucks and cranes

CONCLUSION
In this chapter, we presented some problem-solving methods for combinatorial

optimization we found that the exact methods allow to arrive at the optimal solution, but

they are too demanding in terms of calculation time and memory space required.

However, the approximate methods require research costs reasonable. But they do not

guarantee the optimality of the solution. We could note that approximate methods can be

divided into two classes: heuristic methods and meta-heuristic methods. A heuristic

method is applicable to a given problem. While a Meta heuristic method is more generic

and can be applied to a range of optimization problems.

And also, a definition of human-inspired algorithms with some basic concepts to

finally discover the importance and advantages of human-based algorithms.
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1. INTRODUCTION
Metaheuristic algorithms are commonly used for solving optimization problems.

This work introduces the Chef-Based Optimization Algorithm (CBOA)[2], a novel
metaheuristic based on the process of learning to cook in culinary school. The method
mathematically models the cooking training process to improve both local search
(exploitation) and global search (exploration). The effectiveness of CBOA is assessed
using 52 common objective functions, which show a high efficiency in balancing
exploration and exploitation to achieve optimal results.
CBOA’s innovation lies in its novel metaheuristic algorithm and systematic
approach to culinary training.
Training Process Model: Based on the phases of training new chefs, the study proposes
a mathematical model that reflects the dynamics of culinary education.
o Phase One: Chefs compete to establish quality ratings, demonstrating the
competitive nature of cooking mastery.
o Phase Two: Students compete depending on their cooking abilities to determine
their own quality scores.
Master Chef Methodologies:
o Strategy 1: Chefs pick up new skills from others.
o Strategy 2: Chefs do separate experiments to improve previously learnt
procedures.
Student tactics:
o Strategy 1: Students learn all methods from a single chef.
o Strategy 2: Students learn specific skills from several chefs.

o Strategy 3: Students conduct self-experiments to improve their skills.

2. CHEF-BASED OPTIMIZATION ALGORITHM
This section introduces the Chef-Based Optimization Algorithm (CBOA), an

innovative approach inspired by culinary students & training processes. Culinary schools
offer training programs to help students improve their skills and become proficient chefs.
This iterative refinement technique is similar to metaheuristic algorithms, in which
potential solutions are proposed and revised to determine the optimal one.

CBOA s framework reflects the evolution of student cooks into chefs, with
numerous key components:

e Chef Teachers: A culinary school has numerous chef teachers, each in charge of
guiding a class.
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e Class Selection: Students can choose which classes to attend, where they will
learn various cooking skills and approaches from their chef instructors.

e SKkill Refinement: Chef teachers continually improve their skills through
individual practice and guidance from the top chef instructor.

e Student Learning: Cooking students aspire to emulate and perfect the techniques
taught by their chef instructors, improving their talents through practice.

e Graduation: Culinary students graduate from the program as proficient chefs,
equipped with the skills learned and refined during their training.

3. ALGORITHM INITIALIZATION
The population-based algorithm that makes up the suggested CBOA technique is

made up of two categories of people: chef instructors and cookery students. Every
candidate solution that has details about the issue variables is a member of the CBOA.
Each member of the CBOA is a vector from a mathematical perspective, and the set of
CBOA members may be represented by a matrix in accordance with
Equation (1)

Xl x1,1 x1,] x1, m
X= Xi = xi,1 Xi, j xi,m (€]
XN[ N*m XN,L xN,j  xN, m)N*m

Where N is the population size, m is the number of problem variables of the
objective function (dimension of the problem), X is the CBOA population matrix, X is
the 1 th CBOA member (candidate solution), and x;, j is its j th coordinate (i.e., the value
of the j th problem variable for the | th CBOA member).
At the start of the algorithm's execution, the positions of the CBOA members are

randomly initialized for I = 1, 2... Nandj = 1, 2..., M using Equation (2)
Xij=lb j+r. (ub j-1b ;) 2

Where r is a random number in the interval [0, 1], Ibj and ubj are the lower and the

upper bounds of the j th problem variable, respectively.

An objective function value is calculated by substituting each CBOA member's
recommended value into the variables. Consequently, N values are computed for the
objective function and the objective function is evaluated in N turns (where N is the
number of CBOA members). A vector that corresponds to Equation (3) can be used to

represent these values.
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F1 F(X)
F= Fi = | F (X)) (3)

FnJ Net F (XN)] N*1

Where Fi is the value of the objective function derived for the I th member of the
CBOA, where | = 1,2,...,N and F is the vector of values of the objective function.
Important details on the calibre of the potential solutions are provided by the objective
function values. The criterion for choosing the optimal candidate solution is the objective
function's value. The best member of the population and the best candidate solution
among CBOA members is identified as the member with the best value for the objective
function. Every time the algorithm runs, the members of the CBOA are updated, and the
goal function's associated values are determined. Therefore, it is essential to update the

top participant in each iteration based on comparing the values of the objective function

4. MATHEMATICAL MODELING OF CBOA
Once launched, the Chef-Based Optimization Algorithm (CBOA) improves

candidate solutions over a number of steps. CBOA is divided into two groups:
chef teachers and cooking students, with each following its own set of updating
methods.
1. Group Formation:
e Chef Instructors: Selected based on higher objective function values.
e Cooking Students: Comprise the remaining members with lower
objective function values.
2. Selection Process:
e Members are ranked by their objective function values in ascending
order.
e The top NC members form the chef instructors group.
e The remaining N — NC members become the cooking students group.
3. Mathematical Representation:
e Objective function values and population matrices are sorted and
represented in specific equations to facilitate the selection and updating

processes.

This systematic strategy assures that the top performers guide others’ learning and
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progress, iteratively optimizing overall solution quality.
((XS1 ) XS11 XS] XS1m

XS = | XSne = | XSNc,1 XSNcj XSNc,m (4)
XSNe+1 XSNc+1,1 XSNc+1j  XSNc+1,m

XSN | N*m XSN1 XSNJ XSNm N*m

FS = [FSnc (5)
FSnc+1

\FSN ) Nem

Where NC is the number of chef instructors, XS is the sorted population matrix of
CBOA, and FS is a vector of ascending objective function values. In the matrix XS,
members from XS; to XSnc represent the group of chef instructors and members from
XSnc + 1 t0 XSn represent the group of cooking students. The vector FS i includes

successively the values of the objective functions corresponding to XS to XSn.

PHASE 1: THE UPDATING PROCESS FOR GROUP OF CHEF

INSTRUCTORS (UPDATE OF XS1 TO XSNC).
In a culinary school, many chef professors are supposed to teach students cooking

techniques. Chef teachers build their culinary skills through two basic ways. The first
tactic entails modeling themselves after the best chef teacher to learn their techniques,
demonstrating CBOA’s investigation and worldwide search capabilities. This strategy
enhances the algorithm by allowing the greatest cooks to develop their abilities before
training students, avoiding relying exclusively on the top population member to upgrade
student positions. This strategy also keeps the algorithm from becoming stuck in local
optima, resulting in a more precise and efficient scan of various sections of the search
space. The new locations for each chef teacher are determined by a specific equation for
i=12,...NCandj=1,2,...m.

XsSt=xsij+r. (BCj— I. xsij) v

is the new calculated status for the ith sorted member of CBOA (that is XS;) based
on the first strategy (C/S1) of updating the chef instructor, xs“/>*ij is its jth coordinate,
BC is the best chef instructor (denoted as XS: in the matrix XS), BC; is the jth coordinate
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of the best chef instructor, r is a random number from the interval [0,1], and | is a number
that is selected randomly during execution from the set {1,2}. Tis new position is
acceptable to the CBOA if it improves the value of the objective function. Tis condition

is modelled

XSi = XSCt, FS CSL < (7)
XS else

Where FS®/%; is the value of the objective function of the member XS¢/5;

Using personalized activities and exercises, each chef teacher aims to enhance his
cooking abilities in the second strategy. This tactic embodies both the local search and
the CBOA's capacity for exploitation. In order to increase the goal function value, a chef
teacher will attempt to enhance each problem variable if it is thought of as a culinary
talent.

The benefit of updating based on individual workouts and activities is that every member
looks for better solutions close to the location where it is located, independent of the
position of other members of the population.
There's a chance that local search and exploitation, with small adjustments to population

members' locations in the search space, might provide superior results.

lbj
|plocal i :T] (8)

bi
ub'ocal j:% (9)

Where Ib "% ; and ub @' ; are the lower and upper local bound of the jth problem

variable, respectively, and the variable t represents the iteration counter

Xs %= xs i +Ib"°%? j+r.(ub? j— Ib ) i=1,2,... N¢,j=1,2,...m (10)
XSi= |XS % FS % <Fy (11)
XSi else

Where XS®52; is the new calculated status for the ith CBOA sorted member (i.e.,
XS;) based on the second strategy (C/S2) of chef instructors updating, xs©*?; j is its jth

coordinate, and FS®/52; is its value of the objective function.
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PHASE 2: THE UPDATING PROCESS FOR THE GROUP OF

COOKING STUDENTS (UPDATE OF XSNC+1 TO XSN).
Culinary school students who want to be chefs employ three basic strategies to learn

how to cook, which are incorporated into the Chef-Based Optimization Algorithm. The
first strategy involves randomly assigning each student to a class taught by a chef
instructor. This strategy assures that students learn different talents from different chefs,
increasing diversity in skill development and encouraging study of diverse parts of the
search domain. This diversity prevents all pupils from studying solely from the top chef,
which would impede an effective worldwide search. In CBOA, this technique is emulated
by computing a new position for each culinary student based on the instruction of their
assigned chef teacher, wherei=NC + 1, NC +2,..., Nand j = 1,2,..., m.

Xs S/Slij:XSij+r- (Clkij‘l- XSij) (12)

where XSS51 ; is the new calculated status for the ith sorted member of CBOA (i.e.,
XS;) based on the frst strategy (S/S1) of the updating of cooking students, xs¥/5!; is its
jth coordinate, and Clyi;is the selected chef instructor by the ith cooking student, where
ki is randomly selected from the set {1,2, ..., NC} (where Clyijdenotes the value Xski;). Tis
new position replaces the previous position for each CBOA member, if it improves the
value of the objective function. Tis concept is modeled fori=NC + 1, NC + 2, ... ,N by
Eq. (13).

XSi= | XSS FSS<F (13)
XSi else

where FS¥/51; is the value of the objective function of XS%/5?;

As every issue variable in the CBOA is presumed to represent a culinary talent, the
second technique has each cooking student try to thoroughly understand and mimic one
of the chef instructor's abilities (here, "skill" refers to a recipe for a single delicious meal).
This tactic improves the CBOA's ability to search and explore globally. This strategy's
benefit is that it only modifies one variable a skill, such as a recipe instead of updating all
possible solution variables, which would affect all culinary student skills. Updating every

member’s position coordinate might not be required in order to get superior results.

Xs¥%; = [Clyj j=I (14)

Xsij  else
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wherei=NC + 1, NC + 2,...,, N, j =1,2,..., m, and { is a randomly chosen integer
from the set {1,2,....m}. Ten, if it raises the goal value of the objective function; it is
substituted with the prior position according to Eq. (15).

XSi=  [XSS52;  FS S8 <Fy (15)
XS else

where XS%52; is the new calculated status for the ith sorted member of CBOA (i.e.,
XS;) based on the second strategy (S/S2) of updating cooking students, xs/2i; is its jth
coordinate, FS¥52; is its objective function value.Using their own tasks and exercises,
each cooking student seeks to enhance their cooking talents in the third strategy. Actually,
this tactic embodies both the CBOA's exploitation potential and the local search. One
benefit of upgrading cookery pupils based on individual activity and exercise strategies
is that it boosts the effectiveness of local search and algorithmic exploitation to get better
feasible solutions close to the found answers. Cooking students use this method, which is
comparable to the local search method used by chef teachers, to try to come up with better
answers using small, exact procedures. In order to enhance the objective function value,
a cooking student will attempt to improve each problem variable if it is thought of as a
cooking skill. According to this concept, around each cooking student in the search space,
a random position is generated by Egs. (8), and (9) and a new position is calculated using
Eq. (16).

XSs/sS i= [xsij+ |blocalj +r.(ub local i— b local j), j:q (16)
Xsjj #q

where xs©53; is its jth coordinate, q is a randomly selected number from the set
{1,2,..,m},i=NC+1, NC+2,..,N,andj=1,2,.., m. These values represent the new
calculated status for the ith-sorted member of CBOA, or XS;, based on the third strategy
(S/S3) of updating cooking students. This new random position is suitable for updating

XSi, which is described by Eq (17), if It incérasses the value of the goal Function.

XS; - X85/S3 i ,FSS/S3i <F|, (17)
XSi else

Where FSS/3; is the value of the objective function of XS%/53;

5. REPETITION PROCESS, AND FOWCHART OF CBOA.
Updating every person in the population completes a CBOA iteration. These new

statuses are carried over to the CBOA for the upcoming iteration, and the groupings of
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chef instructors and cookery students are reorganized. To the last algorithm iteration, the
population members are updated based on the CBOA stages as implemented in
accordance with Eqgs (4) to (17). When the iteration variable CBOA reaches its maximum
value, the problem's solution is shown as the best candidate solution found during the
implementation phase. The many stages involved in implementing CBOA are
demonstrated in (Figure 3.5).

Input information of optimization problem.
Intervals for variables, constraints, objective function.
Sdpopthﬁonsiu(ﬂ)mdm:immwnbetdimm(n
sat-xm:nmmm
mmmmm‘mummmm-i.

Update XS and FS matrices using Equations (4) and (5).

!

i
I

: i
| I
| |
' l
| Yos g
: 95 < N(‘ 3 - :

- ! |
: Update XS, based on the 1ststrategy | |
| of cooking students. :
Il Update 15, based on the 1st strategy ! i
I of chef instructors. Update XS, based on the 2nd strategy | !
I of cooking students. :
I | : |
| Update XS, based on the 2nd strategy Update XS, based on the 3 strategy |
| of chef instructors. of cooking students. :
| ! !

. SN Y
: —p <N _f_—gs-n (204 ] o e i
: iNo
: Update the best solution found so far.
I 3
-------- - t-t+l P--~l<

Noy

Print the best candidate solution.

Figure 3.5: A diagram of the implementation stages of the CBOA algorithm
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6. CONCLUSION
In this chapter, we presented the single-objective CBOA optimization algorithm

based on chef training and explained the stages and steps of the algorithm and how it

enables us to find solutions in single-objective optimization problems.
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CHAPTER 04:

Design and production.

40




1. INTRODUCTION
In this chapter, we propose a new Human inspired Multi Objective algorithm

named, Multi Objective Optimization Chef-based Optimization Algorithm (MOCBOA),
we then validate this algorithm and we compare its performances with that of (multi-
objective particle swarm optimization) MOPSO [25], NSGAZ2[4] and (knee point-driven
evolutionary algorithm) KNEA [27] and NSGA3[5].

2. DESCRIPTION OF THE MOCBOA ALGORITHM
One recently proposed single-objective algorithm is the CBOA algorithm proposed

by EvaTrojovska Muhammad Dehqani in 2022, this algorithm is inspired by humans in
particular chefs and stages culinary training process iteration to develop quality
optimization algorithm. As with all single-objective algorithms, the CBOA algorithm
cannot solve complex optimization problems with multiple conflicting objectives. In this
case we propose a new multi-objective version of the CBOA algorithm. The main idea is
to use external CBOA to safeguard the solutions and update them. And help guide the
population towards the best solution around the search space. The main motivation of this
work is to make the CBOA algorithm multi-objective and capable of finding better quality
solutions to engineering problems.

When developing an algorithm, a variety of elements are used, each with a specific
purpose to guarantee the algorithm’s efficiency and effectiveness. Following the key
point of the MOCBOA algorithm:

v" Initialization of the first population (search agent) randomly.

v’ Evaluate the population according to the objective function.

v The Pareto dominance method has been integrated into the CBOA algorithm
to extract non-dominated solutions.

v’ external archive was added to the CBOA algorithm in order to save non-
dominated solutions. The archive was Initialized with the non-dominated
solution obtained from applying dominance relation.

v The update of the population (chefs and students according to the equations
introduced in COBA) and using the dominance concepts while comparing
the solutions.

v Update the archive solutions by applying dominance relation and using a
combination of the old archive solutions and the current population
solutions in order to maintain the diversity and convergence of the Pareto

optimal solutions.
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Not different from the CBOA algorithm, the MOCBOA algorithm begins with a
random

population, where each individual is considered a candidate solution as well as a
search agent. The problem variables are their positions in the search space, and an
individual can move in more than one dimension. The population is divided according to
COBA into Chefs and Students in order to start the optimization process. The population
is evaluated using the objective function first.

To save non-dominated solutions, the CBOA algorithm now includes an external
archive. The addition of an external archive is a big improvement because it acts as a
repository for storing the finest solutions discovered during the optimization process.

This archive guarantees once a non-dominated solution is identified, it is retained,
even if it is not currently present in the population. This mechanism is critical for
preserving a high-quality collection of solutions throughout the optimization process,
limiting the loss of valuable solutions and accelerating convergence towards the true
Pareto front. Here the archive is initialized using the non-dominated solution obtained
after applying the dominance relation.

The Pareto dominance method or also known as dominance relation has been
incorporated into the CBOA algorithm to identify non-dominated solutions in the
population. This integration is critical because the Pareto dominance method allows us to
assess solutions based on many objectives without grouping them together into a single
objective function. By focusing on non-dominated solutions, the algorithm assures that
the solutions are optimal in a way that no other solutions in the population outperform
them across all objectives. This method is crucial in multi-objective optimization because
it assists in the identification of a collection of trade-off solutions, providing decision-
makers with a variety of optimal solutions to evaluate.

Updating archive solutions is a critical procedure that involves both previous
archive solutions and current population solutions, as determined by the dominance
relation. This essential phase ensures that only the best solutions are used, which
significantly improves the archive&#39;s overall quality and performance. As the
optimization process is iterative, the following procedures are repeated: computing the
objective function for the newly updated population, including the Pareto dominance
approach to generate non-dominated solutions, and updating the archive solutions. This
operation continues until the termination condition, or the maximum number of iterations,

is met. (Figure 4.6)
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Figure 4.6: MOCBOA Flowchart

3. TEST PROBLEMS
Mathematical Description of RWCMOPSs problems [29]

Mechanical Design Problems
1. Pressure vessel design [30] (RWMOPOQ1)

This constrained optimization problem contains discrete, integer, and continuous
variables. This problem’s main objective is to obtain the shape of a helical compression

spring having the least volume.
Minimize:

f1=1.77812> X% + 0.62242: X3 X4 + 3.16617%:X4 + 19.84721X3
f 2 = —TX?%3Xa - gﬂiX33
Subject to:
0:1(X) = 0.00954x5 < 75,
02(x) =0.0193xs < 7,
Where:
Z1 = 0.0625X1,
Z2 = 0.0625x..
With bounds:
10 < x4, X3 <200
1 <x2, X1 £99 (integer variables).

Figure 4.7: Pressure vessel design

2. Vibrating platform design [31] (RWMOPO02)

Originally vibrating platform problem is formulated as a single-objective
constrained problem with the maximization of the fundamental frequency. This problem

is modified to include the cost of operations as the second objective.
Minimize :
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T El

=%

f2=2bL (Cidi + C2 (d2— di) + €3 (s —

Subject to:
gi = uL — 2800 <0,
g:=0d1 —d2<0,
gs=02—d: —0.15<0,
gs=02—ds<0,
gs=0—d>—0.01<0
Where:
EI:%(E1d31+E2(d3z-d31) +E5(d5-0%))
w=2b (pidi + p2 (d2 — di) + p3 (dz — d2))
p1= 100, P2 = 2770, ps = 7780,
E1 1.6, E2 =70, Es = 200,
=500, c> = 1500, cs = 800
With bounds:
0.05<d:<0.5
02<d2<0.5
0.2<d:<0.6
0.35<b<0.5
3<L<6

Figure 4.8: Vibrating platform design

d2))

3. Two bar truss design [32] (RWMOPO03)

This problem involves the design of a two-bar truss. Originally, this problem is
developed as a single-objective Problem. The problem has been transformed into a bi-

objective problem.
Minimize :
fi(x) = x1\/16 + x2tx4/ 1 + x%5
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Subject to:
g:1(X) = f1(x) — 0.1 <0,
02(X) = f2(x) — 10°<0,

804/ 14+X?,

gs(X) :W — 105 <0
With bounds:
107° <x: < 100,
107° <x» <100,
1 <x3:<3

Figure 4.9: Two bar truss design

4. Welded beam design [33] (RWMOPO04)

This problem is already well-studied as a single-objective optimization problem,
where four design variables need to be optimized for which the beam’s cost is minimum.
However, the objective functions regarding minimum cost and maximum rigidity are
conflicting with each other. Therefore, this problem is redefined as a bi-objective

problem.
Minimize :

f1(x) = 1.10471x2: x» + 0.04811x3 X4(14 + Xx2),
i) =
Subject to:
01(X) = t(X) — Tmax < 0,
02(x) = 6(x) — omax < 0,
03(X) =x1 — x4 <0,
g4«(x) =P —P¢(x) <0,
Where:

W)= @) + 2
P

T=

V2X1X,
M=P(L +3)
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xzz X1+X3
R= |7+ ()?

=22y + (2222) 2))

6PL
° (X):x4x23
4.013E XXt 7
Pc(X) :—LZ 3 <1 - ;—z E)
P = 6000,
L =14,
E =30 x 10°
Tmax = 13600.
Omax — 30, 000.
With bounds:
0.125 <x:1 <5,
0.1 <x2<10,
0.1 <x3<10,
0.125<x4<5.

Figure 4.10: Welded beam design
5. Disc brake design [34] (RWMOPO5)
This design problem aims to reduce the brake weight and minimize the stopping
time. The variables are the radius of internal and external disks, the force of engagement,
and the number of friction surfaces. The design constraints involve the maximum break

length, friction, temperature, and torque limits.
Minimize:
fl(X) =49 x 10_5 (X22-X21) (X4-l)
f(x) = 9.82 x 108 (22

x3x4(x3z—x31)

Subject to:
01(x) =20 — (x2 — x1) <0,
- X
gZ(X) - 3.14(x22_x21) 0.4 < 0
_ 222%10-3 x3(x%—x%)
g3(X) - (xzz_le)z 1 S 0’
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ga(x) = 900 — 2.66 x 102 "—f;ﬁi;f”g 0
With bounds:

55 <x:1<80

75 <x: <110

1000 < x5 < 3000

11 <x4<20.

.
.
N

Rotational Velocity

Figure 4.11: Disc brake design
6. Speed reducer design [35] (RWMOPQ6)

This problem is a bi-objective constrained optimization problem. Here, one of the

constraints of the original problem is assumed an extra objective of the problem.
Minimize:

f1(x) =0.7854x: X2 (“22+ 14.933%: — 43.0934)

— 1.508x:1(X2%6+Xx27) + 7.477(X36+X37)
+ 0.7854(Xa X% + X5 X*7)

745Xy, o
\/(—xm )241.69+10(7)

fz(X) = 0.1x%
Subject to:
1 1
= —_—<
gl(X) x1x%x5 27 0,
1 1
= _—_—<
gz(X) x1x%,x%;5  397.5 0,
x34 1
= _—x
g3(X) X2X3Xss 1937
3
0s(¥) = — <

X2X3Xa7 1937 7
0s(X) =x2 X3 —40 <0,

go(x) ==— 120,

gr(x) =+ 520,

0s(x) =1.9 — x4+ 1.5% < 0,
0o(x)=1.9 — x5+ 1.1x7 <0,
0i(X) = f2(x) — 1300 <0,
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J(Lsxs)2+1.s75*10°8

X2X3

gu(x) = PETE —-110<0.

With bounds:

26<x1<3.6
0.7<x:<0.8

xs € {17, ...., 28} (integer)
73<x4<83

73 <xs< 83
29<x6<3.9

5 S X7 S 55

I xé\é”’

Figure 4.12: Speed reducer design
7. Gear train design [36] (RWMOPQ7)
This design problem involves minimization of gears’ ratio and size (inner and outer
radius of gears). The ratio of gear trains can be defined as the ratio of input and output

shafts’ angular velocities.

Minimize :
- _ X3Xa
fi(x) =[6.931 o~
f2(X) = max {Xi, X2 ,X3, Xa}
Subject to:
g(x) =22 —05<0
With bounds:

X1.X2, X3, X4 € {12, ...., 60} (interger)
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Figure 4.13: Gear train design

8. Car side impact design [37] (RWMOPQ08)

This design problem is a three-objective constrained optimization problem, where
all objectives are minimization type. This problem contains seven variables and 10

inequality constraints.
Minimize:

f1(X) = 1.98 + 4.9x:6.67X> + 6.98X: + 4.01Xs + 1.78Xs + 10 Xs + 2.73X5,
fz(X) =4.72 —0.5x4 — 0.19x2> X3,
f3(x) = 0.5 (Vmer(X) + Vrp(X))
Subject to:
gi(x) =—1+1.16 — 0.3717x2 X4 — 0.0092928x3 < 0,
02(x) = —0.32 + 0.261 — 0.0159x: X2 — 0.06486x: — 0.019x2 X7 + 0, 0144x; X5 +
0.0154464x%s < 0,
03(x) =—0.32+ 0.74 — 0.61x2 — 0.031296x5 — 0.031872x7 + 0.227x?. < 0,
ga(x)=—10.32 +0.214 + 0.00817x5s — 0.045195x: — 0.0135168x: + 0.03099x2 Xs — 0.018x2
x7+ 0.007176xs + 0.023232x: — 0.00364xs Xs— 0.018x% < 0,
0s(x) =—32 + 33.86 + 2.95x3 — 5.057x1 X2 — 3.795x2 — 3.4431x7 + 1.45728 <0,
ge(x) =—32 +28.98 + 3.818x5 — 4.2x1 X2 + 1.27296Xs — 2.68065x7 < 0,
g7(x) =—32 + 46.36 — 9.9x>— 4.4505x: < 0,
gs(X) = f1(x) =4 <0,
go(X) = Vmer — 9.9 <0,
glo(X) = VFD(X) —-15.7<0
Where:
Vmer(x) = 10.58 — 0.674x1 X2 — 0.67275x2
Vrp(x) = 16.45 — 0.489x3 X7— 0.843Xs Xs
With bounds:
05<x:1<1.5
045<x2<1.35
0.5<xs<1.5
05<x4<1.5
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0.875 <x5<2.625
04<xs<1.2
04<x,<1.2

Figure 4.14: Car side impact design

9. Four bar plane truss [38] (RWMOPQ9)

Four Bar Plane Truss is a bi-objective bound-constrained optimization problem.
This problem has four variables.

Minimize:

fl(X) =L (2X1 +\/(2)X2 +\/(2)X3 + X4)
_FL(2  2J(@2) 2V(@) 6 2
) = (Z+ 52 -2 )
With bounds:
ES xi1< 35
g g
V2i<x <3t
g g
V2i<xs <35
g g
ES X4 < 35
g g

Where:
F = 10kN, E = 2 x 10° kN/cm?, L = 200cm, ¢ = 10kN/cm?
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Figure 4.15: Four bar plane truss

10. Two bar plane truss [39] (RWMOP10)

This problem is a bi-objective constrained optimization problem, where all
objectives are minimization type. This problem involves two variables and two inequality

constraints.
Minimize:

f1(x) = 2phx2v/1 + x%;
_ph(1+x?)1.5(1+x1)0.5
(%) = 2V2Ex?1x,

Subject to:

p(1+x)(1+x%)
= 60<0(
9 2v2x1%, 0=1

_p(—x1+1)(1+x%)0.5

9:= 2V2%1%,
With bounds:

0.1 <xi<2,

05<x2<2.5
Where:
p = 0.2831b/in3, h = 100in, P = 104lb, E = 3 x 107 Ib/in2
co=2x10 Ib/in2, A min= lin?

Go<0

©))
2
L.
| ! i®
@D L v

Figure 4.16: Two bar plane truss

4. PERFORMANCE MEASURE
For stochastic optimization methods, no guarantee of quality of results can be made.

generally, be given a priori. Indeed, the very notion of experimental performance of these
approaches must take into account their stochastic nature, which requires relying on an
analysis statistic of independent series of experiments. Many quantitative measures have

been proposed to assess the quality of all the optimal compromises. we distinguish
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between metrics which require knowledge of the exact Pareto surface, called exact, and
those which do not require this information, say blind such as hypervolume indicator.

4.1. HYPERVOLUME INDICATOR [40]
The hypervolume indicator (or S-metric, from “size of space covered “for some

(approximation) set A < R™and a reference point r € R™ that is dominated by all the

points in A is defined as:
HI (A) =Vol {be R™ |b < rAJa € A:a < b} =Vol (U ae A[a, r])

Here Vol (.)Denotes the lebesgue measure of a m-dimensional set of points and [a,

r] denotes the interval box with lower corner a and upper corner r.

In 2-D this is simply the covered area, and in 3-D the covered volume (see figure
17 for examples). For reviewing some important properties related to this indicator, lets

us introduce a comparison operator between sets.

HI({a,,a,,a;5,a,})

Nz A \ °

Figure4.17: hypervolume indicator in two dimensions for a set

A={as,...;a.}cR?¥(left) and in three dimensions for a set Y= {yu,...,ys}cR3(right).

5. STATISTICAL COMPARISON RESULTS
Table 4.2: Comparison condition

Algorithms Population size Number of Number of
evaluations executions
MOCBOA 100 1000 30
MOPSO 100 1000 30
NSGA2 100 1000 30
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NSGA3

100 1000

30

KNEA

100 1000

30

The MOCBOA algorithm that we proposed is programmed under MATLAB

R2021b. This easy tool has been specially designed for different matrix calculations, and
run on a PC under WINDOWS 10, core i5, Intel 1.7 GHZ with 4096 MB RAM.

We present in the following table the values of: Best, Worst and Average
evaluations taken on 30 independent tests on each of RWMOP01, RWMOPQ2,

RWMOP03, RWMOP04, RWMOP05, RWMOP06, RWMOP0O7, RWMOPOQS,
RWMOP09, RWMOP10.
Table 4.3: Statistical results for the 10 problems

ALGORITHM MOCBOA MOPSO NSGA2 KNEA NSGA3
PROBLEM
RWMOPO01
BEST 0.968 NaN 0.605 0.671 0.606
WORST 0.968 NaN 0.603 0.583 0.602
AVERAGE 0.968 NaN 0.604 0.593 0.604
RWMOP02
BEST 0.827 NaN 0.392 0.393 0.392
WORST 0.827 NaN 0 0 0
AVERAGE 0.827 NaN 0.232 0.278 0.257
RWMOPO03
BEST 0 1 0.902 0.897 0.897
WORST 0 0.224 0.901 0.835 0.892
AVERAGE 0 NaN 0.901 0.877 0.894
RWMOP04
BEST 0.760 0.999 0.862 0.850 0.861
WORST 0.760 0.196 0.829 0.723 0.797
AVERAGE 0.760 NaN 0.855 0.794 0.849
RWMOPO05
BEST 0.589 NaN 0.434 0.417 0.434
WORST 0.589 NaN 0.430 0.382 0.429
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AVERAGE 0.589 NaN 0.433 0.402 0.432

RWMOPO06

BEST 0.284 NaN 0.277 0.274 0.276
WORST 0.284 NaN 0.276 0.213 0.275
AVERAGE 0.284 NaN 0.276 0.256 0.276
RWMOPOQ7

BEST 0.370 0.999 0.484 0.483 0.483
WORST 0.370 0.880 0.482 0.463 0.479
AVERAGE 0.370 0.950 0.483 0.480 0.482
RWMOPO08

BEST 0.018 0.061 0.026 0.025 0.025
WORST 0.018 0 0.025 0.023 0.024
AVERAGE 0.018 NaN 0.025 0.025 0.025
RWMOPQ9

BEST 0.336 0.933 0.409 0.384 0.409
WORST 0.336 0.176 0.408 0.360 0.407
AVERAGE 0.336 0.609 0.409 0.373 0.408
RWMOP10

BEST 0.818 1 0.847 0.844 0.839
WORST 0.818 0.305 0.846 0.806 0.833
AVERAGE 0.818 NaN 0.847 0.823 0.834

6. ANALYSIS AND DISCUSSION
6.1. RWMOPO1

The results obtained prove that the performance of MOCBOA was better than other
algorithms, as its value was close to 1. As for the algorithms NSGA2 and NSGA3, KNEA,
it did not exceed 0.6, in addition to the MOPSO algorithm, which did not find a solution.

6.2. RWMOP02

The results obtained prove that the performance of MOCBOA was better than other
algorithms, as its value was 0.8, while for the algorithms NSGA2, NSGA3, and KNEA,
it did not exceed 0.3, in addition to the MOPSO algorithm, which did not find a solution.

6.3. RWMOPO03
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The results obtained prove that the performance of MOPSO was better than other
algorithms, as its value was 1. As for the algorithms NSGA2, NSGAS3, and KNEA, it did
not exceed 0.9, but for the MOCBOA algorithm the result was 0.

6.4. RWMOPO04

Convergent results were obtained for the NSGA2, NSGA3, and KNEA algorithms,
ranging between 0.8, and the result for both the MOPOS algorithm was 0.999 and the
MOCBOA algorithm was 0.760, which indicates that the best performance was for the
MOPSO algorithm.

6.5. RWMOP05

The results obtained prove that the performance of MOCBOA was better than other
algorithms, as its value was 0.589. As for the algorithms NSGA2, NSGA3, and KNEA,
it did not exceed 0.45, in addition to the MOPSO algorithm, which did not find a solution.

6.6. RWMOP06

The results obtained proved that the performance of MOCBOA was better than
other algorithms as its maximum value reached 0.284. As for the NSGA2, NSGA3, and
KNEA algorithms, they did not exceed 0.277, but their values are very close, and in the
end, we conclude that the MOPSO algorithm was unable to solve the problem.

6.7. RWMOPQO7

The results obtained prove that the performance of MOPSO was better than other
algorithms, as its maximum value was 0.999. As for the NSGA2, NSGA3, and KNEA
algorithms, it did not exceed 0.484, and as for the MOCBOA algorithm, its performance
was greatest 0.370.

6.8. RWMOP08

The results obtained prove that the performance of MOPSO was better than other
algorithms, as its maximum value was 0.061. As for the NSGA2, NSGA3, and KNEA
algorithms, it did not exceed 0.026, and as for the MOCBOA algorithm, its performance
was greatest 0.018, This means that their performance is close.

6.9. RWMOP09

The results obtained prove that the performance of MOPSO was better than other
algorithms, as its maximum value was 0.933. As for the NSGA2, NSGA3, and KNEA
algorithms, it did not exceed 0.409, and as for the MOCBOA algorithm, its performance
was greatest 0.336.

6.10. RWMOP10
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The results obtained prove that the performance of MOPSO was better than other
algorithms, as its maximum value was 1. As for the algorithms NSGA2 and NSGA3,
KNEA, MOCBOA, their performance was close, their maximum value was 0.847, 0.839,
0.844, 0.818.

To summarize, the MOCBOA algorithm performed well, especially on the
RWMOP1, RWMOP2, RWMOP5, and RWMOPG6 test problems. In comparison, the
MOPSO algorithm proved unstable and frequently failed to solve problems. The other
algorithms, namely NSGA2, NSGA3, and KNEA, showed intermediate performance,
successfully identifying solutions and occasionally approaching MOCBOA'’s
performance, but not consistently outperforming it.

7. CONCLUSION
In this chapter, we present the MOCBOA algorithm as a novel method for tackling

optimization problems. This algorithm is an extension of the mono-objective CBOA,
which was inspired by the culinary learning process, in which trainees learn from chefs
how to improve and grow their abilities so that they can become expert chefs. We
presented an approach for addressing RWMOP issues with the MOCBOA algorithm and
compared its performance to well-known multi-objective optimization algorithms.
Overall, our suggested MOCBOA algorithm has shown significant potential as an

effective optimization tool.

57




GENERAL
CONCLUSION




The work performed within the framework of this thesis falls within the field of
multi-objective optimization. First, we discuss the basic concepts of combinatorial
optimization, as well as the two types of optimization citing single-objective optimization
and multi-objective optimization. Then we presented methods for solving combinatorial
optimization problems after highlighting human-inspired multi-objective algorithms and
then adding some engineering applications of optimization. All of the above information
helped us expand our knowledge about the field of multi-objective optimization and direct
our approach towards satisfactory solutions.

The approach proposed in this thesis is a multi-objective extension of a new
algorithm called CBOA and the recently developed multi-objective chef-based
optimization algorithm (MOCBOA). In this proposal we present the following elements:

We added the Pareto dominance method to the algorithm to extract solutions.

An archive has been added to save the solutions and update them in every process
We carry out.

We validated our MOCBOA algorithm by comparing it with MOPSO, NSGA2,
KnEA and NSGAZ3 algorithms using test problems RWMOP 01, RWMOP 02, RWMOP
03, RWMOP 04, RMWOP 05, RMWOP 06, RMWOP 07, RMWOP 08, RMWOP 09,
RMWOP10. The obtained results show that the MOCBOA algorithm is efficient in terms
of convergence towards Pareto integer, and at the same time the MOCBOA algorithm
provides more diverse undominated solutions . Finally, we concluded that the MOCBOA
algorithm is capable of solving problems and yielding results. This suggests that further
development and the integration of new methods, such as [e-dominance....], can enhance

its ability to tackle larger real-world problems and deliver improved performance
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Abstract

"Human-inspired algorithms are part of metaheuristic algorithms, thus providing
a suitable way to find solutions to real-world engineering problems. We also see a
growing interest in these methods. The main motivation behind the proposal of the multi-
objective algorithm MOCBOA is based on single-objective CBOA algorithm, In this
algorithm, we combined domination and added solution archive, then tested it on some
engineering problems, especially design problems. mechanical The results showed that
the MOCBOA algorithm generated solutions for all problems, with significantly better
performance than the comparison algorithms on the problem (Pressure vessel design and
Vibrating platform design, Disc brake design, Speed reducer design), which confirms. its
efficiency and ability to solve problems.”
Keywords: Human-inspired algorithms; Metaheuristic algorithms; Engineering
problems; Multi-objective algorithm (MOCBOA); Single-objective CBOA; Dominance

Résumé

"Les algorithmes inspirés par [I'humain font partie des algorithmes
métaheuristiques, constituant ainsi un moyen approprié pour trouver des solutions a des
problemes d'ingénierie réels. Nous constatons également un intérét croissant pour ces
méthodes. La principale motivation derriere la proposition de I'algorithme multi-objectif
MOCBOA est basée sur I'algorithme CBOA a objectif unique. Dans cet algorithme, nous
avons combiné la domination et ajouté une archive de solutions, puis I'avons testé sur
certains problémes d'ingénierie, en particulier des probléemes de conception mécanique.
Les résultats ont montré que I'algorithme MOCBOA a généré des solutions pour tous les
problémes, avec des performances nettement meilleures que les algorithmes de
comparaison sur le probléeme (Conception de récipient sous pression et conception de
plate-forme vibrante, conception de frein a disque, conception de réducteur de vitesse),
ce qui confirme son efficacité et sa capacité a résoudre des problémes."

Mots clés: Algorithmes inspirés par I'humain ; Algorithmes métaheuristiques ;
Problémes d’ingénierie ; Algorithme multi-objectif (MOCBOA) ; Algorithme CBOA a
objectif unique ; Domination
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