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Abstract

Many real-world optimization problems involve several conflicting objectives that must be optimized
simultaneously. Furthermore, most optimization problems have a dynamic\structure and change over time. In
addition to trying to establish trade-offs among conflicting objectives and.explore a diverse set of solutions on a
Pareto-optimal front, a dynamic multi-objective optimization (DMOO) algorithm tries to detect changes and track
them, using the knowledge of prior environments to convergesto.the new Pareto-optimal front more quickly. In this
paper, a cellular automata-based approach is first preposed for managing and evaluating solutions during the
optimization process. Then, using the above approach and the teaching-learning-based optimization algorithm, two
new algorithms are introduced for DMOO problems. The first algorithm works to optimize the objectives all at once
in a multi-objective manner, while the second algorithm uses the vector evaluated technique to evolve solutions in
collaborative single-objective optimization units,/and then analyzes them from a multi-objective perspective. These
algorithms have been evaluated and compared with some other DMOO algorithms for some standard benchmark
problems. The results indicate their.superiority in many of the experiments.

Keywords: Dynamic, multi-objective optimization problems, Multi-objective teaching-learning-
based optimization, TLBO, Vector evaluated.

1. Introduction

Optimization plays a crucial role in almost all fields of science and engineering. Many real-world
optimization problems are typically composed of multiple conflicting objectives such that
optimizing the solutions of one objective may reduce the optimality of the solutions provided for
the other objectives. Therefore, unlike single-objective problems that have a single optimal

solution, these problems have a set of optimal solutions called the Pareto-optimal set (POS).



The corresponding points of POS in the objective space, form a set which is called the Pareto-

optimal front (POF). Each available optimal solution in the POS is desirable for different

objectives with an associated ratio. Users adopt one of the solutions based on the relative
importance they assign to the objectives. In multi-objective optimization (MOO), the
performance of solutions relative to one another is determined by the concept of domination.

According to this concept, a solution dominates another solution if it results in an equal or better

value for each of the objectives and a better value for at least one of them. MOO algorithms

operate based on the domination concept and always try to achieve a set ofisolutions that are
uniformly distributed on the POF.

Many meta-heuristic algorithms have been introduced for MOO. Zhou et al. [1] classified multi-

objective evolutionary algorithms (MOEAS) into six categories:

I.  MOEAs based on decomposition: This approach is’based_on conventional aggregation
approaches in which an MOO problem is decomposed into a number of single-objective
optimization problems [2], [3].

II. MOEAs based on preference: The decision-maker may be only interested in preferred
solutions, and therefore these algorithms,try'to guide the search towards the region of the
Pareto front of interest to the decision=maker [4].

I1l.  Indicator-based MOEAs: ~Indicator-based MOEAs use an indicator such as
hypervolume [5] to guide«the'search, particularly to perform solution selection [6].

IV. Hybrid MOEAs: Many:MOEAs are formed by hybridizing multiple techniques to utilize
their advantages for dealing with complicated problems [7], [8].

V. Memetic MOEASs: As a special case of hybrid MOEAs, memetic MOEAS incorporate
local search methods [9].

VI. MOEAs based on coevolution: These algorithms evolve multiple subpopulations
simultaneously and, according to one explanation, they use the idea of dividing and
conguering to break down a problem into a set of sub-problems at the level of individual
coding [10], [11].

In addition to the above MOEAS, some researchers have applied other types of metaheuristics to

deal with MOO. For example, VEPSO [12] and maximinPSO [13] use a PSO algorithm in their

search phase. NICA [14] is another MOO algorithm which benefits from immune clonal



operation. An Alife-inspired algorithm proposed by Amato and Farina [15] for MOO problems,
is another example of these types of algorithms.
In real-world applications, most MOO problems change over time and form a branch of
optimization known as dynamic multi-objective optimization (DMOO). With the change in
environment, previous solutions lose their credibility. These changes are usually small, and the
environment is not altered completely. Therefore, algorithms can use the knowledge‘acquired in
previous environments to track changes and converge more quickly to.the new” POF.
Accordingly, dynamic optimization algorithms try to detect the changes and:then\discover the
new position of desirable solutions using their acquired knowledge.
A typical DMOO problem can be described as follows:
Minimize: f(%,t) = {1 t), L(Z 1), ..., fn, (X D}
Subjectto: g;(¥,t) <0, i=1..n4 M
hi(Zt)=0,j=1..n
x; € [lb;, ub;1°
where f is a set of objectives at time t, X = (x;, x2, "xp) 1S the D-dimensional decision variable
vector, g and h are functions that determine the constraints of the problem at time ¢, and lb; and
ub; are the box constraints corresponding“to:the i dimension of the search space, that is,
Vie(l,..,D},—oo <l <u < oo,
In DMOO problems, as in MOQO"problems, the concepts of dominance and Pareto optimality are
relevant. The most important-concepts are defined as follows:
Pareto Dominance: A decision vector x; is said to dominate another decision vector x,(x; < x;)
at time t if both of the following conditions are satisfied:

= For all objectives, the solution x; is no worse than the solution x;.

fk(xl,t) ka(XZ,t), vk = 1,...,le (2)
= For at least one objective, the solution x, is strictly better than the solution x,.
fk(xl,t) <fk(.x2,t), ik = 1,...,7’lk (3)

where/n denotes the number of objectives.

Dynamic POS: the POS at time t, denoted POS;, is the union of all Pareto-optimal decision
vectors at time t:

POS; = {x; € F|Ax; € F:x; < x{} (4)

where F denotes the feasible search space, and x; refers to a Pareto-optimal solution at time t.



Dynamic POF: for the objective vector f,(x) and Pareto-optimal set POS;, the POF at time t is

defined as:

POF, = {f, = (", 6), . (6", 0)) Ix" € POS,} (5)
In DMOO problems, environments are classified into four types [16]:

= Type I: POS changes while POF remains unchanged.

= Type Il: POS and POF both change.

= Type Ill: POF changes while POS remains unchanged.

= Type IV: POS and POF remain unchanged but other aspects of the problem such as

constraints are subject to change.

Generally, only the first three types are considered in designing DMOO algorithms, and this is
the case in this research also.
In this paper, a new method based on cellular automata (CA)"is first proposed to manage and
evaluate solutions and to maintain the diversity of solutions in.MOO. Then, two new algorithms
are presented for DMOO, both of which use a teaching-learning-based optimization (TLBO)
algorithm in the process of optimization as well as'a CA-based approach to managing solutions.
The first algorithm performs the optimizationyprocess in multi-objective manner, while the
second algorithm benefits from the vector_evaluated method to optimize solutions in some

collaborative units in a single-objective manner, and evaluates the solutions in a supervisor unit.
2. Background and Related Work

In this section, different“:metaheuristic optimization algorithms for DMOO problems are
discussed, accordingto the classification proposed in [17]. Algorithms that aggregate the
objective functions and ‘transform a problem to a dynamic single-objective problem are not
considered here.

2.1. Algorithms Without Adapting the Problem

2.1.1. Adapted Static MOO Algorithms for DMOOPs

One' ofxthe first algorithms proposed to solve DMOO problems without using a weighted
aggregation of objectives was HMCEDA, which was introduced by Farina et al. [16]. This
hybrid algorithm uses a two-membered evolution strategy for global optimization. Once the
evolution strategy begins to converge, a gradient-based algorithm or a simplex Nelder-Mead

search algorithm [18] is used.



Avdagic et al. [19] extended the MOGA algorithm to solve DMOO problems. MOGA [20] was
the first genetic algorithm-based multi-objective algorithm. The use of Pareto ranking results is a
weakness of this algorithm, because assigning equal fitness to all the solutions of each dominated
front, without considering the density of solutions, may lead to unwanted bias.

Deb et al. [21] extended the NSGA-I11 algorithm [22], [23], one of most successful algorithms in
MOO, for DMOO problems. In their approach, after detecting a change in the environment using
sentinel solutions, first the entire population is re-evaluated and then one of the following two
steps is taken to increase diversity and track changes: (a) a part of the population is replaced with
random solutions (DNSGA-II-A) or (b) a part of the population is<«andomly selected and
mutated (DNSGA-11-B).

Shang et al. proposed the CSADMO algorithm [24], based on clonalselection theory. At each
iteration, it uses a clonal selection operator [25] on an antibody population to form a new
antibody population. Then, the clonal mutation operator.applies nonuniform mutation [26] to the
antibody population. Next, the algorithm finds all non-dominated solutions among the mutated
antibodies and their parents. The non-dominated Selutions form a new antibody population and
the dominated solutions are eliminated. The algorithm uses the crowding distance [22] criterion
to prune the archive of non-dominated solutions.

In 2013, Shang et al. introduced QICCA for DMOO problems. QICCA is a multi-population
algorithm that uses “clonal seleetion” and “immune clonal” operators on an artificial immune
system. In this algorithm, there is’a competition and cooperation process between populations for
exchanging information.<In“addition, a quantum updating operation was introduced for this
algorithm to increase the/population search ability and improve the distribution quality of non-
dominated solutions [27].

Zhang proposed an artificial immune system-based algorithm called MOIA [28]. Immune
operators are used to enable the adaption of the algorithm to the dynamics of its environment.
Furthermore,~Zhang introduced an environment-recognition rule that classifies the current
environment as a new, similar or identical environment in comparison to the previous
environment. Based on the result of this classification, the algorithm decides which operators to
use.

Zeng et al. [29] introduced an evolutionary algorithm based on an orthogonal design. It uses two

types of crossover operators: orthogonal crossover [29] and linear crossover [30]. The algorithm



selects one of these operators randomly and applies it to a randomly selected pair of parents.
Moreover, a clustering technique is used to select solutions for a new population.

Zheng proposed a new DMOO algorithm called DMOEA [31]. DMOEA uses geometrical Pareto
selection to manage the archive of non-dominated solutions. In this approach, the slope of the
line that connects the solution to the auxiliary point is calculated for each non-dominated
solution. A candidate solution will be added to the archive if there is no solution.in the same
slope region in the archive, otherwise, it will replace a solution from same slope region only if its
distance to the auxiliary point is greater.

Tan and Goh introduced the competitive-cooperative EA (COEA) to.solve DMOO problems
[32]. In COEA, each subpopulation optimizes only one decision yariable.»The most suitable
subpopulation for each decision variable is selected using a eompetitive mechanism. Then,
subpopulations optimize their own specific decision variable ‘during the cooperative phase of the
algorithm.

In another paper, these authors extended COEA to detect-and-track changes [33], referring to this
new version as a dynamic COEA (dCOEA). After.detecting a change, the algorithm starts the
competitive mechanism. If a stochastic solution wins over the representative solution of a
subpopulation, the subpopulation is re-initialized in the region from which the winner is
sampled. It also stores a fixed number=of archive solutions in a memory and uses some of them
randomly in subsequent environments.

Multi-strategy ensemble MOEA" (MS-MOEA) was introduced by Wang and Li [34]. After
detecting changes, each population solution is re-initialized either by using a random position or
by adding values froma Gaussian distribution. The algorithm uses either (i) SBX and PM or (ii)
DE operators, in-the evolution process.

IDMOEA is a DMOO algorithm introduced by Chen et al. [35]. IDMOEA considers diversity as
an additional optimization objective. After detecting changes, a new population is created using
the best solutions from the population and the archive. In the evolution phase, each new solution
is generated by applying crossover to two selected parents and then mutation to their offspring.
IDMOEA manages the size of its archive by using the magnitude of diversity measures.

Liu and Zeng proposed DBOEA for solving DMOOQO problems [36]. This algorithm uses the

DE/rand/1/bin [37] operator and fast bi-objective non-dominated sorting.



DNMOEA/HI is another DMOO algorithm, introduced by Li et al. [38]. It uses evolutionary
operators and benefits from an HV indicator to prune the excess population. DNMOEA/HI
combines the Pareto strength value with a density estimator to perform fitness assignment.
Lechuga proposed the first PSO-based DMOOQO algorithm by extending the MOPSO [39] for
dynamic problems [40]. In this algorithm, after detecting changes, the personal best position of
the particle is set to the current position if it dominates the current position, or in“some cases
without specifying any conditions.

Li et al. extended the maximinPSO algorithm for solving DMOO problems, [13]. The
maximinPSO algorithm uses a fitness function based on the maximin strategy of game theory,
and takes dominance and diversity into account. The adapted maximinPSO uses the social-only
model of PSO and has no change detection procedure.

Greeff and Engelbrecht extended the VEPSO [41] algorithm for DMOO problems [12]. The new
algorithm, DVEPSO, has multiple sub-swarms, and each sub-swarm attempts to optimize one
objective using the PSO algorithm. According to a topology, knowledge is shared between the
sub-swarms and used to update the velocity of particles.

2.1.2. New Population-Based Algorithms,Specifically Introduced for DMOOs

Amato and Farina introduced an Alife-inspired algorithm to solve DMOO problems [15]. The
individuals of the algorithm can reproduce,”meet each other or fight with each other. Each
individual meets every other individual, with equal probability. In a meeting, the individuals
either reproduce or fight. Reproduction results in two offspring that are added to the population.
If fighting occurs, the loser individual that is dominated by the other, or the individual that has
more neighbors in a specified neighborhood, is removed from the population.

DMOAP is another new algorithm proposed by Huan et al. solely for DMOO problems [42].
This algorithm is based on P systems. A P system is a membrane structure whose membranes
contain objects*that can evolve. DMOAP consists of membranes that are grouped into m+1
subsystems.in‘solving an m-objective problem. Each of the m sub-systems optimizes one of the
objectives in a single-objective manner, while the final sub-system optimizes all objectives
synchronously.

2.2. Algorithms Converting Dynamic MOO Problems into Multiple Static MOO

Problems



Wang and Dhang introduced an approach that divides the time period of the DMOO problem
into several time intervals [43]. In each interval, the problem is considered as a static MOO.
Each static MOO is transformed to a two-objective MOO whose objectives are increasing the
diversity and the quality of non-dominated solutions.

Isaacs et al. proposed a memetic algorithm for solving DMOO problems [44]. This MA
algorithm uses SQP to evolve the individuals. The algorithm optimizes each objective separately.
The range of each objective is subdivided into small intervals, and a single-objective problem is
solved for each interval. The algorithm employs an orthogonal epsilon-constrained. formulation
to solve MOO problems using the SOO problems described above.

DMEA, which was introduced by Liu and Wang [45], [46], divides a single time period into
several equal subperiods. In each subperiod, the DMOO problem istapproximated by a static
MOO problem. A new evolutionary algorithm, based on a new~mutation operator, is used for the
above static optimizations. The new mutation operator also helps/the algorithm by automatically
checking for changes.

2.3. Prediction-Based Approaches

Some DMOO algorithms use prediction approaches to speed up convergence by predicting new
POSs after environmental changes. In addition; the success of this approach causes the algorithm
to use fewer objective-function evaluations to achieve a certain level of convergence; this is
valuable especially where objective functions are not easily available or computationally
expensive.

Hanzakis and Wallace introduced the D-QMOO algorithm for DMOO problems [47]. D-QMOO
is a steady-state clustering MOEA. Each cluster has a population that is subdivided into two
subpopulations, referred\to as the front and the cruft. The front and cruft contain non-dominated
and dominated solutions respectively. Pruning for the front subpopulation is applied in such a
way that'the maximum HV is preserved. After detecting a change, forecasting is performed for
some selected-points on the POF using stochastic time series models.

Liu extended the DMEA [45] algorithm by using a core estimation of distribution model to
estimate the POS in a new environment [48]. The proposed algorithm adds a transfer vector of
average points in the last two environments to some of last non-dominated solutions, to generate

estimated solutions for the new environment.



In 2008, Talukder and Kirley extended a variation operator [49] for DMOO algorithms [50].
The variation operator approximates the next POF and uses a Fourier transformation to inversely
map the approximated POF to the POS. The authors used this in the NSGA-II [22] algorithm, by
adding it after non-dominated sorting to create new predicted individuals in each iteration.
MO-EGS[51] is another MOO algorithm that was adapted by Koo et al. for dynamic problems
[52]. The new algorithm estimates the direction and magnitude of the next change based on the
history of previously discovered solutions, using a weighted average appreach. Thus, the
estimated direction and magnitude, which are calculated for the centroid of the,archive, are used
to update solutions and generate predicted solutions.

Zhou et al. introduced a population prediction strategy (PPS) that predicts thenew position of the
population [53]. In the above approach, the Pareto set is divided intostw0 parts: a center point
and a manifold. After detecting a change, the center points. and the manifolds of previous
environments are used to predict the next center and manifold,respectively.

Liu et al. introduced a novel cooperative coevolutionary- DMOO algorithm referred to as
PNSCCDMO [10]. The main idea of the new approach is'that it allows the decomposition of the
optimization problem according to the seareh space of decision variables. Therefore, the
algorithm groups variables according to”thessimilarity of their constraints. Each group has its
own population and uses simulated=binary crossover [54] and polynomial mutation [55]
operators for the evolution precess. During evolution, groups cooperate with each other.
Furthermore, the algorithm.uses”a modified linear regression prediction strategy to generate

predicted solutions after detecting changes.
3. TLBO Algorithm

The TLBO algorithm is‘a metaheuristic optimization algorithm proposed by Rao et al. [56] that
is inspired by the process of teaching-learning in classrooms. The population is considered as
members of a classroom. The process of the TLBO algorithm is divided into two distinct phases
called,.the “teacher phase” and the “learner phase”. In the teacher phase, students acquire
knowledge from the teacher, and in the learner phase, the students try to increase their
knowledge through interaction among themselves. Each phase of TLBO is presented in detail
below.

3.1. Teacher Phase



A good teacher is someone who tries to promote the knowledge level of students up to his or her
own knowledge level. In practice, this is impossible, and a teacher can only partially increase the
average knowledge of students. This increase depends on several factors. If M and T signify the
points of “average knowledge of students” and “knowledge of teacher” respectively, then in the
k™ iteration of the TLBO algorithm, T* tries to attract M to itself. Thus, in each iteration, the
transfer vector of each solution is calculated as follows:

Dif ference = rand x (T* — TF x M¥) (6)
where rand denotes a random number from the interval [0,1], i is the index of the student and TF
signifies the teaching factor. The teaching factor decides on the change‘of mean value. One of
two values, 1 or 2, is selected randomly with equal probability for TF as follows:

TF = round[1 + rand X (2 — 1)] (7)
Thus, according to the following equation, the transfer vector’is.used to update the solutions:

Xi new = XF + Dif ferencef (8)
Finally, x; .., replaces x/ if it has a better fitness valle,

3.2. Learner Phase

In addition to training by the teacher, students ean increase their knowledge through interaction
with each other. To model the interactions. of'students, for each student (x¥), another student
(x}‘) is chosen randomly (i = j). Then, the new solution is calculated as follows:

X e = { +rand x (xt ) Nif £(xk) < F() )

B x{‘ + rand X (x}‘ — xlk) if f(x}‘) < f(x{‘)
Finally, x; ..\ replaces xF if it has a better fitness value.
Satapathy and Naik‘[57] introduced an improved TLBO based on the opinion that the teacher has
the most influence /on students” improvement. Therefore, they attempted to model the more-
effective role of the teacher in the learner phase by adding a component to equation 9 as follows:

X{ oW =X new + 0.5 X (1 + rand) x (T* — xf) (10)

4. Cellular Automata

Cellular automata (CA) are abstract dynamic systems consisting of a large number of identical

simple cells that are distributed in a grid-like structure and can produce complex phenomena

10



using some simple rules [58]. Time passes in discrete steps, and at each instant of time each cell
has one state out of a finite set of states. The new state of each cell is determined using the local
rules of the CA. The local rules, which are usually the same for all cells of these automata,
determine the new state of the cell based on its previous state and the previous states of some of
its neighboring cells. In the other words, CA rules determine how cells are influenced by their
neighboring cells. In this way, each cell is limited to local interactions with its neighbors, and
therefore it cannot handle fast overall communications.

In basic CA, the states of all cells in each time step are updated simultaneously. The state of all
cells together determines the overall state of a CA. The overall structuredof a CA can be thought
of as similar to a parallel-processing computer. The simple structures of CA produce complex
patterns after a few steps of growth, which shows their potential tosimulate complex natural

phenomena [58].
5. Proposed Algorithms

The process of solving DMOO problems is composed. of two main phases. The first phase is
related to MOO, when the algorithm tries to find a set'of solutions that are diversely distributed
and are as close as possible to the POF. The second phase is executed after detecting a change in
the environment, when the algorithm tries-to track the changing POF and converge faster by
using its knowledge of previous environments. In this section, a CA-based method is introduced
for evaluating and managing sofutions: Then, two new algorithms that are referred to as cellular
TLBO (CTLBO) and vector evaluated CTLBO (VECTLBO) are introduced for solving DMOO
problems.

5.1. CA-Based. Approach

In MOO, determining the relative desirability of solutions and extracting a diverse set of non-
dominated solutions from the population are steps of particular importance. The method
intraduced in this section uses CA simultaneously to detect non-dominated solutions, describe
the relative desirability of solutions and manage the diversity of non-dominated solutions. The
structures of CA have great potential to benefit from parallel processing, and the CA-based
approach can use this feature to decrease processing time. In this approach, the CA is defined
according to the objective space and embedded in it. At each iteration of the optimization

algorithm, the CA evolves according to predefined rules, and this evolution results in some
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analysis for the region of each cell and its solutions. The following section describes the rules

and their aims in detail.
5.1.1. Rules of CA

Each cell of a defined CA consists of four sub-states. In this section, the rules of these sub-states

are introduced.

= Activator rule

The first sub-state of the cell is activation. The active cell is a cell that has:been processed
in previous steps of evolution, and all its sub-states are determined: The activator rule is
the first rule that is applied to inactive cells. The remaining rules will apply to the current
cell only if the cell becomes active after applying the ‘activator rule. Thus, if a cell is
active, all its sub-states are specified and it will not be evaluated in the next generations.
The following describes the activator rule.

At each iteration of the optimization algorithm; a CA is formed based on the current
population of the algorithm and then evolved using the neighborhood shown in Figure 1.
This neighborhood is defined based on\the domination concept of MOO. Obviously, the
neighborhood can be extended in a straightforward way for objective spaces with higher

dimensions.

Current

Neighbor Cell

Neighbor | Neighbor

Figure 1: Neighborhood used in the CA-based approach

The activator rule is defined as follows:

Activator rule: The current cell will be activated only if all its neighbors are active:

VC € Neighbor(A4): Active(C) =1

) et
Actlve(A)—{O otherwise

(11)

= Domination rule

12



The other sub-state of cells is the domination sub-state, where cells can exist in one of
three states: “dominated”, “non-dominated” and “neutral.” The neutral cells are the cells
that are not in the domination area of the Pareto front. Before starting the evolution
process, an auxiliary row in which all the cells are active and neutral is considered for
each dimension of the CA. Therefore, a cell will be neutral if there is no solution in it and
all its neighbors are neutral. If the current cell includes any solution and all its.neighbors
are neutral, it will be labeled “non-dominated”. Finally, the “dominated” 4abel is assigned
to a cell if it has at least one dominated or non-dominated neighbor. In‘Eigure 2, the cells

labeled A, B and C are neutral, non-dominated and dominated cells respectively.

A

f2

»
|

fi

Figure 2: Examples of neutral (A), non-dominated (B) and dominated (C) cells

Thus, by applying the-demination rule, dominated and non-dominated cells are identified.
The domination sub-state helps the algorithm to find non-dominated solutions and
provides basicdinformation for the proximity sub-state. The domination rule is defined as
follows:

Domination “rule: Assuming that “ndom” and “dom” indicate “non-dominated” and
“dominated” labels respectively, and NeNeighbor(A), the domination rule is defined as
follows:

ndom 3Sol € Aand VN: Dom(N) = neutral
Dom(4) = ydom AN: Dom(N) # neutral (12)
neutral otherwise

Proximity rule
The proximity of a solution to the POF is a descriptor of its quality. In this way, the

proximity of a cell to the Pareto front can be used as an approximation of its solution’s

13



proximity. Figure 3 demonstrates the proximity of cells by an example. In this figure, cell
A is closer than cell B to the Pareto front; therefore, solutions in cell A are more
desirable.

f2

%

»
>

fa

Figure 3: Proximity comparison of two cells (A, B)

The proximity rule is designed with the aim.of-approximating the distance between the
solution and the POF. The distance value fer_nonsdominated cells is set to zero, and it is
calculated for dominated cells based on,number of cells between the cell and the nearest
non-dominated cell. The proximity'rule is defined as follows:

Proximity rule: Assuming that,the proximity sub-state of cell A is indicated by Pa, the
value of the sub-state is determined using the following equation:

0 if A is’ndom

PA - {min(Pneighbors) + € "ifAis dom (13)

Where P,ighbors iNdicates set of proximity values of neighbors, and ¢ is a small number.
Attractor determination rule

The final sub-state of cells is the attractor sub-state. It is defined with the aim of
approximating the hypervolume measure for non-dominated solutions, using the CA. If a
cell is dominated by only one non-dominated cell, it is attracted to that cell, otherwise, it
is;non-attracted. Thus, a cell’s attractor sub-state indicates its attractor. In Figure 4, cell A

and the blue cells are in the attraction area of non-dominated cell A.
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f2

[
'

fi

Figure 4: A non-dominated cell and its attracted cells (cell Aand blue cells)

Assuming that A and B each indicate a cell in a CA, the"attractor determination rule is
defined as follows:

Attractor determination rule:

B Ais dominated only by B
Attractor(A) ={A Ais anon-dominated cell (14)
@ otherwise

Accordingly, the domination sub-state helps,the ‘optimization algorithm to identify the Pareto
front and the dominated area. Furthermore; the proximity sub-state presents a description for
the distance of solutions from the=Rareto front. The attractor sub-state helps the algorithm
approximate the hypervolume.measure instead of calculating it, as the calculation process is
quite time-consuming.

It is generally €expected that the algorithm provides a specified number of non-
dominated solutions, that are sampled from different parts of the Pareto front. In this paper
“archive” refefs to"a ffixed-size set where an algorithm collects its suggested non-dominated
solutions. Thus, the archive keeps the output solutions of the algorithm available. The other
goal of using=CA is managing the diversity of suggested non-dominated solutions in the

archive;.as-described below.

5.1.2..CA'and Managing the Diversity of Solutions

As described in the above section, the CA identifies dominated and non-dominated cells during

its evolution. Its cellular structure makes it possible for the optimization algorithm to manage the

diversity of archive solutions. For this purpose, after detecting non-dominated cells, a primary

solution is identified as representative for each of them and added to the archive of suggested
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solutions. Thus, the algorithm collects a diverse set of non-dominated solutions for the archive. It
is obvious that the size of cells plays a considerable role in determining the number of archive
solutions and their diversity. By reducing the size of cells, the number of archive solutions and
the uniformity of their distribution will be increased, but it also causes an increase in execution
complexity because of the increase in the number of cells. Therefore, the size of cells is chosen
based on a trade-off between acceptable execution complexity and the expected number and
uniformity of archive solutions.

The choice of a primary solution for each non-dominated cell can be made in“different ways. For
the current approach, a simple method proposed in [59] is used. According to this method, the
cell solution that is the closest solution to the minimum point of the cell is chosen for the archive.
This is illustrated in Figure 5. As shown in this figure, solution B'is cleser'to the minimum point
of the cell and is therefore chosen for the archive. Clearly, any.dominated solution such as C in

Figure 5 will always have a longer distance than the solutionithat’dominates it and will therefore

not be chosen.
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Figure 5:.Choosing a representative solution for a non-dominated cell

5.1.3. Challenges of'the CA-Based Approach

There are“two, important challenges for the proposed approach. The first is related to the
distribution of/the POF in objective space. If points of the POF are presented only in some
portions=ef the objective space, achieving a desirable separability of archive solutions and
extracting the specified number of solutions requires smaller cells. This subsequently causes an
increase in the number of cells and the execution complexity. The next section introduces a

solution to address this challenge.
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If a cell is dominated or non-dominated, this does not mean that all its solutions are dominated or
non-dominated. This challenge arises in problems that have POFs with high and/or low slopes.
This condition causes the Pareto front to pass through several consecutive cells in a row or
column. Thus, among these consecutive cells, only the first cell will be considered as a non-
dominated cell. Although reducing the size of cells renders it easier to realize the domination
correspondence between the cell and its solutions, it causes an increase in executioncomplexity.
To solve this challenge, it is possible to define a multilevel CA and use the additional levels,
which have smaller cells, to separate areas with high or low slopes.

5.1.4. Considerations of Configuration and Implementation

The number of cells in the CA and the number of CA generations in each evolution are factors
that have a considerable impact on the execution complexity of the- CA’s-evolution. In analyzing
the evolution process of the CA, it is understood that in each generation, only cells whose
neighbors have been activated in a former generation are activated. Therefore, it is unnecessary
to evaluate the activation rule for all cells in each generation. Thus, the evolution process of the
CA is implemented in such a way that in each generation; the automaton evaluates only inactive
cells whose neighbors are active.

The other solution that is introduced to reduce.execution complexity is defining the floating size
for dimensions of the CA. According=to this solution, a CA is defined in such a way that the
number of its cells is fixed and eorresponds to an expected number of archive solutions. At the
beginning of the optimization process, the CA is embedded in a part of the objective space in
which the population ofthesalgorithm is present. During the execution of the algorithm and
convergence of non-deminated solutions, the size of the CA is changed in such a way that it is
embedded only in, promising areas of the objective space, where non-dominated solutions are
present. Thus, the size of the CA is reduced gradually in the early steps of the optimization, and
finally, it'is fixed-Therefore, the size of cells is reduced during convergence, which results in the
accurate separability of the Pareto front and favorable management of diversity.

If there 1S no knowledge about promising areas of the objective space, CA will be embedded in
presence area of the population for some steps at the beginning of optimization. Significantly, it
avoids premature convergence and failure to identify any part of the POF.

During the optimization process, it is possible that a new generated solution is outside the CA. If

the minimum point of the CA does not dominate the above solution, the CA will be changed in
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the next formation in such a way that it covers the area where the above solution is present. If the
new solution is dominated by the minimum point of the CA, however, it will not cause changes
in the CA. Thus, it is possible that discovering new parts of the Pareto front causes an increase in
the size of the CA in some steps.

The other method which tries to reduce execution complexity applies some changes to the
attractor determination rule and the evolution process. Accordingly, the attractor determination
rule is redefined as follows:

Attractor determination rule (modified version):

( A is dominated only by B and B is
dominated only by one neighbor

Attractor(4) = 4 (15)

A Ais anon-dominated cell

@ otherwise

Figure 6 illustrates a non-dominated cell and its attracted cellsw.In this figure, cell A and the blue

cells are attracted to cell A.

»

fi

Figure 6: A'non-deminated cell (A) and its attracted cells (A and blue cells) according to the new
definition

By comparing/Figures 4 and 6, it can be concluded that the new definition of the attractor rule is
similar'to'the previous version, and presents values equivalent to HV values of non-dominated
solutions. Utilizing the new attractor rule, the evolutionary process will continue until all cells
that have been activated in the current generation have taken a value @ for their attractor sub-

state. Thus, a reduction in execution complexity is achieved. Figure 7 illustrates a CA that has
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evolved under the above considerations. In this figure, the white cells are not evaluated and

therefore the execution complexity of their evaluation is eliminated.

The new evolution process causes the proximity sub-state to be unspecified for unprocessed
cells. The algorithm convergence usually occurs in such a way that the majority of solutions are
in cells close to the Pareto front. Thus, assigning a large value for the proximity sub-state of

unprocessed cells is not unreasonable.

A

f2

fi
Figure 7: Final state of CA after evolution under new considerations.

White cells have.not been evaluated.

5.2. CTLBO Optimization Algorithm

In this section, a new algerithm based on the TLBO algorithm is introduced for DMOO. This
algorithm optimizes all"objectives simultaneously without aggregation or decomposition. It uses
the CA-based approach proposed above for ranking and managing solutions; hence, it is called
cellular TLBO-or CTLBO.

As usual, the algorithm starts by initializing the population with randomly generated solutions
from the search space. Then, to gather basic knowledge about the environment, a few iterations
of single-objective TLBO are performed for each objective. After that, the best solution of each
optimization is added to the population.

According to the idea of the TLBO algorithm, CTLBO performs optimization by taking
inspiration from the learning process in the classroom. Each iteration of CTLBO represents a
certain number of classes, and a non-dominated solution is chosen as the teacher for each class.

A few iterations of multi-objective TLBO are performed for each class. Afterward, the final
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populations of the classes and the main population of CTLBO are gathered in a set to be
evaluated.

In each iteration of the algorithm, new classes are formed and the teacher of each class is
selected from the archive based on the approximated HV values. A larger HV value for a
solution indicates that the density of the archive solutions is lower in the area near the solution;
hence, the algorithm selects solutions with larger HV values as teachers in the hope that they will
lead the algorithm to discover solutions in previously undiscovered areas of the POF. The
students for each class are selected randomly from two sets. A proportion ofithem,are selected
from the archive, and the rest are selected from the population. Because students are usually near
different parts of the Pareto front, the class set will have a desirable/diversityfor exploration. In
each iteration of the multi-objective TLBO, a new random solution is‘genérated with probability
0.3, which has been obtained empirically, and used as a student in_the mean-point calculation of
the teacher phase. This introduces diversity and increases(the'exploration ability of the algorithm.
To avoid being stuck in local optima and to increase‘eéxploration ability, CTLBO chooses a few
solutions from the population randomly in each'iteration and applies polynomial mutation to
them. The generated solutions are added to the population before the evaluation step.

The evaluation of solutions is performed using.the CA-based approach. In this way, by defining
the CA according to previous descriptions and embedding it in a specified area of the objective
space, each cell surrounds a subspace, and the solutions of the subspace become members of the
cell. Then, the evolution process starts and the required sub-states are specified for cells.
According to the method‘deseribed in section 3.2.2, one non-dominated solution is chosen from
each non-dominated cell and added to the archive of suggested solutions. As previously
mentioned, this selection method works to increase the diversity quality of the archive. Because
the archive sglutions may be dominated by new solutions, they are evaluated along with the new
solutions; and the-archive is formed again from the beginning during the evaluation process. The
proximitysand’ domination sub-states of the cell provide a quality description for its solutions.
According to sections 5.1.1 and 5.1.4, an approximation of the HV measure is calculated based
on the attractor sub-state for each non-dominated cell, and the HV value is assigned to a
representative solution of the cell in the archive.

The process of identifying environmental changes is performed at the beginning of each

iteration. For this purpose, the set of solutions that was present in the previous iteration is re-
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evaluated. If any objective value has changed for a solution, it means that a change has occurred
in the environment.

After detecting any change in the environment, the algorithm executes a procedure that attempts
to track changes and speed up convergence to the new POF by using information from previous
environments. The default procedure for this step creates a new population by collecting
solutions from the previous archive, mutated solutions from the archive, random selutions and
the optimum solutions of a local search on the endpoints of the previous Pareto” front.
Approximately 60% of the new population is selected randomly from the previeus archive. After
this, the algorithm selects solutions from the archive that preferably havemot been selected in the
previous step, and applies polynomial mutation to them. These solutions form approximately
10% of the new population. By performing a few steps of Nelder-Mead-[18] local search on the
endpoints of the Pareto front (optimum solutions of objectiveS in the archive), the algorithm tries
to find the optimum point of each objective. The obtained,solutions, equal to the number of
objectives, are the next solutions that are added to-the“mew-population. Finally, the remaining
population is selected randomly from the search'space. Due to a lack of knowledge about the
quality of solutions, the optimization steps aresignored in this iteration. Thus, after forming the
new population, a CA is formed and embedded.as in the initial step of the algorithm, and it starts
its evolution process to evaluate solutions.

At the beginning of optimization-for-each environment, a CA is embedded in the population area
for specified iterations. After the iterations, the embedding area of the CA is determined based
on the location of non-dominated solutions. Thus, the CA focuses on the Pareto front and
separates its various parts'more accurately.

At the beginning.of/each iteration, the population size is equal to or less than a predefined
maximum limit. Hence, at the end of each iteration and after removing duplicate solutions, if the
population size‘exceeds the maximum limit, greedy pruning based on the quality and density of
solutions will‘be performed on the population. The CA also helps the algorithm in this step by
describing the proximity of solutions to the Pareto front and specifying dense areas using cells.
Solutions may be duplicated in two forms: they may have the same decision vector or the same

objective vector. The algorithm removes duplicate solutions of both forms.

Algorithm 1: CTLBO Algorithm

01. Initialize Population randomly;
02. Execute single-objective TLBO for each objective and add found solutions to Population;
03. Determine the sub-space of objective space in which CA is embedded;
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04. Form CA and map all solutions to its Cells;

05. Perform CA growing process;

06. Assign values of each cell to its solutions;

07. num_of_Classes = min(size(Archive), max_num_of_Classes);
08. Choose Sentinel solutions;

09. while algorithm is not terminated do

10. Detect environmental changes by using Sentinel solutions;

11. if change occurred then

12. | Perform change adaptation process;

13. else

14. Choose new Sentinel solutions;

15. for each Class do

16. Greedy choose a teacher based on hypervolume from Archive;

17. Choose students: greedy (70%) and random (30%) from Population;
18. Execute multi-objective TLBO for Class;

19. Apply polynomial mutation on a randomly selected student and add it to output_Population;
20. end-for

21. end-if

22. Determine the sub-space of objective space in which CA is embedded;

23. Form CA and map all solutions to its Cells;

24. Perform CA growing process;

25. Assign values of each cell to its solutions;

26. Perform elitist pruning for Population;

27. num_of_Classes = min(size(Archive), max_num_of_Classes);

28. end-while

5.3. VECTLBO Optimization Algorithm

In this section, a new DMOQO algorithm is introduced that solves the DMOO problem by
considering it as many single-objective problems that cooperate together, in a similar way to the
VEDE [60] and VEPSO [12] algorithms. In this teehnique, referred to as “vector evaluated”, one
population is defined for each objective, and. the algorithm optimizes each population for its
corresponding objective. After a certain period of performing iterations, each population sends
some of its individuals to.other populations and receives some individuals from other
populations. Thus, in the subsequent iterations, the transferred individuals are optimized for the
objective of their target population. This procedure is repeated and populations cooperate by
transferring individuals after each period of iterations. The new algorithm introduced in this
section is a cembination of the above technique and the CTLBO algorithm; hence, it is called
vector evaluated cellular TLBO, or VECTLBO.

In fact, VECTLBO is a version of CTLBO that has a single-objective optimization method and
tries\toroptimize solutions for each objective separately. The main idea of vector evaluated
technigues is based on the fact that the result of optimizing a non-dominated solution for an
objective is a solution that may not be dominated by its parent. This feature is illustrated in

Figure 8.
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Figure 8: Feasible area of solution A after optimizing it
for objective f1. Pink: dominated area. Blue: feasible area.

As shown in Figure 8, the dominated and the feasible areas do not intersect«Therefore, the result
of single-objective optimization for a non-dominated solution is a selution that dominates its
parent and improves convergence to the POF, or is not dominated by its parent and may help the
algorithm find new parts of the Pareto front.

In VECTLBO, the initial population is divided into subpopulations such that the number of
subpopulations is equal to number of objectives. Then, for each objective of the problem, the
single-objective TLBO is executed and the resulting optimum solution replaces one solution in
the corresponding subpopulation. At the beginning/of algorithm iteration, a certain number of
classes are formed for each objective. The students of each class are optimized during some
iterations of the single-objective TLBO for_the corresponding objective. Finally, all classes
deliver their output solutions to the‘central unit of the algorithm. The central unit forms the union
set of new solutions and the eurrent, population. Then, it evaluates all solutions using the CA-
based approach. Therefore;.the multi-objective quality of each solution is determined compared
to all solutions. At the end of each iteration, each subpopulation is pruned greedily and the
algorithm prefers_to preserve solutions from its non-dominated solutions in the archive, non-
dominated solutions;, and randomly selected solutions from the union of its new and previous
solutions.

As noted above, algorithm iterations are separated into equal periods, and at each period of
iterations,_the optimization process is performed for each subpopulation independently. At the
final iteration of each period, subpopulations begin to exchange some of their non-dominated
solutions. Thus, according to a predefined communication topology, each subpopulation sends
some of its non-dominated solutions to other subpopulations and receives some solutions from

other subpopulations. Once again, a new period of iterations begins and the optimization process
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is performed independently for each subpopulation. These steps are repeated during the
algorithm execution.

The class formation in VECTLBO is different from the CTLBO algorithm in two ways. In
VECTLBO, the students are selected randomly from the related subpopulation. There are two
approaches to selecting a teacher for a class, and the algorithm adopts one of them randomly.
The selection probabilities are not equal, however, and the first approach is more, probable.
According to the first approach, desirability with respect to the related objective is considered
when selecting a teacher among the non-dominated solutions of subpopulations. In.the second
approach, however, the approximated hypervolume is considered and the nhon-dominated
solutions with larger hypervolume values are selected. Experiments indicate that if the selection
probability of the first approach is twice that of the second approachy.the desired convergence
will be obtained. Thus, in this paper, the probabilities are set t0°0.7 and 0.3 respectively.

During optimization in class, and according to single-objective optimization, a new solution will
replace its parent if it results in a more desirable value*for.the optimizing objective; however,
because the algorithm cannot judge superiority based.on a'single objective, all new solutions that
are better than their parent for optimizing ‘the objective are sent to the central unit of the
algorithm to be evaluated.

In VECTLBO, evaluation of solutionstusing the CA-based approach and the process of detecting
and tracking changes, is performed as.in the CTLBO algorithm. It can be implemented according
to the pseudocode presented.in Algorithm 2.

To establish communicationtbetween subpopulations, different topologies can be defined. The
topology can be static'er/dynamic. Depending on the structure and features of the problem, the
topologies may obtain different results. As a general approach, forming a random topology in
each step can be ideal. It ensures that knowledge is spread gradually in a diverse manner among
all subpopulations. If the selected solution for transmission is the best solution of the
subpopulation’for its relevant objective, a copy of the solution will be created and added to the

original subpopulation.

Algorithm 2: VECTLBO Algorithm

01. [Initialize sub_Population randomly for each objective;

02. Execute single-objective TLBO for each objective and add found solutions to Population;
03. Determine the sub-space of objective space in which CA is embedded;

04. Form CA and map all solutions to its Cells;

05. Perform CA growing process;

06. Assign values of each cell to its solutions;

07. num_of_Classes = min(size(Archive), max_num_of_Classes);
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08. Choose Sentinel solutions;
09. while algorithm is not terminated do

10. Detect environmental changes by using Sentinel solutions;

11. if change occurred then

12. | Perform change adaptation process;

13. else

14. Choose new Sentinel solutions;

15. for each objective do

16. for each class of objective do

17. rnd = a rand number between 0 and 1;

18. if rnd< 0.7 then

19. | Greedy choose one teacher from Archive based on optimality for this objective;

20. else

21. | Greedy choose one teacher from Archive based on approximated value of hypervolume;

22. end-if

23. Choose students randomly from related subpopulation;

24. Execute one-objective TLBO for each Class;

25. Add all new desirable Solutions to output_Population;

26. Apply polynomial mutation on a randomly selected student and add it to output_Population;

27. end-for

28. end-for

29. end-if

30. Determine the sub-space of objective space in which CA is embedded;

3L Form CA and map all solutions to its Cells;

32. Perform CA growing process;

33. Assign values of each cell to its solutions;

34. Perform elitist pruning for Population;

35. if itr_number is multiple of exchanges_Interval then

36. Select some non-dominated solutions of each sub_Population randomly;

37. Send selected solutions to other sub_Population according to.defined communication topology;

38 If one of selections is optimal non-dominated solution of sub_Population for associated objective, one copy of above solution
’ will be retained in sub_Population;

39. end-if

40. num_of_Classes = min(size(Archive), max_num_of_Classes);

41. end-while

6. Experimental study

In this section, the proposed algarithms are evaluated and compared with a number of other
DMOQO algorithms.

6.1. Experimental Setup

6.1.1. Dynamic Fest Functions

In this study, 24 benchmark functions are used to evaluate the performance of the algorithms:
FDA1 [16], FDA2¢amara [61], FDA3zneng [31], FDA4 [16], dMOP1 [33], dMOP2 [33], dMOP3
[33], F5 [53], F6 [53], F8 [53], ZJZ [62], HE3 [63], HE4 [63] and HES5 [63]. Their definitions
and ‘specifications are shown in Table 1.

All these problems are minimization problems, and their dynamic is realized by the following

equation:

£ = nlLiJ (16)
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where 7, and n, indicate the frequency and severity of changes in the environment respectively
and t indicates the number of function evaluations or iterations of the algorithm that have been
executed up to the current moment. The frequency of change (z;) determines how often the
environment changes, and the severity of change (n;,) specifies the amount of change in position
of Pareto points in search space and/or objective space.

Table 1: Test functions used in experiments in current study

Name Definition Search Space POS .& POF Remarks
fi(x) = x, f2(x,t) = g(xy, )R(f1, 9)
xp = (x1) tvpe |
GO =1+) (=GO x € [0,1] POS: (x|Yx, €yt = G (1)) P
FDAL xi€xi
Two-
= (X, o) Xy, POF: fy= 1 — JF,0<f, <1 g
h(fpg) =1- % G(t) = sin(0.5mt) 21 c [(le 1]"951) f2 Vhp0 < fi objective
fi(x) = x f200,t) = gy, f1, 9, 6) _
gla) =1+ Z xi* X = (a) POS: {x|Vx; € x;:x; = 0,
& x; € [0,1] VX, € Xy X; = ¢, G(c) < G(d), type Il
FDA2 £\ 6O foralld € [-1,1]}
Camara | h(xy, fi,g,t) =1 — (—1) , H(t) = z7oosne/y) X = (Xg) -2 Xr,) Two-
g X1 = (Xpya1r 3 Xn) POF: 1 in cf <1 objective
Gont) = HO+ ). (= H(©)/2) [y, ety | POF =14 L0 fi<
Xi€Xq1
1 F(t) =
fi ) = > x| fo(6,0) = g Gy, OA(f1, 9) X1 T Gt )
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Zhen = o 2 =1- |& Two-
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filx, t) = (1 + g(xy, t)) cos(0.5mx;) cos(0.5mx,) _ POS: {x|0 < <1
£,e,t) = (1+ g, £)) cos(0.5mx,) sin(0.57x,) 6 Gwx) e i !
FDA4 |f,(x,t) = (1 + g(xy,£)) sin(0.5mx,) X = (X e Xn) 6 =G, fori=3,..,n}
n Three-
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i=3
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H(t) . =1 L
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gxt) =1+9 X_EX”(XL' = G()? x; = (x1) POS: {x|Vx; € x;;:x; = G(t)} type Il
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2 2
filx) =x, + —z (xj — 0.8x, cos(6mxy +j7r/n)) POS: { x| m
Vil Sjess X = (x1) x; = 0.8x, cos(6mx, + jm/n) for j€J A bpe
fo(et) = geOh(f1, 9,) x € [0,1] ' e y v : . TR e
2 x; = 0.8x, sin(6mx, + jm/n) for j € -
HES glx)= 2- \/x_l + mz (x]- =10.8cos(6mx; +j7r/n))2 < « ) ! ! vHim/ JER objective
2 JEJ2 1= (X2, s, Xp x H(t)
h(f g, t) = |1 = (f/@)" D) WAH(®) = 0.75sin(0.57t) + 1.25 | x, € [~1,1]* POF:y = (2 — /x1) [1 - (2 - 1/;?) ] nonlinear
Ji={l2<j<njisodd} ,vJ, ={jil2 <j < n,jiseven} 1

6.1.2. Performance Measures

Several imeasures have been proposed for evaluating DMOO algorithms. Most of them only
describe one particular aspect of performance, but some are comprehensive measures. Inverted
generational distance (IGD) [64] and hypervolume ratio (HVR) [65] are the comprehensive
measures that have attracted the most attention from researchers. Therefore, these measures are
used in this paper to describe the performance of the algorithms.

IGD is a performance measure of DMOO algorithms that simultaneously describes the quality of

the solution set with respect to convergence, diversity, and spread. IGD is the average of the

27



Euclidean distances between the sampled points of the POF and the nearest solution to them in
the solution set suggested by the algorithm. This measure is calculated using the following

equation:
M por!
%0 d (17)

Npor’

In the above equation, np,x refers to the number of sampled points, and d; aefers to the

IGD =

Euclidean distance between the i" sampled point of the POF and the nearest soldtion to it among
the suggested solutions of the algorithm. A lower IGD value indicates a _higher. quality for the
solution set.

The hypervolume (HV) measure [5], [66] is a comprehensive measure that indicates what
volume of the objective space is dominated by the suggested solutiens of the algorithm. For a
solution set A, the value of the HV measure with respect to a reference point far away from the
POF is the volume of an area in the objective space that\is deminated by solutions of A and is
limited by the reference point. Its mathematical descriptions are as follows:

R(fi, frer) = {fplfo < frer and f; < fp, fp € R} (18)
R(A, frer) = Ui=1,..,ja| R(fi, frer) (19)
The HV value is the hyper-area or Lebesgue integral of the set R(A4, f.r). A greater HV value
means that the quality of the solution set is higher with respect to convergence, diversity and
spread. The HVR measure is the normalized version of HV, and is calculated as follows:

HVR = HV(POF™) (20)
HV(POF)

In the above equationy/POF indicates the set of sampled points from the Pareto optimal front and

POF” indicates the solution set suggested by the algorithm.

6.1.3. Experimental Settings
In this study, we compare the performance of the proposed algorithms with four well-known
algorithms.taken from the literature. These algorithms are:

— A GA-based algorithm (DNSGA-I1I A) [21].

— A GA-based algorithm (DNSGA-I1I B) [21].

— Aclonal selection algorithm (CSADMO) [24].

— A cooperative coevolutionary algorithm with a predictive model (PNSCCDMO) [10].
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The reason why the above algorithms have been selected for comparison with the proposed
methods can be summarized as follows. DNSGA-II algorithms, which use the well-known
NSGA-II algorithm, have attracted the attention of many researchers for similar comparison
purposes. CSADMO is selected due to the remarkable results of algorithms inspired by clonal
selection theory and PNSCCDMO is representative of algorithms that use prediction-based
approaches to track environmental changes.

To compare the algorithms fairly, some considerations are defined for setting the parameters, as
described below. Clearly, these considerations mean that some of the parameter settings do not
match the settings in the reference papers, but this has a negligible impact on algorithm
performance, and in most cases the effects are positive. The parametér settings for the compared

algorithms are presented in Table 2.

Table 2: Parameter settings for the algorithms

Algorithm Parameters

Population size: N = 30 ; SBX probability: p. = 0.9 PM.probability: p,, = 1/D

DNSGA-Il A Distribution indexes: n. = 10 , 1y, = 20 ;Number'of randomly replaced solutions: { = 20%

Population size: N = 30 ; SBX probability: ps, =0.9°; PM probability: p,, = 1/D ;

DNSGA-IIB Distribution indexes: n. = 10 , n, = 20 ;'Number of mutated solutions: { = 20%

CSADMO Population size: N = 30 ; Clone-proportion.= N/Current_pop_size

subPopulation size: N = 30/nopj,; Number of subswarm: M = ny,; ; individuals generated by prediction = 80%

PNSCCDMO Crossover probability: p#'= 1 ; Mutation probability: p,, = 1/D ; Distribution indexes: n. = 10 , n, = 20

Population size: N =/30 ; Number of class: N, =3 ; Number of iterations in class: Itr¢,ss =1 ;

CTLBO Distribution index’for. mutation: n,,, = 20 ; Nelder-Mead iterations: Itryym = 50 ; Number of students: Ny = 4

subPopulation'size: N = 30/n,p,; ; Number of class: N. = 1 per subswarm ; Number of students: Ny = 6
VECTLBO Number of iterations in class: Itr.,ss=3; Distribution index for mutation: n,, = 20 ;
Nelder-Mead iterations: Itryy=50; Exchanges interval =6 ;

In the definition of the benchmark problems for dynamic optimization, the frequency of
environmental changes was typically determined based on the algorithm iterations (generations);
so, after a predefined number of iterations, the environment will be changed. Because each
algorithm may perform a different number of solution evaluations in each iteration, many
researchers have recently decided to use the “number of function evaluations”, instead of
“number of iterations”, in determining the frequency of changes, to prevent potential unfairness.
This decision has also been taken in the field of DMOO. Hence, in this research, the parameter of

change frequency (t;) is characterized by the number of objective function evaluations. On the
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other hand, because the increase in iterations causes an increase in the steps of knowledge
improvement that may affect performance, the algorithms are configured to have an average of
30 evaluations in each iteration.

Generally, a higher population size increases the exploration ability of the algorithm, but it also
delays convergence. In this research, the population number is set to 30 for all algorithms.

In designing experiments for each problem, different combinations of values are considered for
“severity of change”, “frequency of change” and “problem dimensions” t0 evaluate the
algorithms in different problem states and to investigate the effects of feature,changes on
algorithm performance. Because problems are of differing complexity, the values for the above
features are specified for each problem according to its complexity.

In this research, each algorithm is evaluated 10 times for 50 consecutive environments in each
problem, and the results of the experiments are compared using Friedman statistical analysis

[67]. The rankings given in the tables are obtained from this analysis. The Friedman test is a
nonparametric statistical test, and is used to check“if“there are significant differences in the
distributions of several sets of data (results of different algorithms) by comparing the medians of

the distributions.

6.2. Experimental Results

6.2.1. Evaluating and Comparing the Performance of Algorithms

6.2.1.1. Evaluation and Analysis of Algorithms for FDA1 Problem

In this section, the performances of the algorithms are compared for the FDA1 problem, which is

a type | problem. Table,3/presents the experimental results for FDAL.

Table/3: Performance of the algorithms for the FDA1 problem and Friedman test ranking

Configuration| Measures DNSAGA_“ DNSEC:A-” CSADMO | PNSCCDMO CTLBO VECTLBO
mean 2.09e-3 8.00e-4 1.57e-3 6.35e-4 5.41e-4 1.09e-3

m= 15 16D G r ] 3064 (60) | 6465 (30) | 10e-4 (5.0) | 4.36-5 (1.9) | 7.3¢-5 (1.1) | 1.3e-4 (4.0)
ne = 10 mean |  64.82% 81.11% 63.64% 85.03% 86.70% 75.19%

a=500 |HVRIGq | 3.15% (5.1) | 1.50% (3.0) | 1.70% (5.9) | 0.75% (1.9) | 1.63% (L.1) | 2.30% (4.0)
mean | 5.20e-4 2.71e-4 7.750-4 3.05¢-4 2 296-4 3.23e-4

n=15 118D |\ | 1.9e-4 (4.9) | 2865 (22) | 3.0e-5 (5.8) | 2.1e-5 (3.1) | 9.7e-6 (1.0) | 2.0e-5 (4.0)
ne = 10 mean |  88.29% 93.55% 80.44% 93.06% 94.85% 92.32%

7 =1000 [HVRIGq " | 3450 (4.8) | 0.26% (2.1) | 0.63% (6.0) | 0.40% (3.0) | 0.219% (1.0) | 0.46% (4.2)
mean 2.52e-4 1.88e-4 3.84e-4 2.57e-4 1.79e-4 1.92e-4

n=15 16D ¢ | 5.4e5 (42) | 2766 (21) | 5.6e-6 (6.0) | 1.06-5 (4.8) | 1.0e-6 (1.0) | 1.8¢-6 (2.9)
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n=10 | olmean| 9461% 95.99% 90.28% 95.19% 96.61% 96.33%

7, = 2000 std. .| 1.22% (4.6) | 0.10% (3.0) | 0.11% (6.0) | 0.12% (4.4) | 0.03% (1.0) | 0.04% (2.0)
n=15 IGD mean 9.53e-3 3.11e-2 6.94e-3 2.77e-3 4.34e-3 4.74e-3

o 0 std. r.| 3.8e-4 (5.0) | 1.8¢-3 (6.0) | 5.2e-4 (4.0) | 1.1e-4 (1.0) | 6.3e-4 (2.4) | 5.0e-4 (2.6)
¢ mean |  15.88% 5.54% 2153% 48.06% 44.68% 42.76%

=500 |HVRIGq | 23006 (5.0) | 2.15% (6.0) | 0.79% (4.0) | 0.94% (1.2) | 3.64% (2.3) | 2.68% (2.6)
15 Lo |men| 433 1.32e-2 1.76e-3 1.35¢-3 2.056-3 1.98¢-3

5 n = std. r.| 7.8e-4 (5.0) | 1.3e-3 (6.0) | 9.6e-5 (2.5) | 1.1e-4 (1.0) | 2.9e-4 (3.5) | 4.4e-4 (3.0)
¢ mean | 40.34% 2257% 59.77% 70.60% 68.07% 67.83%

7 =1000 [HVRIG, " | 5430 (5.0) | 1.63% (6.0) | 1.72% (3.9) | 1.979% (1.4) | 3.89% (2.4) /' 2:77% (2.3)
s |iop | mean| 157e3 9.93¢-4 6.17e-4 6.960-4 4.71e-4 52le-4

6 =2 std. r.| 4.8e-4 (5.8) | 2.1e-4 (5.0) | 1.4e-5 (2.6) | 2.8e-5 (4.0) | 9.2e-5A1:6) /| 1.1e-4 (2.0)
¢ mean |  74.86% 80.40% 85.04% 85.02% 9029% 88.75%

7 = 2000 [HVRIG 1 40706 (5.9) | 2.57% (5.0) | 0.33% (3.6) | 0.47% (35) | 1.44% (1.2) | 1.91% (1.8)
a0 liop | mean | 1ade2 9.18¢-3 7.550-3 351e-3 2.72¢-3 3.50e-3

7 = 10 std. r.| 3.0e-3 (6.0) | 1.5e-3 (4.9) | 4.3e-4 (4.1) | 4.0e-4 (2.4)~ 3.5e-4 (1.4) | 8.3e-4 (2.1)
t mean | 12.13% 23.74% 21.89% 48.45% 51:86% 52.59%

7w =500 |HVRIG, " | 5.000 (6.0) | 2.38% (4.1) | 1.20% (4.9) | 2.08% @7) | 443% (1.9) | 1.93% (1.4)
n =30 IGD mean 6.47e-3 9.52e-4 2.94e-3 9.15e-4 6.49e-4 9.41e-4

ol 2T std. r.| 1.8e-3 (6.0) | 1.8e-4 (2.9) | Lle-4 (5.0) [“Lded (2.9) | 4.8e-5 (1.0) | 1.0e-4 (3.2)
¢ mean | 45.66% 7957% 44.86% 80.38% 83.99% 78.24%

7 =1000 [HVRIG " 1102706 (5.4) | 2.28% (2.7) | 1.45% (5.6)4,1.59% (2.5) | 1.05% (1.0) | 1.69% (3.8)
n =30 IGD mean 1.32e-3 3.77e-4 1.27e-3 3.74e-4 2.87e-4 3.13e-4

ol 178 std. r.| 5.0e-4 (5.5) | 6.2e-5 (35) | 3.4e-5 (55) | 2.7e-5 (35) | 2.4e-5 (1.3) | 1.9e5 (L.7)
¢ mean|  76.30% 91.42% 69.90% 91.52% 92.93% 92.24%

7 =2000 [HVRIG | 5550 (5.1) | 0.58% (3.4) | 053%n(5.9) | 0.31% (35) | 051% (1.2) | 0.49% (1.9)
n=30 IGD mean 3.87e-2 8.92¢-2 5.3%-2 9.23e-3 1.35e-2 1.94e-2

ol std. r.| 3.3e-3 (4.0) | 3.2e-3 (6.0) |nL1.9-3 (5.0) | 4.8¢e-4 (L0) | 4.1e-3 (2.1) | 2.4e-3 (2.9)
¢ mean|  0.06% 0.13% 0.88% 22.58% 10.45% 19.29%

=500 |HVRIGq | 015% (5.7) | 0.15% (5.3) | 054% (4.0) | 0.88% (1.0) | 3.64% (3.0) | 1.63% (2.0)
n =130 IGD mean 2.36e-2 7.33e-2 1.76e-2 5.24e-3 8.73e-3 1.09e-2

I std. r.| 3.0e-3 (50).| 2.76:3 (6.0) | 1.0e-3 (4.0) | 3.7e-4 (10) | 8.4e-4 (2.1) | 2.3e-3 (2.9)
¢ mean | 3.49% 0.88% 11.35% 30.58% 26.85% 45.39%

7 =1000 [HVRIG " | 1 84%.(510) | 0.46% (6.0) | 0.77% (4.0) | 0.78% (2.1) | 2.86% (2.9) | 2.86% (1.0)
n =130 IGD mean 7.65e-3 2.20e-2 4.04e-3 2.64e-3 3.92e-3 3.01e-3

bl MY std. ri| 7.7e-4 (5.0) | 45e-3 (6.0) | Lde-4 (37) | 1.3e-4 (12) | 3.8e-4 (3.3) | 5.2e-4 (L8)
¢ mean|  1651% 15.98% 28.36% 51.75% 52.49% 72.21%

7 = 2000 |HVRIG ) 3530 (5.5) | 2.28% (5.5) | 0.84% (4.0) | 1.81% (2.6) | 1.81% (2.4) | 3.05% (1.0)

As shown'in Table 3, for experiments on FDAL, the CTLBO, VECTLBO and PNSCCDMO
algorithms are/the most successful in achieving first rank. According to the results obtained in
experiments 1, 2, 3, 7, 8 and 9 in comparison with the results of the other experiments, it can be
concluded that the CTLBO algorithm operates more successfully when the severity of change is
lower. The VECTLBO algorithm is ranked first when the dimension number is greater and the
change severity is higher (experiments 6, 7 and 8). In experiments with high severity of changes,

PNSCCDMO was more successful and approached the first rank in cases where the frequency of
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change was higher, but by decreasing the frequency, CTLBO and VECTLBO both obtained
results closer to those of PNSCCDMO, and surpassed the latter algorithm in some cases. By
analyzing the presented results, it appears that in solving the FDAL problem, the VECTLBO
algorithm has good potential for leading the solutions to the POF and spreading them uniformly.
Thus, if the frequency of changes is lower, this algorithm performs better compared to other

algorithms.

6.2.1.2. Evaluation and Analysis of Algorithms for FDA2¢camara Problem
FDA2camara 1S a type 11 problem and therefore, its POS and POF change over time. Table 4 shows

the evaluation findings for the FDA2camara problem.

Table 4: Performance of the algorithms for FDA2camara problem and Friedman test ranking

Configuration| Measures DNSEA'“ DNSSA'“ CSADMO, |PNSCCDMO| CTLBO VECTLBO
mean 4.91e-4 4.82e-4 4.62e-4 1.02e-3 7.03e-4 8.18e-4

n=15 TGP\ | 16e-4 (21) | 15e-4 (1.9) | Bide5 (26) | 2.1e-4 (5.7) | 2.0e-5 (3.7) | 2.3e-5 (5.0)
ne = 10 mean| 91.33% 91.18% 895096 78.38% 90.59% 88.91%

=500 \HVRIGy | 2000 (2.1) | 2179% (19)] 056% (4.0) | 3.85% (6.0) | 0.52% (2.6) | 0.90% (4.4)
mean|  252e-4 2.96¢-4 3.24e-4 5.550-4 6.29e-4 7.180-4

n=15 BB\ | 21e-5 (1.3) | 476-5-(19)| 5.0e5 (28) | 1.3e-4 (44) | 1.9e-5 (4.8) | 2.26-5 (5.8)
ne = 10 mean| 95.30% 94.66% 93.71% 91.09% 93.83% 92.95%

7 =1000 \HVRI G 101706 (1.0)] 0.75% (23) | 0.29% (3.6) | 2.00% (5.9) | 0.16% (3.2) | 0.44% (5.0)
mean|  2.40e-4 2.17e-4 2.71e-4 3.52¢-4 6.21e-4 6.86¢-4

n=15 18D\ | 97e-5/15) | 1765 (1.9) | 1.9e5 (28) | 1.9e-5 (3.9) | 1.26-5 (5.0) | 1.0e-5 (6.0)
ne = 10 mean|  95.20% 9557% 95.29% 94.25% 94.74% 94.58%

7 =2000 \HVRIG 1 160% (19)7] 0.23% (1.8) | 0.11% (2.8) | 0.19% (5.8) | 0.22% (4.0) | 0.08% (4.9)
mean 1.68e-3 8.48e-4 9.51e-4 1.74e-3 7.00e-4 8.43e-4

n=15 118D\ ” 111.96-3'(4.0) | 156-4 (3.0) | 5.1e5 (43) | 5.8e-4 (5.9) | 5.3e-5 (1.1) | 4.26-5 (2.7)
e =2 mean|  70.67% 81.10% 75.20% 61.75% 83.66% 82.06%

=500 |HVR| o 19700% (3.9) | 2.59% (2.6) | 0.83% (4.7) | 8.88% (5.9) | 2.32% (L.7) | 1.67% (2.3)
mean 1.14e-3 7.85e-4 5.09e-4 8.95e-4 5.86e-4 6.76e-4

n=15 AVIGD 1047 | 41e-4 (5.4) | 2264 (4.0) | 355 (1.0) | 1.2e-4 (4.9) | 3.66-5 (2.3) | 2.4e-5 (3.4)
e =2 mean|  76.02% 83.48% 87.47% 81.36% 88.78% 88.76%

7 1000 HHVRI G 1 10.049% (5.3) | 4.86% (4.0) | 0.47% (3.2) | 2.32% (5.0) | 1.44% (1.9) | 0.81% (1.6)
mean 1.17e-3 7.49¢-4 3.30e-4 5.67e-4 5.04e-4 5.88e-4

" | 16D std. r.| 3.8e-4 (5.4) | 1.8e-4 (4.8) | 2.4e-5 (1.0) | 7.6e-5 (3.5) | 3.0e-5 (2.3) | 1.5e-5 (4.0)
Py mean|  75.05% 84.22% 93.20% 88.45% 93.68% 93.16%

@ =2000 [HVRI 1 | .69% (5.6) | 3.97% (5.0) | 0.16% (2.3) | 1.70% (4.4) | 0.75% (1.3) | 0.31% (2.4)
mean 5.06e-3 1.89¢-3 1.64e-3 1.06e-2 1.07e-3 1.28e-3

n=31 CD oy | 26e-3 (4.9) | 2.86-4 (3.9) | 1.6e-4 (31) | 274 (6.0) | 9.5¢-5 (1.1) | 15e-4 (2.0)
ne = 10 mean| 38.13% 67.34% 69.03% 0.02% 79.25% 78.23%

=500 1HVR| G 1 1 2a.38% (4.7) | 5.86% (3.9) | 1.60% (3.4) | 0.05% (6.0) | 1.39% (1.6) | 3.53% (1.4)
mean 2.75e-3 1.13e-3 9.38e-4 3.91e-3 8.17e-4 9.50e-4

n=31 |IGDIoy | 23e-3 (4.8) | 3.3e-4 (34) | 6.0e-5 (28) | 2.5¢-3 (5.8) | 5.8¢-5 (1.3) | 5.7e5 (2.9)
me =10 UR[mean| 62.69% 82.14% 83.88% 38.71% 89.90% 87.51%
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7 = 1000 std. 1] 23.99% (4.8) | 7.10% (3.4) | 0.75% (3.7) | 25.69% (5.9) | 0.80% (1.1) | 1.97% (2.1)
n=31 IGD mean 5.12e-3 7.99e-4 6.15e-4 1.36e-3 7.16e-4 8.34e-4

9| n =10 std. r.| 3.0e-3 (5.2) | 1.5e-4 (3.4) | 6.3e-5 (1.1) | 4.8e-4 (5.0) | 3.6e-5 (2.4) | 4.1e-5 (3.9)
t mean|  40.33% 88.52% 91.77% 77.60% 93.20% 92.22%

7 =2000 \HVRI G 7 337506 (5.5) | 3.39% (4.4) | 0.38% (2.8) | 8.75% (5.1) | 0.16% (1.0) | 0.98% (2.2)
a1 |iop | mean| 47ie3 2.09¢-3 257e-3 1.066-2 1.07e-3 1.32¢-3

ol B2 std. .| 2.2¢-3 (5.0) | 3.9e-4 (3.1) | 1.5e-4 (3.9) | 2.1e-4 (6.0) | 4.6e-5 (1.0) | 4.4e-5 (2.0)
¢ mean|  37.15% 56.47% 44.82% 0.01% 73.74% 71.63%

=500 \HVRI G 211706 (41) | 6.40% (3.3) | 1.67% (4.6) | 0.02% (6.0) | 0.94% (1.1) | 1L.01% (19)
n=31 IGD mean 3.98e-3 1.37e-3 6.15e-4 6.70e-3 8.73e-4 1.04e-3

ul B std. r.| 25e-3 (4.9) | 2.0e-4 (3.3) | 6.3e5 (3.9) | 9.6e-4 (5.9) | 5.0e-5 (L0)«| 5.5¢%5. (2.0)
t mean|  42.54% 71.94% 62.96% 7.39% 79.05% 78.74%

7 =1000 \HVRI G 1 oa 4006 (4.8) | 3.83% (3.) | 2.21% (4.2) | 6.28% (5.9) | 1.149%6(1.3)h 1,07% (1.7)
n=31 IGD mean 5.88e-3 1.19e-3 9.44e-4 2.84e-3 6.81e-4 8.56e-4

bl B std. .| 2.2¢-3 (5.8) | 2.4e-4 (38) | 4.2e5 (3.2) | 6.7e-4 (5.2) |A6e5 (1.0) | 3.66-5 (2.0)
¢ mean|  24.42% 76.76% 79.60% 46.88% 86.69% 85.54%

7 = 2000 [HVR| 71006706 (5.8) | 5.479% (3.8) | 0.74% (3.2) | 10.37% (8.2) | 1.40% (1.3) | 1.00% (1.7)

It can be observed that the DNSGA-II A and DNSGA-II B algorithms lead the competition when
the number of search space dimensions is smaller <and“the/ severity of change is lower
(Experiments 1, 2 and 3); however, the VECTLBO, CSADMO, and CTLBO algorithms surpass
them as the severity of change increases (Experiments 4, 5 and 6). When the number of
dimensions is increased to 31, the CLTBO and"VECTLBO algorithms maintain their efficiency,
and although results are close, they are ranked. first and second respectively. Additionally, the
CSADMO algorithm achieved desirableefficiency in some cases (Experiments 5, 6 and 9) based
on the IGD criterion, and can-therefore be regarded as competitive with the above two
algorithms.

6.2.1.3. Evaluation and Analysis of Algorithms for FDA3zneng Problem

In this step, the“performance of the algorithms in solving the FDA3zheng problem is assessed.
This is a type Il problem in which both the POS and POF are subject to change. Table 5 shows
the results of the experiments for this problem.

Table 5: Performance of the algorithms for FDA3z,eng problem and Friedman test ranking

# | Configuration| Measures DNSiA'” DNSSA'” CSADMO |PNSCCDMO | CTLBO | VECTLBO
— 15 IGD mean 5.19e-3 2.64e-3 3.28e-3 1.39%-3 7.60e-4 9.67e-4

1 " __ 10 std. r.| 1.2e-3 (6.0) | 8.0e-4 (4.1) | 2.4e-4 (4.9) | 2.0e-4 (3.0) | 4.3e-5 (1.0) | 1.2e-4 (2.0)
nt—_soo R | mean | 4265% 69.09% 57.07% 79.76% 85.97% 83.03%

i std. r.|10.90% (6.0) | 8.25% (4.0) | 2.24% (4.9) | 1.65% (3.1) | 0.64% (1.1) | 1.39% (1.9)
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1 |op|men| 3423 15263 2.08¢-3 8.90e-4 4.36e-4 7.34¢-4

N std r.| 7.8¢-4 (5.9) | 4.2e-4 (39) | 1564 (5.1) | 1.2e-4 (2.7) | 5.4e-5 (1.0) | 1.7e-4 (2.4)
¢ mean |  64.63% 85.85% 73.65% 88.70% 93.04% 89.08%

& =1000 [HVR| 0" 1 9.70% (6.0) | 3.01% (4.1) | 0.94% (4.8) | 0.73% (3.0) | 1.07% (1.0) | 1.24% (2.1)
n =15 1GD mean 1.91e-3 9.56e-4 1.39e-3 7.81e-4 4.73e-4 4.13e-4

o W std. r.| 27e-4 (5.9) | 3.2e-4 (3.9) | 6.4e-5 (5.0) | 9.0e5 (3.3) | 3.96-5 (L9) | 3.8e-5 (1.1)
¢ mean |  80.93% 91.47% 83.97% 91.46% 93.05% 94.13%

7 =2000 [HVR| G | 34706 (5.8) | 2.420% (2.9) | 0.46% (5.3) | 0.69% (3.8) | 0.67% (2.1) | 037% (1.2)
12 |op |mean|  77e3 8.60e-3 6.20e-3 5.180-3 3.73e-3 2.55¢-3

R std. r.| 45e-4 (5.0) | 4.8e-4 (6.0) | 2.80-4 (4.0) | 6.3e-4 (3.0) | 3.60-4 (2.0) S hle-4 (10)
¢ mean |  19.95% 41.04% 32.94% 36.27% 53.60% 62.71%

=500 [HVRIGq " | 143% (6.0) | 4.50% (3.3) | 1.56% (4.7) | 4.04% (4.0) | 3.74% 2.0) | 1.50% (1.0)
n =15 1GD mean 5.89e-3 5.49¢-3 3.50e-3 3.79%e-3 216e-3 1.49e-3

5 =2 std. r.| 3.0e-4 (5.9) | 6.1e-4 (5.1) | 1.7e-4 (3.3) | 4.0e-4 (3.7) | 3.5e-4 (2.0) | 1.6e-4 (1.0)
¢ mean |  32.72% 48.13% 53.97% 52.07% 68.24% 7851%

& =1000 [HVR| o | 3.05% (6.0) | 3.10% (4.8) | 1.52% (3.3) | 3.08% (3.9)] 372% (2.0) | 1.73% (1.0)
n= 15 1GD mean 4.71e-3 3.27e-3 2.67e-3 2.70e43 1.31e-3 1.04e-3

6 =2 std. r.| 3.1e-4 (6.0) | 3.3e-4 (5.0) | 1.2e-4 (3.6) | 2.7es4 (3:4) | 25e-4 (1.8) | 2.1e-4 (1.2)
¢ mean |  51.23% 64.95% 70.87% 68.65% 85.50% 86.49%

7 =2000 [HVRIG, | 2700 (6.0) | 3.67% (4.9) | 0.95% (3.2) |2.83% (3.9) | 2.65% (16) | 1.64% (1.4)
n =30 1GD mean 1.44e-2 1.07e-2 9.16e-3 T.34e-3 4.16e-3 3.99e-3

o std. .| 1.0e-3 (6.0) | 1.1e-3 (5.0) | 3.1e-4 (4.0)°.6.2e/4 (3.0) | 4.6e-4 (L6) | 4.1e-4 (L4)
t mean |  8.75% 19.91% 16.36% 38.96% 45.33% 50.05%

=500 [HVRIG " | 164% (6.0) | 2.20% (4.0) | 1.54% (5:0) | 1.53% (2.9) | 3.24% (2.1) | 2.24% (1.0)
n=30 1GD mean 8.60e-3 4.00e-3 5.16e-3 3.25e-3 2.35e-3 1.70e-3

N std. r.| 1.7e-3 (6.0) | 6.0e-4 (4.0) | 2.48%n(4.9) | 4.8e-4 (3.0) | 3.0e-4 (2.1) | 4.1e-4 (10)
t mean |  27.65% 54.02% 33.73% 58.39% 66.45% 73.08%

& =1000 [HVR| " | 8779 (5.8) | 7.03% (35) 0 146% (5.2) | 4.74% (3.3) | 2.84% (2.2) | 3.69% (1.0)
n=30 1GD mean 4.30e-3 2.22€-3 3.50e-3 1.53e-3 1.19e-3 8.56e-4

o ST std. r.| 6.2e-4 (5.9) | 4.1e-4 (40) | 2304 (5.1) | 2.4e-4 (2.8) | 2.3e-4 (2.0) | 2.6e-4 (12)
¢ = mean |  56.54% 77.45% 54.32% 80.56% 81.42% 86.28%

7 =2000 [HVR| o | 5.03% (58). | 3.65% (3.4) | 1.80% (5.7) | 210% (2.9) | 2.01% (2.7) | 1.52% (1.0)
n = 30 1GD mean 3.13e-2 2.68e-2 2.31e-2 1.72e-2 2.34e-2 8.48e-3

ol std. r.| 43658 (5.9) | 1.5e-3 (5.0) | 4.0e-4 (3.3) | 1.9e-3 (2.0) | 2.9e-3 (3.9) | 1.4e-3 (1.0)
¢ = mean | £ 3.49% 19.93% 8.58% 6.33% 3.80% 28.69%

=500 [HVRIG {1579 (56) | 2.50% (2.0) | 0.90% (3.1) | 2.22% (4.1) | 0.60% (5.1) | 1.92% (1.0)
n = 30 1GD mean 2.50e-2 1.99e-2 1.33e-2 1.34e-2 1.04e-2 4.50e-3

I stdhi/| 1563 (6.0) | 9.3e-4 (5.0) | 6.1e-4 (3.4) | 1.5e-3 (3.6) | 9.5e-4 (2.0) | 5.5e-4 (1.0)
¢ = mean |~ 3.73% 24.83% 13.95% 13.15% 20.14% 51.31%

7 =1000 |HVR |G, b 1 0.94% (6.0) | 1.58% (2.2) | 1.20% (4.1) | 1.91% (4.9) | 3.84% (2.8) | 1.55% (1.0)
a0l [iop M| L06e-2 9.82¢-3 5.88¢-3 8.660-3 5.24¢-3 2.11e-3

bl M std. r.| 3.8e-4 (5.7) | 7.7e-4 (5.0) | 2.7e-4 (2.7) | 1.1e-3 (43) | 6.1e-4 (2.3) | 1.5e-4 (1.0)
78 mean |  11.60% 34.34% 26.70% 23.78% 42.17% 71.49%

7 2000 HVRIG 1 1 4606 (6.0) | 3.02% (2.8) | 1.19% (4.0) | 3.14% (4.9) | 8.98% (2.3) | 1.43% (1.0)

The results presented in Table 5 suggest that the VECTLBO algorithm surpassed the other
algorithms in solving the FDA3zneng problem in the majority of cases. Its main rival is the
CTLBO algorithm, which ranked first in cases where the dimension number and the severity of

changes were both low (Experiments 1 and 2).
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6.2.1.4. Evaluation and Analysis of Algorithms for FDA4 Problem
FDAA4 is another problem in the FDA suite which has three objectives and is of type I. The

results obtained for experiments on this problem are presented in Table 6.

Table 6: Performance of the algorithms for FDA4 problem and Friedman test ranking
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# |Configuration| Measures DNSEA_“ DNSSA_“ CSADMO | PNSCCDMO CTLBO VECTLBO
n =15 1GD mean 6.55e-4 1.34e-3 9.53e-4 6.41e-4 3.86e<4 5.42¢-4

1 n =10 std. r.| 5.6e-5 (3.5) | 2.5e-4 (6.0) | 2.8e-5 (5.0) | 3.1e-5 (3.5) | 3.5e45,(1.0),| 6.6e-5 (2.0)
t mean |  49.05% 29.08% 33.26% 52.24% 75 55% 61.08%

=500 [HVRIG, " | 5850 (3.8) | 3.20% (5.9) | 3.89% (5.1) | 2.73% (3.1) J(1.85% (L0) | 5.57% (2.1)
s |iop | mean| 454 5.40e-4 5.94¢-4 457e-4 2 166-4 2.95¢-4

N std. r.| 3.2e-5 (3.4) | 5.3e-5 (5.0) | 3.2e5 (5.9) | 1.9e-5 (8.8) | 2.4¢%5 (1.0) | 2.5¢-5 (2.0)
t mean |  67.38% 62.25% 54.90% 71.54% 88.81% 81.71%

@ =1000 [HVR| o 1 2880 (4.2) | 4.079% (4.6) | 2.00% (6.0) | 3.15% (3.2)"[1.97% (1.0) | 2.11% (2.0)
s |iop | mean| 343ea 2.78¢-4 5.30e-4 351e-4 13le-4 1.53¢-4

N std. r.| 3.2e5 (4.3) | 1.1e-5 (3.0) | 24e-5 (6.0) | 7.7e-6"@.7) | 2.8¢-6 (1.0) | 9.5¢-6 (2.0)
t mean |  79.06% 85.10% 60.65% 84.25% 94.65% 93.51%

7 =2000 [HVR| G | 3080 (5.0) | 1920 (3.3) | 1.24% (60). | 127% (3.7) | 0.40% (1.0) | 0.66% (2.0)
n= 15 1GD mean 1.09e-3 2.72e-3 2.09e-3 1.06e-3 6.59e-4 1.16e-3

S s std. r.| 5.9e-5 (2.8) | 2.7e-4 (6.0) |.L1.3e-4 (5.0) | 43¢5 (2.8) | 2.9e-5 (1.0) | 1.6e-4 (3.5)
¢ mean | 35.84% 22.66% 19118% 27.62% 60.02% 34.27%

=500 [HVRIG, " | 3.48% (2.3) | 6.60% (50) | 223% (5.6) | 1.17% (4.3) | 3.31% (1.0) | 3.97% (2.9)
n= 15 IGD mean 7.62e-4 2.41e-3 1.67e-3 8.26e-4 2.96e-4 5.8%¢-4

s std. r.| 8.5e-5 (3.1) | 2.164%6:0) | 9.9e-5 (5.0) | 3.5e5 (3.9) | 6.7e-5 (1.0) | 3.66-5 (2.0)
¢ mean |  44.63% 33.21% 2758% 40.13% 83.57% 59.67%

& =1000 [HVR| o | 6.46% (3.4 1389% (4.9) | 2.52% (5.9) | 2.05% (3.9) | 2.25% (1.0) | 2.49% (2.0)
n =15 1GD mean 4.59%-4 1.71e-3 1.61e-3 5.56e-4 1.74e-4 2.3%-4

6 =2 std. r.| 5.9e-5(3.0) [11.5e-4 (5.9) | 6.1e-5 (5.2) | 4.8e-5 (4.0) | 2.4e-5 (1.0) | 1.9e-5 (2.0)
¢ mean |  66:37% 48.73% 30.21% 61.36% 93.05% 86.83%

7 =2000 |HVR o | 880% (3.2 5.85% (5.0) | 1.64% (6.0) | 4.66% (3.9) | 1.13% (1.0) | 1.70% (2.0)
n = 30 IGD mean 1.54e-3 4.26e-3 3.67e-3 1.28e-3 8.92e-4 1.80e-3

i std .| 3.6e-47(3.0) | 9.9e-4 (5.9) | 2.60-4 (5.1) | 6.1e-5 (2.1) | 1.3e-4 (1.0) | 2.9e-4 (3.9)
t mean’|  12.99% 6.51% 2.64% 31.74% 44.56% 16.55%

=500 [HVR o Y5400 (4.0) | 1.45% (4.8) | 1.41% (6.0) | 1.47% (2.0) | 3.64% (1.0) | 4.05% (3.2)
n = 30 16D mean 1.23e-3 2.22¢e-3 2.42e-3 8.23e-4 5.25e-4 8.70e-4

N st r.| 11e-4 (4.0) | 35e-4 (5.4) | 214 (5.6) | 47e5 (22) | 6.9e-5 (1.0) | 6.5e5 (2.7)
t mean |  25.20% 21.45% 7.70% 43.14% 63.61% 45.96%

7 =A000YHVR i 1 | 3.830% (4.1) | 2.70% (4.9) | 1.17% (6.0) | 1.76% (2.9) | 3.39% (1.0) | 3.28% (2.1)
n 230 1GD mean 8.05e-4 6.06e-4 2.18e-3 5.20e-4 2.85e-4 3.99¢-4

o e — 10 std. r.| 8.3e-5 (5.0) | 5.7e-5 (3.9) | 9.4e-5 (6.0) | 3.1e5 (3.1) | 3.2e-5 (1.0) | 6.3e-5 (2.0)
t mean |  49.38% 57.56% 11.21% 64.53% 82.88% 72.90%

@ =2000 |HVRIG, ) | 37100 (4.9) | 457% (4.2) | 1.05% (6.0) | 2.39% (3.0) | 3.51% (1.0) | 3.84% (2.0)
a0 |iop | Mean | 24863 6.256-3 5.93¢-3 2.01e-3 1.24e-3 2.58¢-3

I std. r.| 2.3e-4 (3.3) | 5.8e-4 (5.8) | 2.7e-4 (5.2) | 8.2e5 (2.0) | 1.3e-4 (1.0) | 2.8¢-4 (3.8)
¢ mean |  5.79% 5.68% 1.41% 14.06% 26.74% 1454%

% =500 [HVRIG, "\ | 3700 (4.6) | 2.30% (45) | 1.13% (5.9) | 1.52% (2.4) | 4.46% (1.0) | 0.89% (2.6)
mean 1.80e-3 6.79e-3 5.10e-3 1.42e-3 7.49e-4 1.78e-3

1| =30 118D gy 1| 1964 (36) | 8.4e-4 (6.0) | 9.9e-5 (5.0) | 9.36-5 (2.0) | 9.56-5 (1.0) | 5365 (3.4)
=2 THVR|mean| 7.04% 9.32% 5.51% 23.46% 53.83% 25.15%




7 = 1000 std. r.| 2.34% (5.0) | 4.78% (45) | 1.93% (5.5) | 1.85% (2.6) | 5.20% (1.0) | 2.46% (2.4)
a0 |ap |meen| 123 5.67e-3 4.89¢-3 1.12e-3 3.49e-4 8.676-4

12 =2 std. r.| 7.7e-5 (3.8) | 3.4e-4 (6.0) | 1.8e-4 (5.0) | 7.0e-5 (3.0) | 2.5e-5 (1.0) | 1.9e-4 (2.2)
t mean |  16.08% 17.82% 8.47% 32.320% 78.21% 4751%

7 =2000 [HVR| G | 4550 (45) | 3.30% (4.5) | 2.19% (6.0) | 2.48% (3.0) | 1.36% (1.0) | 7.92% (2.0)

It can be concluded from Table 6 that the CTLBO algorithm outperforms the other algorithms
significantly in solving the FDA4 problem. Among the other algorithms, VECTLBO ranks
second in many cases, but by increasing the complexity of the problem, PNSCCDMO becomes
more successful in preserving its efficiency and obtains results close to those of,VECTLBO,

surpassing it in some cases (Experiments 7 and 10).

6.2.1.5. Evaluation and Analysis of Algorithms for dAMOP1 Preblem
The dMOP1 problem is a type Ill problem in which only“the POF changes. The results of

experiments for this problem are presented in Table 7.

Table 7: Performance of the algorithms for dAMOP1 problem and Friedman test ranking

# |Configuration| Measures DNSiA'” DNS;‘A'" CSADMO |PNSCCDMO| CTLBO VECTLBO
— 10 IGD mean 1.30e-3 3.07e-4 4.41e-4 6.59e-4 5.37e-4 4.8le-4

1 n __ 10 std. r.| 2.5e-2 (2.6) | 5.3e-5 (1:4) | 2.7e-5 (3.0) | 1.8e-4 (5.0) | 7.2e-5 (5.0) | 2.5e-5 (4.0)
nt—_SOO HVR mean 80.40% 93.01% 87.86% 81.28% 86.37% 88.82%

&= std. r.|31.29%.(2.3)y[ 0.42% (1.3) | 0.61% (3.9) | 2.53% (5.9) | 1.63% (4.6) | 0.69% (3.1)
~ 10 1GD | Mean 1.57e-3 2.90e-4 4.0%e-4 3.56e-4 2.12e-4 2.0le-4

’ n __ 10 std. r.| 28e-31(3.2) | 5.7e-5 (3.6) | 1.4e-5 (5.7) | 7.8e-5 (4.4) | 1.1e-5 (2.4) | 1.2e-5 (1.7)
nt—_1000 HVR mean 77.59% 93.78% 90.22% 90.29% 94.83% 95.39%

&= std. r.| 35.80%. (3.7) | 0.60% (3.5) | 0.24% (5.5) | 0.88% (5.1) | 0.26% (2.2) | 0.20% (1.0)
~ 10 1GD mean 9.05e-4 2.37e-4 5.03e-4 2.75e-4 1.77 e-4 1.77e-4

3 n __ 10 std. .| 2.1e-3 (3.8) | 5.9e-5 (3.7) | 1.2e-5 (5.9) | 6.1e-5 (4.1) | 5.9e-6 (1.6) | 3.7e-6 (1.9)
nt—_2000 HVR mean 86.20% 94.68% 88.30% 93.10% 96.01% 96.21%

= std./r.| 26.8% (3.7) | 0.76% (3.5) | 0.17% (5.9) | 0.74% (4.9) | 0.17% (1.9) | 0.06% (1.1)
—10 igp | Mean 1.99-3 2.84e-4 4.84e-4 8.13e-4 5.22e-4 4.57e-4

4 n __ 5 std. r.| 2.9e-3 (3.0) | 6.3e-5 (1.1) | 6.6e-5 (3.7) | 1.8e-4 (5.7) | 3.9e-5 (4.3) | 4.2e-5 (3.1)
nt__soo HVR | Mean 71.67% 93.19% 88.06% 79.40% 86.51% 89.41%

i std. r.|36.84% (3.0) | 0.64% (1.1) | 0.77% (3.9) | 2.07% (5.7) | 0.93% (4.6) | 0.73% (2.7)
—10 1GD mean 1.60e-3 2.46e-4 4.19e-4 3.62e-4 2.11e-4 1.97e-4

5 / __ 9 std. r.| 2.8e-3 (3.9) | 5.0e-5 (3.3) | 1.7e-5 (5.6) | 1.2e-4 (4.6) | 1.2e-5 (2.5) | 8.0e-6 (1.1)
ni IOOO HyVR | Mean 77.25% 94.44% 90.18% 90.57% 94.91% 95.49%

- std. r. .81% (3. .60% (3. .26% (5. S57% (4. .34% (2. 17% (1.1

i d 35.81% (3.8) | 0.60% (3.2) | 0.26% (5.6) | 1.57% (4.9) | 0.34% (2.4) | 0.17% (1.1)
~ 10 1GD mean 1.53e-3 2.24e-4 5.08e-4 2.67e-4 1.76e-4 1.72e-4

5 n T 5 std. r.| 2.8e-3 (3.9) | 6.3e-5 (3.4) | 1.9e-5 (5.8) | 6.0e-5 (4.5) | 9.4e-6 (1.7) | 3.5e-6 (1.7)
ni ;000 HVR mean 78.24% 94.93% 88.34% 93.39% 96.08% 96.32%
- std. r. 2% (4. 79% (3. .32% (5. 7% (4. 21% (2. .06% (1.

i d 36.2% (4.0) | 0.79% (3.5) | 0.32% (5.8) | 0.77% (4.7) | 0.21% (2.0) | 0.069 0
7 _ 30 1GD mean 5.46e-3 2.56e-3 2.68e-3 4.97e-2 2.57e-3 2.62e-2

n= std. r.| 2.7e-3 (4.6) | 4.8e-4 (3.0) | 3.0e-4 (3.1) | 2.7e-3 (6.0) | 7.3e-4 (1.9) | 1.0e-3 (2.4)
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=10 | o[mean| 4624% 82.23% 67.44% 0% 41.99% 60.19%

7 = 500 std. r.| 36.09% (3.3)| 1.33% (1.0) | 2.76% (2.6) | 0% (6.0) |14.13% (4.6)| 5.02% (3.6)
n = 30 1GD mean 5.02e-3 9.47e-4 1.10e-3 7.41e-3 1.47e-3 8.3%e-4

ol 2200 std. r.| 3.0e-3 (5.0) | 2.1e-4 (2.3) | 3.1e-4 (3.0) | 5.9¢-3 (5.6) | 9.1e-4 (3.4) | 6.5e-4 (L.7)
t mean |  39.69% 89.61% 82.47% 44.66% 68.27% 86.25%

e =1000 [HVR| i 13068% (4.6) | 0.88% (1.1) | 1.18% (3.4) | 12.90% (5.3) | 17.11% (4.3) | 5.79% (2.3)
a0 |ip |meen| 378es 4.13e-4 7.10e-4 1.03e-3 1.28¢-3 3.32¢-4

9 n =10 std. r.| 3.4e-3 (4.7) | 4.4e-5 (2.4) | 1.2e-4 (4.1) | 3.3e-4 (5.0) | 1.4e-3 (3.2) | 1.9e-4 (1.6)
t mean |  50.83% 92.91% 86.60% 81.33% 71.48% 93.38%

% =2000 [HVRI G 43610 (44) | 0.13% (1.9) | 0.48% (4.2) | 2.49% (5.2) | 30.23% (4.0){087% (1.3)
a0 |iop | mean| 56563 2.37e-3 2.50e-3 5.10e-2 2.756-3 2126e-3

10 =2 std. r.| 3.2e-3 (4.6) | 4.8e-4 (2.4) | 7.5e-4 (3.0) | 2.5e-3 (6.0) | 6.7e-4(2.7) /| 5.1e-4 (2.3)
¢ mean |  46.49% 83.38% 69.85% 0% 42166% 62.44%

=500 [HVRIG " | 36.41% (3.4)| 0.82% (1.0) | 2.68% (24) | 0% (6.0) | 1545% (46)| 4.31% (3.6)
a0 |iop | mean| 2063 9.65¢-4 9.99¢-4 3.700-3 1.20e-3 1.02¢-3

o std. r.| 2.9e-3 (4.6) | 2.4e-4 (2.4) | 2404 (2.6) | 1.4e-3 (5.8)| 5ie-4 (3.2) | 4.1e-4 (2.4)
¢ mean |  66.59% 89.85% 82.86% 53.70% 7271% 86.03%

7 =1000 [HVRIG ) | 35,8006 (35) | 0.46% (1.0) | 0.58% (3.8) | 6.41% (5:8) | 1151% (4.8) | 1.76% (2.2)
n =30 1GD mean 3.18e-3 3.92e-4 7.80e-4 9.16e-4 7.14e-4 3.18e-4

Ll std. r.| 3.3e-3 (45) | 4.2e-5 (2.3) | 9.4e-5 (5.2) [“2.0e-4 (4.8) | 89e-4 (2.9) | 1.3e-4 (13)
¢ mean |  58.28% 92.98% 86.56% 82.48% 83.79% 93.40%

7@ =2000 [HVR| G 1422706 (4.3) ] 0.09% (1.8) | 0.34% (4.5)4.1.61% (5.4) | 19.95% (3.7) | 1.24% (1.3)

As shown in Table 7, for the dMOP1 problem the*main competition is between the VECTLBO,
CTLBO and DNSGA-II B algorithms. In experiments with a low dimension number, CSADMO

outperforms the other algorithms in cases'where the frequency is high (Experiments 1 and 4), but

as the frequency decreases, VECTLBOwand CTLBO both surpass it and achieve first and second

rank respectively. In cases with a high dimension number, VECTLBO and DSNAG-II B are the

superior algorithms; each of them achieves first rank in some of the cases or according to one of

the evaluation criteria.

6.2.1.6. Evaluation and Analysis of Algorithms for dMOP2 Problem

The efficiengy of the algorithms is evaluated using the dMOP2 problem, which is a type Il

problem/The evaluation results are presented in Table 8.

Table 8: Performance of the algorithms for dMOP2 problem and Friedman test ranking
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# |Configuration| Measures DNSEA-“ DNSBGA-” CSADMO | PNSCCDMO CTLBO VECTLBO
n=10 IGD mean 1.08e-2 2.40e-3 3.60e-3 2.48e-3 2.86e-3 2.62e-3

1 n =10 std. r.| 3.3e-3 (6.0) | 2.0e-4 (1.9) | 3.1e-4 (4.7) | 1.0e-3 (2.7) | 1.0e-4 (3.4) | 2.5e-4 (2.3)
t mean 10.33% 50.54% 35.07% 63.05% 37.10% 47.92%

=500 [HVR| i 113.349% 5.7) | 2.42% (2.3) | 0.82% (5.0) | 2.43% (1.0) | 1.51% (4.3) | 1.79% (2.7)
2 n=10 IGD | mean 1.77e-2 7.62e-4 1.46e-3 7.12e-4 1.86e-3 3.48e-4




7 = 10 std. r.| 1.3e2 (5.6) | Lde-4 (25) | 5.4e-5 (4.3) | 1.1e-4 (25) | 23e-4 (5.1) | 1.6e-5 (1.0)
@ =1000 [ | mean| 23.09% 81.70% 59.14% 83.91% 59.13% 89.71%

std. r.|30.19% (5.6) | 1.53% (3.0) | 1.04% (4.7) | 1.01% (2.0) | 3.89% (4.7) | 0.46% (1.0)
n =10 1GD mean 1.96e-3 3.31le-4 5.64e-4 5.59¢e-4 1.43e-3 3.00e-4

N std. r.| 49e-3 (3.6) | 4.3e-5 (2.4) | 2005 (4.1) | 2.5e-4 (36) | 5.1e-5 (5.9) | 3.4e-4 (1.4)
t mean |  81.48% 91.46% 81.43% 88.27% 67.45% 93.77%

7 =2000 [HVR| o | 26206 (3.4) | 0.52% (2.5) | 0.49% (4.8) | 2.94% (3.0) | 1.13% (5.9) | 4.23% (1.4)
n =10 1GD mean 4.18e-2 1.63e-1 1.50e-2 1.46e-2 1.02e-2 1.08e-2

M std. r.| 423 (5.0) | 9.7e-3 (6.0) | 1.1e-3 (3.6) | 1.7e-3 (3.3) | 6.60-4 (L1) | ¥le-3 (2.0)
¢ mean |  2.48% 0.83% 5.26% 18.35% 11.87% 14.20%

=500 [HVRIGq " | 184% (5.3) | 0.86% (5.7) | 1.80% (4.0) | 1.88% (1.0) | 2.00% (2.7)| 1.30% (2.3)
n=10 IGD mean 1.42e-2 2.44e-2 2.67e-3 5.98e-3 4.93e<3 2.80e-3

s| N std. r.| 1.1e-3 (5.0) | 4.0e-3 (6.0) | L.4e-4 (15) | 3.7e-4 (4.0) | 2.1 (3.0).| 5.0e-4 (15)
¢ mean |  4.99% 16.10% 4057% 38.16% 32.74% 56.76%

& =1000 [HVR| o | 408% (5.9) | 1.83% (5.1) | 2.06% (2.4) | 3.20% (2.6) [(2.31% (4.0) | 5.82% (1.0)
10 liop | mean|  160e2 5.08¢-3 6.21¢-4 2.37e-3 3.166-3 2.17e-3

ol T std. r.| 3.2e-3 (6.0) | 4.8e-3 (36) | 4.36-5 (1.0) | 6.5e-4 (3.0) | 2204 (4.4) | 3.5e-4 (2.8)
¢ mean |  16.60% 68.32% 81.06% 72.50% 48.46% 70.03%

7 =2000 [HVR| G 1 13.0% (5.9) | 5.80% (3.5) | 0.97% (1.0) | 3.62% (2.4)"["1.57% (5.1) | 4.46% (3.1)
0 |iop | mean| 6.5e-2 1.72e-2 2.226-2 3.056-2 1.460-2 2.29¢-2

o std. r.| 2362 (6.0) | 9.2e-4 (2.0) | L.4e-3 (3.7) | 8.9e-3°@6) | 1.26-3(1.0) | 2.4e-3 (3.7)
t mean |  4.21% 16.73% 11.58% 18/19% 8.44% 2.82%

=500 [HVRIG " | 5.83% (5.1) | 1.14% (17) | 0.64% (31 | 360% (1.4) | 1.47% (4.3) | 0.22% (5.3)
0 |iop | mean | 4sze2 3.40e-3 7.380-3 4.166-3 6.300-3 8.21e-3

8 =10 std. r.| 3.5e-2 (6.0) | 4.1e-4 (1.5) |.3.0e-4 (4.0) | 1.6e-3 (1.6) | 6.4e-4 (3.0) | 5.7e-4 (4.9)
t mean|  6.92% 43.05% 52:88% 56.37% 25.15% 12.87%

& =1000 [HVR| i 112,009 (5.5) | 2.39% (20) | 045% (4.1) | 3.61% (1.0) | 2.44% (3.2) | 2.87% (5.2)
n =20 1GD mean 5.00e-2 1.01e-3 2.34e-3 8.48e-4 3.44e-3 5.58e-3

ol 220 std. r.| 4.2e2 (5.3) | 1.264%&7) |9.9e-5 (3.1) | 2.2e-4 (1.3) | 6.0e-4 (4.3) | 2.6e-4 (5.3)
t mean |  26.83% 7557% 45.30% 80.78% 41.88% 24.01%

7 =2000 [HVR| G 1 26.4% (5.1) 1 188% (2.0) | 1.22% (3.7) | 1.90% (1.0) | 4.74% (3.9) | 3.08% (5.3)
n =20 1GD mean 2.15e-1 5.34e-1 1.78e-1 6.12e-2 3.56e-2 7.98e-2

ol std. .| 1.4e-27(5.0) |\L.6e-2 (6.0) | Lle-2 (4.0) | 3.6e-3 (2.0) | 4.4e-3 (1.0) | 9.1e-3 (3.0)
¢ mean 0% 0% 0% 10.86% 6.32% 1.06%

@ =500 [HVRIGq " | /0% 59)/] 0% (51) | 0.02% (@.7) | 1.77% (1.0) | 0.84% (2.0) | 0.28% (3.0)
n =20 1GD mean 8.18e-2 3.2%-1 3.36e-2 3.13e-2 2.19e-2 2.80e-2

ul std 1| 8.6e-37(5.0) | 2.8e-2 (6.0) | 2.7e-3 (3.9) | 3.2e-3 (3.0) | 9.0e-4 (1.0) | 3.3e-3 (2.1)
¢ mean]|  0.22% 0.10% 0.24% 17.64% 12.94% 4.26%

7 =1000 [HVRI " 30,350 (4.8) | 0.28% (5.4) | 0.46% (4.8) | 2.12% (1.0) | 1.33% (2.0) | 1.86% (3.0)
n=20 16D mean 2.48e-2 2.75e-2 4.70e-3 1.16e-2 1.14e-2 1.30e-2

Ll M8 sto r.| 453 (5.5) | 4.2e-3 (55) | 2.7e-4 (1.0) | 1.2e-3 (27) | L.1e-3 (2.7) | 1.5e-3 (3.6)
¢ mean|  9.73% 18.19% 19.23% 26.83% 20.34% 17.40%

7 =20004HVR | 0y | 9.13% (4.8) | 1.78% (4.1) | 1.65% (3.8) | 1.82% (1.0) | 1.27% (3.1) | 4.12% (4.2)

According.to Table 8, in the majority of cases where the frequency is high, either the CTLBO or
the PNSCCDMO algorithm is the superior algorithm, according to one of the evaluation criteria.

In experiments where the dimension number is 10, the VECTLBO algorithm is either the
superior algorithm or one of the two best algorithms in many cases (Experiments 1 to 6). When

the severity of change is increased, the CSADMO algorithm is less affected and becomes the
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major rival of the VECTLBO algorithm in terms of efficiency. By reducing the frequency of
changes, it benefits from opportunities for convergence and surpasses the VECTLBO algorithm
(Experiments 5 and 6).

On increasing the number of dimensions to 20, the PNSCCDMO algorithm achieved superior
performance in most cases, and the DNSGA-II B and CTLBO algorithms were its major rivals
when the severity of changes was lower (Experiments 7 to 9) and higher (Experiments 10 and

11) respectively.

6.2.1.7. Evaluation and Analysis of Algorithms for dMOP3 Problem
Although there are similarities between the dMOP3 and FDA1 problems, dMOP3 is of greater
complexity due to changes in the variable that controls the spread of.the POF solutions. The

results of experiments for dAMOP3 are presented in Table 9.

Table 9: Performance of the algorithms for dMOP3"problem and Friedman test ranking

Configuration| Measures DNSEA'” DNSSA'” CSADMO |PNSCCDMO| CTLBO VECTLBO
mean 3.83e-3 2.23e-3 1.68e-3 2.08e-3 2.09e-3 2.03e-3
n=100 G \o " | 6.60-4 (6.0) | 2564n(43)\| 12e-4 (11) | 2.0e-4 (36) | L5e-4 (3.4) | 1.1e-4 (26)
ne = 10 mean|  45.05% 59.47% 62.27% 60.98% 57.22% 56.90%
=500 1HVRI G| 4870 (6.0) |-0:95% (3.0) | 2.00% (1.7) | 3.77% (2.0) | 2.76% (4.1) | 2.36% (4.1)
mean 1.21e-3 4.93e-4 6.97e-4 7.97e-4 1.21e-3 5.52e-4
n=100 G\ " | 2.06-4 (5:3) 6,165 (1.2) | 2765 (32) | 1.0e-4 (38) | 1.3e-4 (5.7) | 3.3e-5 (L8)
ne =10 mean| 81:23% 90.47% 82.69% 87.22% 7455% 87.34%
7 =1000 [HVR| G 1 | 3.9%% (46) f 0.93% (1.0) | 0.63% (4.4) | 1.06% (2.6) | 2.40% (6.0) | 0.66% (2.4)
mean | 5.81e-4 2.98¢-4 3.060-4 4.91e-4 8.34¢-4 2.12e-4
n =100 HIGD | 1 60-40a8) | 4765 (26) | 9.1e6 (24) | 7.7e-5 (4.3) | 1.6e-4 (5.9) | 3.96-6 (L.0)
ne = 10 mean | 89.41% 94.81% 92.69% 92.59% 82.04% 95.87%
7 = 2000 [HVRIG, " 11 70% (4.9) | 0.65% (1.9) | 0.17% (3.3) | 0.84% (3.8) | 3.84% (6.0) | 0.13% (1.1)
mean|  1.28e-2 5.50¢-2 7.40e-3 4.70e-3 5.04e-3 3.43¢-3
n=10 ACDI4y 1| 146-3 (5.0) | 2213 (6.0) | 7.1e-4 (4.0) | 2.9e-4 (2.1) | 4.26-4 (2.8) | 3.7e-4 (1.0)
ne =2 mean|  10.41% 20.25% 17.38% 33.38% 35.79% 44.77%
@ =S00HVRIGG 1| 2.34% (6.0) | 1.47% (4.0) | 1.72% (5.0) | 2.18% (2.9) | 3.04% (2.1) | 2.71% (1.0)
n& 10 IGD mean 4.35e-3 2.80e-2 1.19e-3 1.93e-3 3.11e-3 7.59%-4
std. r.| 1.2e-3 (4.9) | 1.6e-3 (6.0) | 6.7e-5 (2.0) | 2.4e-4 (3.0) | 46e-4 (4.1) | 7.7e-5 (1.0)
=2 mean|  42.41% 34.81% 72.24% 69.71% 52.14% 83.89%
w=1000 \HVRI G 1 50006 (5.0) | 2.26% (5.9) | 1.27% (2.2) | 2.32% (2.8) | 3.53% (4.0) | 1.43% (1.0)
10 IGD mean 1.87e-3 4.51e-3 3.65e-4 9.42¢-4 1.73e-3 2.10e-4
std. r.| 6.5e-4 (4.7) | 9.4e-4 (6.0) | 1.8¢-5 (2.0) | 2.1e-4 (3.1) | 2.9e-4 (4.2) | 8.1e-6 (1.0)
ne =2 mean|  78.76% 53.95% 91.53% 87.04% 64.16% 96.13%
7 =2000 \HVRI G "1 6.34% (4.0) | 3.60% (5.9) | 0.39% (2.0) | 2.43% (3.1) | 5.24% (5.0) | 0.20% (1.0)
n =30 IGD mean 5.85e-2 8.37e-2 2.99e-2 2.29e-2 2.05e-2 2.35e-2
std. r.| 8.1e-3 (5.0) | 9.3e-3 (6.0) | 1.6e-3 (4.0) | L.1e-3 (2.4) | 8.3e-4 (13) | 3.3e-3 (2.3)
me =10 [HUR[mean|  0.98% 1.27% 6.15% 13.24% 7.35% 6.36%
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% = 500 std. 1| 0.47% (56) | 0.92% (5.4) | 1.61% (36) | 2.83% (1.0) | 0.76% (2.3) | 0.73% (3.1)
a0 |op|men| 23162 1.10e-2 9.460-3 9.746-3 1.09-2 7.81e-3

sl 10 std. .| 3.0e-3 (6.0) | 8.2e-4 (4.7) | 5.2e-4 (2.5) | 9.0e-4 (2.9) | 1.26-3 (3.9) | 8.1e-4 (1.0)
t mean|  12.52% 24.70% 19.41% 27.04% 13.56% 23.79%

7 =1000 \HVRI G | 46506 (55) | 1.66% (2.3) | 0.81% (3.9) | 0.99% (1.1) | 2.14% (5.4) | 3.10% (2.8)
n=130 IGD mean 1.42e-2 1.73e-3 3.17e-3 2.46e-3 3.54e-3 1.44e-3

o 120 std. .| 2.6e-3 (6.0) | 4.2e-4 (20) | 2.3e-4 (4.1) | 27e-4 (2.9) | 4.26-4 (4.9) | 1.4e-4 (11)
¢ mean|  30.31% 68.44% 44.43% 64.37% 37.03% 67.82%

7 =2000 \HVRI Gy 1119 (57) | 3.93% (1.4) | 1.29% (4.0) | 1.98% (2.8) | 3.56% (5.3) | 1.99% (18)
n=30 IGD mean 8.20e-2 2.76e-1 1.83e-1 3.27e-2 3.74e-2 5.04e-2

ol B std. r.| 5.2e-3 (4.0) | 6.8¢-3 (6.0) | 4.1e-3 (5.0) | 1.5e-3 (1.0) | 45e-3 (2.0)« 4.46%3.(3.0)
¢ mean| 0% 2.87% 0.07% 8.77% 15.18% 6.06%

=500 \HVRIGy "1 0% (56) | 1.94% (3.9) | 0.19% (5.4) | 2.10% (2.1) | 3.7396(1.0)'h. 1,56% (3.0)
n =30 IGD mean 5.05e-2 2.16e-1 9.07e-2 1.86e-2 3.00e-2 2.0le-2

ul M std. r.| 3.7e-3 (4.0) | 4.2¢-3 (6.0) | 2.6e-3 (5.0) | 9.6e-4 (1.5) |B.1e:8 (2.9) | 3.8¢-3 (1.6)
¢ mean|  0.00% 0.87% 0.10% 19.50% 20.17% 15.43%

7 =1000 [HVR| " 1 0.00% (5.8) | 0.99% (4.3) | 0.10% (4.9) | 1.29% (21) | 2.17% (1.0) | 3.15% (2.9)
n =130 IGD mean 2.11e-2 1.24e-1 2.54e-2 7.48e-3 1.58e-2 3.78e-3

. std. r.| 2.3e-3 (4.0) | 6.6e-3 (6.0) | 1.2e-3 (5.0) | 5.16-4 (2.0) | 15e-3 (3.0) | 7.0e-4 (1.0)
¢ mean|  1.98% 0.79% 3.53% 27.88% 38.54% 47.49%

7= 2000 [HVRI " 1 1 109 (5.3) | 0.40% (5.7) | 0.91% (4.0)| 1.48% (3.0) | 1.06% (1.9) | 5.65% (1.1)

The results presented in Table 9 indicate that the VECTLEBO. algorithm gave the best results for
the dMOP3 problem in many cases where the dimension’number was low. Both CSADMO and
DNSGA-II B algorithms outperformed it in‘some, cases where the severity was low and the
frequency was high (Experiments 1 and 2).. When'the dimension number was increased, CTLBO
and PNSCCDMO were more successfulin cases where the frequency of changes was higher, but

as the frequency decreased, VECTLBO gave closer results and finally achieved the best results.

6.2.1.8. Evaluation and Analysis of Algorithms for F5 Problem
In this section, the algorithms are evaluated using the F5 problem, which is a type Il problem with

nonlinear correlation between variables. The results of the experiments are presented in Table 10.

Table,10:Performance of the algorithms for F5 problem and Friedman test ranking

#[Configuration| Measures DNSEA-“ DNSSA_“ CSADMO | PNSCCDMO CTLBO VECTLBO
n=10 IGD mean 4.09e-3 3.95e-3 4.72e-3 4.17e-3 7.96e-3 9.67e-3

1] W =10 std. r.| 3.1e-4 (1.9) | 9.6e-5 (1.4) | 2.1e-4 (3.9) | 1.5e-4 (2.8) | 1.3e-3 (5.2) | 1.6e-3 (5.8)
t mean 78.78% 79.47% 76.95% 77.44% 63.64% 62.11%

7 =500 |HVR std. r.| 1.22% (2.0) | 0.44% (1.4) | 0.84% (3.6) | 0.74% (3.0) | 3.87% (5.4) | 3.83% (5.6)
n=10 IGD mean 3.87e-3 3.87e-3 4.25e-3 3.91e-3 5.08e-3 5.93e-2

2| =10 std. r.| 1.6e-4 (1.9) | 5.1e-5 (1.6) | 6.0e-5 (3.9) | 1.0e-4 (2.6) | 5.0e-4 (5.1) | 1.1e-3 (5.9)
t mean 80.54% 80.61% 80.02% 80.11% 73.67% 73.05%

7 =1000 1HVRI G 1 0.300% (1.7) | 0.16% (1.6) | 0.21% (3.7) | 0.36% (3.0) | 1.83% (5.3) | 3.18% (5.7)
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_10 |iD |Mean 3.8%-3 3.88¢-3 4.19%-3 3.8%-3 4.26e-3 4.54e-3

3 " ~ 10 std. r.| 3.9e-5 (2.3) | 4.8e-5 (1.7) | 2.4e-5 (4.4) | 5.8e-5 (2.0) | 1.9e-4 (4.7) | 1.6e-4 (5.9)
nt__zooo HyR| Mean | 81.09% 81.12% 80.82% 80.87% 78.23% 78.56%

%= std. r.| 0.08% (1.7) | 0.06% (1.4) | 0.09% (3.4) | 0.17% (3.4) | 1.23% (5.4) | 0.50% (5.6)
—10 |1GD|Mean 2.68e-2 8.82e-2 2.25e-2 1.90e-2 2.54e-2 3.47e-2

4 " T 5 std. r.| 1.2e-3 (3.8) | 7.2e-2 (6.0) | 1.6e-3 (2.0) | 1.0e-3 (1.1) | 8.6e-4 (3.1) | 1.9e-3 (5.0)
"t_"so o lhve|mean 19.02% 18.76% 25.30% 29.50% 22 62% 10.50%

&= std. r.| 1.35% (4.4) | 2.08% (4.5) | 1.73% (2.1) | 2.28% (1.1) | 1.84% (2.9) | 1.77% (6.0)
—10 |1GD|Mean 1.63e-2 2.02e-2 1.69¢-2 1.30e-2 1.98e-2 2.24¢-2

: n = : std. r.| 9.8e-4 (2.3) | 5.3e-4 (4.8) | 1.20% (2.8) | 4.9e-4 (1.0) | 1.3e-3 (4.1) |/1ide-3 (6.0)
e o0 |FvR|mean|  38.10% 31.86% 40.14% 47.34% 33.88% a1

i std. r.| 1.90% (2.8) | 1.38% (4.9) | 1.86% (2.2) | 1.50% (1.0) | 1.71% (4:1) | 2.48% (6.0)
—10 |1cD|™Mean 1.25e-2 1.71e-2 1.43e-2 1.15e-2 1.66e-2 1.71e-2

6 " o ) std. r.| 5.9e-4 (1.9) | 4.9e-4 (5.0) | 1.0e-3 (3.1) | 5.0e-4 (1.1) | 7.6e-4 (4.6) |'8.8e-4 (5.3)
e o0 |HvR|mean | 40.68% 41.56% 46.33% 53.22% 41/99% 38.19%

== std. r.| 1.40% (2.0) | 1.00% (4.7) | 2.29% (3.0) | 1.25% (1.0)".1.04% (4.6) | 2.18% (5.7)
— 20 |igD|Mean| 598e-3 7.83¢-3 7.99¢-3 1.45¢-2 3.58¢-2 4.53¢-2

7 " ~ 10 std. r.| 9.6e-4 (1.7) | 5.1e-3 (2.1) | 3.2e-3 (2.4) | 3.9e-3.(3.8) | 1.2e-2 (5.1) | 9.3e-3 (5.9)
nt__soo HyR|Mean | 70.77% 66.28% 61.89% 40.34% 16.87% 8.48%

&= std. r.| 2.48% (1.5) | 1.39% (1.9) | 12.03% (2.8) | 5.09% (3.8) | 8.84% (5.1) | 8.09% (5.9)
-0 IGD mean 5.18e-3 6.70e-3 5.59%e-3 5.01e-3 7.13e-3 2.12e-2

g " ~ 10 std. r.| 2.0e-3 (2.3) | 6.9e-3 (2.1) | 1.1e-3 (3(7) [Wl.4e-3 (2.5) | 2.1e-3 (4.4) | 7.9e-3 (6.0)
nt__l 000 |HvR|Mean 73.84% 70.73% 72.75% 74.15% 65.76% 33.06%

T std. .| 8.59% (2.0) | 18.07% (2.2) | 4.32%.(3.3) | 4.37% (2.9) | 8.05% (4.6) | 13.11% (6.0)
— 20 IGD mean 3.95e-3 3.89e-3 4.57e-3 4,07e-3 5.02e-3 1.22e-2

g " ~ 10 std. r.| 1.9e-4 (1.9) | 9.5e-5 (1.4) | 3.7e4u(4:3) | 1.2e-4 (2.9) | 1.1e-3 (4.5) | 6.4e-3 (6.0)
"f__z 000 |HvR|MEan 79.37% 79.58% 78.68% 79.07% 75.54% 54.84%

= std. r.| 0.87% (1.9) | 0.28% (1.7) [21.40% (3.3) | 0.38% (3.4) | 4.17% (4.7) | 15.00% (6.0)
—20 |1GD|™Mean 7.04e-2 56761 6.02e-2 5.25e-2 5.02e-2 7.52e-2

10 " T ) std. r.| 5.1e-3 (4.2) | 2.5e-1 (6:0) | 5.1e-3 (2.9) | 2.4e-3 (1.6) | 2.5e-3 (1.5) | 7.5e-3 (4.8)
nt_ —5 b0 v mean 1.28% 7.36% 6.12% 2.21% 5.19% 0.46%

= std. r.| 1.00% (5.0)n] 2.009% (1.4) | 1.35% (1.8) | 0.77% (4.3) | 1.13% (2.8) | 0.55% (5.7)
— 20 IGD mean 3.74¢-2 4/35e-2 3.14e-2 3.00e-2 3.87e-2 5.01e-2

1 n o 5 std. r.| 2.2e8%(37) |)5.7e-3 (4.8) | 1.3e-3 (1.6) | 3.2e-3 (1.4) | 1.8e-3 (3.7) | 4.4e-3 (5.8)
ni Iooo HyR| Mean 9.69% 17.20% 16.71% 12.99% 13.82% 3.79%

= std. r./(2.14% (4.8) | 2.60% (2.0) | 1.18% (1.6) | 1.98% (3.4) | 0.90% (3.2) | 1.32% (6.0)
_20 |igp|men 2.07e-2 2.34e-2 2.43e-2 1.82e-2 3.14e-2 3.21e-2

1 n o 5 std.r./ 1.4e-3 (1.8) | 8.9e-4 (3.3) | 8.3e-4 (3.7) | 1.4e-3 (1.2) | 9.8e-4 (5.4) | 4.0e-3 (5.6)
m o0 |Fviee| mean [429.36% 25.80% 25.64% 35.32% 20.57% 13.03%

i std. r| 1.69% (2.1) | 1.74% (3.3) | 0.87% (3.5) | 2.75% (1.1) | 1.39% (5.0) | 2.95% (6.0)

As can be seen‘from Table 10, in cases where the severity of changes is lower (Experiments 1 to
3 and 7 t0.9),/,DNSGA-II B and DNSGA-II A outperform the other algorithms. In cases where
the severity of changes is high and the number of dimensions is low (Experiments 4 to 6),
PNSCCDMO is the best algorithm, but when the number of dimensions is increased, each of the
CTLBO, DNSGA-II B and CSADMO algorithms, in certain cases, obtain results close to or
superior to those of PNSCCDMO. On increasing the severity of changes, CTLBO is less affected
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and its rank is improved, but it is less successful in improving convergence as the frequency

decreases.
6.2.1.9. Evaluation and Analysis of Algorithms for F6 Problem
F6 is another type Il problem that, similarly to F5, has nonlinear correlation between variables.

The experimental results for this problem are reported in Table 11.

Table 11: Performance of the algorithms for F6 problem and Friedman teStyranking
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# |Configuration| Measures DNSAGA-“ DNSSA-“ CSADMO | PNSCCDMO CTLBO VECTLBO
n=10 IGD mean 5.00e-3 5.07e-3 5.62e-3 4.93e-3 6.65e-3 8.23e-3

T std. r| Lled (24) | L7e-4 (19) | 15e-4 (4.0) | 2.3e-4(17).| 7.8e-4 (5.0) | 1.1e-3 (6.0)
t mean|  74.20% 74.01% 73.05% 74.26% 63.71% 67.59%

=500 1HVR\G 1 05206 (2.3) | 0.59% (2.2) | 0.97% (3.6) | 105% (1.9) | 2.66% (5.8) | 2.33% (5.2)
n=10 IGD mean 5.08e-3 4.97e-3 5.42e-3 4.78e-3 5.40e-3 6.01e-3

| T std. r.| 9.6e-5 (3.0) | 2.3e-5 (19) | 1.6e-4 (45) [“0.0e-4 (1.2) | 2.4e-4 (4.7) | 4.0e-4 (5.7)
t mean|  75.08% 75.43% 74.92% 76.18% 72.80% 73.04%

7 = 1000 HVRIG " 1 03806 (3.7) | 0.11% (2.1) | 0.83%(3.2) | 0.44% (1.2) | 1.49% (5.1) | 0.71% (5.7)
n=10 IGD mean 4.99e-3 5.03e-3 5.24e-3 4.75e-3 4.94e-3 5.36e-3

3| =10 std. r.| 6.0e-5 (2.9) | 2.9e-5 (3.6) | 4:7es5 (5.1) | 6.4e-5 (1.0) | 1.3e-4 (2.6) | 1.4e-4 (5.9)
t mean|  76.00% 75.97% 76.37% 76.95% 75.88% 75.42%

7 =2000 \HVRI G 10,200 (43) | 0.19% (4.0) [10.30% (2.9) | 0.17% (1.0) | 0.88% (3.6) | 0.74% (5.3)
n=10 IGD mean 1.32e-2 2.02e-2 1.23e-2 1.47e-2 1.33e-2 2.29e-2

N std. r.| 9.9e-4 (2.1) | 4.8e-3 (5:4) | 95e-4 (L7) | L.1e-3 (3.9) | 1.0e-3 (2.3) | 1.3e-3 (5.6)
t mean|  35.30% 31.04% 38.01% 30.25% 34.76% 14.79%

=500 \HVRIGy | 2.06% (24)0,1.96% (4.4) | 2.88% (1.5) | 3.21% (4.1) | 3.60% (2.6) | 1.74% (6.0)
n=10 IGD mean 9.25e-3 9.56e-3 8.12e-3 8.36e-3 9.43e-3 1.42e-2

i std. r.| 7.06:4'@%) |)6.2e-4 (4.2) | 3.0e-4 (L4) | 9.1e-4 (2.1) | 6.4e-4 (3.9) | 1.3e-3 (6.0)
t mean | A.49.19% 47.46% 54.58% 52.96% 48.87% 32.79%

7 =1000 \HVRI G 101 9506 (3.4) | 1.36% (4.3) | 1.2206 (1.4) | 2.91% (2.1) | 2.64% (3.8) | 4.13% (6.0)
n =10 IGD mean 8.08e-3 8.27e-3 6.76e-3 7.38e-3 7.35e-3 9.40e-3

N std. B 4.6e-4 (3.9) | 5.7e5 (44) | 15e-4 (1.1) | 5.de-4 (2.9) | 5.le-4 (2.7) | 6.3e-4 (6.0)
t mean | 7 55.70% 54.70% 62.45% 59.15% 58.91% 50.39%

7 =2000 [HVRIG) 11 1719 (4.0) | 0.50% (4.9) | 0.7206 (1.1) | 1.84% (2.6) | 1.94% (2.4) | 2.19% (6.0)
ol 1o e[ 721e3 7.54e-3 1.166-2 3.18¢-2 1.43e-2 2.1le-2

S A std. r.| 2.0e-3 (L9) | 1.6e-3 (1.7) | 7.0e-3 (2.9) | 3.7e-3 (5.9) | 47e-3 (3.7) | 6.8¢-3 (4.9)
t mean| 66.31% 64.82% 51.70% 7.34% 38.41% 43.42%

& =500 IHVRI G 7430 (1.7) | 6.05% (2.0) |17.67% (3.1) | 3.71% (6.0) | 12.97% (4.4) | 11.68% (3.8)
— 20 IGD mean 5.94e-3 5.33e-3 6.56e-3 5.56e-3 8.82e-3 1.30e-2

‘N Y. std. r.| 8.5e-4 (2.8) | 2.1e-4 (2.0) | 8.6e-4 (36) | 8.7e-4 (17) | 2.2¢-3 (5.0) | Lle-2 (5.9)
t mean|  69.64% 72.44% 69.90% 71.25% 61.77% 58.52%

&'=1000 [HVR| " 1 38706 (2.8) | 0.56% (2.1) | 3.07% (3.2) | 2.95% (2.2) | 3.93% (5.8) | 17.83% (4.9)
n=20 IGD mean 5.17e-3 5.2%e-3 5.86e-3 4,95e-3 6.49e-3 7.70e-3

ol P20 std. r.| 1.3e-4 (25) | 35e-4 (3.0) | 1.0e-3 (4.2) | 1.8e-4 (1.3) | 1.8e-3 (4.4) | L4e-3 (5.6)
t mean|  73.78% 73.49% 73.91% 74.91% 69.14% 67.21%

7= 2000 |HVRIG 71 07806 (3.1) | 1.53% (3.5) | 1.62% (2.5) | 0.93% (1.6) | 5.38% (4.8) | 2.96% (5.5)
10| =20 IGD mean 3.07e-2 1.35e-1 2.53e-2 4.69e-2 3.10e-2 5.06e-2

std. r.| 4.8e-3 (2.3) | 452 (6.0) | 3.2e-3 (1.1) | 1.9e-3 (4.2) | 2.9e-3 (2.6) | 5.0e-3 (4.8)




=2 | g|mean| 775% 4.48% 14.68% 0.31% 8.99% 0.81%

7, = 500 std. r.| 1.58% (2.9) | 3.98% (4.0) | 2.42% (1.1) | 0.22% (5.8) | 2.71% (2.4) | 0.45% (4.8)
n=20 IGD mean 1.66e-2 1.79e-2 1.58e-2 2.53e-2 2.13e-2 3.33e-2

ul 7 std. r.| 1.4e-3 (2.0) | 2.0e-3 (2.7) | 9.2e-4 (1.4) | 1.9e-3 (5.0) | 1.9e-3 (3.9) | 4.1e-3 (6.0)
¢ mean|  26.06% 2523% 20.69% 11.03% 21.64% 4.98%

7 =1000 [HVRI "1 1 659 (2.1) | 2.43% (3.0) | 1.90% (1.1) | 1.78% (5.1) | 1.39% (3.8) | 1.91% (6.0)
20 liop |mean|  11e2 1.15e-2 1.23e-2 1.29e-2 154e-2 2.11e-2

12 n=2 std. r.| 9.4e-4 (1.5) | 5.4e-4 (2.1) | 1.6e-3 (2.7) | 7.0e-4 (3.9) | 1.6e-3 (4.9) | 3.3e-3 (5.9)
¢ mean|  40.82% 39.74% 30.88% 37.18% 32.250% 19.00%

7 = 2000 [HVRI G 13 0306 (1.8) | 1.86% (2.4) | 2.75% (2.3) | 2.75% (3.7) | 3.08% (4.8) [/5:24% (6.0)

For the F6 problem, the results in Table 11 indicate that in cases with a<smaller dimension
number (Experiments 1 to 6), the PNSCCDMO and CSADMO algorithms obtain the best results
in environments where the severity of changes is low and high respectively..However, when the
dimension number increases, the above algorithms cannot preserveitheir absolute superiority,
and the DNSGA-II A and DNSGA-II B algorithms surpass PNSCCDMO and CSADMO as the
frequency increases and decreases respectively. The results'ebtained for CTLBO indicate that its
rank improves as the severity of changes increasesg=which means that it is less affected by

increases in severity.

6.2.1.10. Evaluation and Analysis ofsAlgarithms for F8 Problem
In this section, the algorithms are evaluated using the F8 problem, which is a type | problem. It is
a problem with three objectives, like FDA4, with the difference that there is a nonlinear

correlation between its variables. Table 12 presents the results of the experiments for this

problem.
Table 12: Performance of the algorithms for F8 problem and Friedman test ranking

# [Configuration| Measures DNSEA-“ DNSBGA_“ CSADMO | PNSCCDMO CTLBO VECTLBO
Lis liep|mean| 7.69e-4 7.49e-4 8.79-4 3.54e-3 5.66e-4 6.22e-4

1 %0 std. r.| 5.8e-5 (3.4) | 1.0e-4 (3.6) | 1.1e-4 (4.6) | 2.6e-4 (6.0) | 1.2e-4 (1.4) | 4.4e-5 (2.0)
t mean| 48.67% 52.37% 52.81% 0.16% 72.17% 65.97%

=500 [HVR| G | 5,330 (4.3) | 7.36% (4.0) | 2.67% (3.8) | 0.20% (6.0) | 2.36% (1.0) | 2.18% (2.0)
n =15 IGD mean 5.62e-4 5.22e-4 5.22e-4 1.78e-3 3.99e-4 4.07e-4

2| n o~ 10 std. r.| 3.4e-5 (4.5) | 6.0e-5 (3.6) | 6.9e-5 (3.6) | 1.7e-4 (6.0) | 5.1e-5 (1.5) | 4.1e-5 (1.8)
t mean| 63.97% 66.02% 72.44% 3.15% 82.02% 77.71%

7 =1000 \HVRIG 1 57506 (46) | 4.11% (41) | 2.76% (3.1) | 1.52% (6.0) | 1.50% (L.1) | 2.72% (2.0)
n= 15 IGD mean 4.28e-4 4.33e-4 4.17e-4 1.01e-3 3.24e-4 2.63e-4

sl n =10 std. r.| 1.8e-5 (4.2) | 4.2e-5 (4.2) | 3.3e-5 (3.7) | 8.6e-5 (6.0) | 4.1e-5 (2.0) | 1.3e-5 (1.0)
t mean| 71.41% 74.54% 79.24% 21.29% 87.26% 87.68%

7 =2000 \HVRIG 1 33706 (47) | 2.85% (4.2) | 2.07% (3.2) | 5.08% (6.0) | 0.97% (1.7) | 0.57% (1.3)
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s liop|mean| 25563 1.70e-3 2.160-3 2,633 1.32¢-3 1.846-3

A 0 std. r.| 5.4e-4 (5.4) | L5e-4 (2.5) | 2.8¢-4 (4.1) | 2.0e-4 (5.4) | 955 (11) | 2.3e-4 (2.5)
t mean|  4.06% 10.26% 5.75% 5.78% 24.28% 18.84%

=500 |\HVRIG | 250% (5.4) | 4.87% (3.4) | 3.05% (4.8) | 1.86% (4.4) | 451% (L1) | 1.87% (2.0)
n=15 IGD mean 1.11e-3 9.73e-4 1.07e-3 1.73e-3 7.19e-4 8.05e-4

s| 2 std. r.| 7.0e-5 (4.6) | 6.6e5 (3.1) | L.le-4 (4.0) | 1.2e-4 (6.0) | 1.0e-4 (13) | L.2e-4 (2.0)
t mean|  31.64% 38.20% 27.50% 6.34% 56.93% 48.88%

7 =1000 [HVRI " 1 3080 (4.1) | 4.94% (3.1) | 4.49% (4.8) | 2.67% (6.0) | 6.85% (1.1) | 7.34% (1.9)
n=15 IGD mean 6.28e-4 5.95e-4 7.90e-4 9.67e-4 4.6le-4 4.58e-4

s 0 std. r.| 2.2¢-5 (3.8) | 25¢-5 (3.2) | 5.6e5 (5.0) | 7.7e-5 (6.0) | 2.3e-5 (L7) |/19e-5 (1.3)
t mean| 59.75% 60.69% 43.39% 24.59% 78.26% 76148%

7 = 2000 HVRIG "1 1 9006 (3.8) | 2.24% (3.2) | 2.93% (5.0) | 5.85% (6.0) | 1.21% @) | 1.47% (1.7)
n =130 IGD mean 2.62e-3 2.50e-3 3.80e-3 1.20e-2 1.31e-3 1.47e-3

71 n =10 std. r.| 4.6e-4 (3.6) | 3.9e-4 (3.4) | 2.9e-4 (5.0) | 6.3e-4 (6.0) | 1.3e-4 (1.3) |/2.1e-4 (1.8)
t mean|  8.46% 14.34% 4.68% 0.00% 2517% 31.02%

=500 \HVRIGy | 3.80% (4.1) | 7.07% (2.9) | 2.13% (4.8) | 0.00% (6.0)%.9.34% (2.0) | 4.64% (1.3)
n =30 1GD mean 1.48e-3 1.49¢-3 1.78e-3 6.32e-3 8.71e-4 8.20e-4

8| n =10 std. r.| 1.5e-4 (4.0) | 2.2e-4 (3.6) | 3.8e-4 (4.4) | 4.3e-4.(6:0) | 1.9e-4 (1.5) | 4.4e-5 (1.5)
t mean|  29.28% 34.47% 41.98% 0.00% 55.15% 58.52%

7 =1000 \HVRI G 1 4469 (4.8) | 9.20% (3.9) | 5.77% (3.4) | 600% (6.0) | 3.19% (1.9) | 2.35% (1.1)
n =130 1GD mean 8.64e-4 7.94e-4 1.56e-3 3.23e-3 6.82e-4 5.13e-4

ol 2270 std. r.| 1.le-4 (3.6) | Lle-4 (3.0) | 2.2e-4 (50) N3.le-4 (6.0) | 3.4e-3 (2.0) | 3.7e-5 (1.4)
t mean| 51.88% 57.04% 57.61% 0.08% 71.02% 71.26%

7 =2000 \HVRIG 1 49706 (4.8) | 5.39% (3.9) | 3.96% (3.4) |"0.18% (6.0) | 3.48% (1.5) | 2.37% (1.5)
n=30 1GD mean 8.10e-3 7.02e-3 1.30e-2 7.15e-3 4.37e-3 6.22e-3

ol 277 std. r.| 1.6e-3 (4.3) | L4e-3 (3.3) | 1,5638%(6.0) | 2.6e-4 (3.6) | 6.1e-4 (L0) | 7.7e-4 (2.9)
¢ mean|  0.00% 0.00% 0.00% 2.75% 4.26% 3.37%

=500 ARGy 1 0.00% (4.9) | 0.00% (4.9) 10.00% (4.9) | 1.66% (2.5) | 0.80% (1.4) | 1.41% (2.4)
= 30 IGD mean 4.21e-3 3:02e-3 5.59%e-3 5.18e-3 2.40e-3 3.32e-3

ul M7 std. r.| 6.3e-4 (4.0) | 4.6e-4 (2.3) | 8.3e-4 (5.6) | 3.9e-4 (5.1) | 35e-4 (12) | 3.9e-4 (2.8)
6= mean|  0.08% 0.62% 0.26% 0.95% 8.26% 10.16%

7 =1000 [HVRI 1 0119 (5.8)] 0.61% (4.2) | 047% (5.1) | 0.67% (3.4) | 1.93% (1.6) | 2.16% (1.4)
n=130 IGD mean 1.84e-3 1/55e-3 4.78e-3 3.37e-3 1.16e-3 1.26e-3

ol M2 std. .| 8.0eB040) |\L3e-4 (2.7) | 7.2e-4 (6.0) | 3.3e-4 (5.0) | 9.3e-5 (1.3) | 3.7e-4 (2.0)
¢ mean | £ 9.46% 16.01% 1.73% 1.53% 2352% 32.13%

7= 2000 [HVR| 1o 1196 (4.0) | 2.50% (3.0) | 154% (5.3) | 1.17% (5.7) | 1.87% (2.0) | 3.22% (1.0)

The results presented in-Table 12 indicate that the CTLBO and VECTLBO algorithms
outperform the other, algorithms in all experiments for the F8 problem. When the dimension
number isdow; CTEBO is the best algorithm in most cases and VECTLBO can surpass it only in
cases where the frequency is low enough. From the results, it is obvious that the performance of
VECTLBO is less affected by the dimensionality of the problem.

6.2.1.11. Evaluation and Analysis of Algorithms for ZJZ Problem
In this section, experiments are designed to evaluate the algorithms using the ZJZ problem,
which is a type Il problem with nonlinear linkages between its decision variables. Table 13
presents the results of the above experiments.
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Table 13: Performance of the algorithms for ZJZ problem and Friedman test ranking

# |Configuration Measures DNSEA'” DNSSA'” CSADMO |PNSCCDMO| CTLBO | VECTLBO
n =10 1GD mean 1.68e-3 1.98e-3 1.59¢-3 1.92e-3 5.18e-4 7.27e-4

N I std. r.| 1.6e-4 (4.0) | 2.2e-4 (5.3) | 2.8¢-4 (3.8) | 2.3e-4 (4.9) | 1.3e-5 (L.0) | 4.5¢-5 (2.0)
¢ mean| 72.31% 71.08% 68.14% 62.52% 83.61% 79.62%

=500 \HVRIG | 18506 (35) | 2.08% (3.9) | 251% (4.7) | 2.58% (5.9) | 0.38% (1.0) |,6:97% (2.0)
n=10 1GD mean 9.25e-4 1.24e-3 1.05e-3 8.31e-4 3.54e-4 5.57e-4

N std. r.| 9.0e5 (41) | 1.3e-4 (5.7) | 2.1e-4 (4.6) | 1.2e-4 (36) | 7.9¢-6 (10) |/5.8¢-5 (2.0)
t mean|  83.10% 83.29% 78.89% 79.36% 88.87% 84.62%

7 =1000 \HVRI G 10,8206 (36) | 1.18% (3.3) | 2.00% (5.5) | 0.99% (5.4) | 0.28% (1.0) |/1.29% (2.2)
10 liop|mean| 55264 9.84¢-4 6.75¢-4 4.75¢-4 2.65¢-4 4.16e-4

N std. r.| 3.8¢-5 (3.7) | 9.56-5 (6.0) | 4.0e-5 (5.0) | 6.7e-5 (2.9)a] 5116-6°(@0) | 7.5¢-5 (2.4)
¢ mean|  88.73% 88.39% 83.93% 86.39% 92101% 88.24%

7 = 2000 [HVRI 7 10,4206 (2.9) | 1.00% (3.1) | 0.47% (6.0) | 0.50% (49) | 0.18% (1.0) | 1.55% (3.1)
n=10 IGD mean 3.08e-3 3.44e-3 2.88e-3 2(81e-3 1.20e-3 1.07e-3

I std. r| 1.7e-4 (4.9) | 4204 (59) | 1.8¢-4 (3.8) | 71e5°(35) | 9.1e-5 (L.9) | 6.3e-5 (L.1)
¢ mean|  46.68% 41.72% 46.57% 48.51% 71.99% 71.37%

=500 \HVRIGy 1 1.64% (4.6) | 5.15% (55) | 1.75% (45) 1.0.70% (3.4) | 1.19% (1.4) | 1.13% (16)
n=10 IGD mean 2.14e-3 2.74e-3 1.90e-3 2716e-3 6.05e-4 7.51e-4

N std. .| 1.5e-4 (4.7) | 4.2e-4 (56) | 1.2e47(@2)"}9.0e-5 (4.5) | 3.3¢-5 (1.0) | 2.60-5 (2.0)
¢ mean|  64.63% 50.73% 64.55% 60.45% 82.86% 79.49%

7 =1000 [HVRI G0 1 5009 (3.4) | 4.41% (5.0) | 1419%.(4.0) | 1.13% (5.6) | 0.73% (1.0) | 0.49% (2.0)
n=10 IGD mean 1.28e-3 1.97e-3 1.38e-3 1.44e-3 3.37e-4 5.88e-4

N std. .| 9.8e-5 (3.4) | 2.4e-4 (6.0) h1.464 (4.1) | 1.1e-4 (4.4) | 9.5e-6 (1.0) | 3.96-5 (2.0)
¢ mean|  79.48% 7078% 74.64% 73.86% 89.62% 84.55%

7 = 2000 [HVRI 1 1039 (3.2) | 2.73% (4.7) | 1.13% (4.6) | 0.95% (5.6) | 0.15% (1.0) | 0.88% (2.0)
n =30 IGD mean 3.95e-3 4.25e-3 4.00e-3 3.85e-3 2.09e-3 2.10e-3

71w =10 std. r.| 3.2e-4 (4.4),| 2.6e-4 (5.5) | 8.2e-5 (4.7) | 3.8e-5 (3.4) | 1.2e-4 (1.6) | 8.2e-5 (1.4)
t mean|  36.07% 3421% 30.26% 33.50% 54.09% 55.87%

=500 \HVRIG | 24996 (34) |,164% (4.0) | 0.75% (6.0) | 0.41% (4.6) | 1.55% (1.8) | 0.94% (1.2)
n =130 1GD mean 3.37e-3 3.43e-3 3.59e-3 3.55e-3 1.53e-3 1.66e-3

8| n =10 std. r.{(2.7e-4 (4.3) | 2.1e-4 (3.9) | 2.2e-4 (5.1) | 6.4e-5 (4.7) | 7.2e-5 (1.1) | 8.2e-5 (1.9)
¢ mean |t 49.38% 49.17% 40.69% 38.63% 64.39% 63.75%

7 =1000 \HVRI G40 12009 (36) | 1.65% (34) | 1.79% (5.1) | 0.75% (5.9) | 0.98% (1.3) | 1.10% (1.7)
n=30 GO mean 2.58e-3 2.43e-3 3.01e-3 2.71e-3 9.55e-4 1.27e-3

ol 1T std. 1| 3.1e-4 (42) | 1.9e-4 (34) | 2.3e-4 (5.9) | 8.7e-5 (45) | 5.3e-5 (L.0) | 6.7e-5 (2.0)
¢ meah|  60.84% 62.67% 51.01% 49.87% 73.65% 70.71%

7= 2000 \AVRIG G | 07700 37) | 1.90% (3.3) | 2.27% (55) | 0.92% (5.5) | 0.82% (1.0) | 0.79% (2.0)
L ao e | mean| 42763 4.42¢-3 4.45¢-3 3.94¢-3 3.90e-3 3.366-3

ol 2 std. r.| 5.0e5 (4.0) | L1le-4 (5.4) | 3.0e5 (5.6) | 4.0e-5 (2.5) | 1.le-4 (25) | 2.0e-4 (1.0)
) S mean|  25.81% 20.74% 21.48% 31.54% 32.03% 38.53%

=500 \HVRIGy 1| 0.62% (4.0) | 0.48% (5.9) | 0.23% (5.1) | 0.21% (2.6) | 1.93% (2.4) | 1.64% (1.0)
0 liop |mean| 410e3 4.40e-3 431e-3 3.82e-3 3.260-3 2.67e-3

ul B std. r.| 47e-5 (4.0) | 8.4e-5 (5.8) | 3.0e5 (5.2) | 2.6e-5 (3.0) | 1.3e-4 (2.0) | 1.1e-4 (1.0)
¢ mean|  29.32% 24.29% 24.08% 33.58% 40.24% 47.99%

7 =1000 [HVRI " 1 0.70% (4.0) | 1.41% (5.6) | 0.34% (5.4) | 0.12% (3.0) | 2.11% (2.0) | 0.97% (1.0)
n =130 IGD mean 3.64e-3 4.23e-3 4.12e-3 3.57e-3 2.49e-3 2.03e-3

i std. .| 1.0e-4 (3.8) | 1L8e-4 (5.7) | 5.7e-5 (5.3) | 5.7e-5 (3.2) | 4.8¢-5 (2.0) | 1.5e-4 (L.0)
¢ mean|  40.04% 34.91% 27.68% 37.35% 52.28% 58.57%

7= 2000 [HVRI "1 1 3896 (3.0) | 2.14% (4.8) | 057% (6.0) | 0.34% (4.2) | 1.23% (2.0) | 1.08% (1.0)
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According to Table 13, it is clear that the CTLBO and VECTLBO algorithms achieved the best
results for the ZJZ problem as they are ranked first or second. In cases where the problem is less
complex, CTLBO had superior performance, but as the complexity increased, VECTLBO was

more successful in preserving its performance, and therefore surpassed CTLBO.

6.2.1.12. Evaluation and Analysis of Algorithms for HE3 Problem
HE3 is a nonlinear two-objective problem of type Il1l. Table 14 presents the‘resultsiobtained for

experiments on this problem.

Table 14: Performance of the algorithms for HE3 problem and“Friedman test ranking

Configuration| Measures DNSEA_“ DNS;%A-II CSADMO .| PNSCCDMO CTLBO VECTLBO
mean 2.30e-4 3.94e-4 5.13e4 6.98e-4 1.98e-4 2.21e-4

n=100 18D\ | 11e-5 (27) | 2465 (4.0) | 1.7e5:(5:0)3} 2,265 (6.0) | 8.7¢-6 (1.0) | 6.60-6 (2.3)
ne =10 mean| 91.81% 92.11% 81.96% 85.86% 94.02% 93.25%

=500 \HVRIGy | 0.48% (37) | 0.39% (3.3) | 085% (6.0) | 0.40% (5.0) | 0.36% (1.1) | 0.32% (1.9)
mean 2.26e-4 3.86e-4 5/00e-4 3.45e-4 1.78e-4 2.0le-4

n=10 IGDIoy | 9.7e-6 (3.0) | 6.8e-6 (5.0)8| 255 (6.0) | 5.8¢-6 (4.0) | 3.7¢-6 (1L.0) | 5.1e-6 (2.0)
ne = 10 mean|  92.08% 92.39% 82.70% 87.80% 94.81% 94.14%

7 =1000 \HVRI G 1 0,350 (3.8) | 0.40%(3.2)"| 0.94% (6.0) | 0.20% (5.0) | 0.15% (1.0) | 0.15% (2.0)
mean 3.69¢e-4 3.68e-4 5.73e-4 5.56e-4 1.70e-4 1.85e-4

n=10 IGD oy | 96e-6 (3.8)] 22656 (33) | 2.7¢-5 (5.8) | 8.86-6 (5.3) | 2.7e-6 (1.0) | 3.3e-6 (2.0)
ne = 10 mean|  92.78% 92.43% 81.04% 88.98% 95.20% 94.74%

7 = 2000 VR G4 11 0.2206 (3.0). | 0083% (3.9) | 0.68% (6.0) | 0.15% (5.0) | 0.09% (1.0) | 0.07% (2.0)
mean 4.07e-4 3.99%¢-4 5.15e-4 3.9e-4 1.96e-4 2.22e-4

n=10 1GD\ o " | se-5 (4.4y| 486-6 (4.3) | 1.8e5 (6.0) | 8.7e-6 (3.3) | 8.26-6 (1.0) | 9.06-6 (2.0)
e =2 mean] 91'92% 92.08% 82.16% 86.18% 94.10% 93.27%

7 =500 1HVRI G0 1 l0.63% (3.6) | 0.36% (3.4) | 0.83% (6.0) | 0.35% (5.0) | 0.39% (1.0) | 0.31% (2.0)
mean 4.05e-4 3.91e-4 5.03e-4 3.44e-4 1.79%-4 2.04e-4

n=10 18P | 5 96-5 (4.6) | 476-6 (4.4) | 2165 (6.0) | 6.9e-6 (3.0) | 2.9¢-6 (1.0) | 6.66-6 (2.0)
e =2 mean| 91.93% 92.47% 82.79% 87.95% 94.83% 93.99%

7 =1000 HVRIG4 ™ | 0.66% (3.8) | 0.50% (3.2) | 0.65% (6.0) | 0.22% (5.0) | 0.13% (1.0) | 0.26% (2.0)
mean 3.88e-4 3.98e-4 5.80e-4 5.60e-4 1.70e-4 1.87e-4

n=10 18D | 176-5 (33) | 2.96-6 (37) | 3.7e5 (59) | 1.0e-5 (5.1) | 1.9e-6 (1.0) | 2.86-6 (2.0)
e 2 mean|  92.43% 92.23% 81.11% 88.96% 95.21% 94.65%

7 = 2000 HVR| 1 0.45% (33) | 0.23% (3.7) | 1.03% (6.0) | 0.21% (5.1) | 0.07% (1.0) | 0.10% (2.0)
0 |ap|mean|  5.05e-4 4.36e-4 7.13e-4 8.97e-4 2 61e-4 2.69e-4

std. r.| 2.8e-5 (3.9) | 2.2e-5 (3.1) | 1.9e-5 (5.0) | 1.7e-5 (6.0) | 2.3e-5 (1.5) | 1.8e-5 (1.5)
ne =10 mean|  89.26% 89.33% 73.49% 81.57% 90.65% 90.47%

=500 \HVRIGy 1 0.60% (3.4) | 0.11% (2.8) | 0.79% (6.0) | 0.42% (5.0) | 1.07% (2.1) | 0.88% (1.7)
a0 |op|mean| 487e4 4.30e-4 6.50¢-4 4.49¢-4 2.19-4 2.35e-4

std. .| 2.4e-5 (5.0) | L4e5 (3.2) | 3.2e5 (6.0) | 9.9¢-6 (38) | 3.0e-5 (L.1) | 5.9¢-6 (1.9)
ne =10 mean|  89.43% 89.57% 75.89% 83.72% 92.53% 91.96%

7 =1000 \HVRI G 1 0580 (35) | 0.10% (3.4) | 1.06% (6.0) | 0.32% (5.0) | 1.17% (1.4) | 0.27% (1.7)
n =30 IGD | mean 2.78e-4 2.87e-4 6.93e-4 4.06e-4 1.99e-4 2.15e-4
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e = 10 std. r.| 2.6e-5 (3.4) | L4e-5 (3.6) | 3.8¢5 (6.0) | 7.5¢-6 (5.0) | 1.2e-5 (1.1) | 3.7e-6 (1.9)
7 =2000 [ o[ mean| 89.71% 89.29% 75.33% 85.13% 93.40% 92.88%
std. r.| 1.02% (3.4) | 0.55% (3.6) | 1.33% (6.0) | 0.30% (5.0) | 0.58% (1.3) | 0.16% (L8)
= 30 IGD mean 2.90e-4 4.23e-4 7.20e-4 5.07e-4 2.68e-4 2.57e-4
ol B std. r.| 2.8¢-5 (2.4) | 1.3e-5 (4.0) | 2.9e-5 (6.0) | L.24e-5 (5.0) | 2.4e-5 (L.9) | 5.6e-6 (1.7)
¢ mean|  89.72% 89.09% 73.95% 81.87% 90.57% 91.27%
=500 ARGy 1 0.71% (33) | 1.14% (3.3) | 0.95% (6.0) | 0.47% (5.0) | 1.03% (2.0) | 0.18% (1.4)
n =130 IGD mean 5.05e-4 4.29e-4 6.64e-4 4.45e-4 2.18e-4 2.34e-4
ul std. r.| 495 (4.9) | L4e-5 (3.2) | 2.9¢-5(6.0) | 9.3e-6 (3.9) | 1.8¢-5 (1.1) | 8.26-6 (1.9)
¢ mean|  89.36% 89.68% 75.920% 84.02% 92.58% 92.17%
7 =1000 [HVRI 1 1019 (37) | 0.86% (3.3) | 1.30% (6.0) | 0.33% (5.0) | 0.87% (1.2)ef 0.31%. (1.8)
n =130 IGD mean 5.16e-4 4.16e-4 6.95e-4 4.06e-4 2.01e-4 2.19e-4
bl b7 std. r.| 5.8¢-5 (5.0) | 1.9e-5 (3.7) | 3.5e5 (6.0) | 7.9e-6 (3.3) | 1.5e-5(1.3)¢} 7.9e-6 (1.7)
¢ mean|  89.13% 90.40% 75.69% 85.29% 93,350 92.76%
7 = 2000 HVRIG "1 1 1806 (3.8) | 0.12% (3.2) | 1.19% (6.0) | 0.34% (5.0) |.6.64% (1.3) | 0.34% (1.7)

The results presented in Table 14 show that the CTLBO and VECTLBO algorithms outperform
the other algorithms in solving the HE3 problem. In most cases;"CTLBO is the best algorithm
and VECTLBO obtains the second rank, but in cases where the dimension number and the
frequency were higher (Experiments 7 and 10), VECTLBO showed better convergence and
achieved the first rank.

6.2.1.13. Evaluation and Analysis of.Algorithms for HE4 Problem
In this section, algorithms are evaluated using,the HE4 problem which is a type 11l problem with
nonlinear linkages between its variables. The results of experiments for this problem are

presented in Table 15.

Table 15: Performance of the algorithms for HE4 problem and Friedman test ranking

# |Configuration| Measures DNSEA'” DNSSA'” CSADMO |PNSCCDMO| CTLBO VECTLBO
— 10l ligp|mean| 8.46e-4 9.87e-4 7.566-4 1.55e-3 8.37e-4 9.81e-4

1 e std. r.| 2.5e-4 (3.3) | 5.5e-4 (2.9) | 1.9e-4 (2.4) | 7.2e-5 (5.9) | 6.6e-5 (2.6) | 8.5e-5 (4.0)
t mean| 77.74% 77.99% 79.43% 70.05% 73.67% 69.15%

=500 (HVRIGq | 4.43% (2.4) | 5.47% (2.5) | 1.50% (1.8) | 1.33% (5.4) | 1.48% (3.5) | 2.57% (5.5)
=10 IGD mean 5.45e-4 7.41e-4 6.76e-4 1.30e-3 7.75e-4 8.58e-4

> \A P70 std. r.| 1.2e-4 (1.3) | 2.8e-4 (2.9) | 4.1e-5 (2.5) | 1.4e-4 (6.0) | 4.0e-5 (3.9) | 5.8¢e-5 (4.5)
t mean| 84.34% 81.47% 79.39% 76.03% 76.08% 73.55%

= 1000 1HVRI G 11 34006 (1.1) | 554% (2.4) | 2.13% (3.0) | 1.24% (4.6) | 2.30% (4.4) | 2.03% (5.5)
n=10 IGD mean 5.79%-4 1.25e-3 7.35e-4 6.81e-4 7.60e-4 8.34e-4

3| =10 std. r.| 1.1e-4 (1.4) | 7.6e-4 (5.7) | 2.9e-5 (3.3) | 4.1e-5 (2.0) | 5.4e-5 (3.4) | 5.9e-5 (5.1)
t mean| 83.75% 83.55% 77.50% 78.48% 77.63% 74.70%

7 = 2000 HVRIG, 1 2.48% (1.9) | 4129 (1.6) | 1.61% (4.1) | 0.77% (3.6) | 2.28% (4.0) | 1.97% (5.9)
4 n=10 IGD mean 7.07e-4 6.25e-4 8.86e-4 9.25e-4 8.51e-4 1.01e-3

std. r.| 1.7e-4 (2.3) | 1.5e-4 (1.7) | 3.2e-4 (3.2) | 1.2e-4 (4.7) | 4.8e-5 (3.6) | 9.1e-5 (5.5)
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=2 |, q|mean| 80.82% 83.34% 79.72% 71.02% 73.94% 69.24%

7 = 500 std. r.| 3.74% (2.0) | 2.55% (1.6) | 1.33% (2.4) | 1.83% (5.3) | 2.39% (4.3) | 3.49% (5.4)
n=10 IGD mean 5.75e-4 6.84e-4 7.18e-4 7.43e-4 7.94e-4 9.24e-4

s| std. r.| 1.4e-4 (2.0) | 3.6e-4 (23) | 9.2e5 (2.9) | 8.3e-5 (4.0) | 4.0e-5 (4.4) | 13e-4 (5.5)
t mean| 83.41% 82.95% 81.06% 75.87% 76.26% 72.73%

7 =1000 [HVR| " 1 3189 (1.9) | 3.60% (1.8) | 0.81% (2.4) | 1.61% (4.6) | 1.62% (4.55) | 2.53% (5.9)
10 |ap|mean| 5.14e-a 121e-3 8.47e-4 6.53¢-4 7.480-4 8.12¢-4

6 n=2 std. r.| 9.5e-5 (1.1) | 4.3e-4 (5.6) | 1.5e-4 (4.0) | 9.4e-5 (2.3) | 3.4e-5 (3.3) | 8.1e-5 (4.7)
t mean| 85.96% 84.67% 76.78% 79.02% 78.34% 74.61%

7 = 2000 [HVRI 7 1 1 6306 (1.4) | 3.56% (17) | 2.47% (5.0) | 1.70% (3.3) | 1.58% (3.7) [/288% (5.9)
n=30 IGD mean 1.23e-3 1.08e-3 1.12e-3 1.42e-3 1.08e-3 1.62¢e-3

71 n =10 std. r.| 6.8e-4 (2.7) | 2.5e-4 (2.6) | 1.8e-4 (2.9) | 6.2e-5 (4.8) | 4.4e-5 (2.6) | 1.3e-4 (5.5)
t mean| 72.68% 72.21% 71.23% 50.23% 63.60% 46.78%

=500 VRl | 58006 (2.0) | 6.919% (2.0) | 157% (2.3) | 2.06% (5.5) | 3.04% (37) | 4.59% (5.5)
0 |ap|mean|  9:24e-4 8.67¢-4 9.430-4 1.12e-3 9.30e-4 1.32¢-3

ol 220 std. r.| 2.0e-4 (26) | 1.2e-4 (2.3) | L4e-4 (2.9) | 8.0e-5 (4.8)°}. 8365 (2.6) | 1.8e-4 (5.9)
t mean|  78.26% 77.92% 74.04% 61.129% 69.99% 55.14%

7 =1000 \HVRI G 1 2 3906 (1.6) | 3.69% (1.6) | 1.97% (2.9) | 2.33%.(5.4) | 3.21% (3.9) | 5.69% (5.9)
=30 IGD mean 1.04e-3 9.65e-4 1.26e-3 1.15e-3 8.32e-4 1.10e-3

N std. r.| 5.6e-4 (3.2) | 6.0e-4 (3.4) | 2.1e-4 (4.8) | A6e-4 (4.4) | 7.4e5 (2.0) | 1.8e-4 (4.3)
t mean|  77.01% 76.98% 73.20% 67.21% 74.97% 62.96%

7 =2000 \HVRI G 43006 (2.1) | 5.88% (1.8) | 1.219% (3(6) N2.01% (5.1) | 4.08% (2.8) | 6.55% (5.6)
n=30 IGD mean 1.17e-3 9.10e-4 1.13e-3 1.45e-3 1.10e-3 1.62e-3

I std. r.| 3.4e-4 (3.3) | 1.3e-4 (1.4) | 2.16-4.(2.8) |*1.0e-4 (4.8) | 9.6e-5 (3.3) | 2.2¢-4 (5.6)
¢ mean|  73.01% 77.58% 71.13% 51.17% 63.75% 46.58%

=500 ARGy 1 3319 (21) | 1.829% (1.1) | 4229%%@9) | 2.29% (5.1) | 4.25% (3.9) | 6.70% (5.9)
= 30 IGD mean 1.01e-3 1.50e-3 1.04e-3 1.16e-3 9.07e-4 1.29e-3

al 27 std. r.| 2.2e-4 (2.6) | 1.3e-3 (3.6) [\2.66-4 (2.9) | 7.1e-5 (4.4) | 3.4e-5 (2.0) | 6.6e-5 (5.5)
t mean| 76.76% 70/24% 75.08% 60.72% 72.56% 58.00%

7 =1000 [HVR| " 1 35306 (1.9) | 14.38% (25) | 1.25% (2.1) | 2.19% (5.0) | 1.32% (3.8) | 4.37% (5.8)
n =130 IGD mean 9.40e-4 9.71e-4 1.02e-3 1.17e-3 8.25e-4 1.11e-3

ol B std. r.| 3.3e-4 (3.0)y| 6.5e4 (2.8) | 3.1e-4 (3.4) | 3.0e-4 (5.0) | 2.7e-5 (2.3) | L6e-4 (4.6)
t mean|  78.10% 78.00% 72.79% 69.16% 76.07% 64.92%

7= 2000 [HVR| 71 5 2006n(24) [15/350% (1.9) | 2.79% (4.0) | 2.68% (4.9) | 1.03% (2.4) | 5.27% (5.8)

The results obtained for: the HE4 problem indicate that, in most cases, DNSGA-Il B and
DNSGA-II A are the superior algorithms, with each of them achieving the first or second rank.
In cases where-the frequency of changes is high, CSADMO achieves results close to those of the
best algorithm, and/in cases where the dimension number is lower and the severity of changes is
smaller, it becomes the best algorithm. Moreover, when the number of dimensions is increased,

CTLBO..is less affected and, according to the IGD criterion, it achieves the best results

(Experiments 7, 9, 11 and 12) or results close to the best results.

6.2.1.14. Evaluation and Analysis of Algorithms for HE5 Problem

HES is another type 111 problem used for evaluating the algorithms in the current research. The

results of the experiments for this problem are presented in Table 16.

48




Table 16: Performance of the algorithms for HE5 problem and Friedman test ranking

# |Configuration Measures DNSEA'” DNSSA'” CSADMO |PNSCCDMO| CTLBO | VECTLBO
n=10 IGD mean 4.79¢e-4 5.43e-4 6.37e-4 9.05e-4 5.71e-4 7.11e-4

o std. .| 6.9e-5 (15) | 6.4e-5 (2.4) | 3.1e5 (4.0) | 2.8¢-5 (5.9) | 3565 (2.8) | L1le-4 (4.4)
t mean|  83.48% 84.33% 78.08% 67.05% 80.86% 76.81%

=500 \HVRIGy 1 16006 (1.9) | 1.779% (1.6) | 1.11% (4.4) | 1.03% (6.0) | 1.21% (2.9) |,8.06% (4.2)
1o liop|mean| 455e-4 5.38¢- 6.19e-4 6.740-4 5.500-4 611804

N std. r.| 1.0e-4 (2.1) | 8.0e-5 (2.4) | 2.2e5 (4.3) | 3.1e-5 (5.4) | 6.1e-5 (3(0) |/ 1.8¢-5 (3.8)
t mean|  84.19% 84.97% 78.52% 75.27% 82,14% 80.04%

7 =1000 \HVRI G 1 28006 (2.1) | 2.429% (2.0) | 0.82% (4.9) | 1.03% (6.0) | 1.34% (24) |/1.06% (3.6)
10 liop|mean| 3:80e-4 4.40e-4 6.97e-4 5.86¢0-4 5.860-4 5.85¢0-4

N std. r.| 6.8¢-5 (1.3) | 4.7e-5 (1.9) | 2.0e-5 (6.0) | 2.3e-5 (4.3)s] 676-5@39) | 5.7e-5 (3.7)
t mean| 86.63% 86.72% 75.80% 78.78% 81183% 81.89%

7 = 2000 [HVRI 711 0506 (1.4) | 1.65% (1.7) | 0.65% (6.0) | 0.77% (49) | 1.83% (3.6) | 2.29% (3.4)
n=10 IGD mean 4.49¢e-4 5.13e-4 6.30e-4 8(88e-4 6.16e-4 6.71e-4

N std. r.| 8.3e-5 (15) | 3.0e-5 (L7) | 2.7e-5 (4.1) | 2165 (6.0) | 5.1e-5 (3.2) | 3.7e-5 (4.5)
t mean| 84.35% 85.10% 78.26% 67.91% 80.24% 78.28%

=500 |\HVRIG 1 2430 (1.9) | 1.04% (1.3) | 0.94% (45) 1.0.46% (6.0) | 1.31% (3.0) | 1.53% (4.3)
n=10 IGD mean 4.00e-4 5.23e-4 6.13e-4 6.89%¢-4 5.26e-4 5.87e-4

N std. r.| 5.8¢-5 (1.1) | 5.0e-5 (2.9) | 3.0e5°(@B)=h2.5¢-5 (6.0) | 5.1e-5 (2.6) | 5.1e-5 (3.8)
t mean| 86.11% 84.77% 78.96% 75.14% 83.01% 81.15%

7 =1000 1HVRI G 11 5006 (16) | 2.18% (2.1) | 112%.(4.8) | 0.81% (6.0) | 1.06% (2.7) | 1.27% (3.7)
n=10 IGD mean 3.70e-4 4.78e-4 6.87¢-4 5.68e-4 5.37e-4 5.98e-4

i std. r.| 4.8¢-5 (1.1) | 6.86-5 (2.3) 146655 (6.0) | 2.3e-5 (3.4) | 6.4e-5 (3.3) | 3.4e-5 (4.9)
¢ mean| 86.97% 86/07% 76.48% 79.50% 83.47% 81.63%

7 = 2000 [HVRI 11 3406 (1.3) | 2.399% (2.0) | 1.42% (6.0) | 0.69% (5.0) | 1.52% (2.7) | 1.38% (4.0)
n=30 IGD mean 6.60e-4 6.85e-4 9.48e-4 1.73e-3 8.69¢-4 9.01e-4

71 n =10 std. r.| 1.0e-4 (1.3),| 5.7e-6 (1.7) | 6.0e-5 (4.7) | 3.8e-5 (6.0) | 8.0e-5 (3.5) | 4.0e-5 (3.8)
t mean|  75.46% 76.34% 66.85% 40.42% 68.11% 66.55%

=500 \HVRIG | 2049 (18) [\2479% (1.4) | 2.24% (4.2) | 1.06% (6.0) | 2.55% (3.7) | 1.45% (4.1)
=30 IGD mean 6.05e-4 6.17e-4 8.70e-4 1.28e-3 71.74e-4 7.94e-4

N std. 1.|(7.3e-5 (1.7) | 4.9e-5 (13) | 5.2e5 (4.8) | 4.2e-5 (6.0) | 4.0e-5 (36) | 4.5¢-5 (3.6)
¢ mean v 77.44% 79.28% 69.32% 53.65% 71.77% 70.60%

7 =1000 \HVRI G40 10 36% (1.8) | 2.05% (1.2) | 1.83% (4.6) | 1.44% (6.0) | 1.43% (35) | 1.50% (3.9)
=30 1GD mean 5.28e-4 5.64e-4 8.78e-4 9.82e-4 6.75e-4 7.36e-4

N std. 1| '5.0e-5 (1.4) | 9.4e-5 (1.9) | 5.7e5 (5.1) | 3.1e-5 (5.9) | 3.7e-5 (3.0) | 5.2¢-5 (3.8)
¢ Meah | 80.29% 79.37% 68.58% 63.63% 75.88% 73.80%

7 =2000 |HVRIG 11 6996 (1.4) | 2.14% (1.9) | 2.15% (4.9) | 1.00% (6.0) | 1.15% (3.0) | 1.80% (3.9)
a0 g | mean| 60404 6.65¢-4 9.34e-4 167e-3 8.67e-4 8.97e-4

ol 2 std. r.| 5.4e-5 (1.2) | 6.7e-5 (1.8) | 2.6e-5 (45) | 4.8¢-5 (6.0) | 7.6e-5 (3.5) | 7.5¢-5 (4.0)
) S mean|  77.48% 76.79% 67.30% 43.15% 68.08% 67.37%

=500 \HVRI G| 1789 (1.3) | 2.28% (17) | 1.21% (4.3) | 1.12% (6.0) | 2.67% (3.8) | 2.75% (3.9)
0 |iop |mean|  558e-4 5.57e-4 8.660-4 1.25¢-3 7.67e-4 7.8le-4

ul B std. r.| 4.8¢-5 (16) | 5.0e-5 (1.4) | 425 (5.0) | 4.6e-5 (6.0) | 2.7e-5 (3.3) | 4.7e-5 (3.7)
t mean| 79.07% 78.37% 69.64% 55.120% 72.61% 71.35%

7 =1000 [HVR| " 11 5806 (1.4) | 1.94% (1.6) | 2.03% (4.8) | 1.58% (6.0) | 1.05% (35) | 2.02% (3.7)
n =130 IGD mean 4,98e-4 5.23e-4 8.97e-4 9.79%-4 7.10e-4 7.45e-4

bl B std. r.| 2.8¢-5 (1.3) | 4.8¢-5 (L.7) | 6.3e-5 (5.1) | 2.6e-5 (5.9) | 3.9e-5 (3.3) | 6.1e-5 (3.7)
t mean| 81.36% 79.91% 67.97% 63.92% 75.47% 73.84%

7= 2000 [HVR| 7 1 0069 (1.2) | 1.66% (1.8) | 2.24% (5.1) | 0.91% (5.9) | 0.85% (3.3) | 2.01% (3.7)
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It can be seen from Table 16 that the DNSGA-II A and DNSGA-II B algorithms achieved first
and second ranks in all the experiments for the HE5 problem. Among the other algorithms,
CTLBO had the best performance and was given third rank in all the experiments. Moreover, in
most of the experiments, VECTLBO outperformed the CSADMO and PNSCCDMO algorithms
and achieved fourth place in the performance ranking.

6.2.2. Investigation of Convergence Trends and the Obtained Pareto Fronts
In this section, the convergence trends of the algorithms and the quality. of the obtained Pareto

front are illustrated by using IGD curves and Pareto front shapes for @ number of problems, each

representing one problem type, as shown in Figures 9 to 16. The'IGD eurves are the averages of

values over 20 runs on the problem, and the Pareto front'in each environment is the Pareto

the 20 runs.
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Figure 9: Average IGD values over 20 runs on FDA1(30-10-1000
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As sho e 9, the CTLBO and VECTLBO algorithms, in comparison with the other
algorith verged faster to the POF in the first environments of the problem. In the
subs environments, each of them converged faster in many cases and/or gave the best

results"according to the IGD criterion. This can also be deduced from Figure 10. As observed,
the solutions obtained from these two algorithms are more favorable than those of the other

algorithms in terms of convergence and uniformity of distribution.
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It can be concluded from Figure 11, which displays the IGD curves for FDA2camara problem, that
the two algorithms CTLBO and VECTLBO converged faster to the POF in the first
environments. In the subsequent environments, the CTLBO algorithm maintained its absolute
superiority in most environments, and VECTLBO performed better than DNSGA-II B and
CSADMO in some environments, though results were close. As also shown in Figure 12, the
convergence and solution distributions of CTLBO and VECTLBO algorithms are more favorable
than those of the other algorithms in most cases.

It is apparent from Figure 13 that in the experiment on the ZJZ problem;the 'CTLBO and
VECTLBO algorithms outperform the other algorithms in all environments. Figure 14 also
confirms this. These two algorithms converged better to the POF and distributed the solutions
more uniformly.

The IGD curves for the dMOP1 problem presented in Figure. 15, suggest a close competition
between CTLBO and VECTLBO on the one hand and.the DNSGA-II algorithms on the other.
The DNSGA-I1I algorithms and the CSADMO algorithm-transfer many of their solutions with no
changes to the next environment. Thus, in solving.problems of type Ill, they stay near their
previous solution set, and have equal values imall environments. However, as can be seen from
Figures 15 and 16, the two algorithms CTLBO and VECTLBO converged relatively more

successfully in most environments, andsachieved more uniform sets of solutions.

6.2.3. Investigation of Computational Complexity of Algorithms
From the computationalt complexity point of view, the most expensive components of the
CTLBO and VECTLBO' algorithms are “forming the cellular automata”, “growth of cellular

2 ¢

automata”, “producing new solutions by TLBO algorithm” and “sorting the population based on
closeness to /the found Pareto front”. In the worst case, these have complexities of O(MN),
O(MNM), O((M+ D)N) and O(N logN) respectively, where M signifies the number of
objectives;.N“the number of solutions in the population, and D the number of search space
dimensions. Therefore, the complexities of these algorithms in the worst-case scenario are
influenced by the growth stage of the automata and are of the O(MN™) order of complexity,
where NM refers to the number of cells and M refers to (M + 1) neighboring cells whose
information is used in cell processing. Although this complexity seems large compared to the

complexities of the DNSGA-II A, DNSGA-II B, CSADMO and PNSCCDMO algorithms, which
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are of the order of O(MN?) due to the use of “non-dominated sorting” or “extracting non-
dominated solutions” stages, it should be noted that in calculating this complexity it is assumed
that all cells are processed. However, in practice, using the technique referred to in section 5.1.4,
automata growth stops when a certain condition is reached, and hence, many of the cells are not
processed. Analysis of all the experiments performed on the studied benchmark problems in this
article suggests that on average about 58% of the cells are activated and processed in each
iteration. Moreover, it is not necessary for the number of cells in each dimension/of the automata
to be equal to the number in the population. The user can consider a smaller,number for cells
according to the expected number and distribution of the final non-dominated solutions. This

results in a reduction in the complexity of the algorithms.

7. Conclusions

In the present study, a cellular automata-based approach was proposed for the evaluation and
management of solutions in the solving procedure.for. dynamic multi-objective optimization
problems. In addition to helping the algorithm identify non-dominated solutions and describing
their closeness to the Pareto front, this approach'provides an estimation of the hypervolume
metric for non-dominant solutions. Moreover, in this approach, the density of candidate solutions
in the objective space is managed in_eachyiteration of the algorithm, and a diverse set of
candidate solutions is extracted. Twe dynamic multi-objective optimization algorithms were also
introduced. In these algorithms,/the "TLBO optimization algorithm is used to optimize the
solutions, and the cellularautomata-based method is employed to manage and evaluate the
solutions. The first algorithm, CTLBO, carries out optimization in a multi-objective manner,
while the second/algorithm, VECTLBO, utilizes a single-objective manner. To evaluate the
proposed algorithms;these, along with some of the dynamic multi-objective optimization
algorithms™in"the Aditerature, were applied to some well-known benchmark problems and the

results compared. Evaluation results are briefly summarized as follows:

= /By investigating the results of all the experiments, it can be concluded that there is no
clear relationship between the performance of the proposed algorithms and the problem
type. However, their performance is more dependent on the definition of the problem. For
problems of type I, CTLBO and VECTLBO achieve the best results for all experiments
on FDA4 and F8 problems, but for FDA1 and dMOP3 problems, these algorithms
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achieved different ranks in different cases, though they remain superior algorithms in
many of them. For problems of type Il, both algorithms outperform the other algorithms
in most experiments on FDA2camara, FDA3zneng and ZJZ problems. They also gave the
best results in some cases of the dMOP2 problem, but, for F5 and F6 problems, the
results are poor and in some cases CTLBO converged better and achieved first rank.
Regarding type Ill problems, it can be concluded that both algorithms outperform the
other algorithms in solving the HE3 problem. Furthermore, each of them ranked first or
second in most cases of the dMOP1 problem, but, for the HE4 and HES5 problems,
VECTLBO obtained poor results and CTLBO, despite its pooriresults in some cases,
showed some results close to those of the best algorithm, and ranked first in some cases.
Regarding the FDA4 and F8 problems, which are problemsswith three objectives, it
seems that CTLBO and VECTLBO are more successful.on three-objective problems. The
efficiency and superiority of CTLBO is remarkable in solving both problems. Although
the efficiency of VECTLBO is not as good as.CTLBO, and it loses second rank in few
cases of the FDA4 problem, it still outperforms the other algorithms in many cases with
remarkable differences.

The results for linear and nonlinearsproblems indicate that CTLBO and VECTLBO
algorithms had successes and-failures in solving problems in both groups. Among the
nonlinear problems, F8q HE3 and ZJZ are the problems for which CTLBO and
VECTLBO outperform the other algorithms, and F6, F7, HE4 and HES are the problems
for which these algorithms are less successful. Hence, there is no clear relationship

between the nonlinearity feature and the efficiency of these algorithms.

Analysis indicated, that \the time complexities of the CTLBO and VECTLBO algorithms are

higher than for the other algorithms, in theory due to the use of cellular automata. However, by

using the" proposed techniques for implementations, the processing of many cells is eliminated

and the complexity is reduced significantly in practice. In addition, it is not necessary to choose

the number of cells equal to the population size. The number of cells can be lower according to

expectations for the number and distribution of solutions. Hence, the time complexity of such

algorithms could be reduced by employing some techniques like the time complexity reduction

techniques of cellular automata. On the other hand, these complexities may be neglected given
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the superiority of performance in such algorithms as well as growing trends in the development

of processors.
There are some aspects of CTLBO and VECTLBO that could be further improved, and that

could be discussed in future work. First, the experimental results of dMOP1, F4 and F5 show

that the performance of the proposed algorithms degrades in terms of IGD when a change occurs

in the environment. This issue can be alleviated by using memory. Furthermare, the time

complexity of the proposed methods could be enormously improved using parallel processing for
the CA cells. Finally, we would like to apply CTLBO and VECTLBO to real<weorld problems.
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