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Abstract

Dynamic multi-objective optimization problems (DMOPs) and Many-Objective Optimization Problems (MaOPs) are two classes
of the optimization filed which have potential applications in engineering. Modified Multi-Objective Evolutionary Algorithms
hybrid approaches seem to be suitable to effectively deal with such problems. However, the Crow Search Algorithm has not
yet considered for both DMOP and MaOP. This paper proposes a Distributed Bi-behaviorsCrow Search Algorithm (DB-CSA)
with two different mechanisms, one corresponding to the search behavior and another to the exploitative behavior with a
dynamic switch mechanism. The bi-behaviors CSA chasing profile is defined based on a large Gaussian-like Beta-1 function
which ensures diversity enhancement, while the narrow Gaussian Beta-2 function is used to improve the solution tuning and
convergence behavior. The DB-CSA approach is developed to solve several types of DMOPs and a set of MaOPs with 2, 3, 5, 7,
8, 10 and 15 objectives. The Inverted General Distance, the Mean Inverted General Distance and the Hypervolume Difference
are the main measurement metrics are used to compare the DB-CSA approach to the state-of-the-art MOEAs. All quantitative
results are analyzed using the nonparametric Wilcoxon signed rank test with 0.05 significance level which proving the efficiency
of the proposed method for solving both 44 DMOPs and MaOPs utilized.
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Abstract
Dynamic multi-objective  optimization problems (DMOPs) and Many-Objective

Optimization Problems (MaOPs) are two classes of the optimization filed which have potential
applications in engineering. Modified Multi-Objective Evolutionary Algorithms hybrid
approaches seem to be suitable to effectively deal with such problems. However, the Crow
Search Algorithm has not yet considered for both DMOP and MaOP. This paper proposes a
Distributed Bi-behaviors Crow Search Algorithm (DB-CSA) with two different mechanisms,
one corresponding to the search behavior and another to the exploitative behavior with a
dynamic switch mechanism. The bi-behaviors CSA chasing profile is defined based on a large
Gaussian-like Beta-1 function which ensures diversity enhancement, while the narrow Gaussian
Beta-2 function is used to improve the solution tuning and convergence behavior. The DB-CSA
approach is developed to solve several types of DMOPs and a set of MaOPs with 2, 3, 5, 7, 8,
10 and 15 objectives. The Inverted General Distance, the Mean Inverted General Distance and
the Hypervolume Difference are the main measurement metrics are used to compare the DB-
CSA approach to the state-of-the-art MOEAs. All quantitative results are analyzed using the
nonparametric Wilcoxon signed rank test with 0.05 significance level which proving the

efficiency of the proposed method for solving both 44 DMOPs and MaOPs utilized.

Keywords: Beta Function, Crow Search Algorithm, Dynamic Multi-Objective Optimization,
Evolutionary Algorithm, Many-Objective Optimization.

1. Introduction

During the last decade, a wide range of metaheuristics are designed to solve many complex
problems based on Evolutionary Algorithms (EA) like the Genetic Algorithm (GA) [1] and the
Swarm Intelligence (SI) such as the Particle Swarm Optimization (PSO) approach [2]- [5].
Different Multi-Objective Evolutionary Algorithms (MOEASs) have been employed to solve
static single and multi-objective optimization problems, where the main challenge is to find the
best global solutions through a compromise between convergence and diversity on the search
space. However, this process becomes more challenging when solving Dynamic Multi-
Objective Optimization Problems (DMOPs) characterized by several types of time-varying
Pareto Optimal Set (POS) and Pareto Optimal Front (POF) [6].

Generally speaking, MOEAs are designed to track and react effectively to the change that
may affect the POS and the POF while conserving both convergence and diversity concepts [7],
[8]. On the other hand, Evolutionary Dynamic Optimization (EDO) approaches should include

explicit and implicit mechanisms to detect and correctly react to those changes. A change



detection mechanism can be maintained through detectors from a feasible search population
like the current best solutions, the memory of optimal solutions or some predefined sub-
population. Also, it can be assumed separately to the search space using a set of random selected
solutions, a fixed point, a regular grid of solutions or a set of determined points. In addition, the
algorithm behaviors have considered as a robust detection strategy based-on the average of best-
found solutions, the time-varying observation of different sub-swarms, the diversity of the
solutions compared to the success rate, time-varying distributions and statistical methods.

Five groups of EDO methods are available in the literature to solve DMOPSs; diversity-based
techniques, memory-based approaches, prediction methods, parallel systems and the transfer
learning-based algorithms. Increasing the mutation rate (hyper-mutation) or adding a randomly
new member and relocate some useful solutions are the main mechanisms to manage the
diversity in dynamic optimization, this technique may fall within undetected regions while of
interests. The diversity-based approach [1] shown their ability for solving dynamic problem
with continuous and small time-varying parameters and show their limits in problems with
severe environmental changes. Furthermore, many DMOPs have presented some periodical or
recurrent changes making storing historical experience of solutions useful to preserve diversity.

Memory-based approaches use redundant representation of an evolutionary algorithm using
extra- memory components to help detecting future changes [9]. This category of approaches
is very effective to solve DMOPs with periodically time-varying properties. However, such
mechanisms slow down the convergence and strengthen diversity in the EDO approaches. The
main disadvantage of memory-based algorithms is the ineffectiveness of redundant solutions
stored in the archive. On the other hand, the prediction-based methods tend to predict changes
based-on limited patterns. Such system can detect the global best solution quickly but they fail
when the changes are stochastic which increases their relative training error rates. The parallel
approaches present an optimization process over multiple sub-swarms that may handle the
problem on separate search space and are recommended for multi-modal problems while are
computationally expensive. A key challenge for these methods is finding the appropriate
number of sub-swarm and their sizes. Last but not least, the transfer learning-based methods
[5], [10]-[12] have the advantage to re-use previous computational experience to improve the
efficiency of the new generated populations after each change detection by adding transfer
learning mechanisms which is a time-consuming process.

The efficiency of MOEA s significantly decreases when dealing with MaOPs. In MaOPs, the
number of objectives to satisfy is in general equal or higher to 3. Furthermore, three main issues

are introduced when solving MaOPs thus including; (i) the inutility of dominance operator



when dealing with a large number of objectives, (ii) the lack of convergence and diversity and
(iii) the limited population size in a large dimension of objectives space that increase
exponentially. Many Pareto-based approaches showed their limits to deal with the increasing
number of non-dominated solutions using the dominance operator causing the issue of poor
convergence implicated by the Active Diversity Promotion (ADP) phenomenon [13].

As a solution, a variety of enhancements are adopted to the original MOEAs when solving
MaOPs including the decomposition-based and indicator-based approaches. Decomposition
mechanisms combine multiple objectives into a single one or sub-problems. Some of the
popular techniques of this type are Pareto sampling [14], improved Pareto sampling (MSOPS-
I1) [15] and multi-objective evolutionary algorithm based on decomposition (MOEA/D) [16].
The decomposition-based approach become more effective with a set of sub-MOPs such as
presented in the reference vector-guided evolutionary algorithm (RVEA) [17], MOEA/D-M2M
[18], NSGA-III [19] and the MOEA/DD [20] and the MOEA/D-ROD [21]. In addition, a set of
performance metrics are considered to guide the optimization process over different indicator-
based approaches like the fast hypervolume based evolutionary algorithm (HypE) [22], the S-
metric selection based evolutionary multi-objective algorithm (SMS-EMOA) [23], the indicator
based evolutionary algorithm (IBEA) [24], the Evolutionary Many-Objective Optimization
Algorithm based on IGD Indicator with Region Decomposition [25] and the MaOEA/IGD [26].
A set of new techniques are proposed to deal with the issue of the ineffectiveness of the
dominance operator over a set of Pareto-based methods like L-optimality [27], e-dominance
[28], fuzzy dominance [29], Grid-based Evolutionary Algorithm (GrEA) [30], 6 Dominance-
based Evolutionary Algorithm (8-DEA) [31] and the preference order ranking [32]. Diversity
management techniques are proposed to arrange a good balance between the convergence and
the diversity when solving MaOPs. In [30] a three grid-based criterion was proposed to maintain
diversity including the grid crowding distance, the grid coordinate point distance and the grid
ranking. A diversity promotion mechanism, DM, is introduced in [33] to activate or disactivate
the diversity of the population based on the spread and the crowding distance of solutions.

In NSGA-II1I algorithm [19], the reference point-based strategy is used to solve MaOPs. The
shift-based density estimation (SDE) strategy [34] has been utilized to replace the dominance
operators of MOEAs. Also, the knee point-driven evolutionary algorithm (KnEA) [35] has
developed using both knee point-based selection and dominance-based selection. Three groups
of preference-based approaches including priori algorithms, interactive algorithms and
posteriori algorithms are employed to deal with the issue of population size limitation in regards

to the large dimension of the objective space. The most known posteriori approaches are the



Preference-Inspired Coevolutionary Algorithms (PICEA-g) [36], the novel two-archive
algorithm (TAA) [37] and its improved version (Two_Arch2) [38].

In addition, the Particle Swarm Optimization (PSO) algorithm has received a great attention
in MaOP. The Control Dominance Area of Solutions (CDAS) [39] is used with SMPSO and
SigmaMOPSO for MaOPS. The indicator-based PSO systems have been proposed to maintain
leader’s selection using the R2 indicator as presented in H-MOPSO [40] or the hypervolume
metric in S-MOPSO [41]. Two-stage strategy and a parallel cell coordinate system are adopted
in MaOPSO/2s-pccs [42]. A preference-based method is proposed using PSO system focusing
on solutions around the knee point and called knee driven particle swarm optimization (KnPSO)
[43]. In [44] the MaPSO method uses leader’s selection from a certain number of historical
solutions by using scalar projection. In addition, the HGLSS-MOPSO algorithm [45] has
adopted the Hybrid Global Leader Selection (HGLSS) using two global leader selection
mechanisms the first for exploration and the second for exploitation. A recent published paper
[46] has presented an adaptive localized decision variable analysis approach under the
decomposition-based framework to solve the Large-Scale Multi-Objective Optimization
problems and Multi-Tasking Optimization Problems in MaOPs. As a conclusion, all mentioned
Many-Objective Evolutionary Algorithms (MaOEAs) are presented as highly complex and
time-consuming systems, essentially when using decomposition-based mechanisms and/or the
quality indicators to deal separately with convergence and diversity.

The Crow Search Algorithm (CSA) [47] is a meta-heuristic simulating the social organization
of crow folks essentially for food-search procedure. Crows are characterized by their ability to
memorize food sources they found but also sources that other members of the flock may hold
or hide. The CSA algorithm was first proposed as a mono-objective optimization technique and
then extended to solve static Multi-Objective Problem (MOP) and constrained engineering
optimization problems, in which the algorithm showed a relative effectiveness in comparison
with techniques such as harmony search (HS) [48], the GA [1] and the PSO approaches.

This paper presents a novel Distributed Bi-behaviours Crow Search Algorithm (DB-CSA)
for solving both DMOPs and MaOPs. The DB-CSA approach presents two new chasing profiles
denoted by Beta Distribution profiles over the large Gaussian Beta-1 function for diversity
enhancement, and the narrow Gaussian Beta-2 function for convergence improvement. The
proposed approach tends to achieve a dynamic balance between exploitation and exploration at
each iteration during the optimization process which makes more suitable for both dynamic

multi-objective optimization and many-objective optimization.



The reminder of this manuscript is organized as follow; Section 2 presents an overview of
the most known Dynamic Multi-Objective Optimization methods, the Many-Objective
Optimization Approaches and some existing Crow Search Algorithms based-methods. Section
3 presents the proposed Distributed Bi-behaviours Crow Search Algorithm (DB-CSA). Section
4, details the experimental evaluation which is based on two comparative studies: one for
DMOPs and the second for MaOPs. Results are presented in term of mean, and standard
deviation. Then a comparative of the proposed method toward key state of art methods using
the nonparametric Wilcoxon signed rank test. Finally, Section 5 conclude this paper and

presents some future work.

2. State of the Art on Evolutionary multi-objective optimization

This section presents a set of comparable MOEAs and MaOEAs designed for both Dynamic
Multi-Objective Optimization and Many-Objective Optimization are presented in sub-sections
2.1 and 2.2 respectively. In addition, the existing crow search-based methods are in sub-section
2.3.

2.1. Dynamic Multi-Objective Optimization Methods

Several Multi-Objective Evolutionary Algorithms (MOEAS) have been designed in the
literature to solve DMOPs with time-varying objective, variables or constraints, a set of them
are visible Table 1. Among them two variant of the dynamic non-dominated sorting genetic
algorithm 1l (DNSGA-I11) [1] are proposed to enhance the diversity of solutions when solving
DMOPs. In DNSGA-II, a set of solutions is selected randomly as detectors and re-evaluated
iteratively. Then, if a change is detected all selected solutions are re-initialized or hyper-
mutated. The Steady-State and Generational Evolutionary Algorithm (SGEA) [9] is designed
to detect and react effectively to the change in a steady-state manner. If a change is detected, a
number of good solutions is re-used in the next processing step then a combination of previous
and the new solutions are used to approximate the new pareto optimal front. The Competitive-
Cooperative Coevolutionary Algorithm (dCOEA) in [49] aims to track the time-varying POF
based on the decomposition of the optimization process. However, only the winners of each
sub-population are considered to manage the optimal solutions. The population prediction
strategy (PPS) [50] is a prediction-based method which divides the non- dominated solutions
into a center point and a manifold, then both are used to predict the future center point and
manifold respectively. When a change is detected based a population re-initialization is

operated. The MOEA/D [16] is a decomposition-based approach aiming to subdivide the



population into several sub-populations and solving many sub-problems separately and
simultaneously making the MOEA/D system lower and timely consuming.

Transfer-learning-based techniques are reliable alternatives for DMOPs based on the
MOEA/D as a baseline system. In 2020, the new memory-driven manifold transfer learning
was proposed based evolutionary algorithm (MMTL-MOEA/D) [51]. This approach has
combined the memory mechanism to preserve the previous best solutions and the manifold
transfer learning feature to estimate the best solutions, so that the best solutions are conserved
and set as initial population of the next generation.

In addition, a randomly reinitialized mechanism (RI-MOEA/D) [51] is used to 10 % of
selected populations after each change to maintain the diversity. A combination between the
PPS [50] and the MOEA/D are considered in the PPS-MOEA/D algorithm to solve the DMOP.
Also, the support vector regression (SVR) based on evolutionary algorithm (SVR-MOEA/D) is
proposed in [52] is designed to solve the nonlinear correlation between two historical
optimization process. The SVR, is used to predict a new population after each change in the
search space. A transfer learning-based dynamic multi-objective evolutionary algorithm (Tr-
MOEA/D) is proposed in [53], aiming to solve the issue of non-independent and identically
distributed data in a dynamic environment. The Tr-MOEA/D system implements a transfer
learning mechanism to reuse the past historical population after each change which speed-up
the optimization process. In KF-MOEA/D [54] system a Kalman filter (KF) is used to predict
a new population prior to perform the convergence concept.

Table 1. Classification of the MOEASs for DMOPs.

Diversity-based Approaches DNSGA-II [1]
Memory-based Approaches SGEA [9]
dCOEA [49]
Prediction-based methods PPS [50]
Parallel Approaches MOEA/D [16]

MMTL-MOEA/D [51].
RI-MOEA/D [51]
Transfer Learning-based Methods SVR-MOEA/D [52]
Tr-MOEA/D [53]
KF-MOEA/D [54]

2.2. Many-Objective Optimization Methods

Generally speaking, many-objective algorithms are designed to optimally manage the couple

of exploitation and exploration concepts. Table 2, presents key Many-Objective Evolutionary



Algorithms (MaOEAs). The inutility of dominance operator in Pareto-based methods is
managed based-on the decomposition of many-objective to single or multi-objectives. The
multiple single objective pareto sampling (MSOPS) [14] algorithm generates a set of target
vectors, then it undergoes a multiple single objective optimization processes to solve MaOP,
such a strategy may return moderated results since it is not managing the multi-objectives of
MaOp’s correctly. The enhanced MSOPS-II [13] use a set of target vectors to guide the
optimization process at each iteration. Then, the aggregation of fitness functions is used to
evaluate the performances of the proposed solutions. The MOEA/D [16] algorithm, proceed
with a decomposition of the many-objectives into a set of single objectives using a uniformly
distributed weight vector. Similar to the weight vectors of the MOEA/D algorithm, the NSGA-
I11 [19] has used a number of well-spread reference points to approximate non-dominated
solutions, then it enhances the diversity of the population. Based on the main idea of the NSGA-
I1, the reference vector-guided evolutionary algorithm (RVEA) [17] adopted two reference
vectors, one for the selection and the second was for the adaptation. In RVEA system, the
concept of convergence and diversity are dynamically managed using the Angle Penalized
Distance (APD).

A vector angle-based evolutionary algorithm (VaEA) [55] is proposed for Unconstrained
MaOPs. This algorithm uses the maximum-vector-angle as selection mechanism to guarantee a
good distribution and approximation to a POF; while the worse solutions are replaced with a
new generated one. The 0-DEA [31] system is based on NSGA-III while with a new 6-
nondominated concept which is different from the original dominance operator used on the
pareto-based methods. It employs a set of reference points to cluster the solutions set in order
to enhance the exploration phase. The NSGA-II/SDR is a modified version of the NSGA-II
with a Strengthened Dominance Relation (SDR), presented in [56] for solving MaOP. The
NSGA-II/SDR adopts the angle and the niching mechanism to select the best converged
solutions. MOEA/DD, MOEA dominance and decomposition [20] is a hybridization between
the MOEA/D [16] and the NSGA-III [19]; where the many-objectives are decomposed into
sub-problems then a dominance criterion is used to aggregate the global solution. Different
grid-based criterions like the grid crowding distance (GCD), the grid ranking (GR) and the grid
coordinate point distance (GCPD) are integrated in MOEAs to evaluate the fitness function of
the MaOP. In addition, the GrEA system [30], is designed to maintain a good balance between
convergence and diversity over both the grid dominance and grid difference to evaluate the
fitness function and pushing the system toward the best optimal solutions. Two variants of the

Pareto-based evolutionary algorithm using the penalty mechanism (PMEA) are presented in



[57], the MPEA-MP and the MPEA*-MA. The PMEA-MA is developed using the Manhattan-
distance and the cosine distance as the convergence and distribution metrics, it includes a
population preprocessing to enhance the diversity. The second variant, PMEA*-MA, is a
simplified one, which do not adopt the preprocessing step.

The AnD algorithm [58] is a non-pareto-based method and maintains the diversity of the
population using an angle-based selection technique, then it picks optimized members which
are the same search direction as a sorting solution. A hybridization between the Strength Pareto
Evolutionary Algorithm (SPEA) and the shift-based density estimation (SDE) strategy in [34]
is denoted by (SPEA/SDE) it estimates the density of the population, then individuals who are
not converging are eliminated to enhance the diversity among the divergent solutions only. In
[59], the SPEAR leverages on reference direction-based density estimator using the standard
SPEA algorithm for multi/many objective optimization problems. The knee point-driven
evolutionary algorithm (KnEA), proposed in [35], evolves a population then select non-
dominated solutions based on knee point criterion, which may be assumed to a Pareto strategy.
Furthermore, the two-stage evolutionary algorithm (TSEA) is developed in [60], in the first
stage several sub-populations are optimized to converge to different regions of the Pareto front,
then the nondominated solutions of each sub-population are considered as individuals to
optimize in the second stage. In indicator-based methods several quality metrics are used to
perform the optimization process, for example the Monto Carlo simulation is used in HypE
algorithm [22] to minimize the computation cost and to approximate the results. The preference-
based approaches use different adaptation mechanisms to perform the decision toward the true
Pareto front. In [36], the PICEA-g algorithm integrates the coevolution as a posteriori
adaptation mechanism with a set of candidate solutions to help decision making and
approximate the entire of POF. Two archives are used in the Two_Arch2 [38] system, where
the first is considered for convergence (CA) and the second is to maintain diversity (DA). A
crossover operator is used between the CA and DA as selector mechanism and mutation
operator is used in CA memory.

Table 2. Classification of the MaOEAs for MaOPs.
MSOPS [14] and MSOPS-11 [13]
MOEA/D [16]
MOEA/DD [20]
Decomposition-based approaches TSEA [60]

MPEA-MP and MPEA*-MA [57]
Indicator-based approaches HypE [22]




NSGA-111 [19]
Diversity-based selection criterion SPEA/SDE [34]
KnEA [35]
SPEAR [59]
GrEA [30]
Modified dominance relation-based | VaEA [55]
approaches 0-DEA [31]
NSGA-11/SDR [56]
AnD [58]
RVEA [17]
Preference-based approaches VaEA [55]
PICEA-g [36]
Two_Arch2 [38]

2.3. Existing Crow Search-based Methods

The Crow Search Algorithm (CSA) [47] was first proposed in 2016 to solve constrained
engineering optimization problems. In [61], Meriahi et al. published a new overview paper to
present all modified version of CSA system. CSA has been extended in a way to solve MOPs
as well. A Multi-Objective Crow Search Algorithm (MOCSA) is proposed in [62], for instance
in which chaos and orthogonal opposition-based operators are used to hybridize CSA, (M20-
CSA) with a focus on solving MOPs. Also, the Multi-objective Taylor Crow Optimization
algorithm (MOTCO) is proposed for clustering aware wireless sensor network [63].
Furthermore, two binary version of CSA algorithm are proposed in [64] and [65]. The first one
is the BCSA [64] which used a V-shaped transfer function to obtain a binary representation a
continuous data with application to feature selection. The second on [65] consists in applying a
sigmoid transformation and was applied to solve the 2D bin packing problem. Several modified
versions of CSA tended to manage the diversity based on the Gaussian distribution and diversity
information of the population such in [66] for electromagnetic optimization, the usability
factors hierarchical model for feature extraction and prediction [67], the priority-based
technique is used to determine the sufficient flight length amount for each crow to update their
position based other crow for economic load dispatch problem [68] and the modification of the
CSA parameters like; the awareness probability and the random perturbation of each crow is
proposed in [69].

A set of mechanisms has been used to improve the CSA algorithm including search bounds
limits management strategy [70], adding an archive component [71], restructuring the

awareness probability [72] to enhance the random perturbation and the dynamic probability of



CSA system. Several operators have been added to achieve a good balance between the
convergence and the diversity such as the Roulette wheel selection tool and the inertia weight,
the Lévy flight and the adaptive adjustment factors. In addition, a cross-over and a mutation
operator was proposed to hybridize CSA intrinsically in [73] with application to a hybrid
renewable energy PV/wind/battery system. Many hybridization methods are developed to
combine the CSA algorithm with the Grey Wolf Optimizer (GWO) [74], the Cat Swarm
Optimization (CSO), the Crow PSO [75] and the Crow Search Mating-based Lion Algorithm
[76].

3. The proposed Distributed Bi-behaviors Crow Search Algorithm

Different MOEAs are designed to solve the DMOP should be able to detect the problem
patterns changes and to response respectively. However, many modified evolutionary
approaches are designed for MaOP to deal with a high number of objective functions. The two
classes of optimization approaches have been characterized by their complexity in terms of time
and resources. This work proposes a new Distributed Bi-behaviours Crow Search Algorithm
(DB-CSA) to manage both convergence and diversity concepts dynamically when solving both
DMOP and MaOP. The new DB-CSA is classified as a diversity-based approach combined the
simplicity of CSA algorithm and the flexibility of the Beta function proposed by [77] to produce
several forms and configurations of distributions, including the normal Gaussian one. More

details about the proposed DB-CSA are presented in the next sub-section.

3.1. The Standard Crow Search Algorithm

The Crow Search Algorithm (CSA) was proposed by Askarzadeh in 2016 [47] as a meta-
heuristic for solving constrained engineering optimization problems. Crows are known to be
social bird with the ability to memorize and use food source positions when needed; those
sources may be the result of a personal search or from the crow group social activity. The CSA
algorithm mimics the crows flock search mechanisms’ and use it for optimization purposes.
The search process is detailed in Figure 1 and starts by a random initialization of N crow’s
positions with d dimensional search space. Each crow i is characterized by a position vector X
defined by: X; = X}, X%, ..., X} and their best position M; presenting the food positions. All
crows are flying in search space aiming to optimize their fitness function Fit(X;) based on their
positions and memories to attend the best food source. While exploring the search space for
new food positions, a crow will keep needs to reminder the location where it hides its own food,

and should keep awake if other crows discover. Assuming that the j-th crow decides to visit a



previously memorized position at iteration (t) (M;.) and assuming that a congener (i) is
following the crow (j), two controversial behaviors, may occur each one represented by a state:
- The first state is when the crow j ignores being followed, so it simply continues

searching considering what it previously found(M; ,).

- The second state is when the crow is aware of being followed; in this case the crow will
simply hide its food source and undergo a fully random search.
These two position updates are detailed in equation (1).

( //State 1:
If R;(t) = AP(t) then:
X;(®) + Ri(®) X Fli(t) x (M;(t) — X;(1))
Xi(t+1) = 1 Else: @
//State 2:
random update

where; R;(t) is a random number with uniform distribution between the interval [0, 1] at
iteration t and F1;(t) is the flight length of the crow i and AP;(¢) is the awareness probability
of the crow j.

In CSA algorithm, the balance between exploration and exploitation during the optimization
process is achieved by the flight length (FI) of the i*" crow during the update process of each
position. However, the memory M;(t + 1) of each crow i is updated using equation (2). All the
optimization process is executed until a predefined maximum number of iterations.

X, (t+1) IF Fit (X;(t+ 1)) = Fit(M;(t))

Mi(t+1) = { M;(t) Otherwise )

Algorithm 1. The Standard Crow Search Algorithm
Randomly initialize the position (X) of N crows
Evaluate the position of the crows

Initialize the memory of each crow

While iteration < Max-Iteration

Fori=1:N

5.1. Randomly choose one (j) crow to follow
5.2. Define the awareness probability AP;(t)
5.3. Define the flight length F1;(t)

5.4. Update the crow position using Equation (1)
End For

Check the feasibility of new positions

Evaluate the new position of the crows

. Update the memory of crows using Equation (2)
0. End While

aogrwbnE

RO ~Ne

Fig. 1. Pseudo code of the Standard Crow Search Algorithm



3.2. A General Presentation of the new DB-CSA Approach

The Distributed Bi-behaviours Crow Search Algorithm (DB-CSA) is based on the couple of
Beta distribution profiles for exploitation and exploration enhancement as presented the
flowchart in Figure 2 and detailed in the pseudo code in Figure 3. The new DB-CSA system
has the same optimization process as the standard CSA algorithm [47] and the main difference
is provided on the convergence and the diversity treatment during the optimization process
when updating the position of each crow i. In DB-CSA algorithm, each crow i is presented as

a potential solution in the search space.
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+
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Fig. 2. The proposed Distributed Bi-behaviours Crow Search Algorithm (DB-CSA). (a) Flow chart of
the DB-CSA, (b) Beta profiles, respectively Beta-1 and Beta -2.
The key processing steps of the proposed approach, see Figure 2, are detailed as follow:
1. Initialization (population positions and their memories): the DB-CSA starts with
arandom initialization of the position (X) and the memory (M) of the flock of N crows,
when each crow i has presented as a potential solution in the search space.

2. Initialization of the archive of the non-dominated solutions: the archive (A) is



initially created to store all the non-dominated solutions during the optimization
process. After that, all the following steps are executed until a predefined number of
iterations.

3. Fitness Function Evaluation: for each crow i, the fitness function (Fit (X;)) is
evaluated.

4. Determine the followed crow j: at each iteration, one of the main behaviors of the
crow i is to determine one crow j to follow by selecting a random position value
between zero and the size of the flock of crows.

5. Determine the average crow i: the aggregative value of K objectives are computed

as the fitness function Fit(X;(t)) of each crow i, then the average value of all fitness

functions is selected to determine the mean solution (crow).

Update the crow position using the bi-behaviours beta distribution profiles

Update the memory (M): the memory of each crow i is updated using Equation (2).

Apply the mutation operators

© © N o

Update the archive of non-dominated solutions: at each time t of the optimization
procedure, all the non-dominated solutions are stored in the archive (A).
10. Generate OUTPUT = best Pareto solution from Archive (A).

In the standard CSA algorithm, the update of crow position is done according to the Equation
(1), while the convergence and the diversity stages are treated separately causing the issue of
premature convergence. However, this issue has treated by the new DB-CSA system using a
bi-behaviours beta distribution profiles to assume a dynamic and a good balance between both
stages. The two beta distribution profiles are presented in equation (6) denoted by
Betal_rand which and Beta2_rand respectively for exploitation and exploration. The
couple of beta profiles are used to modify the original equation (1) presenting the update process
executed at each iteration for each crow i. The two profiles were presented based on the beta
function proposed by Alimi [77] and presented in both equations (3), (4) and (5). When, the
main advantage in using the beta functions here, is their capacity to produce several forms and
configurations of distributions, including the normal Gaussian one. The one-dimensional Beta

function is defined in equation (3).

x=x0 \P [ x1-x\4
B(x,p,q,x0,%x1) = {(xc—xo) (xl—xc) IF x € [x, x1] (3)
0 otherwise

Where; p, g, x, and x; are a real value, with (x, < x;) € R and x,. is detailed in equation

(4).
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However, the multi-dimensional version is provided in the mathematical definition (5)
presenting m product of the one-dimensional in (3).

B(x) = [lk=1 B Xk, Prs Ars X0 00 X1,) (%)

The dynamic switch mechanism between the bi-behaviors Beta-1 and Beta-2 profiles are

X

C

assumed by a comparison between the fitness function Fit(Xi(t)) of each crow iand the
average solution (crow). If the fitness function Fit(Xl-(t)) = YX_. fi is greater than the mean
value, we assume an exploration stage for the crow optimization process using Beta-1 behaviour
in Equation (6) is used the update the crow position. Otherwise, the second Beta-2 behaviour

in Equation (6) is considered pushing each solution to the exploitation stage.
As it can be illustrated in figure 2, the two beta distribution profiles are detailed as follows:
v The first large Gaussian Beta-1 exploitation profile, which characterized by a large
standard deviation pushing the population for a good diversity in the search space with

p and g variables of the Beta function in equation (3) are equals to 50.
v' The second narrow Gaussian Beta-2 exploration profile adapts a limited standard
deviation with p and q in equation (3) are equals to 5 allowing a good convergence to

the optimal solution over the time.

( //Beta 1 Behaviour for explotation profile:

If Fit (X;()) = Mean(Fit (X;(¢t)) then:

X;(t) + Betal_rand(i) x (M;(t) — X;(0))
Xi(t+1) =1 Else: (6)

//Beta 2 Behaviour for exploration profile:
Beta2 _rand()

\

where; Beta-1 is a beta random distribution over [0, 1] which is assimilated to fine search
step around the optimal solution, while the Beta-2 is more like a random explore mechanism
performed away from the previous optimal solution, M;(t). Both Beta-1 and Beta-2 values are

determined using equation (3) with different configuration of the two properties p and g.

The mutation operators in [78] is added to maintain more diversity in the flock of N crows.
The nonuniform and the boundary mutation operators in equations (7) and (8) are applied to

modify the variables X; = X%, X}, ..., X% of each crow i according to the probability mutation

B, equal to % , Where d is the dimensional search space and X; € [a;, b;] where: a; and b; are



the lower and the upper bounds respectively. The nonuniform mutation in equation (7) is
applied when the modulo value when dividing the crow position i by three is equal to zero.
However, if the remainder is equal to one the boundary mutation in equation (8) is

used. Otherwise, all variables are considered without mutation operators.

iteration

b
Xi+(bi—Xi)><(r1><(1— ) Jif 1, <05,imod3=0

MaxXiterations
b

teration )7 if o, > 0.5,imod 3 = 0

MaXiterations

X;, otherwise

()

i iteration

Xi+(Xi—ai)><(r2><(1—
where: r; and r, are a random value between 0 and 1.
a;, if X;+(r—05%* B, < q;,imod3 =1

X;+ (r—05x* B), otherwise; wherer = U(0,1)

Algorithm 2. The proposed Distributed Bi-behaviours Crow Search Algorithm (DB-CSA)

Randomly initialize the position (X) of the flock of N crows

Initialize the memory (M) of each crow

Initialize the archive (A) of non-dominated solutions

Evaluate the position of the crows

While iteration < Max-Iterations do:

Fori=1:N

6.1. Evaluate the fitness function of the crow i: Fit (X;(t))

6.2. Choose the followed crow (j) randomly

6.3. Determine the average crow i: Mean (Fit (X;(t)))

6.4. If (Fit (X;(t)) = Mean(Fit (X,-(t))) then:

6.5. Update the crow position using Equation (6) on Beta-1 exploitation profile
6.6. Else:

6.7. Update the crow position using Equation (6) on Beta-2 exploration profile
6.8. End If

6.9. Update the memory using Equation (2)

7. End For

8. Apply the mutation operators using equation (7) and (8)

9. Update the archive of non-dominated solutions

10. End While

11. Return the archive of the non-dominated solutions

oakrwdE

Fig. 3. The pseudo code of the proposed Distributed Bi-behaviours Crow Search Algorithm (DB-CSA).

The advantage of the proposed DB-CSA algorithm is proved over their simplicity in terms of
complexity which is equal to 0(n X log(n)). When, the dynamic beta distribution profiles are
the main properties of the DB-CSA algorithm investigating a high flexibility to produce several
forms and configurations of distributions. Using both large Beta-1 and the narrow Beta-2



functions have given the standard CSA a new mechanism to assume a good distribution of the

population toward the best approximated results.

4. Experimental Study

The experimental study presented in this section is conducted using personal computer with
8 Go of Ram and a i7 intel processor. A Java implementation of the proposed method is done
on the jMetal framework [79]. Results are presented with two comparative studies as detailed
in Table 5:
- The first is done to compare the new proposed DB-CSA to a set of MOEAs designed for
Dynamic Multi-Objective Optimization Problems (DMOPSs).
- The second is for Many-Objective Optimization Problems (MaOPs).

- Algorithm configuration and parameters are listed in Table 4.

4.1. Quality Indicators

The performance measurements of all tested systems are done using the minimum values of
the three quality indicators (QIl), including the Inverted General Distance (IGD), the Mean
Inverted General Distance (MIGD) and the Hypervolume Difference (HVD) which are
presented respectively in equations (9), (10) and (11) respectively. All those metrics are used
to measure both convergence and diversity of the tested MOEA:s.

- The Inverted General Distance (IGD) [9] in equation (9) measures a Euclidian distance
d(i, POF) between the ith points in the non-dominated solutions POF* to the nearest
approximated POF point.

> d(i,POF)

IGD(POF", POF) = iEPOTPOF* (9)

- The Mean Inverted General Distance (MIGD) [9] , is presented in equation (10) presenting

the average of IGD values at each iterationt € T.

MIGD(POF", POF,) = leld IGD(POF", POF.) (10)

- The Hypervolume Difference (HVD) [9], detailed in equation (11) aims to compute the
difference between the Hypervolume (HV) of the true POF* and the approximated POF .

HVD = HV (POF,") — HV (POF,) (11)



4.2. Tested Benchmarks

Forty-four benchmarks are used to evaluate the relative performances of the proposed method
upon the two scenarios. The twenty-one DMOPs test beds are as follows: five FDA [6], three
dMOP [49], seven UDF [80] and six F(ZJZ) [81] functions. The twenty-three problems for
MaOPs are composed of: seven MaF test suite MaF1-7, seven DTLZ1-7 functions and nine
WFG1-9 problems. Test configurations detailed in Table 4 according to the number of
variables (D) and objectives (M).

For dynamic multi-objective optimization, Farina et al.[6] has presented three types of
DMOPs classified into three categories according to the time-varying POF and POS. In type I,
the POS change and the POF remains the same, in type Il both POS and POF are changed.
However, type 111 of DMOP presents a time-varying POF and POS is unchanged. The main
properties of all tested problems are reported in Table 3 presenting the variation of both POS
and POF.

Table 3. Properties of the tested benchmarks: DMOPs and MaOPs.

Problems DM Properties
FDA1 20 | 2 | Type |, convex, POS: sinusoidal and vertical shift
FDA2 15| 2 | Type I, POF: convex to concave, dynamic density, POS: sinusoidal and
Dynamic Multi- vertical shift
Objective FDA3 30 | 2 | Type Il, POF: convex, dynamic spread, POS: sinusoidal and vertical
Optimization shift
Problems FDA4 12 | 3 | Type I, POF: concave, dynamic spread, POS: sinusoidal and vertical
(DMOPs) shift
FDA5 12 | 3 | Type Il, POF: concave, dynamic spread, POS: sinusoidal and vertical
shift
dMOP1 10 | 2 | Type Ill, POF: convex to concave, POS: no change
dMOP2 10 | 2 | Type Il, POF: convex to concave, POS: sinusoidal and vertical shift
dMOP3 10 | 2 | Type |, POF: convex, dynamic spread, POS: sinusoidal and vertical shift
F5 F6,F7,F9,F10 | 20 | 2 | Type I, POF: convex to concave, POS: trigonometric and vertical shift
F8 20| 3
UDF1 10 | 2 | Type |, POF: linear continuous, POS: trigonometric and vertical shift
UDF2 10 | 2 | Type I, POF: linear continuous, POS: polynomial and vertical shift
UDF3 10 | 2 | Type lll, POF: discontinuous, POS: trigonometric and no variation
UDF4 10 | 2 | Type Il, convex to concave, POS: trigonometric and horizontal shift
UDF5 10 | 2 | Type Il, convex to concave, POS: polynomial + vertical shift
UDF6 10 | 2 | Type I, discontinuous, POS: trigonometric and no variation
UDF7 10 | 3 | Type lll, POF :3D radius concave, POS: trigonometric and no variation
MaF1 Linear
MaF2 11| 2 | Concave
MaF3 12 | 3 | Convex, multimodal
MaF4 16 | 7 | Concave, multimodal
MaF5 Convex, biased
MaF6 Concave, degenerate
Many-Obijective 21| 2 | Mixed
Optimization | \paF7 22 | 3 | Disconnected
Problems 26 | 7 | Multimodal
(MaOPs) WFG1 11| 2 | Convex, unimodal
WFG2 12 | 3 | Convex, disconnected
WFG3 16 | 7 | Linear, unimodal




WFG4 Concave, multimodal

WFG5 12 | 3 | Concave, deceptive
WFG6 14 | 5 | Concave, unimodal
WFG7 17 | 8 | Concave, unimodal
WFG8 19 | 10 | concave, unimodal
WFG9 24 | 15 | Concave, multimodal
7 3
915
DTLZ1 12 | 8 | Linear
14 | 10
19| 15
DTLZ2 12 | 3 | Concave
DTLZ3 14 | 5 | Concave
DTLZ4 17| 8 | Concave
DTLZ5 19 | 10 | Degenerate
DTLZ6 24 | 15 | Degenerate
22 | 3
24| 5
DTLZ7 27 | 8 | Disconnected
29 | 10
34 | 15

4.3. Experimental Settings

A- Comparative study (1) for DMOPs:

The first comparative test is done for DMOPs using FDA, dMOP, UDF and F(ZJZ)
benchmarks with 2 and 3 objectives. Five standard MOEAs [9] and the six-transfer learning-
based methods [51] are compared to the new proposal DB-CSA system. All compared
algorithms have the same parameters settings referring to the original publications [9] and [51].
However, all DMOPs are characterized by a dynamic POS or/and POF according to the time-
varying property t that change at each instance as in equation (12).

1

t=—
nt

= (12)
Tt

where: n;, Tand t, are the severity of change, the iteration counter and the frequency of the
change respectively. Three categories of environmental change are considered in this study and
differentiated according to the values of n, fixed to 10 and the variation of the frequency t,.
The property t, is equal to 5, 10 and 20 for severe, moderate and slight environmental changes
respectively.

As resumed in Table 4, the swarm and the archive size are equal to 100 as fixed in [9] and
[51]. All MOEAs are executed 30 times independently and each run is stopped when the
maximum number of iterations is reached and computed as follow; Max;;., = 3 X ny X 74 +
50. For each DMOP the number of variables (D) and objectives (M) are such in Table 3.

B- Comparative study (2) for MaOPs:




The second experimental test is done for many-objective optimization referring to the

contributions [57] and [58] to compare the proposed DB-CSA approach to seven and thirteen

Many Objective Evolutionary Algorithms (MaOEAS) respectively. As mentioned in Table 4,

the population size is fixed according to the number of objectives (M). The seven and thirteen

MaOEAs are executed during 30 and 31 independent runs respectively.

Each run is stopped when the maximum number of iterations (Max;;.,) is reached. As per

the recommendations in [58], the number of objectives (M) for both MaF and WFG test suites

is set to 2, 3 and 7 and the number of variables (D) is computed as follow; D = M + K — 1,
where k is set to 10 for MaF1-MaF6 and 20 for MaF7. However, the WFG test suite has

characterized by three parameters including; the number of decision variables (D) equal to D =

M + 9 the number of position related variables (K) equal to K = M — 1 and the number of
distance related variables (L) set as L = D — k. Furthermore, in [57] both WGF and DTLZ

functions are tested with 3, 5, 8, 10 and 15 objectives.

Table 4. Parameters Settings

Reference Nb. Objectives (M) Population size Max-Iteration (Max;;,,) Independent runs
[9] 2and 3 100 3Xn, X1+ 50 30
[58] 2,3and 7 100 25000 31
3 92
5 224 300 WFG1-7 and DTLZ 2,4,5,7 30
[57] 8 164 1000: DTLZ1,3,6
10 280
15 152
Table 5. MOEASs and MaOEAs Solvers used for the comparative study
Comparative study (1) for DMOPs Comparative study (2) for MaOPs
Five MOEAs [9] Six transfer learning- Thirteen MaOEAs [58] Seven MaOEAs [57]
based methods [51]
DNSGA-11 [1] MMTL-MOEA/D [51] MSOPS-I1 [15] PMEA-MA [57]
SGEA [9] RI-MOEA/D [51] MOEA/D [16] PMEA*-MA[57]
dCOEA [49] PPS-MOEA/D [51] HypE [22] SPEA2/SDE [34]
PPS [50] SVR-MOEA/D [52] PICEA-g [36] NSGA-11/SDR [56]
Tested MOEA/D [16] Tr-MOEA/D [53] SPEA/SDE [34] MaOEA/IGD [26]
MOEAs and KF-MOEA/D [54] GrEA [30] VaEA [55]
MaOEAs NSGA-III [19] SPEA [59]
KnEA [35]
RVEA [17]
Two_Arch2 [38]
6-DEA [31]
MOEA/DD [20]
AnD [58]
Ql IGD and HVD MIGD IGD IGD
Benchmarks | FDA, dMOP, UDF, F FDA, dMOP WFG, MaF WEFG, DTLZ
Number of 2and 3 2and 3 2,3and 7 3,5,8,10,and 15
Objectives
(M)




4.4. Results Analysis and Discussion

In this sub-section, comparative result analysis is conducted for the experimental studies of
DMOPs and MaOPS, using the nonparametric Wilcoxon sign rank test [82], while some
qualitative results are performed over the box plot of the one-way ANOVA test [83]. The
statistical analysis methods are used to estimate the p-value property to determine the
statistically significant difference between the compared methods. If the p-value is less or equal
to 0.05, the statistical results are considered significantly important. All quantitative results are
presented in the appendices section including Tables 9, 10, 11, 12, 13, 14, 15, 16 and 17.

A- Analysis of the comparative study (1) for FDA and dMOP problems

The comparative study (1) is firstly considered to compare the proposed DB-CSA to six
transfer learning-based methods for solving FDA and dMOP problems with severe (t; =
5, n; = 10) , moderate (7, = n; = 10) and slight (z; = 20, n, = 10) environmental changes.
Based on the reported results over MIGD metric in Table 9, it is remarkable the efficiency of
the new DB-CSA system having the best mean and standard deviations values for all test suites
with different environmental changes compared to six transfer learning-based approaches.
Based on the statistical results over the Wilcoxon signed rank test on Table 6, we can determine
the importance of the new DB-CSA with a p-value less than 0.05 defining a significant
difference compared to MMTL-MOEA/D, KF-MOEA/D, PPS-MOEA/D, SVR-MOEA/D, Tr-
MOEA/D, and RI-MOEA/D approaches. Also, Figure 4 determines the importance of DB-CSA
compared to six transfer learning-based methods over the one-way ANOVA test.

Table 6. Nonparametric statistical analysis based on Wilcoxon signed rank test of DB-CSA vs. Six
peer transfer-learning based approaches over MIGD metric for FDA and dMOP functions.

DB-CSA Vs. Ql Prob. R- R+ P-value Best method
MMTL-MOEA/D 300 0 0.000018 DB-CSA
KF-MOEA/D 300 0 0.000018 DB-CSA
PPS-MOEA/D MIGD FDA & dMOP 300 0 0.000018 DB-CSA
SVR-MOEA/D 300 0 0.000018 DB-CSA
Tr-MOEA/D 300 0 0.000018 DB-CSA
RI-MOEA/D 300 0 0.000018 DB-CSA

Secondly, the five standard MOEAs (DNSGA-II, dCOEA, PPS, MOEA/D, and SGEA) are
compared to the new DB-CSA. The average and the standard deviation values for both FDA
and dMORP test suites over the IGD and HVD metrics respectively can be seen in Tables 10 and
11. Based on IGD metric on Table 10, we can argue the superiority of DB-CSA method
compared to five standard MOEAs designed for dynamic multi-objective optimization. The
results based on Wilcoxon signed rank test are presented in Table 7, indicating that DB-CSA is

the best method over IGD at 0.05 statistically significance level compared to other MOEA:s.



While, the same conclusion is confirmed using the box plot over one-way ANOVA test in
Figure 5.

Table 11 reports the quantitative results over HVD quality indicator. We can conclude that
the proposed DB-CSA is the winner for solving different types of DMOPs including FDAL in
type | with dynamic POS and static POF, FDA3, FDAS5 and dMOP?2 in type Il with time-varying
POS and POF and dMOP1 in type Il with unchangeable POS and dynamic POF respecting to
all category of environmental changes. Meanwhile the DB-CSA has a closed result to the SGEA
system for solving FDA2 function in type Il characterized by a dynamic density of the solutions
set as well as a cyclic change of the POF from convex to concave and the FDA4 in type | with
time-varying spread of solutions and severe search space. In addition, the dCOEA algorithm
has a closed mean value for solving dMOP3 function characterized by a static curvature of the
estimated POF and dynamic spread of the solution set compared to the proposed DB-CSA.

Based on Table 7 and comparing the negative and positive ranks, the DB-CSA is the best
method over HVD quality indicator. While, this importance does not determine as statistically
significant with a p-value greater than 0.05. The one-way ANOVA results in Figure 6 assume
the competitive importance of DNSGA-1I, dCOEA, PPS, MOEA/D, and SGEA for solving
FDA and dMOPs test functions with 2 and 3 objective including different environmental
changes when using the HVD metric.

B- Analysis of the comparative study (1) for UDF and F problems
Considering the quantitative results for the Unconstrained Dynamic Functions (UDF1-

UDF7) in Table 12, it appears that the DB-CSA has the greatest values for all UDF functions.
Furthermore, we can resume the stability of the new DB-CSA algorithm when solving the tri-
objective problem (F8) and the bi-objectives function (F10) over IGD metrics compared to the
Population Prediction Strategy (PPS) approach which is performed only for solving F5, F6, F7
and F9 test functions. However, the F(ZJZ) problems are a complex benchmark including a
time-varying POF and POS with a nonlinear correlation between the decision variables. Based
on the Wilcoxon sign rank in Table 7, we can resume that the DB-CSA is the best method,
however this importance does not present a high statistically significance with a p-values
greater than 0.05 compared to the five MOEASs over the IGD metric.

Based on HVD results reported in Table 13, the DB-CSA has a good result for the majority
of UDF benchmarks, and fails only for solving the disconnected UDF6 compared to the
DNSGA-I1I system. However, we can resume the importance of the PPS system for solving F5,
F7 and F10 and the SGEA for F6 and F9. Also, the Wilcoxon signed rank test detailed in Table
7 presents the importance of DNSGA-II, dCOEA, PPS, MOEA/D and SGEA with a p-value



exceeding 0.05 significance level. Figure 7 has reported the one-way ANOVA results in a box
plot of the six MOEAs over IGD and HVD metrics.

Table 7. Nonparametric statistical analysis based on Wilcoxon signed rank test of DB-CSA vs. five

peer MOEAs over IGD, HVD metrics for FDA, dMOP, UDF and F functions

DB-CSA Vs. | Prob. Ql R- | R+ | P-value | Best method | Prob. Ql R- | R+ | P-value | Best method
DNSGA-II 300 | 0 | 0.000018 DB-CSA 56 | 35 | 0,463071 DB-CSA
dCOEA 300 | 0 | 0.000018 DB-CSA 61 | 30 | 0,278707 DB-CSA
PPS IGD [ 300 | 0 | 0.000018 DB-CSA IGD | 56 | 35 | 0463071 DB-CSA
MOEA/D FDA 300 | 0 | 0.000018 DB-CSA UDF 55 | 36 | 0,506746 DB-CSA
SGEA & 300 | 0 | 0.000018 DB-CSA & 55 | 36 | 0,506746 DB-CSA
DNSGA-1l | dMOP 181 | 119 | 0,375772 | DB-CSA F 35 | 56 | 0,463071 | DNSGA-II
dCOEA 170 | 130 | 0,567709 DB-CSA 36 | 55 | 0,506746 dCOEA
PPS HVD | 173 | 127 | 0,511089 DB-CSA HVD | 36 | 55 | 0,506746 PPS
MOEA/D 181 | 119 | 0,375772 DB-CSA 36 | 55 | 0,506746 | MOEA/D
SGEA 163 | 137 | 0,710318 DB-CSA 35 | 56 | 0,463071 SGEA

1) Analysis of the comparative study (2) for MaF and WFG problems with 2, 3 and 7
objectives
For the second comparative study (2), thirteen many-objectives evolutionary approaches

(MSOPS-1I, MOEA/D, HypE, PICEA-g, SPEA/SDE, GrEA, NSGA-III, KnEA, RVEA,
two_Arch2, 6-DEA, MOEA/DD, AnD) are firstly compared to the new proposed DB-CSA
system based on a set of many-objective optimization problems denoted by MaF and WFG test
suites with 2, 3 and 7 objectives including different numbers of decision variables as detailed
in Table 3. Results reported in Table 14, shown the IGD results of the 14 compared Many-
Objective Evolutionary Algorithms for solving nine MaOPs (WFG1-WFG9) characterized by
a dynamic shape of the POF that change from convex to concave. The DB-CSA has ranked as
the first system for solving seven WFG test suites from nine thus including; WFG1, WFG3,
WFG4, WFGS, WFG6, WFG8 and WFG9 and fails only for WFG2 compared to HypE and 0-
DEA having almost the same mean values of the IGD metric for WFG7 when the number of
objectives is equal to 2. By increasing the number of objectives to 3 and 7 the WFG becomes
more complex and the issue of the lack of convergence and diversity presents the challenging
task. Based on the reported IGD values of the tri-objectives WFG functions in Table 14, we can
conclude the efficiency of the new proposed DB-CSA approach to deal with the increasing
number of objectives. Also, Table 14 has shown the best values for MaOPS with 7 objectives.

In addition, Table 15 has showing the mean and the standard deviation values over IGD
metric for solving the MaF test suite (MaF1-MaF7) with 2, 3 and 7 objectives functions. Figure
12, has presented the approximated POF for the MaF test suite. The new DB-CSA is presented
a good method for solving the MaF test suite compared to the thirteen state of the art MaOEAs.

Table 8, has shown the importance of DB-CSA over the Wilcoxon signed rank test, while all



computed p-values are less than 0.05 assuming the statistically significance difference of DB-
CSA compared to the thirteen MaOEAs thus including; MSOPS-11, MOEA/D, HypE, PICEA-
g, SPEA/SDE, GrEA, NSGA-III, KnEA, RVEA, two_Arch2, 6-DEA, MOEA/DD, AnD for
solving the MaF test suite with 2,3 and 7 objectives compared. The dynamic treatment of both
convergence and diversity concepts is very useful when solving a set of complex MaOPs with
high number of objectives.

2) Analysis of the comparative study (2) for DTLZ and WFG problems with 3, 5, 8,
10 and 15 objectives
In the second part the comparative study (2), seven MaOEAs (PMEA-MA, PMEA*-MA,

SPEA2/SDE, NSGA-11/SDR, MaOEA/IGD, VaEA, SPEA) are compared to the new DB-CSA
approach for solving a set of complex DTLZ and WFG test suites with 3, 5, 8, 10 and 15
objectives. Some qualitative results are presented in Figures 13 and 14 to present the estimated
POF to the true optimal solutions for both WFG and DTLZ with 10 and 15 objectives
respectively. However, all quantitative results are given in Tables 16 and 17 presenting the
efficiency of new DB-CSA approach over IGD metric for solving the complex set of tested nine
WFG1-9 problems and seven DTLZ1-7 functions respectively. However, this difference is
reported as statistically very significant when using the Wilcoxon signed rank test with 0.05
significance level as detailed in Table 8, when all computed p-values are less than 0.05. Figure
8, has presented the boxplot over the one-way ANOVA test for solving a set of WFG test suit
with 3, 5 and 15 objectives, when the DB-CSA is the best method.

Table 8. Nonparametric statistical analysis based on Wilcoxon signed rank test of DB-CSA vs.
thirteen peer MAOEAs over IGD metric for WFG, MaF and DTLZ functions.

DB-CSA Vs. Ql Prob. R- R+ | P-value Best Ql Prob. R- | R+ | P-value Best
method method
MSOPS-I1 378 | 0 | 0,000006 | DB-CSA 231 | 0 | 0,000060 | DB-CSA
MOEA/D 378 | 0 | 0,000006 | DB-CSA 231 | 0 | 0,000060 | DB-CSA
HypE 374 | 4 | 0,000009 | DB-CSA 231 | 0 | 0,000060 | DB-CSA
PICEA-g 378 | 0 | 0,000006 | DB-CSA 231 | 0 | 0,000060 | DB-CSA
SPEA/SDE 376 | 2 | 0,000007 | DB-CSA 231 | 0 | 0,000060 | DB-CSA
GrEA WFG [7378 | 0 | 0,000006 | DB-CSA MaF 75317 0 | 0,000060 | DB-CSA
NSGA-I11 373 | 5 | 0,000010 | DB-CSA 231 | 0 | 0,000060 | DB-CSA
KnEA 378 | 0 | 0,000006 | DB-CSA 231 | 0 | 0,000060 | DB-CSA
RVEA 378 | 0 | 0,000006 | DB-CSA 231 | 0 | 0,000060 | DB-CSA
Two_Arch2 1GD 374 | 4 | 0000009 | DB-CSA | .o 231 | 0 | 0,000060 | DB-CSA
0-DEA 376.5 | 1.5 | 0,000007 | DB-CSA 231 | 0 | 0,000060 | DB-CSA
MOEA/DD 377 | 1 | 0,000006 | DB-CSA 231 | 0 | 0,000060 | DB-CSA
AnD 378 | 0 | 0,000006 | DB-CSA 231 | 0 | 0,000060 | DB-CSA
PMEA-MA 1035 | 0 | 5,179E-9 | DB-CSA 629 | 1 | 2,70E-7 DB-CSA
PMEA*-MA 1035 | 0 | 5,179E-9 | DB-CSA 629 | 1 | 2,70E-7 DB-CSA
SPEA?2/SDE 1035 | 0 | 5,179E-9 | DB-CSA 630 | 0 | 248E-7 DB-CSA
NSGA- WFG | 1035 | 0 | 5179E-9 DB-CSA DTLZ {630 | O 2,48E-7 DB-CSA
11/SDR
MaOEA/IGD 1035 | 0 | 5,179E-9 | DB-CSA 630 | 0 | 248E-7 DB-CSA
VaEA 1035 | 0 | 5,179E-9 | DB-CSA 629 | 1 | 2,70E-7 DB-CSA
SPEA 1035 | 0 | 5,179E-9 | DB-CSA 630 | 0 | 2,48E-7 DB-CSA




One-way ANOVA Results in a Boxplot of Seven MOEAs over MIGD for FDA, dMOP Functions with I1t=5. nt=10:|.
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Fig. 4. One-way ANOVA Results in a Boxplot of 7 MOEAs over MIGD of FDA, dMOP
Functions for (a) severe with (z; = 5, n=10), (b) moderate with (z, = 10, n,=10), and (c)
slight with (z, = 20, n,=10) environmental changes respectively.

One-way ANOVA Results in a Boxplot of Six MOEAs over IGD for FDA, dMOP Functions with ht=5, nt=10:|.
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Fig. 5 One-way ANOVA Results in a Boxplot of 6 MOEAs over IGD of FDA, dMOP for (a) severe
with (t; = 5, n;=10), (b) moderate (z; = 10, n,=10), and (c) slight (z; = 20, n;=10) environmental
changes respectively.
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Fig. 6. One-way ANOVA Results in a Boxplot of 6 MOEASs over HVD of FDA, dMOP for (a) severe
(t; = 5, n=10), (b) moderate (z, = 10, n,=10), and (c) slight (z; = 20, n,=10) environmental
changes respectively.
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Fig. 7 One-way ANOVA Results in a Boxplot of 6 MOEAs over (a) IGD and (b) HVD of UDF, F
functions for moderate (z; = 10, n,=10) environmental changes.
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Fig. 8 One-way ANOVA Results in a Boxplot of 8 MOEASs over IGD for WFG functions with (a) 3,
(b) 5 and (c) 15 objectives.

As a global conclusion and based on both comparative studies (1) and (2), all quantitative
results have shown the efficiency of DB-CSA system and its flexibility for solving eight
DMOPs (FDA and dMOP) with 2 and 3 objectives including several types of time-varying POF
and POS compared to seven transfer-learning based methods (MMTL-MOEA/D, KF-
MOEA/D, PPS-MOEA/D, SVR-MOEA/D, Tr-MOEA/D, and RI-MOEA/D) using the MIGD
metric. Considering the plot of MIGD, IGD and HVD values in Figures 9, 10 and 11 during 30
independent runs, we can determine the importance of DB-CSA for solving DMOPs in types |
(FDA1, FDA4, dMOP3), Il (dMOP2) and III (dMOP1). By analyzing the perturbation of
MIGD, IGD and HVD plots, we can see the challenging results when solving FDA1, FDAA4,
dMOP1, dMOP2 and dMOP3 compared to FDA5 and FDAS in type Il with time-varying POF
and POS in both severe and moderate search space and FDA5, FDA3 and FDAZ2 in a slight
change.

Also, this efficiency of DB-CSA is demonstrated when solving a dynamic tri-objective
FDA4 with dynamic POS. However, the proposed DB-CSA algorithm has assumed a



competitive importance compared to the five standard MOEAs (DNSGA-II, dCOEA, PPS,
MOEA/D and SGEA) when solving five FDA functions, three dMOP problems over 1GD
metric including different type of environmental changes. Contradictory to the HVD metric
when all results are not statistically significant at a level of 0.05. Furthermore, the importance
of DB-CSA does not assume a high significance level compared to the five standard MOEAs
when solving seven UDF and six F problems in type Il with a time-varying POF and POS in a
moderate environmental change.

Last but not least, we can resume the importance of the DB-CSA system compared to 13
algorithms thus including; MSOPS-11, MOEA/D, HypE, PICEA-g, SPEA/SDE, GrEA, NSGA-
111, KnEA, RVEA, Two_Arch2, 6-DEA, MOEA/DD , AnD for solving a set of many-objective
optimization problems (9 WFG and 7 MaF) with 2, 3 and 7 objectives as well as the more
complex DTLZ and WFG test suites with 3, 5, 8, 10 and 15 objectives compared to the seven
MaOEAs (PMEA-MA, PMEA*-MA, SPEA2/SDE, NSGA-II/SDR, MaOEA/IGD, VaEA,
SPEA).
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Fig. 9. MIGD Plot for FDA, dMOP functions with (a) severe, (b) moderate and (c) slight
environmental changes using DB-CSA algorithm.
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Fig. 10. IGD Plot for FDA, dMOP functions with (a) severe, (b) moderate and (c) slight
environmental changes using DB-CSA algorithm.
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Fig. 11. HVD Plot for FDA, dMOP functions with (a) severe, (b) moderate and (c) slight
environmental changes using DB-CSA algorithm.
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Fig. 12. POF for MaF1-7 functions with 7 objectives using DB-CSA algorithm.
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Fig. 13. POF for WFG1-9 functions with 10 objectives using DB-CSA algorithm.
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Fig. 14. POF for DTLZ1-7 functions with 15 objectives using DB-CSA algorithm.



5. Conclusions and perspectives

In this paper, a new Distributed Bi-behaviors Crow Search Algorithm (DB-CSA) is proposed
for dynamic treatment of both convergence and diversity concepts, which is based on two new
mechanisms: distributed bi-behaviors profiles characterized by a large gaussian Beta-1 and
narrow gaussian Beta-2 functions for exploitation and exploration enhancement respectively.
All guantitative results are analyzed using the nonparametric Wilcoxon signed rank test with
0.05 significance level. The experiments showed that the proposed DB-CSA is significantly
better than the key similar techniques used in this paper for comparisons. DB-CSA is found to
be more effective in solving dynamic multi-objective problem characterized by different time-
varying of both POS and POF with 2 and 3 objectives. It is also a powerful solver for the many-
objectives optimizations problems with 2, 3, 5, 7, 8, 10 and 15 objectives characterized by a
dynamic shift of the POF from convex to concave and multimodal, unimodal, disconnected and
deceptive geometric forms. The comparative study (1) including seven transfer-learning based
methods (MMTL-MOEA/D, KF-MOEA/D, PPS-MOEA/D, SVR-MOEA/D, Tr-MOEA/D, and
RI-MOEA/D) using MIGD metric and the five popular MOEAs (DNSGA-II, dCOEA, PPS,
MOEA/D and SGEA) for solving twenty-one DMOPs with different types of changes on both
POF and POS over IGD and HVD quality indicators. Confirmed that the proposal relative
results are better for all test beds. Based on the comparative study (2), we can resume the
efficiency of DB-CSA system compared to thirteen MaOEAs (MSOPS-1I, MOEA/D, HypE,
PICEA-g, SPEA/SDE, GrEA, NSGA-III, KnEA, RVEA, Two_Arch2, 6-DEA, MOEA/DD
AnD) for solving sixteen many-objective optimization problems (9 WFG and 7 MaF) with 2,
3 and 7 objectives as well as the more complex DTLZ and WFG test suites with 3, 5, 8, 10 and
15 objectives compared to seven MaOEAs (PMEA-MA, PMEA*-MA, SPEA2/SDE, NSGA-
[1/SDR, MaOEA/IGD, VaEA, SPEA). All results confirmed the relevance of the proposed DB-
CSA and its capacity to correctly manage convergence and diversity concepts when solving
DMOPs and MaOPS. For future works, it is recommended to investigate the impact of the beta
profiles on performances when solving a DMOP characterized by a time-varying POS and POF,
a dynamic spread or dynamic density of the approximated solution set with a nonlinear
correlation between the decision variables. The DB-CSA method is worthy of consideration to
solve a set of Evolutionary Transfer Multi/Many-objective Optimization Problems.
Acknowledgment
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Appendices

Table 9. MIGD results (Mean and Standard Deviation) for FDA and dMOP functions.

Reference: [51]

Prob. (teny) MMTL- KF-MOEA/D  PPS-MOEA/D SVR- Tr-MOEA/D RI-MOEA/D DB-CSA
MOEA/D MOEA/D
(6,100 012144 07eny-  0.4670@3sen-  0.2485u40e1)-  0.3745@1en-  0.338Llpuen.  0.3166@seen-  3.15E-4oes)
FDAL  (10,10)  0.11997geE2- 0.265912e1-  0.2141pz2en-  0.2332p6En-  0.3592zaen-  0.2733pesen.  1.96E-4pzes)
(20,10)  0.0658(364e2)-  0.16350102.  0.1018up5es).  0.2168p0seny.  0.1778pares.  0.1959p36e1).  9.73E-5aees)
(5,10) 0.0740(3538-2)-  0.1695651e2-  0.1023(100e-1)-  0.20621 666-1) - 0.12414.72e-)- 0.2127(1498-1-  8.31E-4(18E-9
FDAZ  (10,10)  0.0842p3e2- 01906700  01200p0es-  0.1965uaen.  0.1243uses.  0.2528uaen.  6.98E-4paes
(20,10)  0.0662363e2-  0.1335w0e-  0.07190seen-  0.18100ssen.  0.0785@aen.  0.1678naen.  6.18E-4pieq
(5, 10) 0.1428(1116.1-  0.2685066e-1)-  0.3142014e1)-  0.2250(1 81¢-1) - 0.2925(7 4481 - 0.3493427e1)-  2.51E-3(9.0e-4)
FDAS  (10,10)  0.0914077e2- 0142972  020721sen-  0.19%uesen.  0252p7men.  0.2530@osen.  L43E-3p2e4
(20,10)  0.0749s0s2)-  0.1349100e.1)-  0.2286(176e--  0.140901 041y - 0.1442g245-2) - 0.1361(758e2)-  7.32E-4p4g.4)
(6,10)  0.1523¢97e2-  0.1578p21e-  0.21140148e1)-  0.186678e2-  0.2335u2:1e1y-  0.170201e2-  8.43E-duses
FDA4 (10,10)  0.1594577e-  0.1311posen-  0.1848u7seny-  0.1709s1se2-  0.2180m0sen-  0.1787@aes-  6.53E-4¢2es)
(20,10)  0.1336(.59E-2) - 0.125(4 06€-2) - 0.1765¢.02e:1)-  0.1234(536e-) - 0.19989.90E-2) - 0.1253(266e2)-  5.33E-4(s.6E-5)
(5,10)  0.2081(647e2-  0.2683@esen-  0.2036(728e2-  0.212000se1y)-  0.1737w10e2.  0.2184u0en-  3.03E-33e4)
FDAS  (10,10)  0.1892s1e2. 0.23697762).  0.230500se.y-  0.186204se2)-  0.1752ug0e2)-  0.2140001e.yy.  1.84E-3g4e.4)
(20,10)  0.164206e2-  0.1818576e2.  0.1895g1en.  0.172900en-  0.1879wseesn.  0.19687euen.  1.01E-3usea)
(5.10)  0.05893mcs. 0.1857wuez.  0.1269zen.  0.2237giscs.  0.2345esin.  0.242lasmesn.  1.65E-Apoes)
dMOPL  (10,10)  0.0543sse2.  0.15657305.2-  0.096501se.y)-  0.32661s0es).  0.2507@1se.2-  0.2734uageyy.  1.34E-Agses)
(20,10)  0.0252000e3-  0.1145503e-  0.0690n0sen)-  0.1938nse1).  0.1204013e5.  0.1606p6s.  1.21E-4gaes)
(5, 10) 0.0494(1_595.2) R 0.2258(1_315.1) R 0.1265(1_345.1) R 0.1302(3_995.2) R 0-1311(6.02E-2) R 0.1505(1_535.1) R 2.73E-4(4_5E.5)
dMOPZ  (10,10)  0.0717waen-  0.1646p01e2-  0.1102000e1).  01142p9es-  0.115760se2). 01586y  1.77E-dpoes
(20, 10) 0.0261(3_5353) - 0.120@_705.2) - 0.0771(1_125.1) - 0-0541(4_82E-2) - 0.0795(4_395.2) - 0.0609(4_545.2) - 1.30E'4(1_3E.5)
(5,10)  0.059310e2- 0.1132p72e2- 0.1136@sen-  0.0987qie2-  0.1203u2en.  0.0729pses-  8.09E-5p0e5
dMOP3 " (10,10)  0.0683uaen- 0143lesen- 0.0736@sen-  0.0897useen-  0.1057510e2).  0.0850ssae  6.80E-5pses)
(20, 10) 0.0260(5_565.3) - 0.0730(4_9152) - 0.0563(5_875.2) - 0.0510(3_525.2) - 0.0575(3_225.2) - 0.0401(2_575.2) - 4-54E'5(1.2E-5)
+/-/ = 0/24/0 0/24/0 0/24/0 0/24/0 0/24/0

The symbols “+”, “~” and “—" denote that the performance of the compared algorithm is statistically better than, equivalent
to, and worse than DB-CSA.

Table 10. IGD results (Mean and Standard Deviation) for FDA and dMOP functions.

Reference: [9]

Prob. (t,n) DNSGA-II dCOEA PPS MOEA/D SGEA DB-CSA
(5, 10) 6.40E'1(9_8E-2) - 6.36E-2(1_1E.2) - 2.08E'1(8_4E-2) - 3.56E-1(4_95_2) N 3.41E-2(g_05.3) - 3-15E'4(4_0E-5)
FDAL (10, 10) 5.82E-2pse3.  413E-2ese3.  427E-2uez.  121E-luies.  148E-2p0es.  1.96E-4ares)
(20,10) 414E-2uzey.  2.39E-2pe3.  162E-206e3.  A04E-2pes.  7.55E-3uses.  9.73E-5uecs
(sv 10) 2.85E-2(2‘AE.3) - 7.28E-2(3.BE.2) - 8.13E-2(3‘UE.2) - 8.40E-2(1‘3E.2) - 1-50E‘2(1,6E-3) - 8.31E-4(1,3E.4)
FDA2 (10, 10) 168E-300es).  4.73E-2@az.  6.35E-200es.  3.38E-2paes.  9.11E-3ears).  6.98E-4pseq
(20, 10) 6.51E-3(5_3E-4] - 3-24E'2(4.6E-2) - 6.27E-2(g_15.3) - 1.64E'2(4_9E.3) - 6.32E'3(4_1E.4) - 6.18E'4(2_1E.4)
(sv 10) 2.63E-1(5‘UE.2) - 2.63E-1(3.5E.2) - 4.43E-1(1‘1E.1) - 2.47E-1(2‘3E.2) - 6.25E-2(3,BE.2) - 2.51E-3(g,0E.4)
FDA3 (10, 10) 1.08E-Laaen.  L1.95E-lezen.  219E-luges.  1.30E-lpses.  4.03E-2peez.  1.43E-3s2e4
(201 10) 9.03E-2(2‘3E.3) - 1.26E-1(3.1E.2) - 1-92E‘1(2‘4E-2) - 5.45E-2(3‘3E.3) - 3.52E-2(2,gE.2) - 7.32E-4(2,4E.4)
(51 10) 1-49E+0(1_2E.1) - 1.62E-l(6_15.3) - 3.07E-1(1_95_2) - 1.36E+0(1_GE.1) - 4-60E'1(6_6E-2) - 8.43E-4(1_3E_4)
FDA4 (10, 10) 7.63E-luscn.  124E-luscs.  211E-lpoes.  5.77E-lsacs.  1.83E-leers.  6.53E-dazes
(20, 10) 2.62E-1(1‘GE.2) - 1.03E-1(1.7E.3) - 1-79E‘1(3‘0E-3) - 2.22E-1(1‘3E.2) - 1.26E-1(1,5E.3) - 5-33E‘4(6,6E-5)
(5,10) 1.76E+0qoe1).  4.33E-lugez.  6.55E-lgies.  1.57E+0uses).  5.23E-lpzez.  3.03E-3pses
FDAS (10, 10) 1.02E+0@4e2.  3.62E-luocz.  4.80E-lgscz.  8.19E-lgoez.  3.62E-lgses.  1.84E-3@aca)
(20, 10) 4.88E-luses.  3A0E-lpzs.  371E-luses.  407E-luses.  3.09E-lpoes.  1.01E-3useq
(Sv 10) 1.31E-1(1_1E.2) - 6.95E-2(1_4E.z) - 4-15E‘1(7.4E-1) - 1.36E-2(9_UE.3) - 1.12E-2(3v15.3) - 1.65E-4(2v0E.5)
dMOP1 (10,10)  8.83E-3soes.  3.93E-2ees.  5.09E-203kz.  9.39E-3uzes.  8.24E-3sms.  1.34E-duses)
(20,10) 7.39E-3see).  1.88E-2p3es.  4.39E-2earn.  717E-3pres.  6.54E-3pory.  1.21E-4uirs
(Sv 10) 6.87E-1(7_5E.2) - 1.20E-1(2_QE.2) - 1.56E-1(1_3E.2) - 4.91E-1(4_1E.2) - 3-02E‘2(3v4E-3) - 2.73E-4(4,5E.5)
dMmOoP2 (10, 10) 1.18E-1gss.  7.32E-2@ors).  4.28E-luzen.  1.88E-lusen.  L121E-27m4.  1.77E-dpoes
(201 10) 1.57E-1(5_7QE.4). 3.46E-2(4_3E.3). 2.02E-2(2_5E.3). 5.63E-2(3_QE.3). 6.32E-3(1v35.4). 1-3OE‘4(1,3E-5)
(5, 10) 5.62E-139e-2) - 4.95E-2(48£-3) - 1.76E-1(g0e-2)- 3.42E-11.9e-2)- 1.81E-1(g6e-2)- 8.09E-5(.6e-5)
dMOP3 (10, 10) 2.00E-lusen.  2.95E-2paes-  113E-lases.  1.68E-luoes.  1.32E-luara.  6.80E-Spers
(201 10) 1.07E-1(g_5g.3) - 1.63E-2(1_7E.3) - 8.99E‘2(ﬁ_7E.3) - 6.27E-2(4_AE.3) - 8.15E-2(1V3E.z) - 4.54E-5(1,2E.5)
+-/ = 0/24/0 0/24/0 0/24/0 0/24/0 0/24/0

The symbols “+”, “=” and “—"" denote that the performance of the compared algorithm is statistically better than, equivalent
to, and worse than DB-CSA.



Table 11. HVD results (Mean and Standard Deviation) for FDA and dMOP functions

Reference: [9]

Prob. () DNSGA-II dCOEA PPS MOEA/D SGEA DB-CSA
(5,10) 8.70E-17se2)-  1.25E-lpuen-  3.87E-luoey-  7.70E-lesen-  8.14E-2p0e2-  1.36E-2p2e3
FDAL (10,10)  1.36E-luren-  852E-20en- 2.97E-lugea-  2.88E-lpeen.  3.81E-2aun-  9.28E-3nues
(20,10)  355E-2usp-  546E-2uen-  2.84E-lusen-  1.34E-leses.  2.02E-20e2.  5.29E-3se4
(5,10) 471E-2040+ 185E-leuent 3.21E-lemen+t  1.30E-losen+  254E-2usz+  4.25E+0@ser0)
FDA2 (10,10)  2.05E-2n4p+  124E-lusean* 2.66E-luwa+  6.29E-20se0+  167E-204e2+  5.97E+0nien
(20, 10) 133E-244e2+  8.64E-2p0en+  2.55E-ligse3)+ 3.24E-204e0+  1.23E-2014e2)+ 6.99E+0(1 341
(5,10) 154E+0ueep-  1.45E+0@ses-  1.75E+0qgen-  1.66E+07sen.  9.80E-loe- 8.29E-2(326.2)
FDA3 (10,10)  1.09E+0geez- 1.32E+0g7ez-  1.16E+0ugez.  L1.12E+0gses.  9.24E-lezea.  5.46E-2p1e2
(20,10)  1.04E+0geen-  1.15E+04een-  1.03E+0gaen-  947E-lpseyn.  9.11E-lgiey. 3.20E-200e.2)
(Sv 10) 2-05E+0(2.0E—1] - 3.80E-1(2_(;E,2) - 7.77E-1(6_gE,2) - 3.97E+0(1_8E+0) - 1.03E+0(1_3E,1) - 2.59E-1(7_1E,2)
FDA4 (10,10)  158E+0geez-  2.70E-lasez-  4.34E-looes -  1.24E+0user).  2.74E-loscs.  2.24E-lucea
(20,10)  548E-lsen-  1.80E-lpsn+t  3.34E-lgses-  4.34E-lseyn.  144E-lpoen.  1.90E-lusen
(5, 10) 6.75E+0(1_9E,1) - 2.76E+0(2_8E,1) - 3.88E+0(3_1E,1) - 7.08E+0(1_0E+0) - 2-70E+0(2.2E—1) - 1.47E+0(4_gE,1)
FDAS (10,10)  541E+0uecn- 2.37E+0p7en- 219E+0poen-  4.80E+0peen.  1.88E+0@ss.  1A7E+0@sey)
(20, 10) 2.64E+0(1_1E,1) - 2-02E+0(1.8E—1] - 1.04E+0(1_1E,1) - 2.15E+0(1_0E,1) _ 1.78E+0(7_1E,2) N 8.28E-1(1_7E,1)
(5, 10) 3.93E-2(3_315.2] - 1.73E-1(3.3E.2) - 2.86E'1(3.5E.1) - 4.64E-2(3‘GE.2) - 3.75E'2(2,55.2) - 8.07E'3(9,ZE.4)
dMOP1 (10,10)  2.28E-2peen-  L112E-lpeen-  927E-2usen-  257E-2usen.  1.90E-2q4e2.  7.03E-3goes
(20’ 10) 1-71E'2(1.4E-2) - 5-65E'2(8.1E-3] - 6-02E'2@_1E.2). 1.59E'2(7_QE.3). 1.80E'2(1_3E_2). 6.59E-3(5_1E_4)
(5, 10) 8.06E-1(1.1E.1) - 3.03E‘1(4_9E.2) - 3.95E'1(3.gE.2) - 9.04E-1(7‘3E.2) - 8.71E'2(1,95.2) - 1.15E'2(1,55.3)
dMoP2 (10,10)  2.90E-lpsez-  2.07E-lpuea-  117E-luzen-  4.46E-luzez.  359E-2q1e2.  8.62E-3noes
(201 10) 4-50E‘2(1.2E-2) - 1.09E-1(1.5E.2) - 5.65E'2(e.25.3) - 1.98E-1(1‘4E.2) - 1.85E'2(1,15.2) - 6.89E'3(5,BE.4)
(5, 10) 9.51E'1(3_4E_2) + 1-05E'1(1.6E-2] + 4.22E-1(1_5E.2) + 7.61E-1(5_3E.2) + 4.07E-1(2_4E.2) + 3.36E+0(g_35_1)
dMOP3 (10, 10) 474E-1geyt  6.57E-203e2+  2.79E-lpent 4.54E-128e-2)+ 3.18E-129e-2) + 2.75E+0(9 6e-1)
(20, 10) 2.76E'1(2‘5E_2] + 3.63E'2(1‘3E.2] + 2.21E'1(1.5E.2) + 2.87E'1(2.0E-2) + 2.15E‘1(3,0E»2) + 1.87E+0(3'ZE_1)
+-/ = 6/18/0 771 6/18/0 6/18/0 71710 -

The symbols “+”, “~” and “—” denote that the performance of the compared algorithm is statistically better than, equivalent

to, and worse than DB-CSA.

Table 12. IGD results (Mean and Standard Deviation) for UDF and F(ZJZ) functions with ( 7, = n,=10).

Reference: [9]

Prob. DNSGA-II dCOEA PPS MOEA/D SGEA DB-CSA

UDF1 1.07E-1p4e9) - 2.91E-1p3e0 - 2.67E-1pe-2) - 1.70E-15.1e-9) - 1.24E-133e9) - 3.16E-4(3.1£-5)
UDF2 1.12E-l(1.05.2) - 1.83E-1(2‘UE.2) - 2-54E'2(5‘0E-3) - 1.16E-1(g_55.3) - 8.95E-2(1,3E.2) - 3.21E-4(2,1E.5)
UDF3 6.06E-1(3_3E.6) - 6.51E-l(7_7E.2] - 4.55E+0(1_1E+O) - 6.06E-1(6_3E.5) - 6.06E'1(7_AE.6) - 6.36E'5(4_3E.6)
UDF4 1.70E-l(4.75.2) - 2.87E-1(2‘3E.2) - 1.85E-1(3‘ZE.3) - 3.19E-1(1.3E.1) - 1.68E-1(4,4E.2) - 2.76E-5(2,7E.e)
UDF5 1.18E-l(1.25.2) - 2.05E-1(3‘5E.2) - 2.89E-2(1‘3E.2) - 1.61E-1(1_4E.2) - 1.00E-1(1,1E.2) - 3-OOE'5(2,5E-6)
UDF6 4.57E'1(8_7E-2) - 8.04E-l(1_05.1) - 1.34E+0(7_1E.2) - 5-31E'1(1.6E-1) - 6.68E-1(2_OE.1) - 1.20E'2(3_QE.3)
UDF7 5.24E-l(2.25.2) - 8.40E-1(5‘AE.2) - 6.68E-1(4‘AE.2) - 5.08E-1(1.4E.1) - 5.08E-1(4,25.2) - 5.04E-5(g,4|§.e)
F5 7.82E-1(3_gE.2) + 8.01E-l(2_25_1) + 2.69E-l(4_3E.2) + 6.88E-1(4_1E_2) + 4.41E-1(4_5E_2) + 6.54E+0(2_1E+1)
F6 3.02E-l(2.15.2) + 6.57E-1(1‘3E.1) + 2.60E-1(5.5E.2) + 3-44E'1(5‘6E-2) + 2.90E-1(1,35.2) + 1.36E+1(1,7E+1)
F7 4.19E'1(6_9E.3) - 1.56E+0(6_0E-1) - 2.63E-1(7_1E.2) + 4.18E-1(6_OE-2) - 4-47E'1(1.0E-2) - 2.70E-1(5_4E_2)
F8 4.86E-1(1_3E.z) - 4.00E'1(s.7E-2) - 4.56E-1(3_1E.2) - 5.49E-1(2_3E.2) - 2.51E-1(1_45.1) - 3.76E-3(3_1E.4)
F9 4.74E-l(2.15.2) + 8.87E-1(3‘3E.1) + 3.59E-1(4.4E.2) + 4-29E‘1(2‘4E-2) + 3.65E-1(3,4E.2) + 1.18E+O(2,25.1)
F10 1.05E+0(1_5E.1) - 5-76E'1(8_1E-2] - 3.79E-1(8_7E-2) - 6.39E-1(8_6E-2) - 3.80E'1(1_3E.2) - 1.42E'1(1_QE.0)

+-/= 3/10/0 3/10/0 4/9/0 3/10/0 3/10/0

The symbols “+”, “~” and “—" denote that the performance of the compared algorithm is statistically better than, equivalent

to, and worse than DB-CSA

Table 13. HVD results (Mean and Standard Deviation) for UDF and F(ZJZ) functions with (7, = n,=10).

Reference: [9]

Prob. DNSGA-II dCOEA PPS MOEA/D SGEA DB-CSA

UDF1 5.14E-13269)- 7.47E-1zge-2)- 7.97E-1(5.0e9) 6.12E-1(94£)- 5.18E-1(5.0e- - 2.25E-23€-3)
UDF2 5.51E-1p4e9 - 6.13E-1p8e-2) - 4.32E-10e9) - 5.42E-147e.9)- 5.10E-1ppse.9) - 247TE-267E-3)
UDF3 1.22E+0(1.0e3) - 1.23E+0¢7.0e-2) - 1.73E+0(.16-4) - 1.22E+0(p.4e-3) - 1.22E+0(p.4¢-3) - 4.59E-33.0e4)
UDF4 3.47E'1(8_3E-2) - 5.06E-1(3_7E.2) - 3.77E-1(2_1E_2) - 6.41E-1(1_gE_1) - 3.32E-1(7_1E_2) - 6.88E'3(5_4E.4)
UDF5 2.78E-Lpsen - 398E-lowa-  2.70E-lusen-  365E-loms-  2.72E-lusea- 6.96E-30a)
UDF6 9.34E-1usen + 1.26E+0(7.2e2) - 1.83E+01.0e-2) - 1.21E+004e1) - 9.77E-lpen+ 1.10E+01.8e+0)
UDF7 2.40E+0(7_4E_2) - 1.91E+0(1_7E.1) - 2-06E+0(5_4E-2) - 2.32E+0(2‘4E_1) - 2.06E+0(1,25_1) - 1.80E-1(1_ZE_1)
F5 1.25E+0psen + 1.10E+0(eeny + 4.01E-1poen+ 1.19E+00e2) + 7.16E-1gokn+ 2.08E+1(4.16+1)
F6 4.76E-1(3_7E_2) + 9.22E-1(1_QE_1) + 4.92E-1(1_5E_1) + 5.75E-1(7_5E_2) + 3.60E-1(2_5E_2) + 4-11E+1(7.6E+1)
F7 6.49E-1noen+ 1.22E+0usen + 4.49E-1aen + 6.50E-1peen + 6.05E-1use+ 1.04E+2(1.0e41)
F8 1.06E+0use2 - 8.85E-1(1.26-1)- 1.34E+01.0e-3) - 1.06E+06e2) - 4.57E-1(32e-9) - 1.19E-1g7e2
F9 8.87E-1(3_4E.2) + 1.07E+0(1_QE_1) + 6.88E-1(7_7E_2) + 8.58E-1(4_GE_2) + 5-76E'1(7.0E-2) + 3.61E+1(5,3E+1)
F10 1.22E+0(s.0e2) + 8.58E-1(see-2) + 5.38E-luoent 1.05E+0(.0e2) + S.77E-lpxEn+ 2.61E+1(34g+1)

+/-/ = 6/7/0 5/8/0 5/8/0 5/8/0 6/7/0

The symbols “+”, “~” and “—” denote that the performance of the compared algorithm is statistically better than, equivalent to,

and worse than DB-CSA



bjectives WFG problems.
Table 14. 1GD results (Mean and Standard Deviation) of the 13 MOEAs [58] compared to DB-CSA on the 2, 3 and 7 obj p

MOEAs

M

WEFG1

WEFG2

WFG3

WFG4

WEFG5

WFG6

WEG7

WFG8

WFG9

+/-/ =

MSOPS-II

2.11E-1(9.19e2) -
3.86E-113e2 -
L.17E+0s67e2) -

2.68E-2(3.185 -3
2.73E-1g.a0e-2"
3.14E+0(7 86E-1)-

1.68E-2(957E-3) -
9.79E-2se2) -
1.85E-1(401e-2) -

1.80E-2(1 1653
2.60E-1(962e-3
2.78E+0(.14e-2)

6.61E-2 4 58e-4)-
2.80E-1931e-3
2.92E+0(.16-2)-

7.66E-22.148-2)
3.20E-1a71e-2-
2.92E+0(5.6e-2)-

1.91E-2(1 4263
2.71E-1a 350 -
2.92E+0(.22e-2) -

1.13E-1(264e-3
3.91E-1( 2562
2.99E+0(.0e-2)

4.76E-2(7 2882
2.56E-1301e-2)
2.75E+0(3.9e-2)-

0/2710

MOEA/D

5.28E-1 (5952 -
6.52E-1 (95262 -
2.12E+0¢526.1) -

1.09E-L(s.86-2) -
1.02E+0¢s 3162
1.06E+1(1.185 1)

2.68E-2(1.80-3-
2.05E-178e-2) -
3.05E+0(7e.1) -

3.60E-2(4.76e-3-
2.63E-150e3) -
6.00E+0.65€-1)-

7.23B-2(1 4583
2.51E-1 6031
5.73E+0(13e-1)-

9.55E-2¢2 322
2.99E-1g.25¢-3
6.18E+0(1.4£-1)-

3.35E-2(334e-3
3.73E-luse -
6.10E+0(.34e-) -

1.27E-L(s 633
3.25E-1 (11062
5.37E+0(156-1)-

7.41E-25 4ge-2)
3.03E-1(376e-2
5.57E+0(.4£-1)-

0/2710

HypE

7.27E-L(153e-1) -
1.33E+0¢1.226-1) -
2.53E+0(316.1) -

1.08E-2¢8e.0)+
2.71E-1(430e-2) -
3.89E+0(5.24e-1)-

1.12B-23.485-4) -
3.72E-2353-3)
9.29E-2(9.16e3) -

1.78E-2(1.24-31
3.33E-L(148e-2) -
4.43E+0(s.976.1)-

6.69E-2(1 453
3.62E-1(1.10e-2)
2.91E+0(7.70e-2)

8.11E-2¢ o0E-2-
3.72E-1 22862
2.95E+00 3.1

1.79E-2(s 146-0
3.83E-1(1.44e-2) -
3.21E+0p 3 -

1.11E-13.70-3
3.72E-L(1.416-2)-
3.39E+0n 0e1)-

2.07E-2(1.00e-3)
3.62E-1(131e-2)"
2.89E+0p 01y

1/26/0

PICEA-g

2.04E-1 (36382 -
9.78E-1(1.07e-1) -
246E+0G 1e-2) -

2.59E-2(4.83-2) -
1.54E-1967E-3) -
2.04E+088e-1)-

1.81E-2¢167e-3
1.25E-1(1.04e-2) -
8.76E-1(g43- -

1.85E-2(1.97e-3
2.23E-1(3.05e-3) -
2.52E+0¢ s16-1)-

6.59E-2(2.20 3
2.28E-1(3.20E-3)
2.46E+001.0e-2)-

9.55E-2(1.90-2)-
2.63E-1.14e-2)
2.50E+0¢ 7.2

1.60E-2(9.18-4)
2.18E-1(358E-3) -
2.47E+0q 60e-2) -

1.20E-1(4.01e-3
3.09E-1(4506-3)-
2.70E+0a 361y

4.25E-2(5 09E-2)
2.21E-1 (11082
2.54E+0u7e2

0/27/0

SPEA2/SDE

1.93E-14816-2) -
2.94E-1517e-2) -
1.13E+0(9_7OE.2) -

1.25E-2.4e00+
247E-1 5532 -
6.15E+0(1.3£40)-

1.37E-2 (3 66E-4)
6.64E-25316-3) -
1.25E+0(4_5E.1) -

3.18E-2(5.11E-3)
3.28E-137e-2 -
2.76E+0(3_53E.z)'

7.82E-2(460E-3)
3.34E-La60e-2
2.75E+0(4_25.2)-

9.44E-2(1 882)
3.55E-1197e-2
2.87E+0(4_95.2)-

3.54E-2(5 563
3.27TE-Lpuea -
2.79E+0(.18e-2) -

1.18E-1(3.46e-3
3.61E-1111e2"
2.83E+0(3_BE.2)-

3.55E-2(5.90-3)-
3.12E-1(1 3962
2 .67E+0(3_1E.z)-

1/26/0

GreA

1'92E-1(9.01E-2) -
3.04E-Lu.a1e2 -
1.31E+0(1_905.1) -

3.14E-2¢ o6e-3) -
2.61E-1p6ae-2>
3.00E+0¢ sse-1)-

2.38E-2(333-4) -
9.10E-2(3.78e-3) -
8.82E-1¢37e) -

2.60E-2(1 4263
2.41E-10.99€-3) -
2.47E+0(1_5652)'

7.41E-20 1383
2.61E-1(s.40e-3-
2.47E+0(2_1E.z)-

8.08E-2( 562
2.72B-1951k-3
2.52E+0(2_3E.z)-

2.98E-2(1 90€-3-
2.55E-1(9.13-3) -
2.51E+0(1_225.2) -

1.12E-L973e-4
3 02 E-1(3,89E-3)-
2 .59E+0(2_5E.z)-

3.03E-2¢2 563
2 39 E-1(5,39E-3)-
2.43 E+0(1_5E.z)-

0/27/0

NSGA-III

2.70E-15.03-2) -
5-55E'1(7_70E.2) -
1.58E+0(.436-1) -

1.52E-263e-0)+
1.82E-1(5_385.3)-
3.35E+0¢ 2640~

1.35E-2(s a6e-0
1.19E-1(3_935.3) -
1.21E+0pee) -

1.39E-2(1.13e-91
2.22E-1(9.79E-4) -
2.66E+0u 5762

6.44E-2(1016-3
2.13E-1(430E -2
2.60E+0(7.9e-3

8.64E-2242e-2
2.51E-1(1_27E.2)-
2.66E+0¢1.9e-2)-

127E-2¢24e-00F
2.22E-1(4.10E ) -
2.66E+0(973e-3) -

1.13B-1170e-3
2.95 E'1(5_07E_3)-
2.68E+0 676-1)-

2.30E-2(97e-3
2 35E'1(3 10E-2)"
2.54E+0¢1 9e2)-

2/25/0

KnEA

2.88E-1(1_3QE.1) -
3.79E-1(5_385.2) -
1.29E+00.30.1) -

9.19E-1(2_7QE.1) -
2.36E-1(4.36£-2)
2.16E+0(p4e-1)-

1.79E-2g 3354y
1.36E-1(5_7GE.2) -
1.56E+0¢s8e-1) -

2.52E-2(4.50e-3)-
2.54E-1(1.06e2) -
2.83E+0@s1e-2)-

7.86E-2(9.41£-3)
2.68E-1(1545-2)
2.85E+07e-2)-

3.09E-1(6.04£-2)
3.02E-1(1.45E-2)
3.04E+0@ 72~

141E-1501e2-
2.52E-1(136E2) -
2.90E+0s 2062 -

5.02E-1(7.25e-2) -
3.38E-1(1.20E-2)
2.87E+0¢35e-2)-

3.74E-2(4.10e-2) -
2.29 E'1(5_53E_3)-
2.66E+0u7e2

0/27/0

RVEA

5.81E-1urse2-
6.54E-1(e,525.2) -
1.37E+0(1_27E.1) -

7.72E-2(1_07E.2) -
2.17E-1(2,055.2)-
5.39E+0q1 1e+0)-

5.79E-21.04e-2)
2.30E-1(1‘95E.2) -
1.93E+0(5_3E.1) -

9.44E-2 1 50e-2)
2.43E-1(5‘355.3) -
2.63E+0(1_095.2)-

1.01E-11 40e-2)
2.37E-1(2.785.3)-
2.62E+0gse-3)-

1.69E-1 (24262
2-72E'1(1.72E-2)‘
2.64E+0(3_45.z)-

6.65E-2(1_265.2) -
2.39E-1(5_285.3) -
2.65E+0(1_855.2) -

2.06E-La 5162 -
3 .28E-1(1,ezg.2)-
2.68E+0u 9162

6.04E-25 71£-3
2 .36E-1(5,77E.3)-
2 .57E+0(3_1E.2)-

0/27/0

Two-Arch2

2.57E-1(g_015.2) -
4.58E-1(114e-1) -
1.62E+0(1_57E.1) -

1.29E-2(1_9E_3) +
1.53E-1416-3
2.02E+016€-1)-

1.4TE-2 (1 4683
8.74E-2(e‘22E.3) -
9.56E-l(1_15E.1) -

1.62E'2(8_82E.4)'
2.27E-1(5.49e-3) -
2.59E+0(2_165.2)'

6.59 E'2(2.36E-3)'
2.37E-1(3.985.3)-
2.54E+0(2_45.z)-

7. 38E-2(2_()OE.2)-
2.53E-1(1.385.2)-
2.61E+0(3_25.z)-

1.62E-2(260e4) -
2.25E-1(451e-3 -
2.56E+0(2_17E.2)'

1 18 E'l(gng_g) -
3 .11E-1(5,615.3)-
2 .87E+0(3_335.z)-

2.02E-2(2 343
2 .22E-1(3,755.3)-
2 .58E+0(3_7E.2)-

1/26/0

6-DEA

2.70E-1(3,295.2) -
4-75E'1(6.57E-2) -
1.29E+0(2_93E.1)‘

3.02E-2(4.77e-2) -
2.10E-1 (22452
3.60E+01.7e+0)-

1.29E-2(5 23g-4)
1.34E-1.84e2) -
1.22E+0(2_QE.1) -

1.40E-2(1‘21E.3)-
2.22E-l(5_44E.4) -
2.65E+0(1_ogg.2)-

6.52E-2(2.1453
2.30E- 1(8.14E-4)'
2.61E+0(7‘9E.3)‘

8.09E-2(1.42£ 2
2.46E-1(1_13E.2)-
2.65E+0(1‘GE.2)-

1.27E-2(1.gE.4) +
2.22E-1477E0 -
2.66E+0(1.14e-2) -

1.15E-1(3426-3) -
2.93E-1(4.50e-3
2 .61E+0(1,21E.2)-

2.18E-2(2 3453
2.32 E'1(3_04E_2)-
2 .54E+0(7,35.3)-

1/26/0

MOEA/DD

3.11E-1(3,505.2) -
1.02E+0(1.49E-1)-
1.86E+0(1_17E.1) -

2.48E-2(1,535.3) -
4.85E-1(1_115.1)-
8.91E+0(2_73E.1)-

1.58E-2(1‘21E.3)-
2.61E-l(1_01E.1) -
1.78E+0(1_4E.1) -

1.43E-2(3.79E4)
2.41E-l(g_34E.4) -
2.93E+0(7.846-2)-

6.71E-2(2_755.3)-
2.46E-1(1_585.3)-
3.05E+0(1‘1E.1)-

8.35E-2(1_B7E.2)-
2.61E-1(1_295.2)-
2.98E+0(g‘45.z)-

1.39E-2(3.5E.4) +
2.44E-1(1.85e-3) -
2.93E+0(1‘135.1) -

1 .1OE-1(1'935.3) -
3 05 E'1(3_655_3)-
2 .83E+0(2,o1g.2)-

2 .21E-2(2,235.3)-
2 .39E'1(1_92E_3)'
3 -11E+0(1.2E-1)'

1/26/0

AnD

2.84E-1(2_605.2) -
4.79E-1(4.04e-2) -
1.26E+0(1_07E.1)'

3.03E-2(3_%E.3) -
2.49E-1 (22652
3.29E+0(1_0E+0)'

1.90E-2(1 64£-3)
1.54E-1 872 -
1.15E+0(1_7E.1) -

1.98E-2(2_0()E.3)-
2.28E-1(s.08e-3) -
2.57E+0(2_355.2)'

6.69E-2(1_915.3)-
2.38E-1(4.00e-3
2.56E+0(1,95.z)-

8.42E-2(1 8762
2.55E-1 1 69e-2)-
2.63E+0(3,3E.z)-

1.97E-2(1_585.3) -
2.29E-1(427e-3) -
2.63E+0(3,41E.2) -

1.18 E'1(2_655_3) -
3.28E-1(9.38e-3)
2 .63E+0(2_5QE.2)-

2 .89E'2(3_455_3)-
2.26E-1(9.73e-3)
2.48 E+0(2_4E.z)-

0/27/0

DB-CSA

NN W NN WNINWWDN
N WNINWNNWNINOWONINWNINWNINWDNINWNDIN W
~N W N NN

7.47 E-4(4_10E.5)
3.13E-4(3.40e5)
2.42 E'4(1.60E-5)

1.92E-2(1_3()E_3)
7.68E-33.70e-)
3.70E-4(1 7065

1. 10E-2(1_2()E_3)
2.37E-4(7.10e-6)
5.87E-57.50)

1-01E'2(8.10E-4)
5.08E-32.70e-4)
1.08E'3(2_0()E.5)

2 .46E-4(3_5()E_5)
1.38E-4(2.30e-6)
1-65E'4(5.00E-6)

2.50E-44.30e-5)
1.53E-44.40e-6)
6.97E-4(.40e-5

1.46E-2(2_205_3)
6.61E-34.40e-4)
2.20E'3(5_goE.5)

1.56E-2.40e-3)
6.26E-32.80e-)
1.91E-3u0es)

3.85E-4(5,105_5)
5.51E-4(3 10e-5)
7.93E-4(3.70E5)

i i isti ivalent to, and worse than DB-CSA.
lgorithm is statistically better than, equiva ,
4 Cx” “= hat the performance of the compared alg
The symbols “+”, “~” and denote t



Table 15. IGD results (Mean and Standard Deviation) of the 13 MOEAs [58] compared to DB-CSA on the 2, 3 and 7 objectives MaF problems.

Prob. M MaF1 MaF 2 MaF 3 MaF 4 MaF5 MaF6 MaF7 +-/=

2  5.68E-3(2.82e4)- 3.03E-3@s2e-4)-  1.83E+0ue+0)-  2.92E-1(3sse-n)-  5.49E-laie)-  7.55E-2s4e2) - 7.76E-2(1.52E1) -

MSOPS-II 3  5.40E-2¢31e3) - 3.72E-2(11se3)-  5.48E+0(.0ser0-  2.14E+0@serq)-  7.77E-leoreny-  2.70E-2G20e2)-  1.40E-la121e)- 0/21/0
7 239E-lauske2 - 1.70E-lusoe3) - 2.39E+1iie+n-  1.66E+2(13e+2)- 2.08E+1@71e+0)- 1.45E-2p20E3)-  9.27E-l2.506-1) -
2  357E-3u2ieny - 2.58E-3@s4e4)-  6.66E-l1.30e+0) - 7.41E-1eo0e-) - 1.46E-1sasen) - 4.14E-3asee-4 - 7.03E-2(153€-1) -

MOEA/D 3  7.05E-2(1.70e5) - 4.14E-2.20e3)- 9.03E-lise+)-  2.27E+0(ie+0)-  1.58E+0@202e+0)-  9.94E-20148e-1)-  1.54E-1(1.74e-3) - 0/21/0
7 4.77E-1374e-2)-  2.09E-l.9se-3) - 4.64E-las4e-1)-  7.24E+1is3e+0)-  4.47E+1leioe+0)-  4.14E-loze1) - 1.36E+0(w75E-1) -
2  3.68E-3@2ses) -  2.06E-3@27es) - 1.66E+0@7e+0) -  2.12E-13eoe-1)-  6.28E-l(ssoe-)-  9.56E-33sses) -  3.26E-1(2.01E) -

HypE 3  851E-2(se3) - 4.56E-20u7e3- 3.71E+054er0)-  2.68E+0@se+q)-  1.64E+0(ooe+0)- 1.96E-lpsae)-  8.22E-1(s.03e-3) - 0/21/0
7  299E-leeE3)- 4.29E-lpooe2) -  1.09E+5@ee+s) -  7.59E+1oe+y-  1.97E+1370e+0)-  2.01E-1@2ee-2) -  3.28E+0(2.32E-1) -
2 3.82E-33.90es) - 2.21E-3@3.00e5) - 2.18E+2(14e+2)-  9.79E-laose+0) - 1.46E-1sase) - 4.57E-3@aoe4) - 3.47E+2(114E-1)-

PICEA-g 3 4.16E-2u7e4) - 3.04E-2(707e4)-  2.63E+1l(se+1-  6.26E+0@sero)-  7.78E-1sooeny-  4.58E-3@oe4) - 3.77E-1(2esey) - 0/21/0
7  216E-1334e3)- 2.16E-luaose-2)-  1.31E+9use+g)- 2.95E+2(34e+2)- 1.07E+1@soe+o) - 4.38E+3@77e4)-  3.03E+0(s.23E-1) -
2  3.99E-3(.27e5) - 2.38E-36.38e5) - 7.44E-laooe+0)-  3.47E-luzseny-  1.63E-1isi0e-1y-  1.08E-2(1326-3)-  5.22E-3(2.026-4) -

SPEA2/SDE 3  4.20E-2(6.20e4) - 3.09E-2(7.864)- 5.51E-lw.40e-1) -  1.89E+0(1oe+0)-  6.60E-le2se-y-  9.57E-3(1.193) - 5.86E-2(2.56E-3) - 0/21/0
7  2.05E-lpsies)-  1.60E-l17.08e3)- 2.09E+Oiee+0)-  2.44E+1(14e+1)-  1.09E+1pa7e+0)- 1.03E-2@1.33e3)-  5.40E-1(9.20-3) -

GrEA 2  7.83E-3p.0se5) -  3.99E-3@8.78e5) - 1.07E+0@ie+0)-  7.02E-le7se-ny-  3.20E-2(1.18e:3)-  9.85E-3(653e-4) -  2.98E-2(7.39-3) -
3 4.03E-2¢.01E4) -  3.13E-2.10e4)-  2.37TE+0@ierq) - 3.02E+0@2e+0)-  5.39E-1s.aoen)-  2.09E-2(3164)-  8.29E-2(4.07E-3) - 0/21/0
7  221E-lueees)- 1.66E-1zose3) - 2.79E+5@e6e+5)- 6.41E+1e7e+1)- 8.60E+044e-1)- 8.24E-2054e1)-  7.13E-1(7.1562) -
2  357E-3@33E6) - 2.05E-37.13€5 - 3.12E+0(7.7e+0)-  7.50E-l(9.42e-1)-  1.45E-1iase1y-  4.02E-3(397e5)-  6.85E-3(1.74E-4) -

NSGA-III 3  6.16E-2019E3 - 3.67E-2@s54e-4y- 4.09E+0@se+0)-  4.64E+0@33e+0)-  4.95E-1eooe1y-  1.49E-2(1see-3)-  7.67E-2(2.96E-3) - 0/21/0
7 256E-lo7oe2 - 1.96E-laeoe2) - 4.46E+250e+2) -  1.30E+2(14e+2)-  1.21E+1l947e1y-  2.08E-leere-ny-  7.25E-1(3.74E-2) -
2  5.06E-3p14e-4)- 2.15E-2¢769e-3)-  9.27E-l@iee+o)-  4.63E-lzsse-n)-  5.71E-lgore-y)-  1.48E-lasoe-2)-  3.40E-2(1.48e-2) -

KnEA 3  4.84E-2(70se-3) - 3.42E-2a66e-3) -  2.33E+0Gie+g)- 1.54E+0(ee+0)-  3.11E-lmoie-3)- 4.74E-2394e-2)-  6.81E-2(6.14E-3) - 0/21/0
7  2.05E-1s.00e-3) - 1.63E-l7.03e3)- 6.37E+6@7e+7)- 3.03E+2¢27e+2)- 1.29E+1a1e1)-  4.50E-laeze+0)-  5.07E-1(1.38e-2) -
2  3.60E-33.29E5) - 2.76E-3@eie-4)-  1.98E+2¢se+2)- 2.33E+0@se+0)-  1.37E-2(1.25e3)-  7.55E-3(s5e-4)-  2.91E-2(4.64E-3) -

RVEA 3 8.23E-2¢2s6E-4) - 4.22E-20136e3)- 8.04E+2(13e+3)- 7. 71E+0mser0)-  2.60E-loese4)-  5.11E-2¢a43e2-  1.08E-1(283-3) - 0/21/0
7  499E-1g.ooe-2)- 4.58E-la47en-  5.75E+1ioery-  4.09E+1oe+y-  1.51E+1@2ee+0)-  1.31E-lessez) -  1.24E+0(.41E-1)-
2  4.00E-3@3.10e6) - 2.24E-3(2.06e5) -  2.09E+1p4e+1-  2.10E+O@ee+0)-  1.61E+0@2se-)-  5.18E-3@.eee4) -  6.33E-2(1.546-1) -

Two-Arch2 3 4.15E-2(28e-4) - 2.91E-2¢4ese-4)-  1.25E+1se+y)-  5.49E+0@ee+0)-  2.54E-1(ea0e-3)-  5.84E-32.83e-4)-  9.69E-2(1.03E-1) - 0/21/0
7  2.07E-l¢.22e-3)- 1.62E-13ese3) - 2.09E+5¢7.0e+5)- 1.50E+2(1.3e+2)- 8.95E+0(239e-1)-  7.65E-3(7.45e-4)-  5.56E-1(3.50-2) -
2  357E-3ussen - 2.01E-3@sies) -  1.09E+1z2e+1)- 2.12E-13a2e-)-  4.11E-1@g2ee1)-  4.01E-3e4ses)-  5.11E-3(7.25e5) -

6-DEA 3  8.04E-2(9.64c-4) - 3.65E-2a.26e-4)- 3.81E+0use+0)- 1.79E+0@7e+0)-  6.66E-1(7.11e-1)-  3.34E-2¢228e-3)-  1.10E-1(6.96E-2) - 0/21/0
7  2.63E-1s71e3)-  2.03E-lasen-  2.09E+1lage+y-  4.99E+1@goe+n- 1.18E+1goe-1)-  1.46E-lioser)-  7.14E-1(7.01E-2) -
2  3.57E-39.24e8 - 4.44E-3(1.38e4)- 4.14E+1i7e+-  2.18E+O@se+0)-  1.31E-2(1.20e6)-  4.06E-3@73e5) -  2.01E-2(1.156-3) -

MOEA/DD 3 7.82E-2(197e3) - 5.58E-2(208E-3) - 2.66E+1l@7e+1)-  2.01E+0@4e+0)-  2.97E-lrgoe4)-  3.05E-2(145e-3)-  5.06E-1l254e-1) - 0/21/0
7  3.34E-1goie2)-  2.28E-lp3se2) - 2.04E+206e+2)-  4.56E+1oe+y-  3.94E+1paoe+0)- 1.29E-laioe2)-  2.09E+0(.77E-1) -
2  4.18E-3p.2564) - 2.52E-39.4765)- 1.24E+4@oe+a)-  2.95E+0@se+0)-  1.59E-2(123e-3)-  2.23E-3(.01E4) -  9.38E-3(8.54E-4) -

AnD 3  4.38E-2¢.a6e-4)- 3.03E-2¢494e-4)- 7.97E+39.7e+3) - 8.69E+0p.ae+0) -  2.63E-1(5.3263)-  6.26E-2(153E-2) - 8.54E-2(3.08E-3) - 0/21/0
7  217E-l1g24e3)- 1.57E-lioses)-  7.43E+34eray-  9.23E+1@oe+y- 9.57E+0uo3e1)- 3.12E-130-2)-  5.66E-1(2.63E2) -
2 4.86E-4(2.40e-5) 6.16E-5¢5e-7) 2.88E-4(5.60€-6) 2.16E-4(.20e-7) 3.89E-4(2.80€-5) 3.17E-501.20e-7) 7.13E-4(5.30€-6)

DB-CSA 3 1.72E-2160-3)  6.16E-50.60€-7) 2.96E-4(3.40e-6) 2.12E-4(6.30e-7) 3.72E-43.30e-5) 3.16E-5¢1.10e-7) 7.14E-4(5.70€-6)

7

2.10E-2(1.50€-3)

6.17E-5¢.30e-7)

2.77E-4(3.90€-6)

2.15E-4(7.90e-7)

3.84E-43.10e-5)

3.26E-5¢1.30e-7)

7.13E-4(4.90-6)

The symbols “+”, “~” and “—” denote that the performance of the compared algorithm is statistically better than, equivalent to, and worse than DB-CSA.



Table 16. IGD results (Mean and Standard Deviation) of the 8 MOEASs on the WFG test suite.

Reference : [57]

Prob. M D PMEA-MA PMEA*-MA SPEA2/SDE NSGA-I1+SDR MaOEA/IGD VaEA SPEAR DB-CSA
3 12 6.38E-1 (612 3.42E-1440e2) - 2.37E-1 2902 - 2.79E-14.0062) - 2.04E+0(3.0e1) - 2.34E-1 2016 - 2.63E-1(4.78e-2) - 4.24E-31 663
5 14 9.24E-1(1 3381y 6.07E-L(5.13e-2) - 4.31E-1(250e-2) - 6.49E-1568e-2) - 3.52E+0(1.56E+0)~ 7.12E-17506-2) - 4.56E-1(7.98e.2) - 1.98E-3(7.3£-)
WFGL 8 17 1.55E+0 0452 - 1.31E+067e.9)- 1.04E+0 s a5t - 1.52E+0 0 aae.1) - 5.57E 400 5200 1.55E+00 aee1) - 1.45E+00 1461 1.82E-3 6500
10 19 1.65E+0 0 0e.1- 1.48E+00 0ae. - 1.09E+0p 506 - 1716400 2000 9.49E+0(3 08v0- 1.93E+0p 136.1) - 1.A9E+0 0545 2 - 1.53E-3 000
15 24 2.07E+0(98e-2)- 2.44E+0 1 56E-1) 1.97E+0(s 20e-2)- 2.48E+0(4.016-2) 4.35E+0 50e+0)~ 2.73E+0(210e-1) - 2.47E+0(576-1) 1.47E-3(2.3e.4)
3 12 1.70E-1 (46053 1.68E-1(352e-3) - 2.18E-11.10e2) - 2.03E-1 (14562 - 1.32E+03.25E-1) 1.72E-1(4 7563 - 1.71E-1 20563 - 7.22E-37.36-4
5 14 8.66E-11.28e.1) 4.01E-1(7.17e-3) - 4.98E-1(2.14e-) - 4.95E-1528e-2) - 1.16E+0¢2 65e-1) 3.91E-14.48e-3) - 3.94E-138e-3) - 3.82E-32.9e-4)
WFG2 8 17 1.85E+01.0e-1)- 1.07E+0(355E-2)- 1.08E+03 656-2)- 1.A7E+0 6761 2.12E+0(.016-) 9.35E-1 (12762 - 9.65E-1 (18452 - 4.27TE-3.85-4)
10 19 1.94E+0(1e2 - 1.18E+0@e2e-2- 1.14E+0@p1e-2 1.62E+0(1.38e-1)- 2.28E+0 5761 1.01E+0q17e-2 - 1.08E+0(1.08e-2 2.75E-3(s5e-4)
15 24 2.52E+0(4.0e-2)- 1.89E+0(4.72e-2) 1.88E+0(5.98e-2)- 2.42E+04.045-2) 3.15E+0(1.38e+0)- 1.76E+0(4.30e-2) - 1.87E+0(7.38e-2)- 5.06E-3(1.1e-3
3 12 1.16E-1(1.20e-2)- 1.12E-1 (8453 - 7.16E-2(6.16e-3) - 1.15E-1 (62452 - 3.19E+03.23e-2)- 1.36E-1.22e-2 - 1.46E-1427e-2 - 1.28E-3.8e-5)
5 14 5.02E-1(4 6162 5.09E-1.16E-2) - 4.86E-1(156e-1) - 3.59E-1376e-2) - 4.73E+0(1 g3e+0)~ 5.38E-1w57e-2) - 4.65E-1(511E-2) - 7.90E-45 1.5
WEFG3 8 17 1.49E+0 6e-1)- 1.45E+001 7461 1.44E+06 5160 1.13E+0g.a3e-1)- 6.08E+0(3 76e+0)~ 1.50E+0a 5361 - 1.78E+0¢2.00e-1)- 6.10E-4(s 8£-5)
10 19 1-97E+0(1.8E-1)' 2.00E+0(2_34E_1)- 1.66E+0(7_335.1)- 1.63E+0(6_21E.1)' 4-76E+0(4_49E+0)' 1.79E+0(2_11E.1) - 1.94E+0(1_535.1)- 4.81E-4(5_7E_5)
15 24 3.77E+0(4_3E.1)' 3.51E+0(5_24E_1)- 7.13E+0(2_()8E+0]' 4.53E+0(1_35E+O)' 7.55E+0(4_55E+0)' 3.82E+0(4_41E.1) - 4.39E+0(5_34E.1)- 9-57E'4(1.0E-4)
3 12 2.24E-1 (40563 2.29E-1(s17e3) - 3.36E-11.07e2) - 2.55E-1(g55e-3) - 3.82E+0s.076-1) 2.31E-1(40163 - 2.27TE-1(3.06e-3) - 5.28E-339e-4)
5 14 9.35E-16 1.9 9.54E-16 0655 - 1.39E+00 460 9.89E-176e.9) - 6.39E+0(17620 9.47E-Ls 6ot - 9.75E-Lperes) - 2.23E-3g00.
WFG4 8 17 2-92E+0(2.2E-2)‘ 3.06E+0(2.335.2}‘ 3.24E+0(3‘89E.2)‘ 3-21E+0(3.16E-2)' 9.55E+0(1.255+0)- 3.00E+0(3_17E.2) - 2.98E+0(1,055.2)- 2.19E'3(7,4E.5)
10 19 3.97E+0(2 562 4.19E+03 08e-2)- 4. 44E+0(s 256-2)- 4.38E+0(372e-2) 1.13E+1 11640 4.03E+02.456-2) - 4.56E+0(1,08e-2)- 1.45E-33 9.5
15 24 8.27E+0(9.1e2- 8.81E+00 68e-2)- 9.98E+07.356.0)- 9.39E+0(s 28e-1)- 1.69E+1(9.10e+0) 8.26E+0(7g6e-2) - 9.41E+017e9)- 2.01E-3use5)
3 12 2.33E-1(z.6-3 2.40E-13 6063 - 3.44E-1asen - 2.60E-1s.01e-3) - 2.16E+0(1 30e+0)~ 2.39E-1050e-3) - 2.37E-1@aose3 - 7.94E-4(7.e-5)
5 14 9.29E-1 (6583 9.57E-1.75e-3) - 1.15E+0¢1.60e-2)- 9.87E-1(1.35e-2) - 2.11E+0(1 38+0)- 9.42E-1617e-3) - 9.66E-1(370e-3) - 1.06E-32.9e-5
WFG5 8 17 2.94E+0(226-2)- 3.13E+0(3 1262 3.24E+0 3762 3.25E+0¢3 3082 7.09E+04 97€40)~ 3.04E+03z 932 - 2.95E+0(8 36e-3)- 1.64E-3(3.26-5)
10 19 3.91E+0(z_65.z)' 4.23E+0(4_515_2)- 4-43E+0(3_62E-2)' 4.42E+0(5_995.2)' 9.18E+0(e_575+0)' 4.OOE+O(2_5OE.2) - 4.54E+0(3_235.3)- 1.57E-3(1_3E_5)
15 24 8.04E+0(3_QE.2)- 8.87E+0(4.425.2)- 1.13E+1(5‘60E.1)‘ 9.39E+0(2.Beg.1)- 1.85E+1(1_11E+1)‘ 7.98E+0(6_1GE.2) - 9.27E+0(2,425.2)- 1.99E-3(3,15.5)
3 12 2.47E-l(1.225.2)- 2.54E-1(1_23E.2) - 3.53E-1(1‘47E.2) - 2.69E-1(1.045.2) - 2.33E+0(1_21E+0)- 2.56E-1(1.03E.2) - 2.46E-1(3,54E.3) - 1.21E-3(2,3|;.4)
5 14 9.44E-1 05369 9.77E-Lg 1569 - L19E+00giear 9.99E-11 156 - 1.05E+0 ase.- 5.5E+00 21640 - 9.69E-1 676 - 1.92E-3.05.0
WFG6 8 17 3.02E+0(3_4E.2)- 3.22E+0(3.37E.2)- 3.34E+0(5‘37E.2)- 3.34E+0(3.905.2)- 9.22E+0(4_16E+0)- 3-12E+0(4.26E-2) - 2.99E+0(1,305.2)- 3.33E-3(2,5|;.4)
10 19 3.98E+001c.9- 4.35E40,3 0.0 4.56E+0(4350.0- 4.53E+00 3159 9.16E+05 3+0- 4.09E+0¢3.276.5 - 4.58E40(1 0700 2.82E-3110.0
15 24 7.96E+0(9_1E.2)- 8.97E+0(5.205.2)- 1.05E+1(7‘gag.1)- 1.03E+1(1‘27E+0)' 2.07E+1[§_74E+0)- 7.92E+0(7_555.2) - 9.44E+0(g,965.2)- 3.83E-3(1,5|;.4)
3 12 2.24E-1577e-3- 2.29E-14.00e-3) - 3.43E-1(1.46e2) - 2.50E-1485e-3) - 2.57TE+01.18e+0)- 2.33E-13.94e-3) - 2.28E-1363e-3) - 6.40E-33.85-4)
5 14 9.37E-1(7.57e-3- 9.66E-1(15€-3) - 1.17E+0¢2.05e-2)- 9.93E-1(1.13e-9) - 3.89E+0(1 66e+0)- 9.51E-1(7.33e-3) - 9.71E-1.05e-3) - 3.42E-3(1.2e-4)
WFG7 8 17 2.94E+0(2_4E.2)- 3.14E+0(3.565.2)- 3.18E+0(3‘7GE.2)- 3.29E+0(4.g3g.2)- 8.39E+0(3_76E+0)- 3.07E+0(4_355.z) - 2.98E+0(1,01E.2)- 3.82E-3(1,1|;.4)
10 19 3.93E+0(z_75_2)- 4.23E+0(3_265_2)- 4.40E+0(4_95E.2)' 4.43E+0(6_355.2)' 7-61E+0(3_315+0)' 4.01E+3(2_215.z) - 4.55E+0(2_315.2)- 2-72E'3(1.0E-4)
15 24 8.14E+0(1_1E.1)- 8.68E+0(e.5eg.2)- 9.23E+0(4‘17E.1)- 1.11E+1(1‘24E+0)' 1.85E+1[§_56E+0)- 8.08E+0(7_355.2) - 9.36E+0(4,33E.2)- 4.08E-3(1,7E.4)
3 2. 7614000, 2.95E L1100 - 3.76E-L1.05e - 331E-L1 500 - 3.65E+0(00e.1)- 3.06E-Li5005) - 2.74E-Lpmes) - 6.92E 30104,
5 14 9.68E-1(4.84e-3)- 1.02E+0s57e-3) 1.16E+0(1.616-2)- 1.05E+0(1.316-2)- 4.57E+09.65e-1) 1.07E+0(1.28e-2) - 9.89E-1(3.03e-3) - 2.89E-3(9.3e-5)
WFG8 8 17 3.06E+0(4.9e-2)- 3.23E+0(4.12e-2) 3.39E+03.62e-2) 3.32E+0(4.00e-2)- 9.09E+0(2 gse+0)- 3.28E+0(3.03e-2) - 3.09E+0(3.27e-2) 3.71E-3.1€5)
10 19 3.99E+0(6_9E-2)' 4.39E+0(5_12E-2)' 4.55E+0(3_82E-2)' 4.52E+0(5_66E-2)' 1-31E+1(2_37E+0)- 4.32E+0(5_2()E.2) - 4.65E+0(1_97E.2)- 2.70E-3(7_3E_5)
15 24 8.52E+0(1.4.1)- 8.71E+07.50e-2)- 9.04E+0(1.26e-1)- 9.83E+0(g.416-1)- 2.46E+1(2.95e40)" 8.59E+0(57e.1) - 9.39E+0(5.40e-2)- 3.92E-317e4)
3 2.18E-1 11000, 2.25E1 10 - 3.27E-Lp o - 251E-1 10053 - 2.07E+00 2004 2.33E-1p950 - 2.24E 11505 - 2.11E 3050
5 14 9.14E-15.30e-3)- 9.27E-1(5.68e-3) - 1.09E+0(1.826-2)- 9.77E-L12e-9) - 3.71E+01.60e+0)- 9.30E-16.40e-3) - 9.44E-16e-3) - 2.55E-3g.6e-5)
WFG9 8 17 2.95E+0(1.7e-2) 3.03E+0(3.18e-2)- 3.22E+0(3.34e-2)- 3.18E+0(.37e-2)- 4. 7TE+02.08e+0)~ 3.02E+0(265€-2) - 2.94E+0(5 74e-3)- 3.56E-3(1.1€-4)
10 19 3-94E+0(3_2E.2)' 4-09E+0(3_35E-2)' 4.64E+0(2_54E.1)- 4.43E+0(1_055_1)- 4.38E+0(4‘74E_2)- 3.98E+0(2_755.2) - 4-52E+0(1.56E-2)‘ 2.96E-3(5_7E_5)
15 24 7.92E+01.4e-1) 8.47E+0w.07e-1)- 8.88E+0 3 66E-1)- 8.89E+04.256-1) 9.02E+0(7.356-1)- 7.79E+07.80e-2) - 9.12E+0(2 7382 4.24E-3giEs)
+/-/ = 0/45/0 0/45/0 0/45/0 0/45/0 0/45/0 0/45/0 0/45/0

The symbols “+”, “~” and “—” denote that the performance of the compared algorithm is statistically better than, equivalent to, and worse than DB-CSA.



Table 17. 1GD results (Mean and Standard Deviation) of the 8 MOEASs on the DTLZ test suite.

Reference : [57]

Prob. M D PMEA-MA PMEA*-MA SPEA2/SDE NSGA-11+SDR MaOEA/IGD VaEA SPEAR DB-CSA
3 7 2.58E-2(1.716-3)- 2.20E-2(3.79-4) - 2.16E-2(3.45-4) - 3.43E-2(8.40E-3) - 7.48E-1(s.05€-1) - 3.62E-2(2.386-2) - 2.58E-2(1.50€-2) - 1.19E-2(1.46-3)
5 9 5.29E-2(9.08E-4) - 5.29E-2(4.77€-4) - 5.00E-2(2.76E-4) - 7.38E-2(9.06-3) - 3.33E-1(2.69E-1) - 1.06E-1(3.24e-2) - 8.07E-2(2.33e-2) - 1.47E-2(1.3e-3)
DTLZ1 8 12 1.15E-1257E3) - 1.04E-1(1.10E-3) - 9.61E-2(5.25E-4) - 1.61E-1(1.18E-2) - 4. 78E-14.286-1) - 1.99E-1(2.25e-2) - 1.26E-1(1.48E-2) - 1.52e-2(28e-3)
10 14 1.15E-1u31e3) - 1.08E-1(1.50E-3) - 1.01E-15.01E4) - 1.68E-1(1.20E-2) - 1.40E-1(1.0261) - 1.92E-1a.83E-2) - 1.52E-1287E2) - 2.20e-2(3.3¢-3)
15 19 1.39E-1(1.41E-3) - 2.62E-1(6.19e-2) - 1.34E-1(1.17€-3) - 2.00E-12.76E-2) - 6.09E-1(9.50E-1) - 2.48E-1(8.41E-2) - 3.11E-1(153e-1) - 2.80e-2(4.6e-3)
3 12 5.59E-2(5.74E-4) - 5.72E-2(5.53€-4) - 7.92E-2(2.61E-3) - 4.70E-1(1.99E-2) - 1.81E-1(4.98e-2) - 5.78E-2(6.49e-4) - 5.77E-2(181E-3) - 9.52E-3(1.8E-3)
5 14 1.63E-1(1.00e-3) - 1.66E-1(.93e-4) - 1.90E-1(1.68E-3) - 1.65E-13.04E5) - 1.69E-1(6.53e4) - 1.68E-1(0.78E4) - 1.69E-1(1.18E-3) - 4.54E-3(2.0-4)
DTLZ 2 8 17  3.51E-1(2.36E-3) - 3.56E-1(2.03-3) - 3.60E-1(1.68e-3) - 4.18E-1(853€-2) - 3.44E-12.07E2) - 3.66E-1(2.34e-3) - 3.25E-1(2.07E-3) - 3.98e-3(1.8e-4)
10 19 3.98E-1(2.08e-3) - 4.15E-1(1.90E-3) - 4.23E-1(2.19-3) - 4.35E-1(6.45€-3) - 4.33E-1(3.30€-3) - 4.28E-1(4.66-3) - 4.31E-12.60E-3) - 2.32e-3(7.3¢-5)
15 24 5.77E-17.07e-3) - 6.12E-1(2.09€-3) - 6.03E-1(2.70E-3) - 6.71E-1(6.17e-2) - 7.83E-1(7.526-2) - 6.29E-1(2.00€-2) - 6.63E-1(1.10e-2) - 2.52e-3(4.7¢-5)
3 12 5.73E-2(1.05E-3) - 6.41E-2(2.73e-2) - 7.84E-2(3.16E-3) - 4.42E-1(3.39E-2) - 1.64E+1(7.51E+0)- 5.92E-2(6.55€-3) - 2.14E-1(7.4562) - 1.41E-2(1.4-3)
5 14 1.66E-1(1.91€-3) - 2.45E-1(9.39E-2) - 1.89E-1(1.65E-3) - 1.82E-13.49E3) - 1.15E+13.85E+0)- 3.35E-1(7.89E-2) - 5.06E-1(1.78-1) - 4.52E-3(2.0-4)
DTLZ3 8 17  3.56E-1(s.14E3) - 4.84E-1(5.03e-2) - 3.69E-1(1.44E-2) - 4.55E-11.196-1) - 1.03E+1(6.526+0) 2.25E+0(1.44E+0) 6.42E+0(3.37E+0)- 1.89e-3(4.5¢-5)
10 19 4.00E-1.94e-3) - 6.09E-1(387E-2) - 4.27E-1(5.62E-3) - 4.37E-1(5.48€E-3) - 4.98E+0(3.156+0)- 3.99E+0(2.30E+0)- 1.31E+1(8.98E+0)- 1.17e-3(2.0e-5)
15 24 5.81E-1(33e3) - 1.42E+0@.27E-1) - 6.22E-1(8.34E-3) - 8.01E-1(8.22e-2) - 6.46E+0(5.28E+0)- 9.22E+0(5.83E+0)- 4.91E+11.01+1)- 8.90e-4(2.2¢-5)
3 12 5.61E-2(.58e-4) - 5.73E-2(6.68E-4) - 2.45E-12.748-1) - 5.17E-1(9.85€-2) - 3.64E-1(1.80E1) - 5.78E-2(7.26-4) - 5.78E-2(1.33-3) - 5.07E-21.1E-2)
5 14 1.64E-1@.04e-3) - 1.66E-1(5.256-4) - 1.98E-1(4.08E-2) - 6.45E-1(857E-2) - 2.61E-1(1.43e1) - 1.70E-1(1.24€-3) - 1.69E-1(1.19€-3) - 7.12E-385€E-4)
DTLZ4 8 17  3.52E-1(1.46E-3) - 3.53E-1(1.20E3) - 3.63E-1(1.62E-2) - 7.72E-1(9.05E-2) - 3.79E-1(5.66E-2) - 3.69E-1(4.46E-3) - 3.46E-1(3.71E3) - 7.13e-3(4.8¢-4)
10 19 3.99E-1(108e-3) - 4.11E-1(1.29e-3) - 4.17E-1(1.30e-3) - 7.65E-1(8.20E2) - 4.49E-1(2.43e-2) - 4.39E-1(8.96€-3) - 4.62E-1(4.10e-3) - 2.57e-3(1.3e-4)
15 24 5.72E-1o1e-3) - 6.05E-1(3.25€-3) - 6.03E-1(1.06e-2) - 8.19E-1(2.38e-2) - 6.57E-1(2.57E-2) - 6.21E-1(1.23e-2) - 6.59E-1(9.19e-3) - 6.77e-4(2.9¢-5)
3 12 4.89E-3(1.28e-4)+ 5.03E-3(9.89e-5) + 1.09E-2(1.27e-3) - 3.13E-2(s.2e-3) + 5.12E-12.12e1) - 5.44E-32.21E-4) + 2.99E-2(3.46E-3) - 8.54E-3(6.6E-4)
5 14 9.02E-2(1.69e-2) - 9.72E-2(1.98-2) - 6.08E-2(1.00e-2) - 6.25E-2(1.30E-2) - 3.77E-1(1.54E2) - 1.13E-1(2.67€-2) - 2.02E-1(4.248-2) - 3.21E-4(1.6E5)
DTLZ5 8 17  1.75E-1(2.36E-2) - 2.71E-1(4.95e-2) - 1.21E-12.18e-2) - 1.23E-12.00E-2) - 5.57E-1(1.89E-1) - 3.13E-1.07e-2) - 4.43E-1(8.34e-2) - 2.49e-4(5.7¢-6)
10 19 2.04E-1@3.23€-2) - 3.36E-1(s.81E-2) - 1.48E-13.15e-2) - 1.63E-13.13e-2) - 4.91E-1(1.04E) - 3.97E-1(9.26E-2) - 6.75E-1(1.55e-1) - 1.79e-4(2.6-6)
15 24  3.53E-17.07e-2) - 4.97E-1(9.04e-2) - 1.64E-1(3.22€2) - 1.02E-1(2.00E-2) - 6.58E-1(1.69-1) - 5.29E-1(1.15€-1) - 9.39E-1(2.96E-1) - 2.71e-4(2.9¢-6)
3 12 4.84E-3(1.09E-4) - 4.92E-3(1.04E-4) - 1.07E-2(1.25€-3) - 5.98E-2(1.52e-2) - 6.45E-1(1.18e1) - 5.08E-3(1.50e-4) - 3.91E-2(8.74e-3) - 2.82E-4(5.9e-5)
5 14 1.47E-l@o3E-2) - 1.49E-1@4.74e-2) - 7.14E-2(1.18E2) - 9.32E-2(1.99E2) - 6.19E-1(8.32e-2) - 2.65E-1(4.63E-2) - 2.95E-1(9.84E2) - 3.08E-4(3.7e-5)
DTLZ6 8 17 2.77E-l@see-2) - 4.07E-1(1.47€1) - 2.14E-1(4.37E2) - 2.27TE-1(5.24e-2) - 8.40E-1(4.31E1) - 1.16E+0(.51E-1) - 8.82E-1(2.016-1) - 6.02e-4(6.1¢-5)
10 19 3.07E-1@ssE-2) - 4.69E-1(1.37€1) - 2.09E-1(364e-2) - 2.52E-1(7.25e-2) - 6.65E-1(1.18E1) - 1.43E+0(5.42E1) - 1.12E+0(1.84E-1) - 5.50e-43.0e-5)
15 24  4.86E-1usie) - 5.85E-1(2.00e-1) - 3.38E-1(2.50E-2) - 1.24E-1(2.70E-2) - 7.07E-1(7.3062) - 5.71E-1(3.50e-1) - 9.02E+0¢s.38E-1) - 9.69e-4(7.6e-5)
3 22  5.98E-2(1.48e-3) - 6.95E-2(5.27€-2) - 8.24E-2(7.77e-2) - 9.15E-2(6.18e-3) - 8.03E-1(4.39E1) - 7.42E-2(5.20e-2) - 9.53E-2(1.96E-3) - 1.40E-32.9e-4)
5 24 2.71E-1(19e-2) - 2.51E-1(5.56E-3) - 2.71E-12.65e-2) - 3.15E-1(2.61E-2) - 6.64E-1(4.04E-2) - 2.74E-1(5.88-3) - 3.56E-1(5.13e-3) - 1.53E-3(1.26-4)
DTLZ7 8 27  9.87E-1(1.00e-1) - 1.06E+0(1.77€-1) - 7.42E-12.00E-2) - 9.76E-1(1.226-1) - 1.23E+0(3.81E-2) - 7.32E-1(1.08E-2) - 1.24E+0(5.208-2) - 2.17e-3(9.9¢-5)
10 29 1.20E+0(1.38e-1) - 1.22E+0(1.88E-1) - 8.79E-1(5.94e-2) - 1.57E+028e-1) - 1.47E+0(4.08e-2) - 1.07E+0(2.98e-2) - 2.16E+0(5.17€2) - 1.97e-3(6.1¢-5)
15 34 3.51E+0(.90E-1) - 6.95E+0(2.03e+0)- 1.55E+0(3.47e-2) - 4.66E+0(6.6E-1) - 2.65E+0(1.43-1) - 2.74E+0.72E1) - 8.97E+0(6.69E-2) - 2.99e-3(7.2¢-5)
+/-/ = 1/34/0 1/34/0 0/35/0 1/34/0 0/35/0 1/34/0 0/35/0

The symbols “+”, “~” and “—” denote that the performance of the compared algorithm is statistically better than, equivalent to, and worse than DB-CSA.
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