2020 7th International Conference on Information, Cybernetics, and Computational Social Systems (ICCSS) | 978-1-7281-6246-1/20/$31.00 ©2020 IEEE | DOI: 10.1109/I1CCSS52145.2020.9336923

2020 International Conference on Information, Cybernetics,
and Computational Social Systems (ICCSS)

Bridge Connecting Multiobjetive and Multimodal:
A New Approach for Multiobjetive Optimization
via Multimodal Optimization

Zong-Gan Chen, Student Member, IEEE, Zhi-Hui Zhan (Corresponding Author), Senior Member,
IEEE, and Jun Zhang, Fellow, IEEE

Abstract—Multimodal optimization problem (MMOP)
and multiobjective optimization problem (MOP) are two
kinds of widely-studied problems in the optimization and
evolutionary computation (EC) community. Although the
MMOP and the MOP share a common characteristic that
they both require the EC algorithms to obtain a set of
solutions, this interesting relationship has not arisen
sufficient attentions in the EC research community. The two
branches of MMOP and MOP almost develop independently
in the EC community. In this paper, we make the first
attempt to fill the gap by building a bridge to connect the
MOP to the MMOP, with the following contributions. Firstly,
a novel and innovative idea is proposed to solve MOP by
connecting the MOP to the MMOP. Secondly, an example of
transformation method is illustrated to show the feasibility
of the bridge connecting the MOP to the MMOP. Thirdly,
experiments are conducted and the results show the
effectiveness of using MMOP algorithms to obtain solutions
that can be well mapped back to reflect the Pareto front of
the MOP. Last but not least, this new perspective on
connecting MOP to MMOP will inspire more diversity and
more efficient future works on the topic of deep researches
into both MMOP and MOP.

Keywords—Multiobjective optimization problem (MOP),
multimodal optimization problem (MMOP), evolutionary
computation (EC), bridge, transformation

1. INTRODUCTION

Multimodal optimization and multiobjective optimization
are two fast developing branches in evolutionary
computation (EC) community. The multimodal optimization
problem (MMOP) has several optima with the same fitness
value so that EC algorithms are required to find the global
optimal solutions as many as possible [1]. The multiobjective
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Fig. 1. Illustration of multiple global optimal solutions distribution on
MMOP and MOP. (a) Multiple global optimal solutions of MMOP. (b)
Mapping of multiple Pareto optimal solutions in objective space and
decision space.

optimization problem (MOP) has several objective functions
so that generally there does not exist a single solution that is
better than all the other solutions on all the objectives [2].
Therefore, the MOP requires the EC algorithms to find a set
of non-dominated solutions along the Pareto front (PF). Note
that the MOP with more than 3 objectives is also called
many-objective optimization problem (MaOP) [3].

The researches on MMOP and MOP are relative
independent during a long time. Generally speaking, the
researches on MMOP mainly focus on how to divide the
population into different niches so that each niche can locate
a promising region to find an optimal solution [4]-[6]. While
for the MOP, many researches focus on using Pareto-based
method [7], decomposition-based method [8], indicator-
based method [9], and/or multi-population-based method [2]
to generate, select, and push the solutions to approach the PF.

It is interesting that both MMOP and MOP are actually
multiple solutions problems. That is, both of them have
multiple solutions that can be regarded as the same important,
i.e., all can be regarded as global optimal solution. Fig. 1
gives the illustration. Fig. 1(a) is very easy to understand that
for a minimization MMOP, it has three global optima x;, x,,
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and x3. The left side of Fig. 1(b) shows the PF of an MOP.
Noted that the Pareto optimal solutions 4, B, C, and many
others along the PF are non-dominated with each other and
therefore they can be regarded as having the same fitness
value with respect to all objectives. The two objective
functions of the MOP are denoted as f; and f,, respectively.
We can define a new function G to combine f; and f; as

minG = ¢(f,, f5) ()

so that the G values of the solutions A’, B’, and C’ in the
decision space are the same and are all the global minima.
Herein the solutions 4°, B’, and C’ in the right side of Fig.
1(b) are corresponding to the Pareto optimal solutions 4, B,
and C in the left side of Fig. 1(b). If we only consider the
Pareto optimal solutions 4, B, and C in MOP, we can say
that this MOP also has three global optima x,, x,, and x;.

In this sense, we find a very interesting phenomenon that
the MMOP and MOP have some things in common and they
can be connected by a bridge. That is, as both the MMOP
and MOP aim to find multiple optimal solutions, the MMOP
algorithms may be useful for finding the Pareto optimal
solutions in MOP and the MOP algorithms may be
promising to help locate different global optima in MMOP.
In the literatures, we can only find some researches that
proposed to transform the MMOP into MOP and used MOP
algorithms to help solve the problem [10]-[15]. In the
transformation, a two-objectives MOP is commonly
formulated, where one objective is the original objective of
the MMOP and the other objective is usually defined as a
diversity indicator that helps the algorithm to spread the
population to search for more global optima [10]-[14].
However, these MOPs may not be the standard MOPs
because their objectives are not conflicting with each other.
Therefore, the research in [15] designed two conflicting
objectives in each dimension to form a set of MOPs. Our
previous work [16] further defined two conflicting objectives
for the MMOP to transform it to a standard MOP.

Although some works mentioned above have made
bridge somehow to connect the MMOP to the MOP,
however, as far as we know, there is still no work on the
research topic to make bridge to connect the MOP to the
MMOP. Therefore, this paper makes the first attempt to fill
this gap. That is, we give an example to transform an MOP
to an MMOP and propose to use EC-based MMOP
algorithms to solve the formed MMOP to obtain a set of
global optimal solutions. Then these global optimal solutions
to the MMOP are actually also the Pareto optimal solutions
to the MOP. This way, the original MOP is solved.

The contributions of our work include:

(1) As far as we know, our work is the first time to try to
make a bridge that connects the MOP to the MMOP.
This is a novel and innovative way to solve MOP.

(2) An example of transformation method is illustrated
to show the feasibility of the bridge connecting the
MOP to the MMOP.

(3) The transformed MMOP is well solved and the
obtained solutions are actually the corresponding
Pareto optimal solutions to the original MOP.
Significantly, these solutions are promising for the
original MOP when compared with the state-of-the-
art MOP algorithms.

978-1-7281-6246-1/20/$31.00 ©2020 IEEE

(4) This new perspective on connecting MOP to MMOP
has shown the effectiveness and will inspire more
diversity and more efficient future research works on
this topic.

The rest of the paper is organized as follows. Some
related works on both the MMOP and the MOP are reviewed
in Section II. Section III describes the transformation method
to make bridge connecting the MOP to the MMOP. Section
IV presents the experimental studies. In Section V,
conclusions of this paper and future work are given.

II.  RELATED WORKS ON MMOP AND MOP

A. Related Works on MMOP

As there are a number of global optima in the MMOP, it
requires the EC algorithms, e.g., the genetic algorithm (GA)
[17], particle swarm optimization (PSO) [18][19], estimation
of distribution algorithm [20], and/or differential evolution
(DE) [21][22], to obtain the global optima as many as
possible. For example, the species-based DE [5] and the
crowding-based DE [6] are the two classic niching-based EC
algorithms. However, the challenging issue of the speciation
and crowding niching methods is the high sensitivity of the
niche parameters such as the species radius and the crowding
size, which are very difficult to be configured. Therefore, Li
[23] proposed a parameter-free ring topology niching method
to design the R2PSO algorithm.

Recently, several powerful niching methods are proposed,
e.g., the affinity propagation clustering-based automatic
niching [24], the local binary operator-based niching [25],
and the distributed individuals for multiple peaks (DIMP)-
based niching [26].

B. Related Works on MOP

For the MOP, many researches focus on using the Pareto-
based method [7], decomposition-based method [8],
indicator-based method [9], and/or multi-population-based
method [2] to generate, select, and push the solutions to
approach the PF.

Firstly, as any two solutions to the MOP have different
values on different objectives, it is difficult to determine
which solution is better to survive into the next generation.
This brings a serious problem to EC algorithms because the
algorithms are driven by the fitness value according to the
“survive of fitness” natural selection principle. Therefore, the
Pareto-based method uses Pareto domination relationship to
determine the rank of solutions and to select those with better
ranks into the next generation to drive the evolution [7].

Secondly, as considering the multiple objectives is
difficult, the decomposition-based method dose not deal with
all the objectives simultancously, but uses weights to
decompose the MOP into a set of single-objective
optimization subproblems and solves these subproblems to
obtain the Pareto optimal solutions [8].

Moreover, as the purpose of MOP is to find a set of non-
dominated solutions along the PF, a promising method is to
use some indicators that can measure how the obtained
solutions approximate the PF. Therefore, the third popular
MOP method is the indicator-based method where the
diversity indicator and convergence indicator are always
used to help generate, select, and drive the solutions [9].
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Fig. 2. Illustration of bridge that connects MOP to MMOP. (a) The objective functions curves of the SCH MOP in the decision space. (b) Three Pareto
optimal solutions on the PF in the objective space. (c) Three aggregative functions whose global optima are corresponding to the three Pareto solutions in
(b). (d) The modifications of aggregative functions from (c). (¢) Combine the modified aggregative functions in (d) to obtain the MMOP. (f) The detailed

landscape of the MMOP.

Recently, the fourth MOP method based on multiple
populations for multiple objectives (MPMO) has gained
great successes and attentions in the EC community [2].
Under the MPMO framework, each objective of the MOP is
tackled with by a population, so that the selection difficulty
can be avoided because the solution fitness values of this
population are determined by its corresponding objective.
This not only makes the EC algorithm in each population
very easy to perform its evolutionary operators, but also is
beneficial to sufficiently search all the objectives space of the
whole MOP. Moreover, the MPMO framework also contains
an information share mechanism to share the information
among all the populations so as to approach the whole PF.
Due to the simple and easy implementation for each EC
algorithm in each population and the promising performance
in solving MOP, the MPMO framework has been widely
followed by researchers in EC community [27] and has been

extended to MaOP [3] and real-world MOP applications [28].

III. BRIDGE CONNECTING MOP TO MMOP

A. Relation Analysis between MOP and MMOP

To illustrate and analyze the relationship between MOP
and MMOP, a simple yet representative MOP named SCH
problem [7] is adopted, with the formulation as
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Fv) ={mi“f‘ () =7 @)

min £, (x) = (x —2)’
where x belongs to [-1000, 1000].

As shown in Fig. 2(a), the figures of f; and f, are two
parabolas. Moreover, the interval of [0, 2] is the Pareto
optimal solutions interval of this MOP. That is, any solution
in this interval is corresponding to a Pareto optimal solution
on the PF in the objective space. Fig. 2(b) shows the PF of
the SCH MOP and three Pareto optimal solutions.

Therefore, in this sense, all the Pareto optimal solutions
on the PF of Fig. 2(b) have their corresponding decision
variable x whose value is in the interval [0, 2] in Fig. 2(a). If
we can find out these x values in the decision space, the
Pareto optimal solutions in the objective space can thus be
found.

The Fig. 2(a) and (b) show three Pareto optimal solutions
x1=0, x,=1, and x;=2, which are corresponding to the Pareto
optimal solutions A4, B, and C on the PF. The objective values
(f1,./2) of 4, B, and C are (4, 0), (1, 1), and (0, 4), respectively.
In fact, according to the decomposition method [8], a Pareto
optimal solution on the PF is corresponding to the global
optimum of a decomposed single-objective problem which is
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the aggregation of the multiple objectives via a special
weight. Herein, similar to Eq. (1), we define three
aggregative functions as

g () =1x £,(x)+0x f,(x) = fi(x) =x° (3)
2,(x) =0.5x £,(x)+0.5% f,(x) = (x=1)> +1 4)

g(0) = 0x () +1x f,(x) = £,(x)=(x = 2)" ©)

The curves of these three functions are plotted in Fig.
2(c), clearly showing that the global optimal solutions of
them are x,=0, x,=1, and x;=2, respectively.

In order to construct the MMOP, we remove the constant
after completing the square of the function g, so as to obtain
a function g’. Note that the global optimal solutions of the
two functions g and g’ are the same. In this example, only
the g, in Eq. (4) needs to remove the constant 1 to become
&’ >(x)=(x—1)?, while g, and g; are the same as g’, and g’s,
respectively. This way, we can obtain the Fig. 2(d) with three
functions g’y, g’», and g’;.

At last, we can define an MMOP as
G(x) =min {g W(x), g (x), 8" (x)} (6)

whose curve is shown in Fig. 2(e) with three global optimal
solution x;=0, x,=1, and x;=2.

Moreover, in order to show the curve of the MMOP more
clearly, the figure is magnified to Fig. 2(f).

Therefore, the relation between the MOP F(x) and the
MMOP G(x) is illustrated in Fig. 2. The Fig.2 gives an
example that makes the bridge to connect the MOP in Eq. (2)
to the MMOP in Eq. (6).

B. Steps of Transforming MOP to MMOP

A more general transformation method for the MOP in
Eq. (2) to an MMOP is described in this subsection as the
following four steps.

Step 1: Determine a set of weights W={wy, w,, ... wg}.

Step 2: Using the set of weights to obtain a set of single-
objective functions as

8 (xX) = w, x () +(1=w;)x f5(x) (7

where 1<i<K.

Step 3: Complete the square of g; and remove the
constant to obtain g’,.

Step 4: Define the MMOP G(x) as

G(x)=min{g" (x)},Vi,1<i<K (8)

After the transformation, we can use any MMOP
algorithm to solve the transformed MMOP to obtain a set of
global optima. Herein, the number of global optima is the
same as K. Actually, these K global optimal solutions are all
the Pareto optimal solutions of the original MOP. In this
way, the original MOP is solved.

IV. EXPERIMENTAL STUDIES

A. Experimental Settings

The SCH problem is adopted as a case study in this paper.

The problem definition is shown in Eq. (2) and the PF is
shown in Fig. 2(b). To evaluate the algorithm, the inverted

978-1-7281-6246-1/20/$31.00 ©2020 IEEE

generational distance (IGD) metric is adopted to measure the
convergence and diversity of the solutions obtained by
different algorithms. The IGD value is calculated as

|P|
IGD(A,P) = W o

where A4 is the solutions set obtained by the algorithm and P
is the solutions set that uniformly sampled along the PF with
size |P|. The d(P;, A) is the Euclidean distance between the
solution P; and the solution in A4 that is nearest to P, A
smaller IGD value indicates that the obtained solutions in 4
are more closed to the PF and are better distributed along the
PF. Especially, if every P; is covered by 4, the IGD will have
the minimal value 0. Herein, as the Pareto optimal solution
interval of the SCH MOP is [0, 2], we sample 101 uniformly
distributed points along the PF to form the set P. That is,
x=(i—1)/50, 1<i<101, to form 101 solutions in the set P.

In order to evaluate the effectiveness of using MMOP
algorithm to solve the MMOP which is transformed from the
SCH MOP, a simple MMOP algorithm named R2PSO [23]
is adopted. The MMOP is formed by the transformation
method shown in Section III. Note that different K values
will result in different MMOPs with different number of
global optima. In this experiment, we test 4 types of K values,
including a small value K=11, two medium values k=101
and K=201, and a large value K=501. When K=11, 101, 201,
and 501, the weights are set as W={0, 0.1, 0.2, ...0.9, 1},
w={0, 0.01, 0.02, ...0.99, 1}, W={0, 0.005, 0.01, ...0.995,
1}, and W={0, 0.002, 0.004, ...0.998, 1}, respectively. The
parameters of R2PSO are set the same as the proposals in its
original paper [23], with the population size 500.

The MMOP algorithm R2PSO is compared with the
state-of-the-art MOP algorithm NSGA-II [7]. The parameters
of NSGA-II are also set the same as the proposals in its
original paper [7], with the population size 100. However, as
the R2PSO uses population size 500, the NSGA-II is also
tested with population size 500.

To make the comparisons fair, all the algorithms use the
same maximum fitness evaluations (MaxFEs) budget as
200000. All the algorithms run 10 times independently.

B. Experimental Results

The experimental results are compared in Table 1. The
detailed IGD results of all the 10 runs together with their best,
worst, mean (average), and median values are presented and
compared. The results show that the MMOP algorithm
R2PSO has promising performance to obtain solutions that
can map back to the original MOP with very good IGD value.
Moreover, the results obtained by R2PSO on the MMOP
with k=101 have the best mean and median IGD values.
Particularly, the best IGD value among its 10 runs reaches
the E—4 level while all the IGD values of all the algorithms
in all the runs are on E-3 or E-2 levels. The reason may be
that a larger K value forms an MMOP with more global
optima, which has two kinds of influences. On the one hand,
the MMOP is with more global optima so that the obtained
solutions can approximate the true PF with more diversity
and more convergence. For example, the R2PSO solves the
MMOP with K=101 global optimal can results in better IGD
value than that it solves the MMOP with only K=11 global
optimal. However, this will happen only if the MMOP
algorithm is powerful enough to obtain the more global
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TABLE I
THE IGD RESULTS OF MOP ALGORITHM AND MMOP ALGORITHM
NSGA-II R2PSO
Run
Pop Size =100 Pop Size =500 K=11 K=101 K=201 K=501
1 1.766E-02 3.651E-03 1.940E-02 1.721E-03 4.796E-03 7.540E-03
2 1.649E-02 3.520E-03 1.887E-02 1.889E-03 5.044E-03 7.236E-03
3 1.613E-02 3.522E-03 1.970E-02 7.183E-04 4.395E-03 8.016E-03
4 1.689E-02 3.482E-03 1.744E-02 1.153E-03 3.898E-03 7.703E-03
5 1.570E-02 3.337E-03 1.631E-02 1.679E-03 6.084E-03 7.976E-03
6 1.962E-02 3.649E-03 2.342E-02 1.759E-03 5.751E-03 8.031E-03
7 1.744E-02 3.837E-03 1.866E-02 7.765E-04 5.337E-03 1.144E-02
8 1.608E-02 3.536E-03 2.061E-02 3.535E-03 6.384E-03 8.626E-03
9 1.704E-02 3.443E-03 2.334E-02 3.810E-03 4311E-03 8.437E-03
10 1.836E-02 3.322E-03 2.412E-02 4.466E-03 6.177E-03 7.172E-03
Best 1.570E-02 3.322E-03 1.631E-02 7.183E-04 3.898E-03 7.172E-03
Worst 1.962E-02 3.837E-03 2.412E-02 4.466E-03 6.384E-03 1.144E-02
Mean 1.714E-02 3.530E-03 2.019E-02 2.151E-03 5.218E-03 8.218E-03
Median 1.697E-02 3.521E-03 1.955E-02 1.740E-03 5.191E-03 7.996E-03
optima. Otherwise, on the other hand, the large K value will Lo T T o Land
. 1! n
cause that the transformed MMOP is too complex and too
difficult for solving. In this situation, the MMOP algorithm 038+ g
performs poorly to obtain enough global optimal solutions of
the complex MMOP, and at last makes the results mapping 06 i
back to the MOP with poor IGD value. Therefore, a very g
large K value, e.g., K=201 and K=501 will make R2PSO S |
result in poor IGD value than that of a medium value like '
K=101.
0.2 4 4
Nevertheless, the R2PSO  algorithm  generally
outperforms the original NSGA-II algorithms with 0o |
population size set to 100. Only when solving the MMOP M o i 5 3

with K=11 global optima, R2PSO obtains slightly worse IGD
value than that of NSGA-II. To show a fairer comparison,
the results obtained by NSGA-II upgraded with population
size of 500 are also presented. The results show that R2PSO
solving the MMOP with K=101 global optima still obtains
better results than that of NSGA-II. The R2PSO performs
better than NSGA-II in terms of best IGD value, mean IGD
value, and median IGD value.

Therefore, the transformation of MOP to MMOP and
then using MMOP algorithm to solve the problem is a
feasible and effective new approach to solve the MOP.

C. Results Visulization

In order to show the final results obtained by the R2PSO
algorithm on the MMOP landscape and the MOP objective
space, the results are visualized in this subsection. The
results of the best run obtained by R2PSO when solving the
MMOP with k=101 global optimal are adopted.

On the one hand, the final population of R2PSO on the
MMOP landscape is shown in Fig. 3. The figure shows that
the final population and the found solutions have already
located all the optimal regions. On the other hand, the results
mapped back to the objective space of the MOP are plotted
in Fig. 4. The figure shows that the obtained solutions also
cover the PF of the original MOP. From these two figures,
we can see that the solutions obtained by MMOP algorithms
can well approach the PF of the MOP, which validates the
feasibility of the bridge connecting MOP to MMOP.
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Fig. 4. Final results of R2PSO on MOP objective space.

V. CONCLUSION

This paper proposes a transformation method to make a
bridge to connect the MOP to the MMOP, which presents a
new idea and perspective to the researches into MOP.
Although we have made relation analyses and discussions on
the MOP and the MMOP in this paper and also given an
example to transform the SCH MOP to an MMOP, there are
still many open problems that can be considered in the future
researches.
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Firstly, although the common characteristic on “multiple
global optima” of MMOP and MOP is intuitive, are there
any theories that can guarantee their relation? This is a
fundamental and interesting research direction.

Secondly, although this paper gives a case study on the
SCH MOP, is the transformation method on this MOP also
suitable for other MOPs? Or how to design a general
transformation method that can be used on various kinds of
MOPs is still a challenging research topic.

Thirdly, it is also remarkable to note that the number of
global optima in MMOP is always countable, i.e., discrete.
However, the actual PF of MOP is always continuous and
therefore the number of Pareto optimal solutions is
uncountable. So how this difference can be considered
during the transformation? For example, the value of K in
our work to indicate the number of weights (i.e., aggregative
functions) indeed influences the complexity of the
transformed MMOP and the performance of the MMOP
algorithm. Therefore, this is also a meaningful research
direction.

Last but not least, more MOPs can be tested to further
evaluate the feasibility and effectiveness of the idea of
connecting MOP to MMOP. Moreover, more well-
performing MMOP algorithms like the dual-strategy DE
(DSDE) [1], automatic niching DE (ANDE) [24], local
binary operator-based adaptive DE (LBPADE) [25], and
distributed individuals-based DE (DIDE) [26] can be
adopted to obtain more promising solutions to the
transformed MMOP, so that we can further compare them
with the other well-performing MOP algorithms to further
evaluate the efficiency and advantages of the idea of
connecting MOP to MMOP.

In summary, this paper opens a new research idea of
connecting the multiobjective optimization to the multimodal
optimization, and has gained some promising results on a
case study. In the future work, topics include the theoretical
analyses, general transformation method, complexity control,
and further performance promotion and evaluation are
worthy of wide and deep research.

REFERENCES

[11 Z.J. Wang, et al., “Dual-strategy differential evolution with affinity
propagation clustering for multimodal optimization problems,” /EEE
Trans. Evol. Comput., vol. 22, no. 6, pp. 894-908, Dec. 2018.

[2] Z. H. Zhan, J. Li, J. Cao, J. Zhang, H. S. Chung, and Y. Shi,
“Multiple populations for multiple objectives: A coevolutionary
technique for solving multiobjective optimization problems,” [EEE
Trans. Cybern., vol. 43, no. 2, pp. 445-463, Apr. 2013.

[31 X. F. Liu, Z. H. Zhan, Y. Gao, J. Zhang, S. Kwong, and J. Zhang,
“Coevolutionary particle swarm optimization with bottleneck
objective learning strategy for many-objective optimization,” [EEE
Trans. Evol. Comput., vol. 23, no. 4, pp. 587-602, Aug. 2019.

[4] J. P. Li, M. E. Balazs, G. T. Parks, and P. J. Clarkson, “A species
conserving genetic algorithm for multimodal function optimization,”
Evol. Comput., vol. 10, no. 3, pp. 207-234, Sept. 2002.

[5] X. Li, “Efficient differential evolution using speciation for
multimodal function optimization,” in Proc. Conf. Genet. Evol.
Comput., 2005, pp. 873—-880.

[6] R. Thomsen, “Multimodal optimization using crowding-based
differential evolution,” in Proc. IEEE Congr. Evol. Comput., 2004,
pp. 1382-1389.

[7] K. Deb, A. Pratap, S. Agarwal, and T. Meyarivan, “A fast and elitist
multiobjective genetic algorithm: NSGA-IL” [EEE Trans. Evol.
Comput., vol. 6, no. 2, pp. 182-197, Apr. 2002.

978-1-7281-6246-1/20/$31.00 ©2020 IEEE

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

Q. Zhang and H. Li, “MOEA/D: A multi-objective evolutionary
algorithm based on decomposition,” /EEE Trans. Evol. Comput., vol.
11, no. 6, pp. 712-731, Dec. 2007

Y. Tian, R. Cheng, X. Zhang, F. Cheng, and Y. Jin, “An indicator-
based multiobjective evolutionary algorithm with reference point
adaptation for better versatility,” IEEE Trans. Evol. Comput., vol. 22,
no. 4, pp. 609-622, Aug. 2018.

J. Yao, N. Kharma, and P. Grogono, “Bi-objective multipopulation
genetic algorithm for multimodal function optimization,” [EEE
Trans. Evol. Comput., vol. 14, no. 1, pp. 80102, Feb. 2010.

K. Deb and A. Saha, “Multimodal optimization using a bi-objective
evolutionary algorithm,” Evol. Comput., vol. 20, no. 1, pp. 27-62,
Mar. 2012.

S. Bandaru and K. Deb, “A parameterless-niching-assisted bi-
objective approach to multimodal optimization,” in Proc. I[EEE
Congr. Evol. Comput., 2013, pp. 95-102.

A. Basak, S. Das, and K. C. Tan, “Multimodal optimization using a
biobjective differential evolution algorithm enhanced with mean
distance-based selection,” IEEE Trans. Evol. Comput., vol. 17, no. 5,
pp. 666—685, Oct. 2013.

R. Cheng, M. Li, K. Li, and X. Yao, “Evolutionary multiobjective
optimization based multimodal optimization: fitness landscape
approximation and peak detection,” IEEE Trans. Evol. Comput., vol.
22, no. 5, pp. 692-706, Oct. 2018.

Y. Wang, H. X. Li, G. G. Yen, and W. Song, “MOMMOP:
Multiobjective optimization for locating multiple optimal solutions
of multimodal optimization problems,” IEEE Trans. Cybern., vol. 45,
no. 4, pp. 830-843, Apr. 2015.

J. Y. Ji, W. J. Yu, W. N. Chen, Z. H. Zhan, and J. Zhang, “Solving
multimodal optimization problems through a multiobjective
optimization approach,” in Proc. Seventh Int. Conf. Info. Sci. and
Techno., 2017, pp. 2390-2395.

J. Y. Li, Z. H. Zhan, C. Wang, H. Jin, and J. Zhang, “Boosting data-
driven evolutionary algorithm with localized data generation,” I[EEE
Trans. Evol. Comput., vol. 24, no. 5, pp. 923-937, Oct. 2020.

Z.J. Wang, Z. H. Zhan, S. Kwong, H. Jin, and J. Zhang, “Adaptive
granularity learning distributed particle swarm optimization for
large-scale optimization,” [EEE Trans. Cybern., to be published, doi:
10.1109/TCYB.2020. 2977956.

X. Zhang, K. J. Du, Z. H. Zhan, S. Kwong, T. L. Gu, and J. Zhang,
“Cooperative coevolutionary bare-bones particle swarm optimization
with function independent decomposition for large-scale supply
chain network design with uncertainties,” /[EEE Trans. Cybern., vol.
50, no. 10, pp. 44544468, Oct. 2020.

Z. G. Chen, Y. Lin, Y. J. Gong, Z. H. Zhan, and J. Zhang,
“Maximizing lifetime of range-adjustable wireless-sensor networks:
a neighborhood-based estimation of distribution algorithm,” [EEE
Trans. Cybern., to be published, doi: 10.1109/TCYB.2020.2977858.
Z. H. Zhan, et al., “Cloudde: A heterogeneous differential evolution
algorithm and its distributed cloud version,” IEEE Trans. Parallel
and Dist. Syst., vol. 28, no. 3, pp. 704716, Mar. 2017.

Z. H. Zhan, Z. J. Wang, H. Jin, and J. Zhang, “Adaptive distributed
differential evolution,” /EEE Trans. Cybern., vol. 50, no. 11, pp.
4633-4647, Nov. 2020.

X. Li, “Niching without niching parameters: particle swarm
optimization using a ring topology,” IEEE Trans. Evol. Comput., vol.
14, no. 1, pp. 150-169, Feb. 2010.

Z. J. Wang, et al., “Automatic niching differential evolution with
contour prediction approach for multimodal optimization problems,”
IEEE Trans. Evol. Comput., vol. 24, no. 1, pp. 114-128, Feb. 2020.
H. Zhao, et al., “Local binary pattern based adaptive differential
evolution for multimodal optimization problems”, [EEE Trans.
Cybern., vol. 50, no. 7, pp. 3343-3357, July 2020.

Z. G. Chen, Z. H. Zhan, H. Wang, and J. Zhang, “Distributed
individuals for multiple peaks: A novel differential evolution for
multimodal optimization problems,” /IEEE Trans. Evol. Comput., vol.
24, no. 4, pp. 708-719, Aug. 2020.

L. Zhang et al., “Cooperative artificial bee colony algorithm with
multiple populations for interval multiobjective optimization
problems,” IEEE Trans. Fuzzy Syst., vol. 27, no. 5, pp. 1052—1065,
May 2019.

Z. G. Chen et al., “Multiobjective cloud workflow scheduling: a
multiple populations ant colony system approach,” [EEE Trans.
Cybern., vol. 49, no. 8, pp. 2912-2926, Aug. 2019.

468
Authorized licensed use limited to: Hanyang University. Downloaded on November 16,2023 at 00:11:47 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


