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Abstract—This paper proposes a new constraint handling
method named Angle-based Constrained Dominance Principle
(ACDP). Unlike the original Constrained Dominance Principle
(CDP), this approach adopts the angle information of the
objective functions to enhance the population’s diversity in
the infeasible region. To be more specific, given two infeasible
solutions, if the angle of the solutions is greater than a given
threshold, they are considered to be non-dominated by each other.
For a feasible solution and an infeasible solution, if the angle of
the solutions is less than a given threshold, the feasible solution is
better, otherwise they are non-dominated. To verify the proposed
constraint handling approach ACDP, eight test problems CMOP1
to CMOPS are introduced. The suggested algorithm MOEA/D-
ACDP is compared with MOEA/D-CDP and NSGA-II-CDP on
CMOP1 to CMOPS. The experimental results demonstrate that
ACDP performs better than CDP in the framework of MOEA/D,
and MOEA/D-ACDP is significantly better than NSGA-II-CDP,
especially on the test instances with the very low ratio of feasible
region against the whole objective space.

Index Terms—Constraint-handling Techniques, Constrained
Multi-objective Optimization.

I. INTRODUCTION

Constrained  Multi-objective ~ Optimization  Problems
(CMOPs) involve more than one conflicting objectives to be
optimized and many constraints to be fulfilled simultaneously.
In the real world, most of engineering optimization problems
can be formulated as CMOPs [1]. Without loss of generality,
a CMOP can be defined as follows [2]:

minimize F(z) = (f1(x), ..., fm(z))" (1)
hj(x) =0,j=1,....p
ARY)

where F(z) = (fi(z), f2(z),..., fm(z))T € R™ is a m-
dimensional objective vector, g;(x) > 0 defines ¢ inequality

subject to
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constraints, and hj(x) = 0 defines p equality constraints.
x = (x1,22,... ,xn)T € R™ represents a n-dimensional
decision vector. Q = [, [a;, b;] € R™ denotes the domain
of . A solution z is said to be feasible if it meets g;(x) >
0,i=1,...,qand hj(z) =0,j =1,...,p at the same time.
In CMOPs, there are more than one constraint functions. In
order to evaluate the violation of the constraint functions, an
overall constraint violation are adopted. The overall constraint
violation can be defined as follows:

vio(x) = Z [min(gi(z),0)| + Z [hj(x)] @

If vio(x) equals to zero, solution z is a feasible solution,
otherwise it is an infeasible solution.

Generally, constrained multi-objective evolutionary algo-
rithms (CMOEAs) consist of two parts. One part is to op-
timize objective functions and the other part is to handle
the constraint functions. CMOEAs have been recognized as
a promising method to solve CMOPs due to its population-
based property, and its ability to achieve an approximation of
the Pareto front in a single run.

The existing multi-objective evolutionary algorithms
(MOEAs) can be classified into three categories. They are
dominance-based, decomposition-based and indicator-based
ones. In the dominance-based methods, a solution is selected
to enter into next generation according to its non-dominated
rank. Typical methods include NSGA-II [3], SPEA-II [4],
and PAES-II [5]. In the indicator-based selection category,
a solution is selected into next generation according to
its contribution to the performance metrics. Representative
methods include IBEA [6], R2-IBEA [7] and HypE [8]. In the
decomposition-based methods, a solution is selected into the
next generation based on the value of aggregation functions.
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Representative methods include IMMOGLS [9], MOEA/D
[10] and MOEA/D-DE [11].

Constraint-handling techniques have the capability to bal-
ance the objective functions and the constraint functions. The
existing constraint-handling mechanisms can be categorized
into four groups [12], they are feasibility maintenance, penalty
function, separation of constraint violation and objective value,
and MOEAs. In the group of feasibility maintenance, special
encoding and decoding techniques are adopted to limit the
search in the feasible region. In the group of penalty function,
the constraints are added to the objectives with predefined or
adaptive controlled weights which indicate a preference be-
tween the overall constraint violation and objective value. Typ-
ical methods of penalty function include segregated penalty
functions [13], death penalty functions [14], co-evolutionary
penalty functions [15] and adaptive penalty functions [16][17].
Even though the penalty function methods are very popular,
the penalty weights are problem-dependent and difficult to
tune. Unlike the penalty function approach, the method of
separating constraint violation and objective value treats the
objective functions and constraint functions separately. The
parameters of this method are relatively easy to tune. Typical
methods include stochastic ranking (SR) [18], infeasible driven
evolutionary algorithm (IDEA) [19], constraint dominate prin-
ciple (CDP) [20] and epsilon constraint methods [21]. In the
group of MOEAs, the constraint-handling technique treats &
constraints as k objectives, or the total constraint violation
as one objective. Typical methods of this category include
COMOGA [22], CW [23] and ATMES [24].

The rest of this paper is organized as follows. Section II
introduces the constraint-handling techniques of angle-based
constraint-dominance principle. Section III introduces a set of
constrained multi-objective optimization problems (CMOPs).
Section IV gives the experimental results of MOEA/D-ACDP,
MOEA/D-CDP and NSGA-II-CDP, and Section V concludes
the paper.

II. ANGLE-BASED CONSTRAINED DOMINANCE PRINCIPLE

Constraint dominance principle (CDP) is proposed by Deb
[20]. It is a popular and widely used constraint-handling
approach. The constraint-handling approach of CDP is defined
as follows:

A solution z? is said to constrained-dominate a solution 7,
if any of the following conditions is true.

1) Solution z* is feasible and solution z7 is infeasible.

2) Solution z* and 27 are both infeasible, but solution z°
has a smaller constraint violation than solution z7.

3) Solution z* and z7 are both feasible and solution z*
dominates z7.

This constrained-domination principle has the effect that any
feasible solutions is better than any infeasible solutions. How-
ever, this constraint-handling technique may neglect many
infeasible solutions which have the potential to improve the
population’s diversity. Fig. 1 shows the effect of the first rule
of CDP on the selection procedure in MOEAS.
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Fig. 1. The effect of the first rule of CDP, an illustrative example

In Fig. 1(a), solutions in the shadow region are feasible, and
the solid cubes are representative points in the Pareto front.
There are seven solutions in the objective space. Solution x4
is feasible and the rest of solutions are infeasible. According
to the first rule of CDP, solution z* is always better than the
other six solutions. After several generations of evolution, six
infeasible solutions will be eliminated by solution z* as shown
in Fig. 1(b).

Fig. 2 shows the effect of the second rule of CDP on
the selection procedure in CMOEAs. In Fig. 2(a), all of
solutions are infeasible and solution z# has the smallest overall
constraint violation. The second rule of CDP prefers solution
2* than other six solutions. Solution 2* will eliminate all other
solutions after several generations of evolution as shown in
Fig. 2(b).
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Fig. 2. The effect of the second rule of CDP, an illustrative example

The first two rules of CDP focus on pushing the infeasible
solutions into the feasible region. However, it ignores to
maintain the population’s diversity. If all of the solutions are
infeasible, the fitness of the solutions is decided only by the
overall constraint violation, which literally converts the CMOP
into a single objective optimization problem in the infeasible
region. If some solutions are feasible, it starts to enhance the
diversity of the population by using the third rule of CDP.
However, for the CMOPs with low ratio of feasible solutions in
the objective space, it is very difficult to expand the population
and increase its diversity of the population.

In order to improve the population’s diversity, an angle-
based constrained-domination principle (ACDP) is proposed.
This constraint-handling method adds an angle constraint to
the original CDP. The angle constraint function is defined as
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follows: f £

é 2 3 5 2.3
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where F(2%) and F(z7) is the normalized objective vector of
2’ and z/ respectively, 0; ; is a parameter defined by users.
The k — th individual objective function is normalized as:
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— fk (:z:) Fig. 4. The effect of the second rule of ACDP, an illustrative example

fr(z) = ST () “4)

Algorithm:MOEA/D-ACDP

The constraint-handling approach of ACDP is defined as Input:

follows: A solution z¢ is said to angle-dominate a solution 7, 1) a CMOP and a stopping criterion.
if any of the following conditions is true. 2) N: the number of subproblems.

. . 3) a set of of N weight vectors: AL,... AN,
1) Solution z* is feasible and solution z7 is infeasible and 4) T: the size of the neighborhood.
they satisfy‘the conspraint function of formula (3) . 5) f: the DE parameter.
2) Solution z" and x’ are both infeasible and satisfy 6) §: the probability of selecting parents from the
formula (3), but solution 2" has a smaller constraint neighborhood.
violation than solution z7. ' 7) n,: the maximal number of solutions replaced by
3) Solution z* and 2’ are both feasible and solution x* a child.
dominates 7. 8) #: the parameter of ACDP.
Fig. 3 shows the effect of the first rule of ACDP, which uses Output: A set of non-dominated feasible solutions NS’
angle information to keep the population’s diversity. In Fig. Step 1: Initialization:
3(a), the feasible solution =2 will not dominance solution z' a) Decompose the CMOP into /N subproblems asso-
or z3 if the angle #% or 67 is greater than an user-defined ciated with A!,... AN,
parameter 6. The first rule of ACDP enhances the population’s b) Generate an initial population P = {z!,... 2™}.
diversity as shown in Fig. 3(b). c) Initialize z* = (z1,...,2,) by setting z; =

minj<;<n f;(z) and set NS = P.
e) Compute the Euclidean distance between any two

k fl weight vectors and obtain 7" closest weight vectors
i 1 o to each weight vector. For each 7 =1,..., N, set
U.\.L..LLH - M T B = 14 : i in

e M o (1) = {21,:..,ZT}, where A't,... \'T are the
Pareto f;/om Qj e Pareto ,;én UC“ o T closest weight vectors to \*.
o JJJ ‘ Step 2: Population update
,//‘_", . g Fori=1,...,N, do
Feasible region || Feasible region ':[\ a) Generate a random number r from [0, 1]. If r <
Sk — 5,8 = B(i), else S = {1,...,N}

(a) Initial population (b) Evolved population b) Set r; =4 and randomly select two indexes from

Fig. 3. The effect of the first rule of ACDP, an illustrative example S, and generate yi =x"t + f * (x7’2 —x"s )

¢) Perform a mutation operator on y*, and repair y*.

Fig. 4 shows the effect of the second rule of ACDP. In Fig. d) Update 2*, Foreach j =1,...,m, if 25 > f; "),
4(a), the angles of any two peer individuals are greater than then set 27 = f; ")
an user-defined parameter 6. According to the second rule of e) Update of Solutions: Set ¢ = 0 and then do the
ACDP, all of individuals are non-dominated. The second rule following:
of ACDP also helps to increase the population’s diversity as 1) If c =n, or S is empty, go to Step3. Ohter-
shown in Fig. 4(b). wise, select an index j from S randomly.

In order to integrate the angle-based constraint dominance 2.1) It W'O(Z/Z) == vio(z’ )_and Q(ylp\] ,2%) <

principle in the framework of MOEA/D, the third rule of g(x?|N,2"), then setx? = y* and c = c+1.
ACDP can be transformed as follows: Solution z* and z’ 2.2) Ifvio(y') < wvio(z”) and c(y*,2’) < 0, then
are both feasible and g(z|\,z*) is less than g(z7|\,z*). setx) =y"and c=c+ 1.

g(z|A, z*) is an aggregation function defined in [10]. The 3) Remove j from S and go to 1).

algorithm works as follows. f) Set NS = P.

Step 3: Termination If stopping criteria are satisfied,
output VS. Otherwise, go to Step 2.
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III. TEST PROBLEMS

Most of the existing CMOPs (e.g. CTP [25] and CF [26])
have high ratio of feasible solutions (RFS) in the objective
space. These test instances can not verify the effectiveness
of the proposed constraint-handling technique ACDP. Because
ACDRP is specifically designed to solve CMOPs with low RFS.
In order to verify the constraint-handling method ACDP, we
select eight test instances from our earlier work [27]. The
detail formulas are listed in Table I.

In the eight test problems, four test instances CMOP3-
CMOP6 have a low ratio of feasible solutions in the objective
space, and the rest of test problems CMOP1-CMOP2 and
CMOP7-CMOPS have a high ratio of feasible solutions in the
objective space. The aim of the proposed constraint-handling
technique ACDP is to enhance the population’s diversity in the
infeasible area. Test instances CMOP3-CMOP6 will help to
verify the effectiveness of the proposed ACDP. Test instances
CMOPI1-2 and CMOP7-8 will help to verify the superiority of
ACDP against CDP.

IV. EXPERIMENTAL STUDY
A. Experimental Settings

To verify the effectiveness of ACDP, two popular algorithms
(i.e., MOEA/D-CDP and NSGA-II-CDP) are adopted in our
experiments. The parameter settings are defined as follows:

1) Setting for reproduction operators: The mutation proba-
bility Pm = 1/n (n is the number of decision variables)
and its distribution index is set to be 20. For the DE
operator, we set CR = 1.0 and f =0.5 .

2) Population size: N = 300.

3) Number of runs and stopping condition: Each algorithm
runs 30 times independently on each test problems. The
algorithm stops until 300 000 function evaluations.

4) Neighborhood size: T = 20.

5) Probability used to select in the neighbourhood: § = 0.9.

6) The maximal number of solutions replaced by a child:
n, = 2.

7) The angle constraint parameter: ¢ = %0.571’

B. Performance Metric

To compare the performance of MOEA/D-CDP, MOEA/D-
ACDP and NSGA-II-CDP, two popular metrics - inverted gen-
eration distance (/G D)[28] and relative hypervolume indicator
(I;7) [29] are adopted. The definitions of /GD and I, are
given as follows:

o Inverted Generational Distance (IGD):

IGD(P*, A) = 723'“(;*?@ -

)
Y (v — i)}

where P* is the set of representative points in the true
Pareto front, A is an approximate Pareto front set achieved by
algorithms. /G D metric denotes the distance between P* and
A, the smaller value of /G D indicates the better performance
of both convergence and diversity.

d(y*, A) = mi
(y", A) = min{
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¢ Relative Hypervolume Indicator (/,):
I (A, P*R)=1g(P*,R) — Iu(A,R)
In(P*, R) = Volyep-(v) ©)
Iy (A, R) = Volyea(v)

where 7 (P*, R) is defined as the volume enclosed by P* and
the reference vector R = (R1,..., Ry,). Iu(A, R) is defined
as the volume enclosed by A and the reference vector R.
I;; simultaneously considers the distribution of the obtained
Pareto front A and its vicinity to the true Pareto front. For
CMOPI1-2 and CMOP7-8, the reference point R is set to
(1.2,1.2)T. For CMOP3-CMOPS, R is set to (1.6,1.6)7. The
smaller value of I, represents the better performance of both
diversity and convergence.

C. Experimental Results and Discussions

Table II and Table III show the mean values of /GD and
I;; calculated by MOEA/D-CDP and MOEA/D-ACDP. The
Wilcoxon’s rank sum test values of IGD and I are set
at 0.05 significant level. For test instances CMOP3-CMOP6,
MOEA/D-ACDP is significantly better than MOEA/D-CDP.
For the rest of test problems CMOPI-2 and CMOP7-8,
MOEA/D-CDP and MOEA/D-ACDP have no significant dif-
ference on these two metrics. Fig. 5 shows the populations
with the best /GD metrics among 30 independent running
using MOEA/D-CDP and MOEA/D-ACDP. It can be observed
that MOEA/D-ACDP has the better approximation of Pareto
front than MOEA/D-CDP on test instances CMOP3,CMOP5
and CMOP6. For the rest of test problems, MOEA/D-CDP
and MOEA/D-ACDP have similar approximation of Pareto
front. The above experimental results verify that the proposed
constraint-handling method ACDP is very effective in the
framework of MOEA/D. It significantly increases the perfor-
mance of population’s diversity, especially for the CMOPs
which have low ratio of feasible solutions.

Table IV and Table V show the statistic results of /G D
and I;; metrics achieved by NSGA-II-CDP and MOEA/D-
ACDP. The Wilcoxon’s rank sum test values of /GD and I,
are also set at 0.05 significant level. It can be observed that
MOEA/D-ACDP is significantly better than NSGA-II-CDP on
most of test instances in terms of /G D metric except CMOP7.
On CMOP7, the mean value of /G D of MOEA/D-ACDP is
still better than that of NSGA-II-CDP. In terms of I; metric,
MOEA/D-ACDP is significantly better than NSGA-II-CDP
on all of test instances. Fig. 6 shows the populations with
the best /GD metrics among 30 independent running using
NSGA-II-CDP. It is clear that MOEA/D-ACDP has the better
approximation of Pareto front than NSGA-II-CDP on all of
test instances.

Fig. 7 shows the box plots of IGD and I values in 30
independent running by using MOEA/D-ACDP, MOEA/D-
CDP and NSGA-II-CDP. It is clear that MOEA/D-ACDP has
the smaller mean values of /GD on most of test problems
than NSGA-II-CDP except CMOP7, and it has the smaller
mean values of I;; on all of test problems than NSGA-II-CDP.
MOEA/D-ACDP has the smaller mean IGD and I,; values
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TABLE I
CMOP1-CMOPS8 TEST PROBLEMS

Name Objective Functions Constraint Functions and Parameters Geometry of PF RFS
fi(z) = z1 + g1(2)
fa(z) =1—22 + ga(z) c(x) = sin(arz1) —0.5>0
. e 2 Zofala .
CMOPI1 g1(z) = Z (xj — sin(0.5mz1)) gl {Jlj 1s odd and 2 < j .S n} disconnect and concave high
j€I Jo ={j|jisevenand 2 < j < n}
g2(z) = Z (x5 — cos(0.5mx1))? a=20,n=30,z; € [0,1]
JjEJ2
fi(z) =21+ g1(x)
fao(z) =1 — \/z1 + g2(x) i c¢(x) = sin(arz1) —0.5>0
CMOP2 g1(x) = Z (x; — sin(0.5mx1)) i = {JU s odd and 2 < j .S n} disconnect and convex high
JEJL Jo ={jljisevenand 2 < j <n}
g2(z) = Z (zj — cos(0.5mx1))? a=20,n=30,z; € [0,1]
JjeJ2
r) =71+ g1(®
n(@ =ot g1(@) e1() = (a — g1(2)) * (g1(2) — b) > 0
f2(x) z1 + g2(x) _ »S o0
(z) _ Z (z _ Sin(o 5ra ))2 (:C) - (a - gQ(z)) (gg(x) - ) =
CMOP3 gilT) = =~ J OTEL J1 = {j|j is odd and 2 < j < n} concave low
S Jo = {jljisevenand 2 < j < n}
2 2 J17 >7 >
92(z) = ZJ (zj — cos(0.5m21)) a=051,b=05mn=30,z; €0,1]
JEJ2 ’
Tr) =x1 + x
YRR 1(2) = (0 — g1(@)) * (g1(a) — ) > 0
fa(x) 71 + g2(z) _ b) > 0
@) = 3 (x; — sin(0.5mz1))? ca(z) = (a — g2(2)) = (92(x) — b) >
CMOP4 g1 : J Ji={j|jisodd and 2 < j < n} convex low
USSL 5 Jo ={jljisevenand 2 < j < n}
g2(x) = ZJ (j — cos(0.5m21)) a=051,b=05mn=30z; €0,1]
JEJ2
filz) =21+ g1(x) ci(z) = (a—g1(z)) = (g1(x) —b) >0
fo(z) =1 = 27 + g2() ) c2(x) = (a — ga(x)) = (g2(x) —b) 2 0
CMOP5 g1(x) = GZJ (z; — sin(0.5m1)) Si(x) {_361172(33;2215202 j><0 n} disconnect and concave low
JjEJ1 =
g2(x) = > (x5 — cos(0.5mz1))? J2 ={jl|jis even and 2 < j < n}
€7, a=051,b=05c=20,n=30,z; € 0,1]
fi(@) =21+ g1(z) ci(z) = (a—g1(z)) = (g1(x) —b) >0
f2(x) =1 — /71 + ga(x) ) c2(z) = (a — g2(x)) * (g2(x) —b) 2 0
CMOP6 g1(x) = g (z; — sin(0.5m1)) CJZ’;(I) {_JGZIT;(SSF;;ZJ;E j><0 n} disconnect and convex low
JjEJ1 =
g2(x) = > (x5 — cos(0. 5r1))? J2 = {j|j is even and 2 < j < n}
€7, a=051,b=0.5,c=20,n=30,z; €[0,1]
(@) = (1 — pr)eosh — (o — qx)sinb)?/a?
Bt (a +((f1 — pr)sind + (fz — qr)cosd)? /b2 > 1
1,2 cio(x) = sin(cmxry) — 0.5 >
plo=iZeite® | »=10101,201.23
CMOP7 g1(z) = ; (zj — sin(0.5x1)) [1.5,0.5,2.5,1.5,0.5,3.5,2.5,1.5,0.5] disconnect and concave || high
! J1 ={jljis odd and 2 < j < n}
2 <J<
g2(2) = 3 (wj — cos(0.5mx1)) Jo = {j|j is even and 2 < j < n}
J€T2 2=0.1,b2=04,0 = —0.257
c=20,n=30,z; €[0,1],k=1,...,9
k(@) = ((f1 — pr)costd — (f2 — Qk2)5i7219)2/a2
fl(x) =1 +g1(1‘) +(((f1)—pk)s(m9 +)(f2 - Qk)COSQ) /b 21
— T cio(x) = sin(crx1) —0.5>0
f2gz)7lz ( jg2((35 )) p= [07170717270’17273]
CMOPS 91(x) s Ty — smil.omry =[1.5,0.5,2.5,1.5,0.5,3.5,2.5,1.5,0.5] disconnect and convex high
JjEJ1 P X
Ji ={j|jisodd and 2 < j < n}
g2() = ) (x; — cos(0.5mx1))* Jo = {j|j is even and 2 < j < n}
J€J2 a2 =0.1,b2 =0.4,0 = —0.257
c=20,n=30,z; €[0,1],k=1,...,9
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on test problems CMOP3-6 than MOEA/D-CDP. Thus, it can
be concluded that MOEA/D-ACDP performs better than other
two popular algorithms MOEA/D-CDP and NSGA-II-CDP.

V. CONCLUSION

The paper proposed a new constraint-handling technique
named ACDP. It utilizes the angle information of any two
peer individuals to enhance the diversity of the population. To
verify the proposed ACDP, we selected eight test problems
and compared the proposed algorithm MOEA/D-ACDP with
MOEA/D-CDP and NSGA-II-CDP. Experimental results show
that the proposed method is very effective to enhance the
population’s diversity, especially on CMOP3-CMOP6 which
have low ratio of feasible solutions. MOEA/D-ACDP is signif-
icantly better than MOEA/D-CDP and NSGA-II-CDP on most
cases. The future work includes studying the parameter setting
of 6 introduced by ACDP and solving several real engineering
optimization problems to further demonstrate the effectiveness
of ACDP.

ACKNOWLEDGMENT

This work is supported by Guangdong Provincial Key Lab-
oratory of Digital Signal and Image Processing, the National
Natural Science Foundation of China under Grant (61175073,
61300159, 61332002, 51375287), Jiangsu Natural Science
Foundation (BK20130808), Science and Technology Planning
Project of Guangdong Province (2013B011304002) and Foun-
dation of Department of Education of Guangdong Province
(2015KGJHZ014).

REFERENCES
(1
[2]

Y. Collette and P. Siarry, Multiobjective optimization: principles and
case studies. Springer Science & Business Media, 2013.

Y. Wang, Z.-X. Cai, Y.-R. Zhou, and C.-X. Xiao, “Constrained opti-
mization evolutionary algorithms,” Journal of Software, vol. 20, no. 1,
pp. 11-29, 2009.

K. Deb, A. Pratap, S. Agarwal, and T. Meyarivan, “A fast and elitist
multiobjective genetic algorithm: NSGA-IL,” Evolutionary Computation,
IEEE Transactions on, vol. 6, no. 2, pp. 182-197, 2002.

E. Zitzler, M. Laumanns, L. Thiele, E. Zitzler, E. Zitzler, L. Thiele,
and L. Thiele, “SPEA2: Improving the strength pareto evolutionary
algorithm,” 2001.

D. W. Corne, N. R. Jerram, J. D. Knowles, M. J. Oates et al., “PESA-II:
Region-based selection in evolutionary multiobjective optimization,” in
Proceedings of the Genetic and Evolutionary Computation Conference
(GECCO02001). Citeseer, 2001.

E. Zitzler and S. Kiinzli, “Indicator-based selection in multiobjective
search,” in Parallel Problem Solving from Nature-PPSN VIII. Springer,
2004, pp. 832-842.

D. H. Phan and J. Suzuki, “R2-IBEA: R2 indicator based evolutionary
algorithm for multiobjective optimization,” in Evolutionary Computation
(CEC), 2013 IEEE Congress on. 1EEE, 2013, pp. 1836-1845.

J. Bader and E. Zitzler, “HypE: An algorithm for fast hypervolume-
based many-objective optimization,” Evolutionary computation, vol. 19,
no. 1, pp. 45-76, 2011.

H. Ishibuchi and T. Murata, “A multi-objective genetic local search
algorithm and its application to flowshop scheduling,” Systems, Man,
and Cybernetics, Part C: Applications and Reviews, IEEE Transactions
on, vol. 28, no. 3, pp. 392-403, 1998.

Q. Zhang and H. Li, “MOEA/D: A multiobjective evolutionary algorithm
based on decomposition,” Evolutionary Computation, IEEE Transactions
on, vol. 11, no. 6, pp. 712-731, 2007.

H. Li and Q. Zhang, “Multiobjective optimization problems with compli-
cated pareto sets, MOEA/D and NSGA-II,” Evolutionary Computation,
IEEE Transactions on, vol. 13, no. 2, pp. 284-302, 2009.

[3]

[4]

[5]

[6]

[71

[8]

[91

[10]

(11]

cmoPt

cmoPt

1.1

T Pt T
. > MOEAD-COR) N > MOEAD-ACDP)
o 9\ oo &
odf L osf
or & ot L
Z o Zos
o5 05
04 04
o | o
02 i 02
o 1 2 3 4 5 01, 1 3 4 5
10, f(x)
comorz cmorz
'
T Pr T Pr
os 5 MOEAD-COP| 3 aL 5 MOEAD-ACDH]
08 08l
07 071 %-
oo} = X
Eos - Zos L‘-
04 Ll 04
03 [\ 0.3 \'Ll
02 LS o 02 L
o1 Y 01 k‘
57 o4 T o Tz e 05 T z Z5
x) (x)
cmors cvora
1 '
+ Ture PF = Ture PF
14 > MOEAD-cOP) > MOEAD-ACDF]
6]
13
12 1
I 1
s H
'
09
08 0el
07
X
06
og o
e os 08 1z 1a 16 s $a o o8 1 iz 1a 16 s
nx) (x)
oMo cmors
1 '
Tue Pt Toro Pr
> MOEAD-COP) > MOEAD-ACDF]
16 1]
14 1.4]
12] 1.2}
T T
08 04l
05 o6l
o 3
b5 | 75 45 T s
f1(x) f1(x)
cmors cmors
0 '
- + Ture PF + Ture PF
1 - 5 MOEAD-cOR) Tola 5 MOEAD-ACDH]
-
s [ 1 -~
p < 9 <
1.2] ~
=M =
z Zaa “~
§ | H
AN ' “
09
09l
08 \ 08 ~
07] \ 07|
05 i s 05 i is
(x) (x)
omors omors
1 '
~Ture PE ~Ture PE
14 > MOEAD-COP) ' 4\ > MOEAD-ACDH]
13 1]
12] 1.2}
N\ ~
14 T
=, ~ z ., ~
09 ~ 0.9] -
- ~
08 - o8l -~
0.7] 0.7] ~
- -
06 -~ 08l -
- . -
85 i is 85 i is
o 10
cmor? cmor?
2 1
T Pr " Ture T
> MOEAD-cOP) ' > MOEAD-ACDP)
E 09
ol “
18] 07
& Fos
™~ 05
04
05 03
02
v com o - -
o1 4. mecos =
i 3 5 05 s % z5
100, f(x)
cmors cmors
0
o e T T PE
o ai 5 MOEAD-COR) 09) 5 MOEAD-ACDH)
08 o8l _
o7 § o7}
05 o6l
Zos & Zos| [ .
04 od -
od “ od
02 L w o .
01 < 04 (S Y
57 o4 [P 5z 0% Tz e

0608
100

06 08
109

Fig. 5. The final populations with the best /G'D metric in 30 independent
runs by using MOEA/D-CDP and MOEA/D-ACDP

2016 IEEE Congress on Evolutionary Computation (CEC)

465



[12]

[13]

[14]

[15]

[16]

466

TABLE II
IGD vALUES OF MOEA/D-CDP AND MOEA/D-ACDP.

Instance MOEA/D-CDP MOEA/D-ACDP Wilcoxon’s Rank
- Mean Std. Mean Std. p-value h-value
CMOP1 3.50E-03 2.95E-04 3.55E-03 2.77TE-04 7.19E-01 0.00E+00
CMOP2 3.14E-03 2.81E-04 3.21E-03 3.74E-04 | 4.53E-01 0.00E+00
CMOP3 2.54E-01 4.61E-02 | 3.81E-02 2.97E-02 1.73E-06 1.00E+00
CMOP4 2.15E-01 5.02E-02 | 4.29E-02 2.50E-02 1.92E-06 1.00E+00
CMOP5 3.00E-01 3.52E-02 | 4.02E-02 3.05E-02 1.73E-06 1.00E+00
CMOP6 2.77E-01 3.00E-02 | 3.88E-02 2.52E-02 1.73E-06 1.00E+00
CMOP7 1.55E-01 5.22E-02 1.58E-01 5.29E-02 | 4.78E-01 0.00E+00
CMOP8 6.98E-03 8.03E-03 7.54E-03 1.55E-02 7.19E-02 0.00E+00
TABLE 1II
I, VALUES OF MOEA/D-CDP AND MOEA/D-ACDP.
Instance MOEA/D-CDP MOEA/D-ACDP Wilcoxon’s Rank
- Mean Std. Mean Std. p-value h-value
CMOP1 2.26E-03 2.32E-04 2.30E-03 2.28E-04 7.50E-01 0.00E+00
CMOP2 2.30E-03 4.52E-04 2.36E-03 5.46E-04 6.58E-01 0.00E+00
CMOP3 2.51E-01 4.18E-02 | 4.86E-02 3.60E-02 1.73E-06 1.00E+00
CMOP4 2.86E-01 6.36E-02 5.36E-02 2.90E-02 1.73E-06 1.00E+00
CMOPS5 2.64E-01 2.14E-02 | 4.48E-02 2.97E-02 1.73E-06 1.00E+00
CMOP6 3.32E-01 3.35E-02 5.29E-02 3.17E-02 1.73E-06 1.00E+00
CMOP7 2.58E-01 2.67E-02 2.60E-01 2.62E-02 7.19E-01 0.00E+00
CMOP8 9.33E-03 1.52E-02 1.14E-02 3.52E-02 7.86E-02 0.00E+00
TABLE IV
IGD VALUES OF NSGA-II-CDP AND MOEA/D-ACDP.
Instance NSGA-II-CDP MOEA/D-ACDP Wilcoxon’s Rank
- Mean Std. Mean Std. p-value h-value
CMOP1 1.58E-01 1.41E-01 3.55E-03 2. TTE-04 1.73E-06 1.00E+00
CMOP2 2.08E-01 5.60E-02 | 3.21E-03 3.74E-04 1.73E-06 1.00E+00
CMOP3 3.56E-01 1.02E-01 3.81E-02 2.97E-02 1.73E-06 1.00E+00
CMOP4 3.00E-01 7.11E-02 | 4.29E-02 2.50E-02 1.73E-06 1.00E+00
CMOP5 3.84E-01 1.09E-01 4.02E-02 3.05E-02 1.73E-06 1.00E+00
CMOP6 3.25E-01 5.83E-02 | 3.88E-02 2.52E-02 1.73E-06 1.00E+00
CMOP7 2.09E-01 2.97E-01 1.58E-01 5.29E-02 1.59E-01 0.00E+00
CMOP8 5.94E-01 3.88E-01 7.54E-03 1.55E-02 1.73E-06 1.00E+00
TABLE V
I';; VALUES OF NSGA-II-CDP AND MOEA/D-ACDP.
Instance NSGA-II-CDP MOEA/D-ACDP Wilcoxon’s Rank
- Mean Std. Mean Std. p-value h-value
CMOP1 2.58E-01 1.09E-01 2.30E-03 2.28E-04 1.73E-06 1.00E+00
CMOP2 3.19E-01 6.38E-02 2.36E-03 5.46E-04 1.73E-06 1.00E+00
CMOP3 3.12E-01 4.45E-02 | 4.86E-02 3.60E-02 1.73E-06 1.00E+00
CMOP4 3.74E-01 7.59E-02 5.36E-02 2.90E-02 1.73E-06 1.00E+00
CMOP5 3.02E-01 3.42E-02 | 4.48E-02 2.97E-02 1.73E-06 1.00E+00
CMOP6 3.81E-01 7.90E-02 5.29E-02 3.17E-02 1.73E-06 1.00E+00
CMOP7 3.45E-01 6.83E-02 | 2.60E-01 2.62E-02 1.73E-06 1.00E+00
CMOP8 6.62E-01 2.42E-01 1.14E-02 3.52E-02 1.73E-06 1.00E+00
X. Yu and M. Gen, Introduction to evolutionary algorithms. Springer  [17] S. B. Hamida and M. Schoenauer, “Aschea: new results using adaptive

Science & Business Media, 2010.

R. Le Riche, C. Knopf-Lenoir, and R. T. Haftka, “A segregated genetic
algorithm for constrained structural optimization.” in /CGA. Citeseer,
1995, pp. 558-565.

F. Hoffmeister and J. Sprave, “Problem-independent handling of con-
straints by use of metric penalty functions,” 1996.

F.-z. Huang, L. Wang, and Q. He, “An effective co-evolutionary differ-
ential evolution for constrained optimization,” Applied Mathematics and
computation, vol. 186, no. 1, pp. 340-356, 2007.

D. W. Coit, A. E. Smith, and D. M. Tate, “Adaptive penalty methods for
genetic optimization of constrained combinatorial problems,” INFORMS
Journal on Computing, vol. 8, no. 2, pp. 173-182, 1996.

[19]

[20]

segregational constraint handling,” in Evolutionary Computation, 2002.
CEC’02. Proceedings of the 2002 Congress on, vol. 1. 1EEE, 2002,
pp. 884-889.

T. P. Runarsson and X. Yao, “Stochastic ranking for constrained evo-
lutionary optimization,” Evolutionary Computation, IEEE Transactions
on, vol. 4, no. 3, pp. 284-294, 2000.

T. Ray, H. K. Singh, A. Isaacs, and W. Smith, “Infeasibility driven
evolutionary algorithm for constrained optimization,” in Constraint-
handling in evolutionary optimization. Springer, 2009, pp. 145-165.
K. Deb, “An efficient constraint handling method for genetic algorithms,”
Computer methods in applied mechanics and engineering, vol. 186,
no. 2, pp. 311-338, 2000.

2016 IEEE Congress on Evolutionary Computation (CEC)



cmoPt cmop2

~Ture PE et
| N | nseai-cop) oe\ o NSGAIl-COP)
-
03 -~ 08
0.8 ~ 07|
N omn oo
07] ~ ® 06| N - o
Zos N S Zos ~ . .
os i 00 ~ i
AN ~ [
04 @ 03 - H
o N8 o2 ~ .
-
02| x 01 - &
o 02 04 08 1 02 04 06 08
1109 00
cmors cmors
' '
TuoPr Tuo Pr
14 °_ NSGA-cOR) vaf, > NSGAI-cOP)
1.3] 1.3f %
12] 12|
T T
B g
09 09|
0 osl
07 071
0 o6l
o o
85 i 5 35 7 s
1(x) 1(x)
cMoPs cmors
0 1
- + Ture PF + Ture PF
Tl - o NSGAI-cOR 1.4 o NSGAI-cop
13| ~ 13|
< 12)
12]
~ 1.1 N
g .
g = ~
o o
AN 09l ~
09 ~
osl -
0 \ 0] -~
07, ~
ogf -
\ . ~
05 i is 5 i s
10, )
omoP? cmore
' '
T Ture PE e PE
[ S— ©_NSGAII-CDP| 0.9) o NSGAII-CDP|
e = | L2 Sl
osf v 08
0| Al 07 N
(8
07 oef T
Zosf Zost ¥
0.5 0.4] Al
.
04 03 N
0.3 0.2] A
.
02 o W .
o. - * oo
o5 i s Z5 5 a5 4 o5 1 ERE R

> 2
e 1100

Fig. 6. The final populations with the best /G'D value in 30 independent
runs by using MOEA/D-CDP and MOEA/D-ACDP

[21] M. Laumanns, L. Thiele, and E. Zitzler, “An efficient, adaptive parameter
variation scheme for metaheuristics based on the epsilon-constraint
method,” European Journal of Operational Research, vol. 169, no. 3,
pp. 932-942, 2006.

[22] P. D. Surry and N. J. Radcliffe, “The comoga method: constrained
optimisation by multi-objective genetic algorithms,” Control and Cy-
bernetics, vol. 26, pp. 391-412, 1997.

[23] Z. Cai and Y. Wang, “A multiobjective optimization-based evolutionary
algorithm for constrained optimization,” Evolutionary Computation,
IEEE Transactions on, vol. 10, no. 6, pp. 658-675, 2006.

[24] Y. Wang, Z. Cai, Y. Zhou, and W. Zeng, “An adaptive tradeoff model
for constrained evolutionary optimization,” Evolutionary Computation,
IEEE Transactions on, vol. 12, no. 1, pp. 80-92, 2008.

[25] K. Deb, Multi-objective optimization using evolutionary algorithms.
John Wiley & Sons, 2001, vol. 16.

[26] Q. Zhang, A. Zhou, S. Zhao, P. N. Suganthan, W. Liu, and S. Tiwari,
“Multiobjective optimization test instances for the cec 2009 special ses-
sion and competition,” University of Essex, Colchester, UK and Nanyang
technological University, Singapore, special session on performance
assessment of multi-objective optimization algorithms, technical report,
pp. 1-30, 2008.

[27] Z.Fan, W. Li, X. Cai, H. Li, K. Hu, and H. Yin, “Difficulty controllable
and scalable constrained multi-objective test problems,” in Industrial
Informatics - Computing Technology, Intelligent Technology, Industrial
Information Integration (ICIICII), 2015 International Conference on,
Dec 2015, pp. 76-83.

[28] P. A. Bosman and D. Thierens, “The balance between proximity
and diversity in multiobjective evolutionary algorithms,” Evolutionary
Computation, IEEE Transactions on, vol. 7, no. 2, pp. 174-188, 2003.

[29] J. Knowles, L. Thiele, and E. Zitzler, “A tutorial on the performance
assessment of stochastic multiobjective optimizers,” Tik report, vol. 214,
pp. 327-332, 2006.

2016 IEEE Congress on Evolutionary Computation (CEC)

cvopt omor1
0
o8 07
07] 0s
og| 0s .
0s|
N .
S o4 z
0s
03 +
02 =
02
01 — o1
0 0
VOEAD-ACDP  MOEAD-COP  NSGAI-GOP VOEAD-ACDP  MOEAD-COP  NSGAI-GOP
cnore cmorz
0.5
03 H H
04
025 035
03
02 =
5 = 5 0%
8015 = 0g
o 015
o1
005
005
o 0
WOEAD AP MOEAD-COP  NSGAI-GOP VOEAD ACDP  MOEAD-CDP  NSGAI-GOP
omors cmora
0
06| . 0.4 N
+ 0.35] B
0s
4 3 - =
<] —_ z —
244 == 02)
s =3 015
+ - 0.1
0.1 - —_
= o =3
0
VOEAD-AGDP  MOEAD-COP  NSGAI-GOP VOEAD-ACDP  MOEAD-GDP  NSGAI-GOP
cvops cmops
0|
06
0s|
0s
04
04 i
z - —]
@ 0.3] —_— z
= 1 = 03 =3 ;
B = . -
o1 + - 01 ¥
= =
VOEAD-ACDP  MOEAD-GOP  NSGAI-GOP VOEAD-ACDP  MOEAD-COP  NSGAI-GOP
cmors cumors
0 + 0.4
0| 035
o 0z — =
A —
8 = £ oo .
i 015
02 — s
o1
01 - i
0
VOEAD ACDP  MOEADCOP  NSGAIGOP VOEAD ACDP  MOEADCDP  NSGAI-GOP
cmors omors
0s 08
04 0s A
N o4 s
503 = o —_—
i 03 :
02 e o
02
01 R
: 04 +
S = =
VOEAD-AGDP  MOEAD-DP  NSGAI-GOP VOEAD-AGDP  MOEAD-CDP  NSGAI-GOP
omor7 cvop?
19 ; 0s
14 055
12 03 .
! 045
8os z o4
: 035
0.6 .
0.4] 3
PRI — =
02 — i
= == — oo -
- T B .
VOEAD ACDP  MOEADGOP  NSGAIGOP VOEAD AGDP  MOEAD-GDP  NSGAI-GOP
cumors cmors
16 1 !
14 .
: 08
12
!
o 2%
Sog — z
0.6] 04
04
02
02
o 1 e | i
VOEAD-ACDP  MOEAD-COP  NSGAI-GOP VOEAD-AGDP  MOEAD-COP  NSGAI-GOP

Fig. 7. The boxplot of IGD and I; metrics of MOEA/D-ACDP, MOEA/D-
CDP and NSGA-II-CDP

467




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /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 true
  /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
  ]
  /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 <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /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 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /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 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


