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Abstract—Solving constrained multiobjective optimization
problems is one of the most challenging areas in the evolutionary
computation research community. To solve a constrained
multiobjective optimization problem, an algorithm should tackle
the objective functions and the constraints simultaneously. As a
result, many constraint-handling techniques have been proposed.
However, most of the existing constraint-handling techniques
are developed to solve test instances (e.g., CTPs) with low
dimension and large feasible region. On the other hand,
experimental comparisons on different constraint-handling
techniques remain scarce. In view of these two issues, in this
paper we first construct 18 test instances, each of which exhibits
different properties. Afterward, we choose three representative
constraint-handling techniques and combine them with
nondominated sorting genetic algorithm II to study the
performance difference on various conditions. By the
experimental studies, we point out the advantages and
disadvantages of different constraint-handling techniques.
Keywords—Constraint-handling techniques, constrained
multiobjective optimization problems, evolutionary algorithms,
test instances.

I. INTRODUCTION
Numerous real-world applications involve multiple
objectives and various constraints, which can be modeled as
constrained multiobjective optimization problems (CMOPs).
Without loss of generality, a CMOP can be formulated as:
 


 
Minimize f ( x )  ( f1 ( x ), f 2 ( x ), , f m ( x )), x  ( x1 , , xn )  S

Subject to: g j ( x )  0, j  1,..., p

h j ( x )  0, j  p  1,..., q

where x is the decision vector, Li  xi  U i (i  {1, , n}) is
the ith decision variable, Li and U i are the lower and upper
bounds of xi , S is the decision space, n and m are the number
of
decision
variables
and
objective
functions,


f i ( x ) (i  {1, , m}) is the ith objective function, g j ( x ) is

the jth inequality constraint, h j ( x ) is the ( j  p)th equality
constraint, p is the number of inequality constraints, and
(q  p ) is the number of equality constraints.
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The constraint violation of individual x on the jth
constraint is calculated as follows:

1 j  p
 max(0, g j ( x )),
(1)
C j (x)  

max(0,| h j ( x ) |  ), p  1  j  q

where  is a predefined tolerance value to relax the equality
constrains to a certain extent. The feasible region  of a
CMOP is a subspace of the decision space S, and can be


defined as   {x  S | C j ( x )  0, j  1, , q}.
Evolutionary algorithms (EAs) are population based
optimization approaches inspired by nature [1]. During the
last two decades, much effort has been made to develop and
understand EAs for dealing with multiobjective optimization
problems [2] [3]. Constraint-handling for single-objective
optimization problems has also been extensively researched
[4] [5]. However, few attempts have been made to investigate
evolutionary constrained multiobjective optimization [6],
which is challenging and of practical interest.
For CMOPs, we cannot find a single solution to optimize all
the objectives at the same time since the objectives are always
in conflict with each other. Therefore, when using EAs to deal
with CMOPs, we have to balance the objectives and find a set
of optimal tradeoffs. In addition, it is necessary to note that
EAs are unconstrained search methods that need additional
mechanisms to deal with constraints when solving CMOPs.
Due to the above attributes, the solution of CMOPs is very
difficult and the research of CMOPs based on EAs is still in its
infant stage.
When solving CMOPs by EAs, the corresponding methods
are called constrained multiobjective EAs (CMOEAs). Next,
we will briefly introduce some representative CMOEAs. Deb
et al. [7] extended the feasibility rule in [4] and proposed a
constrained-domination principle (CDP) to solve CMOPs.
Based on the work in [7], Oyama et al. [8] proposed a new
constraint-handling technique, which introduces the idea of
nondominance and niching concepts in the objective space
into the constraint space. Chafekar et al. [9] introduced a
steady state GA to solve CMOPs. In [9], two constrained
multiobjective optimization techniques are applied. One
technique is to run several single-objective GAs concurrently
and each GA is to optimize one objective. The other technique
is to use a single-objective GA to optimize multiple objectives
in a sequential order. Young [10] presented a blended rank
mechanism in which every solution is assigned two Pareto
dominance ranks, and both two ranks are taken into account to
give the final rank of an individual. Jimenez et al. [11]
combined the Pareto concept in multiobjective optimization

with a novel diversity mechanism to sort the population.
Woldesenbet and Yen [6] proposed a self-adaptive penalty
function to handle constraints based on the feasible ratio in the
current population. Santana-Quintero et al. [12] presented a
hybrid CMOEA by approximating the Pareto front of a
CMOP with a hybrid approach. In [12], rough set theory is
implemented to maintain a good quality of the approximation.
By combining CDP [7] with simulated annealing, Singh et al.
[13] proposed a non-greedy constraint-handling technique to
solve CMOPs. Jiao et al. [14] proposed a CMOEA based on
[6], the main ideas of which are to make use of the information
of the infeasible individuals and to construct some modified
objective functions to guide the evolutionary process. Jan and
Khanum [15] proposed two modified constraint-handling
techniques by combining Tchebycheff aggregation function
with the famous stochastic ranking [16] and CDP [7] to solve
CMOPs. Very recently, an immune optimization algorithm is
proposed by Qian et al. [17] to solve CMOPs. Taking both
convergence and diversity into account, they divided a
population into two subpopulations and applied different
reproduction operators to create the next population.
Recognizing that there is no single constraint-handling
technique can outperform all others on different kinds of
problems, Qu and Suganthan [18] proposed an ensemble of
constraint-handling techniques. In [18], three constrainthandling techniques, i.e., CDP [7], self-adaptive penalty (SP)
[6], and ε constrained method [19] are adopted.
It is noteworthy that most of the above methods are
designed to solve the test instances (called CTPs) in [20],
which were proposed by Deb et al. fifteen years ago. Due to
the fact that CTPs usually have a large proportion of the
feasible region, it is a very important topic to design CMOPs
with more complex characteristics. On the other hand, the
current methods are usually developed to solve CTPs with low
dimension (such as two dimensions), and there are very few
studies conducted on the performance comparison of different
constraint-handling techniques in the community of
evolutionary constrained multiobjective optimization.
Motivated by the above considerations, in this paper we
firstly construct 18 test instances with different characteristics
based on CTPs. Afterward, we select three representative
constraint-handling techniques (CDP [7], SP [6], and adaptive
tradeoff model (ATM) [21]). Then we study their
performance difference on various scenarios. The main
contributions of this paper can be summarized as follows:
 We design 18 new test instances (called NCTPs) based
on CTPs. Compared with the original CTPs, NCTPs
introduced in this paper exhibit more complex
characteristics. Specifically, in NCTPs different test
instances have different shapes of the Pareto front,
different dimensions of the search space, and different
size of the feasible region.
 Systematic experiments have been conducted on the 18
test instances to study the performance of the three

representative
constraint-handling
techniques
according to the shape of the Pareto front, the
dimension of search space, and the size of the feasible
region.
The rest of this paper is organized as follows. Section II
briefly describes the related definitions. Section III introduces
three representative constraint-handling techniques. Section
IV presents the constructed test instances. Section V experimentally studies the performance of the chosen constrainthandling techniques. Section VI concludes this paper.
II. THE RELATED DEFINITIONS OF CMOPS
A CMOP include multiple objectives. In multiobjective
optimization, the comparison of individuals is usually based
on Pareto dominance. Next, we will introduce four related
definitions.
Definition 1 (Pareto Dominance): Considering the m
 



objective functions f ( x )  ( f1 ( x ), f 2 ( x ), , f m ( x )) and two



decision vectors xv and xu , if i  {1,..., m}, fi ( xv ) 




fi ( xu ) and i  {1,..., m}, f j ( xv )  f j ( xu ), then xv is said to



Pareto dominate xu , denoted as xv  xu .

Definition 2 (Pareto Optimal Solution): A solution xu  
is called a Pareto optimal solution of a CMOP if and only if



xv  , xv  xu .
Definition 3 (Pareto Optimal Set): The Pareto optimal set


of a CMOP can be defined as POS  {xu   | xv  ,


xv  xu }.
Definition 4 (Pareto Front): The Pareto front of a CMOP
  
can be defined as PF  { f ( xu ) | xu  POS}.
III. THREE REPRESENTATIVE CONSTRAINT-HANDLING
TECHNIQUES FOR CMOPS
A. Constrained-domination Principle (CDP)
CDP [7] is a simple and efficient technique to handle
constrains, which compares pairwise individuals based on the
following rules:
 When two feasible solutions are compared, the one
Pareto dominating the other is better.
 When a feasible solution is compared with an
infeasible solution, the feasible solution is better.
 When two infeasible solutions are compared, the one
with smaller degree of constraint violation is better.
B. Self-adaptive Penalty (SP)
Another way to solve CMOPs is to penalize the infeasible
individual with penalty function, in which the penalty term
added to the objective function is based on the degree of
constraint violation of the infeasible individual. Among all
penalty function based methods, the self-adaptive penalty (SP)
proposed in [6] is a representative one. It has two main
components: the distance value and the penalty function.
Firstly, the objective functions and the degree of constraint


violation of each individual x j in the population are
normalized as follows:

f i ( x j )  f i min

fi ( x j )  max
, i  {1, , m}
f i  f i min

1 q Ci ( x j )

C ( x j )   max
q i 1 Ci

(2)
(3)

where f i min is the minimum value of the ith objective function,
f i max is the maximum value of the ith objective function, and
Cimax is the maximum violation of the ith constraint.

Let rf denote the feasibility ratio of the current population,
which can be calculated as follows:
the number of feasible individuals
rf 
the population size

(4)


Afterward, the ith (i  {1, , m}) distance value d i ( x j ) and


ith (i  {1, , m}) penalty value pi ( x j ) of x j can be

expressed as follows:

if rf  0
C ( x j ) ,

di ( x j )  


2
2
if rf  0

 f i ( x j )  C ( x j ) ,



pi ( x j )  (1  rf ) X i ( x j )  rf Yi ( x j )

(5)
(6)

where

if rf  0
0,

(7)
Xi (x j )   
C ( x j ), if rf  0

if x j is feasible
0,


Yi ( x j )    
(8)
 fi ( x j ), if x j is infeasible

Finally, the fitness of x j in the ith objective function


dimension is the sum of d i ( x j ) and pi ( x j ) :



(9)
Fi ( x j )  d i ( x j )  pi ( x j ), i  {1, , m}
Then the population is sorted based on the m fitness
functions F1 , F2 , , Fm via the nondominated sorting [7].
C. Adaptive Tradeoff Model (ATM)
ATM introduces an important idea, i.e., dividing the
evolutionary process into three situations by the feasibility
proportion of the current population. In different situations,
ATM adopts different techniques to cope with the constraints.
1) The infeasible situation: There is no feasible solution in
the current population. ATM converts a CMOP with m
objectives and q constraints into a unconstrained MOP with
(m+1) objectives, by considering the constraint violation as an
additional objective. Then the nondominated sorting [7] is
applied, and half of the individuals with less constraint
violations in the first layer are chosen and removed from the
population. Afterward, the remaining individuals in the
population are implemented the same process until a desirable
number of individuals is obtained.
2) The semi-feasible situation: There exist both infeasible
and feasible solutions in the current population. Assume that Z

is the current population, and then Z is divided into the
feasible group and the infeasible group based on equation (3):


(10)
Z1  {x  Z | C ( x )  0}


(11)
Z 2  {x  Z | C ( x )  0}
Firstly, ATM uses the following transformed objective
function to penalize the infeasible individuals:


if x j is feasible

 f i ( x j ),
fi ' ( x j )  


 max{ * f b _ i  (1   ) * f w _ i , f i ( x j )}, if x j is infeasible
(12)
where  denotes the feasibility proportion of the last


fi ( x ) , and f w _ i  max
fi ( x ).
population, fb _ i  min


xZ1

xZ1

Then, ATM normalizes the transformed objective function
and the constraint violation:


fi ' ( x j )  min
fi ' ( x )


x

Z
fi ( x j ) 
(13)

 , i  {1, , m}
max
fi ' ( x )  min
fi ' ( x )


xZ
xZ

if x j  Z 1
0,




C ( x)

(14)
C ( x j )   C ( x j )  min

xZ 2
 max C ( x )  min C ( x ) , if x j  Z 2

xZ 2
 xZ2

The final fitness of x j in the ith objective function


dimension is the sum of fi ( x j ) and C ( x j ) :



(15)
Fi ( x j )  fi ( x j )  C ( x j ), i  {1, , m}
Like SP, the m fitness functions F1 , F2 , , Fm are used to
sort the population by the nondominated sorting [7].
3) The feasible phase: In this phase, all solutions in the
population are feasible. Thus, ATM directly sorts the
population by making use of the nondominated sorting [7].
IV. CONSTRUCTED TEST INSTANCES
The widely used test instances in evolutionary constrained
multiobjective optimization are CTPs [20], which can be
divided in two parts. The first part is CTP1, in which the
number of constraints is changeable, but with the increase of
constraints the shape of the Pareto front almost remains the
same. The second part is CTP2-CTP7. The shapes of the
Pareto front of these test instances are tunable and controlled
by six parameters, but these test instances only have one
constraint and the size of the feasible region is usually large.
To study the performance of the three chosen constrainthandling techniques in Section III on different conditions, the
above drawbacks of test instances should be addressed. In this
paper, a set of new constrained test instances (called NCTPs)
is constructed based on CTP2-CTP7. In NCTPs, the following
new characteristics have been added:

 In most of papers, g ( x ) in the second objective
function of CTP2-CTP7 is often set to (1+x2). To
increase the difficulty, in this paper g ( x) has been set
to the Ronsenbrock function [22]:
n 1

(16)
g ( x )   (100( xi 1  xi2 ) 2  (1  xi ) 2 )
i2

TABLE I
Detailed information of the 18 test instances, where “Type I” denotes that the Pareto front is discontinuous (see Fig. 1), “Type II” denotes that the Pareto front
consists of both discontinuous and continuous parts (see Fig. 2), and “Type III” denotes that the Pareto front is continuous (see Fig. 3).
Properties

Test
instance

Parameter value

Constraint

Shape of the Pareto
front

Dimension of the
decision vector

Size of the feasible
region

NCTP-1

  0.2 , a  0.2, b  10, c  1, d  0.5, e  1, z1  0.5, z2  4

C1 and C2

Type I

10D/30D

Small (<0.1%)

NCTP-2

  0.2 , a  0.75, b  10, c  1, d  0.5, e  1, z1  0.5, z2  4

C1 and C2

Type I

10D/30D

Small (<0.1%)

NCTP-3

  0.2 , a  2, b  10, c  1, d  6, e  1, z1  0.5, z2  6

C1 and C2

Type I

10D/30D

Small (<0.1%)

NCTP-4

  0.2 , a  0.2, b  10, c  1, d  0.5, e  1, z1  0.5

C1

Type I

10D/30D

Large (>99.9%)

NCTP-5

  0.2 , a  0.75, b  10, c  1, d  0.5, e  1, z1  0.5

C1

Type I

10D/30D

Large (>99.9%)

NCTP-6

  0.2 , a  2, b  10, c  1, d  6, e  1, z1  0.5

C1

Type I

10D/30D

Large (>99.9%)

NCTP-7

  0.2 , a  0.2, b  10, c  1, d  0.5, e  1, z1  1, z2  4

C1 and C2

Type II

10D/30D

Small (<0.1%)

NCTP-8

  0.2 , a  0.75, b  10, c  1, d  0.5, e  1, z1  1, z2  4

C1 and C2

Type II

10D/30D

Small (<0.1%)

NCTP-9

  0.2 , a  2, b  10, c  1, d  6, e  1, z1  1, z2  6

C1 and C2

Type II

10D/30D

Small (<0.1%)

NCTP-10

  0.2 , a  0.2, b  10, c  1, d  0.5, e  1, z1  1

C1

Type II

10D/30D

Large (>99.9%)

NCTP-11

  0.2 , a  0.75, b  10, c  1, d  0.5, e  1, z1  1

C1

Type II

10D/30D

Large (>99.9%)

NCTP-12

  0.2 , a  2, b  10, c  1, d  6, e  1, z1  1

C1

Type II

10D/30D

Large (>99.9%)

NCTP-13

  0.2 , a  0.2, b  10, c  1, d  0.5, e  1, z1  2, z2  4

C1 and C2

Type III

10D/30D

Small (<0.1%)

NCTP-14

  0.2 , a  0.75, b  10, c  1, d  0.5, e  1, z1  2.5, z2  4

C1 and C2

Type III

10D/30D

Small (<0.1%)

NCTP-15

  0.2 , a  2, b  10, c  1, d  6, e  1, z1  4, z2  6

C1 and C2

Type III

10D/30D

Small (<0.1%)

NCTP-16

  0.2 , a  0.2, b  10, c  1, d  0.5, e  1, z1  2

C1

Type III

10D/30D

Large (>99.9%)

NCTP-17

  0.2 , a  0.75, b  10, c  1, d  0.5, e  1, z1  2.5

C1

Type III

10D/30D

Large (>99.9%)

NCTP-18

  0.2 , a  2, b  10, c  1, d  6, e  1, z1  4

C1

Type III

10D/30D

Large (>99.9%)

Meanwhile, the decision space has been changed from
[0,1]n to [0,5]n .

 An additional constraint ( C2 ( x ) ) has been added to

these test instances have been presented in Table I, and the
objective spaces of these test instances have been presented in
Fig. 1, Fig. 2, and Fig. 3.

adjust the size of the feasible region.
 An additional parameter ( z1 ) has been added to the

V. EXPERIMENTAL STUDY

second objective function to control the proportion of
the continuous part of the Pareto front.


 f1 ( x ) has been changed to f1 ( x ) in the second
objective, with the aim of making the unconstrained
Pareto front a curve rather than a line segment.
The proposed test instances can be described as follows:


Minimize f1 ( x)  x1


f1 ( x)
 )  z1
g ( x)



subject to C1 ( x)  cos( )( f 2 ( x)  e)  sin( ) f1 ( x)


a | sin(b (sin( )( f 2 ( x)  e)  cos( ) f1 ( x))c ) |d



C2 ( x)  f 2 ( x)  0.73 f1 ( x)  z2


Minimize f 2 ( x)  g ( x)(1 

(17)
where  , a, b, c, d , and e are used to control the
topology of the Pareto front [20], z1 is used to control the
proportion of the continuous part of the Pareto front, and z2 is
used to control the size of the feasible region.
Based on the above formulation, 18 test instances have been
designed in this paper to test the performance of the three
representative constraint-handling techniques. The details of

A. Experimental Setup
In this section, we choose the nondominated sorting genetic
algorithm II (NSGA-II) [7] as the multiobjective optimization
framework, due to its high robustness and ease of
implementation.
Then
the
three
representative
constraint-handling techniques (CDP, SP, and ATM)
introduced in Section III are combined with NSGA-II to solve
the 18 test instances proposed in Section IV. For all the
experiments, the parameters were set as follows: the
population size was 100, the crossover rate was 0.8, the
mutation rate was 1/n, and the maximum number of generation
was 500. Besides, the tournament selection, simulated binary
crossover, and polynomial mutation were adopted as the
genetic operators in each simulation.
As presented in Table I, this paper intends to study how the
following three properties of the 18 test instances influence
the performance of a constraint-handling technique for
CMOPs.
 The shape of Pareto front
 The dimension of decision vector
 The size of feasible region

Fig. 1. The objective spaces of six test instances in type I, where the shade indicates the feasible region in the objective space, the black circle line indicates the
unconstrained Pareto front, and the red dotted line indicates the constrained Pareto front.

Fig. 2. The objective spaces of six test instances in type II, where the shade indicates the feasible region in the objective space, the black circle line indicates the
unconstrained Pareto front, and the red dotted line indicates the constrained Pareto front.

Fig. 3. The objective spaces of six test instances in type III, where the shade indicates the feasible region in the objective space, the black circle line indicates
the unconstrained Pareto front, and the red dotted line indicates the constrained Pareto front.

In order to study the effect of the second property, we tested
two scenarios: n=10 and n=30. For each scenario, 100
independent runs were implemented for each test instance.

According to our observation, the performance of an
algorithm significantly degenerates with the increase of the
dimension of the decision vector. More importantly,

TABLE II
Test instances included in each case: 10D-S includes the test instances with n=10 and small feasible regions, 30D-S includes the test instances with n=30
and small feasible regions, 10D-L includes the test instances with n=10 and large feasible regions, and 30D-L includes the test instances with n=30 and
large feasible regions.
Type
Case
Test
instance

Type I
10D-S

30D-S

Type II

10D-L

30D-L

10D-S

30D-S

Type III

10D-L

30D-L

10D-S

30D-S

10D-L

30D-L

NCTP-1

NCTP-4

NCTP-7

NCTP-10

NCTP-13

NCTP-16

NCTP-2

NCTP-5

NCTP-8

NCTP-11

NCTP-14

NCTP-17

NCTP-3

NCTP-6

NCTP-9

NCTP-12

NCTP-15

NCTP-18

Fig. 4. The experimental results of the four cases in type I

Fig. 5. The experimental results of the four cases in type II

Fig. 6. The experimental results of the four cases in type III

sometimes an algorithm cannot find any feasible solution on
the nine test instances with a small feasible region when the
evolution halts. The inverted generational distance (IGD) [23]
is a widely used indicator to evaluate the performance of an
algorithm for multiobjective optimization. Note that if an
algorithm cannot find any feasible solution, we cannot obtain
the IGD value. Thus, IGD might not be suitable to assess the
performance of an algorithm for CMOPs with a small feasible
region. To this end, we propose a revised IGD indicator,
called IGD distribution indicator (IGDD) in this paper. The
IGDD value of an algorithm is computed as follows:
 Step 1): Calculate the IGD value in each run. As a
result, we obtain 100 IGD values in 100 runs.
 Step 2): Define two ranges of the IGD value: range1 

(0, 0.25] and

range2  (0.25, 0.5], compute

the

number (denoted as n1 ) of the IGD value belonging to

range1 , and compute the number (denoted as n2 ) of

the IGD value belonging to range2 . Note that
n1  n2  100.

 Step 3): Calculate the IGDD value by the following
equation:
(18)
IGDD= n1  (1   )n2
where  is an coefficient that is used to adjust the
weight of n1 and n2 . Since the IGD value in range1
is better than that in range2 , n1 should be put more
emphasis. In this paper,  was set to 0.8.
The IGDD indicator can be used to measure the
convergence towards the Pareto front. The higher the IGDD
value, the better the performance of an algorithm.
B. Comparative Study
For the sake of clarity, the comparative study is based on
the three different types of shapes of the Pareto front
introduced in Table I:

Fig. 7. 10 final Pareto fronts obtained by ATM, CDP, and SP (from left to right) on NCTP-4 in type I, which belongs to 30D-L.

Fig. 8. 10 final Pareto fronts obtained by ATM, CDP, and SP (from left to right) on NCTP-11 in type II, which belongs to 10D-L.

Fig. 9. 10 final Pareto fronts obtained by ATM, CDP, and SP (from left to right) on NCTP-13 in type III, which belongs to 30D-S.

 “Type I” denotes that the Pareto front is discontinuous
(NCTP-1-NCTP-6).
 “Type II” denotes that the Pareto front consists of both
discontinuous part and continuous part (NCTP-7NCTP-12).
 “Type III” denotes that the Pareto front is continuous
(NCTP-13-NCTP-18).
Based on the dimension of the decision vector and the size
of the feasible region, each type can be divided into four cases
(10D-S, 30D-S, 10D-L, and 30D-L) as shown in Table II. The
IGDD values in the same case of each type are added together
to represent the overall performance of a constraint-handling
technique (see Figs. 4-6). For example, the experimental
result of ATM in “10D-S” of Fig. 4 denotes the sum of the
IGDD values on NCTP-1 with 10D, NCTP-2 with 10D, and
NCTP-3 with 10D.
From the experimental results of Figs. 4-6, we can give the
following comments:
 Type I: As shown in Fig. 4, CDP and SP perform
similarly in all the four cases. For the test instances
with 10D, CDP and SP performs much better than

ATM, regardless of the size of feasible region.
However, ATM outperforms CDP and SP on the test
instances with 30D. Fig. 7 further illustrates this
phenomenon. This figure shows that the solutions
obtained by ATM are more close to the Pareto front
and have a better distribution. Compared with ATM,
some solutions found by CDP are far away from the
Pareto front, and the solutions obtained by SP are not
well distributed.
 Type II: Similar to type I, in type II CDP and SP
surpass ATM on the test instances with low dimension
(10D). Fig. 8 provides the performance comparison of
ATM, CDP, and SP on NCTP-11 with 10D. However,
ATM and SP are slightly better than CDP on the test
instances with 30D and small feasible regions.
Moreover, ATM ranks the first on the test instances
with 30D and large feasible regions.
 Type III: In the case of 10D-S, CDP is better than SP
and ATM. In terms of 30D-S, SP ranks the first,
followed by ATM, which is further illustrated in Fig. 9.
With regard to 10D-L and 30D-L, the three

constraint-handling techniques show comparable
performance.
 Overall, the increase of the number of decision
variables poses a grand challenge to the three
constraint-handling techniques. In comparison with the
IGDD values of the 10D test instances, the IGDD
values of the 30D test instances decrease significantly.
VI. CONCLUSION AND FUTURE WORK
According to the preliminary experimental comparison in
Section V, the following conclusions can be made according
to the IGDD values of the three constraint-handling
techniques:
 CDP and SP show comparable performance on all test
instances, and they outperform ATM on test instances
with 10D.
 ATM exhibits competitive performance on test
instances with 30D.
It is necessary to note that the above conclusions are
obtained by experiments. In the future, we will further analyze
the advantages and disadvantages of the constraint-handling
techniques on different kinds of CMOPs in principle. On the
other hand, we will design new constraint-handling techniques
to tackle the 18 test instances developed in this paper.
The Matlab source code can be downloaded from Y.
Wang’s homepage: http://ist.csu.edu.cn/YongWang.htm
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