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Abstract. For many-objective optimization problems, how to get a set of solutions with
good convergence and diversity is a diﬃcult and challenging work. To achieve the goal, a
new evolutionary algorithm based on uniform and contraction is proposed. The uniform
design method is utilized to generate the weight vectors. The weight vectors uniformly
distribute over the design space and the size of the weight vectors neither nonlinearly with
the number of objectives nor considers a formulaic setting. Moreover, a sub-population
strategy is used to enhance the local search ability to improve the convergence. The proposed algorithm adopts a ranking method to contract the non-dominance area to determine the best solution of each sub-population. The comparison with the several existing
well-known algorithms: NSGAII, MOEA/D and HypE, on six benchmark functions with
5 to 25 objectives, indicate that the proposed algorithm is able to obtain more accurate
Pareto front with better diversity.
Keywords: Many-objective optimization problems, Decomposition, Uniform design,
Contraction.

1. Introduction. Because there are many problems with several optimization objectives or criteria
in the real world, research on multi-objective optimization problems (MOP) becomes one of the hottest
topics of intelligent computation. Among various multi-objective optimization algorithms, multi-objective
evolutionary algorithms (MOEAs), which make use of the strategy of the population evolution, are an
eﬀective method for solving MOPs. Many algorithms have been proposed in the last twenty years [1-6].
However, most of these algorithms are mainly designed for two or three objectives and are based on
Pareto dominance. For many-objective optimization problems (the number of objectives is more than
4), the experimental studies have shown that the existing MOEAs based on Pareto dominance have poor
ability to solve the many-objective problems [7]. One of the main reasons is the deterioration of the
search ability of these MOEAs. The deterioration occurs due to the increase of the number of objectives
such that in the early stages of evolution there will be a lot of non-dominance solutions. Consequently,
the Pareto dominance-based ﬁtness evaluation cannot generate any selection pressure toward the Pareto
front (PF). Moreover, when the number of objectives increases, the dimensions of PF and proportion of
non-dominated solutions in the population are also increasing, which can lead to diﬃcult to obtain a set
of solutions which have good diversity and converge to the PF for a MOEA. Thus, how to eﬀectively
solve many-objective optimization problems has caused the attention of many scholars and has become
the research hot topic.
Currently, there are mainly there kinds of categories to solve the many-objective problems. The ﬁrst
category utilizes an indicator function, such as the hypervolum [8-10], as the ﬁtness function. This
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kind of algorithms is also referred to as IBEAs (indicator-based evolutionary algorithms), and their high
search ability has been shown in the literature [11]. Bader and Zitzler [12] propose a fast hypervolumebased many-objective optimization algorithm (HypE) which uses Monte Carlo simulation to speed up
approximate the exact hypervolume values. However, one of their main drawbacks is the computation
time for the hypervolume calculation which exponentially increases with the number of objectives [13], and
even if the hypervolume values are calculated by Monte Carlo approximations, its running time is more
than 10 hours after 50000 objective function evaluations for seven-objective problems [14]. This limits
the application of hypervolume indicator-based evolutionary algorithms to many-objective optimization
problems.
A FTTX RoF-WDM wired/wireless transponder system is a conﬁguration that provides both wirelThe
second category takes advantages of solution ranking methods. Speciﬁcally, solution ranking methods are
used to discriminate among solutions in order to enhance the selection pressure toward the PF, which
make sure the solutions are able to converge to the PF. At present, numerous approaches have been
proposed for ranking solutions when dealing with many-objective problems. Bentley and Wakeﬁeld [15]
propose ranking composition methods which extract the separated ﬁtness of every solution into a list of
ﬁtness values for each objective. Kokolo and Hajime [16] propose a relaxed form of dominance (RFD) to
deal with what they called dominant resistant solutions, i.e., these solutions that are extremely inferior
to others in at least one objective, but hardly-dominated. Farina and Amato [17] propose a dominance
relation which takes into consideration the number of objectives where a solution is better, equal and
worse than another solution. Sato et al. [18] propose a method to strength or weaken the selection process
by expanding or contracting the solutions’ dominance area (CDAS). When the dominance of solutions is
contracted, the CDAS can guides the search process to converge to the true PF, and the CDAS has been
used in some MOEAs to improve the convergence (e.g. [19-21]). However, when the CDAS improve the
convergence, it is hard to maintain the diversity.
The third category utilizes the scalarizing functions to deal with the many-objective problem. According to the literatures [22-24], scalarizing function-based algorithms could better deal with many-objective
problems than Pareto dominance-based algorithms. The main advantage of scalarizing function-based
algorithms is the simplicity of their ﬁtness evaluation which can be easily calculated for even the quantity of objectives is huge. The representative MOEA in this category is MOEA/D [25] (multi-objective
evolutionary algorithm based on decomposition), which works well on a wide range of multi-objective
problems with many objectives, discrete decision variables and complicated Pareto sets [26-28]. However,
for many-objective problems, the decomposition-based evolutionary algorithms will face the following two
problems: 1) how to generate a set of uniformly distributed weight vectors to uniformly divide the objective space; 2) how to make each sub-problem to converge to the Pareto optimal solutions. In MOEA/D
[25], the uniformity of the used weighted vectors determines the uniformity of the obtained non-dominated
optimal solutions, however, the used weighted vectors in MOEA/D are not very uniform and the size N
m
of these weighted vectors should satisfy the restriction N = CH+m−1
. Thus N cannot be freely assigned
and it will increase nonlinearly with the increase of m (where m is the number of objectives and H is an
integer.), which restricts the application of MOEA/D to a certain extent in multi-objective optimization
problems. Therefore, for many-objective problems, how to set weight vectors is a very diﬃcult but critical task, and it is necessary to consider an eﬃcient and simple method to produce the weight vectors
[29]. Hughes [30] also considers a similar idea to set the weight vectors. In addition, the angles between
the weight vectors will increase with the number of objectives (too many weight vector can increase the
amount of calculation), which may lead to weak the correlation between the sub-problems and may cause
the convergence performance of decomposition-based algorithms to degrade.
The ranking methods can improve the convergence and the decomposition can maintain the diversity.
Though these two methods are commonly used approaches in many-objective evolutionary algorithms,
but, to our knowledge, they have mostly been used separately. In this paper, an evolutionary algorithm
based on decomposition and a ranking method (EA/UC) is proposed to solve the many-objective optimization problems. Firstly, EA/UC adopts a uniform design method to generate a set of points which are
uniformly distributed on a unit sphere, and these points are the weight vectors. The number of weight
vectors only needs to larger than the number of objectives (In general, the number of the weight vectors
is greater than the number of objectives.). Secondly, a sup-population strategy is used to enhance the
local search ability of the proposed algorithm. We make each sub-problem have a sub-population, each
sub-problem use the information provided by its corresponding sub-population to improve the convergence performance. Then, a selection strategy based on decomposition and the sup-population strategy
is design to carry out the global search and local search. Thirdly, we have designed a new ranking method
based on contraction of the non-dominance area. The ranking method is used in EA/UC to compare
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solutions, which will provide stronger selection pressure toward the PF than Pareto dominance. Fourthly,
an update strategy based on decomposition is proposed to maintain the diversity. We ﬁrstly decompose
the objective space into a set of sub-regions based on a set of weight vectors and then make each subregion have more than one solution to the maximum extent, ﬁnally any solution of each sub-region is
replace by a solution which must locates in the sub-region. Moreover, the experiments demonstrate that
EA/UC can signiﬁcantly outperform MOEA/D, NSGAII-CDAS (NSGAII based on CDAS) and HypE
on a set of test instances.
The rest of this paper is organized as follows: Section 2 introduces the main concepts of the multiobjective optimization; Section 3 presents a new many-objective evolutionary algorithm; while Section 4
shows the experiment results of the proposed algorithm and the related analysis; ﬁnally, Section 5 draws
the conclusions and proposes the future work.
2. Multi-objective Optimization. A multi-objective optimization problem (MOP) can be described
as follows [31]:
{ min F (x) = (f (x), f (x), ..., f (x)), s.t. g (x) ≤ 0, i = 1, 2, ..., β
1
2
m
i
hj (x) = 0,
j = 1, 2, ..., p

(1)

where x = (x1 , ..., xn ) ∈ X ⊂ Rn is called decision variable and X is n-dimensional decision space.
fi (x)(i = 1, ..., m) is the ith objective to be minimized, gi (x)(i = 1, 2, ..., β) deﬁnes the ith inequality
constraint and hj (x)(j = 1, 2, ..., p) deﬁnes the j th equality constraint. Furthermore, all the constraints
determine the set of feasible solutions which are denoted by Ω. To be speciﬁc, we try to ﬁnd a feasible
solution x ∈ Ω minimizing each objective function fi (x)(i = 1, ..., m) in F . In the following, four
important deﬁnitions [32] for multi-objective problems are given.
Definition 2.1. (Pareto dominance): Pareto dominance between solutions x, z ∈ Ω is deﬁned as follow.
If

∀i ∈ 1, 2, ..., m, fi (x) ≤ fi (z)
∧∃i ∈ 1, 2, ..., m, fi (x) < fi (z)

(2)

are satisﬁed, x dominates (Pareto dominate)z (denoted x ≻ z).
Definition 2.2. (Pareto optimal): A solution vector x is said to be Pareto optimal with respect to Ω, if
̸ ∃z ∈ Ω : z ≻ x.
Definition 2.3. (Pareto optimal set (PS)): The set of Pareto optimal solutions (PS) is deﬁned as:
P S = {x ∈ Ω |̸ ∃z ∈ Ω : z ≻ x}

(3)

Definition 2.4. (Pareto front): The Pareto optimal front (P F ) is deﬁned as:
P F = {F (x) | x ∈ P S}

(4)

3. A New Evolution Algorithm Based on Uniform and Contraction. The proposed algorithm
(EA/UC) is speciﬁcally designed to obtain a set of solutions with good diversity and convergence. EA/UC
consists four parts, i.e. space and population decomposition, crossover operations, selection strategy and
update strategy. Space and population decomposition and update strategy are used to maintain the
diversity of the obtained solutions. The crossover operations are used to search the decision space. The
selection strategy can help the obtained solutions to converge to the true PF. In this section, these four
parts are introduced in the following subsection.
3.1. Uniform Design. Uniform design which is proposed by Fang and Wang [33] represents a combination of number theory and numerical analysis. The uniform design method has been successfully
implemented in science, engineering and industries [34-39]. The literature [40] has shown that the uniform design performs better at estimating nonlinear problems than other designs. The foremost goal of
the uniform design method is to ﬁnd a set of points that are uniformly distributed over the design space,
and the set has a small discrepancy. The uniform design method has been used in MOEAs to generate the weight vectors, for example, Leung and Wang [38] use the uniform design method to generate
multiple weight vectors which are uniformly scattered points on a unit hypercube and each point on the
unit hypercube yields a weight vector; the literature [28] uses the uniform design method to yield weight
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vectors and design a uniform design multi-objective evolutionary algorithm based on decomposition for
many-objective optimization problems, but the algorithm only tests ﬁve-objective problems.
In this section, two uniform design methods are brieﬂy introduced. The main goal of a uniform design
is to sample a small set of points from a given closed and bounded set G ⊂ RM such that the sampled
points are uniformly scattered on G. In the following, we consider only two speciﬁc cases of G and
describe the main features of uniform design. For more details, we refer to [33].
We ﬁrst explain the meaning of uniformly scattered points on the set G, which will be done with G
being an m-dimensional unit hypercube,
C = {(θ1 , θ2 , ..., θM ) | 0 ≤ θi ≤ 1, i = 1, ..., M }

(5)

For any given point in C, say r = (r1 , r2 , ..., rM ), a hyper-rectangle between 0 and r, denoted by C(r),
is deﬁned by
C(r) = {(θ1 , θ2 , ..., θM ) | 0 ≤ θi ≤ ri , i = 1, ..., M }

(6)

For a given set of q points in C, suppose that q(e) of these points fall in the hyper-rectangle C(e),
where e = (e1 , e2 , ..., eM ). Then the fraction of the points falling in the hyper-rectangle C(e) is given by
q(e)/q. Since the volume of the unit hypercube is 1, hence, the fraction of volume of this hyper-rectangle
is given by e1 ∗ e2 ∗ ... ∗ eM . The uniform design on C is then deﬁned as determining q points in C such
that the following discrepancy is minimized:
sup q(e)
e∈C |

q

− e1 e2 ...eM |

(7)

Table 1. The corresponding values of parameter δ for diﬀerent values of
q and M
q
5
7
11
13
17
19

23

29

31

200

M
δ
2-4
2
2-6
3
2-10
3
2
5
3
4
4-12
6
2-16
10
2-3
8
4-18
14
2,13-14,20-22 7
8-12
15
3-7,15-19
17
2
12
3
9
4-7
16
8-12,16-24
8
13-15
14
25-28
18
2,5-12,20-30 12
3-4,13-19
22
5
163
10
143
15
51
20,25
101

3.1.1. Uniform Design on [l, u] and C. Let l = (l1 , ..., lM ) and u = (u1 , ..., uM ) be two points of RM ,
where li ≤ ui , i = 1, ..., M .
Denote
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[l, u] = {(θ1 , θ2 , ..., θM ) | li ≤ ui , i = 1, ..., M }

(8)

Finding a set of exactly uniformly scattered points on [l, u] and C is, in general, very diﬃcult, but
there are some eﬃcient methods to look for a set of well approximately uniformly scattered points on
[l, u] and C. One of the simple and eﬃcient methods is the Good-Lattice-Point method (GLP) [33],
which generates a set of q uniformly scattered points on C, denoted by C(q, M ), and a set of q uniformly
scattered points on [l, u], denoted by O(q, M ), respectively, as follows:
Given q and M , determine a number δ (Table I lists the vales of δ for diﬀerent values of q and M ).
Generate a q × M integer matrix called uniform array denoted by
G(q, M ) = [Gij ]q×M , where Gij = (iδ

(j−1)

modq) + 1, i = 1 q, j = 1 M

(9)

Each row of matrix G(q, M ) deﬁnes a point Ci = (ci1 , ci2 , ..., ciM ) of C(q, M ) and a point Oi =
(oi1 , oi2 , ..., oiM ) of O(q, M ) by
2Gij − 1
, oij = lj + cij (uj − lj ), i = 1 q, j = 1 M
2q
C(q, M ) and O(q, M ) are given by
cij =

(10)

C(q, M ) = {Ci | i = 1 q} and O(q, M ) = {Oi | i = 1 q}

(11)

3.1.2. Uniform Design on a Unite Sphere U (m) in Rm . Let
2
= 1, fi ≥ 0, i = 1 m}
U (m) = {(f1 , ..., fm ) | f12 + ... + fm

(12)

denote the nonnegative hyper-quadrant of the unit sphere in the objective space. The main idea
of uniform design on U (m) is mapping q points approximately uniformly distributed on an (m − 1)dimensional unit hyper-rectangle C to q points approximately uniformly distributed on U (m), or mapping
q points approximately uniformly distributed on a subset of C to q points uniformly distributed on a
subset of U (m). A set of q points uniformly distributed on U (m), denoted by D(q, m), can be generated
according to the following steps:
Generate by the formula (11) a set of q uniformly distributed points on C = [0, 1](m−1) or on a subset
of C and denote this set of points by C(q, m − 1) = {Ci = (ci1 , ci2 , ..., c(im−1) ), i = 1 q}. Each row of
matrix C(q, m − 1) deﬁnes a point Di = (di1 , di2 , ..., dim ) of D(q, m) by:

dij =

sin(0.5ci1 π),
if j = m
{ ∏
m−1
cos(0.5c
π),
if j = 1
is
s=1
∏m−j
sin(0.5cim−j+1 π) s=1 cos(0.5cis π), if 2 ≤ j ≤ m − 1

(13)

Then D(q, m) = {Di = (di1 , di2 , ..., dim ), i = 1 q} is a set of q points uniformly distributed on U (m).
Since the computation time and complexity for the discrepancy of a set of weight vectors (Eq. (7))
exponentially increase with the number of objectives, which lead to the optimal value of δ is diﬃcult to
determine a large number of objectives (i.e., m ≥ 20). In this paper, our goal is to ﬁnd a set of weight
vectors uniformly distributed on a nonnegative hyper-quadrant of a unit sphere, so the optimal value
of δ should be determined by the discrepancy of D(q, m) not G(q, M ). Moreover, note that the set of
weight vectors are on the nonnegative hyper-quadrant of the unit sphere, so the discrepancy of D(q, m)
can be replaced by inverted generational distance (IGD [41]) of D(q, m). Let P ∗ be a set of uniformly
distributed points on U (m), the inverted generational distance from P ∗ to D(q, m) is deﬁned as:
∑
( ∗
)
∗ d(v, D(q, m))
(14)
IGD P , D(q, m) = v∈P
|P ∗ |
where d(v, D(q, m)) is the minimum Euclidean distance between v and the points in D(q, m). If |P ∗ |
is large enough to represent the U (m) very well, IGD(P ∗ , D(q, m)) could measure both the diversity and
convergence of D(q, m) in a sense. Because the points of D(q, m) are on the U (m), so the smaller value
of IGD(P ∗ , D(q, m)) is, the better the diversity of D(q, m) will be. Thus, the IGD can simply and well
measure the diversity of D(q, m) such that the optimal value of δ can be readily determined here.
Note that the optimal value of δ can be readily determined in the uniform design method such that
a set of uniformly distributed weight vectors can be easily generated. Moreover, the number of weight
vectors only needs to larger than the number of objectives. In general, the number of the weight vectors
is larger than the number of objectives. Hence, the uniform design method can easily generate a set
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of uniformly distributed weight vectors and its size can get any number greater than the number of
objectives.
3.2. Space and Population Decomposition. The objective space Ω of a MOP is decomposed into a
set of sub-regions Ω1 , Ω2 , ..., ΩN based on a set of weight vectors and a sub-population strategy is used,
so obtained solutions are classiﬁed to ensure each sub-region owns K solutions (K is the size of each
sub-population, and there are N sub-populations in this work.). Speciﬁcally, for a given set of weight
vectors γ 1 , γ 2 , ..., γ N (where N is the number of the weight vectors) which are generated by the uniform
method of Subsection 3.1.2, the current obtained solutions P OP and the objective space are classiﬁed
by the following equations:
P i = {x | x ∈ P OP, ∆(F (x), γ i ) = max1≤j≤N {∆(F (x), γ j )}}
γ i ∗(F (x)−Z)T
∆(F (x), γ i ) = ∥γ
i ∥∗∥F (x)−Z∥ , i = 1., , , .m

(15)

Ωi = {F (x) | x ∈ Ω, ∆(F (x), γ i ) = max {∆(F (x), γ i )}}

(16)

1≤j≤N

where Z = (Z1 , ..., Zm ) is a reference point with Zi = min{fi (x) | x ∈ Ω}; ∆(F (x), γ i )} is the cosine
of the angle between γ i and F (x) − Z. The solution set P OP is divided into N classes P 1 , P 2 , ?, P N by
Eq. (15) and the objective space Ω is divided into N sub-regions Ω1 , ..., ΩN by Eq. (16). If the number
of P i (1 ≤ i ≤ N ) is smaller than K, some solutions are randomly selected from P OP and put into P i ,
which makes each sub-region have more than K solutions so that the diversity of obtained solutions is
improved and useful information is provided to optimize each sub-region.
Note that above decomposition method has the following properties:
1) The PFs of all these sub-regions constitute the PF of problem (1)
2) Since the PS of each sub-region is just a small part of the PS of problem (1), it could be close to
linear even when the whole PS of problem (1) has a nonlinear geometric shape. Therefore, in terms of
PS shapes, Eq. (15) and (16) make problem (1) simpler than before.
3) This classiﬁcation (decomposition) method does not require any aggregation methods, and it just
requires the user to choose a set of weight vectors. Therefore, to some extent, it requires little computation.
3.3. New Method Based on Contraction of the Non-dominance Area. We have proposed a
ranking method based on the contraction of the non-dominance area [50] to enhance the selection pressure
toward the PF for many-objective optimization problems. The proposed method controls the levels of
contraction or expansion of the dominance area of solutions by modifying the ﬁtness value of a solution
for each objective function. After modifying the ﬁtness values of each solution, the dominance relation
changes that originally are non-dominated become dominated by others. The modiﬁcation of the ﬁtness
value of a solution x is deﬁned by:
(17)
fi′ (x) = r(max(sin(ωi ), cos(ωi )))H (i = 1, ..., m)
′
′
(z)),
where r = ∥F (x)∥, cos(ωi ) = (fi (x))/∥F (x)∥, H > 0. If (f1′ (x), ..., fm
(x)) dominates (f1′ (z), ..., fm
′
′
the solution x is better than the solution z; if (f1′ (x), ..., fm
(x)) and (f1′ (z), ..., fm
(z)) do not dominate
each other, the solutions x and z also do not dominate each other.
H is a user-deﬁned parameter which allows to control the dominance area of the solution x along the
ith dimension. The size of the non-dominance area of the solution x will becomes large (small) when H
becomes small (large). When the non-dominance area of a solution is contracted, the number of PFs will
decrease and ranking of solutions by non-dominance will become coarser, which can enhance the selection
pressure.
3.4. Update Strategy based Decomposition for POP. In this section, a update strategy based
decomposition and a sub-population strategy is proposed to maintain the diversity of obtained solutions
and improve the convergence. After POP and the objective space Ω are classiﬁed, each weight vector has
a set of solutions which is the sub-population of the corresponding sub-objective space. Then the ranking
method in Section 3 is used to rank the solutions of each sub-population. And how to determine the best
solution of each sub-population is ﬁrstly introduced. For each sub-region Ωi of POP (each sub-region
corresponding to a sub-population), the details of determining the best solution of each sub-population
are as follows
1) If the sub-region Ωi is empty, the solution whose objective vector has the smallest angle to the weight
vector γ i among the P i is deﬁned as the current best solution of the sub-population.
2) If the sub-region is not empty, there are two situations. If there is only one solution in this sub-region,
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the solution is the current best solution of the P i . If there are two or more solutions in this sub-region,
these solutions are ﬁrstly ranked by the ranking method. Then the solution of the ﬁrst front whose
objective vector has the smallest angle to the weight vector γ i corresponding to this sub-region is deﬁned
as the current best solution of the sub-population.
Note that, if a sub-population does not have K solutions, some solutions are randomly selected from
POP to put the sub-populations such that each sub-population has K solutions, and the best solution is stored as the K th solution. Thus, all N ×K solutions can be denoted as (x1 , ..., xK , ..., x(N −1)×K+1 , ..., xN ×K ),
where (x(i−1)×K+1 , ..., xi×K ) are solutions of ith sub-population and xi×K is the best solution of the subpopulation. The update strategy for the N × K solutions is introduced as follows. For a new solution y
which belong to the sub-region Ωi , there are two cases:
1) If some solutions of the sub-region Ωi do not belong to the sub-region, a solution which does not belong
to the sub-region Ωi among the ith sub-population is deleted from the sub-population and y is put into
the sub-population, and newly determine the best solution of the sub-population.
2) If all solutions of the sub-region Ωi belong to the sub-region and the new solution y is better than the
solution xK×i under the strategy which is used to determine the best solution of each sub-population,
then a solution is randomly selected from {x(i−1)×K+1 , ..., x(i−1)×K+K−1 } and replaced by xK×i , and
xK×i is replaced by y.
It can be seen that the update strategy has the following properties: 1) It makes each sub-region have
K solutions. This can improve the diversity of the solutions of POP in objective space. 2). If both the
non-dominated and dominated solutions exist in a sub-region, a non-dominated solution is chosen and
kept. This can help solutions to converge to PF fast. 3) The objective vector of the best solution has
the smallest angle to the weight vector of the corresponding sub-region. This can make the solutions in
POP distribute relatively evenly in objective space. 4) The new solution only compares with the best
solution of the corresponding sub-population, which reduce the consumption of computation. 5) After
the best solution of a sub-population is updated, some a solution of the sub-population is also updated,
which improve the quality of solutions in the sub-population to eﬀectively optimize the best solution of
the sub-population.
3.5. Crossover Operations. In this algorithm, a diﬀerential evolution (DE) [42] operator and a simpliﬁed quadratic approximation (SQA) are used as the crossover operations. For three given solutions
xr1 , xr2 , xr3 , they generate a new solution by the following formula:
xnew
=
i

{ xr1 + F (xr2 − xr3 ), if rand(0, 1) < CR
i
i
i
otherwise
xr1
i ,

(18)

where F ∈ [0, 2] is a scale factor which controls the length of the exploration vector (xr2 − xr3 ); CR
th
is a constant value namely crossover rate; i = 1, ..., n and xr1
component of xr1 . The
i indicates the i
main goal of DE is to perform the global search in this algorithm.
SQA [43-44] is a simple and eﬀective search method and does not require the diﬀerential coeﬃcient
of the objective function. SQA is used in [43] to perform the global search, while [44] uses SQA as the
local search operator to improve the performance of Price algorithm. In this algorithm, the main goal of
SQA is to carry out the local search. To implement SQA, a MOP is transformed into a single objective
problem by a weight vector and an aggregate function. In this work, the aggregate function is described
as following:
minimize
x∈Ω

g T E (x | λ, Z ∗ ) = max {|fj (x) − zj∗ |/λj }
1≤j≤m

(19)

∗
where λ = (λ1 , ..., λm ) is a weight vector and Z ∗ be the reference point, i.e., Z ∗ = (z1∗ , ..., zm
),
= min{fi (x) | x ∈ Ω} for each i = 1, ..., m. The Eq. (19) is a variant of Tchebycheﬀ approach. If the
∗
optimal solution x∗i of (19) is the Pareto optimal solution of (1), then (f1 (x∗i ) − z1∗ ) : ... : (fm (x∗i ) − zm
)=
λ1 : ... : λm . EA/UC uses (21) as the aggregation function to convert a MOP into a number of scalar
optimization problems.
For three given solutions x1 , x2 , x3 , weight vector λ = (λ1 , ..., λm ) and the reference point Z ∗ , and
assume g T E (x1 | λ, Z ∗ ) = g 1 < g T E (x2 | λ, Z ∗ ) = g 2 < g T E (x3 | λ, Z ∗ ) = g 3 , the new solution
xnew = (xnew
, ..., xnew
n ) is generated by the following formula:
1

z1∗

xnew
=
i

0.5{[(x1i )2 − (x3i )2 ]g 2 + [(x3i )2 − (x2i )2 ]g 1 + [(x2x )2 − x(i1 )2 ]g 3 }
, i = 1, ..., n
(x1i − x3i )g 2 + (x3i − x2i )g 1 + (x2i − x1i )g 3

(20)
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3.6. Selection Strategy. The selection strategy has a great impact on the performance of local search
and global search, thus an appropriate selection strategy can improve the performance of an algorithm.
In this work, the selection strategy based on the decomposition and sub-population strategy is designed
to achieve the goal. Firstly, compute the Euclidean distance between any two weight vectors and then
work out the T closet weight vectors to each weight vector [27]. For each i = 1, ..., N , set B(i) =
K ∗ i1 , ..., K ∗ iT where λi1 , ..., λiT are the T closet weight vectors to λi and K is sub-population size.
Then set

P =

if rand1 < p1
{ {(i − 1) ∗ K + 1, ..., i ∗ K},
{ B(i),
if rand2 < J
, otherwise
{K ∗ 1, ..., K ∗ N }, otherwise

(21)

where rand1 and rand2 are two random number and their scope is [0, 1], p1 and J are two parameters.
J is set to 0.9 as the same in [27]. When P is set, randomly select two indexes r2 and r3 from P . If
two indexes r2 and r3 are selected from {(i − 1) ∗ K + 1, ..., i ∗ K}, then generate a solution from xK∗i ,
xr2 and xr3 by Eq. (20), where the weight vector of the aggregate function (Eq. (19)) is λi ; otherwise,
generate a solution from xK∗i , xr2 and xr3 by Eq. (18).
{ B(i),
if rand2 < J
If P is set to
, the local search and global search are carried
{K ∗ 1, ..., K ∗ N }, otherwise
out, however, for many-objective optimization problems, the performance of this local search may be
poor, which is because the correlation between the sub-problems becomes weaken and the information
provided by the neighbor of a sub-problems does not eﬀectively optimize the sub-problem. If P is set to
{(i − 1) ∗ K + 1, ..., i ∗ K}, the local search is implemented to enhance the performance of local search
and improve the convergence.
In this work, we adapt the following formula to set the value of p1:
0.9 ∗ f Z
(22)
max f z
where f z is the current total number of function evolutions and maxf z is the maximal number of
function evaluations. In the early stages of algorithm, the global search is mainly carried out, and more
local search is performed with the increase of number of function evaluations.
p1 =

3.7. Steps of the Proposed Algorithm. Based on all above, a new evolutionary algorithm based on
decomposition and the ranking method (EA/UC) is proposed and the steps of algorithm EA/UC are as
follows: Input:
N: the number of weight vectors (the sub-problems);
K: the size of the sub-population;
T: the number of weight vectors in the neighborhood of each weight vector, 0 < T < N ;
λ1 , λ2 , ..., λN : a set of N uniformly distributed weight vectors;
Output: Approximation to the PF: {F (xK ), F (x2∗K ), ..., F (xN ∗K )}
Step 1. Initialization:
Step 1.1. Generate an initial population x1 , x2 , ..., xN ∗K randomly or by a problem-speciﬁc method.
Step 1.2. Initialize Z = (z1 , ..., zm ) by a problem-speciﬁc method.
Step 1.3 Divide the initial population into N classes by Eq. (15) and each class has K solutions, and
then determine the best solution of each class (sub-population) by modifying ﬁtness function value of
each objective via the ranking method and the strategy of Subsection 3.4.
Step 1.4. Compute the Euclidean distances between any two weight vectors and the work out the T closet
weight vectors to each weight vector. For each i = 1, ..., N , set B(i) = {i1 , ..., iT }, where λi1 , ..., λiT are
the T closest weight vectors to λi .
Step 2. Update:
For i = 1, ..., N , do
Step 2.1. Reproduction: Randomly select two indexes r2 and r3 from P which is determined by the
strategy of Subsection 3.6, then generate a set of new solution y from xK∗i , xr2 and xr3 by using the
crossover operators.
Step 2.2. Mutation: Apply a mutation operator on y to produce y ′ . Step 2.3. Update of Z: For
k = 1, ..., m, if zk < fk (y ′ ), then set zk = fk (y ′ ).
Step 2.4. The sub-region which the solution y ′ belongs to is determined by the Eq. (15). The corresponding sub-population is updated by the update strategy of Subsection 3.4.
End for.
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Step 3. Stopping Criteria: If stopping criteria is satisﬁed, then stop and output F (xK ), F (x2∗K ), ..., F (xN ∗K );
otherwise, go to Step 2.
4. Experimental Study. In this section, EA/UC will be compared with three well known algorithms:
multi-objective evolutionary algorithm based on decomposition (MOEA/D [27]), non-dominated sorting genetic algorithm II based on control the dominance area of solutions (NSGAII-CDAS) and fast
hypervolume-based many-objective optimization algorithm (HypE) through experiments. The experiments are conducted on six widely used and challenging enough many-objective benchmark problems.
4.1. Test Problems. Among six benchmark problems, four scalable test problems DTLZ1, DTLZ2,
DTLZ3 and DTLZ4 of the DTLZ family [45] which is set of test problems often used in the analysis
of MOEAs. They are selected for this study because they have the following important advantages: 1)
they are easy to construct; 2) convergence and diversity are diﬃcult to be controlled; 3) they can be easy
scaled to any number of decision variables and objectives; 4) the global PF is known analytically and they
have many local PFs. DTLZ1 has (11n−m+1 − 1) local PFs and DTLZ3 has (3n−m+1 − 1) local PFs [45].
The DTLZ1 and DTLZ3 problems can be used to investigate the global search ability of the algorithms
and the ability to solve large numbers of objectives problems. All local PFs are parallel to the global
PF. F1 and F2 with variable complicated PS shapes are used by Tan [28]. This class of functions with
complicated PS shapes is proposed by Zhang [27] and is used as the test instances of the unconstrained
MOEA competition in CEC 2009 [46]. It has been shown that these complicated PS shapes, as well as
the geometrical shapes of the PF, can cause diﬃculty for MOEAs [47]. The F1 and F2 problems are used
in order to investigate the ability of EA/UC to search the decision space.
4.2. Parameter Settings. The experiments are carried out on a personal computer (Intel Xeon CPU
2.53GHz, 3.98G RAM). The solutions are all coded as real vectors. Polynomial mutation [48] operators
and diﬀerential evolution (DE) [42] are applied directly to real vectors in three algorithms, i.e. EA/UC,
MOEA/D and NSGAII-CDAS. The crossover rate and scaling factor in DE operator are set to 1.0 and 0.5,
respectively. The aggregate function of MOEA/D is the Tchebycheﬀ approach [27], and weight vectors
are generated by using the uniform design method for MOEA/D and EA/UC. The number of the weight
vectors in the neighborhood in MOEA/D and EA/UC is set to 20 for all test problems. The parameter
of the ranking method H is set to 0.75. The parameter of CDAS is set to 0.25 for NSGAII-CDAS.
The parameters of HypE are the same as [12]. For each algorithm, 20 independent runs are performed
with population size of 200 for all these instances. The maximal number of function evaluations is set
to 400000 for all test problems. The values of default parameters are the same as in the corresponding
papers.
4.3. Experimental Measures. In this paper, the following three performance metrics are used to
compare the performance of the diﬀerent algorithm quantitatively: generational distance (GD) [41],
inverted generational distance (IGD) [41] and Wilcoxon Rank-Sum Test [49]. GD measures how far the
known Pareto front is away from the true Pareto front. If GD is equal to 0, all points of the known
PF belong to the true PF. GD allows us to observe whether the algorithm can converges to some region
in the true PF. IGD measures how far the true PF is away from the known PF. If IGD is equal to 0,
the known PF contains every point of the true PF. IGD shows whether points of the known PF are
evenly distributed throughout the true PF. Here, GD and IGD indicators are used simultaneously to
observe whether the solutions are distributed over the entire PF. In experiments, we randomly generated
100000 uniformly distributed optimal solutions which compose of the true PF for all problems. Wilcoxon
Rank-Sum test [49] is used in the sense of statistics to compare the mean IGD and GD of the compared
algorithms. It test whether the performance of EA/UC on each test problem is better (”+”), same (”=”),
or worse (”-”) than/as that of the compared algorithms at a signiﬁcance level of 0.05 by a two-tailed test.
4.4. Comparisons of EA/UC with MOEA/D, NSGAII-CDAS and HypE. In this section, some
simulation results are presented in Tables II and III on six test problems with 5-25 objectives respectively,
and the comparisons are made which demonstrate the performance of EA/UC. The comparisons mainly
focus on two aspects: 1) the convergence of the obtained solutions to the true Pareto optimal front; 2)
the diversity of the non-dominated solutions.
Table II and Table III show the mean and standard deviation of the IGD metric and GD metric
obtained by these four algorithms for these six test problems with 5-25 objectives respectively, and
Wilcoxon test for pair wise comparisons of algorithms on each test instance are also shown in Tables II
and III. DTLZ1-k represents that the number of objectives adopted in DTLZ1 is k.
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It can be seen from Table II that, for the Wilcoxon test of the IGD metric, EA/UC outperforms
MOEA/D, NSGAII-CDAS and HypE on these all test problems. From the Table II, we also can see that
the mean values of IGD obtained by MOEA/D are much smaller than those obtained by NSGAII-CDAS
and HypE for these all test problems, which indicates that for these test problems, MOEA/D can obtain
solutions with better diversity than NSGAII-CDAS and HypE. However, the mean values of IGD obtained
by EA/UC are much smaller than those obtained by MOEA/D, especially, e.g., for problem DTLZ3 with
10-25 objectives, the mean value of IGD obtained by EA/UC is smaller at least 70% than that obtained
by MOEA/D. These indicate that for these test problems, the solutions obtained by EA/UC have better
coverage than those obtained by other three algorithms and have good convergence. These also imply
that the proposed update strategy based on decomposition and the sub-population is good at maintaining
the diversity and the proposed algorithm has a good convergence.
We can see from Table III that, for the Wilcoxon test of the IGD metric, EA/UC outperforms MOEA/D
on twenty-nine problems, outperforms NSGAII-CDAS on ﬁfteen problems, and outperforms HypE on
twenty-two problems, performs worse than NSGAII-CDAS on twelve problems and HypE on seven problems (a total of thirty problems). These results indicate EA/UC can obtain better convergence than
MOEA/D, NSGAII-CDAS and HypE on most problems. From the table, we can also see that the mean
values of GD obtained by EA/UC are smaller than those obtained by MOEA/D for these all problems,
which indicate that EA/UC has better convergence performance than MOEA/D on these problems. For
NSGAII-CDAS and HypE, though the mean values of GD obtained by them are much smaller than those
obtained by EA/UC for some problems, but the mean values of IGD obtained by they are much larger
than those obtained by EA/UC, which imply that solutions obtained by them may concentrate in some
regions of the PF.
In summary, the comparisons of the simulation results of these four algorithms show that EA/UC is
able to obtain a set of solutions with better diversity and good convergence, and EA/UC has a better
performance than MOEA/D for all these problems.
where ”+” means that EA/UC outperforms its competitor algorithm, ”-” means that EA/UC is
outperformed by its competitor algorithm, and ”=” means that the competitor algorithm has the same
performance as EA/UC.
4.5. The Sensitivity Analysis to Parameters. The parameter of the ranking method H, the subpopulation size K and the number of neighbors T are three main control parameters of the proposed
algorithm EA/UC. To study the sensitivity of the parameters in the proposed algorithm EA/UC, we have
to test diﬀerent settings of the parameter in the implementation of EA/UC.
”+” means that EA/UC outperforms its competitor algorithm, ”-” means that EA/UC is outperformed
by its competitor algorithm, and ”=” means that the competitor algorithm has the same performance as
EA/UC.
In the experiments of the sensitivities of the parameters (i.e., H, K and T), we have tested diﬀerent
settings of the parameters in the implementation of EA/UC on two typical problems DTLZ1-10 and
DTLZ3-10 (they have many local PFs). In the experiments, we use diﬀerent values of H from 0.2 to 15,
use diﬀerent values of K from 3 to 40, and use diﬀerent the numbers of neighbors from 4 to 100, other
parameters are same as those in Subsection 6.2, respectively.
Fig. 1 and Fig. 2 respectively show the variations of the values of GD and IGD with the diﬀerent
values of H, K and T on two typical problems DTLZ1-10 and DTLZ3-10.
It can be seen from Fig. 1 and Fig. 2 that, for diﬀerent values of H, the values of GD and IGD only have
a little bit variation on DTLZ1-10, but have a big variation on DTLZ3-10 when the value of H is more
than 1, which indicate that EA/UC with a small value of H (smaller than 1) will has a good performance,
thus the value of H should be set to smaller than 1; for diﬀerent values of K and T , the values of GD and
IGD only have a little bit variation, which indicates that the proposed algorithm EA/UC is not sensitive
to the two parameters. Moreover, the space complexity of EA/UC will be increases with the K and T ,
thus the values of K should be smaller than 10 and the values of T should be smaller than 20 to reduce
the space complexity and keep the performance of the proposed algorithm.
5. Conclusion. In this paper, a new uniform evolutionary algorithm based on uniform and contraction
is proposed to obtain a set of solutions with good convergence and diversity for many-objective optimization problems. In order to maintain the diversity of obtained solutions, an update strategy based
on decomposition is designed. The objective space of a MOP is ﬁrstly divided into a set of sub-regions
by a set of weight vectors which is generated by a uniform design. The uniform design method can
generate a set of uniformly distributed weight vectors with the minimum value of IGD, and the number
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Table 2. IGD obtained by EA/UC, MOEA/D, NSGAII-CDAS and HypE
Instance
DTLZ1-5
DTLZ1-10
DTLZ1-15
DTLZ1-20
DTLZ1-25
DTLZ2-5
DTLZ2-10
DTLZ2-15
DTLZ2-20
DTLZ2-25
DTLZ3-5
DTLZ3-10
DTLZ3-15
DTLZ3-20
DTLZ3-25
DTLZ4-5
DTLZ4-10
DTLZ4-15
DTLZ4-20
DTLZ4-25
F1-5
F1-10
F1-15
F1-20
F1-25
F2-5
F2-10
F2-15
F2-20
F2-25

EA/UC
Mean
Std
0.0417 0.0009
0.0409 0.0005
0.0607 0.0008
0.0632 0.0028
0.0617 0.0053
0.1458 0.0007
0.2008 0.0019
0.2321 0.0039
0.2517 0.0046
0.2519 0.0059
0.1331 0.0011
0.2028 0.0020
0.2276 0.0032
0.2466 0.0043
0.2542 0.0102
0.1456 0.0009
0.2017 0.0007
0.2308 0.0042
0.2546 0.0053
0.2502 0.0049
0.1445 0.0010
0.1994 0.0012
0.4455 0.0018
0.4633 0.0034
0.4616 0.0047
0.0734 0.0008
0.0860 0.0018
0.1156 0.0025
0.1259 0.0071
0.1480 0.0362

MOEA/D
Mean
Std
0.0590(+) 0.0045
0.0830(+) 0.0060
0.1044(+) 0.0116
0.0981(+) 0.0075
0.0975(+) 0.0066
0.1678(+) 0.0120
0.2880(+) 0.0257
0.3292(+) 0.0214
0.3300(+) 0.0461
0.3458(+) 0.0449
0.1569(+) 0.0028
0.3561(+) 0.0372
0.4614(+) 0.0701
0.7186(+) 0.0302
0.7471(+) 0.0046
0.1659(+) 0.0080
0.2929(+) 0.0256
0.3518(+) 0.0297
0.3279(+) 0.0181
0.3397(+) 0.0324
0.1634(+) 0.0109
0.3357(+) 0.0308
0.5640(+) 0.0785
0.6691(+) 0.0240
0.6926(+) 0.0174
0.1080(+) 0.0027
0.1808(+) 0.0227
0.2902(+) 0.0452
0.3658(+) 0.0207
0.3756(+) 0.0203

NSGAII-CDAS
Mean
Std
0.1359(+) 0.0190
0.1209(+) 0.0221
0.1379(+) 0.0332
0.1652(+) 0.0374
0.1610(+) 0.0234
1.1097(+) 0.2259
0.9251(+) 0.2462
1.0240(+) 0.2840
1.1762(+) 0.1467
1.2154(+) 0.1792
1.0058(+) 0.2559
0.9322(+) 0.2828
0.9794(+) 0.3951
0.5750(+) 0.1143
0.7672(+) 0.2920
1.1737(+) 0.2395
1.1984(+) 0.2579
1.2936(+) 0.1002
1.0223(+) 0.3849
0.9548(+) 0.2005
1.1512(+) 0.1068
1.3108(+) 0.1522
0.7438(+) 0.0027
0.7332(+) 0.0075
0.7392(+) 0.0019
0.4860(+) 0.1008
0.5325(+) 0.0446
0.4887(+) 0.0588
0.4597(+) 0.0367
0.5099(+) 0.0166

HypE
Mean
Std
0.1741(+) 0.0453
0.5271(+) 0.0358
0.3113(+) 0.0258
0.5570(+) 0.0368
0.3892(+) 0.0248
0.4192(+) 0.0616
0.6492(+) 0.0414
0.6593(+) 0.1015
0.6827(+) 0.1164
0.7398(+) 0.1731
0.5007(+) 0.0564
0.7398(+) 0.0365
0.7525(+) 0.1753
0.7506(+) 0.0984
0.7459(+) 0.1230
0.4807(+) 0.0271
0.6494(+) 0.0605
0.6548(+) 0.0893
0.6987(+) 0.1149
0.7120(+) 0.1708
0.6995(+) 0.0049
0.7069(+) 0.0139
0.7532(+) 0.0273
0.7800(+) 0.0479
0.8923(+) 0.0482
0.6324(+) 0.0097
0.6450(+) 0.0034
0.6512(+) 0.0283
0.7360(+) 0.0695
0.8719(+) 0.0318

Figure 1. (a) Sensitivity of H on DTLZ1-10 and DTLZ3-10; (b) Sensitivity
of K on DTLZ1-10 and DTLZ3-10; (c) Sensitivity of T on DTLZ1-10 and
DTLZ3-10.
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Table 3. GD obtained by EA/UC, MOEA/D, NSGAII-CEAS and HypE
Instance
DTLZ1-5
DTLZ1-10
DTLZ1-15
DTLZ1-20
DTLZ1-25
DTLZ2-5
DTLZ2-10
DTLZ2-15
DTLZ2-20
DTLZ2-25
DTLZ3-5
DTLZ3-10
DTLZ3-15
DTLZ3-20
DTLZ3-25
DTLZ4-5
DTLZ4-10
DTLZ4-15
DTLZ4-20
DTLZ4-25
F1-5
F1-10
F1-15
F1-20
F1-25
F2-5
F2-10
F2-15
F2-20
F2-25

EA/UC
Mean
Std
0.033 0.0006
0.0232 0.0004
0.0403 0.0005
0.0443 0.0009
0.0653 0.0025
0.029 0.0009
0.0879 0.0027
0.1184 0.0028
0.1732 0.0065
0.1749 0.0039
0.0466 0.0012
0.0922 0.0036
0.1334 0.0077
0.2005 0.0237
0.1797 0.0045
0.0294 0.0006
0.0837 0.0041
0.1179 0.0071
0.1688 0.0066
0.1765 0.0055
0.0516 0.0016
0.0982 0.0051
0.508 0.0115
0.609 0.0547
0.5569 0.0503
0.0266 0.0019
0.0488 0.0018
0.1087 0.0019
0.1389 0.0038
0.1551 0.0236

MOEA/D
Mean
Std
0.0396(=) 0.0013
0.0994(+) 0.0047
0.1773(+) 0.0058
0.1849(+) 0.0212
0.1734(+) 0.0108
0.0444(+) 0.0014
0.2932(+) 0.0092
0.5304(+) 0.0545
0.5483(+) 0.0662
0.5609(+) 0.0939
0.0656(+) 0.0017
0.3127(+) 0.0175
0.5794(+) 0.0398
0.9208(+) 0.0661
1.1308(+) 0.0351
0.0446(+) 0.0028
0.2990(+) 0.0084
0.5544(+) 0.025
0.5432(+) 0.0453
0.5622(+) 0.0564
0.0804(+) 0.0022
0.3120(+) 0.0091
0.6411(+) 0.0465
0.9512(+) 0.031
1.1630(+) 0.0195
0.0410(+) 0.0028
0.1868(+) 0.009
0.4262(+) 0.0199
0.5802(+) 0.0164
0.6198(+) 0.0293

NSGAII-CDAS
Mean
Std
0.0291(−) 0.0025
0.0201(=) 0.0069
0.0180(−) 0.0052
0.0167(−) 0.0058
0.0190(−) 0.0056
0.0493(+) 0.0481
0.0137(−) 0.0188
0.1070(=) 0.2271
0.2360(+) 0.4678
0.4258(+) 0.6205
0.0000(−)
0
0.2368(+) 0..3386
0.3618(+) 0.4955
0.0004(−) 0.0002
0.0216(−) 0.047
0.0880(+) 0.0552
0.2199(+) 0.3327
0.4684(+) 0.5673
0.3580(+) 0.5138
0.0114(−) 0.0214
0.0903(+) 0.0767
0.3670(+) 0.2803
0.0014(−) 0.0006
0.0050(−) 0.002
0.0041(−) 0.0016
0.0259(=) 0.0034
0.1492(+) 0.0137
0.2144(+) 0.0131
0.2278(+) 0.0207
0.2288(+) 0.0091

HypE
Mean
Std
0.0356(=) 0.0089
0.0263(+) 0.0097
0.0455(+) 0.0078
0.0592(+) 0.0134
0.0273(−) 0.0248
0.0651(+) 0.0444
0.2134(+) 0.069
0.6325(+) 0.0807
0.7014(+) 0.0715
0.8418(+) 0.0926
0.0970(+) 0.0456
0.3644(+) 0.0714
0.9975(+) 0.0954
0.9948(+) 0.0943
0.9324(+) 0.1026
0.0679(+) 0.0541
0.2829(+) 0.0704
0.6642(+) 0.0986
0.7964(+) 0.0871
0.8452(+) 0.1077
0.0282(−) 0.0341
0.0387(−) 0.0815
0.0531(−) 0.0906
0.2194(−) 0.0127
0.4526(−) 0.0913
0.0375(−) 0.0425
0.3200(+) 0.0467
0.3409(+) 0.0339
0.5529(+) 0.0379
0.6657(+) 0.0372

Figure 2. (a) Sensitivity of H on DTLZ1-10 and DTLZ3-10; (b) Sensitivity
of K on DTLZ1-10 and DTLZ3-10; (c) Sensitivity of T on DTLZ1-10 and
DTLZ3-10.
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of weight vectors will not be controlled by the number of objectives with this design method. Thus, the
method is suitable for large objectives problems. Secondly, this update strategy makes each sub-region
have more than one solution to the maximum extent and makes a solution of a sub-region be replaced
by fresh solution which must belong to the sub-region. In addition, in order to obtain a set of solutions
with good convergence, the ranking method is used to enhance the selection pressure toward the true PF;
thirdly, a sub-population strategy is used to increase the local search ability, the information provided by
the sub-population can eﬀectively optimize the corresponding sub-problem, then a simpliﬁed quadratic
approximation is used to carry out the local search to improve the convergence. The experimental results show that, with these schemes, the proposed algorithm is able to search well in continuous domain,
and achieve accurate Pareto sets and wide Pareto fronts eﬃciently. Moreover, compared with three well
known algorithms MOEA/D, NSGAII-CDAS and HypE, simulation results showed that the proposed
algorithm is able to ﬁnd much better spread of solutions and these solutions have better convergence to
the true PF. In the future, how to improve the eﬃciency of the algorithm is still to be studied.
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