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Introduction

Multi-objective optimisation problems are the problems
with two or three objectives, which can be seen in many
research areas (Ma, 2018; Arloff et al., 2018), such as:
engineering economics, image processing, scheduling and
so on. In complex application, two or three objectives
problem than one objective is more suitable for the practical
requirement. However, these objectives in MOPs often
conflict with each other and there does not exist one
solution which can minimise all objectives at the same time.
To tackle the problem, a set of trade-off candidate solutions
are usually needed to find the approximate Pareto front in
MOPs.
In the past decades, many efficient algorithms have been
proposed, such as pigeon-inspired optimisation algorithm
(Zhang et al., 2019), bat algorithm (Cai et al., 2016; Cui
et al., 2018a; Cai et al., 2018), cuckoo search algorithm (Niu
et al., 2018; Zhang et al., 2018b; Abdel-Baset et al., 2018)
firefly algorithm (Yu and Feng, 2018; Wang et al., 2017; Lv
et al., 2018), particle swarm optimisation (Bougherara et al.,
2018), artificial bee colony algorithm (Amiri and Dehkordi,
2018). In addition, they have been successfully applied into
different practical issues (Cui et al., 2017a, 2017b, 2018b).
However, these methods are population-based algorithms
and exhibit less efficient performance than evolutionary
algorithms, which are more applicable to MOPs.
Researchers have contributed a lot to multi-objective
evolutionary algorithms (MOEAs). Three frameworks have
become mainstreams in MOEAs:
1
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MOEAs based on dominance, like NSGA-II (Deb et al.,
2002) and SPEA2 (Zitzler et al. 2001), they select and
update individuals based on dominant relationship
among the solutions;
MOEAs based on indicator, like HypE (Emmerich
et al., 2005; Bader and Zitzler, 2014), are proposed to
guide a fast search to approximate the real hypervolume
value (HV). In addition, IBEA (Wagner et al., 2007) is
also a MOEA based on indicator.
MOEAs based on decomposition, like MOEA/D
(Zhang and Li, 2007), are based on the one
decomposition approach such as the TCH, which
convert MOPs into a number of scalar optimisation
sub-problems. Different from other MOEAs, MOEA/D
has less computational cost because all the
sub-problems are solved simultaneously.

A neighbourhood relation defined among the sub-problems
to help to increase efficiency. For each sub-problem, its
neighbourhood relation consists of a certain amount of
sub-problems. Compared with other algorithms, the most
obvious features of MOEA/D are that it not only replaces
itself, but also replaces its neighbourhood. It is a
co-evolution mechanism. In the course of evolution, the
‘good pheromone’ from neighbourhood serves to precipitate
algorithmic rate of convergence.
MOEA/D has shown great performance in CEC2009
competitions (Zhang et al., 2008). After that, a growing
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number of researchers have made contributions to its
improvements and applications. For instance, Li and Zhang
(2009) proposed MOEA/D-DE, which used differential
evolution (DE) operator (Dong et al., 2017; Wang and
Wang, 2018) to replace simulated binary crossing operator
at the level of evolution operation. Further, to increase
diversity, Li and Zhang employed the controlling parameter
to control maximum number of replacement solutions.
Zhang et al. (2009) employed dynamic resource allocation
to compute utility rate of different sub-problems so as to
decrease computation complexity and improve the
performance of MOEA/D, which is called MOEA/D-DRA.
Since then, researchers’ major works focus on balancing
exploration, exploitation and designing adaptation
strategies. In addition to the above evolution operator and
dynamic resource allocation, there are still some
improvement strategies which are worth learning:
1

Adjustment weight vectors: like UMOEA/D (Tan et al.,
2013), it is a strategy that designs uniform distribution
weight vector rather than simplex lattice structure.
MOEA/D-AWA (Guo et al., 2016), is an adaptive
weight vector adjustment strategy, based on the
geometric relationship of weights and corresponding
solutions;

2

Matching selection mechanism: MOEA/D-SMS
(Li et al., 2014) is first proposed to establish a stable
matching relationship between solutions and
sub-problems. MOEA/D-IR (Li et al., 2015), is
proposed to build an interrelationship between
sub-problems and solutions based on the mutual
preference;

3

Neighbourhood size selection: for instance,
MOEA/D-ENS (Zhao et al., 2012), employed an
ensemble of different neighbourhood size (NS) based
on the probability selection.

Also, there are some other improvement strategies.
MOEA/D-M2M (Liu et al., 2014) decomposes one MOPs
into many multi-objective sub-problems, which is similar to
the method of cluster (Narasimhan et al., 2018, Reddy and
Panigrahi, 2017). The adaptive reference point designs
(Wang et al., 2017), investigates the effect of reference
point specified in three representative manners: optimistic,
pessimistic and dynamic. Moreover, MOEA/D has been
successfully applied to some other areas, like Wireless
Sensor Networks (Konstantinidis et al., 2009), image edge
segment (Wang, Li et al. 2014), antenna design (Ding and
Wang, 2013) and so on.
The framework of MOEA/D and the later improved
versions are sensitive to neighbourhood size. A proper
neighbourhood size is very important for improving the
performance of the algorithm. Hence, we propose a new
idea to adaptively adjust neighbourhood size and call the
algorithm MOEA/D-ANA. MOEA/D-ANA makes full use
of the density relationship between sub-problems and
solutions to adaptively change neighbourhood size. During
the initialisation, the neighbourhood size of sub-problems is
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a fixed value. At each generation, the neighbourhood size of
sub-problems is no longer a default value and each
sub-problem has different neighbourhood size.
In this paper, we design an adaptive adjustment
neighbourhood size strategy for MOEA/D-DRA. Our main
concerns are unconstraint MOPs. The paper is organised as
follows. In Section 2, the related background of our work is
presented, which consists of three parts: the basic definition
of MOPs, a briefly introduction of decomposition approach
and neighbourhood and the details of MOEA/D-DRA. In
Section 3, we improved MOEA/D-DRA with adaptive
adjustment neighbourhoods. Test instances and performance
measures are introduced in Section 4. Finally, brief
discussion and conclusion are studied with some future
research.

2

Related background

2.1 Basic definition of MOPs
Multi-objective optimisation problems (MOPs) can be
defined as follows:
minimize L( x)   l1 ( x), l2 ( x),  , lm ( x) 

T

subject to

xΩ

(1)

where  is the decision space (variable),   Pn,
x = (x1, x2, …, xn)T  P is a candidate solution. L:  Pm
constitutes m objectives functions.
Pareto-optional: A solution x* is said to be
Pareto-optional if and only if x  X: x  x*.
Pareto-dominance: A solution x8, if there is no other
solution x which can dominate x*, as defined by
i = 1, 2, …, n.
Pareto front (PF): The set of all the Pareto optimisation
solution constitutes curved surface.

2.2 The decomposition approach and neighbourhood
concept
Since Zhang proposed MOEA/D in 2007 (Zhang and Li,
2007), MOEA/D has been wildly mentioned by researchers.
Two pieces of details are indispensable elements in
MOEA/D: decomposition approach and neighbourhood.
These characteristics are essential for improving algorithm.


Decomposition

In MOEA/D, some decomposition approaches have been
used, such as the weight aggregation approach, the
Tchebycheff aggregation approach and the PBI aggregation
approach (Shukla, 2007). The Tchebycheff aggregation
approach is wildly used in variants of MOEA/D and it can
be defined as follows:
minimize

g  x | λ, z *   max  λi li ( x)  zi* 

subject to

xΩ

(2)

where λ = (λ1, λ2, ꞏꞏꞏ, λm) is the weight vector, λi  0 and



m
i 1

λi  1, z* is an ideal point. z* is difficult to solve.

Thus, it is replaces with z. z is the minimum value of each
objective and z = min{li(x)|x  } for each i = 1, 2, ꞏꞏꞏ, m.
MOEA/D decomposes a multi-objectives optimisation
problems by the Tchebychedd aggregation approach. N
weight vectors correspond to N sub-problems. The N weight
vectors stands for N sub-problems and they are uniformly
distributed on the PF. It has been proven that more uniform
distribution of the weight vectors can ensure better diversity
of the obtained solutions (Qi et al., 2014).


Neighbourhood

MOEA/D defines the concept of the neighbourhood.
Neighbourhood concept defines that distance between
neighbouring weight vectors is close and the optimal
solution is similar. In other words, two sub-problems are
neighbours if their weight vectors are close in geometrics.
For a sub-problem, its neighbourhood defines the T closest
weight vectors to the weight vectors of all sub-problems on
account of Euclidean distance as Figure 1. For simple
computation, we think each sub-problem is the neighbour of
themselves. In the version of MOEA/D-DE (Li and Zhang,
2009), the new solution substitutes a few of the best
solutions of neighbourhood to increase convergence.

2.3 The framework of MOEA/D-DRA
In this paper, the proposed MOEA/D-ANA is derived from
the MOEA/D-DRA, which is the new version of MOEA/D
with dynamic resource allocation frame, in the runtime, the
algorithm just computes the sub-problems with the high
utility to increase convergence. The algorithm exhibits
outstanding performance on the CEC2009 (Li and Zhang,
2009).
Figure 1

The neighbourhood of individual i

Adaptive neighbourhood size adjustment in MOEA/D-DRA
The difference between proposed MOEA/D-ANA and
MOEA/D-DRA only lies in the selection neighbourhood
size process. The framework of MOEA/D-DRA is presented
in Algorithm 1 and in the next section, we will introduce the
MOEA/D-ANA in detail.
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To improve the performance of MOEA/D-DRA, we
propose a strategy of adaptive neighbourhood size
adjustment based on former algorithm, MOEA/D-ANA.
Figure 2

Two goals of convergence and diversity

Figure 3

Reproducing the sub-problems in MOEA/D-DRA

Algorithm 1 MOEA/D-DRA framework
Step 1

Initialisation: Generate weight vectors of subproblems, define neighbourhood, initialise
population and update the ideal point.

Step 2

Update: Update the utility function and apply the
genetic operator to select solutions by the utility
function, then generate a new solution y and
evaluate F(y).

Step 3

Replace the ideal point and sub-problems’
objective function.

The utility functions define the
i 

i
i
g  xgen
 50 | λ, z   g  xnew | λ, z 
i
g  xgen
 50 | λ, z 

(3)

The utility of individual of i:
1
if  i  0.001


πi  
i 
otherwise

 0.95  0.05
0.001 


(4)

Further details of MOEA/D-DRA can be found in (Zhang,
Liu et al. 2009).

3

Adaptive neighbourhood size adjustment

As we can see from Figure 2, convergence and diversity are
two major goals in improving the performance of MOEA
(Laumanns et al., 2014). In the utopian condition, the
individuals should quickly converge to the true Pareto Front
and have a uniform distribution in the whole evolution
process. In the MOEAs, convergence and diversity need to
be balanced. On one hand, if individual pays more attention
to the convergence, it will lose the diversity on the all
search space. On the other hand, if it spends more time on
the diversity, maybe the accuracy is not enough and it
cannot be able to get close to the true Pareto very well. So,
the current variants of MOEA/D consider balancing these
two goals.
However, MOEA/D-DRA computes the utility of
objective function by aggregating function results of each
sub-problem, as shown in Figure 3. And it considers the
convergence and ignores the diversity of each
sub-problem. In the ideal situation, each individual should
just correspond to one sub-problem. Many individuals are
around them. The individuals stand for the solutions. This
situation results in that more time is wasted in improving
disadvantageous solutions of sub-problems and that good
solutions is ignored. It will inevitably block the accuracy of
the algorithm and may affect the performance of algorithms.

Notes: For λ3 sub-problem, the no individuals are around. For λ4
sub-problem, several individuals are together.

In MOEA/D-ANA, we hope the neighbourhood size could
be adaptively adjusted. In the initial phase, we assume that
general neighbourhood size is the same with the
neighbourhood size in MOEA/D-DRA. During the
evolution, for the sub-problem with no individual, we think
this kind of sub-problem lacks more search space to find the
suitable candidate solutions. For this reason, we wish the
neighbourhood size could be larger than the general
neighbourhood size. On the contrary, for the sub-problem
with several individuals, we think these sub-problems are
solved very well. In this case, we want the neighbourhood
size be smaller than general sub-problems. Thus, we help
the MOEA/D-ANA to deal with the poor solutions with less
time and help the good solutions with higher accuracy.
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How do we know the individual corresponds to the
sub-problems one by one? In this paper, the individual
density of sub-problems is considered (Li et al. 2014).
Figure 4

Standard neighbourhood size

this paper, we think that the id = 1 and the general
neighbourhood size is T; If id = 0, we think that the density
of solutions is very low and we enlarge the neighbourhood
size to increase the diversity. If id > 1, we think that the
density of solutions is very high and we reduce the
neighbourhood size to increase the convergence. The
pseudo code of MOEA/D-ANA is as follows Algorithm 2
and Algorithm 3.

Algorithm 2 the framework of MOEA/D-ANA
Input


N: the number of sub-problems.



m: the number of objectives.



The weight vectors of each sub-problem
λ = (λ1, λ2, ꞏꞏꞏ, λN)T.



T: the pool of nearest weight vectors in the
neighbourhood T = (T1, T2, ꞏꞏꞏ, Tn)

Output

Figure 5

Adaptive neighbourhood size adjustment

1



PS: {x1, x2, ꞏꞏꞏ, xn}.



PF: {l(x1), l(x2), ꞏꞏꞏ, l(xn)}.

Initialisation:
1.1 To seek out T nearest weight vectors to
sub-problems by computing the Euclidean
distances of any two weight vectors. Set
Nei(ri) = {r1, r2, ꞏꞏꞏ, rT}. For each weight λi, the
nearest weight vectors λr1, λr2, ꞏꞏꞏ, λrT;
1.2 Initialise population, x = {x1, x2, ꞏꞏꞏ, xn};
1.3 Initialise ideal point, z = (z1, z2, ꞏꞏꞏ, zm)T,
z  min l j  xi  ;
1 j  m ,1 i  N

1.4

For this problem, we think that when one individual is just
within spatial distance of the sub-problem, the individual
belongs to these sub-problems. While the weight vector of
sub-problem corresponds to this sub-problem, we could
compute the vertical distance from the individual to the subproblem. If each individual is far from this
sub-problem, we think no individual belongs to this
sub-problem. In this case, we will enlarge the
neighbourhood size to explore new search space. Otherwise,
if the vertical distance of each individual to this
sub-problem is close, we think several individuals belong to
this sub-problem and we will narrow the range of
neighbourhood to exploit the search space. As shown in
Figures 4 and 5. The Algorithm 2 introduces this process,
where id stands for the density of individual and Ner(ri)
stands for the neighbourhood size of each sub-problems. In

Set the utility rates of each sub-problems
πi =, gen = 0;

2

Select sub-problems with high utility rate: Let all the
sub-problems whose objectives are MOP individual
objectives li form the initial I. By using 10-tournament
N 
selection based on πi, select other    m indexes
5
and add them to I.

3

For i  I do:
3.1 Mating selection
If rand < δ
then matingPool  Nei(ri)

3.2

Else matingPool  {1, 2, ꞏꞏꞏ, N}’
Endif
Produce offspring
Randomly select three solutions x r1 , x r2 and x r3
form matingPool. Then, they could generate a
new offspring solution xnew with equation (3) to
equation (5)

Adaptive neighbourhood size adjustment in MOEA/D-DRA
 x r1  F  ( x r2  x r3 ), if rand  CR
xnew  
x r1
otherwise


3.3
3.4

3.5

If mod (iteration, 50) == 0 then
Update the utility of each sub-problems with (3)(4)
End if

5

Update Nei(ri) (the details are presented in
Algorithm 3).
return Step 3
End for

Algorithm 3 Strategy of adaptive neighbourhood size
adjustment
Input

Else
Ner(ri) = Ner(ri) – N

Evaluate the value of xnew;
Update z: j = 1, 2, ꞏꞏꞏ, m,

Else if g(xnew | λ, z)  g(xr | λ, z) then
set xr = xnew, lj = l(xnew), c = c + 1;
End if
4

Ner(ri) = Ner(ri)

(5)

If zj  lj(xnew), then
zj = lj(xnew);
End if
Update solutions: set c= 0 and do the followings:
If c = n, or matingPool is empty, then
go to stop criteria;

the current point of each sub-problem
x = {x1, x2, ꞏꞏꞏ, xn}; the weight vectors
λr1 , λr2 ,  , λrT ;

Output Ner(ri)
For i = 1 ꞏꞏꞏ N;
idi = 0;
z nad 

max

1 j  m ,1 j  N

End if
where the vertical distance D  x, λri  is as follows:
D  x, λri   L ( x)

L ( x) : L ( x) 

4

Distance(i, j) = D  x, λri  ;
End for
k = min(Distance(i, j));

(7)

Experiment setting and results

Five classical multi-objective optimisation algorithms,
including NSGA-II, HypE, MOEA/D, MOEA/D-DE and
MOEA/D-DRA, are compared with MOEA/D-ANA. For a
fair comparison, MOEA/D-DRA and MOEA/D-DE have
the same parameters. They are all implemented in
MATLAB. The parameter settings of the proposed
MOEA/D-ANA are summarised as follows.
1

Setting produce offspring operator: the mutation rate
1
pm  and n = 20 (Zitzler et al., 2000). And for the
n
DE operator, CR = 1 and F = 0.5.

2

We set the population sixe for UF1–UF7 to 600 and
UF8–UF10 to 1,000.

3

Each algorithm will run 30 times independently.

4

Stopping condition: the function evaluation 300,000 for
UF1–UF10.

5

Neighbourhood size: the neighbourhood size set T = 0.1
× N on MOEA/D-DE, MOEA/D-DRA, MOEA/D and
neighbourhood size T = 0.1 × N and neighbourhood
size pool T = {0.5 × T, T, 1.5 × T}. For how to select
neighbourhood size, for more details, refer to Zhao et
al. (2012).

6

For each sub-problems, the number of update
neighbourhood’s solutions is nr = 0.01 × N.

End for
If id = 0, then
Else if id = 1 then

l ( x)  z
z  z nad

4.1 Experiment settings

idk ++

Ner(ri) = Ner(ri) + N

(6)

In this section, the experiments are conducted to verify the
proposed algorithm. The CEC2009 is the challenging
instance. The CEC2009 benchmark (Zhang et al., 2008) is
employed and there are ten instances in total. UF1–UF7 are
bi-objective instances and UF8-UF10 are tri-objective
instances. The dimension of the search space is 30 for all
instances.

For i = 1 ꞏꞏꞏ N
For j = 1 ꞏꞏꞏ N

λT L( x) λ
λ
λT λ

where L ( x) is the normalised objective value and it can be
defined as follows:

l j  xi 

End for
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4.2 Performance metric
In the experiment part of this paper, the inverted
generational distance (IGD) and hypervolume (HV) are two
comprehensive indexes of diversity and convergence. So
these metrics could be used to evaluate the performance of
algorithms (Zitzler et al., 2003).
Assume p* are the sample points of true Pareto, which
are uniformly sampled. And x is the solutions obtained by
algorithms. The IGD value is shown as the following:
IGD  x, p*  



x p*

distance( x, p )

(8)

p*

where distance(x, p) is the minimum Euclidean distance
between the x to the approximate to p. Therefore, the small
IGD-metric value is, the better performance of the solutions
is. We use the algorithm population as the p* to compute
IGD value. Each of UF1–UF7 has 1,000 uniformly
distributed sample points. And each of UF8–UF10 has
10,000 sample points, like UK1–UF7.
Let z '   z1' , z2' ,  , zm'  . In objective space, z is a
T

reference point dominated by Pareto objective vectors and x
is the approximation points. It needs to meet xi  z. So the
metrics can be defined:
 N

HV ( x, z ')  VOL  l1 ( x), z '  lm ( x), z ' 


 i 1




Table 1
Instance

(9)

where vol() is the Lebesgue measure (Zitzler and Thiele,
1999; Zitzler et al., 2000). In our measure, z’ = (2.0, 2.0)T
for UF1–UF7 and z’ = (2.0, 2.0, 2.0)T for UF8–UF10.

4.3 Experiment result
In this part, ten instances of CEC2009 are tested. The IGD
values of MOEA/D-ANA and other five MOEAs are listed
in Table 1. IGD_mean is the mean of IGDs in 30 times. And
IGD_std is the standard deviation of IGDs in 30 times. The
best results are shows in boldface.
In Table 1, the IGD presents the final solutions of
evolution process in conducted experiment. From this table,
we can see the IGD results of MOEA/D-ANA and other
five MOEAs. It is obvious that MOEA/D-ANA shows
excellent performance on the CEC2009 test instances.
MOEA/D-ANA is better than other algorithms on
UF1–UF3, UF4 and UF6-UF8. And particularly for
challenging UF4 and UF6, MOEA/D-ANA has better IGD
values. While for the bi-objective instance UF5, with
discrete points, both MOEA/D-ANA and MOEA/D-DRA
show nearly the same performance. And for the tri-objective
instances, UF9 and UF10, there are not significant
differences between MOEA/D-ANA and MOEA/D-DRA,
but both are not getting best performances. In addition, the
MOEA/D-ANA get the best performance on UF8. In
conclusion, the performance of MOEA/D-ANA in seven
instances gets the better results than other algorithms.

IGD result of MOEA/D-ANA and five other MOEAs on UF test instance
Metrics

NSGA-II

HypE

MOEA/D

MOEA/D-DE

MOEA/D-DRA

MOEA/D-ANA

IGD_mean

8.8534E-02

1.0062E-01

1.6171E-01

1.6576E-03

3.4500E-03

1.0920E-03

IGD_std

1.18E-02

1.27E-02

9.38E-02

2.93E-04

4.52E-04

7.10E-05

IGD_mean

2.4654E-02

2.5129E-02

5.1777E-02

6.5679E-03

6.2990E-03

3.0150E-03

IGD_std

5.29E-03

6.81E-03

3.89E-02

1.86E-03

2.26E-03

1.57E-03

UF3

IGD_mean

1.0700E-01

2.0788E-01

2.8125E-01

7.7375E-03

2.0731E-02

1.9640E-03

IGD_std

4.88E-02

5.55E-02

3.16E-02

7.24E-03

1.48E-02

8.45E-04

UF4

IGD_mean

4.0342E-02

4.5096E-02

5.6310E-02

6.5966E-02

5.7473E-02

5.5996E-02

IGD_std

3.59E-04

3.51E-03

4.42E-03

5.14E-03

4.16E-03

2.46E-03

UF5

IGD_mean

2.4529E-01

2.6515E-01

5.1287E-01

4.8404E-01

2.4221E-01

2.7968E-01

IGD_std

4.76E-02

8.38E-02

1.12E-01

1.78E-01

7.15E-02

8.05E-02

IGD_mean

1.1619E-01

1.5182E-01

4.2483E-01

8.0708E-02

6.7855E-02

5.8669E-02

IGD_std

1.36E-02

7.29E-02

1.32E-01

1.39E-01

1.72E-02

1.66E-02

IGD_mean

3.9008E-02

4.8449E-02

5.3477E-01

2.4031E-01

3.0410E-03

1.2460E-03

IGD_std

1.10E-02

4.11E-02

1.24E-01

2.97E-01

7.21E-04

1.19E-04

IGD_mean

2.4207E-01

4.3922E-01

1.1450E-01

6.3398E-02

5.3024E-02

4.1114E-02

IGD_std

1.31E-02

1.82E-02

4.99E-02

1.07E-02

1.62E-02

7.51E-03

UF9

IGD_mean

1.7224E-01

2.5835E-01

2.4637E-01

5.4433E-02

8.1060E-02

8.4664E-02

IGD_std

7.42E-01

9.44E-02

1.35E-02

4.33E-02

5.56E-02

5.87E-02

UF10

IGD_mean

2.9920E-01

3.3266E-01

5.2249E-01

5.4759E-01

3.7634E-01

4.0986E-01

IGD_std

3.95E-02

2.86E-02

3.51E-02

7.97E-02

5.82E-02

3.97E-02

1/10

0/10

0/10

1/10

1/10

7/10

UF1
UF2

UF6
UF7
UF8

Sum
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Table 2

IGD and HV value of MOEA/D-ANA and MOEA/D-DRA

IGD

Metrics

MOEA/D-DRA

MOEA/D-ANA

HV

Metrics

MOEA/D-DRA

MOEA/D-ANA

UF1

IGD_mean

3.4500E-03

1.0920E-03

UF1

HV_mean

3.158

3.6612

IGD_std

4.52E-04

7.10E-05

HV_std

6.75E-03

2.45E-03

UF2

IGD_mean

6.2990E-03

3.0150E-03

UF2

HV_mean

3.3216

3.6230

IGD_std

2.26E-03

1.57E-03

HV_std

1.92E-02

4.87E-02

IGD_mean

2.0731E-02

1.9640E-03

IGD_std

1.48E-02

8.45E-04

IGD_mean

5.7473E-02

5.5996E-02

IGD_std

4.16E-03

2.46E-03

UF5

IGD_mean

2.4221E-01

2.7968E-01

IGD_std

7.15E-02

8.05E-02

UF6

IGD_mean

6.7855E-02

5.8669E-02

IGD_std

1.72E-02

1.66E-02

UF7

IGD_mean

3.0410E-03

1.2460E-03

IGD_std

7.21E-04

1.19E-04

IGD_mean

5.3024E-02

4.1114E-02

IGD_std

1.62E-02

7.51E-03

IGD_mean

8.1060E-02

8.4664E-02

IGD_std

5.56E-02

5.87E-02

IGD_mean

3.7634E-01

4.0986E-01

IGD_std

5.82E-02

3.97E-02

UF3
UF4

UF8
UF9
UF10

Table 2 gives experimental results of MOEA/D-DRA and
MOEA/D-ANA in terms of IGD and HV. For the reason
that the MOEA/D-DRA and MOEA/D-ANA have the same
framework expect for adaptive neighbourhood adjustment
strategy we proposed in MOEA/D-ANA. As we can see,
MOEA/D-ANA is better than MOEA/D-DRA from the
results. HV value mainly reflects the diversity of the
evolutionary algorithms. It is worth noting that the better
HV is, the better result of IGD value. The results of
MOEA/D-ANA illustrate convergence and diversity in
UF1-UF10. It proves the effectiveness of our algorithms.
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Conclusions

In this paper, we proposed the MOEA/D-ANA algorithm,
which aims to improve the performance of MOEA/D-DRA.
The major modification of the proposed MOEA/D-ANA is
the adaptive neighbourhood size adjustment for
MOEA/D-DRA. To maintain the diversity of the
population, we introduce the density of solutions for each
sub-problem to insure uniform distribution of the obtained
solutions on the Pareto front. The diversity of population
also helps to improve the accuracy of algorithm. The
simulation results prove that the strategy of adaptive
neighbourhood size adjustment is very useful.
In the future, we will do further research with our
approach, some methods of machine learning are used in
MOEA/D to enhanced the accuracy of operator selection,
like CPS strategy (Zhang et al., 2018a).

UF3
UF4

HV_mean

3.4554

3.6615

HV_std

1.86E-02

4.77E-03

HV_mean

2.9887

3.1734

HV_std

1.65E-02

1.45E-02

UF5

HV_mean

2.4013

2.0191

HV_std

1.48E-01

1.64E-01

UF6

HV_mean

3.1051

3.2273

HV_std

1.59E-02

1.51E-02

UF7

HV_mean

2.7454

3.2069

HV_std

5.89E-01

5.37E-01

UF8
UF9
UF10

HV_mean

3.6756

6.0026

HV_std

3.87E-01

1.53E-02

HV_mean

4.59954

4.0338

HV_std

5.48E-01

5.86E-01

HV_mean

2.3354

2.0240

HV_std

4.55E-01

6.63E-01
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