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Design and application of MOEA /D with adaptive penalty strategy
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Abstract: Multiobjective evolutionary algorithm based on decomposition (MOEA/D) decomposes a multiobjective
optimization problem (MOP) into a number of scalar optimization subproblems and optimizes them in a collaborative
manner. In MOEA/D, decomposition mechanisms are used to push the population to approach the Pareto optimal
front (POF), whilst a set of uniformly distributed weight vectors are applied to maintain the diversity of the
population. MOEA/D has been shown to be very efficient in solving MOPs. However, the POF of many MOPs has
complex characteristics, which significantly degrades the performance of MOEA/D. Penalty-based boundary
intersection (PBID) is one of the frequently used decomposition approaches. In PBI approach, penalty factor plays a
crucial role in balancing convergence and diversity. This paper proposes an adaptive penalty strategy (APS) which
can dynamically adjust the value of the penalty factor for each weight vector during the evolutionary process. The
diversity of approximated Pareto front can be enhanced by using this APS approach. The performance of the
proposed MOEA/D-APS algorithm is investigated on six newly designed benchmark MOPs with complex POF
shapes and the multiobjective optimization of space truss structure.
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Algorithm: MOEA/D-APS

Initializethe population P<—{x!,x?,:+,xN},a set of weight

1 vector W=<—{w! ,w?, -, wN}, the ideal and nadir objective

vectors z* ,z"d;

2 Setiteration<—0;
3 for i<-1 to N do
B(i)<{i1sizs*sir} where wl,w?, -, wl are the T

4
closest weight vectors to wi;

5 end

6 while Stopping criterion is not satisfied do

7 Normalize objective vector by Eq. (5);

g Calculate the distance between the solution and the
weight vector by Eq. (4);

0 Calculate the number of solutionsaround each weight
vector by Eq. (3);

10 Calculate theconcentration of solutions for each weight
vector by Eq. (2);

n Determine the value of penalty factor for each weight
vector by Eq. (7);

12 for i<—1 to N do

13 if uniform(0,1) < § then

14 E<-B(;

15 else

16 E<P;

17 end

s Randomly select three solutions ™, x*, and x™ from
E;

19 Generate a candidate x by using the method described
in section 4. 2;

20 Evaluate the F-function value FV of x';

21 Update the current ideal objective vector z* ;

22 Update the current nadir objective vector z"d;

23 Set ¢ = 03

2020 4F
24 while c<<n, &&. E is not null do
25 Randomly pick an index j from E;
-, Calculate theaggregation function value g using PBI
method;
27 if gla'|w ,2*) < g(ad |w,2*) then
28 Set /= x', FVj = FV(a");
29 c=c+1;
30 end
31 Delete j from E;
32 end
33 iteration+
34  end

35 return P;
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