F36E FLH 2 - | A = T Vol. 36 No. 4
2009 4 4 H Computer Science Apr. 2009
—MRBARE BirfA kB L EHLEE

BERF ' & BFEX
(LHHBEAFRTEEFR
7 M 215006)°

HAR
(BHEIASHHAHEEHAER 5K 210000
GEMAFTRAH NG ERERAE X LR E

3T 212003)2

F OE 42 AN, R T AR TERSEGAEEER, HEEBH KRG HEHR X
FHBF AT REHH _ETH, A g T PRERAAP MG R, FHE B —HEBERERK, EHMEITT
—FETEEABARLEF., S ERDELR AR EEAR, KRR T80, BESTOH KRS 24
W RER,

Ei@T % BARKAL, AL F ok, Pareto BB, Hobk B M

hEZS S TP301.6 XEIRIRE A

Linear Evolutionary Algorithm for Constrained Multi-objective Optimization Problems

TANG Ke-zong? YANG Jing-yu! GAO Shang?® ZHENG Yu-jie'
(School of Computer Science and Technology, Nanjing University of Science and Technology, Nanjing 210094, China)!
(School of Electrics and Information, Jiangsu University of Science and Technology, Zhenjiang 212003, China)?

(Jiangsu Provincial Key Laboratory of Computer Information Processing Technology,Soochow University, Suzhou 215006, China)?
Abstract A new Multi-objective Linear Evolutionary Algorithm (MOLEA) based on real-coded for constrained multi-
objective optimization was proposed. Search space of constrained dominance problems with high dimensions was com-
pressed into two dimension in the LEA, which contains two main points. Firstly, gave a linear fitness function in two di-
mension space. Secondly,gave a crossover operator based on density function. In our tests,a few benchmark multi-objec-
tive optimization problem which was divided into two groups were taken to test this algorithm. The numerical experi-

ments show that proposed approach is feasible and effective, and provide good performance in terms of uniformity and

diversity of solutions.
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Multi-Objective Linear Evolutionary Algorithm(MOLEA)
1t<0;

2)Initialize Population Pop:;

3)Evaluate initial Population Pop, ;

4)While (t<_MaxGenerations) do

5) t=t+1;

6) Select two parents form Pop,;

7) Obtain a new individual xpew by means of Dco;
8) Mutate Xy by means of Nmo, generate X' new
9)Evaluate x'pew in terms of LF

10)generate new Pop.+1;

11)End

End
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