%39% %34 A0 X F F R (8 K H P RKR) Vol.39,No. 3
2018 % 3 A Journal of Northeastern University ( Natural Science) Mar. 2018

doi: 10. 12068/]. issn. 1005 —3026.2018. 03. 001

ETHRZESRPRESHES BIR#ELE X

F W, g, KR, FRK
(L FACK (5 ERE 5 TRSEBE, 05 W 110819; 2. MIRUIAMRAY: ASME¥RE, LR #50 211106)

i . M Edi 2 HAsth ik Pareto 45536 T 5 LLBIAR T, & F 0 2625 IS -5 1A A R 1
22 [ A SR 1 THT I 32 43 P 7 o D 1 [ A0, it 1 — ol 2 2% 08 20 A P P 2 TR S M B s 4E 22 B bR A5
B—R T HbRas ) o KRS & 4t £ B AR L537: (SS - OSP) . B8k 5a 2R I H s 1] 43 DX SR W 4 e B
P WERUER ) 12430 220 F 25 W 2628 0] T 4 B A0 O vk Th I 3R 6 sRBIGE B8 SRS, 25 I 3 Y
PBI & bR T S B AL B b — B R NS 15 O, 38 Hh—Fh B 3G R PBI 3R 5 pR4K; /5, 7 ELSL 00 45
SR BT HE 0 Bk 5 A = A A L, B R A S A A3 A

X # R g A nE; RIS BARZS 14X iGN PBI R A eREL; 43 ff S
FESES. T 18 XHFREE: A XEHS: 1005 -3026(2018)03 - 0305 — 06

Steady-State Many-Objectives Evolutionary Algorithm Based on
Objective Space Partition

LI Fei', LIU Jian-chang', ZHU Jia-ni', LI Chen-xi’

(1. School of Information Science & Engineering, Northeastern University, Shenyang 110819, China; 2. College
of Automation Engineering, Nanjing University of Aeronautics & Astronautics, Nanjing 211106, China.
Corresponding author; LI Fei, E-mail; lanceleeneu@ 126. com)

Abstract; Due to the sharp increasing of the proportion of Pareto non-dominated candidate
solutions for many-objective optimization problems, the commonly used many-objective
evolutionary algorithms encounter the selection pressure deterioration problem considering the
convergence-first-and-diversity-second selection approach. This paper proposed a many-objective
evolutionary algorithm with the diversity-first-and-convergence-second selection strategy-steady-
state many-objective evolutionary algorithm based on objective space partition ( SS-OSP). Firstly,
it divided objective space into a large number of subspaces using a set of weight vectors. Then,
one individual in each subspace was selected via adopting aggregation function. In addition, since
the penalty parameter of PBI aggregation function remained constant in evolutionary process, an
adaptive PBI aggregation function was proposed. Finally, the experimental results show that better
convergence and diversity can be obtained using the proposed algorithm.

Key words: many-objective optimization problems; steady-state evolutionary algorithm; objective
space partition; adaptive PBI aggregation function; decomposition strategy
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Procedure Algorithm of SS — OSP.
begin
initialize algorithm parameters;
initialize weight vector set ( subproblems) W;
generate randomly and evaluate initial
population P, ;
while (7 < MaxGen)
fori=1:1P,|
0, ; = generation(P,) ;
P, = selection(P,UQ, ) ;
end for
until a termination condition is met
output the population P,.

end

E1 SS-O0SP A&
Fig. 1 Psedudo-code for SS-OSP
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Procedure Algorithm of Selection Operator :

begin
normalize population P using (6)
fori = 1;: |Pldo
forj = 1. Wl do

calculate the angle between P,
and W; using (7) ;
end for

calculate the subspace @, (x) using

(8);
end for
fori = 1. IWI do
if the number of individuals in the ith
subregion is greater than zero
find the individual with the smallest
aggregation function value in the ith
subregion ;
else
find the individual with the smallest
aggregation function value in the
other subregion which is not be
chosen;
end if
end for
end

B2 EEFRENEE

Fig. 2 Psedudo-code for selection operator
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Table 1 Means and standard deviations of the I, performance indicator calculated by each algorithm

HV  Obj. (MaxGen) SS - OSP DBEA MOMBI - II MOEA/D - PBI
5(750) 4.59¢3(6. 55¢l) 4.28¢3(4.00el) +  7.53¢3(1.62¢2) —  1.02e3(9. 19l1) +

wrg | S(1500) 1.49¢7(5. 52€5) 1.99¢7(7.60e6) —  3.26€7(1.20e6) —  3.64e6(2.53€5) +
10(2000) 5.68€9(3.91e8) 9.67e9(3.86€9) -  1.33e10(2.64e7) —  1.60e9(8.75€7) +
15 (3000) 1.09e17(1.40le +16) 6.22e16(6.24el6) = 1.78e17(5.06el5) — 2.26el6(9. 05el4) +

5(750) 9.85e3(6.73€2) 9.71e3(7.70e2) =  1.02e4(4.18e1) —  9.35e3(7.39€2) +

Wiy B(1500) 3.0267(3.02e6) 2.42¢7(3.18¢6) +  3.33e7(3.15e5) =  2.82€7(2.67¢6) +

10(2000)  1.26e10(1.19¢9) 9.01e9(3.10e9) +  1.33el0(1.21e8) +  1.17e10(9. 638 +
15 (3000)  1.56e17(1.70el6)  7.95e16(3.16e16) + 1.61el7(7.17el5) + 1.44el7(2.46¢el6) =

5(750) 6.90e3(1. 11e2) 6.56e3(1.30e2) +  6.66e3(9.66el) +  5.97e3(2.75¢2) +
wigs | B(1500) 1. 67¢7(9. 80e5) 2.01e6(4.90e3) +  2.28¢7(1.80e5) —  1.50e7(7.07e5) +
10(2000)  5.52¢9(2.01e8) 6.52¢8(8.53e5) +  9.22¢9(6.97¢7) —  5.51e9(3.51e8) =
15 (3000)  5.68e16(2.63el5)  6.12e15(2. 11e13) + 1.17e17(1.55¢15) —  4.97el6(7.90el5) +
5(750) 8.50e3(6. 69¢1) 8.44e3(5.49el) +  7.99¢3(2.98¢2) +  8.34e3(1.82e2) +
wigs | 8(1500) 2.96€7 (4. 38¢5) 3.02¢7(3.46e5) —  1.93¢7(1.00e6) +  1.76¢7(5.35¢6) +
10(2000)  1.23el0(1.61e8)  1.30e10(5.23¢7) —  8.04e9(6.82e8) +  4.38¢9(1.97¢9) +
15 (3000)  1.72¢17(4.65¢15)  7.81el6(4. 13e16) + 7.16e16(1.04el6) + 5.52e16(2. 61el6) +
5(750) 8. 46¢3 (2. 391 ) 8.44¢3(2.86e1) —  7.36e3(1.68¢2) +  8.00e3(4.45¢2) +
wigs | B(1500) 2.98¢7(1. 96¢5) 2.96¢7(1.80e5) +  1.77¢7(6.84e5) +  1.47¢7(6.41e6) +
10(2000)  1.22¢10(7.28¢7)  1.23el0(5.24€7) +  6.75¢9(2.32e8) +  3.46e9(1.81e9) +
15 (3000)  1.75e¢17(8.05¢14)  3.98¢16(5.31el6) + 6. 13e16(5.32e15) +  3.37e16(2.90el6) +
5(750) 8.59¢3(5.97¢1) 8.57¢3(8.10el) =  6.97¢3(1.51e2) +  7.63e3(5.56€2) +
wige | B(1500) 3.05¢7(4. 20¢5) 3.06e7(2.24e5) = 1.70e7(6.75¢5) +  1.32¢7(5.73¢6) +
10(2000)  1.26e10(1.22¢8)  1.26e10(9.32¢7) =  6.89¢9(3.58¢8) +  3.26e9(1.83¢9) +
15 (3000)  1.78¢17(2.69¢15)  7.10e16(4.29¢16) +  5.94e16(3.50e15) +  3.28e16(2. 49¢16) +
5(750) 7.93e3(1.36¢3) 8.98e3(2.85¢2) —  7.65¢3(6.73¢2) =  1.93e3(1.56€3) +
wigy | 8(1500) 2. 01¢7(6.23¢6) 1.72¢7(4.07¢6) +  1.69¢7(2.70e6) +  3.73e6(4.50e6) +
10(2000)  8.65¢9(2.54¢9)  7.167¢9(2.010e9 +  8.04e9(5.33¢8) +  1.38¢9(5.99¢8) +
15 (3000)  1.78¢l7(2.69¢15)  7.10e16(4.29¢16) +  5.94e16(3.50e15) +  3.28e16(2.49¢e16) +
5(750) 5.06¢3(1.28¢2) 4.92¢3(1.54e2) = 4.03e3(2.19€2) +  3.48e3(4.29¢2) +
wigs | B(1500) 1.22¢7(1. 10e6) 1.44¢7(8.82¢5) —  1.39¢7(4.55¢5) —  5.75¢6(1.05¢6) +
10(2000)  4.52¢9(4.77¢8) 1.37¢9(4.87¢8) +  5.82¢9(1.63¢8) —  1.90e9(8. 60e8) +
15 (3000)  5.12¢16(1.46e16)  5.21e16(1.26e16) = 6.75e16(1.24e16) + 1.75e16(1.80el6) +
5(750) 7.81e3(2. 07¢1) 7.80e3(1.60el) +  6.44e3(1.05e2) +  7.43e3(3.47€2) +
wigo | B(1500) 2.57¢7(1. 07¢6) 2.62¢7(2.02¢5) = 1.63¢7(6.86e5) +  2.06e7(3.09¢6) +
10(2000)  1.03e10(4.67¢8)  1.02¢10(1.63¢9) =  6.55¢9(2.52¢8) +  9.07e9(1.25¢9) +
15 (3000)  1.04el7(2.02¢16)  4.89¢15(5.86el13) + 5.72e16(5.84el15) +  1.08e17(1. 69¢16) =
—/+/ = 7/20/9 10/24/2 0/33/3
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Fig. 4 Parallel coordinates of Pareto front obtained by each algorithm on 15-objective WFG6

(a)—SS - OSP; (b)—DBEA; (¢)—MOMB I - I ; (d)—MOEA/D - PBI.
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