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Abstract: To address the international challenge of finding a compromise Pareto optimal solution set while balancing convergence and di-

versity, this paper proposes a multi-objective chaotic particle swarm optimization algorithm based on a dual-archive mechanism-
diversity archive (CMOPSO-DA). It establishes a convergence archive (CA) and diversity archive (DA) and iteratively updates
the particle swarm based on their respective convergence and diversity metrics, applying genetic operators to particles from CA
or DA to construct global optimal solutions and enhance optimization quality, introduces chaotic search to improve the algo-
rithm's local search ability and make the optimal solution set approach the Pareto optimal solution set. The proposed algorithm is
compared with three representative multi-objective optimization algorithms on five international benchmark functions in detail.
The results show that CMOPSO-DA has significant advantages in balancing the convergence and diversity of the optimal solution

set, and is of great significance for solving multi-objective optimization problems.

Keywords: multi-objective particle swarm optimization; dual-archive mechanism; chaotic optimization; convergence and diversity; Pareto

optimal solution set
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%51 Genenral framework of CMOPSO-DA

1: Initialize population

Evaluate initial population

Initialize CA and DA to empty set

R

Randomly select global best solution from non-dominat-
ed solutions set in initial population

Set t=0

repeat

5

6

7:  Update population

8:  Update CA and DA with updated population

9:  Select global best solution from CA and DA

10:  Apply chaotic map search to global best solution
11: t=t+1

12: until t==MAX_ITERATION

REIRRE A Z AT I T AU S X
PHEEH) gbest LR LA KR RNEIES A, &5, fE CMOP—
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H%:2 Update CA and DA with updated population

1:  fori=1 to popsize do

2:  ifindividual(i) is non-dominated solution then

3:  if no member in CA and DA can dominates an individual
(i) then

4:  Set individual(i).Dflag=False

5: if individual(i) dominates any member in CA and DA
then

Set individual(i).Dflag= True

end if
if individual(i).Dflag==True then
10: Add individual(i) to CA

6
7:  Randomly delete a dominated member
8
9

11: else

12:  Add individual(i) to DA

13: endif

14: endif

15: endif

16: end for

17: if sizeof(CA)+sizeof(DA) > ARCHIVE_SIZE then
18: for i=1 to sizeof(DA) do

19: DA(i).length=MAX _REAL

20: for j=I to sizeof(CA) do

21: if DA(i).length>EDist(CA(j),DA(i)) then

22: DA(i).length=EDist(CA(j), DA(i))

23: endif

24: end for

25: end for

26: repeat

27: Delete the member of DA with the shortest length
28: until sizeof(DA)+sizeof(CA)==ARCHIVE _ SIZE
29: endif
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H1:3 Select global best solution from CA and DA

1:  Randomly select two particles from CA and DA respec-
tively

2:  Apply SBX operator to selected particles and generate
two offspring x,, and X,

31 Apply PM operator to X, and ¥,, and generate ¥, and %,
4:  Depend dominance relation between %, and %,

St i f(%,) - /(%) then

6:  Select ¥, as gbest

T elseif f(%,) = f(%,) then

8. Select X, as gbest

9: else

10: Randomly select gbest from ¥, and %,

11: endif
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(PM)ET,

R x =™, w5, o, ) A =™ 2, oo, )
S A CAFIDA HPIE A4S, W SBX BRI FRIR A

x, = 0.5[(1+ )x® +(1-y)x™]

{xj, = 0.5[(1= 7)x + (14 7)x"] (5)
T 20, 1 0,0 o 38 2 AR 3R 1) A2 SUAE BRSPS T 4K,
ZHy BT

2w
7/ —

u<0.5
i (6)

Q2-2u) " u>05
KA, uwh[0, 1] B3 2] 53 B BENLEL, e H R FE %k, 2
LA VRIS, TR AE B T8 DA po 1728 AR SR
HITZ AT AT x=00,%,0.0, ,20,00) R Bl 3E
AT, PM 3518 LR
x, +&;(u;—1), rand<p,
X, ={ (7)
X, g
A, w1 LA B R AR R R R AL, B HER)
THE AW

1

[25 +(1-28)1—g )" ", §<0.5

;= o (8)
1-[2(1-8)+ (26 -1)(1-¢&,) "™ 1" , §>0.5
x =1 U, —x,
51 — :;1.;_] J , 52 — Zj/l _;’l./ (9)
J J J J

A, 6 400, 11 B3 211 FEAILERL, ma R 23 T 4R 2L
R4 B SBX E 1 F1 PM & 1 M CA FI DA A i

T AN AR, R E AT AT SCBC K FR 00 E fa e E S A

U AL A 2 R R AR

2.3 RESNBEBERAZE

B4 Apply chaotic map search to global best solution

1: Set gbest=gbest/= X, which selected from algorithm 3
2: fori=1to CHAOTIC_ ITERATION do

3: Compute gbest;=0-gbest;,(1-gbest;)

4: iff(gbest) > f(gbest.;) then

5: Set gbest=gbest;

6: break

7: endif

8: end for

H T MOPSO % 5 Fi A Ryl e L , R LS ARG S
L, % i CAFI DA 5245 2 & Ry e AL it — 2 A TR
B, (15 MOPSO FIARE WS Bk th R i A L 18 T
S Pareto B . {RIES- LR R R I RAAE 4R,
AR IR B Logistic JRIEMLGT
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xe®
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