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Multipopulation multiobjective genetic algorithm for multiobjective
permutation flow shop scheduling problem
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Abstract: Since the permutation flow shop scheduling problem exits extensively in manufacturing enterprises, a mul-
tiobjective flow shop scheduling problem with the objectives of minimizing the makespan and the total tardiness is inves-
tigated in this paper. In order to solve it, a multipopulation multiobjective genetic algorithm based on decomposition is
proposed. The proposed algorithm decomposes the investigated problem into multiple single objective subproblems intro-
duced into the iteration course step by step. At each iteration, multiple subpopulations are constructed for the current solved
subproblems based on the distribution of population, which realizes the goal of solving them simultaneously. The evolution
of multiple subpopulations can be used to search the optimal solutions of multiple subproblems. Experimental results on
some instances show that the proposed algorithm can get better performance in solving the multiobjective permutation flow

shop scheduling problem.
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Sij + pij < Sig1) )
i=1,2,3---,m—1,j=1,23,---.,n,
Sin + pin < Sij + G x (1 —xy;),
Z_172737 "7m7h:172737"'7n7 (4)
j:172737”'7n7
Thi + X 1,
o | 5)
h_1’2’37... sy ] :1,2’3’... 1,
Cmax>cmjvj:1,2,37"' y Ty (6)
T, > max{ij —dj,()}, j=1,2,3,---,n, (7)
Sij>07 Cij>07i21,2,3,.. ,m,j=1,2,3,--- ,n,
3
2, €{0,1}, h=1,2,3,-+ ,n, j=1,2,3,--- ,n.
)

b M Q@) F R B bR &K Ji/ IR 58
ISP TE) LR EIR IS 8], 2X(3)FoR Rl — I 2 — ML fg
E— BB LA, ()RR F— %15 6 v B
b B — AN ENE, (S R & AR I K &,
O)VHI(T)E LT FedB 56 BN ) AR b FR) 38 I 7).
2(8) AeaX(9)7E X T AL B (B Y .
3 PFriR A (Proposed algorithm)
3.1 HEFEA A (Basic idea of algorithm)

EZL S S BURCEL U PIE SN R D s N
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Procedure Algorithm of MPGA/D:

begin

initialize algorithm parameters;

generate randomly and evaluate initial population as 3.2;

decompose the multiobjective optimization problem into
multiple subproblems as 3.3;

repeat
introduce some uniformly distributed subproblems as
3.3;
construct multiple subpopulations for the current solved
subproblems as 3.3;
execute genetic evolution for subpopulations as 3.4;
update the external archive as 3.4;
combine all subpopulations into a population;

until a termination condition is met.

output the nondominated solutions in external archive.

end

Kl 1 MPGA/DIFHAT AT
Fig. 1 Pseudo-code for the MPGA/D

3.2 Fh B 0 W1 46 4k J7 ¥ (Method of initializing
population)

2 FUARIL/K 2 T 8 1) iU S 1 ) g B il 7,
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R FHBEATL) 724 AT R
3.3 2 FhBE B9 #3E& 75 I (Method of constructing

multipopulation)
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min f((@X)) = XA} - file),  A0)
st.x €2, 7=1,2,3,--- N.

h T HRGECRIHERf 3R AT 2 AN AR SR B A A, T AE
XS A0 A BE AL oA 1) A L AR HEA TR R
SFVEAEHIIERR BOA G I —F8 701 ) AT SR A, 400
ST AT (AR E HIAS R B I, PR D 5] AL
b T AT AR TX RN VEAT LLOAE 51N T ) e
TR e TR ) AR, A7 TR i SN %1 )
DA 19 22 ARG R TR 3 L D6/ 1 1) R 43 P AN
Bl N B WX wh 7 ik, Horb, 641 1) 74 (0.0,
1.0), (0.2, 0.8), (0.4, 0.6), (0.6, 0.4), (0.8, 0.2)F1(1.0,
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0.0), FIELEVILR B BOKE £ (0.0, 1.0), (0.4, 0.6)F1
(0.8, 0.2) MM ZI Y Hi SRR 0] AR, FEXTIX3AN 1 i il
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1) 151(0.2, 0.8), (0.6, 0.4)F1(1.0, 0.0)11 A\ 21| 24 7 sk
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R PSR, ASCHE T — P e R A Ok 7 1)
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& FRRRE, REAS TP B 7 ) ) B A RN 5 s
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U AT Ta) R 38~ RRE. 3 FELR A b ) 56 B i)
ZE VP PSSR AMAR AR ARUEE, =R Frow, 3
2 Cj (p)FC, 5 (q) 73 ERFR MR pFl g EAENE 7T 5%
Ja— 6w m B SE RN 1], Similar(p, ¢) R s MEp
Rl IR, LA, AR s

Similar(p, q) = zn:l]Cj(p) - C;(q))- (11)
i=

SR AT LA R SRAR )1 i) o) AL TR,
1 2 e A AL REAL SEBL 10 2 A1 1R R AL
R TR,

Procedure Algorithm of constructing multipopulation:
begin
resort weight vectors randomly in ¥;
for j = 1ton; do
get the best individual p from P on the jth subproblem
that is generated by using the jth weight vector in ¥;
move p into the subpopulation P7;
endfor
for each subpopulation P’ do
get (n2 — 1) individuals from P that are the most similar
to the best individual of P7;
move the (ng — 1) individuals to P7;
endfor
end
Denotations:
P: the population;
¥: the set of the current subproblems to be solved;
n1: the number of subpopulations to be constructed;

nz: the number of individuals in a subpopulation.

Bl 2 ZRRERIALAG T O
Fig. 2 Pseudo-code for the algorithm of constructing multiple
subpopulations

34 B4R 81 B R J7 B (Method of designing
genetic operators)

I bR 22 T IR SR S T AN 1)
AR AT R, AT DAIRAFIX L7 ) it R ALl e A
fife. SR 2 H ARSI H A2 IR A — AN 5
Hor A8 A AR SCRC AR A, BRI, oA 17 3RAG ANl
IS ICARAE, 22 IRE 55 AR 28 IH) St 7 )R AC L3R
W, AR PR A 3 ol 6 MR e b 3 P T 2 T 5
oAt~ R MRS 22 v B MAEAT A SR, X
A H SIS AT R T R i A TR AR R B ). I L
ANERES 2 H TR A7 S 2 R b R I A SO A,
SRVEISA I R R FH S TR S & R 3 A7 i 101,

TR AR VAT Tk e AR () A8 SRR A ST A (] 1)
R, SCERL1719E o0 T B AR i 1) 2 H Rk 4
T 8 88 ) J, A AT S — Bl s A X5 2, RS
TEPEPN RS SUAE Ry G AR A8 X1 AR g R
THEERIEE ZFEPE, AN SCRACHANRE A AR 57 7 5.
o, AT AR S AL BE P AN AN A 7, R 5 A8
AL E BN TS A AL S I LB — AN
BRI LAE AR 5 — AN BENLAE. AT X
AR S 7 LR [RIBT AR BON B N IR FofE, IR
PRI BAR YA S Ok B SRR LA A AL 21 R — A
4 PiESEK 4R 5 4 ¥r(Simulation experi-

mental results and analysis)

h T IR T I EELE SR AR 2 H bR K G R
JEE T R PRI 250, i HR SCIR 18 TP vk AR AN [ RS
(mxn, mEREHFEL, m=10,20; nFR-AEE, n=
10, 20, 30, - - -, 100) /¥ 540 EAT 1 2 5L 58, JF 16 £
SPGAII!, NSGAII', MOEA/D'", MOGLS!8! }¢
BMSARIMER LA s7vk. Horp: SPGATLE R Mt %
FRBEI 7 V2R AR 22 H bR IR )8 NSGATLE: — ik
TR ) 2 H AR %, MOEA/DFIMOGLS
SESE TR0 2 H AR EE, X3RS 34 OB Y
F T3R8 22 B ARGLZK 242 (R B ) 8, BMSASEIT 4K
P I — P T RHA T ACOR K 5L, H O T
SKAF 2 B bR [ 5 ) S8
4.1 SZH¥E (Experimental setting)

MPGA/DIWZv B a1 R : R 100, )
RSB 20, RS INT ) jUE R D 10, TR )
BRI 10, 28575 40.6. LB LR Sk 450 &
SHORE )22 [ SCHR, Frh SPGATIR M R AR AR
100, 72 ¢ 2 40.6, 1 I 7 £ & 20, NSGAILK
MOEA/D IR REAR A 100, 25 5% 4 1.0; MOGLS )
FREERURR 3100, 22 S M 1.0, 42532 450.6; BMSA)
TEAR RIS A 10, WIAGE BE 410, ¥ 21 R E0CRH0.9, B —
ML N IRAR40IK.
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rdads, 20 an

1) CHabs: I8 H TR WA SR I kAS R
LRSI XSS, o nX(12), b X, Y77
MR RIS ARSI . BHC(X,Y) =
TR TY S (A — AR SRR, X 4 Th AR A7 A1 5
fio e MIfiE; #HC(X,Y) = ORX TYHEP T —IE
SO, X AP EBAA AT S E R

C(X,Y):]y€Y|EIx|1€/|X::E>y|. (12)

2) IGDHEFx: %FEAS N L7548 FxR, 1T LAR I PEAY
AR SR 5 B LR AR (e 1T R B I A SRR AR 1Y)
grAntE, e X (13)Prs:

> d(v, P)
S ey webr

IGD(P, P*) T (13)
Hrr: d(v, P)FandE i st 2 B4 Pri
Bl s BR R Y, PO R SRR AR AR, 2 HARi
I T T Ay S o 7 P e i, ey 3R A LS T A
SCMCEARREE, TR, ASOR 6N EE3000G8 1T 3RS 1)
ESCHCARER I, TN PR B SO AR 5 15 2 R SEAE N
e ARAAREE P
4.2 S5 B9 H1 (Experimental result analysis)

H T VA B P A ARSI I B0 S LU
VERPERE, 92566 R A LL20000 K AN AF Ay f5E 11
S5, 6N EE O D s — A SR g 304K, FFHN307E
AT 85 RIAIIEAE A VP AR, Dy S8 U b LE RN 43 B S
K ah R, R At R 58, WK R 0.05 k56 77
15, FFg47, <= e 0l K ZRMPGA/D IR K i
AR BN T 2T RSN T H R

T IR UEAS SCITHE H ) 38 B 22 Rl SREmes (1) 1 .
AR SCHE IR 38 B 22 R SR e REGEARIN, AR
TRFER) 3 A 185 D0, A% 1 ) /4 ALy s~ Mo kAT I
AT STHR13-16] [FIFFER FH 22 Fiofte S o - Il
T RIREREA T HAT KA, AR IX L s A R R 38
PRIFF RO B ANARANAR . Sk 5631E PR Fh SRS 7 K e
% HAR/K A ALY B vl R PR i, 23 ) P e S s 2
ATUTELSERS. A MGAah A SCHTHE H I H IE N 2 R
SN, MGAD A SCRR[151PT R 1) 22 Bl e Sk, MGAa
FIMGAbX] T A7 7 Rl R FH a4 A AL HL kT
(158 AT 81 i) U AU 4 2R, XA T LA A HAT
BRI B Y O 1 2 P SRS O e K14y
T XX P R SR AR CHE b FIIGD 5 by TH] 1 5 56 45
. MCFaFR S IGDIEFRI LI 45 R T LURIR, X5 TPt
AR5 A, MGAalf) SRR 220 T-MGAD,
FUIATC T H 1) 38 N 22 Mol SRS AR o 22 H b

PUK AR B I R T AT e P2 R
& 1 Wt S APBE R 404 CHATARIGD IS AT AL Fhd

Table 1 Comparison of the two multipopulation strate-
gies via C-metric and IGD-metric

S CIabr IGDf&#hx
MGAa MGADb t-test MGAa MGAD t-test
10 x 10 1.00 0.00 + 0.0895 0.3222 +
10 x 20  1.00 0.00 + 01250 0.3991 +
10x 30 1.00 0.00 + 0.1126 04337 -+
10 x40  1.00 0.00 + 0.0766 0.5438 +
10 x 50  1.00 0.00 + 0.1369 0.4902 +
10 x 60  1.00 0.00 + 0.1448 04810 -+
10x 70 1.00 0.00 + 0.1682 0.5185 +
10x 80  1.00 0.00 + 0.1961 0.5130 -+
10x90  1.00 0.00 + 0.1686 0.5214 +
10 x 100  1.00 0.00 + 02239 0.5517 +
20 x 10 1.00 0.00 + 0.0747 0.1967 +
20 x 20  1.00 0.00 + 0.1703 0.2751 +
20 x 30  1.00 0.00 + 0.1395 0.3585 +
20 x 40  1.00 0.00 + 0.1749 04257 +
20 x 50  1.00 0.00 + 0.1465 04284 +
20 x 60  1.00 0.00 + 0.1707 0.4480 +
20 x 70 1.00 0.00 + 0.1513 04257 +
20 x 80  1.00 0.00 + 0.1826 0.4646 +
20 x 90  1.00 0.00 + 0.1746 0.4526 +
20 x 100  1.00 0.00 +  0.1994 04688 +

FLUR, BAEA ST H IMPGA/DAE SR i % H b
DK ZE ) B ) 05 1 ) PR e 245 tH T MPGA/D
K W SEEAECTabr 7 5L 50 45 5, R A, B, C,
D, E }2 F %3 5| & 75 5.5 MPGA/D, SPGAII, NSGAII,
MOEA/D, MOGLS } BMSA. )\ % 1 ] DL & i,
MPGA/DTE T A HA i ORI BP0 T H bk
B, RWIMPGA/DAECHabs )7 TH AE WS SRAFEL LT 1)
SRARSUR.

345 H T MPGA/D J¢ Lt 88 1L AEIGD TR A 7 1
(PSR a el . MR35 5 4 S n] LUK, MPGA/DAE
FE A S50 AL 5 R 34 S 2540 T-SPGAIL, NSGAILM,
MOGLS. 7£ 174~ & 5 & fE 4% & % £ T MOEA/D,
TEIAN A9 F B LA R 2 25 TBMSA. X 3% Bl
AMPGA/DTEIGDT5F5 77 [ BEW AT T IR

W IR SIS &5 B o0 B o] LR, AR ST (1)
MPGA/DECTR 5 IGDIRFR 7 THIA H AT B AF AL
L. by S M R R T R B SR AR U, I35
25T ORPRIEAESRAFHEABI10 x 50, 10 x 80220 x 80
N 30UKIB AT AT I by AR SCRCARER M) AT 1. ]
Al LA H, MPGA/D3R b Al 7 e i B2 B A T 1 ot
HAAE.
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Table 2 Experimental results comparison of the six algorithms via C'-metric
=Ryl A B ttest A C ttest A D ttest A E  ttest A F  t-test
10 x 10 1.00 0.00 + 0.99 0.00 + 0.06 0.00 + 0.53  0.00 + 0.08 0.00 +
10x20 1.00 0.00 + 1.00  0.00 + 0.63 0.10 + 0.94 0.00 + 0.76  0.09 +
10x30 1.00 0.00 + 1.00  0.00 + 046 0.21 + 0.98 0.00 + 0.69 0.08 +
10 x40 1.00 0.00 + 1.00  0.00 + 0.54 0.03 + 0.98 0.00 + 0.88 0.00 +
10 x50 1.00 0.00 + 1.00  0.00 + 0.52 0.04 + 0.96  0.00 + 0.87 0.00 +
10 x 60  1.00 0.00 + 0.99 0.00 + 0.44 0.07 + 0.93  0.00 + 0.70 0.13 +
10x 70 1.00 0.00 + 0.93 0.00 + 048 0.11 + 0.95 0.00 + 0.77  0.05 +
10 x 80 1.00 0.00 + 0.88 0.00 + 0.44 0.10 + 0.99 0.00 + 0.75 0.02 +
10x90 1.00 0.00 + 0.92 0.00 + 035 0.14 + 0.96 0.00 + 0.68 0.14 +
10 x 100 1.00 0.00 + 0.89 0.01 + 0.37 0.06 + 0.96 0.00 + 0.67 0.02 +
20 x 10 1.00 0.00 + 1.00  0.00 + 0.06 0.01 + 1.00 0.00 + 1.00 0.02 +
20x 20 1.00 0.00 + 1.00  0.00 + 040 0.01 + 1.00  0.00 + 0.94 0.00 +
20x 30 1.00 0.00 + 1.00  0.00 + 047 0.13 + 1.00  0.00 + 0.97 0.00 +
20 x40 1.00 0.00 + 1.00  0.00 + 040 0.12 + 1.00  0.00 + 0.97 0.00 +
20 x50 1.00 0.00 + 1.00  0.00 + 0.54 0.17 + 1.00  0.00 + 0.93  0.00 +
20 x 60 1.00 0.00 + 0.98 0.00 + 0.34 0.02 + 0.99 0.00 + 0.93 0.00 +
20 x 70 1.00 0.00 + 1.00  0.00 + 043 0.11 + 1.00 0.00 + 1.00 0.00 +
20 x 80 1.00 0.00 + 0.81 0.00 + 0.53 0.12 + 0.97 0.00 + 0.92  0.00 +
20x90 1.00 0.00 + 091 0.00 + 043 0.05 + 1.00  0.00 + 1.00  0.00 +
20 x 100  1.00  0.00 + 0.96 0.00 + 0.55 0.02 + 1.00  0.00 + 1.00  0.00 +
& 3 6t Bk e9IGDARAT o 2k Rt bt
Table 3 Experimental results comparison of the six algorithms via IGD-metric
e MPGA/D SPGAIl t-test NSGAIl t-test MOEA/D t-test MOGLS t-test BMSA  t-test
10 x 10 0.0139 0.2076 + 0.1638 + 0.1064 ~ 0.1907 + 0.1117 ~
10 x 20 0.0129 0.2471 + 0.0643 + 0.0324 + 0.1245 + 0.0200 +
10 x 30 0.0502 0.2476 + 0.0855 + 0.0687 + 0.1437 + 0.0583 ~
10 x 40 0.0240 0.4712 + 0.1163 + 0.0673 + 0.1617 + 0.0536 +
10 x 50 0.0225 0.1645 + 0.0496 + 0.0399 + 0.0470 + 0.0386 +
10 x 60 0.0196 0.1622 + 0.0493 + 0.0344 + 0.0442 + 0.0328 +
10 x 70 0.0239 0.2643 + 0.0463 + 0.0450 + 0.0494 + 0.0358 +
10 x 80 0.0261 0.1863 + 0.0550 + 0.0451 + 0.562 + 0.0628 +
10 x 90 0.0175 0.1477 + 0.0355 + 0.0274 + 0.0477 + 0.0286 +
10 x 100 0.0165 0.2849 + 0.0315 + 0.0351 + 0.0432 + 0.0280 +
20 x 10 0.0289 0.3518 + 0.3337 + 0.1010 ~ 0.3113 + 0.2218 +
20 x 20 0.0118 0.4038 + 0.2323 + 0.0258 + 0.2841 + 0.1767 +
20 x 30 0.0477 0.4235 + 0.2513 + 0.0579 ~ 0.2802 + 0.1774 +
20 x 40 0.0210 0.5508 + 0.1998 + 0.0522 + 0.2842 + 0.1542 +
20 x 50 0.0263 0.2578 + 0.1452 + 0.0362 + 0.1454 + 0.1272 +
20 x 60 0.0193 0.2469 + 0.1460 + 0.0322 + 0.1376 + 0.1286 +
20 x 70 0.0196 0.3739 + 0.1595 + 0.0355 + 0.1681 + 0.1418 +
20 x 80 0.0157 0.2618 + 0.1223 + 0.0291 + 0.1288 + 0.1105 +
20 x 90 0.0185 0.2479 + 0.1232 + 0.0242 + 0.1327 + 0.1136 +
20 x 100 0.0187 0.3755 + 0.1410 + 0.0285 + 0.1594 + 0.1325 +
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Fig. 3 Comparison of the nondominated solution sets of

10 x 50 obtained by six algorithms
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10 x 80 obtained by six algorithms
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Fig. 5 Comparison of the nondominated solution sets of

20 x 80 obtained by six algorithms

5 458 (Conclusions)
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