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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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2 (Problem description)
,
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: 0 , n

m

, : 1)

; 2) ; 3)

; 4)

; 5)

. :

:

J : , J = {1, 2, 3, · · · , n}, n ;

M : , M = {1, 2, 3, · · · ,m}, m

;

pij : j i ;

dj : j ;

G: ;

:

Sij : j i ;

Cij : j i ;

Cmax: ;

Tj : j ;
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xhj : 0–1 , h j ,

xhj = 1; , xhj = 0.

:

minCmax, (1)

min
n∑

j=1

Tj , (2)

s.t.⎧⎨
⎩
Sij + pij � Si+1,j,

i = 1, 2, 3, · · · ,m− 1, j = 1, 2, 3, · · · , n,
(3)

⎧⎪⎪⎨
⎪⎪⎩

Sih + pih � Sij +G× (1− xhj),

i = 1, 2, 3, · · · ,m, h = 1, 2, 3, · · · , n,
j = 1, 2, 3, · · · , n,

(4)

⎧⎨
⎩
xhj + xjh = 1,

h = 1, 2, 3, · · · , n, j = 1, 2, 3, · · · , n,
(5)

Cmax � Cmj , j = 1, 2, 3, · · · , n, (6)

Tj � max{Cmj − dj , 0}, j = 1, 2, 3, · · · , n, (7)

Sij�0, Cij�0, i=1, 2, 3, · · · ,m, j=1, 2, 3, · · · , n,
(8)

xhj∈{0, 1}, h = 1, 2, 3, · · · , n, j = 1, 2, 3, · · · , n.
(9)

: (1) (2)

, (3)

, (4)

, (5) ,

(6) (7) j .

(8) (9) .

3 (Proposed algorithm)
3.1 (Basic idea of algorithm)

,

.

,

,

. 1 MPGA/D

, ,

:

;

, ;

, ;

,

.

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

1 MPGA/D

Fig. 1 Pseudo-code for the MPGA/D

3.2 (Method of initializing

population)
,

. 5 , (2, 4, 5, 1, 3)

2 → 4 → 5 → 1 → 3.

,

.

3.3 (Method of constructing

multipopulation)

, N

, N

. {λ1,λ2,λ3, · · · ,λN} ,

λj = {λj
1, λ

j
2, λ

j
3, · · · , λj

k} j , j =

1, 2, 3, · · · , N , k ,

(10) , Ω .

N ,

.

min f((x|λj)) =
k∑

i=1

λj
i · fi(x), (10)

s.t. x ∈ Ω, j = 1, 2, 3, · · · , N.

,

.

,

( ) ,

.

,

. 6

, , 6 (0.0,

1.0), (0.2, 0.8), (0.4, 0.6), (0.6, 0.4), (0.8, 0.2) (1.0,
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0.0), (0.0, 1.0), (0.4, 0.6)

(0.8, 0.2) , 3

. ,

(0.2, 0.8), (0.6, 0.4) (1.0, 0.0)

, 6

.

,

,

,

,

,

, .

2 ,

; ,

; ,

.

, (11) ,

: Cmj(p) Cmj(q) p q j

m ; Similar(p, q) p

q , , .

Similar(p, q) =
n∑

j=1

|Cj(p)− Cj(q)|. (11)

,

.

Procedure Algorithm of constructing multipopulation:

begin
resort weight vectors randomly in Ψ ;

for j = 1 to n1 do
get the best individual p from P on the jth subproblem

that is generated by using the jth weight vector in Ψ ;

move p into the subpopulation P j ;

endfor
for each subpopulation P j do
get (n2 − 1) individuals from P that are the most similar

to the best individual of P j ;

move the (n2 − 1) individuals to P j ;

endfor
end
Denotations:

P : the population;

Ψ : the set of the current subproblems to be solved;

n1: the number of subpopulations to be constructed;

n2: the number of individuals in a subpopulation.

2

Fig. 2 Pseudo-code for the algorithm of constructing multiple

subpopulations

3.4 (Method of designing

genetic operators)

,

.

, ,

,

, ,

,

.

,
[10].
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, ,

.

, .

, ,

;

.

,

.

4 (Simulation experi-

mental results and analysis)

, [18]

(m×n, m , m=10, 20; n , n=

10, 20, 30, · · · , 100) ,

SPGAII[15], NSGAII[19], MOEA/D[17], MOGLS[18]

BMSA[20] . : SPGAII

; NSGAII

, MOEA/D MOGLS

, 3

; BMSA

,

.

4.1 (Experimental setting)
MPGA/D : 100,

20, 10,

10, 0.6.

, : SPGAII

100, 0.6, 20. NSGAII

MOEA/D 100, 1.0; MOGLS

100, 1.0, 0.6; BMSA

10, 10, 0.9,

40 .
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, C [21] IGD [22]

, :

1) C :

, (12), X , Y

. C(X,Y ) =

1 Y , X

; C(X,Y ) = 0 Y

, X .

C(X,Y ) =
|y ∈ Y |∃x ∈ X : x � y|

|Y | . (12)

2) IGD : ,

, (13) :

IGD(P̄ , P ∗) =

∑
v∈P∗

d(v, P̄ )

|P ∗| , (13)

: d(v, P̄ ) v P̄

, P ∗ .

,

, , 6 30

,

P̄ ∗.

4.2 (Experimental result analysis)

, 6 20000

, 6 30 , 30

.

, 58, 0.05 t

, “+” “−” “∼” MPGA/D

.

.

,

,

. [13–16]

,

.

,

. MGAa

, MGAb [15] , MGAa

MGAb

,

. 1

C IGD

. C IGD ,

, MGAa MGAb,

.

1 C IGD

Table 1 Comparison of the two multipopulation strate-

gies via C-metric and IGD-metric

C IGD

MGAa MGAb t-test MGAa MGAb t-test

10× 10 1.00 0.00 + 0.0895 0.3222 +

10× 20 1.00 0.00 + 0.1250 0.3991 +

10× 30 1.00 0.00 + 0.1126 0.4337 +

10× 40 1.00 0.00 + 0.0766 0.5438 +

10× 50 1.00 0.00 + 0.1369 0.4902 +

10× 60 1.00 0.00 + 0.1448 0.4810 +

10× 70 1.00 0.00 + 0.1682 0.5185 +

10× 80 1.00 0.00 + 0.1961 0.5130 +

10× 90 1.00 0.00 + 0.1686 0.5214 +

10× 100 1.00 0.00 + 0.2239 0.5517 +

20× 10 1.00 0.00 + 0.0747 0.1967 +

20× 20 1.00 0.00 + 0.1703 0.2751 +

20× 30 1.00 0.00 + 0.1395 0.3585 +

20× 40 1.00 0.00 + 0.1749 0.4257 +

20× 50 1.00 0.00 + 0.1465 0.4284 +

20× 60 1.00 0.00 + 0.1707 0.4480 +

20× 70 1.00 0.00 + 0.1513 0.4257 +

20× 80 1.00 0.00 + 0.1826 0.4646 +

20× 90 1.00 0.00 + 0.1746 0.4526 +

20× 100 1.00 0.00 + 0.1994 0.4688 +

, MPGA/D

. 2 MPGA/D

C , A, B, C,

D, E F MPGA/D, SPGAII, NSGAII,

MOEA/D, MOGLS BMSA. ,

MPGA/D

, MPGA/D C

.

3 MPGA/D IGD

. 3 , MPGA/D

SPGAII, NSGAII

MOGLS. 17 MOEA/D,

18 BMSA.

AMPGA/D IGD .

,

MPGA/D C IGD

. , 3−5

6 10×50, 10×80 20×80

30 .

, MPGA/D

.
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2 6 C

Table 2 Experimental results comparison of the six algorithms via C-metric

A B t-test A C t-test A D t-test A E t-test A F t-test

10× 10 1.00 0.00 + 0.99 0.00 + 0.06 0.00 + 0.53 0.00 + 0.08 0.00 +

10× 20 1.00 0.00 + 1.00 0.00 + 0.63 0.10 + 0.94 0.00 + 0.76 0.09 +

10× 30 1.00 0.00 + 1.00 0.00 + 0.46 0.21 + 0.98 0.00 + 0.69 0.08 +

10× 40 1.00 0.00 + 1.00 0.00 + 0.54 0.03 + 0.98 0.00 + 0.88 0.00 +

10× 50 1.00 0.00 + 1.00 0.00 + 0.52 0.04 + 0.96 0.00 + 0.87 0.00 +

10× 60 1.00 0.00 + 0.99 0.00 + 0.44 0.07 + 0.93 0.00 + 0.70 0.13 +

10× 70 1.00 0.00 + 0.93 0.00 + 0.48 0.11 + 0.95 0.00 + 0.77 0.05 +

10× 80 1.00 0.00 + 0.88 0.00 + 0.44 0.10 + 0.99 0.00 + 0.75 0.02 +

10× 90 1.00 0.00 + 0.92 0.00 + 0.35 0.14 + 0.96 0.00 + 0.68 0.14 +

10× 100 1.00 0.00 + 0.89 0.01 + 0.37 0.06 + 0.96 0.00 + 0.67 0.02 +

20× 10 1.00 0.00 + 1.00 0.00 + 0.06 0.01 + 1.00 0.00 + 1.00 0.02 +

20× 20 1.00 0.00 + 1.00 0.00 + 0.40 0.01 + 1.00 0.00 + 0.94 0.00 +

20× 30 1.00 0.00 + 1.00 0.00 + 0.47 0.13 + 1.00 0.00 + 0.97 0.00 +

20× 40 1.00 0.00 + 1.00 0.00 + 0.40 0.12 + 1.00 0.00 + 0.97 0.00 +

20× 50 1.00 0.00 + 1.00 0.00 + 0.54 0.17 + 1.00 0.00 + 0.93 0.00 +

20× 60 1.00 0.00 + 0.98 0.00 + 0.34 0.02 + 0.99 0.00 + 0.93 0.00 +

20× 70 1.00 0.00 + 1.00 0.00 + 0.43 0.11 + 1.00 0.00 + 1.00 0.00 +

20× 80 1.00 0.00 + 0.81 0.00 + 0.53 0.12 + 0.97 0.00 + 0.92 0.00 +

20× 90 1.00 0.00 + 0.91 0.00 + 0.43 0.05 + 1.00 0.00 + 1.00 0.00 +

20× 100 1.00 0.00 + 0.96 0.00 + 0.55 0.02 + 1.00 0.00 + 1.00 0.00 +

3 6 IGD

Table 3 Experimental results comparison of the six algorithms via IGD-metric

MPGA/D SPGAII t-test NSGAII t-test MOEA/D t-test MOGLS t-test BMSA t-test

10× 10 0.0139 0.2076 + 0.1638 + 0.1064 ∼ 0.1907 + 0.1117 ∼
10× 20 0.0129 0.2471 + 0.0643 + 0.0324 + 0.1245 + 0.0200 +

10× 30 0.0502 0.2476 + 0.0855 + 0.0687 + 0.1437 + 0.0583 ∼
10× 40 0.0240 0.4712 + 0.1163 + 0.0673 + 0.1617 + 0.0536 +

10× 50 0.0225 0.1645 + 0.0496 + 0.0399 + 0.0470 + 0.0386 +

10× 60 0.0196 0.1622 + 0.0493 + 0.0344 + 0.0442 + 0.0328 +

10× 70 0.0239 0.2643 + 0.0463 + 0.0450 + 0.0494 + 0.0358 +

10× 80 0.0261 0.1863 + 0.0550 + 0.0451 + 0.562 + 0.0628 +

10× 90 0.0175 0.1477 + 0.0355 + 0.0274 + 0.0477 + 0.0286 +

10× 100 0.0165 0.2849 + 0.0315 + 0.0351 + 0.0432 + 0.0280 +

20× 10 0.0289 0.3518 + 0.3337 + 0.1010 ∼ 0.3113 + 0.2218 +

20× 20 0.0118 0.4038 + 0.2323 + 0.0258 + 0.2841 + 0.1767 +

20× 30 0.0477 0.4235 + 0.2513 + 0.0579 ∼ 0.2802 + 0.1774 +

20× 40 0.0210 0.5508 + 0.1998 + 0.0522 + 0.2842 + 0.1542 +

20× 50 0.0263 0.2578 + 0.1452 + 0.0362 + 0.1454 + 0.1272 +

20× 60 0.0193 0.2469 + 0.1460 + 0.0322 + 0.1376 + 0.1286 +

20× 70 0.0196 0.3739 + 0.1595 + 0.0355 + 0.1681 + 0.1418 +

20× 80 0.0157 0.2618 + 0.1223 + 0.0291 + 0.1288 + 0.1105 +

20× 90 0.0185 0.2479 + 0.1232 + 0.0242 + 0.1327 + 0.1136 +

20× 100 0.0187 0.3755 + 0.1410 + 0.0285 + 0.1594 + 0.1325 +
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3 6 10× 50

Fig. 3 Comparison of the nondominated solution sets of

10× 50 obtained by six algorithms

4 6 10× 80

Fig. 4 Comparison of the nondominated solution sets of

10× 80 obtained by six algorithms

5 6 20× 80

Fig. 5 Comparison of the nondominated solution sets of

20× 80 obtained by six algorithms

5 (Conclusions)
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