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Lagrangian relaxation algorithm for scheduling problems of
reentrant hybrid flow shops

ZHOU Bing-hai†, ZHONG Zhen-yi
(School of Mechanical Engineering, Tongji University, Shanghai 201804, China)

Abstract: To effectively enhance the productivity of multi-reentrant workshops, we consider the importance of inspec-
tion and repair processes to reentrant production systems where products are manufactured layer by layer; and then, propose
a scheduling method of reentrant hybrid flow shops based on Lagrangian relaxation algorithm. Firstly, a scheduling problem
domain of reentrant hybrid flow shops is described and then a mathematical programming model is built with an objective
of minimizing the total weighted completion time. A Lagrangian relaxation algorithm with relaxing machine capacity con-
straints is developed, which decomposes the relaxed problem into job-level sub-problems. Each sub-problem is solved by
a dynamic programming method with dynamic programming recursive formulas. After that, the sub-gradient algorithm is
used to solve the Lagrangian dual problem. Finally, simulation experiments in different problem scales are carried out to
analyze the proposed algorithm. Results indicate that the proposed algorithm can obtain satisfactory near-optimal solutions
within a reasonable time period.

Key words: reentrant hybrid flow shop; scheduling; Lagrangian relaxation; dynamic programming
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SPEA–II�{. Dugardin�[4]±��z´¶|^ÇÚ

��z���¤�m�8I,JÑ
�«#�õ8I
¢D�{L–NSGA5¦)RHFSNÝ¯K. Cho�[5]�

éRHFSNÝ¯K,JÑ
ÄuÛÜ|¢�ø\÷¢
D�{. Hekmatfar�[6]�éü�ã�RHFSNÝ¯K,
JÑ
±��zmakespan�8I�·Ü¢D�{.

�,þã©z�ïÄ¤JU
�RHFSNÝ¯K
JøûÐ�/�,�Eäk�½�Û�5. Äk,þã
©z==�Ä
¬��\óÚu�,vk�Ä�¢
S)�L§¥,¬��,���g�E¤�)��Ø
¬�#���CX,ØU�Å��¯K[7]. �©ïÄ
�RHFSNÝ¯K,l¬�3\ó�����,�Ä9
�?1¬��u�Ú?E,éuÜ©?EØ¤õ�¬
���UY\,2?1u�Ú?E,��âUm©
ée��?1\ó.

Ùg,þã©zõ¦^�U`z�{,��{¥v
kNyÑ�\NÝ¯K¥ØÓó��ØÓ�g�

méuÅì�ÍÜù��A5. aq.�KFt
µ(Lagrangian relaxation, LR)ùaU
3Ün��m
Sé�¢S5�¯K��þz�I�C`)��{

�É�à. ~X,3·Ü6Y�m(hybrid flow shop,
HFS)NÝ¯K±9õg�¯K¥LR�{Ò®2�A
^[8–11]. �k'ù
©z,¿Ø�Ä�\NÝ¯K.
�©JÑ
ÄutµÅìUå�å�LR�{,Ø=U
�xõ\NÝ¯K��A5,¿�ÏLtµÅì
Uå�åù�ÍÜ�å,Uò��E,�RHFS¯K
©)¤�N´¦)�ó�?f¯K.

2 êêêÆÆÆïïï���(Mathematical modeling)
2.1 ¯̄̄KKK£££ããã(Problem statement)
3�©¤ïÄ�RHFSNÝ¯K¥,dü�Ì��

�ã|¤,�kN�ó�,ØÓ�ó�äkØÓ��
gêLi(\gê),«¿ãXã1¤«.

ã 1 �k\XÚ�RHFS¯K

Fig. 1 The problem of RHFS with a reentrant system

11�ã��E�ã,Ù¥kJf�ó�Õ,¿�z
�ó�Õjd�|�Ó�²1ÅMj|¤. 12�ã¥,
du�Ú?Eó�Õ|¤�����\XÚ,z�
ó�Õjd�|�Ó�²1ÅMj|¤,z�ó�i�

z��lÑI�\ù��ãL′ig,ØÓ�ó�Ñk

ØÓ�\gê. 3�¯K¥,z�ó�z��gU
ì�Ó�^S�g²L��ó�Õ?1\ó,z�ó
�o��\ó(Jf + 2L′i)Lig.

2.2 êêêÆÆÆ���...(Mathematical formulation)
Äuþã¯K£ã,ïá¤ïÄ�RHFSNÝ¯K

�êÆ�.Xe:

1) �.b�. Åì3?Û�ÿÑ�^,¿�vk
�æÚ�oò´;ó�\óvk`k?,=��ó�
���óSm©\ó,KdóSØ#N¥ä;��ó
�Õ�mvkk��À;��ó�Õ�mvk�$�
m;¤kÅìÑ´²1Å�UåÚ\ó�Çþ�Ó;
��Åì3Ó����õ�U\ó��ó�,���
ó�3?¿���õ�U3��Åìþ\ó.

2) ëê. N�ó�ê; Li�ó�i��gê(\
gê); L′i�ó�i�z��\u�?E�ã�gê;
Jf��E�ã�ó�Õê; Ji�ó�i�z��¤²L

�ó�Õê,z�ó�Õd�|²1Å|¤,�Ji =
Jf + 2L′i; M�oÅìê; K��mY²; wi�ó�i

��; pi,j�ó�i3ó�Õj�\ó�m; Mj�ó

�Õj��|²1Å8Ü,�

M1 ∪M2 ∪ · · · ∪MJf+2 = M,

Mj = Mj−2, ∀Jf + 2 < j 6 Ji,

Mj1 ∩Mj2 = φ, ∀1 6 j1, j2 6 Jf + 2.

3) ûüCþ. Ci,l,j�ó�i�1l�3ó�Õj�

�¤�m; mi,l,j�ó�i�1l�3ó�Õj¤©��

Åì.

�âþã¯K£ã!�.b�!ëê±9ûüC

þ,é¤ïÄ�RHFSNÝ¯Kï�Xe:

min
N∑

i=1

wiCi,Li,Ji
, (1)

s.t. Ci,l,j > pi,l,j, (2)

i = 1, · · · , N, l = 1, · · · , Li, j = 1, · · · , Ji,

Ci,l,j−1 6 Ci,l,j − pi,l,j, (3)

i = 1, · · · , N, l = 1, · · · , Li, j = 2, · · · , Ji,

Ci,l−1,Ji
+ pi,l,1 6 Ci,l,1, (4)

i = 1, · · · , N, l = 2, · · · , Li,∑
(i,l,j)∈Ou

(ϕ(k − Ci,l,j + pi,l,j − 1)−

ϕ(k − Ci,l,j − 1)) 6 1, (5)

k = 1, · · · ,K, u = 1, · · · ,M.

þã�.¥,8I¼ê(1)´��zo\��¤�
m;�å(2)L²
\óm©�m�¦;�å(3)L²

ó�\ó^S�¦,��,�ó��,���c�ó
S�¤�,��óSâUm©\ó;�å(4)L²
ó
�\ó^S�¦,��,�ó��,�������
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óS�¤�,����\óSâUm©\ó;�å
(5)½Â
ÅìUå�¦,L²��Åì3Ó����
õ�U\ó��ó�,Ù¥ϕ(k)L«��¼ê,¿�
÷v

ϕ(k) =

{
1, k > 0,

0, k < 0,

Ou = {(i, l, j)|mi,l,j = u}.
3 ...���KKKFFFtttµµµ���{{{(Lagrangian relaxation

algorithm)
3.1 tttµµµÅÅÅìììUUUååå���ååå(Relaxing machine capaci-

ty constraints)
lêÆ�.¥��,�k�å(5)ÅìUå�åÍ

Ü
ØÓ�ó�,�d,Ú\.�KF¦fλk,u(k =
1, · · · ,K, u = 1, · · · , M ),r�å(5)tµ�8I¼
ê¥,/¤Xetµ¯K:

L(λ) = min{
N∑

i=1

wiCi,Li,Ji
+

M∑
u=1

K∑
k=1

λk,u×
[

∑
(i,j,l)∈Ou

(ϕ(k − Ci,l,j + pi,l,j − 1)−

ϕ(k − Ci,l,j − 1))− 1]}, (6)

λk,u > 0, k = 1, · · · ,K, u = 1, · · · ,M, (7)

s.t.ª(2)− (4)(7).

duXeü�'Xª¤á:
M∑

u=1

∑
(i,j,l)∈Ou

(ϕ(k − Ci,l,j + pi,l,j − 1)−
ϕ(k − Ci,l,j − 1)) =
N∑

i=1

Li∑
l=1

Ji∑
j=1

(ϕ(k − Ci,l,j + pi,l,j − 1)−
ϕ(k − Ci,l,j − 1)),
K∑

k=1

λk,u × (ϕ(k − Ci,l,j + pi,l,j − 1)−

ϕ(k − Ci,l,j − 1)) =
Ci,l,j∑

k=Ci,l,j−pi,l,j+1

λk,u.

Ïd,tµ¯K�8I¼ê�±�¤Xe/ª:
N∑

i=1

min{wiCi,Li,Ji
+

Li∑
l=1

Ji∑
j=1

Ci,l,j∑
k=Ci,l,j−pi,l,j+1

λk,mi,l,j
} −

M∑
u=1

K∑
k=1

λk,u.

(8)

@otµ¯KÒ�±©)¤Õá�ó�?f¯K,ó
�?f¯K�±L«�

Li(λ) = min{wiCi,Li,Ji
+

Li∑
l=1

Ji∑
j=1

Ci,l,j∑
k=Ci,l,j−pi,l,j+1

λk,u}, (9)

s.t.ª(2)− (4)(7).

.�KFéó¯K�

max
{λk,u}

{
N∑

i=1

min{wiCi,Li,Ji
+

Li∑
l=1

Ji∑
j=1

Ci,l,j∑
k=Ci,l,j−pi,l,j+1

λk,mi,l,j
} −

M∑
u=1

K∑
k=1

λk,u}, (10)

s.t.ª(2)− (4)(7).

.�KFéó¯K�)��¯KJø��e..

3.2 ¦¦¦)))óóó���???fff ¯̄̄KKK (Solving job-level sub-
problems)
tµ��ó�?f¯K^Ä�5y�{)û,ó

�Ó��gmÚØÓ�gm�\ó^S�¦�)3

48úª¥. éu¦)ó�?f¯K�Ä�5y48
úª�@3job shop¯K¥�Ñ[12–13]. �d,(Ü�
©�õ\NÝ¯K�A:,�ÑÄ�5yL§¥^
��CþÚúª.

hi,l,j(u, t)L«¤�¼ê,½ÂXe:

hi,l,j(u, t)=





t∑
x=t−pi,j+1

λx,u+wit, l=Li, j =Ji,

t∑
x=t−pi,j+1

λx,u, Ù¦,

(11)

i = 1, · · · , N ; l = 1, · · · , Li; j = 1, · · · , Ji;

t = Ti,l,j, · · · ,K; u ∈ Mj,

Ù¥: Ti,l,jL«ó�i�1l�3ó�Õj��@��

¤�m, hi,l,j(u, t)L«ó�i�1l�3ó�Õj3�

mtS3Åìuþ�¤�¤�.

fi,l,j(u, t)L«ó�i�1l�3ó�Õj3(u, t)G
�e��`µd�I.)ûz�ó�?f¯K�Ä�
5y48úªXe¤«:

fi,l,j(u, t) =



hi,l,j(u, t), l = 1, j = 1,

hi,l,j(u, t)+
min

v∈Mi,l−1,Ji
,Ti,l−1,Ji

6x6t−pi,j

fi,l−1,Ji
(v, x),

l 6= 1, j = 1,

hi,l,j(u, t)+
min

v∈Mi,l,j−1,Ti,l,j−16x6t−pi,j

fi,l,j−1(v, x),

Ù¦,

(12)

i = 1, · · · , N ; l = 1, · · · , Li;

j = 1, · · · , Ji; t = Ti,l,j, · · · ,K; u ∈ Mj.

éó�i�1Li�3ó�ÕJi�ÅìÚ�¤�m
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��`ûü�±d

(u∗
i,Li,Ji

, t∗
i,Li,Ji

) =

arg min
u∈Mi,Li,Ji

,Ti,Li,Ji
6t6K

fi,Li,Ji
(u, t)

Ì���. éó�i�1Li − 1, Li − 2, · · · , 1�3ó
�ÕJi − 1, Ji − 2, · · · , 1�ÅìÚ�¤�m��`
ûü�±deªÌ���:

(u∗
i,l,j

, t∗
i,l,j

) =




arg min
u∈Mi,l,j ,Ti,l,j6t6t∗i,l+1,0−pi,0

fi,l,j(u, t),

l 6= Li; j = Ji,

arg min
u∈Mi,l,j ,Ti,l,j6t6t∗i,l,j+1−pi,j+1

fi,l,j(u, t),

Ù¦.

(13)

3.3 ���EEE���111)))(Construction of a feasible solution)
éó¯K���)Ï~´Ø�1),Ï��U�

�
�Ü©ÅìUå�å(5),ÏdI��E�1)±
¼��¯K�þ.,±e�ltµ¯K���1)�
��ü�ãéuª�{: 11�ã¥,z�ó��11
�311�ó�Õ��¤�mCi,l,j�±dtµ¯K�

)��,UìCi,l,j ×
Li∑
l=1

Ji∑
j=1

pi,j /wiéz�ó�?1,

SüS,�g©��11�ó�Õ¥�@�se5�
Åì. ��z�ó��z1��z�ó�ÕÑUì�
c��ó�Õ��¤�m�^S,©���@�se
5�Åì. 12�ã¥,éþã����1)?1+�
��,±���Ð�þ..

3.4 gggFFFÝÝÝ���{{{(Subgradient algorithm)
�©Ú\gFÝ�{5¦).�KFéó¯K,

zgS�L§¥�âXeúª?1.�KF¦f�

#:

λk,u =max{0, λk,u+α
UB−LB
M∑

u=1

K∑
k=1

h2
k,u

×hk,u}, (14)

hk,u =
∑

(i,l,j)∈Ou

(ϕ(k−Ci,l,j +pi,j−1)−

ϕ(k−Ci,l,j−1))−1, (15)

k = 1, · · · , K; u = 1, · · · ,M, (16)

Ù¥UBÚLB©OL«�cS�gêe�þ.Úe
..

3.5 ...���KKKFFFtttµµµ���{{{666§§§(Steps for Lagrangian
relaxation algorithm)
ÚÚÚ½½½ 1 Ð©z,-�cS�gên = 0,-¤k

.�KF¦fλk,u = 0.

ÚÚÚ½½½ 2 ^Ä�5y¦)z�ó�?f¯K,O

���e..

ÚÚÚ½½½ 3 étµ¯K�)?1�1z,O���
þ..

ÚÚÚ½½½ 4 �ä´ÄÎÜÊ�OK,eÎÜK�{
Ê�,ÄKUY.

ÚÚÚ½½½ 5 ?1.�KF¦f�#,�n = n + 1,
¿£�Ú½2.

4 ¢¢¢������©©©ÛÛÛ(Experiments and analysis)
�¢�(JÏLéómYÚCPU�m5ïþ,é

ómY= (UB∗−LB∗)/LB∗ × 100%,Ù¥: UB∗L«
¤kS�gê¥��`þ.�, LB∗L«¤kS�g
ê¥��`e.�.��½��S�gê�300,gF
Ý`z�{¥�ëêα = 0.2.

�¢�ÿÁ
¤JÑ�LR�{¦)�«ØÓ5
�RHFSNÝ¯K�5U.¯K¢~�Å�)Xe:

N = {10, 20, 30, 40, 50},
Li = {[1, 2], [2, 3]}, Jf = {2, 3, 4},
Mj = {3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13},

Ù¥Li = {[1, 2], [2, 3]}L«ó���gê�ü«Ø
Ó�5�,�z«5�e,z�ó���gêØÓ�
3�½��SUlÑþ!©Ù�Å�); Jf = {2,

3, 4},�duu�?E�ã�\gêL′id[1, 2]lÑ
þ!©Ù�Å�),K��ó�i²L�ó�ÕêJi

= {[4, 6], [5, 7], [6, 8]};z�ó��\ó�mÚ�
þ©Od[10, 20]Ú[1, 10]lÑþ!©Ù�Å�). N ,
Li, Jf , Mj�k5× 2× 3× 3 = 90«5�,éz«5
��Å�)ÚÿÁ10�ØÓ�¢~,��¢���)
Ú¦^900�ÿÁ¢~.

�©�{æ^±eO�Å��?1¢y: CPU:=
A�,�C,VØ, T2130, 1.86 GHz;S�: 896 MB;>
MXÚ: Windows XP Professional;?§�ó: C++.

¢�(JXL1¤«,L1¥�êâ(Ø���1
	)Ñ´¢�¥�Ó5��10�¢~�²þ5U.L1
¥: M =ó�ê×�gê×ó�Õê×Åìê.

lL1�±�ÑXe(Ø:

1) éu�«ØÓ5�,3�Óó�ê!�gêÚ
ó�Õê^�e,�XÅìêO\,éómYo¬C
�. ù´du�XÅìêO\,ó��méuÅì�
¿�Ò~�,l¦¯KC�{ü�
,)��þÒ
k¤Jp.

2) Ø
ó�ê�10��5�¯K	,éuÙ¦�
«ØÓ5�,3�Óó�ê!�gêÚÅìê^�e,
�Xó�ÕêO\,éómYo¬C�. ù´du�
Xó�ÕêO\,��ó��ØÓ�g�méuÅì
�¿�¬��,ÏéómY¬C�.
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L 1 ØÓ5�¯K�¢�(J
Table 1 Experimental results of different scales of problems

¯K M éómY/% CPU�m/s ¯K M éómY/% CPU�m/s
1 10× [1, 2]× [4, 6]× 3 6.52 16.22 46 30× [2, 3]× [4, 6]× 7 19.34 199.04

2 10× [1, 2]× [4, 6]× 4 3.65 14.41 47 30× [2, 3]× [4, 6]× 8 15.84 181.6

3 10× [1, 2]× [4, 6]× 5 2.62 16.02 48 30× [2, 3]× [4, 6]× 9 13.1 186.97

4 10× [1, 2]× [5, 7]× 3 5.51 23.74 49 30× [2, 3]× [5, 7]× 7 15.47 268.34

5 10× [1, 2]× [5, 7]× 4 3.54 21.58 50 30× [2, 3]× [5, 7]× 8 10.39 251.1

6 10× [1, 2]× [5, 7]× 5 2.46 22.94 51 30× [2, 3]× [5, 7]× 9 7.4 247.84

7 10× [1, 2]× [6, 8]× 3 5.54 31.9 52 30× [2, 3]× [6, 8]× 7 9.58 352.51

8 10× [1, 2]× [6, 8]× 4 3.17 31.05 53 30× [2, 3]× [6, 8]× 8 8.56 340.31

9 10× [1, 2]× [6, 8]× 5 2.47 28.64 54 30× [2, 3]× [6, 8]× 9 5.94 345.84

10 10× [2, 3]× [4, 6]× 3 11.53 45.68 55 40× [1, 2]× [4, 6]× 9 14.55 107.33

11 10× [2, 3]× [4, 6]× 4 5.49 38.96 56 40× [1, 2]× [4, 6]× 10 12.78 112.31

12 10× [2, 3]× [4, 6]× 5 3.24 39.93 57 40× [1, 2]× [4, 6]× 11 10.51 107.38

13 10× [2, 3]× [5, 7]× 3 10.86 66.86 58 40× [1, 2]× [5, 7]× 9 12.12 149.64

14 10× [2, 3]× [5, 7]× 4 3.78 59.27 59 40× [1, 2]× [5, 7]× 10 10.63 156.61

15 10× [2, 3]× [5, 7]× 5 2.49 57.02 60 40× [1, 2]× [5, 7]× 11 8.09 147.81

16 10× [2, 3]× [6, 8]× 3 4.51 82.81 61 40× [1, 2]× [6, 8]× 9 11.11 204.35

17 10× [2, 3]× [6, 8]× 4 2.4 78.1 62 40× [1, 2]× [6, 8]× 10 8.54 208.25

18 10× [2, 3]× [6, 8]× 5 1.5 81.22 63 40× [1, 2]× [6, 8]× 11 6.86 196.05

19 20× [1, 2]× [4, 6]× 5 10.72 41.58 64 40× [2, 3]× [4, 6]× 9 21.9 289.5

20 20× [1, 2]× [4, 6]× 6 6.82 40.13 65 40× [2, 3]× [4, 6]× 10 16.57 289.97

21 20× [1, 2]× [4, 6]× 7 5.54 38.43 66 40× [2, 3]× [4, 6]× 11 14.07 266.37

22 20× [1, 2]× [5, 7]× 5 9.09 61.36 67 40× [2, 3]× [5, 7]× 9 16.56 390.25

23 20× [1, 2]× [5, 7]× 6 6.77 58.59 68 40× [2, 3]× [5, 7]× 10 14.79 403.16

24 20× [1, 2]× [5, 7]× 7 5.11 53.1 69 40× [2, 3]× [5, 7]× 11 9.51 367.3

25 20× [1, 2]× [6, 8]× 5 7.86 80.84 70 40× [2, 3]× [6, 8]× 9 13.22 523.8

26 20× [1, 2]× [6, 8]× 6 5.07 78.19 71 40× [2, 3]× [6, 8]× 10 9.92 522.33

27 20× [1, 2]× [6, 8]× 7 4.45 71.84 72 40× [2, 3]× [6, 8]× 11 7.62 510.91

28 20× [2, 3]× [4, 6]× 5 17.06 116.73 73 50× [1, 2]× [4, 6]× 11 16.47 151.94

29 20× [2, 3]× [4, 6]× 6 10.35 102.87 74 50× [1, 2]× [4, 6]× 12 13.31 156.85

30 20× [2, 3]× [4, 6]× 7 8.18 98.38 75 50× [1, 2]× [4, 6]× 13 10.85 149.48

31 20× [2, 3]× [5, 7]× 5 13.83 166.67 76 50× [1, 2]× [5, 7]× 11 13.27 207.94

32 20× [2, 3]× [5, 7]× 6 7.37 146.46 77 50× [1, 2]× [5, 7]× 12 10.84 211.72

33 20× [2, 3]× [5, 7]× 7 5.48 140.41 78 50× [1, 2]× [5, 7]× 13 9.52 203.32

34 20× [2, 3]× [6, 8]× 5 10 213.85 79 50× [1, 2]× [6, 8]× 11 9.47 270.1

35 20× [2, 3]× [6, 8]× 6 5.02 198.03 80 50× [1, 2]× [6, 8]× 12 9.6 289.13

36 20× [2, 3]× [6, 8]× 7 3.71 191.81 81 50× [1, 2]× [6, 8]× 13 7.26 259.84

37 30× [1, 2]× [4, 6]× 7 14.47 75.94 82 50× [2, 3]× [4, 6]× 11 22.05 388.36

38 30× [1, 2]× [4, 6]× 8 11.23 68.89 83 50× [2, 3]× [4, 6]× 12 19.33 387.16

39 30× [1, 2]× [4, 6]× 9 9.22 74.19 84 50× [2, 3]× [4, 6]× 13 16.34 367.95

40 30× [1, 2]× [5, 7]× 7 10.8 101.52 85 50× [2, 3]× [5, 7]× 11 17.04 529.13

41 30× [1, 2]× [5, 7]× 8 9.25 99.1 86 50× [2, 3]× [5, 7]× 12 14.99 540.25

42 30× [1, 2]× [5, 7]× 9 6.87 100.72 87 50× [2, 3]× [5, 7]× 13 12.12 514.6

43 30× [1, 2]× [6, 8]× 7 9.91 135.6 88 50× [2, 3]× [6, 8]× 11 13.72 707.41

44 30× [1, 2]× [6, 8]× 8 7.56 130.64 89 50× [2, 3]× [6, 8]× 12 10.36 713.72

45 30× [1, 2]× [6, 8]× 9 6.12 134.81 90 50× [2, 3]× [6, 8]× 13 8.12 686.2

²þ 9.65 195.99

3) Ø
ó�ê�10��5�¯K	,éuÙ¦
�«ØÓ5�,3�Óó�ê!ó�ÕêÚÅìê
^�e,�X�gêO\,éómYo¬C�.ù´

du,�X�gêO\,��ó��ØÓ�g�m
éuÅì�¿�¬C�.

4) éu�«ØÓ5�,3�Ó�gê!ó�Õ
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êÚÅìê^�e,�ó�êO\�,éómYo
¬C�,ù´du�Xó�êO\,ó��méÅ
ì�¿�Ò��.

5) ¤k¢~�²þéómYÚ²þCPU�m©
O�9.65%Ú195.99 s. ù`²éu�©¤ïÄ��
k\XÚ�RHFSNÝ¯K,¤�O�LR�{U

3��Ün��mS��'�÷¿�C`).

LRØ=U
�¢S¯KJø�þz�I,Ó�
�U��T¯K�). �©òLR¤�Ñ�)���
p���U`z�{,¢D�{(genetic algorithm,
GA)Úâf+�{ (particle swarm optimization,
PSO)?1'�. ã2L«���{3ØÓó�5�
e180�¢~�δ²þ�,Ù¥δ = (UB−LB∗)/LB∗

× 100%. éuLR, UB=��`þ.�UB∗,éu
GAÚPSO, UBL«ü��{200gS��¤��8
I¼ê�.�©¤¦^�GAÚPSOþ�IO6§.
lã2�±wÑ, PSO�)��þ3��ØÓó�5
�eþÑ`uGA,LR�)3�«5�eþ²w
duGAÚPSO.

ã 2 ØÓó�5�e��{�δ²þ�

Fig. 2 δ average in different number of jobs of

different algorithms

5 (((ØØØ(Conclusion)
�©ïÄ±��N�E��µ�RHFSNÝ¯

K,�Ä
¢S)�¥u�Ú?Eéu�\)�
XÚ��5,JÑ
�k\XÚ�RHFSNÝ
¯K,¿��éT¯K?1¯K£ã,±��z\
��¤�m�8I,ïáêÆ�.. �©¦^LR�
{,ÏLtµÅìUå�å,òtµ¯K=z�ó
�?f¯K,¿ïáÄ�5y�48úª¦)T¯
K.¢�©Û
�«5�¯K�¢�(J,�Ñ

�A�(Ø.(JL²,�©¤�O�LR�{U

3Ün��mS¼�÷¿�C`). �YïÄ�±
�ÄXÛ~��{$1�m±9XÛ?�ÚO\�

å^�±Jp�5�¯K�)��þ.
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