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Abstract

In the field of intelligent manufacturing, FJSP is a typical scheduling problem, and the effective so-
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lutions for it have important significance for improving production efficiency. This paper aims to
optimize the maximum completion time, and it improves on the classic TLBO to solve FJSP. This
paper tests a flexible job shop scheduling example and compares the output results before and af-
ter improvement. The result indicates that the improved TLBO can find the minimum processing
time with fewer iterations to optimize the solution of FJSP.
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1. 518

TE )3 AR KRR A B e, R P ) A e OB P 1) . — X AN s PR ) 1) R — el A AL
(] 1 & 1] # (Job-Shop  Scheduling Problem, JSP). M1 Mk 4= ] 4/ /& i) 8 (Flexible Job-shop Scheduling
Problem, FISP) &4 8t JSP (47 J&, J& T — /N AL ) NP-hard r) 8, =5 BE4F A2 TR0 N Rk A8 2o e,
XK AN T 6] R RGP A, AR ISP, FISP ELA B8 )02 A S fn N FH AT B e B SR R e R[] B
JEINEE N [2]92 th—Fh st iy astAL Sy, Jmad A58 F 1140 1R s 7 =R DL i 57 58 BN 200 D9 1000 ) A i B,
$m T FISP HUSRMRRE . ALt N[BIHR I T — Rkt it) NSGA2 Bik, ZHERTH T —FhAE T 528
MEGtS 7, I Bt 7 Sud RS SR B 5%, AN N 7 AR &R, AR T FISP ISR

HEAR AL B (Teaching-Learning-Based Optimization Algorithm, TLBO) & — i 4l 22 3 F2 1 R A 2
REMRALSE, i Rao %5 2011 4E4 Hi[4] [5]. TLBO HyRIEFIUSL# e R s, &) FHM A R4 > s
28, B SRR AR R A U SicvERE . FER DI, TLBO iR 5| 7R TAEE ) 12 M. fih
TIMNZAMBERIT T T IZ 5L, FE8eH TV 28 A s 5k . X BBk O 2 D A TR GR
BRI R R, HLERs2 > YL I RS 2 AN IR [6] . T I ANEE N7 H T AT S B AR AL SR
(Feedback ETLBO), ZHIELEZAER BUG 5I N RBH B I 7B E 2 R R Ee . HH 7% A8l H
—APENAS N BRI TLBO), X SIELE BUMBY B 2 A=l B 51 N —Hh 55 Sigmoid e& 50A % 1)
BERCEE, I HAEBUMBY BRI — Fh 2 25 5 20 I L R3S s M R B KT, 25 AR B B A A E
5 R A A S A A IS ) U7 3 A EE R A Sk ae iR AR e . S R)IEEA[91%F TLBO
SR RS R EREAT 1 RB AT, R T Suk BRI R (MTLBO).

ASCERE T MIET B AL TLBO 5%, B NG BUMAMA e ) 42 A B i R . %
SFRAEBUMBY Bk F — M ) B 0] 2 2] 7 1R R SR UM AMA, - DR TR, AT 280 e~ 2 7K~k 3]
— AN RS, R ERUE BTN A A2 L R . R, kAR DUAS [ (19 77 2 m) 0 Bl ) 22 2047
FOIER, WM 2R, SR REEN RS R ). &, W R R ATIE, R T
ZSFAEARAL FISP 0] SR 5 THI R R0

2. FEPRE SRR
2.1. [EIREfER
ETPEAE L2 6] R R 0 F B AE — AT R, A m AN T, 6 n
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AN TR EYIN T, ST UAEE 2 A TAF, maA TN T AR SRS Trak. TF
R B MUREE MU BEAT N L, 9F BARAS TR i L Tl & AN AR 5] o AR 75 B2 AL 1 H AR BEAT I L 22

HE, FISP HIZIH &4 F

(1) FrA B A A AT AR T 4 ) 2 B Z i n 1

(2) AER LFPITUaIN L5 # A Bes b b s

@) XA, —GHLE AR T

(4) XFFE—TAFE-—E TR, fER-—NZ RGeS HLan L,

(5) [ TAFM T EE MY BEAT AN I, AS[R AR 5 2 T80 A B

(6) #ATAEZIAB AN T seg 25

2.2. RBEST

221 FFSEX
n LA 3G
i, h T
ik L5,
m HLA AL
ZHLEE T

Mij I}_‘? Oij E‘]Eﬁim%ﬁ,

Sij I? Oij E/'J}:FIEH_ [‘ETJ;

Cyj L Oy iy 58 LI 1]

Ci LA i i 7€ LI [al;
Crnax B K 5E I [H] 5

Ti, LJ7 Oy FEHLAS z I 0 Tk [a]

Xiip LI Oy 2 BN z BN, £z BInTA L, AfEz BTk 0:

Cij —MRIESEHL

Gij L7 Oy ML O M5 IR, ij ERT N 1, hk ZE3TA 0.

2.2.2. BfREH

ASCULE T EDAPAL BAR, 25 T B bR R 2L

2.2.3. AREH

minC,,, =minmax(C;),1<i<n

Cij —Sij ='I'i].Z Vi, j,z Q)

ZHXUZ =1 Vi, j 2

Xt + M (G —1) < X, Sy Vi, j,z,h .k ©)

S + Xy, Ty <Cy Vi, .2z (4)

Cy<Cpy Vi, ] ®)

Qs%M)WJ (6)
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S; 20T,

iz
b, 200N LRI I TR A Reseb i, X(Q)fEHE Ty RN EinT—k, XE@)FRwER I
Zl, —aflE R T —E TR, @R ERETFRIT TR E N T4 T H g T, RERER LT
AN TR B R S I A], A (6)F AR A AR A AT — 38 P A 58 LI [N K T Ja — 38 LR AT LA,
VAT {=EE 5= 9V <135 o o o 1IN 2 |51 N W T | S E S5

3. BXRHFFMUEE

AN TR NI FUM R HCABr BOM 7 AL AR L2 ST B B
FUEEH B H R AN BONKT 52 RS R 25, AR —Jos R, Bol kit e
AR RS, RS AT REIAEIM A KT, AT

>0,C; 20 Vi, j,z ™

Xnew = Xnew + rand ><(Xt(-3acher —TFEx Xmean) (8)
X =3 x 9
mean _N_pzizg i ( )

Hrrand 2 0 B 1 ABENIEL, X e RFERTHIRS, TF NHCEERET, BUEN 182
TF = round[ 1+ rand (0,1) | (10)

FREHR, MR (X)) < F(Xyq)» WHEATER, 750
T BUR AR Z A AT 3], RURSE — AN M S AN LR R AR ZE 5 R AR T
SR PAER TR o M — AR L S — AN AR IR IR TE 2, B A A A e 0 7 S B AT . kT
A X ATABEHLE R S — A2 X (i ), BT
oo = X g +1a0d x(X; = X; ) F(X;)< F(X;)

11
oo = Xog +1and x(X; = X;) £(X;)< F(X;) (11)

GUEHT, W (X)) < f (Xog)» THATER, 5URER,
4, BUERNEEFEMRLNEE
4.1. 1Bt BZHEHRARIDKE

FRAR B S A o h B SO R , BUT AT R NS BRI T AP K, 76— MR
SIS F, AL ACT R, LA TR A R R ok Tk SIMSR S, AT A T e
SR R SRR AR o T B AT BB U A, T DAL O/ PR — IR 2 1 75 VAT
2, JURERARIE AR B RISRARIE A, B AR RN LR IR, 0 WP MR 5 1
FAR I AT Y, DURTHEE BRI, BB F

SR L MIEARBIE n VRIS A B BT AT,

S 2. WA R IR T,

SRS, HIN £ (T,)< (T,) RARSL, BHOLMET, BHAT,, SNIRET, , HEAIEITHE.

K TLBO o 0T 4 I 366 o (A D AN, S 0 A B P 8 o, R T
DI AS P FF AR (200 R o SRS RO B O, 00 0 25 kA o 8007 A 1 4 S 0 %
R AR o IR, BT A BT ST R A0 T DA B35 A 2 A 5 1 0 B
HOAEF -
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4.2. BHFENARNEIFR

TERA TLBO Bk, BUMIG ARG FE)G, ARSI AR T m 22 A 52 ), X Rk
AR HE G aN R s nE . Shm, EIseEEs, FAEREHBIN I T MR ER M2
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Xoewi = Xaig + 5 (X = X ) (X > X)) (13)

newi

Xoewi = Xo + 1 (X5 = X ) (Xi < X;) (14)

newi
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Figure 1. Gantt chart before optimization
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Figure 2. Completion time variation chart before optimization
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Figure 3. Gantt chart after optimization
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Figure 4. Completion time variation chart after optimization
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