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Figure 1 (Color online) The number of papers about intelligent workshop in different years.
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Figure 2 (Color online) Keyword clustering chart based on CNKI database.
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Figure 3 (Color online) Keyword clustering chart based on WoS database.
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Figure 4 Classification of dynamic events in intelligent workshop.
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Figure 5 Performance metrics of dynamic workshop.
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#1. ShiueZs NVet 295 1), FIFH (A 4 S i
WA 20T AE = R AT TR, B TR R N E HCRES
), PR T R T Qe ST RN U] PR 1 S
AR J7vE, FEDRLEVE T, Luo it T 6Fh4l & i
FEFLI, HAFHAQE: I Ak H bR BB H 15, et 17—
FERETIREQEIME L, ARUE T 5 EH L
3 NIFISP. HuZ AP EFSTFISP IR IZ 7] 5,
T —MIET AiENDRLIAGVSZF I E 7, @
TEFEAEIHIN, S2BL T fe/hMbmakespan FlTIEIR 3.
Han%ﬂYang[Sz]%?*ﬁﬁXiﬁfgﬁﬁ, GEE BRI R
A T —MDRLIEE 7%, AR T 5 REBELI
T A ZZSISP. Luos N Vet w2 pe 37 T4 N
&2 HIRFISP, $&H 7 —MEE T XUZ R QM 4% 1)
TELR I EHESE, SEBL T R N E IR A~ L 2s 7 F
KA. Lings NP H T — R A 3000 2 484
fif RENASFISP, 455G URFEQM 4 Bevt T8 ARSI
FONBE, SCHL T X8 TAFRR P S  1 J B v
Luo2s NP IHEiH T 54N TR0 300 0 A6 AN L 3843 e
M), 3T 20 2 2 B Be AR v SRS AR AL 22, A R A v
T 5 AR BN ASFISP.  Changs NPOVe %% re i
WLLAFZE B ASFISP, $2H T —Fh 2L FDRLIYE
Tk, ZITEA B AL B E A ST R RE YO 1 S
i B R 4.

5 ZHARER TS REERX
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7 2 MzhaA R AR, AR =R 584 OV A
J& (completely reactive scheduling, CRS). il 21
¥ (predictive reactive scheduling, PRS). & #1f & (ro-
bust scheduling, RS).

CRSAN TS A e BT R BT %8, B2 A
SR I AR DB, ]t A R O SIS R R ERE 4%
VL. P EER 2 —Fh & M )CRS, HFESPT, LPT,
EDD%. & J& AR 3 Bl R A5 BB A R e 21,
MO 73 Bt RBEATHER, 985 MK R H 43 BCAH B
B AR P BRSBTS P R 7R
N R A e 1, A5 o A HE R RN SPT; & 4% 1 4
[FL) 82 ] L (I FTSP) YU 75 22 2 A R ) (BI04 5 ) i
YL, I AILPTAIMWKR, #1382 TR, f5
H AN SRR, HeAh, TRk, HHAZH 4 B T
FEAETHEE RN, BFEGPFGEPS. 5% i B A
[ 14 A, FIELIER 75 447 L5 30 18 PR 0 D 47 D e € A [ 5 PR B8
T XRAME 2R, i RE R, RS
B IE B I 0] R — N S AR FE R R0 i
HZ TS50, (Arems 2 mon, MaRiEE—F
HA REW 035 R 2R ) AR P R RE TR 1.

PRS2 il i 548 5o WL h A5 1 B2 7 7. PRS2
—FRE RO, B STEVIGE M BUAE AN e R
FETTR, 4R EA BN TR AER, B
HHTEOUAE BRI TT 5, G R AR E I
117, RZHPRSTIVELE A B, DA AN
e E bR, HEAEZRE TR T BT Re 2 AR IR T
FHRKRIIMWZ, Xy ilit R0 KRB U 5
Wi, PRI, —Se B FAR Y B EPRS. B2 R
AR PRI B SR UG T SRR R R T, B
% fe /MU BN A PR BN AR 0 A T 7 S RE TR RE .
MLt 7 kB, PRS2 E 43 B AS B R 56 4 E 1
FE. R RN JEA DT AT R R, TR [E]
b, JEE SR MK R AN AR R R T %, B BT
DAORHF g 0 AR, (HvH SR TRl A O B2 IS [A] 0
ok, PRSEZFARIAR., FHAFIKEHA, RAEH.
JE AR B A T R AR AR — BN IR, R A TAE B AR K
—ANEIR BT 5. AR IR BN B R AR M AR
R, EFAREE TR, RGN EREER
T R G RS

RSZFREWI AR MY BO AT BE i, MR 3E A (H
B EAK T RE R AW SR F4E, NI AE A

—NABETT R, BN BRSO A P I ) 2 AR,
RITESRh FAE R A BRI T — € K15 . RS
XA FA ARG EANE, (At A
VE TS A TR RE, XS AR ARG DL S B AR b
AN H A7, 40 B /MEmakespanSE.

5.2 EFhREERR

F 3 E (proactive scheduling, PS) X 44 mi 514 1
FERT T pe R SR T R AR B S H AR IR T S B
JORIARE T, DA IPSIEAR A N RS, T
BEYR U 4% B 8] T 4% B PS AN L - s 00 ML 1
PS. H - LE b1 1 B 5 SE e ik 39 0 SR IR B I )T
KU E RERIREE M EREIEDY, BA NS
AR AR, Ry AR AR R e AT
M JEE RIS EM R AR, BT A
SRR N SN ECHE B A T R S kA, b E
B EhiE KRG TR, BMGIRBIX A= R G R,
T 73 90 %o 3 P AP SABE 2R AH S BH T AT L 4 23

FETITCRMURI IPS AT GE T & T, K EMIE
BRI 225 RS B B TR e AR, (TR Ry
ZERE T I & B 2 AR AR PRI, R B L
AR BEHU RIS 2 A
S OOV SO A 45 T il i 9 S R 5 R e
ITERA, FF4a e <PSH H W2 A l— AN 2 ARY () 3k 1
VA BETHRI, (AR BE A JE v R RIS A o 1
B N AR R AL TR, ST A B T 55 N AN E 1O
PRSP, N7 —Fl = [y BCFSP AT H 1 1 AR A,
FEFAEANE TS T, SRR IS O T 1 B & v
TR ENE. Mev R APl n T 1) AN E
TRAN-TE S IWHEFSP, F PSR 545 BE v I ik
FIEIBIEEN R 2R, A OB MCAN 2 0 T )2 SR
0. RameshMINorman! ™ Bt 7 — A 3 3 A 1k
WP AR R FEH LA W ) AERT ISP, SCHR[64]32 H
T A H RN R PATHLAT SR M BB A, HL DL
B30/ MU AT TN ) 22 PR DDA RN R 38 e s o 1A 1) i
FI845. GorenfllSabuncuoglu'® et M1 & ik A i T
BF[E)ANE 2 ISP, et 7 — M &R e ke aUEE,
AR R B A R R B R PE. EEXTARIRI ) 1), Goren
SN T AN RN AR R
TEHHATPS, ARk E RS 7 . GhezailZ A7
30T TFSPIIPSIIEFEME, $2Hh 12T B R
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WG R %, FRBGE NS T RKE 4R
WA TRETPEAEAZ i /R, ST 4E 12 o AR A 7K 43
Ai(Weibull distribution)#fiy€, A5 ¥ BHINEHE LA
FIGA RS R & TAF B S  BA K 58 Tt a), 5%
LW NP ST pE IR 2 AU FE BT R RN,
BT PR 4EAE 55 S BT IR S50 P R 4 n T A TR £ 52
H e HARR AR, o 7 B W 4 E I R IR
WHFSPI AR, 6 i th 1 e 2 X 5 GA 45
A, BT SR SR AR, SCHER[73,74]13 % T R IR T
AU AU AR AR, BB s R . ER
EVERIRE T %, BB BERREAL. 1A axT &
2 () Fe e ERZE, AT SILPS T H .

AR PSH R L BRI R AR TUR R = A
Bl e vk, H S 3 R T AR B TR TR 2%, B
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SREPEARIIKIE, fERREHIEMEET, VIR 7E 555
ANAEFERN], AL RS ROR ST I A R AR R AR, O
JE A X 2 R A 1 2 B AL B A0y, R X A
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B35 905 i) 35 S0 7 e . M T ANVt i gy
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PEH TR AR A S, FONPSHI T ML H 42 £t
THAEAR. Leef NOV047 T 2 T R E08 5088 T 10
TOOI 3 Y A R Ay, e sl 3 B 1 Fo0Il 3k ) 75 3K
IR, Bk L2 N7 6 4w RS R A 5
HIRE hEk e kg, = it A ER
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AR IR, WEHEOE R R BE R oA 1
il 5 A SRR R . FangZ AR T —
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TEAIN, SCBUAE P I R EE M. kA A ALY
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i NI Vet 28 e 4 1) o by S SR (T 228 LA
HRE) 5| RES I LA A2 1) R, SR FH AR DX B AR S R
ZETA) e () BRI DA SO A PR B, R T — AN
TR PR 228 ) 4 RIS ] 5 271 53 B £ R 550 00 P S U 9.
Zhang® N4 7 R FIRFIDAN TG 2% sk 2347 14tk
S S 0 A ) L e A FH g OO 0 7V, R
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M, SRR REHIE I LUK R BT, ST —
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B3, QT3 HR T 2R I 1 ) b e 1
HFSGIE AR RS, mil St - R A
JEE7 1 T I B T ) 25 J82 R £ 3 39S L it ey R 1)
. 5G. R¥EdlE. NLTERE. mitf. WM —
AT BHARBERS Oy T 3R FE S 78 70 O Bk i, (2
XA BRI BRI BOR . R B A EOR
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SRS i R G R sE Pk, IR i K
PR,

6 RKEREEH

BB AT RE, A E RIS
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Figure 6 (Color online) Active scheduling model based on new generation information technology.
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Research and development trend of intelligent shop dynamic
scheduling

LI XinYu'?, HUANG JiangPing', LI JiaHang', LI YuXin' & GAO Liang"’

! School of Mechanical Science and Engineering, Huazhong University of Science and Technology, Wuhan 430074, China;
? National Center of Technology Innovation for Intelligent Design and Numerical Control, Wuhan 430074, China

Intelligent manufacturing is a trend in the development of the manufacturing industry, and its main carrier is intelligent workshops.
The complex and changeable workshop system faces frequent dynamic events from various situations during production. The key to
improving production efficiency is figuring out how to give reasonable scheduling for frequent dynamic events in intelligent
workshops. This paper first describes the intelligent shop scheduling problem and points out its complexity. Second, the research on
dynamic scheduling methods for the intelligent workshop is described, and the application of reinforcement learning to dynamic
scheduling is classified and discussed. Furthermore, the research on the decision-making mode of dynamic scheduling is provided in
detail, and the similarities and differences between the classical and proactive scheduling modes are examined. Finally, the future
development trend of intelligent shop dynamic scheduling is given based on the research and demand of the intelligent manufacturing
industry.

intelligent workshop, intelligent manufacturing, dynamic scheduling, proactive scheduling, reinforcement
learning
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