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Hybrid learning strategy for green integrated scheduling with variable
speed AGV

CHEN Ren-sheng, WU Bin®, YAN Fei-yi
(School of Economics and Management, Nanjing Tech University, Nanjing 211816, China)

Abstract: The traditional manufacturing industry is gradually transitioning toward intelligent and environmentally
friendly production modes. To achieve efficiency improvements and emissions reduction in flexible manufacturing
workshops, this study aims to minimize makespan and total energy consumption. It constructs an integrated scheduling
model for a variable-speed AGV and machine under charging constraint. An improved NSGA-II optimization algorithm
is designed based on a hybrid learning strategy. This algorithm adopts a four-segment chromosome encoding scheme
based on process, machines, AGV and AGV speed, with different crossover and mutation operators for each encoding
segment. Additionally, an elite preservation strategy based on opposition-based learning is employed to enhance the
algorithm’s population diversity. Furthermore, a neighborhood search operator tailored to problem characteristics is
proposed, utilizing the QQ-learning reinforcement learning algorithm to dynamically adjust the neighborhood structure
during the iteration process, thereby enhancing the algorithm’s local search capabilities. Finally, the effectiveness of the
improved NSGA-II in solving this problem is verified through simulation tests.

Keywords: green integrated scheduling; multi-objective optimization; hybrid learning strategy; variable speed AGV;

NSGA-II; charging constraint
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D) A AGV 5 TAFRIWIUA AL B 3R 80X, 78
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5 £ WLTh Z; Py AL Pr oy 3R s AGV kAT FH 28 r
I ) 72/ I 2 Po 3278 AGV I 78 LB % B
FINAGV 15 78 L RME tF RN AGV kI 78 U
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PR gR 5, HBLI IR BRER Z T LE 7. 5
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T A% T B F B AGV. 5 4 BN AGV 4 i 9 it B
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THRE, A RE S oA G A B 1) 7 A
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step 1: FILA TAF HLE AGV K ILEE(E B

step 2: XF OS H1 M Zc B 45 1B — 18 1.7, SREUH:
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Z LA MBI RGS m AGVER S 5k AGV#
RG] 5.

step3: AGV BB HI T 45 K G, M H G HE
BEATAL A, WA AGV LB A2, W AGV DL ey 8
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step4: Kt AGV i 75 Zig ki LA E—E T
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step 6: 245 X (11) #f € AGV k 1 #3217 I 4h
I 1), WA O, o8 TAd B 56 138 7, W AGV k 1)
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MPX), BT MPX 5 H ] [|]— T B fd A (9 n T
MBS AT 28 S, A2 ) FAR YL B R R T AT A TRV,
T ASHIVS R HI MPX 5.+, tn & 4 F 7w, B A %
R,

step 1: BEALA le— ™15 4w A BOAE [ 2 7 0/1 %
2H Random.

step 2: B AL 16 B P 2% SO AR S € 4k 1) G 1 B
Parent 1 Al Parent 2, 3 #t Parent 1 £ Parent 2 77 5 £ 2H.
Random 407 165 7 1) J5 IR, C R A 356 RN AR, A
AR Y

childi| 1|23 ]2fali]a]1]

| 2
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|
|
|

Parent 1 2 2 3 1

3 4 4
oltflol1]o]1
3f23]1]2]1

3

1
2

1
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4

Parent 2 1
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El4 MPXXZXiRE

ALy VA xoF % 35 R G A B R L AS TR 1 A8 S
. AE OS H AT B A # P TE A [F] AR e A &, 41
WK B2 K0S “2,1,2,3,1,3,3,27 AN “2,2,1,3,
1,3,3,27 B 1% 7 UG 4 ARAIE OS IR AT 47 4. 7 MS
o ATiE—E L5, N & BT Rk — 6 ®& 8
B ui v 4%, 50 AS 55 VS, T B 8 T BT A
AGV IS, 1B Rxt N gmtith B (178 454
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J 7] % >] (opposition-based learning, OBL)!" ]
J A AR A BRI e e A, AR ST BE LA, FL e
% DL B i 1AM 6 2108 4 = e . 1% SR W T LU RO
TN 1 22 B PR AN &, B b RN BB OIR
A AR a2 ST LI A T esodE NSGA-TT 2%
HH [RRE LR B SRS, XA S R 150 20 A A R
Ivi) fife, 38 Ik A B G B AR AR S ACARRIRE, DL iy B
TR 2 ARSI

B&T = (z1,22...,1,) & N 4EfF 2SR L —
AT B, 4 B e ¥ 2 € [l wil, WA
' = (xf, @b ... ah) P i i T g e

z; = (I; + u;) — ;. (17)

2 B B 5 BRI T B
A, 15 ) OBL HE47 4% J5 4% 28 1 38 i AN K Ho s i B
VEIBAT W FE, AR R S0 A 1 B AL i AR, DL — 58
(1) A5 Pr(a) 3% £ K SR BE P AT Nopp AN, Pr(4)
B 2R R P 388 o ik ek, B

Pr(i) = P, + (P, — P,) - (GEN — i)/GEN.  (18)

Horb: GEN s RIERIREL, o 4k Ak, P, A
Py 53 58 Pre(i) 1) fe KAB AN B /MEL. 388 3 X6 BE JiR A 44
55 R A ) R AN AR,k B A N A AR T
—ERIE R, BB IRINF.

step 1: 152 504 Fi A E, AR5 20 (18) BRI 2
A ) B A AN Nogpp.-

step 2: #4552 (17), £ BORS JER0BE P it Nop, A
ANy B SR A A 7

step 3: 5 A2 ) S T) N AN FTAT e, WP ol 42
BT

step 4: 45 SR AN 7 ASSCHC S A AN el TS 1)
fife 7 IO 1) R H .

step 5: &5 G M H 5 P AT ol JE X e HE 7 5
B BEH S, R BT N AR B AR
2.4 ETFRAE IR R R

At %~ 2] P(reinforcement learning, RL) [ /42
S BE AR Agent 71 5 M5 LAl HR AT 2 5] RIS Ik
A& 147 3, AT 3RS 55 KA 1 [ 4R, Q-learning!*
ST PP LR ) RL B, eI 8 T — N IRES-B XS
T (Q ), K IRE H S ER AW L 7 A5 i QE
VBN AR R Q R .

AR F 2 SR AR AH A AR T 75 (1) — e T B AL
()78 J5 & EIE) 4 m NSGA-IL L 5 JH 11
SV, A SBT3 T Q-learning F AR ISAY R 5
W EH T RO b A S TC A 0 o BE A kAT FE A
W7 5 A%, K FE SCHC A 2R 1 VR 48 B A D s Ak 7 ST Y
REIRZS. AR (hypervolume, HV)?4 & H b3 4%
(] 7 Pareto i 52 75 i 1Y ST A DX 33K, BB A% [R] I s Bt
FER B USCSICPE RN 22 FE P, HV B K VR S8 A M RE
UF. Spacing J& £ A fiff 1) FC AL 1 d /) R S ) A
7%, Spacing [E /MR BRI &) THE AR L RTC
5 F—RrZ(E AHV A1 ASpacing, LLU1 T 77 #ORIR
AR5 N AR5, S, 0 AHV > 0, ASpacing < 0;
Ss : AHV > 0, ASpacing > 0; S5 : AHV < 0,
ASpacing < 0; Sy : AHV < 0, ASpacing > 0.

Btxt 2 H AR AL T 1) GIS-VSAM i i, % A4
PLEE A AGV =53 & BT 2 AR S R 1, &l 5
B, A1 < n < NCEHER). @il 55
P R T, A 23 = 8 FhARI LS/ I 7
M Q-learning I B /E 4.

O1: FEALIZEH n A A AR AL B T, 517 J5 3 A AT
BALE; Oo: BEALIN B n AT, SR 5 e M B3 1
MRAE N B TR g g B My AR R n A L E
FH BN 8 4 A g ML 38 A 0 T 1) B 2 B WL S

20
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(a) O, (b) 0,

Ms1\1|3|3|1|2|1\ Ms1\3|1|2\3|2|1\

T
ms2[1]2]af1fa]1] ms2{3|s|1|2]1]1]

(c) M, (d) M,
(e) 4, () 4,
E 5 RSN

Mo ¥ AT B n A L8 AL 28 5 6 9 ml s AL #5 h
REFES/MIIALES; Ay BB VS B n AN B AT REAL
B Ao e IR 2 10— S AGV, BE Bz B
HATTH n il T, £l H HAl T ik AGV is .

5 H e-greedy 5 B & 5 — B AE ar, IRFES S, 1
1780 1E a, )5, Q-learning X ZNAFE a, R ILRBEAT DAL I
5 — AN EEE R A SCE S HI W SR a AT S T
AL IPIR A BB B R, G RS N (51, Sa,
S3,S4) I, 2 EAH R 4393 9 (1,0,0, —1). f R 45 X
(20) HH Q( S, ar) FHIMAR| QR H,H

Q(St, ar) =
a[R+ymax Q(Sp41,a)] + (1 — ) - Q(Sy, ar). (19)

Horb: Q(Sy, ar) AT S RAE N RIANE a, 7= A1
QIE, a %213y AT IR 7, max Q(Siy1,a) AR
—ANRES S RIUITA I o 5525 1) Q1B
2.5 EEAHER

BT UL bR AE, X T GIS-VSAM [1] # 42 H
INSGA-II-HLS 54t iR w45 an

step 1: VU Bt MILEFPRE L HIE S5

step 2: fEERD 1S 2% B P AN B bk oR BUE, 347 PR
A S HE 7 A 5 2

step 3: XA HE NP {8 H — 70 4 br 2818 1%, X A [F]
G Brdt AT AN [ AL 58 SHRAE, 49 258 XFh B

step 4: X FEERS UG P AR B AR, TEAS R 9
o B AT XS N AR S 4R A, 45 BRI R P

Step 5: MWHKGSEMHE P A% £ 5 0 T Nopp M4
PAT OBL 5%, /3 BIFBE R, A JF PRI R, IEH N A
PRAMRAE 938 (PP NP.

step 6: #7 SHIEAE B 2 3 IRIE AR P AR = AR AR A 2K
S, TN =2 Ji A TT 4 6t b NP {8 H 2% T~ Q-learning
) A 22 SRS, 75 W) % %2 step 8.

step 7: {5 FH 24 1T A R AT 35k 45 A AT A I 2R I

BT QR 1%t N A S AAEANE 8T IR NP,

step 8: 1 F il & £ b 2 A (R KIEAR I E), W i
HH 5 4R, 75 U1, 3R (] A NP £ step 3.
3 fiEER

A SCAE Brandimartel! Fr ik B3 1) 364l gk 47
JE&, FH DN 55092 P 25 R RN i S v R ) b, AE 26 1
XFAGV 7o HL 5 AT AR R 24 oS H0H AT UL . 1)
R @ x § x k3RoR, Horp i AR%R TAFHEL, AR MLES
,vIRRAGV i, HILTE Matlab R2021b 3 {4 i3t
IT 4R SZEN, SE6 76T 4 Intel (R) Core (TM) i5-8265U
CPU @ 1.80 GHz, N 17 8.0 GB _- i3 4T, BN 38 4T
20 K, WA 2 AT Ge it o . 3@ 1SRG T vk
B 72 I NSGA-II-HLS kS5 F: X XM R P, =
0.8, LR ME P, = 0.1, RIFAERMEFRP, = 0.1,
RIAAERMEER LR P, = 0.4, R EKe = 0.7, X
a=0.1#HHEF~v=0.7.
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T NSGA-IL KiE 1 1% He3k s (145 R,

9 58 IE Q-learning 5 7% %F NSGA-II-HLS H 45
B3 R 0 ok 2R, ¥ NSGA-II-HLS 5 & i H
Q-learning [¥) % ¥ NSGA-II-LS 3 47 52 56 % bb. 78
NSGA-II-LS H, By 48 F B AL I 7 2 8 4R 4k 45 14,
1E S H v B DL S At 03t 51 7 1 45 5 NSGA-TI-
HLS & 5. 3% 2 7] LU th, NSGA-II-HLS 7£ 3K fi# 3
FhAS [ RRAR 451 b () AN Fi8 B8 HV 1 Spacing #0481
HA# H Q-learning [ NSGA-II-LS. SZ 5 45 FL 56 4IF T
Q-learning 5V R

F*2 PAMEIEHV M Spacing FEARXTEE
HV Spacing
i
NSGA-II NSGA-II NSGA-II NSGA-II
-HLS -LS -HLS -LS
10x6x%3 0.8331 0.5844 0.0230 0.0525
15x8x4 0.9532 0.4730 0.1510 0.2843
20x10x5  0.9982 0.6228 0.0557 0.069 8

3.2 GIS-VSAM E izt

i3k — 35 55 F NSGA-II-HLS A R, K H 5
NSGA-II.MOEA/D.MOSSA fIMOPSO #47 Eb .
EILFR S HON: BB 100, 1E AR IR 2L 200, B9E %
H S50 B 1T NSGA-I13E X HER 4 0.9, 28 LR
9 0.1; MOEA/D 2 38K /N % B 4 5; MOSSA 275 3L
Bk [26] 1% B [ & B 2 5 MOPSO 8 1 K 14 0.4,
W22 SR 7N 2, A2 R 5 ST BT 2. R HV R %

AIIGD 45 3. 413K 3 fr7n, NSGA-TI-HLS 78l ik 1 32
B A T oAt 4 B E B 925, BRAIE T NSGA-TI-HLS )
HRE. BT, B8N S FhARVER M 10 x 6 x 35
B> H AR WSt th 265 Pareto BT VR 7041, 7T LR
t, NSGA-II-HLS 73 21| (1) 35 32 e fif 1 25 S AE e St o
Z RPN A P 1 3 B R AT A

140
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v NSGA-II-HLS
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3

S O e . . - S 1.55
tHAREE = (inverted generational distance, IGD) 1 & 5. = = NSGA-II .
N s . . S v NSGA-II-HLS RS
VRS SICHE R 22 B 1. L, IGD 1 5 E 5K Pareto Al ‘% | 45 || ® MOEAD M
. . - i . @ MOSSA
PRy IR ST | Sa L Sl R Z > MOPSO
- N N IS “a
PP 55, 1GD HIE BN Bk R 25 A MR T, A SC ik ;;5 135 T o
® o
N, e a1 N N N b=
B 5 AN S0 77 AR 1 e 45 A A 10 3 SCHC AR R I AL g N %o
sz . . N S g E 1.25 vV Y9 - .
Pareto Hij # (approximate Pareto frontier, APF) L% 5 50 70 90 110
ﬁ%PF,%%ﬁD%?ﬁﬁﬁﬂ? Makespan
K3EIR T AF VLA R E A 1) HY E 8 5MEEPareto BTAS T
#z3 TRFEEGREEEMREXTLL
‘ HV IGD
Bk
NSGA-II-HLS NSGA-IIT MOEA/D MOSSA MOPSO NSGA-II-HLS NSGA-IIT MOEA/D MOSSA MOPSO
10x6x%3 1.1727 0.9009 0.7351 0.2690 0.1527 0.0276 0.1733 0.2122 0.8055 0.9554
10x6x4 1.2001 0.7769 0.568 7 0.1206 0.1595 0 0.2702 0.464 6 1.0318 0.9562
10Xx6X%5 1.1816 0.8118 0.5994 0.063 1 0.1340 0 0.2256 0.3565 1.0877 0.9412
15x8x%3 1.2096 0.9030 0.8139 0.2428 0.078 8 0 0.2319 0.2834 0.8956 1.1852
15x8x%x4 1.1481 0.8942 0.769 8 0.2411 0.1073 0 0.1806 0.2719 0.8886 1.068 4
15%x8x%5 1.1721 0.8368 0.5300 0.1580 0.0338 0.0028 0.1868 0.3848 0.8612 1.1615
20x10x3 1.1213 0.7841 0.8142 0.2566 0.1452 0 0.3159 0.276 6 0.8873 1.0386
20x10x4 1.1875 0.5646 0.5127 0.2541 0.0828 0 0.2419 0.2814 0.8465 1.1248
20x10x5 1.1776 0.7921 0.506 6 0.0791 0.0375 0.0161 0.3093 0.5301 1.1278 1.2479
20x15%3 1.0836 0.7456 0.8855 0.2156 0.0828 0.0281 03156 0.2445 1.0217 1.2005
20x15%x4 1.1866 0.649 8 0.7877 0.1525 0.0992 0 03214 0.2410 1.0073 1.1139
20x15%5 1.2095 0.6577 0.4800 0.1551 0.0863 0 0.3845 0.5553 0.9814 1.1465
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