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Abstract; To improve the disassembly efficiency and reduce disassembly energy consumption, the robotic parallel disassembly mode was
introduced in the disassembly sequence planning problem, a robotic parallel disassembly sequence planning model was constructed, and a genetic
algorithm based on reinforcement learning was designed. To verify the correctness of the model, a mixed integer linear programming model was
constructed. In the algorithm, a goal-oriented encoding and decoding strategy was constructed to improve the quality of the initial solution. (-
learning was used to select the best crossover and mutation strategies in the iteration process to enhance the algorithm’s adaptability. Finally, in an
engine disassembly case with 34 tasks, the superiority of the proposed algorithm was verified by comparing with four classic multi-objective
algorithms. The analysis of the disassembly schemes shows that the robotic parallel disassembly mode can effectively shorten the completion time and
reduce disassembly energy consumption.
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Fig. 1 Schematic diagram of robotic parallel

disassembly sequence planning
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Tab.3 Disassembly time of robots on 11 tasks
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Tab.4 Results of the disassembly cases with 11 tasks
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Fig.4 Framework of genetic algorithm based on reinforcement learning
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{Fs g ZOR BRI w0, vw, vy R ZBL, 73591
HL0.35.0.35 f10.3, s* [0, 1],¥%H 4N 20
ANDCTE], XA [E] B 0. 05,5 ™ 3% AN [A] X ] 27
B TASE PR
WARSR DA S Mg X7 M 2 FE Ry
G FH G 10 FhahtE, REENEE
ARG FE AR AR, ARk
r= Zh(xf) - Zh(%f_l) (52)
LR LRI HN, Q 2 2 AR AR 20 FOR ST
10 Bl i, W Q (HRAY4EE S 20 x 10, IR Q
EFA N 0, 2B R o B A
Q(s, a)=(1 —a)Q(s, a)+alr +y max Q@' a)]
(53)
AP, a FoREATHy R 1.
2.7 HEiEHK
MOGA-QL fyfh AR an 5 3 Fis .

HiE3 MOGA-QL fAHKHS
Alg.3  Pseudocode of MOGA-QL
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2. FEEWIAAAL AR BN AN TR RIS R, AR
I Pareto SCICEFR BT AN 5

3. for g =1 to G do //FACiT

4. MR & TUEERLIEG E SIAE o, BN S Oy FIE 5+

WIE=
5. forn=11to N do //FhiE MES Lt #&
6. PATIEPEIRAE
7. if rand <p_ then
8. PATE LB
9. end if
10. if rand <p,, then
11. PATAE SR AE
12. end if
13.  end for

14 GiiAE S, BB MRS R

15, SRR, EHOIRA s T Q (H£
16. HHFHMEe=1-¢g/C

17. end for

18. return SRR 5 AP YRR 5 58
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Fig.7 Precedence relationships of engine disassembly tasks
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