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Research on assembly shop scheduling for mass customization based on DRL

QU Xinhuai, ZHANG Huihui, DING Birong, MENG Guanjun
(School of Mechanical Engineering, Hefei University of Technology, Hefei 230009, China)

Abstract; Aiming at the randomness and contingency of orders in the assembly shop for mass customi-
zation, this paper proposes an assembly job shop scheduling optimization method based on deep rein-
forcement learning(DRL). Firstly, an assembly job shop scheduling optimization model is established
to minimize the number of product component replacements and the penalties for order earliness or
tardiness. Then, based on the scheduling model, a Markov decision process is established, and the
state, action and reward functions are reasonably defined. The optimization problem of the scheduling
model is solved by connecting it with the DRL method, and an improved D3QN algorithm is selected
to solve the model. Finally, the simulation experiment is conducted, and the results show that the
method effectively reduces the number of product component replacements and penalties for early or
delayed orders.
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