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Abstract: Peak power constrained flexible job shop scheduling problem (PPCFJSP) model was es-
tablished to address the challenges of increased work cycles and increased machine load in flexible job
shop scheduling under the constraints of peak power in the workshops. The optimization objectives
were to minimize the maximum completion time and the maximum machine loads, taking into account
the constraints of peak power in the workshops. For better scheduling decisions, firstly, the problem
was transformed into a Markov decision process, then, a scheduling framework combining offline
training and online scheduling was designed for solving PPCFJSP. Secondly, a double dueling deep g-
network based on priority experience replay(D3QNPER) algorithm was designed based on priority ex-
perience replay, and a e- greedy descent strategy introducing noise was designed to improve the con-
vergence speed of the algorithm, further enhance the solving ability and stability of the solution re-
sults. Finally, experimental and algorithmic comparative studies were conducted to verify the effec-
tiveness of the model and algorithm.
Key words: flexible job shop scheduling; Markov decision process; deep reinforcement learning;
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Fig.1 Schematic diagram of DRL scheduling
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Tab.5 Improve D3QNPER and scheduling rules to solve PPCFJSP results
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Tab.6 Different optimized DQN algorithms for solving PPCFJSP results
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Fig.8 Results of iterative testing of various DQN optimization methods in DMK03, DMK07, DMK10, DMK13 and
DMKI1S5 case studies
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