Journal of System Simulation

Volume 36 | Issue 3 Article 20

3-15-2024

Intelligent Optimization of Coal Terminal Unloading Scheduling
Based on Improved D3QN Algorithm

Baoxin Qin
Guoneng (Tianjin) Port Co. , Ltd, Tianjin 300450, China

Yuxiao Zhang
Research Institute of Intelligent Control and Systems, Harbin Institute of Technology, Harbin 150001,
China

Sirui Wu
Research Institute of Intelligent Control and Systems, Harbin Institute of Technology, Harbin 150001,
China

Weichong Cao
Guoneng (Tianjin) Port Co. , Ltd, Tianjin 300450, China

See next page for additional authors

Follow this and additional works at: https://dc-china-simulation.researchcommons.org/journal

b Part of the Artificial Intelligence and Robotics Commons, Computer Engineering Commons, Numerical
Analysis and Scientific Computing Commons, Operations Research, Systems Engineering and Industrial
Engineering Commons, and the Systems Science Commons

This Paper is brought to you for free and open access by Journal of System Simulation. It has been accepted for
inclusion in Journal of System Simulation by an authorized editor of Journal of System Simulation. For more
information, please contact xtfzxb@126.com.


https://dc-china-simulation.researchcommons.org/journal
https://dc-china-simulation.researchcommons.org/journal/vol36
https://dc-china-simulation.researchcommons.org/journal/vol36/iss3
https://dc-china-simulation.researchcommons.org/journal/vol36/iss3/20
https://dc-china-simulation.researchcommons.org/journal?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss3%2F20&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/143?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss3%2F20&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/258?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss3%2F20&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/147?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss3%2F20&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/147?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss3%2F20&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/305?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss3%2F20&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/305?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss3%2F20&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/1435?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss3%2F20&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:xtfzxb@126.com

Intelligent Optimization of Coal Terminal Unloading Scheduling Based on
Improved D3QN Algorithm

Abstract

Abstract: Intelligent decision scheduling can improve the operation efficiency of large ports, which is one
of the important research directions for the implementation of artificial intelligence technology in the
smart port scenario. This article studies the intelligent unloading scheduling tasks of coal terminals and
abstracts them as a Markov sequence decision problem. A deep reinforcement learning model for this
problem is established, and an improved D3QN algorithm is proposed to realize intelligent optimization of
unloading scheduling decisions by considering the characteristics of high action space dimension and
sparse feasible action in the model. The simulation results show that for the same set of random task
sequences, the optimized scheduling strategy obviously improves the efficiency compared with the
random strategy. At the same time, the trained scheduling strategy is directly applied to the randomly
generated new task sequence, and the scheduling efficiency is improved by 5%~7%, which indicates that
the optimization method has good generalization ability. In addition, with the increasing complexity of
decision models, traditional heuristic optimization algorithms are faced with prominent problems such as
difficult modeling and low solving efficiency. This article provides a new idea for studying this kind of
problem, which is expected to realize the wider application of deep reinforcement learning-based
intelligent decision-making in port scheduling tasks.
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generated new task sequence, and the scheduling efficiency is improved by 5%~7%, which indicates that

the optimization method has good generalization ability. In addition, with the increasing complexity of

decision models, traditional heuristic optimization algorithms are faced with prominent problems such as

difficult modeling and low solving efficiency. This article provides a new idea for studying this kind of

problem, which is expected to realize the wider application of deep reinforcement learning-based

intelligent decision-making in port scheduling tasks.
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