fm Check for updates

Journal of the Korean Institute of Industrial Engineers https://doi.org/10.7232/JKIIE.2026.52.4.291
Vol. 52, No. 4, pp. 291-302, August 2026. © 2026 KIIE
ISSN 1225-0988 | EISSN 2234-6457

Distributed Deep Reinforcement Learning-based Dynamic
Routing for Agent-based Manufacturing Execution Systems

Jongho Baek - Moonsoo Shin
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In smart manufacturing, routing decisions for work-in-process (WIP) are critical factors affecting operational
performance, including lead time, makespan, and congestion. Conventional approaches, such as shortest-path
algorithms and rule-based heuristics, rely on predefined cost structures and thus have limitations in adapting to
dynamic production environments. In this paper, we propose a distributed dynamic routing framework
employing deep reinforcement learning (DRL) within an agent-based manufacturing execution system (MES).
The routing problem is formulated as a multi-agent Markov decision process, where each WIP unit acts as an
independent agent selecting its next movement based on locally observable states. A parameter-sharing deep
Q-network (DQN) is used for scalable learning and decentralized execution, and the reward structure is
optimized to minimize the average lead time. Simulation results demonstrate that the proposed DQN-based
approach significantly outperforms Dijkstra-based routing and tabular Q-leaming while maintaining low
computational latency, demonstrating its applicability to real-time, large-scale manufacturing environments.

Keywords: Smart Manufacturing, Manufacturing Execution Systems, Deep Reinforcement Learning,
Multi-agent Systems, Distributed Routing
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Figure 1. Agent-based Manufacturing Execution Framework(Park and Shin, 2024)
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Figure 2. Agent-based Routing Decision Flow
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Table 1. Summary of Key Building Blocks in the Simulation Model
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Block Name Block Type Description

enter Enter WIP enters the system.

wait Wait WIP waits for being loaded onto entryway conveyor.

conveyorEnter ConveyorEnter WIP is loaded onto the entryway conveyor.

delay Delay WIP is processed at the entry station.

conveyToOutP Convey WIP moves to the exit position of the conveyor.

waitForLift Wait WIP waits for a lift.

conveyTolnP Convey WIP moves to the entry position of the next conveyor.

isArriveddiStation SelectOutput If t'here is ‘Fhe target station .on the conveyor where the WIP arrives, go to the
waitForStation block; otherwise, go to the conveyToOutP block.

waitForStation Wait WIP waits for the target station to become available.

conveyToStation Convey WIP moves to the target station.

. If there is no more operation for the WIP, go to the sink block; otherwise, go to

hasNextStation SelectOutput
the conveyToOutP block.

sink Sink WIP is finalized.
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Table 2. Hyper-parameters for DQN and Q-learning Algorithms

Category Hyper-parameters | DQN(Proposed) | Q-learning
Learning rate («) 0.0005 0.1
Model ;
. Discount factor () 0.99 1.0
specific -
Network architecture [128,128] N/A
Replay buffer size 50,000 N/A
Stability | Target update freq. 300 steps N/A
Batch size 128 N/A
Exploration rate (e) 0.9 0.9
Common -
Max episodes 200 200
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Figure 5. Training Result
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Order list Routing rule Lead time (Sec) (average) Makespan (Sec) (average)

Dijkstra 13,439 88,535
. Q-learning 4,715 31,742

order list 1
DQN 3,441 25,378
improved Dijkstra 3,312 22,477
Dijkstra 11,198 75,068
. Q-learning 3,879 26,922

order list 2
DQN 2,666 20,305
improved Dijkstra 2,662 18,862
Dijkstra 13,461 88,528
) Q-learning 3,523 24,576

order list 3
DQN 3,317 24,271
improved Dijkstra 3,481 23,441
Dijkstra 12,699 84,044
Q-learning 4,039 27,746

average

DQN 3,141 23,318
improved Dijkstra 3,152 21,593
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Table 4. Independent Sample #test between DQN vs. Q-learning

Metric Order list t-statistic p-value Cohen’s d Sig.
order list 1 -3.6317 0.0004 -0.5136 ok

Lead Time order list 2 -4.1264 0.0001 -0.5836 ook
order list 3 -0.9953 0.3208 -0.1408 ns.

order list 1 -3.0081 0.0032 -0.4254 ok

Makespan order list 2 -3.5414 0.0005 -0.5008 ook
order list 3 -0.2396 0.8109 -0.0339 ns.

Note: *p < 0.05, **p < 0.01, ***p < 0.001; n.s. = not significant. The results are based on 100 independent simulation runs per group.

Table 5. Independent Sample #-test between DQN vs. improved Dijkstra

Metric Order list t-statistic p-value Cohen’s d Sig.
order list 1 0.8382 0.4029 0.1185 n.s.

Lead Time order list 2 0.2184 0.8273 -0.0309 n.s.
order list 3 -0.9723 0.3322 -0.1375 ns.

order list 1 3.0152 0.0029 0.4264 *k

Makespan order list 2 3.2639 0.0013 -0.4616 o
order list 3 0.7963 0.4270 0.1126 ns.

Note: *p < 0.05, **p < 0.01, ***p < 0.001; n.s. = not significant. The results are based on 100 independent simulation runs per group.
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