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Reinforcement Learning for Minimizing Tardiness and Set—Up Change in
Parallel Machine Scheduling Problems for Profile Shops in Shipyard
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The profile shops in shipyards produce section steels required for block production of ships, Due to the limitations of
shipyard” s production capacity, a considerable amount of work is already outsourced, In addition, the need to improve the
productivity of the profile shops is growing because the production volume is expected to increase due to the recent boom in
the shipbuilding industry. In this study, a scheduling optimization was conducted for a parallel welding line of the profile process,
with the aim of minimizing tardiness and the number of set—up changes as objective functions to achieve productivity
improvements, In particular, this study applied a dynamic scheduling method to determine the job sequence considering
variability of processing time, A Markov decision process model was proposed for the job sequence problem, considering the
trade—off relationship between two objective functions, Deep reinforcement learning was also used to learn the optimal
scheduling policy. The developed algorithm was evaluated by comparing its performance with priority rules (SSPT, ATCS, MDD,
COVERT rule) in test scenarios constructed by the sampling data, As a result, the proposed scheduling algorithms outperformed
than the priority rules in terms of set—up ratio, tardiness, and makespan,

Keywords : Reinforcement learning(&st&hs), Dynamic scheduling(82& AAHIEE]), Parallel machine scheduling problem(&2 7|4
AAEL). Tardiness(E7] X)), Set—up(AI)
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Fig. 2 Framework of PPO algorithm
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Table 4 Result of Set-up ratio (scenario 1)

Dispatching rule Set-up ratio [%]
Reinforcement learning 21.3
SSPT 23.5
ATCS 31.8
COVERT 481
Random 491
MDD 90.0

Table 5 Result of tardiness (scenario 1)

Dispatching rule Tardiness [hour]
Reinforcement learning 0.03
ATCS 0.04
COVERT 0.13
MDD 1.28
SSPT 1.68
Random 7.90

Table 6 Result of makespan (scenario 1)

Dispatching rule Makespan [day]

Reinforcement learning 3.07
SSPT 3.13

ATCS 3.35
Random 3.43
COVERT 3.52

MDD 4.00

6.3 HIAE ALZ|2 2

BIAE AlLRZ|2 20iME o5 2
3FA 2oll siLets EF 2407Hof| CHEH FATA Z-of| o
5o HAES TIASIICE ololMES| Melet dEe| F7|7t =
Fo| Jiret SRIMolY| m2ol =52| Ji+E E2l5to] ofo| &f
g 2Y2 HEY 5 Ack = A7oM Hetet MDP 2E2
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