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Reinforcement Learning-based Container Multi-stage Loading
Modelling Method in Port Logistics

Woo-Seok Jang*!, Hyo-June Lee*’, Min-Seoung Seo*’, Seong-Jin Lee**, and Dong-Gyu Kim***

B d7e TAA7|HRY AdoE FA7971eR8 B NETYY Y S ol F3E A7
(NTISTLGH 5 [1425168887))

2 o
U =7 M FHE o Azt B2 AHoluE AHAsy] fste Al bt H4AE st 9

o o A FgA AT SES AFsE Y g AAE SES g2 AAR olFAAT At o]y
Hg& Aol AFiFolet s, AT FAHAA vlgo] LRFHEE HAH oY FAF e AT Z

A & =RdMe olR AFEE Hadete HHOUE i AAst=E A AAE F4,
Zeets Rde ARt AlkE ety RdE AU ofE a1 YAE a#ste] AR A

rsl

g AABFo2A sl AAE AdolUzl Jie] AAR AHonT A Eus: Uo| YES B
o o) Bal MEEA okmol AHol magold WS BRNE 2 A AHe EY & ok

Abstract

In a port logistics environment, containers are stacked in multiple layers to maximize the use of limited space. To
handle the lower-layer cargo in a multi-layer stacking situation, the cargo stacked on top must be moved to another
location. This process is called container re-handling, and as it incurs costs, container terminal operators aim to
minimize re-handling. This paper proposes a reinforcement learning model that recommends and selects loading
positions to minimize re-handling while stacking containers in multiple layers. The proposed reinforcement learning
model optimizes the loading order by considering the yard departure date of the containers, ensuring that the
containers in the lower layer do not depart before those in the upper layer. This can reduce logistics costs and time

during the container storage process.
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Table 1. Learning server specs

CPU i7-11700 KF

GPU CUDA Cores 8960 RTX 3080-12GB+2
RAM 64GB
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Table 2. Proximal policy optimization hyper parameter

Gamma 09
Lambda 095
Buffer size 204,800
Batch size 256
Number of epochs 7
Learning rate le—4
Time_horizon 125
Max steps 1e-6
Beta 5.0e-3
Epsilon 0.1
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Table 3. Performance results of trained model

MAX MIN | Average Star\dgrd
deviation
Reward 125 112 123.466 1.918
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