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This paper is a study on optimization of port container loading using digital twin technologies.
It simulated and evaluated the performance of port container loading optimization using
ML-agent’s PPO (Proximal Policy Optimization) reinforcement learning algorithm. Through this,
the study was conducted to help realize time and cost savings and energy optimization through
efficient operation of containers in ports. In this algorithm, optimization was performed through
the reinforcement learning process at 375,000 times.
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= Fig. 1 Digital Twin Simulation with PPO
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Fig. 2 Total System Diagram

Table. 1 Hyperparameters in learning process

Trainer Type: PPO
Batch Size: 128

Buffer Size: 20480
Learning Rate: 0.0003
B: 0.001
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A 0.95

Num Epoch: 4
Learning Rate Schedule: Constant
Hidden Units: 128
Num Layers: 2
Normalization: Enabled
y: 0.99

Max Steps: 1,000,000
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Fig. 5 Experiment Results
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