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Abstract - Following the COVID-19 pandemic, congestion within container terminals has led to a significant increase in waiting time ana
turnaround time or external trucks, resulting in a severe inefiiciency in gate-in and gate-out operations. In response, port authorities have
implemented a Vehicle Booking System (VBS) for external trucks. It is currently in a pilot operation. However, due to issues such as
Information sharing among stakeholders and Iukewarm participation from container transport entities, its improvement eflects are not
pronounced. Therefore, this study proposed a deep learning—based predictive model for external trucks turnaround time as a foundational
dataset for addressing problems of waiting time r external trucks’ turnaround time. We experimented with the presented predictive mode.
using actual operational data fiom a container terminal, verifying its predictive accuracy by comparing it with real data. Results confirmea
that the proposed predictive model exhibited a high level of accuracy in its predictions.

Key words - container terminal, external truck, Turnaround Time(TAT), prediction model, deep learning, Busan new port
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