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ABSTRACT

With the large number of ships entering and leaving major commercial ports daily and the tugboat operations
required for large ships entering the port, the rise of smart ports as a new trend in global commercial harbors has
created an urgent need to improve port operation efficiency and safety. Among these needs, the ability to accurately
identify ship entries and exits and their speeds is key to enhancing port safety and operations.

This study employs the YOLO general object visual recognition technology, YOLOV8 (You Only Look Once
version 8) algorithm, for deep learning weight training in 2023. The model network dataset and testing location are
both focused on ships entering and exiting the second port of Kaohsiung Harbor, with weight training conducted on a
personal computer in the laboratory. Under the condition of having the same total number of samples, the study en-
hances the dataset and compares the validation dataset ratios of 20%, 30%, and 40%, as well as the accuracy of ship
speed, to select the model with the best accuracy and generalization ability.

The system developed in this study recognizes ships and measures their speeds using port area cameras. It can
count ships entering and exiting the harbor, monitor tugboat operations, and prevent small speedboats from illegally
entering at high speeds. This reduces the occurrence of ship collisions, thereby enhancing port safety and operational
efficiency.



