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Abstract

The interest in autonomous ships for marine industries has increased significantly over the past few years and autonomous
ships also must follow maritime laws in the same way as regular ships operated by crews, Therefore, in this paper, we
propose the vessel taxonomy for COLREGs compliance of autonomous ships and evaluate the performance of the vessel
classification method using CNN, First, we define the vessel taxonomy for complying with maritime laws by analyzing the
COLREGs, And then, we build our dataset separated manually by the vessel taxonomy, For the dataset, 40,300 images are
collected by image search on websites and refining the publicly available dataset. Finally, the state-of-the-art CNN model is
applied to evaluate the recognition rate of our dataset. The experimental results show that the Inception-ResNet v2 model
which is trained by transfer learning effectively classifies the ships with a high accuracy of 91%,
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Fig. 1. Vessel taxonomy for complying with the COLREGs
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Fig. 2. Sample image for each of the vessel categories for comply with the COLREGs
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