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High-Speed Maritime Object Detection Using Image Preprocessing
Algorithms and Deep Learning for Collision Avoidance with Aids to

Navigation
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ABSTRACT

Aids fo navigation, such as buoys used in maritime environments, play a crucial role in providing accurate information to
navigating vessels, enabling them to precisely determine their position and maintain safe routes by marking surrounding hozardous
areas. However, collisions between ships and these aids result in substantial cosfs for buoy damage and repair. While high-end
equipment is currently used fo prevent such accidents, its widespread adoption is hindered by cost concerns. This paper presents
research on a maritime object detection algorithm utilizing embedded systems to address this issue. Previous studies employed the
Hough transform for horizon detection, but its high computational demands posed challenges for real-time processing. To
overcome this limitation, our approach first performs image segmentation, followed by an optimized Otfsu algorithm for horizon
detection. Subsequently, we establish a Region of Interest (ROI) based on the detected horizon, focusing on areas with a high
risk of ship collision. Within this ROI, particularly below the horizon line, maritime objects are detected. A Convolutional Neural
Network (CNN) model is then applied to determine whether the detected objects are ships. Objects classified as ships within the
ROI are considered potential collision  risks.
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(Figure 1) maritime object detection flow chart
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