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Abstract: Object detection and tracking is essential in the navigation, obstacle avoidance and other tasks of

Unmanned Surface Vehicles (USV). However, the environment on the water is complex, and there are many

problems such as object scale variation, occlusion, illumination variation and camera shaking, etc. This paper

proposes the visual object detection and tracking of USV based on spatial-temporal information fusion. Deep

learning detection in space is used to extract single-frame depth semantic features and correlation filter tracking

in time is used to calculate the correlation of oriented gradient feature between frames. Temporal and spatial

information through feature comparison are combined to achieve continuous and stable object detection and

tracking with strong robustness at real-time. The experiments results demonstrate that the average detection

and tracking accuracy is 0.83 with the average running speed of 15 fps, which illustrates the accuracy is

improved and the speed is high.
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