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Target Detection Method Based on Millimeter—wave Radar and Vision
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Abstract; In order to improve the ability of target detection network to detect long —range targets and to improve the poor anti-—
environmental interference ability of the perception system by a single visual sensor,a multi—source target detection method based on mil-
limeter—wave radar and visual sensor is proposed. The visual image is detected after the point cloud information obtained by multiple mil-
limeter—wave radar is enhanced. First,several radar point clouds that enhance the same visual image are stitched , projected to the plane of
the visual image through coordinate transformation,and the abnormal points beyond the radar detection distance and invalid points outside
the field of view are eliminated to generate the radar point cloud image. Then,according to the position and depth information of each
radar point in the radar point cloud image, the region of interest is formed, and the radar feature image is generated. Finally,the backbone
of YOLOvV4 network is fused with the radar feature image and the visual image, and the channel weight is allocated using the channel
attention mechanism. The experiment shows that the average detection accuracy of target detection network based on radar enhancement
is improved by 10.93% , and the detection accuracy of long-range target and weak illumination condition is improved. It has better
reliability and robustness than traditional machine vision target detection method.
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