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Study on "Radar and camera fusion" technology based on deep learning
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Abstract; In the process of intelligent vehicle design and intelligent transportation system construction, the detection and
identification of vehicle targets is very important. This paper uses target detection based on CFAR algorithm, target detection and
recognition based on YOLOVS neural network, and spatial fusion and time fusion of millimeter wave radar data and visual sensor
data according to the principle of multi—sensor decision—level fusion, and finally completes the data association of the two sensors
based on the data association algorithm ( GNN) of the global nearest neighbor, realizing the “Radar and camera fusion” at the
spatiotemporal and data level. Thus, the construction of a vehicle detection system that integrates millimeter—wave radar and visual
sensors was completed. In order to make the comparison results more intuitive, this paper selects the KITTI dataset as the training
set of the target detection algorithm, and collects a variety of vehicle driving pictures under different conditions for testing. The
experimental results show that compared with single—sensor detection, “Radar and camera fusion” technology can provide more
detailed information about the vehicle in front when the weather conditions are good, and provide the information of the vehicle in
front that cannot be detected by the visual sensor when the weather conditions are poor (such as foggy weather) , which reflects the
great advantages of multi—sensor fusion technology and the necessity of further research and development.
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Fig. 1 Relation diagram of each coordinate system
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Fig. 2 Overall schematic diagram of the algorithm
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