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3D target detection based on fusion of 16-line lidar and camera
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(1 School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China;
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[ Abstract] Aiming at the problem that the 16—line lidar point cloud is too sparse for 3D target detection, a 3D target detection
method based on the fusion of lidar and camera is designed. First, the lidar and camera are jointly calibrated, the coordinate systems
of the two are unified, and ROS is used for time synchronization to ensure that the lidar and the camera perceive the same
environment at the same time. Then, the image collected by the camera is used as input and sent to the YOLOVS algorithm for 2D
target detection, and the 2D detection frame and category of the target in the image are obtained. Finally, the jointly calibrated lidar
is used to obtain the 3D point cloud corresponding to the 2D pixel points of the target, and the 3D coordinates and 3D bounding box
of the target are calculated through these lidar points, so as to obtain the 3D target detection result. Experimental verification is; The
feasibility of the method is proved by building a hardware platform and testing it in the experimental site.
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Fig. 1 Hardware platform design diagram
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Fig. 2 Sensor data synchronization
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Fig. 3 Lane detection algorithm flow chart
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Fig. 7 Projection effect after joint calibration of the lidar and the

camera
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