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3D target recognition algorithm based on edge convolution
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Abstract: Three-dimensional (3D) target detection is an indispensable technology to realize
unmanned driving, but many segmentation algorithms used cannot extract local features well,
resulting in unsatisfactory detection accuracy. In order to improve the deficiency of local
features, a 3D target recognition algorithm was proposed on the basis of edge convolution. This

algorithm capitalized on laser point cloud and RGB(red, green, blue) images as input, and
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filtered the laser point cloud based on pixels in the two-dimensional (2D) candidate area to
generate a viewing cone point cloud to improve the detection speed. At the same time, in the
segmentation algorithm, the Euclidean distance between the target point and the neighboring
point was calculated on the basis of the local feature map of the point cloud, and assigned to the
target point and the neighboring point as an edge feature. In addition, in the process of
extracting features by the convolutional neural network, the Euclidean distance between the 3D
points was recalculated on the new local feature map every time the convolution was completed,
constructing new edge features for the 3D points, which enabled the edge features to be diffused
to the entire point cloud with the calculation of the convolutional neural network, thereby
improving the extraction effect of local features. The proposed algorithm was verified on the 3D
point cloud data set of KITTI(Karlsruhe Institute of Technology and Toyota Technological
Institute) , with the segmentation accuracy up to 92. 82%, 2. 30 percentage points higher than
F-PointNet and with the detection accuracy of different targets improved. the detection accuracy
of vehicles, bicycles, and pedestrians reaching 85. 77 %, 76. 09%, and 53. 08% respectively.
The test results prove the feasibility of the algorithm, which can be applied to driverless cars to
realize the positioning and detection of vehicles, pedestrians and bicycles.
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Fig. 1 Flowchart of point cloud preprocessing
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Fig.2 Segmentation algorithm based on edge convolution
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Fig.3 Target detection network
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Fig. 4 Visualization of point cloud preprocessing process
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