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[Abstract] To avoid the missing detection phenomenon caused by loss of local features due to the occlusion and
truncation under complex traffic scenes, a LIDAR-based 3D object detection algorithm based on an improved PointPillars
framework is proposed. First, the point cloud feature encoding network in PointPillars is enhanced to better preserve important
structural information and the relationships within the point cloud data. Then, multi-scale point cloud features are extracted
and aggregated through stacked sparse convolution modules and submanifold convolution modules. On the bird” s—eye—view
feature map that fuses these multi-scale features, 3D bounding boxes of objects are classified and regressed, improving the
network’ s operational efficiency. Finally, experimental tests are conducted on the KITTI dataset. The results show that
compared to the traditional PointPillars algorithm, the proposed 3D object detection method improves the Average Precision
(AP) of 3D detection for challenging vehicle samples by 6.02 percentage points, and increases the AP for simple pedestrian and
cyclist samples in the bird” s—eye view by 3.35 and 3.18 percentage points respectively, effectively enhancing 3D object
detection accuracy.
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