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3D object detection in lightweight RGB-D scene based on fusion sampling
SHAN Feng

(School of Computer Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract: Aiming at the problems of 3D object detection in indoor RGB — D scenes such as poor adaptability to complex
backgrounds, difficulty in effective sampling, and long scene inference time, this paper proposes a lightweight 3D object detection
method for RGB-D scenes based on fusion sampling strategy This method takes scene RGB-D data as input, and first converts it
into a 3D point cloud scene through depth camera projection; Then, a fusion sampling strategy combining farthest distance point
sampling and feature farthest point sampling is used to sample the scene point cloud, effectively preserving the representative points
of each instance of the scene, which are collectively referred to as feature representative points; Secondly, all feature representative
points are gathered together to form a feature representative point cloud of the scene; Finally, a deep Hough voting mechanism is
used to vote on the center of each object in the scene in the representative point cloud, and relevant features around each object are
clustered to achieve 3D object detection in the scene The experimental results of network training on SUN RGB-D dataset show that
the proposed framework effectively improves the accuracy of target detection compared to traditional methods, with an average
improvement of 2.1% under the same evaluation index. Moreover, the inference speed for each scene in the same environment is
much faster than traditional methods, which only requires 57 ms, thereby ensuring the accuracy and efficiency of 3D target detection
in indoor scenes.
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