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Abstract: In this paper, a lightweight 3D object detection model using color and depth images is proposed. In recent years,
several studies have been done on the application of deep learning to 3D object detection. However, many of them are
computationally expensive and difficult to run in real time because they deal with dense point clouds. In the proposed
model, after feature extraction from the color image, a sparse point cloud is created from the range image to achieve fast
object detection. Graph convolution for point clouds and feature extraction with depth information are also used. As a result,

the proposed model achieved 56.4 fps when using ResNet34.
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