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Deep Learning-Based 6D Object Pose Estimation Method from Point Clouds

LI Shaofei, SHI Zelin,ZHUANG Chungang
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[ Abstract] Object pose estimation is a key technology required for enabling the zobotsito pick 3D objects in a cluttered
environment. However, most of the existing deep learning methods for pose estimation rely heavily on the RGB
information of the scene, which limits their applications.To address the problem,aydeep learning-based method for 6D
object pose estimation is proposed.A data set for industrial parts is generated from physical simulation, and then the 3D
point cloud is mapped to the 2D plane to generate a deep feature map and normal feature map.On this basis, a feature
fusion network is used for 6D pose estimation of industrial parts in cluttered’environments. Experimental results on the
simulation data set and the real data set show that the proposeédumethod /improves the accuracy of pose estimation and
reduces time consumption compared with traditional point cloud pose estimation methods. In addition, the method
displays high robustness to the point clouds with different densityrand noises.
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Fig.2 Simulation of point clouds in scattered scene
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Fig.3 2D feature generation of point clouds
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Fig.4 Accuracy of pose estimation at different resolutions
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Fig.7 Examples of point clouds segmentation of real scene
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Table 3 The effect of noise on the accuracy

of the proposed pose estimation method %
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