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Research on 3D model retrieval based on deep learning

ZHANG Jing, QU Zhijian, LIU Xiaohong
(College of Computer Science and Technology, Shandong University of Technology, Zibo Shandong 255049, China)

[ Abstract] Based on the development of Convolution Neural Network in the field of image, this paper studies the application of
Convolution Neural Network to 3D model retrieval. After pre-processing the three—dimensional model, six projection angles are
selected to project the model into six two—dimensional images. The extracted views are used as the input of neural network, and the
image features are extracted by depth learning framework as the final model descriptors. Then the paper compares the similarity of
the two models” two—dimensional projections from multiple perspectives. If the corresponding models are similar, then the three—
dimensional models are similar. The paper takes the average similarity of the multi—dimensional views to get the final similarity of
the two three—dimensional models, and select 10 models with the maximum similarity as the output of the results. It makes full use
of the network architecture with superior performance in the field of two—dimensional images, and there is a huge amount of image
data for depth learning model pre—training. From the retrieval results, it is demonstrated that this method can get better retrieval.
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Fig. 1 Algorithm flow chart
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Fig. 2 Viewing angle diagram
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(a) Model perspective 1
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(b) Model perspective 2 (¢) Model perspective 3
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Fig. 3 Six views from different perspectives
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Fig. 4 Convolutional Neural Network flowchart
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Fig. 5 Network structure diagram
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Fig. 6 The extracted feature view
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