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ABSTRACT

Sketch-based 3D object retrieval is a convenient way to search for various 3D dafa using human-drawn sketches as query. In this
paper, we propose a new method of using Skefch CNN, Wasserstein CNN and Wasserstein center loss for sketch-based 3D object
search. Specifically, Wasserstein center loss is a method of learning the center of each object category and reducing the Wasserstein
distance between center and features of the same category. To do this, the proposed 3D object retrieval is performed as follows. Firstly,
Wasserstein CNN extracts 2D images taken from various directions of 3D object using CNN, and exiracts features of 3D data by
computing the Wasserstein barycenters of features of each image. Secondly, the features of the skefch are extracted using a separate
Sketch CNN. Finally, we learn the features of the extracted 3D object and the features of the skefch using the proposed Wasserstein
center loss. In order to demonstrate the superiority of the proposed method, we evaluated two sets of benchmark data setfs, SHREC
13 and SHREC 14, and the proposed method shows better performance in all conventional metrics compared fo the state of the art
methods.
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(Figure 1) The overview of Sketch-based 3D object retrieval using Wasserstein Center Loss
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randomly selected 10 classes : dog,
hot air balloon, piano, potted plant,
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loss
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