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Hand segmentation research based on deep learning
XIANG Jie', BU Wei*, WU Xianggian'

(1 School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China;
2 School of Media Technology and Art, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Hand segmentation in egocentric views has very important application value in human—computer interaction and virtual
reality. But precise hand segmentation is still a very challenging problem because the appearance of hands can vary greatly in images.
This paper proposes a hand segmentation algorithm based on deep learning. The feature extraction ability of Convolution Neural
Network is used to extract the features of hand images. Imitating the human visual attention mechanism, the research proposes
Attention module to assign more discriminative weights to different regions in the feature map. And to extract the features of objects
of different scales effectively, the paper also designs Dilated Convolution Block module to extract different scale features from the
feature map of the same size. Experiment results on three hand datasets show that the proposed method can segment hands efficiently
and outperform other methods, and achieve the state—of-the—art.
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Bambach et all!) 0.556 N/A N/A N/A
Aisha et al[®! 0.814 0.919 0.879 N/A
The proposed ( noAttention) 0.856 0.924 0.869 0.969
The proposed ( CSCSE) 0.865 0.933 0.889 0.969
The proposed ( SSCSE) 0.867 0.923 0.863 0.970
The proposed ( SCSE) 0.869 0.937 0.897 0.972
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