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Learning Motion Guidance for Efficient Unsupervised Video Object Segmentation

ZHAO Zi-Cheng' ZHANG Kai-Hua' FAN Jia-Qing' LIU Qing-Shan'

Abstract Numerous unsupervised video object segmentation (UVOS) algorithms based on deep learning have super-
fluous model parameters and expensive computational overhead, which limits the applications of the algorithms in
practice. To relieve the issues, this paper proposes an unsupervised video object segmentation network based on mo-
tion guidance, which can significantly reduce the number of model parameters and calculations, and improve the
performance of segmentation. The multi-scale progressive fusion module consists of three parts. Specifically, RGB image
and optical flow estimation are fed into the dual flow network to extract object appearance features and motion fea-
tures. Then, the motion guidance module extracts semantic information from motion features through local atten-
tion to guide semantical appearance features learning. Finally, the multi-scale progressive fusion module obtains
output features of each stage of dual flow network, and gradually integrates deep features with shallow features. Ex-
tensive evaluations are conducted on three mainstream datasets, and the results show the superior performance of
the proposed method.
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Table 6  Ablation experiment on motion guidance
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fusion module (%)
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