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Abstract

The jitter in the digital videos lowers the visibility and degrades the efficiency of image processing and image compressing. In
this paper, we propose a video stabilizer architecture based on triplet CNN and a method of synthesizing training datasets based

on video synthesis. Compared with a conventional deep-learning video stabilization method, the proposed video stabilizer can
reduce wobbling distortion.
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T2l 4. N-branch HES|3 ¥ H|C|R FY3| Z3Y, (a) 1-branch UESYH, (b) 2-branch HIESYZ, (c) 3-branch HEYZ
Fig. 4. The video stabilization results for each n-branch network, (a) 1-branch, (b) 2-branch, (c) 3-branch
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