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Research on key technologies of video visible watermark

detection and removal

Dong Hui, Feng Jie, Ma Hanjie, Yang Xiaoli, Wang Jian
(School of Informatics Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018)
Abstract

Considering the diversity of visible watermark, a video visible watermark removal method based on image in-
painting is proposed to solve the problem of large amount of manual intervention in the process of video visible wa-
termark detection and removal. It is mainly divided into two parts: watermark detection and watermark removal.
Target detection and image segmentation are combined to detect watermark patterns more accurately. Watermark re-
moval is realized by image inpainting based on deep image prior, introducing structural similarity into loss function,
the inpainting network acquires inpainting image by learning regions other than watermark. The experimental results
show that compared with other image inpainting methods, the video frame repaired by the proposed method has
higher structure similarity and peak signal to noise ratio.

Key words: video visible watermark , image segmentation, image prior, image inpainting, object detection
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