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Abstract

Due to the rapid spread of OTT platforms and the increase in digital content consumption, the
importance of preventing illegal copying of content is being emphasized more. Al technology is positioned
as a key tool in content protection and management. However, the development of Al technology has the
potential to be used with malicious intent. As for copyright infringement using Al, watermark removal is
typical. Deep learning technology is mainly used to remove watermarks using Al Adversarial watermarks
are attracting attention as a countermeasure to watermark removal using Al However, it is difficult to
know which method of implementing adversarial watermarks between various adversarial watermark
technologies is most efficient. Therefore, in this paper, a comparative study and performance analysis of
adversarial watermark technology are conducted.
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Fig. 2. Adversarial Watermarking to Attack Deep
Neural Networks[4]
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3.1.3 Carlini & Wagner Attack
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