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There are always dynamic changes in Web pages. Therefore, we can effectively reduce duplicate Web indexes by
detecting changes of essential content. This is very crucial for the optimization of many Web applications, such as
search engines, change detection and notification system, and web archiving system. This paper proposes a
model,VICD, based on visual features, which is used to detect changes in different semantic regions of the page and
compress the page into a low dimensional vector representation. This method helps to understand importance of
semantic in different regions from users' perspectives. Comparing with existing method, this method is independent of
the analysis of HTML, which makes it also suitable for new media such as mobile Internet. Experiments show the
effectiveness of the proposed method.

Key words: Web content; change detection; visual feature
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