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Video copy detection based on deep learning features and DCT coefficients

Shi Huijie
(School of Computer and Information Engineering, Beijing Technology and Business University, Beijing 100048 )
Abstract
Many content-based video copy detection (CBCD) techniques have been proposed to identify the copies of a
copyrighted video. Early algorithms using traditional features has the problems of weak robustness to viewing angle
changes and high computational complexity. In recent years, deep learning has been used to get better detection re-
sults. Due to the poor performance from single visual features, an algorithm combining deep convolutional network
features with traditional features is proposed. The deep features with dense convolutional network (DenseNet) and
the ordinal measures of the coefficients of its discrete cosine transform ( DCT) from the sampled video frames are
first extracted, then the fusion features of these two features based on the canonical correlation analysis (CCA) al-
gorithm are obtained. With the matching of fusion features, the copied videos are detected. Experiments on stand-
ard datasets show that the proposed method obtains a significant performance against common geometric attacks.
Key words: video copy detection, convolutional neural network ( CNN), canonical correlation analysis

(CCA), discrete cosine transform( DCT) , dense convolutional network ( DenseNet )
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