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Video Summary of reinforcement learning video based on difference features
LI Qiaofeng, ZHAO Ye
(School of Computer and Information, Hefei University of Technology, Hefei 230009, China)

[ Abstract] The video summary is a highly concise video content that extracts a subset of video frames of diversity and importance.
From the perspective of improving the quality of video summary, this paper proposes a method to extract video key frames by using
multi—channel features, which is through convolutional neural network (CNN) and long—term memory network (LSTM) to predict
the probability that a video frame will be selected. The method is to send the original symbols of the extracted video frames to the
LSTM, and on the other hand, the difference features of the processed two—two video frame features are also treated the same, and
the difference features include more different between adjacent video frames. Information, and because of the long—term dependence
of LSTM, allows the entire network to learn more information between video contexts, by making a score fusion of the processed
two—way features as the final score of whether the video frame is selected or not. The intensive learning mechanism in this paper has
an optimized effect on video. We conducted experiments on two benchmark datasets, SuMme and TVSum. The results show that this
method can significantly improve the F-score index.

[ Key words] video summary; multi—features; convolutional neural network (CNN) ; long short—term memory ( LSTM) ; score
fusion
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Fig. 1 Multi—channel feature video summary network
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Fig. 2 Reinforcement learning model
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Fig. 3 Experimental results
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Fig. 4 SumMe and TVSum data set experiment results
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