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Research on Application of Improved GAN Network in Generating Short Video

YU Xiao-ming and HUANG Hua

College of Electronic Information and Artificial Intelligence,Shaanxi University of Science and Technology,Xi’an 710021, China
Abstract In the study of the dynamic image generated by GAN, there are many problems, such as inconsistent colors of some ob-
jects and unnatural details of generated images. In order to solve the problem of unsatisfactory video generation,the main schemes
adopted are to improve the generator and discriminator of GAN network respectively.which are shown in two aspects. On the one
hand, the foreground and background of the videos are modeled separately in the generator and the Multi Spatial-Adaptive Nor-
malization (M-Spade) algorithm is used. The other aspect is the use of dual video discriminator (DVD-GAN) on discriminator se-
lection, which trained on Kinetics 600 dataset. The experimental results are compared with F-VID2VID, WC-VID2VID and other
generation methods. The results show that the method of combining the two methods has a great effect on the problem of color
inconsistency before and after the short video and the details processing.,and the generated images are relatively clearer.
Keywords Generative adversarial networks, Synthesis short video, Foreground-background image modeling, Multispace adaptive

normalization, Dual video discriminator
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Fig. 1 Image conversion process
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Fig. 2 Structure diagram of GAN network generated video
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Fig. 3 Network structure modeled separately in G network
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