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Image Translation Method based on GAN for Surveillance
under Dim Surround
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H ARE o33t A AAEY] wjEed W e B GHeE WY grEhg gL EAE =23t 2
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Abstract

The GAN(generative adversarial network) learning-based image transformation can be used for conversion from day
images to night images. However, in the case of converting from night images to day images, because the lost
information in the night image is predicted and recreated, it exposes more problems than when converting day images
into night images. In this paper, we proposed a method of converting day images into night images based on
pix2pix. The proposed method reduces the number of hidden units in the pix2pix to solve the problem of gradient
vanishing and adjusted the exposure value of the captured day image to create training data for the virtual night
image. The experimental results show that the proposed method is superior to pix2pix and Cycle GAN in MOS(mean
opinion score) and PSNR(Peak Signal-to-Noise Ratio).
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Fig. 1. Result of conversion from day image to night
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Fig. 4. Input and result images of experiments: (a) Input
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different numbers of hidden units
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