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Abstract

Recently, perceptual-driven super-resolution methods have achieved excellent performance by introducing high-level
feature extraction and perceptual image quality loss in an adversarial generative network framework. However, since
the perceptually guided super-resolution method learns high-level features from low-resolution input images, it is
difficult to generate the feature distribution of the original high-resolution images. As a result, the sharpness of the
edge in the reconstructed image is lowered or the representation ability of the texture is insufficient. Therefore, we
propose an autoencoder-based teacher network that can learn the latent feature information of the original
high-resolution image. In particular, a method that can transfer latent feature prior information of edge images to a
super-resolution network is introduced. Through the experimental results, it is shown that the proposed super-resolution
model based on latent feature knowledge transfer can increase the sharpness of edges and improve the expression of
details compared to the existing perceptual-driven methods.
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