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Depth Residual Image Super-Resolution Based on Contrast Learning

CHEN Yarui, XU Xiaoyang
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: The traditional image super-resolution method based on contrast learning generally takes the original image as the
positive sample and the degraded image or other types of images as the negative sample, which has the problem of poor tex-
ture detail restoration. In this article, we propose a depth residual image super-resolution based on contrast learning
(CEDSR) method. In our proposed method, for the residual super-resolution model, the sharpened images of high-resolution
images are used as positive samples, and the slightly blurred images of high-resolution images are used as negative samples.
The contrast loss lifting under positive and negative samples is used to restore and enhance the texture details. The positive
sample images after enhancement and sharpening carry more abundant texture information, and the fuzzy negative sample
images generated based on different functions depict the texture fuzzy features. The contrast loss of positive and negative
samples is conducive to the restoration of texture details in super-resolution images. Our proposed model was compared with
the classical algorithms on DIV2K, Set14, BSDS100 and Urban100 standard data sets. The qualitative and quantitative ex-
perimental results show that the model has better super-resolution image.
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PSNR 21.02  20.12 21.52 21.42 21.74
Setl4

SSIM  0.639 0.651  0.669 0.673 0.672
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