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SSIM  0.8988  0.8982 0.9011 0.9003 0.9000  0.8999 0.8516 0.8538

Set3 LPIPS  0.1861  0.1785 0.1843 0.1799 0.1684  0.1649 0. 0806 0.0697
NIQE  7.1441  6.8699 7.1230 6.9179 7.0472  6.9121 5.2280 4.7905

PSNR  28.81 28.33 29.00 28.58 28.95 28.56 26.28 26.65
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NIQE  5.4342  5.4191 5.6235 5.6156 5.4475  5.4104 4.2066 3.8892
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*3 EHETFHEE

TR L (a=0.0) a=1.0 a=2.0 a=3.0 a=4.0 a=6.0 a=8.0 a=10.0
PSNR 29.14 29.00 28.81 28.63 28.47 28.19 27.97 27.79
SSIM 0.8113 0.8133 0.8134 0.8128 0.8121 0.8104 0. 8086 0.8071
LPIPS 0.2479 0.2397 0.2357 0.2335 0.2324 0.2315 0.2314 0.2315
NIQE 6.2195 6. 1075 6.0376 5.9905 5.9531 5.9058 5.8582 5.8179
Long Beach: IEEE, 2019 8122-8131.
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Edge perception based loss function for image restoration

WANG Yuhao* , LI Meng™ , ZHI Tian™ , ZHANG Xishan™ , ZHOU Xuehai *
( " School of Computer Science and Technology, University of Science and Technology of China, Hefei 230026 )
( ™ Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100086 )
Abstract

The pixel-wise loss is the most basic and commonly used loss function for image restoration. However, pixel-
wise loss cannot distinguish whether the edge in the image is blurred or not, and treats all pixels of equal impor-
tance, which is different from the perception of the edge part by the human visual system. It can be observed that
when the pixel in the output image is blurred, the direction of the error between it and the corresponding pixel in
the ground truth is the same as the direction of the second-order gradient of this position in the ground truth. In-
spired by this, a novel structure preserving loss function( SPLoss) is proposed for image restoration. A blurred fac-
tor map is designed to detect blurred pixels, and then penalize blurred pixels by increasing the weight of the error.
SPLoss detects blurred pixels in restored images and penalizes them while optimizing networks. Experimental results
show that the proposed method can restore images while preserving fine image structures on popular image restora-
tion networks including image super-resolution and image deblurring.

Key words: image restoration, image super-resolution, image deblurring, neural network (NN) , loss function

— 304 —





