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Abstract: A large gap betw e Ppreset degradation model of most face hyper-resolution algorithms and the

degradation of real images I poor effect of face reconstruction. In view of this problem, this paper proposes a
face super-resolution re ion algorithm for real image degradation. Firstly, a hybrid degradation model is designed,

which combines motion blufN§Gaussian noise and other degradation forms to simulate the real image degradation space

B

and generate low-resolution images close to the real scene. Then, the wavelet coefficients of the high-resolution image
are predicted by the super-resolution reconstruction network based on wavelet domain, and the super-resolution image is
obtained by inverse wavelet transform. Experimental results on FFHQ (Flickr-Faces-HQ) and RealSR datasets show that
the proposed algorithm not only effectively improves the reconstruction effect, but also is suitable for face super-resolution
reconstruction in real scenes.
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Fig.1 The diagram of real image degradation—based face
super—resolution reconstruction model
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resolution reconstruction model based on
wavelet domain)
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Fig.4 Degradation results and reconstruction effects of

different degradation models
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Fig.5 Results of face reconstruction with different algorithms
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Tab.1 Comparison of super—resolution indicators of different
algorithms on FFHQ and RealSR datasets

5 Bicubic PFSR SICNN Wavelet-SRNet AUk
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Bk

2x24.86 0.8392 22,57 0.8004 26.91 0.8522 30.06 0.9097 32.67 0.9301
FFHQ 4x 22.47 0.8096 20.11 0.7665 23.75 0.8306 20.47 0.8814 2748 0.9188

8x 20.30 0.7983 17.32 0.7151 20.64 0.8092 20.91 0.8725 2386 0.9010

2% 23.38 0.7845 20.03 0.7587 25.33 0.8296 27.84 0.8827 29.49 0.9065
RealSR 4x  22.09 0.7216 18.26 0.6809 23.17 0.8103 25.63 0.8301 2831 0.8796

8x20.27 0.6010 17.52 0.5722 20.89 0.7798 23.59 0.7824 25.64 0.8531
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