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Graph Based Neural Network Regression Strategy for Facial Image Super-Resolution

HUYAN Kang, FAN Xin, YU Le-Tian, LUO Zhong-Xuan
(School of Software, Dalian University of Technology, Dalian 116621, China)

Abstract: Facial image super-resolution (SR) generates a high-resolution (HR) facial image from a low-resolution (LR) facial image.
Compared with natural images, facial images are so highly structured that local patches at similar locations across different faces share
similar textures. In this paper, a novel graph-based neural network (GNN) regression is proposed to leverage this local structural
information for facial image SR. Firstly, the grid representation of an input face image is converted into its corresponding graph
representation, and then a shallow neural network is trained for each vertex in the graph in order to regress the SR image. Compared with
its grid-based counterpart, the graph representation combines both coordinate affinity and textural similarity. Additionally, the NN weights
of a vertex are initialized with those converged ones from its neighbors, resulting fast convergence for training and accurate regression.
Experimental comparison with the state-of-the-art SR algorithms including those based on deep convolutional neural networks (DCNN)
on two benchmark face sets demonstrate the effectiveness of the proposed method in terms of both qualitative inspections and quantitative
metrics. The proposed GNN is not only able to deal with facial SR, but also has the potential to apply to data examples with any irregular
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topology structure.

Key words: facial image; super-resolution; graph; neural network; regression
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Fig.1 Overview of our graph based face image super-resolution regression method
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Fig.4 Comparison between grid based method and our graph based method
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Fig.5 The influence of the number of neure for regression precision
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Tabel 2 Comparison of performance of our method against state-of-the-art method on FEI dataset

2 ARIONES O NI 0 PR 05 1AE FET B 5 L Xt L

SRF Our LCR LINE SRLSPS
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
2 40.361 7 0.976 1 36.677 7 0.9515 36.629 7 0.940 0 37.484 2 0.967 3
3 34.3108 0.916 3 33.4997 0.908 6 33.607 3 0.909 3 30.125 8 0.8479
4 28.889 6 0.793 3 25.6115 0.7259 25.820 4 0.745'5 24.750 5 0.639 4

SIS 5 LA 2.0 LU HHLTE 2 f5 4 5 DA K 8 RE SR AR LR WK G b A0 L I A 3 By vk, AR SO VA R
HUA T S 1 S0 4 R R R AE 2 F5 R 8 A5 P SRR MK B4R | PSNR LA LE HoAth 3 Fh s i4 T 3dB~4dB.
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TG R A RER R [R5 R B T LA AN SO A AR G 2k T AR R I R S S 0 B vA
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Fig.6 Some of results on FEI detaset
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Tabel 3 Comparison of performance of our method against state-of-the-art method on DUT Multi-View

F 3 ATEEsH AN S PR AR DUT Multi-View £(H54E LT L

SRF Our SRLSPS SRCNN SelfExSR VDSR
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
3 36.2158 0.953 5 34.234 4 0.938 1 35.076 7 0.9453 36.2599 0.958 0 36.8754 0.960 4
4 339215 0.924 4 313146 0.8918 32.56717 0.908 5 33.4347 0.9253 343075 0.9337
8 28.956 9 0.8199 26.966 2 0.753 8 26.734 2 0.747 9 26.866 8 0.756 7 28.319 2 0.809 0
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Fig.7 Some of results on DUT Multi-View detaset
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