FEBERE S B Vol.37 No.2

Journal of Tianjin University of Science & Technology Apr. 2022

B3 2
2022 4F 4 H

DOI:10.13364/j.issn.1672-6510.20210142
HFHARBAHEA: 2021-11-12; #HFHREMUE: http:/kns.cnki.net/kems/detail/12.1355.N.20211110.1654.001.html

ETRERRMEADBEERERNARBESHRER

MBER, AR, BOg, fh %Y, AR, £ O, MR
(1. KRB R2AEN T RE2ABE, K 300457; 2. KRR KA TR 2=BE, KHEE 300222)

B E. ARBSHEEF RN TR HEEBANTERA R, X ik ammilad — KRR A R ERAARAER S5
BOANMMBE—FE T ARSI NEER (21X b7 Ek R R AMEIKS PRI ZHoHREARBEZ [ G4 £
A, E A R B RGE W, AL B R £, AT R FIAL, AR —F L TR 2 R e @306 L2 B AR
#8455 & % 7 ik (face super-resolution using error feedback and facial posterior, EFBNet) , VA K43 F W7, & A A A
. Bt —A E T RARAET F 3R £, R RATIR 2R EAFAEGY o 8] Row. X TR —AF B AREIT AR, Bl R AR R
VEFRAE G2 2 AR R RAL R, LI, 83T T —Fr 6,88 8 R 09 @ 3R E & ) 4R K A AR AT ) A B K e 4L B
AR, BEEE A MEARE T B FERLE RFON GGH 4000 )5 01012 8B B eg @3k 4n 7 , b e AR - PE RS P R 4
FETRM 6 S IAZ B E R TR R A, ik — TR & A R BB T E. AT R A RS KA 8 T T EAmieh i %
Fo B, Nt F BAR G A M. R RE, B kTR R T RE R

KR ARHESPRE; RERE EEES; AR

FESES: TP391 XHEFRERG: A XEHS: 1672-6510(2022) 02-0035-08

Face Super-Resolution Using Error Feedback and Facial Posterior

YANG Jucheng', ZUO Meiran', WEI Feng?, SUN Xiao', BAI Yaxin', WANG Yuan', CHEN Yarui'
(1.College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China;
2. College of Mechanical Engineering, Tianjin University of Science & Technology, Tianjin 300222, China)

Abstract: Face super-resolution methods are very effective for low-resolution input reconstruction. These methods often
increase the resolution through one or a limited number of up-sampling operations to build a network model based on a feed-
forward structure. However, these methods cannot completely solve the mapping relationship between low-resolution and
high-resolution face images, so the generated images are not clear enough and the visual perception quality is poor. To solve
these problems, in this article we propose a face super-resolution using error feedback and facial posterior (EFBNet) to obtain
sharp and realistic face images. Specifically, we calculate the error by a set of up and down sampling operations and then
tune intermediate representations of features by feeding back the error. This method can be understood as a self-correction
procedure which feeds an error to the sampling operation and iteratively changes the final results. Furthermore, we design a
novel optimization objective that involves facial attention loss and relative discriminator adversarial loss. Facial attention loss
focuses on the facial details around the accurate posterior information predicted by the super-resolution results. Compared
with the prior information predicted by low-resolution input or intermediate features, this method can reduce distortion and
further improve the quality of the generated image. The relative discriminator adversarial loss helps to learn sharper edges
and textures to improve the clarity of the image. Experimental results indicate that the proposed method can obtain better
reconstruction results.
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Fig. 1 Face super-resolution using error feedback and facial posterior information
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