o2t W4l HOROK 2 E O ¥ R Vol. 62 No. 4
2024 7 H Journal of Jilin University (Science Edition) July 2024

doi: 10.13413/j. cnki. jdxblxb. 2023204

ETIDERHENARBIREREZFT X

BEDURET, XIS, EORS, BIRT, A AR A iR
(1. KEMIRYE B ER LR, K& 130022;
2. REMLARYE FMDCAHEAREER ST HA TRIE L. KE 130022;
3. M %2 FEE G TImE, K 300308;
1. KEHLTRS FEOCHEFEARBR T, KEF 130022)

WE: VARMIAEALTETARErHERERKENFEA, RE -—M2FWARE L HE
M., ZRMBALFALIDELER RN ETEAN, BET AR ZEMLE &K
EMWER, FHRBH T ATEENKEE AN, £HEE CelebAMask- HQ L8y L1 4 R
W HBHAABETRENAR, ZEEEBERE SR LS 0% Lk E 2876 dB A
0.827 55 XAk 8 T RAEMW A, W15 " thAn 45 A 48 0L P IF 4 48 A7 3£ 2| 26. 29 dB 0
0.754 9. H5E %8 SAM3D H&Mth, ZHEZALERKR A ETRERNEEEE LEN
AW BRI RAT 4.09,1.93 MNE R E, ERLEHRKA ST RHER LR FA A2 5 4& A
7 202,454 MNERL K. NTIIEAZE LML mibte, WX AESZREA T ARSNGB EK
SRR TR S A AR R

KW MBEMT; ARMEIHE,; 3D £ FE NI

RESES: TP391 Mk ERAERD: A XEHS: 1671-5489(2024)04-0895-10

Facial Super-resolution Reconstruction Algorithm
Based on 3D Prior Features

YAO Hanqun', LIU Guangwen', WANG Chao*, YANG Yining®, CAI Hua', FU Qiang*

(1. School of Electronic Information Engineer , Changchun University of Science and Technology » Changchun 130022, China;
2. National and Local Joint Engineering Research Center for Space Optoelectronics Technology »
Changchun University of Science and Technology . Changchun 130022, China;

3. National Key Laboratory of Electromagnetic Space Security s Tianjin 300308, China;

4. School of Opto-Electronic Engineer, Changchun University of Science and Technology s Changchun 130022, China)

Abstract: In order to effectively solve the problem of facial super-resolution feature recovery in
complex environments, we proposed a novel facial super-resolution network. By integrating 3D
rendering prior knowledge and a dual attention mechanism, the network enhanced the understanding
of the facial spatial position and overall structure while improving the ability to recover detailed
information. The experimental results on the CelebAMask-HQ dataset show that the proposed
algorithm achieves peak signal-to-noise ratio and structural similarity of 28. 76 dB and 0. 827 5 for

downsampled faces magnified by 4 times, and 26. 29 dB and 0. 754 9 for downsampled faces magnified
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by 8 times. Compared with the similar SAM3D algorithm, the proposed algorithm improves the peak
signal-to-noise ratio and structural similarity by 4. 09 and 1. 93 percentage points when dealing with 4
times downsampling, and by 2.02 and 4.54 percentage points when dealing with 8 times
downsampling, respectively. This proves the superiority of the proposed algorithm and also indicates
that facial super-resolution recovery can achieve more realistic and clear visual effects in practical
applications.
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Table 2 Comparison results of evaluation metrics for different algorithms when enlarging facial images by 8 times
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Fig.5 Comparison of effects of different algorithms when enlarging facial images by 8 times
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Table 3 Comparison of evaluation metrics before and after adding 3D prior and dual attention modules
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