H37% Ham TR P B s 5 BB % 22 4k Vol.37 No.4
20254 4 A Journal of Computer-Aided Design & Computer Graphics Apr. 2025

ETHHEIS R R 52 2 L AT 158 7 PR M4

MAE, FER, 28R

(LT TRARBARRFRIFBE #5E 125000)
(yangbenchen@lIntu.edu.cn)

B I MATIRE S MG SR AR R PR, o R, WA M4 AR R AR IR BT A R i R A RS
VRIZFRAE Y ) B, 42 0 3 TR A 3 0 (0 S0 B AL P 30 HE 0 WS I 4% . o7 S 4R M R AE B 22, TiC B T B 109 320 R AH (L5
R FAERI T A, 30 I A RGO SORERE Y FRIBAE 1 SRIE AN TERT I/ N R AR A, (/0N DB e ST R AT R A R
FIEHAT 55, BJa 5 A REFERBUBER, 7EFRE B i A A IR U], $RBCE RAFIE. L4050 78 4 B R
MRLE Sets LAYSCIGZE KM, 5 SwinIR-light Ak, Prig M4 RIESL, PSNR $#£7) 0.41dB, S5Em/D> 244k,
FRAT [E] 45 5 49.05%.

REEIR: B NEE DZARIE; TR 2 4
FEESES: TP391.41 DOI: 10.3724/SP.J.1089.2023-00319

A Lightweight Reversible Super-Resolution Network Based on Feature
Enhancement
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Abstract: Deep super-resolution reconstruction networks have a large number of parameters and slow infer-
ence speed. Lightweight networks unable to express deep features of images under complex environmental
conditions. Aiming at those issues, a lightweight reversible super-resolution network based on feature en-
hancement is proposed. Firstly, edge feature residuals are proposed, combined with the proposed edge simi-
larity loss to guide model reconstruction and enhance the expression of texture contours. Then, add a new
wavelet feature kernel to support the reconstruction task with any scaling factors. Finally, a global feature
extraction module is introduced to embed a self attention mechanism in the feature map to extract global
features. The proposed network showed better performance than SwinIR-light on the benchmark test Set5
with a scaling factor of 4. It improved the PSNR by 0.41dB, decreased the number of parameters by 244k,
and reduced the inference time by 49.05%.
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ELRN(A ) 489k 34.56 0.936 7 31.46 0.896 9 30.99 0.887 3 28.42 0.8790
Bicubic 28.42 0.810 4 26.00 0.702 7 25.96 0.667 5 23.14 0.657 7
SRCNN! 57k 30.24 0.860 5 27.43 0.749 3 26.80 0.709 4 24.29 0.714 1
VDSR!! 665k 31.42 0.8859 28.15 0.771 1 27.28 0.727 4 25.22 0.754 5
CARNE" 1 592k 32.13 0.895 6 28.59 0.781 7 27.59 0.737 5 26.06 0.784 6
IMDNEY 715k 32.18 0.895 4 28.57 0.7815 27.56 0.7370 26.03 0.783 9
x4
LatticeNet™*? 777k 32.17 0.8950 28.60 0.7815 27.57 0.737 2 26.13 0.784 5
FDIWNE3! 664k 32.21 0.896 1 28.62 0.782 9 27.60 0.738 9 26.19 0.789 5
LBNet*! 742k 32.27 0.896 6 28.66 0.783 6 27.62 0.739 9 26.26 0.790 7
SwinIR-light!*"! 930k 32.42 0.898 2 28.74 0.7859 27.69 0.742 4 26.47 0.798 2
ELRN(7A X0) 686k 32.83 0.906 0 29.67 0.8350 29.04 0.810 2 26.73 0.816 8
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RNSP/dB

Urban100_081_(72x72)

LatticeNet?®?
22.94/0

LatticeNet®?
21.19/0.513 0

PSNR/SSIM

5233

LatticeNet*?
18.40/0.494 5

VDSR" CARNP IMDN®B!

20.08/0.419 2 20.76/0.469 3 21.21/0.514 2 21.21/0.518 8

SwinIR-light/®3! FDIWN3! LBNet?4 ELRN

21.29/0.529 6 21.10/0.512 8 21.11/0.499 5 22.60/0.678 8

VDSR!! CARNE IMDNE!

21.94/0.376 6 22.60/0.466 6 22.96/0.531 8 22.95/0.527 6

SwinIR-light?s!
23.03/0.526 8 22.79/0.527 8 22.67/0.495 0 23.65/0.591 5
J [ -

17.98/0.357 0 18.08/0.440 5 18.47/0.502 2 18.48/0.499 4

FDIWNE3! LBNet?4 ELRN

VDSR CARNP IMDNEBY

SwinIR-light(*! FDIWNE3! LBNet*4 ELRN

18.60/0.510 6 18.59/0.506 5 18.45/0.503 2 19.73/0.630 4
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*2 HEMETF R 4 BT Sets MK & HOHBRSCIE X EE
GFEB LFEB
WEFML DFEL SRR PSNR/dB SSIM
GFEB GFEB* /NIt
WFML WFML* DFEL DFEL*

J AL V J 685.8k 32.83 0.906 0

J AL J J 658.3k 32.41 0.893 8

R Harr S v 685.6k 32.65 0.904 3

< Daubechies J J 685.6k 32.58 0.899 1

J IR J J 685.6k 32.54 0.904 0

J J J 685.6k 15.35 0.411 4

\/ A3 J v 683.2k 32.06 0.896 4
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