MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
[doi: 10.15888/j.cnki.csa.009723] [CSTR: 32024.14.csa.009723] http://www.c-s-a.org.cn
O R 27 B AT W I AL A Tel: +86-10-62661041

g v — e
ETHHERXBHF SR EREIGEB TR
e
k%, 9 3, 5 L
(b R P 5 RN 5 B, Bt 102206)

W{E1E#: 5k %%, E-mail: zhangh@ncepu.edu.cn

B Rk, MEIRE S AR R RE, BIRAE ML (convolutional neural network, CNN) 1 Transformer 7 {4
7 HE# (super-resolution, SR) SU U T B (Wit e, (2, X T BUE 4 RREE 3L, i L iE R Z X2
He B AN FE M ERE DY KBZE R0 A TR 2 RE R, et TX R X4 /R e T 5
A, Bk, @@ S A BT R4 B DY) Transformer I CNN FXU4» 3 AT M L bRiER)
Transformer 1% 73 % 1] Transformer M55 SCHAT M, LL—FhJZ st 177 200 BUR I R EME B XI5 RS
B 2JRS XIEE BT IRIONEL G . thah, Bt 7 — P2 UCRHERL G 77 2ORXT CNN 43 SCHREER B R 5 S AL 4y
% 1) Transformer $EHCEI X BUE BRHATRHMERL &, REFSLIRR I, P s E R 84 SR USRS 1 4 1) 45
FAFln, 75 Mangal09 £REERT 4 R5BONSEES 1, M 28 R (5 L (PSNR) AHEZ T SwinIR $2F+ T 0. 51 dB.
KR PGB 3%, Transformer; SR L%, 2 REHERD & 4 R IEFRIX

SRR TREE 3 GV AL TRAE 2 Vs ik ah & 1 B 2 UG GEE 43 22 W 28 1 BN L R S8R . hittp://www.c-s-a.org.cn/1003-3254/9723 . html

Lightweight Image Super-resolution Network Based on Progressive Fusion of Hierarchical Feature

ZHANG Hao, MA Ji, YUAN Jiang
(School of Control and Computer Engineering, North China Electric Power University, Beijing 102206, China)

Abstract: In recent years, with the development of deep learning techniques, convolutional neural network (CNN) and
Transformers have made significant progress in image super-resolution. However, for the extraction of global features of
an image, it is common to stack individual operators and repeat the computation to gradually expand the receptive field.
To better utilize global information, this study proposes that local, regional, and global features should be explicitly
modeled. Specifically, local information, regional-local information, and global-regional information of an image are
extracted and fused hierarchically and progressively through channel attention-enhanced convolution, a dual-branch
parallel architecture consisting of a window-based Transformer and CNN, and a dual-branch parallel architecture
consisting of a standard Transformer and a window-based Transformer. In addition, a hierarchical feature fusion method
is designed to fuse the local information extracted from the CNN branch and the regional information extracted from the
window-based Transformer. Extensive experiments show that the proposed network achieves better results in lightweight
SR. For example, in the 4x upscaling experiments on the Mangal09 dataset, the peak signal-to-noise ratio (PSNR) of the
proposed network is improved by 0.51 dB compared to SwinIR.
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TTTTIT
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TTTTT
3 EIRFHERLE (HFF)
223 &5 XL &P (GRFFB)
N RS2 BT, SRR FE RV (AR,
fE RLFFB Z J5 Wit T — A4 ) 5 Xl & .
1(g) FT7w, R FH 108 W53 32 AT H R 1SR,
— 2RO S R TR O X E TR, AT
SRANRI S B R R R A B AR R R I O
W, A A BEAE H FRAE ) Transformer SKH2HL 4 7 4
fiE. AHZ bR 1R Transformer THHE &I A, AEH T#
B AL S, [ 52 BRI S S &,
AILAE Key Al Value 2 fit~F-#5i4k (Avg-Pooling)
BRI G 2 AR R 0T &, S5 AT
B AR, WO T Q W HEAT btk A5 5 B A A H B A 58
BAER. ERSEHaT:
0*=DWConv(X)- W,, 0”=DWConv(X)- W,
K=DWConv(X)- W, K? =AVG(DWConv(X))- W,é
V4=DWConv(X)- W,, V®=AVG(DWConv(X))- W;( 2
Y=Softmax(Q*- (K)T)- V@
Y’ =Softmax(Q” - (K")")- v*
Y=Concat(Y*,Y?)

H i, DWConv(-) KR IBIREGFIEE, AVGHFRRT
FETEJALIRAE, Concar() R IBIEHHEIRIE. X EIE
BEATIEE 2 SRS TR E R, AR HEGMKE
1155, BN T BA PR AN 43 32, A8 FH A AR T Il T TR 4,
RAIE JR 4R BB 1) 52 55 B 0 L E PRS2 A5 B X
SRR TIE R RS2 B B K 1) 4 JR) R I R A7 il PR R A
J&, FH D BREATRHE RS

AR SCHE R ZER AT LUK RS DX AR 4 )R 3 LA
() UG 2 IR 25 R R AT A8, 9 HL A DA — Fh R SRR |
X35 J5 SRR R 4 SR 55 DX SRR A il Ak o
(177 R IURHAE (1. fE41 GRLFFG ¥R ¥, 18 H
T ESA HURI 72 1 H2 5k B8 it 3 s A5 204 (1) R A g

3 SEEG
3.1 SIRE
o HulRAEMTEFR: A i DIV2KP 1) 800 7k

FAERNGEARE. 16 5 AMrdEdEgE Sets™, Set14™,
BSD100%, Urban100""", Mangal 09" i1 A 3
R PERE. ASCTEA RIS T x2, x3, x4 FE4T
TSNS, fE YCbCr 25 [E) ) Y JlIE I, 5 FH 04 {8 15 e Lh
(peak signal to noise ratio, PSNR)" V145 i H ol 4
(structural similarity index, SSTM)" SR At 45 74 fr)
PERE.

o SUHEANT: $ IR — M B, A SCE X 3 IR R
FEME 46 HR FE A SRECH B LR BR. fE IR 72
o, K2R EE BENLE BT N 64x64 WG A, REHL VKB
MU 32 MR R, BUIIZREARCA 500k, K Adam
Ak 2SR B MU Ly 372, Fo gy = 0.9 18, = 0.999.
WG 2] R B E N2x 1074, 7F 250k 400k 450k,
475k YIEAR G 2 2 BB N2 BT — 2. BeAh, TR ZRd
T, I BE L@ 54 ALK B EAT 200 3 5. A SC I
R LT PyTorch™ THEAZ S B, #£ 4 7K NVIDIA 2080Ti
GPU #4714, £ GRLSR ', GRLFFG (NN 3,
4 GRLFFG H1 ) RLFFB FIEEMK N 4. 4. 2.
GRLFFG H FHE@IE . 38 Sk 2 2 B s bl
(multi-layer perceptron, MLP) 4 & K1 73 il & B N
60 6 F12.

32 LWHER

N T AIE B TR B GRLSR B 4 2k, A 3¢
FEx2. 3, x4 REET 5 IR B SISR J7ik
HH4T 7 Ee#. 3% EDSRI. CARNU'Y, IMDNEY,
MAFFSRN™, LatticeNet'"™, LAPAR™. SMSRM",
HPUN™, ESRT!" ELAN". LBNet*!, SwinIR"!,
STSNM. Omni-SR™, CRAFT!"Al MSRA-SR".

o TR R 1 AR T ARMAREL SISR Jiik
TE 5 AN FEMERRAE B tkge. 7T LUE H, X T AN R R4
ff) SR AF55, 78 5 M HEAEE R4 - GRLSR #RSLI 1 i
LF I EE R, Rl st T H AT =4 SISR el J7iEz —
ff] MSRA-SR™, 7EMI [ (112 %% F, GRLSR 7Ex4 R
J£ A Set5+ Urban100. Mangal09 ##E4E 43 7 Lk
MSRA-SR % 7 0.11 dB. 0.16 dB #i1 0.35 dB. 7£x2
Fix3 FAHEE MSRA-SR tHH B K HIPERESE . FHILE
B ) SwinIR 77, A CH H ) GRLSR A B /N2
=, FIRGE 2 EmRA, £33 NMARRETHR
Urban100 #1 Mangal09 ##5%E b, V33271 1 0.43 dB
F10.47 dB.
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%1 ANJE SISR FIEFEX2, x3. x4 RE N2 E . PSNR A1 SSIM

N 1 e w = Set5 Set14 BSD100 Urban100 Mangal09
eSS e SHE (9 PSNR (dB) SSIM PSNR (dB) SSIM PSNR (dB) SSIM PSNR (dB) SSIM PSNR (d]i) SSIM
EDSR-baseline 1370 37.99 0.9604 33.57 0.9175 32.16 0.8994 31.98 0.9272 38.54 0.9769
CARN 1592 37.76 0.9590 33.52 0.9166 32.09 0.8978 31.51 0.9312 — —
IMDN 694 38.00 0.9605 33.63 09177 32.19 0.8996 32.17 0.9283 38.88 0.9774
MAFFSRN-L 790 38.07 0.9607 33.59 09177 32.23 0.9005 32.38 0.9308 — —
LatticeNet 756 38.15 0.9610 33.78 0.9193 32.25 0.9005 3243 0.9302 — —
LAPAR-A 548 38.01 0.9605 33.62 0.9183 32.19 0.8999 32.10 0.9283 38.67 0.9772
%3 SMSR 985 38.00 0.9601 33.64 0.9719 32.17 0.8990 32.19 0.9284 38.76 0.9771
ELAN-light 582 38.17 0.9611 33.94 0.9207 32.30 0.9012 32.76 0.9340 39.11 0.9782
SwinIR-light 878 38.14 0.9611 33.86 0.9206 32.31 0.9012 32.76 0.9340 39.12 0.9783
STSN 881 38.19 0.9611 33.78 0.9199 32.30 0.9013 32.68 0.9336 39.13 0.9778
Omni-SR 772 38.22 0.9613 33.98 0.9210 32.36 0.9020 33.05 0.9363 39.28 0.9784
CRAFT 737 38.23 0.9615 33.92 0.9211 3233 0.9016 32.86 0.9343 39.39 0.9786
MSRA-SR 769 38.23 0.9614 34.01 0.9211 3233 0.9017 32.98 0.9358 39.24 0.9783
ours 769 38.26 0.9616 34.13 0.9226 32.38 0.9023 33.24 0.9379 39.45 0.9787
EDSR-baseline 1555 34.37 0.9270 30.28 0.8417 29.09 0.8052 28.15 0.8527 3345 0.9439
CARN 1592 34.29 0.9255 30.29 0.8407 29.06 0.8034 27.38 0.8404 — —
IMDN 703 34.36 0.9270 30.32 0.8417 29.09 0.8046 28.17 0.8519 33.61 0.9445
MAFFSRN-L 807 34.45 0.9277 30.40 0.8432 29.13 0.8061 28.26 0.8552 — —
LatticeNet 765 34.53 0.9281 30.39 0.8424 29.15 0.8059 28.33 0.8538 — —
LAPAR-A 594 34.36 0.9267 30.34 0.8421 29.11 0.8054 28.15 0.8523 33.51 0.944 1
SMSR 993 34.40 0.9270 30.33 0.8412 29.10 0.8050 28.25 0.8536 33.68 0.9445
ESRT 770 34.42 0.9268 30.43 0.8433 29.15 0.8063 28.46 0.8574 33.95 0.9455
ELAN-light 590 34.61 0.9288 30.55 0.8463 29.21 0.808 1 28.69 0.8624 34.00 0.9478
LBNet 736 34.47 0.9277 30.38 0.8417 29.13 0.8061 28.42 0.8559 33.82 0.9460
SwinlR-light 886 34.62 0.9289 30.54 0.8463 29.20 0.8082 28.66 0.8624 33.98 0.9478
STSN 888 34.62 0.9292 30.54 0.8466 29.22 0.8090 28.59 0.8621 34.11 0.948
Omni-SR 780 34.70 0.9294 30.57 0.8469 29.28 0.8094 28.84 0.8656 34.22 0.9487
CRAFT 744 34.71 0.9295 30.61 0.8469 29.24 0.8093 28.77 0.8635 34.29 0.9491
MSRA-SR 777 34.65 0.9291 30.60 0.8470 29.24 0.8093 28.86 0.8664 34.29 0.9489
ours 777 34.76 0.9302 30.70 0.8485 29.32 0.8110 29.13 0.8711 34.56 0.9504
EDSR-baseline 1518 32.09 0.8938 28.58 0.7813 27.57 0.7357 26.04 0.7849 30.35 0.9067
IMDN 715 3221 0.8948 28.58 0.7811 27.56 0.7353 26.04 0.7838 30.45 0.9075
MAFFSRN-L 830 32.20 0.8953 28.62 0.7822 27.59 0.7370 26.16 0.7887 — —
LatticeNet 777 32.30 0.8962 28.68 0.7830 27.62 0.7367 26.25 0.7873 — —
LAPAR-A 659 32.15 0.8944 28.61 0.7818 27.61 0.7366 26.14 0.7871 30.42 0.9074
SMSR 1006 32.12 0.8932 28.55 0.7808 27.55 0.7351 26.11 0.7868 30.54 0.9085
HPUN-L 734 32.31 0.8962 28.73 0.7842 27.66 0.7386 26.27 0.7918 30.77 0.9109
x4 ESRT 751 32.19 0.8947 28.69 0.7833 27.69 0.7379 26.39 0.7962 30.75 0.9100
ELAN-light 601 3243 0.8975 28.78 0.7858 27.69 0.7406 26.54 0.7982 30.92 09150
LBNet 742 32.29 0.8960 28.68 0.7832 27.62 0.7382 26.27 0.7906 30.76 09111
SwinIR-light 897 32.44 0.8976 28.77 0.7858 27.69 0.7406 26.47 0.7980 30.92 09151
STSN 898 32.46 0.8982 28.76 0.7860 27.68 0.7405 26.39 0.7971 30.93 09142
Omni-SR 792 32.49 0.8988 28.78 0.7859 27.71 0.7415 26.64 0.8018 31.02 09151
CRAFT 753 32.52 0.8989 28.85 0.7872 27.72 0.7418 26.56 0.7995 31.18 0.9168
MSRA-SR 789 32.46 0.8984 28.86 0.7876 27.72 0.7419 26.65 0.8037 31.08 0.9157
ours 789 32.57 0.8997 28.88 0.7884 27.75 0.7434 26.81 0.8088 31.43 0.9187
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