41k 2 RS RN Vol.41 No.2
2026 4E 2 A Chinese Journal of Liquid Crystals and Displays Feb. 2026

XEHS:1007-2780(2026)02-0280-14
ETEHMAIE INBRERERGESIHERER

BEE, & WU, ZERY, AZE?
(1. FERFR BLEFHEISVARARA, kT BL 710119;
2. PERFR AF, LE 100049)

T AT A AR P R B A T B e S T T S T ) SR B LA R B B N FE 0 Y ) R A SR
T A R AL B E A PR A o TE A S A R T OB AR B SR AR R, B R AR
I8 A Ay o ARV 9 A AT 43 3 o AR 43 S 3 90 ST 3 25 0 e 4 Sl I P s 5 0 B T 0 A 1 T 2 S e
DI 45 SR A 4R B 2 AN BCRE . LR R T S AR AR AR ER R O 1] 43 0 A5 B R R R AR E AT 8 5RO
23 AE B (Query) o R, BETT T — = 2809 A 0 B3 8 0 i 2y ML), B 1 3145 R 345 8 R 4 R 7 B 22 11 1
B REHE. o ML L2 ) A AR B 0 R AR S A i), 76 2 R B N s AR K R EAME B AU T R 1
FRM M BR 1 o 7€ Urban100 £ 4% 45 I 19 9256 3 B, B IR FE XA K RE T M 4L T H A 5% PSNR 73442 71 0. 53 dB,
SSIM V142 7+ 0. 014 7, I Hiz 47 B X SwinIR A9 14 %6 76 &4 T 400 56 0 et 77 10, B0 0 A L AR ol B 3t BT ) 320 25 R
T A B SR, FT 4 90 UE TR AR A AR R e A 0 (R A PR T AR P A A R A S i

X 8B HABRAE RS HETEEZZ AN FIEBES BETR

mESEE . TP391.4  TEMFEM:A  doi:10.37188/CJLCD.2025-0247  CSTR:32172.14.CJLCD.2025-0247

Lightweight image super-resolution reconstruction based on
high frequency fusion attention
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Xi'an 710119, China;
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Abstract: Existing image super-resolution algorithms face issues such as high computational cost, limited
perception of local high-frequency textures, and insufficient extraction of key information. To address these
challenges, this paper proposes a lightweight image super-resolution reconstruction network based on high-
frequency fusion attention. First, a Dual-Path Enhancement module is designed within the network
architecture to explicitly decouple features into parallel high-frequency and low-frequency branches. The
low-frequency branch captures smooth structures, while the high-frequency branch employs learnable high-

pass filters to accurately extract edges and textures. Second, a spatial refinement module is introduced,
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utilizing directionally separated convolutions to enhance local features and generate queries rich in spatial
information. Finally, an efficient asymmetric frequency-aware attention mechanism is designed to achieve
effective interaction between local and global information. This mechanism uses the local information output
from the spatial refinement module as a query to dynamically retrieve complementary information across
the entire image, effectively overcoming the limitation of local windows on long-range dependencies.
Experiments on the Urban100 dataset demonstrate that at X4 magnification scales, the proposed algorithm
achieves an average PSNR improvement of 0.53 dB and an average SSIM improvement of 0.014 7
compared to other models, while running at only 14% of SwinIR's computational time. Regarding visual quality
in image reconstruction, the model generates sharper edges and more realistic textures, fully validating its
effectiveness and advanced capabilities in image reconstruction while maintaining lightweight efficiency.
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Tab.1 Quantitative comparison of different methods at scale factor X 2
Setb Setl4 BSD100 Urban100 Mangal09
Models Params/k

(PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM)
EDSR 1370 37.99/0.9604 33.57/0.9175 32.16/0.8994  31.98/0.9272  38.54/0.976 9
CARN 1592 37.76/0.9590 33.52/0.916 6 32.09/0.8978 31.92/0.9256  38.36/0.9765
IMDN 694 38.00/0.9605 33.63/0.9177 32.19/0.8996 32.17/0.9283  38.88/0.977 4

LatticeNet 756 38.06/0.9607 33.70/0.9187 27.57/0.7355 32.20/0.899 9 —/—
LAPAR-A 548 38.01/0.9605 33.62/0.9183 32.19/0.8999 32.10/0.9283  38.67/0.977 2
SGGLC-Net-L 870 38.13/0.963 1 33.88/0.9212 32.28/0.9010 32.61/0.9327 39.05/0.9780
HPUN-L 714 38.09/0.9608 33.79/0.9198 32.25/0.9006 32.37/0.9307  39.07/0.977 9
SwinIR-light 878 38.14/0.9611 33.86/0.9206 32.31/0.9012 32.76/0.9340 39.12/0.978 3
CAMixerSR 746 38.23/0.9613 34.00/0.9214 32.34/0.9016 32.95/0.9348 39.32/0.978 1
SRFormer-L 853 38.23/0.9613 33.94/0.9209 32.36/0.9019 32.91/0.9353  39.28/0.9785
ELAN-light 582 38.17/0.9611 33.94/0.9207 32.30/0.9012 32.76/0.9340 39.11/0.978 2
MSRA 769 38.23/0.9614 34.01/0.9211 32.33/0.9017 32.98/0.9358 39.24/0.978 3
CRAFT 737 38.23/0.9615 33.92/0.9211 32.33/0.9016 32.86/0.9343 39.39/0.978 6
Ours 625 38.33/0.9619 34.06/0.9220 32.40/0.9024 33.24/0.9377 39.55/0.979 1

TE RSO FoR L

S ok BRI AR RO T VR4S bR L, AR
SRR IS T RS RE R B . A R R
A SCHRE TR ST A A ) AR, g — 25 56
TR SC T B T A G R A3 B R AT 55 R A A
PRI M
3.3.2 ZULRRET

ASCIE R T 50 E A Bk SR 900 b A 45

SR, DA B0 Ml A AR AR A A S RS A0 i
BPEfE . XEEHEA S % B Urban100 A1 BSD100
B4 TR S TORT A0 Y 25 R A BB 2 RE Y O IR
S L RS AR A SR B ER BT A 45 BB A X4
i/ QNE - 3 T W WL R 7 WG B a7 8 = S NIV R S G
Pb 7 ik 1 5 D 2 R v A B ) — 2 ) 7 Y JR)
S DX I AT TOR B R .



286 W5 Bos 55 41 %

®2 HHEFAIMARE XN TR

Tab.2 Quantitative comparison of different methods at scale factor X 3

Setd Setl4 BSD100 Urban100 Mangal09

Models Params/k
(PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM)
EDSR 1555 34.37/0.9270 30.28/0.8417 29.09/0.8052 28.15/0.8527  33.45/0.9439
CARN 1592 34.29/0.9255  30.29/0.8407  29.06/0.8034  28.06/0.8493  33.50/0.944 0
IMDN 703 34.36/0.9270 30.32/0.8417 29.09/0.8046 28.17/0.8519 33.61/0.9445

LatticeNet 765 34.53/0.9281 30.39/0.8424 29.15/0.8059  28.33/0.853 8 —/—

LAPAR-A 544 34.36/0.926 7 30.34/0.8421 29.11/0.8054 28.15/0.8523 33.51/0.9441
LBNet 736 34.47/0.9277 30.38/0.8417 29.13/0.806 1  28.42/0.8559  33.82/0.946 0
SGGLC-Net-L 856 34.40/0.9298 30.55/0.8468 29.29/0.8147 28.61/0.8616  34.12/0.9479
HPUN-L 723 34.56/0.928 1  30.45/0.8445 29.18/0.8072  28.37/0.8572  33.90/0.946 3
SwinIR-light 886 34.62/0.9289  30.54/0.8463 29.20/0.8082 28.66/0.8624  33.98/0.947 8
CAMixerSR 753 34.65/0.9295 30.62/0.847 1 29.26/0.8093 28.81/0.8645 34.34/0.949 1
SRFormer-L 861 34.67/0.9296  30.57/0.8469  29.26/0.8099 28.81/0.8655 34.19/0.9489
ELAN-light 590 34.61/0.9288  30.55/0.8463 29.21/0.808 1 28.69/0.8624  34.00/0.947 8
MSRA 777 34.65/0.9291  30.60/0.8470 29.24/0.8093 28.86/0.8664  34.29/0.9489
CRAFT 744 34.71/0.9295 30.61/0.8469  29.24/0.8093 28.77/0.8635 34.29/0.949 1
Ours 729 34.79/0.9304 30.74/0.8489 29.32/0.8107  29.05/0.8686  34.59/0.950 8

T HAA R SRR e L (E

R3 HHEAFAHINAEEENMEREI L
Tab.3 Quantitative comparison of different methods at scale factor X 4
Setd Setld BSD100 Urban100 MangalO9

Models Params/k
(PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM) (PSNR/SSIM)
EDSR 1518 32.09/0.8938 28.58/0.7813  27.57/0.7357  26.04/0.7849  30.35/0.906 7
CARN 1592 32.13/0.8937 28.60/0.7806  27.58/0.7349  26.07/0.7837  30.47/0.908 4
IMDN 715 32.21/0.8948 28.58/0.7811  27.56/0.7353  26.04/0.7838  30.45/0.907 5

LatticeNet 777 32.18/0.894 3 28.61/0.7812  27.57/0.7355  26.14/0.784 4 —/—

LAPAR-A 659 32.15/0.8944 28.61/0.7818  27.61/0.7366  26.14/0.787 1  30.42/0.907 4
LBNet 742 32.29/0.896 0 28.68/0.7832  27.62/0.7382  26.27/0.7906  30.76/0.9111
SGGLC-Net-L 868 32.26/0.8991 28.71/0.7849  27.69/0.7402  26.48/0.7976  30.94/0.9140
HPUN-L 734 32.31/0.896 2 28.73/0.7842  27.66/0.7386  26.27/0.7918  30.77/0.9109
SwinIR-light 897 32.44/0.8976 28.77/0.7858  27.69/0.7406  26.47/0.7980  30.92/0.9151
CAMixerSR 765 32.51/0.8988 28.82/0.7870  27.72/0.7416  26.63/0.8012  31.18/0.9166
SRFormer-L 873 32.51/0.898 8 28.82/0.7872  27.73/0.7422  26.67/0.8032  31.17/0.916 5
ELAN-light 601 32.43/0.8975 28.78/0.7858  27.69/0.7406  26.54/0.7982  30.92/0.9150
MSRA 789 32.46/0.8984 28.86/0.7876  27.72/0.7419  26.65/0.8037  31.08/0.9157
CRAFT 753 32.52/0.8989 28.85/0.7872  27.72/0.7418  26.56/0.7995  31.18/0.9168
Ours 708 32.68/0.9011 28.96/0.7897  27.81/0.7440  26.89/0.8081  31.53/0.9205
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Fig. 6 Reconstruction results for Image_092 from the Urban100
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Fig. 7 Reconstruction results for Image_011 from the Urban100
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Fig.8 Reconstruction results for Image_076 from the Urban100
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Fig.9 Reconstruction results for Image_007 from the BSD100 dataset
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Fig. 10 Reconstruction results for Image_026 from the BSD100
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Tab.4 Average running time of different models on

Urban100 dataset

Models Params/k MACs/G ART/s Urbanl00
PSNR/SSIM
IMDN 715 40.9 0.0220 26.04/0.7838
ELAN 640 54.1 0.0208 26.54/0.798 2
SwinIR 930 63.6 0.1352 26.47/0.7980
CRAFT 753 46.5 0.0887 26.56/0.7995
Ours 708 54.9 0.0195 26.89/0.808 1
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Fig. 11 Visual comparison of LAM
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Set14 Fi1 BSD100 %4 4 ik 47 I3k

RT3 BT BER B A R AR SR G
i T HF AB #E He v £ 4~ 21 1 19 78 3001 < WL 42 14
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B 25 AN 5 PR
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Tab.5 Ablation study on the core components of the HF AB module

Setl4 BSD100
Exp. DPE SRM AFA Params/k
PSNR/SSIM PSNR/SSIM
1 X N N 525 28.87/0.787 8 27.75/0.742 6
2 N X N 668 28.87/0.787 7 27.75/0.742 7
3 N N X 673 28.86/0.787 7 27.74/0.742 7
4 N N N 708 28.96/0.789 7 27.81/0.744 0

T MR BT s e A
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B DPE A H i 4751 23 A A, ) FH v 5 7 197 53 4y
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B, R L M B I T R R AR, [ 12 ]
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PR K UE W] T e HEAT 42 R 15 A 1A 2 /i, SRML A
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Fig. 12 Visual comparison of the ablation study
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Tab.6 Ablation study on key internal designs of the HFAB

TASCT BT A S BAE B 1Y R R AR AR A
14 R A B MR T2 AT AL

i T UEW] SRM Hf fift B Y 250K R AR TE 4 FR 1Y
AR T T 3R HL S, ST A R AN 3R 7
7N, FH convl X5/5X1 (525 1) . convl X7/7X1
(5256 2) 1 convl X 3/3X 1( S5 3) AR %5 4tk a] 245
e, FRLRBIA (5200 4) 78 Fr A e & rh LR T
RAEEVERE , SR AEIT K convl X 5/5X 1( 525 1)
b, 7S ST SR AR B AE Set14 A BSD100 | Y PSNR
FISSIM 143845 7 0. 08 dB F10. 001 642 T+, X
— T E BT T ] A A AU LA Y e
s 1 A5 R 2 PR 1 9 JUAnT I 28, X DA 4 TR A2
FEAE o 1A SCR FH B 5 1) 43 85 16 AT AR JE 45 R AT LA
R4 R AE A5 B R B SR AR &, 7R (R R AL S 4 i
AR BT 5 T AR X SRR AR A R T .

®7 SRMHERMZLRER~THIHRMLE
Tab.7 Ablation study on the kernel type and size within
the SRM

Setl4d BSD100

Exp.  Params/k
PSNR/SSIM PSNR/SSIM

1 711 28.87/0.7877 27.75/0.7428
2 705 28.88/0.7879  27.74/0.7425
3 706 28.87/0.7879  27.75/0.7426
4 708 28.96/0.7897 27.81/0.7440

module
Setld BSD100
Exp.  Params/k
PSNR/SSIM PSNR/SSIM
1 706 28.87/0.7878 27.75/0.7425
2 708 28.87/0.7881 27.74/0.7429
3 708 28.96/0.7897 27.81/0.7440
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