CREEECHE BEE s R TR Vol.33 No. 12
2025 4 6 A Optics and Precision Engineering Jun. 2025

XEHES 1004-924X(2025)12-1955-16

SHEEG Transformer WEFRE D HREFE

R, R
(MREABRTAF BER, W HL 710055

FEE AU BT Transformer 19 BIGOE 43 B 28 [0 26 rh gk sz BF RUBE B — DL R R 78 4342 9 400 1 48 B 1% 8 45 [R) L, AR S 4
T —Fh 248 R G Transformer M4 B 56, il 1 g 22 RO S8 BRI, AR J3 FE 5 (R 1R b 4R M 2 RUBEARRAE , L3
SRAE B TS M. HOR R A ] - A 52 B, 34 H AR T Transformer J2 v, R 0O #0082 08 1 2O HLH 2
SR BOCHERRAE I S BURRAE AL G, AT 3R BT MERR o d5c)i5 32 41 TR AE T8 A Transformer B, ¥R A2 4 45 J2 RHAE Z 1]
B9 DG RS T B8 WO v 0 P B AR AT, il — 2B s A T SR B . SCIR 2 BRI AR A I R b BT AR O iR T A
SEHEF o AEAS TRERAT B 8 4> R AT 55 b M T L T Swin Transformer (9 SR 52 7125, W fEL 15 e Eb 710 285 44 4 {01
BEG -3 82 T T 290,26 dB A0, 002 4, H 7 2 &0 50 W o 1% 07 A e IR T A T5 I R R 7R 4 BER AT 55
o B 3 AP R AR T RN R .

x # W BB IE Transformer; 2 & AMH G HFRER L 2T R 2 RE

hE 45K S:TP394. 1; TH691.9 XEkARIRAD A

doi: 10. 37188/0OPE. 20253312. 1955 CSTR:32169. 14. OPE. 20253312. 1955

MDAT :Multi-dimensional aggregation transformer for

image super-resolution reconstruction

CHEN Qingjiang, CHEN Pengmin’

(School of Science, Xi'an University of Architecture and Technology, Xi'an 710055, China)
# Corresponding author, E-mail: 409316492@qq. com

Abstract: To address the limitations of restricted receptive-field scales and insufficient exploration of addi-
tional dimensional information in existing Transformer-based image super-resolution networks, this paper
proposed a multi-dimensional aggregation transformer network. First, a multi-scale interaction modulation
module was designed to extract multi-scale features from low-resolution images, enhancing the diversity of
information flow. Second, a spatial - channel interaction module was integrated into transformer layers,
employing four types of attention mechanisms to fully extract key features and achieve effective feature fu-
sion, thereby improving model performance. Third, a feature-reuse transformer module was proposed to
explicitly model inter-layer feature relationships, enabling precise extraction and efficient reuse of impor-
tant features. Experimental results demonstrate that the proposed method outperforms existing state-of-
the-art algorithms on five benchmark datasets. Specifically, in super-resolution tasks with various magnifi-

cation factors, it achieves an average improvement of 0. 26 dB in peak signal-to-noise ratio and 0. 002 4 in
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structural similarity index measure compared to Swin Transformer-based methods, producing clearer re-

construction results. These findings validate the effectiveness of the proposed approach and its strong po-

tential for practical applications in image super-resolution tasks.

Key words: image super-resolution; transformer; attention mechanism; feature interaction; feature re-

use; multi-scale
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Fig.3 Structure of the spatial-channel interaction module
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B R s 4y DU(dB) o BARTHR R, Sk R A
RGB Z5 [ #e8] YC,C, 25 ], A Y 38 18 1) 44
PSNR F1 SSIM. b4k, oy 1 B 4 1 A 465 70 1
SR R FH AR PR R L A SCE BT T 280 (Num-
ber of Parameters, Params) £ 7 fill iz 5 & (Multi-
ply-Add Operations, MACs) , 73 51| i f B 7Y (1) £
fift i SR A 5352 2% B, A 430 o T (Ko, K)
F+142(Giga, G).

3.2 BT REHEE

S M AR SO A S5 A AR DL T A A AR
PR8N 58 A B AE R 48 Ubuntu 20. 04, 4k 3
# Sk AMD EPYC 7502(16 #% ) , & 48 W A% J 80
GB, & £ A NVIDIA GeForce RTX 4090 (24
GB). KT CUDA 12.2 fil PyTorch 2. 3 4
W5 S HEQL, 9 PR PR B2 4 PyCharm, 4 F2 18 &
A Python 3. 10,

ST A O A Bl 1> MSIMM, 2
AN SCATM 1 14~ FRTM £ i, 44~ SCATM 43
&4 STM, 44 CTM #1 1 4 FRTM, H |
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3:=0.99. i AR KNy 24, K¢ AE 38 18 B0CH
80, 2% ) R FH 2 20 3 Yokl 3 W HEAT I, W) R A
2 ARy 2X10 1 IFEE AR B [250 K, 400 K,
450 K, 475 KTIRE 7 2] AR 2 s 2k AL 8
J150 W
3.3 sttbikie

JE It 43 BT R IR AR SO TR B D0 T R O
5530 AT R G 43 B R U 2 R S i
HHEAT R EE o 33X 25 AL 4G SRCNN(Super-Res-
olution Convolutional Neural Network) , FS-
RCNN (Fast
Neural Network) """, CARN (Cascading Residual
Network) ", SwinIR-1 ( Lightweight Swin Trans-
former) ', DAT-L (Lightweight Dual Aggrega-
tion Transformer) ™, Omni-SR, SwinIR-NG (N-

gram in swin transformers) ""*', CRAFT (Cross-

Super-Resolution  Convolutional

Refinement Adaptive Feature Modulation Trans-
former) '**' , MambalR-light (Lightweight Image
Restoration with State-Space Model) "', SRConvNet-
L (Lightweight Transformer-Style ConvNet) """, HiT-
SNG (Hierarchical Transformer)''.
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Fig.5 Performance comparison of different algorithms
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Tab.1 Quantitative evaluation of X 2 SR task on benchmark datasets

. R AT R JiE Set5 Setl4 BSD100 Urban100 Mangal09
ik Params/MACs PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM  PSNR/SSIM
Bicubic — 33.66/0.9299 30.24/0.8688 29.56/0.8431 26.88/0.8403 30.80/0.9339

SRCNN(2016) 8/53 36.66/0.954 2 32.45/0.906 7 31.36/0.887 9 29.50/0.894 6 35.60/0.966 3
FSRCNN(2016) 13/6 37.00/0.9558 32.63/0.908 8 31.53/0.8920 29.88/0.9020 36.67/0.9710
CARN(2018) 1592/222.8 37.76/0.9590 33.52/0.916 6 32.09/0.897 8 31.92/0.9256 38.36/0.9765

910/244.4  38.14/0.9611 33.86/0.920 6 32.31/0.9012 32.76/0.9340 39.12/0.978 3
763/173.0  38.25/0.9615 34.01/0.9215 32.35/0.9021 32.91/0.9348 39.51/0.9790
772/194.5  38.22/0.961 3 33.98/0.9210 32.36/0.9020 33.05/0.936 3 39.28/0.978 4
1181/274.1 38.17/0.9612 33.94/0.9205 32.31/0.9013 32.78/0.9340 39.20/0.978 1
737/176.6  38.23/0.9615 33.92/0.9211 32.33/0.9016 32.86/0.9343 39.39/0.9786
1363/278.9 38.16/0.9610 34.00/0.9212 32.34/0.9017 32.92/0.9356 39.31/0.9779

885/160 38.14/0.9610 33.81/0.9199 32.28/0.9010 32.59/0.9321 39.22/0.977 9
1013/213.9 38.21/0.9612 34.00/0.9217 32.35/0.9020 33.01/0.936 0 39.32/0.978 2
997/289.4  38.29/0.9616 34.11/0.9219 32.39/0.9024 33.16/0.9369 39.60/0.979 1

SwinIR-1.(2021)
DAT-1.(2023)
Omni-SR(2023)
SwinIR-NG(2023)
CRAFT(2024)
MambalR-light(2024)
SRConvNet-L(2025)
HiT-SNG(2025)

Ours
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Tab. 2 Quantitative evaluation of X 3 SR task on benchmark datasets
. LR 5T % JiE Set5 Setl4 BSD100 Urban100 Mangal09
ik Params/MACs PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM
Bicubic — 30.39/0.868 2 27.55/0.7742 27.21/0.7385 24.46/0.7349 26.95/0. 855 6
SRCNN(2016) 8/53 32.75/0.909 0 29.30/0.8215 28.41/0.7863 26.24/0.7989 30.48/0.9117
FSRCNN(2016) 13/5 33.18/0.914 0 29.37/0.824 0 28.53/0.7910 26.43/0.8080 31.10/0.9210
CARN(2018) 1592/119.0 34.29/0.9255 30.29/0.8407 29.06/0.8034 28.06/0.849 3 33.50/0.944 0

918/110.8  34.62/0.928 9 30.54/0.846 3 29.20/0.808 2 28.66/0.8624 33.98/0.947 8
947/96.7  34.75/0.9299 30.63/0.847 5 29.30/0.8106 28.90/0.866 8 34.55/0.950 2
780/88.4  34.70/0.9294 30.57/0.846 9 29.28/0.8094 28.84/0.8656 34.22/0.9487
1190/114.1 34.64/0.9293 30.58/0.847 1 29.24/0.809 0 28.75/0.8639 34.22/0.948 8
744/78.4  34.71/0.9295 30.61/0.8469 29.24/0.8093 28.77/0.8635 34.29/0.949 1
1371/124.6 34.72/0.9296 30.63/0.8475 29.29/0.809 9 29.00/0.8689 34.39/0.949 0
SRConvNet-L(2025) 906/74 34.59/0.928 8 30.50/0.8455 29.22/0.8081 28.56/0.8600 34.17/0.947 9
HiT-SNG(2025) 1021/99.5 34.74/0.9297 30.62/0.847 4 29.26/0.8100 28.91/0.867 1 34.38/0.9495
Ours 1007/129.8 34.76/0.9300 30.65/0.847 6 29.32/0.8107 29.00/0.868 3 34.64/0.9505

SwinIR-1.(2021)
DAT-L(2023)
Omni-SR(2023)
SwinIR-NG(2023)
CRAFT(2024)
MambalR-light(2024)
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Tab.3 Quantitative evaluation of X4 SR task on benchmark datasets

. TR R i Set5 Setl4 BSD100 Urban100 Mangal09
ik Params/MACs PSNR/SSIM PSNR/SSIM  PSNR/SSIM  PSNR/SSIM  PSNR/SSIM
Bicubic — 28.42/0.8104 26.00/0.7027 25.96/0.667 5 23.14/0.657 7 24.89/0.786 6

SRCNN(2016) 8/53 30.48/0.862 6 27.50/0.7513 26.90/0.7101 24.52/0.7221 27.58/0.8555
FSRCNN(2016) 13/4.6 30.72/0.866 0 27.61/0.7550 26.98/0.7150 24.62/0.7280 27.90/0.8610
CARN(2018) 1592/91.0 32.13/0.8937 28.60/0.7806 27.58/0.7349 26.07/0.7837 30.47/0.908 4

930/63.6  32.44/0.8976 28.77/0.7858 27.69/0.7406 26.47/0.7980 30.92/0.915 1
910/78.4  32.57/0.899 2 28.87/0.7880 27.75/0.743 1 26.65/0.8035 31.37/0.9179
792/50.9  32.49/0.898 8 28.78/0.7859 27.71/0.7415 26.64/0.8018 31.02/0.9151
1201/64.4 32.44/0.898 0 28.83/0.7870 27.73/0.7418 26.61/0.8010 31.09/0.9161
753/46.5  32.52/0.898 9 28.85/0.787 2 27.72/0.7418 26.56/0.7995 31.18/0.9168
1280/42.9 32.36/0.8984 28.53/0.7895 27.78/0.7446 26.68/0.8057 31.17/0.917 6
SRConvNet-1.(2025) 902/45 32.44/0.897 6 28.77/0.7857 27.69/0.7402 26.47/0.7970 30.96/0.913 9
HiT-SNG(2025) 1032/57.7 32.55/0.899 1 28.83/0.7873 27.74/0.7426 26.75/0.8053 31.24/0.9176
Ours 1023/73.8 32.60/0.8997 28.91/0.7885 27.77/0.7434 26.77/0.806 3 31.38/0.917 2

SwinIR-L.(2021)
DAT-1.(2023)
Omni-SR(2023)
SwinIR-NG(2023)
CRAFT(2024)
MambalR-light( 2024 )
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Fig. 6 Visualization of X 4SR task for different algorithms
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Tab.4 Per-frame average inference time

P {57 2 HE S ]
kel S AR /s

SwinIR-I. ~ MDAT(Ours)
X2 1.1647 1.1900
X3 1280X720 0.5109 0.5018
X4 0.282 3 0.264 2
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Tab.5 Ablation study of MSIMM

- A I % I Urban100 Mangal09
5K X
Params/MACs PSNR/SSIM PSNR/SSIM
Re-Conv3 X3 871/197. 4 33.00/0.9357 39.50/0.979 0
Re-3*#Conv3 X3 871/200. 4 32.00/0.9356 39.50/0.979 0
W-MSIMM 885/203.5 33.03/0.9359 39.53/0.979 1
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Fig.7 Visualization of ablation study on MSIMM
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Tab.6 Ablation study of SCIM

e AR A e i Urban100 Mangal09
Params/MACs PSNR/SSIM PSNR/SSIM
WO-SCIM 885/203.5 33.03/0.9359 39.53/0.979 1
W-SI 891/205.0 32.95/0.935 3 39.51/0.979 0
W-CI 912/203. 8 32.91/0.934 8 39.49/0.979 0
W-SCIM 919/205. 3 33.11/0.9367 39.58/0.979 1

W-CI W-SCIM
P8 s fi] -3 1 A2 HLASE R I 1 il 52 6 T A
Fig. 8 Visualization of ablation study on SCIM
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Fig.9 Visualization of ablation study on FRTM
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Tab.7 Ablation study of FRTM
R AT % i Urban100 Mangal09
80 % e g

Params/MACs PSNR/SSIM PSNR/SSIM
WO-FRTM 919/205. 3 33.11/0.936 7 39.58/0.979 1
W-Res 919/205. 3 32.94/0.9350 39.50/0.9790
W-FRTM 997/289. 4 33.16/0.936 9 39.60/0.979 1
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Tab.8 Ablation study of Core Modules
MSIMM SCIM FRTM R AT % g Urban100 Mangal09
Params/MACs PSNR/SSIM PSNR/SSIM
X X X 871/197. 4 33.00/0.9357 39.50/0.979 0
N X X 885/203.5 33.03/0.9359 39.53/0.979 1
N N/ X 919/205. 3 33.11/0.936 7 39.58/0.979 1
N, N v 997/289. 4 33.16/0.936 9 39.60/0.979 1
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Fig. 10 Visualization of ablation study on core modules
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