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Frequency Driven Multi-scale Image Super-resolution Method

YANG Hongju,ZHANG Ziyang and L1 Yao
School of Computer and Information Technology,Shanxi University, Taiyuan 030006, China

Abstract Single-image super-resolution is a critical technique aimed at reconstructing high-resolution images from single low-
resolution inputs. It plays a pivotal role in various fields such as medical image enhancement, satellite remote sensing, security
surveillance.and digital media content optimization. The core of SISR lies in restoring the lost high-frequency details to improve
visual quality. However, this task faces numerous challenges due to its ill-posed inverse problem nature: traditional interpolation
methods struggle to reconstruct complex details; convolutional neural network-based approaches can extract local features but fall
short in global modeling; while Transformers excel at capturing long-range dependencies, they have limited capabilities for refi-
ning high-frequency information,leading to blurred edges and distorted textures in reconstructed images. To address these issues,
this study proposes an innovative model that leverages wavelet transformation for multi-scale image decomposition,optimizing the
extraction of high-frequency information. Three key modules are designed:the wavelet refinement module enhances the processing
of high-frequency details; the shifted rectangular feature enhancement module captures global context;and the multi-scale wavelet
fusion module integrates high-frequency priors with global features. This method significantly improves texture clarity and edge
sharpness, balancing both local details and overall consistency. Experimental results demonstrate that the proposed model outper-
forms existing techniques on benchmark datasets such as Set5,Set14,and BSD100,achieving an average peak signal-to-noise ratio
improvement of approximately 0. 3dB,along with superior subjective visual quality. This research not only effectively tackles the
challenge of high-frequency information recovery but also provides new insights into the field of single-image super-resolution,
holding significant academic and practical value.

Keywords Single-image super-resolution, Transformer, Convolutional neural networks, Wavelet transform, High-frequency infor-

mation optimization, Multi-scale processing
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# 1 X2BKRHEF TR L
Table 1 Performance comparison at X 2 magnification factor
HAEF %a <Psw§ee/t2511v1> (Psl\?;t/lslyM) (PSEISIS};);)IM) ( Pslj\rztz)ed?slg(;m ( PZS??%/?SM)
EDSRE7 37.99/0.9604  33.57/0.9175  32.16/0.8994  31.98/0.9272  38.54/0.9769
LAPAR-AL38] 38.01/0.9605  33.62/0.9183  32.19/0.8999  32.10/0.9283  38.67/0.9772
LatticeNetl39] 38.06/0.9607  33.70/0.9187  32.20/0.8999  32.25/0.9288  38.71/0.9773
IMDNL40] 38.00/0.9605  33.63/0.9177  32.19/0.8996  32.17/0.9283  38.88/0.9774
CARNLL 37.76/0.9590  33.52/0.9166  32.09/0.8978  31.92/0.9256  38.36/0.9765
o HPUN-LI2! 38.09/0.9608  33.79/0.9198  32.25/0.9006  32.37/0.9307  39.07/0.9779
SwinIR-light'20  38.14/0.9611  33.86/0.9201  32.31/0.9012  32,60/0.9340  39.12/0.9783
ESRT!#3] 38.03/0.9600  33.75/0.9184  32.25/0,9001  32.58/0.9318  39.12/0.9774
CRAFTL24] 38.17/0.9610  33.82/0.9197  32.27/0.9009  32.61/0.9341 39.21/0.9783
CFATC#4] 38.14/0.9608  33.79/0.9192  32.29/0.9010  32.68/0.9343  39.24/0.9782
ss1yles] 38.20/0.9611 33.83/0.9203 32.32/0.901 1 32.72/0.9343 39.20/0.9781
Ours 38.22/0.9614  33.87/0.9198  32.34/0.9014  32.84/0.9346  39.29/0.9786
# 2 X3WMKHEF TR LK
Table 2 Performance comparison at X 3 magnification factor
~ 2 J [
KXEF #3 (PSN;e/t:Z‘SIM) (IS\JSI:t/]:‘SIM) <1’S§SI£),/]:21M> (Ig\rll;?slz(l)M) (IiAvq;eg/lslzl)m
EDSRI37] 34.37/0.9270  30.28/0.8417  29.09/0.8052  28.15/0.8527  33.45/0.9439
LAPAR-Al38) 34.36/0.9267  30.34/0.8421  29.11/0.8054  28.15/0.8523  33.51/0.9441
LatticeNet[39] 34.53/0.9281  30.39/0.8424  29.15/0.8059  28.33/0.8538  33.53/0.9445
IMDNL#0] 34.36/0.9270  30.32/0.8417  29.09/0.8046  28.17/0.8519  33.61/0.9445
CARNLA1] 34.29/0.9255  30.29/0.8407  29.06/0.8034  28.06/0.8493  33.50/0.9440
v HPUN-LM2] 34.56/0.9281  30.45/0.8445  29.18/0.8072  28.37/0.8572  33.90/0.9463
SwinIR-light'20]  34.62/0.9289  30.54/0.8463  29.20/0.8082  28.66/0.8624  33.98/0.9478
ESRTL3) 34.42/0.9268  30.43/0.8433  29.15/0.8063  28.46/0.8574  33.95/0.9455
CRAFTI21] 34.67/0.9290  30.58/0.8466 29.22/0.8091 28.70/0.8633 34.24/0.9489
CFATL] 34.53/0.9276  30.62/0.8471  29.19/0.8085  28.78/0.8634  34.20/0.9488
ES A 34.65/0.9287  30.56/0.8462  29.24/0.8092  28.74/0.8636  34.22/0.9490
Ours 34.71/0.9291  30.57/0.8465  29.26/0.8095  28.81/0.8639  34.27/0.9493
£ 3 XAHKREF TR ILE
Table 3 Performance comparison at X 4 magnification factor
IAET wE (PS N?%C/I’;SIM) (PSJ‘\‘ISI;/I;S M) (PS?]SI?/IS;) M) (P;:le;a;l slg(;m <P§Q;g/2‘2 E;M)
EDSRI37] 32.09/0.8938  28.58/0.7813  27.57/0.7357  26.04/0.7849  30.35/0.9067
LAPAR-AL38] 32.15/0.8944  28.61/0.7818  27.61/0.7366  26.14/0.7871 30.42/0.907 4
LatticeNet[39] 32.18/0.8943  28.61/0.7812  27.57/0.7355  26.14/0.7844  30.41/0.9063
IMDNL40] 32.21/0.8948  28.58/0.7811  27.56/0.7353  26.04/0.7838  30.45/0.9075
CARNC1] 32.13/0.8937  28.60/0.7806  27.58/0.7349  26.07/0.7837  30.47/0.9084
- HPUN-LI2! 32.31/0.8962  28.73/0.7842  27.66/0.7386  26.27/0.7918  30.77/0.9109
SwinIR-light[20]  32.44/0.8976  28.77/0.7858  27.69/0.7406  26.47/0.7980  30.92/0.9151
ESRT) 32.19/0.8947  28.69/0.7833  27.69/0.7379  26.39/0.7962  30.75/0.9100
CRAFTL24] 32.49/0.8984  28.83/0.7871 27.71/0.7417  26.54/0.7993 31.17/0.9166
CFATL] 32.47/0.8981  28.81/0.7869  27.73/0.7414  26.50/0.7988  31.14/0.9164
SSIUMS]  32.51/0.8982  28.84/0.7871  27.75/0.7418  26.58/0.7990  31.19/0.9168
Ours 32.53/0.8987  28.88/0.7874  27.77/0.7421  26.62/0.7998  31.29/0.9171
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Fig. 6 Visual comparisons
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Fig. 8 Feature map visualization
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Table 4 Research on WRB,SRFAB,and MWFB using the
Urbanl00 dataset( X 4)

WRB  SRFEB  MWFB  Concat PSNR  SSIM
NG NG 26.41  0.7988
NG NG 26.51  0.7992

NG NG N/ 26.44  0.7990
~ ~ NG 26.62  0.7998
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Table 6 Complexity analysis of each block
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Table 7 Analysis of module-wise computation time
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