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Abstract: To address the limitations of existing Transformer-based image super-resolution methods in
modeling local textures and high-frequency details, an Efficient Mixed Transformer with Wavelet (W-
EMT) is proposed by integrating wavelet transform into the Transformer architecture. The discrete Haar

wavelet transform is introduced into the Transformer framework to perform multi-level frequency
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decomposition of input features, enabling multi-scale frequency-domain representation learning. In local
feature modeling, a local wavelet mixer is constructed to decompose features into different frequency
subbands, where low-frequency structural information and high-frequency texture information are
enhanced using a differentiated strategy, followed by feature reconstruction via the inverse wavelet
transform. In global feature modeling, a stripe-window self-attention mechanism is introduced to capture
long-range dependencies along the horizontal and vertical directions. The proposed mechanism maintains
global contextual modeling capability while reducing computational complexity and enables collaborative
learning of local and global features. The model is trained on the DIV2K and Flickr2K datasets and
evaluated on the Set5, Setl4, BSD100, Urbanl00, and Mangal09 benchmark datasets using peak signal-
to-noise ratio (PSNR) and structural similarity index (SSIM) as evaluation metrics. Experimental results
demonstrate that W-EMT achieves consistent performance improvements across all test datasets. For X4
image super-resolution, W-EMT improves PSNR by 0.06 dB and SSIM by 0.0011 on the Urban100
dataset compared with EMT, demonstrating superior high-frequency detail reconstruction in complex
texture regions and verifying the effectiveness of the proposed method.
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Tab.1 Comparison of PSNR/SSIM for different methods on X 4 super-resolution tasks

Method Scal Setd Setld BSD100 Urban100 MangalO9
o ““C "PSNR  SSIM  PSNR SSIM  PSNR SSIM  PSNR SSIM PSNR  SSIM
LAPAP-A" 32.15 0.8944 28.61 0.7818 27.61 0.7366 26.14 0.7871 30.42 0.9074
EDSR'* 32,42 0.8968 28.80 0.7876 27.71 0.7420 26.64 0.8033 31.02 0.9148
NGswin™! 32.33  0.8963 28.78 0.7859 27.66 0.7396 26.45 0.7963 30.80 0.9128
ESRT" 32.19 0.8947 28.69 0.7833 27.69 0.7379 26.39 0.7962 30.75 0.9100
SwinIR' ™ , 244 0.8076 28.77 0.7858 27.69 0.7406 26.47 0.7980 30.92 0.9151
LKMN'? ** 32,40 0.8976 28.78 0.7853 27.70 0.7399 26.35 0.7918 30.97 0.9126
SRFormer® 32.51 0.8988 28.82 0.7872 27.73 0.7422 26.67 0.8032 31.17 0.9165
SP-MoMamba * 32.35 0.8970 28.77 0.7850 27.69 0.7398 26.40 0.7939 31.01 0.9160
EMT!* 32.57 0.8998 28.89 0.7889 27.77 0.7433 26.76 0.8063 31.34 0.9176
W-EMT 32.59 0.8997 28.91 0.7889 27.78 0.7438 26.82 0.8074 31.36 0.9178
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Fig.5 Visual comparison of this method with other methods on the Urban and BSD100 datasets
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Tab.2 PSNR/SSIM results for different configurations on the X 4 super-resolution task
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