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Lightweight Image Super-Resolution Network with Sparse and Permuted Self-
Attention

Wu Siqi, Liu Wei, Chen Weidong
School of Computer Science, South China Normal University, Guangzhou 510631, China

Abstract: Objective Image super-resolution (SR) is a fundamental low-level vision task in computer vision that aims to
reconstruct high-resolution (HR) images from low-resolution (LR) inputs, thereby enhancing image detail quality and
sharpness. High-quality reconstruction not only improves human visual perception but also provides clearer and more struc-
tured input features for high-level vision tasks such as object detection, semantic segmentation, and face recognition.
Therefore, SR technology has broad application prospects in fields such as intelligent surveillance, medical imaging,
autonomous driving, and satellite remote sensing. Convolutional neural networks (CNNs) have been widely used for SR
due to their ability to capture local textures and edges. However, their limited receptive fields hinder the modeling of long-
range dependencies, which are essential for preserving global structural consistency. Transformer-based methods, by con-
trast, leverage self-attention mechanisms to capture global context, achieving superior reconstruction performance. Despite
this advantage, conventional Transformers suffer from high computational costs and redundant attention weight, limiting

their applicability in lightweight or real-time scenarios. To address these challenges, we propose a lightweight SR network
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that integrates the advantages of both CNN and Transformer architectures. The network integrates efficient local feature
extraction with global context modeling, achieving a balance between reconstruction quality and computational efficiency.
Method We propose SPSANet, a lightweight image super-resolution network based on Sparse and Permuted Self-
Attention, composed of shallow feature extraction, deep feature extraction, and high-resolution reconstruction. In the shal-
low feature extraction stage, a standard X33 convolution captures basic texture information, and shallow features are for-
warded to the reconstruction stage via a long skip connection to provide residual guidance. The deep feature extraction
stage consists of four Sparse Permuted Self-Attention Groups, each containing six Sparse Permuted Self-Attention Blocks
and a convolutional layer. Each block integrates a Sparse and Permuted Self-Attention Module (SPSAM) that expands the
receptive field while reducing attention redundancy, a High-Frequency Enhancement Module (HFEM) for refining texture
and edge details, and a Dual-Branch Feature Fusion Module (DBFFM) that effectively fuses global and local features
through spatial—channel interactions. Finally, shallow and deep features are fused via a global residual connection, and a
pixel shuffle operation generates the final high-resolution output. Our method is implemented on the PyTorch framework
and trained using an NVIDIA RTX 3090 GPU. The training dataset is DIV2K, which contains 800 images. For the X2
super-resolution (SR) task, the model is trained for a total of 500K iterations using the Adam optimizer with an initial learn-
ing rate of 2x107*. The input image patch size is fixed at 64X64 and the batch size is set to 16, and a MultiStepL.R sched-
uler is applied to halve the learning rate at iterations [250K, 400K, 450K, 475K ]. For the X3 and X4 SR tasks, the model
is initialized with the pretrained weights from the X2 model, while the total number of training iterations is reduced by half.
Result The proposed method was evaluated on five public benchmark datasets and compared with eleven state-of-the-art
super-resolution approaches. Experimental results demonstrate that under the constraint of lightweight design, SPSANet
achieves either the best or second-best performance across different upscale factors and datasets, showing strong generaliza-
tion ability and stability. Specifically, when the upscale factor is X3, SPSANet surpasses the latest SOTA methods by 0. 15
dB and 0.25 dB in peak signal-to-noise ratio (PSNR) on the Urban100 and Mangal09 datasets, respectively, and also
achieves corresponding improvements in structural similarity index (SSIM). Furthermore, when the self-ensemble strategy
is applied during the testing phase, the model performance is further enhanced. Under the same scaling factor, the PSNR
increases by an additional 0. 11 dB and 0. 23 dB on Urban100 and MangalO9, respectively, indicating that the proposed
method maintains strong robustness under multi-view inference. To further investigate the contribution of each component,
ablation studies were conducted on the SPSAM, the HFEM, and the DBFFM. The resulis show that removing any of these
modules leads to a noticeable degradation in performance. Among them, SPSAM plays a key role in global dependency
modeling and attention sparsification, HFEM effectively enhances texture restoration quality, and DBFFM significantly
improves the fusion between global and local features. In terms of visual quality, SPSANet is capable of reconstructing
clearer, more natural, and sharper image textures, particularly in scenes with complex structures and abundant details. It
preserves the structural consistency and perceptual realism of the original images more effectively than existing approaches.
Conclusion In this work, we propose SPSANet, a lightweight image super-resolution network that integrates a Sparse and
Permuted Self-Attention mechanism to efficiently capture long-range dependencies while minimizing redundant computa-
tions. By establishing inter-layer attention connections, SPSANet enables more focused feature learning, ensuring that the
network prioritizes tokens most critical to the reconstruction process. Additionally, the proposed High-Frequency Enhance-
ment Module enhances the recovery of fine textures and structural details, while the Dual-Branch Feature Fusion Module
effectively aligns and integrates global and local representations. Through extensive experiments, SPSANet demonstrates
superior reconstruction performance and visual fidelity compared with existing lightweight SR approaches, especially in
challenging scenarios with intricate patterns and rich textures. Despite these promising results, opportunities for further
improvement remain. Future work will aim to enhance model compactness and generalization through knowledge distilla-
tion, hybrid convolution-transformer integration, and adaptation to broader low-level vision tasks such as image denoising
and deblurring. Overall, SPSANet provides a practical and interpretable solution for lightweight Transformer-based image
restoration, offering insights for the design of efficient and high-performing SR networks.

Key words: deep learning; image super-resolution; sparse and permuted self-attention; high-frequency information

enhancement; dual-branch feature fusion
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MLEN-L (Song % |
2035) (Song %5107 - 38.15 0.9612 33.85 0.9197 32.33 09013 32.58 09331  39.06 0.9782
SPSANet(Ours) 1063 247.0 3825 0.9616 33.95 0.9214 32.35 0.9020 32.99 0.9363  39.34 0.9787
SPSANet+(Ours) 1063 247.0 3828 09617 34.02 0.9217 3238 09023 33.14 09372  39.48 0.9790
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Table 2 Results of objective results of X3 super—resolution for different methods

- ZHr . Muli- Set5 Set14 BSD100 Urban100 Manage109
Wik .
m/k Adds/G - psMR  SSIM PSMR SSIM PSMR SSIM PSMR SSIM  PSMR SSIM
EDSR(Lim%,2017) 1555 1602 3437 0.9270- 30.28 0.8417 29.09 0.8052 28.15 0.8527  33.45 0.9439
CARN (Ahn % , 1
(Abn %5 118.8 3429 09255 30.29 0.8407 29.06 0.8034 28.06 0.8493  33.50 0.9440
2018) 592
IMDN(Hui %,2019) 703 715 3436 0.9270 30.32 0.8417 29.09 0.8046 28.17 0.8519  33.61 0.9445
LatticeNet (Luo %
ZSLZUOC;N“( wo % es 763 3453 0.9281 30.39 0.8424 29.15 0.8059 28.33 0.8538 - -
inIR—It ( Liang % |
;g;i)R t(Liang %5, oo 872 34.62 0.9289 30.54 0.8463 29.20 0.8082 28.66 0.8624  33.98 0.9478
LBNet(Gao,2022) 736 684 3447 09277 3038 0.8417 29.13 0.8061 28.42 0.8559  33.82 0.9460
ESRT(LuZ,2022) 770 964 3442 0.9268 30.43 0.8433 29.15 0.8063 28.46 0.8574  33.95 0.9455
SwinlR=NG ( Choi % ,
z‘gg) (Choi 5§ 1190 1141  34.64 0.9293 30.58 0.8471 29.24 0.8090 28.75 0.8639  34.22 0.9488
SRFormer—It  (Zh
p ;5;1; v (Zhou oo 87.8  34.67 0.9296 30.57 0.8469 29.26 0.8099 28.81 0.8655  34.19 0.9489
BSTN(Bi%E,2024) 736 722 34.68 09296 30.54 0.8451 29.23 0.8081 28.62 0.8604 - -
MLFN-L 3
2025131 (Song %079 - 34.63 09292 30.55 0.8464 29.24 0.8077 28.69 0.8627  34.05 0.9481
SPSANet(Ours) 1071 108.8  34.67 0.9300 30.56 0.8484 29.27 0.8103 28.96 0.8689  34.47 0.9500
SPSANet+(Ours) 1071 108.8 3476 0.9305 30.57 0.8492 29.32 0.8111 29.10 0.8707 34.64 0.9510
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Table 3 Results of objective results of x4 super—resolution for different methods

- ¥ Mult- Set5 Setl4 BSD100 Urban100 Manage109
ViR .
m/k Adds/G - psMR SSIM PSMR SSIM PSMR SSIM PSMR SSIM  PSMR SSIM
EDSR(Lim%£,2017) 1518 1140  32.09 0.8938 28.58 0.7813 27.57 0.7357 26.04 0.7849  30.35 0.9067
CARN (Ahn % |
2018) (Ahn %5 1592 90.0  32.13 0.8937 28.60 0.7806 27.58 0.7349 26.07 0.7837  30.47 0.9084
IMDN(Hui %,2019) 752 409 3221 0.8948 28.58 0.7811 27.56 0.7353 26.04 0.7838  30.45 0.9075

LatticeNet (Luo %5 ,
atticeNet (Luo 5, 43.6  32.18 0.8943 28.61 07812 27.57 0.7355 26.14 0.7844 - -

2020)

;g;il)R_h(Liangé‘%’ 897 © 49.6  32.44 0.8976 28.77 0.7858 27.69 0.7406 26.47 0.7980  30.92 09151
LBNet(Gao,2022) 742 389 3229 0.8960 28.68 0.7832 27.62 0.7382 2627 0.7906  30.76 09111
ESRT(Lu%,2022) 751 677  32.19 0.8947 28.69 0.7833 27.69 0.7379 26.39 0.7962  30.75 0.9100
Z‘g;l)R TNG(ChoIS, 001 630 3244 0.8980 2883 07870 27.73 07418 2661 0.8010  31.00 0.9161
SRFomer=It—(Zhou 0 555 3351 0.8988 28.82.0.7872 2773 07422 266708032 3117 0.9165

%5,2023)
BSTN(Bi%:,2024) - 751 41.8 32.50 0.8985 28.78 0.7852 27.71 0.7403 26.49 0.7965 - ~
MLFN-L (Song o

2025) 1071 - 32.37 0.8975 28.85 0.7864 27.73 0.7410 26.52 0.7985  30.95 0.9153
SPSANet(Ours) 1082 65.1 32.39 0.8992 28.70 0.7888 27.74 0.7432 26.80 0.8083  31.33 0.9183
SPSANet+(Ours) 1082 65.1 32.51 0.9002 28.72 0.7899 27.79 0.7441 2691 0.8103  31.56 0.9202
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R4 FEEELE Urbanl00(x2) B E N R XTI
Table 4 Comparison of result with different model settings on Urban100(x2)dataset

Baseline Fipi BHuEE N1 "G R HR PHENGB B CHERLEG  S80d/k  Muli-Adds/G PSNR SSIM
N 853 197.5 3252 0.9322
N 853 197.5 3263 - 0.9332
N N 1218 284.0 3274 0.9340
N N 1063 247.0 3279 0.9343
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