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Mamba deblurring method via dual-domain feature fusion
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(1. Fujian Institute of Material Structure, Chinese Academy of Sciences, Quanzhou 362200, China;
2. Fujian Normal University, Fuzhou 350117, China; 3. Quanzhou Vocational and Technical University, Quanzhou 362200, China)

Abstract: In view of the limitations of single-domain analysis and the differentiated distribution of scanning features in image deblurring,
a novel Mamba deblurring method based on dual-domain feature fusion is proposed. By introducing a state-space model, the proposed
method simultaneously extracts spatial structural features from blurred images and multi-scale frequency-domain features generated by
wavelet transformation. This approach overcomes the constraints of single-domain analysis and enables deep integration and adaptive
fusion of spatial-domain contextual information with high-frequency details in the wavelet domain, all under the guidance of the state-
space model. A dual-branch state-space module is designed to independently model spatial and frequency-domain information, accurately
adapting to the differentiated distribution characteristics of spatial structures and high-frequency details in the frequency domain. While
significantly enhancing feature representation capabilities, the method effectively addresses the challenges posed by the differentiated
distribution of scanning features and achieves high-quality image restoration. Experimental results demonstrate that the proposed method
achieves PSNR of 33.75 dB and SSIM of 0. 968 on the GoPro dataset, PSNR of 31. 81 dB and SSIM of 0. 949 on the HIDE dataset, and
PSNR/SSIM of 32.92/0. 937 and 40. 15/0. 974 on RealBlur-J and RealBlur-R datasets, respectively, outperforming classical deblurring
approaches in terms of blur removal, structural restoration, edge preservation, and overall visual quality. Devices developed based on
this method are capable of high-precision image enhancement in practical engineering applications.
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Fig. 1 The network architecture of our method
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Table 3 Performance metrics of different algorithms
on the RealBlur dataset

N RealBlur-J RealBlur-R

La PSNR/dB SSIM PSNR/dB SSIM
DeblurGAN-v2 29. 69 0.870 36. 44 0.935

MIMO-Unet+ 31.92 0.909 -
MPRNet 31.76 0.922 39.31 0.972
DeepRFT+ 32.19 0.930 39. 84 0.972
Stripformer 32.48 0.929 39.94 0.974
Loformer 32.90 0.933 40.23 0.974
A 32.92 0.937 40. 15 0.974
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Fig.7 RealBlur dataset deblurring results comparison
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Table 4 Ablation study results

(=R7S Spatial Wavelet PSNR/dB SSIM
1 X X 32.37 0.930
2 vV X 33.13 0. 959
3 x 2 33.05 0.953
4 VvV vV 33.75 0.968
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