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Infrared Image Deblurring Method Based on Improved
Multi-scale U-shaped Network

ZHANG Yanzhu,ZHAO He,LIU Yijie

( Shenyang Ligong University , Shenyang 110159 , China)

Abstract; For the poor deblurring effect due to coarse texture details of infrared images collected
by thermal imaging equipment, an improved single-image deblurring method suitable for infrared
images is proposed based on a deep learning-based visible light image deblurring network. The
method is improved based on a multi-scale U-shaped network. First, a dual attention unit is intro-
duced in the encoding module to enhance the feature representation ability of the network. Second,
the fast Fourier transform is embedded into the feature fusion module to enhance the processing ca-
pability of the network for high and low frequency information. Finally, better activation function
and loss function are selected to achieve better information flow and improve the robustness of the
model. Testing on the infrared dataset and compared with the original network , the results show that
the improved network in this study has achieved better restoration of image details, and the peak
signal-to-nose ration is 0. 53 dB higher than the original network. The infrared image has a good de-
blurring effect.
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Fig.1 Multi-scale U-shaped network structure
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Fig.2 Improved network structure
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Fig.3 Dual attention unit structure
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Fig.5 The comparison diagram of activation functio
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Fig.6 The comparison diagram of loss function
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Fig.7 The effect diagram of simulation blur
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Table 1 Experimental configuration
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Fig.8 The diagram of test results
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