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Abstract: During infrared (IR) image capture, the shaking of camera equipment or rapid movement of the
target causes motion blur in the image, significantly affecting the extraction and recognition of effective
information. To address these problems, this study proposes an infrared image deblurring method based on a
dense residual generation adversarial network (DeblurGAN). First, multiscale convolution kernels are
employed to extract features at different scales and levels from infrared images. Second, a residual-in-residual
dense block (RRDB) is used, instead of the residual unit in the original generation network, to improve the
detail of the recovered IR images. Experiments were conducted on the infrared image dataset collected by our
group, and the results show that compared to DeblurGAN, the proposed method improves PSNR by 3.60 dB
and SSIM by 0.09. The subjective deblurring effect is better, and the recovered infrared images have clear
edge contours and detail information.
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Fig.4 Discriminant network structure
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Fig.5 Synthetic motion blur infrared image and blur kernel
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Table 1 Objective evaluation of the results of ablation

experiments
Methods PSNR/dB SSIM
DeblurGAN(RB) 28.23 0.77
DeblurGAN+MSCM 28.41 0.79
RRDB 29.11 0.81
Ours 31.83 0.86

(b) DeblurGAN+MSCM

(d) Ours
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Fig.6 Experimental results of deblurring with different module combinations
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Fig.7 Comparison of de-blurring effects
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Fig.8 Detailed comparison of the experimental effect
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Table 2 Objective evaluation results of different methodologies

Methods PSNR/dB SSIM
Wiener 24.35 0.62
LR 2451 0.68
DeblurGAN 28.23 0.77
DeblurGAN-v2 29.61 0.80
SRN-DeblurNet 30.10 0.82
Ours 31.83 0.86
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