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Prior-guided Blind Iris Image Restoration Algorithm
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Abstract As one of the most potential biometric technologies,iris recognition has been widely used in various industries. How-
ever, the existing iris recognition system is easily disturbed by external factors during the image acquisition process,and the ac-
quired iris images have inevitable problems of insufficient resolution and easy blurring. To address these challenges.a prior-guided
blind iris image restoration method is proposed, which utilizes the generative adversarial network and iris priors to recover un-
known degraded iris images mixed with degradation factors such as low resolution, motion blur,and out-of-focus blur. The net-
work includes a degradation removal sub-network,a prior estimation sub-network,and a prior fusion sub-network. The prior esti-
mation sub-network models the distribution of the style information of the input as prior knowledge to guide the generative net-
work. Besides, the prior fusion sub-network uses an attentive fusion mechanism to integrate multi-level style features, which im-
proves the utilization of information. Experimental results show that the proposed method outperforms other methods in both
qualitative and quantitative indexes,achieves blind recovery of degraded irises,and improves the robustness of iris recognition.
Keywords Iris restoration,Iris recognition, Iris segmentation, Style information, Attentive fusion
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Fig. 2 Structure diagram of blind restoration network for iris image
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Table 1 Quantitative comparison results of different methods
7k PSNR(4*) SSIM(*) LPIPSCy) #i/ms
EDSR 34,1544 0.8808 0.1249 88
RCAN 33.5743 0.8789 0.1324 70
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ESRGAN 30. 2892 0.8314 0.1189 154
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Table 2 Quantitative results of ablation studies

PSNR(4) SSIM(*) LPIPSCvy)
HA 1 34,0134 0.8843 0.0973
A2 34,5582 0.8943 0.0884
A3 34,5456 0.8956 0.0892
A4 34,3454 0.8912 0.0903
HA S 34,2134 0.8872 0.0984
A 6 34,5621 0.8976 0.0893
A7 33.3542 0.8865 0.0902
A 35.1021 0.8923 0.0897
s S AL 35.0986 0.8973 0.0871
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Fig. 9 Iris segmentation results
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Fig. 10 Recognition performance test
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Table 3 Performance recognition comparison
VS TAR(0.1%FAR) EER/%
Y 19.92 11.53
EDSR 53.56 7.05
RCAN 56.08 6.79
SRGAN 39. 60 8.53
ESRGAN 418.16 10. 93
DeblurGAN v2 69.95 4.92
SISN 76.42 3.97
SPARNet 79.48 3.96
END &/ 80. 90 3.94
R s B AR 93.23 2.74
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