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Abstract: As existing image blind deblurring algorithms have larger and more complex computing,
this paper proposes a new image blind deblurring algorithm based on half-quadratic penalty method,
and verifies the feasibility of the algorithm by experiments. It formulates the optimization function by
using the higher-order partial derivatives of image noise and the hyper-Laplacian priors of image gradi-
ents, then uses an efficient optimization scheme that alternates between PSF and latent image estima-
tion to solve the proposed formula. As the fast Fourier transform has been used in iterative process-
ing, the computing time is reduced greatly, and the restoration effects are improved. An debluring ex-
perimental is performed on an image with pixel levels of 1X10% and the results demonstrate that the
proposed method is more robust and more computationally efficiency than that of current blind deblur-
ring algorithm and its computing time has been reduced by about 60%. The algorithm provides a new

way for blind deblurring of video images in real time.
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Fig. 1 Clear images used for testing synthetic blurred images
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Tab. 1 Performance comparison of PSNRs between
Krishnan, Levin methods and proposed method
(dB)
. Kernel01(size=51) Kernel02(size=15)
image

Ours Krishnan Levin ~ Ours Krishnan Levin

Lena 21.83 17.19 15.40 18.79 18.98 17.94
DSC85 21.39 6.85 12.11 19.15 13.66 5.8
Fisherman 15.53 2.82 9.36 20.8 11.58 11.6
Downtown 15.67 6.12  14.3 18.91 13.94 9.83
Sea 14.71 7.0 10.22 17.68 13.67 10.23
Story  18.38 11.92 13.55 20.02 19.48 11.53
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Tab. 2 Performance comparison of computation time be-
tween Krishnan, Levin methods and proposed

method (s)

Kernel01(size=51) Kernel02(size=15)
Ours Krishnan Levin  Ours Krishnan Levin

Lena 10.24 135.2 5038 10.3 50.7 3612
DSC85  46.4 289.7 10 408 37.43 105.4 3 816
Fisherman 92.65 407 9969 84.1 127.9 8 976
Downtown 91.92 346.2 9 281 85.62 138.6 8 855
Sea  110.651344.6 10076 90 103.55 9 939

Story  113.94 310.5 7 754 84 87.65 9 505
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(e) Deblurred result of Krishnan's (f) Deblurred result of proposed
B2 R T2 SR PR 15 1 A5 H % algorithm algorithm

Fig. 2 PSFs of synthetic blurred images
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Fig. 3 Real world blurred images
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(a) Deblurred result of Krishnan’ s (b) Deblurred result of proposed

algorithm algorithm

(o) Krishnan SEHERE LT PSE (&) ASCBLEK LR PSF
(c) PSF estimated by Krishnan’s  (d) PSF estimated by proposed
algorithm algorithm

(g) Krishnan # (it PSF (h) A< 0B {41 PSF
(g) PSF estimated by Krishnan’s  (h) PSF estimated by proposed
algorithm algorithm
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Fig. 4 Deblurred images and estimated PSFs
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Tab.3 Performance comparison of deblurring computa-

tion time for real blurred images (s)
Method
Image -
Ours Krishnan
Lyndsey 54.18 121.6
Boy 56. 08 318. 09
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