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Adaptive Weighted Generalized Total Variation Image Deblurring

Based on Primal-Dual algorithm
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Abstract In order to overcome the limitations of traditional total variation (TV) regularization in image restoration

only considering the first-order gradient characteristic of the image with the deficient ability of detail recovery and

sensitivity to the noise, the total generalized variation (TGV) is applied into image deblurring. An adaptive

weighted TGV image deblurring model is proposed, which can adaptively adjust the weights according to the local

image structure, avoiding the staircase effect while preserving the edges of the image and suppressing the noise. In

order to solve the proposed model,

the adaptive weighted TGV is proposed based on primal-dual algorithm. The

experimental results show that our method can obtain high quality recovery images and the solving algorithm has

low time complexity and fast solving speed.
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Table 1 PSNR results comparison of four deblurred images dB
Algorithm House Lena Barbara Model Yacht
Union blur kernel, 9X9 6=0.005
FTVD 36.06 34.57 26.67 39.62 36.04
TV-NLR 36.09 35.53 24.35 40.76 36.17
JSM 36.54 34.25 27.01 39.88 36.54
Proposed 47.87 44.74 39.55 51.05 49.33
Gaussian blur kernel: (25, 1.6), 6=0.005
FTVD 34.70 34.96 25.82 40.07 34.90
TV-NLR 34.82 36.11 23.07 40.67 35.32
JSM 35.38 35.57 25.94 41.75 36.95
Proposed 38.71 39.01 29.70 45.81 41.07
Motion blur kernel: (20, 45), 6=0.005
FTVD 36.37 36.20 29.82 40.39 36.12
TV-NLR 36.15 36.24 32.66 40.53 36.18
JSM 36.39 36.07 31.34 41.00 36.87
Proposed 50.89 49.81 47.60 54.52 52.96
F2 4 PRI ) B A R L
Table 2 Time complexity comparison of four algorithms s
Algorithm House Lena Barbara Model Yacht
Union blur kernel, 9X9 6=0.005
FTVD 3.32 12.34 30.78 7.35 14.28
TV-NLR 5.22 35.53 45.23 42.11 42.07
JSM 160.77 653.98 688.07 667.13 678.09
Proposed 1.65 7.18 7.28 7.09 7.39
Gaussian blur kernel: (25, 1.6), ¢=0.005
FTVD 1.78 7.78 25.29 4.81 10.92
TV-NLR 14.85 62.42 64.11 59.17 58.76
JSM 177.57 689.1 715.12 692.66 702.79
Proposed 1.65 7.17 7.24 7.30 7.29
Motion blur kernel: (20, 45), ¢=0.005
FTVD 3.60 13.17 39.32 7.56 15.57
TV-NLR 2.37 23.73 20.60 20.87 37.46
JSM 176.68 722.444 760.95 703.84 725.00
Proposed 1.65 7.18 7.34 7.34 7.30
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Fig. 1 Comparison of deblurred images. (a) Blurred image;

(b) result of FTVD algorithm; (c) result of TV-NLR

algorithm; (d) result of JSM algorithm; (e) result of
the proposed algorithm; (f)-(i) detail enlarged
drawing of Fig. (b)-(e)
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Fig. 2 Comparison of deblurred images. (a) Blurred image;
(b) result of FTVD algorithm; (c) result of TV-NLR
algorithm; (d) result of JSM algorithm; (e) result of

the proposed algorithm; (f)-(i)detail enlarged
drawing of Fig. (b)-(e)
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Fig. 3 Comparison of deblurred images. (a) Blurred image;
(b) result of FTVD algorithm; (c) result of TV-NLR
algorithm; (d) result of JSM algorithm; (e) result of

the proposed algorithm; ({)-(i) detail enlarged
drawing of Fig. (b)-(e)
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