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ABSTRACT: The work aims to research the deblurring methods in digital image processing that restore clear images
from damaged blurred ones. A two-stage self-adaptive deblurring algorithm based on deconvolution and convolutional
neural network in Y channel (SDYCNN) was proposed, with respect to the problem that the existing deblurring algorithm
could not preserve the high frequency information of the images and was likely to result in ringing effect. In the first
stage, the digital images were transferred to YUV color space. According to the correspondence relationship between the
image with no reference quality assessment scores and the blur kernel size, the blur kernel size was adaptively determined
and the deconvolution enhancement was done in Y channel. In the second stage, the deconvolution enhancement in the
first stage was taken as the preprocessing method. The mapping relationship between the deconvolution-enhanced images
and ground truth images was established by 4-layer convolutional neural network and could be used for image deblurring.
The first stage was sufficient to achieve satisfactory results for slightly blurred image. The severely blurred images after
the deconvolution enhancement in the first stage were also helpful for the rapid feature extraction in neural network. Ex-
periment results demonstrate that the proposed algorithm can not only properly restore the blurred images, but also sig-
nificantly improve the compute efficiency.
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Fig.1 Comparison of YUV component in clear image and blur image
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Tab.1 Comparison of deblurring effect in different
color space

/dB /s
RGB YUV Y RGB YUV Y
FISTA 24.73 3020 2739 83.02 7235 51.23
FGISA 25.64 31.69 28.64 76.85 6853 49.61
SRCNN 22.56 30.85 30.02 5224 4455 21.63
FCNN 3132 3558 3345 2635 2276 13.99
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Tab.2 Comparison of effects of different image (7]
quality assessment methods
SROCC PLCC RMSE DR/% e CNN
PSNR 0.8293  0.8081  9.4973 51.14
SSIM 0.8996 09100  6.6335 53.41
BIQI 0.7599  0.7422 159547 89.13
BRISQUE 0.9368  0.9365  8.3295 94.57
SSEQ 0.9265 09177  6.3943 97.73
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Fig.3 Flowchart of the proposed algorithm
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7
Fig.7 Exhibition of experiment effect
3 5x5 4 7x7

Tab.3 Experimental results for kernel size 5x5 Tab.4 Experimental results for kernel size 7x7

SSEQ_mohu SSEQ_huifu PSNR SSIM SSEQ_mohu SSEQ_huifu PSNR SSIM
1 44.55 13.2 40.59  0.99 1 51.92 20.39 36.45  0.99
2 46.82 10.91 44.01 1 2 53.82 10.7 4138  0.99
3 42.59 11.56 4236  0.99 3 50.14 16.32 38.73  0.99
4 45.43 9.73 42.65 0.99 4 51.87 15.12 39.37  0.99
5 46.98 8.04 4095  0.99 5 55.41 15.38 35.02  0.97
6 46.79 11.83 4272 0.99 6 53.21 16.19 39.07  0.99
7 48.28 7.28 43.01  0.99 7 54.01 14.7 32.64  0.93
8 44 .88 6.79 40.88  0.99 8 54.53 12.17 34.66 098
9 41.47 11.62 41.13  0.99 9 48.86 15.62 37.4 0.99
10 43.03 9.6 42.05  0.99 10 51.78 15.12 37.95  0.99

PSNR Y
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Tab.5 Experimental results for kernel size 9x9 Tab.6 Comparison of deblurring effects of
- different algorithms (blur kernel: 9x9)
SSEQ_mohu SSEQ_huifu PSNR SSIM

1 60.51 23.88 334 097 PSNR/ /

2 59.8 29.33 36.66  0.98 dB S

3 36.66 26.28 33.94 0.9 FISTA FGISA SRCNN FISTA FGISA SRCNN

4 58.27 26.79 3469 0.95

5 62.25 24.6 33.64 096 30.20 31.69 31.25 3558 83 82 2574 26
6 59.33 27.23 3481 095

7 5902 259 3333 0.92 24.73 25.64 27.95 31.32 51 63 20.36 13
8 61.18 23.84 3225 096 27.39 28.64 30.75 3345 72 64 22389 15
9 55.36 24.21 33.78 097
10 5909 2508 3383 0.96 27.94 28.57 29.11 33.38 68.67 69.67 23.00 18
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Fig.8 Blurred distortion images after restoration
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