2017 6 6

Journal of Chinese Computer Systems Vol.38 No.6 2017
13 123 13 4

X 362021)

*( 361021)

3( 362021)

“( 361005)

E-mail: huangdetian@ hqu. edu. cn

~

L1SR.SISR.ANR.NE + LS.NE + NNLS.NE + LLE A +( 16 atoms)

’ ’ ’ 1

1 TP391 TA :10004220(2017) 064398-06

Image Super-resolution Reconstruction Algorithm Based on Spatial Adaptive Regularization

HUANG Weiin' > HUANG Deian' > GU Peiing' > LIU Peizhong®

'( College of Engineering Huaqiao University Quanzhou 362021 China)

2( College of Mechanical Engineering and Automation Huaqiao University Xiamen 361021 China)

3( Universities Engineering Research Center of Fujian Province Industrial Intelligent Technology and Systems Huagiao University Quanzhou 362021
China)

*(School of Information Science and Engineering Xiamen University Xiamen 361005 China)

Abstract: In order to improve the accuracy of sparse representation coefficients and the resolution of the image a novel super recon—
struction algorithm based on sparse representation and regularization technique is proposed. First the autoregressive ( AR) regulariza—
tion term is introduced in sparse coding objective function. The AR model which describes the local structure of the image can be
trained by using the sample images. And each image patch adaptively selects an AR model to adjust the solution space and realize the
image local adaptive control. Then the nondocal ( NL) similarity regularization term is introduced as a complement to the AR regular—
ization term which is used to preserve the edge sharpness of the image. Therefore the sparse coding objective function is constructed
based on the AR regularization and NL similarity regularization. In order to restore the image and improve the performance of image
denoising and deblurring further the total-variation regularization is adopted to realize the global optimization. Experimental results
validate that compared with LISR SISR ANR NE + LS NE + NNLS NE + LLE and A + (16 atoms) methods the proposed ap—
proach achieves better super—esolution reconstruction effects in both subjective visual effects and objective evaluation criteria.
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Comparison of the reconstructed images of four SR algorithms for baby
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2 SR PSNR  SSIM
Table 2 Comparison of PSNR and SSIM for different SR algorithms
PSNR/
images SSIM Bicubic L1SR SISR ANR NE+LS NE+NNLS NE+LLE A +( 16atoms)
PSNR 33.91 34.29 35.08 35.13 34.96 34.77 35.06 35.13 35.19
baby SSIM 0.9244 0.9225 0.9402 0.9415 0.9390 0.9370 0.9401 0.9409 0.9423
bird PSNR 32.58 34.11 34.57 34.60 34.36 34.26 34.56 34.83 34.98
SSIM 0.9422 0.9530 0.9615 0.9623 0.9602 0.9581 0.9615 0.9629 0.9639
butterfly PSNR 24.04 25.59 25.94 25.90 25.83 25.61 25.75 26.17 26.98
SSIM 0.8592 0. 8926 0.9052 0.9019 0.9047 0.8971 0.9007 0.9063 0.9212
PSNR 28.56 29.94 30.37 30.33 30.20 29.89 30.22 30.57 30. 81
woman SSIM 0.9123  0.9235  0.9374  0.9368  0.9363  0.9321  0.9360  0.9387  0.9410
flowers PSNR 27.23 28.25 28.43 28.49 28.35 28.21 28.38 28.52 28.84
SSIM 0.8385 0.8635 0.8713 0.8739 0.8697 0.8673 0.8718 0.8745 0. 8802
PSNR 31.68 32.64 33.00 33.08 32.98 32.82 33.01 33.17 33.29
Lena SSIM 0. 8820 0. 8852 0.9002 0.9022 0. 9000 0. 8981 0.9009 0.9027 0.9039
monarch PSNR 29.43 30.71 31.10 31.09 30.94 30.76 30.95 31.31 31.92
SSIM 0.9350 0.9421 0.9510 0.9508 0.9499 0.9478 0.9495 0.9518 0.9556
Pepper PSNR 32.39 33.32 34.07 33.82 33.91 33.56 33.80 34.01 34.35
SSIM 0.8907 0.8851 0.9060 0.9045 0.9046 0.9017 0.9041 0.9052 0.9086
PSNR 23.71 24.98 25.23 25.03 25.15 24.81 24.94 25.22 25.67
pp3 SSIM 0.8874 0.9024 0.9204 0.9123 0.9193 0.9077 0.9111 0.9146 0.9302
PSNR 26.63 27.95 28.49 28.43 28.26 28.12 28.31 28.64 29.03
Zebra SSIM 0.8361  0.8647  0.8775  0.8794  0.8748  0.8719  0.8777  0.8809  0.8871
Average PSNR 29.01 30. 18 30.63 30.67 30.49 30.28 30.50 30.76 31.10
SSIM 0. 8908 0.9035 0.9171 0.9166 0.9159 0.9119 0.9153 0.9179 0.9234
1Y 4 Y 4
- Ly &
Bicubic/31. 68 LISR/32. 64
2 SR
Fig.2 Comparison of the reconstructed images of different SR algorithms
3 BI100 SR PSNR  SSIM
Table 3 Comparison of PSNR and SSIM for different SR algorithms for B100
PSNR/
images SSIM Bicubic L1SR SISR ANR NE+LS NE+NNLS NE+LLE A +( 16atoms)
Average PSNR 27.15 27.72 27.87 27.89 27.83 27.73 27.85 27.94 28.08
SSIM 0.7775 0.7996 0.8091 0.8122 0. 8085 0.8061 0.8110 0.8137 0.8177
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