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Single image super-resolution reconstruction based on multi-feature fusion

HUANG Jianhua, WANG Dandan, JIN Ye

(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

Abstract; The gradients extract the information only along the horizontal and vertical directions and the non-
subsampled contourlet transform ( NSCT) is poor relatively to capture the detailed information. To overcome the
drawback, a novel super-resolution approach combined Gabor with NSCT is proposed to improve the quality of
image captured directly. The algorithm makes full use of the complementary of the Gabor transform and NSCT, to
extract the texture feature using the Gabor transform and to extract the contour feature using the NSCT according to
the characteristics of input image pieces. After that the sparse coding reconstruction is performed, and finally merge
the pieces into a initial high-resolution image. Since the input image is blurred more or less, the approach revises
the initial high-resolution image through the deblurred regularization to eliminate the influence of blurred input.
Experiment results show that combining the Gabor and NSCT can recover more details and the deblurred
regularization is also effective. Compared to the kernel ridge regression method proposed by Kim and the sparse
coding super-resolution ( SCSR) method proposed by Yang, the images produced by our approach are clearer in
subjectively and the average PSNR is nearly 2 dB higher, which means that the proposed approach can improve the
quality of image.
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Tab.1 PSNR values with different feature extraction methods
EEET SCSR Gabor NSCT NSCT+Gabor
jeisi 23.441 26.864 27.254 27.353
AR 27.904 29.068 29.786 30.008

M 24.977 27.062 27.317 27.450
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Tab.2 PSNR values of different blur degrees
BIEYS Imgl Img2 FIfE
Jii SCSR - Ours SCSR Ours SCSR  Ours

(3,45) 31.47 3191 3039 30.59 2739 27.56

(4,45) 29.65 31.22  29.41  29.59 26.08  26.26

(5,45) 27.79  32.89 2840 30.12  24.98  26.62

(6,45) 2651 31.32  27.59  29.69 2419  26.33

TH 496 059 280  0.90 3.20 1.23
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Tab.3 PSNR values with different sizes of dictionary

D256 D512 D1024

F1%

SCSR Ours SCSR Ours SCSR Ours

face 27.779  32.270 27.772  32.330 27.778  32.396
cat 29.608 32.503
T
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AT T X, 3R 4 J8oR T AN [ 5 vk 0 B ik
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29.608 32.548 29.607  32.595

26.256  27.913 26.258 27.918 26.260 27.919
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Tab.4 PSNR values of SR images with different methods

ik Bicubic SCSR KRR Ours
lena 28.686  28.708 28.817 31.005
peppers 28.486 28.573 28.729 30.673
Gaussian(5,1) 26417 26436 26.534  28.234
Gaussian(5,3)  24.085 24.022  24.052  27.339
Motion( 5,45) 25.287 25.22 25302 27.334
Motion ( 6,45) 24.485 24.443 24.488 26.816
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Fig.5 Results of the squirrel image with different features
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