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a. ButterflyJRI5 %L b. ButterflyZ5#)3553 . ButterflyZUHHR4)

1 14 Butterfly i MCA 43
Fig. 1 Decomposition of image Butterfly based on MCA,

with (a) for original image, (b) for structure and (c) for texture
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Fig.2  Structure of edge guided two-dual

input convolutional neural network
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Fig. 3 Parts of the 3Xupscale image Butterfly reconstructed by

different algorithms,with (a) for original image and

(f) for the proposed method
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Table 1  Comparison of PSNR among different
algorithms for 3xupscale on Set5 dB
ik FoRAEAE L

2 3 4
Bicubic 33.66 30.39 28.42
A+ 36.56 32.60 30. 30
ScSR 36. 04 31.78 29.48
SRCNN 36. 66 32.75 30. 49
SCN 36.76 33.04 30. 82
A5 37.04 33.19 30.93

R2 TEHETE Setl4 LHIY{E PSNR Lbi
Table 2 Comparison of PSNR among different

algorithms for 3Xupscale on Set14 dB
- LR
2 3 4
Bicubic 30.23 27.54 26. 00
A+ 32.14 29.07 27.28
ScSR 31.70 28.31 26.50
SRCNN 32.44 29.30 27.50
SCN 32.48 29.37 27.62
A5k 32.63 29.52 27.69
3 HERIE
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#®3 FEHEEAE BSD200 EHIHE PSNR LE#
Table 3 Comparison of PSNR among

different algorithms for 3Xupscale on BSD200 dB

. RAEAE R
2 3 4

Bicubic 29.70 27.26 25.97
A+ 30.78 28. 18 26.77
ScSR 30. 04 27.15 26. 02
SRCNN 31.34 28.27 26.72
SCN 31. 40 28.50 27.02
ARSIy 31.66 28.61 27.06
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anchored regression for fast super-

Edge guided dual-channel convolutional neural network

for single image super resolution algorithm

LI Chunping'

Abstract

ZHOU Dengwen'
1 School of Control and Computer Engineering, North China Electric Power University, Beijing

JIA Huimiao'
102206

At present, although the super-resolution ( SR) reconstruction algorithm based on the Convolutional

Neural Network ( CNN) has achieved great success, it cannot well reconstruct the high-frequency texture of the im-

age.As a result, there exists obvious shake in local edge of the high-resolution ( HR) image. We present an edge

guided dual-channel CNN SR reconstruction algorithm integrated with Morphological Component Analysis (MCA).
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The low-resolution ( LR) image to be processed is decomposed into texture part and structure part by MCA , then the
texture part and the original LR image form a dual channel together,which is then input into the modified network
structure to reconstruct the HR texture part.The reconstruction loss of both the HR image and HR texture are chosen
simultaneously for training.As for post-processing step,we perform histogram matching between our network output
and the LR input to strengthen the visual effect and apply an iterative back projection refinement to improve the
PSNR.As shown in experiment results, this method with dual-channel input can restore texture details of the image,
especially restore the image with rich texture.

Key words super resolution; convolutional neural network ; morphological component analysis ( MCA ) ; dual-

channel input



