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Abstract

The deep convolutional neural network has achieved remarkable results in single-image su-
per-resolution reconstruction. Most models use a single-flow structure, and it is difficult to the full
flow of information. The cross-module is used to improve the information flow to obtain enough
detailed information. Although this method can improve the network reconstruction performance,
it increases parameters and difficulty of network training. Therefore, this paper proposes the
cross module base on depth-wise separable convolutional (CM-DWSC) algorithm for su-
per-resolution reconstruction. Using depth separable convolution instead of ordinary convolution
in the cross module, and the BN layer that consumes the same amount of memory as the convolu-
tional layer is removed, greatly reduces the computational complexity and model capacity. A se-
ries of improved cross-modules are stacked in each cascade sub-network to fuse complementary
information, which facilitates the flow of information. We introduce a residual learning strategy at
each stage to utilize fully low-resolution feature information to further improve the reconstruc-
tion performance. The evaluation of the benchmark data set shows that the proposed method is
superior to the mainstream super-resolution method in the case of reducing network parameters.
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1. 5|8

Har, 3T HML M4 (Convolution Neural Network, CNN)RLZE P4 #E 53 #¥(Single image su-
per-resolution, SISR) 77 [l & HUA5 | E KM T . K2 % CNN HEALE I Il 25K 8 S50 5 2] —FhoA 2808
MAK 43 3% 2 (Low-Resolution, LR)#F & 47 #% % (High-Resolution, HR) B4 FIAE Lk R 4 5¢ R . # PR
(Super-Resolution, SR 2 v 57 =] 2244 J 451 7 BB RRAESE BT I EUE Tl b 2 F2 AN Ji5 42 & 1) HR
BRAIIRE . FIFHRE MBI S2 S B8 7T, REfE A AUF o SR IX — a1 0] /[ 1] [2]. 2010 4F, Yang
[ 355 AR 4 i 6t 2 L g R A ) ) R, R MR R 4 i 1Y) SRR BLVE . i B 2 ) s IR R
BRI S50 (5 SR EH# HR BIER. % Yang HIEJA K, Dong 5[4 ]85 F-4& th | 5 AR 20 X 4% ) P 153t
1T 53 #% % F 4 (Super Resolution Using Convolutional Neural Networks, SRCNN), 1% P 2% Fi| Fi 5 F i 2
285 SR HRER B o WA I o B i AR G &R, AR/ HE R EIE . B S, Dong %5[5]7E SRCNN J7iE
fith b Bt —Fh B3 8 4> 3% 2% (Fast Super-Resolution by Convolutional Neural Networks, FSRCNN) /51, 1%/
EUME D HER UG AN g i N, Bk i INREE B 4E B FG R RS, D NS5, a7 N
BHEHEEE . JGK, Shi FE[6]42 H— MR FH A& 3 4 B2 (1 48 43 9% 2 (Super-Resolution Using Efficient
Sub-Pixel CNN, ESPCN)E 715, 1 IVEER G — 2 BOHRHIE BT HES, 19280 m 7 P MR, KIR
P T Mg B E . LB CNN AR — AN L FEZAAE T eI M Z 50T 5, LIy, XERZE
GERITE 4 B S JRIFRAIE B LR, VISR UR )= 28 IR HEFE 33 BBk 7 ARKE SR sl
FIEEAG. 2014 AR PN SR 718 5, 12 R G FE AR s R R B R . Ledig [814F 42
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Figure 1. Diagram of convolutional neural network architecture

1. ERMEMEERREE

DOI: 10.12677/jisp.2018.720011 98 g 555 4 #


https://doi.org/10.12677/jisp.2018.720011

X

WEZ
F(X) VReLU | X 5
/
BEZ
FX)+X
N
% ReLU

Figure 2. Residual block model
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Figure 3. Cascade network structure
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Figure 4. Diagram of depth-wise separable convolution
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Figure 5. (a) Diagram of cross-module; (b) Diagram of improved cross-module
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Figure 6. Data enhancement
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Figure 7. Image preprocess
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Table 1. Average PSNR comparison of super resolution algorithm on the Set5, Set14, B100 datasets
# 1. BOPERE R Set5. Setl4, B100 HIEE L PSNR (A

Hda sk R PUERYE i1 SRCNN [4] ~ FSRCNN[5]  ESPCN[6]  VDSR[I2]  AIJjik
Set5 3 30.29 3235 33.06 3239 33.66 34.14
Set14 3 27.54 29.01 29.37 29.09 29.78 30.11
B100 3 27.21 28.21 28.41 28.26 28.83 29.02
Set5 4 28.42 30.15 30.55 30.27 31.53 31.94
Set14 4 26.00 27.44 27.50 27.39 28.02 28.35
B100 4 25.96 26.69 26.90 26.81 27.29 27.48

Table 2. Comparison of network computational complexity and network parameters in different convolution strategy
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