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Image Super-resolution Based on Deep Learning Features

HU Chang-Sheng'  ZHAN Shu' WU Cong-Zhong'

Abstract Learning-based image super-resolution method is a research hotspot in recent years which uses prior knowledge
of sample to reconstruct the image and has obvious advantages over other reconstruction methods. In this paper, we first
analyze the factors of reconstructed image quality. Then we use randomized rectified linear unit (RReLU) to solve
the problem of over compression in the original network. Besides, Nesterov’s accelerated gradient (NAG) is invoked to
accelerate convergence and avoid large oscillations. Finally, we conduct a quantitative experiments to prove the validity

of the proposed algorithm.
Key words Super-resolution (SR), image restoration, deep learning, convolution neural network (CNN), feature map

Citation Hu Chang-Sheng, Zhan Shu, Wu Cong-Zhong. Image super-resolution based on deep learning features. Acta

Automatica Sinica, 2017, 43(5): 814—821

1588 43 388 (Super-resolution, SR) & &
RS R ) — AN E 25 3, E 56l Tsia 467 80 4F
RE VIR BN, RS 30 Z4ERTE], BT 20
SEHOME S EIEME, & PR R G AR BN
THEEHUA 3 5 A5 AL BRI ) — AN FE A, S 1
TWREER) Iz k. ks LT EGRABIAL
AN, PASEBRARPAME—E, 85 AT
R AR L T AR I 5 2 R
K5 #ER EG: (Low resolution, LR) F24E—A~EH A
R Ao A5 B 42 0 B SR R B ) v o R R R

Ik HiH 2015-10-13 SR H 2016-06-17

Manuscript received October 13, 2015; accepted June 17, 2016

H % B8R 5L 4 (61371156), 24 B4 B8 W X Wi H A 4
(1401B042019), FRLBE H 3k I 52 4% 52 G005 B -5 42 th | 5 T 5 B
SIFHGRAE (20130107) ¥EH)

Supported by National Natural Science Foundation of China
(61371156), Anhui Province Science and Technology Research
Programs (1401B042019), and State Key Laboratory of Manage-
ment and Control for Complex System of Institute of Automa-
tion Chinese Academy of Sciences Open Project (20130107)

ALTHERME BTN

Recommended by Associate Editor JIA Jia

1. ST RAEH AL S E B2 AL 230009

1. School of Computer and Information, Hefei University of
Technology, Hefei 230009

(High resolution, HR) F e 5> B T
T, Ok, B MBS R
ISR AT V4 NI AT I, P T SRR T
FOIE AL (755 R SE I ) it e
B M — PR SE . PR L 0 e T
PPN O EESE Sk | o siyiree
23 I v

FEF AR 5077 v R B AR 1t A
B el T e, 2 S 7 AT B A A
SUCREAR( v, FUE T B R PR 5
Ry, 7 A T AR R ELR AT 2 A (1
B VA K P R T 4 7 B2 7 A LA 7 35
SRHPR A P R T A [y 2k
SRR SRR, B 0 B P 5 A5 e PR A
P, ELR X S T A VA M R
FRASUE 122 25 45 B PRI SR I 13, 3 EL YOk
B T o T B AP N, T
PR W, RSB0 R, 450 A2 i T 0, Gt
KB RN, T2 R R G4
B Al E ATBEIE G B T 2 —, FEOT AR AL
2 () SV SR 1R A B, 3o XA 2



54 WA BT IR RS ) Y R Bl ) PR 815

VA5 R X 7 ) 0 4 R PR vy o i S 1) 2 2 )
BATZ RIS T2 2R, SR 5 F 2 2] B HK & R
IR PR K G DASRAS 0 B ) v 4 BE R g 11
1, Freeman 2508 1 Joi H A ) TR B} 5 190 265 A 7t
S UG SR BB X e A7) 5 2 () ) K R B ALk 3 EIME.
Polatkan 200 JUJ4 H 7 — 7 9 D137 45 2 Ho
B, S-S AN — AR A IT R %L
Pk g o] —HIFIHR ML, T4k, i
P 23R 4 5 | A P 68 4 3% 3% o g e, HC 57 1 A
AT ET2E B R AR — A Yang
200 31 T AN AR B R R B (Sparse cod-
ing for super-resolution, ScSR) & 5 & = /0 PR &
1%, 3 XTSRRI 5 o B R R
FHAEC G IS, SRR FER A 4 HE R I 5
ol I8 5L S 7 MR 8 7 B AHABL I, AT (A1 43 8
VA5 e 1 i 1 2 s A 1o 0 B 5 A P LIRS R
HE S PERE G, R H SRR R HE
A5 3 fe 4 SE B v A PR NS XAk BAAAR
R, (H R TE S PR R v TR IS T TR Y
B DA S sy ZE AN, RO T SR AR T ) B
SR BARMESRAS I L S 44

Bl G2 ) I ) FE T AL B AT
R E Ry, B0l DA g S s A )i
AT = 8% 2 > SRS R v i BE R &, IF ol &
D) 28 0] DA 52§ b 38 2k 34 000 1 A 261 B0 BRI R
T T RE Y 2 ok B AF DL A N SR ids . R AE 1B
R 3 R S, ORI T IR IR R B
T2 2% (Convolutional neural network, CNN)
FE G PR Z BREER, IF HRS T2 A WS
H@éﬁ%[M_w]-

AT, FERET A B R A3 0 A B 4 ) 4%
(Super-resolution convolutional neural network,
SRCNN) UM gy 43y AR B, 45 T % 9 2% f el 0t
TE W5 A1 2 W8 s b A AR A5 T bE R BB o AT
PSR ATRH T — =2 G E M 4
50 20 R oy HE AR AR AR o 23R R 2 1) ity 3 3 1)
WS, P FRATR H ML 2 1E 2644 57T (Random-
ized rectified linear unit, RReLU) % 7 fiR J5i A
M 26 FEAE A B R L%, RGHH T NAG
(Nesterovs accelerated gradient)™=181 Jy k11
T BRI WA SIORN B 4 SR Y Bl ATL A BT 9 T vk
(Stochastic gradient descent, SGD) By~ 4 py# A
=

1 FE5ER
1.1 Tk
h T A B R ELR B AR BER E R, A M 25|

Gh 2w, ATE AT — 2 AL PR AR, B W
SWIAHEY R R 25 A5 2 2R A HER E A,
FH N A FE DR B BEARSEAT T AH [ A AL . 5 I,
AT PAEX =R SR E B E B A G FUERAE, FE M 2%
HH — B2, EAESEPR N R i FiX— 2
P R R T A RSH, S0 XA R, Hitt
N T AR R A S HE LR Caffel™ JE4TI1%%, &
TIAREXATALBZ AL S AE YNGR 45 .

1.2 $HERE

XAV MAR ST PR BUE P HR B RGP
BARFIR B . XS R —
R, LB A ) a4 P A 5

R S i 28 T A AU 1) 90 PR £502 sigmoid,
MR B Aok iy, H BRI £ 5T
MAAZ B, FE R B RS R e i (R
AT X AR, B — N E I AR A S
FEAEARANARY, RS BE SRR, BIFE sigmoid b
P IRL AR E /N (B 0). RIHE R R A Jeh,
WA abs(z), max(x,0), min(z,0) ZERETFIHRTEA
WA AT LR, X TSN, BT DA SR
RS AARA 2 0. R B R A B AT R B AR T B,
BI 1, —1 8¢ 0, UL TCBTE M 24 k£ /D)2, H
Th BEFNER X AE R AE— AR R E B g L.

s
|

ReLU

Kl 1 ReLU pR¥iym =l
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Fig.2 An illustration of RReLU (aj; is a random
variable of in the given sampling scope. And in the
testing phase, we usually take a fixed value to test

according to actual condition.)
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Fig.4 An illustration of NAG method (which updates a
step (the black dotted line vector in the figure) according
to the original path direction, firstly. Then calculating the
gradient value of the current position and correcting the
update path (the gray dotted line vector in the figure).
The black line vector is the final path of NAG and the
gray line vector is the update path of CM.)
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%1 7 Set 5 Jlit4E Ly PSNR (dB), SSIM

Table 1  PSNR (dB) and SSIM for Set 5

P Fr WEWAFME ScSRIC SRONNM4 ARy ik

Baby 33.91 34.29 34.42 34.85

Bird 32.58 34.11 33.35 35.02
Butterfly 24.04 25.58 27.89 27.73

Head 32.87 33.17 31.79 33.44
Woman 28.56 29.94 30.67 30.80
Average 30.96 31.42 31.62 32.37

SSIM 0.8687 0.8821 0.8890 0.9039
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Fig.7 The quality of reconstruction comparison for image Baby_GT in Set 5
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Fig.8 The quality of reconstruction comparison for image Bird_GT in Set 5
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Fig.9 The quality of reconstruction comparison for image Face in Set 14
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Fig.10 The quality of reconstruction comparison for image Pepper in Set 14
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