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Abstract: In the case of high compression rates, the JPEG decompressed image can produce blocking artifacts,
ringing effects and blurring, which affect seriously the visual effect of the image. In order to remove JPEG
compression artifacts, a multi-scale dense residual network is proposed. Firstly, the proposed network
introduces the dilate convolution into a dense block and uses different dilation factors to form multi-scale dense
blocks. Then, the proposed network uses four multi-scale dense blocks to design the network into a structure
with two branches, and the latter branch is used to supplement the features that are not extracted by the
previous branch. Finally, the proposed network uses residual learning to improve network performance. In order
to improve the versatility of the network, the network is trained by a joint training method with different
compression quality factors, and a general model is trained for different compression quality factors.
Experiments demonstrate that the proposed algorithm not only has high JPEG compression artifacts reduction

performance, but also has strong generalization ability.

Key words: JPEG compression; Compression artifacts; Multi-scale dense blocks; Dilate convolution

Vol. 41No. 10
Oct. 2019

515 Pk vE AAE Al BE IO PR, BB i BORAE AR

B B BRI AT A e, BRI —Fh
ZHE B, mUE R R RN, 32

Wk HA: 2018-10-15: eI EHH: 2019-03-05: PIZHfR: 2019-04-02
MEEEE:  ZRRKZE liangsQ@ysu.edu.cn

BEETH: FRERFIFIES(61471313), WbH ARFI#IES
(2019203318)

Foundation Items: The National Natural Science Foundation of
China (61471313), The Natural Science Foundation of Hebei
Province (2019203318)

TARAEG R E T . H AT R 46 7 v
J2F s TCEEAE A B . JPEG & — Fh it 7
WABELE ik, HERARSNEgE, o8 2
IS FHAE S A AU B IE  S A0k . 7 i s 4 LU () 1
B F, JPEGREEA KB &= ERgithidk. JPEG
P2 LR R, Al He 4 UG i i s, s i A AT
IRLBE AR . R, BRIPEG IR 46 h 28 18 K% s
AR AT+ BRI
MAWIPEG IS th i & bR 5 vk 244
335 BT RGMR AR, T EGIKE ML


http://radars.ie.ac.cn/CN/10.11999/JEIT180963

2480 M7 5 F

SO 4 84145

FIEE T2 2 M50 o 6T PR AR MG i 1) S92 1)
15 2 B N A i B ok 25 Bk IR 4 O i . GilFoi
S NI T IR TR B 3G Y. B R 7% A8 e (Shape-
Adaptive DCT, SA-DCT) [ UL BE W kL. %5
VAT RO 2 B T G TR BRI R 3L %35 BN
Yoo& NP T TP i) AH OGPk 1 25 P g v 5
15, EER N A BB T K ) A R
I DSR2 S X SR P I8 o T R S ik R B —
RO BEIRAR, ABAEm R4 LIS oL T, 28
RORA: o 1 BRGS0 S0 38 0 ) ] B AR &
B, E4ESEM 4 280 e 5 AN, B R4
BG T E t m TR S . W ZhaoE AP T
— R S K S S R HEZE 1 [R]85 4 A i
IR I RN AL 20 AU () B R PN S S
VR G R AR 2 7 S 300 [ IS 0 58 A 71 1) S 3
GRAEAT E AR EHR R AR S B AR, FRaf &2y
WA B A S T . ST RGN L —
R B R A RIS S, THE S 2

LR, TR ELE O AT 2 N
S YGRS E P /S =N E R 73 52U N
B BN, R R R . £ LBRIPEG
i thizEt, Dong® N FL4& H— Rl 2 B Ph e )
LRI 2% (Artifacts Reduction Convolutional
Neural Networks, ARCNN). %M % 4N G2
MR, 3 TRAESRIG FRAESE 0 JEE Rt
MIER) . ARCNNMIL s M 2t g5 R ff B, (H 5 R
BUGAIAF AR 2 8528 . Svobodaii NI H T 44,
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JPEG 27.77  30.07 3141 3235

ARCNN(QF =10 28.96 30.79 31.51  31.90
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ARCNN(QF = 20) 28.78 3130 3253  33.30
ARCNN(QF = 30) 28.60 31.25 32.69 33.61
ARCNN(QF = 40) 28.48 31.14 3262 33.63

% 2 ANFHEAELIVEIHRESE ERPSNR(dB)/SSIM¥TEL
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Tk 10 30 40
JPEG 27.77/0.7905 30.07/0.8683 31.41/0.9000 32.35/0.9173
ARCNN 28.96/0.8217 31.30/0.8871 32.69/0.9161 33.63/0.9303

L4 Residual 29.08/0.8241
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