. hEASEER
Eh: PEMNSRKELSHENKSDERRE
ESCI/Scopus s BEAAMNEEARGERAT

6P 32 2 @ &) T PEYBELERS S
o FEEEREFHUBEERSS
T8, NER

T REHE SRR 0 EHR REg
FHEH, HEF

FIUHASE:

B, TR AR BT R B R A R T Y BRI, W5 5 7, 2020, 35(4): 350-359.

LI Ze-tian, LEI Zhi—chun. Local expectation—-maximization attention network for image denoising[J]. Chinese Journal of Liquid
Crystals and Displays, 2020, 35(4): 350-359.

TELR L View online: https:/doi.org/10.3788/YJYXS20203504.0350

LT ARG H A SCEE

Articles you may be interested in

BT R R AR AL A I 22 0 245 14 PR 2 e
Image denoising based on local path feature in formation neural network

5 B, 2020, 35(1): 70-79  https://doi.org/10.3788/YTYXS20203501.0070
T B IR A 1 B AR L

Object detection algorithm based on attention mask fusion

Wi 5 . 2019, 34(8): 825-833  hitps://doi.org/10.3788/YJYXS20193408.0825
e TR AR [ 3 W A0 G

Automatic low light level image enhancement using Gaussian mixture modeling

T 5 7R, 2015(2): 300-309  https://doi.org/10.3788/YTYXS20153002.0300
T A C- Y EFEMIR & 2R (1@ Sk R 435

Remote sensing image segmentation based on KFCM and EM hybrid clustering algorithm
WS B7R. 2017, 32(12): 999-1005  https://doi.org/10.3788/YJYXS20173212.0999

SRR M2 22 P 2255 A b 22 FAR DA i D7 a5

Multi—objective optimization control method for multi—user multi-service access in heterogeneous wireless networks

T 5 B, 2019, 34(7): 708=715  https://doi.org/10.3788/YTYXS20193407.0708


http://www.yjyxs.com
http://www.yjyxs.com
http://www.yjyxs.com
http://www.yjyxs.com/CN/10.3788/YJYXS20203504.0350
http://www.yjyxs.com/CN/10.3788/YJYXS20203501.0070
http://www.yjyxs.com/CN/10.3788/YJYXS20193408.0825
http://www.yjyxs.com/CN/10.3788/YJYXS20153002.0300
http://www.yjyxs.com/CN/10.3788/YJYXS20173212.0999
http://www.yjyxs.com/CN/10.3788/YJYXS20193407.0708

B35 % 4 W h 5 s Vol.35 No.4
2020 4F 4 H Chinese Journal of Liquid Crystals and Displays Apr. 2020

XEHS:1007-2780(2020)04-0350-10

ETRNHLE RSN ERER

ERWH,EEE"
(REXF MEFFR,XE 300072)

T IR AR R M B0 A A IR A A 2 TR 25 2K v A0UA 0T i 19 B K0T I L I o T 8% %) im0 e 75 7 AR i 3 25 AN Wi R
. T R AR B N v AR 5 0 g A 4 T B 5 0 2% 09 40 G iR T R AL AR T L U M 7S TE R AE S8 A% 1 L AR SR
T — Tl B Jmy A R A Ak T B T ML Y RN I 2% X DL LY [ B g R g Dl SE AR AR L3k B R 8 1 TR, SR
5 R R AZ B R IR R AN D B AR AR B A 1 X 2% 2 2] R 00U As 18 . JR 309 2R e K v 2 B e R R 3 4 2R i R A S
R Bg 10 SR B T TR % R BB b A R L IR R AR 0 4 2 2 B R SR IR R WL, AR SCHR L Y Ry 8 ) 2
e RKALTE R T 4 m] LUK S W 22 0 i AR AT, 76 ko I 48 BSD6S I+, PSNR {A H 24 1 5 Je #F 5 7% N° Net #2725 0. 13
dB. A B B 0 R

X 8 WALGR EXPERRL;EZENADHLE

hE S ES TP391.1 XHAFRIRAG A doi:10.3788/YJYXS20203504.0350

Local expectation-maximization attention
network for image denoising

L1 Ze-tian, LEI Zhi-chun”
(School of Microelectronics s Tianjin University » Tianjin 300072, China)

Abstract: Images generated by image denoising algorithms often result in missing details due to loss of
high frequency information. In order to restore the high-frequency details of the reconstructed images
and enhance the representation ability of the network, a noise removing network based on local expec-
tation-maximization attention(LEMA) is proposed. The network uses the classic autoencoder as the
basic module to achieve sufficient depth, so as to filter out unnecessary low-frequency information and
promote network learning high-frequency information. The proposed channel and spatial attention
module adaptively learns informativel features by computing the interdependence of image channels
and pixel spatial positions. A series of experiments show that the LEMA can recover more high fre-
quency details. On the benchmark BSD68, the PSNR value is about 0.13 dB higher than the state-of-
the-art algorithm N°’Net, and has better visual quality.

Key words: image denoising; local expection-maximization; attention; autoencoder
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Fig.2 Local expectation-maximization attention module
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Fig.3 Visual quality comparison. Denoising results of one image from BSD68 with noise level 25.
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(¢) Denoised image by DnCNN
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Fig.4 Visual quality comparison. Denoising results of one image from BSD68 with noise level 50.

(IR BERE - WAL $o3 A s

Fig.5 Structure of channel attention moduel
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Fig.7 Structure of global attention network
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Fig.8 Structure of global dual attention network
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Tab.3 Performance comparison with the state of the art

Setl2 BSD68 Urban100
ik
c=15 =25 6=50 c=15 6=25 =150 c=15 6=25 6=50
BM3D 32.37 29.97 26.72 31.08 28.57 25.60 32.34 29.70 25.94
WNNM 32.70 30.28 27.05 31.37 28.83 25.87 32.97 30.39 26.83
DnCNN 32.86 30.44 27.18 31.73 29.23 26.23 32.67 29.97 26.28
FFDNet 32.75 30.43 27.32 31.63 29.19 26.29 32.42 29.92 26.52
N’ Net — 30.50 27.43 — 29.30 26.39 — 30.19 26.82
LEMA 32.88 30.64 27.65 31.86 29.43 26.52 32.91 30.36 26.94
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LEMA 3 3 80 0 W i 42 7.
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