wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BFh&ESISHEREERREBAEGE
ERK THE BN EEE B

5IAEX

ZHX, IHE Bt ZEE Bl ETRS5ISNSREEFZHGOEGED]. iTEHRE, 2023,
50(11A): 220900059-7.

JIANG Haotian, WANG Qizhi, HUANG Yanglin, ZHANG Yaqin andHU Kai. Medical Image Segmentation
Based on Multi-scale Edge Guidance [J]. Computer Science, 2023, 50(11A): 220900059-7.

BN EEE (SERXINEE IE JENBEENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETENEBNNEZEGESHETE

Medical Image Super-resolution Method Based on Semantic Attention

HENRIE, 2023, 50(11A): 221200107-6. https://doi.org/10.11896/jsjkx.221200107

—FETRERERNLIRSRGE
Novel Method for Trash Classification Based on Causal Inference

HENRIE, 2023, 50(11A): 220800218-6. https://doi.org/10.11896/jsjkx.220800218

ERADE KA SEEEEHAR
Study on Scheduling Algorithm of Intelligent Order Dispatching
HHEHEIE, 2023, 50(11A): 230300029-7. https://doi.org/10.11896/jsjkx.230300029

EFLSTM#EEZREZAIQPS KE geieliigit
Design of QPSK Intelligent Receiver Based on LSTM Neural Network
HEHEIE, 2023, 50(11A): 230200219-5. https://doi.org/10.11896/jsjkx.230200219

—HIRERTHINEREDRITE
Noise Tolerant Algorithm for Network Traffic Classification Method

HENRIE, 2023, 50(11A): 220800120-7. https://doi.org/10.11896/jsjkx.220800120


https://www.jsjkx.com/CN/10.11896/jsjkx.220900059
https://www.jsjkx.com/EN/10.11896/jsjkx.220900059
https://www.jsjkx.com/CN/10.11896/jsjkx.221200107
https://doi.org/10.11896/jsjkx.221200107
https://www.jsjkx.com/CN/10.11896/jsjkx.220800218
https://doi.org/10.11896/jsjkx.220800218
https://www.jsjkx.com/CN/10.11896/jsjkx.230300029
https://doi.org/10.11896/jsjkx.230300029
https://www.jsjkx.com/CN/10.11896/jsjkx.230200219
https://doi.org/10.11896/jsjkx.230200219
https://www.jsjkx.com/CN/10.11896/jsjkx.220800120
https://doi.org/10.11896/jsjkx.220800120

R iF L8 http: /www. jsjkx.
1+ﬁ-*ﬂ13+¢ ttp:// isj com

COMPUTER SCIENCE DOI:10. 11896/jsjkx. 220900059

ETHHSISNEREEFHZEHTE T X

ZEMX IHBE #EEMAK EREET &8 I
1 MEAFHENFR - WEZHLA¥KE ¥ HE 411105
2R EAFHEZERKAA K 410013

W E EFU¥BROLY ““4&1]\,"%‘]H#@%%%K%Eﬁ\[ﬂﬁt,ﬁﬁf%ﬂ%\i'liaﬁm#JL&kié’]lﬂ"ﬁ WA MR X 5
B 5 %ﬂ%'ﬁ’f&%é’]iﬂi‘“ﬁ SHR—FT BT HRERAGCENE BB E ARG T B RRAG £, X —

M RBTATALINFNS kAR AY 2 W % Edge Guided V-Shape Network (EGV-Net) , MAK IR 2 %] £ 4K F= 390 o %) 32 %
W ANAEAE A AT AT ST T, ﬁ-“P KSR 4 AL 38 L o - A O AT S AR i, 52 5T 4 %) B AR 09 £ 4R340 & 3R 45 AR M A8 i

DGRBFH . AAEZRELRENS A S TRRE R, BHSHNALIES B, MA%BID T FHRR FAER 3
IR BB AT E 0 53 St R A A G m T E ., EFEYIELS 1SIC2016 éﬁ%ﬁ.t&ﬁéﬁ W5 R R, T3 R AT AR
Flegle it Hh BB, ED G M T AR BAFH 5 E MR K T HAAER,

XBRREFI;EFYR S S REFIE DGR H %] F

REZESES TP391

Medical Image Segmentation Based on Multi-scale Edge Guidance

JIANG Haotian' , WANG Qizhi' , HUANG Yanglin' ,ZHANG Yaqin® and HU Kai'
1 School of Computer Science &. School of Cyberspace Science, Xiangtan University, Xiangtan, Hunan 411105, China

2 Department of Radiology, The Third Xiangya Hospital,Central South University,Changsha 410013 ,China

Abstract Medical images have small gray-scale changes,and segmentation targets and backgrounds are not easy to distinguish,
thus image segmentation is full of challenging problems. Most of the existing models unify the segmented high-frequency edges
with the low-frequency subjects for learning,ignoring the difference between high-frequency information and low-frequency infor-
mation and the difference in the proportion of both in the image. To address this problem,edge guided V-shape network (EGV-
Net) ,a multi-scale convolutional neural network based on edge guidance,is proposed to perform targeted learning from two fea-
ture perspectives:low-frequency segmented subjects and high-frequency segmented edges. Among them, the low-frequency fea-
tures are passed through the feature transfer by the encoder-decoder connection method to learn the main part of the segmentation
target. The high-frequency features are firstly extracted from the segmentation mapping by edge extraction method,and then the
segmentation edges are filtered and separated from it. The segmented edges of high frequency are guided by edge guidance module
to make accurate segmentation of low frequency segmented edges and recover edge detail accuracy. Experimental results in liver
images and ISIC2016 show that the proposed algorithm has better control over the overall segmentation and better segmentation
effect at the edge details than other models.

Keywords Deep learning, Medical image segmentation, Multi-scale features, Edge extraction, Edge guidance
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Fig. 1 Overall flow chart of our method
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Table 1 Segmentation performance of different models on liver
dataset

Model Params/(X10%) Acc/%  Dice/%  Sen/% Tou/ %
Unet! 1! 118.42 98.95  93.63  91.62  88.10
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Unet3+ 3] 21.11 99.08  94.53 90.72  89.67
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ResUnetl21] 124. 41 98.98 94, 44 90. 80 89.53
Ours 35. 05 99. 27 96. 10 95.02 92.53
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Table 2 segmentation performance of different models on ISIC2016

Model Params/(X108) Acc/%  Dice/%  Sen/% Tou/ %

Unet! 118.42 93.56 89. 29 89. 45 81. 42
Unet+ -+ (12 34,51 94. 64 89.41 92.06 82. 32
Unet3+ 13! 21.11 94.97 90. 08 91.35 83. 30

Ours 35.05 95. 08 90. 64 90. 90 83.99
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Fig. 8 Performance of different models on ISIC2016
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Table 3 Performance comparison of connection methods

Model Params(X10%) Acc/%  Dice/%  Sen/% Tou/ %

Skip -connection 226. 44 99. 15 95. 26 91.62 90. 99
Nested -connection 34.99 99.05 94. 44 90. 82 89. 45
Full -connection 77.69 99. 20 95. 64 92.66 91.66
Ours 35.05 99.27 96. 10 95.02 92.53
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Fig. 9 Segmentation comparison of connection methods
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Table 4 Performance comparison of gate-attention modules
Model Acc/%  Dice/%  Sen/% Tou/ %
Conv 99.11 95.13 91. 99 90.79
SE Block!??! 99.18 95. 49 94.08 91.39
GSCNNLZ3] 99. 21 95. 60 93.06 91.61
Ours 99,27 96. 10 95. 02 92.53
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Fig. 11 Comparison of gate-attention module

A FEHR AT LA L 5 4 S AN ] A 8 B i 43 500K T2 AT
BEAR o A SCO T 0T 120 5 S AU L B 4R TBU AT B Sy o A Y R A
FERR O BIBOREAR

BERIE AT T — B A B R R
M 8 v AR o SCTE AR B R T A5 T 7 23 31 B A ) B B gk
FreE X PE g 2 o Horp RO SC3E i g A ik 5 5 oK f%
R ER SN IS RN TN A SRR R R S SR U U 31
J7 W HEAT SR I, T 50 R 3 5 A B A3 B R E OO
B ni HL A () R B0 AR O 1 4 T R 0 A e i O o )
FUAR B0 28 e A o o 00T SC 5 AR IR 1R 3 3 i % 51 S A
B R AT Bl 22 38 $ B0 52 B i 000 G B 4R SR RE AR AR
FORG A 119 o B 45

AR SCT7 AT B A R i 2 A () A T A AL B O X
SRS LAY F AR L 2 B s o ) R B R I O .
% AN 2 F bR DX IR 23 B 4R T D 2 AR B B 2 RS
JE A JH 24T 55 2 5T S O AT R e T RE Y BIESE U5 Il

2 £ x o

[1] ZHENG G Y,LIU X B,HAN G H. A review of computer-aided
detection and diagnosis systems for medical imaging[ ] ]. Journal
of Software,2018,29(5) :1471-1514.

[2] LIN Y,TIAN J. A review of medical image segmentation me-
thods[ ] ]. Pattern Recognition and Artificial Intelligence, 2002,
15(2) :192-204.

[3] CHIEN Y. Pattern classification and scene analysis [J]. IEEE
Transactions on Automatic Control,1974,19(4) :462-463.

[4] PREWITT J M S. Object enhancement and extraction[ ] ]. Pic-
ture Processing and Psychopictorics,1970,10(1) :15-19.

[5] CANNY J. A computational approach to edge detection []].
IEEE Transactionson Pattern Analysis and Machine Intelli-
gence,1986(6) :679-698.

[6] SIVAKUMAR V,MURUGESH V. A brief study of image seg-

mentation using thresholding technique on a noisy image[ CJ /

(7]

(8]

—/
©
(o}

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

220900059-6

International Conference on Information Communication and
Embedded Systems(ICICES2014). IEEE,2014 :1-6.

OTSU N. A threshold selection method from gray-level histo-
grams[ ] ]. IEEE Transactions on Systems, Man, and Cyberne-
tics»1979,9(1) :62-66.

LEVINE B F.BETHEA C G, THURMOND C D,et al. An or-
ganic crystal with an exceptionally large optical second-harmonic
coefficient : 2-methyl-4-nitroaniline[ J ]. Journal of Applied Phy-
sics,1979,50(4) :2523-2527.

PITMAN J. Poisson-Dirichlet and GEM invariant distributions
for split-and-merge transformations of an interval partition[ ] ].
Combinatorics,Probability and Compu-ting, 2002, 11 (5):501-
514.

LONG J,SHELHAMER E.DARRELL T. Fully convolutional
networks for semantic segmentation[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
2015:3431-3440.

RONNEBERGER O,FISCHER P,BROX T. U-net:Convolu-
tional networks for biomedical image segmentation[ C] // Inter-
national Conference on Medical Image Computing and Compu-
ter-assisted Intervention. Cham:Springer,2015.234-241.

ZHOU Z,RAHMAN SIDDIQUEE M M.,TAJBAKHSH N,
et al. Unet+ +: A nested u-net architecture for medical image
segmentation M] // Deep Learning in Medical Image Analysis
and Multimodal Learning for Clinical Decision Support. Cham:
Springer,2018:3-11.

HUANG H,LIN L, TONG R.et al. Unet 3+ : A full-scale con-
nected unet for medical image segmentation[ C]// ICASSP 2020-
2020 IEEE International Conference on Acoustics, Speech and
Signal Processing(ICASSP). IEEE,2020:1055-1059.

ZHANG Z,FU H,DAI H,et al. Et-net: A generic edge-atten-
tion guidance network for medical image segmentation[ C]// In-
ternational Conference on Medical Image Computing and Com-
puter-Assisted Intervention. Cham:Springer,2019:442-450.
SUN J M,GE Q Q.LI X M,et al. A medical image segmentation
network with edge enhancement feature[ J]. Journal of Electro-
nics & Information Technology,2022,44:1-10.
VALANARASU ] M J,SINDAGI V A,HACIHALILOGLU I,
et al. Kiunet:Overcomplete convolutional architectures for bio-
medical image and volumetric segmentation[ ] ]. IEEE Transac-
tions on Medical Imaging,2021,41(4):965-976.

MILLETARI F.NAVAB N,AHMADI S A. V-net: Fully convo-
lutional neural networks for volumetric medical image segmenta-
tion[ C] // 2016 fourth international conference on 3D vision
(3DV). IEEE,2016:565-571.

LIN T Y,GOYAL P,GIRHICK R, et al. Focal loss for dense
object detection[ C] // Proceedings of the IEEE International
Conference on Computer Vision. 2017:2980-2988.

HE K.ZHANG X,REN S,et al. Spatial pyramid pooling in deep
cosssssnvolutional networks for visual recognition[]]. IEEE
transactions on pattern analysis and machine intelligence, 2015,
37(9):1904-1916.

GUTMAN D,CODELLA N,CELEBI E, et al. Skin lesion analy-

sis toward melanoma detection: A challenge at the international



FWOR 5 HETNGE WL RIZE¥ 2887k

[21]

[22]

[23]

symposium on biomedical imaging (ISBD 2016[ C]// Hosted by
the International Skin Imaging Collaboration (ISIC). 2016.
XIAO X, LIAN S, LUO Z, et al. Weighted res-unet for high-
quality retina vessel segmentation[ C]// 2018 9th International
Conference on Information Technology in Medicine and Educa-
tion(ITME). IEEE,2018.:327-331.

HU J,SHEN L,SUN G. Squeeze-and-excitation networks[ C]//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. 2018.:7132-7141.

TAKIKAWA T,ACUNA D,JAMPANI V,et al. Gated-scnn:
Gated shape cnns for semantic segmentation[ C] // Proceedings
of the IEEE/CVF International Conference on Computer Vi-
sion. 2019:5229-5238.

220900059-7

JIANG Haotian, born in 2001, under-
graduate. His main research interests
include deep learning and medical image

processing.

HU Kai, born in 1984, Ph.D, associate
professor,is a member of China Com-
puter Federation. His main research
intserests include machine learning, pat-
tern recognition, bioinformatics, and

medical image processing.



