wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BEFHIERSHLESISARERERA RS
AE, ikt £

SIRAAX

BEY, DU, EXS EFHIMEILES|ISABREREGOEGEN]. HENIRE 2023, 50(3):
199-207.

BAI Xuefei, MA Yanan, WANG Wenjian. Segmentation Method of Edge-guided Breast Ultrasound
Images Based on Feature Fusion [J]. Computer Science, 2023, 50(3): 199-207.

BUXEEE (BERXINE IE JEREENE)

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

Backdoor Attack on Deep Learning Models:A Survey

HEHEIE, 2023, 50(3): 333-350. https://doi.org/10.11896/jsjkx.220600031

FHBERIRK SRR IR AR
Crowd Counting Network Based on Feature Enhancement Loss and Foreground Attention

HEMREIEE, 2023, 50(3): 246-253. https://doi.org/10.11896/jsjkx.220100219

ETREZINT M RIRERIAHAR
Study on Visual Dashboard Generation Technology Based on Deep Learning

HEMNREIEE, 2023, 50(3): 238-245. https://doi.org/10.11896/jsjkx.230100064

ETZHIRMSIMEZRNESE
Classification of Oil Painting Art Style Based on Multi-feature Fusion

HEHNRIE, 2023, 50(3): 223-230. https://doi.org/10.11896/jsjkx.211200110

B BERNARASEENEGBENLE
Polarized Self-attention Constrains Color Overflow in Automatic Coloring of Image

HENRIE, 2023, 50(3): 208-215. https://doi.org/10.11896/jsjkx.220100149


https://www.jsjkx.com/CN/10.11896/jsjkx.211200294
https://www.jsjkx.com/EN/10.11896/jsjkx.211200294
https://www.jsjkx.com/CN/10.11896/jsjkx.220600031
https://doi.org/10.11896/jsjkx.220600031
https://www.jsjkx.com/CN/10.11896/jsjkx.220100219
https://doi.org/10.11896/jsjkx.220100219
https://www.jsjkx.com/CN/10.11896/jsjkx.230100064
https://doi.org/10.11896/jsjkx.230100064
https://www.jsjkx.com/CN/10.11896/jsjkx.211200110
https://doi.org/10.11896/jsjkx.211200110
https://www.jsjkx.com/CN/10.11896/jsjkx.220100149
https://doi.org/10.11896/jsjkx.220100149

0 Vf :ﬁ- *fh 1’*‘ ‘? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 211200294

ETHIEMSHLES I SARBEEGI B TIE

BEX' St ExX&'?
1 WEAFHENSEERAZER  KE 030006
HEHAG EF X EEAERTHEALHLEOLTA¥)  KJE 030006

(baixuefei@sxu. edu. cn)

W OE AR EEARDGEY HERS S A RFARLRET RS SHENLLEI FERARFRS U-

Net(Edge-guided Multi-scale Selective Kernel U-Net, EMSK U-Net) 7 %, EMSK U-Net £ A 2 T U-Net #9 3t #5 45 #8525 45 My <
ERIHEEEFARSHNAFE BT RERSBALBRMREFEZERER ﬁ"%ﬂﬁ&&7%#%}?17:%*?:@7&‘?%%5}%

WEHIERATAGAENES EFETARSAREGRA N AL ALEE ARXERREIR AR AGEMG A, E—ER2E L

TARI D BAFHGEMNIE, KRG EMA%EZBL S REFEMRRERREG é’JORE-i%)Lﬁa B 5B Z AR LA L . AR

WARS R B RE . 3 AT A LI AR B B AR MR R Loy R R AW 5 4 %) 77 ik A8 06 EMSK U-Net ik &

WARAARF . R R BEFRA,

KGR SUMRAL B BAR 5B A AR A A A B ROEAFAE IR # T 5 U-Net

REZESES TP391

Segmentation Method of Edge-guided Breast Ultrasound Images Based on Feature Fusion

BAI Xuefei' , MA Yanan' and WANG Wenjian'"*
1 School of Computer and Information Technology,Shanxi University, Taiyuan 030006 ,China
2 Key Laboratory of Computational Intelligence and Chinese Information Processing, Ministry of Education(Shanxi University) , Taiyuan 030006,

China

Abstract Due to the problems of blurred edges,excessive speckle noise,and low contrast in breast ultrasound images,an edge-
guided multi-scale selective kernel U-Net (EMSK U-Net) method that fuses multiple features is proposed. The U-Net network
has a symmetrical encoder-decoder structure, which can achieve better segmentation results on medical images with a small
amount of data. EMSK U-Net adopts a network structure based on it, which combines dilated convolution with traditional convo-
lution to form a selective kernel module,and applies it to the encoding path of the symmetric structure. Meanwhile, in the enco-
ding part, EMSK U-Net performs the task of edge detection by extracting selective kernel features during down sampling.
Through these methods, the spatial information of the image is enriched and the edge information of the image is refined, which
effectively alleviates the difficult problem of segmentation caused by speckle noise and edge blur in breast ultrasound images,and
the detection accuracy of small targets will also be improved to a certain extent. After that,in the decoding path of U-Net, EMSK
U-Net obtains rich deep semantic information by building a multi-scale feature weighted aggregation module, realizes more infor-
mation interaction between deep and shallow layers,and reduces the problem of low contrast. In general, EMSK U-Net jointly
guides the segmentation of the network by complementing various information such as encoding part of the spatial information,
edge information and decoding part of the depth feature information, so that the segmentation performance has been well im-
proved. Experiments are conducted on three public breast ultrasound image datasets, and the results show that compared with
other classical medical image segmentation methods and breast ultrasound segmentation methods, the EMSK U-Net algorithm
performs well in various indicators. The performance of breast ultrasound image segmentation task has been significantly im-
proved.

Keywords Breast ultrasound image segmentation, Feature fusion, Edge detection, Multi-scale features,Deep learning, U-Net
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+  Add
Migrate
Output

B A2 R (3L 511 K R8O BEAT Dataset BUST Y504

S5 5 v f R O R A e T A B 109 A R 1 R
VR g 224X 224, IF#AT 3X3 W E IR UL AR AL B, W B,
o T AP A7 (1 B AR A T A R AR X6 I Y B S5 R 48 (Ground Truth)
PHAE A 224 X224, WAL, 25 B0 BOHE £ 1L /N (¥ 8], AR SCf
FHEARIE T T 2k Y™ ST B, 4% 45 75 BE ALK - B 5% | 08
iR B T 1) 1 B AL AR B B o AL S R A
3.1.2 B

H T A SCHE I RE A R R LT 5 M E R
2 UG 700 75 T B AT AR A 10 19 2% S5 4 0647 X LE

(1) U-Net: HAT X FREE A4 09 G- 05 25 44, IF A Bk BK i
el 1R 2 1 SU(F B RlE SR ZE b, DUMcE B T 2 FRE G
A FRUZ B0 R0 51 1 7 AR 45 2% 7] L

(2) Attention U-Net: 7E U-Net W 4% /1 it Bk BR 3% 42 38 70 1%
AR T TR B T B R % A% 3 15 B ROT X9 %
R,

(3)Dense U-Net: fii il % £ Bt (Dense Block) ft# U-Net
T B AL B8 TR, A B B S K BR O 2 TR DR 90 225 1) 4 3
P T e T RE T A R B E T K A 1] AL

(4)STAN: T U-Net [ 45, £ i 5 &5 (9 B 4> BUZ il
F 3 A R/INAS [R] 1 N AZ K 5 FIE Bl S O 0 2 TS 25 B — 2 1Y
55 2 B BR 1 2 2 X0 L A AL S22 v B BF — J2 B ET T A A R R
T RA 5 5558 A~ P AZ R SR F 32 2 ) X O A J2 19 58 — 2

(5) MultiResU-Net . {f ] £ 43 #¥ 2 2R A 12 35 BUMZ 5 40
U-Net 4L ge 5 B, 4l 1 5% 22 1% #0E U-Net I BEBRE#2 .

BEAN AR A SO AT T W36 L o BT IR T 1Y
ABEH) A AL M. T RS £ 4 U-Net MILLTF 3 Fh X Lk
I

(DLSK U-Net: 7€ J5 i U-Net [ 4% (1 4 fi% )22 ) 36 i A i
BB RBR S e R BT

(2)Edge Guided U-Net based on Transfer Learning(TL-
EG U-Net) : 7 i iy U-Net W24 (19 4mti5 )2, 42 BUL S — 355
J2 (R A A S BEAT I SRR L SK ORI SR AR T B A R L 6 A
FE TR T 1 G T 0 25 4R UL 245 L

(3)Multi-scale Fusion U-Net(MF U-Net) : 7£ J& 4 U-Net
Do 2% 1 it % )2 L % 4 )2 YRR AR BE AT 8 R 1 8 RS SR AT AL
Ba.
3.1.3 HEIBHEFMIBAR

AR OB B 4 R0 3 ) R AR B TE A AN AR AT S
Horb RGBSR B9 L PR BN A . ] Dice Loss AR 4%
BRSBTS SO DR AR S A 1 1] A X (7D R

2(preNact)
(preUact)

Ho, pre FoR BN EG s act FoR ELIIEMR

AR SR FHBURR P (Sensitivity) 8 F 2 $0 (Dice) M7 il
AL R B (Jaccard Index, JD ™ fE B I 4545, Hob,
Sensitivity 327 S by b e DX 38k 1 EL 3000 25 SR A 2 i e X3k
B LA, Dice 267 S PR oA TN 45 R B & AR L T T 2678 S bR
I8 2R Z [ G AR M . B R B PN R AR 3 DL (4R
HE2O ML X FR, X —XAO PR

Sentivity:ﬁ ®

Loss=1—Dice(presact) =1— D)
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Dic‘(’,ZZ([JWSa‘M) 9 * B s
(preUact) Table 1 Parameter setting
JI= M (10) Parameters Value
‘ ])reUa(z‘,‘ batch o 16
batch_size
FCof TP o WU £ SR 4 I He 5 8 o 0300 B A 5 . PN oming vt 1oty
7R T 25 2 Ay AR M e DX s v 3500 % 1 1Y T%% o momentum 0.9
3.1.4 AHEE “ 0-8
B 0.2

AR Keras 4 Sy B AHE 22 $5 1 #8280 5 947 i A 19 58
¥, BERS ) NVIDIA Tesla P100, 7% 16 GB, i— )24
K/ 16, IFFEmS 2 L) 2 f5 9 KA 2% Z W DL 1
— 209 1/2 BREARRRAE W 5 5kt , R 1] 15 #% F1 ADAM i 1k
U AT GR . TL-EGM ' DMS 34 (4 47 46 A R 78 [ 4%
B4 B 247 /9 HED, TL-EGM H iE 5% 2= 2] 1308 8 43, HED
T = R R EAE o SHRARRHERGE p ik &R 15,
BeAh R IR A G 2 5 BB A batch_size, Ay {4 Y T PRl
S4Bk i e A LB B M DU B A T B0, I 10 4> epoch
BT 10% ., AR 15 YGERF MEMIME 9K B AT Bl , T
PRI, T L SR R T R B 1 AT IR R R S 480 B IR AE R —
PR HEAT S0, LA 56 T AR SCRETRY () m] A7 R A A

() 5 5]

(b)Ground (c) EMSK
truth U-Net
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3.2 ttbEEg
3.2.1 HZREMHSM

B 7 5T AR SCR SN 5 R EL S AR A EEE S Y
FEGRCR . Hoh w4 R R L SR VA E Dataset B I
B S T 45 L S I BOHE A 1 AR AFAE X L B AR 0 % 5480 A
7O B 45 ) B o 8] = 4 2 7E Dataset BUSI I i) 52 86 45 5%,
T 4B G b 300 G ASRN | BE A 0 7 N 7R DR R 1Y ) AR R
JEEE G M B A LA — AR R TR R 4L AE Dateset

C Hi 4R LA SC IR 25 2R 80 46 19 B AR B A T Dataset B
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Fig. 7 Segmentation results of different deep learning algorithms on Dataset B and Dataset BUSI
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3.2.2 HREEZHMN

AR SR 4% 43 E) 3 W 1R Dataset B, Dataset BUSI I Dataset
C X 3 MU LRSI G5 R4 P a5 Rk 2 & 4 i
B KL A Sy e P BB A

% 2 R[EZE AR Dataset B Ay ZE

Table 2 Results of different algorithms on Dataset B
Method Sensitivity Dice JI
U 0.8019 0.7783 0.6866
Net
¢ (£0.0411)  (£0.0310)  (£0.0495)
Attention U-Net 0.7382 0.7601 0.6793
1 1 -
Cuom Rl (10.0248)  (£0.0178)  (£0.0146)
Denee UN 0.7176 0.7137 0.6237
ense e (£0.0455)  (£0.0352)  (+£0.0252)
MultiReeU N 0.7879 0.7518 0.6630
1 >s U= 1
uiitest e (£0.0233)  (£0.0434)  (£0.0460)
STAN 0.7907 0.7810 0.6878
‘ (£0.0472)  (£0.0458)  (£0.0418)
0.8196 0.8336 0.7330
EMSK U-Net
¢ (+0.0276) (+0.0130) (%+0.0296)

N 2 BB 45 R p AT L R B 5 A B A L L EMSK
U-Net BIE7E 3 M EFR LRI f AL . Sensitivity, Dice F
J138 450 2 B4R TH T 0. 0177,0. 0526 F1 0. 0452, fx 243 5
T 0.1020,0.1199 F10. 1093,

2 3 M RA M, 5 U-Net M b, EMSK U-Net fiy
Sensitivity & 2 0. 006 5, Dice 2 J+ 2 0. 061 7, JT & 7} 4
0.0631, 5HAMs B EAL, & 645 E T 0. 005 3,
0.0529 1 0. 0314, YLl EMSK U-Net 5 5 # {4 2 B A AL

WML 4 15> FIFEPREE R 7T LR B, 7E Dateset C £(#t 4L
b, EMSK U-Net Y Sensitivity % /042 7} 29 0. 000 2, Dice &
ARTFE A 0. 0394, JTHEFHZ 0. 0041, FHEREBIRAY
0.0561,0.0615 #10.0365,

# 3 AR EEAE Dataset BUST | Y45 5
Table 3 Results of different algorithms on Dataset BUSI

Method Sensitivity Dice JI
UNes 0.7761 0.7545 0.6438
¢ (£0.0289)  (£0.0113)  (£0.0099)
Aention UN 0.7773 0.7509 0.6542
tt t
CRUOm BNt (10.0211)  (£0.0144)  (£0.0146)
Dence UN 0.7285 0.7115 0.6405
S - t
ense e (£0.0380)  (£0.0185)  (£0.0330)
N 0.7242 0.7633 0.6755
uitritesmRe (£0.0137)  (£0.0273)  (£0.0139)
0.7712 0.7560 0.6628
STAN
(£0.0307)  (£0.0108)  (£0.0124)
.782 .8162 .7
EMSK U Net 0.7826 0.816 0.7069
(£0.0212)  (£0.0118)  (%0.0136)

# 4 KRB ELE Dataset C LAy ZE S

Table 4 Results of different algorithms on Dataset C

Method Sensitivity Dice JI
U 0.7869 0.7513 0.6903
-Net
N (£0.0144)  (£0.0024)  (£0.0127)
Ntention UN 0.7647 0.7525 0.6870
Att -
entom IRt (40.0152)  (40.0044)  (+0.0105)
enee UN 0.7310 0.7442 0.6579
S J- 1
ense e (£0.0257)  (£0.0133)  (£0.0445)
MiResU N 0.7438 0.7571 0.6797
t >sU-Net
HRes TR (£0.0162)  (£0.0240)  (+£0.0563)
0.7733 0.7620 0. 6880
STAN
(40.0147)  (£0.0170)  (£0.0169)
0.7871 0.8057 0.6944
EMSK U-Net
¢ (£0.0214)  (£0.0154)  (+0.0104)

3.3 HBLELIG
3.3.1 ZRZHHSM

28 SC 35 BORE X 38 K 1 B4 48 L B Dataset BUSI %4 5 48 if
TR . ’ISHAMT 3 MHR IR, Hp,LSK
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ROAh ST T R P s TR AR L B T A RCRHE TR B
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Fig. 8 Segmentation results of ablation experiments on Dataset BUSI
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B AR PERESE An FHIHLAY AR IR o 20 4% IUSE An 7T LU
EMSK U-Net 7 3 Matr LRI N EAL . 3 MEHRE U-Net
454 W7 EAE Dice AT A Z G BR 10T JRAR Y U-Net, 8
AR S U-Net HZEARRLIEW] T 3 MBS YA B

#5 IHB K AE Dataset BUSI kY 4%

Table 5 Results of ablation experiment on Dataset BUSI
Method Sensitivity Dice JI
0.7761 0.7545 0.6438
U-Net
(£0.0289) (40.0113) (£0.0099)
0.7723 0.8074 0.6962
LSK U-Net
(£0.0195) (£0.0190) (£0.0206)
0.7392 0.7780 0.6744
TL-EG U-Net
(£0.0351) (4£0.0128) (£0.0191)
0.7331 0.7721 0.6612
MF U-Net
(£0.0275) (£0.0196) (£0.0198)
0.7826 0.8162 0.7069
EMSK U-Net
(£0.0212) (+0.0118) (£0.0136)

3.4 EBEFRLZESHEEESN
g Y TG bl VAL B A 4 TP AR X R R Y S
(Parameters) Fll 7% 1 12 5 %0 (Floating-point Operations Per
Seconds, FLOP) #4748 i1, 12 6 73], b, S8 & 1548
B 2 580 AR TR N TR B B R R B
T T 3% e 58 U0 T 5 04, P R A T Y A R
F 6 AR S H0E M FLOPs Mgt

Table 6 Parameters and FLOPs of different algorithms

Method Parameters FLOPs

U-Net 1.94 X108 3. 88X 10°

Attention U-Net 1.95%108 3.8910°

Dense U-Net 1.32X10° 2.62x108

MultiResU-Net 1.84 %108 3.67X10°

STAN 29. 38105 58. 74106

EMSK U-Net 2.04 %108 4,06 106

N 6 TT LA H, Dense U-Net 52 ¥ iy 2 50 i /b, B &I
EIRERE AL AR 2—F 4 WS RKE, OB E B R
FARAY . 1 MultiResU-Net #8571 (1) 2 50k A1 430 & 2% B 5 s
& T U-Net, X325 Tok 2 AT A WA TiH5E &, A0
FEO3 B 48 0] LA K BAL L %A R 0 8 G i R o RS R A 22
B LI A5 R 5. AT U-Net R 4% 9 748 fA £ 3 8 i ol
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e o S PR FLAIT T 3 AN [ R /N 9 A A 7 R iE B A, 5 BOAR
A 3 B AR S
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