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Abstract

Stroke is a major public health challenge and one of the leading causes of death around the world.
Carotid atherosclerotic plaque closely correlates with ischemic diseases such as stroke. Early de-
tection and treatment of carotid plaques are important for preventing future ischemic stroke dis-
eases. Contrast-enhanced ultrasound (CEUS) has emerged as a prevalent imaging modality for the
diagnosis of carotid plaques, so accurate segmentation of atherosclerotic plaques from CEUS im-
ages is crucial for the prevention and treatment of ischemic stroke. However, automatic segmen-
tation of carotid plaques from CEUS images is tremendously challenging due to blurred plaque
boundaries and strong noise in images. Therefore, how to improve the performance of carotid
plaque segmentation remains an urgent problem. In this paper, we propose an innovative medical
image segmentation framework, called DATU-Net, which aims to integrate the Swin Transformer
block and the dual-attention mechanism into a U-shaped architecture for automatic carotid plaque
segmentation of CEUS images. DATU-Net employs an encoder built upon the Swin Transformer
block, proficient in effectively modelling long-range dependencies and multi-scale contextual in-
formation. In order to obtain richer feature representations, we introduce a Dual-Level Attention
module in the encoder-decoder skip connection to enhance the image-specific positional and
channel features, which effectively improves the performance of plaque segmentation. In addition,
we introduce the Swin Transformer block in the decoder for further exploring the global contex-
tual information during the up-sampling process while progressively recovering feature maps. We
evaluate the performance of the proposed framework using real clinical datasets. Extensive expe-
rimental simulation results consistently show that the method proposed in this paper outper-
forms other segmentation networks in terms of Dice coefficient (0.8548), intersection over union
(0.7632), precision (0.8746) and recall (0.8863). These experiments demonstrate the effectiveness
of DATU-Net and provide a viable solution to the problem of automatic plaque segmentation in
carotid CEUS images.
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1. 518

o 2 v d S LRI LS 0, BB RO SR ANGET 3, AR et S8 — BB [2]. K%
G 2 O ) S R L R A 3], DALk, 0T ek A KGR R A T A, AT e AR VA 2B K B HAE I
IKERAEZEZ L. Hil, A2MME2E8ME77 U H TR sish ks s, 48 X 4. iHEyEa
f#i(Computed Tomography, CT). #iJL# 1% (Magnetic Resonance Imaging, MRIA1E i 7 (Ultrasound,
US). TEXLEESAGEAF, WS BATA (B, JofE 5 M b se BAERr 4], Rk 2 T30
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Eald, hhe

KB HA2 W . 8 75 38 5235 K (Contrast-enhanced ultrasound, CEUS) & 78 & ¥ 5 1 LAt b & J i — Feb g A
AR ARG A B 738, PR P o AR 2 L A R v B2 (5] ESsh kB Hif 7 ik fE v, BEE
2@ CEUS BUG KM & BEHL LA R A/ 6]. 2R1M, X —d R 7R E R A TFIrE R X IR, A Ths
TR 9 ) HARE R MEAEE B . Rk, 2T CEUS % E 3h 4 BIBEER B0 H AT EE 22 N T8 REM
HAANE, FEAIEEG I ERRE S 2107,

WYL, B TAEG TR BB KBRS B R 2 A A S, BRI O HER [X 5
(Region of Interest, Rol)RFESE BURIBEH /3% . K 22 Hodk Gt 40 1) 0L 1 B SU7E T MG S U BLARER M
FORFIE . — L8 AN SR B K I 32 S 20 %1 Sumathi 25 [7] 20 FH 3 T30 R (10 K S 4 4 80
V40 B 7E v I/ B () PN AR L B (IMT) . Nagaaraj 25 [8]4 HY —Fh 2L T ] 2 ML (Support Vector Machine)
IR [ S BRI P o 50 S B0 o 17 22 HoAth 5 92 BT A M A, U0 75 L b (BB . Destrempes 25 [9]F)
FIE S Al 3K 8 4 3] DU Wk R (Bayesian model) i 73 #1154 75 1% b (BB . Mehdi Z5[10]42 H1 7 —
Pt () 23 (SR C ME AN & 525, F LU 3 sl kol 7 PG R BB . Loizou S5 [11]48H T —
T T B el Y 0 RN S TR B AR BR (1 7 v T o0 B S s B SR AR R AL B . V5 Z2 0 9 R A G Bk
9T T AT CEUS EUERISNBI Bk BEL 7% i) @ . 5140 Hoogi S5 [12]F ] 32 3h%e Bk /R s, A
WAt Sk, AR BIZE M, Zeynettin ZE[13]3 T — T A 40 E S SR AE B HUER
FE 75 3G MR L RIS 7 BBk B Ee . R X S8 75 VR AR S AR BE B 73 B AT L B T SE R it e,
BA% G A SRAFAEA ] AR SR BRI o B T8 75 BG5S BRI LT 2K BE RN SO AR AE
ITE SRR . AL, FANERERIRHEE A B0 K, A& BN KB o %o FE
RE—RL, B RS HER, T HBZ e

AR, IRFES I AT P HED) | R 2R IR 2 K& VF 2 56 TIR 22 ST B 58000 T 38 ik
e 7 MG B ] . T B R AR K AR 2B B il A BE (Carotid Artery Wall, CAW) 1, [Rltb A —25¢+
S K AL R S B O RE T, KPR 2 TR 43 R T PP S0 ik B - o LS (Intima-Media Thickness,
IMT). Carl ZF[14]3&H T —F8r VR B A0 22 WX 2% T 8 2 2 Hh 4M a2 5t (Media-Adventitia Boundary,
MAB) A 5 P4 i 21 % (Lumen-Intima Boundary, LIB). Zhou Z&[15142 H 1 — i T~ 5h 245 5 A1 28 o) 2% A0 2
HBERY U-Net BIUREES: 2] o BINESE, F T 3zl ik = 4E# 75 E1G 73 %) MAB FLIB. SRT, X877 H i
T EISBIBK LA BE, AN o BIBE. Ik, V2 7R R B S0 BKGE 7S U R B, Mi 5§
(16138 B ih—AN B =99 ST 2 SCRFAE Rl G AL B 2331 55032 DL S I BE e (R BB 73381 . Xie S5 [3]38 I SR Ak
PR AR 24N U-Net, T8 7 UG S sl ik L5 Js A BEE ) 73 81 . Meshram ZE[17)52H 7 —Fh 9~
JEI U-Net ZEH5K 7 FISBN K BE L . Pankaj 45 [18]KVE = JHLHI S U-Net 28455, TR 50 3l ik
(Internal Carotid Artery, ICA)FI1%i i 51 fik(Common Carotid Artery, CCA) BIM& (2 s ik B b . LR ix ek
FIRBE S SRR T — S F TR RS, (I (IS sh Bk BT 4 3 5 i8R T I — L bk 1)
TR S A B2 BT 1) BRI 2 BRAS R AR bR SO R R OC R, M T B E D
$eime 2) BT A R R S T HURMIC R &, AR X 1 Ul B NG, REH SE0L R0 H
RORAEAR . 3) RZ 0B K A it 28 FIAAD 2% 1 RRAF 8 o Al s i Bk S B e 2t &, 2 T i
R AR, FEURBCERMES . Bk, Wl 584 2800 R A sk CEUS FIG LA SE ik fff Hh 43 512513 ik
BESATI AR SE — Nk

LM, HRPL M 2% (Convolutional Neural Networks, CNN), 551 & 4= 3% F1 /4 4% (Fully
Convolutional Networks, FCN) [19111 U-Net [20] K FARARTLE & 2= UG o3 TR L 6, O 2T
FFREE 22 U TS5 . U-Net BIFRHARGE 1 B2 R B RGE, ek T dnidas - M as 4, @
T BRI R A B B AN RS B B R AE AT P, T AR B rE]. UNet++ [21]1 11 7 — #71
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REN . BEMBIER:, BT/ as MRS 2 [ 115 U574 . Attention U-Net [22]42 H 7 —FhiE
= J11"](Attention Gate, AG)HL, (Y BEME SCTEAFITEAR AR /NI B AR, 7598 H 25 REAE 1 [ B 40 1 A
AHICIIHFAE . MultiResUNet [23]4i F 22 N & 5 AR BUAERT U-Net AR5 BB HEAT 2453k, EZ A EEEE
B4 LA T 0 EIPERE . DoubleU-Net [2413@iHES P4 U-Net 42443 R A 290 =% (8] & 7 35 i ik
(Atrous Spatial Pyramid Pooling, ASPP), i A= 5 B {5 43 #1| Al dak i) 5 K FE AR ,

824 Transformer 7E 71 SAALSE AR B IR A 24, VIT [250805 78 70 R I gR s, 72 %
SR T RERY . A, N TR Z RERHERR, 8 AR R B UE 2 R4 =k B A2
#., Swin Transformer [261# F —FiA 201035 T RAL W 5 AR R vH 8 BiE = 77, 78 EHGR R 2 4
TRIAE 55 (1 H ARl AE S E) sk ) 7 s deit I PERE . 52 2 Transformer 75 CV S 535 B G K
B B A G B AR RS T BRI ETE . TransUNet [27] 18 Yk 2208 Transformer 1 U-Net #HZ5 4, H)
F Transformer $KHU4 R B R SUE R, 454 U-Net 50K 2 R305 8 . TransFuse [28]i i 347 1) 7 208k
Transformer il CNN 25575 —i2, fEARKEZFHEMATIE T Iemam B R 3R BE . Swin-Unet [29]
P T —MET Swin Transformer () U JEZLH ) 4E Transformer #4Y, H T2 28 B AL E 4 %o
DS-TransUNet [30]3% 3T Swin Transformer 3053 32 b 2% KA A FRLE 18 U B, HT%3%
REERHERTR, AEZFhlE BB BUE S h R H

i £ B ko P i 5 UG D P sy 45t rh o SRS FE AR BE D7 T A R ), ASCER H T — o s =
UGS EINES: DATU-Net, B EIEEINENIK CEUS % o BELRAER, /> 13- . DATU-Net £/ T Swin
Transformer. XUE = JUMLHIFT U TEZERI IR H . gmhd s 70 SR Swin Transformer BEE AT Ry, 2%
s FEaioe fAEM A R LR B R R, @ik w i+ CNN s 52, 780 R G R
A (1 Ja3 30 P DA 5 X 4 45 5 R I/ BURE T o TEAZMEZE T, FRATIETF R T X iF = J1(Double-Level At-
tention, DLA)RER, HA$R B UGS 2 0060 B AR AL AUE B FHE O RE 71, B EL RIS 38 3115 10 22 R 4
fiE. M4k, TEMRRDESER4 51N T Swin Transformer A5idk, DIHEGE ML ARG RE ST . N T ITASASCIR
DATU-Net B &ME, FRATER PG Hah Ik BEREAR R AT 7T 2 07 FUSE8s,  SRie s B 78 40k W
T TR IR SLRRVERE, RSN Ik P 1 5 R AR HEDE HR Oy SR A T — A R H TSR R R OT R

2. 5k
2.1. LR

ARSCHEH ) DATU-Net 22k 1] 1 Bim . 45 @ AN BRI ST 1 e RS, i H xW RoR¥A
1123 18] 23 2 . DATU-Net K R 4R TD 2% — MRAD AR 2844, iZHESEFET Swin Transformer #iHte) it g
M 8s sy 30, HTFH3R4eR L F X B MRS ZREE R [T CNN ESEAT 55 BT B A 1556 0
BT B 20 SO N EHGEEAT TR, DA AR BB SRS 240 5 RFAIE - DATU-Net K XU K11 & /1 (DLA)
RO BN 2 Bk ERIE R, DR il 285 B I RHAE, I UEAAE OGBS, AT B At [ A i 25 4%
HRFIE IR U S B RE . 7EIZ B, @B R S (Channel Attention Module, CAM) [31]F147 &
TR I (Position Attention Module, PAM) [31]4 HI T4 &5 5 RURI A FH B8 R S 1Ao7 B4R 1 R e 3 A
fiEo bAh, FRATHE Swin Transformer fH 5| A BIfgfgder, LAk —PIRE F R P BT B 30E
B fJa, DATU-Net o] DALHERHIZRAS RN A H xW R R H - H11E .

2.2. Swin Transformer {ER4R1528

FATE Swin Transformer BRI 1% He & I 2 (Patch Merging) M B — k2, #5 DATU-Net FIRHIE S
T B8 A% o 1% 8 4% 3 B AL 2 DUAN I B Swin Transformer ¥4 B, SN B & — 2 B8 19 Swin Transformer
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Figure 1. The overall architecture of the proposed DATU-Net
[ 1. 12489 DATU-Net FIER IR ZE4Y
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Swin Transformer
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Upsample

Conv

Skip Connection

Reshape

R, ANEFAL G bRAE MSA L, T @GR, Swin Transformer BT F2 47 % 1 AR IS T
BEAEEZ R AER NS B 2 BoRTHAESN Swin Transformer BBk, fAMEEHH LN (Layer
Normalization) 2. £k HiER JIBEL. HEEREMEA GELU IR MBS AU XUZ MLP (Multi-layer
Perceptron)4H il F&T % MR 3k B E & J1(Window-based Multi-head Self Attention, W-MSA)EHL A3+
T T 11 22 3k 73 2 /(Shifted Window-based Multi-head Self Attention, SW-MSA) 43 51 S FH - /5 /> s 45

f] Swin Transformer ik,
HF X DRIy 77k, 4L Swin Transformer BEEL AT 4 5 LR -

2' =W —MSA(LN(2%))+ 2

)
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7 = MLP(LN(i'))+2‘ @)
7= SW - MSA(LN( )) - 3)
—MLP(LN( '*1))+2'+1 )

Hrb, 2R 2 RIS A MSA BEHURT MLP B, W-MSA Fil SW-MSA w1 B VER At H 7
EE NI EA:

Attention (Q,K,V ) = Sofuvlax(QKT JNd + B)v (5)

HepQ, K, VeR"™ & query. key Flvalue 56/ . d F7% query 5% key FUZE%, M2ERE OB
HROKRE, B e RM™M MR B i

ro- - -=-—-=-"-"-"-"""-"""-"="-"—-—-""""""""""=""="-""=-—"=-""="—"=-—"=-—"=-= N\
| 7! 7! I
|z T T |
> LN > W-MSA > LN > MLP
| % T
| |
e e e e e e o ! — — — — — —— —— ————— —— ————— — L
’rrYr———7-——"=--"""""""""""">"""""">"""""""-"""""="—"=—="=—"7=— N\
I ; ZIle Z1+1 I
I z LN »| Sw-MsA 1N > LN > MLP A Ly
I AL/ N
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Figure 2. Swin Transformer block
2. Swin Transformer &R

TEE Z BB A% N2 Swin Transformer B8 1, B4 BB IR B (Patch Partition) %8 4 x 4 K
NBEAT I — RAIAEZ . A BB IREEI N — “token” , FRREE 4 A% ik A\ 2 (Linear
Embedding)F-ii i £ i # 5 C 4E(C = 96). Ff)5, ﬁ%@@iﬁ%fhﬂ%}j’iiﬁﬂ\ﬁ@é\/I\F‘fTEiE’J Swin Trans-
former "FHATRHAER R 2], HAPRHELERFI 3 PR ORIFAAE . T 3R18 2 RERHE RN 7= 4 B 3k
s BEE MR, W& I (Patch Merging) 2 ks /b EUG B AOEE . BRI S, SRE 2R
B9 4 B0 T8 S A 1R IE T8 4 B H 4% (Concatenate), 285 EHFHE IR bR ZR1E 2 o KA B4 bk
B 2 15, AT 2 R0 MR N OREE, IR A L RPE4E R n 2 5. BRI, DYANB B L RRAE 1R
IR AN H/AXW /4. H/8xW /8. H/16xW /16 Fil H/32xW /32, ili&%4r %4 C. 2C. 4C Fi18C.

2.3. WEFFE S (Dual-Level Attention)FER

w3 froR, ASCHE HHIRZE = ) (DLAVBERAE Y DATU-Net HSRBEALMT:, A REREUIA A 1 &
BORE FE AL B RFAE A B RFAE , BB 3 0 (6 2% [A) 4k BRI TE 41 FE b SCIVRRAESG 9, AT SRAS 58 VR0 Al UE
TRIRFIESE & . DLA R E] IS B 0% 0 A0 Bk BRI+ 7 ok B i 2% (AL FRA L, I BBk BRI He 1 T A
B 7R AARAD A B TR B REE R R o DRI, FRATTHE FLAR B BB 4 rh LLBR =i A B 1 43 P e . DLA
A EEAMEAER: — AN A0 B b (Position Attention Module, PAM), A —/Mi &l iE 7 &
7L (Channel Attention Module, CAM), i #Bf5% 7 DANet [31].
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Figure 3. Dual-Level Attention module structure

Bl 3. MFEBNRREGH

2.3.1. (NEFEHER PAM

a4 FroR, PAM ARG AL W A R AL B 2 T 6 25 (Ao o% 2, 38 I B o7 B AR AIE 0 DA A
SRR E R . AUEE AN B AR A AU A E o BRI, PAM FESRIUA 5 S 28 (R RFAE T T2 A
R AL EVER YR 2 B LTS SUE BRSO SR AR AL, NG 5R e R R BE T

% PAM HIRIEESINRFEEE N A RO, S0 A KN FIBRE T, BRI =AHRER, /)
B. C 1 D, BAMFFIEEI R A RO, 2 okl B I C B RN, Hoh N = H xW R B R0 .
ZJA, 7E B M C ¥ E 2 MIPATRE TR, JERA softmax E3RMA 2 & K S e RV .

B.C.
Sy =—eNXp( <) (6)
> exp(B,-C))

Hop, s, FoR8 i AMLEXE | AMLE M. AR D EEIROY, RIS S M E AT R,
WK REERHREY . )5, BOTEHRUSH o, IHTRAEE A BT0ERRAIZH, MR ERE
ffifth E e R&Y
Ej=oa:1(sjiDi)+Aj ™

Horbr o #J4R4E 8 0, JFIZWA IS EZ HNE. 0T E RIrA L EREAR GRHE R, Brble
HA 2R B R SCRAIE, [ RESS AR I 23 A1 SO BLE B IR & 1R 30, BRIk, PAM HA 1R 58 A 2 (A
ESRELAE ST, T A OB B BARHE, RN (R 2R BT UER.

2.3.2. BEFERNER PAM

IR IR CAM S5k 5 R, EfEKIRBOEERE. 5 PAM ANFERE, WATERR R G
FHER Ae RO SR RN, SREH A 5HEE BT, BEE, RATRH— softmax 2,
FEEERIIE X e R

exp(A - A))

= 8
Xji ZiczleXp(A 'Aj) ®
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I—b —>» reshape & transpose
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A NxN

E
‘® softmax o .. s
C reshape' g

reshape
—> > ® > Ea—b
reshape
D

A
CxH*W CxHXW

Figure 4. Position attention module structure

Bl 4. MEEENIEREN

X, xRS ANEIER S ANEE R BNk, X AR X R BT RERERE, IR IR

ZEREHA RO BT, L5 RS H B, T ATIEIC R RAIZH, B RIRANHE Ec RO .
N

E; :ﬁZ(in )*Aj ©)

Horbr p O JTUG 2R . 5 PAM 268400, 75 CAM Hh SR IBGE TERFAE I, A5 0 B 28 4 AR AR
JITA S TERFAEAN SR AR R AL DI BCR A AP, TR T 77 CAM RSB S K 1A S IE R S A g

A E
reshape ® reshape h 4
>»Q)—PH—
CxC
i
reshape > ® softmax ;...

BEE x

CxHXW T CxH*W
reshape & transpose

Figure 5. Channel attention module structure
El 5. BEEE SRR

233 MEFEBNIER DLA

Wk 3 s, BAILE T ORGE R IR DLA (28K B o Ui 7 B B (PAM) ) 5
7 B GEHRIR DD Al 5 AT B 7R CAM) B (SRR (R 34145 € . DLA PHABAM LG 55—
SYLLPAM N, 454l CAM M. 25— H4 SREUANEHE B, 3BT B KO RS
AEACH U8, 135] £, . SURL PAM AT GBS, P RURIE, B8] f . AR
AT

f, =Conv(input) (10)
f, =Conv(PAM(f,)) (12)

T WA R AR E R, ME— X )2 PAM B By CAM BB, kA L T s
f. = Conv(input) (12)

DOI: 10.12677/m0s.2024.132149 1584 e RSE TR


https://doi.org/10.12677/mos.2024.132149

Eald, hhe

f, =Conv(CAM ( ,)) (13)

o3l WA BT S AR B I AE £ f BT R ERA, IR AR 2R ResBlock)
[2f& B e RFAE, IR REDEIE R, G SR A M 45 ) BT BRI s
output = ResBIock( fp + fc) (14)

XA TTEI U DLA BHURLF AR T PAM Al CAM (R34, LIF ROWSRAFE SR IR, fH RN R
Fe Y B (A RE R SR LA

2.4. fRIGES

W 1 AR, FATEET Swin Transformer By T DATU-Net HIf#ERS2S, I THIRER FRAESEH
M PR KOG R . 52 3] Swin-Unet [29]/FIfFAGE8 & T 10)E K, BATIEMG A A 7 BUEEL & 2 (Patch
Expanding) it $2 UG- FERFAE B HEAT FoRFE . RS 28 E 2 = N BA AL, A BUAR L FE E JB )2
Swin Transformer #i3t. RS EEEE— BT BUES SRR IR I I A PR i 2 0%, AH R P RRAE 4R 2K 2
o BRUG, 1X = ANB B4 ARRE B 0 R 5 i 9 H /16 xW /16« H/BxW /8 Rl H/4xW /4, JEIEHL 537
N AC. 2C A1 C. [FINF, WAgIE 7 A8 MK RS S T8 0 B T B, MR R E . BN
JEH ReLU B% BBk A R . Z8 03X 9 S RAR ) 288 B G HAT oRARHRAE, SR BT A It R ek 4
FAT 3545 H xW x Class {152 1l i, HH Class R J 5 .

2.5. KEH

N T RAG R R I DXy TR AR AL 7, AR SRR BA TR PR 2 % e U SORR A 2%, BCE 4
R[33]/2 oo KA B F B 2 4R R AL 10U Seb] e A s i AR A AR R AR v, B S
W HIAE BRI > B RARE P F bR . i, loU $ 2R [3414% 2 PRI SRt Rk i 8. AT IAE A 5 2k

BB B A S F
Lrotar = Liou + Lece (15)
Loce =~ X[ 6(r.¢)log (s (r.c))+(1-G(r.c))log(1-5(r.c))] (16)
(re)
> >5(r.e)6(ro)

’L

LIOU =1- =

i%[s(r,cHG(r,c)—S(r,c)G(r,c)}

r=1 c=1

HrhG(r,c)e {01} For g A (r,c) FEAEIRSE, S(r,c) Fom i HARKI TR

17)

3. X
3.1 BER

FEARSCHISEEG F, FRATIEE T 146 LB kBT B34 1) CEUS R MIANAT, X Se AT iy bR A0 i k2
B= 22 R A EE B AR SRR A, JRE T HA S R RS itE. £ 8 10 UL LIRIRE I G R E
ARFES T, SR XA R BRI TARE, 2 BIRREAEITRAE. RAERMEEELE
% 1200 7k CEUS &M%, M8 8:1:1 LBk RI 4 I it . B FEE AR 4k .
3.2. BIETmALTE

FESRESH, O TGN ZRFEAR B 2 BEE, SRATTIE I S v simxd SRR B R AT 2 A A e, IX— 2855 A
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A BT iR M S, PRI ILE RS, B ReA R e B 7 SRS HHERi P . 72 CEUS K&
FOTI7H, FATHAT 7 BTG, S — 512*612. [ANS, FATHEAT /A —LABE, w3
RN SRR R FF— Bk, REVIGRACR . N 7 A B o o F i o, RATERA 1% WL Hodia 18
ST, AnEMGER: . BEUREIEE AR AR . ISR A LS & B TE A A IR R H A,
R HANGRR BN 5 ARG R .

33 SLWRE

ASCHE ) DATU-Net (4285850 KH T Swin-Tiny [26]/F N ET- /L%, B4 ImageNet ZiE
£ EINZR IR E BT S HI iR . EIIZRd g, RATEE 7 300 4 epoch IIVIZREE IR, HEALIE R/
N8, WG 21% ) 0.01. N TR ERE, FRATESE T Adam fifbds, HHahEREN 0.9, HE
¥ M 0.0001. DATU-Net {5283 T PyTorch #2242, If HATA 250452 /£ NVIDIA RTX 3090 GPU i
ITHI, DAAOR VT SEBCR ABRLN ZR AN 2EAT . 5] 6 J&7R T DATU-Net JIlZk 300 > epoch FI477 F 12k,
Horb x ShFRRBEARINZIE IR,y BRI GRIGFE YO B AR R A . BATT AT AR B 2481 2k th 2%
RP TR, EZRBTPR, RaBMIIIGRMR RAF, B0 IR 200 SR o .
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Figure 6. Training loss curve
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3.4. THfiERR

EARH, BATE R HZ FPE AR R VPl BT i 7V E R e, £45 Dice %% (Dice coefficient
score, Dice). 22 Ff:Et(Intersection over Union, loU). F&#E (Precision)F1 4 [813K (Recall) . iXLLF54r 1 HUE TE
FEITE O 3 1 2 [a), HUE B S B 70 B 1 Be bk 4 . Dice RECVPANL 2 TRINE 22 A0 L IHUG 3 2 [a] 4
PRARBLEE o 1oV #E AR THE SR 2 5 TG 3R 1028 SE AN I B 1) B R A B 70 B v % o RS A S
A ML = NES =M & o N VWL - N S 1 e 2 == T 2 P RV = N S e O b X (=1 7t O /N W e
XUTF

2*TP
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TP

loU=——u— (19)
TP+FP+FN
Precision = P (20)
+FP
Recall =— 1~ (21)
TP +FN

A, TP (True Positive) 7 7~ BB X 4% 2 1 IE#H 70 2240 TN (True Negative) %7 JEBE B X 3815 2= 1 I
5984, FP (False Positive) &K /nBEH X 1815 2 145 1% 937255 FN (False Negative) 3R/~ 3EBEER X 345 Z 11

iR REL
3.5. XFEESCLE

FEAATH, TAVEN KT CEUS B IS IR PR 4r FIT 55, e 4t 1) DATU-Net 55 2 Fh S it (1 73 51077 (B
$& U-Net [20]. UNet++ [21]. Attention U-Net [22]. MultiResUNet [23]. PSPNet [35]. DeepLabV3+ [36].
DenseASPP [37]. TransUNet [12]. Swin-Unet [13])#1T T 4zl tbic. w B Rk 1 fon, Hodg
F B RS S DU bR . FRATTAT LU B DATU-Net 72T PEM FE bR E#UA &AL T Hodth 2> B A, H
iM%, Dice Al loU 7> 53AF] T 85.48%F1 76.32%K KT, BEMT U-Net. 55 U-Net [¥15Fhas 4
AHLE, 40 UNet++F1 MultiResUNet, DATU-Net 7F U JEAEZL LAl 454 1 Swin Transformer #idk, 155
T GG Es - FRRDAR 2R I D RE tE A R GG . FRATHISE 3] Attention U-Net @i 51 NBRERIE #Hh f7d =
FITIHLEIARE T U-Net B 22T+ 17 STk GEa bR . AHELZ R, ASCHEH ) DLA s /b 4o 2% A0 A iD 25
V) (A SO A 75 TH SN 280, AT DA et e e Wh RO 32 O TE 515 B, M5 T AR IR 1% . PSPNet.
DeepLabV3+#ll DenseASPP j@id ASPP FRHUIRHCTE K PRZ M, Was ) 2 L N ER, dhmigs 1
s E|FabR, Hrb DeepLabV3+#il DenseASPP 43 7lHU4S 7 79.08%7%11 80.14%[] Dice ##%. ML T,
DATU-Net i@ 78 4w ft 5 A g 2% o 5] N Swin Transformer #idk, & 80t 4 J5 _E R S04 BT AR AR #t
KA, FRAERZ NERHERR, 1M T BRFEBIE B i E. £ T Transformer B4, 41 TransUNet
F1 Swin-Unet, PEREFRARIFEAL T EiRAL, Hrb, Swin-Unet 7£ Swin Transformer #H (5 5 FEUE T
B AP B ST, R T Swin Transformer AHE T #rifE Transformer 5 5 K RE . AHET TransUNet
F1 Swin-Unet, DATU-Net /MY FF Swin Transformer B4 i 4 i s A AR AL 2% DAE RCREL 4 5 A AN 22
R BRI, 8@ ¥ DLA B Bk, AED TURFE I RN S A M E 5 S, B3
P 7 REARYERE . LAk, DATU-Net HPSBN > SCOREE 7 — @ A IRI4RY, A Bl T 3R45 5 v 10 D He 7y
FL . EAFER ML, DATU-Net 78 & W5 R ES W R AL T-HE4 58 — 1 Swin-Unet, Dice 1 loU 73 Jl 4
=1 1 1.4%F0 2.1%, I B3RS T S RS BERIH R0, 73012 87.46%71 88.63%, W3 ML T HoAth 5.4 %4

Table 1. Quantitative analysis results of different methods
= 1. FRIFENEENESR

WARzS Dice loU Precision Recall
U-Net 71.49% 64.35% 75.61% 75.86%
U-Net++ 72.86% 65.41% 75.93% 76.75%
Attention U-Net 72.92% 65.67% 75.76% 78.25%
MultiResUNet 73.67% 66.75% 78.02% 78.86%
PSPNet 78.60% 69.13% 82.54% 83.40%

DOI: 10.12677/m0s.2024.132149 1587 e RSE TR


https://doi.org/10.12677/mos.2024.132149

E&d, e

DeepLabV3+ 79.08% 71.34% 84.42% 85.06%
DenseASPP 80.14% 72.86% 85.19% 86.74%
TransUNet 82.56% 74.40% 86.12% 87.25%
Swin-Unet 83.74% 74.75% 86.54% 87.70%

DATU-Net(ours) 85.48% 76.32% 87.46% 88.63%

K 6 RoR T AT ) DATU-Net 5 HoAth 7 BRI K 5E R rT LA A7 045 R ELEL. & 7 o, kAT
IR AE 73 %) CEUS RSB IKERAE S5 h R B (. W LLE S, JATHIINEIR A REN ™ A i 1 70 #1
g5, XK DATU-Net 7550k F1) 45 RN BESA 000 75 T B A B AF 1/ #IRE 1. BRI S, 1X4eLl
WS R A 7 AR K DATU-Net FIA BN, I HRE 1 iZJ71%4E CEUS FIURIAN K
R 27331075 T ) 2 5
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U-Net++ Attenion U-Net MultiResUNet PSPNet DeepLabV3+ DenseASPP

Ed
B

NEEENR

nEEunn
nEEAnn
NnEEIENR
gy
NEEnnn
NnEmnnn
(P el
(P Lol fnlg
NEANND
(Dl ]

Figure 7. Visualization of plaque segmentation results for different methods
7. RNRIFGERPIR S EIE R AN

3.6. JHRASCIE

Table 2. Ablation experimental results
Fz 2. (HRLSCIGZER

Fik Dice loU Precision Recall
U-Net 71.49% 64.35% 75.61% 75.86%
U/SE 78.20% 71.39% 82.97% 83.29%
U/SE + SD 81.42% 73.54% 84.04% 86.23%
U/SE + SD + CAB 83.36% 74.62% 86.25% 87.18%
U/SE + SD + CAB + DLA 85.48% 76.32% 87.46% 88.63%
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SOER I, Z5H B o ST DU RO SRR AT, SR o EIVERE. RTLAEE, “UISE +SD + CAB +
DLA” it—25¥ Dice fil 1oU 437 )\ 83.36%72 =1 21| 85.48%Fl1 74.62%%¢ =i %1 76.32%. Wit & #E MIIRTHE
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B, XUGEEIHUEIF U 4k, BERE CEUS BURIBINKBEHM 2 #lukiftt. FAT7 2 FIH Swin
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