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Abstract

Ultrasound (US) and contrast-enhanced ultrasound (CEUS) are essential imaging tools for analyzing
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the spatial and temporal characteristics of lesions, as well as for diagnosing or predicting diseases.
However, ultrasound images are often characterized by blurred boundaries and significant noise
interference, making the task of frame-by-frame plaque assessment and lesion depiction labor-in-
tensive and time-consuming. This presents a challenge for using deep learning techniques to ana-
lyze ultrasound videos. Despite advancements, there are still few segmentation methods capable of
effectively integrating feature information from both types of images, and existing approaches re-
quire further optimization in their ability to capture global contextual information. To address this,
we propose a U-shaped dual-branch network model based on a Mix Convolutional and Transformer
Block (MCT) framework with an improved Transformer, incorporating convolutional attention
modules in the skip connections. The MCT framework is designed to leverage the strengths of both
convolution and self-attention, enhancing the ability to capture global contextual information while
retaining the beneficial inductive biases of convolution. Experimental results demonstrate that our
designed network outperforms clinical experts on the carotid artery dataset.
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SR[11]. SR, TFBNTERE— Ml 2 i B 0 X ek —— 08995 o A ] BBl i —— BB S 9% ) o I PR R AR
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JOE R T IR S 3B ko 75 MR B H R A #ERE, I B FUAE 73 SRR 1 AN B A J7 T A7)
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o MARRDERFRST AR BT 38 T ARSI H ISR R BRI G i 35 1) S X St 2E Ao AR 2% 7 S X B N kAT 3 % 3
G, PRI B SPUAT AT FORFE. R BROE B\ 2] CBAM [16]#iHH, CBAM B4
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Figure 1. Network architecture diagram
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Figure 2. MCT Block
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Kedmh Z SNASC CEN e A CEN 5 VIT [14]h 32 i 0 J5A TY) FEN AR () 2 i B ARk sl
LY, E50R Z SN XL B G R, REEIEAE AN IFOR Y 4 1, FFHEAT LR — (A6 s AL ReLu 15
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L((x,y)) = z:::]_ Xi Iog yi (11)

o, x RORESLRRZEIEE I AR, y, RoanBB T x J& T 55 | RAMR . I MR o A I
AE SRR IS, RIS I SR04 SR HE R o

AL B R BR 0 HH B8 SO 2R R EORT Dice $0R BRBUINAUR . Z80d SRS, 49 H 29 A O 0.6 [ A4
PERERAF, WA X(2)FIR

DicelLoss =1— (10)

Loss =(1-24) L) +ADiceLoss (12)

3. HE4ER
3.1. SCIOTFIE

AR AR K Fo At ok EE R AL AE Linux T4 L@t 1.8 A PyTorch HEZESZHL, FH I HA 12
G ET1EH) NVIDIA 3080 GPU #4745 .

3.2. Wifiedr

N T BB ML LR, TESNZNIKBE PGB 4 L kAT 1 5250, 183 VAL FE 475 i Dice %K.
AZHLL(I0U) K& 2 (Precision) F1-A 5] Z (Recall) S il BT A RL R PR RE . 70811 45 SR 5 b 2 22 ] 1 AR AL
PRIl Dice AL REGHAT I, % RECH BT & T R E LR Z B E SR S8 R AR R T
BERGARSNES R, WENTESHENE. BAKLT, B85 N1, BReES. AR
i, A BTN RE AR B R S B R T T e e 24 TR TN 1 L 3] o O 2R TR A 1) E 28 3 T = 5 B OE
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Recall = (15)
P+FN
Precision = Ll (16)
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33. hR&R

3.3.1. FFIKBERB|ETELWRLER

AT S0 BT 36 T B e A i R A 2 I SO 11 3 B0 KB B 5 SR AT 0 AT, BBl K B B
AL US A CEUS IXBMILAIHIN, LARAR% Mask. HAUIZREE, WRIFE, MHRELL 7:2:1 itk
BT 53 A (4 S5 R AE MR B A5 R AR .

A SCAEZEE G EX AR Se gk OB IEAT TSRS, R IREAT TR R T IRAR SEE I AP,
AR BB T R 2 S B E RN, FREAH RIS AT N TSR0 . SRk 1 o, ik
[12]FI[21]-[25] 2%t 0 B — RS B, B, T A, RS0 CEUS FI US 158 4 I i 4 B2 i3k 47
PHE SN J77%[26] N2 56T CEUS Al US BEZS B0l ISEER LS R el LA H, AWkt T
HAh 7%

Table 1. Performance of different models on this dataset
%= 1. FEEREIZEIRE DB E

Method Dice (1) Recall (1) IoU (1) Precision (1)
TransUnet [21] 83.50% 85.23% 79.62% 87.56%
SwimUnet [22] 76.36% 79.36% 74.80% 82.12%

Unet [12] 75.67% 71.32% 72.38% 80.32%
DeeplabV3 [23] 74.49% 69.45% 71.38% T77.78%
SegNeXt [24] 76.19% 78.34% 73.56% 78.34%
SegViT [25] 77.48% 79.23 74.21% 80.55%
CEUSegNet [26] 82.51% 84.73% 83.91% 86.34%
Our 89.72% 92.84% 87.38% 89.12%

AT BB S &G BR BE R U], ARk T & RAEERHE SR ). BRAh, XU 3L
TRAEAN CBAM REHRI 51 NBE— D158 1R IERIE A R SE BRI IERE )y, BEIRTE T Bk S
BREE . XA S M R AR b AR 1 s PR, S Ho A IR LR, R SCER
19X 22% ZKE 8 S Ik RS 73 BUAE 55 v B 28

3.3.2. jHRASCLS

N T RRIRASCHE VR R, A SO AR S TR AR AL AT T SRR (RS PR . AR SCAE I
) bk BESR (768 75 R SKT L 8 St P B A AT TSRS, ¥ e TransUnet 1R AFEHEM 4%, SR )5 435I
FEFLILA F A SCEE H ) MCT AEUfT CBAM bk DL J B 4 T N 48 2544, Hidid Dice Rk &8HF
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Table 2. Ablation experiments for different Module

= 2. SR EHRIR A HRL SEIE

Method Dice (1) Recall (1) 10U (1) Precision (T)
TransUnet [21] 83.50% 85.23% 79.62% 87.56%
+MCT 86.23% 88.43% 84.95% 88.93%
+CBAM 85.61% 86.71% 85.70% 88.37%
+MCT + CBAM 88.38 89.85% 87.27% 91.42%
All 89.72% 92.84% 87.38% 89.12%

M 2 Frongs R, W LUE HERHER 2% TransUnet $44% 45 (1) TransFormer B & i sl A HE H 1 MCT
PR EA TR A B IS . EBRERAN . CBAM fibh, #HATEREIY AR . K MCT Al
CBAM XA GATH], BAFR IR ARG B 742 . [R5 058 FH AR SC X0y SO, AT DU BI7E
Dice &%, ARIRLL KA I HIX A FEIR LS 2] T 5 M.

[FIS O 7 SR FH P MO I R, DA SA ST AR R 78 43 SR DX 9 AN [R) B2 (R AR AIE I 3R 4T
RAFHIE SRS, ASCHE— BT 1 2 56— (US B CEUS) AN B AS 5286 i T AR ST
W28 RN, 48 F B — 1535 (US B CEUS)I, 5 TR SEIG I A, A STHE I AN N 3 43 il
AHHFEIIREZS . 03k 3 R,

Table 3. Ablation experiments for two modalities of US and CEUS
7z 3§ (US)FAXT LG 3R 8 A5 (CEUS) RS RO HRL L1

Method Dice (T) Recall (1) 10U (1) Precision (T)
us 83.84% 81.79% 83.21% 83.09%
CEUS 87.48% 89.27% 84.95% 88.93%
US + CEUS 89.72% 92.84% 87.38% 89.12%

MAE 3 ATEAE U — AP SR S (US) I, B (R I 22 5 1T 24 (A P KT Bl 5t 745 (CEUS)
i, AERPEREA PRI ZR I ESEA SO R AT LG I, BEUS A BB TERE . X R IIA S
BRI EE 78 0 MoK H IR AR S ROE S, AT SR THASE 2R F) A 1

4, B5RIE

ASCWEIE T KBS > I 1), X2 — IR S N T RESUR A B AT 5% . D SEI ks H H 3k
(I3 h K BE B o3 1, [N B8 A i ) P OB A5 45 5L (B US AT CEUS), AR SCHHl 1 — Rl B4 ) U 2 g 4 40
t——MCTUnet. iZ58H3E T ASCHE 0 MCT Bk, I5@biifhes VBRI BER RSB IS, 3R
LRI HIF, RE 7B R R B A

ASCHRERR X5y SCEH W PR 70 ) BEAT TR RFEIFHEAT (5 B A, AT 78 73 1) 3K 3 A A
SWELE, =& T EE. tAh, EBRIERALSI N CBAM BLER, 5 %0 TURNFIE, 8 5mkrk K
RIERET), BE—DRRTE T ERE L. I LSRG A RS I i 25 R T LU R Y, A SRR & 0

B AL T AR, I HAE D BIRCR R+, 1 Dice REUET] 1 89.72%, [ FIEF] T 92.84%,
SEIFECILE] T 87.38%, MM FEHAZAIAE] T 89.12%. A SR RIAN[A] - 2 BT B ) 080 ik PR R 7

DOI: 10.12677/m0s.2025.141020 208 e RSE TR


https://doi.org/10.12677/mos.2025.141020

Iz, b4

F, ARSCRRE] R T RO [F RS 45 B CEUS R US, @ IdfE B A2 H., T AT LA 76 43 ) F 5 oA [+
REASHIESS, ST S I H AL, TR T4 & 1 B2 12 T3t ik BRI 73 ERE L o

E&WE

AR e [ B SR 0 R 50 H (JCKY2019413D001) b B T K 2% Pr 2% T R2 A2 X I H (10-21-302-413)

igi

SE

(1]

(2]
(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]
[14]

[15]

[16]

Naghavi, M., Libby, P., Falk, E., Casscells, S.W., Litovsky, S., Rumberger, J., et al. (2003) From Vulnerable Plaque to
Vulnerable Patient: A Call for New Definitions and Risk Assessment Strategies: Part I. Circulation, 108, 1664-1672.
https://doi.org/10.1161/01.cir.0000087480.94275.97

Benjamin, E.J., Muntner, P., Alonso, A., et al. (2019) Heart Disease and Stroke Statistics-2019 Update: A Report from
the American Heart Association. Circulation, 139, e56-e528.

He, K., Lian, C., Zhang, B., Zhang, X., Cao, X., Nie, D., et al. (2021) HF-UNet: Learning Hierarchically Inter-Task
Relevance in Multi-Task U-Net for Accurate Prostate Segmentation in CT Images. IEEE Transactions on Medical Im-
aging, 40, 2118-2128. https://doi.org/10.1109/tmi.2021.3072956

European Carotid Plaque Study Group (1995) Carotid Artery Plaque Composition-Relationship to Clinical Presentation
and Ultra-Sound B-Mode Imaging. European Journal of Vascular and Endovascular Surgery, 10, 23-30.

Lee, W. (2013) General Principles of Carotid Doppler Ultrasonography. Ultrasonography, 33, 11-17.
https://doi.org/10.14366/usg.13018

ten Kate, G.L., van Dijk, A.C., van den Oord, S.C.H., Hussain, B., Verhagen, H.J.M., Sijbrands, E.J.G., et al. (2013)
Usefulness of Contrast-Enhanced Ultrasound for Detection of Carotid Plaque Ulceration in Patients with Symptomatic
Carotid Atherosclerosis. The American Journal of Cardiology, 112, 292-298.
https://doi.org/10.1016/j.amjcard.2013.03.028

Feinstein, S.B. (2004) The Powerful Microbubble: From Bench to Bedside, from Intravascular Indicator to Therapeutic
Delivery System, and Beyond. American Journal of Physiology-Heart and Circulatory Physiology, 287, H450-H457.
https://doi.org/10.1152/ajpheart.00134.2004

ten Kate, G.L., Renaud, G.G.J., Akkus, Z., van den Oord, S.C.H., ten Cate, F.J., Shamdasani, V., et al. (2012) Far-Wall
Pseudoenhancement during Contrast-Enhanced Ultrasound of the Carotid Arteries: Clinical Description and in Vitro
Reproduction. Ultrasound in Medicine & Biology, 38, 593-600. https://doi.org/10.1016/j.ultrasmedbio.2011.12.019

Loizou, C.P., Pattichis, C.S., Pantziaris, M. and Nicolaides, A. (2007) An Integrated System for the Segmentation of
Atherosclerotic Carotid Plaque. IEEE Transactions on Information Technology in Biomedicine, 11, 661-667.
https://doi.org/10.1109/tith.2006.890019

Loizou, C.P., Petroudi, S., Pattichis, C.S., Pantziaris, M., Kasparis, T. and Nicolaides, A. (2012) Segmentation of Ath-
erosclerotic Carotid Plaque in Ultrasound Video. 2012 Annual International Conference of the IEEE Engineering in
Medicine and Biology Society, San Diego, 28 August-1 September 2012, 53-56.
https://doi.org/10.1109/embc.2012.6345869

Chung, Y.E. and Kim, K.W. (2014) Contrast-Enhanced Ultrasonography: Advance and Current Status in Abdominal
Imaging. Ultrasonography, 34, 3-18. https://doi.org/10.14366/usg.14034

Ronneberger, O., Fischer, P. and Brox, T. (2015) U-Net: Convolutional Networks for Biomedical Image Segmentation.
Medical Image Computing and Computer-Assisted Intervention-MICCAI 2015: 18th International Conference, Munich,
5-9 October 2015, 234-241. https://doi.org/10.1007/978-3-319-24574-4_28

Devlin, J., Chang, M.W., Lee, K., et al. (2018) Bert: Pre-Training of Deep Bidirectional Transformers for Language
Understanding.

Dosovitskiy, A., Beyer, L., Kolesnikov, A., et al. (2020) An Image Is Worth 16 x 16 Words: Transformers for Image
Recognition at Scale.

Chen, C.R., Fan, Q. and Panda, R. (2021) CrossViT: Cross-Attention Multi-Scale Vision Transformer for Image Classi-
fication. 2021 IEEE/CVF International Conference on Computer Vision (ICCV), Montreal, 10-17 October 2021, 357-
366. https://doi.org/10.1109/iccv48922.2021.00041

Woo, S., Park, J., Lee, J. and Kweon, I.S. (2018) CBAM: Convolutional Block Attention Module. Computer Vision—
ECCV 2018 15th European Conference, Munich, 8-14 September 2018, 3-19.
https://doi.org/10.1007/978-3-030-01234-2_1

DOI: 10.12677/mos.2025.141020 209 e RSE TR


https://doi.org/10.12677/mos.2025.141020
https://doi.org/10.1161/01.cir.0000087480.94275.97
https://doi.org/10.1109/tmi.2021.3072956
https://doi.org/10.14366/usg.13018
https://doi.org/10.1016/j.amjcard.2013.03.028
https://doi.org/10.1152/ajpheart.00134.2004
https://doi.org/10.1016/j.ultrasmedbio.2011.12.019
https://doi.org/10.1109/titb.2006.890019
https://doi.org/10.1109/embc.2012.6345869
https://doi.org/10.14366/usg.14034
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1109/iccv48922.2021.00041
https://doi.org/10.1007/978-3-030-01234-2_1

I, b4

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

Semih Kayhan, O. and van Gemert, J.C. (2020) On Translation Invariance in CNNs: Convolutional Layers Can Exploit
Absolute Spatial Location. 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle,
13-19 June 2020, 14262-14273. https://doi.org/10.1109/cvpr42600.2020.01428

Chu, X.X., Zhang, B., Tian, Z., Wei, X.L. and Xia, H.X. (2021) Conditional Positional Encodings for Vision Trans-
formers.

Lowe, D.G. (1999) Object Recognition from Local Scale-Invariant Features. Proceedings of the 7th IEEE International
Conference on Computer Vision, Kerkyra, 20-27 September 1999, 1150-1157. https://doi.org/10.1109/iccv.1999.790410

Lin, T.-Y., Goyal, P., Girshick, R., He, K.M. and Dollar, P. (2017) Focal Loss for Dense Object Detection. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 42, 318-327.

Chen, J., Lu, Y., Yu, Q., etal. (2021) TransUNet: Transformers Make Strong Encoders for Medical Image Segmentation.

Cao, H., Wang, Y., Chen, J,, Jiang, D., Zhang, X., Tian, Q., et al. (2023) Swin-Unet: Unet-Like Pure Transformer for
Medical Image Segmentation. Computer Vision—ECCV 2022 Workshops, Tel Aviv, 23-27 October 2022, 205-218.
https://doi.org/10.1007/978-3-031-25066-8 9

Yurtkulu, S.C., Sahin, Y.H. and Unal, G. (2019) Semantic Segmentation with Extended DeepLabv3 Architecture. 2019
27th Signal Processing and Communications Applications Conference (SIU), Sivas, 24-26 April 2019, 1-4.
https://doi.org/10.1109/siu.2019.8806244

Guo, M.H., Lu, C.Z., Hou, Q., et al. (2022) SegNeXt: Rethinking Convolutional Attention Design for Semantic Seg-
mentation. 2022 Conference on Neural Information Processing Systems, New Orleans, 28 November-9 December 2022,
1140-1156.

Zhang, B., Tian, Z., Tang, Q., et al. (2022) SegViT: Semantic Segmentation with Plain Vision Transformers. 2022 Con-
ference on Neural Information Processing Systems, New Orleans, 28 November-9 December 2022, 4971-4982.

Meng, Z., Zhu, Y., Fan, X., Tian, J., Nie, F. and Wang, K. (2022) CEUSegNet: A Cross-Modality Lesion Segmentation
Network for Contrast-Enhanced Ultrasound. 2022 IEEE 19th International Symposium on Biomedical Imaging (ISBI),
Kolkata, 28-31 March 2022, 1-5. https://doi.org/10.1109/isbi52829.2022.9761594

DOI: 10.12677/mos.2025.141020 210 e RSE TR


https://doi.org/10.12677/mos.2025.141020
https://doi.org/10.1109/cvpr42600.2020.01428
https://doi.org/10.1109/iccv.1999.790410
https://doi.org/10.1007/978-3-031-25066-8_9
https://doi.org/10.1109/siu.2019.8806244
https://doi.org/10.1109/isbi52829.2022.9761594

	基于MCTUnet的双模态超声图像的颈动脉斑块分割
	摘  要
	关键词
	Carotid Plaque Segmentation in Dual-Modal Ultrasound Images Based on MCTUnet
	Abstract
	Keywords
	1. 引言
	2. 仿真模型
	2.1. 问题定义
	2.2. 仿真模型
	2.2.1. 混合卷积注意力(MCT)模块
	2.2.2. 模块卷积块注意力模块(CBAM)

	2.3. 损失函数

	3. 仿真结果
	3.1. 实验环境
	3.2. 评价指标
	3.3. 仿真结果
	3.3.1. 颈动脉斑块数据集仿真实验结果
	3.3.2. 消融实验


	4. 结束语
	基金项目
	参考文献

