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IR, BN, A %, 242, F 4,5 &

(P K225 SRR HoR 2B, il 226019)

H E:RETRAARECEAARARKRER SN R AR —, SRR F Foo8 g T A S b w5 F 49
FTRHBEFE, #F (Ultrasound, US) Z 4 b 3 3 bk F Foo8 JEFR K 5] A4S 69 B b b i3 55 o 69 % )
BFF& 2R ERGERE S DR, EAEGHH A E . AL E MSC-LSAM f %, —# %

JER W R G 1 B AR 5 AR S B M2 B A S I B BRI AR Ao IR IS R R Beik R 4 E BB E A T
RRIRFRYG W, MSC-LSAM £ % 54 25 38 4 5F 47 T 4% — A & (Segment anything model, SAM ) & AL 4.
% # 5% Fo UNet % #5 35, J2 % 75 35 35 4 R A UNetfﬁ%E‘; B RBFRBRAL T I %69 SAM AL % 7
%, Jf # Transformer & ¥ 3| X & 2k 69 i& Be 25 (Adapter) 3 , # A& T 5 3 49 5 %] — by B & (Learnable
SAM,LSAM). LSAME#JHZT&&V"‘%E%EIH% WG FEI A B E RN, KRG, £ UNet2 AR
%3N % RE R L& S (Multi-scale cross-axial attention, MCA) , 52 3L % R E 4542 69 5 Uik &, A 23R
Fria G B B R B R A, kJE, @i § a8 i & & 7 (Efficient channel attention, ECA) 5 3L
B 35 % REAFIE 69 Z 00k A M VR R 5% . &R AW, A4 69 MSC-LSAM £ & i A8
2T R HE S CAMUS Ao 5 3h Bk 48 # A A ¥ % CAUS L BF T RA4Fa 2R . CAMUS # % S B2
(2CH) Fo w3 & i (4CH) £ 3% £ % %) 49 -F ¥ Dice 48 % % (Dice similarity coefficient, DSC) %~ %] i% |
0.927 42 0.934; CAUS 4 4% % 09 -F ¥ DSC £ 2] 0.917, MSC-LSAM /& 3 3h Bk i 4k Fo o8 Ik B 4R A2 5 1 45
SEMES LRBT RIS EHERE, G T LR \j']ﬁ-fi‘, A ORAF G R F

KR St P A2 EERSE 5 H — A BERLEEN ;SR BEEZA
FESZES: R318;TP391.41 XHEARER . A

Multi-scale Crossed Algorithm for Ultrasound Medical Image Segmentation Based
on MSC-LSAM

WANG Zhaoxin, YANG Wenwen, RONG Ze, LI Zhengyu, WANG Xing, MA Lei
(School of Information Science and Technology, Nantong University, Nantong 226019, China)

Abstract: Stroke is one of the leading causes of death and disability around the world. Carotid artery
stenosis (CAS) and cardiac lesions are important contributing factors to ischemic stroke, and ultrasound
imaging has shown great potential in diagnosing ischemic stroke caused by CAS and cardiac lesions. But
ultrasound images present significant segmentation challenges due to noise and blurred boundaries. To
address this issue, the MSC-LSAM algorithm, a multi-scale crossed dual encoder network for ultrasound

image segmentation is proposed. It aims to achieve rapid and accurate segmentation of carotid and cardiac
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cavities, assisting physicians in disease diagnosis. In the MSC-LSAM, the encoder part parallels a
segment anything model (SAM) vision encoder and an UNet encoder, while the decoder part utilizes an
UNet decoder. In the SAM image encoder, we froze the pretrained SAM image encoder and introduce
efficient adapter blocks in Transformer layers, referred to as learnable SAM (LLSAM). LSAM maintains
learning capability and high generalization ability while having a low number of parameters. In the global
UNet network, we incorporate the multi-scale cross-axial attention (MCA) blocks to achieve cross-fusion
of multi-scale features between different axes, effectively enhancing edge segmentation capabilities and
suppressing model overfitting. Following the parallel encoders, the efficient channel attention (ECA)
block is added to enable integration of multi-scale features from dual encoders, reducing incorrect
segmentation caused by feature level mismatches. MSC-LSAM achieves good performance on both the
publicly available cardiac ultrasound dataset of CAMUS and the self-constructed carotid artery ultrasound
dataset of CAUS. Average dice similarity coefficients (DSCs) for the segmentation of the two-chamber
(2CH) and four-chamber (4CH) datasets in CAMUS reach 0.927 and 0.934, respectively; while the
average DSC for the CAUS dataset reaches 0.917. MSC-LSAM achieves good segmentation accuracy in
tasks of carotid lumen and cardiac chamber ultrasound image segmentation, surpassing mainstream
segmentation algorithms, and shows promising application prospects.

Key words: ischemic stroke; ultrasound image segmentation; segment anything model (SAM); multi-scale

cross-axial attention (MCA); efficient channel attention (ECA)
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P'RIESARRES T Z R R KN Z R IEE .
Ak, AHIE 5% R I HE R % (Accuracy , ACC) K i % (Precision, PRE) . & J¥ (Sensitivity , SE) Fil F,
SIH(F mscore ) SR PFAS 55 Y i 57 3195 0 b BB 0, HE TR A KA 0k

TP+ TN
A= T IN S FP L PN (9)
TP
TP
Flfscore:M (12)
PRE + SE

Ao TP R 8 E 8 70 518 H AR AR R EG FP ROR 8 AR 50 F1°8 B AR 975 548 R 80 TN R #1E
3 EIA T R AR R B EN KRR 8 A 1R 50 #1015 S B R R 8.
3.3 xtibsLEe

MSC-LSAM 5 2 F 2 3t B 2% 43 310 55325 M BE 0 % Ll 52 36 25 S B ] Ak T bb 285 21 43 0l an ¢ 1~3 &l
5~T7 i, Hih 78 4 1~3 W, R50 % 7% ResNet50, R101 % 7% ResNet101; 78 Kl 5~7 1, GT £ /R & % b
#E , Deeplabv3-+ 37~ Deeplabv3 -+ (ResNet50) .

®1 FECAMUSHIEE 2CH LW LRI AR
Table 1 Comparative experiment results on 2CH of CAMUS dataset

ik DSC HDY95 ACC PRE SE F-score
DeepLabv3(R50) 0.923 5.926 0.955 0.868 0.908 0.887
DeepLabv3—+(R50) 0.902 8.796 0.955 0.837 0.887 0.861
DeeplLabv3+(R101) 0.891 8.606 0.956 0.806 0.867 0.835
UNet(Baseline) 0.917 6.696 0.954 0.858 0.892 0.874
UNet++ 0.915 7.044 0.955 0.834 0.898 0.865
Trans-Unet 0.919 6.586 0.965 0.849 0.902 0.875
Swin-Unet 0.922 13.997 0.985 0.872 0.911 0.891
nn-UNet 0.927 3.952 0.986 0.876 0.911 0.893
U-Mamba 0.925 5.879 0.981 0.888 0.917 0.902
MSC-LSAM(Ours) 0.927 3.741 0.983 0.887 0.911 0.899

F2 ZECAMUSHEE4CH LT LE R ER
Table 2 Comparative experiment results on 4CH of CAMUS dataset

GRS DSC HDY5 ACC PRE SE F-score
DeepLabv3(R50) 0.931 5.392 0.996 0.969 0.970 0.970
Deeplabv3+(R50) 0.916 7.126 0.996 0.932 0.972 0.952
DeepLabv3+(R101) 0.905 8.170 0.996 0.925 0.974 0.949
UNet(Baseline) 0.927 5.918 0.995 0.961 0.965 0.963
UNet+ + 0.924 6.284 0.996 0.951 0.974 0.962
Trans-Unet 0.928 5.852 0.995 0.959 0.979 0.969
Swin-Unet 0.913 14.256 0.994 0.934 0.973 0.953
nn-UNet 0.932 4.951 0.997 0.951 0.973 0.962
U-Mamba 0.934 6.021 0.995 0.965 0.974 0.969

MSC-LSAM(Ours) 0.934 5.081 0.996 0.967 0.971 0.969
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®3 ECAUSHIEE LHXLENWER

Table 3 Comparative experiment results on CAUS dataset

Bk DSC HD95 ACC PRE SE F-score
Deeplabv3(R50) 0.897 3.719 0.997 0.892 0.949 0.920
DeepLabv3+(R50) 0.879 5.021 0.997 0.858 0.939 0.897
DeepLabv3—+(R101) 0.870 5.448 0.996 0.823 0.930 0.873
UNet(Baseline) 0.892 4.285 0.996 0.879 0.931 0.898
UNet++ 0.874 4.070 0.996 0.840 0.934 0.885
Trans-Unet 0.905 5.365 0.998 0.901 0.929 0.915
Swin-Unet 0.885 9.007 0.996 0.860 0.933 0.895
nn-UNet 0.918 3.745 0.996 0.918 0.929 0.923
U-Mamba 0.916 5.945 0.996 0.915 0.936 0.925
MSC-LSAM(Ours) 0.917 2.246 0.997 0.914 0.933 0.920
Original GT DecpLabv3+ UNet UNet++ Swin-Unet nn-UNet  U-Mamba

5 MSC-LSAM 5 H A3 78 CAMUS 464 2CH 1 Wl WAL b ¢
Fig.5 Visualization comparison of MSC-LSAM and other algorithms on 2CH of CAMUS dataset
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Fig.6  Visualization comparison of MSC-LSAM and other algorithms on 4CH of CAMUS dataset
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Original GT DecpLabv3+ UNet UNet++ Swin-Unet nn-UNet U-Mamba Ours

K7 MSC-LSAM 5 HABS L 7E CAUS $odli 46 19 T Bl Ak L2
Fig.7 Visualization comparison of MSC-LSAM and other algorithms on CAUS dataset
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Table 4 Ablation experiment results on 2CH of CAMUS dataset
) DSC HD95
LSAM ECA MCA
Labell Label2 Label3  Average Labell Label2 Label3  Average
0.913 0.908 0.930 0.917 7.560 4.443 8.084 6.696
NG 0.920 0.911 0.927 0.919 5.232 3.656 4.200 4.362
NG NG 0.920 0.911 0.928 0.920 3.883 3.637 4.444 3.988
N, N N, 0.923 0.919 0.937 0.927 3.663 3.371 4.190 3.741
ACC PRE
LSAM ECA MCA
Labell Label2 Label3 Average Labell Label2 Label3  Average
0.945 0.923 0.992 0.954 0.844 0.883 0.847 0.858
N 0.981 0.975 0.992 0.982 0.856 0.880 0.847 0.861
N/ NG 0.981 0.974 0.992 0.982 0.858 0.882 0.855 0.865
N, N, N 0.980 0.976 0.992 0.983 0.900 0.873 0.889 0.887
SE F\-score
LSAM ECA MCA
Label1 ILabel2 Label3 Average ILabell Label2 Label3  Average
0.896 0.864 0.914 0.892 0.869 0.874 0.879 0.874
NG 0.911 0.860 0.944 0.905 0.882 0.870 0.893 0.882
NG NG 0.908 0.863 0.943 0.905 0.882 0.872 0.897 0.884
NG N NG 0.909 0.873 0.950 0.911 0.904 0.873 0.919 0.899
®5 FECAMUSHIR&£4ICH LHHRMERER
Table 5 Ablation experiment results on 4CH of CAMUS dataset
DSC HD95
LSAM ECA )
Label1  Label2 Label3  Average labell Label2 1Iabel3  Average
0.915 0.914 0.951 0.927 6.652 3.927 7.176 5.918
N 0.915 0.912 0.951 0.926 6.647 3.923 6.915 5.828
NG NG 0.914 0.926 0.953 0.931 5.630 3.587 6.381 5.199
N, N, N, 0.919 0.929 0.954 0.934 5.692 3.253 6.297 5.081
ACC PRE
LSAM ECA MCA
Labell Label2 Label3 Average Labell Label2 Label3  Average
0.992 0.993 0.999 0.995 0.925 0.968 0.991 0.961
NG 0.992 0.993 0.999 0.995 0.932 0.962 0.992 0.962
N N 0.993 0.995 0.999 0.996 0.949 0.962 0.990 0.967
N, N, N, 0.993 0.994 0.999 0.996 0.943 0.969 0.989 0.967
SE F\-score
LSAM ECA MCA
Label1 Label2 ILabel3 Average Labell ILabel2 Label3  Average
0.966 0.948 0.981 0.965 0.945 0.958 0.986 0.963
NG 0.959 0.950 0.981 0.963 0.944 0.956 0.986 0.962
NG NG 0.958 0.969 0.990 0.973 0.953 0.965 0.990 0.969
NG N NG 0.965 0.960 0.988 0.971 0.953 0.965 0.989 0.969
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Table 6 Ablation experiment results on CAUS dataset

LSAM ECA MCA bse HD95
Label 1 Label 2 Average Label 1 Label 2 Average
0.859 0.924 0.892 4.883 4.213 4.548
N 0.863 0.919 0.891 5.362 5.581 5.472
NG NG 0.895 0.936 0.915 4.070 3.290 3.680
N J N 0.900 0.934 0.917 2.559 1.934 2.246
LSAM ECA MCA ACC PRE
Label 1 Label 2 Average Label 1 Label 2 Average
0.995 0.997 0.996 0.810 0.949 0.879
N 0.995 0.997 0.996 0.805 0.948 0.877
NG NG 0.996 0.997 0.997 0.863 0.958 0.911
N J N 0.997 0.997 0.997 0.884 0.945 0.914
LSAM  ECA MCA SE Fyscore
Label 1 Label 2 Average Label 1 Label 2 Average
0.942 0.921 0.931 0.867 0.929 0.898
N 0.941 0.902 0.921 0.863 0.919 0.891
NG NG 0.946 0.919 0.933 0.900 0.933 0.917
J N J 0.935 0.931 0.933 0.906 0.934 0.920

UNet+LSAM UNet+tLSAM+ECA UNet+tLSAM+ECA+MCA

B8 CAMUS $tifi 4 2CH _E 19 il 52 4 ] AL 2 7
Fig.8 Visualization results of ablation experiment on 2CH of CAMUS dataset
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iy, e

B9 7 CAMUS %8s £ 4CH b () 11 fil 52 56 vl Al 24 21
Fig.9 Visualization results of ablation experiment on 4CH of CAMUS dataset
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Fig.10  Visualization results of ablation experiment on CAUS dataset
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