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Abstract: Objective Ultrasound imaging plays a crucial role in medical diagnosis due to its convenience, non-invasive

nature, and cost-effectiveness, making it an essential tool in clinical settings. However, accurately localizing and extract-
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ing detailed features from ultrasound images, especially when dealing with complex pathological boundaries such as nod-
ules and cysts, remains a major challenge. While traditional convolutional neural networks (CNNs) excel at feature extrac-
tion through convolutional layers, their limited receptive fields often result in the loss of crucial global information. Con-
versely, Transformer-based models are proficient at capturing global features through self-attention mechanisms but tend to
struggle with capturing fine local details effectively. Additionally, their high computational requirements limit their use in
real-time medical applications. The segmentation any model (SAM) has recently demonstrated success in natural image
segmentation. However, its performance notably declines when applied to medical images, particularly ultrasound, often
necessitating manual intervention. This decline is primarily due to the fact that SAM is trained exclusively on natural
images, which differ substantially in domain distribution from medical images. An enhanced SAM model (i. e. , SAM com-
bined with counterfactual prompt and cascaded decoder (SAMCD) ) is proposed to address this limitation. Method SAMCD
enhances the existing SAM framework by incorporating a Bypass CNN image encoder, a simple cross-branch interaction
adapter (SCIA), a counterfactual intervention prompt generator, and a cascaded decoder. First, a Bypass CNN encoder
and a novel module named SCIA are used. The limited local information of the ViT encoder is compensated by integrating
the Bypass CNN encoder with the SCIA module, thereby enhancing the capability of the model to capture fine details.
Next, a counterfactual intervention mechanism based on causal learning is introduced to adapt to the prompts produced by
the prompt generator and optimize its output. This mechanism encourages the model to focus on generating factual
prompts, strengthening the learning capability of the prompt generator, improving segmentation precision, and reducing
dependency on high-quality prompts. Furthermore, a cascaded decoder is incorporated to capture rich edge information.
The original SAM decoder is used to create a prior mask, followed by an edge-attention-enhanced Transformer decoder and
a pixel-level decoder. This multistage decoding process enables the model to better capture and refine rich edge informa-
tion, leading to highly accurate segmentation results. Finally, a two-stage training strategy is employed to enhance the seg-
mentation performance of the model and accelerate convergence. The first stage focuses on training the interactive segmen-
tation model, while the second stage concentrates on training the automatic segmentation model that incorporates a prompt
generator. In the experiments, the hardware platform is NVIDIA GeForce RTX 3090, the programming language is Python
3.9, and the deep learning framework is PyTorch. The network is trained under a batch size of 4, a learning rate of 0. 000 1,
and a number of training rounds of 200, and the Adam optimizer is selected. SAMCD is initialized with SAM weights before
training, and the images are scaled to 256 X 256 pixels using bilinear interpolation during training. Result Experiments
were conducted on the TN3K and BUSI datasets to evaluate the performance of the SAMCD model, using a range of metrics
including Dice similarity coefficient (DSC) , mean intersection over union (mloU) , Hausdorff distance (HD) , accuracy
(Acc) , sensitivity (Sen) , and specificity (Spe). Notably, lower HD values indicate better segmentation performance,
while higher values for metrics such as DSC and mloU (ranging from O to 1) indicate better performance. In these evalua-
tions, the SAMCD model achieved a DSC score of 83. 66% on the thyroid nodule 3K(TN3K) dataset and 84.29% on the
breast ultrasound image (BUSI) dataset, surpassing the performance of the original SAM, MedSAM, SAMed, and SAMCT
in almost all metrics. Compared to SAMCT, the SAMCD model shows improvements of 0. 91% and 0. 16% on mloU and
Acc, respectively, on the TN3K dataset. Furthermore, SAMCD outperforms other SAM-related comparison models by an
average of 20.43% and 12.91% in performance. When compared to non-SAM approaches, SAMCD achieves 4. 65%,
3.29%, 13.58%, 5.16%, and 2.22% higher DSC values than U-Net, CE-Net, SwinUnet, TransFuse, and TransUNet,
respectively, on the TN3K dataset. In terms of Acc, SAMCD outperforms TransFuse and TransUNet by 0. 79% and 0.29%,
respectively, while also demonstrating an average improvement of 4. 95% in Sen and 0. 46% in Spe over the five non-SAM meth-
ods. Additionally, SAMCD requires fewer training parameters and consumes less computational resources compared to SAM-
related models. Ablation experiments and visual analyses further confirm the substantial performance improvements provided by the
SAMCD method. Conclusion SAMCD leverages the strong feature extraction capabilities of SAM by enhancing its encoder, prompt gen-
erator, decoder, and training strategy. These improvements enable SAMCD to accurately capture complex local details and small targets
in ultrasound images , thereby substantially improving the automatic segmentation performance for ultrasound medical imaging.

Key words: ultrasound image segmentation; segment anything model (SAM) ; cascaded decoding; counterfactual prompt

generation; cross-branch interaction adapter



$30% /58 /2025 £5 A

E—F, #8, X\, RIZR, BEE
%6 REXRRES RERFRG SAM B = E &5

0 35l

T

B 2 R 3 AR I PRIZ W7 5 s e 000 R 7 AR R
g O E MR . R B2 R O3 57
BN AH Bl B2 A= EA T kL 67 RV AR 3 AT, 2 AR
F+i2¥7 %% (Noble Fl Boukerroui, 2006) . # /H4E Ky
— Tz L T R A R AR AR, PRSP
TCAR SRR A ST A, © A I RS W v AN 7T
B T H (Wang 55,2021) o AHE T IHEALETZ 4
(computed tomography , CT) (XI| B2 F] 45, 2018) Flf H:
P& 1% (magnetic resonance imaging, MRI) (3 1§ 25 |
2022) 5 HAbBE A AR B | i RS TE UG i i |
FFAE—E 1Y Jay FRAE e S0l 2 TRUR TS LU BE 30 A
B LA S 2L e M SRR AE , 3 A5 I Sl A P 1
o3 WIARATIC g RO (7 3 25 ,2023) o Ht, BIF5E 4N
R4 v A P 2 A UG 0 0 HE R P | v Bl A5 o
R M PRAR, A B

FRIT, 2 T IR 2 > (1977 ¥ (Chen 25, 2020) £
JZ B TR R R B RO AT
T f 2 W 2% (convolutional neural network, CNN)
(Dhruv Fl Naskar, 2020) F1 3% T Transformer ( Xiao &%,
2023) I PIZE ¥ . U-Net(Ronneberger 45 ,2015) /&
CNN J5 i WP By TR AR BAT H iy £ B 407 1Y)
fEJ. & U-Net BYJE & BIFFEN G H— R 5 Bk
1l CE-Net (context encoder network ) (Gu %5 ,2019) i
1k 5123 5 BN 5k 22 Heoke fif ke U-Net =5 [8]45 2L 1Y
TR, DUBE 5 70 HI RS B2 o B Transformer 7E
THE AL oE U Y 182 N (BRIs 4T 55 ,2023) , B
T Transformer AR AU YL 5| A B BG40, i,
TransUNet(Chen 45,2021 ) 7 U-Net #5271 ) JL Aty |- 51
NG G 25 , 4 CNN Fl Transformer 45 45 2 5K , 1
S de AR M0 J7 1 Z — ; SwinUnet (Cao 55, 2023)
5 TransUNet A 6], H A FH Swin Transformer £ (Han
45, 2023) A Fi A TG B2 B S3 J2 FRAE 5 TransFuse
(Zhang 55 ,2021) W2 i o SR I3 SO FATE5 0, 45 &
CNN F1 Transformerffi 2 J 4l 15 , $2 55 2 J5y B 3¢
AR . X SRR 1 L [ F UM — N A
WEER 2 e 1y U TEHESE , 7E 2 R R 0 22 JRy 15 R R g
PRAF MR Sy A0, AT H 5 23 FURS B2

2022 4E LIS, E A AR 7 (foundation models, FM)
(9 H B | A RS R i X FE 72 S0 2R K

RT3 R AR i AT 55 1 07 IR AR BRI AT . 40
] — P # I (segment anything model, SAM) (Kirillov
45,2023) RUHAZ B I RE M 32 43T, 76 A AR K180y
H U IS B H AR (£ 4R 45,2024), 5%
B AR R JBE 27 2] 43 BB AU [R] , SAM AT LA &b 341 55 Bl 1Y)
B FEREAAE 55 A AN [F] B4 AR 55 I, HOAR S
BEEF X E B AR ERTII GRS AL 2 ] LUAR 5 A
[] () 4 7 (s HE | SCAR 5 ) i H A I 1) 53 11 45
{HJ2 H A — 22 58 F B (Shi 57,2023 ; Wu 5, 2023;
Cheng % ,2023) , SAM 7 & 4 % (4n e 7 &%) 43
FE 55 IR, T PR SAM ANTE A SR R
AT, M EE A RN A IR R Z A AR AR
AR o3 AT 22 57

— A H R O VR R T BE 2 AR X SAM i
FIUE . I, MedSAM (Ma %5, 2024) 78 AT HREE
RS BHRAE T SAM SEAT YIS, FH 138 F B2 2= 5]
1GorEl SR, TR IR E R SR AR K, HAFAE
RS AN S5 1 ) 5, MedSAM 7 #8745 18115 LY fRE 2
SRR o Feils A BFFER S 808 U (parameter
efficient fine tuning, PEFT) FAR (Fu%s,2023), -4
R AT S5 LA E RN RI . 40, Zhang F1
Liu (2023) $2 1{ SAMed (segment anything model for
medical) , 5| A K # H i& M (low-rank adapta-
tion, LoORA) 5 , X SAM UG G st AT 10, L3
o7 & 2 PR 3 T 55, 7 BRI 20T Y [ i A5
NEERY > BN R 0 Lin 55 A (2024) $2 1 SAMCT, 45
4 CNN 4 15 8% F1 %5 53 3 3¢ B 45 Bt (cross-branch
interaction module, CIM) G SAM , {HIZ AR B it &2
FPEAR XN T ORI Y A, HOHAR R AR AR A
5y ZARA N Z 5, SAMCT 1) f i 25 K e o8 il &
CNN it ith e 47 4 1) P PR A O A2 R 3R, AN 1
PLSE 4 P RUR 1 2055 RRAEEA TR AL

DL B F 5 IR G 1 ) AN [ A 2 2 2 IR ) e
FUL TR BT R A B T 2 L ARSI I RCR,
EJR B T8 P R AT L BEAIR M P R R e
A5 [ T, R 0k B4 0 8 P T 45 03 0 ) e RICR O
AW B EIATE O, A SCR SAM B BT B8 3
75 G5 0 4508, R PEFT H5 R | 454 55 B CNN i
T 4% RN 85 73 A8 HAG B A K T SAM, ¥ SAM 4L
PRI SR AE BT AT 55, g 28 DR RS R OR /s AR G %) 47
Fdn s Z A A PR OC AR, 5B S SR 7R R A A Y
LU T H AR A, e —Rh A A R SRR R

i
=]

1305



1306

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 5,May 2025

I IR A A 1) SAM 20t 5 ¥ (SAM combined with
counterfactual prompt generator and cascaded decoder,
SAMCD) . A SCHF#2 Hi 9 SAMCD J5 v 5 SAM K H
AFIR (MedSAM SAMCT) /) HL TP 1 775

AR SCHY TR AL AR - 1) 2Ot SAMCT 9 CNN 2 it
dir L R 55 g i s, PO T — o 2 7 BRL Y
Jr % A8 B il BE #% (simple cross-branch interaction
adapter, SCIA ) B, 38 120 { FH 55 i CNN S 25 43 52
DL SCIA #iHe , #h 78 ViT (vision Transformer) Zi i%h #%
IR = ()RR B, LS m AR 415 A 4 g
2) Hay PR RABE AR R 3 7 AR AN [i] A8 22 [ ) PR OG

& . ViT ) (
= +I Y gmm

oL swem
(a) SAM
[g & ks
. ) f
& ViT
G :
w |
g E
& [, ow &
B 3% | %
(¢) SAMCT

& ViT
@*‘ e xl
B
13 ~ &
= %l @ R =
) G

£, IF 5L AR 27 2] 19 f g5 55+ 1 (counterfactual
intervention, CF) HLI , {75455 Y 4 1 T SE 4 s A=
B, NSRS 7R AR B A 09 2 2T e T [ s sl /DB AT
Fri s BRH . 3) RIS R R SAE B, K
TE TGRS 8% , SE R SAM 19 5 46 ff i 2 1) £
USRS, FEAE N A 30 50 2 07 19 Transformer fiff A5
i MR B i, (7515 A R 0% B - 3 I & A5
BARAL B2 . 4)R P B BRI 2R g DL 42
Fe B AL 1 4 R R I PR AL B, o 2 1 B Be
F R A 1 4 B 56 2 B BRI o A4 R A=
AR A B B

& INGEH
E e

A4

(b) MedSAM

S
&
£
@
2

(d) SAMCD

K1 SAMCD 5 SAM K ASARRY Jr bl b
Fig. 1 Comparison of SAMCD with SAM and related variants ((a) SAM; (b) MedSAM; (¢) SAMCT; (d) SAMCD)

1 7 &

SAMCD # AR G5 IR 2 F s, 325 v RS 4 i
OB A R R A LA 3 B A ALk, Hrh R R
SAM [ i S EBIRES . SAMCD FUE 4 i 2535
S AL G55 CNN 4t 25 5 5 4G SAM (1) ViT i &5
PG AT AT ELIR I X g A ERIEA T 4, 76 S i
B A SCIA BEHGHEA TH40 , APE 5% i CNN 15
Y i A VAT G i i 7 22 8] (1) 38 B, (i ABE 7Y e 4l
A R B 5 8. o fR e (0 o & 2R 9
a2, B e SAM s iR a4 (BRI IE 2
fEas RN, T SR e E & 2 )
B 5 SR 5 FE SR 2 WA v I A B R
Transformer fE A% 25 AL K G548 , BRI 2 gt 4s 2,

T BIEE S . 7B SAM T 75 19 48 7 i
ALLSEELE 31505, SAMCD 51 A #2784 il , i i
H455 [ CNN G242 IO RRIE HEA T 2 ROBERFE il
ez AR R I A B RS 2, B 2 g IR Y 4y )
TAEES . AERIRIYIGREY B A s ST AR 2 ok
ARAFROR L B P2 7= Az s, 7R A R4 B i B
TR AE AR AR R S, ASE 4 H 3o
1.1 BE&%EfoE

5 EGAE T B SR EMGR  AEAE 5R 2R i e AR i
BRI ZFERIE A REE 8 T8 SAM BB B 21 75
PG 3 1 4 ek, ) s sl 2031380 9% R A9 1 R, AR SO
SAMCT J5A ViT gt & o (1438 Bic 25 2 40 S 40t =2
(1) 15 e %% (Wang 25, 2024) , M i#E CNN Zi it 2% 40 52,
il AR N S5 B AS , T T — R I 5 5y 038
L PC A SCIA BEHR 4D 78 VAT Ji i 25 BT ik 20 1) )y



$30% /58 /2025 £5 A

E—F, #8, WP, RIEK, BEE

%6 REXRRES RERFRG SAM B = E &5

SHARE B HFHE

e T, GEE ) Biew -
& NESE VT | ' vit+ [ o RFEIHR e | | GOBRIHE
T e & 2 e F————— o PRI
e |([Fn ST e ) o\ i ; RN
=TV | oy
SRR & E ] A | s
B Lue e eyt Lt % I Y
@A |INEINEIIE LB [ 181 18 ;MR " Kt
PELLE e e | 19019 [] ]| s sty
1 1 1 1 1 1
'~ F ekl intntedeieieot el B Miieteiiintets ] m 0 R
iy, BALRHE | : * ) XY
1 a — ViT ! ] -
CNN, B i x4 P . L Tramsformer- . |+ Tramsformen i
T e T e ! i fpmEty
h ) i ! | frisgR2 Y —¥p— Loss
'- AN IR Y Rl
on Z h o= = : I ! 1 ) S i
. & foi h 8§ 5 : 1 ! 1 | THRY,
N eatE RS ELE T T R
- BHEE 2 § £ § ! g emmmes .{%@%ﬁ%ﬁg. T & éa
Dxtpfitm|| | & = ! Emb@ddmg‘ ?____//Egrll)lé%raclﬁ é\:}«_ 4 X ¥, — Loss
Tz 2 Sty L Pyt J) o 1 1
FHESEE ST SRS T )
Fl2  SAMCD HE AL 7R 2
Fig.2 Schematic diagram of the overall structure of SAMCD
2 v, LAV LAy
WEE . F,eR® S 8¢ o F,eR? O

ViT Gt & vh SR 2 05E B s an el 3 fs, &
B R JE AT R A, ﬁmﬁfﬁﬁﬂﬁ/\ﬁ@lﬂé@

AR Z B> SR, LI S8R, 3 il O 19
) B sl & o sl B A
& = & =
ZHILE S G
(vimitntts | ) (ViTERE] (1117

K3 ViT i a4l 1 7 A

Fig. 3 Schematic diagram of ViT adapter module structure

55 6 CNN g fish 5 an 151 2 fir o, AL 436 FR ik SR Bk
FURRAE Y™ B, H 5 Kt £k )2 (max pooling layer,
MP) . % B2 (convolutional layers, Conv) . J2 # L 1k
(layer normalization , LN ) | 5 30715 22 34005 PR 2L Gauss-
ian error linear unit, GELU) 1 %% B #: X (transposed
convolution, TC) ZH ﬂ X F CNN K & ik A
F, e R"™"¢ ﬁf’ﬁ it 4R SR IR SRAG R AR

|7§]F166R'6 %" 2R E A R E Y R P, N
B, 3 R BERGE B A S BB SOk A RRIE
PEHUHAR ] 3 BR R IR RE SRR, £ B R 2
0 Ak BN TS PR B R [ g B R REAE B

. F,eR* ¢
Fo & R7VC AR AR 4R BORURA R Jé ik 72 ml LA 36
FC=U(LN(Corw(MP(F ) (1)
F, = o(LN(Conv(C Tmn ||F ))) (2)
Krp, MP 2R S KM AR 5 Conv s B BB
LN R ZHEAE ;0 78 GELU 3G sREL, F, RN
CNN 5 AF 35 A BRI 5 11 38 7 Vi 3 38 4 B 1 3%
FEARAE  Cy,, R B BB F | R IR AN W] 43 HF
RIFFIE R
T UG Gt a vb 6 FH 85 73 3032 BE BL % L SCIA
B EEA AN 4 F 7, Hof A4 533028 H CNN 43
X5 VIT 5 L EMGEEE FOANF, . B UL, 1
W B LA RIS 3t Ak N T F DA AS ORI ) 25
[ IE F 2 )5 FAE A8 EE I # 5 F K
WOCRFAE &R RN Q) , F/E 5 (BRI K) FlH
(RP V) ;s fe s )0 3 00 B S Rl Ja i R R AT 42
PEZH G T & ok B2 O 5 T 4R AR LURN 5T A
CNN P 3CE VT 73 X R s B o B el DLSR
F, = o,(Conv(MP(F,)| AP (F,))) (3)
F.=U(o(D(CA(F,F.F))+F')) (4
AP R P IMALIRAE s 0, RIR sigmoid JLI bR
B CAFRRAE X EE S ;D RARMELE)Z ; UL AT

1307



1308

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 5,May 2025

© UsEpHE
B stk

P4 SCIABLHRAiH R
Fig. 4 Schematic diagram of the structure of SCIA module

1.2 REXFTHRTHIRRERS

FEASFH SAM B, FH P 5 2 1) ik A 25 i A st o
NFRER AT E X EGR H . BT ERET
SAM ) H 2l #E A R o3 #) A SCRT B H Y SAMCD
Pl i 5] B AE A R B P it RN s G i
i (Lin 5% ,2024) , 473 A= iUAR S5 i & 5 s . B

TR UL, 38 7R 2B AR 2 52 AT 55 AH G I IE S48 /R AF
CNN K4 gt &5 10 22 73 B R A, LA R ViT &
BIRRS TR R IR A F B & A Gt L2 R,
Bl AL R AT 55 R 2 R AR AIE 45 T 3k SRR AIE 258 ] B 1K
— RIVH BRI A F .o 52T X AT 55 M0 OC 0 45
B RN MG A, 3178 AR A P DA AR B OE 6705, o At
FAEMA Ak, LU TR 4l

% Dou % A (2023) )3 & , SAMCD TEH& 7R A 1
ARt B g | A RS TTAE ] . iR 2 R,
3 3o g A DR RS TR SRR ARRAE A X PR B A A
B Y Z R BERC R, HPBEREENX — Y,
X—>AMX =Y« A, FEHBEOT, $ER AR
WA T XI5 HAL R T Y, SR, X P EES
FIRARNZE TR B M2 (2= S o . itk , A
CIWNE s w7 NS E S0y R AT

AR
0 PR R
g I . K
K 57 lp= —> matmul softmax !
| A |
1 | 1
SIEFHITE : I ; +/—/box
: d 5 i —{  matmul &R > NO
1 1
1 1
N i i i T i i U i i i i P it it o i i i i
SR NS % et = |

Fig. 5 Schematic diagram of the structure of prompt generator

ST RS R FR AT

T4, E i PR AR AR A B — 2 KA A A
(ot Y s 42, 51 AR T3 p, T U R 7R 2 5d
Tr] PG T S5 DX Sl A AL 5 1) R 2R 1, O 2R
ERCUEEPETHRIES =9 S L =) LR A )
O A7 A BBt %o, AR i e i e T T
25 Wi E Y, Y MY, - Y, |5 GTRH K

AT B AR E LN

T = P (Fo) (5)
Trand = ¢p»cnc(p) (6)
Yf = Qdecz (®de(‘] (Fu'tv Fcnn’ Tpromp[) ) Fcnn7 Tpromp( ) (7)

ch = ®dcc2 (¢dccl (Fvit’ Fonm Trahd ) ? Fcnn? Trand ) (8)
L="Loss(|Y, = Y |,Y,Y,; GT) (9)

73 2 A A SR AR AR T TR 7R BIHRA 5 F A

F., 78 ViT fI CNN 4 i 2% 1 G A YR Y 43
HFRPE R A A T IR B AR LSRR
AU PR R o (HAS T B2, T
AR B 8l o BRI 25l B rh R A AR
A TR =SSR T a2t
FH YNSRI BE7R A L as ok AR g, DASE a4
H 2l .
1.3 iR

JEL UG SAM R #4548 & i1 Transformer fif 5% 45 A1
1R Z RS ES AL . Transformer fff it 25 Ab 24 M €115 4
T & Hh BB UG A TR A T I PL (self-
attention, SA ) PEAk 25 A G DX 3 17 B8 22 14, P o
A& SCPE BAILHI AR OC X 3R A7 38 . Bl R R
AR A e i s 2R R R LR . AR
Transformer i 25 [ 40 75, SAM %) Ji 4R 15 2R g A 2%
R BRI A LR RST (HI4) < (Wi4) 153



$30% /58 /2025 £5 A

E—F, #8, X\, RIZR, BEE
%6 REXRRES RERFRG SAM B = E &5

Kl BRI, B TR 25 3 R Bk, DAL xf DA 3R
R R 2 R R v i 52 2 Ry A A s A N RO R T
Hwo

%% Cheng %5 A (2024) 1 i & , A SC#& Y
SAMCD J5 ¥ 5| A B 52 2% 0 G K fife A >k A 4 J 350 240
LA 2R o FEES 1 IR IR, SAMCD i ] SAM
() D 6 i i 2 G R S SR AR, A 5 2 IR A B {1
fitlh o 2% 2 YA At foff FH 0 1) Transformer fif AL 25 F1 i
AR R RS 2R R A ALSE 1 RS ) 43 BN 45 . AH 3
F IR 1 Transformer fEIS A% , IS A% 20 BIERE )
GRS R e = WLy IN: i S IR e =Wk 2 ng Rl
L6 FT7 38 2k 300 5 5 0 FLAI RN 2 56 A 19 15 5
515 AR A MR A2 R AR 1 AR 2 R TR S
FRAE, MOt am oy B B L 3 BT S WL A
AT LLFRIR N

X = M(fon(KQT)V + X) (10)

H, X J& Transformer (9% A WRRE ;K. Q F1 V&
&SR AR RIE s MO R 1Y%
(A

5% M CNN Zat B 25 5 1 04 RRAE AR U Bk B A 21 A
b 1 RNARAD A8 2, AT SR B A A A . R 2
TS AR RS 2% 1A B0 e 0 % LA K S A 25 1 R AE
IS — 22 4 A, it s 2 sE g 22 S S e B )
W 2R KA B, I ELAT IR AS [R] A9 17 5 X35k
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Fig. 6 Schematic diagram of the structure of

the edge attention module
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Sy EIRIRL, 5% % CNN EUR 4t 45 55 SAM H (9 ViT £
G i 25 04T TAE , LAAD 58 R SRR 5 76 S0K i i
B, B SAM (1) Ji A6 fif 5 2 A2 i 50 36 A R e A L 35
55 2 YR AT 2 I R Ao A LA v S R A A A A
JRIERANTT BIRE ST 5 56 2 B Bol G R 7R 2R 1 B BE A S
b NG A SRR A AR 1 Bl B R T A
JR ST ORI Hes o) i
2By BRI B s e R R WS R < M A7 A
BF, U 2t 72 b B B R 1A BE AR A Y I A
1A BEHLRAE 1 B 05 F0 1A BEALES 8 10 30 FEAE 5 &
W, 37 AL 2 S BEATLEBORE 1 B . B Bl 25
BIR S G REURE . BAHR R A
Lyper = 0Ly, + Bl (13)
Loser = 0Ly + BLycy + Ly (14)
K, Ly, R Dice #8158 5 Ly, #6718 38 SO % 5
Loy 28T L 401K PRES; o N B A PR EE

2 I

2.1 HER&E5FENER

SR VAL I £ H 0 SAMCD J5 vk A6 B8 7 B 2 RS
53 WA 55 b 28GR A E I , A SCE$E TNBK (thy-
roid nodule 3K) (Gong & 2023) 1 BUSI(breast ultra-
sound image) (Al-Dhabyani 4§ , 2020) iX % /> 28 JF 4
PREEESE . Horh  TN3K 1 3 493 I MR ALAL, I
ABRP RIS H R B 2 e 7 R
REARILBEBE NS . BUSIZLIR S i 42 i 780 IR
PR ZE AL, I A 1R R L e TR, A 48 R
PEFNE® EMR , th T IR % B b AR e R 3 B H
PR, BOAS SC 25 B BUST A 9 133 8 1E 7 8% . TN3K
(%0532 % Lin % A (2023) 1) TAF ; BUSTBHAL 53 1
7122, 40 TSR S e A, R 145 TSR
5 bl FH A P Bl A ST E B

AR SO R A R 5 0 B H RO HE bR EA T VR4
£ 45 Acc (accuracy) . HD (Hausdorff distance) . DSC
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Table 1 Statistic information of the datasets

/1
Biak  EEEeE  UIggE Wi RuEsE
TN3K 3493 2303 614 576
BUSI 647 454 129 64

(Dice similarity coefficient) , mloU (Mean intersection
over union) BB (sensitivity , Sen ) T (speci-
ficity, Spe) o &k HD &b, HAx 6 b (4 JOME 0 24 oK
[0, 1], HB T 1 BB 7 B M dr . HD 3 A
I¥i] 7 BT R, AR NI o BCR By . O HE e
AN TR T3 1 e s ) 52 2 B D SR 48 BE IR T4, 1 B S
$ it (parameters ) FI& 42 B (GFLOPs ) VE A6 xR
2.2 IWiIRE

S5 B FF- 5 24 Intel (R) Xeon (R) Silver 4214R
CPU @ 2. 40 GHz, NVIDIA GeForce RTX 3090, %if%
T N Python3. 9, VR % 2JHESR K PyTorch, M 4%
YIZRI 35 Batch size 1y 4, 22154 0..000 1, Y1l 25
¥ HCH 200, 1] Adam A0 A o 7E I R Z AT,
SAMCD i I 7E SA-1B _F- Il 25 0y AL 400 4 Ak, B
SAM 2k 7K W 2 240, Hop ZHCR Pl iR ik . 78
NGl R b, Ay KGR I8 8% Sy 256 x 256 15 3R 53 B
2, RIRE 56 B A g BE /N T 256 1 UG 58 A Y
W%, A0 TR A4 Rk 181 8 PR A R/
2.3 LWERSHM
2.3.1  FURREON LI

FEIZR B B 3418 E Dice 458 2 FH 28 SURH 4 2R
FA I 52 5 0 % bR BSOR TR 90 208 T 5 52 B 1) 22
Mo HEsEI 4 A SRR R ERE A G, LU E
FrIERAUE, 78 BUSTER 4 B RYSCIe 25 R AnZR 2 fr
N IR R AE AR AL 2 an i 7 i

R2 AREBKRAYNEAS THKIEREIRXILL
Table 2 Comparison of validation metrics under different

combinations of loss function weights

o B DSC/%  mloU/% HD/mm  Acc/%
1 0 84.11 75.73 26.71  96.84
0.8 0.2 84.29 76.18 25.13  97.06
0.5 0.5 82.90 73.94 27.38  97.12
0.2 0.8 79.86 70.04 3245  96.38

E L P SRR 5 8 R AL 45

— Dice ik
0.6} — 0.8x Dice Loss + 0.2x 28 XJiide
0.5% Dice Loss + 0.5x 38 XJpjdhisk
05k — 0.2 Dice Loss + 0.8x 3¢ X fidhide

1 1
0 25 50 75 100 125 150 175 200
JUE NN

BT 551 BB a0 Rk s R (A A 22
Fig. 7 Loss value variation curves of composite loss

function in the first stage

FH 3% 2 AT LA ARG T B4 Dice #5125, 0
AU B 28 U0 (BRI B = 0. 2) , fili 5 3% (A 455 751
43 Dice {HE 51 0. 18%, 24 BAUE Y KI5 AT 4
WP RE T M. BT AT, 243 0. 8 15 Dice
RAIEHC 0. 2£55 38 IHP R E A R (Fla = 0. 8 H.
B =0.2) i, WG4 R BRI HLW Sl B e T HoAt 20
A I G S50 50 vE FTZ A E A A
2.3.2 HEIBCR A

TEHE SAM FIAH CAZ A 1Y 77 75 (MedSAM . SAMed
HISAMCT) , DA B 511 3 3 (1 56 F CNN [ 5 7 i 3k
F Transformer ) J5 3£ (U-Net. CE-Net. SwinUnet .
TransFuse Fll TransUNet) , 5 2% SCAHY SAMCD J5 ¥ i
FIXT G, JoR T4 i itk . 6 3—R 4Pk
i Ay A AR - 4

&3 9 7E TN3K B di 4 b5 Hofth 4380 )y ik 1 52
g Xt . AT RLAE Y, 7E TN3K £ 8 4 b A8 3¢
SAMCD 7£ DSC .mloU \HD , Acc ,Sen ,Spe I/ #5 b -
BUAS  Es R L I TTPA 25 S o o BB LB
PERE B/ 0 2 18 (Lin %5, 2023) , 5 SAM DL KA 56
AFPRA) 5 A e, SAMCD ) DSC (B35 £ 83. 66%, Lt
JFlf SAM 42 15 45. 22%, H MedSAM ,SAMed ,SAMCT
9 DSCAEST IR 8. 04%.2. 93% F10. 73%. HD{HIA
#29. 01 mm, [t SAMed FISAMCT 3 A% 1. 46 mm.,
0.74 mm, £ mloU Fll Ace [ A% T SAMCT 43 51|42
TH0.91%(74. 89% vs 73.98%) F10. 16%(97. 23% vs
97.07%) , Ml % F H 4% 3 Fh X} FE AR AL 57 2 42 T
20. 43% 1 12.91%. K, SAMCD A% T SAM A6
T A AR PERE AR /NI RS0 TR
LT SAMCT FIEOLT , B AL i 0 FIRICR

53T CNN A9 J7 i F 3L F Transformer FY J7 15
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E—F, #8, X\, RIZR, BEE
%6 REXRRES RERFRG SAM B = E &5

I E, SAMCD (¥ DSC {H 43 51 H. U-Net , CE-Net | Swi-
nUnet, TransFuse, TransUNet /& 4.65%. 3.29%.
13.58%.5. 16% A1 2. 22%; ¥ Acc I ¥ TransFuse £l
TransUNet & 0. 79% .0. 29%; & Sen 1 Spe A =

SR 4.95%.0. 46%. A SCAEE T SAM AH &

5 A B A YERE AT /N 240 . SAMCD 75
1155 3 AW = T U-Net , SwinUnet £l TransFuse ) 1%
DU o BIROCR 2 0 Tk 26 7y BB A AT
TransUNet iX — 28 & Z2 A5 A SAMCD 7£ R 55 /0 1)l
S R AT RE R B UL S 1 3 HI P fE

R3 FARAMEEEE TNIKEIBE FHE R

Table 3 Comparison of results of different network models on TN3K dataset

R 245 A5 7 WHSHFE/M  GFLOPs  DSC/%  mloU/%  HD/mm  Acc/% Sen/% Spe/%
U-Net(Ronneberger 5 ,2015) 31 5460  79.01 69.40 34.14 96.44 84.80 97.91
CE-Net(Gu%:,2019) 29 35.78 80.37 70.66 32.79 96.40 85.91 97.44
SwinUnet(Cao % ,2023) 27 5.91 70.08 58.19 44.13 94.94 79.34 96.55
TransFuse(Zhang %% ,2021) 26 1153 7850 68.60 30.98 96.44 82.06 97.95
TransUNet(Chen % ,2021) 105 50.70 81.44 72.05 30.98 96.94 87.13 97.75
SAM(Kirillov % ,2023 ) 0 743.98 38.44 27.34 83.26 60.55 75.16 59.86
MedSAM (Ma 25,2024 ) 636 74398  75.62 64.71 53.26 95.75 83.32 96.75
SAMed(Zhang I Liu, 2023) 108 260.80 80.73 71.31 30.47 96.64 86.34 97.58
SAMCT(Lin %% ,2024) 62 73.71 82.93 73.98 29.75 97.07 86.45 98.27
SAMCD(A3C) 32 7132 83.66 74.89 29.01 97.23 88.76 97.98

TE IR R R TR R 5 BRIt AL A R

3¢ 4 0 7F BUSIE I 5 I 5 A 4351 5 v g 5K
B 25 XTI . AT LLE Y, 7E BUST 6 48 b AR ¢
SAMCD J7 %7€ DSC .mloU .HD Sen ¥4 4845 L3441
T H A 4> %) 97 . SAMCD B DSC {f 5 3] 84. 29%,
55 SAM DL B AH AR AR J7 VAR L, LR GG SAM $2 5
30. 3%, k& MedSAM ,SAMed . SAMCT Y Dice {i 43 )
PEE 4. 56% .7. 23% F110. 9% ; SAMCD 1 HD {8 ik ]
25.13 mm, H SAMed 1 SAMCT [% % 9. 14 mm .
3.71 mm, 7 mloU Ml Acc I A% F SAMCT,SAMCD
I3 9 TE 1.56% (76. 18% vs 74.62%) F1 0.35%
(97.06% vs 96. 71%) , FHAL T HAx 3 Flow) LAY, S
PIETH17. 54% F16. 07%. 5 FEF CNN 9 75 ik i3k
F Transformer ) 7 4 E , SAMCD 1) DSC (B 53 51 1
U-Net . CE-Net . SwinUnet . TransFuse . TransUNet /= !
6. 18%.2.69% . 17. 06% . 10. 77% F1 2. 07%; 1£ Acc
| Bt TransUNet B% 22 , [t TransFuse & H 0. 85%; 7F
Sen - SR 1L 6. 79%.

LEAORT , TR MRS BT 55 X H Ar
A AW ENE, I U-Net . SwinUnet fll 2 T CNN 2865
B BERVERPE S OO T8 A R I S R HLME:
SR K ET S5 . MedSAM SR 7 FC AR B2 24 B i 4

YNGR AHH S G ERAR R D, R M
B M 35 . TransUNet il TransFuse ] 3 T 45 &
Transformer FI CNN 22 [a] P53, 7T DL EE G- 3t 4 45 141
BRI ERIEAS B o CE-Net fIl SAMCT J2 £ % J2 ik 55 43+
EIF CT B Ay BIAE S5 S 0 1, RS ERAFAE AT
(14 300 55 DX ) A, S 0 75 0 BT 55 v R B A
Rz A . AR SCSAMCD 27 SAMCT JE Al |
(e, [F] SAMCD #5274 B fin 4 1 Ak , 76 A i FHAT:
] SRR R B 0 A T = Y o B P RE L HRAE
RISEHEACE a3, AR 4 1 .
2.3.3  IAFCERTH AL

S B VAT Zat i i r i e 25 X B 8 2 850 Ak
RB IS X2 BL A B T LS 58 . 158,
TEARFE SAMCD Ho At A5 B A AR 1y JE Al b o H i i
1) 305 C 75 B 4 A S B S 1 3 I 7% (Share) o 38 T
PR SR S IR S IR . ATLLE W R
SAMCT H A 3 FE #% AH 8 T A il G B 4% , 76 TN3K
1 BUSI %4 4 % F 9 DSC 43 % $2 F+ 0.75% F1
0. 98% , {H 2 % Il GFLOPs th A Fr 34 fin . 7 £t FH
SO 2 L AR AR O LA B i S 1 22
Al DLW AT, HAE TN3K F1 BUSI B 4E | DSC 4
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Table 4 Comparison of results of different network models on BUSI dataset

PR £ A5 A WS HE/M  GFLOPs  DSC/%  mloU/%  HD/mm  Acc/%  Sen/%  Spel/%
U-Net(Ronneberger % ,2015) 31 54.60 78.11 69.60 33.60  96.69 83.16 97.95
CE-Net(Gu%,2019) 29 35.78 81.60 73.62 20.19  96.86 81.72 98.09
SwinUnet(Cao %¢,2023) 27 5.91 67.23 55.58 47.02  95.28 78.94 96.75
TransFuse(Zhang %5 ,2021) 26 11.53 73.52 64.28 3495 9621 78.61 97.69
TransUNet(Chen %5 ,2021) 105 50.70 82.22 74.77 27.54  97.26 83.19 98.69
SAM(Kirillov %5 ,2023) 0 743.98 53.99 41.55 130.72  81.25 64.51 81.83
MedSAM(Ma %% ,2024) 636 743.98 79.73 70.28 33.54  95.83 86.57 97.42
SAMed(Zhang 1 Liu,2023) 108 260.80 77.06 66.13 3427  95.89 85.57 97.43
SAMCT(Lin%%,2024) 62 7371 83.39 74.62 28.84  96.71 8731  97.93
SAMCD (430) 32 71.32 84.29 76.18 2513 97.06 87.92  97.96

T L R RIZ AR IR & 5 R e A2 2R

RS VIT D3RS AR ERAHBKE

Table 5 Ablation experiments of the adapter module in the ViT encoder

TN3K it BUSI £ #i 4
I g ZHHEE/M GFLOPs
DSC/% mloU/%  HD/mm  DSC/% mloU/%  HD/mm
o 32.62 71.32 82.16 72.70 29.49 82.90 73.94 27.38
SAMCT(Lin%,2024) 36.17 72.23 82.91 73.75 29.02 83.88 75.29 26.71
Share(Wang % ,2024) 32.63 71.32 83.66 74.89 29.01 84.29 76.18 25.13

T ML TR R 5 e LA 2R

ST 1. 5% F1 1. 39% , 46 T8 ] SAMCT 3 e = 1
Van e

I, A FH SAMCT 38 e as ZE BRI VERE |- AR AT
JREETE AR T A, M T SO R
ERFF SR EAARBE LT, BB L I 5
P REEE T .
2.3.4  URI[RIASEH T il S 5

S B AIE SAMCD i H 1 45N B X o £6¢ 4% A
PERE (1452 ) 15 TR 388 2o I Rl ST 50 2R 495 b 43 T 45 A
PAE R A R A BUT 5 ORI RSt
8 5 53 358 B IS C AR AR AT 2 RN R S5 S5 T T
AR ZH A, S SRR AR R 5 | A B3 A S8k =
TE AR AN 55 CNN it 25 (14 SAM W 25 4244 v, 78
TN3K Fl BUSLEUE 4 EEATUIZRAiT Al o I il Se ge
R ANR 6 i, vl LU AR S0 2 F s g 3 v, B
fit L5 A SAMCD (¥ BN REH (SCIA SRS 4% 2) ,
2 ok W i PR RE R L, 78 TN3K %fs % 1) DSC

A HE LR AR 3 IR T 2. 37% (SCIA) i1 2. 92% (fift
2% 2) s 76 BUSLEE AL F 43 il 42 2. 25%(SCIA) Fil
5.33% (fifttth s 2) , iX R 73 342 H. SCIA LAl
FR g 2 AR o 256 4 [ SCIA RIS %S 2,
A SEIPERE A — D4R T . X — B B AR SRR T
S0 HK 1 SR W A A B T 4% R 2 R R A A,
FORTERE BB G AN IS T 1 . 5256 5 W [ AL
FIAR ST, X — M 5 38 o A0 78 1 B
o T ke o i AR T L S 10 FR) 3 7 M R R
AL TS50 4 ORI AR ST ) , 5256 5 78 TN3K
HBUSIEUE 4 11 DSC 4271 0. 5% F10. 18% , 1T
SR T R 35 50 TR SR AR RN Z AL g ) R 2 1E A 1R
T 75 A .

Zi b A A AT A B RO A SRS A 2 F
PSS, SAMCD ¥k Bl A 5 4 EIEfE, 72
IR T X — A AR A R 2 R o B 55
AIDLRRYE . P8 SR 1A [l ABE Hhe Tl S 4 1) m] AR Ak
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Table 6 Ablation study on different component combinations of SAMCD
TN3K $4fi 4 BUSI &4
SLIG SCIA  fifHs 2 CF
DSC/% mloU/% HD/mm DSC/% mloU/% HD/mm
1 - - - 78.34 68.31 32.78 76.09 63.33 33.62
2 N - - 80.71 70.96 31.03 78.34 68.91 32.45
3 - N - 81.26 71.72 30.50 81.42 71.99 28.49
4 N N - 83.16 73.70 29.49 84.11 75.56 26.75
5 N N N 83.66 74.89 29.01 84.29 76.18 25.13
CNFIR R, - R AR R

(a) J5LI& (b) EIEbRZE (c) 501

(d) SE552

(f) S84 (2) 55

(e) SE43

8 ARV B i 1 i S 6 m] AL AL 4 2R

Fig. 8 Ablation visualization results ((a) original images; (b) ground truth;

(c¢) experiment 1; (d) experiment 2; (e) experiment 3; (f) experiment 4; (g) experiment 5)

S5, 4 [FIRHE FH SCIA A &5 2 B, BT ] LB 4
Mo A H AR 09 S i BT, FR I H AR TR
WREBE DLRE T s £ AR FES T AR A H AR
Sy ENRHERRE AT A0 EE EAS R T i AR Tt
2.3.5  PERA AR R SL g

R B E A 7 A B B A R #E TN3K I BUSI
B AR 13E AN ) J7 2 $ 7R X SAMCD #5278 (1 1
RE EAT MR PP AL, ¥ BB N T4 7R A AR e il
(1p) . B~ i1 BEHE (Bbox) | A i in i1 A AE (1p +
Bbox) , VA JAE N TR T H $ 7R A it i A 1 i 412
AN AHE R SR S SRR s R S A = S

g RN 7 R, v LU A A B S B, DSC
{EAE TN3K $ ¥4 F1k51]79. 62%, 7 BUST a4
K77 28% X FhER T 2E B R AR AT HAE SR T LA
G FIE 55 B JR R ) — 2 A M s M I AT R
HE A Sk s Bop, R0 4 1 e A 0 5 42 T, DSC (B 7
TN3K I BUSI _- 435135 %1] 85. 89% H186. 32%. iX it
A7 301 FAEAE Ry $2 718 BE T MR b A b X, DA
P 1 O R P 5 45 G B o N FRE 1R
E— T TR PERE {45 DSC (B 7E TN3K Al
BUSI _E 43942 T3] 89. 06% F191. 13%, F B LS &l
FH 22 Fh 2 0 B 4R 7R T LAtk 25 188 SR A 80 1 43 B s 2R
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Table 7 Prompt generator ablation experiments

B TN3K £k BUSLHUE
PR
DSC/% mloU/% HD/mm Accl/% DSC/% mloU/% HD/mm Acc/%
1p 79.62 69.87 32.48 96.47 77.28 66.48 33.62 95.69
Bbox 85.89 77.57 24.04 96.55 86.32 76.76 23.68 97.01
1p + Bbox 89.06 81.18 24.76 98.14 91.13 84.19 23.12 98.41
PR A A (JE Sl 83.16 73.70 29.49 97.01 84.11 75.56 26.75 96.84
JCFR PR A AR 83.66 74.89 29.01 97.23 84.29 76.18 25.13 97.06

T OR824 91 e AL 2

i AL FH i g S 4R s AR AR SAMCD 1% DSC B 7E
TN3K H1 BUSI % 45 % b 70 i ik 3] 83.66% A
84.29% , mloU 43 5135 2| 74. 89% H1 76. 18% , 5 A ffi
FHR R4S AR A A T . X R R AE
RS BES A RO T A8 454, oA s
AR E S N T A8 H A2 0 #E AR KT

Ry LW 7S 2 75 R FH S 3 S T T 4 s A 1
JIT A B R it ) 25 5, B AL 1R 4% 50 i AR A

BEATRI o T N TR T 0 i i SR 7 g
g A= AR LR, IR I LA Ah N TR T SO e,
o3 TR s AR e P AR B P R B 2R K N
TR/ SRR AR BZAR R o I (EDHE R W T
Sl i FHE IR N TR, SR 2 R AN IE 9 B o
[ s v | Wi e o o Ul B2 D 0N S e 9
0 3 7 B4 N T 7 ) it i i AR 7R O
RERS AL BORS E S vy A9 4 i o
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Fig. 9  Comparison of prompt generator tensor similarity with and without counterfactual training
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Fig. 10  Visualization of comparative experiments ((a) original images; (b) ground truth; (c¢) U-Net; (d) CE-Net;
(e) TransUNet; (f) SAM; (g) MedSAM; (h) SAMCT; (i) SAMCD (ours))
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