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Abstract: Objective To address the limited accuracy of conventional B-mode ultrasound (US) in breast cancer screening,
resulting from poor inter-reader agreement and atypical malignant signs of tiny lesions, and resolve the clinical dilemma
where contrast-enhanced ultrasound (CEUS) is hard to popularize due to its high cost and operational complexity, this study
proposes a three-stage cascaded diagnostic framework of "segmentation-generation-classification" to achieve high-precision
diagnosis of benign and malignant breast tumors relying solely on conventional US images. Methods A CNN-Transformer
framework-based segmentation network was first employed to extract tumor regions from US images. Subsequently, a cross-
modal generation model based on a conditional generative adversarial network was constructed, utilizing a pre-trained
ResNet-34 encoder to synthesize corresponding CEUS images from the segmented US images. Finally, a dual-branch cross-
attention network with Inception-v3 as the backbone was designed to achieve deep interaction between the real US and the
generated CEUS information through dynamic feature fusion, thereby accomplishing accurate benign and malignant tumor
classification. Results Validated on a breast ultrasound dataset including 677 patients, the proposed framework achieved an
area under the receiver operating characteristic curve (AUC) of 0.930, significantly outperforming several single-modal US
baseline models which reached a maximum AUC of 0.868. Ablation experiments verified the essential contributions of lesion
segmentation, cross-modal generation, and cross-attention feature fusion modules in enhancing diagnostic performance.

Conclusion This study validates the feasibility and effectiveness of generating and utilizing multimodal ultrasound
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information with deep learning for high-precision diagnosis. The proposed framework provides multimodal diagnostic

benefits in a cost-effective and highly efficient way, holding great promise to provide robust auxiliary decision support for

clinical breast cancer screening and reduce the risks of missed diagnoses and misdiagnoses.

Keywords: breast cancer; breast ultrasound; contrast-enhanced ultrasound; auxiliary diagnosis; generative adversarial

network; cross-modal generation; cross-attention; feature fusion

2
i1

L AR g 1 LIRS M O A 52 W R IR R AT
R TS I BRI I RS B b, B
7 (B-mode Ultrasound, US) R EH TG A% A K 521
BUR S, O A 2L IR BNR 0 A 512 Wi #2 b R 15
J Iz B R R SR, F R US 22 fe 2 211
AP 22 7 F A5 B, 2 R UG, R A5
FUAR F bUBE 22, By 52 B0 s MR P 140, 45 i) 2 7 T %
BRI B/ I ke B AN LR S e g s R Al AR 3
SERHEATE AT R BOS Wi AN R WS ] — B bk
B,

=z F, @ A i 5 (Contrast-Enhanced
Ultrasound, CEUS ) i 33 i ik 73 5 Sl 1 5 91, sh &
b 7 b TR PN P At R A X, R A DG B 1Y T g
PRI B, 25 P2 T RO S0 A a7 D
fifi & CEUS #UA5F 41) Hh % SR i (5145, e g d Ak o¢
TIMERESHEEHEL, BAEZEMSENE" .
I, CEUS K 2 77 78 BUAS = B (7 A B4R LA
Xt B 35 g AR B SR e A i, 33X 4 B v R ) HC A
FE 2 BT ARG IR RS AL 23 e 0 2 v %) ml Bt
() FsF I DR S5 B3 8 B, 7 I v A = L, — S T4
) B B OGS ARAE S B T, AR TR %%
B BER B A BRI W T — A0 I R
J& : B S TR BUBEAF B FR BAA 78 0132 22 5%, M
CEUS A5 B 46 20 AT St DL K 712 W] 1
() R TG 5 4 il R PR 75 2K o

VAR TR 27 2] TR AE BE 27 52 A8 0 By Ui
PRSP T, Ay i e b 3R [ R (BT SR B A
Skt E 7 1 , LA U-Net S HAR O AR R 19 B R R 28
M2 (CNN) & B B 0 i T =20 CNN 1)
Jr FR Rz B R ], 12 S B R VR M R AR R R A AR A
-3 SR FH} CNN 55 Transformer #1254 19T G 2844, 4n
SwinUnet Fl TransUNet' ') | 25 & CNN $#2 BUs 3B 45 1E
()Pt ¥ 5 Transformer i 42 Jay b F SCEUBE A L #, b
FAETE T AT 5 T Bk e AR . 7RSI AE
R I, A OPT M 2% (GAN) Ji2 3 H 5 R 1Y) 15 A
ASEMG A R Y . A S R 2 ER A B 40Tk
H, GAN F1 L pix2pix A 4] 9 45 B0 PR A Y | B8 B E
HI7E MRI A5 B CT 5541 55 i i A et Y. fils, 3¢

R[22 7R AR T RPPAG A9 75 50 R, e R 17 B AR
a7 A R th CEUS FMGR al fid:

SR, BA B FLIR A RE 2T ST 2 R IR T
BRSBTS 2 A A
PEEAT RS2 AT P Sl o T A R U5 X
W Z BRI WHEZL . T, 228 B0 9 R AE 24
Rl © B FE TR A S 50 T T R AL Y
2 A RGO U R AT BB 2 — o
w32 SCTE T AL B A S A 28 ) =2 1l £ R
SEH ST

ASHIFFE R X T I (4 BT 535 e PR R 42 H
— iR T B A G A i A S R RS R FLIR
AR RESWHESR . A SCHY EZETTIR R A5 T 42
H — TR A o - A - 28 = B B2 IR A
20, 8 DAL IR R L 2 Wi AR, S BN
LB P AR AT v 5 PR LD R B 20288 s B e A
FH B M PGB0 A plt P i 5 P mT Ak, DAy i ke
SERERAGBARAE H HL A v W FH 32 BR A s PR R 35 4
P — T AT AR R A 1 BT A O 58 s iy —
A TR BEDIE A Y 5 5 25 A AR 5 ok 5 | A T 25
1 g 4 E P PR 958 5% R R, D0 S PRI A il PR AR A 245
MHERYE, G T HF2 Wi 55 B9 B LK s it —Fp
T A E RIS 70 2 M 45, Bilva B B
P55 A i i 5 PG A Rl 25 14 PRI RR AR, 52 B
ST A B A NI RE R B TR sh S5 L, 4R
1 LR P TR 1 0 SR L

1 MR 57T

1.1 BiEESmAIE
1.1 BUEEME AN A B3 R s+

T — NREEBEAE AR, AR 2021 4F 3 J1~2023 4
6 H 4552 FURRER 75 A5 00 7L AR A8 R 1 RS B
AR S B o BFIE T R ERAHZN S BT A 2 1 22 (1)
L7 (IRB 4 5 : N0.20230320034817764) . 1EA ABFSE
H, T R B MIERE . RS NBRFA, BT
A B EARE A TR 20 4 1) B 24 AL A B

AWFFERIEE T — A5 677 ] H 4 1 SR A 3L
JER P R o % B A TR 5 368 18] 285 BRAIE S 11
A 5 5 309 5 AR . BTS2 AR IR A



7

- 891 -

ARk ) 2 Wi R £, CEUS £ £ L Sonovue
REFZH . Ak X A T FLR 12
W2 30 1) 5 RS BRI 47 T 50 ) 1
112 EEMANE B A SRR A M 28 FirE 4ad —
R INbR AL AL D B . 1 el it Al s R A
(Non-Local Means, NLM ) 2 & 411 1] J51 4 US B2
() FRCRE R P B 1) BIR ) % B B2 %) 1 3 Yy T T
¥y ffii fk (Contrast Limited Adaptive Histogram
Equalization, CLAHE ) £ A3 5i i 5 Jidl il 2H 2L i) 0
FBE . 4558, R ASHE Z2 505 — B Be 43 51 X 48 3145 1
I 98 4 i, 3 3 B VR A 4 B TS i g 1 J %
[X 15k (Region of Interest, ROI) , /)& , ¥ #£HU 1Y ROI
AT IR FEACAL B R BT I 48— 4 ik 2 256%256 13 %,
VER G 2 S 3 2 I 2% B AR TR A
1.2 BKHEZS

BB T — R B = B RE 2 Wy

MESE 4 52 Z= 1) i 31| i 12 Wi A 55 0l A 31> D s J32
LTRSS, o AR At o ) B BS ER AR LS
ZEESAE MEN PR, B8, et 5Ty, &
L PR FR ) US BB E A — Sk B B 45
IR RIS, 0, BRI A BSR4 e 1
S EIER G S T BN US EIS A 52 S i
ROL, % & B J5 B 36 A — A 2 T A B0 9t I 2%
(conditional Generative Adversarial Network, cGAN)
B PRGBS AR A7 LA B Jed RO 1) 4546 5 230 PR
TR 25, AR S 2 X 7 B 5 A A e A 5
et A5 B 09 A i =088 75 15 52 (generative Contrast-
Enhanced Ultrasound, gCEUS) . #% /)& , ROI-US & {4
5% 1 1 gCEUS EMG A OSSR T, E A —A4
U3 S B 3 SR 2 R ] 28 SR I ML A
PR P RRAE il 6 | fe 2 s R OB R 12
LTERE

Ykt a3

BB
‘ﬂiﬁiﬁ

= =

HRIBH
4

BB EIR A AL

DAL

XUGp S AESETE 1M %%

B A
%(—/

- !

s |

CNN-Transformer
TR HRA 43 1 2%

EERES A U 4%
4 =

palbillfr

WSSk

[T B 43 3
ZERES

RS | A

]
bl

JiEE A

AU A TR R

/ \

R e T

1 “DER-ER-7E" = RRKE LIS HIIESR

Figure 1 Three-stage cascaded intelligent diagnostic framework of ''segmentation—generation—classification"
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Figure 2 Cross—modal generation network architecture

I 5] 4% R A 3% 09 — 16 1) PatchGAN 2244
AHIFFEAEFH 8 340 550 25 R  A BEUS R 53 N AN
PG, I 37 XA~ UG SR BTSSP AT 2050,
i — MR PP A (EAR SR T R A
BYCH BRI, 330 A A A e T 4 R
B, IR R A SR B S B AN A b ) AR
HJE . RN, FaE GAN (I 2Rt 7, I 2 i T A
L RUZ YN T 3% 3 — 4k (Spectral Normalization,
SN, Xof 45— J2AS L e P 3 Y AR A T
142 BEFREE N T A ES AT HERG 0T H S H g
7 AZ Y5 1) T i gCEUS B, A i I 2R T
— AL BETH IR A B bR R 1 PR EH 44 AR
RIFFG AY -

Lo=Lopn (G, DY 2y, Ly (G e Lo (G)H,, L, (G) (2)
Hor, G D 23 RS AR R B35 A 45 T
A R A5 T i B e SCRIMPE I F < 4%
PERFHR A (L ogan) S GAN HEZL A% 0>, SR /N —
& GAN (LSGAN) I H A1 bR B 0K 8l 25 Bl #4527 2] L5
CEUS EHR R /A , 3 A EUR A BLS . LR

(L, ) IHEA BB S 55 AR EHR Z 18] 11 25 28 %8
1% 2% (Mean Absolute Error, MAE) . %512k BLIEAET]
BRGNS, PRUEA B G b i B AR e R
PRGBS E S B S H AR R R — 2L
HALHE 2,4 50.0, B (L, ) K HI T 52
i 8 N 1 % B A 8L B2 (Learned Perceptual Image
Patch Similarity, LPIPS)fE A AL FE AR o %401 2k ik
1 1€ ImageNet I FlYIl 2k VGG W 4% $2 B il 4%
FECSE EMG I BR IZ R AR I, I 153035 SR A 1] 2 i)
YRS, 76 S G SURRE Y2 T A, BHETTBR A, DA
W5 | SR AL 2 5 A G HAT 2 W 1 A R A5 40
FURErEFE R Sa . HAGER N 1.0, SR 2EHK
(L,,) 72 IE WAL 30T, 75530 P15 v kH AR AR 2 T 9 Ja 20 A%
A, A AR s G ) v A R RS R B S . AR A,
#40.000 1,
1.5 WAZRNEFENTEME

A US R S5 (5 B 5 gCEUS K& Y )
REMR B AR BT — D 38 X R T M, H
FERBA N 3 TR o



7 . - 893 -
Inception-v3 n l Inception-v3
RN ML S} FL i
} B 2
RXEES - T
SRR B g B o
L - ;
j I ' & AR
Inception-v3 Inception-v3
A TERY CaRCES CaRLES
th EUS
B3 W LR IEBHMEEREE
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Table 2 Ablation study results
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Figure 4 Generation performance for benign and malignant tumors
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