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Abstract

Accurate segmentation of breast lesions in ultrasound images is crucial for early diagnosis and
treatment planning of breast cancer. However, due to inherent noise, blurred boundaries, and mor-
phological diversity of lesions, traditional segmentation methods based solely on Convolutional
Neural Networks or Transformers face significant challenges in balancing global semantic modeling
and local detail preservation. To address this, we propose a Gradient-guided Spatial Attention Gate
and deeply integrate it into a novel Transformer-CNN parallel hybrid architecture, forming the
GMG-TCNet. The network dynamically extracts and enhances edge prior information through an
adaptive gradient gate, combined with a spatial attention mechanism to suppress background in-
terference, achieving precise alignment and fusion of multi-scale features. Systematic experiments
on four public breast ultrasound datasets demonstrate that GMG-TCNet significantly outperforms
state-of-the-art models such as U-Net, Swin-UNet, and TransUNet in key metrics including mDice,
mloU, and Precision, particularly excelling in boundary segmentation accuracy. Ablation studies
further validate the effectiveness of the gradient guidance mechanism and dual-branch structure.
This study not only provides a high-performance solution for breast ultrasound image segmenta-
tion but also offers new insights into the synergistic modeling of prior knowledge and deep learning.
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Table 1. Dataset distribution
=1 BURENHIER

e
I AR E Il
Datasetl Dataset2
R 437 358
M 210 453
Ew 133 -
Bt 780 811

4. LM

AT G B 5] SR A1 1M 4% (Gradient-guided Mixed Attention Network, GMG-TCNet), #44k
BER I 1 s . GMG-TCNet SR XUy S mtsh 2 - ffh 2444, F 22 Transformer 733 CNN 433 il
B R 25 AR 7 1 1 14 A B (GSA-Gate) = #5734 1k o

Input Output
A
\ 4
Patch Embedding oy TOSA- )E 9
(conv 4x4, stride 4) : Gate A
CNN  [Transformer :
(conv 3x3, GELU) | (head 2) .
[ Weighted Fusion ]----" [ Weiahied Fusi
eighted Fusion ]
v [ CNN ITransformer]
(conv 3x3, GELU) (head 2)
[ MaxP?:)I 22 ] ‘ UpConv 2x2 ’
CNN Transformer ( )
(conv 3x3, GELU))  (head 4)
TGSA-
[ Weighted Fusion ]- R SS; ----------
ate
\ 4 I
[ MaxPool 2x2 ] [ Weighted Fusion
CNN [ Transformer CNN Transformer
(conv 3x3, GELU)A (head 4) (conv 3x3, GELU) (head 4)
[ Weighted Fusion } > TGGStA' - UpConv 2x2 |
ate . J

@ Skip connection

Figure 1. Overall architecture of GMG-TCNet
[ 1. GMG-TCNet Z {42244
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Figure 2. Dual-branch structure (taking the first-layer encoder as an example)
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Table 2. Hyperparameters of transformer branch
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Figure 3. Workflow of GSA-Gate
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o0t L R S AR o B R AT S - T RS E AN T ) [, AN SR B AE X 2K (Binary
Cross-Entropy, BCE)5 Dice i & B MNAL AL & AE N i £k H Fx:
Lo = Loce + B Loice (2
o, BCE 5 F TARIEAR R 000 SRS E M, 10 Dice #1KBEW B LXK I E B, W/NHR SR
X IR UK, T 1456 RT DALE SR B AA o3 RS B2 (%) (RN, B Gty RS A X 3311 o B 1k 5 0 — 3
P EAWITiH, BCE #iik 5 Dice #i R HIBE R B> 5B E N a = 0.5 M =05, LIFEGRRF IS INE
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5.3. XFEESEER

7 3 R T % J7AAE Datasetl 55 Dataset2 [ [f)s23645 5, GMG-TCNet (Ours) 7 W AN d 4 ¥ HAS
TEAMMERE . DA Datasetl f%1: GMG-TCNet ) mDice 1% %] 85.84%, & U-Net (82.17%)# /%) 3.67 AN F
43 R, 3 Swin-UNet (79.47%) 32 T+ 6.37 A~ F 43 i s 7R3 FHBUR ¥ mioU 4845 F, GMG-TCNet & F| 77.18%,
2 ET U-Net (72.74%) . PSPNet (73.59%)%5 77 1%, AR H HAED 2 73 FIESS b BORGHEE DL 5

7t Dataset2 #1, GMG-TCNet [{ERESE T ABHE: H mDice IAF] 95.47%, % U-Net (92.32%)42 T+
21 3.15 ME 5 A, B Swin-UNet (90.77%) 42 F+41 4.7 AN 43 5 Recall $EFri& %] 93.11%, [FIRESTSE T T
AR, #EBIAE T GMG-TCNet 75 FEE4E L IIZ LR 115 50 BIRS BEIR 35

Table 3. Test results of different methods on Dataset1 and Dataset2

% 3. TR EEHIEE Datasetl F1 Dataset2 LRI 4L R

mDice mlou Precision Recall Specificity  Accuracy Auc_pr
Datasets Methods %) (%) (%) %) %) %) %)
U-Net 82.17 72.74 77.54 58.59 98.61 95.58 72.14
PSPNet 82.85 73.53 76.11 61.80 98.39 95.62 74.52
DeepLabV3+ 84.32 75.29 78.98 64.18 98.60 95.99 77.12
Datasetl .
ViT 77.15 67.07 62.56 53.59 97.32 94.01 60.49
Swin-UNet 79.47 69.52 64.75 59.65 97.30 94.45 66.96
GMG-TCNet 85.84 77.18 75.70 72.09 98.09 96.12 80.36
(Ours)
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U-Net 92.32 86.26 86.73 86.39 98.10 96.63 93.72

PSPNet 93.41 88.32 89.02 90.32 98.25 97.67 94.23

DeepLabV3+ 9530 91.55 93.18 91.00 99.04 98.03 97.74

Dataset2 ViT 88.44 80.39 82.01 7757 97.55 95.04 88.23
Swin-UNet 9077 82.32 85.67 79.40 97.62 96.12 90.13

G'\"(g'utg'\‘et 95.47 90.84 89.25 93.11 98.35 97.81 96.82

5.4. jHRUSLIO4ER

N T IAIE GSA-Gate BEHL A R, AHFFTLE Datasetl 5 Dataset2 %1%} GMG-TCNet #£47 1 ¥4 fl
SENG, SERWE 4 FoR. SEEEER W 1E ORI SR 4 3 451 (Base) i, 3 B 5 45 () mDice FE 52
y 84.88%F11 94.49%; G| \BHE 145 (G-Gate)f5, TERE/MEFETHZ 85.08% 5 94.67%; HE— LKA [AlE
B (SAM-Gate)J5, TEFRIFEALE 85.51%F1 95.01%; 1M 245 1 52 # /) GSA-Gate #i(Ours)i,
BRI e TA B AL, AE P BE 2 B4 I SEIL T 85.84% 5 95.47%H) 5t 5 mDice. bik4s 7 /MEM] T GSA-
Gate #4L4 [8] B A 3 P 88, Refig A 2 HB A MR FHBETY (1 7 B R FE

Table 4. Test results of GMG-TCNet variants on datasets Dataset1 and Dataset2
% 4. GMG-TCNet FY TR AE BB 4 Datasetl F Dataset2 = AOMiK4E

. mDice mlou Precision Recall Specificity  Accuracy Auc_pr

Datasets Variants %) (%) %) (%) %) %) %)
Base 84.88 75.93 73.01 7132 97.81 95.80 79.39
Base G-Gate 85.08 76.21 75.82 69.21 98.19 95.99 79.74

Datasetl
Base + SAM-Gate  85.51 76.80 76.68 70.29 98.23 96.11 79.83
Base + GSA-Gate g5 g, 77.18 75.70 72.09 98.09 96.12 80.36
(Ours)

Base 94.49 89.85 88.55 92.34 98.28 97.54 96.33
Base + G-Gate 94.67 90.04 89.49 92.60 98.30 97.60 96.53
Dataset2  gace + SAM-Gate  95.01 90.50 89.20 92.92 98.44 97.71 96.64
Base + GSA-Gate g7 /5 90.84 89.25 93.11 98.35 97.81 96.82

(Qurs)

55. BN SISRTSHT
K 4 Jit s R4 2% i £k (Loss curves) ELUL Bt | GMG-TCNet A R LIl Zrid A i ) 27 IR
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Figure 4. Training loss curve of GMG-TCNet on Dataset1
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B, XA R SRR BRI A J5 S 55 T A W SEPERE SR AL 1 R S 5 SE B fR

6. &g

AHIEFE A0 FUIR R 75 R 7 ) i SRR . TR 2 AR R, AR T TR S S = L
f*) Transformer-CNN Vi & /¥ 4% GMG-TCNet. i 51 A AT 2% ST BBL B2 1145 5 28 (B = 0, W28 Refs
KR ZRHE, HERERE RHEENAREE . TE2A AT EIEE ERISERRH, GMG-TCNet 7
SYERERE . AR — S M T A R E. KRRt — St R, R EnEEE
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