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[Abstract] Objective To address the challenges of significant variations in nodule size, low image
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contrast, and strong speckle noise in ultrasound image segmentation of thyroid nodules, this paper proposes a
precise segmentation method based on multi-scale feature extraction and global multi-feature fusion, aiming to
enhance the recognition capability of features at different scales and improve generalization performance under
complex backgrounds. Methods A classical encoder-decoder network architecture is adopted as the
foundational framework. Building upon this, a Multi-scale Residual Connection Module (MRCM) is
integrated to capture multi-scale nodule features that traditional fixed-receptive-field convolution kernels
struggle to capture simultaneously. Concurrently, an Improved Global Pyramid Guidance (IGPG) module is
introduced to achieve efficient and denoised global multi-feature fusion. The developed method was validated
on two public datasets, TN3K and DDTI. Results The MRCM achieves continuous expansion of the receptive
field by densely stacking three cascaded 3X3 convolution kernels, enabling it to adaptively capture features at
different scales—from fine local textures to broader contextual information—effectively addressing drastic
variations in nodule size. The IGPG module abandons dilated convolutions, instead utilizing MRCM for cross-
layer feature fusion, and employs deep semantic information as a spatial attention guide to effectively filter and
integrate multi-stage features, thereby significantly suppressing noise interference and enhancing the
expression ability of discriminative features. On the TN3K dataset, the algorithm achieved loU, HD95, and
F1 scores of 72.21%, 18.49, and 80. 97% respectively. Compared to the U-Net baseline, ToU increased by
4.0% and F1 by 3.5%. On the DDTI dataset, the algorithm’s IoU, HD95, and F1 scores were 63.40%,
18.61, and 74.97% respectively. Compared to the U-Net baseline, IoU increased by 3.0% and F1 by
2.4%. The results significantly outperformed existing mainstream methods such as FCN, U-Net,
MultiResUNet, SGUNet, and DC-UNet, and the effectiveness and synergistic effect of the MRCM and IGPG
modules were demonstrated in ablation experiments. Conclusions By synergistically integrating the MRCM
and IGPG modules, the proposed segmentation method effectively addresses the issues of scale variation and
noise interference in ultrasound image segmentation of thyroid nodules, markedly improving segmentation
accuracy and robustness, thereby offering a novel technical solution for computer-aided diagnosis systems of
thyroid nodules.
[Keywords] thyroid nodule; ultrasound imaging; image segmentation; multi-scale feature extraction;
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Figure 1 Network structure of thyroid nodule
segmentation based on multi-scale feature extraction and

global multi-feature fusion
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Figure 2 Structure of multi-scale residual connection

D1

module

1.2 £RSHIERmEGER

P JF IR 19 U-Net i B:AE (5 B ER 2 B IR 215
B, SR Je— e R R SCfE B Bk R I 4
BARREIEZE 5 A JZ 18 E B BA A g2 5]
A—SETC MR o Ry fifp DA% 9 Bk BR % A A% 32
YUTEE 5 5 AT Sl | DL R IR GPG B HCR H 23
T 6 U B BN 1 SR 04 [ 8, AR SRR T —
WU ) 42 SR 4 T G | A LS e A L A
)42 JR Z R RS

T LASR 3 B B IGPG B B kg {55 BH He 254
mE 3 fs .

R 3 B CHRTRY B ) S IRB B (55 4
55 5 B B ) AARAE 43 ) 22 2 3x3 35 B 43 T A
ZEAHRILESE . HR CEE 4 B BERNSS S B BE R RRAE
P LR AR (L oR R 2 555 3 [ BOAH [R] 9 4[]
Rt o e, K45 B B B (4 45 AF P 7 3 1 4 1
PRz, IT O M i o A SCHE H A MRCM 42 ez R
FERFAE , 5 2 e A Rl A TR

IGPG %O BIHTE T3 T )5 lh GPG i rh
KR 2SR iR GPGELER A T MASTR 2 IR
FIRHIE B IR R LR SUE B R T 2409817
Mz B RUZ . SR, TSRS FEGE AR
eV R BIRAE TR R R R A Bk BR AN i 2L
(7 55, JE IS | R AR B 0 et % RR IR AE b
/N BARP R, SR 2 AT RE S BN . AR SC
1 F MRCM #4825 0 5 B, e oyl o 7 ik )



%33

FIRIE, 5 T 2 JUZ AR AE SIS 2 ARl ) HOR RSS9 18 A R 23 -+ 233 -

y

3 EFFAER

y
F
y

AR ARE ]

SES IR
WSk 3R 3x3 B AERAE , I TR AR (R A 5 S 7 Sk 3R
XU MEAREFoRAE ; B EHT 3k 378 MRCM ;26 3 J2HAE I i B B
FHAE(F3) 26 4 ZFHER (FO S B ERE 2R S F3 RG4S
SRR (F5) M FRFE 455 5 F3 A G
E3 FEIMERHGPGERTEE
Figure 3 Schematic diagram of the GPG module of the
third stage
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Table 1 Comparison of segmentation performance of
different methods on TN3K dataset

VRS 10U/% HD95 F1/%
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DC-UNet 69.17 25.27 78.73
AL 72.21 18. 49 80. 97

x2 FAEAZEEDDTIHIEE LW EIMEEEITEE
Table 2 Comparison of segmentation performance of
different methods on DDTI dataset

Jiik: 10U/% HD95 F1/%
FCN 58.60 21.28 71.18
U-Net 60. 46 22.54 72. 60
MultiResUNet 59. 12 26. 61 71.59
SGUNet 58.57 21.22 71.31
DC-UNet 62. 34 20.91 72.98
ARSI 63.40 18. 61 74.97
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Table 3 Ablation study of the GPG module on the TN3K

dataset
Ik 10U/% HD95 F1/%
Tt GPG itk 68.22 21.15 78.97
JE U GPG itk 70. 13 20. 32 79. 48
AL GPG #EHR 72.21 18. 49 80.97

R4 GPGHEMRADDTIHIESE EHERIZNIE
Table 4 Ablation study of the GPG module on the DDTI

dataset
WRES ToU/% HD95 F1/%
TG GPG ik 60. 46 20. 74 72.35
JRUf GPG AR 61.95 20.73 72.79
AL GPG AR 63. 40 18.61 74.97

Baseline , ZN Il GPG BB 5 ToU 7 TN3K _E M 68. 22%
PEFHE 72.21%(+3.99%) , 7£ DDTI |- M\ 60. 46% $&
TF % 63. 40% (+2. 94%) , F1 4380k 32 T, HD9S it
F AR, IR B 4 J5) 22 45 AE A 6 43 B 1k R = O

ASCIGPG BEHUAH LU i hh GPG #e, 7E TN3K |
ToU 427} 2. 08%(72. 21% vs 70. 13%) , 7E DDTI |42

55150 R i B (B 20 (o s B ME AR e o FECR IR ZS 1 X)) , 565 2 BN S bt (L KT ThRid) , 56 3~8 5143 311~ FCN ,U-Net \MultiResUNet ,
SGUNet . DC-UNet } A S8 45 L

El4 ARIMEHRRBETHE

R

Figure 4 Comparison of thyroid nodules segmentation results in different networks
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Figure 5 Comparison of the segmentation results of the

ablation study
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