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Ultrasound image segmentation of thyroid nodule combining
multi-scale features and attention mechanism

ZHAO Xin', LI Hongdou', WANG Hongkai’
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2. School of Biomedical Engineering, Dalian University of Technology, Dalian 116604, Liaoning, China)

Abstract: A new ultrasound thyroid nodule segmentation model with multi-scale features and attention mechanisms is
proposed to address the problem of inaccurate segmentation of thyroid nodules in ultrasound images. In the model, a
multi receptive field channel selection module designed in the encoding phase is used to adaptively weight and
combine features from different receptive fields with a focus on channels containing the target object. Additionally, an
adaptive global context module is designed to extract global context features from multiple scales of the bottleneck
layer to effectively encode high-level semantic information. Furthermore, a dual attention-guided module is used to
enhance feature fusion between peer layers of the encoder and decoder for reducing information loss during
upsampling. Experimental results on a publicly available ultrasound thyroid nodule dataset show that the proposed
method outperforms other state-of-the-art networks and achieves more accurate segmentation of thyroid nodules,
effectively improving segmentation performance.
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Fig.1 Ultrasound image of thyroid nodules
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Fig.2 Diagrams of overall network architecture and module structure
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Fig.3 Structure diagram of multi receptive field channel selection module
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Fig.6 Comparison of segmentation results of thyroid nodules
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Table 3 Complexity comparison of different models

TR SR HHE IR R]/s
U-Net 6.75x10° 21.5x10° 1052
U-Net++ 9.04x10° 59.6x10° 1349
ResUNet 4.72x10° 19.8x10° 1012
AttentionUNet 8.90x10° 34.4x10° 1066
AR Ti 9.73x10° 71.9x10° 905
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SCTT RN A5 5 T RRAE B HEAR B4, 6 K ) g Aor
REJIEE g, HAEER D FIREE.

R4 TEDDTIHUESE EARA S H MR S EIZER
Table f tEZomparison of segmentation results between the

model in this paper and the models in the other lit-
eratures on the DDTI dataset

T3 dice REL  AFFE  KEHHE  HEHE
SGUNET(2021)  0.729 0.783  0.753  0.931
MShNet(2022) 0.758 0.778 - -
Nguyen25:112(2022)  0.612 - - -
BTNet!*(2022) 0.757 - - -

N i 0.768 0.853 0.806 0.877
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Fig.8 Segmentation results of the model proposed in this pa-
per on TN3k dataset
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