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Thyroid nodules segmentation in ultrasound image based on multi-scale feature extraction and
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Abstract: Based on the classical U-Net, a novel method incorporating multi-scale feature extraction and multi-feature fusion
for thyroid nodule segmentation in ultrasound image is proposed. Specifically, a feature extraction strategy based on stacked
small-sized convolutional kernels is designed. By stacking multiple small-sized convolutional kernels, the model can capture
both detailed and global features of images under different receptive fields, thereby achieving efficient multi-scale feature
extraction. Through a hybrid attention mechanism which includes both channel and spatial attention, feature maps from
different stages are effectively fused, thereby enhancing the original skip connections. The proposed algorithm achieves 95%
Hausdorff distance (HD95) of 16.02 and 17.86 mm on the TN3K and DDTI thyroid nodule segmentation datasets,
respectively, along with F1-scores of 82.21% and 75.74%, outperforming all other compared methods. Experimental results
demonstrate that this approach can provide valuable assistance to clinicians in diagnostic practice.
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Figure 1 Network structure
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Figure 2 Multi—scale residual connection module
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Figure 3 Schematic diagram of the GHAF module of the 3rd stage
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Table 1 Comparison of thyroid nodule segmentation

results on the TN3K dataset

WiRES oU/%  HD95/mm  F1/%
FCN 70.61 21.76 79.92
Deeplabv3+ 71.98 17.59 81.15
U-Net 69.42 21.74 78.75
ResUNet++ 71.76 18.99 80.84
MultiResUNet 61.37 25.76 72.28
SGUNet 70.86 22.66 80.09
DC-UNet 69.17 25.27 78.73
TransUNet 72.56 18.20 81.04
MISSFormer 65.27 20.47 75.23
MA-UNet 67.84 23.92 77.79
CPCANet 55.30 33.45 65.83
AICE 73.34 16.02 82.21
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Table 2 Comparison of thyroid nodule segmentation

results on the DDTI dataset

itk IoU/%  HD95/mm  F1/%
FCN 58.60 21.28 71.18
Deeplabv3+ 61.93 19.00 74.01
U-Net 60.46 22.54 72.60
ResUNet++ 61.39 18.97 73.94
MultiResUNet 59.12 26.61 71.59
SGUNet 58.57 2122 71.31
DC-UNet 62.34 20.91 72.98
TransUNet 59.88 22.36 71.10
MISSFormer 52.62 20.38 66.19
MA-UNet 51.50 29.31 64.73
CPCANet 53.75 23.89 67.10
AR 64.18 17.86 75.74
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Figure 4 Comparison of thyroid nodule segmentation results of different networks
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Table 3 Ablation study of the GHAF module on the TN3K dataset

ik oU/%  HD95/mm  F1/%
Baseline 69.67 21.15 78.97
BaselinetGHAF_w/o_HA 72.21 18.49 80.97
Baseline+GHAF 73.34 16.02 82.21
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Table 4 Ablation study of the GHAF module on the DDTI dataset

Trik IoU/%  HD95/mm  F1/%
Baseline 60.29 20.74 72.35
BaselinetGHAF _w/o HA 63.40 18.61 74.97
BaselinetGHAF 64.18 17.86 75.74
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Figure S Comparison of the segmentation results in the ablation study
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