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Classification for thyroid cancer ultrasound images based on
the convolutional neural network
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Abstract . Classifying thyroid cancer ultrasound images for whether they are invasive or not is important to assist doctors in
diagnosing the disease. In this paper, the convolutional neural network ConvNeXt-T is applied to classify thyroid cancer ultrasound
images on the thyroid cancer ultrasound images dataset, the padding zero dataset A (PaddingZero—A) , and the padding zero dataset
B ( PaddingZero - B ), and the convolutional neural network —based thyroid cancer ultrasound images classification model is
propoesed and is conducted comparative experiments with the four state —of —the —art image classification network models, the
experimental results show that: the accuracy of ConvNeXt-T is higher than that of the other four advanced classification networks on
all three datasets; on the padding zero dataset B ( PaddingZero-B), the classification accuracy of the four advanced models is
improved significantly; the model can automatically detect regions of interest and produce padding zero datasets, and can more
accurately predict whether thyroid cancer is aggressive or not; at the same time, doctors can manually annotate the region of interest
to produce padding zero datasets, to achieve more accurate auxiliary analysis.
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Fig. 1 Dataset partition
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Fig. 2 Comparison of thyroid cancer ultrasound images and

padding zero dataset A (PZ —A) images
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Fig. 3 Structure of network model for ultrasound image classification of thyroid cancer based on convolutional neural network
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Fig. 4 Significant target detection results
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Table 1 Classification accuracy of five classification network models on the thyroid cancer ultrasound image dataset as well as the padding

zero dataset A(PZ—-A) and B(PZ-B) %
Bl ConvNeXt-T  DenseNet—121 ~ MobileNet—V2 ~ ResNet—34 ViT ¥iE

FPAR s 7 R I 5 74.200 72.034 66.949 65.254 64.407 68.569

HEFHARE A(PZ-A) 74.396 72.464 74.396 71.981 73.913 73.430

WETHARE B(PZ-B) 74.057 73.585 74.057 72.642 73.585 73.585
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