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Abstract: Thyroid nodule is a common disease in clinical practice, the incidence of thyroid cancer caused by nodules has increased
year by year. Thyroid ultrasound images have complex tissue structure, unclear edges, severe speckle noise, and low contrast, which
brings great difficulties to doctors in diagnosing thyroid diseases. In this article, using the Mask R—CNN algorithm, combined with the
migration learning method, pre—training the networks ResNet50, SENet and SE-ResNet50 on the ImageNet data set to obtain the pre-
training weight parameters, which are used as the initialization parameters of the experimental model. And the optimized loss function
is used in the method of fusion residual attention mechanism network SE—ResNet50 for feature extraction under the backbone network ,
the accuracy rate is 0.936, the recall rate is 0.851, the specificity is 0.948, the mAP is 0.824. The proposed method can assist doctors
in diagnosing thyroid ultrasound diseases and has certain reference significance.
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Fig. 1 Thyroid ultrasound image example
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Fig. 2 Ultrasound image and corresponding mask image
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Fig. 3 Faster R-CNN and Mask R—-CNN architecture
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Fig. 5 Ultrasound thyroid nodule localization, segmentation, benign and malignant discrimination model
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Table 3 Test results
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Fig. 6 Test result example
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Fig.7 Accuracy rate and loss rate curve of the test set
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