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Papillary thyroid carcinoma pathological image classification

based on deep active learning
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Engineering, Air Force Medical University, Xi'an, 710071, China)

Abstract: Thyroid cancer is the most common form of endocrine malignancy and the informative pathological images are
critical for thyroid cancer risk stratification, prognosis and treatment guidance. Recent advances in deep learning have achieved
promising results on pathology image classification benchmarks. However, to achieve an acceptable classification
performance, most of the existing methods require a large number of labeled images. The manual annotation for the medical
image is known to be tedious, time-consuming, and requires guidance from domain knowledge. To reduce the labeling cost,
this paper proposes a classification method which integrates the convolutional neural network (CNN) and active learning to
actively select a few samples for annotation. Specifically, we utilize CNN to extract feature of the pathological image. And
then the deep feature is employed to estimate the uncertainty and representativeness of pathological image for “valuable”
sample selection. Finally, the selected samples are annotated by pathologists and continuously fine-tune CNN to enhance the
classification performance. The experimental results on thyroid pathological images demonstrate that the proposed method
can reduce the labeling cost without sacrificing the accuracy of the classification system.
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Fig. 1 The overall framework of the proposed classification method
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Fig. 2 The framework of similarity estimation
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0:10 0.822 0.834 0.837 0.894 0.905 0.904 0.912

Classification results with different ratio for

1:9  0.82 0.879 0.893 0.898 0.914 0.918 0.919
2:8 0.821 0.859 0.882 0.891 0.904 0.913 0.912
3:7 0.830 0.849  0.856  0.859 0.899 0.914 0.914
4:6  0.859 0.860 0.892 0.901 0.904 0.907  0.908
5:5 0.831  0.840 0.868 0.879 0.888 0.905  0.907
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8:2 0.840 0.851 0.879 0.886 0.906 0.908  0.913
9:1  0.835 0.840 0.863 0.893 0.900 0.912 0.916

10:0  0.835 0.837 0.845 0.852 0.866 0.902  0.917
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