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Establishing a method for Automatic identification of Cervical Cancer Cells by a
Deep Neural Network
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In the present study, we aimed to realize automatic cancer cell
identification that surpasses the identification performance of specialist technicians, and
therefore we performed experiments by applying a deep learning to cytological specimens of the
uterine cervix. First, cytological specimens were photographed with a digital camera, and a
large-scale data set with the presence and degree of atypical cells was created. The number of
images in the database was about 2,619, and the number of patients was 550. Next, using this
dataset, we conducted a prediction experiment using deep learning. ResNet, MobileNet, and DenseNet
were used for the experiment. The best-performing model was DenseNet with the accuracy of 0.90, the
sensitivity of 0.87, and the specificity of 0.94, surpassing the performance of morphological
examinations performed by specialist technicians (sensitivity of 0.7, specificity of 0.9).
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