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volution neural network model was applied to detect the region of cells (cell clusters) on the scanning
image of cervical cytology. Secondly, VGG 16 deep convolution neural network model combined with
transfer learning was utilized for the exact diagnosis of the detected region of cells (cell clusters). The
data augmentation technique was applied in the process of cells (cell clusters) detection and diagnosis
to improve the performance of deep convolution neural network model. Meanwhile, considering the
deficiency of scanning image datasets for the cervical cytology in the research of relevant fields, we
collected the typical cases of liquid based cytology (LCT) for cervical cytological screening in West
China Second Hospital of Sichuan University, set up HXLCT dataset of cervical cytological images,
which were labeled by the experienced pathologists. The result of the experiment showed that, the
cells (cell clusters) in the scanning images of cervical cytology could be effectively detected by the pro-
posed method (accuracy rate was 91.6% , recall rate was 92.3% , and the area under ROC was 0.914).
This method may assist in the development of automatic screening system of cervical cytology, which
could be of great significance for the early prevention and treatment of endocervical carcinoma.

Key words: cervix; cytopathology; deep convolution neural network; data augmentation; transfer

learning; intelligence-assist screening test
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Tab.2 Comparison of performance between the proposed
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