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Atypical Squamous Cells detection based on Improved Faster R-CNN
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[ Abstract] Cervical cancer is the most common gynecological malignant tumor in the world, with a very high mortality rate.
Thinprep Cytologic Test (TCT) is the basic method for cervical cancer screening. Pathologists observe squamous epithelial cells
shed from the cervix under a microscope to see if there are abnormal squamous epithelial cells for diagnosis. The detection rate of
cervical cancer by TCT is 100% , and some precancerous lesions and microbial infections can also be found. At present, there are
only about 10 000 pathologists in China, and the training cycle is long, with a huge demand gap. In this paper, the object detection
model is trained by using digital pathological images labeled by pathologists. An improved network structure model based on Faster
R-CNN is designed, and a deformable convolutional network and a feature pyramid network are introduced to realize automatic
detection of cervical digital pathological images, providing an auxiliary reference for clinical diagnosis of cervical diseases. The
experimental results show that the improved model can converge rapidly, and the mean Average Precision on the test set can reach
0.29, which has basically met the needs of auxiliary pathologists for diagnosis (the model mAP used in actual hospital clinical
practice is 0.32).
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Fig. 1 Whole view of a slide in KFB format
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Fig. 2 A view of ROI and an label box of a cell
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Fig. 3 The number of labels for each type of positive cells
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Fig. 4 Diagram of the cutting process for ROI
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Tab. 1 The dataset information table
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Fig. 5 The model structure of Faster R—CNN
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Fig. 6 The model structure of Faster R—CNN combined with
FPN
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Fig. 7 Diagrams of standard convolution and deformable

convolution
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Tab. 2 The experimental environment configuration
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Fig. 8 The training flowchart of overall network
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Fig. 9 The decline of loss value for each model
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Fig. 10 Four examples of the detection with improved model
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Tab.3 Table of definitions for each measurement
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Fig. 11 The diagram of the PR curve
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Tab. 4 Various AP and mAP values for each model
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