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ABSTRACT Cervical cancer is a malignant tumor that highly endangers women ’s lives. Cytological screening based on image
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processing is the most widely used detection method for precancerous screening. Recently, with the development of machine learning
theory based on deep learning, the convolutional neural network has made a revolutionary breakthrough in the field of image recognition
due to its strong and effective extraction ability. In addition, it has been widely used in the field of medical image analysis such as
cervical abnormal cell detection. However, due to the characteristic high resolution and large size of pathological cell images, most of its
local areas do not contain cell clusters. Moreover, when the deep learning model uses the method of exhausting candidate boxes to locate
and identify abnormal cells, most of the sub-images obtained do not contain cell clusters. When the number of sub-images increases
gradually, a large number of images without cell clusters as input to the object detection network will make the image analysis process
redundant for a long time, which drastically slows down the speed of detection of the large-scale pathological image analysis. In view of
this, this paper proposed a new detection strategy for abnormal cells in cervical cancer microscopic imaging. According to the
pathological cell images obtained by the membrane method, the image classification network based on deep learning was first used to
determine whether there were abnormal cells in the local area. If there were abnormal cells in the local area, the single-stage object
detection method was used for further pathological cell image analysis, so that the abnormal cells in the images could be quickly and

accurately located and identified. Experimental results show that the proposed method can double the speed of detection of cervical

cancer abnormal cells.

KEY WORDS cervical cancer abnormal cells; pathological image; deep learning; convolutional neural network; object detection;

image classification
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Total 8964
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Table 2 Cell cluster image classification experiment

Model Accuracy/%  True negative rate/%  True positive rate/%  Average time consumption/s  Params/MB  Memory Cost/GB
Resnet50 89.01 96.09 86.93 0.017 22.51 4.12
Resnet101 89.62 89.39 91.46 0.027 42.50 7.85
SE-Resnext50 84.59 96.09 79.90 0.016 27.56 4.28
SE-Resnext101 82.50 91.62 79.90 0.033 48.96 8.05
Efficientnet-b4 75.71 98.88 57.29 0.027 19.43 5.12
Efficientnet-b7 83.41 98.88 68.84 0.043 66.52 25.32
Resnext50 32X4d 88.25 94.41 88.44 0.012 25.03 4.29
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SE-Resnet101 82.50 92.18 79.40 0.023 49.33 7.63
SE-Resnet50 85.11 88.83 86.43 0.011 28.09 3.9
Nasnet 85.37 99.44 72.36 0.038 88.75 24.04
Shufflenetv2 81.46 0 99.50 0.010 7.39 0.60
Inceptionv4 81.72 99.44 0 0.024 42.68 12.31
Xception 78.85 99.44 99.50 0.015 22.86 8.42
Densenet121 80.58 94.41 56.28 0.021 7.98 2.88
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Table 3 Comparison experiment for model reasoning time

Single stage model Time consumption/s Param/MB Double stage models Time consumption/s Param/MB
Faster RCNN 2775 40.1 Resnet50+Faster RCNN 1089 62.61
Cascade RCNN 2877 65.9 Resnet50+Cascade RCNN 1178 88.41
Libra RCNN 3118 41.6 Resnet50+Libra RCNN 1496 64.11
Tridentnet 4469 33.1 Resnet50+Tridentnet 2106 55.61
Foveabox 2437 36.0 Resnet50+Foveabox 1189 58.51
ATSS 3014 31.2 Resnet50+ATSS 1450 53.71
YoloV5 1386 45.7 Resnet50+YoloV5s 695 68.21
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Table 4 Comparison experiment for model recognition accuracy

Single stage model AP50/% Double stage models AP50/%

Faster RCNN 70.1
Cascade RCNN 69.2

Resnet50+Faster RCNN 66.8
Resnet50+Cascade RCNN 65.7

Libra RCNN 68.3 Resnet50+Libra RCNN 67.0
Tridentnet 65.7 Resnet50+Tridentnet 59.7
Foveabox 67.3 Resnet50+Foveabox 61.9

ATSS 63.8 Resnet50+ATSS 63.5
YoloV5 75.3 Resnet50+YoloV5 70.1
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Fig.4 Examples of the identification of some cell clusters in datasets:

a,b) correct recognition results; (c) recognition results of "over
(a,b) g ; gn

inspection"; (d) recognition results of "over inspection”
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