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SER-DC YOLO for the Detection of Abnormal Cervical Cells
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(1. School of Computer Science and Technology, Harbin University of Science and Technology, Harbin 150080, China;
2. School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150006, China)

Abstract; Due to the complex content of Thin Prep Cytology Test ( TCT) images of cervical cell samples with rich and diverse
background colors and a certain degree of natural variation of cervical cells among different women, this poses a great difficulty in the
delection of abnormal cervical cells. To solve this challenge, a targel delection network called SE-ResNel-Deformable Convolution You
Only Look Once(SER-DC YOLO) is proposed. The network incorporates the attention mechanism in YOLOvSs Backbone, adds the
SE-ResNet module, then improves the network structure of the SPP layer and replaces the normal convolution with deformable
convolution, and finally modifies the loss calculation function of the bounding box by replacing the Generalized Intersection over Union
(GloU) to a-IOU Loss. Experiments show that the network improves recall by 19.94% , precision by 3. 52% , and average precision
by 7.19% on the cervical image dataset compared with the YOLOvS network. Link to related code: https://github. com/sleepLion99/
SER-DC_YOLO.
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Fig. 1 Network structure diagram of SER-DC YOLO
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Tab.1 The normal cell dataset
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Tab.2 The abnormal cell dataset
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Tab.3 The ablation experiment results of SER-DC YOLO

Recall  Precision mAP0.5:0.5
H WIRES

J% % /%
A0 YOLOVSs 62.24 50.83  57.50
Al SE-ResNet 75.31 5297  59.43
A2 DC-SPP 74.41 5140 57.96
A3 a-ToU 78.56  52.82  59.73
A4 SE-ResNet + DC-SPP 77. 04 51.89  61.54
A5 SE-ResNet+a-loU  76.51 53.60  63.65
A6  DC-SPP+a-loU  79.78 5475  64.91

SE-ResRet + 82.18 54.35  64.69

DC-SPP + a-IoU

W5 3 Al A

1) WEE A0 — A3 LS 25 0, A1 A2 (A3 41K
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2) WEE AL/A2/A4 A1/A3/A5 A2/A3/A6 41
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Fig.4 The line graph of precision
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Fig.5 AP values of YOLOvVSs,SER-DC YOLO model

on different detection categories
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Tab.4 The comparison experiment results
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T Recall/% mAP0O.5:0.5/%  FPS
Faster R-CNN 79. 63 59.32 7
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