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Improved algorithm of multi-scale cervical cancer cells detection
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Abstract : Deep learning technology is widely used in target detection tasks because of its powerful feature
extraction capabilities. Aiming at the problems of uneven recognition accuracy and low detection efficien-
cy of multi-scale cervical cancer cells, this paper proposes an improved recognition algorithm, mini-object-
YOLO v3 (mo-YOLO v3) based on the YOLO v3 model. The cervical cell images collected under a 20 X
digital scanner are selected as the data set. In order to improve the robustness of the algorithm,multiple
data enhancement strategies such as contrast enhancement, grayscale image, rotation and flipping are in-
troduced to expand the data set;the model takes Darknet53 network combined with attention mechanism
as the backbone module,for the large difference in the size of cervical cancer cells,a multi-scale feature
fusion algorithm is proposed to optimize the model structure. In order to solve the problem of low detec-
tion accuracy of small targets,an improved loss function is proposed,adopting the relative position infor-
mation method to reduce the influence of the object frame on the detection result. The test results show
that the mo-YOLO v3 model proposed in this paper not only has obvious advantages in overall recogni-
tion accuracy,but also greatly improves the positioning accuracy of small-size cervical cancer cells. The
model has an accuracy rate of 90. 42% for identification of cervical cancer cells,a precision rate of 96.
20% ,a recall rate of 93.77% ,and a similarity index ZSI of 94. 97 % ,which is higher than similar algo-
rithms.
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Fig. 1 Sample example of dataset
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Fig.2 Examples of data enhancement methods and effects
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Tab.2 Comparison results of different models

on the cervical cancer dataset

Methods Accuracy Precision Recall
R-CNN 75.43% 91.65% 80.99%
Faster- R-CNN  75.65% 92.21% 80.81%
YOLO v4 77.05% 93.81% 81.18%
U-Net 79.89% 94.77% 83.58%
YOLO v3 83.30% 95.71% 86.53%
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Fig. 10 Comparison of cervical cancer cell detection effects between YOLO v3 model and mo-YOLO v3 model:
(al),(a2) Labeling diagram of pathological cells; (bl),(b2) Results of YOLO v3 model detection;
(el),(c2) Results of mo-YOLO v3 model detection
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Fig. 11 Comparison results of the contribution of

each component of the mo-YOLO v3 model
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Tab.3 Ablation experiments of mo-YOLOv3 model

Methods Accuracy Precision Recall ZSI
YOLO v3 83.30% 94.71% 86.53% 90.89%
YOLO v3 & CBAM 86.56% 94.58% 91.07% 92.79%
YOLO v3 & feature_fusion 88.40% 95.51% 92.42% 93.84%
YOLO v3 & improved_loss_fun 87.92% 95.28% 91.91% 93.57%
mo -YOLO v3 90. 42% 96.20% 93.77% 94.97%
F4 SHMSXFELBRER
Tab.4 Comparison results with other methods
No. Methods Accuracy Precision Recall (Sensitivity) mAP(0.5)
1 YOLO v3+"" 66.78% 67.8% 97.5% 63.4%
2 FCNN!®! 86.67% 96.15% 87.7% —
3 VGG-Net+ 88.18% 90.1% 96. 8% 78%
4 Mask R-CNN!"! 89.80% 94.3% 72.5% 57.8%
5 mo-YOLO v3 90.42% 96.20% 93.77% 80.88%
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