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Abstract: For artificial intelligence assistance in the detection of fracture sites, the fracture sites are usual-
ly accompanied by bleeding and other symptoms. Further, CT images taken in different positions have

large differences, the size of fracture sites varies, and the bleeding sites and surrounding tissues may inter-
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fere with the detection of fracture sites, leading to insufficient feature extraction and the problem of low de-
tection accuracy. Therefore, the 3M-YOLOvV5 network is designed to detect mandibular fracture sites.
First, the dense module is used in the feature extraction network to improve the feature extraction capabili-
ty of the network by using the dense connection property. The local and global attention module (lgaM) is
used to extract the global information of CT images. Second, a lightweight multiscale dense block (Im-
dM) is designed to extract the multiscale features of the fracture sites with fewer parameters. Third, a
cross-dimension bidirectional feature fusion module (cdbfM) is designed in the feature enhancement net-
work to make the height, width, and channel of the feature maps interact with each other, and trainable
weights are introduced to balance the fusion importance of the feature maps with different scales. Finally,
to verify the effectiveness of the proposed network, ablation and comparison experiments are conducted on
a self-built dataset. The results show that when the confidence threshold is 0.5, the mAP value, F1 val-
ue, recall rate, and precision rate of the proposed network are 99.17%, 99.06%, 98.81%, and
99.32%, respectively. The proposed CT image detection network for mandibular [racture can better de-
tect the fracture sites in the image than existing methods, which is a good reference for doctors to make a
corresponding treatment plan based on the detection results.

Key words: target detection; mandibular fracture; YOLOvVS5; cross dimension attention; densely con-
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Fig. 8 Detection results of mandibular fracture CT images
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Tab.1 Result of ablation experiment
W4 28k /MB GFLOPS (LTS FEATES F1{H mAP {8
YOLOV5 7.064 16. 477 0.9538 0.948 9 0.953 1 0.956 1
S — 12.220 70. 187 0.986 2 0.9710 0.9785 0.9909
S 9.997 58.818 0.974 3 0.967 6 0.9709 0.982 2
S = 8.924 54.124 0.9828 0.9727 0.9777 0.984 1
S g 10. 251 61.116 0.9829 0.9779 0.980 4 0.9890
S T 9.389 52.430 0.9828 0.9710 0.976 9 0.987 8
SRS 8.780 46.764 0.9733 0.930 2 0.9512 0.977 3
S 11. 966 67.862 0.986 0 0.9574 0.9715 0.979 2
S5\ 8.924 54.098 0.974 4 0.9710 0.9727 0.979 1
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ST 10. 251 61.143 0.993 2 0.988 1 0.990 6 0.9917
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Fig.9 Radar map of ablation experiment
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Tab.2 Comparison of experiment results with different networks

I SR & /MB GFLOPS KR PEN F1{H mAP FPS
YOLOv3™Y 236. 32 66.171 0.844 6 0.2777 0.4179 0.6389 11.819 3
YOLOv4™' 245.53 60.527 0.908 3 0.6917 0.7853 0.8515 9.4657

YOLOvV5 7.064 16.477 0.9538 0.948 9 0.953 1 0.956 1 14.051 6
Faster RCNN'! 137.099 370. 210 0.9197 0.858 6 0.888 1 0.927 4 7.059 4
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3M-YOLOV5 10. 251 61.143 0.993 2 0.988 1 0.990 6 0.9917 2.6826
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Fig. 10 Radar map of comparison experiment
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