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Localization system of nipple in ABUS based on YOLO detection model
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ABSTRACT: Objective Early diagnosis of breast cancer is of paramount importance. We aim to utilize deep learning
models to accurately detect the nipple area in Automated Breast Ultrasound (ABUS) data, ensuring reliable technical
diagnostic support for breast tumors at an early stage. Methods Based on the YOLO series models,we locate and detect
The YOLO

series models have all performed well. Particularly, the YOLOvS5s model achieved a high precision rate of 0.955, a recall

the nipple in ABUS coronal plane images, providing a positional reference for tumor diagnosis. Results

rate of 0.925, and a frame rate of 243, meeting the clinical diagnostic requirements. Conclusion The YOLOvV5 model has
demonstrated excellent performance in the ABUS nipple localization task. This technology provides crucial technical support

for the early detection of breast tumors, with significant clinical implications.
KEY WORDS: automated breast ultrasound; YOLO object detection; nipple location
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Sequence slicing of ABUS
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Table 1 Training environment configuration
BERS 20.04.1-Ubuntu  CUDA JA 12.4
CPU i7-11700K Python fiAS 3.8.19
GPU RTX3090 R 2% 2 HESL Pytorch 2.4.0
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Table 2 Evaluation indicators and formulas
Bzt Ak
TP
P=
Wi P TP + FP
TP
R R=
HIA TP+ FN
NN Intersection Area
A IoU lIoU =——F—F———
SO fo Union Area
BIE IR0 mAP mﬂ:% " 4P
Wi FPS FPS = m
time
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Table 3 Experimental results

Model Precision Recall mAP50  mAP50-95 FPS
YOLOv3s 0.954 0.922 0.962 0.692 238
YOLOv5s 0.955 0.925 0.962 0.698 243
YOLOvS8s 0.962 0.906 0.952 0.698 163
YOLOV9s 0.956 0.916 0.961 0.678 76
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2 ABUS
Fig.2 Different models’ detection results on partial ABUS sequence slices
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