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Review of breast cancer computer-aided detection methods based on
magnetic resonance imaging
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Abstract: Breast cancer has overtaken lung cancer as the world’s most common cancer. Its incidence
rate and mortality rate are the highest among women. At present, magnetic resonance imaging has been
widely used in breast cancer diagnosis and evaluation, and is the imaging method with the highest
detection sensitivity. Computer aided detection system plays an important role in assisting doctors to
diagnose breast cancer. Accurate breast cancer detection is one of the key technologies. In order to
provide reference for further research on breast cancer detection, the breast cancer detection methods
based on magnetic resonance imaging in recent years were reviewed. Firstly, the research significance
and detection process of breast cancer computer-aided detection were introduced; then the advantages

and disadvantages of traditional and deep learning methods for breast cancer detection were analyzed;

ks B #A: 2021-12-25

HEEWMB: BFARBEESESTIH (81830052) ; LiiiRHEAIF1Tah B H (18441900500); LT A 4AFl 24
H4TH (20ZR1438300 )

F—1EE: AR (1962-), B, #¥Z. WIRIrm.: EXEZGEEAE 5047, E-mail: nsd4647@163.com


http://dx.doi.org/10.13255/j.cnki.jusst.20211225001
mailto:nsd4647@163.com

2 bW TR % E R

2022 4F 5 44 4

finally, the existing problems and future development direction of breast cancer detection technology

were summarized and prospected. The results of traditional breast cancer detection methods are

interpretable but poorly generalizable, and they temporarily cannot meet clinical needs. In recent years,

the deep learning detection method has developed rapidly, and the detection performance has been

greatly improved. Therefore, the latest application of deep learning detection method in breast magnetic

resonance imaging is emphasized. Breast cancer computer-aided detection methods based on magnetic

resonance imaging have made great achievements, but the difference in characteristics between mass

and non-mass type breast cancer causes difficulties in detection. The shortage of high-quality databases

remains a bottleneck in deep learning methods. Therefore, the application of multimodal images and

weakly supervised deep learning will be the focus of future researchers.
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Fig.3 Detection of breast cancer by traditional method
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Fig.2 Breast cancer detection process
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Tab.1 Advantages and disadvantages of traditional breast cancer detection methods based on DCE-MRI
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Fig.4 Detection of breast cancer by deep learning
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Tab.3 Evaluation results of breast cancer detection methods based on deep learning
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Tab.4 Advantages and disadvantages of breast cancer detection methods based on deep learning
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