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A Review of Advances in Medical Image Detection and Segmentation
Models for Rib Fracture Diagnosis
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(1. College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China;
2. Department of Radiology, Tianjin Hospital, Tianjin 300211, China)

Abstract: Rib fracture is a high incidence disease with high misdiagnosis rate, so the diagnostic speed and accuracy re-
quirements for medical image processing technology are high, and image detection and segmentation is the key technology to
achieve rib fracture diagnosis. Therefore, the current research progress in the application of medical image detection and
segmentation models in rib fracture diagnosis is reviewed in this article. Specifically, the current mainstream image detection
and segmentation models are firstly introduced systematically, then the present models are summarized and concluded, and
various fracture diagnosis algorithms based on depth models are analysed, and finally, a comparative analysis of the models
is conducted using the RibFrac Challenge public database. The study shows that rib fracture diagnosis methods based on
image detection and segmentation have made great strides in clinical practice. However, the model training process is suscep-
tible to interference from sample data, 3D data is time-consuming and resource-intensive, and it is difficult to implement new
models and technologies. Therefore, there are a lot of challenges and opportunities to develop in the diagnosis of rib fracture.
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Fig.1 Structure of fully convolutional networks
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Tab.2 Performance of each research method in RibFrac
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