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Progress in Application of Deep Learning in Liver and Liver Tumor Segmentation

CUI Hui', GUO Yinghui’, CAI Xiaohong', WANG Xiaoyan'

1.School of Medical Information Engineering, Shandong University of Traditional Chinese Medicine, Jinan 250355, China
2.College of Traditional Chinese Medicine, Shandong University of Traditional Chinese Medicine, Jinan 250355, China

Abstract: Liver cancer is a malignant tumor with increasing morbidity and mortality. Precise segmentation of the liver
and tumor is crucial for diagnosing and treating this disease. Traditional liver and tumor segmentation relies on manual
work by doctors, which is time-consuming, experience-dependent, and challenging to ensure accuracy and efficiency in
large-scale data processing. Recent advances in deep learning, particularly with its automatic feature extraction capabili-
ties, have significantly improved liver and tumor segmentation. This review introduces widely-used public datasets and
evaluation metrics, and summarizes progress in liver and tumor segmentation from supervised and unsupervised learning
perspectives. Advantages and limitations of various models are discussed, and performance comparisons across methods
are presented. Finally, limitations and challenges in current research are highlighted, along with future research directions,
providing a reference for further studies.
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Fig.1 CNN model architecture diagram
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Fig.2 FCN model architecture diagram
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Table 3 Summary of segmentation algorithms in supervised learning
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Table 4 Summary of segmentation algorithms in unsupervised learning
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