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Deep Learning-based Kidney Segmentation in Ultrasound Imaging: Current Trends and Challenges
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Abstract Kidney ultrasound segmentation plays a pivotal role in clinical diagnosis and treatment planning. This review systema-
tically reviews key developments in renal segmentation techniques from 2017 to 2024, focusing on 2D/3D approaches and patho-
logical tissue analysis. Current 2D methods encompass four categories: traditional texture-based techniques, U-Net variants,
shape-prior integrated deep learning,and multimodal fusion approaches. The study comprehensively evaluates available datasets
and standardized metrics,establishing critical benchmarks for the field. While significant progress has been made in 2D segmenta-
tion, persistent challenges include limited precision in fine structures,immature 3D techniques,inadequate pathological analysis,
and data scarcity. Overcoming these limitations is crucial for clinical translation. Future directions emphasize refining structural
segmentation,advancing 3D reconstruction, developing cross-modal learning, and creating comprehensive datasets. These efforts
will enhance the clinical utility of renal ultrasound segmentation, bridging the gap between technical innovation and medical appli-
cation.

Keywords Kidney US segmentation, Deep learning, Renal abnormalities, Evaluation metrics, Open datasets
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Table 1 Overview of 2D kidney ultrasound segmentation methods
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Table 2 Overview of segmentation methods for 3D kidney ultrasound images
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Table 3 Overview of segmentation methods for abnormal kidney ultrasound images
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