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Deep learning-based detection of casting surface defects:

a systematic review and future perspectives
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Abstract: Casting defect detection is a core link to ensure product quality in fields such as aerospace
and automotive manufacturing. Traditional methods are difficult to meet the requirements such as
high precision and real-time performance because they rely on manual labor or inefficient machine
learning models. In recent years, object detection technology driven by deep learning has brought
breakthrough progress to the intelligent detection of casting defects. This paper reviews the
development history in the field of casting defect detection, covering a variety of detection
techniques and evaluation indicators. It examines the two-stage and single-stage object detection
algorithms based on supervised learning, as well as the research progress of unsupervised learning
methods in casting defect detection. Meanwhile, it discusses the main challenges currently faced and
looks forward to the development direction of future research.
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Tab. 1 Evaluation and comparison of Non-destructive testing techniques for casting defects
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Fig.1 Comparison of two-stage and one-stage object detection deep learning algorithms
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Fig.3 The development context of the YOLO series of object detection models
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