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Research Progress and Intelligent Development Trend of Fluorescent
Automatic Detection for Investment Castings

YU Huipeng', KANG Maodong'?, WANG Jun'?

(1. School of Materials Science and Engineering, Shanghai Jiao Tong University, Shanghai 200240, China; 2. Shanghai Key
Lab of Advanced High-Temperature Materials and Precision Forming, Shanghai 200240, China)

Abstract: The surface defects of investment castings seriously reduce the reliability of castings in service. In engineering,
the surface defects of castings are usually detected by fluorescent penetrant inspection (FPI). However, due to the
complexity of the image, the uneven level of inspectors and the visual fatigue caused by long-term inspection, the accuracy
and efficiency of FPI are reduced. Therefore, fluorescent penetrant automatic inspection systems have been gradually
developed. This paper systematically summarizes the research status of fluorescence penetrant automated inspection at
home and abroad. This paper also gives the main steps of the automatic fluorescent defect detection system based on the
traditional image processing method, and reports a new automatic fluorescent defect detection module based on the deep
learning method. Furthermore, this paper predicts the development trend of intelligent fluorescent defect detection in
investment castings.
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Fig.1 Schematic of the formation of fluorescent displays: (a) fluorescent penetrant inspection procedure, (b) fluorescent display of
inclusions on the surface of casting
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Fig.2 Semiautomatic fluorescent penetration inspection process:
(a) fluorescent penetration inspection pipeline, (b) visual
identification of fluorescent defects by inspectors under black
light
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Tab.1 The image preprocessing method used in the
automatic fluorescence defect detection system
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Fig.3 The main steps of the traditional image processing method”"!
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Fig.4 The most recognized types of fluorescent displays: (a) linear displays, (b) circular displays, (c) false indication!
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Tab.2 Comparison of deep neural networks in defect detection
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