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Development of Variational Auto-Encoder based Anomaly Detection Technique for Pattern Images of

Honeycomb Structure
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Debonding defects in honeycomb sandwich panels can be detected by visualizing the inside of the structure by nondestructive
inspections. However, automatic detection by rule-based methods such as image processing is difficult for an unclear visualization
image. Therefore, using the Variational Auto-Encoder, which is one of the deep learning techniques, even if only good product
images can be used as training data, an anomaly detection model was generated and the possibility that the inspection could be
automated was obtained. In addition, further high-precision detection model was realized by definition of its own loss function

in the training phase.
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Fig.1 Example of ultrasonic testing schematic example of honeycomb
sandwich panel
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Fig. 2 Ultrasonic echo image of honeycomb sandwich panel and its
defects
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Fig.3 Output example with object detection method ( R-CNN )
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