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Comparative Study of Deep Learning Algorithm for Detection
of Welding Defects in Radiographic Images
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(Abstract)

An automated system is needed for the effectiveness of non-destructive testing. In
order to utilize the radiographic testing data accumulated in the film, the types of
welding defects were classified into 9 and the shape of defects were analyzed. Data
was preprocessed to use deep learning with high performance in image classification,
and a combination of one-stage/two-stage method and convolutional neural
networks/Transformer backbone was compared to confirm a model suitable for
welding defect detection. The combination of two-stage, which can learn step-by-step,
and deep-layered CNN backbone, showed the best performance with mean average
precision 0.868.
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Table 1. Imperfections detection according to the
type of NDE method. Dot: All or most
standard techniques will detect this
imperfection under all or most conditions.
Empty dot: One or more standard technique
will detect this imperfection under certain

conditions.
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Fig. 1 Defect (bounding box) size in the dataset.
(@) Number of bounding boxes by size
(square root of area). (b) Distribution of
bounding box size by defect
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Fig. 2 An illustration of the shifted window
approach for computing self-attention in
the proposed Swin transformer architecture
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Fig. 3 The architecture of the backbone networks
ResNet (left) and Swin transformer (right).
ResNet 50 consists of 5 blocks, Swin transformer
consists of 4 blocks, The neck uses FPN method
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Table 2. mAP(loU=0.50) and mAP(loU=0.50:0.95)

according to method and backbone. In the
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