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Performance Comparison of Neural Network Algorithm for Shape Recognition
of Welding Flaws

Jae-Yeol Kim*, Jae-Ki Sim, Dong-Gi Lee, Chang-Hyun Kim, Kyung-Seok Song, Dong-Jo Yang

| Abstract |

In this study, we made a comparative study of backpropagation neural network and probabilistic neural network and
bayesian classifier and perceptron as shape recognition algorithm of welding flaws. For this purpose, variables are applied
the same to four algorithms. Here, feature variable is composed of time domain signal itself and frequency domain signal
itself. Through this process, we comfirmed advantages/disadvantages of four algorithms and identified application methods
of four algorithms.
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Fig. 7. Volumetric flaws signal (Type A)
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Fig. 8. Volumetric flaws signal (Type B)
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Fig. 9. Planar flaws signal
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