CHBHE S Sl =2 %l
Journal of the Society of Naval Architects of Korea

plSSN:1225—1143, Vol 56, No. 6, pp. 473—479, December 2019
elSSN:2287-7355, https://doi.org/10.3744/SNAK 2019,56.6.473

S| 2l 7|dto| O|0|XIBHES St A3 SREN U5

|l

é*ﬂ%-?”i”

Soltfstn RAMaYE S}

Verification of Resistance Welding Quality Based on Deep Learning

Ji—Hun Kang-Namkug Ku'
Dept. of Naval Architecture and Ocean Engineering, Dong—Eui University

This is an Open—Access article distributed under the terms of the Creative Commons Attribution Non—Commercial License(http://creativecommons,org/licenses/oy—nc/3.0)
which permits unrestricted non—commercial use, distribution, and reproduction in any medium, provided the original work is properly cited,

Welding is one of the most popular joining methods and most welding quality estimation methods are executed using joined
material, This paper propose welding quality estimation methods using dynamic current, voltage and resistance which are
obtained during welding in real time, There are many kinds of welding method, Among them, we focused on the projection
welding and gathered dynamic characteristics from two different types of projection welding, For image learning, graphs are
drawn using obtained current, voltage and resistance, and the graphs are converted to images, The images are labeled with
two sub—categories — normal and defect, For deep learning of images obtained from welding, Convolutional Neural Network
(CNN) is applied, and Tensorflow was used as a framework for deep learning. With two resistance welding test datasets, we
conclude that the Convolutional Neural Network helps in predicting the welding quality.
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Fig. 10 Patterns of dynamic resistance of upset welding
for image learning
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Fig. 14 Validation cross entropy of upset welding
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