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Abstract

The SPR(Self-Piercing Riveting) process is a mechanical joining process that is mainly applied to assembling multi-
material parts to reduce the weight of the car body. Because the quality of SPR joints is mainly evaluated through
cross sectional inspection, which is a type of destructive inspection, it is expensive and time-consuming. Machine
learning technology is being proposed as a non-destructive testing because it can predict the quality based on the
signals generated during the process. However, research result on the quality prediction modeling of SPR joints have
not yet been reported. In this study, the prediction accuracy according to the signal combination was compared and
evaluated by applying the CNN algorithm using the displacement and load signals generated during the SPR process
and the acoustic signal obtained from the acoustic sensor. The materials used in the experiment were SGAFC 1180Y,
CFRP, and SPFC 590 and the thickness were 1.4 mm, 1.8 mm, and 1.0 m respectively and a three-layer SPR process
was performed. After evaluating joining was performed by selecting the abnormal process conditions, with 12 con-
ditions that may occur during the process. Consequently, in the case of the first model in which the CNN algorithm
was based on displacement and load signals, the quality prediction accuracy was estimated to be 90.0%. In the case
of the second model in which the CNN algorithm added acoustic signals to the displacement and load signals, the
quality prediction accuracy was estimated to be 77.5%.
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