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Abstract

In accordance with the requirements of lightweight automobiles, the application of high-strength steel sheets to car
bodies is continuously increasing. The strength of the laser overlap welds is determined by the strength distribution
of weldments and the bead width at the faying surface. In the case of high-strength steel sheets, it is difficult to pre-
dict the fracture load and fracture mode during the tensile shear test of the weldment owing to the high strength of
the base material, softening of the heat affected zone (HAZ), and small bead width. In this study, we investigated
machine learning algorithms, including artificial neural networks, to develop a fracture mode classification model
and regression models for joint strength and bead width. Machine learning algorithms have shown excellent per-
formance in predicting mechanical behaviors during tensile shear tests. Among the machine learning regression al-
gorithms, Gaussian process regression showed the best regression ability. The R2 values for the bead width and frac-
ture load models were 0.98 and 0.99, respectively. Several machine learning models, including shallow neural net-
works, have shown perfect estimates for fracture locations.
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Table 1 Chemical compositions of base materials (wt. %)
Base materials .
(thickness) C Si Mn P S Cr B
590 DP (1.2 mm) 0.078 0.363 1.808 0.011 0.001 - -
780 DP (1.2 mm) 0.070 0.977 2.264 0.010 0.015 - -
980 DP (1.2 mm) 0.170 1.340 2.000 0.016 0.001 - -
1180 CP (1.2 mm) 0.110 0.110 2.790 0.019 0.004 1.040 -
1500 HPF (1.1 mm) 0.216 0.240 1.255 0.002 0.002 0.001 0.003
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Table 2 Input and output parameters to construct machine learning models
No. 1~7 8~14 15 16
Input parameter Chemical composition of the| Chemical composition of the Welding speed Fo.c.al
upper sheet lower sheet position
Regression model Classification model
Output Bead.w1dth Fracture load Fracture location
parameter at the faying surface
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