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Abstract

Thin sheets of Al/Cu dissimilar materials are overlap welded for the electrical connection of secondary battery
electrodes by laser welding. The weld penetration depth is an important joint quality to ensure strength and electrical
conductance. It is difficult to predict the penetration depth using analytical methods because of the high laser re-
flection and small thickness of the base materials. Several machine learning algorithms were investigated to develop
regression models for the penetration depth. The models included linear regression, decision tree, supported vector
regression, Gaussian process regression, and decision tree ensemble model groups. The regression models with high
degrees of freedom showed excellent mean absolute percentage errors (MAPE) and coefficients of determination
(R?). In particular, the Gaussian process regression model with exponential kernels had an MAPE of 0.2% and an R?
of unity.
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L: Linear, IL; Ineteration Linear, RL: Robust Linear,
FT: Fine Tree, MT: Medium Tree, CT: Coarse Tree,
LS: Leanr SVM, QS: Quadratic SVM, CS: Cubic SVM,

FGS: Fine Gaussina SVM, MGS: Medium Gaussina SVM, CGS: Coarse Gaussian SVM
BOT: Boosted Tree, BAT: Bagged Tree:

SEG: Sequared Exponential GRP, M5G: Matern 5/2 GPR,

EG: Exponential GPR, PQG:Rational Quadratic GPR

L: Stepwire Linear,

Fig. 1 MAPE and R-squared for regression models
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Fig. 2 Residual plots for linear regression models
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Table 3 Accuracy of regression models

MAE | MAPE )
Model [m] (%] R
Linear 112.0 12.0 0.88
Lincar Interactions 79.0 8.5 0.92
Robust 109.0 10.9 0.87
Stepwise 84.8 9.0 0.91
Fine 71.9 7.9 0.94
Tree Medium 112.0 12.8 0.89
Coarse 152.7 16.2 0.80
Linear 108.8 11.0 0.87
Quadratic 73.7 7.7 0.93
Cubic 89.6 10.7 0.95
SVM Fine Gaussian 50.5 5.6 0.98
Medium Gaussian 74.1 7.8 0.93
Coarse Gaussian 113.8 11.9 0.87
Boosted Tree 92.3 9.6 0.92
Ensemble [ coed Tree 1123 | 126 | 0.88
Squared Exponential | 23.6 2.5 0.99
GPR Matern 5./2 18.0 2.0 1.00
Exponential 1.8 0.2 1.00
Rational Quadratic 4.2 0.4 1.00
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Fig. 3 Residual plots for decision tree regression models
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Fig. 10 Penetration and residual plots for the exponential
kernel GPR regression model (Materials: Al 0.5
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Fig. 11 Penetration and residual plots for the exponential
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