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Abstract

The welding process parameters of resistance spot welding are determined by quality indicators, such as nugget di-
ameter, and tensile shear test behavior, such as failure load and location. In this study, deep-learning models were in-
vestigated to predict the quality indicators from base materials and process parameter information. For each model,
hyperparameters, such as the number of hidden layers, number of nodes in the hidden layer, learning rate of the opti-
mizer, and number of epochs, were optimized based on the model performance. The regression models for nugget
diameter and failure load showed coefficients of determination of 0.90 and 0.95, respectively. Two models were de-
veloped to classify failure location: a 1-step model that estimates the failure location from the base material in-
formation and process parameters, and a 2-step model that estimates the failure location from the base material in-
formation and the nugget diameter as predicted by the developed regression model. The classification models for
failure location showed similar accuracies of approximately 90%.

Key Words: Resistance spot welding, Nugget diameter, Failure location, Failure load, High strength steel, Deep
learning, Hyperparameters, Optimization
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Table 1 Input and output parameters to construct machine learning models for the 1-step model

1 2 3 4 5 6 7
Input Strength of Strength of Thickness of | Thickness of Electrode Welding Welding
parameter upper sheet lower sheet upper sheet lower sheet force current time

Regression model

Classification model

Output
parameter

Nugget diameter

Failure load

(0: Interfacial failure, 1: Pull-out failure)

Failure mode

Table 2 Input and output parameters to construct machine learning model for the 2-step model using predicted nugget di-

ameter

Input parameter

Output parameter

1 2 3 4 5 Classification model
Strength of Strength of | Thickness of | Thickness of Nugget Failure mode
upper sheet lower sheet upper sheet lower sheet diameter (0: Interfacial failure, 1: Pull-out failure)

o
o o

Table 3 Range of hyperparameters in the optimization
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Table 4 Optimized hyperparameters for nugget diameter
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Fig. 2 Nugget diameter estimation results using the de-
veloped deep learning mode. [Experimental data
from Ref. 9,11,19,28-30]
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Table 6 Optimized hyperparameters for the 1-step failure
mode classification
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Table 7 Optimized hyperparameters for the 2-step failure
mode classification

Hidden Node Learning Epoch
layer rate
Hyperpara- 1 20 107 200
meter
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Fig. 7 Confusion matrices of failure mode classification using the 2-step model (c=0.5)
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