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Parameter Optimization of Wire Arc Additive Manufacturing via Machine
Learning and a Multiobjective Optimization Algorithm
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Abstract: In wire arc additive manufacturing (WAAM), the intricate interactions among process parameters complicate the
task of finding the best settings for manufacturing metal components with superior molding quality and desired geometries.
To expedite parameter optimization, this study investigates the effects of the welding current, wire-feed speed (WFS), and
travel speed (TS) on the melt width (W), melt height (H), and dilution ratio (D) via 3-factor and 3-level full-factor tests.
Artificial neural network (ANN), support vector regression (SVR), and Gaussian process regression (GPR) models are
developed to predict these metrics. Comparative analysis indicates that GPR is most effective for predicting the melt width,
ANN excels in predicting the melt height, and SVR is superior for assessing the dilution ratio. Multiobjective optimization,
which uses the nondominated sorting genetic algorithm-II (NSGA-II), maximizes the melt width and height while
minimizing the dilution ratio. The optimized parameters were validated experimentally, confirming the accuracy and
effectiveness of the approach.
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Tab.1 Chemical composition of the substrate and welding wire

(mass fraction/%)

Alloys Cu Mg Si Mn Fe Zr Ti Zn Al
Substrate 4.52 1.630 0.500 0.35 0.500 <0.01 0.15 0.25 Bal.
Wire 5.97 0.052 0.028 0.31 0.116 0.20 0.12 <0.01 Bal.
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Fig.1 Wire arc additive manufacturing system
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Tab.2 Parameter selection and setting

Process parameters Value
Welding current, I/A 170, 190, 210
Wire-feed speed, WFS/(m - min™) 4,5,6
Travel speed, TS/(mm-min™) 200, 250, 300
Substrate temperature, 7/°C 200
Argon flow, Q/(L-min™) 18
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Fig.2 Schematic diagrams of WAAM single-pass deposition and melt pool characterization: (a) schematic diagram of single-pass
deposition in WAAM; (b) dimensions of the melt pool for a single melt channel
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Fig.3 NSGA-II algorithm flowchart
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Fig.4 The Pearson correlation coefficient matrix between process parameters and forming indicators: (a) melt width; (b) melt height;
(¢) dilution ratio
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Tab.3 Comparison of performance indicators of melt
width via three machine learning algorithms

Train set Test set

RMSE MAE R? RMSE MAE R?

GPR 0.392 0.260 0.928 0.326 0.291 0.956

SVR 0.431 0.289 0914 0.369 0.320 0.944

ANN 0.423 0.301 0.915 0.385 0.338 0.961
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Fig.5 Comparison of the prediction performance of different machine learning models for melt width: (a) train set; (b) test set
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Fig.6 Comparison of the prediction performance of different machine learning models for melt height: (a) train set; (b) test set
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Tab.4 Comparison of performance indicators of three
machine learning algorithms for melt height

Train set Test set

RMSE MAE R? RMSE MAE R?

GPR 0.259 0.222 0.580 0.272 0.238 0.364
SVR 0.109 0.068 0.925 0.117 0.100 0.920
ANN 0.112 0.080 0.921 0.118 0.101 0.943
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Tab.5 Comparison of the performance indicators of the
dilution rates of the three machine learning algorithms

Test set
RMSE MAE R RMSE MAE R
GPR 0051 0043 0852 0030 0028  0.805
SVR 0.054 0.042 0.845 0.032 0.030 0.867
ANN 0.051 0.042 0.848 0.029 0.023 0.822
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Fig.7 Comparison of the prediction performance of different machine learning models on the dilution ratio: (a) train set; (b) test set
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Tab.6 Parameters of the validation experimental process

Group I/A WFS/(m-min™) TS/(mm-min™)
1 185 5.9 204
2 191 5.9 204
3 194 6.0 204

S N 11 S L o R £ IS N D O 28 g 4
MU VAT T RSO0 & OF 98 L0307 R R 3l
T X L 3K S SR S B0 45 R 5 AL A A 2 AR TR A S 2
B SN AT IE 3 2 IS R = 7 I T 01
G55SR A R XS LR, BR T A 3 AL RS
r R B SR RN AH X 1R 25 R 7.421% (KR T 5%) 2
A LA TN 6 s v AR g 3 1 A X 12 25 #6 /NF
5% o X FFUCUE B T T {7 (R AL A8 2% 2 B AL e T A

8 M5 TE I R BRI £ H AR AL 45 3 < (a) Pareto [ ¥ ; (b) Pareto i 5 78 45 5 ALK 5 1m0 _E Y52 ; (c) Pareto iV 7844 ¥
FIER B 11 525 (d) Pareto WiV 76 45 = FIRR B 51 1 L 9 #E 52
Fig.8 Multiobjective optimization results of the melt width, melt height, and dilution ratio: (a) Pareto frontier; (b) projection of the
Pareto frontier on the melt width and melt height planes; (c) projection of the Pareto frontier on the melt width and dilution ratio planes;
(d) projection of the Pareto frontier on the melt height and dilution ratio planes
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Fig.9 Metallography of three sets of validation experiments: (a) Group 1; (b) Group 2; (¢) Group 3
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Tab.7 Results of the verification test

Group Test results w H D

Projected value 8.023mm 2498 mm  19.363%

1 Experimental value ~ 7.861 mm  2.544 mm  18.944%
Error 2.057% 1.800% 2.212%

Projected value 8413 mm 2424mm  23.744%

2 Experimental value  8.099mm 2430mm  23.053%
Error 3.873% 0.259% 2.997%

Projected value 8.604mm  2399mm  25.797%

3 Experimental value  8.812mm 2373 mm  27.865%
Error 2.360% 1.070% 7.421%
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