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Methodological Approach to Optimizing Process Parameters, Monitoring, and
Predicting Fatigue Life in Laser Powder Bed Fusion via Machine Learning
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Abstract: Laser powder-bed fusion (LPBF) is recognized as a predominant method within additive manufacturing because
of its high precision and shortened manufacturing cycle. However, the process still faces significant challenges regarding
the repeatability of its manufacturing techniques, the interpretability of the production process, and the reliability of the
formed components. The LPBF formation process involves a multitude of parameters, and the selection of different process
parameters can lead to various types of micro/macrodefects within the components, thereby affecting their service
performance. Therefore, clarifying the interconnections among process parameters, defects, and performance represents a
current hot topic and a formidable challenge in laser powder bed fusion manufacturing. As an inevitable product of the
evolution of big data and artificial intelligence, machine learning (ML) methods offer opportunities to address the complex
nonlinear relationships between high-dimensional physical quantities effectively. In the realm of additive manufacturing,
ML has garnered sustained interest for its applications in process parameter optimization, defect monitoring, and
performance prediction. This article reviews common ML models, summarizes the input information for ML in the LPBF,
and focuses on analysing the applications of data-driven and physics-driven ML models in various domains of the LPBF.
Finally, it highlights the current limitations of ML and explores its development trends and technical prospects.
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Fig.1 ML realizes nonlinear multidimensional prediction among
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Fig.2 Classification of ML
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Fig.3 Data-based ML process
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Fig.4 Comparison of data-based models and physics-informed models
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Fig.7 PV processing map for the LPBF process showing three
distinct porosity defects: keyhole, balling, and lack of fusion
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Tab.1 Application of ML in process parameter optimization

ML model Input Output Evaluation indicator
MLP¥ Process parameters Molten pool morphology R=0.97
CNN-+ANNMI Molten pool images Process parameters Ac=96%
PINN®! Process parameters, temperature of molten pool Molten pool morphology Er=5.9%
GPR™ Process parameters Density and surface roughness MAPE=1%
ANN+DTH! Process parameters and surface topography Surface topography and process parameters R=0.813
GPR™! Process parameters Density and surface roughness Er=1.49%
DT Process parameters Density R*=0.93
GPR¥? Process parameters, molten pool morphology Mechanical property Er=5.39%
LVGP™ Process parameters Mechanical property RMSE=0.69

SRl ESpRI ]

Note: artificial neural network, ANN; physics-informed neural network, PINN; latent variable gaussian process, LVGP.

Pl 8 W ER{E B () 5 A« (a) 2 IUEA ST S 0 1) 00 BRARR A 5 (b) K P B 2SR5 A1 K R, A 0 BRI R A7 R0 55 0

physical constraints into the loss function to construct the PINN-)
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Fig.8 Integration of physical information fields: (a) extracting physical information from the thermal reflection data; (b) introducing
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Fig.9 Measurements of porosity defects: (a) optical microscopy; (b) X- CT; (¢) SR-pCTE 66
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Tab.2 Means of sensing molten pool morphology

Sensor equipment Monitoring object

Feature

High-speed camera!”"

the melt pool

Melt pool morphology, melt pool light intensity and distribu-

Photodiode!**) . o
tion, laser power variation

Process defects, melt pool morphology, dynamic behavior of

Superior dynamic performance, real-time, high
cost, complex data processing
Fast response, low cost, high robustness, missing

details, difficult to calibrate

Internal defects (porosity, unfused, high density inclusions,

[16,81]

High-speed X-ray
sity distribution)

Non-contact, high precision, microscopic defects,

cracks, etc.), quality information (dimensional deviations, den-

high cost
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Tab.3 Application of machine learning based on different sensing signals in process monitoring

Sensor equipment ML model Output Evaluation indicator
CNNI Defects classification Ac=92.7%
SVMI! Defects classification Ac=85%
SVM™ Molten pool classification Ac=85.1%
High speed camera DCNNY Defects classification Ac=99.4%
DNN¥I Molten pool classification Fr=1.1%
GPC™ Melting state identification Fi=86.86%
LSTM™ Surface topography prediction Ac=99.4%
CNN+LSTM!"*! Molten pool classification Ac=98%
Photodiode
SVR!™I Mechanical property prediction R=0.8
High-resolution X-ray ANNY Defects classification Ac=99.2%
DBN!™ Melting state identification Ac=83.40
IR camera DNN!! Defects classification Ac=96.8%
Res-RCNN! Porosity prediction Ac=99.49%

Note: support vector regression, SVR; gaussian process classification, GPC; deep convolutional neural network, DCNN.
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Fig.10 Wavelet analysis performed over the time-series signals: (a) wavelet analysis of time-series signals of mean emission intensity in

the keyhole region; (b) wavelet analysis of LBR and AE time-series signals; (c) wavelet analysis of acoustic and photodiode time-series

signals!
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Fig.11 Overview of the fatigue life prediction procedure based on the SVR model!
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Fig.12 Schematic representation of the non-local, data-driven probabilistic crack propagation framework: (a) experimental dataset;
(b) simulation dataset; (c) uniform prior distributions; (d) posterior probability via Bayes’ theorem; (¢) correlations embedded in
the datal™”
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Tab.4 Performance comparison of the data—based and
physics—informed ML models

ML type ML model  Evaluation indicator ~ Publication
DNN R*=0.983 Makeki!"®!
Data-based XGBoost R=0.95 Peng!™!
ANN+GPR Ac=83.30% Farid"™
SVM R>=0.927 Wang!™
DNN R>=0.934 Zhang!""
Physics-informed R 20942 Zhan'™®
PINN R=0.9 Jiang!™
BPNN MAPE=1.49% Feng!®!
PINN MAPE=4% Ciampaglia
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Fig.13 Schematic diagram of physics-informed ML models: (a) probabilistic physics-guided neural network for fatigue P-S-N curve
estimation; (b) schematic diagram of the RF model with /£ decision trees; (c) physically informed low-cycle fatigue life prediction
method; (d) framework of physics-informed transformer!">1314!
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