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Machine learning techniques in additive manufacturing

Supervised learning

Decision tree

Support vector machine

Naive bayes

Artificial neural network(ANN)
Convolutional neural network(CNN)
Long short term memory(LSTM)
Radial basis function

Reinforcement learning

*  @-learning
¢ Temporal difference
¢ Deep adversarial network

Semi-supervised learning

Gaussian mixture

*  Generative models
Graph-based method

e Model low-density separation

Unsupervised learning

*  Self-organizing maps(SOM)

*  Kmeans clustering

* Restricted Boltzmann machine
Fuzzy C-means clustering

*  Principle component analysis(PCA)
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Fig. 1 Machine learning methods generally used in additive manufacturing
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Fig. 2 Melt pool temperature distribution predicted by PINN® . (a) A framework for the prediction of melt pool temperature
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and dynamics by PINN; (b) comparison of temperature and melt pool prediction results by finite element method,
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Al-assisted rapid surface defect identification
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Fig. 3 Monitoring the formation of surface defects during DED by in situ cloud processing and machine learning metho
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Fig. 4 Prediction of processing window of additive manufacturing by supervised machine learning

Training of
the ML model

dEZ'ﬂ

1 AR R Z BT SEH AT )2 R TE .

Chen %Y $2 tH — Fh B SLM 3 72 v 0528 ok 3
AT ENVE RE B i B Bl & o > O ik An el 4 P LR 3
TR0 RT3 g A ) T o A RS R BB R A HIL AR o )
R T X S5 45 SR R AT B ORI A Bods A

Travel
direction

Laser beam

Melt pool Powder

Data extraction of
experimental results

Data extraction

Laser beam
travel direction

Surface morphology

Extraction ‘

@ Laser beam travel direction

[34]

1402101-4



=R E B GR

H49 5 F 14 /2022 £ 7 B/HEE

XEHLAR 27 BRI AT N Sk, Y2 BB aT LLAS: I e
B B30 - T D0 34 A 1) 3 5 . DN T 4SS 3 M T2
oAl . SCue b R I L K T ) L R B il 48 ) 4% A R
A {F WA TiB, #58 AlSiloMg & & # k) T
PRI TR IESE T BTN

Wang 4557 ) B 5 4 28 9 2% 5 35 T R 1) 4% 4%
BN TR (ANN) E T M EE T 53
BSMEEER R IFERSN T TS840 %
FER M, WEIE S SRR, M Mg ikl T
T A RL Y e AR, T —E S BOE RN R
14 % T B 2 I8 Th 2R R B R BEE A B i i 16 K i
SRy AR S Bt i IE S TN 1SN R N (1115 14
A, H T 0k R e AR B AR AL RN /D i i S 6 B .
Tapia 255 @57 T 316 L A5 SLM 19 T 2 % 1 i
MIrek, AWM TEE DT . 8t5 8K 5 ma

Fitted Porosity

@ 400

Speed [mm/s]
£

42 44 46 48 50
Power [W]

Pl 5 LA ) T B0 3 17-4PH A FLBRLE
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Fig. 6 Visualization of Gaussian process regression model® . (a) Relative density of SLM-processed AlSil0Mg with different

processing parameters; (b) relative density value predicted by GPR model; (c) density error value predicted by GPR model
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Fig. 7 Optimization processes of DED deposition toolpath assisted by machine learning™"
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Abstract

Significance Additive manufacturing (AM), also known as 3D printing, is a disruptive technique and provides good
compensation for conventional manufacturing methods. In AM, 3D parts are processed in a layer-by-layer manner
following the designed 3D model and toolpaths. The rapid advancement of AM allows for an unprecedented design freedom
for manufacturing complex, composite, and hybrid structures with high precision, which cannot be achieved using
traditional fabrication routes. However, the AM process development and optimization usually requires costly and time-
consuming trial-and-error experiments, thereby limiting the further application of AM. Machine learning (ML), as a new
type of artificial intelligence technology, can accelerate the research and development in many aspects of AM; therefore
AM has received extensive attention from academia and industry. With the assistance of ML, AM can be expedited and
well optimized. Moreover, the relationship between the process parameters and achievable property of the alloys can be
well revealed through ML, which is difficult using conventional methods. The ML technique has exhibited promising
potentials in accumulating process optimization and novel alloy design for AM recently. Hence, this work reviews the
research progress of the ML-assisted AM in the past decade.

Progress In this paper, first, the ML technology used in AM is described. In general, ML methods can be divided into
supervised learning, unsupervised learning, semisupervised learning, and reinforcement learning. According to studies,
each ML method has many applications. Therefore, the typical applications for each ML method are introduced (Fig. 1).
Second, the application of ML in the control and optimization of the AM metal materials, including the process monitoring and
quality control, prediction of the process window, and optimization of the deposition toolpath, is discussed. By combining
appropriate ML methods, the AM development processes can be considerably expedited and quality of the deposited parts can be
stabilized. Third, the status of research and application of ML in the development of new alloys for AM is introduced. The
correlative applications mainly include alloy composition design and prediction of microstructure and property of the deposited
alloys. Recent years witnessed the growing research interests in the development of novel alloy materials used for AM (Fig. 8).
Because it has been demonstrated that ML is an efficient way to accelerate the development period of novel alloy materials. With
more available data accumulation, it can be expected that ML will have a broad prospect in novel alloy development for AM,
which could create high-performance alloys for harsh industrial applications.

Conclusions and Prospects With the development of artificial intelligence and computer science, ML has been widely
used in AM in recent years. The combination of ML and AM avoids a large quantity of trial-and-error costs, thereby
reducing the development period of the AM. This work reviews the progress of machine learning-based AM process
optimization and the novel alloy materials developments. The application of ML in the control and optimization of the AM
includes the process monitoring, quality control, prediction of the process window, and optimization of the deposition
toolpath (Fig. 10). The research and application of ML in the development of novel alloy materials based on AM include
alloy composition design, microstructure, and property prediction. Finally, the future development trends of ML in the
AM were outlined. In studies, the ML method usually focuses on a particular phase of the AM, which considerably limits
the application and promotion of machine learning. The development of the generic ML algorithm for AM will further
promote the application of ML in AM, which is also the critical research direction of machine learning-assisted AM in the
future. For ML-based novel alloy materials developments in AM, several studies have shown that ML can effectively avoid
the high costs of the traditional trial-and-error methods. However, ML requires a large number of databases to train the
model. Therefore, the construction and development of an effective database is the precondition for ML. In recent years,
a large amount of literature regarding AM of metallic materials has been published, which means a large amount of experimental
data has been accumulated, and this is the fundamentals for the development of ML technology. With the development of practical
data mining technology, the vast database will promote the development of novel metal materials for AM.

Key words laser technique; machine learning; novel material development; additive manufacturing; computational
simulation; material genetic engineering
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