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A review of machine learning-based quality prediction and process
parameter optimization in laser directed energy deposition
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Abstract : [ Background] As one of most prominent processes in additive manufacturing, laser directed energy deposition (LDED)
technology offers advantages such as high processing efficiency and exceptional flexibility in shaping. However, due to the interaction
of multiple complex factors during the sedimentation process., it is difficult to accurately predict the quality of the workpiece and
select appropriate process parameters by monitoring the relationship between the morphological characteristics of the molten pool and
the influencing factors solely through traditional methods. Machine learning (ML) algorithms combined with LDED, with their
powerful nonlinear processing capability and adaptive learning ability, can detect as well as predict defects in the process, forecast the
forming accuracy as well as the performance of the workpiece,and solve process parameters inversely. [ Progress] First in this paper.,
we summarize two common forms of LDED, namely the typical defect types encountered in LLDED processing and the factors
contributing to their occurrence. Four primary data acquisition methods based on optical cameras, thermal field monitoring,

spectroscopysand acoustic sensors are categorized and compared. Second, we provide a comparative analysis of supervised learning,
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unsupervised learning, and semi-supervised learning algorithms commonly used in LDED, and discuss their respective application

scenarios, strengths, and limitations. Finally, we systematically review four aspects: (a) MI.-based defect detection and prediction, (b)

shape accuracy prediction, (¢) mechanical property prediction, and (d) inverse solving of process parameters. Consequently, we are

capable of illustrating how various sensors can be integrated with ML algorithms to optimize the manufacturing quality of LDED

components. [ Perspective] Establishing a multi-ML algorithm fusion model, exploring the quantitative relationship between signals

and defects,and implementing multi-sensor data fusion monitoring are expected to clarify the relationship between LDED process

parameters as well as sedimentation quality,and provide theoretical guidance for improving LDED sedimentation quality.

Keywords: additive manufacturing; laser directed energy deposition(1LDED) ; machine learning; process monitoring
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Fig. 1 Two directed energy deposition systems
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Tab.1 Adjustable process parameters in LDED and their potential impacts
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Tab. 2 Common defect types in LDED process
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