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Abstract: Friction stir welding and its derived solid-state additive manufacturing technologies stand as one
of the effective approaches to avoid melting defects and achieve the fabrication of high-performance
lightweight alloy components. However, the friction stir welding and solid-state additive manufacturing
processes involve complex thermo-mechanical-fluid-microstructure couplings, posing significant challenges
to traditional trial-and-error methods for process optimization. The emergence of machine learning provides
a transformative solution for process understanding and intelligent control in this field. This paper presents a
systematic review of machine learning applications in friction stir welding and additive friction stir
deposition. It categorizes and elaborates on the current research status and data processing strategies in
aspects such as performance prediction, defect detection, and n2-sizu control. Addressing the limitations of
purely data-driven models, it focuses on investigating different fusion paradigms of physics-informed
machine learning and their cutting-edge applications. Finally, it points out that future research should
concentrate on further developing generalizable prediction models, achieving real-time closed-loop

intelligent control, and integrating active learning for autonomous process exploration, aiming to provide
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references for advancing these technologies toward intelligent and high-performance development.

Key words: friction stir welding; friction stir additive manufacturing ; machine learning ; process optimization;

process monitoring ; physics-informed machine learning
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Table 1 Commonly used ML algorithms for regression and classification tasks in FSW field
Task type Input feature Output feature Available ML algorithm Reference
Regression  Rotational speed , welding speed , shoulder Ultimate tensile strength ANN, SVR, Gaussian process regression [21-24]

diameter

Motor current features extracted by wavelet

(UTS), tensile shear
strength, yield strength

(GPR),LR,MLR, RF, gradient boosting

regressor (GBR) , AdaBoost regressor

packet transform (YS) (ABR),RBFNN,BPNN
Classification Rotational speed , welding speed , shoulder Presence or absence of BPNN,SVM,DT,KNN,RF, logical [25-29]
plunge depth defects, pin status (good, model tree (LMT),Hoeflding tree
The time domain and frequency domain features ~ material adhesion,
of three directional welding force signals, the fracture)
time frequency spectrogram converted from time
series of the axial force, the statistical features of
equipment vibration signals
Time series of three directional welding forces CNN, RNN, BPNN [27-28]
and torque
®2 FSWOEBERAWTREZREZ
Table 2 Commonly used meta-heuristic algorithms in FSW field
. Underlying o o
Algorithm name Optimization objective Reference
ML model
Particle swarm optimization (PSO) , non-dominated sorting BPNN Single-objective optimization, multi-objective optimization, [14,31-41]
genetic algorithm [I (NSGA- I ), genetic algorithm (GA) , primary  objective  optimization ~with  multi-objective
whale optimization algorithm (WOA ) ,beetle swarm constraints, hyperparameter optimization, internal parameter
optimization (BSO) optimization
Grey wolf optimizer (GWO) , ant colony optimization (ACO) RBFNN Single-objective optimization, internal parameter optimization [42-44 ]
Hunger games search (HGS) , henry gas solubility RVFL Internal parameter optimization , hyperparameter optimization [ 45-47 ]

optimization (HGSO) , marine predators algorithm (MPA)
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Fig.2  Schematic diagram of multi-source feature fusion and feature dimensionality reduction
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Table 3 Comparison of five PIML application paradigms with traditional M. methods

Application form of PIML

Core improvement over traditional ML

Physics-based feature
engineering
ML input/output based on

numerical simulation

Physics-informed ML

architecture

Data-driven physics model
correction
Modifying loss functions

with physics

Transforming domain knowledge into input features with clear physical meaning , guiding the model to learn essential laws,
thereby improving model accuracy , interpretability , and reducing reliance on data volume

Using simulation data to augment or replace costly experimental data, providing key physical field variables difficult to
obtain experimentally as inputs, or constructing efficient surrogate models to accelerate optimization, thereby enhancing the
physical completeness and applicability of the model

Embedding the mathematical form of physical laws or process structures into neural network design, so that the model
inherently maintains physical consistency, significantly improving prediction reliability and generalization capability under
extrapolated scenarios

Using ML to efficiently and automatically calibrate key parameters in physical models, and even inversely deriving equation
forms from data, achieving rapid optimization and uncertainty quantification of physical models

Incorporating physical constraints such as governing equations and boundary conditions as penalty terms into the loss
function, achieving fused solution of physical laws and data, with advantages including mesh-free nature , high computational

efficiency , and the ability to handle sparse and irregular data
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