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Applications of Machine Learning in
Lightweight Alloy Research

ZHANG Siyu, LI Ri
(School of Materials Science and Engineering, Hebei University of Technology, Tianjin 300401, China)

Abstract: Lightweight alloys, with their low density and high strength characteristics, hold significant applications in aero-
space, automotive, electronics and construction fields. However, traditional experience-based “trial and error” methods and
theoretical simulation methods require a large number of experiments, which are time-consuming and costly, making it diffi-
cult to meet the demands of modern lightweight alloy development. With the rapid development of artificial intelligence and
data-driven technologies, machine learning, as one of the most widely used and fastest-growing branch of artificial intelli-
gence, has been extensively applied in materials science, significantly accelerating the discovery and optimization of new ma-
terials. This paper reviews the progress of machine learning calculations in the research of lightweight alloys, introduces the
workflow of machine learning in materials research, and elucidates the research progress and application examples of machine
learning in predicting the properties, composition design and process optimization of lightweight alloys. Finally, the challen-
ges faced by current machine learning research in the field of lightweight alloys are summarized, and the development pros-
pects are discussed.
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Fig. 1 Main workflow of machine learning in lightweight alloy research
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Table 1 Machine learning algorithms and their main principles
Algorithm Category Task Core Principle
.. . . . g Predicts class labels by learning decision
Decision tree Supervised learning Classification 1S class s by 1ng cecist
rules based on data features
. . . Performs classification usi i >chanis T0SS
Random forest Supervised learning Classification eriorms ¢ assthcation usiig & votng Mmechiansm across
multiple decision trees to improve accuracy
. . . I Classifies data by voting based on the classes of the nearest
K-nearest neighbors Supervised learning Classification ssties y volng bas 5 °

k neighboring data points

Support vector machine

Linear regression

Supervised learning

Supervised learning

Regression

Regression

Finds a function that can accurately predict target values

Models the linear relationship in data by
minimizing the sum of squared errors

An improved version of linear regression that prevents overfitting
by adding an L2 regularization term

Divides data into £ clusters to minimize the

Ridge regression Supervised learning Regression
K-means Unsupervised learning Clustering
Hierarchical clustering Unsupervised learning Clustering

Principal component analysis Unsupervised learning

Autoencoder Unsupervised learning

Dimensionality Reduction

Dimensionality Reduction

variance within each cluster

Builds a hierarchical structure of clusters
by gradually merging or splitting groups
Converts data with multiple variables into linearly

independent variables through orthogonal transformation

Uses a neural network to compress
high-dimensional data into low-dimensional data
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Fig. 2 Schematic diagram of particle swarm optimization for BP neural networks
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