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Abstract: Sieel is the core metal material in the world, and the rapid development of the times has new requirements for
the properties of steel materials. However, the design of steel materials currently involves combinations of over millions of
elements and process parameters, leading the design and development of steel materials by traditional trial-and-error meth-
od slower and more expensive. Machine learning technology has been widely used to guide the development and design of
materials, which has emerged as a novel methodology and a trending domain in the field of materials research. In this pa-
per, the application progress of machine learning in the research of steel materials were summarized, the working process
and common algorithms of machine learning were introduced. Meanwhile, the research progress of machine learning in
steel materials feature selection, composition-process-performance prediction, service behavior prediction and reverse de-
sign were reviewed. Finally, the problems of machine learning technology in the field of steel materials were analyzed and

the development prospects were forecasted.
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Machine learning model

Feature or application

Ref.

Back propagation neural network

Linear regression

Logistic regression

Kernel ridge regression

K-nearest neighbor

Random forests

Deep neural network

Convolutional neural network

Recurrent neural network

Decision tree

Support vector machine

Suitable for handling non-linear regression problems, with easily adjustable network struc-
tures; however, it is prone to getting trapped in local minima during training and is commonly

employed for materials performance prediction

An algorithm of this kind, which calculates the difference between predicted values and actual
results to find the optimal combination of input features with the smallest difference, is a class
of methods suitable for linear data. Tt offers simplicity in computation, fast training speed, and

is commonly used in feature selection and linear regression, among other applications

Fast training speed, suitable for binary classification problems, but incapable of solving non-

linear regression problems

Well-suited for complex fitting tasks, applied in fields such as pattern recognition and data

mining, but exhibits lower training efficiency with large-scale datasets

Requires highly correlated data, capable of addressing multi-class problems and regression

tasks, but exhibits lower computational efficiency

Incorporates randomness, less prone to overfitting, exhibits robust noise tolerance, can han-
dle high-dimensional data without the need for feature selection, and is suitable for both clas-

sification and regression tasks

Possesses strong non-linear fitting capabilities and robust feature extraction abilities, but it is
often challenging to fine-tune parameters; commonly applied in image classification and ob-

ject recognition tasks

By reducing the number of weight parameters, the network model’s complexity is further di-
minished, making it a common choice for tasks such as image recognition and natural lan-

guage processing

The model is a deep model along the time dimension, capable of modeling sequential con-
tent. It can be employed to establish implicit relationships between material structure

and performance

It involves relatively low computational complexity and can be easily transformed into classifi-
cation rules. The discovered classification rules exhibit high accuracy and are easy to compre-

hend and interpret

Suitable for small-sample training, optimizing the structured risk rather than empirical risk,
which helps mitigate overfitting issues, and ensures that the local optimal solution is also the

global optimal solution
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Fig. 2 Normalized random forest importance (a) and symbolic regression importance (b) of the 16 features for fatigue strength, tensile

strength, fracture strength and hardness %]
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