
Data collection: To start the soft magnetic materials design, the first step is to build database by collecting 
available data in the open literature. Data are collected from published experimental results, including publications 
and patents. All useful information is included in the self-built database. The essential components of the database 
are chemical compositions, processing conditions, and properties. Data contained in figures and plots were 
extracted using WebPlotDigitizer. We visualized the distribution of selective magnetic properties of interest as 
follows.
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Background

Design Objectives

o Develop the database of FINEMET-type soft magnetic alloys and their 
properties.

o Apply machine learning algorithms to learn from the existing database and 
then predict alloy properties.

o Speed up the design and optimization process of soft magnetic materials.

Machine Learning Results
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Optimization Results

Differential evolution (DE) [4] is a stochastic population based method that is 
useful for global optimization problems. The left column is the plots of 
experimental measurements we collected in the database and the right column is 
the optimization results achieved by RFR and DE methods.

Optimization process has been performed to establish and solve the inverse 
problem which is to find a suitable combination of element components and 
processing conditions to achieve minimum core loss and maximum magnetic 
saturation.
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Algorithm selection: The comparison of the 
coefficient of determination (r2) score from 20-fold 
cross-validation is shown. Note that we performed 
a natural log transformation on coercivity to fix its 
skewness. Based on the r2 score, it is evident that 
the random forest model exhibits the best 
performance.

Random forests or random decision forests [3] are 
an ensemble learning method for classification, 
regression and other tasks that operates by 
constructing a multitude of decision trees at 
training time and outputting the class that is the 
mode of the classes (classification) or mean 
prediction (regression) of the individual trees. 
Random decision forests correct for decision 
trees' habit of overfitting to their training set.

Machine learning: Predicted values of coercivity, magnetic saturation, and magnetostriction from random forest 
models using leave-one-out cross-validation are compared with actual experimental values, respectively. The 
resulting RFR achieves good agreement with the experimentally measured properties. Investigating the regression 
data closer, we can notice that the RFR model is underestimate coercivity within the low coercivity region. This is 
potentially due to the high sensitivity of coercivity with respect to processing conditions. Furthermore, for all the 
three properties, it is noticed that the data is not perfectly uniformly distributed across the entire range of interest. 
The discrepancy between predictions and measurements likely arises from a lack of data within the corresponding 
region of different magnetic properties.

In the modern world, discovering and designing materials for 
energy transmission and conversion have attracted great 
attention worldwide. Soft magnetic materials, which are key 
elements for many energy saving, electromagnetic noise 
reduction, and size reduction applications, have continuously 
been developed and improved. For example, the power 
transformer is a critical component of solar energy 
conversion systems, whose performance is largely 
determined by the core materials, normally soft magnetic 
alloys. With a wide range of potential applications and bright 
prospects for enhanced efficiency, enhanced design of soft 
magnetic alloys is becoming a hot topic in the research 
community. [1]

To better design and optimize the 
next generation soft magnetic 
alloys, we decide to utilize the most 
powerful technique currently, that 
is, machine learning to speed up 
this procedure.

Our target is to improve the soft 
magnetic properties of soft 
magnetic alloys, including 
maximize magnetic saturation 
(BS), minimize coercivity (HC) and 
magnetostriction (λ).
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