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Introduction

Core Loss Estimation Different Models &

Ma_gnetlc Cgmponents Non-trivial. Equations
A critical rolc? in .PE/Motors Complex: Steinmetz Equation;
application B-H curves;

Not entirely solved
Computationally expensive

Machine Learning(ML)
Real/Simulation Data Based;
Working as surrogate
models




Core Loss Measurements with DC Bias
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Core Loss Measurements with DC Bias

Volumetric Iron Losses (kW/m3)
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FNN-BASED IRON LOSS PREDICTION

Data Preparation

v' One-hot Vector for Different Materials

v' Input Parameters: Materials, DC Bias, Flux Density, Temperatures, Frequency
v' Data Normalization Techniques
v
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FNN-BASED IRON LOSS PREDICTION
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FNN-BASED IRON LOSS PREDICTION

1e6 Training Performance R? Value: 0.999817 Predicted vs. Target Values for Extra Test Data
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GANET-BASED IRON LOSS PREDICTION
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GANET-BASED IRON LOSS PREDICTION

Batch Size 16
Activation RelLu Number of Parameters | Time/Epoch
Error Percentile Relative Error FNN 99841(390 kB) 3s
Learning Rate 0.0002 Generator 174081(680 kB)
GANET
Epochs 2000 Discriminator 174081(680 kB)
Optimizer Adam




GANET-BASED IRON LOSS PREDICTION

Predictions
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Predicted vs. Target Values for Extra Test Data
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POWERBRAIN.AI
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Magnetic Core Loss Visualization
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Artificial Intelligent Applications in
High-Frequency Magnetic Components Design
for Power Electronics Systems: An Overview

Xiaobing Shen, Yu Zuo, Jiaze Kong Student Member, IEEE, and Wilmar Martinez, Senior Member, IEEE

Abstract—The paper provides an overview of how
Artificial Intelligence (AI) is applied in designing high-
frequency magnetic components, primarily high-frequency
inductors and transformers, for power electronics systems.
Four categories of Al including expert systems, fuzzy logic,
metaheuristic methods, and machine learning techniques,
are addressed. Firstly, AI models for estimating losses
in high-frequency magnetic components are discussed.
Subsequently, Al-based design methods in high-frequency
inductors and transformers are observed. Then, Al tools
applied to the automatic design of high-frequency mag-
netic components are introduced and compared. Drawing
insights from an analysis of over 200 publications, the

Numbers

il mnmﬂﬂ

paper highlights significant adv: ts: the develop

of Al-driven models for precise loss estimation in high-
frequency magnetic components, the application of Al in
optimizing design configurations for the components, and
the automation of design processes. These achievements
demonstrate Al’s capability to enhance the efficiency,
performance, and innovation in high-frequency magnetic
component design, offering a roadmap for future research
in power electronics systems.

Index Terms—High-Frequency Magnetic Components,
Artificial Intelligence, Loss Models, High-Frequency Induc-
tor Design, High-Frequency Transformer Design

I. INTRODUCTION

Igh-frequency (HF) magnetic components, such as

HF transformers, HF DC inductors, and HF AC
inductors, play a crucial role in a wide range of electronic
systems and applications. HF magnetic components
are essential for energy conversion, signal conditioning,
impedance matching, resonant circuits, switching power
supplies, RF communication, wireless systems, high-
speed data transmission [1], [2]. They enable efficient

M ipt received Dk ber 20, 2023; revised February
27, 2024; accepted March 11, 2024. The authors are
with the Department of Electrical Engineering (ESAT) of
the KU Leuven and EnergyVille, 3000 Leuven, Belgium
(e-mail xiaobing.shen@kuleuven.be; yu.zuo@kuleuven.be;
jiaze.kong @kuleuven.be; wilmar. martinez @kuleuven.be).
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Fig. 1: The Publication Count of Al-based Magnetic
Components Design Starting from 1989 to October
2023.

and reliable operation of electronic systems in various
industries and applications. However, the miniaturization
of magnetic components remains a challenge. as mag-
netics constitute a large proportion of the volume and
weight and are the primary cause of power losses within
a power converter [1]-[5].

The design of magnetic components for power elec-
tronics involves multiple objectives. One primary goal
is to maximize the utilization of magnetic capabilities,
enabling the achievement of multiple functions within
a single component [1]. Additionally, this design aims
to minimize the size of HF magnetic components by
substituting ferrites with soft magnetic materials, which
offer lower power losses [6]. These alternative materials,
including iron (Fe) and various metallic elements such
as silicon (Si), nickel (Ni), chromium (Cr), and cobalt
(Co), offer advantages such as higher saturation points,
increased permeability, and a range of options like
Fe-Si alloys, powder cores, amorphous materials, and
nanocrystal materials [2], [7], [8].

The key to achieving these objectives lies in the design

https://ieeexplore.ieee.org/document/10478550
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Conclusion

v Measurements with a half-bridge converter
v' Extrapolation Ability Enhancements with Two Adversarial Networks
v" DC bias as Hp in the input data

v" Future Work: Possible with Noise Injection Problems and Comprehensive Datasets




Thank you for your time!
Are there any questions?
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