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Abstract
A new method for predicting ferrite properties, particularly core loss density, is proposed. Through the
usage of this method, core loss in power transformers and inductors can be predicted with little use of
measuring equipment, only in the training phase. Improvement on these predictions is done with the
measurement at specific points with the help of deep learning methods. The architecture is described
and the loss versus frequency, temperature, and peak magnetic field graphs from a ferrite material are
processed. Finally, an inductor is built and measured, and its loss compared with the one predicted by the
proposed method.

1 Introduction

The main concern about the design of magnetic ele-
ments is originated on the non-linearity of the equa-
tions and their coupling. Properties of ferromag-
netic materials are difficult to model, although many
attempts have been made in the past. The most ex-
tended among manufacturers is the Steinmetz loss
coefficients [1] for sinusoidal waveforms, and many
researchers have tried to improve these models
for concrete cases: Modified Steinmetz Equation
(MSE) [2], Generalized Steinmetz Equation (GSE)
[3], and improved GSE (iGSE) [4], but all of these
models are based on the Steinmetz coefficients,
and these coefficients are a logarithmic regression
from real measurements.

Together with these coefficients, manufacturers pro-
vide the measurements done in their facilities and
produce two-dimensional diagrams that can intro-
duce huge errors when the design point is not close
to the sampled parameters.

The recent years have also seen large develop-
ments in the field of Artificial Intelligence [5], and
their applications have multiplied. In this paper, a
Deep Learning architecture is proposed to solve
the problem in obtaining the loss in arbitrary points
when designing magnetic components, using only

Fig. 1: Architecture of the Artificial Intelligence system

the data provided by the manufacturers and a few
lab measurements.

2 Architecture

The diagram of the general architecture is shown
in Fig. 1. The BH loop section learns from both the
measurements and the data provided at different
frequencies and temperatures. This information is
firstly processed with various mathematical mod-
els, such as normalization, regularization, neighbor-
based data cleansing, and a sensitivity analysis.
Additionally, data provided for loss density includes
measurements at different peak magnetic fields.

B(t) =

∫∫
T
µ (h1, h2) γ (h1, h2, H(t)) dh1dh2 (1)



Initially, new points from the BH loop are inter-
polated with cubic splines between the available
points to start the Preisach analysis. Once enough
points have been calculated, multiple parameters
are determined in order to solve the Preisach model
(Eq. (1)) in its static form, specified in Eq. (2) and
Eq. (3) from [6] and [7]:

– m-h coefficients: which take into account the
basic behavior of the hysteresis loop.

– Preisach coefficients: calculated from the pa-
rameters above, they are a hyperbolic solution
of Everett’s formula (Eq. (4)) in its closed form
(Eq. (5)). A rate-dependent hysteresis model
as in Eq. (6) is used ([6], [7], [8], and [9]).
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From the Preisach coefficients, it is direct to calcu-
late the hysteresis loop at different excitation fre-
quencies. The results at various frequencies and
temperatures is unfolded. This way, it becomes
easier for the neural networks to process the data:
from a BH loop (Fig. 2), a function formed by the
positive slope half followed by the negative slope
part is produced (Fig. 3).

E(x, y) =

∫ y

x

∫ h2

x
µ (h1, h2) dh1dh2 (4)

Fig. 2: Original BH loop

Fig. 3: Loop unfolding
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These results are then plugged into a recurrent neu-
ral network in the form of a long short-term memory



(a) Measured (b) Predicted

Fig. 4: Measured and predicted saturation

(a) Measured (b) Predicted

Fig. 5: Meshing of the different frequency and temperature conditions

(LSTM) [10] to replicate the behavior at other tem-
peratures. It is trained with a double backpropaga-
tion using genetic algorithms [11], which help the
network apply the learned behavior into unexplored
regions.

The LSTM block has an internal data preparation
structure based on the study of the variables that
affect the material behavior with the imposed con-
ditions. Initially, data processing is divided into two
channels under the same conditions.

On the one hand, the constant temperature chan-
nel, where the behavior regarding the growth of flux
density (B), magnetic field (H) and the magneti-
zation (M ), and how different materials behave at
different frequencies is studied through the use of
neural networks.

On the other hand, there is a constant frequency
channel and a range of measurements at different
temperatures where the study of the same variables
as in the first channel is carried out, under these
new conditions. The example with saturation is
shown in Fig. 4, where it can be seen how the

prediction adjusts to the measured data.

With this data, the inputs in the growth neural net-
work (GNN) are configured and then a set of hys-
teresis loop solutions at different frequencies and
temperatures in the respective working channels
are obtained.

After these steps, there are unfoldings with different
frequencies at a specific temperature on one side,
and different temperatures at a given frequency on
the other. Joining both time lines, a hysteresis mesh
(frequency - temperature) is generated, as in Fig. 5,
thus forming a prediction taking into account the
two dimensions of the hysteresis mesh and all of its
conditions.

From this prediction, an inverse folding is made and
the desired hysteresis loop obtained, as shown in
Fig. 6.

Finally, a generative adversarial network (GAN) [12]
using LSTM with rolling window (Fig. 7) is used to
discard the points that do not meet the required
level of precision as in Fig. 8.



Fig. 6: BH loop results, showing measured, Preisach output, and predicted data

Fig. 7: Rolling window

The LSTM LGAN (loss GAN) has a slightly simpler
structure but is similar to the LSTM HGAN (hystere-
sis GAN) regarding its effects. The data processing
is reduced as it is dependent on the lab measure-
ments or data provided by the manufacturer.

The eddy losses modeling is done following Takács
book [9], but they are negligible in this frequency
range.

3 Training

Training is done with both the manufacturers’ data
and the measured loops and core loss. As there are
two recurrent neural networks in the architecture,
two different trainings must be done.

On the one hand, the BH loop LSTM is trained by
using the unfolded loop as a time series [13]. As
a recurrent neural network, it learns from previous
states, so the interpretation as a time series mesh
speeds up its training [14].

On the other hand, the power loss density LSTM is
trained from the error between the measured data
and the predictions of the first LSTM loops. The
power is calculated through the magnetic energy
integral in Eq. (7).

Fig. 8: LSTM-GAN

Pv = f

∮
B dH (7)

For the growth neural network (GNN) shown in
Fig. 9, the data provided by ferrite manufacturers is
used to calculate the material factor and to extract
its behavior from the material’s descriptive variables.
From its behavior, our Preisach dynamic model is
used to expand the dataset to be verified with the
measurements done in the laboratory. Through this
process, the first part of the dataset is generated,
which is joined by a second part that consists of
identifying variables of the material and condition
of each cycle. With this data, the GNN is trained.
The same process is carried out by the two different
work branches in the first stage of our LSTM HGAN.

The fusion of the two datasets, maintaining the
mesh data architecture as shown in the diagram
in Fig. 9, in addition to the conditional variables



Fig. 9: Hysteresis estimation flowchart

Fig. 10: Loss estimation flowchart

obtained by each branch of the algorithm, are as-
sociated as inputs to each of the meshes. With the
prepared data, a hysteresis loop is obtained as a
prediction by using the rolling window in our LSTM
GAN, with which the parameters of the material and
its behaviour are taken into account.

The training of the LSTM LGAN (Fig. 10) is more
costly in resources because obtaining precise mea-
surements is expensive and difficult. Our dataset is
formed by the data provided by manufacturers and,
in regions that are considered reliable and under
severe constraints, the calculated loss making use
of Steinmetz and Jiles-Atherton models are used
[15].

Fig. 11: 3C98 material power loss at 100 ◦C. Losses at
120mT , 145 kHz: 129 kW/m3

Fig. 12: 3C99 material power loss at 140 ◦C. Losses at
60mT , 610 kHz: 680 kW/m3

4 Experimental validation

Empirical validation was carried out with the testing
of an ungapped ferromagnetic toroid made of four
materials from Ferroxcube: 3C90, 3C98, 3C99, and
3F36.

For data consistency, the selected toroid was
T25/15/10, as the available curves were measured
with the same shape. Different turns (5, 10, and 20)
were wound.

For the BH loop and power density measurements,
a BST-Port-A from Bs & T Frankfurt am Main GmbH
was used and a customized circuit with an ad hoc
analog integrator for the magnetic flux density mea-
surement.

Power loss results are shown in Fig. 11 and Fig. 12,
and BH loops at different temperatures and frequen-
cies in Fig. 13.

In table 1, the error for different excitations is shown.



Measured
(kW/m3)

80.557 111.320 29.112 6.131 0.289

Predicted
(kW/m3)

85.520 105.110 27.947 6.060 0.286

Accuracy +5.7% −5.9% −4.1% −1.1% −1.0%

Tab. 1: Relative error in different states

(a) (b)

Fig. 13: Meshing results of different frequency and temperature conditions

It can be observed that there is more error when the
material saturates or it is very close due to the noise
that the measuring equipment introduces. When
the material is more relaxed, predictions are better.

5 Conclusions

A method for predicting the specific power loss in fer-
romagnetic cores has been designed, implemented,
and validated.

The results given by the Artificial Intelligence keep
the error low due to its intrinsic understanding of
non-linearities existing in the materials, in addition
to the blending of measurements and analytical
models from which it learns.

Predicting power loss with such high accuracy en-
ables engineers to optimize the design of magnetic
components by letting them get closer to the work-
ing limits of the materials, resulting in more compact
and efficient power systems.

The computational nature of this method also en-
ables its integration in design programs, automating
the design of power systems without the need for
human interaction or experience. In the future, this

method will be expanded to other properties of fer-
romagnetic materials, like permeability and core
shapes.
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