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ABSTRACT: This study presents a method which improves the accuracy of Preisach model that is able to reproduce the magnetic response
of ferromagnetic material to change of magnetic fields, especially at higher frequency. The approach consists in extending an existing
model and usesmathematical tools like combining a closed-formEverett function for hysteresismodelingwith theMonte Carlo integration
method to approximate the Preisach function, making calculations faster and more reliable. To find the best settings for the model,
two optimization techniques are used: genetic algorithms (GA) and artificial bee colony (ABC). The model is tested by comparing its
predictions to real-world experimental data, and it shows excellent accuracy and efficiency. Between the two techniques, GA performs
better in terms of precision and reliability, making it a good choice for solving complex problems in modeling magnetic behavior.

1. INTRODUCTION

For several decades, the design of new materials and ad-
vanced machines has aimed for high technological perfor-

mance, focusing on critical aspects such as energy efficiency,
miniaturization, integration, and the ability to withstand diverse
operating conditions, including various waveforms, frequen-
cies, and temperatures. Electrical engines often face numerous
challenges that highlight the central role of materials in the de-
velopment of robust prototypes.
This investigation seeks to design and optimize resilient ma-

chines by concentrating on the initial stages of the predesign
and exploration of virtual prototypes. The objective is to an-
alyze the behavior of the material in the context of the devel-
opment of large magnetic machines while considering external
factors. To achieve this, it is essential to utilize reliable models
for designing ferromagnetic engines that can accurately sim-
ulate realistic behavior under specific conditions, such as dif-
ferent operating points, amplitudes, and frequencies. Accurate
modeling and parameter identification of hysteresis loops are
crucial for the simulation and design of electromagnetic sen-
sors [1, 2].
Modeling magnetic hysteresis under dynamic excitation is

challenging because of the intrinsic nonlinearity, history de-
pendence, and rate sensitivity of soft magnetic alloys. A va-
riety of hysteresis modeling approaches have been reported in
the literature. The Jiles and Atherton model is popular for its
physical interpretability and computational efficiency, with re-
cent adaptations, including frequency-dependent and physics-
guided deep learning extensions, improving its dynamic accu-
racy [3, 4]. Zirka et al. introduced dynamic adaptations to ad-
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dress frequency and rate-dependentmagnetization behavior [5].
Recent reviews have highlighted that only rate-aware models,
which incorporate time derivatives and viscosity-like behavior,
can accurately reproduce minor loop asymmetry, a dynamic
phenomenon that goes beyond static Preisach formalisms [6, 7].
Other experts have applied extensions of quasi-static mod-

els to dynamic behavior using various approaches, such as the
Bertotti model based on loss separation and the Loss Surface
model developed at the G2Elab. These methodologies have
demonstrated the robustness of coupling quasi-static models
with extension formulas across different material grades, in-
cluding FeSi3% and grain-orientation.
In this work, we focus on investigating the classical Preisach

model (CPM), which has been extensively studied and val-
idated in the literature [8, 9]. The robustness of CPM was
assessed by Duan et al. [9] to describe the magnetic behav-
ior of grain-oriented silicon-iron electrical steel at various am-
plitudes. Some researchers have investigated hysteresis be-
havior under harmonic waveforms by evaluating the model’s
accuracy using a specific precision defined in the objective
function [10, 11]. However, the effectiveness and accuracy
of this model are still limited by the considerable computa-
tion time. These limitations arise from the need to perform
a two-dimensional integral over the Preisach plane to evalu-
ate the hysteresis output as well as the requirement to store the
Preisach density function. Furthermore, the classical Preisach
model does not inherently account for rate-dependent dynamic
effects observed at higher frequency excitations [12].
To address these challenges, Everett introduced the Everett

function E(x, y), which integrates the Preisach density within
the triangular subdomains [23], and Szabó and Füzi provided
the detailed formulation and practical implementation of the
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Everett function [13]. This approach facilitates a closed-form
expression of the hysteresis loop and reduces the computational
complexity [13]. In addition, numerical methods based on
Monte Carlo methods have been implemented to approximate
the integral through random sampling in the Preisach plane.
This method offers high statistical variability and enhances the
numerical efficiency of the model [13, 14].
The identification of hysteresis models remains challenging

in terms of both accuracy and computational time. Traditional
gradient-based methods often face challenges owing to non-
convex objective functions with multiple local minima [15, 16].
Because of the high-dimensional nature and non-convex

properties of some hysteresis model adjustments, metaheuris-
tic optimization methods, such as Particle Swarm Optimization
(PSO), Genetic Algorithms, Ant Colony Optimization (ACO),
Artificial Bee Colony algorithm (ABC), and their hybrids, have
become standard practices [17–19].
In this work, we propose a novel simplified dynamic Preisach

model that combines the closed-form Everett function and
Monte Carlo numerical calculations. The hysteresis model pa-
rameters were investigated using two optimization methods:
genetic algorithm and artificial bee colony (ABC) method. To
achieve this, we characterized 80CrV2 steels under quasi-static
and dynamic magnetization by analyzing minor parent hystere-
sis loops. The accuracy and computational efficiency of each
optimization method were emphasized through a comparison
of the simulated B-H loops with the experimental results.

2. THEORETICAL PREISACH MODELS
The classical Preisach model expresses the macroscopic mag-
netic flux density B(t) as a superposition of elementary hys-
teresis units as follows:

B(t) =

∫∫
S

µ(α, β) γα,β [H(t)] dα dβ (1)

where µ(α, β) is the Preisach density function; γα,β [H(t)] rep-
resents the response of an individual unit with switching thresh-
olds α and β; and S is the domain of the Preisach distribu-
tion [20–22].
In the traditional Preisach model, high computational ef-

fort is required for numerical integration over the full Preisach
plane. Therefore, Everett et al. [23, 24] introduce the follow-
ing function E(x, y) to simplify the information by integrating
over a specific triangular subdomain T :

E(x, y) =

∫∫
T

µ(α, β) dβ dα (2)

where T is defined by the operating point (x, y) and represents
a portion of the Preisach plane. Using the Everett function, the

magnetization can be reformulated in a piecewise manner as:

B(H) =



0, |H(t)| > Hm,

Bm − 2E[Hm,H(t)], −Hm ≤ H(t) ≤ Hm,

and
dH(t)

dt
≥ 0,

−Bm + 2E[H(t),Hm], −Hm ≤ H(t) ≤ Hm,

and
dH(t)

dt
< 0.

(3)
where Hm is the maximum applied magnetic field, and Bm is
the maximum flux density. A (αi, βi) random sample is gener-
ated to uniformly approximate the integral within the intervals
[−Hs,Hs]. Hs represents the input variable for the maximum
magnetic field. Specifically, two independent random numbers
ξi and ζi are generated and uniformly distributed in the range
[0, 1]. They are denoted as follows:

ξi ∼ U(0, 1), (4)
ζi ∼ U(0, 1). (5)

These random variables are then transformed from the interval
[0, 1] into the desired sampling ranges, [−Hs, Hs], according
to the following equations:

αi = −Hs + 2Hs × ξi (6)
βi = −Hs + 2Hs × ζi (7)

This transformation guarantees that αi and βi are distributed
uniformly throughout the interval [−Hs, Hs]. Here, the prob-
ability density functions for ξi and ζi are

f(ξ) =

{
1, 0 ≤ ξ ≤ 1

0, otherwise
(8)

f(ζ) =

{
1, 0 ≤ ζ ≤ 1

0, otherwise
(9)

Using these randomly sampled points, the density function
µ(α, β) is computed for each sample. The estimated magnetic
flux density Bmodel(t) was then obtained by averaging the con-
tributions from the elementary hysteresis units and applying a
bias adjustment:

B(t) =

{
Bm + 2 ⟨I(H(t) ≥ β)⟩+ bias, if H(t) ≥ −Hs,

Bm − 2 ⟨I(H(t) ≤ α)⟩+ bias, otherwise.

(10)
where I(·) is the indicator function, defined as:

I

(
H(t) ≥ β
H(t) ≤ α

)
=

{
1, if the condition is satisfied,
0, otherwise.

(11)

The selection of the hysteron density function µ(α, β) is cru-
cial for the accuracy of the Preisach hysteresis B-H loops, par-
ticularly at low excitation frequencies.
Various numerical improvements have been proposed and

implemented, particularly the contribution function in the
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Preisach formula. The aim was to consider the physical
nonlinearity and memory effects observed in ferromagnetic
materials [25, 26]. We can list Lorentzian-type distributions,
which are widely adopted to account for sharp transitions and
long-range interactions in the coercive field space.
The Lorentzian function is expressed as follows:

µ(α, β) = ka
√
a(a+ α)−

3
2 (a+ β)−

3
2 (12)

This formula enables the precise modulation of the coercivity
and interaction field components by adjusting the scale factor
a and normalization constant k.
The Lorentzian model demonstrates robustness in dynamic

simulations of soft magnetic materials, as shown by Finocchio
et al. [27], who incorporated such distributions in Preisach-type
operators to improve numerical convergence in low-frequency
regimes. Additionally, this formula is beneficial for repro-
ducing sharp transitions at low Bmax values [28]. In con-
trast, Gaussian-type densities are more suitable for describing
smooth and symmetric switching behavior. They provide ex-
cellent fitting properties for isotropic materials under periodic
magnetization. In this study, the following form was consid-
ered [29, 30]:

µ(α, β) =
k

2πσ2
exp

(
− (α−Hc)

2 + (β −Hc)
2

2σ2

)
(13)

where σ denotes the spread of the switching fields, andHc rep-
resents the average coercivity.
This approach is consistent with the findings of [31], which

suggest that Gaussian-based densities improve the identifica-
tion of hysteresis parameters, particularly when used in con-
junction with evolutionary algorithms, such as genetic algo-
rithms or particle swarm optimization. Additionally, for ap-
plications modeling asymmetric hysteresis behavior commonly
observed under noncentered or biased magnetic excitations,
exponential-type density functions offer greater flexibility [32].
Figure 1 illustrates the resulting B-H cycles in the 80CrV2

material at 100Hz with a Gaussian density.

3. PROPOSED DYNAMIC PREISACH MODELS
To address the computational problem, the Preisach plane was
discretized into a finite number of cells. The dynamic magnetic
flux density loops were approximated as follows:

Γ(t) =

N∑
i=0

wi · γi
(
H(t)

)
(14)

Γ(t) denotes a distribution function constructed from the tri-
angular domain of the Preisach plane. wi are constant values
that represent the contribution of each cell in the discretized
Preisach plane. More specifically, wi denotes the weight as-
sociated with the i-th discretized cell and corresponds to the
integral of the Preisach density over the surface of that cell:

wi = µ(αi, βi)∆α∆β, i = 1, . . . , N. (15)

γi(H(t)) denotes the corresponding elementary relay operator
for each cell.

Each weight wi corresponds to a specific physical property
in a defined region of the Preisach plane. This discrete form
enables accurate reconstruction of nonlinear, history-dependent
B-H loops [33, 34]. CPM is known to describe quasi-static hys-
teresis and not explicitly account for dynamic effects, such as
eddy currents, domain wall inertia, and magnetic relaxation. In
the following, a modified formulation is introduced to enable
the dynamic extension of the Preisach model, allowing the hys-
teresis behavior to be accurately reproduced under time-varying
magnetic fields.
From the experimental data and various numerical tests, the

B(T ) dynamics that best fit the measurements can be expressed
as

B
(
H(t)

)
= δ0 + δ1 H(t) + δ2 Γ(H(t)) (16)

where the coefficients δ0, δ1, and δ2 are unknown parameters
to be identified from experimental data.
Combining a reversible branch (α = β) yields instanta-

neous, memory free response and an irreversible branch (α >
β) retaining memory and saturation. Hybrid neural-Preisach
architectures using this two-branch structure accurately re-
produce dynamic B-H loops under harmonic or time-varying
fields [35, 36]. A hysteron state function γ(α,β)(H(t)) is de-
fined as follows:

γ(α,β)(H(t)) =

+1, if H(t) ≥ β,

−1, if H(t) ≤ α,
(17)

The experimental flux density dataBexp containsn points per
excitation period. Five excitation frequencies are used: 30Hz,
50Hz, 180Hz, 250Hz, and 400Hz. Each frequency has a cor-
responding period Tf = 1/f . The time step for numerical in-
tegration is set as

∆t =
Tf

n
(18)

The simulation proceeds in discrete time steps ti = i∆t (where
i = 0, 1, 2, . . . , n − 1). At each step, the output B(H(ti)) is
computed according to

B(H(t)) = δ0 + δ1 H(t)

+δ2

∫∫
α≥β

µ(α, β) γ(α,β)(H(t)) dα dβ (19)

Here, the model function reproduces the switching behavior
of hysterons, effectively capturing the nonlinearity and mem-
ory effects that reflect the transition between magnetization
states. Eq. (19) shows that the model parameters (δ0, δ1 and
δ2), as well as the Preisach density µ(α, β), are independent
of the excitation frequency f . The frequency only appears in
the input H(t) = Hm sin(2πft). For numerical implementa-
tion, the continuous Preisach integral in Eq. (19) is discretized
into N = 5000 elementary cells and approximated by a finite
weighted sum in Eq. (14).
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FIGURE 1. Correspondence between Gaussian distribution in Preisach plane and hysteresis loops at 100Hz.

4. PARAMETER IDENTIFICATION ALGORITHMS
The model is characterized by a parameter vector
θ = [ k, σ, Hc, δ0, δ1, δ2 ]. The difference between the
experimental and simulated magnetic flux densities was
quantified using the quadratic error function:

I(θ) =
1

n

√√√√ n∑
i=1

(Bexp,i −Bmodel,i)
2 (20)

4.1. Artificial Bee Colony (ABC) algorithm
The Artificial Bee Colony (ABC) algorithm is known to be a
robust evolutionary optimization method that mimics the for-
aging behavior of honeybees [37] and involves the following
steps, which are summarized in the flowchart of Figure 2:

• Step 1: Define the population size, maximum number of
iterations, and error tolerance. Generate an initial popula-
tion of candidate solutions θ randomly within the prede-
fined bounds.

• Step 2: Each employed bee explores the neighborhood of
its candidate solution by generating a new solution θj us-
ing the update rule

θj ← θj + δθj (21)

where δθ denotes a random perturbation. The objective
function (Eq. (18)) is evaluated for each new candidate. If
the new candidate reduces the error, it replaces the previ-
ous solution.

• Step 3: Onlooker bees select promising candidates based
on their fitness inversely proportional to the error and ex-
plore their neighborhoods to generate new solutions, up-
dating them if improvements are found.

• Step 4: If a candidate solution does not improve over a
specified number of iterations, it is abandoned and re-
placed by a new randomly generated candidate to maintain
the diversity and avoid local minima.

FIGURE 2. Schematic flowchart of the Artificial Bee Colony (ABC)
method.
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• Step 5: Evaluate if the best candidate’s error is below the
predefined tolerance or if the maximum number of itera-
tions has been reached. If either condition is met, the al-
gorithm terminates; otherwise, it returns to the employed
bee phase.

• Step 6: The best candidate solution is selected as the opti-
mal parameter vector θ that minimizes objective function
I(θ).

Table 1 summarizes the principal control parameters of the
ABC algorithm. These parameter settings follow widely re-
ported values in previous studies [37, 38] and were additionally
confirmed through preliminary simulations to guarantee reli-
able convergence and optimization stability.

TABLE 1. ABC algorithm control parameters.

Parameter Value Description
Colony size 40–60 Employed + onlooker bees
Trial limit 100 Abandonment threshold

Employed bees 20–30 Exploration phase
Onlooker bees 20–30 Exploitation phase

Maximum cycles 200–500 Termination criterion

4.2. Genetic Algorithm
In this parameter-fitting algorithm, the genetic algorithm
takes the measured waveform of the applied field with
the corresponding flux density as input (see flowchart
in Figure 3). It also requires an initial guess vector
θ0 = [ k0, σ0, Hc,0, δ0,0, δ1,0, δ2,0 ]. These parameters
are bounded in the interval, and the lower and upper bounds
[bl, bu] must be selected. In addition, the GA setup control
parameters included a population size of 100, a limit of 3000
generations, five elite individuals preserved in each generation,
0.8 crossover probability, an adaptive feasible mutation oper-
ator, and a convergence tolerance of 10−6. In return, the GA
outputs the best parameter vector θ0 it found that minimizes the
fit error, a value denoted as the best objective, and computes
the final root mean square error (RMSE) between the final
simulated Bmodel(t) and the measured Bexp:

• Step 1: Initialization: t← 0 and randomly initialize a pop-
ulation P [0] of 100 candidate vectors sampled uniformly
within [bl, bu].

• Step 2: Fitness Evaluation of Initial Population: For every
candidate θ in P [0]: simulate Bmodel, compute the fitness,
and retain the best fitness obtained thus far.

• Step 3: Iterative Genetic Evolution: While t < maximum
number of generations and best fitness> convergence tol-
erance, do:

– a) Selection: Automatically copy the top elite count
individuals with the lowest fitness into the new gen-
eration and fill the remaining slots in the parent pool
via selection strategies biased toward better fitness.

FIGURE 3. Schematic flowchart of the Genetic Algorithm (GA).

– b) Crossover: With probability 0.8 per parent pair,
execute gene crossover (single-point, two-point, or
uniform) to produce offspring.

– c)Mutation: Apply adaptive feasiblemutationwith a
defined probability to keep offspring within [bl, bu],
preserving diversity.

– d) Evaluate Offspring: For new individual, simulate
Bmodel and compute its fitness, as in Step 2.

– e) Update Population: Merge elite individuals from
the previous generationwith the newly evaluated off-
spring, sort by fitness, and choose the top population
size vectors to form P [t+ 1].

– f) Track Best: Update the overall best objective and
its corresponding θ if a better candidate is identified.

– g) t← t+ 1

• Step 4: The parameter vector θ that achieves the lowest
objective across all generations is the best objective value
for θ.

• Step 5: Simulate the finalBmodel, compute the RMSE, and
save together with θ.

5. RESULTS AND DISCUSSION
To evaluate the robustness of both metaheuristic algorithms on
the Preisach dynamic model, it is essential to utilize measure-
ment data. The magnetic properties of materials are assessed
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TABLE 2. Chemical composition of 80CrV2 material.

Material C Si Mn Pmax Smax Cr Mo Ni V

80CrV2 0.75–0.85 Max 0.4 0.30–0.50 0.025 0.025 0.4–0.6 Max 0.1 Max 0.4 0.15–0.25

TABLE 3. Comparative identified parameters of the Gaussian Preisach model using GA and ABC algorithms under different excitation conditions.

Parameter
Identified values (GA/ABC)

Unit
30Hz 50Hz 180Hz 250Hz 400Hz

0.6T 1.6T 0.6T 1.6T 0.6T 1.6T 0.6T 1.6T 0.6T 1.6T

Hc 6.43/6.65 6.40/6.85 6.82/7.25 11.3/12.1 9.35/10.2 20.3/22.2 10.6/11.8 24.8/27.5 12.9/14.6 36.1/39.5 A/m ×102

k 2.98/3.15 2.72/2.95 2.06/2.28 2.28/2.45 0.84/0.96 1.37/1.58 1.23/1.42 0.49/0.61 3.22/3.55 3.23/3.60 – ×105

σ 3.29/3.75 1.53/1.92 1.42/1.78 2.09/2.48 3.70/4.15 3.32/3.85 2.44/2.85 2.40/2.95 3.41/3.95 0.52/0.71 A/m ×107

δ0 5.06/5.55 3.05/3.65 5.04/5.60 3.07/3.72 4.57/5.05 3.04/3.58 4.18/4.70 2.97/3.45 3.53/4.10 2.85/3.20 – ×10−4

δ1 2.97/3.45 7.53/8.60 0.79/1.15 6.23/7.10 0.58/0.82 8.96/10.2 5.16/6.20 1.43/1.95 5.16/6.40 10.0/11.5 – ×103

δ2 6.86/7.80 4.66/5.40 2.83/3.55 1.02/1.65 3.96/4.80 4.19/4.95 1.48/2.10 3.62/4.35 3.67/4.45 0.19/0.38 – ×103

using an Epstein frame, in accordance with DIN-EN 10252 and
DIN-EN 60404-2 standards. This method allows for the deter-
mination of the hysteresis behavior of a set of strips, with a min-
imum of four samples required for accurate measurement. To
ensure that the material properties in the tested area remain un-
changed, the specimens are precisely laser-cut from strip steel.
The chemical composition of 80CrV2 material grades is de-
tailed in Table 2.
The measurement setup consists of a Brockhaus Epstein

frame system. The technical data of the system are detailed
in following:

• Specimen dimensions: The samples are cut to the follow-
ing dimensions: 99.79mm × 9.72mm × 1.6mm.

• Primary coil (n1 = 180 turns): Generates the magnetic
field within the sample.

• Secondary coil (n2 = 180 turns): Detects voltage and cal-
culates the magnetic flux density B.

• Frequency range: DC up to 5 kHz.

• Field Intensity: 1 to 24 kA/m.

• Magnetic flux density: 0.001 up to 2 T.

• The magnetic path length is l = 399.16mm.

• The sampling rate was set dynamically to a thousand sam-
ples per excitation period.

A detailed study evaluated and compared two optimization
strategies for the identification of the Preisach hysteresis model
parameters. We selected two stochastic optimization meth-
ods. The most commonly used algorithms are genetic methods,
which are based on evolutionary mechanisms for global solu-
tion investigation, and the ABC method, which is based on the

swarm-inspired exploration for complex functions. The con-
vergence of the two distinct optimization algorithms was ana-
lyzed in terms of the comparative efficiency and minimization
of the total error across successive iterations (see Figure 4). The
optimization algorithms were developed in the MATLAB envi-
ronment, combining Monte Carlo integration with 5000 sam-
ples to calculate the dynamic B(H) curve of Preisach (see Fig-
ure 5). It can be noticed that the ABC algorithm effectively
reduced the quadratic error by achieving convergence with an
R2 value higher than 0.99 across various excitation levels.
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FIGURE 4. Total error depending on the number of iterations.

The Genetic Algorithm (GA) exhibited good performance in
terms of lower error levels with a modest number of 80 itera-
tions. The Artificial Bee Colony (ABC) algorithm displays an
impressive convergence rate, progressively reducing the error
over successive iterations. This behavior is indicative of swarm
intelligence approaches, which rely on the collective perception
of agents to search efficiently in the solution space. Table 3
presents the parameters identified using the GA with a Gaus-
sian Preisach density. The parameter identification was carried
out independently for each excitation frequency using the cor-
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FIGURE 5. Major and minor hysteresis loops at different excitation frequencies.

TABLE 4. Comparison of the total errors obtained using GA and ABC
algorithms at different excitation frequencies and magnetic flux den-
sity levels.

Frequency Bmax = 0.6T Bmax = 1.6T
GA ABC GA ABC

30Hz 0.00400 0.00685 0.02214 0.03120
50Hz 0.00272 0.00510 0.01099 0.01845
180Hz 0.00271 0.00492 0.00850 0.01480
250Hz 0.00147 0.00375 0.00506 0.00960
400Hz 0.00071 0.00477 0.00412 0.01695

responding experimental hysteresis loop. This strategy allows
the model to accurately capture frequency-dependent dynamic
effects. The variation of these parameters with frequency re-
flects the effective dynamic magnetic behavior rather than in-
trinsic static material properties. For validation purposes, an
additional identification was performed using an ABC under

the same excitation conditions. Although both methods lead to
comparable parameter values, the GA systematically yields a
much smaller error. Table 4 summarizes the comparative per-
formance of the two methods, quantitatively evaluating their
efficiency in terms of the final error.
Overall, the metaheuristic algorithms GA outperformed

ABC in terms of final accuracy, with GA emerging as the
most effective optimization method. Its quick error reduction
and ability to maintain a low error level with fewer iterations
highlights its efficiency and robustness in complex optimiza-
tion problems. The ABC algorithm is less efficient than GA,
and GA achieves higher final accuracy, but it requires more
iterations and greater computational effort.

6. CONCLUSION
The study addresses a simplified dynamic Preisach hystere-
sis model that combines a closed-form Everett function with
Monte Carlo integration. A Gaussian Preisach density and a
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reduced-order Everett representation are employed to reduce
computational effort while preserving the key nonlinear and
history-dependent features of B-H magnetic hysteresis.
To identify the model parameters, the authors employ Ge-

netic Algorithms (GA) and Artificial Bee Colony (ABC). For
this purpose, experimental B-H loops of 80CrV2 steel were
measured and used in the identification procedure. Both op-
timization methods show very good agreement with the exper-
imental data: the magnetic response of the ferromagnetic ma-
terial is accurately reproduced at various operating points and
frequencies, with determination coefficients R2 > 0.99. How-
ever, GA consistently achieves lower errors and faster conver-
gence, making it the preferred method when high accuracy is
needed.
Future work will investigate the robustness of this new

Preisach modeling approach compared with existing methods
from the literature in terms of computational time, accuracy,
and ease of implementation in numerical codes. Further re-
searchwill aim for extending themodel toward fully frequency-
continuous formulations suitable for arbitrary waveforms with
higher harmonics, as well as for comparing the robustness of
the model with other state of the art models to reproduce the
magnetic responses on one-material grades.
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