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ABSTRACT
Electrical steel sheets, as core components of electromagnetic equipment, are indispensable in modern power equipment. The
magnetic hysteresis characteristics of electrical steel sheets have a significant impact on key performance indicators such as
energy efficiency and lifespan of electromagnetic equipment. Accurately simulating the magnetic hysteresis characteristics of
electrical steel sheets plays a crucial role in the design and optimisation of electromagnetic equipment. This paper analyses the
classical J‐A model and the inverse J‐A model. Three parameter identification methods—least squares method based on the
partial difference method, least squares method based on the ordinary differential method and particle swarm optimisation
algorithm—are used to identify the model parameters. After comparing the results with experimental data, it is found that each
algorithm has its advantages. At Bmax = 1.7 T, the simulation results based on the differential method of least squares are almost
identical to the experimental results. However, overall, the PSO algorithm is more universal.

1 | Introduction

Electrical steel sheets are a critical material in power equip-
ment, offering advantages over other soft magnetic materials,
such as lower cost, mature processing technology and high
magnetic induction [1, 2]. Electrical steel sheets are primarily
used to manufacture cores and are widely applied in electro-
magnetic devices such as transformers, motors and reactors,
making them an irreplaceable material in modern power
equipment [3–5]. Electrical steel sheets exhibit hysteresis char-
acteristics, which can affect core indicators such as energy ef-
ficiency, thermal stability, structural vibrations and lifespan of
electromagnetic devices [6, 7]. Accurately simulating the hys-
teresis characteristics of electrical steel sheets is not only the
foundation for efficient design but also an indispensable support

method for achieving digitalisation and intelligent electrifica-
tion of equipment [8–11].

Classic hysteresis models include the Preisach model [12], the
Jiles–Atherton (J‐A) model [13], the Stoner–Wohlfarth model
[14], the E&S model [15] and the hybrid hysteresis model [16].
Among these, the J‐A model has the advantages of clear phys-
ical significance for its parameters, fewer parameters, high‐
computational efficiency, ease of fitting and modelling and
high scalability. It is widely used in the field of magnetic
characteristic simulation research. The simulation accuracy of
the hysteresis loop is determined by the parameters of the
J‐A model, so how to accurately simulate these parameters
has become a key issue. Current research on the J‐A model
primarily focuses on two aspects [17, 18]: modifications and
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improvements to the traditional J‐A model and parameter
identification algorithms for the J‐A model. The authors in ref.
[19] proposed a hybrid algorithm that combines simulated
annealing and particle swarm optimisation (PSO), integrating
the advantages of both algorithms to improve the speed and
effectiveness of parameter identification in engineering appli-
cations. The authors in ref, [20] introduced R‐L type fractional
derivatives to improve the J‐A model expression and applied the
annealing algorithm for parameter identification. A comparison
with experimental data showed that the average absolute error
of the loss prediction was 7.35%. The authors in ref. [21]
addressed the low accuracy and long computational time of
existing parameter identification methods for the J‐A model by
using an improved vulture algorithm for parameter identifica-
tion, effectively improving the convergence speed and accuracy
of the identification process.

The working conditions of modern electromagnetic devices are
becoming increasingly complex, and it is currently impossible to
find a universal parameter identification method. Therefore,
model corrections and improvements to parameter identifica-
tion methods must be made for specific working conditions and
material characteristics. In this paper, a 0.15‐mm oriented sili-
con steel is used, and three parameter identification methods
are applied to simulate its hysteresis characteristics: the least
squares method based on the finite difference method, the least
squares method based on the differential method and the par-
ticle swarm optimisation algorithm based on the inverse J‐A
model. The accuracy of these methods is compared. The re-
sults show that different parameter identification methods have
significant differences under different working conditions, and
there is an optimal parameter identification method for a spe-
cific working condition.

2 | Jiles–Atherton Model

The Jiles–Atherton (J‐A) model [22, 23] was developed based on
the theory of magnetic domains and the principle of minimum
energy, aiming to provide a physically interpretable explanation
of the hysteresis phenomenon in ferromagnetic materials.
Starting from the microstructure of ferromagnetic materials,
Jiles and Atherton established a model that not only possesses a
solid physical foundation but also offers mathematical tracta-
bility, thereby overcoming many of the limitations associated
with traditional models.

2.1 | Classical J‐A Model

In the classical J‐A model, the magnetisation M is composed of
two components: the reversible component Mrev and the irre-
versible component Mirr, as shown in Equations (1) and (2).

M =Mirr +Mrev (1)

Mrev = c(Man − Mirr) (2)

In Equation (1), Mrev is the reversible magnetisation compo-
nent, generated by the elastic deformation of domain walls,

whereas Mirr is the irreversible magnetisation component,
caused by domain wall pinning. In Equation (2), c is the
reversible magnetisation coefficient, and Man is the hysteretic‐
free magnetisation.

Based on Langevin paramagnetic theory, an analytical expres-
sion for the hysteretic‐free magnetisation can be obtained. It
was developed on the basis of paramagnetic materials and
applied to ferromagnetic materials. The classical Langevin
function is shown in Equation (3).

⎧⎪⎨

⎪⎩

Man(Ha) =Msat[coth(
Ha

a
) −

a
Ha
]

Ha =H + αM
(3)

In Equation (3), Ha is the applied magnetic field strength,
a = kBT/μ0m, where kB is the Boltzmann constant, T is the
absolute temperature of the material, μ0 is the permeability of
free space and m is the magnetic moment of each dipole in the
material. In the J‐A model, He is used to replace Ha, where He

represents the effective magnetic field strength; Msat, abbrevi-
ated as Ms, represents the saturation magnetisation.

From the theoretical analysis of hysteretic‐free magnetisation,
irreversible magnetisation and reversible magnetisation in
Equations (1–3), the energy balance equation for magnetic
materials can be derived, as shown in Equation (4)

μ0 ∫MdHe = μ0 ∫MandHe

⏟̅̅̅̅⏞⏞̅̅̅̅⏟
A

− μ0kδ∫
dMirr

dHe
dHe

⏟̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅⏟
B

(4)

The left‐hand side of the differential equation shown in Equa-
tion (4) represents the magnetic energy in the magnetic mate-
rial. Term A on the right‐hand side represents the energy
supplied by the external excitation magnetic field, and term B
represents the energy consumed by irreversible magnetisation. k
denotes the pinning effect, and δ is the sign function with
respect to the magnetic field strength H, where δ = 1 when dH/
dt > 0, and δ = −1 when dH/dt < 0.

According to Equations (1–4), the differential equation between
the magnetisation M and the magnetic field strength H can be
derived, namely the J‐A direct hysteresis model, as shown in
Equation (5).

dM
dH

=
(1 − c)(Man − M) + cδk dMan

dH
δk − α(1 − c)(Man − M)

(5)

2.2 | Inverse J‐A Model

Considering that in practical engineering applications, the
magnetic field strength H is difficult to obtain and its measured
values are easily distorted, the magnetic flux density B is chosen
as the input variable. The relationship between magnetic flux
density B and magnetic field strength H is given by Equation (6):

B = μ0(M +H) (6)
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Substituting Equation (6) into Equation (3) gives Equation (7):

He =
B
μ0

− (1 − α)M (7)

Substituting Equation (7) into Equation (4) gives Equation (8).

dM
dB

=
δM(1 − c)(Man − Ms) + ckδ dMan

dHe

μ0[(1 − α)(δM(1 − c)(Man − Ms) + ckδ dMan
dHe
) + kδ]

(8)

In Equation (8), δM is a factor used to prevent nonphysical
behaviour [24].

δM = {
1, sign(Man − M) · sign(dH/dt) ≥ 0
0, sign(Man − M) · sign(dH/dt) < 0 (9)

Among Equations (2–9), the parameters c, Ms, a, α and k are all
critical factors affecting the accuracy of the J‐A model. Any
change in these parameters will influence the shape of the
hysteresis loop.

2.3 | Model Parameter Calculation Method

The parameters in the model can be determined using experi-
mental data. Once the field values, the differential susceptibility
at the initial point, the tips of the hysteresis loop and the
remanent induction and coercive field are known, the param-
eters of the J‐A model can be calculated at these specific points,
as shown in Figure 1.

According to the physical meanings of the parameters in the
model, the easiest parameter to obtain is Ms, which can be found
in manuals or measured by placing the material in a sufficiently
strong magnetic field and measuring its magnetic flux density B
or magnetisation M with a coil and then calculating Ms.

In the model, the parameter c determines the reversible mag-
netisation component caused by reversible bending and

translation of domain walls. At the beginning of the magnet-
isation curve, it can be expressed as Equation (10).

χ in =
dM
dH

⃒
⃒
⃒
⃒
H=0

= c
dMan

dH
(10)

At low magnetic fields, the hysteretic‐free magnetisation can be
expressed as Equation (11).

Man =Ms
H
3a

(11)

Therefore, the parameter c can be obtained from Equation (12).

c =
3aχin
Ms

(12)

At this point, assuming that a is known and Ms is obtained from
experimental data, the parameter c can be calculated using
Equation (12).

The parameter α can be obtained at the remanent magnetisation
Mr, where δ = 1, H = 0 and M = Mr.

Mr =Man(Mr) +
k

α
1−c +

1
χr−c dMan (Mr )

dH

(13)

An initial value is assumed for parameters a and k. By
combining the previously calculated parameter c, and using
Equations (3) and (13), the parameter α can be obtained.
Substituting parameter α into Equation (14) will allow for the
calculation of parameter a.

a =
Ms

3
(

1
χin

+ α) (14)

Using the parameters α, c, Ms and the updated parameter a, the
parameter k can be calculated at the coercive force point. At this
point, H = Hc, M = 0.

k =
Man(Hc)

1 − c

⎡

⎢
⎢
⎢
⎣
α +

1 − c
χc − c dMan(Hc)

dH

⎤

⎥
⎥
⎥
⎦

(15)

Parameters k can be obtained from Equations (3) and (15).

Thus, the preliminary calculation of all parameters in the J‐A
model is completed, providing initial values that are close to
the target solution. Next, a series of parameter identification
methods can be used to simulate the hysteresis characteristics of
electrical steel sheets.

3 | Parameter Identification Method

3.1 | Least Squares Fitting

Since the J‐A model is expressed as a differential equation,
there are two numerical methods for solving it: ordinary dif-
ferential equations (ODE) and partial differential equationsFIGURE 1 | Special points for determining model parameters.
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(PDE). In this study, MATLAB is used to solve the equations.
Two numerical approaches are implemented to solve the
J‐A model: specifically, the Runge–Kutta method [25, 26] and
the finite difference method [27]. In the following sections,
these two methods will be referred to as ODE and PDE,
respectively.

The fourth‐order Runge–Kutta solution is shown in
Equation (16).

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

k1 = f ( tn, yn)

k2 = f(tn +
h
2
, yn +

h
2
k1)

k3 = f(tn +
h
2
, yn +

h
2
k2)

k4 = f ( tn + h, yn + hk3)

yn+1 = yn +
h
6
(k1 + 2k2 + 2k3 + k4)

(16)

For the finite difference method, the backward difference
scheme is used, and its expression is given in Equation (17).

⎧⎨

⎩

u = u(x)
xi+1 = xi + h
ui = ui−1 + h × du/dx

(17)

After implementing both solution methods, the least squares
method [28, 29] is used for parameter fitting. By setting upper
and lower bounds for the parameters to be identified and using
the initially calculated J‐A model parameters, an iterative
computation of the parameters can be performed.

3.2 | PSO Algorithm

The particle swarm optimisation (PSO) algorithm [30, 31] is a
type of evolutionary computation technique, inspired by the
social behaviour of birds foraging for food. The basic idea of PSO
is to find the optimal solution through cooperation and infor-
mation sharing among individuals in a population. Each
candidate solution is imagined as a bird, referred to as a “par-
ticle.” All particles search in an N‐dimensional space, and each
particle's quality is evaluated by a fitness value determined by
the objective function.

Each particle has a memory to record the best position it has
found so far. Additionally, each particle has a velocity, which
determines how it moves through the search space. The velocity
is dynamically adjusted based on both the particle's own expe-
rience and the experience of its companions. The velocity of
each particle is updated using Equation (18), and the position is
updated using Equation (19).

vi = w × vi + c1 × rand() × (gbesti − xi) + c2
× rand() × (zbesti − xi)

(18)

xi = xi + vi (19)

In these equations, w is the inertia weight, c1 is the cognitive
acceleration coefficient and c2 is the social acceleration coeffi-
cient. In Equation (18), w � vi represents the inertia component,
reflecting the particle's tendency to maintain its current motion;
c1 � rand() is the cognitive component, representing the parti-
cle's tendency to adjust its velocity based on its own best
experience; and c2 � rand() � (zbesti − xi) is the social
component, reflecting the particle's tendency to approach the
best experience found by the swarm.

In the context of inverse J‐A model parameter estimation, each
particle represents five unknown parameters (Ms, a, α, c, k).
Equation (20) is used as the fitness function.

Fitness(x) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑
N

i=1
(Hreal,i − Hmodel,i)

2

√
√
√

(20)

In this equation, N is the number of sample points, Hreal is the
measured magnetic field strength and Hmodel is the computed
magnetic field strength from the simulation.

The flowchart of the PSO algorithm used in this study is shown
in Figure 2.

4 | Conclusion

To validate the effectiveness of the parameter identification al-
gorithms proposed in this paper when applied to J‐A model
identification, an MPG200D arbitrary waveform magnetic field
excitation measurement system was used. The measurements
were conducted under environmental conditions of 23°C � 5°C
and relative humidity of 50% � 15%. Parameter identification

FIGURE 2 | Flowchart of the PSO algorithm.

4 of 7 Electrical Materials and Applications, 2025

 29960851, 2025, 1, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/em

a3.70021 by U
niversity of T

echnology Sydney, W
iley O

nline L
ibrary on [28/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



was then carried out based on the experimentally measured
hysteresis loops for two magnetic flux densities: Bmax = 1.7 T
and Bmax = 1.85 T. The performance table of the experimental
samples is shown in Table 1.

The number of cycles in the particle swarm algorithm has a
significant impact on the fitting results. When the number of
cycles is too small, convergence is insufficient, leading to large
identification errors and unstable results. When the number of
cycles is too large, convergence stagnates, resulting in wasted
computational resources and an increased risk of overfitting,
which can negatively affect fitting accuracy. Therefore, it is
necessary to determine an appropriate number of cycles to
improve identification accuracy and obtain stable results.
Table 2 shows the fitting results and experimental data errors
under different cycle numbers. The number of cycles is
consistent with the description in Table 2 and the Figure 2 and
is represented by z.

Table 2 shows the area and relative error of the hysteresis loop
obtained from the experiment and the hysteresis loop obtained
from the fitting parameters. It can be seen that the calculation
law is consistent with the law proposed in the above text. In this
paper, the number of cycles is selected as 7.

For Bmax = 1.85 T, the parameter identification results using
three methods—least squares based on ordinary differential
equations, least squares based on partial differential equations
and the PSO algorithm—are shown in Table 3.

The corresponding hysteresis loop comparison based on the
results in Table 1 is shown in Figure 3.

Figure 4 shows the hysteresis curve generated based on
parameter identification results for Bmax = 1.7 T.

As shown in Figures 3 and 4, the fitting results of the three
parameter identification methods are quite satisfactory. For the
accuracy of the quantitative analysis algorithm, the relative er-
ror of parameter identification at Bmax = 1.7 T and Bmax = 1.85 T
is shown in Table 4.

As shown in Table 4, when the Bmax = 1.7 T, all three algorithms
exhibit excellent computational accuracy. Among them, the
least squares fitting algorithm based on ordinary differential
equations demonstrates a significant advantage in accuracy.
When Bmax = 1.85 T, the PSO algorithm shows a clear advantage
in accuracy. However, compared to the case where Bmax = 1.7 T,

TABLE 1 | Experimental sample performance table.

Grade
Nominal

thickness/mm
Maximum specific loss

P1.5/400 (W/kg)
Minimum magnetic polarisation

strength (50 Hz/60 Hz) J800
Minimum stacking

coefficient
15SQF1250 0.15 12.5 1.83 0.940

TABLE 2 | Computational error of the particle swarm algorithm at different numbers of cycles.

Experiment z = 5 z = 6 z = 7 z = 8 z = 9
Hysteresis loss (Bmax = 1.85 T) J/m3 166.8507 208.8194 227.7325 176.9003 226.9904 217.6987

Relative error — 25.15% 36.49% 6.02% 36.04% 30.48%

Hysteresis loss (Bmax = 1.7 T) J/m3 98.6858 97.1886 97.4713 97.6036 96.4174 97.4804

Relative error — 1.52% 1.23% 1.10% 2.30% 1.22%

TABLE 3 | Parameter identification results of each algorithm.

Parameters Ms α a k c
Experiment 1,472,000 1.393 � 10−5 38.045 12.104 0.353

PDE_Lsqcurvefit 1,551,694 1.555 � 10−5 17.4155 14.236 0.699

ODE_Lsqcurvefit 1,523,424 2.723 � 10−6 13.1825 19.935 0.380

PSO 1,507,419 1.533 � 10−5 11.0778 23.346 0.6782

FIGURE 3 | Comparison of hysteresis curves generated using
measured data and the parameters identified by each algorithm.
(Bmax = 1.85 T).
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the computational accuracy of all three algorithms decreases,
which may be due to the relatively low fitting accuracy at the
knee point of the hysteresis loop.

Overall, the PSO algorithm demonstrates greater universality.
In the future, the model will be optimised based on the mag-
netisation mechanism of oriented silicon steel to improve fitting
accuracy at the knee point of the hysteresis loop. A detailed
analysis of the causes of errors will be conducted, and the
parameter identification algorithm will be further refined to
achieve higher computational accuracy.
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FDE_Lsqcurvefit
(%)

ODE_Lsqcurvefit
(%)

PSO
(%)

Bmax = 1.7 T 0.71 0.06 1.10

Bmax = 1.85 T 12.39 8.08 6.02
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