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ABSTRACT: This paper presents the application of both genetic algorithm (GA) and artificial bee colony (ABC) method for parameter
identification for the chemical hysteresis model. This model is known to be based on physics approaches, and it is characterized by nine
parameters, which describe the reversible and irreversible magnetization mechanisms. Splitting the parameter optimization in two parts
using hysteresis curves at various amplitudes offers a more efficient way of solving the optimization problem. Based on the root mean
squared error between modeled and experimental B-H loops, it has been shown that GA delivers lower errors in shorter time.

1. INTRODUCTION

he challenge nowadays for manufacturers of technological
Tproducts is to optimize a design in competitive time, en-
suring good quality performance according to customer speci-
fications. Therefore, it is necessary to use robust tools in each
step of the design. For a few decades, experts have focused
on the development of simulation tools, models, and optimiza-
tion algorithms, with the aim to reduce experimental proto-
typing costs. In this light, the present paper regards the fer-
romagnetic properties of steel as a key parameter to be opti-
mized. The modelling of magnetic hysteresis is still a chal-
lenging issue, in terms of time and accuracy in parameter es-
timation/identification. Furthermore, some aspects such as the
implementation in the finite element or finite volume code and
management of convergence have to be taken into account. In
literature, a broad range of hysteresis models can be found, and
some of them are morphological like Rayleigh [1], Mel’gui [2],
Frohlich [3] etc., while others are physically motivated like the
Jiles-Atherton model [4] and chemical model [5]. Given mea-
sured hysteresis curves, the challenge consists of estimating the
model parameters such that the model fits the measured data.
The modelling of some electromagnetic devices like, for ex-
ample, the 3MA sensor [6], requires a robust hysteresis model,
which is capable of reproducing the measured signals at var-
ious amplitudes. Furthermore, the model must be able to re-
produce minor asymmetric curves and to take into account the
impact of frequencies [7]. The most popular is the Preisach
model [8], but the parameter estimation and numerical calcu-
lation when it is implemented in finite element method (FEM)
code is quite time-consuming. Leite et al. [9] have extended
the Jiles-Atherton model for minor asymmetric curves, while
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being limited to one operating point. The model of Artangent
is tested in the framework of electrical steel; the authors have
shown the capability of the model to reproduce minor asym-
metric curves [10]. Nevertheless, the implementation of this
model in FEM code requests further developments. The chem-
ical hysteresis model is more attractive, as it is able to describe
the nonlinear behavior of the material in scalar and in vector
forms. Furthermore, the impact of frequency and waveform
of the signal are taken into account. The chemical model has
been tested for various soft steels such as SiFe material and tex-
tured NiFe material [11]. A lot of experts have been attracted
by the chemical model capabilities in perspective of implemen-
tation in numerical simulation tools such as Flux software and
Reluctool, aiming at an easy design of electrical engineering
machines. Do et al. have investigated the performance of the
model on soft ferromagnetic materials such as nanocrystalline
FeNi[12]. Later, Chailloux et al. [13] tested the impact of tem-
perature on the magnetic behavior via the chemical model. A
correlation between hysteresis model parameters and temper-
ature is established [14]. In addition, the chemical hysteresis
model is presented as an analytical model, so the calculation in
3D FEM code is faster. Nevertheless, the identification of the
model parameters remains complex since there are nine param-
eters to be defined.

In this work, chemical model parameters are investigated via
two optimization methods: genetic algorithm [15] and artificial
bee colony (ABC) technique [16]. For this purpose, 22MnB5
steel is characterized under quasi-static magnetization through
minor symmetric and asymmetric hysteresis loops. The accu-
racy and computation time of both optimization methods are
highlighted, by the comparison of simulated B-H loops to ex-
periments.
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2. CHEMICAL HYSTERESIS MODEL

The chemical hysteresis model is original in terms of the phys-
ical insight. In fact, it is based on an analogy between transfor-
mations of magnetic states and chemical reactions. Usually in
each chemical reaction, atoms and molecules interact with each
other. Let’s take the example of Acid and Base reaction:

Base + Proton — Acid
At the thermodynamic balance, we can write
K = [Base] - [Proton]/[Acid]

where 1/K is defined as reaction constant. [X] is defined as
quantity of X.

Similarly, ferromagnetic material is also composed by pos-
itive and negative spin moments atoms ST and S~. Under
external magnetic field H, the induction variation can be de-
scribed as irreversible reactions. When magnetic field is in-
creasing:

S™+h=5"

where h is the part of external magnetic field needed for the
reaction. It is also called the active part of H and can be as-
sociated with the external field undergone by each atom S™.
The magnetization is then the result of a thermodynamic equi-
librium obtained by transferring the results of chemistry to the
physics of materials. After the development of equations (de-
tailed in [17]), the results lead to Equation (2).

Furthermore, the chemical model is described in two parts,
where the total induction is computed by taking into account
the participation of the irreversible magnetization, Jiyey, which
corresponds to the domain wall movement during the magneti-
zation process and to the reversible part J,.,, which represents
the contribution of the magnetization rotation process (Equa-
tion (1)):

Biot = (Jirrev + Jrev) + /JOH (1)

The algorithm for the irreversible contribution Jie, pro-
gresses as follows:

* Initialization step

Jo =0
v = 2-1072
K = exp(ﬂ-Hc)

bo

on(3)

H,.
Jl = JirrevSat - tanh (25 In <exp (2'70 + bO) - ﬁ ))
0

2

* Fori =1,...,N — 1, where N is the length of the mea-
sured signal:
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JirrevSat + Jz

_ /Bll’l (Co)
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0= 5

i

2
Ji = Jirrev,i (2)

Parameters Jieysat, He, 5, and ¢q are inputs for the irre-
versible part of the model. They can be defined using various
hysteresis loops between 0.3 T and 1.2 T.

+ Initialization step
Oy =

0, =

NI I R

* Fori =2,...,N — 1, where N is the length of the mea-
sured signal:
Di = kl - sinh (kz . (91 - 90))

o In (Cl)

oy =
g (afDi)
sin(0;) —H;

h = i-(ln(c1)—|-Oéi'Hi)

%

Ky - sinh (ko - (6; — 00)) +h-sin(0;) —a=0 (3)

Nourdine [18] have chosen an energy minimization approach
for the description of magnetic rotation phenomena (Equa-
tion (3)).

Then, the magnetization of the reversible part is defined as:

“4)

ki, ko, a, c1, and Jieysy are five input parameters, belong-
ing to the reversible part of the magnetization formula. These
parameters can be determined using minor centered hysteresis
loops from 1.5T to 1.8 T.

Jrev,i = JrevSat *+ COS (01)

3. MATERIAL HYSTERESIS CHARACTERIZATION

In order to estimate those parameters, it is first necessary to
collect hysteresis loops under various amplitudes. For this
purpose, the material grade 22MnBS5 is investigated. Differ-
ent specimens were laser-cut in order to fit the Fraunhofer
IZFP hysteresis frame with 120 mm length, 10 mm width, and
1.6 mm thickness. The B-H frame consists of a U-shaped yoke
made of ferrite steel as shown in Figure 1. The yoke is sur-
rounded by the magnetization coil. A current AC excitation
generates magnetic field in the yoke and canalized through the
sample.

The sample is positioned in the center area of the yoke
and maintained via two poles. The tangential magnetic field
strength at the sample surface is measured using a Hall effect
sensor located in the center of the sample.

The mean flux density is measured by integration of the volt-
age induced in a circumferential coil. The B-H signals are col-
lected at lower magnetization frequency, f = 2 Hz.
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FIGURE 1. Hysteresis measurement frame with 1) ferrite yoke, 2) steel
poles, 3) Hall sensor, 4) receiver coil, and 5) magnetization coil.

4. EVALUATION PROCESS

The determination of the chemical hysteresis parameters turns
out to be difficult. Some of these parameters depend on the
intrinsic properties of ferromagnetic material such as coercive
field strength H, and the ratio of maximum magnetization of
the domain wall displacement Jieysas and the rotation magneti-
zation Jieysat. Shikazumi [19] have discussed the ratio between
the reversible part and the total magnetization. For such a fam-
ily of materials, it is indicated that the maximum irreversible
part contributes 50% of the total induction at saturation. The
rest is devoted to reversible magnetization. The remaining six
parameters: 3, cg, k1, k2, a, and ¢; have no link to directly mea-
surable quantities and then should be selected randomly. Sev-
eral optimization algorithms are tested in order to validate the
physical concept of the magnetic material behavior. Other au-
thors have proposed deterministic methods [20], simulated an-
nealing method [21], particle swarm optimization (PSO) [22],
and many more. In this work, two methods, namely genetic al-
gorithm (GA) [23] and artificial bee colony (ABC) method [24],
are tested for parameter estimation of the chemical model. For
each hysteresis curve step (i), the criteria error function ¢ is de-
fined as the root mean squared error between measured Bipeqs
and computed By flux density, Equation (5). The objective
function (6) is defined as the sum of the errors for various hys-
teresis loops, which varies from 0.2 T to 1.8 T.

N
1
g = N Zl (Bmeas,i - Bsimul,z’)2 (5)

In Equation (5), N denotes the number of samples of the
measurement of the magnetic flux density. In Equation (6), M
denotes the number of hysteresis curves used for the identifica-
tion, with £; being the error for the jth curve.

1 M
Etot = M z:li?j (6)
j=

21

5. OPTIMIZATION METHODS

According to the number of parameters, it is necessary to per-
form stochastic optimization methods. Both GA and ABC
method are carried out in Matlab environment.

5.1. Artificial Bee Colony (ABC)

The first authors reporting ABC method in hysteresis optimiza-
tion are Sedira et al. [25]. In the optimization algorithm, the
solution represents the food sources, and the quality of the nec-
tar is the fitness cost. As it is the case in the nature, various
bees are involved: onlooker bees, employed bees, and scouts.
The employed bees target zones of food sources. The informa-
tion (position and food quality) is shared with onlooker bees,
which focuse on better quality food sources. If these sources
are exhausted, the scouts randomly look in the environment to
find out new food zones. The solution is defined randomly if
the onlooker bees are not able to improve the food quality in a
given number of time steps Npax.

The ABC algorithm, is given by Karaboga and Akay in [26]:

« Initialization
* [teration

Run employed bees working step

- Run onlookers working step

- Run scouts working step

Save best solution achieved so far as approximation
for global optimum

¢ Until maximum number of iterations is reached

The inputs are the swarm size m, the 9 parameters to op-
timize over, the total iteration number Ny, = 100, and the
number of iterations Ny.x = 5 for every employed bee before
it abandons its actual food source if its solution is not improved.
The number of employed and onlooker bees are fixed to 150 and
150, respectively.

5.2. Genetic Algorithm (GA)

Genetic algorithms are mostly used for solving conventional
problems. This method is inspired by biological law, as it
is the case for ABC technique. It is guided by two pro-
cesses: crossover and mutation, which lead to optimal so-
lutions. Crossover combines genetic data from two parent
genotypes to produce descendants, developing inheritance with
good traits. In mutation operation, random changes in genes are
introduced, and then the diversity of genetic is maintained. The
solution is defined after repeated operation of crossover and
mutation, and by selecting the fittest individuals, the population
is then progressing over generations. The basic GA procedure
is as follows:

« Initialization
« Iteration

- Parent selection from population
- Create Children by crossover population
- Realize mutation on the new population
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FIGURE 2. Error evolution with iteration number of (a) GA algorithm and (b) ABC algorithm.

- Save best solution achieved so far as approximation
for global optimum

¢ Until maximum number of iterations is reached

In this work, the Matlab GA toolbox is used. The inputs
of the algorithm are [27]: population size, maximum iteration
number, and stop criteria as well as lower and higher bounds
of the parameter variation. These quantities have been topic
of studies and investigation on various applications. One of
the first who tested GA for Jiles-Atherton hysteresis parameter
identification was Chwastek and Szczyglowski [28], where he
stated the number of individuals to 10, and the criteria of com-
putation finalization to 250 generations. Besides this, Hergli
et al. have applied GA for two well-known hysteresis models,
Jiles-Atherton [29] and Preisach [30]. The authors proposed an
initial population of 20 individuals and 200 iterations. Various
studies have been performed in order to define best-optimized
GA parameters (mutation P,, and cross over population P,).
Some of them are purely experimental trial and error approach,
based on tuning parameters by hands and test different values
by selecting the ones which offer the best results [31], while
others drive theoretical studies [32—34] and suggest dynamic
set of parameters, by changing these values in a given interval
during the GA runs. De Jong [35] expresses some doubts on the
consistence of an adaptive implementation of the GA operators
to be optimized during the run.

In this work, the study is carried out using GA input param-
eters, which were already defined in previous works of opti-
mization of magnetic hysteresis models parameters like Jiles-
Atherton and Praisach models [29]. Worden and Manson [36]
have also used similar inputs in the investigation of mechani-
cal optimization system, where P. and P,, were fixed to 0.2
and 0.8. The objective function is the same as that for the ABC
approach (Equation (5)), with negative sign, since the Matlab
toolbox solves maximization problems. The input parameters
for GA in this study will be extended to 60 individuals and 400
generations. The crossover probability P, and mutation proba-
bility P, are respectively equal to 0.2 and 0.8. P, and P, are
kept constant.

2
1 1
Eo
m
At —+—Measurement| |
—GA
ABC
-2 : : '
-1 -0.5 0 0.5 1
H (A/m) x10*

FIGURE 3. Simulated hysteresis loops obtained via ABC method and
GA, compared to measurement.

6. RESULTS AND DISCUSSION

The current development of the chemical model provides an
easier dissociation of the algorithms. As indicated in the pre-
vious paragraphs, the decoupling of both contributions linked
to irreversible process, and the reversible rotation is useful in
terms of computation time. The selection of the bounds is very
important, since a too large search space will generally result in
very long computation time until a feasible solution is found,
especially for higher dimensionality.

First, trial consists in identification on one hysteresis loop
at 0.8 T. Then, the first part of the model is requested. The
parameter ranges are summarized in Table 1. Once the first
four parameters are calculated from Equation (2), it rests only
those from irreversible contribution. The contribution J, is
subtracted from By, according to Equation (1).

TABLE 1. Parameter bounds, best result obtained via ABC and GA
method, for irreversible part of the chemical model over 5 runs.

Parameters Bounds Results from
ABC method GA method
Jrevsat [0.1,1.3]T 1.07T 1.05T
H. [8,12]A/em  11.12A/em  11.35A/cm
B [107%,107'1 5.52-107%  6.06-1073
Co [50, 300] 160.65 154.77
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FIGURE 5. Results from GA methods and measured data at f = 2Hz,
for various amplitudes B,,, = [0.4-1]T.

Table 2 summarizes the chosen bounds of the other five pa-
rameters. For both optimization methods, the set of parameters
which results in the lowest error over five runs is retained. Fig-
ure 2 shows the error (Equation (5)) over iterations for both
optimization methods for five runs.

TABLE 2. Parameter bounds, best result obtained via ABC and GA
method, for reversible part of the chemical model over 5 runs.

Parameters Bounds Results from
ABC method GA method
JirrevSat [08, 13] T 1.02T 1.05T
a [103,5 - 10%] 3000.5 2979.55
c1 [2-1073,107'] 1.12-1072 1.06-1072
k1 [1072, 10] 2.12 1.89
ko [500, 4000] 2510 2489.56

It is observed that the GA achieves lower error values than
the ABC method, for similar population size and ABC swarm
size.

Figure 3 illustrates modeled and simulated hysteresis curves
from ABC and GA. In order to visualize the error versus time
for both methods, the size of magnetic field data is reduced to
100 measurement points.

After several tests, the error for GA was about 0.123 with
time calculation of 500s. The error obtained via ABC method

23
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FIGURE 6. Results from GA methods and measured data at f = 2Hz
for B, =1.2Tand B,, = 1.7T.

after 780 s was varied by run, and the lowest error observed was
about 0.124 (Figure 4).

The optimization was also performed for minor hystere-
sis loops at various operation points. Figure 5 and Figure 6
show comparisons between measurement and modeled hystere-
sis curves for the irreversible and rotation contribution. The pa-
rameters are identified via GA methods. The chemical model
reproduces minor hysteresis loops with high accuracy.

In the following, the chemical model is also assessed for mi-
nor asymmetric loops. Figure 7 shows the magnetic response
of the combination of both signals [37]:

* Low-frequency signal: 10 Hz, at high amplitude (B,, =
0.6Tand B, =1.6T)

* High-frequency signal:
(Rayleigh domain)

20kHz, at low amplitude

The low frequency signal establishes an operating point of the
ferromagnetic material B,, = 0.6 T and B,,, = 1.6 T. The re-
sulting signal from superimposed signals is composed by minor
asymmetric loops distributed around the parent centered hys-
teresis curve (operating point). Since the amplitude excitation
of the high frequency signal is in the range of Rayleigh domain,
the dynamic effect is neglected. The chemical model is able to
reproduce minor asymmetric curve signals at low and high op-
erating points, with quite good accuracy.
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FIGURE 7. Simulated and measured signals for (a) B,, = 0.6 T and (b) B,,, = 1.6 T.

7. CONCLUSION

The main goal of this study was to explore the capacity of both
genetic algorithm (GA) and artificial bee colony (ABC) method
in the estimation of chemical hysteresis model. The models
were optimized with both ABC method and genetic algorithms
which are quite good. Both reproduce hysteresis loops close
to the experimental data with high accuracy. The GA method
clearly outperforms the ABC method in terms of computation
time and final error reached after reasonable time.
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