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ABSTRACT: To achieve the dynamic decoupling of a permanent magnet-assisted bearingless synchronous reluctance motor (PMa-
BSynRM), this study proposes an innovative decoupling control strategy. In this method, the inverse system is constructed by improving
a genetic algorithm optimized fuzzy neural network to achieve decoupling control. Firstly, this article elucidates the structure and work-
ing principle of PMa-BSynRM, establishes a mathematical model, and conducts reversibility analysis. Secondly, by optimizing the fuzzy
neural network through improved genetic algorithm, a system inverse is derived to achieve the decoupling of the initial system, transform-
ing it into a linear-like system. Thirdly, the decoupling performance of the proposed control method for a 5-degree-of-freedom (5-DOF)
system is validated through simulation. Finally, experimental validation is conducted on both 2-DOF and 3-DOF subsystems. Simulation
results for the 5-DOF system and subsystem experiments indicate that the proposed method exhibits excellent control accuracy, rapid

convergence, and dynamic anti-interference performance.

1. INTRODUCTION

ermanent magnet-assisted bearingless synchronous reluc-

tance motor (PMa-BSynRM) demonstrates extensive appli-
cation prospects in cutting-edge industries and high-precision,
such as semiconductor manufacturing and biomedical applica-
tions, owing to its advantages of eliminating mechanical fric-
tion, requiring no lubrication, and exhibiting superior high-
speed performance. The 5-degree-of-freedom (5-DOF)PMa-
BSynRM integrates a 3-DOF hybrid magnetic bearing (HMB)
with a 2-DOF-PMa-BSynRM configuration. By precisely con-
trolling the rotor’s position across five degrees of freedom, this
motor achieves complete rotor suspension. Consequently, the
research on high-performance control technologies has become
imperative [1-5].

For bearingless synchronous reluctance motors, traditional
decoupling methods include field-oriented control and adaptive
parameter decoupling control [6], both of which are susceptible
to variations in motor parameters. In strongly coupled systems,
inverse system (IS) methods are commonly employed, yet ex-
isting IS-based improvements still exhibit limitations. In [7],
a sliding mode variable structure (SMVS) control was used to
construct an object inverse system, but this approach demon-
strated weak disturbance rejection capability. In [8, 9], support
vector machines (SVMs) were employed to construct the object
inverse system, yet this approach remains significantly affected
by parameter variations. In [10], an improved genetic algorithm
optimized key parameters of the least squares support vector
machine (LSSVM), effectively enhancing the decoupling per-
formance of ORC-BPMSM systems.
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Neural networks, with their exceptional nonlinear mapping
capabilities, adaptive learning mechanisms, and strong robust-
ness against complex uncertainties, have become a core tech-
nology for constructing inverse systems in various complex
nonlinear systems. They are widely applied in nonlinear decou-
pling control and dynamic characteristic compensation. In [11],
an improved genetic algorithm (IGA) was used to adjust the
parameters of a back-propagation (BP) neural network, signifi-
cantly enhancing both dynamic and static performance. In[12],
a decoupling scheme based on BP neural networks for con-
structing inverse systems was proposed. To improve the dy-
namic response and convergence performance of neural net-
work optimization, control algorithms integrating fuzzy infer-
ence systems with neural networks were introduced [13, 14].
Although these enhanced decoupling performance and control
accuracy, they still faced the challenge of lengthy data training
cycles. In[15, 16], enhanced chaos particle swarm optimization
(PSO) for neural network control and an improved differen-
tial evolution (IDE) algorithm for fuzzy neural network (FNN)
control were proposed, respectively. Both methods exhibit in-
sufficient global optimization capabilities for decoupling high-
dimensional complex coupled systems and limited generaliza-
tion and adaptive capabilities for parameter time-varying and
untrained operating conditions.

Compared to traditional methods and existing decoupling
strategies, the Mamdani-type FNN demonstrates significant ad-
vantages: firstly, the fuzzy neural network architecture reduces
the system’s dependence on precise motion parameters. Sec-
ondly, the use of an improved genetic algorithm for FNN pa-
rameter selection during optimization not only enhances the
system’s adaptability but also significantly accelerates decou-
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FIGURE 1. Working principle: (a) Principle of the suspension force generation; (b) Hybrid magnetic bearing circuit diagram.

pling convergence. The structure of this article is as follows.
In Section 2, this paper will derive the mathematical model of
PMa-BSynRM and prove its reversibility. In Section 3, the ar-
chitecture of FNN and the improved genetic algorithm (IGA)
optimization design are introduced. In Section 4, the simula-
tion of the 5-DOF system is presented. In Section 5, as the
5-DOF test platform is currently being optimized, experimen-
tal validation is conducted on 2-DOF and 3-DOF subsystems to
confirm the feasibility of the control method. Section 6 presents
the conclusions of this study.

2. OPERATION PRINCIPLE AND MATHEMATICAL
MODELING

2.1. Working Principle

The symbol annotation table is shown in Table 1. Schematic
of the suspension force creation is presented in Fig. 1(a). The
winding is equivalent, N is the suspension force winding and

TABLE 1. The notation table.

Variable (unit)

Physical significance

o (H/m) Vacuum permeability

do (mm) The air gap length when the rotor is not offset
Subscript M Torque winding

Subscript B Suspension winding

M (mH) Mutual inductance

L (mH) Self-inductance

i0 (MA) Equivalent magnetizing current.

m (kg) Mass of the rotor

N Number of turns per phase winding

0 (rad) Rotor angular position

la, lp (LM) Distance to the center of mass

J. (kg- mmz) Moment of inertia about the Z-axis

Ja (kg - mm?) Moment of inertia about the X and Y axes
i (mA) The current control in different directions
x,y (um) Radial rotor displacement

U (Wb) Magnetic flux

ki, kiz (N/A)
keay, k= (N/A)

Current coefficient
Displacement coefficient

Mg, M, (N/A%)  Levitation force constants
T. N-m) Electromagnetic torque
T (N-m) Load torque
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Ny is the torque winding; g represents the magnetic exci-
tation in the levitation winding, and )y, represents the mag-
netic excitation in the torque winding. Observing Fig. 1(a) at
slot 2 in the negative y-direction, 1\ is opposite to s, weak-
ening the magnetic field; at slot 1 in the positive y-direction,
1M is aligned with 1), strengthening the magnetic field. This
results in a radial levitation force counter to the negative y-
direction. Due to this phenomenon, the radial levitation force
acts along the positive y-axis direction. Consequently, by mod-
ulating both the phase and amplitude of the levitation current,
the magnitude and directional orientation of the levitation force
can be effectively regulated.

The structure and magnetic circuit of 3-DOF-HMB are
shown in Fig. 1(b). The left section of the diagram features a
dashed line representing radial control flux generated by the
radial control coil, while the right section shows axial control
flux from the axial control coil. Solid lines indicate the bias
flux produced by permanent magnets. When the rotor deviates
from radial equilibrium due to external influences, the radial
control flux modifies the magnetic density between the three
poles and rotor, generating radial levitation forces Fy and Fj to
restore balance. Similarly, axial displacement causes the axial
control flux to alter magnetic density at air-gap points Z; and
Z,, producing axial levitation force F, that centers the rotor.

2.2. Mathematical Model of the PMa-BSynRM

The 2-DOF-PMa-BSynRM mathematical model consists of the
mathematical models of two subsystems (torque subsystem and
buoyancy subsystem). The Maxwell tensor method is adopted
to model PMa-BSynRM [17]. The final mathematical model is
as follows:

Fy = kex — (k. — kwm) (Ymala + ¥mqlBq)
Fy = key — (FkL £ k) (YmqlBa — Ymalpg)
Te = Pu(Lmd — Lng)iMdinvg

Yma = Lvaima + %o

¢Mq = LMqiMq (1)
bo— 1.1251r0mk§0N§i2
c w632 0
k —_ mPBPM
L= INrPs
kg = 0.393Pg PuLgp
- NlNQIT,LL(]

where Mg and 1)yq represent the flux linkages produced by
the torque winding; Ly¢ and Lygq represent the self-inductance
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component of the d-q shaft torque winding; ingq and ingq are the
current components of the shaft torque winding; My and M,
are the levitation force constants; igq and ipq are the equiva-
lent control currents for the d-q axis levitation force winding;
1o represents the magnetic flux from the permanent magnet; %o
denotes its equivalent magnetizing current.

According to the literature [18], the mathematical model of
the levitation force of 3-DOF HMB can be expressed as:

Fy, = \/gkl,«ly/\/i + 3ka:yy/2
F, = kii, + k.2

2

where k;, and k;, represent the current coefficient; k,, and k.
represent the displacement coefficient; i, ¢,, and 7, represent
the control current.

When establishing the motion equations for a 5-DOF-PMa-
BSynRM, the rotor is treated as a rigid body, incorporating the
effects of inter-axis coupling within the magnetic bearing sys-
tem and its inherent gyroscopic behavior. The subscript “a”
indicates the 3-DOF-HMB-related variables, and the subscript
“b” indicates the 2-DOF-PMa-BSynRM-related variables.

The force analysis diagram for the rotor configuration is pre-
sented in Fig. 2, and the origin O coincides with the equilibrium
position of the rotor’s center of mass; 7 is the electromagnetic
torque; [, and [, are the distances from the positions of the 3-
DOF-HMB unit and the PMa-BSynRM unit to the equilibrium
position of the rotor’s center of mass; w is the angular velocity
of the rotor; Tt is the load torque; J, is the moment of inertia
of the rotor. The radial degrees of freedom correspond to the X
and Y directions, respectively, while the axial degree of free-
dom corresponds to the Z direction. The corresponding forces
are the radial suspension forces Fi;, Foy, Fyz, Fyy, and the
axial suspension force F,,.

The system motion equation can be expressed as:

mi = Fop + Fygp

my = Fay + Fby

mz=F,,

J:rear = _laFay + leby - zwoy 3)

Jyby = laFow — pFpy + J w0,

Lo =T, —TL

0.~ yp

Oy = 750

A e R e i @)
_ 1 lo

Y= ran e T i

z =2,

where J, = J, = Jg is the moment of inertia about the X and
Y axes; Fuz, Foy, Iz, Py, and Fy, are the suspended forces
on the five-directional rotors, respectively; z4, Ya, Za, Tp, and
yp are the corresponding rotor displacements in different direc-

tions.
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FIGURE 2. 5-DOF-PMa-BSynRM schematic diagram of rigid rotor
structure.

2.3. Reversibility Analysis

The reversibility of the system is assessed using the Interac-
tor algorithm. The SDOFPMa-BSynRM contains 11 state vari-
ables:

_ T
X = (21, 22,23, %4, 5, Te, L7, L8, T9, T10, L11)
Q)

The input variables correspond to the control currents of the
levitation force winding and torque winding. Input variables
are formally expressed as:

L. T
:(Ia,ya7za,$b,yb7l'a,ya,Za,Ib,yb,W)

U= (uh Uz, U3, Uq,Us, Ug, u7)T
(6)
The output variables are the five radial and axial displace-

ments of the rotor along with its angular velocity. Output vari-
ables are formally expressed as:

- (Zam lay, laz, tMd» "Mq 'Bd; ZBq)

Y = (ylayQa y37y4ay5»y6)T = (xaayaa Zay Tby ybaw)T (7)

Based on the definition of state variable X, the mapping
relationship between state variables and output variables can
be explicitly expressed through the system’s output equation
Y = h(z), as follows:

Y1 =21
Yo = T2
=z
Y=h)=q B0 ®)
Ys = T
Yo = T11

Based on the dynamic motion Eq. (3) of the rotor, and sub-
stituting the expressions for electromagnetic force and torque
(Eq. (1) and Eq. (2)), the state equation of the composite con-
trol object is derived, ultimately yielding the state equation of
the composite control object as Eq. (9).

According to the Interactor algorithm and the aforemen-
tioned mapping relationship, computing the derivatives of the
output Y until every component is explicitly incorporated in
the input U. The first derivative of displacement output does
not contain the input vector U. Therefore, the second deriva-
tive must be calculated to reveal components related to control
current. For velocity output, the first derivative directly incor-
porates the current term responsible for torque generation. The
result of this substitution is Eq. (10).

The expression for the Jacobi matrix is given by Eq. (11).
Calculations show that rank (A) = 6, and the relative order of
the system is:

o = (a17a2;a37a4aa53a6)T = (232a272727 1)T

)
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6
The condition is satisfied: »_ «; = 11 (the number of state

=1
variables is 11). This indicatezs that the 5-DOF PMa-BSynRM
system possesses system invertibility, and it can be represented
by the following equations:

— T
U= (u17u27u37u47u53 UG,U7)

= &(X, 91, Y2, U3, Ya» s Us) (10)
T1 = T
Ty = X7
T3 = T3
T4 = X9
‘rto = T10

Tg = \[kw (E *) u1 + kaig (% - l‘jf;’) ()

(i - lJi") ugu + Skyy (% + *)
Jeloz11(zo—28)
)

. S X 12
r7 = \/gk‘ir (% - %) uy + kqiq (% + TZ) U
(LB 3 (1 _ lb
g \ o T 7, ) atie + 5Ray 7 — 777 ) 11
4 Jelprin (@o—zs) (11)

Ja(la+ls) )
Ty = \/gk ( + l]d)u;g—kdld (i— liljb)u;l
+I€q ( lJlb) U2Ug + k/’wy (

1

m q
Jolgxi1(xg—xs)

+ Ja(la+lp)

. l2
Tg = \/gk‘” (% lJib) us — k‘dld ( + J‘ig U4

Ly L 3 1 laly
+kq + 7, ) u2te + Skay (=
+J lb$11 (zo—ws)

Sj atly)
kewstkizustin

<
=
o

T10 =

P %Pﬁ[(Ld—Lq)zdug—PMTL
11 7,

Y1 = Tg

yl \/7]917”(% )Ul—‘,—kdld(i_%)uz
1 iy lb 2
9, ) watue + kzw _|_ T
+Jd(l +lb)x11 (z9 — x38)
1]2 =Ty

o = \/2k; i—ﬂ uy + kqi —l—i u
ir \ m 1 dld T4 2
(E*J)“‘luﬁ+ kry<1*%)x1
+m$11(339 - $8)
Y3 =1

i/'gz\/»kw (— >U3fkdzd(1 %)M (12)

l2
q(i_l]lb)uufi"'_ k:vy( +T(ji)x3
+Jd(lz-ilb)xll( 97 9:8)
Y4 = Tg
. 12
ja = \/ Skur (% lJib) ug — kqiq ( L+ TZ) Uy
l2
—|—qu (i + Td) UsUg + §kzy (% - Zib) T3
J,l
+mx11(x9 —ZL’g)
Us = T10
5 = Tk.ws + Lkius

Ys 31;“ [0 w6 + (La — Lg)iaue] — STy,
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A— |:8(y17 2927373,?4733573)6)

ool |
li . ol
%kir (% + Td) kdld (% - ]db) 0
2
%kw‘ (% - l:‘;(lib) kdid (% + %) 0
l2
— 0 kq (% — lﬁib) Ue \/gkm" (# + Tad)
12 :
0 (543w \/3hir (£ - 152)
0 0 0
i 0 0 0
Ro(R-b)us 0 kg(E-l)u ]
2 2
Bo(R+E)us 0 k(R4 )
haia( =) 0 Rt | )
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—kgia (% + f,—d) 0 kg (£ + f,—d) us
0 Lk 0
3pP2
0 0 570+ (La—Lg)id]

3. ESTABLISHMENT OF THE MAMDANI-FNN IN-
VERSE SYSTEM

3.1. FNN Structure and Working Principle

The structure of the fuzzy neural network based on Mamdani
reasoning is shown in Fig. 3. The algorithm and data processing
process of each layer are as follows:

First Second Third Fourth Fifth
layer layer . layer layer layer
2

Nl

Q<

"

o |l-@
‘y

n

FIGURE 3. Structure of the FNN.

Layer 1-input layer: The input value x = (x1, X2, ..., x,) is
sent to the next layer. Number of nodes in this layer: N| = n.

Layer 2-blurring layer: Calculate the membership function
! of each input component belonging to the fuzzy set of lan-
guage variable values, and calculate the membership degree of
the input value belonging to each fuzzy set through the mem-
bership function.

il =t (@0) (14)
where i = 1,2,...,n, 7 = 1,2,...,m;; n is the number of
input quantities; m; represents the fuzzy segmentation number

of x;.
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This study utilizes a Gaussian-shaped membership function,
which can be expressed as:

k. 2
Ty — oy
Hak (zi) = exp [— (ak) ]

where ¥ and oF are the center and width of the membership
function, respectively, and the total number of nodes in this
layer can be expressed as:

(15)

(16)

Layer 3-rules layer: This layer combines the fuzzified inputs
according to the antecedents of the fuzzy rules. Each node cor-
responds to one fuzzy rule and performs antecedent matching.
The computation can be expressed as follows:

o = min{plt, p, o pind 17
where i1 = {1,2,...,m1}, i = 2{1,2,...,ma},..., ip =
n
{1,2,...,mu}, jn = {1,2,...,m}, m = ] m;. The node
i=1
count of this layer: N3 = m.
Layer 4-reasoning layer: the system performs normalization
calculations to obtain fuzzy inference results. Let the number of

nodes in this layer equal that of the third layer: Ny = N3 = m,
and the calculation formula can be expressed as:

Qj

m
PR
j=1

o = , j=1L2....m (18)

Layer 5-output layer: The result obtained from fuzzy rea-
soning undergoes defuzzification calculation, with the formula
expressed as:

m

yi =Y widj, =127 (19)
j=1

where w;; is equivalent to the central value of the j language
value belonging function.

3.2. Construction of the Inverse System

The method proposed in this paper utilizes an improved genetic
algorithm (IGA) to adjust the number of FNN rules as well as
the centers and widths of the membership functions, thereby
accelerating the decoupling process.

Traditional genetic algorithms (GAs) map the chromosome
evolution process through computers, including biological evo-
lution phenomena, such as selection, crossover, and mutation,
ultimately seeking the optimal solution. The execution of the
algorithm primarily involves: encoding the practical problem,
generating an initial chromosome population, computing fit-
ness values, and performing genetic operations. Genetic opera-
tions mainly include selection, crossover, and mutation. Selec-
tion mechanisms commonly employ the roulette wheel method,
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tournament selection, and elitist preservation. In conventional
genetic algorithms, the roulette wheel model assigns a selection
probability to each individual that is proportional to its fitness
value. This probability can be formulated as follows:

F(zi)
F(z)

pi = (20)

-

1

J

where F'(z) is the fitness function of an individual, and z is a
vector composed of various elements as the optimization target.

The roulette wheel model selection process is not applicable
to small-scale populations. Therefore, the improved genetic al-
gorithm employed in this paper combines the roulette wheel se-
lection method with an elite retention strategy: calculate the fit-
ness value f; for all individuals in the current population based
on the fitness curve, sort them from the highest to the lowest,
and select the top Nejite individuals as elites to be directly copied
into the next generation. The remaining individuals are gener-
ated through the application of genetic operators. The IGA en-
sures that rare samples have a chance to be retained, maintain-
ing population diversity and avoiding premature convergence.
A schematic of the GA workflow is provided in Fig. 4.

Initial population

Fitness calculation [«
v v

Former 5% Residual individual . N
individual Roulette selection Maxu.num
Elite retention generation ?
srateay

Merged individual

FIGURE 4. Flowchart of genetic algorithm.

To effectively optimize the parameters of the fuzzy neural
network, this paper adopts real-number encoding. Based on
the optimization objective, the chromosome vector Z is con-
structed by concatenating the rule number, the center of the
Gaussian membership function, and the width. The chromo-
some can be defined as:

Z =[Ny, c11,¢12, - . 21

where n denotes the number of input nodes, and m represents
the number of fuzzy partitions.

The root mean square error (RMSE) between FNN output
and target training data was adopted as the primary performance
metric. Since the objective of IGA is to minimize this error,

-,Cnm7011,012,---’0nm]
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the fitness function F'(Z) was designed to be inversely propor-
tional to the network’s RMSE:

1 1

~ RMSE +¢ X
¢ % 3 (alk) ~ y(k)? + <

where K denotes the total number of training samples; yq(k) is
the expected output; y(k) is the actual output of the FNN; and
¢ is the standard deviation.

In this paper, the FNN is employed to construct the inverse
system of the PMa-BSynRM. The parameters of the FNN are
trained using the IGA. Offline training is adopted to adjust the
neural network parameters until the error meets the accuracy
requirements.

Firstly, the initial phase involves the implementation of a
closed-loop system for the 5-DOF-PMa-BSynRM to generate
the dataset required for training the neural network. Random
displacement signals and angular velocity signals within the op-
erating range are used as excitations, with a sampling time of
0.5 ms and an operation time of 5s. Ten thousand datasets are
obtained, of which 80% are used for training and the remain-

F(2) (22)
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ing 20% for testing. The sampled signals include displacement
signals xa, Ya, Za, Tb, Yo, Current signals iz, fay, az, IMd> IMgs
B4, B¢, and rotational speed signal w.

Secondly, optimize the number of rules (/V,.), membership
function centers and widths in fuzzy neural networks using the
IGA. The population size is set to 100 with a maximum iteration
count of Gnax = 500. The elite retention strategy preserves the
top five individuals. The crossover rate is set to 0.60, and the
mutation rate is set to 0.01. A crossover rate of 0.60 ensures suf-
ficient genetic diversity for comprehensive global search, while
alow mutation rate of 0.01 prevents the algorithm from trapping
in local optima without disrupting the convergence stability of
the FNN parameters. The optimized FNN parameters after fi-
nal refinement: the number of input layer nodes N} = 17; the
number of fuzzy layer nodes N, = 51; the number of fuzzy
segments m; = 3; the number of rule layer nodes N3 = 42; the
number of inference layer nodes Ny = N3 = 42; the number
of output layer nodes N5 = 7; the learning rate n = 0.01; and
the training iteration count is 500. The input and output mem-
bership functions are selected as Gaussian and trigonometric
functions, respectively, while the defuzzification method em-
ploys the centroid approach. After training, the optimal FNN
model is output.

Finally, the optimized fuzzy neural network is integrated
with 11 integrators to form a fuzzy neural network inverse sys-
tem (FNNIS) for the PMa-BSynRM. This system is then con-
nected in series with the original nonlinear plant, thereby de-
coupling it into five second-order displacement pseudo-linear
subsystems and one first-order angular velocity pseudo-linear
subsystem, as illustrated in Fig. 5.

As illustrated in Fig. 5, the proposed method transforms
the original strongly coupled multivariable system into inde-
pendent single-input single-output pseudo-linear subsystems
through precise approximation of nonlinear mappings. Ex-
panding from subsystem-level analysis to the global 5-DOF
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FIGURE 7. PMa-BSynRM dynamic decoupling control system.

system only increases the number of independent pseudo-linear
subsystems without fundamentally altering the core logic of
decoupled control. From an electromagnetic physics perspec-
tive, the coupling characteristics of the 5-DOF system are
strictly confined to two physically isolated regions: the torque-
suspension force coupling within the 2-DOF-PMa-BSynRM
assembly and the radial-axial coupling within the 3-DOF-HMB
component. The primary coupling mechanism between mag-
netic bearings and motors is mechanical coupling. Therefore,
given that the 5-DOF prototype is currently undergoing op-
timization and debugging, the proposed method’s feasibility
can be validated through 2-DOF and 3-DOF subsystem exper-
iments in subsequent experimental phases.

To validate the superior fitting performance of the IGA-
FNNIS method, comparative experiments using FNNIS, PSO-
FNNIS, and DE-FNNIS methods were conducted. The root
mean square error (RMSE) between expected values and mea-
sured values was employed as the evaluation metric to compare
the fitting performance of the decoupled models constructed by
the four methods.

Figure 6 shows the error comparison curve. As shown in
Fig. 6, the IGA-FNNIS model converges at 122 iterations with
an RMSE of 3.22E-5. In contrast, the DE-FNNIS method con-
verged after 175 iterations with an RMSE of 8.26E-5; the PSO-
FNNIS method converged after 215 iterations with an RMSE
of 1.04E-4, while the FNNIS model converged after 274 it-
erations with an RMSE of 1.68E-4. The IGA-FNNIS model
achieved 30.3% fewer iterations and 61% lower error than the
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DE-FNNIS model; 43.3% fewer iterations and 69% lower error
than PSO-FNNIS; and 55.5% fewer iterations and 80.8% lower
error than the FNNIS model. These results demonstrate that the
improved fuzzy neural network inverse system significantly ac-
celerates decoupling processes and enhances control accuracy.
The overall control block diagram is shown in Fig. 7.

4. SIMULATION TEST

4.1. Dynamic Decoupling Simulation

To confirm the effectiveness of the proposed control method,
5-DOF-PMa-BSynRM is taken as the research object. The
proposed method is simulated in MATLAB/Simulink environ-
ment, and the magnetic field orientation control method (FOC)
and FNNIS control method are selected for comparative analy-
sis.

Considering the effect of gravity, in the simulation, the initial
position of the rotoris setas ¢ = x, = xp = 0mm, y = ¥,
yp = —0.2mm, z = z, = —0.2 mm; the equilibrium position is
=T, =T, =0mm,y =y, =y = 0mm, z = 2, = 0mm;
the given speed of the motor is 5000 r/min.

The dynamic decoupling performance comparison simula-
tion curve of PMa-BSynRM is shown in Fig. 8. After the mo-
tor speed stabilizes at 3000 r/min, at £ = 0.25 s, the given speed
is changed from 3000 r/min to 5000 r/min suddenly. In Fig. 8,
the FOC has a settling time of 52 ms to reach a steady speed of
5000 r/min, featuring a peak speed deviation of 86 r/min, and
the peak fluctuations in radial displacements are 22 um and
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FIGURE 9. Anti-interference performance of the PMa-BSynRM: (a) z; (b) y; (c) 2.

25 um. The FNNIS has a settling time of 38 ms to reach a
steady speed of 5000 r/min, featuring a peak speed deviation of
32 r/min, and the peak fluctuations in radial displacements are
14 pm and 16 pm. The proposed method stabilizes the speed at
32 ms, representing a reduction of 38.5% and 15.8% compared
to the FOC and FNNIS methods, respectively, while virtually
no offset in the x-, y-, and z-directions. The results demonstrate
that the proposed control method better achieves stable decou-
pling between electromagnetic torque and levitation force.

4.2. Anti-Interference Simulation

Figure 9 presents a comparison of the anti-interference perfor-
mance of the PMa-BSynRM through simulation results. Upon
stable suspension of the rotor, interference forces of 20N are
exerted on the rotor along the z-, y-, and z-directions at 0.15's,
0.25s, and 0.35s, respectively. As shown in Fig. 9, for the
FOC method, the rotor’s displacement magnitudes due to inter-
ference forces in the z-, y-, and z-directions are approximately
42 um, 45 um, and 44 pum, respectively. Under the FNNIS con-
trol method, the fluctuations are 28 um, 30 um, and 25 pum, re-
spectively. In contrast, the proposed method produced fluctu-
ations of only 16 um, 19 um, and 14 pm, representing reduc-
tions of 61.9%, 57.8%, and 68.2% in displacement peaks com-
pared to the FOC method, and 42.9%, 36.7%, and 44.0%, re-
spectively, compared to the FNNIS method. The test results
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indicate that under the IGA-FNNIS, the anti-interference capa-
bility of PMa-BSynRM is effectively enhanced.

4.3. Decoupled Simulation of the Suspension Forces

The 5-DOF PMa-BSynRM was stably suspended at the equilib-
rium position at a rotational speed of 5000 r/min. At¢ = 0.05s,
0.1255,0.20s,0.275 s, and 0.35 s, pulse signals with a duration
0f 0.05 s and an amplitude of 50 um were sequentially applied
to the rotor’s displacement in five degrees of freedom. Fig. 10
shows the decoupling performance curves among the various
levitation forces of the 5-DOF-PMa-BSynRM.

As shown in Fig. 10(a), for the FOC control method, the time
required for displacement x, to rise to 50 um is 15 ms, with a
displacement response overshoot of approximately 17 pm. For
the FNNIS control method, the rise time for displacement z,,
to reach 50 um is 12 ms, with a displacement overshoot of ap-
proximately 8 um. The proposed control method achieves only
a 9 ms rise time with negligible displacement overshoot. Com-
pared to the traditional FOC method, the system’s rise time is
reduced by 40%; compared to the FNNIS method, the rise time
is also shortened by 25%. Simultaneously, as evident from
Figs. 10(b), (c), (d), and (e), under the IGA-FNNIS control
method, individual displacement changes remain unaffected by
others, effectively achieving decoupling among degrees of free-
dom.
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FIGURE 11. The experimental platform of PMa-BSynRM.

5. EXPERIMENTAL VALIDATION ON SUBSYSTEMS

The 5-DOF-PMa-BSynRM experimental test bed is currently
under development, so experimental validation is conducted us-
ing subsystems with 2-DOF-PMa-BSynRM and HMB. Exper-
imental validation was conducted for both subsystems to con-
firm the effectiveness of the proposed algorithm in addressing
strongly coupled magnetic field problems. Comparative exper-
iments were conducted simultaneously using the FNNIS and
FOC methods.

The system controller utilizes a TMS320F28335 controller
with an interrupt frequency set at 10 kHz. To evaluate practical
deployment, the IGA-FNNIS computational load was profiled
on the TMS320F28335 digital signal processor (DSP). The sys-
tem’s control cycle is strictly limited to within 100 us, utiliz-
ing static memory allocation. Performance analysis indicates
that the execution time of IGA FNNIS is approximately 32.8 us
per cycle, fully complying with the 100 us hardware constraint
and 0.5 ms data sampling period requirements. Furthermore,
its static memory footprint is 36.4 KB of ROM and 16.5 KB of
RAM, safely within the DSP’s capacities (512 KB ROM, 68 KB
RAM). This confirms the method’s real-time feasibility without
control delays or memory overflow.
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The system collects radial displacement signals via eddy cur-
rent sensors, which are converted into voltage signals through
a displacement interface circuit. After DSP processing, pulse
width modulation signals are generated and amplified by the
power driver board to produce three-phase control currents.
The basic parameters of PMa-BSynRM used in the experiment
are shown in Table 2. The complete experimental platform
structure is illustrated in Fig. 11.

5.1. Dynamic Decoupling Experiment of System

To dynamically decouple performance and enhance dynamic
robustness, a variable-speed experiment was conducted as
shown in Fig. 12. After the motor stabilized at 3000 r/min, the
target speed was abruptly increased to 5000 r/min, creating a
significant dynamic disturbance scenario through this abrupt
acceleration process.

At this point, the FOC method’s speed stabilizes after 112 ms
with an overshoot of 4.6%. Due to the change in speed, the ro-
tor exhibits the magnitudes of 48 pm and 51 um in the z- and
y-directions. The FNNIS method speed stabilizes after 98 ms
with an overshoot of 2.3%, and the magnitudes of the rotor’s
disturbance are 32 um and 35 pm in the z- and y-directions.
The IGA-FNN method has almost no overshoot, with a regu-
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TABLE 2. Parameters and description of the experimental platform.

Parameters Value Parameters Value
Rated voltage U (V) 220 Air gap o (mm) 0.25
Rated power P (kW) 1.1 Volume (mm?®) 4 x (120 x 71 x 73)
n (r/min) 500 m, (kg) 1.6
Rotati 1 inerti
Ty (Wh) 0.0359 o onalinera 5.6 x 1074
J (kg - mm®)
Pu/Ps 2/1 Lg (mH) 2.34
(a) (b) (©)

g ';;_',.:' " S

Displacement(SO um/div)

Speed(lOOO n/(r/min)/div)
Displacement(50 pm/div)

T1me (5() ms/dlv)

Time (50 ms/div)

Speed(1000 n/(r/min)/div)
Displacement(SO um/div)

Speed(1000 n/Ar/min)/div)

Time (50 ms/div)

FIGURE 12. Speed and radial displacement in the z- and y-direction: (a) FOC; (b) FNNIS; (c) IGA-FNNIS.
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FIGURE 13. Statistical analysis results: (a) Adjustment time and speed overshoot; (b) Mean radial displacement in the z- and y-directions.

lation time of 78 ms, and the radial vibration amplitudes of the
rotor are reduced to 25 um and 28 pm in the z- and y-directions.
Compared to the FOC method and FNNIS method, the adjust-
ment time was reduced by 30.4% and 20.4%, respectively; the
z-direction displacement fluctuation was decreased by 47.9%
and 45.1%, respectively; and the y-direction displacement fluc-
tuation was reduced by 45.1% and 20.0%, respectively. Fig. 13
primarily presents the statistical analysis results of the system
during dynamic decoupling experiments. The error bars labeled
above the bar charts visually demonstrate the dispersion level
and extreme value range of displacement fluctuations through-
out this dynamic process. Comparative experimental results
show that the proposed control methods can enhance the sys-
tem’s resistance to interference and better achieve decoupling
control between suspension forces.

5.2. Anti-Interference Experiment

The anti-interference experimental results of PMa-BSynRM
are shown in Fig. 14. When the motor is operating stably, a
force of 10N is applied at a point along the y-axis direction
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of the rotor. When the FOC method is employed, the radial de-
flection of the rotor in the y direction is 48 um, and that in the
direction is 43 pum, with an adjustment time of 142 ms. For the
FNNIS method, the rotor displacement fluctuation was 40 pum
in the y-axis direction and 37 um in the x-axis direction, with
an adjustment time of 109 ms.

When employing the IGA-FNNIS method, under distur-
bance forces, the rotor deviates from the equilibrium point by
up to 30 pm in the y direction while exhibiting only 25 pm
displacement along the x direction, with the adjustment time
reduced to 76 ms. Compared to the FOC method and FNNIS
method, the y direction single fluctuation decreases by 37.5%
and 25.0%, respectively; the x direction single fluctuation de-
creases by 41.9% and 32.4%, respectively; and the adjustment
time is shortened by 46.5% and 30.3%, respectively. Fig. 15
presents the statistical comparison results of the system’s anti-
interference performance test, including adjustment time and
radial displacement fluctuations. Experimental results demon-
strate that the proposed control method significantly enhances
the system’s anti-interference capability while achieving more
precise decoupling control of suspension forces.
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FIGURE 17. FNNIS control method: (a) Radial anti-interference curve; (b) Axial anti-interference curve.

The anti-interference test results of HMB are shown in
Figs. 16-18. After achieving stable suspension of HMB, exter-
nal disturbance forces of 2 N were applied in both radial and ax-
ial directions. In the radial experiment, the FOC method caused
rotor displacement fluctuations of 53 um in the y direction and
28 pm in the x direction, with a recovery time of 116 ms. When
the FNNIS method is used, displacement disturbances reached
45 um in the y direction and 24 um in the x direction, with
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a recovery time of 86 ms. In contrast, the IGA-FNNIS con-
trol method reduced y direction displacement fluctuations to
30 um, representing decreases of 43.4% and 33.3% compared
to FOC and FNNIS methods, respectively. For the = direction,
displacement fluctuations decreased to 12 um, showing reduc-
tions of 57.1% and 50.0% compared to FOC and FNNIS meth-
ods. The stable recovery time was shortened to 64 ms, with
recovery time reductions of 44.8% and 25.6%, respectively.
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FIGURE 18. IGA-FNNIS control method: (a) Radial anti-interference curve; (b) Axial anti-interference curve.
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and axial displacement.

In the axial anti-interference experiment, the FOC and
FNNIS control methods exhibited z direction displacement
changes of 64 um and 52 pm, respectively, with adjustment
times of 120ms and 92ms. The proposed control method
achieved a displacement change of 38 um, demonstrating
approximately 40.6% and 26.9% lower axial displacement
deviations compared to FOC and FNNIS methods. Its adjust-
ment time was 74 ms, representing reductions of 38.3% and
19.6% relative to the comparison algorithms. Fig. 19 provides
a comprehensive statistical comparison of hybrid magnetic
bearings’ anti-interference performance. The bar chart with er-
ror bars visually illustrates the performance differences among
three control strategies. Experimental results demonstrate that
the IGA-FNNIS control method exhibits superior decoupling
performance.

6. CONCLUSION

The Mamdani fuzzy neural network-based decoupling control
approach is introduced to tackle the nonlinear and strong cou-
pling issues in the PMa-BSynRM. The novel approach pre-
sented in this work is theoretically analyzed and demonstrated
by comparison of simulated results and experimental data, and
the key points are as follows:

1. This paper analyzes the reversibility of 5-DOF-PMa-
BSynRM and verifies the feasibility of the Mamdani FNN
decoupling control method.

. In view of the difficulty in parameter selection, IGA is
used to optimize the number of rules and the center and
width of the membership function, so as to speed up the
decoupling.
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3. Simulation results with 5-DOF demonstrate the dynamic
decoupling capability of the IGA-FNNIS method, achiev-
ing effective decoupling among the five degrees of free-
dom. Furthermore, experimental results conducted using
the subsystem also demonstrate the feasibility of this al-
gorithm.

Since the 5-DOF experimental platform is still undergoing
optimization and debugging, this study primarily utilizes
subsystems for experimental validation at this stage. Fu-
ture work will focus on achieving complete hardware in-
tegration and debugging of the 5-DOF system to validate
the global decoupling performance of the proposed control
method.

ACKNOWLEDGEMENT

This work was supported in part by the National Natural Sci-
ence Foundation of China under Grants 62273168.

REFERENCES

[1] Zhu, H.and Y. Shi, “Displacement self-sensing control of perma-
nent magnet assisted bearingless synchronous reluctance motor
based on least square support vector machine optimized by im-
proved NSGA-IL” [EEE Transactions on Industrial Electronics,
Vol. 71, No. 2, 1201-1211, Feb. 2024.

Hua, Y., H. Zhu, M. Gao, and Z. Ji, “Multiobjective optimization
design of permanent magnet assisted bearingless synchronous re-
luctance motor using NSGA-II,” IEEE Transactions on Indus-
trial Electronics, Vol. 68, No. 11, 10477-10487, Nov. 2021.
Ding, H., H. Zhu, and Y. Hua, “Optimization design of bear-
ingless synchronous reluctance motor,” /IEEE Transactions on
Applied Superconductivity, Vol. 28, No. 3, 1-5, Apr. 2018.

WWwWw.jpier.org



Progress In Electromagnetics Research C, Vol. 168, 237-249, 2026

PIER C

(4]

[11]

Gao, Y., D. Jiang, H. Zhu, B. Mao, and Y. Liu, “Design opti-
mization of asymmetric permanent magnet assisted bearingless
synchronous reluctance motor,” /EEE Transactions on Energy
Conversion, Vol. 40, No. 2, 1644-1654, 2025.

Zhang, W., Y. Ruan, S. Ji, X. Sun, and H. Zhu, “Variable stiff-
ness coefficient analysis and control system study for radial AC
hybrid magnetic bearing,” in Proceedings of the 30th Chinese
Control Conference, 3494-3499, Yantai, China, 2011.

Zhang, S. and F. L. Luo, “Direct control of radial displacement
for bearingless permanent-magnet-type synchronous motors,”
IEEE Transactions on Industrial Electronics, Vol. 56, No. 2,
542-552,2009.

Bu, W., X. Zhang, and F. He, “Sliding mode variable structure
control strategy of bearingless induction motor based on inverse
system decoupling,” IEEJ Transactions on Electrical and Elec-
tronic Engineering, Vol. 13, No. 7, 1052-1059, 2018.

Feng, D., L. Zhu, X. Diao, and H. Zhu, “Decoupling control of
bearingless synchronous reluctance motor based on support vec-
tor machines inverse system,” in Proceedings of the 32nd Chi-
nese Control Conference, 547-551, Xi’an, China, 2013.

Zou, H., X. Diao, H. Zhu, T. Li, and D. Zhu, “Decoupling control
of bearingless synchronous reluctance motor based on support
vector machines inverse system,” in Proceedings of the 29th Chi-
nese Control Conference, 711-716, Beijing, China, Jul. 2010.
Xu, B., H. Zhu, and X. Wang, “Decoupling control of outer ro-
tor coreless bearingless permanent magnet synchronous motor
based on least squares support vector machine generalized in-
verse optimized by improved genetic algorithm,” I[EEE Transac-
tions on Industrial Electronics, Vol. 69, No. 12, 12 182-12 190,
2022.

Zhou, J. and Z. Li, “Improved genetic algorithm to optimize BP
neural network,” in 2022 IEEE 10th Joint International Informa-
tion Technology and Artificial Intelligence Conference (ITAIC),

249

[12]

[14]

[15]

[17]

[18]

1347-1350, Chongqing, China, Jun. 2022.

Sun, X., L. Chen, H. Jiang, Z. Yang, J. Chen, and W. Zhang,
“High-performance control for a bearingless permanent-magnet
synchronous motor using neural network inverse scheme plus in-
ternal model controllers,” IEEE Transactions on Industrial Elec-
tronics, Vol. 63, No. 6, 34793488, 2016.

Zhu, H. and Z. Gu, “Active disturbance rejection control of 5-
degree-of-freedom bearingless permanent magnet synchronous
motor based on fuzzy neural network inverse system,” IS4
Transactions, Vol. 101, 295-308, 2020.

Jiang, C., H. Zhu, and X. Wang, “Decoupling control of outer ro-
tor coreless bearingless permanent magnet synchronous genera-
tor based on fuzzy neural network inverse system,” IEEE Trans-
actions on Transportation Electrification, Vol. 9, No. 3, 3908—
3917, 2023.

Liu, Y., X. Diao, and H. Zhu, “Dynamic decoupling control
of PMa-BSynRM based on neural network inverse system op-
timized by enhanced chaos PSO,” IEEE Transactions on Indus-
trial Electronics, Vol. 72, No. 10, 9900-9910, 2025.

Diao, X., G. Yang, and H. Zhu, “Decoupling control of per-
manent magnet assisted bearingless synchronous reluctance mo-
tor based on fuzzy neural network inverse system optimized
by improved differential evolution algorithm,” IEEE Journal of
Emerging and Selected Topics in Power Electronics, Vol. 13,
No. 3, 3453-3462, 2025.

Ooshima, M., A. Chiba, T. Fukao, and M. A. Rahman, “De-
sign and analysis of permanent magnet-type bearingless motors,”
IEEE Transactions on Industrial Electronics, Vol. 43, No. 2,
292-299, 1996.

Zhang, W. and H. Zhu, “Improved model and experiment
for AC-DC three-degree-of-freedom hybrid magnetic bearing,”
IEEE Transactions on Magnetics, Vol. 49, No. 11, 5554-5565,
2013.

WWwWw.jpier.org



	Introduction
	OPERATION PRINCIPLE AND MATHEMATICAL MODELING
	Working Principle
	Mathematical Model of the PMa-BSynRM
	Reversibility Analysis

	ESTABLISHMENT OF THE MAMDANI-FNN INVERSE SYSTEM
	FNN Structure and Working Principle
	Construction of the Inverse System

	SIMULATION TEST
	Dynamic Decoupling Simulation
	Anti-Interference Simulation
	Decoupled Simulation of the Suspension Forces

	EXPERIMENTAL VALIDATION ON SUBSYSTEMS
	Dynamic Decoupling Experiment of System
	Anti-Interference Experiment

	CONCLUSION

