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Decoupling Control of Six-Pole Radial Active
Magnetic Bearings Based on BP Neural
Network Inverse Optimized by Improved
Mind Evolutionary Algorithm

Zhihao Ma

Abstract—To solve the coupling issues of radial displacements
in the two degrees of freedom of a six-pole radial active mag-
netic bearing (AMB) rotor, a decoupling control strategy based on
backpropagation neural network (BPNN) inverse optimized by an
improved mind evolutionary algorithm (MEA) is proposed. First,
the structure and working principle of the six-pole radial AMB
are introduced, and its mathematical model is derived. Second, an
inverse model is constructed using a BPNN. To solve the sensitivity
to initial weights and thresholds effectively, the improved MEA
is designed with an adaptive subpopulation size strategy and an
adaptive variance adjustment strategy. Finally, simulation studies
of the six-pole radial AMB system are performed, and experiments
on rotor floating, antidisturbance, and decoupling performance are
complemented. The results verify the effectiveness and reliability
of the proposed control strategy.

Index Terms—Active magnetic bearing (AMB), backpropa-
gation neural network(BPNN), decoupling control, inverse system,
mind evolutionary algorithm (MEA).

1. INTRODUCTION

MAGNETIC bearing uses magnetic forces to suspend the
A rotor in space, eliminating mechanical contact between the
rotor and stator. This design eliminates the need for lubrication
and seals, fundamentally transforming the conventional bearing
support structure [1], [2], [3], [4]. Magnetic bearings are widely
applied in applications such as high-speed motors, compressors,
marine rotating equipment, and flywheel energy storage [5],
[6]. In active magnetic bearings (AMBs), the bias magnetic
flux is generated by coil excitation and the suspension force
by electromagnetic action, offering structural simplicity and
precise control. This configuration is applied to a 16-pole AMB
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with tuned positive position feedback control in [7], and its
whirling motion and rub/impact phenomena are examined in
[8], highlighting the applicability of AMBs in complex dynamic
environments. Conventional radial magnetic bearings typically
employ four or eight magnetic poles to realize radial suspension
control with two degrees of freedom, necessitating four unipolar
or two bipolar switching power amplifiers for actuation [9], [10].
However, the significant drawbacks of these power amplifiers,
namely their large volume and high cost, impose considerable
constraints on the widespread application of magnetic bearings
[11], [12]. Inverter-driven magnetic bearings require only a
three-phase power inverter to achieve suspension in two radial
degrees of freedom, thereby reducing the overall size and cost
of the system [13]. The three-phase inverter technology is well-
established in motor applications, and the same modern control
techniques used in motor systems can be adapted to inverter-
driven magnetic bearings. This enables the straightforward use
of motor-related theories and digital control strategies, reducing
the research and development costs of inverter-driven magnetic
bearings. Therefore, inverter-driven magnetic bearings demon-
strate significant potential in scenarios requiring high precision
and low cost. Due to the asymmetry of the stator magnetic circuit,
conventional three-pole AMBs exhibit pronounced nonlinear-
ity between the control current and the suspension force. The
six-pole AMB stator is designed with a symmetrical six-pole
structure. This symmetry is a key feature aimed at simplify-
ing the control problem by reducing system nonlinearity and
coupling, which is critical for achieving stable operation [14].
This design provides a high load capacity per unit volume while
maintaining a compact structural configuration. However, when
the rotor is subjected to large external disturbances and deviates
from its equilibrium position, the force-current characteristics
in different directions remain strongly coupled, making precise
control difficult. Therefore, decoupling control technology for
six-pole AMBs holds significant research value.

Inverse system theory is a fundamental method for achieving
decoupling control in complex systems. By compensating for
the original system dynamics, it transforms the system into
a pseudo-linear form with a linear transfer function, allowing
the application of linear control techniques. However, its ef-
fectiveness relies on the accuracy of the inverse model, making
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precise model construction a key challenge. In [15] and [16], the
inverse system model is derived from the system’s mathematical
equations. However, for highly nonlinear or time-varying sys-
tems, this method often lacks accuracy due to the complexity of
system dynamics, which are difficult to capture with simplified
models. In [17], [18], and [19], the use of a least squares
support vector machine (LSSVM) to approximate the inverse
system model is proposed. Although LSSVM demonstrates its
capability in handling nonlinear problems, its performance is
highly dependent on the proper selection of the kernel function
type, its associated parameters, and the regularization parame-
ter. This parameter optimization process often lacks systematic
theoretical guidance and can be computationally expensive. An
improper selection can easily lead to model overfitting or under-
fitting, thereby reducing its generalization ability and ultimately
compromising the effectiveness and overall performance of the
control system.

Neural networks are widely used in constructing inverse
system models due to their strong nonlinear mapping capabil-
ities and the advantage of not requiring complex mathematical
modeling. In [20], a traditional backpropagation neural network
(BPNN) is employed to approximate the nonlinear inverse model
of a bearingless permanent magnet synchronous motor. In [21],
a general regression neural network (GRNN) is applied to model
the inverse system of a vehicle chassis. Unlike BPNNs, GRNNs
require only the tuning of a smoothing factor o, without manual
configuration of the network structure. Nevertheless, their per-
formance in highly nonlinear and strongly coupled conditions
remains limited. In [22], a fuzzy neural network (FNN) is utilized
to build the inverse system model. While FNNs can effectively
approximate nonlinear functions, their complex online inference
process imposes a substantial computational burden, which is a
major bottleneck for systems with stringent real-time require-
ments like high-speed AMBs.

The mind evolutionary algorithm (MEA) is an effective global
optimization algorithm. Due to its advantages in overcoming the
tendency of traditional optimization methods to fall into local
optima, it is often used to optimize the parameters of complex
models like neural networks. In [23], MEA is utilized to optimize
the initial weights and thresholds of a multilayer perceptron
(MLP) neural network for wind speed forecasting. In [24], MEA
is applied to globally search for the optimal parameters of a
wavelet neural network for short-term traffic flow prediction.
While both studies demonstrate the effectiveness of MEA, the
traditional MEA framework has inherent limitations. The fixed
subpopulation size and search strategy of the algorithm lead
to inefficient resource allocation and struggle to balance global
exploration with local exploitation, making it prone to premature
convergence when optimizing complex inverse system models.

In this article, a BPNN optimized by an improved mind evo-
lutionary algorithm (IMEA) is proposed to achieve decoupling
control of a six-pole radial AMB. An improved MEA is proposed
to solve the issues of slow convergence and susceptibility to local
optima in the process of inverse system modeling. By intro-
ducing an adaptive subpopulation size strategy and an adaptive
variance strategy, the algorithm significantly enhances search
efficiency and global optimization capability. The trained inverse
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Fig. 1.  Structure of six-pole radial active magnetic bearings.

model is connected in series with the original system to form
a pseudo-linear system, thereby achieving system decoupling
control. Simulation and experimental results demonstrate that
the proposed method exhibits excellent decoupling performance
and anti-interference capability.

II. WORKING PRINCIPLE AND MATHEMATICAL MODEL OF A
Six-POLE RADIAL AMB

A. Working Principle

As shown in Fig. 1, the structure of the six-pole radial AMB
consists mainly of a rotor, a stator, and three-phase control coils.
The stator comprises a yoke and six symmetrically distributed
stator poles. Control coils are wound around each stator pole,
with opposing poles connected in series in the same winding
direction to form one phase. The three phases are star-connected
and driven by a three-phase power inverter.

The six-pole radial AMB operates on the bearingless motor
principle. The pole pair number of the torque coil Py is O,
whereas the pole pair number of the suspension force coil Py is
1. This configuration meets the requirement for generating radial
suspension force [25]. Once the control coils are energized, the
suspension force coil generates a rotating magnetic field with a
pole pair number of 1. By adjusting the current, the magnetic
field attraction of the six magnetic poles is changed to achieve
the stable suspended equilibrium position of the rotor. When the
rotor deviates from its equilibrium position, the displacement
sensor detects the deviation and feeds the displacement signal
back to the controller. The controller converts the displacement
signal into a current signal. The output current signal is com-
pared with the real-time current of the three-phase coils detected
by the current sensors. By adjusting the switching devices of the
three-phase inverter, the magnitude and direction of the current
are controlled, changing the magnetic attraction of each pole and
restoring the rotor to its equilibrium position.

B. Mathematical Model

To simplify the calculations, the influences of stator reluc-
tance, magnetic saturation effects, leakage flux between poles,
material losses, magnetic saturation phenomena, and eddy cur-
rents are neglected in the analysis.

The equivalent magnetic circuit of the six-pole radial AMB is
shown in Fig. 2. ®pq, Pas, Pp1, Ppo, P, and Pco represent
the magnetic fluxes in the radial air gap. N is the number of turns
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Fig. 2. Equivalent magnetic circuit.

in the radial coils and i 5, i, and i are the control currents. G a1,
Ga2, Gp1, Gpa, Ge1, and Geg are the magnetic permeability of
the radial air gap.

The expressions are given as follows:

GAl - ,UfOSr/((Sr - 1’)
Gaz = p10S:/(0r + )

Gp1 = oS,/ (5r+lx

GBQfMOS/(a PR
Gm_uOS/((S +iz+
Gcz—uos/( iz —

’)
’)
)
)

where ¢, is the radial air gap length when the rotor is at the
equilibrium position, yg is the vacuum permeability, the value is
47 %107, S, is the pole area, and x and y are radial displacements
of the rotor.

According to Kirchhoff’s law, the expressions for the mag-
netic fluxes are given as follows:

(D

mwa%wm

Dy = 1NG3|H [(Gs + Gc)ia — Grig — Geic]
Dpro = 3N 22 (G + Go)ia — Gpis — Goic]
By, = 1NG3 [(Ga + Gc)ip — Gaia — Geic]
Ppy = 2NG:3; [(Ga + Go)in — Gaia — Geic] @
Oy = 3N EX [(Ga + Gp)ic — Gaia — Gpip]
Oy = §NE2 [(Ga + Gp)ic — Gaia — Gpig]

where Ggum = GA1+GA2+G31+GBQ+G01+GCQ,
Ga1+Ga2, G = Gp1+Gpo, and G = Geo1+Goo.

Based on the relationship between the air gap flux and the
electromagnetic force, the radial suspension force of each phase
can be expressed as follows:

Gp =

_ (%% 23,
Fa= (QHOSr = 2m05:
_ (2%, 3,
Fp = (QMOSr T 2p0S: ) )

2 2
Fe = (ziocér - 21125;)

Assuming the initial condition that the rotor is at its equilib-
rium position and all radial air gap lengths are equal, Go1 = Ga2
= Gp1 = Gp2 = Go1 = Gea. (3) is expanded in a Taylor series
around the equilibrium position, neglecting second-order and
higher-order infinitesimal terms. By projecting the suspension
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forces onto the x and y directions, the following expressions are
obtained:

_ V3 5SpuoN?I i\ 5SpuoN?I?
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where ; = Y3 - 55430 and fy = SS4087E K, s the dis-

placement stiffness coefficient and k; is the current stiffness
coefficient.

Based on rotor dynamics theory, the equation of motion for
the six-pole radial AMB can be expressed as

mx = F,
miy = Fy .
Joby = —1F, — .94, ©)

Jy0y = 1,Fy + J.Q0,

where Jy, Jy, and J, are the moments of inertia around the x, y,
and z axes. Jy = J, = J, = Jq, where Jq is the radial moment of
inertia. [, is the distance from the center of mass to the position
of the magnetic bearing. [, is the straight-line distance between
the auxiliary bearing and the rotor’s center of mass. 5 and 0y,
are the rotation angles of the rotor around the x and y axes. € is
the mechanical angular velocity.
The state equation is

{fé:T;(1+ ]d) x + b
k

y =

C. Analysis of System Reversibility

Based on the mathematical model of the six-pole radial AMB,
the establishment of the inverse system requires the selection
of appropriate state, input, and output variables. The following
definitions are used for the state variable X, input U, and output
variable Y:

[,y 4,9]"
lizyiy])" : ®)
[z,y]"

X :[1‘1,.]:‘2,33373)4]T =
U = [ul,uﬂT =
Y = [y1,92] =

Based on (6) and (7), the second-order state equations of AMB
can be obtained
Y1 = T1 = x3
ij2 = 552 =14
. . L 2
I3 == (1—|—ml) 1—|—k7’7;”<1+”}i“)u1
1.0, )

T Talla +lb) L4
. ml2 Kiy ml2
;v47m<1+ o )mg—l— pon (1—|— T ) U2
J.Ql,

T Ja(la+ly) z3



1844

Input

Hidden Output
X1 Vi

Fig. 3. Diagram of neural network structure.

According to the Interactor algorithm, the system’s reversibil-
ity is analyzed by calculating the derivative of the output variable
Y with respect to the input variable, continuing until the input
variable U is included. The Jacobian matrix is presented as

follows:
8:1/'1]
37_{42

A= [5(?1192)]: FZ

o) 0
du Bur us
S(est) o
= N b (10)
0 (14 12)

From the above equation, it is determined that Rank(A) = 2.
Since A is a full-rank 2 x 2 matrix and its determinant is nonzero,
ensuring the matrix is invertible. The system exhibits a relative
order of o = (a1,a2) = (2,2), giving a total relative order of 4
that equals the system order. These results demonstrate that the
system is input—output invertible. The inverse system expression
can be represented as follows:

[ut, ua)™ = @ (Y1, 91, Bi1, Y2, G2, o) - (11

III. ESTABLISHMENT OF THE IMEA-BPNN INVERSE SYSTEM
A. Construction of the BP Neural Network

To accurately construct the inverse system model of a six-pole
AMB, the IMEA-BPNN is proposed for this purpose. Due to its
excellent nonlinear approximation capabilities and rapid conver-
gence speed, the BPNN is widely employed for nonlinear system
modeling. As shown in Fig. 3, the BP neural network consists
of an input layer, a hidden layer, and an output layer. The input
layer contains m neurons corresponding to the system’s input
dimensions, the output layer includes / neurons representing
the system’s output dimensions, and the hidden layer has n
neurons, determined through empirical formulas or optimization
algorithms. x,, represents the input of the mth neuron, z,, denotes
the nth hidden layer node, y; indicates the /th output layer node,
Wy signifies the connection weight between x,,, and z,,, Wy
indicates the connection weight between z,, and y;, b,, and b; are
the thresholds for the hidden layer and output layer, respectively.

The inverse system of AMB has six inputs and two outputs.
Therefore, the number of nodes in the input layer and output
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layer is set to 6 and 2, respectively. Based on experience, the
number of hidden layers is set to 10. Thus, the maximum values
of the three parameters m, n, and [ are 6, 10, and 2 in sequence.
The input layer is responsible for receiving input data and
transmitting the input vector to the hidden layer for preprocess-
ing. The output of the input layer nodes can be expressed as

vl (k) =2pm,m=1,2,...,6 (12)

m

where x,,, is the input variable, and v is the output of the input
layer, the superscripts 1, 2, and 3 represent the input layer, hidden
layer, and output layer, respectively.

The input and output of each node of the hidden layer can be
expressed as

2 _\6 1
u;’b(k) - Zmé:1 [wmnvm(k)] bn(k) n = 1’2"”710
vn (k) = f(ug (k)

(13)
where w;; is the weights of the hidden layer, b; is the threshold
of the hidden layer neurons, and f{x) is the activation function.

The hidden layer employs the hyperbolic tangent function as

the activation function for the nodes, which can be expressed as
e’ —e”

o)==

The input and output expressions for the output layer are as
follows:

{mm_zﬂﬂmﬁ%ﬂbﬁ)
o (k) = gluf (k)

The output layer employs the sigmoid function as the activa-
tion function for the nodes, which can be expressed as

1
g(‘r) - 1+671'

The objective of training the BP neural network is to minimize
the mean square error between the network output and the
expected output. After the kth iteration, the total error metric
of the network is expressed as

x

(14)

1=1,2. (15

16)

DO =

SN Wilk) = Yik) = 5 Y ek a7

i=1 i=1

BE(k) =

DN =

where Y is the actual network output, Y; is the expected network
output, p is the total number of training samples, and e;(k)
represents the error.

The BP neural network commonly employs gradient descent
to adjust its weights. This method initially focuses on modifying
the weights w,; between the hidden layer and the output layer.
The weight wy, is adjusted in the direction of the negative
gradient, and the adjustment amount for the weight is

Awp (k) = —Uaii(fk))

where 7 is the learning rate between the input layer and hidden
layer, which is used to adjust the magnitude of the weight
correction. The learning rate is set to 0.1.

The updated weight is

wni(k+ 1) = wp (k) + Awy (k).

(18)

19)
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Fig. 4. Diagram of MEA system structure.

The adjustment of the weights w,,,, (k) between the input layer
and the hidden layer follows the same procedure as in (19). The
adjustment amount for the weight w,, is

dE(k)

Awmn(k) = _’Yawmn(k)

(20)

where 7 is the learning rate between the input layer and hidden
layer, which is used to adjust the magnitude of the weight
correction. The learning rate is set to 0.1.

The adjusted weight between the input layer and the hidden
layer wp,, (k+1) is

Winn (B + 1) = winn (k) + Awpmn (k). (21)

During the training process, the weights are gradually opti-
mized through multiple iterations, continuously improving the
network’s predictive performance.

B. Improved MEA

1) Traditional MEA: The BPNN optimizes the weights and
thresholds through iterative training to gradually reduce the error
between predicted and target outputs. The selection of initial
weights and thresholds significantly influences the convergence
speed and accuracy of the BP neural network. To mitigate the
challenges arising from this selection, the MEA is integrated
with the BPNN to optimize its network parameters, employing
global search strategies to avoid local optima and thereby en-
hancing both convergence speed and accuracy. The MEA, an
evolutionary algorithm inspired by principles of mutation and
natural selection, exhibits robust global optimization and parallel
processing capabilities, making it well-suited for this task. This
combined MEA-BPNN approach significantly improves the pre-
cision and efficiency of inverse system modeling for six-pole
AMBs, paving the way for more effective decoupling control in
high-precision applications.

The structural framework of the system is shown in Fig. 4.

The MEA operates within an environment consisting of
a bulletin board and multiple subpopulations. A key step in
the algorithm involves selecting individuals based on their fit-
ness scores, identifying the best performers along with some
temporarily selected individuals. The selected individuals form
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new subpopulations, consisting of winning and temporary sub-
populations. The algorithm applies convergence and diversifi-
cation operations to these subpopulations. The detailed steps of
the MEA are outlined as follows.

1) Initial evaluation: A population of size T'is randomly gen-
erated within the solution space. Each individual is evalu-
ated based on the fitness function. The results are sorted,
and M high-scoring individuals (winning individuals) and
N lower-scoring individuals (temporary individuals) are
selected. The fitness function is defined as follows:

1

Fitness =
1 0,:)2
N 2:1 (Tk - k)

(22)

where T is the actual output value of the network, Ox is
the expected output value, and p is the number of training
data.

2) Division of initial subpopulations: Each of the M winning
individuals and N temporary individuals serves as a center
point. Around each center point, new individuals are gen-
erated following a normal distribution, where the center
point acts as the mean, and a defined radius determines the
standard deviation ¢. These individuals form M winning
subpopulations and N temporary subpopulations. To avoid
overlap and duplication, the radius is carefully chosen to
ensure separation between subpopulations.

3) Subpopulation convergence operation: In each subpop-
ulation, individuals compete with each other, and the
individuals with the highest fitness values are selected as
winners. Further searches are then conducted around these
winners according to a normal distribution until no new
individual obtains a higher fitness value. At this point, the
convergence operation of the subpopulations ends.

4) Subpopulation diversification operation: Winning sub-
populations and temporary subpopulations compete
against each other. If a temporary subpopulation achieves
ahigher overall fitness score compared to the winning sub-
population, the winning subpopulation is replaced by the
temporary subpopulation. All individuals in the replaced
subpopulation are discarded and redistributed within the
solution space.

5) Optimal solution determination: Steps (3) and (4) are
repeated until a stopping condition is met. The stopping
condition can either be reaching the maximum number of
iterations or achieving a sufficiently good fitness value.
Once this condition is met, the algorithm terminates, and
the individual with the highest fitness score is identified
as the optimal solution.

2) Improved MEA:

a) Adaptive subpopulation size strategy: The traditional
MEA generates subpopulations based on the principles of cen-
tering around winning and temporary individuals. According
to the normal distribution, a fixed number of individuals are
generated, leading to winning subpopulations and temporary
subpopulations of the same scale. Nevertheless, winning in-
dividuals have a higher probability of survival. In contrast to
temporary individuals, they can produce more offspring closer to
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the optimal values. Consequently, more individuals are dispersed
around winning individuals, causing the size of the winning
subpopulation to be larger. To solve this issue, the MEA is
enhanced by dynamically adjusting the number of individuals
around each subpopulation based on their scores. As evolution
progresses, more resources are allocated to winning individuals,
enabling faster convergence towards optimal solutions while
maintaining population diversity.

To implement the principles described above, the IMEA al-
gorithm proceeds through a series of well-defined steps. These
steps include evaluating individual scores and adjusting the
number of generated individuals. The following sections outline
these steps in detail:

1) Score evaluation and classification: The scores of indi-
viduals within the population are calculated and sorted,
resulting in winning individuals xg, x1, ..., xpM.1 and
temporary individuals xnp, XM41, ---s XMLN-1-

2) Dynamic individual generation: The score of individual
x; is f;. Centered around x;, individuals are generated
according to a normal distribution, with the number of
individuals represented as 7;. The expression for Tj is

T),z‘—O,l,...,M+N—1

(23)
where T denotes the total population size, ceil is the ceiling
function, and the lower limit for 7; is set to 10.

b) Adaptive variance adjustment strategy: Subpopula-
tions generate 7; individuals randomly within the search space
according to an adaptive strategy based on their sizes and fol-
lowing a normal distribution. A large variance hinders precise
searching, whereas a small variance may lead to the loss of
optimal solutions. Therefore, fine searches are conducted around
superior individuals, while extensive searches occur around tem-
porary individuals, ensuring both search efficiency and diversity
among individuals.

Jfmax represents the score of the optimal individual in the
population and fi,,;;, signifies the lowest score among the tem-
porary individuals. The adaptive relationship for the variance
adjustment coefficient « is defined as

Of(fi) = Qmin + (1 - flfmm) X (amax - CVmin) (24)

f max f min
where auyax 1s the maximum value of the variance adjustment
coefficient and «y,;, is the minimum value of the variance
adjustment coefficient. In this article, cy,,x 1S set to 2 and ayin
is set to 0.
The next step variance is

i = Ccel MIN-1 7,
Y im0 efi

Ok41 = Q0. (25)

When the score of an individual is high, the variance is
reduced, allowing for a focused search in the vicinity of superior
individuals. Conversely, when the score of an individual is
low, the variance increases, expanding the search range around
temporary individuals. The principle of generating individuals
consistently follows the rule that higher scores correspond to
lower variance.
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The IMEA introduces an adaptive subpopulation sizing strat-
egy in which higher-fitness elite individuals are allocated larger
sub-populations, allowing the algorithm to intensify the search
in more promising regions and accelerate convergence toward
the global optimum. In addition, it employs an adaptive vari-
ance adjustment strategy where smaller variances are applied
to elites to perform fine-grained local searches and enhance
optimization accuracy, whereas larger variances are assigned
to lower-fitness nonelite individuals to encourage broad global
exploration, maintain population diversity, and effectively avoid
local optima. These mechanisms work together to intelligently
balance exploration and exploitation at different stages of the
algorithm, resulting in faster convergence and stronger global
search capability compared with the conventional MEA.

C. Establishment of the IMEA-BPNN Inverse Model

Establishing a precise analytical model is a prerequisite for
implementing model-based control strategies, yet this is ex-
tremely challenging for complex nonlinear systems such as
AMBs. To circumvent the reliance on a precise mathematical
model, this article adopts a data-driven approach, utilizing the
powerful nonlinear mapping capabilities of a BP neural network
to directly identify the inverse dynamic model of the system.

The advantage of this method is that the neural network learns
directly from experimental data that contains all the true dynam-
ics of the system, thereby constructing a high-fidelity inverse
model whose accuracy is not limited by the simplified analytical
model. The following will detail the process of establishing the
inverse model based on IMEA-BPNN. As shown in Fig. 5, the
specific steps for establishing the inverse system decoupling
model of the six-pole AMBs using the MEA-BP neural network
are as follows.

1) Determine inputs and outputs: For the six-pole radial
AMB inverse system, the inputs consist of displacement
and its first and second derivatives {x, ¢, %, y, ¥, 4},
whereas the output is the control current {iy, iy }. Initial
values for the neural network weights and thresholds are
set.

2) Data collection and preprocessing: A total of 2000 sets
of input and output sample data are collected and nor-
malized. 1400 sets are selected as the training sample
set, while the remaining 600 sets are used as the test
sample set.

3) Set network structure: Set the input layer with six nodes,
the hidden layer with ten nodes, and the output layer with
two nodes.

4) Generate initial population: Set the population size pop-
size = 200. Based on the fitness function, determine
the winning and temporary individuals from the score
results. By combining an adaptive subpopulation size
strategy, form subpopulations of different scales.

5) Subpopulation convergence: Within the subpopulations,
convergence is achieved through an adaptive strategy
based on population size.

6) Dissimilation operation: The replacement between the
winning subpopulation and the temporary subpopulation
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Fig. 5. Flowchart of IMEA-BPNN.

is completed, low-fitness subpopulations are eliminated,
and new temporary subpopulations are generated.

7) Iterate until convergence and output optimal individual:
Repeat steps 5 and 6 until the population score no longer
increases, then the iteration ends and the optimal indi-
vidual is output.

8) Obtain optimal weights and thresholds: The optimal
values for the weights and thresholds of the BP neural
network are extracted from the optimal individual.

9) Train the BP neural network: Use the training dataset to

train the BP neural network, aiming to approximate the

inverse system model.

Validate the model: The trained IMEA-BPNN inverse

model is validated using the testing dataset.

Performance evaluation and iterative optimization: The

performance metrics of the model are calculated. If the

root mean square error is less than the preset accuracy ¢,
training is considered complete. If the training accuracy
is not met, the process reverts to step (8) until the root
mean square error is below the specified accuracy ¢. € is

setto 1x 10,

A pseudo-linear system constructed based on the inverse
system is an open-loop system that typically requires the design
of a controller to achieve closed-loop control. The proportional-
integral-derivative (PID) controller is a widely used control
device in industrial production due to its simplicity and effec-
tiveness. By integrating a PID controller into the pseudo-linear

10)

1)
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Fig. 6. Block diagram of six-pole radial AMB decoupling control based on
IMEA-BPNN inverse.

system, a composite control system based on the IMEA-BPNN
algorithm is developed. The overall block diagram of the system
is shown in Fig. 6.

The main computational burden of the proposed IMEA-
BPNN control strategy is concentrated in the offline training
phase. In this stage, significant computational resources are
indeed required for the global optimization process of IMEA to
obtain a high-precision inverse model. However, once the model
is trained, the online real-time implementation only involves
efficient feedforward network calculations, which imposes a
minimal computational load and fully meets the stringent re-
quirements of real-time control systems. This strategy of shifting
the primary computational tasks to the offline design phase
effectively trades for high performance and high efficiency in
online control, demonstrating the feasibility and value of the
method in engineering applications.

IV. SIMULATION TEST
A. Collect Sample Data

The six-pole radial AMB adjusts the suspension force by
varying the control current of the control coils, thereby ensuring
stable rotor suspension. Consequently, the control currents (i,
in, ic) are selected as the input variables, whereas the rotor
displacements (x, y) are the output variables.

Data are collected from the magnetic bearing system operat-
ing under a PID closed-loop controller. The output setpoint is
a sinusoidal signal with varying frequencies, an amplitude of
0.5 mm, and a random disturbance of 0.1 mm. The sampling
frequency is 10 000 Hz. Each sample duration is 0.1 ms, and the
total runtime lasted 0.2 s. Stratified sampling extracts 2000 sets
of real-time current and displacement data. Among these, 1400
sets are used for training, and 600 sets are used for testing the
BP neural network. The finite difference method is applied to
compute the displacement signal, along with its first and second
derivatives. Normalized displacement data and their derivatives
{x, z, &, y, y, y} are utilized as inputs. Normalized control
currents {iy, iy } are employed as outputs.

B. Evaluation of the IMEA-BPNN Inverse Model

The IMEA is proposed to optimize the initial weights and
thresholds of the BP neural network. To validate the effec-
tiveness and superiority of the IMEA, this study compares
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the IMEA-BPNN with the traditional MEA-BPNN. The mean
squared error (MSE) during training is used as the evaluation
criterion. The training MSEs of the nonlinear inverse system
models established by the MEA-BPNN and IMEA-BPNN are
shown in Fig. 7. With a target training error set at 10, the
MEA-BPNN required 220 iterations to achieve the target accu-
racy, whereas the IMEA-BPNN reached the same within 170
steps. Furthermore, the IMEA-BPNN demonstrated excellent
performance during training. The optimization algorithm effec-
tively prevented the network from converging to local optima,
significantly enhancing both training efficiency and effective-
ness. This enables the IMEA-BPNN to achieve higher accuracy
in less time, while also improving the model’s stability and
generalization capability.

C. Floating Simulation

To verify the effectiveness and superiority of the IMEA-
BPNN, simulations of floating, decoupling, and antidisturbance
abilities are conducted using MATLAB software.

Due to gravitational effects, the initial displacement of the
six-pole radial AMB rotor is set to —200 pum in the y direc-
tion and O pm in the x direction. Simulations are conducted
to evaluate the decoupling control performance of the inverse
systems constructed with genetic algorithm (GA), MEA, and
IMEA, with results shown in Fig. 8. By using the IMEA-BPNN
decoupling control strategy, stable suspension is achieved in
just 17 ms, whereas GA and MEA required 36 ms and 29 ms,
respectively, to achieve suspension. Moreover, under the IMEA-
BPNN, the rotor displacement exhibited the least overshoot, with
faster response times, shorter rise times, and shorter peak times,
demonstrating the most outstanding floating performance.

D. Step Disturbance Simulation

After the rotor achieves stable suspension at the equilibrium
position, an external disturbance force of 50 N is applied in
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Fig. 9. Simulation waveforms in the (a) x direction and (b) y direction when
the rotor is disturbed in the x direction.

the x direction at 0.05 s. The rotor disturbance response dis-
placement graphs based on three different decoupling control
strategies are shown in Fig. 9. The displacement amplitudes in
the x direction using the GA-BPNN and MEA-BPNN control
strategies are 69 pym and 52 pm, respectively, whereas the x
direction displacement amplitude for the IMEA-BPNN control
strategy is 43 pm. The GA-BPNN and MEA-BPNN control
strategies return to the equilibrium position after 30 ms and
24 ms, respectively, whereas the IMEA-BPNN strategy returns
to equilibrium in just 12 ms. Additionally, due to the coupling
relationship between the two degrees of freedom, a disturbance
in the x direction also results in a displacement disturbance in
the y direction. The displacement amplitudes in the y direction
for the GA-BPNN and MEA-BPNN control strategies are 34m
and 26 pm, respectively, whereas the y direction displacement
amplitude for the IMEA-BPNN inverse system control strategy
is 22 pm. Simulation results indicate that when the AMB rotor
is subjected to external disturbance forces, the IMEA-BPNN
demonstrates superior disturbance rejection and decoupling ca-
pability compared to the other two control strategies.

V. EXPERIMENTAL RESEARCH
A. Experimental Platform

The main parameters of the six-pole radial AMB are given in
Table I.

To validate the effectiveness of the proposed decoupling
control strategy, a digital control test platform is established, as
shown in Fig. 10. The platform primarily consists of the follow-
ing components: a six-pole radial AMB, multiple displacement
sensors, a displacement interface circuit board responsible for
conditioning and converting sensor signals, a DSP, a drive power
module, a simulator, and an ac/dc power supply. For the core con-
troller, the TMS320F28335 from Texas Instruments is selected
as the DSP minimal control system chip. This signal processing
chip integrates extensive peripherals and bus functionalities,
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TABLE I
MAIN PARAMETERS OF SIX-POLE RADIAL AMB

Parameters Values

Radial air gap length & 0.5 mm

Saturation induction density B 08T
Magnetic pole area S; 450 mm?

Maximum ampere-turns of a radial coil (Nrimax) 160 At
Outer diameter of rotor 32 mm

Inner diameter of rotor 16 mm

Axial length of rotor 35 mm

Rated radial load capacity 200N

Interface
circuit board

DC voltage
source

Radial power
circuit board
i

—  AC voltage
source

Displacement | N TMS320F28335 |

sensor [ 1 DSP

Fig. 10.  Experiment platform.

making it highly suitable for various complex control application
environments. Programming and development are performed
using the integrated development environment Code Composer
Studio. The displacements in the x and y directions are measured
in a noncontact manner by four high-precision eddy-current dis-
placement sensors (model OD-900803-03-07-20-00) mounted
at orthogonal positions. These sensors offer micrometer-level
resolution and a wide frequency response (dc-20 MHz), ensuring
accurate and reliable displacement feedback during dynamic
operation.

Additionally, to prevent damage from rotor-stator collision
during system instability, auxiliary bearings are installed at both
ends of the bearing assembly as a physical protection measure.
Auxiliary bearings with a 0.2 mm clearance are installed at both
ends of the rotor, serving as a standard physical protection mea-
sure. Their function is to prevent contact between the rotor and
stator during unexpected operating conditions, such as system
instability or power failure, thereby ensuring the safety of the
experimental prototype. This platform allows for the systematic
testing and evaluation of the dynamic response and robustness
of the decoupling control strategy under different operating
conditions.

B. Floating Experiment

In the de-energized state of the six-pole AMB, the rotor
resides on its auxiliary bearings under the influence of its own
weight. A comparison of rotor displacement waveforms upon
energization, evaluating three decoupling control strategies:
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Fig. 11.  Experiment results of floating under (a) GA-BPNN, (b) MEA-BPNN,
and (c) IMEA-BPNN.

the conventional genetic-algorithm backpropagation neural net-
work (GA-BPNN), MEA-BPNN, and IMEA-BPNN, is shown
in Fig. 11. Distinct dynamic behaviors are observed for each
strategy. The IMEA-BPNN approach achieves rotor stabilization
atthe equilibrium position in a significantly shorter time frame of
58 ms, compared to 93 ms for GA-BPNN and 79 ms for MEA-
BPNN. These represent reductions in settling time of 37.6%
and 26.6%, respectively. Moreover, the IMEA-BPNN control
strategy results in a diminished overshoot in the displacement
profile, indicating superior dynamic characteristics and control
accuracy. These experimental results confirm the efficacy of the
IMEA-BPNN control strategy.

C. Anti-Interference Experiment

When the rotor is in a stable suspension state, an external
disturbance force of 80 N in the x direction is generated by
hanging weights at one end. The rotor displacements under
the external disturbance for three decoupling control strategies
are shown in Fig. 12. Under the GA-BPNN and MEA-BPNN
inverse system control strategies, the maximum rotor displace-
ments are 138 pum and 98 pum, respectively, with recovery times
of 203 ms and 194 ms back to the equilibrium position. In
contrast, under the IMEA-BPNN control strategy, the maximum
displacement is significantly reduced to 85 pm, representing a
decrease of approximately 38.4% compared to GA-BPNN and
13.3% compared to MEA-BPNN. Additionally, the recovery
time under IMEA-BPNN is shortened to 172 ms, about 15.3%
and 11.3% faster compared with GA-BPNN and MEA-BPNN,
respectively. These experimental results clearly indicate that the
IMEA-BPNN inverse system demonstrates superior antidistur-
bance capability and faster response performance compared to
both the GA-BPNN and MEA-BPNN inverse systems.
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D. Decoupling Experiment

After the rotor deviates from the equilibrium position, cou-
pling occurs in the x and y directions of the magnetic bearing.
This coupling can lead to system instability and make precise
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Fig. 14. Experimental results of decoupling performance under a 150 N step
disturbance force for (a) GA-BPNN, (b) MEA-BPNN, and (c) IMEA-BPNN.

control challenging [26], [27]. Such strategies significantly en-
hance system stability and control accuracy and reduce inter-
ference between directions. In the experiment, when the rotor
is stably suspended at the equilibrium position, an external
disturbance force of 50 N is applied in the x direction. The
resulting coupling displacement in the y direction is measured.
The experiment results of the decoupling performance on three
control strategies are shown in Fig. 13. Under this disturbance,
rotor displacements with GA-BPNN and MEA-BPNN inverse
system control strategies are 86 ym and 61 pim in the x direction,
and coupling displacements of 49 ym and 33 pm in the y
direction, respectively. With the IMEA-BPNN inverse system,
the rotor displacement is 53 pm in the x direction, represent-
ing reductions of 38.4% compared to GA-BPNN and 13.1%
compared to MEA-BPNN. The coupling displacement in the y
direction is 18 pm, which is 63.3% and 45.5% lower than that
of GA-BPNN and MEA-BPNN, respectively. The experimental
results clearly show that the IMEA-BPNN inverse system has
superior decoupling performance, enhancing the precise control
of AMBs.

To evaluate decoupling performance under varying operating
conditions, an external disturbance of 150 N is applied in the x
direction, corresponding to 75% of the rated load capacity. The
experimental results for the three control strategies are shown
in Fig. 14. Under this disturbance, rotor displacements with
GA-BPNN and MEA-BPNN control strategies are 195 pm and
178 pm in the x direction, and coupling displacements of 111
pm and 96 pm in the y direction, respectively. With the IMEA-
BPNN, the rotor displacement is 160 pm in the x direction,
representing reductions of 17.9% compared to GA-BPNN and
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10.1% compared to MEA-BPNN. The coupling displacement
in the y direction is 54 pm, which is 51.4% and 43.8% lower
than that of GA-BPNN and MEA-BPNN, respectively. These
experimental results fully demonstrate that the IMEA-BPNN
control strategy maintains outstanding control precision and
decoupling performance even under demanding conditions near
the maximum load, providing the system with the largest safety
margin and reliability.

VI. CONCLUSION

To solve the coupling issue of rotor displacements in the
two radial degrees of freedom of the six-pole radial AMB
system, a decoupling control strategy based on IMEA-BPNN
inverse system is proposed. The simulation and experimen-
tal results demonstrate the effectiveness of the proposed
decoupling control strategy. The following conclusions are
obtained.

1) Based on the mathematical model and reversibility anal-
ysis of the six-pole AMB system, an inverse model of
IMEA-BPNN is established. The results show that the
six-pole AMB system is reversible and the proposed de-
coupling control method is feasible.

2) By introducing the adaptive subpopulation size strategy
and the adaptive variance adjustment strategy, IMEA-
BPNN solves the problem that MEA is easy to fall into
a local optimum, optimizes the generation scale of the
subpopulation, improves the search accuracy, and thus
improves the global search ability, optimization accuracy,
and efficiency of the algorithm.

3) The simulation and experimental results show that the
decoupling control strategy of IMEA-BPNN inverse sys-
tem significantly improves the response speed of six-pole
radial AMB, effectively reduces the rotor displacement
offset value caused by external interference and coupling
effect, and has good anti-interference performance and
decoupling ability.
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