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ABSTRACT: In order to solve the problems of susceptibility to environmental disturbances, complex installation, and low reliability caused
by the photoelectric code disks in the permanent magnet assisted bearingless synchronous reluctance motor (PMa-BSynRM) system, an
improved BP neural network (BPNN) left-inverse system is proposed to establish the speed self-sensing system of the PMa-BSynRM.
Firstly, the mathematical model of the PMa-BSynRM is established, and the left reversibility of the PMa-BSynRM speed subsystem is
analyzed. Secondly, the traditional BP neural network is optimized from four aspects, including the number of neurons in the hidden layer,
initial weight, connection weight, and learning rate. Then, the improved BPNN model is used as the inverse model of the left inverse
system to fit the speed subsystem of the PMa-BSynRM. Finally, the simulation results show that accurate estimation of the speed and rotor
position is achieved by the proposed speed self-detection system, and the accuracy and feasibility of the proposed speed self-detection

system are validated by the experimental results.

1. INTRODUCTION

he bearingless synchronous reluctance motor (BSynRM)
Tadds excitation windings to the stator slot of the traditional
synchronous reluctance motor, thus generating levitation force
and realizing contactless operation. This design is character-
ized by a simple structure, no friction, no lubrication, high pre-
cision, high critical speed, and long service life [1]. However,
at high-speed operations, the rotor in the BSynRM lacks ex-
citation, which results in lower torque density and power fac-
tor. In order to address the existing issues, a permanent mag-
net assisted bearingless synchronous reluctance motor (PMa-
BSynRM) has been designed, which replaces the conventional
salient pole rotor with a permanent magnet-assisted rotor. The
numerous advantages of bearingless motors, permanent mag-
net motors, and magnetic bearings are integrated in the PMa-
BSynRM, which holds significant potential for widespread ap-
plication in ultra-high cleanliness environments across indus-
tries such as chemistry, pharmaceuticals, biomedical sciences,
and semiconductor manufacturing [2—4].

The precise detection of the speed and rotor position is cru-
cial for the stable operation of a PMa-BSynRM. At present,
photoelectric code disks are generally used to detect the ro-
tor speed and rotor position in the research applications avail-
able. However, due to low reliability, susceptibility to envi-
ronmental disturbances influences on detection accuracy, and
increased system complexity, mechanical sensors are not suit-
able for high-speed and high-precision working environments.
Sensorless speed self-detection system has emerged.
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The current speed self-sensing methods can be divided into
the following categories. One is based on motor model estima-
tion methods, which extract speed signals from physical quan-
tities related to the rotational speed, including model reference
adaptive system (MRAS) [5, 6], Kalman filter [7-9], and slid-
ing mode observer (SMO) [10,11]. The above methods are
applicable to speed detection during high-speed operation of
the motor, but those methods require an accurate mathemati-
cal model of the controlled object. One is the high-frequency
signal injection method based on the convex pole effect of
the motor [12,13]. In [13], a pseudo-random high-frequency
triangular-wave current signal injection based sensorless con-
trol scheme for synchronous reluctance motor drives at zero-
low speed domain is utilized to suppress the high-frequency
(HF) loss and HF audible noise. The high-frequency signal in-
jection method does not rely on motor parameters and is appli-
cable to zero/low-speed control, but it requires additional cir-
cuits to process high frequency signals. With the development
of intelligent algorithms, many mature intelligent algorithms
have been applied to speed estimation, and neural network al-
gorithm has also been applied to the field of speed estimation
because of its excellent approximation performance. In [14], a
neural network observer based sensorless speed control strategy
is proposed for the permanent magnet synchronous motor, and
the back electromotive force is estimated by current and current
error, thus realizing speed sensorless control. In [15], a neural
network model reference adaptive system speed observer suited
for linear induction motor drives is proposed to compute on-
line, in recursive form, the machine linear speed. Although the
neural network algorithm can obtain extremely high accuracy
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in speed estimation, does not need an accurate mathematical
model, and possesses excellent nonlinear fitting capabilities, it
is susceptible to overfitting and easily gets trapped in local op-
tima.

In this paper, an improved represent back propagation (BP)
neural network (IBPNN) left-inverse system is adopted to es-
timate the speed of the PMa-BSynRM, addressing the issues
inherent in neural networks mentioned earlier. Firstly, the nor-
malized data is decomposed based on the singular value de-
composition, and the number of hidden nodes is determined
according to main eigenvalues, thus determining the network
structure. Secondly, uniformly distributed random numbers are
used to initialize the weights of BPNN and ensure that the sum
of the input weights for each neuron is 1, thus avoiding exces-
sive initial weights and preventing the activation function from
entering the saturation zone. Finally, by introducing momen-
tum back propagation and adaptive learning rate into BPNN,
the possibility of the local optima can be reduced. The simu-
lated and experimental results show that the method proposed
in this paper has good tracking performance, control accuracy,
and suspension force performance.

2. OPERATION PRINCIPLE AND MATHEMATICAL
MODELING

2.1. Operation Principle of the PMa-BSynRM

The research object of this paper is PMa-BSynRM. The cross
section of a 24-stator-slot, 4-rotor-pole PMa-BSynRM is shown
in Fig. 1. Two distinct sets of concentric windings are embed-
ded within the stator slots, and they are the outer torque winding
with two pole pairs and the inner suspension force winding with
one pole pair. This design, where the pole pair counts differ by
1 between the two concentric windings, is integral to ensuring
the stable levitation of the bearingless motor. The radially mag-
netized permanent magnets are installed in the rotor with flux
barriers.

Torque
windings

Magnetic
barrier

Permanent
magnet

FIGURE 1. The cross section of the PMa-BSynRM.

The torque generated in the PMa-BSynRM is composed of
reluctance torque and permanent magnet torque. The reluc-
tance torque is produced in accordance with the principle that
the magnetic field lines are always closed along the path of least
reluctance. The air gap magnetic field generated by the auxil-
iary permanent magnet in PMa-BSynRM generates the tangen-
tial Lorentz force on the torque winding, thus generating the
permanent magnetic torque driving the PMa-BSynRM rotation.
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The principle of the suspension force generation is shown in
Fig. 2. The PMa-BSynRM has 4-pole torque winding N, and
2-pole radial suspension winding IV,.. The permanent magnetic
torque 1), is generated by the torque winding current and per-
manent magnets, and the reluctance torque v, is generated by
the suspension force winding current. Due to the interaction
between 1, and ),, the magnetic flux density at air gap 3 is
increased, whereas the magnetic flux density at air gap 1 is de-
creased. The radial suspension force F); is produced on the ro-
tor in the direction opposite to the x axis due to the unbalanced
magnetic flux density in the air gaps. Similarly, the radial sus-
pension force along the y axis can be generated. By control-
ling the magnitude and direction of the current in the suspen-
sion force winding, a controllable unbalanced magnetic field is
generated, and the stable suspension of the PMa-BSynRM is
realized.

FIGURE 2. The principle of the suspension force generation.

2.2. Mathematical Model of the PMa-BSynRM

Due to the mutual inductance between two windings in PMa-
BSynRM, there must be the coupling relationship between their
control currents. Considering the influence of winding mutual
inductance and rotor eccentric displacement on the internal flux
linkage of the motor, the d- and g-axis components of the flux
linkage for the two winding sets can be obtained:

Yra Lyq 0 Mazq —May,
Yumg | _ 0 Lavg  Mgyq  Mgza
YBa Mazq Mgy, LB 0
qu —Mdyq qud O LB
1pd + o
P (1)
Bd
1Bq

where 174 and 1y, are the d- and g-axis equivalent air gap
flux linkages of the torque windings, respectively; ¥p4 and
1) Bq are the d- and g-axis equivalent air gap flux linkages of the
suspension force windings, respectively; Lrq and Ljz4 are the
d- and g-axis self-inductances of the torque windings, respec-
tively; Mg and M, are the suspension force constants; x4 and
14 are the d- and g-axis components of the rotor radial displace-
ments, respectively; iy7q and ips, are the d- and g-axis equiv-
alent control currents of the torque windings, respectively; ¢
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is the equivalent excitation current of the permanent magnet
which is defined in the positive direction of d-axis; Lp is the
self-inductance of the suspension force windings; ipq and ¢,
are the d- and ¢-axis equivalent control currents of the suspen-
sion force windings, respectively.

The voltage equation of the PMa-BSynRM in the d- and ¢-
axes is derived:

Und
’LLMq
UBd
L UBq
Ry O 0 0 iMd —arq
_ 0 Ry 0 O e L Ynd
0 0 R O 1Bd —Bg
0 0 0 Rp 1Bq VB4
L 0 Maxrqg —Mgayqg tmd + To
0 L]uq quq qud i ’iMq (2)
Mdl'd quq LB 0 dt in
—Mdyq Mql‘d 0 LB qu

where uprq and ups, are the d- and g-axis equivalent control
voltages of the torque windings, respectively; upq and upq
are the d- and g-axis equivalent control voltages of the suspen-
sion force windings, respectively; Ry is the equivalent torque
winding resistance; Rp is the equivalent suspension winding
resistance; w is the electrical angular speed of the rotor.

The radial suspension force of the rotor is constituted by the
d- and g-axis suspension force components obtained by the vir-
tual displacement method and the unilateral magnetic attraction
that is directly proportional to the eccentric displacement of the
rotor, and the expression is as follows:

BRI

an/an ch
:\/Mg(iMd + Z'o)Q-I-Mgi%wq

3
| —cos(2wt + ) sin(2wt +A) | [ipa ©)
sin(2wt + A)  cos(2wt+ A) | |igg
. . \2 .2 Lo
+ [kd(ZMd +i0)° + quMq] . [ :|
Ys
where Wm = 05[2Md + io iMq ’in qu]

[Vrrd Yanig ¥Ba ¥Bg)T is the magnetic co-energy; Fl., and
F,p are the a- and f3-axis unilateral magnetic pull forces, re-
spectively; kq and k, are the eccentric displacement constants;
2 and yg are the a- and 3-axis components of the rotor radial
displacements, respectively; A = tan~*[My (inrqi)/(Mainza))-

The electromagnetic torque equation of the PMa-BSynRM is
further derived:

Te = (inrg¥ra — inra¥naq) Py
:’L'()’L']V[qLMMdPM—I—O.E) (L]Md_LMq) sin(27)i?\/1PM (4)

Mazg —Mgyg | |iBa
qud qu

+[ina —ing]- |:Mdy
q
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where Py is the pole number of the torque winding, v phase
angle of the torque winding current excitation, and L s pr4 the
component of the mutual inductance between the stator and ro-
tor on the d axis.

According to the rotor dynamics theory, the motion equation
of the rotor can be obtained:

mi=F; — fu
my = Fy —mg — fy

“p = (T T)

®)

where m is the mass of the rotor; f, and f, are the interference
forces applied along the z- and y-directions, respectively; g is
the gravity constant; w,, is the mechanical angular frequency of
rotor; g is the inertia of the rotor motion; 77, is the load torque

3. ANALYSIS OF THE LEFT-INVERTIBILITY OF THE
SPEED SUBSYSTEM

From the mathematical point of view, the definition of left in-
verse system is: Given a system X defined by the mapping
u — y, if there exists another system X characterized by the
mapping v — w, such that under the condition that the initial
value of 3, satisfies 3, whenever v(t) equals y(t), it also holds
true that w(t) equals u(t). The system 31 is referred to as the
left inverse system of the system X, and the system X is left
invertible.
General nonlinear systems can be expressed as:

x = f(x,u) (6)

where u € R? is the input variables of the system; x = (X,,,
Xum)? E€R™ is the state variable; x,,, €R® is the directly
observable variable; x,,,,, € R"* is the indirectly observable
variables.

If the left-inverse system of the inner sensor system Z exists,
the input variable of Z is x,,,, and the output variable of Z is
X,,. The output variable x,,, can be expressed as:

-,u) (M

If the left inverse system of Z exists, the left inverse system
can be expressed as:

Xm = fz (Xum;i‘maimv o

Xum :f(Xm,f(m,im,...,u,ﬁ,ﬁ,..-)

®)

Assuming that the indirectly observable variables in the in-
ner sensor system Z is X,,, = w, the input variable is u =
[unra, unrg]”, and the directly observable variable is x,, =
[inra, @ Mq]T, combining the voltage equation of the PMa-
BSynRM, the current differential equation of the torque wind-
ing can be obtained:

; — _Rum UMd Lng,

{ tMd = T T tMd + Lya + Lara“'Ma )
" _ Ry UMq Lara - -
Mg = "Ly Mot T T LY (inra + o)

where 774 and @574 are the first derivative of ipg and iy, re-
spectively.
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The corresponding Jacobi matrix is:

Qipd
ow 0
6i1vjq O
_ a(Xm,XnL) _ Qw _ LM ) (10)
~| ox HE 7o
um 9o . :
Dirrg v (sz + o)
Ow

Higher-order derivative of iy, is selected to compute the par-
tial derivatives with respect to Xy, :

rank( ) —mnk( i“ (ZMd-Ho)) =1
rank (W) =rank (W) _

According to Equation (11), it can be determined that the higher
derivative of i57, does not contain useful information for es-
tablishing the PMa-BSynRM speed subsystem. Moreover, the
rank of the derivative of x,,,, is equal to the number of x,,,,,
which shows that the PMa-BSynRM speed subsystem can be
established on the basis of i Mgq»> and the other derivative of 574
is no longer needed.
The determinant of the Jacobi matrix is:

Dinr
det 1) =-
) < OZum >
Therefore, it can be judged that there is a left inverse system in

the speed subsystem of the PMa-BSynRM, and the expression
of the left inverse system is:

(11)
=1

Lra
Lg

(irra +i0) #0 (12)

Xum = f(Xm,in1g, W) = f (inrds in1qs inrgs Wnra, Uarg) (13)

4. THE IMPROVED BP NEURAL NETWORK SPEED
LEFT INVERSE SYSTEM MODELING

4.1. Establishment of BPNN

The BPNN is a multi-layer feedforward neural network based
on error back propagation, which can process information by
adjusting the relationship between internal nodes. Using the
advantage of BPNN that it can accurately approximate nonlin-
ear functions, the left-invertibility model of speed subsystem
can be fitted. In this paper, a three-layer BPNN including in-
put layer, hidden layer, and output layer is selected, and all the
layers are connected by weights, as shown in Fig. 3.

According to Equation (13), the number of input layer neu-
rons is 5, and the number of output layer neurons is 1. The
number of hidden layer neurons is obtained by empirical for-
mula, which is:

k=+vr+uv+c (14)

where k is the number of hidden layer neurons; r and v are
the numbers of input layer neurons and output layer neurons,
respectively; c is a random integer from 1 to 10.

According to Equation (14), it can be determined that the
number of hidden layer neurons in BPNN model ranges from 4
to 13. The optimal number of the neurons in the hidden layer
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hidden layer

input layer

FIGURE 3. Structure of the BPNN.

is found through experimental comparison, and the structure of
neural network is determined.

In the three-layer feedforward network shown in Fig. 3, the
first layer is the input layer; the second layer is the hidden layer;
and the third layer is the output layer. The Sigmoid function is
used as the activation function of neurons. When the number
of neurons in the gth layer (¢ = 1, 2, 3) is N, the input and
output of the ith neuron in the gth layer is:

(@) _

1
yio = f (qu)) = @ (15)
1+e
Ng_1
qu) = Z wz(;l)yj(q b (16)
where y( and s(Q) are the input and output of the ¢th neuron

in the gth layer, respectively, and w;; is the weight of the 7th
neuron input from the (¢ — 1)th layer to the gth layer.

In order to calculate each fitness value and observe the fitting
accuracy, the following equation is given as fitness function:

N3

_ 1 (3)y2
E—§Z(yi_yi )

i=1

a7

where N is the number of training samples, y; the expected

output, and y(?’)

;~ the actual output.

The use of the first-order gradient descent method is em-
ployed to adjust the weights, with the objective of minimizing
the fitness function £. According to the first-order method, the

BP learning algorithm can be obtained:

W@ (1) = w® (1= 1) + D (1) (18)
DY ()=~ & ()= z o5 (D (1)
P= 2
y 1) = f (sﬁ,‘?) =1+61 @ (19)
51(3) ()= 8:27{:%) (1) = (ki: 5(q+1) (Dw (q+1)> £ ( )
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where wg) (1) is the weight after the [th (I = 0,1, ..., L) learn-
ing iteration; 7 is the learning rate; Dg-]) (1) is the negative gra-

dient at time [; y?

i (1) is the output at the /th learning iteration;

(5[()3) (1) is the learning error at the [th learning iteration.

4.2. The Improvement of BPNN

The improvement of BPNN is carried out from four aspects: the
determination of the number of hidden layer neurons, the opti-
mization of the initial weight, the optimization of the weight,
and the optimization of the network learning rate.

1) The Determination of the Number of Hidden Layer Neu-
rons: In practice, different attempts are needed to determine the
number of hidden layer neurons, which is not conducive to the
selection of network parameters and training networks. There-
fore, the normalized data is decomposed according to singular
value decomposition, and the number of neurons in the hidden
layer is determined according to the main eigenvalues.

Normalizing the collected sample X;;:

M _ Xij —my

L)

(20)
5

where X i(jl) is the normalized collected samples; m; and s; are
mean and standard deviation of X ;, respectively.

In order to further eliminate the difference between the train-
ing data caused by the missing values and different sensors, unit
vectorization of the sample is needed:

(€))
X

x® - T
Ji:l (Xi(jl)) 2

)

@n

where X l(f ) is collected samples after unit vectorization.
The processed training data is arranged into the matrix X of
m rows and n columns, and guarantees m > n:

P o (22)

X X o x)

Singular value of matrix x is decomposed into:
X =Uuxv7T (23)

where U is the m x m unitary matrix, X the positive semi-
definite m x n diagonal matrix, and V7 the n x n unitary matrix.

The elements X; on the diagonal of the matrix X are arranged
from large to small, namely 31, 3o, ..., X,:

Z:@ (i=1,2,...,n)

24
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where A1, Aq,..., A\, are the eigenvalues of XTX.

Since m is greater than n, the eigenvalue of X7 X is easy to
get, so the singular value of matrix X can be calculated by the
eigenvalue of X7 X . Finally, find an integer k that satisfies:

k 2 n 2
k = min 3> =099

j=1 j i=1 i

(25)

The integer k can be used as the best estimate of the number of
BPNN hidden layer neurons, and the structure of BPNN can be
determined directly without repeated experiments [16].

2) The Optimization of the Initial Weight: In neural network
learning, the final outcome and the convergence rate of network
learning are significantly influenced by the selection of initial
network weights. The rapid convergence of the network model
to the optimal solution can be facilitated by ideal initial values.
In BPNN, BP learning algorithm usually adopts gradient de-
scent method, so it is more sensitive to the selection of initial
weights. In this paper, uniformly distributed random numbers
are used to initialize the weights of BPNN and ensure that the
sum of the input weights for each neuron is 1. This approach
is beneficial for avoiding excessive initial weights and prevents
the Sigmoid function from entering the saturation zone, which
makes the gradient in the back propagation become very small,
and then the network parameters are difficult to be effectively
adjusted.

3) The Optimization of the Weight: In essence, the BP learn-
ing algorithm mentioned in Equation (18) is a simple static op-
timization algorithm with rapid descent. When correcting the
weight, it only corrects according to the negative gradient at
time [, without considering the gradient direction at previous
moment, thus causing the learning process to oscillate. In or-
der to solve the above problems, the momentum term is added
on the original basis:

A (1) = ade@ (1= 1) + D@ () y®  (26)

where Awg‘?)(l) is the incremental change of weight from

the ¢th layer to the jth layer, a the forgetting factor, and

aAwE;?)(l — 1) the momentum term.

4) The Optimization of the Network Learning Rate: Consid-
ering that the learning rate of the original BP algorithm is con-
stant, in order to prevent the learning process from oscillating
and diverging due to the excessive decline of errors, the learn-
ing rate of BPNN is usually small enough. However, if the
learning rate is too small, it will inevitably reduce the conver-
gence speed of BPNN learning process. Therefore, the adaptive
law of learning rate is put forward to automatically adjust the
learning rate:

a, o) <0
Ap(l)y=<¢ =bp(l—-1) 6()>0 27
0, otherwise

where An(l) is the compensation value of the /th learning rate
of BP algorithm; a and b are the positive constants; §(I) =
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TABLE 1. The comparison of the two networks.

Network

Number of hidden layer neurons

Mean number of iterations

Fitness error/10~3

BPNN
IBPNN

11
10

179
62

2.8
0.38

Chen and Zhu

OF
8w;‘j
the [th iteration.

The iteration speed and accuracy of BPNN and IBPNN are
shown in Table 1.

As shown in Table 1, the IBPNN has been greatly improved
compared with the traditional BPNN in terms of average itera-
tion times and fitting error, which shows that the IBPNN has a
good training

(1) is the gradient value of square difference function in

effect. In addition, there is little difference in the optimal num-
ber of the hidden layer neurons, which indicates that the IBPNN
can avoid repeated experiments required by the BPNN.

4.3. Speed Self-Sensing System Modeling

In this paper, IBPNN is used to establish the PMa-BSynRM
speed self-sensing system model. The flowchart of IBPNN is
shown in Fig. 4, and the specific steps are as follows:

Data acquisition and preprocessing

Network structure determination
and network parallneter initialization
Add momentum phase to

the weight

Forward input training sample

Calculate output error

and adiust the weight Adjust leaming efficiency 7

T

Generation n=n+1

Fitness calculation

A

Generation B<#ya,?

Determine the network model

Enter test set samples to verify
network performance

End

FIGURE 4. The flow chart of IBPNN.

1) According to Equation (13), it is confirmed that the inputs
and outputs of IBPNN are X = (inrd,%01q, i01q> Unids Unig)
and y = w. Sample the data with a sampling interval of 1 sec-
ond and a precision of 1 millisecond, resulting in 1000 sets of
sampled data. Divide the data into the training set comprising
80% of the data and the testing set consisting of the remaining
20%.

2) The structural parameters of the IBPNN are determined
before the commencement of training. The sampling data is
normalized, and singular value decomposition is performed on
the normalized data. The number of neurons in the hidden layer
is determined based on the principal eigenvalues.

3) The number of connection weights is confirmed by the
given neural network structure, and the network connection
weights are initialized by uniformly distributed random num-
bers.

4) The training set samples are taken for forward propaga-
tion, and the input and output of neurons in each layer are ob-
tained. The output error is calculated and propagated back, and
the connection weight is updated by the improved BP algo-
rithm.

5) When the error between the actual speed and predicted
speed is less than the minimum error requirement or reaches
the maximum number of iterations, the network model is deter-
mined, and the prediction results are output; otherwise, return
to step 4.

6) The test set samples are input into the determined network
model to verify the network performance and analyze the sim-
ulation results.

Mean absolute error (MAE), mean square error (MSE), and
root mean square error (RMSE) are all indicators for evaluating
the performance of the network model. The three error expres-
sions are as follows:

OMAE = % Yi — yz@‘
iil 9

ovse =5 3 (v - o) (28)
=1

where n is the total number of samples in the test set.

The various errors of BPNN, particle swarm optimization
(PSO)-BPNN [17], and IBPNN are shown in Table 2. As can
be seen from the table, the errors of IBPNN are smaller than
those of BPNN and PSO-BPNN, which shows that the predic-
tion accuracy and training effect of IBPNN are better.

Combined with the IBPNN model, the speed sensorless con-
trol system of the PMa-BSynRM is established, as shown in
Fig. 5.
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FIGURE 5. Speed self-sensing control block diagram of the PMa-BSynRM.

TABLE 2. Various errors of BPNN, PSO-BPNN and IBPNN.

Network | MAE/107% | MSE/10™° | RMSE/10™3 | training accuracy/%
BPNN 1.62 2.87 5.36 91.2
PSO-BPNN 0.75 0.56 2.37 93.6
IBPNN 0.46 0.42 2.05 95.7

5. SIMULATION TEST

5.1. Network Optimization

BPNN and IBPNN are compared in MATLAB. The initial
learning rate 7 is set to 0.01. The minimum error requirement
is setto 4 x 10~4, and the maximum number of iterations is set
to 200. The range of forgetting factor « in the improved BP al-
gorithm is set to (0, 1). In the adaptive learning rate algorithm,
the constant a is set to 0.01 and the constant b set to 0.1. The
fitness curves of the IBPNN and standard BPNN are shown in
Fig. 6. It can be seen that the standard BPNN starts to converge
in the 179th generation with a fitness value of 2.845 x 1073
and does not meet the error requirements within 200 genera-
tions, whereas the IBPNN starts to converge in the 57th gener-
ation with a fitness value of 3.751 x 10~ and meets the error
requirements. Overall, the IBPNN has higher fitting accuracy
and faster convergence speed than the standard BPNN.

5.2. Speed Tracking

Considering the gravity of the rotor, the initial displacements
of the rotor are set to z = Omm and y = —0.24 mm, respec-
tively. The rated speed is 5000 r/min, and the control period of
the system is 0.1 ms. The simulated waveform of rotor speed
is shown in Fig. 7. At Os, the speed starts to rise from 0 to

135

BPNN

Fitness E

30 100 120 140 160

Generation time

FIGURE 6. The fitness curves of the IBPNN and BPNN.

3000 r/min. The speed of BPNN reaches 3000 r/min at 0.046s,
and the adjustment time is 16 ms. The speed of IBPNN reaches
3000 1/min at 0.045s, and the adjustment time is 14ms. At
0.1s, the speed continues to rise from 3000 to 5000 r/min. The
speed of BPNN reaches 5000 r/min at 0.147 s, and the adjust-
ment time is 20 ms. The speed of IBPNN reaches 5000 r/min at
0.14 s, and the adjustment time is 18 ms.

From the above data analysis, it is illustrated that IBPNN
can track the actual speed well within the allowable speed error
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FIGURE 7. The simulated waveform of the speed when the speed accelerates from 0 r/min to 5000 r/min.
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FIGURE 8. The simulated waveforms of rotor position. (a) The speed is 3000 r/min. (b) The speed is 5000 r/min.
range, but the BPNN method needs longer adjustment, and the T T T T T
speed error in the adjustment process is large. Compared with .
BPNN, the dynamic fitting result of IBPNN is more satisfac- _
tory. K\Y
5.3. Rotor Position Tracking N
The simulated waveforms of rotor position angle, when the . 1 . ! .
speed changes, are shown in Fig. 8. As shown in Fig. 8, the ' ' ' ' '
rotor position estimation error of the BPNN method increases 0 %\ "
with the increase of rotational speed, and the average position ~ LS T -
estimation error at 3000 r/min and 5000 r/min is 0.104 rad and § | 50 L _[8 el ', ) i
0.359rad, respectively. The rotor position estimation error of =160
the IBPNN method increa.sefs with the. increase of rotationgl B 7
speed, and the average position estimation error at 3000 r/min -240 . L " L .
and 5000 r/min is 0.036 rad and 0.203 rad, respectively. 0 0.1 1(s) 02 03

As can be seen from the above, the estimated rotor position,
as determined by the IBPNN and BPNN controller, can be dy-
namically tracked to the actual rotor position. Compared with
BPNN method, the rotor position error of the IBPNN method
is smaller, and the angle error only increases slightly with the
increase of speed, which shows that the IBPNN method can ef-
fectively improve the accuracy of rotor position estimation.

5.4. Rotor Displacement

The simulated waveforms of radial displacement in the x- and
y-directions are shown in Fig. 9. From Fig. 9, it can be seen
that when the speed changes obviously, the maximum magni-
tudes of BPNN in the z- and y-directions are 7 um and 19 um,
respectively, and the maximum magnitudes of IBPNN in the z-
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FIGURE 9. The simulated waveform of radial displacement in the z-
and y-direction when the speed accelerates from 0 r/min to 5000 r/min.

and y-directions are 6 um and 17 pum, respectively. When the
speed is stable, the motor can be stably suspended on the axis.

As can be seen from the above, under the two control meth-
ods, the radial displacement of the rotor is much less than the
0.25 mm clearance between the rotor and the auxiliary bearing,
which realizes the stable suspension operation of the rotor. The
suspension force performance of the IBPNN control method is
superior to the traditional BPNN control method, mainly be-
cause the rotor angle needs to be estimated in the control of the
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FIGURE 10. The experimental platform of PMa-BSynRM.
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FIGURE 11. The experimental waveforms of rotor position when the speed is 5000 r/min. (a) BPNN. (b) IBPNN.

suspension force system, as shown in Fig. 5, and the rotor an-
gle fitted by IBPNN method has higher accuracy. Therefore,
the accuracy of rotor angle estimation will also affect the sus-
pension performance of the PMa-BSynRM.

6. THE PMA-BSYNRM EXPERIMENTAL VALIDATION

In order to further validate the effectiveness of the proposed
program, a digital control system is designed for experimental
verification based on a PMa-BSynRM, using TMS320F28335
as the core processor, and the experimental platform is shown
in Fig. 10. It mainly includes a PMa-BSynRM, digital sig-
nal processor (DSP), power board, interface circuit board, PC
host, photoelectric encoder, etc. One end of the PMa-BSynRM
is supported by a three-degree-of-freedom aligning ball bear-
ing, and the other end is equipped with an auxiliary bear-
ing, which can realize two-degree-of-freedom suspension. The
PMa-BSynRM is driven by an inverter, and the power supply
module uses an insulated gate bipolar transistor (IGBT) three-
phase full-bridge circuit. The digital signal processor (DSP)
is used to monitor and process the experimental data. The dis-
placement signal and speed signal of the PMa-BSynRM are ob-
tained by eddy current sensors and photoelectric code disks, re-
spectively.

The main specifications and parameters of the platform are
shown in Table 3.

The training samples of the IBPNN in sensorless experiments
are provided by open-loop experiments, and the expression of

137

TABLE 3. Parameters and description of the experimental platform.

Symbol (unit) Values | Symbol (unit) | values
U, (V) 220 do (mm) 0.25

P, (kW) 1.1 Yy (Wh) 0.0359

Ny, (1/min) 5000 Nun/Np 72/24

P/ PB 2/1 K, 0.00059

m (kg) 1.6 PM material NdFeB
Lsr/Lso (mm) | 80/130 Lps (mm) 1.65

open-loop velocity is:

LyvatmatRyvivd—unmad

YT L (29)
W= Lyrgtnvg+Rainig—unmqg
—Lara(inatio)

Because the open-loop experiment has poor stability and
large error in actual operation, it is necessary to estimate the
speed of the PMa-BSynRM system with trained neural network.
Therefore, the experiment is based on the offline BPNN.

The static suspension experiment and speed variation exper-
iment are all based on the no-load experiment.

6.1. Steady-State Experiment
In this section, the steady-state performances of the traditional
BPNN and proposed IBPNN are compared.

The experimental waveforms of rotor position when the
rotor is running at 5000 r/min and stably suspended are shown
in Fig. 11. The average position estimation error of the
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BPNN method at 5000 t/min is 0.478rad, and the average
position estimation error of the IBPNN method at 5000 r/min
is 0.247 rad. Compared with BPNN method, the rotor position
estimation error based on IBPNN method decreases by 48.32%
at 5000 r/min.

The experimental waveforms of radial displacement in the z-
and y-directions when the speed is 5000 r/min are shown in Fig.
12. The blue and red lines in Fig. 12(a) represent the BPNN
experimental waveforms in the z- and y-directions when the
speed is 5000 r/min, respectively, and the blue and red lines
in Fig. 12(b) represent the IBPNN experimental waveforms in
the z- and y-directions when the speed is 5000 r/min, respec-
tively. The displacement amplitudes of BPNN in the z- and
y-directions are 15 um and 13 um, respectively, and the dis-
placement amplitudes of IBPNN in the z- and y-directions are
14 um and 11 um, respectively. It can be seen that compared
with BPNN method, at steady state, the rotor position fitted by

138

IBPNN method is more accurate, so its suspension force perfor-
mance is better, which is consistent with the simulation results.

6.2. Speed Variation Experiment

In this section, the dynamic performances of the traditional
BPNN and proposed IBPNN are compared in acceleration con-
dition.

The experimental waveforms of motor speed when the
speed accelerates from 3000 r/min to 5000 r/min are shown in
Fig. 13. The speed fluctuation of BPNN method is +23 r/min
at 3000r/min, and the speed fluctuation is £28r/min at
5000r/min.  The adjustment time during acceleration is
195 ms. The speed fluctuation of IBPNN method is 20 r/min
at 30001/min, and the speed fluctuation is +25r/min at
50001/min.  The adjustment time during acceleration is
184ms. Compared with BPNN method, the motor speed
error based on IBPNN method decreases by 13.04% at

WWwWw.jpier.org



Progress In Electromagnetics Research C, Vol. 153, 129-140, 2025

PIER C

3000 1/min and by 10.71% at 5000 r/min, and the adjustment
time decreases by 5.64%. It can be seen that compared with
BPNN method, IBPNN method has better fitting accuracy and
dynamic tracking performance.

The experimental waveforms of radial displacement in the
z- and y-directions when the speed accelerates from 3000 r/min
to 5000 r/min are shown in Fig. 14. The blue and red lines in
Fig. 14(a) represent the BPNN experimental waveforms with z-
and y-directions when the speed accelerates from 3000 r/min to
5000 r/min, respectively, and the blue and red lines in Fig. 14(b)
represent the IBPNN experiments with z- and y-directions
when the speed accelerates from 3000 r/min to 5000 r/min, re-
spectively. The displacement amplitude of BPNN method is
about 24 um and 26 um in the x- and y-directions, respec-
tively, and the displacement amplitude of IBPNN method is
about 22 um and 24 pm in the x- and y-directions, respectively.
As can be seen from the above, compared with BPNN method,
when the motor changes speed, suspension force performance
of IBPNN method is better.

7. CONCLUSION

In this paper, a speed sensorless control method of the PMa-
BSynRM is proposed. The rotor speed is fitted by establishing
the IBPNN model among the voltage and current of the torque
windings and the rotor speed. Through theoretical analysis,
simulation, and experimental study, the following conclusions
are drawn:

1. The proposed IBPNN improves the situation that the BP
algorithm is easy to fall into the local optimum, reduces the
oscillation trend during the learning process, and improves
the optimization accuracy of the algorithm while speeding
up the convergence speed.

2. The strategy uses singular value decomposition method to
estimate the number of hidden layer neurons, which solves
the problem that different attempts are needed to deter-
mine the number of hidden layer neurons in practice.

3. The experimental results show that compared with BPNN
method, the speed sensorless control of the PMa-BSynRM
based on IBPNN method has better tracking performance,
control accuracy, and suspension force performance in the
steady-state and speed variation.

4. The future work will focus on improving the tracking per-
formance of the speed in the start-up phase of the PMa-
BSynRM.
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