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Abstract: To address the safety displacement-constrained control problem of maglev trains during
operation, this study applied the radial-based neural network control displacement-constrained
method to maglev trains based on the multi-mass-point model, and strictly limited the output of
maglev train displacement and speed values to keep the overshoot within a given range. Firstly,
the dynamics and kinematics of the maglev train were modeled from the perspective of multi-mass
modeling. Secondly, the basic structure of the radial-based neural network was determined according
to the displacement-limited constraints of the maglev train during operation, and the stability was
proven by applying the control rate and output-limited priming according to the limitations. Finally,
based on the displacement-limited operation control of maglev trains, the system of the radial-
based neural network was simulated. The simulation results show that this method can make the
displacement and velocity signals of the maglev train converge to the command signals, the target
convergence position is reached rapidly, and the deviation can be kept within a stable range so
that the displacement and velocity signals of the maglev train can be limited to the desired safety
constraints, which can guarantee the stability and safety of the maglev transportation system in the
operation process.

Keywords: multi-mass points; maglev train; radial-based neural network; restricted control

1. Introduction

To build a new modern comprehensive multi-dimensional transportation travel mode
and optimize the existing urban traffic network layout, maglev train systems have an
important application value in realizing rapid commuting in cities. The state of the maglev
train itself changes with different environments during operation, and it is a prerequisite
for the promotion of maglev transportation systems to ensure that maglev trains can travel
under a given safe displacement range. If the given safe displacement is exceeded, it will
be difficult for maglev trains to guarantee safe and efficient transit; thus, it is important
to study the dynamic model of maglev trains through the safe displacement-constrained
control method.

Many contemporary scholars have also proposed more dynamic models and con-
trol methods for trains. Mao Z et al. [1] studied the adaptive tracking control problem
of a multi-body high-speed train dynamics model with unknown parameters and used
a feedback linearization method to decompose the system into two-part subsystems in
dealing with the nonlinear term problem, proving that the system was stable. Xiaowen
Wang et al. [2] proposed an adaptive terminal sliding mode controller (ATSMC) to im-
prove robustness in speed tracking control, and simulations were performed to verify
the effectiveness using train data. Y Liu et al. [3] proposed a cascaded predictive fuzzy
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PID (F-PID) control algorithm with weights, which effectively improved the train tracking
accuracy and comfort, and reduced the train’s energy consumption and stopping errors.
Qian Pu et al. [4] developed a training model with dynamic parameters considering the
time-varying parameters of train motion, combined neural networks with PID algorithms,
and verified the effectiveness and stability of this controller. Y Jie [5] used a traction force
feedforward approach to address the displacement and speed tracking problem for the time
lag of wagon trains, which greatly improved the dynamic performance of the controller.
M Chou et al. [6] proposed a longitudinal dynamics model for heavy-haul trains, which
was influenced by the input data recorded for a specific track section; the simulation results
show that this model was reasonable at considering the speed regulation of heavy-haul
trains with electronically controlled pneumatic braking systems and the treatment of inter-
nal train forces. J Xu et al. [7] proposed an adaptive robust control method for the levitation
control problem of nonlinear maglev trains with state constraints, which allows the air gap
to be controlled in a safe range. Sun Y et al. [8] proposed an adaptive neuro-fuzzy sliding
mode controller that can suppress disturbances and parameter perturbations in magnetic
levitation system controllers in low-speed maglev trains; the design and implementation of
this controller significantly reduced the effects caused by parameter perturbations.

Most of the modeling and control objects of the above studies were for high-speed
trains. There are fewer studies on the application of maglev trains, and most of the
existing studies on maglev train dynamics models focus on single mass points, which
cannot accurately reflect the actual situation during operation. In terms of neural network
control methods, radial-based neural networks have strong generalization ability and
high approximation accuracy, and can automatically increase neurons until they meet the
accuracy requirements with a fast convergence speed, which can be applied to the real-time
maglev train displacement-constrained control. Therefore, this paper adopts a multi-mass
modeling approach. The radial-based neural network control displacement-constrained
control was applied to maglev trains, and finally, numerical simulations were performed to
demonstrate the effectiveness.

2. Maglev Train Dynamic Model

The prerequisite for research on the displacement-constrained control of maglev trains
is establishing an accurate model of maglev train dynamics. In the direction of operation
of the maglev train, the forces are traction Ft(kN), braking force Fb(kN) and running
resistance f (kN).

2.1. Maglev Train Traction and Braking Force

Traction and braking forces are prerequisites to ensure the proper operation of maglev
trains on a guide track. To achieve the safe and efficient operation of maglev trains under
normal operation, it is necessary to dynamically adjust the traction and braking forces
according to the running speed of maglev trains. When the train speed reaches a certain
value, the traction force needs to be reduced, and the braking force needs to be adjusted
when the magnetic levitation train resistance changes with the external environment. The
formula for calculating the traction force of a maglev train is as follows [9–11]:

Ft =
3π

2τ
(ψd × iq −ψq × id) (1)

In the formula, τ is the linear synchronous motor pole torque (m), iq, id is the stator
winding current component (A), and ψd, ψq is the magnetic chain component of stator
winding (Wb).

The formula for calculating the braking force of a maglev train is as follows [9,12]:

Fb =


3π
2τ (ψd × iq −ψq × id)

1.2qM(1− e(−
v
B ))(v ≥ 10 km/h)

µMg
√

1− ( I(s)
1000 )

2
(0 < v < 10 km/h)

(2)
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In the formula, q is the eddy current brake level, B is the velocity constant, 30 m/s,
µ is the friction coefficient, M is the weight of the train (t), and I(s) is a function of the
distance indicating the slope in thousands.

2.2. Maglev Train Running Resistance
2.2.1. Basic Resistance

The basic resistance of magnetic levitation trains is caused by the vehicle’s structure,
including air resistance fa, electromagnetic resistance fe and linear generator operating
resistance fd.

The formula for calculating the air resistance of a maglev train is as follows [13]:

fa = 0.5Cdρv2S (3)

In the formula, Cd is the coefficient of resistance (N/m2), ρ is the air density (kg/m3),
v is the train running speed (km/h), and S is the maximum vertical windward area of the
train (m2).

The formula for electromagnetic resistance on the guide rails on both sides of a maglev
train line is as follows [13,14]:

fe = 0.005Mg (4)

The formula for calculating the operating resistance of the linear generator of a maglev
train is as follows [9]:

fd =

{
3.3n (0 < v < 150 km/h)
( 146

v − 0.2)n (v ≥ 150 km/h)
(5)

In the formula, n is the number of vehicles in the formation and v is the train running
speed (km/h).

Combining the above-mentioned resistance, the basic resistance during the operation
of the maglev train is as follows:

frb = fa + fe + fd (6)

2.2.2. Additional Resistance

The additional resistance is the new resistance in addition to the basic resistance to the
operation of the maglev train in different environmental conditions. Specifically, this can
be divided into ramp resistance during climbing conditions fg(N/kN), curve resistance
in turning conditions fc(N/kN) and tunnel resistance when passing through a tunnel
ft(N/kN).

The equation for the unit gradient resistance of the multi-mass-point model of the
maglev train is as follows [15]:

fg =
L1i1 + L2i2

L
(7)

In the formula, i1, i2 is the slope of the area where the maglev train is located and L1,
L2 is the length of the maglev train at the corresponding ramp (m).

A schematic diagram of the ramp resistance of a multi-mass model maglev train is
shown in Figure 1.

The formula for the unit curve resistance of a maglev train is as follows [16]:

fc =
AL1

R1L
+

AL2

R2L
(8)

In the formula, A is a constant and is taken as 600, R1, R2 is the radius of the curve
where the maglev train is located (m), and L1, L2 is the length of the maglev train in the
corresponding curve (m).
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Figure 1. Schematic diagram of the ramp resistance of a multi-mass model maglev train.

The formula for the unit tunnel resistance of a maglev train is as follows [16]:

ft = 0.00013Lt (9)

In the formula, Lt is the length of the tunnel (m).
Combining the above-mentioned resistance, the additional resistance during the unit

operation of the maglev train is as follows:

fra = fg + fc + ft (10)

2.3. Forces between Maglev Train Sections

According to force models between the multi-mass carriages of high-speed trains
presented in the literature [17], it can be applied to maglev trains, where each section of the
maglev train can be regarded as an independent mass, and the sections are connected with
elastic and damping devices, as shown in Figure 2.
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Figure 2. Schematic diagram of the coupling of adjacent sections of a maglev train.

The coupling forces between the maglev train sections are as follows:

fi(i+1) = k(xi − xi+1) + d(
.
xi −

.
xi+1) (11)

In the formula, fi(i+1) is the coupling force between i and i + 1 carriages, k is the
elasticity factor (N/m), d is the damping factor (N · s/m), xi, xi+1 is the displacement, and
.
xi,

.
xi+1 is the speed.

2.4. Multi-Mass Dynamics Model of Maglev Trains

One of the sections in the maglev train was selected for force analysis, as shown in
Figure 3.
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Figure 3. Force diagram of a single maglev train carriage.

Based on multi-mass-point models of high-speed trains presented in the literature [18],
electromagnetic drag, fe, and linear generator operating drag, fd, can be added and applied
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to a maglev train to elaborate a multi-mass-point dynamics and kinematics model for
magnetic levitation trains.

In Figure 3, shows the traction force of section i, Fbi shows the braking force of section
i, frbi shows the basic resistance of section i, frai shows the additional resistance of section i,
f(i−1)i shows the coupling force between section i− 1 and section i, and fi(i+1) shows the
coupling force between section i and section i + 1. mi is the mass of the carriage i, according
to Newton’s second law of motion:

mi
..
xi = Fti − Fbi − frbi − frai + f(i−1)i − fi(i+1) (12)

Carriage 1 can be expressed as carriage n by deriving it from Equation (12):
m1

..
x1

m2
..
x2

...
mn

..
xn

 =


Ft1
Ft2
...
Ftn

−


Fb1
Fb2
...
Fbn

−


frb1
frb2
...
frbn

−


fra1
fra2
...
fran

+


f01 − f12
f12 − f23

...
f(n−1)n − fn(n+1)

 (13)

Then, substituting Equation (11) into the last term in Equation (13) gives:
f01 − f12
f12 − f23

...
f(n−2)(n−1) − f(n−1)n

f(n−1)n − fn(n+1)

 (14)

The first section is only subject to coupling force from the back section, and the
last section is only subject to coupling force from the front section; therefore, f01 = 0,
fn(n+1) = 0.

0
k(x1 − x2) + d(

.
x1 −

.
x2)

...
k(xn−2 − xn−1) + d(

.
xn−2 −

.
xn−1)

k(xn−1 − xn) + d(
.
xn−1 −

.
xn)

−


k(x1 − x2) + d(
.
x1 −

.
x2)

k(x2 − x3) + d(
.
x2 −

.
x3)

...
k(xn−1 − xn) + d(

.
xn−1 −

.
xn)

0

 (15)

Adding the two sides of Equation (13), in turn, it is clear from Equation (15) that the
coupling forces between the sections of the maglev train cancel out, giving:

m1
..
x1 + m2

..
x2 + ... + mn

..
xn =

n

∑
i=1

Fti −
n

∑
i=1

Fbi −
n

∑
i=1

frbi −
n

∑
i=1

frai (16)

Notably, ∆xi−1 denotes the difference in displacement obtained between the adjacent i
and i− 1 compartments.

..
xi,

..
xi−1 is the acceleration of the section, and ∆

..
xi−1 is the relative

acceleration between sections.
xi − xi−1 = ∆xi−1 (17)
..
xi −

..
xi−1 = ∆

..
xi−1 (18)

Choosing the first maglev train section as the reference point, the acceleration relation-
ship between the first section and section i is given by Equation (18).

..
xi =

..
x1 +

i−1

∑
k=1

∆
..
xk (19)
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where: 
m1

..
x1

m2
..
x2

m3
..
x3

...
mn

..
xn

 =


m1

..
x1

m2(
..
x1 + ∆

..
x1)

m3(
..
x1 + ∆

..
x1 + ∆

..
x2)

...
mn(

..
x1 + ∆

..
x1 + ... + ∆

..
xn−1)

 (20)

n

∑
i=1

Fti−
n

∑
i=1

Fbi−
n

∑
i=1

frbi−
n

∑
i=1

frai = λ(t) (21)

Substituting Equation (20) for Equation (16), the multi-mass dynamics and kinematics
model of the maglev train is as follows:

..
x1

n

∑
i=1

mi = λ(t)− ∆
..
x1

n

∑
i=2

mi−∆
..
x2

n

∑
i=3

mi−...− ∆
..
xn−1mn (22)

The multi-mass-point dynamics and kinematics model of the maglev train takes into
account the electromagnetic resistance and linear generator running resistance of the maglev
train, as well as the coupling forces between the carriages; it also considers the special
working conditions of slopes, curves and tunnels, which describe the actual operation of
maglev trains more accurately than the single-mass-point model of maglev trains.

3. Radial-Based Neural Network for the Displacement-Limited Operation Control of
Maglev Trains

To ensure the safe operation of a maglev train system and that the overshoot cannot
impact the safety of the system, the upper and lower bounds of the position and speed
signals of the maglev train system need to be strictly limited, and the maglev train will
be limited in two aspects during operation, namely, output-limited and state-limited.
umax(t) and umin(t) denote the input upper and lower bounds of the system control during
operation of the maglev train, respectively. k denotes the system order of the maglev train
operation process, k = 1, 2; xk,max(t) and xk,min(t) are the upper and lower bounds of the
system state signal during the operation of maglev trains. The output limit can be expressed
as [19]:

umin(t) ≤ ui(t) ≤ umax(t) (23)

xk,min(t) ≤ xk,i(t) ≤ xk,max(t) (24)

The objective of this study was to develop a radial-based neural-network-based control
system to accurately track the target desired curve within a constrained range for a given
desired position profile, xd, and desired speed profile, yd, during the operation of a maglev
train, subject to output constraints and state constraints.

3.1. Radial-Based Neural Network

The radial-based neural network structure was selected because of the strong real-time
nature of maglev trains during operation. This neural network structure is characterized
by nonlinear mapping from the input layer to the output layer, and a linear relationship
between the output layer and the adjustable parameters, which has an advantage; the
weight values of the neural network can be solved by linear equations without the need for
extensive error estimations to adjust each node of each layer of the neural network. This is
in line with the real-time control of maglev train operating state processes, avoiding the
problem of a local minimum [20–22] and speeding up the learning rate in real time. The
structure of the radial-based neural network is shown in Figure 4.
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The network inputs the initial values of the position and speed of the maglev train:
x = [x1 x2]

T . The neuron activation function of the hidden layer of the neural network
consists of a radial-based function, and the array of arithmetic units, comprising the hidden
layer, are called the hidden layer nodes. The hidden layer output of the neural network is
h = [hj]

T , where h represents the displacement limit of a magnetic levitation train, and the
output expression of the implicit layer [23] is:

hj = exp(−
‖x− cij‖2

2b2
j

) (25)

where cij is the coordinate vector of the centroid of the Gaussian basis function of the j
neuron node. bj is the width of the basic function of the j neuron node in the hidden layer,
w is the weight of the radial-based neural network, and i = 1, 2, ..., n; j = 1, 2, ..., m. The
radial-based neural network output can be expressed as:

c = [cij] =

 c11 ... c1m
... ... ...

cn1 ... cnm

 (26)

b = [b1, ..., bm]
T (27)

w = [w1, ..., wm]
T (28)

y(t) = wTh = w1h1 + w2h2 + ... + wmhm (29)

3.2. Radial-Based Neural Network for the Design of a Displacement-Constrained Operation
Controller for Maglev Trains

This study presents the first application of an RBF neural network in the displacement-
constrained control of maglev trains and constructs weights using the stability theory. The
innovative aspect is that the value of the position signal and the command signal after
subtraction can be guaranteed to be less than the given safety limit at any moment when
the time is greater than zero. The safety constraint on the displacement and speed of the
maglev train ensures stability and safety during its operation.

Based on the maglev train dynamics model, it can be transformed into the system
state-space equation: { .

x1 = x2.
x2 = f (t) + bu

(30)

f (t) = λ(t)/
n

∑
i=1

mi (31)

where x1 is the maglev train displacement signal, x2 is the speed signal of the maglev train,
and f (t) is the time-varying state variable of the maglev train. By designing control laws
to achieve ∀t ≥ 0 and t→ ∞ , x1 → yd , x2 →

.
yd , and |x1(t)| < kc. yd is a displacement

signal command;
.
yd is a speed signal command. kc is the limit value of the position signal.
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Displacement signal error:
z1 = x1 − yd (32)

We let |z1(t)| < kb to obtain −kb + ydmin < x1 < kb + ydmax. The problem can be
translated into the design of the control law to achieve ∀t ≥ 0,|z1(t)| < kb. kb is the
limit value for subtracting the position signal from the command signal. According to
Equation (32), we can derive

.
z1 = x2 −

.
yd and define z2 = x2 − α [15]; α is the stability

function to be designed. Then, the following Lyapunov function can be defined [24,25]:

V1 =
1
2

ln
k2

b
k2

b − z2
1

(33)

.
V1 =

z1
.
z1

k2
b − z2

1
=

z1(z2 + α− .
yd)

k2
b − z2

1

According to the above form, the stability function can be designed as α = −k1z1 +
.
yd,

k1 > 0.
.

V1 = − k1z2
1

k2
b−z2

1
+ z1z2

k2
b−z2

1
When z2 = 0,

.
V1 ≤ 0, the Lyapunov function can be re-defined:

V2 = V1 +
1
2

z2
2 (34)

.
z2 =

.
x2 −

.
α = f (t) + bu− .

α

therefore:
.

V2 =
.

V1 + z2
.
z2 = −

k1z2
1

k2
b − z2

1
+

z1z2

k2
b − z2

1
+ z2[ f (t) + bu− .

α]

The Lyapunov function can be designed as [24]:

V = V2 +
1

2γ
W̃TW̃ =

1
2

log
k2

b
k2

b − z2
1
+

1
2

z2
2 +

1
2γ

W̃TW̃ (35)

W̃ = Ŵ −W∗

Ŵ is the actual weight of the radial-based neural network, and W∗ is the ideal weight
of the radial-based neural network. The ideal weight, W∗, is the ideal connection between
neurons; an output is calculated after inputting the data, and then the error is back-
propagated after comparing it with the actual output; the weights are continuously adjusted,
and the new weights are generated to be adjusted again after comparing them with the
ideal weights, W∗, until the ideal error is reached. The ideal weights W∗ are set before
training, and the actual weights Ŵ are obtained during training. The neural network keeps
narrowing the difference between them in the training process, so that the actual weights
gradually approach the ideal weights. The derivative of Equation (35) gives:

.
V = −

k1z2
1

k2
b − z2

1
+

z1z2

k2
b − z2

1
+ z2[ f (t) + bu− .

α] +
1
γ

W̃T
.

Ŵ

The control rate can be designed as:

u =
1
b
[− f̂ (t) +

.
α− k2z2 −

z1

k2
b − z2

1
] (k2 > 0) (36)

.
V = −

k1z2
1

k2
b − z2

1
− k2z2

2 + z2[ f (t)− f̂ (t)] +
1
γ

W̃T
.

Ŵ

In radial-based neural networks, f (t), h is the output of the Gaussian basis function of
the radial-based neural network, and ε is the approximation error value. When the network
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inputs the initial values of the maglev train displacement and speed signals, the output is
f̂ (t); thus:

f (t)− f̂ (t) = W∗Th(t) + ε− ŴTh(t) = −W̃Th(t) + ε

.
V = −

k1z2
1

k2
b − z2

1
− k2z2

2 + z2[−W̃Th(t) + ε] +
1
γ

W̃T
..

Ŵ

= −
k1z2

1
k2

b − z2
1
− k2z2

2 + W̃T [
1
γ

.
Ŵ − z2h(t)] + εz2

The adaptive rate can be set as:

.
Ŵ = γz2h(t)− γŴ

.
V = −

k1z2
1

k2
b − z2

1
− k2z2

2 − W̃TŴ + εz2

W̃TŴ = W̃T(W̃ + W∗) = W̃TW̃ + W̃TW∗

=
3
4

W̃TW̃ +
1
4

W̃TW̃ + W̃TW∗ ≥ 3
4

W̃TW̃ −W∗TW∗

− W̃TŴ ≤ −3
4

W̃TW̃ + ‖W∗‖2

According to the prior analyses [26], this satisfies ∀t ≥ 0, |z1(t)| < kb. When

∀t ∈ [0, ∞), ln k2
b

k2
b−z2

1
<

z2
1

k2
b−z2

1
. Additionally, εz2 ≤ 1

4 ε2 + z2
2.

.
V ≤ −k1 ln

k2
b

k2
b − z2

1
− k2z2

2 −
3
4

W̃TW̃ + ‖W∗‖2 +
1
4

ε2 + z2
2

We let [26]:

ξ = ‖W∗‖2 +
1
4

ε2

η = min[2k1, 2(k2 − 1),
3
2

γ]

then: .
V ≤ ξ − ηV

According to [26], we can determine that V is bounded; thus, z1, z2 and W̃ are also
bounded. In the case of satisfying ∀t ≥ 0, |z1(t)| < kb. V(t) ≤ e−ηtV(0) + ξ

η (1− e−ηt),

t→ ∞ and V(t)→ ξ
η gradually converge to make it bounded. This shows that the method

can make the system stable, when ξ � η, V(t)→ 0 , z1, z2 → 0 , i.e., the maglev train
displacement signal x1 converges to the displacement signal command yd, and the maglev
train speed signal x2 converges to the speed signal command

.
yd. It is possible to keep the

maglev train displacement and speed values within the constraint limits.

3.3. System Simulation

In this study, a multi-mass-point model was used in the dynamic modeling process of
maglev trains, and the initial state input of the controlled object was [0.3 0]. Specifically,
the initial value of displacement was 0.3 m, and the initial value of velocity was 0 m/s; it
was determined that f (t) = −43x1x2 and b = 172. Traction, speed uniformity and braking
are all aspects of maglev train operation. In this paper, we chose the displacement signal
command yd = sin t at the initial moment of t = 0. z1 = x1 − yd = 0.3; at this time, the
value kb = 0.31 was taken. The maglev train displacement signal x1 was limited to ±1.31,
and the constant was taken as 1

2γ = 5, k1 = k2 = 46. In radial-based neural networks, the
Gaussian basis function parameter ci is the coordinate vector of the center point of the
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Gaussian basis function, the value of ci is closer to the input value, and the Gaussian basis
function is more sensitive to the input; here, ci can be taken as [−1− 0.5 0 0.5 1]. The value
of bi is the width of the Gaussian basis function; the larger the value, the wider the function,
and the greater the mapping ability of the radial-based neural network. When setting bi to
a suitable value, i.e., bi = 1.5, in radial-based neural networks, each initial weight value
can be taken as 0.2. Figure 5 shows a simulation model of speed and displacement in
limited operation control of a maglev train. Figure 6 shows the ideal displacement signal
curve and tracking position signal curve of a maglev train. Figure 7 shows the ideal speed
signal curve and tracking speed signal curve of a maglev train. Figure 8 shows that the
control input values are large in absolute value before 0.2 s, and then gradually converge to
stability. Figure 9 shows that the subsequent error can be kept within the stable range.
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Figure 9. Output error curve.

In order to verify the validity and stability of the model under different input operating
conditions, the initial state input of the controlled object was changed to [0.8 0.3], i.e., the
initial value of displacement was 0.8 m, and the initial value of velocity was 0.3 m/s.
f (t) = −43x1x2 and b = 172 were set; traction, homogeneous speed and braking are all
key aspects of maglev trains throughout the operation process. The displacement signal
command yd = sin t can be selected at the initial moment of t = 0, z1 = x1 − yd = 0.8,
when it takes a value of kb = 0.81. The magnetic levitation train displacement signal x1 is
constrained at approximately ±1.81; the constants are taken as 1

2γ = 5, k1 = k2 = 46, and ci

as [−1− 0.5 0 0.5 1], bi = 1.5; and the initial weight of each radial-based neural network is
taken as 0.2. Figure 10 shows the ideal displacement signal curve and tracking position
signal curve of a maglev train. Figure 11 shows the ideal speed signal curve and tracking
speed signal curve of a maglev train. Figure 12 shows that the control input values are large
in absolute value before 0.2 s, and then gradually converge to stability. Figure 13 shows
that the subsequent error can be kept within the stable range.
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The initial state input of the controlled object can be changed to [−0.5 0], i.e., the
initial value of displacement is −0.5 m, and the initial value of speed is 0 m/s, setting
f (t) = −43x1x2, b = 172; traction, uniformity and braking are all associated with maglev
train operation. The displacement signal command yd = sin t is chosen for the initial
moment in t = 0, z1 = x1 − yd = −0.5, at which point it is taken as kb = −0.51, and the
maglev train displacement signal x1 is constrained at approximately ±1.51, with constants
taken as 1

2γ = 5, k1 = k2 = 46 taken as ci for [−1 − 0.5 0 0.5 1], bi = 1.5, and radial-
based neural networks with each initial weight taken as 0.2. Figure 14 shows the ideal
displacement signal curve and tracking position signal curve of a maglev train. Figure 15
shows the ideal speed signal curve and tracking speed signal curve of a maglev train.
Figure 16 shows that the control input values are large in absolute value before 0.2 s, and
then gradually converge to stability. Figure 17 shows that the subsequent error can be kept
within the stable range.
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Figure 17. Output error curve.

Figures of displacement and velocity tracking curves show that the radial-based neural
network multi-mass-point magnetic levitation train displacement-constrained operation
controller design can ensure that the magnetic levitation train displacement and speed
signals converge to the command signal and reach the target convergence position quickly—
in around 0.2 s. From Figures of control input curve, it can be seen that the control input
values are large in absolute value before 0.2 s, and then gradually converge to stability; from
Figures of Output error curve, it can be seen that the subsequent error can be kept within the
stable range; Simulation results show that the system effectiveness and stability are good
under different operating conditions, and the control is rapid and accurate, which can limit
the magnetic levitation train displacement and speed within the desired safety constraints.

4. Conclusions

In this study, a radial-based neural network was used to control the displacement limits
of a magnetic levitation train based on a multi-mass-point model. Simulation experiments
show that the method can make the displacement and velocity signals of the maglev train
rapidly converge to the command signal, and the overshoot and error can be kept within the
stable range; thus, the output of the displacement and velocity values of the maglev train
can be strictly limited, and the displacement and velocity signals of the maglev train can be
limited within the desired safety constraints. Moreover, the radial-based neural network
structure accelerates the learning rate while avoiding the local minimum problem, which is
consistent with ensuring the real-time control of maglev train operating state processes and
can guarantee the operational stability and safety of maglev transportation systems.
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