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As the suspension bridge structures become more flexible and the forms of the vehicle load become more diverse, the dynamic
coupling problem of the vehicle-bridge system has become gradually prominent in long-span suspension bridges, resulting in an
increase in accuracy and efficiency requirements for dynamic coupling analysis of the vehicle-bridge system. Conventional
method such as finite element method (FEM) for dynamic coupling analysis of vehicle-bridge system often requires separate
iteration of vehicle system and bridge system, and the contact and coupling interactions between them are used as the link for
convergence inspection, which is too computationally intensive and time-consuming. In addition, the dynamic response of the
vehicle-bridge coupling system obtained by FEM cannot be expressed explicitly, which is not convenient for engineering ap-
plication. To overcome these drawbacks mentioned above, the backpropagation (BP) neural network technology is proposed to
the dynamic coupling analysis of the vehicle-bridge system of long-span suspension bridges. Firstly, the BP neural network was
used to approximate the dynamic response of the suspension bridge in the vehicle-bridge coupling system, and the complex finite
element analysis results were thus explicitly displayed in the form of a mathematical analytical expression. And then the dynamic
response of the suspension bridge under vehicle load was obtained by using a dynamic explicit analysis method. It is shown
through a numerical example that, compared with FEM, the proposed method is much more economical to achieve reasonable
accuracy when dealing with the dynamic coupling problem of the vehicle-bridge system. Finally, an engineering case involving a
detailed finite element model of a long-span suspension bridge with a main span of 1688m is presented to demonstrate the
applicability and efficiency under the premise of ensuring the approximation accuracy, which indicates that the proposed method
provides a new approach for dynamic coupling analysis of the vehicle-bridge system of long-span suspension bridges.

1. Introduction

With the development of bridge engineering in the direction
of long span, lightweight, and more flexibility, as well as
improvement of vehicle load forms, wheel weight, and
driving speed, the dynamic interaction between vehicle and
bridge has been increasingly emphasized. As a dynamic load,
vehicle load will cause bridge vibration and dynamic re-
sponse, which is not only larger than the static load but also
related to many factors such as dynamic characteristics of
vehicle and bridge, driving speed, and road roughness [1–3].

,e dynamic coupling effect of the vehicle-bridge system is
complicated, such as affecting bridge safety and driving
comfort and causing fatigue and durability problems.
,erefore, it is essential to accurately analyze the dynamic
coupling response of the vehicle-bridge system. Jiang et al.
[4] decomposed the time-varying linear dynamic system
into superposition of time-varying linear dynamic system
and time-invariant linear dynamic system and established
the state-space method based on state-space theory for
dynamic coupling analysis of the vehicle-bridge system
using the finite element method and studied the dynamic
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coupling response of the vehicle-bridge system of suspen-
sion bridge under vehicle load. Li et al. [5] derived both
vibration equations of vehicle and bridge by using the virtual
work principle and finite element method and then studied
the dynamic response of a single-tower self-anchored sus-
pension bridge under different road roughness, vehicle
speed, and bridge damping. Ding et al. [6] deduced the
motion equation of dynamic coupling response of vehicle-
bridge system based on D’Alembert’s principle and defor-
mation compatibility relations using a single moving mass-
spring-damping model to simulate the vehicle and discussed
the influence of single moving vehicle load on the vibration
response of double-chain suspension bridge in conditions of
vehicle driving with the center of the bridge and eccentric
driving considering geometric nonlinearity and bridge deck
roughness. Further research was carried out by Li et al. [7],
who established a relatively complete dynamic model of
vehicle-bridge coupling system on the basis of dynamic
coupling theory of vehicle-bridge system theory, and the
dynamic performance of a suspension bridge with a main
span of 1120m, track, and vehicle under the load of ICE3
train at a speed of 160–300 km/h as well as the dynamic
response of bridge and vehicle under different main cable
forces and the cable forces was also studied. Liu et al. [8]
proposed a typical three-dimensional multiaxle vehicle
model and generated three different road roughness models
evaluated as excellent, good, and normal using power
spectral density, and the random traffic flow of 16 kinds of
vehicle types was simulated. In addition, a finite element
model of stiffening beam was established to study the vehicle
vibration effect, and vehicle parameters, road roughness,
driving directions, and driving speed were also calculated. In
order to investigate the dynamic response of railway sus-
pension bridge in the wind field under the trainload closer to
reality, an improved sequential analysis model of wind-
vehicle-bridge coupling system considering the nonlinear
effect of large displacement and little strain was presented by
Wang [9] whose research focused on the vibration response
of railway suspension bridge under the trainload and wind
load, along with the producing mechanism and changing
rule of extreme response values.

Summing up the above studies, we can find that some
progress pointing at the basic theory and method as well as
the model sensitivity analysis of the dynamic coupling re-
sponse of vehicle-bridge system has been made in decades;
however, there are mainly two issues remaining to study.
Firstly, conventional methods, such as the finite element
method, for dynamic coupling analysis of vehicle-bridge
system often require separate iteration of the vehicle system
and bridge system, and the contact and coupling interactions
between the two systems are used as the link for convergence
inspection, which is too computationally intensive and time-
consuming. Secondly, the bridge response obtained by
conventional method for dynamic coupling analysis of the
vehicle-bridge system cannot be expressed explicitly, which
is not convenient for engineering application. To the best of
the authors’ knowledge, the backpropagation (BP) neural
network is usually used in the artificial intelligence field,
which simulates the mode of human brain receiving and

processing information, adopts a distributed processing
mechanism, composes a complex network through different
connection ways of basic neurons, and forms a powerful
machine-learning algorithm for functions implementation
such as classification, clustering, fitting, prediction, and
compression [10–16]. BP neural network is a self-adaption
nonlinear dynamic system which is composed of substantial
neurons, each of which has a relatively simple structure and
function, but the system consisting of a large number of
neurons after combination will have a very sophisticated
behavior. In addition, when the topological structure of BP
neural network is set reasonably, the transfer function has a
nonlinear characteristic, and the BP neural network has
obtained reasonable connection authority and threshold
after appropriate training, the BP neural network can ap-
proach any mapping relation essentially. It is shown that BP
neural network has strong learning ability and generaliza-
tion ability, which makes BP neural network become an
effective tool for converting implicit expression to explicit
one [17–22].

,erefore, based on the iterative algorithm of vehicle-
bridge separation, this paper proposed a new approach for
dynamic coupling analysis of vehicle-bridge system analysis,
in which the BP neural network technology was introduced
to solve the issue that it is difficult to express the formula of
the bridge response explicitly in dynamic coupling analysis
of the vehicle-bridge system. Besides, the computational
workload will have a significant decrease in the precondition
of meeting the accuracy requirements for actual engineering
analysis when the BP neural network technology is used to
approximate the bridge response under the dynamic cou-
pling effect of the vehicle-bridge system effect, so as to obtain
the explicit expression of the dynamic response and to
predict the bridge dynamic response of other vehicle-bridge
coupling types.

2. Proposed Method

2.1. Dynamic Coupling -eory of Vehicle-Bridge System.
,e dynamic coupling analysis model of the vehicle-bridge
system, which was shown in Figure 1, consists of vehicle
dynamic model and bridge dynamic model, which interact
on each other by the connection between wheel and bridge
deck and can be established according to the rigid-body
dynamic method and finite element method, respectively. In
terms of a bridge structure, its final dynamic equilibrium
equation always has the following form:

Mb €yb + Cb _yb + Kbyb � F, (1)

where Mb, Cb, and Kb are the mass stiffness matrix of the
bridge, damping stiffness matrix of the bridge, and stiffness
matrix of the bridge, respectively; €yb, _yb, and yb, respec-
tively, represent the acceleration vector of bridge discrete
nodes, velocity vector of bridge discrete nodes, and dis-
placement vector of bridge discrete nodes; F is the vehicle
dynamic load on the bridge structure, which can be obtained
through the iterative computation of the vehicle system
dynamic model.
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Based on the above vehicle-bridge coupling vibration
equation, the general motion equation of vehicle-bridge
interaction is obtained as follows:

Mb 0

0 Mun

  + Mvib 
€d

€yu

⎛⎝ ⎞⎠ +
Cb 0

0 Cun

  + Cvib 
_d

_yu

⎛⎝ ⎞⎠ +
Kb 0

0 Kun

  + Kvib 
d

yu

  �
Fb

Fcu

 , (2)

where the corner marker vib means the time-varying system.
,e system with variable mass, stiffness, and damping can be
solved by the system simulation module of the finite element
analysis, and the displacement response of each point in the
physical coordinate system can be obtained directly.

,e above formula can be expressed as

M + Mvib 
€d

€yu
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⎛⎝ ⎞⎠ + K + Kvib 
d
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  � F,

(3)

where the matrix with vib was time-variable and the modal
matrix of the whole system also changes with time. ,e
modal matrix is Φ, and equation (3) can be written as

Mp €q + Cp _q + Kpq � ΦTF, (4)

where

dyu( 
T

� Φq,

Mp � ΦT
MΦ +ΦT

MvibΦ,

Cp � ΦT
CΦ +ΦT

CvibΦ,

Kp � ΦT
KΦ +ΦT

KvibΦ.

(5)

,e system matrixes M, C, and K consist of two parts
which are the system of bridge and the body part of vehicle,
respectively. ,e modal matrix Φ is also divided into modal
matrix of bridge and moment of vehicle body part. For the
complex model, the modal matrix of the bridge part can pass

through the ANSYS software and the car bodymodels can be
obtained directly.

As for the vehicle system, which is customarily simulated
as a spring, damping and mass system with multiple degrees
of freedom, has two frequently used vehicle type: two-axle
vehicle and three-axle vehicles, respectively. So, this paper
mainly discussed the two vehicles model composed of mass
and linear spring-damping system, in which the vehicle body
possesses three degrees of freedom: two translational and
one rotational, and each wheel has one vertical vibration
degree of freedom. ,erefore, the two-axle vehicle is 7 de-
grees of freedom system, while the three-axle vehicle is 9
degrees of freedom system.

In order to establish the motion equation of vehicle system,
the influence of road surface roughness and bridge deck dis-
placement should be considered, and the coordination equation is
then established based on the condition of close contact between
wheel and bridge deck.,e dynamic analysis model of long-span
suspension bridge is established by using the finite element
software ANSYS, and its spatial free vibration characteristics are
calculated. A three-dimensional vehicle model is established by
using themultibody dynamics system. Finally, the spatial coupling
vibration response of vehicle passing through the long-span
suspension bridge at different speeds is calculated by using the
joint simulation technology based onmultibody system dynamics
and finite element method.

It can be seen that the traditional finite element method
is very complicated to simulate the coupling vibration of
vehicle and bridge. Particularly, when a large number of
simulation calculations are needed or the finite element
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Figure 1: Vehicle-bridge system.
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method is used repeatedly for iterative analysis, the dis-
advantages of the finite element method are exposed.
,erefore, it is necessary to find an accurate, efficient, and
time-saving method to replace the finite element calcu-
lation. Neural network simulation has great advantages in
this respect. ,e BP neural network has a high degree of
nonlinear fitting characteristics and can save a lot of
calculation time, so it has great advantages in engineering
application.

2.2. BP Neural Network. ,is section will focus on the in-
troduction of BP neural network technology into the dy-
namic coupling analysis of the vehicle-bridge system of long-
span suspension bridge using BP neural network, in which
the basic operation function is BP neuron, as a specific
means, and the general model of BP neuron is shown in
Figure 2.

,e BP neural network is generally a multilayer BP
neural network, which consists of multiple neurons, forming
a distributed information learning and processing mecha-
nism, and a typical architecture of a three-layer BP neural
network composed of input layer, processing layer, and
output layer is the most extensively BP neural network,
whose operation principle is shown in Figure 3.

,e BP network can learn and store a large number of
mapping relationships of input/output modes without re-
vealing the mathematical equations describing the mapping
relationship, which can be expressed as equation (6), and the
learning rule of BP network is to use the steepest descent
algorithm to continuously adjust the weights and thresholds
of the network through backpropagation, so as to minimize
the sum of network squared errors:

M: R
k⟶ R

d
, y � F(x). (6)

On the basis of the Kolmogorov continuity theorem, any
continuous function can be approximated using a three-
layer feed-forward BP network, and the mapping relation-
ship M of BP network can approach the function rela-
tionship F which is hidden between y and x. ,e
approximation accuracy depends on the network structure
and algorithm. Take a three-layer BP network with k input
nodes, l hidden nodes, and d output nodes as an example and
assume that the input variable of the network is x1; the values
of the processing layer and output layer can be written,
respectively, as equations (7) and (8):

y
2
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3
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2
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where xi
m and yi

m represent input and output variables in the
mth node of the ith layer, respectively; ωi,j

mn refers to the
connection weight between themth node of the ith layer and
the nth node of the jth layer; θi

m is the threshold value in the

mth node of the ith layer.,e activation function f often uses
the sigmoid function, which is f(x) � 1/(1 + e− x/T).

In BP neural network, the weight and threshold value of
the hidden layer and output layer in BP neural network are
adjusted with respective approach.With regard to the output
layer,

Δω2,3
mn(k + 1) � ηδny

2
m + αΔω2,3

mn(k),

Δθ3n(k + 1) � ηδn + αΔθ3n(k),

δn � tn − y
3
n f′ x

3
n .

(9)

To the processing layer, the recurrence formulas are as
equations (10)–(12):

Δω1,2
im (k + 1) � λδmy

1
i + cΔω1,2

im (k), (10)

Δθ2m(k + 1) � λδm + cΔθ2m(k), (11)

δm � 
d

n�1
δnω

2,3
mnf′ x

2
m , (12)

where λ and c refer to the learning rate, which has a sig-
nificant impact on the convergence rate and the accuracy of
output results, and c represents the momentum coefficient.

,e critical issue of the BP neural network topology is to
determine the hidden layer number as well as the number of
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Figure 3: Schematic diagram of the three-layer BP neural network
structure.
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Figure 2: General model of BP neuron.
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neurons, enough of which will markedly improve the net-
work computation ability and exactly approach any complex
function of a network with enough hidden layer nodes.
However, a large number of hidden layer nodes will result in
time-consuming of computation work, and so far, there is no
specific formula for determining the hidden layer numbers.
According to Zhao [23], in some cases, a relatively few
hidden layers can meet the accuracy requirements of actual
application, and it is reasonable to take less than twice of the
input layer numbers as the hidden layer node numbers.

2.3. Explicit Formula of Response Function in Dynamic
Coupling Analysis of Vehicle-Bridge System. A typical ar-
chitecture of a three-layer BP neural network composed of
input layer, hidden layer, and output layer (see Figure 2) is
employed to derive the explicit formula of response function
in dynamic coupling analysis of the vehicle-bridge system,
and the bias values and weights in derivations of BP neural
network-based formulations are provided in Tables 1 and 2.
,e process of a connection weight multiplying each input
variable is also conducted.

Suppose that the transpose of the input variable vector is
XT � (X1, X2) and the transpose of the output variable (i.e.,

response function) vector is FT � (F
∧

(X)) and use the ac-
tivation function f(x) � 1/(1 + e− x/T) as mentioned above
to transfer the input layer node values to the hidden ones,
while adopting the linear activation function F(x) � x to
transfer the hidden layer node values to the output ones. For
the typical architecture of a three-layer BP neural network
(see Figure 2), the explicit formula of response function in
dynamic coupling analysis of vehicle-bridge system can be
written as equation (13), which is

F
∧

X
scaled

  � G1 · w2(1, 1) + G2 · w2(1, 2) + G3 · w2(1, 3) + b2,

(13)

where

G1 �
1

1+e− w1(1,1)·Xscaled
1 +w1(2,1)·Xscaled

2 +b1(1,1)( )
,

G2 �
1

1+e− w1(1,2)·Xscaled
1 +w1(2,2)·Xscaled

2 +b1(2,1)( )
,

G3 �
1

1+e− w1((1,3)·Xscaled
1 +w1(2,3)·Xscaled

2 +b1(3,1)( )
.

(14)

It should be noted that the explicit formula of response
function in dynamic coupling analysis of vehicle-bridge
system obtained according to equation (13) was shown as
follows:

F
∧

(X) �
w2(1, 1)

1+e− w1(1,1)·X1+w1(2,1)·X2+b1(1,1)( )
+

w2(1, 2)

1+e− w1(1,2)·X1+w1(2,2)·X2+b1(2,1)( )
+

w2(1, 3)

1+e− w1(1,3)·X1+w1(2,3)·X2+b1(3,1)( )
+ b2, (15)

where X was the variable while Xscaled was the scaled value of
X.

2.4. -e Process of BP Neural Network Fitting Dynamic
Coupling Response of Vehicle-Bridge System Response. ,e
general process of applying BP neural network technology to
fit the dynamic coupling response of the vehicle-bridge
system is as follows:

(1) Enter the corresponding sample points according to
the characteristics of the input parameters, in which the
longitudinal distribution function along the bridge is
obtained on the basis of the power spectral density
function of pavement roughness and pavement grade.

(2) Establish the finite element model of bridge struc-
ture, calculate the structural response at the sample
points, and then constitute the training sample by
structure response and sample points obtained
through steps (1) and (2), respectively.

(3) Build the BP neural network model to study and
optimize the training samples from step (2), and
then get the weights and thresholds of the net-
work. Firstly, use the uniform design method to
choose suitable training datasets, then determine
the architecture of the BP neural network model
and backpropagation training algorithm, and
after that train the neural network with the se-
lected training datasets.

Table 1: Weight and bias values between input and processing
layers.

Weights
Number of processing layer nodes (i)
1 2 3

w1i w1(1, 1) w1(1, 2) w1(1, 3)

w2i w1(2, 1) w1(2, 2) w1(2, 3)

Bias b1(1, 1) b1(2, 1) b1(3, 1)

Table 2: Weight values between output and processing layers.

Weights
Number of processing layer nodes (i)
1 2 3

w1i w2(1, 1) w2(1, 2) w2(1, 3)

Bias b2 — —
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(4) Obtain the dynamic response expression of the
bridge in the vehicle-bridge coupling system
according to weights and thresholds from step (3).

3. Numerical Example

A numerical example is given to illustrate the feasibility and
applicability of the proposed method. A simply supported
girder bridge with a span of 32m is considered; the mass per
unit length is 5.41 × 103kg/m, and the bending rigidity is
3.5 × 1010N/m2. ,e system stiffness is 6.5 × 105N/m, the
system damping is 2.1 × 104N · s/m, and the system mass is
32025 kg. Assume that the roughness of road surface obeys
the Gaussian random process with zero mean, stationarity,
and ergodicity, the longitudinal distribution function of
which along the bridge is obtained by the power spectral
density function of the road surface roughness and the road
surface condition. A three-axle vehicle is adopted to drive in
one direction at a speed of 60 km/h, and the whole analysis
process starts with the front axle entering into the bridge and
ends with the rear axle leaving the bridge. ,e time interval
of numerical simulation is 0.2 seconds. ,e transient dy-
namic analysis method is used to obtain the finite element
time-history response of the vertical displacement of the
midspan joint, which is shown in Figure 4.

Simultaneously, the BP neural network fitting method
with a three-layer BP neural network proposed in this paper
is adopted to analyze the same numerical example as above.
From the simulation results, there are several points, in-
cluding 0.2 s and 1.2 s, showing a little degree of deviation
and dispersion, but from the perspective of root mean square
error and correlation index, which shows a high degree of
consistency. In view of the maximum value considered in
practical engineering, the relative error is very small that is
within the acceptable range of engineering application. As
can be seen from Figure 3(b), the bridge dynamic response
in the vehicle-bridge coupling system calculated by the BP
neural network technology proposed in this paper is in good
agreement with the results of the finite element method,
which indicates that the dynamic coupling analysis results of
vehicle-bridge coupling system conducted by the BP neural
network method are accurate and reliable, and the calcu-
lation accuracy using BP neural network method can meet
the engineering requirements.

4. Application

In this section, the BP neural network approach defined in
previous sections and the finite element method for dynamic
coupling analysis of vehicle-bridge system are applied to an
actual suspension bridge, whose span arrangement is
(658 + 1688 + 658) m, and the overall elevation is shown in
Figure 5; more detailed information can be found in the
literature [24].

4.1. Finite ElementMethod. In order to validate the accuracy
and applicability of the approach proposed in this paper in
solving engineering problems, the finite element analysis is
firstly carried out by ANSYS in which the beam element

(Beam44) is adopted to build the stiffening girder and the
bridge tower, and the only-tension link element Link10 is to
establish the main cable and the hanger. ,e clamped
boundary is applied to the main cable ends as well as the
bottom of the bridge tower, and the simply supported
boundary is to the stiffening girder. ,e stiffening girder is
discretized according to the lifting point of the suspender.
,e main girder and lifting point are connected by a rigid
element. ,e stress mode of the main cable unit is set as
tension only, not compression. When the bridge is com-
pleted, the initial stress of the main cable and hanger is
considered as the initial strain of the element. In order to
consider the influence of geometric nonlinearity, the elastic
modulus of the main cable is calculated by the equivalent
Ernst method. ,e reasonably finished dead state analysis of
the suspension bridge is conducted so as to ensure the
accuracy of the finite element model. ,ere are 1101 nodes
and 2076 elements in the finite element model. ,e finite
element model diagram of the whole suspension bridge is
shown in Figure 6.

,e analysis model is established on the condition of
good flatness of the road surface, and the road roughness
function and road roughness derivative in longitudinal di-
rection of the stiffened girder are thus generated, respec-
tively, which is in Figures 7 and 8. In Figure 7, the horizontal
ordinate is the longitudinal direction of the stiffened girder
and the vertical coordinate is the road roughness, while in
Figure 8, the horizontal ordinate is the longitudinal direction
of the stiffened girder and the vertical coordinate is the road
roughness derivative.

,e vehicle load consists of two groups of cars, each of
which is constituted by a 30t three-axis car and a 20t two-axis
car, and each vehicle group travels at the speed of 100 km/h
from both ends of the bridge at the same time with opposite
direction, while the two cars include a 30t three-axis car and
a 20t two-axis car at each group traveling in the same di-
rection in the meantime. Each vehicle group is driven on the
right side, and the eccentricity between the two vehicles in
each group and the centerline of the bridge deck is 11.75m
and 8.25m, respectively. ,e vehicle, moving in one di-
rection, starts traveling with the side span end of the stiff-
ening beam and ends with traveling out of the stiffening
beam, and the whole driving time is 104.54 s.

In order to consider the accuracy and efficiency of data
acquisition at the same time, the time interval of 0.2 s is
appropriate [25]. ,e finite element transient dynamic
analysis is carried out with a time step of 0.2 s, and the
analysis results of vertical displacement, velocity, and ac-
celeration for midspan nodes are extracted as in Figure 9.

From Figure 9, it can be seen that the vertical dis-
placement, vertical speed, and vertical acceleration of
midspan node almost simultaneously reached the maximum
value. ,e maximum value of the vertical displacement and
vertical acceleration of midspan node was in 52.27 s, while
the maximum value of vertical speed was in 48.81 s and
58.36 s. So, we can conclude that the maximum response of
midspan nodes is near the middle of the history time in
order to analyze the vehicle-bridge response in actual en-
gineering application.
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4.2. BP Neural Network Fitting. ,e BP neural network
approach proposed in this paper is used for fitting ap-
proximation of the transient dynamic response of the sus-
pension bridge mentioned before in the vehicle-bridge
coupling system, and the weight and the threshold of three-
layer BP neural network are obtained accordingly. In order

to compare the results analyzed through finite element
method and BP neural network approach, the vertical dis-
placement, velocity, and acceleration in the middle of the
span are correspondingly chosen for time histories analysis,
and the results of the finite element (FEM) and BP neural
network approach are drawn in Figure 10.
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Figure 4: Time-history response of the vertical displacement of the midspan joint; (a) finite element time-history response of the numerical
example; (b) comparison between BP neural network time-history results and finite element time-history results.
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Figure 9:,e finite element transient dynamic analysis results: (a) time-history results of vertical displacement in the middle of the span for
dynamic coupling analysis of vehicle-bridge system; (b) time-history results of vertical speed in the middle of the span for dynamic coupling
analysis of vehicle-bridge system; (c) time-history results of vertical acceleration in the middle of the span for dynamic coupling analysis of
the vehicle-bridge system.
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,rough the detailed analysis of Figure 10, it can be
seen that the overall trend between the finite element
simulation and the neural network is consistent. However,
through detailed analysis, it can be seen that the difference
between the finite element simulation and neural network
fitting is slightly larger, of which the correlation index is
0.963 between BP neural network fitting and finite ele-
ment results, in the region with relatively small response
value, while the difference is small near the peak value, of
which the correlation index is 0.999 between BP neural
network fitting and finite element results. ,e main reason
is that the neural network fitting has a little degree of
discreteness and difference, which is obvious near the
small value, but not obvious near the large value. From the
engineering point of view, the main concern is the

maximum value of response to control the most unfa-
vorable conditions, so the difference near the maximum
value is very small, which shows the applicability of this
method in engineering.

According to the comparison results between the BP
neural network approach and finite element method in
Figure 10, it is shown that the results of dynamic coupling
analysis of the vehicle-bridge system of long-span suspen-
sion bridge calculated based on BP neural network are in
good agreement with finite element method, which indicates
that the BP neural network approach exhibits a better
performance in terms of accuracy and feasibility, as mea-
sured by the closeness of the exact values calculated by
ANSYS software and by CPU running time comparison of
the two approaches for dynamic coupling analysis of vehicle-
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Figure 10: Comparison between BP neural network time-history results and finite element time-history results: (a) comparison of time-
history results of vertical displacement in the middle of the span for dynamic coupling analysis of vehicle-bridge system; (b) comparison of
time-history results of vertical speed in the middle of the span for dynamic coupling analysis of vehicle-bridge system; (c) comparison of
time-history results of vertical acceleration in the middle of the span for dynamic coupling analysis of the vehicle-bridge system.
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bridge system (CUP running time of ANSYS is about 5400 s,
while it is 150 s for the proposed method).

4.3. Reliability Analysis of Driving Comfort. ,e stiffness of
long-span suspension bridge is small, and the vehicle-bridge
coupling vibration response under the action of vehicles will
affect the driving comfort, so it is paid attention to in practical
engineering. In general, the comfort of vehicles in the process
of driving is generally measured by the vertical acceleration
index. ,e reliability method has been widely used in the
evaluation of driving comfort. ,e vehicle-bridge coupling
vibration response and its gradient are two important
problems in reliability calculation, respectively. For suspen-
sion bridges, the vehicle-bridge coupling response is an
implicit function of basic variables, and the response gradient
is difficult to express explicitly. ,e combination of finite
element method and difference method can calculate the
response gradient, but it needs to call the finite element many
times, so it takes a lot of time. Now, neural network fitting
technology and finite element difference method are used to
calculate the reliability index of driving comfort, respectively.

,e limit state function of driving comfort is as follows:

G � a0 − av, (16)

where a0 is the acceleration limit that human can bear and av
is the acceleration response value of vehicle-bridge coupling
vibration.

In equation (16), a0 � 3.6m/s2, while av is an implicit
function of basic variables. ,e characteristics of math-
ematical statistics for all random variables are assumed
following normal distribution and the coefficients of
variation are 0.05. Reliability index was calculated using
the first-order second-moment reliability method. ,e
comparison results of reliability index of vehicle-bridge
coupling calculated by BP neural network and finite el-
ement method were shown in Table 3.

From Table 3, we can see that (1) reliability index of
vehicle-bridge coupling using BP neural network was almost
equal to that of finite element differencemethod, (2) iterative
times of reliability index of vehicle-bridge coupling using BP
neural network were less than that of finite element dif-
ference method, and (3) computing time of reliability index
of vehicle-bridge coupling using BP neural network was less
than that of finite element difference method. As mentioned
above, due to the vehicle-bridge coupling response which is
an implicit function of basic variables, the calculation cost of
the reliability index using BP neural network was less than
finite element difference method. It is recommended that BP
neural network method of vehicle-bridge coupling can be
used to the condition of iterative calculation, especially for
reliability index in actual engineering application.

5. Conclusion

Aiming at the dynamic coupling analysis of the vehicle-
bridge system of long-span suspension bridge, the BP neural
network approach has been developed to perform this paper.
A three-layer BP neural network composed of input layer,
hidden layer, and output layer was adapted for the dynamic
coupling analysis of the vehicle-bridge system of long-span
suspension bridge. By reasonably constructing the topo-
logical results of the BP neural network and training the BP
neural network through a certain number of finite element
transient analysis results, the corresponding BP neural
network can be used to approximate the transient dynamic
response of suspension bridges in dynamic coupling analysis
of the vehicle-bridge system.

A numerical example was presented to demonstrate the
accuracy and efficiency of the proposed method through the
comparison between the results of the FEM and BP neural
network, which shows that the proposed method exhibited a
better performance in terms of accuracy as measured by the
closeness of the exact values. Moreover, a specific engi-
neering application case involving detailed structural in-
formation of a long-span suspension bridge is also put
forward as well as a finite element mode established with
ANSYS software for comparison and verification of the
proposedmethod.,e results show that they were consistent
with each other, and the BP neural network method could
improve the computational efficiency proved by total
computational time compared to the FEM method, which
indicate that the proposed method is applicability and
feasibility in actual engineering application.

In the process of finite element simulation, the vehicle-
bridge coupling system was simulated by single beam mode
while not considering the transverse distribution of the
vehicles in spatial effects of the bridge deck. ,e problem
about the transverse distribution of the vehicles in spatial
effects of the bridge deck would be investigated in the next
step phase. Additionally, for long-span suspension, the effect
of bridge-vehicle interaction is not as significant as that of
short span bridge, and the specific quantitative results
comparing the cases of moving load and moving vehicle
need further study while the vehicle-bridge coupling
problem at specific speed was investigated in this study at the
limitation of time and cost.
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Table 3: Comparison results of reliability index of vehicle-bridge coupling.

Method Reliability index Iterative times Computing time of CPU
BP neural network 8.9218 6 2 s
Finite element method 8.9177 15 3.53 h
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