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Abstract: The BP neural network and PSO algorithm are applied into analyzing the reliability of
long-span Concrete Filled Steel Tubular (CFST) arch bridges. Firstly, using BP neural network to fit
the structural performance function. And then the PSO method was used to calculate the reliability
index. A long-span Concrete Filled Steel Tubular arch bridges reliability indices were calculated
whether considering the geometric nonlinearity or not. The calculation and analysis results showed
that the BP neural network and PSO algorithm compensated the deficiency of the traditional
reliability analysis methods, improved the calculation accuracy, provided a new thought and means
for the research on the reliability of long-span bridge structure, and well applied to the reliability
analysis of long-span Concrete Filled Steel Tubular arch bridges. Additionally, the reliability
analysis of long-span Concrete Filled Steel Tubular arch bridges on service limit state must consider
the geometric nonlinearity effect, or the results will tend to be unsafe.
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1. Introduction

Concrete Filled Steel Tubular (CFST) arch bridge has light weight, high bearing capacity and
good seismic performance. Because it better solves the problem of arch bridge design and
construction, it is one of the more competitive bridge types in the large-span bridge so far. With the
continuous innovation of the design concept and construction technology of concrete filled steel tube
arch bridge, the bridge span is more and more gentle, so it is particularly important to carry out
accurate reliability analysis.

Considering the complexity of the tubular structure and the influence of the dual nonlinearity
of the large-span bridge, the limit state function of the structure in a specific failure mode is likely to
be a nonlinear equation of height. Therefore, it is difficult to get the accurate display expression, and
it is impossible to directly solve the reliability index by using the traditional primary second moment
method. Although the Monte Carlo method, the random finite element method and the response
surface method can solve this problem, they all have their own shortcomings. The stochastic finite
element method needs special finite element software, which is very difficult to compile and difficult
to apply and popularize in practical engineering. The response surface method uses polynomial
functions (usually quadratic polynomials) to approximate the structural limit state function instead
of deterministic finite element analysis[1]. However, the analysis shows that[2]: polynomial function
cannot approximate any nonlinear map with any precision.

In recent years, the rapidly developed artificial neural network has provided new ideas for the
reliability analysis of complex bridge structure. Neural network has efficient nonlinear mapping
ability and generalization prediction ability, which can accurately approximate the mapping
relationship of random variables and response quantity of complex structure, which just makes up
for the deficiency of the traditional response surface method. The problem of solving the limit state
function explicitly can be solved through the neural network, while another key problem in the
reliability analysis of the CFRP arch bridge is the solution of the reliability index. When the explicit
structure limit state equation is known, the reliability index is often solved by the JC method.

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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Reference [3] points out that the JC method is difficult to converge if the function is high, which is
not applicable in this case. However, the limit state function of large-span CFST arch bridge is
generally highly nonlinear, and the accurate reliability index cannot be obtained by using JC method.
As an emerging group intelligence evolution algorithm, the PSO algorithm has outstanding
advantages in the extremum optimization of nonlinear functions, so it is very practical to extend it to
the field of complex structure reliability solution.

2. BP neural network

2.1. Basic concepts

BP neural network [4] is an adaptive nonlinear structure connected by a large number of simple
computing elements (neurons) according to certain rules. It simulates the process of processing,
processing and associative memory information in the human nervous system, which is similar to
the human nervous system and has strong learning, prediction and nonlinear mapping capabilities.
It is a multi-layer feedforward neural network, compared with the traditional neural network, its
main advantages in addition to the signal from the initial input layer to the middle hidden layer, but
also can be in the output cannot meet the requirements of the error of the error, according to the error
between the weights and prediction, so that the prediction gradually meet the expected requirements.

The single-layer BP neural network is taken as an example and expressed in a mathematical
model, and its basic structure is shown in Figure 1. Individual neurons can be expressed as follows:

yi:f[imijxj_'_gij @

=

In formula: f (*)— —transfer function

X; ——input values of the neurons

y; — —output values of the neurons

m;, 0, — —weights and thresholds of BP neural network

There are three common forms of transfer functions:

purelin function f(x) =X ()
logsig function f (x) = ! - 3)
l+e™*
. . 2
tansig function f (x) —1 (4)
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Figure 1. Single-layer BP neural network model.

2.2. Parameter determination

Using BP neural network to fit the limit state function of complex structure, it is first necessary
to determine the neural network structure parameters, including: the number of neural network
layers, the number of neurons in each layer and the transmission function.

The study proves that [5], as long as there is a sufficient number of hidden layer neurons, a three-
layer BP neural network can approximate the nonlinear function with arbitrary accuracy.
Considering the convenience of calculation and the accuracy of the results, a three-layer BP neural
network is generally used for structural reliability analysis.

The number of neurons in the input layer is determined according to the design random
variables of the structure (e.g., area, elastic modulus, etc.), and the number of neurons in the output
layer is determined by the structural response amount (internal force, displacement, etc.). The hidden
layer neurons do not have such intuitive and physically meaningful expression, and their number
can only be determined by trial. Referring to the relevant literature, the initial value h of the number
of neurons in the hidden layer can be determined by formula (5), and then the number of neurons in
the hidden layer is adjusted according to the prediction error of the network.

h=log, m 5)

In formula: m — —the number of neurons in the input layer
In general, the implied layer and the output layer transfer functions choose the logsig function
and the purelin function, respectively.

2.3. Sample point selection and processing

In structural reliability analysis, the training samples of BP neural networks need to be obtained
through deterministic structural finite element analysis. For the complex structural form of CFST arch
bridge, it takes a very long time to conduct the finite element calculation, and it is of great significance
to minimize the sample size under the premise of satisfying the solution accuracy.

Uniform design method[6], in the theory of number theory applied to multivariate statistics,
through reasonable design to the uniform distribution of sample point test range, generally used in
experimental design, make the selected sample point with better representative, which can use the
least sample point as sufficient as possible system information, the method is proposed by Fang [6].
Among them, the uniform design table can be generated through the mathematical statistical system
DPS, the specific method can refer to the reference[7], this paper will not be repeated.
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Because the value of each random variable in the structure varies greatly, if it is directly taken
as a training sample, the neural network learning will be submerged by large numbers due to too
large weight adjustment, and then lead to learning failure. Therefore, the training samples should be
normalized or standardized before being used for neural network learning.

3. PSO algorithm

3.1. Basic concepts

Kennedy and Eberhart [8] proposed a PSO algorithm based on population intelligence. The
process of parameter optimization adopts a dynamic optimization method, which originates from
the foraging thinking of birds in nature. It compares particles to birds and treats them as a basic
individual. The speed, position and fitness represent the group characteristics of each basic
individual. In the extreme value optimization problem, the speed and position of each particle are
constantly and dynamically adjusted according to its own moving experience of other particles, so as
to achieve the purpose of approaching the extreme value faster.

It is described mathematically as follows: in a D-dimensional search space composed of
functional solutions containing d independent variables, randomly distributed n particles that can

move freely, including particle position is X, =(x,,x,,",x,) and velocity is

V.=,,v,,"**,V,) the dynamic adjustment equation is as follows:

Vi (t + 1) =Wy, (t) +cr [P,-,j —X; (t)} +c,r, [pg’j - X (t)] (6)
xiyj(t+1): xi’j(t)Jr vi’j(t+1) 7)
In formula:
I — —number of particles
J ——dimensions of particles
w — —inertial weight
t — —the current number of iterations
¢,, ¢, ——acceleration factor, whose value is not negative
1, ¥, ——random factors, whose values are located at [0,1]
Di.j — —the position corresponding to individual optimal value of i particle
D,.; — —the position corresponding to optimal value of entire particle population

In order to prevent the blind search of particles in the search space and the detachment boundary
of particle position velocity, the optimization efficiency is further improved, to impose certain
constraints on the position and velocity of free particles.Generally, the position of particle is confined

to the interval [—X a0 X ] , and the particle velocity is limited to the interval [—V V ] .

max > * max

3.2. Algorithm optimization

Although PSO algorithm has strong versatility and fast convergence, there are still problems of
local optimal results and low efficiency of late iteration[9,10]. Therefore, this paper optimizes PSO
algorithm from these two aspects.

Causes for the precocious occurrence of PSO algorithm:as the iteration process goes on, the
particle swarm search space continuously shrinks to a certain limited local range due to the
initialization value of the variable, so only the optimal result in the local range, rather than the optimal
result in the whole search space.In order to improve this defect, we refer to the mutation principle in
the genetic algorithm during the iterative calculation process, so that some variables are no longer
limited to an initial value, and can have a certain opportunity to reinitialize and increase the particle
population diversity. The variant operation substantially broadens the population search space
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during computation, raising the possibility of finding the optimal solution by the particle swarm
algorithm while maintaining the original population diversity.

For the problem of low late iteration efficiency of PSO algorithm, this paper improves the
iteration efficiency by optimizing the inertial weight w based on the basic algorithm. Inertial weights
characterize the level of particle inheritance to the previous velocity, which largely determines the
rate of particle evolution (i.e., iterative efficiency). Studies have shown that a large inertial weight is
favorable for the global search, while a smaller inertial weight is favorable for the local search. To
achieve full potential of global search and local search, linear decreasing inertial weights are
introduced, i.e.:

W(k ) =W, — (Wstan ;Wend )X k

max

(8)

In formula: w

e — —initial inertia weight

w,,, — —inertial weight at iteration to maximum number
k — —number of current iterations
T .. — —maximum iterative algebra

3.3. Mathematical model for reliability index solution

Before calculating the structure reliability index using PSO algorithm, a mathematical model
adapted to PSO algorithm is needed first. X, X,,..., X are the n independent random variables in
the model analysis, the limit state function represented by them is g(X,, X,,...,X,) =0, and the
non-normal random variables are standard-normalized to obtain equivalent normally distributed
random variables Z,,Z,,...,Z, .According to the geometric significance of the reliability index f

[11]: the shortest distance between the central point and the failure boundary in the standard normal
space, the solution of 3 is converted into finding the extreme value of the constrained function:

Object function: min ﬂ(Z) = \/(le +Z3+ 7+ Z,f) )
Constraint condition: g(Z ) =0 (10)

In formula: Z = (Z,,Z,, -+, Z,) is design variable vector after standard normality.

3.4. Algorithm process

After obtaining the mathematical model of the structure reliability index, it is solved by PSO
algorithm. The solution process is shown in Figure 2.
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Particle (potential solution of the equation)
and velocity imtialization

l

Fitness values are calculated by substituting the particles
into the limit equation of state

l

[ Find the individual optima and the group optima ]

Variant operations and linear inertia weights are
mtroduced to update the particle velocity and position

[ Recalculate the particle fitness values ]

l

[L'pdate the individual optima and the population optima ]

Whether the

[ Output the optimal mdi\'idual}

{ reliability index)

Figure 2. Solution process of reliability index based on PSO algorithm.

4. Reliability analysis

The structure limit state function can be obtained by the BP neural network fitting, and then the
structure reliability index can be solved by using PSO algorithm. The reliability analysis process of
CEST arch bridge based on BP neural network and PSO algorithm is as follows:

Step 1: The random variables and the corresponding statistical distribution characteristics of
CEST arch bridge structure were determined, and then the neural network input samples were
generated using the uniform design method.

Step 2: The structural finite element model is established according to the input sample, and the
neural network output sample (structural internal force, displacement, etc.) is obtained by
conducting the structural certainty analysis through the finite element software.

Step 3: The input and output samples were normalized to substitute the normalized samples
into the neural network for learning, and the explicit structural limit state function was obtained
according to the method of reference [12].

Step 4: Non-normal random variables are standard normalized to establish a mathematical
model for solving structural reliability index.

Step 5: The structure reliability index is finally obtained by using the optimized PSO algorithm.

The specific calculation flow is shown in Figure 3:


https://doi.org/10.20944/preprints202311.1293.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 November 2023 doi:10.20944/preprints202311.1293.v1

Determine the structural random variables
and their statistical distribution

v
[ Input samples were generated by the uniform design method ]

[Finite element analysis yielded the output salnples]

[Samples were uonnalized]

Yy
[ Neural network learning J

y
[The structural limit state function is obtainedj

|

Establish a mathematical model for
the reliability index solution

y

| The reliability index was solved using PSO algorithm ]

Figure 3. The reliability analysis process based on BP neural network and PSO algorithm.

Considering the powerful neural network module of MATLAB, combining the algorithm
process of Figure 2 and Figure 3, the reliability analysis method for CFST arch bridge proposed in
this paper can be implemented based on MATLAB platform programming.

5. Symmetrical reliability theory

The inverse problem of structural reliability analysis as follows:

||| — Br =0 (11)
u+—4 _p Gu,6)=0

IVuG@o)l ~ % (12)

G(u,0)=0 (13)

Using the Taylor expansion, the reliability index at the point can be expressed as:

i, 0B JHL )
= £l ®H -k
r=f ¥ aKIK}'( ) (14)
where, Kis the design parameter, j was the iteration times.
The iterative formula for the design parameter (such as the safety factor, the deterministic design
value) can be expressed as:

JHL _ pr—p’

o (15)
Where, the index reliability index could use the PSO algorithm.

In order to achieve the iteration results for the design parameter. The convergence criterion is as
follows:
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(16)

So, the deterministic value such as the safety factor or arch bridges, could use the symmetrical
reliability theory to assess the safety performance of the long span arch bridges, using the POS
algorithm to calculate the forward reliability index and using the safety factors could be use the
inverse reliability theory.

6. Probabilistic safety factors of arch bridges

The performance function is

Z = g(X].lXZI“‘IXn)

17>
where Xi(i=1,2,...,M) was the basic random variable.
The limit state function of arch bridges can be expressed as:
Z == M j) =3 K M &= 0
(18
where, K was the safety factor of arch bridges, M: and Ms were resistance and action effect,

respectively.

7. Example validation

The example is a framework structure, shown in Figure 4. Structural limit state equation is
8(X)=0.01-u,(X).u, represents the horizontal displacement of vertex 3, depending on three
basic random variables, namely the cross-sectional area of column and beam A~ A, (obey log-
normal distribution) and load P (obey extreme type I distribution),whose average value and
standard deviation are 4, = 0.32m* , o, = 0.036m” ; My, = 0.16m” , o, = 0.018m” ;
U, =20kN, o, =5KkN; elastic modulus is 2.0 x 10°Pa ,beam and column moment of inertia are

I =A /12 and [, = A22/6 respectively.

p 2 A, 3

A A

4m

4m

Figure 4. Example illustration.

There are two training sample collection methods. One randomly generates 100 training samples
according to the distribution law. For example[12], BP neural network with 3 units of input layer,
implied layer and 1 unit of output layer, obtaining relatively reliability index, and the other uses the

uniform design method to take 15 samples based on the uniform design table U (3’) of 3-factor and

5 levels. In the second method, we also obtained a more reliable reliability index. The results are
shown in Table 1. According to the data analysis about Table 1, the calculation result of reliability
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analysis by the method presented here in the framework structure is accurate and reliability, and the
calculation accuracy can well meet the engineering requirements.

Table 1. Comparison iterative results of the proposed method and methods in Refs.

Reliability calculation method Reliability index
Monte Carlo simulation (Sampled 1000000 times) 2.8203
Traditional response surface method
2.8348
(100 times random sampling)
JC method (The uniform design was sampled 15 times) 2.8022
This paper method
pap 2.8199

(The uniform design was sampled 15 times)

In order to conduct the effectiveness and accuracy of the proposed approach related to the safety
factor of arch bridges, the deterministic value about the framework structure can be use the allowance
displacement as follows,

G(A,A,,P)=0—u, (19)

To determine the maximum allowable displacement of node 3 @, it can be used as a design
parameter, the corresponding target reliability index is taken as ' =2.831 ( the probability of
failure is P, =2.322x 107) . The initial iteration value of the design parameters is taken, and the

convergence error is taken as 0.0001. For simplicity, the partial derivatives of the limit state function
for random variables can be calculated using finite difference method and deterministic calculation
method. The calculation results of design parameters are shown in Table 2. From the analysis in Table
2, it can be seen that the analysis results of calculating the maximum allowable displacement of node
3 using the reliability back analysis method recommended in this article are accurate and reliable,
and can meet the requirements of engineering applications.

Table 2. Comparison of calculation results for maximum horizontal displacement of node 3.

D=2 o
)

Proposed method (1) True value (2) Relative error (

6 (mm) 9.9997 10.0000 -0.003

8. Engineering application and analysis

8.1. Project Overview

The Shimen Bridge is a special bridge across the National Highway 319 and the Shimen
Reservoir, its facade layout is arranged in Figure 5.The structure type of the main bridge is a medium-
bearing CFST truss arch bridge, using transverse double boom system, the calculated span is
248m,vector span ratio of 1/4, arch axis is m =1.5 cantilever line. The boom is drawn by

OVM.GLIS5 —15 cable( f,, =1860MPa steel stranded) with longitudinal spacing of 10m.The beam

is connected with the arch rib by the boom and column. The height of the beam is 2.2m.The bridge
deck system adopts longitudinal "T" type running lane beam, forming a longitudinal and transverse
orthogonal beam lattice system, and the span is constantly open. The arch foundation adopts the
combined base of expanded foundation and base pile.
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Figure 5. Shimen Bridge facade layout (unit: cm).

8.2. Serviceability limit state

Structural geometry nonlinearity is obvious in the long-span bridge, which has a great effect on
the structure effect, and often cannot be ignored in the calculation and analysis of the structure. In
order to explore the effect of geometric nonlinearity on the reliability of long-span CFST arch bridge
in normal use, two models were built by using finite element software ANSYS , without considering
and considering geometric nonlinearity respectively, and expressed by model 1 and 2.In the finite
element model, the CFST structure is simulated through by means of common units of nodes, and
the boom selected [ink 180 units, the rest structures were established using beam 188 units.

Considering that the failure mode in the normal use state of the structure is the displacement
failure mode, the limit state equation is established from the perspective of the displacement limit
criterion, so the structure limit state function can be expressed as:

Z=G(X)=u, —u(x,x,,"*,x,) (20)

In formula: i, is the maximum vertical allowable displacement of the arch bridge as specified in

the specification for live load, its value is L/1000=248/1000=0.248m; X, X,,*'-,X, are random

variables for the structure.

The primary random variables affecting the failure pattern of the structure and their basic
statistical parameters are shown in Table 2.

Table 2. Basic statistical parameters of the structural primary random variables.

Standard
Random variable Distribution pattern Average value ar} ?r
deviation
Flastic modulus of archrib o1 distribution 2.06x10" 2.06x10%
steel tubular(Pa)
Elastic modulus of archrib 1) distribution 3.45x1010 3.45x10°
concrete(Pa)
Elastic modulus of boom(Pa) Normal distribution 1.95x101 1.95%1010
Elastic modulus of Waybeam Normal distribution 3.25x1010 3.25x10°
and beam (Pa)
Arch rib transversal section Logar'lthfmc .normal 3.84309 1.92x101
area(m?) distribution
L ithmi 1
Beam area(m?) opat e rorma 091125 456x10°
distribution
L ithmi 1
Waybeam area(m?) oga e Torma 3.71879 1.86x10-
distribution
Logarithmic normal
Boom area(m?) o 0.01814 9.07x10+4
distribution
Waybeam'secti.onal moment Logar'ithfnic 'normal 013466 6.73x10%
of inertia(m4) distribution
Live load(N/m) Normal distribution 35184 4678
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8.3. Reliability analysis

Since the structure involves a total of 10 random variables, the DPS system was used to generate
the Uy, (100"") uniform design table and then obtain 100 input samples. The finite element model

was established separately according to the input samples, and the output samples were obtained by
deterministic finite element analysis. The number of structural hidden layer neurons was determined
as 11, a three-layer BP neural network of 11-11-1 was established, and the normalized samples were
replaced into the neural network for learning, then the display limit state function was obtained
according to the method of reference[12], and finally, the PSO algorithm was used to solve the
reliability index in the two cases respectively.

The variation of structural reliability index with evolutionary algebra when excluding geometric
nonlinearity is shown in Figure 6.

5-

Structural reliability index when
excluding geometric nonlinearity
b }

Evolutionary algebra

Figure 6. The variation of structural reliability index with evolutionary algebra when excluding
geometric nonlinearity.

When considering geometric nonlinearity, the variation of structural reliability index with
evolutionary algebra is shown in Figure 7.
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Figure 7. The variation of structural reliability index with evolutionary algebra when considering
geometric nonlinearity.
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As is shown from Figures 6 and 7,excluding geometric nonlinearity, the structural reliability
index has stabilized after 85 generations of evolution, the corresponding reliability index shows

P=4.816 ,failure probability at this time is p ;= 7.323x107" ; when the geometric nonlinearity is
considered, the structural reliability index stabilizes after 92 generations of evolution, and the
corresponding reliability index shows 3=4.537 the failure probability shows p, =2.853x 10°°.

The results show that the reliability of long-span CFST arch bridge is reduced by 6.15% without
considering the geometric nonlinearity. Therefore, when calculating the reliability of the structure, if
the accuracy requirement is relatively high, we must consider the geometric nonlinearity of the
structure.

In addition, when calculating the bearing capacity of long-span CFST arch bridge, the influence
of material nonlinearity on the strength plays the main role, and geometric nonlinearity has little
influence on the bearing capacity of CEST arch bridge [13].The reliability index in the carrying
capacity limit state of the bridge is also calculated by the method of this article, excluding geometric
nonlinearity of this case, the corresponding reliability index shows f=7.3148 ,when considering the

geometric nonlinearity, the corresponding reliability index shows f=7.2719 the difference is just

0.59%.Therefore, the influence of geometric nonlinearity can be ignored in the reliability analysis
about the carrying capacity of CFST arch bridges.

8.4. Ultimate limit state

The stability design method of steel tube concrete arch based on reliability back analysis
essentially uses reliability back analysis to solve the stability safety factor of the arch under the
premise of given target reliability indicators. The limit state design expression is:

G=R/K-S§ (6)

When the target reliability index of the arch bridge is set to 3.5, the stability safety factor of the
arch bridge calculated using the safety factor evaluation method based on reliability back analysis
proposed in this article is 3.2124. The stability safety coefficient of the arch bridge calculated based
on the deterministic model is 3.5316. Comparing the reliability back analysis method with the
stability safety factor of arch bridges calculated based on deterministic models, it can be concluded
that the stability safety factor of arch bridges calculated using reliability back analysis method is
significantly smaller than that calculated based on deterministic models, indicating that parameter
uncertainty has a significant impact on the stability safety factor of arch bridges, If parameter
uncertainty is ignored during calculation, the stability safety factor of large-span arch bridges will be
overestimated, which may lead to the structure being unsafe.

The evaluation of arch bridge stability safety coefficient based on reliability back analysis is to
reverse calculate the arch bridge stability safety coefficient at a certain level of reliability. There is a
corresponding relationship between the target reliability index and the arch bridge stability safety
coefficient. Therefore, it is necessary to study the impact of the target reliability index on the arch
bridge stability safety coefficient and the qualitative relationship between them. In order to study the
impact of target reliability indicators on the stability safety coefficient of arch bridges, target
reliability indicators were taken as 2.5, 3.0, 3.5, and 4.0, respectively. The specific calculation results
of the stability safety coefficient of arch bridges are shown in Table 3.

Table 3. The influence of target Reliability index on the stability safety factor of arch bridges.

Target Reliability index 2.5 3.0 3.5 4.0
safety factor 3.3877 3.2920 3.2124 3.1251

From the analysis in Table 3, the stability safety coefficient of the arch bridge shows a decreasing
trend with the target reliability index increases. This indicates that as the target reliability index
increases, the stability safety coefficient of the arch bridge gradually decreases, the actual required
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stability performance of the arch bridge gradually increases, and the safety reserve for the stability of
the arch bridge gradually decreases; The stability safety coefficients of arch bridges calculated based
on the reliability back analysis method under each target reliability index are all lower than those
calculated based on the deterministic model, indicating that parameter uncertainty has a significant
impact on the stability safety coefficient of arch bridges. Ignoring parameter uncertainty will
overestimate the stability safety coefficient of arch bridges.

9. Conclusion

Based on the current situation of structural reliability research, the BP neural network and PSO
algorithm are applied to the reliability analysis of CEST arch bridges, the reliability in the normal use
limit state of CFST arch bridges is studied, and the following conclusions are obtained:

(1) BP neural networks have obvious advantages in reconstructing structural limit state functions.
Even with high nonlinearities in the structural limit state function, BP neural network can
accurately approximate this mapping relationship, which greatly improves the accuracy of the
conventional response surface method.

(2) The powerful extra-value optimization function of PSO algorithm can adapt well to the problem
of reliability index of complex structure. The results show that the reliability index calculated by
the PSO algorithm is very close to the exact Monte Carlo method, and the error is much lower
than the conventional JC method.

(3) The reliability analysis results of the long-span CFST arch bridge based on BP neural network
and PSO algorithm show that, in the normal use limit state, geometric nonlinearity has a great
impact on the reliability, and geometric nonlinear effect must be included in the accurate
reliability analysis; in the carrying capacity limit state, geometric nonlinearity has little influence
on reliability, and the influence of geometric nonlinearity cannot be considered in reliability
analysis and design.

(4) The randomness of parameters has a significant impact on the reliability index and safety factor
of CFST arch bridges, and ignoring the randomness of parameters may lead to the stability of
the structure being biased towards insecurity. In the actual engineering of large-span CFST arch
bridges, the randomness of parameters can be controlled in a targeted manner to ensure the
safety of large-span CFST arch bridges.
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