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Parameter identification plays a crucial role in the design, construction, and operation of large-span footbridges.
This paper proposes a novel PCE-BI method combining Polynomial Chaos Expansion (PCE) and Bayesian
Inference (BI) for multi-parameter identification of footbridges. First, a lightweight and reliable PCE surrogate
model is established based on Latin hypercube sampling and probabilistic Finite Element Analysis (FEA),
replacing the Finite Element (FE) model of the footbridge. Subsequently, PCE-driven Bayesian inference is used
to identify unknown parameters, directly avoiding the high computational cost of FEA. Additionally, the Bor-
gonovo sensitivity analysis method is integrated with PCE to achieve near-zero-cost sensitivity analysis of
footbridge parameters. The effectiveness and practicality of the PCE-BI method are verified through a case study
of a large-span curved footbridge. Compared with traditional iteration-based parameter identification methods,
the PCE-BI method achieves a 31.8-fold reduction in computational time while simultaneously enhancing
identification accuracy. The proposed method is suitable for multi-parameter identification of complex large-
span bridges and can be extended to other large-scale structures.

1. Introduction

Large-span footbridges serve as vital transportation infrastructure
and play an irreplaceable role in urban development [1,2]. However,
during long-term service, material aging, fatigue, crack propagation,
and other factors can degrade their mechanical properties, potentially
leading to excessive vibration and hidden safety hazards [3,4]. There-
fore, conducting structural safety assessment for large-span footbridges
is crucial to ensuring their long-term safe and reliable operation.

Structural safety assessment typically relies on accurate input pa-
rameters for structural models, including material properties, boundary
conditions, etc., which are often difficult to obtain directly or may
change over service time. Therefore, structural parameter identification
techniques are required to infer model parameters from measured data.
The updated model obtained through parameter identification can more
realistically reflect the current state of the structure, providing a reliable
foundation for structural safety assessment and playing an irreplaceable
role in structural health monitoring [5].
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Traditional parameter identification methods typically rely on
deterministic optimization frameworks and employ early optimization
algorithms such as gradient descent. These methods quantify the
discrepancy between Finite Element (FE) model predictions and
measured response data by constructing an objective function, then
iteratively adjust parameters to minimize this discrepancy, thereby
estimating structural parameters [6]. However, traditional methods fail
to fully account for the inherent randomness of material parameters and
depend on searching for a single optimal solution, leading to low
computational efficiency. They are generally suitable only for simple
structures under uniform working conditions, falling short of the
high-precision and high-efficiency requirements of modern engineering
[7,8].

To overcome the limitations of traditional methods, machine
learning methods have been introduced into the field of parameter
identification, addressing parameter inversion problems in complex
scenarios through data-driven approaches [9,10]. In the field of me-
chanical engineering, for both structural parameter identification and
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load parameter identification, Artificial Neural Network (ANN), Con-
volutional Neural Network (CNN), and collaborative clustering algo-
rithms have been effectively applied, providing feasible solutions to
related problems in this domain [11-13]. However, traditional
data-driven methods suffer from insufficient interpretability, along with
challenges such as poor out-of-distribution prediction performance and
inadequate model stability, which restrict their application in civil en-
gineering structural parameter identification. In recent years, frame-
works based on Physics-Informed Neural Network (PINN) have been
able to alleviate the aforementioned drawbacks of machine learning
methods by embedding physical constraints into the loss function during
training [14]. Nevertheless, this method incurs high computational costs
due to the need to handle high-order derivatives and multi-physics
coupling, and it is currently mainly applied to simple structures such
as beams and plates. It is thus evident that a single algorithm struggles to
balance accuracy and efficiency in parameter identification for large and
complex structures [15-17].

In recent years, for parameter identification in complex engineering
structures, surrogate models have been widely adopted to avoid
repeated calls to FE models while incorporating uncertainties in material
parameters [18,19]. Surrogate models efficiently characterize the
mapping relationship between random input parameters and system
responses or Quantities of Interest (Qols), significantly reducing
computational costs while maintaining high-precision outputs. Common
surrogate models include Kriging, Support Vector Regression (SVR), and
Polynomial Chaos Expansion (PCE) [20-23].

1.1. Application of PCE for bridges

PCE maps the randomness of input parameters into a linear combi-
nation of orthogonal polynomial bases. Through Latin Hypercube
Sampling (LHS) and sparse truncation strategies, such as hyperbolic
truncation, high-precision models can be constructed with only a small
number of samples [24-26]. Wu et al. [27] applied PCE models to
formulate bridge-vehicle system equations, combining spectral sto-
chastic FEA to analyze uncertainties in bridge-vehicle interaction
problems. Spiridonakos et al. [28] used PCE models to establish re-
lationships between bridge structural responses and external influencing
factors, which is used for predicting structural responses, extracting
structural performance indicators, and integrating environmental un-
certainties into structural analysis. Ni et al. [29] conducted uncertainty
quantification and global sensitivity analysis using PCE models,
demonstrating that PCE models perform well in eigenvalue analysis of
simply supported bridges and response analysis of bridge-vehicle sys-
tems. Rizzo et al. [30] leveraged PCE models to generate uncertain
flutter derivative datasets, expanding experimental data to support
calculations of critical flutter speeds for suspension bridges. Wan et al.
[31] proposed a arbitrary PCE model for uncertainty quantification and
global sensitivity analysis in structural dynamics, which is applied to a
long-span steel arch bridge. Shang et al. [32] developed an
extremum-oriented sensitivity analysis method combining PCE to eval-
uate sensitivities of structural extreme responses and limit states, and
validated and applied it in dynamic train-track-bridge systems. Hu et al.
[33] used both PCE and Kriging surrogate models to study uncertainties
in buffeting analysis of long-span bridges, approximating structural re-
sponses with surrogates and reducing input variables via parameter
sensitivity analysis. Wei et al. [34] performed uncertainty quantification
and global sensitivity analysis on full-scale all-FRP footbridges using
PCE models, investigating how uncertainties in FRP material mechani-
cal properties affect bridge dynamic responses.

1.2. Parameter identification of bridges using Bayesian inference
For parameter identification, Bayesian inference integrates prior

knowledge and observation data through a probabilistic framework,
treating parameters as random variables and describing parameter
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uncertainties via posterior distributions. This approach overcomes the
limitations of traditional deterministic optimization methods, such as
gradient descent, which struggle to quantify uncertainties and are prone
to local optima [35,36]. Conde et al. [37] combined a Gaussian process
emulator with Bayesian inference for parameter identification of a ma-
sonry arch bridge, using the emulator to replace the original FE model
and reduce computational costs. Jesus et al. [38] proposed a modular
Bayesian framework that accounts for temperature and traffic load ef-
fects to identify key parameters of the Tamar suspension bridge. Argyris
et al. [39] developed a Bayesian inference framework for parameter
identification of highway bridges and adjacent soils. They used
Component Mode Synthesis (CMS) to reduce computational costs and
employed the Transitional Markov Chain Monte Carlo (TMCMC) algo-
rithm for model parameter estimation. Ni et al. [40] adopted a param-
eter identification method based on variational Bayesian inference,
approximating complex likelihood functions via adaptive Gaussian
process modeling and using Gaussian mixture models to describe un-
known posterior probability distributions, thereby identifying unknown
parameters of simply supported beams under moving loads. Liu et al.
[41] proposed a Bayesian inference-based method to identify
vortex-excited force parameters of long-span bridges using
field-measured vibration data. Lima et al. [42] developed a variational
Bayesian inference-based parameter identification method, constructing
forward models via Proper Generalized Decomposition (PGD) to reduce
computational costs for multi-dimensional problems, which was vali-
dated in multiple cases including a small reinforced bridge.

1.3. Contributions and objectives

In summary, PCE models and Bayesian inference have diverse ap-
plications in bridge engineering. PCE models are primarily used for
sensitivity analysis and uncertainty handling in bridge engineering, with
limited research applying them to identify unknown material parame-
ters. Bayesian inference effectively addresses uncertainties such as ma-
terial properties and measurement errors, which is suitable for complex
models and is widely used in bridge parameter identification. However,
its high computational cost limits its practical applications. PCE models,
by contrast, can accurately construct surrogate models for footbridges at
extremely low computational costs, effectively replacing computation-
ally intensive FE models of footbridges. Therefore, based on the char-
acteristics of human-induced vibrations in large-span footbridges, this
study proposed a PCE-BI method which combines PCE and Bayesian
inference for multi-parameter identification of footbridges. The main
contributions are as follows:

e Develop a lightweight and reliable PCE surrogate model to replace
the time-consuming FEA of footbridges, thereby significantly
enhancing computational efficiency.

Integrate the Borgonovo sensitivity analysis method with PCE to
enable near-zero-cost sensitivity analysis of footbridge parameters.
Employ the PCE-BI method for parameter identification of foot-
bridges, which substantially reduces computational time while
maintaining high accuracy, thus demonstrating strong engineering
applicability.

Using a large-span curved footbridge as an engineering case, this
study validates the applicability of the PCE-BI method under complex
human-induced vibration environments. It provides an efficient solution
for parameter identification in large-span flexible structures and offers a
valuable reference for health monitoring, and vibration control of
similar structures.

This article is organized as follows. Section 2 briefly reviews the
fundamentals of PCE and BI. Section 3 presents the procedure and
evaluation metrics of the PCE-BI method. Section 4 constructs a PCE
model for the curved footbridge, comparing it with Kriging and SVR
models. Section 5 describes the parameters identification of the curved
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footbridge using the PCE-BI method. Finally, Section 6 summarizes the
conclusions of this study.

2. Theoretical fundamentals
2.1. Polynomial Chaos Expansion (PCE)

PCE is an effective tool for dealing with uncertainty problems. Its
core lies in approximating the output of a computational model (e.g., FE
model) using input random variables with the aid of orthogonal poly-
nomials [43,44]. Suppose that there exists an M-dimensional random
vector X = X1, Xz, -+, Xy, described by the joint probability density
functionsfy,where j =1, 2,M. The output of the system Y =.#7(X) is
also a random variable [45]. Ycan be expanded infinitely through PCE as
follows:

Y= (X)) = Egpy(x) €))
Oc/
where 0 = {61,-,0u}(6; > 0) € .o/ is a multi-index symbolic vector

used to determine the form of the multivariate polynomials; ./ € NMis a
multi-index truncation set that limits the polynomial combinations
involved in the calculation; &, € R is the expansion coefficients to be

determined; ¢,(X) = H}Ai X y/g ) (x;) is a multivariate polynomial orthog-

onal to f, and 1//2) is a univariate orthogonal polynomial of degree ; for

the j-th variable. This orthogonality facilitates subsequent calculations
and analyses.

According to the “sparsity-of-effects principle”, most models
describing physical phenomena are dominated by main effects and low-
order interactions. Therefore, in practical applications, Eq. (1) needs to
be truncated appropriately. Common truncation schemes include stan-
dard truncation and hyperbolic truncation [46]. Standard truncation
corresponds to all polynomials with a total degree less than or equal to p
for M input variables, as follows:

!
SMP =0 e N 19| <pcardv™ =P = (M+p) _M+p)!

p ) pM 2

where p is the polynomial degree, and P is the total-degree basis, which
grows exponentially with p.

As p and M increase, the computational amount grows rapidly. As an
improvement of the standard truncation scheme, hyperbolic truncation
defines the truncation range by introducing a truncation number q:

o 1/q
P — {0 c P . ng“ gp}, |8l = <ZG§Z> 3)
=1

When g = 1, hyperbolic truncation is equivalent to standard trun-
cation, whereas when g < 1, the number of high-order interaction

qg=1.00

q=0.75
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polynomials and the number of model evaluations can be reduced.
Meanwhile, by using the “sparsity-of-effects principle”, even when some
high-order terms are removed, the model accuracy can be maintained or
even improved. Fig. 1 shows the variations of g and p in hyperbolic
truncation.

After the above truncation, Eq. (1) can be rewritten as follows:

Y=7(X)= Zf;oléjq)j(x) +e =Ed(x) +¢g @

where ¢, is the truncation error, p is determined according to the
selected truncation scheme, the superscript T represents transposition,
and & = {&, -, &_1}" is a vector containing expansion coefficients.

Eq. (4) reflects the transition from the ideal infinite expansion to a
practically computable form, clarifying the key variables, which is
crucial for constructing a complete theoretical framework of the PCE
model.

Among the numerous methods for calculating the coefficients of the
PCE model, this study adopts the Orthogonal Matching Pursuit (OMP)
algorithm. OMP is a greedy algorithm that constructs a sparse PCE
model by iteratively selecting polynomial basis elements most relevant
to the current residual. These selected basis elements are then added to
the active set [47]. It can effectively screen out polynomial basis ele-
ments that have a significant impact on the model output, reduce un-
necessary calculations, improve computational efficiency, and still
maintain good performance in high-dimensional cases.

2.2. PCE-based Borgonovo indices for sensitivity analysis

The derivation of the Borgonovo indices is independent of the
structure of input variables, and it is applicable whether the input var-
iables are independent or correlated. This feature gives it significant
advantages in handling complex practical engineering problems,
enabling a wide range of application scenarios. The Borgonovo index §;
provides a moment-independent global sensitivity measure by quanti-
fying the expected shift in the output probability distribution when the
input variable x; is fixed [48]. This index is defined as:

5=y St / 1)~ Fon ) ®)

where fy(y) is the unconditional probability density function (PDF) of
the output Y and fyj, (y|x;) is the conditional PDF given X; = x;. The
integral [}, [fr(¥) —fvix, (yIx:)|dy represents the distribution difference,
and the final index is obtained by taking the expectation over the
domain Dy, of X;.

The classical Borgonovo index requires a large number of Monte
Carlo simulations. Each time an input variable is fixed, the model needs
to be rerun, which is computationally expensive, which is infeasible for
high-dimensional or complex models. When combined with PCE, the

q=0.50
op=5
Op=4
Op=3

12 3

Fig. 1. Hyperbolic truncation set of p and q - adopted from [44].
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number of model calls can be reduced, thus improving efficiency. At the
same time, PCE can approximate complex functional relationships,
providing more accurate conditional distribution estimates for the
Borgonovo index.

When fixing X; = x}, the conditional response .#*“*i(X ;) is ob-
tained by analytically updating the PCE coefficients to exclude the
correlation of X;. Based on the established PCE model, Kernel Density
Estimation (KDE) or the histogram method is used to generate condi-
tional samples, and then fyx, (y|x}) is estimated.

For distribution difference calculation, the integral is approximated
by the histogram binning method:

/VYO’) —frx (ylx)|dy = Zle [fr (b) = fru (bl )[4y (6)

where fy and fyp{i are histogram-based estimates over bins b, and Ay is
the bin width. The outer integral is computed via Gaussian quadrature
over X;’s domain.

2.3. Bayesian inference

Bayesian Inference (BI) can update parameter estimates using prior
information and observed data. This method is widely applied in various
fields such as engineering, physics, and data analysis. It is particularly
effective when solving inverse problems that require inferring model
input parameters from indirect measurement data [49-51]. Bayesian
inference combines the prior distribution and the likelihood function
through Bayes’ theorem to calculate the posterior distribution, as shown
in Eq. (7):

#(x1y) = HE D1 %)
Z

where X is the parameter to be estimated, Y is the observed data, L(X; Y)

is the likelihood function that describes the probability of the data under

different parameter values, #(X) is the prior distribution of the param-

eter, and Z is the normalization factor, ensuring that the integral of the

posterior distribution equals 1.

In practical applications, the posterior distribution of Bayesian
inference usually does not have an analytical solution, so numerical
methods are required. In this study, Markov chain Monte Carlo (MCMC)
simulation is adopted to address this issue. The MCMC method con-
structs a Markov chain and uses sampling techniques to generate a
sample sequence, making the stationary distribution of the chain
consistent with the target posterior distribution. In this way, samples can
be effectively drawn from the complex posterior distribution for
parameter estimation, which has significant advantages when dealing
with high-dimensional and complex posterior distributions [52].

Let the current state be x(*) and the next state be x(t*1), The transition
between these two states is determined by the transition probability
K(x*1|x(®), When the transition probability satisfies the detailed bal-
ance condition, the posterior distribution is the stationary distribution of
the Markov chain:

AR (D) = 2D V)R (x D) ®

Integrating Eq. (8), we can obtain:

Ax|Y) = / R Rt ©
R

Eq. (9) indicates that the posterior distribution remains unchanged
during the transition process. Through ergodicity, the sample mean of
the chain can approximate the posterior expectation as:

E[h(X)|Y] ~ % > hx) 10)

where T is the total number of iteration steps, and h(x) is an arbitrary
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integrable function of the parameter x, which is used to calculate the
expected value under the posterior distribution.

The Bayesian inference adopted in this study constructs a Markov
chain to make its stationary distribution consistent with the target dis-
tribution, thereby indirectly sampling from the target distribution.

3. Proposed parameter identification method: PCE-BI
3.1. Process description

The PCE-BI method proposed in this section aims to use the PCE
model to replace the high-cost FEA of footbridges, and combine
Bayesian inference for identifying unknown material parameters of
structures. The process is specified as follows:

Step A: Problem definition and prior setting

Construct a high-precision FE model that can fully reflect the struc-
tural characteristics of the research object. Select some input parameters
that have a significant impact on the structural response as the unknown
parameters to be identified, and set appropriate prior distributions.

Step B: Generate the initial dataset

Use the LHS method to generate multiple groups of input datasets for
the FE model. Perform probabilistic FEA to extract the corresponding
model output response datasets, and construct an initial dataset based
on “input-output”.

Step C : Construction and evaluation of the PCE model

Use 70 % of the initial dataset as the training set to construct the PCE
model, and use the remaining 30 % as the validation set to evaluate the
prediction performance of the PCE model. The adopted error evaluation
index is the Leave-One-Out (LOO) cross-validation error, denoted as
Erro0. If the prediction accuracy of the PCE model is reliable, output the
model as a surrogate model for the FE model; otherwise, return to Step B
to regenerate the initial dataset. In civil and structural engineering
application scenarios, Errpoo <5E-2 is commonly considered an
acceptable tolerance error.

Step D : PCE-driven accelerated Bayesian inference

Replace the time-consuming FEA directly with a high-precision PCE
model to quickly generate structural response predictions. Integrate the
structural response output predicted by the PCE and the measured
structural response output into the objective function. Utilize the high
efficiency of PCE, i.e. low computational cost and high prediction ac-
curacy, to accelerate Bayesian inference, directly bypassing the high-
cost FEA process, providing technical support for improving both
computational efficiency and accuracy in subsequent parameter
identification.

Step E : Parameter identification and model updating

Based on the posterior distribution generated by PCE-accelerated
Bayesian inference, infer the optimal input parameters to complete the
identification of unknown structural parameters. Substitute the identi-
fied parameters into the structural FE model to complete the model
parameter update. By comparing the structural responses before and
after the update, verify the updated model’s ability to accurately map
the performance of the actual structure.

After detailing the six core steps of the PCE-BI method, it is necessary
to further clarify its inherent characteristics and implementation chal-
lenges. The PCE-BI method features two key characteristics. First, it
constructs a lightweight, high - precision PCE surrogate model to replace
the time consuming FE model, avoiding repeated calls. Second, it in-
tegrates Bayesian inference to account for material uncertainties,
enabling efficient and accurate structural parameter identification via
PCE -driven Bayesian inference. Its solving difficulties mainly lie in
establishing a reasonable initial dataset and selecting appropriate PCE
parameters, e.g., polynomial degree and truncation norm, to ensure
model precision, as well as setting suitable computational parameters, e.
g., number of chains and iterations, for effective sampling of high-
dimensional parameter spaces in Bayesian inference.

A comprehensive flowchart outlining the PCE-BI method is presented
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Fig. 2. Flowchart of the PCE-BI method.
in Fig. 2. the surrogate model, the R-squared (RZ) value is used to assess the de-

In this study, the construction of surrogate models including PCE
were all completed using the open-source software UQLab. The nu-
merical computing environment was based on a computer equipped
with 16 GB of RAM and an i7 processor at 2.6 GHz. Probabilistic FEA
was performed in Midas Gen, while the coupling of the PCE model and
the BI was implemented in MATLAB.

3.2. Error validation metrics

First, the LOO cross-validation error is used to evaluate the predic-
tive accuracy of the PCE model, and its equation is as follows:

N . ;
S5 (A (x) — AP 02
Errioo = = an

where .#"°%/(.) is the PCE model generated by excluding the i sample
point from the complete experimental design, and jiy is the sample mean
of the experimental design response, calculated as i, =& Zfi 1 (xD),

The LOO cross-validation error serves as an indicator to evaluate
model generalization via cross-validation. It mitigates over-fitting by
iteratively excluding one sample point, creating a PCE model from the
remaining samples, and computing the model’s prediction error at the
excluded point [35]. This approach avoids costly additional model
evaluations for validation set construction. A smaller LOO
cross-validation error signifies superior predictive performance of the
PCE model, reflecting closer alignment between its outputs and those of
the true model.

To more comprehensively evaluate the prediction performance of

gree of fit of the prediction model to the data. The calculation equation is
as follows:

n

Z (Vieruei *}’PCE.i)Z
RP=1-1L €10,1] 12
2

(.yfl’uei = Yirue )

||
N

where yine; is the actual output value of the structural response in the
validation dataset, ypcg; is the predicted value of the PCE model corre-
sponding to Y, and y,,, is the mean of the output values in the
validation dataset.

The R? value ranges between 0 and 1. A value closer to 1 indicates a
better fit of the model to the data, meaning smaller prediction errors.
Conversely, a value closer to 0 suggests a poorer fit.

Secondly, Gelman-Rubin diagnostics is selected to assess the
convergence of MCMC simulations in Bayesian inference. Its basic idea is
that if the parallel Markov chains have converged, then the within-chain
variance and the between-chain variance should be similar. The
expression is as follows:

RP = — — (13)

where q is the number of Markov chains, g is the length of each Markov
chain, B is the between-chain variance, which is the variance among the
means of different Markov chains, and W is the within-chain variance,
which is the average of the variances within each Markov chain.

As the Markov chain converges, RP will approach 1. According to the
recommendations of Gelman and Rubin, for most situations, when
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RP < 1.2, in such complex systems, it can balance “computational effi-
ciency” and “result reliability”, avoiding sampling bias caused by an
overly loose threshold while reducing redundant calculations through
multi-chain collaborative exploration. Therefore, the threshold of R <
1.2 is reasonable choice for structural parameter identification in this
study [36].

Finally, the Mean Absolute Percentage Error (MAPE) is selected to
evaluate the parameter identification accuracy of the PCE-BI method. Its
definition is as follows:

(14)
yT.l

mapE — 100% 2": yri = Yo
n 4 i
i=1
where yr; is the actual measured or calculated value of the structure
response, ypp; is the predictive value based on the PCE model, and n is
the number of fitted points.
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MAPE provides an intuitive percentage-based measure of error. A
lower MAPE value indicates higher accuracy of the PCE-BI method.

4. Construction of PCE model for curved footbridge
4.1. Numerical model

A glass-enclosed sightseeing footbridge is built on top of a com-
mercial complex. This footbridge is curved, with a total length of
59.6 m, a width of approximately 7 m, a maximum overhang of 28.5 m,
and a total mass of 2398.36 tons. The main structural components of the
curved footbridge are made of Q390 steel trusses. The two sides and the
top are enclosed by glass. The two side spans and the two ends of the
main span are paved with C35 concrete decks, while the middle of the
main span features a glass deck.

During structural design, the objective was to maximize the

£
side span 2 gl 7

M Q3%
M 35
M glass

390

Fig. 3. Description of curved footbridge: (a) Numerical model and (b) three material zones.
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frequency. After topology analysis and optimization of the members, the
horizontal frequency is above 3.24 Hz, which is outside the comfort-
sensitive frequency range. However, the vertical frequency is 2.16 Hz,
still within the comfort-sensitive range, necessitating a human-induced
vibration floor comfort analysis. To more accurately represent the
actual structural response, a high-precision FE model of the footbridge
was constructed using Midas Gen software, encompassing the main
structure of the footbridge and its supporting columns, as shown in Fig. 3
(a). The three material zones of the footbridge body are depicted in
Fig. 3(b), and the material properties are specified according to design
codes, as shown in Table 1.

The force exerted by pedestrians on the footbridge structure adopts
the continuous walking load model recommended by IABSE [53], and
the equation of this model is shown in Eq. (15):

F(t)=G

147 asin(2inf, - @) as)

where G is the weight of a single pedestrian, taken as 0.7 kN, f,, is the
pedestrian’s stepping frequency, «; is the i-th order dynamic load factor.
Since the high-order load frequencies contribute little to the structural
vibration, and the first three orders can meet the requirements, a; =
0.4 +0.25 (fp 71), as =az = 1.0, ®; is the i-th order phase angle, ®; =
0, Dy = CD3 = JT/2

According to the use of the footbridge, the pedestrian traffic density
is taken as 1 pedestrian/m?, and the pedestrian stepping frequency is
taken as 2 Hz. The number of pedestrians on the structure is equivalent
to the number of people walking in synchrony [54], and the calculation
equation is as follows:

N, = 1.85v/N(density> 1P / m?) (16)

where N, is the equivalent number of people, N is the number of pe-
destrians on the structure, and P represents pedestrian.

The crowd load is applied to the deck of the footbridge structure in
the form of nodal dynamic loads. Dynamic calculations are carried out
on the footbridge structure according to the continuous walking load
model. The vertical acceleration distribution of the deck is shown in
Fig. 4. It can be seen from Fig. 4 that the acceleration distribution of the
footbridge deck forms three peak regions. The acceleration peak of each
span deck occurs at the outer-side nodes in the middle of the span, and
the acceleration peak of all bridge nodes occurs at the outer-side of the
middle area of main-span. Thus, the vertical vibration of the footbridge
in the mid-span area is of the greatest concern. Therefore, 6 nodes on the
inner and outer sides of the mid-span of each span are selected as
observation points, and the acceleration peaks of these 6 measurement
points are taken as the Qols.

4.2. Construction of prior distribution parameter space

Considering that the Poisson’s ratio and the coefficient of linear
thermal expansion have little effect on the vertical acceleration of the
structure [55,56], the parameters to be identified in this study are the
elastic modulus and densities of the three material zones of the foot-
bridge body, a total of 6 unknown input parameters. Considering that

Table 1
Material properties for curved footbridge.

Component Elastic Density [kg/ Poisson’s Coefficient of
Name modulus m®] ratio [-] linear Thermal
[MPa] expansion [1/°C]
Q390 Steel 2.06 x 10° 7.85 x 10° 0.3 1.2 x107°
c35 3.15 x 10* 2.4 x 10° 0.2 1x10°°
Concrete
Glass 7.2 x 10* 2,611 x 10° 0.2 0.8 x107°
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5.49181e-001
4.99256e-001
4.49330e-001
3.99405e-001
3.49479e-001
2.99553e-001
4 2.49628e-001
1.99702e-001
1.49777e-001
9.98512e-002
4.99256e-002
0.00000e +000

e measured point

side span 1
unit: m/s?

; 6
side span 2

main span

Fig. 4. Vertical acceleration distribution on the footbridge floor.

material parameters usually have inherent random characteristics, it is
assumed that these parameters to be identified all follow a common
Gaussian distribution model [24,57]. The values in Table 1 are taken as
the means of the probability distribution model, and a standard devia-
tion of 5 % is given for Q390 steel and glass, and 10 % for C35 concrete.
Table 2 presents the prior distributions and statistical values of the 6
unknown input parameters.

4.3. PCE model

For the 6 unknown input parameters in Table 2, the LHS method is
used to conduct 50 random samplings. These samples are then
substituted into the FE model of the footbridge for dynamic calculations.
The acceleration peaks at the selected measuring points are extracted as
Qols, thereby generating 50 sets of “input-output” datasets as the initial
dataset for constructing the surrogate model. Among them, the first 35
sets are used as the training set for constructing the PCE model, and the
last 15 sets of data are used as the validation set to evaluate the pre-
diction accuracy of the PCE model.

To explore the influence of different truncation schemes and poly-
nomial degrees on the accuracy of the PCE model, this study considers
truncation norms q = [1.0, 0.75, 0.5] and polynomial degrees p =
[1,2,3,4,5,6,7,8,9,10], and a total of 180 PCE models are constructed.
Fig. 5 shows the accuracy of all PCE models, and the following conclu-
sions can be drawn:

e The polynomial degree p is a key factor affecting the accuracy of the
PCE model. When p <5, the low dimensionality of the basis function

Table 2
Unknown parameter probabilistic input priori model for curved footbridge.
Component Unknown Symbol  Model Quantity
Name Parameters
Q390 Steel Elastic El Gaussian N(2.06 x10°, 1.03 x10%)
modulus
Density D1 Gaussian N
(7.85 x10%,3.925 x10%)
C35 Concrete Elastic E2 Gaussian N(3. 15 ><104, 3.
modulus 15 x10%)
Density D2 Gaussian ~ N(2.4 x10°, 2.4 x10?)
Glass Elastic E3 Gaussian N(7.2 x10% 3.6 x10%)
modulus
Density D3 Gaussian N

(2.611 x10%1.306 x10%)
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Fig. 5. Quantification of Err;oo for the curved footbridge based on the PCE model.

space leads to model underfitting, and the accuracy increases
significantly with the increase of p. When p > 5, the basis function has
sufficient nonlinear expression ability, and the accuracy improve-
ment tends to level off, with divergence due to different Qols.

The truncation norm g affects the accuracy through basis function
screening strategies. When g = 0.75, the middle and high order core
basis functions are preferentially retained to suppress overfitting,
enabling high order polynomials to achieve both high accuracy and
robustness. When q = 0.5, low order basis functions are prioritized
for screening, allowing efficient and accurate fitting through simple
basis function combinations under low-order polynomials.

Therefore, based on the collaborative optimization analysis of the
polynomial degree and the truncation norm, a unified set of parameters
g =0.75 and p =5 is adopted to construct an overall PCE model that
includes 6 Qols to characterize the structural response of the curved
footbridge. The choice of a unified model over Qol-specific models is
primarily to ensure that the overall prediction accuracy meets engi-
neering requirements, while significantly reducing the computational
complexity of model construction and subsequent PCE-BI method. This
avoids redundancy from maintaining multiple models and provides
more efficient technical support for multi-parameter identification of
the footbridge.

Moreover, to further verify the global fitting ability of the PCE

model, the R? coefficient is introduced for evaluation. As shown in Fig. 6,
the R? value reaches 0.99946, further indicating that the PCE model has
excellent prediction performance.

0.6 . . . . y
0.5t ]
0.4 ]
9
o3t |
0.2t )
0.1 ]
R?=0.99946
U 1 1 1 I 1
0 0.1 0.2 0.3 0.4 0.5 0.6
Y“’ll{“

Fig. 6. The prediction accuracy of PCE model.
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It is worth noting that this study primarily focuses on the vibration
response of pedestrian bridges under pedestrian loading, during which
the material deformation remains within the linear elastic range, and the
model response is smooth, differentiable, and continuous. In addition,
the material parameters exhibit inherent randomness and follow certain
probability distributions, with a relatively low input dimensionality.
These conditions are particularly well-suited for PCE model construc-
tion. However, the generalization ability of the PCE model under other
loading scenarios remains to be verified.

4.3.1. PCE-based Borgonovo indices for sensitivity analysis

Based on the constructed lightweight and reliable PCE model, a
Borgonovo indices-based sensitivity analysis was conducted on the input
parameters of the footbridge, To clarify the regulatory mechanism of
input parameters on the dynamic response of the curved footbridge and
support structural parameter optimization and vibration-reduction

(b)
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design, the focus was on exploring the impact of 6 input parameters
on the acceleration peaks (QoI1-3) at three measuring points in the
outer of mid-span in Fig. 4. The results of the sensitivity analysis are
shown in Fig. 7, and the observations are as follows:

e The acceleration peaks at the side spans (Qoll and QoI3) are highly
sensitive to D1, as indicated by the high sensitivity indices and strong
negative correlation. Since the side spans are mainly made of steel,
increasing the steel density shifts the natural frequency away from
the excitation frequency, thereby reducing resonance and effectively
suppressing vibration.

e The acceleration peak at the main span (Qol2) is most sensitive to
D3, as reflected by the strong negative correlation. As glass is the
primary material of the main span, increasing its density shifts the
natural frequency away from the excitation frequency, thus reducing
resonance and effectively suppressing vibration.

B 0ol 1
I 0012

_Q‘)I3

Fig. 7. PCE-based Borgonovo’ indices sensitivity analysis: (a) PCE-based Borgonovo’ indices for QolI1-3: 3D Visualizations from Dual Perspectives, and (b)-(d)

Histogram estimate of the joint PDF of input parameters and QoI1-3.
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Fig. 7. (continued).

e The elastic modulus of the three materials has little effect on the
acceleration peaks, as indicated by the low sensitivity indices. This
suggests that modifications to material stiffness without corre-
sponding changes in structural configuration or mass are insufficient
to effectively reduce vertical vibrations. Instead, mass distribution
remains the dominant factor influencing vibration control.

Notably, for Fig. 7(b)-(d), different colors represent the relative
magnitude of joint probability density, where warmer colors (e.g., yel-
low) indicate higher joint probability density of the input-output com-
binations, while cooler colors (e.g., blue) indicate lower joint probability
density.

It is worth noting that the observed phenomenon in this study, where
density parameters (D1, D3) dominate over elastic moduli in influencing
vibration responses, is closely related to the dynamic characteristics of
this long-span curved footbridge. This bridge is a flexible structure with
a natural frequency close to pedestrian’s stepping frequency, and under
pedestrian load excitation, its vertical vibration response is dominated
by near-resonance. The mass distribution of this bridge directly affects

10

its natural frequency, making density a key factor. This scenario may be
applicable to other flexible footbridges with vertical frequencies in the
comfort-sensitive range, but it is not a universal principle. For foot-
bridges with higher stiffness, the influence of elastic modulus on vi-
bration responses may be more prominent. Therefore, the relative
importance of density and elastic modulus depends on the structural
dynamic characteristics and external excitation features, and specific
analysis is required for other structures.

4.4. Kriging and SVR model

To highlight the superiority of the PCE model, it is compared with the
popular Kriging model and SVR model. To ensure the fairness of the
comparison, the initial datasets required for constructing the surrogate
models are all the same. In addition, both the Kriging model and the SVR
model adopt the Genetic Algorithm (GA) for hyperparameter optimi-
zation. Fig. 8 presents the comparison results of the prediction accuracy
and efficiency of the three surrogate models, and the conclusions are as
follows:
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Fig. 8. Comparison of the prediction efficiency and accuracy of three surrogate models: (a) R-squared values and execution time of three models, and (b) Erroo for

the three models.

e In terms of prediction accuracy, the R? values of the three surrogate
models are all very close to 1, indicating that they all have excellent
prediction capabilities for the footbridge response; the LOO error of
the PCE model is significantly lower than that of the Kriging and SVR
models, indicating that the PCE model has a better fitting accuracy
for high-dimensional nonlinear responses.

Regarding computational efficiency, the execution time of the PCE
model is only 1/3 of that of the Kriging model and 1/2 of that of the
SVR model. This shows that when dealing with multiple Qols, the
PCE model has a significant efficiency advantage. Compared with the
other two surrogate models that rely on hyperparameter optimiza-
tion, the PCE model can bypass the complex hyperparameter opti-
mization process, reducing computational time while ensuring high
prediction accuracy, and better balancing prediction accuracy and
computational efficiency.

From the above analysis, the PCE model is significantly superior to
the Kriging and SVR models in both prediction accuracy and computa-
tional efficiency. It provides a lightweight and efficient technical solu-
tion for uncertainty quantification analysis of complex structures.

5. Parameter identification of curved footbridge

Section 4 has demonstrated the superior predictive performance of
the PCE model. The PCE-BI method proposed in Section 3 will now be
applied to identify the unknown material parameters of the footbridge.
To highlight the efficiency superiority of the PCE-BI method in handling
parameter identification problems, it is compared with traditional iter-
ative optimization-based method. The traditional iterative optimization-
based method directly combines Bayesian inference with the structural
FE model, denoted as FEM-BI, which is implemented through joint
simulation using MATLAB and Midas Gen. In addition, the coupling
methods of the Kriging and SVR models with Bayesian inference are also
included in the comparison, denoted as Kriging-BI and SVR-BI, to indi-
rectly verify the advantages of the PCE model in dealing with uncer-
tainty problems.

Considering the confidentiality restrictions of the ongoing project, it
is difficult to obtain the measured response data at the measuring points
of the footbridge. To verify the effectiveness and practicality of the
proposed method, this work adopts a substitute scheme of “FE model
+ virtual measuring point simulation data”. Specifically, based on the
high-precision FE model of the footbridge, the acceleration peaks are
extracted at the selected measuring point locations as the “virtual
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measured response” for testing, and 10 % uncertainty is introduced to
simulate the measurement error in actual engineering, thereby
enhancing the real-world relevance of the method verification. The
“virtual measured response” is given by Eq. (17) [58]:

N
> Regm

Ry=2 % (140.1R,) a7

N
where Ry represents the virtual measured response, Rzy; denotes the
output result of the i-th FEA, N represents the number of random sam-
ples used to construct the PCE model. As indicated in Section 4.3, N is set
to 50, and R, is a random matrix, and the value of each element is in the
interval [0, 1].

Traditional Bayesian inference uses MCMC as a solver for parameter
estimation. The number of chains and the number of iterations are the
core factors affecting the calculation accuracy. For complex high-
dimensional parameter models, a sufficient number of chains is
required to ensure effective sampling of the high-dimensional parameter
space [36,59], avoiding sampling bias caused by the curse of dimen-
sionality. The determination of the number of iterations needs to be
achieved through convergence assessment to ensure the validity of the
posterior distribution. However, in the traditional FEM-BI method, since
each iteration step requires calling the FE calculation response, it leads
to a high frequency of FE calls and high computational costs.

In this study, for the FEM-BI method, solutions are obtained by
setting different numbers of chains, and the Gelman-Rubin diagnostics is
used to assess the convergence state. The first 200 steps are set as burn-
in. The changes of RP values with the number of iterations under
different numbers of chains are shown in Fig. 9, with a convergence
threshold of 1.2. The following main conclusions can be drawn:

e When the number of chains is small, as the number of iterations in-
creases, the RP value fluctuates relatively greatly and the conver-
gence speed is slow, because a small number of chains cannot well
cover the target distribution space, resulting in certain randomness
and bias. As the number of chains increases, the fluctuation of the RP
value decreases, and it can converge more quickly, indicating that
increasing the number of chains is beneficial for exploring the target
distribution and improving the convergence speed.

When the number of chains is greater than 90 and the number of
iterations exceeds 1100, R? fluctuates little and is stably lower than
1.2, indicating that the MCMC simulation has reached convergence,
and the samples obtained at this time can be used for subsequent
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Fig. 9. Convergence of MCMC simulation in BI with different numbers
of chains.

Bayesian inference analysis.

To further verify the convergence, after selecting the MCMC
simulation parameters based on the Gelman-Rubin diagnostic
conclusion, an analysis of the trace plots of six inversion parameters
is carried out, as shown in Fig. 10. Some observations are as follow:
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e As the number of iterations progresses, the parameter trace lines
initially show fluctuations. However, all six parameters gradually
stabilize after 1100 iterations. In the stable state, the parameter
values are concentrated within a narrow range, which indicates that
the MCMC chains have converged to a stationary distribution.

This visualized result is consistent with the Gelman-Rubin diagnostic
conclusion. It not only further confirms the rationality of the selec-
tion of calculation parameters but also firmly provides support for
the reliability of structural parameter identification.

In summary, to ensure the accuracy of parameter inversion in the
traditional Bayesian inference method, in the parameter identification
of the curved footbridge, the number of chains and the number of iter-
ation steps for the FEM-BI method are set to 90 and 1100 respectively,
providing benchmark computational parameters for the subsequent
comparison of multiple methods.

The total computational time of the method coupling the surrogate
model with Bayesian inference in this study consists of two parts. The
first part (Part 1) is the time to construct the “input-output” dataset for
the surrogate model, with PCE-BI, Kriging-BI, and SVR-BI sharing an
identical duration in this step as they rely on the same initial dataset.
The second part (Part 2) encompasses both the training time of the
surrogate models (PCE, Kriging, or SVR), and the running time of the
coupled method within MATLAB for Bayesian inference (BI) using the
pre-trained surrogate models.

The parameter identification results of the four methods are shown in
Table 3, and the comparison results of computational accuracy and ef-
ficiency are summarized in Table 4 and Fig. 11. The following
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Fig. 10. The trace plots of six inversion parameters.
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Table 3

Parameter identification results of four methods for curved footbridge.
Method PCE-BI Kriging-BI SVR-BI FEM-BI
E1 2.052 x 10° 2.054 x 10° 2.058 x 10° 2.032 x 10°
D1 7.771 x 10° 7.798 x 10° 7.827 x 10° 7.848 x 10°
E2 3.145 x 10* 3.120 x 10* 3.094 x 10* 3.142 x 10*
D2 2.318 x 10° 2.351 x 10° 2.338 x 10° 2.399 x 10°
E3 7.006 x 10* 7.186 x 10* 7.131 x 10* 7.183 x 10*
D3 2.505 x 10° 2.590 x 10° 2.596 x 10° 2.613 x 10°

Table 4

Comparison between the measured and predicted response for curved
footbridge.

Measured point Ry [m/s%] PCE-BI Kriging-BI SVR-BI FEM-BI
1 0.234 0.222 0.221 0.221 0.219
2 0.569 0.558 0.552 0.550 0.547
3 0.229 0.215 0.214 0.214 0.213
4 0.063 0.061 0.061 0.061 0.060
5 0.366 0.347 0.340 0.339 0.337
6 0.064 0.062 0.061 0.061 0.060
MAPE [%] 4.11 5.01 5.11 6.03
Part 1 [hr] 3.351 3.351 3.351 -
Part 2 [s] 79.69 382.73 218.66
Total time [hr] 3.373 3.457 3.412 107.426
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Fig. 11. Comparison of efficiency between four methods.
conclusions can be drawn:

e The adoption of the surrogate model improves the computational
accuracy. Among them, the PCE-BI method has the best perfor-
mance. Traditional FEM-BI, relying on MCMC sampling, accumulates
errors in high-dimensional spaces. Surrogate models eliminate
random FEM errors via pre-training. Moreover, PCE uses orthogonal
polynomials for global parameter-response fitting, resisting local
data fluctuations better than Kriging and SVR.

Combining the surrogate model with Bayesian inference can signif-

icantly reduce the total computational time. Among them, the PCE-

BI method takes the shortest time, with a total of 3.373 h.

Compared with the 107.426 h of the FEM-BI method, the efficiency

improves by 31.8 times. The PCE model eliminates the need to

repeatedly invoke FEM analyses, thus avoiding the high computa-
tional expense inherent in the FEM-BI approach.

o A comparison of the PCE-BI, Kriging-BI, and SVR-BI methods reveals
substantial differences in computational time for Part 2. The PCE-BI
method is nearly three times faster than SVR-BI and five times faster
than Kriging-BI, further demonstrating its significant efficiency
advantage. This improvement is primarily attributed to the fact that
PCE-BI does not require hyperparameter optimization.

Structures 80 (2025) 110035

It should be noted that the computational times reported in this study
are hardware-dependent, but their scalability with respect to problem
size can be described as follows:

e The complexity of constructing the PCE surrogate model can be
characterized by the number of input parameters (M), polynomial
basis size (P), and number of Qols (K). When using Latin hypercube
sampling, the number of samples grows linearly with M, corre-
sponding to a complexity of O(M); under hyperbolic truncation, P
grows polynomially with M, i.e., P = O(M"p), where p is the poly-
nomial degree. Since a separate PCE model needs to be constructed
for each Qol, the overall complexity is O(K-(M + P)).

e For the PCE-BI method, the cost per iteration is reduced from the
high complexity of FEA (O(FEM)) to the low complexity of PCE
evaluation (O(K-P)), where the complexity of FEA grows exponen-
tially with problem size. Thus, the total complexity of PCE-BI is O
(N + T-K-P), where T is the number of iterations. In contrast, the
complexity of traditional FEM-BI is O(T-FEM), which is much higher
than that of the PCE-BI method.

Overall, in terms of balancing computational accuracy and effi-
ciency, the PCE-BI method demonstrates the most outstanding perfor-
mance. To further assess the robustness of the PCE-BI method under
different noise levels (i.e., measurement uncertainties), tests were con-
ducted with noise levels of [5 %, 10 %, 15 %, 20 %]. The comparison
results are shown in Table 5, from which it can be seen that the
parameter identification performance of the PCE-BI method is only
slightly affected by noise disturbances. This directly demonstrates that
the proposed method possesses strong robustness and noise resistance.

6. Conclusion

Focusing on the human-induced vibration characteristics of curved
pedestrian bridges, this study proposes the PCE-BI method. Through a
lightweight surrogate model combined with a BI framework, efficient
parameter identification is achieved in a complex parameter space. The
main research conclusions are as follows:

e The PCE surrogate model is constructed based on 50 datasets
generated by LHS. Evaluated by LOO cross-validation and the R?
metric, its accuracy is significantly superior to Kriging and SVR
models. Moreover, it does not require hyperparameter optimization
and has higher computational efficiency. This high-accuracy model
provides a reliable basis for PCE-Bl-based multi-parameter
identification.

Sensitivity analysis shows that the acceleration peaks at the side
spans are most sensitive to the density of Q390 steel (D1), while the
main span is most sensitive to the density of glass (D3).

Compared with Kriging-BI and SVR-BI, the PCE-BI method demon-
strates superior accuracy and robustness. Its global analytical fitting
capability avoids the local interpolation biases present in Kriging and
SVR, resulting in more reliable and low-variance parameter
estimates.

Compared with the traditional FEM-BI method, all surrogate model
driven approaches eliminate the need for repeated FEA, greatly
improving computational efficiency. Among these methods, the PCE-
BI method achieves the highest efficiency and accuracy, with a 31.8-
fold improvement in computational speed and superior identifica-
tion of the posterior distributions of six material parameters for the
curved footbridge compared to FEM-BI. These results fully demon-
strate the outstanding applicability and reliability of the PCE-BI
method in engineering practice.

In summary, the PCE-BI method proposed in this study effectively
overcomes the deficiencies of traditional parameter identification
methods in terms of computational accuracy and efficiency. It is
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Table 5

Comparison between the measured and predicted response under different noise levels based on the PCE-BI method.
Measured point Ry [m/s?] 5 % noise PCE-BI Ry [m/s?] 10 % noise PCE-BI Ry [m/s?] 15 % noise PCE-BI Ry [m/s?] 20 % noise PCE-BI
1 0.229 0.220 0.234 0.222 0.251 0.239 0.259 0.244
2 0.564 0.550 0.569 0.558 0.601 0.576 0.642 0.598
3 0.223 0.213 0.229 0.215 0.244 0.231 0.219 0.217
4 0.062 0.060 0.063 0.061 0.062 0.061 0.061 0.061
5 0.356 0.341 0.366 0.347 0.390 0.371 0.406 0.383
6 0.063 0.060 0.064 0.062 0.067 0.064 0.072 0.065
MAPE [%] 3.85 4.11 4.21 4.82

applicable to the multi-parameter identification of complex long-span Acknowledgements

structures with uncertain material properties. This method can also be
extended to other similar structures, providing reliable data support for
the health monitoring, damage identification, and vibration control of
long-span structures. However, this method has some limitations and
deficiencies:

e Although the PCE model is a powerful regression modeling tool, its
limitations were not fully discussed in this study. The PCE model is
suitable for predicting the response of continuous material structures
without abrupt changes or discontinuities. However, it may not
applicable to these scenarios, such as strongly nonlinear systems,
structural instability, etc. Moreover, it is inherently unsuitable for
time series modeling.

Constructing a surrogate model requires running the initial FE model
multiple times, and the computational cost is limited by the
complexity of the original model and the number of calculations. In
this study, the current PCE-BI validation is restricted to a 2 Hz pe-
destrian’s stepping frequency (near-resonance condition). Expand-
ing verification to other loading scenarios would aggravate
computational burdens, limiting generalization under diverse con-
ditions currently due to computational constraints.

The dynamic influence of the time-varying characteristics of material
parameters on the structural response has not been considered.

The current noise sensitivity analysis simplifies measurement errors
as Gaussian and uniform, which may not fully reflect real-world
scenarios. Non-Gaussian noise could increase the dispersion of pos-
terior parameter distributions and reduce identification stability.

Future research can be deepened in the following directions:

Explore approaches for constructing accurate surrogate models using
fewer initial FE simulations, further improving the efficiency and
accuracy of surrogate model.

Extend the proposed PCE-BI method to time-varying models, such as
concrete creep and steel corrosion.

Address such complexities by integrating non-Gaussian noise models
to better capture the irregularities of actual measurement errors,
enhancing the method’s robustness in practical engineering
applications.
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