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Abstract

In bridge health monitoring, structural responses are strongly coupled with temperature ef-
fects and vehicle load effects, making it difficult for conventional fixed thresholds and single
data-driven approaches to simultaneously achieve environmental adaptability and quantita-
tive reliability assessment. To address this issue, this study proposes a deep-learning-based
dynamic early-warning method for bridge structures, using health-monitoring data from
an in-service long-span cable-stayed bridge as the research background. First, a two-
month mid-span deflection time series is processed using variational mode decomposition
optimized by the Porcupine Optimization Algorithm to separate temperature-induced
effects. Subsequently, a hybrid prediction model integrating Informer and SEnet is con-
structed. Temperature and temperature-induced deflection components are used as input
features, and a sliding-window strategy is adopted to achieve high-accuracy prediction of
the temperature-induced deflection trend, which serves as the time-varying baseline of the
dynamic threshold. On this basis, vehicle load effects are modeled by combining Pareto
extreme value theory with finite element analysis and superimposed to establish a two-level
dynamic early-warning threshold system that satisfies code requirements. Furthermore,
a stochastic finite element Monte Carlo method is introduced to probabilistically model
uncertainties associated with material parameters, load effects, and model prediction errors.
The threshold failure probability at each time instant is taken as the evaluation metric,
enabling quantitative characterization of threshold reliability. The results indicate that
under combined multiple working conditions, the proposed method reduces the maxi-
mum failure probability of the first-level warning by 32.68% and that of the second-level
warning by 93.48%, with more stable and consistent probabilistic responses. In engineering
applications, simulation experiments based on stochastic traffic loading show that the
warning accuracy is improved by up to 19.27%, while the error rate is reduced by up to
16.16%. The study demonstrates that the proposed method possesses a clear physical and
statistical foundation as well as good engineering feasibility and provides a viable pathway
for transforming bridge early-warning systems from experience-based schemes toward
data-driven and risk-oriented frameworks.

Keywords: bridge health monitoring; deep learning; dynamic early warning method;
reliability analysis; Monte Carlo simulation

1. Introduction
As time progresses, a large number of bridge infrastructures are gradually enter-

ing a critical stage of long-term operation and maintenance. Owing to the continuous
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degradation of structural performance and the increasingly complex combined effects of
multiple loads, bridge health monitoring systems have played an important role in ensur-
ing structural safety and enabling the early identification of structural damage. However,
determining how to accurately and timely extract abnormal information indicative of struc-
tural damage or performance deterioration from the massive amounts of monitoring data
and further translate such information into effective operation and maintenance decisions
remains a major challenge in current engineering practice. Structural monitoring data are
essentially the mixed outcome of multiple coupled factors, among which the quasi-static
effects induced by temperature variations and the dynamic effects caused by vehicle loads
are the dominant sources [1]. Their coupling forms the primary background of the moni-
toring signals, while the weak abnormal features that truly reflect structural damage are
often obscured within it. Therefore, the development of novel intelligent early warning
methods capable of effectively separating different effects and being sensitive to structural
damage is of great significance for enhancing the practical applicability and reliability of
bridge health monitoring systems [2,3].

As an important component of bridge health monitoring, early warning methods
have been extensively studied by researchers worldwide with respect to monitoring data
analysis and warning strategy development. Methods based purely on physical models
represent the earliest form of warning threshold determination. For example, Fan et al. [4]
established dynamic deflection warning thresholds for bridges by combining the general-
ized Pareto model with finite element analysis. Zheng et al. [5] established a three-level
early-warning threshold system for bridges based on data variations under the service-
ability limit state. However, the safety thresholds defined using finite element-based
physical models allow relatively wide ranges of structural variation, making it difficult
to capture abnormal structural state changes in real time, and they are prone to missed
warnings. With the continuous accumulation of monitoring data, data-driven approaches
have demonstrated significant potential. Traditional statistical methods—such as regression
analysis [6–8], principal component analysis [9], and kernel density estimation [10]—have
been widely applied to environmental effect separation and data normalization. How-
ever, these methods are generally based on linear or weakly nonlinear assumptions and
thus have limited capability in capturing the complex high-order nonlinear and hysteretic
relationships between temperature variations and structural responses. In recent years,
the rapid development of deep learning has provided transformative tools for addressing
complex time-series analysis problems in bridge health monitoring. Deep learning models,
represented by recurrent neural networks and their variants [11,12], as well as Transformer-
based large-scale models and their variants [13,14], have shown strong performance in
structural response prediction, damage diagnosis, and related applications. In the field
of structural engineering, Lazaridis et al. [15,16] investigated the performance of various
machine learning algorithms in predicting earthquake-induced damage in different rein-
forced concrete frame structures and deployed these algorithms in cloud-based practical
applications. Similarly, in the field of bridge structural health monitoring, deep learning
algorithms have demonstrated strong predictive capabilities. Jiang et al. [17] proposed a
data-driven dynamic strain early-warning method by integrating a Generative Adversarial
Network (GAN) with a Long Short-Term Memory (LSTM) network in which the GAN is
employed to capture the data distribution characteristics and enhance the robustness of
strain prediction. Ju et al. [18] developed a structural deflection early-warning method
based on a bidirectional gated recurrent unit network with an attention mechanism, where
environmental temperature data and traffic load coefficients are incorporated to update the
warning thresholds in real time. Men et al. [19] utilized an LSTM-based deep learning ar-
chitecture to achieve accurate prediction of structural monitoring data and further realized
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dynamic early warning for bridge structural safety. Relying solely on deep learning models
for early-warning threshold setting imposes stringent requirements on prediction accuracy,
while the resulting thresholds often lack clear engineering meaning, interpretability, and
controllability; moreover, the relatively narrow threshold intervals tend to cause frequent
and potentially spurious warnings.

In addition to threshold construction, reliability evaluation of warning results is also
an indispensable component of early warning systems. As a quantitative assessment ap-
proach [20,21], reliability analysis plays a crucial role in identifying and enhancing the
stability and effectiveness of warning system performance. At present, reliability assess-
ment has been applied in various scenarios, including the evaluation of nonlinear behavior
of bridge structures [22], reliability analysis of structures with low failure probabilities [23],
and reliability assessment of natural gas pipeline supply systems [24]. Owing to its strong
model generalization capability, sound computational framework, and high credibility of
results, reliability analysis has gradually been extended beyond the aforementioned appli-
cation fields to the stability and safety evaluation of early warning systems. For example,
Duque et al. [25] investigated the reliability of flood early warning systems using Monte
Carlo simulation and further improved the warning system based on the evaluation results.
Wang et al. [26] proposed a multi-objective expected value optimization method based
on expert judgment and Monte Carlo simulation to assess and optimize safety systems
for underground engineering. Sattele et al. [27] proposed a threshold-based approach for
natural hazard early warning systems in which reliability analysis was employed to evalu-
ate system performance and decision effectiveness. To further characterize the differences
among performance indicators of early-warning systems, Soundararajan et al. [28] con-
ducted a refined investigation into slope performance using Monte Carlo simulation based
on reliability indices and failure probabilities. Finazzi et al. [29] evaluated the robustness of
smartphone-based earthquake early-warning systems by employing parametric statistical
models, hypothesis testing, and Monte Carlo simulation, with particular emphasis on false
alarm and missed-detection rates, and demonstrated the effectiveness of the proposed
evaluation framework. Chen et al. [30] analyzed the influence of various control variables
on the time-variant reliability of subsea structures by adopting equivalent normalization
techniques in combination with Monte Carlo simulation.

Existing studies indicate that bridge health monitoring and early-warning systems still
exhibit notable deficiencies in the critical stage of warning methodology and practical ap-
plication. First, data-driven models and physical–mechanical models have long remained
decoupled at the threshold-setting level. Purely data-driven approaches typically rely on
prediction residuals or anomaly scores as warning criteria. Although adaptive, such thresh-
olds lack explicit engineering meaning and auditable justification, making false alarm and
missed alarm rates prone to temporal fluctuation and difficult to control. In contrast, purely
physics-based approaches can provide mechanical interpretability but often depend on
idealized boundary conditions and parameter assumptions, which are insufficient to cap-
ture multi-source randomness and model uncertainty in long-term monitoring, resulting in
limited applicability and stability of thresholds under real operating conditions. Conse-
quently, while existing studies have achieved progress separately in prediction accuracy or
mechanical analysis, a systematic solution for jointly translating data patterns and mechan-
ical constraints into implementable and controllable risk-oriented warning thresholds is
still lacking. Second, current early-warning research is predominantly driven by improving
prediction accuracy or anomaly detection sensitivity, with performance gains often used
as the primary evidence of effectiveness. However, probabilistic reliability assessment
and quantitative application-oriented analysis of warning outcomes are generally absent.
In particular, key engineering questions remain unanswered, such as the probabilities of
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false alarms and missed detections under a given threshold, and whether the threshold
maintains a stable risk boundary under uncertainty propagation—issues that are essential
for practical deployment. In other words, how to systematically integrate fusion and
quantification concepts throughout the entire warning chain—including environmental
effect separation, load effect modeling, hierarchical threshold construction, and threshold
reliability evaluation—has yet to be adequately explored.

To address the above issues, this study proposes an intelligent bridge health moni-
toring early-warning framework that integrates data-driven and physics-based modeling,
hierarchical threshold setting, and probabilistic reliability assessment into a unified scheme
for the first time. First, the temperature effects in mid-span deflection monitoring data are
separated using the CPO-VMD method. An Informer–SEnet-based deep learning model is
then developed in which temperature and temperature-induced deflection components are
used as input features, while the temperature-induced deflection trend is taken as the target
variable. A sliding-window strategy is adopted, whereby the subsequent 144 data points
are predicted from the preceding 144 historical points, enabling high-accuracy forecasting
of the temperature-induced trend. Second, vehicle load effects are characterized through
both physical and statistical modeling approaches. On the one hand, a finite element model
is used to compute vehicle-load-induced deflection under the serviceability limit state. On
the other hand, to capture the heavy-tail characteristics of vehicle-induced deflection, the
peaks-over-threshold method based on Pareto extreme value theory is adopted to model tail
behavior and estimate vehicle-load-induced deflection at specified exceedance probabilities.
These two results are then respectively combined with the temperature-induced trend to
construct two-level dynamic early-warning thresholds, enabling synergy between engineer-
ing constraints and data adaptivity. Furthermore, a Monte Carlo simulation framework
based on stochastic finite element modeling is introduced to jointly account for multiple
sources of uncertainty, including temperature variability, stochastic traffic loading, model
errors, and prediction uncertainty, and to quantify their propagation effects along the warn-
ing chain. Monte Carlo samples are compared with the predefined dynamic thresholds,
and the comparison results are used as the reliability control objective: samples exceeding
the threshold are classified as failures, while others are regarded as reliable. The threshold
performance is thus probabilistically characterized in terms of failure probability. Finally,
the effectiveness and engineering applicability of the proposed framework are validated
through a real-world bridge case study. The results show that, under multi-condition simu-
lated datasets, the proposed method improves reliability by up to 58.01% compared with
traditional fixed-threshold approaches and by up to 6.19% compared with existing dynamic
warning methods. In validation using four consecutive days of real-time monitoring data
and simulation experiments, confusion-matrix-based evaluation indicates that, relative to
fixed-threshold methods, the warning accuracy is increased by up to 0.17% and the false
alarm rate is reduced by up to 0.17%; compared with existing dynamic warning methods,
the accuracy is improved by up to 19.27% and the false alarm rate is reduced by up to
16.16%. These results confirm the accuracy, stability, and practical engineering value of the
proposed method for structural anomaly early warning.

This study proposes a deep learning-based dynamic early warning threshold method
for bridge structures. Taking an in-service long-span cable-stayed bridge as the engineering
background, the reliability and feasibility of the proposed dynamic warning threshold
method are verified from both theoretical and practical engineering perspectives. The
remainder of this paper is organized as follows. Section 2 introduces the principles of the
related methodologies, including the Informer–SEnet architecture, extreme value theory,
and the stochastic finite element Monte Carlo simulation method. Section 3 presents the
development of the dynamic early warning method based on actual engineering monitoring
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data using the above approaches. Section 4 demonstrates the practical performance of the
proposed dynamic warning threshold method through an engineering case study. Finally,
Section 5 summarizes the main conclusions of this study.

2. Methodology
2.1. Principle of Informer-SEnet Model
2.1.1. Informer Model

Informer [31] is an efficient extension of the Transformer [32] for long-term time-series
forecasting. It mainly consists of three core modules: sparse attention, hierarchical feature
extraction, and generative decoding. The detailed principles are described as follows.

(1) Sparse Self-Attention Mechanism

The core improvement of Informer is to replace the conventional self-attention mecha-
nism, which computes correlations between each time step and all others. Instead, only
a small number of the most representative time steps are selected for global interaction,
significantly reducing computational complexity with little loss of prediction accuracy.
To this end, Informer defines an importance score M(qi, k) to measure the divergence
between the similarity distribution of a query qi with respect to key vectors k and a uniform
distribution. The formulation is given as follows (1):

M(qi, k) = log

 L

∑
j=1

e
qikT

j√
dk

− 1
L

L

∑
j=1

qikT
j√

dk
(1)

Simplifying the above equation further yields

M(qi, K) = max
j

{
qikT

j√
d

}
− 1

Lk

Lk

∑
j=1

qikT
j√
d

(2)

In expression (2), the first term is the log-sum-exp operation, which measures the
overall attention intensity generated by the interactions between the query qi and all keys.
The second term is the mean of the scaled similarities between the query and the keys.
Their difference characterizes the sharpness of the attention distribution: a larger value
indicates a more important query, whereas a smaller value implies a distribution closer to
uniform and thus negligible.

As shown in the above equation, a set of query vectors Q with the highest scores are
selected to participate in the attention calculation. The sparse attention mechanism can be
formulated as follows:

Attention(Q, K, V) = So f tmax

(
QKT
√

dk

)
V (3)

In Formula (3), Q is the query matrix; K is the key matrix; V is the value matrix; and
dk is the dimensionality of the key matrix.

Sparse attention essentially selects the most important time points from long time
series and concentrates computational resources on a small number of segments that are
most relevant to prediction, making it particularly well suited for forecasting long-term
monitoring data.

(2) Hierarchical Feature Extraction

Relying solely on sparse attention may still retain a considerable amount of redundant
information. To further improve efficiency and enhance multi-scale feature representa-
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tion, the Informer model introduces an information distillation layer after the attention
mechanism. This design enables the model to capture local fluctuations without being
slowed down by excessively long sequences, thereby effectively preserving the key trend
components of the series. The information distillation mechanism mainly consists of the
following two parts:

(1) One-dimensional convolution extracts local multi-scale features

The convolution kernel slides along the temporal dimension, effectively extracting
local patterns within different time windows.

Y(l) = ELU
(

Conv1D
(

LayerNorm
(

X(l)
)))

(4)

In Formula (4), X(l) represents the input feature of the l-th layer; LayerNorm denotes
layer normalization; Conv1D stands for one-dimensional convolution; and ELU refers to
the Exponential Linear Unit activation function.

(2) Max pooling downsampling

Following the convolution operation mentioned above, pooling is applied. Common
pooling methods include average pooling and max pooling. To reduce computational
complexity while preserving important feature scales, this study employs max pooling
for downsampling.

X(l+1) = Maxpool1D
(

Y(l), stride = n
)

(5)

In Formula (5), the “stride” represents the step size of the kernel movement along
the temporal dimension, which directly determines the compression ratio of the sequence
length. Typically, a stride of 2 is chosen in the model, which directly halves the sequence
length, thereby further reducing computational complexity.

(3) Generative Decoder

The decoder in Informer primarily consists of two parts: one is the ground-truth value
Xtoken truncated at the end of the input sequence, and the other is the predicted value X0.
The input sequence X f eed_de for the decoder is calculated as follows (6):

X f eed_de = Concat(Xtoken, X0) (6)

Based on the above principles, the overall workflow of the Informer model for time-
series forecasting can be summarized as shown in Figure 1.

2.1.2. Squeeze and Excitation (Senet) Module

SEnet enhances feature representation by modeling channel dependencies and dy-
namically reweighting feature channels [33]. Specifically, the SEnet module assigns an
importance coefficient to each feature channel, enabling the model to automatically em-
phasize informative features while suppressing irrelevant or noisy ones. When integrated
with Informer, the combined model leverages both long-sequence modeling capability and
feature recalibration, thereby improving the prediction accuracy of temperature-induced
strain. The corresponding architecture is illustrated in Figure 2.

This module mainly consists of two components: Squeeze (global information com-
pression) and Excitation (modeling inter-channel dependencies). The workflow of this
module is illustrated in Figure 3, and its underlying principles are described as follows:
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Figure 1. Informer Model Architecture Diagram.

Figure 2. Channel Attention Mechanism.

(1) Squeeze Module

The module compresses spatiotemporal dimensional information through global aver-
age pooling, aggregating the mean of each channel’s feature map into a global descriptor
vector. This enables the model to focus on overall contextual information rather than local
details. The corresponding formulation is given as follows (7):

zc =
1

H × W

H

∑
i=1

W

∑
j=1

Xc(i, j) (7)

where H and W denote the height and width of the feature map, respectively; i and j are
the indices along the height and width directions; and Xc(i, j) represents the element at
position (i, j) of the c-th channel.
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(2) Excitation Module

The purpose of this module is to enable the model to learn the relationships among
different channels and to determine which channels are more important. It captures inter-
channel dependencies through a two-layer fully connected network, thereby addressing
the channel selection problem. The corresponding formulation is given as follows (8):

s = σ(W2δ(W1z)) (8)

where W1ϵR C
r ×C denotes the compression weight matrix, W2ϵRC× C

r denotes the expansion
weight matrix, and r represents the channel reduction ratio. δ(·)denotes the ReLU activation
function, σ(·) denotes the Sigmoid activation function, and sϵRC represents the channel-
wise weight vector.

Figure 3. SEnet Module Flowchart.

2.2. Extreme Value Theory

Extreme value theory mainly investigates the statistical regularities of extreme out-
comes of random events. In practical applications, there are two primary approaches for
extreme value analysis: the block maxima method and the peaks-over-threshold method.

2.2.1. Block Maxima Method

The Block Maxima Method divides the original observation sequence into multiple
non-overlapping time blocks and extracts the maximum or minimum value within each
block. Let X1, X2 . . . . . . Xn be a sequence of independent and identically distributed random
variables. Define Mn = max(X1, X2 . . . . . . Xn). If there exist constant sequences an > 0
and bn such that the normalized extreme values converge to some limiting distribution
function G(Z),

lim
n→∞

P
(

Mn − bn

an
≤ z
)
= G(Z) (9)

then G(Z) must belong to one of the following three types of extreme value distributions:

(1) Gumbel distribution (Extreme Value Type I)
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G(Z) = exp
[
−exp

(
− z − µ

σ

)]
, z ∈ R (10)

(2) Fréchet distribution (Extreme Value Type II)

G(Z) =

0, z ≤ µ

exp
[
−
(

z−µ
σ

)−α
]

, z > µ, α > 0
(11)

(3) Weibull distribution (Extreme Value Type III)

G(Z) =

exp
[
−
(
− z−µ

σ

)−α
]

, z < µ, α > 0

1, z ≥ µ

(12)

These three distributions can be unified into the generalized extreme value distribution,
with its cumulative distribution function expressed as (13):

G(z; µ, σ, ξ) = exp

{
−
[

1 + ξ

(
z − µ

σ

)]− 1
ξ

}
(13)

where µ denotes the location parameter, characterizing the central position of the distri-
bution function; σ indicates the degree of dispersion measuring the extreme values; and ξ

determines the tail type of the distribution.

2.2.2. Peak over Threshold (POT) Method

(1) Peak Over Threshold Extreme Value Theory

The Peak Over Threshold (POT) method utilizes samples exceeding a certain threshold
u to estimate extremes, currently the most widely applied extreme value analysis approach.
Assume X1, X2 . . . . . . Xn are n independent samples drawn from a population distribution
function F(x). Given a sufficiently high threshold u, the conditional distribution of the
excess Y = X − u|X > u is

Fu(y) = P(X − u ≤ y|X > u) =
F(y + u)− F(u)

1 − F(u)
, y ≥ 0 (14)

According to the Pickands–Balkema–de Haan theorem, when the threshold is suffi-
ciently large (i.e., tending toward the right endpoint of the extreme value distribution), the
above conditional distribution converges to the generalized Pareto distribution:

G(y) =

{
1 −

(
1 + ξ

y
σ

)− 1
ξ , ξ ̸= 0

1 − exp
(
− y

σ

)
, ξ = 0

y ≥ 0 (15)

where ξ is the shape parameter, which critically influences the type of generalized Pareto
distribution. When ξ = 0, the conditional distribution is exponential; when ξ > 0, it is a
Pareto Type II distribution; when ξ < 0, it is an ordinary Pareto distribution. The variable
yϵD(σ, ξ), i.e.,

D(σ, ξ) =

{
[0, ∞), ξ ≥ 0[
0,− σ

ξ

]
, ξ < 0

(16)

Based on the fundamental principles of the Peak Over Threshold method, this paper
proposes a prediction approach for extreme live load effects under the condition that
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live load effect values have already been obtained, employing the generalized Pareto
distribution for extreme value analysis.

(2) Threshold Selection

In extreme value analysis based on the generalized Pareto distribution, threshold
selection is key to balancing estimation bias and variance. A threshold set too low tends
to introduce convergence bias, while setting it too high increases variance due to scarce
samples. This paper employs the Mean Residual Life (MRL) plot method to determine the
optimal threshold by analyzing sample exceedances. The mean excess function e(u) for the
generalized Pareto distribution can be expressed as (17):

e(u) = E(x − u|x > u) =
σu + ξu

1 − ξ
, ξ < 1 (17)

where u is the candidate threshold, and σu is the scale parameter corresponding to threshold
u. From Equation (17), it can be seen that the mean excess function is a linear function of u,
with a slope of ξ/(1 − ξ) and an intercept of σu/(1 − ξ). For the samples X1, X2 . . . . . . Xn,
the empirical estimate of the mean excess is

en(u) =
1

Nu

Nu

∑
i=1

(Xi − u), Xi > u (18)

Based on the number of exceedances Nu, plot the Mean Residual Life (MRL) graph. If
there exists a threshold point u0 in the graph such that the data beyond it exhibits a linear
trend, this indicates that the exceedance data follows a generalized Pareto distribution, and
u0 can be selected as the optimal threshold.

(3) Parameter Estimation for Generalized Pareto Distribution

Parameter estimation is a core issue in conducting extreme value statistical analysis us-
ing the generalized Pareto distribution. By studying different literature and methodologies,
this paper selects the maximum likelihood estimation method to estimate the parameters
of the generalized Pareto model in Equation (15). When ξ ̸= 0, the log-likelihood function
of the generalized Pareto distribution is

l(σ, ξ|y) = −nlnσ −
(

1 +
1
ξ

) n

∑
i=1

ln
(

1 +
ξyi
σ

)
(19)

When ξ = 0, the log-likelihood function can be expressed as

l = (σ|y) = −nlnσ − 1
σ

n

∑
i=1

yi (20)

Taking partial derivatives of the log-likelihood function with respect to ξ and the scale
parameter σ, respectively, and setting them to zero yields a system of nonlinear equations
for the parameters. Since this system has no analytical solution, numerical optimization
methods must be employed to solve it, thereby obtaining the maximum likelihood estimates
of the relevant parameters.

(4) Quantile Estimation

The result of extreme value analysis can be expressed by calculating the p-quantile
xp, which predicts the extreme value of the relevant variable at an assurance level p (the
probability of not exceeding this value is p):
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xp = µ0 +
σ

ξ

[
n

Nu
(1 − p)−ξ − 1

]
(21)

where ξ and σ represent the shape parameter and scale parameter, respectively; n denotes
the sample size; and Nu is the number of samples exceeding the threshold. In the process
of quantile estimation, the relationship between the return period TR, the design reference
period T, and the assurance level p is involved. According to the requirements of the
General Code for Design of Highway Bridges and Culverts [34], the relationship among
these three can be expressed as

P =

(
1 − 1

TR

)T
(22)

For example, for an assurance level of p = 0.95 and a design reference period of 100 years,
the corresponding extreme value return period is approximately TR ≈ 1950 years.

2.3. Stochastic Finite Element Monte Carlo Simulation Method
2.3.1. Reliability Theory

Reliability theory describes the performance degradation and failure behavior of a
system under uncertain conditions using random variables. The core of this research
problem is the probability that a system does not fail under a given time or working
condition. The relevant fundamental calculation formula is as follows (23)–(26):

Z = R − S (23)

Pf = P(Z < 0) = P(R < S) =
x

R < s fRS(r,s)drds (24)

ϕ(x) =
∫ x

−∞

1√
2π

e−
t2
2 dt = P(X ≤ x) = 1 − a (25)

Pf =
∫ 0

−∞
fz(z)dz = ϕ(−β) = 1 − Ps (26)

where z is the structural function, R represents resistance, S represents action effect, a is the
significance level, ϕ(x) is the probability distribution function, Pf is the failure probability,
and β is the target reliability index.

Drawing on the theoretical basis of reliability theory, this paper calculates the failure
probability between the early warning threshold and the structural response caused by
uncertain variables, thereby further quantifying the reliability of the proposed method.
By treating the i-th level warning as a quasi-failure event, the limit state function can be
defined as

gi(x) = Ti − y(x) (27)

where Ti is the warning threshold for the i-th level, and y(x) is the sampled or predicted
response value. The corresponding failure probability is

P{ fi} = P{(y(x) > Ti)} = P{gi(x) < 0} (28)

Monte Carlo simulation is employed to generate a large number of samples and
estimate the failure probabilities P{ f1}, P{ f2}. . ... P{ fn}.

2.3.2. Monte Carlo Finite Element Method

The core concept of the Monte Carlo Finite Element Method is to model
uncertainties—such as material parameters, load variables, and prediction model errors—as
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random variables. By performing extensive random sampling of finite element simulations,
structural responses and failure probabilities are statistically analyzed:

Y(x) = AX (29)

where A denotes the influence matrix, X represents the sampling results from the probabilis-
tic distribution model of the random variables, and Y(x) denotes the structural response.

The random vector [X1X2 . . . . . . Xn]
T is subjected to N random samplings, yielding

N sample vectors [X1X2 . . . . . . Xn]
T (j = 1, 2, . . . , N). Each sample vector

[
xj

1xj
2 . . . . . . xj

n

]T

is taken as the input, and a deterministic structural analysis is performed using the finite
element method. Consequently, Nsample response values are obtained. Based on these
N response samples, statistical hypothesis testing methods for population distributions
can be applied to identify the distribution type of the structural response R. When N is
sufficiently large, the mean and standard deviation of the structural response R can be
obtained using statistical theory as shown in (30) and (31):

µR =
1
N

N

∑
j=1

Rj (30)

DR =

√√√√ 1
N − 1

N

∑
j=1

(
Rj − µR

)2 (31)

3. Dynamic Early Warning Method
3.1. Data Preparation

This study takes a long-span cable-stayed bridge as the research background. The
bridge is a prestressed concrete double-pylon, double-plane cable-stayed bridge with a
total main-span length of 600 m. The bridge consists of six piers, numbered from Pier 16 to
21. The main girder adopts a prestressed concrete double-edge box-girder cross-section,
with a deck width of 32.5 m. The main pylons are 98 m in height. The stay cables are
arranged in a spatial double-plane configuration and consist of parallel wire stay cables.
A total of 100 pairs of stay cables are installed along the entire bridge. Within the bridge
health monitoring system, five vertical displacement monitoring points are arranged on the
main girder. Machine vision-based measurement devices are employed to achieve accurate
monitoring of vertical displacement. The specific layout of the monitoring points and the
monitoring equipment is illustrated in Figures 4 and 5.

Figure 4. Layout of vertical displacement monitoring points on the main girder.

The main girder deflection is recorded at a sampling rate of 1 s, whereas temperature
data are collected every 10 min. To ensure consistency between deflection and temperature
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data and to reduce the computational burden, the deflection data are downsampled by
taking the 10 min average as one observation. Prior to downsampling, an ARIMA-based
optimization algorithm [35] is applied to preprocess both deflection and temperature data.
If the data remain beyond a predefined warning threshold for an extended period, mainte-
nance personnel are notified for further inspection; otherwise, the preprocessing procedure
is used to correct sudden abnormal values. This strategy aims to ensure data stability and
continuity while preventing transient anomalies from affecting the experimental results,
thereby satisfying the deep learning model’s requirement for long-term sequential data. In
this study, a total of 8900 data points of mid-span deflection collected over two consecutive
months, from 22 October to 22 December 2025, are used for analysis. Correlation analysis
between ambient temperature and mid-span deflection indicates a strong negative corre-
lation, with an absolute correlation coefficient of 0.85, further confirming the significant
influence of temperature on deflection response. The correlation results are presented in
Figure 6.

Figure 5. (a) Displacement measurement using a machine vision camera. (b) Machine vision target.

Figure 6. (a) Temperature and mid-span deflection curves. (b) Scatter plot of temperature versus
mid-span deflection.

In bridge structural health monitoring, strain or deflection response signals usually
contain both live-load effects and temperature effects simultaneously. The live-load effect
is mainly reflected in high-frequency components, whereas the temperature effect is mixed
into the monitoring data in the form of low-frequency signals. The coupling of these two
effects can easily interfere with structural state assessment, thereby affecting the scientific
validity and accuracy of health monitoring results. To improve the prediction accuracy of
deep learning models for structural responses, this study introduces the Variational Mode
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Decomposition (VMD) method [10] prior to data input to separate the temperature effects
from the monitoring data.

Variational mode decomposition (VMD) is an adaptive and non-recursive signal
decomposition method whose core idea is to decompose an original signal into several
intrinsic mode components with finite bandwidth by formulating and solving a varia-
tional problem. However, the penalty factor α and the number of modes K are difficult
to determine manually. Therefore, the Porcupine Optimization Algorithm (CPO) [36] is
introduced to optimize the parameter combination (α,K) within the VMD framework. The
core concept of this approach is to use the minimum envelope entropy as the fitness func-
tion, define appropriate parameter search ranges, and automatically identify the optimal
parameter combination that yields the sparsest and most separable signal decomposition
under a given population size and number of iterations. This strategy avoids the subjec-
tivity associated with manual parameter selection and allows the number of modes to be
adaptively determined according to the spectral characteristics of the monitoring signal.
The temperature-effect separation results obtained using the CPO-VMD method provide
cleaner and more reliable input data for subsequent deep learning model training and
prediction, as well as for dynamic early-warning threshold construction and reliability
analysis. The decomposition results are shown in Figures 7 and 8.

Figure 7. (a) Original mid-span deflection data. (b) Separation results based on the VMD method.

Figure 8. (a) Time-Domain Decomposition Results of CPO-VMD. (b) Frequency-Domain Decomposi-
tion Results of CPO-VMD.
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Based on the CPO-VMD optimization results, the optimal parameter combination is
determined as α = 522 and K = 6. To more accurately distinguish temperature-induced de-
flection responses from live-load-induced deflection effects, correlation coefficients between
temperature and each decomposed mode are evaluated. In Table 1, as K increases from 1 to
4, the correlation coefficient increases from −0.6870 to −0.8422; after further incorporating
IMF5 and IMF6, the correlation coefficient remains at a similar level without further increase.
Furthermore, as shown in the time-domain and frequency-domain results in Figure 8, the
energy of IMF1–IMF4 is mainly concentrated in the low-frequency range, exhibiting clear
low-frequency-dominated spectral characteristics. In contrast, IMF5–IMF6 concentrate
their spectral energy in higher frequency bands with broader mid- to high-frequency com-
ponents, which are typically associated with instantaneous deflection fluctuations induced
by vehicle passages. Based on these observations, IMF1–IMF4 are identified as temperature-
induced deflection components shown in Figure 9a, while IMF5–IMF6 are attributed to
vehicle load effects shown in Figure 9b.

Table 1. Correlation coefficients between each modal component and temperature.

Correlation Coefficients IMF1 IMF12 IMF123 IMF1234 IMF12345 IMF123456

R −0.6870 −0.8252 −0.8421 −0.8422 −0.8422 −0.8422

Figure 9. (a) Low-frequency deflection effects. (b) High-frequency deflection effects.

3.2. Baseline Threshold

According to the calculation procedure of Pareto extreme value theory, the baseline
value of the warning threshold is determined in this study. First, the threshold of the
sample needs to be selected. The optimal threshold u0 is determined using the mean
residual life plot method. The relationship between the mean excess function and the
corresponding threshold is shown in Figure 10. As illustrated in the figures, when the
threshold exceeds 0.33 mm, the mean excess function exhibits a linear relationship with the
threshold. Therefore, the threshold u0 is taken as 0.33 mm.

By plotting the cumulative density function (CDF) and the Q–Q (Quantile–Quantile)
plot, the goodness of fit between the exceedance data and the GPD can be evaluated more
intuitively. Analysis of Figure 11 shows that the GPD fitted curve closely overlaps with the
empirical cumulative distribution function of the exceedance data, and the data points in
the Q–Q plot are almost entirely distributed along the fitted line. This indicates that the
Generalized Pareto Distribution provides a very good fit for the data exceeding 0.33.
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Figure 10. (a) Mean excess distribution plot. (b) GPD fitted distribution plot.

Figure 11. (a) Fitted distribution of the excess values. (b) Quantile fit goodness-of-fit plot.

The above steps determine the peak-over-threshold value u0 and demonstrate that
the data distribution conforms to the Generalized Pareto Distribution (GPD). In this study,
the maximum likelihood estimation method is adopted, and under a 95% confidence level,
the shape parameter is obtained as ξ = 0.325 and the scale parameter as σ = 0.105. With
the determined shape and scale parameters, the extreme value corresponding to a 95%
guarantee rate within a 100-year return period is calculated using the quantile estimation
Formula (21), yielding xp = 18.59 mm.

3.3. Prediction of Temperature-Induced Deflection Effects

The separation and analysis of deflection monitoring data indicate that temperature
effects are the dominant factor governing structural deflection variations. Neglecting tem-
perature effects can easily lead to missed or false warnings. To achieve more accurate and
stable warning performance, this study introduces a deep learning approach to model and
predict temperature-induced deflection, which exhibits periodic and nonlinear characteris-
tics, and constructs dynamic warning thresholds on this basis. An Informer–SEnet deep
learning prediction model is proposed. All experiments are implemented in a Python 3.9
environment using the PyTorch 2.0.0+CU118 framework and run on a Windows 11 operat-
ing system. Referring to parameter ranges commonly used in similar deep learning models,
multiple trials are conducted to determine the optimal parameter configuration. The In-
former adopts an encoder–decoder architecture consisting of three encoder layers and
two decoder layers to balance representational capacity and generalization performance.
Both the encoder and decoder include multi-head attention mechanisms, feedforward
neural networks, and hidden layers. The hidden dimension is set to 256, with eight atten-
tion heads, and the feedforward network dimension is eight times the hidden dimension.
Dropout regularization with a rate of 0.1 is applied after each fully connected layer, and
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the ReLU activation function is used. The batch size is set to 64, and the model is trained
for 120 epochs. The SE module consists of feature squeezing and channel recalibration.
Channel weights are adaptively adjusted via global average pooling and two fully con-
nected layers. The number of channels is set to 64 with a compression ratio of 16%, which
reduces computational complexity while maintaining model performance. Considering
the robustness and fast convergence of the Adam optimizer in training attention-based
deep time-series models, Adam is selected for model optimization. The learning rate is
set to 1 × 10−4, with default exponential decay parameters β1 = 0.9 and β2 = 0.999 and a
numerical stability term ε = 1 × 10−8. A weight decay coefficient of 1 × 10−5 is introduced
for regularization. In addition, a learning-rate scheduling strategy is adopted: when the
validation loss does not improve for 10 consecutive epochs, the learning rate is reduced
by a factor of 0.5. To ensure comparability and reproducibility, all experimental cases use
the same optimizer configuration and training parameters. The corresponding parameter
settings are summarized in Table 2 [37].

Table 2. Hyperparameter Settings for the Informer-SEnet Model.

Parameter Name Parameter Value Parameter Name Parameter Value

Informer Module

Hidden Features 256 Number of
Decoder Layers 2

Multi-Head
Attention Mechanism 8 Feed-Forward

Layer Dimension 2048

Number of
Encoder Layers 3 Activation Function ReLu

Learning Rate 0.0001 Loss Function MSE

Batches 64 Number of
Training Iterations 120

Dropout 0.1 Time Step Size 24

SEnet Module
Number of Channels 64 Activation Function ReLu, Sigmoid

Channel
Reduction Ratio 16% Pooling Type Average Pooling

In this experiment, the temporal resolution of the data and the physical characteristics
of bridge response variations are considered, and after multiple trials, the window length
is finally set to (S = 143) (one day) and the prediction horizon to (d = 143) (the next day) so
as to balance long-term trend representation and short-term fluctuation capture. With this
setting, a total of (N − S + 1) valid samples (where (N) is the total number of monitoring
points) are obtained. All samples are then randomly split into training, validation, and test
sets at a ratio of 7:2:1, while ensuring that the three sets do not overlap in time, so as to
objectively evaluate the model’s generalization performance.

Deep learning models generally require high-quality and large-volume data. Due to
the limited historical data available for the case-study bridge, this study primarily adopts a
public dataset to ensure the reliability and persuasiveness of the prediction results, and
to validate the proposed method across data from different time periods. The public
dataset is drawn from a standard open-source resource widely used in structural health
monitoring research, Bridge-health-monitoring-master. It contains time-series responses of
strain, displacement, and temperature under varying thermal conditions. The deflection
sensor is sampled at 10 min intervals, and 4433 records from May to June 2020 are selected
as the research basis. To evaluate the predictive performance of the model across different
datasets and time spans, comparative experiments and longitudinal ablation studies are
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conducted on the temperature-effect-separated data. LSTM, BiLSTM, and Transformer are
selected as baseline models for comparison, while variants such as Informer-Encoder and
Informer-Encoder-SEnet are used for ablation. The results demonstrate that Informer–SEnet
achieves higher accuracy and better stability in temperature-induced deflection prediction,
as shown in Figures 12 and 13.

  
(a) (b) 

Figure 12. (a) Radar Chart of Predictive Performance for Comparative Models (Measured Dataset).
(b) Radar Chart of Predictive Performance for Ablation Experiments (Measured Dataset).

Figure 13. (a) Radar Chart of Predictive Performance for Comparative Models (Open Dataset).
(b) Radar Chart of Predictive Performance for Ablation Experiments (Open Dataset).

The above results show that the Informer–SEnet model consistently outperforms
the baseline models on both the measured bridge dataset and the public dataset. In the
comparative experiments, it achieves a maximum reduction of 51.57% in MAE and 47.03%
in RMSE, and a maximum increase of 10.17% in R2. In the ablation studies, the maximum
reductions in MAE and RMSE reach 41.43% and 40.70%, respectively, while R2 improves
by up to 7.66%. These improvements demonstrate the superiority of Informer–SEnet
for multivariate long-term time-series forecasting across different seasons. Moreover,
the prediction errors are small, and the model attains an R2 of at least 0.97 in both the
measured-data and public dataset experiments, indicating that the predicted values can
closely reproduce the temporal trends of the ground truth. Since these trends primarily
reflect the thermal expansion and contraction of materials driven by temperature variations,
the results further confirm that the model can capture temperature-induced structural
response changes more accurately. This provides effective support for updating the time-
varying baseline of dynamic warning thresholds and for subsequent threshold calibration.

To further verify the reliability and purity of the deep learning prediction model,
two additional experimental settings are designed. The first group conducts five-fold
cross-validation [38]. The second group tests the model using measured data that contain
mixed vehicle load effects. This design aims to ensure the authenticity and robustness of

https://doi.org/10.3390/buildings16040823

https://doi.org/10.3390/buildings16040823


Buildings 2026, 16, 823 19 of 33

the experimental procedure as well as the integrity of the data sources. The corresponding
results are shown in Figure 14 and Table 3.

Figure 14. (a) Comparison of Prediction Curves for Mixed Data. (b) Bar Chart of Prediction Perfor-
mance Metrics.

Table 3. Results of Five-Fold Cross-Validation.

Index
Iteration

1 2 3 4 5 Average Standard Deviation

Measured
Dataset

MAE 1.515 1.442 1.692 1.346 1.501 1.499 0.113
RMSE 1.202 1.14 1.355 1.05 1.221 1.194 0.100

R2 0.985 0.985 0.98 0.988 0.983 0.984 0.003

Open
Dataset

MAE 2.091 1.96 2.146 1.994 1.943 2.027 0.078
RMSE 1.648 1.54 1.681 1.58 1.523 1.594 0.061

R2 0.964 0.976 0.966 0.968 0.972 0.969 0.005

The results of the five-fold cross-validation show that all evaluation metrics exhibit
superior and stable performance. The mean values of RMSE and MAE remain consistently
low across repeated runs, and their corresponding standard deviations are generally small,
indicating limited prediction variability and good robustness to different data splits. In
contrast, experiments with randomly mixed vehicle-load data yield inferior performance
across all metrics, with noticeably larger discrepancies between predicted and observed val-
ues. Together, these two experiments demonstrate that the proposed prediction model does
not suffer from data leakage or unintended data mixing during training and evaluation.

3.4. Warning Threshold Setting Method

(1) Yellow warning threshold (Level I warning)

The yellow warning threshold is determined based on historical monitoring data.
Specifically, the p-quantile xp obtained from the Pareto extreme value theory-based model
is first adopted. To ensure consistency with the probabilistic quantile values specified in
Chinese bridge design codes [34], the guarantee probability p is set to 95%. As derived
in Section 3.2, the baseline threshold is obtained as −18.59 mm. This value is then super-
imposed with the trend term predicted by the Informer–SENet deep learning model for
the temperature-induced effects on the bridge structure. This approach characterizes ex-
treme structural responses under temperature actions while maintaining statistical stability,
thereby enabling early identification of temperature anomalies or long-term cumulative
effects. Taking the prediction of the temperature-induced deflection trend over the next four
days as an example, the comparison between the predicted trend and the measured data
demonstrates that the model is capable of capturing the evolution of structural behavior
governed by thermal expansion. This indicates that the model has practical application
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value. Based on the predicted trend, a dynamic first-level warning threshold is constructed
by superimposing the baseline threshold, as illustrated in Figure 15.

Figure 15. (a) Prediction of temperature-induced deflection trend term. (b) Yellow warning
threshold line.

(2) Red warning threshold (Level II warning)

The red warning threshold is used to represent the safety control limit of the structure
under the superposition of multiple unfavorable effects, with a focus on potential safety risk
states. In this study, a full-bridge finite element model is established in Midas Civil 2019, as
shown in Figure 16. The main girder, pylons, and substructure are modeled using beam
elements, while the stay cables are modeled using tension-only truss elements. The whole-
bridge model consists of 1447 nodes and 1198 elements. Based on code-specified limit
conditions, the most unfavorable vehicle-load-induced deflection under the serviceability
limit state is obtained. The finite element analysis yields a value of −85.9 mm. This value
is superimposed on the predicted temperature-induced trend component to form the red
warning threshold, which can be seen in Figure 17.

Figure 16. Finite Element Model of the Bridge.

Figure 17. (a) Live-load-induced deflection. (b) Red warning threshold line.
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4. Engineering Application Analysis
4.1. Reliability Analysis

(1) Selection of uncertainty factors

To quantitatively characterize the uncertainties present in the process of evaluating
structural responses and early warning thresholds, it is essential to reasonably select and
probabilistically model the key influencing factors in stochastic finite element analysis. Con-
sidering the mechanical characteristics of bridge structures and the sources of monitoring
data, this paper treats material mechanical parameters, load effects, measurement errors,
and model prediction errors as the main random variables. Among them, parameters such
as material elastic modulus reflect the inherent uncertainties of the structure, while live
load effects and temperature actions represent external random excitations. The probability
distribution types and statistical parameters for each random variable are determined
based on statistical analysis of measured data, recommended values from design codes,
or relevant literature, and it is assumed that the random variables are independent of
each other. On this basis, probabilistic simulation of structural responses is conducted
through a stochastic finite element model, laying the foundation for subsequent Monte
Carlo sampling and the calculation of early warning reliability indices.

Based on relevant design codes and reference literature [34,39], the distribution types
of uncertainty factors are as shown in Table 4.

Table 4. Random Parameters and Distribution Types.

Number Parameters Type Mean Value Standard Deviation Distribution Type Variation
Range

1 Elastic modulus E 0.06 E Normal distribution /

2 Wind speed / / Extreme value Type
I distribution /

3 Overall
temperature difference 0 10 Normal distribution /

4 Gradient
temperature difference 0 5 Truncated normal

distribution [−2, 14 ◦C]

5 Cable-girder
temperature difference 0 5 Normal distribution /

6 Vehicle load 3 10 Truncated
normal distribution [0, 55 t]

7 Measurement error 0 0.5 Normal distribution /

8 Prediction error 0 1 Normal distribution /

(2) Parameter Sensitivity Analysis

Sensitivity analysis is a qualitative and quantitative method used to evaluate the
impact of changes in system parameters on system performance. By determining how
variations in each parameter affect the performance of the early warning system under
different conditions, the reliability of the warning method can be assessed. First, after
identifying the random parameters and their distributions, the finite element model is used
to examine how each parameter varies under different perturbations. Based on design
specifications and realistic variation ranges, a variation range is set for each selected influ-
encing factor—for instance, increasing or decreasing values by a specific percentage. The
sensitivity variations in each parameter, as obtained through the finite element model, are
illustrated in Figures 18 and 19 and Table 5 below. Among them, the vehicle braking force
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refers to the force exerted on the bridge deck during vehicle braking (sudden acceleration
or deceleration). The resulting deflection variation is included together in the live load
effect value.

Figure 18. (a) Impact of Wind Speed on Structural Response. (b) Impact of Live load on Structural
Response.

Figure 19. (a) Impact of Temperature on Structural Response. (b) Impact of Car Braking force on
Structural Response.

Table 5. Structural Response per Unit Change (mm).

Overall
Temperature
Difference

Gradient
Temperature
Difference

Cable-Girder
Temperature
Difference

Live Load Wind Speed

Left Side
Span Midspan 0.56 0.08 0.08 0.34 0.97

Midspan of
Main Span 1.12 4.79 0.66 1.55 1.14

Right Side
Span Midspan 0.56 0.08 0.08 0.34 0.96

(3) Result Analysis

After determining the random parameters and conducting parameter sensitivity anal-
ysis, this section constructs a test set consisting of 12 representative working conditions
based on the principle of full factorial experimental design. As shown in Table 6, these
conditions range from an ideal baseline scenario involving only temperature variation to
complex loading scenarios that combine temperature, wind speed, vehicle loads, and their
extreme combinations. On this basis, Monte Carlo simulations and reliability index compar-
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isons are employed to quantitatively reveal the evolution of the probabilistic characteristics
of the warning thresholds under the coupled effects of multiple environmental factors.

Table 6. Parameter combination scenarios.

Working
Condition

Parameter
Combination

Working
Condition

Parameter
Combination

Working
Condition

Parameter
Combination

1 Temperature 5 Temperature +
Live load 9 Temperature + Live

load + Measure Error

2 Live load 6 Temperature +
Wind Speed 10 Temperature + Wind

Speed + Measure Error

3 Wind Speed 7 Temperature +
Measure Error 11 Live load + Wind Speed

+ Measure Error

4 Measure Erro 8 Temperature + Live
load + Wind Speed 12

Temperature + Live
load+ Wind Speed +

Measure Error

Based on the above combined working conditions, Monte Carlo simulation is em-
ployed to perform random sampling and to calculate the failure probability of the warning
thresholds under different scenarios. In this study, the number of samples is set to 200,000.
The sampling results are presented in Figures 20 and 21 and Tables 7 and 8.

Figure 20. (a) Sampling results of Level I warning failure probability (Conditions 1–6). (b) Sampling
results of Level I warning failure probability (Conditions 7–12).

Figure 21. (a) Sampling results of Level II warning failure probability (Conditions 1–6). (b) Sampling
results of Level II warning failure probability (Conditions 7–12).
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Table 7. Statistical table of Level I warning threshold failure probability (Partial).

Point
Threshold Failure Probability of the Level I Warning Threshold

1 2 3 4 5 6 7 8 9 10 11 12
1 6.25 1.67 0.58 0.00 18.68 13.48 8.37 28.51 18.74 13.57 10.59 28.45
2 5.95 1.49 0.53 0.00 18.10 13.00 8.02 27.81 18.15 13.11 9.92 27.74
3 5.68 1.35 0.48 0.00 17.55 12.54 7.71 27.14 17.57 12.65 9.32 27.06

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
142 10.24 4.99 1.57 0.00 25.92 19.61 12.77 36.78 25.93 19.62 20.29 36.77
142 9.67 4.44 1.39 0.00 25.01 18.82 12.17 35.75 25.02 18.81 18.89 35.73
143 9.15 3.93 1.23 0.00 24.09 18.05 11.59 34.76 24.14 18.07 17.52 34.70

Mean Value 9.99 6.19 2.03 0.00 24.67 18.78 12.32 35.02 24.72 18.80 20.44 34.95

Table 8. Statistical table of Level II warning threshold failure probability (Partial).

Point
Threshold Failure Probability of the Level II Warning Threshold

1 2 3 4 5 6 7 8 9 10 11 12
1 0.00 0.00 0.00 0.00 0.08 0.03 0.01 0.34 0.08 0.03 0.00 0.36
2 0.00 0.00 0.00 0.00 0.07 0.03 0.01 0.31 0.07 0.02 0.00 0.33
3 0.00 0.00 0.00 0.00 0.06 0.03 0.01 0.28 0.06 0.02 0.00 0.30

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
141 0.01 0.00 0.00 0.00 0.16 0.07 0.03 0.59 0.17 0.07 0.00 0.63
142 0.01 0.00 0.00 0.00 0.16 0.07 0.02 0.58 0.16 0.07 0.00 0.61
143 0.01 0.00 0.00 0.00 0.15 0.07 0.02 0.55 0.15 0.06 0.00 0.59

Mean Value 0.01 0.00 0.00 0.00 0.14 0.06 0.02 0.52 0.15 0.07 0.00 0.56

(4) Contrast Experiments

To further verify the generalization capability and reliability of the proposed method,
an existing dynamic warning method reported in the literature is selected as Method 1 [40],
and a fixed-threshold method is adopted as Method 2 [41] for comparative experiments.
The core idea of the warning strategy in Method 1 is to use the residuals between the values
predicted by a deep learning model and the corresponding measured values, and then to
infer the warning threshold line based on the concept of confidence intervals, namely:

Y = X − P (32)

where X denotes the measured value, P represents the predicted value, and Y is the residual.
Assuming that the distribution of Y follows the Laida (three-sigma) criterion, the mean and
standard deviation of Y can be calculated. Based on the concept of confidence intervals, the
warning threshold interval can then be inferred accordingly.

The warning strategy of Method 2 is as follows: the Level I warning threshold is
determined from the historical monitoring database by statistically calculating the mean
and standard deviation of the monitoring data, and the Level I warning line is defined as
the mean plus three times the standard deviation. The Level II warning threshold is directly
taken as the code-specified limit value. Based on the above methods, the corresponding
experimental results are illustrated in Figures 22–26.

Based on the stochastic finite element Monte Carlo simulation method, this study
systematically evaluates the reliability characteristics of the constructed two-level dynamic
warning thresholds under the influence of multi-source uncertainties. The results show
that, within the Level I warning system, the maximum failure probability of the proposed
method is 35.02%, whereas the maximum failure probabilities of Method 1 and Method 2
are 52.02% and 38.81%, respectively. Within the Level II warning system, the maximum
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failure probability of the proposed method is only 0.56%, compared with 5.02% for Method
1 and 8.59% for Method 2.

Figure 22. (a) Sampling results of the Level I warning threshold for Method 1 (Conditions 1–6).
(b) Sampling results of the Level I warning threshold for Method 1 (Conditions 7–12).

Figure 23. (a) Sampling results of the Level II warning threshold for Method 1 (Conditions 1–6).
(b) Sampling results of the Level II warning threshold for Method 1 (Conditions 7–12).

Figure 24. (a) Sampling results of the Level I warning threshold for Method 2 (Conditions 1–6).
(b) Sampling results of the Level I warning threshold for Method 2 (Conditions 7–12).

The failure probability of the Level I warning threshold increases with the intensifica-
tion of coupled environmental and loading effects, while the Level II warning threshold
remains at a consistently low level, demonstrating favorable safety redundancy and stability.
Comparative results further indicate that, relative to the dynamic warning method reported
in the literature and the fixed-threshold method, the proposed approach exhibits lower
failure probabilities and more consistent probabilistic response characteristics under most
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working conditions. It effectively suppresses threshold drift caused by the superposition of
environmental effects, live-load randomness, and measurement errors. Overall, the above
analysis verifies the probabilistic reliability and engineering applicability of the proposed
dynamic warning method, providing quantitative support for its practical implementation
in bridge health monitoring and early warning systems.

Figure 25. (a) Sampling results of the Level II warning threshold for Method 2 (Conditions 1–6).
(b) Sampling results of the Leveler II warning threshold for Method 2 (Conditions 7–12).

Figure 26. (a) Comparison plot of Level I warning failure probability. (b) Comparison plot of Level II
warning failure probability.

4.2. Engineering Application Performance
4.2.1. Dynamic Early Warning Implementation Procedure

In practical engineering applications, the proposed dynamic early-warning method is
deployed based on the existing bridge health monitoring system. The monitoring system
continuously collects structural response and environmental information through machine-
vision targets installed at key sections of the main girder and temperature sensors and
uploads the data to the cloud for storage. The early-warning system operates on the server
side of the monitoring platform. It first preprocesses the real-time acquired data and then
establishes dynamic warning thresholds for structural responses according to the proposed
method. When the measured deflection response exceeds the corresponding level of the
threshold, the system automatically triggers the corresponding warning alert and pushes
the warning information to the operation and maintenance management module, providing
a basis for subsequent manual inspection and maintenance decision-making. The specific
workflow is illustrated in the following Figure 27.
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Figure 27. Deployment Workflow of the Health Monitoring System.

Figures 28 and 29 present the first- and second-level dynamic deflection warning
thresholds established based on the future temperature-induced trend predicted by the
Informer–SEnet model, extreme value theory, and finite element analysis, together with the
warning thresholds defined using reference methods. During the continuous monitoring
period, the data variations remain relatively stable, making it difficult to directly compare
the warning performance of thresholds obtained by different methods. To demonstrate the
superiority of the dynamic early-warning approach proposed in this study, two loading
scenarios are assumed: (1) Scenario 1: one 50-ton vehicle is introduced into normal traffic
flow; (2) Scenario 2: two 100-ton overloaded vehicles are introduced into normal traffic
flow. Finite element analysis is performed for both scenarios, and the resulting mid-span
downward deflections of the main girder of the case-study bridge are listed in Table 9.

Figure 28. Early Warning Performance under Scenario 1.

Table 9. Simulation Experiment Results.

Simulation Experiment Deflection Calculation Results (mm)

Scenario1 −35.65

Scenario2 −75.38
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Figure 29. Early Warning Performance under Scenario 2.

4.2.2. Effectiveness of Dynamic Early Warning Implementation

To quantitatively evaluate the identification capability and operational stability of
the health monitoring and early warning system in practical engineering applications,
this study introduces a confusion matrix to statistically analyze the dynamic warning
results. A confusion matrix is a statistical tool used to describe the correspondence between
the predicted results of a classification model and the true structural states, and it can
comprehensively reflect the performance of the warning system under different decision
scenarios. The confusion matrix can be expressed as

C =

[
TP FN
FP TN

]
(33)

where TP (True Positive) denotes the number of samples in which an abnormal condition
actually occurs and the system correctly triggers a warning; FN (False Negative) denotes
the number of samples in which an abnormal condition actually occurs but the system
fails to trigger a warning; FP (False Positive) denotes the number of samples in which the
structure is in a normal state but the system triggers a warning; and TN (True Negative)
denotes the number of samples in which the structure is actually normal and the system
does not trigger a warning.

In the study, accuracy and error rate are mainly adopted as the comprehensive evalua-
tion indicators, which are defined as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(34)

Error Rate =
FP + FN

FP + FN + TP + TN
(35)

The study evaluates the warning performance of different methods and the proposed
approach through comparative analysis based on actual engineering data under identical
monitoring conditions. From the perspective of the confusion matrix, the effectiveness of
warning implementation over a continuous period is assessed by modeling the dynamic
warning process in practical engineering as a classification problem. In this way, the identifi-
cation capability and stability of the warning system under real monitoring data conditions
are quantitatively evaluated. The relevant statistical results are shown in Figures 30–32 and
Tables 10 and 11.
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Figure 30. (a) Scenario 1 Warning Confusion Matrix (proposed method). (b) Scenario 2 Warning
Confusion Matrix (proposed method).

Figure 31. (a) Scenario 1 Warning Confusion Matrix (Comparative method 1). (b) Scenario 2 Warning
Confusion Matrix (Comparative method 1).

Figure 32. (a) Scenario 1 Warning Confusion Matrix (Comparative method 2). (b) Scenario 2 Warning
Confusion Matrix (Comparative method 2).

Table 10. Values of Evaluation Metrics for Warning Performance under Scenario 1.

Proposed Method Comparative Method 1 Comparative Method 2

Accuracy 100.00% 83.84% 100.00%

Error Rate 0.00% 16.16% 0.00%

Results from real-time monitoring and simulation experiments conducted on an in-
service long-span cable-stayed bridge indicate that the proposed dynamic early-warning
method can stably achieve online updating and hierarchical triggering of warning thresh-
olds under actual operating conditions. Compared with the fixed-threshold and dynamic
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warning methods reported in the literature, the introduction of a temperature-induced trend
prediction enables the warning baseline to adaptively adjust to environmental variations, ef-
fectively mitigating the interference of temperature fluctuations on warning criteria. Based
on confusion-matrix evaluation, the proposed method can accurately identify structural
abnormal states in the warning system. Under Scenario 1, the proposed method improves
accuracy by 19.27% and reduces the error rate by 16.16% compared with Method 1, while
achieving comparable performance to Method 2. Method 1, however, exhibits excessive
sensitivity to incidental fluctuations under normal traffic conditions, leading to false alarms.
Under Scenario 2, the proposed method improves accuracy by 19.03% and reduces the
error rate by 15.99% relative to Method 1; compared with Method 2, it achieves a 0.17%
increase in accuracy and a 0.17% reduction in error rate. Notably, Method 2 fails to timely
capture abrupt structural anomalies induced by overloaded vehicles, resulting in missed
warnings. Overall, these results demonstrate that the proposed approach delivers higher
discrimination accuracy and lower false alarm and missed alarm rates in bridge health
monitoring early-warning systems. By balancing warning sensitivity and system stability,
the method shows strong engineering feasibility and promising potential for practical
deployment and wider application.

Table 11. Values of Evaluation Metrics for Warning Performance under Scenario 2.

Proposed Method Comparative Method 1 Comparative Method 2

Accuracy 100.00% 84.01% 99.83%

Error Rate 0.00% 15.99% 0.17%

5. Conclusions
The study addresses the challenge in bridge health monitoring of establishing dy-

namic warning thresholds that simultaneously account for environmental adaptability, en-
gineering rationality, and quantitative reliability. A deep learning-based dynamic warning
threshold method for bridge structures is proposed, and its effectiveness and engineering
applicability are systematically investigated using monitoring data from an in-service
long-span cable-stayed bridge. The main conclusions are as follows:

(1) To address the strong coupling between temperature effects and vehicle load
effects in bridge structural responses, this study develops an Informer–SENet-based deep
learning model to accurately predict temperature-induced structural response trends and
uses them as a dynamic baseline. On this basis, vehicle load effects are modeled by
integrating extreme value theory and finite element analysis, and a two-level dynamic
warning threshold strategy suitable for the operational stage is proposed, enabling adaptive
adjustment of warning thresholds in response to environmental variations.

(2) By introducing a stochastic finite element Monte Carlo simulation approach, proba-
bilistic modeling is performed for multi-source uncertainties, including material properties,
load effects, and environmental factors. The failure probabilities and reliability indices
of different warning levels under multiple combined working conditions are systemati-
cally evaluated. Comparative results show that the failure probability of the proposed
method is reduced to as low as 0.56% under multi-condition scenarios, demonstrating that
the constructed hierarchical dynamic warning thresholds exhibit good stability and clear
probabilistic significance under uncertainty, and provide quantitative reliability support
for warning decisions.

(3) The proposed dynamic warning method is applied to long-term monitoring data
from an in-service long-span cable-stayed bridge to analyze the response characteristics
of dynamic warning thresholds under real operating conditions. The results indicate
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that, compared with other threshold-setting methods, the proposed approach effectively
suppresses false alarms and missed alarms caused by environmental temperature variations,
while maintaining strong detection capability for abnormal responses, thereby improving
the overall stability and engineering applicability of the warning system.

(4) A confusion-matrix-based evaluation is introduced to assess the warning perfor-
mance of the proposed method in real monitoring and simulation experiments. The results
show that the proposed method significantly reduces the false alarm rate while maintaining
a high abnormality detection capability. Compared with baseline approaches, the warn-
ing accuracy is improved by up to 19.27% and the error rate is reduced by as much as
16.16%, further demonstrating the discriminative capability and robustness of the proposed
dynamic early-warning method in engineering applications.

Overall, the proposed deep-learning-based dynamic early-warning threshold method
for bridge structures is supported by clear physical and statistical foundations. It also
demonstrates good adaptability and stability in engineering applications, providing a feasi-
ble technical pathway for transforming bridge health monitoring systems from experience-
based warning schemes toward data-driven and risk-oriented frameworks. Nevertheless,
several limitations remain: (1) Data dependence. The deep learning prediction model is
sensitive to the continuity and stability of monitoring data; sensor faults or abnormal data
can noticeably affect the performance of dynamic warning. (2) Model transferability and
generalizability. The current conclusions are mainly validated on a single bridge. Although
the generalization ability of the deep learning model has been examined, systematic cross-
bridge validation is still needed. In addition, finite element model parameters require
recalibration when structural systems and boundary conditions change. (3) Limited cover-
age of extreme conditions. For low-frequency but high-impact events—such as overloaded
vehicles, extreme temperature gradients, and strong winds—threshold behavior in the
tail-risk region still requires long-term verification and calibration using multi-source data,
due to the scarcity of such samples and limited monitoring duration.

To address these issues, future research can be pursued in the following direc-
tions: (1) Multi-bridge comparison and cross-domain validation. Benchmark datasets
covering multiple bridge types and multiple monitoring indicators should be established
to systematically evaluate the applicability of the proposed method across different bridges
and warning metrics. (2) Enhanced tail-risk and uncertainty modeling. Prediction uncer-
tainty and threshold confidence levels should be further characterized, enabling threshold
inversion and risk-constrained design targeting a specified failure probability. (3) Multi-
source data fusion and abnormal-scenario simulation. Numerical simulation should be
introduced to generate synthetic data under extreme scenarios, thereby expanding training
samples and improving the system’s capability to identify and warn against complex abnor-
mal states. With these extensions, the reliability, transferability, and practical engineering
value of the proposed dynamic warning method under complex service environments are
expected to be further improved.
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