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Strain is an important monitoring item in bridge structural health monitoring,
providing a crucial basis for fatigue and safety assessments of structures. Under
operational conditions, temperature and random traffic loads pose challenges for
bridge strain prediction. To address this issue, this paper proposes a strain
prediction framework over future forecasting horizons that explicitly considers
both temperature and traffic loads. Historical traffic loads and temperatures are
used as exogenous variables, and the TimeXer network is employed to predict the
characteristics of temperature-related and traffic-induced strain in bridges,
enabling the prediction of hourly strain characteristics over future horizons of
24,48, and 96 h. Based on a year-long monitoring dataset from a large-span steel
arch bridge, a strain dataset for typical locations was generated to validate the
proposed method. The results demonstrate that TimeXer can accurately predict
temperature-related strain and also effectively capture the trends of traffic-
induced strain. Compared with traditional long short-term memory or other
Transformer-based models, TimeXer, by incorporating exogenous variables,
significantly improves prediction accuracy, achieving the smallest average error
across all datasets. Based on the data from six strain measurement points on the
in-service bridge, the proposed prediction method demonstrated the best overall
performance. The findings demonstrate that incorporating physically relevant
exogenous variables significantly enhances strain prediction accuracy and
provides reliable support for bridge condition assessment and early warning
applications.
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1 Introduction

Bridges, as critical transportation infrastructure, are subject to prolonged exposure to
natural environments and daily loading conditions. Real-time monitoring and prediction of
their structural health status are of paramount importance (Sun et al., 2020; Xia et al., 2025).
Strain is one of the key indicators reflecting the stress state of bridge structures and is
commonly employed as a sensitive indicator for structural damage detection and evaluation
(Zhang et al., 2022). Many bridge health monitoring systems opt to monitor the strain at
some critical locations to assess their safety performance (Zhang and Liu, 2020).
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FIGURE 1
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Bridge photo and strain measurement points. (a) Bridge photo. (b) Elevation and top (unit:cm). (c) Main girder cross section(unit:cm).

FIGURE 2
Raw strain data.

Under operational conditions, temperature variations and
traffic loads induce changes in bridge responses (Lei et al,
2023; Gong et al., 2025a; Gong et al., 2025b), including
frequency, displacement, and strain. Although both factors
affect strain, they influence it in fundamentally different ways.
Temperature variations cause thermal expansion and contraction
of structural materials, resulting in temperature-induced strain.
Because temperature evolves gradually over time, the
corresponding temperature-induced strain also varies slowly,
exhibiting behavior similar to a trend component in the strain
time series. Bayraktar et al. (2022) investigated the thermally-
induced strain in the deck, pylon, and cables of a long-span cable-
stayed bridge. The results indicated that the deck strain was
significantly affected by temperature, while the pylon strain
had a weak correlation with temperature. Zhu et al. (2020)
formula to

proposed a universal

relationship between temperature and strain, and analyzed the

simple capture the

monitoring data of a steel truss girder bridge. Xia et al. (2017)

proposed an Ensemble Empirical Mode Decomposition (EEMD)
method to separate temperature-induced strain and also
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introduced a Euclidean distance-based loss index for detecting
structural damage through temperature-induced deformation.
The method was finally applied to assess a suspension bridge
that had been struck by a ship. Traffic load is another significant
influencing factor during the operational phase of a bridge. The
weight, and quantity of vehicles all have an impact on strain.
Unlike thermally-induced strain, the passage of vehicles over a
bridge is relatively brief, and traffic load is stochastic in nature.
Consequently, traffic-induced strain exhibits more abrupt
temporal changes and higher frequency (Shang et al., 2024).
Additionally, the amplitude of strain varies under different
traffic volumes. Wu et al. (2025) used distributed strain sensing
technology to propose a method for evaluating the longitudinal
stiffness of continuous rigid frame bridges based on traffic-
induced strain. Jian et al. (2022) proposed a robust bridge
weigh-in-motion algorithm that uses the influence line of
strain caused by vehicles passing over the bridge to identify
axle weights. Xia et al. (2020) proposed the use of the neutral
axis as an assessment index for concrete box girder bridges. By
measuring the strain of the box girder to calculate the neutral axis,
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FIGURE 3
Temperature and traffic load data.

FIGURE 4
Overview of missing strain data.

they achieved long-term performance evaluation of an
actual bridge.

To enable a more accurate analysis of temperature-induced and
traffic-induced strain, a variety of strain decoupling methods have
been developed. For instance, the moving average method is capable
of extracting temperature-related components from strain
monitoring data, allowing the dynamic load-induced strain to be
isolated from the total strain response. Li et al. (2022) proposed an
Auto Empirical Mode Decomposition (EMD) method for real-time
decoupling of strain caused by vehicles and temperature under
operational conditions, and validated it on a cable-stayed bridge.
Gu et al. (2024) proposed an improved blind source separation
method for separating thermally-induced strain and tested it on the

monitoring data of a long-span cable-stayed bridge. Dan et al. (2023)
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proposed a block recursive sliding variational mode decomposition
method for online strain mode decomposition, achieving online
separation of traffic-induced strain signals.

Accurate prediction of bridge strain can help identify potential
safety hazards in advance and provide a scientific basis for bridge
maintenance and early warning. As a typical time series, strain
prediction can be performed using time series models, such as the
Autoregressive (AR) model and the Autoregressive Moving Average
(ARMA) model (Poulimenos and Fassois, 2006; Poulimenos and
Fassois, 2009; Hu, 2024). Wang et al. (2019) used a Bayesian
Dynamic Linear Model to predict thermally-induced strain,
considering seasonal trends, and validated it on a long-span
cable-stayed bridge. Li et al. (2024) developed an information
entropy-based approach for predicting and decoupling bridge
monitoring data. Zhao et al. (2023) used the method of Bayesian
multivariate linear regression to establish a mathematical model of
bridge deflection and temperature for the prediction of structural
deflection. Qu et al. (2024a) proposed a Bayesian dynamic difference
model to predict bridge deflection, which can adaptively capture
non-stationary changes and predict the daily maximum deflection of
real bridges. Yang et al. (2024) employed a multivariate Bayesian
dynamic linear model to predict bridge performance degradation. In
recent years, with the rapid development of deep learning
technologies, an increasing number of studies have employed
deep learning methods for predicting bridge monitoring data,
owing to their powerful performance. Typical networks include
recurrent neural networks such as recurrent neural network (RNN)
and long short-term memory (LSTM) network, and convolutional
neural networks such as convolutional neural network (CNN) and
temporal convolutional network (TCN). Xu and Liu (2025) used
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FIGURE 5
Strain decoupling.

FIGURE 6
Extracted strain characteristics.

LSTM to predict the kernel function parameters of Gaussian process
regression for predicting temperature-induced strain in bridges.
Zhou et al. (2024) integrated optimization algorithms and signal
decomposition techniques with an LSTM model, achieving
improved prediction accuracy for bridge monitoring data. Feng
etal. (2026) proposed an interval prediction model for bridge flutter
based on a gated recurrent unit (GRU) network. Sun et al. (2023)
proposed a hierarchical CNN that predicts bridge bearing
displacement by inputting temperature, wind, and vehicle load
data, and analyzed the role of each type of load in the prediction.
Qu et al. (2024b) used a TCN network to reconstruct bridge dynamic
response data, improving the network’s prediction accuracy through
arithmetic optimization algorithms and a time-frequency joint loss
function. Wang et al. (2025) proposed a sparse matrix learning
method, integrating Fourier transform techniques, to learn features
from time series data in structural health monitoring. There have
also been numerous studies developing Transformer-based time
series prediction models, which have demonstrated strong
performance, such as Informer (Zhou et al, 2021), Autoformer
(Wu et al.,, 2021) and iTransformer (Liu et al., 2024; Seyedmilad
et al., 2025). These models have achieved satisfactory results on

Frontiers in Built Environment

10.3389/fbuil.2026.1749222

publicly available datasets in the fields of energy, transportation, and
weather forecasting. Recently, Wang et al. (2024) proposed a Time
Series Transformer with eXogenous variables (TimeXer) network,
which incorporates exogenous variables into the Transformer to
enhance the performance of time series prediction. TimeXer
achieved state-of-the-art performance on 12 public datasets,
indicating significant generalizability.

In terms of bridge strain prediction, temperature-induced strain
is highly correlated with ambient temperature and exhibits
significant periodic patterns. Most studies have primarily focused
on the prediction of temperature-induced strain. Although traffic
load has certain statistical patterns, the stochastic nature of vehicle
passage makes it difficult to predict when traffic-induced strain will
occur in the future. This poses a challenge for the prediction of
traffic-induced strain. To address this issue, this paper proposes a
method for predicting the hourly mean, maximum, and minimum
values of bridge strain, considering both temperature-related and
traffic-induced strain components. The strain data are decoupled
into temperature-related and traffic-induced components. The
mean values as well as the maximum and minimum values are
extracted as strain features, which are used to predict the future
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TABLE 1 Description of the data set.

10.3389/fbuil.2026.1749222

Measurement point humber Location Data length (hour)
#23 The top plate location at the quarter-point cross-section of the main girder 8,040
#27 The bottom plate location at the quarter-point cross-section of the main girder 8,040
#32 The top plate location at the midspan cross-section of the main girder 8,040
#36 The bottom plate location at the midspan cross-section of the main girder 8,040
#72 The quarter-point cross-section of the arch rib 8,040
#82 The midspan cross-section of the arch rib 8,040

average temperature-related strain and range of traffic-induced
strain. This paper employs the TimeXer prediction model,
incorporating temperature and traffic load data as exogenous
variables to enhance the accuracy of strain prediction. The
proposed method was validated on datasets from a large-span
steel arch bridge. The main innovations of this paper are as
follows: 1. A prediction framework for strain characteristics is
proposed, which considers the effects of both temperature and
traffic load. 2. The TimeXer time series prediction network is
employed, traffic
exogenous variables to improve the accuracy of strain prediction.

incorporating temperature and load as

The remainder of this paper is organized as follows: Section 2
provides an explanation of the data sources, introduces the strain
decoupling method, and the generation of the dataset; Section 3
describes the network architecture of TimeXer and proposes the
prediction framework for strain; Section 4 analyzes and discusses the
prediction results; and Section 5 summarizes the conclusions of
this paper.

2 Data collection and pre-processing
2.1 Data description

The data utilized in this study are sourced from a steel tube
concrete arch bridge, as shown in Figure la. The bridge is 530 m in
length with a main span of 500 m, and the rise-to-span ratio is 1/4.5.
The arch ribs are constructed using truss arches, and the upper
chord plane of the arch ring is equipped with “K”-shaped steel pipe
cross-bracings. The entire bridge is equipped with a total of
64 suspension cables, and the bridge deck panel adopts a lattice
girder system.

The bridge is equipped with a health monitoring system that
comprehensively monitors the bridge’s response as well as traffic
loads, wind speed, and temperature. The monitoring items for
structural response include: displacement, strain, acceleration,
inclination, cable force, etc. A total of 82 strain sensors were
installed on the main beam and arch ribs to monitor the
longitudinal and transverse strains at the quarter points and
midspan. The locations of the strain measurement points are
shown in Figure 1b, with multiple strain sensors installed at each
cross-sectional location. Figure 1c illustrates the arrangement of
strain sensor measurement points on the cross-section at midspan of
the main beam. The monitoring of the main beam strain primarily

Frontiers in Built Environment

focuses on the transverse and longitudinal strains of the top and
bottom plates.

The measured strain data are shown in Figure 2, which presents
the strain of the top plate at the quarter point over a period of 1 hour.
The sampling frequency is 10 Hz. It can be clearly observed from the
figure that the strain increases when vehicles pass over the bridge.
Figure 3 presents the data of temperature and traffic loads over a
period of 1 year. Considering the time lag between the structural
temperature and the ambient temperature, the structural
temperature at the mid-span of the main girder is used as the
input to the prediction model to avoid the influence of the lag effect.
The temperature data represent the average temperature for each
hour, while the traffic load data indicate the number of vehicles
passing over the bridge per hour. Temperature and traffic loads
exhibit significant diurnal patterns, with higher temperatures and
greater traffic volumes during the day, while lower temperatures and
reduced traffic volumes at night. In addition, temperature also shows
significant seasonal characteristics, with higher temperatures in
summer and lower temperatures in winter. In addition, due to
factors such as system power outages, large-scale missing strain data
occurred in January, February, and December, while occasional
missing anomalies were also observed in the remaining months, as
shown in Figure 4.

2.2 Temperature-related and traffic-
induced strain separation

The strain at the main beam location is significantly influenced
by traffic loads, with a large strain response generated as a vehicle
passes over the bridge. Although the number of vehicles follows
certain statistical patterns, the timing of vehicle passage over the
bridge remains random. Therefore, the strain induced by vehicles
poses a significant challenge to the prediction of strain data. This
paper proposes a method for predicting strain characteristics to
address this issue.

First, the strain signal is decomposed into high-frequency and
low-frequency components. The high-frequency component
primarily represents traffic-induced strain, whereas the low-
frequency component corresponds to a temperature-related
strain, which includes both the strain caused by temperature
variation and the baseline strain associated with initial stress and
dead load. The problem of strain decoupling has been extensively
studied, with methods such as moving average, empirical mode
decomposition (EMD), and low-pass filtering being commonly
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FIGURE 7
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Correlation analysis. (@) Measurement point #23. (b) Measurement point #27. (c) Measurement point #32. (d) Measurement point #36.

(e) Measurement point #72. (f) Measurement point #82.

employed. In this paper, strain data from different locations over a
period of up to 1 year are analyzed, so the method chosen is first and
foremost to ensure the stability of the results. Moving average and
EMD methods require the selection of appropriate parameters based
on the actual strain characteristics. For instance, under different
traffic conditions, the optimal window length for moving average or
the number of decomposition levels for EMD varies. Therefore, they
are not suitable for batch processing of long-term strain data from
various locations. This paper employs the Butterworth low-pass
filter method to separate temperature-related strain. The cutoff
frequency of the low-pass filter is set at 0.002 Hz, corresponding
to a period of 500 s. This period is significantly longer than the cycle
of vehicle passage over the bridge, thereby eliminating the short-
period traffic-induced strain while retaining the long-period
temperature-related strain. It should be noted that the selected
cutoff frequency is not unique, and any value within a reasonable
range that lies between the characteristic frequencies of temperature
variation and vehicle passage can be adopted. The results of strain
decoupling are shown in Figure 5, where the separation of
temperature-related strain and traffic-induced strain has achieved
satisfactory outcomes.

Since temperature variations are typically minimal within an
hour, the average value is used to represent the temperature-related

Frontiers in Built Environment

strain characteristics at that moment. In addition to fatigue
concerns, the strain induced by traffic loads is also of interest in
terms of its maximum and minimum values. For the extracted
traffic-induced strain, the maximum and minimum values within
each hour are extracted as the characteristics of the traffic-induced
strain. Figure 6 presents the analysis results of a longitudinal strain at
the top plate of the quarter point of the main girder. The thermo-
mechanical strain also exhibits a significant diurnal cycle, and the
seasonal impact on temperature is likewise pronounced.

2.3 Dataset generation

Strain data from 6 representative measurement points were
selected to construct the dataset, as shown in Table 1. The
measurement points listed in Table 1 are all labeled in Figure 1.
The selected locations include the quarter points and midspan of the
main beam and arch ribs. Due to significant data loss in December,
the dataset spans only approximately 11 months, amounting to
8,040 h. For each hour, three data features were calculated: the
average value of temperature-related strain, and the maximum and
minimum values of traffic-induced strain.

To illustrate the data characteristics of different measurement
points, further correlation analysis was conducted to discuss the
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FIGURE 8
Architecture of TimeXer.

correlation between strain and temperature, as shown in Figure 7. It
can be observed that the measurement points #23 and #32, located at
the bottom plate of the main beam, exhibit strong correlation with
temperature, while the points #27 and #36, located at the top plate,
show weaker correlation with temperature. Similarly, the strains on
the arch ribs have distinct characteristics. Measurement point
#72 shows a strong correlation with temperature, whereas point
#82 has a weak correlation with temperature. The above analysis
indicates that the selected dataset has sufficient diversity in data
characteristics, which is suitable for verifying the effectiveness of the
proposed method across different data.

3 Methods
3.1 TimeXer network

This paper utilizes Time Series Transformer with eXogenous
variables (TimeXer) (Wang et al., 2024) to predict the strain data.
The strain variations in bridges are caused by the combined effects of
temperature and traffic loads. Therefore, incorporating these
exogenous variables into the prediction model to provide
additional information can enhance the model’s predictive
performance. TimeXer builds upon the Transformer architecture
by modeling exogenous and endogenous variables separately and
jointly predicting the endogenous variables. Therefore, TimeXer is
highly suitable for the strain prediction problem in this study, with
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traffic loads and temperature being input as exogenous variables to
assist in strain prediction.

TimeXer network embeds endogenous and exogenous variables
into different representations and captures their dependencies through
self-attention and cross-attention mechanisms, as shown in Figure 8.

Assume that the input endogenous time series is x € RT*ars,
where, T is the time step length, 71,,,s is the characteristic dimension
of the endogenous variable. The time series is divided into non-
sy]. Each
segment is transformed into an embedded representation according

overlapping segments, resulting in N segments [si, sz, ...

to Equation 1 through linear transformation and positional encoding.
s/ = Linear (s;) + PosEnc (i) (1)

where, 5] € R* represents the time-segment-level endogenous
embedding, and d,,,o4e1 is the embedding dimension. Additionally,
a learnable global token is introduced to integrate global
information.

The exogenous variable embedding module generates a variate
token for each exogenous variable. Assuming the exogenous variable
input is Xexoy € RExdwrs  where L is the time step length of the
exogenous variable, and d, is the feature dimension of the

exogenous variable. The formula for exogenous variable
embedding is shown in Equation 2:
Xixog = Linear(xmg) + PosEnc(xmg) (2)

where, X{y,4 € RExdmode jg exogenous variable embedding.

frontiersin.org


https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org
https://doi.org/10.3389/fbuil.2026.1749222

Li et al.

FIGURE 9
Strain forecasting framework.

Self-attention is applied to the endogenous time segments
and the global token to capture the internal dependencies within
the time series. The self-attention mechanism can be expressed by
Equation 3:

. QK"
Self-Attention (Q, K, V) = Softmax<ﬁ> 3)
where, Q, K and V are the Query, Key, and Value matrices, and dj is
the dimension of the key vectors.

Cross-attention is used to integrate exogenous variable
information into the prediction of endogenous variables. The
global token of the endogenous variable interacts with the
embeddings of the exogenous variables. The cross-attention
mechanism can be expressed by Equation 4:

Cross—Attention(Qm, Kexogs Vexog) )
where Q,;, is the endogenous global token, and Kexg, Vexog are the
keys and values of the exogenous variables. For more technical
details, please refer to the literature (Wang et al., 2024).

3.2 Strain forecasting framework

The proposed strain prediction framework is shown in Figure 9.
In the data preprocessing step, it is necessary to preprocess the
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strain, temperature, and traffic load data to meet the input
requirements of the network. Additionally, considering the
presence of missing data in the monitoring data, it is essential to
further generate a missing data mask to facilitate further processing
within the network. Temperature and traffic load are input into the
TimeXer network as exogenous variables. Within the TimeXer
framework, exogenous variables are incorporated to supply
external driving information beyond historical strain data.
Temperature and traffic load were thus selected due to their
physical relevance, data availability, and their ability to enhance
the stability of strain prediction. For the decoupling of the strain
data, the average value is calculated for the temperature-related
strain, while the maximum and minimum values are calculated for
the traffic-induced strain, resulting in hourly strain features. The
final prediction is made through the TimeXer.

Data missingness caused by data transmission issues and power
outages is quite common in bridge monitoring. Therefore, it is
necessary to address the issue of data missingness. This study jointly
employed interpolation-based data filling and a missing-data
masking strategy to ensure normal model computation while
preventing the influence of missing data. First, it is necessary to
impute the missing data to ensure that the time series can be
properly calculated. In this paper, the missing values are imputed
using the mean value. A missing data mask is generated based on the
locations of the missing data. Furthermore, the missing data mask is
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FIGURE 10
Attention mask considering missing data.

embedded into the attention mask. In processing time series data, a
triangular causal mask is commonly used to ensure that each time
step can only access itself and previous positions, as shown in
Figure 10. In the attention mask shown in the figure, the ith row
represents the attention of the ith time step to other time steps. The
triangular mask ensures that only past data are attended to.
Additionally, by setting the column corresponding to the missing
data to 0 in the mask, all time steps are prevented from attending to
the missing data, thereby ensuring that the model is not affected by
the missing data. When all data points in a sample were missing, the
corresponding sample was discarded.

Figure 11 illustrates the inputs and outputs of the network. The
matrix on the left is the input matrix, which includes the input time,
strain data, temperature, and traffic load. The data length is the sum
of the complete input length and the output length, with the output
data portion masked. In the prediction task, only past strain,
temperature, and traffic load data are used for prediction. It
should be noted that temperature and traffic load also need to be

FIGURE 11
Inputs and outputs of the network
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masked to prevent information leakage from the future. In addition
to being input as exogenous variables, temperature and traffic load
are also incorporated as endogenous variables together with strain
data. The self-attention mechanism is utilized to capture the
intrinsic relationships among strain, temperature, and traffic load.
The temporal length of the model output is identical to that of the
input. The portion corresponding to the predicted time is regarded
as the prediction result.

3.3 Network training

The model has a dimension of 512, consists of 2 layers, and
employs 8 attention heads. The dataset is divided into training,
testing, and validation sets in the ratio of 7:2:1. The dataset was
divided in chronological order, while the samples were randomly
shuffled during training. The input length of the data is 96 h, and the
prediction lengths are set to 24, 48, and 96 h. The training batch size
is set to 32, and the learning rate is 0.0001. The Adam optimizer is
utilized. The loss function is the mean squared error (MSE) between
the predicted values X and the true values x. The formula for
calculating the loss function is shown in Equation 5:

Loss = MSE (%, x) (5)

where MSE (-) denotes the mean squared error. Additionally, to
prevent overfitting, an early stopping mechanism is employed.
Training is halted when the validation loss fails to decrease for
3 consecutive epochs.

4 Results and discussion

4.1 Results

Figure 12 presents the prediction results for the 6456th and
6706th hours across six datasets, with a prediction horizon of 24 h.
For both the top and bottom plates of the main beam, the hourly
average temperature-induced strain at measurement points #23,
#27, #32, and #36 is predicted with good accuracy. In addition, the
proposed network effectively captures the diurnal periodic
characteristics of the strain response, resulting in close agreement
with the measured values.
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FIGURE 12
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Predicting results with a length of 24 h (a) #23, hour 6,456. (b) #27, hour 6,456. (c) #32, hour 6,456. (d) #36, hour 6,456. (e) #72, hour 6,456. (f) #82,
hour 6,456. (g) #23, hour 6,706. (h) #27, hour 6,706. (i) #32, hour 6,706. (j) #36, hour 6,706. (k) #72, hour 6,706. (1) #82, hour 6,706.

The minimum traffic-induced strain exhibits behavior similar to
that
fluctuations, leading to satisfactory prediction performance. In

of temperature-induced strain, with no pronounced
contrast, the maximum traffic-induced strain shows abrupt
fluctuations caused by the passage of heavy vehicles within
individual hours. As the occurrence of heavy vehicles is
stochastic in nature, these sudden variations in the maximum
strain are difficult to predict. Nevertheless, the overall trend of
the maximum traffic-induced strain is still accurately captured by
the model.

Measurement points #72 and #82 are located on the arch ribs,
where the strain characteristics differ significantly from those of
the main beam. The strain response of the arch ribs is weakly
influenced by traffic loads but is considerably more sensitive to
temperature variations. This places higher demands on the
model’s ability to capture temperature-related characteristics
for accurate strain prediction. Consequently, the prediction
accuracy at the arch rib locations is lower than that achieved
for the main beam.
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Figures 13, 14 present the results for prediction step of 48 and
96 h, respectively. Despite the increase in prediction horizon, the
model still achieves satisfactory prediction results. For instance, at
measurement points #23 and #27, the predicted temperature-related
strain closely matches the measured values, regardless of whether the
prediction horizon is 48 or 96 h. For the maximum and minimum
values of traffic-induced strain, the prediction results also produce
trends that are essentially consistent with the true values. The
prediction of arch rib strain also achieves generally satisfactory
results. The results also reflect the potential of TimeXer in long-
term strain prediction.

4.2 Discussion

To further demonstrate the superiority of the proposed method,
comparisons were made with other commonly used time series
prediction models, and the results are presented in Table 2. It can be
that exhibits
measurement points #27, #36, and #82, achieving the lowest

observed TimeXer significant advantages at
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FIGURE 13

10.3389/fbuil.2026.1749222

Predicting results with a length of 48 h (a) #23, hour 6,456. (b) #27, hour 6,456. (c) #32, hour 6,456. (d) #36, hour 6,456. (e) #72, hour 6,456. (f) #82,
hour 6,456. (g) #23, hour 6,706. (h) #27, hour 6,706. (i) #32, hour 6,706. (j) #36, hour 6,706. (k) #72, hour 6,706. (1) #82, hour 6,706.

values of Mean Squared Error (MSE) and Mean Absolute Error
(MAE) on the test set. Although TimeXer did not achieve the best
results at measurement points #23 and #32, it is noteworthy that the
average values of MSE and MAE across all datasets were the smallest
for TimeXer. This also reflects the model’s ability to model different
data characteristics. While SegRNN achieved significant advantages
at measurement points #23 and #32, it did not achieve a significant
advantage in terms of the mean values across all datasets. According
to the correlation analysis results shown in Figure 7, measurement
points #23 and #32 have a strong correlation with temperature. This
indicates that SegRNN has a unique advantage for this type of data
but does not show significant advantages for other types of data.
The influence of input features on the model prediction is
further discussed. Table 3 presents the effects of including or
excluding temperature and traffic load inputs on the MSE loss of
the test set. The results indicate that when only strain data are used
as inputs, without temperature and traffic loads, the MSE loss is
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0.277, which is higher than that obtained when both temperature
and traffic loads are included, confirming the effectiveness of
incorporating these inputs. However, when temperature input is
excluded, the MSE loss increases significantly, highlighting the
importance of temperature in the prediction. Temperature data
provide the model with information on the periodic variation
characteristics of strain.

Figure 15 compares the prediction results of the various models.
The LSTM model exhibited noticeable degradation in multi-step
predictions on some datasets, with the prediction results gradually
converging towards a constant value. Autoformer, which improves
upon the Transformer by employing autocorrelation features,
achieved significant improvements in prediction results compared
to the original Transformer. The prediction results of iTransformer
are very close to those of TimeXer. It is also noted that, in Table 2,
the average error of iTransformer is second only to TimeXer. This is
because both models employ a similar encoder-only structure, with
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FIGURE 14

10.3389/fbuil.2026.1749222

Predicting results with a length of 96 h (a) #23, hour 6,456. (b) #27, hour 6,456. (c) #32, hour 6,456. (d) #36, hour 6,456. (e) #72, hour 6,456. (f) #82,
hour 6,456. (g) #23, hour 6,706. (h) #27, hour 6,706. (i) #32, hour 6,706. (j) #36, hour 6,706. (k) #72, hour 6,706. (1) #82, hour 6,706.

the main difference being that iTransformer does not incorporate
exogenous variables into the model. The comparison between these
two models also demonstrates that incorporating temperature and
traffic load as exogenous variables into the model can effectively
improve prediction accuracy.

5 Conclusion

This study proposed a strain characteristic prediction method
for bridge strain data, employing the TimeXer model to predict the
mean temperature-related strain as well as the maximum and
minimum traffic-induced strain over future forecasting horizons.
The proposed method was validated using a year-long monitoring
dataset collected from a steel arch bridge and systematically
compared with several representative time series prediction models.

The results demonstrate that the proposed method can
effectively predict both traffic-

temperature-related and
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induced strain responses in the main beam and arch ribs,
achieving satisfactory performance for future forecasting
horizons of 24, 48, and 96 h. By explicitly incorporating
temperature and traffic load information as exogenous
variables, the prediction accuracy of bridge strain was
significantly improved. Compared with models such as
SegRNN, iTransformer, and Autoformer, the TimeXer-based
approach achieved the smallest average prediction error across
all datasets. In addition, the applicability of the proposed
method to different types of strain data was verified through
tests on multiple strain characteristics, indicating its potential
for structural health monitoring and early warning of real-
world bridges.

From a practical structural health monitoring perspective,
the predicted strain intervals provide an expected range of
normal structural responses under combined environmental
and traffic effects. These interval predictions can support
threshold definition, anomaly detection, and early warning by
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TABLE 2 Comparison with other time series prediction models.
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Dataset Predicted step length TimeXer iTransformer Autoformer Transformer
MSE MAE MSE MAE MSE MAE MSE MAE

#23 24 0.199 0318 0.183 0.304 0.224 0.344 0343 0.436 0538 0.607 0.346 0.463
48 0.283 0379 0.252 0.359 0.300 0.399 0.482 0.520 3.501 1.641 2.810 1.484

96 0.366 0.442 0.337 0.420 0.420 0.466 0.612 0.600 3.074 1.554 2.873 1.493

#27 24 0.178 0.305 0.188 0323 0.202 0.324 0.249 0.368 0272 0.389 0477 0530
48 0.219 0.340 0.237 0372 0232 0351 0310 0.405 0.468 0.545 0423 0.498

96 0.238 0.359 0.284 0411 0241 0.359 0341 0.437 0.694 0.677 0.855 0.734

#32 24 0.168 0.298 0.146 0.280 0.187 0315 0.202 0331 0.539 0.592 0.558 0.592
48 0.184 0316 0.180 0.314 0226 0.346 0257 0.380 0.682 0.682 0.424 0.540

96 0210 0339 0.196 0.330 0.236 0352 0.406 0.483 0.578 0.626 0593 0.635

#36 24 0.352 0.426 0362 0.436 0396 0.447 0.462 0.507 0511 0.561 0.416 0.509
48 0.442 0.482 0.459 0.506 0.499 0.506 0.634 0.589 1.101 0.879 0.816 0.735

96 0.456 0.496 0514 0547 0.530 0.527 0.632 0.600 0.836 0.762 0.934 0.802

#72 24 0.097 0.192 0.203 0.153 0.139 0235 0.184 0309 0525 0.588 2345 1.356
48 0.202 0.289 0217 0.266 0.114 0.228 0.282 0.384 2938 1.552 1.314 0.984

96 0.145 0.268 0.137 0.247 0.157 0279 0376 0.460 2523 1.428 2.707 1.482

#82 24 0.151 0.265 0425 0313 0.166 0282 0.354 0.451 0.524 0.581 0.381 0.502
48 0.157 0.276 0367 0.466 0.162 0279 0.425 0.521 0.505 0.559 0.354 0.483

96 0.183 0310 0.383 0.474 0.165 0.285 0.491 0.562 0.358 0.447 0333 0.464

Mean 0.235 0.339 0.282 0362 0255 0351 0391 0.464 1.120 0.815 1.053 0.794

Count 10 9 7 8 2 2 0 0 0 0 0 0

The best-performing model under each setting is highlighted in bold.
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TABLE 3 Effect of Input Features on MSE Loss (Predicted step length = 96).

Input Without temperature and Without Without traffic With temperature and
features traffic load inputs temperature input load input traffic load inputs
#23 0.372 0.351 0.364 0.366
#27 0.224 0.250 0.244 0.238
#32 0.200 0.200 0.197 0.210
#36 0517 0.527 0.532 0.456
#72 0.184 0.156 0.163 0.145
#82 0.167 0.210 0.160 0.183
Mean 0.277 0.282 0.276 0.266
FIGURE 15
Comparison of projected results. (a) #23, hour 6,456. (b) #27, hour 6,456. (c) #32, hour 6,456. (d) #36, hour 6,456. (e) #72, hour 6,456. (f) #82,
hour 6,456.

Frontiers in Built Environment 14 frontiersin.org


https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org
https://doi.org/10.3389/fbuil.2026.1749222

Li et al.

identifying abnormal strain responses that deviate from the
predicted bounds, offering added value over conventional
point prediction methods that do not explicitly account for
uncertainty.

Although satisfactory results were achieved in the prediction of
thermally-induced strain, the prediction accuracy for the maximum
traffic-induced strain was slightly lower due to the stochastic nature
of vehicle loads. This limitation is partly attributed to the use of
traffic volume as a proxy for traffic loading, which cannot fully
capture the effects of heavy vehicles, vehicle composition, and speed
on extreme strain responses.

Future research can further explore methods for predicting
traffic-induced strain. In addition, real-time strain prediction can
be further explored in future work, in which observed traffic loads
are incorporated as model inputs to predict strain responses for
structural condition assessment.
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