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Abstract

As an important part of national transportation infrastructure, the operation status of
bridges is directly related to transportation safety and social stability. Structural deflection,
which reflects the deformation behavior of bridge systems, serves as a key indicator for
identifying stiffness degradation and the progression of localized damage. The accurate
modeling and forecasting of deflection are thus essential for effective bridge health moni-
toring and intelligent maintenance. To address the limitations of traditional methods in
handling multi-source data fusion and nonlinear temporal dependencies, this study pro-
poses an enhanced iTransformer-based prediction model, termed LDAIT (LSTM Differential
Attention iTransformer), which integrates Long Short-Term Memory (LSTM) networks and
a differential attention mechanism for high-fidelity deflection prediction under complex
working conditions. Firstly, a multi-source heterogeneous time series dataset is constructed
based on wireless sensor network (WSN) technology, enabling the real-time acquisition and
fusion of key structural response parameters such as deflection, strain, and temperature
across critical bridge sections. Secondly, LDAIT enhances the modeling capability of long-
term dependence through the introduction of LSTM and combines with the differential
attention mechanism to improve the precision of response to the local dynamic changes
in disturbance. Finally, experimental validation is carried out based on the measured
data of Xintian Yellow River Bridge, and the results show that LDAIT outperforms the
existing mainstream models in the indexes of R?, RMSE, MAE, and MAPE and has good
accuracy, stability and generalization ability. The proposed approach offers a novel and
effective framework for deflection forecasting in complex bridge systems and holds sig-
nificant potential for practical deployment in structural health monitoring and intelligent
decision-making applications.

Keywords: highway bridge; deflection prediction; wireless sensor network; iTransformer;
multi-head differential attention

1. Introduction

As critical hubs within national transportation infrastructure systems, bridges not
only bear the important function of the efficient circulation of people and materials but also
relate to the stability of national economy and social operation [1,2]. With the accelerating
pace of urbanization and increasing transportation demands, the number and scale of
highway bridges in China have expanded rapidly [3]. Despite continuous advancements
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in bridge design, construction techniques, and material technologies, in-service structures
remain susceptible to the compounded effects of repeated traffic loading, environmental
degradation, material aging, and fatigue crack propagation. These combined factors can
lead to progressive deterioration and damage accumulation, and in severe cases, they
may result in sudden structural failure with catastrophic consequences for both life and
property. Frequent bridge accidents have fully exposed the limitations of the existing
management tools in structural risk identification and condition perception, which has
promoted extensive attention being paid to bridge health monitoring and structural safety
assessment techniques.

Bridge health monitoring (BHM) has become an important research direction in the
field of civil engineering as a key technology to ensure the safe operation of bridges, extend
the service life of structures, and optimize operation and maintenance management [4,5].
Compared to conventional approaches based on manual inspection and periodic evaluation,
BHM systems offer significant advantages in terms of automation, real-time capability, and
spatial coverage; they are especially suitable for large-span or structurally complex bridge
projects, which can significantly improve the timeliness and accuracy of microdamage
identification. The construction of high-precision and intelligent structural monitoring
systems is becoming an inevitable development trend of bridge safety assessment methods.
Among the many monitoring indicators, deflection, as a core parameter of structural
deformation response, can effectively reflect the mechanical behavior of bridges under
traffic loads and environmental disturbances [6,7]. Its changes are often closely related to
potential damage such as structural stiffness degradation, member cracks, and connection
relaxation. The accurate modeling and prediction of deflection not only help to identify
abnormal working conditions but also provide key data support for maintenance decisions
and repair and strengthening.

In recent years, with the rapid development of wireless sensor network (WSN) technol-
ogy, the acquisition of bridge deflection and other response parameters has been evolving in
the direction of intelligentization and systematization [8,9]. WSNs have the advantages of
flexible deployment, low energy consumption, high efficiency of transmission, etc., and can
achieve the synchronous acquisition of the structural state and cooperative sensing of mul-
tiple points, which significantly improves the real-time health monitoring system and its
scalability. A real-time and scalable monitoring system is especially suitable for bridge mon-
itoring tasks under complex working conditions and dynamic environments. Meanwhile,
the development of artificial intelligence and the application of deep learning in structural
time series modeling also provide new technical support for health prediction [10,11].
Among these advances, Transformer-based architectures—originally developed for nat-
ural language processing—have been introduced into structural health monitoring tasks
for time series forecasting [12,13]. Compared to traditional recurrent neural networks
(e.g., Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU)), Transformer is
able to capture dependencies over longer time spans based on the self-attention mechanism
and demonstrates greater expressive power in modeling complex response features such
as deflection. However, the standard Transformer architecture still faces challenges when
applied to multi-source heterogeneous sensor data, particularly in its limited ability to fuse
cross-channel information and model localized dynamic variations, which constrains its
performance in practical bridge health monitoring scenarios.

Current bridge deflection prediction faces three key engineering challenges: the struc-
tural response exhibits significant nonlinearity and multiscale temporal evolution due to
environmental changes, load coupling effects, and structural aging, which makes it difficult
for traditional linear models to accurately characterize its dynamic behavior; existing mod-
els often lack sensitivity to local disturbances and struggle to capture short-term fluctuations
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in deflection signals, limiting their ability to detect early-stage damage and weakening
the effectiveness of structural health warnings; and furthermore, bridge deflection is in-
fluenced by multiple heterogeneous monitoring sources such as temperature, strain, and
vibration, resulting in high-dimensional and diverse data, and the effective fusion and
feature extraction from such multi-source data remain major obstacles in practical model
deployment. To address the aforementioned challenges, based on the iTransformer [14]
framework, this paper proposes a bridge deflection prediction model that integrates LSTM
and the differential attention mechanism, termed LDAIT (LSTM Differential Attention
iTransformer). The main contributions of this study include the following:

(1) Fusing WSN technology to achieve the real-time collection of bridge structural re-
sponse data, constructing a high-quality time series correlation feature dataset ori-
ented to deflection prediction, and providing accurate and dynamic input support for
model training.

(2) The LDAIT bridge deflection prediction model is proposed, which firstly enhances
the modeling capability of the nonlinear dynamic evolution process of the bridge
structure by introducing LSTM for time series feature extraction of the initial input
data and then embeds the differential attention mechanism into the iTransformer
architecture to enhance the model’s sensitivity to the changes in the local response so
as to effectively improve the accuracy and stability of the prediction.

(3) Comparative experiments are carried out on the measured dataset of Xintian Yellow
River Bridge to verify the effectiveness and performance advantages of the LDAIT
model, which provides powerful support for bridge health monitoring and intelligent
operation and maintenance.

The rest of this paper is organized as follows: Section 2 introduces the related work;
Section 3 describes in detail the structure of the proposed LDAIT model and its bridge
deflection prediction framework; Section 4 carries out the experimental validation of
the model and the analysis of the results based on the measured dataset of the Xin-
tian Yellow River Bridge; and Section 5 concludes the research work of this paper and
provides outlooks.

2. Related Work

Currently, deflection prediction methods for highway bridges are divided into
two main categories: statistical-based modeling methods and data-driven intelligent pre-
diction methods [15]. Among them, statistical modeling methods usually rely on structural
mechanics theory and probabilistic analysis framework and use classical time series models
such as autoregressive integrated moving average (ARIMA) and Kalman filter to predict
structural response. For example, Kaloop et al. [16] used the coefficients and model errors
of the ARIMA model to evaluate the dynamic response of bridge structures so as to achieve
the identification and trend prediction of structural states. Although such methods have
strong model interpretability and are suitable for scenarios with small data samples or
clear structural characteristics, their modeling ability and generalization performance are
limited in the face of actual bridge structures with high-dimensional multivariate, obvious
non-stationary features and significant nonlinear responses.

With the continuous breakthroughs in the field of artificial intelligence, data-driven
deep learning models have seen increasing adoption in BHM, particularly for the prediction
of key structural response parameters such as deflection [17]. These approaches are capable
of automatically extracting latent features from multi-source structural monitoring data,
thereby eliminating the need for the explicit modeling of complex physical mechanisms.
Notably, they exhibit inherent advantages in handling nonlinear coupling effects, time-
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varying disturbances, and data redundancy, which are often challenging for traditional
analytical methods [18].

Existing studies have proposed various deep learning-based modeling schemes for the
bridge deflection prediction problem. For instance, Guo et al. [19] proposed a temperature-
induced deflection prediction model that integrates modal decomposition, particle swarm
optimization (PSO), and the LSTM network. Incorporating multivariate inputs and time lag
characteristics solves the problem of low accuracy due to the limitation of single-point in-
puts and time lag effects and effectively improves the model’s ability to portray the dynamic
evolution process. Nie et al. [20] constructed a prediction framework based on bidirec-
tional LSTM (BiLSTM), leveraging the coupling relationship among deflection, stress, and
temperature. This bidirectional architecture enhances the model’s ability to capture tem-
poral dependencies, enabling more accurate deflection trend forecasting. Wang et al. [21]
further introduced the idea of the probabilistic modeling of Bayesian neural network and
proposed a deflection prediction method based on the Bayesian dynamic linear model,
which achieved the prediction of the temperature-induced deflection of bridges and its
confidence interval and improved the model’s ability to express and quantify uncertainty
information. Ju et al. [22] constructed a bridge deflection prediction model based on tem-
perature and vehicle influence coefficients using a GRU network and proposed a strategy to
decompose the physical components of the deflection signal, which provides a new way of
thinking for the modeling of the deflection response under complex working conditions. In
addition to the classical time series modeling approach, some scholars have also explored
new paradigms for deflection prediction. Entezami et al. [23] proposed a kernelized deep
regression method based on synthetic aperture radar (SAR) imagery, which combines
the nonlinear modeling capability of kernel regression with the high-dimensional feature
representation of deep neural networks. This approach enables the effective prediction
and normalization of displacement responses in long-span bridges under conditions where
high-frequency monitoring data are lacking. Qi et al. [24] proposed a modal deflection
prediction method based on the construction of additional mass blocks, which significantly
improves the engineering adaptability of the model and the deflection prediction accuracy
by systematically analyzing the influence of the additional mass ratio and sensor config-
uration on the prediction accuracy. Xiao et al. [25] integrated the convolutional neural
network (CNN), LSTM, and probability density estimation module to construct a bridge
deflection interval prediction model. The method utilizes the joint CNN-LSTM structure to
extract local features and long-term dependence, deeply explores the implicit relationship
between ambient temperature, vehicle load, and deflection, and achieves probabilistic
interval prediction based on Gaussian density estimation. Finally, its effectiveness and
adaptability are verified on the measured data of Nanxi Yangtze River Bridge.

Although the aforementioned bridge deflection prediction methods have made
progress in time series modeling, multi-variable input, and uncertainty quantification,
they generally suffer from insufficient responsiveness to nonlinear dynamic features, the
shallow fusion of multi-source information, and limited model generalization capabil-
ity. Therefore, there is an urgent need to develop a unified prediction framework with
stronger nonlinear modeling ability, deeper information fusion mechanisms, and better
cross-structure adaptability to effectively address bridge deflection prediction tasks under
complex working conditions.

In recent years, Transformer models have garnered significant attention in time series
forecasting due to their global attention mechanism and powerful capability to model
long-range dependencies. Its structure breaks through the limitations of traditional RNN
in fixed-step modeling and gradient transfer and is suitable for dealing with multi-scale
and non-smooth structural response data. However, the standard Transformer still faces
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practical challenges in engineering applications, particularly when dealing with high-
dimensional and multivariate inputs. These include high computational complexity and
limited ability to capture localized patterns, which constrain its effectiveness in struc-
tural health monitoring scenarios. In order to further optimize its structural performance,
Nie et al. [26] proposed the Patch time series transformer (PatchTST) model, which seg-
ments the input sequence into multiple patches for modeling. This strategy retains the
Transformer’s capacity for long-range dependency extraction while significantly improv-
ing computational efficiency and overall model performance, particularly in multivariate
forecasting tasks. On this basis, Xin et al. [13] further integrated the swarm decomposition
(SWD) mechanism with the PatchTST model to construct a bridge structural response
prediction method for complex working conditions. The effective combination of SWD
and PatchTST makes up for the shortcomings of traditional time—frequency analysis in
dynamic evolution modeling. Meanwhile, the patch nesting strategy (a mechanism for the
structured processing of multi-scale input sequences or image feature blocks) is introduced.
By constructing a hierarchical nested feature patch structure in the spatial or temporal di-
mension, the model’s ability to perceive local perturbations and detail changes is enhanced,
improving the model’s prediction accuracy and generalization performance in complex
scenarios such as high noise and data perturbations.

In summary, although the existing deep learning-based bridge deflection prediction
methods have made significant progress in terms of their nonlinear modeling capability
and multivariate processing, there are still obvious deficiencies in some aspects: (1) most
models have a single modeling of temporal input features, which makes it difficult to fully
tap the multiscale evolution law in structural response; (2) the ability to perceive local
perturbations and short-term dynamic features is limited, which leads to large fluctuations
in the prediction accuracy of the models under complex working conditions; and (3) some
of the methods have a large computational overhead in the face of high-dimensional and
multi-source heterogeneous data, and there is the problem of insufficient information
fusion, which affects their usability and stability in actual monitoring scenarios.

Aiming to solve the above problems, this paper proposes an LDAIT bridge deflection
prediction model that integrates the LSTM network and differential attention mechanism
on the basis of the iTransformer framework. The proposed model effectively integrates
the long-term dependency modeling capability of the LSTM network for temporal feature
extraction with the strength of differential attention mechanisms in capturing localized
dynamic responses. This hybrid architecture is designed to enhance the model’s ability to
represent the nonlinear evolutionary behavior of bridge structures, improve the recognition
accuracy of critical deflection patterns, and reinforce the model’s stability and generalization
under complex service conditions. In parallel, considering the demands of deflection
prediction for real-time performance and multi-point response awareness, this paper
constructs a data acquisition system for WSN, which further improves the timeliness
and relevance of the model input data and provides a solid data foundation for the efficient
training and deployment of the LDAIT model.

3. The Proposed Method
3.1. LSTM Module

The Long Short-Term Memory (LSTM) network is capable of capturing remote depen-
dencies across time steps and suppressing gradient decay in a recurrent architecture, the
structure of which is schematically illustrated in Figure 1. The network uses the cell state
as a long-term memory channel and selectively writes, updates, and reads the information
through forgetting, input, and output gates, making it suitable for the task of modeling
complex dynamic sequences [27].
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Figure 1. The architectural schematic of LSTM neural network cells.

In bridge deflection prediction, structural responses are often subject to lag effects
from factors such as temperature, load, and material aging, exhibiting distinct long-term
time-dependent characteristics. The primary purpose of introducing LSTM in this paper is
to leverage its memory gate mechanism to effectively model these slow-changing trends
and lag evolution processes, thereby enhancing the predictive model’s ability to perceive
changes in global structural responses. By first applying LSTM to extract temporal features
from the initial input of bridge structural monitoring data, high-dimensional representa-
tions of how each variable evolves over time are generated, providing more discriminative
input encoding for the subsequent iTransformer module embedded with the differential
attention mechanism. Its internal state update mechanism and control gate design are
shown in Equations (1)—(5).

fe=0c(Wg - [ht—1,xt] + by) 1)

it = o(Wj - [he—1, xt] + b;) ()

o = (W - [h4—1,x¢] + bo) 3)

C; = ft * Ct—l + 1 % tanh(Wc . [ht_l,xt] + bc) (4)
ht = 0t * tanh(Ct) (5)

where W is the weight matrix, b is the bias vector, and ¢ is the nonlinear sigmoid activation
function. f;, iy, and o; are the information of the forgetting gate, the input gate, and the
output gate at the moment t, respectively. C; is the information of the cellular state at the
moment f, and & is the final output information of the LSTM cell at the moment .

3.2. iTransformer Module

Although the Transformer architecture is widely used in time series modeling for its
excellent global dependency modeling capability, it still faces many challenges in long series
forecasting tasks. On the one hand, the computational complexity of the model increases
exponentially as the review window increases, significantly limiting its applicability in
practical engineering scenarios. On the other hand, the traditional Transformer encapsu-
lates the multivariate information into a uniform temporal token embedding, which may
mask the intrinsic structure among the variables and lead to an unfocused distribution
of attention, thus affecting the ability to model the key physical features. To address the
above problems, this paper introduces the iTransformer model [14], whose core idea lies
in reversing the traditional modeling perspective by applying the attention mechanism to
the variable dimensions to capture multivariate inter-dependencies and at the same time
introducing feed-forward networks on each variable token to extract nonlinear feature
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representations. This structure effectively mitigates the performance degradation and
attentional redundancy in long series modeling and significantly improves the model’s
ability to model variable correlations and a global temporal structure.

In the task of highway bridge deflection prediction, the structural response of a bridge
is usually driven by a variety of physical quantities (e.g., temperature, load, displacement,
etc.), and its dynamic evolution process is highly nonlinear and multi-scale. iTransformer
is able to explore the potential dependency relationship between variables and enhance the
ability to portray the trend of the evolution of complex disturbances. This enables more
accurate and informative predictions, which are critical for the reliable assessment of bridge
health conditions.

The network structure of the iTransformer model is shown in Figure 2, including
embedding, projection, and TrmBlock, and its specific calculation process is as follows:

Output

Multi-variate
Attention /

|
Embeding
Input

Figure 2. Schematic of the network structure of the iTransformer model.

Suppose that in a time series prediction task with N number of feature variables, an
input sequence X = {x1,---,xr} € RT*N with time step T predicts the future S time
steps Y = {x741,- -+, X745} € RS*N where Xt is used to denote all the variables at the
moment ¢, and X. , denotes the entire time series of n feature variables. Unlike previous
models that treat X;. as an independent word, we use an embedding layer to learn the
sequence feature representation of the variables X. ,, which independently aggregates the
global features of each variable, as shown in Equation (6).

H={hy,--- ,hy} € RN*P (6)

where ; € RP implies the complete temporal dynamics of the corresponding variable
within a historical time window and is defined as a Variate Token, and H denotes a repre-
sentation matrix consisting of N Variate Token with dimension D. In the subsequent layers,
cross-variate information interaction is achieved between each Variate Token through a
self-attention mechanism; meanwhile, within each Variate Token, layer normalization
operations are introduced to standardize the differences in magnitude and distribution
between different variables, and nonlinear feature encoding and enhancement is performed
through a feed-forward network. Finally, each Variate Token is projected as the predicted
value of the corresponding variable through the mapping layer. The above process can be
formalized as follows:

h) = Embedding(X.,) )

H'*' = TrmBlock(H'), I =0,--- ,L—1 (8)
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?;n = Projection(hk) 9)

Among them, embedding: RT — RP, projection: R — RS are all achieved by mul-
tilayer perception (MLP) construction. The generated Variate Tokens interact through a
self-attentive mechanism and transform with independent features by the shared feedfor-
ward network in each TrmBlock. It is worth noting that the temporal order is implicitly
encoded by the neuron arrangement, so the model does not need to explicitly introduce
position embedding when capturing temporal dependencies.

3.3. Multi-Head Differential Attention

Although the iTransformer architecture shows superior performance in multivariate
time series modeling, its core self-attention mechanism still suffers from redundancy in
attention distribution and difficulty in highlighting key information when dealing with
long sequences. Specifically, the attention weights tend to show a tendency to be uniformly
distributed or incorrectly focused on non-critical contexts, which limits the efficiency of the
model in extracting key features and may introduce semantic noise, affecting the prediction
accuracy and stability.

To alleviate the above problems, this paper introduces the multi-head differential
attention (MHDA) mechanism (shown in Figure 3) to achieve the active suppression of
irrelevant attention and effective filtering of information noise [28]. Differential attention
is an attention mechanism based on feature time difference modeling. Its core idea is to
enhance the model’s ability to perceive local disturbances, small fluctuations, or sudden
changes in features by explicitly modeling the rate of change (difference) between adjacent
time steps. The mechanism calculates two independent softmax attention maps by dividing
the Query and Key vectors into two subsets and then generates the final attention weight
distribution through the difference operation. This strategy is inspired by the principle of
differential amplification in signal processing, which can effectively remove the common
mode interference components, so that the model focuses on the key feature regions with
high expression and significant response. This mechanism is particularly suitable for
detecting local jumps, minor anomalies, and early damage responses in bridge deflection
data. In addition, the differential operation not only improves the sparsity and selectivity of
the attention distribution but also significantly improves the feature discrimination ability
of the model under complex working conditions, thus improving the accuracy and stability
of the deflection prediction of the bridge. The specific calculation steps of MHDA are
as follows:

Linear

5

Concat

[ x(1—4..)
GroupNorm I

[softmax(Q,K) - Asoftmax(0,K))1-V| /,

P il
Linear| | (Lincar| ' [Lincar|

Lo ]

[23] K v

Figure 3. Schematic structure of the multi-differential attention mechanism.



Buildings 2025, 15, 2176

9 of 20

First, assume that the input sequence is X € RN*@mowl and map it to Query, Key,
and Value using Equation (10), where W2, WK, WV € Rémoze*2d denote the parameters
Ql/ QZ/Kll KZ € RNXd/ Ve RNXZd'

[Q1: Q2] = XWY, [Ky : Kp] = XWK, vV = XWV (10)

Subsequently, differential attention computation is performed via the DiffAttn(-)
operation (as shown in Equation (11)), where the final attention scores are obtained by cal-
culating the difference between two independently computed softmax attention maps. This
operation effectively suppresses attention noise and enhances focus on relevant features.
Meanwhile, the modulation factor A is parameterized through Equation (12) to enable
dynamic control over the attention distribution, further optimizing the adaptability of the
attention mechanism.

T T
DiffAttn(X) = (softmax(Ql\/I;l) — Asoftmax( Q\Z/I; )) .V (11)
A =exp(Ag, - Ax,) —exp(Ag, - A,) + Ainit (12)

where Ay, Ax, Agy, Ag, € R? denotes the learnable parameter vector and A;,;; € (0,1) isa
constant used for A initialization. Referring to the setting of reference [28], A;,;; is set to
0.8—0.6 x exp(—0.3- (I —1)) and I € [1,L] denotes the layer index of the network.

Finally, for the number of attention heads #, the attention results of each head are
mapped according to Equation (13), where the scalar A within the same layer is shared
among all heads. Subsequently, all head outputs are normalized by Equation (14) and
mapped to the final output space according to Equation (15).

head; = DiffAttn(X; W2, WK, WY, A),i € [1,1] (13)
headi = (1 - Ainit) : LN(head,) (14)
MultiHead (X) = Concat(heady, - - - , head,)W° (15)

where WO € Rfmode*dmodel is the learnable projection matrix, LN(-) denotes the operation
of normalizing each attention head using GroupNorm before it is connected, and Concat(-)
denotes the output of all attention heads spliced in the channel dimension. Since differ-
ential attention mechanisms typically present sparser and diversely distributed attention
patterns, the statistical features among the heads differ significantly. By performing the
LN normalization operation on each head before splicing, it helps to unify the activation
distribution and alleviate the problem of unstable gradient statistics, thus improving the
stability and convergence of model training.

3.4. LDAIT Prediction Model

Based on the iTransformer architecture, this study develops a bridge deflection predic-
tion model named LDAIT, which integrates the LSTM network with an MHDA mechanism.
The overall architecture of the model is illustrated in Figure 4. The model combines the
advantages of LSTM in capturing temporal dependence with the ability of the differen-
tial attention mechanism to highlight the local dynamic response, aiming to enhance the
ability to characterize the nonlinear evolution process of the bridge structure, effectively
identify the key deflection changes, and achieve higher prediction accuracy, stability, and
generalization performance under complex service conditions.
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Figure 4. Schematic diagram of the network structure of the LDAIT model.

The LDAIT model as a whole consists of several functional modules. First, the original
input sequences are extracted from the LSTM module to effectively capture the tempo-
ral evolution of structural responses. Subsequently, the embedding module completes
the feature mapping of variable dimensions and introduces the multi-head differential
attention mechanism to construct sparse and discriminative local dynamic dependencies,
which enhances the model’s ability to perceive the interaction of key variables. Then,
LayerNorm and feed-forward network modules are introduced to further optimize the
feature distribution and nonlinear representation to enhance expressive ability and training
stability. Finally, the output is mapped to the final prediction result through the projection
layer after being normalized again.

Through the above structural design, the LDAIT model achieves the deep integration
of time-dependent modeling and correlation mining among variables, which effectively
improves the prediction accuracy, robustness, and engineering applicability in the task of
bridge deflection prediction.

3.5. Overall Framework for Bridge Deflection Prediction

The bridge deflection prediction framework proposed in this paper is illustrated
in Figure 5, which outlines a full-cycle modeling process from structural response
data acquisition to deflection output prediction. The framework includes a total of
four core steps:

Step 1: WSN Deployment and Data Acquisition: Based on the mechanical characteris-
tics of critical bridge components, finite element analysis (FEA) is employed to simulate the
stress distribution and determine the optimal sensor placement regions and spatial density.
Subsequently, relying on WSN technology, the integrated deployment of multiple types
of sensors is implemented in the key structural units of Xintian Yellow River Highway
Bridge to achieve the long-term real-time monitoring of disturbance, strain, temperature,
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and other multi-source response variables and to construct a highly time-sensitive and
strongly correlated raw dataset.

Step 2: Data Preprocessing: Normalize the collected raw monitoring data and com-
plete the operations of time alignment, outlier removal, missing data filling, and nor-
malization in order to ensure the unity of each feature dimension in the numerical scale
and temporal structure. After the preprocessing is completed, the data are divided into
training set, validation set, and test set to provide data support for model training and
performance evaluation.

Step 3: LDAIT Model Prediction: Construct the LDAiIT model based on the improved
iTransformer architecture and introduce the LSTM network to enhance the modeling ability
of long-term dependencies so as to achieve high-precision prediction.

Step 4: Bridge Deflection Prediction Results and Evaluation: Use a number of regres-
sion indicators to assess the performance of the prediction results, and combine with local
zoom and comparison curves to analyze the applicability and stability of the model in dif-
ferent prediction time and fluctuation scenarios, so as to verify the engineering practicality
and popularization value of the proposed method.

‘\\'SN Deployment and Data

) : Data preprocessing
Collection ‘ ata prej g

)

P | » . o0
' B | | .l |

Conc:

at
T i

Multi-Head

Differential Attention
i

Embeding
LSTM Module

Tput

Xintian Yellow River Highway Bridge

‘ Bridge deflection prediction results and evaluation

Bridge deflection prediction Predictive evaluation indicat

5 =

Bridge deflection prediction

Deflection / mm

Deflec

Deflection(2h) / mm

60 400 660
Time / 1h Time / 1h

Figure 5. Overall framework for bridge deflection prediction based on the LDAIT model.

4. Experiment Validation
4.1. Data Acquisition and Processing

To construct a high-quality feature dataset for deflection prediction, this paper first
uses FEA to numerically simulate the stress distribution of the bridge structure, identifying
key stress-concentrated areas such as the mid-span of the main girder, side spans, and
bearings, and then determine the optimal sensor placement and spatial density. Based on
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this, this paper leverages WSN technology to conduct a two-year long-term monitoring
of the key structural units of the Xintian Yellow River Highway Bridge. The WSN system
adopted in this study is based on a distributed node deployment architecture, where all
sensor nodes are interconnected with the central gateway through edge acquisition units,
enabling real-time data collection, caching, and remote transmission. The nodes achieve
unified time calibration through integrated GPS timing modules, ensuring the temporal
synchronization and sequence consistency of multi-sensor data. Additionally, to mitigate
the data asynchrony issues caused by network latency, this system incorporates a caching
retransmission mechanism and packet loss compensation strategy, effectively enhancing
the stability and integrity of model input data. This sensor network system has been
operating continuously and stably at the Xintian Yellow River Highway Bridge site for
over six years, demonstrating excellent robustness and environmental adaptability under
complex conditions such as high temperatures and adverse weather, thereby providing
reliable engineering data support for the training and validation of subsequent deep
learning models.

The data acquisition focused on the mid-span region of the bridge, targeting nine fea-
ture variables that are closely associated with deflection behavior. These include mid-span
deflection, upper right surface temperature, lower left surface temperature of the box girder,
four strain responses at the upper and lower surfaces (left and right), mid-span vibration
frequency, and crack width. These features cover temperature-stress—vibration-damage
multi-physical information dimensions, with high correlation and dynamic coupling char-
acteristics that can comprehensively reflect the operation status of the structure under
different working conditions. Data were recorded at an hourly frequency. This study
selected 17,497 monitoring samples from the fourth span of the main bridge collected
between 2 August 2020 and 1 August 2022 to construct the experimental dataset. The
data were partitioned into training, validation, and testing sets in an 8:1:1 ratio for model
training and performance evaluation. A sliding time window of length 24 was used to
input historical data, with the objective of predicting deflection values for the subsequent
2 h period.

In order to enhance the quality of model construction, the raw monitoring data
underwent systematic preprocessing following acquisition. This process included time
synchronization across multi-source inputs, outlier removal, missing value imputation,
and feature normalization (as defined in Equation (16)). These steps ensured temporal
alignment and numerical comparability among input variables, thereby providing a stable
and reliable data foundation for the subsequent training and optimization of the LDAIT
model. The value ranges of the preprocessed deflection-related features are summarized in
Table 1, and the fluctuations of some feature data are shown in Figure 6. To further validate
the nonlinear temporal dependence of the deflection data, this study conducted an analysis
using the Brock-Dechert-Scheinkman (BDS) [29] test on a subset of measured deflection
data from the Xintian Yellow River Bridge. The results indicate that the BDS statistics
significantly deviate from zero across multiple embedding dimensions, with corresponding
p-values all below 0.01. This leads to a clear rejection of the null hypothesis that the
deflection sequence is independently and identically distributed, thereby confirming the
presence of complex nonlinear temporal dependencies within the deflection data.

X — Xmin

X = - fmin_
Xmax - Xmir1

(16)

where X and X are the original input data and normalized model inputs, respectively.
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Table 1. Statistical summary of bridge deflection-related features.
No. Features Count Mean Std Min Median Max
F1 Mid-span box girder top surface 4, 15.82 13.04 —23.79 18.53 40.04
right temperature/°C
2 Mid-span box girder bottom 17 o7 4¢3 1334  —21.69 15 30.43
surface left temperature/°C
F3 Mid-span box girder bottom . /o7 577 80.75  —165.69  46.63 140.81
surface left strain/mm
F4 Mid-span box girder bottom 17,497 10.83 16596  —314.64 33.5 347.75
surface right strain/mm
F5 Mid-span box girder top surface . o 73.57 26477  —568.80  138.67  463.95
left strain/mm
F6 Mid-span box girder top surface ., o 70.24 24693  —521.77 12556  460.63
right strain/mm
F7 Mid-span vibration/Hz 17,497 0.61 2.04 1257 1.052 3.18
F8 Mid-span crack/mm 17,497 0.10 0.83 —1.86 0.308 1.23
Fo Bridge deflection/mm 17,497 1.44 7.92 —11.64 —6.35 0.31
F1 F4 F7
30 0+ 07
. WWWW\’“ =100 - MLL—/\/\M 101 W
(I) ) 40‘0 660 K30 1060 (I) 2(;0 460 660 &]IO 1060 6 2(;0 4]'0 6(;0 8(50 10'00
F2 F5 F8
% o 0.0
122 1 . . ' . : -100 . . | . . , 0si . ‘ . : .
0 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
F3 Fé6 F9
0 0 5
25 1 ~100 1 o
0 ) €0 @0 80 1000 0 00 40 @0 80 1000 0 00 40 @0 80 1000
Time / 1h Time / 1h Time / 1h

Figure 6. Schematic illustration of fluctuations in data for selected features.

4.2. Performance Evaluation Indicators

In order to comprehensively evaluate the prediction performance of the model, the

coefficient of determination (R?), root mean square error (RMSE), mean absolute error

(MAE), and mean absolute percentage error (MAPE) are selected as the performance

evaluation indexes. The mathematical expressions of each index are shown below [30,31]:

—~ 2
R2:1_ ;‘1:1(]/1'_]/1')
Zz:l (]/l ]/)

(17)

(18)

(19)

(20)
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where y; and ;i denote the true and predicted values of the ith sample, respectively, y; is
the mean of all true values, and 7 is the total number of samples.

4.3. Comparative Experimental Results and Analysis

To verify the applicability and superiority of the proposed model, this study conducted
comparative experiments using the aforementioned dataset and selected four representative
time series forecasting models: PatchTST [26], FEDformer [32], and Transformer [33] models
based on attention mechanism, and the LSTM [34] model based on the gating mechanism,
respectively. Figures 7 and 8, respectively, illustrate the 1 h and 2 h bridge deflection
prediction results obtained by these models. Each figure includes the predicted curves,
local magnified plots, and regression metrics such as R2, RMSE, and MAE. In addition, the
MAPE values of each model are given in Table 2 to evaluate the deviation of the predicted
values from the actual measurements.

Predictive evaluation indicators

Bridge deflection prediction
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S o Bl PatchTST £
081 S § mmm FEDformer £
. g Transformer ~
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0.6 1 =
) RF [¢]
3 ks
0.4+ 5 = ©
S o & %
) ]
0.2 5 - o
b=
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Figure 7. Bridge deflection prediction results of different models (1 h).
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Figure 8. Bridge deflection prediction results of different models (2 h).
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Table 2. MAPE of deflection prediction results for different models.
MAPE/%  LDAIiT  PatchTST FEDformer Transformer LSTM RF
1h 1.29 2.12 3.04 4.14 4.57 4.79
2h 1.68 2.62 3.43 4.56 4.71 4.88

Through the comprehensive analysis of the results in Figures 7 and 8 and Table 2,
it can be observed that the LDAIT model exhibits the minimum values in RMSE, MAE,
and MAPE metrics, indicating that the LDAIT model outperforms the other models in
terms of prediction accuracy, stability, and generalization ability. Moreover, the R? value
of LDAIT is also closest to 1, which further illustrates the model’s good fitting ability to
data fluctuations.

Specifically, in the 1 h bridge deflection prediction task, the LDAiIT model achieved
RMSE, MAE, and MAPE values of 0.16, 0.10, and 1.29%, respectively. Compared with
the second-best model, PatchTST, these values were reduced by 0.12, 0.09, and 0.83%,
demonstrating superior accuracy and error control. In terms of fitting performance, the R?
values of LDAIT and PatchTST were 0.98 and 0.95, respectively, indicating strong global
fitting capabilities for both models, with LDAIT being closer to the theoretical optimum.
In contrast, the prediction error of the LSTM model is significantly higher than that of
other models. This can be attributed to the limitations of its gated architecture, which,
while effective for short-term sequence modeling, tends to suffer from gradient vanishing
and insufficient memory of long-term dependencies. As a result, the model struggles
to capture the critical evolutionary patterns in deflection changes, leading to reduced
prediction accuracy and poorer curve fitting. The RF model performed the worst in this
task, with an R? value of only 0.79 for its 1 h prediction results, and with error metrics
(RMSE = 0.56, MAE = 0.41, MAPE = 4.79%) all higher than those of other models. This
indicates that RF has significant limitations in modeling nonlinear temporal dependencies
and multivariate coupling characteristics in disturbance data, further highlighting the
performance advantages and application potential of deep learning methods in complex
civil structural response modeling tasks.

In the 2 h bridge deflection prediction task, the LDAIT model continued to outperform
the other benchmark models in both predictive accuracy and curve fitting, maintaining its
advantage observed in the 1 h prediction. Compared with its 1 h performance, the RMSE,
MAE, and MAPE of LDAIT increased by only 0.02, 0.01, and 0.39%, respectively, indicating
that it has good prediction stability and generalization ability across time. In contrast,
the second-best model, PatchTST, exhibited larger increases of 0.08, 0.07, and 0.50% in
the same metrics, further highlighting LDAIT’s robustness in modeling longer temporal
dependencies. In terms of fitting performance, the R? value of LDAIT only decreases by
0.01, while that of PatchTST decreases by 0.03, indicating that LDAIT is better able to
maintain the overall fitting ability of the model to the trend of perturbation changes and
possesses stronger time scale migration and feature retention ability. The performance
of the LSTM model in the 2 h prediction task is still poor, with RMSE, MAE, and MAPE
increasing by 0.01, 0.01, and 0.14%, respectively, compared to its 1 h prediction. Although
these increments are relatively small, the overall error level remains significantly higher
than the other models. This further indicates that the LSTM is limited by its ability to
express the gating mechanism when dealing with long-term dependence modeling and has
obvious deficiencies in capturing the long-term dynamic features of the bridge deflection,
which makes it difficult to perform the task of the high-precision prediction of the response
of complex structures. The RF model continued to perform the worst in this task, with an R?
of only 0.78, an RMSE of 0.56, and a MAPE of 4.88%. Its limited ability to model long-term
time series dependencies and multi-source variable coupling characteristics resulted in
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low overall accuracy. In contrast, deep learning models demonstrated stronger dynamic
modeling and feature extraction capabilities, giving them an advantage in predicting
complex structural disturbances.

An analysis of the predicted curves reveals that the LDAIT model effectively captures
the critical features of bridge deflection and accurately predicts its fluctuation trends. This is
particularly evident in the interval between prediction points 700 and 800, where the model
successfully tracks peak deflection variations. In contrast, the other models exhibit varying
degrees of prediction deviation in this region, failing to identify the rapid change patterns
of bridge disturbance in short time scales, reflecting their limited ability to model high-
frequency local features. LDAiIT, however, maintains high prediction accuracy even under
this extreme disturbance scenario, demonstrating its strong capability in responding to
complex nonlinear fluctuations and its broad adaptability to varying structural conditions.

In summary, the LDAIT model proposed in this paper shows excellent time series
feature extraction and dynamic response identification capabilities in the complex nonlinear
modeling task of bridge structural deflection. On the other hand, the incorporation of the
differential attention mechanism significantly improves the model’s sensitivity to local
disturbances, thereby enhancing its ability to detect fine-grained deflection fluctuations.
Moreover, LDAIT maintains high prediction accuracy and stability across different fore-
casting horizons, indicating strong robustness and generalization performance. Its ability
to adapt to the dynamic evolution of deflection under multi-condition and multi-scale
environments makes it particularly suitable for health monitoring and intelligent early
warning in complex bridge structures.

4.4. Results and Analysis of Ablation Experiments

The LDAIT model consists of several functional modules, and in order to further
verify the role of each module in the overall architecture and its contribution to the model
performance, ablation experiments are designed and conducted in this paper. Based on
the structural characteristics of the model, it is divided into three core components: the
basic framework iTransformer, the LSTM timing module, and the MHDA mechanism.
On this basis, four groups of comparison methods are constructed, as shown in Table 3,
for gradually adding modules to evaluate their performance impact. The corresponding
prediction curves for each method are shown in Figure 9, and the results of the related
evaluation metrics are listed in Table 4.

Bridge deflection prediction

-6

Deflection(1h) / mm

Deflection(2h) / mm

200 400 600 800 1000
Time / 1h

o

Figure 9. Prediction results of each method in the ablation experiment.
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Table 3. Configuration scheme for each module in the LDAIT model ablation experiment.
Method iTransformer LSTM MHDA
M1 vV
M2 v v
M3 Vv vV
M4 Vi v i
Table 4. Evaluation results of each method for the ablation experiment.
Evaluation Indicator M1 M2 M3 M4
R? 0.87 0.91 0.96 0.98
1h RNSE 0.43 0.37 0.24 0.17
MAE 0.32 0.29 0.17 0.10
MAPE /% 3.87 3.56 2.02 1.29
R? 0.85 0.88 0.94 0.97
oh RNSE 0.46 0.41 0.29 0.18
MAE 0.35 0.32 0.20 0.11
MAPE /% 417 3.89 2.24 1.68

As shown by the ablation results in Table 4 and Figure 9, the complete LDAIT model
(M4) achieves the best prediction performance in both 1 h and 2 h forecasting tasks, in-
dicating that each functional module plays a critical role in enhancing overall model
effectiveness. Compared with M1, which contains only the baseline iTransformer archi-
tecture, the performance consistently improves with the successive inclusion of the LSTM
module (M2) and the MHDA mechanism (M3), thereby confirming the effectiveness and
necessity of each component in the context of bridge deflection modeling.

Specifically, M4 achieves the highest goodness-of-fit (R? = 0.98) and the lowest error
metrics (RMSE = 0.17, MAE = 0.10, MAPE = 1.29%) in the 1 h prediction task, which is
significantly better than M1 (R? = 0.87, RMSE = 0.43, MAE = 0.32, MAPE = 3.87%). The
same trend is also reflected in the 2 h prediction task, where M4 is ahead of the comparison
model in several evaluation metrics, indicating that it still has good prediction performance
and generalization ability in long time series prediction scenarios.

It is worth noting that incorporating the LSTM module into the baseline iTransformer
architecture (M2) significantly improves the model’s fitting accuracy, demonstrating the
effectiveness of LSTM in capturing temporal dependencies and enhancing sequential
modeling capacity for deflection data. Similarly, introducing the MHDA module (M3)
also yields notable performance gains, indicating that the differential attention mechanism
plays a crucial role in identifying key regions of deflection fluctuations and reinforcing the
modeling of localized dynamic responses. Furthermore, the integration of both LSTM and
MHDA modules into the iTransformer backbone (M4) leads to the best performance across
all of the evaluation metrics. M4 significantly outperforms M2 and M3 in terms of fitting
the prediction curves, which indicates that there is a significant synergistic gain between
the two modules in terms of feature capture and modeling capabilities.

In summary, the ablation study confirms the synergistic effectiveness of each module
within the LDAIT architecture. The LSTM module enhances the model’s capacity to repre-
sent the temporal evolution of deflection sequences, while the MHDA module improves
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the sensitivity to local deflection fluctuations. Together, they form a high-accuracy and
broadly applicable framework for bridge deflection prediction.

5. Conclusions

This paper aims to overcome the challenge of high-precision deflection prediction for
highway bridges under complex working conditions and proposes an LDAIT bridge deflec-
tion prediction model that integrates multi-source sensing and deep modeling capabilities.
First, a high-quality time series dataset tailored for deflection modeling was constructed
based on WSN technology, enabling the continuous monitoring of structural response
states. Second, on the basis of iTransformer architecture, the LSTM module is introduced
to enhance the long-term time series dependent modeling capability, and the multi-head
differential attention mechanism is introduced to strengthen the response characterization
capability of the local abrupt change in deflection so as to achieve the accurate prediction
of the complex dynamic evolution process of bridge deflection. Finally, an experimental
setup was established based on real monitoring data from the Xintian Yellow River Bridge,
where comparative experiments and ablation studies were conducted to systematically
validate the advantages of the proposed LDAIT model and the performance contributions
of its individual modules. The experimental results demonstrate that LDAIT consistently
outperforms existing mainstream models in terms of R?, RMSE, MAE, and MAPE, showcas-
ing its superior prediction accuracy, robustness, and engineering applicability. This model
provides a novel and effective approach for high-precision bridge deflection forecasting
and refined structural modeling, with promising potential for deployment in complex
structural health monitoring and intelligent early-warning systems.

Although this study validated the effectiveness of the LDAIT model in bridge de-
flection prediction, its generalization ability across bridge types, climates, and multiple
operating conditions still needs to be further verified. In the future, transfer learning
and multimodal modeling will be introduced to enhance the model’s adaptability and
generalizability to complex engineering scenarios.
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