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	 Sensing the spatial strain field of prefabricated girder bridges remains a major challenge in 
structural health monitoring because sensors are typically installed on only a subset of individual 
girders, making it difficult to capture full-bridge field information. To address this issue, in this 
study, a distributed fiber-optic strain-field reconstruction method for prefabricated girder 
bridges that is based on a physics-guided physics-informed neural network (PINN) is proposed. 
The core idea is as follows. First, vehicle-borne monitoring data are used to develop a 
nonuniform composite Poisson traffic load model, enabling the quantitative characterization of 
the spatial correlation of strains among multiple girders under realistic traffic flow. This spatial 
correlation—which represents the lateral load distribution behavior of the bridges—is then 
embedded into the physics-guided PINN framework as a physics-based constraint. Consequently, 
the network is guided to extrapolate strain responses from instrumented girders equipped with 
distributed optical fibers to uninstrumented girders, thereby achieving full-bridge strain-field 
reconstruction. Both scaled model tests and field monitoring data demonstrated that the 
proposed method can effectively reconstruct physically consistent spatial strain fields, which can 
serve as the basis for subsequent structural condition assessment.

1.	 Introduction

	 Bridge structural health monitoring (SHM) has received extensive attention because it 
enables the continuous acquisition of structural responses under operational conditions and 
provides timely insight into changes in structural performance.(1–3) However, in long-term 
practical monitoring, economic constraints often limit sensor deployment to only a subset of 
girders, making it difficult to obtain the global structural response. This limitation significantly 
undermines the reliability and effectiveness of SHM systems. Consequently, a key challenge in 
the field is how to accurately reconstruct the full structural response field from incomplete and 
noise-contaminated local measurements. Solving this problem is essential for achieving the 
precise condition evaluation and intelligent maintenance of bridge structures.
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	 Among the various structural responses, strain—being a direct indicator of the stress state—
has drawn significant attention in the development of full-field reconstruction methods. 
Traditional approaches typically rely on accurate physics-based finite element models. For 
example, Huang et al. proposed a sparse Bayesian learning framework that incorporates 
probabilistic basis selection and adaptively filters relevant basis functions using sparse priors;(4) 
however, its performance still heavily depends on the accuracy of the initial finite element 
model. In practice, uncertainties in parameters, simplified boundary conditions, and potential 
structural damage introduce modeling errors that inevitably degrade reconstruction accuracy.
	 To reduce the dependence on highly accurate physical models, data-driven approaches have 
gained increasing traction. He et al. integrated temporal convolutional networks with Gaussian 
processes to develop a Gaussian process-temporal convolutional network model for predicting 
the dynamic responses of vehicle–bridge interaction systems under stochastic excitations.(5) 
Their method effectively captures long-term temporal dependences and leverages Gaussian 
processes to quantify uncertainties in both the system and the excitation, thereby enhancing 
prediction robustness in complex environments. Li et al. further developed a full-field response 
reconstruction method based on singular value decomposition and pseudoinverse operators. By 
extracting dominant modal components from measurement data and combining them with 
multiscale finite element modeling, their approach enables high-accuracy reconstruction of 
strain and displacement fields from limited sensing points, significantly improving analysis 
efficiency for large-scale structures.(6)

	 In recent years, generative deep learning models have demonstrated strong capabilities in 
fitting complex data distributions. Shu et al. introduced conditional diffusion models into 
response reconstruction and proposed the DF-CDM method, which leverages forward diffusion 
and reverse denoising processes combined with fused time–frequency conditional inputs. 
Compared with generative adversarial networks, this approach significantly improves the 
dynamic response reconstruction quality under severe sensor sparsity and results in more stable 
training.(7) Jiang et al. explored the long-term strain prediction of concrete structures using 
meteorological data and convolutional neural networks, and established nonlinear mappings 
between temperature, humidity, wind speed, and time-dependent strains.(8) Their method 
effectively predicts shrinkage and creep effects, reducing the need for costly static tests. Wu et 
al. employed generalized regression neural networks to construct surrogate models that replace 
parameterized finite element analysis and calibrated them using dynamic testing data, accurately 
predicting static stress responses.(9) Oh et al. utilized convolutional neural networks to learn 
strain–response relationships between structural components and selected optimal models 
through correlation analysis, enabling reliable strain prediction for adjacent elements.(10)

	 The construction of stochastic traffic flow models is fundamental for evaluating the dynamic 
responses and fatigue reliability of long-span bridges during operation. With advancements in 
SHM technologies, data-driven refined modeling approaches have garnered increasing interest. 
Traditional traffic simulations typically employ Monte Carlo methods, but they often overlook 
the intrinsic correlation between vehicle arrival sequences and axle loads, resulting in 
discrepancies from real traffic flow. Through an analysis of weight-in-motion data, Di et al. 
revealed strong correlations between vehicle-type transition probabilities and the axle loads of 
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multiaxle vehicles.(11) They proposed a correlation-informed stochastic traffic flow generation 
method that integrates Markov chain Monte Carlo techniques with correlated random sampling, 
significantly improving the realism of traffic flow simulations and providing more accurate load 
inputs for the dynamic response analysis of long-span suspension bridges.
	 Under traffic load, long-term strain responses are essential indicators for evaluating the 
service performance of bridges; however, monitoring data often contain missing values because 
of equipment malfunction or transmission interruption. To address this issue, Chen et al. 
developed a hybrid deep learning–autoregressive model that employs bidirectional gated 
recurrent units and convolutional neural networks to capture the spatiotemporal correlations of 
strain data.(12) The model further incorporates strong temperature–strain dependence to 
reconstruct missing long-term monitoring data. As time goes by, the performance of structural 
health monitoring systems will be affected by environmental factors and internal degradation, 
resulting in time-varying behaviors. Bartels and Marx studied the impact of aging on the 
measurement system and proposed a new method to compensate for these time-related effects.(13) 
They introduced a compensation method based on Bayesian model updating, effectively 
addressing the drift in measurement accuracy over time. Its effectiveness was verified using 
field data from the Huanpu Bridge South Steel Box Girder Suspension Bridge, which 
demonstrated high reconstruction accuracy and ensured data completeness for traffic-load effect 
analysis. Liang and Xiong on the basis of the measured traffic data from weigh-in-motion 
(WIM), established a probability model for key parameters such as total vehicle weight  and 
vehicle spacing, and used the Monte Carlo method to generate dynamic stochastic traffic flow 
with multiple parameters. Subsequently, they applied DRTF to the calculation of the maximum 
vehicle load effect in the bridge influence line, which was used to evaluate the load adaptability 
of existing highway bridges under different traffic volume conditions during the operational 
period.(14)

	 In recent years, deep learning has attracted considerable attention in structural response 
reconstruction because of its powerful feature-extraction and nonlinear-fitting capabilities.(15–17) 
The physics-informed neural network (PINN), an emerging paradigm that integrates physical 
laws with data-driven learning, offers new possibilities for SHM. By embedding governing 
equations, boundary conditions, and initial conditions into the loss function, the PINN enables 
neural networks to simultaneously satisfy data fidelity and physical constraints during training, 
thereby achieving high-accuracy predictions and solving inverse problems even with limited or 
unlabeled data. In the context of moving-load response analysis of bridges, Al-Adly and 
Kripakaran employed a PINN to solve fourth-order partial differential equations and 
successfully predicted the dynamic responses of simply supported beams under moving loads 
while optimizing hyperparameters through sensitivity analysis.(18) Liu et al. proposed a PINN 
architecture composed of a trainable data-driven layer and a nontrainable model-driven layer 
capable of identifying moving forces directly from structural responses without prior knowledge 
of load information.(19) Li et al. constructed a PINN framework based on Kirchhoff–Love plate 
theory for baseline-free damage identification in plate structures, where the Teager energy 
operator was employed to amplify local anomalies and effectively localize damage.(20) 
Collectively, these studies revealed that the PINN, by incorporating physical priors with 
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monitoring data, can effectively address forward and inverse problems in SHM, and provide a 
highly accurate, generalizable, and computationally efficient pathway for structural condition 
assessment, damage detection, and service-life prediction.
	 From early physics-based methods that rely on finite element models to recent advancements 
in deep learning and generative modeling and further, to emerging PINN frameworks that 
combine physical priors with data-driven learning, researchers have made notable progress in 
improving prediction accuracy, reducing model dependence, and enhancing generalization. 
Nevertheless, most existing studies still rely on static or idealized traffic assumptions and fail to 
capture the stochastic and multiaxle-correlated nature of real traffic loads, resulting in limited 
adaptability under complex operational conditions. Moreover, constructing physically 
meaningful constraints tailored to the mechanical characteristics of bridge structures remains a 
key challenge.
	 To address these limitations, we propose a physics-guided neural network framework for 
distributed fiber-optic strain-field reconstruction in prefabricated girder bridges. The key 
innovation lies in embedding stiffness distribution and intergirder correlation characteristics, 
derived from transverse load-sharing behavior, as mechanically motivated regularization 
constraints within the learning framework. First, a composite Poisson traffic flow model is 
constructed using real monitoring data. Strain responses from instrumented girders equipped 
with distributed optical fiber sensors (DOFSs) are then used to guide spatial extrapolation to 
uninstrumented girders. The proposed method is validated through scaled model tests and 
further, applied to an in-service bridge. The results demonstrate that the method can effectively 
reconstruct physically consistent full-bridge strain fields, offering a new approach for evaluating 
the structural state of prefabricated girder bridges.

2.	 Algorithm Theory

	 To enable strain-field reconstruction for prefabricated girder bridges, a composite Poisson-
based stochastic traffic flow model is first established using site-specific measured vehicle load 
data. The probability distribution functions and corresponding parameters are derived to 
accurately represent the statistical characteristics of the traffic stream. On the basis of the 
vehicle load information collected from the bridge’s WIM system—including the vehicle class, 
gross vehicle weight, and intervehicle spacing—a probabilistic model tailored to the local traffic 
conditions is constructed.
	 Moreover, the lateral load-sharing behavior of the prefabricated girder bridge is characterized 
by explicitly considering the stiffness distribution among individual girders. The strain 
correlations between adjacent girders are analyzed, and the corresponding Pearson correlation 
coefficients are computed to quantify their mechanically induced response dependence. Rather 
than being treated as governing physical laws, these correlation measures are incorporated into 
the learning framework as physics-guided regularization terms. By jointly accounting for the 
structural stiffness characteristics, data-misfit terms, and the stochastic vehicle-load distribution 
model, a comprehensive loss function is constructed to guide network training toward 
mechanically consistent predictions.



Sensors and Materials, Vol. 38, No. 3 (2026)	 1157

	 When a vehicle passes over the weighing section, the strain-based sensors embedded in the 
WIM system generate electrical responses proportional to the load-induced deformation. These 
weak electrical signals are first amplified and conditioned, and subsequently digitized by the 
data acquisition unit, resulting in time-history records that reflect the dynamic load effects of 
individual axles.
	 The passage of each axle produces a distinct response in the measured signal, from which 
axle events are identified on the basis of characteristic peaks in the processed signal. 
Representative signal features associated with each axle, such as peak magnitude or integrated 
response, are then extracted and related to axle loads through a calibrated transfer relationship. 
The gross vehicle weight is obtained by summing the estimated axle loads, while the measured 
vehicle speed is used to ensure consistency in axle spacing and vehicle configuration.
	 System calibration is performed using reference vehicles with known axle and gross vehicle 
weights. Calibration parameters are determined by minimizing the discrepancy between the 
measured electrical responses and the corresponding known loads under representative 
operating conditions. Both static and dynamic calibrations at different vehicle speeds are 
considered to account for speed-dependent effects and sensor characteristics. Periodic 
recalibration and quality-control procedures are applied to mitigate the effects of sensor drift, 
environmental variations, and long-term aging, thereby ensuring the reliability of the WIM-
derived traffic load data used in subsequent stochastic modeling. 

2.1	 Modeling method for stochastic vehicle loads based on a nonhomogeneous compound 
Poisson process

2.1.1	 Acquisition of vehicle weight-in-motion data

	 A WIM system is employed to record truck weights. When a truck passes over the weighing 
platform, the resistance strain sensor generates a weak electrical signal, which is subsequently 
amplified by a signal-conditioning circuit. The processed weight information is then stored on a 
data acquisition card. The vehicle parameter dataset used in this study was collected via the 
WIM system throughout 2021. The recorded parameters include the truck arrival time, vehicle 
classification, gross vehicle weight, axle load, and travel speed. On the basis of the relationship 
between the arrival time of a given truck and the speed of the following truck, the intervehicle 
spacing for each vehicle can be determined. In accordance with the predefined error-handling 
criteria, any measurement with error exceeding three times the standard deviation was discarded 
and replaced with the arithmetic mean.

2.1.2	 Random traffic flow model

	 The arrival of vehicular load events on highway bridges is random with respect to time, and 
each load event occurs independently of the others. When a compound process is employed to 
characterize the operation of vehicle load, two assumptions must be satisfied: (a) the vehicular 
loads within the time interval [0, T] follow an identical probability distribution; (b) vehicles 
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travel along a single lane. Under these assumptions, the mathematical representation of the 
process can be described using a Poisson distribution.
	 To more accurately represent real traffic flow on bridges, the Poisson vehicle-load model 
must be extended to a nonhomogeneous compound Poisson process, where the variable Ni(t) 
denotes the number of events in the Poisson process. A larger M value corresponds to a more 
refined stochastic representation, thereby improving the accuracy of the simulated traffic load 
process.
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Here, s(t) represents the random traffic load acting on the bridge at time t; M denotes the number 
of time intervals; Ni(t) represents the i-th nonhomogeneous Poisson process over the interval 
[Ti−1, Ti]; λ(t) is the rate function of the process; and ζjn represents the weight of the j-th vehicle 
belonging to the n-th arrival category. In addition, τjn denotes the duration for which the j-th 
vehicle of category n remains on the sensor as it passes over it.
	 If the time interval between two successive vehicles follows an exponential distribution (2), 
the Poisson process can be used to characterize the stochastic nature of vehicular loading. The 
probability density function (PDF) of the interarrival time can be expressed as
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Here, λi is the parameter of the exponential distribution.
	 On the basis of the actual traffic flow density data over time provided by the WIM system, 
the parameters λi for different time intervals can be determined, thereby enabling the 
construction of the Poisson process model.

2.1.3	 Probabilistic distribution model of vehicle loads

	 Vehicle weight is among the most critical parameters of traffic loads and significantly affects 
the design and assessment of transportation infrastructures such as roads and bridges. There are 
multiple types of vehicles traversing bridges, and each type may operate under different loading 
conditions such as fully loaded, empty, or partially loaded states. As a result, vehicle loads 
exhibit a multimodal distribution.
	 A Gaussian mixture model (GMM) is a probabilistic model used to describe a combination of 
multiple Gaussian (normal) distributions.(21) In a GMM, it is assumed that the observed data are 
generated from several Gaussian components, with each component representing a subgroup or 
cluster within the data. Previous studies have demonstrated that GMMs can approximate 
arbitrary probability distribution functions, making them suitable for characterizing the 
probability distribution of vehicle loads. A GMM can be expressed as 
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Here, wk denotes the weight of the k-th Gaussian component, μk and σk represent the mean and 
standard deviation of the k-th Gaussian distribution, respectively, and P is the total number of 
Gaussian components.
	 The wheelbase of vehicles follows a lognormal distribution. Similarly, the lognormal 
distribution can also describe the PDF of the vehicle speed. In a GMM, increasing the number of 
components allows for the model to better approximate the true distribution; however, it also 
increases model complexity. To determine an appropriate number of Gaussian components, the 
Bayesian information criterion (BIC) is employed. The P value corresponding to the minimum 
BIC is selected as the optimal number of Gaussian components. The BIC is calculated as 

	 ( )2ln ln | , , ,BIC iV r s L q M A µ σ= − .	 (4)

Here, r denotes the number of parameters in the mixture model, s represents the length of the 
observation sample vector, and L corresponds to the maximum likelihood value.
	 On the basis of the WIM system data, a nonhomogeneous compound Poisson process model 
was established to represent stochastic traffic flow. Moreover, the parameters of the GMM for 
the measured vehicle weights were determined using Eq. (3), thereby constructing a stochastic 
vehicle-load model under realistic traffic conditions.

2.2	 Construction of physical constraints on transverse strain correlation characteristics 
of main girders

	 In this section, a PINN is constructed to characterize the mechanical correlation between 
adjacent primary girders under vehicle loading. The proposed network incorporates the 
transverse stiffness ratios between the girders and the Pearson correlation coefficients between 
the edge and middle girders as key physical constraints, and embeds them directly into the loss 
function to introduce structural mechanics knowledge during training. This approach effectively 
enhances the prediction accuracy and generalization capability of the model while also 
improving the physical interpretability of the network, ensuring that the predicted strain 
responses are consistent with the actual load-transfer behavior of multigirder bridges.

2.2.1	 Transverse distribution factors and intergirder coordination

	 When vehicles traverse a bridge composed of multiple T-shaped girders, the loads are 
transmitted both longitudinally and transversely, and all T-girders participate to varying degrees 
in carrying the vehicle weight. Under a load P applied on the bridge, the transverse stiffness of 
the structure inevitably induces load transfer along both the x- direction and y-directions, 
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meaning that all the primary girders contribute to the load distribution to different extents. 
Considering the spatial complexity of the girder system, it is reasonable to transform the 
complex three-dimensional problem into an equivalent planar problem as follows.

	 1 2( , ) ( ) ( )S P x y P x yϕ ϕ ϕ= ⋅ ≈ ⋅ ⋅ 	 (5)

Here, S represents the effect of the applied load, 1 2( , ) ( ) ( )P x y P x yϕ ϕ ϕ⋅ ≈ ⋅ ⋅  denotes the 
influence surface of the bridge internal forces, and φ1(x) and φ2(x) correspond to the internal 
force influence line functions of the individual girders.
	 For practical engineering applications, obtaining the stiffness of individual girders in an 
actual bridge is straightforward. Let Pv denote the force or equivalent internal force of the v-th 
transverse girder. According to the stiffness distribution theory in statics, it can be expressed as 
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Here, Dv denotes the distribution factor of the v-th girder, Kv the stiffness of the v-th girder, and 
Kk the stiffness of the k-th girder.

2.2.2	 Strain correlation analysis based on the Pearson coefficient

	 In prefabricated girder bridges, a certain relationship exists among the mechanical responses 
of multiple girders. To characterize this relationship, the correlation between a target structural 
component and its adjacent components was investigated. By establishing such correlations, the 
strain response of a specific target girder can be estimated using the responses of multiple 
neighboring girders. Given the large number of girders in a bridge, a considerable number of 
measurement points can be associated with the target component and utilized for monitoring. 
Under specific dynamic loads, the structural response correlation between the target girder and 
its neighbors becomes highly complex because of factors such as location, dimensions, structural 
behavior, and applied loads. It is therefore necessary to identify the associations between the 
target girder and the measured points of known girders to accurately predict the structural 
response and evaluate the safety of the target component.
	 Prior to constructing the PINN, the correlation between the strain responses of the target 
girder and the known primary girders is analyzed. The neural network is then configured to map 
the strain responses of the known girders to the target girder, forming an optimal PINN for 
estimating the strain response of the target girder.
	 Assume that there are c measurement points on a given edge girder. At d discrete time 
instances, the strain values of these measurement points collectively form the following matrix 
A:
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Here, εcd represents the strain at measurement point c at time instant d.
	 The observation vector at time t satisfies the following condition:

	 xt t t tc� � �� � �1 2, ,..., .	 (8)

	 Let e denote the number of measurement points on the girder to be predicted. The strain 
values of these points over g time instances are collectively represented by matrix B.
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	 Let the linear combination coefficients be represented by the vector w∈m. The predicted 
values can then be expressed as

	 y w x =  . 	 (10)

where y represents the predicted value at a specific location point.
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Here, x represents the mean strain of the known measurement points.
	 The predicted mean at each time instant is expressed as 
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	 After centering the target vector, we obtain

	 X X x � �1N


. 	 (13)
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Here, X represents the matrix X after mean centering, 1N denotes an N-dimensional vector of 
ones, and K represents the transpose of a matrix.
	 By computing the covariance matrix of the input samples, we obtain 

	 S X Xxx
m m

N
� � �1 

 . 	 (14)

Sxx represents the input covariance matrix, reflecting the “common response characteristics 
between the monitored beams/points” under the action of vehicle loads.
	 The cross-covariance vector between the input and target k can be expressed as 

	 s X zxz
k k m

N
( ) ( )

� �
1  � � .	 (15)

sxz
k( ) shows the cross-covariance vector of X and the target z

( )k  represents the sequence obtained 
by subtracting the mean value from the k-th target quantity.
	 The covariance of target k can be expressed as 

	 s
Nzz

k k k( ) ( ) ( ) .� � �1 z z

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Here, Pearson correlation is introduced to fit the correlation between the two sets of data. The 
Pearson correlation coefficient is a measure of the degree of linear correlation between two 
variables, and its value ranges from −1 to 1. When two variables are positively correlated, the 
correlation coefficient is greater than 0. When two variables are negatively correlated, the 
correlation coefficient is less than 0. The closer the value is to 1 or −1, the greater the degree of 
correlation. If the correlation coefficient is 0, there is no correlation between these two variables. 
The strain response of the i-th adjacent component among n adjacent components is as follows. 
The Pearson correlation coefficient between the two responses is defined as

	 r s
S s

k xz

xx zz
y z, .( )� � � 	 (17)

Here, r ky z, ( )� � denotes the Pearson correlation coefficient between the predicted value and the 
known measurement points.
	 The Pearson correlation coefficient serves as one of the key physical pieces of information for 
neural network learning. The structural response relationship between the target component and 
its neighboring components is captured through a PINN. This term enforces consistency 
between the predicted intergirder strain correlation and the correlation observed in measured 
data, reflecting transverse load-sharing behavior. A schematic of the algorithm is shown in Fig. 
1.
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2.3	 Single-girder strain extrapolation model based on a PINN 

2.3.1	 Construction of the loss function

	 After the transverse strain distribution pattern is obtained, the correlation between the 
measurement points of the unknown girder and the edge girders is established and incorporated 
into the loss function as a physics-consistency term. In addition, the structural stiffness 
characteristics and data prediction error are considered to prevent the model from generating 
nonphysical predictions that may arise from purely data-driven approaches. Furthermore, by 
leveraging the probabilistic distribution of vehicle loads, the physical information constraints are 
modeled stochastically, enabling the network to maintain stable and physically reasonable 
predictions under diverse loading scenarios.
	 The mean squared error (MSE) can be expressed as 

	 ( )2( ) ( )

1

1 ˆ
N

i i
a p

i
dat te

N
ε ε

=
= −∑ .	 (18)

Here, edata represents the prediction error term in the loss function, N is the number of predicted 
points, ( )ˆp

iε  denotes the predicted strain at a point, and ( )
t
iε  is the corresponding true strain.

	 This term ensures the consistency between the network prediction results and the existing 
measured values. Considering that vehicle loads are a major factor behind the variations in the 
transverse strain distribution of the bridge, vehicle weight information is further incorporated 
into the input layer. Here, the Monte Carlo sampling method is employed, with each sample 
simultaneously sampling a vehicle weight.

Fig. 1.	 (Color online) Schematic of the algorithm.
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	 An influence matrix H that satisfies

	 � �� �HP 	 (19)

exists. Here, H denotes the influence matrix, P represents the vehicle weight load matrix, and η 
is the noise term.
	 Equation (19) provides a simplified linear statistical representation to describe how stochastic 
vehicle loads affect strain responses, rather than a deterministic forward model. The matrix H 
represents an equivalent influence operator and is not explicitly identified during training. By 
establishing a linear mapping relationship between the covariances of vehicle weights and 
strains, we obtain 

	 Cov Cov P Cov( ) ( ) ( )� �� �H H .	 (20)

	 The enhanced physics-based constraint incorporating covariance can be expressed as 

	 fcov Cov Cov veh F
� �( ) ( )� H HP  2 .	 (21)

Here, fcov represents the covariance constraint term between the vehicle weight distribution and 
the predicted strain results. ( ˆ)Cov ε  represents the covariance matrix of the predicted strain. Pveh 
represents a random variable representing the vehicle weight or equivalent vehicle load.
	 A statistical physical constraint condition was introduced, which guided the strain prediction 
generated by the network to not only be accurate at individual points, but also to be consistent 
with the actual structural responses caused by traffic in a statistical sense. The transverse 
mechanical equilibrium term can be expressed as 

	
2

.t
Kf
K

α
α

β
β

ε
ε

= − 	 (22)

Here, ft represents the lateral mechanical equilibrium to the constraint, εα/εβ represents the strain 
ratio at the measurement points of the two single beams with the same cross section, and Kα/Kβ 
the stiffness ratio between the two single beams.
	 The data-correlation constraint term can be expressed as 

	 corr pred FEf r r= − .	 (23)

Here, rpred denotes the correlation coefficient between the predicted values and the measured 
data, and rFE represents the correlation inherent in the actual data.
	 During the optimization of the hidden-layer weights, prior physical knowledge is 
incorporated. When the prediction deviates from the true value, the model adjusts itself by 
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increasing the penalty associated with the discrepancy between the predicted data and the 
physical model within the loss function until the prediction reaches a satisfactory level of 
accuracy. The loss function of the PINN can be expressed as 

	 1 2 3LOSS data t corr covf f f f fλ λ λ= + + + .	 (24)

The loss function of the PINN framework consists of several components: fLOSS represents the 
overall network loss and is a measure of the deviation between the predicted and actual strain 
responses; fdata denotes the mean squared error between the predicted and measured values; ft 
represents the lateral mechanical equilibrium constraint; fcorr denotes the correlation constraint 
between the edge beam and the middle beam; and fcov represents the covariance constraint 
between the vehicle-weight distribution and the predicted strain response. The parameters λ1, λ2, 
and λ3 serve as weighting factors for these terms. The weight coefficients λ1 to λ3 were introduced 
to balance the data fidelity and various constraints based on physical priors. After normalizing 
each loss term, these parameters were selected to ensure the stability of convergence and the 
comparability of the contributions of different constraints. The same set of weights was used in 
all case studies, and the results indicated that moderate changes in these parameters would not 
significantly affect the outcome.

2.3.2	 Network architecture

	 In practical structural health monitoring applications, the available training data are often 
limited and contaminated by measurement noise. Although the noise itself does not inherently 
cause overfitting, purely data-driven neural networks with high model flexibility may tend to fit 
noise patterns when insufficient physical constraints or regularization mechanisms are present. 
This can reduce generalization capability and lead to physically inconsistent predictions. To 
address this issue, the proposed method reconstructs the strain field of prefabricated beam 
bridges by developing a PINN, in which the intergirder strain correlation, vehicle weight 
distribution, and stiffness distribution are each embedded as independent physical-constraint 
layers. The PINN serves as a universal function approximator capable of incorporating the 
governing physical principles underlying the dataset directly into the learning process, thus 
eliminating the need for extensive training data.
	 In the proposed framework, the strain data measured from the instrumented girder are used 
as network inputs, whereas the strain responses at the target girder serve as outputs. The girder 
stiffness, correlation between the strain responses, and actual vehicle weight distribution are 
incorporated as physical constraints. Together with the data-driven loss term from the neural 
network, these components jointly form the total loss function. This total loss is then 
backpropagated during training, ensuring that the predicted strain responses at the edge girder 
converge toward the physically consistent responses observed at the middle girder.
	 The overall network model can be summarized as 
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Here, εε represents the strain vector at the points to be predicted, εb is the strain vector of the edge 
girder at a given time, rβα denotes the Pearson correlation coefficient between the girders, Kα/Kβ 
indicates the stiffness ratio between the girders, and Winf represents the vehicle weight 
distribution information. The Pearson correlation coefficients were computed using 
synchronized strain time histories of adjacent girders over the same time window, covariance 
matrices were estimated using sample covariance over selected time windows corresponding to 
vehicle loading events, the stiffness ratio is calculated from the known cross-sectional 
characteristics and material parameters, combined with the assumption of linear elastic behavior. 
The network architecture is shown schematically in Fig. 2.
	 Training and testing samples were constructed from synchronized strain segments 
corresponding to vehicle loading events. The dataset was split chronologically to avoid 
information leakage. The PINN was implemented in Python 3.9 using [TensorFlow]. All strain 
series were synchronized and normalized using z-score normalization. Training samples were 
constructed from strain segments associated with vehicle-loading events. The network 
architecture consists of four hidden layers with 20 neurons per layer and tanh activation. The 
model was trained using the Adam optimizer (learning rate: 1 × 10−3) with full-batch training for 
500 epochs. Stiffness ratios were treated as constants obtained from structural properties, while 
Pearson correlation coefficients and covariance matrices were computed from the training 
dataset and kept fixed during training. To construct training and testing datasets, the strain 
measurements were first synchronized across all sensing points and segmented according to 

Fig. 2.	 (Color online) Architecture of the PINN.
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vehicle loading events. This network was trained using the Adam algorithm, with a fixed 
learning rate of 1e−3. During training, the entire batch training method was adopted. No learning 
rate scheduler or early stopping mechanism was used, and the model hyperparameters are 
summarized in Table 1.
	 In this study, evaluation metrics are introduced to assess the predictive performance of the 
proposed model. The root mean square error (RMSE) and the coefficient of determination (R2) 
are employed to evaluate the accuracy of the point predictions.
	 RMSE measures the deviation between the model predictions and the observed values, while 
R2 quantifies the correlation between them. Lower RMSE and higher R2 values indicate more 
accurate point predictions. They can be expressed as 

	 ( )
1

1 n

i yi
i

RMSE y
n

µ
=

= −∑ ,	 (26)

	 ( ) ( )2

1 1
1 /

n n

yi i yi
i i
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= − − −∑ ∑ .	 (27)

Here, yi represents the measured strain, μyi is the predicted strain, y  denotes the mean of yi, and 
n is the number of samples. The algorithm flowchart is shown in Fig. 3.

Table 1
PINN hyperparameters.
Hyperparameter PINN model
Hidden layer neurons (20, 20, 20,20)
Activation function Tanh
Learning rate 0.001
Max epochs 500
Weight coefficient of loss function (λ1) 0.1
Weight coefficient of loss function (λ2) 0.05
Loss function fLOSS

Relative change amplitude of total loss function ( ( )k )  ( )k  < 10−4

Fig. 3.	 Flowchart of the proposed algorithm.
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3.	 Case Study Validation

	 To validate the effectiveness and engineering applicability of the proposed prediction method, 
a validation study combining a scaled model test and field monitoring data was conducted. First, 
a three-girder scaled model based on the prototype bridge was constructed. Vehicle loads were 
applied to simulate the bridge’s stress state under actual traffic conditions, and strain time-
history data of each girder were acquired using a distributed optical fiber sensors system to 
serve as training samples for the PINN. A prediction model was subsequently developed on the 
basis of the obtained experimental data, using the edge girder strain information as input. The 
strains of the unmonitored girders were then predicted by integrating network learning with 
physical constraints. Finally, the proposed method was further applied to field monitoring data 
from an actual bridge to evaluate its practical potential and applicability under real-world 
conditions.

3.1	 Validation using the scaled model

3.1.1	 Model design

	 A scaled model was established on the basis of the principles of similitude theory. The model 
consists of three prefabricated steel T-girders, whose mechanical properties are listed in Table 2. 
In the structural testing system, DOFSs were bonded along the longitudinal direction at the 
bottom of each girder to achieve continuous strain measurements. The fiber optic sensing 
system operated on the basis of the Brillouin scattering principle with a sampling interval of 20 
cm, providing high-spatial-resolution strain distribution data. Strain time-history data under 
different vehicle load scenarios during the tests were collected to provide the data foundation for 
subsequent network model training. The test model is shown in Fig. 4.

3.1.2	 Vehicle load scenarios

	 Owing to laboratory testing constraints, a single-vehicle load of 20 kg was used in this study. 
To simulate the load effects of random traffic as realistically as possible, multiple randomized 
designs were implemented for the vehicle’s travel path, load magnitude, and loading positions 
during the tests. By varying the lateral position (near the edge or middle girders), longitudinal 
position, and self-weight configuration of the vehicle, load scenarios with significant differences 
were generated, reflecting the stochastic distribution characteristics of the vehicle loads.

Table 2
Mechanical parameters of prototype bridge and scaled model.
Item Prototype bridge Scaled model Similarity ratio
Span 35 m 2.5 m 14:1
Flexural stiffness 2.3 × 1016 Pa∙mm4 1.2 × 1012 Pa∙mm4 19166.67:1
Neutral axis height 1425.61 mm 113.51 mm 12.56:1
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	 The scaled model is designed on the basis of similitude theory to ensure consistency between 
the prototype and the model. Geometric similarity is maintained by applying a uniform scaling 
factor to all structural dimensions and sensor locations. Kinematic similarity is achieved by 
appropriately scaling time-dependent quantities such as displacement and velocity. Dynamic 
similarity is ensured by preserving the governing nondimensional parameters related to mass 
and stiffness, so that the scaled model reproduces the essential dynamic behavior of the 
prototype.
	 The loading vehicle was fabricated from alloy steel and scaled in accordance with the 
prototype vehicle to ensure that the bottom girder strains of the model bridge matched those of 
the actual bridge. The main parameters of the model vehicle are listed in Table 3.
	 By varying the lateral position, travel speed, and load of the vehicle, six load scenarios were 
designed. The strain data of each girder under these scenarios were collected using distributed 
fiber optic sensors. The load scenario design is summarized in Table 4.

3.1.3	 Model prediction results

	 From the scaled model test data, the strain time history and spatial distribution features of 
both the edge and middle girders were extracted. Figure 5 shows the time-history curve of the 
historical strain data of a certain side beam 1. The strain distribution at a position 30 cm above 
the three girders is shown in Fig. 6. The results indicate that the strain field exhibits notable 
differences between girders while regular variations in spatial distribution are observed.

Fig. 4.	 (Color online) Overall experimental model: (a) schematic of the distributed fiber optic layout, (b) overall 
experimental model, (c) load trolley, and (d) plan view of the fiber optic layout.
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	 In this study, strain information from the edge and middle girders at 2000 different time 
points was selected. To establish the mapping relationship between the middle and edge girders, 
strain responses from 1800 of these time instances were used as the training set input for the 
PINN, constraining the model to learn the functional relationship between the two types of 
girder strains. Considering potential deviations in the scaled model regarding material 
properties, boundary conditions, and load idealization, all input and output variables were 
numerically scaled to comparable ranges prior to network training in order to improve 
optimization stability and convergence by avoiding the effects of differing units and numerical 
magnitudes. After network training, the remaining two time instances were used as a test set to 
validate the PINN predictions and assess its ability to estimate responses for unknown samples.
	 The convergence curve of the loss function during training is shown in Fig. 7(a). The loss 
decreases rapidly in the early stages. It then stabilizes and continues to decline in the middle and 

Table 3
Parameters of model and prototype vehicles.
Item Prototype vehicle Model vehicle Scale
Weight 15 t 20 kg 125
Wheelbase 1.8 m 128 mm 14
Front-to-middle axle distance 3.8 m 260 mm 14
Middle-to-rear axle distance 1.4 m 100 mm 14

Table 4
Vehicle load scenario settings.

Scenario Lateral position (distance 
from left end of model) (m) Travel speed (cm/s) Vehicle load (kg)

1 0.05 5 2
2 0.05 5 2
3 0.1 7.5 5
4 0.1 7.5 5
5 0.15 10 10
6 0.15 10 10

Fig. 5.	 (Color online) Strain time history of edge 
girder 1.

Fig. 6.	 (Color online) St rain dist r ibut ion of 
T-girders.
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later stages, indicating stable convergence behavior and a well-conditioned optimization process. 
The absence of significant overfitting is further supported by the consistent prediction 
performance observed on the independent test set. A heatmap of the Pearson correlation 
coefficients between 10 edge girder measurement points and 3 middle girder measurement 
points is shown in Fig. 7(b). The heatmap reveals a strong correlation between the edge and 
middle girders, with correlation coefficients remaining high across different points. This further 
indicates that the PINN can learn the representative strain relationships between different beams 
based on the available strain measurements at adjacent monitoring locations. The results show 
that it has good learning performance on the training set and stable prediction behavior on the 
test set. On this basis, by utilizing the learned beam-to-beam correlations, the structural 
responses at unmonitored locations can be inferred. These correlations are based on the 
measured data from adjacent points.
	 Strain predictions were performed for the distributed fiber optic measurement points on the 
middle girder. The prediction results for a representative point are shown in Fig. 8, which shows 
good agreement between the model predictions and the measured values. After multiple 
iterations and predictions, a coefficient of determination (R2) analysis was conducted for the 
predicted results, as shown in Fig. 9.

3.2	 Application to a real bridge 

3.2.1	 Data sources

	 The case study is based on a highway bridge with a total length of 556.54 m, whose main 
structure consists of prestressed concrete continuous box girders. We selected one of the spans 
of this bridge for monitoring. The structural diagram is shown in Fig. 10. To monitor the bridge’s 
operational state during service, a variety of sensors, including DOFSs, discrete strain gauges, 
temperature and humidity sensors, displacement sensors, and accelerometers, were installed on 
the deck and girders, forming a comprehensive multisource monitoring system. In this study, the 
strain data obtained through the DOFS system’s data from the bottom of the webs of the two 
edge girders were primarily used as inputs, whereas the data from three sets of discrete strain 

(a) (b)

Fig. 7.	 (Color online) PINN training results: (a) Convergence curve; (b) Pearson correlation heatmap.
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sensors on the middle girder were used as references and for validation. This setup enables the 
establishment of a mapping relationship between edge and middle girder strains and the 
validation of the effectiveness of the predictive model.
	 The overall view of the site view is shown in Fig. 11(a), whereas the bridge segment used for 
monitoring data acquisition is shown in Fig. 11(b). The on-site installation of distributed fiber 
optics is shown in Fig. 11(c), and a close-up of the fiber installed is provided in Fig. 11(d). The 
strain data were collected from September to October 2021. During this period, the monitoring 
data were inevitably affected by multiple factors, including the stochastic effects of vehicle 
loads, variations in temperature, and measurement noise. In particular, temperature often 
introduces significant low-frequency effects in strain signals. If unaddressed, these effects can 

Fig. 8.	 (Color online) Strain prediction results. Fig. 9.	 (Color online) Coefficient of determination 
of prediction results.

Fig. 10.	 (Color online) Layout scheme of DOFSs.
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couple structural responses with environmental effects, thereby reducing the accuracy of model 
training and prediction.
	 The raw DFOS strain is decomposed into a temperature-dependent component modeled 
explicitly by a low-order regression on the measured temperature and a traffic-induced residual. 
To prevent traffic peaks from biasing the regression, the samples detected as events are excluded 
from model fitting. The denoised strain is obtained by subtracting the fitted thermal component 
followed by a light outlier suppression filter. 
	 The temperature-induced strain component is fit using a low-order polynomial model:

	 2
0 1 2( ) ( ) ( ).T t T t T tε β β β= + + 	 (28)

Here, β0, β1, and β2 represent the parameters to be estimated in the regression model. εT(t) 
represents the strain component caused by temperature. T(t) represents the temperature sensor 
data sampled simultaneously with the strain. T 2(t) is used to describe the possible nonlinear 
relationship between temperature and strain.

	 ( ) ( ) ( )c Tt t tε ε ε= − 	 (29)

Here, εc(t) represents the strain after temperature compensation.

	 ( ) ( ( ))den ct Filter tε ε= 	 (30)

Fig. 11.	 (Color online) Real bridge case: (a) Cross section of the monitored structure, (b) segment of distributed 
fiber optic installation, (c) on-site installation of distributed fibers, and (d) close-up of installed distributed fiber.

(a) (b)

(c) (d)



1174	 Sensors and Materials, Vol. 38, No. 3 (2026)

Here, εden(t) represents the final denoised strain signal and Filter(∙) the median filtering 
operation.
	 The strain time-history and wavelet-transformed signals for selected measurement points on 
the two edge girders are shown in Figs. 12 to 15. The analysis of the decomposed frequency 
components revealed that the temperature-dominated effects are primarily concentrated in the 
lowest frequency band. By filtering out the low-frequency component during preprocessing, 
temperature-induced strain interference was effectively removed, allowing for the structural 
response features related to vehicle loads to be accurately extracted. The application of this 
method ensures the accuracy and representativeness of the data used for subsequent model 
training, providing a solid foundation for establishing a reliable strain prediction model.

Fig. 12.	 (Color online) Strain time history of edge 
girder 1, measurement point 1.

Fig. 13.	 (Color online) Strain time history of edge 
girder 2, measurement point 1.

Fig. 14.	 (Color online) Wavelet-transformed strain 
time history of edge girder 1, measurement point 1. 

Fig. 15.	 (Color online) Wavelet-transformed strain 
time history of edge girder 2, measurement point 1.
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3.2.2	 Random traffic flow model considering actual vehicle operating conditions

	 To investigate the characteristics of vehicle loads, we employed a GMM to statistically model 
the measured vehicle weight data. The PDF and cumulative distribution function (CDF) of the 
weights of the two-axle trucks are shown in Fig. 16. By comparing the fitting performance 
characteristics of models with different numbers of components and evaluating them using the 
BIC, the optimal number of components, M, was determined, as shown in Fig. 17. The results 
indicate that the GMM effectively captures the multimodal characteristics of the vehicle weight 
distribution, particularly showing a clear concentration in the 75–125 kN range, which represents 
the primary weight range for two-axle trucks. Compared with a unimodal distribution 
assumption, the multimodal feature of the GMM better reflects the complexity of actual traffic 
flows, including variations in vehicle types, loading conditions, and traffic scenarios.
	 Furthermore, to better characterize the composition of traffic loads, Fig. 18 presents the 
distribution of measured vehicle types. Vehicle classes A and B mainly correspond to two-axle 
small vehicles; classes C and D correspond to small passenger cars; and classes E, F, and G 
represent three-axle or larger heavy trucks. Overall, small vehicles account for the majority of 
the number; however, in terms of the load magnitude, heavy trucks have a more significant 

Fig. 16.	 (Color online) Probability distribution of vehicle weights.

Fig. 17.	 (Color online) BIC-based determination of 
the optimal number of Gaussian components.

Fig. 18.	 (Color online) Distribution of different 
vehicle types.
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effect on the bridge structure. By combining the GMM-based vehicle weight distribution with 
the vehicle type classification, the statistical characteristics of traffic loads can be 
comprehensively captured, providing essential data support for subsequent structural response 
analysis and reliability assessment.

3.2.3	 Model prediction results

	 To further validate the applicability and generalization capability of the proposed method in 
real-world engineering, it was applied to predict strains in an actual bridge structure. First, strain 
time-history data were obtained from the DOFS system installed at the bottom of the bridge 
edge beams (beams 1 and 2), which captured the true structural responses under stochastic 
traffic loads. Owing to the significant transverse coupling between the edge and middle girders, 
strain variations in the edge girders not only reflect local load effects but also indirectly 
represent the overall load state of the bridge deck.
	 On the basis of the previously established prediction model, the measured edge girder strain 
data were used as input features. Combined with the trained network parameters and correlation 
matrix information, as shown in Figs. 21(a) and 21(b), predictions were made for the distributed 
fiber measurements of beams 1 and 9 at two time instances. The strain response at a 
measurement point on middle beam 5 at a given time is shown in Fig. 21(c), while the strain 
responses at measurement points on sub-edge beams 2 and 8 at the same time instance are 
presented in Figs. 21(e) and 21(f), respectively.
	 To quantitatively validate the accuracy of the proposed strain reconstruction approach, a 
comparative analysis was conducted between the DOFS measurements and the co-located strain 
gauge recordings on the middle beam. The strain gauge data were treated as the reference 
ground truth, while the DOFS-based prediction was obtained under the same loading conditions. 
The agreement between the measured and predicted strain responses was evaluated using 
standard error metrics, including the root RMSE. As shown in Figs. 19 and 20, the results 

Fig. 19.	 (Color online) Quantitative comparison of 
distributed optical fibers and strain gauges.

Fig. 20.	 Quantitative comparison error graph.
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indicate that the reconstructed strain closely follows the strain gauge measurements, achieving 
an RMSE of approximately 4.35 με, which is within the typical noise level of field DOFS 
monitoring systems. This quantitative comparison demonstrates the effectiveness and reliability 
of the proposed method in predicting strain responses for girders with limited or unavailable 
instrumentation.
	 The model fully accounts for the transverse load transfer characteristics of the bridge and the 
correlation patterns between the edge and middle beams, enabling the effective reconstruction of 
the middle beam strain field even when only partial measurement data are available. The 
prediction results indicate that the predicted strain variations of the middle beam closely match 
the actual monitoring data, with high consistency in both peak locations and amplitude 
distributions, demonstrating the reliability and stability of the method under complex loading 
conditions.
	 The application of this prediction approach confirms that, in practical engineering scenarios, 
the strain states at uninstrumented locations (e.g., middle beam) can be effectively inferred using 
the data measured from a limited number of edge girder fiber sensors.
	 Note that the intergirder correlation constraint adopted in this study is based on a linear 
statistical measure. While this assumption is valid for capturing the dominant transverse load-
sharing behavior under typical traffic conditions, it is acknowledged that the actual correlation 
between girder responses may exhibit nonlinear characteristics under certain scenarios, such as 
highly variable traffic load, dynamic vehicle–bridge interaction, or modal vibrations of the 
bridge structure. In such cases, the instantaneous correlation may be reduced, become nonlinear, 
or even change sign temporarily.
	 In the proposed framework, the correlation constraint is incorporated as a soft regularization 
term and is evaluated over time windows rather than at individual time instants. This formulation 

Fig. 21.	 (Color online) Strain field reconstruction results for an actual bridge.
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prevents transient nonlinear effects or sign changes from dominating the reconstruction process. 
Moreover, the correlation-based constraint does not act in isolation but complements the physics-
informed equilibrium and data-driven terms, thereby enhancing robustness without enforcing 
strict linear dependence. Consequently, the proposed method remains stable under realistic 
traffic and dynamic conditions, while its applicability to strongly nonlinear correlation scenarios 
represents an important direction for future research.
	 To quantitatively assess the advantage of the proposed physics-constrained reconstruction 
framework, its performance is further compared with those of several representative baseline 
methods, including the classical transverse linear interpolation, the regression-based 
reconstruction approach, and a purely data-driven neural network model without physical 
constraints. These methods serve as conventional references commonly adopted in strain field 
reconstruction tasks. The reconstruction accuracy is evaluated using standard quantitative 
metrics, namely, the root RMSE and the coefficient of determination 2R . The comparative 
results are summarized in Table 5, where it can be observed that the proposed method 
consistently achieves the lowest reconstruction error and the highest agreement with the 
measured strain responses, demonstrating the added value of incorporating physics-related 
constraints.

4	 Conclusions

(1)	�We proposed a bridge strain prediction method based on a PINN. This method is based on 
random traffic loads and takes into account the correlation between the bridge’s lateral strain 
and the distribution of vehicle weights. A prediction model with physical constraints is 
constructed, enabling the reconstruction of the strain field at the beam positions of an 
unmonitored bridge.

(2)	�The proposed approach can extend strain predictions to an unmonitored single beam, 
effectively capturing the strain distribution. In scaled model experiments, RMSE was 0.8785 
and R² was 0.75, indicating the high prediction accuracy of the method. In the actual working 
conditions of bridge structures, the proposed algorithm should demonstrate superior 
reconfiguration performance compared with traditional methods.

(3)	�When distributed fiber optic sensing is leveraged, the method is applicable primarily to 
bridges equipped with comprehensive SHM systems. Increasing the number of measurement 
points could further improve the accuracy of strain field reconstruction.

(4)	�In the current study, we relied on a limited set of measured data for training. In future work, 
we will consider the effects of nonlinear loads, multivehicle interactions, and additional time-
varying factors to enhance the model’s applicability and robustness under more complex 
operational conditions.

Table 5
Quantitative comparison of reconstruction performance.
Scenario Method RMSE (με) R2

1 Transverse Linear Interpolation 13.86 0.78
2 Regression-based Compensation Method 12.66 0.82
3 Pure Data-driven Neural Network (DNN) 7.25 0.85
4 Proposed Physics-constrained Method 4.35 0.88
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