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 1 Introduction 

Bridge bearings play a crucial role in accommodating 

translational and rotational movements due to factors such 

as thermal changes and seismic activity. However, if not 

properly maintained, these components can suffer from 

structural degradation and lead to localised malfunctioning 

or even catastrophic failure. While traditional visual inspec-

tions have long been the standard for assessing bearings, 

they often fall short in capturing time-dependent and com-

plex behaviour due to the long time intervals between in-

spections. This is especially significant for early damage 

detection when macroscopic effects are barely visible. To 

overcome this limitation, Structural Health Monitoring 

(SHM) provides data-driven insights that complement tra-

ditional visual assessments [1]. A common goal of SHM is 

to establish baselines representing the "normal" behaviour 

of the target structure in regular (undamaged) conditions 

[2]. These baselines are then used to detect anomalies 

that may indicate damage. However, external environmen-

tal conditions—such as wind, temperature, and live loads—

can significantly influence structural responses, potentially 

masking the effects of damage [3] [4]. This presents a 

challenge for effective damage detection. In long-span 

bridges, as in many other Civil structures and infrastruc-

tures, vibration-based SHM methods are commonly used, 

focusing on modal parameters. However, these methods 

are limited by low signal-to-noise ratios, high computa-

tional requirements, and the assumption that unknown in-

puts are white noise. Temperature-driven quasi-static 

methods have gained attention as a potential alternative, 

offering different perspectives on the relationships be-

tween environmental conditions and structural responses. 

Temperature-driven quasi-static methods have proven 

particularly effective in Machine Learning (ML)-based SHM, 

as they typically exhibit high signal-to-noise ratios [5], 

making them well-suited for detecting localised damage. 

However, the thermal behaviour of structures can be in-

herently nonlinear and requires advanced modelling tech-

niques to capture its complexity.  
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One promising solution to this challenge is the develop-

ment of Physics-Enhanced Machine Learning (PEML), 

which integrates domain knowledge with data-driven 

learning to enhance model accuracy, interpretability, and 

generalisability. A key example of this approach is the use 

of grey-box models, which combine the interpretability of 

physics-based white-box models with the flexibility of 

data-driven black-box models [6]. For instance, the black-

box component can be refined by incorporating a prior 

mean function derived from physical principles, enabling 

the seamless integration of theoretical insights with meas-

ured data. Such hybrid approaches have demonstrated 

significant potential in predicting structural responses. In-

tegrating hybrid modelling techniques is particularly valu-

able for monitoring bridge bearings, which experience both 

gradual movements due to thermal changes and rapid 

movements during traffic loads, wind, and seismic events. 

While physics-based models can provide insights into the 

underlying mechanisms of these movements, data-driven 

methods are better suited to handle the complex and non-

linear behaviour observed in real-world conditions, which 

are not accounted for in the white-box models. Combining 

these approaches makes it possible to develop robust 

baselines sensitive to damage-related changes in the sys-

tem but unaffected by confounding influences.  

To illustrate these concepts, a case study was conducted 

on a long highway viaduct (1,360 meters in length), focus-

ing on the relationship between temperature variations 

and bearing longitudinal displacements. The study em-

ployed grey-box models to predict structural responses un-

der varying environmental conditions. Models based on 

Gaussian Processes (GPs) [7], trained on real-world meas-

ured data, constituted the black-box component, whereas 

the white-box counterpart was derived from the well-es-

tablished principles of thermoelasticity. The results high-

light the potential of hybrid approaches to enhance the 

sensitivity and accuracy of SHM systems, providing a more 

effective strategy for long-term monitoring and in-service 

bridge evaluation. 

2  Grey-Box Modelling 

2.1 The necessity to go beyond Data-Driven 

Black-box approaches 

Machine Learning provides powerful tools for modelling 

nonlinear systems using observational data. However, in 

many engineering applications, experimental data are 

noisy, scarce, or incomplete. Consequently, purely data-

driven models are limited by the quality and availability of 

training data, which can hinder their reliability in critical 

applications. These models often lack three key attributes: 

generalisation to unseen conditions, interpretability, and 

robustness to uncertainties or data variations [8]. Conse-

quently, integrating additional knowledge is often essential 

to enhance their reliability in engineering contexts. 

When applied to monitoring systems, such as those for 

bridges, the challenges are compounded by time-varying 

environmental conditions, operational variations, and deg-

radation phenomena. Furthermore, the increasing demand 

for interpretability in ML models, especially in safety-criti-

cal areas like civil engineering, where decisions direct im-

pact safety and reliability, and errors can lead to cata-

strophic failures, underscores the necessity of integrating 

physical knowledge into these systems. Hybrid approaches 

such as PEML have been developed to address these chal-

lenges. PEML combines physical constraints with ML tech-

niques, offering several advantages: 

• Improved generalisation and reduced overfitting 
problems. 

• Enhanced interpretability through physically 
meaningful predictions. 

• Reduced data requirements compared to tradi-
tional ML approaches. 

• Greater resilience to environmental variability, 
mitigating the influence of temperature and other 
environmental factors. 

Studies have shown PEML’s effectiveness in bridge moni-

toring [9], notably through residual modelling techniques, 

where ML models learn discrepancies between measured 

data and physics-based predictions (using tools like Gauss-

ian Processes or Neural Networks) [10, 11]. 

2.2 Grey-Box models  

The rise of continuous monitoring systems has expanded 

the use of Machine Learning (ML) and Artificial Intelligence 

in Structural Health Monitoring (SHM). Techniques like 

Gaussian Processes, Support Vector Machines, and Neural 

Networks are essential for regression and classification 

tasks, uncovering intricate patterns in data without the 

need for detailed physical models. These approaches, often 

called "black-box" models, are data-driven and do not rely 

on theoretical knowledge of the system, making them es-

pecially useful in dynamic systems, where constructing ac-

curate physics-based models can be challenging. However, 

on the other hand, these models are difficult or even im-

possible to interpret. Furthermore, their validity is limited 

to the range of EOV conditions included in the training ob-

served data. 

In contrast, “white-box” models rely on well-established 

physical principles, such as finite element analysis or dif-

ferential equations. Yet, their applicability can be con-

strained by the system’s complexity and the challenge of 

incorporating unmeasured variables. This research inves-

tigates a hybrid approach—"grey-box” models—that com-

bines the adaptability of Machine Learning with the domain 

knowledge of physics-based models. Rather than merely 

correcting biases, these models enhance the explanatory 

power of traditional physical frameworks by leveraging Ma-

chine Learning to account for unmodelled phenomena or 

structural behaviours.  

Specifically, this study explores the so-called residual mod-

elling [10], where Machine Learning techniques bridge the 

gap between physical predictions and observed measure-

ments. Such methods effectively mitigate biases in the un-

derlying physics-based model or detect previously unac-

counted-for anomalies. The overarching goal is to maintain 

simplicity in the fundamental physical assumptions while 

leveraging Machine Learning to improve both flexibility and 

predictive accuracy. 

In particular, in this research, Gaussian Process (GP) re-

gression, a highly versatile and robust regression method, 
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is used for this purpose. GPs are ideally suited for SHM 

applications due to their semi-nonparametric nature, abil-

ity to perform well with limited training data, and probabil-

istic formulation within a Bayesian framework [12, 13, 14]. 

This probabilistic aspect allows GPs to generate predictions 

as distributions, providing not only point estimates but also 

confidence intervals and the ability to propagate uncertain-

ties into subsequent analyses [15], which is particularly 

valuable in fields where knowing the confidence in a pre-

diction (thus its reliability and confidence intervals) is as 

important as the prediction itself. As Gaussian Processes 

are extensively studied, their fundamental equations are 

omitted here. For a comprehensive reference, see [16].   

2.3 Prior mean function and residual modelling  

In the context of system modelling, engineers often pos-

sess valuable knowledge of the underlying physical pro-

cesses, yet this knowledge is not always effectively inte-

grated into data-driven models. Traditionally, 

uninformative priors are utilised in GP regression, disre-

garding the prior knowledge about the systems of interest. 

This section explores the potential of grey-box modelling 

to bridge this gap to improve predictive performance. 

Gaussian Process regression requires the specification of a 

mean and covariance function, which together form the 

prior process. The training data then condition this prior, 

yielding a posterior mean and covariance that represent 

the model’s predictions. Typically, a zero-mean prior is 

used, with flexible covariance functions (e.g., exponential 

or Matérn) adapting to data patterns. However, this ap-

proach does not leverage any domain-specific knowledge. 

By contrast, the grey-box model introduces prior 

knowledge using a physics-based model for the GP's mean 

function, allowing the GP to model residuals – i.e., the dis-

crepancies between observed data and white-box predic-

tions. 

In the grey-box GP model, the white-box mean function 

models the expected trend in the data, while the GP’s co-

variance function models residuals, capturing deviations 

from white-box predictions. This approach focuses on 

modelling differences, rather than the entire dataset, by 

training the GP on the residuals between observed data 

and white-box predictions. This method offers several ad-

vantages: 

• Incorporation of Prior Knowledge: The white-box 

mean function provides a physically interpretable 

baseline. 

• Improved Predictive Capability: The GP models 

finer details and non-linearities not captured by 

the white-box model. 

• Reduced Data Requirements: Leveraging prior 

knowledge improves performance with limited 

training data. 

2.4 Problem Formulation 

The grey-box hybrid model proposed is based on residual 

modelling, introducing two main components, namely the 

black-box and the white-box contributions. The total dis-

placement is formulated as: 

𝑦(𝑥) =  𝑓(𝑥) + 𝛿(𝑥) + 𝜎 (1) 

Where: 

• 𝑦(𝑥) is the total observed displacement.  

• 𝑓(𝑥) is the white-box component based on physical 

knowledge, expressed by the analytical formula of 

thermoelasticity: 

𝛿𝑇 = 𝛼 ⋅ 𝛥𝑇 ⋅ 𝐿 (2) 

where 𝛿𝑇 is the thermal bearing displacement, 𝛼 is 

the coefficient of thermal expansion of steel, and 

L is the unrestrained length of the bridge deck in 

the considered span. This linear dependency cor-

relates displacements with temperature varia-

tions. This formulation provides a straightforward 

and physically interpretable baseline model for the 

system. 

• 𝛿(𝑥) + 𝜎 are the residual component (or discrep-

ancy), modelled by the GP model. 

In this application, the variable of interest, x, is the tem-

perature variation measured by the monitoring system’s 

sensors. In addition, the models are trained using a time 

input to incorporate temporal information into the training 

phase. Temporal information was represented by two vec-

tors: one for the time of day (in decimal hours) and one 

for the day of the year (1 to 365). This allows the model 

to capture both daily and seasonal displacement cycles. 

3 Case study of the highway viaduct 

3.1 Introduction to the case study  

This section presents a case study that illustrates the ap-

plication of the proposed methodology. A Gaussian Process 

model is implemented to predict bridge deck displace-

ments while experiencing varying environmental condi-

tions. Monitoring the horizontal displacements of the bear-

ings is critical as they serve as significant indicators of 

structural performance. For steel girder bridges, such as 

the one examined here, temperature variations are a pri-

mary factor influencing the temporal changes observed in 

deck displacement records.  

The dataset used in this study originates from a continuous 

monitoring system installed on a long highway viaduct, 

1,360 meters in length, within the Italian highway net-

work. Constructed in the mid-1970s, the viaduct consists 

of two adjacent decks—one per traffic lane—spanning a to-

tal length of 1360 meters. Each deck comprises 18 spans, 

with lengths ranging from 52 to 92 meters. The structure 

features a single hollow steel box girder per carriageway, 

with a variable height between 2.75 and 3.55 meters and 

a base width of 6.00 meters. A reinforced concrete slab, 

pre-stressed transversely, is placed atop the box girder, 

with an average thickness of 30 cm. 

A key focus of this study is the configuration of the bear-

ings at the viaduct’s abutments. Each abutment features 

four unidirectional sliding pot bearings, which decouple 

deck and abutment movements in the longitudinal direc-

tion, thereby reducing transmitted stresses. These bear-

ings allow longitudinal displacements of up to ±200 mm, 

facilitated by the reciprocal sliding of two flat contact sur-

faces. 
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3.2 Data Availability and Methodology 

The viaduct was monitored using a system of displacement 

sensors and thermal probes, with data acquired at a fre-

quency of one reading per second. However, given the 

large volume of data collected and the focus of this study 

on static monitoring, the analysis was conducted using 

data downsampled to one reading per minute. Approxi-

mately 1,440 data points were recorded daily for each sen-

sor, totalling around 44,500 data points per month and ap-

proximately 516,000 data points over nearly one full year 

of monitoring. The dataset covers the period from Septem-

ber 7, 2023, to September 1, 2024. The data analysed in 

this study originate from eight displacement transducers 

installed on the bearings, with one sensor per bearing and 

four sensors on each viaduct abutment. Additionally, tem-

perature sensors installed on the bridge deck were consid-

ered, selecting those most representative of deck temper-

atures near the abutments. For the analysis of the viaduct 

measured data, given the extensive size of the available 

dataset, covering nearly a year of continuous monitoring, 

only a random 2% of data samples were utilised, selected 

after a random shuffling, to prevent the model from iden-

tifying patterns related to data order. From this subset, 

70% (training ratio) of the data were allocated to training, 

while the remaining 30% was reserved for testing.  

The models were trained using a full year of data. Selecting 

an appropriate training period is crucial to mitigate envi-

ronmental and operational influences. When training a 

model for damage detection, it is essential to account for 

the full range of environmental and operational conditions 

before applying damage identification [17]. Failing to do so 

may lead to novel environmental or operational conditions 

mistakenly identified as damage. Therefore, to ensure the 

highest possible accuracy, this case study employed a 

training dataset encompassing nearly an entire year of 

data [18]. 

Sensor identifiers include both a number (1 or 2) and a 

letter (A, B, C, D). The number designates the abutment: 

abutment 1 on the West side and abutment 2 on the East. 

Each letter corresponds to a distinct sensor associated with 

a specific bearing device. As a reference, only the results 

from sensor 2A, which is positioned at the northernmost 

bearing of the west abutment, are reported. The findings 

for all other sensors are qualitatively similar. Therefore, 

the conclusions drawn apply to the entire sensor set. 

The results from different configurations (white-, black-, 

and grey-box) are compared, including all performance 

metrics for each predictive model. These metrics assess 

the moment-by-moment discrepancy between predicted 

and actual values. In regression tasks, several metrics can 

be used to provide a comprehensive evaluation of model 

performance and prediction accuracy. The evaluation of 

predictive models relies on the following performance met-

rics: 

• Mean Absolute Error (MAE)  

• Mean Squared Error (MSE) 

• Root Mean Squared Error (RMSE) 

• Normalised Mean Squared Error (NMSE)  

• R-squared (R2)  

 

When comparing regression models to simpler regression 

techniques such as linear interpolation, the metric used to 

evaluate the quality of a linear fitting is the Pearson corre-

lation coefficient (r). All these metrics were computed be-

tween the real and forecasted signals. 

Displacement time series plots (observed and predicted) 

and prediction error time series are presented to provide a 

visual understanding of model behaviour over time. Addi-

tionally, a temperature-domain representation illustrates 

the accuracy in capturing daily cyclic patterns in Tempera-

ture-Displacement plots, highlighting each model’s capa-

bility to replicate temperature-dependent bridge displace-

ment behaviour seen in the actual data. 

3.3 Results  

To discuss the intraday effects of temperature on bridge 

displacement observed in the dataset, a specific day (Au-

gust 8, 2024) has been chosen as a reference. Throughout 

the day, temperature variations cause the bridge deck to 

expand and contract. As temperatures rise in the morning, 

the bridge deck expands, leading to longitudinal displace-

ments at bearings. Conversely, the bridge deck contracts 

at night and during cooler periods, resulting in movement 

in the opposite direction. In a scenario where the behav-

iour is linear, following the laws of thermoelasticity, the 

expected displacement would follow Eq. (2). 

However, a significant non-linearity emerges when exam-

ining the Temperature-Displacement plot (Figure 1), show-

casing cyclic daily patterns. While temperature-induced 

displacement in bridges is a well-documented issue, no de-

finitive interpretation of this phenomenon is available, as 

the underlying mechanism responsible for the hysteresis 

phenomenon observed in diurnal cycles remains a subject 

of debate [19]. 

 

Figure 1 Daily cyclic behaviour of the temperature-displacement cor-

relation (sensor 2A). The colour bar is time in minutes, starting from 

midnight. August 8, 2024 is shown as an example for illustrative pur-

poses. 

Some possible explanations for this non-linear correlation 

can be proposed by focusing on complex factors related to 

the bridge's structural and material behaviour. The ob-

served cyclical pattern during the heating and cooling 

phases can be attributed to a variety of reasons. Very 

likely, the primary cause of this non-linearity can be 
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caused by bearing friction: even though bearings are de-

signed to allow for controlled movement due to thermal 

expansion and contraction, these devices exhibit some de-

gree of friction, which can resist movement up to a certain 

threshold. During heating or cooling phases, this friction 

introduces a lag in displacement until the thermal force 

overcomes it. This phenomenon is commonly referred to in 

the literature as “stick-slip” behaviour [20]. As shown in 

Figure 1, when the structure begins to heat up in the morn-

ing, the bearing remains stationary until the temperature 

reaches a point where the horizontal force overcomes the 

friction. Once this threshold is surpassed, it begins to 

move. This movement continues as the temperature rises. 

Conversely, during the cooling phase, the process works 

similarly: as the temperature decreases, the bearing will 

only move when the static friction is overcome in the op-

posite direction. This behaviour results in the observed cy-

clic hysteresis effect, where the displacement is delayed 

and exhibits a non-linear response. The increasing wear 

condition of sliding bearings could cause friction in these 

components [21]. Overall, friction at the bearings is a cru-

cial aspect, especially if the bearing joints are ageing or 

not functioning optimally. This could lead to noticeable 

hysteresis in displacement during daily thermal cycles. 

This relationship's non-linear and cyclic nature under-

scores the importance of considering time effects when at-

tempting to build a predictive model. 

To investigate the correlation between temperature and 

longitudinal displacement, the most common approach 

would be to just apply the simple and well-known white-

box model of Eq. (2), represented in Figure 2 by the red 

dashed line. This model is based on a linear interpolation 

applied to the entire available dataset. The best fit was de-

termined to maximise the correlation coefficient. The result 

shows a strong linear correlation between temperature and 

displacement, as the Pearson correlation coefficient for 

sensor 2A is r = 0.954. 

 

Figure 2 Linear correlation between temperature and abutment bear-

ing displacements (sensor 2A) 

The predicted displacement values are then compared with 

the observed displacement using the white-box model. The 

prediction results and errors in the time domain represen-

tation are shown in Figures 3 and 4. As can be inferred 

from this last one, not only is the error quite noticeable, 

but it is also not constant, fluctuating with temperature 

variations over time. This points out the necessity of cor-

recting the white-box formulation with an additional, non-

constant term. 

 

Figure 3 Observed and predicted displacements using the white-box 

model (sensor 2A) 

 

Figure 4 Displacement prediction errors using the white-box model 

(sensor 2A) 

Table 1 reports the performance metrics of the white-box 

model. The estimation errors of the model are relevant, 

demonstrating how, as mentioned before, a linear temper-

ature-displacement correlation fails to fully capture the 

structural response at the bearings. 

Table 1 Performance metrics of the white-box model predictions 

White-box Model 

Performance Metrics 
sensor 

1A 
sensor 

2A 

MAE 2.699 3.582 

standard deviation (σ) 3.368 4.283 

MSE 11.346 18.365 

RMSE 3.369 4.285 

NMSE (%) 2.911 9.350 

R2 0.971 0.907 

 

To account for the non-linear behaviour of the bearing dis-

placements, data-driven components were introduced, us-

ing both black-box and grey-box approaches. Regarding 

Gaussian Process models, the chosen kernel function is the 

squared exponential. The model hyperparameters were 

not manually set but were determined autonomously to 

optimise the Negative Log Marginal Likelihood (NLML). The 

results of the predictions are shown in Figure 5, 6, 7, and 

8.  
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Figure 5 Prediction of the black-box model (sensor 2A) 

 

Figure 6 Prediction error of the black-box model (sensor 2A) 

 

Figure 7 Prediction of the grey-box model (sensor 2A) 

 

Figure 8 Prediction error of the grey-box model (sensor 2A) 

The results appear to be very accurate, especially when 

considering the performance of the grey-box model. The 

NMSE value is very low, indicating an almost perfect pre-

diction of the bearings’ response. This model provides a 

near-perfect fit to the observed bearing behaviour, as evi-

denced by very low error metrics (Table 2). The grey-box 

model better captures daily and seasonal cycles, enabling 

to replicate more closely the actual displacement patterns, 

as shown in Figure 9 and Figure 10. 

Table 2 Performance metrics comparison of the GP models (sensor 

2A) 

Metrics Comparison (sensor 2A) 

 Performance Metrics 
White-

box 
Black-
box 

Grey-
box 

MAE 3.582 0.902 0.505 

standard deviation (σ) 4.283 2.220 0.706 

MSE 18.365 4.966 0.499 

RMSE 4.285 2.228 0.706 

NMSE (%) 9.350 2.556 0.252 

R2 0.9065 0.9745 0.9975 

 

 

Figure 9 Prediction of a daily cycle with the black-box model (sensor 

2A - August 8, 2024) 

 
Figure 10 Prediction of a daily cycle with the grey-box model (sensor 

2A - August 8, 2024)  

For completeness, results from sensors on the other abut-

ment (sensor 1A) have also been included in Table 3. 

These findings exhibit a similar trend to those obtained for 

abutment 2, reinforcing the consistency of the observed 

behaviours across both abutments. This parallel in results 
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underscores the reliability of the modelling approach, fur-

ther validating the generalisability of the proposed predic-

tive framework. 

Table 3 Performance metrics comparison of the models (sensor 1A) 

Metrics Comparison (sensor 1A) 

 Performance Metrics 
White-

box 
Black-
box 

Grey-
box 

MAE 2.699 0.957 0.532 

standard deviation (σ) 3.368 2.232 0.714 

MSE 11.346 4.979 0.510 

RMSE 3.369 2.231 0.714 

NMSE (%) 2.911 1.280 0.131 

R2 0.9709 0.9872 0.9987 

 

3.4 Discussion of the results 
 

This section summarises the key points drawn from the 

analysis's main findings. The behaviour of the bearings on 

the viaduct is characterised by strong non-linearity. Ob-

serving how displacements vary in the temperature do-

main reveals cyclic patterns, indicating that a simple linear 

physical law is insufficient to explain the relationship be-

tween temperature variations and the longitudinal dis-

placements observed at the bearings. To better capture 

this complex behaviour, temperature measurements are 

combined with multiple levels of temporal information. 

Since cyclic phenomena depend on the specific time at 

which the system is observed, temporal data are essential 

for achieving a complete understanding of structural be-

haviour. The inclusion of time as an additional input al-

lowed the model to attain excellent predictive perfor-

mance, particularly in addressing the non-linear 

correlation between temperature variations and bearing 

displacements. 

The implementation of the hybrid grey-box model, inte-

grating physical laws describing structural behaviour 

(white-box) with data-driven models (black-box), pro-

duced highly satisfactory results. The findings were con-

sistently observed across all examined bearings, demon-

strating the developed model's ability to adapt well to 

different conditions. The accuracy in predicting displace-

ment values was significantly better than that of the white-

box model and even outperformed the black-box model, 

demonstrating that the residual-based modelling strategy 

within the grey-box framework further enhanced accuracy 

relative to black-box approaches. The ability to provide ex-

planations grounded in physical laws makes grey-box 

models more suitable for decision-making applications, 

particularly in high-risk scenarios, where relying solely on 

an unexplainable black-box model may be considered in-

sufficiently reliable. 

4 Conclusions 

This study explored the development of a predictive frame-

work for estimating bridge displacement at bearings, using 

a grey-box modelling strategy within the Physics-En-

hanced Machine Learning (PEML) paradigm. The aim was 

to overcome the limitations of purely physics-based 

(white-box) models and conventional black-box Machine 

Learning approaches by integrating both methodologies. 

By combining domain knowledge with data-driven refine-

ment, the grey-box model effectively captured the bridge 

bearings' complex, time-dependent behaviour under vary-

ing environmental and operational conditions, offering a 

balance between interpretability and predictive accuracy. 

These results demonstrate that grey-box modelling pro-

vides a robust framework for structural assessment, effec-

tively addressing the challenges posed by environmental 

and operational variations. 

However, further investigation is needed, particularly in 

testing the model’s ability to generalise to extreme or un-

seen scenarios, such as unusual temperature fluctuations. 

Enhancing the model's responsiveness to non-linear varia-

tions and incorporating more extensive, long-term envi-

ronmental data will be objectives for future work. Also, fur-

ther enhancement of the physics-based component could 

improve the model’s generalisation, applicability, and 

transferability of the proposed method across diverse 

structural configurations and conditions. 

In conclusion, this study establishes the groundwork for 

the predictive analysis of bridge-bearing displacements us-

ing grey-box modelling, highlighting the potential of PEML 

in static SHM. The findings emphasise the value of hybrid 

modelling frameworks in bridging the gap between phys-

ics-based knowledge and data-driven adaptability, paving 

the way for more advanced and resilient SHM methodolo-

gies. 
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