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A B S T R A C T

Temperature variations are known to dominate the quasi-static response of bridge structures and complicate 

structural health monitoring (SHM) tasks. This study investigates the feasibility of retrieving bridge strain re­

sponses using temperature measurements through machine learning (ML) techniques. A field dataset collected 

from a 27.5 m footbridge, including ten strain gauges and eleven temperature sensors, is evaluated. A novel 

temperature–strain separation method, combining Empirical Mode Decomposition and Moving Average Filtering 

(EMD–MAF), is proposed to isolate temperature-induced strain components and mitigate measurement noise and 

operational effects. Five scenarios are designed to assess the influence of thermal information on strain retrieval, 

considering single/multiple temperature sensors, historical temperature features, strain information from neigh­

boring strain gauges, and their combinations. Four ML regression models: ridge regression (RR), light gradient 

boosting machine, XGBoost, and artificial neural networks, are trained and optimized using Bayesian hyperpa­

rameter tuning. Results show that the proposed EMD–MAF method successfully extracts thermal strain trends 

and reveals strong temperature–strain correlations. For strain retrieval, RR consistently provides the most re­

liable performance when using temperature data alone, while nonlinear models overfit and generalize poorly. 

When strain measurements from neighboring strain gauges are available, RR again yields the best generaliza­

tion performance, as other strain gauges implicitly encode temperature and operational effects. Incorporating 

multi-sensor temperature data enhances model robustness, but additional historical temperature features do not 

significantly improve predictions in field conditions. The findings highlight the critical role of temperature in 

strain interpretation and demonstrate the practical limitations and capabilities of ML-based strain retrieval for 

real-world SHM systems.

1 . Introduction

Bridge structures are a key component of modern transportation sys­

tems worldwide [1–3]. Many bridges were built in the last century and 

have now been in service for more than 50 years [4,5]. Over time, aging 

and deterioration can develop, posing risks to public safety. The 2018 

collapse of the Morandi Bridge in Italy, where corrosion and damage 

were later identified, is a clear example of such risks [6]. These incidents 

have increased public concern regarding the safety of existing bridges.

Since the beginning of this century, researchers have developed re­

liable methods for assessing the health of bridges. Traditionally, this 

has relied on periodic visual inspections carried out by experienced 

engineers. However, as bridges have become longer and taller, visual 

inspection has grown increasingly difficult, unsafe, and in some cases im­

practical [7–9]. Structural health monitoring (SHM) offers an alternative 

by providing continuous information on structural performance, dam­

age detection, safety assessment, maintenance planning, and remaining 

service life, which has led to growing interest in SHM worldwide 

[10–12]. Damage detection, a central component of SHM, delivers 

essential insights into structural condition and guides maintenance de­

cisions [13,14]. To support this task, various sensors are installed on 

bridges to record structural responses and environmental conditions, en­

abling continuous and data-driven evaluations [15–17]. Commonly used 

sensors include accelerometers, strain gauges, displacement sensors, 

inclinometers, and anemometers [18–20].

Nevertheless, damage detection in practical engineering is chal­

lenging because many external factors can mask the effects of actual 

structural damage [21–23]. For bridges, these factors include tempera­

ture changes, wind, and traffic loads. Among them, temperature plays 

a major role and varies on both daily and seasonal scales [24–26]. Ni 
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et al. [27] examined the influence of temperature on the natural fre­

quencies of the cable-stayed Ting Kau Bridge in Hong Kong and used a 

support vector machine to model how frequencies change with temper­

ature. Cross et al. [28] studied the Tamar Bridge in the U.K. and also 

found that its modal properties were strongly affected by temperature. 

In some cases, temperature-induced responses can exceed those caused 

by traffic loads [29]. On the same bridge studied in [28], Koo et al. 

[30] reported that temperature causes noticeable thermal expansion in 

the deck, main cables, and stays, which dominates global deformation, 

while the effects of traffic and wind are secondary.

In addition, sensor faults present a major challenge in engineering 

applications. Harsh weather can cause sensors to record faulty data or 

fail completely, and communication errors may also occur in long-term 

monitoring. When these issues arise, it becomes necessary to recover 

the missing responses to support engineering decisions [31]. Previous 

studies have explored the recovery of various structural responses, in­

cluding accelerations, strains, and displacements. For example, Oh et al. 

[32] recovered missing strain data from an overpass bridge using a con­

volutional neural network. They treated one sensor as faulty and used 

the responses of other sensors as inputs to predict the missing strain. 

Their approach was validated through numerical tests on a steel beam 

and experiments on a frame structure. Bao et al. [33] proposed a wire­

less acceleration recovery method based on data-driven modeling and 

compressed sensing. The original signal was first converted into a syn­

thetic measurement using a random matrix, and part of this data was 

assumed lost during wireless transmission. The original response was 

then reconstructed using an 𝑙1 optimization process. This method was 

verified on SHM systems installed on the Jinzhou West Bridge and the 

National Aquatics Center in China. For strain data in particular, tempera­

ture variations have a strong influence, making strain closely correlated 

with temperature. This correlation creates an opportunity to retrieve 

strain responses directly from temperature measurements.

The importance of temperature measurements for predicting struc­

tural responses has been well recognized [34], where auto-regression 

models were used to forecast future thermal behavior. Building on this 

idea, Kromanis and Kripakaran [35] developed a method to predict 

traffic-induced responses using information about vehicle location and 

weight. In 2024, Glashier et al. [36] introduced the iterative regression-

based thermal response prediction (IRBTRP) method, which can remove 

temperature effects prior to anomaly detection. In the same year, 

Mariani et al. [37] explored multiple linear regression and deep learning 

models to predict thermal responses, and validated their approach using 

a laboratory truss setup. However, their study relied on measurements 

from only one temperature sensor. In real applications, bridges experi­

ence both daily and seasonal temperature changes. These changes are 

driven mainly by solar radiation, which is unevenly distributed across 

the bridge surface. Existing studies on temperature-related structural re­

sponses can be broadly categorized into three groups: (1) temperature 

compensation for modal frequency or damage detection, (2) regression-

based prediction of thermal response, and (3) laboratory-scale modeling 

of temperature–strain relationships. However, limited attention has 

been given to the inverse problem of retrieving missing strain data 

directly from distributed temperature measurements under long-term 

field monitoring conditions. Temperature transfer within structural com­

ponents is generally affected by material properties. As a result, the 

temperature within a bridge is always non-uniform [38,39]. However, 

previous studies rarely examine model generalization behavior when 

multiple temperature sensors and strain-assisted features are jointly 

considered.

To address this gap, this study formulates strain retrieval as a 

temperature-driven inverse problem under long-term field monitor­

ing conditions. The main contributions are threefold: (1) A physically 

motivated hybrid EMD–MAF method is proposed to isolate temperature-

induced strain components while preserving quasi-static trends and sup­

pressing operational noise. (2) Five feature scenarios are systematically 

designed to quantify the relative information content of distributed 

temperature measurements and neighboring strain gauges for strain 

retrieval. (3) Using one-year field data, we demonstrate that the 

temperature–strain relationship is predominantly linear and that simpler 

linear models provide superior generalization compared with nonlinear 

approaches under real environmental variability.

The remainder of this paper is organized as follows. Section 2 in­

troduces the ML regression algorithms used to retrieve strain data from 

temperature measurements. Section 3 describes the field tests conducted 

on the bridge and outlines the preliminary data processing. Section 4 

presents the different scenarios, along with the corresponding results 

and discussions. Finally, Section 5 concludes the paper.

2 . Methodology

In this work, different machine learning (ML) algorithms are em­

ployed and compared in strain retrieval using temperature data. In 

this section, the utilized algorithms, including ridge regression (RR), 

light gradient boosting machine (LGBM), eXtreme gradient boosting 

(XGBoost), and artificial neural network (ANN), will be briefly intro­

duced. It is assumed that there are 𝑚 samples and 𝑛 features in the 

dataset, namely 𝑿 = [𝒙1,𝒙2,… ,𝒙𝑚], in which 𝐱𝑖 = [𝑥𝑖1, 𝑥𝑖2,… , 𝑥𝑖𝑛]𝑇 .

2.1 . Ridge regression (RR)

Multiple Linear Regression (MLR) is one of the most commonly used 

machine learning algorithms. It has a solid theoretical foundation and 

can clearly show the contribution of each feature. Eq. (1) presents the 

general form of MLR [40], 

𝑦𝑖 = 𝛽0 + 𝛽1𝑥𝑖1 + 𝛽2𝑥𝑖2 +⋯ + 𝛽𝑛𝑥𝑖𝑛 + 𝜖𝑖 (1)

where 𝑦𝑖 is the observed dependent variable; 𝑥𝑖𝑗  is the value of the 𝑗-th 

feature for sample 𝑖; 𝛽𝑗  is the 𝑗-th regression weight, and 𝜖𝑖 is the random 

error term. If the predicted dependent variable is denoted as 𝑦̂𝑖, then 

𝑦𝑖 = 𝑦̂𝑖+𝜖𝑖. However, traditional MLR may suffer from multicollinearity. 

To address this issue, Ridge Regression (RR, also known as Tikhonov 

regularization) was developed to reduce errors caused by overfitting on 

training data [41]. It applies 𝑙2 regularization to the weights, especially 

those with large values, in the MLR model. RR aims to minimize the 

objective function shown in Eq. (2), 

L𝑟𝑟(𝜷) =
𝑛
∑

𝑖=1

(

𝑦𝑖 − 𝒙𝑇𝑖 𝜷
)2 + 𝜆

𝑛
∑

𝑗=1
𝛽2𝑗 (2)

where 𝒙𝑖 is the 𝑖-th feature vector, and 𝜷 is the weight vector. It can 

be seen that instead of minimizing 
∑𝑛

𝑖=1
(

𝑦𝑖 − 𝒙𝑇𝑖 𝜷
)2

 in Ordinary Least 

Squares (OLS), Eq. (2) adds a regularization term 𝜆
∑𝑛

𝑗=1 𝛽
2
𝑗  to limit the 

growth of the weights, in which 𝜆 is a hyperparameter to adjust the 

degree of regularization. This also reduces the sensitivity of RR to noise 

and multicollinearity.

2.2 . Light gradient boosting machine (LGBM)

LGBM is a fast, high-performance implementation of gradient boost­

ing decision trees developed by Microsoft [42]. It is designed for 

efficiency, scalability, and fast training, especially on large datasets 

or high-dimensional tabular data. Like other boosting methods, LGBM 

builds an ensemble of decision trees sequentially, where each new 

tree aims to correct the errors made by the previous ones. The model 

prediction can be expressed by Eq. (3), 

𝑦̂𝑖 =
𝐾𝑡
∑

𝑘=1
𝑓𝑘

(

𝒙𝑖
)

, 𝑓𝑘 ∈ F (3)

where 𝑓𝑘 is the 𝑘-th regression tree; F  is the space of all possible trees; 

𝐾𝑡 is the total number of trees. LGBM optimizes a regularized objective 
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shown in Eq. (4), 

L𝑙𝑔 =
𝑚
∑

𝑖=1
𝑙
(

𝑦𝑖, 𝑦̂
(𝑡−1)
𝑖 + 𝑓𝑡

(

𝒙𝑖
)

)

+ Ω
(

𝑓𝑡
)

(4)

where 𝑙 is a differentiable loss (e.g., squared error, logistic loss) and Ω(𝑓𝑡)
controls tree complexity (number of leaves, leaf weights, etc.). LGBM has 

been widely used in time-series forecasting.

2.3 . XGBoost

Extreme Gradient Boosting (XGBoost) is an advanced and efficient 

implementation of the gradient boosting algorithm [43], widely used 

for both regression and classification tasks. It is known for its speed, 

scalability, and strong predictive accuracy, and has become a standard 

tool in machine learning research. XGBoost builds an ensemble of de­

cision trees sequentially, where each new tree is trained to correct the 

prediction errors (residuals) made by the previous trees. The final pre­

diction is the weighted sum of all trees, consistent with Eq. (3). It is 

designed to minimize the regularized objective shown in Eq. (5), 

L𝑥𝑔 =
𝑚
∑

𝑖=1
𝑙
(

𝑦𝑖, 𝑦̂𝑖
)

+
𝐾𝑡
∑

𝑘=1
Ω
(

𝑓𝑘
)

(5)

where 𝑙(𝑦𝑖, 𝑦̂𝑖) is the loss function; Ω
(

𝑓𝑘
)

= 𝛾𝑇 + 1
2𝜆‖𝒘‖

2 is the regu­

larization term controlling three complexity with 𝑇  learning number of 

leaves and 𝑤 leaf weights. This helps prevent overfitting and improves 

generalization. At each boosting iteration, XGBoost adds a new tree that 

minimizes the second-order Taylor expansion of the loss function, as 

shown in Eq. (6), 

L(𝑡)
𝑥𝑔 ≈

∑

𝑖
[𝑔𝑖𝑓𝑡

(

𝒙𝑖
)

+ 1
2
ℎ𝑖𝑓𝑡

(

𝒙𝑖
)2] + Ω

(

𝑓𝑡
)

(6)

where 𝑔𝑖 = 𝜕𝑦̂(𝑡−1)𝑙
(

𝑦𝑖, 𝑦̂(𝑡−1)
)

 is the first derivative of the loss, and ℎ𝑖 =
𝜕2
𝑦̂(𝑡−1)

𝑙
(

𝑦𝑖, 𝑦̂(𝑡−1)
)

 represents the second derivative of the loss. By using 

both first and second derivatives, XGBoost can achieve faster and more 

accurate optimization than traditional gradient boosting.

2.4 . Artificial neural network (ANN)

Artificial Neural Network (ANN) is the basic framework underlying 

many advanced neural network architectures [44], such as convolu­

tional neural networks (CNN), recurrent neural networks (RNN), and 

Transformers. It is composed of layers of interconnected neurons that 

learn to map input features to outputs through weighted connections. 

An ANN usually includes three main layers: an input layer, one or more 

hidden layers, and an output layer. A typical ANN with two hidden layers 

is illustrated in Fig. 1.

In the ANN, the output in the next layer (e.g., hidden layer 1) can be 

computed using Eq. (7), 

𝑎(1) = 𝜎(𝐖(1)𝒙𝑖 + 𝒃(1)) (7)

where 𝐖(1) is the weight matrix in the first hidden layer, and 𝒃(1) is the 

bias vector. 𝜎(⋅) denotes the activation function (such as ReLU, Sigmoid, 

or Tanh). ANNs learn by adjusting weights and biases to minimize a 

loss function, for example the mean squared error used in regression, as 

shown in Eq. (8), 

L𝑛𝑛 =
1
𝑁

𝑁
∑

𝑖=1

(

𝑦𝑖 − 𝑦̂𝑖
)2

(8)

This optimization is carried out through backpropagation, which 

computes the gradients of the loss with respect to each parameter us­

ing the chain rule, and gradient descent, which updates the parameters. 

The learning rate controls the step size of each update. Adaptive mo­

ment estimation (Adam) is one of the most widely used optimization 

algorithms for training ANNs and is adopted in this work [45].

Fig. 1. Illustration of an ANN.

3 . Field-test setup and the dataset

This section introduces the dataset collected from field tests on a real 

footbridge. The data is then initially analyzed and prepared for model 

training in the following section.

3.1 . Field tests

The field tests were carried out on a footbridge located on the cam­

pus of the University of Twente (UT) in Enschede, the Netherlands, 

as shown in Fig. 2. The side and front views of the UT campus foot­

bridge are provided in Figs. 2(a) and Fig. 2(b), respectively. The drawing 

of the footbridge, including its plan and elevation views, is presented 

in Fig. 3. The bridge is simply supported at both ends and has a to­

tal length of 27.5 m. The horizontal bracing uses 80×80×5 SHS steel, 

and the three main girders are IPE600 steel beams. In February 2023, 

eleven temperature sensors (ten on the surface and one in the air) 

and ten strain gauges were installed on the bridge to monitor its con­

dition. The sensor locations are shown in Fig. 3. The strain channels 

were measured using Kyowa weldable full-bridge strain gauges (KCW-

5-350-G14S-11) with a chloroprene-coated 4-conductor cable (3 m). The 

temperature field was recorded using Ahlborn magnetic temperature 

sensors (X-9/K, Type-K thermocouple) mounted on the steel surface, 

and the air temperature channel was measured using Ahlborn FHAD46-

C41AL10. The Ahlborn ALMEMO data acquisition (DAQ) system was

employed.

By the time this study began, the bridge had been monitored for 

nearly one year (from February 7th, 2023, to January 20th, 2024). Strain 

responses were recorded by strain gauges installed on the bridge and 

synchronized with the temperature sensors at a sampling frequency of 

approximately 0.1 Hz. The collected data from all sensors are shown in 

Fig. 4.

The ten strain gauges, named S1, S2, …, S10, recorded strain at 

different positions on the footbridge. Throughout the monitoring pe­

riod, various types of sensor faults occurred, including “outlier,” “drift,” 

“missing,” and “square” faults [46]. The fault patterns observed in the 

long-term strain data are consistent with common sensor and acquisition 

issues in field monitoring. Drift typically arises from gradual changes 

in sensor offset/sensitivity caused by temperature cycling, adhesive ag­

ing, moisture effects, or slow variations in wiring/contact resistance. 

Missing data is mainly due to acquisition or communication interrup­

tions (e.g., power off, logger resets, or intermittent connections). Square 

faults usually appear as step-like or plateau segments and are often re­

lated to clipping/saturation or intermittent electrical contact/channel 

freezing. These faults became more frequent after winter, likely due 

to harsher conditions such as rapid temperature drops and condensa­

tion/icing. Some gauges, such as S2 and S6, developed faults early, while 

others experienced issues later. Overall, every strain gauge showed some 
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Fig. 2. Photos of the UT campus footbridge.

Fig. 3. Drawings of the footbridge.

level of faulty behavior during the year-long monitoring period. Notably, 

when winter began around October, significant sensor faults appeared 

more frequently, likely due to the sharp drop in temperature, as ob­

served in Fig. 4(b). Certain strain gauges (e.g., S4 and S6) eventually 

stopped collecting data altogether. These issues highlight the challenges 

in practical bridge monitoring. When strain data are needed for assessing 

structural conditions, it becomes necessary to retrieve missing or faulty 

strain measurements using available information.

The recorded temperature data are shown in Fig. 4(b). Eleven tem­

perature sensors, named T1, T2, …, T11, were installed on the bridge. 

Sensors T1–T10 were mounted directly on the bridge to measure ac­

tual material temperatures, while T11 measured air temperature (it 

performs in a way similar to a weather station). As seen in Fig. 3, 

the temperature sensors were positioned close to the strain gauges, 

and the air temperature sensor was suspended between T9 and T10. 

From Fig. 4(b), it can be observed that the temperature sensors expe­

rienced fewer faults, with the exception of an “outlier” period for T11 

between September and October 2023. Overall, the temperature sen­

sors performed reliably, making temperature data a strong reference for 

strain retrieval. Although occasional system suspensions occurred, such 

as during a power outage in August 2023, these interruptions did not 

cause sensor faults.

3.2 . Data initial analysis

After introducing the collected strain and temperature data, this 

section presents the data analysis and separation. The variations in strain 

data come from three main sources: temperature changes, ongoing traf­

fic (including bicycles, pedestrians, etc.), and other influences such as 

wind, noise, and humidity. Among these, the first two factors have the 

greatest impact on the footbridge’s strain response. Therefore, to study 

temperature effects, the strain caused by temperature must be separated 

from other components. To examine the data more closely, the temper­

ature and strain records from the first ten days (February 7th 17:32:02 

to February 17th 17:32:02, 2023) after monitoring began are shown in 

Fig. 5.

From Fig. 5(a), although the overall patterns of temperature varia­

tion are similar, the peak values differ among sensors. This indicates 

Structures 88 (2026) 111949 

4 



Z. Li and R. Kromanis

Fig. 4. Strain and temperature data over one year.

that the surface temperature of the footbridge is not uniform at any 

given time. To examine this phenomenon in more detail, Fig. 6 presents 

the temperature data from T1 to T11 in different seasons. Clear dif­

ferences can be observed between the measurements from the various 

temperature sensors, especially in winter. The temperature typically 

peaks around 12:00 to 15:00. The patterns of variation are similar 

across days in winter, spring, and summer, although the absolute tem­

perature values differ. As a result, the strain in the bridge components 

should be influenced by temperature measurements from multiple loca­

tions rather than from a single sensor. At the same time, temperature 

data from T1–T10 are clearly related, even though their ranges differ. 

This means that when temperature data are used as input in machine 

learning models, multicollinearity may affect training and should be

considered.

Fig. 5(b) shows the air temperature from T11 together with strain 

data from the same ten-day period. A clear negative correlation can 

be observed: as temperature increases, strain decreases. The effects of 

ongoing traffic are also visible as fluctuations in the strain signal, but 

temperature remains the dominant factor shaping the strain response. 

To further study the temperature–strain relationship, correlation analy­

sis, including both self-correlation and cross-correlation, was performed. 

The results are shown in Fig. 7.

From Fig. 7(a), it can be seen that the temperature data collected 

from T1–T11 are highly correlated, with most correlation coefficients 

above 0.8. Although the sensors show strong similarity, the differences 

among them indicate that each temperature sensor still provides useful 

information and can contribute to improving strain retrieval. Fig. 7(b) 

then shows the correlations among the strain measurements from 

S1–S10. These correlations are generally lower than those of the temper­

ature sensors, especially for S9. This makes the data from S9 less reliable. 

Overall, the analysis confirms that both temperature and strain data 

exhibit meaningful correlations, which can help identify and exclude 

unreliable measurements.

Since this work focuses on the influence of temperature on strain re­

trieval, the correlation coefficients between all temperature and strain 

channels are shown as a heatmap in Fig. 7(c). All coefficients are nega­

tive, confirming the expected inverse relationship between temperature 

and strain. However, different temperature sensors show different lev­

els of influence. For instance, T1, T5, and T9 appear to affect all strain 

gauges. Likewise, S1, S2, S4, S6, S8, and S10 are strongly influenced 

by most temperature sensors, while S9 shows much weaker correla­

tions. This again indicates that S9 provides unreliable information and 

should be excluded from model training to avoid degrading predictive 

performance.

3.3 . Data separation

From the above analysis, it is clear that all temperature data are 

closely related to the strain measurements. The next step is to separate 

the strain into two components: strain caused by temperature and strain 

caused by other factors. To achieve this, a method combining Empirical 
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Fig. 5. Temperature and strain data during the first 10 days.
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Fig. 6. Temperature variations in one day during winter, spring, and summer.

Fig. 7. Correlation analysis.

Mode Decomposition (EMD) and a Moving Average Filter (MAF) is pro­

posed. From a structural mechanics perspective, temperature-induced 

strain is characterized by slow-varying, quasi-static behavior driven 

by thermal expansion and contraction of structural components. In 

contrast, traffic loads and environmental disturbances introduce high-

frequency fluctuations superimposed on the thermal trend. Therefore, 
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Fig. 8. Correlation analysis after applying EMD.

separating low-frequency thermal components from high-frequency op­

erational effects can be interpreted as a time-scale decomposition 

problem. EMD is particularly suitable for this task because it adap­

tively decomposes nonstationary signals without requiring predefined 

basis functions. However, EMD alone may produce residual components 

sensitive to local extrema and noise. The subsequent application of a 

moving average filter stabilizes the extracted low-frequency component 

and mitigates sensitivity to outliers, resulting in a robust estimate of 

temperature-induced strain.

This approach integrates the strengths of both techniques. The first 

step is to select an appropriate number of Intrinsic Mode Functions 

(IMFs). Fig. 8 shows the relationship between the correlation coefficients 

and the number of IMFs, where the correlation coefficient reflects the 

consistency between the residual after EMD and the original strain data. 

The number of IMFs tested ranges from 3 to 11. As shown in Fig. 8, for 

all strain gauges S1–S10, the correlation remains high (near 1.0) when 

3–6 IMFs are used. To maintain a strong correlation between the residual 

(temperature-related strain) and the original strain while filtering out as 

much non-temperature-related strain as possible, 6 IMFs are selected in 

this work.

Nevertheless, if only EMD is applied, the residual may deviate from 

the original strain data, leading to larger errors when extracting the 

temperature-induced strain. Fig. 9(a) shows the extracted strain for S1 

on the first day (February 7th, 2023) using different methods. When 

EMD is solely used, the extracted strain departs noticeably from the orig­

inal signal, especially when the strain decreases sharply. We also tested 

using MAF alone for temperature-induced strain extraction. However, 

MAF is sensitive to outliers and strongly depends on the chosen win­

dow length. When the window length equals 500, the extracted strain 

deviates from the original strain at several peak values. To address these 

issues, this work combines the two methods. After applying EMD, MAF is 

used to refine the extracted strain. The proposed EMD–MAF method can 

take the strengths of both techniques, producing results that lie between 

those obtained from EMD alone and MAF alone while reducing their 

individual shortcomings, as shown in Fig. 9(a). The “window length” 

in the EMD–MAF method refers to the MAF applied to the decomposed 

thermal component to suppress short-term fluctuations. This windowing 

is only used for signal smoothing during thermal strain extraction and 

does not generate moving-window training samples.

To further demonstrate the capability of the EMD–MAF method, 

Fig. 9(b) shows the correlation coefficients between the extracted 

temperature-induced strain and the original strain for different win­

dow lengths. It can be seen that MAF alone is highly sensitive to the 

window length, with the correlation decreasing sharply as the window 

length increases. In contrast, the EMD–MAF method maintains a high 

correlation and gradually approaches the performance of EMD alone 

when the window length becomes large. This is advantageous in prac­

tical engineering, where selecting an appropriate window length based 

solely on experience can be difficult. The proposed method ensures that 

the extracted temperature-induced strain remains highly correlated with 

the original data. Based on the authors’ experience, a window length of 

100–300 is recommended when applying the EMD–MAF method. Using 

a window length of 150, the remaining response after removing the 

temperature-induced strain is shown in Fig. 10. It should be noted that 

the response shown in Fig. 10 represents the residual strain after re­

moving the dominant temperature-induced component. Therefore, its 

amplitude is expected to be much smaller than that of the original strain 

signal.

From Fig. 10, a clear periodic pattern can be seen in the data after 

removing the temperature effects. This occurs because fewer pedestrians 

and bicycles use the footbridge during night hours. In addition, February 

11th and 12th, 2023 were a Saturday and Sunday, during which the 

strain peaks are smaller compared to weekdays. To further verify the ef­

fectiveness of the proposed method for extracting temperature-induced 

strain and to illustrate the relationship between temperature and strain, 

Fig. 11 is provided, which shows that the temperature-induced strain 

Fig. 9. Strain extraction using various methods.
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Fig. 10. Residual strain after filtering out the temperature-induced component using the proposed EMD–MAF method.

Fig. 11. Relationship between temperature and strain data before and after filtering.

closely covers the original strain, while the remaining fluctuations 

surround the main temperature-driven trend. This indicates that the 

temperature-induced strain is well extracted. A clear negative corre­

lation between temperature and strain is also visible, particularly for 

S6 and S10, which supports the feasibility of predicting strain from 

temperature data. In contrast, abnormal behavior is again observed for 

S9.

In addition, the histogram of the strain components caused by ongo­

ing traffic (including bicycles and pedestrians) and other factors (such 

as wind, noise, and humidity) is shown in Fig. 12 for S1–S10 after 

removing the temperature-induced strain. The remaining strain data ap­

proximately follow normal distributions with a mean close to zero. This 

aligns with the expectation that these influencing factors typically follow 

normal patterns in practical engineering. These results further demon­

strate the effectiveness of the proposed EMD–MAF method in extracting 

temperature-induced strain.

In this study, the ML models are developed to retrieve the quasi-

static, temperature-induced strain component. Therefore, the extracted 

low-frequency thermal strain trend obtained by the proposed EMD-MAF 

procedure is used as the prediction target for model training, validation, 

and testing, while the remaining high-frequency component (mainly op­

erational effects and measurement noise) is not used as the target in the 

present work. However, to quantify the effect of the proposed prepro­

cessing, a case without applying EMD-MAF is also considered, where 
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Fig. 12. Histogram of strains excluding temperature effects.

models are trained and tested directly using the originally measured 

strain signal. This will be discussed in Section 4.4.4.

3.4 . Data transformation

For the RR model (linear model), it assigns different weights to 

the features, as shown in Eqs. (1) and (2). These weights directly in­

dicate the contribution of each feature, so data transformation is not 

required. However, for the other three ML models (nonlinear models), 

feature standardization is necessary because the input variables may 

not share the same scale. Standardization is important since many ML 

models are sensitive to feature magnitudes. Methods such as ANNs rely 

on distance-based calculations or gradient-based optimization, where 

features with large numerical ranges may dominate the model, cause 

unstable gradient updates, slow convergence, or lead to suboptimal re­

sults. Standardization ensures that all features contribute proportionally, 

improves training stability, and makes optimization efficient. In con­

trast, tree-based models like LGBM and XGBoost are not scale-dependent 

because they use threshold-based splits rather than distance or gradi­

ent magnitude, so standardization is not strictly necessary, although 

it can still improve consistency within a processing pipeline. In this 

work, we use StandardScaler from the Scikit-learn package [47], which 

is expressed in Eq. (9), 

𝑥std
𝑖,𝑗 =

𝑥𝑖,𝑗 − 𝜇𝑗
𝜎𝑗

(9)

where 𝑥𝑖,𝑗  is the 𝑗-th feature of the 𝑖-th sample; 𝜇𝑗  is the mean value of 

the 𝑗-th feature computed from the training data and is given by 𝜇𝑗 =
1
𝑁

∑𝑁
𝑖=1 𝑥𝑖,𝑗 ; and 𝜎𝑗  is the standard deviation of the 𝑗-th feature, obtained 

by 𝜎𝑗 =
√

1
𝑁

∑𝑁
𝑖=1

(

𝑥𝑖,𝑗 − 𝜇𝑗
)2

. The standardized samples are then fed 

into the nonlinear ML models to predict the output.

3.5 . Data partitioning

As introduced before, the strain and temperature data were collected 

at a sampling frequency of approximately 0.1 Hz. After quality con­

trol and removal of faulty/missing segments, the original strain and 

temperature dataset contains 818,645 data points. Although the raw 

measurements were collected at approximately 0.1 Hz, within relatively 

short time intervals, the strain and temperature change only slightly. To 

reduce redundancy and focus on quasi-static behavior, an effective sam­

pling rate of 0.002 Hz (i.e., one sample every 8.3 minutes) was adopted 

for model development. Under this effective sampling rate, the dataset 

used for model training and validation (February 7th, 17:32:02 to March 

30th, 17:32:02, 2023) contains 16,373 data points, split into 11,461 

training data points (70%) and 4912 validation data points (30%). The 

independent testing dataset (March 30th, 17:32:02 to April 7th, 7:30:58, 

2023) contains 2615 data points. To ensure reproducibility, a fixed ran­

dom seed is assigned to each model so that all models use the same 

deterministic train-validation-test split.

4 . Results and discussions

Based on the dataset described in the previous section, this section 

explains how the models are trained and outlines the performance 

evaluation metrics used. Five scenarios with different input feature con­

figurations are then introduced to examine the influence of temperature 

on strain retrieval, followed by the corresponding prediction results. 

Finally, several key observations and discussions are provided.

4.1 . Scenarios

To investigate the effects of temperature data in strain retrieval, five 

ML model training scenarios are included in this study. The strain data 

collected from S4 is utilized as the data to be retrieved. With these sce­

narios, we aim to evaluate the effects of temperature data in retrieving 

strain data of one channel.

• Scenario 1. The temperature data of one sensor is employed to 

predict the strain at the same time. Under this condition, there 

is only one feature to predict the strain. In this scenario, the air 

temperatures, namely data from T11, are utilized as input.

• Scenario 2. Data from multiple temperature sensors are utilized as 

input to predict the strains. In other words, data from T1, T2, …, 

T11 are employed. Therefore, there are 11 features in this scenario. 

It is designed to consider the effects of temperature at different 

positions of the footbridge.

• Scenario 3. This scenario considers historical temperature infor­

mation to account for possible delay effects between temperature 

variation and strain response. As illustrated in Fig. 13, a fixed-

length look-back window is constructed for each temperature chan­

nel by concatenating the current measurement with the previous 59 

measurements. Using all 11 sensors, this yields 660 temperature-

history features per sample, while the output remains the strain at 

Fig. 13. Illustration of input features in Scenario 3.
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the same time step (e.g., S4). Each timestamp therefore corresponds 

to one training sample with lagged temperature features.

• Scenario 4. Apart from the temperature data, another strategy is 

to retrieve S4 strain using the strain data of other channels. This 

is because the data from other channels can capture not only the 

variation of temperature but also other influencing factors, and 

therefore can be good references.

• Scenario 5. In this scenario, we consider all temperature and strain 

data of other channels to estimate the effects of temperature data 

in strain retrieval. This scenario is designed to incorporate infor­

mation associated with thermal effects (distributed temperature 

sensors) as well as operational and other environmental influences 

that are implicitly embedded in neighboring strain measurements.

4.2 . Hyperparameter tuning

In the training process, proper selection of hyper-parameters is es­

sential for optimizing the performance of all ML models. Common 

search strategies include grid search and random search, but these ap­

proaches often require substantial computational resources and time 

[48,49]. A more advanced alternative is Bayesian optimization [50], a 

sequential model-based technique for hyper-parameter tuning, partic­

ularly effective when each model evaluation (training and validation) 

is computationally expensive. Bayesian optimization constructs a prob­

abilistic surrogate model that approximates the relationship between 

hyper-parameters and performance. An acquisition function then uses 

this surrogate to choose the next set of hyper-parameters, balancing 

exploration of uncertain regions with exploitation of promising ones. 

Because it leverages information from previous evaluations, Bayesian 

optimization typically needs far fewer iterations than grid or random 

search, making it suitable for scenarios with limited computational 

resources or time-consuming model training.

In this work, Bayesian optimization is used to determine the optimal 

hyper-parameters. The search ranges (or categories) for each model are 

listed in Table 1. For all models, the Mean Squared Error (MSE) on the 

validation set is used to select the optimal configuration. After tuning, a 

prefix “O” is added to each model name to distinguish optimized models 

from their non-optimized counterparts.

Specifically for O-ANN training, convergence follows the default 

scikit-learn stopping criterion with a tolerance of 1𝑒−4: training termi­

nates when the improvement in the loss is less than the tolerance for 

10 consecutive iterations, or when the maximum number of iterations 

is reached. With the maximum iteration number of 3000, the ANN con­

verged well before reaching this limit. The numbers of training epochs 

required for convergence in Scenarios 1–5 are 35, 191, 155, 89, and 74, 

respectively. This indicates that the training process converged within a 

limited number of epochs rather than being terminated by the maximum 

iteration. Early stopping is not enabled in this study.

4.3 . Performance evaluation

To evaluate the performance of all ML models, one of the commonly 

used statistical metrics, Mean Absolute Error (MAE), is employed in this 

work. Its mathematical expression is given in Eq. (10). MAE measures 

the mean absolute difference between the true and predicted strain val­

ues. In Eq. (10), 𝑦𝑖 denotes the true strain values, and 𝑦̂𝑖 represents the 

predicted values. In MAE, higher metric values indicate worse model 

performance, and lower values indicate better performance. In addition 

to MAE, RMSE and 𝑅2 in Eqs. (11) and (12) are employed to provide 

complementary evaluation perspectives. RMSE penalizes large devia­

tions strongly, while 𝑅2 measures the proportion of variance explained 

by the model and provides insight into generalization behavior. 

𝑀𝐴𝐸 = 1
𝑁

𝑁
∑

𝑖=1

|

|

𝑦𝑖 − 𝑦̂𝑖|| (10)

𝑅𝑀𝑆𝐸 =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1

(

𝑦𝑖 − 𝑦̂𝑖
)2

(11)

𝑅2 = 1 −
∑𝑁

𝑖=1
(

𝑦𝑖 − 𝑦̂𝑖
)2

∑𝑁
𝑖=1

(

𝑦𝑖 − 𝑦̄
)2

(12)

4.4 . Results

4.4.1 . Strain retrieval results

For Scenario 1, to examine the strain retrieval performance, the strain 

data in the training, validation, and testing phases are plotted over time 

in Fig. 14. In the training and validation phases, the four models are 

able to predict the strain data reasonably well at certain periods (e.g., 

02/28–03/14). However, in the testing phase, all models show limited 

accuracy. In particular, the O-LGBM and O-XGBoost models introduce 

more noise and fluctuations in the predicted strain. Overall, the mod­

els exhibit noticeable prediction errors, indicating that the bias learned 

during training is not captured accurately. This indicates that even dur­

ing training and validation, predicting strain using only one temperature 

sensor is challenging. Although a general relationship exists, the corre­

lation is not strong enough to be captured accurately by either linear or 

nonlinear models. In other words, temperature data from a single sensor 

do not provide sufficient information for reliable strain retrieval.

In Scenario 2 when temperature data from multiple sensors are used 

for strain prediction, Fig. 15 shows the predicted strain over time. The 

O-LGBM, O-XGBoost, and O-ANN models provide improved predictions 

in the training and validation phases. For the O-RR model, although its 

performance is better than in Fig. 14(a), noticeable differences remain 

between 02/07 and 02/23. In the testing phase, the predicted strain 

Table 1 

Hyperparameters (Sc. : Scenario).

Model Hyper-parameters Data type Tuning range Sc.1 Sc.2 Sc.3 Sc.4 Sc.5

RR ‘alpha’ Real [1e-1,1e9] 0.1 0.1 87,215.03 0.1 0.1

LGBM ‘n_estimators’ Integer [10,2000] 1918 434 1927 1809 1504

‘max_depth’ Integer [1,50] 1 50 42 27 33

‘num_leaves’ Integer [2,2000] 2 1176 1366 1435 308

‘learning_rate’ Real [1e-2,1e0] 1 0.255 0.118 0.075 0.049

‘min_child_samples’ Integer [5,50] 10 17 37 37 50

‘subsamples’ Real [0.5,1] 0.5 0.537 0.994 0.712 0.62

‘colsample_bytree’ Real [0.5,1] 0.569 0.902 0.593 0.9 0.584

XGBoost ‘n_estimators’ Integer [10,2000] 1443 459 1587 605 1274

‘max_depth’ Integer [1,50] 1 37 46 41 24

‘max_leaves’ Integer [1,50] 50 42 50 39 17

‘learning_rate’ Real [1e-2,1e0] 1 0.274 0.067 0.085 0.34

ANN ‘activation’ Categorical {‘relu’, ‘tanh’, ‘identity’} ‘relu’ ‘relu’ ‘relu’ ‘relu’ ‘relu’

‘learning_rate’ Categorical {‘constant’, ‘invscaling’, ‘adaptive’} ‘adaptive’ ‘adaptive’ ‘adaptive’ ‘adaptive’ ‘adaptive’

‘max_iter’ Categorical {1000, 2000, 3000} 3000 3000 3000 3000 3000
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Fig. 14. Scenario 1: true and predicted strain data using different ML models.

Fig. 15. Scenario 2: true and predicted strain data using different ML models.

still does not align well with the real measurements, and the predictions 

appear scattered and disordered.

In Scenario 3, the historical temperature data from multiple sen­

sors are included, since delay effects may exist between temperature 

changes and strain response, as discussed in [37]. Here, 59 past temper­

ature data points from each sensor are incorporated. As in the previous 

scenarios, the strain retrieval results over time are shown in Fig. 16. 

Similar patterns to Scenario 2 can be observed. The O-RR and O-ANN 

models produce stable predictions with a few noisy fluctuations. For the 

O-LGBM and O-XGBoost models, the predicted strain matches the true 

values closely during the training and validation phases (the pink and 

purple curves largely overlap in Figs. 16(b) and 16(c)). However, in the 

testing phase, their performance remains poor. The predicted strain does 

not align with the actual measurements, indicating that including his­

torical temperature data does not necessarily improve generalization in 

real field conditions.

In practical engineering, there can be various influencing factors 

causing variations in strains, and temperature is an important one among 

them. As shown in Fig. 7(b), the strain data from all gauges are closely 

related, which suggests that the strain at one gauge may be retrieved 

using strain measurements from other gauges. Under this condition, if 

one sensor produces faulty data, strain data from the remaining gauges 

can be used instead of relying solely on temperature information.

In the previous scenarios, we observed that using temperature data 

alone may lead to noticeable errors in strain retrieval. Therefore, 

Scenario 4 examines the use of strain data from neighboring strain 

gauges for reconstructing the response at S4. Fig. 17 presents the pre­

dicted and actual strains in all phases. We can see that the O-LGBM, 

O-XGBoost, and O-ANN models match the real strain data well in the 

training and validation phases, while the O-RR model shows notice­

able prediction errors. However, in the testing phase, the O-RR model 

achieves a prediction accuracy comparable to that of the O-LGBM and O-

XGBoost models. The O-ANN model performs the worst in testing, with 

clear and significant prediction errors.

This improved performance is possible because strain measurements 

from other gauges contain not only temperature-related information but 
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Fig. 16. Scenario 3: true and predicted strain data using different ML models.

Fig. 17. Scenario 4: true and predicted strain data using different ML models.

also effects from various environmental and operational factors, such as 

wind, humidity, rainfall, and snow. These factors also influence strain 

variations. While temperature is a major contributor, other influences in 

field measurements cannot be ignored, unlike in controlled laboratory 

settings. Capturing all these factors directly is challenging, but using 

“healthy” data from other sensors provides an effective way to account 

for them during strain retrieval.

To further examine the influence of temperature data, Scenario 5 

incorporates thermal data from all temperature sensors together with 

strain data from all gauges except S4 to retrieve the strain at S4, with­

out using historical data. Fig. 18 shows the predicted and actual strains. 

It can be seen that the strain retrieved by the O-LGBM, O-XGBoost, 

and O-ANN models matches the real strain very closely in the train­

ing and validation phases. However, in the testing phase, the O-ANN 

model performs the worst, while the O-LGBM and O-XGBoost models 

produce similar and more stable results. For the O-RR model, noticeable 

differences remain between the predicted and real strain, but its testing 

performance is relatively better than in the earlier scenarios.

4.4.2 . Model performance evaluation

For evaluating the performance of all models, Fig. 19 summarizes 

their MAE values in the training, validation, and testing phases for 

all scenarios. In Scenarios 1–3, where only temperature information 

is used as input, the nonlinear models (O-LGBM, O-XGBoost, and O-

ANN) achieve the relatively low MAEs in the training and validation 

phases, in particular when multiple sensors and historical temperature 

records are included (Scenarios 2 and 3). Their testing MAEs are, how­

ever, higher than in the training and validation phases, which indicates 

clear overfitting. The O-RR model yields slightly large MAEs during 

training and validation but gives the smallest testing MAE in all three 

temperature-only scenarios. Specifically, when data of multiple temper­

ature sensors are utilized in Scenario 2, the MAE value in testing phase 

decrease by 15.3%. The testing MAE in these cases remains between 

13 and 17 µϵ, which shows that temperature alone is not sufficient for 

highly accurate strain retrieval, even when data from several sensors or 

historical temperature features are provided. These results support the 

earlier observation that the relationship between temperature and strain 
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Fig. 18. Scenario 5: true and predicted strain data using different ML models.

Fig. 19. Performance metrics of all models in different scenarios.

is predominantly linear and that increasing the input dimensionality 

mainly amplifies the tendency of nonlinear models to overfit.

Scenarios 4 and 5 use strain measurements from other gauges as 

inputs, with and without additional temperature data. Here, the MAE 

in the testing phase decreases by approximately one order of magnitude 

compared with the temperature-only scenarios. When only strain from 

neighboring gauges is used (Scenario 4), the nonlinear models again at­

tain the smallest MAE in the training and validation phases, but the O-RR 
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model gives the lowest MAE in the testing phase. This indicates that a 

simple linear model is sufficient to capture the relationship between 

S4 and the remaining strain gauges, while the more flexible models 

tend to fit noise and operational variability. When temperature data are 

added to these strain inputs (Scenario 5), the training and validation 

MAE of the nonlinear models is further reduced, but the testing MAE 

does not improve and in some cases increases. Compared to the best 

MAE value in Scenarios 1–3 in the testing phase, the MAE decreases 

by 84.5% when all temperature and strain data are utilized in this

scenario.

The good performance of Scenario 5 can be explained by the fact that 

long-term field strain measurements are governed by multiple sources of 

variability. Temperature dominates the quasi-static response. However, 

operational actions and additional environmental effects (e.g., wind 

and humidity) also introduce fluctuations that are not fully observable 

from temperature measurements alone. Scenario 5 combines explicit 

thermal information from distributed temperature sensors with strain 

measurements from neighboring gauges, which act as proxy signals for 

operational and environmental influences occurring at the same time. 

As a result, Scenario 5 reduces the unmodeled variance in the pre­

diction target and improves robustness in the testing phase, whereas 

temperature-only scenarios (Scenarios 1–3) are more sensitive to noise 

and operational disturbances and therefore exhibit poorer generaliza­

tion. However, compared to Scenario 4, the O-RR model in Scenario 5 

shows a modest reduction in MAE across all phases, yet the overall gain 

in testing accuracy is small. This is because the strain measurements 

from other gauges already include information about temperature ef­

fects, as well as other environmental and operational influences. As a 

result, adding temperature data again does not introduce new infor­

mation for the ML models and therefore does not lead to meaningful 

improvements in prediction performance.

To make the evaluation more general, two other evaluation metrics, 

RMSE and 𝑅2, for models of all scenarios in different phases have been 

listed in Table 2. The inclusion of RMSE and 𝑅2 further reveals clear 

overfitting behavior in nonlinear models under temperature-only sce­

narios (e.g., Scenarios 2 and 3). While O-LGBM and O-XGBoost achieve 

nearly perfect training and validation 𝑅2 values (approaching 1.0), their 

testing 𝑅2 becomes negative, indicating that the models perform worse 

than a simple mean predictor on unseen data, which is a strong indicator 

of severe overfitting.

This phenomenon can be explained by the high dimensionality and 

multicollinearity of temperature inputs. When multiple temperature 

sensors and historical features are introduced (Scenario 3), nonlinear 

models with high representational capacity can fit noise and short-term 

fluctuations in the training data. However, due to seasonal variation 

and distribution shifts between the training and testing periods, these 

learned nonlinear patterns do not transfer to unseen data.

In contrast, O-RR exhibits moderate but consistent performance 

across all phases, with significantly small discrepancies between train­

ing and testing metrics. The linear structure of ridge regression restricts 

model variance and prevents excessive sensitivity to minor fluctuations 

in the training data. This behavior aligns with the predominantly linear 

nature of temperature-induced strain, suggesting that increasing model 

complexity mainly increases variance without improving bias under 

field conditions.

Overall, the combined comparison across all scenarios demonstrates 

that O-RR consistently provides the most reliable generalization perfor­

mance, particularly in the testing phase. Nonlinear models can fit the 

training data very accurately, especially when many thermal or strain 

features are supplied, but they do not translate this advantage into bet­

ter performance on unseen data and are therefore less suitable for robust 

field applications than the linear model. These findings reveal that under 

temperature-dominated quasi-static strain behavior, increasing model 

complexity does not necessarily improve predictive robustness. This in­

sight has practical implications for SHM system design, suggesting that 

model simplification and physically informed feature selection may be 

more critical than algorithmic sophistication.

The good generalization of the RR model can be explained by both 

the physical nature of thermal strain and the statistical characteris­

tics of the field dataset. First, the dominant component of long-term 

strain is quasi-static and temperature-driven. For steel members in this 

study, the temperature-induced strain primarily follows thermal ex­

pansion/contraction and restraint effects, which can be approximated 

by a linear mapping between strain and a linear combination of tem­

perature measurements at different locations [37]. This is consistent 

with the strong negative correlations observed between temperature 

and strain across most channels. Second, the temperature sensors are 

highly correlated with each other, resulting in strong multicollinearity 

and feature redundancy. In such cases, flexible nonlinear models (O-

LGBM, O-XGBoost, and O-ANN) can exploit small fluctuations and noise 

patterns during training, producing very low training/validation errors 

but poor transferability to unseen periods. The RR model, by contrast, 

applies 𝑙2 regularization, which can stabilize coefficient estimation un­

der multicollinearity and suppress sensitivity to noise. Third, field data 

are nonstationary: solar radiation, thermal gradients across the deck, 

and operational effects (e.g., wind and humidity) introduce distribution 

shifts between the training and testing periods. Nonlinear models are 

prone to learning training-specific patterns that do not persist under such 

shifts, leading to severe overfitting. Instead, the RR model tends to cap­

ture the dominant, physically meaningful trend and therefore achieves 

more reliable performance on the testing set.

ANN is one of the most powerful nonlinear models. To further exam­

ine model behavior beyond aggregate error metrics, a residual analysis 

was conducted for the ANN model, where the residual is defined as the 

Table 2 

Strain retrieval evaluation using RMSE and 𝑅2 in scenarios 1-5.

Dataset Scenarios Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5

Models RMSE 𝑅2 RMSE 𝑅2 RMSE 𝑅2 RMSE 𝑅2 RMSE 𝑅2

Training O-RR 6.886 0.586 6.318 0.651 6.535 0.617 2.238 0.956 2.000 0.965

O-LGBM 6.486 0.632 0.503 0.998 0.015 1.000 0.039 1.000 0.054 1.000

O-XGBoost 6.487 0.632 0.923 0.993 0.100 1.000 0.107 1.000 0.038 1.000

O-ANN 6.772 0.599 3.981 0.862 2.205 0.956 0.300 0.999 0.354 0.999

Validation O-RR 6.816 0.593 6.273 0.655 6.469 0.629 2.214 0.957 1.972 0.966

O-LGBM 6.562 0.623 2.920 0.925 1.106 0.989 0.206 1.000 0.189 1.000

O-XGBoost 6.578 0.621 2.950 0.924 1.370 0.983 0.254 0.999 0.239 1.000

O-ANN 6.783 0.597 4.155 0.849 2.296 0.953 0.326 0.999 0.378 0.999

Testing O-RR 15.326 −5.060 13.358 −3.603 14.819 −4.668 2.515 0.837 2.493 0.840

O-LGBM 15.939 −5.554 17.757 −7.134 17.925 −7.293 3.033 0.763 4.262 0.531

O-XGBoost 15.923 −5.541 17.859 −7.228 17.681 −7.069 3.089 0.754 3.197 0.736

O-ANN 16.805 −6.286 17.909 −7.274 15.459 −5.168 11.133 −2.197 5.634 0.181
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Table 3 

Statistics of ANN residuals for all phases under scenarios 1–5.

Phase Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5

𝜇 𝜎 𝜇 𝜎 𝜇 𝜎 𝜇 𝜎 𝜇 𝜎

Training −1.200 6.666 −1.034 3.844 −0.202 2.196 −0.006 0.300 −0.059 0.349

Validation −1.392 6.639 −1.074 4.015 −0.212 2.286 −0.0002 0.326 −0.058 0.374

Testing −15.986 5.183 −16.172 7.695 −13.194 8.056 5.905 9.440 −3.464 4.445

difference between measured and predicted strains. The mean value 𝜇
and standard deviation 𝜎 of residuals for training, validation, and testing 

phases are summarized in Table 3. The ANN yields small residual mag­

nitudes in training and validation (especially in Scenarios 2–5), whereas 

testing residuals become substantially large in the temperature-only sce­

narios (Scenarios 1–3), which is consistent with the overfitting and 

generalization issues indicated by the performance metrics. In contrast, 

when neighboring strain measurements are included (Scenarios 4–5), 

both the residual mean value and standard deviation in testing are 

reduced, demonstrating improved robustness under field conditions.

4.4.3 . Results of another strain gauge

To further examine the generality of the conclusions derived from 

S4, the same modeling approach was applied to another strain gauge 

(S8). The four ML models were retrained using S8 as the target output 

under Scenarios 2 and 5. Fig. 20 presents the comparison of predicted 
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Fig. 20. Comparison of scenarios 2 and 5 using O-RR and data from S8.
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Fig. 21. Strain retrieval results with or without EMD-MAF during testing.

and measured strain for S8. Similar trends to those observed for S4 

are evident. Specifically, Scenario 5 consistently provides improved 

training and validation performance compared to Scenario 2. In addi­

tion, the testing error is substantially reduced when strain information 

from neighboring gauges is included, which indicates that incorporat­

ing neighboring strain information can greatly enhance strain retrieval 

robustness. Moreover, the O-RR model maintains stable generalization 

behavior in the testing phase. This further supports the observation that 

the temperature-strain relationship is predominantly linear and that lin­

ear models are sufficient for practical field applications. These results 

demonstrate that the findings drawn in this study are not limited to a 

single strain channel but are representative of the monitoring system.

4.4.4 . Results without EMD-MAF

To evaluate the contribution of the proposed EMD-MAF prepro­

cessing, another study was conducted for the strain retrieval without 

applying EMD-MAF, i.e., by using the original measured strain data of S4 

with a sampling frequency of approximately 0.1 Hz directly, rather than 

the extracted quasi-static thermal strain component. Based on the results 

presented in the previous sections, the O-RR demonstrates the most re­

liable generalization performance under field conditions and therefore 

is adopted here.

Specifically, we trained O-RR under the same strategy as in Scenario 

5, but with or without EMD-MAF preprocessing. Fig. 21 compares the 

corresponding predictions in the testing phase. Both approaches can cap­

ture the overall quasi-static trend of the strain response. However, the 

prediction without EMD-MAF exhibits noticeably large high-frequency 

fluctuations and occasional spikes, which deviate from the thermal strain 

response. In contrast, the prediction with EMD-MAF is smoother and 

follows the thermal strain response consistently across the testing pe­

riod. These observations indicate that EMD-MAF improves robustness 

by suppressing short-term operational disturbances and measurement 

noise. As a result, the retrieved strain becomes stable and physically in­

terpretable as a quasi-static response, which is beneficial for practical 

SHM applications.

4.5 . Discussion on the applicability to other structural types

Although this study is validated on a steel footbridge, the pro­

posed method is in principle applicable to reinforced concrete (RC) 

and steel-concrete composite beams. Methodologically, the workflow 

includes two general steps: extracting the quasi-static thermal compo­

nent using the EMD-MAF procedure and retrieving missing/faulty strain 

using data-driven regression models. Both steps can be transferred to 

other structural systems. However, compared with steel members, RC 

and composite components may exhibit additional nonlinearity and 

time-dependence due to creep, shrinkage, cracking, reinforcement re­

straint, and moisture-related effects. These mechanisms can modify the 

temperature-strain relationship, potentially reducing the effectiveness of 

temperature-only retrieval (Scenarios 1–3) and increasing the need for 

richer environmental inputs (e.g., humidity) and longer training peri­

ods spanning different seasons. Nevertheless, the results from Scenarios 

4–5 indicate that when neighboring strain measurements are available, 

retrieval remains robust because these channels implicitly encode ther­

mal, operational, and other environmental influences. Therefore, with 

appropriate sensor placement and inclusion of relevant environmental 

variables, the method has the potential to be extended to RC and 

composite systems for strain retrieval.

5 . Concluding remarks and future work

This study investigated the influence of temperature on long-term 

strain measurements collected from a footbridge and evaluated the feasi­

bility of using machine learning (ML) to retrieve missing or faulty strain 

data. A hybrid EMD–MAF method was introduced to extract thermal 

components from strain signals, and five scenarios were tested to as­

sess how different combinations of temperature and strain inputs affect 

retrieval accuracy. The key findings are summarized below:

(1) The proposed EMD–MAF method effectively extracts 

temperature-induced strain while suppressing noise and op­

erational fluctuations, maintaining a strong correlation with 

the original signal. Temperature and strain exhibit a clear, 

predominantly linear relationship, enabling the retrieval of 

strains through linear models.

(2) When using temperature-only inputs, ridge regression mostly pro­

vides good generalization performance, while nonlinear models 

overfit the training data and perform poorly on unseen data. 

Using multiple temperature sensors improves strain retrieval 

compared to relying on a single thermal measurement, which 

results in a decrease in MAE by 15.3% in testing. This can be 

caused by the non-uniform temperature field along the bridge 

deck. Including historical temperature features does not signifi­

cantly improve performance in field conditions and increases the 

model overfitting risk.

(3) When available, strain data from other gauges outperform tem­

perature data for strain retrieval, as they encode thermal, opera­

tional, and environmental effects simultaneously. In such cases, 

ridge regression again delivers the most stable and robust re­

trieval results. Specifically, when all temperature and strain data 

are utilized, the MAE value in testing is decreased by 84.5% com­

pared to using temperature data only, whereas nonlinear models 

add complexity without improving generalization.

Future efforts should focus on extending the method to differ­

ent bridge types (including RC and composite members) and cli­

mates, integrating physics-informed constraints to improve generaliza­

tion, and developing adaptive, real-time sensor-fault recovery systems. 

Incorporating additional environmental variables may further enhance 

stability. Finally, coupling strain retrieval with downstream SHM tasks, 

such as anomaly detection and condition assessment, will help evaluate 

its practical impact on long-term monitoring.
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