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A B S T R A C T

Environmental and operational conditions have a significant impact on the dynamic response of structures under 
continuous Structural Health Monitoring (SHM), playing a critical role in damage detection strategies. To 
accurately identify damage and avoid false alarms, statistical models must be calibrated under healthy structural 
conditions, allowing changes due to damage to be distinguished from those induced by environmental vari
ability. This study proposes an experimental approach to estimate the first natural frequency of bridge deck using 
span length and the total deck depth as the primary geometrical parameters, supplemented by a correction term 
to account for temperature effects. A dataset of 30 prestressed reinforced concrete (PRC) bridges was used to 
develop a bilinear regression model that captures the relationship between natural frequency and temperature, 
distinguishing the structural behaviors above and below the freezing point. Additionally, a non-linear correlation 
term is introduced to estimate the natural frequency at the reference temperature (0 ◦C) based on span-to-depth 
ratio. The result is a unified regression model that integrates both geometrical and environmental parameters, 
with associated prediction interval; however, its applicability below 0 ◦C remains limited due to the scarcity of 
available data in that range. The model’s reliability is validated using data from an independent bridge, con
firming its effectiveness as a tool for one-time system identification and as a statistical model in continuous SHM 
applications.

1. Introduction

Prestressed reinforced concrete (PRC) bridges are among the most 
widespread structural typologies in Italy. A significant number of these 
structures date back to the post-war reconstruction era, beginning in the 
1950s [1], and now constitute a substantial component of the country’s 
aging infrastructures. This context underscores the growing importance 
of inspection and maintenance activities. Moreover, recent catastrophic 
events, such as the collapse of the Polcevera Bridge in 2018, also known 
as the “Morandi Bridge” [2], have prompted a major shift in Italy’s 
approach to bridge management. This culminated in the issuance of the 
“Guidelines for risk classification and management, safety assessment 
and monitoring of existing bridges” [3], making a turning point in na
tional infrastructure policy.

The implementation of the Italian Guidelines has, in recent years, 
fostered growing interest in Structural Health Monitoring (SHM), lead
ing to the widespread deployment of both static and dynamic moni
toring systems, often integrated with environmental sensors. SHM can 
be conceptualized as a four-stage process [4]: i) Operational evaluation, 

ii) Data acquisition, iii) Feature extraction and generation, and iv) Sta
tistical modeling for feature classification. The primary objectives of 
SHM are damage identification, estimation of remaining service life, and 
support for informed decision-making [5,6]. In the feature extraction 
stage, various algorithms can be employed to identify dynamic param
eters, such as natural frequencies, mode shapes and damping ratios. 
Both time-domain and frequency-domain approaches are widely adop
ted. Among time-domain algorithms, Covariance-driven Stochastic 
Subspace Identification (COV-SSI) is one of the most commonly used, 
due to its ability to operate directly in the time domain; the same domain 
in which the data are acquired [7,8]. Conversely, frequency-domain 
methods are generally easier to implement; however, they typically 
require a Fourier Transform to convert time-domain signals into the 
frequency domain. This transformation can lead to information loss and 
error propagation, potentially compromising the accuracy of the results 
[9].

At the early stages of structural analysis, particularly when single 
identifications are performed, it is often useful to employ a tool that 
allows for a rapid estimation of natural frequencies using only a few 
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global structural characteristics. In this context, numerous formulations 
have been proposed in the literature over the past years, primarily 
correlating span length to the first natural frequency. Several authors 
[10–16] have developed simple equations based on experimental cam
paigns that consider only the span length. These equations are sum
marized in Table 1 and their trend are illustrated in Fig. 1.

Others have sought to enhance these formulations by including 
additional secondary geometrical parameters, such as beam depth, the 
deck width, or the number of girders [17,18]. Some studies have derived 
empirical equations from parametric finite element models (FEM), 
varying span length and other geometric features [19,20].

In general, experimental campaign tend to yield formulations valid 
for bridges with relatively homogeneous characteristics. For instance, 
specific investigations have been carried out for pedestrian bridges, 
which are typically more flexible [21]. It is important to note, however, 
that all of these proposed formulations consider only geometrical pa
rameters, and do not account for environmental influences, such as 
temperature or humidity.

In Continuous SHM, the consideration of environmental effects—such 
as temperature, humidity, and, in some cases, operational conditions like 
traffic loads—becomes essential. These factors often induce variations in 
the dynamic response of the structure, potentially masking early signs of 
structural damage. Therefore, Statistical Pattern Recognition (SPR) para
digms are widely adopted to identify consistent trends in structural re
sponses and to correctly distinguish damage-related variations from those 
caused by environmental influences.

Numerous studies have explored different regression approaches to 
model these relationships, including linear [22], non-linear [23], and 
multi-linear [24] regression models to correlate natural frequencies with 
ambient temperature. For instance, [25] proposed a novelty detection 
framework combining both regression and interpolation techniques. A 
comprehensive review of environmental and operational variability in 
real structures, along with recent advances in data normalization 
methods, was presented in [26].

Other authors have applied Principal Component Analysis (PCA) to 
reduce dimensionality when large sensor networks are involved, fol
lowed by the use of Support Vector Machines for developing regression 
models [27–29]. More recently, there has been a growing interest in the 
use of Artificial Neural Networks (ANN) and Artificial Intelligence (AI) 
techniques, which offer enhanced predictive capabilities and adapt
ability for modelling complex structural behaviours [30].

In all cases, the studies reviewed agree that concrete structures, 
similarly to masonry buildings, exhibit markedly different behaviour 
above and below the freezing point, which must be properly considered. 
In particular, when temperatures fall below the 0 ◦C, the formation of ice 
crystals within the pores of concrete and the asphalt layer leads to a 
global stiffening of the structure, resulting in an increase in the observed 
natural frequencies [31]. Conversely, at higher temperatures, the 
degradation of the cement paste microstructure (primarily due to the 
breaking of internal chemical bonds) causes a reduction in Young’s 
modulus [32].

This paper proposes a new formulation to correlate the first natural 
frequency of bridge deck with both a geometrical parameter, namely the 
span-to-depth ratio, and an environmental correction term based on air 
temperature. As demonstrated, the proposed formulation can be applied 
in various ways: to validate single-point system identifications under 
different environmental conditions, or as a regression model within a 
continuous SHM framework. The paper is organized as follow. Section 2
presents the dataset used in the analysis and the methodology adopted in 
this study. Section 3 explores the correlation between natural fre
quencies and the geometrical parameter, followed by their relationship 
with temperature, ultimately leading to the definition of a global 
regression model. Section 4 describes the case study and demonstrates 
the applicability of the proposed model through different validation 
approaches. Finally, Section 5 concludes the paper with the final 
remarks.

2. Data and methods

This section describes the dataset and the methodologies adopted in 
the study. First, the structural and monitoring characteristics of the 
selected bridges are introduced. Then, the procedures for data process
ing and analysis are outlined.

2.1. Data

In this framework, a sample of 30 PRC bridges placed throughout in 
Italy and managed by Anas S.p.A. was selected. The chosen structures 
form a homogeneous group in terms of static scheme and construction 
material, all equipped with continuous SHM. The SHM devices primarily 
consist of accelerometers, strategically positioned along each bridge 
span to capture correctly the dynamic behaviour of the structure, both in 
term of natural frequency, mode shapes and damping ratio. In addition, 
for each bridge, a number of thermocouples —varying according with 
the spans count —are installed to monitor temperature, which is the 
most significant environmental factor influencing the dynamic response 
[31].

A summary of the most relevant characteristics of the bridges used in 
this work is provided in Table 2. The selected bridges share common 
principal properties, such as a simply supported beam static scheme and 
PRC material for the decks.

The natural frequencies of each structure were identified using the 
P3P software [33], through Operational Modal Analysis (OMA). This 
software was developed specifically for continuous SHM of bridges, 
through a collaboration between the University of Padova, the Univer
sity of Perugia, and Politecnico di Milano, with the founding from Anas 

Table 1 
Available equations for estimating the fundamental natural frequency.

Reference Authors Year Equation

[10]
Reza Akbari, Saeed Maadani, Shahrokh 
Maalek

2018 f1 = 111.11 • L− 1

[11]
R. Cantieni 1983 f1 = 90.6 • L− 0.923

[12]
J.R. Billing, R. Green 1984 f1 = 110 • L− 1

[13]
Hyunjun Jung, Gyuseon Kim and 
Cheolwoo Park

2013 f1 = 19.4 • L− 1.15

[15]
W.H. Walker, A. S. Veletos 1963 f1 = 126.99 • L− 1

[16]
R. Cantieni 1984 f1 = 100 • L− 1 +

0,6

Fig. 1. Comparison of literature equations for span lengths from 10 to 45 m, 
showing a similar nonlinear trend with higher values for shorter spans.
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S.p.A, the leading public infrastructures management company in Italy. 
The most commonly used method in this framework is the COV-SSI.

It is worth noting that all bridges included in the dataset, as well as 
the case study bridge, are simply supported (isostatic) structures. As a 
result, each span behaves dynamically as an independent system, and 
the number of spans does not significantly influence the frequency- 
length relationship. Moreover, based on previous observations, end 
spans generally exhibit slightly higher natural frequencies than internal 
ones, likely due to the higher stiffness of the abutments compared with 
the piers. This aspect could be explored in future studies to define a 
corrective coefficient accounting for the support stiffness in frequency 
prediction. However, in this study, only data from internal spans were 
selected to ensure consistency in the analysis.

The distribution of the bridges considered in this study by span 
length is reported in Appendix A (Figure A.1). For this type of structures 
[34], comprising PRC simply supported beams, the typical span length 
ranges between 25 m and 35 m, with a peak in the 30–35 m interval. 
Only two bridges exceed 35 m, reaching a maximum span of 42 m, while 
a limited number of structures are characterized by shorter spans below 
25 m.

The amount of monitoring data available for each bridge depends on 
the operational age of the installed SHM system. Bridges equipped with 
more recent systems are less likely to have experienced a wide range of 
temperatures, as they have not yet undergone complete annual cycles. 
The distribution of the dataset in terms of the number of available 
monitoring days is reported in Appendix A (Figure A.2).

Most of the bridges are characterized by data records between 180 
and 365 days, indicating exposure to at least two seasonal effects, while 
approximately one third of the sample includes structures with more 
than one year of monitoring, providing full annual coverage of envi
ronmental variability. Conversely, another third of the bridges have less 
than 90 days of data due to very recent installation of the monitoring 
systems, with no structures falling within the intermediate range 

between 90 and 180 days. The bridge used for validation in the case 
study presented below belongs to this intermediate range.

The amount of available data provides an indication of the size of 
each dataset, but it does not necessarily reflect the environmental 
variability, which represents the most critical factor for developing a 
global regression model of natural frequency as a function of tempera
ture. For instance, a bridge monitored over an entire year may still be 
located in a region characterized by limited seasonal temperature vari
ations, while another bridge may experience significant thermal fluc
tuations over a shorter monitoring period. For this reason, the 
temperature range covered by each bridge was considered a key 
parameter. Table 2 reports the minimum (Tmin) and maximum (Tmax) 
recorded temperatures for each bridge, along with the corresponding 
temperature range (ΔT = Tmax - Tmin). The distribution of temperature 
ranges experienced by the bridges during the monitoring period is 
illustrated in Appendix A (Figure A.3). Most bridges exhibit temperature 
ranges between 20 and 40 ◦C, while the remaining structures are char
acterized by more moderate (10–20 ◦C) or limited (<10 ◦C) thermal 
variations.

To complete the dataset description and the discussion of thermal 
effects, Fig. 2 summarizes, for each bridge, the minimum, maximum, 
and median recorded temperatures. A box-plot representation is adop
ted to clearly illustrate the temperature ranges covered by each structure 
and the associated data distribution. It is worth noting that only a small 
number of bridges experienced temperatures below 0 ◦C, corresponding 
to the freezing point, and even these did not deviate far below it. This 
observation suggests that, which this dataset, it may be challenging to 
establish a reliable regression model for temperature below 0 ◦C.

2.2. Methods

The experimental data, consisting of natural frequencies and tem
peratures obtained from SHM, were analyzed to achieve two main ob
jectives. The first objective was to develop a simple tool to rapidly 
estimate the first natural frequency of a PRC simply supported bridge, 
considering only the span length and the total deck depth as the geo
metric parameters. The second objective was to assess the environ
mental influence of temperature on the first-mode natural frequency and 
to provide a practical tool for correcting the dynamic response through a 
regression model.

It is widely recognized in the research community that the first 

Table 2 
Characteristics of the bridge’s dataset.

Bridge 
number

Span 
length 
L [m]

Deck 
depth 
H [m]

Span-to- 
depth 
ratio (L/ 
H)

Days 
available

Tmin 

[◦C]
Tmax 

[◦C]
ΔT 
[◦C]

1 34.00 1.80 18.89 337 -0.1 34.5 34.6
2 21.20 1.80 11.78 323 1.5 37.4 35.9
3 20.80 1.80 11.56 323 -0.1 38.2 38.3
4 30.00 2.40 12.50 368 3.3 34.4 31.1
5 27.60 1.40 19.71 355 -1.5 35.0 36.5
6 34.00 1.80 18.89 365 -0.3 37.9 38.2
7 32.00 1.80 17.78 377 3.4 37.5 34.1
8 14.00 1.80 7.78 377 3.4 37.5 34.1
9 32.50 1.80 18.06 294 4.5 38.1 33.6
10 28.00 1.80 15.56 366 1.3 36.1 34.8
11 32.00 1.80 17.78 391 0.4 37.1 36.7
12 33.00 1.80 18.33 397 3.9 39.6 35.7
13 23.80 2.20 10.82 388 -1.6 35.3 36.9
14 15.00 1.80 8.33 339 2.5 36.0 33.5
15 27.00 1.80 15.00 435 0.1 33.1 33.0
16 33.30 1.30 25.62 435 0.8 34.7 33.9
17 30.00 2.00 15.00 312 -2.0 36.3 38.3
18 25.00 1.15 21.74 366 1.5 41.5 40.0
19 35.00 1.80 19.44 31 1.6 20.6 19.0
20 42.00 1.80 23.33 35 0.4 11.8 11.4
21 23.80 2.10 11.33 15 4.6 17.5 12.9
22 10.00 1.70 5.88 29 0.9 8.9 8.0
23 29.00 1.70 17.06 29 1.1 9.3 8.2
24 34.00 2.30 14.78 82 2.0 14.0 12.0
25 33.00 1.80 18.33 62 1.0 11.8 10.8
26 15.00 1.50 10.00 54 6.5 22.5 16.0
27 26.00 2.20 11.82 210 0.0 35.0 35.0
28 34.00 1.80 18.89 365 -0.7 37.9 38.6
29 34.00 1.80 18.89 350 1.8 32.6 30.8
30 31.00 1.80 17.22 242 0.3 37.6 37.3

Fig. 2. Temperature intervals covered by each bridge during the monitoring 
period, shown through box plots of minimum, maximum and median recor
ded values.
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natural frequency of a bridge can be approximately estimated using only 
the span length [15]. However, the deck type and the construction 
material can be relevant variables to be accounted for, thus leading re
searchers over time to develop different empirical formulations for 
estimating the natural frequency.

Karimi et al. [14] presented a review of the formulae available in the 
literature, along with a new formulation that incorporates the main 
geometric characteristics of bridges. According to the authors, this new 
formulation could be particularly useful in the early stages of a bridge 
design practice, with a specific focus on bridge widening applications. 
Dusseau [17] conducted a research study in southeastern Missouri that 
involved the development of a database comprising 211 bridges, the 
execution of field ambient vibration test on 25 typical bridge within this 
dataset, and the derivation of empirical formulations to estimate both 
vertical and lateral fundamental frequencies. These formulations take 
into account the span length, girder depth, and the deck width. Other 
authors [13,16,18–20] have proposed more advanced formulations that, 
in addition to span length —which remains the dominant geometric 
parameter —also incorporate secondary features such as the number of 
girders and the thickness of the slab. These models often include 
correction coefficients to account for factors like the number of spans, 
construction material, type of girders and support systems. In any case, it 
is consistently observed that the most of the empirical formulations 
available in the literature are closely tied to the specific sample of 
bridges considered in their development.

Furthermore, natural frequencies are also slightly influenced by 
environmental effects, particularly temperature. These temperature ef
fects are generally negligible for the preliminary estimation of natural 
frequencies, unless the objective is to compare two or more individual 
modal identifications conducted under different environmental condi
tions. However, temperature effects become crucial in continuous SHM, 
where the primary goal is early-stage damage detection. In such cases, 
small variations in the dynamic response caused by damage may be 
obscured by environmental influences. For this reason, an appropriate 
SPR framework is essential to reliably distinguish structural changes 
from environmental variability [33].

To address this issue, many researchers have proposed various 
regression models to describe the relationship between natural fre
quency and temperature. For example, [31] presented a study con
ducted on a pedestrian bridge equipped with a continuous SHM system. 
In this work, several linear and nonlinear models were developed to 
correlate natural frequencies of the deck with temperature data. Among 
the proposed models, a bilinear model was proposed, which used 5 ◦C as 
boundary temperature to distinguish between two different behaviours, 
above and below the approximate freezing point [22] suggested that the 
correlation between natural frequency and temperature can be reason
ably approximated as linear, while maintaining distinct regression co
efficients above and below the freezing point, using 0 ◦C as the boundary 
temperature.

Other authors [28,29] have proposed linear regression as well as 
more advanced approaches to correlate natural frequencies with tem
perature, including PCA, Support Vector Regression (SVR) and other 
machine learning techniques. Nevertheless, these advanced tools are 
generally better suited developing models tailored to individual case 
studies, and are not entirely appropriate when the objective is to create a 
generalized tool applicable to a group of bridges, even if they share 
common characteristics.

In this work, a bilinear regression model was first developed for each 
bridge in the dataset, allowing the extraction of the regression coeffi
cient associated to the corresponding geometrical parameters. The 
model follows the form presented in Eq. (1): 

f(T) =

{
β+

0 + β+
1 • T,&T > 0 ◦C

β−
0 + β−

1 • T,&T ≤ 0 ◦C
(1) 

with T the temperature expressed in degrees Celsius. The coefficients β0 

and β1 represent, respectively, the intercept with the y − axis and the 
slope of the linear regression model. In addition, the coefficient of 
determination (R2) was evaluated according to Eq. (2): 

R2 = 1 −
σ2

e
σ2

d
(2) 

Where σ2
e represents the variance of the residual (i.e., the error between 

the measured and predicted values), and σ2
d is the total variance of the 

measured data. This metric provides a quantitative assessment of the 
goodness-of-fit of the regression model. An R2 value equal to 1 indicates 
a perfect fit, whereas an R2 value of 0 implies that the model has no 
explanatory power with respect to the observed data.

Once the regression models for each bridge were obtained, the best- 
fitting curve for both regression coefficients β0 (intercept) and β1 
(slope), were investigated as functions of a geometrical parameter 
defined as the span-to-depth ratio. This parameter is expressed as the 
ratio between the span length (L) and the total deck depth (H). 
Accordingly, the general form proposed in Eq. (3) becomes: 

βi = Φ
(

L
H

)

(3) 

Where Φ
(

L
H

)

represents the best-fitting curve function, selected to 

minimize the error between observed and predicted values. This was 
performed using the least squares estimation (LSE) method, and the 
statistical significance of the models was evaluated through the R2, the 
standard deviation of the residuals (regression error) and the prediction 
interval with a defined confidence level (i.e., 95%). The standard devi
ation of the residuals provides a global indicator of the regression and it 
was evaluated according to Eq. (4): 

s =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑n
i=1(yi − ŷi)

n − p

√

(4) 

Where yi are the experimental values and ŷi are the corresponding 
predicted values according to the regression model. The parameter n 
denotes the number of data points, while p represents the number of 
estimated coefficients in the model. The denominator in Eq. (4), ob
tained by subtracting p from n, is also referred to as the degree of 
freedom (dof) of the system. Lastly, for each regression model, the 
prediction interval was calculated to provide the range within which a 
possible future estimate may fall. The prediction interval was evaluated 
according to Eq. (5): 

PI(x) = ŷ(x) ± tα/2,dof • s •

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 +
1
n
+
(x − x)2

Sxx

√

(5) 

Where ŷ(x) is the predicted value from the regression model, tα/2,dof is 
the critical value of Student’s t-distribution at a significance level α and 
with dof , s is the standard deviation of the residuals, n is the number of 
data points, x is the mean of the independent variable, and Sxx is the sum 
of squares of deviations of x from its mean.

After establishing the correlation between natural frequency and the 
selected geometrical parameter, the relationship with temperature was 
examined. For this purpose, the entire dataset comprising all 30 bridges 
was employed to develop a global bilinear regression model, according 
to Eq. (1). Since the data originate from different bridges—each char
acterized by distinct dynamic properties—and, as discussed in the pre
vious section, the datasets differ considerably in both monitoring 
duration and temperature range, it was necessary to apply data 
normalization to ensure comparability. Data normalization is a standard 
approach when combining heterogeneous samples; it involves trans
forming each value by subtracting the sample mean and dividing by the 
standard deviation. This process is described by Eq. (6): 
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z =
value − mean

σd
(6) 

Where mean denotes the average of the dataset for each bridge, and σd is 
the standard deviation of the same sample. The normalization procedure 
enables the comparison of datasets with different scales and distribu
tions, allowing for a consistent analysis across all monitored structures.

To evaluate the regression coefficients in a statistically robust 
manner, a Monte Carlo sampling scheme was employed. This approach 
enabled repeated random subsampling of the dataset, thereby reducing 
the influence of outliers and enhancing the reliability of the estimated 
regression parameters.

Lastly, the obtained regression coefficients were validated by testing 
the models on a separate bridge that had not been included in the initial 
regression analysis. For this bridge, both models were applied: first, to 
estimate the natural frequency using only the span length and the total 
deck depth, providing a practical tool for preliminary identification 
analysis; and second, to evaluate the global regression model that in
corporates temperature effects. The applicability of this model was 
demonstrated considering Hoteling’s T2 control charts. These charts are 
widely employed in continuous SHM, as they offer a clear visualization 
of the monitored data trends and provide an immediate indication if 
significant changes occur.

3. Results and discussion

The results presented here include the correlation between natural 
frequencies and the primary geometrical parameters considered in this 
study, namely the span length and the deck depth, which are combined 
into a single geometrical indicator, followed by the analysis of the in
fluence of the temperature on the dynamic response. This leads to two 
formulations that can be used independently or combined in a unified 
approach. The first equation provides an estimate of the natural fre
quency based on the selected geometrical parameter, while the second 
equation allows for the correction of the natural frequency to account 
for temperature effects.

3.1. Correlation between natural frequencies and the span-to-depth ratio

The first part of this study focused on developing an equation to 
estimate the natural frequency of a bridge based on its span length and 
total deck depth. For each bridge in the dataset, a bilinear regression 
model was constructed according to Eq. (1), using 0 ◦C as the boundary 
temperature. However, in this phase of the analysis, only data corre
sponding to temperature at or above the freezing point were considered. 
As a result, instead of employing a bilinear regression model, a linear 
model is adopted.

For each bridge, and thus for each corresponding span-to-depth 
ratio, the intercept of the regression model (i.e., β0 coefficient) repre
sents the first natural frequency at 0 ◦C. In contrast, the slope (i.e., β1 
coefficient) describes the rate of change in natural frequency due to 
temperature variations.

Fig. 3 illustrates the correlation between the β0 coefficient and the 
corresponding span-to-depth ratio, together with the prediction interval 
of the regression model at a 95% confidence level. The investigated 
correlation is distinctly non-linear, with a pronounced variation 
observed at low values of the span-to-depth ratio.

Most of the bridges considered, however, fall within a relatively 
narrow range of span-to-depth ratios, where the variability of the nat
ural frequency is limited. In this interval, the residual scatter can be 
attributed to secondary structural parameters not explicitly accounted 
for in the model, such as the number of girders, girder cross-section 
shape, and other minor factors influencing the mass–stiffness ratio.

However, the best-fitting curve for the β0 coefficient follows a power- 
law function, as expressed in Eq. (7): 

β0

(
L
H

)

= fT=0

(
L
H

)

= a •

(
L
H

)b

(7) 

The values of the coefficient a and b for the first natural frequency 
were determined using the LSE method, along with the corresponding R2 

to assess the goodness of fit and the standard deviation of the residuals. 
These coefficients are summarized in Table 3.

An R2 value of 0.903 was obtained, indicating a strong correlation 
and that approximately 90% of the variance in the first natural fre
quency can be explained by the model.

In addition, the correlation between the β1 coefficient and the cor
responding span-to-depth ratio was evaluated. Fig. 4 displays the dis
tribution of the β1 values together with the best-fitting regression model, 
which is linear and nearly constant. As previously described, the β1 
coefficient reflects the influence of temperature on the natural fre
quency. The fact that this coefficient remains approximately constant 
suggests that the temperature effect is largely independent of the 
geometrical parameters investigated in this study. In other words, 
temperature-induced variations in dynamic response appear to be 
consistent across bridges characterized by different span-to-depth ratios.

For completeness, the linear regression model for β1 was evaluated 
according to Eq. (8). 

β1

(
L
H

)

= a+ b •

(
L
H

)

(8) 

The resulting coefficients, along with the corresponding R2 and the 
standard deviation of the residuals, are reported in Table 4.

As shown, the β1 coefficient is practically independent of the bridge 
span-to-depth ratio. Consequently, a regression equation accounting for 
the span-to-depth ratio can be formulated by considering only the β0 
coefficient, as presented in Eq. (7).

The influence of temperature variability on natural frequency was 
then examined in a separate step, independently of geometrical pa
rameters, by analyzing the global temperature-frequency relationship 
using the entire normalized dataset.

Fig. 3. Relationship between the β0 coefficient and the span-to-depth ratio, 
highlighting the non-linear trend.

Table 3 
Regression coefficient for β0.

a b R2 s

71.038 -0.967 0.903 0.159
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3.2. Correlation between natural frequencies and temperature

In the previous section, the relationship between the first natural 
frequency and the span-to-depth ratio was investigated. In this rela
tionship, it was observed that the environmental effects, particularly 
temperature, are largely independent of the geometrical parameter. 
Therefore, it was considered acceptable to exclude these effects from the 
natural frequency estimation based solely on the span-to-depth ratio, 
and to evaluate their impact on the dynamic response separately.

As previously described, the entire dataset was normalized using the 
mean and standard deviation of each sample. Subsequently, the dataset 
was divided into two sub-groups using 0 ◦C as the threshold, resulting in 
two subsets: one containing data above 0 ◦C and the other containing 

data below 0 ◦C. Fig. 5 presents the normalized natural frequencies of 
the entire dataset, together with the corresponding bilinear regression 
model. It is noteworthy that the slopes of the regression lines differ 
markedly across the two temperature ranges defined by the threshold. In 
particular, the slope below 0 ◦C exhibits a pronounced increase, likely 
attributable to stiffening effects resulting from ice formation. 
Conversely, the slope above the threshold indicates a modest decrease in 
frequency with rising temperature.

Additionally, 95% prediction intervals are included in the analysis. 
These dashed lines reveal that the variability in normalized natural 
frequencies is slightly greater at lower temperatures, especially in the 
range between the freezing point and approximately 15 ◦C. This 
increased dispersion may be associated with a higher sensitivity of 
structural dynamic properties within this specific temperature range. 
The dashed vertical line at 0 ◦C marks the boundary adopted in the 
bilinear model and highlights the significant variation in slope.

At higher temperatures, the variability appears less significant. 
Nevertheless, a certain level of scatter persists in the data, which could 
be attributed to additional influencing factors, such as traffic loading, 
humidity, or measurement uncertainties introduced by either the 
instrumentation or the operational modal analysis algorithms.

Although the amount of data below the freezing point is significantly 
smaller compared to that above the threshold, the stiffening effect and 
the resulting increase in natural frequency are still confirmed by the 
slope coefficient and the corresponding regression line. Moreover, the 
bi-linear behavior of bridge decks under such environmental conditions 
has been reported by several authors, as discussed in the Introduction. 
To statistically assess the suitability of the bilinear temperature- 
frequency formulation, an F-test was performed by comparing the 
bilinear regression model with a simple linear temperature-frequency 
relationship. The bilinear model was implemented as a continuous 
piecewise-linear regression with a fixed breakpoint at 0◦C, allowing 
different slopes above and below the freezing point. The test results 
indicate that the bilinear formulation provides a statistically significant 
improvement over the linear model (p − value = 2.1 • 10− 6). However, 
the present dataset includes a limited number of observations below 
0 ◦C, and therefore the estimated slope in the sub-zero temperature 
range should be interpreted with caution and considered valid only in 
the vicinity of freezing point.

To evaluate the regression coefficients, a Monte Carlo simulation was 
performed. From the full dataset of approximately 38,000 data points, 
2000 iterations were carried out by randomly sampling subsets of 4000 
values. Owing to the limited availability of data below 0 ◦C, the 
regression parameters estimated for temperatures above the freezing 
point are considered reliable mainly in its vicinity, and extrapolation to 
higher temperature ranges should be approached with caution.

The distributions of the regression coefficients obtained for tem
peratures above 0 ◦C are reported in Appendix A (Figure A.4). Both 
coefficients exhibit approximately normal distributions centered around 
their mean values, indicating stable estimates under random resam
pling. In addition, the R² coefficient was computed for each iteration, 
and its distribution is shown in Appendix A (Figure A.5). The R² values 
are approximately normally distributed, with most values between 0.2 
and 0.3 and a mean around 0.25, indicating moderate explanatory 
power and consistent model performance across the resampled subsets.

The regression coefficients for the bilinear model are summarized in 
Table 5, along with their corresponding R². As anticipated from the 
trend illustrated in Fig. 5, the slope of the linear regression model below 
the freezing point differs markedly from that observed above 0 ◦C. This 

Fig. 4. Relationship between the β1 coefficient and the span-to-depth ratio, 
highlighting its nearly constant trend.

Table 4 
Regression coefficient for β1.

a b R2 s

-0.023 9.644 E-4 0.449 0.006

Fig. 5. Normalized natural frequency data and corresponding bilinear regres
sion model as a function of temperature.

Table 5 
Regression coefficients and R² with Monte Carlo simulation.

Temperature range β0 β1 R2 s

T > 0 ◦C 0.125 -0.0076 0.254 0.108
T ≤ 0 ◦C 0.068 -0.172 0.276 0.128
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finding confirms the non-linear influence of temperature on the natural 
frequency in the vicinity of the freezing threshold. The intercept values 
in both segments of the regression model are approximately zero, as 
expected given the normalized nature of the data.

Finally, the 95% prediction interval for the bilinear regression model 
was calculated using standard statistical methods based on the residuals 
of the fitted data. Specifically, for each predicted value of the natural 
frequency, the bounds of the interval indicate the range within which 
95% of future observations are expected to fall, accounting for both 
model uncertainty and data variability.

3.3. Global regression model

After establishing the individual correlation, first between natural 
frequency and span-to-depth ratio, and then between natural frequency 
and temperature, a unified regression model was developed that ac
counts for both geometrical and environmental parameters. These two 
individual models can be used either separately or combined, depending 
on the purpose of the analysis (i.e., to obtain a quick estimation of the 
natural frequency for use as a reference in operational modal analysis, to 
compare two or more modal identification conducted under different 
environmental conditions, or to remove temperature effects in long-term 
monitoring data in order to detect potential structural damage). The 
general formulation of this unified model is presented in Eq. (9): 

f
(

L
H
,T

)

= a •

(
L
H

)b

+ β1 • T (9) 

By substituting the regression coefficients derived from the bilinear 
model into Eq. (9), the final formulation is obtained and presented in Eq. 
(10). This equation is valid within the range of span-to-depth ratio and 
temperatures considered in this study: 

f
(

L
H
,T

)

=

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

71.083 •

(
L
H

)− 0.967

− 0.0076 • T,&T > 0 ◦C

71.083 •

(
L
H

)− 0.967

− 0.1720 • T,&T ≤ 0 ◦C

(10) 

In order to compare the proposed equation with the existing for
mulations listed in Table 1, all equations were applied to the bridge 
excluded from the calibration phase. Since the existing equations do not 
account for temperature effects, a conventional value of 20 ◦C was 
assumed for the application of the new equation. Fig. 6 presents the 

relative error between the measured and estimated natural frequency for 
all the investigated equations, showing that the proposed model is 
located below the average value of the existing formulations considered 
in the comparison (dashed line in the graph). For different types of 
bridges, characterized by varying structural materials, static schemes, 
span lengths, and temperature ranges, specific regression coefficients 
can be calibrated to more accurately capture the influence of the pri
mary geometrical and environmental parameters considered in the 
proposed model.

4. Case study

The global regression model described in the previous sections was 
applied to an existing PRC bridge located in the Umbria region, central 
Italy. The bridge consists of nine simply-supported spans: the external 
spans are 25 m long, while the inner spans measure 26 m. Fig. 7 shows 
the elevation and the longitudinal section of the bridge.

The piers consist of pairs of reinforced concrete (RC) columns with 
circular cross-section of 1.7 m in diameter, connected by a transverse 
cap beam. Their height varies according to the morphology of the un
derlying terrain. The deck consists of 16 PRC beams integrated with a 
composite concrete slab and four cross-beams per span. The total width 
of the superstructure, shown in Fig. 8, is 16 m, while the total deck depth 
is 1.20 m.

4.1. Monitoring system and data

The monitoring system installed on the bridge consists of two main 
types of sensors: accelerometers and thermocouples. Accelerometers are 
strategically placed on the external girders, both at mid-span and at the 
quarter-span points, as shown in Fig. 9. This configuration enables the 
detection of the main mode shapes of the deck, including flexural, 
torsional, and higher-order modes.

In some cases, such as the bridge considered for the model validation, 
additional accelerometers are installed on the inner girders at mid-span 
in wide decks. These supplementary sensors allow for the identification 
of mode shapes typically associated with the slab. The installed accel
erometers are MEMS type, powered with a 48 V supply voltage, 
featuring a measurement range of + /- 2 g and a sampling frequency of 
200 Hz.

For the case study bridge, as well as for all the structures employed in 
this work, the thermocouples are placed in sheltered areas, such as 
within the cap beams of the piers or directly on the piers themselves, and 
are co-located with the horizontal accelerometers. This configuration, 
which is widely adopted in the SHM field, ensures consistent and reli
able measurements of the surrounding air temperature. Although the 
actual temperature distribution along the deck may be non-uniform due 
to solar radiation, this effect mainly influences the stress distribution, 
whereas the dynamic response is primarily governed by the uniform 
component of strain, which is closely correlated with the air tempera
ture. Like the accelerometers, the thermocouples are powered by a 48 V 
supply and have a measurement range spanning from − 20 ◦C to +60 ◦C.

Fig. 10 illustrates the temporal evolution of the recorded natural 
frequencies and the corresponding temperature during the monitoring 
period. Data acquisition started in August 2024 and continued until 
early February 2025, covering nearly six months, with a short inter
ruption between September and October, likely due to maintenance or 
system malfunction.

The natural frequency initially ranged between 4.05 Hz and 4.15 Hz 
during late summer and progressively increased over time, reaching 
approximately 4.3 Hz during the winter period. A comparison with the 
temperature trend highlights a clear inverse relationship between the 
two parameters: higher temperatures correspond to lower natural fre
quencies, while decreasing temperatures are associated with increasing 
frequency values. During the winter season, temperatures occasionally 
dropped below the freezing point, reaching minimum values of about 

Fig. 6. Bar chart comparing the relative error values obtained using the 
investigated equations for the bridge excluded from the calibration phase.
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− 3 ◦C.

4.2. Regression model validation

The regression model proposed in this study was validated using data 
coming from the real case study introduced in the previous section. The 
validation included two main applications: 

• Validation of single random acquisition, where the natural frequency 
is estimated based on the span-to-depth ratio as geometrical 
parameter, with an adjustment for temperature.

• Validation of the bilinear regression model within the context of 
continuous SHM, using normalized natural frequencies data.

The two validation approaches are described in the following 
sections.

4.2.1. One-time acquisition validation
The global regression model described in Eq. (8) was applied to three 

single, randomly selected acquisitions from the monitoring period. 
These acquisitions were chosen to represent different temperature 
levels, in order to assess the effectiveness of the temperature adjustment 
term in the equation. Table 6 summarizes the selected acquisitions, 
including the predicted natural frequency (based on Eq. (10)) and the 
corresponding error between predicted and measured values.

Based on the results, the error in the predicted frequency is 
approximately 15%. Notably, this error remains consistent across all 
three measurements, suggesting that the discrepancy likely stems from 
the first part of the global model (i.e., the estimation of the natural 
frequency based solely on the span-to-depth ratio). Nevertheless, this 
deviation may also be influenced by additional geometrical aspects not 
directly accounted for in the formulation. For simplicity, the proposed 

Fig. 7. Elevation and longitudinal section of the multi-span PRC bridge considered in the case study.

Fig. 8. Transversal cross-section of the multi-span PRC bridge considered in the 
case study.

Fig. 9. Top view of the accelerometer configuration installed on the bridge deck for dynamic monitoring.
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equation considers only the span-to-depth ratio, neglecting the influence 
of mass, and particularly the mass-to-stiffness ratio (e.g., girder type and 
shape, number of girders, and surface finishing). Furthermore, bridges 
constructed in different periods may have been designed according to 
different standards and safety factors, leading to variations in the mass- 
to-stiffness ratio even for similar span lengths.

Since the span length and the total deck depth remain unchanged 
across the predictions, this component of the model does not vary. In 
contrast, the temperature adjustment appears to be more accurate and is 
further examined in the following section.

4.2.2. Continuous SHM regression model validation
In the contest of continuous SHM, statistical patterns are calibrated 

along an established training period to compare experimental natural 
frequencies respect to predicted value and, if the difference exceeds a 

defined threshold, potential damages are detected.
In early monitoring phases, the amount of data available for the 

training period is typically limited, leading to a weak calibration of the 
statistical models. Moreover, short-term data collection often fails to 
capture a wide temperature range, making extrapolation necessary for 
future data. In this context, statistical patterns must be frequently 
updated to avoid false alarms. However, this also implies that reliable 
damage identification is not feasible until a robust statistical model has 
been adequately calibrated.

To illustrate this behavior, a comparison is presented between the 
global regression model proposed in this work and a regression model 
calibrated using data from the case-study bridge over a one-month 
training period. Fig. 11 shows (a) the regression model obtained using 
the first month of recorded data, characterized by a limited temperature 
range (17–37 ◦C), and (b) the comparison between the one-month 
regression model and the proposed global model. Despite the scatter 
affecting the measurements, the global regression model better captures 
the overall trend of the dataset. For clarity, the data used to calibrate the 
one-month model are highlighted, while the remaining measurements 
are shown separately.

However, to quantitatively assess the robustness and reliability of the 
two regression models, Hotelling’s T2 statistic was computed and rep
resented through control charts. The Hotelling’s T2 value is a multi
variate statistical metric that measures the squared Mahalanobis 

Fig. 10. Time evolution of (a) the first natural frequency and (b) the corresponding ambient temperature during the monitoring period.

Table 6 
Single random acquisition validation.

Date Time Temperature 
[◦C]

Exp. Freq. 
[Hz]

Pred. Freq. 
[Hz]

Error 
[%]

2024–08–16 19:00 23.54 4.115 3.45 16.16
2024–10–20 23:00 14.38 4.180 3.52 15.80
2024–12–15 07:00 5.30 4.250 3.59 15.56

Fig. 11. Comparison between regression models calibrated using a limited training period and the proposed global model: (a) regression calibrated using one month 
of training data; (b) comparison between the one-month regression and the proposed bilinear regression model applied to the full dataset.
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distance of each observation from the mean of a reference distribution, 
considering the covariance structure of the data. In the context of SHM, 
it serves as an indicator of how much a new data point deviates from the 
expected behavior defined by the regression model. Higher T2 values 
may indicate anomalies, structural changes, or environmental condi
tions not accounted for during model calibration. The Hotelling’s T2 

value was computed according to Eq. (11). 

T2
i = r

(
E − E

̿ )T∑− 1

0

(
E − E

̿ )
, i = 1, 2,…,N

/
r (11) 

Where r is an integer parameter referred to a subgroup size, E is the 

mean of the residuals in the subgroup of the last r observations, while E
̿ 

and 
∑− 1

0 are the mean values and the covariance matrix of the residuals 
statistically estimated in the training period. The distance metric T2 is 
positive, so an in-control region can be defined by an interval [0, UCL], 
with the upper control limit (UCL) relating the distance associated with 
a certain confidence level for the distribution of data within the training 
period, which was chosen equal to 90%.

Fig. 12 presents two Hotelling’s T2 control charts. The first chart (a) 
compares the observed against a regression model calibrated using only 
the first month of monitoring data. The second chart (b), instead, 
compares the same observations to the global regression model pro
posed in this work. As shown, the early-stage regression model fails to 
capture the system’s behavior just a few months after the training 
period, leading to multiple exceedances of the control limit, likely 
resulting in false alarms. In contrast, the second chart demonstrates the 
improved performance of the global regression model: most of the ob
servations remain below the UCL, effectively avoiding false positives 
and providing a more reliable baseline for detecting structural changes 
in the dynamic response.

5. Conclusions

This study analyzed a sample of 30 bridges with homogeneous 
characteristics, supported by corresponding monitoring data, to develop 
a model for estimating the first natural frequency of simply-supported 
girder deck bridges based on the span-to depth ratio and accounting 
for its variation in response to temperature fluctuations. The coefficients 
derived from this study are specific to this homogeneous group of 
bridges; however, the same modeling approach can be extended to other 
bridge types by recalibrating the regression parameters, allowing its 

application to structures constructed from different materials, with 
alternative static configurations, or exhibiting distinct dynamic 
behavior. The proposed tool can be used in two complementary ways: as 
a preliminary and rapid method for the estimating the fundamental 
natural frequency with thermal compensation, and as a regression-based 
reference model for continuous SHM applications, potentially replacing 
the geometry-dependent term with experimentally identified quantities.

The reliability of the global regression model was validated using a 
real case study, employing two distinct validation approaches. Based on 
the results, the following conclusions con be drawn: 

a) the first natural frequency exhibits a non-linear relationship with the 
span-to depth ratio, with a power-law function providing the most 
accurate fit. This relationship was compared with existing formula
tions to confirm its applicability;

b) a bilinear regression model was developed to capture the stiffening 
effect caused by ice crystal formation when temperatures drop below 
0 ◦C, as discussed by several authors. However, the available data did 
not extensively cover the sub-zero temperature range, implying that 
the estimated slope for temperature below 0 ◦C is valid only within a 
narrow interval near the freezing threshold;

c) although the slope of the frequency-temperature relationship above 
0 ◦C is relatively low, these effects become non-negligible in the 
context of damage identification, where higher accuracy is essential 
to reliably distinguish structural changes from environmental 
influences;

d) the reliability of the proposed regression model was validated using 
data from a bridge not included in the calibration phase, for both 
single identifications and continuous SHM conditions. The results 
demonstrated the advantages of the proposed model, particularly 
during the early stages of monitoring, by reducing the risk of false 
alarms and enhancing robustness in the absence of long training 
datasets.

Overall, the results indicate a promising tool for estimating funda
mental natural frequency under varying environmental conditions. 
However, further investigations are required for temperatures below the 
freezing point, as this part of the proposed equation is currently limited 
to a narrow interval. Moreover, future work could improve accuracy 
both for the geometrical term (e.g., considering the number of spans and 
different support stiffness) and for the temperature correction (e.g., 
including not only ambient temperature but also potential effects of 
solar radiation).

Fig. 12. Hotelling's T2 control charts comparing different calibration strategies: (a) model calibrated using one-month of training data; (b) global regression model 
proposed in this study.

T. Pivetta et al.                                                                                                                                                                                                                                  Engineering Structures 360 (2026) 122664 

10 



CRediT authorship contribution statement

Carlo Pellegrino: Supervision, Resources. Tommaso Pivetta: 
Writing – original draft, Visualization, Formal analysis, Data curation, 
Conceptualization. Zanini Mariano: Writing – review & editing, Vali
dation, Supervision, Methodology, Formal analysis, Conceptualization.

Compliance with ethical standards

NA.

Declaration of Competing Interest

The authors declare that they have no potential conflict of interest.

Acknowledgment

The authors gratefully acknowledge Dr. Filippo Andreose for his 
contribution in processing monitoring data. Acknowledgement is also 
made to FABRE – “Research consortium for the evaluation and moni
toring of bridges, viaducts and other structures” (www.consorziofabre. 
it/en) within the activities of the FABRE-ANAS 2021-2024 research 
program. Any opinion expressed in the paper does not necessarily reflect 
the view of the funder.

APPENDIX A

Figure A.1. Distribution of span lengths for the 40 bridges included in the dataset, showing that most of the structures fall within the range of 25–35 m

Figure A.2. Distribution of the available monitoring data in terms of number of recorded days for each bridge, with 27% of the sampling having less than 90 days of 
data, 40% between 180 and 365 days, and 33% more than 365 days
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Figure A.3. Temperature ranges covered by the bridge dataset, showing that approximately 70% of the bridges experienced a temperature variation between 20 and 
40 ◦C

Figure A.4. Regression coefficient for temperature above 0 ◦C in Monte Carlo simulation. a) Slope coefficient distribution b) Intercept coefficient distribution
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Figure A.5. R² distribution for temperature above 0 ◦C in Monte Carlo simulation

Data availability

Data will be made available on request.
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