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ARTICLE INFO ABSTRACT

Keywords: The effects of materials’ thermal inertia need to be considered when deploying temperature compensation
Thermal Inertia methods for anomaly detection in structural health monitoring. This article presents a method based on
Temperature compensation multiple linear regression between sequences of temperature and structural response that addresses this
Thermomechanics

X problem by taking into account the time delay effects induced by thermal inertia. Such method is first
Damage detection . . .
MLR thoroughly evaluated on two numerical datasets, each consisting of temperature measurements acquired at
KW51 a single structural location paired with either a “global” structural parameter (i.e., a natural frequency of
vibration) or a “local” one (i.e., strain). Both datasets are generated via a finite element model of an aluminum
beam-like structure in which heat transfer and structural analyses are coupled. Two types of damage are
considered: a local reduction of the Young’s modulus of the material and a differential settlement. The effects of
thermal inertia on the measured global and local structural responses are discussed, and the algorithm’s ability
to capture these effects is evaluated. Then, the method is applied to some open-access experimental modal
data acquired from the well-known KW51 railway bridge. In all considered scenarios, the method strongly
outperforms the widely used linear regression between “instantaneous” pairs of temperature and structural
measurements. Notably, the results demonstrate that by considering sufficiently long histories of temperature
measurements, the information from even a single thermocouple can accurately predict both global and local
structural responses when only thermal loads are present.

1. Introduction Under these boundary loads, heat conduction occurs internally. This
is regulated by the geometry of the structure and the thermal inertia

Data-driven systems for structural health monitoring (SHM) of large of the materials, defined as their property to resist changes in their
civil structures make use of a limited number of sensors deployed at temperature due to their heat capacity and thermal conductivity [8].
various locations and measuring structural responses, such as acceler- Due to the constantly varying thermal loads acting at the boundaries,
ations or strains, and environmental factors, such as temperature or non-uniform temperature distributions within the structure exist at any

humidity, at given sampling rates [1]. Typically, the goal is to set an
automated analysis framework that assesses the structural integrity by
inspecting the recorded signals [2,3]. The detection of damage-related
signatures within the measured time-series is hindered by the effects
of environmental and operational variations, which can often mask
subtler structural changes caused by damage [4]. Among the possible
environmental agents, temperature typically has the largest effect on
the structural response [4]. In fact, the changes induced by temperature
can often exceed those due to operational variations, such as vehicular
traffic in bridges [5-7].

Large structures are subjected to thermal loads deriving from the
diurnal and seasonal temperature variations. Some of their surfaces are
exposed to direct solar radiation, while convective and radiative phe- sured structural responses. To the best of the authors knowledge, Sohn
nomena with surrounding air and objects occur at all external surfaces. et al. [14] were the first to propose the use of multiple temperature

instant of time. This internal distribution generates local variations in
the material properties as well as thermally-induced strains and stresses
[9]. Such non-uniform temperature field is responsible for the time
lags that are often observed between the recordings of temperature and
structural response [10,11].

Since the conductive heat transfer phenomena occurring in large
structures can require tens of minutes, if not hours, to fully unravel [10,
12,13], it appears necessary to analyze sufficiently long temperature
sequences for successful regressions between these and structural re-
sponses. Once an effective regression is trained, it can then be used
to predict and remove the effects of varying temperature on the mea-
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data acquired at different time instants to train a regressor between
temperature and structural response (in their case, modal parameters).
However, they only considered including a single past temperature
reading in addition to that acquired at the same time instant of the
structural response. While their study used multiple linear regression
(MLR) [15], two years later Peeters and De Roeck [16] setup an ARX
model [17] to perform an analogous task. Again to the best of the
authors knowledge, no other works have reported the use of temper-
ature data acquired at multiple time instants for the following fifteen
years, when Kromanis et al. [18] proposed to include a single past
temperature data in order to predict strain measurements. Five years
later, Wang et al. [19] presented an approach using a long short-term
memory (LSTM) algorithm [20] fed with temperature and deflection
measured at six different time instants to model the expected deflection
of a suspension bridge. Recently, some of the authors of this article
have proposed the use of multiple regressors fed with a large number
of temperature measurements acquired by a single sensor to predict
strain gauge readings [21]. The extent of that investigation was limited
by difficulties in getting access to experimental datasets featuring a
frequent and continuous acquisition of both temperature and structural
response, and also including the formation of damage. Therefore, the
method was tested on a monitoring dataset that had been collected
on a laboratory truss structure for a different scope [18], which only
exhibited very short time lags between temperature and strain since the
structure was almost uniformly heated by infrared lamps.

In this work, the above mentioned difficulties are overcome by
using numerical datasets generated via finite element (FE) modeling.
In particular, two synthetic monitoring scenarios are simulated, a dy-
namic one based on modal parameters and a quasi-static one based
on the measurement of strain, both of which exhibiting significant
non-uniform temperature distributions varying over time and featuring
the introduction of damage. This allows (i) evaluating whether the
temperature compensation method first introduced in [21] is also able
to predict “global” structural responses, such as natural frequencies
of vibrations, and (ii) investigating the effects of measurement noise
on such method by comparing the results obtained when applying the
method to either noiseless or noise-added data. Finally, the applicabil-
ity of the proposed method to real-world modal data is evaluated by
applying it to the open-access dataset acquired from the KW51 railway
bridge [22].

The remainder of the article is structured as follows. Section 2
describes the temperature compensation method based on sequential
temperature measurements that is later evaluated on both simulated
and experimental monitoring scenarios. The FE model used to generate
the numerical datasets is presented in Section 3, while Section 4
discusses the application of the proposed algorithm to such datasets.
Section 5 presents the results obtained on the experimental dataset,
before Section 6 concludes the article by highlighting the key findings.

2. Temperature compensation method based on sequential tem-
perature measurements

As for the vast majority of the temperature compensation methods
available in literature [4], the proposed method requires the collection
of measurements from the monitored structure over an initial “base-
line” period. Such baseline dataset is used to train a regression model
between temperature and structural response. The trained model is
then used in a subsequent “monitoring” phase to remove temperature
effects, so that non-temperature-related deviations from the baseline
structural conditions can be more easily detected.

Crucially, the novel assumption of the proposed method is that the
structural response can only be predicted in a satisfactory manner if
sufficiently long sequences of temperature measurements are paired
with the structural response expected at the end of such sequences. The
duration of the sequences should be long enough as to fully capture
the heat transfer phenomena occurring within the structure, which are
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Table 1

Aluminum properties sampled from the higher degree polynomial functions of temper-
ature available in COMSOL Multiphysics® [26]. T, E, v and « stand for temperature,
Young’s modulus, Poisson’s ratio and thermal expansion coefficient, respectively.

T [°C] 20 25 30 35 40 45 50
E [GPa] 69.14 68.97 68.79 68.62 68.45 68.28 68.11
v [-] 0.3312 0.3313 0.3314 0.3315 0.3316 0.3317 0.3318

a [1076 °C™1] 22.23 22.33 22.44 22.54 22.64 22.74 22.84

regulated by the materials’ thermal inertia. Note that this approach is
radically different than that widely seen in literature (e.g., [23]), in
which temperature reading(s) acquired by one or multiple thermocou-
ples at a single instant of time are related to the structural response
measured at the same time instant.

In [21] both MLR and a deep learning-based multiple regressor
were tested over an experimental dataset, and the results showed that
the deep learning (DL) technique was only slightly superior to MLR
though requiring significantly higher computational costs. Another DL
technique that is well-versed for the analysis of sequential data is LSTM,
possibly used in combination with convolutional neural networks to
combat the notorious LSTM’s vanishing gradient problem as suggested
in [24], but such approach would also require significant computational
costs. For these reasons, this article uses MLR as the multiple regressor
of choice. This is expressed as:

Y=a+hXg+hX ++b,X,+<& (@]

where Y is the dependent variable, X;,, X;, ..., X, are n + 1 multiple
independent variables, g, g, ..., f, are the corresponding coefficients
that measure the impact of each independent variable on the dependent
variable, a is the intercept term, and ¢ is the error term that captures
the unexplained variation in the data. In this work, Y is the measured
structural response and X,, X, ..., X, are sequential temperature
measurements acquired by a single thermocouple. In particular, X, is
the temperature measured simultaneously as Y, X, is the temperature
measured at the previous sample in time, and so for up to X, being the
temperature measured » samples in the past. « and g; coefficients are
estimated via least squares fitting over the “baseline” dataset. Note that
Eq. (1) reduces to linear regression (LR) when only a single independent
variable X, is used.

In this study, the metrics that is used to evaluate the predictive
performance of a trained MLR model over a given set of m structural
responses is the coefficient of determination R? [25], which is defined
as:

m .—A.2
R2=<1_Z"=‘(Y—’Y’)>.1oo @)

XL =Y)?

where Y, is the ith value of the measured structural response, ¥; is its
prediction by MLR, and Y is the mean of the m measured structural
responses, i.e, ¥ = L Y™ V.

m =

3. Numerical case studies

The algorithm of Section 2 is first investigated over two numerical
case studies, termed C1 and C2. In each of them, an aluminum 0.1x0.1x
1 m beam (Fig. 1) having temperature-dependent material properties
(Table 1) is subjected to the same set of boundary conditions (BCs) for
the heat transfer analysis, while different mechanical BCs are applied,
as summarized in Table 2. With regards to the structural analysis, in
C1 the structure is fixed throughout Boundaries 1 and 6 (Fig. 1), while
in C2 the four corner nodes of Boundary 1 are constrained. For both
case studies, the structural initial displacement and velocity fields are
null everywhere.

The right columns of Tables 2 and 3 list BCs and initial conditions,
respectively, employed for the heat transfer analysis. The initial tem-
perature is set to 20 °C throughout the structure, then heat is injected
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Fig. 1. Geometry of the modeled beam-like structure. All measures are in meters. “C1” and “C2” indicate features considered in either case study Cl or C2, respectively. The
origin of the reference system is at the bottom left corner of Boundary 1. This is also the corner being displaced in case study C2 to simulate a differential settlement. Boundaries

4 and 5, not labeled in figure, are opposite to Boundaries 2 and 3, respectively.

Table 2
Boundary conditions used in case studies C1 and C2. Boundary numbers refer to Fig.
1.

Boundary Structural mechanics Heat transfer
Cl Cc2

1 Fixed Fixed corners Insulated

2 Free Free Convection

3 Free Free Convection

4 Free Free Convection

5 Free Free Convection

6 Fixed Free Specified heat

Table 3

Monitored parameters, type of damage and initial conditions considered in case studies
Cl and C2.

Structural mechanics Heat transfer

Cl Cc2
Monitored . . .
Eigenfrequencies Strain Temperature
parameters
Reduction of Differential
Damage s
Young’s modulus settlement
Initial Null-displacements
L .. 20 °C
conditions Null-velocities

through Boundary 6 in Fig. 1 by specifying a time-dependent inward
heat flux for a total duration of 192 h, which is also the total simulation
time. The prescribed history of heat flux is obtained by repeating a 6
hour-long period having 180 min of increasing inward heat up to a
maximum of 6000 W/m?, followed by 3 min of rapid decrease and
177 min of null-inward heat. The first two periods are shown in Fig.
2. This pattern loosely mimics a time-scaled repeating diurnal pattern
where solar radiation heats up a structure for roughly half a day.
Convection to surrounding air was simulated at Boundaries 2 to 5 by
setting the convective heat transfer coefficient to 5 W/(m? - °C) and the
air’s temperature to 20 °C throughout the simulation time (see Eq. (A.3)
in Appendix). The chosen convection heat transfer coefficient A¢ is in
line with some experimentally estimated values for metal structures in
the absence of wind [27]. Finally, Boundary 1 is thermally insulated,
i.e., its inward/outward heat is set to O along the whole simulation
time.

3.1. Case study C1

In case study C1 the thermal sensor was positioned at (0,0.1,0.05)
m, i.e., at the furthest distance from the specified inward heat, and an
eigenfrequency study was run in parallel to the transient analysis in
order to compute the first four eigenfrequencies. This simulates the

deployment of a single or multiple accelerometers across the struc-
ture that capture ambient-induced vibrations, which are then used to
estimate structural modal parameters via operational modal analysis
(OMA) [28]. A 5% reduction of the temperature-dependent Young’s
modulus of Table 1 was assigned to a 0.025 x 0.025 x 0.1 m portion
of the modeled beam after 143 h of simulation time, i.e., towards the
end of the 24th repeating heating period. Such portion is at a distance
of 0.1 m from Boundary 1, and its exact location is visible in Fig. 1
(where it is labeled “Damage”). Physically, a local rigidity loss can be
caused by the insurgence of some damage at that location. The induced
reduction of the overall structural stiffness results in slightly lowered
eigenfrequencies.

3.2. Case study C2

In case study C2 temperature was measured at (1,0.1,0.05) m, i.e., at
one of the edges of Boundary 6 through which the specified heat
flux enters the structure. This mimics positioning a thermocouple at a
sun-facing surface of an outdoor structure. A strain gauge measuring
axial strains in the x-direction was positioned at (0.15,0.1,0.1) m.
Then, a differential settlement at the clamped end of the structure was
simulated to occur after 143 h of simulation time. This was modeled
by imposing a 1 mm displacement at the corner labeled “Differential
settlement” in Fig. 1 along the negative x direction, while the other
three corners of Boundary 1 were kept at their fixed initial positions.
This induces a local distribution of strains and stresses, which fades
moving away from the clamped end of the beam. The exact location
of the strain gauge was deliberately chosen as to be only moderately
sensitive to the effects of such distribution.

3.3. Finite element implementation

The data of the two case studies described above were generated
via FE modeling in COMSOL Multiphysics®. A one-way coupled ther-
mal/structural transient analysis, where the former influences the latter
at each integration time-step (see Appendix), was performed using the
implicit Backward Differentiation Formula (BDF) time stepping method
of order 2 and the PARDISO direct solver [29]. The model was set
to store the results and to perform the eigenfrequency analysis (only
for C1) at a constant time-interval of 60 s, which defines the sampling
interval used for all measurements described above. A mesh refinement
study lead to the use of a regular hexahedral mesh formed by 640 cubic
elements with sides of 0.025 m and having quadratic lagrangian shape
functions for both heat transfer and structural analyses.
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Fig. 2. First two periods of the cyclic history of inward heat flux injected through Boundary 6. The inset plot zooms in the 179-184 min range to better show the period during

which the inward flux decreases.
4. Results from the numerical case studies
4.1. Temperature field

Fig. 3(a) shows the temperature measured by “thermal sensors I to
III” of Fig. 1 across the simulation length of either case study C1 or
C2 (since their heat transfer solutions are identical). After about three
heating periods the structure reaches a state of “dynamic” thermal
equilibrium between the cyclically injected heat flux and convection
losses to surrounding air. At that stage, thermal sensor III, which is
located at the boundary where heat enters the structure, approximately
experiences a 19 °C excursion, while thermal sensors II and I are
subjected to much attenuated thermal variations of about 7 and 5 °C,
respectively. Furthermore, the zoomed view of Fig. 3(b) clearly shows
the differences in the three signal shapes, notably the presence of
increasingly more delayed and widely spread temperature ‘“peaks”
and “valleys” together with smoother heating and cooling phases as
one moves away from the source of heat. This behavior is a direct
consequence of the “smoothing” nature of diffusion equations such as
Eq. (A.1) in Appendix (see e.g., [30]). Finally, Fig. 3(c) depicts the
temperature field after 45 h of simulations, i.e., in correspondence to
the green dashed vertical line of Fig. 3(b), giving a visual representation
of the non-uniform temperature distribution existing at any instant of
time.

4.2. Case study C1: modal data

The lowest four eigenfrequencies of the modeled doubly clamped
beam correspond to the two pairs of first- and second-order bending
modes, whose modal shapes are displayed in Fig. 4(c). In particular, the
first and second modes vibrate at the same frequency and correspond
to the first-order bending resonance, with displacements occurring
in either of the two orthogonal planes, x — y and x — z. Similarly,
the third and fourth modes correspond to the second-order bending
resonance, with displacements polarized in either the x—y or x—z plane.
In the “dynamic” thermal equilibrium phase reached after ~18 h of
simulation time, the first-order bending modes vary with temperature
in the ~488.5-491.5 Hz range, while the second-order bending modes
are in the ~1254.5-1260 Hz range. This is shown in Fig. 4(a), where
the four eigenfrequencies are plotted over a 12 h period centered at
the time of introduction of damage. The stiffness reduction occurring at
143 h induces small downward shifts in all four modal frequency traces.
This is better seen in Fig. 4(b), which zooms in the region indicated by
the black rectangle in Fig. 4(a). For each pair of bending modes, the
largest shift occurs for the x — y polarization (i.e., for “Mode 1” and
“Mode 3”, as displayed in Fig. 4(c)). Only “Mode 1” will be considered
below as a representative case.

Fig. 5(a) shows the eigenfrequency of “Mode 1” and the temper-
ature measured by thermal sensor I of Fig. 1 over a 24 h period
centered at 143 h, after corrupting both traces with white Gaussian
noise at standard deviations set to 4% of their respective maximum
excursions in the “dynamic” thermal equilibrium phase. Note that for
actual measurement systems the signal to noise ratios can vary widely
and depend on a number of factors, most of which being related to in-
trinsic characteristics of the sensing equipment and the data acquisition
instrumentation, hence the noise levels adopted for the numerical data
considered in this article are simply set with the intention to hinder the
detection of damage. Indeed, the shift in frequency occurring at 143 h
and caused by the introduction of damage is now well-hidden within
the added noise. The plot shows that there exists an inverse relation
between eigenfrequency and temperature, and this is expected since (1)
the material properties of Table 1 soften as temperature increases and
(2) a temperature increase generates compressive stresses within the
axially restrained beam that further soften the structural stiffness [31].
Fig. 5(c) displays the same data of Fig. 5(a) in the form of a “temper-
ature vs frequency” scatter plot, while Fig. 5(b) shows the analogous
plot obtained when using the noiseless data. Due to the differences in
shape and phase between the measured time-series of temperature and
frequency, each scatter plot draws an hysteresis-like loop, hence poor
linear correlation between simultaneous measurements of temperature
and frequency is expected. Note that in the noiseless scenario of Fig.
5(b) the sustained downward frequency shift is visually evident, while
in the noise-added case of Fig. 5(c) it is much less obvious.

4.2.1. Case study C1: temperature compensation

The algorithm described in Section 2 was applied to both noiseless
and noise-added temperature and modal data that are partially plotted
in Fig. 5. As indicated in Fig. 3(a), the first 25 h of data were discarded
to make sure that the initial “transient” stage was fully resolved and
not included in the baseline period. The data acquired between 25 and
90 h of simulation were used as baseline to train the regression models,
while that in the ranges 90-143 and 143-192 h formed undamaged and
damaged monitoring datasets, respectively.

Fig. 6 compares the performance offered by LR and MLR trained
with different lengths of temperature sequences. The performance is
evaluated in terms of coefficient of determination R? (Eq. (2)) between
measured and predicted values of frequency over baseline, undamaged
and damaged monitoring datasets. Note that the horizontal axes of the
plots indicate the “time lag” spanned by the temperature sequences
input to the multiple regression. Since such time lag is expressed
in minutes, and since the synthetic measurements are sampled every
minute, the reported values directly correspond to the number of “past”
temperature readings » used in Eq. (1) in addition to the temperature
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measured simultaneously with the frequency. Therefore, the case of Fig. 6(a, b) shows that when noiseless temperature and frequency
simple LR between temperature and frequency lies on the y-axis. data are considered, R? rapidly increases for all datasets as more past
Fig. 6(a, b) pertain to the noiseless scenario, while Fig. 6(c, d) temperature data is used for the multiple regression operation, with the

curves corresponding to baseline and undamaged monitoring datasets
already reaching a value of 99.75% at n = 10. Past that value there
are further marginal improvements, until an R* of exactly 100% is
obtained for n = 360, i.e., when 6 h-long sequences of temperature
history are given as input to MLR. This is consistent with the duration
performance as it only yields R? values of roughly 45% for all three of the perfectly repeating heating periods used in the FE model, which
datasets and for both noiseless and noise-added scenarios. translates to the fact that the regressor has nothing left to “learn” past

consider the traces corrupted with noise as described in the previous
section. The right plots zoom in different areas of the corresponding
left plots. As already suggested by the scatter plots seen in Fig. 5(b,
c), Fig. 6(a, ¢) confirm that LR does not offer a satisfactory regression
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the 6 h mark. Fig. 7(a) superposes the actual eigenfrequency trace
to that predicted by MLR with n = 360 in the noiseless scenario
and over the same 24 h-period considered in Fig. 5. As indicated by
the 100% R? value obtained in the undamaged monitoring dataset,
the trained MLR can perfectly predict the modal frequency up to the
occurrence of damage at 143 h. Once the structural conditions change,
predicted and measured frequencies become offset, as expected (in
fact, in Fig. 6(a, b) the curve corresponding to the damaged dataset

is lower than the other two), and this can be exploited for damage
detection. For comparison, Fig. 7(a) also plots the predictions from
LR. As expected, they differ significantly from the measured data both
before and after the introduction of damage, and do not exhibit any
appreciable sensitivity to the changed structural conditions.

In the more realistic scenario of temperature and frequency data
being corrupted with noise, which is investigated in Fig. 6(c, d), get-
ting to an R? value of 100% is no longer possible. Nevertheless, the
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Fig. 7. Case study C1. Actual eigenfrequencies vs those predicted by LR and MLR in (a) noiseless and (b) noise-added scenarios over the same period considered in Fig. 5.

inclusion of past temperature data still proves highly beneficial, with R?
growing steeply to about 90% at ~n = 20 before embarking in a slower
ascending path. The zoomed view given in Fig. 6(d) reveals that while
the baseline trace keeps growing till the right end of the plot, the trace
corresponding to undamaged monitoring starts a slowly descending
path after ~n = 340. This indicates that past that point there starts to be
a negative balance between the very marginal additional information
brought in by the increasingly longer temperature sequences and the
noise affecting the baseline dataset to which MLR starts to overfit. It
is then advantageous to choose an “optimal” n value for MLR roughly
corresponding to the peak reached by the undamaged monitoring trace,
e.g., n = 340 (which is indicated with a green dash-dotted vertical line
in Fig. 6(d)). Note that in practical SHM applications this type of oper-
ation for the choice of an “optimal” n can be performed by splitting the
baseline data in separate “training” and “validation” datasets, with the
latter not actively taking part in the training procedure but only being
used to provide an unbiased evaluation of the regression performance,
in analogy to what is commonly done in the machine learning field (see
e.g., [32]). Fig. 7(b) compares the actually measured eigenfrequencies
to those predicted either by LR or by MLR with » = 340 in the noise-
added scenario. Similarly as for the noiseless case of Fig. 7(a), the
predictions of LR differ significantly from the measured values, while
those of MLR are still very accurate, although the presence of noise
makes it more challenging to detect the possible presence of small
deviations between measured and MLR-predicted traces, such as those
existing after 143 h.

In practical monitoring scenarios, a routine must be devised to
perform an automated and continuous inspection of the incoming data
and to flag cases in which predicted and measured values start to be
dissimilar in a sustained manner, an occurrence that can be linked
to the insurgence or growth of damage, as in the case of Fig. 7(b)
past the 143 h mark. This can be accomplished by computing the
squared difference (SD) between incoming pairs of predicted and actual
eigenfrequencies and by then running a moving average on the SD trace
in order to reduce the variability due to noise. When this procedure
is employed on the data of Fig. 7(b) using a sliding window of 780
datapoints (corresponding to 13 h of monitoring data at the employed
60 s-sampling interval) to perform a trailing moving average operation,
the blue curve shown in Fig. 8(b) is obtained. The trace remains
essentially flat over both baseline and undamaged monitoring periods,

before growing significantly after the introduction of damage at 143 h.
In order to fully automatize the monitoring procedure, a threshold
must be set, such that any crossing above it would raise an alarm.
Care must be taken when deciding on an appropriate threshold value,
which should be high enough to minimize the number of false calls,
but not too high as to miss the signatures of actual damage. As a
matter of example the threshold in Fig. 8(b) was set as twice the largest
value returned by the moving average operator within the baseline set.
By using such threshold this damage would have been automatically
detected at ~152 h, i.e., roughly 9 h after its first appearance. For
comparison, Fig. 8(a) considers the case in which LR is used to predict
eigenfrequency data. As seen in Fig. 7(a), the predictions from LR are
poor estimates of the actual values, hence the moving averages of the
squared differences are significantly higher than those seen in Fig.
8(b). Such values remain almost unchanged after damage has occurred,
hence such damage would remain undetected.

4.3. Case study C2: strain data

Fig. 9(a) shows temperature and strain measured by thermal sensor
Il and strain gauge I of Fig. 1, respectively, over a 24 h period
centered at the time of introduction of the differential settlement in
case study C2. Note that strains are considered positive when they are
tensile, are given in parts per million (i.e., in microstrains (ue)), and
are referenced to the initial undeformed structural configuration. The
overall upward shift of the measured values towards the ~125-250
microstrain variation seen in Fig. 9(a) occurs over the first ~18 h of
simulation time, i.e., the time required to reach the “dynamic” thermal
equilibrium as discussed in Section 4.1. The figure shows that there
exists a significant time lag between temperature and strain data, since
they are measured at two locations being almost one meter apart,
and the shapes of the two traces are also different. The effects of the
differential settlement at 143 h are immediately registered as a small
upward shift in the strain history, which is then carried forward for the
remainder of the simulation.

Detecting the change induced by the simulated differential settle-
ment is significantly more challenging when the traces are affected by
measurement noise. In particular, Fig. 9(b) plots the same 24 h period
of temperature and strain histories as in Fig. 9(a) after corrupting
them with white Gaussian noise at standard deviations set to 4% of
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the temperature and strain maximum excursions, respectively, in the
“dynamic” thermal equilibrium phase. This procedure is analogous
to that operated on the signals of case study Cl and discussed in
Section 4.2.

The same data of Fig. 9(a, b) is shown in Fig. 9(c, d), respectively, in
the form of “temperature vs strain” scatter plots. Due to the discussed
differences in shape and phase between the two traces, a rather wide
hysteresis-like loop appears, hence poor linear correlation is expected.
Again, in the noiseless scenario of Fig. 9(c) the sustained upward strain
shift is visually evident, while in the noise-added case of Fig. 9(d) it is
much less obvious.

4.3.1. Case study C2: temperature compensation

The algorithm of Section 2 was tested on both noiseless and noise-
added temperature and strain data that are partially plotted in Fig. 9.
Each of the two datasets was split in baseline, undamaged and damaged
monitoring sets using the same rules adopted in Section 4.2.1, i.e., the
three periods are 25-90, 90-143 and 143-192 h, respectively.

Fig. 10 is analogous to Fig. 6. In particular, Fig. 10(a, b) pertain to
the noiseless scenario, while Fig. 10(c, d) consider the traces corrupted
with noise, with the right plots zooming in different areas of the
corresponding left plots. In this case study, LR provides even lower R?
values than those seen in case study Cl (i.e., R? =~2% for all three
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datasets and for both noiseless and noise-added scenarios), and this was
already suggested by the hysteresis loops of Fig. 9(c, d) being wider
than those of Fig. 5(b, c). Indeed, the strains predicted by LR shown in
Fig. 11 are very far off from the actually measured values.

For the noiseless temperature and strain data (Fig. 10(a, b)), R?
monotonically increases for all datasets as more past temperature data
is used for the multiple regression operation. Both traces correspond-
ing to baseline and undamaged monitoring datasets reach a value of
99.96% roughly at n = 180. Past that value there are further marginal
improvements, which becomes not visible at the zoom level of Fig.

10(b) for n higher than ~270, until an R? of exactly 100% is obtained
for n = 360, i.e., when 6 h-long sequences of temperature history are
given as input to MLR. Indeed, Fig. 11(a) confirms that by training
MLR with n 360 over the baseline data, strain can be perfectly
predicted until the differential settlement occurs at 143 h, at which
point predicted and measured strains become offset.

When noise is added to temperature and strain data (Fig. 10(c,
d)), Fig. 10(d) shows that in this case the curve pertaining to the
undamaged monitoring dataset already starts to descend at ~n = 200, a
point that is indicated by the green dash-dotted vertical line. Therefore,
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n = 200 is selected as the “optimal” value for MLR training in this
scenario, and Fig. 11(b) compares actual strains to those predicted by
MLR with this » choice. Again, the predictions during the undamaged
monitoring period are a close match to the measured values. The
presence of noise hinders the detection of the small sustained change
occurring after 143 h, and the use of an averaging operator is expected
to help. Indeed, the trailing moving average computed on the SDs
between predicted and actual strains using a sliding window of 780
datapoints, which is plotted in Fig. 12(b), registers a rapid growth after
the introduction of damage at 143 h and crosses the threshold (which
was set according to the rule proposed in Section 4.2.1) roughly 11 h
after damage occurred. For comparison, Fig. 12(a) plots the moving
average run on the SDs obtained when using LR to predict strain data.
Analogously to what already seen in case study C1 (Fig. 8), the values
in the baseline and undamaged monitoring periods of Fig. 12(a) are
significantly higher than those of Fig. 12(b), and the trace does not
increase in any significant manner after damage occurs at 143 h, hence
the considered differential settlement would remain undetected.

5. Experimental case study: KW51 bridge

Finally, the temperature compensation method of Section 2 is tested
over some open-access experimental data acquired from the KW51
bridge in Leuven, Belgium [22]. This is a 115 m-long steel bow-
string railway bridge instrumented with various sensors including a
thermocouple and a set of accelerometers (please refer to [33] for a
detailed description of the bridge and the monitoring system, including
the exact locations of the sensors). Fourteen modal frequencies were
estimated at hourly interval from the recorded ambient vibration data
using the reference-based covariance-driven stochastic subspace iden-
tification (SSI-cov/ref) algorithm [33,34]. The thermocouple was set
to record temperature at the same hourly rate. Note that the material
properties of steel, from which the KW51 bridge is constructed, exhibit
a different temperature dependence than those of the aluminum con-
sidered for the numerical case studies, which are reported in Table 1.
An example of the expected variation in the Young’s modulus of steel
over a ~60 °C temperature range can be found in Fig. 1(b) of [35].

As a representative example, the analysis discussed in this section
considers the first mode, which involves the lateral motion of the
arches [33], and a period of data acquisition of almost 3 months. Such
period starts on 30 September 2019, i.e., after the bridge was retrofitted
to resolve a construction error, and ends on 19 December 2019, i.e., just
before a ~3 day-gap in the data collection that occurred, presumably for
a malfunctioning of the monitoring system, a few days before the end of
the available open-access dataset. The modal data also contained some
shorter gaps scattered within the considered period, and these missing
entries were filled using the nearest non-missing values. While this is
a standard, basic method to handle missing data, more advanced tech-
niques have recently been proposed for data imputation in SHM, such

as that reported in [36]. Finally, note that no damage was artificially
added to the bridge nor was reported to occur “naturally”.

Fig. 13(a) plots the first eigenfrequency and the temperature mea-
sured by the thermocouple over the considered ~3 month-period. The
thermal data shows a ~22 °C excursion with minimum readings just
above 0 °C. The modal data is affected by rather high levels of noise,
whose amplitude vary significantly over time, and this was mainly at-
tributed to electromagnetic interferences with the high-voltage railway
electrification [33]. An in-depth analysis of such data reveals that the
true underlying modal variation ranges between ~0.508 and ~0.512 Hz
across this temperature range. Note that such low signal-to-noise ratio
limits the maximum value of R? that can possibly be achieved on this
dataset, since the variability of the measured data solely due to random
noise will necessarily remain unaccounted for [25].

The data acquired before 26 October 2019 were used as baseline to
train the regression models, and Fig. 13(b) plots the R? values between
measured and predicted eigenfrequencies over baseline and monitoring
datasets. Similarly as in Figs. 6 and 10, the horizontal axis indicates
the time lag, here expressed in hours, spanned by the temperature
sequences input to the multiple regression. Since measurements are
sampled every hour, the reported values again directly correspond
to the number of “past” temperature readings »n used in Eq. (1). LR
yields an R? value of about 13% on the baseline data used for its
training, and its ability to predict the expected eigenfrequencies based
on temperature measurements is extremely poor, as indicated by an R?
of ~1.5% obtained over the monitoring period. As longer temperature
sequences are used for multiple regression operations, R* increases for
both datasets until peaking at values close to 22% roughly at n =
5, corresponding to 5 h of temperature history. Then, for higher n
values the trace pertaining to the monitoring dataset slowly starts to
descend, while the baseline’s curve keeps ascending, indicating the start
of overfitting to noise, as explained in the previous sections. Therefore,
n = 5 is selected as the “optimal” value for MLR training in this
scenario.

Fig. 13(c, d) zoom on two ~5 day-periods over which the noise
levels remained a little lower than elsewhere, thus enabling to better
appreciate how close (or far off) the eigenfrequencies predicted by
either LR or MLR are to the actually measured values. Notably, despite
the training over the very noisy baseline data, the predictions of MLR
fed with 5 h-long sequences of temperature are very well adherent to
the measured eigenfrequencies, while the LR-predicted trace offers a
much poorer performance by remaining largely offset from the latter.

As explained in Section 4.2.1, from a practical perspective, the
eigenfrequencies predicted by MLR as new measurements are acquired
can serve as input for an automated damage detection algorithm. This
can be achieved, for instance, using the routine described in Sec-
tions 4.2.1 and 4.3.1, which involves setting a threshold on the moving
average of the squared differences between predicted and measured
eigenfrequencies.
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6. Conclusions

A novel temperature compensation method has been discussed and
evaluated over two numerical and an experimental monitoring case
studies. The method is based on the observation that a regression
model between instantaneous measurements of temperature and struc-
tural response cannot accurately capture their interrelation, since the
materials’ thermal inertia essentially act as a filter between the two.
Therefore, the proposed method uses long sequences of temperature
measurements as independent variables for multiple linear regression
(MLR), effectively giving MLR sufficient information to model the
heat transfer phenomena occurring within the structure and, hence,
to predict the structural response. In all considered case studies tem-
perature measurements were acquired at a single structural location,
and were paired with either a “global” structural parameter (i.e., a
natural frequency of vibration) or a “local” one (i.e., strain). The
results obtained on all datasets, and, for the numerical case studies,
on both a noiseless and a noise-added scenario, showed an excellent
performance when MLR was fed with sufficiently long temperature
sequences, strongly outperforming the standard use of instantaneous
temperature measurements. This confirms that the proposed method
can be successfully applied to predict both global and local structural
responses.

Furthermore, the comparison of the results obtained on the nu-
merical datasets for noiseless and noise-added scenarios shed some
lights on the “optimal” length of sequential temperature data to be
used as input for MLR. First, the results on the noiseless datasets
showed that there cannot be any added benefit in increasing the input
sequential temperature length once that is long enough to capture all
heat transfer phenomena occurring within the structure. However, the
analyses on the noise-added scenarios also showed that there exists a
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trade-off between the additional information that can be learned by the
regressor by increasing the length of the input temperature sequences
and the detrimental effect of measurement noise to which MLR would
increasingly tend to overfit. Therefore, a case-specific and data-driven
procedure for the estimation of an “optimal” input temperature length
was suggested, and this requires splitting the baseline data used to train
the regressor into a proper training and a validation dataset, where the
latter can be used to unbiasedly test the regressor performance.

Finally, it is important to emphasize that since the method is purely
data-driven, it can be readily applied to any real-world monitoring
system where at least one thermocouple is installed on the moni-
tored structure. When multiple thermocouples are available, various
options exist for utilizing the additional information. For example, one
approach would be to run multiple instances of the algorithm inde-
pendently on the sequences acquired by each thermocouple, thereby
providing redundancy in the predicted structural responses, which can
then be compared to the actual measurements.
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Appendix. Transient linear thermoelastic problem

The transient linear thermoelastic problem is here recalled. Con-
sider an elastic isotropic body occupying a closed and bounded region
whose boundary and open set are denoted 02 and €, respectively.
The position vector x indicates a point of the domain in a given
Cartesian coordinate system, while ¢ is time. The heat transfer problem
is described by the temperature T and by the heat flux vector q.
Temperature and heat flux are prescribed on the parts 02, and 02,
of the body’s boundary (02; N9, = 0, 027 UL, = 0£2), respectively.
In the absence of internal heat generation, the problem is ruled by the
following equations in £:

kV2T = peT (A1)

q=—-kVT (A.2)

which express the heat diffusion equation and the constitutive law
(i.e., Fourier’s law [8]), respectively. In Egs. (A.1)-(A.2) k, p and
¢ are the material’s thermal conductivity, density and specific heat,
respectively.

The heat flux on 02, can be either directly specified or set as
resulting from convective and/or radiative phenomena. Convection
combines the effects of conduction between the boundaries of the body
and the adjacent fluid to that of fluid motion. This phenomenon is
described by Newton’s law of cooling as:

¢ =hn(T-TF)h (A.3)

where (¢ is the heat flux vector due to convection, k¢ is the convective
heat transfer coefficient, T is the body’s temperature at the boundary,
TF is the temperature of the fluid sufficiently far from the body’s
boundary and # is the unit normal vector pointing into the fluid.
Radiative boundary conditions are not used in the model described in
this work.

The thermoelastic configuration of the body at a given time instant
t is described by the displacement vector u, and by the strain and stress
tensors € and o, respectively. The displacements and the surface trac-
tions are prescribed on the parts 002, and 0Q, of the body’s boundary
(02, n 0L, =0, 02, U 0Q, = 0Q), respectively. Let T; = T;(x,?,) and
T, = T,(x,ty) indicate the temperature fields within the body at time
instants 7; and t,, with t; > #,. The thermal strain £” (x) due to the field
of temperature change AT (x) = T; — Ty, is given by:

e (x) = adAT ()1 (A.4)

where « is the material’s linear thermal expansion coefficient and I
is the identity matrix. In the absence of body forces, the quasi-static
thermoelastic problem is governed by the following equations:

e=1 (Vu+(Vw') (A.5)

V-6=0 (A.6)
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o =C(e —adT]) (A.7)

which express the strain-displacement relationship, the equilibrium
equations and the constitutive law, respectively. In Eq. (A.7) C is the
elastic moduli tensor.

In this work C = C(T) and « = «(T), i.e., the temperature field
existing within the body at any given time instant also influences the
structural response by varying the material properties. Furthermore,
thermally-induced strains and stresses influence the structural modal
parameters [31,37].

Data availability

Data will be made available on request.
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