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Preface

Structural Health Monitoring & Machine Learning represents one of twelve volumes of technical papers presented at the
4374 IMAC, A Conference and Exposition on Structural Dynamics, organized by the Society for Experimental Mechanics,
and held February 10-13, 2025. The full proceedings also include volumes on Nonlinear Structures & Systems; Model
Validation and Uncertainty Quantification; Dynamic Substructuring & Transfer Path Analysis; Special Topics in Structural
Dynamics & Experimental Techniques; Computer Vision & Laser Vibrometry; Dynamic Environments Testing; Sensors &
Instrumentation and Aircraft/Aerospace Testing Techniques; Topics in Modal Analysis & Parameter Identification I1&II; and
Data Science in Engineering.

Each collection presents early findings from analytical, experimental and computational investigations on an important
area within Structural Dynamics. Structural Health Monitoring is one of these areas which cover topics of interest of several
disciplines in engineering and science.

Structural Health Monitoring & Machine Learning are specific subject areas within the SEM umbrella of technical
divisions, namely the Dynamics of Civil Structures including other technical activities devoted to structural analysis, testing,
monitoring, and assessment. This volume covers a variety of topics including Bayesian Inference Methods, and Structural
Health Monitoring with Digital Twinning.

The organizers would like to thank the authors, presenters, session organizers, and session chairs for their participation
in this track.

Editor:
Brian Damiano, Oak Ridge National Laboratory, Oak Ridge, TN, USA; Babak Moaveni, Tufts University, Medford, MA,
USA; Antonio De Luca, Thornton Tomasetti, Ft. Lauderdale, FL, USA; Keith Worden, University of Sheffield, Sheffield, UK.
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Chapter 1
Theoretical Foundations and Practical Applications of
Damage Detection Using Autocovariance Functions

Jyrki Kullaa

Abstract Autocovariance functions (ACFs) can be utilized as damage-sensitive features in structural health monitoring.
They have several advantages: they include the necessary information about the dynamic characteristics of the structure for
damage detection, they are easy to estimate, they contain many data points, their accuracy can be controlled, and they are
spatiotemporally correlated. Damage detection is performed in the time domain. ACFs have the same form as a free decay
of the system for a stationary random process. A major issue of ACFs is that the free decay at a natural frequency includes
cross-terms also from other modes. Therefore, the data lie in a high-dimensional space. For spatial correlation, the required
number of sensors therefore increases considerably with an increasing number of active modes. Fortunately, the number
of sensors can be reduced if temporal correlation is also utilized. Using spatiotemporal correlation, it is possible to detect
changes in both natural frequencies and mode shapes. The objective is to pursue data redundancy, so that damage can be
detected in the noise space. A simple and useful formula is presented, relating the number of active modes, the number of
sensors, and the model order for damage detection. The conditions are also given for the design parameters limiting detection
to frequency changes only or mode shape changes only. It is also shown that the variability of the excitation characteristics
between measurements has no effect on damage detection. Numerical experiments were performed to validate the theoretical
considerations.

Keywords Autocovariance function - Spatiotemporal correlation - Damage detection - Data redundancy - Model order

Introduction

Structural health monitoring (SHM) aims at receiving an early warning about structural damage or failure. Damage detec-
tion is based on vibration data measured from the structure during normal operation. Therefore, the excitation cannot be
controlled or measured, and it may also vary between measurements. If the changes of the dynamic characteristics of the
structure are statistically significant, it is an indication of damage. Training data are first acquired under different environ-
mental or operational conditions to distinguish changes due to damage from changes due to environmental or operational
variability.

Damage detection in the time domain is an attractive alternative to parameter-based methods, because time domain data
include more data points and system identification is not needed. Covariance functions have been used in damage detection
[3—12]. In this study, autocovariance functions (ACFs) are used as damage-sensitive features. They have been shown to work
with numerical and experimental data [11].

In this paper, the applicability of ACFs for damage detection is theoretically investigated. More specifically, a relation-
ship between the number of active modes, the number of sensors, and the model order in the data analysis is explored.
Additionally, the effect of the variability of the excitation characteristics is studied (operational variability).

The objective of the proposed SHM system design is to make the measurement data redundant. Then, some variables
can be computed using the remaining variables. For a redundant system, the data space can be divided into two subspaces,
the signal space and the noise space. The signal space contains useful information of the vibration and the environmental or
operational effects. The noise space consists mostly of measurement error. This was also discussed in [12]. Once damage
appears, the new data are assumed to appear also in the noise space of the training data, which is easier to detect, because
the variance is assumably much smaller in the noise space than in the signal space. It should be noted, however, that the
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existence of the noise space does not guarantee that the data from the damaged structure enters the noise space. Therefore,
the degree of redundancy should be increased if possible so that the dimension of the noise space is greater than one.

The paper is organized as follows. The autocovariance functions are introduced in the next section, in which important
formulas are given for the SHM system design. The proposed damage detection and localization algorithm in the time
domain follows. A numerical experiment is performed to validate the theoretical consideration. Finally, concluding remarks
are given.

Autocovariance Functions for Damage Detection

If the excitation is stationary random, the autocovariance functions of the structural responses (e.g. acceleration, velocity,
displacement, strain) have the same form as a free decay of the system, which is also the foundation of operational modal
analysis (OMA) [13].

The autocovariance function of a zero-mean random process {y()} is

Ryy(1) = Ey()y(t+7)] (1

where E[-] is the expectation operator and 7 is the time lag. Using modal superposition of linear structures, the displacement
response y(¢) at time ¢ can be written as

y(t) =Y b.a.(t) 2)

where 7 is the number of active modes, ¢,. is the mode shape vector of mode r, and ¢,-(¢) is the modal coordinate of mode
r. If we denote ¢;, as the ith component of vector ¢, the autocovariance function of the displacement degree-of-freedom
(DOF) {y;(} is

Rii(7) = E | 6irtr(t) Y bists(t+7)| =D > birisE [gr(£)qs (t+7)] 3)

For a stationary random process with white noise excitation, the ACF can be derived [13, 14, 5]:

n

Ry (1) = Z [Ajsco8 (wasT) +Bissin (wgsT) | €6 )
s=1
where .
Ais = Frdirdicy, BQB ¢, (5)
r=1
and .
Bis =Y _ Grdirdicyy BQBT ¢, (6)
r=1
where _ -
o 1 _CTWT_CSWS Crw7'+Csws
Frs = 2 2 2 2 )
2mrwd7"m5wd5 _(C7'w7'+Csws) +(wdr+wds) (grwr_"Csws) +(wd7'_wds) ]
and _ _
1 r+Wds r—%ds
Grs = ~a 2 - 7+ ~a 2 d 2 ®)
2m7wd7‘m5wds _(Crwr+<sws) +(wdr+wds) (Crwr‘i’gsws) +(wdr*0~}d5) i

where m,., w,, wq,, (, are, respectively, the modal mass, the undamped natural circular frequency, the damped natural
circular frequency, and damping ratio of the mode r. Matrix B is the load distribution matrix, and Q is a diagonal matrix
where the diagonal entries are the spectral densities of the independent loads. B is assumed to be constant during a single
measurement. An example of an ACF with 300 lags is shown in Fig. 1, when the number of modes is 7.

From Equation (4), it can be seen that the ACF has the same form as a free decay of the system. However, the decay at
natural frequency wys includes also cross-terms from other modes, as seen in Equations (5) and (6). This can make damage
detection challenging, because the modal amplitudes ratios between sensors (A;s/A;; and B;,/B; ;) may be different in each
measurement.
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Fig. 1 Autocovariance function with 7 active modes

In the design of an SHM system, three parameters are important for damage detection: the number of active modes n, the
number of sensors p, and the model order m used in the data analysis. The number of active modes cannot be controlled, but
it affects the selection of the other two parameters. If the number of active modes is too large, filtering could be applied to
remove the contribution of some modes. Once 7 is known, the number of sensors can be determined. This decision influences
the hardware and maintenance costs and should be kept to a minimum. Optimal sensor placement is beyond the scope of this
study but should also be considered. If changes in both the mode shapes and frequencies must be detected, this number must
be at least equal to n. Once the first two parameters are fixed, the model order can be determined. It only affects the duration
of the data analysis and the memory usage without additional hardware costs.

The selection of design parameters is based on redundancy of the ACF data. The redundancy can be spatial, temporal, or
spatiotemporal. The results are only presented here without lengthy derivations.

Spatial correlation (m = 0) detects only changes in the mode shapes. The required number of sensors p is

p>%n(n—|— 1) 9)

For many real structures, this condition may yield too large a sensor network and high costs.
Temporal correlation (1 < p < n) detects only changes in the natural frequencies or modal damping. The model order
used in the analysis must be
m>2n (10)

Spatiotemporal correlation (p>n) can detect both changes in the frequencies, damping, and mode shapes. The model

order m must be )
2
m>" 1 (11)
p

These formulas, especially Eq. (11) can be applied to the design of an SHM system. Note that environmental influences
were not considered in the formulas. Their contribution can be taken into account by increasing the number of sensors p and
the model order m.

Damage Detection Algorithm

The damage detection algorithm is briefly introduced. More details can be found in [15]. For each data set and for each
sensor separately, the ACFs are estimated. The user has to determine the number of lags in the ACFs. The training data are
comprised of the ACFs from the undamaged structure under different environmental or operational conditions. The data are
copied and shifted m times for spatiotemporal correlation. The model order m is determined by the user with the help of
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Egs. (10) or (11). A covariance matrix of the time-shifted training data is estimated. The covariance matrix is subjected to a
whitening transformation for data normalization. When new data (ACFs) arrive, the same whitening transformation is applied
to these data. If the dynamic characteristics of the structure have changed, the new data are assumed to appear in the noise
space and thus outside the hypersphere (for Gaussian data). This can be detected by applying principal component analysis
to all data. The first principal component is now dictated by the data points outside the hypersphere. The first principal
component scores are only retained, reducing the data dimensionality to one. Extreme value statistics (EVS) distributions
[16] are identified for the scores of the training data by dividing the data into equal sized subgroups. The extreme values of
each subgroup are plotted on a control chart with control limits determined from the probability of a false alarm [17]. If the
data points of the test data are outside the control limits, an alarm is raised.

Numerical Experiment

The structure being monitored was a bridge deck with a concrete slab and steel stiffeners (Fig. 2). A detailed description of
the model can be found in [18]. The first 7 modes were active, having natural frequencies of 3.95 Hz, 5.35 Hz, 13.7 Hz, 15.4
Hz, 17.9 Hz, 24.1 Hz, and 24.8 Hz. The corresponding damping ratios were 0.01, 0.01, 0.02, 0.02, 0.03, 0.03, and 0.03.

The sampling interval was At = 0.01 s and the measurement period was almost 44 min including 2'® = 262144 samples.
A long measurement period is necessary to provide accurate ACF estimates [19].
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Fig. 2 Finite element model of the bridge deck with labeled sensor positions. Damage location is close to sensor 11

Because environmental influences were not considered in this study, the excitation was the primary cause of varying
the ACFs (operational variability). Some variability came from the measurement noise, which was also different in each
measurement. The number of independent excitations varied randomly between 1 and 3. Furthermore, the excitation points
were randomly selected from all nodes at the joints between the steel webs and flanges. The load histories were generated
in the frequency domain between 0 and 25 Hz. Each measurement had different load functions with random amplitudes
and phases at each frequency pin. In addition, it was randomly determined if a loading had zero contribution at a randomly
located 5 Hz interval. This simulated measurements in which some modes were not excited.

The FE analysis was performed in the frequency domain [20]. Measurement noise was simulated by adding Gaussian
noise to each sensor. The average signal-to-noise ratio (SNR) was 30 dB. The ACFs were estimated from the long response
time histories at lags 7 between 0 and 3 s, resulting in a length of 300 data points in each measurement (Fig. 4a).

In the data analysis for damage detection, the ACFs were concatenated to form a long data matrix (Fig. 4b). To remove
discontinuities between measurements, m data points had to be removed from each data set.

The first 100 data sets were from the undamaged structure and the next 36 data sets from the damaged structure with an
increasing crack length (Fig. 3). The number of different crack lengths was 6, and each damage level was monitored with 6
simulations. The first 70 data sets were used as training data.
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Fig.4 a) Autocovariance functions of 28 accelerometers from measurement 1. b) Autocovariance functions of 9 accelerom-
eters [2:3:28] from measurements 1 to 10

The whitening matrix was identified using the training data, but principal component analysis was applied to all data.
The first principal component scores were only retained and divided into subgroups each consisting of all data from a single
measurement. The minimum and maximum of each subgroup were used for damage detection by identifying extreme value
distributions for the training data and determining the probability of a false alarm equal to 0.001 to compute the control
limits. Finally, a control chart for the extreme values was plotted.

Damage localization was based on the projection of the first principal component on the sensor coordinates and selecting
the largest length, which was supposed to reveal the sensor closest to damage.

SHM systems for damage detection for different sensor arrays were designed. The number of active modes was assumed
known (n = 7).

In the first case, spatial correlation (m = 0) was only considered. According to Eq. (9), the number of sensors had to be
greater than 28. If all 28 accelerometers were used, the control chart in Fig. 5a resulted. Damage detection was successful
even if the number of sensors was not sufficient. This is probably because distant modes had only a small contribution to the
ACFs. Damage was localized to sensor 12 (Fig. 5b). Sensor 11 also had a high damage index. Because the crack was located
between sensors 11 and 12, damage localization was considered successful. Note that with spatial correlation, changes in

the mode shapes could only be detected.
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Fig. 5 a) EVS control chart for 28 accelerometers and spatial correlation (m = 0). Data on the left side of the leftmost
vertical line were used as the training data, and the other vertical lines indicate the six damage levels with increasing crack
lengths. Logarithmic scaling was applied to the extreme values. b) Damage localization

The second system had 14 accelerometers (sensors 2:2:28). If spatial correlation was used, damage detection failed
(Fig. 6). Using Eq. (11), the condition for the model order was m > 6. For the model order equal to m = 10, the control chart
in Fig. 7a was plotted. Damage was successfully detected with occasional false positives. Damage was incorrectly localized
to sensor 16 (Fig. 7b).

—
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Fig. 6 EVS control chart for 14 accelerometers [2:2:28] and spatial correlation (m = 0)

For the third system, hardware costs were further reduced by installing only 9 accelerometers (sensors 2:3:28). Now, the
model order in the data analysis had to be increased (m > 9.9). If the model order equal to m = 16 was used, the result was
the control chart in Fig. 8a showing successful detection, but incorrect damage localization to sensor 8 (Fig. 8b). On the
other hand, if too small a model order was used (m = 4), damage could not be detected (Fig. 9a).

The fourth system had only three accelerometers (sensors 2, 11, and 20), implying that temporal correlation was only
possible. According to Eq. 10, the model order had to be greater than 14. Using m = 20 resulted in the control chart in



Theoretical Foundations and Practical Applications of Damage Detection Using Autocovariance Functions 7

Xextreme

Fig.7

Xexlreme

—_— —_— %
)4:—
o
“

Fig. 8

Xexlreme

Fig. 9

BF T T T 02— T T T T r T T T T r T —
4 = 4
0.15+ 1
| PRy i
ZWWM\/V\/WWU | S
=]
£
of 1 g 0.1 1
@
5
-2r [
0.05t 1
-4}
6L i . . A 0
20 40 60 80 100 120 TEOOIIN DRI PP PP
Measurement Sensor number
a b

a) EVS control chart for 14 accelerometers [2:2:28] and spatiotemporal correlation (m = 10). b) Damage localization

0.4

=
o
w

AN e Wl

Damage Index
[=}
[N

L L It L 0
20 40 60 80 100 120 2 5 8§ 11 14 17 20 23 26

Measurement Sensor number

a b

a) EVS control chart for 9 accelerometers [2:3:28] and spatiotemporal correlation (rm = 16). b) Damage localization

Il
3f 1 4t
2 W % i I
2 L
1 A
[
E
0 8 ol
@
=
-1t
=2
-2 1
=3 ! -4
!
20 40 60 80 100 120 20 40 60 80 100 120
Measurement : Measurement
a b

a) EVS control chart for 9 accelerometers [2:3:28] and spatiotemporal correlation (m = 4). b) EVS control chart for

3 accelerometers [2, 11, 20] and temporal correlation (m = 20)



8 J. Kullaa

Fig. 9b with reasonable damage detection capability. Detection of natural frequency changes was only possible. Damage
was correctly localized to sensor 11 having the largest damage index (not shown).

For systems 2—4, it was observed that the theoretical minimum for the model order m was not optimal, but a slightly
larger number yielded better results. The reason was probably an increased dimensionality of the noise space, increasing the
probability of the test data to appear in that space. In addition, systems 2-3 with spatiotemporal correlation were able to
detect changes in both frequencies, damping, and mode shapes.

Damage localization was correct only when using spatial or temporal correlation. With spatiotemporal correlation, lo-
calization failed. On the other hand, the sensor closest to damage also had a high damage index in all cases.

Conclusion

Autocovariance functions are promising damage-sensitive features in the time domain. Their usage was theoretically and nu-
merically explored. Practical formulas for the design parameters were given for the design of an SHM system. If the number
of active modes is known, the minimum number of sensors can be computed. Once the number of sensors is determined, the
required model order used in the data analysis can be computed.

The main conclusions are:

1. To detect both frequency and mode shape changes, the number of sensors must be at least equal to the number of
active modes. The required model order can then be computed. This spatiotemporal correlation model is suggested for
most cases.

2. If the number of sensors is less than the number of modes, only changes in frequencies and damping can be detected
but not changes in mode shapes.

3. For spatial correlation, changes of mode shapes can only be detected. A large number of sensors is necessary, which
is impractical in many cases.

4. In spatiotemporal correlation analyses, a slightly greater model order than the required minimum was found to yield
optimal results.

5. The excitation variability has no effect on damage detection, provided the process is stationary random and the design
parameters fulfil the given conditions.

6. The proposed method yielded incorrect damage localization in some cases, but a large damage index resulted also for
the sensor closest to damage.
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Chapter 2
On the Real Time Tightness Measurement of Complex Shaped
Flanges

Wolfgang Witteveen, Simon Desch, and Lukas Koller

Abstract The tightness of a flange is a time-varying variable and depends on the current state of the structure. For obvious
reasons, this could be a critical and important information. It would be desirable to get such information in real-time.

In this extended abstract, an example of a flange with 12 bores is used to give a numerical proof that this may be possible
in principle. With the help of special trial vectors for a small sliding contact area, so-called contact modes, the tightness state
of a joint can be reconstructed based on strain measurements. This is possible within a fraction of a second. This offers the
possibility for corrective actions when a critical condition regarding tightness is detected.

Keywords Flange tightness - State monitoring - Virtual sensor

Introduction

Loads and vibrations cause deformations in the contact area of flanges and these deformations obviously affect the tightness.
In the worst case, the tightness is no longer guaranteed and the system leaks. The possibility of monitoring leak tightness
of flanges in real-time can therefore be a significant improvement to such systems. Through numerical simulation and
experimental studies, it is well documented in the literature that the gap and pressure distribution in a contact area are
complex functions of the state, see for example [1] and [2]. The existing options for assessing tightness are only moderately
suitable for dynamically loaded structures. Static pressure films can be clamped between the contacting surfaces. After the
pressure has been applied, the bolts must be loosened again, the film is removed, and the color change is evaluated because it
is a measure of the pressure. These films are suitable for assessing the tightness according to the pre-tensioned bolt, but not
for permanent monitoring. In [2], a foil is used that must be clamped between the contact surfaces. The sensor is based on
a material whose electrical properties are pressure dependent. The foil is divided into cells and the contact pressure can be
determined for each individual cell. This technology seems suitable in principle for contact and leak monitoring, but there
are some disadvantages: (1) Since the foil must be clamped, the behavior of the joint changes. (2) It is questionable how
pressure and heat resistant the foil is - important questions for practical use. (3) Another question is whether such films can
be used for very large flanges, such as those required for pipes with a diameter of 1m and more.

In this project it was numerically investigated whether it might be possible to compute the gap distribution with a few
strains outside the flange contact area. The magnitude of the strains must be within a measurable range and the result must
not be too sensitive to noise.

This extended abstract is organized as follows: The first section gives an idea about the theory which is applied in the
following section to a flange contact with 12 bores. The results are investigated with respect to the strain magnitudes and its
sensitivity with respect to noise. The full paper can be found in [3].
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Brief Outline of the Theory

Only the idea of the theory is outlined below. The detailed derivation can be found in [3]. It is assumed that a usable FE
model of the structure including the flange area is available. With the use of proper trial vectors (commonly called “modes”),
the normal displacement (= gap) between the two contact surfaces can be computed in the form of

g=24q ey

where the (C x 1) vector g holds the normal distance of all node-to-node contact pairs which form the contact area. The
(C x Q) matrix @, holds in its columns the portion of the modes which belong to the gap area and the (Q x 1) vector q
holds the scaling factors (commonly called “modal coordinates”) of the modes. It is obvious that the mode base must be
able to capture global structural deformations like vibrations and very local ones like the deformations in the contact area.
This can be ensured by extending proven mode bases with so-called contact modes. This allows both types of deformation
to be represented with sufficient accuracy. For more information on contact modes, the interested reader is referred to [4].
Regarding linear strains, the relation

€= q)eq (2)

also apply where the (E x 1) vector € holds all potential strain measurements at E positions on the structure. The (E x Q)
matrix ®. maps the modal coordinates to the strains. By the use of the pseudo inverse equation (2) can be rearranged and
plugged into (1) so that

g=0Ge (3)

with the (C x E) matrix
G=9,0"1 “4)

is obtained. Relation (3) is not useful because it holds all potential strain gauges which is far too much for practical use.
Training data is used to reduce the number of strain gauges. We assume that, for example through simulation, 7 training data
€1 to er are available. They are arranged column by column in the (E x T) matrix Er. In a next step Proper Orthogonal
Decomposition (POD, see exemplarily [5]) is used to extract a § dimensional subspace which optimally approximates all 7’
training data in an Euclidian sense. The S vectors which span the subspace are arranged column wise in a (£ x ) matrix
Egs. Now the Discrete Empirical Interpolation Method (DEIM, see exemplarily [6]) can be used for a somehow optimal
extraction of § sensor positions out of E potential ones. The application of DEIM to Eg gives a (S x E) matrix B and a
(E x S) matrix Ep with the properties

ep=B"¢ Q)

and
EZEDED. (6)

Note, that in relation (5) the (S x E) vector € p holds a S dimensional subset of the entries in €. Consequently, BT selects
the actual used sensors out of all potential ones. The matrix Ep in relation (6) is used to computed all potential strains on
the base of the selected subset stored in € . When (6) is plugged into (3) the final relation

g=Gpep @)

with the time invariant (C x S) matrix
Gp =GEp (3)

is obtained. Relation (7) can be used to compute the gap distribution g based on the strain measurements in €p.

Numerical Example

The proposed method is tested on a purely numerical example. The aim is to give a kind of numerical prove that the
deformation state of a joint, and thus the tightness, can be determined using just a few strain gauge measurements. As shown
in Fig. 1, two pipes are connected with a flange. The dimensions and all other relevant parameters can be found in [3]. The
two flange rings are connected via 12 bores (M20 screws). The entire structure is rigidly mounted on one side and 3 forces
are applied on the other side (F,, F, and F,) The FE model consists of 131040 linear hexahedron elements and 179162
nodes. The contact surfaces of the flange are congruently meshed with 7944 (= C) node pairs. The contact pressures and the
friction forces are computed by nonlinear penalty laws which can be found [3].
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Fig. 1 Pipe structure with flange

Fig. 2 shows the positions of all potential strain measurements. The labeling of each position with two directions is
intended to indicate that the strains in these two directions can be measured. The bolts are also fitted with a strain gauge so
that the bolt strain can be measured in the longitudinal direction. In sum, this are 156 (= E) potential sensor positions.

The potential of the presented method is numerically tested based on non-linear computations which serve as reference
solutions. The results of these non-linear computations are the normal distances in the contact area (= gap) as well as the
strains at the sensor positions. Based on these strains, the gap in the joint is then reconstructed using the proposed method
and then compared with the actual gap from the reference computation. The details of the nonlinear computation can be
found in [3]. For the sake of testing 120 load cases are constructed using random numbers for the forces F, F, and F,. A
constant bolt load is acting in all cases. For the construction of Er, 600 training load cases have been created via the same
procedure. For more details on the test and training sets, see [3].

Fig. 2 Potential strain measurement locations
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Results

The application of the former procedure leads to the selection of 10 strain measurements which are depicted in Fig. 3. Two
of them are strain gauges in the bolts and 8 more on both flange rings measuring the strains in tangential direction.

The result of all 120 test cases is of satisfying accuracy. The test case with the worst approximation is given in Fig. 4. The
red color indicates areas of critical gapping. The reconstructed gap distribution is quite similar as the reference. In summary
it can be stated that the gap distribution can be reconstructed based on a few (= 10) strain measurements.

-
. ~ ’
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‘-,.‘. " .
i . - &
z X x z
1
’
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Fig. 3 Selected strain measurements

Fig. 4 Strain based gap (right) vs. reference computation (left). The red color indicates a critical opening in the contact
area
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Comments on the Measurability of the Strains

An important criterion for feasibility is the magnitude of the strains that occur. Very small strains do not lead to any problems
in the simulation but are not measurable with real sensors. A look on the strain data reveals that in case of critical loads (like
Fig. 4), the strains are in a good measurable range. This is not necessarily the case for low loads, but the flange is then not in
a critical state.

Comments on the Sensitivity to Noisy Data

To get a first impression of the sensitivity to noise, the strains were artificially polluted by random numbers. It turns out that
test sets with critical loads react very robustly to noise.

Comments on the Real-Time Capability

Real-time capability requires that in an actual realization, the transformation of the strain measurements into the gap distri-
bution by the matrix-vector multiplication (7) is faster than the sampling time of the data acquisition system. Corresponding
investigations have shown that this takes less than one millisecond with 10 sensors and almost 8000 entries in the gap
vector g.

Conclusion

The numerical investigation presented suggests that the gap distribution inside a flange contact can be reconstructed via a
model based virtual sensor with few strain measurements. This could be used to assess the tightness, for example. It turns out
that the result has a certain robustness against noise and the strains are in a range that is good to measure, at least for critical
load situations. The arithmetic operation that converts the strains into the gap distribution takes less than a millisecond.

The reconstruction of the gap distribution presented here is actually a kind of worst case in terms of effort. Simpler
questions such as ‘Is the gap uncritical or not?” would probably be more relevant. It is conceivable, for example, to train a
neural network for this question without reconstructing the entire gap distribution.
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Chapter 3
Parameter Rejection in Sensitivity-based Model Updating
using Output Feedback Eigenstructure Assignment

Martin D. Ulriksen and Dionisio Bernal

Abstract Model updating involves a parameter estimation problem, in which a set of model parameters is adjusted to min-
imize the discrepancy between identified system features and the associated model predictions. To promote uniqueness in
the estimation problem, the number of included parameters must be no larger than the number of features. This often results
in the model updating being cast with a (proper) subset of the uncertain parameters, whereby the errors induced by treating
the omitted parameters at their nominal values are accepted. In this paper, we review a scheme that attempts to mitigate the
noted issue by minimizing the sensitivity of the parameter estimation to fluctuations of the omitted parameters around their
nominal values. Control over the sensitivities is realized by adjusting output feedback gains in a closed-loop setting, which,
given that the operation is offline, can be implemented through processing of open-loop input-output data. The scheme is
tested in the context of a numerical example with a truss system.

Keywords Model updating - parameter estimation - parameter rejection - output feedback - eigenstructure assignment

Introduction

The parameter estimation in model updating constitutes a minimization problem, wherein the objective function is some
measure of the discrepancy between identified system features and the corresponding model predictions. A common setting,
which is also chosen in this study, is to let modal data comprise the features and to let the updating parameters relate to
the system’s mass and/or stiffness [1]. In the widely used sensitivity method, which is the one of interest here, the updating
parameters are adjusted by iteratively solving a Taylor linearization [2]. The parameter estimation problem in each iteration
proves ill-posed when the number of updating parameters exceeds the number of identifiable system features, which is often
encountered in vibration analysis [2].

The standard procedure for mitigating the noted posedness issue in the sensitivity method is to treat some of the uncer-
tain parameters at their nominal values and omit them from the updating. Yet, such deselection may distort the parameter
estimation, so, somewhat inspired by the work on disturbance rejection in control engineering [3], we propose a parameter
rejection scheme that can be directly included in the sensitivity method to (theoretically) nullify the effect of the discarded
parameters. To be specific, the proposed scheme concerns design and use of closed-loop features that allow for discarding
some uncertain parameters from the model updating while still rejecting their influence in the parameter estimation. This
parameter rejection is attained by rendering the closed-loop features invariant to the discarded parameters by use of output
feedback eigenstructure assignment [4]. The proposed scheme also allows for designing multiple closed-loop systems to
increase the number of features, but since this part has already been covered in details in the literature [5], we will focus on
the parameter rejection.

In most vibration applications, it suffices to cast the model updating in an offline setting instead of operating online in real
time. Consequently, the output feedback that enables the eigenstructure assignment for parameter rejection can be realized
virtually through processing of measured open-loop input-output data [6]. This virtual implementation, which is formulated
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under the assumption that the considered system is linear and time-invariant (LTI) during the open-loop data collection,
has several noteworthy merits. Two immediate ones are that it eliminates the practical overhead associated with utilizing
physical controllers [7], and that it allows for computing several closed-loop systems—and hereby eigenstructures—based
on a single open-loop input-output data realization.

Background Theory and Problem Statement

We consider a physical system S with known inputs «(t) € R" and outputs y(¢) € R™. The physics-based model represen-
tation of system S is an LTI state-space formulation of order n € 2N, namely,

A(t) = Az(t) + Bu(t), (1a)
y(t) = C=z(1), (1b)

with the state vector z(¢) € R™ and the matrices A € R"*", B € R™*", and C € R™*"™. We note that model (1) is
formulated under the assumption that the direct transmission is zero or already subtracted from the outputs in (1b), which is
chosen, without any loss of generality, to simplify the developments later in the paper.

Now, let the model parameters to be updated be § € © C RP, which, with respect to (1), implies that A = A(#) € R™*",
B = B(f) € R"*", and C' = C(#) € R™*". These matrices follow as

_ 0 I _ 0 _ B 1 B 1

A= MK _MID:| ) B = |:M1B2:| ) C= [Cd CdM K Cv CdM D} 5 2
with the mass, damping, and stiffness matrices M = M (0), D = D(#), K = K(0) € R2* %, the input-distribution matrix
By € R3%7 and the output-selection matrices Cy, C,, C, € R™* 3 for displacement (d), velocity (v), and acceleration (a)
outputs.

Assumption 1 For all 6 € ©, model (1) is observable and controllable with M = M T w0 D =D" = 0, and
K=KT>0o.

With the chosen model parametrization, we assume that system S is in the unknown configuration 6, € ©. The aim is to
estimate 6, by minimizing the discrepancy between the system features and the model predictions and then adjust model (1)
accordingly. Let fs € C? be the identified system features and f () € C? the corresponding model predictions, then

0, ~ 6, = argmin H(0), 3)
0O
where H is the objective function that expresses the selected discrepancy measure. Minimization problem (3) is generally
nonlinear and is, by means of the sensitivity method, solved iteratively through the Taylor linearization

fs = o) = To, (Ors1 — Ok). 4)

Here, we have introduced the counter k£ € N along with the Jacobian matrix Jy, € C?*P, which is evaluated at 65, € © using
model (1). Formulation (4), which is initialized at k = 0 with a known 6, constitutes an inverse problem for the unknown
parameter vector 0y 1. It is solved in an £2-norm sense, whereby it is assumed that rank (7, ) = p. A necessary condition for
satisfying rank(7p, ) = p is obviously that ¢ > p, and since we choose to use the imaginary part of an eigenvalue subset as
features, p is bounded from above by the number of identifiable eigenvalues of system S. Some parameters that are actually
unknown and uncertain must typically be discarded in the updating to satisfy ¢ > p. Let these parameters be gathered in
p € R”, then we seek to pose (4) such that the influence of 1 is rejected without including j explicitly in (4).

Eigenstructure Assignment for Parameter Rejection

The influence of p is rejected in the estimation of 6§ after (4) if the features in f are invariant to changes in u. Let us return to
model (1) under Assumption 1 and extend it with some fictive inputs, 7(t), that are spatially distributed like u(¢) and comply
with the static output feedback law

~(t) = Gy(b). ®)
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Here, G € C"™*™ is a gain matrix, which can be complex-valued since the feedback is realized virtually. By adding the
fictive inputs to model (1), we attain the resulting virtual closed-loop model

2(t) = Wz(t) + Bu(t), (62)
y(t) = Ca(t), (6b)
with the closed-loop state matrix
W =W(0) & A+ BGC e C"*™. (7
The eigendecomposition of the closed-loop state matrix is written as W = WA®, with the jth right eigenvector
y; € C", the jth left eigenvector ¢; € C'*", and the jth eigenvalue \; € C for j = 1, ..., n. It thus follows that
¢j (A+ BGC — X\;I) = 0, which can be written in the partitioned form
oF
[AT =NT 0 CT] Lﬂ,] =0, @®)
J

where we, for notational convenience, have introduced ~; 2G™B TqﬁjT € C™. With respect to (8), it is opportune to note

that Assumption 1 yields null[AT —X\;I CT] C Crtm)xm where null denotes (right) null space. As previously outlined,
the scope of the eigenstructure assignment is to render some of the closed-loop eigenvalues, \;, invariant to changes in .
Lemma 1 provides some basic insight to address this scope.

Lemma 1 Let A(W) be the eigenspectrum of W, let W be a perturbation of W, and let (S\j, (%) be a left eigenpair of
W + 6W. Then, Aj € \(W) lf¢;r € null(6WT).

Now, let §WW,, and §Wy denote the perturbations of W induced by the perturbations J and 6, respectively. We then seek
to design closed-loop model (6) such that ¢jT € null((SVV#T ) for some j. To this end, we return to (8) under Assumption 1
and let a basis for null[AT — \;7  C7]be Z; = [X7 V|7, with X; € C"*™ and Y; € C™*™. Hereby,

¢; = Xjay, )
where o; € C™. If gb;»r € null(cWVNT), then pre-multiplying (9) by (WVJ yields
W, Xja; =0, (10)

so a sufficient condition for the existence of an «; that satisfies relation (10) is rank(6W,) < m. Let 6A4,,, dB,,, and 6C,,
be the perturbations of A, B, and C induced by dp. Then, W,, = 64, + (B + 6B, )G(C + 6C,) — BGC, which, when
plugged into (10), results in

(5AI +(C+6C,)TGT(B+6B,)T — CTGTBT>¢jT =0. (11)

By introducing 7; £ G (B + JBM)Tqﬁ; and assuming that rank (6W,,) < m, we can combine (8) and (11) to attain the
augmented system of homogeneous equations

.
AT — N1 CT 0 ‘i’i 0 1
5T —cT cT4ecT| |1 =0 (12

which is the eigenstructure assignment formulation for parameter rejection. As (12) implies, the spatial distribution but not
the magnitude of du enters the formulation if the magnitude parameterization in p is linear.
We consider g closed-loop eigenvalues and their associated left eigenvectors and order them as (/\j, (;Sj) forj=1,...,9.

To this end, let Q £ BT (o] ... qﬁm € Cr*9andl & [71 ... 79| € C™*9, then we attain the identity
Q'G=T1", (13)

which is an inverse problem for the unknown G. In the overdetermined case of g > r, formulation (13) will, as demonstrated
in [5], typically be inconsistent, hence we confine the discussion to g = r.

Theorem 1 Assume that €2 in (13) has full rank with g = r. Then, r eigenvalues of closed-loop model (6) can be assigned
invariant to §W,, for rank(6W,,) < m.
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Implementation of the Scheme

The model updating is formulated with features that are composed of the imaginary parts of ¢ closed-loop eigenvalues
assigned using (12). According to theorem 1, r eigenvalues of closed-loop model (6) can be assigned invariant to dy if
rank(6W,,) < m, but we often encounter p > r, where it is recalled that p is the number of parameters in 6. In such cases,
we must therefore design multiple closed-loop models to satisfy g > p.

Let d be the number of closed-loop models, which must be selected such that it satisfies ¢ > p. Forl =1, ..., d, the gain
matrix G is designed using the physics-based model in parameter configuration ), and with the magnitudes in §; being

user-defined. Hereby, (7) yields the closed-loop state matrix W), with the assigned eigenvalues /\y) and left eigenvectors

¢§l) for j = 1, ..., r. The imaginary parts of the assigned eigenvalues for all d realizations, which amount to ¢ = dr, are
gathered to constitute the model-based feature vector, faq(g,,)-

For the physical system, S, which is in parameter configuration 6., the state matrix estimate Ag, the input matrix estimate
Bgs, and the output matrix estimate C's are inferred from system identification. Subsequently, the matrix triplet is used to

form the experimental closed-loop state matrix estimate
WY = As+ BsGUCs (14)

for each of the d gain matrices. The experimental feature vector, fs, is populated with the imaginary parts of the eigenvalues
of the ¢ closed-loop eigenmodes that correspond to the model-based ones.

The proposed model updating scheme, which follows formulation (4), is terminated when/if convergence is attained
according to the simple criterion

; (15)

where ¢ is a user-defined threshold, which must satisfy 0 < e; < max |fs — faq(6,)|- It is opportune to note that the gain
design must be conducted in each iteration to satisfy the invariance property in the features.

ef > max|fs — faon)

Numerical Example

We consider the two-dimensional finite-element truss system depicted in Fig. 1, with known inputs at both degrees of
freedom (DOF) in node 8 and known displacement outputs at both DOF in nodes 4, 9, and 11. We let 6 be composed of
mass perturbations in nodes 2, 4, and 6 and let i be the spring stiffnesses k; and k5. The term nominal model refers to
the updating model and fruth model to the model replacing the physical system, S. In the nominal model, the bars have a
cross-sectional area of 10~* m?, a modulus of elasticity of 200 GPa, and a mass density of 8, 000 kg/m?®, so the mass of the
truss is approximately 300 kg. The nominal model is classically damped with 2 % damping in each eigenmode, and both
springs have the stiffness 100 kN/m. The mass matrix of the truth model is taken as the mass matrix of the nominal model
with the addition of mass perturbations of 5 kg in node 2, 8 kg in node 4, and 3 kg in node 6. The springs in the truth model
have the stiffnesses k; = 70 kN/m and ko = 150 kN/m, and the moduli of elasticity in the truth model are assigned random

ot~
ol
ENS.
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Fig. 1 Finite-element truss system with node and element numbering
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perturbations that allow for +1 % deviation with respect to the nominal value. The truth model has the same damping matrix
as the nominal model.

The truth model is simulated in a Monte Carlo setting with 500 realizations, where the inputs excite the first four eigen-
modes of the model, which have the damped eigenfrequencies {10.34,17.47,19.50, 24.29} Hz. The inputs and outputs are
temporally discretized with a sampling frequency of 200 Hz for 100, 000 samples and subsequently contaminated with 5 %
additive white Gaussian noise. The open-loop estimates As, Bs, and Cs are inferred via a data-driven subspace identifica-
tion algorithm [8] with a model order of 20. The identified matrices are subsequently modally truncated to contain only the
first four eigenmodes and their complex conjugates.

The setting = 2 and m = 6 allows for designing gain matrices that each assigns two eigenvalues invariant to a
perturbation of rank 5 or less, and we note that rank(6,,) = 2. With three unknown parameters to be estimated and four
open-loop eigenmodes that are identifiable, we choose to operate with two different gain matrices and assign two eigenvalues
with each of them. The first gain matrix assigns the first and second closed-loop eigenvalues at 0.95 times the first and
second open-loop eigenvalues of the nominal model, while the second gain matrix assigns the third and fourth closed-loop
eigenvalues at 0.95 times the third and fourth open-loop eigenvalues of the nominal model.

The parameter estimation is initialized with 8y = [O 0 0] T, and we recall that the true configuration is 6, = [5 8 3] T
Fig. 2 depicts the Monte Carlo simulation-based probability density functions (PDFs) attained for the parameter estimates
6, with and without parameter rejection. Evidently, the rejection of p improves the estimation accuracy, with the means of
éS}) R éf) ,and éf’) deviating, respectively, 0.2 %, 0.63 %, and 2.33 % from the true values. The corresponding errors without
the parameter rejection are 18 %, 9 %, and 36.67 %. It can also be seen that the parameter rejection reduces the estimation
precision, which is expected since the scheme without rejection employs only As (and the associated errors) from the truth
model.
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Fig. 2 PDFs for the parameter estimates éﬁ”, éﬁ?)

(b) without parameter rejection (where HAS) and 955” are equal).

, and 913) based on 500 realizations; (a) with parameter rejection and

Closing Remarks

The paper reviews a scheme that facilitates parameter rejection in sensitivity-based updating of LTI models by means of
eigenstructure assignment. The premise of the scheme is to conduct the updating with closed-loop eigenvalue features that are
assigned theoretically invariant to the parameters to be rejected. The invariance formulation calls for the spatial distribution of
the parameters in question but not the associated magnitudes. Each gain allows for rendering r eigenvalue features invariant
to parameters that induce perturbations in the resulting closed-loop state matrix of rank m — 1 or less, where r and m are the
number of inputs and the number of outputs. Compared to sensitivity-based model updating without parameter rejection, the
proposed scheme comes with the price of added computational complexity due to the required eigenstructure assignment.
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Chapter 4
Structural Health Monitoring of a Ferry Quay: Instrumenta-
tion and Impact of Tidal Levels on Modal Parameters

Luigi Sibille, Torodd Skjerve Nord, Ba Tung Le, Bartosz Siedziako, and Alice Cicirello

Abstract This study investigates the influence of environmental factors on the modal parameters of linkspans, one of the
two main structures of ferry quays, focusing specifically on tidal level variations. The Structural Health Monitoring (SHM)
system implemented on the Magerholm ferry quay, part of a collaboration between Mgre og Romsdal County and the Nor-
wegian University of Science and Technology (NTNU), was used to collect acceleration responses over a six-month period.
An Automated Operational Modal Analysis (AOMA) algorithm was performed to identify the modal parameters of the
structure considering a 20 second window for each day of the monitoring campaign. Tidal levels were monitored indepen-
dently, and for each day, a strong correlation between tidal levels and the identified first natural frequency of the linkspan
was distinguished. To explicitly quantify and remove the majority of the tidal level effects, a well-established Blind Source
Separation (BSS) technique, the so-called Principal Component Analysis (PCA) was carried out directly on the first natural
frequency and tidal levels. Despite the fact that the assumptions of the AOMA were violated due to the non-white noise
conditions caused by tidal levels and operational loads, this preliminary investigation demonstrates, for the first time, the
strong correlation between tidal level fluctuations and modal parameters of linkspans.

Keywords Marine Structures - Ferry Quay - Structural Health Monitoring - Automated Operational Modal Analysis - Envi-
ronmental effects

Introduction

Ferry quays operate in challenging environments that significantly influence their structural integrity and longevity. Sub-
jected to harsh weather conditions, including strong winds, heavy rainfall, and fluctuating temperatures, these structures
face continuous exposure to harsh conditions that accelerate wear and degradation [1, 2]. The marine environment poses
additional challenges, with saltwater exposure leading to the corrosion of steel components and the deterioration of con-
crete. Furthermore, operational factors, such as the repeated impacts from ferries and the vibrations caused by vehicle traffic,
increase the mechanical stresses experienced by these quays [3].

Despite being designed for a service life of approximately 50 years, many ferry quays experience deterioration earlier
than expected, necessitating more frequent repairs or even premature replacement. Inspections, such as the annual and
five-year protocols established by the Norwegian Public Roads Administration (NPRA), aim to monitor the condition of
these structures [4]. However, these inspections are often insufficient to detect all potential issues, as structural damage can
go unnoticed until the next scheduled inspection, increasing the risk of costly repairs or even structural failure. Structural
Health Monitoring (SHM) systems can complement these inspection protocols by providing continuous, real-time data on
the structural condition of ferry quays. SHM techniques enable asset owners to monitor changes in structural parameters,
providing valuable information for maintenance planning and decision-making [5].

The influence of environmental conditions, such as tidal level variations, plays a significant role in the structural behavior
of ferry quays and, consequently, in the application of SHM techniques [6]. Tidal levels affect the dynamic characteristics,
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including their modal parameters, such as natural frequencies and mode shapes. These modal parameters are essential in-
dicators of a structure’s health and are often used to detect changes in stiffness, mass distribution, or boundary conditions
[7, 8]. Therefore, the assessment of the health of the structure requires filtering out environmental effects, particularly if they
are expected to have a significant influence [9]. SHM techniques should consider these environmental influences [10] and
apply appropriate filtering to ensure that variations in modal parameters reflect the structural condition rather than external
environmental factors. However, the methodologies employed for system identification and environmental effect filtering
must respect certain conditions. If modal parameters are found to be dependent on environmental effects, such as the peri-
odic nature of tidal variations, or operational loads, such as the adjusting position maneuvers of linkspans of ferry quays, the
assumptions for performing common System Identification (SI) algorithms, such as the Stochastic Subspace Identification
(SSI) method, may no longer be valid. In such cases, it is better to use SI algorithms that do not require respecting the white
noise condition, allowing for a more accurate identification of modal parameters.

To explore this challenge, the Magerholm ferry quay was instrumented with an SHM system in 2023, transforming it
into the Magerholm Research Quay (MQR). The monitoring system, implemented in collaboration with Mgre og Romsdal
County and the Norwegian University of Science and Technology (NTNU), consists of 22 accelerometers, 2 GPS antennas
for synchronization, and 1 thermometer for evaluating thermal effects. The system aims to provide insights into how ferry
quays are influenced by EOVs and tools for hazard alarming and damage detection.

This paper is a preliminary study that aims to evaluate the correlation between tidal levels and the modal parameters,
particularly the first natural frequency, of linkspans for the first time. It gives an overview of the monitoring system that has
been set up at the Magerholm Research Quay. It describes its design, sensor layout, and data acquisition system. Addition-
ally, it presents a detailed analysis of time histories of the acceleration responses recorded on the linkspan. An Automated
Operational Modal Analysis (AOMA) algorithm based on the SSI method was applied to 20-second-long recordings col-
lected daily over a six-month period. Next, the correlation between tidal levels and the first identified natural frequency of the
structure was investigated by performing Least Squares Regression. Additionally, Principal Component Analysis (PCA) was
performed to explore the temporal fluctuations of the principal components and separate the tidal effects from the natural
frequency.

The Magerholm Research Quay

The MRQ is a collaborative project between Mgre og Romsdal County and NTNU. The project aims to use real-time data
collected from the structure to investigate quays’ structural behavior and optimize maintenance practices. Situated along
Route 60, the Magerholm ferry quay serves as a critical link between Magerholm and Sykkylven. This quay transports
around 950,000 vehicles annually, making it the fifth most utilized quay in Norway for vehicle traffic. The quay, along with
its main components, is illustrated in Fig 1.

The quay consists of two primary structures: a reinforced concrete pier and a steel linkspan. Originally constructed in
1997, it underwent a major renovation in 2015 to handle larger ferries, including a 25-meter extension of the concrete pier
and modifications to the linkspan.

The pier now spans 110 meters and is supported by end-bearing circular steel piles filled with C45 concrete, used for both
the deck and the piles. Thirteen fenders are distributed across the quay to absorb ferry-induced impacts. In response to the
upgrade to electric ferries, a charging station has been installed on the pier. A vacuum anchoring system provides stability,
minimizing sway during loading and unloading operations. The steel linkspan, measuring approximately 15 meters in length
and 9 meters in width, facilitates vehicle and passenger transfers. It incorporates longitudinal beams made from S355 steel
and cross beams of S235 steel, with a front beam made of Hardox400 steel to resist the powerful ferry impacts. The linkspan
is supported vertically by a concrete abutment and two lifting towers. The lifting towers, operated by a ferry operator, adjust
the linkspan’s position to account for water-level changes such as tides and waves. Four conical fenders, positioned between
the linkspan and the concrete foundation, absorb longitudinal movements in the surge direction.

The monitoring system comprises 22 accelerometers, 2 GPS antennas, and 1 thermometer. The SHM system is illustrated
in Fig 2. On the pier, 5 submersible uni-axial (Dytran 3211B2) sensors, 3 uni-axial (DY3055D3) sensors, and 4 tri-axial
(DY3233A) sensors from Dytran, with sensitivities of 100 mV/g, 500 mV/g, and 1000 mV/g, respectively, are installed.
Additionally, 10 submersible uni-axial (Dytran 3211B2) sensors are positioned on the linkspan, where they are exposed to
waves during high tide and are partially submerged during storm surges.

The sensors on the pier are labelled with ”P”, while those on the linkspan are labelled with ”L”. Uni-axial sensors
are identified by T for transversal (sway direction), "L” for longitudinal (surge), and ”V” for vertical (heave) orienta-
tions, while tri-axial sensors are marked with ”A” as the final letter. All the sensors deployed are Integrated Electronic
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Fig. 2 Position of sensors on the Magerholm Research Quay

Piezo-Electric (IEPE) using AC coupling. The sampling frequency is adjustable up to 2560 Hz, and is typically set at 512 Hz
for efficient data processing and storage. A scheme of the monitoring system is depicted in Fig 3. The sensors are connected
to data logger units through waterproof wires, while a MAX BR1 LTE router ensures seamless 4G+ data transfer to a server.
The data acquisition system is controlled by a cRIO 9035, integrating sound and vibration, GPS, and temperature modules.
Synchronization with the server occurs twice per hour, with local storage on two 4TB hard drives for redundancy. The data
logger units are programmed to be controlled via the Internet.
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Analysis of the Time Histories

In what follows, while both the concrete pier and linkspan have been described to provide a more comprehensive under-
standing of the sensor instrumentation, this paper focuses exclusively on the data recorded from sensors positioned on the
linkspan. Of the 10 sensors installed on the linkspan, only 4 are utilized in this study, as the remaining sensors were damaged
during the storm “Ingunn” in February 2024, which led to the collapse of the linkspan. Specifically, data from sensors L5V,
L6V, L7V, and L8V (refer to Fig 2b) collected over a six-month period from March to August 2024, are analyzed. The
selected accelerometers recorded accelerations only in the vertical direction. To illustrate typical daily time histories, accel-
erations recorded over a 24-hour period, starting at midnight, from accelerometer L5V are presented in Fig 4. Acceleration
peaks generally correspond to ferry impacts on the linkspan. The variation in acceleration response across different impacts
highlights the influence of operational and environmental factors on the dynamic of the quay. The duration of the docked
state varies, ranging from 8 minutes during peak hours to up to 2 hours at night. On the depicted day in Fig 4, a total of 55
impacts are identifiable from the time history, aligning with the ferry schedule [11].

Figure 5 illustrates the acceleration response during a complete ferry docking event. Initially, small variations in accel-
eration are observed as the linkspan aligns to ensure that the impact occurs at a precise location on the ferry. The clearance
of the ferry changes based on the tidal level, requiring the linkspan to be aligned before each impact. This is followed by the
ferry impact, marked by a significant spike in acceleration as the ferry contacts the quay, representing the peak forces during
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Fig. 4 Time history recorded over 24 hours from midnight from sensor L5V
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Fig. 5 Time history and main events of one docking recorded from sensor L5V

the event. After the impact, moderate vibrations are recorded as vehicles disembark and board the ferry. Finally, smaller
fluctuations in acceleration are observed as the ferry undocks, indicating the departure of the ferry and the structure’s return
to its resting state.

Tital Level Variations and Modal Analysis

The tide fluctuations are obtained by the Norwegian Mapping Authority. Figure 6a shows the tidal level fluctuations over 6
months of data. The reference point O corresponds to the Chart Datum or Lowest Astronomical Tide levels. One measurement
is taken per day at 10 a.m. Notably, the tides result in continuous fluctuations driven by lunar cycles and climatic factors.
The tidal levels capture both short-term daily tidal fluctuations and long-term season variations. Local environmental factors,
such as wind, atmospheric pressure, and coastal geography, can also contribute to deviations from the regular tidal cycle.

A previous operational modal analysis of the Magerholm ferry quay was conducted using a covariance-driven SSI al-
gorithm by Ba Tung et al. [12]. This modal analysis was validated against a Finite Element Model (FEM) of the structure,
which shows that the first bending mode has a natural frequency of 2.48 Hz. However, for the sake of conciseness, the mode
shapes identified in Ba Tung’s analysis, as well as those calculated by the FEM model are not reported in this paper. In
our study, an AOMA method, based on the covariance-driven SSI algorithm, was applied, with the Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) algorithm automatically filtering and selecting stable poles in the stabi-
lization diagram. The AOMA was performed on time histories recorded at approximately 10 a.m. each day over a 6-month
period to automatically identify the modal parameters of the linkspan. This AOMA method has demonstrated its robust
performance across various applications, including a reinforced concrete (RC) road bridge [13], a long suspension bridge
[14], and a helicopter blade [15]. The time window used for modal analysis corresponded to the 20-second period before the
ferry impact, during the adjustment phase of the linkspan. This period was selected because the level of ambient excitation
in other time windows was insufficient for reliable modal identification. The SSI was performed with a band-pass filter set
between 0.5 and 20 Hz. The lower cutoff frequency of 0.5 Hz corresponded to the low-frequency limit of the sensors, while
frequencies above 20 Hz were excluded as they were beyond the range of interest for the modal analysis. The number of
orders in the SSI varied from 10 to 130, and the number of block rows was set to 100. Additionally, the modal analysis
was conducted using only four accelerometers positioned relatively close to one another. This limited spatial coverage made
it challenging to consistently identify many modes of the structure. It is important to note that the SSI was applied dur-
ing the adjustment of the linkspan, a period when multiple operational loads, such as short-duration forces exerted from
the lifting towers, were applied. This means that the white noise assumption was not fully respected. Despite this, the ap-
proach was still sufficient to investigate the fluctuation of the tidal level. However, in order to properly identify the modal
properties of the structure, more suitable system identification algorithms should be considered to handle non-white noise
conditions.
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Fig. 6 Six months of data recorded once a day at approximately 10 a.m.: (a) Tidal level; (b) First identified natural fre-
quency; (c) Normalized data: tidal level (red) and first identified natural frequency (blue), where the dots correspond to
measurements, and the curves are obtained by interpolation for clarity

The investigation focused primarily on the first bending mode which natural frequency identified over the 6 months is
shown in Fig 6b. The natural frequency fluctuates between approximately 2.25 Hz and 2.58 Hz, closely matching the FEM-
calculated frequency of 2.48 Hz. The first identified natural frequency and tidal levels are normalized in order to compare
their trends and are shown in Fig 6¢. The dots represent the actual measurements taken once per day, while the curves are
interpolations added to clarify trends in the data. A clear inverse relationship is observed between the two parameters: when
the tidal level rises (red dots and line), the natural frequency drops (blue dots and line). This suggests that the boundary
conditions of the structure are influenced by the tidal levels, with higher tidal levels likely changing the stiffness of the quay,
leading to lower natural frequencies. This behavior is likely related to changes in the stiffness of the lifting towers, as they
are hydraulic, or of the conical fenders, which vary depending on their inclination.

Correlation between Tidal Levels and Natural Frequency

Figure 7a shows the cross-correlation coefficient between the two parameters as a function of lag, with the lag on the x-axis
representing the number of days the two parameters are shifted relative to each other. The y-axis represents the Pearson
correlation coefficient, which ranges from -1 (perfect inverse correlation) to +1 (perfect direct correlation). At a lag of 0
days, the cross-correlation coefficient is approximately -0.83, indicating a strong inverse correlation between the first natural
frequency and the tidal level when no shift is applied. This coefficient demonstrates that the two parameters are strongly
and inversely correlated. The periodic oscillations in the cross-correlation plot suggest that the relationship between the two
parameters is cyclical, likely driven by the regular tidal cycles. Peaks and troughs in the cross-correlation correspond to
the natural periodicity of tidal variations, reinforcing the idea that tidal levels show a regular, predictable influence on the
dynamic behavior of the structure.
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Fig. 7 a) Cross-correlation coefficient between tidal levels and the first natural frequency as a function of lag; b) Scatter
plot of tidal level versus first natural frequency with least squares regression line; c¢) First (blue) and second (red) principal
component of tidal levels and first identified natural frequency; d) First natural frequency before (blue) and after (red) the
removal of the principal component

Figure 7b further supports this finding by showing the scatter plot of the first identified natural frequency of the linkspan
and the tidal level. The scatter plot shows a strong correlation between the data, with points distributed within a relatively
narrow band. The red line, obtained via least-squares regression, provides a linear approximation of the overall trend, clearly
indicating that as the natural frequency increases, the tidal level decreases. This suggests that higher water levels reduce the
stiffness of the dock structure, subsequently lowering its natural frequency.

In addition to the least-squares regression, the correlation between tidal levels and the first identified natural frequency
is further investigated using PCA. PCA is a well-established “Blind Source Separation” technique. It enables to separate a
set of source signals from a mixed signal without (or with little) info about the source and mixing process. PCA can be used
for two temporal signals that are highly correlated with each other to evaluate the independent set of principal components.
The principal components are the eigenvectors of the data’s covariance matrix, and they are orthogonal to each other. The
PCA representation is an optimal linear dimension reduction technique in the mean-square sense. Usually the last principal
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component is the one mostly due to noise. The results obtained by applying PCA to the first natural frequency and tidal
levels are shown in Fig. 7c. It is observed that the largest variability represented by the the first principal component (blue
dots and line in Fig 7c¢), is primarily due to the tidal fluctuations. The Pearson correlation coefficient between the tidal level
and the first principal component is -0.98, confirming the very high inverse correlation between the two.

Finally, Fig 7d presents a comparison between the first identified natural frequency (blue dots and line) and the adjusted
natural frequency (red dots and line) after removing the first principal component. From the plot, it is evident that the first
identified natural frequency fluctuates between approximately 2.3 Hz and 2.6 Hz. After the adjustment, the natural frequency
stabilizes, fluctuating in a narrower range around 2.45 Hz, which is close to the natural frequency of the FEM model. The
reduction in fluctuation indicates that the tidal effects have been largely removed, and the adjusted natural frequency is now
predominantly influenced by other operational and environmental variabilities, such as temperature, wind, and wave height.

It is worth clarifying that this analysis is based on the assumptions that: the different sensors used are affected by the
same noise; the signal can be decomposed as a combination of linear independent set of principal components; the first one
is mainly due to the tidal effect.

Conclusions

This paper presents the SHM system implemented at the Magerholm ferry quay, developed as part of a collaboration between
Mgre og Romsdal County and NTNU. The SHM system comprises 22 accelerometers, 2 GPS antennas, and 1 thermometer,
all connected through wires to two logger units and a router for data transmission. An AOMA algorithm was used to identify
the daily variation of the modal parameters of the linkspan over a six-month period. The environmental effects on the first
natural frequency of the linkspan were investigated, with a particular focus on tidal levels.

The analysis revealed a significant inverse linear relationship between tidal levels and the first natural frequency, with
a Pearson correlation coefficient of -0.83. Least Squares Regression was applied to quantify this relationship. Additionally,
PCA was applied to the first natural frequency and tidal levels, showing that the first principal component is mainly caused by
the tidal levels. After removing the first principal component, the resulting adjusted natural frequency displays fluctuations.
These fluctuations are likely caused by changes in stiffness due to varying boundary conditions, specifically related to
the hydraulic lifting towers and conical fenders, which change their mechanical properties based on the inclination of the
linkspan. Additionally, other environmental and operational factors may also contribute.

Even though the AOMA might have resulted in inaccurate estimates of the modal properties, as the assumption of un-
correlated white noise excitation across the structure was violated by tidal levels and operational loads during the linkspan’s
adjustment phase, this is a preliminary study aimed at exploring the influence of tidal levels on the structure. Further analysis
should focus on applying SI techniques capable of handling non-white noise assumptions to improve the accuracy of modal
parameter identification under these complex environmental and operational conditions.

This preliminary analysis lays the groundwork for the application of more advanced techniques, such as the Hybrid
Operational Modal Analysis [16] and Multivariate Nonlinear or Metric Learning approaches [17], to a broader dataset
that includes additional environmental variabilities such as temperature, wind, and waves. These advanced techniques can
help further filter out the environmental effects, improving the accuracy of the modal parameter identification and enhance
structural analysis including FEM Updating, SI, and Damage Detection.
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Chapter 5

Outcomes from Field Measurements on the Magerholm Ferry
Quay: System Identification, Finite Element Model Updating
and Sensitivity Analysis

Ba Tung Le, Bartosz Siedziako, Torodd Skjerve Nord, and Luigi Sibille

Abstract Structural health monitoring (SHM) has become an essential practice in the research community due to the neces-
sity of maintaining the longevity and safety of critical infrastructure. The Magerholm ferry quay examined in this study is an
example of coastal infrastructure exposed to harsh environmental conditions and complex operational loads. As an important
part of the region’s transportation network, the quay accommodates significant daily traffic, including both local commuters
and commercial vehicles. Despite that, previous SHM research has mainly focused on traditional bridge structures, leaving
a considerable gap in our understanding of the health and performance of these equally vital maritime structures. This study
explores various aspects of structural health monitoring for a linkspan (ferry docking bridge) using field measurements, sys-
tem identification, finite element model updating (FEMU), and sensitivity analysis of the Magerholm linkspan.

Keywords Structural Health Monitoring - Link-span - System Identification - Finite Element Model Updating - Sensitivity
Analysis

Introduction

The development of human society is linked to infrastructure development. As more and more structures near or exceed
their design life, monitoring and maintenance have become increasingly challenging and expensive [1-3]. This issue is
exacerbated by the increasingly harsh weather conditions attributed to global warming, particularly accelerating the deterio-
ration of coastal infrastructure. To address this, researchers have been developing innovative techniques for asset condition
monitoring, maintenance optimization, and life prediction [4-7].

Ferry terminals and their supporting infrastructure, for example linkspans, are critical components of the economies of
coastal and island nations like Norway. These structures are subjected to harsh marine conditions and the excessively repeated
impact of docking ferries [8], leading to structural damages [9]. One such damage example is the reduction of support
provided by the lifting tower (Fig. 1), a critical component of a linkspan that supports the docking platform vertically and
houses the jack used to adjust the bridge’s height to accommodate varying tidal levels. Excessive operation can compromise
the structural integrity of these towers. Despite their significance, our understanding of the behavior of lifting towers remains
limited. It is clear that there is a need for further research on linkspans, with a particular focus on the behavior and health of
lifting towers.

This study investigates the dynamic behavior of Magerholm linkspan through a combination of field experiments, system
identification, and finite element modeling. Firstly, FEMU is also applied to accurately determine the actual condition of the
lifting tower through the stiffness of the springs representing it. Afterwards, a sensitivity analysis was conducted to evaluate
the influence of lifting tower stiffness on the dynamic behavior of ferry docks, with the aim of determining whether such
damage could be easily detected. The results demonstrate that the natural frequencies of ferry docks are highly sensitive to
lifting tower stiffness, particularly the first bending and first torsion modes.
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Field measurement

Magerholm Ferry Dock

The Magerholm ferry quay is part of Route 60, which connects Magerholm and Sykkylven. This route plays a vital role
in the transportation system of the Mgre og Romsdal area, with an average daily traffic of up to 2,500 vehicles [10]. This
structure is composed of two main components: the steel docking bridge or so called linkspan and the side support quay
(concrete bridge), as illustrated in Figs. 1 and 2. The linkspan is 16m long, 7m wide and constructed of steel. The bridge
deck consisting of main longitudinal beams connected by cross beams and diagonal braces for structural stabilization. Since
the structure is used for ferry docking, it must accommodate varying tide heights by adjusting the height of the ferry quay to
match the ferry. To achieve this, lifting towers are employed; they are connected to a lifting beam located beneath the deck,
serving as the support for the docking bridge. The other support is provided by the abutment, which includes conical fenders

LIFTING TOWERS

Fig. 1 Magerholm ferry quay with its structural components
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Fig. 2 Magerholm ferry dock sensor layout
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beneath the main beam to absorb the impact from docking ferries. Above these components, steel grating are installed to
accommodate movement of vehicles and passengers. It should be noticed that when the ferry is successfully docked, the
lifting towers then release the jacks and the new support to the dock is the ferry itself. Field experiments presented in this
studies were conducted in the “free state” when ferry dock bridge was supported by the lifting towers.

Field Measurement Setup

The installation and measurement of sensors on the ferry dock were conducted on May 31, 2022. For this measurement,
G-Link 200 wireless sensors from MicroStrain were utilized, offering significant convenience compared to the conventional
wired sensors. The use of wireless sensors allows for a rapid and flexible layout on the ferry dock without disrupting its
operating schedule. A total of 16 G-Link 200 3-axis sensors with waterproof covers were deployed. These sensors transmit
data to a WSDA-2000 gateway, which is capable of communicating with a computer equipped with software from the sensor
provider. The sampling frequency was set to 128 Hz, and the accelerometer’s range was adjusted to the lowest possible
setting of +2 g to enhance noise density, which the supplier specifies as 25 g/v/H z. The sensors are mounted directly to
the steel deck using magnetic plates from the sensors. The sensor layout is shown in Fig. 2.

System Identification

Modal Analysis

Acceleration time series graphs from the field measurement are illustrated in Fig. 3. It is possible to recognize notable events
when the ferry docks, such as the adjustment of the lifting towers to allow the ferry to dock and leave, or the movement from
vehicles on the docking bridge. After the ferry was undocked from the docking bridge, walking excitation was performed to
simulate ambient noise, a crucial input for operational modal analysis.

The acceleration recorded from walking excitation has been used to perform modal analysis. Before applying covariance
driven stochastic subspace identification (SSI) algorithm to identify modal information, the data was high-passed filtered

Docking Vehicle movement Undocking Walking excitation

0.2

Xlal 4,
0.4
0.6

Used for modal
analysis

Time [s]

Fig. 3 Time series of accelerometer 147 during docking event of a Ferry. Direction X, Y and Z refer to longitudinal,
transverse and vertical direction of the ferry dock



36

B.T. Leetal.

mode 1 ®, = 1,83 Hz
& =1L11%

mode 2 ®, =2,54 Hz
& =5,04%
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mode 4 o, =4,42 Hz
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& =0,35%
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mode 12 ®;, =13,58Hz
&= 173%

Fig.4 Modal information from SSI: mode shapes, eigenfrequencies and damping in free state operation. Five modes noted
in bold red color are chosen for the updating process

with a cut-off frequency of 0.5 Hz. The following parameters were used for SSI procedure: the number of orders was set
to 200, number of blockrows was set to 100 and the number of blocks for covariance of the subspace matrix was set to 20.
Finally, the mode shapes and natural frequencies are summarized in Fig. 4.

Figure 4 shows that, aside from the translation mode (mode 1), both bending and torsion modes have been identified.
Modes 2, 3, 5, 6, and 7 correspond to the first and second bending modes of the entire bridge, while modes 8 to 11 indicate
bending in the transverse direction of the bridge’s tip. Torsional behavior is observed in modes 4 and 12. In some cases,
two modes exhibit similar mode shapes, making it difficult to distinguish between them. The reason for this is believed to
be the stiffness of the lifting towers. Since these towers lift the bridge using jacks, their stiffness is not stable, leading to
similar mode shapes with different natural frequencies. It is important to note that modes 5, 10, and 12 exhibit unsymmetrical
behavior. Given that the main structural elements are symmetric, this unsymmetrical behavior could indicate a change in the
bridge’s stiffness on one side over time. Five modes noted in bold red color in Fig. 4 are chosen for the updating process.

Finite Element Model Updating

Finite Element Model

An Finite element (FE) model, shown in Fig. 5, was constructed using ABAQUS [11] based on the existing drawings
provided by the municipality [12]. However, some information regarding the side balconies was missing and therefore thick-
nesses were based on field measurements. The following cross sections were assigned to the main structural components:
main beam: HE550B; cross beam: IPE240, HE240A, and UNP220; lifting beam: HE450B; diagonal bracing (L-shape):
200x200x16; and various plates with thicknesses ranging from 10 mm to 45 mm. These parts are constructed from St52-3N
or RSt-37-2 steel, which have mechanical properties equivalent to the S235 and S275 steel types, respectively. Quadrilateral
finite membrane-strain shell elements with reduced integration (S4R) were selected for the FE model. A mesh size sensitivity
analysis for the ferry quay was conducted in [13], revealing that a mesh size between 50 mm and 100 mm is optimal. In this
study, a mesh size of 50 mm was selected.

Only the structural components were modeled in ABAQUS. To accurately simulate the total mass of the docking bridge,
non-structural mass was introduced to account for elements such as railings and steel gratings. The weight information for
these parts was obtained from the existing drawings. The steel gratings were modeled at 90 kg/m?, the large railings at
approximately 81 kg/m, and the small railings at 19.25 kg/m. Ultimately, the entire structure weighed 53.64 tons.
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Fig. 5 Finite element model of Magerholm ferry dock in ABAQUS

As described in section 2.1, the docking bridge is supported by the abutment and lifting towers in its free state. Conse-
quently, constraints in the transverse and vertical directions are introduced at the abutment. Springs with a stiffness of 2000
kN/m (as specified by the provider) are modeled in the longitudinal direction at the positions of the conical fenders. The
lifting towers, which support the bridge vertically, are represented by vertical springs. The initial stiffness of these springs
was set at 10 000 kN/m, as the exact value is unknown and will be updated later. The mode shapes extracted from FE model
are depicted in Fig. 6.

Model Updating Methodology

In this study, Mottershead’s sensitivity method [14] is applied to update the finite element model. This process is similar to
an optimization problem, where the goal is to minimize the error between the FE model’s output and the field measurement
results, thereby improving the approximation of the computer model to the actual state of the structure. The output used
for comparison in this study is the natural frequency of the linkspan. To align the model output as closely as possible with
the measured data, the input parameters 6 of the FE model—such as material density, Young’s modulus, cross-sectional

Mode 4 —f, =9,73 Hz Mode 5 —f5 = 10,10 Hz Mode 6 — f; = 14,39 Hz

Fig. 6 First six modes of FE model



38 B.T. Leetal.

properties, etc—are systematically adjusted. This adjustment is represented by Af, where Af; = 6 — 0;. These parameters
are iteratively modified, until this quantity gradually approaches an acceptable small value:

J(AG) = T We, (1

Here, W is a weighting matrix that accounts for the importance of different terms in the vector €. It is defined as a
diagonal matrix with diagonal values equal to 1/f?, where f; are the measured frequencies in Hertz (Hz). The vector ¢,
represents the difference between the FE model-calculated results z(#) and the measured results z;,:

€2 = 2m — 2(9) (2)

In the iterative process, this difference can be expressed as r; = z,, — z(6;). To minimize the error in each iteration, €,
is updated by linearizing the non-linear relationship between 6 and z(6) as follows:

€ =1 — GiAb; 3
G is the sensitivity matrix computed by
0z;
Gi = j} “)
L%k 0=0;

To avoid matrix singularity and ill-conditioning problem, it should be noted that all mentioned vectors and matrices
should be normalized as presented in [15]. Replacing €, in Eq. (1) by (3) one can define the objective function:

J(AG;) = |[-W2G; 00, + W (5)

When Eq. (5) is applied in this study, with natural frequency as the quantity of interest, it is transformed as follows:

5 f —f ) 2
J(A0;)* =)W1, (mjfojn]) (6)

Jj=1

th measured and numerical frequencies respectively while fo,; is the 4" initial numerical

Here fp,; and f, ; are the j
frequencies.
This optimization problem is solved using the scipy.optimize.lsqn function in Python. During each iteration, the parame-

ters are updated by an amount Af, which is the solution from the previous iteration:
Oiv1 = 0; + Ab; (N

The iteration process continues until the error between the FE model and the measurement results is reduced to an acceptable
level, or when the values of 6;,; and 6; converge and are sufficiently close to each other. The workings of this algorithm
have been previously presented by [15], where they also provide a code implementation of this method [16].

In practice, the FE model and measurement results yield various natural frequencies and mode shapes. Selecting which
natural frequencies and mode shapes from the FE model to compare with the measured data is a challenge that needs to
be addressed. To tackle this, a Mode Matching Index (MMI) has been introduced to find the natural frequencies and mode
shapes of the FE model that closely match those of the measurement results. This is done based on the natural frequency
values and the similarity in mode shapes, as quantified by the Modal Assurance Criterion (MAC) value

MMI = (1 —5)MAC,, ., — 'yw )

Jm
where f,, and f,, are measured and numerical frequencies respectively. To weight between mode shapes and frequencies,
coefficient v is introduced and has the range between 0 and 1. The value of y is chosen as 0.5 in this study. For the updating
purpose, only FE modes that have MAC value above 0.6 compare to measure modes, are selected for updating process.

Updating Parameters

It is important that the number of natural frequencies used for updating needs to be larger than the number of parameters
to ensure unique solutions to the optimization problem [15]. The number of parameters also depends on the availability of
the measured modes. In this study, four parameters were chosen; therefore, at least five natural frequencies must be used for



Outcomes from Field Measurements on the Magerholm Ferry Quay: System Identification, Finite Element Model Updating and Sensitivity =~ 39

Table 1 Used parameters for updating routine and their limits

Paremeter Initial value Allowable change between iterations Global bounds
Dsteel 7850 kg/m3 +5% no bounds
k1 10000 kN/m +20% no bounds
ko 10000 kN/m +20% no bounds
Egteel 210 GPa +5% no bounds

finite element model updating. The first parameter chosen is the material density, pstcei, Which accounts for possible errors
in estimating non-structural mass and modeling errors. This is followed by Young’s Modulus, F .., that can be associated
with uncertainties in structural stiffness due to corrosion and degradation. The stiffness of the lifting towers, k1 and ko, is
also included, as the support characteristics of this type are unknown. The parameters and their ranges are summarized in
Table 1. Based on the study conducted in [13], the initial values for the stiffness of lifting towers were set to be 10000 kN /m.
Allowable change of 5% was applied for steel density and Young’s modulus since these two parameters were not expected
to change much. However, considering the potential variability in lifting tower stiffness, a more substantial allowable change

of 20% was established.

Results

The FEMU process was conducted for six iterations to minimize the objective function J(A6;)*, as detailed in Fig. 8. A
significant reduction in this quantity occurred within the first three iterations, followed by a gradual convergence. Updated
parameter values are presented in Table 2, while the FEMU process’s effectiveness in matching natural frequencies and mode
shapes between the measured state and FE model is summarized in Table 3.

As anticipated, the stiffnesses of the lifting towers underwent the most substantial changes. Given that all measured
frequencies exceeded those of the initial FE model, indicating a stiffer-than-estimated actual ferry dock state, the FEMU
process increased values of the stiffness of the lifting towers. This is also reflected by a slight increase in Young’s modulus.
Conversely, a minor decrease in steel density might be attributed to modeling errors at joints and an inaccurate estimation of
the side balconies’ weight.

Figure 7 presents sensitivity index values (calculated using Eq. (4)) for the four considered parameters. The sensitivity
indices of the lifting tower stiffnesses, G1 and Gy, reveal their primary influence on the natural frequencies of the first
bending and first torsional modes. Their impact on other modes is less pronounced.

l‘ 1.00
T‘ 1.00
- 0.75
-~ 0.75
+ 0.50 L 050
r 0.25 L 0.25
0.00 L 0.00
fs fs
Pieel Psteel
k1 h
k2 .
E fi E h
(a) Scaled sensitivity matrix of first iteration (b) Scaled sensitivity matrix of last iteration

Fig. 7 Scaled sensitivity matrix of FEMU process
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Fig. 8 Objective function .J(A#;)* through iterations

Table 2 Parameter values before and after finite element updating

Paremeter Initial value Updated value Change
Psteel 7850 kg/m3 7039 kg/m3 811 kg/m?
kq 10000 kN /m 20736 kN/m 10736 kN/m
ko 10000 kN /m 20736 kN/m 10736 kN/m
FEgteel 210 GPa 218.9 GPa 89 GPa

Table 3 Natural frequencies and MAC values before and after updating

Mode Frequency, f[Hz] MAC value

Measured Initial Error[%] Weighted errors[%] Updated Error[%] Weighted errors[%] Initial Updated Change
1 3.15 2.48 -21.27 -11.92 3.18 0.95 0.53 0.957 0.981 0.024
2 4.42 342 -22.62 -6.44 4.26 -3.62 -1.03 0.953 0.977 0.024
3 8.83 7.95 -9.97 -0.71 8.63 -2.27 -0.16 0.649 0.664 0.015
4 10.19 10.1 -0.88 -0.05 10.84 6.38 0.34 0.960 0.958 -0.002
5 13.52 14.39 6.43 0.20 15.2 12.43 0.38 0.699 0.703 0.004

Absolute average 10.2 4.3 0.70 0.71

The updating process yielded a commendable reduction in average frequency errors from 10.2% to 4.3%. Notably, the
most significant improvements were observed for the first two modes, aligning with the amplified weighting assigned to
these modes. A slight increase in the MAC value suggests a closer approximation of the FE model’s mode shapes to those
extracted from measurements.

Sensitivity Analysis of Lifting Towers

One of the motivations for performing studies at Magerholm as a case study stems from the collapse of its ferry dock during
Ingunn storm, one of the most powerful storms to impact Norway in 30 years [17], on 31%¢ January 2024. Following the
storm, the entire deck of the structure detached from the lifting towers and sank into the water, necessitating a salvage
operation and reattachment to the towers. Although the exact cause of the collapse remains uncertain, the authors suspect
that similar damages can be caused by failure of the lifting towers. Consequently, the authors conducted a sensitivity analysis
on the updated model of lifting tower stiffness to assess its impact on the dynamic behavior of the linkspan.

The results are presented in Figs. 9 and 10. Figure 9 captures the sensitivity of frequencies when changing the stiffness
of one tower and keep the other one constant at k = 20736k N /m which is the stiffness of the towers after updating. On the
other hand Fig. 10 capture that when changing the stiffness of both towers at the same time.

As expected, there is a clear correlation between tower stiffness and modal behavior. Most modes are sensitive to stiffness
variations, except for mode 6, which remains relatively unaffected. The first bending mode (mode 1) is particularly sensitive
to stiffness changes, while modes 3 and 6 show minimal sensitivity. Interestingly, the first torsional mode (mode 2) exhibits
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significantly increased sensitivity when both tower stiffnesses are adjusted. Other modes experience a gradual frequency
increase with rising stiffness.

Conclusion

This study provides a better understanding of the modal behavior of linkspans and examines the possibility of detecting
lifting tower damage modeled by reduction in its stiffness using modal information. The key points can be summarized as
follows:

* When employing wireless accelerometers, walking excitation serves as an effective input for the SSI algorithm in
determining the modal characteristics of linkspans.
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* There are challenges in selecting modes for FEMU application due to multiple modes with similar mode shapes and
closely spaced natural frequencies. This is caused by the variable stiffness of the jacks used in lifting towers, which
can fluctuate slightly during operation, resulting in nearly identical modes.

* Sensitivity-based FEMU has proven highly effective in constructing a FE model that replicates the actual condition of
the linkspan. The error between the FE model and field measurement results was reduced to less than 5% within just
six updating iterations.

* The sensitivity analysis shows a strong correlation between lifting tower stiffness and the docking bridge natural
frequencies, especially when the stiffness of lifting towers is below 20,000 kN/m.

* While most modes are sensitive to stiffness variations, the first bending and first torsional modes are particularly
susceptible to changes in lifting tower stiffness. This suggests that damage to the lifting towers would likely be reflected
in changes to the natural frequencies of these two modes. After the updating process, the stiffness of lifting towers is
estimated to be approximately 20,000 kN/m.
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Chapter 6
A Robust Data-Driven Algorithm for Early Damage Detection
in Structural Health Monitoring

Luigi Severa, Silvia Milana, Nicola Roveri, Eleonora Maria Tronci, Antonio Culla, and Antonio Carcaterra

Abstract In the field of Structural Health Monitoring (SHM), the ability to detect and identify damage at its early stage is
necessary to maintain the safety and integrity of structures. Early damage detection not only prevents catastrophic failures
but also reduces maintenance costs by enabling timely interventions. Presented here is a data-driven algorithm for SHM that
extracts Damage Sensitive Features (DSFs) with high sensitivity to structural damage. The proposed method leverages a
model-free approach, making it highly adaptable and suitable for real-world applications where models may not be available
or feasible. Central to this approach is the use of blind source separation techniques, which isolate and amplify damage
indicators from the complex structural response signals. This isolation is crucial for enhancing the sensitivity and specificity
of damage detection, ensuring that even minor structural anomalies are accurately identified. By integrating artificial intelli-
gence techniques, such as machine learning algorithms, the proposed method improves the identification accuracy of damage
and significantly mitigates the effects of environmental and operational variabilities on DSFs. The efficacy of the algorithm
is validated through comprehensive testing on a cylinder structure subjected to various damage scenarios and loading con-
ditions. These scenarios are designed to be representative of real-world environmental and operational influences, ensuring
the practical relevance of the results, which demonstrate a significant improvement in the robustness and accuracy of SHM
practices, highlighting the algorithm’s potential as an effective approach for the continuous monitoring and maintenance of
critical infrastructures. Furthermore, the findings suggest that the proposed method could be generalized to other types of
structures, making it a versatile tool in the field of SHM.

Keywords Structural Health Monitoring - Damage Detection - Damage Sensitive Features - Principal Component Analysis -
Independent Component Analysis

Introduction

Ensuring the safety and durability of structures is an important concern in engineering applications, and Structural Health
Monitoring (SHM) provides a valuable means of addressing this challenge. By detecting structural anomalies at an early
stage, SHM helps prevent failures and optimizes maintenance processes, thereby reducing associated costs and disrup-
tions [1, 2].

This is relevant in several sectors, like the mechanical and aerospace industries, civil infrastructures, and pipelines.
Indeed, in industrial and civil applications, pipelines are critical components since they carry fluids and gases through plants.
Therefore, any malfunction in these components can result in significant environmental impacts and economic losses [3, 4].

Vibration-based SHM methods are particularly effective in this context, as they monitor the dynamic behavior using
sensors that collect vibration data. These data are then used to extract specific indicators, known as Damage Sensitive
Features (DSFs), which serve as a baseline to assess structural integrity. Any deviation from the baseline DSFs of a healthy
structure can identify potential damage [4, 5, 6]. As far as concerns the extraction of DSFs, it traditionally involves modal
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parameters like natural frequencies and damping ratios, which are directly linked to a structure’s mechanical properties [7, 8].
However, extracting these parameters can be computationally expensive and highly sensitive to environmental conditions,
making them less reliable in practical applications, also because they require a great deal of expertise from the user, who
interprets the data and assesses the health of the structure [9, 10]. Signal processing techniques such as the Wavelet Transform
[3] and Hilbert-Huang Transform [11] have been explored as alternatives, as they decompose signals to capture distinctive
patterns or signatures that indicate damage [12]. Despite their potential, these methods face limitations in automated systems
due to generalization problems. In this framework, blind source separation techniques [13], including Principal Component
Analysis (PCA),Independent Component Analysis (ICA), and Second-Order Blind Identification, have gained attention in
SHM because they require minimal user input and are useful to extract meaningful DSFs [14, 15]. However, all the techniques
employed to extract DSFs are not without limitations because they have to face the effect of EOV within the structural
response. In particular, the reliability of these DSFs is related to their ability to distinguish between structural changes
caused by damage and those caused by Environmental EOV. Sensitivity to damage and robustness to EOV are critical for
minimizing false alarms. A pre-processing stage of the data recorded by sensors is typically performed to address this. This
activity is generally performed in a pre-processing stage, where various machine learning techniques have been employed
to achieve this. Among them, PCA stands out as particularly effective, compared with auto-associative neural networks,
factor analysis, Mahalanobis distance, and singular value decomposition [16]. PCA projects data into lower-dimensional
subspaces, focusing on the components least affected by EOVs, thereby improving the reliability of the extracted DSFs
[9, 17]. In particular, projecting data onto the Minor Components (MCs) subspace has proven effective in enhancing the
robustness of DSFs. This paper proposes an SHM approach that leverages the combined strengths of PCA and ICA to
extract non-modal-based DSFs. Unlike most traditional methods, this approach is data-driven, relying solely on measured
structural response data, making it suitable for real-world monitoring applications. The proposed method offers sensitivity to
low-magnitude damage and demonstrates resilience to variable loading conditions, thanks to the use of MCs projection. To
validate this approach, we applied it to a Finite Element model of a pipe structure, where damage was simulated by reducing
the cross-sectional area at various locations. The results validate the method’s capability to detect damage at early stages
while remaining robust to EOV.

Background

The proposed methodology is based on the cascading application of PCA and ICA. The theoretical foundations of these
techniques are presented in the following paragraphs.

Principal Component Analysis

Principal Component Analysis (PCA) is a powerful multivariate statistical technique commonly used to identify and extract
the most significant patterns hidden within a dataset [18]. By reducing the dimensionality of the problem, PCA minimizes
information loss while preserving as much variance as possible. This makes it especially valuable in the analysis of large
datasets, where eliminating redundancy is mandatory to focus on the most relevant signals and trends and so to ensure that
the most critical insights are retained.

PCA achieves this by transforming a set of potentially correlated variables into a new set of uncorrelated variables,
called Principal Components (PCs), which represent the directions of maximum variance in the data, capturing the essential
information in a more compact form. This is performed through an orthogonal transformation since the PCs’ orthogonality
ensures that each component captures unique information [18].

Given a data-acquisition matrix Z € RV >*¥s_its rows are the IV observations, while its columns (zy,) are the IV variables
available. The implementation of the PCA encounters several stages, as following listed [19]:

1. Data Standardization. In the beginning, data (z,) are standardized in order to ensure that variables with different
measurement scales do not disproportionately influence the analysis. Without standardization, variables with larger
scales could dominate the variance and skew the results. Generally, this stage consists of two sub-stages, giving the
Z-score normalization, as in Eq. (1), which are:

(a) Centering: each variable is set to zero-mean, otherwise the first PC would capture the mean (u,,) of the data
instead of their variance.

(b) Scaling: each variable is divided by its standard deviation (o) in order to ensure that all variables contribute



A Robust Data-Driven Algorithm for Early Damage Detection in Structural Health Monitoring 45

equally to the process, which is not biased by different data magnitude.

Zn — Un
Xy = 2" Hn (1)
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2. Covariance Matrix Computation. Starting from the standardized data collected in the X matrix, a covariance matrix
T

is evaluated, as in C = N to quantify the degree of correlation between the variables and how the co-vary with
each other to identify the direction of maximum variance in the dataset.

3. Covariance Matrix Eigenproblem. This is the key step of the PCA algorithm, and it consists of an eigenvalue decompo-
sition of the covariance matrix, as expressed in Cv = Av. It is performed in order to find the eigenvectors (v), or PCs,
and their corresponding eigenvalues (\). The eigenvectors represent the directions in which the data varies the most,
and the corresponding eigenvalues indicate the amount of variance captured by each component. Each eigenvector
corresponds to a PC, and the eigenvalues are ranked in descending order to prioritize the directions that capture the
most variance. Since the eigenvalues are often referred to as active energies [12], representing the proportion of total
variance explained by each component, PCs with larger eigenvalues capture more variance and are, therefore, more
energetic and relevant to the data.

4. Dimensionality Reduction. Subsequently, which components to keep and to discard are selected. This selection process
is guided by a threshold, typically based on the proportion of variance to retain or the mean of the eigenvalues, as in
Eq. (2) [19].
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where \; is the eigenvalue of the ¢ — th component. Components with eigenvalues that exceed the mean eigenvalue
are traditionally considered significant, while the others are the so-called Minor Components (MCs), which are the
ones that exhibit less variability.

5. Projection onto Principal Components. Once the PCs are identified, the data can be projected into the new subspace,

effectively reducing its dimensionality and making them more manageable for analysis or further processing.. The
transformed data matrix Y is obtained as in Y = X Vy, where Vy is the matrix of the previously selected &
eigenvectors.

Thanks to this framework, PCA enhances the interpretability of the data, making it a suitable tool in data analysis for
feature extraction, revealing relationships, and patterns that may not be immediately apparent in the original variable space.
Additionally, PCA can improve the performance of ML algorithms by eliminating noise and redundant features.

Despite its strengths, PCA assumes that the components are linear combinations of the original variables. As a result,
it may not capture complex nonlinear relationships present in the data. Additionally, while PCA is effective for variance-
based feature selection, it does not explicitly consider the underlying distribution of the data, which may lead to the loss of
important information, especially in cases with significant non-Gaussian characteristics.

Independent Component Analysis

Independent Component Analysis (ICA) is a computational technique that seeks to decompose multivariate data into sta-
tistically independent non-Gaussian components [13]. While similar to other dimensionality reduction techniques like PCA
and factor analysis, ICA goes a step further by aiming to extract signals that are not only uncorrelated but also independent,
meaning that the presence of one signal provides no information about the presence of the others. Thanks to this property,
ICA is particularly useful in applications involving the analysis of mixed signals, such as in BSS, where the goal is to recover
original source signals from observed mixtures without prior knowledge of the mixing process. One of the most classic ex-
amples is the cocktail party problem, in which multiple people are speaking simultaneously in a room, and ICA is used to
isolate each individual voice from a set of mixed recordings captured by several microphones.

Assuming that the observed data are linear mixtures of statistically independent and non-Gaussian source signals, ICA
aims to recover these unknown sources by finding components that are as far from Gaussian as possible, using measures
like kurtosis (a measure of the tailedness” of the distribution) or negentropy (a measure of how far a distribution is from
Gaussianity).

To illustrate the underlying principles of ICA, consider the following mathematical formulation. Lets = (51, 82,...,58N, ) T

. T . . ..
represent the unknown source signals and x = (,7:1, T2,..., X Ns) represent the observed mixed signals. The mixing process
can be expressed as in Eq. (3) [13], where A is the unknown mixing matrix.

x = As 3)
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Therefore, the challenge lies in estimating both s and A from the observable signals x. This is achieved through various
optimization techniques, commonly based on maximizing the non-Gaussianity of the estimated signals or minimizing the
mutual information among them, like FastICA, kurtosis maximization ICA, Infomax and joint approximate diagonalization
of eigenmatrices [13, 20, 21]. After the unmixing coefficients have been computed, the original Independent Components
(ICs) are reconstructed from the mixed signals, using the relation s = Wx, where W is the estimated unmixing matrix.
ICA’s ability to leverage higher-order statistics and maximize non-Gaussianity makes it especially effective in scenarios
where independence, rather than variance, is the primary concern. However, despite its effectiveness, [CA comes with certain
limitations due to the unknown nature of both s and A. One primary challenge is that the variances of the ICs remain
indeterminable. This is because any scalar multiplier present in one of the source signals s; can be compensated by adjusting
the corresponding column a; in the mixing matrix. To address this issue, a common approach is to assume unit variance for
the sources. Additionally, a sign ambiguity exists: multiplying an IC by —1 does not violate the model, but this ambiguity
is often inconsequential in most applications [20]. Another challenge is that the sequence of the ICs cannot be uniquely
determined. The order of terms in the summation in the mixing equation allows for any IC to be designated as the primary
one. A permutation matrix P can be introduced into the model, in this way x = AP~ 'Ps, where the components of Ps are
the original independent variables s; but rearranged. Consequently, the matrix AP~! becomes an unknown mixing matrix
that ICA algorithms must resolve [20]. This is one of the more important distinctions between ICA and PCA.

Overview and Description of the Technique

The proposed methodology, outlined in Fig. 1, involves several phases designed to enhance the detection of early-stage
damage while remaining robust against variations of loading and operative conditions [22]. The first phase involves the
application of PCA, with the data standardization outlined in Eq. (1), to the raw data collected by sensors. This step aims to
reduce the dimensionality of the data and to isolate the most significant components that capture the underlying structural
behavior [10]. As a result, the selected components are the Minor Components (MCs) [9].

Following PCA, ICA is applied to separate further the mixed signals recorded by the sensors, isolating the Independent
Components (ICs). This step distinguishes the effects of structural damage from confounding factors such as noise or external
environmental influences. Once the ICs are extracted, the next step is transforming these signals from the time domain to the
frequency domain using the Fourier Transform (FT). Indeed, the frequency domain offers several advantages over the time
domain when detecting damages, above all at their early stage: it simplifies the complexity of the raw vibratory data, making
it easier to identify patterns associated with structural anomalies. Additionally, analyzing the frequency characteristics of the
ICs helps reduce the impact of noise and other temporal variations, thereby improving the accuracy of the damage detection
process.

Recorded data Recorded data
PC
coefficients

______

PC

PCs

ICA
BASELINE UNKNOWN
‘ Damage Indicators AS%%E/IS[;/?EIZENT

Fig.1 Block diagram resuming the algorithm workflow [22]
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In the final phase, the method compares the frequency spectra of ICs obtained from measurements taken at different
time intervals, corresponding to the baseline and the actual states of the structure. The differential area (A), as in Eq. (4), is
employed to quantify the overall difference between the spectra x(f) and y(f) of two signals, where the frequency vector
f spans the bandwidth [f,,in, fmaz]. For this metric, larger values indicate more significant alterations in the structural
response, thus warning for potential damage [22].

fmasz
Alz,y) = / y(f) — ()] df 4

min

Analysis

This section is dedicated to the description of the structure to which the proposed methodology is applied, as well as the
presentation of the results obtained.

Case Study: A Randomly Excited Cylindrical Pipe

The structure under investigation is a steel pipe, numerically modeled using the finite element software ANSYS, as detailed
in [3]. The cylindrical structure has a length of 5m, with a circular cross-section of 0.2m in radius and a uniform thickness
of 0.01m, and it is clamped at both ends to simulate fixed boundary conditions.

This study focuses on only one damage type, involving a 10% reduction in the section’s thickness at six different locations
along the cylinder’s length, as detailed in Table 1. The type of damage was chosen to simulate a condition that affects the
dynamic behavior of the pipe. Indeed, a reduction in thickness will impact the flexural stiffness of the cylinder, which in turn
affects its frequency response.

Nine measurement points were selected on the test bed’s external surface. These points, illustrated in Fig. 2, are evenly
spaced along the cylindrical axis to cover the entire pipe, while their angular positions are evenly spaced along half of the
cylinder’s section to capture possible asymmetries in its behavior. These sensors collect the displacement time histories at
the nodes where they are installed.

To evaluate the dynamic behavior of the pipe under a randomly distributed load (p(x, t), a modal analysis is performed on
ANSYS, identifying the first Ny, natural mode shapes (¢,,). Then, using the modal superposition techniques, as in Eq. (5),
the displacement at any point (x(), where sensors are positioned, has been computed. In this approach, the displacement is
evaluated as a combination of the single modal contributions, and the amplitude of each mode is governed by the modal
coordinates (g, ), which can be calculated by solving the system of differential equations in Eq. (6) [11], where the natural

Table 1 Damage location along the longitudinal axis of the pipe for each scenario

Scenario 1 ~ Scenario 2 Scenario 3 Scenario4 Scenario5 Scenario 6

Description Undamaged Damaged Damaged Damaged Damaged Damaged
Damage intensity - 10% 10% 10% 10% 10%
Damage location - 1.5m 2.0m 2.5m 3.0m 3.5m

Fig. 2 Case study: the cylindrical pipe with sensors mounted on it (red cubes)
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frequencies of each mode (f,,), ranging from 93.96 H z to 234.20H z are given by the finite element model; while the the
damping ratios ((,,) were then introduced in the system’s response computation.

To better simulate the variability and uncertainty present in real-world conditions, random numerical noise is introduced
into the computed displacements. This noise is proportional to 5% of the standard deviation of the displacement signal.

N
w(zo,t) = én(T0) n(t) ©)
L
(1) + 2ntoniin (1) + w2gn(t) = /0 bu(@)p(z,1) do ©)

Results and Discussion

The goal of this analysis is to evaluate how well the proposed method performs in assessing structural damage. For clarity
and conciseness, the damage considered in all the figures is scenario 2 in Table 1, except for the illustration of the final result.
The general behavior of the signal recorded by sensors is illustrated in Fig. 3a, where the damage influence in the pipe’s
response is barely noticeable. To gain deeper insights, its corresponding frequency spectrum is provided in Fig. 3b, where
damage effects are typically more evident.

However, only a slight shift in modal peaks can be observed in this case. The analysis begins by applying PCA to data
recorded by the N sensors. In this step, the most significant MCs are identified based on the formulation in Eq. (2). PCA
is then reapplied on them to reduce the problem’s dimensionality further, selecting the PCs from the application of Eq. (2).
Subsequently, ICA is performed on the selected components, using the FastICA and the kICA algorithm [20], to extract the
ICs. Figure 4 shows the spectra of the most damage-sensitive PC and IC, which are identified by the greater differential area.
Notably, damaged IC’s spectrum shows a pronounced increase in amplitude within the frequency band close to the first mode
when the structure is damaged, demonstrating the algorithm’s ability to highlight structural changes. In contrast, as sensors,
PCA alone fails to reveal substantial differences between damaged and undamaged states, underlining the added value of
ICA in improving the detection of structural anomalies (as illustrated in Fig.4b).

The next step involves the evaluation of the differential area, as in Eq. (4), which serves as a damage indicator. This
is done for all damage scenarios in Table 1, within a damage detection framework [22], Specifically, for the evaluation
of the differential area for each damage scenario j in Table 1, the ICs’ spectra of the j* are compared against the first
undamaged scenario (scenario 1). The results, depicted in Fig. 5, clearly demonstrate that the combination of PCA and ICA
is more effective in detecting damage than PCA alone. Indeed, these findings highlight the presence of structural anomalies,
confirming the occurrence of damage. Therefore, the method proves effective even in identifying damage at an early stage,
where the damage intensity is as low as 10%.

: :
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2L /
10 ,/ J
7 f
£ AR Q'N
107 DA ﬁ%
0 1 2 3 4 5 6 7 8 9 10 0 50 100 150 200 250 300 350 400 450 500
[s] [Hz]
(a) Time histories of the displacement (b) FT of the normalized displacement

Fig. 3 Signals recorded (and their FT) in the undamaged (blue) and damaged (orange) cases by the sensor placed at the
midpoint of the cylinder axis on its surface
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Fig. 5 Differential area for both PCs and ICs evaluated for damage detection for all the scenarios in Table 1

Conclusion

This research explores the ability of the proposed methodology, which integrates PCA and ICA, to detect early-stage damage.
This is performed using the differential area as a key damage indicator. Applied to a FEM model of a pipe with simulated
damage, the algorithm demonstrates superior performance when compared to PCA alone. Even under conditions where the
structure is subjected to a randomly distributed load, the algorithm efficiently filters the noise by analyzing the Minor Com-
ponents identified through PCA. The encouraging results suggest that this approach could be applied to various structural
scenarios.

Future work will expand this analysis, considering multiple damage scenarios and locations to test the method further.
Additionally, several environmental factors, such as temperature and humidity variations, will be included to evaluate how
sensitive the damage indicator is under different conditions and the ability of PCA to filter out them.
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Chapter 7
Real-Time Structural Health Assessment of a Tension Rod
Assembly Using Machine Learning

Ahmad Rababah, Osama Abdeljaber, Aniston Cumbie, Lauren Harpenau, and Onur Avci

Abstract This paper introduces a vibration-based damage detection method for monitoring the condition of structural mem-
bers at a local level. The technique employs a piezoelectric patch as an actuator to excite the monitored member and another
patch as a sensor to measure the resulting vibration response. The measured signal is processed by a one-dimensional convo-
lutional neural network (1D CNN), which classifies the input signal segment as either undamaged or damaged. By calculating
the classification output over multiple signal segments, an index representing the estimated structural health is determined,
quantifying the deviation from the undamaged member’s response. In this study, the method was experimentally evaluated
on a tension rod assembly, where damage was simulated by reducing the tension applied to the rod. This application aims
to demonstrate the method’s potential for real-world structures, such as suspension bridge cables and prestressed concrete
elements. The results indicated that the health values obtained using the proposed method closely matched the actual damage
severity applied to the assembly.

Keywords Real-time anomaly detection - Structural health assessment - Piezoelectric patch - Structural Health Monitoring
(SHM) - Structural Damage Detection (SDD)

Introduction

Structural health refers to a structure’s ability to maintain its initial “undamaged” condition. Structural Health Monitoring
(SHM) and Structural Damage Detection (SDD) focus on identifying deviations from this baseline. One of the methods used
in SHM is vibration-based damage detection (VBDD), which involves applying a controlled excitation force to a structure
and capturing the resulting responses with sensors. The collected data is then processed by certain algorithms, which analyze,
classify, and evaluate the structural health.
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Piezoelectric patch transducers offer a unique solution for SHM of structural members due to their ability to convert
mechanical energy to electrical and vice versa based on the piezoelectric material principle [1]. When mechanical stress or
strain is applied to them, an electrical field response is produced. Conversely, they undergo mechanical energy when exposed
to an electric field. This phenomenon allows for the use of such transducers for both actuating (i.e., applying artificial
excitations on the monitored structural member) or sensing (i.e., measuring the response due to the applied excitation) [2].

Utilizing piezoelectric patch transducers in SHM has increased considerably in recent decades. These transducers have
been deployed across various structural types to detect damage, including cracks, loose bolts in connections, corrosion,
debonding, and fatigue, among other forms of degradation. Markovic et al. (2015) employed piezoelectric patches in active
monitoring systems for reinforced concrete structures to detect damage, such as notch and hole located at the middle of
the beam, using wave propagation methods [3]. Sun et al. (2015) proposed a method for identifying midspan debonding
in reinforced concrete beams strengthened with fiber-reinforced polymer (FRP) strips using piezoelectric patches attached
to the FRP strips, enabling high-frequency structural excitations [4]. Fan et al. (2016) Investigated damage detection in a
laboratory-constructed truss. They utilized piezoelectric patches to detect damage simulated by removing specific bolts. This
method enabled the observation of the impact on the impedance-measured signals [5]. Pavelko et al. (2014) examined the
full-scale tail beam of a Mi-8 helicopter to evaluate the condition of its bolt joints. By comparing the frequency domain
impedance responses of undamaged and damaged structures, they successfully detected damage. One of the connecting
frames of the tail beam was equipped with piezoelectric patches attached to the surface near the bolts. The study focused on
investigating bolt loosening using Electrical Impedance Monitoring (EMI) technology [6]. Meyers et al. (2013) employed the
VBDD method on an aluminum plate to identify simulated damage, which was introduced by progressively drilling deeper
holes through the center of the plate. The plate was excited using a PZT actuator, and wave propagation was monitored by
a piezoelectric transducer positioned on the opposite side. The detected wave patterns were then compared to a predefined
baseline to assess the extent of the damage [7].

The integration of machine learning (ML) and artificial intelligence (AI) has significantly improved SHM and SDD.
These technologies have revolutionized structural monitoring practices by providing powerful tools for the analysis of large
datasets collected from pre-installed sensors, enabling continuous, automated, real-time monitoring and early detection of
potential damages before they escalate into critical failures. Al algorithms enhance SHM systems by extracting relevant
features from datasets and classifying structural conditions based on these features [8].

Several researchers have demonstrated the effectiveness of ML in creating highly reliable and accurate SDD systems.
Khan et al. (2020) introduced a method that utilizes a one-dimensional convolutional neural network (1D CNN) to detect
cracks by analyzing EMI signatures from piezoelectric patches. The study involved testing fiber-reinforced concrete speci-
mens under compression loading, and the method achieved a mean accuracy of 95.24% in damage detection [9]. Xu et al.
(2019) employed the EMI method alongside Back Propagation Neural Networks (BPNNs) to identify bolt looseness in bolted
spherical joints (BSJs). Different torque levels were applied to the sleeve to represent varying degrees of joint looseness. As
the torque increased, the looseness of the joint also increased proportionally. The root-mean-square deviation (RMSD) of the
conductance signatures from the piezoelectric patches served as the primary metric for monitoring and evaluating the extent
of joint looseness [10]. Teng et al. (2019) developed a parametric vibration-based model using a CNN to identify damage
features in steel frame structures. They employed the finite element method (FEM) to analyze free vibrations and calculate
the first-order modal strain energy (MSE) for various damage scenarios, which were used as training data for the CNN. Data
were collected using ten accelerometers to capture vibrations from a hammer impact. The damage was simulated by a 50%
reduction in the rod’s cross-sectional area [11].

This paper introduces a novel approach for detecting damage in structural components by utilizing piezoelectric patches
for both sensing and actuation. The sensor patch captures signals that are then analyzed using a one-dimensional convo-
lutional neural network (1D CNN). The 1D CNN’s output is used to compute an index that quantifies the severity of the
damage. Unlike previous methods, such as the one by Khan et al. (2020), which were only validated numerically on finite
element models, this approach has been experimentally validated using a tension rod assembly with varying tension levels.
The aim of this work is to demonstrate the method’s ability to detect tension loss in suspension bridge cables and prestressed
concrete elements.

Methodology

The proposed method relies on a 1D CNN trained to classify the response measured by the sensor patch into two classes:
healthy or damaged. The following subsections describe the architecture of the 1D CNN, the test structure used to train and
evaluate the model, the training procedure, and the process of estimating damage severity based on the classification output
of the 1D CNN.



Real-Time Structural Health Assessment of a Tension Rod Assembly Using Machine Learning 53

CNN Architecture

Convolutional Neural Networks (CNNs) have been pivotal in image classification and segmentation tasks, particularly be-
cause of their ability to efficiently extract features from images. Unlike traditional computer vision and machine learning
techniques, which depend on manually engineered low-level features, CNNs use their large number of parameters to auto-
matically learn complex mid- to high-level image representations from pixel tensors [12]. 1D CNNs are a variant of CNNs
specifically designed to deal with 1D data (i.e., signals) rather than images. This is achieved by using 1D convolution filters
instead of 2D filters in conventional 2D CNNs. These models consist of three components: convolution layers, subsampling
(or pooling) layers, and fully connected layers. Convolution layers extract features from small regions of the input data. Each
convolution layer is followed by a subsampling (or pooling) layer that reduces the dimensionality of the feature maps and
lowers the number of parameters while keeping essential information. Finally, the fully connected layers or multilayer per-
ceptron (MLP) aggregate these extracted features to compute class scores, which represent the model’s predictions, serving
as the output for tasks such as classification or object recognition.

In this work, the implemented 1D CNN architecture consists of two convolution layers, each with 64 filters, a kernel size
of 80, and rectified linear unit (ReLU) activation. After each convolution layer, a max pooling layer with a pool size of 2 is
applied to downsample the input. The output is then flattened and processed by two fully connected dense layers with ten
neurons each, also using ReLU activation. Finally, softmax activation is applied in the output layer to generate the binary
classification results (damaged or undamaged), as illustrated in Figure 1.
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Fig. 1 Architecture of the 1D CNN.

Test Structure

A small-scale setup, illustrated in Figure 2, has been developed for training and testing the 1D CNN. This setup consists of
a hollow steel section (540mm x 50.8mm x 38mm) with a tension rod extended through its center. Wing nuts were affixed
on either side of the rod and can be adjusted to increase or decrease the tensile stress on the rod. Additionally, two PZTs
(P-876.A15, 61 mm x 35 mm x 0.8 mm) were attached to the setup, serving as both actuator and sensor. These PZTs were
mounted onto the steel section using wooden pieces and steel clamps. Attention was given to ensuring that the clamps were
neither overly tightened, which could affect the PZTs’ functioning, nor too loose, which could lose their stability and signal
transmission. A data acquisition device (NI USB-6212) was used to drive the actuator patch and acquire the response from
the sensor patch. A piezo amplifier (E-835.00) was used to amplify the low-voltage signal generated by the data acquisition
device.

Training Procedure

The 1D CNN model was trained to distinguish between two conditions: healthy (undamaged) and damaged states. The
training process involved the following steps:



54

A. Rababah et al.

Sensing End
Piezoelectric Patch of the Rod ]

at the Actuating

Sensing
HoIIow Steel
end of the Rod Piezoelectric Patch*
5 I
E X
Rod T ]
‘ l

Piezoelectric ’
Patch
.

‘é

e Multifunction
1/0 Device
*Note: Patches are held secure to the

steel with a circular galvanized clamp
and a piece of soft balsa wood

Fig. 2 Labeled diagram of the setup used in testing.

. The wing nuts were fully tightened to represent the completely undamaged structural state. The actuator patch was

then subjected to random white noise excitation, and the vibration response was recorded by the sensor patch for 60
seconds at a sampling frequency of 250 kHz.

. The same procedure was repeated with the wing nuts completely loosened to simulate a fully damaged state.

. The 60-second signals from both healthy and damaged states were divided into 256-sample segments, resulting in

58,594 segments for each condition.

. Each segment was normalized between 0 and 1.
. The segments were labeled, randomly shuffled, and split into 95% for training and 5% for validation.

. The training was conducted using TensorFlow 2.10 [13], with Adam optimizer, a learning rate of 0.001, and a batch

size of 64. The loss function used was binary cross-entropy between the model’s predictions and the true labels. The
classification error was evaluated on the validation set at the end of each epoch. The training was terminated when the
error did not decrease for 8 consecutive epochs.

Structural Health Estimation

The training procedure described in Section 2.3 resulted in a binary 1D CNN that classifies an input 256-sample segment
into two classes: completely healthy or completely damaged. However, it is possible to use the 1D CNN to quantify damage

severities between these two extremes by calculating a damage severity index representing the estimated structural health
(H%) according to the following steps:

. Excite the structure with a white noise excitation for a short period of time (e.g., 2 seconds) at the same sampling

frequency (250 kHz) and measure the response by the sensor patch.

. Divide the measured signal into n segments, each having 256 samples.
3. Process each segment using 1D CNN to obtain its binary class (undamaged or damaged).

. H% is calculated according to the following expression:

Number of segments classified as undamaged

H(%) = x 100 o

n
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The methodology is depicted in Figure 3 below.
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Fig.3 Methodology for calculating the structural health (H%) using a 1D CNN classification model.

Results and discussions

After training the network as detailed in Section 2.2, it was employed to monitor changes in the health percentage (H%)
resulting from variations in rod tension. During testing, the beam was continuously excited using white noise, and H%
was recalculated every 2 seconds as outlined in Section 2.3. The wing nut was adjusted by tightening and loosening it
to different extents to simulate various damage levels. Figure 4 illustrates the H% calculated during multiple cycles of
tightening and loosening. Initially, the wing nut was fully tightened, and the estimated health was nearly 100%, indicating a
completely healthy structure. As the wing nut was gradually loosened, the H% dropped below 40%, indicating an increased
likelihood of structural damage. Repeating this process multiple times caused the H% levels to fluctuate between high and
low values, depending on the current tension level. This demonstrates the model’s accuracy and capability to reflect the
real-time condition of the setup.
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Fig. 4 Real-time structural health percentage, H(%), calculated using the 1D CNN.
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During the testing process, several challenges were identified that impacted monitoring accuracy. One critical issue
was the method of attaching the piezoelectric patches using steel clamps and wooden pieces, which notably affected the
system’s performance and outcomes. As shown in Figure 5a, if the clamps were tightened excessively, both the actuators
and the sensor could not function optimally for excitation and data collection, leading to an underestimation of the damage.
Conversely, if the clamps were too loose, the patches failed to maintain proper contact with the surface, resulting in inaccurate
measurements and unreliable results. In this scenario, the excitation from the actuator would not be fully transferred to the
setup, causing issues with measuring the initial healthy condition. As illustrated in Figure 5b, the fully healthy state does not
accurately represent the connector health as 100%.

Additionally, disturbances from external sources, such as vibrations from movement and contact with the setup or vi-
brations from the desk, adversely affected the health estimation. While these disturbances were managed in a controlled
laboratory environment, scaling the model for application in various conditions requires addressing this issue.
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40 40
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Fig. 5 Impact of clamp tightness on structural health accuracy: (a) Over-tightened clamps, (b) Under-tightened clamps.

Conclusions

This study proposed a vibration-based damage detection technique for monitoring the health of a tension rod assembly. The
method utilized piezoelectric patch transducers for both sensing and actuating. A 1D CNN was trained to estimate the current
tension level applied to the rod. The experimental verification showed that the proposed method successfully calculated a
damage index H% that reflects the actual structural health of the monitored member. In future studies, the method can be
extended and applied to detect damage in the strands of the prestressed concrete beams.
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Chapter 8
Multi-Bridge Indirect Structural Health Monitoring:
Leveraging Big Data and Drive-By Crowdsensing Techniques

Jiangyu Zeng, Qipei Mei, and Mustafa Giil

Abstract This paper presents a novel structural health monitoring (SHM) methodology that analyzes in-vehicle data from
vehicle-bridge interaction (VBI) signals across multiple bridges to detect damage in individual structures. Unlike traditional
SHM methods that monitor each bridge independently, the proposed approach compares the dynamic responses across a
network of bridges using vehicle-collected data. By analyzing changes in correlation coefficients between these bridges, our
method improves the accuracy of damage detection while reducing the likelihood of missed detections. Numerical simula-
tions demonstrate the effectiveness of the method for both single-span and multi-span bridges. This scalable approach offers
a significant advancement in SHM systems, particularly suited for smart cities where large-scale, cost-effective monitoring
is essential.

Keywords Structural Health Monitoring (SHM) - Bridge Network Monitoring - Multi-Bridge Damage Detection - Drive-By
Monitoring - Smart Cities - Scalable Infrastructure Monitoring

Introduction

Structural health monitoring (SHM) is essential for maintaining bridge safety and serviceability, particularly as aging infras-
tructure necessitates proactive interventions to prevent failures [1]. Traditional SHM methods, which rely on fixed sensors
installed on bridges, face limitations such as high costs, logistical challenges, and scalability issues, especially in large bridge
networks [2—4]. Recent advancements, such as drive-by monitoring techniques, utilize vehicle data to infer bridge health,
eliminating the need for permanent sensors and offering more flexible, cost-effective solutions for infrastructure monitoring
[5-10]. These methods, however, often focus on individual bridges, limiting their effectiveness when applied to networks of
bridges within smart cities [11].

The key innovation of this paper is the use of in-vehicle data from multiple bridges to determine the structural health of a
single bridge. By comparing the correlation between dynamic responses across a network of bridges, this signal-level SHM
approach leverages the collective information from other bridges to improve damage detection accuracy. This simultaneous
monitoring of multiple bridges offers a significant improvement over traditional methods that evaluate each bridge indepen-
dently. This concept is inspired by the work of Catbas er al. [12], Malekzadeh ef al. [13], and Riasat Azim and Giil [14],
who demonstrated a similar approach by tracking correlation coefficients and vibration data to monitor structural health in
various types of bridges. The method, validated through numerical simulations, shows strong potential for large-scale SHM
in urban environments, making it particularly well-suited for smart city applications.
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Numerical Simulations

This study employs numerical simulations to collect vehicle vertical acceleration signals as vehicles traverse bridges un-
der various conditions. The data collection focuses on both the baseline and damaged states of bridges, with the dynamic
interaction between vehicles and bridges simulated using an iterative decoupled Vehicle-Bridge Interaction (VBI) model.

In the baseline case, vertical vibration signals were recorded as twelve distinct vehicles, modeled using a one-axle moving
spring-mass system, traversed the bridges. These vehicles varied in mass, spring constant, and speed, with combinations of
three masses, two spring constants, and two speeds to represent different vehicle types. Each vehicle made 20 passes over
each bridge, generating a total of 240 signals per bridge. The bridges used in these simulations shared identical properties
except for their lengths. Bridges Bridge-1-SS through Bridge-10-SS were single-span bridges, while bridges Bridge-11-TS
through Bridge-20-TS were two-span bridges with an additional support located at mid-span.

A validation case, identical to the baseline, was included to ensure consistency and reliability in the monitoring process.
The validation state served as a baseline comparison against future damaged scenarios, ensuring that the monitoring system
can differentiate between normal and damaged conditions accurately.

To simulate structural damage, a reduction in stiffness was introduced. Specifically, a 30% stiffness reduction was applied
to the mid-span region of the bridges, affecting 1/4 of the total bridge length. This damage was designed to reflect realistic
structural deterioration and assess the method’s ability to detect such changes. As in the baseline and validation cases,
each vehicle crossed the damaged bridges 20 times, generating 240 signals for each damaged bridge. The study focuses
on two representative bridges: Bridge-4-SS (Single-Span) and Bridge-17-TS (Two-Span), chosen to assess the method’s
performance across different structural types. .

During all simulations, the vertical acceleration signals of the vehicles were collected. To mimic real-world conditions,
10% artificial noise was added to these signals. To enhance the clarity of the signals, a Gaussian low-pass filter was applied
to suppress high-frequency noise while preserving the key signal components related to the bridge’s structural response.

Analysis

This section presents the analysis of the structural health monitoring process using the signal-level approach, focusing on
direct comparisons of the vehicle acceleration signals collected from multiple bridges. The goal of this method is to identify
structural damage by analyzing changes in the correlation coefficients between the signals from different bridges over time.

Signal-Level comparison and correlation coefficient calculation

The analysis begins with preprocessing the vehicle acceleration signals. The original time-domain signals collected from
vehicles crossing the bridges are transformed into the frequency domain and resampled to focus on the 0-20 Hz range[6].
This frequency range is chosen because it encompasses the typical fundamental frequencies of bridges. In our study, the
highest first-mode frequency among all the bridges is 5.7 Hz, and the highest second-mode frequency is 8.5 Hz. Both of
these frequencies occur on the shortest two-span bridge, ensuring that no critical information is lost by focusing on the 0-20

Hz range.
Following the preprocessing, the Correlation Coefficient (CC) Matrix is constructed. For a system of m bridges, indexed
by i=1,2,...,m, the Correlation Coefficient Matrix CC[i, j] is computed to quantify the correlation between the vehicle

acceleration signals of Bridge ¢ and Bridge ;.

. 1 S o
CClij) = 5, Q;;R(SP,&;) 8))

In this equation, Sz’; represents the resampled frequency-domain signal from the p-th run on Bridge ¢, and Sg denotes the
resampled frequency-domain signal from the g-th run on Bridge j. The terms P and () refer to the total numbers of vehicle
runs on Bridges 7 and j, respectively. The function R(S;',, Sg denotes the Pearson correlation coefficient between the signals
S} and S].

The vehicles entering each bridge are entirely random, meaning that no specific sequence or order of vehicles is assumed
across the bridges. This randomness is important to consider in the correlation analysis, as it reflects realistic traffic conditions
and ensures that the method can handle different vehicle combinations over time.
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This average pooling technique provides a robust summary of the correlations between the structural responses of the
bridges. The focus of our method is not on the absolute correlation values, but rather on how these correlations change when
structural damage occurs. These changes help detect potential structural discrepancies.

System-wide cross-comparison and separation factor calculation

Following the construction of the Correlation Coefficient Matrix, the next step is to assess the changes in correlation co-
efficients between the baseline, validation, and unknown states of the bridges. This is achieved through the calculation of
Percentage Difference Matrices (PDMs) between the correlation coefficients in these states. For every pair of bridges ¢ and
J, the Percentage Difference ACCY3, j] is calculated as follows:

Ccstate [Za ]] - chaseline [17‘7]
chaseline [iv .7]

Here, “’state” refers to either the validation or unknown state, depending on the context. For the diagonal elements (i = 7),
which represent the correlation between a bridge and itself, the percentage difference is defined as:

AC’C’state [Z7 ]] =

x 100%, wherei # j 2)

ACC’Sme ['L, 7,] - O (3)

These diagonal elements are zero since the correlation between the same bridge in different states does not change. The
PDMs constructed using these percentage differences enable visualization of the changes in correlation values between the
baseline and the unknown or validation states, helping to identify potential damage in any of the bridges.

Relative damage index and threshold calculation

To quantify the extent of structural damage, the Relative Damage Index (RDI) is computed for each bridge, which measures
the change in its correlation coefficients relative to the rest of the system. The RDI is derived from the Separation Factor
(SF), which quantifies how distinctly a bridge’s response deviates from others in the system. The SF for each bridge i is

calculated as: . ' . ‘
_ 21 ACC[L k] + 3007 4 ACCk, 4]

SF; - = 4
>ohet 2okt ACC[h, K]
Next, the RDI for the unknown state is computed as:
SFi unknown _ 1
RDI; = € )

S Fi paseline — 1

The Threshold Relative Damage Index (TRDI) is calculated similarly but based on the validation state, replacing the
unknown state in the equation above. The TRDI sets a threshold for identifying damage and accounts for environmental and
operational variations.

Finally, the RDI is compared against the TRDI. If the RDI exceeds the TRDI, the bridge is considered damaged; other-
wise, it remains classified as undamaged. This method provides a robust and scalable approach to detecting damage across
a network of bridges by analyzing changes in correlation values over time.

Results and Discussions

This section presents the outcomes of the signal-level comparison approach applied to two damaged bridge cases: Bridge-4-
SS (single-span) and Bridge-17-TS (two-span). We demonstrate the method’s effectiveness in identifying structural damage
by comparing the PDMs and RDI for both cases.

Percentage difference matrices

The PDMs illustrate the changes in correlation coefficients between pairs of bridges, revealing how the structural responses
deviate from the baseline state. Figures 1 and 2 display the PDMs for Bridge-4-SS and Bridge-17-TS under damaged condi-
tions, each having experienced a 30% stiffness reduction at mid-span.
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Fig. 1 Percentage Difference Matrix for the damaged state: Bridge-4-SS.

In the case of Bridge-4-SS (Figure 1), the PDM exhibits pronounced differences, with values reaching as high as 23.14%.
This indicates significant structural changes, particularly when comparing Bridge-4-SS with other bridges in the system.
These elevated values reflect the localized damage and the limited ability of the single-span structure to redistribute the
effects of the damage, making the changes more concentrated around the affected bridge. The high percentage difference
clearly signals that the single-span structure is vulnerable to localized damage, and the signal-level comparison method is
effective in detecting these changes.

Conversely, the PDM for Bridge-17-TS (Figure 2) shows much lower percentage differences, even though the same
level of damage (30% stiffness reduction) was applied. The largest percentage differences remain below 4%, indicating a
more subdued response to the damage. The lower PDM values suggest that the multi-span structure, with its more complex
geometry and additional support at mid-span, is able to distribute the effects of the damage across multiple spans, thereby
reducing the severity of localized structural responses[15, 16]. This highlights a key difference between single-span and
multi-span bridges, where the structural complexity in the latter allows for better redistribution of stresses, leading to less
pronounced changes in correlation coefficients.

While these visual insights from the PDMs provide an initial understanding of the changes in structural behavior, they
are limited in detecting more subtle deviations that may occur across the bridge network. To address this, the RDI offers a
more comprehensive, quantitative measure for assessing structural health.
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Fig. 2 Percentage Difference Matrix for the damaged state: Bridge-17-TS.

RDI and TRDI results

The RDI is particularly effective as it considers not just individual bridges, but the system-level comparison—i.e., the changes
in correlation coefficients between a specific bridge and all other bridges in the network. By taking a system-wide approach,
the RDI increases sensitivity to subtle changes in a bridge’s behavior, which might be missed when analyzing the bridge
individually. This is particularly important in cases like Bridge-17-TS, where stress redistribution across multiple spans
might lead to less pronounced changes in the PDM.

Additionally, normalization in the RDI calculation helps reduce the impact of external factors like environmental condi-
tions and traffic variations, isolating the changes caused by structural damage. The RDI is computed as shown in Equation 5.
This normalization ensures robustness and emphasizes damage-related structural changes. Moreover, the exponential func-
tion amplifies even minor deviations, which further enhances the ability to detect damage even when the PDM differences
are small, such as in the case of Bridge-17-TS.

Figures 3 and 4 display the RDI distributions for Bridge-4-SS and Bridge-17-TS under damaged conditions, calculated
using five repeated experiments for each bridge.

For Bridge-4-SS (Figure 3), which represents a single-span bridge, the RDI values for the damaged bridge significantly
exceed the threshold value, confirming the presence of structural damage. Specifically, Bridge-4-SS exhibits RDI values of
approximately 16, well above the threshold. However, Bridge-9-SS’s RDI values are slightly higher than its threshold, falling
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within 20% of the threshold, as indicated by the triangle markers. This suggests a possible false positive or minor sensitivity
in the model for Bridge-9-SS. Nevertheless, all other bridges remain well below their respective thresholds, reinforcing the

localized nature of the damage in Bridge-4-SS.

Similarly, for Bridge-17-TS (Figure 4), representing a two-span bridge, the RDI results indicate structural damage. The
RDI values for Bridge-17-TS exceed the threshold, with values around 14 to 16. However, unlike the single-span bridge, the
magnitude of the difference is slightly lower, reflecting the distribution of damage across the multiple spans. Despite this,
the method effectively identifies the presence of damage in a more complex structural configuration, while other bridges

maintain RDI values below their thresholds.
both single-span and multi-span bridges, with the RDI values serving as a robust indicator of damage. The method’s ability

These observations demonstrate the effectiveness of the signal-level approach in detecting structural anomalies across
to consistently identify damage in various bridge types underlines its applicability in diverse structural health monitoring

scenarios.
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Conclusion

This paper introduces an innovative signal-level approach for SHM that leverages information from multiple bridges to en-
hance damage detection accuracy. By utilizing correlation changes between dynamic responses across a network of bridges,
this methodology departs from traditional SHM methods, which focus on monitoring individual structures in isolation. The
ability to infer damage in a single bridge by analyzing data from the entire bridge network offers a more comprehensive
understanding of structural health and reduces the likelihood of missed detections. Simulations for both single-span and
multi-span bridges confirm the robustness of the proposed method. This approach is particularly well-suited for smart city
applications, providing a scalable, cost-effective solution for monitoring large infrastructure networks.
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Chapter 9
A Comparative Study of Feature Selection Methods for Wind
Turbine Gearbox Bearing Fault Prognosis

Feras Abla, Mohammad Hesam Soleimani-Babakamali, Sahabeddin Rifai, Ahmad Rababah, Shawn Sheng,
Ertugrul Taciroglu, Serkan Kiranyaz, and Onur Avci

Abstract This paper focuses on comparing two main approaches for selecting input and target features for training a nor-
mal behavior model (NMB) using wind turbines’ SCADA data. The NMB models aid in predicting gearbox failure in wind
turbine structures. In the first approach, the target feature is excluded from the input features, and in the second approach,
the NBM models are trained using lagged measurements of the target feature. Historical SCADA data from a wind farm
are used in this study. The SCADA data are preprocessed and used to train four sequential artificial neural network long
short-term memory (LSTM) models to predict the normal behavior of the target feature. The analysis of the errors between
the predicted and measured output feature indicates that the first approach is more promising in failure prognosis, and the
gearbox oil temperature is found to be the optimal target feature to foreshadow deterioration in components.

Keywords SCADA data - Wind Turbine - Prognosis

Introduction

The continuous monitoring of wind turbine (WT) components is critical for the early detection of potential failures. Operation
and maintenance (O&M) of wind farms can account for a significant portion of their lifetime expenses, with some offshore
projects reporting costs as high as 30% of the total expenditure [1]. To reduce these costs, condition-based maintenance
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systems are essential. These systems often require additional devices to measure and record the system behavior via various
indicators, such as vibration response. In contrast, using Supervisory Control and Data Acquisition (SCADA) systems for
WT condition monitoring is more cost-effective, as the manufacturer already integrates them into WTs.

Gearbox failures in WTs are particularly costly and result in the longest downtimes [2], making their prognosis highly
critical. Previous research has focused on using SCADA data for WT fault prognosis. For instance, using high-frequency
SCADA data, a neural network model combined with a one-class support vector machine classifier was employed by [3]
to detect early gearbox faults. Their framework successfully predicted anomalies weeks in advance as it detected 80.9% of
anomalies one week before failure. Another study investigated WT gearbox bearing failure prognosis using SCADA data
alongside modeled data [4]. The authors trained and tested four algorithms and concluded that the LSTM model outper-
formed others in detecting faulty data during the month preceding failure. Previous research has also shown that failures of
other turbine components, such as the main bearing, can be detected several months before a catastrophic breakdown [5].

When using neural networks to analyze SCADA data, one of the main challenges is selecting the most relevant features
to ensure accurate predictions of the target feature. Additionally, it is crucial to identify the target feature that best reflects the
deterioration of the component of interest when its behavior deviates from the norm. This study uses only SCADA data to
compare two modeling strategies for predicting WT gearbox bearing failure. In one approach, the target feature is excluded
from the input features, while in the other, the target feature is included as an input. The study also investigates which target
feature is the most reliable indicator of impending WT gearbox bearing failure.

Methodology

The framework in this study consists of three main stages: 1) data preprocessing, 2) training and validating the normal
behavior models (NBMs), and 3) testing the models on unseen data to compare the capacity of different approaches in
performing gearbox bearing fault prognosis.

Data preprocessing

The data used in this study was collected by a research partner from a wind farm in the southern USA from December 1,
2008, to October 31, 2018. Table 1 details the available SCADA data per channel and unit. Only one WT was analyzed from
the dataset. The selected WT experienced a high-speed shaft gearbox bearing failure. The gearbox was replaced on January
13, 2011, which is considered as the failure date in this study.

Table 1 SCADA channels for the available data.

SCADA channel Units
Power kW
Rotor speed rpm
Wind speed m/s

Wind direction (10 sec) -
Wind direction (1 sec) -

Gearbox oil temperature °C
Gearbox bearing temperature °C
Ambient temperature °C
Nacelle temperature °C

Since the impact of installing new components in the WT is not within the scope of this research, data collected after the
gearbox replacement is omitted. Additionally, data recorded during low or extremely high wind speeds and during mainte-
nance periods were excluded. Only data collected under normal running conditions were retained. Despite the discontinuity
in the data, and given that the potential imputation methods may impact the comparison, no data imputation was performed.

The dataset was split into training, validation, and test sets, as shown in Figure 1. To ensure the model is trained only on
healthy data, the last 9 months before the failure date (which may contain faulty data) were reserved for testing, while the
remaining data was used for model training. Finally, the data was normalized to a [0, 1] range since the features have varying
scales.
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Fig. 1 Training, validation, and test data split for the studied WT.

Normal Behavior Model Development

Recurrent neural networks are designed for temporal data [6], preserving the running flow of information for their decision-
making process. Long Short-Term Memory (LSTM), a type of recurrent neural network, is thus chosen to build four neural
network architecture models to accommodate various features to be chosen as input and target features. The input and target
features for each model are shown in Table 2. Gearbox oil and bearing temperatures, which are relevant to the component
of interest, are selected as target features. Two models with different input features are built to predict each target feature.
Models 1 and 2 predict future instances of the gearbox oil temperature from past measurements of the input features—i.e.,
to predict the gearbox oil temperature at time ¢, observations of the input features at times (¢-1), (¢-2)..., (t-n) where n =144,
which is equivalent to the number of recorded measurements per day are fed to the model. Similarly, Models 3 and 4 are
built to predict the gearbox-bearing temperature.

Table 2 Input and target features for each model.

Model 1 Model 2 Model 3 Model 4
Input Target Input Target Input Target Input Target
Features Feature Feature Feature Features Feature Feature Feature
Power Power
Rotor Speed Rotor Speed
Wind Speed Wind Speed
Gearbox Gearbox Oil | Gearbox Oil | Gearbox Oil | Gearbox Oil Gearbox Gearbox Gearbox
Bearing Temperature | Temperature | Temperature | Temperature Bearing Bearing Bearing
Temperature Temperature | Temperature | Temperature
Ambient Ambient
Temperature Temperature
Nacelle Nacelle
Temperature Temperature

Testing the NBMs and Gearbox Bearing Fault Prognosis

In the final stage, the trained models were tested on unseen data to evaluate their ability to predict gearbox bearing faults.
The test data was used to assess the models’ performance in identifying early signs of gearbox deterioration. The models’
accuracy in forecasting abnormal behavior and potential failures was evaluated by comparing the predicted values to the
actual SCADA measurements during the test period. The effectiveness of each model was determined based on how well it
detected deviations from normal operating conditions leading up to the gearbox failure.

Results and Discussion

After training the four NBM models, they were used to predict the target features. Figures 2(a) and 2(b) show the predicted
and measured target features over a specific period from the test set. The predictions closely align with the measured normal
signals, demonstrating that the models learned the normal data patterns with a high degree of accuracy.

Table 3 presents the root mean squared errors (RMSEs) for comparing the predicted and actual target features during
the last three months before the reported failure. All models show an increasing trend in the RMSE as the failure date
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Fig. 2 Target feature prediction: (a) measured and predicted Gearbox Oil Temperature for a specific period in the test set,
b): measured and predicted Gearbox Bearing Temperature for a specific period in the test set.

approaches, suggesting that the rising error is likely due to the progressive deterioration of the component before the actual
failure occurs. For Model 1, which predicts gearbox oil temperature, the RMSE increased by 13% from the third-to- last
month before failure to the second-to-last month, and 70% from the second-to-last month to the final month. Similarly, for
Model 2, which also predicts gearbox oil temperature, the RMSE rose by 15% from the third-to-last month before failure
to the second-to-last month, and 37% from the second-to-last month to the final month. For Models 3 and 4, which predict
gearbox bearing temperature, the RMSE increased by 2.5% (Model 3) and 15% (Model 4) from the third-to-last month to
the second-to-last month before failure. From the second-to-last month to the final month, the RMSE increased by 46% for
Model 3 and 25% for Model 4. These results indicate that Models 1 and 3, which predict their target features using six input
features, are more indicative of impending failure compared to Models 2 and 4, which use past measurements of the target
feature as input. Furthermore, the changes in error between the predicted and actual gearbox oil temperature provide more
reliable predictions of future failures than those between the predicted and actual gearbox bearing temperature.

Table 3 RMSE for the four models for the last month before gearbox bearing failure.

Model 1 \ Model 2 \ Model 3 \ Model 4

Period of testing RMSE
Third last month before failure 0.0195 0.0159 0.0197 0.0164
Second last month before failure 0.0222 0.0183 0.0202 0.0189

Last month before failure 0.0378 0.0251 0.0295 0.0237
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Conclusions

This paper investigated two alternative approaches for training NBMs for WT gearbox bearing fault prognosis and explored
the optimal feature for detecting deterioration in the component of interest. The analysis of four different NBM models
demonstrated that training the model using features that exclude the target feature is more effective for fault prognosis
than the approach that utilizes past measurements of the target feature. Additionally, the results revealed that gearbox oil
temperature is a more reliable indicator of gearbox bearing deterioration than gearbox bearing temperature.

Future work will employ generative models, such as Generative Adversarial Networks (GANs), for WT gearbox prog-
nosis. Moreover, the potential of analyzing the frequency domain instead of the time domain will also be investigated.
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Chapter 10

Damage Identification on Gear Drivetrains Using Neural
Networks Trained by High-Fidelity Multibody Simulation Data

J. Koutsoupakis, D. Giagopoulos, G. Karyofyllas, P. Seventekidis, and S. Natsiavas

Abstract In this work, structural health monitoring of an experimental gear drivetrain is examined by means of machine
learning algorithms trained though high-fidelity data, generated by optimal Multibody Dynamics models. The model’s ac-
curacy is enhanced through detailed modeling of the contact mechanics in gear meshing, via the development of a novel
contact force model dedicated to gears, which accounts for the effects emanating from the time varying mesh stiffness,
transmission error and backlash between them. This detailed contact force formulation takes into account the geometry of
the gears, allowing for modeling potential asperities in them, such as surface roughness, spalls or missing teeth, which may
lead to errors during motion transmission and produce greater damages in a mechanical system. Data is then generated
through repetitive simulations of the optimal numerical model, simulating the system’s operation in its healthy state as well
as in the presence of faults. The produced data is then used to train an ensemble of neural networks for the task of structural
health monitoring on the gear drivetrain through analysis of its response in the frequency domain. The trained algorithms
are then employed in damage detection and characterization on the physical drivetrain, proving that they can generalize their
health state predictions on unknown, real-world data successfully, and validating the proposed structural health monitoring
framework of utilizing training data from the numerical domain.

Keywords Time Varying Mesh Stiffness - Backlash - Transmission Error - Nonlinear Dynamics - Machine Learning

Introduction

As awareness regarding the benefits of proper maintenance of machinery increases, the need for timely detection of defects
in transmission systems, particularly those used in critical applications such as industrial machinery or vehicles has led
to the development of a series of Condition Monitoring (CM) methods. Vibration-based methods in particular have been
extensively applied to gear transmission systems due the large amount of information contained in the system’s vibration
response and the accessibility of data even during operation of a system [1][2][3]. While, traditionally, damage detection
would be based on signal analysis tools and fault indices, such as the Root Mean Square (RMS) or kurtosis of a measured
signal, as well as the analysis of a system’s response from a professional, the rapid increase in Machine Learning (ML)
algorithms and tools has provided additional options in the task of CM [4][5][6]. While powerful, as ML methods such
Artificial Neural Networks (ANNSs) are global approximators, use of such tools requires vast amounts of data, particularly
for labeled classification tasks, such as damage detection and characterization, that is, accurately predicting the health state of
a mechanical system requires that the ML algorithm has been trained on similar, labeled data. This data, however, is usually
scarce or even inexistent, due to the prohibiting cost of extensively instrumenting machinery or, in the case of collecting
damaged state data, deliberately causing defects to a machine’s components. To mitigate this shortcoming, multiple data
augmentation methods can be found in literature [7][8], as a means of producing more samples based on a small number of
physical measurements. These data augmentation methods, however, require measurements of every defect of interest, thus
not being practical in cases where no data from nominally identical structures and cases is available.

To this end, numerical simulations have been explored as a means of synthetic data generation, where using methods such
as Finite Element Modeling (FEM) [9] or Multibody Dynamics (MBD) analysis [10], one can generate a virtually infinite
amount of data from models corresponding the different health states of a system. Using this simulation data, algorithms
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such as ANNSs can be trained in the numerical domain and employed in making predictions in the physical domain, so long
as the simulated data hold similar characteristics as those contained in the physical measurements. This similarity between
the numerical and physical data is achieved by optimizing the models using a small number of healthy state measurements
as well as powerful optimization techniques [11], aiming to minimize an objective function between simulated and real
system responses. While this framework has previously been tested, it has become obvious that its capacity is limited by
the capacity of the numerical models, that is, especially in cases where machinery is concerned, the MBD models must be
able to simulate the various mechanisms of the system with as much accuracy as possible. Gear transmission systems in
particular comprise complex mechanisms, where phenomena such as gear meshing dominate the system’s response and are
usually the key features in a measured signal. Additionally, wear-related faults in gear transmission systems most commonly
appear in components such as bearings (inner/outer race defects, etc.), and gears, where cracks or spalls can appear in gear
teeth. To accurately model such phenomena, mechanisms such as the Time Varying Mesh Stiffness (TVMS), dynamic error
and backlash between gear teeth must be taken into account in the model, aiming to increase the accuracy and fidelity of
the results. In this work, a detailed gear meshing force formulation is developed, aiming to achieve high-fidelity simulations
where the time varying effects of gear meshing are accurately presented in the numerical model of an experimental gear
drivetrain system. The enhanced model, after being properly optimized, is employed in data generation for different health
states of the drivetrain, producing the data necessary to train an ensemble of Deep Neural Networks (DNNs) for classifying
the physical system’s health state.

The rest of this work is structured as follows: First, the theoretical formulation used in this work is described in the
Background section. Afterwards the experimental set-up and corresponding MBD models are shown in the Analysis section,
where the results of the numerical simulations and damage classification are also presented, aiming to validate the proposed
method experimentally. Finally, the findings of this work are discussed in the Conclusions section and further developments
are briefly discussed.

Background

The stiffness of a tooth in a meshed gear pair can be broken down to five components based on the potential energy method
as [12]:
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where K3, Ky, K, K, and K denote the Hertzian, bending, shear, axial and fillet foundation stiffness. The terms E, L and
v are the tooth material modulus of elasticity, the width of the gear tooth and Poisson’s ratio respectively and (; and o are
explained schematically in Figure 1. Last, the rest of the terms of Equation (5) are derived from [13].

Note that the Line of Action (LoA) is estimated as the tangent between the two gear base circles. As such, depending on
the number of gear teeth, the potential energy method may lead to an over or underestimation of the meshing stiffness. To
take this error into account, the meshing stiffness estimation must be split to two cases, based on the minimum number of
teeth in a gear, which can be estimated as:

Rmin = Qha/SiHQQ ()

where h,is the addendum of the gear and a is the nominal pressure angle of the gear. The distinction between the two cases
can also be achieved by estimating the root and base radii of the gear as:
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Fig. 1 Cross-section of a gear tooth profile.
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where m is the normal module, and ¢,, is the tip clearance coefficient. Depending on the actual teeth in a gear, the stiffness
components can be estimated as:
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This error in the estimated stiffness is better explained in Figure 2, where the relation between angles ¢s, (3 as well as
between the base and root circles is shown.
For a single tooth pair contact, the stiffness can be estimated based on Equations (1) - (9) as:

1

1 1 1 1
+ K’y + K’ + Ko + Ky

Ksrp = — withi=1,2 (10)
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Similarly, for the case where more than one gear tooth pair is in contact, the meshing stiffness can be estimated as:
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Fig.2 Cross-section of a gear tooth profile.

Here, the subscript ¢ denotes the pinion (1) and driven (2) gear and j denotes the tooth pair up to /N meshed tooth pairs.
In literature, there is a multitude of models which can be used to estimate the normal force between to contacting bodies,
such as two gears in mesh. The general expression of the contact normal force is given as:

Fy = K& + x6"6 (12)

where K denotes stiffness, § and § are the indentation depth between the contacting bodies and the respective indentation
velocity, n is the nonlinear exponent and  is the hysteresis damping coefficient which, based on the formulation used, is
given in Table 1. In the equations shown in the table, c, is the coefficient of restitution.

The formulation described in Equations (1) - (11) describes the TVMS for spur gears, where the contact angle is constant
for the whole width of a gear tooth. In helical gears, however, due to the helix angle of the gear teeth, the contact angle
changes along the width of the gear teeth. To account for this, the slicing method is used to split the gear tooth into subsections
and the stiffness is estimated for each slice individually [12]. Then, the total stiffness of a tooth pair can be estimated as the
sum of the individual slice stiffnesses as:

M
Kior =) K (13)
i=1
where K; denotes the stiffness of each slice.

Table 1 Hysteresis damping factor x with respect to the contact force model.
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Aiming to improve the accuracy of the MBD model developed on this work, the Covariance Matrix Adaptation Evolution
Strategy (CMAES) was employed. The CMAES algorithm is a powerful population-based method, which is well suited for
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optimization of non-linear problems, such as the one tackled in this work [9][10][11]. The objective function used in this
work is formulated as:

M N
TO) = | D (i (0) = uij)” (14)
i=1 \ j=1

where ¢;; (¢) and y;; denote the frequency responses of the numerical and experimental acceleration data respectively,
6 denotes the vector containing the contact force related parameters. The subscripts i, j correspond to the measurement
location and data point respectively.

In this work, health state classification is achieved in an automated manner by utilizing an ensemble of Deep Learning
(DL) classifiers, namely Convolutional Neural Networks (CNNG5), trained on data generated from the optimal MBD models
of the system in its healthy and damaged states. The trained network ensemble is capable of making predictions on the
health state of the physical drivetrain due to the fact that the numerical data is provided through high-fidelity, optimal MBD
models, as well as due to the powerful feature extraction capabilities of the convolutional layers. This method of health state
classification is presented in the flowchart of Figure 3.

[ Healthy state measurements J » [ Optimal FE/MBD model ] » [ Damaged state FE/MBD models ]

¥ I

FE/MBD Model Contact Force
Models r
Trained Classifier «
measurements

Damaged Detection
And classification

Fig.3 Numerical data-based ANN training and health state classification method.

Analysis

The experimental system examined in this work is the single stage helical gear transmission system which is shown in
Figure 4. The shafts are mounted on the gearbox via deep groove ball bearings while the gears are fixed on the shafts using a
screw-wedge mechanism. The gearbox cap is made out of plexiglass, allowing for viewing the gears during operation. Two
electric motors are used in the system, comprising the drive and load motors at the inlet and outlet of the setup respectively.
The characteristics of the gears used in the experimental setup are explained in detail in Table 2. Experiments were conducted
for three inlet velocity values, namely 450, 775 and 1100 RPM, with the load at the outlet shaft kept constant at 10 Nm. Two
triaxial accelerometers, denoted as A1 & A2, were placed on the gearbox, above the inlet and outlet shafts respectively, and
measurements were extracted with a sampling frequency of 5120 Hz.

Outlet gear

Fig. 4 Single stage helical gear transmission system.
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Table 2 Gear geometry related parameters.

Gear Inlet Outlet
Module [mm] 2.25 2.25
Number of teeth [—] 29 44
Pitch Diameter [mm] 72.7 110.3
Pressure angle [deg] 20 20
Helix angle [deg] 26 26
Helix hand [-] R L

The corresponding MBD model of the single stage gearbox is shown in Figure 5.

Fig. 5 Single stage helical gear transmission system — MBD model.

A spring-damper force is used to simulate the stiffness at the bolted joints at the base of the gearbox, while the shafts
are connected to the gearbox through bushing forces, used as a simplified means of modeling bearings. While this does not
allow for modeling the precise bearing dynamics, it was sufficient for the present work, where gear-related phenomena are of
interest. Last, the gears are considered fixed to the shafts and a contacting force is acting between them. A constant velocity
profile is used as an input to the model while a torque acts on the outlet shaft, simulation the load at the end of the gearbox.

Following the optimization process described in the theoreetical background section, the model was optimized based
on the healthy state acceleration measurements of the gearbox. The parameters used in the optimization process were the
elastic modulus of the gears, assumed equal for both gears, the contact force model (Table 1), the coefficient of restitution
and the nonlinear exponent. The final contact stiffness value was estimated based on the Hertzian stiffness formula Equation
(1). The updated values for these parameters are shown in Table 3. It should be noted that the parameters of the bushings
used in the shafts as well as the spring-damper component that was used to connect the gearbox to the ground could have
also been included in the optimization but were omitted for the sake of speeding up the process. This is due to the fact that
population-based methods, such as the CMAES algorithm used in this work, require a large number of instances/population
for each iteration, which increases as the number of model parameters increases. For these components, nominal values were
derived from literature, based on properties used in similar applications, and were then fine-tuned manually, ensuring the
final model yielded realistic results.

Table 3 Optimal model and parameters.

N
Contact force model  E [ ] ¢ [—] n[—]
mm?
Lankarani &
Nikravesh 2.08e5 0.95 2.13

Figure 6 shows a comparison between the experimental and optimal MBD frequency responses of the single stage driv-
etrain, measured at the Y axis of accelerometer A. As shown, while both systems display peaks at the orders corresponding
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to the Gear Mesh Frequency (GMF) and its harmonics, there are some visible differences in the magnitude of the vibrations.
Considering that the model was optimized based on the healthy response of the system, this difference in the two responses
can be attributed to the limitations imposed due to the modeling of the contact mechanism in the numerical model. That is,

while the MBD takes into account phenomena such as the varying backlash between gear teeth as well as the geometry of
the tooth, the contact normal force model does not account for the TVMS between gear teeth.

—— Experimental Healthy ——Optimal MBD Healthy
0.07

0.06 |

g | i . | ‘f\
0.05 - ! i‘\ | ‘(‘ /Ir\m
E 0.04 - .’j ‘\'\ /P\ / /*;‘ \‘\
é /‘/15\\ \\ L \\m
0.02/

Order [-]

Fig. 6 Frequency response comparison between the experimental and optimal MBD system in its healthy state at 775 RPM.

Aiming to include the effects of TVMS in the MBD model, an augmented contact normal force model was constructed
based on the formulation of Equations (1) - (12). By combining this detailed stiffness formulation with the MBD model, the
contact forces between gear teeth can be estimated with increased accuracy, as the effects of the varying stiffness due to the
changes in the contact angle are taken into account in addition to the force being estimated for infinitely small slices of the
gear teeth, due to the contact detection algorithm that is built-in in the MBD model. The operations used in this augmented

contact normal force model are described in Algorithm 1, and the stiffness profile resulting from the TVMS formulation is
shown in 7.

Algorithm 1. Gear contact normal force algorithm.

~——Double tooth mesh — Single tooth mesh

e At time ¢;, simulation step j: ’ ] ]

Step 1. Detect contact between gear teeth at points loc;, i = e
1:N
For loc in loc;:

ES

S

Step 2. Calculate the angle ¢ between the LoA
and the normal to tooth surface at loc

Step 3. Calculate the mesh stiffness K at loc i /—J
using Equation (10)

Normalized stiffness |-]
[

L—

08

Step 4. Calculate the normal force F ; at loc
using Equation (12) Fig.7 Time Varying Mesh Stiffness profile.

Step 5. Return F y = Zf\; Fn
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The effects of the TVMS model are shown in Figure 8 where comparison between the measured and simulated responses
is shown for the Y axis of Accelerometer Al.

l—*— Experimental Healthy —4— Constant Stiffness MBD —=— Varying Stiffness MBD]
0.07 ' -
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0.06 - | GMF

005~ |
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Acceleration [m/szl
S
=
w
T

0.02 -
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Order [-]

Fig. 8 Comparison between the experimental and the constant and varying stiffness MBD models of the system in its
healthy state at 775 RPM.

In this work, two defects were examined to validate the modeling and CM framework. The first case, which for the rest
of this text is denoted as Damage 1 (D1), is that of a missing tooth on the inlet gear. The second case, henceforth denoted as
Damage 2 (D2) is that of a surface defect on one of the gear teeth. The respective fault cases are shown in Figure 9.

4 »

' Surface defect
A

Fig. 9 Experimental drivetrain defective gear cases.

The results from analysis of the system through the MBD simulations of the two damaged gear cases are shown in
Figure 10. As indicated by the figure, the damages result in changes in the magnitudes of the GMF and its harmonics, a
change in the features of the signal that the DL classifier is expected to be able to identify with great accuracy.

While the results from the optimal MBD simulations in the healthy state of the system indicate a high fidelity between
the simulated and measured system responses, validating the proposed numerically trained — experimentally validated CM
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Fig. 10 Comparison between the optimal MBD frequency responses of the three health states at 775 RPM.

framework requires that the DL algorithms are proven capable of generalizing their predictions on unseen, physical measure-
ments. To this end, an ensemble of 10 CNNSs is created for the task of multiclass classification. The CNNs, whose architecture
is shown in Figure 11, were trained for 25 epochs, on 2000 samples for each health state of the system, generated from the
optimal MBD models. The loss function used in the training process was the categorical cross entropy and the optimizer
selected was Adam, with a learning rate of 0.002.

4 “Comad | ) (N arehitecture
4 \
MaxPooling2D = -

BatchNormalization ]

/
- ) Reshape
MaxPooling D = -

{ BatchNormalization ]

W —

Flatten

x10

- ) (==

Fig. 11 DL classifier architecture — CNN ensemble.

The CNN ensemble was tested against a total of 300 experimental samples, corresponding to 100 samples for each of
the health states. The health state classification results, which are shown in Figure 12, indicate a high level of accuracy and
robustness in the predictions of the CNN ensemble. The networks are proven capable of making accurate predictions for each
of the three different operating velocity values. Here, it should be noted that the networks are always capable of identifying
the D1 case, that is, the missing tooth one, due to the fact that its much more extensive a defect compared to the surface
defect. Similarly, most misclassification errors are observed between the healthy and D2 states, where the surface fault is not
as extensive and, as such, affects the system’s response much more subtly.
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Fig. 12 Health states classification results for the experimental single stage gear drivetrain.

Conclusion

In this work, an augmented optimal MBD model of a single stage gear drivetrain is developed in order to create high-
fidelity data for training an ensemble of DL classifiers for CM on the corresponding physical system. This augmented model
incorporates an advanced contact normal force module, dedicated to gear meshing, where the effects of the TVMS are taken
into account during simulation. This formulation, which is proven to yield improved results compared to the constant stiffness
modeling of the contact forces between gears, results in highly accurate numerical data, whose features indicate increased
similarity with the physical system’s measured response. The developed CNN ensemble which is trained on numerical data
alone is proven capable of making accurate predictions of the system’s health state, while its robustness is also validated
through its application on three different operating velocity conditions. The results derived from this work indicate that
modeling mechanisms such as contacts, which are dominant in gear-related applications, with greater detail can significantly
improve the simulation accuracy, aiding in the development and improvement of simulation-based DL methods.
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Chapter 11

Advanced Condition Monitoring framework for CFRP Gear
Drivetrains Using Machine Learning and Multibody
Dynamics Simulations

G. Karyofyllas, J. Koutsoupakis, and P. Giagopoulos

Abstract The advancements in key industry sectors such as automotive, wind turbines, oil, and gas have led to the increased
use of Carbon-Fiber Reinforced Polymer (CFRP) materials in constructing shafts and gears with metal connectors for
transmission drivetrain applications. Monitoring the health of these drivetrain components can prevent failures and enable
effective maintenance schedules, ensuring high availability, reliability, and maintainability. Real-time condition monitoring
(CM) via vibration measurements allows for fault detection and predictive maintenance. The accuracy and robustness of a
CM application depend significantly on the availability of data for various health states, which typically necessitates com-
prehensive experimental measurements. In this work, an innovative condition monitoring (CM) framework for detecting
and localizing damage in a lab-scale gear drivetrain system is presented. The framework leverages Machine Learning (ML)
models that are trained on data produced through numerical simulations based on an Optimal Multibody Dynamics (MBD)
model of the physical system. The experimental drivetrain is a single-stage system using CFRP shafts and gears, necessi-
tating a high-fidelity MBD model to accurately represent the nonlinear material properties and layup of the CFRP shaft, as
well as the 3D-printed gear set. The system, comprising shafts and gears, is mounted in four support bearings included in the
MBD model. The model’s precision is improved by thoroughly modeling the contact mechanics involved in gear meshing.
This includes the development of an innovative contact force model that considers the influences of variable mesh stiffness,
transmission error, and backlash. The objective is to perform damage identification across different health states using simu-
lated responses for supervised health state classification, rather than relying solely on experimental data. Damage scenarios
considered include cracks and delamination in the composite shaft and surface roughness, spalls, or missing teeth in the gear
pair. The robustness and accuracy of the ML models are validated by accurately classifying faults in the physical system,
demonstrating the proposed damage detection method’s generalization capabilities and potential.

Keywords Carbon-Fiber Reinforced Polymer (CFRP) - Condition Monitoring (CM) - Multibody Dynamics (MBD) -
Machine Learning (ML) - Gear Drivetrain - Damage Detection - Contact Mechanics

Introduction

In recent years, the increasing adoption of advanced materials like Carbon-Fiber Reinforced Polymer (CFRP) in key industry
sectors, including automotive, wind turbines, and oil and gas, has sparked a transformation in the design and manufacturing
of critical drivetrain components such as shafts and gears. The superior mechanical properties of CFRP, including a high
strength-to-weight ratio, fatigue resistance, and corrosion resistance, make it an ideal choice for applications requiring high-
performance, lightweight components [1]. These materials are particularly suited for transmission drivetrain systems, where
energy efficiency, durability, and reliability are paramount. However, as CFRP components are integrated more widely into
complex mechanical systems, the need for effective monitoring and maintenance strategies becomes increasingly important
to prevent unexpected failures and optimize operational performance [2].

A crucial aspect of ensuring the reliability and performance of drivetrain systems is the ability to monitor the health of
components in real time. Condition monitoring (CM) plays a vital role in detecting early signs of wear, damage, or faults in
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drivetrain components, enabling predictive maintenance and reducing the risk of costly breakdowns [3]. Among the various
CM techniques, vibration-based monitoring is a well-established method for identifying faults in rotating machinery [4]. By
analyzing the vibrational response of components, it is possible to detect deviations from normal operating conditions that
may indicate the presence of damage, such as cracks, surface roughness, or gear tooth wear [5]. This approach provides a
non-invasive and efficient means of assessing the health of drivetrain systems [6].

Despite the advantages of vibration-based condition monitoring, one of the key challenges is the requirement for a
comprehensive dataset that accurately represents various health states of the system. In traditional CM approaches, this
dataset is typically generated through extensive experimental measurements, which can be time-consuming, costly, and
sometimes impractical, especially when dealing with novel materials like CFRP [7]. Moreover, obtaining experimental data
for different damage scenarios and fault types may be difficult due to the complexity and diversity of possible failure modes in
drivetrain systems. Therefore, there is a need for innovative methods to complement or replace experimental data collection
for the development of robust condition monitoring frameworks [8].

In this work, is proposed an innovative condition monitoring framework that addresses these challenges by leveraging
numerical simulations to generate training data for machine learning (ML) models. The proposed framework focuses on
the detection and localization of damage in a lab-scale gear drivetrain system that incorporates CFRP shafts and gears.
Rather than relying solely on experimental data, a high-fidelity multibody dynamics (MBD) model of the drivetrain system
to simulate is utilized the vibrational responses under various health states [9]. The MBD model incorporates the nonlinear
material properties and layup of CFRP shafts, as well as the intricate contact mechanics involved in gear meshing, including
variable mesh stiffness, transmission error, and backlash [10]. These factors are essential for accurately simulating the
physical behavior of the drivetrain components, particularly under different damage conditions [11].

The use of CFRP in shafts and gears presents unique challenges for condition monitoring due to the material’s anisotropic
behavior and complex damage mechanisms, such as delamination and cracking [12]. Additionally, the gear pair, constructed
using 3D-printed materials, introduces further complexity due to the possibility of defects such as surface roughness,
spalling, or missing teeth [13]. To address these challenges, an innovative contact force model that captures the dynamic
interactions between the gear teeth is developed, enabling accurate simulation of the vibrational response under healthy and
damaged conditions. The simulated responses generated from the MBD model serve as the training data for the machine
learning models, which are then used to classify the health state of the drivetrain system. Supervised learning algorithms
are employed to differentiate between normal operation and various damage scenarios, including cracks and delamination
in the composite shaft and gear defects such as surface roughness and missing teeth. By training the ML models on numeri-
cally simulated data, we can bypass the need for exhaustive experimental measurements while still achieving high levels of
accuracy and robustness in fault detection and classification.

The key contributions of this research are twofold. First, is presented a comprehensive MBD model of a drivetrain system
with CFRP components that accurately simulates the complex dynamics of the system under different health conditions. This
model includes detailed representations of the material properties, contact mechanics, and gear meshing behavior, providing
a realistic basis for generating training data [14]. Second, is demonstrated the effectiveness of machine learning techniques in
classifying faults based on the simulated data, showcasing the potential for integrating numerical simulations and data-driven
methods in condition monitoring frameworks [15]. The proposed approach not only reduces the reliance on experimental
data but also improves the generalization capabilities of the CM system, making it applicable to a wide range of drivetrain
applications [16].

The remainder of this paper is organized as follows: First, the Background section outlines the theoretical foundation,
including the multibody dynamics (MBD) model and the associated theoretical equations. This section also covers the
modeling of contact forces between the gears and bushings, as well as the data mining process used to train the machine
learning (ML) model. Additionally, the basic formulation for identifying the drivetrain’s condition through the ML model is
presented. Next, the Analysis section provides a detailed description of the drivetrain system under investigation, focusing
on the CFRP shafts and 3D-printed gears, as well as the development of the MBD model to simulate the system’s dynamics.
This section also discusses the model updating process, in which the MBD model is refined using experimental datasets from
the drivetrain’s healthy state. Simulated damage scenarios are introduced as part of this section. In this section, the results
of the fault classification experiments are also presented, accompanied by an analysis of the model’s accuracy and its ability
to generalize across different conditions. Finally, the paper concludes with a Conclusion section, summarizing the findings
and providing recommendations for future research directions in condition monitoring for CFRP-based drivetrain systems.

Background

Multibody Dynamics (MBD) is a framework used to describe the dynamic interactions between interconnected bodies
in a system. These bodies are connected through kinematic constraints and are influenced by both internal and external
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forces. When a system consists of components with varying degrees of stiffness or flexibility, its equations of motion can be
expressed generally as:

M+ Cq+ Kq=f(t)+ ATA |

{ (g 1) =0 M)

In this formulation, M, C, and K represent the system’s mass, damping, and stiffness matrices, respectively. The terms
4, g, and ¢ denote the acceleration, velocity, and displacement vectors of the system’s generalized coordinates. f refers to
external forces acting on the system, while A7 \ accounts for the constraints imposed by Lagrange multipliers. The constraint
equations @(g,t) = 0 ensure that the kinematic constraints defined by the system’s ideal joints are satisfied, allowing an
accurate depiction of the dynamics of both rigid and flexible components [17].

In the drivetrain MBD model, bushings are introduced to act as both supports and flexible connectors between com-
ponents. Bushings allow relative motion between parts while providing resistance to specific degrees of freedom, adding
flexibility compared to rigid connections. They are typically characterized by their stiffness and damping properties, and
their force-displacement behavior is often modeled using a spring-damper system. The equation governing the forces ex-
erted by a bushing is typically: )

F=—kx§d—cx*d 2)

In this equation, F represents the force exerted by the bushing, k is the stiffness, ¢ is the damping coefficient, § is the
deformation of the bushing, and 4 is the rate of deformation (velocity). This model effectively captures the compliance and
damping behavior of the bushing, which plays a crucial role in the dynamics of the system by allowing controlled flexibility.

In the drivetrain MBD model, contact between the gear pair is defined to accurately capture the interaction forces during
meshing. To simulate the energy dissipation within the system, a damping component is introduced alongside the stiffness
component of the contact force. This damping is represented using a hysteresis damping factor, which accounts for energy
loss due to material deformation and contact mechanics. The hysteresis factor  is determined using one of several available
models, with each model providing a distinct relationship between the hysteresis factor, coefficient of restitution (¢,.), and
the initial indentation velocity (6) at the moment of contact [18]. The general form of the damping model is given by:

Fpo= —kxd"—x*x0" %4 (3)

Table 1 provides a summary of different models used to estimate the hysteresis damping factor x based on the contact
force model.

Table 1 Hysteresis damping factor x with respect to the contact force model.

Gharib & Hurmuzlu | Herbert & McWhannel Flores et al. Lee & Wang
1K 6(1—c¢) kK 8(1—¢) K 3(1—-¢) K
¢ 6 (2¢c, —1)2+36G 5¢c, 802 4 5O

Hunt & Crossley Lankarani & Nikravesh Zhiuing & Qishao Gonthier et al.

3(1—c) K 3(1-¢?) K 31— cBe?) gk | 1-¢ K
2 0 4 §& 4 e) ¢ 60)

The contact forces between the gears and the forces in the bushings of the drivetrain model are then optimized for best
performance by tuning the model parameters using the Covariance Matrix Adaptation Evolution Strategy (CMA-ES). CMA-
ES is particularly effective in handling complex optimization scenarios characterized by discontinuities, noise, local optima,
and other challenges [19]. The goal is to optimize a set of model parameters § by minimizing the error between the experi-
mental dataset and the predicted model’s response in the frequency domain, obtained through Fast Fourier Transformation
(FFT) of the accelerations at the bearing positions.

The error between the experimental and numerical responses for the ¢ — th predicted model can be minimized using the
following cost function:

N m a = 2
AUEESY ijgm(e),] ) 4
=1

j=1 (ai;)?

In this equation, a (0), ; represents the FFT of the acceleration response at the j — th bearing location for the ¢ — th
frequency in the numerical model, and a;; is the FFT of the experimental acceleration data at the same bearing location.
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The optimization starts with an initial set of parameters in the vector 8, which represent the parameters for the drivetrain’s
numerical model.

The CMA-ES algorithm iteratively updates the parameters by calculating the numerical model’s response and minimizing
the cost function J(6), which is based on normalized least squares error. The process continues until the parameter values
are refined, aligning the numerical and experimental frequency responses, and ensuring a more accurate representation of
the drivetrain’s dynamics.

Next, the optimal MBD model is utilized to generate labeled data for training the proposed supervised machine learning
framework. This numerical model produces a comprehensive dataset that encompasses various health states in the rotor
dynamics model under investigation, providing detailed information about both the health status and specific instances of
damage occurring at discrete locations within the structure. To account for the inherent uncertainty in real-world systems,
key hyperparameters 6 are sampled from a Gaussian distribution. In practical experiments, uncertainty is always present,
resulting in discrepancies between experimental responses and those predicted by the model. By sampling the model’s
hyperparameters, these issues are addressed, mitigating discrepancies observed between numerical and experimental data
across different trials.

To facilitate the generation of NV labeled datasets, an automated algorithm, as shown in Figure 1, has been developed. This
algorithm leverages the numerical model’s response to compute Fast Fourier Transforms (FFTs) from the acceleration data
in the X and Y directions, which serve as the primary input for the machine learning framework. At the end of the process,
the algorithm determines the model’s health status and returns both the FFTs and the health label Y. This label, represented as
a single integer, indicates the simulated health state, designating whether the corresponding MBD model instance is healthy
or exhibiting specific damage forms. Essentially, Y acts as a categorical indicator linked to the configuration of the solved
MBD model, distinguishing between healthy and compromised states. The simulated FFT response data is then organized
into a complete labeled dataset, expressed as:

Train_set = {(FFT1,Y1),(FFTy,Ys)---(FFT,,Y,)}, with FFT,, = [FFT , FFTY] ©)

Optimal
MBD Model

Experimental Measurements
(Healthy Structure)

rMcrdify MBD Model

»| Sample gear contact stiffness

[Nominal MBD Model MEBD

Model with
simulated

»| Sample bearing stiffness

+ Sample bearing damping

Damage(s) ———[Cﬁalculate accelerations from MBD model
» Make FFTs
1%
. Define Structural Condition
Label

—{ Create labeled data for ML framework ]

Fig. 1 Numerical data generation framework.

The simulated dataset for supervised damage detection and identification in the drivetrain system is processed using a
Support Vector Machine (SVM) with a Radial Basis Function (RBF) kernel [20]. SVM is a robust classification algorithm
that works by transforming the input data into a higher-dimensional space, allowing it to handle complex decision boundaries.
The classification problem is expressed as:

y(z) =wlo(x)+b (6)
where (x) is the feature-space transformation function, and b is the bias term. The RBF kernel provides flexibility through
hyperparameters and is defined as:

K (z,y) = ellevl’ @
Where K (x,y) represents the kernel function applied to input vectors x and y, and + is a hyperparameter controlling
the decision boundary’s smoothness. The training dataset T = {x; € R™®, i =1,..., N} and labels from two classes

y; € {—1,1} are used to optimize the model.
During training, the SVM seeks to maximize the margin between classes by solving the optimization problem:

N N N
1
Mazimize : W (a) = E a =5 E E (ai-aj-yi- yj- K (zi,zj)) ®)
i=1

i=1 j=1
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subject to 0 < a; < C, where C' is a regularization parameter, and a;are the Lagrange multipliers. The decision function is
then used for classification:

(@) = sign (3 (@, 9+ K (2,2:)) +)) ©)

Where, f(x) is the predicted class label for input vector x and b is a constant value. This SVM-RBF model, trained using
the scikit-learn Python library, can accurately classify new data and identify health states in real-time, making it suitable for
condition monitoring in non-linear systems characterized by complex patterns.

The overall process of the proposed methodology is summarized in the flowchart presented in Figure 2. This flowchart
outlines the key steps, starting from the development of a high-fidelity MBD model of the drivetrain system, including
the CFRP shafts and 3D-printed gears. Numerical simulations are then performed using this model to generate data for
various health states. The data is processed through FFT to capture the frequency domain responses at the bearing positions.
Following this, a SVM model with RBF kernel is trained using the simulated dataset to classify different health states. The
SVM-RBF is optimized by tuning its hyperparameters, such as the kernel parameter -y and regularization parameter C. Once
trained, the model is capable of performing real-time condition monitoring by accurately detecting and identifying damage
based on new input data.

[ ML Damage Detection Framework J
[ Optimal Modeling ] [ Data Mining ] [ Validation
Experimental
Measurements
(Healthy Drivetrain) || Optimal Healthy {Call solver and compute the H Create Dataset for
‘ el B MEBD Model dynamic response (FFTs) Healthy Model

B Madal with

e i ‘{ Call solver and compute the Create Dataset for

Sk dynamic response (FFTs) Damaged Model
features
; D
Experimental
Measurements
(Damaged Structure)

Health Condition
Prediction

Fig. 2 Flowchart of the proposed framework.

Analysis

The experimental setup used to conduct dynamic testing of the drivetrain with Carbon Fiber Reinforced Polymer (CFRP)
gears and shafts is illustrated in Figure 3. The system consists of two main components: the drive motor (1) and the load
motor (2), both of which are three-phase electric motors. Additionally, it includes two shafts (3), four shaft mounting ball
bearings (4), a pair of gears (5) and (6), and a mounting frame (7). To monitor the system’s dynamic response, four tri-axial
accelerometers are mounted on the bearings (4), allowing for measurement of acceleration in the radial direction. A torque
meter is also placed on the input shaft, positioned directly after the electric drive motor, to capture the input torque of the
drivetrain. The tests are conducted over a rotational speed range from 450 RPM to 1100 RPM, with increments of 250 RPM
between each test. Data is recorded at a sampling rate of 5120 Hz to capture the detailed dynamic behavior of the system.
The corresponding MBD model, which accurately represents the experimental drivetrain system, is illustrated in Figure 4.
Table 2 summarizes the material properties of CFRP used in the MBD model for both the CFRP gears and shaft.

The optimal contact force model, along with its corresponding parameters as estimated through the optimal selection
using the Covariance Matrix Adaptation Evolution Strategy (CMA-ES) algorithm, is presented in Table 3. In addition to
this, the table summarizes the stiffness and damping values for the bushings used in the system.
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| Electric Drive Motor ’ Electric Load Motor

Slngle stage gearbox

Fig. 3 Experimental drivetrain system and measuring equipment.

Fig. 4 Drivetrain system numerical model (MBD).

Table 2 CFRP material properties.

Property
Modulus of Elasticity in X E,[GPa] 138.945
Modulus of Elasticity in Y E,[GPa] 6.6154

In-plane Shear Modulus & Transverse Shear Modulus 1-Z plane | G, = Gy, [GPa] | 3.387

Transverse Shear Modulus 2-Z plane G,, [GPa] 2.2864

Density plkg/m?] 1560

Table 3 Optimal force model and parameters.

Contact force model | K [Lz] c-[—1 n[—]
mm
Flores et al. 3.25e5 0.96 1.2
Bushing force model | K [ N 1 c [N . S]
mm? mm
F=—Kx8—Cx6 | 18255 12.3

To accurately replicate the damage scenarios and develop a machine learning (ML)-based model capable of identifying
the health state of the drivetrain, two new MBD models were created, each representing specific damage conditions. These
models, combined with the existing healthy state model, enable a comprehensive analysis of the system’s behavior across
different health conditions. In this study, three distinct health states of the drivetrain were analyzed. The first is the baseline
“healthy” state, where no faults or damage are present. The second state represents a surface fault, characterized by wear
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or degradation on the pinion gear teeth surface. This condition was simulated by reducing the contact stiffness of the gears
by 15%, mirroring the reduction in stiffness typically observed in real-world surface damage scenarios. The third state
represents a more severe fault, a missing tooth on the pinion gear, which drastically alters the dynamic behavior of the
drivetrain due to the abrupt change in contact mechanics. Figure 5 illustrates the gear models used for each of these health
states. By incorporating these different damage conditions into the MBD framework, the study provides a robust dataset
for training the ML-based damage detection system, which is designed to classify the health states based on the system’s
dynamic responses under varying operational conditions.

Healthy Gear Gear with Missing Tooth

Fig. 5 Gear geometry for different health states.

Figure 6 presents the acceleration responses in the frequency domain for the optimal MBD models at rotational speed
of 450RPM. The responses are shown for the first nine harmonics of the Gear Mesh Frequency (GMF) of the gear pair,
providing insight into the system’s dynamic behavior at various speeds. Figure 7 compares the simulated responses of the
drivetrain system in both its healthy and damaged states. This comparison highlights the differences in dynamic behavior
and helps in identifying damage by observing the variations between the healthy and faulty conditions.
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Fig. 6 Frequency response comparison of the optimal MBD system in its healthy state at 450 RPM.
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Fig. 7 Frequency response comparison between the healthy and damaged MBD models at 450 RPM.

The training data for this study was generated from optimal healthy and damaged MBD models, comprising 500 ex-
amples for the healthy state and 500 samples for each damage scenario, resulting in a total dataset of 1,500 cases. To
introduce realism into the models, the optimal hyperparameters (6) were perturbed by +3% using a Gaussian distribution.
This stochastic variation helps to replicate uncertainties present in experimental scenarios. The computational efficiency
of this approach was significant, with the MBD problem solving completed in approximately 20 seconds. Overall, the
data generation process was completed in under 30 seconds per example, a marked improvement compared to traditional
methods.

The numerical data was organized into labeled datasets corresponding to specific structural health conditions, adhering
to guidelines outlined in Background Chapter and forming the training set as defined in Equation (5). Table 4 summarizes
the labels used to describe the numerical data. The generated datasets show close proximity among different health states,
underscoring the challenge of accurately detecting structural changes within the system.

Table 4 Dataset used labels.

Health State | Healthy | Surface Fault | Missing Tooth

Label Y 0 1 2

The next phase in the machine learning framework involves training the SVM-RBF model for robust classification of
the experimental structure’s health state using this numerical dataset. Seventy percent of the dataset is allocated for training,
allowing the model to learn underlying patterns, while the remaining 30% serves as a validation set for unbiased performance
assessment. Prior to training, data scaling standardizes the input features to have zero mean and unit variance, ensuring
balanced contributions from all features. Key hyperparameters ’C’ and ’gamma’ are finely tuned, with C’ set to 1.2 for
balance between decision boundary optimization and error reduction, and gamma’ assigned the value ’scale’ to enhance
model performance.

The model’s accuracy was thoroughly assessed on the validation set using experimental measurements across the three
health states studied, yielding remarkable results: 99.4% accuracy at 450 RPM, 91.8% at 775 RPM, and 98.2% at 1100
RPM. Confusion matrices (Figure 8) provide a comprehensive overview of the model’s performance, detailing the rates of
true positives, true negatives, false positives, and false negatives for each health state. Overall, the model demonstrates a
strong capacity for accurately classifying both healthy and damaged states of the drivetrain, achieving an average efficiency
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of 95%. Additionally, Figure 9 highlights the model’s prediction percentages at various rotating speeds, further underscoring
its reliability and effectiveness in real-world applications.

Confusion Matrix 450RPM Confusion Matrix 775RPM Confusion Matrix 1100RPM

100

100 100

Output Class
5 Output Class Output Class Target Class b
Target Class 4 Target Class
Fig. 8 Confusion matrices for different rotating speeds.
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Fig. 9 SVM-RBF prediction percentages on experimental datasets.

Conclusion

This study presents a comprehensive approach to developing a machine learning framework aimed at effectively classifying
the health states of a drivetrain system using CFRP gears and shafts. The primary objective was achieved through a combina-
tion of advanced simulation techniques and machine learning algorithms, resulting in significant findings and contributions
to the field of condition monitoring. First and foremost, the development of the optimal Multibody Dynamics model allowed
for the generation of a substantial dataset comprising 1,500 instances, representing various health states of the drivetrain.
This dataset was instrumental in training the machine learning model and showcased the effectiveness of simulating dif-
ferent operational conditions, including healthy and damaged states. The use of a Support Vector Machine with a Radial
Basis Function kernel demonstrated impressive classification performance, achieving accuracy rates of 99.4% at 450 RPM,
91.8% at 775 RPM, and 98.2% at 1100 RPM on the validation set. This high level of accuracy underscores the potential
of the proposed framework for real-time health state classification in practical applications. Furthermore, the integration of
Gaussian perturbations into the model’s hyperparameters effectively introduced a realistic element of uncertainty, closely
mimicking real-world experimental scenarios. This approach not only improved the robustness of the model but also en-
sured its applicability to varying operating conditions. In conclusion, this study not only demonstrates the efficacy of using
advanced simulation techniques and machine learning for health state classification but also provides a valuable framework
for future research in the field of condition monitoring and fault detection in mechanical systems. Further investigation into
the optimization of the model and expansion of the training dataset will be essential for improving classification performance
across all health states, ultimately contributing to more reliable and effective monitoring of drivetrain systems.
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Chapter 12
On the use of Statistical Learning Theory for model selection
in Structural Health Monitoring

C. A. Lindley, N. Dervilis, and K. Worden

Abstract Whenever data-based systems are employed in engineering applications, defining an optimal statistical represen-
tation is subject to the problem of model selection. This paper focusses on how well models can generalise in Structural
Health Monitoring (SHM). Although statistical model validation in this field is often performed heuristically, it is possible
to estimate generalisation more rigorously using the bounds provided by Statistical Learning Theory (SLT). Therefore, this
paper explores the selection process of a kernel smoother for modelling the impulse response of a linear oscillator from
the perspective of SLT. It is demonstrated that incorporating domain knowledge into the regression problem yields a lower
guaranteed risk, thereby enhancing generalisation.

Keywords Structural health monitoring - statistical learning theory - structural risk minimisation - kernel smoothers -
impulse response

Introduction

The incorporation of intelligent systems in engineering is a subject of increasing popularity in the literature. Of particular
interest in the present study is the development of data-based methods tailored to addressing various challenges encountered
in Structural Health Monitoring (SHM) [1]. Whether these methods are designed to detect, localise or classify damage [2],
one aspect that is shared across them is the problem of model selection; namely, of deciding over a set of statistical models,
which one can adequately represent the system at hand. The means to determine such a model is by a process of validation
during the training phase, which is a crucial step to ensure that the model can genenralise well. Failure to do so can lead to
an erroneous representation of the system, and thus inaccurate predictions upon the introduction of new observations. This
consideration may arguably be of greater importance in SHM, since poor predictions could be perilous for human safety,
and detrimental towards financial projections, in the event of unforeseen failures.

To ensure good generalisation, standard practice is followed, often involving the division of the entire dataset into a
training set and a test set. In short, the training set is used to search for optimal parameters, while the test set simulates
unseen data, allowing the evaluation of the prediction error for both sets during the learning process. Some optimal model is
chosen that can maintain a low error for the training set while preventing the error to grow large for the test set. This criterion
is commonly met heuristically with the use of cross-validation methods [3]. The concept of generalisation, however, can be
approached in a more rigorous fashion and thus assert the confidence one has about the employed statistical model.

The search for an optimal model is thereby explored here by eliciting the methods found in Statistical Learning Theory
(SLT) [4]; concretely, in the selection of an optimal kernel smoother for modelling the impulse response of a simple structure.
The premise of the following study is to establish a rigorous mathematical framework for the model-selection problem in
SHM, ensuring the selection of an optimal model that generalises well when trained with a limited amount of data.

The Model-Selection Problem

To illustrate the model-selection problem, one may first consider the case in which the aim is to fit a function to a set of data.
If dealing with a regression problem, then a sensible approach would be to find some weighted combination of inputs that
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yields values closely approximating their corresponding targets. In other words, to develop a function f that can accurately
map a D-dimensional input vector x,, € R”, to a target output scalar y,, € R, i.e. a predictor f : x — y. The fit on y can be
thought of as an interpolation given by f.

In a statistical sense, the predictor is a function learnt from the data, albeit conditioned on certain assumptions. For
example, a linear interpolant may be assumed to fit the data, which will likely result in a poor fit if the true underlying trend
is strongly nonlinear. An improved fit can be achieved by increasing the order of the function; that is, a quadratic function
will likely provide a better fit than the linear trend, a cubic will be better than the quadratic, and so on. At each step, the
fit improves while the function becomes increasingly complex, requiring the addition of more parameters to account for
the higher-order terms in the polynomial. Continuing with the inclusion of terms, however, can lead to the point where the
function is said to have become too complex, and the model begins to (over)fit noise in the data. Somewhere in this process
of adding terms to the predictor, an optimal amount of complexity is attained, whereby the complexity of the data is matched.

Whether the learning problem is of regression or classification, finding some optimal predictor is typically approached by
minimising a measure of discrepancy (or loss) between the true target values and the corresponding outputs of the predictor.
To illustrate, let z = (x, y) denote an input-output pair in the training set, and Q)(z,6), 6 € O be the set of loss functions.
When given a set of n i.i.d. samples 71, . . ., z,, the goal of predictive learning is to find a function Q(z, 8*) that minimises
the expected risk,

R(0) = / Q(z, 0)p(2)dz (1)

where Q(z,0) = L(y, f(x,0)) is some loss function, and the integral is evaluated with respect to some (unknown) joint
probability distribution p(z). One should note that the set © to which 0 belongs can be a set of scalar quantities, vectors, or
of abstract elements [5]; that is, the function space is not limited to parametric models.

The current framework assumes that the joint distribution is true but unknown, and that the only information that is made
available is samples drawn from p(z). In order to minimise the risk functional R(¢), the following inductive principle is
considered,

Remp(6) = -3 Q. 0) @)
=1

where R, (0) is referred to as the empirical risk, which is evaluated with a finite sample of size n. Given that the empirical
risk does not require knowing the underlying generative distribution, the idea is to seek for an estimate providing the mini-
mum empirical risk (2), in hopes that such estimate will also minimise the true risk (1). This approach is called the Empirical
Risk Minimisation inductive principle (ERM principle) [4].

While minimising the empirical risk (2) promotes learning, a compromise must still be maintained by having a small
enough risk without producing an overly complex model. This trade-off is crucial to ensuring good generalisation. A possible
solution to this issue is to estimate the expected risk as a function of the empirical risk, penalised by some measure of model
complexity [6]; that is,

- h
R(O) =1 <n) Rom, 3)

where the empirical risk is adjusted by a monotonically-increasing function r, defined by the ratio of some capacity measure
h, over the sample size n [7].

It turns out that the criteria for defining the penalisation function arises naturally in SLT. The foundation of such a criteria
derives from demonstrating, in a rigorous mathematical framework, that minimising the empirical risk (2) can in fact yield
a small value of the actual risk (1). In short, if one can show that the empirical risk converges uniformly to the true expected
risk, then one can be (almost) certain that the ERM principle leads to generalised models. This condition is presented in
more detail by the following definition:

Definition 1 (Key Theorem of Learning Theory [4]). For a finite set of bounded loss functions, the ERM inductive principle

is consistent if, and only if, the empirical risk converges uniformly to the true risk,

lim P {sup |R(0) — Remp(0)| > e} =0, Ve>0 (Y]

In the light of this theorem, a bound can be determined on the expected risk, whereby the penalised function is defined.
In particular, for regression problems, the implementation of the ERM inductive principle defines the generalisation ability
of a learning machine as demonstrated by the following result:
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Theorem 1. (Vapnik-Chervonenkis [5]) For any § € (0, 1), with probability at least (1 — §) and V0 € ©,

Remp (9)

MO= T ey

&)

where

n=1n (Z _1115) _ g, Min(azn/h) +1] — In(6/4) ©

n
when the set of loss functions Q(z,0),0 € © is nonnegative, unbounded and contains an infinite number of elements. The
measure h quantifies the capacity of the function class, and the constants a1, as and c are adjusted to suit the type of learning
problem.

Deriving this bound is, indeed, an involved process, and the final result is presented here without proof. However, a full
derivation can be found in [5]. In the interest of the current work, this bound forms the basis for the development of the
model-selection strategy followed in the case study below.

Before delving into the uses of the presented theory in SHM, an additional inductive principle must be reviewed. This
principle corresponds to the Structural Risk Minimisation also formalised by Vapnik and Chervonenkis [4]. It is shown next
how SRM sets the stage for a systematic model-selection criteria. Additionally, the concept of complexity is further clarified.

Managing Complexity and Minimisation of Structural Risk

So far, complexity has been implicitly defined by an increasing addition of terms - and thus parameters - in the predictor. At
first, this definition seems to make sense, but the definition of complexity in SLT is more elaborate than merely taking the
count of parameters in the model. In (5), the capacity measure aims to rigorously quantify such complexity. Specifically, h
corresponds to a specific type of capacity measure known as the VC dimension [4] (abbreviation for Vapnik and Chervonenkis
dimension). The VC dimension is formally defined as follows.

Definition 2 (VC dimension [4]). Let Sg(n) be the number of ways into which a sample of size n can be classified by the
function class ©. Therefore, the VC dimension of a function class © is the largest sample size n such that the condition

Se(n) =2" @)
is valid.

In other words, the VC dimension h, corresponds to the size of the largest sample that a given set of indicator functions
can shatter!. If the set of functions under consideration can generate any classification on the sample, regardless of n, then
the corresponding VC dimension is infinite. Having an infinite VC dimension translates into having a learner capable of
fitting any collection of observations, and thus no valid generalisation is possible; that is, a function in the space exists such
that any set of data can be explained, or equivalently, overfitted.

Many important generalisation bounds in SLT make use of the VC dimension, included the one presented in Theorem 1.
Estimating the VC dimension for different sets of function is, therefore, an essential step in the implementation of error
bounds in SLT. However, analytic estimates are often only be determined for simple sets of functions. For example, a set
of parametric linear estimators has a fixed complexity (VC dimension) that is equal to the number of free parameters. It is
important to note that this is a coincidence and that the estimation of the VC dimension is not always this straightforward.

Once the complexity is defined for given set of functions, estimates of the expected risk no longer depend on the under-
lying distribution from which the sample is assumed to have been drawn. This implication is advantageous since the problem
of density estimation is ill-posed when no prior knowledge of the probability distribution is available [5].

Now, recalling the general problem of model selection, one can leverage on the complexity of the function space to
choose an optimal solution for a finite sample. This premise is the basis of the SRM inductive principle for minimisation
of the expected risk. Essentially, SRM operates by establishing a structure on some set .S of loss functions Q(z,0), 6 € O,
consisting of nested subsets (or elements) Sy = {Q(z, 0), 6 € 2} such that,

SiCcSyc---CcS,C... ®)

! A function space is said to shatter the observations when a sample of size n exists on which all possible dichotomies can be achieved by
the set of indicator functions.
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where each element in the structure has a finite VC dimension hy, and can be ordered according to their respective complex-
ities,
hi <hg < - <hpg<... &)

Having defined the structure .S, the optimal model selection boils down to two steps:

1. Selecting an element Sj, from the structure.

2. Estimating the model from this element.

For each element in the structure (step (1)), the bound (5) is evaluated after estimating the optimal parameters in the
element that minimise the empirical risk (step (2)). The penalisation during the learning process is thus established by the
denominator in (5), which is computed with respect to the VC dimension hy, corresponding to the element S,. Therefore, as
elements of higher complexity are selected, the empirical risk will likely diminish, but at expense of a higher penalisation as
a result of bringing the denominator closer to zero. An optimal element in the structure will be that providing the minimal
“guaranteed” risk.

Case Study: Model Selection for Modelling a Sdof Impulse Response

The response of a Single-Degree-of-Freedom (SDOF) mass-damper-spring system (Fig. 1) is considered in this simple case
study. Here, the dynamical model can be defined by the following equation of motion,

mi(t) + ci(t) + ka(t) = F(t) (10)

where m, ¢ and k are the dynamic coefficients corresponding to the mass, damping and stiffness of the system, z(t) is the
response at a given time instance ¢, and F'(¢) is the input force. The dots over the variables in equation (10) denote the
derivatives of the variable with respect to time. An impulse response, h(t), was simulated here by solving equation (10) for
a given selection of coefficients. In particular, the mass, damping and stiffness coefficients were given values of m = 1,
¢=20,and k = 1 x 106, respectively.

Using the simulated target function, training samples were generated by the following,

y(t) =h(t) +€ (11)

where ¢ corresponds to additive noise term, which follows a normal distribution ¢ ~ N(0,0?). The noise is defined by
a signal-to-noise ratio (SNR) equal to ten. Four training sample sets of varying sizes were created by selecting points at
intervals of 16, 12, and 4, whereby the input-training samples ¢ are uniform in [0, 0.3]. Therefore, each training set ended up
with sample sizes of n = 63, n = 126 and n = 251, respectively.

Fig.1 Mass-spring-damper SDOF system
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Predictors for the Regression Problem

In this study, the regression problem is defined by following the kernel smoother representation,
flt) =k(t)"(K+ o)y (12)

where k(t) € RY is a vector with elements k,, = k(t,,t), defined by the kernel function k(-,-), and evaluated for a new
input ¢, with respect to all inputs in the training set. K € RNXN is the Gram matrix with elements K,,,, = E(tn,tm),
I € RV*¥ s the identity matrix and o2 > 0.

The ability of the learner to predict the correct output relies mostly on the choice of kernel function. In here, two different
kernel functions are compared in the approximation of h(t). The first of these is the squared exponential [8] (SE), which has
the form,

N o [t — ]|
kse(t, 1) = 0%, exp | — T (13)
where o, and [ are the adjustable (hyper) parameters that control the characteristic form of the function. The second kernel
function corresponds to that derived by Cross in [9], whereby the physics of a linear SDOF system are embedded in the
definition of the kernel function.

Definition 3 (SDOF kernel function [9]). For a single degree-of-freedom linear oscillator with mass m, damping ¢ and
stiffness k, the SDOF kernel function is defined as,

2
O fadoy Wn .
ksaof(t, ') = 4771]”2% exp(—Cwp|t —t'|) |cos(walt —t'|) + Cw—d sin(wgq|t —t']) (14)

where the natural frequency w, = +/k/m, the damping ratio ( = ¢/2vkm, and the damped natural frequency wy =
wny/1—C2

Unlike the SE kernel, one may note that the SDOF kernel is defined by parameters that are readily interpretable. In [9],
it is shown that the SDOF kernel is better suited at predicting the response of the mass-damper-spring system to a random
excitation. More interestingly, however, is its ability to allow the approximating function to extrapolate beyond the limits of
the training set. This outcome is a consequence of embedding the relevant physics in the kernel function, and an aspect that
models based solely on data lack, such as those in which the SE kernel is employed. Having a model that can extrapolate
means better generalision. One should note that this claim only holds true for this particular scenario. Should the model
present nonlinearities, for example, then it may then be unreasonable to expect good accuracy from using the SDOF kernel.
Nonetheless, the aim pursued here is to formalise generalisation when employing these kernel functions from the viewpoint
of SLT.

Model Selection Strategy

For the model selection process, the SRM induction principle was employed. This approach required the estimation of the
upper bound (5), which in turn required the estimation of the VC dimension corresponding to each set of kernel smoothers.
Unlike the case of using the parametric representation of (12), the VC dimension of kernel smoothers cannot be determined
easily. Some progress can be achieved when translating the kernel representation into an equivalent basis function expan-
sion [6], which is done by taking the eigendecomposition K = Y7 | Aiu;ul, where ); is the ith eigenvalue and u; is the
corresponding eigenvector. Having the eigenvectors, the number of free parameters - or degrees of freedom - of a kernel can
be defined as [10],

df = 15
and then taken as an estimate of the corresponding VC dimension. This definition roughly counts the number of prevalent
eigenvalues, and therefore, if Z?:l Ai/(N\i+02) << 1, then the contribution of the components iny along u; are effectively
eliminated [8].

As in [6], the general expression for the upper bound (5) can be reduced to,

" -1
R(0) < %Z(yi—f(xz»@))z (1—\/29—plnp+12:)+ (16)

i=1
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where the empirical risk is defined by the mean-squared-error (MSE) and p = h/n. In this expression, the penalisation term
is given by setting the constants c =1,a; = 1,a3 =1 and § = 4/y/n.

Now, given a kernel function, the model-selection structure can be defined in terms of the smoothing parameters 6. For
example, the length-scale parameter in (13) is known to strongly influence the rate at which the smoother varies, assuming
the remaining parameters remain constant. A reduction in the length-scale produces functions that appear much more wig-
gly [8], leading to a slower decay in the corresponding eigenvalues [10] (when sorted in descending order). Consequently,
equation (15) would yield a higher estimate of the degrees of freedom, and thus, a higher estimate of the complexity (i.e. VC
dimension). Some structure could then be defined on the set of SE kernel smoothers as,

Sk = {f(kse(t,t';1),00),1 > cx}, wherec; >co > ... (17)
Each element in the structure is a subset of the next because the length-scale can take smaller values, thereby allowing
for smoothers of higher complexity. Finally, the structure can be easily extended to include the effects of the remainder
parameters on the complexity of the smoother.

This approach adheres to the SRM inductive principle in the sense that step (1) involves the selection of an element in (17)
(i.e. complexity estimation), followed by step (2) on determining the optimal parameters 6 that minimise the upper bound
on the expected risk (16). However, it should be noted that a structure can only be defined for one type of kernel function at a
time. Two distinct structures were thus constructed. For each training set size, the fitting experiment was repeated 100 times
for a given realisation of the training set (11). At each iteration, the set 6 corresponding to each kernel function was found
by employing an exhaustive search over a range of values. In the case of the SE kernel, a set of possible values was defined
for increasing values of the signal variance o, , and decreasing values of the length-scale I. As for the SDOF kernel, the
set of possible values was only defined for the signal variance oy, ., under the assumption that the remaining parameters
could be computed analytically from knowing the dynamic coefficients in advance. The noise parameter o,, was assumed
to be known in all cases. The model-comparison strategy finally amounted to choosing the best model from the structure
providing the minimum guaranteed risk (16).

Results and Discussion

The results of the regression experiment are shown in Fig. 2. More specifically, for each sample size, the boxplots display
the estimated upper bound on the expected risk, and the MSE between the true function and kernel-smoother predictions.
Regardless of the sample size, the results show that expected risk was lower in all cases when choosing the SDOF kernel.
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Fig. 2 Expected risk and predition error (MSE) computed for the SE and SDOF kernel function, with training sets of sizes
(a)n =63, (b) n = 126, and (c) n = 251
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The SRM inductive principle seems to indicate a preference for the SDOF model even when a handful of samples are
available. However, one can note that such a conclusion is not so obvious when looking closer at the estimations obtained
for the sample size n = 63. In fact, the MSE is much higher than the estimated upper bound, which appears to contradict
Theorem 1. Upon closer inspection, a simple explanation to this outcome is explained by having established these bounds to
hold with probability of at least 1 — §, where § = 4/4/n. When having a small sample size, such as n = 63, the resulting
bounds hold with probability of at least 0.49, and likely to yield bounds that may be too “optimistic”. In the case of having
n = 126 and n = 251 as in the other two cases, the bounds hold with (higher) probabilities of at least 0.64 and 0.75,
respectively. The intuition behind this trend is clear; that is, one can be more confident of the estimates of the risk when the
sample size increases. If required, a low value of § could be enforced to ensure the bounds hold with high probability. While
bounds can be made more “pessimistic”, these could become too loose to provide any meaningful interpretation. Therefore,
determining §(n) as a function of the available number of samples is recommended [6, 5].

The kernel-smoother predictions of the true function can be visualised in Fig. 3. Each figure corresponds to the different
training sets used in the model selection process, showing the true signal, predictions from employing each kernel function,
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Fig. 3 SE and SDOF kernel-smoother predictions inferred with training sets of sizes (a) n = 63, (b) n = 126, and (c)
n = 251. The true underlying signal was included for comparison
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and the training data realisation from an arbitrary iteration. As evidenced by the results in Fig. 2, the SDOF kernel smoother
tends to generalise better, even when the sample size is small. It is not until n = 251 that the SE kernel smoother learns the
true underlying function from the data. The increased sample size appears to have relaxed the penalisation term enough to
permit higher complexities.

Perhaps of more interest is how the increase in sample size seemed to not only minimise the expected risk, but also bring
their estimates closer to the same value regardless of the kernel function used. If enough data samples are thus available,
then one may argue the necessity for developing informed kernels (or any approximating function for that matter) to be a
superfluous exercise. There are several reason why this claim may not be entirely true. While tighter bounds are, indeed,
possible with large datasets, it may not be computationally efficient to have large training sets. Therefore, a model that can
represent the system as well as another that requires significantly more data to train should be favoured in the model selection
process. Additionally, the availability of labelled data can be very limited in certain applications. For example, in SHM, it
is more often the case than not that labelled data are expensive to gather, and the efficacy of statistical models is likely to
rely on a reduced dataset. SLT embodies the notion that a lack of data should be compensated with knowledge for better
inference, and the results shown here are but a simple demonstration of this notion in SHM.

One final highlight that might be worthy of discussion is on the flexible nature exhibited by the SE-kernel function.
Visually, as shown in Fig. 3, the SE smoothing functions displayed varied complexities in all three cases. The rate at which
these predictors vary appear to somewhat agree with the respective VC dimensions shown in Fig. 4. These estimates are the
optimal complexities provided by the SRM inductive principle. As noted earlier, the complexity of the SE kernel smoother
for n = 63 was relatively high because of having too optimistic a bound. For the other two cases, however, the models
guaranteed better generalisation, even if it may not seem like it (visually) in Fig. 3b. Computing the empirical risk alone
for n = 126 would have caused the SE-kernel smoother to overfit the data. In such cases the bound exploded to infinity
because of the relatively high ratio of complexity to sample size. Conversely, the high VC dimension displayed in Fig. 4 for
n = 251 was only possible because of having enough sample points to justify such increase in complexity. Unlike the SE
kernel function, one may note that the VC dimension estimated from using the SDOF kernel function remained somewhat
consistent for all sample sizes.
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Fig.4 Estimated complexities corresponding to the SE and SDOF kernel with training sets of sizes (a) n = 63, (b) n = 126,
and (c) n = 251

Conclusion

In the present work, the generalisation of kernel smoothers was defined from the viewpoint of SLT. In particular, the model-
selection process was simulated in the context of a simple linear oscillator subjected to an impulse response. By employing
the SRM inductive principle, the model-selection process involved the elicitation of a kernel smoother that could generalise
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best when given a reduced dataset. The two kernel functions considered in the experiment differ in their means to characterise
neighboring similarities in the data; namely, the SE kernel was compared against the SDOF kernel, with the latter deriving
from embedding the physics of the system under consideration. Even though the SDOF kernel function was expected to be a
much more suitable model for this application, a mathematical framework to justify the choice of an informed kernel had not
been established in this context. The bounds found in SLT offer the possibility to pursue a rigorous and systematic approach
to justify the use of an informed kernel over another that is solely driven by data.

However, there are several shortcomings that require further attention to formally validate the results presented in this
paper. The first and foremost, is that it is not clear how accurate the number of degrees of freedom of a kernel smoother
estimates the VC dimension. Estimating the complexity for nonparametric sets of functions is a subject of ongoing research.
The second issue relates to the structure design in the model-selection process. In the study above, to distinct structures
were developed, followed by the selection of the minimal risk given by the optimal elements of each. This criterion was
based on the idea that each structure may correspond to separate subsections in a vast space of all possible approximating
functions. The subsection relating to the SDOF kernel was expected to enclose the true function, and therefore, the true
guaranteed risk. Meanwhile, the subsection spanned by the SE kernel function required the extension to parent elements in
the structure to approximate closer to the true function. Consequently, the SRM inductive principle accounted for two risk
minima corresponding to each structure. Favouring the lowest of the two was then the natural step in selecting the optimal
model. The issue here is that the validity of this hypothesis is not one formally addressed in SLT. It may be necessary to
refer to the methods found in decision theory for this matter. Finally, the last shortcoming that should be acknowledge is on
the fact that the dynamic coefficients were provided in the SDOF kernel function. If these coefficients were to be unknown,
then their inclusion in the structural minimisation process would be necessary. This issue and the aforementioned ones are
certainly worthy of further research, and will be addressed in future work.
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Chapter 13
Full-field Measurements for Anomaly Detection of

Mechanical Systems using Convolutional Neural Networks
and LSTM Networks

Carlos Quiterio Gomez Muiioz, Mariano Alberto Garcia Vellisca, Celso T. do Cabo, Yujie Xi, and Zhu Mao

Abstract Structural health monitoring (SHM) of mechanical systems is of great importance for a variety of industries, and
an early detection and localization of damage in such situations are often desired. One of the features that can be used for
SHM is its dynamic characteristics, which are traditionally obtained by using contact and sparse sensing. In nowadays, tech-
nologies that can collect full-field information and perform noncontact sensing have become more advantageous. Among
such equipment, laser Doppler vibrometers (LDV) can provide high-quality vibrational data with full-field information.
However, damage detection based on vibrational data can also be difficult in complex systems. With the recent advance-
ment of computational power, data-driven approaches have become increasingly popular for complex systems. One of the
most known approaches is the convolutional neural network (CNN), which has great capabilities for image processing and
classification. Since the LDV measurements can provide full-field information, these data can be converted into 2D matrices
and employed in CNN as images. However, CNNs commonly do not keep any temporal dependency between the frames,
making it difficult to be employed in vibration analysis where data are all time series. This work proposes combining CNN's
with long short-term memory (LSTM) networks, to process video data instead of frames, allowing time-dependent image
processing for damage detection. In addition, the results are expected to predict not only if there is damage to the system,
but also to classify different types of damage.

Keywords Machine Learning - Convolutional Neural Network - Long Short-Term Memory - Laser Doppler Vibrometer

Introduction

The classification of normal and abnormal vibrations in structure has gained substantial attention due to its implications in
Structural Health Monitoring (SHM) and fault detection. Vibrational analysis is critical for identifying potential issues in
industrial machinery, infrastructures, and mechanical systems [1-3]. By detecting anomalies early, it is possible to prevent
costly repairs and ensure the safety of operations. With the increase interest in machine learning techniques, many studies
have been performed in the field of structural vibration for anomaly detection [4, 5]. Specifically, Convolutional Neural
Networks (CNNs) have great capabilities for image processing and classification, been employed previously to dynamic
systems [6—8]. However, CNN architectures only capture the dependance between pixels in an image. For time-series datasets
representing the time dependency of the signal is challenging, leading to the usage of Long Short-Term Memory (LSTM)
networks. Such architectures can be combined with CNN to obtain time dependency between frames for video-based sensing
[9, 10], or applied into Remaining Useful Life (RUL) applications [11].

This study focuses on analyzing vibrations of a metallic plate subjected to different frequency excitations in both linear
and non-linear states. The linear state is characterized by the absence of external disruptions, where the plate vibrates freely.
In contrast, the non-linear state introduces rubber bumpers placed at various positions on the plate, altering its vibrational
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behavior. These bumpers simulate damage or interference, generating abnormal vibration behavior, which can mimic real-
world structural irregularities.

By utilizing machine learning techniques, particularly CNNs and LSTM networks, this research aims to distinguish
between these vibrational states. The primary objective is to classify the plate’s vibrations into their respective states (linear
and non-linear) based on the frequency data collected, as well as to compare its efficiency when performing multiclass
classification, by differentiating between different locations and number of bumpers in the structure.

The next sections of this papers present the background theory for the proposed approach, including an explanation on
CNNs and LSTM networks, the experimental setup and preprocessing of the full-field measurements to obtain the dataset for
the machine learning approach. Followed by the results and obtained for both simple nonlinearity detection and multiclass
classification and a discussion of the results. Finally, a conclusion will be given with possible directions for future research.

Background

In recent years, machine learning, particularly deep learning techniques, has revolutionized various fields of data analysis and
classification. One of the most critical applications is SHM, where machine learning models are employed to detect anoma-
lies in vibrational patterns of structures. This growing field offers the potential to predict failures, optimize maintenance
schedules, and improve the reliability of mechanical systems.

Machine learning, especially supervised learning, is widely used to classify vibration data. These models are trained
on labeled datasets to predict the state of unseen vibrational data. Deep learning models like CNNs and LSTMs have been
particularly effective in handling complex datasets. CNNs are suitable for analyzing time-frequency representations like
spectrograms and scalograms, while LSTMs excel in processing temporal dependencies in time-series data.

CNN s process spatial data, making them ideal for analyzing the two-dimensional representations of vibrational signals.
By using convolutional and pooling layers, CNNs capture essential patterns in frequency and time, classifying different
vibrational states effectively.

Fig.1 Flowchart of CNN [12].

Convolution neural network is often designed to analyze two-dimensional data, and it has multi-layer inside the net-
works. CNNs uses convolution of kernels to learn pattern in 2D data. As shown in Figure 1, a simple convolution neural
network structure has convolution layers (e.g. C1, C2) and sub-sampling layers (e.g. S1, S2). In this example, input image
is convoluted by three convolution kernels, then three feature maps are generated in the C1 layer, for each feature map,
their localized regions are weighted and averaged. Then three new feature maps are generated in S1 layer through nonlinear
activation function. After S2, the feature maps will be flattened into a vector which will be used as input for a traditional
neural networks (NN) for training [12].

While CNNSs are capable of extracting spatial information. LSTMs are designed for sequential data, retaining relevant
patterns over time through mechanisms called gates. This makes LSTMs ideal for detecting temporal anomalies in vibration
sequences, which is essential in analyzing the vibrational behavior of the metallic plate. The overall layout of an LSTM layer
can be seen in Figure 2.

The LSTM layer works by using cell states (C;) which allows to retain or erase information from previous time-steps,
depending on its relevance to predict future states. The states are calculated based on the previous state and with the current
time-step information. The terms shown in Figure 2 are presented in Equations (1) to (6).

fe=0 Wy [hi—1,24] + by) (1)
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Fig. 2 Flowchart of LSTM cell [9].
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Where W represents the weights and b are the biases of the neural network. o is the sigmoid function and tahn is the
hyperbolic tangent used as activation functions for the gates. Meanwhile, [h;_1, x| represents a concatenation between the
previous time-step output and the current input data.

This work proposes a combination of CNN and LSTM layers in order to extract both spatial and temporal information
from the system for abnormal behavior classification, by identifying if there is a nonlinearity in the system and a multiclass
classification to predict different locations of nonlinearities.

Experimental Setup

This study examines the classification of normal and abnormal vibrations in a metallic plate subjected to controlled vibra-
tional tests. Both linear (normal) and non-linear (abnormal) states were induced, with data collected at various excitation
frequencies.

The testing subject for the experiment consists of a metallic plate, with 6 inches of width, 17 inches height and 0.05
inches thickness, and it was tested using a mechanical shaker. A Laser Doppler Vibrometer (LDV) was used to record the
vibrational data for 133 points on the plate’s surface. Two states were analyzed:

1. Linear State: The plate vibrated freely, representing normal conditions.

2. Non-Linear State: Rubber bumpers were placed behind the plate, simulating structural damage and altering the
vibrational patterns.

Different frequencies were employed for excitation including 298 Hz, 548 Hz, 1704 Hz, 2118 Hz, 2435 Hz, 2792 Hz,
3907 Hz, 4960 Hz, and 5300 Hz were used to test the plate’s response, chosen based on modal analysis. In the non-linear
state, bumpers were placed as show Figure 3.

Vibrational signals were recorded at each frequency, capturing the plate’s oscillations. The data collected from all 133
points was divided into training and testing subsets, with linear and non-linear data used to train the machine learning models,
and testing data to evaluate their classification performance. One sample of the data can be seen in Figure 4.

To optimize the training of the neural network and improve the efficiency of the simulations, exhaustive data preparation
was carried out, which included:

» Capturing Plate Movement: Each of the 133 mesh points represents the movement at that specific point on the plate.
An interpolation of these points was performed to recreate the continuous movement of the plate.
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Fig. 4 Video image showing the movement of the place through pseud color representation.

* Video Generation for Each Case: Using the interpolated data, a video was generated for each case. This visual
representation allowed for a clearer understanding of the plate’s dynamics under different conditions.

* Trimming video duration to 20 seconds: It was determined that beyond this time, the videos did not provide addi-
tional relevant information. By removing segments that did not contribute significantly, processing was streamlined,
and unnecessary computational resource consumption was avoided.

* Balancing the number of videos per frequency and class: The dataset was unified to have a homogeneous distribu-
tion, obtaining one video per frequency for each class (bumper). This allowed for better generalization during training
and avoided biases towards classes with more data.
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* Generating copies of the videos: Each original video was augmented with seven additional copies using data augmen-
tation techniques, increasing the dataset to a total of 560 videos. This helped improve the neural network’s robustness

against variations and prevent overfitting.
* Incorporating and unifying classes: New classes corresponding to different bumpers were added. After detailed

analysis, it was decided to unify some classes to improve representation in the dataset.

The classes assigned to the bumpers were: Bumper 1, Bumpers 1 and 2, Bumper 3, Bumper 4, Bumper 5 and Linear
(no bumpers).
In addition, the hyperparameters selected for the neural network are presented in Table 1.

Table 1 Hyperparameters of the proposed approach.

Hyperparameter Value
Batch size ‘ 8
Learning rate 107
Train/Test split | 90% and 10%
Dropout } 20%

# of LSTM neurons 2,000

Analysis and Results

The results presented in this section are divided into different cases, starting with Case 1, where the proposed method will do
a simple classification of linear and nonlinear behavior. Case 2 will later present the results for the multiclass classification,
with the linear response, and 5 different setups with bumpers as shown in Figure 3.

Case 1. Training with Linear and Non-Linear classes.
As a first step, a binary simulation was performed with only two classes: Linear and Non-Linear (which groups all
bumpers). The accuracy was 97.14%.

Case 2. Training with Bumper Classes
Trainings were carried out using the classes corresponding to the different bumpers and with all the frequencies. The accuracy
was 94.28%

The results indicate that:

* Effectiveness of Preprocessing: The reduction and balancing of the dataset, along with video preprocessing, con-
tributed to improving the efficiency and precision of the simulations. Removing irrelevant segments allowed the net-
work to focus on the most significant information.

Confusion matrix - Case Linear vs No linear 10 frec

Linl%go/r vs No Linear
° 0
: 100% 96%
No_linear 2
80%
& >
3 2 60%
: e
S 40%
<
linear 20
20%
0%
No_linear linear Linear NolLinear
Predicted Class Clases
(a) (b)

Fig. 5 Confusion matrix of linear and nonlinear cases (a) and accuracy of each class (b).
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Confusion matrix - All frequencies
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Fig. 6 Confusion matrix of the different bumpers located on the plate.
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Fig. 7 Accuracy of the classification of all bumpers for each frequency.

* Importance of Class Balancing: By unifying the number of videos per class and frequency, bias towards classes
with a larger amount of data was avoided, allowing better generalization of the model and a fairer evaluation of its
performance.

* Behavior by Classes (Bumpers): It was observed that certain classes presented more errors at specific frequencies.
For example, the Bumper 1 class showed more errors in the simulation with 8 frequencies, while Bumpers 1 and 2
presented errors at specific frequencies in other simulations.

Conclusion

This study successfully demonstrated the use of LSTM networks for classifying normal and abnormal vibrational states in a
metallic plate. By combining these models, it was possible to accurately detect linear and non-linear vibrational behaviors,
critical for Structural Health Monitoring.
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Key findings include:

1. Effectiveness of Machine Learning Models: LSTM networks proved to be highly effective, achieving excellent
performance with a peak accuracy of 94.28% in the model. LSTMs excelled at capturing temporal dependencies in
time-series data, making them particularly well-suited for tasks involving sequential patterns.

2. Challenges in Complex Non-Linear States: The models performed well overall but struggled with more complex

non-linear states involving multiple bumpers, which introduced intricate vibrational patterns.

3. Frequency-Based Performance Variations: The ability to differentiate between linear and non-linear states depended

on the frequency, with the models performing best at natural vibrational frequencies like 2118 Hz and 2792 Hz.
However, accuracy declined at higher frequencies, particularly at 4960 Hz, where the distinction between the states
became less clear.

The LSTM approach applied to videos generated with laser Doppler vibrometers showed great potential for real-time

SHM applications, particularly in complex scenarios and high-frequency performance. This research contributes to the de-
velopment of machine learning methods for real-time anomaly detection in structural systems.
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Chapter 14
A Generative Modeling Approach for the Translation of
Operational Variables to Short-term Vibrations

Arthur Hatstatt and Konstantinos E. Tatsis

Abstract The vibration response assessment of engineering systems using the statistical features of vibration signals is a
masked problem, which is limited by the sampling resolution of these statistics. One of the problems falling in this category
is the vibration response assessment of wind turbine systems using SCADA data. Despite the fact that the resolution of the
latter can be improved by slightly increasing the sampling rate of SCADA systems, which can deliver up to 1-min statistics,
a connection is missing between SCADA data and short-term vibrations. Within this context, this paper proposes the use
of Gaussian Process Latent Force (GPLF) models in a generative sense for the conversion of one-minute SCADA data to
short-term vibration data. To this end, GPLF models are used for the modeling of the generalized modal responses of wind
turbines, which are obtained on the basis of sparse acceleration measurements. The parameters of the GPLF models are
conditioned on the operational variables of the system, which are available from SCADA data, and the identified model is
used to generate short-term vibration signals with the aim of preserving their spectral and statistical properties. The proposed
method is tested on a simulated case study and the performance is assessed in terms of the agreement between the generated
time series and the ones measured from the simulated model.

Keywords Time series modeling - Gaussian process regression - Structural health monitoring - Latent force model - Gener-
ative modeling

Introduction

Vibration based methods are one of the most effective monitoring techniques to assess the structural integrity of engineering
systems. Traditionally, vibration-based monitoring methods have relied on installing vibration sensors on critical compo-
nents in order to capture high-resolution data that allows engineers to evaluate the dynamic behavior of the system under
various conditions, offering insights into potential failures or anomalies in the operation. Among others, these methods
allow to effectively capture damage accumulation and predict the remaining useful life of systems subjected to cyclic load-
ing. However, there are oftentimes practical limitations to widespread adoption of vibration sensors in certain engineering
systems due to installation and maintenance of sensors, which may increase costs and operational downtime. Within this
context, various alternatives have been examined in the literature in order to leverage the availability of data from existing
systems.

The state-of-the-art Structural Health Monitoring (SHM) methods for engineering systems have seen significant ad-
vancements through the use of data-driven approaches. These have been developed and employed either in combination with
physics-based models [1-3] and reduced-order system representations [4, 5] for the identification and tracking of system
changes or as completely data-driven methods, such as Convolutional Neural Networks (CNNs) [6, 7] for the detection
faults using multi-source data or Long Short-Term Memory (LSTM) [8, 9] networks for the identification of damage in
time series. Despite these advancements, challenges remain in real-world implementation, particularly in acquiring large,
high-quality datasets and accounting for environmental factors [10].
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This contribution is motivated by wind turbine structures, which are oftentimes difficult to instrument and the availability
of Supervisory Control and Data Acquisition (SCADA) data has not been leveraged for vibration-based assessment. As such,
the methodology proposed in this paper aims at bridging the gap between statistical features of vibration signals, such as
the ones offered by SCADA systems, for the generation of vibration signals that can stochastically reproduce the response
experienced by the system under various conditions of operation. To this end, a physics-informed Gaussian Process Latent
Force (GPLF) [11, 12] is developed for the modeling of the modal response signals, which can be used to compose the entire
system response. The model is constructed by leveraging the knowledge of the system structural properties and the features
characterising the vibration response signals, such as the energy due to operational harmonics. The aim of the proposed
surrogate approach is to served as a generative model that can produce time histories of the vibration response, such that
their statistical and spectral information matches the one of the original signals.

This paper is organized into three main sections. The first section outlines the methodology, focusing on the Gaussian
Process Latent Force Model as the surrogate model, along with its formulation. The second section presents the application
case, detailing the framework used to study the vibrational data of a wind turbine and the analytical approach taken. Finally,
the third section showcases the results, offering a comparative analysis of the predictive capabilities of the surrogate model
against the ground truth data obtained from simulations.

Methodology

In this section, the formulation of Gaussian Process Latent Force models is described for the representation of vibration
response signals obtained from structural or mechanical systems. To this end, the response of the system is decomposed
into the modal contributions, whose spectral content is easier to characterise and subsequently represented by a temporal
Gaussian Process, whose dynamics are driven by a set of latent forces.

Structural dynamics

Consider an n-degree-of-freedom linear time-invariant dynamic system whose vibration response is governed by the follow-
ing continuous-time differential equation

Mii(t) + Cu(t) + Ku(t) = S,p(t) )

where u € R" is the vector of displacements, M, C and K € R"*" denote the mass, stiffness and damping matrices
respectively, p(t) € R™» is the vector of external forcing terms and S, € R™*"» is a selection matrix that assigns the forcing
terms to their corresponding locations. In engineering systems, the dynamics are typically governed by a few vibration modes
and as such, the response can be expressed as follows

u(t) = @q(t) )

where & € R"*"= ig a matrix whose columns contain the mode shapes and q(¢) € R™= denotes the vector of generalized
modal coordinates. In view of this expression and under the condition of proportional damping, the initial equation of
motion, described by Eq. (1), can be decomposed into m second order differential equations. Therefore, the dynamics of the
i-th generalized coordinate ¢;(t) are governed by the following equation

Gi(t) + 2&iwigi(t) + wiqi(t) = fi(t) 3)

which applies for ¢« = 1,2,...,n,. Moreover, w; denotes the natural frequency of the i-th mode, &; the corresponding
damping ratio and f;(t) is the projection of the external loads to the modal space, which is obtained by the following
expression

fi(t) = ¢ Spp(t) )

in which ¢; denotes the i-th column of the mode shape matrix.

Modal expansion

Under the availability of vibration measurements from a number of sensing points, which are herein denoted by y(¢) € R™s,
the projection postulated by Eq. (2) can be written selectively for all sensing channels as follows

Mm

y(t) = Z 5.0 qi(t) (5)
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where ¢, ; € R™*! denotes the mode shape values of the i-th vibration mode at the locations where measurements are
available.

Given that the number of measurements ng is equal to or greater than the number of vibration modes n,, that are taken
into account for the representation of the system dynamics, the time history of the generalized modal coordinates ¢;(t) for

1 =1,2,...,ny can be retrieved by solving the inverse problem
q(t) = @ly(1) ©)
where &, = [d)SJ . c;bsym] € R"=*"m jg the matrix of mode shapes at the sensing points and ®] denotes the general-

ized inverse of ®, which is in this work taken equal to the Moore-Penrose pseudo-inverse ®{ = (®T®.)~1®T. It should
be noted that Eq. (5) implies the availability of displacement measurements however, a similar expression would apply when
acceleration, velocity or strain signals are measured. In this contribution, it will be assumed that the vibration response
measurements are obtained from acceleration sensors and therefore Eq. (6) delivers the time history of modal accelerations,
which are to be modeled by means of GPLF models.

Gaussian process regression

A temporal Gaussian Process (GP) h(t) ~ GP(0, (7)) with stationary covariance function x(¢,t') = k(7), where 7 =
t — t/, can be obtained as the output of a linear and constant in parameters differential equation, whose dynamics are driven
by white noise w(t) with spectral density S,,(w) = o,,. This results in the following signal representation

dztfjff) am_ldsz + o+ aoh(t) = w(t) )
where ag, . .., a;,—1 are known parameters. The equivalent of Eq. (7) in a compact state-space form is obtained as follows
z(t) = F.z(t) + Low(t) (8a)
h(t) = Hez(t) + v(t) (8b)
where z = {h(t) dzgf) . d;;; hit) ' € R™ denotes the state vector and v(¢) € R is the measurement noise, which is

assumed to be white Gaussian with variance o,. The state matrices are functions of the differential equation parameters and
are given by the following expressions

0 1 0 0 0
0 0 1 0 0
0 0 0 1 0
—ap —a; —az ... —Qm_1 1

while H, € R'*™ is a boolean matrix selecting the signal h(t) from the state vector. The continuous-time equations can be
transferred to the discrete time domain using a time step At = 1/ f, where f; denotes the sampling frequency, and converted
to the following algebraic equations

zi1+1 = Fazp + Lawy (10a)
hk+1 = Hgyz, + vg (10b)

where the form of the matrices depends on the assumption regarding the variation of the input. Namely, for a zero-order
hold assumption, which implies a constant value of the input between two successive steps, the discrete-time state matrices,
which are denoted by the subscript (g are Fy = e¥<4* and Ly = (Fq — I)F_ 'L, while the output matrix Hy is identical
to H.. The spectral density of the signal A(t) can be obtained analytically from the state-space matrices and is given by
following equation

Sh(w) = H(iw)ow H(—iw)

= H.(F. + iwl) 'L, o, LT (F + iwI)"THT (11)
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where H (iw) is the transfer function and ¢ denotes the imaginary unit. It should be noted that when the measurement noise
v(t) is additionally considered, the expression of the spectral density of h(t) described above should be slightly adjusted.
Due to the fact that the noise term has only an additive effect to the signal h(t), the spectral density of the latter should be
added to the one of the measurement noise.

Due to the relation between the spectral density and the covariance function, which under stationary conditions are
connected through the Fourier transform, the spectral characteristics of the signal h(t) can be inversely defined by specifying
the covariance kernel of the signal, which results in a specific spectral content Sy, (w). The latter in turn can be converted to
a state-space representation, according to the factorization postulated by Eq. (11). It is shown in [11] that such a conversion
is possible, when the spectral density of the signal is amenable to a rational form.

Covariance functions

Various classes of covariance kernels exist, each of which can attribute different features to the modeled signal. This work is
based on the use of Matern and periodic kernels, whose spectral density has an analytical description and their corresponding
state-space matrices are presented below.

Matern kernel

The family of Matern kernels are used to describe stationary covariance functions for different types of random processes,
while having only a few tunable hyperparameters. One of the most typically employed kernels belonging to this family is
the one for v = 3/2, whose parameters are [ and «.. The state-space matrices in this case are obtained as

0 1 0
F.= |:)\2 —2A:| , Le= |:1:| , He= [1 0]

with A = ? and o, = 12V/3 ‘;—; Accordingly, the Matern kernel with v = 5/2, in which case it is again parametrized with
respect to [ and a, corresponds to the following state-space matrices

0 1 0 0
Fc=| 0 0 1|, Li=1|0l, Hc=[1 0 0]
-3 —3AF —3) 1

where \ = ? and 0, = 400[%.

Periodic kernel

The periodic kernel enables the modeling of signals which repeat themselves exactly, such as the harmonic signals induced
by rotating machines. This type of kernel is entirely deterministic, which implies that the response in time domain does not
depend on the noise term. The state-space matrices of a signal whose covariance function is described by a periodic kernel
are

Fcz[g 0“’], chm, H.=[1 0]

where w denotes the eigenfrequency, while o, = 0.

Harmonic oscillator

An extension of the periodic kernel in terms of spectral features is offered by the kernel that represents a harmonic oscillator.
This represented by the following matrices

F.= {02 21&)} , Le= {ﬂ , H.= [—wQ —2§w]

w

where w denotes the eigenfrequency and ¢ is the corresponding damping ratio. The dynamics of such a model are driven by
a white noise signal with spectrum o,.
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Gaussian process latent force model

In this section, the GP model is extended in order to accommodate a more expressive structure, which is capable of repre-
senting the spectral and statistical characteristics of vibration response signals. Within this context, the aim is to construct
a GP model, whose dynamics are driven by a set of latent forces, each of which is modeled as a GP and delivers certain
features to the target signal y(¢). This is achieved by combining the contributions of latent forces which are characterised
by the covariance functions presented in the previous Subsection. The model formulation is described below, where the
knowledge of the system dynamics can be incorporated into a GP model that follows the covariance function of a harmonic
oscillator. This GP is used to model the dynamics of the decomposed modal signals and is augmented with a number of
latent variables z(t), for k = 1,2,..., K. The state-space representation of the augmented system in continuous-time is

obtained by defining the state vector z*(t) = [u(t) @(t) z](t) ... zg(t)] ", which contains the state variables that
describe the underlying dynamics of the signal, as well as the state variables of the various latent forcing terms zy, (¢).

z%(t) = F¢ az?(t) + Le aw®(2) (12a)

y(t) = Heaz®(t) +0(t) (12b)

where w?(t) denotes the augmented process noise, consisting of the stacked noise terms for all latent terms. Each one of
these noise variables is assumed to be Gaussian and white with spectral density o, , for k = 1,2, ..., K. Lastly, v(¢) is the

measurement noise, which is also a white process of variance o,. The state matrices of the augmented model, which consists
of K latent variables are

A. Hi, Hi, ... Hig 0 0 0 .. 0
0o F, 0 ... 0 0 L, O ... 0

Fea=|0 0 Feo ... 0 | L,,=|0 0 L ... O (13)
0 0 0 .. Fog 0 0 0 .. Lk

where HY , = [0 H, | ", while the output matrix takes the following form
H.,= [—wQ —26w H;1 ... HC,K] (14)

which without loss of generality implies the modeling of acceleration signals due to the presence of the harmonic oscillator
parameters in the first two entries. These can be adjusted accordingly for the modeling of displacement, velocity or strain
signals. Lastly, the state-space representation of the augmented system can be transferred to the discrete-time domain by
means of a zero-order hold scheme, similar to the one applied in Section .

Hyperparameter identification

The identification of the hyperprameters can be seen as an optimization problem, whose solution can be obtained by means
of the Maximum Likelihood (ML) estimate. In this contribution, a least-squares estimate of the hyperparameters is adopted,
which relies on the analytical expression of the spectral density as defined from the Gaussian Process Latent Force model.
Similar to Eq. (11), the analytical form of the spectral density is derived using the augmented system matrices, which take
into account all different latent forces

Sh(w) =Hea(Fe,a + iwl) ' Le o 3y LY, (Fe o +iwl)” THL, (15)

where 3,, € RE>X ig the diagonal covariance matrix that contains the variance terms o.* of the noise components that act
on the signal h(t) as latent forces and as such, it is the quantity to be identified.

The expression of the spectral density described by Eq. (15) can be reformulated in a vector form with respect to the
unknown variance parameters in order to obtain the values using a least squares solution of the form Aé,, = b. This is
accomplished by evaluating Eq. (15) for a number of sampling frequencies wy, for [ = 1,2,..., L, thus resulting to a set of
L equations for the calculation of the unknown variance terms. The least squares solution is built according to the following
equations

A =G RG (16a)
G, = Hc,a(Fc,a + Z.Wl]:)ich,a (16b)
b; = Sh.o(wr) (16¢)
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where A; denotes the [-th row of matrix A and accordingly, f)l is the [-th entry of b. Therefore, the vector oy, of unknown
variance terms is computed using the generalized inverse of A.

Application

The methodology presented in Section is herein applied for the modeling of vibration response signals obtained from wind
turbine systems. To this end, the NREL SMW onshore wind turbine [13] is simulated using FAST software for various
operational and environmental conditions, which are defined by the mean wind speed and the turbulence intensity. For each
sample of these conditional variables, a 10 minute period is simulated and the acceleration signals in both  and y directions
are extracted from two positions of the tower. The signals are sampled at 50 Hz and are subsequently truncated to 1-minute
intervals and transformed into the Fore-Aft (FA) and Side-to-Side (SS) directions. The corresponding SCADA variables are
also extracted for the 1-minute intervals. Thereafter, a GPLF model is learned in order to be used as generative model that
can translate SCADA variables into 1-min time series, whose spectral characteristics are in accordance with those obtained
from simulations. The aim of the generated time series is to emulate the original signal, not only in terms of its spectral
content and statistical properties, but also in terms of the loading cycles, which are responsible for the accumulation of
fatigue damage. A schematic overview of the workflow followed in this case study is presented in Fig. 1

Workflow description:
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Fig.1 General workflow description

As underlined in the section of the methodology, the optimization algorithm implies the knowledge of certain hyperpa-
rameters, which can be extracted from statistical metric of the signal. In this specific case study, it is assumed that certain
characteristics of the response are available from the design, such as the eigenfrequencies and the damping of the system,
while some further information can be extracted from the available SCADA data. As such, the dynamics of the acceleration
signals of the two modes in each direction, namely FA and SS, are assumed to be governed by a harmonic oscillator kernel,
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with w,, and &, being the eigenfrequency and damping ratio of the m-th mode. The dynamics of the modelled signals are
driven by a number of latent forces, each of which represents a specific feature of the response. Theses latent forces are
mainly driven by the rotation of the wind turbine, and should therefore have frequency components as follows:

* Rotor frequency: w, = 26—8 - RPM rad/s
* Blade passage frequencies: w =3-j - w,, j € N.

In order to account for the variability of the response, which is induced by the change in environmental and operational
conditions, the identified hyperparameters are conditioned on the SCADA variables, which apart from the rotor speed (RPM),
contain the following channels:

* Wind velocity: The absolute value of wind velocity is computed as the norm of the velocity vector.

* Turbulence intensity: The turbulence intensity used for the corresponding simulation.

* Yaw misalignment: The misalignment of the yaw position with respect to the wind direction, computed from the
difference between the velocity vector and the yaw position angle.

Within this context, a mapping between the aforementioned SCADA variables and the hyperparameters of the GPLF
model is identified, which is herein implemented using a Multi-Layer Perceptron (MLP) model, in order to extend the
validity of the model to the entire operational spectrum.

Results

In this section the results from the simulated case study, which is described in Section , are presented. Upon simulation of the
wind turbine system for different operational conditions, and decomposition of the acceleration response into modal signals
in Fore-Aft and Side-to-Side directions, the GPLF model is fitted for each 1-min time series and the identified model is used
as a generative surrogate, which aims at preserving the spectral and statistical information of the simulated response.

The performance of the model is assessed in both directions, namely Fore-Aft and Side-to-Side, of the wind turbine and
for the first two modes of the structure, which typically contain most of the vibration energy. The comparison is presented in
terms of the spectra between the generated and the original time series. In order to avoid having too many hyperparameters for
the surrogate model, the damping ratios are considered equal for all cases, namely £¥ = 0.01 for all latent forces. Therefore,
the only hyperparameters identified by the algorithm are the measurement noise level o, and the spectral densities of the
noise driving the latent forces o, for k = 1,2,..., K.

The results of the time series generated by the identified models are shown in Figs. 2-3. Concretely, Fig. 2 depicts the
spectra and the time series between the original signal and the one generated by the GPLF models for the first FA mode.
The corresponding comparison of the signals in SS direction is presented in Fig. 3. For both directions, the generated pseudo
time series seem to encapsulate the dynamics of the observations quite well, with a very limited number of hyperparameters.
Indeed, as depicted by the power spectra, for both modes and both directions, most of the energy of the signal is concentrated
in the frequency range between 0 and 5Hz. Moreover, the energy peaks are concentrated around the physically known
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Fig. 2 Comparison of the spectra (left) between the original and the generated time series (right) of the first mode in FA
direction
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Fig. 3 Comparison of the spectra (left) between the original and the generate time series (right) of the second mode in FA
direction
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Fig. 4 Comparison of the modal strain cycle counts for the first (left) and second (right) mode in the FA direction

frequencies (eigenfrequencies of the system and multiples of rotational frequency). These two particular characteristics of
the physical problem allow the surrogate model to replicate the real-world complex dynamics in a satisfactory manner with
a very limited number of hyperparameters. One could argue that more complex models could replicate the dynamics in a
better way, which is undeniably the case, however this would overlook the final goal of the surrogate.

The final target being to find a mapping between scarce SCADA data and the hyperparameters of the surrogate model,
simpler models are preferred, as fewer parameters usually exhibit higher interpretability and predictabilty. Moreover, the pre-
sented approach allows to find analytically the hyperparameters of the model, avoiding the need for optimization algorithms,
which, based on the implemented cases, seem to induce a lot more variability in the identified parameters.

Lastly, the quantity of interest is neither the spectra of the obtained signals nor the pseudo time series directly, but their
predictive capabilities for structural analysis. A very critical example is the quantification of fatigue accumulation, and the
applicability of the generated pseudo time series for this purpose is investigated in the remaining of this section. Fatigue
damage is related to the strain cycles history in the tower basis. Following the methodology proposed in [14], the strain
history is retrieved from the modal contributions ¢(t), by initially integrating the modal accelerations in the Laplace domain
[15] and subsequently transforming the model displacements to strains through the deformation matrix of the Finite Element
model of the system. Once the strain time series are obtained, the number of cycles for each strain level is counted, which is
herein performed using the rainflow counting algorithm. The obtained results are presented in Figs. 4, where a satisfactory
agreement between the generated and the original time series is achieved.
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Conclusions

In this contribution, a generative modeling approach is proposed for the translation of vibration signal statistics to short terms
dynamics. The methodology is demonstrated on a simulated wind turbine system, where a Gaussian Process Latent Force
(GPLF) model is used to map one-minute SCADA data to the GPLF parameters. With fatigue damage accumulation being a
critical phenomenon in wind turbine systems, the generated pseudo time series have a satisfactory predictive capability for
the quantification of loading cycles at different amplitudes. The relative simplicity of the surrogate model allows still to have a
very decent accuracy compared to a high complexity dynamic model, requiring a lot of computational power and parameters.
Moreover, another advantage of the proposed methodology is the connection between the scarce SCADA variables and the
short-term dynamics. The major advantage of such a methodology is the generative approach that can be used to estimate
the fatigue accumulation in critical parts of the structure based on a relatively general and simple implementation, avoiding
the pitfall of data availability encountered by many purely data-driven models.
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Chapter 15
Effective Structural Health Monitoring of Rotating Propellers
using Asynchronous Neuromorphic Tracking

Guillermo Toledo, Wyatt Saeger, Fernando Moreu, David Mascarenas, Christian Torres, and Jahsyel Rojas

Abstract Structural Health Monitoring (SHM) of rotating propellers has been proved crucial by preventing catastrophic
failure, detecting defects early, reducing costs through predictive maintenance and prolonging the lifespan of components.
Current techniques for SHM of rotating propellers generally imply high cost, complex installation and configuration or
limited effectiveness across different frequency ranges. This study aims to develop and evaluate an effective and efficient
Structural Health Monitoring system for rotating propellers using asynchronous neuromorphic tracking. By leveraging ad-
vanced neuromorphic cameras and real-time data processing algorithms, the proposed system offers a novel approach to
measure the vibrations of the propeller. Elements involved in the displacement data acquisition include Laser Doppler Vi-
brometer (LDV), scanning galvanometer and Dynamic Vision Sensor (DVS). Out of plane displacement is collected using
LDV, which operates through a galvanometer that ensures the laser remains fixed on a specific point on the propeller. Real-
time positional data of the propeller is acquired using a neuromorphic camera, which dynamically controls the galvanometer
to maintain precision. This research provides a practical and efficient solution for real-time structural health monitoring,
offering valuable insights for future engineering applications.

Keywords Neuromorphic camera - Propeller SHM - Tachometer - DVS - Galvanometer - LDV

Introduction

Structural Health Monitoring (SHM) of rotating propellers is a critical component across various industries, including wind
energy [1], aerospace [2], and marine [3] applications. Effective SHM plays an important role in preventing failures, detecting
defects at early stages, and reducing maintenance costs through predictive strategies. The need for continuous monitoring is
fundamental, particularly for high-speed rotating elements, where structural integrity is key to ensure operational safety and
efficiency.

Current SHM techniques, such as accelerometers [4], optical methods [5], and motor current analysis [6], present lim-
itations. Accelerometers, while useful for dynamic behavior analysis, have a limited scope for complex or high-frequency
vibrations, and their invasive installment can disrupt the dynamics they intent to measure [4]. Optical techniques, including
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laser interferometry and holography, are susceptible to environmental factors such as dust and humidity [7], and they require
precise calibration, making them costly and complicated to maintain. Additionally, motor current analysis provides indirect
fault detection, usually leading to imprecise diagnostics and limited sensitivity to minor defects.

The development of a novel SHM system utilizing asynchronous neuromorphic cameras aims to address these chal-
lenges. Unlike traditional systems that depend on external propeller information for laser positioning [8], the proposed ap-
proach leverages the high-frequency tracking capabilities of neuromorphic cameras. This innovation enables instantaneous
calculation of the propeller’s position, allowing for precise laser orientation that minimizes interference and coordination
issues. The ability to measure vibrations remotely without halting machinery represents a significant advancement in SHM
technology.

This study aims to develop and evaluate an efficient and effective SHM system for rotating propellers, focusing on
the application of neuromorphic tracking for real-time data acquisition. By integrating these advanced technologies, the
mentioned system not only enhances measurement precision but also significantly lowers maintenance costs and downtime,
thereby extending the lifespan of critical components.

Methodology

This section outlines the methodology developed to create a system capable of monitoring the vibrations of rotating pro-
pellers. The scope of this study is ment to track the real-time position of a propeller blade while simultaneously controlling
a laser Doppler vibrometer (LDV) for precision measurements. The system combines multiple components including a neu-
romorphic camera, galvanometer, and data acquisition hardware, all orchestrated to work in sync. The ultimate goal is to
demonstrate that the system effectively tracks and measures the dynamic behavior of the propeller in motion, providing
accuracy and operational synchronization.

The methodology was built upon the premise of mixing real-time event-based vision with precision laser tracking for
vibration analysis. As can be seen in Figure 1, the propeller system was modeled using a small precision lathe, equipped
with a plastic propeller approximately 8 inches in diameter. The speed of the propeller was controlled via a mechanism built
into the motor, allowing for speeds in between 0 to approximately 2700 RPM. To ensure accurate monitoring of the propeller
speed, a tachometer was attached to the lathe with an accuracy of +5 RPM.

Speed

W controller 7 ; '
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Fig. 1 Propeller set-up

The primary sensing framework incorporated an event-based neuromorphic camera [9], capable of acquiring high-speed
changes in the propeller’s position. An event-based camera operates by detecting changes in brightness (log intensity) asyn-
chronously at each pixel, unlike traditional cameras that capture full frames at fixed intervals. Each individual pixel in the
sensor monitors variation in light intensity and generates an “event” whenever there is a change in brightness that exceeds a
previously set threshold detected. Each event contains the pixel’s location (X, y), the time (t) of the change, and the polarity,
showing whether brightness increased (1) or decreased (0). Events are generated independently, being each one timestamped
with microsecond accuracy, allowing event-based cameras to respond rapidly to visual stimuli. Since the output rate depends
on the amount of motion or brightness change in the scene, faster movements generate more events per second, making these
cameras particularly effective at tracking fast movements without motion blur.

In order to optimize performance, the system was configured to work in a noise-reduced environment. A blackboard was
placed behind the propeller to eliminate background noise and ensure that the camera focused exclusively on the movement
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of the propeller. The camera’s output was synchronized with a two-axis galvanometer, that controlled two mirrors responsible
for reorienting the laser beam towards the rotating propeller. The galvanometer’s movements were driven by analog signals
that responded to variations in the propeller’s position as detected by the camera. The LDV, a highly sensitive instrument
capable of detecting tiny positional variations, was employed to measure the displacement of the propeller on real time. The
system was controlled by a Python script executed on a PC, that coordinated the camera, processed the positional data, and
converted it into information for the galvanometer.

The tracking system required several key components to function in unison, beginning with the careful integration of
the camera, galvanometer, and laser system. The event-based camera constantly provided positional data of the propeller.
This data was processed using Principal Component Analysis (PCA) [10] to obtain the angle of the propeller relative to the
horizontal plane. Principal component analysis is a linear dimensionality reduction method used to simplify a large data set
into a smaller set, while still maintaining significant patterns and trends. Works by finding new axes, or principal components,
along which the data shows the most variation. Eigenvalue decomposition is used to find the principal components, which
correspond to the axes with the greatest variance.

In event-based applications, Principal Component Analysis (PCA) is an important tool for both reducing noise and
obtaining meaningful patterns from large sets of data. In this specific case, PCA plays a vital role in calculating the propeller’s
angle by analyzing the events generated by the neuromorphic camera. As previously described, the camera creates a cloud
of asynchronous events, which, at first glance, appear to have no obvious connection. However, the temporal sequence of
these events forms the underlying structure that relates them. By grouping events within small time intervals, it is possible
to capture the shape of the propeller. During these intervals, most of the events will cluster along the edge of the rotating
propeller, as shown in Figure 2. PCA is applied to these clusters to identify the main direction along which the majority
of events align, corresponding to the principal axis of variance. This principal axis represents the dominant direction of the
event distribution, which allows the calculation of the angle of the propeller at a given moment.
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Fig. 2 Events captured during propeller’s rotation

The duration of the time intervals chosen for event grouping directly influences the accuracy of the angle estimation.
Short intervals result in less events, which leads to higher variability and imprecision in the calculated angle. On the other
hand, if the time interval is too long, the propeller will have rotated significantly during the interval, introducing inaccuracy
in the angle estimation. Therefore, finding a perfect balance in the interval duration is essential for accurate measurements.
Additionally, too short or too large time intervals affect directly the computational load and can reduce significantly the
efficiency of the algorithm.

It is also important to note that the effectiveness of PCA in this context is heavily determined by a robust pre-filtering
process for the events. Noise captured by the neuromorphic camera can distort the event data and reduce the precision of the
PCA-based angle calculation. Hence, adequate filtering to get rid of redundant or noisy events is a crucial step to ensure the
accuracy and reliability of this technique.



126 G. Toledo et al.

As the Figure 3a shows, once the angle of the propeller was obtained, it was then used to calculate the sine and cosine of
the angle for both the vertical and horizontal axes, providing the necessary input for controlling the galvanometer’s mirrors.
The galvanometer, which operated through analog signal input, shown in Figure 3b received these values and modified the
position of its mirrors to ensure that the laser beam remained fixed on a specific point on the propeller blade. The LDV,
reflected by the mirrors, measured the blade’s displacement, capturing the small variations that occur during the propeller’s
rotation.

(a) (b)

Fig. 3 Propellers angle transformation into different independent analog signals. (a) Sine and cosine decomposition; (b)
Galvanometer 2 axis input

The entire process was iterated at high frequency to ensure smooth tracking of the propeller’s motion and to minimize
delay between the camera’s input and the galvanometer’s response. While the system is designed to operate at high speeds,
the current experiment was conducted at lower RPMs to mitigate the effects of processing delay, which has not yet been
fully optimized.

This initial iteration of the methodology laid the groundwork for integrating the various components, ensuring that data
from the camera could be processed in real time, transformed into control signals for the galvanometer, and used to direct
the laser towards the moving propeller. Although the system is still in development, these initial results confirm the viability
of the approach and demonstrate that the core components function in synchrony to track the propeller’s motion accurately.

Analysis

To confirm the functionality of the camera and the program’s capability to detect the propeller and obtain its angle, multiple
tests were conducted. The results were positive, demonstrating that when using a blackboard as a backdrop, the program
reliably detects the propeller consistently, as illustrated in Figure 4. The angle calculations for each time interval were also
successfully achieved, as shown in Figure 5.

In order to assess the laser’s operation through the galvanometer’s small mirrors, a controlled test was conducted. A
“ground truth’ test involved pointing the laser directly at the tip of the propeller. Motion was induced and captured by the laser
on the opposite side of the propeller, as shown in Figure 6a. This test was then replicated with the propeller, galvanometer,
and laser mounted in the setup, directing the laser through the galvanometer’s mirrors, as shown in Figure 6b. The results
confirmed that while the laser could measure through the galvanometer, tasks such as calibration proved challenging. When
using the mirrors, the system lost a significant portion of its reliability, detecting only a small fraction of what would normally
be captured under direct conditions, and became sensitive to substantial movements, risking going out of range. So far, the
only tests conducted with the laser have been static, collecting data without rotating the propeller; dynamic testing is planned
for future iterations. The graph shown in Figure 6b exhibits some variation in between different induced movements due to
the low intensity of the return signal captured by the laser, which at times caused a shift in the graph’s baseline. This issue is
expected to be addressed in future work.
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Fig. 6 Displacement tests conducted. (a) Laser directly pointing at propeller; (b) Laser reflected through galvanometer

Regarding the integrated operation of all system components—namely, the detection of the propeller, angle calculation,
information transmission, and mirror position updating—tests were performed where the propeller was spun at varying
speeds to observe the mirror movements. The results, shown in Figure 7, indicate that the system can accurately detect the
propeller, process information, calculate the angle, and adjust the mirrors accordingly. However, it is important to note that
the Python code is not yet optimized, and current hardware limitations create processing delays, causing the laser to move at
the same speed as the propeller with a slight lag.

Data acquisition and processing

Initially, the code utilized time intervals to group data, process it, and iterate through the cycle. This approach led to varying
data group sizes based on rotational speed, causing slow responses at high speeds and significant delays. To address this
issue, the decision was made to implement event-based grouping, maintaining a quasi-constant iteration time regardless of
rotational speed.

Furthermore, the original approach involved using two separate Python scripts: one optimized for controlling the camera
and processing all data, and the other for operating the data acquisition system (DAQ) and generating the analog signal. It
became apparent that communication issues between the scripts increased delays significantly, prompting the integration of
both functionalities into a single multifunctional script.
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Fig. 7 Laser autonomously following the propeller

Analysis of results

This study establishes a comprehensive framework for monitoring the health of rotating propellers, providing a reliable
basis for further research and application. The iterative testing process has validated the core functionality of the system
components, ensuring that the camera, laser, and galvanometer can work together effectively. Future refinements, including
optimizing code and addressing hardware limitations, will enhance the system’s performance and reliability in dynamic
conditions. This work not only advances the monitoring capabilities of rotating propellers but also lays the groundwork for
implementing predictive maintenance strategies in various engineering applications.

Conclusion

This study has demonstrated the viability of using asynchronous neuromorphic tracking for real-time structural health mon-
itoring (SHM) of rotating propellers. The system proposed offers a positive enhancement over traditional techniques by
offering a non-invasive and efficient technique for tracking the position of the propeller and monitoring its structural in-
tegrity. The integration of a galvanometer-reflected laser system and a neuromorphic camera allowed to measure propeller
displacement in real time, although some challenges stand, particularly in reducing the delay observed in the galvanometer
response.

The tests conducted validate the system’s capability to detect and track the propeller’s movement consistently and ac-
curately. Real-time tracking has been successfully demonstrated, though with a slight processing delay due to hardware
limitations and non-optimized code. Further improvements, especially in software optimization and hardware performance,
are expected to address this problem, enhancing the system’s real-time responsiveness.

Laser measurements through the galvanometer’s mirrors have been proven feasible in static conditions, marking an
important milestone in the system’s development. Although signal loss and sensitivity to substantial movements were ob-
served, these challenges are anticipated to be mitigated in future dynamic tests, which will provide a more comprehensive
understanding of the system’s robustness under operational conditions.

Ultimately, this study presents a promising alternative to existing SHM techniques. The ability to track propeller motion
with high precision and to maintain continuous monitoring without requiring machine stoppages offers clear advantages
in terms of maintenance cost reduction and system reliability. Future work will focus on refining the system for dynamic
testing and further improving the integration of the neuromorphic camera with the galvanometer, paving the way for even
more effective real-time monitoring solutions.
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Chapter 16
Estimating Damage Detection of an Aircraft Component with
Machine Learning Models

Brandon Jones, Milton Jones, Stephen Keyes, Eamon Mott, and Thomas J. Matarazzo

Abstract Vibration measurements can assist with monitoring and inspecting the condition of aircraft components. This
study uses a vibration-based sensor network to assess damage on a specific aircraft component, creating a system that
can provide invaluable information to aircraft maintainers. The system implemented in this study used supervised machine
learning methods to determine the existence and assess the severity of a specific damage case on an aircraft component. The
method was validated experimentally using nondestructive and then destructive testing. Overall, the machine learning model
was successful in distinguishing between five levels of damage and was able to predict a loss of mass with an error of 0.5
grams. Overall, the results indicated that the regression model had a strong ability to accurately predict different levels of
damage, supporting the use of such a system for aircraft component damage detection.

Keywords Structural Health Monitoring - Damage Detection - Machine Learning

Introduction

Aircraft maintenance is often labor intensive, time consuming, and tedious, but it is an important requirement that must be
fulfilled. Furthermore, proper maintenance has become increasingly important as aircraft incorporate advanced technologies
with higher expectations in performance. To reduce operational cost and enhance performance of the next generation of
aircraft, the development of affordable sensors, powerful algorithms, and stronger data processing technology has made
the integration of structural health monitoring (SHM) into aircraft development more feasible [1]. Implementing a system
that provides maintainers with valuable information could enhance safety and efficiency in the aviation industry. There
are a multitude of techniques that can be used for SHM, which can include using vibration signatures, impedance based
technology, limit strain measurement, and fiber optic sensors [2]. The main goal of this study is to develop a damage
detection system that accurately and efficiently determines whether maintenance is necessary for an aircraft component.
There are key advantages of having a detection system that shows the status of a component, whether it is slightly damaged
or on the end of its life cycle. Previously, to standard existing methods for detecting damage on aircraft rely solely on visual
inspections. However, structural damage is not always visible to inspectors and maintainers; that is, micro-cracks or internal
defects can be difficult to detect during visual inspections.

The overarching method of structural health monitoring used in this study involves completing hypothesis testing to
compare a proposed healthy state to a state where damage is introduced. If the means of the “healthy state” is statistically
different from the “damaged state” it can be concluded that damage has been introduced, prompting maintenance of the
structure [3]. Applying that methodology to the modular effects launcher (MEL), the component of interest, enables com-
parison of a baseline healthy state with an unknown state and an evaluation of structural condition [4]. The results of previous
research illustrate the feasibility of creating a system to monitor the health of various civil and mechanical systems, while
highlighting the inefficiencies in current maintenance practices.
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Methodology

In order to create a system that meets the requirements set by the sponsors of this study,the computational process for
identifying damage had to be determined. This process was narrowed down to three main objectives; determining whether
the current state is different from the baseline, the quantity of the difference, and implementing a machine learning model that
can predict damage (mass removed from structure). Following these three goals the end product will inform the maintainer
about the health of the structure[5].

To find a change of state in the structure it must be excited and its responses recorded in this case acceleration responses
were recorded from six sensors placed on locations of interest of the MEL. Once the data is collected from the structure
it can be analyzed through damage sensitive features, which are statistical parameters that measure the change in response
based on the state of the structure. The damage sensitive features are then trained on the machine learning model. The
damage-sensitive features that were utilized prioritized the quantity of transmissibility, which measures the magnitude of
frequency response function and relates it to an input-output dynamic [11]. The machine learning model that was used was
a linear Support Vector Regression (SVR), which was used because it is simple and yielded the best results for classification
problems like this. Once the data was collected and the machine learning model was trained, it can then make a prediction
on whether or not the data it is being fed is from a healthy MEL or a MEL with a certain amount of damage. This process is
shown in Figure 1 below. In order to quantify and differentiate the states of structure for the model, mass was added (non-
destructive) and mass was removed (destructive). The methodology had to be validated through non-destructive techniques
before actually damaging the MEL itself, since there was only one undamaged version of the MEL structure. Overall, once
the model was validated and coupled with the destructive testing, the model would be able to accurately detect how much
mass is removed from the structure based on the response it has received from the excitation.

Analyze

Record Response with
Acceleration Damage
Response Sensitive
Features

Train Machine Model Gives

Learning Predictionon Information

Given to

Model with amount of L
Maintainer

Data Damage

Fig. 1 Methodology.

Experimental Setup

In designing the experimental setup, there were a couple of key components to consider. The first is how the MEL structure
will be placed during testing. The MEL was oriented how it would be hung from an actual aircraft and hung from the lugs by
a steel frame, which simulated the MEL’s responses to vibrations more accurately to how it would in flight. Next, the sensor
type, uniaxial accelerometers were selected as the sensor of choice as they had been proven to be simple and effective, from
previous years of conducting similar experiments. These sensors also allowed for immediate testing without the need for the
ordering of additional sensors. When considering sensor placement, locations were narrowed down through analysis of the
MEL within FEA software, which included seeing the modal shapes and locations of high strain energy. In recording the
frequency responses of structures placing sensors at locations of high strain energy and at locations of increased movement
in the mode shapes allows for better frequency response.

For the experimental tests, 6 accelerometers were placed around the MEI measuring the response in each direction.
When selecting an apparatus to excite the structure, a small piezo buzzer would be ideal for testing due to its low weight
and controllable input. However, due to difficulties of manipulating the input signals into said piezo and the additional time
needed to understand how to properly employ it, a mini-inertial shaker combined with a small amplifier was used instead
to allow for immediate testing and was placed at the bottom of the legs of the MEL. This shaker is connected to a small
amplifier, which takes inputs from the DAQ using DewesoftX’s function generator. A force sensor is connected to the shaker
to measure the input response from the actuator itself. Similarly, the accelerometers are connected to the DAQ as well,
providing their response readings throughout testing. The input signal provided by the functions generator itself is also
recorded, so that the input signal and the actual input of the actuator can be compared. Throughout testing, the mini shaker
would perform a logarithmic sine sweep from a frequency of 10 Hz to 1000 Hz, and then loop back down in the span of 20
seconds. This process allowed for a simple and consistent data collection process due to the input being automated, whilst
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Fig. 2 Experimental Setup.

also being easily repeatable, allowing for the collection of large amounts of data sets at a time. A view of the experimental
setup can be seen in Figure 2.

Experimental Results

Non-Destructive Cases

The damages cases for the non-destructive cases include the addition of 5, 7.5,10.15, 22.5, and 30 grams at the base of one
lug. Non-destructive testing is a good way to validate our model without having to damage the MEL structure. The data
collection process consisted of a sine sweep from the inertial shaker that lasted 20 seconds and accelerometers would record
the response. Each testing case included 100 repetitions of acceleration response data. Then 20% of the data was used for
training and 80% for evaluation in the SVR machine learning model. If the model is successful it will correctly predict how
much damage a particular case has depending on the frequency response. Figure 3 shows that our model had a strong fit and
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was able to classify the amount of damage that was present, with a root squared mean error (RSME) of less than 0.5g which
means that our model had a high predictive accuracy of how much mass is removed from the MEL.

Destructive Cases

The same methodology and experimental setup was applied for the non-destructive case. The only difference is that the MEL
would be damaged by removing mass around the lug. To execute this the MEL was cut by a milling machine, carefully and
not excessively damaging the structure. To measure the amount of mass removed from the structure we weighed the MEL
before and after it was cut. The first cut removed 1.6 grams and increased to 2.3 grams and ended with 4.1 grams. The cuts
that were made on the structure are pictured in Figure 4. Using the same SVR model to see if the machine learning algorithm
could predict how much mass was removed from the MEL. In Figure 5, the SVR predictions show a strong correlation in
our model identifying how much damage is on the MEL. At this point the model was proven successful and yield promising
results.

.y

-

1.6g Reduction 2.3g Reduction 4.1g Reduction

Fig.4 Damage Test Cases.

3.5¢ 7

1.5F e

Mass Removed [g] (Predicted)

e 7/ ®  Predictions
4 = = Perfect Fit
olf . ,
0

1 2 3 <
Mass Removed [g] (Actual)

Fig.5 SVR Results Destructive Case.



Estimating Damage Detection of an Aircraft Component with Machine Learning Models 135

Limitations

The regression models developed demonstrated promising results; however it is important to test their robustness. In order
to make sure that our model is able to identify if the structure is damaged and not just matching patterns, more analysis is
required. One way to examine this, is to to test the performance of the model with regard to unseen data classes. Therefore
two scenarios of our destructive cases were tested, damage cases of 1.6 grams and 4.1 grams removed from the structure
were removed from the training data. These tests were done separately, not simultaneously, to see if the model could still
predict those damage cases, even though they were left out of the training data. In completing this analysis that is shown in
figures 6 and 7, the predictions of damage were not accurate. These results can be interpreted that the model will perform
well under the circumstance that it has data from every damage case possible. This also indicates that there is a possibility
the model was not identifying the physics of the model and rather trying to pattern match and does poorly when it has not
seen similar cases in the training data.
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Conclusion

The results demonstrate the application of a damage detection system to an aircraft and practicability of utilizing structural
health monitoring for damage detection. However, there are still clear limitations of the models used in these experiments,
and still have significant room for improvement. Although a regression model can be fit to experimental testing data with
a strong correlation, the model fails to accurately predict data it has not seen before. There are a few ways to mitigate the
effects of this flaw in the model. The first is to increase the amount of training data. The experimental damage cases only
included 3 different test cases, if increased would likely lead to more robust results. Additionally, if there were more cases
given as training data for the model, the less the model must interpolate new data. The second method is to change the
damage sensitive features implemented in the machine learning model. The purpose of the damage sensitive features is to
extract characteristics of the frequency data that are sensitive to damage. The features used in these regression models are
not extracting the necessary information from the frequency data and should be changed to ensure stronger results. Aside
from improving the accuracy of this system, another area for improvement would be to expand the capabilities of this system
to be able to determine the location of damage alongside severity.
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Chapter 17
Physics-Informed Machine Learning for Advanced Structural
Damage Detection and Localization

Zixin Wang, Mohammad R. Jahanshahi, and Shirley J. Dyke

Abstract Structural damage detection and localization are crucial aspects of structural health monitoring. Unsupervised
anomaly detection can predict whether the structure is healthy or damaged, but it may face challenges in localizing the dam-
age. In contrast, supervised damage detection can localize damage when the damage diagnosis model is trained with data
from a finite element model (FEM) that accurately represents the actual structure. However, mismatches between the FEM
and the actual structure are inevitable due to modeling errors, real-world uncertainties, and varying operational conditions.
Consequently, a damage diagnosis model trained on the FEM cannot be directly applied to the actual structure because of
discrepancies in training and testing data distributions. To bridge this gap, we propose a novel approach using hierarchi-
cal physics-informed domain adaptation. Our approach begins by detecting structural anomalies using deep autoencoders
and information fusion. If the structure is identified as damaged, physics-informed domain adaptation is then employed to
localize the damage. A convolutional neural network (CNN) is pre-trained to predict the frequency response functions of the
structure. The weights of this pre-trained CNN model are then used to initialize a domain adaptation neural network, specif-
ically a discriminator-free adversarial learning network (DALN). This modal-based weight initialization imposes physical
constraints on the DALN. We evaluate the proposed approach using both numerical and experimental ASCE benchmark
setups. The results demonstrate that our approach outperforms existing state-of-the-art methods, even when the damaged
state data from the target structure is excluded from training, thereby enhancing the real-world applicability of the proposed
solution.

Keywords Structural health monitoring - Structural damage detection - Physics-informed neural networks - Domain adap-
tation - Deep learning

Introduction

Structural damage detection is critical for ensuring the safety and health of civil infrastructures. Data-driven models based
on machine learning have been widely utilized in this field. For example, unsupervised learning uses data in the healthy
state of the structure to train a model, which can then be used for structural anomaly detection (i.e., determining whether the
structure is damaged). In addition to anomaly detection, damage localization is important for pinpointing the damaged area
and retrofitting the structure. Supervised learning requires labeled data in both healthy and damaged states to train a model,
which can then be used to predict the damage location. However, collecting massive amounts of data from an actual structure
in various damage scenarios is impractical. Therefore, a digital twin, consisting of a physical structure and a corresponding
FEM as its virtual representation, can be constructed. The FEM can generate the data needed to train the supervised learning
model. It is worth noting that supervised learning relies on the assumption that the training and testing datasets have the
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same data distribution, meaning that the FEM must accurately represent the actual structure. However, mismatches between
the FEM and the actual structure are inevitable due to modeling errors, real-world uncertainties, and operational conditions.
These mismatches can cause the trained model to fail in predicting the damage location on the actual structure.

Domain adaptation, a subset of transfer learning, transfers knowledge from a source domain (e.g., the FEM) to a re-
lated target domain (e.g., the actual structure) by learning domain-invariant features through domain-adversarial training.
Even though the extracted features from the two domains have close data distributions, the trained model may struggle to
extract damage-informative features for damage localization. Additionally, current domain adaptation methods require a
large amount of unlabeled data from the target structure to train the model. However, collecting sufficient unlabeled data
in various damaged scenarios of the actual structure is infeasible. In this work, we propose a hierarchical physics-informed
domain adaptation approach (HierPhyDALN). More specifically, structural anomaly detection is first performed using a deep
autoencoder and information fusion, and if the structure is identified as damaged, then physics-informed domain adaptation
is employed to localize the damage. Physical constraints are applied to DALN through modal-based weight initialization,
which effectively forces DALN to learn damage-informative features. Our approach is rigorously validated using both nu-
merical and experimental ASCE benchmark setups, demonstrating the superior performance of our approach compared to
other state-of-the-art methods, even when trained exclusively on data representing the healthy state of the target structure.

Methodology

Intra-class variance evaluates the model’s adaptability to a new task, indicating how transferable the model is. Data in
damaged states of the structure typically exhibit a larger intra-class variance than data in the healthy state, indicating that the
damaged state data is more efficient for domain adaptation. Therefore, hierarchical damage detection is proposed, wherein
structural anomaly detection is initially performed using an unsupervised autoencoder and information fusion [1]. If the
structure is identified as damaged, physics-informed domain adaptation, which is trained exclusively on the damaged state
data, is deployed to predict the damage location. The adversarial paradigm in the form of DALN is adopted for domain
adaptation. DALN consists of a feature extractor G and a damage predictor C'. The damage predictor C' is reused as a
discriminator D by incorporating Nuclear-norm Wasserstein discrepancy, which enables feature extractor G to learn domain-
invariant features. The loss function used to optimize DALN can be expressed as:
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To enforce DALN to learn damage-informative features, we propose a physics-informed neural network using modal-
based weight initialization. Specifically, a CNN containing a feature extractor G and a modal predictor M is pre-trained
to predict the FRFs of source and target structures. Note that the modal predictor M and the damage predictor C' share
the same architecture, except for their output layers. The weights from the pre-trained CNN are then utilized to initialize
DALN, thereby imposing physical constraints on DALN and enabling it to learn modal-related features such as natural
frequencies and mode shapes, which are conducive to damage localization. DALN is fine-tuned using labeled data from the
source domain and unlabeled data from the target domain. In this study, the input to the data-driven models is the continuous
wavelet transforms of acceleration signals. Fig. 1 provides an overview of the proposed approach.

Numerical Study: ASCE Benchmark Models

The benchmark structure is a four-story, two-bay by two-bay quarter-scale steel frame constructed at the University of British
Columbia. A 12-degree-of-freedom (DOF) model and a 120-DOF model, as shown in Fig. 2, are built to generate simulated
response data [2]. Though the model parameters of the 12-DOF model are updated using the transitional Markov chain
Monte Carlo (TMCMC) approach to match the modal properties of the 120-DOF model, domain discrepancies between the
two models still exist. To predict the damage categories on the target structure, domain adaptation is performed between
the 12-DOF model (the source structure) and the 120-DOF model (the target structure). Structural damage is emulated by
removing the braces on each story, resulting in five categories, including one healthy category and four damaged categories
with each story being damaged. A hammer is used to excite each floor and the corresponding vibration responses are cal-
culated. For each damage category, 80 samples are generated with each sample containing 16 sensor signals. Since the



Physics-Informed Machine Learning for Advanced Structural Damage Detection and Localization 139

» Anomaly detection » Pre-train model using modal information
Feature extractor G .
Bottleneck e Modal predictor M
Layer ‘ . Feature f \ Palaie)> Sl \
I |
Frequency !
x Encoder z Decoder x ! ! |:"> !
o I E:> |f|> E> 1 response |
/ \ 1 ‘ ' /I : Ij'> E>/ functions |
— - I\ | 1 1 ! D /I
Input output) \_ T~ —— - - - : :
] [ [ G |
l 1 1 1 Weight m/t/allzat/onI H
| | 1 ! N
g iy g N
7 N\ T TTYTTTETTY Y 7o T
I | v v l
a .a .a [
I
3 B - c>':>' v 4 o
AE Structure ‘| \ Damage label y
NS e e e e ——————
v 7 anomaly? Feature f

Healthy Healthy
Number of damages < p

Healthy -

AE: autoencoder

Feature extractor 6 == Nl o o e e e e - - -

- - -

Domain discriminator free

> Information fusion » Fine-tune model using domain adaptation

Fig. 1 An overview of the proposed approach.

120-DOF model represents the actual structure, 5% structural uncertainty and 10% measurement noise are introduced to the
model.
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Fig. 2 ASCE benchmark models.

We compared our proposed approach (HierPhyDALN) with other state-of-the-art methods, as summarized in Table 1.
Each approach is trained 30 times to consider the randomness of weight initialization during training. Damage detection
results on the 120-DOF model using different approaches are presented in Fig. 3. The results demonstrate that hierarchical
damage detection, which includes anomaly detection followed by damage localization, can significantly enhance accuracy.
This improvement is attributed to the larger intra-class variance of the damaged state data, which enhances the adaptability
of the DALN trained exclusively on the damaged state data. Furthermore, the physics-informed DALN outperforms the pure
DALN. This is because the modal-based weight initialization constrains DALN from learning damage-informative features,
which is conducive to damage localization. It is worth noting that collecting data in different damaged scenarios on the actual
structure is impractical. However, our proposed approach can achieve promising performance even when the damaged state
data from the target structure is excluded from the training (Fig. 3(b)).
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Table 1 State-of-the-art approaches used for structural damage detection and comparison in this study.

Approach DALN Physics-informed NN Hierarchical damage detection
#1: SCNN X X X
#2: DALN v X X
#3: HierSCNN X X v
#4: HierDALN v X v
#5: HierPhyDALN (ours) v v v
#6: PhyDALN v v X
100 100
80 o ? 80
= 60 — 60
z z T
e © °
3 40 3 40
Q O
< . <
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0 ‘ 0 ‘
#1 #2 #3 #4 #5 #6 #1 #2 #3 #4 #5 #6
Approach Approach

(a) Unlabeled data in damaged states of the 120-DOF model are  (b) Unlabeled data in damaged states of the 120-DOF model are
included in the training. excluded from the training.

Fig.3 Damage detection results on the 120-DOF model using different approaches.

Experimental Study: ASCE Benchmark Structure

In this section, we validate our approach using the actual benchmark structure (the target structure) and the 120-DOF model
(the source structure), as shown in Fig. 4. The model parameters of the 120-DOF model are updated using the TMCMC
approach to match the modal properties of the actual structure, yet the source and target domains still exhibit different data
distributions. In the target domain, 7 samples for the healthy category are collected from the actual structure subjected to
hammer impact, with each sample containing 12 sensor signals. Additionally, three damage categories are implemented
on the actual structure: (i) brace damage on the east face; (ii) brace damage on the east and north faces; and (iii) brace
damage on all faces, with 24, 6, and 18 samples collected for each damaged category, respectively. In the source domain, 96
samples are generated using the 120-DOF model for the healthy category, and 384, 96, and 288 samples are generated for
the three damaged categories, respectively. The damage detection results using different approaches, excluding the damaged
state data of the actual structure from training, are shown in Fig. 5. We also perform t-tests on the results obtained by our
proposed approach versus other approaches, as listed in Table 2. All p-values are below 0.05, indicating that our approach
has statistically significant improvements compared to other state-of-the-art methods, even with limited data from the actual
structure.

Table 2 T-test on the results obtained by the proposed approach versus other state-of-the-art methods.

Approach P-value
#1 vs #5 415 x 10717
#2 Vs #5 2.32 x 10712
#3 vs #5 5.18 x 10712
#4 vs #5 1.99 x 107°
#6 vs #5 4.34 x 1072
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Fig. 5 Damage detection results on the actual structure.

Conclusion

This study proposes a hierarchical physics-informed domain adaptation approach (HierPhyDALN) to address the domain
shift between the FEM and the actual structure in supervised damage detection. Hierarchical damage detection leverages
the larger intra-class variance of the damaged state data to enhance the adaptability of DALN. The physical constraints
through modal-based weight initialization enable DALN to learn damage-informative features. Results from both numerical
and experimental ASCE benchmark setups indicate that our approach outperforms other state-of-the-art methods, even when
the damaged state data from the target structure is excluded from training, thus enhancing the real-world applicability of the
proposed solution.
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Chapter 18

Damage Detection Strategy Based on PCA/Mode-Shapes
Developed on a Laboratory Truss Girder Subjected to
Environmental Variations

M. Berardengo, F. Luca, S. Manzoni, S. Pavoni, and M. Vanali

Abstract In recent years, Structural Health Monitoring has become a fundamental area within industrial, aerospace, and
civil engineering, offering a wide range of techniques to predict, assess, and manage potential structural damage. Most of
the proposed strategies focus on handling and analyzing damage-sensitive features of the system under observation, continu-
ously monitoring and evaluating changes in these characteristics over time. Among the various methods developed recently,
vibration analysis has proven to be particularly promising. This work presents an unsupervised learning approach for de-
tecting structural damage using vibration data. The study involves a benchmark test exploiting a custom-designed laboratory
truss girder to develop damage detection strategies based on acceleration measurements. The approach employs statistical
pattern recognition employing mode-shapes as damage-sensitive features. Distinct attention is given to practical aspects such
as sparse sensor layouts, managing long-term monitoring data, and introducing synthetic damage indicators to support main-
tenance decisions. The algorithm is validated using real data from acceleration measurements on the laboratory truss girder,
which has been monitored for several months under varying environmental conditions, including temperature fluctuations
and sunlight exposure.

Keywords Structural Health Monitoring - Damage Detection - Principal Component Analysis - Operational Modal Analy-
sis - Environmental Variation

Introduction

Buildings, structures, and mechanical components inevitably deteriorate over time due to environmental exposure and mate-
rial fatigue, leading to a loss of functionality. Structural Health Monitoring (SHM) plays a fundamental role in the investiga-
tion of the conditions of these systems. Indeed, detecting critical conditions or potential damage is essential for both safety
and economic reasons, as it allows for planning the maintenance or renovations of determined components most efficiently
[1]. In this branch, the interest in vibration-based techniques has grown significantly due to their practical benefit. Indeed,
these methods do not require prior knowledge of damage location, and the use of accelerometers (common in these strate-
gies) is non-destructive and can be easily applied to existing structures [2]. Several techniques have been developed to detect
damage in real structures or models using modal parameters like natural frequencies [3], damping coefficients [4], and mode
shapes [5]. While vibration-based methods appear intuitive, their practical application faces significant challenges due to the
impact of environmental and operational conditions [6]. These factors can alter modal parameters to an extent comparable
to or greater than possible incoming damage, limiting the effectiveness of these parameters in SHM. Several studies have
demonstrated a high correlation between natural frequencies and both daily and seasonal environmental temperature drift
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[7]. On the other hand, the influence of thermal gradients on the mode shape evolution is still partially unexplored. Thermal
gradients within a structure can affect mode shape estimation, particularly in large structures like bridges and skyscrapers,
where uneven sunlight exposure creates non-uniform thermal characteristics. The most common methods for removing the
environmental effects rely on the Principal Component Analysis (PCA), which is a powerful tool for detecting structural
damage and reducing the ambient and operational impact on measured data [8]. However, this technique requires further
exploration in strategies where mode shapes are used as damage-sensitive features. In the literature, mode shapes are com-
monly evaluated using the Modal Assurance Criterion (MAC), which is an index with a distribution represented by an inverse
exponential [9]. Nevertheless, it is often reported that machine learning algorithms are much more effective when input data
are characterized with a normal distribution.

This work proposes an unsupervised damage detection strategy using mode shapes as damage-sensitive features. The
method employs robust PCA and Mahalanobis Squared Distance (MSD) to filter out outliers and mitigate environmental
effects on mode shapes [10]. The method has been validated with real data from a laboratory truss girder structure sub-
jected to environmental variability. Over several months, the structure was monitored under uncontrolled factors such as
temperature fluctuations and sunlight exposure, with modal parameters continuously estimated via an automatic Operational
Modal Analysis (OMA) algorithm, and environmental parameters tracked using thermocouples. The next section provides
an introduction to the truss girder benchmark and data acquisition setup.

Benchmark and Experimental Setup

The benchmark of this work is a laboratory truss girder realized ad-hoc at the University of Parma for SHM purposes. The
structure employed as a validation case study is a classic two-dimensional Pratt truss anchored to the floor through rigid
support. The structure is secured by Teflon roller connections at both bottom ends through a clamp system. It presents a
4.20-meter span and a height of approximately 80 cm, and it is composed of diagonal and vertical aluminum rods with a
1.2 cm hexagonal cross-section and lengths of 50 cm (vertical) or 70 cm (diagonal). The horizontal members are two steel
H-beams, each 430 cm long and 1.1 cm thick. Stability is enhanced by seven 15 kg masses at the base nodes. The structure is
held upright by four struts positioned at 1/3 and 2/3 of the span, with stainless steel cylinders functioning as rollers to permit
only vertical movement.

Unfortunately, the ambient excitation of the laboratory does not reach an adequate level for a reliable evaluation of the
modal parameters. Therefore, an electro-dynamic PCB model 2007E shaker is employed to excite the structure vertically us-
ing a band-limited white noise signal up to 200 Hz. The dynamic of the system is measured with 6 Micro Electro Mechanical
System (MEMS) accelerometers TE4030 model with a sensitivity of 1 V/g, a measurement range of -2 g, and a bandwidth
of 0-200 Hz. Ambient conditions are tracked with 4 thermocouples type K placed at different points of the structure. Each
test is then performed every 30 minutes to evaluate the evolution of modal and ambient parameters constantly. In Figure 1
the experimental setup layout is presented.

0 Shaker
Acct e Acc2 Acc3

Acct
[—]

7l Ol ‘

Fig.1 Truss sketch with node numeration and data acquisition system layout with shaker, accelerometers (grey rectangles)
and thermocouples (green circles) location.

Feature Extraction

In this work, the mode shapes of the structure are employed as damage-sensitive features. Modal parameters evaluation is
performed employing an automatic OMA algorithm in MATLAB environment, using a poly-reference least-squares complex
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frequency-domain method [11]. The truss girder presents 5 modes in the frequency range of interest 0-200 Hz. The mode
shapes estimated are normalized with respect to the accelerometer 1, which is positioned near the excitation point. Mode
shapes experimentally evaluated from the truss girder are presented in Figure 2.

Mode shape 1 Mode shape 2 Mode shape 3
L L

L] L] L] L] L)

Mode shape 4 Mode shape 5 Mode shape 6

SNz == NS =277

Fig. 2 Truss girder mode shapes experimentally evaluated.

Since the accelerometers employed are 6, for each mode the features available are 5, for a total amount of 25 values for
each observation. Therefore, a new observation 7 obtained for each test results in a vector arranged as follows

1 1 Lo 0]

Y3 Py s (1

where go? is the eigenvector value corresponding to the accelerometer j of the mode k.

Once enough observations to establish a baseline including all ambient variations have been collected while the truss is
maintained in healthy condition, PCA has been performed to remove the environmental impact on the data collected. In the
case of the study, PCA is used to detect the principal components most sensitive to variations caused by the environmental
evolution, in order to remove them and process the remaining principal scores which should represent the real structural state
information. Unfortunately, the Pearson’s coefficients evaluated between the principal scores and the temperature measure-
ments have not demonstrated a high correlation between the investigated variables. Therefore, the first PCs to be removed
have been selected using the Cumulative Variance Contribution Rate (CVCR) adopting a threshold of 99% [12]. The method
proposed has shown that the first 11 PCs are representative of the 99% of the variance, as depicted in Figure 3, and, thus are
removed from the damage detection strategy.
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Fig. 3 Pareto chart of the Principal Components with the Cumulative Variance Contribution Rate (CVCR).
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Damage Index Evaluation and Results

After the establishment of the baseline dataset and the alert threshold, the following step concerned the development of
a synthetic index evaluated from each test performed on the truss girder. Each new damage-sensitive feature observation
is standardized by employing the baseline averages and standard deviations. Then, a new vector of principal scores Z; is
achieved by projecting the standardized observation on the orthogonal system obtained from the PCA of the baseline. The
first 12 elements are removed obtaining a new vector Z; containing the structure characteristics without the environmental
impact. Finally, a synthetic Damage Index (DI) is calculated by exploiting MSD with the following formula:

DI = (2 - Z5)' 5,12 - Z) @)
where Z are the baseline principal score averages without the first 12 elements and %y is the baseline covariance matrix.
Due to different environmental conditions, the baseline dataset has been selected including the period from 6th April to

22nd July. In Figure 4, the thermal gradients monitored during the baseline interval in the structure are shown.
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Fig. 4 Thermal gradients measured in the structure during the baseline interval, with different behaviors highlighted with
red ellipses.

In the figure above it is possible to understand the extension of the baseline interval to the end of July, due to a completely
different behavior of the thermal gradient of the structure.

Then, the strategy proposed has been validated against data measured from the structure, alternating healthy and damaged
periods. The damages induced to the structure for the test case are:

* the application of 0.5 and 1 kg masses
* the reduction of the bolts torque in node connection elements.

In Figure 5, damages induced to the structure are presented.

Both scenarios simulate realistic damage typically experienced by a truss girder during its lifespan. The placement of
additional masses represents a reduction in stiffness at specific locations of the structure. Given that the total mass of the
truss girder is approximately 300 kg, the mass variation induced amounts to 0.17% and 0.33%, respectively. On the other
hand, the reduction in bolts torque indicates a decrease in the effectiveness of the connection nodes (bolts or rivets). Initially,
all bolts were tightened to a torque of 40 Nm, despite the nominal torque specification being around 12 Nm. The damage
has been induced by decreasing it to 30, 20, 10, and 6 Nm.
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(b)

Fig. 5 Damage induced to the structure: a) mass application and b) bolts torque reduction.
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Fig. 6 DI evaluated with the strategy proposed against different damages induced to the structure.

DI results computed during the monitoring period are shown in Figure 6. The index proposed is even evaluated with a
traveling mean (black line) to better understand its evolution during the monitored period.

Results show that the DI proposed in this work is not affected by the environmental impact. Furthermore, it is possible
to appreciate the incredible increase in DI when the structure is affected by damage, while it returns to the baseline range
when the structure is recovered to healthy conditions.

Conclusion

This paper proposes a new damage detection strategy with a strong immunity to environmental variations. A synthetic index
DI is evaluated by analyzing the mode shapes of the structure in healthy conditions to establish a reference baseline. Then,
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mode shapes are processed using the PCA, excluding the first principal components (first eleven) affected by environmental
factors by exploiting the CVCR method. The remaining principal scores, which are immune to ambient influences, are
analyzed using statistical tools such as the MSD. Outliers in the proposed DI are interpreted as changes in the dynamic
behavior of the structure caused by potential damage incoming. In order to validate the strategy proposed, two different
damages have been induced to the structure: the positioning of different masses and the reduction of the tightening torque
of the bolts in the connection elements between rods. Results obtained from the DI proposed demonstrate that the synthetic
index effectively detects structural damage while remaining highly resistant to ambient variations.
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