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Abstract

The late opportunities prompted by artificial intelligence have motivated
the current research about structural damage detection strategies based on
damage-sensitive subspace-based indicators (DI). Precisely, three ditferent
methodologies (A), (B), and (C) are discussed for multiclass damage classi-
fication with a multi-layer perceptron (MLP) network. Specifically, the net-
work’s inputs combine vibration response statistics with subspace-based fea-
tures. Method (A) relies on statistical features only, whereas method (B) also
considers the most informative subspace-based DI, retrieved from an empir-
ical sensitivity analysis. Finally, method (C) provides a new perspective by
overcoming the arbitrary choice of parameters atfecting the subspace-based
DIs computation. These three methods are tested on a numerical benchmark
problem, and the results emphasize the last approach as the most promising
methodology. For the sake of further validation purposes, the three methods
have been finally tested on an experimental steel I-beam setup, evidencing
the effectiveness of informative subspace-based DIs.
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1. Introduction

Structural health monitoring (SHM) is nowadays one of the most rele-
vant issues related to the public safety of transport systems, which concern
the scientific community, public administrations and highway concessionaires
11,2, 3,4,5,6, 7. Consequently, innovative techniques have been developed
in recent years to better support a decision-making process, optimized main-
tenance programs and interventions to increase the nominal life of existing
heritage [8, 9, 10, 11, 12, 13, 14]. In the SHM field, it is possible to dis-
tinguish at least two main categories of techniques. The former is denoted
as parametric, usually based on analytical time-domain regression models
[15, 16]. The latter includes non-parametric methods, which instead are not
based on a model but rely on statistical treatments of the data [17], even al-
lowing a quick insight into the information inside them [18]. One of the most
widespread approaches for the dynamic behavior identification of a structural
system is the operational modal analysis (OMA) [19, 20, 21].

The OMA comprises output-only post-processing techniques of the vi-
bration response for estimating the natural frequencies and modal shapes.
Among the most used algorithms in OMA, there are the Enhanced Fre-
quency Domain Decomposition (EFDD) [22] and the Stochastic Subspace
Identification algorithm (SSI) [23]. Nowadays, the EFDD method, which is a
non-parametric, frequency domain procedure, and covariance-based SSI (SSI-
cov), which is a parametric, time-domain procedure, are the most widespread
techniques for OMA [18]. The SHM problem presents at least five levels of
analysis as illustrated in [24, 18, 25, 26]: Level 1, associated with the ini-
tial damage detection phase; Level 2, damage localization phase; Level 3,
identification of the type of damage; Level 4, quantification of damage sever-
ity; Level 5, related to the prediction of the actual remaining service life
concerning the nominal one. The first four levels are associated with the
well-acknowledged diagnosis phase [27], whereas the last one is related to the
prognosis phase [24].

The present study discusses an example of Level 1 of the SHM problem.
Theoretically, the damage detection task could be performed by monitoring
any change in the experimental modal parameters. However, several re-
searchers proved that these parameters obtained from the OMA are not the
most informative elements to solve the Level 1 of SHM effectively [28, 29, 30].



Therefore, some other studies provided some most informative damage indi-
cators (DIs) which do not strictly require OMA. [31] discusses at least two
main advantages of adopting non-parametric damage detection procedures.
They avoid manipulating vibration data, and, thus, no modeling errors are
further introduced. Additionally, they could be easily integrated into au-
tomated monitoring systems. In particular, some of these DIs denoted as
subspace-based [32, 33, 34], rely on residues calculated by covariance changes
between two different situations: an initial reference condition and a current,
possibly damaged, one [35]. Despite the excitation covariance may be sig-
nificantly different among the two acquisition moments, these indicators are
quite robust because they rely on the simple orthonormal factorization prop-
erty among different subspaces, i.e. the active space in the reference state
and the null space in the current situation [31]. Their robustness bestows
them the capacity to effectively detect damages and not variations due to
very different excitation inputs. In [36], they even adopt the subspace-based
DI to perform the damage localization, Level 2 of an ideal SHM procedure.

The current study attempts to provide a novel framework for the damage
detection task by adopting machine-learning artificial neural networks (ANN)
models combined with the above-mentioned subspace-based DIs. Some previ-
ous attempts have been conducted by [37], in which a multi-layer perceptron
(MLP) has been adopted in a supervised learning scheme combined with
subspace DIs to perform classification task among a healthy and two other
damage states. Despite their promising results, they evidence how the main
subspace-based DIs drawback is related to the arbitrary choice of the time
shift considered in the construction of the Hankel matrix and the truncation
order to define the active and spaces, to detect damage and not the excita-
tion variation noise effectively. In this paper, the authors have also provided
a specific dataset collection to remove the arbitrary choice of the time shift
and the truncation order, to improve further the damage classification perfor-
mance of a relatively similar MLP architecture. In [38], both a support vector
machine model and an MLP architecture have been trained on a numerical
pinned-pinned beam model to perform the damage classification task. The
ANN has been trained on statistical parameters directly calculated on the
raw time series vibration data. This study has potential because the scholars
adopted very elementary calculations without modeling assumptions asso-
ciated with additional data manipulation. However, this method resulted
in relatively poor accuracy on the simple numerical beam scheme, whereas
accuracy negligibly improved on the analyzed real case studies.



In the present work, the authors attempt to further enhance this MLP
scheme by giving as input both the most important statistical features and
even considering a subspace-based DI [39]. Since this latter seems to be more
sensitive to damage to the naive statistical indicators, their combination is ex-
pected to provide relatively higher accuracy in the classification performance.
The proposed improvements to the damage detection framework with ANN
and subspace-based DI are applied to a numerical simply supported beam. In
addition, this simple benchmark discusses the sensitivity of subspace-based
indicators to their input parameters. Furthermore, to validate the methods
in a real-world case study, the authors tested the three methodologies on an
experimental steel I-beam setup. To the authors’ knowledge, no scholar car-
ried out this study on subspace-based ANN damage detection before. The
novel contributions of this article can be summarized as follows:

e The performance of three sets of DIs have been compared using ANN
capabilities to solve multi-class damage classification. The goal is to
assess the enhancement of the ANN classification performance, by in-
cluding as input both statistical features estimated on raw vibration
data and subspace-based indicators;

e A sensitivity analysis on the input parameters of the subspace-based
indicators revealed the significance of their arbitrary choice and sup-
ported the development of a third set of DI;

e The third set of DIs considers as input of an ANN a class of subspace-
based DIs in the attempt of removing the arbitrary user’s choice of the
parameters which significantly affected their calculations.

e An experimental laboratory test has been conducted on a steel I-beam
to validate the effectiveness of the three proposed methodologies.

The current document is organized as follows. In Section 2.1, the theoret-
ical basis of subspace-based DIs is briefly presented. Section 2.2 illustrates
in detail the three proposed ANN-based methodologies denoted as (A), (B),
and (C) for multiclass damage classification that combines statistical features
and subspace-based DIs. Section 3 presents the analyzed benchmark numer-
ical beam model case study. In Section 3.3 an empirical sensitivity analysis
has been conducted to explore the impact of some hyperparameters on the
damage identification process and the calculation of subspace-based DIs. In



Section 3.4, the MLP architecture for the numerical benchmark problem is
described with the feature datasets arrangement for methods (A), (B), and
(C), and the training results are presented. Section 4 illustrates an experi-
mental laboratory test conducted on a steel I-beam to validate the effective-
ness of the three proposed methodologies. Finally, Section 3.5 extensively
discusses the classification results and the effectiveness of the three proposed
methodologies in the analyzed case studies.

2. Damage detection with subspace-based artificial neural networks

2.1. Brief overview of subspace-based damage indicators

In the last decades, many different damage diagnosis approaches based
on OMA techniques have been proposed, relying on the extraction of some
damage-sensitive features from output-only vibration data [40, 41]. Gener-
ally, the feature vector is approximately assumed as zero mean normal Gaus-
sian distributed in the reference state (assumed as an undamaged situation)
which evolves in a non-zero mean when damages occur. Therefore, a residual
vector may allow monitoring of the relative changes among the new probable
damaged state, and the initial reference one [42]. Some residuals definitions
have been proposed in the literature, e.g. the subspace-based residual [43],
the transfer matrix-based residual [44], residuals built on a null-space based
comparison of data Hankel matrices [45], on the difference of output covari-
ance Hankel matrices [46] or directly on the modal parameter differences
47].

The present study mainly focused on the subspace-based residuals ap-
proach which has its roots in the SSI-cov identification algorithm [23]. The
subspace residuals are classified in conventional and robust with respect to
how they are influenced by noise and changes in input excitation patterns
[43]. The residual matrix relies on the orthonormal property between the
subspaces related to a reference situation in comparison with the subspace
related to a different structural response dataset, which could be varied be-
cause of input noises or structural damages. The main advantage of the
subspace-based Dls is related to the fact that they do not strictly require the
identification process of the structure. For example, in [48, 49], a residual
function was proposed to detect changes in the intrinsic dynamic proper-
ties directly from raw measurements (e.g. acceleration responses), without
performing structural modal identification in the damaged state. Denot-
ing vibration measured data as (y;,)k=1,..n~, a consistent estimate of the the
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theoretic block Hankel matrix prJqu is obtained from the empirical output
covariances [50]

Ry Ry ... R,
N ! . N
. 1 A Ry Ry ... Rq+1
Ri= N ; Ul = Hpg=| S : (1)
Rpp1 Rpyo .. Rpyg

48, 49] originally proposed a residual function comparing modal parameters
between a reference (undamaged) state and a current (damaged) one. How-
ever, [51] proposed a non-parametric damage detection approach without re-
quiring carrying out the complete modal identification in the reference state.
In SSI-cov algorithm, the modal identification procedure is mainly based on
the singular value (SV) decomposition of the Hankel matrix [18, 45]

51 0

Hyy14 ~ [UU3 [0 0

} [ViVo]" =~ U181V, (2)

where U, represents the left active subspace of the independent column vec-
tors of the Hankel matrix, U, denotes the null subspace, similar definitions
are provided for V; and V5 for row vectors of Hankel matrix, and S; col-
lects the sorted non-negligible SVs in a diagonal matrix. The orthonormal
properties of these matrices state that

i ~ Tt ~
Hyp1,Vormey , UyHyng=~ey (3)

The above residues €y and €;; can be different from zero vectors because of
noise effect or neglected weakly excited high modes. However, [45] pointed
out that they are not the ideal candidates for tracking relative changes for
damage detection purposes, taking into account the same state. Indeed, the
amplitude of the residues, resulting from the erroneous definition of the sys-
tem order or the amplitude excitation, may mask the residues variation due
to small structural damages. Instead, the above orthonormal property can
be exploited by comparing two different states. Therefore, the conventional
residue can be expressed as the product of an empirical (non-parametric)
null subspace Ug e in the reference state and the Hankel matrix li]pH’q’mr in



the current state [48, 49]:
€ = U2T,refj—]p+17q7cur (4)

However, the excitation covariance may vary between different measurement
sessions of the system because of random environmental factors. Therefore,
(43, 45] presented a new residue definition robust to variations of excitation,
considering the product of the null subspace U ,¢r in the reference state and
the active subspace U ¢, in the current state:

é’/‘ = Ug’rerl,cur (5>
In [45], the authors have provided a geometrical interpretation of the residue
matrix concept, such as the expression of a loss of orthonormality between
reference subspace and another current state. Therefore, they give some DIs
related to the rotation angle which arises between the two subspaces when
structural damage occurs. Despite different possible DIs formulations have
been provided [48, 52|, in this study the authors referred to Yan et al. [45],
in which the DI has been established as the spectral norm of the conventional
or robust residue matrix:

DI.yan = norm(€.) , DI, yan = norm(e,) (6)

where norm(-) : R™"™ — R is the matrix spectral norm operator, i.e. the
maximum SV. In the current study, the Yan’s et al. [45] DI, ya, has been
selected as a subspace-based damage-sensitive feature to train the ANN clas-
sification models presented in Figure 1.

2.2. Proposed neural network-based damage detection methodologies

To evaluate the health state of a specific structure with a monitoring
system, nowadays, a widespread approach relies on the dynamic identification
of the structure using output-only vibration data. A new methodology is
presented in the current study based on integrating the ANN into the damage
identification process. To leverage at most all the potentialities of artificial
intelligence techniques, particular care must be dedicated to the dataset col-
lection, which plays a crucial role in determining accurate and reliable final
results. Therefore, after placing the accelerometer sensors on the structure
under investigation, the first critical phase is collecting output-only vibration
data response. Specifically, as discussed in the previous section, the subspace-
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Figure 1: Flowchart of the three ANN-based damage detection proposed methods.

based damage indicators rely on comparing two ditferent states. Indeed, the
very first measurement session is assumed as the reference state. On the
other hand, any subsequent measurement session should be considered as
a current state (undamaged or potentially damaged). Since the availability
of real-world recorded data may be strongly limited in general, the current
method relies on a data augmentation procedure based on numerical simu-
lations. Specifically, a finite element (FE) model calibrated on the reference
state measurements may be dynamically excited imposing various damage
conditions in order to collect a sufficiently comprehensive dataset of vibra-
tion responses related to ditferent and likely damaged current states.

After collecting these structural responses dataset, three different method-
ologies respectively named (A), (B), and (C) have been developed in the
current research study, as schematically illustrated in Figure 1. Precisely,



these three methods share a common artificial intelligence core, i.e. an ANN
model with a MLP architecture typology. A classification task is entrusted
to the neural model with the final goal of recognizing the health status of the
current state of the structure under investigation. Nevertheless, to fulfill this
task, the authors have identified three possible ditferent sets of input features
to feed the MLP model, thus formalizing three ditferent methodologies.

Inspired by the previous study of Finotti et al. [38], method (A) involves
a supervised damage classification task based on statistical features only.
Specifically, some basic statistics have been computed directly on the raw
time-histories vibration data. These descriptors, e.g. sample mean, sample
variance, mean square, root mean square, etc., are used to feed the MLP
model since they represent potentially time-domain discriminating features
between the undamaged reference state and a damaged current state. In par-
ticular, as demonstrated in [38], in the current study, only the following most
significant and discriminative statistical features have been considered, i.e.
equations (7a)-(7f). Denoting the acceleration time series recordings with n,
components as «, the extracted statistical features taken into consideration
are the peak value xp(;;, the mean square value xyg; ), the root mean
square Trwms,(i,j), the variance ryag(,j), the standard deviation xgrp (; ;) and
the K-factor zk (; j).

Tp (i ) = max{|zy|}p_;, (7a)
TMS,(i,5) = (7b)
TRMS, (i,j) = (7¢)
TVAR(i,j) = (7d)

1 _
TSTD,(i,j) — " Z(xk —T)?, (7e)
k=1

TK,(i,j) = TP,(i,j) * TRMS, (i,j)- (7f)

In the previous equations, j denotes the numbering of the j-th sensor placed
on the structure, whereas ¢ refer to the i-th current, potentially damaged,



state under consideration. Nonetheless, despite the promising idea of method
(A), in [38] the accuracy classification performance was demonstrated being
decent but outstanding. The reasons may be probably lie in the limited scat-
tering interval of some statistics even though passing from an healthy status
to a very seriously damaged one.

Therefore, the latter consideration motivated the authors to attempt fur-
ther improving method (A) thus investigating another set of more discrimi-
native input features. As illustrated in Figure 1, method (B) plans to feed the
MLP network with the previous statistical features jointly with a most dis-
criminative Yan’s et al. [45] subspace-based damage-sensitive feature D1, van,
see equation (6). According to the brief recall of the background theory pre-
sented in the previous section, the calculation of this indicator requires an
arbitrary user’s choice about at least two parameters, i.e. the time shift and
the truncation order, which in turn defines the active and null subspace di-
mensions. Therefore, a possible more reliable and systematic method to define
the most informative, and thus the most discriminative subspace-based fea-
ture, can be handled with an empirical sensitivity analysis. The final aim of
the latter is to detect the optimal combination of these two governing param-
eters in order to achieve the most damage-sensitive subspace-based indicator.
However, this kind of analysis may be sometimes quite tricky, depending on
the specific modal identification problem, and rather computationally expen-
sive. Nevertheless, a certain degree of arbitrary still remains within the choice
of these two governing parameters.

Consequently, a third method (C) has been proposed by the authors in
the current study, as illustrated in Figure 1. In this latter case, the MLP
network has been fed with a set of input features entirely represented by the
solely Yan's et al. [45] subspace-based damage-sensitive features DI, yan, see
equation (6). The objective of method (C) is thus removing the remaining
user’s arbitrary degree in the choice of the governing parameters affecting
the computation of the subspace-based indicators, i.e. the time shift and
the truncation order. Indeed, an entire set of Yan’s et al. DIs only can be
computed by varying both the time shift and the truncation order values
within certain reasonable intervals respectively. Each time shift and trunca-
tion order pair determines a specific Yan’s et al. DI value. In this way, in
addition to the advantage of reducing the arbitrary level of the previously
proposed methods, method (C) allows considering those hidden patterns of
the various subspace-based indicators given by the governing parameters for
the same raw time series. Moreover, this third method is expected to be as-
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sociated with a higher classification accuracy due to the higher sensitivity of
these indicators to structural damages.

In summary, with method (A) the MLP network gets as input some time-
domain sample statistical features only, calculated on the output-only vibra-
tion response signals collected from the structural system under study. In
order to improve the performance of method (A), with method (B) a more
informative subspace-based DI has been added to the feature vector com-
posed of the statistical features. In general, at least two hyperparameters
need to be defined in advance to calculate the subspace-based DI, i.e. the
time shift parameter and the truncating order, which in turn determines the
active subspace dimensions, or complementary, the null one. A proper com-
bination of these governing parameters may provide the most informative
subspace-based DI, and thus the most discriminative for pattern recognition
methods like the ANNs. For this aim, a sensitivity analysis is usually re-
quired. Eventually, with the third method (C), the input feature vector to
the MLP network has been set as an ensemble of various subspace-based
DIs. This set of features is calculated for the same time series by varying
the values of the two required governing hyperparameters, i.e. the time shift
and the truncation order, in an attempt of removing the arbitrary choice of
these hyperparameters and avoid a sensitivity analysis beforehand, which can
be substantially laborious. The three currently proposed methodologies have
been tested firstly on a numerical benchmark problem and further validated
on an experimental setup, as hereinafter discussed.

3. Application of the proposed methods to a numerical case study

The above-mentioned proposed methodologies have been tested and val-
idated firstly on a numerical case study, and afterward on an experimental
steel I-beam setup. In the following paragraphs, an extended description
of the adopted numerical case study is discussed. Furthermore, the tradi-
tional dynamic identification approach through modal analysis and OMA
has been carried on, highlighting the limitations of the current conventional
approaches.

3.1. Numerical Beam Model and traditional modal analysis

In the current study, an initial numerical beam model has been consid-
ered. The structural system, depicted in Figure 2, has been implemented
through the OpenSeesPy module [53]. This latter allows leveraging all the
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advantages and powerful capabilities of the open-source OpenSees finite el-
ement (FE) software controlled by a Python interpreter instead of the tra-
ditional Tool command language (Tlc) approach [53]. The numerical case
study is a simply supported steel beam modeled with elasticBeamColumn
elements, with a square cross-section of side 0,10 m and a span length of
2,00 m. Figure 2 illustrates its geometry, in which x, y, z denotes the Carte-
sian coordinates reference system, b is the square cross-section side, L is the
span length, gx; is the self weight load which produce the static deflection
v(2z). A Gaussian white noise acceleration input (i,(t)) is adopted as dy-
namic input to the simply supported beam. The steel material implemented

b
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Figure 3: Numerical beam FEM with element (blue) and node (green) numbering. (a)
undamaged model; (b) example of damaged model.
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Figure 4: On the Left, undamaged beam normalized mode shapes; on the right, damaged
beam normalized mode shapes referred to the damaged case illustrated in Figure 3.

as uniazialMaterial is characterized by Young’s modulus £ = 210 GPa and
a mass density of p = 7850 kg/m?’. One beam support was dynamically
excited by a vertical Gaussian random white noise acceleration [31]. This
approach is well-acknowledged in the scientific literature to simulate the un-
known environmental dynamic excitation, and operational conditions in nu-
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Table 1: Comparison of the natural period and natural frequency in the undamaged case
and the damaged one.

Undamaged Case | Damaged Case
Mode | T [s] f [Hz| T [s] f[Hz]
1 0.534 1.872 0.611 1.638
2 0.134 7.479 0.139 7.184
3 0.060 16.722 0.064 15.680
4 0.049 20.583 0.052 19.368

Table 2: CrossMAC comparison between mode shapes retrieved from modal analysis un-
damaged and damaged beam model.

Undamaged Case
Mode 1 2 3 4
g 1 0.9987 0.4359 0.5800 0.6245
o 2 0.3948 0.9993 0.4281 0.4838
£ 9 3 0.5906 0.4112 0.9981 0.9535
5 8 4 0.5768 0.3837 0.8866 0.9616

merical cases or laboratory experiments [15, 54]. The white noise process
has been generated by a random sampling of a standard zero-mean normal
N(0,1), normalized, and rescaled up to 0.01 g of peak ground acceleration
(PGA). The input acceleration has been imposed similarly to an earthquake
excitation limited to the vertical direction only and in one single support
to be sure to excite all modes. Theoretically, it would be more accurate to
excite every mass independently in the beam nodes. However, any perturba-
tion propagates almost instantaneously in every element of the beam due to
the high elastic wave propagation velocity compared to the modal dynamics
[55]. Furthermore, this straightforward approach does not compromise the
overall convergence when solving the considered beam model.

As depicted in Figure 3, the beam element has been discretized with a
uniform mesh, in which in each node the time history acceleration responses
have been collected, simulating the presence of accelerometer sensors placed
in correspondence with the FE nodes. Thereafter, in the damaged model, a
severe damaging with cross-section reduction of 50% (symmetrically reduced
along the local y-axis) has been considered in a specific fixed position , thus
affecting the bending stiffness, as illustrated in Figure 3.

This specific case permitted the authors to develop a sensitivity analysis
which is detailed in the next section. Beforehand, a modal analysis has
been conducted in order to compare the mode changes in the damaged and
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undamaged situation. Figure 4 and Table 1 highlight a general increase of
the natural periods due to the presence of the damage concomitantly with
the loss of symmetry in the mode shapes due to the non-symmetric damage.
This is strongly related to the fact that the induced damage involves both
the flexural stiffness properties and even a mass loss which influences the
intrinsic dynamic properties.

In order to evaluate the similarity between the mode shapes in the dam-
aged and undamaged case, the modal assurance criterion (MAC) may be
adopted. This criterion is expressed as

MAC =~ L_ (8)

where g?bi, given ¢ = 1, 2, represents the estimated mode shape vector referred
to damage and undamaged situations. Despite the MAC is usually adopted to
give the correlation among the mode shapes, when it compares the similarity
among different situations it is also denoted as crossMAC. After normalizing
to [0,1] interval range the mode shapes, the crossMAC results have been
reported in Table 2. Focusing on the main diagonal, it is worth noting a
similarity of 99% among the first three mode shapes and it decreases to 96%
on the fourth mode. On the other hand, focusing on all off-diagonal elements,
the cross-correlations between different modes in the two different situations
are not of major interest within the scope of the present study.

In conclusion, the traditional modal analysis is apparently still able to ev-
idence the presence of damage, showing changes in natural frequencies of the
structure in the two compared undamaged and damaged scenarios. Nonethe-
less, as stated in [56, 57, 58|, conventional modal analysis techniques are suit-
able to identify reasonably separated modes, and often more sophisticated
tools are required in presence of errors, uncertainties, or complex structural
systems. Damage detection schemes solely based on conventional modal anal-
ysis with complex structures may be tough because any modeling error can
strongly affect traditional modal analysis results. Furthermore, in real-life
applications, noise naturally produces changes in mode shape, jeopardizing
any damage detection trivially based on conventional modal analysis. More-
over, the traditional modal analysis alone requires knowing the damage type
and location beforehand to create two accurate FEM reproducing the real sit-
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uation, which are instead the final goals of any damage detection procedure.
Therefore, damage detection methods based on modal information retrieved
e.g. from OMA procedures have been developed in the last decades.

3.2. Operational Modal Analysis on collected output accelerations

The acceleration responses have been collected in the FE beam model
nodes to simulate a realistic monitoring system. Afterward, an initial static
analysis considering the self-weight deformed shape, and time histories anal-
yses have been conducted through OpenSeesPy module considering a vertical
acceleration history as input. Specifically, the random white noise sampled
from a standard Gaussian distribution is characterized by a sampling fre-
quency of 50 Hz. In contrast, the time history analyses have been conducted
with a pseudo-time increment step of 0.002 s. This means that the collected
acceleration histories response data are simulating a monitoring setup com-
posed of accelerometers with a sampling frequency of 500Hz. Five-minute
acquisition duration sessions have been performed on damaged and undam-
aged cases.

At first, these data have been employed to validate the numerical FE
beam model through a traditional output-only dynamic identification pro-
cess. Beforehand, data have been detrended and decimated to get better
visualization results in the frequency range of interest 0-50 Hz, representing
a reasonable range, based on previously modal analysis results. The two
techniques adopted in the current study are the EFDD [59] and the SSI-
cov [60]. These two techniques have been implemented in a Python module
developed by the authors [61]. Figure 5 illustrates, on the left, the results
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Figure 5: On the Left, EFDD results of the undamaged signals; on the right, SSI stabi-
lization diagrams of the undamaged signals.
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Figure 6: SDOF bell extraction and modal properties definition from EFDD algorithm
related to the first natural frequency peak.

Table 3: OMA results on undamaged and damaged case.

Undamaged Damaged
Mode OMA Modal An. OMA Modal An.
f 13 f f 13 f
Hz) [%]  [H  [Hz (%]  [Hg]
1 1.871 0.44 1.872 1.635 0.30 1.638
2 7.501  1.46 7.479 7.163 1.44 7.184
3 16.440 3.71 16.722 15.854 3.12 15.680
4 28.031 3.69 20.583 26.451 2.32 19.368

of the EFDD algorithm, which shows the SV decomposition of the power
spectral density (PSD) which allows detecting the natural frequencies by its
resonance peaks [54]. Exploiting the MAC criterion, it is possible to extract
a single degree of freedom SDOF bells around the peaks and find the modal
properties for each resonance frequency, as depicted e.g. in Figure 6. In-
stead, Figure 5 illustrates, on the right, the stabilization diagram retrieved
from SSI-cov algorithm, which allows identifying the modal properties from
the stable poles’ vertical alignments with increasing order of the model com-
plexity. The colors of the poles in the stabilization diagram, identified by
the numbers 0.0 to 4.0 in the legend, indicate respectively: unstable poles,
stable in frequency, stable in frequency and mode shape, stable in frequency
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and damping, stable in frequency damping and mode shape, accordingly to
the poles stability checks [62, 63]. Finally, the traditional OMA results re-
ferred to the undamaged and the damaged situations are reported in Table
3, showing an overall acceptable agreement with modal analysis results and
demonstrating the validation of the proposed numerical model as a realistic
simulation of a monitoring setup.

3.3. Sensitivity of subspace-based indicators to time-shift, truncation order
and time series duration

As explained in Section 2.1, Yan’s et al. [45] DIs represent, among the
others, an intuitive and interesting subspace-based damage-sensitive feature
characterized by a geometrical interpretation. The main advantage of work-
ing with these indicators is that they do not require a prior OMA for dynamic
structure identification. The current section focuses on sensitivity analysis
to build a numerical dataset of damage-sensitive features that will consider
many different damage situations and different white noise Gaussian random
processes as input. The discussion allows defining the user’s choice param-
eters to get the most informative subspace-based DI features. In particular,
the influence of the choice of the active space dimension, and consequently
the null space dimension, has been analyzed, combined with the entirely ar-
bitrary user’s selection of the time shift. As depicted in Figure 7, there is
a great variation among the Yan et al. subspace-based DI with different
choices of both active subspace dimension and time shift. Focusing on the
first aspect, the active space dimension is related to the space whose base
is represented by the left singular column vectors associated with the sin-
gular values which are quite different from zero. Since the singular values
decomposition provides a diagonal matrix with singular values in ascending
order, it is quite easy to evidence where there is a great relative difference
between the first singular values and the last ones. As a matter of fact, a con-
sistent discontinuous step between singular values and orders of magnitude
has been recorded at the fifth singular value (passing from 107¢ to 10719).
Nevertheless, Figure 7, demonstrated that, with a constant time shift, even
with different subspace dimensions the Yan et al. DIs presented quite scat-
tered values. Specifically, with an active space dimension equal to five which
corresponds to the watershed among the DIs” order of magnitude, the Yan
et al. DI does not provide any information.

On the other hand, regarding the choice of the time shift, this is related to
the block rows considered in the block Toeplitz matrix assembling. According
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to [18], for identification of a system of order n, the time shift, i.e. the
number of block rows, ¢ have to respect the condition: I > n, where [ is the
number of monitoring sensors applied on the structure. Since for practical
applications on continuous systems, the n is theoretically infinite and, in
practice, unknown, different rules of thumb and practical approaches have
been proposed in the literature to identify a good choice for the time shift,
often based on power spectral density matrix [18]. Trying to provide a quite
concrete interpretation of this user-defined parameter, the longer the time
shift is, the greater time window interdependencies will be considered in the
correlation matrices of the raw data but in the face of a greater computational
effort. Therefore, when dealing with SSI-cov, the time shift is chosen in an
empirical way until e.g. the stabilization diagram provides a good resolution
to a first-sight identification of the vertical alignments related to stable poles
with progressively increasing system’s order.

It is worth noting that Figure 7 pointed out that results related to ac-
tive space dimension 1 were virtually the same as active space dimension 6,
whereas results associated with dimension 2 were coincident with dimension
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Figure 7: Sensitivity analysis on active space dimensions and, consequently the comple-
mentary null space dimensions, compared with the time shift user’s defined choice.
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Figure 8: On the left: Sensitivity analysis on damage level percentage. On the right:
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7, and these latter reached Yan DI maximum absolute values around time
shift equal to 88. Indeed, the results of this initial sensitivity analysis sug-
gested adopting in this case an active space dimension equal to two which is
consistent with the higher non-zero singular values, and, in order to mitigate
the computational effort, employing a time shift equal to 23.

Thereafter the above-mentioned parameters have been identified, another
subsequent sensitivity analysis has been conducted in order to show the in-
fluence of the damage level percentage on the Yan et al. DI value for a
certain identical input vibration and for the undamaged and damaged case
illustrated in the previous sections. The damage level in element 3 of the
finite element model (FEM) depicted in Figure 3 has been analyzed in a
discrete way from 5% to 50% of cross-section reduction with 5% constant
step size. Basically, in real-world scenarios with conventional standard envi-
ronmental exposure conditions, severe damages have been reported reaching
up to 30% of cross section losses at the end of the structure’s nominal life
(64, 65]. Nonetheless, with specific environmental exposure conditions, chlo-
ride attacks, pitting corrosion, and crevice corrosion may lead to dramatic
cross section losses of up to 50% [66, 67]. Therefore, in the current preliminary
study, the authors analyzed cross section losses up to 50%, still representing
a sort of reasonable boundary thus reflecting real-world advanced corrosion
scenarios. As illustrated in Figure 8, even for low levels of damage after the
undamaged case, Yan et al. DIs assume non-zero values, highlighting the
presence of structural performance degradation. The indicators assume a
monotonic behavior with progressively increasing values for a higher level
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Table 4: Empirical sensitivity analysis of the damage location influence on the Yan et al.
damage indicator.

Damaged element Yan et al. Damage Indicator
1 0.760716
3 0.783350

of damage, showing a virtually constant state around 0.8 when approaching
50% cross-section reduction. Further empirical sensitivity analysis has been
conducted regarding the acquisition time duration. In particular, leaving
the same random seed for input noise reproducibility purposes, 6 different
measurement session duration have been considered: 1 minute, 3 minutes, 5
minutes, 10 minutes, 15 minutes, and 30 minutes. As depicted in Figure 8,
acquisition time duration even influences the Yan et al. DI producing quite
scatter values for very short acquisition durations. On the other hand, from
5 minutes to 30 minutes, Yan’s et al. DIs seem to be no more influenced by
the measurement session duration.

Specifically, an acquisition time of 5 minutes duration may virtually be
addressed as the best trade-off between computational efficiency effort and
damage identification resolution. Another empirical sensitivity analysis has
been conducted in order to investigate how the damaged element location
can influence the Yan et al. DI. In particular, two extremal cases have
been analyzed, i.e. when the damaged element is element 3 in Figure 3
as illustrated in the previous section damage case and when the damaged
element is a terminal one (e.g. the element 1). The damage percentage has
been considered as 50% of cross-section reduction for both cases. Despite
the currently studied slender beam problem is mainly governed by flexural
behavior, as described in Table 4, the damage located in element 3 creates
very little influence on the Yan et al. DI with respect to the case when only
element 1 is damaged with the same percentage entity. This demonstrated
that, even if input acceleration is applied only in the left support, the elastic
wave celerity makes the perturbation propagation to be quite instantaneous
in the FE beam numerical model.

3.4. Dataset collection and ANN multiclass classification problem
Afterward, the empirical sensitivity analysis has been performed, the
main parameters governing the numerical problem were set, and, then, time
histories numerical simulations were conducted. The numerical test was car-
ried out considering two main situations: the reference undamaged state and
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Table 5: Summary of the properties of the implemented MLP. None means variable di-
mension, depending on the batch chosen size (in this case empirically set to 200). In this
case, input units are referred to method (B).

Layer Output Shape Activation Function Parameters Number
Input Layer [(None, 61)] - 0
Hidden Layer (None, 10) ReLU 620
Output Dense Layer (None, 3) Softmax 33

Total Trainable parameters: 653
Epochs: 1000 (also with Early Stopping)
Loss: Categorical Cross-entropy (Optimizer: Adam)

a current, possibly damaged, one. For this latter, the algorithm was able to
randomly choose among three possible cases: a further undamaged situation
which, in combination with the reference one, it would virtually lead to a
nil Yan et al. DI value; a low damage situation, considering a cross-section
reduction percentage of 25%; an high damage situation, characterized by a
cross-section reduction percentage of 50%.

In order to further increase the generality of the results of the present
study, for every run, the algorithm randomly selected how many and which
elements are considered damaged with the three above-mentioned possible
damaged statuses. Under these conditions, 5000 numerical simulations were
executed, collecting 5 minutes long acceleration time history acquisitions for
each structural node of the FE model which simulates the presence of a
realistic monitoring system placed on that beam.

After collecting these structural responses both for the reference and the
possible damaged status, for each acceleration record, the statistical features
in in equations (7a)-(7f) were extracted. Since 5 minutes acquisitions have
been recorded for each run with a sampling frequency of 500 Hz, the accel-
eration vector @ in equations (7a)-(7f) presents n, = 150000 components.
Since the number of accelerometers inside the beam domain is 5 (exclud-
ing the extremal support restraint points), as depicted in Figure 3, for each
simulation acquisition, 6 statistical features have been extracted from each
accelerometer producing, in total, 30 extracted features. Recalling that for
each simulation, two cases have been considered (undamaged status and a
possible damaged one), altogether, 60 features have been produced from each
algorithm run. Method (A) presented in Figure 1, adopts as input these 60
features. Furthermore, these 60 features, in addition to the most informative
Yan et al. DI, have been considered as the input to the MLP method (B) of

22



Yan damage indicator —)

Statistical features
from reference
situation

7
N
%. ——> Low damage

Y

70

——>» Undamaged

(J
L

b

——>» High Damage

ogs

N

12

Statistical features

U

7 PLXEN
i W Sg7o
from possible ‘"‘7;’%&%"2‘\*
i & y,
damaged situation %{W’;’ / ()

f///if

Input Layer € R®! Hidden Layer € R10 Output Layer € R3

Figure 9: Illustration of the implemented MLP ANN classification model, referring to
method (B).

Figure 1, as illustrated in Figure 9. The most informative subspace-based DI
was defined through the previous sensitivity analysis by setting a time shift
of 23 and an active space dimension of 2. Finally, method (C) of Figure 1
has also been implemented with the same MLP architecture but considering
in input many Yan’s et al. DIs only. They have been calculated considering
all the time shifts from 5 to 25 and truncation orders which define active
space dimensions from 1 to 4, collecting in total 80 MLP input features for
every one of the 5000 simulations. These values have been identified in the
previous sensitivity analysis to be reasonable intervals to detect all the main
variations and hidden patterns in the subspace-based DlIs, even containing
the required computational effort.

The MLP adopted in the current study presents a single hidden layer,
with 10 units, which have been empirically found to be the best trade-off
between accuracy performances and computational effort avoiding typical
machine learning issues such as overfitting and underfitting [68, 69]. The
summary of the current MLP properties model is reported in Table 5. It
is worth noting that the trainable weights are not usually considered in the
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input layer because it only transmits the information to the next layer [68].
The activation function for the hidden layer is the ReLu function in order to
avoid negative values reaching the output layer, which instead incorporates
a softmax activation function suitable for classification tasks [68, 69].

The multiclass classification MLP adopts the strategy one-versus-the-
rest, or also acknowledged as one-versus-all [69], since after collecting the
probability of belonging to one of the three output classes, the one which
presents the highest score is denoted as the selected class [70]. The loss
adopted in the current problem is the categorical cross-entropy which has
been solved by the Adam optimizer algorithm [68, 69, 71, 72].

3.5. MLP multiclass classification results

The (A), (B) and (C) above-mentioned MLP ANN models have been im-
plemented in order to deal with a multiclass classification problem, with three
possible outcomes, considering different datasets as illustrated in Figure 1,
collected on numerical simulations performed both on a reference undamaged
beam model and a possible damaged one.

The only way to assess the performance of the model is to subdivide the
entire dataset into at least two subsets: the training set which is employed
to train the model permitting learning the optimal weights to successfully
tackle the classification problem, and a test set which allows testing the
predictive capabilities of the trained model when unseen data are given as
inputs (generalization error) [70]. A further partition inside the training
set determines the so-called validation set which allows evaluating accuracy
performance “online”, i.e. during the training phase among the epochs. In
the current study, a typical split percentage of 80% of the dataset split has
been set for the training set and a 20% has been entrusted to the test set.
Instead, the validation set size has been set to 10% of the training set.

For instance, Figure 10 (a) depicts the (A) proposed method MLP per-
formances during the training phase. In particular, the loss function both for
the training and the validation sets is depicted over the epochs, reporting also
on the same graph the accuracy for both sets. It is worth noting that when
the validation loss starts to increase after a monotonic decreasing behavior,
at that point the overfitting of the model is reached. In the current plot,
the validation loss is still decreasing and only in the very last epochs start to
flatten out, without reaching yet the overfitting point and evidencing also a
constant overall accuracy from epoch 600 until the end. The performance of
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Figure 10: MLP multiclass classification results for method (A). (a) MLP convergence
curves; (b) MLP confusion matrix on the test set.
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Figure 11: MLP multiclass classification results for method (B). (a) MLP convergence
curves; (b) MLP confusion matrix on the test set.

the trained model (A) has been validated with the test set, whose classifica-
tion results have been condensed in the confusion matrix illustrated in Figure
10 (b). The overall accuracy obtained is about 92.20% and it measures the
portion of the validation set which has been correctly classified (the sum of
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Figure 12: MLP multiclass classification results for method (C). (a) MLP convergence
curves; (b) MLP confusion matrix on the test set.

main diagonal terms) out of the entire validation set size (1000 samples).
Two other metrics are presented in the confusion matrix: precision and re-
call. The precision measures the number of samples correctly classified in a
certain class over the total number of samples which have been associated
with that class, whereas the recall represents the number of samples cor-
rectly classified to a certain class over the number of samples which actually
belongs to that class [69]. Therefore, considering the position of the true
values along the vertical axis and the predicted values along with the hori-
zontal one, summing the elements of the confusion matrix along the rows for
a certain column, it is possible to get the number of samples associated with
that column. On the other hand, by summing the elements of the confusion
matrix along the column for a certain row, it is possible to get the number
of samples that actually belong to that row. In other words, focusing on a
certain class (column), the precision evaluates how the predictor performs
well, concerning when it associates always that class even if in reality the
true class was another one (false positives). Instead, focusing on a certain
true class (row), the recall evaluates the predictor performance in terms of
correctness of classification with respect to the ground truth, i.e. the actual
number of elements which have supposed to belong to that class and even
considering the so-called false negative. In this case, both the precision val-
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ues and the recall values are quite high, above 87% for all the classification
possible outcomes.

Figure 11 (a) depicts the (B) proposed method MLP performances dur-
ing the training phase, evidencing the absence of overfitting issues. From a
deeper insight into the loss and accuracy trends, it would virtually be pos-
sible to stop the training to epoch 850, in order to save computational cost
and obtain almost the same performances. The performance of the trained
model (B) has been validated with the test set, whose classification results
have been condensed in the confusion matrix illustrated in Figure 11 (b). The
overall accuracy obtained is about 95.10% and it measures the portion of the
validation set which has been correctly classified (the sum of main diagonal
terms) out of the entire validation set size (1000 samples). As expected, the
presence of the most informative Yan’s et al. DI with the statistical fea-
ture inputs provides better classification performance to the trained model.
The higher classification of method (B) with respect to method (A) proves
that this most informative subspace-based feature improves the classification
performances of the ANN model in Level 1 of the SHM task.
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Figure 13: MLP with dropout regularization multiclass classification results for method
(B). (a) MLP convergence curves; (b) MLP confusion matrix on the test set.

Afterward, Figure 12 (a) depicts the (C) proposed method MLP perfor-

mances during the training phase, evidencing, even in this case, the absence
of any overfitting issues. From a deeper insight into the loss and accuracy
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trends, it would virtually be possible to stop the training downright to epoch
150, in order to greatly save computational cost and obtain almost the same
performances. The performance of the trained model (C) has been validated
with the test set, whose classification results have been condensed in the
confusion matrix illustrated in Figure 12 (b). The overall accuracy obtained
is about 97.40% and it measures the portion of the validation set which has
been correctly classified (the sum of main diagonal terms) out of the entire
validation set size (1000 samples). As expected, the presence of Yan’s et
al. DIs only provides better classification performance to the trained model
with respect to the previous cases. The outstanding higher classification per-
formance of method (C) with respect to methods (A) and (B) proves that
considering an entire set of informative subspace-based features remarkably
improves the classification performances of the ANN model for the damage
detection task. Furthermore, the advantage of method (C) is that removes
the arbitrary choice of the user about governing parameters in the subspace-
based DI calculations.

Some further regularization techniques have also been adopted in method
(B) of Figure 1, attempting to improve the model accuracy and reduce the
computational effort. The early stopping criterion may even be regarded as
a form of regularization because it stops the algorithm when the error on
a part of the training set begins to rise. Thus, it may actually restrict the
parameter search space [68]. A dropout regularization has been even applied
to the hidden layer in an attempt to improve the performance of the MLP,
with a dropout probability of each unit of 40% [70]. However, as shown
in Figure 13 (a), it required a greater computational effort and a longer
training phase (2000 epoch) to reach barely 93.70% of overall accuracy, as
reported in the confusion matrix depicted in Figure 13 (b). Focusing on the
history diagram, it is possible to see that the main effect of the dropout
regularization is slowing the learning rate, but this reflects a more regular
training behavior considering both the loss and the accuracy trends compared
with Figure 11. Furthermore, the random dropout of some units provides a
more resilient ANN model, in which the weights are learned to work even
when some neurons are completely ignored [70].

Finally, another variant of method (B) has been implemented, denoted
as (B)-worsened. In this case, the (B)-worsened method adopts as input the
statistical features joined with a bad choice of subspace-based DI governing
parameters, which leads to a poorly informative Yan’s et al. indicator. In
particular, considering all previously calculated DIs for method (C), it has
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Figure 14: MLP multiclass classification results for method (B)-worsened. (a) MLP con-
vergence curves; (b) MLP confusion matrix on the test set.

been empirically identified that a bad choice could be virtually associated
with a time shift equal to 10 for an active space of dimension 1 for all of the
5000 simulations. Figure 14 (a) depicts the variant (B)-worsened method
MLP performances during the training phase, evidencing also here the ab-
sence of overfitting issues. From a deeper insight into the loss and accuracy
trends, it would be virtually possible to stop the training to epoch 400, in
order to save computational cost and obtain almost the same performances.
The performance of the trained model (B)-worsened have been validated with
the test set, whose classification results have been condensed in the confu-
sion matrix illustrated in Figure 14 (b). The overall accuracy obtained is
about 94.30% and it measures the portion of the validation set which has
been correctly classified (the sum of main diagonal terms) out of the entire
validation set size (1000 samples). As demonstrated in this last example,
even with a poor choice of a less informative subspace-based DI, since it is
still more sensitive to structural damage, this always improves the classifi-
cation accuracy performances with respect to method (A), which relies on
statistical features only. This demonstrates the robustness of the proposed
method because, even considering a less informative but still more sensitive
DI, this further improves the model capacities to effectively fulfill the Level
1 of SHM.
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In conclusion, the current MLP is able to provide quite interesting multi-
class classification results considering the statistical time series features cou-
pled with Yan’s et al. subspace DI, extending the capabilities of the MLP
model trained in [38]. Furthermore, a good generalization of the current
deep learning model is related to the fact that the 5000 numerical simula-
tions randomly considered both how many damaged elements to take into
account (even none) and the level of damage to associate with those selected
elements. This produced time-series signals which cover many different cases,
which were anyway successfully traced back to three possible classification
results: undamaged situation, low damage status (cross-section reduction of
about 25%), and high damage condition (cross-section reduction of about

50%).

4. Experimental test on a steel I-beam

The authors arranged a real-world monitoring setup in order to experi-
mentally validate the three methods (A), (B), and (C) proposed in the current
document. The experimental setup is composed of a simply supported steel
[-beam with a span length of L = 3.540 m. The cross section is characterized
by a depth equal to 80mm and a base width of 40mm, with a flange width
of 5mm and a web width of 4mm. As illustrated in Figure 15, four uni-axial
velocimeter sensors have been adopted in the current case, placed every 0.708
m on the beam length, in order to collect the vertical vibration response of
the beam. The acquisition system of the measured signals was composed of
an oscilloscope with 200 MHz of bandwidth (-3 dB) at 50 € input impedance
and 4 analog channels. The velocimeter sensors consist of a spring-suspended
wire coil moving inside a magnetic field, thus capturing voltage deviations
with respect to their baseline response. This latter is defined by the sensor’s
natural frequency, in this case, equal to 10 + 3.5% Hz. This kind of sen-
sor represents the ideal cost-effective and high-sensitivity solution for SHM
able to capture the natural frequency of structures above the sensor natural
frequency [15, 73]. Thus, before adopting the proposed MLP-based damage
detection methodologies, the authors conducted the OMA analysis on the
signals acquired with 1000 Hz of sampling frequency from the steel I-beam
for undamaged conditions, to verify that the first vertical mode of the ex-
perimental beam was greater than 10 Hz. Since the natural environmental
vibration excitation alone was not enough to identify any modal parame-
ter, the authors caused environmental excitation able to activate at least the
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(d)

Figure 15: Experimental steel beam beam case study. (a) Beam monitoring setup with
measures; (b) Beam cross section dimensions; (¢) Damage induced with a localized cross
section reduction. (d) Velocimeter sensors.

first four vertical modes of the beam by indirectly exciting the surrounding
ground with a rubber-headed hammer. Figure 16 (a) demonstrated that the
rubber-headed permitted to avoid spikes in the acquired vibration signals,
and avoided excessive deviations from the output-only OMA base hypothe-
ses. Figure 16 (b) illustrates the relative stabilization diagram, computed
with time shift equal to 15, in which apparently five alignments of stable
poles are evidenced. All the pole alignments at 16.92 Hz, 74.27 Hz, 139.05
Hz, and 248.05 Hz appear stables from lower orders up to higher orders,
whereas the alignment around 43 Hz appears noisier along the orders. To
validate the OMA results, a FEM modal analysis has been conducted. With
a preliminary FEM modal analysis, the authors were able to exclude the
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Figure 16: OMA analysis for undamaged conditions of the experimental beam. (a) Moni-
tored signals expressed in Volt [V]; (b) Resulting stabilization diagram.

alignment around 43 Hz, since it does not represent an actual vertical mode
of the structural system. However, the existing steel beam needs a calibration
of the flexural rigidity parameter I, which can be conducted by solving an
unconstrained optimization problem leveraging the OMA results according

to [74]):
min F(ET) =) <

=1

exXp _ fcalc EI 2
[ — g )) ©)

T
K3

where F(ET) represents the objective function of the flexural rigidity pa-
rameter EI to be minimized, n is the number of considered modes, f;*"
are the experimental frequency obtained from the OMA and the ffal°(ET)
are obtained as follows, based on the dynamics analytical formulation of a

continuous simply supported beam [75, 76]:

cale n’n |EI
F(BI) = 575 oA (10)
in which p is the material density equal to 7850 kg/m? for structural steel,
and A is the cross-section area of the steel I-beam, whose dimensions are
reported in Figure 15 (b). Finally, the FEM mode shapes retrieved from
OpenSeesPy modal analysis have been reported in Figure 17, evidencing a
good agreement with the experimental ones.
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Figure 17: Visualization of the first three mode shapes retrieved from OMA analysis (a)-
(¢)-(e) and FEM OpenSeesPy modal analysis (b)-(d)-(f), for undamaged conditions of the
experimental beam.
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Table 6: Summary of the properties of the implemented MLP for the experimental case
study. None means variable dimension, depending on the batch chosen size (in this case
empirically set to 200). In this case, input units are referred to method (A).

Layer Output Shape Activation Function Parameters Number
Input Layer [(None, 48)] - 0
Hidden Layer (None, 10) ReLU 490
Output Dense Layer (None, 2) Softmax 22
Total Trainable parameters: 512
Epochs: 300

Loss: Categorical Cross-entropy (Optimizer: Adam)

Similarly to the previously discussed numerical study, even in this ex-
perimental case, a numerical FEM model was prepared in OpenSeesPy with
the OMA-calibrated flexural rigidity in order to simulate five-minutes time-
histories vibration responses database under various white noise Gaussian ex-
citation with PGA of 0.01 g and with different damage scenarios. To collect
the vibration response of the simulated I-beam, the nodes of the model have
been placed accordingly to the actual sensors’ placement along the beam,
see Figure 15 (a). As depicted in Figure 15 (c), in this realistic scenario,
the damage has been introduced as punctual damage, by locally reducing
the cross-section. Therefore, in total 5000 FEM simulations have been con-
ducted both in a reference (undamaged) state and in a current (possibly
damaged) state, with different punctual damages randomly located along
the beam and with a possible entity of 0%, 5%, 10%, 15%, or 20% of cross
section reduction. With a deeper insight into these 5000 FEM simulations, it
was possible to notice an unbalanced number of undamaged scenarios, ran-
domly occurring only in 965 simulations. Despite the unbalance between the
two healthy and damaged classes may produce biased training toward the
damage scenario with respect to the undamaged one, the authors leveraged
this fact to show if the damage-sensitive features are effective and discrim-
inative enough to ensure a good training of the MLP models even with a
biased dataset, a condition which usually occurs in real-world situations.

In order to show a realistic application of the three proposed intelligent
damage detection methods, the authors trained the neural models with only
two output classes, i.e. healthy or damaged, acting therefore as an anomaly
detection procedure. The numerical FEM model of the experimental beam
permitted training the neural models, which have been finally tested on real
vibration acquisitions from the experimental setup thereafter. The MLP has
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Figure 18: MLP training performances for method (A) on simulated I-beam. (a) 300
epochs with evidence of overfitting; (b) 20 epochs due to early stopping; (c¢) Confusion
matrix on the test set.

been chosen with a hidden layer with 10 units as reported in Table 6. As
before, to effectively train the MLP models, datasets of damage-sensitive
features have been collected from the 5000 simulated time history responses
for each of the three proposed methods (A), (B), and (C). Afterward, every
dataset of features has been subdivided into two parts: the 80% composed
the training set, whereas the remaining 20% is the test set. The validation
set size has been set equal to 10% of the training set.

Method (A) presented in Figure 1 is based on the calculation of six fea-
tures eq.(7a)-(7f) from the time history responses of each sensor. Thus,
considering four velocimeter sensors and two states, i.e. the reference and
the current one, the input feature vector to the MLP for method (A) has a
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Figure 19: MLP training performances for method (B) on simulated I-beam. (a) 300
epochs withou any evidence of overfitting; (¢) Confusion matrix on the test set.

dimension of 48. The results of the training of the MLP for method (A) are
reported in Figure 18. As demonstrated in Figure 18 (a), the convergence
curves over 300 epochs highlighted overfitting issues occurring from around
epoch number 20 due to the increasing trend of validation loss. Therefore,
the early stopping procedure was employed by limiting the training over 20
epochs, as reported in Figure 18 (b). Nevertheless, with punctual damage,
statistical features of the time series responses were not sufficiently discrimi-
native between damaged and undamaged cases. Indeed, as depicted in Figure
18 (c), the confusion matrix on the test set revealed a biased behavior of the
MLP for method (A) toward the damaged class, reflecting the biased unbal-
ance of the 5000 simulations.

On the other hand, method (B) presented in Figure 1 relies on the cal-
culation of the same six features of method (A) eq.(7a)-(7f) for every sensor
and additionally considering also a subspace-based Yan’s et al. damage sen-
sitive feature [45]. In accordance with the numerical case study analyzed in
previous sections, for the subspace-based Yan’s et al. DI calculation it was
set a time shift of 23 and an active space dimension of 2. Thus, the input
feature vector to the MLP for method (B) has a dimension of 49. The re-
sults of the training of the MLP for method (A) are reported in Figure 19.
As demonstrated in Figure 19 (a), the convergence curves over 300 epochs
evidenced that no overfitting issues occurred because of a monotonic decreas-
ing trend of the validation loss. Therefore, the confusion matrix on the test
set for method (B) reported in Figure 19 (b) demonstrated the benefits of
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Figure 20: MLP training performances for method (C) on simulated I-beam. (a) 300
epochs with evidence of overfitting; (b) 20 epochs due to early stopping; (c¢) Confusion
matrix on the test set.

considering a subspace-based DI in addition to the statistical features. Ac-
tually, the additional information carried with Yan’s et al. DI substantially
improved the training performance of method (A), and now the trained MLP
for method (B) does not reflect anymore the biased unbalance of the 5000
simulations. The Yan’s et al. subspace indicator thus provided more dis-
criminative features which substantially helped the MLP model to correctly
classify damaged and undamaged samples.

Eventually, method (C) presented in Figure 1 relies on the calculation
of an entire dataset composed of subspace-based Yan’s et al. damage sensi-
tive feature only, as explained in 3.4. In accordance with the numerical case
study analyzed in previous sections, these DIs have been calculated consider-
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ing all the time shifts from 5 to 25 and truncation orders which define active
space dimensions from 1 to 4. Thus, the input feature vector to the MLP for
method (C) has a dimension of 80. The results of the training of the MLP
for method (C) are reported in Figure 20. As demonstrated in Figure 20 (a),
the convergence curves over 300 epochs highlighted overfitting issues occur-
ring from around epoch number 20 due to the increasing trend of validation
loss. Therefore, the early stopping procedure was employed by limiting the
training over 20 epochs, as reported in Figure 20 (b). Since the benefits of
Yan’s et al DIs have been already demonstrated before, even with small and
punctual damages their informative content is very effective and discrimina-
tive between damaged and undamaged cases. Figure 20 (c) illustrates that
the confusion matrix on the test set revealed the outstanding behavior of the
MLP for method (C) by correctly classifying all the samples of the so far
unseen simulated test set.

In conclusion, the authors tested the numerically trained MLP for the
three methods (A), (B), and (C) with vibration responses collected from the
experimental setup in five different scenarios, denoted as 1 to 5. The first
scenario is referred to as the undamaged situation and was identified as the
reference situation, whereas all the scenarios from 1 to 5 taken individually
have been considered alternately as the current state. The scenarios from 2 to
5 represent the steel I-beam with induced punctual damage introduced in the
midspan, as depicted in Figure 15 (c). Specifically, the scenarios from 2 to 5
represent progressively increasing damage level situations with a local cross-
section reduction of about 5.9%, 11.8% 23.5% 25.7% respectively. In each of
the 5 experimental scenarios, the authors collected a few minutes of vibration
responses from the four velocimeter sensors placed on the steel I-beam and
calculated the input features vector to feed the after-training MLP neural
models for the three proposed methods. The prediction results of the trained
MLP models have been reported in terms of the confusion matrix in Figure
21. As shown in Figure 21 (a), the poor training performances on numerical
simulations of method (A) reflected also on the experimental measurements,
whereas methods (B) and (C), Figures 21 (b) and (c) respectively, provided
outstanding results correctly classifying the four damage scenarios and the
remaining undamaged one.

5. Discussion

In this section, the discussion of the main results obtained for the numer-
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Figure 21: After training MLP predictions on experimental measurements collected from
the steel-I beam for one undamaged and four damaged scenarios. (a) predictions of MLP
trained with method (A); (b) predictions of MLP trained with method (B); (¢) Predictions
of MLP trained with method (C).

ical and experimental setups is presented.

Figure 22 illustrates a bar graph comparing the overall accuracy levels of
the proposed methods for the numerical case study of section 3.4. Method
(A), leads to a quite good accuracy level of almost about 92% with statis-
tical features only, but the accuracy classification performances absolutely
increased to 95% when, in method (B), the most informative subspace-based
DI has been added to the inputs, see section 3.3. Even considering a poorly
informative subspace-based DI, as in method (B)-worsened, the performances
have still boosted to 94% with respect to method (A). Furthermore, these
results have demonstrated the robustness of the proposed method to couple
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Figure 22: MLP multiclass classification comparisons in terms of accuracy metric among
the proposed methods (A), (B), (B)-worsened, (C).

Yan’s et. al. indicators with the statistical features. Indeed, the association
of statistical features with a more damage-sensitive indicator has produced
better results than considering statistical features alone. Finally, outstand-
ing accuracy performance results have been obtained with method (C), which
reaches about 97%. The main advantage of method (C) is related to the fact
that it considers as an input dataset many subspace-based DIs only, actually
removing the user’s arbitrary choice of the parameters which affect the DI
calculations. Moreover, the MLP is able to take into account more damage-
sensitive features only and even consider all the variability and hidden pat-
tern already pointed out e.g. in Figure 7.  Finally, further comparisons
have been performed in terms of recall and precision as illustrated in Figures
23 and 24. Focusing on the recall metric, for every of the considered meth-
ods the undamaged case has been always correctly classified with respect to
the belonging class number ground truth (about 100%). These results have
proven that MLPs were to learn that the subspace-based DI value tends to
be close to zero when an undamaged situation occurred. On the other hand,
method (A) reaches the lowest recall both in low damage and high damage
classes, whereas the other methods reach values always greater than 91%.
These results highlighted the advantages of also considering the subspace-
based DI information instead of statistical features only. Rather, focusing on
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Figure 23: MLP multiclass classification comparisons in terms of recall metric among the
proposed methods (A), (B), (B)-worsened, (C).
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Figure 24: MLP multiclass classification comparisons in terms of precision metric among
the proposed methods (A), (B), (B)-worsened, (C).

precision metric, method (B) presents greater values with respect to (A) and
(B)-worsened for all the three classes. Moreover, it is clear from the graph
that remarkable precision values have been obtained in method (C) for which
100% have been reached for low damage and high damage. This fact evi-
dences how the MLP has not misclassified the inputs which truly belong to
these two latter classes.

Focusing on the experimental test described in section 4, the OMA results
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show the effects of uncertainties when dealing with existing structural ele-
ments and real measurements, which need a calibration of flexural rigidity to
arrange a numerical model which reflects the actual vibrational characteris-
tics of the real structure. The proposed damage classification methodologies
have been employed as anomaly detection procedures, with two-class classifi-
cation, i.e. healthy or damaged classes, in order to illustrate the capabilities
of the proposed methodologies for real-world structures. The MLP for the
three methods (A), (B), and (C) have been trained on numerically simulated
vibrational responses, see Figures 18,19 and 20. Afterward, the three MLP
models were tested on the test set of simulated responses, evidencing the ef-
fectiveness of the subspace-based DI which provides outstanding results both
for methods (B) and (C). Method (A) trained only on statistical features ap-
peared biased toward damage class, evidencing poor informative content of
time-series statistical indicators because of the punctual damage situation
modeled in this case. Finally, the three trained MLPs were tested on a set of
five vibrational responses collected from the real steel I-beam structure, four
with damaged and one with undamaged conditions, see Figure 21. The MLP
predictions were all correct concerning the ground truth labels for methods
(B) and (C) which leverage information from subspace-based DIs. On the
contrary, for method (A), conversely to envisaged bias toward the damage
situation, MLP classified all five samples as healthy. A possible explanation
for the biased classification of real samples toward the healthy state may be
related to the fact that real time-series data are characterized by different
statistical indicators’ numerical values (probably smaller) than the ones that
predominate in the simulated responses.

In conclusion, the main relevant results obtained from the current study
can be summarized as follows:

e Method (A) which only considers statistical features performed worse
than other methods which included subspace-based DIs as input of
ANN;

e Method (B)-worsened performed quite similar to method (B), consis-
tently exploiting information contained in the subspace-based DI and
statistical features. This result proves the robustness of the proposed
method concerning misleading user parameters choice;

e Method (C) exhibited the best performance concerning the other ana-
lyzed methods. This method has the advantage of removing the user’s

42



arbitrary choice of the parameters which affect the DIs calculations.

e The effectiveness of methods (B) and (C) have been proven on an exper-
imental test, demonstrating the discriminative and informative content
of subspace-based DIs to distinguish among various damaged states.

6. Conclusions and future remarks

Three methods have been proposed to accomplish the damage detection
task, i.e. level 1 of the structural health monitoring paradigm. They are based
on multi-layer perceptron ANN performing multiclass health states classifi-
cation on features calculated from output-only vibration data. Method (A) is
based on statistical features only calculated on raw time series data, whereas
method (B) attempts to enhance method (A) by considering an additional
more informative subspace-based damage indicator. However, the calculation
of these damage indicators requires the definition of some hyperparameters
(time shift and active and null subspace dimensions). Therefore, method (C)
relies on an entire set of damage indicators obtained by varying such hyper-
parameters in a reasonable range, thus avoiding any arbitrary definition of
them. A poor arbitrary choice of these hyperparameters may lead to poorly
informative damage indicators, thereby method (C) overcomes this issue con-
sidering an entire set of possible damage indicator, some more informative,
others less so. To test the three methods, a numerical finite element beam
model simulated a monitoring system with sensors placed in the correspon-
dence of the finite element nodes, and the test set performances exhibit an
overall accuracy higher than 90%. For the sake of further validation pur-
poses, the three methodologies have been finally tested on an experimental
steel I-beam setup, evidencing the etfectiveness of informative subspace-based
damage indicators in methods (B) and (C).

In summary, this study demonstrated that the proposed methodologies
may be implemented as a damage anomaly detection and warning system
comparing a reference state, i.e. when the monitoring starts, and a current
state, i.e. any subsequent moment. In this sense, the artificial-neural-net-
work-based model act as anomaly detection for new vibration response data
by recalling the predictions of the after-training model, which is quite fast
in usage. However, the main drawback of the proposed methods is related to
the requirement of a great amount of finite element simulations, i.e. with a
considerable computational effort, to forecast possible damages which may
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occur in the structure and effectively train the ANN-based models. Further-
more, the experimental test demonstrated that to deal with real structures,
accurate FE models are required which effectively capture the dynamical be-
havior of the existing structure, i.e. thus calibrating flexural rigidity based
on operational modal analysis results. Future developments will explore the
extension of the proposed methodologies to the other levels of the structural
health monitoring paradigm. Furthermore, it would be of significance to an-
alyze the effects on the subspace-based damage indicators and the proposed
methodology considering more realistic load case conditions, e.g. analyzing
moving load simulating traffic in-service conditions.
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