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Abstract

Structural health monitoring (SHM) is nowadays a significant and topical issue in the civil
engineering field, whose first-level task is the damage detection job. Recent advances in
artificial intelligence (AI) combined with non-destructive assessments based on output-only
vibration signals represent the frontier of SHM. The present research study has handled an
AI-based multi-class damage classification task on a numerical benchmark beam problem
with three different procedures. The main purpose was to investigate the noise effects of the
analyzed damage detection procedures simulating real-world accelerometer sensors. The
first damage identification method leverages simple statistical features of vibration signals,
whereas the second method additionally considers a subspace-based damage indicator. The
third method relies on a dataset composed of a specific set of damage indicators. Two deep
learning (DL) techniques have been adopted to compare and verify the results, i.e. a multi-
layer perceptron (MLP) and a one-dimensional convolutional network (1D-CNN). Three
groups of different reasonable signal-to-noise ratio (SNR) levels were set up to simulate
micro electro-mechanical system (MEMS) accelerometer sensors in real-world conditions to
evaluate noise effects. In a nutshell, the results demonstrated that the DL models based on
stochastic subspace identification (SSI) methods have good noise immunity performance
for damage detection purposes.
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1. Introduction

Lately, existing infrastructures are experiencing a widespread reduction
in safety levels due to the deterioration phenomena of their constitutive ma-
terials [70, 23, 69, 37]. During the design process of new infrastructures [41],
more specific care is paid to protect materials from degradation, leading to
cost-effective designs already accounting for life-cycle assessments [28]. How-
ever, structural health monitoring (SHM) procedures still cover an essential
role for existing infrastructure heritage [38, 12, 46, 53], both on the direct
testing side [1, 25] and non-destructive evaluations (NDE) even denoted as
non-destructive testing (NDT) [39, 63, 56, 20, 34]. Innovative cutting-edge
approaches rely on emerging advanced sensor technologies, e.g. fiber optic
sensors [4, 66], and internet of things edge devices [26, 43]. In the SHM
paradigm, the two main worthwhile approaches are acknowledged as model-
driven and data-driven [2, 15, 72, 35]. Furthermore, based on the data at
disposal, input-output or output-only methods have been developed in re-
cent years to assess the health state of a structure. According to [49], the
established techniques within the SHM paradigm may also be categorized
into parametric [47, 8], based on analytical time-domain regression mod-
els and non-parametric [11], based on statistical data analysis. One of the
most widespread output-only approaches for the dynamic behaviour identifi-
cation of a structural system during operational conditions is acknowledged
as operational modal analysis (OMA) [16, 59]. The SHM paradigm has
been conceived into five levels [57], corresponding to the knowledge depth of
the structure and, i.e., the reliability degree of the health state estimation.
Borrowing the terminology from the medical field [7], the first four levels
represent a diagnosis phase of the structure under consideration, arranged
in damage detection (level 1), damage localization (level 2), damage classifi-
cation (level 3), and damage severity quantification (level 4). The last fifth
level is referred to as the prognosis phase, providing an estimate of the re-
maining service life. In the present study, the authors analyzed an archetype
of SHM level 1 performed with artificial intelligence (AI) and machine learn-
ing (ML) techniques, i.e. the neural networks [40, 55]. The proposed damage
detection procedure relies on the adoption of damage-sensitive features, i.e.
the subspace-based damage indicators, briefly reviewed later in the current
manuscript.

However, regardless of the methodology, the quality of SHM outcomes
is strongly affected by the characteristics of the sensors employed to collect
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the vibration response of the structural system of interest. The quality of
the estimated modal parameters depends on the quality of information col-
lected from the structural system. In general, the term noise is any undesired
signal superimposed on the signal of interest [49]. Different factors and the
noise source may affect and corrupt the structural response, e.g. changes in
the input excitation (e.g. stochastic nature of traffic load conditions), envi-
ronmental and climatic agents such as wind, temperature, or even humidity
and moisture which may cause sensors damaging and failures, and imper-
fect intrinsic nature of the sensing system e.g. reading or calibration errors
(systematic effects) [50]. Furthermore, in dealing with output-only OMA,
operational conditions deliver very low amplitude vibrations and a reliable
modal estimation requires low-noise sensors [49].

With the current document, the authors’ aim is to numerically simulate
a simple beam structure with an array of accelerometer sensors in order to
extensively analyze the robustness of the proposed ML-based damage detec-
tion in presence of noisy data. To plausibly simulate noise coming from a
real sensors array, an additive random noise process usually contaminates
the structural time series response collected from each sensor, whose level is
quantified by the signal-to-noise ratio (SNR), expressed in decibel (dB) [49].
To better simulate real-world sensors, the authors calibrate different noise
levels in order to simulate MEMS accelerometers available on the market,
whose characteristics have been retrieved from a market survey and a liter-
ature review conducted by the authors of the most widely adopted sensors
for SHM purposes. In [58], the authors adopted the subspace-based dam-
age indicators to accomplish the damage localization task with an artificial
neural network with the architecture of a multi-layer perceptron (MLP). In
that study, the authors do not carry an extensive noise study, since in the
first example with 2 degrees of freedom spring-mass system they neglect any
noise corruption. In the second example referred to a steel plate, the authors
simply considered an additive white Gaussian noise with a SNR of 10dB,
without contextualizing their choice. It is worth recalling that the lower the
SNR is, the more indistinguishable the signal of interest becomes [49]. In
[17], the authors monitored roller bearings in a mechanical system for dam-
age detection tasks accounting for an arbitrarily additive white Gaussian
noise with an SNR of 100dB. The authors in [3] provided a study of dam-
age localization with a statistical model-based approach based on a damage
detection task with subspace-based indicators. The authors performed a sen-
sitivity analysis of the residual to evaluate modal parameters uncertainties,
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accounting for Gaussian white noise contaminating response data with SNR
equal to 33dB and 20dB. In [50], in order to account for the noisy nature of
output-only operational vibration data, the authors conducted various tests
with different excitation levels and different environmental conditions with
the purpose of identifying when a sensor fault occurred. Nonetheless, to the
authors’ knowledge, there is still no research on extensive studies on noise
effects on damage detection with neural networks fed with statistical and
subspace-based damage indicators. The main novelties of the current study
may be summarized in the following points:

• To avoid complex non-linear structural responses, which may introduce
uncontrolled modeling uncertainties introduction, the authors focused
on a trivial numerical simply supported beam finite element model in
order to effectively study the data corruption effects due to measure-
ments noise;

• A MLP and a one-dimensional convolutional neural network (1D-CNN)
network architectures have been employed to evaluate the noise effects
on the damage detection task;

• Statistical features and subspace-based damage indicators are the damage-
sensitive features that fed up the considered neural models to accom-
plish the damage detection task;

• Three different noise levels have been defined to better simulate a real-
istic sensors array placement, resembling real-world sensors character-
istics;

• Robustness evaluations have been conducted by considering the neu-
ral models trained with data contaminated with a certain noise level,
whereas the accuracy performances have been computed with test set
data corrupted with different SNR levels.

This document is organized as follows. In section 2, the adopted numerical
beam model is presented, followed by a survey of the nowadays most adopted
sensors typologies in SHM with corresponding noise levels. In section 3 the
damage detection technique based on subspace-based damage indicators is
briefly described. In the final part of this section, the neural models adopted
in the current study have been illustrated, discussing about the three pro-
posed methods analysed in the current study. Eventually, in section 4, the
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numerical results are presented and extensively argued, evidencing the ro-
bustness of the analyzed neural models with respect to different noise levels.

2. Monitoring simulation with realistic sensors

In this work, the effect of noise on classification performance using deep
learning (DL) models is analyzed. In real-world applications, SHM is per-
formed by collecting data through the use of sensors that are unavoidably gen-
erating noise errors. Data-driven signal analysis techniques can be strongly
affected by the presence of noise in the signals. For this reason, it is essential
to define what SNRs are such that classification methods are ineffective. As
depicted in Figure 1, in this paper, a numerical beam model has been used to
simulate the monitoring data. Different reasonable SNR levels were assumed
to simulate actual sensor responses. After simulating the signals affected by
the noise, three sets of damage features are extracted to define three different
datasets to feed up the neural model classifiers. In case (A), the classification
is carried out based on some statistical features estimated from the vibration
data. In cases (B) and (C), the dataset is supplemented by the inclusion of
subspace-based damage indicators. The effectiveness of using such indicators
in detecting structural health state is well-known in the literature [67]. In
particular, in case (B), a subspace-based indicator is considered in addition
to the statistical feature of the case A. Eventually, case (C) considers an
entire set composed of only subspace-based damage indicators. They have
been computed by varying the computational parameters required to de-
fine the subspace-based damage indicators for the purpose of removing the
arbitrary user’s choice of these parameters which significantly affects their
calculations. More specific details about the datasets of cases (A), (B) and
(C) are reported in section 3.2. The classification of signals was then carried
out considering the use of two different neural network architectures, i.e. a
MLP and a 1D-CNN, for the three above-mentioned datasets.
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Figure 1: Monitoring and data collection flowchart for the proposed damage detection
task with neural networks.

2.1. Numerical beam model and noise-free data collection

Figure 2: Simply supported beam geometry illustration. x, y, z denotes the Cartesian
coordinates reference system, b is the square cross section side, L is the span length,
gk1 is the self-weight which produces the static deflection v(z). A Gaussian white noise
acceleration input (uy(t)) is adopted as dynamic input to the simply supported beam.

The output-only vibration dataset has been obtained with a finite element
(FE) modeling of a simply supported beam. The structural model has been
chosen as simply as possible for the main purpose of this work, i.e. analyzing
the effects of the sensors’ noise, thus avoiding some uncontrolled modeling
errors will affect the outcomes. The FE model has been implemented with
OpenSeesPy module [74]. This tool allows exploiting all the advantages and
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Figure 3: Finite Element (FE) beam model. Damaged elements are modeled with a
percentage cross section reduction.

powerful capabilities offered by the open system for earthquake engineering
simulation (OpenSees), using a front-end implemented in the python envi-
ronment instead of the traditional tool command language (Tcl) approach.
The simply supported beam has been modelled considering a square cross-
section of 0, 10m and a span length of 2, 00m. The structural material is
steel characterized by Young’s modulus E = 210GPa and a mass density of
ρ = 7850kg/m3.

The beam element has been discretized with a uniform mesh. As illus-
trated in Figure 3, the meshing is developed by assuming to divide the beam
domain into six finite elements. In this way, seven nodes labelled from 0 to 6
are identified in the model. The constraint conditions of the hinged beam are
applied to the extremity nodes 0 and 6, which are thus considered fixed in
the vertical direction. In the central nodes, 1 to 5, the time history accelera-
tion responses have been collected, simulating a realistic monitoring system
with accelerometers placed in correspondence with the nodes as depicted in
Figure 3. Although there are several ways to model structural damage [42],
in the present study the damage has been introduced in the model as a per-
centage reduction of the cross-section area corresponding to the damaged
elements. The completely undamaged situation has been set as a reference
state. Then, the current damage state has been represented by considering
three possible different situations. In the foremost current state, the struc-
ture may be still completely undamaged, thus the current state corresponds
to the reference state. In the second case, a slight damage is introduced by
reducing the cross-sectional area by 25%. Finally, in the last case, a 50% re-
duction of the cross-sectional area is introduced to represent a sever damage
condition. For the sake of generality, the number of damaged sections and
their location on the beam domain has been randomly selected. Although
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the introduced damage may appear far higher than the actual values mea-
sured on real structures, e.g. for real-world corrosion attacks, at this stage
it was decided to study extreme damage cases on a simplified model. Never-
theless, the presented method can be applied to configurations characterized
by different levels of damage without loss of generality. The dynamic anal-
ysis was carried out by exciting one support of the structure by a Gaussian
random white noise acceleration with a sampling frequency of 50Hz. The
white noise process has been generated by a random sampling of a standard
normalized zero-mean normal distribution N(0, 1), and rescaled up to 0.01g
of peak acceleration. The input acceleration has been limited to the vertical
direction since a plane beam model is considered [19]. The time history anal-
yses have been conducted with OpenSeesPy python module. The collected
acceleration histories response data simulate a monitoring setup composed
of accelerometers with a sampling frequency of 500Hz. Five-minute acqui-
sition duration sessions have been performed on damaged and undamaged
models. Because of the randomness of Gaussian distribution, to ensure that
all data can be obtained repeatedly, the authors use the concept of seeds in
the random module in python numpy module [21]. Finally, to improve the
result’s accuracy and ensure that enough data is generated to train the DL
models, the seed of the random sampling was set from 1 to 5000 to obtain
5000 time history runs.

2.2. Sensor typologies and noise levels

In recent years, a shift of SHM research away from traditional wired
methods toward the use of wireless smart sensor networks (WSSN) has been
motivated by many attractive features of wireless smart sensors (WSS) [24].
State-of-the-art WSSs offer the promise of wireless communication, onboard
computation, low cost, less invasive installation, small size, and performance
equivalent to that of their macro-scale counterparts [27]. In general, the
SHM outcomes are highly affected by the sensors’ performance [49]. Many
types of sensors are used for SHM purposes [5]. Nowadays, the most common
tendencies are:

1) Fiber optic sensors (FOS);

2) Piezoelectric sensors (PZT);

3) Micro-Electro-Mechanical systems Wireless Sensors (MEMS-WSS).

In Table 2.2 different types of sensors for SHM are compared. Fiber-
optic Sensors (FOS) have several advantages, including increased sensitivity,
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Table 1: Characteristics comparison of different types of sensors for SHM.
Type Advantages Disadvantages Applications

Fiber Optic Immune to electromag-
netic interference, small
size, lightweight, cheap,
durable, allows sensor
multiplexing.

Temperature sensitive,
strain is partially ab-
sorbed by the protective
layer.

Strain, low-velocity im-
pact damage, cure mon-
itoring.

Piezoelectric High mechanical
strength, operational
for a wide frequency
range, cheap, small sizes,
work in both active and
passive sensing methods.

Lengthy cables, difficult
signal interpretation.

Acoustic emission: pas-
sive sensing method,
detection of matrix
cracking, fibre–matrix
debonding, delamina-
tion, fibre breakage,
location of damage pos-
sible.

Micro Electro-
Mechani-
cal System
(MEMS) wire-
less smart
sensors (WSS)

Wireless communication,
onboard computation
low cost, less invasive
installation, small size.

Low resolution compared
to wired accelerometers
used in SHM application.

Wireless sensors are
nodes and platforms
for autonomous data
acquisition.

reduced size and weight, and low-cost [44, 36]. The shortcomings of FOS
include the expensive interrogation system, fragility, and the need for sev-
eral repeaters to boost the signal [60]. The piezoelectric sensor can measure
variations in parameters such as acoustic emission [32], temperature, strain,
force, pressure, or acceleration. They are able to convert these parameters
to a measurable electrical charge [65]. At the same time, they are charac-
terized by very stable mechanical properties under a wide range of temper-
atures [61]. Shortcomings of this type of sensor include the water solubility
of some piezoelectric crystals, temperature sensitivity and the influence of
bond layer thickness [61]. For these reasons, sometimes, they are not the
best choice when used in exposed environments to climate agents. Wireless
sensors are composed of nodes and platforms for autonomous data acquisi-
tion. Traditional structural sensors such as piezoelectric can be attached and
benefit from their mobile computing and wireless communication elements
[33]. Wireless technology has lower installation costs and allows for flexible
system configurations [9]. However, battery-powered wireless sensors are still
intertwined related to their energy consumption, size, cost, communication
range, hardware design, and risk of data loss [14]. In this study, the micro
elctro-mechanical system (MEMS-WSS) accelerometer are considered. This
type of sensor is among the most widely used in the field of SHM. A summary
of the most commonly used MEMS-WSS accelerometers is reported in Table
2.

In typical real-case data acquisition scenarios, recorded signals are char-
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Table 2: Summary of typical MEMS- WSS accelerometers used in SHM for bridges [73].

Model Interface Noise-
Density
µg/

√
Hz

Voltage
Source(V)

Sensitivity
(V/g)

Range(g)BW(Hz)

SD-1221 Analog 5 5 2.0 ±2 0-400

CXL01LF Analog 70 6-30 2.0 ±1 0-50

CXL02LF Analog 140 6-30 1.0 ±2 0-50

AC310-
002

Analog 10 9-20 2.0 ±2 0-300

LIS2L02ALAnalog 30 3.3 0.66 ±2 0-100

LIS2L06ALAnalog 30 3.3 0.66/0.22 ±6/±2 0–100

LIS3L02AS4Analog 50 3.3 0.66 ±2 0-50

LIS344ALHAnalog 50 3.3 0.66/0.22 ±6/±2 0-1800

SF1500 Analog 0.3 ±6-±15 1.2 ±3 0-1500

SF1600 Analog 0.3 ±6-±15 1.2 ±3 0-1500

acterized by the presence of background noise. The noise effect in SHM is
also related to intrinsic sensor errors, including sampling frequency, time,
and systematic errors of calibration. All these errors can be eliminated to a
certain degree [30]. However, some noise components cannot be removed but
only attenuated. The presence of these components can affect the accuracy
of the information obtained from the recorded output-only vibration signals.
In general, the SNR is typically used to define the quality of recorded sig-
nals within the SHM paradigm. The accuracy of monitoring data is strongly
influenced by this parameter. Generally, the SNR is not a fixed parameter
of the sensors and sometimes the actual working conditions of the sensors
are relatively harsh, thus it becomes difficult to determine the true SNR
parameter. According to Rahaman [48], the current state-of-the-art MEMS
sensors can guarantee an SNR that ranges between 27dB and 67dB under
real-world working conditions. In this paper, three different level of SNR are
chosen to simulate MEMS performance on real-case data collecting: 20dB
(low quality), 40dB (medium quality), and 60dB (good quality).

Many researchers use Gaussian white noise to simulate noise-containing
samples and to verify the noise reduction effect of the proposed model [49, 71].
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Compared to other synthetic noise distributions, Gaussian noise seems to be
the best simulation of real noise, especially in the case where the noise source
of real noise is particularly complex [18]. According to the maximum entropy
theorem of limited power, if the average power is limited when the source
conforms to the Gaussian distribution, the source’s entropy is the largest.
White Gaussian noise is the noise that interferes the most with information
if power is assumed to be limited. Based on the assumptions above, synthetic
Gaussian noise is an excellent approximate simulation when dealing with this
complexity and without knowing the actual noise distribution. Additionally,
the design of algorithms and network structures for DL does not strongly
depend on the probability distribution of noise [52, 68].

The recorded output-only vibration signal y(t) is composed of two addi-
tive parts: the signal itself x(t) and the noise n(t), such as:

y(t) = x(t) + n(t) (1)

The SNR can be calculated as a function of the ratio between the signal
power Psignal and the noise power Pnoise:

SNRdB= 10log10

(
Psignal

Pnoise

)
(2)

In general, real-world sensors are not able to acquire data continuously
but only with a certain sample rate. Thus, a real-case signal is composed of
discrete data amplitudes S = {S1

1 , S
1
2 , ..., S

1
k}. Thus, the signal power Psignal

can be calculated as:

Psignal =
1

n

n∑
k=1

S2
k (3)

whereas the power of the noise reads:

Pnoise =
Psignal

10
SNR
10

(4)

According to [49], the SNR may also be expressed in terms of logarithmic
ratio of the signal and noise amplitudes.
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3. Subspace-based damage detection

3.1. Brief review of the subspace-based damage indicators

The stochastic subspace identification (SSI) is a widespread time domain
method for OMA [45, 22]. The covariance-driven random subspace identifi-
cation method firstly calculates the block Toeplitz matrix composed of the
output covariance sequence. Then, it performs the Toeplitz matrix’s singular
value decomposition (SVD) to obtain the observability matrix and control-
lability matrices. Then, it uses the observability matrix to get the dynamic
matrix of the system [64]. The SSI method relies on the following state-space
representation [31]:

xk+1 = Axk + vk (5)

yk = Cxk + wk (6)

In equation (5), xk ∈ R n are the states, A ∈ Rn×n is the state transi-
tion matrix. The term vk represents the expected environmental excitation
defined as a Gaussian white noise sequence with zero mean and constant co-
variance matrix Q = E

(
vkv

T
k

)
:= Qδ (k − k′) with E(•). Then, in equation

(6), yk ∈ R r are the outputs, C ∈ Rr×n is the observation matrix, the wk

terms indicate the measurement noise. Notice that n represents the system
order and r is the number of sensors.

The feature vector is approximately assumed as zero mean normal Gaus-
sian distributed in the reference state (undamaged) which evolves in a non-
zero mean when damaged. Residual vector monitoring the relative changes
among the damaged state, and the initial reference state. The present study
mainly focused on the subspace-based residuals approach. When influenced
by noise and changes in input excitation patterns, Subspace residuals are
conventional and robust [54]. The residual matrix relies on the orthonormal
property between the subspaces related to a reference state in comparison
with the subspace related to a noisy or damaged state. Subspace-based
residuals approach is based on the covariance-driven output-only subspace
identification algorithm. Cross-covariance between the states and the out-
puts G = E

(
xk+1y

T
k

)
the theoretical output covariances Ri = E

(
yky

T
k−i

)
=

CAi−1G and equation (7) represents the theoretic block Hankel matrix.

Hp+1,q
def
=


R1 R2 . . . Rq

R2 R3 . . . Rq+1
...

...
. . .

...
Rp+1 Rp+2 . . . Rp+q

 def
= Hank (Ri) (7)
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Using measured data (yk)k=1,...,n, a consistent estimate Ĥp+1,q is obtained
from the empirical output covariances:

R̂i =
1

N

N∑
k=1

yky
T
k−i (8)

Ĥp+1,q = Hank
(
R̂i

)
(9)

Basseville et al. [6] originally proposed a residual function obtained by com-
paring the system reference state (undamaged) with the current one (dam-
aged or undamaged). The system parameters in terms of eigenvalues and
eigenvectors in the reference and current states are denoted respectively Θ0

and Θ. In OMA SSI-COV method, the modal intrinsic properties informa-
tion is obtained by the factorization property of the Hankel matrix which
allows decomposing it in an observability matrix and a reversed controlla-
bility matrix. The observability matrix is thus calculated starting from the
Singular Value Decomposition (SVD) of the Hankel matrix:

Ĥp+1,q ≈ [U 1U 2]

[
S1 0
0 0

]
[V 1V 2]

T ≈ U 1S1V 1 (10)

U1 represents the left active subspace of the independent column vectors of
the Hankel matrix, whereas U2 denotes the null subspace of the independent
column vectors of the Hankel matrix. Similar definitions are provided for
V1 and V2 for row vectors of Hankel matrix. Finally, S1 collects the non-
neglectable singular values in a diagonal matrix sorted

UT
1 Ĥp+1,qV1 ≈ S1 (11)

Ĥp+1,qV2 ≈ ϵV (12)

U2Ĥp+1,q ≈ ϵU (13)

Residues ϵV and ϵU can be different from zero vectors because of noise
effect or neglected weakly excited high modes. They are not the ideal can-
didates for tracking relative changes for damage detection purposes. The
amplitude of the residues, resulting from the definition of the system order
or the amplitude excitation, may mask the residues variation due to minor
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structural damages. Instead, the above property can be exploited by com-
paring two different states. Therefore, instead of using the null space S

(
ΘT

0

)
on the parameterized observability matrix, an empirical (nonparametric) null
space S is computed on an estimated block Hankel matrix from data in the
reference state using e.g., the SVD. The residue is thus expressed in matrix
form as:

ϵ̂c = ST Ĥp+1,q (14)

where ST is the left null space of the block Hankel matrix Ĥp+1,q in the

reference state and Ĥp+1,q is the covariance block Hankel matrix in the cur-
rent, possible damaged one. From the practical point of view, the excitation
covariance Q may vary between different measurement sessions of the system
because of random environmental factors, whereas the excitation is assumed
to be stationary during one single measurement session. A change in the
excitation covariance Q leads to a change in the cross-covariance between
states and outputs G and thus in the Hankel matrix. Yan et al. [67] pre-
sented an innovative and interesting residual definition, which appears to
be robust to variations of the excitation. Let Û1 be the matrix of the left
singular vectors obtained from an SVD of Ĥp+1,qSince Û1 is a matrix with
orthonormal columns, it is independent of the excitation Q. Therefore, the
residual matrix can be written as

ϵ̂r = SÛT
1 (15)

Yan et al. [67] provided a geometrical interpretation of the residual matrix
concept, such as the expression of a loss of orthonormality between reference
subspace and another current state. Therefore, they give some damage indi-
cators related to the rotation angle between the two subspaces when struc-
tural damage occurs. Finally, they established that the norm of matrix gave
the best-found damage indicator ϵ̂r

σ̂N
2 = norm (ϵ̂r) (16)

where norm (•): Rm×n→ R denotes the matrix spectral norm operator which
corresponds to the maximal singular value of a matrix, from the numerical
point of view. Therefore, the authors adopt the following damage indicators:

Iy,nr = norm (ϵ̂c) (17)
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Figure 4: Summary of the three adopted methods (A), (B), and (C) with the definition of
the input vectors to feed the neural models in the three analyzed cases.

Iy,r = norm (ϵ̂r) (18)

In the current study, the Yan’s et al subspace-based damage indicator def-
inition has been selected as a damage-sensitive feature to train the neural
classification models presented in the next section.

3.2. Neural models and datasets (A), (B) and (C) description

The main goal of the present work is to analyze the noise effects of an AI-
based health state classifier based on the accelerogram time histories recorded
by the simulated beam monitoring system. The problem is a multi-class clas-
sification problem of the current health state of the structural system. The
completely undamaged situation has been set as a reference state. On the
other hand, three possible states has been defined in section 2 for the current
state: undamaged, slightly damaged, and severely damaged. 5000 time his-
tory responses have been collected from the simulated monitored beam under
environmental excitation. These time series responses have contaminated by
additive Gaussian noise to simulate real-world MEMS sensors, defining three
SNR levels: 20dB (low quality sensors), 40dB (medium quality sensors), and
60dB (good quality sensors). Referring to the data-driven SHM paradigm,
DL techniques appear naturally suited to accomplish the health states clas-
sification problem [29, 62]. Specifically, in this work, two different neural
models have been used to perform the classification problem, always con-
sidering three different input datasets denoted as case (A), (B) and (C). As
illustrated in Figure 4, the datasets are obtained by considering some statis-
tical features extracted by the acquired signals from each sensors and also
accounting for the Yan’s et al. damage indicators, reviewed in section 3.1.
The dataset (A) is based on 6 statistical features computed from the acquired

15



signals obtained by each sensor, both in the reference and in the current state.
As demonstrated in [13], the statistical features in equations (19)-(26) ap-
pear to be the most effective ones if considered by a machine learning model
adopted to time series for SHM applications. Considering both acceleration
time series recordings x, the extracted features are the peak value xP,(i,j),
the mean square value xMS,(i,j), the root means square xRMS,(i,j), the vari-
ance xV AR(i,j), the standard deviation xSTD,(i,j), the skewness xSkew,(i,j), the
kurtosis xKurt(i,j) and the K-factor xK,(i,j).

xP (i,j) = max {|xk|}nk=1 (19)

xMS(i,j) =
1

n

n∑
k=1

x2
k (20)

xRMS(i,j) =

√√√√ 1

n

n∑
i=1

x2
k (21)

xV AR(i,j) =
1

n

n∑
k=1

(xk − x̄)2 (22)

xSTD,(i,j) =

√√√√ 1

n

n∑
k=1

(xk − x̄)2 (23)

xSkew,(i,j) =
1

n

n∑
k=1

(
xk − x̄

xSTD,(i,j)

)3

(24)

xKurt(i,j) =
1

n

n∑
k=1

(
xk − x̄

xSTD,(i,j)

)4

(25)

xK,(i,j) = xP,(i,j) · xRMS,(i,j) (26)

In the equations (19)-(26), k is the component of the time series vector
x, which is composed of n elements, i denotes the number of the simulation
out of the 5000 total runs, and j denotes the accelerometer from which the
time series has been recorded. Considering an acquisition time interval of
five minutes for each run, a sampling frequency of 500Hz, and 5 accelerom-
eters installed for each beam, n results to be equal to 150000 samples. For
each simulation acquisition, the extracted features considered in the dataset
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Figure 5: Empirical sensitivity analysis on active space dimensions, compared with various
time shift imposed by the user.

(A) are the peak value xP,(i,j), the root mean square xRMS,(i,j), the vari-
ance xV AR(i,j), the skewness xSkew,(i,j), the kurtosis xKurt(i,j) and the K-factor
xK,(i,j). These six statistical features have been extracted from each sensor
producing, in total, 30 extracted features. For each simulation, two damage
conditions have been considered (reference and current state). Altogether, a
total of 60 features have been produced as input from each algorithm run.

The dataset (B) includes the same features as the dataset (A) with the
addition of an optimal Yan’s indicator. Thus, the input vector to feed the
neural models has in total 61 components. Figure 5 displays a significant
variation among the Yan et al. subspace-based damage indicator by consid-
ering different active subspace dimensions and time shifts. The active space
dimension is related to the left singular column vectors with non-zero singu-
lar values. Focusing on a specific time shift, the Yan et al. indicator value
differs among the considered active space dimensions. The time shift is re-
lated to the block rows considered in the block Toeplitz matrix assembling.
According to [49], to identify the system order n, the relationship li ≥ n
must be respected, where l is the number of sensors and i the number of
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Table 3: Summary of the properties of the implemented CNN.

Layer Output
Shape

Activation Func-
tion

Parameters
Number

Input and reshape
layer

[(None,80,1)] - 0

Conv1D 1 (None,77,15) ReLU 75
Conv1D 2 (None,74,15) Batch Normal-

ization +ReLU
(915+60)

Max Pooling (None,24,15) - 0
Conv1D 3 (None,21,40) Batch Norimal-

ization +ReLU
(2440+160)

Global Average
Pooling

(None,40) Drop out 0

Output Dense
Layer

(None,3) Softmax 123

Total Trainable parameters: 3773
Trainable parameters:3663
Epochs: 1000
Loss: Categorical Cross-entropy (Optimizer: Adam)

block rows, i.e. the time shift. In the literature, a reasonable choice for the
time shift is often related to the power spectral density matrix [49]. Figure
5 shows that the results of active space dimension 1 are almost the same as
dimension 6, whereas the results of dimension 2 are the same as dimension 7.
Indeed, the results of this initial sensitivity analysis suggested adopting an
active space dimension equal to 2, which is consistent with the higher non-
zero singular values. For this reason, the active space dimension equal to 2
and the time shift equal to 23 are selected. This choice allows mitigation of
the computational effort. Finally, in the dataset (C) only Yan et al. damage
indicators have been considered. They have been computed considering var-
ious time shifts from 5 to 25 and truncation orders, which define active space
dimensions, from 1 to 4, collecting in total 80 features for each simulation of
the all 5000 time history runs.

In this paper, two artificial neural network architectures have been imple-
mented for each dataset previously described. In particular, a one-dimensional
convolutional neural network (1D-CNN) and a multi-layer perceptor (MLP)
have been trained. The 1D-CNNs are used in this work because of their
effectiveness in obtaining a feature maps from a short segment of the overall
dataset, especially in the case in which the feature’s location in that data
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Table 4: Summary of the properties of the implemented MLP

Layer Output Shape Activation Function Parameters Number

Input and reshape layer [(None,80)] - 0
Hidden layer (None,15) ReLU 930

Output Dense Layer (None,3) Softmax 48

Total Trainable parameters: 3773
Trainable parameters:3663
Epochs: 1000
Loss: Categorical Cross-entropy (Optimizer: Adam)

segment is not highly correlated. The CNN model has been implemented in
python through the TensorFlow module with the Keras front-end [10]. In
Table 3 the parameters of the CNN model used on dataset (C) are reported,
since it is the most complex and representative case.

Even the MLP model has been implemented in python through the Ten-
sorFlow and Keras modules [10]. Table 4 introduces the model trained on the
dataset (C) (see also Figure 6), which is the most complex and representative.
The MLP presents a single hidden layer with 15 units and an output layer
composed of three units, since three possible damage scenarios have been en-
visaged. In this MLP architecture, the softMax activation function has been
adopted. This particular function forces the output vector prediction to sum
up to one. Therefore, the output value will represent the probability of each
input vector to belong to a certain envisaged damage scenario. The loss
function is a metric used to judge the model’s performance. The categorical
cross-entropy loss function is the most widespread in multi-class classification
tasks to quantify the difference between the output classes probability distri-
butions. The optimization algorithm iteratively updates the neural weights
of the various units in order to minimize the loss function within the back-
propagation process. In this case, the most widespread Adam algorithm has
been used. This is an effective stochastic optimization method that requires
only a small amount of memory and only requires first-order gradients. It is
an excellent adaptive learning optimizer under default working conditions.
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Figure 6: Schematic model of MLP architecture for case (C).

4. Numerical results and discussion

The three datasets (A), (B), and (C) have been computed under different
SNR conditions to investigate how the level of noise affects the three-class
classification problem. Prior to train the neural models, the dataset is divided
into two parts: a training set and a test set, with proportions of 80% (4000
simulations) and 20% (1000 simulations) respectively. The test set allowed
testing the trained model’s predictive capabilities to evaluate generalization
error [51]. A further partition of 10% inside the training set defined the
validation set for assessing accuracy performance online during the training
phase among the epochs.

4.1. MLP and CNN Multiclass Classification Results
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 7: classification results of the MLP models.

The performance of the best trained MLP model on different SNR levels
has been validated with the test set, whose classification results have been
condensed in the confusion matrix illustrated in Figure 7. On the other hand,
Figure 8 shows the results from the best CNN model on the same datasets.
The accuracies are all above 90% for MLP models but decrease to 82.80%
for CNN models in the cases (A) and (B). Accuracy measures the portion of
the test set which has been correctly classified.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 8: Classification results of the CNN models.

The precision measures the number of samples correctly classified in a
particular class over the total number of samples which have been associated
with that class. In contrast, the recall represents the number of samples
correctly classified into a specific class over the number of samples which be-
longs to that class [51]. The precision and recall values are quite high, being
above the 87.69% for all the classification possible outcomes in MLP models.
Instead, there is a significant decrease on CNN, even to 65.58%. Considering
CNN models in 60dB SNR levels, in Figure 8 (g), the overall accuracy for
method (A) is 85.50%. Figure 8 (h) shows that the accuracy for method
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(a) (b) (c)

Figure 9: 60-dB noise level CNN training performances history during the epochs.

(C) is around 87.20%, and the higher classification of the method (B) with
respect to method (A) proves that this most informative subspace-based fea-
ture improves the classification performances of both CNN and ANN model
for every noise levels. In Figure 8 (i), the final accuracy for the trained model
in method (C) is 98.60%. The outstanding higher classification performance
of method (C) to methods (A) and (B) proves that considering an entire set of
informative subspace-based features improves the classification performances
of the DL models for the damage detection task.

Best weights and models should be saved for prediction. The loss function
both for the training and the validation sets is depicted over the epochs,
for the CNN model in 60dB SNR levels is reported in Figure 9. When
the validation loss starts to increase after a monotonic decreasing behavior,
the overfitting of the model is reached. In Figure 9 (a), the validation loss
increases gradually while the loss on the training set decreases, reaching
the overfitting point at around 400 epochs. The same situation appears in
Figure 9 (b), while the overfitting point is around 450 epochs. The validation
accuracy continues to increase a little biteven when the overfitting point is
reached. In Figure 9 (c), the loss is relatively low. From a deeper insight
into the loss and accuracy trends, it would virtually be possible to stop the
training to epoch 150 to save computational cost and obtain almost the same
performances.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 10: Classification results of the 20dB CNN models on other SNR levels in all three
methods.

The robustness of the deep-learning is affected by the noise. Figure 10
(a), (d), and (g) respectively show the performance of the best CNN models
in methods (A), (B), and (C). In method (A), the performances of the CNN
model trained with the 20dB SNR level have been validated with the test set
from 40dB SNR level, as illustrated in Figure 10 (b). The overall accuracy
obtained results to be 81.80%. In Figure 10 (c), accuracy is 80.50% for the
test set with the 60dB SNR level. The same outcomes can be drawn even
for methods (B), and (C). Figure 11 shows the results for 60dB noise levels.
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Even if the noise level has changed significantly, the previously trained model
gives good predictions.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 11: Classification results of the 60dB CNN models on other SNR levels in all three
methods.

The current MLP and CNN models can provide quite interesting multi-
class classification results considering the statistical time series features cou-
pled with the Yan et al. subspace damage indicator. This allows extending
the capabilities of the MLP model. Furthermore, a good generalization of the
current DL models is related to the fact that the 5000 numerical simulations
randomly considered both how many damaged elements to consider and the
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level of damage to associate with those selected elements. This produced a
time-series signal which covers many different cases, which was anyway suc-
cessfully traced back to the 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%). The influence of
noise is further reduced. DL models are robust to noise.

4.2. Comparisons between different features

In Figure 12, the bar graph compares the overall accuracy of the three
different datasets for both the applied ANN.

These results are retrieved from the numerical beam method which en-
ables performing a novel and extensive empirical sensitivity analysis on pa-
rameters that affect the subspace-based damage indicators, even considering
the noise that may affect a real-world method. For CNN models in Figure
12 (b), method (A) leads to an accuracy of 85.50%. The accuracy increases
to 87.20% by considering method (B). This most informative indicator was
obtained by setting the optimal parameters from the results of the empiri-
cal sensitivity analysis in Figure 5. This improvement is observed in every
presented methods (Figure 7 and Figure 8). Outstanding accuracy has been
obtained with method (C), which reaches about 98.60%. It considers as an
input dataset many subspace-based damage indicators only, removing the
user’s arbitrary choice on the parameters to be taken into account. There-
fore, this last proposed method (C) represents the most useful approach to
effectively address the damage detection task. Further comparisons have
been performed in terms of recall and precision as illustrated in Figure 13.
Focusing on the recall metric, for every of the considered methods the undam-
aged structures have been correctly classified more than 90% of the times.
Method (C) reaches the highest recall both in low damage and high dam-
age classes with values higher than 97.94%. This shows the advantages to
consider the subspace-based damage indicator with respect to the statistical
features alone. On precision metric, remarkable precision values have been
obtained in method (C) for which 100% have been reached for low damage
and high damage in CNN models. The CNN models have probably learned
optimal weights to effectively reconduct low and high damage methods.
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(a) (b)

Figure 12: 60dB models classification comparisons on accuracy among the proposed meth-
ods (A), (B), and (C)

(a) (b)

(c) (d)

Figure 13: 60dB models classification comparisons on Recall and Precision among the
proposed methods.
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4.3. Comparison between CNN and MLP models

(a) (b)

Figure 14: 20dB and 60dB models classification comparisons on accuracy among the
proposed methods.

Figure 14 shows the comparison between the CNN model and the ANN
model. Considering the 60dB models, from Figure 14 (b), the accuracy of
the CNN model in method (A) is 85.5%, resulting to be lower than 93.6%,
the accuracy of MLP model. The same behavior is observed in method (B),
where the accuracy decreased from 94.2% in MLP to 87.2 in CNN model. In
methods (A) and (B), discrete statistical features are used. Consequently, the
fully connected layers of the MLP may be better to deal with these features
than the convolution kernel of CNN. In any case, a very impressive accuracy is
shown for method (C). The accuracy of MLP reached 98%, while the accuracy
of CNN is even higher being 98.6%. This also proves the effectiveness of
Yan’s et al. damage indicators in SHM for realistic sensor datasets. The
same results have been obtained for 20dB and 40dB models. CNN model
seems to perform worse, as well as MLP, on methods (A) and (B). The main
differences occur in distinguishing the degree of damage. Both MLP and
CNN perform well in method (C) with different noise levels. Yan’s damage
indicator is an effective indicator even considering different noise levels and
different DL models.

4.4. Noise effects final overview

Figure 15 illustrate the influence of different noise levels on three ana-
lyzed methods. For CNN architecture in method (A), the final accuracy on

28



(a) (b)

Figure 15: 20dB, 40dB and 60dB models classification comparisons on accuracy among
the proposed methods.

20dB SNR level is 82.8%, while on 40dB is 86.5%, and 85.5% on 60dB. Con-
sidering the three different SNR levels, the outcome is 91.4%, 88.8%, and
87.2% respectively on method (B). Even better outcomes are registered for
method (C), being for the three SNR levels equal to 97.8%, 97.8%, and 98.6%
respectively. There are indeed fluctuations in the results, but actually, no
significant difference between the outcomes from three different noise levels
in any method are registered, for both CNN and MLP model. It can be
concluded that for realistic sensors, Yan’s et al. damage indicator is still an
effective indicator in SHM. Also, Figure 15 shows that methods based on
Yan’s et al. damage indicators and DL models are characterized by robust-
ness to noise. In this work, whether it is low noise level or very high noise
level, using DL tools under different feature conditions reliable results are
obtained. In addition, the SSI method directly processes and analyzes the
response data of the structure in the time domain. It relies on the theory of
spatial projection to eliminate the noise signals that are not related to the
response data. It also shows good ability to resist noise disturbance. Between
the three methods (A), (B), and (C), Yan’s et al. damage indicator has the
best performance on the accuracy, regardless of noise levels and DL models.
As shown, in method (C), every classification accuracy is higher than 98%.

Figure 16 shows the performance of the best model trained with the
highest noise condition (60dB SNR level) and the lowest noise condition
(20dB SNR level) in dealing with signal characterized by other noise levels.

Considering the result of the 20dB model, reported in Figure 16 (a), it
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(a) (b)

Figure 16: Accuracy on different SNR levels of the CNN models trained from 20dB and
60dB SNR levels.

results that, in method (A), the 20dB SNR level trained model obtained the
highest classification accuracy 82.8% at 20dB SNR level, as expected. The
same model tested on signals with 40dB SNR level shows a reduction of only
1% of the accuracy, obtaining 81.8%. The test carried on 60dB SNR level
signal results in a further slightly decreasing of the accuracy that results
to be equal to 80.5%. The same results are also obtained for methods (B)
and (C). Furthermore, the same test is performed using as a training set
the signals characterized by an SNR level equal to 60dB (Figure 16 (b)).
In this case, the best model has nearly the same performance at different
signal-to-noise levels. This result is very meaningful. This research is based
on the data obtained from the previously simulated beam model and used
to approximate the real-world noise effect. In theory, for different working
environments, retraining the models every time based on the collected data
the best results can achieve. However, in practice, retraining the models will
take a long time and higher costs. In addition, in the real-case scenario,
although the error of the sensor changes slowly, the environmental noise
changes rapidly. For example, in the real working environment of a bridge,
there may be a large change in the SNR within a period with the change in
the flow of people, the flow of vehicles, and time. Therefore, the presented
method can be generalized and applied to real case studies, as the robustness
of the analyzed models has been proven.
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5. Conclusions

In the current study, three different damage detection methods (A), (B),
and (C) have been proposed to achieve the SHM paradigm level 1, based
on statistical features and subspace-based damage indicators. The proposed
methods have been accomplished with two DL-based three-classes classifiers,
i.e. a MLP and a 1D-CNN. The health state classification is based on datasets
obtained by vibration data collected simulating in OpenSeesPy a FE beam
monitoring system under environmental dynamic excitation, thus providing
noise-free vibration data. The main goal of this study is to provide for the
first time an extensive study of the noise effects on DL-based health state
classifiers and explore their robustness with respect to different noise lev-
els. Therefore, the noise-free data have been contaminated by an additive
stochastic Gaussian noise process calibrated on three SNR levels in order to
resemble real-world MEMS sensors. The first damage detection method (A)
is based on statistical features calculated on noisy time series data, whereas
the second method (B) attempts to enhance the classification performance
by adding a more informative damage-sensitive feature, i.e. the Yan’s et al.
[67] subspace-based damage indicator. The third method (C) represents an
innovative solution to the arbitrary definition of the parameters that affect
the computation of subspace-based damage indicators. The results obtained
from different SNR levels demonstrated that the proposed methods can be
generalized to real-world cases. In conclusion, numerically training DL mod-
els may provide a robust and almost reliable health state classification system
even in the presence of an actual best or worst-case noise situation with re-
spect to the simulated one. The obtained models were apparently able to
recognize hidden patterns within output-only multivariate time series noisy
vibrations considering statistical and/or damage-sensitive features from all
sensor acquisitions simultaneously. Finally, the authors concluded that the
analyzed 1D-CNN and MLP models could represent an interesting and valu-
able first-level anomaly detection to distinguish between an undamaged or
reference situation and a possible current damaged one, even if in real-world
cases the damage scenario is often unknown. The advantage also lies in the
fact that the task can be performed only by recalling the trained model,
which is, therefore, faster in-service conditions. Additionally, the trained
models appeared effective at any reasonable level of SNR and can achieve
optimal performance due to the robustness of the best machine learning
models. Future promising research paths may investigate the effectiveness
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of the proposed methodology with more compact neural networks, such as
MobileNet or similar architectures able to be effectively executed in real-time
on emerging small electronic edge devices. Further research should explore
the proposed methods in SHM anomaly detection in real-world case studies,
or even extend the proposed subspace-based indicators also to the other deep
levels of the SHM paradigm.
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