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Abstract. In the recent period, in the civil engineering field, innovative
structural health monitoring (SHM) techniques are under the spotlight,
promoted by the latest developments in artificial intelligence (AI). Even
just focusing on the first SHM level, i.e. the damage identification task,
ground-breaking non-destructive evaluations based on output-only vibra-
tion signals have been developed lately. The current work presents two
alternative methods to address an AI-based multi-class damage classi-
fication on a numerical benchmark beam problem. The main goal is
to investigate the noise impacts on the simulated monitored system
of micro-electro-mechanical system (MEMS) accelerometer sensors with
three reasonable signal-to-noise ratio (SNR) levels. A multi-layer percep-
tron (MLP) neural architecture has been employed for the current task.
The numerical results essentially showed that the analyzed deep learn-
ing (DL) model presents a fairly good noise immunity performance for
damage detection needs with proper damage-sensitive features.

Keywords: damage detection, structural health monitoring, mems sen-
sors, signal-to-noise ratio, multi-layer perceptron

1 Introduction

Nowadays, advanced degradation phenomena threat the safety levels of existing
infrastructures [1,2,3,4,5]. Structural health monitoring (SHM) techniques have
been extensively studied and developed in last decades with the final aim to
monitor the health state of historical infrastructure [6,7,8,9] based on direct and
indirect non-destructive testing (NDT) [10,11,12,13,14,15]. Two main approaches
are used in the SHM paradigm denoted as model-driven and data-driven [16].
Moreover, input-output or output-only methods have been implemented based
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Fig. 1. Noisy vibrational structural response data collection.

on the nature of available vibration response data, further subdivided into para-
metric [17] and non-parametric [18] methodologies. In the current study, the
output-only operational modal analysis (OMA) technique has been adopted to
address the SHM first level [19], i.e. the damage identification task, aided with
artificial intelligence (AI). Specifically, a neural network (NN) with a multi-layer
perceptron (MLP) architecture has been used for a multi-class damage classifi-
cation on a numerical benchmark beam problem. To simulate a more realistic
situation, an undesired noise signal has been superimposed on the collected vi-
bration measurements [2], representing the actual adoption of real-world micro-
electro-mechanical system (MEMS) accelerometer sensors. The current study
attempts to provide a novel framework for the damage detection task lever-
aging the potentialities of neural networks combined with output-only OMA
monitoring technique, in particular with subspace-based damage indicators as
damage-sensitive features. Furthermore, the main goal of the current study is to
analyze the robustness of the proposed NN-based damage detection methods in
presence of noisy data. Different noise levels were set by imposing a signal-to-
noise ratio (SNR) [2], expressed in decibels (dB), to simulate plausible MEMS
sensors.

In scientific literature, different studies have been already carried on with the
adoption of NN in the SHM field. In [20], the authors analyzed the cepstrum
with a NN to evaluate mass changes. In [21], flexibility matrices have been used
to train deep NN obtained with OMA for near-real-time seismic damage identi-
fication. In [22], 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 authors in [23], further developed the method-
ology proposed in [22] by also introducing a subspace-based damage indicator
with statistical features, thus improving the classification accuracy. However,
they trained the NN model with noise-free data. Therefore, in the current study,
the authors attempted to improve the preliminary evaluations of [23] by consid-
ering more realistic noisy data.

In section 2 a brief essay on the noise levels related to the commercially
available MEMS sensors for SHM is discussed. In section 3 the OMA and the
adopted damage detection techniques are briefly described. In section 4, the
current finite element (FE) beam model is illustrated. Finally, in section 5, the
MLP model is presented and the numerical results obtained with three different
noise levels have been discussed.
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Table 1. Pros and cons of MEMS-WSS for SHM.

Benefits Drawbacks Applications

Wireless communication,
onboard computation low
cost, less invasive installa-
tion, small size.

Low resolution compared
to wired accelerometers
used in SHM application.

Nodes and platforms for
autonomous data acquisi-
tion.

2 MEMS sensors noise levels

The effectiveness of an SHM procedure is strongly affected by the quality of the
information retrieved from the structural system under study [2]. Despite many
sources of noises actually existing [24], the vibration measurements’ noise can
be modeled as introduced by the sensor itself during the act of collecting the
vibrational response, as depicted in Fig.1. During the last decade, SHM research
moved toward innovative sensors like fiber optic, piezoelectric, and MEMS sen-
sors, especially transitioning from wired to wireless solutions through wireless
smart sensors (WSS) [25]. WSS devices are composed of nodes and platforms for
autonomous data acquisition. Wireless technology has lower installation costs
and allows for flexible system configurations [26]. However, battery-powered
wireless sensors present still limitations related to their energy consumption,
size, cost, communication range, hardware design, and risk of data loss [27]. In
this study, MEMS-WSS accelerometers are considered since they are widely used
in bridges SHM [28], and their main features are reported in Table 1. The over-
all noise level which affects the output-only vibration response signals can be
quantified with the SNR. However, it does not assume a specific value for each
sensor and, moreover, it is difficult to determine it in certain harsh working con-
ditions. Nevertheless, the current state-of-the-art MEMS sensors present a SNR
range between 27dB and 67dB [29]. Therefore, three different levels have been
chosen to simulate MEMS in the current study: low (20dB), medium (40dB),
and good (60dB) quality MEMS. An acknowledged approach in literature to
simulate noisy data y(t) requires superimposing a Gaussian white noise process
n(t) to the output-only vibrational structural response x(t). 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

)
(1)

Supposing to know the SNR, the noise power is given by the inverse formula:

Pnoise =
Psignal

10
SNR
10

(2)

Since data are always sampled in a discrete way, the signal power is composed
of discrete data amplitudes S = {S1

1 , S
1
2 , ..., S

1
k}:

Psignal =
1

n

n∑
k=1

S2
k (3)
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Table 2. Statistical indicators of method (A); n is the total number of time series
discrete samples, x is the mean value.

Mean square:

xMS =
1

n

n∑
k=1

x
2
k

Root mean square:

xRMS =

√√√√ 1

n

n∑
i=1

x2
k

Variance:

xVAR =
1

n

n∑
k=1

(xk − x̄)
2

Standard deviation:

xSTD =

√√√√ 1

n

n∑
k=1

(xk − x̄)2

Skewness:

xSkew =
1

n

n∑
k=1

(
xk − x̄

xSTD

)3

Kurtosis:

xKurt =
1

n

n∑
k=1

(
xk − x̄

xSTD

)4

K-factor:

xK = xMax · xRMS

Maximum:

xMax = max {|xk|}n
k=1

3 Two proposed damage detection methods for MLP

As depicted in Fig.1, in this study, the damage detection task is accomplished
with a MLP deep learning (DL) architecture performing a multi-class damage
classification on a numerical benchmark beam problem. After collecting vibration
responses of the FE beam model under environmental excitations, the collected
output-only vibration measurements have been contaminated by noise with a
certain SNR to simulate real-world MEMS accelerometer sensors. Starting from
these noisy data, the authors adopted a MLP classifier to distinguish vibrational
samples coming from undamaged, low-damage, and severe-damage conditions.
In detail, the input vector to feed the MLP x has been obtained from the feature
extraction operation carried out on the noisy vibrational structural responses.
The first proposed feature extraction method, denoted as (A), is based on six
most informative time series statistical indicators [22]. These indicators are re-
ported in Table 3, derived from the output-only noisy vibrational time series
structural response y(t). The second feature extraction method, denoted as (B),
is derived from the covariance-driven stochastic subspace identification (SSI-cov)
algorithm, a popular method for OMA based on the state space representation
[8,30,31]. After choosing a time shift parameter, in the SSI approach, the modal
information are retrieved from the singular value (SV) decomposition of the block
Toeplitz matrix composed of the output covariances, denoting an active space
of high values SV and a null space for almost neglectable SV. The time shift
parameter governs the construction of the block Toeplitz matrix. Some schol-
ars detected promising damage-sensitive features considering subspace residues
and orthonormal properties by comparing measurements between two different
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Fig. 2. FE beam model.

states, called reference and current states respectively [32]. In a nutshell, due to
the orthonormal property between the two states, the matrix left product of the
null space eigenvectors of the reference state with the covariance block Hankel
matrix in the current state should be zero. However, due to noise, excitation
variation between reference and current state, and structural damages, the re-
sulting residues matrix seems to contain damage-sensitive information passing
from zero-mean Gaussian distributed in undamaged conditions toward the non-
zero mean in damaged ones. However, as it is, the residues matrix appeared not
the ideal candidate for damage detection purposes because it is also influenced
by noise and excitation variation. Therefore, further research demonstrated that
certain parameters computed on the residues matrix may represent more valid
damage-sensitive features. Yan et al. [33] presented the damage indicator (DI) of
eq.(4) being the norm of residues matrix ε̂, which also appeared to be robust to
excitation variations. The scholars also provided a geometrical interpretation of
the damage indicators as the rotation angle between the two analyzed subspace
states. Therefore, method (B) is based on the construction of a feature vector
containing various Yan’s et al. [33]. subspace-based damage indicators between
the two compared reference and current state but varying the time shift parame-
ter which governs the block Toeplitz matrix and, consequently, the block Hankel
matrix.

DIYan = norm (ε̂) (4)

4 Monitoring simulation of MEMS-like noisy data

To synthetically reproduce the noisy monitoring data coming from MEMS sen-
sors, a numerical FE beam model has been implemented in Python OpenSeesPy
environment [34]. The beam is modeled with a square cross-section of 0, 10m
and a span length of 2, 00m. Generic steel material has been implemented with
Young’s modulus E = 210GPa and a mass density ρ = 7850kg/m3. Although
there are several ways to model structural damage [35,36], damaged elements
have been modeled with a percentage cross-section reduction. As depicted in
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Fig. 3. Input feature vectors to the MLP network of methods (A) and (B).

Fig.2, the global coordinate system is denoted as x, y, z, b indicates the cross-
section side, L the span length, gk1 is the self-weight which produces the static
deflection v(z). A zero-mean Gaussian white noise vertical acceleration input
(uy(t)) has been introduced to simulate the environmental operational excita-
tion to the structural system [37], previously scaled up to 0.01g of peak acceler-
ation. Through time history analyses, the vibrational response data have been
collected by the FE nodes of the uniform mesh labeled as 1, 2, 3, 4, and 5, simulat-
ing the sensors placement of 5 MEMS accelerometers with a sampling frequency
of 500Hz. The undamaged situation has been set as the reference state, whereas
the current damage state may be undamaged (denoted in the following as UD),
or with low damage (denoted in the following as LD), i.e. reducing the cross-
sectional area of 25%, otherwise with high damage (denoted in the following as
HD), i.e. with a severe cross section reduction of 50%. The number of damaged
FE elements and their location on the beam domain has been randomly chosen.
Vibrational response acquisitions have a duration of five-minute, are performed
both on reference and current state models, and have been corrupted by additive
Gaussian noise to simulate MEMS-like sensors with three SNR levels, referred
to low, medium, and high-quality sensing technology (20dB, 40dB, and 60dB
respectively). Controlling the random seed to ensure reproducibility from 1 to
5000, in total 5000 monitoring simulations have been conducted.

5 MLP multi-class damage classification results

The damage detection problem with MEMS-like noisy vibrational data has been
formulated as a multi-class classification task between the UD, the LD, and the
HD classes [38,39]. Fig.3 illustrates the input data dimensions to feed the MLP
neural model for both methods (A) and (B). Given 5 MEMS sensors placed on
the beam with 500Hz sampling frequency, the total number n of time steps in
each time series is 150000. Since the 5000 simulations were conducted in both ref-
erence and current health state of the FE beam model, the six statistical features
have been computed for the two states and for every sensor, delivering an input
feature vector x of size equal to 60 for each of the 5000 simulations. Method (B)
requires computing Yan’s et al. DIs [33]. However, to contain the computational
cost, it is convenient to find a reasonable range of values considering different
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Table 3. 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)

time shift parameters and active subspace dimensions. In contrast to the null
subspace, the active one is referred to as the non-zero SV. Focusing on a specific
time shift, the Yan et al. indicator value differs among the considered active
space dimensions [23]. Therefore, method (B) considers time shifts varying 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 whole 5000 time-history
runs.

The MLP classifier has been implemented in Python with the Keras module
[40]. Table 3 summarizes the architecture of the MLP, which presents a single
hidden layer of 15 units and an output layer of 3 units with softmax activation,
thus representing the probability of the input feature vector belonging to each
possible damaged class. The loss function is the categorical cross-entropy loss,
i.e. widely adopted in multi-class classification tasks, and the adam gradient
descent weight optimization algorithm has been used. For both methods (A)
and (B), the input vectors dataset has been subdivided into an 80% training set
(4000 simulations), with a further partition of 10% of the training acting as a
validation set, and an 20% test set (1000 simulations).

The after-training results on the test sets with the various SNR cases and
for both the methods (A) and (B) have been reported in the confusion matrices
of Table 4 and summarized in Fig.4. The accuracies (Acc. in Table 4), are all
above 90% for MLP demonstrating a fairly good noise immunity performance
for damage detection needs. The precision (Pre. rows in Table 4) and recall (Rec.
columns in Table 4) present also quite high values, being above the 87.69% for all
the classification possible outcomes in MLP models. The noticeable classification
performance of method (B) to method (A) proves that considering an entire set
of informative subspace-based features improves the classification performances
of the DL models for the damage detection task and further increases the noise
immunity of the MLP model. Furthermore, this demonstrated that for realistic
MEMS-like sensors, Yan’s et al. DI is still an effective damage-sensitive feature
in SHM even with high noise levels. Despite the simple and shallow architec-
ture, the current MLP models provide quite interesting multi-class classification
results both considering the statistical time series features or Yan et al. subspace-
based DI only. Furthermore, a good generalization of the current DL models is
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related to the fact that the 5000 numerical simulations randomly considered both
how many damaged elements to consider and the level of damage to associate
with those selected elements, covering many different damaged and undamaged
current states.

Finally, for the sake of comparisons, the results for the method (A) trained
with noise-free data, similarly to [23], have been reported in Table 5. The accu-
racy level of method (A) with noise-free data is always about 1% lower than the
accuracy of method (A) with MEMS-like noisy data, except for the case of 40dB
in which it is practically the same value. This behavior may be related to the fact
that method (A) relies on statistical indicators only of the time series signals.
Thus, with noise introduction, the signal changes influence also the statistical
features, providing more varying statistical features, and probably enhancing the
training performances of the MLP model. Nevertheless, the results with noisy
data represent a more realistic real-world scenario, ensuring also a fairly good

Table 4. MLP confusion matrices for the variable noise cases in method (A) and (B).

A-20dB Predicted B-20dB Predicted
True UD LD HD Rec. True UD LD HD Rec.

UD
347 0 0 1.0000

UD
352 0 0 1.0000

0.3470 0.0000 0.0000 0.3520 0.0000 0.0000

LD
11 292 15 0.9182

LD
11 315 0 0.9663

0.0110 0.2920 0.0150 0.0110 0.3150 0.0000

HD
11 27 297 0.8866

HD
10 0 312 0.9689

0.0110 0.0270 0.2970 0.0100 0.0000 0.3120
Pre. 0.9404 0.9154 0.9519 Acc: 0.9360 Pre. 0.9437 1.0000 1.0000 Acc: 0.9790

A-40dB Predicted B-40dB Predicted
True UD LD HD Rec. True UD LD HD Rec.

UD
336 0 0 1.0000

UD
363 0 0 1.0000

0.3360 0.0000 0.0000 0.3630 0.0000 0.0000

LD
12 300 27 0.8850

LD
12 295 0 0.9609

0.0120 0.3000 0.0270 0.0120 0.2950 0.0000

HD
7 33 285 0.8769

HD
11 0 319 0.9667

0.0070 0.0330 0.2850 0.0110 0.0000 0.3190
Pre. 0.9465 0.9009 0.9135 Acc: 0.9210 Pre. 0.9404 1.0000 1.0000 Acc: 0.9770

A-60dB Predicted B-60dB Predicted
True UD LD HD Rec. True UD LD HD Rec.

UD
367 1 1 0.9946

UD
338 0 0 1.0000

0.3670 0.0010 0.0010 0.3380 0.0000 0.0000

LD
12 304 17 0.9129

LD
7 319 1 0.9755

0.0120 0.3040 0.0170 0.0070 0.3190 0.0010

HD
5 28 265 0.8893

HD
11 1 323 0.9642

0.0050 0.0280 0.2650 0.0110 0.0010 0.3230
Pre. 0.9557 0.9129 0.9364 Acc: 0.9360 Pre. 0.9494 0.9969 0.9969 Acc: 0.9800

Table 5. MLP confusion matrix for the method (A) with noise-free data.

A-Noise-free Predicted
True UD LD HD Rec.

UD
358 0 0 1.0000

0.3580 0.0000 0.0000

LD
16 277 22 0.8794

0.0160 0.2770 0.0220

HD
5 35 287 0.8777

0.5000 0.0350 0.2870
Pre. 0.9446 0.8878 0.9288 Acc: 0.9220



Intelligent structural damage detection with MEMS-like sensors noisy data 9

Fig. 4. Overall accuracy, precision and recall for methods (A), (B) and three noise
levels.

noise immunity of the trained model for damage identification purposes in the
SHM paradigm.

6 Conclusions

In this study, the authors proposed two AI-aided monitoring techniques in pres-
ence of noisy output-only vibrational response data. The first method (A) relies
on a set of statistical indicators directly computed on the time series vibrational
response, whereas the second method has its roots in the OMA SSI-cov method
employing the set of Yan’s et al. [33] subspace-based damage sensitive features
computed between an undamaged reference health state and a current, possibly
damaged, state. The damage detection task has been formulated as a multi-class
classification task among three possible states (UD, LD, and HD), handled with
a shallow MLP network architecture. Both the obtained models were apparently
able to recognize the damage levels, additionally presenting a fairly good noise
immunity. The analyzed MLP models could represent an interesting and valuable
first-level anomaly detection even in real-world noisy cases where the damage
scenario is rarely known in advance.
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