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Abstract— Although SHM (Structural Health Monitoring) has been widely used for aeronautical purposes,
in the last decades new application scenarios have become applicable, such as the civil and automotive
industries. Automotive components are increasing the maximum operational efficiency, aiming to obtain
greater performance and safety of its mechanical systems at low production and maintenance costs. In this
context, it is necessary to make predictive studies related to the incipient damages or about the useful life of
the structures. The brake system represents one of the most important mechanical systems in a passenger
vehicle since it deals directly with the preservation of their lives. Thus, in this contribution a regular
vehicle brake disc is studied in order to evaluate the sensitivity of the impedance-based SHM application to
identify mechanical changes and propose a method to check their integrities. With the purpose to promote
structural changes, a virtual damage was created by mass addition with small magnets attached on the
surface of the disc in different positions. Further, some experiments were conducted to have several state
conditions of the brake discs (pristine and several virtually damaged cases). Then, the unsupervised
machine learning technique called K-Means Clustering Method was applied to the data set and a quadratic
regression model was used as well based on RMSD damage metric of the cases. Obtained results show the
applicability of the method in the identification of damages, as well as the potential of the use of
unsupervised machine learning methods and mathematical models in the context of SHM.

Keywords— Electromechanical Impedance-based SHM, Unsupervised Machine Learning, K-Means
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I. INTRODUCTION

The main purpose of the SHM (Structural Health
Monitoring) is to implement a predictive maintenance
system to use the mechanical component along of its useful
life, minimizing costs and reducing stoppages [13, 14, 19-
21]. One of the most important mechanical systems in a
regular passenger vehicle is the brake system composed by
brake pads and brake disc. This system was designed to
promote wear in brake pads which are exchanged
periodically while the brake discs continues to has a longer
useful life. Thus, this investigation was considered because
the importance of the brake system in a vehicle and the
preventive maintenance aspect of the component.

The impedance-based SHM is applied today and under
investigation for a several applications in aeronautical
studies [4, 7, 8]. However, with the advances of new
manufacturing lines and low-cost electronic circuits, the
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technique becomes to be applicable for other maintenance
purposes of lower order of costs [10, 17, 20].

It has been shown that the electrical impedance from
the piezoelectric ceramic (sensor/actuator) surface bonded
to a structure can be directly associated with the
mechanical impedance of the structure to which it is
bonded. By using the same piezoelectric element as a
sensor/actuator, a simple testing device, containing a
smaller number of components and cables has been
developed [16].

[11] first proposed the impedance method as a
technique for structural monitoring. The technique was
later improved by [1-3, 5, 6, 9, 12, 13, 15, 18, 20, 21]. It
has been shown that electromechanical impedance (EMI)
techniques utilize the two modes of behavior of the
piezoelectric material. When stressed mechanically, an
electric charge is produced, which is called the Direct
Piezoelectric Effect. Conversely, when an electric field is
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applied in the poling direction, the piezoelectric patch
undergoes mechanical deformation and this is known as
the Inverse Piezoelectric Effect. Fig. 1 shows a one-
dimensional electromechanical model of the impedance-
based structural health monitoring system.
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Fig. 1: One-dimensional electromechanical model.

The PZT patch (Lead Zirconate Titanate) is considered
as a thin bar undergoing axial vibrations in response to the
alternating voltage applied by the impedance analyzer.
Equation (1) shows the expression for the
electromechanical admittance [11].
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where V is the voltage applied to the PZT patch, | is the
output current, a is the geometric constant of the PZT
patch, dsx is the piezoelectric coupling constant in the
arbitrary x direction at zero stress, ¥.Z. is the Young’s
modulus and &3; is the complex dielectric constant at zero
stress, w is the angular frequency, Z, and Z are the PZT’s
and the structure’s complex mechanical impedance,
respectively, and ¢ is the dielectric loss tangent of the PZT
patch. This equation states that the electrical impedance of
the PZT patch bonded onto the structure is directly related
to the mechanical impedance of the structure [5-8, 11, 12,
14, 21]. Consequently, since the mechanical impedance of
the PZT patch is assumed to be constant, any change in the
electrical admittance is expected to be equal to the change
in the mechanical impedance of the structure.

The method uses frequencies usually higher than
30kHz that are applied to the PZT patch that is bonded to
the surface of the structure to evaluate the signal
modifications as captured by the sensor. The PZT patches
use a low voltage (< 1V) and generate high frequency
excitation at given points in the structure [16]. However,
the voltage equal to 1V leads to satisfactory results with
respect to the identification of structural changes.

Basically, the technique consists in obtaining the
frequency response functions (FRFs) of the structure in
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order to further compare the modification in these signals
as caused by damage. A modification in the FRFs would
indicate the presence of damage.

The impedance-based SHM measures the real part of
the impedance signature by the use of piezoelectric
sensor/actuator bonded in the investigated structure. Then,
both baseline (pristine condition) and damaged signatures
are compared in order to calculate the severity of the
problem as well as locate it [12-14, 21]. This quantitative
comparison in this work uses the RMSD (Root Mean
Squared Deviation) damage metric to do evaluations [12,
14]. This damage metric was proposed by [19], being
expressed according to (2):

(r¥ P}’
— 7 L L’
RMSD = %", | ()’

)

where RF and RFis, respectively, the real part of the

impedance signature from baseline and damaged
conditions and n is the size of the sample set [12, 14, 21].

Il. EXPERIMENTAL PROCEDURE

The proposed experimental procedure used one regular
vehicle brake disc with dimensions of 100x260x260 mm.
Then, two simulated damage conditions were proposed by
addition of mass in places where real wearing occurs, i.e.,
the area of the wear use to occurs. For this damage tests
were used magnets (10x10x10 mm) and Fig. 2 illustrates
the test positions, which the damage #2 is closer to the PZT
patch.

Damage #2
Fig. 2: Brake disc with the PZT patch and damages (added
masses).
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Fig. 3: Experimental setup for the data gathering.

The used experimental setup to gather the data samples
is illustrated by the Fig. 3. The system is composed by on
vehicle brake disc (structure to be investigated), one data
acquisition card (analogic-digital converter) and a laptop
with the software interface for data gathering.

The impedance-based SHM measures the signature in
high frequencies because on these ranges it is possible to
check small damages or cracks. In this proposed work the
frequency range obtained by trial and error was 20.5-28.17
kHz.

The data acquisition system used in this contribution
was an EVAL AD5933-EBZ card from Analog Devices
and one circular PZT patch (diameter of 20 mm and
thickness of 3 mm) was used as sensor/actuator. For each
condition test was gathered 10 samples obtaining a total of
30 samples (10 baseline, 10 damage #1 and 10 damage #2).
Fig. 4 illustrates the data acquisition system (EVAL
AD5933-EBZ) used in the experiment.
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Fig. 4: Evaluation board EVAL-AD5933EBZ.
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The card communicates to the computer by USB port
and uses the software called “AD5933 Evaluation Board
Software Rev.B” supplied by the manufacturer Analog
Devices for gathering purposes. Although the measured
impedance is important to define the status of the structure,
this information needs to be processed and classified
before by filtering and metric calculations.

IIl.  RESULTS AND DISCUSSION

The evaluated frequency range was 20.5-28.17 kHz in a
step of 15 Hz, presenting a total of 511 points. According
to the references, it was considered only the real part of the
impedance signatures due to the mechanical properties are
associated with them. All experiments were conducted and
the impedance signatures were compared for each
condition and it was possible to check amplitude as well as
frequency peak deviations as illustrated by Fig. 5.

Fig. 5 illustrates the real part of the impedance
signature and it is evident how hard can be the process of
evaluation from the direct impedance curve. In addition,
due to the presence of an insignificant deviation between
the signatures an assertive quantitative analysis of the
presence of damage is also not possible since only a
qualitative analysis could be performed in the signatures.

Moreover, another factor of great impact in the decision
process of the presence of damages is the extension of the
data sets necessary to carry out such analyzes, since the
computational cost to scan large volumes of data is often
not accessible, thus necessitating a process of intermediate
abstraction previously to the quantitative analysis of these.
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Fig. 5: Baseline and damage signatures — real part of the impedance.

Thus, in order to delimit a subset of signal abstractions, 5 -150,8493 -175,8160 -126,1820
whose information contained are consistent and at the same g '1282322 'ggvgigg 'ggviggg
time representa}tlve of th(_a different groups of signals, the k- 8 150 7601 1757867 1259022
means clustering algorithm was applied to the set of 9 150.7906 175.7436 126.1703
samples that were later splitted into 5 subgroups, in which 10 -150,7554 -175,7730 -126,7886
each observation of the signal was grouped according to its ol 3
proximity to the average of each of the cluster of the group . uster -
to which it belonged. Table 1 shows the different subsets Sample 52392“3”299 Da;;age #;1 Da”gaggozz

. . . 1 -1 -1 15 -15
in he k-means meth in relation h : : :
obtained by the k-means method elation fo - fhe 2 -169,2055 | -138,8474 -150,7260
respective clusters. 3 169,331 | -138,8513 | -150,8865
) 4 -169,1624 -138,7886 -150,8493
Table 1: Subsets of data obtained through the k-means 5 ~169,1135 ~138,7436 ~150,8728
algorithm for each sample of each level in relation to their 6 -169,0607 -138,7202 -150,8063
respective clusters. The data represent the frequency ; ‘122’8451?3 igg;g% '128’;83(15
clusters of each sample. g 1169,0098 | 138,710 | -150,7554
Cluster -1 10 -168,7906 -142,1135 -148,7886
Sample Baseline Damage #1 Damage #2 I
1 -126,3718 -169,2348 -138,8865 Cluster — 4
2 -126,3581 -169,2329 -138,9159 Sample Baseline Damage #1 Damage #2
3 -126,3992 -169,2055 -138,8474 1 -175,9452 -126,3992 -169,2055
4 -126,4853 -169,1331 -138,8513 2 -175,9413 -126,4853 -169,1331
5 _126,3249 -169,1625 _138,7886 3 -175,9491 -126,3249 -169,1624
6 1261819 | -169,1135 -138,7436 4 1758160 | -126,1820 | -169,113%
7 7126,2505 -169,0607 7138.7202 5 -175,8904 -126,2505 -169,0607
6 -175,8415 -126,1096 -169,0509
8 126,109 -169,0509 138, 7397 7 -175,7867 -125,9022 -169,0450
9 1259022 ~169,0451 -138,7515 8 1757436 | -126,1703 | -169,0998
10 -126,1703 -169,0998 -138,7710 9 1757730 | -126.7886 ~168.7906
10 -175,2035 -126,7045 -168,7534
Cluster — 2
Sample Baseline Damage #1 Damage #2 Cluster -5
1 -150,8963 -175,9178 -126,3581 Sample Baseline Damage #1 Damage #2
2 -150,9002 -175,9452 -126,3992 1 1388474 ~150,7260 175,9413
4 -150,8865 -175,9491 -126,3249
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3 -138,7886 -150,8493 -175,8160
4 -138,7436 -150,8728 -175,8904
5 -138,7202 -150,8063 -175,8415
6 -138,7397 -150,7691 -175,7867
7 -138,7515 -150,7906 -175,7436
8 -138,7710 -150,7554 -175,7730
9 -142,1135 -148,7886 -175,2035
10 -141,8102 -149,0391 -175,2172

From Table 1 we can identify that the applicability of
the k-means method allowed an optimization of the
computational cost due to the reduction of the
dimensionality of the data set. Abstracting each sample of
signal, formed by 511 points, to a vector of 5 points of
frequency amplitude, without lack of relevant information
to the decision process.

Subsequently in order to transform this evaluation in a
quantitative result, it was used the RMSD Damage Metric
for the cluster set obtained from de k-means method which
were splitted into groups by boxplot chart, obtaining the
Fig. 6. Thus, the boxplot is responsible to check the
independence of the damage groups and then propose a
parameter to represent this variation.

Fig. 6: Damage metric Boxplots for each cluster set of
each condition test.

According to the Fig. 6, the proposed methodology was
able to detect damage (statistically split) as well as locate
it, showing its applicability of the impedance-based SHM
for the proposed work. Also, it is possible to understand by
the boxplot that the closer the damage is, the greater is the
RMSD damage metric severity. Then, based on this
observation it was proposed the modeling of the damage
case by the use of such damage metrics by a regression
model.

Considering 30 samples (10 for each group), it was
selected randomly 8 samples from each case to build a
regression model classifying the damage case based on the
RMSD damage metric, obtained after clustering. Then, it
was checked the model by the use of the missing data
amount (2 for each group).

Table 2 illustrates all RMSD damage metrics of clusters
obtained from the 30 samples.
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Table 2: All RMSD damage metrics obtained for the 10
repetitions of the 3 damage groups.

Baseline Damage #1 Damage #2
0,0016 0,2248 0,1345
0,0016 0,2248 0,1348
0,0018 0,2251 0,1342
0,0018 0,2255 0,1346
0,0018 0,2252 0,1347
0,0018 0,2256 0,1346
0,0017 0,2260 0,1347
0,0017 0,2253 0,1350
0,0070 0,2232 0,1338
0,0065 0,2193 0,1358

From Table 2 it was selected 2 columns of samples
(gray rows) for each group to be removed and the Fig. 7
illustrates the correspondent type of damage regression
model built.

QUADRATIC REGRESSION MODEL OF TYPE OF DAMAGE

TYPE OF DAM,

HVISE - DAMAGE METRI

Fig. 7: Type of damage quadratic regression model.

Fig. 7 illustrates the same aspect of the boxplot.
However, now it is possible to determine a type of damage
with a degree of precision (about 99.7%), corresponding to
the correlation of the data amount. This value is not very
precise because the model includes only three conditions:
baseline, damage #1 and damage #2 and these RMSD
damage metrics are not quite linear (baseline, for example
is completely different from damage #1). For a best
quadratic regression model, it is necessary to build a model
with a linear increase of the RMSD damage metrics for
previously studied positions of damage, not made
randomly like this preliminary study.

After the calculation of the regression model, it is
necessary to validate the model in order to check the
mathematical expression for new values not used to create
the model as represented in Fig. 8.

For this purpose, to check the model, it was used the
missed figures (gray rows) from Table 1. Then, it was
predicted the type of damage from these 2 samples for each
3 groups by the use of the correspondent RMSD damage
metrics and the quadratic regression model obtained.
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Fig. 8: Validation of the type of damage regression model.

Fig. 8 represents the checking procedure of the type of
damage regression model. This chart plots in the x-axis
the real type of damage of the missed figures from Table
2. In y-axis is plotted the figures of the same missed cases
calculated by the use of the type of damage regression
model (Fig. 7).

The correlation between both types of damages (real
versus calculated by the regression model) shows also a
correlation about 99.7%, indicating a validation of the
type of damage regression model obtained previously.

IV. CONCLUSIONS

This contribution proposes a new approach to
investigate mechanical changes in brake discs by the use
of impedance-based SHM in a quantitative aspect. For
this, the k-means algorithm, an unsupervised machine
learning technique was applied in order to reduce the
dimensionality of the data without loss of relevant
information in the decision process.

During the quantitative analysis, the boxplot obtained
from the experiments illustrates a very good separation
between different damage conditions allowing the
calculation of a regression model for an automated way to
investigate the type of damage based on the RMSD
damage metric. Although preliminary results obtained are
not straightly applied, they show a potential of use of the
technique for this kind of problems. Concluding, these
nondestructive tests associated to the machine learning
technique shows the ability to detect incipient damages in
brake systems helping in the future to improve the safety
of automotive components.
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