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Abstract. The structural health monitoring area has received increasing attention from the industry and the scientific
community in recent decades. Several techniques applied to damage detection and localization have been proposed,
including recent developments based on artificial intelligence. In this context, this paper investigates a framework that
combines a machine learning method with a residue generator to detect and localize multiple damaged regions. The
residue signal is the output of a filter bank, built with Luenberger observers. This type of estimation allows a direct
relation between the residue signals and the changes in dynamics caused by damage. However, the correlation between
the residue signal and the damage localization is not straight. For this purpose, this paper analyzes the performance of
three classifiers: k-nearest neighbors, a decision tree, and a support vector machine to identify damage occurrence and
its respective localization using the temporal residue data. An active automotive suspension model is used as a case study
structure, generating the temporal data to build the classifiers. Simulated results show that the support vector machine
method is the best tested classifier to identify changes in the suspension components, achieving a classification accuracy
between 79.6% and 100%.

Keywords: structural health monitoring, artificial intelligence, filter bank, active suspension.
1. INTRODUCTION

Repetitive dynamic forces, robust events, or both may lead to damage occurrence in mechanical structures, compro-
mising operational safety. Consequently, the structural health monitoring (SHM) area has received increasing attention
from the industry and the scientific community in the last decades (Genari and N6brega, 2012; Meher and Sunny, 2022),
aiming to satisfy safety requirements, prevent catastrophic failures, reduce maintenance costs, and extend the structure
lifetime (Genari and Oliveira, 2019). Several techniques applied to damage detection and localization have been proposed,
including recent developments based on artificial intelligence (Sarmadi and Entezami, 2021; Das et al., 2021; Wang and
Cha, 2022).

Damage alters the structural dynamics, changing the structure vibration characteristics such as natural frequencies,
vibration modes, and damping (Genari et al., 2013). Vibration-based SHM methods capture this dynamic change by
comparing the structure behavior before and after damage occurrence. These techniques are attractive because they are
non-destructive and global, i.e., the damage existence may be detected remotely (Kullaa, 2010). Several vibration-based
strategies have been proposed in the last few years. For instance, Pavelko et al. (2017) applied a correlation coefficient
deviation to extract the damage features. Li et al. (2020) proposed an algorithm based on the unscented Kalman filter for
damage detection and localization. Mousavi et al. (2021) presented an SHM approach based on the wavelet transform and
an artificial neural network.

Machine learning techniques can process many vibration signals. Despite the promising results, the machine learning
strategy is yet an under-explored theme for SHM purposes. In this context, this paper investigates a vibration-based
SHM framework to detect and localize damage in an active automotive suspension. This framework combines a filter
bank and machine learning algorithms to provide suspension system diagnosis. The filter bank is built with Luenberger
observers and is used to extract damage features using a residue generator. The temporal residue signals are the input of
the machine-learning methods: k-nearest neighbors (k-NN), a support vector machine (SVM), and a decision tree. These
classifiers have the performance evaluated concerning damage diagnosis, including the identification and localization of
multiple damaged components. An active quarter-car model with the tire, wheel, suspension, and quarter-car mass is used
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to create the temporal data, in which the characteristic component alterations represent the damage occurrence.

The remainder of this paper is organized as follows: in Section 2, the state-space model of an automotive suspension
is described. The proposed method for damage classification is presented in Section 3, while the simulation results are
presented and analyzed in Section 4. Finally, Section 5 concludes the paper.

2. STATE-SPACE MODEL OF AN AUTOMOTIVE SUSPENSION

Figure 1 presents a quarter-car model, considering the vertical dynamics and the vehicle symmetry. The sprung mass
mg represents a quarter of the vehicle body weight. The spring ks, damper c¢,, and the actuator, which produces the
control force f.(t), compose the suspension system. The wheel is described as the unsprung mass m,,, connecting the
suspension and the tire, which is modeled by the spring with stiffness k; associated with a damping coefficient c;. As the
car moves along the road, the displacement z,.(¢) at the tire excites the system.
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Figure 1: A quarter-car model.

Applying Newton’s second law to the sprung and unsprung masses, the following motion equations result:
msZs(t) = —ks [25(t) — 2u(t)] — €5 [25(t) — 2u(t)] + fe(t)
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Z,(t) = Zu(t) + Ezr(t) + m—uzr(t) - m—ufc(t). (2)

Defining the disturbance input as the road profile and the control input as the actuator force, i.e.,
w(t) = z.(t)
u(t) = fe(t),
and the state vector x(t) as a composition between the position and velocity variables, i.e.,
x(t) = [2s(t) 2(t) Z() za(t) — ()]
= [0 wa() wa() @)
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Eq. (1) and Eq. (2) can be combined into a single equation in the following state-space representation:
x(t) = Ax(t) + Byw(t) + Bou(t)
y(t) = Cx(t) + Dyw(t) + Dau(t), 3)

in which A is the state matrix, B; and Bs are the input matrices, and the output matrices are C, D; and D».

The first system output signal is the suspension deflection. Considering the vehicle body has an accelerometer, the
second measured output is the sprung mass acceleration. These two output signals are usually used to design, test an
automotive suspension, or both (Sun et al., 2012). Thus, the output vector y(t) is written as

y(t) = [n(t) )]
= [2s(t) — z(t) 5(1)],

leading to the following state-space matrices of the model in Eq. (3):

0 0 1 0 0 0

0 0 0 1 = 0
A= _ ks ks __Cs Cs ) Bl = i ) B2 = 1 )

Mg Mg ms ms MMy m

ks kstke s _cste LTI c(cstet) _ i
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1 -1 0 0 0 0
C= ks ks e cs | D1= csCt ,andD2: 1 |-
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3. OVERVIEW OF THE PROPOSED APPROACH FOR DAMAGE CLASSIFICATION

Figure 2 shows the detailed block diagram of the proposed framework, containing the suspension system and an SHM
module, which encompasses a residue generator and a classifier system. The suspension output signals are defined as
the relative displacement between the wheel and vehicle masses (y1(¢)) and the vehicle acceleration (y2(t)). The residue
generator module uses a filter bank composed of two observers to estimate the suspension output signals, designed with the
healthy model and considering that the input w(t) is unknown. The residue generator module compares the outputs of the
operational and estimated structure, generating the residue signals 71 (t) and 72(t). The classifier system processes these
residue signals to detect and localize damage using machine learning strategies. Thus, when the suspension is damaged,
this alters the structure dynamics, leading to a residue signal increase, which is classified to provide the diagnosis of the
suspension system. Next, each component of the block diagram shown in Fig. 2 is described.

w(t)
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Figure 2: Block diagram of the SHM framework.

3.1 Residue generator

The dynamics of the Luenberger observer is defined as (Franklin et al., 2010):

x(t) = AX(t) + Bou(t) + L[y (t) = ()]
y(t) = Cx(t) + Dau(t),
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in which x(t) is the estimated state vector, ¥ (¢) represents the estimated output vector, and L is the observer gain matrix.
The state estimation error is defined as e(t) = x(t) —%(t¢). Thus, considering the active suspension model represented
by Eq. (3), the estimation error dynamics is given by:

é(t) = x(t) — x(t)
= Ax(t) + Byw(t) + Bou(t) — AX(t) — Bou(t) — Ly(t) — y(t)]
= A [x(t) — %(t)] + Byw(t) — L [Cx(t) + Dyw(t) + Dou(t) — Cx(t) — Dou(t)]
= (A —-LC)e(t) + (B, — LD;) w(t), )

where the matrix L must be chosen to minimize the disturbance effects in the state vector estimation (Franklin et al.,

2010). Equation (4) shows that the dynamic behavior of the error vector is determined by the eigenvalues of matrix

(A — LC). Furthermore, if the pair (A, C) is observable, matrix L can be computed by a pole placement routine.
Under the presence of damage, the active suspension model can be rewritten as

X(t) = (A + AA)x(t) + (By + ABy) w(t) + (By + ABy) u(t)
y(t) = (C+AC)x(t) + (D1 + AD1) w(t) + (D2 + AD2) u(?),

in which AA, AB;, AB,, AC, ADy, and ADs represent the perturbations in the model caused by damage. The
designed filter bank minimizes the residue signals in the healthy condition. However, when the suspension suffers damage,
its dynamics change, increasing the amplitude of the residue signals. Thus, the classifiers can interpret these changes,
detecting and localizing damage.

3.2 Damage classification

Three classification algorithms are analyzed to evaluate the SHM framework performance: K-nearest neighbors (k-
NN), Support Vector Machine (SVM), and decision tree. Consider that a set of correctly classified data points €2 is given.
This set contains n pairs (x1,61), (X2,02), ..., (Xn,60r), in which x; represents the measurement and 6; is the class
previously attributed to the i-th measurement. The classification problem is stated as follows: given a new pair (x,6),
where only the measurement x is known, classify § using the information contained in {2 (Brunton and Kutz, 2022). In
this paper, the damage classification problem is a binary classification problem with multiple outputs, i.e., each component
(output) can be classified as healthy (h) or damaged (d).

3.2.1 K-nearest neighbors

The K-NN is a non-parametric supervised learning algorithm. This method classifies a new object based on its
similarities to a previously available data set. In other words, given a new data point x which does not have a label, find
the k-nearest neighbors x; with labels 6;. Then, the label of x corresponds to the label of the highest occurrence. A data
point x’ € {x1,Xa,...,X, } is defined as a nearest neighbor to x if (Brunton and Kutz, 2022)

min d(x;,x) = d(x, x),

in which d(x;,x;) is a defined metric of distance. The most common choice is the Minkowski distance

d(x;,x;) = (Z Ix; — Xj|p)% .

This generalized distance definition contains many well-known distances as special cases, such as the Euclidian and the
Manhattan distance. In this paper, p is chosen so that the Minkowski distance corresponds to the Euclidean distance, i.e.,
p=2.

A set of nearest neighbors €2 can be constructed by simply finding the k-nearest neighbors xj, to a new data point x.
Let 6, = f(xx) be a function that returns the class associated with the observation xj. Then, the k-NN classifier can be
defined as follows:

h(X) = mOde(f(X1)7 f(x2)’ ey f(xk))a

where mode(-) represents the choice of the label of the highest occurrence (Brunton and Kutz, 2022).
3.2.2 Support vector machines

The idea of the linear SVM method is to construct a hyperplane (Brunton and Kutz, 2022):

w-x+b=0, )
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in which the vector w and the constant b parameterize it. Given the hyperplane in Eq. (5), a new data point x;, can be
classified by:

h(xg) = sign (w - x; +b) . (6)

It is critical to the algorithm accuracy that w and b are properly determined. In that manner, an appropriate optimization
must be formulated. Although easily implemented, linear classifiers are too restrictive for data embedded into a high-
dimensional space. The feature space for SVM must be enriched to overcome this limitation and build more sophisticated
classification curves. Thus, the data is mapped into a nonlinear and higher dimensional space as

x — ®(x),

where ®(x) is a nonlinear function that projects the observation into a higher dimensional space. The labeling function is
now

h(x) = sign(w - ®(x) + b).

The SVM method of creating nonlinear classifiers by enriching data in higher dimensions may lead to a computation-
ally intractable optimization problem, making the computation of the vectors w too expensive. To solve this problem, the
kernel trick is introduced, and the vector w is represented as follows (Brunton and Kutz, 2022):

w = Zaiq)(xi),

in which «; weights ®(x;). Eq. (6) can be generalized to

h(x) = sign Zaiq)(xi) - P(x)+b| .

The kernel function is defined as
K(x;,x) = O(x;) - (x),

and the optimization problem is stated as

~ 1
arg minZl(@i, 0;) + 5“ Zaicb(xi)”? subject to ml_in |x; - w| =1,

a,b

where « is the vector of a; coefficients that must be determined in the minimization process and (6, §;) represents a loss
function (Brunton and Kutz, 2022).

3.2.3 Decision trees

Decision tree classifiers establish an algorithmic flowchart for making decisions using rules concerning a desired out-
come. This algorithm provides a principled data-driven method for creating a predictive model for classification and
regression problems. The technique looks for optimal ways to split the data to provide a robust classification network.
Generally, the decision tree method produces interpretable results that can be graphically displayed and easily inter-
preted (Brunton and Kutz, 2022).

A decision tree method is composed of internal decision nodes and terminal leaves. Each node m implements a test
function h,,,(x) with discrete outcomes labeling the branches. Given an input, at each node, a test is applied and one of
the branches is chosen depending on the outcome. This process is recursively repeated until a leaf node is reached. At the
leaf node, the value written by the leaf constitutes the output (Alpaydin, 2004).

4. RESULTS

This section presents the simulation analysis of the SHM methodology. Initially, a reference active suspension model
is depicted, including the different damage possibilities. Then, the machine learning methods are trained to diagnose the
state of each suspension component. Finally, the classification network performance is evaluated in terms of classification
accuracy and confusion matrices. All simulations and designs are performed using the MATLAB® software, including
the classification process.
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4.1 Simulation setup

The main idea of the framework is to use the system actuator to excite the suspension with a known signal. The
generated residue signal provides the damage signature, which is processed to determine if the suspension components
are healthy or damaged. Figure 3 shows the reference signal u(t) used to excite the active suspension. The actuator force
is a chirp signal with a frequency band between 0 and 10 Hz, amplitude of 10 N, 10 s of period, and sampled at 100 Hz.

Time [s]

Figure 3: Excitation signal.

To simulate the active suspension structure presented in Fig. 1, the healthy system parameters are considered to be
ms = 1.45 kg, m,, = 1 kg, ks =900 N/m, k; = 1250 N/m, ¢, = 7.5 Ns/m, and ¢; = 5 Ns/m. These parameters are based
on the active suspension manufactured by Quanser (2013). Thus, the structure model is given by:

0 0 1 0 0 0
. 0 0 0 1 5 0
=\ 6207 6207 5172 5172 | XD F | 2586 | YO F |g6807] 4V
| 900 —2150 75  —125 1313 -1
[ 1 -1 0 0 0 0
YO =1 6207 6207 5172 5.172} x(t)+[25.86] w(t)+[0.6897] ulh)- ™

4.2 Residue generator design

The information used to detect and localize damage is the residue signal. It is fundamental for the classifier system that
the residue generator provides adequate information about the damage characteristics. For this purpose, the Luenberger
observer is applied to estimate the outputs, which are compared to the measured outputs, generating the residue signals.
Two observers are designed using Eq. (4), and the healthy suspension model is given by Eq. (7). Moreover, the observers
are designed to be four times faster than the healthy suspension dynamics. Thus, the first observer matrix is given by

L, = [-150.8 203.8 158 x 10° 117 x 10%]" .

Likewise, the second observer gain matrix is computed as

Lo = [-2.368 1.799 255 —176.4]" .
4.3 Damage effects

Once structural damage may significantly alter the dynamic response and, consequently, the residue signal, new models
are introduced to update the suspension dynamics, i.e., damage effects are created by varying the active suspension
parameters. For instance, damage in a damper is common in a suspension. Thus, the damaged system can be created by
reducing the damping coefficient cs by 50%. Figure 4 compares the output signals between the healthy and the damaged
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suspension, while Fig. 5 shows the respective residue signals, created by comparing the measured and estimated output
signals. This damage increases the suspension displacement and the sprung mass acceleration, resulting in an increase in
both residue signals, 1 () and 72 (t).
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(a) Suspension displacement. (b) Sprung mass acceleration.
Figure 4: Damage effects in the response signals.
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(a) Residue signal corresponding to y1 (¢).
Figure 5: Damage effects in the residue signals.

4.4 Damage classification

The damage classification problem can be seen as a binary classification problem with multiple outputs, i.e., given
r1(t) and ro(t), it is necessary to classify each suspension component state as healthy (h) or damaged (d). A supervised
learning framework is implemented, consisting of an inductive reasoning process, where a set of rules are learned from
training examples, and a classification algorithm that can successfully apply these rules to classify new instances is
chosen (Dougherty, 2012). The metrics adopted to evaluate the performance of each classifier are prediction accuracy,
precision, and recall. Accuracy is defined as the number of correct predictions divided by the total number of predictions.
Precision, or positive predictive value, is calculated as the number of correct positive (damage) classifications divided
by the total number of positive classifications, either right or wrong, that is, the number of true positives divided by the
number of true positives plus false positives. Precision measures the classification quality of damaged components, i.e.,
the rate at which damaged components are classified as damaged. A low precision for the classification means that safety
is increased since the classifier signals that the component should be verified even if it is healthy. However, maintenance
costs are increased. Recall, or sensitivity, on the other hand, is calculated as the number of correct positive classifications
divided by the total number of components with damage, that is, the number of true positives divided by the number of
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true positives plus false negatives. Recall measures the classification quantity, i.e., the rate at which the condition of the
components is correctly classified. A low recall means that the classifier is missing damaged components, classifying them
as healthy and, thus, decreasing safety. Thus, recall is a more important metric than precision in the damage classification
problem.

The data is generated with simulations of the 64 possible damage combinations with different severity degrees for the
suspension components. Damage is induced by changes in the values of mg, m,,, cs, ¢, ks, and k¢, including multiple
changes to simulate damage occurrences in multiple components. Table 1 presents all possible configurations, in which 10
component setups are simulated in each case, except when the state of all components corresponds to the healthy condition
because it is enough to do just one simulation for this setup. When a single component is damaged, the nominal values
are attributed to each healthy suspension element, and the damaged component value varies linearly for each simulation,
where 10 random combinations are chosen to generate the residue signals. The same logic is applied to create the data
for multiple damaged situations. In this case, the properties of the damaged components are also linearly varied from the
nominal value and combined to create the residue data, where 10 random combinations are also chosen to generate the
residue signals. The sprung and unsprung masses are varied between 50% and 200% of the nominal values. Thus, the
SHM strategy can identify damage that leads to mass variation or provide information about the load in the vehicle, which
is not a damage occurrence, for instance, a load that the driver is transporting. For the remaining components, damage
types are induced by the value decrease in the damping and stiffness coefficients, reaching a reduction of up to 50% of the
nominal values. The data generation procedure results in 631 signals for each residue (r1(t) and r5(t)).

Table 1: Possible combinations of damage.
Cs ks
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The complete simulated data is used to train the classifiers, where the hyperparameters are in Tab. 2. The classification
performance is obtained by using the 10-fold cross-validation technique. The SHM framework accuracy is shown in
Fig. 6, including the damage in multiple suspension components. In order to further evaluate the performance of each
classifier, the confusion matrices are organized in Tab. 3. This layout allows the assessment of the classifier performance.
Each row of these matrices represents the actual class of an instance, while each column represents the predicted classes.
With the confusion matrices, it is possible to calculate the precision and recall metrics presented in Tab. 4. Once the
consequences of misclassifying a damaged component as healthy are severe, the recall metric should be considered when
choosing an algorithm. One can note that the three classification algorithms can identify the changes in the components
associated with mass and stiffness more easily than the ones associated with dampers. Also, the SVM has the highest
performance for the system, achieving an accuracy between 79.6% and 100% and the best average precision and recall.
Furthermore, the decision tree achieves intermediate results compared to the other methods but is independent of data
normalization. However, this method presents a lower performance in identifying tire damping changes, achieving an
accuracy of 66.6%. In general, the decision tree classification accuracy is between 66.6% and 100%. Finally, the k-NN
presents the worst performance in identifying the modifications in the tire damping and suspension damping coefficients,
achieving an accuracy of 51.7% and 66.4%, respectively, with the worst average precision and recall. The classification
accuracy of 100% indicates that the residue signals provide reasonable data to be classified. In fact, the residue signal is
already a damage indicator.

Table 2: Hyperparameters.

Decision Tree K-NN SVM
MinLeafSize (1) NumNeighbors (1) BoxConstraint (1)
MaxNumSplits (630) Distance (euclidean) KernelScale (1)
SplitCriterion (gdi) DistanceWeight (equal) | KernelFunction (linear)
NumVariablesToSample (all) Exponent (2) PolynomialOrder (3)
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Table 3: Confusion matrices.

Decision Tree K-NN SVM
o 311 0 286 58 209 93
s 0 320 25 262 12 227

273 35 283 60 209 72
Mu 38 285 28 260 12 248

273 54 196 88 286 14
Cs 47 257 124 223 34 297
. 215 106 67 52 221 30
t 105 205 253 259 99 281
) 311 1 277 45 311 0
s 0 319 34 275 0 320
L 262 67 266 40 308 12
bl |58 244] | |54 271 | [12 299]

Table 4: Precision and recall performance metrics.

Decision Tree K-NN SVM
Precision | Recall | Precision | Recall | Precision | Recall
My 100% 100% 91.96% | 83.14% | 96.14% | 76.28%
my | 87.78% | 88.64% 91% 82.51% | 96.14% | 80.59%
Cs 8531% | 83.49% | 61.25% | 69.01% | 89.37% | 95.33%

Ct 67.19% | 66.98% | 20.94% 56.3% 69.06% | 88.05%
ks 100% 99.68% | 89.07% | 86.02% 100% 100%
ks 81.88% | 79.64% | 83.12% | 86.93% | 96.25% | 96.25%

T
:l Decision Tree
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Figure 6: Classification accuracy.
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5. CONCLUSIONS

An SHM framework is presented in this paper for damage detection and localization, based on a filter bank and ma-
chine learning concepts. The filter bank is built with the Luenberger method. The difference between the structure outputs
and the estimated outputs signals the damage occurrence, being used for the classifier system to assess the damage. An ac-
tive automotive suspension model is used as a case study structure to examine the proposed framework effectiveness. The
proposed SHM methodology can detect and localize damage in the active suspension components. Simulated results show
that the support vector machine method is the best tested classifier to identify changes in the suspension system, achieving
a classification accuracy between 79.6% and 100%. The decision tree technique obtains intermediate performance con-
cerning the other methods, with an accuracy between 66.6% and 100%. Finally, the k-nearest neighbor classifier achieves
an accuracy between 46.8% and 86.8%. As future objectives, the framework will be experimentally validated to detect
and localize damage, even in road disturbance presence.
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