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Chapter 18
Integrated Virtual Sensing Method for Real-Time Damage
Detection in Mechanical Systems

Rodrigo Salazar Colunga, Nimish Pandiya, Christian Dindorf, and Frank Naets

Abstract The automotive industry seeks to improve the reliability and safety of mechanical systems while reducing mainte-
nance costs. cro:SHMStructural Health Monitoring (SHM) provides a promising solution through real-time integrity assess-
ments and early damage detection, helping to prevent catastrophic failures. The presented work investigates a virtual sensing
approach for automotive components, combining parametric (model-based) and non-parametric (signal-based) techniques.
Unlike physical sensors, which are costly and require maintenance, virtual sensors estimate difficult-to-measure quantities
using data from a limited number of sensors. In this paper, the mechanical system under study is a notched aluminum beam,
representative of an overhanging automotive component. Acceleration responses are acquired through vibration testing on a
3D-shaker to simulate a dynamic operational environment. A virtual sensing approach in the form of a tuned cro:KFKalman
Filter (KF) is utilized to monitor the mechanical system. This work focuses on an initial assessment of the accuracy of the
KF virtual sensing methodology when implemented with a generalized base excitation input in mechanical systems.

Keywords State estimation - Kalman filter - Virtual sensing - Damage detection - Structural health monitoring

Introduction

Modern vehicles operate under diverse and often unpredictable load conditions, which makes effective structural integrity
monitoring essential [1]. Traditional maintenance practices based on scheduled inspections, may not adequately capture the
irregular progression of wear that can lead to premature failures [2]. In this context, SHM provides real-time assessments
that enable early damage detection and fatigue life prediction, supporting proactive maintenance strategies and extending
component lifespan [3].

Recent literature on SHM addresses both model-based and signal-based approaches [4]. Model-based methods rely on
mathematical or cro:FEFinite Element (FE) models of the structure, but their effectiveness depends on highly accurate
models, often requiring complex nonlinear analyses that are computationally expensive [5]. On the other hand, signal-based
methods, compare measured responses with previously acquired data to detect anomalies [6]. While being more adaptable,
they depend heavily on sensor placement and availability. In many practical cases, direct measurements at critical locations
are infeasible due to integration challenges or sensor limitations [7].

To address these challenges, this study presents a virtual sensing approach that combines limited sensor data with a
reduced-order FE model to estimate system states. This approach is demonstrated on a notched aluminum beam tested
under random base excitation on a 3D shaker. A tuned KF is employed for a full-field response estimation, enabling the

Rodrigo Salazar Colunga - Nimish Pandiya - Christian Dindorf
Robert Bosch GmbH, Center of Competence-Vibration, Robert-Bosch-Stralle 2, 71707, Schwieberdingen, Germany
e-mail: rodrigo.salazarcolunga@de.bosch.com; nimish.pandiya@de.bosch.com; christian.dindorf @de.bosch.com

Rodrigo Salazar Colunga - Frank Naets
KU Leuven, Department of Mechanical Engineering, Celestijnenlaan 300, 2420 Heverlee, Belgium
e-mail: rodrigo.salazarcolunga@de.bosch.com; frank.naets @kuleuven.be

Frank Naets
Flanders Make @KU Leuven, Belgium
e-mail: frank.naets @kuleuven.be

© The Author(s), under exclusive license to River Publishers 2026 121
Kristin B. Zimmerman, PhD (eds.), Structural Health Monitoring, Metamaterials, Metastructures and Additive Manufacturing and Dynamics of
Biomedical and Bioinspired Systems, 2026, Vol. 10, Conference Proceedings

of the Society for Experimental Mechanics Series, https://doi.org/10.1007/978-8-743-81449-8_18


rodrigo.salazarcolunga@de.bosch.com
nimish.pandiya@de.bosch.com
christian.dindorf@de.bosch.com
rodrigo.salazarcolunga@de.bosch.com
frank.naets@kuleuven.be
frank.naets@kuleuven.be
https://doi.org/10.1007/978-8-743-81449-8_18

122 R. S. Colunga et al.

recovery of “difficult-to-measure” quantities. The estimated states can then be used for a variety of applications, such as
predicting of stresses/strains and fatigue loads, real-time structural health monitoring or damage identification, among others
[8,9, 10, 11].

To the best of the author’s knowledge, no existing formulation explicitly addresses state estimation for cro:MIMOMultiple
Inputs Multiple Outputs (MIMO) cro:MDoFMultiple Degree of Freedom (MDoF) systems under applied base-excitation
conditions, which motivates the approach proposed in this study.

The paper is outlined as follows: Section FE Model Validation describes the object of study, the system characterization
via an cro:EMAExperimental Modal Analysis (EMA), as well as the description and validation of the FE model. Section Sys-
tem Modeling and Validation introduces the mathematical modeling framework for base-excited systems and its validation.
Section State Estimation with Kalman Filter presents the state estimation algorithm. The results of the full-field response are
presented in Section Full-field response results, and conclusions with future perspectives are stated in Section Conclusions.

FE Model Validation

System Description

The structure under study is a aluminum beam with a rectangular cross section of 5 X 10 mm and a length of 390 mm, cut
from AlM g5S7i0.5 stocks. As shown in Figure 1, a round notch of depth 1.65 mm is machined on the long edge of the beam
acting as a stress concentrator.
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Fig. 1 Technical drawing of specimen [12]

Experimental Modal Analysis

To characterize the dynamic properties of the beam, an in-situ EMA was performed. The beam was mounted in a cantilever
configuration using a fixture on the shaker table as shown in Figure 2 (left) to minimize the effect on the modelling of
the boundary conditions. Five triaxial accelerometers were distributed along the beam, with Sensor M/ 21 near the notch
and Sensor M 25 at the free tip as shown in Figure 2 (right) as an illustration. It can be seen on Figure 2 (left) other
sensors on the fixture besides the already described, these sensors were used later for shaker control. An instrumented impact
hammer was used to apply impulse excitation on the beam, and the resulting acceleration responses were recorded. This
procedure enabled the identification of cro:MPModal Parameters (MP), which were later used to calibrate the numerical FE
model.
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Fig. 2 Experimental (left) and FE ilustrated sensor configuration (right)

Numerical Model

A FE model of the notched beam was developed in ANSYS® Mechanical. The beam was meshed with 49980 linear HEX-
SOLID185 elements, and the boundary condition at one end was defined as fully fixed to replicate the cantilever setup.
Material properties were calibrated using the native parametric optimization tool in ANSYS® Workbench against the ex-
perimental modal parameters obtained from the EMA. The natural frequencies obtained experimentally and numerically are
compared in Table 1. The discrepancies remain below 4% across the first seven modes, demonstrating strong agreement
between the two data-sets. Furthermore, the mode shape correlation was quantified using the cro:MACModal Assurance
Criterion (MAC) [13], shown in Figure 3. MAC values close to 1 confirm that the FE model reproduces the system dynamics
with good accuracy. The simulated mode shape of mode 6 and 7, does not correlate with the corresponding experimental
mode, but appear to be switched. No effort was made to correct this mode order because it was taken into account in the KF
algorithm.

Table 1 Comparison of experimental and numerical natural frequencies.

No FEM Experimental Error (%)
ffix-free (Hz) ffix-free (Hz)

1 28.83 27.797 -3.58

2 55.40 56.4 +1.81

3 176.41 174.55 -1.05

4 345.36 352.47 +2.06
5 493.43 489.24 -0.85

6 963.26 958.92 -0.45

7 972.06 981.88 +1.01
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Fig. 3 Experimental and FE Modal Assurance Criterion (MAC) for the first 7 modes.

System Modeling and Validation

Equation of motion

The dynamics of a linear time-invariant mechanical system with npor degrees of freedom can be described by the following
discretized equation of motion in Eq. (1):

Mi(t) + Ci(t) + Kz(t) = f(t) (H

where z(t) € R™# jg the displacement, and M,C, K € R"™-F*">F denote the mass, damping and stiffness matrices,
respectively. The external excitation is given by the force vector f(t) € R™>F.

Eq. (1) can be reformulated for cases in which the excitation is applied as a prescribed base motion rather than a direct
force input. While base-excitation formulations have been extensively studied in civil and earthquake engineering, where
they are typically restricted to cro:SIMOSingle Input Multiple Outputs (SIMO) systems [14] as shown in Eq. (2):

Mi(t) + Ca(t) + Ka(t) = —M Ly, (1) )

where L, is the ground input selection vector, specifying locations of the applied base excitation, typically a column vector
of ones indicating that the input is applied equally to all degrees of freedom. Relative displacement of the mass with respect
to the ground is represented by x(¢) and the imposed ground acceleration by &, (¢).

It is worth emphasizing that the extension of this approach to MIMO MDoF mechanical system remains relatively un-
explored. This motivates the present work, which develops and validates a generalized formulation suitable for mechanical
structures. Such systems are typically modeled using FE models, where motion is described in terms of coupled displace-
ments in the x, y and z directions. A generalized partition of the system can be performed on the basis of b and f nodes in

Eq. (3):
l:Mbb be} l:xb:| n [Cbb be] [Cﬂb] " |:Kbb be} {xb} _ [fb(t):| 3)
Mgy Myp| [Er]  [Cro Cyrl |2p] Ko Kpg| |2y fr(t)
where the subscripts b and f denote the base and free cro:DoFsDegrees of Freedom (DoFs) of a FE model, respectively.
The portion of Eq. (3) corresponding to the free nodes (x ;) constitutes the unknown equation to be solved for the system
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response under base acceleration. The base nodes (z) are typically prescribed by the imposed ground input, so their values
are known.

By introducing the relative displacement of the free nodes with respect to the base, defined in Eq. (4), into Eq. (3), the
expression for x ¢ can be reformulated as shown in Eq. (5)

zp(t) =z (t) — xp(t) “)
Myp & (t) + Crpon(t) + Kyppap(t) = —Mee Z6(1) 5)

where:
Mype = Mgy Loy + MyyLoy (6)

Loy and L, are Boolean selection matrices. They project the imposed base motion onto the corresponding DoFs of the
system. This ensures consistent dimensions in the matrix products. By neglecting both damping and external base excitation,
Eq. (5) reduces to Eq. (7), which is an homogeneous, undamped system.

Myyin(t) + Kypar(t) =0 @)

assuming a harmonic solution of the form of Eq. (8)

z,(t) = pet 3
with mode shape vector ¢ and natural frequency w, substitution into Eq. (7) yields to
(Kpp—w?Mypp) =0 ©)

which represents the generalized eigenvalue problem of the system. Collecting all eigenvectors ¢; into the mode shape
matrix ¢ € "Por*npor and the corresponding eigenvalues w; into the diagonal matrix Q2 gives the following compact
form

Kip®= M @02 (10)
Introducing the modal coordinate transformation of Eq. (11)
z(t) = Pq(t) (11)

where ¢(t) € R™, n,, being the number of modes; and premultiplying Eq. (5) by ®7 yields the system in modal form as:
O My @G(t) + @7 Crp®4(t) + T Kypp@q(t) = —@F Mpe () (12)

Eq. (12) can be modally decoupled by exploiting the orthogonality conditions associated with a set of mass-normalized
eigenvectors, T M® = I and @7 K® = Q2. Assuming proportional damping, we obtain ®' C® = I, where I is a diagonal
matrix containing the terms 2¢;w;, and &; denotes the 5™ modal damping ratio. The resulting decoupled equations of motion
from Eq. (12) in modal coordinates are given by Eq. (13):

G(t) +T(t) + Q%q(t) = —Mape 3 (2) (13)

Continuous-time state space model
The dynamics of the beam can be expressed in first-order continuous-time state-space form by introducing the state vector

z(t) as shown in Eq.(14):

i(t)
The second-order relative displacement equation of motion Eq. (5) can then be reformulated as a first-order state equation
as shown in Eq. (15):

2(t) = (x(t)) € R™, where ng = 2npe, (14)

4(t) = Aoz(t) + Boul(t) (15)

where u(t) € R" is the input vector representing external forces, with n,, the number of independent inputs. The state
dimension is ng = 2np,r, where np,r denotes the number of DoFs. The matrices A, € R"s*"s and B, € R"s*"r define
the system dynamics and the input mapping, respectively, and are constructed as:

0 1

0
Ac = — — ; B. = — (16)
M Kyp —MgpCry {—Mbel]
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In addition to the state equation, the system output is defined as:
y(t) = Cz(t) + Du(t) (17

This allows for the measurement or observation of specific system responses, such as displacements, velocities, or ac-
celerations, at various DoFs. Here, y(t) € R™ is the output vector, representing the measured quantities, where ng is the
number of measured outputs. The output matrix C' € R™¢*" and the feed-through matrix D € R™*"» are defined in
Eq. (18).

I 0 0
C = 0 I , D=| 0 (18)
1 1 _
—M;Kf —M;;Cyy M}

The state-space representation can be formulated in the modal domain by using Eq. (13) and introducing Eq. (19) as the
modal state vector

2(t) =[a®)", 4" )" (19)
Following the same structure as Eqgs. (15) and (17), the system can be expressed as:

Z(t) = A Z(t) + Beu(t) (20)

§(t) = CZ(t) + Du(t) 21)

where u(t) is equal to &, (t) representing the base acceleration inputs, and the tilde indicates quantities expressed in modal
coordinates [15]. The state, input, measurement and output matrices in the modal domain are given by:

I 0 0

Acz{_%z _IF}, Bcz{_ﬂg ] cC=10 I|, D= 0 |. (22)
¢be -Q? T —Mpe

Discrete-time state space model

In this section the discrete-time formulation is introduced because it is used in the implementation of the KF, which operates
naturally in discrete time. Using a sampling rate of 1/A¢ , the continuous-time state equation Eq. (15) can be discretized to
obtain its discrete-time equivalent:

Zp+1 = Aqzi + Baug (23)

where k denotes the discrete time step. Since the output equation is an algebraic relation between the states and inputs at
each time step, discretization does not affect its structure. Therefore, the output equation in discrete time is given by:

yr = Czp + Duy, (24)
where A, and By are the discrete-time system matrices [16, 17] derived from their continuous-time counterparts, defined as:

Ag=etA | By=(Aq—I1)A;'B, (25)

Frequency Response Validation

The system cro:FRFFrequency Response Function (FRF) from Eq. (5), enables the understanding of the mechanical struc-
tures reaction to dynamic loading at different excitation frequencies. The FRF expresses the relationship between all inputs
and all outputs of the system at certain frequencies.

o X, (s)

PTX, (s) —(s* Mgy +sCpp+ Kyp)~'s* My, (26)

where s is the Laplace variable, representing complex frequency. The system response can also be expressed in modal
coordinates by using the Eq. (13) leading to:

X, (s) _
Hy, = %, (5) = 7<1>(521+ sI' + QQ) 1s? Mope (27)
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Fig. 4 Transmissibility FRF at Sensor M24 (acc/acc)

To validate the base-excitation formulation, a comparison between the FRF from the analytical reduced-order state-space
model, the ANSYS ®Mechanical FE harmonic simulation, and experimental measurements was performed. Figure 4 shows
the (acceleration/acceleration) transmissibility FRF from sensor M 24. The close agreement among all three confirms the
accuracy of the analytical base-excitation model.

Similar agreement is also observed at the other sensor locations, confirming the consistency of the FRF transmissibility
across the system. The slight differences in peak amplitudes between the ANSYS® Mechanical FE model, and both the
experimental and analytical FRFs are attributed to the fact that the ANSYS ®Mechanical simulation was performed using
an undamped model.

State Estimation with Kalman Filter

The Kalman Filter (KF) is a deterministic—stochastic approach that fuses model predictions with measurement data to es-
timate the states of a dynamic system [18]. A key component of the KF is the cro:KGKalman Gain (KG), which enables
an optimal balance between model predictions and measurement data, accounting for their respective uncertainties in an
interactive way. The KF algorithm is divided into two main steps.

1. Prediction step:
Tpip—1 = AdZp_1)k—1 + Baug (28)

Pyjj—1 = AaPy_1 147 + Q (29)

At each step, the KF estimates the current state based on the previous state and the system model. The predicted state x5, —1
is projected forward in time using the system dynamics and the current input uy, while the predicted state covariance Py
propagates uncertainty from the previous estimate and the process noise covariance ), which accounts for modeling errors
and unmodeled disturbances [18]. The prediction is refined in the correction step.

2. Correction (or update) step:
S=CPyp1C"+R (30)

KG = Pyj_,CTS7! 31)
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T = Thpp—1 + KG(yr — (Cagpp—1 + Duy)) (32)
Py =Pr_qpp1 — KGC Py_qp—1 (33)

where the innovation covariance S combines the predicted state covariance Py with the measurement noise covariance
R, representing uncertainty in the sensor data. The KG determines how much the new measurement influences the state
update. The state estimate x,, is corrected using the measurement residual y;, — (C’xk|k_1 + Duy,), and the state covariance
Py, is updated accordingly, typically reducing uncertainty. This procedure is repeated iteratively at each time step, providing
an updated and more accurate state estimate over time [18].

Full-field response results

This section presents the full-field estimation using a real data-set. The data was acquired during a five minutes vibration
test, where the input was a random cro:PSDPower Spectral Density (PSD) signal applied in the “Z-direction” of the beam,
as shown in Figure 2 and indicated in Figure 5 by the green arrow. The acceleration on the fixture was measured by sensor
M 11, shown in Figure 2, and used as the input base acceleration on the beam. To reduce the computational effort of the large
FE model, a cro:ROMReduced Order Model (ROM) of the beam was created. The ROM was built in modal coordinates,
retaining 14 normal modes after applying modal truncation. For this test, only accelerometers were used. Out of the five mea-
sured responses along the beam, only accelerometer M 24 was taken as the observation in the KF. This approach represents
a “best-case” scenario in which a single measurement is used to estimate the responses at the remaining four locations, as
might occur when sensor availability is limited or when other locations are inaccessible. The other accelerometer responses
were estimated by the KF, and the predicted responses were compared against the measured data to evaluate the performance
of the KF. The parameters for the KF implementation were:

* initial state vector set to zero,
* initial covariance P, set to ten,
* noise covariance matrix R defined as a diagonal matrix based on static test measurement, and

* process noise covariance () defined under the assumption that uncertainty in uncorrelated modes is higher than in
correlated ones.

Figures 6-9 show the measured and estimated acceleration responses over the first 50 seconds of the test for each accelerom-
eter along the beam. The left panel of the figures shows the complete time history of the acceleration response, showing the
complete dynamic behavior of the beam under base excitation. The right panel provides a detailed view of a segment of the
response. Furthermore, the cro:NRMSENormalized Root Mean Square Error (NRMSE) between the estimated and mea-
sured acceleration time histories at accelerometers M 21-1 25 was calculated using Eq. (34) and the results are reported in
Table 2.

Fig. 5 Random vibration test setup on the electrodynamic 3D shaker. The green arrow indicates the excitation direction.
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Fig. 9 Response at accelerometer M25: full time history (left) and detail (right)

Table 2 NRMSE between measured and estimated acceleration at sensors M21-M25.

Sensor NRMSE [%]

M21 2.95
M22 10.28
M23 3.55
M24 8.74x10~1
M25 4.83

VIS -0’
max(y) — min(y)
where y; and y; denote the measured and estimated signals at time step i, respectively, and N is the number of samples.
The numerator corresponds to the cro:RMSERoot Mean Square Error (RMSE), while the denominator normalizes the error
with respect to a range [19]. For the calculation of the NRMSE value, the 50 seconds of data was used. The lowest NRMSE
among the estimated sensors was obtained at sensor M21 (2.95%), which is the accelerometer closest to the notch region
of the beam. Sensor M 23 also showed a low NRMSE value of 3.55%, confirming that the estimator performs reliably at
intermediate locations along the structure. Higher NRMSE values appeared at sensor M 22 and M 25, 10.285% and 4.831%,
respectively. However, these locations are not the main analysis goal, and even at sensor M 22, the NRMSE remains within
an acceptable range. Therefore, the estimation accuracy can still be considered satisfactory across the structure. The NRMSE
value between measured and estimated responses at sensor M 24 was essentially negligible, which is expected since M 24

was used as the observation measurement in the KF.

NRMSE = (34)

Conclusions

This work presented the application of virtual sensing techniques on a notched aluminum beam subjected to base excitation.
The acceleration measured on the fixture was taken as the input base excitation, together with five acceleration responses
measured on the beam. A KF was then employed to estimate the responses at unmeasured locations from a single sensor
observation.

From the results presented on Table 2, it is clear that estimation accuracy varies slightly across the beam. The KF was
tuned to achieve the best estimation with the smallest NRMSE value at sensor M21. This criteria was chosen due to the
proximity of sensor M 21 to the notch of the beam, which can be defined as a zone prone to damages in the studied structure.

Overall, these findings demonstrate that the KF can accurately reconstruct the dynamic response of a beam subjected
to a base excitation using limited measurements. Although this study considered a single “best-case” scenario using only
one observation, it demonstrates that high estimation accuracy can still be achieved on the other location. Future work will
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focus on optimal sensor placement strategies, the application of virtual sensing under multi-directional excitation to predict
full-field responses of mechanical systems, and the use of this approach for real-time monitoring and structural damage
detection.
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