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Abstract
The identification of external loads acting on a mechanical system represents a challenging target for many
applications. The knowledge of these forces in operational conditions represents a potential benefit for dur-
ability and NVH assessments. In this paper, two indirect load identification strategies are presented: i) a
time-domain TPA approach based on matrix inversion, and ii) a Kalman approach combining operational
measurement data with a system FE model. These two approaches are investigated on a complex twistbeam
rear suspension application. The potential of the two techniques for multiple input/state estimation is dis-
cussed together with implementation hurdles that need to be overcome for both approaches. A measurement
campaign on the twistbeam was performed by acquiring strain responses together with force measurements
for validation purposes.

1 Introduction

The identification of loads acting on a mechanical component together with the estimation of full-field re-
sponses during its operational life is very active topic of research in structural dynamic applications. The
input loads are often difficult to measure directly since dedicated sensors can be expensive, intrusive and
can rarely be equipped during the operational life of the system. Within the last decades, inverse load iden-
tification strategies have been researched and developed to deal with these issues. Experimental-based and
model-based techniques are available in literature. An experimental-based approach commonly used for
industrial scale applications is the Transfer Path Analysis (TPA) Matrix Inversion (MI) [1,4]. The purely ex-
perimental nature of TPA MI and the low computational cost represents great advantages over other available
inverse identification methods. However, several disadvantages might limit its usability. It results easily in
ill-conditioned problems and leads to some erroneous estimation especially when stiffer load directions have
to be estimated [2]. To guarantee the over-determination of the inversion, a large set of sensors is needed and
thus big effort is required for the acquisition of a large amount of data. In the last years, some model-based
approaches are developed by combining experimental and numerical data to improve the results. Estimators
such as Kalman Filters have been used to approach the inverse load identification problem [5, 8], where the
link between responses and loads is defined by the numerical model. The load estimation problem can be
solved using a joint state-input estimation algorithm, giving the possibility to estimate full-field e.g. displace-
ments, strains, accelerations concurrently with the unknown loads. An efficient algorithm is the Augmented
Kalman Filter (AKF) [6] that was recently applied to structural dynamics [9, 11].
Within the present work, a comparison between the experimental-based TPA MI and the model-based AKF
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is proposed to solve the load identification problem on an industrial test case, such as a rear twistbeam sus-
pension [12]. The Optimal Sensor Placement (OSP) strategy, developed in [13], is adopted in this work to
select the sensors location for a successful application of the AKF algorithm. The full-field strain estimation
is also analyzed.
The paper is structured as follows: a theory section about TPA Matrix Inversion approach is proposed in
Sec. 2, followed by the derivation of Augmented Kalman Filter algorithm applied on a dynamic system.
After the description of the analyzed structure in Sec. 3, the comparison of loads and strain field estimation
through both techniques is shown. Finally, in Sec. 4, conclusions and future development are discussed.

2 Theoretical Background

2.1 TPA Matrix Inversion

Transfer Path Analysis (TPA) is an experimental technique aimed to identify vibro-acoustic transfer paths.
The external loads acting on a system are obtained by solving an inverse problem. In the analyzed system,
the active i.e. source and passive i.e. receiver parts are defined. The energy is generated by the active part and
transferred to the passive part through physical connections. One common example is a mechanical system
as a car or an aircraft in which the engine represents the source of energy and it can be identified as active
part. The main strong advantage of TPA is that it allows engineers perform simulation using only test data.
Two main ways are available for TPA load identification: Mount Stiffness and Matrix Inversion. The first
approach is adopted when active and passive parts are connected through flexible mounts. In this paper, only
Matrix Inversion (MI) is analyzed. Its formulation requires the inversion of the FRFs matrix which has to
be measured off-line, when the source is disconnected from the receiver. The so-called indicator responses
are also measured on the receiver in operational conditions and they are usually located close to the source
connection. The relationship in frequency domain between the FRFs matrix and the indicators data is the
following:

y(ω) = H(ω)f(ω) (1)

where y and f are the vector of the measured quantities (as accelerations or strains) and the vector of the
loads acting on the receiver respectively, both functions of the spectral lines ω. By inverting the FRF matrix
H and by multiplying this with the operational data y, the load identification can be performed:

f(ω) = H(ω)−1y(ω) (2)

This equation is evaluated for each frequency line. In order to minimize the ill-conditioning of the problem,
the number of responses must exceed the number of forces with a factor 2. This hence leads to the calcu-
lation of the pseudo-inverse matrix in Eq. 2. Inaccuracies in the measured FRFs data e.g. impact direction
can results in large errors on the estimated loads. It is important to include responses that can give useful
information: if, for example, two accelerations too close to each other are measured, the same transfer path
is added in the FRFs matrix and it leads to noisy results.

2.2 Augmented Kalman Filter for joint state-input estimation

In this section, an overview of the Kalman Filter (KF) applied on a dynamic system and the following
derivation of the Augmented Kalman Filter (AKF) are proposed. Lets start from the dynamic equation of
motion:

Mzz̈(t) + Czż(t) + Kzz(t) = Bzu(t) (3)

where z(t) ∈ <ndof is the Degrees of Freedom (DoF) vector (ndof number of DoFs of the model), Mz, Cz,
Kz denote the mass, damping and stiffness matrices respectively; u(t) ∈ <ni (ni number of loads) is the
input vector and Bz ∈ <ndof×ni is the Boolean input shape matrix that distributes the inputs over the DoFs
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of the system.
Considering a mechanical system, the FE numerical model is used in the filter. In order to reduce the size of
the problem and thus the computational costs needed for computing the Kalman Filter equations, a Model
Order Reduction (MOR) has to be used. As in [11, 13, 14], the following reduction basis is used:

Ψ = [Ψram Ψnm] (4)

where Ψram ∈ <ndof×nram is the residual attachment modes [15] matrix and Ψnm ∈ <ndof×nnm is the
normal modes matrix. The reduced FE model has a total of nred = nram + nnm DoFs. From the model
order reduction, the DoFs vector can be approximated as:

z ' Ψq (5)

where q ∈ <nred contains the generalized coordinates of the system.
Since the Kalman Filter formulation is based on a space-state approach, the second-order equation of motion
has to be formulated as a first-order equation. Coupling Eq. 3 (projected onto the reduction basis in Eq. 4)
with the response equation, the state-space form is written as:

{
ẋ(t) = Ax(t) + Bu(t)

y(t) = Cx(t) + Du(t)
(6)

where x = [q q̇]T defines the state vector. A, B, C, and D are real matrices. The firsts two are functions
of mass, stiffness and damping matrices [14], while C and D depend on the output response type y. The
latter defines the measurement vector containing the observed quantities. Detailed explanation on how to
build C and D in relation with acceleration, strain or position measurements is reported in [14]. If both
measurements and input are known, Eq. 6 is sufficient to define a linear Kalman Filter and a simple state
estimation (i.e. full-field response) can be performed. Since the joint state-input estimation is of interest in
this paper, the augmented state vector has to be defined as follows:

x∗ = [x u]T (7)

The dynamics of the input has also to be modeled for the augmented filter. In this work, a zeroth-order
random walk model is introduced for the input [10, 11, 13, 16]:

u̇(t) = 0 + wu(t) (8)

with wu stochastic process associated to the covariance matrix Qu.
Using a sampling time ∆t, the time-discrete formulation of Eq. 6 in an augmented form is:

{
x∗k = F ∗x∗k−1 + w∗k−1
yk = H∗x∗k + v∗k

(9)

where the symbol ∗ is assigned to indicate all the augmented quantities. Vectors w∗ and v∗ are mutually
uncorrelated Gaussian variables (process and measurement noise), not usually included in the equations of
motion. They are now introduced to take into account model and measurement uncertainties, with associated
covariance matrix Q∗ and R. Q∗ is defined as a block diagonal matrix composed by Q and Qu, that
are the covariance matrices referred to the model and input uncertainties respectively. F ∗ and G∗ are the
discretized-time and augmented form of the matrices A, B, C, D. Their formulation depends on the
discretization scheme (see [17] for more details). In this work, an exponential time integration is used [14].
The discrete-time version of the Augmented Kalman Filter can be formulated as following, by considering
the time and measurement update. The a priori x̂∗−k (without taking into account the new measurement at
time k) and a posteriori x̂∗+k augmented states are easily obtained:

INVERSE METHODS - LOAD IDENTIFICATION 2183



Time update
x̂∗−k = F ∗x̂∗+k−1
P−k = F ∗P+

k−1F
∗T + Q∗k−1

(10)

Measurement update
Kk = P−k H∗T

(
H∗P−k H∗T + Rk

)−1

x̂∗+k = x̂∗−k + Kk

(
yk −H∗x̂∗−k

)

P+
k = (I −KkH

∗)P−k

(11)

The estimator is designed to be optimal in the sense that it minimizes the trace of the error covariance Pk,
which is defined as:

Pk = E
[
(x∗k − x̂∗k) (x∗k − x̂∗k)T

]
(12)

In order to have a stable estimator, the augmented system in Eq. 9 has to be observable. The requirements
for guaranteeing the observability of a structural system can be summarized as following [8, 9]:

• the number of DoFs of the reduced model has to be equal or greater than the number of external loads
to be estimated: nred ≥ nf ;

• the number of position/strain measurements has to be greater than the number of external loads to be
estimated: ny ≥ nf ;

• in the case of full position measurement the AKF leads to a fully observable system and to a stable
estimator. Performing only acceleration measurements will typically not lead to a stable AKF for
structural systems.

In the following section, the Optimal Sensor Placement (OSP) criterion [13] is briefly described. It aims to
select the optimal number, type and location of sensors for the loads identification, satisfying the observab-
ility requirement of the system.

2.2.1 OSP: theory and experimental validation

Experimental applications for inverse load identification often use to locate the sensors close to the inter-
ested input area or, more in general, in the areas that are more sensitive to the external excitation. This
selection criterion is adopted for TPA MI identification analysis. The safety of the sensors is lower if they
are installed in the loaded area. How to locate sensors is an open question also for numerical reasons, since
inverse load identification methods results often in ill-conditioned and ill-posed problems. In [5], an Optimal
Sensor Placement (OSP) strategy is developed to deal with these issues for Kalman-based load identifica-
tion, by allowing a smart selection of optimal type, number and sensors location. Five steps are identified
and schematically shown in Fig. 1:

• Pool of sensors: First large random selection of position/strain/acceleration over all the FE model.
Choosing sensors located on all available nodes and elements is the optimal way, but a subset has to
be selected for reducing the computational cost.

• Training scenarios: The FE model is simulated under loads with different direction, amplitude and
frequencies. The excitation is applied on the known input location of the external loads to identify.

• Coarse screening: From the previous step, a data set of position/strain/acceleration responses is col-
lected. This step removes all the sensors with lowest contribution for each training scenario. A second
screening removes selected sensors too close to each other.
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Figure 1: Optimal Sensor Placement strategy

• Merge sensors and scaling: All the measurements identify the C matrix of the state-space system.
The rows of the matrix is scaled so that the following step doesn’t take into account different type of
sensors.

• Observability screening: a loop is performed by selecting the sensors with main contribution to force
identification. The observability is quantified as follows [13]:

Om =
1

ni · cond(PBH(0))
(13)

where ni is the number of loads to estimate and PBH is the observability matrix. The latter matrix
is evaluated at 0Hz since that is the frequency related to the random walk eigenvector.

Some numerical results in [5] show the performance of this strategy. The experimental validation is proposed
in [18] on the same twistbeam setup and it is used in this paper for the application of AKF.

3 Experimental investigation of a twistbeam rear suspension

The structure under investigation is a twistbeam rear suspension shown in Fig. 2. The physical setup in the
picture consists of the twistbeam mounted on an ad-hoc built setup excited with a 6DoFs hydraulic shaker.
The latter is a unique piece of equipment that allows to retain full control on the desired excitation spectrum
up to high frequency (around 200Hz) and in 6 directions independently. All the following analysis are related
to the setup shown in Fig. 2, consisting in clamped bushings and one clamped tyre. The right side tyre is
in free condition and it is excited by the shaker. This setup is indicated in the following as operational
configuration. A force cell is also used to collect experimental load data for validating the estimated results.
Accelerometers and strain gages are installed all over the structure. The advantages of the presented methods
are defined starting from the effort needed for instrumentation and measurement campaign, followed by the
data-processing. In the following, these two tasks aimed to load identification are separately described for
TPA MI and AKF. In the proposed analysis of this paper, only strain measurements are taken into account.

TPA Matrix Inversion

The MI load identification of Eq. 2 needs the knowledge of the full FRFs matrix and the indicator responses.
The greater effort during the measurement campaign resides in the FRFs measurements. Firstly, active and
passive parts have to be defined. In the operational configuration of Fig. 2, they can be easily identified by
the twistbeam and the shaker respectively. The frequency domain data has to be acquired off-line, when the
source is disconnected from the receiver. The excitation point is identified at the corresponding connection
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Figure 2: Twistbeam rear suspension setup - operational configuration

point of the source on the passive side, which is located at the free tyre. The point where the structure is
excited is the one where the external loads are estimated in operational conditions. The main assumption that
was made before performing FRFs data acquisition resides in the fact that transmission between the active
and the passive part in off-line mode through the clamping supports of the twistbeam is negligible. This is
a reasonable assumption because the clamping system is sufficiently isolated from the shaker. The Fig. 3a
shows the loaded section of the tyre, where a plate is bolted: the loads are identified at the central point.
Two sets of loads are acting on the tyre, identifiable in 3 forces and 3 torques in each direction. For effects
overlapping, a general output response can be written as:

y = yf + yt (14)

where f and t are force and torque indices. As consequence, the full FRF matrix has the size [ny×(nf +nt)].
The disadvantage of the TPA MI method is thus that all forces acting in the interested input point need to be
analyzed simultaneously, because all of them may cause motion and deformation throughout the structure.
Even if the analyst could be interested in estimating only one force direction or more in general a subset of
all 6 loads, the knowledge of the full FRFs matrix is still needed. Indeed Eq. 2 can be rewritten in a general
form as:

fu(ω) = Hu(ω)+ (y(ω)−Hk(ω)fk(ω)) (15)

where the indices k and u are referred to known and unknown loads respectively. In this contribution, all the
loads are estimated. Consequently Hk(ω) is an empty matrix and Eq. 15 reverts into Eq. 2.
In order to collect a dataset of force and torque FRFs, a data reduction at the central point of the tyre section
is needed. Four points are excited by a shaker in three directions, as shown in Fig. 3b (four aluminum
blocks). Thus a total number of [ny × 12] FRFs are acquired and then reduced on the central point to obtain
a matrix with size [ny × 6]. The map of indicators is described later together with the ones used for AKF.
The sensors are located both close to and far from the load area. This choice aims to verify which area is
more sensitive in a clamped configuration of the system subject to the external excitation. The strain-based
TPA MI is performed and compared against the results of AKF.
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(a) (b)

Figure 3: Free tyre which is subject to the external excitation

Augmented Kalman Filter

The adopted Kalman-based strategy needs the knowledge of a well validated FE model. In this paper, a
linear model is used. A first validation was performed in free-free conditions, as reported in Ref. [12]. The
operational configuration needs further validation that take into account the contribution of the two bushings.
Under these boundary conditions, the following measures were recorded respectively for static and dynamic
validation:

• 30 and 80 N (static load) along z direction at the free tyre

• FRFs measurements along the three directions, with input excitation at the free tyre (same dataset
acquired for TPA)

The results of dynamic validation are shown in Fig. 4: the second mode represents the first mode of the
torsional bar and it is not matched since no accelerometers were located in that area. Good validation can be
reached till 60Hz. This four modes are included in the reduced space Ψnm of Eq.4.

Exp. [Hz] FEM [Hz] |Err| %
1 10.1 10.7 5.9
2 50.1 48.7 2.8
3 57.8 59.1 2.2
4 60.5 60.9 0.6

Figure 4: MAC representation and natural frequencies comparison between experimental and FEM normal modes in
the frequency range [0-60]Hz - operational configuration
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The static validation requires matching between measured strain and FE model information. It is particularly
challanging to match the exact location and direction of a strain gage and locate it on a finite element model.
This issue has particular relevance for strain measurements that are located in areas with high stress gradi-
ent. After the instrumentation phase, the location and measurement direction of each sensor were acquired
through the use of an optical device AICON ProCam camera [19]. This system comprises an active mobile
probe with a high resolution camera. Thanks to this data acquisition, a sensors map of the experimental setup
is available. Overlap the obtained map on the FE model is not a straightforward task. A common issue is the
not exact geometry representation of the model, combined to the inaccuracies of the camera device. For this
end, an optimal procedure for finding the exact location of the used sensors on the FE model was developed
in [18] and briefly reported in the following. The results reached from this selection criterion are very useful
for the application of a successful Kalman-based strategy.

Looking at the Fig.5, the following steps are performed in the optimization procedure:

Figure 5: Optimization steps for matching measured and simulated strain

1. Starting from the location (red) identified by ProCam camera, it is possible to define an area of uncer-
tainties (yellow) where the sensor could really take place. The size of the area is defined considering:
geometry of the model and ProCam errors

2. Evaluation of strain value of each element in the considered grid: local rotation of strain quantities is
needed on each element. Find the element that minimize the error between numerical and experimental
data

3. If rosettes are considered, another step is needed: a new uncertainty area (green) is defined around the
optimal location (orange) found by the previous steps (for one of the two measured directions). This
area is smaller because takes into account only the size of the rosetta. The same previous steps can be
performed on the green area for the remaining direction

The application of the proposed method needs to start from the knowledge of a strain dataset corresponding
to a certain load case. Before performing the load identification through AKF, this preliminary step is hence
introduced for a static load case.

3.1 Inverse load identification and full-field estimation: TPA MI vs AKF

In order to compare TPA MI and AKF, the operational data reported in Tab. 1, were collected under sine and
pseudo-random excitations, covering a range of frequency up to 50Hz. A coupled state-input estimation is
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Run Type Freq. [Hz] Amplitude [mm]
1 sine 1 5
2 pseudo-random 5-50 30

Table 1: Excitation of operational data

performed for Kalman-based strategy and 12 optimal sensors selected in [18] are used for the estimation of 6
loads. It is worth to note that, even if the minimum requirement for the system observability is ny = nf , more
measurements are needed for a good estimation to balance the inaccuracies occurring when experimental data
are used, e.g. inaccuracies in the measurement data itself and in the matching on the FE model. The number
of needed measurements is however case dependent. In [18], 18 sensors are proved to be the minimum
number needed to obtain the best possible estimation through TPA MI. The sensors are distributed at the
load and clamp area respectively, as shown in Fig. 6. Two analysis are proposed in the following:

Figure 6: Location of selected sensors for load identification. KF: 12 optimal between 38 available sensors. TPA: all
(18) available sensors.

1. Load identification: the estimation for run 1 and 2 are respectively reported in Fig. 7/8 and Fig. 9/10
(frame of reference shown in Fig. 2) both in time and frequency domain. In order to evaluate the quality
of the estimation, the results are compared with the measured loads. Main attention is paid to the loads
Y and Z that are referred to the stiffer and the more flexible directions respectively. In Fig. 7 and Fig. 9,
a loss of accuracy occurs on the load Z estimated through TPA MI. A first explanation lies in the quality
of the measured FRFs used for MI. Before applying the method, a correction of each strain FRFs at
low frequencies had to be performed, since issues about noise, bridge settings and temperature drift
occur on the static value. If the problem concerns a wide number of FRFs involved in the computation
of the matrix inversion, a loss of accuracy can occur on the estimation. On the other hand, issues about
quality of the measured FRFs occur also in high frequency range, where giving good excitation to the
structure is always a challenging task. This observation is reflected on the results shown in Fig. 9/10,
that are referred to pseudo-random excitation (run 2). Loss of accuracy occurs in the frequency range
of interest for TPA MI estimation, with the exception of load X and torque Y. The direction of the
stinger of the shaker used for FRFs acquisition is also a source of influence for the estimation.
Regarding the performance of AKF, the results show the same trend of estimation from run 1 to run 2,
even if worse prediction is given for load Z in Fig. 9. Looking at all the frequency range, some loss in
accuracy is present also for AKF by increasing the frequency. The explanation resides in the dynamic
validation of the model, that means the load prediction is also affected by model errors.
The accuracy of the estimation of load Y needs further explanation since it regards the stiffer direction
of the twistbeam, identified by the axial direction. The load Y results indeed in a wrong estimation
from both techniques. The reason resides in the stiffness of the structure along Y direction which
is definitely the stiffer one i.e. axial direction. The wrong order of magnitude estimated from TPA
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is given by the ill-conditioning problem caused by the different stiffness distribution of the structure
along the different directions of estimation. Indeed, applying a static load to the input location of the
FE model along Y direction results in a much lower deformation as compared to the same static load
applied along Z or X directions. Defining the static stiffness K for each direction as the ratio between
the amplitude of the load and the displacement evaluated at the same input point, it results in large
ratios Ky/Kz and Ky/Ky. That is directly translated into an ill-conditioned inverse problem. An
improvement is obtained from AKF: it has to be noticed that in the model-based inverse problems,
the only link between the estimated forces and the responses is the model itself. Contrarily, the link
for TPA is given by measured FRFs which results in the issues mentioned above. Simultaneously
estimation of 6 loads can be hence considered acceptable through AKF, both for run 1 and 2. Some
parameters of the filter had to be set for the shown analysis. The initial state of the system was assumed
to be known and equal to zero, that means P0 is set to be zero. The block-diagonal covariance matrix
Q∗ was chosen by considering that the higher source of uncertainty in the model is given by the
unknown input, such that Qu >> Q. The matrix Q is thus set to zero, as the extra-diagonal terms of
Qu. The diagonal matrix R assumes the values of the covariance associated to each measurement. A
noise acquisition data was performed during the test campaign for this purpose.

Figure 7: Run 1. Time histories of estimated loads. Comparison between AKF (12 optimal sensors), TPA MI (18
sensors) and measured data by load cell.

2. Full-field strain estimation: since coupled state-input estimation is performed, a coupled experi-
mental and FE model approach is also proposed for TPA MI to compare the strain field estimation.
That means the response of the FE model is simulated under the loads which are estimated by TPA
MI. The strain comparison between AKF and TPA MI is shown in Fig. 11. The marked points in the
picture are to indicate which sensors are used for both estimations. Even if Fig. 7 shows significant
inaccuracies in the estimation of load Z through TPA MI, the strain estimation in Fig. 11 shows an
accurate trend in according with the measured strain field. High RMSE values are instead obtained for
the strain field of run 2 in Fig. 11 through TPA MI. Little discrepancies in the load estimation can result
in high error on the FE simulation, since the model itself is well validated at relatively low frequen-
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Figure 8: Run 1. Frequency content of estimated torques. Comparison between AKF (12 optimal sensors), TPA MI
(18 sensors) and measured data by load cell.

Figure 9: Run 2. Time histories (zoom) of estimated loads. Comparison between AKF (12 optimal sensors), TPA MI
(18 sensors) and measured data by load cell.
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Figure 10: Run1. Frequency content of estimated torques. Comparison between AKF (12 optimal sensors), TPA MI
(18 sensors) and measured data by load cell.

cies. The optimal but not exact position of the sensors on the FE model, where the strain responses
are evaluated, has also high influence on the lost in accuracy on the strain estimation for run 2. Even
if the location of the sensors is not exact or other inaccuracies in the model occur, better estimation
is possible trough AKF because of the nature of the filter itself which can tune the model to match
the measured data. The covariance matrix Q∗ and R plays a significant rule in the joint state/input
estimation through AKF. As mentioned before, the higher source of uncertainty in the model is given
by the unknown input and it is considered in the Q∗ matrix, such that Qu >> Q. The effect of
Q∗ on the estimation can be then understood comparing its value with the one assumed by R, which
represents the response uncertainties. Since Qu >> R, the model is considered to be less reliable
and consequently the estimated response field follows the measured data. In Fig. 12, the quality of
the estimation proposed in Fig. 11 is better quantified by showing the time-histories of strains Ind.
Channel n. 38 and 29 related to both run 1 and 2.

4 Concluding remarks and future developments

Two strategies are compared in the paper regarding the problem of inverse load identification. A Kalman-
based strategy and TPA Matrix Inversion techniques are proposed and applied on a real industrial case to
identify the advantages with respect to the effort needed for the setup preparation, for the data-processing
and the quality of the estimation. A setup of a rear twistbeam suspension is investigated by simulating the
structure under different excitation scenarios. The results showed that better load estimation can be obtained
through Augmented Kalman Filter. Less sensors are needed against the application of the Matrix Inversion
technique. The effort needed for both applications is detailed compared starting by measurement acquisitions
and data-processing. These preliminary analysis led to the conclusions that both proposed techniques need
high effort in FRFs acquisition and FE modelling issues for TPA MI and Kalman Filter respectively. The
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Figure 11: Left: run 1, amplitude value of strain. Right: run 6, RMS value of time histories. Comparison between
AKF (12 optimal sensors), TPA MI (18 sensors) estimated strain and measured data.

Figure 12: Run 1 (left) and run 2 (right). Time histories of two strains: comparison between AKF (12 optimal sensors),
TPA MI (18 sensors) estimated strain and measured data.

quality of strain field (state) estimation over the structure is also tested through the knowledge of the FE
model. The analysis showed that inaccuracies of the model combined with the ones of the estimated loads
can lead to high errors in the state estimation. That is overcame through the application of a Kalman strategy
which can tune the model finding a right compromise between load and state estimation. Future investigation
aims to evaluate the improvement of the results combining strains and accelerations data. External excitation
scenarios with different frequencies and amplitudes will be also explored in order to evaluate the consistency
of the results.

INVERSE METHODS - LOAD IDENTIFICATION 2193



Acknowledgements

The authors acknowledge the VLAIO (Flemish Innovation & Entrepreneurship) through the Innovation man-
date IWT project VIRTUAL MATES (nr. 140778).

References

[1] Peter Gajdatsy Advanced Transfer Path Analysis Methods, PhD Dissertation, Katholieke Univeristeit
Leuven, 2011

[2] P. Mas, P. Sas, and K. Wyckaert Indirect force identification based on impedance matrix inversion: a
study on statistical and deterministic accuracy, Proceedings of 19th International Seminar on Modal
Analysis, pp. 1049–1065, 1994

[3] J. Starkey, G. Merril On the ill-conditioned nature of indirect force measurement techniques, IJAEMA,
Vol. 4, No. 3, (1989) 103–108

[4] P. Gajdatsy, K. Janssens, W. Desmet, H. Van Der Auweraer Application of the transmissibility concept
in transfer path analysis, Mechanical Systems and Signal Processing, 24(7), 1963-1976

[5] R. E. Kalman, A new approach to linear filtering and prediction problems, Journal of Basic Engineering,
82(1):35-45 (1960).

[6] D. Simon, Optimal state estimation: Kalman, H∞ and nonlinear approaches, John Wiley, New York,
2006

[7] M. I. Ribeiro, Kalman and extended kalman filters: Concept, derivation and properties, Institute for
Systems and Robotics, 43 (2004)

[8] K. Maes, Filtering techniques for force identification and response estimation in structural dynamics,
PhD Dissertation, Katholieke Univeristeit Leuven (2016)

[9] F. Naets, J. Cuadrado, W. Desmet Stable force identification in structural dynamics using Kalman filter-
ing and dummy-measurements, Mechanical Systems and Signal Processing, 50-51:235-248 (2015).

[10] E. Lourens, E. Reynders, G. De Roeck, G. Degrande, G. Lombaert An augmented Kalman filter for
force identification in structural dynamics, Mechanical Systems and Signal Processing, 27:446-460
(2012).

[11] E. Risaliti, J. Van Cauteren, T. Tamarozzi, B. Cornelis, W. Desmet, Virtual sensing of wheel center
forces by means of a linear state estimator, in: Proceedings of International Conference on Noise and
Vibration Engineering, ISMA 2016, Leuven, Belgium.

[12] F. Cosco, F. Naets, W. Desmet Use of concept modelling for online input force estimation, International
Conference on Noise and Vibration Engineering (ISMA2014).

[13] T. Tamarozzi, E. Risaliti, W. Rottiers, K. Janssens, W. Desmet Noise, ill-conditioning and sensor place-
ment analysis for force estimation through virtual sensing, International Conference on Noise and Vi-
bration Engineering, ISMA 2016, (pp. 1741-1756).

[14] E. Risaliti, B. Cornelis, T. Tamarozzi, W. Desmet A State-Input Estimation Approach for Force Identific-
ation on an Automotive Suspension Component, Conference Proceedings of the Society for Experimental
Mechanics Series, vol.3 IMAC-XXXIV (Orlando Florida USA, 2016).

2194 PROCEEDINGS OF ISMA2018 AND USD2018



[15] Roy R. Craig, Jr. A review of time-domain and frequency-domain component mode synthesis method,
Journal of Modal Analysis 2, 2(2):59-72 (1987).

[16] F. Naets, J. Croes, W. Desmet An online coupled state/input/parameter estimation approach for struc-
tural dynamics, Computer Methods in Applied Mechanics and Engineering, 283:1167-1188 (2015)

[17] C. F. Van Loan, Computing integrals involving the matrix exponential, IEEE Transactions on Automatic
Control, (1987) 23(3):395-404.

[18] R. Cumbo, T. Tamarozzi, J. Janssens, W. Desmet, Kalman-based load identification and full-field estim-
ation analysis on industrial test case, Submitted to Mechanical Systems and Signal Processing Journal
(May, 2018).

[19] AICON 3D System, Procam, http://aicon3d.com/products/vehicle-testing/procam, 2018.

INVERSE METHODS - LOAD IDENTIFICATION 2195



2196 PROCEEDINGS OF ISMA2018 AND USD2018


