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In the rapidly evolving automotive engineering NVH design, Virtual Prototype Assembly (VPA) has 

emerged as an innovative technology over the past decade. This approach allows engineers to perform full-

vehicle NVH predictions early in the development process by integrating individual component models, 

which are derived either from test bench measurements or advanced numerical simulations. VPA is based 

on advanced methodologies such as component-based Transfer Path Analysis (TPA) and substructuring 

techniques, which together represent its predictive capabilities. 

In order to increase accuracy and efficiency in the vehicle NVH performance prediction, several 

methodological innovations have been explored in the recent years. An important step forward is 

represented by the AutoCMX, a methodology that ensures automatic, repeatable, accurate, and highly 

efficient characterization of invariant load measurements. This breakthrough significantly increases the 

reliability and consistency of source component data, leading to reliable VPA models. Another innovation 

consists of extending the validity of experimentally identified mount stiffness curves toward higher 

frequency ranges, thereby providing a more complete and accurate representation of the rubber isolators 

component behavior. Finally, the development of real-time capable VPA models represents a clear leap 

forward, allowing instantaneous full-vehicle predictions directly from source components tested on test 

rigs. 

This paper offers a comprehensive overview of the recent technological innovations showcasing the results 

achieved in various experimental case studies. The paper aims to demonstrate how VPA continues to 

evolve, providing advanced tools for optimizing vehicle NVH performance in the modern automotive 

industry.  

1 Introduction 

The transition toward the electrified mobility, the reduced availability of physical prototypes, the shortening of the 

development cycle together with the rise in complexity and number of variants brought by the vehicle modular platforms 

have increased the challenges for the vehicle noise and vibration (NVH) engineers. Industrial automakers are facing the 

needs to increase the efficiency and lower the costs of their vehicle development programs while meeting the vehicle 

performance targets. A major challenge in the automotive industry is to develop advanced techniques capable of 

predicting the noise contribution of components early in the development process. To avoid costly and time-consuming 

design iterations, OEMs are looking for technologies that enable target assembly noise predictions from individual 

component models that are derived from simulation or test bench measurements. 

For this purpose, the Virtual Prototype Assembly (VPA) technology makes the NVH prediction accessible in every stage 

of the vehicle development cycle, allowing engineers to create or assemble vehicles in a virtual environment from separate 

modular component models either obtained from test and/or simulation and assess the interior and exterior NVH 
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performance. Component-based TPA is the underlying methodology specifically tailored for this type of analysis. Over 

the past decade, component-based TPA has rapidly gained importance among the automotive and other industries as a 

powerful methodology to virtually combine components into new assemblies, predict their noise and vibration 

performance and evaluate component modification scenarios. This methodology enables quick assessment of many design 

variants and allows early detection of potential noise issues at the early design stage [1],[2],[3]. Furthermore, it can also 

be used for design parameter variations, sensitivity analyses, as well as for virtually interchanging sub-models (what-if 

analysis), and in general for component optimization. 

The VPA technology has proven to yield accurate NVH predictions, especially for road noise applications [4],[5]. To 

further increase the accuracy and efficiency of the predicted vehicle NVH performance, particularly for e-vehicles, several 

methodological innovations have been explored in the recent years. These are going to be presented in the following 

paragraphs. 

2 The VPA technology 

Virtual Prototype Assembly (VPA) enables the creation of virtual prototypes to assess the noise and vibration target 

performance and set more realistic sub-system design targets early in the product development phases. This solution is 

designed to support experimental or numerical data and combine them in a modular environment. The underlying 

methodology on which the VPA is built upon, is the component-based TPA. Component-based TPA is a relatively new 

technique that allows the users to characterize a source component, independently of the receiver structure, by a set of 

invariant loads (blocked forces or free velocities) and to predict its behaviour when coupled with different receivers. A 

schematic overview of the VPA assembly is presented in Figure 1 for a generic vehicle application case. 

                    

Figure 1: Example of a VPA assembly in which separate components are integrated to create a virtual vehicle prototype. (right) 

Schematic description of a system assembly composed of a source and a receiver rigidly connected. 

Component-based TPA consists of two steps: i) an invariant load identification step aiming to characterize the source 

excitation by a set of forces which are an inherent property of the active component and independent of any receiving 

structure, these forces can be measured directly from test rig experiments or using an indirect inverse load identification 

known as in-situ characterization; ii) a full-vehicle prediction of the NVH performances using full-vehicle FRFs. These 

FRFs can be derived from simulation models, directly measured, or obtained using dynamic substructuring techniques 

combining simulation and experimental component models [2]. Let us assume a system assembly composed of two 

components: a source A and a receiver B, as schematically shown in Figure 1. The blocked forces 𝑓𝑏𝑙,2 of the source A 

identified at the interface connections between the two components can be calculated in-situ using eq. 1 when installed 

on a test bench, where 𝐻𝑗2
𝐴𝐵  is the frequency response function matrix of the coupled system obtained between the source 

connections and a set of accelerations response points aj located in the receiver B [6]. 

𝑓𝑏𝑙,2 =  (𝐻𝑗2
𝐴𝐵)−1 𝑎𝑗                                                                       (1) 

In a next step, the identified invariant quantities, combined with the coupled FRFs of a full-assembly, allow predicting 

the total NVH contribution at the target in a virtual manner without the need to physically integrate the components 

subassembly. Dynamic substructuring is used to calculate the FRFs of the coupled setup starting from the FRFs of the 

uncoupled source and receivers which are experimentally measured or obtained from numerical models. In case 

components A and B are rigidly coupled into the assembly AB, the FRFs of the coupled structure can be calculated by 

using the dual assembly formulation / Lagrange Multiplier FBS in eq. 2 [7]: 

𝐻𝐴𝐵 = [

𝐻11
𝐴 𝐻12

𝐴 0

𝐻21
𝐴 𝐻22

𝐴 0

0 0 𝐻44
𝐵

] − [

𝐻12
𝐴

𝐻22
𝐴

−𝐻43
𝐵

] (𝐻22
𝐴 + 𝐻33

𝐵 )−1 [

𝐻21
𝐴

𝐻22
𝐴

−𝐻34
𝐵

]

𝑇

                                                                 (2) 

Considering the FBS equation combined with Equation 1, any response at the target location T in the receiver structure 

can be predicted using the blocked forces identified at the interface connections, as shown in Eq. 3: 

𝑎𝑇 =  𝐻𝑇3
𝐵  (𝐻22

𝐴 + 𝐻33
𝐵 )−1 𝐻22

𝐴  𝑓𝑏𝑙,2   ,   𝑎𝑇 = 𝐻𝑇2
𝐴𝐵 𝑓𝑏𝑙,2                                                     (3) 
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The equations presented above valid for rigidly connected components. In case soft mount isolators are present the eq. 3 

can be rewritten as the eq. 4, where K ∈ ℂ 6×6 represents the mount dynamic stiffness matrix between the connected 

degrees of freedom (DoF). 

𝑎𝑇 =  𝐻𝑇3
𝐵  (𝐻22

𝐴 + 𝐻33
𝐵 + 𝐾−1)−1 𝐻22

𝐴  𝑓𝑏𝑙,2                                                                         (4) 

3 Automated component model extraction (AutoCMX) 

The previously described in-situ TPA blocked force method provides an effective approach for component-level source 

characterization. However, due to the considerable time and effort required for data acquisition and post-processing, this 

approach has traditionally been applied primarily in one-off or exploratory studies. When transferring this methodology 

into an industrial product-development environment, automation becomes essential for ensuring consistency and 

repeatability of the measurements across different locations. To enable the widespread adoption of blocked forces 

methodologies in product development and to support collaboration with suppliers and OEMs as well as target setting, 

the Automated component model extraction (AutoCMX) framework has been developed and patented in collaboration 

with Bosch. 

 

3.1 Description of the setup 

AutoCMX enables fully automated in-situ TPA blocked force measurements using a self-measuring testrig. Figure 2 

illustrates an example of an electric power steering gear that is connected through three contact interfaces to the self-

measuring testrig. At each contact interface point, a rigid adapter is positioned between the steering gear and the receiver 

structure. These rigid fixtures support a set of permanently attached shakers and accelerometers, while additional indicator 

and target sensors are mounted further downstream on the receiver structure. The rigid fixture assures a geometric exact 

virtual point transformation of the shaker excitation into the connection points. All shakers and accelerometers are pre-

instrumented and remain in fixed positions throughout the measurement process. With all instrumentation located on the 

fixture side, no sensors or actuators are required on the tested source component itself avoiding any potential modification 

of the source component. Replacing a power steering unit is straightforward; simply unbolt the previously tested part and 

attach the next one for high throughput. Note that the test bench design itself requires careful consideration. The receiver 

testrig provides sufficient stiffness to prevent noticeable deflection during source operation, particularly under external 

loading, while still allowing vibration transmission to the indicator points. This ensures that vibration levels from the 

steering system remain measurable above the sensor noise floor, even at low operating speeds.  

      
Figure 2 - CAD model of a self-measuring fixture used for steering gear source characterization at three mounting interfaces, 

right figure, schematic overview of the system 

In the test setup, the shakers are connected sequentially to the control box, amplifier, frontend, ethernet switch, and finally 

to the computer (see Figure 2). This configuration enables in-situ TPA blocked force measurements by acquiring the 

indicator FRFs through sequentially activating individual shakers and then capturing the operational data in the following 

step. For ease of demonstration, the operational response data have been acquired using an external shaker acting as an 

internal force in the steering system, as will be explained in the next paragraph. 

3.2 From blocked forces to target prediction 

To demonstrate prediction accuracy, artificial excitation is used in place of the operated steering system, to represent an 

active source component. Although the prediction can also be performed using operational steering data, the artificial 

excitation ensures high reproducibility and eliminates uncertainties related to steering operation, including tie-rod force 

variability and differences in steering speed between bench tests and vehicle validation. Therefore, a miniature shaker is 

placed on the steering gear during both test bench and in-vehicle measurements to excite the structure with a broadband 

signal in the frequency range between 55 Hz and 5500 Hz. Interior noise and vehicle vibrations are predicted by combining 
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the measured blocked forces with the coupled transfer functions, see Equations (3) and (4). The blocked forces, 𝑓𝑏𝑙,2, 

obtained from the AutoCMX test bench, capture the invariant dynamics of the active source component.  

     
Figure 3 - source-side artificial excitation applied directly to the steering gear. The same artificial excitation is 

reproduced in-vehicle as a reference for the noise prediction. Right picture shows predicted (green) versus measured (red) 
results for interior noise, predictions are based on blocked forces measurements from artificial excitation of a steering system 

In the following, the target DOF are located at a target sound pressure response. The coupled transfer functions, 𝐻𝑇2
𝐴𝐵, are 

measured in-vehicle with the power steering installed. Interior noise target prediction at the driver’s ear position (T) is 

predicted via right-multiplication of the respective transfer function matrices with the blocked force vector.  

Figures 3 present the described in-vehicle prediction results compared with actual vehicle measurements. Predicted and 

measured interior noise at the driver’s ear exhibit excellent overall agreement. Minor differences observed in the graphs 

arise from the use of an experimental in-vehicle transfer function model. Deriving high-fidelity transfer function models 

is inherently challenging, as it requires capturing all six degrees of freedom at each mount across a broad frequency range; 

a practical difficulty in real vehicle measurements.  

4 Mount stiffness identification 

Mount characterization refers to estimating the dynamic mount stiffness matrix for a pre-determined frequency range of 

interest. The most used approach is the inverse substructuring, which enables to compute the mount stiffness indirectly 

from measured coupled FRF data [8]. Often, a setup with fixtures on each side of the mount is used for this purpose, 

depicted in Fig. 3. The fixtures are designed to facilitate excitation and response measurements, ensuring proper excitation 

and observation of all six degrees of freedom [9]. Both excitations and responses are geometrically reduced into two 

collocated virtual points, VP1 and VP2.  

 

Figure 4: Schematic of a measurement setup for mount stiffness characterization, with two virtual points and their associated 

excitation and response DoF. 

In general, the mount stiffness matrix Z ∈ ℂ12×12  is defined per frequency f (or pulsation ω= 2πf), as presented in eq. 5, 

where for simplicity the frequency dependency is omitted. It describes a linear relation between the reduced force vectors 

m1,m2
 ∈ ℂ 6×1 acting on both virtual points and the corresponding reduced displacement vectors q1,q2 ∈ ℂ 6×1. 

𝑚𝑘 = 𝑍 𝑞𝑘;                [
𝑚1

𝑚2
] = [

𝑍11 𝑍12

𝑍21 𝑍22
] [

𝑞1

𝑞2
]                                                        (5) 

𝑞𝑘 = 𝑅𝑢,𝑘
† 𝑢𝑘 ≜ 𝑇𝑢,𝑘𝑢𝑘;            𝑓𝑘 = (𝑅𝑓,𝑘

𝑇 )
†

𝑚𝑘 ≜ 𝑇𝑓,𝑘
𝑇 𝑚𝑘                                                 (6) 

where, m1 and m2 represent the reduced excitation, and q1 and q2 the reduced responses at the VP1 and VP2 using the 

transformation matrices presented in eq. 6. VP1 and VP2 are obtained from each mount fixture respectively using Virtual 

Point Transformation (VPT) starting from a set of measured excitations and responses located on the fixtures [10]. In 

general, eq. 5 thus defines a linearized stiffness matrix, obtained e.g. under the static pre-load corresponding to the 

assembly design, or for a grid of different pre-load and temperature values.  

Under the assumption of negligible mass and no cross-coupling [9], conservation of force can be assumed, i.e. m1 = −m2. 

Therefore, one can conclude that: 

Z11 = −Z21 ;   Z22 = −Z12                                                                          (7) 

This assumption is valid below the first internal resonance of the mount. In that frequency range, it simplifies the mount 

characterization because only the transfer stiffness dynamics must be identified [10]. Moreover, the transfer stiffnesses 
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(Z21 and Z12) are not affected by the eventual addition of mass, or even more complex dynamics, on either side of the 

mount [11]. 

By applying the VPT to the FRF data as in eq. 8, one obtains the projected FRF matrix Hqm ∈ ℂ 12×12. By inverting the 

latter, one may readily obtain the coupled assembly stiffness matrix ZC ∈ ℂ 12×12. Assuming acceleration-level responses, 

this is made explicit in eq. 9. The off-diagonal blocks in ZC already describe the transfer dynamics of the mount itself. 

One can obtain the mount stiffness matrix K ∈ ℂ 6×6, for the eq. 4, directly from eq. 9. 

𝐻𝑞𝑚 = [
𝐻11 𝐻12

𝐻21 𝐻22
] = 𝑇𝑢𝐻𝑢,𝑓𝑇𝑓

𝑇 = [
𝑇𝑢,1 0

0 𝑇𝑢,2
] [

𝐻𝑢1,𝑓1 𝐻𝑢1,𝑓2

𝐻𝑢2,𝑓1 𝐻𝑢2,𝑓2
] [

𝑇𝑓,1 0

0 𝑇𝑓,2
]

𝑇

                                             (8) 

𝑍𝐶 = −𝜔2𝐻𝑞𝑚
−1 =  [

𝑍11
𝐶 𝑍12

𝐶

𝑍21
𝐶 𝑍22

𝐶 ] ≈ [
−𝑍21 𝑍12

𝑍21 −𝑍12
] = [

𝐾 −𝐾
−𝐾 𝐾

]                                                             (9) 

Any error resulting from the VPT (eq. 8) is detrimental to the accuracy of the dynamic stiffness characteristics obtained 

through eq. 9. This limits the maximum frequency of identification, because of the assumption that the fixtures behave 

rigidly in the frequency range of interest. To extend the validity of the VPT towards frequencies near the first 

eigenfrequency of a fixture, one must add flexible modes to the transformation matrices Ru and Rf.  

4.1 Enhanced VPT for high-frequency mount stiffness identification 

To extend the validity of the identified mount stiffness toward high frequency, the enhanced VPT has been explored. This 

approach consists of extending the VPT based on eigenmodes of the fixtures, which could be derived from a numerical 

FE model of the fixtures, as presented in [12]. This is an attractive choice because (i) the fixtures used for mount 

identification are usually easy to model, (ii) the first few eigenmodes of the fixture are not expected to be overly affected 

by the presence of a rubber mount, and they are insensitive to e.g. a wrongly assumed material density or Young’s 

modulus, and (iii) the problem of selecting which modes to include is trivial; one should just add one or multiple 

eigenmodes in order of increasing eigenfrequency. Secondly, we propose that the addition of extra (flexible) degrees of 

freedom merely be used to improve the consistency between measured (physical) and generalized (lumped, virtual) 

responses or excitations. In other words, we aim to consider the effect of the fixtures’ deformation on the 6 DoF on each 

side of the mount model, without adding flexible DoF to the mount model. This approach is justified as long as the local 

interface between fixture and mount does not deform significantly in the first few eigenmodes of the fixtures, or as long 

as any such local deformation on one side of the mount does not cause energy to transfer through the mount. Even though, 

other studies presented a way to identify the eigenmodes from experimental data [13], in this paper we focus on the former 

case. In the following, the FE-based eigenmodes are assumed to be partitioned as in eq. 10, where the subscripts indicate 

the required selection of DoF. One may note the requirement to evaluate the mode shape vectors in the DoF associated to 

the virtual point. This partition φq (= φm) ∈ ℂ 6×nη is generally not available from test data, for the same reasons that 

motivate the use of the VPT. One may straightforwardly extract them from a FEM, though. 

𝜙𝑘
𝑇 ≜ [𝜙𝑢,𝑘

𝑇 𝜙𝑓,𝑘
𝑇 𝜙𝑞,𝑘

𝑇 ]        𝑘 ∈ {1,2}                                                             (10)      

Through concatenating Ru and Rf with the corresponding partitions of the flexible modes, as in eq. 11, the extended VPT 

is defined as in eq. 12. Its application will require the extended projection matrices T. In these equations, the modal 

participation factors ρ and η correspond to the rigid and flexible modes, respectively, and gρ and gηdenote the associated 

generalized forces. 

𝑅𝑢,𝑘
∗ ≜ [𝑅𝑢,𝑘 𝜙𝑢,𝑘] ,        𝑅𝑓,𝑘

∗ ≜ [𝑅𝑓,𝑘 𝜙𝑓,𝑘]                                                (11) 

[
𝜌𝑘

𝜂𝑘
] ≜ 𝑇𝑢,𝑘

∗ 𝑢𝑘  ;         𝑓𝑘 ≜ (𝑇𝑓,𝑘
∗ )

𝑇
[
𝑔𝜌,𝑘

𝑔𝜂,𝑘
]                                                  (12) 

Aiming to preserve only 6 DoF per virtual point, the flexible contribution to the response vector q ∈ ℂ 6×1 is evaluated at 

the virtual point and added to the rigid contribution ρ, cfr. eq. 13. In relation to the measured FRF matrix, this addition 

boils down to a subsequent projection that maps the contribution of the (measured and excited) flexible modes onto the 

preserved 6 DoF of each virtual point, as in eq. 14. 

𝑞𝑘 = 𝜌𝑘 + 𝜙𝑞,𝑘𝜂𝑘                   [
𝑔𝜌,𝑘

𝑔𝜂,𝑘
] = [

𝑚𝑘

𝜙𝑞,𝑘
𝑇 𝑚𝑘

]                                                  (13) 

𝐻𝑞𝑚
∗ = [

𝐼 𝜙𝑞,1 0 0

0 0 𝐼 𝜙𝑞,2
] 𝑇𝑢

∗𝐻𝑢𝑓(𝑇𝑓
∗)

𝑇
[

𝐼 𝜙𝑞,1 0 0

0 0 𝐼 𝜙𝑞,2
]

𝑇

                                                   (14) 

The obtained FRF matrix H*
qm describes how the excitations mk and (displacement-level) responses qk, as introduced in 

eq. 5, relate to one another in the test assembly. It is thus fully equivalent to Hqm as obtained through eq. 8. Eq. 9 thus 

remains valid, i.e. one must merely substitute Hqm with H*
qm to obtain the transfer dynamics of the mount itself. 
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4.2 Results on an industrial use case 

Figure 5 shows the experimental validation setup. Its intent is to characterize an automotive rubber mount, of which the 

inner core (side 1) is connected to a vehicle body and the outer cylinder (side 2) to a powertrain subframe. Figure 4a also 

shows the two cross-shaped fixtures on side 1 and one square-shaped fixture on side 2.  

    

Figure 5: Experimental setup (a) with geometry definition (b), and FEM of side 1 (c) with flexible eigenmode prediction (d).  (right) 

Estimated mount stiffness obtained from the original (rigid) VPT, and the enhanced VPT with nη = 1. 

As visible in Figure 5, side 1 of the mount uses two tri-axial accelerometers per cross (12 DoF) and 9 DoF excitation, 

while side 2 uses four accelerometers (12 DoF) and 11 DoF excitation. Following the above, the enhanced VPT is applied 

on side 1 of the mount, while the classical rigid VPT is applied on side 2. As can be observed, the enhanced VPT avoids 

the significant deviations from the expected (smooth and flat) mount stiffness curves up to 1.75 kHz, whereas the original 

VPT leads to problematic deviations already from 1.3 kHz onwards. However, above 1.75 kHz onwards, the estimated 

mount stiffness results are still affected by the presence of bending modes which were not included. Concluding this 

method extends the useful bandwidth for mount characterization by 450 Hz (34%). This result is promising, considering 

that the FEM based nature of the proposed enhancement is well suited for optimizing instrumentation and/or fixture 

designs employed in future test campaigns. 

5 Real-time capable VPA model  

This paragraph presents a real-time virtual prototype assembly, which consist of predicting in real time target responses 

in a virtual vehicle during the characterization of a source component in-situ on its test bench. By computing the 

contribution of the identified source component online, objective and subjective assessments of NVH performance can 

be performed. To this end, two time domain approaches are evaluated and compared in terms of their required user inputs, 

accuracy and capability to be executed in real time [19]. Both approaches assume that the prototype assembly is described 

originally in the frequency domain, i.e. using a set of frequency response functions. The first approach converts the FRF 

to a set of finite impulse response (FIR) filters through an inverse Fourier transform. The second approach is based on 

state space model, which is obtained from the FRF via an automated modal parameter identification and maximum-

likelihood modal model estimator [16]. 

5.1 FIR filter based real-time VPA 

The FIR filter based approach considered in this work, is based on the convolution of the measured indicator acceleration 

responses with a set of finite impulse response (FIR) filters. The latter set of FIR filters maps the measured acceleration 

responses a directly onto predicted target responses T. Its design stems from combining (eq. 1) and (eq. 3) into the 

following equation. 

𝐻𝐹𝐼𝑅,𝑇𝑗 =  𝐻𝑇2
𝐴𝐵  (𝐻𝑗2

𝐴𝐵)−1                                                                    (15) 

The FIR filters are then made causal. By deriving finite impulse response filters (FIR) from eq. 15, each Ti target prediction 

signal is computed as a sum of parallel filter outputs, as presented in eq. 16.  

𝑇𝑖 = ∑ (ℎ𝐹𝐼𝑅,𝑇𝑗 ∗ 𝑎𝑗)
𝑝
𝑗=1                                                                (16) 

Each filtered output signal equals the convolution of the j’th the acceleration signal aj with the corresponding impulse 

response hFIR,Tj. A real-time capable fast convolution is achieved using the so-called uniformly partitioned overlap-save 

(UPOLS) method [17]. This method processes the signal of input data (aj) per block of B samples. The same block size 

is used for the a-priori partitioning of the impulse response (hFIR,Tj) into P partitions that are converted to the frequency 

domain using a fast Fourier transform (FFT). In the online phase, an FFT first converts a new block of input data block 

to the frequency domain, where the convolution with each FIR filter partition is obtained using a complex-valued 

multiplication. Each partition contribution must hereby be delayed by a multiple of B samples. These delays are 

implemented through buffering the input spectra, such that all the p delayed spectral contributions can be summed, after 
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which an inverse FFT yields a new block of B filtered output samples. Because of the block-based processing, the UPOLS 

fast convolution method has an inherent latency of B samples. The total latency also includes the FIR filter group delay. 

Nevertheless, this approach allows a good compromise between computational efficiency and latency, hence it is suited 

for real-time applications, as presented in table 1. 

5.2 State-space model based real-time VPA 

The second approach is based on two discrete-time models in state space. They are denoted as Sα and ST. As can be seen 

from eq. 17, the modeled system Sα describes the transfer of blocked forces f to measured indicator accelerations α on the 

passive side of the component test bench. A model inversion is thus required in order to identify the blocked forces from 

the measured accelerations. The system ST, cfr. (18) then maps the identified blocked forces f onto the predicted 

(contributions to) to the target responses T. 

𝑓𝑘−𝐿 ←  (𝑆𝛼)𝐿
−1 ← 𝛼𝐾        𝑆𝛼 ∶ {

𝑥𝑘+1
𝛼 = 𝐴𝛼𝑥𝑘

𝛼 + 𝐵𝛼𝑓𝑘

𝛼𝐾 = 𝐶𝛼𝑥𝑘
𝛼 + 𝐷𝛼𝑓𝑘

                                              (17) 

𝑇𝑘−𝐿 ←  𝑆𝑇 ← 𝑓𝐾−𝐿        𝑆𝑇 ∶ {
𝑥𝑘+1

𝑇 = 𝐴𝑇𝑥𝑘
𝑇 + 𝐵𝑇𝑓𝑘

𝑇𝐾 = 𝐶𝑇𝑥𝑘
𝑇 + 𝐷𝑇𝑓𝑘

                                                       (18) 

In these expressions, the subscript k indicates the time index of the most recent measurement data. Superscripts α and T 

denote which system is referred to. The vectors x ∈ ℝ n×1 contain the system states, A ∈ ℝ n×n is the discrete-time state 

update matrix from time step k to k +1, B ∈ ℝ n×m is the input matrix, C ∈ ℝ p×n is the output matrix and D ∈ ℝ p×m is the 

direct feed-through matrix. In case of acceleration responses, the latter is non-zero. 

Like in the FIR filter based approach, target responses are predicted from the acceleration responses measured on the test 

bench. As indicated in eq. 17, one must invert Sα to obtain the blocked forces f, here being an explicit intermediate result. 

Because Sα is described in state space, joint input-state estimation techniques are tailored to this need. Both filtering (L = 

0) and smoothing (L > 0) have been covered in a general framework for online-recursive joint input-state estimation [20]. 

In case of smoothing, a delay of L samples is introduced in the reconstruction of the a-priori unknown blocked force 

inputs. 

In order to obtain a stable inverse of Sα, its definition (eq. 17) is altered such that it includes additional displacement level 

responses d and stochastic noise terms are added to obtain a minimum-variance joint input-state estimation model [19]. 

Actually, displacement measurements are not required, instead zero-valued dummy measurement data may be fed to the 

resulting estimator [21]. By setting the standard deviations the deterministic-stochastic model is fully defined, and the 

joint input-state algorithm proposed in [18] can be employed. In its steady-state variant, covariance matrices and filter 

gain matrices are computed in an a priori off-line recursion, as extensively presented in [19]. 

5.3 Experimental results 

In this paragraph the results of both approaches are compared in terms of their respective target response predictions and 

real-time performances. The experimental setup used is the C-TPA demonstrator presented in Figure 6. For this specific 

use case, unlike a classical VPA use case, the target assembly is also considered as the component test bench on which 

the source is characterized. This choice allows the direct validation of predicted target responses against their measured 

counterparts.  

 

Figure 6: Schematic representation of the C-TPA demonstrator setup 

The setup allows an in-situ identification of all 9 blocked force components in the frequency range of interest, i.e. [0.2, 

8] kHz. The time signals of all 18 indicator accelerations and of both target accelerations have been recorded with a 

sampling rate of fs = 25.6 kHz, during an operational test scenario consisting of a slow run-up followed by a dwell and a 

quick run-down. The total test duration is 24.4 seconds. 

Figure 7a shows the ‘target 1’ response prediction of the FIR filter based approach. An excellent correspondence to the 

reference measurements is observed. This is expected, because the FIR filter design is based on the experimental FRF. 

Figures 7b to 7c show the response predictions obtained through joint input-state estimation. Is evident that a high 



   

 8 

accuracy is obtained when the blocked force identification is done with a smoother, using a sufficiently large window 

size of L = 15. The increase from 15 to 25 samples does not yield a clear further improvement, as shown in Table 1.  

The importance of using a smoother with sufficiently large window is highlighted in Figures 4c. Inverting Sα through 

filtering (L = 0) leads to large errors in the predicted response. The dependency of the accuracy on the user parameter L 

can only be attributed to the sub-optimal inversion of Sα, since the use of ST is invariant to L. Thus, the larger prediction 

errors of the model based approach with L ≤ 5 correspond to larger errors on the identified blocked forces. 

 

Figure 7: Time domain response prediction for target 1, compared to the measured reference 

Finally, in order to provide a quantitative overview on the obtained accuracies for both target responses is provided in 

Table 1, together with computation times. The metric used is NRMSE as presented in eq. 19. The metrics NRMSEt and 

NRMSEf denote normalized root-mean-square (RMS) errors of the predicted time domain signals and of their time-

averaged spectral densities, respectively. The normalization is with respect to the standard deviation (σ) of the reference 

signal xREF, i.e. the measured target response or its spectral density. 

𝑁𝑅𝑀𝑆𝐸(𝑥) ≜
𝑅𝑀𝑆𝐸(𝑥)

𝜎𝑥𝑅𝐸𝐹
=

‖𝑥𝑅𝐸𝐹−𝑥‖2

‖𝑥𝑅𝐸𝐹−𝑥̅𝑅𝐸𝐹‖2
                                                 (19) 

This metric evaluates to 0 for a perfect fit. Values exceeding 1 indicate that a constant at the mean of xREF, denoted as 

𝑥̅𝑅𝐸𝐹 , would fit the reference data better than the predicted x. The tabulated values confirm the above observations on 

how the smoother accuracy increases with L, for L ≤ 15. They also confirm that a smoother with L ≥ 15 yields an accuracy 

similar to that of a FIR filter based on the synthesized FRF. 

In terms of computation times, the absolute values of the online computation times in Table 1 can be compared to the 

24.4 s duration of the dataset. From this, the FIR filter approach is concluded to allow real time execution. For the state 

space model based approach using smoothing, it must be noted that the model sizes and their time step could be optimized 

further. Thus, depending on the case-specific model requirements and the target pc used, real time execution seems 

possible also for larger window sizes L. Finally, Table 1 also lists the latency inherent to each implementation. The latency 

inherent to a smoother corresponds to L/fs. In case of FIR filtering, the latency is determined by a combination of the 

group delay of the FIR filter and the block size of the partitioned convolution. Though FIR filtering comes with a latency 

that is over an order of magnitude higher, the target of 50 ms is still achieved. 

Table 1: comparison of computation times, latencies, and normalized RMS errors 

 

6 Conclusions  

This paper summarizes the latest innovations related to Virtual Prototype Assembly (VPA) and component-based TPA 

technology. Three new technologies have been presented which allow increasing the accuracy and efficiency of the 

predicted vehicle NVH performances, focusing on high frequencies and targeting e-vehicles applications. 

Acknowledgement 

This research was partially supported by VLAIO (Flanders Innovation & Entrepreneurship Agency) within the O&O 

projects NexDT (Next generation of executable Digital Twins) and ADRENALINE (Advanced modular approaches for 

cabin noise analysis in EVs). The authors gratefully acknowledge Kevin Wienen and Michael Sturm, from Bosch, for 

their support in developing the AutoCMX solution 



   

 9 

References  

[1] A. M. Elliott, “Characterization of the Structure Borne Sound Sources from Measurements In-Situ,” The Journal of 

Acoustical Society of America 123, no. 5, 2008:3176. 

[2] A. Moorhouse, A. Elliott, and J. Meggitt, “Virtual acoustic prototyping - a story of four decades”. In Proceedings 

of Inter-noise 2023, Glasgow, Scotland, 2022. 

[3] M. V. Van Der Seijs, D. De Klerk, D. J. Rixen, “General Framework for Transfer Path Analysis: History, Theory 

and Classification of Techniques,” Mechanical Systems and Signal Processing 68-69, no. September (2016), pp. 

217-244. 

[4] J. O. Almiron, F. Bianciardi, P. Corbeels, W. Desmet, “Predicting Vibration Levels on an Experimental Test Case 

by Using Invariant Loads (e.g. Blocked Forces) as Source Characterization,” in Proceedings ISMA-USD, 2018. 

[5] F. Bianciardi, N. Salamone, C. Colangeli, J. Ortega Almiron, B. Verrecas, P. Corbeels, and K. Janssens, “NVH 

prediction and real-time auralization for virtually assembled vehicles: An overview of the technology”. In Proc. SAE 

Noise and Vibration Conference and Exhibition, MI, United States, 2023. 

[6] ISO Central Secretary. Characterization of sources of structure-borne sound and vibration — Indirect measurement 

of blocked forces. Standard ISO 20270, International Organization for Standardization, Geneva, CH, 2019. 

[7] B. Jetmundsen, R. L. Bielawa, W. G. Flannelly, “Generalized Frequency Domain Substructure Synthesis”, Journal 

of the American Helicopter Society, 33.1, pp. 55–64, 1988. 

[8] Meggitt, J.W.R., Elliott, A.S., Moorhouse, A.T., and Lai, H.K. “In situ determination of dynamic stiffness for 

resilient elements”. Proceedings of the institution of mechanical engineers, Part C: Journal of mechanical 

engineering science, 230(6):986–993 2016. 

[9] M. Haeussler, S. Klaassen, and D. Rixen,  “Experimental twelve degree of freedom rubber isolator models for use 

in substructuring assemblies”. Journal of Sound and Vibration, 474:115253, 2020. 

[10] M.V. van der Seijs, D.D. van den Bosch, D.J. Rixen, and D. de Klerk, “An improved methodology for the virtual 

point transformation of measured frequency response functions in dynamic substructuring”. In 4th ECCOMAS 

thematic conference on computational methods in structural dynamics and earthquake engineering, volume 4 

(2013). 

[11] Meggitt, J. and Moorhouse, A. “In-situ sub-structure decoupling of resiliently coupled assemblies”. Mechanical 

Systems and Signal Processing, 117:723–737 (2019) 

[12] B. Forrier, F. Bianciardi, K. Janssens, “High-frequency Dynamic Characterization of Rubber Mounts through an 

Enhanced Virtual Point Transformation”, Proceedings IMAC conference, Orlando, 2025. 

[13] B. Forrier, F. Bianciardi, K. Janssens and A. Hulsmann, "An improved methodology for high-frequency dynamic 

characterization of rubber mounts”, in International Conference on Structural Engineering Dynamics (ICEDyn) 

Proceedings, Lisbon, Portugal, 2025. 

[14] M. Elkafafy, M. Brughmans, “Optimizing NVH Performance in Electric Vehicles Through Enhanced Modal 

Parameter Estimation Techniques”, Proceedings IMAC conference, Orlando, 2025. 

[15] B. Peeters, H. Van der Auweraer, P. Guillaume, and J. Leuridan, ‘The PolyMAX frequency-domain method: a new 

standard for modal parameter estimation’, Shock and Vibration, vol. 11, pp. 395–409, 2004. 

[16] M. Elkafafy, B. Peeters, P. Guillaume, and T. De Troyer, ‘Constrained maximum likelihood modal parameter 

identification applied to structural dynamics’, Mechanical Systems and Signal Processing, vol. 72–73, pp. 567–589, 

2016. 

[17] F.Wefers, Partitioned convolution algorithms for real-time auralization. Logos Verlag Berlin GmbH, 2015, vol. 20. 

[18] K. Maes, S. Gillijns, and G. Lombaert, “A smoothing algorithm for joint input-state estimation in structural 

dynamics,” Mechanical Systems and Signal Processing, vol. 98, pp. 292–309, 2018. 

[19] B. Forrier, F. Bianciardi, M. Elkafafy, K. Janssens, “Real-time virtual prototype assembly: evaluation of a FIR filter 

based and a state space model based approach”, Proceedings ISMA conference, Leuven, 2024. 

[20] S. Gillijns, “Kalman filtering techniques for system inversion and data assimilation,” PhD thesis, KU Leuven, 

Leuven, Belgium, 2007. 

[21] F. Naets, J. Cuadrado, andW. Desmet, “Stable force identification in structural dynamics using Kalman filtering and 

dummy-measurements,” Mechanical Systems and Signal Processing, vol. 50-51, pp. 235–248, 2015. 

 

 


