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Sound quality in modern vehicles is strongly influenced by the acoustic environment inside the cabin, where the
car door plays a central role as both a vibrating structure and the mounting point for loudspeakers. This work
introduces a novel integrated framework for car door vibro-acoustic design that combines numerical simulation,
experimental validation, and machine learning. A simplified yet modular car door prototype is developed to
reproduce the main structural and acoustic features of a real door while allowing flexible boundary conditions. A
finite element model (FEM) of the prototype is validated through dedicated experimental campaigns, and is
employed to generate a dataset of different structural configurations and their corresponding acoustic responses.
This dataset is then used to train a feed-forward neural network aiming at predicting the sound pressure level
with high accuracy at a negligible computational cost in comparison to FEM simulations. The trained model is
finally used to perform statistical analysis of the effects of different boundary conditions in the radiated sound
pressure. By identifying practical design guidelines for the optimal stiffness distribution of a general car door,
this work demonstrates the value of integrating physics-based simulations with data-driven approaches. The
results achieved can effectively support the design of complex vibro-acoustic systems, opening the way for more
efficient optimization strategies in automotive engineering.

1. Introduction

Nowadays, car cabin sound quality is increasingly recognized as a
key factor in the automotive industry. Manufacturers pay close attention
to all aspects of a vehicle’s NVH characteristics [1], also studying the
acoustic environment inside the car cabin, which has a strong influence
both on the well-being of passengers and on the perceived quality of the
vehicle [2,3]. Indeed, research efforts are invested in the improvement
of the acoustic performance of the car cabin, considering the refinement
of the cabin design and also improving the integration of the cockpit
audio system [4,5]. Among the various components affecting the
acoustic experience, the car door plays a central role being one of the
largest vibrating elements and hosting loudspeakers, directly impacting
the sound field within the cabin.

The design of a car door, and in particular the integration of a
loudspeaker into its structure to ensure good vibro-acoustic perfor-
mance, represents a particularly complex engineering challenge. For
years, numerical simulations, ranging from simplified analytical models
to detailed finite element simulations, have been used to help the

component design stage [6]. Numerical analyses based on physical
models can capture the structural and acoustic response of components
with good accuracy, but they are often computationally demanding.
Therefore, they cannot be always easily considered to support the
acoustic improvement of car cabin systems, especially when many
design alternatives must be considered. In literature, several works on
the car door design have focused on simulating very specific conditions,
such as the vibro-acoustic behaviour of doors during slamming events
[71, in the generation of the acoustic field inside the cockpit [8-10] or,
more specifically, simulating a single specific integration condition of a
loudspeaker within the door [11]. While useful, these studies typically
analyse a limited number of configurations and cannot easily be
extended to large-scale optimisation tasks. In recent years, artificial in-
telligence has given a boost to the use of computer aided strategies
during the design phases. Neural networks, for instance, have been
applied to problems such as modelling the sound field generated by a
vibrating structure, starting from experimental data [12,13]. These
works have demonstrated the potential of data-driven methods, but
their scope has so far remained quite narrow, most of the time applied to
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a single, fixed structural configuration.

In this context, the present work proposes an integrated approach
that combines the predictive capabilities of physics-based simulations
with the flexibility of machine learning modelling to support the
structural design optimization of a car door, with a special focus on its
vibro-acoustic performance. Furthermore, the methodology proposed in
this work is employed to highlight general design guidelines to support
the acoustic-oriented design of automotive doors, focusing on the in-
fluence of local stiffness variations on the overall acoustic radiation.

To this end, a simplified yet highly configurable car door prototype,
referred to as the CarDoor, having equivalent comparable geometrical
and dynamical characteristics of a real car door component, is intro-
duced. The prototype was specifically designed with modular panels and
multiple potential fixing points to study a wide range of structural
configurations. In order to study the interaction between the car door
and the car audio system, the CarDoor is equipped with a woofer
loudspeaker. The CarDoor can therefore investigate the effect of
different boundary condition sets on the speaker’s performance in terms
of radiated sound pressure, panel vibrations, and cavity resonances.
Unlike previous research, through the development of a modular
structure capable of generating a large variability of cases, simulations
validated by experiments, and a machine-learning model able to
approximate FEM results at negligible computational cost, this work
presents an optimization strategy that provides guidelines for the car
door design based on arbitrary acoustic targets.

The proposed workflow begins with the development of a finite
element model of the CarDoor. The model is employed to simulate the
vibro-acoustic behaviour of the car door with different structural con-
figurations changing the boundary conditions to obtain different stiff-
ness distributions in the door panels, generating a dataset that links each
CarDoor boundary condition layout to its corresponding radiated sound.
The dataset is then used to train a neural network specifically designed
to associate each configuration with the resulting sound pressure. Once
trained, the network is used to perform statistical analysis on the effects
of reinforcing some regions of the panels deriving at the same time
general guidelines for vibroacoustic design strategies of a car door to
obtain target acoustic effects.

The rest of the paper is organised as follows: Section II describes the
development of the CarDoor numerical model, including the loud-
speaker modelling approach adopted to simulate the woofer and the
measurements conducted for its validation. Then, the creation of a
dataset used to train the neural network by means of FEM simulations is
discussed, together with the description of the neural network archi-
tecture and the evaluation of its accuracy and generalization perfor-
mance. In Section III, the trained neural network is implemented to
investigate the influence of the car door structural constraints on its
vibro-acoustic performance. Section IV presents the main conclusions of
the paper, also addressing future applications of the proposed
methodology.

2. Materials, models and methods

This work investigates a methodology to support the acoustic-
oriented design of car doors by establishing a link between design so-
lutions and sound pressure generation. The case study focuses on a car
door prototype illustrated in Fig. 1, named as CarDoor. This test rig is
specifically conceived with a highly rigid frame with simplified geom-
etries inspired by a car door, and it hosts a woofer loudspeaker. The
prototype is designed to allow a modular setting of the boundary con-
ditions of the front and rear panels, aiming to study the effects of the
coupling between the woofer and the car door with their vibro-acoustic
behaviour. The analysis is focused on the 30 —200Hz frequency range,
fully covering the typical operating bandwidth of the woofer
loudspeaker.

The CarDoor, as illustrated in Fig. 2, features 68 potential fixing
points,32 on the rear panel and 36 on the front panel. Each fixing point
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Fig. 1. CarDoor test rig.

can either be rigidly constrained to the internal supporting frame by
means of a bolted metal-to-metal connection between the aluminium
panel and the internal steel frame, with no compliant elements intro-
duced in the joint, or left free to vibrate. This leads to a total of 268
possible structural configurations, characterized by different constrain-
ing layouts of the car door panels. Under the assumption of linear system
behaviour, the excitation from the woofer loudspeaker with the same
input signal, each configuration produces a distinct vibro-acoustic
response, resulting in up to 268 different potential radiated sound fields.

The workflow proposed in this work, illustrated in Fig. 3, aims to
enable a field-to-structure design approach, in which a desired acoustic
field provides guidelines for determining the optimal structural config-
uration of an automotive door. To this end, based on the developed test
rig, a numerical model of the system is built in COMSOL Multiphysics
[14]. The model is optimized to achieve a trade-off between accuracy
and computational efficiency, ensuring its suitability for subsequent
optimization workflows. After being validated through experimental
measurements, the numerical model is used to generate a dataset con-
taining different fixing layouts of the car door together with their cor-
responding sound radiation. This dataset is then employed to train a
neural network designed to associate each door configuration with its
radiated sound field. The trained network is subsequently used to
explore a wider range of configurations, enabling statistical analyses on
the influence of each fixing point, identifying those that most signifi-
cantly affect the system’s sound radiation, and quantifying how each
constraint contributes to either amplifying or attenuating the resulting
sound pressure level (SPL).

2.1. Car door numerical model

To properly capture the vibro-acoustic behavior of the CarDoor,
particular attention was first devoted to the modelling of the loud-
speaker, which represents the excitation source of the system.

For years, researchers have approached dynamic loudspeaker
modelling with varying levels of complexity, depending on the appli-
cation type, main working frequency ranges, and simulation
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Fig. 2. Car door panel points that can be rigidly constrained to obtain a specific door configuration. On the left the rear panel, on the right the front panel with a

classical woofer position.
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Fig. 3. Flow chart of the proposed methodology to obtain general guidelines for the design of the optimal structural configuration of an automotive door.

requirements. The distributed parameters approach is one of the most
robust and comprehensive methods for simulating a dynamic loud-
speaker. Based on the finite element method (FEM), it solves systems of
partial derivative equations representing the electro-mechanical and
acoustic behavior of the transducer. This approach is particularly well-
suited for simulating local phenomena, system resonances, and non-
uniformity of the device's electromagnetic field. Although this
approach guarantees highly accurate results, it is computationally
expensive and requires detailed computer-aided design (CAD) models
and accurate knowledge of the materials used in order to correctly
simulate their physical behaviour. For this reason, it is mainly imple-
mented in applications and studies that focus exclusively on device
design optimization. Modelling approaches based on experimental
measurements are widely used alternatives. Measurements can indeed
be used to synthetize loudspeaker models based on equivalent monopole
sources replicating the device’s sound radiation using acoustic transfer
functions [15]. Experimental approaches can help to improve accuracy
the of the simulations by alleviating problems related to possible
distortion of the membrane [16] or generalizing the use of the equiva-
lent source method for simulating the speaker mounted in any host
structure [17]. One drawback of these methods is that extensive
experimental campaigns focused exclusively on loudspeaker devices in
specific environmental conditions, such as anechoic rooms, and moun-
ted in dedicated test rigs with specific mounting layout are required to
develop numerical models of loudspeakers for subsequent simulations.
For this reason, their applicability is restricted to cases where a physical
prototype of the loudspeaker is available making them not suitable for
cases when the device has not yet been purchased, or when only its
geometry and datasheet parameters are accessible, as in early design
stages or virtual prototyping. In these scenarios, lumped parameter
modelling approaches are more indicated. In literature, one of the most
used formulations to model moving coil loudspeakers is the model based
on the so-called Thiele-Small parameters [18-21]. Under the funda-
mental assumption of piston motion of the diaphragm, the model de-
scribes the physical behaviour of the device by solving equivalent

electro-mechanical circuits shown in Fig. 4[22]:

In Fig. 4, the left-hand circuit represents the electrical domain of the
transducer. Here, V denotes the input voltage source, Rg the generator
resistance, Rg the voice coil resistance, while Ly (@) models the
frequency-dependent voice coil inductance and Rg(w) accounts for
magnetic losses. The values of Ly (w) and Ry (@) are computed according
to the following equations:

L (©) = —F— 0 @
sin <n’§’)
Ry (w) = L—é-w" 2

z
cos <Tl 2>

where the value of L is derived from Equation (1) based on a
reference value Ly (wx), which is typically provided as a transducer
parameter at a specific frequency wy. The term n denotes the voice coil
loss factor. For standard moving coil loudspeakers, the parameter n
typically assumes a value of 0.7[23].

The term Blv corresponds to the back electromotive force (EMF)
induced when a coil of length I moves with velocity v in the magnetic
field B, and i is the current flowing through the coil. The right-hand
circuit describes the mechanical domain, where the electromagnetic
force Bl-i drives the diaphragm. The parameters Cys and Rys represent
the suspension compliance and the mechanical damping, respectively,
while Mys denotes the effective moving mass of the system. Finally, the
voltage source Fp models the acoustic load acting on the diaphragm
surface Sg.

In this work, for the loudspeaker simulation, the lumped-parameter
model is adopted, since it combines ease of implementation, with
practical accessibility since the required parameters have been provided
in the manufacturer datasheets.

Before implementing the lumped-parameter model, the validity of
the piston motion assumption of the loudspeaker diaphragm is assessed
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Fig. 4. Electro-mechanical equivalent circuit for simulating moving coil loudspeakers.

measuring the membrane velocity in several points (shown in Fig. 5a)
using a laser doppler vibrometer (Polytec VibroGo VGO0-200)[16],
exciting the speaker with an exponential sine sweep signal from 30 Hz to
200 Hz at 1 W input power. Fig. 5b shows that all points on the loud-
speaker diaphragm exhibit coherent normal vibration velocities, con-
firming that the speaker behaves as a rigid piston within the analyzed
frequency range.

The CarDoor test rig has a geometry which represents a car door
component, mounts a woofer loudspeaker and is composed of 2 mm
aluminium front and rear panels with discrete points that can be rigidly
constrained to an internal stiffening structure connected to the door
frame. Furthermore, the entire door is rigidly mounted to a supporting
structure, providing well-defined boundary conditions. This configura-
tion allows selective fixation or relaxation of specific points to vary the
vibro-acoustic response of the assembly.

Experimental measurements are conducted on the CarDoor to study
its vibro-acoustic behaviour. The mechanical behaviour of the door
panels is characterized through measurements of dynamic stiffness
carried out at several points, shown in Fig. 6. Data acquisition is per-
formed with the HEAD acoustics SQUADRIGA III system, employing PCB
356A03/NC accelerometers and a PCB 086C02 instrumented impact
hammer.

Using the measured dynamic stiffness data, the damping factor ¢ at
each measurement point is estimated for each resonance frequency
using the half-power bandwidth method [24]. Subsequently, the Ray-
leigh damping parameters «; and p; are calculated for each point. To
obtain the final a and f values for each panel, the point-wise parameters
are averaged across all measurement locations.

To optimize the COMSOL model in terms of computational effi-
ciency, the door CAD model is simplified by removing geometric fea-
tures that increase mesh complexity. Furthermore, components
exhibiting minimal vibrational response to the woofer excitation, such

@)

as the window, the door frame, and the door support, are excluded from
the analysis, allowing the model to focus exclusively on the car door
cavity, with only the panels treated as flexible components. Preliminary
tests confirmed that including these elements significantly increases
simulation time without yielding a relevant improvement in model ac-
curacy within the analyzed frequency range. Consequently, these sim-
plifications are necessary to ensure the feasibility of generating the
large-scale dataset required for training the neural network.

Considering the high stiffness ratio between the internal frame and
the aluminium panels and the low-frequency range under analysis, the
local compliance of the bolted joints can be considered negligible with
respect to the global structural dynamics of the system. Accordingly,
panel points that can either be rigidly attached to the internal stiffening
structure or left free to vibrate are modelled as ideal fixed constraints
when connected.

The acoustic domain in the FEM model explicitly encompasses both
the external radiation space and the internal back cavity of the door.
This approach enables the model to account for the acoustic loading on
the panel as well as the acoustic impedance of the enclosure, which is
represented by the voltage source Fp, in the electro-mechanical circuit of
Fig. 4. The value of Fp is computed according to Equation (3), where the
term AP represents the pressure acting on the speaker.

Fp = AP-Sg; 3

The final COMSOL model combines the shell-based mechanical
structure, the FEM acoustic pressure domain and the electrical circuit
representation of the speaker described above, resulting in a coupled
electro-vibro-acoustic model in which the system input is the voltage
signal applied to the woofer.

All simulations are conducted assuming free-field conditions, with
the floor modeled as an acoustically reflecting surface. To reduce the
computational burden while preserving the relevant vibroacoustic in-
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Fig. 5. Membrane velocity measurements for the validation of the diaphragm piston motion assumption: (a) measurement positions on the cone; (b) comparison of

the membrane velocity measured at different positions.
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Fig. 6. Layout of measurement points for dynamic stiffness characterization.

formation, the simulations are restricted to the frequency range of
30-200 Hz, discretized with a resolution of 3 Hz. The model uses a mesh
made of tetrahedral elements, whose maximum size is set to be less than
one-fifth of the minimum wavelength.

3. Numerical model results

To validate the model, acoustic radiation measurements are per-
formed on different door configurations by varying the fixing points of
the panels. To minimize experimental uncertainties and ensure high
repeatability, a microphone is positioned at a fixed distance of 0.5 m
from the center of the front panel (Fig. 7). This setup was selected to
facilitate a direct and reliable comparison between the numerical pre-
dictions and the experimental data, providing a controlled benchmark to
assess the model’s accuracy in capturing the radiated sound pressure
level under different structural constraints. All measurements are con-
ducted in an acoustically-treated environment to minimize room
reflections.

Fig. 8 presents the results of the COMSOL model for three different
door configurations, illustrating the comparison between measured and
simulated sound pressure levels (SPL). Each subfigure displays both the
SPL curves and a schematic representation of the points constrained in
the model: blue markers denote points left free to vibrate, while red
markers indicate points that are rigidly fixed. The comparison highlights
how variations in the fixation points influence the vibrational behaviour
of the panels and the resulting acoustic radiation, providing a clear
validation of the model’s ability to predict the sound field under
different mechanical boundary conditions.

O
'

[

'

L

L

L

1

[

[
1,°
v

Fig. 7. Acoustic measurements layout for COMSOL model validation.

To further ensure the reliability of the numerical framework, struc-
tural vibrations are monitored using a PCB 356A03/NC accelerometer in
the three layouts. The results, illustrated in Fig. 9, show the experi-
mental data compared with FEM predictions in the 30-200 Hz range,
expressed in terms of displacement normalized to the input voltage of
the loudspeaker. The comparison for a representative accelerometer
placed on the front panel (whose coordinates are reported in the figure)
shows good agreement, confirming that the model accurately captures
the vibrational field and the energy transmission to the panels.

All the simulations are carried out using a workstation mounting an
Intel Core i7-14700 K processor, RAM of 64 Gb and using the COMSOL
6.3 software version. The average computation time required to eval-
uate a single door configuration is approximately 56 s. The combination
of the model’s accuracy and its computational efficiency generate large
datasets containing information on both the door configurations and the
resulting SPL within relatively short computation times.

3.1. Neural network design and validation

By labeling the potential fixing points of the panels, as illustrated in
Fig. 2, and assigning to each point a Boolean variable (0 = free, 1 =
fixed), each specific door configuration can be uniquely encoded by a
binary code consisting of 68 digits.

To investigate the wide range of possible configurations, the Livelink
interface between COMSOL Multiphysics and MATLAB is employed
[25]. Multiple fixing layouts are automatically generated by random
combinations of the binary codes, and the corresponding vibro-acoustic
responses are simulated. This process results in the construction of a
dataset that links each binary code to its associated SPL spectral curve,
evaluated at the microphone position shown in Fig. 7. In total, 15000
distinct car door configurations are simulated and stored, requiring
approximately 250hours of workstation computation time.

A machine learning approach is then employed to predict the
acoustic response corresponding to a given structural configuration,
uniquely identified by its binary code. The choice to design the network
to receive a binary code as input and output the corresponding SPL
spectrum stems from the goal of mapping a target acoustic response to
an appropriate door configuration more efficiently than a classical FEM
simulation. The task, formulated as a multivariate regression problem
[26], is addressed by developing a fully connected feed-forward neural
network (FFNN) [27,28] implemented with the MATLAB Deep Learning
Toolbox [29]. The available dataset is subsequently split into a training
set (70% of the total input—output pairs), a validation set (15%) and a
test set (the remaining 15%), and Min-Max normalization is applied to
the outputs to ensure a more stable convergence during training [30,31].

The design of the neural network architecture begins with an input
layer the size of which corresponds to the dimensionality of the binary
code representing the door configuration. This layer is followed by a
sequence of fully connected hidden layers with 512, 256, 128, and 64
neurons, respectively. Each hidden layer is equipped with Batch
Normalization to improve training stability [32], a rectified linear unit



E. Garofalo et al.

—Measured
---Simulated

__________________

100

150 200
Frequency (Hz)
100
—Measured

---Simulated

0 5 S DN S/
& .
2
- 80
o
n
707¢
{
§
1
60 '
50 100 150 200
Frequency (Hz)
100
—Measured
~--Simulated|

90 ) ~

SPL (dB)

100 200
Frequency (Hz)

150

)

©

Applied Acoustics 249 (2026) 111311

“nonooon
RS

9999999

HAooooooo

999999

Aoonooonn
OO CC i cic

Fig. 8. Comparison between the SPL measured from the CarDoor and the SPL obtained from the COMSOL electro-vibro-acoustic model, considering different car

door configurations.

(ReLU) activation function to introduce nonlinearity [33], and a dropout
mechanism with a probability of 0.2 to reduce the risk of overfitting
[34]. The final stage of the network is a linear output layer whose
dimensionality matches the number of bins in the SPL spectrum to be
predicted.

To evaluate the performance of the FFNN the metrics of the Root
Mean Square Error (RMSE) (Equation (4), Mean Absolute Error (MAE)
(Equation (5), and the coefficient of determination 0:3) (Equation (6)
are used [35,36].

LA S (X o) - 7w
RMSE = ———— Y(wy) — Y (o “
N, conf ‘N, freq j=1 i=1 ’ ’
1 Nfreg [ Neonf N
MAE = ——— Y(ay) = Y(ay) | |5 5)
Neoy Ny ;g; ;;;\ (@) = Y (@) |

Neon S
SSpes(a) =D .7 Y(w))%

(Yi(ay) -

2

(ro) - 25w )

(-24)

In the equations above the N;on,s and Np.q represent respectively the
total numbers of configurations present in the test dataset and the total
number of frequency beams. The term Y;(w;) is the absolute value of the
SPL evaluated at the angular frequency w; generated by the i door

Neony
S (@) =Y. 6)

_ Ssres (Cl)j)
SS1ot ()

RZ_ 1 .Z;ifrleq

B Nireq

configuration of the test set, and ¥; (wy) is the corresponding SPL value
estimated by the neural network. The performance of the neural
network is summarized in Table 1.
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Fig. 9. Comparison between the structural vibrations measured from the CarDoor and the structural vibrations obtained from the COMSOL electro-vibro-acoustic

model, considering different car door configurations.

Table 1

Neural network evaluation metrics results.
RMSE 0.025Pa
MAE 0.016Pa
R? 0.7

In Fig. 10, three randomly selected curves from the FEM simulations
of the test dataset are compared with the corresponding ones estimated
by the network, showing that the model achieves an acceptable level of
predictive accuracy, also considering the FFNN performance provided in
Table 1. The network is able to reproduce the acoustic response with
only minor deviations from the true values, demonstrating a strong
overall correspondence between predicted and actual curves.

Although the agreement between FEM predictions, neural network
estimates, and measurements is generally satisfactory within the main
operating frequency band, a reduced correlation is observed above
approximately 150 Hz. This behavior can be attributed to several

physical and modelling aspects. At higher frequencies, the structural
modal density of the panels increases significantly, making the system
response more sensitive to local boundary conditions and joint compli-
ance. In the present model, fixing points are idealized as perfectly rigid
constraints, whereas real connections exhibit finite stiffness and local-
ized damping effects. Moreover, higher-order panel modes become more
spatially complex and may require a finer mesh resolution for full ac-
curacy. For these reasons, the combined influence of these modelling
simplifications becomes more evident above 150 Hz. Nevertheless, as
these frequencies fall outside the operating range of the woofer, the
modelling assumptions and mesh refinement were specifically opti-
mized for the functional bandwidth.

4. Vibro-acoustic analysis
The intrinsic efficiency of the trained FFNN is implemented to

investigate the influence of the local constraints of the CarDoor system
on its vibro-acoustic performance. Random combinations of fixing
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Fig. 10. Comparison between the SPL estimated form the FFNN, the correspondent SPL from the FEM model of the CarDoor test rig, and the measurements,

considering cases belonging to the test set of the Dataset.

layouts are generated to reproduce the variability typically observed in
real automotive doors, whose panels are characterized by non-
homogeneous mechanical properties across different regions. This sta-
tistical approach enables the identification of global trends and macro-
scale vibro-acoustic behaviours associated with the stiffening or relax-
ation of specific areas, providing a broader understanding of how
structural modifications influence the system acoustic radiation.

To assess the influence of each potential fixing point on the overall
acoustic response, a sensitivity analysis is carried out using the trained

neural network. Starting from a set of 10° randomly generated structural
configurations, each defined by a binary vector indicating the state
(fixed or free) of the 68 available points, an iterative inversion of the
state of one fixing point at a time is introduced, keeping all other fixing
points unchanged. As indicated in Equation (7), for each inversion, the
variation in the predicted sound pressure across all frequencies and
configurations is evaluated. This way, the average absolute variation can
be quantified to assess the sensitivity of the system vibro-acoustic per-
formance to each fixing point.



E. Garofalo et al.

1 1 Neonf ( Nfreq
sens; = —— -(Z (Z Diorgna (@) — i (@2) ) >; @)
J

Neonf Njreg \ = \ £

In Equation (7), sens; indicates the sensitivity of the i fixing point,
Neons is the number of random configurations estimated by the network,
Ni-q is the number of the analyzed frequencies. The term Diorigna () is the
modulus of the sound pressure generated by the j* door configuration in
its original configuration evaluated at the angular frequency w, while
pj;(®;) is the modulus of the sound pressure generated by the same
configuration with the state of the i point inverted.

The results, shown in Fig. 11, highlight the impact of each constraint
on the door’s vibro-acoustic behavior.

The sensitivity analysis reveals that the fixing points located in the
proximity of the loudspeaker mounting area exhibit the highest influ-
ence on the predicted SPL. This result highlights that the mechanical
constraint conditions around the loudspeaker strongly influence the
overall acoustic radiation by directly modifying the coupling between
the panel vibration and the acoustic field. Other regions showing sig-
nificant sensitivity are those located farther from the door frame, where
local boundary condition variations substantially alter the panel defor-
mation patterns, thereby affecting the acoustic radiation of the door.

To further quantify the correlation between the fixing points layout
and the vibro-acoustic response of the CarDoor, a statistical analysis is
carried out by analyzing the 10° configurations estimated by the
network. For each 1/6-octave frequency band b and fixing point i, the
difference in fixing probability between configurations whose SPL is
above and below the mean value is computed as Equation (8):
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APy (

b) — P;Zove( ) Pbelow( ) (8)

i
Where P{>**(b) and P{*"(b) are the fractions of configurations in

which point i is fixed among those with SPL respectively above (A;) and
belove (B,) the mean SPL of the frequency band b.

1
P (b) = X, ©
Pbelow _ f (10)
\Bbuezﬁ,, ’

In Equation (9) and Equation (10), |Ay| and |Bp| are the number of
configurations generating a SPL above and below the mean SPL
computed in the frequency band b while X;; is binary variable repre-
senting the state of the fixing point i (X = 1—fixed, X = 0—free). A
positive value of AP;, indicates that the fixing of the i point tends to
increase the SPL in the b" frequency band, whereas negative values
indicate a reduction effect.

The results of the analysis are reported in Fig. 12, highlighting the
frequency-dependent structural-acoustic interactions through a heat-
map representation of the probability AP. In the plot, positive values
(red cells) indicate that fixing the corresponding point tends to increase
the SPL and negative values (blue cells) indicate that fixing the point
tends to reduce the SPL.

The results illustrate that by fixing the points close to the speaker
diaphragm, a reduction in the lower frequency bands can be observed,
while the acoustic radiation of higher frequency bands is amplified.
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Fig. 11. Comparison of the sensitivity of the CarDoor vibro-acoustic response to the layout of the fixing points of the rear panel (b) and front panel (a).
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Fig. 12. Influence of fixing points layout on the radiated SPL, (a) frontal panel and (b) rear panel.
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Fig. 13. Comparison between the unconstrained and central fixing points panel configurations. (a) Displacement field of the panel. (b) Cosine of the phase difference
between the panel displacement and the loudspeaker diaphragm displacement at 40 Hz and 125 Hz.
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Indeed, constraining the central points of the panels statistically tends to
amplify the SPL at lower frequency bands and reduce the radiated
pressure at higher frequencies.

The influence of panel constraints on the radiated SPL can be un-
derstood by considering the panel as a secondary acoustic source
coupled with the loudspeaker diaphragm. Depending on the constraint
layout, portions of the panel may vibrate in phase or out of phase with
the diaphragm, either reinforcing or reducing the radiated sound. It
should be noted that the results reported in this study are based on a
statistical analysis over multiple configurations; therefore, the response
of a single configuration may not fully reflect the overall trend. To
provide a clearer physical interpretation, three representative configu-
rations are analyzed (central constraints, constraints at the woofer
attachment points, and an unconstrained panel) by examining the panel
displacement field and the cosine of the difference between the phase of
the panel displacement (¢disppane1) and the phase of the diaphragm

displacement (¢di9pspk) at selected frequencies. The displacement

magnitude plots indicate the modal deformation patterns of the panel,
while the phase plots show whether each panel region vibrates in phase

with the loudspeaker (cos <¢digppmel - ¢di5Pspk> ~1 ) or in counterphase

(COS <¢di5ppanel B ¢di5pspk> ~ -1 )

The results, reported in Fig. 13, illustrate the physical mechanisms
responsible for the SPL variations induced by fixing the central points of
the panel. In particular, at 40 Hz and 125 Hz, where amplification and
attenuation of the radiated SPL are respectively observed, the analysis
clarifies how the constraint-induced modification of the modal shape
and phase distribution affects the constructive or destructive interfer-
ence between the panel and the loudspeaker radiation.

At 40 Hz, constraining the central region concentrates the panel vi-
brations around the woofer and significantly reduces regions vibrating
in counterphase with the diaphragm. This reduction in out-of-phase
radiation weakens destructive interference, leading to an overall in-
crease in the radiated SPL. In contrast, at 125 Hz, the same constraints
strongly suppress the in-phase vibration of the panel, diminishing the
constructive contribution to the acoustic field and reducing the radiated
SPL.

The results, reported in Fig. 14, illustrate the physical mechanisms
associated with constraining the panel near the woofer attachment
points. In particular, at 60 Hz and 100 Hz, where attenuation and

10000000 X107
S0 5
S0 r’a 475
CI0IC10) 4.5
S0000000 4.25
4
3.75
3.5
3.25

2.75 3
25 3

2.25

60 Hz 2

1.75

60 Hz

1.25

0.75

0.25

100 Hz 0

100 Hz

(@)

Applied Acoustics 249 (2026) 111311

amplification of the radiated SPL are respectively observed.

As shown by the results, applying constraints near the woofer leads
to a reduction of the radiated SPL at 60 Hz. This behavior is associated
with the fact that, in this configuration, the panel predominantly vi-
brates in counterphase with respect to the woofer diaphragm, thereby
promoting destructive interference. Conversely, at 100 Hz, the observed
increase in SPL can be attributed to larger portions of the panel vibrating
in phase with the woofer, which enhances constructive interference in
the radiated acoustic field compared to the unconstrained case.

It is important to note that a reduction in the radiated SPL caused by
the fixation of certain panel regions should not be interpreted solely as a
negative effect. In some frequency ranges, increased stiffness may lead
to a reduction of panel vibrations and, consequently, of internal rever-
beration phenomena. This behaviour can result in a clearer and more
controlled low-frequency response, ultimately improving the perceived
acoustic quality.

Overall, these results show that the proposed methodology effec-
tively supports the acoustics-driven design of automotive car doors by
identifying the panel regions that most influence acoustic radiation and
by enabling a physically grounded interpretation of the effects induced
by their stiffening. By combining numerical modelling, experimental
validation, and data-driven predictions, the approach provides a robust
decision-support tool that guides early-stage design, informs optimiza-
tion processes, and ultimately contributes to the development of auto-
motive components with improved and more predictable acoustic
performance.

5. Conclusions

This work presents a methodology to support the acoustic-oriented
design of car doors, combining finite element simulations, experi-
mental validation, and machine learning. A modular car door prototype
(CarDoor) is developed to reproduce the main structural and acoustic
features of real components by allowing variable boundary conditions’
layouts. The finite element model, validated against measurements, is
implemented to generate a large dataset of structural configurations,
which is used to train a feed-forward neural network capable of accu-
rately predicting the radiated sound pressure level with minimal
computational cost compared with FEM simulations.

The trained model proved to be effective for statistical and sensitivity
analyses, identifying the structural regions that most influence the
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Fig. 14. Comparison between the unconstrained panel and the panel with fixing points close to the woofer. (a) Displacement field of the panel. (b) Cosine of the
phase difference between the panel displacement and the loudspeaker diaphragm displacement at 60 Hz and 100 Hz.
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acoustic response. Results show that fixing specific panel areas can
either amplify or attenuate selected frequency bands, depending on the
induced stiffness distribution.

To respect the generality of the methodology, the validation is per-
formed on a simplified prototype under controlled conditions. However,
the current model is still limited by the assumption of linear behaviour,
neglecting nonlinear phenomena such as rattles, assembly gaps, and
loudspeaker distortions. Furthermore, the model's accuracy, particularly
at higher frequencies, relies on idealized assumptions such as the perfect
rigidity of the fixing points. This limitation could be addressed in future
research by conducting targeted experimental campaigns to charac-
terize the actual mechanical impedance of the joints, allowing for a more
refined calibration of the FEM model through the use of discrete spring-
damper elements.

Future research will focus on extending the proposed methodology to
more complex and representative door architectures, exploring diverse
loudspeaker types and mounting configurations. Additionally, the
framework will be evolved to incorporate physical parameters such as
panel thickness and material properties as input features, enabling the
model to predict how structural variations impact the radiated acoustic
response. Furthermore, future developments will extend the methodol-
ogy to a multi-point acoustic grid, further validating the network's ac-
curacy in predicting the spatial distribution of the sound field.

Finally, the scalability of this approach will be validated by inte-
grating the door model into a full cockpit environment to assess its
performance in a complete vehicle system.

These developments aim to consolidate the proposed framework into
a reliable and versatile tool for early-stage design and optimization of
complex automotive vibro-acoustic systems.
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