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Abstract – Vibrating composite panels are widely used in airplanes, vehicles, and high-speed trains, where
noise comfort is required. Optimizing their design requires integrating psychoacoustic assessments along-
side vibroacoustic analysis. The research presents a psychoacoustic framework to enhance the sound quality
of composite panels while maintaining their structural efficiency. Hence, vibroacoustic models previously
validated through vibroacoustic laboratory experiments for various composite panels subjected to mechan-
ical and diffuse acoustic excitations, were used to synthesize the sounds radiated from the panels. The
framework required to validate the models perceptually. This ensured the synthesized sounds were per-
ceived by listeners as equivalent to the recorded ones. A psychoacoustic paired-comparison test between
recorded and synthesized sounds was conducted to perceptually assess the modeling. Next, the sound
quality of composite panel designs was investigated. Hence, synthesized sounds of designs were evaluated
through another psychoacoustic test and a preference analysis. The preference analysis identified optimal
designs, correlating preferences with psychoacoustic indices, like loudness, and mechanical properties such
as stiffness-to-mass ratio and damping. This integrated approach ensures that the resulting designs enhance
the sound quality and meet structural performance requirements.
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1 Introduction

Nowadays high-tech industries, such as aerospace and
high-speed transportation, increasingly use composite
structures due to their exceptional mechanical proper-
ties (see [1, 2]). A composite sandwich panel, as a com-
mon composite structure, features two thin, stiff face
sheets and a thick, lightweight core. The face sheets pro-
vide strength and stiffness, while the core sustains trans-
verse shear loads (see [3]). Another common composite
structure is the laminate panel, made by bonding lay-
ers of materials such as carbon fiber-reinforced polymers
(CFRPs) with epoxy resin (see [4]).

Research on the vibroacoustic behaviors of compos-
ite panels began in the late 20th century, with studies
on various excitations [5]. Recent research on compos-
ite panels largely emphasizes mechanical and vibroacous-
tic properties, often overlooking psychoacoustics. How-
ever, in enclosed spaces like vehicles and airplanes, where
noise from vibrating composite structures affects passen-
gers, integrating psychoacoustic considerations is crucial.
∗Corresponding author: catherine.marquisfavre@entpe.fr

Nowadays, a growing trend incorporates psychoacoustic
analysis across various engineering fields, such as aircraft
system design [6–9], automotive engineering and vehicle
design [10–12], rotating machine monitoring [13], trans-
portation [14, 15], home appliances [16], and building
acoustics [17, 18]. Meanwhile, psychoacoustic assessments
of composite materials have mainly been limited to musi-
cal instrument studies, such as a development of a com-
posite guitar with carbon fiber reinforced polyurethane
foam [19] and an evaluation of acoustic properties in
prototype violins [20].

Although psychoacoustic studies on composite pan-
els have been overlooked in engineering, research on
isotropic structures exists. For example, Meunier et al.
[21] analyzed vibroacoustic and psychoacoustic responses
of vibrating plates under mechanical or acoustic excita-
tion. Canévet et al. [22] investigated fluid-loaded plates
under transient forces, while Demirdjian et al. [23] com-
bined analyses of fluid-loaded, clamped plates. These
studies emphasize a psychomechanical approach, show-
ing that mechanical factors such as damping, excitation
duration, and force location affect perceptual dimensions
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like tonalness and sharpness. Faure and Marquis-Favre
[24] investigated how parameters like damping and mate-
rial properties affect sound perception from a simply-
supported steel plate excited by a normal incidence plane
wave with a white noise spectrum. Demirdjian et al. [25]
compared sounds from fluid-loaded plates under tran-
sient forces with simulations for clamped steel plates.
Both aimed to link mechanical parameters with auditory
characteristics. Marquis-Favre and Faure [26] explored
the effect of boundary conditions on auditory attributes
of thin vibrating panels. Trollé et al. [27] studied the
impact of structural parameters of a window on envi-
ronmental noise perception. They focused on structural
parameters and absorption for a system composed of a
plate and a cavity, and on optimizing vibroacoustic com-
putations for sound quality evaluation [28]. McAdams
et al. [29] simulated sound sources and impacts to relate
perceptual dimensions to physical properties. Hjortkjær
and McAdams [30] analyzed auditory attributes and
categorization of sounds from various materials.

Knowledge from isotropic panels offers a useful foun-
dation, but it is insufficient to capture the structural and
material complexities of composite panels. Vibroacous-
tic modeling of composites like sandwich panels requires
higher-order models to address their anisotropic, lay-
ered structures and the interactions between facesheets,
core, and varying physical properties (e.g., see [31]). The
current research advances previous studies on compos-
ite panels by integrating psychoacoustic considerations.
Building on validated vibroacoustic models (see [31, 32]),
a framework was propose in the current study to enhance
sound quality of composite panels through three steps:
sound synthesis from vibroacoustic models, perceptual
validation of the sound synthesis, and design optimiza-
tion. In the first step, sounds were synthesized using
physical models developed in frequency domain and val-
idated through laboratory vibroacoustic experiments in
previous works (see [31, 32]). Since these models and
the associated synthesis were intended for psychoacous-
tic assessment of composite panels, their perceptual val-
idation was also necessary. Hence, in the second step, a
psychoacoustic test was conducted to validate the synthe-
sized sounds (thus, to validate the models) from the per-
ceptual point of view. Once confirmed as physically and
perceptually reliable, the modeling was used in the third
step to synthesize sounds for various composite panel
designs. Figure 1 illustrates the thick composite sand-
wich panel, with a Nomex-honeycomb core and CFRP
face sheets, studied by AllahTavakoli et al. [31], which
served as the inspiration for the designs investigated in
the current research. This part of the research investi-
gates two distinct excitations: a mechanical excitation
with a localized force on the panel, and a diffuse acoustic
field excitation, which applies a spatially uniform sound
field. The mechanical excitation excites some structural
vibrations, while acoustic excitation activates the entire
panel surface, affecting a wider range of frequencies of the
vibroacoustic behavior of the panel. This dual approach
ensures a comprehensive evaluation of the sound

radiated under different real-world conditions, such as
localized impacts or external noise sources. Finally,
another set of psychoacoustic test and analysis were con-
ducted for the two mechanical and acoustic excitations to
evaluate the designs and identify the optimal one based on
a psychoacoustic perspective. Figure 2 summarizes these
key steps of the current research. The paper is struc-
tured as follows: Section 2 presents the methodology of
the research, including the sound synthesis and the psy-
choacoustic tests. Section 3 covers the main results of
the research including the results of perceptual valida-
tion through psychoacoustic testing and analyses, com-
paring the synthesized sounds (i.e., simulations) to audio
recordings, and the results associated with the design and
optimization step to assess composite panel designs and
find the optimal ones with the best preference. Finally,
Section 4 discusses key findings and concludes the paper.

2 Methodology

The methodology in this paper consists of three main
steps: sound synthesis, perceptual validation, and design
and optimization of the composite panels. Each step
involves specific approaches, tests, and analyses that
prepare the requirements for the subsequent steps.

2.1 Sound synthesis

Sound synthesis was based on the mathematical mod-
eling of the acoustic pressure field radiated by vibrating
composite panels under mechanical and diffuse acoustic
excitations. The modeling of the vibrating panels was
consistent with established approaches. For thin compos-
ite and isotropic plates (e.g., laminates, steel, and alu-
minum), a fourth-order Kirchhoff-Love model was used,
as shear deformation is negligible. For sandwich com-
posites, a sixth-order model captured transverse shear
for accurately modeling thick, multilayered panels. The
models have been vibroacoustically validated through
laboratory experiments, demonstrating strong agreement
between simulations and measurements (see [31, 32]),
which is summarized below. Consider a vibrating rect-
angular composite panel of dimensions a × b. Under
the Kirchhoff-Love hypothesis, and neglecting transverse
shear and rotary inertia, the transverse displacement w
satisfies a fourth-order partial differential equation (PDE)
used for modeling thin composite plates as follows (e.g.,
[4, 33]):

D11
∂4w

∂x4
+ 2(D12 + 2D66)

∂4w

∂x2∂y2
+D22

∂4w

∂y4

+M
∂2w

∂t2
= q(t, x, y) (1)

where (x, y) ∈ [0, a]× [0, b], t is the time, D11, D22, D12,
and D66 are the bending rigidity coefficients, ρ is the
mass density, h is the thickness, M = ρh is the mass per
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Figure 1. The thick composite sandwich panel with a Nomex-honeycomb core and CFRP face sheets, studied by AllahTavakoli
et al. [31], from which the designs of the composite panel in the current research was inspired.

Figure 2. Overview of the steps of the psychoacoustic framework developed for enhancing the sound quality of vibrating
composite panels.

unit area, and and q is the external force. However, in
composite panels like sandwiches, where shear effects are
significant, the equations of motion may be higher-order
problems, such as the sixth-order problem incorporating
shear effects, as shown below (e.g., [31, 34]):

Dt∇6w −Dtǵ(1 + Y )∇4w +M
∂2

∂t2
(
∇2w − ǵw

)
= ∇2q − ǵq (2)

where ∇6(•) = ∇2(∇2(∇2(•))), ∇4(•) = ∇2(∇2(•)),
∇2(•) = ∂2(•)

∂x2 + ∂2(•)
∂y2 is the Laplacian operator,

ǵ = 2G(1 − v2)/Efhfhc is the shear parameter, G is
the shear modulus, Y = 3(1 + hc/hf )2 is the geometric

parameter, Dt is the total flexural rigidity, Ef is Young’s
modulus, ν is the Poisson’s ratio, M = ρh is the mass per
unit area, ρ is the mass density, hf and hc are the thick-
nesses of the face sheet and core layer, h = 2hf +hc is the
total thickness [35]. Consequently, having the transverse
displacement w (flexural vibration), Rayleigh integration
can be employed to model the acoustic pressure radiated
by the vibrating composite plate in a fluid half-space as
follows (e.g., [36]):

p (x, y, z;ω) = Ray (w (x, y, z;ω))

= −ω2ρ0

∫∫
S

w (x′, y′)
eikR

2πR
dS′ (3)
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where Ray is the Rayleigh integration operator. The
panel is embedded within a rigid baffle, and the acous-
tic pressure is considered to be radiated from the panel
into a fluid half-space z > 0. The pressure field at any
location (x, y, z) is denoted by p(x, y, z;ω), where ω is
the angular frequency, and ρ0 represents the air density.
The differential surface element of the plate is defined
as dS′ = dx′ dy′, the wave number is k = ω

c0
, where c0 is

the speed of sound in air, and the distance between points
is expressed as R =

√
(x− x′)2 + (y − y′)2 + z2.

Also, when the panel is excited by a random pressure
field excitation such as the diffuse acoustic field (DAF),
the power spectrum of the sound pressure Sp at the loca-
tion (x, y, z) can be modeled via the Rayleigh integration
as follows (cf. [32, 37]):

Sp (x, y, z;ω) =
∑
n≥0

∑
ń≥0

Ray(ψn)Ray(ψń)Hn(ω)H ń(ω)

× Spe
(ω)Inń(ω) (4)

Inń(ω) =
∑

(x,y)∈S

∑
(x́,ý)∈S

ψn(x, y)ψn(x́, ý)

× C(x, y; x́, ý;ω) (5)

where · denotes the complex conjugate, C(x, y; x́, ý;ω) is
the correlation function of the random pressure field exci-
tation, Spe

is the power spectrum of the random excita-
tion, and {Hn} and {ψn} are, respectively, the frequency
response function and mode functions of the vibrating
panel (see [32, 38]).

Figure 3 illustrates the setups of the vibroacous-
tic experiments. The mechanical excitation experiment
was conducted using a laser vibrometry system with a
spectrum analyzer, signal generator, shaker, transducer,
microphone, and laser vibrometer [31]. For the DAF exci-
tation, an acoustic cabin with four speakers and a micro-
phone antenna was used to generate and monitor the
acoustic field inside the cabin, while a microphone out-
side the cabin recorded the sound from the vibrating plate
[32].

The experimental setups, for both the mechanical
and acoustical excitations with white noise stochastic
behavior, satisfy key assumptions for using the Rayleigh
method, including anechoic boundaries in the anechoic
chamber, and a controlled diffuse sound field in an acous-
tic cabin for producing the acoustic excitation. The com-
pliance with the requirements of the method was verified
by comparisons between simulations and measurements
of the sound pressure level, thanks to vibroacoustic exper-
iments carried out with mechanical and DAF excitations
(cf. [31, 32]). Audio recordings of sound radiation from the
vibrating panels were also realized during these vibroa-
coustic experiments in the perspective of the perceptual
validation of the vibroacoustic models and the associated
synthesis.

The measurements were acquired in the frequency
range [3.125 Hz, 10 kHz] for the mechanical excitation,
and in the frequency range [1 Hz, 10 kHz] for the acoustic
excitation. The boundary conditions of the panels were

clamped, and all sound recordings from the vibrating
plates, for both excitation types, were made 50 cm from
the midpoint of the vibrating plates. For these excita-
tions and frequency range, the measurement points were
positioned between the near field and far field. Due to the
white noise stochastic behavior of the two excitations, the
pressure measurements remained stable and repeatable,
indicating no influence of potential near-field phenomena.
This was confirmed by the good comparison between sim-
ulated and measured pressures (cf. [31, 32]). Finally, the
synthesized sounds were produced by computing the com-
plex sound pressure in the frequency domain using the
Rayleigh integral (see Eqs. (3) and (4)). These results cor-
respond to the discrete Fourier transform (DFT) of the
time-domain pressure signal. The inverse Fourier trans-
form was then used to reconstruct the time-domain signal
from the DFT coefficients over an arbitrary time inter-
val [39], assuming periodicity and spectral band limita-
tion, which are valid here due to the stationary nature
of the signals and the broadband characteristics of the
excitations. For the studied vibrating panels, the acous-
tic energy was concentrated at resonance frequencies sig-
nificantly higher than the lower bound of the frequency
range, with the excitation bandwidth extending up to
10 kHz [31, 32]. No audible periodicity artifacts were
observed.

2.2 Perceptual validation

In this step, the psychoacoustic test was conducted
to validate the sound synthesis carried out for various
material panels, including composite Nomex-core sand-
wich, CFRP laminate, aluminium composite plate, and
steel and aluminium isotropic plates.

2.2.1 Psychoacoustic test

The psychoacoustic test consisted of three sessions.
Session 1 dealt with sounds from plates excited by the
mechanical point force, Session 2 concerned sounds from
plates excited by the DAF, and Session 3 was linked to
the objective of optimizing the maximum frequency used
for the simulations based on perceptual factors. Session 3
helped us to avoid unnecessary computational effort by
eliminating high-frequency components that do not sig-
nificantly impact the assessment of the panel sounds from
a perceptual point of view.

Participants: They were students and staff from
ENTPE, the engineering school on the campus site.
They declared to have normal hearing, and they were
compensated for their participation. In all the psychoa-
coustic tests of the current research, an informed con-
sent was obtained from all participants in accordance
with the Declaration of Helsinki. As the study posed
no medical, psychological, or ethical risks, ethics com-
mittee approval was not required under national law
and the institutional ethical standards. For the step of
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Figure 3. The set-up diagram of (a) the mechanical excitation experiment with a laser vibrometer, spectrum analyzer, signal
generator, microphone, and shaker (see [31]), and (b) the diffuse acoustic excitation experiment with an acoustic cabin, four
speakers, a 4-microphone array inside the cabin, and a microphone outside (see [32]).

the perceptual validation, the test involved 40 partici-
pants (23 females, 17 males, aged 18–61 yrs, average age
28.9 yrs, SD 12.8 yrs).

Apparatus: The sounds were reproduced using
Sennheiser HD600 headphones and a LynxTWO sound
card. As specified by the manufacturers, the headphones
can accurately reproduce sound from 12 Hz to 39 kHz,
while the sound card, with 192 kHz sample rate support,
which ensures precise playback, and makes them well-
adapted for the listening test. The test was performed
in a quiet room at ENTPE with 24 dB(A) background
noise. A MATLAB-based interface was developed for
participants to acquire their responses. Prior to the
listening test, sound reproduction levels were adjusted
using a Cortex Manikin MK2 to ensure participant
comfort by considering the same decrease in global SPL
and keeping the differences observed between the initial
simulations.

Stimuli: In Session 1, eight stimuli were used, involv-
ing both synthesized (simulated) and the corresponding
recorded sounds from four material plates (steel, alu-
minum, composite laminate, and composite sandwich)
with dimensions 40 cm × 60 cm under mechanical exci-
tation (cf. Fig. 3a, for the vibroacoustic experiment and
modeling, see [31]). Session 2 included six stimuli, simu-
lated and the corresponding recorded sounds from three
plates (aluminum, steel, and composite aluminum) with
dimensions 33.9 cm × 29.2 cm under acoustic excitation
(cf. Fig. 3b, see [32]). The panel geometries were chosen
to fit the size constraints of the measuring windows in
the anechoic chamber and acoustic cabin available for the
vibroacoustic experiments. Session 3 involved seven syn-
thesized stimuli with different cutoff frequencies to deter-
mine the optimal maximum frequency for simulations.
Table 1 displays all the stimuli with the mean A-weighted
sound pressure level (SPL) and the properties of panels
and simulations. Frequency resolutions were 3.125 Hz for
Sessions 1 and 3, and 1 Hz for Session 2. The maximum
frequency for all computations was 10 kHz, with specific

cutoffs in Session 3 (2 kHz to 7 kHz in 1 kHz increments,
see Tab. 1). All stimuli lasted 3 s, with fade-ins and fade-
outs of 0.1 s to prevent playback clicks. The duration of
these stationary stimuli was fixed based on previous works
(e.g., [40]) and out of concern for listener fatigue.
Procedure: The listening test procedure used here was
based on a paired-comparison method, designed by pre-
vious studies [41, 42]. The paired-comparison method is
well-known to be highly discriminating, and the drawback
of this approach is its time consumption when dealing
with a large number of stimuli (e.g., see [43–45]). How-
ever, the limited number of stimuli per session in this
study (see Tab. 1) allowed for capturing all dissimilar-
ity judgments with this method and without excessive
participant fatigue. For N stimuli in each session, the
paired-comparison method, which also includes compar-
isons of the same stimuli in pairs, results in N(N+1)

2 paired
sounds as trials for each participant per session. Accord-
ingly, each participant was asked to judge 36, 21, and
28 trials of paired sounds for Session 1, Session 2, and
Session 3, respectively. Participants spent an average of
45 min on the psychoacoustic test, including instructions,
training, and judgments across three sessions. Sound
pairs and their arrangements were randomized to pre-
vent bias, and sessions were presented in a random order
to avoid methodological bias regarding excitation type
and maximum frequency. Each session began with train-
ing to familiarize participants with the sounds, proce-
dures, interface, and response scale. Participants rated
sound pairs on a 0 to 10 scale, from “Very similar” (0)
to “Very different” (10), with judgments recorded by the
interface. Participants were free to replay each pair as
often as needed. The test duration was approximately
45 min.

2.2.2 Data analysis

Classification: Classification and dendrograms were
used to identify outliers in participant-acquired datasets
of the psychoacoustic test. Outliers, differing significantly
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Table 1. The properties of stimuli: dimensions a × b, thickness h, bending stiffness D, Young’s modulus E, Poisson
ratio ν, surface mass density M , and loss damping factor η of vibrating panels. fM : cutoff frequency for simulation,
SPL: mean A-weighted sound pressure level. “S.”, “No.”, and “Exc.” denote session, stimulus number, and excitation
type. “Mech” and “Acous” refer to mechanical and acoustic excitations; “Mic” and “Sim” to microphone-recorded or
simulated stimuli.

S. No. Material Exc. Status a× b [cm] h [mm] D [Nm] E [GPa] ν M [Kg/m2] η SPL [dB(A)]

1 Steel Mech Mic 40× 60 0.85 11 200 0.29 6.37 0.0087 59.7
2 Aluminium Mech Mic 40 × 60 3 187 74 0.33 7.94 0.0158 59
3 Composite Laminate Mech Mic 40× 60 3.6 150 35 0.3 5.42 0.0451 58.3
4 Composite Sandwich Mech Mic 40× 60 13.9 1034 4.2 0.3 1.92 0.0916 59.5
5 Steel Mech Sim 40 × 60 0.85 11 200 0.29 6.37 0.0087 60.3
6 Aluminium Mech Sim 40× 60 3 187 74 0.33 7.94 0.0158 58.8
7 Composite Laminate Mech Sim 40 × 60 3.6 150 35 0.3 5.42 0.0451 58.9

1

8 Composite Sandwich Mech Sim 40× 60 13.9 1034 4.2 0.3 1.92 0.0916 59.4
1 Steel Acous Mic 33.9 × 29.2 2 64 210 0.29 11.70 0.005 58.8
2 Aluminium Acous Mic 33.9 × 29.2 5 938 80 0.33 12.50 0.02 59.4
3 Composite Aluminium Acous Mic 33.9 × 29.2 2 40 54 0.3 4.40 0.01 57.8
4 Steel Acous Sim 33.9 × 29.2 2 64 210 0.29 11.70 0.005 58.3
5 Aluminium Acous Sim 33.9 × 29.2 5 938 80 0.33 12.50 0.02 59.1

2

6 Composite Aluminium Acous Sim 33.9 × 29.2 2 40 54 0.3 4.40 0.01 59.1
1 Composite (fM : 10 kHz) Mech Sim 40× 60 13.9 1034 4.2 0.3 1.92 0.0916 59.4
2 Composite (fM : 2 kHz) Mech Sim 40× 60 13.9 1034 4.2 0.3 1.92 0.0916 59.8
3 Composite (fM : 3 kHz) Mech Sim 40× 60 13.9 1034 4.2 0.3 1.92 0.0916 59.4
4 Composite (fM : 4 kHz) Mech Sim 40× 60 13.9 1034 4.2 0.3 1.92 0.0916 59.7
5 Composite (fM : 5 kHz) Mech Sim 40× 60 13.9 1034 4.2 0.3 1.92 0.0916 58.4
6 Composite (fM : 6 kHz) Mech Sim 40× 60 13.9 1034 4.2 0.3 1.92 0.0916 58.3

3

7 Composite (fM : 7 kHz) Mech Sim 40 × 60 13.9 1034 4.2 0.3 1.92 0.0916 59.3

from the dataset, might not fit into clusters or could form
isolated clusters with high score differences. The objec-
tive was to ensure consensus in participant judgments
before analyzing stimulus dissimilarities. Ascending Hier-
archical Classification (AHC), following previous works
[41, 42], used linear Bravais–Pearson correlation to mea-
sure dissimilarity between participant responses. Aggre-
gation methods examined included Single, Complete,
Average, Weighted, Centroid, Median, and Ward link-
age, with cophenetic and Goodman–Kruskal coefficients
evaluating method adequacy (see [46–48]). The method
selected was the one which maximized the cophenetic and
Goodman–Kruskal correlation coefficients. Then, from
the obtained dendogram, the quality index was calcu-
lated to determine the optimal number of classes (e.g.,
[42, 49]). This final step allowed to point out potential
outliers.

Multidimensional scaling: To analyze stimuli dis-
similarities and visualize the stimuli in a perceptual
space, Individual Differences Scaling (INDSCAL) was
used, an MDS algorithm for examining variable rela-
tionships based on individual judgments (see [50–53]).
INDSCAL reveals perceptual dimensions which may be
explained by auditory attributes. The algorithm uses the
formula:

di
jk =

[
N∑

n=1

wi
n (xjn − xkn)2

] 1
2

. (6)

Here, di
jk is the dissimilarity between stimuli j and k

for participant i, N is the dimensionality of the stimu-
lus space, xjn is the coordinate of stimulus j on the nth
dimension, and wi

n is the participant’s weight for that

dimension. INDSCAL outputs include a matrix of stim-
ulus coordinates X = [xjn] and a matrix of participant
weights W = [wi

n] [52]. We used MATLAB for INDSCAL
analysis on dissimilarity data from the three psychoa-
coustic test sessions. Determining the optimal number
of dimensions was critical for model accuracy and com-
plexity. Herein, the L-Curve method was used to balance
these factors, employing Scree plots to visualize the trade-
off between these two factors (see [53–55]). The L-Curve
method, developed for parameter selection in ill-posed
problems [56], helps find the point of maximum curva-
ture to optimize multiple objectives [57]. This method
indicates the number of dimensions that strike a balance
between effective reconstruction (i.e., accurate calculation
of dissimilarity) and complexity in the problem-solving
process (i.e., number of dimensions) (e.g., see [56]). In
addition, the confidence interval for each stimulus, rep-
resented as a 2D error ellipse in the perceptual space, as
been determined using the bootstrap technique at a 95%
confidence level (see [58]).

2.3 Design and optimization

Continuing from the perceptual validation of the
modeling of composite panels discussed in the previous
section, this step focused on the perceptual aspects of
designing and optimizing vibrating composite panels. We
first designed composite panels and synthesized their cor-
responding sounds, based on the model vibroacoustically
validated through laboratory experiments [31] and also
perceptually validated following the method described in
Section 2.2. Then, a psychoacoustic test was conducted
to assess the synthesized sounds of the designs from a
perceptual standpoint.
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Table 2. The composite sandwich panel parameters, tested in vibroacoustic experiments by AllahTavakoli et al. [31]:
dimensions a × b, face sheet thickness hf , core thickness hc, and Dt, Ef , G, ν, and η represent the total bending
stiffness, Young’s modulus of face sheets, core shear modulus, Poisson ratio, and loss damping factor, respectively.

Geometrical parameters Mechanical parameters

Parameters a [cm] b [cm] hf [mm] hc [mm] Dt [Nm] Ef [GPa] G [MPa] ν η
Values 40 60 0.2 13.5 1034 50.12 71.17 0.3 0.0916

Table 3. The properties of the sandwich panels, designed based on the reference values given in Table 2. Also, Eequi,
M , Dt/M denote, respectively, the equivalent Young modulus, total surface mass density, and stiffness-to-mass ratio.

Geometrical parameters Mechanical parameters Equivalent parameters
hf [mm] hc [mm] Ef [GPa] G [MPa] η Dt [Nm] Eequi [GPa] M [kg/m2 y] Dt/M [Nm3/kg]

Design 1 0.2 13.5 30 71.17 0.0916 619 2.52 1.91 324
Design 2 0.2 13.5 70 71.17 0.0916 1444 5.87 1.91 756
Design 3 0.2 13.5 50.12 20 0.0916 1044 4.25 1.04 1003
Design 4 0.2 13.5 50.12 80 0.0916 1076 4.38 2.14 504
Design 5 0.2 13.5 50.12 71.17 0.02 1034 4.20 1.91 542
Design 6 0.2 13.5 50.12 71.17 0.06 1034 4.20 1.91 542
Design 7 1.1 13.5 50.12 71.17 0.0916 6469 18.25 4.95 1307
Design 8 2 13.5 50.12 71.17 0.0916 13 305 27.11 7.99 1665
Design 9 0.2 6 50.12 71.17 0.0916 212 8.82 1.22 173
Design 10 0.2 18 50.12 71.17 0.0916 1825 3.20 2.32 787

2.3.1 Designs

According to [31], an updated model for composite
sandwich panels with CFRP face sheets and a Nomex
honeycomb core has been developed and physically val-
idated. The method described in Section 2.2 aimed at
validating this model from a perceptual point of view.
After its perceptual validation, the model can be used
to explore various designs with mechanical and geometri-
cal characteristics from a perceptual perspective. Table 2
lists the parameters of the composite sandwich specimen
tested in the vibroacoustic experiments of the previous
study [31]. Using these as reference values (cf. Tab. 2),
the parameters were organized for 10 composite panel
designs as shown in Table 3. The parameter ranges were
aligned with the reference values and based on recent
studies (e.g., [59–67]). In Table 3, parameter variations
are independent except for the equivalent parameters
– total bending stiffness Dt, equivalent Young modulus
Eequi, total surface mass density M , and stiffness-to-mass
ratio Dt/M , which are derived from the other parame-
ters. Bending stiffness is calculated using laminate the-
ory and the stiffness matrix, with Eequi derived from
Dt = Eequih

3/12/(1 − ν2), where h = 2hf + hc is the
total panel thickness and ν is the Poisson ratio. Figure 1
presents the geometrical configuration of the composite
sandwich panel.

For vibroacoustic modeling of the composite sandwich
panel, the updated 6th order model was used to com-
pute the plate vibratory field [31]. The Rayleigh integra-
tion in the frequency domain is then used to model the
sound pressure field at 50 cm from the panel and syn-
thesize the sounds (cf. Sect. 2.1). The simulation con-
ditions matched those in the experiments described in
Figure 3.

2.3.2 Psychoacoustic test

Herein, to conduct the psychoacoustic test aimed at
evaluating the composite sandwich panel designs, we
adhered to similar protocols and procedures employed in
Section 2.2 for the perceptual validation. Additionally,
the current test incorporates preference score measure-
ments.

Participants: A total of 40 participants, 22 females
and 18 males, from 19 to 63 years (mean = 35.8 yrs,
SD = 15.3 yrs), were involved in the test. They were from
students and staff from the ENTPE. All participants
were engaged in every test session, and received com-
pensation for their involvement in the psychoacoustic
test. This study followed the standards of the Declara-
tion of Helsinki (cf. Sect. 2.2). Prior to experiment, each
participant confirmed their normal hearing abilities and
provided written consent for their participation.

Apparatus: The instrument set-up for this psychoa-
coustic test was similar to the apparatus described in
Section 2.2.

Stimuli: For the 10 composite sandwich panel designs,
the psychoacoustic test was carried out in two distinct
sessions, each with a specific excitation (cf. Fig. 3). For
Session 1, our focus was to assess the preference and psy-
choacoustic qualities of these designs when subjected to
the mechanical excitation. Session 2 involved assessing
the designs, subjected to the diffuse acoustic field excita-
tion. Figure 4 illustrates the spectra of the sound pres-
sure level for stimuli 8 and 9, corresponding to the designs
with the highest and lowest values of total bending stiff-
ness Dt, respectively (cf. Tab. 3). Also, Table 4 presents
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Figure 4. The SPL spectra for stimuli 8 and 9, corresponding to designs with the highest and lowest values of total bending
stiffness Dt, respectively, under mechanical (labeled as “Mech”) and acoustic (labeled as “Acous”) excitations.

the overall sound pressure levels in dB(A) for the synthe-
sized sounds corresponding to the different designs, con-
sidering both mechanical and acoustic excitations. Akin
to the procedures in Section 2.2, stimuli were adjusted
using the Cortex Manikin MK2 to ensure participant
comfort. Hereafter, Sessions 1 and 2 shall be referred to
as the “mechanical session” and the “acoustic session”,
respectively.
Procedure: To assess designs through psychoacous-
tic test, the paired-comparison method outlined in
Section 2.2 was employed. In the current test, dissimi-
larity ratings and preference scores were collected. For
10 stimuli in each session, the paired-comparison method,
which also includes comparisons of the same stimuli in
pairs, results in 10(10+1)

2 = 55 paired sounds as trials
for each participant per session. The presentation order
of sound pairs and their arrangement were randomized.
Moreover, sessions were also presented in random order,
each beginning with on-screen instructions and a training
part to familiarize participants with sounds and the inter-
face. Each session involved listening to sound pairs. The
participants were asked to assess the difference between
the sounds on a continuous scale from 0 to 10, 11 numer-
ical labels evenly spaced out and 2 with verbal descrip-
tors (“Very similar” and “Very different”). Preference was
measured dichotomously by asking, “Which sound do you
prefer? Sound1 or Sound2?”. The test, covering instruc-
tions, training, and judgments in two sessions, averaged
45 min.

2.4 Data analysis

Classification: The classification was performed for
identifying outliers following the analysis described in
Section 2.2.2.

Multidimensional scaling: The INSCAL algorithm,
described in Section 2.2.2, was also used in order to assess
the perceptual space of the stimuli of the different designs.

Preference score: Preference judgments acquired from
the participants were transformed into preference scores
following Case V of Thurstone’s Law of Comparative
Judgments [68] which assumes uniform and uncorrelated
discriminal dispersions, allowing direct inference of pref-
erence scores from the proportion matrix (see [42, 69]).
So, the proportion matrix of the preference for n stim-
uli could be obtained by the following equations (see [24,
42]):

P =



p11 p12 · · · p1j · · · p1n

p21 p22 · · · p2j · · · p2n

...
...

. . .
...

. . .
...

pi1 pi2 · · · pij · · · pin

...
...

. . .
...

. . .
...

pn1 pn2 · · · pnj · · · pnn


,

pij =
Nij +

NDij

2

NS

pji =
Nji +

NDij

2

NS
= 1− pij . (7)

Nij denotes the frequency favoring the ith sound over the
jth sound, and NDij

represents instances where responses
rated the similarity between the ith and jth sounds as
“very similar”. Ns is the total number of participants.
The formula integrates dissimilarity and preference judg-
ments, reducing test duration and listener weariness.
The 95% confidence intervals on preference scores are
computed via bootstrap technique (see [42, 70]).
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Table 4. The sound pressure levels of the stimuli for the designed composite panels excited by the mechanical and
acoustic excitations, [unit: dB(A)].

Excitation Design 1 Design 2 Design 3 Design 4 Design 5 Design 6 Design 7 Design 8 Design 9 Design 10

Mechanical 56.3 55.3 55.7 55.8 56.3 55.7 55.6 55.4 56 56.4
Acoustic 53.4 52.8 51.9 52.8 53 52 52.1 52.3 53.8 52.4

Psychoacoustic indices: To objectively inter-
pret perceptual space dimensions and preference
scores, a psychoacoustic analysis was conducted with
psychoacoustic index calculation, and correlation anal-
ysis between the perceptual dimensions/preference and
psychoacoustic indices. The psychoacoustic indices were
calculated using dBSonic software (01dB-Metravib),
including loudness [sone], sharpness [acum], roughness
[asper], tonality [Hz], and fluctuation [vacil]. Zwicker’s
loudness calculation followed ISO532B and DIN 45631
standards [71, 72], yielding comparable results to
Artemis software based on ISO532-1 (2017) [73]. Loud-
ness was converted to Loudness level using the Zwicker
ISO 532-1:2017 standard [74]1. Tonality adhered to
DIN 45681-2002 standards, while sharpness, roughness,
and fluctuation strength were determined using models
by Aures [75, 76]. Additionally, the spectral center of
gravity (SCG) was computed, based on spectral centroid
(SC) in Hz, using MATLAB (e.g., see [42, 77]), reflecting
timbre brightness. Linear regression analyses were then
conducted to explore relationships between psychoacous-
tic indices, perceptual dimensions, and preference scores
for both mechanical and acoustic excitations.

Optimal design analysis: Finally, the question of
identifying optimal designs arose. From a perceptual
standpoint, based on the preference scores from both
mechanical and acoustic sessions, optimal designs were
those that have maximum values of these two types of
preference scores as two objectives of the problem. Thus,
the problem might be framed as a two-objective max-
imization, where the Pareto Front method can visually
offer a set of optimal solutions. In multi-objective opti-
mization, the Pareto Front represents a set of solutions
where no alternative outperforms others across all objec-
tives. These non-dominated, Pareto-optimal solutions
encompass all feasible optimal choices for the problem
(e.g., see [78, 79]).

3 Results

3.1 Perceptual validation

First, the classification was performed for identifying
outliers among the participants. Hence, across three test
sessions of the perceptual validation step, the average

1 In addition to loudness level, the base-10 logarithm of
loudness was also analyzed, yielding similar conclusions to the
ones obtained with loudness level.

linkage method had the highest coefficients and was thus
recommended for the AHC (cf. Sect. 2.2.2). The qual-
ity index indicated two classes for each dendogramm,
revealing one outlier (cf. [80]). Thus the participant,
identified as an outlier, was excluded based on dendro-
gram results. Also, the INDSCAL algorithm was used for
visualizing the perceptual space for the three sessions.
L-curve method [81] allowed to identify 2 dimensions
of the perceptual spaces as optimal for balancing accu-
racy and complexity [82]. The obtained perceptual spaces
display the similarity between all the stimuli including
the recorded and simulated sounds (Figs. 5–7). A 95%
confidence ellipse was calculated for each stimulus using
the bootstrap method [58] with 1000 replications, as
detailed by Trollé [42]. These ellipses represent multi-
variate confidence intervals in 2D space, emerged from
robust statistical hypothesis tests with the F -distribution
or Chi-squared distribution [58, 83]. The respective per-
ceptual spaces from sessions 1 and 2 (Figs. 5 and 6) show
that simulated stimuli positions are close to recorded
ones. If simulated stimuli fall within the 95% confidence
intervals of the recorded stimuli and vice versa, from
the statistical point of view it indicates that the math-
ematical model matches real measurements with 95%
certainty.

3.1.1 Session 1: Mechanical excitation

Figure 5 shows the perceptual space for mechani-
cally excited panels. The simulated and recorded stim-
uli closely align within 95% confidence intervals. The
simulations used the modeling approach from [31], val-
idating its effectiveness for composite sandwich panels.
Similar agreement was found for composite laminate and
steel panels. However, participants struggled to differen-
tiate between laminate and aluminum stimuli, likely due
to similar mechanical parameters as shown in Table 1.
Despite this, the simulated and recorded stimuli for the
laminate panel and aluminum panel remained within
their respective confidence ellipses. The authors’ audi-
tory observations, based on qualitative listening to the
stimuli, revealed notable patterns that included a tran-
sition from loud to soft sounds along Dimension 1 and
a shift from treble to bass along Dimension 2, espe-
cially between aluminum and composite, and aluminum
and steel plates. The number of stimuli was insufficient
for a correlation analysis between perceptual dimensions
and psychoacoustic indices to statistically validate the
auditory assessment.
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Figure 5. The perceptual space of Session 1 for the mechanically-excited panels: the positions of stimuli in the perceptual
space with their 95% confidence ellipses.

3.1.2 Session 2: Acoustic excitation

Figure 6 displays alignment between simulated and
recorded stimuli for acoustically excited panels. The com-
posite and steel panels have closely positioned stimuli
within 95% confidence ellipses. In contrast, the stimuli
of aluminum panel were distant, likely due to its greater
thickness and the corresponding limitations of the 4th
order model used for modeling this isotropic plate. Such
a limitation was not observed for the thin steel panel (see
Fig. 6). The composite panel was modeled using the 6th
order model. Auditory observations, which was based on
qualitative listening to the stimuli, were similar to those
in the mechanical excitation session, with Dimension 2
showing a bass to treble transition, though less distinct.
Larger error ellipsoids (Fig. 6) indicated that participants
found it harder to differentiate stimuli compared to the
mechanical session (Fig. 5).

Hence, considering the larger error ellipsoids, we
observed that stimuli under acoustic excitation showed
slightly less separation compared to those under mechani-
cal excitation. This is attributed to the broader excitation
of multiple structural modes, which smooths perceptual
differences. In contrast, mechanical excitation, being
more localized on the panel surface, activates specific
modes and leads to greater perceptual differentiation.

3.1.3 Session 3: Cutoff frequency

Figure 7 shows how the maximum frequency (cutoff
frequency) affects the perception of simulated sounds.
Increasing the cutoff frequency aligns the stimuli with the
reference simulation (labeled “Composite (Sim)”) until
it reaches 7 kHz. The reference simulation is the simula-
tion with maximum frequency 10 kHz used in Session 1
(labeled “Composite (Sim)”), which closely matches the
real recorded stimulus (“Composite (Mic)”) (see Fig. 5).

Thus, a cutoff of 7 kHz was chosen for next simula-
tions, supported by the high similarity between the
7 kHz simulation and the reference one within 95% con-
fidence ellipses (see Fig. 7). Furthermore, in Session 3,
although the L-Curve method suggested a 2D percep-
tual space, a 1D space was also explored due to the sin-
gle parameter (cutoff frequency) being manipulated. The
1D space mirrored Dimension 1 of the 2D space with
similar conclusions about stimulus differences within the
95% confidence interval. Dimension 1 appeared related to
the transition from treble to bass sounds, as seen when
comparing stimuli with cutoff frequencies of 7 kHz and
2 kHz.

3.2 Design and optimization

First, following the classification method described
in Section 2.4, AHC was considered to detect poten-
tial outliers among participants who participated in the
two sessions of the psychoacoustic test for the design
optimization. The average linkage method consistently
yielded the highest cophenetic and Goodman–Kruskal
correlation coefficients [46–48] across both test sessions.
Using this method, dendrograms for dissimilarity and
preference judgments were obtained in each session. The
quality index [49] indicated 2 classes for each dendogram,
revealing then the outliers (cf. [80]). In the mechanical
session, participants 12 and 31 formed a distinct cluster,
while in the acoustic session, participant 12 was identified
as an outlier. These results indicate significant response
deviations, leading to the exclusion of participants 12 and
31 from the mechanical session and participant 12 from
the acoustic session.
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Figure 6. The perceptual space of Session 2 for the acoustically-excited panels: the positions of stimuli in the perceptual space
with their 95% confidence ellipses.

Figure 7. The perceptual space of Session 3 for simulations with varied cutoff frequencies: the positions of the stimuli in the
perceptual space and their corresponding 95% confidence interval ellipses.

3.2.1 Perceptual space

As described in Section 2.4, the INDSCAL algo-
rithm was utilized to analyze the dissimilarity data
collected during the two sessions of the psychoa-
coustic test (see [50–53]). The L-curve method was
employed to determine the optimal number of dimen-
sions within the perceptual space. According to the
L-curve results, the number of dimensions was 2 for both
sessions.

Figures 8 and 9 corresponding to the mechanical and
acoustic sessions display the stimuli in the perceptual
spaces with 95% confidence intervals (cf. Sect. 3.1).

3.2.2 Preference score

Figures 10 and 11 show mean preference scores for
mechanical and acoustic sessions, with respective 95%
confidence intervals. Design 2 stands out with the high-
est preference score in the mechanical session, while
Designs 7 and 8 excel in the acoustic session. According to
Figures 10 and 11, differences in preference ratings are
due to the distinct nature of the excitations. The mechan-
ical excitation, being localized, activates specific modes
(cf. Fig. 4), leading to tonal contrasts and greater per-
ceptual differences between the sound radiation of some
designs (e.g., designs 7 and 8). Comparatively, acoustic
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Figure 8. The perceptual space corresponding to the mechanical excitation.

Figure 9. The perceptual space corresponding to the acoustic excitation.

excitation, being distributed on the panel surface, excites
a broader range of modes, resulting in less tonal contrasts
and less perceptual differences between sound radiations
of some designs (e.g., no perceptual differences between
designs 7 and 8).

3.2.3 Preference and perceptual dimensions

Analyzing data from each test session, a correlation
between preference score and a specific dimension in the
perceptual space was found. In the mechanical session, a
significant correlation was detected between preference
and the 2nd dimension (r = 0.88, p = 0.001). Con-
versely, in the acoustic session, preference showed a sig-
nificant correlation with the 1st perceptual dimension
(r = 0.96, p < 0.001).

3.2.4 Impression of stimuli along perceptual dimensions

Based on the authors’ personal listening to the stimuli
ranked along each perceptual dimension, variations in key
auditory attributes were observed. In the mechanical ses-
sion, Dimension 1 was associated with a progression from
bass sounds to treble sounds. On the other hand, Dimen-
sion 2 showed a slight shift from loud to soft sounds. In
the acoustic session, Dimension 1 was primarily linked
to a shift from loud to soft sounds, while Dimension 2
reflected a transition from bass to treble sounds. Regard-
ing the auditory impression of preference, it was observed
that moving from the lowest to the highest of Dimension 2
was primarily associated with the least preferred to the
most preferred stimuli in the mechanical session. Simi-
larly, Dimension 1 in the perceptual space of the acoustic
session mirrored this preference trend.
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Figure 10. The preference scores of the designs in the mechanical excitation.

Figure 11. The preference scores of the designs in the acoustic excitation.

3.2.5 Analysis of psychoacoustic indices

In the perceptual space of the mechanical session,
Dimension 1 exhibited noteworthy correlations with
Sharpness and SC, as indicated by the statistical param-
eters (r = 0.70, p = 0.023) and (r = 0.78, p = 0.008),
respectively. Also, the statistical results demonstrated
that the preference for the stimuli in the mechanical
session exhibited a significant correlation with loud-
ness level, with statistical parameters (r = −0.83, p =
0.003). Although a notable correlation was observed
between preference and the second perceptual dimension

(as shown in Sect. 3.2.3), Dimension 2 did not reach a sig-
nificant correlation with loudness level in the mechanical
session (its statistical parameters for testing the correla-
tion were (r = −0.58, p = 0.077) despite the slight shift
from loud to soft detected when listening to stimuli along
this dimension.

Regarding the acoustic session, Dimension 1 showed
a significant correlation with loudness level, with the
statistical parameters (r = −0.93, p < 0.001). More-
over, Dimension 2 in the acoustic session displayed a
significant correlation with Sharpness, supported by the
parameters (r = 0.81, p = 0.005). On the other hand,
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the statistical results demonstrated that the preference
score in the acoustic session exhibited a significant cor-
relation with loudness level, with statistical parameters
(r = −0.93, p < 0.001). As mentioned in Section 3.2.3,
the preference exhibited a significant correlation with the
1st dimension of the perceptual space.

Furthermore, an examination of the relationship
between preference and the SPL[dB(A)] was conducted.
In the mechanical session, this correlation did not yield
statistically significant results, as indicated by the param-
eters (r = −0.19, p = 0.588). This result was expected
due to values in dB(A) for stimuli of this session (cf.
Tab. 4). The correlation between preference and loudness
level was due to the fact that most of the sounds radi-
ated by the vibrating composite panels have got energy
at low frequencies. Loudness and loudness level are well-
known to be better adapted to account for energy at low
frequency (cf. [84]). Conversely, during the acoustic ses-
sion, unlike the mechanical session, a statistically signifi-
cant correlation between preference and SPL [dB(A)] was
observed, supported by the parameters (r = −0.72, p =
0.018), and due to variations in dB(A) observed for stim-
uli of this session (cf. Tab. 4). However, it is important to
note that this correlation was weaker than the significant
correlation between preference and loudness level, and
mainly explained by the energy content at low frequencies
of the stimuli (cf. Fig. 4).

The above-mentioned statistical examination of the
correlation between preference and loudness level sug-
gests the possibility of constructing a linear model for
predicting the preference. Interestingly, our findings indi-
cated that the coefficients of this model appear to be
statistically consistent in each of the two independent
sessions involving the mechanical and acoustic excita-
tions. Such a linear model can take the form of the
following equation:

P (s) = αLN (s) + α0. (8)

Here, LN (s) represents the loudness level in phon accord-
ing to Zwicker’s calculation methods ISO532B and
ISO532-1:2017, and P stands for the preference score cor-
responding to the stimulus s. Tables 5 and 6 display
the coefficients derived for the aforementioned model,
corresponding to the mechanical and acoustic sessions,
respectively. These tables indicate that the coefficients of
the model in both sessions are statistically significant.
To compare the two models, preference scores for the
acoustic and mechanical sessions were cross-predicted.
Figures 12 and 13 are displaying the prediction quality
of the two preference models. According to these results,
using the mechanical preference model for both mechan-
ical and acoustic excitations can be proposed based on
these results of cross-validation of the models. When the
mechanical preference model was applied to the acous-
tic session, it demonstrated strong prediction accuracy,
with predicted preference scores closely matching the
measured ones. Conversely, the acoustic preference model
underperformed when applied to the mechanical session,
indicating a limited generalization ability. This suggests

that the mechanical preference model better captures key
perceptual and mechanical factors shared across both
types of excitation, making it a more robust option for
predicting preference.

3.2.6 Analysis of mechanical parameters

Analyzing the correlation between design parameters
(see Tab. 3), perceptual dimensions, and preference scores
presents complexities due to interdependencies and non-
linear relationships among the design parameters. Thus,
establishing a regression model between design parame-
ters and perceptual dimensions or preferences is challeng-
ing. However, regression analysis can identify key design
parameters influencing both preferences and perceptual
dimensions, aiding future composite panel design opti-
mization. The correlation analysis carried out for both
session data highlighted that the stiffness-to-mass ratio
(Dt/M) showed the strongest correlation with the first
perceptual dimension in both mechanical and acoustic
sessions, as well as the preference score in the acoustic
session ((r = 0.85, p = 0.002), (r = 0.90, p < 0.001),
(r = 0.85, p = 0.002), respectively).

According to the psychoacoustic analysis in
Section 3.2.5, for the mechanical session, Dimension 1
correlates with sharpness, while in the acoustic session,
it relates to loudness. The stiffness-to-mass ratio, defined
as the ratio of bending stiffness D to surface mass
density M , directly affects both amplitude and natural
frequency of the vibroacoustic response (cf. [31, 32]).
This parameter influences quantities related to amplitude
and energy, such as sound pressure and loudness levels.
Additionally, since the stiffness-to-mass ratio affects nat-
ural frequencies, its variation can shift these frequencies
and alter psychoacoustic indices like spectral centroid
(SC) and sharpness, which depend on energy distribution
across frequencies. Analyzing both sessions shows that
the mechanical excitation, Dimension 1 (connected to
the stiffness-to-mass ratio) links to sharpness and SC,
while in the acoustic excitation, it links to loudness and
sound pressure level (SPL). This is because acoustic
excitation affects all natural modes by applying to the
entire vibrating panel surface, allowing stiffness-to-mass
ratio variations to impact more natural frequencies, thus
influencing loudness and SPL more significantly than
point-wise mechanical excitation.

As a result, an investigation into the regression-based
statistical analyses between several physical parameters
and preference scores was also carried out, in order to
find a model of mechanical parameters for calculating the
preference scores. A suitable linear regression model was
identified for the acoustic session, while for the mechan-
ical session, no acceptable linear regression model could
be established. This led us to suspect the presence of non-
linear terms in the model. Subsequently, various nonlin-
ear regression models, including terms with a power of 2,
were explored for the mechanical session. The selection of
the most appropriate model for both sessions was based
on the highest adjusted coefficient of determination R2,
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Table 5. The statistical results for the regression model P (s) = αLN (s) + α0 between the preference and loudness
level for the mechanical session.

R2 (adjusted)
p-value Estimated coefficeints Standard deviations

Overall α0 α α0 α α0 α

0.66 0.003 0.002 0.003 8.211 −0.120 1.794 0.028

Table 6. The statistical results for the regression model P (s) = αLN (s) + α0 between the preference and loudness
level for the acoustic session.

R2 (adjusted)
p-value Estimated coefficeints Standard deviations

Overall α0 α α0 α α0 α

0.85 p <0.001 p <0.001 p <0.001 5.567 −0.078 0.699 0.011

Figure 12. Prediction quality of the acoustic preference model: the comparison of the measured preference scores of the
mechanical session with the one predicted by the acoustic model presented by Table 6, along with the 95% prediction intervals.

and ensured independence and physical meaningfulness
between the chosen parameters.

Tables 7 and 8 provide the regression models with the
respective significant coefficients. The regression analyses
in the both sessions showed that the preference scores
depend on the same mechanical parameters: stiffness-
to-mass ratio Dt/M and loss damping factors η (cf.
Tabs. 7 and 8).

Furthermore, to independently evaluate the correla-
tion between preferences and each of these parameters
(the stiffness-to-mass ratio Dt/M and loss damping fac-
tors η), partial correlation analyses were conducted. For
the session with mechanical excitation, the partial corre-
lation between the loss damping factor η and the prefer-
ence score was calculated, while controlling for the effects
of Dt/M and the nonlinear term (Dt/M)2. The esti-
mated partial correlation of η with the preference and
the corresponding p-value was (r = 0.86, p = 0.006).

Similarly, a partial correlation between the stiffness-to-
mass ratio Dt/M and the preference score was performed,
while controlling for the effects of η and the nonlin-
ear term (Dt/M)2, yielding the result (r = 0.89, p =
0.002). Likewise, for the session with acoustic excita-
tion, the partial correlation analyses were conducted to
obtain the partial correlations of Dt/M and η with pref-
erences. This was done while controlling for the effect
of one parameter on the correlation of the other. The
partial correlations of η and Dt/M were obtained equal
to (r = −0.80, p = 0.009) and (r = 0.95, p < 0.001),
respectively. In all these results, the partial correla-
tions were significant. They confirm the relevance of the
obtained regression models. Notably, the partial correla-
tion between the stiffness-to-mass ratio Dt/M and pref-
erence for the acoustic session showed an increase com-
pared to the value of the ordinary correlation mentioned
before.
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Figure 13. Prediction quality of the mechanical preference model: the comparison of the measured preference scores of the
acoustic session with the one predicted by the mechanical model presented by Table 5, along with the 95% prediction intervals.

Table 7. The regression model for preference P in the mechanical session in relation to the mechanical parameters
η, and Dt/M , where r is the correlation between the modeled and measured preference, and the model is defined as
P = α0 + α1η + α2Dt/M + α3(Dt/M)2.

R2 (adjusted)
p-value Estimated coefficients Standard deviations

Overall α0 α1 α2 α3 α0 α1 α2 α3 α0 α1 α2 α3 r

0.86 p < 0.001 0.02 p < 0.001 p < 0.001 p < 0.001 −0.304 5.290 0.001 −8.312E−07 0.102 0.009 2.569E−04 1.310E−07 0.94

Table 8. The regression model for preference P in the acoustic session in relation to the mechanical parameters η,
and Dt/M , where r is the correlation between the modeled and measured preference, the regression model is defined
as P = α0 + α1η + α2Dt/M .

R2 (adjusted)
p-value Estimated coefficients Standard deviations

Overall α0 α1 α2 α0 α1 α2 α0 α1 α2 r

0.87 p < 0.001 p < 0.001 0.01 p < 0.001 0.538 −3.443 3.93E−04 0.084 9.75E−01 5.10E−05 0.95

3.3 Optimal designs

Due to the distinct physical nature of mechanical and
acoustic excitations, uncorrelated preferences between
the two sessions were anticipated. Statistical analysis con-
firmed this lack of correlation (r = −0.22, p = 0.548).
Visualization of the Pareto front has proven effective in
identifying optimal solutions for independent objectives
(e.g., see [85]). Therefore, optimal designs were pursued
considering mechanical and acoustic preferences as two
separate objectives. Figure 14 shows the 10 designs tested
in the psychoacoustic assessment, highlighting Designs 2,
6, 7, and 8 as the optimal non-dominated solutions on the
Pareto Front. These designs consistently achieved higher
preference scores in both sessions. Upon closer examina-
tion of the Pareto Front (Designs 2, 6, 7, and 8) using
their 95% confidence intervals (cf. Fig. 14), Designs 2 and
6 show no significant difference in the acoustic session, but

Design 2 outperforms Design 6 in the mechanical session.
Similarly, while Designs 7 and 8 show no significant dif-
ference in the acoustic session, Design 7 surpasses Design
8 in the mechanical session. Thus, the Pareto Front iden-
tifies Designs 2 and 7 as the most optimal choices among
the other ones. Indeed, these two designs have different
mechanical parameters, and to determine the most suit-
able choice, their mechanical properties should be empha-
sized. Referring to Table 3, Design 7 exhibits a superior
stiffness-to-mass ratio, and in certain applications such
as aircraft or robotic structure design, this ratio holds
critical significance when selecting materials for struc-
tural components (e.g., see [86–89]). However, Design 2
is lighter than Design 7 (see Tab. 3). Furthermore, it is
worth noting that what makes these Pareto solutions,
namely Designs 2 and 7, particularly noteworthy is how
they vary depending on the characteristics of the face
sheets during the design phase. Design 2 aimed to be
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Figure 14. The Pareto Front: the graph shows the Pareto optimal solutions (on the red dash-dot line) in 2D, illustrating the
preference scores for mechanical and acoustic sessions, displaying the preference scores of 10 designs and their 95% confidence
intervals.

linked to the influence of Young’s modulus of the face
sheets Ef , while Design 7 aimed to be linked to the effect
of face sheet thickness hf , where Designs 2 and 7 have the
highest values of Ef and hf , respectively. These Pareto
results underscore the substantial impact of face sheet
characteristics in composite sandwich panel design (cf.
Tab. 3 and Fig. 14).

4 Conclusion and discussion

This research makes two key contributions: first, per-
ceptual validation of vibroacoustic modeling for com-
posite panels, and second, optimization of composite
sandwich design from an auditory perspective. Essential
psychoacoustic processes for accurate panel modeling and
simulations (i.e., sound synthesis) were introduced, and
simulations were validated through psychoacoustic anal-
yses. For this purpose, three psychoacoustic test sessions
in the perceptual validation step, focused on mechani-
cal excitation, acoustic excitation, and optimizing sim-
ulation maximum frequency, used pairwise comparisons
to measure dissimilarities between recorded and sim-
ulated stimuli. Then the INDSCAL multidimensional

scaling algorithm was used to analyze the perceptual
dissimilarities between the synthesized sounds and
laboratory-recorded sounds, and thereby to perceptually
validate the vibroacoustic models [31] used for sound
synthesis. The third session optimized computational
efficiency, recommending 7kHz as the maximum per-
ceptually relevant frequency, supporting prior research
(see [28, 90, 91]) on balancing computational cost with
perceptual fidelity.

Following the validation of the vibroacoustic models
from a psychoacoustic perspective, the research focused
on perception-based design and optimization of vibrat-
ing composite panels. Using the validated model, various
designs were simulated for both mechanical and acous-
tic excitations, resulting in two psychoacoustic test ses-
sions. Participants provided judgments on dissimilarity
and preference. Perceptual spaces were created using the
INDSCAL algorithm. The preference scores were corre-
lated to the perceptual dimensions. Correlation analy-
ses showed how psychoacoustic indices influenced pref-
erences, particularly loudness, which had the strongest
effect despite minor SPL[dB(A)] differences. This is
attributed to the low-frequency energy in the panel
sound, where loudness better captures the effect [84].
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A linear model predicting preference based on loudness
level was developed, offering insights for future composite
panel studies.

Statistical analyses were conducted between mechan-
ical parameters, perceptual dimensions, and preference
scores. The results revealed that the stiffness-to-mass
ratio and loss damping factor were the most influen-
tial mechanical parameters for all excitation types. Two
regression models were also introduced, linking pref-
erence to these key mechanical parameters. Previous
studies have explored this relationship. For example,
Faure and Marquis-Favre [24] found a strong correla-
tion between preference and mechanical properties of an
isotropic plate, particularly its thickness and damping.
Similarly, Miloudi et al. [92] showed the impact of thick-
ness and damping on radiated noise and sound percep-
tion. These findings as well as the current study highlight
how structural parameters such as stiffness-to-mass ratio
and loss damping factor can be tuned to influence per-
ceived sound quality – a valuable insight for vibroacous-
tic engineers aiming to optimize both mechanical and
perceptual performances.

Using the Pareto Front visualization, optimal designs
were identified considering the two types of excitations.
The Pareto solutions emphasized that the Young’s modu-
lus and face sheet thickness are critical for optimal com-
posite panel design. Similar effects of these parameters
on perceptual dimensions and sound preference have been
observed for isotropic panels (e.g., [24]). Theoretically, the
face sheet parameters Ef and hf are tied to the stiffness-
to-mass ratio Dt/M , which impacts the preference score.
Additionally, the stiffness-to-mass ratio affects loudness
level and sharpness, varying with excitation type. Such
influences of mechanical parameters on multiple psy-
choacoustic indices determining sound quality have been
studied in other works (e.g., [16]).

In this study, psychoacoustic metrics such as loudness
level, as well as mechanical parameters like stiffness-to-
mass ratio and damping factor, were separately exam-
ined in relation to the preference ratings gathered during
the listening test sessions. This dual approach enabled us
to qualitatively link perceptual trends with both struc-
tural design variables and psychoacoustic indices. Future
works may focus on developing direct quantitative mod-
els that explicitly relate physical properties to psychoa-
coustic indices. Future studies integrating vibroacoustic
modeling with psychoacoustic assessment could be con-
ducted to account for a wider range of mechanical and
geometrical parameters. The rationale and approaches
proposed in this work may be utilized to achieve opti-
mal designs. Additionally, the state-of-the-art techniques
like Artificial Intelligence and Deep Learning methods
could be explored for design optimization, incorporating
perceptual perspectives.
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J. Vuorinen, T. Lepistö: Vibration damping properties
of steel/rubber/composite hybrid structures. Composite
Structures 94, 11 (2012) 3327–3335.

64. Z. Zergoune, M.N. Ichchou, O. Bareille, B. Harras,
R. Benamar, B. Troclet: Assessments of shear core effects
on sound transmission loss through sandwich panels using
a two-scale approach. Computers & Structures 182 (2017)
227–237.

65. Z. Qi, Y. Liu, W. Chen: An approach to predict the
mechanical properties of CFRP based on cross-scale
simulation. Composite Structures 210 (2019) 339–347.

66. Y. Zhou, A. Liu, Y. Xu, Y. Guo, X. Yi, Y. Jia: Frequency-
dependent orthotropic damping properties of nomex hon-
eycomb composites. Thin-Walled Structures 160 (2021)
107372.

67. M.N. Collins, M. Culebras, G. Ren: Chapter 8 – the use of
lignin as a precursor for carbon fiber-reinforced compos-
ites, in: D. Puglia, C. Santulli, F. Sarasini, Eds. Micro
and Nanolignin in Aqueous Dispersions and Polymers.
Elsevier, 2022, pp. 237–250.

68. L.L. Thurstone: A law of comparative judgment. Psycho-
logical Review 34, 4 (1927) 273.

69. T. Bramley: Paired comparison methods. Techniques for
Monitoring the Comparability of Examination Standards
246 (2007) 294.

70. T.J. DiCiccio, B. Efron: Bootstrap confidence intervals.
Statistical Science 11, 3 (1996) 189–228.

71. E. Zwicker, H. Fastl, U. Widmann, K. Kurakata, S.
Kuwano, S. Namba: Program for calculating loudness
according to DIN 45631 (ISO 532B). Journal of the
Acoustical Society of Japan (E) 12, 1 (1991) 39–42.

72. dBsonic Manual: dbsonic sound analysis software. Soft-
ware manual, 2005.
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