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Abstract

Fibrous absorbers installed in aircraft fuselage lin-
ings are exposed to non-nominal mounting conditions
and humidity variations that may alter their sound
absorption performance. Although glass wool pack-
ages are commonly protected by surface layers, the
combined influence of protective layers, installation-
induced compression and moisture exposure remains
only partially quantified under controlled impedance-
tube conditions. This work investigates the acoustic
variability of two aeronautical glass wool materials
through sound absorption coefficient measurements
performed over 250 Hz to 4250 Hz. Two experimen-
tal datasets are considered: the first examines ma-
terial type, protective layer, mounting configuration
and relative humidity, whereas the second addresses
acoustic changes induced by repeated humidity cy-
cles. Each factor is analyzed independently through
a univariate neural-network classifier trained on pre-
processed absorption curves. Classification accuracy
is used as a qualitative indicator of feature detectabil-
ity, while SHAP wvalues identify the frequency regions
responsible for the classification outcome. Results
show that protective layers, material type, relative
humidity and humidity cycles leave clear acoustic
signatures, with univariate accuracies up to 99.5%,
96.0%, 69.6% and 82.5%, respectively. Installation
effects are weaker but remain detectable above the
random baseline. Humidity-cycle exposure produces
progressive acoustic changes, supporting the relevance
of moisture-driven degradation mechanisms in aircraft
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1. Introduction

Fibrous porous absorbers are widely used in civil
aircraft fuselage linings to improve cabin acoustic
comfort while contributing to thermal insulation and
fire-protection requirements [1]. In service, however,
their acoustic response may deviate from nominal lab-
oratory conditions because glass wool blankets are
installed within complex insulation packages, often in-
cluding protective layers and non-standard mounting
constraints. Among the possible sources of variability,
installation plays a critical role. Local compression,
imperfect contact with the backing termination and
operator-dependent handling can modify the effective
thickness and porous microstructure of the material,
thereby affecting the measured sound absorption coef-
ficient. Previous studies showed that compression and
mounting conditions may alter the acoustic response
of fibrous absorbers [2]. Nevertheless, it remains un-
clear whether controlled mounting procedures with
different contact-pressure distributions still produce
distinguishable acoustic signatures. Environmental ex-
posure represents an additional source of uncertainty.
Protective layers can reduce direct exposure but do not
necessarily prevent moisture uptake within the porous
structure. Moreover, aircraft insulation packages un-
dergo repeated humidity variations during successive
flight phases, potentially inducing cyclic moisture ab-
sorption and desorption. Although humidity effects
on porous materials have already been reported [3],
the influence of relative humidity and repeated humid-
ity cycling on aeronautical glass wool systems under
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controlled mounting conditions and with protective
layers remains insufficiently quantified.

This work experimentally investigates whether instal-
lation conditions, protective layers, relative humidity
and humidity cycles produce distinguishable signa-
tures in the sound absorption coefficient of aeronau-
tical glass wool absorbers. Impedance-tube measure-
ments are analyzed through a univariate supervised
classification framework, in which each factor is con-
sidered independently. Classification accuracy is used
as a qualitative indicator of factor detectability, while
Shapley Additive Explanations (SHAP) identify the
frequency regions that contribute most to the classifi-
cation outcome. Further studies based on multivariate
formulations are required to quantify possible interac-
tions among the investigated factors.

2. Experimental methodology

2.1. Impedance tube measurements

The sound absorption coefficient, «(f), is measured
using the two-microphone transfer-function method
implemented in an impedance tube with 44 mm inner
diameter, as shown in Fig. 1. The measurements
are performed in accordance with ISO 10534-2 [4] and
ASTM E1050-19 [5]. The investigated frequency range
is 250 Hz to 4250 Hz.

Figure 1: Impedance tube setup based on the two-
microphone method: (1) data acquisition system, (2) loud-
speaker, (3) microphones, (4) sample holder and (5) ane-
choic termination.

Two aeronautical glass wool absorbers are investigated:
(i) green wool and (ii) grey wool. Both materials
have a nominal thickness of 20 mm, while differing in
fiber density, microstructural compaction and airflow
resistivity. The materials are tested both with and
without a protective layer in order to quantify the
influence of the insulation package configuration.

2.2. Controlled mounting and humidification

A dedicated mounting fixture is used to impose re-
peatable contact conditions during specimen instal-
lation. The fixture consists of a plunger equipped
with interchangeable terminations, as illustrated in
Fig. 2. Three fixture-based configurations are consid-

ered: uniform pressure, localized pressure and finger
pressure. The uniform configuration applies a spa-
tially homogeneous load through a flat termination.
The localized configuration applies discrete contact
forces through four circumferentially distributed cylin-
ders. The finger-pressure configuration reproduces a
non-uniform contact pattern representative of manual
handling, but in a geometrically controlled and repeat-
able form. The fingertip geometry has been recon-
structed through a photogrammetry-based procedure
and then converted into a solid model for manufactur-
ing. A fourth condition, denoted as manual pressure,
is obtained by direct operator installation without the
mounting fixture.

d
2 3 4
Figure 2: Mounting fixture used to impose controlled
specimen installation conditions: (1) plunger, (2) uniform

pressure termination, (3) localized pressure termination
and (4) finger pressure termination.

The relative humidity of the specimens is controlled us-
ing a glove box (MBRAUN GB 2202-S). Dry nitrogen
injection is used to regulate the internal atmosphere,
while the temperature is maintained between 21°C
to 22 °C. Four relative humidity levels are considered:
10%, 40%, 70% and 100% RH. Each specimen is con-
ditioned for 24 h before testing. For the 100% RH
condition, the aim is to promote moisture uptake un-
der saturated atmospheric conditions while avoiding
direct contact with liquid water. After conditioning,
the specimens are wrapped in aluminum foil and trans-
ferred to the impedance tube using moisture-buffering
materials to limit unintended humidity variations.

2.3. Experimental datasets

Two datasets are considered in this work. The Instal-
lation and Environmental Variability Dataset, Dy, is
designed to investigate the effects of material type,
protective layer, installation condition and relative hu-
midity. The Humidity Cycling Degradation Dataset,
Ds, focuses on the acoustic evolution induced by re-
peated humidity cycles. The corresponding categorical
factors are summarized in Table 1.

Dataset D; includes measurements on three nomi-
nally identical specimens for each material-layer com-
bination, resulting in twelve specimens. For each
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Table 1: Categorical factors and classes considered in the
two datasets.

Dataset Factor Classes
D, Material Green; Grey
Layer ‘With; Without
Installation Uniform; localized; finger; manual
RH level 10%; 40%; 70%; 100%
Do Material Green; Grey
Humidity cycles 05 1; 2; 3
Specimen 1;2; 3

investigated configuration, repeated impedance-tube
measurements are performed and averaged to reduce
random experimental variability. Dataset Dy is re-
stricted to specimens equipped with the protective
layer and installed using the uniform pressure con-
figuration. Each humidity cycle consists of initial
conditioning at 40% RH, exposure to 100% RH and
final reconditioning at 40% RH before acoustic test-
ing. Three consecutive cycles are applied after the
reference state.

3. Univariate machine learning frame-
work

3.1. Pre-processing and one-hot encoding
Before training, each absorption curve is pre-processed
to reduce random fluctuations while preserving the
dominant acoustic features. Following the procedure
adopted in [6], a rolling-median smoothing with a 25-
sample window is first applied. A rolling-maximum
smoothing with a 50-sample window is then used
to preserve the main absorption envelope. Finally,
frequency-domain downsampling by a factor of 5 is
applied to reduce the input dimensionality.

Each input sample corresponds to one pre-processed
absorption curve,

xt = [a(f1)s ae(fo)s s e(fvmea)] o (1)

where ¢ identifies the measured curve and f; is the
j-th frequency bin. Therefore, each frequency point
is treated as an input feature for the neural network.
In the univariate formulation, each categorical factor
is analyzed independently. For a selected factor, the
corresponding class is represented using one-hot en-
coding. For example, if the relative humidity factor
is considered with classes 10%, 40%, 70% and 100%
RH, a specimen conditioned at 70% RH is encoded as

yru = [0,0,1,0]T. (2)

Thus, a separate classifier is trained for each factor
listed in Table 1.

3.2. Artificial neural network

The univariate method is based on a fully connected
feed-forward artificial neural network. The architec-
ture consists of an input layer, three hidden layers with
100, 50 and 25 neurons, respectively, and a softmax
output layer. Rectified Linear Unit (ReLU) activation
functions are used in the hidden layers. The out-
put layer provides the class-membership probability

associated with the selected factor.

For each univariate classification task, 75% of the
observations are used for training and the remaining
25% for testing. Training is performed for 500 epochs
using the ADAM optimizer [7]. Since the targets are
one-hot encoded, the categorical cross-entropy loss is
adopted:

LF,y) == yrlog(dr), 3)
k=1

where ¢ is the number of classes of the considered fac-
tor, y is the ground-truth label and ¥ is the predicted
probability vector. Classification accuracy is used to
assess whether the selected factor leaves a detectable
signature in the absorption curves. Accuracy values
are interpreted with respect to the expected value.

3.3. SHAP-based interpretation

SHAP values are used to interpret the trained clas-
sifiers by quantifying the contribution of each input
frequency to the model output [8], [9]. For a given
curve ¢, class k and frequency bin f;, the SHAP value
¢+ 1(f;) measures how the absorption value a;(f;)
changes the predicted probability of class k with re-
spect to its expected value. Positive SHAP values
increase the probability assigned to the considered
class, whereas negative values reduce it.

The class-specific SHAP values are used to identify
the frequency regions that drive each univariate classi-
fication. Frequencies with large absolute SHAP values
are interpreted as highly informative for discriminat-
ing the selected factor, whereas near-zero values in-
dicate limited discriminative content. In this way,
the ANN accuracy provides a qualitative measure of
factor detectability, while SHAP analysis provides the
corresponding frequency-dependent physical interpre-
tation.

4. Results and discussion

4.1. Installation and relative humidity effects

The influence of mounting conditions is shown in Fig. 3.
For specimens without the protective layer, both ma-
terials exhibit a monotonic increase of the sound ab-
sorption coefficient with frequency. The manual instal-
lation condition generally provides higher absorption
values than the plunger-based configurations. Among
the controlled plunger configurations, the uniform
pressure termination produces the highest absorption
coefficient, followed by localized and finger pressure.
For Green Wool, the maximum variation between the
uniform and finger pressure configurations reaches ap-
proximately 16% in the 1800 Hz to 4250 Hz range. For
Grey Wool, a comparable variation is observed in the
narrower 2000 Hz to 2800 Hz band.

When the protective layer is present, the installation-
dependent trend is preserved but the spectral distribu-
tion changes. For Green Wool, the manual installation
condition increases up to approximately 2200 Hz, fol-
lowed by a plateau. The plunger-mounted configura-
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Figure 3: Effect of mounting conditions on the sound absorption coefficient for Green Wool and Grey Wool, with and
without protective layer. Each curve represents the average of 27 measurements.

tions show lower peak absorption values, with maxima
of approximately 0.78, 0.75 and 0.71 around 2600 Hz
for uniform, localized and finger pressure, respectively.
The largest variability among plunger configurations
reaches approximately 22% in the 1800 Hz to 3000 Hz
range. A similar but less pronounced behavior is ob-
served for Grey Wool, with an average variation of
about 16% in the 2000 Hz to 3000 Hz range.

These results suggest that the contact-pressure dis-
tribution imposed during installation affects the mea-
sured acoustic response. In particular, local compres-
sion may reduce the effective thickness of the spec-
imen and promote partial pore closure, leading to
changes in the absorption coefficient. Since no direct
microstructural measurements are considered here,
this interpretation should be regarded as physically
plausible rather than directly demonstrated.

The effect of relative humidity is reported in Fig. 4.
For specimens without protective layer, humidity-
induced variations are mainly observed between
600 Hz to 3600 Hz. The maximum average differences
between the most distant curves are approximately
22% for Green Wool and 26% for Grey Wool. In the
presence of the protective layer, the spectral shape is
modified and stationary points appear around 1720 Hz
for Green Wool and 2020 Hz for Grey Wool. For Green
Wool with layer, the average differences are approxi-
mately 17% before and 31% after the stationary point.
For Grey Wool with layer, the corresponding values
are about 8% and 26%, respectively.

The univariate classification results for dataset D; are
summarized in Table 2. Material type and protective
layer are classified with accuracies of 96.0 +2.05% and
99.5 4+ 0.37%, respectively, largely exceeding the 50%
random baseline. Relative humidity is also clearly
detectable, with an accuracy of 69.6 + 3.83% against
a 25% baseline. Installation is less discriminative, but

the obtained accuracy of 57.9 & 3.72% remains above
the 25% random level. This indicates that installation-
dependent signatures are present, although weaker
than those associated with material, protective layer
and humidity. The reduced separability is consistent
with the fact that part of the installation effect is
concentrated in specific frequency regions and that
the strongest contrast is likely associated with manual
versus plunger-based configurations.

Table 2: Univariate classification accuracy for dataset

D;.
Factor Baseline Accuracy
Material 50% 96.0 & 2.05%
Protective layer 50% 99.5 +0.37%
Installation 25% 57.9 + 3.72%
Relative humidity 25% 69.6 = 3.83%

The SHAP analysis for installation and relative hu-
midity is shown in Fig. 5. For the installation factor,
non-negligible contributions are mainly concentrated
below approximately 1500 Hz and in the 2000 Hz to
2400 Hz range. These regions correspond to portions
of the spectrum where the absorption curves exhibit
slope changes or localized deviations among mounting
conditions. For relative humidity, the most informa-
tive bands are located below approximately 1300 Hz,
between 2200 Hz to 3200 Hz and above 3600 Hz. This
confirms that moisture-induced changes are frequency
dependent and cannot be reduced to a uniform shift
of the absorption curve.

4.2. Humidity-cycle-induced acoustic degrada-
tion

The effect of repeated humidity cycling is shown in

Fig. 6. For both materials, differences among cy-

cles are mainly observed in the 1800 Hz to 4250 Hz
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Figure 4: Effect of relative humidity on the sound absorption coefficient for Green Wool and Grey Wool, with and
without protective layer. Each curve represents the average of 27 measurements.
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Figure 5: SHAP values for dataset D;: (a) installation
and (b) relative humidity.

frequency range. For Green Wool, the average differ-
ences between consecutive cycles are approximately
5% from cycle 0 to cycle 1, 3% from cycle 1 to cycle 2
and 13% from cycle 2 to cycle 3, with larger deviations
in the high-frequency region. For Grey Wool, the cor-
responding values are approximately 4%, 3% and 15%,
with larger deviations in the mid-frequency region. In
both cases, the progressive change in the absorption
curves indicates acoustic degradation associated with

Table 3: Univariate classification accuracy for dataset
Ds.

Factor Baseline Accuracy

Material 50% 92.2 +5.66%
Humidity cycles 25% 82.5+6.33%
Specimen 33.3% 42.2 +7.1%
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Figure 6: Effect of humidity cycling on specimens with
protective layer: (a) Green Wool and (b) Grey Wool.

repeated humidity exposure.

The univariate classification results for dataset D, are
reported in Table 3. Material type is classified with
an accuracy of 92.2 4+ 5.66%, confirming that the two
glass wool materials remain distinguishable even when
the protective layer and mounting configuration are
fixed. Humidity cycles are classified with an accu-
racy of 82.5 + 6.33%, largely above the 25% random
baseline. This result confirms that cyclic moisture ex-
posure produces detectable acoustic signatures. The
specimen classification accuracy is 42.2 4= 7.1%, only
moderately above the 33.3% random baseline, suggest-
ing that specimen-to-specimen variability is not the
dominant source of the observed acoustic changes.
The SHAP values associated with humidity-cycle clas-
sification are shown in Fig. 7. The most relevant contri-
butions are concentrated below approximately 1300 Hz
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and above 3600 Hz. Compared with the relative hu-
midity classification in dataset D;, the mid-frequency
contribution is less pronounced. This suggests that
instantaneous humidity level and repeated humidity
cycling do not affect the absorption curves through
identical spectral mechanisms. While relative humid-
ity modifies several regions of the spectrum, cyclic
exposure appears to generate stronger discriminative
content at the lower and higher ends of the analyzed
frequency range.
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Figure 7: SHAP values obtained from the univariate
classifier for the humidity-cycle factor in dataset Ds.

5. Conclusions

This work investigated the acoustic variability of aero-
nautical glass wool absorbers subjected to different
installation conditions, protective-layer configurations,
relative humidity levels and repeated humidity cycles.
Impedance-tube measurements were analyzed through
a univariate neural-network classification framework,
supported by SHAP-based interpretation to identify
the frequency regions most affected by each factor.
The results show that material type, protective layer
and relative humidity produce clearly distinguishable
signatures in the sound absorption coefficient. Installa-
tion effects are weaker, but still detectable, indicating
that the contact condition imposed during mounting
can influence the measured acoustic response. These
findings confirm that the acoustic behavior of glass
wool absorbers cannot be fully described by nominal
material properties alone, but depends on the actual
mounting and environmental conditions.

A key outcome of the study is the evidence of progres-
sive acoustic changes after repeated humidity cycling.
Since the adopted cycles reproduce moisture varia-
tions that may occur during successive flight phases,
this result suggests the presence of an acoustic fa-
tigue phenomenon associated with humidity-induced
material degradation. The effect is observed in both
investigated glass wool materials and is sufficiently
structured to be detected by the univariate classifier.
Overall, the study highlights the need to account for
humidity exposure and cyclic environmental loading
when assessing the long-term acoustic performance
of aircraft insulation systems. The proposed inter-
pretable univariate framework provides a compact
tool to detect degradation-related acoustic signatures
and to support future investigations on the durability
of porous absorbers under representative operating
conditions.
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