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• The proposed framework identifies factors governing sound absorption variability.

• Humidity and protective layers strongly affect frequency-dependent response.
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A B S T R A C T

Porous materials such as glass wool are widely used in aircraft fuselage insulation systems for their sound ab­

sorption performance. In operational aeronautical environments, their acoustic performance may differ from that 

measured under nominal laboratory conditions due to several factors such as protective coverings, installation 

procedures and moisture variations occurring during flight operations and throughout the aircraft service life. 

Despite their practical relevance, the effects of these non-nominal conditions on sound absorption variability re­

main insufficiently characterized. This study investigates the frequency-dependent sound absorption coefficient 

of aeronautical glass wools under controlled non-nominal conditions by combining impedance tube measure­

ments, machine-learning techniques and Shapley additive explanations (SHAP). The investigated factors include 

material type, protective layers, relative humidity, humidity cycling and both controlled and operator-dependent 

mounting configurations. Results indicate that material, layer, relative humidity and humidity cycling signifi­

cantly influence the acoustic response, with moisture-related effects exhibiting a strongly frequency-dependent 

behavior concentrated within three distinct frequency bands. Installation-related effects are also found to produce 

identifiable spectral variations, with operator-dependent mounting conditions generally associated with higher 

absorption levels and shifts of the peak response toward lower frequencies. The results further indicate that 

more controlled and uniformly distributed contact conditions improve measurement repeatability and reduce 

installation-induced variability. 

1 . Introduction

Noise reduction remains a critical requirement in modern aircraft de­

sign, as acoustic comfort directly affects passenger well-being and crew 

performance [1]. In pressurized fuselage structures, interior noise mit­

igation relies on fibrous porous absorbers integrated within the lining 

system. Conventional insulation packages using materials such as glass 

wool are widely employed in civil aircraft structural interiors due to 

their favorable acoustic and fire protection performance [2]. In aircraft 

applications, low-density glass-wool blankets are commonly enclosed 

within thin not acoustically neutral flexible polymeric covering films. 
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These films form the thermal/acoustic insulation blanket assembly: they 

contain the glass fibers, provide a lightweight barrier against moisture 

ingress and contribute to compliance with the applicable flammability 

requirements [2–4]. For clarity and consistency, this covering film is 

hereafter referred to as the protective layer. Its finite surface mass and 

mechanical response, introduce an additional surface impedance at the 

air/glass wool interface and can therefore modify the sound absorp­

tion of the insulation package. The acoustic response is also sensitive to 

installation-induced compression, which locally changes the thickness 

and apparent density and may consequently alter its effective airflow 

resistivity.

While the acoustic properties of fibrous materials such as glass 

wool have been characterized under controlled and nominal conditions, 

discrepancies between predicted performance and actual in-service 

behavior are less documented. Petrone et al. [5] demonstrated that 

compression of fibrous blankets during mounting alters thickness and 

flow resistivity, potentially affecting the sound absorption coefficient, 

particularly in the low frequency region. Furthermore, experimental 

studies on porous absorbers indicate that geometric features and edge ef­

fects may influence absorption performance [6]. In parallel, data-driven 

analyses suggest that impedance tube measurements may be affected 

by operator-dependent variability during specimen installation [7,8]. 

To reduce such variability, Koruk proposed the use of a dedicated 

mounting fixture aimed at improving installation repeatability across 

different operators [9]. In particular, it has not yet been established 

whether the variability reported in the literature primarily originates 

from uncontrolled operator-dependent actions or from systematic dif­

ferences in the local mechanical boundary conditions introduced during 

installation. The present work tackles this aspect through a repeatable 

experimental framework, designed to contrast controlled, fixture-based 

mounting conditions with realistic, operator-driven manual installa­

tions. In particular, the proposed framework isolates and quantifies the 

variability associated with the investigated installation configurations 

under representative operational conditions, enabling the identification 

of the mounting methodology that ensures the highest measurement 

repeatability and the lowest installation-induced variability.

Installation conditions, however, are not the only source of devia­

tion from nominal acoustic behavior. Environmental exposure during 

service can also modify the physical state of fibrous insulation ma­

terials and consequently affect their acoustic response. Although the 

protective layer limits direct moisture exposure, it does not make the 

assembled insulation blanket hermetically sealed. Moisture ingress may 

occur through the finite vapor permeance of the film, seams, edges, 

penetrations, or localized damage, while temperature gradients can pro­

mote condensation within the blanket assembly. These mechanisms 

may result in gradual moisture accumulation in the porous glass-wool 

core [10]. Investigations into moisture resistance treatments for glass 

and mineral wool show that exposure to humidity can materially al­

ter thermal properties [11]. Detailed absorption studies on glass wool 

products have quantified water vapor uptake over a wide range of rel­

ative humidities [12]. Yilmazer et al. show that moisture can affect 

the acoustic performance of fibrous materials, with the mid-to-high fre­

quency range being the most sensitive [13]. In operational aeronautical 

environments, glass wool insulation systems are also subjected to re­

peated humidity fluctuations associated with successive flight phases, 

including ground operations, climb, cruise and descent. These varia­

tions may induce cyclic moisture absorption and desorption within the 

porous structure, potentially contributing to changes in acoustic behav­

ior over time. Yet, the influence of humidity level and cyclic moisture 

exposure on the acoustic absorption of different glass wool materials 

has not been systematically investigated, particularly under operational 

mounting conditions including protective layers.

The combined effects of installation conditions, protective layers and 

environmental exposure generate complex and frequency-dependent 

variations in the measured sound absorption coefficient. Since these ef­

fects may overlap across the frequency domain, identifying the physical 

condition responsible for the observed acoustic response is not straight­

forward through conventional curve-by-curve comparisons. Recent stud­

ies have therefore investigated intelligent inverse-identification methods 

in which measured spectral responses are used to recover underlying 

structural, boundary or material parameters. Zhao et al. [14] com­

bined an improved Fourier-series formulation with a particle-swarm-

optimized back-propagation neural network to identify the boundary-

supporting stiffness of flexible beams from their natural frequencies. 

Du et al. [15] subsequently employed a boundary-smoothed Fourier-

series method coupled with a back-propagation neural network to 

identify the acoustic boundary impedance of enclosed cavities from 

modal-frequency data. In the field of porous-material characterization, 

Casaburo et al. [16] proposed a hierarchical ANN procedure to estimate 

the Johnson-Champoux-Allard parameters from specimen thickness and 

sound absorption data. These studies demonstrate the capability of in­

telligent methods to extract latent physical information from measured 

acoustic or structural spectra. However, previous inverse-identification 

approaches have primarily focused on estimating continuous model pa­

rameters under prescribed configurations, whereas the identification of 

the non-nominal installation and environmental conditions responsible 

for variations in the complete sound absorption spectrum remains un­

explored. Accordingly, the scientific contribution of this work lies in 

the unified treatment of installation and moisture related variability 

within a single experimental framework. In contrast to previous inves­

tigations addressing individual mounting or environmental effects, or 

estimating continuous boundary and material parameters, the present 

approach uses sound absorption coefficient curves to distinguish cat­

egorical non-nominal conditions and identify their most informative 

frequency regions.

The objective of this work is therefore to determine whether the 

investigated material, installation and humidity conditions leave distin­

guishable signatures in the sound absorption response of aeronautical 

glass wool systems. Since each measured sound absorption coefficient 

curve is associated with categorical labels defined a priori by the 

controlled experimental conditions, the problem is formulated as a su­

pervised classification task to assess whether these conditions can be 

recovered from the acoustic response [7,17]. In contrast, unsupervised 

methods would identify groupings driven by the dominant spectral 

variability, which need not correspond to the prescribed experimental 

factors. Classification accuracy is employed to assess the detectability 

of these acoustic signatures, whereas SHAP values are used to identify 

the frequency regions contributing most strongly to each classification. 

Two datasets are used to investigate variability in sound absorption mea­

surements: (i) the Installation and Environmental Variability Dataset, D1, 

capturing the effects of material type, protective layers, installation pro­

cedures and humidity exposure; and (ii) the Humidity Cycling Degradation 

Dataset, D2, describing the evolution of the sound absorption coeffi­

cient under repeated humidity cycles. Given the high dimensionality of 

the datasets and the complex nonlinear interactions among the physical 

features, isolating the effect of individual variables from the frequency-

dependent absorption curves is challenging. Rather than reproducing 

the full operational aircraft environment, the proposed framework aims 

to experimentally generate representative non-nominal conditions and 

evaluate whether the corresponding acoustic signatures can be discrim­

inated through data-driven methods. Machine learning methods are 

therefore employed as qualitative discriminators to identify the features 

most strongly associated with variations in the absorption behavior, 

while SHAP values are used to quantify the frequency-dependent contri­

bution of each feature. The proposed framework is based on an artificial 

neural network (ANN) methodology trained on the available experimen­

tal datasets. Although the results presented in this work are specific 

to the investigated dataset, the methodology itself is not restricted to 

it. To assess its generalization, the same ANN architecture and train­

ing procedure were applied to independent datasets available in the 

literature, yielding classification accuracies consistent with previously 

published results. This agreement indicates that the proposed framework 
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can be extended to different parameters through progressive dataset en­

richment while preserving its capability to identify the physical factors 

governing sound absorption variability.

The paper is organized as follows. Section 2 describes the experimen­

tal methodology adopted to perform the impedance tube measurements, 

including the controlled mounting conditions, the specimen humidifica­

tion procedure and the preliminary analyses conducted on the measured 

sound absorption data. Section 3 introduces the machine learning 

framework used to analyze the datasets. In particular, it presents the de­

scription and preparation of datasets D1 and D2 and the artificial neural 

network (ANN) methods employed for both univariate and multivariate

analyses. Section 4 reports the results of the classification analysis and 

the explainability assessment. Finally, Section 5 summarizes the main 

findings of the study and outlines possible directions for future work.

2 . Experimental methodology

This section presents the experimental methodology adopted to gen­

erate the sound absorption curves investigated in this study, including 

the tested materials and protective layer, the humidity conditioning, the 

specimen mounting procedures and the acoustic measurement setup. 

The section is organized as follows. The Section 2.1 describes the ma­

terials, specimens, and protective layer. The humidity conditioning 

and cycling procedures are presented in Section 2.2, followed by the 

controlled and manual mounting procedures in Section 2.3. Finally, 

Section 2.4 describes the impedance tube setup and the selected op­

erating frequency range. The complete experimental workflow, from 

specimen collection to acoustic measurement is summarized in Fig. 1. It 

comprises an initial specimen collection stage, followed by test prepa­

ration, during which the specimens are divided into the two datasets 

considered in this study. The subsequent stages include specimen con­

ditioning, mounting, and experimental acoustic measurements using an 

impedance tube.

2.1 . Materials, specimens, and protective layer

The specimens were supplied by GEVEN S.p.A. and prepared from 

Johns Manville Microlite® AA glass-wool blankets intended for aircraft 

thermal and acoustic insulation. Two material variants have been inves­

tigated: the commercial Green grade and the low-density Grey one. Both 

materials consist of resin-bonded borosilicate 902 biosoluble glass fiber. 

Table 1 reports the nominal apparent densities and the corresponding 

Table 1 

Physical and thermal properties of the glass wool materials [18].

Materials Density

(kg/m3)

Thermal conductivity at 24 ◦C

(W/mK)

Green glass wool 9.6 0.036
Grey glass wool 6.7 0.040

thermal conductivities at a mean temperature of 24◦C for the two 

materials [18].

GEVEN S.p.A. supplied the specimens in two configurations: un­

covered glass wool and glass wool provided with a protective layer. 

The latter consisted of LAMAGUARD® 400 HR, a transparent, non-

metallized, scrim-reinforced ethylene chlorotrifluoroethylene (ECTFE) 

covering film developed as a lightweight moisture barrier for aircraft 

thermal and acoustic insulation blankets [19]. The product weight com­

prises between 29.8 and 33.9 g∕m2, in compliance with FAR 25.856-a and 

BMS 8–377 Types 1 and 2. Specimens without and with the protective 

layer had average thicknesses of 20 mm and 10 mm, respectively [18]. 

The comparison between specimens with and without the protective 

layer has been performed to evaluate its influence on the measured 

normal-incidence sound absorption coefficient.

2.2 . Humidity conditioning and cycling procedures

A controlled humidification process is implemented to condition the 

specimens at predefined relative humidity levels prior to acoustic test­

ing. In accordance with Y. Ando & K. Kosaka [20], the procedure is 

carried out using a glove box (MBRAUN, type GB 2202-S), in which the 

specimens, auxiliary handling materials and silica gel used as a desic­

cator are placed. The enclosed and actively regulated volume enables 

stable humidity and temperature conditions, providing a controlled en­

vironment for specimen conditioning, similar to the functionality of a 

climatic chamber  [10,13].

Relative humidity control is achieved by regulating the internal 

atmosphere of the glove box through the injection of dry nitrogen, al­

lowing the target humidity level to be reached and maintained at a 

controlled temperature between 21 ◦C and 22 ◦C to minimize undesired 

fluctuations in relative humidity during the conditioning process. Once 

the desired relative humidity is stabilized, each specimen is kept inside 

the glove box under constant environmental conditions for a condition­

ing period of 24 h. The conditioning duration has been selected as a 

1. Specimens

Company supplied
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Prepara

D₁

Material 
Protec ve layer

Installa
Rela ve humidity

Material
Humidity cycle
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3. ng

D₁  10 / 40 / 70 / 100%

D₂ 40 → 100 → 40%
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transfer

4. Moun
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Fig. 1. Overview of the experimental workflow adopted to generate the sound absorption curves included in datasets D1 and D2.
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practical compromise between moisture equilibration and experimen­

tal feasibility. For the conditioning stage at 100% RH, the objective is 

to promote moisture uptake under controlled atmospheric conditions, 

without direct contact with liquid water and minimizing the occur­

rence of condensation phenomena. After conditioning, the specimens 

are packaged in aluminum foil to minimize moisture exchange with 

the ambient environment and subsequently transferred to a desicca­

tor containing moisture-buffering materials in order to limit unintended 

humidity variations during transportation to the impedance tube.

2.3 . Specimen mounting procedures

Following the observations of Koruk [9], the mounting procedure 

is recognized as a potential source of variability in impedance tube 

measurements. Excessive insertion forces may locally alter the mi­

crostructure of porous materials, whereas insufficient forces may pro­

mote unintended air gaps between the specimen and the rigid plunger 

termination. In addition, Stender et al. [7,21] demonstrated that sig­

nificant variations in the measured sound absorption coefficient may 

arise when nominally identical mounting procedures are performed by 

different operators.

To investigate these effects under repeatable and parametrically de­

fined mounting conditions, a dedicated mounting fixture was designed 

and manufactured. The proposed approach follows the recommenda­

tion of Koruk [9] regarding the use of a plunger-based mounting system 

to reduce uncontrolled installation variability. All fixture components 

were first modeled using computer-aided design (CAD) software and 

subsequently fabricated in polylactic acid (PLA) using fused deposition 

modeling (FDM) 3D printing.

The fixture is based on a plunger equipped with three interchange­

able terminations, as illustrated in Fig. 2. Each termination produces a 

different contact condition at the interface with the specimen, leading 

to repeatable variations in the spatial distribution of contact areas dur­

ing installation. This setup makes it possible to evaluate in a systematic 

way whether a plunger-based mounting approach remains reliable under 

varying contact conditions, or if uncertainties similar to those high­

lighted by Stender et al. [7] can still occur. Alongside the fixture-based 

configurations, a manual installation case is also examined. In this sce­

nario, the specimen is positioned and pressed without any dedicated de­

vice, allowing operator-dependent effects to emerge under realistic han­

dling conditions. This combined approach enables a direct comparison 

between controlled and manual procedures, while also providing an in­

ternal evaluation of the variability associated with the different plunger

terminations.

Three mounting conditions are investigated (Fig. 2, elements 2–4):

1. Uniform pressure configuration, featuring a flat termination that 

applies a spatially homogeneous load;

1

2 3 4

Fig. 2. Mounting fixture designed to ensure controlled and repeatable speci­

men installation in the impedance tube. The system enables different boundary 

conditions through: (1) plunger, (2) uniform pressure termination, (3) localized 

pressure termination and (4) finger pressure termination.

1
2

3

4

5

Fig. 3. Impedance tube setup based on the two-microphone method: (1) data 

acquisition system (DAQ), (2) loudspeaker, (3) microphones, (4) sample holder, 

and (5) anechoic termination.

2. Localized pressure configuration, with four circumferentially 

spaced cylinders applying discrete contact forces at fixed loca­

tions;

3. Finger pressure configuration, designed to reproduce, in a repeat­

able and geometrically defined manner, the non-uniform and 

spatially distributed contact patterns typically generated by op­

erator handling during specimen installation. To achieve this, 

the geometry of human fingertips was reconstructed through a 

photogrammetry-based procedure: ten photographs of each of the 

five fingertips were acquired from multiple viewing angles and 

processed to generate a three-dimensional point cloud. The re­

sulting reconstruction was then converted into a solid 3D model, 

imported into the CAD environment, scaled and used to define 

the contact geometry of the finger pressure termination in a fully 

controlled and repeatable manner.

In parallel to the fixture-based configurations, the manual installa­

tion condition is performed by direct operator-applied pressure without 

the use of the mounting fixture, in order to provide a reference case 

representative of unconstrained installation practice. This enables the 

assessment of whether the use of a repeatable fixture-based mounting 

system effectively reduces variability not only across different termina­

tion geometries, but also with respect to standard manual handling.

2.4 . Impedance tube setup

The normal-incidence sound absorption coefficient, 𝛼(𝑓 ), has been 

measured using the two-microphone method in accordance with 

ISO 10534-2 [22] and ASTM E1050-19 [23]. The experimental setup, 

shown in Fig. 3, comprises a data acquisition system, a loudspeaker, 

two microphones, a sample holder, and an anechoic termination. The 

tube has a circular cross-section with an inner diameter of 44 mm, while 

the two microphones are separated by a distance of 30 mm.

The operating frequency range of an impedance tube is constrained 

by both the microphone spacing and the onset of non-planar acoustic 

modes. Following the criteria reported in ISO 10534-2 [22], the lower 

and upper frequency limits can be expressed as:

𝑓l > 0.015
𝑐0
𝑠
, 𝑓u < min

(

0.45
𝑐0
𝑠
, 0.58

𝑐0
𝑑

)

(1)

where 𝑐0 is the speed of sound in the tube, 𝑠 is the microphone spac­

ing, and 𝑑 is the inner diameter of the tube. The nominal usable range 

extends from approximately 170 Hz to 4487 Hz. A preliminary inspec­

tion of the measured absorption curves revealed reduced repeatability 

and spurious oscillations close to the lower and upper theoretical oper­

ating limits. Therefore, all subsequent analyses have been restricted to 

the stable frequency range 250-4250 Hz.
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Fig. 4. Workflow for analyzing the 𝑛-th sound absorption coefficient curve selected from the dataset D𝑖, with 𝑖 ∈ {1, 2}, through univariate and multivariate classification 

and SHAP-based interpretation.

3 . Machine learning approaches

This section presents the machine learning framework used to ana­

lyze the acoustic absorption datasets. It begins with the description and 

preparation of datasets D1 and D2 (Sections 3.1, 3.2). It is followed by 

the introduction of the artificial neural network (ANN) methods for both 

univariate and multivariate analyses (Section 3.3 ). Finally, the descrip­

tion of the explainability analysis based on SHAP values (Section 3.4). 

The complete data-analysis workflow, from the experimental sound 

absorption curves to the interpretation of the model predictions is sum­

marized in Fig. 4. It comprises an initial data preparation stage, during 

which the curves are processed and divided into training, validation, and 

test subsets. The subsequent stages include ANN training through the 

univariate and multivariate approaches, evaluation of model performance 

in terms of classification accuracy and loss, and SHAP-based analysis of 

the model predictions.

3.1 . Dataset description

Two distinct datasets are considered, each addressing a different 

aspect of acoustic variability and degradation. The Installation and 

Environmental Variability Dataset D1 is composed of 648 measurements 

and its design, aims to assess the influence of material type, pro­

tective layer, mounting configuration and humidity level across the 

frequency domain. Three nominally identical specimens are tested for 

each material–protective layer combination, resulting in a total of 12 

specimens (see Fig. 5).

The investigated features for dataset D1 are:

• Material 𝜒1,1: Two aeronautical glass wool sound absorber ma­

terials with a nominal thickness of 𝑡 = 20 mm, are investigated. 

The materials differ in fiber density and micro-structural com­

paction, resulting in different airflow resistivity while maintaining 

comparable macroscopic geometry.

• Protective layer 𝜒1,2: Each material is tested both with and 

without the protective layer.

• Installation 𝜒1,3: Four installation conditions are investigated. 

Three fixture-based configurations are implemented through a 

plunger mounting system characterized by different contact pres­

sure distributions at the specimen interface: (i) uniform pressure, (ii) 

local pressure and (iii) finger pressure. In addition, a fourth condition, 

2

1 3

4

Fig. 5. Glass wool specimens investigated in this study: (1) green glass wool 

without a protective layer, (2) grey glass wool without a protective layer, (3) 

green glass wool with a protective layer and (4) grey glass wool with a protective 

layer.

denoted as manual pressure, reproduces direct operator-dependent 

specimen installation without the use of the plunger-based fixture.

• Relative humidity 𝜒1,4: Four controlled humidity levels, selected 

to span from dry conditions to full saturation, are considered: 10%, 

40%, 70% and 100% relative humidity (RH).

The Humidity Cycling Degradation Dataset D2 is conceived to investi­

gate the progressive degradation of the acoustic absorption performance 

induced by repeated exposure to moisture. The dataset consists of 90 

impedance tube measurements and is restricted to specimens equipped 

with the protective layer and the uniform pressure configuration. The 

experimental design of D2 aims to isolate the effects of material proper­

ties, cyclic humidity exposure and specimen-to-specimen variability on 

the measured sound absorption coefficient across the frequency domain. 

The investigated features for dataset D2 are:

• Material 𝜒2,1: The same two aeronautical glass wool sound ab­

sorber materials introduced in dataset D1 are considered.

• Humidity cycles 𝜒2,2: The controlled humidity sequence is in­

tended to reproduce representative operational moisture variations 

through three consecutive stages: initial conditioning at 40% rela­

tive humidity (RH), subsequent exposure to saturated conditions 

(100% RH) until hygroscopic equilibrium is approached and final 

reconditioning at 40% RH prior to acoustic testing. The sequence 
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Table 2 

Categorical features and corresponding values for datasets D1 and D2.

Dataset Feature Values

D1 Material Green wool, Grey wool

Protective layer With, Without

Installation configuration Uniform, Localized, Finger, Manual pressure

Relative humidity 10%, 40%, 70%, 100%

D2 Material Green wool, Grey wool

Humidity cycles 0, 1, 2, 3

Specimen identity 1, 2, 3

is repeated progressively in order to evaluate the effects of cyclic 

moisture exposure on the acoustic response of the investigated 

materials. A total of three humidity cycles are considered in the 

present study.

• Specimen identity 𝜒2,3: To quantify the specimen-to-specimen 

variability, three nominally identical specimens are tested for each 

material configuration. As the dataset is centered on specimens 

with layers, a total of six specimens have been tested (three per 

material).

In the present study, the investigated features can be defined as cat­

egorical, since they are experimentally controlled variables that assume 

a finite set of discrete values, each treated as a distinct value in the ma­

chine learning framework. A summary of the investigated features and 

their values, for both datasets D1 and D2, can be found in Table 2.

3.2 . Dataset preparation

Prior to training, the sound absorption coefficient curves are pre-

processed following the procedure used by Stender et al. [7]. It includes, 

in order:

1. Rolling-median smoothing with a 25-sample window, is applied to 

attenuate random experimental variability, thereby limiting the 

risk that these fluctuations are learned as physically meaningful 

absorption features.

2. Rolling-maximum smoothing with a 50-sample window, is applied 

to preserve the dominant absorption envelope of the curves. 

This step ensures that physically meaningful features such as 

maximum and/or plateau regions are not attenuated during the 

process.

3. Frequency-domain downsampling by a factor of 5, is applied to re­

duce input dimensionality and mitigate overfitting. The reduction 

factor is selected by ensuring that the discrepancy between the 

smoothed and downsampled curves, evaluated at the common 

frequency points, remains below 1%.

Fig. 6 shows a random absorption coefficient curve from dataset 

D1 before and after the pre-processing procedure. As Fig. 6 shows, the 

smoothing operations only marginally modify the original curve while 

preserving its overall physical behavior. In addition, the downsampled 

curve remains perfectly superimposed on the smoothed one, confirming 

that the dimensionality reduction does not alter the relevant absorption 

features.

Each observation consists of one pre-processed sound absorption co­

efficient curve and the corresponding set of ground-truth categorical 

labels encoded using the one-hot encoding technique [24]. The result­

ing one-hot vector serves as the target label for the supervised machine 

learning methods. Each categorical feature (i.e., material, diameter, etc.) 

is represented by a separate sequence of 0 and 1 and all segments are 

concatenated into a single, ordered target vector. For dataset D𝑖, each 

categorical feature 𝜒𝑖,𝑗  is represented by a separate one-hot vector 𝐲(𝑙)𝑖,𝑗  of 

dimension 𝐶𝑖,𝑗 , where 𝐶𝑖,𝑗  is the number of classes associated with that 

feature. For the multivariate method M2, the feature-specific vectors are 

Fig. 6. Comparison between the original absorption coefficient curve, the 

smoothed curve and the smoothed downsampled curve for a random sample 

from dataset D1.

concatenated as 𝐲(𝑙)𝑖 = [𝐲(𝑙)⊤𝑖,1 ,… , 𝐲(𝑙)⊤𝑖,𝐽𝑖
]
⊤
, where 𝐽𝑖 is the total number 

of categorical features. Dataset D1 contains 𝐽1 = 4 categorical features 

with respective dimensions 𝐶1,1 = 2, 𝐶1,2 = 2, 𝐶1,3 = 4 and 𝐶1,4 = 4, with 

an overall dimensionality of 12. Dataset D2 contains 𝐽2 = 3 categorical 

features with dimensions 𝐶2,1 = 2, 𝐶2,2 = 4 and 𝐶2,3 = 3, resulting in 

a target-vector dimension of 9. For the univariate method M1, only the 

feature-specific segment 𝐲(𝑙)𝑖,𝑗  is used as the target, and the correspond­

ing output dimension is therefore 𝐶𝑖,𝑗 . The values corresponding to each 

feature are listed in the third column of Table 2. Let’s take for instance 

the absorption coefficient curve 𝑙, from dataset D1. The measurement 

has been taken with a green wool specimen (1,0) with the protective 

layer (1,0), employing the finger pressure configuration (0,0,1,0) and 

70% of relative humidity (0,0,1,0). The one-hot encoded ground truth 

vector would read:

𝐲(𝑙)1 = [ 1, 0
⏟⏟⏟

𝜒1,1

, 1, 0
⏟⏟⏟

𝜒1,2

, 0, 0, 1, 0
⏟⏟⏟

𝜒1,3

, 0, 0, 1, 0
⏟⏟⏟

𝜒1,4

]⊤ (2)

The collection of pre-processed input curves and corresponding tar­

get vectors defines the datasets used to train and evaluate the supervised 

machine learning methods presented in the following section.

3.3 . Artificial neural networks

Two artificial neural network methods are employed to identify the 

categorical features encoded in the measured sound absorption coeffi­

cient curves. For the dataset D𝑖, the 𝑙-th observation is represented by 

the frequency-domain vector defined as:

𝐱(𝑙)𝑖 =
[

𝛼(𝑙)𝑖 (𝑓1),… , 𝛼(𝑙)𝑖 (𝑓𝑅)
]⊤

(3)

where 𝑅 is the total number of frequency points considered.

Both methods employ the same fully connected feedforward hidden 

architecture, selected to capture nonlinear frequency-domain relation­

ships and to provide a controlled comparison between the univariate

and multivariate formulations. This choice is consistent with previous 

ANN-based inverse classification of impedance tube measurements [7]. 

Neural networks were preferred over alternative supervised classi­

fiers, such as k-Nearest Neighbors, Decision Trees, Linear Discriminant 

Analysis and Random Forests, since a comparable explainable-machine-

learning study on impedance-tube sound absorption measurements re­

ported neural networks among the best-performing algorithms for iden­

tifying the factors affecting the measured sound absorption coefficient, 

under both univariate and multivariate formulations [25].

The network consists of three hidden layers containing 98, 50 and 25 

neurons, respectively. Denoting the input to the network by 𝐡(𝑙,0) = 𝐱(𝑙)𝑖 , 

the forward propagation through a network with 𝐻  hidden layers is 

expressed as

𝐡(𝑙,𝑞) = 𝜌
(

𝐖(𝑞)𝐡(𝑙,𝑞−1) + 𝐛(𝑞)
)

, 𝑞 = 1,… ,𝐻 (4)
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where 𝐖(𝑞) and 𝐛(𝑞) are the trainable weights and biases and 𝜌(𝑧) =
max(0, 𝑧) is the Rectified Linear Unit activation function. 

Following the hidden-layer transformations defined in Eq. (4), the 

network output is calculated as:

𝐲̂(𝑙) = 𝜎
(

𝐖(𝐻+1)𝐡(𝑙,𝐻) + 𝐛(𝐻+1)) , 𝜎(𝑧) = 1
1 + exp(−𝑧)

(5)

where the sigmoid activation provides an independent probability esti­

mate for each output class.

On the one hand, the univariate method M1 predicts a single cate­

gorical feature 𝜒𝑖,𝑗 . Its output vector 𝐲̂(𝑙)𝑖,𝑗  contains 𝐶𝑖,𝑗  components, one 

for each class associated with the investigated feature. A separate net­

work is therefore trained for each investigated feature (see Fig. 4). This 

formulation determines how strongly the values of an individual feature 

are encoded in the sound absorption coefficient curves.

On the other hand, the multivariate method M2 simultaneously 

predicts the values associated with all 𝐽𝑖 features. This multi-output 

formulation allows the network to account for statistical relationships 

among the feature labels [26,27]. The hidden-layer architecture in 

Eq. (4) is retained to provide a controlled comparison with M1, while 

the output-layer dimension is adapted to the complete set of values.

For M2, the target and prediction vectors are obtained by concate­

nating the feature-specific one-hot encoded segments:

𝐲(𝑙)𝑖 =
[

𝐲(𝑙)⊤𝑖,1 ,… , 𝐲(𝑙)⊤𝑖,𝐽𝑖

]⊤
, 𝐲̂(𝑙)𝑖 =

[

𝐲̂(𝑙)⊤𝑖,1 ,… , 𝐲̂(𝑙)⊤𝑖,𝐽𝑖

]⊤
(6)

Let 𝐶𝑖,𝑗  denote the number of values associated with feature 𝜒𝑖,𝑗 . For the 

univariate method M1, a separate classifier is trained for each feature. 

Therefore, the classifier associated with feature 𝜒𝑖,𝑗  contains 𝐶𝑖,𝑗  output 

neurons. Its binary cross-entropy loss is defined as:

LM1
𝑖,𝑗 = − 1

𝑁tr𝐶𝑖,𝑗

𝑁tr
∑

𝑙=1

𝐶𝑖,𝑗
∑

𝑘=1

[

𝑦(𝑙)𝑖,𝑗,𝑘log𝑦̂(𝑙)𝑖,𝑗,𝑘 +
(

1 − 𝑦(𝑙)𝑖,𝑗,𝑘
)

log
(

1 − 𝑦̂(𝑙)𝑖,𝑗,𝑘
)]

(7)

where 𝑁tr is the number of training observations, 𝑦(𝑙)𝑖,𝑗,𝑘 is the 𝑘-th 

binary component of the ground-truth segment 𝐲(𝑙)𝑖,𝑗  and 𝑦̂(𝑙)𝑖,𝑗,𝑘 is the 

corresponding predicted output.

For the multivariate method M2, the output segments associated 

with the 𝐽𝑖 features are concatenated, so that the total number of out­

put neurons is 𝐶𝑖 =
∑𝐽𝑖

𝑗=1 𝐶𝑖,𝑗 . Accordingly, the binary cross-entropy 

loss is evaluated over the complete concatenated output vector, i.e., by 

extending the summation in Eq. (7) over all 𝐽𝑖 features.

The network parameters are optimized using ADAM [28], with an 

initial learning rate of 10−3, by minimizing Eq. (7) for M1, and its 

multivariate extension described above for M2. In the multivariate case, 

the output vector is subsequently partitioned into its feature-specific 

segments to evaluate the predictions associated with each feature in­

dependently. A batch size of 32 and a maximum of 500 training epochs 

are adopted for both methods.

To enable a direct comparison between the two methods, the mul­

tivariate output in Eq. (6) is partitioned into its feature-specific seg­

ments [29–31]. For both methods, the predicted class index for feature 

𝜒𝑖,𝑗  is obtained by applying the maximum-score criterion within the 

corresponding output segment:

𝑐(𝑙)𝑖,𝑗 = arg max
𝑘=1,…,𝐶𝑖,𝑗

𝑦̂(𝑙)𝑖,𝑗,𝑘 (8)

The predicted class index obtained from Eq. (8) is then compared 

with the corresponding ground-truth class index. The feature-specific 

classification accuracy is defined as

𝜇𝑖,𝑗 =
1

𝑁te

𝑁te
∑

𝑙=1
𝟙
[

𝑐(𝑙)𝑖,𝑗 = 𝑐(𝑙)𝑖,𝑗
]

(9)

where 𝑐(𝑙)𝑖,𝑗  is the ground-truth class, 𝑁te is the number of test observations 

and 𝟙[⋅] denotes the indicator function. The segmentation procedure 

therefore provides one value of Eq. (9) for each feature predicted by 

M2, enabling direct comparison with the corresponding independent 

classification performed using M1.

Model performance is evaluated using a five-fold cross-validation 

procedure applied at the individual-curve level. The same folds are used 

for both M1 and M2. At each iteration, four folds, corresponding to 

80% of the complete dataset, are used to optimize the network weights, 

whereas the remaining fold, corresponding to 20%, is held out and used 

exclusively for performance evaluation after training. No hyperparam­

eter optimization, model selection, or validation-based early-stopping 

strategy has been performed. Rotating the test fold ensures that each 

observation is evaluated exactly once and reduces the dependence of 

the reported performance on a single data partition.

For each categorical feature, the classification accuracy defined in 

Eq. (9) and the macro-averaged F1 score are calculated for each test fold. 

The final performance is reported as the mean and standard deviation 

of both metrics across the five test folds.

3.4 . Interpretation of classification methods

The present study employs SHAP values to quantify the contribu­

tions of individual frequency components to the classification of each 

categorical variable [32,33]. Frequencies serve as input features for the 

SHAP analyses, which are conducted for both the univariate (M1) and 

multivariate (M2) methods.

For the 𝑙-th sound absorption coefficient curve belonging to dataset 

D𝑖, the network input is the vector 𝐱(𝑙)𝑖  defined in Eq. (3). Its 𝑟-th com­

ponent, 𝛼(𝑙)𝑖 (𝑓𝑟), is the absorption coefficient measured at frequency 𝑓𝑟, 
with 𝑟 = 1,… , 𝑅.

For a selected categorical feature 𝜒𝑖,𝑗  and one of its values 𝑘 =
1,… , 𝐶𝑖,𝑗 , let 𝑃𝑘(𝐱

(𝑙)
𝑖 ) denote the probability assigned by the neural net­

work to value 𝑘 when the 𝑙-th sound absorption coefficient curve is 

provided as input.

Let R = {1,… , 𝑅} denote the complete set of frequency indices and 

let S ⊆ R ⧵ {𝑟} be a subset that does not contain the frequency index 

𝑟. The SHAP value associated with frequency 𝑓𝑟, curve 𝑙 and value 𝑘 is 

defined as 

𝜙(𝑙)
𝑘 (𝑓𝑟) =

∑

S⊆R⧵{𝑟}

|S|! (𝑅 − |S| − 1)!
𝑅!

[

𝑃 (𝑙)
𝑘 (S ∪ {𝑟}) − 𝑃 (𝑙)

𝑘 (S)
]

(10)

where 𝑃 (𝑙)
𝑘 (S) is the expected probability assigned to value 𝑘 when the 

frequency components indexed by S are considered. The difference in 

square brackets therefore quantifies the change in the class-specific out­

put produced by including the absorption coefficient at frequency 𝑓𝑟 in 

the subset S.

Since exact evaluation of Eq. (10) requires considering 2𝑅−1 feature 

subsets, the KernelSHAP Python library [34] is employed to approximate 

the SHAP values via weighted sampling of these subsets.

The resulting SHAP values satisfy the additive decomposition 

𝑃𝑘

(

𝐱(𝑙)𝑖
)

= 𝔼
[

𝑃𝑘(𝐗𝑖)
]

+
𝑅
∑

𝑟=1
𝜙(𝑙)
𝑘 (𝑓𝑟) (11)

where 𝔼[𝑃𝑘(𝐗𝑖)] is the class-specific baseline output estimated from the 

background data used by KernelSHAP.

The SHAP values are computed for each frequency and interpreted 

according to both sign and magnitude with respect to this expected 

value. Specifically, a positive SHAP value indicates that the observed ab­

sorption coefficient at frequency 𝑓𝑟 increases the predicted probability 

of the corresponding value relative to the baseline in Eq. (11), whereas 

negative values indicate a decrease in the probability of detecting that 

class. SHAP values with magnitudes below 10−4 are considered negligi­

ble [7,35,36], indicating that the associated frequency carries minimal 

information for classification.

The formulation applies to both M1 and M2, since SHAP values are 

evaluated separately for each scalar value output. For M2, the relevant 
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Fig. 7. Comparison of the effects of mounting conditions on the sound absorption coefficient. Each curve represents the average of 27 measurements.

value outputs are identified by partitioning the concatenated prediction 

vector into the feature-specific segments defined in Eq. (6).

To account for all the classes associated with the categorical feature 

𝜒𝑖,𝑗 , the total absolute SHAP contribution [7] of frequency 𝑓𝑟 for curve 

𝑙 is defined as:

Φ(𝑙)
𝑖,𝑗 (𝑓𝑟) =

𝐶𝑖,𝑗
∑

𝑘=1

|

|

|

𝜙(𝑙)
𝑘 (𝑓𝑟)

|

|

|

(12)

where 𝐶𝑖,𝑗  is the number of classes associated with the feature 𝜒𝑖,𝑗 . For a 

set of analyzed curves, the mean 𝜇𝑖,𝑗 (𝑓𝑟) and standard deviation 𝜎𝑖,𝑗 (𝑓𝑟)
of Φ(𝑙)

𝑖,𝑗 (𝑓𝑟) are computed to characterize the average contribution of each 

frequency and its variability across curves.

A frequency-domain reference level is introduced to identify the 

portions of the spectrum providing above-average information for clas­

sification. The threshold 𝜇𝑖,𝑗  corresponds to the average discriminative 

contribution over the entire investigated frequency range and provides 

an objective, data-driven reference level, avoiding the need for an arbi­

trarily chosen threshold. A similar mean-based thresholding criterion is 

commonly adopted in variable-importance-based feature selection [37], 

where a variable (or, in the present case, a frequency component) is 

retained as relevant when its importance score exceeds the average 

importance computed over the complete set of variables:

𝜇𝑖,𝑗 =
1
𝑅

𝑅
∑

𝑟=1
𝜇𝑖,𝑗 (𝑓𝑟) (13)

where 𝑅 is the number of investigated frequency points. A frequency 

component is considered to provide above-average discriminative infor­

mation when

𝜇𝑖,𝑗 (𝑓𝑟) > 𝜇𝑖,𝑗 (14)

4 . Results

This section presents the results obtained by applying the pre­

viously described data-driven methods to the experimental datasets. 

Before considering the model predictions, the measured sound absorp­

tion coefficient curves are directly examined in Section 4.1 to identify 

the main trends associated with the investigated experimental con­

ditions. This model-independent analysis reveals frequency-dependent 

variations and, in some cases, overlapping acoustic responses whose 

dependence on the individual experimental factors cannot be system­

atically assessed through direct visual comparison alone. These obser­

vations motivate the subsequent application of data-driven methods.

The prediction outcomes of the univariate (M1) and multivariate (M2) 

methods, are used to perform a qualitative analysis: the achieved classi­

fication accuracy serves as a discriminant to determine whether a given 

feature significantly influences the sound absorption coefficient curves. 

A complementary quantitative analysis is then carried out using Shapley 

explanatory values (SHAP), which explain the contribution of each fea­

ture across the frequency spectrum, highlighting the frequency bands 

that are most sensitive to each feature. The experimental investigation 

of the acoustic response is presented in Section 4.1. The qualitative re­

sults are discussed separately for datasets D1 and D2 in Sections 4.2 

and 4.3 respectively, while the explainability analysis for both datasets 

can be found in Section 4.4.

4.1 . Analysis of the experimental results

Prior to the application of machine learning methods, a preliminary 

analysis is performed directly on the measured data for both datasets D1
and D2.

The Installation and Environmental Variability Dataset D1 contains 

sound absorption coefficient curves acquired for two glass wool ma­

terials, both with and without a protective layer. For each feature 

configuration, 27 repeated measurements were performed and subse­

quently averaged in order to reduce random measurement variability. 

The resulting averaged curves, shown in Figs. 7 and 8, provide a prelim­

inary qualitative assessment of the effects of mounting conditions and 

relative humidity.

Fig. 7 illustrates the influence of four pressure conditions during 

mounting: uniform, localized, finger and manual pressure. The Fig. 4(a) 

and (b) correspond to specimens without the protective layer. Both ma­

terials exhibit a monotonic increase in the sound absorption coefficient 

with frequency. For all the investigated frequencies, the manual installa­

tion condition provides systematically higher absorption values than the 

plunger-based configurations. Among the plunger configurations, the 

uniform pressure termination exhibits the highest absorption coefficients, 

followed by the localized pressure and finger pressure terminations. For 

the plunger-mounted green wool, between the uniform and finger pres­

sure configurations, the highest sound absorption coefficient variation 

reaches 16% in the frequency band 1800–4250 Hz. The corresponding 

16% variation for grey wool can be seen in the narrowed 2000–2800 Hz

band.
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Fig. 8. Comparison of the effects of humidity levels on the sound absorption coefficient. Each curve represents the average of 27 measurements.

Fig. 9. Comparison of the effects of repeated humidity cycling on the sound absorption coefficient. Each curve represents the average of 9 measurements.

The Fig. 4(c) and (d) report the behavior of specimens with 

the protective layer. Similarly to the previous specimens, the same 

installation-dependent trend is observed, although with different fre­

quency distributions. As shown in Fig. 4(c), the sound absorption coeffi­

cient corresponding to the manual installation condition increases up to 

approximately 2200 Hz, beyond which a plateau region is observed. In 

contrast, the plunger-mounted configurations exhibit a downward-right 

shift of the absorption curves, with maximum absorption coefficients 

of approximately 0.78, 0.75 and 0.71 at around 2600 Hz for the uni­

form, local and finger pressure configurations, respectively. The largest 

variability among the plunger-based configurations is observed within 

the 1800–3000 Hz range, where the difference between the two extreme 

configurations reaches approximately 22%. A similar, although less pro­

nounced, behavior is observed for grey wool in Fig. 4(d), where an 

average variation of approximately 16% is visible within the narrower 

2000–3000 Hz frequency range.

Overall, the results consistently indicate that the manual installation 

condition leads to higher sound absorption coefficients and to the oc­

currence of the absorption peak at lower frequencies compared to the 

plunger-based configurations. This behavior suggests that the mounting 

fixture may induce higher specimen compression, reducing the effec­

tive thickness and locally modifying the porous microstructure through 

pore closure effects, thereby decreasing the overall acoustic absorption 

performance. Furthermore, the progressively lower absorption observed 

from the uniform to the localized and finger pressure configurations may 

indicate that increasingly concentrated contact pressures promote more 

pronounced local microstructural alterations during mounting.

Fig. 8 shows the effect of four relative humidity levels: 10%, 40%, 

70% and 100%. The Fig. 5(a) and (b) correspond to specimens with­

out the protective layer. In both cases, sound absorption coefficient 

variations between humidity levels are observed in the 600-3600 Hz

frequency band. The aforementioned Fig. 5(a) and (b) have maximum 

average differences in percentage between the most distant curves, of ap­

proximately 22% for green wool and 26% for grey wool. Despite these 

variations, the asymptotic convergence to 𝛼 ≈ 0.98 for green wool and 

𝛼 ≈ 0.92 for grey wool is preserved for all humidity conditions. The 

Fig. 5(c) and (d) correspond to specimens equipped with the protective 

layer. In both cases, variations of the sound absorption coefficient curves 

between humidity levels can be observed in the low and high frequency 

bands. The presence of the protective layer modifies the overall spectral 

shape, introducing characteristic stationary points around 1720 Hz for 

green wool and 2020 Hz for grey wool. The aforementioned Fig. 5(c) 

and (d) exhibit average differences in percentage between the most dis­

tant curves of approximately 17% before and 31% after the stationary 

point for green wool and about 8% before and 26% after the stationary 

point for grey wool.

The Humidity Cycling Degradation Dataset D2 reports the sound ab­

sorption coefficient curves, averaged over 9 measurements, for the two 

glass wool materials with the protective layer, in order to isolate the 

effects of repeated humidity cycling. Fig. 9 illustrates the influence of 

four humidity cycles: cycle 0, cycle 1, cycle 2 and cycle 3. The Fig. 6(a) 

refers to green wool. Differences among cycles are primarily observed in 

the 1800–4250 Hz frequency band. The average differences in percentage 

between two consecutive moisture cycles amount to approximately 5% 

from cycle 0 to cycle 1, about 3% from cycle 1 to cycle 2 and 13% from 

cycle 2 to cycle 3 (with higher deviations in the high frequency band). 

The Fig. 6(b) corresponds to grey wool and exhibits variations within 

the same frequency band (1800–4250 Hz). The averaged differences be­

tween successive cycles for the grey wool are approximately 4% from 

cycle 0 to cycle 1, 3% from cycle 1 to cycle 2 and 15% from cycle 2 
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Fig. 10. Univariate cross-entropy loss L for the features in dataset D1. Training and test losses are shown in blue and Orange, respectively.

Table 3 

Classification accuracy of the univariate and multivariate ANN methods for the 

categorical features in dataset D1.

Material Protective Layer Installation Humidity 

Level

Values: 𝔼
[

𝑓𝑘(𝐱)
]

Green Wool: 50.0 With: 50.0 Uniform p.: 25.0 10%: 25.0
Grey Wool: 50.0 Without: 50.0 Localized p.: 25.0 40%: 25.0

Finger p.: 25.0 70%: 25.0
Manual p.: 25.0 100%: 25.0

Accuracy (in %)

Univariate M1 96.0 ± 2.05 99.5 ± 0.37 57.9 ± 3.72 69.6 ± 3.83
Multivariate M2 94.5 ± 5.00 99.5 ± 0.00 46.6 ± 5.00 72.3 ± 5.00

Fig. 11. Multivariate cross-entropy loss L for dataset D1. Training and test losses 

are shown in blue and Orange, respectively.

to cycle 3 (with higher deviations in the mid-frequency band). In both 

materials, a recursive decay of acoustic performance is observed as the 

number of applied humidity cycles increases.

4.2 . Dataset D1: classification results

The univariate cross-entropy loss trends are reported in Fig. 10. The 

univariate classification accuracies reported in Table 3, provide a quan­

titative assessment of the predictive performance for each categorical 

feature. In particular, Table 3 reports both the baseline accuracy, given 

by the expected value 𝔼[𝑓𝑘(𝐱)] and the corresponding accuracy per fea­

ture. The observed decrease in both training and test loss, together 

with their subsequent stabilization at low values (see Fig. 10), suggests 

that the algorithm successfully captures the relationships governing the 

acoustic response of the analyzed configurations. The multivariate cross-

entropy loss evolution over the training epochs is reported in Fig. 11, 

confirming a stable convergence behavior for both training and test sets.

Table 3 quantitatively corroborates the aforementioned cross-

entropy loss trends. For the material and protective layer features, both 

M1 and M2 achieve accuracies largely exceeding the corresponding ex­

pected value (50%), reaching values above 94% and 99%, respectively. 

A different behavior is observed for the installation condition. Since 

four mounting values are considered, the expected random classification 

accuracy corresponds to 25%. The univariate M1 method achieves an ac­

curacy of 57.9%, whereas the multivariate M2 reaches 46.6%. Consistent 

with the decreasing training and test loss trends, these results indi­

cate that the algorithm is capable of identifying installation-dependent 

acoustic signatures for the majority of the analyzed cases. The observed 

classification capability is likely associated with the marked differences 

between manual and plunger-based mounting conditions, which consti­

tute the dominant source of variability within the installation values. 

Similar to material and protective layer features, is the behavior for the 

humidity level. The univariate M1 method achieved an accuracy of 69.6% 

while the multivariate M2 reached 72.3%; both significantly above the 

25% random baseline. The multivariate approach achieves classifica­

tion accuracies comparable to those obtained through the corresponding 

univariate analyses. Since M2 simultaneously learns all the experimen­

tal factors, a substantial increase in performance with respect to M1
would suggest the presence of strong coupled or non-linear interactions 

among the investigated variables. However, the comparable accuracies 

observed for material, protective layer and installation, together with the 

only marginal improvement obtained for the humidity level, indicate that 

the dominant acoustic signatures associated with each factor remain 

largely distinguishable and weakly coupled within the analyzed dataset.

4.3 . Dataset D2: classification results

The univariate and multivariate cross-entropy loss trends of dataset 

D2 are reported in Figs. 12 and 13, respectively. In both cases, the 

training and test losses decrease during the initial training stages and 

subsequently converge toward stable plateau values.

For performance evaluation, the model corresponding to the mini­

mum test loss is retained. Training is extended up to 1000 epochs to 

verify whether additional improvements can be achieved after conver­

gence; however, no significant gains in classification performance are 

observed beyond the early training stages.

Table 4 reports the classification accuracies obtained for the categor­

ical features of dataset D2 (see Table 2). The material feature is reliably 

classified by both methods, with accuracies exceeding 91%. This indi­

cates that the presence of the protective layer, which is fixed in dataset 

D2, does not influence the multivariate material classification.

Regarding the classification of the humidity cycles, the univariate

method M1 achieves an accuracy of 82.5%, while the multivariate method 
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Fig. 12. Univariate cross-entropy loss L for the humidity cycle feature in dataset 

D2. Training and test losses are shown in blue and Orange, respectively.

Fig. 13. Multivariate cross-entropy loss L for dataset D2. Training and test losses 

are shown in blue and Orange, respectively.

Table 4 

Classification accuracy of the univariate and multivariate ANN methods for the 

categorical features in dataset D2.

Material Humidity Cycles Specimen

Values: 𝔼
[

𝑓𝑘(𝐱)
]

Green Wool: 50.0 Cycle 0: 25.0 Specimen 1: 33.3
Grey Wool: 50.0 Cycle 1: 25.0 Specimen 2: 33.3

Cycle 2: 25.0 Specimen 3: 33.3
Cycle 3: 25.0

Accuracy (in %)

Univariate M1 92.2 ± 5.66 82.5 ± 6.33 42.2 ± 7.10
Multivariate M2 91.5 ± 8.50 70.0 ± 17.5 37.0 ± 13.3

M2 exhibits greater variability, as indicated by the higher standard 

deviation.

The identification of individual specimens is included to assess 

whether nominally identical samples exhibit distinguishable responses 

under repeated humidity cycles, potentially due to non-uniform mois­

ture impregnation within the porous structure. In this context, classifica­

tion performance significantly above the random baseline (33.3%) would 

indicate specimen-dependent effects induced by the humidification 

process.

The obtained accuracies are 42.2% for M1 and 37.0% for M2. 

Although slightly above the random level, both values remain close to 

baseline performance, suggesting that no consistent specimen-specific 

signatures emerge across humidity cycles. This indicates that the hu­

midification process is repeatable for both the studied glass wool 

materials.

4.4 . Datasets D1 and D2: interpretability results

The interpretability analysis for both datasets D1 and D2 is performed 

using SHAP values computed on the univariate method M1. The univari­

ate formulation is adopted to isolate the influence of each categorical 

feature and to identify the frequency bands that most strongly affect 

the sound absorption coefficient curves for the specific feature under 

investigation.

Regarding dataset D1, Fig. 14 reports the frequency-dependent SHAP 

values for the installation and humidity level features.

The class-specific SHAP value 𝜙(𝑙)
𝑘 (𝑓𝑟) is defined by Eq. (10), while the 

total absolute SHAP contribution Φ(𝑙)
𝑖,𝑗 (𝑓𝑟) and the associated relevance 

criterion are defined in Eqs. (12)–(14) (Section 3.4). The solid curves in 

Figs. 14 and 15 represent the mean 𝜇𝑖,𝑗 (𝑓𝑟) of Φ(𝑙)
𝑖,𝑗 (𝑓𝑟) over the analyzed 

curves, while the shaded regions represent the corresponding interval 

𝜇𝑖,𝑗 (𝑓𝑟) ± 𝜎𝑖,𝑗 (𝑓𝑟).
For the installation configuration, shown in Fig. 14(a), the frequency 

components satisfying Eq. (14) are primarily concentrated in a dom­

inant region below 1500 Hz, with the largest contributions occurring 

between approximately 800 and 1200 Hz and an additional localized 

maximum around 1400 Hz. Weaker and more localized contributions are 

observed between 2000 and 2400 Hz. This second region coincides with 

the interval in which the preliminary analysis (see Section 4.1) revealed 

pronounced installation-dependent differences, confirming that it con­

tains relevant information for distinguishing the investigated mounting 

configurations.

From a physical perspective, mounting pressure can simultaneously 

modify the effective specimen thickness, local fibre density and air­

flow resistivity [5]. Non-uniform and manual mounting can additionally 

produce spatially heterogeneous compression and variations in the spec­

imen tube contact condition. The combined action of these mechanisms 

is consistent with the dominant low frequency SHAP contributions and 

the more localized contributions observed at higher frequencies, rather 

than with a uniform modification of the absorption coefficient over the 

entire investigated spectrum.

The SHAP contributions associated with the relative humidity fea­

ture are reported in Fig. 14(b). The frequency components satisfying 

Eq. (14) are primarily concentrated in three spectral regions: (i) the low 

frequency region below approximately 1500 Hz, (ii) the mid-frequency 

region between approximately 2200 and 3200 Hz and (iii) the high 

frequency region above approximately 3600 Hz. Comparatively lower 

contributions are observed between approximately 1500 and 2200 Hz

and between 3200 and 3600 Hz. In the high frequency region, the 

SHAP contribution increases progressively toward the upper limit of the 

investigated frequency range.

Moisture uptake may modify the air-filled pore space and the in­

teraction between the air and the fibre surfaces, thereby affecting the 

effective airflow resistivity and the viscous and thermal dissipation 

mechanisms within the porous structure [12,13]. In fibrous porous 

absorbers, acoustic energy is dissipated mainly through viscous and 

thermal losses generated by the oscillatory motion of air within the 

Fig. 14. Frequency-dependent total absolute SHAP contributions obtained from the univariate method M1 for the installation and relative-humidity features of dataset 

D1. Solid curves denote 𝜇, while the shaded regions represent 𝜇 ± 𝜎.
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Fig. 15. Frequency-dependent total absolute SHAP contributions obtained from 

the univariate method M1 for the humidity-cycle feature of dataset D2. The solid 

curve denotes 𝜇, while the shaded region represents 𝜇 ± 𝜎.

interconnected pores. Moisture adsorbed on the fibre surfaces or re­

tained within the porous network may modify the effective airflow paths 

and, consequently, the acoustic impedance and dissipative response of 

the material [12,13]. Since these properties are frequency dependent, 

moisture exposure can produce non-uniform variations in the sound ab­

sorption coefficient across the investigated spectrum, consistent with the 

separated regions identified by the SHAP analysis. However, because 

moisture distribution and acoustic transport parameters were not mea­

sured independently, the present results do not allow a distinct physical 

mechanism to be assigned to each frequency region.

Regarding dataset D2, Fig. 15 shows the total absolute SHAP con­

tribution associated with the humidity cycle feature. The frequency 

components satisfying Eq. (14) are mainly concentrated in the low fre­

quency region, with a distinct maximum between approximately 1200
and 1400 Hz, and in the high frequency region above approximately 

3600 Hz. A weaker and broader contribution remains visible between 

approximately 2500 and 3000 Hz. Thus, the low and high frequency re­

gions provide the greatest discriminative information for identifying the 

number of humidity cycles, whereas the mid-frequency contribution is 

less pronounced than that observed for the relative-humidity feature in 

dataset D1.

The correspondence between the low and high frequency regions 

identified in the two datasets indicates that relative humidity and re­

peated moisture exposure produce distinguishable acoustic signatures 

in common portions of the frequency spectrum.

5 . Conclusions

The acoustic response of two aeronautical glass wools has been ana­

lyzed through a framework combining impedance tube measurements, 

supervised classification based on univariate and multivariate neural 

network methods and SHAP-based explainability analyses. Within this 

approach, the classification task serves as a qualitative discriminator 

to determine whether a given categorical feature leaves a detectable 

signature in the sound absorption coefficient, while SHAP values quan­

tify the spectral contribution of each feature. For the Installation and 

Environmental Variability Dataset D1, material type and protective layer 

are identified as the most discriminative features, with classification 

accuracies exceeding 94% and 99%, respectively.

With specific regard to the installation factor, the proposed frame­

work reveals clear and structured variations in the sound absorption 

coefficient across the investigated mounting conditions. Plunger-based 

configurations produce noticeable spectral changes, with differences of 

about 16–22% depending on the material and frequency range. In con­

trast, manual installation leads to higher absorption values and a shift 

of the peak response toward lower frequencies, a trend observed across 

all cases. This is also reflected in the classification results, where the uni­

variate model reaches 57.9% accuracy and the multivariate model 46.6%, 

compared to a 25% random baseline. These values indicate that instal­

lation effects are present and detectable. In agreement with this, the 

SHAP analysis shows that the most relevant contributions are concen­

trated in two frequency regions, rather than being spread uniformly 

across the spectrum. From a physical point of view, the observed be­

havior is mainly driven by how the contact pressure is distributed at 

the specimen–fixture interface. The plunger-based configurations, which 

promote a more uniform pressure field, tend to preserve a more consis­

tent acoustic response. Conversely, more localized contact conditions 

can lead to partial pore closure, local compaction and damaging of the 

fibrous structure. In this sense, the use of a plunger-based mounting 

system improves repeatability by ensuring a more controlled and re­

producible contact condition, while the uniform pressure termination in 

particular helps mitigate the aforementioned physical effects that have 

been shown to introduce variability in the measurements.

Relative humidity has a significant influence on the sound absorp­

tion coefficient, producing variations between 17-31% depending on the 

adopted configuration and classification accuracies around 70%. SHAP-

based analysis revealed that these humidity-related effects are frequency 

dependent, with the highest sensitivity in three bands: (i) below 1300 Hz, 

(ii) between 2200 and 3200 Hz and (iii) above 3600 Hz. For the Humidity 

Cycling Degradation Dataset D2, repeated humidity cycles progressively 

modified the sound absorption coefficient response. Variations between 

consecutive cycles ranged from a few percent in the initial stages to 

approximately 10-15% in later cycles. The classification framework cap­

tured these changes with accuracies up to 85%. Limited discriminability 

among nominally identical specimens suggests that the observed acous­

tic variations induced by humidity cycles are broadly consistent across 

samples. Overall, the proposed framework demonstrates how experi­

mental impedance tube measurements combined with machine learning 

classification and SHAP-based explainability can identify features and 

frequency bands governing the variability of the sound absorption coef­

ficient of aeronautical glass wool materials. The proposed methodology 

is inherently data-driven and can be transferred to other experimental 

campaigns involving different features and values.

Future research may extend the present investigation to additional 

porous materials, material parameters (such as flow resistivity) and 

specimen thickness. The methodology may also be transferred from 

impedance-tube measurements to reverberation-chamber testing in or­

der to investigate full-scale insulation blankets under more realistic 

operating conditions.
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