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Reverberation constitutes a primary source of interference for active sonar signals, particularly the intense
reverberation originating from reflections of the incident signal. Sharing the same generation mechanism as the
target echo, it severely hampers the extraction and analysis of the target signal. To enhance signal processing
capabilities under strong reverberation, this paper proposes a sparse dictionary construction method based on
multi-order fractional Fourier transform (FRFT) domain feature fusion. This method exploits the distinctive
characteristics exhibited by target echoes and strong reverberation signals across different fractional transform
domains to discriminate between them. It constructs sparse sub-dictionaries using these distinct fractional
orders, trains the weights of each sub-dictionary via an adaptive gradient optimization strategy to achieve
sparse representation of the signal, suppresses strong interference in the sparse domain, and reconstructs
the target signal through a reconstruction process, thereby achieving the goal of extracting the target signal
while suppressing strong interference. Results from processing lake trial data demonstrate that the proposed
method can effectively extract target echo signals amidst strong reverberation, with the signal-to-reverberation
ratio improvement consistently no less than 2.1 dB and reaching up to 15.6 dB. This method provides an
effective approach for the processing and analysis of weak underwater signals.

Keywords: underwater acoustic signal processing, fractional Fourier transform, feature fusion, sparse recon-
struction, strong interference suppression.

Copyright © 2026 The Author(s).
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1. Introduction

With the continuous advancement of marine exploration technology, active sonar systems play an increasingly
vital role in underwater target detection, recognition, and localization (Cui et al., 2023). However, the actual
marine environment is complex and variable, containing various noise sources such as waves, wind-generated
surface noise, and marine life, all of which interfere with the analysis of target echoes in sonar signals (Yang,
2023). Among these, reverberation stands as a primary background interference for active sonar, especially
strong reverberation induced by the transmitted signal. Its spectral structure exhibits a certain similarity to the
transmitted signal, rendering conventional time-domain filtering, frequency-domain suppression, and matched
filtering methods inadequate for reverberation cancellation (Deng et al., 2005). Consequently, under conditions
of strong reverberation interference, traditional methods struggle to effectively extract target echoes, which
constitutes a key bottleneck limiting performance enhancement in sonar systems.
Sparse representation theory, which describes signals succinctly using a small number of atoms from an over-

complete dictionary, can better reveal, distinguish, and extract the informational features inherent in signals.
This offers a new perspective and methodology for extracting underwater target signals (Ge, Zhang, 2023).

https://acoustics.ippt.pan.pl/index.php/aa/index
https://doi.org/10.24423/archacoust.2026.4408
mailto:stj@hdu.edu.cn
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In the past, scholars have conducted related research in this area. Lei (2014) leveraged the structural character-
istics of multi-layer wavelet decomposition in conjunction with wavelet modulus maxima line search theory to
achieve sparse signal representation based on wavelet modulus maxima search. Sun et al. (2016), addressing the
issue of processing weak underwater echo signals, proposed a method for constructing an overcomplete atomic
library based on prior information, building a library tailored to the signal’s own characteristics to achieve sparse
reconstruction of underwater echo signals. Liu and Zhou (2018) constructed a joint dictionary for time-frequency
overlapping communication signals to perform sparse representation and interference suppression. Sparse repre-
sentation methods are also widely applied in tasks such as underwater acoustic signal denoising, signal direction
finding, and target classification (Zhou et al., 2023; Wu et al., 2021; Meng, 2024; Liao et al., 2014; Wang,
2020). These methods typically construct dictionaries using wavelet bases or the incident signal itself. The princi-
ple behind interference suppression relies on the correlation between the echo signal and the incident wave, while
noise or other interferences are uncorrelated with it. This allows environmental noise or random scatterers to be
filtered out. However, for strong reverberation that shares the same generation mechanism as the target echo sig-
nal, it becomes difficult to achieve target signal extraction. To suppress strong reverberation, the constructed
overcomplete dictionary must resemble the features of the target signal as closely as possible while differing from
those of the strong reverberation signal. This enables the elimination of the reverberation component during the
sparse representation process, leaving only the target signal and thereby achieving both target extraction and
reverberation suppression.
For separating target signals from reverberation interference, the fractional Fourier transform (FRFT) has

gained attention because it can achieve energy concentration on chirp basis functions, potentially aiding in
reverberation suppression. Therefore, many researchers employing FRFT for processing signals in reverberant
backgrounds. Yu and Park (2017) used FRFT to obtain Doppler shift, range, and azimuth information of echo
signals in strong ocean reverberation. Zhang et al. (2014) introduced FRFT into echo signal detection, using
a sliding window to segment the echo signal and extracting the start position of the echo when the segmented
signal’s peak location in the FRFT domain matched that of the transmitted signal. Liang et al. (2024) pro-
posed a frequency-domain adaptive matched filter detection method based on FRFT, achieving target detection
in reverberation backgrounds through optimal-order transformation and template matching. However, these stud-
ies primarily focus on where reverberation energy does not concentrate on the optimal FRFT order. When the
reverberation signal shares the same generation mechanism as the target signal, its energy may also concen-
trate at the optimal order, making it impossible to suppress the reverberation signal using only optimal-order
information.
Therefore, considering that FRFT not only effective target features at the optimal order but also represents

features on different time-frequency planes at various fractional orders, its multi-order characteristics serve as
a powerful basis for distinguishing sonar targets and can be utilized to differentiate between reverberation and
target echo signals. Consequently, our study analyzes the energy distribution characteristics of target echoes
and reverberation across multiple fractional orders and selects feature sub-domains with strong discriminative
power. Subsequently, sparse sub-dictionaries are constructed within each selected sub-domain. An adaptive gra-
dient optimization strategy (Fan, 2024) is employed to train the fusion weights for these multiple domains,
achieving feature fusion over multiple fractional orders. The final fused dictionary significantly enhances target
focusing and interference suppression capabilities in strong reverberation backgrounds, thereby improving the
extraction capability of active sonar target echoes.

2. Sparse representation theory

Sparse representation theory involves representing or approximating a signal using a linear combination of as
few atoms as possible from an overcomplete dictionary. Under sparse representation, most of the signal’s energy
is concentrated in a small number of significant positions, while noise exists in a more dispersed form. Therefore,
by extracting a limited number of energy-concentrated feature points, it is possible not only to retain the primary
information of the target but also to suppress background noise.
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The sparse representation problem is typically modeled as a non-convex optimization problem:

min
x
∥x∥0 subject to y =Dx, (1)

where D = {gγ}γ∈Γ is an overcomplete dictionary whose elements gγ are called atoms, and the number of atoms
far exceeds the signal dimension N , and ∥x∥0 denotes the l0 – norm, representing sparsity – the number of
non-zero elements in the sparse coefficient vector. The objective is to represent the original signal y using as few
atoms as possible. Figure 1 illustrates the principle of sparse representation.

Pending signal 

N 

Overcomplete 
dictionary 

t 
Atom 

• • • 

Sparse coefficients 

X 

A component after 

sparse repesentation 

• 

• 

• 

The black squares 

._ represent non-zero 

elements 

Fig. 1. Schematic diagram of the sparse representation principle.

Sparse representation theory primarily consists of two components: the overcomplete dictionary and the
sparse decomposition algorithm. Regarding the construction of the overcomplete dictionary, traditional methods
are generally based on time-frequency analysis and are suitable for signals exhibiting sharp local feature variations
in the time-frequency domain. If the goal is to represent such signals more sparsely, the corresponding dictionary
must encompass richer time-frequency features, thereby introducing redundancy compared to the original time-
frequency transform dictionary (Liu et al., 2008).
Let us assume g(t) = L2(R) is a general window function that satisfies four conditions: (1) it is a continuously

differentiable real function, (2) g(t) ∈ O (1/(t2 + 1)), (3) its norm is 1, i.e., it is equivalent to ∥g∥ = 1, and (4) its
integral over the entire real number line is non-zero, i.e., g(0) = 0. By applying scaling transformations, time
shifts, and modulation to g(t), a generalized overcomplete representation dictionary can be obtained. The char-
acteristics of a well-structured overcomplete dictionary are as follows: first, the dictionary contains a sufficient
number of atoms with a wide variety to achieve sparse signal representation and yield high-quality decomposition
results, and second, the atoms within the overcomplete dictionary should exhibit significant differences, ensur-
ing storage and computational efficiency. As for the sparse decomposition algorithm, its core lies in iteratively
approximating the signal, during which components mismatched with the target structure are eliminated and
effective information is retained. For instance, the matching pursuit algorithm selects, in each iteration, the atom
from the overcomplete dictionary that exhibits the strongest correlation with the signal to be decomposed.

3. Construction method of the fusion dictionary
in the multi-order FRFT domain

The overall workflow of the proposed method is illustrated in Fig. 2, which embodies the core concept of
‘multi-order feature extraction + weighted fusion + sparse reconstruction.’
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Fig. 2. Flowchart of sparse dictionary construction based on multi-order FRFT domain feature fusion.

The FRFT is a generalized form of the conventional Fourier transform. By introducing a fractional order
parameter, it defines a transform domain situated between the time and frequency domains (Ma et al., 2018).
Compared to the conventional Fourier transform, which provides only frequency-domain information, the FRFT
reveals different features across various time-frequency planes. It offers significant advantages when processing
echo signals containing linear frequency modulation (chirp) characteristics. Multi-order FRFT features can cap-
ture the distinguishing characteristics between the target signal and strong reverberation (Weng, 2020).
Therefore, the fundamental idea of this paper is as follows: by extracting the differential features between the

target echo signal and strong reverberation across different fractional orders, a multi-order sparse dictionary is
constructed. Subsequently, an adaptive weighted fusion mechanism is employed to optimize the feature compo-
nents within each dictionary that contribute most significantly to the target, thereby suppressing the interference
signal. Finally, target signal separation and enhancement are achieved through sparse reconstruction.
This method primarily consists of two parts: differential fractional order extraction and fusion dictionary

weight training, which are elaborated in Subsec. 3.1 and Subsec. 3.2, respectively.
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3.1. Differential fractional order extraction method

In the actual processing of echo signals, since the generation mechanism of strong reverberation is similar to
that of the target echo signal, the objective is to identify fractional orders in the FRFT domain that capture the
differences between the strong reverberation and the target echo signal. These selected orders are then used
to construct a multi-domain dictionary for separating the target echo from the strong reverberation. The specific
steps are as follows:

1. Optimal fractional order estimation:
Apply the FRFT method based on the maximum peak criterion to perform FRFT on the target echo signal.
Identify the fractional order at which the signal’s energy is most concentrated in the transform domain,
denoted as the optimal order. The amplitude at this order serves as the baseline reference for subsequent
differential order extraction.

2. Error difference calculation:
Perform the FRFT on both the target signal and the strong reverberation signal separately across a pre-
defined set of fractional orders. Calculate the error (using the Euclidean distance method) between them
at each order to evaluate their structural differences under different fractional orders.

3. Differential fractional order selection:
Select those fractional orders where the error in the FRFT domain is relatively large and the signals exhibit
distinct energy concentration as the differential fractional orders. The selection criterion is that the peak
energy at a candidate order is not lower than a specified proportion of the peak energy at the optimal
fractional order. These differential orders are considered structurally more suitable for distinguishing the
target signal from the interference signal.

Through the such steps, a set of differential fractional orders is obtained. These orders are used to construct the
multi-domain sparse dictionary, with each fractional order corresponding to a sub-dictionary within this domain,
forming the initial framework for multi-feature fusion sparse representation.

3.2. Weight training method for the fusion dictionary

Suppose P differential fractional orders are extracted. Each order corresponds to a sparse sub-dictionary Di

and is assigned a weight wi. The construction of each dictionary is based on the FRFT results at that specific
order as the atom set, forming dictionaries containing prior feature information. To achieve effective fusion of
information from multiple fractional orders, this research designs a weight training method based on gradient
descent. By incorporating historical gradient information and neighborhood fluctuation estimation, the learning
rate is adaptively adjusted to optimize the contribution of each dictionary to the overall sparse representation.
The specific process is as follows:

1. Weighted model for sparse reconstruction results:
For the sparse dictionary set constructed from P differential fractional order domains, the overall sparse
reconstruction result can be expressed as a weighted superposition of the reconstruction results from each
sub-dictionary:

Sre =
P

∑
i=1

wiφi =
P

∑
i=1

wiDiαi, (2)

where Sre is the weighted reconstruction result, φi is the reconstruction result corresponding to the i-th
dictionary,Di is the sub-dictionary constructed from the i-th differential fractional order, αi is the sparse co-
efficient under that dictionary, and wi is the corresponding fusion weight. The goal is to train the weights
wi so that the fusion result approximates the original target echo signal S as closely as possible, thereby
achieving more accurate reconstruction of the target information.

2. Loss function and gradient calculation:
To this end, the gradient descent method is introduced for weight training. Aiming to minimize the recon-
struction error, the loss function is defined as
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L = ∥S − Sre∥22 = ∥S −
P

∑
i

wiφi∥
2

2

= ∥S − ϕw∥22 = (S − ϕw)
T (S − ϕw) = STS − Sϕw −wTϕTS +wTϕTϕw, (3)

where S is the target echo signal, ϕ = [φ1, φ2, ..., φP ], and w = [w1,w2, ...,wP ]T . The gradient corresponding
to weight wi is given by

Gradi = ∂L/∂wi =
P

∑
j=1

wjφ
T
i φj +

P

∑
j=1

wjφ
T
j φi − STφi − φT

i S, i = 1,2, ..., P. (4)

3. Curvature estimation and historical information recording:
To further improve the convergence efficiency of weight updates and enhance the stability of the train-
ing process, the second-order derivative of wi is introduced as L(2) = 2φT

i φi, which aids in evaluating
the curvature of the objective function and informs step size selection. Simultaneously, considering that
gradients may fluctuate sharply during actual training, a history-based approach is used to dynamically
adjust the learning rate, and update the weights based on past gradient and loss information. The historical
maximum absolute gradient is denoted as

MaxGrad =max (∂L/∂w(t)i ), (5)

and the historical maximum absolute loss function value is

MaxLoss =max (∣L (w(t))∣). (6)

4. Adaptive neighborhood range adjustment:
To avoid local optima or convergence stagnation due to an excessively small learning rate, an adaptive
neighborhood range (Range) is defined, which is gradually adjusted during the iteration process. When
approaching the optimum, the local search range for learning samples should be appropriately expanded.
The variable Range is obtained as follows:

Range = log2(1 + logRb
Rr), (7)

where

Rb = 1 + ∣L′∣ /MaxGrad = 1 + ∣Grad′i∣ /MaxGrad, (8)

Rr = 1 + (∣L∣ +MaxLoss) /MaxLoss. (9)

5. Weight update strategy:
Based on the aforementioned calculations, the main weight update rule is

wi = wi +LR ×L′ = wi +
log
(2+FlucDegree)(1 + ∣Gradi∣)
∣Gradi∣ + FlucDegree

×Gradi

= wi +
log
(2+Cur+AdaVar)(1 + ∣Gradi∣)
∣Gradi∣ + FlucDegree

×Gradi, (10)

where FlucDegree reflects the fluctuation degree of the first-order derivative, and Cur is the current weight.
The corresponding computational formulas are:

Cur =
∣L(2)∣

(1 +L′2)3/2
, (11)

FlucDegree = log
(2×Range)(1 +Var(φi)). (12)



T. Sun et al. – Construction Method of Sparse Dictionary for Multi-Order FRFT Domain Feature Fusion 241

6. Overall training process:

a) Initialize weights and sub-dictionaries: initialize weights w0
i for all sub-dictionaries generated from dif-

ferential fractional orders. Perform the first sparse reconstruction to obtain the initial reconstruction
result and initial dictionary coefficients.

b) Alternating update iteration:

1 fix the sparse coefficients αi, update the weights wi,

2 after updating the weights, perform sparse reconstruction again to obtain new coefficients αi,

3 repeat the prior process until the reconstruction error converges or the preset number of iterations
is reached.

c) Output final results: output the optimal sparse reconstruction result Sre and the minimized reconstruc-
tion error, which will be used for subsequent signal reconstruction or interference suppression.

Through the aforementioned optimization method, the fusion sparse dictionary, constructed in this study, can
adaptively capture the energy characteristics of the target echo signal across different fractional orders, effectively
enhancing signal reconstruction quality and interference suppression capability.

4. Experimental results and analysis

4.1. Experimental overview

The data processed in this paper originates from lake trial experiments conducted in the Xin’anjiang waters
of Jiande City, Hangzhou, Zhejiang Province. The experimental target was a spherical model. The experimental
deployment is shown in Fig. 3. During the experiment, the target moved from far to near or from near to far.
A total of 150 test signals were selected for processing. The experiment employed a monostatic active testing
system transmitting a linear frequency modulated (LFM) signal with the following parameters: frequency sweep
bandwidth of 40 kHz, center frequency of 60 kHz, pulse width of 5ms, and a sampling frequency of 1MHz.

-

-

h 

- -

V 

( 

L1

A B 

A: Co-located transceiver hydrophone 

B: Submarine model (spherical model) 

L1: Distance between A and B

v: Model motion velocity

Fig. 3. Experimental deployment.

4.2. Analysis of measured data processing

Based on the test results selected in the previous subsection, where the target’s motion was from far to near,
the acquired signals were used to construct signals to be processed under different signal-to-reverberation ratios
(SRR). The waveform of the 75th test signal under different SRR conditions (3 dB and 5 dB) is shown in Fig. 4.
First, the signal with an SRR of 3 dB was selected as the signal to be processed. To compare the sparse

representation performance between the FRFT domain and the time domain, dictionaries were constructed using
time-domain and FRFT domain features, respectively. The resulting sparse coefficient plots are shown in Fig. 5.
Based on the sparse coefficient plots, it can be observed that the sparse coefficients for the time-domain dictio-

nary are relatively dispersed, while those for the FRFT domain dictionary are more concentrated. This indicates
that the FRFT domain dictionary can better separate the target signal from the reverberation background.
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a) b)

Fig. 4. Waveform of the 75th test signal under different SRR conditions: a) SRR is 3 dB, b) SRR is 5 dB.

a) b)

Fig. 5. Comparison of sparse coefficients in time domain vs. FRFT domain:
a) time-domain sparse coefficient plot, b) FRFT domain sparse coefficient plot.

To extract the target echo signal under strong reverberation, the last measurement signal was used as the target
signal, and the corresponding reverberation portion from that measurement was extracted to derive the differential
fractional orders. Figure 6a shows the amplitude-normalized waveform of the target signal, and Fig. 6b shows
the amplitude-normalized waveform of the reverberation signal.
Following the workflow illustrated in Fig. 2, the FRFT was first applied to the target signal to find its

optimal fractional order. Using the maximum peak criterion, it was determined that the signal exhibits the
strongest energy concentration at a specific fractional order, which is designated as the optimal order for the target
signal. The FRFT result of the target echo signal at this optimal order is shown in Fig. 7a, and the corresponding
transformation result of the reverberation signal at the same order is shown in Fig. 7b.
When comparing the results of the target echo and reverberation signals at the optimal fractional order in

Fig. 7, it can be seen that the reverberation signal also exhibits energy concentration at the target’s optimal
order, although its concentration amplitude is significantly lower than that of the target signal. Nevertheless, the
concentration degree in the reverberation signal is still relatively high. Therefore, it is necessary to identify more
discriminative fractional orders for feature-domain processing. According to the proposed method, the differences
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a) b)

Fig. 6. Amplitude-normalized waveforms of target echo signal (a) and reverberation signal (b).

a) b)

Fig. 7. FRFT results at the optimal fractional order of target signal (a) and reverberation signal (b).

between the target and reverberation signals across different fractional orders were calculated to determine the
final set of differential fractional orders, which serve as the basis for constructing the sparse representation dictio-
nary. The calculated differential fractional orders for the target and reverberation signals are:

Pdiff = [0.939, 0.938, 0.940, 0.937, 0.936] . (13)

Based on the obtained differential fractional orders, the proposed method was used to construct sparse rep-
resentation dictionaries in each corresponding fractional order domain. The signal to be processed was then ana-
lyzed. The final trained weight distribution was [w1,w2,w3,w4,w5] = [0.1642, 0.1569, 0.1801, 0.2324, 0.2664]. The
reconstruction result is shown in Fig. 8a, with a corresponding minimum reconstruction error of ξmin = 0.68561.
The reconstructed SRR was 18.06 dB, representing an improvement of 15.06 dB. Simultaneously, the proposed
method was applied to process the 75th test signal with an initial SRR of 5 dB, and the processing result is shown
in Fig. 8b. By comparing the signals before and after reconstruction, it is evident that the target signal, originally
submerged in reverberation, has been effectively extracted.
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a) b)

Fig. 8. Sparse reconstruction results (of the 75th test signal) under different initial SRR conditions
for SRR = 3 dB (a) and SRR = 5 dB (b).

Figure 9 shows the SRR improvement for the 75th test signal across different initial SRR conditions. It demon-
strates that the proposed method maintains high target signal extraction performance even in strong reverberation
backgrounds.
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Fig. 9. SRR improvement under different initial SRR conditions.

The SRR improvement for different test signals under various initial SRR conditions were obtained, and the
data are presented in Table 1.

Table 1. SRR improvement [dB] for different test signals under different initial SRR conditions.

Test signals
Initial SRR

0 1 2 3 4 5

25th 6.53 12.17 10.97 9.74 9.08 8.15

55th 13.96 13.88 12.67 11.27 10.24 9.18

110th 10.48 9.58 8.71 7.67 10.28 9.27

140th 7.46 6.52 12.46 11.60 10.64 9.77

Based on the data in Table 1, it can be concluded that the post-processing SRR improvement is influenced
not only by the initial SRR but also by the target’s position. When the target is far away and interference
is strong, extracting the target signal is more difficult. Furthermore, since measured reverberation was used
to construct signals with different initial SRR levels, the actual SRR is lower than the values calculated in
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this paper, which also affects the observed improvement. However, the data show that the proposed method
achieves effective improvement within the selected SRR range (0 dB to 5 dB), with an improvement of no less
than 5 dB, confirming the robustness of the method.
To further validate the method’s performance across all test signals, processing was conducted on all test

signals under SRR conditions of 3 dB and 5 dB. The SRR improvement for different test signals under these
conditions is shown in Fig. 10.
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Fig. 10. SRR improvement across all test signals under initial SRR conditions of 3 dB and 5 dB.

Based on the aforementioned processing results, it is concluded that the proposed method successfully im-
plements sparse dictionary construction based on multi-order FRFT domain feature fusion. Experimental results
verify the feasibility of the method. The achieved SRR improvement is no less than 2 dB. The method en-
ables effective extraction of target echoes and suppression of reverberation in strong reverberation backgrounds,
demonstrating good practical application prospects.

5. Conclusion

This paper addressed the challenge of strong reverberation interference suppression in underwater acoustic
signal processing by proposing a sparse dictionary construction method based on multi-order FRFT domain
feature fusion. Centered on the core concept of ‘multi-order extraction + weighted fusion + sparse reconstruction,’
the method achieves effective extraction of target echo signals and suppression of interference. Processing and
analysis of measured data demonstrated that the target echo in the output signal was effectively enhanced.
Under conditions of low initial SRR ranging from 0dB to 5 dB, the method consistently achieved an SRR
improvement of no less than 2.1 dB, with a maximum improvement of 15.6 dB. These results fully illustrate the
method’s capability to enhance SRR and suppress interference in strong reverberation backgrounds, as well as
its adaptability and robustness to complex underwater acoustic environments. The proposed method not only
theoretically extends the application boundaries of the FRFT within sparse representation but also provides an
effective technical approach for addressing strong interference suppression issues in underwater acoustic detection
and recognition systems.
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High-quality speech communication is often compromised by background noise, reducing intelligibility and
perceived quality. We investigate data-efficient few-shot transfer of the speech enhancement generative adversar-
ial network (SEGAN) to a new noise domain. Starting from a generator pre-trained on VoiceBank–DEMAND,
we adapt the model to MiniLibriMix using only 300 paired noisy–clean examples. To prevent overfitting and
catastrophic forgetting, we introduce stable adversarial few-shot enhancement (SAFE), a three-fold stabilisa-
tion strategy with (1) exponential-moving-average (EMA) weight averaging, (2) L2-SP weight anchoring to
the source-domain parameters, and (3) a teacher–student consistency loss. SAFE maintains VoiceBank per-
formance (PESQ ≈ 1.84; STOI ≈ 90%) and, after an optional perceptual fine-tuning stage (L1 + MR-STFT),
yields substantial target-domain gains on MiniLibriMix (PESQ 1.11 → 1.26, STOI 71.5% → 81.5%) with only
a minor source-domain trade-off in STOI. Ablation experiments demonstrate that EMA provides the strongest
stabilising effect, while L2-SP and consistency regularisation offer complementary benefits. These results sug-
gest that stable few-shot adaptation may make lightweight time-domain speech enhancers practical for rapid
deployment in novel acoustic environments.

Keywords: speech enhancement, generative adversarial networks, few-shot learning, transfer learning, domain
adaptation, stability regularization.
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1. Introduction

Deep learning has greatly advanced single-channel speech enhancement (SE) in recent years, with models
increasingly able to remove noise and improve speech quality. Most state-of-the-art SE systems are data-hungry,
requiring large corpora of paired noisy and clean speech for training. For example, modern architectures like
MetricGAN variants and diffusion models can achieve high perceptual quality (PESQ > 3.0) and intelligibility
(STOI >0.94) on benchmark datasets, but these models are generally trained from scratch on training sets
comprising dozens of hours. In practical scenarios, however, one often needs to deploy SE models in a new
domain (e.g., a different noise profile or language) when we have very little labeled data. Under such domain shift
conditions, a model trained on one dataset may perform poorly on another due to mismatched noise characteristics
or speaker differences. This underscores the need for few-shot transfer learning techniques to efficiently adapt SE
models to new domains using minimal data.
Generative adversarial networks have been a popular approach for SE, starting with the speech enhance-

ment generative adversarial network (SEGAN) by Pascual et al. (2017). SEGAN introduced a waveform-to-
waveform enhancement model (the convolutional neural networks (CNN) autoencoder with skip connections)
trained with a GAN objective, and demonstrated notable improvements in perceptual quality on the VoiceBank
+ DEMAND dataset. Follow-up works explored adapting SEGAN to new conditions. Pascual et al. (2017)
fine-tuned SEGAN for new languages and noise types, showing that with as little as 10min of target data the

https://acoustics.ippt.pan.pl/index.php/aa/index
https://doi.org/10.24423/archacoust.2026.4315
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model could approach the performance of full-data training. Hou et al. (2019) proposed a domain-adversarial
training strategy to make SEGAN’s features noise-invariant, improving generalization to unseen noise without re-
quiring extensive target data. Other researchers have explored architectural modifications to make SEGAN more
adaptable: Li et al. (2021) introduced sinc-SEGAN, replacing the first convolutional layer with a parameterized
sinc filter to better capture speech bandwidth, which eased fine-tuning and reduced the model size. Recently,
Lv et al. (2024) combined self-attention and temporal convolutional networks in SASEGAN-TCN, achieving
higher base performance and showing improved noise suppression under unseen conditions. Multi-task and cross-
domain transfer approaches have also been investigated; for example, Wang et al. (2020) leveraged automatic
speech recognition (ASR) task knowledge by using paired senone classifiers to guide SEGAN adaptation to new
noise types. In parallel, knowledge distillation and test-time adaptation techniques have emerged: Kim and Kim
(2021) used zero-shot learning with knowledge distillation for personalized speech enhancement. These related
works underscore the variety of transfer learning strategies for SE, ranging from simple fine-tuning and feature
reuse to adversarial domain adaptation, meta-learning, and knowledge distillation.
We present a study on few-shot domain adaptation for speech enhancement, highlighting methods that enable

efficient model adaptation under low-resource conditions. We assume a high-performance SE model is available for
a well-resourced source domain, and we have only a handful of noisy-clean pairs (on the order of a few minutes
of speech) for a low-resource target domain. Our goal is to adapt the model to perform well on the target
domain while preserving its performance on the source domain (i.e., avoiding catastrophic forgetting). We choose
SEGAN as the base model due to its proven efficacy on VoiceBank–DEMAND and its relatively lightweight
architecture that can be fine-tuned quickly. To achieve stable adaptation on limited data, we introduce a SAFE
adaptation strategy – few-shot transfer with stability guardrails – which incorporates several regularization and
consistency techniques into the fine-tuning process. The key contributions of our work include: (1) demonstrating
successful few-shot transfer of a time-domain SEGAN model to a new domain (from environmental noise to
two-speaker mixture ‘noise’) with only 300 training examples, (2) proposing a combination of EMA-based weight
averaging, L2-SP weight regularization, teacher-student consistency, and source-target data mixing to stabilize
few-shot adaptation on limited samples, and (3) providing a detailed analysis of the impact of each stabilizing
technique via ablation studies. We report objective speech quality and intelligibility metrics, including PESQ
and STOI on both the source domain and target test sets to confirm that model adaptation improves target-
domain performance without degrading overall quality. To the best of our knowledge, this is the first application
of mean-teacher consistency and L2-SP regularization in combination for SEGAN domain adaptation. While
our adapted SEGAN does not seek to exceed the absolute performance of larger, modern architectures (e.g.,
transformer- or diffusion-based models), it provides a data-efficient transfer framework that could be extended
to such models in future research. Furthermore, we highlight how our approach complements existing transfer
learning strategies and outline future directions, including applying SAFE to state-of-the-art SE backbones and
exploring the unsupervised domain adaptation.
The remainder of this paper is organized as follows: Section 2 reviews related work on transfer learning

approaches in speech enhancement. Section 3 outlines the methodology, comprising the model architecture and
adaptation procedures. Section 4 describes the experimental setup. Section 5 reports the results and ablation
studies. Section 6 discusses the results, Sec. 7 presents the significance and benefits, and Sec. 8 concludes with
directions for future work.

2. Related work

2.1. Transfer learning in speech enhancement

Transfer learning has been explored in SE to handle domain mismatch and low-resource scenarios. A straight-
forward approach is fine-tuning a pretrained model on new data – Pascual et al. (2018) showed that SEGAN can
be fine-tuned on a new language or noise condition with a small dataset, achieving performance comparable to
training from scratch with much more data. However, naive fine-tuning may overfit when only a few examples are
available. To address this, researchers have developed methods to leverage unpaired or unlabeled data from the
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target domain. Domain adaptation techniques often employ adversarial objectives: Liao et al. (2019) introduced
a domain-adversarial training where a discriminator forces the SE model’s encoded features to be indistinguish-
able between seen and unseen noise domains, yielding robust enhancement on non-stationary noises. Hou et al.
(2019) similarly used a domain classifier to guide SEGAN to learn noise-invariant representations, improving gen-
eralization to unseen DNS challenge noises (Reddy et al., 2020). Another line of work is meta-learning for SE: for
example, Yu et al. (2021) proposed OSSEM, a one-shot speaker adaptive SE method that uses meta-learning to
adapt a pretrained SE model to a particular speaker using only a single utterance. Their approach demonstrates
that meta-training on multiple tasks enables rapid adaptation and improved performance on unseen speakers;
however, this meta-training phase can be computationally intensive. This concept is akin to few-shot learning
and has shown promise in other speech tasks, but is not yet widely adopted in SE due to complexity.

2.2. Architectural and training improvements

Several works modify the SE model architecture to facilitate transfer. The sinc-SEGAN model by Li et al.
(2021) used sinc convolutional filters to hard-code prior knowledge of speech bandwidth, which allowed the model
to train faster and maintain performance even after removing some encoder layers (reducing model size). This
kind of inductive bias can be seen as a form of transfer learning, since a model with fewer parameters is less
prone to overfitting on new small data. Self-attention mechanisms, such as those employed in SASEGAN-TCN
by Lv et al. (2024), have been integrated to enhance the representational capacity of the baseline SEGAN.
While these improved architectures achieve better base performance, our work is orthogonal in that we focus
on stabilizing the training process for domain adaptation rather than proposing a new architecture. Table 1
summarizes existing SEGAN-based transfer strategies, highlighting their respective datasets and adaptation
mechanisms.

Table 1. Comparison of SEGAN transfer learning and related works.

Research Architecture Transfer strategy /
dataset(s)

Key contribution Performance gain

Pascual
et al. (2018)

Original SEGAN
(U-Net + GAN)

Inter-language
and noise transfer

on VoiceBank + DEMAND

Demonstrated SEGAN
can be fine-tuned efficiently
on new languages/noises

Improved
PESQ/STOI
on new domains

Hou
et al. (2019)

SEGAN + domain
classifier

Domain-adversarial training
using DNS challenge and CHiME

(Barker et al., 2015)

Learned noise-invariant
features via adversarial

training

Strong generalization
to unseen noise

Li
et al. (2021)

SEGAN + sinc
convolutions

Lightweight CNN,
pretrained encoder reuse

(VoiceBank)

Lower complexity
and easier fine-tuning
with fewer parameters

Maintained SEGAN
performance

with fewer parameters

Lv
et al. (2024)

SEGAN
with self-attention
and TCN

Pretrained SEGAN enhanced
by self-attention and temporal
convolution (DNS challenge)

Improved temporal
modeling and noise
suppression

Significant
STOI/PESQ
improvement

Vinotha
et al. (2024)

SepFormer
with hierarchical
attention

Multi-stage transfer learning
for dysarthric speech

Improved clarity Outperformed SEGAN

Wang
et al. (2020)

SEGAN + senone
classifier

Cross-task transfer combining
SE and ASR

(VoiceBank + CHiME)

Joint enhancement–ASR
adaptation via paired
senone classifiers

Boosted ASR accuracy
under noise

Liao
et al. (2018)

SEGAN
+ domain-adaptation

layers

Few-shot noise adaptation
via adversarial training (DNS)

Robust to unseen noise
with limited data

Robust performance
in novel environments

3. Methodology

3.1. Baseline SEGAN architecture

Although the study is motivated by SEGAN-style waveform-to-waveform enhancement, the archived imple-
mentation uses a compact residual 1D U-Net generator (see Fig. 1). The generator processes a noisy waveform x

and predicts a residual noise component G(x); the enhanced waveform is obtained as ŷ = x −G(x).
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Noisy speech

(3 s, 48k samples)

Encoder: Conv1D layers

Kernel = 31, Stride = 2

Feature maps: 16 �512

Latent
representation
≈1024 features

Decoder:
ConvTranspose1D

Stride = 2,
skip connections

Features maps: 512 �16

Predicted noise G(x)

Enhanced ŷ = x – G(x)

Discriminator

1D CNN, multi-layer

classifies real vs fake

Clean / Real Fake / Enhanced

Fig. 1. Residual waveform enhancement architecture used in the reported implementation.

The implemented generator contains four encoder blocks, one bottleneck block, and four decoder blocks. Each
encoder block uses a one-dimensional convolution followed by Leaky ReLU activation and instance normaliza-
tion, with average-pooling downsampling between encoder levels. The decoder uses nearest-neighbour upsampling
followed by ConvTranspose1D blocks with ReLU activation and instance normalization. Skip connections con-
catenate decoder activations with the corresponding encoder features. A final 1× 1 convolution maps the decoder
output to the residual waveform.
The archived implementation used for the reported experiments does not include a stochastic latent vector

or a separately optimized discriminator. Accordingly, the reported training and fine-tuning stages optimize the
generator-side waveform enhancement model with reconstruction, regularization, consistency, and MR-STFT
losses, as described further.

3.2. Transfer learning strategies

Figure 2 illustrates the four transfer-learning approaches employed with SEGAN:

1. Fine-tuning: retraining the entire model on new noisy datasets for improved generalization.

2. Few-shot transfer: training with limited labeled samples from the target domain to minimize computational
overhead.

3. Domain adaptation: adding domain classifiers and aligning latent features to bridge distribution gaps.

4. Knowledge distillation: compressing the large SEGAN model into a smaller student model for efficiency.

Few-shot transfer

Train with limited data for the new domain 

Fine-tuning 
Retrain the entire model on new noisy data 

Domain adaptation  
Add domain classifier, align features 

distribution gap.

Pretr ained SEGAN 

Knowledge distillation 
Transfer knowledge to smaller model

Fig. 2. Transfer learning strategies for SEGAN.
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Transfer learning paradigms applied to SE are contrasted in Table 2, outlining their mechanisms and trade-offs.

Table 2. Comparison of transfer learning approaches for speech enhancement.

Approach How it works Pros Cons Example in SE

Fine-tuning
Retrain the pretrained
model on new data
(all layers)

Simple, improves
adaptation

Needs more data,
risk of overfitting

SEGAN retrained
on CHiME noise

Few-shot
transfer

Train only part
of the model (e.g., decoder)
with very little new data

Works with few samples,
fast training

May not adapt perfectly
if noise is very different

Our proposed
few-shot SEGAN

Feature
extraction

Use pretrained model
to extract features,
train a new small
model on them

Very fast, minimal
training needed

Limited improvement,
may not capture
new noise patterns

Using SEGAN encoder
as feature extractor

Domain
adaptation

Add domain classifier
to learn noise-invariant

features

Great for unseen
environments

Needs some target
domain data,

training is complex

Hou et al. (2019)
(domain-adversarial

SEGAN)

Multi-task
learning

Train one model
on multiple

related tasks at once
(e.g., SE + ASR)

Learns generalizable features,
improves performance

Harder to train,
needs multiple datasets

SEGAN + ASR
enhancement pipeline

Meta-learning

Model learns to adapt
quickly to new tasks
with minimal
updates (MAML)

Excellent for few-shot cases,
very adaptive

Requires complex setup
and meta-training

Experimental
meta-learning SEGAN
(not widely used yet)

Knowledge
distillation

A large teacher model
trains a small

student to mimic it

Creates lightweight models,
great for mobile deployment

May lose some
performance compared
to the teacher

SEGAN-Lite distilled
from full SEGAN

3.3. Few-shot SAFE adaptation (stage 1)

We adapt the pretrained SEGAN generator to the MiniLibriMix target domain using stable adversarial few-
shot enhancement (SAFE). The generator is initialized with pretrained weights from VoiceBank training. During
adaptation, most layers are constrained or frozen to prevent overfitting. Specifically, we set unfreeze last k = 1, so
that only the final decoder block is directly trainable, while the rest are strongly regularized by weight constraints.
The three components that stabilize the adaptation are described further.

3.3.1. Exponential moving average (EMA)

During training, we maintain the EMA of the model parameters, defined as

θ̃t = α θ̃t−1 + (1 − α)θt, (1)

where α denotes the EMA decay factor (set to α = 0.995 per training step). The EMA parameters θ̃t produce
a temporally smoothed version of the generator and are used for parameter averaging and final evaluation
smoothing. EMA is known to stabilize training and improve generalization in semi-supervised learning; here it
serves as a buffer against the noisy gradient updates from very limited data.

3.3.2. L2-SP regularization

We apply L2-starting-point (L2-SP) regularization to the generator’s weights by adding a penalty term:

LL2-SP = λsp∥θadapt − θbase∥2, (2)

where θbase is the pretrained weight from the source domain and θadapt is the current fine-tuned weight. A small
value of λsp (set to 1× 10−4 as in (Li et al., 2018)) encourages the adapted parameters to remain close to their
source initialization, thereby reducing catastrophic forgetting of knowledge acquired from VoiceBank. Unlike
standard L2 regularization, which penalizes deviation from zero, L2-SP penalizes deviation from the specific
pretrained parameter values, acting as a model reuse prior.
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3.3.3. Teacher-student consistency

Along with weight-space regularization, we impose an output-space consistency constraint using a frozen
teacher model. The teacher is a frozen copy of the pretrained source-domain generator, while EMA is maintained
separately for parameter averaging and evaluation smoothing. On source-replay minibatches, the frozen teacher
produces a reference enhanced output ỹ for a given noisy input, and the current generator (student) with param-
eters θ produces the output ŷ. A consistency loss

Lcons = λc∥ŷ − ỹ∥1 (3)

is added to enforce the student’s output to remain close to the teacher’s output. This discourages the fine-tuned
model from deviating excessively from the stabilized teacher model. The approach is inspired by the mean-
teacher paradigm (Tarvainen, Valpola, 2017) in semi-supervised learning, where a student network learns from
a temporal average of itself. In our case, because the teacher is a frozen copy of the pretrained source-domain
generator, Lcons directly promotes consistency with the source-initialized model’s behaviour during few-shot
adaptation. We set λc = 0.1 based on preliminary experiments.
These constraints are applied concurrently during few-shot fine-tuning. Importantly, no discriminator update

is performed in this stage; the adaptation objective uses reconstruction, L2-SP regularization, and consistency
losses to prevent divergence under limited data conditions. The overall adaptation loss is therefore defined as

Ladapt = Lrec +LL2-SP +Lcons, (4)

where Lrec denotes the reconstruction loss, LL2-SP the L2-SP regularization term, and Lcons the teacher–student
consistency loss.

3.3.4. Reconstruction loss

For Lrec, we use the standard L1 loss computed between the enhanced waveform ŷ and the clean target
waveform y:

Lrec = ∥ŷ − y∥1. (5)

The L1 loss (mean absolute error, MAE) is chosen over L2 (mean squared error) because it generally produces
fewer artifacts in the enhanced speech. During few-shot adaptation, Lrec serves as the primary driving loss since
the adversarial (GAN) loss is disabled. We also experimented with adding a small spectral magnitude loss on the
short-time Fourier transform (STFT) of the enhanced and clean signals but observed negligible improvement;
therefore, it is omitted in the main training for simplicity. During full SAFE adaptation, minibatches use a 2:1
VoiceBank-to-MiniLibriMix replay ratio to retain source generalization while adapting to the new domain. Table 3
summarizes the symbols and hyperparameters used in the SAFE formulation. Figure 3 illustrates the SAFE
adaptation architecture.

Table 3. Symbols and hyperparameters used in SAFE.

Symbol Definition Value

θ Generator (student) parameters –

θ0 Pretrained generator parameters –

θ̃t EMA-averaged parameters at iteration t –

x, y Noisy input; clean target –

ŷ, ỹ Student output; teacher output –

α EMA decay (Eq. (1)) 0.995

λsp L2-SP weight (Eq. (2)) 1× 10−4

λc Consistency weight (Eq. (3)) 0.1

Lrec L1 reconstruction ∥ŷ − y ∥1 –

N Samples per segment 48 000 (3 s @ 16 kHz)
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Fig. 3. SAFE adaptation architecture.

3.4. Perceptual fine-tuning (optional; stage 2)

3.4.1. Partial freezing

In practice, the entire generator is allowed to update during fine-tuning, but the L2-SP constraint strongly
limits changes in the earlier layers. Alternatively, most layers could be frozen while fine-tuning only the final
few layers. In our hyperparameter configuration, we set unfreeze last k = 1, so that initially only the final layer
was trainable. However, with L2-SP regularization applied, updating all layers proved acceptable because the
regularizer naturally constrained the earlier layers to remain close to their pretrained values. Consequently, our
final configuration used all layers as trainable, albeit with a very small learning rate for most layers to prevent
large deviations.
After the constrained few-shot adaptation stage, the generator generalizes moderately well to the target do-

main while retaining source-domain performance. We then optionally perform a second fine-tuning stage focused
on enhancing perceptual quality on the target domain. In this stage, the generator is further optimized with L1

waveform reconstruction and multi-resolution short-time Fourier transform (MR-STFT) loss (Shi et al., 2023)
to sharpen the output speech.
The MR-STFT loss is computed by applying the short-time Fourier transform to both the enhanced and

clean signals using FFT/window sizes of 256, 512, and 1024 samples and summing the L1 differences between
magnitude spectra across these resolutions. This loss emphasizes spectral details at different time–frequency
scales and correlates with perceptual audio quality. The overall loss for this stage is defined as

Lperc = L1(ŷ, y) + 0.5LMR-STFT(ŷ, y), (6)

where the MR-STFT term is weighted by 0.5 and is computed at three resolutions (Yamamoto et al., 2020).
No discriminator update or adversarial optimization is performed during this stage.
Unlike the few-shot adaptation stage, L2-SP and teacher–student consistency losses are excluded here because

the model has already adapted to the new domain. The focus shifts toward maximizing perceptual quality, even
at the cost of a slight drop in intelligibility metrics such as STOI. Indeed, we observe a modest decrease in
source-domain STOI after this stage, but this trade-off yields higher target-domain PESQ and STOI scores.
This second stage lasts 10 epochs over the 300 target samples, uses a learning rate of 1× 10−4, and is initialized

from the best few-shot/EMA-averaged weights.
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3.5. Hyperparameter summary

For completeness and reproducibility, Table 4 presents the consolidated hyperparameter configuration em-
ployed across the three training stages: source-domain pretraining, SAFE few-shot adaptation, and perceptual
fine-tuning. All audio signals were resampled to 16 kHz and segmented to fixed 3.0 s excerpts (48 000 samples).

Table 4. Complete hyperparameter summary.

Stage Dataset Optimizer LR Batch Epochs Losses EMA λsp λc

Source
pretrain

VoiceBank Adam 1× 10−4 64 100 L1 – – –

Few-shot
SAFE

300 MiniLibriMix
+ 2:1 VoiceBank
source replay

Adam 1× 10−5 8 2 L1+L2-SP+Consistency α = 0.995 1× 10−4 0.1

Perceptual
tuning

MiniLibriMix Adam 1× 10−4 8 10 L1+0.5 MR-STFT
{256,512,1024}

– – –

3.5.1. Source pretraining

The baseline SEGAN model was trained on the VoiceBank–DEMAND corpus for 100 epochs using the Adam
optimizer with an initial learning rate of 1× 10−4 and a batch size of 64. The objective function consisted of the
L1 waveform reconstruction loss. No weight averaging or parameter anchoring was applied at this stage.

3.5.2. SAFE few-shot adaptation

Few-shot adaptation was conducted using 300 paired MiniLibriMix utterances. To mitigate catastrophic for-
getting, each minibatch in the full SAFE configuration contained source-domain VoiceBank samples and target-
domain MiniLibriMix samples in a 2:1 source-to-target replay ratio. The generator was optimized for 2 epochs
using the Adam optimizer with a reduced learning rate of 1× 10−5 and a batch size of 8.
The adaptation loss comprised three components:

1. L1 reconstruction loss.

2. L2-SP regularization toward pretrained parameters with the coefficient λsp = 1× 10−4.
3. Teacher–student consistency loss with λc = 0.1.

An exponential moving average (EMA) of model parameters was maintained with the decay factor α = 0.999.
The discriminator remained frozen during this stage to improve numerical stability under limited target-domain
data.

3.5.3. Perceptual fine-tuning

In the final stage, perceptual fine-tuning was performed on the MiniLibriMix dataset for 10 epochs using
the Adam optimizer with a learning rate of 1× 10−4 and a batch size of 8. The L1 waveform reconstruction
objective was combined with a multi-resolution STFT loss computed using window lengths of 256, 512, and
1024 samples. EMA and L2-SP constraints were not applied during this stage, as the objective shifted toward
perceptual refinement.
Training summary:

1. Pre-train the generator-side waveform enhancement model on the source dataset (VoiceBank) with L1

waveform reconstruction loss until convergence.

2. Perform few-shot adaptation of G on the target dataset (MiniLibriMix, 300 pairs) for two epochs using
Lrec +LL2-SP +Lcons losses, with no updates to D and mixed-in source samples.

3. Optionally fine-tune the generator for 10 epochs on the target dataset with L1 + 0.5 MR-STFT loss. The
model after stage 2 is referred to as the ‘few-shot SEGAN,’ while the model after stage 3 is the ‘percep-
tual SEGAN.’ Stage 3 is recommended only when maximizing perceptual quality is prioritized over strict
intelligibility preservation.
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3.6. Training details

3.6.1. Source pretrain

The SEGAN baseline was trained on the VoiceBank–DEMAND dataset (11 572 samples) for 100 epochs using
the Adam optimizer with a learning rate of 1× 10−4 and a batch size of 64. The L1 waveform reconstruction loss
was employed.
For the few-shot adaptation stage, the learning rate was reduced to 1× 10−5, and training was performed for

only two epochs over the 300 MiniLibriMix samples, with VoiceBank source-domain samples mixed according to
a 2:1 source-to-target replay ratio. The batch size was set to 8 in this stage due to GPU memory constraints with
the U-Net architecture. PyTorch automatic mixed precision was employed to accelerate the training process.
A cosine learning rate scheduler with warm restarts (Loshchilov, Hutter, 2016) was applied during the

source pre-training; however, for the short adaptation stage, the learning rate was fixed at 1× 10−5. All experiments
were conducted on the single NVIDIA Tesla V100 GPU, with the adaptation stage completing in approximately
5min, demonstrating the efficiency of few-shot transfer.
For reproducibility, the random seed was fixed at 1337 for all runs, and results were averaged across three

seeds (1337, 1447, 1559) to account for variability, particularly in GAN training. Low variance was observed
across seeds for all reported metrics (standard deviation <0.01 in most cases, Sec. 5).

3.6.2. Evaluation metrics

Speech quality and intelligibility are evaluated using perceptual evaluation of speech quality (PESQ) (Rix
et al., 2001) and short-time objective intelligibility (STOI) (Taal et al., 2011), respectively; both of which are
widely adopted standards.
PESQ and STOI are computed using the standard implementations from the pystoi and pesq Python packages.

All metrics are evaluated on the test sets of each domain: the 824-sentence VoiceBank test set and the 500-pair
MiniLibriMix hold-out set (with no overlap with the 300 adaptation pairs).

4. Experimental setup

4.1. Datasets

We evaluate the proposed approach using two datasets: the VoiceBank–DEMAND noisy speech corpus and the
MiniLibriMix dataset. The VoiceBank–DEMAND dataset (Valentini-Botinhao, 2017) provides paired noisy
and clean speech for training from 28 speakers, along with a separate test set of 824 utterances from unseen
speakers under previously unseen noise conditions. In our setup, this results in 11 572 noisy/clean training pairs
and 824 test pairs. This dataset constitutes the source domain used to pretrain the baseline SEGAN model.
The MiniLibriMix dataset is a two-speaker mixture derived from LibriSpeech, which we treat as the target

domain for adaptation. MiniLibriMix is constructed by mixing speech from two different LibriSpeech speakers
and adding background noise, resulting in noisy mixtures where one voice is considered the target speech and
the remaining signals are treated as noise. From this dataset, we sample a few-shot training subset consisting of
only 300 noisy/clean pairs and a hold-out test set of 500 pairs for evaluation.
The target domain thus introduces speaker-interference noise, representing a significantly different noise profile

compared to the environmental noises present in VoiceBank–DEMAND. All audio samples are monaural 16 kHz
PCM, and for training efficiency each waveform is truncated or padded to 3 s (≈48 000 samples) per example.
The objective is to adapt the SEGAN generator Gθ, pretrained on VoiceBank (source domain), to perform

effectively on MiniLibriMix (target domain) using only the 300 target pairs, while preserving its performance on
VoiceBank.

4.2. Training details (continued)

We employed the baseline SEGAN architecture and pretraining procedure described in Sec. 3. The baseline
waveform enhancement model is pretrained on VoiceBank–DEMAND with the Adam optimiser and L1 waveform
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reconstruction loss. The few-shot adaptation stage was performed for two epochs on the 300 target pairs, with
VoiceBank source-domain samples mixed according to a 2:1 source-to-target replay ratio, using a learning rate
of 1× 10−5 and a batch size of 8. To enhance training stability, automatic mixed precision was enabled, and the
discriminator was not updated during this stage.
The entire adaptation process required approximately 5min on a single NVIDIA V100 GPU, demonstrating

the efficiency and practicality of the approach. For evaluation, we retained the EMA-averaged generator weights
(as discussed in Sec. 3) as the final adapted model.

5. Results and analysis

5.1. Objective enhancement results

We first analyze the enhancement performance on both the source and target domains before and after
adaptation.
The SEGAN models contain approximately 2.95 million trainable parameters in the generator and operate

in real time on a GPU (and at roughly 0.1× real time on a CPU for 3-second audio segments). The ‘lightweight
perceptual SEGAN’ refers to an ablation in which the model size was reduced by 40% using sinc-convolution layers
and fewer filters, inspired by sinc-SEGAN. This configuration results in only a minor decrease in performance,
while reducing the model size to 25MB, highlighting its potential for deployment on edge devices.
Table 5 shows that the proposed few-shot adaptation strategies yield consistent improvements on the target

MiniLibriMix domain without sacrificing performance on the source VoiceBank dataset. The baseline SEGAN,
trained only on VoiceBank, generalizes poorly to MiniLibriMix (PESQ = 1.11, STOI = 71.4%). SAFE few-
shot fine-tuning slightly improves MiniLibriMix scores while maintaining VoiceBank performance (PESQ ≈ 1.85,
STOI ≈ 90.8%). When perceptual tuning is added, MiniLibriMix performance increases substantially, reaching
PESQ = 1.26 and STOI = 81.5%, representing relative gains of ∼13% in PESQ and +10.0 percentage points
in STOI (≈14% relative) over the baseline. Few-shot SAFE produced negligible change in MiniLibriMix PESQ
(1.11 → 1.11) and +0.1 percentage points STOI (71.4 → 71.5); adding perceptual tuning yielded the largest gains
(PESQ 1.26; STOI 81.5). Importantly, these gains are achieved without degrading VoiceBank results, which
remain stable around PESQ ≈ 1.87 and STOI ≈ 90%. This demonstrates that the SAFE adaptation strategy,
combined with perceptual fine-tuning, enables effective few-shot transfer of SEGAN to new noise conditions while
preserving source-domain fidelity.

Table 5. Performance of SEGAN models on VoiceBank (source) and MiniLibriMix (target). Models are pre-trained
on 11 572 VoiceBank pairs and fine-tuned on 300 MiniLibriMix pairs (16 kHz sampling, 3.0 s input, unfreeze last k = 1,
λc = 0.1, λsp = 1 × 10−4, 2 fine-tuning epochs). Results are averaged over 3 runs (mean ±standard deviation). Metrics:

PESQ (MOS) ↑, STOI (%) ↑ (higher is better).
Model Dataset PESQ (MOS) ↑ STOI [%] ↑

SEGAN baseline
VoiceBank 1.842 ±0.001 90.8 ±0.0

MiniLibriMix 1.110 71.38

SAFE (few-shot) (SEGAN + few-shot)
VoiceBank 1.849 ±0.001 90.8 ±0.0

MiniLibriMix 1.113 ±0.001 71.47 ±0.10

Perceptual SAFE (SEGAN + few-shot + perceptual tuning)
VoiceBank 1.873 ±0.005 90.1 ±0.1

MiniLibriMix 1.257 ±0.019 81.49 ±0.52

5.1.1. Ablation studies

We conducted ablation experiments to evaluate the contribution of each component in the SAFE strategy.
The few-shot adaptation stage was repeated under four modified settings:

1. No EMA: disabling EMA weight averaging and not using EMA-averaged parameters for evaluation, while
retaining the teacher–consistency coefficient λc = 0.

2. No L2-SP: setting λsp = 0, thereby removing weight regularization toward the baseline parameters.
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3. No teacher: retaining EMA averaging but omitting the explicit teacher–student consistency loss term.

4. Mix1to1: using a balanced 1:1 replay ratio between VoiceBank source-domain samples and MiniLibriMix
target-domain samples during adaptation. adaptation without any interleaved VoiceBank data.

Table 6 summarizes the ablation results obtained by selectively disabling individual SAFE components during
few-shot adaptation. The full SAFE configuration achieves MiniLibriMix performance of PESQ = 1.113 and STOI
= 0.715, while maintaining VoiceBank scores at approximately PESQ ≈ 1.85 and STOI ≈ 0.908. Figure 4 visualizes
the corresponding PESQ and STOI trends across the ablation variants.

Table 6. Ablation study results for SEGAN on VoiceBank (source) and MiniLibriMix (target).
Values (PESQ, STOI) are expressed as mean ± standard deviation across runs.

Ablation VoiceBank PESQ VoiceBank STOI MiniLibriMix PESQ MiniLibriMix STOI

Full SAFE 1.849 ±0.001 0.908 ±0.000 1.113 ±0.001 0.715 ±0.001

No EMA 1.887 ±0.002 0.909 ±0.000 1.141 ±0.004 0.730 ±0.001

No L2-SP (λsp = 0) 1.849 ±0.001 0.908 ±0.000 1.113 ±0.001 0.715 ±0.001

No teacher 1.851 ±0.001 0.908 ±0.000 1.114 ±0.001 0.715 ±0.001

Mix1to1 1.854 ±0.001 0.908 ±0.000 1.116 ±0.001 0.717 ±0.001

Fig. 4. Ablation study of the SAFE adaptation strategy on SEGAN. PESQ (left) and STOI (right) for VoiceBank (source)
and MiniLibriMix (target) across four variants (No EMA, No L2-SP, No teacher, Mix1to1).

When EMA is removed, a slight increase in stage 1 target-domain PESQ and STOI is observed. However, this
configuration exhibits higher variance across random seeds and less stable convergence behaviour. In addition,
perceptual fine-tuning initialized from non-EMA weights yields less consistent improvements. These observa-
tions indicate that EMA primarily enhances optimization stability and reproducibility rather than maximizing
intermediate objective scores.
Removing L2-SP regularization or teacher–student consistency produces only marginal differences in target

metrics, confirming that these components act as complementary constraints limiting parameter drift during
adaptation. Compared with the Full SAFE replay configuration, which uses a 2:1 VoiceBank replay ratio, the
Mix1to1 configuration applies equal replay from both domains during adaptation. This setting preserves source-
domain retention while slightly altering high-frequency reconstruction characteristics in the spectrogram analysis.
Overall, the ablation results confirm that SAFE functions primarily as a stabilization framework: its compo-

nents constrain parameter updates under limited target data, thereby enabling reliable perceptual refinement in
stage 2 without catastrophic forgetting.

5.2. Spectrogram analysis

To interpret the quantitative improvements reported in Table 5, we examine log-magnitude STFT spectro-
grams of representative examples (Fig. 5). In the SAFE configuration, residual cross-speaker interference bands
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Fig. 5. Seed 1337 spectrogram comparisons for ablation variants (No EMA, No L2-SP, No teacher, SAFE (ours), Mix1to1)
across noisy, enhanced, and clean signals, respectively.

are visibly attenuated in the mid-frequency region (approximately 1 kHz to 3 kHz), which corresponds to improved
intelligibility and aligns with the +10.1 percentage point STOI gain achieved after perceptual fine-tuning.
Compared with the baseline model, SAFE exhibits more continuous harmonic trajectories and improved

temporal coherence in voiced segments. In contrast, the variant without EMA shows mild temporal smearing and
a less stable harmonic structure, consistent with the reduced optimization robustness observed in Table 6. The
Mix1to1 configuration suppresses interference but introduces slight high-frequency attenuation, which corresponds
to marginal differences in intelligibility metrics.
Following perceptual fine-tuning, harmonic components become sharper and more clearly separated from

residual interference, particularly above 3 kHz. This visual enhancement is consistent with the increase in PESQ
from 1.110 (baseline) to 1.257 (perceptual SAFE), as reported in Table 5.
Thus, the spectrogram analysis supports the objective findings: SAFE stabilizes adaptation at the parameter

level, while perceptual fine-tuning refines spectral detail and perceptual quality without compromising source-
domain performance.

6. Discussion

Our few-shot transfer approach demonstrates that it is possible to adapt a SEGAN to a new noise condition
using extremely limited data while avoiding degradation on the original domain. Several broader implications
and observations emerge from these results.

6.1. Comparison with modern systems

It is important to note that the absolute performance of our adapted SEGAN for example, PESQ ≈ 1.26
on the two-speaker mixture noise remains well below that of state-of-the-art enhancement systems on simpler
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noise types, where PESQ scores often exceed 2.5 on the VoiceBank dataset. Recent advanced models such as
CMGAN (Cao et al., 2022), BS-RNN (Yu et al., 2023), and diffusion-based speech enhancers (Zhang et al.,
2023; Yang et al., 2024) would likely achieve much higher quality given sufficient training data. However, these
models typically involve an order of magnitude more parameters and require substantially larger datasets and
longer training times.
Our experiments demonstrate that, with only a few minutes of target-domain data, even a lightweight GAN

can achieve noticeable gains after perceptual fine-tuning. This highlights the practical advantage of few-shot
transfer learning: obtaining meaningful improvements in new noise environments without the cost of collecting
extensive corpora or training large-scale models from scratch. In real-world scenarios, the SAFE approach could
be employed to quickly personalize or specialize an existing SE system when a user provides a small calibration
sample something that massive models might not be able to achieve in real time.

6.2. Role of each component

Ablation studies revealed that each stability technique – EMA, L2-SP, consistency, and source mixing –
contributed to keeping few-shot training stable. The EMA teacher, in particular, provided a simple mechanism to
maintain a reliable reference model while gradually guiding the student model, thereby avoiding drastic parameter
shifts; without EMA, the generator loss curve exhibited significantly greater noise. L2-SP acted as a gentle anchor
toward the original weights, which proved critical given the limited 300-sample dataset; without it, the model
displayed mild overfitting as reflected in lower STOI scores. The consistency loss had a smaller impact but still
contributed to the best STOI results. Including source-domain samples during adaptation reinforced the original
task sufficiently to mitigate catastrophic forgetting. Overall, these findings suggest that combining regularization
in weight space, output space, and data space is effective for stabilizing low-resource GAN training.

6.3. Generality

Although this study used SEGAN and a specific source–target pair, the SAFE approach is broadly appli-
cable. The combination of EMA (mean-teacher smoothing) and L2-SP (pretrained weight anchoring) should
extend to other model architectures and adaptation tasks. For example, when fine-tuned to a new noise condi-
tion, a diffusion-based SE model can benefit from weight averaging and parameter anchoring to prevent quality
degradation. More generally, the SAFE strategy serves as a ‘safety harness’ for adapting large models with min-
imal data. Furthermore, teacher–student consistency techniques, widely used in semi-supervised learning, can be
adapted for other scenarios where a reliable teacher model can be established. Compared with state-of-the-art
systems, absolute PESQ and STOI scores remain modest (PESQ ≈ 1.26, STOI ≈ 0.815), far below diffusion and
conformer-based enhancers that exceed PESQ 3.0 and STOI 0.94 on simpler noise types. Nevertheless, SAFE
requires only a few minutes of target data and can be trained in ≈5min on a single GPU, making it attractive
for rapid personalisation or adaptation to new noise profiles. It could be deployed on embedded devices where
large diffusion models are impractical.

6.4. Comparative evaluation and subjective assessment

6.4.1. Comparative evaluation with data-efficient methods

Recent data-efficient SE approaches, including lightweight conformer-based models, metric-optimized GANs,
and diffusion-based architectures with pretraining, typically assume either (a) large-scale pretraining on extensive
corpora, (b) self-supervised representation learning, or (c) architecture-level modifications designed for parameter
efficiency. In contrast, the present study intentionally constrains the problem to pure adaptation of a fixed,
pretrained waveform GAN using only 300 paired target-domain samples and two fine-tuning epochs.
Under this setting, the central research question is not absolute performance competitiveness, but rather

stability of low-resource transfer without catastrophic forgetting. The SAFE framework addresses this specific
problem through parameter anchoring (L2-SP), temporal smoothing (EMA), output-space consistency, and source
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replay. These mechanisms operate independently of backbone architecture and therefore complement, rather than
compete with, modern data-efficient model designs.
A direct comparison with substantially larger pretraining-based systems would conflate architectural capacity

with adaptation stability. Instead, the present results demonstrate that even a conventional waveform GAN can
be adapted reliably under severe data constraints when stabilization principles are explicitly enforced. From
a methodological standpoint, SAFE therefore constitutes an orthogonal contribution that may be integrated into
more advanced architectures in future work.

6.4.2. Subjective listening evaluation

Objective metrics (PESQ and STOI) were selected because they are standard in the VoiceBank–DEMAND,
and MiniLibriMix evaluation protocols and enable direct reproducibility. Importantly, the observed spectrogram-
level improvements reduced mid-frequency interference bands and improved harmonic continuity are consistent
with the known perceptual correlates of intelligibility and quality reflected in STOI and PESQ, respectively.
While formal large scale listening tests would further strengthen perceptual validation, the scope of this work

is to establish the stability-aware adaptation framework rather than optimize perceptual realism in isolation.
The consistent alignment between quantitative gains (+10.1 percentage points STOI; +13.2% relative PESQ)
and time–frequency structure suggests that perceptual improvements arise from structural enhancement rather
than metric overfitting.
Thus, the absence of an extensive listening campaign does not undermine the principal claim: SAFE enables

stable few-shot domain adaptation while preserving source-domain performance. Perceptual evaluation at scale
constitutes a natural extension but is not required to substantiate the methodological contribution presented
herein.

6.5. Deployment considerations

The proposed SAFE framework is designed for rapid domain adaptation under limited target-domain data. In
the present configuration, adaptation is performed using 300 paired MiniLibriMix samples, fixed 3 s segments at
16 kHz (48 000 samples), and only two fine-tuning epochs with learning rate 1× 10−5. On a single NVIDIA Tesla
V100 GPU, the SAFE adaptation stage requires approximately 5min, indicating low computational overhead
relative to full model retraining.
The SEGAN generator contains approximately 2.95 million trainable parameters. During stage 1 (SAFE

adaptation), the discriminator remains frozen and only the generator is updated under L1 reconstruction, L2-SP
regularization (λsp = 1× 10−4), and teacher–student consistency (λc = 0.1), with exponential moving average
(EMA) smoothing (α = 0.995). This design reduces memory consumption and mitigates instability commonly
associated with adversarial training under low-resource conditions. The absence of discriminator updates during
adaptation lowers both GPU memory requirements and computational complexity.
From an inference perspective, SEGAN operates in the time domain and processes fixed-length waveform

segments. On GPU hardware, inference is performed in real time for 3 s segments. On CPU platforms, processing
remains below real-time for large segments but may require optimization for embedded deployment. The model’s
parameter count implies a non-trivial memory footprint; however, a reduced variant with fewer filters can lower
the model size to approximately 25MB with only minor performance degradation, improving suitability for edge
devices.
Latency considerations are governed by the segment length and convolutional receptive fields. The current

3 s framing introduces block-level processing latency unsuitable for ultra-low-latency applications (e.g., <10ms
hearing-aid constraints). However, overlap add processing with shorter frames could reduce effective latency at
the expense of additional computational overhead. SAFE itself does not alter inference latency, as it modifies
only the adaptation procedure.
Importantly, SAFE targets rapid personalization rather than large-scale retraining. The ability to adapt

in approximately 5min using only 300 samples suggests applicability in scenarios such as environment-specific
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calibration, teleconferencing noise adaptation, or domain transfer between acoustic conditions. Nevertheless, de-
ployment on strictly resource-constrained devices would require architectural compression or pruning strategies.
In summary, SAFE offers favorable adaptation efficiency and moderate inference complexity, making it suitable

for rapid recalibration settings. However, its waveform GAN backbone imposes inherent computational and
latency constraints that should be considered in real-time embedded applications.

6.6. Limitations

While SAFE improves target-domain performance, absolute performance remains modest; for instance, STOI
improves from 0.714 to 0.815 but still falls short of fully supervised systems, which often exceed 0.9 on comparable
tasks. Thus, SAFE is best viewed as a practical approach for achieving meaningful improvements under data
scarcity rather than reaching state-of-the-art performance. Another limitation is the two-stage training design:
perceptual fine-tuning trades off some source-domain intelligibility for target-domain quality gains. In applications
where source performance must remain fully intact, the second stage may be skipped; however, when some trade-
off is acceptable, the perceptual stage provides clear benefits. Additionally, our current method relies on paired
target-domain data; extending SAFE to unpaired settings – via noisy-to-noisy training or domain discrimination
losses – would further broaden its applicability.

6.7. Reproducibility

To facilitate reproducibility, configuration files, metric summaries, and model outputs were documented for
verification. Code and model weights are available from the authors upon reasonable request. JSON configura-
tion files document all hyperparameters for each run, while per-utterance metric results are compiled in a single
‘all results flat.csv’ file. Sample audio outputs for both baseline and adapted models are included to enable quali-
tative comparisons; the improvement on the target domain is readily audible, while source-domain samples remain
virtually unchanged in quality. All random seeds and data splits are fully documented to ensure that results can
be independently verified and extended by future researchers.

7. Significance and benefits

We introduced the SAFE few-shot transfer learning framework for speech enhancement GANs, using SEGAN
as a case study. By integrating stability mechanisms – EMA weight averaging, L2-SP weight anchoring, teacher–
student consistency, and source data mixing – we successfully adapted a pretrained SEGAN model to a new noise
domain with only a small number of training samples. The adapted model achieved significant improvements in
output speech quality and intelligibility on the target domain (MiniLibriMix) while preserving performance on the
source domain (VoiceBank–DEMAND).
In particular, the two-stage fine-tuning approach produced a +10.1 percentage-point STOI improvement,

corresponding to approximately 14% on the target domain, demonstrating that even extremely limited data
can be leveraged effectively when combined with appropriate regularization and perceptual objectives. Ablation
analysis further confirmed that the synergistic combination of all stability components, rather than any single
technique, yielded the most stable and effective adaptation.

8. Conclusion and future work

This work opens several directions for future research. First, we plan to adapt SAFE to diffusion-based
enhancers and Conv–TasNet separators to evaluate generality and pursue higher absolute performance under few-
shot adaptation. Second, combining SAFE with meta-learning approaches such as MAML could yield models that
are inherently easier to fine-tune with stability regularization. Third, exploring unsupervised few-shot domain
adaptation where no clean target references are available represents an exciting direction; techniques such as
pseudo-labeling or consistency across noisy input perturbations could enable adaptation without ground-truth
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signals. Few-shot transfer of SEGAN with SAFE adaptation and perceptual tuning improved MiniLibriMix
performance by ∼13% in PESQ and +10.0 percentage points in STOI (≈14% relative), while preserving source-
domain (VoiceBank) quality. Ablation results (Table 6) show that EMA averaging should be interpreted primarily
as a stability-enhancing component rather than a direct score-maximizing component; although removing EMA
slightly increases Stage-1 MiniLibriMix PESQ and STOI, it produces higher variance and less stable convergence.
L2-SP regularization, teacher consistency, and source–target data mixing provide smaller but complementary
gains. Together, these components ensure stable and effective few-shot transfer without harming source-domain
performance. We introduced SAFE, a stability-aware few-shot transfer strategy for SEGAN. SAFE incorporates
EMA weight averaging, L2-SP regularisation, teacher–student consistency and source replay to stabilise fine-
tuning on only 300 target pairs. SAFE maintains source-domain performance while providing small but consistent
improvements on the MiniLibriMix target domain. A second perceptual tuning stage further boosts target-domain
quality at a minor cost to source intelligibility. Ablation studies highlight EMA as the most impactful component.
Overall, SAFE enables efficient deployment of SE models in new acoustic environments with minimal data.
Finally, we aim to evaluate adapted models in real-world applications such as ASR or hearing aid enhance-

ment to quantify practical benefits. With continued progress, fast adaptive SE could become a viable tool for
personalized and context-aware systems, allowing models to quickly calibrate to new users and environments
without forgetting prior knowledge.
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In battery electric vehicles (BEVs), structure-borne road noise in the 20Hz to 300Hz band becomes more au-
dible because the engine-masking component is largely absent, and conventional transfer-path formulations can
be sensitive to suspension nonlinearity and ill-conditioned inversions. This paper presents a physics-informed,
non-negative multi-modal fusion network (NN-MMFNet) that predicts in-cabin sound pressure from multi-
point chassis excitations while keeping the mapping physically plausible and interpretable. The model combines
a dual-stream encoder to separate transient impact signatures from steady resonance content with a strictly
causal fusion/decoding pathway. A passivity-motivated spectral gain cap is applied to prevent non-physical
amplification while preserving phase. To enable additive path attribution, the cross-modal attention weights
are constrained to be non-negative. Training follows a sim-to-real workflow, using virtual-fleet pretraining and
short fine-tuning on measured data. On a production BEV, NN-MMFNet reproduces the 20Hz to 300Hz spec-
trum with a 1.12 dB(A) global root mean square error (RMSE) at 60 km/h and a 0.14 dB error at the 128Hz
boom, outperforming transfer path analysis (TPA), frequency transfer matrix (FTM), and autoregressive mov-
ing average (ARMA) baselines. Impulse-response checks show a negligible passivity-violation rate (<0.01%).
The learned attention consistently points to a rear subframe-to-body mounting path near 128Hz, and a tar-
geted stiffness adjustment at this location reduces the measured cabin noise by 4.2 dB(A).

Keywords: structure-borne road noise, physics-informed neural networks (PINN), transfer path analysis
(TPA), cross-modal attention, battery electric vehicles (BEVs).
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Notations

bm, am – structural and acoustic mode shapes of the m-th mode,

B – input distribution matrix,

Hs(ω) – excitation-to-pressure frequency-response / learned transfer matrix,

M, C, K – mass, damping, and stiffness matrices,
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ps(t) – interior sound pressure response,

R,L – velocity-to-pressure and displacement-to-pressure radiation and leakage operators,

u(t) – multi-point excitation vector at the suspension/body attachment points,

q(t) – generalized displacement vector of the vehicle body structure,

h(t) – impulse response of the learned excitation-to-pressure mapping,

γ(ωl) – passivity-motivated spectral gain cap,

ϵ – small positive constant used for numerical stabilization,

ζm – modal damping ratio,

σmax(⋅) – maximum singular value,

ωm – resonance frequency of the m-th mode,

Ω – evaluation frequency band used in the spectral metrics.

1. Introduction

The move from combustion engines to electrified powertrains changes the in-cabin acoustic baseline and
makes structure-borne road noise a major noise, vibration, and harshness (NVH) concern (Masri et al., 2024;
Khan, Burdzik, 2023). In battery electric vehicles (BEVs), the reduced masking effect means that tire–road
induced vibrations transmitted through the suspension and body attachments are readily perceived (Münder,
Carbon, 2022). The most relevant content is typically in the 20 Hz to 300 Hz band, where lightly damped
structural resonances and cavity-panel coupling produce booming and rumble (Ortega Almirón et al., 2022).
Consequently, small changes in mounts, bushings, or subframe–body interfaces can cause noticeable differences in
sound quality under speed-dependent excitations (Mohammadi, 2023). Platform sharing and production scatter
therefore call for prediction models that remain accurate across operating conditions while still providing path-
level guidance for targeted countermeasures with limited test effort (Zhang et al., 2024).
Over the last decade, road-noise research has developed along two main lines: transfer-path-based physics

modelling and data-driven surrogate prediction (van der Seijs et al., 2016; Masri et al., 2024). Transfer path
analysis (TPA) and related force-transfer methods are widely used because they decompose the interior response
into physically meaningful source–path–receiver contributions and support design decisions at mounts and inter-
faces (de Klerk, Ossipov, 2010). In-situ blocked-force approaches improve portability by reducing sensitivity
to boundary conditions, and operational formulations lessen the need for controlled excitations (Moorhouse
et al., 2009; Ortega Almirón et al., 2022). Substructuring and simulation-test integration can further reduce
test effort by reusing component models (de Klerk, Rixen, 2010). However, for electrified platforms, several
limitations remain. First, elastomer joints and bushings exhibit amplitude-dependent behaviour, and the transfer
dynamics drift with speed and load, so a fixed linear time-invariant transfer matrix may be inadequate near
lightly damped resonances (Khan, Burdzik, 2023; Mohammadi, 2023). Second, inverse steps in TPA rely on
(pseudo-)inversion and can become ill-conditioned because of sensor collinearity, limited excitation diversity and
dense modal overlap, amplifying measurement noise and creating non-physical artefacts (Cheng et al., 2016).
Regularisation helps but remains sensitive to operating changes (Kong et al., 2025; Gao et al., 2024). Third,
strong phase coherence across multiple paths leads to cancellation/reinforcement, so magnitude-based path rank-
ing can be unstable (Cheng et al., 2020; 2022). Recent learning-based predictors have reported good numerical
accuracy in some settings, but without physical constraints they may violate causality or energy consistency and
often provide limited support for path-level decision-making (Jia et al., 2024;Ma et al., 2025; Yang et al., 2025;
Zhu et al., 2024). A framework that improves prediction accuracy while explicitly enforcing causality, energy
consistency and transparent additive contributions under operating variability is still needed (Park, Kang,
2024; Raissi et al., 2019).
To address these issues, we develop a physics-informed non-negative multi-modal fusion network (NN-MMFNet)

that follows the vibro-acoustic transmission chain in a forward, causal manner (Raissi et al., 2019). The archi-
tecture includes:
– a dual-stream encoder that separates transient impact features from steady resonance content,
– a strictly causal fusion/decoder with a passivity-motivated spectral gain cap implemented by phase-preserving
amplitude shrinkage (Gustavsen, Semlyen, 1999; 2001),
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– a non-negative cross-modal attention module that yields additive (cancellation-free) contribution estimates
across excitation channels (Huang et al., 2023).

We validate the approach using a simulation-to-experiment workflow with virtual-fleet pretraining and fine-
tuning on full-vehicle measurements from a production BEV. In the 20Hz to 300Hz band at 60 km/h, NN-MMFNet
achieves 1.12 dB(A) global root mean square error (RMSE) and captures the 128Hz boom with a 0.14 dB peak
error, outperforming TPA, frequency transfer matrix (FTM), and autoregressive moving average (ARMA) base-
lines. The attention map indicates a dominant rear subframe coupling near 128Hz, which guides a stiffness
adjustment that delivers a measured 4.2 dB(A) cabin-noise reduction.

2. Theoretical framework: Vibro-acoustic dynamics and physical constraints

2.1. Structural-acoustic coupling mechanisms and modal superposition

Let q(t) ∈ Rnq be the generalized displacement vector of the vehicle body structure, and u(t) ∈ RM be
the multi-point excitation vector (such as force or acceleration at suspension attachment points). The system’s
dynamic behavior follows the second-order differential equation:

Mq̈(t) +Cq̇(t) +Kq(t) = Bu(t), (1)

whereM,C,K ∈ Rnq×nq are the mass, damping, and stiffness matrices, respectively, and B is the input distribu-
tion matrix. The interior sound pressure ps(t) is generated by structural vibration through radiation and leakage
operators R (velocity-pressure) and L (displacement-pressure), respectively:

ps(t) =Rq̇(t) +Lq(t). (2)

In the frequency domain ω, the structure-borne transfer function Hs(ω) can be approximated via modal
superposition. For lightly damped systems, the response near a resonance frequency ωm is primarily determined
by the poles:

Hs(ω) ≈
nm

∑
m=1

amb⊺m
ω2
m − ω2 + j2ζmωmω

, (3)

where bm and am represent the structural mode shape and acoustic mode shape, respectively, and ζm is the
modal damping ratio. This physical prior is crucial for the design of deep learning models, revealing that the model
must possess the capability to capture narrow-band resonance peaks (such as the 34Hz suspension mode and
128Hz cavity mode) and their phase behavior.

2.2. Operating-dependent dynamics and physics-informed constraints

Road-noise transfer dynamics are operating-dependent, so a single static TPA transfer matrix is inadequate.
NN-MMFNet learns an attention-adaptive mapping and is regularized by causality and passivity to ensure phys-
ically plausible predictions.
Specifically, to ensure that the learned excitation–response P(k,ω) mapping remains physically plausible, two

training constraints are imposed: (a) strict time-domain causality and (b) passivity-inspired energy consistency
in the frequency domain. Causality is enforced by applying a strict causal maskM(k,ωl) to the decoder transfer
kernel Dθ{⋅}:

P(k,ωl) =Dθ{U(≤ k, ⋅)} ⊙M(k,ωl), (4)

where k is the short-time Fourier transform (STFT) frame index, U(≤ k, j) is the multi-channel structural
excitation history up to frame k, and the symbol ⊙ denotes element-wise multiplication. This ensures that the
resulting time-domain mapping does not depend on future inputs and remains bounded-input bounded-output
(BIBO) stable under bounded excitation. Passivity-inspired energy consistency is enforced by bounding the
frequency-domain gain:
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σmax(Hθ(ωl)) ≤ γ (ωl), (5)

whereHθ(ωl) is the learned frequency-response matrix at ωl, σmax(⋅) is the maximum singular value, and γ (ωl) is
the passivity-motivated spectral gain cap. In practice, the bound is implemented via phase-preserving amplitude
shrinkage:

Hθ(ωl) ←Hθ(ωl) ⋅min(1, γ (ωl)
σmax(Hθ(ωl))

). (6)

The operation rescales amplitudes while preserving phase, which is essential for coherent multi-path super-
position.

3. Architectural analysis of physics-informed NN-MMFNet

3.1. Dual-stream encoder: Separation of transient and steady-state features

The network uses a time–frequency dual-stream encoder to capture transient impacts and steady resonances.
As shown in Fig. 1, NN-MMFNet follows a left-to-right signal flow consisting of dual-stream encoding, causal
fusion, and a physics-constrained decoder.

Time stream u(t)

Chassis vibration

Frequency stream

Spectral modes

𝑠𝑠(𝜔𝜔)

Dual-stream encoder

Causal Conv1D
extract transients

Spectral MLP
extract modes

Cross-modal attention

Dynamic alignment

𝐴𝐴 = softmax(𝑄𝑄𝐾𝐾𝑇𝑇)

Physics decoder

Non-negative

𝜃𝜃 ≥ 0

Passivity cap

𝐻𝐻 ≤ 𝛾𝛾

Physics loss ℒPhy

ℒPhy+ 𝜆𝜆 � ℒECF

Output Y(t)

𝑍𝑍fused𝐻𝐻time⊕ 𝐻𝐻freq

Fig. 1. Architecture of the physics-informed NN-MMFNet for BEV road noise.

The model uses a dual-stream encoder: a time stream built on 1D dilated convolutions with causal padding to
capture long-range temporal dependencies without sacrificing resolution (Kiranyaz et al., 2021), and a frequency
stream that applies the STFT to extract 20Hz to 300Hz spectral features and can incorporate pre-trained noise
transfer functions (NTFs) as a physics-informed prior to guide faster and more physically plausible convergence.

3.2. Cross-modal attention mechanism: Physical interpretation of energy allocation

A key element of NN-MMFNet is the cross-modal attention module. In this setting, the attention weight
matrix has a direct physical interpretation: it represents the relative contribution of each excitation channel
(or mode group) to the response under the current operating condition:

Akl = softmax(
qk ⋅ k⊺l√

d
) ⊙Mcausal, (7)
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where qk and kl are the query and key vectors, and d is the feature dimension. For interpretability and physical
consistency, the attention module is constrained to be strictly causal, regularized toward a band-adjacent (near-
banded) distribution to reflect continuous energy transmission, and allowed to adapt its weights under operating
changes so that the effective transfer characteristics are updated online, enabling linear parameter-varying (LPV)-
like behavior within a single model.

3.3. Physics-constrained decoder and non-negative gains

The decoder is designed to address the engineering need for path contribution analysis by parameterizing the
transfer function in a non-negative, low-rank factorized form:

Hθ(ωl) =Φp(ωl) ∈ RN×R
≥0

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
mic−sideshapes

⋅diag (g(ωl) ∈ RR
≥0)

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
path

modalgains

⋅ Φu(ωl)⊺ ∈ RR×M
≥0

´¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¸¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¹¶
excitation−sideshapes

, (8)

where Φp(⋅) and Φu(⋅) are microphone-side and excitation-side basis matrices, respectively, and g(ωl) collects
the non-negative path gains. During training, a gradient projection algorithm Π≥0(⋅) is used to strictly limit
parameter updates within the non-negative orthant:

Θt+1 =Π≥0(Θt − η∇ΘL), (9)

where the symbol Θ denotes the constrained parameters, η is the learning rate, and L is the loss. This con-
straint enforces additive, non-negative path contributions, avoiding cancellation between positive and negative
weights.

3.4. Evaluation metric system: Quantifying physical fidelity

3.4.1. Statistical accuracy metrics

Time-RMSE (RMSEt) measures fitting precision at the waveform level [Pa]:

RMSEt =
√

1

T
∑
t

(p(t) − p̂(t))2, (10)

where p(t) and p̂(t) are the measured and predicted sound pressure, and T is the number of samples.
Frequency-RMSE (RMSEf ) measures fitting precision of the spectral amplitude [Pa/Hz]. This metric is par-

ticularly important for evaluating the capture of resonance peaks.
Global RMSE is the full-band spectral error computed over the evaluation band on the same frequency

grid [dB(A)]:

Global RMSE =

¿
ÁÁÀ 1

Nf

Nf

∑
i=1

(Lpred(fi) −Lmeas(fi))2, (11)

where Lmeas(fi) and Lpred(fi) are the measured and predicted A-weighted sound pressure levels (SPLs) at
frequency fi, and Nf is the number of points in the 20Hz to 300Hz band.

3.4.2. Energy consistency factor, phase-sensitive mutual information,
and causality violation ratio

Energy consistency factor (ECF) measures how well the predicted and measured spectra match in energy
distribution, revealing non-physical leakage or spurious amplification:

ECF = 1

∣Ω∣ ∑ωl∈Ω

∣∣Sp̂(ωl)∣ − ∣Sp(ωl)∣∣
∣Sp(ωl)∣ + ϵ

, (12)
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where Sp̂(ωl) and Sp(ωl) are the predicted and measured spectra over Ω, ϵ prevents division by zero, and ∣∣ ⋅ ∣∣ is
the Euclidean norm. Lower ECF indicates better energy consistency and reflects the effectiveness of the passivity
constraint, while phase-sensitive mutual information (PSMI) assesses phase fidelity via the statistical dependence
between predicted and measured phase:

PSMI = Icirc(ϕp̂, ϕp), (13)

where ϕp̂ and ϕp are the predicted and measured phase spectra, and Icirc(⋅) is circular mutual information.
A higher PSMI indicates that the model reproduces propagation delays and phase evolution more faithfully.
Causality violation ratio (CVR) measures the proportion of energy in the t < 0 part of the impulse response
function:

CVR =

0

∫
−∞

∣h(t)∣2dt

∞

∫
−∞

∣h(t)∣2 dt
, (14)

where h(t) is the impulse response of the excitation-to-pressure mapping. For physical systems, CVR should be
strictly zero. Any non-negligible value indicates ‘pre-ringing’ artifacts and causality violation.

4. Simulation data and virtual experiments

4.1. Simulation corpus and virtual testbench

A physics-based virtual testbench was built to generate paired 18-channel suspension/attachment accelerations
and in-cabin pressure under controlled ISO 8608 road excitations. The model includes suspension–body–cavity
coupling to reproduce structural resonances and cabin boom. Manufacturing scatter and aging were emulated by
perturbing key stiffness/damping parameters within realistic bounds, forming a parametric ‘virtual fleet.’ The
resulting frequency response function (FRF) and SPL dispersion are summarized in Fig. 2.
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Fig. 2. Virtual fleet: parametric FRF dispersion (shaded band/area: perturbed fleet range 15%; solid line: nominal
baseline): a) parametric FRF dispersion (structure), b) in-cabin SPL dispersion (response).

Figure 3 illustrates why purely linear baselines can struggle under parameter drift and mild nonlinearities.
Nonlinear coupling broadens the effective transfer behavior and can shift the modal content. By enforcing causality
and passivity during learning, NN-MMFNet limits unphysical variability in the learned noise transfer function
and retains the modal envelopes needed for stable boom prediction.
Evaluation protocol and baselines. Performance is reported on strictly disjoint, stratified splits (in-domain

(ID), speed/road-type shifts, and a system-shift split with ±15% plant-parameter perturbations to emulate
virtual-fleet drift). Baselines are compared under matched capacity and training budgets.
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4.2. Results, ablations, and the sim-to-real bridge

4.2.1. Signal reconstruction and domain generalization

NN-MMFNet provides accurate reconstruction of the coupled response in the 20Hz to 300Hz band. As
illustrated in Fig. 4, the predicted signal follows the measured data in both time and frequency domains and
resolves the main resonances at 34Hz (suspension) and 128Hz (cavity).
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Fig. 4. Time-frequency reconstruction: a) time-domain alignment, b) spectral fidelity showing peak matching.
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Unlike inverse-filtering baselines (TPA/FTM) that become ill-conditioned near resonances and amplify noise,
the forward-projection decoder with a spectral cap stabilizes and effectively denoises the transfer path. The
strictly causal architecture also preserves phase fidelity (phase-sensitive mutual information (PSMI) = 0.94),
avoiding the non-causal phase distortions often introduced by acoustic-contribution principal component analysis
(AC-PCA) or frequency-domain regularization (Cervantes-Madrid et al., 2021; Shang et al., 2021).

4.2.2. Statistical performance and robustness

Table 1 presents the comprehensive performance metrics. NN-MMFNet achieves the lowest RMSE and best
(lowest) ECF across all splits, confirming its ability to balance numerical accuracy with physical compliance.

Table 1. Comparative performance metrics (mean and 95% confidence intervals) across experimental splits.
Lower is better ↓.

Split Method RMSEt [Pa] ↓ RMSEf [Pa/Hz] ↓ Φneg ↓ ECF [%] ↓

In-domain (ID)
NN-MMFNet 29.55 [29.5, 29.6] 8.27 0.08 4.94
TPA 144.69 [144.7, 144.7] 25.78 0.26 31.15

Condition shift (CS)
NN-MMFNet 31.47 [25.5, 37.4] 8.95 0.09 4.93
TPA 148.89 [148.7, 149.1] 27.4 0.28 29.8

System shift (SS)
NN-MMFNet 30.85 [28.2, 33.1] 8.95 0.09 4.93
TPA 148.50 [147.1, 149.9] 27.4 0.28 29.8

Domain shift (DS)
NN-MMFNet 22.12 [18.0, 26.9] 4.92 0.05 4.9
TPA 151.46 [150.7, 152.8] 15.7 0.16 25.72

Note: Data are derived from simulation manifests. Confidence intervals (95% CI) are calculated via
bootstrapping over segments. Φneq denotes the negative-contribution ratio.

The system-shift split highlights the sensitivity of conventional methods to plant drift (Fig. 5). With ±15%
parameter perturbations, TPA degrades sharply and the RMSE exceeds 148Pa, whereas NN-MMFNet remains
stable with an RMSE of 30.85Pa, indicating an operating-adaptive mapping rather than a fixed transfer matrix.
Under the unseen concrete domain, NN-MMFNet also retains low energy inconsistency with an ECF of 4.90%,
consistent with physics-informed separation of excitation u(t) and path dynamics Hs(ω).
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Fig. 5. Boxplots of RMSEt distribution across in-domain, condition shift, and domain shift settings:
a) statistical error distribution (global), b) frequency-resolved error profile.

4.2.3. Ablation study: Mechanism verification

Table 2 and Fig. 6 report the ablation results under the same ID split and objective. Figure 6a compares the
multi-metric trade-offs, whereas Fig. 6b shows the corresponding passivity-violation rates. The full NN-MMFNet
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Table 2. Ablation results showing the impact of removing physics constraints (ID split).

Model variant RMSEt [Pa] ↓ Peak-location error [Hz] ↓ PSMI ↑ ECF [%] ↓ Passivity violation [%] ↓

NN-MMFNet (full) 29.55 0 0.94 5.10 <0.01

Without spectral caps 30.12 0 0.88 85.0 18.4

Without non-negativity 28.9 0 0.42 6.12 0.02

Without normalized attention 45.3 2.5 0.81 15.12 0.05
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Fig. 6. Ablation study: multi-objective trade-offs and mechanism verification:
a) performance trade-off (radar), b) passivity violation analysis.

achieves RMSE = 29.55Pa, PSMI = 0.94 and ECF = 5.10%, with passivity violations below 0.01% and zero peak-
location error. Removing the spectral cap leaves the RMSE nearly unchanged but leads to large energy inconsis-
tency (ECF ≈ 85%) and 18.4% passivity violations, with non-physical amplification concentrated near 128Hz.
Removing the non-negativity constraint slightly improves RMSE but reduces phase fidelity (PSMI = 0.42),

which weakens the interpretability of the path contributions. Without normalized attention, performance degrades
the most (RMSE = 45.3Pa and peak-location error = 2.5Hz), indicating that attention normalization is essential
for robust multi-channel fusion.

5. Experimental validation and engineering implementation

NN-MMFNet is evaluated using a sim-to-real protocol that tests three aspects: physically constrained signal
fidelity, mechanism interpretability, and robustness to parametric uncertainty.

5.1. Experimental setup and data acquisition protocol

Field tests were conducted on a production battery electric vehicle (SAIC-GM-Wuling F510C). Data were
acquired using a 56-channel LMS SCADAS Mobile system controlled by Siemens LMS Test.Lab software. As
shown in Fig. 7, the sensor layout was designed to cover the main vibro-acoustic transmission chain.
Excitation source (X): sixteen tri-axial PCB accelerometers (48 channels) were installed at key chassis hard-

points. In particular, fifteen sensors monitored structure-borne inputs at suspension control arms and subframe
bushings, and one sensor was mounted at the driver’s seat base to capture the terminal structural transmission
to the occupant.
Acoustic response (Y ): four GRAS microphones were positioned at ear levels of front and rear passengers to

characterize the target sound field.
Time-domain data collected at a constant speed (v ∈ {40,60,80} km/h) were exported to MATLAB for

processing and model training. To assess generalization beyond a single test vehicle, a MATLAB-based virtual
fleet was generated by applying ±15% random perturbations to the mass and stiffness matrices of a multibody
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Fig. 7. Experimental test and main sensor arrangement:
a) instrumented F510C BEV platform on a four-post lift, b) topology of acceleration sensors (blue).

dynamics model, producing 100 variants. NN-MMFNet was pretrained on this virtual dataset to learn transferable
coupling patterns, and then fine-tuned on the measured data.

5.2. Comparative performance analysis: Sim-to-real bridge

Pretrained on the virtual fleet, the model was fine-tuned using 15min of real-world measurements. NN-MMFNet
was benchmarked against industry-standard TPA based on matrix inversion, FTM, and ARMA baselines.

5.2.1. Frequency-domain fidelity and resonance capture

To validate the model’s reconstruction capabilities under complex coupled dynamics, we analyzed the spectral
fidelity and resonance-tracking accuracy within the critical 20Hz to 300Hz band.
Figure 8 shows full-band spectral reconstruction at 60 km/h. NN-MMFNet closely matches the measured

spectrum, capturing the 128Hz cavity boom with a 0.14 dB peak error. In contrast, TPA becomes numerically
ill-conditioned above 150Hz and exhibits ghost-energy amplification. Table 3 further confirms that NN-MMFNet
reduces the global RMSE to 1.12 dB at 60 km/h, compared with 4.15 dB for TPA, demonstrating that the physics-
constrained decoder suppresses phantom gain in inverse methods.
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Table 3. Quantitative evaluation of spectral fidelity and generalization capabilities (40 km/h to 80 km/h).

Cruising speed
[km/h]

Method Global RMSE
[dB(A)] ↓

ECF [%] ↓
Suspension mode

(34Hz)
[∆ dB]

Subframe mode
(80Hz)
[∆ dB]

Cavity boom
(128Hz)
[∆ dB]

40 (low load)

NN-MMFNet 1.10 4.65 0.08 0.12 0.15

TPA 3.52 26.50 0.45 1.85 2.80

FTM 3.25 24.10 1.20 2.50 1.95

ARMA 2.80 14.50 3.50 0.90 1.20

60 (rated load)

NN-MMFNet 1.12 4.80 0.06 0.11 0.14

TPA 4.15 31.15 0.52 2.10 3.20

FTM 3.80 29.80 1.45 3.10 2.40

ARMA 2.55 15.20 4.10 1.15 1.80

80 (high load)

NN-MMFNet 1.25 5.12 0.15 0.22 0.20

TPA 6.50 42.30 0.95 3.50 5.50
FTM 4.20 33.50 1.80 3.80 2.90

ARMA 3.10 18.60 4.50 1.50 2.50

Table 3 and Fig. 9 evaluate performance from 40 km/h to 80 km/h. NN-MMFNet maintains the lowest ECF
(below 5.12%) and global RMSE (below 1.25 dB) across speeds. At 80 km/h, conventional methods degrade due
to bushing nonlinearity, and TPA reaches a 5.5 dB error at 128Hz, whereas NN-MMFNet remains stable at
0.2 dB, indicating attention-based adaptation to parametric drift and a physically consistent spectral mapping.
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Fig. 9. Operational robustness and generalization (40 km/h to 80 km/h):
a) global accuracy across speeds, b) resonance capture fidelity (128Hz).
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5.2.2. Time-domain transient fidelity and causal verification

Physical validity under non-stationary conditions was assessed via impulse-response analysis, testing whether
transient structural decay is captured while strictly preserving causality, which is often violated by block-based
processing.
Figure 10 shows that TPA captures the overall decay but produces non-physical pre-ringing at negative time

due to acausal processing. Table 4 quantifies this via the CVR, defined as the fraction of pre-cursor energy in the
impulse response. NN-MMFNet reduces this leakage to below 0.01%, compared with 8.40% for TPA, confirming
the effectiveness of the physics-constrained decoder.
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Fig. 10. Transient impulse response and causal verification:
a) global transient impulse response, b) causality check (zoom at impact).

Table 4. Quantitative evaluation of time-domain fidelity and causal consistency.

Method RSMEt [Pa] ↓ Peak phase error [○] ↓ CVR [%] ↓ Physical interpretation

NN-MMFNet 0.27 2.1 <0.01 Strictly causal

TPA (baseline) 1.23 12.5 8.40 Pre-ringing

FTM 0.61 15.0 3.20 Phase lag

ARMA 0.45 5.2 0.50 Time delay

Figure 11 shows stable error dynamics, with NN-MMFNet limiting peak phase error to 2.1○ within the 5○

engineering tolerance for coherent synthesis, while baselines exhibit phase drift. NN-MMFNet therefore achieves
an RMSEt of 0.27Pa.
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a) error accumulation evolution, b) Taylor diagram (overall fidelity).
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For the peak transient response, NN-MMFNet reduces the waveform error to 0.27Pa, compared with 1.23Pa
for the TPA baseline. The Taylor diagram in Fig. 11b provides a consistent summary, placing NN-MMFNet
closest to the reference.

5.3. Engineering application: Closed-loop diagnosis and targeted optimization

To assess practical usefulness beyond offline prediction, the non-negative attention map was used to local-
ize the dominant structure-borne transmission path associated with the 128Hz boom on the F510C platform.
Across operating points, the attention consistently concentrated on the rear subframe-to-body mounting channel,
indicating a stiff coupling in that load path.
Guided by this diagnosis, a targeted stiffness adjustment was implemented at the identified mount. Vehi-

cle tests confirmed a 4.2 dB(A) reduction of the 128Hz boom peak without introducing non-causal artifacts or
violating passivity in the reconstructed transfer behavior. Additional multi-metric deployment analysis and sec-
ondary cases are provided in Appendix. A zero-shot cross-platform check on the F710C platform showed that the
physics-constrained representation remains competitive relative to classical TPA baselines under domain shift
(details in Appendix).

6. Conclusion

This paper proposed NN-MMFNet for operating-dependent structure-borne road-noise prediction in BEVs.
The model integrates a dual-stream time–frequency encoder with strictly causal fusion/decoding, and passivity-
enforced spectral gain control, while non-negative attention provides interpretable path contributions. With
virtual-fleet pretraining followed by sim-to-real fine-tuning, the method improves robustness to speed/load varia-
tions and plant-parameter drift. Experiments on a production vehicle show a 1.12 dB(A) full-band spectral RMSE
at 60 km/h, and the 128Hz boom component is predicted within 0.14 dB(A), with a passivity-violation rate be-
low 0.01%. The inferred contribution map suggests the rear subframe mount as a dominant path, and a targeted
stiffness update achieves a measured 4.2 dB(A) cabin-noise reduction. Future work will extend validation to
broader road classes and multi-source coupling.

Appendix. Extended algorithmic benchmarking and cross-platform
performance benchmarking
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Fig. 12. Rear subframe bushing connection points.

Table 5. Quantitative performance comparison on the unseen F710C platform.

Method Global RMSE [dB(A)] ↓ ECF [%] ↓ 31 Hz error [dB] ↓ 141 Hz error [dB] ↓ PSMI (phase fidelity) ↑

NN-MMFNet 0.47 6.37 0.1 0.08 0.94

TPA (matrix inv.) 3.56 107.89 5.41 6.43 0.35

FTM (regularized) 2.87 39.26 2.76 5.79 0.65

ARMA (parametric) 3.84 37.07 2.43 9.52 0.55
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To investigate the principal components of acoustic emission (AE) signals and the damage modes of
polypropylene fiber (PPF)-reinforced recycled concrete, ten groups of specimens with coarse aggregate (CA)
replacement rates of 0% and 25% and with different particle sizes, are designed and fabricated. Uniaxial
compression AE tests are conducted to obtain AE parameters during the fracture process of PPF-reinforced
recycled concrete. In this study, the Pearson correlation coefficient is employed to investigate the correlations
among AE parameters. Then, principal component analysis (PCA) is performed on the AE signals to con-
duct dimensionality reduction of the multi-dimensional data. On this basis, the optimal number of clusters for
the principal components of AE signals is determined based on the silhouette coefficient. Finally, the k-means
clustering algorithm is introduced to perform cluster analysis on the principal components of AE signals of
PPF-reinforced recycled concrete. The clustering results are compared with each other to explore the charac-
teristics of each cluster and to identify the corresponding damage mode for each cluster. The discriminability of
AE parameters with respect to damage modes is also investigated. The research findings can provide a reference
for predicting the fracture mechanism of PPF-reinforced recycled concrete.
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1. Introduction

At present, the factors restricting the widespread application of recycled concrete lie in the fact that its
mechanical properties, such as compressive strength and tensile strength, are inferior to those of natural concrete.
To address this problem, methods such as the addition of external fibers can be adopted. Adding polypropylene
fiber (PPF) to recycled concrete is a relatively common method (Wang et al., 2022).
In recent years, numerous scholars have investigated the characteristics of acoustic emission (AE) signals in

fiber-reinforced concrete, including principal component analysis (PCA) (Tayfur et al., 2018), digital image
technology (Ashraf, Rucka, 2024; Sagar et al., 2025), the b-value method (Ashraf, Rucka, 2023), 3D print-
ing technology (Ingle, Prem, 2025), shear models (Kantekin, Bakir, 2025), fatigue behavior (Džolan et al.,
2024), three-point bending test (Umar et al., 2023), and durability (Chkhachirou et al., 2025). Zheng
et al. (2022) distinguished two types of acoustic events, matrix cracking and steel fiber vibration, according to AE
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technique. Zaki et al. (2023) utilized rise time/amplitude analysis to classify the damage modes. Kouta et al.
(2021) found that both AE activity and fracture energy increase with the rise in fiber content and fiber length.
Saha and Sagar (2021) classified the AE signals generated by fiber-reinforced concrete into two categories via
machine learning methods: cement matrix cracking and fiber pull-out, and pointed out that the classification of
AE waveforms might facilitate the understanding of damage evolution during the fracture process.
In the current paper, AE parameters are obtained by conducting AE monitoring tests on PPF-reinforced

recycled concrete. Based on methods including the Pearson correlation coefficient, PCA, and k-means clustering,
an analysis is conducted on the principal components of the AE parameters and the corresponding damage
modes of PPF-reinforced recycled concrete. The research findings can provide a reference for predicting the
fracture mechanism of PPF-reinforced recycled concrete.

2. Experimental details

2.1. Sample preparation

The PPFs employed in this experiment were manufactured by Shandong Runlin Wood Industry Co., Ltd.,
and their main properties are presented in Table 1.

Table 1. Physical and mechanical parameters of PPFs.

Fiber type Diameter
[mm]

Length
[mm]

Tensile
strength
[MPa]

Fracture
strength
[MPa]

Elongation
at break
[%]

Initial
modulus
[GPa]

Density
[g/cm3]

Recommended
dosage
[kg/m3]

Micro-PPF 0.036 19 ≥450 450 17 4.8 0.91 0.9

Macro-PPF1 0.9 30 ≥550 500 24 6.6 0.91 6.0

Macro-PPF2 0.9 50 ≥550 500 24 6.6 0.91 6.0

In this experiment, ordinary Portland cement is used as the cementitious material, while medium sand from
Zone II is adopted as the fine aggregate, with a particle size range of 0.15mm to 4.75mm. The particle size
range of the coarse aggregate (CA) is 5mm to 20mm. The recycled CA is derived from waste C30 concrete,
which is subjected to impurity removal, crushing, and subsequent sieving to obtain the recycled CA meeting the
experimental requirements, as illustrated in Fig. 1.

a) b)

c)

Fig. 1. Fine aggregate (a), natural coarse aggregate (b), and recycled coarse aggregate (c).
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The concrete is prepared with a strength grade of C30, with a total of ten groups of specimens fabricated.
The mix proportions are as follows: 358 kg/m3 of cement, 706.15 kg/m3 of medium sand, 1120.85 kg/m3 of CA,
and 215 kg/m3 of water. The water-cement ratio is kept constant at 0.6 for all groups of specimens, while the
variables are the CA replacement rate and fiber content. Specifically, the replacement rates of recycled CA are
set at 0% and 25%, labeled as R-0 and R-25, respectively. In this experiment, both natural CA and recycled CA
have a particle size range of 5mm to 20mm, with the proportion of the 5mm to 10mm fraction to the 10mm
to 20mm fraction being 1:1. Specimen R-X-1 is a plain concrete specimen with no PPF added. Specimen R-X-2
incorporates microfibers at a dosage of 0.9 kg/m3, while specimen R-X-3 incorporates macrofibers at a dosage
of 6 kg/m3. In addition, specimens R-X-4 and R-X-5 incorporate a hybrid blend of macrofibers and microfibers,
with the total fiber dosage maintained at 6 kg/m3. The specific mix proportions are provided in Table 2. Each
group tested once for PCA.

Table 2. Mix proportions and properties of their test specimens.

Specimen no.

CA [kg/m3] Fiber length
and fiber diameter

[mm]

Fiber dosage
[kg/m3]

Compressive
strength
[MPa]

Natural
5–10 / 10–20
[mm]

Recycled
5–10 / 10–20
[mm]

Zero CA substitution

R-0-1 560/560 0 None 0 37.68

R-0-2 560/560 0 19/0.036 0.9 38.99

R-0-3 560/560 0 50/0.9 6 45.94

R-0-4 560/560 0 19/0.036+30/0.9 0.9+5.1 42.92

R-0-5 560/560 0 19/0.036+50/0.9 0.9+5.1 41.13

25% CA substitution

R-25-1 420/420 140/140 None 0 33.23

R-25-2 420/420 140/140 19/0.036 0.9 35.56

R-25-3 420/420 140/140 50/0.9 6 44.09

R-25-4 420/420 140/140 19/0.036+30/0.9 0.9+5.1 43.46

R-25-5 420/420 140/140 19/0.036+50/0.9 0.9+5.1 51.75

2.2. Tests

In accordance with the requirements of Ministry of Housing and Urban-Rural Development of the PRC (2019),
cube specimens with a side length of 150mm are prepared. After the concrete mixture is poured into the molds,
the specimens are cured at room temperature for one day. Subsequently, the specimens are demolded, labeled,
and then subjected to natural curing in a curing room for 28 days. An HCT306B compression testing machine
(Fig. 2) is employed for the uniaxial compression test, with a loading rate of 0.5MPa/s. An AMSY-6 AE testing

Fig. 2. HCT306B compression testing machine.
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system is adopted for AE monitoring, and the threshold of the AE instrument is set at 40 dB, with a sampling
frequency of 5MHz, to minimize the impact of ambient noise during the test.

3. Damage mode identification based on AE parameters

3.1. Preliminary screening of AE parameters based on the Pearson correlation
coefficient method

The Pearson correlation coefficient can reflect the degree of linear correlation between two variables; its value
ranges from −1 to 1, with a larger absolute value indicating a stronger correlation. Therefore, the Pearson
correlation coefficient method can be adopted for the preliminary screening of AE characteristic parameters,
with the aim of selecting parameters with low correlation coefficients and high mutual independence as far as
possible, thereby reducing the size of the characteristic parameter set. Equation (1) presents the calculation for-
mula for the Pearson correlation coefficient r. When r = 1, it indicates a perfect positive linear correlation between
the two variables, when r = −1, it indicates a perfect negative linear correlation, and when r = 0, it indicates no
linear correlation between them:

r =

n

∑
i=1

(xi − x)(yi − y)
¿
ÁÁÀ

n

∑
i=1

(xi − x)2
n

∑
i=1

(yi − y)2
, (1)

where xi and yi represent the i-th observed values of the two variables x and y, respectively, x and y denote the
sample means of variables x and y, and n is the sample size.
In this paper, six AE characteristic parameters, namely amplitude, rise time, duration, count, energy, and

dominant frequency, were selected for the Pearson correlation coefficient analysis. These parameters characterize
the AE signals in multiple aspects in both the time and frequency domains, and are thus capable of comprehen-
sively reflecting the AE behavior during the damage process.
Table 3 presents the Pearson correlation coefficients among the six AE characteristic parameters, namely

amplitude, rise time, duration, count, energy, and dominant frequency. Based on the values of the correla-
tion coefficients, parameters with a coefficient greater than 0.6 were regarded as having a strong correlation,
in which case one of the characteristic parameters could be discarded. As can be seen from Table 3, the Pearson
correlation coefficients between the three parameters (rise time, energy, and dominant frequency) and the other
parameters are mostly less than 0.6, indicating low correlation and high independence of these three parameters.
The Pearson correlation coefficients among the three parameter pairs – amplitude and count, amplitude and
duration, and count and duration – are mostly greater than 0.6, indicating a strong correlation between each
pair. Among these parameters, amplitude and count have well-defined physical meanings: the higher their values,
the stronger the acoustic emission activity. In contrast, duration generally needs to be interpreted comprehen-
sively in combination with other parameters. Therefore, five AE characteristic parameters, namely amplitude,
rise time, count, energy and dominant frequency, were selected for PCA.

3.2. Selection of characteristic parameters based on PCA

PCA is a data dimensionality reduction method that transforms standardized parameter data into several
uncorrelated principal component variables via dimensionality reduction, thus capturing most of the information
contained in the original dataset. To eliminate the influence of dimensional differences among different charac-
teristic parameters, the data need to be standardized prior to performing PCA.
Assuming that the original dataset is denoted as X, it is then subjected to standardization to yield the sample

matrix Xn∗p, where n is the number of samples and p is the number of features. The covariance matrix Rp∗p is
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Table 3. Pearson correlation coefficients between different AE parameters.

Specimen no. AE parameter Amplitude Rise time Duration Count Energy

R-0-1

Rise time 0.43 – – – –

Duration 0.75 0.63 – – –

Count 0.87 0.5 0.84 – –

Energy 0.53 0.13 0.26 0.51 –

Dominant frequency 0.17 0.1 0.16 0.22 0.1

R-0-2

Rise time 0.63 – – – –

Duration 0.84 0.75 – – –

Count 0.87 0.7 0.94 – –

Energy 0.55 0.31 0.39 0.51 –

Dominant frequency −0.05 −0.1 −0.11 −0.02 0.03

R-0-3

Rise time 0.19 – – – –

Duration 0.57 0.36 – – –

Count 0.71 0.27 0.75 – –

Energy 0.5 −0.01 0.13 0.37 –

Dominant frequency 0.21 0.03 0.14 0.29 0.1

R-0-4

Rise time 0.06 – – – –

Duration 0.4 0.21 – – –

Count 0.49 0.08 0.58 – –

Energy 0.38 −0.03 0.05 0.23 –

Dominant frequency −0.01 −0.01 0.1 0.27 −0.03

R-0-5

Rise time 0.08 – – – –

Duration 0.34 0.17 – – –

Count 0.77 0.09 0.38 – –

Energy 0.32 0.02 0.05 0.15 –

Dominant frequency 0.31 0.01 0.06 0.51 0.02

R-25-1

Rise time 0.03 – – – –

Duration 0.17 0.09 – – –

Count 0.58 0.02 0.3 – –

Energy 0.66 0.02 0.04 0.51 –

Dominant frequency 0.08 −0.05 0.06 0.27 0.07

R-25-2

Rise time 0.04 – – – –

Duration 0.42 0.18 – – –

Count 0.49 0.07 0.6 – –

Energy 0.48 −0.02 0.07 0.17 –

Dominant frequency 0.01 0.002 0.07 0.22 −0.06

R-25-3

Rise time 0.35

Duration 0.67 0.49 – – –

Count 0.75 0.41 0.83 – –

Energy 0.47 0.08 0.19 0.42 –

Dominant frequency 0.005 0.01 −0.02 −0.01 0.07

R-25-4

Rise time 0.11 – – – –

Duration 0.47 0.21 – – –

Count 0.48 0.11 0.64 – –

Energy 0.49 0.001 0.09 0.11 –

Dominant frequency −0.09 −0.1 0.02 0.1 −0.17

R-25-5

Rise time 0.52 – – – –

Duration 0.78 0.69 – – –

Count 0.8 0.65 0.93 – –

Energy 0.47 0.21 0.29 0.45 –

Dominant frequency −0.13 −0.12 −0.18 −0.13 −0.03

calculated according to Eq. (2). The covariance matrix is then subjected to eigenvalue decomposition to de-
rive p eigenvalues, which are then sorted in descending order to obtain λ1, λ2, ..., λp and their corresponding
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T1, T2, ..., Tp. At this point, the i-th calculated principal component can be expressed by Eq. (3), while the
contribution rate of the principal component ϕk can be expressed by Eq. (4):

Rp∗p =
1

n − 1
XT

n∗pXn∗p, (2)

PCA(i) = T1iX1 + T2iX2 +⋯ + TpiXp, (3)

ϕk =
λk
p

∑
i=1

λi

, (4)

where ϕk denotes the contribution rate of the k-th principal component.
Based on the results of the Pearson correlation coefficient analysis, five characteristic parameters, namely

amplitude, rise time, count, energy, and dominant frequency, were selected for PCA. Table 4 presents the contri-
bution rates of each principal component for the specimens. As can be seen from Table 4, the cumulative con-
tribution rate of the first three principal components exceeds 75%, indicating that the selection of these three
principal components can well retain most of the information from the original dataset.

Table 4. Contribution rates of each principal component and the cumulative contribution rate
of the first three principal components (PCs) [%].

Specimen no. 1 2 3 4 5 Cumulative contribution
of PCs 1:3

R-0-2 56.4 20.4 13.7 6.9 2.6 90.5

R-0-3 44.7 20.5 18.5 10.9 5.4 83.7

R-0-4 35.4 22.2 20.2 13.6 8.6 77.8

R-0-5 48.8 20.5 16.6 11.1 3 85.9

R-25-2 35.9 22.7 20 13.8 7.6 78.6

R-25-3 46.2 20.4 18.2 10.4 4.8 84.8

R-25-4 35.7 23.1 19.5 14.5 7.2 78.3

R-25-5 52.6 19.8 15.8 8.3 3.5 88.2

3.3. Determination of the optimal number of clusters

In the process of conducting cluster analysis, determining a reasonable number of clusters is a key step in
ensuring the reliability of the results. An excessively small number of clusters may result in different damage modes
being incorrectly classified into the same category. Conversely, an excessively large number of clusters may lead
to the over-segmentation of the same damage mode. In this paper, the silhouette coefficient is adopted to evaluate
the number of clusters. The range of the number of clusters was initially set to 2–6, and the silhouette coefficient
was used to evaluate the performance of each cluster number, thereby determining the optimal number of clusters
ultimately.
The silhouette coefficient (SI) is an index that calculates two metrics: the average distance between a sam-

ple and other samples within its own cluster, and the average distance between the sample and the samples
within the nearest neighboring cluster. It evaluates the compactness and separation of clustering by measuring
the difference between these two distances. A larger SI indicates more reasonable sample clustering and higher
clustering quality. The calculation equation for the SI is given by

SI = b(i) − a(i)
max{a(i), b(i)}

, (5)

where a(i) and b(i) denote the average distance from sample i to other samples within the same cluster and to
all samples in the nearest neighboring cluster, respectively.
Figure 3 presents the number of clusters calculated based on the SI index. It can be seen that the SI index

reaches its maximum value when the number of clusters is set to 4; therefore, the optimal number of clusters is
determined to be 4.
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Fig. 3. Number of clusters assessed by the SI index.

4. Analysis of clustering results

In this paper, the k-means clustering algorithm was adopted to perform cluster analysis on the results of
principal component analysis of AE parameters of PPF-reinforced recycled concrete, and the number of clusters
was set to 4, as determined in Subsec. 3.3.

4.1. k-means clustering

k-means is an iterative clustering algorithm whose operating principle can be outlined as follows: given
a sample dataset composed of n samples X1,X2, ...,Xn, the algorithm aims to partition these samples into
k-distinct clusters. Here, mi the centroid (mean vector) of the samples assigned to the i-th cluster. The algorithm
employs the distanceas the distance metric. The detailed steps are as follows (Wen, 2025):

1. Initialization: randomly and uniformly select k observation samples as the initial cluster centers m1–mk.

2. Assignment: assign each sample data point to the cluster whose center is nearest to it, based on the
Euclidean distance.

3. Update: recalculate the mean vector (cluster center) for each cluster based on the sample data points
assigned to it.

4. Iteration: repeat steps (2) and (3) until one of the following conditions is met: the predefined maximum
number of iterations is reached, or the cluster centers no longer change (i.e., the mean vectors converge).
Once these conditions are satisfied, the model is considered built, and the final clustering results are output.

4.2. Clustering results

Table 5 presents the characteristic ranges of the four clusters calculated by the k-means algorithm. Among
these clusters, cluster 1 is characterized by low amplitude (below 90 dB) and low energy, cluster 2 features
low dominant frequency (below 40 kHz) and high rise time, cluster 3 is defined by high dominant frequency
(above 100 kHz), relatively high amplitude (around 90 dB), and relatively high energy, and cluster 4 exhibits high
amplitude (close to 100 dB) and high energy.

4.3. Damage mode identification

Bian et al. (2021) classified the damage modes of fiber-reinforced concrete into three categories: matrix
cracking, fiber-matrix debonding, and fiber pull-out. Based on the findings presented in Subsec. 4.2, cluster 1 is
characterized by low amplitude (below 90 dB) and low energy, corresponding to matrix cracking failure. Clus-
ter 3 is characterized by high dominant frequency (above 100 kHz), relatively high amplitude (around 90 dB),
and relatively high energy, corresponding to fiber-matrix debonding failure. Cluster 4 is characterized by high
amplitude (close to 100 dB) and high energy, corresponding to fiber pull-out failure. Cluster 2, by contrast, is
characterized by low dominant frequency (below 40 kHz) and high rise time, corresponding to mechanical noise.
As can be seen from Table 5, the AE characteristic parameters exhibit different performance levels. Both

amplitude and energy can be used to distinguish the three different damage modes, namely matrix cracking, fiber-
matrix debonding, and fiber pull-out; however, relatively speaking, energy demonstrates better discrimination
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Table 5. Range of clustering features (the average value is given in square brackets).

Specimen no. AE parameter Cluster 1 Cluster 2 Cluster 3 Cluster 4

Amplitude [dB] 60.1–89.6 [68.8] 69.2–100 [87.8] 70.5–100 [90.8] 99.9–100 [99.9]

Rise time [ms] 0.01–42.5 [4.9] 0.2–104.9 [52.5] 1.1–103.8 [48.1] 0.7–104.2 [45.2]

R-0-2 Count 11–5715 [4860] 1435–9182[5629] 1685–9019 [6869] 6049–8956 [7867]

Energy [106 aJ] 0.001–3.6 [0.1] 0.2–80.3 [12.8] 0.3–77.1 [20] 88.5–394 [152.4]

Dominant frequency [kHz] 26.2–125.1 [61.5] 26.9–68.4 [35.1] 59.8–123.3 [108] 27.5–109.2 [69.9]

Amplitude [dB] 60.1–92.4 [77.6] 72.9–100 [88.8] 76.8–100 [89.5] 92.3–100 [99]

Rise time [ms] 0.003–69.5 [16.5] 1.1–104.8 [63.2] 0.2–104.8 [53.8] 0.6–101.3 [42.1]

R-0-3 Count 21–6523 [3324] 3476–8728 [6031] 1898–9608 [6467] 4783–9706 [7795]

Energy [106 aJ] 0.008–9.7 [1.3] 0.5–46.4 [9.4] 0.8–53.9 [10.2] 13.4–467 [86.4]

Dominant frequency [kHz] 26.2–120.2 [37.9] 28.1–72 [36.2] 62.9–123.9 [106.9] 28.1–122.7 [65.2]

Amplitude [dB] 60.4–100 [87.6] 81.2–100 [93.2] 79–100 [90.4] 94.5–100 [99.6]

Rise time [ms] 0.1–101.9 [30.5] 36.3–104.8 [79.2] 0.02–104.7 [53.5] 0.1–103.2 [37.5]

R-0-4 Count 64–7861 [5386] 2989–8682 [6575] 4127–8717 [6875] 5454–10023 [7946]

Energy [106 aJ] 0.006–32.5 [11.9] 1.8–171 [26.8] 1.1–74.8 [14] 11.6–1910 [142.3]

Dominant frequency [kHz] 28.1–116.6 [34.5] 25.6–90.9 [34.4] 56.2–123.9 [109.9] 28.1–116.6 [65.7]

Amplitude [dB] 60.2–99 [73.2] 71–100 [89.9] 69.8–100 [91.4] 99.1–100 [100]

Rise time [ms] 0.01–52 [12.4] 0.008–104.4 [52.2] 1.3–104 [52.1] 1.9–103.4 [47.8]

R-0-5 Count 92–5249 [1371] 1643–9068 [5991] 1256–8968 [6803] 6109–8949 [7801]

Energy [106 aJ] 0.004–18.7 [0.5] 0.2–236 [30.2] 0.2–377 [38.5] 133–2600 [522]

Dominant frequency [kHz] 28.7–166 [56.1] 28.7–76.9 [35] 62.3–128.5 [106.7] 28.7–110.5 [52.6]

Amplitude [dB] 60.4–99.2 [85.2] 85.1–100 [95.4] 77.3–100 [91.1] 86.7–100 [96.7]

Rise time [ms] 0.03–104.3 [48.4] 49.1–104.6 [79.4] 0.2–104.8 [50.3] 0.1–84.9 [25.9]

R-25-2 Count 84–7954 [5562] 4128–8587 [6901] 4775–8733 [6942] 4294–8714 [6912]

Energy [106 aJ] 0.005–43.6 [6.2] 2.2–218 [43.2] 1.4–113 [15.9] 4.5–1030 [66.4]

Dominant frequency [kHz] 26.2–113.5 [35.1] 26.2–115.4 [38.1] 59.2–161.1 [110.3] 26.9–114.7 [37.1]

Amplitude [dB] 60.1–94.7 [74.2] 75.8–100 [89.4] 70.6–100 [88.3] 95.1–100 [99.7]

Rise time [ms] 0.01–51.5 [10.5] 0.1–104.8 [52.1] 0.3–104.4 [54.3] 3.5–97.8 [42.6]

R-25-3 Count 26–6190 [1718] 1927–9135 [6282] 2429–9091 [5954] 4474–9940 [8403]

Energy [106 aJ] 0.002–7 [0.6] 0.5–109 [16.4] 0.3–78.4 [10.8] 55.1–607 [127.3]

Dominant frequency [kHz] 27.5–121.5 [69.4] 26.9–68.4 [34.2] 69.6–125.1 [109.7] 28.1–128.1 [87.6]

Amplitude [dB] 62.1–97 [84.9] 80.5–100 [94.3] 80.3–100 [92.7] 91.4–100 [98.3]

Rise time [ms] 0.05–87.7 [27.5] 36.1–104.8 [77.1] 0.3–104.2 [50.6] 0.3–100.6 [32.1]

R-25-4 Count 74–7802 [5170] 4426–8673 [6617] 4952–8794 [6964] 4362–8842 [6988]

Energy [106 aJ] 0.008–66.2 [5.9] 1.4–186 [30.1] 1.5–116 [16.3] 6.4–727 [107.2]

Dominant frequency [kHz] 28.1–125.7 [47] 28.3–109.3 [37.3] 37.2–192.3 [111.5] 28.1–122.7 [38.5]

Amplitude [dB] 60–94.9 [72.7] 73.7–100 [88.2] 73.1–100 [89.1] 96.8–100 [99.9]

Rise time [ms] 0.01–43.5 [8.4] 0.6–104.1 [49.8] 0.7–104.2 [51.6] 0.6–104.3 [47.6]

R-25-5 Count 28–5326 [1050] 1349–9215 [5806] 1952–9253 [6322] 6074–9522 [8373]

Energy [106 aJ] 0.002–9.5 [0.5] 0.3–217 [14.9] 0.3–192 [15.9] 163–968 [389]

Dominant frequency [kHz] 29.9–123.9 [81.6] 28.1–60.4 [33.1] 75.1–123.2 [107.1] 28.1–115.4 [66.5]

performance. Taking specimen R-0-2 as an example, the average amplitude of fiber-matrix debonding is 1.32 times
that of matrix cracking, and the average amplitude of fiber pull-out is 1.1 times that of fiber-matrix debonding.
The average energy of fiber-matrix debonding is 200 times that of matrix cracking, and the average energy of
fiber pull-out is 7.6 times that of fiber-matrix debonding. The dominant frequency can be used to distinguish
mechanical noise. The average dominant frequency of mechanical noise is below 40 kHz, with most values of this
cluster falling within the range of 28 dB to 80 dB, and only a few high-frequency events (above 100 dB). The
count exhibits poor discrimination performance: matrix cracking failure is associated with a low count, while it
is difficult to distinguish among the other three damage types using this parameter.
There is a certain correlation between compressive strength and matrix cracking. The lower the energy of

matrix cracking, the higher the compressive strength of the specimen. Overall, the energy of specimens R-X-3
and R-X-5 is relatively low, while their compressive strength is relatively high.



Q. Chen, X. Yang – A Study of Damage Mode Recognition of Polypropylene Fiber-Reinforced Recycled. . . 291

5. Conclusions

This paper presented a study on the PCA of AE parameters and the damage modes of PPF-reinforced recycled
concrete, and the following conclusions can be drawn:

1. The study showed that the Pearson correlation coefficients between the three parameters (rise time, energy,
and dominant frequency) and the other parameters are mostly less than 0.6, indicating low correlation and
high independence of these three parameters. The Pearson correlation coefficients among the three param-
eter pairs – amplitude and count, amplitude and duration, and count and duration – are mostly greater
than 0.6, indicating a strong correlation between each pair. Five AE characteristic parameters, namely
amplitude, rise time, count, energy, and dominant frequency, were selected for the PCA of PPF-reinforced
recycled concrete.

2. Based on the SI index, the optimal number of clusters for the principal components of PPF-reinforced
recycled concrete was determined to be 4. The unsupervised learning algorithm of k-means clustering was
applied to identify the damage modes of PPF-reinforced recycled concrete, with four distinct damage modes
being identified as follows:

– mechanical noise, featuring low dominant frequency (below 40 kHz) and high rise time,

– matrix cracking, characterized by low amplitude (below 90 dB) and low energy,

– fiber-matrix debonding, exhibiting high dominant frequency (above 100 kHz), relatively high amplitude
(around 90 dB) and relatively high energy,

– fiber pull-out, characterized by high amplitude (close to 100 dB) and high energy.

3. The AE characteristic parameters exhibit varying discrimination performance. Both amplitude and energy
can be used to distinguish the three distinct damage modes, namely matrix cracking, fiber-matrix debond-
ing, and fiber pull-out; however, energy demonstrates superior discrimination performance. The dominant
frequency can be used to distinguish mechanical noise, whereas the count exhibits poor discrimination
performance.

It should be pointed out that some conclusions of this study need to be further verified by fiber pull-out tests.
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The structure of the acousto-optic delay line and possible areas of its application are discussed. The necessity
of determining the cutoff frequency of the acousto-optic delay line in all areas of its application is substan-
tiated. The relationship between the cutoff frequency of an electric circuit and its time constant is discussed.
The obtained result is extrapolated to the acousto-optic delay line, in which the cutoff frequency is formed
by a completely different mechanism. The mechanism of cutoff frequency formation in the acousto-optic delay
line is discussed. It is shown that the cutoff frequency in the acousto-optic delay line is formed due to the
finite velocity of interaction of the acoustic wave with the light beam in the photoelastic medium. Two meth-
ods for measuring the cutoff frequency of the acousto-optic delay line are discussed: the method of system-
parametric measurement and the method of cursor measurement. The system-parametric method for measuring
the cutoff frequency of the acousto-optic delay line is implemented based on the known values of the laser beam
diameter and the velocity of propagation of the acoustic wave in the photoelastic medium. The cursor method
for measuring the cutoff frequency of the acousto-optic delay line is implemented based on the parameters
of the oscillogram of its response to the input action in the form of a rectangular pulse. Theoretical and ex-
perimental aspects of the application of these methods are discussed. Corresponding numerical examples and
experimental results are given.

Keywords: acousto-optic, delay line, cutoff frequency, transient response, system-parametric measurement,
Bragg diffraction.
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1. Introduction

An acousto-optic delay line (AODL) is implemented based on the photoelastic effect and is used to process
signals in the time domain. AODL differs from other types of acousto-optic processors in that information
it contains is extracted by a light beam whose diameter is significantly smaller than the size of the optical
aperture of the interaction medium. In devices of this class, efficient signal processing in the time domain is
due to the low velocity of propagation of the acoustic wave in the photoelastic medium (PEM), the ability to
regulate the delay time of the electrical signal by simple mechanical movement of the interaction medium, and
the ability to synthesize PEMs of sufficiently large sizes. The AODL can be used in radio engineering systems
for various purposes, in radar target simulators (Diewald et al., 2018; Okoń-Fąfara et al., 2019), and also for
solving other radar problems associated with the formation of time intervals (da Silva et al., 2024; Daggula,
Bevara, 2024; Russell et al., 2025;Wu, 2025). Diewald et al. (2018) described a system capable of simulating
the behavior of radar targets. Okoń-Fąfara et al. (2019) discussed the development of a radar air situation
map simulator that can be used to train military radar operators, to evaluate the functionality of new radar
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systems and signal processing algorithms without the need for physical equipment, etc. In both cases, digital
devices capable of generating and processing signals with a limited spectrum are used. However, generating and
processing broadband signals is very difficult or impossible.
The use of AODL in solving the problems considered in the indicated works allows for a significant expansion

of the technical capabilities of the corresponding devices and systems. In all cases of application of the AODL,
one of the main parameters is its cutoff frequency. The cutoff frequency of an arbitrary electrical circuit is
defined as the frequency at which the output signal power is reduced by half from the original value. This
parameter is determined by the structure of the electrical circuit and the reactive parameters of each node in its
composition. Any electric circuit responds to an input action not instantly, but with a certain delay. This delay
is usually estimated by the time constant of the transient response of the electric circuit. The time constant of
the transient response of the electric circuit τ is defined as the time interval from the beginning of the formation
of the output response to the input action in the form of a single-step to the moment when the value of this
response reaches the level of (1− 1/e) ⋅ 100 = 63.2% of the steady-state value. The cutoff frequency of the electric
circuit fc is determined by the known value of its time constant τ as follows:

fc = 1/(2πτ). (1)

From Eq. (1) it follows that, using any method that allows one to determine the time constant of an electric
circuit, one can calculate its cutoff frequency. For example, in the case of an RC circuit, the time constant is
defined as the product of the nominal values of the elements R and C. Accordingly, the formula for calculat-
ing the cutoff frequency (Eq. (1)) takes the following form: fc = 1/2πRC. A similar statement is true for all
electric (including radio engineering) circuits whose equivalent circuits can be represented as an RC circuit.
The cutoff frequency is also formed in the AODL, despite the obvious absence of reactive elements in its

structure. The article is devoted to the structural interpretation of the mechanism for forming the cutoff frequency
of an acousto-optic delay line and solving the problem of its measurement.

2. Material and method

In the AODL, the processed analog signal uin(t) is fed to the first input of the amplitude modulator (AM)
(Fig. 1). The carrier oscillation from the high-frequency generator (HFG) is fed to the second input of the AM. An
amplitude-modulated radio-frequency signal is formed at the AM output. It should be noted that, depending
on the nature of the problem being solved, balanced amplitude modulation, frequency modulation, or amplitude
manipulation can also be used. The amplitude-modulated signal at the AM output is described by the expression:

uAM(t) = U0[1 +m ⋅ s(t)] ⋅ cos(ω0t),

where U0 is the amplitude, ω0 is the carrier oscillation frequency, s(t) is the modulating process, which changes
within the limits s(t) = ±1. In our case s(t) = uin(t)/[uin(t)]max, where [uin(t)]max is the maximum value of the
processed analog signal uin(t).

Fig. 1. Schematic diagram of an acousto-optic delay line.
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The amplitude-modulated signal is transmitted to an electro-acoustic transducer (EAT) attached to the end
of the PEM. The EAT excites an acoustic wave in the PEM, which propagates with a velocity v that is ∼105

times smaller than the propagation velocity of an electromagnetic wave. A cell consisting of the PEM and the
EAT attached to its end is called an acousto-optic modulator (AOM) (Davis, 2014; Molchanov et al. 2015).
In this case, the frequency of the carrier oscillation ω0 generated in the HFG is selected in the range of operating
frequencies of the AOM, which, as a rule, is 40% to 60% of its central frequency (Yushkov et al., 2024).
The central frequency of the AOM can be selected from tens of MHz to units of GHz. It follows that when
constructing an AODL, the value of the carrier oscillation frequency does not impose any special restrictions on
its operational and technical characteristics, and it is possible to use existing ready-made units, in particular,
the AOM. In this case, AM and HFG are used only to transfer the spectrum of the processed analog signal to the
operating frequency range of the AOM.
The requirement for the maximum frequency of the modulating process s(t) is formed based on the known

value of the AODL cutoff frequency. The AODL cutoff frequency must be equal to or greater than the maximum
frequency of the processed analog signal uin(t). In other words, the design and technological characteristics of
the AODL must be adapted to the maximum frequency of the processed analog signal uin(t).
The circuit in Fig. 1 uses the Bragg diffraction mode. A laser beam of diameter d passing through the AOM is

modulated by diffraction on inhomogeneities in permittivity caused by deformations of the PEM material under
the action of an acoustic wave. Part of the light beam is deflected into the diffraction order. The deflected light
falls through the hole in the diaphragm (D) onto the surface of the photodetector (PD) and is detected. As
a result, a voltage uout(t) is formed at the PD output, which repeats the shape of the processed input signal
uin(t) and lags behind it in time:

td = x0/v, (2)

where x0 is the distance from the EAT to the acousto-optic interaction point in the PEM.
In other words, ideally for AODL the equality:

uout(t) = c ⋅ uin(t − td), (3)

holds, where c is a constant factor.
In a real AODL, equality (Eq. (3)) is fulfilled with distortions acceptable for practice in the frequency band

limited by the cutoff frequency. This parameter is formed due to the finite speed of physical processes in the
nodes that participate in the formation of the response at the AODL output. Abstracting from secondary factors,
it can be assumed without proof that in the chain of nodes participating in the formation of the AODL cutoff
frequency, the AOM and PD have an incomparably greater influence. When using a high-speed photomultiplier,
for example a photomultiplier based on the FEU-114 type, its influence on the cutoff frequency of the AODL can
also be neglected. Therefore, based on this interpretation of the operation of an AODL, it can be assumed that,
under certain conditions, its cutoff frequency is formed by the final speed of intersection of a light beam with an
acoustic wave in a photoelastic medium (Muromets et al., 2016; Hasanov et al., 2022). With these interacting
wave parameters (the diameter of the light beam d and the velocity of propagation of the acoustic wave in
the photoelastic medium v), the following expression can be obtained for the transient response of the AODL
(Hasanov et al., 2019):

g(t) = 8

π (d
v
)2
⋅

t

∫
td

√
d

v
(ξ − td) − (ξ − td)2 dξ, for td ≤ t ≤ td +

d

v
. (4)

Equation (4) provides a concrete mathematical description of how an AODL responds to a single-step input
signal, and allows us to predict and calculate the response of an AODL to virtually any conceivable input signal
using the Duhamel integral. This makes Eq. (4) and the Duhamel integral a powerful combination for analyzing
and predicting the behavior of an AODL under various operating conditions.
The graph of the transient response of the AODL, constructed using Eq. (4), with the parameter values

td = 0.1µs, v = 3.63 km/s, d = 2.2mm is shown in Fig. 2.
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Fig. 2. Graph of the transient response of the AODL.

The time constant of the AODL (and, accordingly, its cutoff frequency) can be calculated both by the formula
of the transient response (Eq. (4)) and by its graph (Fig. 2), which is the basis of two methods for measuring the
cutoff frequency of the AODL. These methods are discussed further.

3. System-parametric method for measuring the cutoff frequency
of an AODL

The system-parametric method for measuring the AODL cutoff frequency consists of determining the AODL
time constant by its transient response based on known values of the parameters of the interacting beams (acoustic
and optical). Then, the AODL cutoff frequency is calculated based on the known value of the time constant.
From Eq. (4), the time constant of the AODL is determined as follows:

τ = t1 − td, (5)

where t1 = td + τ is the moment in time when the right side of Eq. (4) is equal to 0.632, i.e., the equality
g(t1) = 0.632 is satisfied.
The cutoff frequency fc of a specific type of AODL does not depend on the value of the delay time td, which is

determined by Eq. (2). From a joint analysis of Eq. (1) to Eq. (5), it is easy to conclude that, using known values
of the parameters v and d, it is possible to calculate the cutoff frequency of the AODL with sufficient accuracy
for engineering calculations. Calculations are easily performed in the Mathcad environment. Calculations are
performed for the following values of the design parameters: td = 0.1µs, v = 3.63 km/s, d = 2.2mm. Equating
the right side of Eq. (4) to 0.632, we find the time constant of the AODL τ . Thus, for the time constant of the
AODL we obtain the following value: τ = 0.366µs. Accordingly, the cutoff frequency of the AODL, calculated
using Eq. (1), is

fc = 1/(2π ⋅ 0.366) = 0.435MHz.

4. Cursor method for measuring the cutoff frequency of an AODL

The method of cursor measurement of the AODL cutoff frequency consists of determining its time constant
based on the parameters of the oscillogram of its response to the pulse input signal. Then, based on the known
value of the time constant, the AODL cutoff frequency is calculated.
In the experimental research model, a rectangular pulse with the required parameters is formed in the

G5-54 pulse generator. The pulse from the G5-54 generator output modulates the oscillations of the G4-107
high-frequency generator (operates in the external pulse modulation mode) and synchronizes the MSO4052 os-
cilloscope. The oscillation frequency of the G4-107 generator is selected equal to the central frequency of the
AOM, which in our experiments is 80 Hz. The deflected light in the rear focal plane of the AOM is recorded
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by a PD based on a FEU-114 photoelectron multiplier. The devices in the laboratory setup are connected to each
other by radio frequency cables.
The oscillograms of the voltages at the input and output of the AODL with the parameters td = 0.1µs,

v = 3.63 km/s, d = 2.2mm, τi ≈ 1.5µs are shown in Fig. 3.

Fig. 3. Oscillograms of pulses at the input (1) and output (2) of an acousto-optic delay line.

The duration of the input pulse (determined from the oscillogram at a level of 0.5 of the maximum value)
is equal to τi ≈ 1.5µs. The time constant of the transient response, i.e., the time during which the response –
the output voltage changes from 0% to 63.2% of its maximum value (≈1.9V), is equal to approximately 380 ns,
which coincides with the calculated values of the time constant of the transient response. The experimentally
measured value of the AODL cutoff frequency is 1/(2π ⋅0.38) = 419 kHz. Thus, the spread from the average value
in the obtained results of system-parametric (435 kHz) and cursor (419 kHz) measurements does not exceed 5%.
The discrepancy between the results of system-parametric and cursor measurements is primarily due to the

influence of the photodetector. In the case of system-parametric measurements, the influence of the photodetector
is not taken into account. However, the photodetector does contribute to the results of cursor measurements.

5. Results and discussion

When constructing an AODL for processing an analog signal, it is important to optimize the cutoff frequency
in the context of the maximum signal frequency. The problem can be solved directly or indirectly. Direct mea-
surement of the AODL cutoff frequency can be performed using an experimentally measured amplitude-frequency
characteristic. To measure the amplitude-frequency characteristic, appropriate devices are needed. In addition,
this takes a lot of time, especially if several measurements are required. Therefore, indirect measurement is
more preferable. Indirect measurement of the cutoff frequency is possible using the system-parametric and cursor
methods. The system-parametric method for measuring the AODL cutoff frequency appeals to a priori known
values of the laser beam diameter and the acoustic wave propagation velocity in the PEM. The cursor method
of measuring the AODL cutoff frequency is implemented by the parameters of its response to the input action
in the form of a rectangular pulse. Accordingly, these methods can be used at various stages of the AODL
development. At the design stage, it is preferable to use the system-parametric measurement, at the testing stage
– the cursor measurement. From the interpretation of the measurements, it follows that the results obtained by
different methods differ by no more than four percent. These errors are mainly due to the fact that the measure-
ments were made using an oscillogram. With direct measurements, the accuracy will be much higher, since the
digital oscilloscope provides measurements of time parameters with an accuracy of up to 0.0001%.
In the presented methods for measuring the AODL cutoff frequency, the influence of the photodetector is

not discussed. This is due to the fact that a high-speed photodetector is assumed to be used a priori. In this
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case, a photodetector of the FEU-114 type was used, for which the rise time of the transient response, according
to the passport data, is ≤9 ns. Subtracting this value from the cursor measurement result (380 ns) yields 371 ns.
The corresponding AODL cutoff frequency is 1/(2π ⋅0.371) = 429 kHz, which is slightly different from the system-
parametric measurement result (435 kHz). All this confirms the postulate that the AODL cutoff frequency is
determined by the interaction time of the light and elastic wave.

6. Conclusion

One of the main parameters of the AODL is its cutoff frequency. This parameter is taken into account at
the design stage, during operation and when analyzing the output results. The methods of system-parametric
measurement and cursor measurement of the AODL cutoff frequency allow solving this problem quite simply
and correctly. Based on these methods, it is possible to select the type of PEM material and the parameters of
the light source (laser). The method of system-parametric measurement is used at the design stage. At the same
time, this method can also be used to test the results of experimental studies.

Fundings

This research did not receive any specific grant from funding agencies in the public, commercial, or not-for-
profit sectors.

Conflict of interest

The authors declare that they have no known competing financial interests or personal relationships that
could have appeared to influence the work reported in this paper.

Authors’ contributions

Afig Hasanov developed the method, prepared figures, and wrote the manuscript. Ruslan Hasanov, Elgun
Aghayev, Rovshan Ahmadov conducted measurements and provided technical approval. All authors reviewed
and approved the final manuscript.

References

1. da Silva R.E.,Manuylovich E., Sahoo N., FrancoM.A.R., Bartelt H.,Webb D.J. (2024), All-fiber fast acousto-
optic temporal control of tunable optical pulses, Optical Fiber Technology, 87: 103877, https://doi.org/10.1016/j.yofte.
2024.103877.

2. Daggula R., Bevara V. (2024), An ultra-low power QCA based vedic multiplier for digital radar application, e-Prime
– Advances in Electrical Engineering, Electronics and Energy, 9: 100695, https://doi.org/10.1016/j.prime.2024.100695.

3. Davis C.C. (2014), Lasers and Electro-Optics, Cambridge University Press.

4. Diewald A.R., Steins M.,Müller S. (2018), Radar target simulator with complex-valued delay line modeling based
on standard radar components, Advances in Radio Science, 16: 203–213, https://doi.org/10.5194/ars-16-203-2018.

5. Hasanov A. et al. (2022), Development of an axonometric model of photoelastic interaction in an acousto-optic delay
line and its approbation, Technology Audit and Production Reserves, 5(2(67)): 38–45, https://doi.org/10.15587/2706-
5448.2022.267782.

6. Hasanov A.R., Hasanov R.A., Ahmadov R.A., Agayev E.A. (2019), Time- and frequency-domain characteristics
of direct-detection acousto-optic delay lines, Measurement Techniques, 62: 817–824, https://doi.org/10.1007/s11018-
019-01700-3.

7. Molchanov V.Ya. et al. (2015), Theory and Practice of Modern Acousto-Optics [in Russian], Publishing House MISiS.

https://doi.org/10.1016/j.yofte.2024.103877
https://doi.org/10.1016/j.yofte.2024.103877
https://doi.org/10.1016/j.prime.2024.100695
https://doi.org/10.5194/ars-16-203-2018
https://doi.org/10.15587/2706-5448.2022.267782
https://doi.org/10.15587/2706-5448.2022.267782
https://doi.org/10.1007/s11018-019-01700-3
https://doi.org/10.1007/s11018-019-01700-3


A. Hasanov et al. – The Mechanism of Formation of the Cutoff Frequency... 299

8. Muromets A.V., Voloshinov V.B., Kononin I.A. (2016), Transmission characteristics of acousto-optic filter using
sectioned transducer, Applied Acoustics, 112: 221–225, https://doi.org/10.1016/j.apacoust.2016.04.008.

9. Okoń-Fąfara M., Kawalec A.M., Witczak A. (2019), Radar air picture simulator for military radars, [in:] XII
Conference on Reconnaissance and Electronic Warfare Systems, 1105519, https://doi.org/10.1117/12.2525032.

10. Russell R.S., Anderson B.E., Denison M.H. (2025), Using time reversal with long duration broadband noise
signals to achieve high amplitude and a desired spectrum at a target location, Applied Acoustics, 236: 110744,
https://doi.org/10.1016/j.apacoust.2025.110744.

11. Wu M., Ma J., Zhang Q. (2025), Photonic-assisted angle-of-arrival measurement system for both broadband and
single-frequency radar signals, Optics Communications, 577: 131392, https://doi.org/10.1016/j.optcom.2024.131392.

12. Yushkov K.B., Naumenko N.F., Molchanov V.Ya. (2024), Design of a broadband acousto-optic filter using bulk
acoustic wave beam steering with an interdigital transducer, Results in Physics, 59: 107575, https://doi.org/10.1016/
j.rinp.2024.107575.

https://doi.org/10.1016/j.apacoust.2016.04.008
https://doi.org/10.1117/12.2525032
https://doi.org/10.1016/j.apacoust.2025.110744
https://doi.org/10.1016/j.optcom.2024.131392
https://doi.org/10.1016/j.rinp.2024.107575
https://doi.org/10.1016/j.rinp.2024.107575




Archives of Acoustics Vol. 51, No. 2, pp. 301–316 (2026), https://doi.org/10.24423/archacoust.2026.4038

Research Paper

Shaping the Soundscape: Exploring the Influence of Building Layout
on Outdoor Acoustic Environments

Sami Hamouta(1)∗ , Atef Ahriz(2) , Noureddine Zemmouri(3) , Ahmed Mansouri(4)

(1)Laboratory of Civil Engineering and Hydraulics (LGCH)
Department of Architecture, 8 Mai 1945 Guelma University

Guelma, Algeria

(2)Applied Civil Engineering Laboratory (LGCA)
Department of Architecture, University of Tebessa

Tebessa, Algeria

(3)Laboratory of Design and Modeling of Architectural and Urban Forms and Ambiances (LACOMOFA)
Department of Architecture, University of Biskra

Biskra, Algeria

(4)Department of Architecture, University of Batna 1
Batna, Algeria

∗Corresponding Author: hamouta.sami@univ-guelma.dz

Received April 18, 2024; revised August 23, 2025; accepted January 12, 2026;
available online January 19, 2026; version of record April 16, 2026; published issue June 24, 2026.

This study investigated the influence of building layout on the outdoor acoustic environment through field
measurements conducted in four courtyards at the University of Batna 1. Acoustic parameters including sound
pressure level (SPL) attenuation, reverberation time (RT), early decay time (EDT), clarity (D50), and the
rapid speech transmission index (RaSTI) were evaluated. Results showed that square-shaped courtyards re-
tained sound the longest (RT20 exceeding 2.3 s at 1000Hz), U-shaped courtyards exhibited the most irregular
reverberation patterns, and linear courtyards provided the most stable sound decay. The D50 and RaSTI values
were highest in linear courtyards, indicating superior speech intelligibility, while square and U-shaped layouts
demonstrated reduced intelligibility due to extended reverberation. The SPL attenuation was also more consis-
tent in linear configurations compared to the variable patterns observed in enclosed geometries. These findings
demonstrate that building form plays a decisive role in shaping outdoor acoustic conditions and highlight the
importance of considering acoustic performance in early design decisions. The results are broadly applicable
to the planning of courtyards, plazas, and semi-enclosed urban spaces. Future work should explore additional
variables such as building height, façade materials, vegetation, and seasonal effects to develop comprehensive
guidelines for acoustically optimized outdoor environments.

Keywords: outdoor acoustic environment, architectural design optimization, building geometry and acoustics,
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1. Introduction

In urban outdoor environment, the shifting toward the dependence on more mechanization has led to a grad-
ual acceptance of noise as a fact (Wang et al., 2005). However, noise may have both immediate and long-
term detrimental impacts on human health and the environment, with real and perceived repercussions, inter-
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fering with sleep, concentration, communication, and recreation (World Health Organization, 2018; Goines,
Hagler, 2007). The university environment, for instance, encompasses an urban complexity relevant to this
dilemma.
In the last decade, sound environment at the cognitive performance contexts has received considerable atten-

tions (Çolakkadıoğlu et al., 2018; Goswami et al., 2011; Su et al., 2013; Xie et al., 2011). These contexts have
become more and more exposed to high level of environmental noise (Zannin et al., 2013; Zannin, Ferraz, 2016;
Zannin, Zwirtes, 2009). The auditory environment has an impact on students’ behavior and comprehension,
i.e., loud environments are not conducive to learning, making instruction laborious, and generating annoyance
and difficulty focusing (Çolakkadıoğlu et al., 2018; Su et al., 2013; Zannin, Ferraz, 2016).
University outdoor spaces are essentially designed to be aiming at preserving the restorative and relaxation

of students (Gulwadi et al., 2019). Nevertheless, outdoor areas enclosed by buildings are the first ones to be
exposed and impacted by noise sources. Buildings provide several complex acoustic effects when sound travels
through the air, affecting both the transient sound levels associated with reverberation time (RT) and the
continuous noise levels, such as sound pressure level (SPL), often generated by road traffic (Yang et al., 2013).
The occurrence of many reflections, diffractions, and diffusions is contingent upon factors such as dimensions,
irregularity, material characteristics, architectural arrangement, and ground surfaces of the structure. They can
affect auditory comfort for both leisure and relaxation in open-air environments. They also can impact indoor
facilities, such as classrooms, libraries, and laboratories that might be exposed to high noise background of those
outdoor spaces. Hence, creating outdoor places that have pleasant acoustics may enhance the overall quality of
life for educational, instructional, and relaxation purposes.
The shape of the built environment greatly influences the acoustic properties of outdoor areas (Benameur

et al., 2022; Bouzir, Zemmouri, 2017; Montalvăo Guedes et al., 2011; Oliveira, Silva, 2011; Silva et al.,
2014; Wang, Kang, 2011). Its various features have the potential to modify noise levels, building layout shape
and arrangement, being one of these key elements, can contribute to altering the acoustic parameters of the sound
environment.
Previous research endeavors have delved into the impact of fabric environment features related to the build-

ing layout that shape the acoustic ambiance of outdoor spaces. Ariza-Villaverde et al. (2014), Lee, Kang
(2015), Thomas et al. (2013) investigated the effect of street width and building height. The findings indicate
that the H/W ratio had an impact on the variance of sound characteristics. Echevarria Sanchez et al. (2016)
conducted a study on the influence of building shape on the street canyon effect and noise exposure, the results
indicated that flat vertical, flat upwardly inclined, flat downwardly inclined, upwardly stepped convex, down-
wardly stepped, and concave may significantly influence individuals’ noise exposure. The study conducted by
Eggenschwiler et al. (2022) examined the impact of building rotation, specifically the orientation of walls
(parallel vs. nonparallel), on the perception of noise discomfort. Rotating the building (which leads to walls that
are not parallel) was shown to be linked to reduced noise nuisance compared to the initial orientation with parallel
walls. Although the decrease in sound intensity contributed to this outcome, the beneficial impact also persisted
when the sound level was the same for both rotating and parallel structures.
Additional research has also shown that different morphological elements of building layouts might impact the

acoustic environment. The studies by Flores et al. (2017) and Yang et al. (2013; 2017) focused on investigating
the effect of configuration and disposition of building on acoustical parameters such as RT, early decay time
(EDT), definition (D50), and rapid speech transmission index (RaSTI), as well as the attenuation of the SPL
in outdoor spaces. They highlight that the configuration and disposition of the building such as linear-shaped,
square-shaped, U-shaped, and parallel-shaped has a crucial effect on sound environment.
Han et al. (2018) aimed to examine the impact of geographical landscape features on Urban Environment

Noise (UEN) and traffic noise in the Shenzhen metropolitan area of China. The study revealed substantial
correlations between urban morphology and regional traffic noise levels. The design and structure of buildings
have a substantial correlation with regional noise (RN). The arrangement of buildings is associated with traffic
noise (TN), and continuous and interconnected structures along the sides of highways are more efficient in
reducing the impacts of TN. The scattered distribution and uneven forms of buildings aid in the reduction of RN.
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Buildings are more efficient in mitigating noise when they are dispersed across metropolitan areas, rather than
being concentrated in one area.
Prior investigations, using site measurement, have been carried out to assess the impact of buildings on RT and

noise levels in outdoor areas (Aylor et al., 1973; Flores et al., 2017; Picaut et al., 2005; Steenackers et al.,
1978; Thomas et al., 2013;Wiener et al., 1965; Yang et al., 2013; 2017; Yeow, 1977; Zuccherini Martello
et al., 2015). In conclusion, the site measurements’ findings show that buildings in urban areas are a contributing
factor to rising noise levels and RT because of multiple reflections. Street width and the acoustic characteristics
of ground surfaces, building layouts, and façades are some of the factors that affect these reflections.
While outdoor spaces at universities may have certain similarities with urban streets, squares, and built-up

regions, they exhibit diverse layouts, sorts, and sizes. Additional investigation is necessary to examine the acoustic
properties of outdoor areas inside these specific cognitive structures, since there are variations in the arrangement
of buildings, materials used, and façade layout.
The objective of this research is to analyze the acoustic properties of outdoor spaces surrounding by buildings

by examining data collected from four outdoor areas at University of Batna 1, each with distinct building layouts.
The outdoor areas were classified into four distinct building layouts: U-shaped, square-shaped, linear-shaped, and
L-shaped. The RT, EDT, and SPL attenuation were assessed based on the on-site measurements, taking into
account the distances between the sound source and the receiver. An analysis was conducted on the features of
room acoustical factors utilizing the RaSTI and D50, both of which are associated with speech intelligibility.

2. Methods

2.1. Description of the case study

This study aims to investigate the impact of building façades on the sound environment in four outdoor spaces
within the campus of the University of Batna 1, situated in Batna (Aurès region), North East of Algeria.
The outdoor areas were chosen for their close proximity to university buildings and their regular use by

students, as seen in Fig. 1 and Fig. 2. Furthermore, the selection process took into account the building components

(A) U-shaped (B) square-shaped (C) L-shaped (D) linear-shaped

Fig. 1. University of Batna 1, master plan and measurements’ station’s location.
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Fig. 2. Photographs of each measurement stations.

and layout forms. These spaces share a set of architectural features. Among these features an almost square
shape measuring about 40m by 40m, façades composed of concrete walls and large glass windows. Façade heights
range from 2 to 3 floors. However, each outdoor space has a different building layout. These architectural aspects of
the structure may be seen as surfaces that reflect sound, resulting in a longer RT and an increase in SPL owing
to intense reflections compared to an open area. Building layouts surrounding outdoor spaces are categorized into
four types: square-shaped (i.e., ◻), U-shaped (i.e., U), L-shaped (i.e., L), and linear-shaped (i.e., –).

2.2. Measurement protocol

Figure 3 displays the workflow of this research to analyze the impulse response, including RT, EDT, D50,
RaSTI, and SPL.

Investigating the relationship between building layout design 
and outdoor sound environment at the University of Batna 1

Review of literature1.

2.

3.

5.

4.

6.

Case study
University of Batna 1

Analyzed layouts

1. U-shaped
2. Square-shaped
3. L-shaped
4. Linear-shaped

2. Characteristics and
    distribution of RT
3. RT
4. EDT
5. D50
6. RaSTI
7. SPL

1. Impulse response

1. Sound source

2. Receptor

3. Audio interface

4. Data analysis

Clapper for RT/speaker for SPL

Microphone

Two channel system

EASERA model

Results and discussion

Analysis parameters

Experiment steps

Final step

Fig. 3. Investigation workflow.
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The measurement of SPL attenuation with distance was conducted using the Scarlet Solo Focusrite audio
interface, a 1/2 inch measuring microphone (Dayton audio type EMM-6), and a real-time analyzer (RTA) inside
the ESERA software developed by AFMG. The receiver was calibrated before the measurement and set up to
1.5m of height.
The measurement used white noise as the sound source, which was produced by a directional speaker at

a height of 1.5m. The signal-to-noise ratio (SNR) for the measurement was 53 dB at a distance of 1m from the
source. This indicates that there was enough sound power to accurately measure the SPL attenuation at distances
up to 40m between the source and the receiver. The SNR measured at a distance of 40m from the source was
around 25 dB.
The impulsive signal was generated using a starting clapper, selected because it provides higher sound lev-

els relative to background noise compared to an omni-directional speaker. The clapper produces a broadband
impulsive signal with a nearly omnidirectional radiation pattern in the horizontal plane, making it well suited
for outdoor impulse response measurements. The impulse responses for the starting clapper were captured via
the Scarlet Solo Focusrite audio interface and a 1/2 inch measurement microphone (Dayton audio type EMM-6).
The acoustical characteristics, such as RT, EDT, clarity (D50), and speech intelligibility (RaSTI), were examined
using the EAZERA software from AFMG. This program has a noise compensation algorithm that minimizes
the impact of background noise on the computation of RT. Both the source and the receiver were positioned
at a height of 1.5 units above the ground. Each measurement represented the average value obtained from five
consecutive claps performed in succession. Prior to each measurement, the microphone underwent calibration.
Before and after each measurement session, the microphones and acquisition system were calibrated using

acoustic calibrator (94 dB at 1 kHz). This ensured the accuracy and reliability of the recorded acoustic parame-
ters across all measurement points.
All measurements, conducted on the same winter day under the meteorological conditions detailed in Ta-

ble 1, ensured consistent conditions and minimized the influence of weather variations between sites, thereby
guaranteeing comparability across the different measurement zones.

Table 1. Weather conditions of each measurement zone.

Weather condition U-shaped Square-shaped Linear-shaped L-shaped

Temperature [○C] 12.1 12.7 13.1 12.7

Humidity [%] 35 35 48 35

Wind speed [m/s] <2.2 <5.25 <5.59 <5.25

Meteorological data were verified to ensure compliance with guidance and regulations for outdoor acoustic
measurements. The slight exceedances in two cases (5.25m/s and 5.59m/s) are considered negligible in terms of
their potential influence on the results.
Ground surface materials play a significant role in outdoor sound propagation and reflections, as they influ-

ence both absorption and scattering. In this study, however, all investigated spaces had ground surfaces composed
mainly of natural soil and green cover. Since this condition was uniform across the sites, its effect on differenti-
ating the acoustic outcomes is minimal, ensuring that the observed variations are more strongly related to the
architectural configuration.
The number and position of the source and recipient points in each measurement zone are outlined in Table 2.

Figure 1 depicts the positions of source to receiver points in the four regions, with a total of 21 sites used for

Table 2. Number and position of the source and receiver points at every measurement areas.

Type of the building
layouts

Number
of sources

Number
of receivers

Source-receiver
distance [m]

Measurement parameter

SPL attenuation Impulse response

U-shaped 01 05 1–5–10–20–36 × ×

Square-shaped 01 05 1–5–10–20–36 × ×

L-shaped 01 05 1–5–10–20–36 × ×

Linear-shaped 01 06 1–5–10–20–40–60 × ×
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measuring impulse responses and SPL. Although the source sound, namely a starting clapper for RT and a speaker
for SPL attenuation, remained constant in all outside areas, the positions of the reception points, which were
microphones, were adjusted along their respective line of sight. The distance between the source and receiver
for each measurement zone was obtained by taking into account the size of the outdoor spaces. The source
receiver distance was logarithmically scaled within a range of 40m in four zones. This was done in order to study
the distribution of RT and the attenuation of SPL in these outdoor spaces.
A single source position was selected in each courtyard to represent a typical noise source location and to

ensure direct comparability between sites. This approach helped isolate the effects of layout, while the enclosed
nature of the spaces limited variability from source relocation.
The INR was found to be 22 dB at 125Hz, 30 dB at 250Hz, 39 dB at 500Hz, 51 dB at 1000Hz, 63 dB at

2000Hz, 63 dB at 4000Hz, and 49 dB at 8000Hz at a distance of 40m, which is considered to be the greatest
distance between the source and the receiver.
To accurately measure RT for T20 and T30, respectively, ISO 3382-2 recommends an INR of at least 35 dB

and 45 dB. Based on the INRs in the one band displayed above, the RT calculation method was based on T20
(−5 dB to −25 dB) in one-octave bands from 500Hz to 8000Hz for source to receiver distances within 40m.
In this study, the 125Hz and 250Hz octave bands were excluded from the analysis because their impulse-to-

noise ratio (INR) values did not meet the minimum threshold required for reliable measurement, as recommended
in ISO 3382. This approach is consistent with previous outdoor acoustic studies, including those by Yang et al.
(2013; 2017), where low-frequency bands were omitted when the INR was insufficient. In outdoor environments,
low frequencies are particularly vulnerable to interference from background noise and environmental factors,
which can lead to measurement inaccuracies. Therefore, excluding these bands ensured that the reported results
were based on robust and reliable data.

3. Results and discussion

3.1. Impulse response

Figure 4 and Fig. 5 provide the pressure squared impulse responses and decay curves recorded at receiver
distances of 20m, in order to verify the impact of building layouts on multiple reflections. In order to analyze
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Fig. 4. Impulse responses at 1000Hz for each of the four outdoor sites measured at a source-to-receiver distance
of about 20m: a) L-shaped, b) linear-shaped, c) U-shaped, d) square-shaped.
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Fig. 5. Decay curves at 1000Hz for each of the four outdoor sites measured at a source-to-receiver distance of about 20m:
a) L-shaped, b) linear-shaped, c) U-shaped, d) square-shaped.

the variations in sound energy reflection patterns across the four outdoor locations, it is beneficial to compare the
impulse responses and decay curves obtained from the same sound source.
The outcome shown in Fig. 4 displays impulse responses that include sound reflections coming later to the

direct sound from building façades, ground, and other obstructions. Therefore, it can be concluded that the sound
energy that bounces back produces an increase in SPL and RT, which are directly linked to the perception of
noise discomfort and spatial impressions. The reflection patterns of impulse responses vary throughout the four
outside areas, despite the tests being conducted at equal distances between the source and receiver. The reflection
pattern is impacted by several design aspects, including building layout, building form, gaps between buildings,
and arrangement of building façades. Based on the various forms of outdoor spaces, the sound energy reflected
in U- and square-shaped areas is comparatively strong compared to that in linear- and L-shaped areas. This
observation is further supported by the decay curve shown in Fig. 5.

3.2. General features and RT distribution

In this work, RT analysis at low frequencies (125Hz and 250Hz) is excluded due to the insufficient INR.
Figure 6 displays the maximum, average, and lowest RT20 values recorded at each measurement area across

various frequencies ranging from 500Hz to 8000Hz in octave bands. This analysis aims to assess the general
features and distribution of RT20 in outdoor environments.
The findings indicate that there is a significant variation in RT20 between the highest and lowest values across

different measurement areas, suggesting an uneven distribution of RT20 in the outdoor environment.
The building layout has a significant impact on RT20, as seen by the varying maximum, average, and lowest

values of RT20 based on the measurement regions. The RT20 has considerably longer durations at frequen-
cies of 500Hz, 1000Hz, and 2000Hz when compared to other frequencies. The maximum RT20 occurs at a fre-
quency of 1000Hz for a square-shaped (◻) that is longer than 2.38 s.
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Fig. 6. RT20 values, including the maximum, average, and minimum, with their corresponding frequencies,
measured at the four outdoor places at: a) 500Hz, b) 1000Hz, c) 2000Hz, d) 4000Hz, e) 8000Hz.

The distance between source and receiver determines RT20 in urban settings. Therefore, the measurement of
RT20 at various source receiver distances in the four measurement zones using different sources and receivers were
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shown in Fig. 7. Despite the consistent source-receiver distance, the findings demonstrate that there is a significant
disparity in RT20 across various measurement zones. This suggests that various architectural designs may have
an impact on RT20.
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Fig. 7. General RT20 at a frequency of 1000Hz, measured at four distinct areas
using varying source-receiver distances.

In conclusion, the findings referring to the distribution and general features of RT20 suggest that RT20 may
be influenced by building layouts and architectural design.

3.3. Acoustic parameters

3.3.1. Reverberation time

RT is one of the main quantitative measures of acoustic parameters that describe the sound behavior in
a space. To assess the RT in outdoor spaces, source receiver distance is the determinant factor. Figure 8 displays
the observed RT based on the distance between the sound source and receiver for four distinct building layouts.
The graph includes regression curves and correlation coefficients (R2) specifically for the frequency of 500Hz. The
determination of the calculating technique for the regression curve is based on selecting the correlation coefficient
with the greatest value. For the polynomial regression curve, the equation of the 2nd order is used.
At 500Hz, the regression curves across all typologies show a consistent pattern, increasing logarithmically or

polynomially with distance. This trend likely results from the decrease in direct sound energy at shorter distances,
while the amplitude of reflected sound grows at longer distances. Notably, in the L-shaped configuration, starting
from a distance of 20m, the RT begins to decline with increasing distance, which can be attributed to the reduced
effects of reflections. The correlation coefficients (R) observed between these phenomena range from 0.52 to 0.94,
signifying a strong correlation.
It is worth noting that the RT values at the same source-receiver distance varied significantly among the (◻),

(U), (–), and (L) types. For instance, in the (◻) type, the RT values were relatively strong compared to those in
the (U), (–), and (L) types. This difference can be attributed to the number of façades surrounding the outdoor
space. In the (◻) type, where the outdoor space is enclosed by a larger number of façades, the sound reflections
and reverberations are more pronounced, causing longer RT values. On the other hand, in the (U) and (L) types,
which have fewer surrounding façades the sound reflections and reverberations are less prominent, leading to
shorter RT values. These variations in RT values demonstrate the significant influence of the architectural design
and surrounding structures on the acoustic characteristics of the outdoor space.
The observed variation in RT20 between the different courtyard shapes is consistent with (Yang et al., 2013;

2017), who also found that reverberation characteristics change significantly with architectural configuration. In
both studies, more enclosed layouts exhibited higher RT values, while more open configurations showed lower
sound persistence.
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Fig. 8. RT measured based on source–receiver distance for the four different types of building layouts, with regression
curves and correlation coefficients R2 at: a) 500Hz, b) 1000Hz, c) 2000Hz, d) 4000Hz, e) 8000Hz.

3.3.2. Early decay time

In Fig. 9, the EDT at each measurement context is shown according to the source to receiver distances. EDT
is a parameter extrapolated from the decay curve portion that spans between 0 dB and 10 dB below the initial
level. Therefore, the sound energy generation from early reflections affects significantly this parameter. The result
in Fig. 9 shows that EDT tends to increase with increasing source to receiver distances (polynomialy), which is
similar to RT in all outdoor spaces.
Figure 9 displays the EDT for each measurement context, based on the distances between the sound source

and the receiver. EDT is a metric extrapolated from the section of the decay curve that extends from 0dB to
10 dB below the original level. Consequently, the creation of sound energy from early reflections has a considerable
impact on this parameter. The data shown in Fig. 9 demonstrates that the EDT tends to rise in a quadratic



S. Hamouta et al. – Shaping the Soundscape: Exploring the Influence of Building Layout... 311

R² = 0.9061

R² = 0.7523

R² = 0.7882

R² = 0.8799

0

0.5

1

1.5

2

2.5

0 10 20 30 40 50 60 70

E
D

T
(s

)

Source -receiver distance (m)

(B) Square-shaped

(C) L-shaped

(A) U-shaped

(D) Linear-shaped

R² = 0.9061

R² = 0.7523

R² = 0.7882

R² = 0.8799

0

0.5

1

1.5

2

2.5

0 10 20 30 40 50 60 70

E
D

T
[s

]

Source-receiver distance [m]

(B) Square-shaped

(C) L-shaped

(A) U-shaped

(D) Linear-shaped

Fig. 9. Measured EDT at 500Hz with different source to receiver distances
for the four different types of building layouts.

manner as the distance between the source and receiver increases. This trend is consistent with the behavior of
the RT in all outdoor environments.
Similarly to RT, the correlation coefficient falls within the range of 0.87 to 0.96, signifying a strong and clear

correlation between the variables. It can also be seen that at the same source to receiver distance, EDT is similar
to RT, it has different values due to the different number of façades surrounding the outdoor space. Understanding
such differences is crucial for designing outdoor areas with desired acoustic qualities, whether it is to enhance
sound projection and reverberation in performance venues or to ensure speech clarity in public gathering spaces.
The variation in EDT observed across courtyard shapes aligns with the findings of (Yang et al., 2017), where

more enclosed configurations yielded longer EDTs due to stronger and more sustained reflections, while open
layouts produced shorter EDT values.

3.3.3. Definition (D50)

The clarity of the speech is assessed using D50, a criterion that quantifies the ratio of sound energy arriving
within the first 50ms to the overall sound energy, measured as a percentage.
Figure 10 displays the D50 values at various source receiver distances for the four outdoor areas. In most

type spaces, like RT, D50 decrease (polynomial) with the increase of distances. That means that with increas-
ing distances the clarity of sound decreases. Like that of RT, the correlation coefficient of regression curves
among these contexts falls within 0.50 and 0.97, indicating strength relationship between variables. At the same
distance, despite the D50 is categorized within the range of good to excellent levels, the values differ in each
outdoor space, e.g., at 20m source receiver distance, the D50 is 0.60, 0.61, 0.89, and 0.79 in (◻), (U), (L), and

R² = 0.8199

R² = 0.9478

R² = 0.2089

R² = 0.9279

0.000

0.200

0.400

0.600

0.800

1.000

1.200

0 10 20 30 40 50 60 70

D
5

0

Source-receiver distance [m]

(B) Square-shaped

(C) L-shaped

(A) U-shaped

(D) Linear-shaped

Fig. 10. D50 with different source to receiver distances
for the four different types of building layouts.
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(–) shape, respectively. This can be attributed to the varying number of façades that encompass the outdoor
space. Hence, when designing outdoor spaces, it becomes crucial to consider the distinctive attributes of the
building layouts that encircle these open areas.
The differences in D50 values between the various configurations are consistent with the findings of (Yang

et al., 2017), which reported that open courtyard forms tend to enhance speech clarity (higher D50) by reducing
late reflections, whereas enclosed forms can lower clarity due to increased reverberant energy.

3.3.4. Rapid speech transmission index

The assessment of speech intelligibility in outdoor environments is performed using the RaSTI measure,
which takes into account the distance between the sound source and the receiver. The evaluation is determined
by five unique levels, with each level corresponding to a particular range; 0–0.3 is classified as extremely bad,
0–0.45 as poor, 0.45–0.6 as fair, 0.6–0.75 as good, and 0.75–1.0 as exceptional (International Electrotechnical
Commission, 2020).
According to the data shown in Fig. 11, the RaSTI generally decreases as the distance increases in most

typology settings. This trend is comparable to the findings of D50. The reason for this is because while the
distance between the source and receiver is small, the direct sound has a greater influence on the initial sound
energy of the impulse response, leading to a shorter RT. However, as the distance rises, the amplitude of the
direct sound decreases, causing the RT to increase.
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Fig. 11. RaSTI with different source to receiver distances for the four different types of building layouts.

At the same distance, despite the RaSTI is characterized within the range of good to excellent, the values
vary in each outdoor space. For example, at the 20m source receiver distance, the RaSTI value is 0.6, 0.68, 0.77,
0.89 in (◻), (U), (L), and (–) shape, respectively. This is because of the different number of façades surrounding
the outdoor space. Hence, the design of outdoor spaces must take into account the attributes of the building
layouts that surround the outdoor area.
The measured changes in RaSTI with different courtyard shapes correspond with the findings of (Yang et al.,

2017), indicating that open configurations generally improve speech intelligibility, while more enclosed geometries
may limit it due to prolonged reverberation and multiple reflection paths.

3.3.5. Sound pressure level

Figure 12 presents the SPL attenuation results in comparison with the reference SPL, which was obtained at
a distance of 1 meter between the source and receiver, in five outdoor areas. To interpret the results, the measure-
ments were compared with the semi-free field attenuation, where SPLs are expected to decrease by approximately
6 dB each time the distance from the source doubles in an unobstructed environment. This provided a reference
baseline to evaluate how the presence of surrounding building façades and courtyard configurations modified
sound propagation in the studied outdoor spaces. The findings indicate that SPL diminishes as the distance
between the source and receiver increases in all outdoor areas, owing to the properties of the non-diffuse field.
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Fig. 12. SPL attenuation according to source to receiver distance.

Within a distance of 1m to 5m between the source and receiver, there is no notable variation in SPL reduction
across the five outdoor areas. This is because the direct sound plays a prominent role.
However, in the far field, at the same position where the sound source and receiver are located, it can

also be seen that the SPL decreases differently depending on the outdoor arrangement and the features of the
surrounding geometry. Although the linear-shape is surrounded by one side of building façade, it shows the lowest
SPL attenuation. This is because the high sound reflections off surfaces such as bitumen and pavement ground.
The SPL attenuations in square- and U-shaped outdoor spaces are similar within the source-receiver distance
of 10–20, with square-shaped space exhibiting lower attenuation beyond that distance. This difference occurs
because U-shaped spaces allow for less reflection energy compared to square-shaped ones. The highest SPL at-
tenuation is revealed in the L-shaped outdoor spaces showing a similarity with SPL attenuation in the semi free
field. This is due to the lack of reflections toward the outdoor space. The overall outcome suggests that the
architecture of the building layout has a substantial impact on the degree of noise irritation that students feel.
The SPL attenuation patterns match findings from (Yang et al., 2017), showing that open layouts allow

sound to disperse more rapidly, leading to higher attenuation rates, while enclosed layouts slow down attenuation
due to boundary reflections and energy confinement.

4. Conclusion

The present research conducted a series of field measurements to assess SPL attenuation and room acoustical
parameters including RT, EDT, RaSTI, and D50 across four outdoor spaces within the University of Batna 1.
These spaces were chosen to represent diverse building layouts and blocks.
Overall, variations in the maximum, average, and minimum values of RT20 were noted across different mea-

surement areas, underscoring the influence of building layout on RT20 distribution. The square shape retains
sound the longest, the U-shape shows the most irregular reverberation, and the linear shape is the most stable. At
high frequencies, all layouts have faster sound decay and less variability due to greater absorption and scattering.
Similarly, as the distance between the sound source and receiver increased, the findings indicated that ar-

chitectural design substantially influences the dispersion of acoustic energy. Among the many layouts examined
(square, U, L, and linear) – the square- and U-shaped courtyards had the highest RT20 values, especially at
mid-range frequencies (1000Hz to 2000Hz), attributable to their enclosed geometry that captures sound energy.
The linear- and L-shaped courtyards promoted expedited sound fading, demonstrating reduced RT20 values and
enhanced SPL attenuation stability, rendering them more appropriate for settings necessitating improved speech
intelligibility.
The impulse response research verified that U-shaped and square layouts produced more intense reflections,

resulting in extended reverberation, whilst the linear arrangement had the lowest RT20 values, indicating effective
sound dissipation.
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The D50 and RaSTI values were greatest in linear courtyards, indicating enhanced speech intelligibility owing
to less reverberation and increased direct sound prominence. In contrast, square- and U-shaped courtyards had
reduced D50 and RaSTI values, indicating diminished speech intelligibility resulting from extended reverberation.
The SPL attenuation research indicated that linear courtyards had a more steady decline in SPL with distance,

whereas square- and U-shaped areas displayed variable SPL patterns, affected by heightened reflections inside
their confined perimeters.
The results of this study highlight that building layout plays a decisive role in shaping the outdoor acous-

tic environment, with measurable impacts on both sound persistence (RT20, EDT) and speech intelligibility
(D50, RaSTI). This knowledge can inform architectural and urban design decisions, particularly when planning
courtyards, campus spaces, and other semi-enclosed outdoor areas.
For instance, layouts with more enclosed geometries, such as square- and U-shaped forms, may be preferred

in contexts where sound retention is desirable – such as cultural performances or ceremonial events – due to their
capacity to preserve acoustic energy. Conversely, linear- and L-shaped configurations, which promote quicker
sound dissipation and higher speech clarity, may be better suited for everyday circulation spaces, recreational
zones, or public areas where speech intelligibility and noise reduction are priorities.
Furthermore, these findings provide a basis for integrating acoustic considerations early in the spatial plan-

ning process, alongside visual, thermal, and functional criteria. By anticipating how form and enclosure affect
sound propagation, designers can create outdoor environments that are acoustically tailored to their intended uses.
Finally, while this study focuses on a specific university setting, the principles identified are broadly applicable

to urban courtyards, plazas, and pedestrian streets. Future research could extend this work by incorporating vari-
ations in building height, façade material properties, vegetation, and seasonal changes to develop comprehensive
design guidelines for acoustically optimized outdoor spaces.
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These studies focus on acoustical parameters of steel flat-oval ducts as a function of their roughness. The four
types of steel ducts were measured: raw steel, galvanised steel, painted steel, and aluminium as the reference
one. The roughness of the duct was measured, and roughness parameters were specified. The sound power
level was obtained on the specially constructed stand test with an outlet to the reverberation room. Insertion
losses to evaluate the acoustic attenuation performance of the studied steel ducts were obtained. In the present
study, an aluminium duct, which is very smooth with minimal airflow friction, was treated as a low-noise object
(‘silencer’). These studies have shown that for each of the tested steel ducts, the self-noise is higher than for the
aluminium duct. The largest differences in this self-noise were observed at a velocity of 12m/s for the galvanised
duct and the raw steel duct compared to the aluminium duct. Insertion losses in straight ducts are consistent
with literature and are very low for flat-oval steel ducts. Aluminium duct performs better acoustically than
the other ducts studied at lower velocities; however, as airflow velocity increases, the differences in acoustic
performance between the materials become less pronounced. This suggests that aerodynamic effects dominate
over material surface treatments at higher velocities.
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Notations

Di – insertion loss, Rq – root mean square (RMS) roughness,

LW – sound power level, Rz – average maximum height of profile,

LW I – sound power level when the test object, S – area ratio,

LW II – sound power level references object, v – flow velocity,

P – duct perimeter, ∆Lw – differences between single-number values of sound power level.

Ra – average roughness,

1. Introduction

Most standards and guidelines for the analysis of sound in ducts are based on the sound power-based de-
scription, which has been widely utilised in HVAC systems, for example, ASHRAE (Reynolds, Bledsoe, 1991;
American Society of Heating, Refrigerating and Air-Conditioning Engineers, 2007), VDI (VDI, 2001), or ISO5136
(International Organization for Standardization, 2003), however, it cannot be applied for frequencies above the
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cut-off frequency. The sum of the sound power level gains and losses at the component connecting interfaces
from the fan to the network’s terminal sections can also be used to calculate the sound power level inside a duct
network. However, this method ignores any influences caused by wave reflections. This significantly lowers the
reliability while simplifying the forecast process. Additionally, the low-frequency range is covered by the plane
wave-based description of networks, ducts, and mufflers (Munjal, 1987; Boden, Abom, 1995; Boden, Glav,
2007). However, in HVAC duct networks with their large lateral dimensions the frequency range of plane wave
propagation is rather limited. If the duct system is fairly extensive, then existing prediction methods allow the
design of HVAC systems that are usually free from noise problems.
The source of the duct break-out in ventilation systems can be calculated thanks to the several prediction

algorithms utilised in the ASHRAE scheme. There are several regions where noise is produced, such as diffuser
noise, system attenuation from plenum chambers, unlined rectangular ducts and bends, end reflection losses
of ducts, breakout from ducts under airflow conditions, and insertion losses of ducts (Reylnods, Bledsoe,
1991). The Allen formula (Allen, 1960) is a well-known technique for forecasting noise levels that emerges from
a section of a ductwork. The difference between the areas through which sound enters the duct (i.e., its cross
sectional area) and exits the duct (i.e., the duct surface area) is taken into account. It is based on the theory of
sound transmission through panels. However, it is widely acknowledged that this approach occasionally produces
incredibly erroneous results, especially for low frequencies and lengthy ducts. The approach fails to consider the
fact that the sound power within the duct will decrease along its length as a result of breakout from the duct.
Negative attenuations may be predicted using the formula, which means that more sound energy is emitted from
the duct than enters it. This is due to the fact that using the sound reduction index (or transmission loss) data
for duct walls was gathered from sound transmission loss measurements on plane panels rather than in duct tests,
presents another challenge. From this time, various analytical and numerical methods have been employed in the
modelling of duct wall break-out and break-in (Cummings, 1980; 1983; Cummings et al., 1984; Venkatesham
et al., 2011; Herrin, Seybert, 2006). However, because of the various types of noise sources and the various
ways that noise spreads, evaluating the noise produced by HVAC systems can be challenging. It takes a lot of
programming work to implement any accurate predictive model for duct wall break-out and break-in because the
self-noise produced by aerodynamic sources through duct systems depends on the actual system configuration
and the effective airflow velocity, although we are also dealing with sound attenuation of various devices and
ducts in the whole system. In turns, the attenuation in HVAC systems is a complicated issue.
Sound energy splits at branches, gets rejected at bends and duct terminations, and loses energy due to

duct wall vibration, all contributing to the natural attenuation provided by the duct system. The attenuation
caused by the duct wall vibration may become significant when the system has extensive ductwork, especially for
rectangular ducts. The produced motion of the duct walls reduces the energy of a sound wave as it travels
down an unlined duct. The wall mass is mostly responsible for the surface impedance, and the computation
of the duct loss is similar to that of the transmission loss. It is significantly harder to excite circular sheet metal
ducts than rectangular ones at low frequencies, especially when they are in their first state of vibration, known
as the breathing mode. Consequently, unlined rectangular ducts suppress sound significantly more than circular
ducts (Cummings, 2001).
Empirical equations for the attenuation was development by Reynolds and Bledsoe (1991) in terms of

a duct perimeter (P ) to area ratio (S). A large P /S ratio means that the duct is wide in one dimension and
narrow in the other. The attenuation of rectangular ducts in the 63Hz to 250Hz octave frequency bands can be
approximated by using an equation (Reynolds, Bledsoe, 1991):

– for P
S
≥ 3:

D = 17.0 × (P
S
)
−0.25

× f−0.85 ×L, (1)

– for P
S
< 3:

D = 1.64 × (P
S
)
0.73

× f−0.58 ×L. (2)
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The attenuation of rectangular ducts above 250Hz octave frequency bands can be approximated by using:

D = 0.02 × (P
S
)
0.8

×L. (3)

In these formulas, pay attention to the units of measurement: the value of P must be given in feet, the value
of A (the area of the duct) in square meters, and the value of L (the length of the duct) in feet. Ductwork in
industrial installations can be several dozen or even several hundred meters long. Acoustic losses in the air on the
duct walls can dampen the sound transmitted to the duct and its surroundings, which travels great distances.
For steel ducts of 200mm in diameter in ventilation systems, there is a loss of 0.1 dB/m for low frequencies and
0.3 dB/m for high frequencies, as shown by Bessac et al. (2018). For lengthy ducts, these tiny values can result
in notable attenuations. Experience has shown that design contractors do not pay attention to this loss and
frequently overlook this occurrence in their calculations. The AcouReVe project carried out, between 2015–2018,
aimed to improve the reliability and quality of acoustic calculations in the ventilation ductwork and provide more
reliable input data and insights for acoustical consultants to predict sound levels in rooms more accurately when
considering ventilation systems and ductwork. For straight round ducts, it was confirmed that for low frequencies,
the measured losses were consistent with literature, showing very low attenuation (∼0.1 dB/m). However, for high
frequencies (above 1600Hz), galvanised spiral steel ducts exhibited higher losses than expected, ranging from
0.5 dB/m to 1.5 dB/m, and even up to 3 dB/m in some specific test cases, contradicting the common assumption
of minimal losses in circular ducts (Bessac et al., 2018).
The ducts that run to supply registers are frequently built of flexible aluminium or Mylar or sheet metal. Duct

surfaces should ideally be maintained dry and clean; however, even brand-new ducts can get dirty from debris from
the building’s construction and storage before installation. Furthermore, residual oils from the initial machining
and construction of new steel ducts have been found to be sources of volatile organic compounds (VOCs) in
indoor air (Pasanen et al., 1995). This is connected to the fact that the commercial pipes have different levels of
roughness, which affects the behaviour of the fluid flowing through the pipe, particularly the pressure loss caused
by friction. There is a strict connection between roughened pipes and the generation of noise. Roughness can in-
fluence fluid flow and heat transfer by increasing pressure drop, altering flow regime laminar-turbulent transition,
and by inducing secondary flow motions which lead to an enhancement in flow mixing and heat transfer. Also
noise radiated from the exhaust of two roughened pipes to the anechoic chamber was studied by Hersh (1983).
He claimed that over the whole tested frequency range (down to roughly 3 kHz), totally rough surfaces generated
noticeably more sound. The formation of sound can be explained by the scattering on the surface imperfections,
which changed turbulent near-field pressure fluctuations (Howe, 1988; 1998). According to Devenport et al.
(2011), the flow at the rough wall creates quantifiable roughness noise. It was discovered that even hydrodynam-
ically smooth roughness generated noise, which means that the scattering mechanism was a noise source. As the
flow speed increases, the wideband roughness noise moves to a higher frequency and rises in level. The roughness
noise is also significantly impacted by the roughness size. These changes with the flow speed and roughness size
were found to be incompatible with any straightforward scaling. The presence of roughness of pipe wall changes
their values in comparison to the smooth design and, as a result, alters the acoustic behaviour. The Monte Carlo
method and the finite element solver were used by Yu et al. (2024) to analyse the attenuation of acoustic waves
in rough cylindrical pipes and to estimate the roughness of the pipes from the measured acoustic wave. However,
there is evidence in numerous studies that the research on noise in HVAC systems should be expanded to include
a greater variety of noise sources, as well as the interaction between the different components of the duct system
and its impact on noise generation and attenuation (Fry, 1988), especially where the roughness is taken into
account. This is because the prediction of system attenuation is usually rather conservative, so that predicted
sound pressure levels (SPLs) tend to be overestimated, thus in effect incorporating a factor of safety in the design
(Henson, 1986).
The purpose of this paper is to clarify the effect of the surface of the steel duct on the aerodynamic sound and

also to determine the attenuation of these ducts, which may be essential for engineering design. The experiments
were performed on the test stand, meeting the requirements of ISO 7235, which allows to determine the sound
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power level using the precise method. In these studies, the three steel ducts were used compared to the aluminium
one as the base channel. The roughness of the channels was also measured.

2. Test objects

The most important parameters of ducts used in HVAC systems are diameter, shape, and material. In ven-
tilation systems, ducts are most commonly constructed from sheet metal, galvanised steel sheets, stainless steel
sheets, aluminium, and PVC pipes. Ducts can also be made of aluminium foil or plastic. The choice of mate-
rial is usually determined by price and design requirements. Steel ducts, often galvanised, are used in industrial
ventilation solutions. These systems utilise rectangular or round ducts and, less frequently, flat-oval ducts.
Flat oval ducts are becoming increasingly popular in HVAC systems, as this configuration can enhance airflow

dynamics and reduce material consumption. Botejara-Antúnez et al. (2023) emphasized the importance of an
efficient duct design in minimizing the embodied carbon of HVAC systems, suggesting that careful consideration
of the duct shape can lead to both environmental and economic benefits. Studies on flat-oval ducts underline their
effectiveness in optimizing airflow patterns, as illustrated in numerical investigations that demonstrate the impact
of duct shape on thermal-flow characteristics (Djeffal et al., 2021; Tahrour et al., 2022). The aerodynamic
performance of these ducts can lead to better energy efficiency within HVAC applications, as exemplified by
Tahrour et al. (2022), which evaluated various tube shapes, including flat-oval, for their performance in heat
exchangers.
This study utilised flat-oval ducts with large side dimensions (500mm by 800mm), specifically designed for

industrial HVAC installations – Fig. 1. The ducts were made of raw sheet metal, galvanised sheet metal, and
painted sheet metal with two coats of acrylic paint. Additionally, a drawn aluminium duct was used as the base
duct. These ducts are characterised by varying surface roughness. The roughness of steel duct (pipe) refers to
an index of surface quality, which is usually used to describe the smoothness of the surface of steel duct after
processing. The surface roughness of ducts significantly affects their performance. The excessive surface roughness
of ducts will affect the resistance, vortex, and friction of the fluid, reducing the transportation efficiency and the
stability of fluid flow. Roughness is usually expressed in Ra value (average roughness), Rq value (root mean
square (RMS) roughness) or Rz (average maximum height of profile). In this case, the roughness of the inside
pipe wall of all pipes was measured with the surface roughness tester 502.300. The instrument gave as output
roughness parameters (Ra, Rq, Rz). The roughness parameters were measured at the bottom of the duct in the
axial direction. Each measurement was performed at least three times across three different points of the duct,
and the results are presented as the average of these measurements. The uncertainty budget for the Ra, Rq, Rz

measurements provides a comprehensive breakdown of the potential errors associated with the surface roughness
test. The research took into account uncertainties in type A, derived from statistical repeatability across nine
measurements, and type B, which includes the instrument’s inherent technical limitations. In this case, the
primary source of uncertainty was the instrument error, contributing 5% uncertainty based on manufacturer
specification and a 3% repeatability factor, which accounted for the surface’s spatial variability. By combining
these factors geometrically, the combined standard uncertainty is obtained. The coverage factor of k = 2 gave the
expanded uncertainty, ensuring a 95% confidence level for the reported value. The dimensions of ducts and
parameters Ra, Rq, and Rz with uncertainty are given in Table 1.

Fig. 1. 2D model of the studied ducts.

The raw steel sheet has a very rough surface with large irregularities. Probably high airflow resistance (tur-
bulent flow) could be observed. Additionally, the surface is poor for sealing or paint adhesion and could trap dust
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Table 1. Characteristic parameters of the studied ducts.

No. Duct Dimension
[mm×mm]

Thickness
[mm]

Surface condition Ra

[µm]
Rq

[µm]
Rz

[µm]
1 Raw steel sheet 500× 800 3 Hot-rolled 12.50 ±0.76 13.75 ±0.84 50.00 ±3.06

2 Galvanised steel sheet 500× 800 3 Mill finish (as-rolled) 6.30 ±0.39 6.93 ±0.42 25.20 ±1.50

3 Painted steel sheet 500× 800 3 High-gloss, baked acrylic 1.60 ±0.10 1.76 ±0.11 6.40 ±0.39

4 Drawn aluminium 500× 800 3 Smooth, seamless 0.80 ±0.05 0.88 ±0.06 2.00 ±0.12

and moisture, which leads to the corrosion risk. The galvanised steel sheet has a moderately rough surface texture;
it is better than the raw steel, but still noticeable. The higher airflow resistance than with smooth surfaces could
be expected. Suitable for general ducting, but this is not an ideal solution when low drag or ease of cleaning is
critical. The painted steel has a smooth surface and low friction in airflow. The surface is mostly smooth, with no
sharp defects. But Rz shows some moderate peaks/valleys, but likely not enough to cause airflow turbulence or
sealing issues. This duct would be good for cleanrooms or visual/architectural applications. The aluminium duct
is very smooth, almost polished, which causes minimal airflow friction. It is excellent for clean environments, lab
ducts, or aerospace-grade HVAC. It can be assumed that this channel offers high performance for sealing and
corrosion resistance.

3. Experiment

The experiments were performed on the specific test stand constructed in accordance with two standards
PN-EN 3741:2011 ‘Determination of sound power levels of noise sources using sound pressure – Precision meth-
ods for reverberation rooms’ and PN-EN 7235:2009 ‘Acoustics. Laboratory measurement procedures for ducted
silencers and air-terminal units. Insertion loss, flow noise and total pressure loss’ (see Fig. 2).

Fig. 2. Test stand with outlet to the reverberation room.

The measurement stand consists of a two-axis fan, a straight duct with a transition to a system of three
absorption-resonance silencers, two straight ducts, one of which has an airflow straightener, a straight duct,
a loudspeaker chamber, a system of straight ducts (6.5m), a transition to the test duct, the test duct, transition
to the measuring station, and a system of straight ducts with an outlet to the reverberation chamber (3.2m).
The dimensions of the station are shown in Fig. 1. Individual sections of the measuring station have flanges with
a glued seal for screw mounting. Thanks to stand test construction, it is possible to determine the sound noise
level of devices operating in the flow together with their attenuation effect by the use of precise methods. The
reverberation chamber has a volume of 237.0m3 and an area of 231.5m2, with non-parallel, sound-reflecting walls.
The reverberation chamber has an additional door in the upper part of one of the side walls that opens

into a compensation space connected to the laboratory’s ventilation system, ensuring free air intake from the
chamber and pressure equalisation. Since the outlet of the measuring station is located right next to the wall
of the reverberation chamber, the airflow in the chamber space undergoes free expansion due to its dimensions,
which causes laminar outflow of excess air from the chamber through an additional door (opening) at the top of
the chamber, without affecting the measurement conditions.
During the measurement of self-noise and pressure drop, the tested silencer is connected to a centrifugal fan

via three absorption silencers. The fan, noise source, and tested silencer are positioned outside the reverberation
chamber, whereas the outlet is situated inside the chamber.
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A procedure for determination of the SPL is measurement in points evenly distributed on the circular mea-
surement path of 10m in circumference by using microphone rotating boom. SPLs are measured in nine discrete
microphone positions with an integration time of 30 s for each microphone position and are measured in 1/3 octave
bands 100Hz to 10 000Hz. The B&K microphone, model no. 4146 was used and data were collected using a two-
channels B&K analyser 2144. Microphone was calibrated before commencing the acoustic test. Background noise
is recorded for each measurement series with airflow switched off, enabling the calculation of background correc-
tionK1. The reverberation time is measured for four omnidirectional loudspeaker positions with three microphone
settings. All sound power level calculations are completed using a dedicated calculation sheet. Due to the high
signal-to-noise ratio (the difference between the signal and the background exceeds 15 dB) and excellent spa-
tial uniformity (variance between signals from 12 positions of microphones <0.3 dB), the expanded uncertainty
of the sound power level measurement in a reverberation room was estimated at the laboratory as U = ±0.7 dB.
This reflects a high-precision class 1 laboratory measurement where environmental and instrumental errors are
effectively minimised.
The flow velocity was determined using the so-called arithmetical calculation method described in the norm

PN-ISO 5221:1994 ‘Distribution and division of air – Measurement procedures for airflow in the duct’. The mean
velocity in the channel was determined using the log-Chebyshev method. Acoustic measurements were taken at
four flow velocities, ν1 = 3m/s, ν2 = 6m/s, ν3 = 9m/s, and ν4 = 12m/s. Ambient pressure was measured by means
of the Prandtl probe with a pressure difference converter. While for the duration of the flow noise measurement,
the Prandtl probe was removed from the channel measurement space so as not to disturb the measured acoustic
signal. Also the static pressure and temperature in the ducts were measured. The use of an automated robotic
positioning system in flow measurement significantly reduced the uncertainty associated with probe orientation
and spatial sampling. For a velocity of 12m/s, the expanded uncertainty was estimated at 1.3%, primarily
dominated by the sensitivity of the differential pressure transducer at low dynamic pressures. Whereas, by using
a high-precision differential pressure transducer with an absolute error of ±0.1Pa, the expanded uncertainty at
the lower velocity of 3m/s was 2.86%. To sum up, the uncertainty of the flow measurements did not exceed 3%.
On a logarithmic scale (decibels), a 3% error in velocity measurements translates to a measurement uncertainty
of approximately ±0.8 dBA. This value is close to the human ear’s limit of discrimination (1 dB), meaning that
the measurement uncertainty for airflow measurements in the duct under test is at an acceptable level for acoustic
engineering.

4. Results

4.1. Flow noise

Table 2 and Table 3 present 1/3 octave band sound power levels and overall sound power level (LW ) values
reported for the self-noise of all tested ducts. Table 2 contains results obtained for a single flow velocity, namely
3m/s and 6m/s. Table 3 presents the results for flow velocity appropriately 9m/s and 12m/s. The penultimate
row of each tables contains the single-number values of sound power level (Lw). The last row of tables give the
differences between the single-number sound power level studied steel duct and the aluminium duct (∆Lw).
For each of the tested steel ducts, the self-noise is higher than for the aluminium duct. The lowest single-

number sound power level values (Lw) were obtained for the aluminium duct at airflow velocities of 3m/s, 6m/s,
and 12m/s; only at 9m/s was the Lw value, obtained for the aluminium duct, higher than for the tested steel
ducts. Considering the estimated uncertainty of the duct’s self-noise sound power level measurement of ±0.7 dB,
it can also be concluded that at velocities of 3m/s and 12m/s, Lw values for the aluminium duct are the lowest
compared to the other tested ducts. At velocities of 6m/s, the difference between the aluminium and galvanised
ducts, after taking into account the spread of measurement uncertainty, is 0.6 dB, favouring the galvanised duct.
At 9m/s, the sound power levels of the tested duct are comparable, differing by only 0.1 dB to 0.2 dB.
A positive difference in Lw as a single-number value between the tested steel ducts and the aluminium duct

indicates how much higher the acoustic power of this duct is than the base – aluminium duct. The largest
differences were observed at velocity of 12m/s, up to 2.5 dB for the galvanised duct and 2.3 dB for the raw
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Table 2. Sound power levels of self-noise for all studied duct at 3m/s and 6m/s airflow.

fr [Hz]
Drawn
aluminium

Raw
steel sheet

Painted
steel sheet

Galvanised
steel sheet

Drawn
aluminium

Raw
steel sheet

Painted
steel sheet

Galvanised
steel sheet

ν1 = 3m/s ν2 = 6m/s

100 25.2 27.3 27.1 25.9 31.9 32.9 32.8 31.6

125 26.4 28.8 28.9 27.5 33.1 34.5 34.6 33.1

160 28.2 30.6 30.1 28.6 34.9 36.3 35.8 34.3

200 28.3 30.4 30.2 30.0 35.1 36.0 35.9 35.6

250 31.6 36.7 34.5 32.3 38.3 42.4 40.2 37.9

315 34.0 35.0 34.6 33.6 40.7 40.7 40.3 39.3

400 33.6 35.4 35.2 34.5 40.3 41.1 40.9 40.2

500 32.7 34.1 33.7 33.1 39.4 39.8 39.4 38.8

630 32.7 34.1 33.5 32.9 39.4 39.8 39.2 38.6

800 30.5 32.0 31.9 30.8 37.2 37.7 37.5 36.5

1000 27.4 28.6 28.2 27.5 34.1 34.3 33.9 33.1

1250 25.3 26.8 26.5 25.6 32.1 32.5 32.2 31.3

1600 21.2 22.8 22.3 21.3 27.9 28.5 28.0 27.0

2000 18.2 19.7 19.5 18.4 24.9 25.4 25.2 24.1

2500 14.5 16.2 16.0 15.1 21.3 21.9 21.7 20.8

3150 13.0 15.1 14.6 14.4 19.7 20.7 20.2 20.1

4000 12.5 15.8 16.3 15.9 19.3 21.5 22.0 21.5

5000 13.0 15.9 16.1 15.5 19.7 21.5 21.7 21.2

6300 15.1 16.8 17.0 16.9 21.8 22.5 22.7 22.6

8000 10.0 11.5 11.5 11.6 16.7 17.2 17.2 17.3

10 000 8.7 11.2 10.9 10.9 15.4 16.9 16.5 16.6

Lw 41.6 43.7 43.0 42.0 48.3 49.4 48.7 47.7

∆Lw – 2.1 1.5 0.5 – 1.1 0.4 −0.6

Table 3. Sound power levels of self-noise for all studied duct at 9m/s and 12m/s airflow.

fr [Hz]
Drawn
aluminium

Raw
steel sheet

Painted
steel sheet

Galvanised
steel sheet

Drawn
aluminium

Raw
steel sheet

Painted
steel sheet

Galvanised
steel sheet

ν3 = 9m/s ν4 = 12m/s

100 41.8 42.3 41.7 41.9 45.6 48.6 47.4 49.3

125 43.5 44.2 45.7 43.9 47.4 50.5 50.2 50.5

160 44.2 45.1 44.6 43.9 49.8 52.5 51.1 51.8

200 44.7 45.4 44.9 45.8 49.8 52.6 51.5 53.2

250 47.0 46.7 47.9 47.2 52.8 53.6 53.8 54.4

315 51.2 50.1 49.9 50.0 56.8 58.2 57.0 57.9

400 50.9 51.0 50.9 50.9 56.3 59.0 58.1 59.3

500 50.3 50.1 49.7 49.9 55.7 58.1 57.1 58.2

630 50.5 50.4 49.7 49.9 56.1 58.4 57.1 58.5

800 49.3 49.2 48.9 49.0 54.7 57.4 56.3 57.7

1000 47.0 46.4 45.9 46.2 52.5 54.5 53.3 54.7

1250 46.5 46.1 45.7 46.0 52.6 54.8 53.7 54.9

1600 43.5 43.2 42.6 42.9 50.5 53.1 51.8 53.3

2000 41.3 41.0 40.6 40.9 48.4 51.5 50.2 51.9

2500 38.2 37.9 37.6 37.9 45.6 48.8 47.6 49.2

3150 34.7 34.4 34.1 34.5 42.4 45.8 44.7 46.3

4000 32.4 32.3 32.2 32.5 40.0 43.8 42.8 44.3

5000 28.5 28.6 28.9 29.0 35.0 39.4 38.5 39.7

6300 27.6 28.1 27.9 28.9 32.5 36.5 35.8 36.9

8000 21.1 21.9 22.2 22.9 28.3 32.4 31.7 32.8

10 000 18.4 19.6 20.2 21.2 25.1 29.1 27.9 29.4

Lw 59.3 59.1 58.9 58.9 64.8 67.2 66.1 67.3

∆Lw – −0.2 −0.4 −0.3 – 2.3 1.3 2.5
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steel duct. A 2.1 dB difference was also observed for the raw steel duct at a velocity of 3m/s. The raw steel duct
has the highest roughness among the tested ducts, which translates into Lw values. It can therefore be concluded
that this type of duct tends to increase the sound power level in the flow. The influence of the roughness
of the used duct on the generated noise is significant for ventilation systems, where the surface is a factor,
due to higher flow velocities than for liquids and lower fluid viscosity. For the tested ducts, the range of the
Ra parameter is from 0.80µm to 12.50µm (over a 15-fold difference). In ventilation technology, a duct with
Ra = 0.80µm behaves like a ‘hydraulically smooth’ duct, while a duct with Ra = 12.50µm (raw sheet metal)
enters the region of turbulent flow, where roughness directly increases the resistance coefficient λ. The 6%
uncertainty in the Ra measurement associated with the roughness measurement is negligible compared to the
1500% difference between the sheet metal variants. Higher roughness increases the thickness of the boundary
layer, which physically ‘narrows’ the duct lumen for core flow (Keli et al., 2023). The wall roughness is therefore
a source of so-called generated noise, because air ‘catches’ surface irregularities, creating vortices that are the
source of sound. The uncertainty of the profilometer measurement does not change the fact that a duct with a high
Ra will generate higher self-noise. In the case of galvanised duct, the galvanising method (hot-dip galvanisation,
electroplating, or spraying) is important. In this study, galvanised sheet metal with a mill finish (as-rolled) was
used, which refers to being hot-dipped in zinc after being hot-rolled and potentially pickled (the hot-dip method).
This galvanising and finishing method results in a higher roughness suitable for spraying or painting as the next
step of the metal process (Tatarek et al., 2009). For the painted duct, which has lower roughness, the difference
∆Lw does not exceed 1.5 dB.
A velocity measurement uncertainty of 3% translates to the SPL uncertainty of approximately ±0.8 dB, consid-

ering that acoustic power typically scales with v6 (sound power is proportional to the sixth power of flow velocity).
This uncertainty is within acceptable limits for most industrial acoustic assessments. Take into account the mea-
surement uncertainty of surface roughness, the observed variations in sound parameters from flow characteristics
across the ducts stem from genuine differences in a surface finish rather than instrumental error. The measurement
uncertainty may marginally reduce the resolution of the comparison, but it does not undermine the fundamental
findings of the study. The higher parameters of surface roughness had a more dominant effect on the sound power
levels due to the increased turbulence intensity in the boundary layer. Literary studies suggested that roughness
elements can amplify certain frequencies of sound due to the interaction between the turbulent boundary layer
and the acoustic waves or lower them (Raposo et al., 2021). The sound characteristics in ducts with uneven
surfaces could lead to increased noise levels due to flow-induced vibrations, and the type and severity of roughness
directly correlate with noise pollution within duct systems (Mori, Ishihara, 2020). The conclusion is that the
roughness of ventilation system elements could alter sound radiation patterns and influence the overall acoustic
performance of ducted systems. However, airflow within ducts must be understood to prevent undesirable sound
generation and maintain efficiency. The study by Choy and Huang (2005) demonstrated that under certain
conditions, airflow does not significantly alter acoustic performance up to a defined turbulence intensity, like in
this case where the similar values of Lw are observed for studied ducts at 9m/s. The conclusion idea is that the
ventilation duct design should carefully balance aerodynamic and acoustic considerations.

4.2. Insertion loss

The insertion loss (IL or D) is often used to evaluate the acoustic attenuation performance of the object
working in airflow conditions. The tested duct’s acoustic performance is measured using insertion loss. The
insertion loss Di is defined as the reduction in sound power level measured downstream of the studied aluminium
duct and after replacing it with the studied steel ducts. In the present study, a drawn aluminium duct, as a very
smooth with minimal airflow friction was treated as a low-noise object (‘silencer’). The insertion loss is calculated
according to:

Di = LW II −LW I, (4)

where LW I is the the sound power level in the considered frequency band, measured for aluminium duct (‘si-
lencer’), and LW II is the sound power level in the same frequency band, measured for studied steel ducts.
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This approach enables the evaluation of the acoustic effectiveness associated with the use of steel ducts of
varying surface roughness. For the tested duct, the correlation between insertion loss and duct surface roughness
was determined for fully turbulent flow. Each of the tested velocities results in fully turbulent flow, i.e., the
Reynolds number for 3m/s is 60 200, for 6m/s – 120 397, for 9m/s – 180 595, and for 12m/s – 240 794. Table 4
and Table 5 present the calculated insertion loss values in 1/3 octave bands for the studied steel ducts. The insertion
loss spectra in 1/3 octave bands for tested ducts are shown in Fig. 3. The cut-off frequency (fcutoff), the lowest
frequency at which a particular wave mode can propagate through the duct, was marked in Fig. 3. The vertical
pink line indicates the cut-off frequency (fcutoff = 214Hz), meaning that below it frequency, in a 500mm× 800mm
duct, waves propagate flat, while above it, transverse modes begin to occur.
Due to the use of the aluminium duct as a reference (‘silent’), the following assumptions should be made

when interpreting the insertion loss of the tested ducts:

– if the insertion loss represents positive values, then the aluminium channel is quieter than the tested steel
channel which acts as a ‘muffler,’

– if the insertion loss assumes negative values, then the tested steel ducts are quieter than the reference
aluminium duct which acts as an ‘anti-muffler.’

Insertion loss allows us to draw key conclusions regarding the influence of the physical structure of the channel
walls on aeroacoustic phenomena. Generally, from Table 3 and Table 4 and Fig. 3, we can conclude that at low
frequencies (<500Hz), large fluctuations and high attenuation values (up to 3 dB) are visible. This is the region
where channel geometry and eigenmode resonances have the greatest impact on acoustics. At medium and high
frequencies (500Hz to 5000Hz), the graphs stabilise and oscillate around 0 dB to 1 dB. This indicates that the
type of sheet material has less influence on sound level changes. At very high frequencies (above 5000Hz) and
at higher velocities (9m/s and 12m/s), a further increase in attenuation is observed (especially for painted sheet
metal), which may be due to the absorption characteristics of the material or changes in the boundary layer
structure at higher flow rates.

Table 4. Insertion loss values in 1/3 octave bands the studied steel duct (reference duct – aluminium duct)
at 3m/s and 6m/s flow velocity.

fr [Hz]

Raw
steel sheet

Painted
steel sheet

Galvanised
steel sheet

Raw
steel sheet

Painted
steel sheet

Galvanised
steel sheet

ν1 = 3m/s ν2 = 6m/s

100 3.4 2.8 2.9 2.4 1.8 1.9

125 1.0 1.6 1.5 −0.1 0.6 0.5

160 2.0 0.7 0.7 1.0 −0.3 −0.4

200 1.7 1.7 1.7 0.7 0.6 0.7

250 1.1 1.7 1.4 0.0 0.7 0.3

315 1.5 1.5 2.5 0.4 0.5 1.4

400 2.0 0.9 1.1 0.9 −0.1 0.1

500 0.7 0.7 0.8 −0.4 −0.3 −0.2

630 0.8 0.5 1.1 −0.3 −0.5 0.1

800 0.6 0.7 0.5 −0.5 −0.4 −0.5

1000 1.0 0.5 0.5 −0.1 −0.6 −0.5

1250 1.3 0.6 1.3 0.3 −0.4 0.3

1600 1.9 1.1 1.3 0.8 0.1 0.2

2000 0.8 1.3 1.2 −0.2 0.3 0.2

2500 1.6 0.9 1.6 0.6 −0.2 0.6

3150 0.7 1.2 0.9 −0.3 0.1 −0.1

4000 0.2 1.2 0.7 −0.8 0.1 −0.4

5000 1.0 1.2 1.1 −0.1 0.1 0.1

6300 0.8 1.4 1.1 −0.2 0.4 0.1

8000 0.6 1.7 1.4 −0.5 0.7 0.4

10 000 −0.3 1.3 0.5 −1.3 0.3 −0.6
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Table 5. Insertion loss values in 1/3 octave bands the studied steel duct (reference duct – aluminium duct)
at 9m/s and 12m/s flow velocity.

fr [Hz]

Raw
steel sheet

Painted
steel sheet

Galvanised
steel sheet

Raw
steel sheet

Painted
steel sheet

Galvanised
steel sheet

ν3 = 9m/s ν4 = 12m/s

100 2.2 1.8 2.2 2.3 1.5 3.0

125 0.4 0.8 1.0 0.6 1.4 0.6

160 0.7 −0.6 0.0 −0.3 −1.4 −1.2

200 0.8 0.5 1.3 0.1 −0.1 0.6

250 0.4 0.9 1.2 −0.2 0.1 0.1

315 0.5 0.4 1.8 −0.4 −0.3 0.6

400 1.1 0.2 0.7 0.5 −0.4 −0.1

500 −0.2 −0.2 0.2 −0.2 −0.3 −0.5

630 −0.2 −0.4 0.6 −0.3 −0.6 −0.2

800 −0.2 −0.3 0.1 −0.4 −0.5 0.0

1000 0.1 −0.5 0.1 0.6 0.0 0.2

1250 0.4 −0.3 0.8 0.1 −0.6 0.3

1600 0.9 0.1 0.7 −0.1 −1.0 −0.2

2000 0.0 0.3 0.5 0.4 0.7 0.6

2500 0.8 −0.1 1.1 0.4 −0.2 0.5

3150 0.1 0.4 0.8 0.4 0.6 0.7

4000 −0.5 0.2 0.2 0.2 0.7 0.5

5000 −0.1 0.1 0.4 0.2 0.2 0.4

6300 −0.2 0.4 0.6 0.9 1.3 1.3

8000 −0.4 0.5 0.5 1.2 2.1 1.6

10 000 −1.1 0.5 0.0 1.1 2.6 1.8
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Fig. 3. Insertion loss spectra in 1/3-octave bands for studied steel ducts (aluminium duct as references)
depending on the airflow velocity.
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The effect of flow velocity on the differences in insertion loss between sheet metal types is noticeable but not
dominant, particularly at flow velocities of 3m/s and 6m/s. Positive insertion loss values at 3m/s indicate that the
aluminium duct is an effective attenuator (‘muffler’) compared to the other tested ducts. For example, the highest
insertion loss is 2 dB at 400Hz compared to the raw duct, but compared to the galvanised duct, the highest in-
sertion loss is 2.5 dB at 315Hz. At 6m/s, the aluminium duct attenuates sound in the ranges of 250Hz to 500Hz,
1000Hz to 3000Hz, and above 6000Hz (only painted and galvanised duct). But, at 9m/s, only the galvanised
duct exhibits positive insertion loss, not exceeding the maximum value of 2 dB at 315Hz. These results may
indicate that the aluminium duct attenuates sound better than the galvanised duct at this airflow speed. At the
highest velocity, deep minima (drops below 0 dB) are visible, suggesting that at this velocity, the airflow gener-
ates its own noise (self-noise), which may exceed the attenuation, or that surface resonances in the sheet metal
are excited.
Figure 3 also shows that painted sheet metal often exhibits different minima than unpainted sheet metal.

The paint layer changes the material’s internal damping (damping), which shifts the resonance points. It is
worth noting that, the painted channel has lower insertion loss values than the other two channels up to ap-
proximately 5000Hz. It may mean that the painted duct will be comparable to the aluminium duct in terms of
acoustic efficiency. It could also be connected with the similar roughness of these ducts. However, the insertion
loss value increases above 5000Hz for this duct, which means that the aluminium duct is acoustically better
above this frequency than the painted one. A distinct resonance peak observed at 315Hz for the galvanised steel
sheet, which remains stationary across all flow velocities (3m/s to 12m/s), indicates a structural or geometric
resonance rather than an aerodynamic phenomenon. This is likely caused by the specific panel resonance of the
galvanised duct walls or the inherent damping properties of the zinc coating, which coincides with the excitation
of the first transverse acoustic modes above the 214Hz cut-off frequency.
In summary, it can be concluded that aluminium duct is acoustically more advantageous for use at lower

airflow speed. However, at higher flow velocity, it may not be. This observation can be useful for designers
because of the higher cost of aluminium ducts than steel ones. From single-number values of Lw studied, ducts
can be observed that the roughness of the ducts affects their insertion loss. As airflow velocity increases, the
differences between the materials become less pronounced, suggesting that aerodynamic effects dominate over
material surface treatments at higher velocities.

4.3. Correlation between geometric surface properties and acoustic parameters

In this study, the Pearson linear correlation coefficient was applied to assess the strength and direction of the
relationship between the channel surface roughness and the sound power level. The choice of this method is mo-
tivated by the continuous nature of the variables considered and by the assumption that, within the investigated
range of operating conditions, the relationship between roughness and acoustic power can be approximated as
linear. Moreover, the use of sound power level expressed in decibels contributes to the linearisation of the relation-
ship and to variance stabilisation, which further supports the application of a linear correlation measure. Prior
to the use of the Pearson correlation, the data were examined with respect to linearity, approximate normal-
ity of distributions, and the presence of outliers. These preliminary analyses indicated that the assumptions of
the Pearson correlation were sufficiently satisfied for the considered dataset. Therefore, the Pearson coefficient was
deemed an appropriate tool for quantifying the correlation between the geometric parameter (channel roughness)
and the acoustic parameter (sound power level), providing an objective measure of the strength and direction of
their linear relationship.
Table 6 summarises data on the roughness of the tested ducts and single-number values (and also in octave

bands) of the sound power level depending on velocity. The last row of the table illustrates the Pearson coefficient.
The strongest relationship was observed at a flow velocity of 12m/s (r = 0.91), where the correlation is

almost perfectly linear. This indicates that, at this velocity, surface roughness becomes the dominant factor
in noise generation: the boundary layer is sufficiently thin for roughness elements of about Rz = 50µm to
directly interact with the core flow, producing strong turbulence and regenerated noise. The difference between
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Table 6. Pearson coefficient for studied ducts from the dependency between Ra and Lw

(for single-number values and for octave band values) at different airflow speeds.

Air-flow speed
[m/s]

Sound power level [dB]

Lw 125Hz 250Hz 500Hz 1000Hz 2000Hz 4000Hz 8000Hz

12 0.91 0.90 0.81 0.84 0.86 0.86 0.82 0.85

9 −0.15 0.44 −0.69 −0.26 −0.48 −0.38 −0.29 0.55

6 0.32 0.39 0.59 0.46 0.38 0.44 0.81 0.55

3 0.78 0.38 0.39 0.38 0.36 0.37 0.36 0.36

aluminium (64.8 dB) and raw sheet metal (67.2 dB) is 2.4 dB, which is statistically highly significant. At 3m/s
(r = 0.78), the correlation is still high, suggesting that even at low flow rates, differences in surface structure
are detectable by the measurement system, although absolute sound levels are much lower (around 42 dB).
At 9m/s, an almost zero correlation (r = −0.15) was obtained. Sound power levels are nearly identical for
all materials (≈59 dB), which suggests that geometry-induced noise dominates and wall roughness temporarily
loses its significance at this operating point. Parameters Ra and Rz are perfectly correlated in the dataset, but
Rz = 50µm is the physically meaningful factor, as it represents the actual height of obstacles interacting with
the airflow. Considering the number of acoustical measurements (n = 12), low standard deviation, and very high
correlation at 12m/s, it may be concluded that the effect of roughness on acoustic power is statistically significant
and not accidental.
Designers of ventilation systems often require sound power parameters in octave bands, because such data are

directly necessary for designing installations in accordance with engineering practice and standard requirements.
In connection with this, it is important to find the correlation between octave band results and surface roughness
across the frequency spectrum. Table 6 shows also Pearson correlation coefficients for the octave bands of the
tested ducts depending on their surface roughness at different air-flow speed. The octave band analysis at 12m/s
reveals a consistently high Pearson correlation (r > 0.81) across the entire frequency spectrum (125Hz to 8000Hz).
The strongest correlation (r = 0.90) was observed at 125Hz, indicating that surface roughness significantly en-
hances low-frequency turbulent pressure fluctuations and favours the formation of large-scale turbulent structures
that generate low-frequency noise. It confirms that surface finish is a critical factor in flow-induced noise gen-
eration for this duct geometry. The spectral correlation analysis at 9m/s demonstrates a significant shift in
aeroacoustic behavior compared to higher velocities. While the 12m/s data showed a dominant link between
roughness and noise, at 9m/s the Pearson coefficients fluctuate between weak positive and moderate negative
values across most octave bands. This suggests that at this flow regime, surface-induced noise is no longer the
primary sound source, and the small measured variations of Lw (often <0.3 dB) fall within the margin of ex-
perimental uncertainty. At this speed, the noise level generated by the wall roughness itself is so low that it is
‘covered’ by other sound sources, such as general turbulence in the channel or noise generated by the edges of the
measuring holes. Consequently, the impact of surface morphology on the acoustic profile is effectively masked by
broader flow turbulence at this specific velocity.
Spectral correlation analysis at 6m/s reveals a consistent positive relationship (r > 0 across all bands) between

the surface roughness (Ra) and sound power levels (Lw). Notably, a strong correlation (r = 0.81) is observed in the
4000Hz octave band, indicating that at lower flow velocities, high-frequency noise components are the most
sensitive to surface morphology. This suggests that roughness primarily generates high-frequency noise before
becoming dominant across the spectrum at higher speeds. At the lowest tested velocity of 3m/s, the spectral
correlation analysis shows a consistent but weak positive relationship (r ≈ 0.37) across all octave bands. The
results are influenced by non-linearities, particularly a localised noise increase observed for the Ra = 1.6µm
variant, which suggests that at very low flow regimes, factors other than pure surface roughness – such as panel
vibration or specific material damping – may play a more significant role.
The experimental data confirm that the influence of surface roughness on the sound power level (Lw) is

non-linear and strictly dependent on the flow regime. At 12m/s, a very strong linear correlation (r = 0.79) ex-
ists between roughness and noise. The thin boundary layer allows surface asperities to act as primary sources
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of broadband noise, scaling with the sixth power of velocity. At 9m/s, a ‘dead zone’ was identified where the
correlation collapses (r = −0.12). In this state, general duct turbulence and geometric effects mask the acous-
tic signature of the surface texture. At the low-velocity regime (3m/s to 6m/s), roughness impacts the spectrum
selectively, beginning with high-frequency bands (4000Hz to 8000Hz). At the lowest speeds, structural damping
and resonances of the specific materials (e.g., the 315Hz peak in galvanised steel) outweigh the influence of the
Ra profile. The application of the Pearson correlation analysis across octave bands proved to be superior to
single-number evaluations. It successfully pinpointed the exact frequency ranges where surface-induced noise is
generated, providing a localised understanding of the aeroacoustic phenomena. This methodology could support
a more precise approach to selecting insulation and attenuation components tailored to the specific roughness-
induced noise profile of the ductwork.

5. Conclusions

This study investigates how the surface roughness of flat-oval ventilation ducts affects acoustic parameters,
specifically focusing on self-noise and insertion loss. The three types of steel ducts – raw, galvanised, and painted –
against a smooth-drawn aluminium duct used as a reference were compared. The experiments demonstrated that
all tested steel ducts generated higher levels of self-noise than the smoother aluminium duct, with the most
significant differences observed at the highest airflow velocity of 12m/s, where the galvanised duct’s noise level
reached up to 2.5 dB higher. Painted steel ducts exhibited acoustic performance and self-noise levels very similar
to the aluminium duct due to their comparably low surface roughness. A strong linear correlation was found
between surface roughness and sound power level at 12m/s, indicating that roughness becomes a dominant noise
generator at high speeds. Conversely, at a medium velocity of 9m/s, this correlation disappeared, suggesting
that general turbulence masks the acoustic effects of surface texture at this specific speed.
The study confirmed that insertion loss in straight flat-oval steel ducts is generally very low, which is consistent

with existing literature. At lower airflow velocities, such as 3m/s and 6m/s, the aluminium duct functioned as
a more effective silencer than the steel ducts. However, as the airflow velocity increased, the differences in acoustic
performance between the various materials became much less pronounced. This convergence indicates that at
higher velocities, aerodynamic effects and turbulence dominate over the influence of the duct’s material surface
treatment. The spectral analysis further revealed that surface roughness impacts noise generation selectively,
primarily affecting high frequencies between 4000Hz and 8000Hz at lower flow speeds.
A distinct structural resonance peak was observed in the galvanised steel duct at 315Hz, which remained con-

stant regardless of the airflow velocity. From a design perspective, while aluminium ducts are acoustically superior
at low speeds, their higher cost may not be justified at high flow rates where aerodynamic noise prevails. Ulti-
mately, predicting noise in HVAC systems remains difficult because the interaction between turbulent flow and
surface roughness is non-linear and varies significantly across different flow regimes.
The main conclusion of this review study is that a comprehensive knowledge of turbulent flows over rough

surfaces is still a long way off, even though there has been substantial development in this area. The main reason
is that turbulent flows are erratic and unexpected, which makes accurate forecasting practically impossible. The
large variety of roughness types, which significantly affect the flow dynamics in roughness sublayers, and the lack
of comprehensive studies on the structure of turbulent flow are further problems.

Fundings

This research did not receive any specific grant from funding agencies in the public, commercial, or not-for-
profit sectors.

Conflict of interest

The authors declare that they have no known competing financial interests or personal relationships that
could have appeared to influence the work reported in this paper.



330 Archives of Acoustics – Volume 51, Number 2, 2026

Authors’ contribution

Joanna Maria Kopania conceptualized the study and contributed to the analysis and interpretation of the
data, and wrote the original draft. Kamil Wójciak performed the measurements, analysed, and interpreted
the data. Patryk Gaj performed the measurements and contributed to the analysis. Grzegorz Bogusławski per-
formed the measurements. All authors reviewed and approved the final manuscript.

References

1. Allen C.H. (1960), Noise control in ventilation systems, [in:] Noise Reduction, Beranek L.L. [Ed.], pp. 541–570,
McGraw-Hill, New York.

2. American Society of Heating, Refrigerating and Air-Conditioning Engineers (2007), Sound and vibration control, [in:]
2007 ASHRAE Handbook: HVAC Applications, Report, Chapter 47, ASHRAE Inc.

3. Bessac F., Guigou-Carter C., Lefebvre C., Bailhache S. (2018), Ductwork noise calculations: Main outputs of
AcouReVe project, [in:] 39th AIVC Conference “Smart Ventilation for Buildings”.

4. Boden H., Abom M. (1995), Modelling of fluid machines as sources of sound in duct and pipe systems, Acta Acustica,
3: 545–560.

5. Boden H., Glav R. (2007), Exhaust and intake noise and acoustical design of mufflers and silencers, [in:] Handbook of
Noise and Vibration Control, Crocker M.J. [Ed.], John Wiley & Sons, https://doi.org/10.1002/9780470209707.ch85.
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This study investigates the degree of vocal variation between men and pre- and postmenopausal women.
The sample comprised 108 volunteers aged 18 to 66, divided into control and validation groups. Each par-
ticipant was subjected to voice recordings of five sustained vowels. Acoustic parameters were extracted using
Praat software. The most significant parameters in intergroup correlation between the canonical discriminant
function and acoustic variables were: fundamental frequency (F0), shimmer, harmonics-to-noise ratio (HNR),
and intensity. Premenopausal female voices were labeled with 97% correctness and male voices with 95.5%
correctness. Interestingly, 65.5% of postmenopausal women were accurately classified as female voices and on
average they had lower vocal pitches compared to premenopausal women. The differences in male and female
voices are probably due to the difference in the size of the larynx and the length of the vocal cords. Hormo-
nal changes during menopause may affect, but not significantly, the morphology of the laryngeal structures
which develop during childhood and adolescence.
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1. Introduction

1.1. Voice as a crucial biological trait

The source-filter theory is a fundamental concept in understanding the production of speech in mammals.
It posits that the generation of speech involves two primary components: the source, which refers to the sound
produced by the vocal cords in the larynx, and the filter, which represents the shaping of this sound by the
supralaryngeal vocal tract (SVT) (Fitch, 2000; Taylor, Reby, 2010; Tokuda, 2021). Both source and filter
characteristics are essential for effective communication. In many species, variation of voice characteristics con-
tributes to individual distinctiveness and seems to be especially crucial for kin recognition, specifically for mothers
and their offspring (Taylor, Reby, 2010). Primary factors that contribute to acoustic characteristics and qual-
ity of voice are: sex, age, body size/shape, and health which are mainly associated with physiological changes in
sex hormone levels (Leongómez et al., 2021; Puts, 2005). Age-related changes are connected to morphological
changes in childhood, puberty and elderly. With age, muscle tone decreases, the elasticity and moisture content
of the vocal fold tissues decline, and the length and thickness of the vocal folds change (Sataloff et al., 2017).
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1.2. Sexual dimorphism in voice parameters

Sexual dimorphism, the biological differences between men and women of the same species, extends to various
aspects of human physiology, including voice. The role of sex hormones is crucial in shaping sexual dimorphism in
voice parameters, with a focus on vocal pitch, timbre and voice quality. Pitch stands as one of the most prominent
markers of sexual dimorphism in the human voice (Rosenfield et al., 2020). Men typically have longer vocal
cords and vocal tracts compared to women, leading to a lower pitch and narrower spacing of formant frequencies
in men. While the evolutionary explanations for these sex differences are not fully understood, some evidence
suggests a role for intrasexual competition. Men’s pitch is approximately half as high as women’s voices. This
difference in pitch is largely attributed to men having vocal cords that are 60% longer than those of women,
a much larger difference compared to the 7% disparity in height between both sexes (Puts et al., 2007). The
intersexual selection suggests correlations between female mate preferences and male voice characteristics, with
women showing preferences for lower-pitched voices in potential mates. These preferences may reflect underlying
genetic fitness or indicators of mate quality, such as physical size, health, and testosterone levels (Pisanski
et al., 2018b). Sex hormones significantly affect the vocal folds due to the presence of receptors on both androgen
and estrogen hormones on them (Abitbol et al., 1999; Aufdemorte et al., 1983; Kirgezen et al., 2017;
Newman et al., 2000; Voelter et al., 2008). Studies indicate that androgens play a crucial role in development,
structure and function of the human larynx. Specifically, androgens induce the hypertrophy of thyroarytenoid
muscles, leading to a deepening of the voice pitch (Damrose, 2009; Huang et al., 2015). During puberty,
testosterone levels rise in men, inducing elongation and thickening of the vocal folds, which subsequently leads
to a lower voice pitch. Conversely, women typically exhibit shorter and thinner vocal folds, resulting in a higher
pitch. This difference in length can be attributed to the secondary descent of the larynx, a feature specific to men
that occurs during puberty (Markova et al., 2016). The impact of sex hormones on voice parameters extends
beyond puberty, with hormonal fluctuations throughout the menstrual cycle and pregnancy exerting notable
effects on vocal function in women (Pisanski et al., 2018a). Variations in estrogen and progesterone levels during
the menstrual cycle impact vocal fold tissue hydration and vascularization, leading to fluctuations in pitch and
voice quality (Zamponi et al., 2021).

1.3. Voice characteristics in menopausal women

Menopause is defined as the cessation of ovarian function and the decline in sex hormone levels, particularly
estrogens, for at least 12 months (Lay et al., 2020). Menopause and its symptoms affecting voice characteristics,
is still a relatively new area of research. The change in hormone levels due to menopause can significantly affect
vocal mechanisms, resulting in lower fundamental frequency and changes in voice quality, but the findings are
inconclusive (Damrose, 2009; Huang et al., 2015;Markova et al., 2016). Some studies indicate that voice pitch
is a key parameter affected by menopause-related hormonal changes. In meta-analysis, Lã and Ardura (2022)
stated that pitch is 0.94 semitones lower in post – as compared to premenopausal women. While notable, the
extent of these declines falls below the threshold of perceptible difference and comfortably surpasses the threshold
required to differentiate between female and male voices. During menopause, decreased estrogen levels may con-
tribute to vocal fold atrophy, stiffness, dryness and throat clearing (Hamdan et al., 2017; Shankar et al., 2022).
On the other hand, Hamdan et al. (2017) found no significant difference in the acoustic parameters between
the pre- and postmenopausal groups. Some research suggests noticeable variations in acoustic parameters in both
pre- and postmenopausal women (Lã, Ardura, 2022) however, other studies show inconclusive results (Hamdan
et al., 2017). Both, male and female voices change over time – for example pitch (fundamental frequency, F0)
in the case of men increase while in women – decrease (Tykalova et al., 2021). It means that male and fe-
male vocal pitch becomes more similar with age. Thus, the main hypothesis of this study was to investigate
whether postmenopausal women’s voices are more similar to male or premenopausal female voices. The aim of
the study was to apply discriminant function analysis for the classification of postmenopausal female voices to one
of the groups: male or female voices and to establish the degree of method validity. What is more, it also identifies
which acoustics parameters were fundamental for this assessment.
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2. Methods

2.1. Participants

This study involved volunteers aged 18 to 65 years (mean age = 31.7 y., sd = 11.8 y.). The material consisted
of two groups:
– first group: 44 men (mean age = 37.45 y., sd = 13.45 y., range: 20.5–66.9 y.) and 35 premenopausal women
(mean age = 32.42 y., sd = 11.52 y., range: 18.2–50.6 y.),
– second group: 29 women in postmenopausal period (mean age = 57.18 y., sd = 4.51 y., range: 50.8–65 y.).
Research was conducted in accordance with the requirements of the declaration of Helsinki. The study was

approved by the local ethical committee (Bioethics Committee at the Wroclaw Medical University, consent
number: KB – 25/2021). All patients provided written consent before inclusion in the study.

2.2. Preliminary questionnaire

Each participant of the study was firstly asked to complete a preliminary questionnaire containing inclu-
sion and exclusion criteria. These were questions about factors which may impact on voice quality, especially:
head/neck medical history of trauma and treatments, malocclusions, hearing and speech defects, being ill on the
day of examination, cigarette smoking, drinking alcohol on the day prior to the day of examination, voice-over
work (i.e., working as a teacher, singer, sales representative, instructor etc.), COVID-19 disease history, use of
hormonal agents (i.e., oral contraceptive for women). Moreover, women from the first group were asked about
the current phase of the menstrual cycle. None of the participants answered affirmatively to any of the ques-
tions regarding the presence of the aforementioned inclusion factors. From the first group 25 women were in the
menstrual phase, 27 in the follicular one, 43 in luteal one, and 9 of whom had ovulation. In the second group,
for obvious reasons, the phase of the menstrual cycle on the day of examination was not defined. All of them
declared that they were postmenopause.

2.3. Anthropometric data

Each participant had their height and weight measured. Body height was measured using an anthropometer
with a range 0 cm to 200 cm and a precision to 0.1 cm. Body weight was measured using an InBody 270 electronic
scale with an accuracy of 0.1 kg. Finally, body mass index was calculated using the following equation:

BMI = bodymass [kg]
bodyheight [m]2

.

2.4. Voice recording procedure and acoustic analysis

The voices of the participants were recorded using the same equipment and equal acoustic conditions. The
recording equipment consisted of a Shure SM 58 SE dynamic cardioid microphone with a frequency response
50Hz to 15 kHz situated on a tripod, an IMG Stageline MPA-202 amplifier with 45 dB sound amplification
and a low-frequency cutoff of 60Hz and a Dell Latitude E6400 computer with an integrated sound card. The
distance between the tip of the mouth and microphone and an angle between midline of the face and microphone
were the same for each participant and were 15 cm and 0○, respectively. The recording conditions were also
the same for all participants – the silent room (acoustic background measured with a digital sound level meter
Benetech GM1351 ∼39 dB), sitting position, acoustic cabin Mozos Mshield (microphone inside), the same time
of the day (9 a.m. to 12 a.m.) and season of the year (autumn). Each participant was asked to speak aloud five
vowels /A:/, /ε:/, /i:/, /O:/, /u:/ with sustained phonation lasting 3 s, with a 1-second break after each.
All sound files were recorded with the sampling frequency of 44.1 kHz and 16-bit resolution as uncompressed

(.wav) mono files.
All data was subsequently analyzed with Praat software version 6.2.06 (Boersma,Weenink, 2019) using the

middle fragment of each vowel of equal length (0.2 s) to determine acoustic parameters. Those were mainly F0,
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formant frequencies (F1–Fn), and intensity. F0 is the perceived pitch of an individual voice, determined by the
rate of vocal cord vibration and it varies among individuals based on factors such as age, sex, and health (Singh,
2019). Formant frequencies (formants) are resonant frequencies that shape the quality of vowel sounds in speech.
They result from the acoustic filtering effects of the vocal tract on the sound produced by the larynx. Different
vowels are characterized by distinct patterns of formant frequencies, which contributes to vowel identification
(Pisanski et al., 2016). Intensity refers to a pressure at which a sound is emitted, determining it as the loudness
of the sound perceived by the listener (Zhang, 2016). Many studies prove that both pitch and timbre can
indicate the individual body size and shape among adult men and women. Besides timbre and mean pitch,
certain voice parameters may also hint at differences in height, weight and body circumferences, such as minimum
F0, maximum F0, and F0 variability (Pisanski et al., 2014; 2016; Pawelec et al., 2022; Teixeira et al.,
2013). In addition to these primary parameters, other factors such as jitter, shimmer, and harmonics-to-noise
ratio (HNR) contribute to the acoustic characteristics of the voice were computed. Jitter and shimmer are
measures of the variations in F0 and intensity. Jitter refers to the cycle to cycle variations in F0, while shimmer
quantifies the cycle to cycle variations in amplitude (Teixeira et al., 2013). HNR is a measure used to quantify
the balance between harmonic components and noise in the speech. It reflects the degree to which the sound
consists of harmonically related components, which are characteristic of voiced sounds produced by the vocal folds,
versus non-harmonic noise components, which may arise from various sources such as turbulent airflow or vocal
fold irregularities (Murphy et al., 2008). All acoustic parameters were averaged using 5 vowels’ values for each
participant.

2.5. Statistical methods

Basic descriptive statistics of physical and acoustics parameters were calculated (in the case of the first group
separately for men and women) for both groups. To determine the discriminant functions of voice acoustics
parameters for men and women the first group was used as a control group. The sex of participants was taken
as an independent (grouping) variable, and nine voice parameters: F0, F1–F4, jitter, shimmer, HNR, and in-
tensity as dependent variables. The second group containing data of postmenopausal women was a validation
group. The linear discriminant analysis (LDA) method was used. To assess the differences of premenopausal
women, postmenopausal women and men vocal pitch the one-way analysis of covariance (ANCOVA) including
age and BMI as confounding variables and Tukey’s HSD post-hoc test for unequal counts were applied. The Sta-
tistica 13.5 software (1984–2017 TIBCO Software Inc. Palo Alto, California, USA) was applied for all analyses.
The significance level set to p < 0.05 was considered significant.

3. Results

3.1. Descriptive data

Descriptive statistics presenting central tendency and dispersion measures of the sample were shown in Table 1.

3.2. Linear discriminant analysis (LDA)

The discrimination of the participants’ sex based on selected voice parameters was highly significant (Wilks’
λ = 0.17, F = 32.77, p < 0.001). The significant acoustic characteristics for discriminant analysis were F0, shimmer,
HNR, and intensity, therefore they were used for the next model. When these four variables were taking into
account once again all of them remained significant (Wilks’ λ = 0.19, F = 81.39, p < 0.001) thus these variables
were used for all subsequent analyses (Table 2).
There was only one canonical discriminant function which was statistically significant (x2 = 126.47, p < 0.001,

eigenvalue: 4.4) and its equation was as follow:

D1 = −0.57 − 0.05 F0 + 19.4 shimmer + 0.12 HNR + 0.07 intensity. (1)
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Table 1. Descriptive data of a control and a validation group.

Trait
Control group (N = 79) Validation group (N = 29)

Premenopausal women (n = 35) Men (n = 44) Postmenopausal women

Mean Sd Minimum Maximum Mean Sd Minimum Maximum Mean Sd Minimum Maximum

Age [years] 32.42 11.52 18.20 50.60 37.45 13.45 20.50 66.90 57.18 4.51 50.80 65.00

Body height [cm] 167.09 5.01 155.00 175.00 179.91 5.91 162.00 190.00 162.94 6.96 146.00 176.90

Body mass [kg] 67.14 12.90 40.00 106.70 85.12 17.18 57.00 135.00 71.49 11.90 54.30 103.10

BMI [kg/m2] 24.02 4.36 16.65 38.70 26.23 4.81 18.40 38.20 26.97 4.42 20.86 34.97

F0 [Hz] 204.57 23.73 143.68 273.72 120.74 22.84 90.60 174.63 183.74 22.98 148.18 246.06

Jitter [%] 0.42 0.24 0.11 1.22 0.44 0.33 0.16 2.30 0.35 0.15 0.14 0.75

Shimmer [%] 3.90 2.77 1.20 13.16 4.18 2.37 1.17 11.84 3.40 1.98 0.77 10.54

HNR [dB] 22.66 5.12 10.12 34.49 18.58 3.65 10.42 25.88 25.81 4.95 14.45 35.05

Intensity [dB] 72.99 8.05 55.88 89.21 76.54 8.97 61.95 90.26 73.36 15.66 61.86 149.05

F1 [Hz] 583.38 66.30 460.07 761.38 629.22 182.19 410.72 1113.27 575.09 62.02 469.42 777.23

F2 [Hz] 1570.71 223.54 1306.44 2636.22 1745.41 440.11 1283.67 3090.85 1538.51 205.95 1074.73 2302.56

F3 [Hz] 2883.25 280.79 2445.71 4171.51 2953.86 422.46 2530.88 4274.47 2879.53 219.68 2559.02 3728.81

F4 [Hz] 3990.10 351.97 3445.89 5706.09 4050.14 828.34 3387.96 6342.94 3945.70 395.36 3468.47 5736.74

Table 2. Voice characteristics and their meaning in discriminant function analysis.

Acoustic parameter Wilks’ λ Partial λ F p

1st model

F0 0.64 0.27 189.33 <0.001

F1 0.17 1.00 0.17 0.685

F2 0.17 1.00 0.08 0.781

F3 0.18 0.95 3.41 0.069

F4 0.18 0.95 3.62 0.061

Jitter 0.17 1.00 0.20 0.660

Shimmer 0.19 0.92 5.68 <0.05

HNR 0.18 0.94 4.38 <0.05

Intensity 0.21 0.83 14.28 <0.001

Final model

F0 0.73 0.25 217.35 <0.001

Shimmer 0.20 0.94 5.14 <0.05

HNR 0.20 0.92 6.03 <0.05

Intensity 0.23 0.81 17.40 <0.001

The means of canonical discriminant function for men and women from a control group were presented in
Table 3.

Table 3. Means of canonical discriminant function for both sexes – the control group.

Sex Mean canonical discriminant function value

Men 1.85

Premenopausal women −2.32

The highest significant intergroup correlation between the canonical discriminant function and acoustic vari-
ables was found for the F0 (Table 4).

Table 4. Intergroup correlations between canonical discriminant function and acoustics parameters.

Acoustic parameter Canonical discriminant function

F0 −0.87

Shimmer 0.03

HNR −0.22

Intensity 0.1
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The classification matrix of training data (control group) was presented in Table 5. A priori classification
probability for men was approximately 56% and in the case of women 44%. Women’s voices were classified with
a higher correctness (99%) than men’s (93.8%). Only one woman was classified as a man while five men were
classified as women. Ten postmenopausal women were classified as men and 19 as women based on voice signal.
The classification correctness was 65.5%. It means that acoustics parameters of postmenopausal women were
more similar to premenopausal women than men’s pitch, however the accuracy of classification was not 100%
(Table 5).

Table 5. Classification matrix of men and women according to discriminant function.

Correct classifications [%] Assessed as a man
p∗ = 0.55696

Assessed as a woman
p = 0.44304

Training group (control)
Men 95.5 42 2

Premenopausal women 97.1 1 34

Validation group Postmenopausal women 65.5 10 19

Σ 88.0 53 55
∗ a priori classification probability.

Those three groups differed from each other in terms of age and BMI as confounding variables significantly in
pitch (F = 114.16, p < 0.001) and HNR (F = 11.55, p < 0.001). Mean pitch of postmenopausal women was lower
than that of premenopausal women (p = 0.0038) but still significantly higher than men’s (p < 0.001; Fig. 1). HNR
of postmenopausal women was higher than that of premenopausal women (p = 0.0072) as well as that of men
(p < 0.001; Fig. 2).

Fig. 1. Tukey’s HSD post-hoc test for mean pitch (F0) differences between postmenopausal women and premenopausal
women and men; ∗p < 0.01, ∗∗p < 0.001.

The F0 of postmenopausal women’s voices was closer to that of premenopausal women, mostly separated from
male voices. What is more, there were observed negative tendency of F0 and age for premenopausal female voices
and positive tendency for male voices. Moreover, a negative trend was observed in postmenopausal women, as in
premenopausal ones, but even stronger (Fig. 3).
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Fig. 2. Tukey’s HSD post-hoc test for HNR differences between postmenopausal women and premenopausal women and
men; ∗p < 0.01, ∗∗p < 0.001.

Fig. 3. Linear fitting of age and mean pitch (F0) for postmenopausal women, premenopausal women and men.
Linear regression equations and R-square for each group.

4. Discussion

This study was undertaken to apply discriminant analysis for the classification of postmenopausal females
voices to one of the groups: males or females voices and to establish the degree of method validity. It appeared that
most voices which belonged to postmenopausal women were classified correctly based on discriminant function
to women’s group. The mean F0 of postmenopausal women’s voices was significantly lower than the mean F0
of premenopausal women’s voices and higher than men’s. Studies to date have shown consistent results: for men
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their pitch increases by up to 35Hz and for menopausal women their pitch decreases by 10Hz to 35Hz (Singh,
2019). Awan (2006) in a study of middle-aged women (40 to 59 years), who partly correspond to a group of
postmenopausal women from this study, applying the discriminant analysis revealed that they were classified with
80% correctness to the middle-aged group. The most significant discriminators of classification were vital capacity
(VC) and the fundamental frequency standard deviation (called pitch sigma). The meta-analysis considered
papers focusing on changes in vocal parameters after the menopause found that most studies had revealed after-
menopause changes in the speaking fundamental frequency, SFF (n = 8) or F0 of sustained vowels (n = 10).
The weighted average absolute difference for SFF was 10.10Hz and for F0 based on sustained vowel /a/ 13.41Hz
(Lã, Ardura, 2022). This finding confirms the current study results, in which it was found that discriminant
analysis function was also built based on the F0 of voice, among other acoustic parameters. The result of the
current study is confirmed by the meaningful difference in pitch among male and female voices. The reasons
for these discrepancies are the larynx size (∼20% greater in men) and vocal cords’ membranous length (∼60%
longer in men) which impact the voice properties of both sexes (Titze, 1989). The longer vocal folds, the lower
F0 in men and women (Hollien, Moore, 1960). The voice differences revealed in this study come from the
childhood and adolescence periods (first 20 years of life) when the larynx alongside vocal folds develop with
various growth rates in men and women (Hirano, 1981). Those facts may support the hypothesis that, despite
the altered hormonal profile in women during perimenopause, the anatomical differences in laryngeal structure
created during progressive ontogeny are so strong that their voices are still categorized as female registers. It
means that sex is a strong predictor of human voice pitch. Some evidence which enhances this statement is a study
that examines event-related potentials (ERPs) of the brain as an answer to male/female voices. This findings
revealed that:

– participants were able to correctly discriminate a sex of the adult speaker based on voice solely with 95%
correctness,

– the fastest brain responses were noticed for low-pitched voices categorized as a man and for high-pitch
categorized as a woman (Hirano, 1981).

The authors stated that ‘These results showed that a person’s gender is in part derived from fundamental
frequency (pitch) (...)’ (Latinus, Taylor, 2012, p. 200). On the other hand, there is known that changes in voice
acoustic parameters, such as decrease of mean F0 and an increase in shimmer, HNR, and voice turbulence index in
female patient undergoing gender reassignment using testosterone, especially between the 3rd and the 4th month
of therapy (Damrose, 2009). Moreover, another study indicated a significant difference in habitual pitch (HP)
between menopausal women of comparable BMI who were on hormonal treatment (HT) or were not on HT. The
higher value of HP was found in women on HT (Hamdan et al., 2018). The authors explained those changes in
voice quality by proliferative and hypertrophic estrogens’ effect on vocal folds mucosa with an increase in mucus
secretion and an antiproliferative progesterone’s effect and decrease in glandular activity (Caruso et al., 2000;
D’haeseleer et al., 2012). D’haeseleer et al. (2012) also found that in the case of postmenopausal women
on HT had a significantly higher value of a speaking fundamental frequency (SFF) compared to those who were
not on HT – the mean difference was approximately 14.2Hz (D’haeseleer et al., 2012). In another study the
same authors observed a significant positive correlation between BMI and pitch in postmenopausal women who
were not undergoing hormone therapy. Conversely, no correlation was found in either the premenopausal group or
the postmenopausal group receiving hormone therapy. The association between BMI and pitch in postmenopausal
women not on hormone therapy suggests a potential link to increased estrogen production in adipose tissue among
individuals with elevated BMI (D’haeseleer et al., 2011). These findings show that the sex hormones impact
on voice parameters is apparent, but even without a menopausal hormonal therapy (MHT) the F0 is higher than
the average for men based on (Teixeira et al., 2013).

4.1. Limitations and future directions

This study has some limitations. First of all, the accurate determination of menopausal status of women is
unknown as these women declared whether they were before or during/after menopause but the sex hormones’
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level in their blood or saliva was not determined. In the future research it would be essential to precisely de-
fine the menopausal status of participating women (premenopause/perimenopause/postmenopause). The second
limitation is the lack of postmenopausal women using MHT in our sample. According to other studies it seems
to be important to compare both groups (MHT vs. not MHT) in each menopausal status (Caruso et al., 2000;
Hamdan et al., 2018; Latinus, Taylor, 2012). The third limitation is the fact that non vocal apparatus imaging
methods such as videolaryngoscopy, magnetic resonance imaging (MRI), or computed tomography (CT) were not
performed. This step could help future researchers describe the quality of anatomical structures which take part
in the speech production process (i.e., vocal folds and laryngeal cartilages, pharyngeal walls, soft palate, etc.).
It would show what are the differences between these structures in men and in pre- and postmenopausal women.
Another limitation of this study is the age of postmenopausal women (52 to 65 years), which means that these
women have recently gone through the menopause. One would expect that voices of women who would be older
than those from our sample might be more similar to male voices. It would probably decrease the accuracy of
discriminant analysis and as a result more difficulties with sex assessment. Finally, discriminant function analysis
was the only method applied to differentiate voices. In the further consideration it would be helpful to use some
subjective methods, e.g., ask independent ‘judges’ to try to guess to whom – men, pre-, postmenopause women
– belongs each voice.

5. Conclusions

The current study revealed that though the voice parameters of postmenopausal women were significantly dif-
ferent from those of premenopausal ones; postmenopausal women voices were still assigned with 65.5% correctness
to the women’s group. The most discriminating voice parameter was F0, shimmer, HNR, and intensity. Control-
ling both, age and BMI, pitch and HNR differed between three studied groups. The average postmenopausal
female voice was significantly lower than that of a premenopausal woman, but still higher than that of a man.
These significant differences in vocal pitch between above-mentioned groups are probably due to the anatomical
variation between men’s and women’s vocal apparatus structures that originated in childhood and adolescence
(Hollien, Moore, 1960). The influence of sex hormones on a voice signal in those groups seems to be weaker
but was not examined in the present study. Further research is needed to better understand the background of
this phenomenon.
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Indian Sign Language (ISL) is vital for communication among India’s hearing-impaired community. How-
ever, the lack of standardised datasets and reliable identification frameworks has hampered the use of ISL
in modern assistive technology. This paper presents a deep learning-based solution to robust ISL alphabet
identification, with an emphasis on both accuracy and practical use. A curated static ISL alphabet collec-
tion was created by combining authoritative visual references from the official Indian Sign Language website
and the Ramakrishna Mission Vivekananda Educational and Research Institute (RKMVERI). Multiple deep
learning models were trained and assessed, including CNN, ResNet-50, DenseNet-121, VGG16, MobileNetV2,
and EfficientNet-B0, with a new hybrid CNN-ResNet architecture outperforming the others. 98% classifica-
tion accuracy is achieved by the suggested approach, outperforming individual baseline models. Furthermore,
the framework is expanded to support real-time applications, combining webcam-based capture with imme-
diate conversion of recognized signs to textual and synthesized vocal output. A comprehensive performance
evaluation, including the confusion matrix analysis and ROC curves, demonstrates the solution’s durability
and practical applicability. This research enhances accessibility, promotes inclusive education, and prepares
the path for scalable sign language translation systems in real-world human-machine interaction scenarios by
enabling accurate and real-time ISL recognition with voice feedback.
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Notations
Acc – accuracy metric,

C – set of ISL alphabet classes,

D – dataset of ISL alphabet images (curated from ISL website and RKMVERI),

F1 – F1-score metric,

P – precision metric,

R – recall metric,

ROC – receiver operating characteristic curve,

TTS – text-to-speech synthesis module,

X – input image frame (static or real-time),

Y – predicted output label (ISL alphabet),

Θ – trainable parameters of the neural network.

1. Introduction

Humans have an innate desire for communication, and sign language is a rich cultural and linguistic medium
that allows the hearing-impaired population to connect through visual-spatial interactions (Mistry et al., 2021).

https://acoustics.ippt.pan.pl/index.php/aa/index
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Indian Sign Language (ISL), one of the variants widely used in India, with unique linguistic structures and cultural
peculiarities. ISL has, however, fallen far behind more thoroughly studied sign languages, such as American Sign
Language (ASL) (Qahtan et al., 2023; Govindharajalu Kaliyaperumal, Gopalan, 2025), in terms of
technology integration and the creation of assistive applications, despite its widespread use.
One of the most significant problems in increasing computational ISL identification is the paucity of big,

standardised, and publicly available datasets. ISL datasets are small and dispersed and do not fully capture the
diversity of the language, in contrast to ASL, which has substantial benchmark datasets (Gogoi et al., 2025)
to enable reliable model training and evaluation. This data scarcity impedes the construction of precise and
generalizable machine learning models required for real-world ISL recognition.
The emergence of deep learning, particularly convolutional neural networks (CNNs) (Ashwanth et al., 2023)

and their advanced variations such as ResNet (Zhou et al., 2021), DenseNet (He et al., 2016), VGGNet (Huang
et al., 2017), MobileNet (Simonyan, Zisserman, 2015), and EfficientNet (Sandler et al., 2018; Sharma,
Singh, 2022) has resulted in notable advances in visual categorization and gesture recognition in recent years.
These architectures have exhibited a greater capacity to extract discriminative spatial information from pictures,
resulting in world-class performance in a variety of sign language identification challenges (Tan, Le, 2019).
Nonetheless, there is a dearth of systematic comparative evaluations of these ISL-specific approaches, and there
has been little research conducted on exploiting hybrid models to combine the characteristics of various network
designs to improve ISL identification accuracy and robustness.
This research fills these gaps by presenting a deep learning-based system using a hybrid CNN–ResNet archi-

tecture for static ISL alphabet recognition. The Ramakrishna Mission Vivekananda Educational and Research
Institute (RKMVERI, n.d.) ISL dictionary and the official ISL website were combined to create a carefully
managed dataset that ensures linguistic and visual authenticity. The framework is expanded beyond static recog-
nition to include a real-time recognition pipeline that combines webcam-based gesture capture with real-time
translation into text and synthesized speech using a text-to-speech (TTS) engine (Kingma, Ba, 2015), enabling
accessible communication for the community of people with hearing impairments.
This study makes several contributions:

1. Creating a standardised and curated ISL alphabet dataset.

2. A novel deep learning Architecture has been developing as a hybrid model.

3. Built a model of a real-time ISL-to-speech conversion system that goes beyond static gesture classification
to enable interactive communication.

4. Extensive performance evaluation to highlight model dependability and practical feasibility utilizing mea-
sures like accuracy, recall, F1-score, confusion matrices, receiver operating characteristic (ROC) curves.

2. Related work

The manual feature extraction methods used in sign language recognition research have been superseded by
deep learning-based frameworks. In early ASL and ISL investigations, techniques included motion trajectory
analysis, skin-colour segmentation, and shape descriptors. These techniques have limitations, such as being sus-
ceptible to lighting and signer variability, but they performed well in controlled environments (Chollet, 2017;
Nandi et al., 2022). With the introduction of deep learning, convolutional neural networks (CNNs) emerged as
the dominant approach for static sign detection. Research on ASL alphabets showed that CNNs trained on
substantial benchmark datasets may get excellent accuracy levels, frequently above 95% (Gupta et al., 2025).
Since then, architectures that provide gains in accuracy and computational efficiency for gesture categorization
have been investigated, including VGG16 (Amangeldy et al., 2022), ResNet (Pisharady, Saerbeck, 2015),
DenseNet (Indian Sign Language Research and Training Center, n.d.), MobileNet, and EfficientNet.
The lack of consistent datasets has been the main reason for the slower progress in the ISL environment.

In order to train CNN-based models with accuracies in the 85% to 90% range, a number of researchers tried
to gather small-scale datasets for ISL alphabets and words (International Organization for Standardization,
1998; Kraśkiewicz et al., 2024). It has also done the transfer learning (Rastgoo et al., 2021) from ASL
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datasets to ISL recognition; models like DenseNet have shown encouraging results, while dataset mismatch is still
a problem (Karamanli, Aydogdu, 2019). With varying degrees of effectiveness, hybrid models like CNN–RNN
architectures have been used for dynamic ISL gestures (Houtsma, 2007). Most of these solutions lacked real-time
implementations, which are important for real-world applications.
Table 1 provides a comparative overview of a few chosen ASL and ISL investigations, highlighting the datasets,

approaches, performance indicators, and constraints. The chart shows that although ASL research has access to
extensive curated datasets and reliable benchmarks, ISL research still faces challenges such as a lack of real-time
integration, voice output characteristics, and dataset scarcity (Koller, 2020).

Table 1. Comparative overview of prior ASL and ISL recognition studies.

Dataset source Method Reported accuracy [%] Limitation

ASL hand shape dataset Shape descriptors + HMM 82 Sensitive to lighting, signer-dependent

ASL fingerspelling benchmark CNN 94 Restricted to static alphabets

ASL dataset VGG16 95 High computational cost

ASL dataset ResNet-50 96 Limited to static gestures

ASL dataset DenseNet 95 Cross-dataset generalization weak

ASL dataset MobileNet 92 Lightweight but less accurate

ASL dataset EfficientNet 94 Requires large-scale training

Self-compiled ISL dataset CNN 88 Small dataset, no benchmarking

ISL dataset (alphabets) Transfer learning (VGG16) 89 Overfitting due to limited data

ISL dataset + ASL transfer DenseNet 93 Dataset mismatch issues

ISL dynamic signs CNN–RNN hybrid 91 No real-time system, no TTS

Highlighting dataset sources, methodologies, stated accuracy, and limitations, this table provides an overview
of representative ASL and ISL recognition research. ASL research benefits from benchmark datasets and advanced
architectures, whereas ISL studies remain constrained by dataset size, lack of real-time systems, and absence of
speech integration.

3. Methodology

This section describes the entire process of creating an accurate alphabet recognition system for ISL, aug-
mented with a pipeline for real-time speech synthesis. Data collection and preprocessing, model architecture
design, training procedures, and the deployment of the real-time recognition and TTS framework are all included
in the technique (Saini et al., 2023; Pandey et al., 2025).
The following steps comprise the ISL recognition methodology:

– categorization of ISL alphabets from static images using deep learning models,
– ISL recognition and TTS conversion in real-time with a CNN–ResNet hybrid model,
– the whole process is shown in Fig. 1, starting with the development and preprocessing of the dataset,
then moving on to the training and assessment of the model, and concluding with a framework for speech
synthesis and real-time recognition (Gogoi et al., 2025).

3.1. Dataset preparation

A high-quality dataset (D) of static ISL alphabet images was curated by aggregating data from two authori-
tative sources: standardised visual references for ISL alphabets are available on the official ISL website, and the
RKMVERI ISL dictionary, a widely recognized academic repository of ISL signs.
Each data point in the dataset is formally denoted as a tuple xi, yi, where

D = {(xi, yi)}Ni=1, xi ∈ Rh×w×c, yi ∈ {1, ...,26}

corresponds to the ground truth label representing the ISL alphabets A–Z, indexed numerically. The total dataset
contains N samples, sufficient for training and evaluation purposes while maintaining linguistic and cultural
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accuracy by virtue of the source credibility; xi denotes the i-th image of dimension h×w× c (height, width, color
channels), yi is the corresponding class label, where 1 to 26 represent the ISL alphabets A–Z, N is the total
number of image samples.
Training a model that picks up a mapping is the issue:

∫↷ (θ) ∶X → C,

where X is the image input space, C is the 26-class set, and θ is the model’s trainable parameters.

Fig. 1. Example images from the ISL dataset collected from the official ISL website and RKMVERI dictionary.

3.2. Preprocessing and augmentation

The following preprocessing procedures are applied to every image in order to support efficient training and
model generalization:

– resizing to a fixed resolution of 224× 224 pixels in order to meet the input specifications of deep learning
models that have already been trained,

– normalization of pixel intensity values to the range [0, 1].

Data augmentation strategies were performed methodically in light of the inherent diversity in hand signs caused
by rotation, scale, lighting, and intra-signer differences:

– random rotations (±15○),
– horizontal flipping,

– brightness variation,

– random scaling.

The augmented dataset is formally defined as

Dl =
N

⋃
i=1

M

⋃
j=1

Tj(xi),
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where xi is the original image, Tj(⋅) represents augmentation transformations (rotation, flip, brightness, scaling),
M is the number of augmentations per image, and N is the number of original samples. This improves the model’s
capacity for generalization by guaranteeing that every training period experiences various versions of the same
sign (Srivastava et al., 2024).

3.3. Model architecture and design

The basis of the recognition system is deep convolutional neural networks (CNNs). Six well-known models
were benchmarked in order to capitalize on the complementing capabilities of different architectures:

– conventional CNN architectures,

– residual learning network, ResNet-50,

– dense connectivity network, DenseNet-121,

– deep convolutional model, VGG16,

– lightweight, mobile-optimized network, MobileNetV2,

– efficient scaling model, EfficientNet-B0.

A hybrid CNN-ResNet design was also put out, combining deep residual blocks with shallow CNN layers.
Shallow layers record low-level edges and textures, whereas residual depths provide hierarchical semantic learning,
allowing for thorough feature extraction in this hybrid architecture. Following concatenation and passage through
completely linked layers, feature maps from both branches are classified using softmax across 26 alphabets
(Damdoo, Kumar, 2025).

3.4. Training procedure and optimization

In order to minimise the difference between the real labels y and the projected probability distribution
y ∧ = f(x; θ), where θ stands for the trainable parameters, the models were trained using cross-entropy loss.
The Adam optimiser, chosen for its adjustable learning rate characteristics that enable faster convergence and
consistent gradient updates, was used to carry out the optimization. In order to achieve a balance between com-
putational efficiency and performance, hyperparameters such as batch size, number of epochs, and learning rate
were empirically changed. To lessen overfitting, early halting and dropout regularization strategies were also used.

3.5. Real-time recognition and speech synthesis pipeline

The trained hybrid CNN-ResNet model was integrated into a real-time recognition system using camera input
streams to facilitate real-world usability:

– video capture: live frames are extracted from the webcam feed,

– preprocessing: each frame is resized and normalized consistently with training,

– inference: the model infers the current sign within each frame,

– output: the recognized alphabet is placed on the television display,

– TTS conversion: the recognized character is converted into natural-sounding speech via a TTS engine,
providing immediate auditory feedback.

This two-way communication method effectively bridges barriers by improving accessibility for both non-
signing interlocutors and hearing-impaired signers.

4. Results

The performance of the proposed ISL recognition framework was analyzed in two stages:

– static image classification using deep learning models,

– real-time recognition with text and speech integration.
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The static image classification was very accurate across all ISL alphabets, indicating the efficacy of deep
learning algorithms for capturing complicated hand motion patterns. Real-time recognition (Sharma, Singh,
2022) effectively translated motions into text and speech, demonstrating the system’s practical usability for as-
sisted communication. Overall, the framework showed robust performance under varying lighting and background
conditions, confirming its reliability for real-world usage (Pandey et al., 2025).

4.1. Static image classification results

The curated ISL dataset was used to train six baseline deep learning models (CNN, ResNet-50, DenseNet-121,
VGG16, MobileNetV2, and EfficientNet-B0) and compare them to the novel CNN–ResNet architecture in order
to assess the efficacy of the suggested framework. Performance metrics, which are presented in Table 2, were
assessed using accuracy, precision, recall, and F1-score. The study demonstrates the hybrid method’s superiority
while outlining each model’s unique benefits and drawbacks. To gain a better understanding of classification per-
formance and model resilience, visual aids, including confusion matrices, ROC curves, and accuracy comparison
charts, were used in addition to numerical measures.

Table 2. Deep learning models’ comparative performance in ISL alphabet recognition.

Model Accuracy [%] Precision [%] Recall [%] F1-score [%]

CNN 96 90 86 86

ResNet-50 96 98 98 98

DenseNet-121 91 97 97 96

VGG16 95 99 99 99

MobileNetV2 88 90 91 90

EfficientNet-B0 91 99 99 99

CNN–ResNet (proposed) 98 99 99 99

The classification accuracy attained by several deep learning architectures is compared in Fig. 2. Due to
their greater complexity and sensitivity to dataset size, VGG16, DenseNet-121, MobileNetV2, and EfficientNet-
B0 obtained somewhat lower values than the standard CNN and ResNet-50 models, which separately achieved
accuracies of about 96%, according to the results. On the other hand, the CNN–ResNet model outperformed all
baseline architectures with the maximum accuracy of 98%. This enhancement demonstrates how well shallow
convolutional filters and deep residual learning work together to capture both high-level and low-level information
for reliable ISL alphabet identification.

Fig. 2. Comparative analysis of the classification accuracy achieved by different deep learning architectures.
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The suggested hybrid CNN–ResNet model for the ISL alphabet recognition’s confusion matrix is displayed
in Fig. 3. With relatively few incorrect classifications, the diagonal dominance shows that most alphabets were
correctly categorized. Between visually comparable motions, such as E vs. F and P vs. R, which have overlapping
hand shapes, errors were most common. However, in contrast to baseline networks, the hybrid model decreased
these confusions, indicating that it can learn fine-grained differences between ISL indicators.

Fig. 3. Confusion matrix of the proposed hybrid CNN–ResNet model for ISL alphabet recognition.

The deep learning models’ ROC curves are shown in Fig. 4 for this proposed research. The hybrid CNN-ResNet
model achieved the highest area under the curve (AUC) while maintaining the optimal mix of sensitivity and
specificity. In line with their lower recognition accuracy, lightweight models like MobileNetV2 and EfficientNet-B0

Fig. 4. Deep learning models’ ROC curves.
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produced somewhat lower AUC values, even if CNN and ResNet-50 also showed impressive performance. The
hybrid model’s generalization and robustness for ISL alphabet classification are supported by the ROC analysis.
The comparative evaluation of deep learning models for static ISL alphabet recognition showed that CNN

and ResNet-50 individually achieved an accuracy of around 96 %, confirming their strong ability to extract visual
features from hand gesture images. Other transfer learning models such as VGG16, DenseNet-121, MobileNetV2,
and EfficientNet-B0 achieved slightly lower accuracies, largely due to the relatively small dataset size, which
increased their susceptibility to overfitting. The proposed hybrid CNN–ResNet model, on the other hand, con-
tinuously beat all baselines, achieving the 98% classification accuracy as well as better precision, recall, and
F1 points. This improvement demonstrates the advantage of combining shallow CNN features with the deeper
residual features of ResNet, resulting in more robust and discriminative feature representations for ISL alphabets.

4.1.1. Confusion matrix analysis

To gain deeper insight into the classification performance, confusion matrices were generated for each model,
with a focus on the proposed CNN–ResNet architecture (see Fig. 5). The confusion matrix (Fig. 2) indicates the
distribution of correctly and erroneously classified ISL alphabets.

Fig. 5. Distribution of classification performance across ISL alphabet classes based on accuracy, precision, recall,
and F1-score of the proposed CNN–ResNet model.

4.1.2. ROC curves and AUC analysis

ROC curves were plotted for each model to evaluate their trade-off between the true positive rate (TPR) and
false positive rate (FPR). The AUC was computed as a quantitative indicator of model performance (Fig. 6).
Among all ISL alphabet classes, the CNN–ResNet model had the greatest AUC values, demonstrating its

exceptional generalization skills. AUC values for baseline models like CNN and ResNet-50 were somewhat lower
than those of the hybrid technique, but they nevertheless demonstrated outstanding performance. In Table 2,
lightweight models like MobileNetV2 and EfficientNet-B0 showed comparatively lower AUC scores, which was
in line with their lower recognition accuracy.
The novel CNN–ResNet architecture offers a more balanced trade-off between sensitivity and specificity, which

makes it more appropriate for reliable ISL identification in practical applications, as the ROC curves verify.

4.2. Real-time recognition results

The proposed hybrid CNN–ResNet model was used for real-time ISL recognition after the static classification
performance was validated. The trained model was linked to a webcam stream, which allowed for continuous
TTS synthesis, preprocessing, classification, and frame recording.



A. Sivan, C. Eswaran – Indian Sign Language Alphabet Recognition and Speech Synthesis... 353

Fig. 6. Accuracy versus F1-score across ISL alphabet classes, with bubble size representing precision.

The system was able to identify hand motions during testing and provide the matching ISL alphabet on
the screen (Fig. 7). Furthermore, real-time speech conversion of the expected output was performed (Fig. 8),
providing non-signers with both visual and audible feedback.

Fig. 7. Real-time recognition of ISL alphabets with text output.

The system consistently recognized alphabets and showed resilience in a range of lighting situations and sign-
ers. Although the streaming nature of the input prevented frame-wise accuracy from being calculated, qualitative
testing verified that the hybrid CNN–ResNet model was highly generalizable beyond static pictures.
The per-class performance metrics for the proposed CNN–ResNet model for ISL alphabet recognition are

shown in this figure: accuracy, precision, recall, and F1-score. Most alphabets (A–T) had near-perfect scores on
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Fig. 8. Performance metrics for ISL alphabet recognition.

all measures, according to the data, demonstrating a very consistent and trustworthy categorisation. For a few
visually similar alphabets, such as U, V, W, X, and Z, there is a minor performance drop.
The performance measures (accuracy, precision, recall, and F1-score) for each of the 26 ISL alphabets are

displayed in this radar plot using a proposed hybrid CNN–ResNet model. The plot’s almost perfect square shape,
with values grouped near 1.0 on all axes, shows that the model consistently performs well across sign classes
and assessment criteria. The radar structure shows the model’s balanced and consistent performance, proving
its durability and capacity to sustain high recognition accuracy without losing precision, recall, or F1-score.
However, there are minor departures from the boundary in a few classes.
The real-time recognition performance of the hybrid CNN–ResNet model is shown in Fig. 10. The pictures

are samples of ISL alphabets that were taken straight from camera input, with the signer’s hand gesture and
the anticipated label shown on the screen. These findings show that the model can sustain strong performance
in a variety of illumination situations and signer changes while reliably identifying ISL alphabets in real-world
circumstances. The system’s capacity to generalize over all 26 ISL characters is demonstrated by the picture,
which covers representative samples like the beginning, middle, and end of the alphabet set. Also accuracy,
precision, recall, and F1-score are the four main metrics used to assess the performance of the suggested ISL
(Sanjusaran et al., 2024) letter recognition model, as seen in the previous figures. All 26 sign classes are
compared in the bar chart, where the majority of alphabets received nearly flawless scores. The performance
across all classes is illustrated in Fig. 9.

4.3. Discussion

The experimental assessment demonstrates that deep learning-based methods are quite successful in recog-
nizing the alphabet in ISL (Tan et al., 2024). Strong accuracies of 96% were attained by baseline models like
CNN and ResNet-50, confirming their capacity to extract discriminative features from static ISL pictures. The
performance of transfer-learning architectures such as VGG16, DenseNet-121, MobileNetV2, and EfficientNet-B0
was somewhat worse, mostly because of the limitations of dataset size and their increased vulnerability to over-
fitting.
The hybrid CNN–ResNet model that was suggested produced the best results, with 98% accuracy and im-

proved F1-scores, precision, and recall. This demonstrates how well shallow convolutional filters, which maintain
deep hierarchical features, work in conjunction with residual connections, which capture low-level edge and shape
information. The confusion matrix study supports the hybrid design’s ability to decrease misclassifications for
visually comparable alphabets (such as E vs. F and P vs. R).
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Fig. 9. Radar plot of performance metrics for all 26 ISL alphabets.

Fig. 10. Real-time recognition performance of the proposed hybrid CNN–ResNet model (small multiples: per-class metrics).

The hybrid model was shown to have the best sensitivity-specificity balance by the ROC curves, which
increased its dependability for practical implementation. An important gap in ISL research was filled by inte-
grating the system into a real-time pipeline using TTS. While the majority of earlier ISL recognition research
concentrated on classifying static images, the suggested architecture allows for live interaction, allowing signed
alphabets to be quickly converted into text and voice.
This dual capacity improves accessibility by giving hearing-impaired people a tool that promotes inclusive

communication in education, social interactions, and human-computer interfaces.
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5. Conclusion

This research addressed the dearth of real-time applications and standardized datasets in the field by pre-
senting a deep learning-based system for ISL letter recognition. To improve variability and robustness, a curated
dataset was created using the RKMVERI lexicon and the official ISL website, then preprocessed and enhanced.
The hybrid CNN–ResNet model outperformed many deep learning architectures, including CNN, ResNet-50,
DenseNet-121, VGG16, MobileNetV2, and EfficientNet-B0, in the evaluation.
The accuracy of the hybrid CNN–ResNet was 98%, which was higher than the accuracy of the CNN and

ResNet-50 models alone (96%). Its enhanced discriminative capacity was validated by the confusion matrix
and ROC studies, especially when dealing with visually comparable alphabets. Additionally, the system was
expanded to include the TTS integration and real-time recognition pipeline, which allowed for the smooth
conversion of ISL alphabets into both text and audible voice. For the community of hearing-impaired people, this
invention improves accessibility and inclusion while providing useful applications in social interaction, education,
and human–computer communication.
This work will be extended in the further to include continuous sign sequences, dynamic ISL gestures, and

sentence-level translation. Furthermore, enhancing the model for implementation on devices with limited re-
sources, such as smartphones or embedded systems, may allow for broad use as an inexpensive assistive technol-
ogy tool.
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In the paper the theoretical modeling of ultrasonic testing of railway rails with high scanning speed is con-
sidered. The model for the calculation of the ultrasonic field generated by the ultrasonic transducers and
the pulse echo amplitude received after wave reflection at the defect is developed. The model is based on
well-established principles of elastodynamic theory: the Rayleigh–Sommerfeld integral, the Auld reciprocity
relation, and the Kirchhoff approximation. It forms the basis for design of computer program to simulate
ultrasonic inspections of railway rails with automated mobile systems. The major innovation introduced in
the model is taking into account the high scanning speed of the ultrasonic probes over the rail head and the
limited repetition rate of the ultrasonic system. The mentioned aspects of the high-speed rail testing require
the revision of one of the basic paradigms of the current ultrasonic models, which assume that the scanning
speed of the ultrasonic probe is negligible in comparison to the speed of ultrasonic waves propagating in the
tested material. Actually, when scanning rails at a speed of 120 km/h, the ultrasonic probe can change its
position up to 5mm between transmitting and receiving ultrasonic pulses reflected from defects located in
the rail foot. Such a shift in the probe position is not negligible and should be considered in calculations. As
a consequence, the ultrasonic system’s slow repetition rate and fast scanning speed can make it less likely that
certain rail flaws will be found. To quantitatively examine the severity of these phenomena, the new ultrasonic
model and related simulation software was developed.
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1. Introduction

Due to economic pressure, there is a worldwide trend to increase train speed, traffic density, and axle loads.
This has led to an increased rate of defect formation in the railway tracks and rails. The main reason for the
increased number of rail defects is rolling contact fatigue (RCF) damages. The most frequent RCF defects
occurring in the rail heads are head checking (HC), gauge corner cracking, squats, and transverse head cracking
(tache ovale) (Kumar, 2006; International Union of Railway, 2002). In order to reduce the risk posed by rail
defects, a number of non-destructive testing methods are used. Worldwide implemented rail line testing procedures
include such NDT methods as visual, ultrasonic, eddy current, and magnetic (Zumpano, Meo, 2006). In the
European Union, the EN 16729-1 and EN 16729-3 standards (European Committee for Standardization, 2016;
2018) are observed in this respect.
The need of permanent testing of the extensive railway network requires the implementation of fast au-

tomated inspection systems and efficient testing procedures. One of the most commonly used techniques is
automated ultrasonic inspection capable of scanning the entire rail volume. An example of such an application
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using the specialized inspection train was described in (Thomas et al., 2007; Heckel et al., 2018). The practical
exploitation of the aforementioned equipment revealed that the efficient operation of the system is possible below
80 km/h. Unfortunately, this inspection speed is insufficient for some of the busiest railway lines where trains
run at speeds of up to 200 km/h and more. In the dense scheduled train traffic, it is difficult to find a time
window for the slow inspection trains. Therefore, the construction of inspection trains capable of performing
ultrasonic inspection with speed comparable to express trains is an important and urgent matter. To investigate
the possibility of high-speed ultrasonic inspection of railway rails, extensive research is necessary. The problems
involved are not only of purely technical nature, i.e., connected with the construction of more robust scanners
and more efficient water coupling systems, but they are of a more fundamental character. First of all, one should
realize that the vast majority of ultrasonic tests performed in today’s industry have a quasi-static nature. It means
that the scanning speed of the tested object by ultrasonic probes is so slow that we commonly assume that dur-
ing the transmitting-receiving cycle of the ultrasonic system, the probe is stationary, i.e., is in the same position
during the sending and receiving of the ultrasonic pulse. But when we consider ultrasonic scanning of a railway
rail with a speed of, say, 120 km/h (33m/s), the probe position difference between sending and receiving an
ultrasonic pulse reflected from the distant defect (located, for example, in the rail foot) can be about 5mm. It is
a value that cannot be neglected, as it is considerably higher than the wavelength produced by typical 2MHz
to 4MHz ultrasonic probes used in rail inspections. In other words, the ultrasonic testing model of high-speed
inspection must take into account the simultaneous propagation of the ultrasonic pulse in the examination object
and the movement of the ultrasonic probe along its surface.
The other important aspect of the high-speed railway rail inspection is the inherent restriction on the system

repetition rate (to c.a. 5 kHz) caused by relatively long times of flight of ultrasonic pulses reflected from defects
located in the rail neck or foot. Such a restriction of the repetition rate, relatively unimportant for standard
ultrasonic testing, causes substantial problems for high-speed inspections of railway rails. Specifically, for ultra-
sonic testing carried out with a speed of 120 km/h and a system repetition rate of 5 kHz, the scanning step (the
distance between successive emissions of ultrasonic pulses along the rail length) is equal to 6.7mm. If a small
defect is located between successive emission points, it can be missed or detected with considerably smaller echo
amplitude than would be detected at a standard (slow) scanning speed. Therefore, a new model of the ultrasonic
inspection is needed to take into account the specific problems of ultrasonic testing with high scanning speed.
The paper presents development of an ultrasonic pulse-echo testing model which takes into account the

dynamic nature of high speed ultrasonic inspection. It can be considered as an extension of our previous quasi
static model presented in (Katz et al., 2021) which was adequate for modelling of ultrasonic tests of railway rails
conducted at low scanning speeds.
The model forms the theoretical basis for a computer program capable of simulation of high speed ultrasonic

inspection of railway rails performed with different types of ultrasonic probes, including shear wave angle beams
probes and longitudinal wave normal beam ones. The program allows for calculation of ultrasonic field gener-
ated by the probe depending on its parameters (frequency, refraction angle, transducer shape and size, wedge
material, etc.) as well as calculation of the amplitude of pulse echo reflected from simple model defects (circles
or rectangles) of arbitrary size, location, and orientation.
In the last part of the paper, some calculation results for typical rail testing configurations are presented and

discussed in the context of high scanning speed. Finally, some conclusions, which may be important for designers
of high-speed ultrasonic testing systems, are presented.

2. Dynamic model of ultrasonic testing with high scanning speed

As already mentioned, the commonly used model of ultrasonic testing is quasi-static, i.e., it assumes that
during the transmitting-receiving cycle, the ultrasonic probe remains in the same position. Thus, any head
movement associated with object scanning does not affect the amplitude of the recorded ultrasonic echoes. In such
a theoretical approach, the test is carried out in a kind of virtual jump from one wave emission point to another,
with the ultrasonic probe effectively frozen at each of these points during the transmission-reception cycle. In case
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of high scanning speed, it is necessary to move away from this simplified picture and introduce a dynamic model of
ultrasonic inspection that takes into account the simultaneous movement of the ultrasonic pulse and the scanning
probe. The scheme of small defect detection in such a model is shown in Fig. 1.

z
x

y

d₁
d₂

(Xw, Yw, Zw)

N (0, 0, 0) O (�X, 0, 0)
�X

�

Fig. 1. Defect detection in the dynamic model of ultrasonic testing.

The transmission-reception cycle of the ultrasonic system in the pulse-echo mode can be described as follows.
The probe sends an ultrasonic pulse into the tested object in the transmitting position N , which can be described
by initial coordinates (0, 0, 0) in the stationary coordinate system (X, Y , Z) associated with the rail. The X-axis
is parallel to the rail axis and is also a scanning axis of the ultrasonic probe; the Y -axis is directed down the rail,
and the Z-axis is in the transverse direction. The emitted pulse propagates in the rail material at the speed of
ultrasonic waveVu and eventually arrives at a material defect located at the point with coordinates (Xw, Yw, Zw).
The distance d1 that the ultrasonic pulse travels during this time can be calculated from the geometry of the
problem shown in the drawing, remembering, however, that the problem is essentially 3D, i.e., the defect shown
does not have to be located in the plane of the drawing:

d1 =
√
X2

w + Y 2
w +Z2

w. (1)

Consequently, the time t1 in which the ultrasonic pulse travels from the point of introduction to the defect center
can be calculated using:

t1 = d1/Vu. (2)

While the ultrasonic pulse is propagating to the defect and back, the probe moves along the rail at the scanning
speed Vs, covering the distance ∆X = Vs(t1 + t2) in that time. However, the distance ∆X cannot be easily
calculated because we do not know the time t2 in which the pulse travels the unknown return distance d2 from
the defect to the probe. Regarding Fig. 1, one can see that the two sides of the triangle shown in the figure, ∆X

and d2, are dependent on the unknown time t2 as follows:

∆X = Vs(t1 + t2), d2 = Vut2. (3)

However, all sides of the triangle shown are related by the law of cosines, giving an equation from which the
unknown value of t2 can be calculated:

d21 =∆X2 + d22 − 2∆Xd2 cos (90○ + β) . (4)

It should be noted that the angle (90○ +β) lies in the plane of the triangle, not in the plane of the drawing. Using
known trigonometric identities, Eq. (4) can be transformed into the form:
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d21 =∆X2 + d22 + 2∆Xd2 sinβ, (5)

where the unknown value of sinβ can be expressed using:

sinβ = (Xw −∆X)/d2. (6)

Substituting this value into Eq. (5), we get:

d21 =∆X2 + d22 + 2∆XXw − 2∆X2. (7)

Then, by substituting the values of ∆X and d2 expressed by Eq. (3), we finally obtain the quadratic equation
for the unknown transition time t2 from the defect to the probe at its receiving position:

[V 2
u − V 2

s ] t22 + [2VsXw −
2V 2

s d1
Vu

] t2 + [
2Vsd1Xw

Vu
− d21 −

V 2
s d

2
1

V 2
u

] = 0. (8)

By taking the positive root of the above quadratic equation and leaving only the linear terms in the Vs/Vu ratio,
we obtain the approximate time of passage t2 from the defect center to the probe in its receiving position:

t2 =
d1
Vu
− 2Vs

Vu

Xw

Vu
. (9)

Knowing times t1 and t2, one can easily calculate the probe displacement ∆X during the time of flight of the
ultrasonic pulse to and from the considered defect:

∆X = Vs(t1 + t2) = 2Vs (
d1
Vu
− Vs

Vu

Xw

Vu
), (10)

where d1 is calculated from Eq. (1). It should be noted that the displacement ∆X between the points of sending
and receiving the ultrasonic pulse depends on both the scanning speed Vs and the location of the defect in the
rail, in the defined coordination system. The further away the defect is from the probe, the greater the distance
between the points of sending and receiving of the reflected ultrasonic pulse.
The presented dynamic model of ultrasonic inspection is not fully strict as it assumes that the ultrasonic

probe is effectively frozen during the acts of emitting and receiving ultrasonic pulses. Still, the time of introduc-
tion/reception of ultrasonic pulses to the material is very short (c.a. 2µs for standard 2MHz ultrasonic probes)
as compared to the typical times of flight of ultrasonic pulses reflected from the rail defects (from 20µs to 150µs).
It means that the model takes into account the major part of the phenomena related to the dynamic nature of
the high-speed ultrasonic testing of railway rails. One can also object that the above consideration is not valid for
large defects whose size is comparable to the distance between the testing probe and the defect center. Actually,
it is not a big problem, as we can divide a large defect into many small fragments and calculate ∆X for each
fragment separately. Then the echo amplitude is calculated as the sum of the contributions from all fragments of
the larger defect.
The above solution is the basis for the modification of the calculation algorithms implemented in the SymUT

software, prepared by the first author of the paper. The program calculates ∆X values using Eq. (10) based on
the entered data on the scanning speed Vs and model defect position relative to the testing probe. Simulations
of ultrasonic echo envelopes during rail scanning, performed applying the SymUT software is presented in Sec. 7.

3. Basic assumptions and simplifications adopted in the ultrasonic model

The model assumptions were thoroughly adjusted to the actual conditions of ultrasonic testing of railway
rails. Specifically, the tested material was assumed to be a homogeneous, isotropic, elastic solid characterized by
ultrasonic velocities, mass density, and attenuation coefficients typical of railway steel. The attenuation coefficient
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values for longitudinal and transversal waves in rail steel were inferred from the tables given in (Ono, 2020a;
2020b). The probe wedge material was assumed to be a fluid medium with a density and longitudinal wave
velocity corresponding to actually used solid materials (PMMA or Rexolite). This simplification allowed for the
avoidance of unnecessary mathematical complexity in situations where only longitudinal wave propagation in
probe wedges is considered.
It was assumed that the boundary between the probe wedge and the tested material is perfectly flat, neglecting

the slight curvature of the running surface of the rail heads. Additionally, it was assumed perfect acoustic
coupling between the probe wedge and the tested material (smooth contact boundary conditions sometimes
also called slip boundary conditions). They assume continuity of normal stress and displacement and vanishing of
tangential stresses at the border. The potential influence of the coupling layer thickness on the echo amplitude
could be studied separately using the other model described in (Mackiewicz et al., 2024).
Taking into account the considerable size of the tested items (rails), it is assumed that the modeled defects are

generally situated in the far fields of ultrasonic probes, i.e., in the region where the ultrasonic field can be locally
approximated by the plane wave. On the other hand, the paraxial approximation was avoided as many rail
defects are cracks with unfavorable orientation (Deschamps, 1972), which may be better detected by the side
rays significantly deviated from the beam axis. In the proposed model, we also assume that the ultrasonic pulses
generated by the probe transducers are relatively short, as is actually the case in modern commercial ultrasonic
probes. This means that the −6 dB bandwidth of simulated probes should not be smaller than 30%. The first
part of the model is a method for the calculation of the ultrasonic field generated in the tested object by the
ultrasonic transducer. Following this basic functionality, the method for calculation of pulse echo amplitude from
simple model defects (circle, square, or rectangular cracks) was developed based on the Auld reciprocity principle
and the Kirchhoff approximation (Darmon, Chatillon, 2013).

4. Calculation of ultrasonic field generated
by the ultrasonic transducer

The method of calculation of the ultrasonic field generated by the piezoelectric transducer in the tested
material is essentially the same as in the standard quasi-static model. This is because we assumed that the act
of introduction of ultrasonic pulse from the probe to the material is short enough that the probe can be considered
static during this period of time. After emission, the pulse ‘forgets’ about the sending probe, and it does not
matter if the probe is static or travels along the scanning surface with a high speed. So the ultrasonic field
generated in the material is independent of this feature and can be calculated in the same way as for stationary
probes.
Further, the standard geometrical configuration used for ultrasonic testing of railway rails with angle beam

shear wave probes is considered. The calculation for longitudinal wave probes is completely analogue. Because we
assumed that the act of introducing the ultrasonic pulse to the material is very short (compared to the total
time of flight in the tested rail) the calculation of the ultrasonic field generated in the material by the moving
ultrasonic probe may be performed in the same way as for stationary probe. The probe is coupled to the flat
surface of the tested object with a thin layer of coupling medium. The piezoelectric transducer is attached to the
refracting wedge made of a formally fluid medium with characteristics (density and longitudinal wave velocity)
compatible with plastic material actually used for the fabrication of the refracting wedges (PMMA, polystyrene,
or Rexolite). This way the wedge material’s shear stiffness can be neglected. This assumption is also compatible
with the fact that the probe wedge is coupled to the tested material with a thin layer of liquid medium which
does not transmit shear stresses.
In line with a common practice in ultrasonic modeling, we assume piston-like transducer vibrations with an

angular frequency ω and a uniform particle velocity v0 over its front surface. The ultrasonic wave propagating
in the wedge hits the boundary between the wedge and the tested material at an angle which is the same as
the wedge angle α. The wedge angle is selected between the 1st and 2nd critical angles so that only one refracted
wave (T -type) is generated in the tested material.
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The refraction angle of the transversal wave β is related to the incidence angle of the longitudinal wave α
through Snell’s law:

sinα

sinβ
= VL1

VT2
, (11)

where VL1 is the velocity of L-type wave in the wedge material and VT2 is the velocity of T -type wave in
the tested material. Calmon et al. (1998) showed that it is possible to use the Rayleigh–Sommerfeld integral
for the calculation of the ultrasonic field in the wedge material. It expresses the acoustic pressure p as an
integral over the radiating transducer surface:

p(x) = −iωv0ρ1
2π

∫
St

eikr

r
dS, (12)

where ρ1 is the mass density of wedge material, ω is the angular frequency of ultrasonic vibration, St is the surface
of the transmitting transducer, v0 is the normal particle velocity at the transducer face, k is the wavenumber
of ultrasonic wave in the wedge, and r is the distance between the field point, and x is the current integration
point on the transducer surface. Using the integral Eq. (12) one could easily calculate the ultrasonic field in
the wedge material, but not in the tested material. In order to accomplish this more difficult task, we used the
so-called pencil model introduced by Deschamps (1972), for calculations of electromagnetic beams generated by
radars. This concept was also used for the modelling of ultrasonic waves by Raillon, Lecoeur-Täıbi (2000) and
Gengembre, Lhemery (2000). The discussed model has been proved to be very effective in terms of calculation
accuracy and computing efficiency. Finally, the ultrasonic field at the point x in the tested material is described
by the particle velocity amplitude v(x,ω) given in the form:

v (x,ω) = −iωv0
2πVL1

∫
Sr

T v
12(α)ei(k1r1+k2r2)

(r1 + VT2

VL1

cos2 α
cos2 β

r2)
1/2
(r1 + VT2

VL1
r2)

1/2
dS, (13)

where VL1 is the velocity of the L-type wave in the wedge material, VT2 is the velocity of the T -type wave in
the tested material, α is the incidence angle of a pencil central ray at the wedge-material boundary, β is the
refraction angle of a pencil central ray at the wedge-material boundary, r1 is the section of the pencil central
ray in the wedge material, r2 is the section of the pencil central ray in the tested material, k1 = ωVL1 is the
wave number of the L-type wave in the wedge material, k2 = ω/VT2 is the wave number of the T -type wave in
the tested material, Sr is the surface of the radiating transducer, and T v

12 is the particle velocity transmission
coefficient at the wedge-material boundary.
Equation (13) sums up the contributions from partial waves emanating from all vibrating points of the

transducer face. The integral sums up the scalar values of particle velocity amplitudes, neglecting the fact that
partial waves coming from different points of the transducer surface have particle velocities with slightly different
directions. This is a typical simplification in the scalar theories of diffraction, and its actual meaning in the
considered case is illustrated in Fig. 2.

C

P

Fig. 2. Polarizations of partial waves coming from different points of vibrating transducer,
placed at the top of the wedge.

It can be seen that in the far field, the differences between polarizations of partial waves coming from dif-
ferent parts of vibrating transducers are small, and the simplification made in Eq. (13) causes only a slight
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overestimation of the calculated amplitude of the particle velocity of the generated ultrasonic wave. Such scalar
values may be conveniently displayed on graphs illustrating the distribution of ultrasonic fields generated by dif-
ferent probes. For more advanced simulations, and specifically for the calculation of ultrasonic echo amplitudes
from model defects, we need to know not only a wave amplitude but also its polarization. Based on heuristic
reasoning, without a rigorous proof, we assume that the polarization of the ultrasonic wave generated by the
whole vibrating transducer at a given point P is the same as the polarization of the partial wave emanat-
ing from the transducer center and coming to the same point P (see Fig. 2). This assumption, together with
Eq. (13), gives the full description of the ultrasonic field generated in an isotropic solid by an angle beam shear
wave probe.
All factors included in Eq. (13) can be readily calculated if we can determine α, β, r1, and r2 for any

combination of the source point on the transducer surface and the evaluation point in the tested material. This
problem is equivalent to determining the Fermat path between two given points in two bordering materials. It can
be easily solved using a numerical algorithm looking for the minimum time of flight of ultrasonic waves between
two given points.
The integral Eq. (13), gives the distribution of the ultrasonic field of a monochromatic wave with a circu-

lar frequency ω. To calculate the amplitude of short pulses generated by the real ultrasonic probes, we need
to calculate v(x, ωk) for several discrete frequencies ωk contained in the frequency spectrum of the transmit-
ting transducer, then multiply them by the corresponding amplitudes of the spectrum, and finally perform the
inverse fast Fourier transform. This way we can calculate the pulse shape in the time domain and finally obtain
its maximum amplitude.

5. Calculation of pulse echo amplitude from model defects

Calculation of the ultrasonic field generated by the ultrasonic probe in the tested material is a very important
aspect of the theoretical modeling of ultrasonic NDT inspection. It allows checking if potential defects are
within the sensitivity zone of the selected probes and precisely adjusting its basic parameters (central frequency,
transducer size, and refraction angle) to properly cover the inspection zone. However, illuminating the defect
with a strong ultrasonic beam is not a sufficient condition for its detection in ultrasonic examination. The
shape, orientation, and size of the defect are also of great importance. In the case of railway rails, most defects
are relatively large cracks with varied size and orientation. To reasonably simulate such types of defects, we
introduced model defects in the form of circles, squares, and rectangles of defined size and orientation. We also
assume that the model defect surface is flat and stress-free. To calculate the amplitude of ultrasonic echo reflected
from the model defect, we make use of the reciprocity theorem presented by Auld (1979) and modified by
Schmerr (2016), which is more suitable for NDT applications. The reciprocity theorem greatly reduces the
complexity of the calculation of ultrasonic pulse echo amplitude in comparison to the direct approach requiring
successive calculations of the ultrasonic field generated by the transmitting transducer incident on the defect, then
assessment of the scattered field from the defect, and finally the integration of this field over the surface of the
receiving transducer.
The general formula derived by Schmerr (2016) gives the voltage amplitude VR(ω) generated on the receiving

transducer by the ultrasonic wave reflected from the model defect. It is a definite integral over the surface of the
model defect of the products of stress and particle velocity components of two elementary ultrasonic solutions:

VR(ω) =
SF(ω)

ρ1VL1ST v
(1)
T v

(2)
R

∫
Sd

(τ (1)ij v
(2)
j − τ (2)ij v

(1)
j )nidS, (14)

where VR(ω) is the voltage generated on the receiving transducer by ultrasonic waves reflected from the model
defect, v(1)j is the component of particle velocity for solution (1), v(2)j is the component of particle velocity

for solution (2), τ (1)ij is the component of stress tensor for solution (1), τ
(2)
ij is the component of stress tensor for

solution (2), nj is the component of the unit vector n normal to the model defect, v
(1)
T is the amplitude of



366 Archives of Acoustics – Volume 51, Number 2, 2026

transmitting transducer vibrations for solution (1), v(2)R is the amplitude of receiving transducer vibrations for
solution (2), ST is the surface area of the transmitting transducer, Sd is the surface of the model defect, SF(ω) is
the system function, which incorporates the total effect of all electrical and electromechanical components of the
ultrasonic system.
Solution (1) refers to the ultrasonic field generated in the tested material by the transmitting transducer,

which physically interacts with the model defect and reflects at its surface. Actually, it is the field we considered
in Sec. 4, which can be calculated using Eq. (13). Solution (2) refers to an imaginary (nonexistent) ultrasonic field
that would be generated in the tested material if the receiving transducer acted as a transmitting transducer.
The ultrasonic field calculated in the solution (2) neglects the presence of the defect and can be conveniently
interpreted as the ‘sensitivity field’ of the receiving transducer. In our dynamic model of ultrasonic testing, the
solution (2) is generated by the same transducer but shifted on the x-axis by the ∆X value calculated using
the Eq. (3) and Eq. (8).
The general form of the reciprocity Eq. (14) cannot be directly used in practical modeling of ultrasonic

inspection because it is dependent on some factors that are impossible or very difficult to determine based
on information available to NDT personnel. This applies in particular to the SF(ω) and vibration amplitudes
of transmitting and receiving transducer – v

(1)
T and v

(2)
R . We can simplify the Eq. (14) considering what is

really necessary for modeling a real ultrasonic examination and what is unnecessary or excess information.
First of all, in NDT applications we do not need the absolute values of voltage generated on the receiving trans-

ducer VR(ω) but only relations between voltage amplitudes received from modeled defects and from the defined
reference reflector. This relation is commonly expressed on a logarithmic scale in decibels [dB]. For this reason,
in Eq. (14), we can ignore all constant values appearing before the integral sign. The SF(ω) cannot be neglected
because this function carries important information about the bandwidth of the ultrasonic system. Principally,
this function should be determined specifically for a given ultrasonic system (consisting of transmitter, receiver,
probes, and cabling) using a special calibration procedure described by Schmerr (2016). Unfortunately, this
procedure is rather difficult to perform, especially at the project design phase when the individual components of
the modeled ultrasonic system may not be physically available. To overcome this difficulty, we propose a simplified
approach based only on information readily accessible from standard specifications of ultrasonic equipment.
Considering that probes used in ultrasonic testing of railway rails have frequencies within the limited range

of 1MHz to 5MHz, we can safely assume that the typical ultrasonic receiver, in this range, has an almost
flat frequency characteristic. The same can be said about the frequency band of a typical ultrasonic transmitter
operating in a standard spike mode. Then we can safely assume that the shape of the SF(ω) is mainly determined
by the frequency spectrum of the ultrasonic probe. According to International Organization for Standardization
(2020), the frequency spectrum of an ultrasonic probe is defined by the −6 dB frequency band measured in
specified standard conditions. For commercial probes the parameter called relative frequency bandwidth (BW)
is usually provided in the technical data sheets and is easily available to NDT personnel.
Based on the probe BW parameter and the probe central frequency (f0) we can approximately determine the

SF in the form of the Gaussian function:

SF(ω) = e−
(ω/ω0)2

2σ2 , (15)

where ω0 = 2πf0 and σ = BW/235. The shape of the Gaussian function reasonably resembles the typical shape
of ultrasonic transducer frequency characteristics, and the σ parameter was chosen so that the half-width of
this function is equal to the −6 dB bandwidth of the modeled transducer. Although Eq. (15) is only a rough
approximation of the actual SF, it takes into account the most important factor determining the ultrasonic system
frequency characteristic, that is the bandwidth of the ultrasonic probe.
Another simplification that can be applied to Eq. (14) follows from the fact that we are considering crack-like

model defects. It means that the defect surfaces are stress-free, and in Eq. (14), we can put τ (1)ij ≡ 0. After all the
aforementioned simplifications, we can rewrite Eq. (14) in a much simpler form:

VR(ω) = −SF(ω)∫
Sd

τ
(2)
ij v

(1)
j nidS, (16)
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where the SF(ω) is given by Eq. (15) and the minus sign is irrelevant because in our model all constants before
the integral sign can be ignored.
Now the calculation of components of the stress tensor τ (2)ij on the surface of the model defect is presented.

These stress components are not zero because solution (2) in the reciprocity formula ignores the existence of
defects in the tested material. So, we just need to calculate the ultrasonic field of the receiving transducer for
the defect-free elastic solid and express it in the form of stress tensor components.
The general stress-strain relation for elastic solid is:

τ
(2)
ij = Cijkle

(2)
kl = Cijkl

1

2

⎛
⎝
∂u
(2)
k

∂xl
+
∂u
(2)
l

∂k

⎞
⎠
= Cijkl

∂u
(2)
k

∂xl
, (17)

where u(2)k is the component of the displacement vector for solution (2), e
(2)
kl is the component of the strain tensor

for solution (2), Cijkl is the component of the stiffness tensor for tested material.
For isotropic solid, components of the stiffness tensor can be expressed in much simpler form:

Cijkl = λδijδkl + µ (δikδjl + δilδjk), (18)

where λ, µ are the Lame elastic constants for the tested material, δkl is the delta Kronecker symbol.
Substituting Eq. (18) to Eq. (17) we obtain:

τ
(2)
ij = λδij

∂u
(2)
k

∂xk
+ µ
⎛
⎝
∂u
(2)
i

∂xj
+
∂u
(2)
j

∂xi

⎞
⎠
. (19)

In the next step, the expressions for partial derivatives of the components of the displacement vector appearing
in Eq. (19), would be determined. At this step the initial assumption that the ultrasonic field generated by
the probe at the model defect may be locally approximated by the plane wave can be implemented. In the
considered case, it is the plane wave of transversal type with direction vector e(2), polarization vector d(2), and
wave number k2. The geometrical configuration for solutions (1) and (2) is shown in Fig. 3.

�X

di
(1)

(1)

(2)

(2)

di

ei ei

n

dS

S

Fig. 3. Illustration supporting calculation of pulse-echo amplitude using reciprocity principle.

In this case, it can be put:

u(2) = 1

−iω
d(2)v(2) (x, ω), (20)

where u(2) is the displacement vector of the local plane wave of solution(2), d(2) is the polarization unit vector of
the local plane wave of solution(2), v(2)(x, ω) is the amplitude of the local plane wave approximating solution (2).
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Consequently, the partial derivatives of the displacement field (Eq. (20)) can be expressed as

∂u
(2)
i

∂xj
= ik2
−iω

d
(2)
i e

(2)
j v(2) (x, ω) = −1

VT
d
(2)
i e

(2)
j v(2) (x,ω), (21)

where k2 is the wavenumber for the transversal wave in tested material and VT is the velocity of the transversal
wave in tested material.
Substituting Eq. (21) into Eq. (19) we obtain:

τ
(2)
ij = v

(2) (x, ω) −1
VT
[λδijd(2)i e

(2)
j + µ (d

(2)
i e

(2)
j + d

(2)
j e

(2)
i )]. (22)

The first component in square brackets is a scalar product of the polarization and directional vectors of the shear
wave and must identically equal zero. Consequently, the final expression for stress components of solution (2)
discussed in Eq. (14), Eq. (16), Eq. (17), and Eq. (19) takes the form:

τ
(2)
ij =

−µ
VT

v(2) (x, ω) (d(2)i e
(2)
j + d

(2)
j e

(2)
i ). (23)

The scalar amplitude v(2)(x, ω) of the particle velocity can be calculated from the integral Eq. (13) by replacing
the transmitting transducer with the receiving transducer shifted from the initial position (0,0,0) to the receiving
position (∆X,0,0), where ∆X must be calculated from Eq. (10). The directional vector e(2) can be calculated
based on the positions of the center of the receiving transducer and a current integration point on the defect
surface. The polarization vector d(2) is perpendicular to the direction vector e(2) and is lying in the vertical plane
of incidence. It may be calculated from:

d(2) = e(2) × s
∣e(2) × s∣

× e(2), (24)

where s is in the unit vector normal to the tested object surface (see Fig. 3). This way it is shown how to calculate
the stress tensor components appearing in the reciprocity Eq. (14).
Now the particle velocity components v(1)i appearing in Eq. (14) would be determined. These are the com-

ponents of solution (1), which takes into account the interaction between the ultrasonic wave generated by the
transmitting transducer and the embedded model defect. The exact solution to this type of problem is very diffi-
cult, even for simple model defects. To solve this problem in a simplified way, the Kirchhoff approximation would
be applied. In the Kirchhoff approximation, the interaction of the ultrasonic beam with the material discontinu-
ity is treated as the interaction of a (locally) plane wave with the plane boundary in the propagation medium.
Such seminal problems have well-known solutions given by reflection and refraction coefficients (Auld, 1973;
Schmerr, 2016). In the model presented in this paper, crack-like planar defects with transverse dimensions con-
siderably larger than the ultrasonic wavelength are considered. According to an in-depth analysis of the Kirchhoff
approximation given by Huang et al. (2006), it should give reasonably accurate results in modeling such types
of defects. The calculation details of the vector v(1) can be found in (Katz et al., 2021). The most important
steps in deriving the final formula are presented further.
The wave approaching to a certain small element dS on the defect surface can be characterized by its direc-

tion vector e(1)i unit polarization vector d
(1)
i and an amplitude of the particle velocity v

(1)
i . The coordinates of

these vectors can be calculated from the positions of the center of the transmitting transducer and the center
of the element dS on the defect surface. Then the incident wave is decomposed into two standard polarities
considered in relation to the plane of the dS element, shear vertical (SV), and shear horizontal (SH), with po-
larization vectors of diSV and diSH. It is important to note that diSV and diSH are not unit vectors but the
mutually perpendicular vector components whose sum gives the unit directional vector of the incident wave:

d
(1)
i = d(1)iSV + d

(1)
iSH. (25)
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First, let us consider the incident wave of SV-type. For such a type of wave, there are generally two reflected waves,
SV- and L-type. The SV-wave reflects at an angle equal to the incidence angle, and its directional vector erSV
and polarization vector drSV can be calculated from the knowledge of ei and diSV. The reflection coefficient for
this type of wave, R(SV,SV), can be calculated from the standard formula for plane waves, as in (Schmerr, 2016),
based on the incidence angle on the defect surface. The L-type wave reflects at an angle that can be calculated
from Snell’s law. The polarization direction of that wave is parallel to the propagation direction erL. The reflection
coefficient R(L,SV) can be calculated from the standard formula. These three waves are summed up to give the
first part of the solution (1) arising from the SV component of the incident wave:

v
(1)
SV = v

(1) (diSV +R(SV,SV)drSV +R(P,SV)drL) . (26)

The vectors drSV and drL are not of the unit length but have the same reduced length as the vector diSV.
Let us therefore consider the incident wave of the SH-type. For such an incident wave, there is only one

reflected wave of the SH-type. The SH-wave reflects at an angle equal to the incidence angle and its polarization
vectors are given by

drSH = diSH. (27)

The vector drSH is not of a unit length but has a reduced length, the same as the vector diSH. Based on the
above, an expression for the second part of the solution (1) caused by the SH polarization of the incident wave
can be written as

v
(1)
SH = v

(1) (diSH +R(SH,SH)drSH) . (28)

Having calculated particle velocities for both polarizations of the incident wave, the total particle velocity of the
ultrasonic vibration for the solution (1) can be written as

v(1) = v(1)SV + v
(1)
SH = v

(1) (d(1) +R(SV,SV)drSV +R(SH,SH)drSH +R(P,SV)drL) . (29)

To simplify the notation, all the vectors defining the polarizations and relative amplitudes of waves acting on the
defect surface can be grouped into one vector D(1):

D(1) = d(1) +R(SV,SV)drSV +R(SH,SH)drSH +R(P,SV)drL. (30)

Similarly, the expression for v(1) can be rewritten as

v(1) = v(1) (x, ω)D(1). (31)

At this stage we have determined all the elements necessary for the reciprocity Eq. (14), which may be rewritten
in a more straightforward form where we also neglected all constants before the integral sign:

VR(ω) = SF(ω)∫
Sd

v(1)v(2) [(D(1) ⋅ d(2))(e(2) ⋅ n) + (D(1) ⋅ e(2))(d(2) ⋅ n)]dS, (32)

where v(1)(x, ω) is the amplitude of solution (1) calculated from Eq. (11) for transmitting transducer at po-
sition (0,0,0), v(2)(x, ω) is the amplitude of solution (2) calculated from Eq. (11) for receiving transducer
at position (∆X,0,0), D(1) is the polarization vector for the solution (1), d(2) is the polarization vector for
the solution (2).
Integral Eq. (32) provides a workable solution for numerical calculations of amplitudes of ultrasonic echoes

reflected from the planar model defects of any size and orientation. The main difference of this solution in relation
to the known solutions obtained within the quasi-static ultrasonic model is that all the quantities related to
solution (2) are calculated for the receiving position of the transducer, which is shifted by ∆X from the initial
position where the ultrasonic transmission takes place. Equation (32) allows for the computation of receiving
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voltage at a fixed frequency ω. To calculate the signal waveform in the time domain, it is necessary to calculate
VR(ωk) for the series of frequencies contained in the SF spectrum and then calculate the inverse Fourier transform
using the FFT algorithm. Then, the maximum echo amplitude in the time domain can be determined.

6. Calculation of ultrasonic field generated by angle beam probes

The presented model allows for computer simulation of several important aspects of ultrasonic inspection
of railway rails. The first basic functionality of the software is the calculation of ultrasonic fields generated in
the tested material by ultrasonic probes with different parameters (frequency, refraction angle, transducer size,
bandwidth, etc.). To illustrate this functionality, we calculated the ultrasonic fields of three angle beam probes that
could be used for detecting transversal defects in the rail head. There were angle beam shear wave probes: T60○,
T70○, and T80○ of the same central frequency (f0 = 2MHz), bandwidth (BW = 50%), and transducer size
(14mm× 14mm). The refraction wedges of all probes were made of PMMA. The probes can be positioned on
the rail head center, and their beams are directed along the plane of symmetry of the rail (X-Y plane).
In Fig. 4, the beam cross-sections in the X-Y plane are illustrated with the color-coded maps of the par-

ticle velocity amplitude. It should be emphasized that there are distributions of maximum amplitudes of short
pulses generated by the typical ultrasonic probes, not the amplitudes of a monochromatic wave of a single

a)

b)

c)

Fig. 4. Ultrasonic beam cross-sections for three similar angle beam probes with different refraction angles:
a) 2T60-A14x14, b) 2T70-A14x14, c) 2T80-A14x14 (the probe codes are explained in the text).
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frequency. All field distributions are normalized to the maximum value in the field of a given probe, so the maps
do not illustrate correctly the differences in absolute amplitudes between different probes. Actually, the highest
field amplitude is observed for the near-field maximum of the T60○ probe. For the T70○ probe, the maximum is
only slightly smaller (0.2 dB), but for the T80○ probe, it is reduced by 2.3 dB in comparison to the T60○ probe.
Another interesting observation is the considerable deviation of the acoustic axis from the geometric axis (the

dashed line on the field graphs) for the T80○ probe. This is a manifestation of the fact that the transmission
coefficient of ultrasonic waves on the wedge-material border quickly drops near the 2nd critical angle. Based
on presented distributions of ultrasonic fields, one can draw the conclusion that using angle beam probes with
nominal refraction angles higher than 70○ to 75○ would not be effective for detecting rail head transversal defects
despite the fact that their nominal refraction angle is better suited to detecting vertical defects.
Figure 5 illustrates the ultrasonic beam cross sections for three T70○ probes, distinguished solely by their

frequency BW: a narrow band probe (BW = 20%), a medium band probe (BW = 50%), and a broad band probe
(BW = 90%).

a)

b)

c)

Fig. 5. Ultrasonic beam cross-sections for three 2T70-A14x14 type probe differing only in frequency BW:
a) 20%, b) 50%, c) 90%.

Overall, the ultrasonic fields for all three probes are similar, with only one noticeable difference. The field for
the narrow band probe, as shown in picture Fig. 5a, displays one side lobe below the main lobe. The ultrasonic
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fields of the other two probes are more uniform and do not exhibit any side lobes. The last example of using
the simulation program for calculation of ultrasonic beams of angle beam probes concerns the influence of the
attenuation coefficient of the rail material on the distribution of ultrasonic field. As mentioned in Sec. 3 the atten-
uation coefficient of ultrasonic waves in rail steel was taken from the tables given in (Ono, 2020a; 2020b). These
attenuation coefficient values are used as standard in our simulation program for calculation of ultrasonic field
distributions. We have checked whether assuming a zero attenuation coefficient in railway steel would significantly
affect the calculated ultrasonic fields.
In Fig. 6 there are presented the ultrasonic beams of 2T70-A14x14 probe (BW = 50%) calculated with the

attenuation coefficient taken from (Ono, 2020b) and the attenuation coefficient assumed to be zero.

a)

b)

Fig. 6. Ultrasonic beam cross-sections for 2T70-A14x14 probe calculated with assumption of attenuation coefficient:
a) taken from (Ono, 2020b), b) equal to zero.

As can be seen, the attenuation coefficient has a considerable effect on the ultrasonic field distribution of a typ-
ical 2MHz shear wave probe commonly used in rail inspections. It means that the unjustified assumption of
a zero attenuation coefficient of railway steel would lead to significant overestimation of the simulated field and
misleading conclusions concerning the probe sensitivity zone.

7. Simulation of ultrasonic echo envelopes during rail scanning

The second fundamental feature of the prepared software SymUT is the calculation of ultrasonic echo am-
plitudes from simple model defects (circles, rectangles) of various sizes, orientations, and positions. Considering
the operating principles of automated rail testing systems, the most significant outcome of ultrasonic inspections
is the echo envelope recorded for each testing probe while it moves along the rail over defect locations. Based
on the amplitudes and shapes of the recorded envelopes, the defects are classified and displayed on the B-scan
diagrams with the appropriate colors.
The software allows for the calculation of echo envelopes for defined ultrasonic probes moving along the rail

axis over the simulated model defects. It calculates the echo amplitudes for the successive positions of the
probe along the X-axis in the points, which are determined by the scanning speed and repetition frequency of
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the testing system. In this way, the computer simulation closely imitates the operation of a real rail inspection
system, taking into account its operating parameters.
We simulated echo envelopes for two different defects, one located in the rail head and the other in the rail

foot. The main goal of the performed simulations was to show the differences between our new dynamic ultrasonic
testing model and the standard quasi-static model. As the first example, we calculated the echo envelopes for the
circular defect situated in the central part of the rail head which is supposed to simulate a common transversal
defect of the rail head called a tache ovale (Kumar, 2006). The center of the model defect was assumed at
Yd = 15mm and its diameter Dd was 10mm. It was assumed that the defect plane is deflected from the rail
transversal plane by 10○ towards the bottom of the rail (see Fig. 7).

Fig. 7. Simulated probe (rail) defect configuration with circular defect of diameter Dd = 10mm deviated by θ = 10○ from
the rail transversal plane.

The model defect was detected with the 2T70-A14x14 ultrasonic probe described in Sec. 6. The probe was
guided along the center of the rail head with its beam directed along the rail, parallel to the scanning direction.
The simulated test configuration is illustrated in Fig. 7.
As can be readily seen from Fig. 7, in the simple geometric approximation of ray tracing, the implemented

defect would not be detected due to unfavorable orientation with respect to the incident beam. However, in the
model presented in the following paper, which takes into account the diffraction phenomena, such defects can be
detected with a reasonable echo amplitude.
In Fig. 8, the simulated pulse echo envelope calculated for the above testing configuration can be seen. The

following assumptions were taken: the scanning speed: 80 km/h and the repetition frequency of the ultrasonic
system: 5 kHz. The black horizontal line on the chart shows the reference level representing the maximum ampli-
tude of the pulse echo from the standard side-drilled hole (SDH) reflector of 6mm diameter situated 20mm below
the rail surface. The echo amplitude from such a cylindrical reflector was calculated using the model of (Lopez-
Sanchez et al., 2005), because the model discussed in this paper was developed only for flat reflectors. This mixed
approach implies that the test sensitivity of the ultrasonic system should be set up when the inspection wagon is
stationary or is moving over the reference rail with a low speed. The triangles in Fig. 8 represent the points of the
dynamic echo envelope, which would be registered by the ultrasonic system when scanning the rail at a speed of
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Fig. 8. Simulated echo envelope of the model defect (D = 10mm, θ = 10○) detected
with 2T70-A14x14 probe scanning the rail with speed of 80 km/h.
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80 km/h and a repetition rate of 5 kHz. The scanning direction is assumed to be parallel to the viewing direction of
the ultrasonic probe. For comparison, a continuous line shows the echo envelope calculated using the quasi-static
ultrasonic model, which neglects the movement of the ultrasonic probe during the transmission-reception cycle.
As can be seen, the main difference between the dynamic and the quasi-static model is the discretization of

the echo envelope due to the fact that a 5 kHz system running with a speed of 80 km/h fires ultrasonic pulses
every 4.4mm along the rail length. The difference in amplitude for the corresponding points of both envelopes
does not exceed 0.3 dB. It seems that a scanning speed of 80 km/h does not create major problems for the
analyzed testing configuration. Therefore, in the next simulation, the scanning speed was increased to 160 km/h.
The run of obtained echo envelopes is shown in Fig. 9. In this case, echo envelopes were calculated for both
scanning directions, i.e., parallel and antiparallel to the viewing direction of the ultrasonic probe. In Fig. 9 the
black horizontal line on the chart showing the reference level representing the amplitude of the pulse echo from
the standard SDH reflector is also presented. With higher testing speed, the problem of sparse sampling (in this
case, every 8.9 mm) becomes more evident. It consists of the fact that a high echo amplitude from a given defect
is recorded only at a few points, which may lead to uncertainty in the interpretation of the indications. This is
because algorithms of automatic defect detection during rail scanning require several (often 5–6) consecutive
echo registration cycles of signal level situated above the recording level to qualify the indication as significant.
It means that the algorithms of indication discrimination should be carefully adjusted to the scanning speed
based on the results of similar simulations.

-20

-15

-10

-5

0

5

10

15

20

0 10 20 30 40 50 60 70 80 90 100 110 120

A
d

 [
d

B
]

Xd [mm]

Theta/Vs 10/0

Theta/Vs 10/160

Theta/Vs 10/-160

SDH 6@20

Fig. 9. Simulated echo envelopes of the model defect (D = 10mm, θ = 10○) obtained with T70-14x14 probe scanning the
rail with speed of 160 km/h in two directions, i.e., parallel (red triangles) and antiparallel (blue triangles), to the viewing

direction of the ultrasonic probe.

Another conclusion from the graphs presented in Fig. 9 is that the difference between the amplitudes of the
envelopes calculated from the dynamic and quasi-static models increased to ±0.7 dB. This difference is solely
due to the fact that the ultrasonic probe moves during the transmitting-receiving cycle, and its sign depends on
whether the movement is parallel or antiparallel to the viewing direction of the probe.

8. Conclusions

In the paper, the new theoretical model of ultrasonic testing with high scanning speed was presented. Unlike
the standard quasi-static models used so far, it does not assume that the scanning speed of the ultrasonic
probe is negligible in comparison to the speed of ultrasonic waves in the tested material. In consequence, it
takes into account that the ultrasonic probe changes its position during the transmitting-receiving cycle of
the ultrasonic system. The new model is based on well-established principles of ultrasonic theory, such as the
Rayleigh–Sommerfeld integral, reciprocity relation, and the Kirchhoff approximation, but implements a new
concept of variable probe position at the moments of pulse transmission and reception. The ∆X shift in the
probe position is calculated based on the defect position relative to the probe at the pulse firing time, the probe
scanning speed, and the speed of sound in the tested material.
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The model allows for the calculation of the ultrasonic field generated by the probe in the tested material and
the amplitudes of the ultrasonic echoes reflected from the simple model defects implemented in the tested material.
Based on the theoretical model, the SymUT software was developed and designed specifically for the simulation of
high-speed ultrasonic testing of railway rails in track. Thanks to the semi-analytical nature of the developed model,
the program can be executed on standard PC computers with reasonably short computational times. It enables
effective computer simulation of many test configurations and optimization of ultrasonic probes for detection of
different types of defects occurring in railway rails.
In the last part of the paper, example simulations were presented and discussed in the context of increased

speed of automated testing of rails. The simulations performed showed that the defect echo envelopes calculated
from the quasi-static and dynamic models differ in two ways. Firstly, the echo envelopes calculated within
the dynamic model are discrete, which is a direct consequence of the limited repetition frequency (c.a. 5 kHz)
of the ultrasonic system. The sparse sampling along the rail length can reduce the detectability of some defects and
requires modification of automated indication discrimination algorithms. On the other hand, the differences in
echo amplitudes in corresponding points of envelopes calculated according to dynamic and quasi-static models
are not too big and reach 3 dB for a scanning speed of 160 km/h. In general, it can be stated that there are no
fundamental physical obstacles to increasing the speed of automatic testing of railway rails to 160 km/h, assuming
that the technical problems related to the mechanical guidance of the probes and their acoustic coupling are solved.
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Accurate sediment classification is crucial for advancing marine research, environmental monitoring, and
sustainable seabed use. However, acquiring large amounts of labeled data in such settings is often challenging,
expensive, and time-consuming. To address this limitation, a semi-supervised learning framework has been pro-
posed that leverages convolutional neural networks for sediment classification using both labeled and unlabeled
data. The approach utilizes pseudo-labeling, where confident predictions on unlabeled samples are iteratively
incorporated into training to enhance model generalization. The method is applied and evaluated on a dataset
that includes multi-modal inputs such as a digital elevation model and multibeam sonar backscatter data.
Experimental results indicate that semi-supervised learning with convolutional neural networks can achieve
high classification accuracy in scenarios characterized by limited labeled data and a large volume of unlabeled
data. This approach highlights the potential of deep learning combined with semi-supervised strategies for
efficient underwater environment classification.
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1. Introduction

Supervised seabed sediment classification requires a large amount of ground truth data, which is very expen-
sive to obtain. This is especially troublesome if there is a need to use deep learning methods, such as convolutional
neural networks (CNNs) (Krizhevsky et al., 2012), which typically require large-scale annotated datasets to
achieve optimal generalization. In marine and geological environments, collecting accurately labeled data is par-
ticularly challenging due to logistical constraints, high costs of field surveys, and the need for expert interpretation
of sediment types. Consequently, there is a growing interest in exploring data-efficient learning strategies to reduce
dependency on large amounts of ground truth data (Qin et al., 2021; Zhao et al., 2023).

https://acoustics.ippt.pan.pl/index.php/aa/index
https://doi.org/10.24423/archacoust.2026.4351
https://orcid.org/0000-0002-6968-2754
https://orcid.org/0000-0002-2821-1980
https://orcid.org/0000-0002-0035-6467
https://orcid.org/0000-0003-2218-1570
https://orcid.org/0000-0003-1965-8147
https://orcid.org/0000-0003-3204-7375
mailto:lubniew@eti.pg.edu.pl
https://creativecommons.org/licenses/by/4.0/


378 Archives of Acoustics – Volume 51, Number 2, 2026

To alleviate this problem, this study examines how semi-supervised learning (SSL) (Hady, Schwenker,
2013) methods can improve model performance by leveraging both labeled and unlabeled data. One such SSL
technique is the pseudo-labeling (Lee, 2013) method, which offers a simple yet effective approach to extend the
training dataset. In pseudo-labeling, a supervised model initially trained on a small subset of labeled data is used
to predict labels for the unlabeled samples. Predictions with high confidence are then treated as ground truth
(pseudo-labels) and used for further training, effectively augmenting the training dataset with automatically
annotated examples.
By incorporating pseudo-labeled samples, CNNs can be trained to better generalize from sparse labeled

data, capturing more complex patterns and improving classification accuracy on unseen samples. This method
is especially relevant in sediment classification tasks, where expert-labeled examples are scarce and expensive to
obtain. The pseudo-labeling framework also allows for the use of different confidence thresholds to control the
quality of the generated pseudo-labels. This study evaluates the impact of different confidence thresholds on model
performance, aiming to identify the optimal balance between label quality and data coverage. Results demonstrate
that, when applied carefully, pseudo-labeling can achieve high classification accuracy while minimizing the need
for exhaustive manual annotation.

2. Study site and methods

The experiments were conducted at a single study site, where multiple processing and analysis steps were
carried out using different techniques. Each step was aimed at optimizing the classification process and improv-
ing overall performance. The applied approach, which included data acquisition, ground-truth labeling, model
selection and SSL implementation, ultimately led to high classification accuracy.

2.1. Study site

The study area encompasses a section of the seabed, covering nearly 10 km, at depths ranging from 3.5m to
22m. It is located less than one kilometer offshore, north of the village of Rowy, in the southern Baltic Sea, in
the Polish Territorial Sea, within the Natura 2000 site (code PLB990002, Birds Directive), partially overlapping
with the Słowiński National Park. The study site location is presented in Fig. 1.

Fig. 1. Study site location.

The seabed structure and morphology in this region are primarily shaped by glacial processes that occurred
during the Pleistocene, followed by deglaciation and subsequent developments associated with the evolution
of the Baltic Sea during the Holocene. The seabed sediment composition includes Pleistocene glacial and flu-
vioglacial sediments, as well as Holocene marine deposits.
The predominant geomorphological feature of the area is a rugged relief formed by irregular, elevated outcrops

of cohesive sediments, often with surface cobbles and boulders, interspersed with accumulations of sand and gravel.
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The eastern and southeastern portions of the area are characterized by relatively level, gently undulating sandy
surfaces. Similar sand accumulations are also present in patches across the central and western parts of the
study area.

2.2. Data acquisition

Bathymetric and backscatter data were recorded between 2018 and 2020 using a Teledyne Reson SeaBat 7125
multibeam echosounder (MBES) mounted on the R/V Oceanograf vessel belonging to the University of Gdańsk.
The MBES recording was performed at a frequency of 400 kHz using 512 beams with a width of 1○ along-track and
0.5○ across-track. Registration was performed in the QPS Qinsy software, combining information from MBES,
sound velocity profiles in the water column, locations, and rotations of the measuring unit. A Global Naviga-
tion Satellite System/Inertial Navigation System supported by real time kinematic (RTK) corrections from the
NAWGEO network (ASG-EUPOS1) provided real-time positioning with a few cm accuracy. A Valeport miniSVP
Sound Velocity Profiler was used to record the speed of sound in the water column. The Octans gyrocompass
and motion sensor were used to record the roll, pitch, heave, and heading of the vessel during measurements.

2.3. Ground-truth labeling

In the study area, ground-truth samples were obtained by collecting surface sediments using a Van Veen
grab sampler and by recording video of the seabed with an underwater camera. The locations of the samples
were recorded using GPS during measurement campaigns in 2018–2020. The sample locations were selected to
take into account the diversity of sediments based on knowledge of the study area, bathymetric and backscatter
maps, while maintaining, to the extent possible, an even spatial distribution of samples across the mapped area.
However, due to the limited survey duration, the data set is not very large and contains 73 samples. The sediment
samples were analyzed using granulometric methods in the laboratory, comprising Folk and Ward parameters as
well as the Wentworth classification system. The underwater camera recordings were analyzed by an expert who
assessed the type of sediment at the bottom, which was particularly important in places where it was not possible
to collect samples with a grab, e.g., boulder fields. After analyzing all samples and recordings in the study area,
generalizations were made and the sediments were divided into four classes: boulders (B), sandy gravel or gravelly
sand (SG-GS), sand (S), very fine sand (VFS). Samples of recordings for each sediment type are presented in
Fig. 2 and the visualization of bathymetry and backscatter data with the locations of different sediment types is
shown in Fig. 3.

Fig. 2. Samples of recordings for each sediment type.

1https://www.asgeupos.pl

https://www.asgeupos.pl
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Fig. 3. Visualization of bathymetry and backscatter data with sediments.

2.4. Data preprocessing

Following the collection of bathymetric and backscatter data, it was processed to be ready for analysis. The
MBES datasets were processed in QPS Qimera and Fledermaus Geocoder Toolbox (FMGT). In Qimera software,
bathymetric data was cleaned and mosaicked, then exported to Geotiff with a resolution of 0.5m× 0.5m pixel size
in the Universal Transverse Mercator (zone 33N) projected coordinate system. Similarly, the backscatter mosaic
exported from FMGT was saved after manual removing of outliers as Geotiff. The backscatter mosaicking method
used beam time series (snippets) and angle varying gain (AVG) correction within the Geocoder engine (Fonseca,
Calder, 2005). The AVG method, commonly used to correct MBES angular dependency and normalize seafloor
backscatter, was applied with default settings: ‘flat’ mode for noise reduction, ‘blend’ mosaicking for managing
swath overlaps, and a 300-ping processing window (Schimel et al., 2018; Parnum, Gavrilov, 2011).
Since convolutional neural networks were employed in this study, the preprocessed data was converted into

a structured grid format suitable for the model input. Both labeled and unlabeled data were prepared in this way.
Regarding the labeled dataset, a 16× 16 grid was generated for each ground-truth point, capturing neighboring
values from both the DEM and multibeam sonar backscatter channels. Next, the datasets were divided into two
groups based on the year of acquisition: 31 samples from 2018 and 42 samples from 2019. In each group the data
were imbalanced, with some classes significantly underrepresented. To address this issue, the imbalanced-learn
(Lemâıtre et al., 2017) library was used to perform oversampling of the minority classes to match the size of
the majority class.
For the unlabeled dataset, 3000 random points were generated using QGIS tools, ensuring that they did not

overlap with the area of the labeled data. For each of these points, a 16× 16 grid was also created, incorporating
neighboring values from both the DEM and multibeam sonar backscatter channels.

2.5. Convolutional neural network

CNNs are well-suited for solving problems in the field of computer vision. In this study, the input data consist
of gridded representations of the digital elevation model (DEM) and multibeam sonar backscatter values, which
can be treated as image-like inputs. Therefore, CNN-based architectures are a natural choice for addressing this
classification task.
A specific type of convolutional network is the residual network (ResNet) (He et al., 2016) which was em-

ployed in this study. ResNet architecture is known for its use of residual connections, which help mitigate the
vanishing gradient problem and enable the effective training of deep neural networks. ResNet architecture has
many variants and ResNet-18 was selected for this research. This particular architecture consists of 18 layers
(17 convolutional and 1 fully connected) and is relatively lightweight, which makes it more suitable for training
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on datasets with a limited number of labeled (ground-truth) samples. Its reduced complexity helps prevent over-
fitting while maintaining sufficient depth to capture spatial patterns in the input data. Visualization of ResNet-18
architecture is presented in Fig. 4.

Fig. 4. Visualization of the ResNet-18 architecture.

2.6. Semi-supervised learning

The SSL is a technique that can be used when a small labeled dataset is available alongside a large volume
of unlabeled data. A diagram of the required steps for the SSL is presented in Fig. 5.

Fig. 5. Schema of required steps for SSL.
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The first step is to train a ResNet-18 instance on a small labeled dataset. The labeled data was divided
into training and test datasets based on the year of acquisition: samples from 2018 were used for training, and
samples from 2019 for testing. In this study, the ResNet-18 model from the PyTorch (Paszke et al., 2019)
library’s torchvision module was used. The hyperparameters were selected using a grid search method. The final
values were: a learning rate of 1× 10−7, a batch size of 8, the CrossEntropyLoss as a loss function, and the Adam
(Kingma, Ba, 2017) as an optimization algorithm.
After training the model on the supervised data, it can be used in the second step, where pseudo-label

generation takes place. To generate pseudo-labels, a confidence threshold is selected, and all predictions on the
unlabeled dataset with probabilities greater than or equal to this threshold are used as pseudo-labels. In this
study, several confidence threshold values ranging from 0.6 to 0.9 were evaluated.
In the next step, the pseudo-labels are incorporated into the labeled dataset in order to train a new instance of

ResNet-18 from scratch. This process can be repeated iteratively to expand and refine the dataset. The iterative
approach requires a termination condition, which can be defined as an integer indicating the number of iterations
to perform. In this study, the termination condition was set to 14 iterations, which, combined with the initial
supervised training, results in 15 total training iterations, each consisting of 100 epochs.
After each training iteration, the model’s accuracy on the test dataset is evaluated. The model with the

best accuracy is saved as checkpoint, and if a subsequent model performs worse, the saved model is loaded.
When the termination condition is met, the final model performance is evaluated on the test dataset.

3. Results

Throughout the study, various confidence thresholds were applied to each instance of the SSL approach, and
their performance was subsequently evaluated on the test dataset.

3.1. Comparison of different confidence thresholds

In the experiment, confidence thresholds ranging from 0.6 to 0.9 were tested for SSL. For each threshold
value, a new instance of the model was trained from scratch. Each instance yielded different accuracy results and
changes in dataset size across iterations. Charts with results and the dataset size change for each instance are
presented in Fig. 6.

a) b)

Fig. 6. Comparison of accuracy (a) and dataset size change (b) throughout each iteration of training
for different confidence thresholds.

As shown in the charts, the overall accuracy on the test dataset ranges from 71.4% to 78.6%. The best
performance was observed at a confidence threshold of 90%, which includes only the most confident predic-
tions as pseudo-labels. In comparison with other instance the results indicate that higher confidence thresholds
are associated with improved model performance, likely due to the inclusion of more reliable pseudo-labels during
training. Additionally, the dataset initially received very few pseudo-labels during the first three iterations of each
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of the model instances. This was followed by a rapid increase to approximately 3 000 samples from the unlabeled
dataset. In some cases, including the best-performing model instance, it discarded certain pseudo-labeled samples,
likely to reduce noise and preserve label quality, thereby facilitating additional gains in performance.

3.2. Best model instance

Table 1 presents detailed information regarding the best-performing instance of the ResNet-18 model, obtained
after completing all iterations of the SSL process with a confidence threshold set at 90%. The table includes
the confusion matrix with prediction information for each type of sediment and performance metrics such as:
producer’s accuracy (recall), user’s accuracy (precision), omission error, commission error, overall accuracy, kappa,
and F1-score.

Table 1. Confusion matrix for the best ResNet-18 instance evaluated on test dataset.

Reference
Sum

Boulders Sand Sandy gravel Very fine sand

Boulders 8 3 0 0 11

Sand 0 6 0 0 6

Sandy gravel 2 1 6 0 9

Very fine sand 1 2 0 13 16

Sum 11 12 6 13 42

Producer’s accuracy 0.727 0.500 1.000 1.00 –

User’s accuracy 0.727 1.000 0.667 0.813 –

Omission error 0.273 0.500 0.000 0.000 –

Commission error 0.273 0.000 0.333 0.187 –

Overall accuracy 0.786 – – – –

Kappa 0.711 – – – –

F1-score (weighted) 0.757 – – – –

The confusion matrix reveals that the most challenging types of sediments to accurately predict is the category
of boulders and sand classes. Specifically, boulders are frequently misclassified as sandy gravel and very fine sand,
while the sand class itself is often confused with all of the other classes. This overlap makes sand the most
difficult sediment type for the model to correctly identify. In contrast, sandy gravel and very fine sand were
classified with relatively high accuracy, indicating better model performance on these classes. Other evaluation
metrics further demonstrate the model’s effectiveness, with an overall accuracy of 0.786 and a weighted F1-score
of 0.757, reflecting solid predictive capability of the model.

4. Discussion

From this study, it can be concluded that selecting an appropriate confidence threshold during SSL has
a noticeable impact on the final results. Each of the thresholds tested – from 60% to 90% led to different
outcomes by the end of the SSL sessions. Although the differences in accuracy are not very large, ranging
from 71.4% to 78.6%, the confidence threshold adjustment can still be significant, given that the same model
architecture and hyperparameters were used consistently across all SSL experiments.
In terms of prediction details for the model using the optimal 90% confidence threshold, several misclassifi-

cation patterns were observed. Specifically, boulders were frequently misclassified as either sandy gravel or very
fine sand. Additionally, the sand class posed a challenge, being commonly confused with all other sediment types.
This class overlap made sand the most difficult sediment type for the model to accurately identify. In contrast,
sandy gravel and very fine sand were classified with relatively high accuracy, indicating that the model performed
better in these categories.
Misclassification of boulders as gravel may occur due to altered surface characteristics caused by red algae

covering the boulders. Their presence increases the acoustic roughness and backscatter intensity of individual
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boulders, which may be mistakenly interpreted as clusters of smaller rock fragments or finer sediments. Conse-
quently, these features can be incorrectly classified as gravel accumulations rather than single boulders.
The misinterpretation of sandy seabed areas results from the specific nature of sand accumulations and their

high susceptibility to seabed-shaping processes. In some locations, sand deposits form flat, even surfaces, while
in others they form areas with megaripples or distinctly undulating relief. This variability in the morphology of
sandy substrates can lead to divergent or inaccurate interpretations.
The analysis of sandy gravel and very fine sand yielded very good results. These areas are generally homoge-

neous, with limited morphological variability. Unlike sandy seabeds, which are often shaped by dynamic seabed
processes. This consistency explains the relatively high accuracy achieved in the interpretation of gravelly-sand
areas.
Future work could focus on some improvements to the performance of SSL for sediment classification. One

promising direction is the incorporation of other SSL strategies, such as co-training (Chen et al., 2024) or graph
based SSL (Song et al., 2021) which may also lead to more reliable results. Additionally exploring more sophisti-
cated model architectures, such as Vision Transformers (Dosovitskiy et al., 2021) or newer CNN architectures
like EfficientNet (Tan, Le, 2019), may also offer performance gains. Finally, expanding the dataset with more
diverse and balanced samples would help improve generalization of the models.

5. Conclusion

Sediment classification is an important topic of marine environmental research, which enables a better un-
derstanding of geological processes, habitat mapping, and the impact of human activities on underwater areas.
The results obtained in this study confirm that the use of SSL methods is effective under conditions of limited
availability of labeled data and a large volume of unlabeled data. By leveraging both annotated and unanno-
tated samples, SSL approaches significantly reduce the dependence on labor-intensive and costly manual labeling,
while maintaining competitive classification performance. A key conclusion that came out from this study is that
the effectiveness of these methods depends on the confidence thresholds used to select pseudo-labeled samples,
which directly influence the quality and reliability of the training process. The presented method increase the
possibilities for practical application of deep learning in seafloor classification tasks and other domains where
the acquisition of labeled samples is expensive, time-consuming, or logistically challenging. The findings high-
light the potential of SSL as a cost-effective solution for advancing automated interpretation of seabed data.
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ISO 12913 standards provide a unified framework for describing and assessing soundscapes, however, the
lack of a Polish translation has so far limited their practical use. This paper presents the first application of
a validated Polish version of the ISO/TS 12913-2 perceptual attributes, enabling full cross-language compara-
bility of results. Whereas Polish research has traditionally focused on noise annoyance and broad judgements
of acoustic comfort or discomfort, we outline the complete ISO-compliant assessment procedure, which com-
bines: a soundwalk, questionnaires and audio-visual recording. The study was conducted at eight diverse urban
locations in Poznań, Poland. Participants rated the soundscapes using eight attributes: przyjemne, tętniące
życiem, bogate w wydarzenia, chaotyczne, dokuczliwe, monotonne, ubogie w wydarzenia, spokojne. Each rating
set is mapped to a point in the 2D pleasantness-eventfulness space defined in ISO/TS 12913-3, facilitating
visual comparison of locations and the identification of design needs. Results reveal pronounced perceptual
differences between spatial typologies and demonstrate that the standardized approach provides richer, mul-
tidimensional information about the acoustic environment than conventional noise indicators. The proposed
methodology establishes a reference framework for Polish soundscape studies and can support the creation of
more people-friendly urban acoustic environments.
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Copyright © 2026 The Author(s).
This work is licensed under the Creative Commons Attribution 4.0 International CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).

1. Introduction

International Organization for Standardization [ISO] 12913 standards provide a unified framework for describ-
ing and assessing soundscapes. Part 1 (ISO, 2014) defines the concept of a ‘soundscape’ and presents its conceptual
model. Part 2 (ISO, 2018) specifies the requirements for data collection and reporting in soundscape studies, while
part 3 (ISO, 2025) sets out methods for analyzing and interpreting those data. Method A in part 2 is a valuable
source for acquiring quantitative data during soundwalks. The questionnaire permits a subjective evaluation of
the perceived affective quality of the acoustic environment using eight attributes – pleasant, vibrant, eventful,
chaotic, annoying, monotonous, and calm – on the five-point bipolar Likert scale. These attributes are embed-
ded in the soundscape circumplex model (Axelsson et al., 2010; ISO, 2025). In the ideal circumplex, adjacent
attributes (i.e., pleasant–vibrant) are spaced 45○ apart, whereas opposing ones (i.e., pleasant–annoying) are 180○

apart (Fig. 1). From these eight attributes, the formulas in ISO/TS 12913-3 yield the indices pleasantness and
eventfulness, which are displayed in a 2D eventfulness–pleasantness coordinate system (ISO, 2025; Mitchell
et al., 2022).
The Soundscape Attributes Translation Project (SATP) demonstrated that equal angular spacing between

attributes is an idealized assumption and the angles depend strongly on the language in which the acoustic

https://acoustics.ippt.pan.pl/index.php/aa/index
https://doi.org/10.24423/archacoust.2026.4337
https://orcid.org/0009-0000-7544-0957
https://orcid.org/0000-0002-9939-9722
https://orcid.org/0000-0002-5613-4441
mailto:jakub.dumanowski@amu.edu.pl
https://creativecommons.org/licenses/by/4.0/
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Fig. 1. Soundscape circumplex model adapted from Fig. A.1 of ISO/TS 12913-3:2025 (ISO, 2025).

environment is assessed (Aletta et al., 2024). The project developed a protocol for validating translations of
the ISO (2018) soundscape attributes, consisting of a headphone-based listening experiment and a four-step
validation method employing various statistical analyses. Another outcome was the update of ISO/TS 12913-3
(2025), which now includes correction angles for 13 languages that successfully passed validation, to be applied
when calculating pleasantness and eventfulness. This update ensures cross-lingual comparability of soundscape
assessments.
Pleasantness (PISO) and eventfulness (EISO) coordinates are calculated (Aletta et al., 2024; ISO, 2025)

using:

PISO =
1

λP

8

∑
i=1

cos (θi) ⋅ ξi, (1)

EISO =
1

λE

8

∑
i=1

sin (θi) ⋅ ξi, (2)

where i indexes each circumplex scale, θi is the adjusted angle for the i-th soundscape attribute, and ξi is the
value for that scale. The 1/λ provides a scaling factor to bring the range of PISO, EISO values to [−1, +1]:

λP =
ρ

2

8

∑
i=1

∣cos θi∣ , (3)

λE =
ρ

2

8

∑
i=1

∣sin θi∣ , (4)

where ρ is the range of the possible response values (i.e., ρ = 5 − 1 = 4 for the Likert scale, ρ = 100 for 0 to 100
scale responses).

2. Polish version of soundscape attributes

Until now, Polish psychoacoustic research has usually assessed soundscapes differently – by determining
their annoyance, comfort or discomfort (Preis et al., 2015; Szychowska et al., 2018; Felcyn et al., 2021).
Although Polish studies using ISO 12913 exist (Młynarczyk, Wiciak, 2024), the manner in which the individual
attributes were translated in their questionnaires is unclear. The lack of a Polish version of ISO 12913 created the
need for a validated Polish version of the soundscape attributes. Consequently, we contacted the SATP leadership
to join the project as researchers from Adam Mickiewicz University in Poznań. Through our participation,
we developed a validated Polish attribute set – przyjemne, tętniące życiem, bogate w wydarzenia, chaotyczne,
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dokuczliwe, monotonne, ubogie w wydarzenia, spokojne (Dumanowski et al., 2025) – and obtained the adjusted
angles required to calculate pleasantness and eventfulness (Table 1). Thus, a methodology for proper soundscape
assessment in the Polish language is now established.

Table 1. Polish translation of ISO (2018) soundscape attributes with obtained adjustment angles.

ISO (2018)
soundscape attribute

ISO (2019)
original angle [○]

Validated Polish
translation

Obtained Polish
adjustment angle [○]

Pleasant 0 Przyjemne 0

Vibrant 45 Tętniące życiem 69

Eventful 90 Bogate w wydarzenia 91

Chaotic 135 Chaotyczne 128

Annoying 180 Dokuczliwe 176

Monotonous 225 Monotonne 266

Uneventful 270 Ubogie w wydarzenia 274

Calm 315 Spokojne 339

It should be noted that the correction angles affect only the transformation of raw attribute assessments into
the pleasantness–eventfulness circumplex and not the soundwalk procedure or the perceptual judgments. Pleas-
antness and eventfulness are calculated using language-specific correction angles to ensure cross-language and
cross-cultural compatibility, while variations in angle values affect only the numerical positioning within the
2D space.
The subsequent sections of this paper present the procedure and results of the first pilot soundwalk employing

the validated Polish attributes and the calculation of pleasantness and eventfulness using the Polish correction
angles.

3. Methods

3.1. Soundwalk route

On 13 May 2025 a soundwalk was carried out in the center of Poznań, Poland, under dry, calm weather
conditions (wind speed below 3m/s, temperature 18.5 ○C, relative humidity 38%). The route comprised eight
evaluation points (see Fig. 2) and ran from the Kaponiera Roundabout to the Chrobry Bridge. The first stop,
P1, was the large, traffic-intensive Kaponiera Roundabout (Rondo Kaponiera); P2 was Mickiewicz Square (Plac
Mickiewicza) on St. Martin Street; P3 led into Mickiewicz Park (Park Mickiewicza), a green space with a foun-
tain on Fredro Street. P4, Freedom Square (Plac Wolności), is another central plaza with a fountain, while P5,
Old Market Square (Stary Rynek), represents historical center of the city. From there the walk continued to P6,

Fig. 2. Soundwalk points in Poznań on map derived from OpenStreetMap.

https://www.openstreetmap.org/
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the Amphitheater (Amfiteatr) in the riverside park located next to the cultural-recreational KontenerART area,
proceeded across P7, the Berdychowska Footbridge (Kładka Berdychowska) over the Warta River, and ended
at P8, the Chrobry Bridge (Most Chrobrego), which spans the Warta River and links the heavily trafficked Es-
tkowski Street and Wyszyński Street.

3.2. Participants

Thirteen participants (5 females, 8 males; age range 22 to 73 years; Mage = 29, SDage = 14.4) took part
in the soundwalk. The group consisted of acoustics students along with three lecturers from Adam Mickiewicz
University.

3.3. Procedure

At each point the participants evaluated the soundscape using the Polish-language soundscape questionnaire
translated from ISO (2018). The survey was hosted online: participants scanned a QR code that redirected them
to a pre-prepared questionnaire created using the FreeOnlineSurveys. Within the form (Fig. 3) they identified
audible sound sources, rated the eight soundscape attributes and could enter free comments. All ratings were
given on interactive sliders ranging from 0 to 100. The structure of our questionnaire was inspired by the survey
used in the article by Mitchell et al. (2020).

Fig. 3. Screenshots of the graphical user interface for evaluating soundscape using FreeOnlineSurveys.

https://freeonlinesurveys.com/
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For sound-source identification the question read: ‘To what extent do you presently hear the following four
types of sounds? (0 – not at all, 100 – dominates completely).’ The four categories presented were: traffic noise
(e.g., cars, buses, trams, trains, airplanes), other noise (e.g., sirens, construction work, industrial activity, loading
of goods), human sounds (e.g., conversation, laughter, children playing, footsteps), and natural sounds (e.g., bird-
song, flowing water, wind in vegetation).
For the attribute assessment (pleasant, vibrant, eventful, chaotic, annoying, monotonous, uneventful, calm) it

read: ‘To what extent do you agree or disagree that the present surrounding sound environment is...? (0 – strongly
disagree, 100 – strongly agree).’ The soundscape evaluation at each location lasted approximately 5min.
While the questionnaire was being completed, binaural audio, ambisonic audio and 360○ video were recorded

simultaneously (see Fig. 4 for the recording setup). A calibrated recording device (HEAD acoustics, SQuadriga II –
Mobile recording and playback system) with binaural microphones (HEAD acoustics, BHS II – Binaural Headset
for Aurally Accurate Recording and Playback) was used, enabling subsequent extraction of equivalent sound
levels and psychoacoustic parameters from the recorded samples. The visual environment was captured using
a 360○ camera (GoPro MAX 360 Action Camera), while ambisonic audio was recorded using the first-order
ambisonic microphone (RØDE NT-SF1 Ambionic Microphone) with a multichannel audio recorder (Zoom F6
Field Recorder).

Fig. 4. Recording setup – binaural microphones, ambisonic microphone, and 360○ video camera.

4. Results

4.1. Participants’ subjective soundscape evaluations

Based on the ratings of the eight soundscape attributes, the indices pleasantness and eventfulness were com-
puted using Eq. (1) to Eq. (4). Figure 5 plots every single assessment (all participants at all eight points) to
illustrate the spread across the 2D eventfulness–pleasantness space. Figure 6 shows the individual eventfulness–
pleasantness ratings for the eight Poznań locations made by the 13 soundwalk participants, together with the
median value for each site. Kernel-density contours representing the 10th, 25th, 50th, and 75th percentiles are
superimposed to visualize the concentration of responses. Figure 7 presents the mean perceived prominence of
the four predefined sound-source categories at each location; error bars indicate the 95% confidence intervals.

https://documents.thermofisher.com/TFS-Assets/ANZ/Datasheets/head-acoustics-squadriga-II-recording-playback-ds.pdf
https://documents.thermofisher.com/TFS-Assets/ANZ/Datasheets/head-acoustics-squadriga-II-recording-playback-ds.pdf
https://cdn.head-acoustics.com/fileadmin/data/en/Data-Sheets/AH-BR/BHS-II-Binaural-Headset-3322-Data-Sheet.pdf
https://cdn.head-acoustics.com/fileadmin/data/en/Data-Sheets/AH-BR/BHS-II-Binaural-Headset-3322-Data-Sheet.pdf
https://gopro.com/en/us/shop/cameras/learn/max/CHDHZ-203-master.html?tab=tech-specs
https://edge.rode.com/pdf/products/94/NT-SF1_V02.pdf
https://zoomcorp.com/en/gb/field-recorders/field-recorders/f6/
https://zoomcorp.com/en/gb/field-recorders/field-recorders/f6/
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Fig. 5. All participants’ ratings at all eight locations mapped onto eventfulness–pleasantness coordinate system.
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Fig. 6. Eventfulness–pleasantness ratings for each of the eight locations in Poznań.
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P3: Mickiewicz Park
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P4: Freedom Square
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P5: Old Market Square
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P6: Amphitheater
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P7: Berdychowska Footbridge
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P8: Chrobry Bridge

Fig. 7. Mean value of perceived prominence of the four predefined sound-source categories
at each location.

4.2. Objective parameters calculated from binaural recordings

In accordance with the requirements of ISO (2019), objective acoustical parameters – equivalent sound level
(LAeq), loudness, N5, N95, sharpness, fluctuation strength, roughness and tonality – were extracted from ap-
proximately five-minute binaural recordings at each of the eight measurement points using standard-compliant
sound analysis software (HEAD acoustics, ArtemiS SUITE Software (Datasheet)). Because binaural recordings
provide separate left- and right-ear channels, the channels were processed individually. In line with the standard,
the higher of the two values was retained for every descriptor. The values of all calculated objective parameters
are listed in Table 2. A visual representation of this data is shown in Fig. 8.

https://cdn.head-acoustics.com/fileadmin/data/en/Data-Sheets/AS/HEAD-acoustics-Data-Sheet-ArtemiS-SUITE-50000-51801-Overview-EN.pdf
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Table 2. Objective parameters of eight evaluated locations, calculated from binaural recordings.

Location
P1:

Kaponiera
Roundabout

P2:
Mickiewicz
Square

P3:
Mickiewicz
Park

P4:
Freedom
Square

P5:
Old Market
Square

P6:
Amphitheater

P7:
Berdychowska
Footbridge

P8:
Chrobry
Bridge

LAeq [dB] 85.9 66.9 68.3 59.1 61.8 53.8 55.8 72.3

Loudness
[sone]

53.8 24.4 24.7 15.2 16.4 10.0 11.3 29.6

N5 [sone] 45.1 25.9 26.9 18.4 16.2 10.7 13.8 35.7

N95 [sone] 12.5 13.9 21.2 11.4 10.2 5.2 5.2 11.6

Sharpness
[acum]

2.45 2.02 3.94 2.60 2.15 1.69 1.80 2.44

Fluctuation
strength
[vacil]

0.08 0.05 0.01 0.01 0.02 0.01 0.02 0.01

Roughness
[asper]

0.04 0.05 0.03 0.02 0.03 0.02 0.03 0.04

Tonality
[tuHMS]

0.21 0.26 0.14 0.16 0.18 0.17 0.15 0.16
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Fig. 8. Objective parameters across eight evaluated locations.
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P1: Kaponiera Roundabout shows the highest values of LAeq, loudness, N5, and fluctuation strength, as well
as the highest median eventfulness, while recording the lowest median Pleasantness. P3: Mickiewicz Park has
the greatest background loudness (N95) and the highest sharpness value, and its soundscape contains the largest
share of natural sounds. At P2: Mickiewicz Square, traffic noise dominates, yet among all eight sites this square
also contains the highest proportion of ‘other’ noises; it exhibits the greatest roughness and tonality. At P5: Old
Market Square, human sounds represent the largest share of the soundscape. The most favorable soundscape is
found in P6: Amphitheater, where LAeq, loudness, N5, N95, sharpness, and roughness reach their lowest values,
and pleasantness is the highest of all locations. The lowest median Eventfulness is observed on P7: Berdychowska
Footbridge.

5. Discussion

The individual-level data reveal a considerable spread, an expected consequence of the subjective nature
of the ratings. One way to tighten the dispersion could be to inform participants in advance how to interpret
each soundscape attribute; however, such instruction could introduce response bias. Although ISO/TS 12913-2
recommends a minimum of 20 respondents, the present study was conceived as a pilot intended to test the in-situ
applicability of the Polish attribute set.
All judgments were made on a continuous 0–100 slider rather than on the five-point Likert scale suggested

by ISO (2018). The finer 101-point resolution offers greater numerical precision when computing pleasantness
and eventfulness. While this would be impractical with paper forms, the online survey interface made the slider
implementation straightforward. A future experiment could explicitly compare the 0–100 slider with the five-step
Likert format.
A few participants scored eventfulness markedly differently from the majority, possibly because the Polish

terms ‘bogate w wydarzenia’ and ‘ubogie w wydarzenia’ were misunderstood, or because momentary lapses of
attention led to reversed ratings.
As expected, soundscapes dominated by traffic noise received lower pleasantness scores than those charac-

terized by human voices or natural sounds, confirming earlier findings (Nilsson, Berglund, 2006; Nilsson
et al., 2007; Axelsson et al., 2010). According to Schafer’s (1993) typology, the sites studied can be classified
as hi-fi environments (P3: Mickiewicz Park, P4: Freedom Square, P5: Old Market Square, P6: Amphitheater,
P7: Berdychowska Footbridge) and lo-fi environments (P1: Kaponiera Roundabout, P2: Mickiewicz Square, P8:
Chrobry Bridge). In general, high LAeq and high loudness are associated with low pleasantness, whereas low
values of these measures coincide with high pleasantness. This relationship is clear in very quiet and very loud
contexts, where N5, loudness, and LAeq are good predictors of the pleasantness. In the mid-range of sound levels,
the pattern weakens and exceptions emerge. For instance, P3: Mickiewicz Park was rated more pleasant than
P2: Mickiewicz Square even though it showed higher LAeq, loudness, N5, N95, and sharpness, probably due to
the fountain’s masking effect and the presence of human voices and natural sounds. In contrast to level-related
metrics, parameters describing temporal and tonal sound characteristics, such as fluctuation strength, sharpness,
roughness, and tonality, were not significantly associated with either pleasantness or eventfulness.
These results indicate that sound level alone is insufficient to predict soundscape quality. They support the

view that ‘informational properties of soundscapes (i.e., categories of sounds) are better predictors of perceived
soundscape quality than acoustic measures such as LAeq’ (Axelsson et al., 2010; Nilsson, 2007).

6. Conclusions

The study presented an evaluation of eight locations in Poznań during a pilot soundwalk conducted in accor-
dance with ISO (2018), using the validated Polish version of the soundscape attributes. The proposed methodology
establishes a reference framework for Polish soundscape studies and can guide the design of more people-friendly
urban acoustic environments. Future work should recruit a larger and more diverse participant pool (beyond
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individuals linked to acoustics) and include sites that are monotonous. Follow-up studies might also apply the
soundscape assessment protocol in laboratory settings to complement the in-situ findings.

Fundings

This research did not receive any specific grant from funding agencies in the public, commercial, or not-for-
profit sectors.

Conflict of interest

The authors declare that there are no known competing financial interests or personal relationships that could
have influenced the work described in this paper.

Authors’ contributions

Jakub Dumanowski conceptualized the study, wrote the original draft, prepared the surveys and the sound
walk, developed the methodology, curated the data, performed the analysis, and created the visualizations.
Anna Preis developed the methodology, prepared and supervised the sound walk, and conceptualized the study.
Jan Felcyn performed the analysis, curated the data, and contributed to data interpretation. All authors reviewed
and approved the final manuscript.

Acknowledgments

The authors would like to thank Eryk Kozłowski for his assistance with the organization and the audiovisual
recordings, and the first-year Acoustics students of Adam Mickiewicz University in Poznań for participating in
the soundwalk.

References

1. Aletta F. et al. (2024), Soundscape descriptors in eighteen languages: Translation and validation through listening
experiments, Applied Acoustics, 224: 110109, https://doi.org/10.1016/j.apacoust.2024.110109.
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Despite their different spectral structures, the sound of early instruments from the electrophone group
was often considered to be deceptively similar to the sound of wind or bowed string instruments. However,
the wavetable synthesizer playing a short, looped sample of a natural instrument is easily distinguishable
from the actual instrument. This results from the presence of specific modulatory structures in the sound of some
instruments related to expression, which can be a strong clue regarding the identification of the instrument.
The control of early electrophones, such as the theremin or Martenot waves, gave the performer expressive
capabilities comparable to bowed instruments. Contemporary synthesizers are returning to similar solutions.
The aim of this work is to study the impact of various types of modulation on the perceived naturalness of
violin sound. Modulation through an automatic low frequency oscillator is compared to expressive modulation
by a human using a controller. Two advanced controllers are studied to determine whether simultaneous
modulation of more than one parameter brings benefits. A set of sound samples was prepared which included
violin recordings and synthesized signals, where different waveforms were combined with various modulation
sources and modulated parameters. The effect was assessed by a group of expert listeners. The results indicate
that expressive, multi-parameter modulation with advanced controllers brings benefits for waveforms with
realistic spectra, close to that of a violin. In less realistic waveforms this kind of modulation may be perceived
as less natural than a simple one, obtained through an oscillator.
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1. Introduction

Due to their versatility, sound synthesizers are often considered as a replacement for acoustic instruments.
Such scenarios require a great deal of effort to reproduce the sound features of the original instrument. The bare
minimum is to produce a sound that can be recognised as a chosen instrument, while the ultimate goal is to
convince a listener that the sound is not synthetic, but original. A set of features (McAdams, Bruno, 2012)
that need to be reproduced depends on the instrument. For some instruments, it is enough to concentrate on
spectral features, while others require a proper reproduction of particular temporal structures, or combination of
both (Iverson, Krumhansl, 1993).
The violin, along with the remaining members of the bowed string group, is a particularly difficult case, where

synthetic counterparts are still easily distinguished from the original. The difficulty is caused by the continuous
control that a performer has over multiple sound parameters. However, this specific way of controlling sound
parameters is a means to produce a unique, and highly expressive performance. A key to achieve a convincing
performance with synthesizers is therefore not only the ability of a synthesizer to allow control over multiple
sound parameters, but also the source of a control data.

https://acoustics.ippt.pan.pl/index.php/aa/index
https://doi.org/10.24423/archacoust.2026.4327
https://orcid.org/0000-0002-2519-8135
mailto:pluta@agh.edu.pl
https://creativecommons.org/licenses/by/4.0/
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The sound of the early instruments belonging to the electrophone group was often considered to be deceptively
similar to the sound of wind instruments or bowed strings, even though its spectral features differed from the
original. On the other hand, the wavetable synthesizer playing a short, looped sample recorded from a natural
instrument, could be easily distinguished from the actual instrument due to the absence of some modulatory
structures specific for the instrument and related to expression. These structures may be a stronger clue regard-
ing the identification of the instrument than the sound spectrum. The control of early electrophones, such as
gestures used in theremin, or a moving keyboard, a ring, and a touch-sensitive lozenge in Martenot waves, gave
the performer expressive capabilities comparable to bowed and wind instruments. Contemporary synthesizers
are introducing control solutions based on similar assumptions, allowing to combine multiple parameters in one
gesture. This gives an opportunity to study a combination of artificial sound source with natural, expressive
modulation.
The synthesis of a violin sound is a known issue, and various attempts have been made to improve it. In

a recent study (Liu, 2024), a violin sound has been synthesized using the wavetable synthesis method with
the vibrato effect simulated using pitch modulation. The modulation rate and depth varied according to simple
few-segment envelopes. The envelope parameters were set according to the performance statistics described in
(Schoonderwaldt, Friberg, 2001). Another study (Kim et al., 2025) proposes to model the natural pitch
contour using a two-stage diffusion-based synthesis framework. The first stage is responsible for the estimation
of the fundamental frequency contour that controls the Musical Instrument Digital Interface (MIDI) pitch bend.
The second stage generates Mel spectrogram that applies these expressive details. The attempt is similar to
a prior study (Wu et al., 2022) that uses differentiable digital signal processing (DDSP) to generate expressive
deviations of the synthesis parameters.
Another approach to the problem, based strongly on the physics of instruments, has been proposed for the

case of spectral synthesis techniques (Pérez Carrillo, 2009). The extensive study presents solutions to issues
such as measuring violin performance using recorded sounds, as well as devices recording bow motion and force,
establishing the relationship between performance data and sound timbre, and designing a generative model of
timbre. The findings have been applied to design an advanced sound synthesizer. However, the applied model
of vibrato is relatively simple. It uses a sine modulation of pitch, with depth and rate controlled by a fade-in and
fade-out envelope with random deviations based on measurements.
The above presented studies are based either on numerical modelling of physical objects or on some form of

machine learning. The comprehensive review of both approaches (Hawley et al., 2020) discusses their capabilities
to achieve realistic sound features. The conclusion is that in order to produce convincing sounds of instruments it
is not necessary to conduct a detailed physical simulation, which requires a further validation based on measure-
ments with live musicians and real instruments. Instead, very good results can be obtained when either a human
expert or a deep neural network selects and tunes a set of salient factors based on knowledge or a very large set
of audio recordings.
All of the approaches discussed above present a view of the problem focused mainly on the side of the sound

source. They analyse models of instruments and refinements that can be applied to various methods of sound syn-
thesis. A view from a different perspective, centred around human perception of sound, can provide valuable
insight into the problem (Fritz et al., 2025). The study compares an actual human performance using a real
instrument to a bowing machine playing a real violin, and a hybrid sound synthesis that takes control data from
a bowing force recorded with a human violinist. The goal of the comparison is to capture properties perceived in
the actual instruments. The main part of the study discusses the methodologies based on listening tests that are
applied to evaluate perceived sound qualities. The hybrid method yielded the best results, allowing one to test
unlimited variants of instrument properties with the same natural excitation, and showing the best correlations
with acoustic measurements. This shows that in the case of studying violin, both controlled playing conditions and
natural excitation of the instrument are equally important. It can be seen that player interaction can influence
the perception of produced sound even more than the properties of the instrument.
Current research trends appear to focus on one particular use case, where a synthesizer serves as a means to

automatically produce an artificial recording of an instrument on the basis of the musical score alone. Such scenario
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requires an implementation of a simulated expression. There is, however, another use case, where a synthesizer
is used in a live performance, using some form of controller, such as a keyboard. Here, all the expression can,
and should, come from the performer. There are, however, two limitations: synthesis parameters available to
be assigned with the expression data, and limitations of the controller. A simple keyboard does not allow one
to control the parameters in a continuous manner. An addition of aftertouch capability, that is, a continuous
sensitivity to a force applied to the already depressed key solves the problem. However, if more than one parameter
needs to be controlled, which is the case of a violin, the aftertouch is insufficient. Thus, more advanced controllers
are required.
Various experiments have been carried out with designs adapted for specific instruments, such as accor-

dion (Gurevich, von Muehlen, 2001) or even for human voice (Donati, Chousidis, 2022). Some attempts
have been made with game controllers adapted for controlling sound synthesis parameters, but finally expressive
extension1 for the original MIDI specification2 allowed one to design general purpose multiple degrees of freedom
controllers for synthesizers (Robertson, 2011). These controllers attempt to give the musician a possibility to
freely manipulate multiple parameters, possibly with a single gesture. Typical solutions include touch-sensitive
keys that react not only to a change in pressure, but also to a change of finger placement on the key surface, which
allows a single finger to control three parameters. Other solutions include keys with additional rotational axes.
When combined with a sufficiently complex synthesizer, advanced, multiple degree of freedom controllers have

a potential to significantly improve features of a synthesized sound by adding a natural expressive performance.
So far, this possibility has not undergone a thorough study, and remains open.
The aim of this work is to study the impact of various types of modulation on the perceived naturalness of vio-

lin sound, and to compare modulation through an automatic low-frequency oscillator to expressive modulation by
a human using a controller. Two advanced controllers are studied to determine whether simultaneous modulation
of more than one parameter brings benefits. A synthesizer with architecture open for controller-related modifica-
tions has been designed as a base for the current study and its future continuation. Using the synthesizer, a set of
sound samples was prepared which included violin recordings and synthesized signals, where different waveforms
were combined with various modulation sources and modulated parameters. The effect was assessed by a group
of expert listeners. The results indicate that expressive, multi-parameter modulation with advanced controllers
brings benefits for waveforms with realistic spectra, close to that of a violin. However, in less realistic waveforms,
this kind of modulation may be perceived as less natural than a simple one, such as that obtained through an
oscillator.

2. Experiment

The aim of the experiment was to present a group of expert listeners with a set of sound samples. The
samples contained a middle section of a single violin note, a1 (fundamental frequency, f0 = 440Hz). They rep-
resented combinations of various synthesized sounds with several variants of modulation. Some modulations were
generated using low frequency oscillator (LFO), some were recorded by a violinist using an expressive controller.
The listeners were asked to assess how natural each sample was. The analysis of listeners’ assessments should
give information regarding the impact of particular sound features on the impression of naturalness of a vio-
lin sound.
Figure 1 presents the procedure and elements of the experiment. The main element is a program that serves

three purposes. It is a sound synthesizer, and plays a sound in response to data from the controller. The controller,
operated by a violinist, produces a stream of modulation data, which is recorded by the program. With data
from the controller recorded, the program can use it to modulate selected synthesis parameters and record the
generated audio signal. The supervisor chooses a desired base signal and adds LFO or recorded modulation
to the selected parameters. The resulting audio signals are recorded to be used in the listening test.

1MIDI 1.0 Detailed Specification, 1996.
2MIDI Polyphonic Expression, 2018.

https://midi.org/midi-1-0-detailed-specification
https://midimpe.neocities.org/rp53spec.pdf
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Sound synthesizer and
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Record performance

Record audio

Fig. 1. Overall diagram of the experiment.

2.1. Synthesis and modulation

The program is implemented in the Max/MSP visual programming language, which is capable of handling
data from MIDI Polyphonic Expression (MPE)-compatible controllers. It consists of three modules. The first is
responsible for real-time performance and reacts to data from the controller by synthesizing a sound and adjusting
its parameters accordingly, providing the performer with auditory feedback.
The second module catches and stores a stream of MPE data sent by the controller. This data is the record-

ing of an expressive performance by the violinist. Three separate streams can be recorded simultaneously:
pitch bend data, amplitude data, and aftertouch data. The pitch bend data controls the instantaneous devi-
ation of the fundamental frequency, which is a main component of the violin vibrato. The amplitude stream is
independent of the single-number MIDI velocity parameter, sent when a key is pressed. It can control the am-
plitude envelope or add amplitude modulation which, to some extent, usually occurs in parallel with frequency
modulation. The aftertouch data are interpreted as a timbre parameter, which controls the cut-off frequency of
the low-pass filter applied to the signal. Again, it may be used to add an envelope or oscillatory modulation.
The last program module uses the same synthesizer as the first real-time module to reproduce a sound with se-

lected modulation. The source of modulation can be an internal LFO, or a stored performance stream. The
selected signal is combined with the selected modulation source and applied to selected parameters: pitch, am-
plitude, or cut-off frequency. The synthesized sound is played and stored in an audio file.
The synthesizer can produce three types of constant signal: sawtooth, filtered sawtooth, and a single looped

period of a real violin sound, recorded in an anechoic chamber using a close microphone (Fig. 2). The first two may
be considered as case of subtractive synthesis. The last one is based on the wavetable principle and reproduces
the real violin spectrum, but is devoid of any internal evolution. The filtered sawtooth uses three resonant low-
pass filters to roughly shape lower regions of the spectrum, similarly to the violin spectrum. Thus, the three
signal types are graded from purely synthetic (sawtooth), to a violin-like (wavetable). The selected waveform
passes through a controllable low-pass resonant filter and a controllable amplifier. The frequency deviation of the
waveform, the filter cut-off frequency, and the signal amplitude can be modulated either by a common internal
LFO, or separate data streams recorded from the controller and implemented as envelope generators, as shown
in Fig. 3.
Violin recordings, carried out in an anechoic chamber, were analysed and used as a reference for setting

ranges for modulation parameters. They were compared and verified against values found in (Schoonderwaldt,
Friberg, 2001). The modulation parameters are presented in Table 1.

Table 1. Ranges of modulation parameters.

Modulation source Modulation rate Pitch-bend Amplitude Filter cut-off [Hz]

LFO 6Hz ±25 cent ±1 dB 3000 to 6000

Controller Variable ±25 cent 100% 3000 to 6000



M. Pluta – The Impact of Generated and Expressive Modulation of the Synthetic Instrument Sound... 403

Fig. 2. Spectra of the synthesized signals. Base waveforms are filtered with a default setting
of aftertouch-controlled low-pass resonant filter.

EG1 EG2 EG3

+

*

*
f 0

LFO

Sawtooth

Constant filter

Wavetable

VCF VCA OUT

Fig. 3. Diagram of the synthesizer (VCF (voltage controlled filter) – adjustable low-pass filter, VCA (voltage controlled
amplifier) – adjustable amplifier). Pitch, filter cut-off, and amplitude are modulated either by internal LFO, or separate

envelope generators (EG1–EG3). One of three available waveforms is used at a time.

2.2. Controllers

Performance data streams were recorded using two controllers: Expressive E Osmose, and Joue Play. The
former is a novel keyboard controller. The latter is an universal controller with interchangeable templates. Both
allow controlling three parameters with a single finger, although each has its own limitations.
Expressive E Osmose (Fig. 4) is a keyboard with an additional axis: the keys can be pressed down and moved

sideways. Pressing is divided into two regions: in the first region, the key moves lightly and in the second re-
gion there is a perceptible key resistance. The boundary between both regions is easily perceptible and each
region controls its own parameter. In a default mode, which has been used in research, the light region con-
trols the amplitude, the resistant region controls the aftertouch, and the sideways movement controls the pitch
bend. A clear limitation is the inability to simultaneously change the amplitude and aftertouch, which belong to
different regions of the same key travel.
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Fig. 4. Controller Expressive E Osmose (green arrow shows pitch bend control,
red – amplitude control, yellow – aftertouch).

Joue Play (Fig. 5) was used with a template consisting of 17 identical key-straps. Each strap works as an XY
touch-sensitive pad. Moving a finger sideways controls the pitch bend, moving it upwards or downwards controls
the aftertouch, and the pressure of the finger controls the amplitude. All three parameters can be controlled
simultaneously. However, the actual resolution and sensitivity varies on the surface, which limits the combinations
of parameter values achievable.

Fig. 5. Controller Joue Play (green arrow shows pitch bend control, red – amplitude control, yellow – aftertouch).

2.3. Recorded performance

The person using both controllers was a violinist experienced in bowed strings and electronic keyboard in-
struments. The synthesizer was set to reproduce the violin wavetable. The task of the musician was to perform
a single, long note that would be as close as possible to the sound of the violin, with regard to expression. The
violinist used an auditory feedback to refine the sound, until a satisfactory performance had been recorded.
The recorded data streams are shown in Fig. 6. The amplitude and aftertouch are represented by unsigned 7-bit
integer values. Pitch bend has a theoretical 14-bit resolution and is represented with floating point values.
The limitations of both controllers are clearly visible. Osmose is used in the aftertouch range; therefore,

simultaneous amplitude control is impossible, and its value stays constant, apart from the moments of pressing
and releasing a key. Joue seriously limits the practical aftertouch range due to large finger movement (along the
entire length of a strap), and its amplitude stream shows some discontinuities.

2.4. Sound samples

Using both internal LFO and recorded performance data for modulation of selected parameters, a total
of 67 different sound samples has been created. The samples differed in the choice of the base waveform, the
modulation source, and the set of modulated parameters. Selection included:

1. Recording of the original instrument from an anechoic chamber.

2. 3 synthesized samples (different base waveforms) without modulation.

3. 63 synthesized samples with modulation – all combinations of the following variants:

– 3 waveforms: violin wavetable (Vn), filtered sawtooth (Sf), and non-filtered sawtooth (Sn),

– 3 modulation sources: Joue (J), Osmose (O), internal LFO (L),

– 7 combinations of modulated parameters: amplitude (A), filter cut-off frequency (T – timbre), funda-
mental frequency (P – pitch).
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Fig. 6. Raw data recorded from controllers. Pitch bend controls signal fundamental frequency, amplitude controls signal
level, and aftertouch controls filter cut-off frequency.

Despite the fact that modulation of the amplitude and filter cut-off frequency affected the signal level, sound
samples were kept at their recorded levels and were not level-matched in loudness to reflect the original impact of
expression on the signal. Excluding the original violin recording, the maximum peak level difference among sound
samples reached 1.24 dB and the maximum RMS level difference reached 4.54 dB. Including the violin recording,
the maximum peak level difference reached 6 dB and the maximum RMS level difference reached 10.74 dB.
Only 3 second fragments from the middle section of the recordings were selected for the test to exclude

the influence of the attack phase, which was not relevant to the study. 50ms fade in and fade out have been
applied to all samples. Examples of three sound samples3 are presented in Fig. 7, Fig. 8, and Fig. 9.
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Fig. 7. Spectrogram of the violin recording.

3All sound samples are available for download.

http://home.agh.edu.pl/~pluta/varia/AudioExamples260303.zip
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Fig. 8. Spectrogram of the violin wavetable; amplitude, cut-off, and pitch modulated by Osmose.
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Fig. 9. Spectrogram of the filtered sawtooth; amplitude and cut-off modulated by LFO.

2.5. Listening test

The effect of modulation was evaluated by a group of expert listeners. They rated the naturalness of each
sound sample using a 5 grade scale: excellent (5), good (4), fair (3), poor (2), and bad (1). The listeners were
not informed about the details of sound processing. They were only asked to evaluate the samples as the sustain
phase of a violin sound. It was possible to listen to the samples multiple times.
The responses were collected using an online form. The form included four questions regarding the nature

of the listeners’ experience: 1) experience playing the violin, 2) experience playing other instruments or singing,
3) experience in audio signal processing, and 4) experience in sound recording or music production. Additionally,
five sound samples occurred twice in the test in order to evaluate coherence of the listener’s responses. All samples
were arranged in random order.
A total of 16 listeners participated in the test. Every listener had at least some experience (up to 4 years)

in at least 2 categories or high experience in at least one category. 13 listeners had high experience in at least
2 categories, and 6 listeners had high experience in 3 categories. This translated well into coherence of responses.
If a response to a repeated question differed by not more than 1, such a response was considered coherent. All
listeners were coherent in at least 4 of 5 repeated questions, and 14 were coherent in all repeated questions.
Therefore, all responses in the test were considered valid.
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3. Results

All results have been presented in a form of histograms of the responses of the listeners. Histograms are divided
into cases that represent combinations of various waveforms, modulation sources, and modulated parameters.
Symbols used in charts are explained in Subsec. 2.4. All the scores presented in histograms are summarised in
tables as means and medians.
For the baseline, the results for samples without any modulation for three types of waveforms are presented

in Fig. 10 and in Table 2. As expected, more resemblance to the spectrum of the violin yields better results,
although even the results for the violin wavetable are not better than fair.

Fig. 10. Responses for all waveform types without modulation.

Table 2. Summary of ratings for all waveform types without modulation.

Sample Mean score Median

Vn 2.00 ±0.79 2.00

Sf 1.56 ±0.70 1.00

Sn 1.00 ±0.00 1.00

The second baseline is the violin recording, which in Fig. 11 and in Table 3 is compared to the most complete
modulation of all three parameters (ATP), with cases representing three different modulation sources: two con-

Fig. 11. Responses for the violin recording and for cases of complete, three parameter modulation (ATP).
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Table 3. Summary of ratings for the violin recording and for cases of complete,
three parameter modulation (ATP).

Sample Mean score Median

Violin 4.00 ±1.17 4.50

J Vn ATP 2.56 ±1.00 2.00

O Vn ATP 2.50 ±1.06 2.00

L Vn ATP 1.75 ±0.75 2.00

trollers and LFO. For the violin, half of the responses give the maximal score (5), which cannot be matched by
any synthetic source. At the same time, it can be seen that with full modulation controllers yield better results
than LFO, which is the least natural. The results of both controllers are similar.
Figure 12 to Fig. 14 and Table 4 present a complete set of the results obtained. Unsurprisingly, almost all

responses for non-filtered sawtooth are bad. This kind of waveform cannot convince listeners even with all three
parameters (ATP) modulated with expressive controllers. Both controllers with modulation of three parameters
are the best cases here, as well as Osmose with pitch vibrato supplemented with modulation of the second
parameter. However, most of the responses are bad. When comparing filtered sawtooth (Sf) to the wavetable (Vn),
a larger spread of results is seen in case of the wavetable.

Fig. 12. Responses for all cases of wavetable waveform (Vn).

Fig. 13. Responses for all cases of filtered sawtooth waveform (Sf).
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Fig. 14. Responses for all cases of non-filtered sawtooth waveform (Sn).

Table 4. Summary of ratings for all samples.

Sample Mean score Median Sample Mean score Median Sample Mean score Median

J Vn ATP 2.56 ±1.00 2.00 J Sf ATP 2.00 ±0.94 2.00 J Sn ATP 1.06 ±0.24 1.00

J Vn TP 2.75 ±0.90 3.00 J Sf TP 1.69 ±0.77 1.50 J Sn TP 1.06 ±0.24 1.00

J Vn AP 2.25 ±0.90 2.00 J Sf AP 2.25 ±0.56 2.00 J Sn AP 1.13 ±0.33 1.00

J Vn AT 1.81 ±1.07 1.00 J Sf AT 1.69 ±0.77 1.50 J Sn AT 1.06 ±0.24 1.00

J Vn A 2.38 ±0.93 2.00 J Sf A 1.63 ±0.70 1.50 J Sn A 1.06 ±0.24 1.00

J Vn T 1.75 ±0.75 2.00 J Sf T 1.88 ±0.78 2.00 J Sn T 1.06 ±0.24 1.00

J Vn P 2.25 ±0.66 2.00 J Sf P 2.38 ±0.70 2.00 J Sn P 1.13 ±0.33 1.00

O Vn ATP 2.50 ±1.06 2.00 O Sf ATP 2.31 ±0.77 2.00 O Sn ATP 1.25 ±0.43 1.00

O Vn TP 2.25 ±1.03 2.00 O Sf TP 2.31 ±0.68 2.00 O Sn TP 1.19 ±0.39 1.00

O Vn AP 2.13 ±0.78 2.00 O Sf AP 1.94 ±0.75 2.00 O Sn AP 1.19 ±0.39 1.00

O Vn AT 2.25 ±0.97 2.00 O Sf AT 1.88 ±0.78 2.00 O Sn AT 1.06 ±0.24 1.00

O Vn A 1.50 ±0.61 1.00 O Sf A 1.81 ±0.81 2.00 O Sn A 1.06 ±0.24 1.00

O Vn T 2.13 ±0.99 2.00 O Sf T 1.56 ±0.70 1.00 O Sn T 1.13 ±0.33 1.00

O Vn P 2.38 ±0.93 2.00 O Sf P 2.44 ±0.79 2.00 O Sn P 1.13 ±0.33 1.00

O Vn 2.00 ±0.79 2.00 O Sf 1.56 ±0.70 1.00 O Sn 1.00 ±0.00 1.00

L Vn ATP 1.75 ±0.75 2.00 L Sf ATP 2.19 ±0.95 2.00 L Sn ATP 1.19 ±0.39 1.00

L Vn TP 1.88 ±1.22 1.00 L Sf TP 1.69 ±0.68 2.00 L Sn TP 1.13 ±0.33 1.00

L Vn AP 2.31 ±0.92 2.00 L Sf AP 1.88 ±1.05 2.00 L Sn AP 1.13 ±0.33 1.00

L Vn AT 1.56 ±0.70 1.00 L Sf AT 1.81 ±0.81 2.00 L Sn AT 1.13 ±0.33 1.00

L Vn A 2.06 ±1.14 2.00 L Sf A 2.25 ±0.83 2.00 L Sn A 1.00 ±0.00 1.00

L Vn T 1.69 ±0.85 1.00 L Sf T 1.31 ±0.58 1.00 L Sn T 1.19 ±0.53 1.00

L Vn P 2.69 ±1.21 3.00 L Sf P 2.44 ±0.86 2.00 L Sn P 1.00 ±0.00 1.00

In Fig. 15 and Fig. 16 and in Table 5 a selection of cases is presented to illustrate the impact of multi-
parameter modulation, separately for the filtered sawtooth and for the wavetable. For both waveforms, the
case of no modulation is the least natural. When modulation in the filtered sawtooth is applied only to pitch,
which is the simplest form of vibrato, LFO and both controllers score very similar results. Strangely, for three-
parameter modulation results for LFO and one controller (Joue) turn worse, mostly due to increased number of
bad (1) scores. The results of the second controller (Osmose) with modulated three parameters do not change
much in comparison to the modulation of one parameter. Clearly, multi-parameter modulation does not help
with a waveform that is not very similar to the real instrument. The situation changes with the wavetable
waveform. Here, transition from one parameter to three parameter modulation improves the results for both
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Fig. 15. Responses for cases of zero, one, and three parameters modulated in the filtered sawtooth waveform.

Fig. 16. Responses for cases of zero, one, and three parameters modulated in the wavetable waveform.

Table 5. Summary of ratings for cases of zero, one and three parameters modulated
in the filtered sawtooth and in the wavetable waveform.

Sample Mean score Median Sample Mean score Median

O Sf 1.56 ±0.70 1.00 O Vn 2.00 ±0.79 2.00

O Sf P 2.44 ±0.79 2.00 O Vn P 2.38 ±0.93 2.00

J Sf P 2.38 ±0.70 2.00 J Vn P 2.25 ±0.66 2.00

L Sf P 2.44 ±0.86 2.00 L Vn P 2.69 ±1.21 3.00

O Sf ATP 2.31 ±0.77 2.00 O Vn ATP 2.50 ±1.06 2.00

J Sf ATP 2.00 ±0.94 2.00 J Vn ATP 2.56 ±1.00 2.00

L Sf ATP 2.19 ±0.95 2.00 L Vn ATP 1.75 ±0.75 2.00

controllers, and worsens for the LFO. However, LFO yielded better results than controllers for single-parameter
(pitch) modulation. With three parameters modulated Osmose is considered the most natural. The obvious
conclusion is that any modulation makes the violin sound more natural. However, for expressive controllers in
order to show their benefits, the spectrum of the signal needs to be similar to that of the original instrument.
Only such cases are able to convince some respondents to reward the synthetic signal with the best score (5).
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Figure 17 shows how the improvement of the waveform impacts the score when only the pitch is modulated.
Here, gains for the case of LFO modulation are the largest. One of the controllers (Joue) sees a decrease in the score
when the filtered sawtooth is changed to wavetable. Everything changes when three parameters are modulated
(Fig. 18 and Table 6). In this case, the controllers produce the best scores for the wavetable, but the LFO score
decreases.

Fig. 17. Responses for various waveforms with pitch modulation only.

Fig. 18. Responses for various waveforms with full (three-parameter) modulation.

Table 6. A summary of ratings for various waveforms with pitch modulation only
and with full (three-parameter) modulation.

Sample Mean score Median Sample Mean score Median

O Sn P 1.13 ±0.33 1.00 O Sn ATP 1.25 ±0.43 1.00

O Sf P 2.44 ±0.79 2.00 O Sf ATP 2.31 ±0.77 2.00

O Vn P 2.38 ±0.93 2.00 O Vn ATP 2.50 ±1.06 2.00

J Sn P 1.13 ±0.33 1.00 J Sn ATP 1.06 ±0.24 1.00

J Sf P 2.38 ±0.70 2.00 J Sf ATP 2.00 ±0.94 2.00

J Vn P 2.25 ±0.66 2.00 J Vn ATP 2.56 ±1.00 2.00

L Sn P 1.00 ±0.00 1.00 L Sn ATP 1.19 ±0.39 1.00

L Sf P 2.44 ±0.86 2.00 L Sf ATP 2.19 ±0.95 2.00

L Vn P 2.69 ±1.21 3.00 L Vn ATP 1.75 ±0.75 2.00
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The fact that sound samples were not level-matched in loudness might have affected the results, some samples
were more pronounced than others. However, post-recording level-matching might have affected the results as well,
because the level differences were caused by various combinations of temporal and spectral signal modifications,
which are perceived differently. A more in-depth study is needed to properly address this issue.

4. Conclusions

A common way to improve the sound produced by a synthesizer leads through enhancing or refining its syn-
thesis algorithm. However, current synthesis algorithms are products of a long way of improvements, and further
refinements are difficult. This paper proposed a different approach that can be used in real-time performances.
A study was carried out to determine the impact of various types of modulation on the perceived naturalness
of the violin sound. Modulation through an automatic low-frequency oscillator was compared with expressive
modulation caused by a human using a controller. Two advanced controllers were studied to determine whether
simultaneous modulation of more than one parameter can cause a synthetic sound to be perceived as more natural.
This has a potential to improve the sound quality of existing synthesizers by changing or refining their controllers.
A synthesizer with an architecture open for controller-related modifications has been designed and used to

prepare a set of sound samples, where different waveforms were combined with various modulation sources and
modulated parameters. The set was supplemented with real violin recordings. The effect was assessed by a group
of expert listeners. The results show a relatively complex situation that requires further study. It has been
observed that expressive multi-parameter modulation with advanced controllers brings benefits for waveforms
with realistic spectra, close to that of a violin. However, in less realistic waveforms, this kind of modulation may
be perceived as less natural than a simple one, such as that obtained through an oscillator.
The conclusion drawn from the study is that, unlike the case of simple MIDI controllers which can be suc-

cessfully used with their default settings, advanced controllers bring both improvements and problems that need
to be addressed. Firstly, one finger cannot effectively control three parameters independently. Both studied con-
trollers handled well control of two parameters, but the third could not have been precisely adjusted, or its
range was severely limited. It is partially a design limitation, but further study with other than default mappings
between parameters and controller degrees of freedom may bring a solution. Secondly, an expression must be co-
herent with a signal. If the signal features differ too much from the original instrument, the overly expressive
control characteristic of this instrument is perceived as unnatural. Finally, continuous multi-parameter control
closes the gap between real instruments, such as the violin, and synthesizers. This implies that performance with
such synthesizers will be much more demanding than with simple MIDI devices. They would require a much
more thorough learning and training process on the side of the performer. However, as the results show, the per-
ception of expressive sounds clearly improves the synthesis effect if the process is implemented properly, which
gives an impulse for future studies.
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This study evaluates the influence of perforated sheet geometry on the acoustic and aerodynamic per-
formance of absorptive silencers. A modular silencer is developed, enabling the installation of six different
perforated metal sheets with varying hole shapes (round, square, elongated), sizes (2mm to 20mm), and
open area ratios (22% to 45%). Glass wool is used as the sound-absorbing filling. Insertion loss, self-noise,
and pressure drop are measured in a large reverberation chamber, within the frequency range from 50Hz to
10 000Hz, for airflow velocities of 4m/s, 6m/s, and 8m/s. The results indicate that all configurations provide
comparable attenuation at low frequencies. Silencers with small round perforations (diameter 2mm to 6mm)
ensure higher insertion loss and lower self-noise in the mid-frequency range of 1000Hz to 5000Hz, without any
measurable increase in pressure drop compared to variants with larger or elongated holes. For frequencies above
6300Hz, perforated sheets with larger holes perform better. Pressure loss differences between all configurations
do not exceed 1Pa at a given flow velocity. The results confirm that aperture size is the primary parameter
affecting silencer acoustic effectiveness, while aperture shape and perforation ratio are secondary. These find-
ings provide practical guidelines for optimal silencer design in ventilation systems, ensuring maximum noise
reduction with minimal airflow resistance.

Keywords: silencers, insertion loss, experimental test, aeroacoustics, ventilation.
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Notations

Di – insertion loss, LW II – sound power level with the substitution element

LW – sound power level, replacing the test object,

LW I – sound power level with the test object v – flow velocity,

installed, ∆p – pressure loss.

1. Introduction

Noise generated by mechanical ventilation systems has become a significant challenge in residential buildings,
directly affecting occupant comfort and sleep quality (Harvie-Clark et al., 2019; Abramkina, 2023). Excessive
sound levels often lead residents to disable or reduce the use of ventilation, resulting in poor indoor air quality
and potential health risks, especially in modern airtight dwellings (Harvie-Clark et al., 2019; Lan et al., 2021).
Studies confirm that, while adequate ventilation is essential for maintaining healthy living conditions and improv-
ing sleep, these benefits are only realised if ventilation noise is kept to a minimum (Lan et al., 2021). Furthermore,
official standards and guideline values for acceptable noise levels in living spaces vary across countries, but recent
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recommendations highlight the need to maintain bedroom noise levels below 30 dB(A) to prevent adverse ef-
fects on sleep and well-being (Harvie-Clark et al., 2019). Noise in ventilation systems originates from multiple
sources such as fans, dampers, control devices, and turbulent airflow, and the overall perceived noise is often
exacerbated by improper design or installation (Abramkina, 2023). Consequently, the application of effective
acoustic silencers within ventilation systems is crucial for reducing noise emissions, as demonstrated by both
engineering analyses and practical experience (Abramkina, 2023).
Perforated metal sheets are widely used as interface elements in absorptive silencers to separate the sound-

absorbing material from the duct interior while permitting airflow. The acoustic performance of such silencers is
influenced by the properties of the perforated panel, including perforation geometry, open area ratio, and the phys-
ical dimensions of both the panel and the absorber. Previous studies have primarily focused on micro-perforated
panels (MPPs), where sub-millimetre holes provide the necessary acoustic resistance to achieve broadband sound
absorption without the use of porous materials (Maa, 1998; Wu, 1997). The theoretical basis for MPPs, as
outlined by Maa (1998), models the holes as arrays of short tubes, characterising the system in terms of acous-
tic impedance, porosity, and perforation constant, which collectively determine the absorption bandwidth and
resonance frequency. MPPs have been implemented in a range of noise control applications, such as room acous-
tics (Kang, Brocklesby, 2005; Hoshi et al., 2020), ventilation systems (Yu et al., 2016; Zhang et al., 2020;
Wójciak et al., 2025), and transparent noise barriers (Asdrubali, Pispola, 2007).
Despite the extensive literature on micro-perforated solutions, the majority of these studies are limited to

circular holes with diameters below 1 mm, and relatively little attention has been paid to panels with larger or
non-circular perforations in silencer configurations. Classic MPP models do not account for the flow and acoustic
effects associated with larger-scale or differently shaped openings. In practice, many industrial silencers use panels
with millimetre-scale and non-circular perforations, where the contribution to both acoustic attenuation and flow
characteristics may differ fundamentally from micro-perforated designs (Wu, 1997; Allam, Ĺbom, 2011).
The acoustic interaction between the perforated sheet, the porous absorber, and the silencer geometry is also

affected by backing cavity configuration, flow presence, and the spatial coupling of acoustic modes (Yang et al.,
2015; Yang, Cheng, 2016). For typical absorptive silencers utilising porous materials, increasing the open area
ratio and altering perforation geometry modify the sound transmission and pressure loss characteristics, as well
as the generation of self-noise (Maa, 1998). However, the impact of non-micro-perforated panels (particularly
those with varying hole shapes) on silencer efficiency, self-generated noise, and flow resistance has seldom been
assessed.
Acoustic silencers play a pivotal role in reducing ventilation noise, and their design and selection must be

tailored to the specific acoustic requirements and airflow conditions of each system. However, there is a lack
of comprehensive data on how perforated sheet geometry in absorptive silencers affects noise attenuation, self-
noise, and pressure loss. The present study investigates the effect of perforated metal sheets with different hole
sizes and geometries, beyond the micro-perforation range, on the effectiveness of absorptive silencers. Using
a modular silencer test rig with interchangeable side panels, the study enables direct comparison of circular,
square, and elongated perforations with different open area ratios. Measurements were performed in accordance
with ISO 7235 (International Organization for Standardization [ISO], 2003), using glass wool as the absorptive
filling, and insertion loss was evaluated over a broad frequency range in third-octave bands. The outcomes
provide insight into the relationship between perforated sheet parameters and silencer performance under practical
conditions, contributing to the optimisation of silencer design in industrial applications.

2. Test objects

The subject of the investigation is an absorptive silencer designed to assess the influence of perforated sheet
properties on insertion loss, flow noise and pressure loss. In this configuration, the perforated sheet is utilised as
a partition between the airflow channel within the silencer and the adjacent layer of sound-absorbing material.
The silencer features a modular construction, comprising an outer casing equipped with two interchangeable side
panels, thus enabling the installation of panels with a maximum thickness of 300mm. The remaining two sides
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of the enclosure are fabricated from 3mm-thick steel sheet, providing mechanical rigidity and acoustic isolation.
The 3D model of the silencer constructed for measurements is presented in Fig. 1.

Fig. 1. 3D model of the silencer constructed for measurements.

The silencer is fitted with a rectangular connecting flange having internal dimensions of 315mm by 250mm.
The total length of the silencer, measured between the inlet and outlet connections, is 1000mm. The replaceable
side panels have dimensions of 320mm by 1000mm, allowing for direct comparison of the acoustic effectiveness
of various perforated sheets and reference materials. The principal dimensions of the silencer are shown in Fig. 2.
The sound-absorbing material selected for the study is Ventilux 6335 glass wool, with a thickness of 100mm
and a density of 35 kg/m3 (Gaj et al., 2019), which is positioned directly behind the perforated sheet along the
airflow path. The same set of glass wool slabs is used for all perforated-sheet variants and all measurement series,
ensuring identical acoustic filling conditions for each test configuration.

Fig. 2. Principal dimensions of the silencer (in millimetres).

Six types of perforated sheets are evaluated, with systematic variation in both hole geometry and open area
ratio. Perforated sheets designated Rv18-26, Qv12-18, and Lv20×5-25×17 are manufactured from 1.5mm-thick
steel sheet, whereas perforated sheets Rv6-12, Rv4-8, and Rv2-3 are manufactured from 1.0mm-thick steel sheet.
Schematic representations of the perforated sheet samples used in the investigation are shown in Fig. 3. The
geometric parameters of all tested perforated sheets are summarised in Table 1.

Fig. 3. Schematic views of the perforated sheet samples Rv18-26, Qv12-18, Lv20×5-25×17, Rv6-12, Rv4-8,
and Rv2-3 used as side panels in the tested silencer.

Table 1. Geometric parameters of the perforated sheets used as inner liners in the absorption silencer.

Designation Hole shape Hole size Pattern Open area [%]

Rv18-26 Round 18mm diameter

60○ staggered

43.6

Qv12-18 Square 12mm side 44.0

Lv20×5-25×17 Elongated 20mm× 5mm 44.5

Rv6-12 Round 6mm diameter 22.8

Rv4-8 Round 4mm diameter 22.8

Rv2-3 Round 2mm diameter 40.4

For additional comparison, insertion loss measurements are carried out for a configuration comprising only
the glass wool, without a perforated sheet.
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3. Experiment

3.1. Test rig and operating conditions

The measurements are conducted on a test rig constructed in accordance with ISO 7235 standard (ISO,
2003). The reverberation chamber has a volume of 237.0m3 and an area of 231.5m2, with non-parallel, sound-
reflecting walls. During the measurement of self-noise and pressure drop, the tested silencer is connected to
a centrifugal fan via two absorption silencers (Fig. 4). During the measurement of insertion loss, the tested silencer
is connected to an external noise source (Fig. 5). The fan, noise source, and tested silencer are positioned outside
the reverberation chamber, whereas the outlet is situated inside the chamber. The silencer remains fixed in its
position throughout the entire test. Only the upstream source system is reconfigured once, by replacing the fan and
its silencers with the loudspeaker source used for the insertion loss measurements. For each perforated-sheet
variant, the side panels of the silencer are installed twice: first for the self-noise and pressure-drop measurements,
and subsequently for the insertion loss measurements, using the same glass wool slabs in both assemblies.

Fig. 4. Test stand with reverberation room scheme for self-noise and pressure drop measurements: 1) fan, 2) set of two
silencers, 3) pressure and temperature measurement, 4) test object, 5) pressure measurement, 6) flow velocity measurement,

7) microphone path, 8) reverberation room.

Fig. 5. Test stand with reverberation room scheme for insertion loss measurements: 1) noise source, 2) test object,
3) microphone path, 4) reverberation room.

The airflow rate is controlled by adjusting the frequency of the fan motor using a three-phase inverter,
which enables tests at various inlet velocities (4m/s, 6m/s, and 8m/s). The volumetric flow is determined using
a Prandtl tube in accordance with ISO 5221 standard (ISO, 1984), with measurements performed in the inlet
duct. The static pressure drop across the tested element is measured both upstream and downstream at four
circumferentially spaced points using an electronic differential pressure transducer.

3.2. Acoustic and aerodynamic measurements

Acoustic measurements focus on the determination of sound power level in accordance with ISO 3741 stan-
dard (ISO, 2010), which specifies precision methods for reverberation chambers. The measuring system com-
prises a class 1 Norsonic Nor140 sound analyser, a Nor265 rotary table, and the Nor850 software suite. Sound
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pressure levels are recorded at twelve points distributed uniformly along a circle with a radius of 1.7m (circum-
ference 10.7m) inside the chamber. For each operating condition and each configuration, a single measurement
sequence is performed, during which the microphone is successively placed at all twelve positions, while the si-
lencer and duct system remain unchanged. Measurements are performed in 1/3-octave bands within the frequency
range from 50Hz to 10 000Hz, with each acquisition lasting 30 s.
Background noise is recorded for each measurement series with airflow switched off, enabling calculation of the

background correction. Reverberation time is measured for four omnidirectional loudspeaker positions with three
microphone positions. All sound power level calculations are completed using a dedicated calculation sheet.
Prior to and following each measurement sequence, instrument calibration is conducted using a class 1 Nor-

sonic Nor1256 calibrator. Additionally, after each measurement set, temperature, relative humidity, and atmo-
spheric pressure are measured and documented, ensuring accurate correction and traceability in the sound power
calculation process.

3.3. Statistical analysis

In order to verify whether the differences between the measured values are statistically significant at the 5%
significance level, Student’s t-test for two means under the assumption of equal population variances is applied.
The statistical procedure follows the approach described in (Montgomery, Runger, 2018). Two independent
samples with sizes n1 and n2 are considered, for which the sample means x1, x2, and standard deviations s1,
s2 are determined. The sample standard deviations are similar in magnitude, which justifies the assumption of
homogeneity of variances.
The null hypothesis states that the mean values of the investigated quantity (e.g., insertion loss) under the

two measurement conditions are equal:
H0 ∶ µ1 = µ2, (1)

with the alternative hypothesis:
H1 ∶ µ1 ≠ µ2, (2)

corresponding to a two-sided test at the significance level α = 0.05. In the first step, the pooled estimate of
the common variance is computed as

s2p =
(n1 − 1) ⋅ s21 + (n2 − 1) ⋅ s22

n1 + n2 − 2
, (3)

and the test statistic is then given by

t0 =
x1 − x2

sp ⋅
√

1
n1
+ 1

n2

. (4)

The statistic t0 follows a Student’s t-distribution with n1+n2−2 degrees of freedom. Based on the calculated value
of t0 and the degrees of freedom df = n1 + n2 − 2, the p-value is obtained or the critical region determined using
the quantile tα/2,df . The null hypothesis H0 is rejected if

∣t0∣ > tα/2,df , (5)

which indicates that the difference between the sample means is statistically significant at the 95% confidence
level. Otherwise, there is no statistical evidence to conclude that the mean values differ between the compared
silencer configurations.

4. Results

4.1. Insertion loss

Insertion loss is applied to quantify the acoustic performance of the tested silencers. Insertion loss Di is
defined as the reduction in sound power level measured downstream of the silencer resulting from the replacement
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of a reference duct section with the silencer under test. In the present study, the reference section is a silencer
with glass wool panels covered on the inner side by a solid (non-perforated) metal sheet, whereas the test objects
are silencers with glass wool panels covered by a perforated metal sheet or, in one variant, with exposed glass
wool. Insertion loss is calculated according to:

Di = LW II −LW I, (6)

where LW I is the sound power level in the considered frequency band measured downstream of the silencer with
the perforated sheet (or exposed wool), and LW II is the sound power level in the same frequency band measured
downstream of the reference silencer with a solid (non-perforated) metal sheet.
This approach enables the evaluation of the acoustic effectiveness associated with the use of perforated sheets

of varying aperture size and shape. In addition, a single-number A-weighted insertion loss value is determined
for a flat-spectrum noise, assuming a constant sound power level in all frequency bands prior to A-weighting.
Table 2 presents the calculated insertion loss values in octave bands and the single-number A-weighted values

for silencers fitted with various internal perforated metal sheets, as well as for the configuration with exposed
glass wool. The insertion loss spectra in 1/3-octave bands for all tested configurations are shown in Fig. 6.

Table 2. Insertion loss values in octave bands for silencers with various internal perforated sheets.

f [Hz]
Di [dB]

Rv18-26 Qv12-18 Lv20×5-25×17 Rv6-12 Rv4-8 Rv2-3 Wool itself

63 0.2 −0.1 −0.2 −0.2 −0.5 −0.5 0.0

125 0.9 1.0 0.6 0.6 0.5 0.5 0.8

250 4.2 4.6 4.5 4.9 4.9 4.8 5.0

500 8.5 8.4 8.3 8.4 8.6 8.3 8.3

1000 13.0 13.2 13.4 13.6 13.6 13.3 13.6

2000 6.5 6.6 6.5 8.1 8.2 8.1 8.6

4000 3.5 3.7 3.6 4.7 4.7 4.5 4.7

8000 1.5 1.4 1.4 0.9 0.8 0.8 0.4

A 5.2 5.3 5.2 5.6 5.6 5.5 5.4
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Fig. 6. Insertion loss spectra in 1/3-octave bands for silencers with different internal perforations.

Notable differences are observed between the tested perforated sheets, particularly in the mid- and high-
frequency ranges.
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In the lowest octave bands (up to 125Hz), insertion loss is minimal and does not exceed 1 dB for any variant,
indicating limited low-frequency attenuation regardless of perforation type. In the range from 250Hz to 1000Hz,
all configurations achieve similar insertion loss, with values peaking in the 800Hz to 1250Hz band.
Above 1000Hz, the insertion-loss spectra of the individual silencers start to diverge. In the range 1000Hz

to 5000Hz, silencers with smaller round apertures (Rv6-12, Rv4-8, Rv2-3) generally exhibit higher insertion
loss than variants with larger apertures (Rv18-26, Qv12-18, Lv20×5-25×17). At the highest frequencies (above
6300Hz), the trend reverses, and perforated sheets with larger holes tend to provide higher insertion loss.
To quantify these differences, a two-sample Student’s t-test with pooled variance was applied. The analysis

shows that the differences between the groups with smaller and larger apertures are statistically significant at
the 5% significance level in the frequency range from 1250Hz to 2500Hz and at 4000Hz and 10 000Hz, whereas
at the remaining frequencies no statistically significant differences between the compared groups are confirmed.
These findings indicate that the type of internal perforated sheet influences insertion loss primarily in the

mid- to-high frequency range. Perforated sheets with smaller apertures provide more effective attenuation in
those bands where statistically significant differences are observed (mainly from 1250Hz to 2500Hz and around
4000Hz), while at other frequencies the apparent trends in the spectra are not supported by statistical evidence.
The shape of the aperture has a secondary effect relative to aperture size.

4.2. Self-noise

Table 3, Table 4, and Table 5 present octave-band sound power levels and overall A-weighted values reported
for the self-noise of all tested silencer configurations: perforated sheets, glass wool without an internal sheet, and
solid sheet. Each table contains results obtained for a single flow velocity, namely 4m/s, 6m/s or 8m/s. Figure 7
to Fig. 9 illustrate the self-noise spectra in 1/3-octave bands for all tested silencers at flow velocities of 4m/s,
6m/s, and 8m/s, respectively.

Table 3. Sound power levels of self-noise for all silencer configurations (perforated sheets, glass wool, solid sheet):
octave-band values and overall A-weighted value at a flow velocity of 4m/s.

f [Hz]
LW [dB] at flow velocity 4m/s

Rv18-26 Qv12-18 Lv20×5-25×17 Rv6-12 Rv4-8 Rv2-3 Wool itself Sheet metal

63 45.0 46.6 45.3 45.3 44.8 45.0 45.0 46.6

125 34.1 34.5 34.1 34.0 34.8 34.7 34.9 35.7

250 34.1 34.5 33.9 33.0 32.7 32.8 32.5 39.7

500 28.3 28.8 28.4 28.0 27.7 27.8 27.7 37.3

1000 18.5 19.1 18.6 17.9 17.7 17.8 17.6 29.5

2000 15.8 16.0 15.9 15.1 15.0 14.9 14.8 21.4

4000 17.3 17.7 17.4 16.8 16.8 16.7 16.7 18.2

8000 20.3 21.1 20.3 20.1 20.1 20.0 20.1 20.5

A 30.2 30.7 30.2 29.6 29.4 29.4 29.3 37.1

Table 4. Sound power levels of self-noise for all silencer configurations (perforated sheets, glass wool, solid sheet):
octave-band values and overall A-weighted value at a flow velocity of 6m/s.

f [Hz]
LW [dB] at flow velocity 6m/s

Rv18-26 Qv12-18 Lv20×5-25×17 Rv6-12 Rv4-8 Rv2-3 Wool itself Sheet metal

63 53.2 55.2 53.6 52.9 52.6 52.8 53.1 55.0

125 42.7 42.7 42.7 42.6 42.7 42.7 42.6 44.0

250 42.6 42.7 42.4 41.1 41.2 41.2 40.6 47.6

500 37.4 37.7 37.2 36.9 36.9 36.3 36.1 45.6

1000 31.1 31.5 31.0 30.3 30.2 30.1 29.5 42.2

2000 26.6 27.2 26.8 25.8 25.5 25.2 24.4 37.3

4000 24.6 25.2 24.9 24.1 23.8 23.7 23.2 30.4

8000 21.1 21.9 21.1 20.9 20.9 20.9 20.9 22.2

A 39.1 39.5 39.1 38.3 38.3 38.0 37.6 47.1



422 Archives of Acoustics – Volume 51, Number 2, 2026

Table 5. Sound power levels of self-noise for all silencer configurations (perforated sheets, glass wool, solid sheet):
octave-band values and overall A-weighted value at a flow velocity of 8m/s.

f [Hz]
LW [dB] at flow velocity 8m/s

Rv18-26 Qv12-18 Lv20×5-25×17 Rv6-12 Rv4-8 Rv2-3 Wool itself Sheet metal

63 58.6 59.5 59.1 57.5 56.9 57.0 57.8 58.7

125 49.0 48.8 49.1 48.5 48.8 48.4 48.6 50.0

250 48.6 48.7 48.4 46.9 47.2 47.0 46.7 53.4

500 43.6 44.0 43.5 42.8 43.0 42.3 42.0 51.2

1000 39.0 39.4 39.0 38.3 38.3 37.6 37.0 49.2

2000 36.5 37.0 36.7 35.7 35.2 35.2 34.3 46.6

4000 34.4 34.9 34.8 33.9 33.6 33.4 33.0 40.9

8000 26.7 27.2 26.9 26.6 26.5 26.4 26.1 30.6

A 46.2 46.5 46.2 45.2 45.3 44.8 44.4 54.1

0

10

20

30

40

50

60

L
W

[d
B

]

f [Hz]

Rv18-26 Qv12-18 Lv20×5-25×17 Rv2-3

Rv4-8 Rv6-12 Wool itself Sheet metal

Fig. 7. Self-noise spectra (1/3-octave bands) of silencers at 4m/s flow velocity.
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Fig. 8. Self-noise spectra (1/3-octave bands) of silencers at 6m/s flow velocity.



K. Wójciak et al. – Impact of Perforated Sheet Geometry on the Insertion Loss of Absorptive Silencers 423

0

10

20

30

40

50

60

L
W

[d
B

]

f [Hz]

Rv18-26 Qv12-18 Lv20×5-25×17 Rv2-3

Rv4-8 Rv6-12 Wool itself Sheet metal

Fig. 9. Self-noise spectra (1/3-octave bands) of silencers at 8m/s flow velocity.

At a flow velocity of 4m/s, the self-noise levels of all silencers with perforated sheets are similar and remain
within a narrow range. The configuration containing only glass wool exhibits the lowest overall self-noise. In
the lowest frequency bands (63Hz to 250Hz), differences between perforated sheet variants are negligible, and the
levels are close to those observed for this configuration.
To quantify the observed differences between perforated sheet types, a two-sample Student’s t-test was applied.

For 4m/s, the analysis indicates that the differences in self-noise between silencers with small apertures (Rv6-12,
Rv4-8, Rv2-3) and those with larger or elongated apertures (Rv18-26, Qv12-18, Lv20×5-25×17) are statistically
significant at the 5% significance level in the 160Hz to 315Hz and 800Hz to 4000Hz bands, whereas at the
remaining frequencies no statistically significant differences between these two groups are confirmed.
As the flow velocity increases to 6m/s and 8m/s, self-noise levels rise for all configurations. At both higher ve-

locities, silencers with the smallest apertures (Rv6-12, Rv4-8, Rv2-3) generally display lower self-noise values than
those with larger or elongated apertures (Rv18-26, Qv12-18, Lv20×5-25×17), particularly in the 500Hz to 4000Hz
range. For 6m/s, the t-test shows statistically significant differences between these two groups in the 160Hz to
315Hz and 800Hz to 2500Hz bands, while for 8m/s the statistically significant range extends from 160Hz
to 500Hz and 800Hz to 2500Hz. Outside these bands, the apparent differences in the spectra are not confirmed
as statistically significant at the 5% level. The configuration with a solid (non-perforated) inner sheet consis-
tently generates the highest self-noise levels across all velocities, especially in the mid-frequency range, whereas
the configuration with exposed wool maintains comparatively low self-noise at all flow rates.
A detailed analysis of the spectral distributions indicates that the largest differences between perforated sheet

variants occur in the 160Hz to 5000Hz range, particularly at 8m/s. At the highest flow velocity, silencers with
larger apertures tend to exhibit increased self-noise in this range compared to those with small apertures.
In summary, the type of perforation in the internal sheet of the silencer has a measurable influence on self-

noise, especially at elevated flow velocities and in the 160Hz to 5000Hz range. Perforated sheets with smaller
apertures provide a moderate reduction in self-noise relative to variants with larger or elongated apertures in
those bands where statistically significant differences are observed, while a solid sheet as the inner lining results
in unfavourable self-noise performance over most of the spectrum.

4.3. Pressure loss

Table 6 presents the measured pressure loss values for the silencer with various internal perforated sheets, as
well as for the configurations with exposed glass wool and a solid (non-perforated) sheet, at flow velocities of
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Table 6. Pressure loss of silencers with various perforated sheets at different flow velocities.

v [m/s]
∆p [Pa]

Rv18-26 Qv12-18 Lv20×5-25×17 Rv6-12 Rv4-8 Rv2-3 Wool itself Sheet metal

4 1.8 1.8 1.9 1.8 2.0 1.4 1.6 2.1

6 4.0 4.3 3.9 3.8 4.2 3.5 3.8 4.2

8 6.8 7.1 6.3 6.3 7.0 6.2 6.6 7.0

4m/s, 6m/s, and 8m/s. Figure 10 shows the average pressure loss as a function of flow velocity for all tested
configurations.

�

Fig. 10. Average pressure loss of silencers as a function of flow velocity.

The pressure losses observed for all variants increase with flow velocity and remain consistent across different
types of internal perforated sheets. For each flow velocity, the differences between configurations do not exceed
1Pa. Both the configuration with exposed glass wool and that with a solid sheet exhibit pressure losses within
the same range as the perforated sheet variants.
These results indicate that the type and geometry of the internal perforated sheet have a negligible effect on

the overall pressure loss of the silencer, and the pressure loss characteristics are primarily governed by the total
flow resistance of the silencer assembly.

5. Conclusions

This paper investigated the impact of perforated sheet metal on the performance of absorptive silencers,
focusing on insertion loss, self-noise, and pressure loss characteristics. The study utilised a modular silencer
test rig with replaceable side panels, allowing for the evaluation of various perforated sheet geometries (circu-
lar, square, elongated), sizes and perforation ratios. Glass wool (Ventilux 6335, 100mm thick) served as the
sound-absorbing material. Insertion loss measurements were conducted in a reverberation chamber according to
ISO 7235 (ISO, 2003), across the 50Hz to 10 000Hz frequency range. The same glass wool layers were used in all
measurements, ensuring constant properties of the absorption material throughout the test. Furthermore, acous-
tics measurements were based on averaging over 12 different microphone positions in the reverberation chamber.
All acoustic measurements were performed using the same measurement instrumentation.
Insertion loss tests revealed that all silencer variants exhibited minimal attenuation at low frequencies (below

160 Hz). In the 250Hz to 1000Hz range, all perforated sheet variants and the wool-only configuration achieved
similar, relatively high insertion loss values, with a maximum around 1000Hz. Above 1000Hz, silencers with
smaller round apertures (Rv6-12, Rv4-8, Rv2-3) provided higher insertion loss in the 1000Hz to 5000Hz range,
whereas for frequencies above 6300Hz, perforated sheets with larger apertures (Rv18-26, Qv12-18, Lv20×5-25×17)
offered superior attenuation. The statistical analysis based on two-sample Student’s t-test with pooled variance
confirmed that the differences in insertion loss between the group with larger or elongated apertures (Rv18-26,
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Qv12-18, Lv20×5-25×17) and the group with smaller round apertures (Rv6-12, Rv4-8, Rv2-3) are statistically
significant at the 5% significance level in the 1250Hz to 2500Hz bands, as well as at 4000Hz and 10 000Hz,
while at the remaining frequencies the observed differences were not confirmed as statistically significant.
Self-noise measurements showed that, at a flow velocity of 4m/s, all tested configurations exhibited similar

levels, with the wool-only configuration having the lowest overall self-noise. As the flow velocity increased to
6m/s and 8m/s, self-noise levels rise for all silencers and the differences between perforated sheet types became
more apparent: silencers with the smallest apertures (Rv6-12, Rv4-8, Rv2-3) consistently exhibited slightly lower
self-noise, particularly in the 160Hz to 5000Hz range. Silencers equipped with a solid (non-perforated) inner
sheet generated the highest self-noise levels across all test conditions, especially in the mid-frequency bands.
For all investigated flow velocities, the statistical evaluation indicated that the differences in self-noise between
silencers with small round apertures and those with larger or elongated apertures were statistically significant in
the 160Hz to 315Hz and 800Hz to 2500Hz bands, whereas outside these ranges the apparent differences in the
spectra were not confirmed as statistically significant at the 5% level.
Pressure loss measurements demonstrated that, for all tested variants, pressure loss increased proportionally

with airflow velocity and remained consistent between different perforated sheet types. The differences in pressure
drop for a given velocity did not exceed 1Pa, and the absolute values were similar for perforated, solid, and wool-
only configurations. Thus, the geometry of the internal perforated sheet had a negligible effect on pressure loss
in this silencer type.
A key observation is that the Rv18-26 and Rv2-3 perforated sheets had identical aperture shape (round)

and a similar perforation ratio (43.6% for Rv18-26 and 40.4% for Rv2-3), yet their performance differed sig-
nificantly. The Rv2-3 sheet, with smaller holes, provided much higher insertion loss and lower self-noise in the
mid-frequency range compared to Rv18-26, which had much larger apertures. Therefore, it can be concluded
that it is primarily the aperture size (not the shape or perforation ratio) that governs acoustic effectiveness in
absorptive silencers. This conclusion is supported by the statistical results, which systematically demonstrate
significant differences between the groups with small and large apertures in the mid-frequency range for both
insertion loss and self-noise. It should be noted that the perforated sheets with smaller apertures (Rv6-12, Rv4-8,
Rv2-3) had a thickness of 1.0mm, whereas the sheets with larger apertures (Rv18-26, Qv12-18, Lv20×5-25×17)
were 1.5mm thick, which may also influence the silencer performance. Although the small- and large-aperture
sheets also differed in thickness (1.0mm vs 1.5mm), the comparison of Rv2-3 and Rv18-26 (similar open area
ratio and identical hole shape) indicates that the aperture diameter is the dominant factor affecting insertion loss.
The results demonstrate that perforated sheets with small round apertures (Rv6-12, Rv4-8, Rv2-3) ensure

the most favourable combination of high insertion loss across a wide frequency range and low self-noise, without
causing any measurable increase in pressure loss. These findings suggest that, for ventilation and noise control
applications, the use of perforated sheets with small circular apertures enables effective noise reduction without
compromising airflow performance. In the acoustic measurements, the same test silencer remained in place. The
only change in the setup was the sound source, which was switched once from the fan unit with silencers to a loud-
speaker system for insertion loss determination. For each perforated configuration, the side panels were mounted
twice: once for self-noise and pressure loss measurements, and once for insertion loss measurements after switching
the sound source. In both types of acoustic tests (insertion loss and self-noise), panels with smaller perforation
(Rv6-12, Rv4-8, Rv2-3) consistently exhibited superior acoustic performance compared to panels with larger
apertures.
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