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In Memoriam

Professor Andrzej Stepnowski

1940 – 2024

Professor Andrzej Stepnowski was born in Biała
Podlaska on 4 January 1940, the son of a lawyer cou-
ple who settled in Gdańsk after the war. Between 1958
and 1964, he studied at the then Faculty of Communi-
cations of Gdańsk University of Technology, and was
a prominent member of the board of the Polish Stu-
dents’ Association. In 1964, he earned his master’s de-
gree in electronics with a focus on radiolocation, and
became an assistant at the Department of Radionav-
igation, where he conducted hydroacoustics research.
This research resulted in the development of a world-
class computer-based system for fish stock estimation,
which was installed aboard the RV Profesor Siedlecki

as part of the FAO research programme. Professor An-
drzej Stepnowski was awarded the title of Master of
Polish Technology for his work. After passing his doc-
toral examination with distinction in 1974, he went on
to obtain his habilitation degree (postdoctoral degree)
in 1992. His research in both cases was related to the
hydroacoustics of fishing. In 2004, he was awarded
the title of professor.

Between 1983 and 1985, he was the head of the De-
partment of Hydroacoustics, and from 1994 to 1999,
he chaired the Department of Environmental Acous-
tics, and then became the head of the Department of
Telemonitoring Systems and Department of Geoinfor-
matics Systems – he held these positions until 2011.

From 1996 to 1999, he was the Vice-Dean for Research
at the Faculty of Electronics, Telecommunications and
Informatics, and served as the Vice-President for re-
search of the Gdańsk University of Technology between
2002 and 2005.

Professor Stepnowski was a world-renowned expert
on underwater acoustics, and participated in research
internship programmes at the Massachusetts Institute
of Technology in the US and the IRPeM Research In-
stitute of the National Research Council of Italy in
Ancona. He was also a visiting professor at four uni-
versities around the world – in the US, Canada, Turkey
and Indonesia – he also served as a UN expert on food
security and agriculture, editor for the Acta Acustica

journal and vice president for Europe of the IEEE Na-
tional Security Committee.

In the 2000s, Professor Stepnowski’s research inter-
ests also included geoinformatics, an important aspect
of which is the collection of data using hydroacoustic
methods. He was the founder and later also the chair
of the supervisory board of C-Map Poland, the coun-
try’s pioneering geoinformatics business, which be-
came Jeppesen Poland, part of the Boeing corporation,
in 2007.

Professor Stepnowski’s scholarly achievements in-
clude two monographs, more than 250 research papers,
eight patents and more than 30 successful research and

https://acoustics.ippt.pan.pl/index.php/aa/index
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implementation projects. He was the advisor for seven
successful doctoral students, three of whom would go
on to earn habilitation degrees (postdoctoral degrees).
The mobile satellite urban navigation system for the
visually impaired, Voice Maps, developed under his su-
pervision, was awarded a gold medal at the Technolog-
ical Innovation Fair in Brussels in 2014.

Professor Stepnowski was also a prominent contrib-
utor to several scientific societies. He was a member of
the Acoustics Committee of the Polish Academy of Sci-

ences and a member and secretary general of the Polish
Acoustics Society, as well as organiser of the Hydroa-
coustics Symposia and various international acoustics
conferences.

He was awarded a Knight’s Cross and an Officer’s
Cross of the Order of Polonia Restituta, a Medal of
the Commission of National Education and a Medal
of Merit for the Gdańsk University of Technology.

Professor Roman Salamon
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Speech Emotion Recognition Using a Multi-Time-Scale Approach

to Feature Aggregation and an Ensemble of SVM Classifiers
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Faculty of Computer Science, Białystok University of Technology
Białystok, Poland

∗Corresponding Author e-mail: s.zielinski@pb.edu.pl
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Due to its relevant real-life applications, the recognition of emotions from speech signals constitutes a popu-
lar research topic. In the traditional methods applied for speech emotion recognition, audio features are typically
aggregated using a fixed-duration time window, potentially discarding information conveyed by speech at vari-
ous signal durations. By contrast, in the proposed method, audio features are aggregated simultaneously using
time windows of different lengths (a multi-time-scale approach), hence, potentially better utilizing information
carried at phonemic, syllabic, and prosodic levels compared to the traditional approach. A genetic algorithm
is employed to optimize the feature extraction procedure. The features aggregated at different time windows
are subsequently classified by an ensemble of support vector machine (SVM) classifiers. To enhance the gener-
alization property of the method, a data augmentation technique based on pitch shifting and time stretching
is applied. According to the obtained results, the developed method outperforms the traditional one for the
selected datasets, demonstrating the benefits of using a multi-time-scale approach to feature aggregation.

Keywords: speech emotion recognition; feature aggregation; ensemble classification.

Copyright © 2024 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

Since the publication of Picard’s seminal report
in 1995 (Picard, 1995), “affective computing”, which
concerns the identification, modelling, and reacting
to human emotions by machines, has played an in-
creasingly important role in the development of ar-
tificial intelligence algorithms. A growing interest of
researchers in the area of affective computing is driven
by the demands for emotion-aware applications. For
example, the algorithms processing human emotions
could be applied in health and safety systems, call
centers, marketing recommenders, and forensic soft-
ware. While human emotions could be recognized us-
ing a variety of methods, including facial recogni-
tion (Jain et al., 2019), analysis of body movements
(Zacharatos et al., 2021), or through the exploration
of physiological data (Yang et al., 2023), the scope of
this paper is limited to the identification of emotions
based solely on speech signals.

The methods applied to computational emotions
recognition can be divided into the following two

groups. The first one consists of the algorithms us-
ing the audio feature extractors combined with the
classical machine learning algorithms. The second one
is based on modern deep learning algorithms such as
the convolutional neural networks. The performance
of the speech emotion recognition methods has recently
greatly improved, primarily due to the incorporation of
the aforementioned deep learning techniques (Khalil
et al., 2019; Pandey et al., 2019). The main advan-
tage of deep learning techniques, over the traditional
methods, is that they normally do not require any fea-
ture extraction procedure, typically engineered manu-
ally by domain experts. The speech signals are either
fed to the inputs of the deep learning algorithms di-
rectly (Tzirakis et al., 2018) or indirectly through
some form of intermediate transformations, most no-
tably spectrograms (Eskimez et al., 2018; Choi et al.,
2018; Zhao et al., 2018; 2019; Zhang et al., 2020;
Guizzo et al., 2020; Tang et al., 2021). Nevertheless,
the methods based on the deep learning approach still
exhibit some limitations. For example, they require rel-
atively large data sets for training. Moreover, they may

https://acoustics.ippt.pan.pl/index.php/aa/index
https://orcid.org/0000-0002-3205-974X
mailto:s.zielinski@pb.edu.pl
https://creativecommons.org/licenses/by/4.0/


154 Archives of Acoustics – Volume 49, Number 2, 2024

suffer from over-learning during memorization of layer-
wise information (Khalil et al., 2019). Furthermore,
due to their relatively high computational complexity,
the optimization of the deep learning algorithms typ-
ically consumes more electric energy compared to the
traditional techniques (the aspect of energy-efficiency
of machine learning algorithms is often overlooked
in the scientific literature (García-Martín et al.,
2019)). Hence, the traditional algorithms should not
yet be considered as obsolete.

In this paper, we present an improved version of the
traditional method applied to speech emotion recogni-
tion. In traditional speech emotion recognition algo-
rithms, input signals are analyzed using a time win-
dow of a constant duration (Omman, Eldho, 2022;
Seknedy, Fawzi, 2022; Shahin, 2020). Such an ap-
proach is based on an implicit assumption that the
features analyzed using a fixed-duration time window
capture sonic information equally well at a microscopic
level (allophones, phones, syllables) and a macrosco-
pic level (words, sentences). However, the way certain
emotions affect the articulation of phonemes may be
different from the way they influence the pronuncia-
tion of words or sentences (prosodic characteristics).
The above assumption motivated these authors to de-
sign a method that explicitly takes into account infor-
mation at multiple time scales. Such a strategy could
be referred to as a multi-time-scale (MTS) approach
to feature aggregation.

In machine audition, MTS methods are not new.
For example, they proved to be effective in the area of
respiratory sound classification (Monaco et al., 2020).
More recently, Guizzo et al. (2020) have redesigned
a standard convolutional neural network to take into
account multiple time scales, demonstrating the su-
periority of such an approach compared to the stan-
dard convolutional networks when applied to speech
emotion recognition. However, to the best of the au-
thors’ knowledge, no one has attempted to introduce
MTS techniques to the “traditional” classification al-
gorithms in the field of speech emotion recognition.

The main contribution of this work is to demon-
strate that the performance of the traditional meth-
ods can be improved by aggregating features concur-
rently using time windows of different lengths (MTS
approach). Such an approach could be likened to tak-
ing pictures with a camera equipped with a set of
different focal lenses, allowing a photographer to si-
multaneously acquire both micro- and macroscopic
views of a photographed scene. The additional nov-
elty of this work is the application of a genetic algo-
rithm to optimize the parameters of the feature ex-
tractors. In machine learning, genetic algorithms are
typically exploited for the purpose of feature “selec-
tion” (Sayed et al., 2019; Jadhav et al., 2018). Ap-
plication of genetic algorithms for tuning feature ex-
tractors is very rare. In this study, a genetic algorithm

was used to optimize the feature extractor responsible
for the derivation of the Mel-frequency cepstral coeffi-
cients (MFCC). Although the research indicates that
the parameters employed in the MFCC extraction al-
gorithm should be optimized for a given task (Sahoo,
Routray, 2016), undertaking a comprehensive opti-
mization of MFCC extractors still constitutes an un-
common practice. Unlike most of the researchers, in
this study, the authors decided to optimize 13 param-
eters of the MFCC extraction algorithm. Due to a rel-
atively large number of parameters to be optimized,
a popular grid-search optimization technique turned
out to be impractical. While a genetic algorithm is
commonly regarded as computationally demanding, in
this study it proved to be more resourceful compared
to the aforementioned grid-search technique.

To enhance the generalization property of the
method, a data augmentation technique based on pitch
shifting and time stretching was applied. In general,
applying pitch shifting and time stretching effects to
a speech signal may distort the overall prosody of the
utterance, weakening its emotional expression. How-
ever, according to the research in the area of speech
emotion recognition, the original emotional charac-
teristics of speech signals may still be preserved if
the above modulation processes are applied conser-
vatively (Mohino-Herranz et al., 2014; Tao et al.,
2023). Therefore, care was taken by the authors in em-
ploying pitch shifting and time stretching algorithms
to maintain the original emotional characteristics of
the speech recordings.

The proposed method was evaluated using five
publicly available speech corpora, namely: CREMA-D
(Cao et al., 2014), eNTERFACE (Martin et al., 2006),
RAVDESS (Livingstone, Russo, 2018), SAVEE
(Haq, Jackson, 2011), and TESS (Pichora-Ful-
ler, Dupuis, 2020). The method was tested both un-
der speaker-dependent and speaker-independent con-
ditions. Moreover, its generalization property was also
evaluated using cross-corpus tests. According to the
obtained results, the developed method outperforms
or it is comparable to the traditional ones for the se-
lected datasets, demonstrating the benefits of using the
MTS approach to feature aggregation.

The paper is organized as follows. In the next sec-
tion we give an overview of the work of other re-
searchers in the area of speech emotions recognition.
In Sec. 3 we explain the methodology applied in our
study. The obtained results are described in Sec. 4.
The discussion of the obtained results and the conclu-
sions are provided in Secs. 5 and 6, respectively.

2. Related work

Since the pioneering work of Picard (1995), the
topic of the automatic speech emotion recognition
has been investigated by many scientists, resulting
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in a considerable body of research. Table 1 overviews in
chronological order the example studies in this area
published over the past thirteen years. They were arbi-
trarily selected by these authors. The studies presented
in the table are limited to the traditional algorithms as
they are pertinent to the work presented in this paper.
The methods based on deep learning techniques have
been omitted from the table. An interested reader is re-
ferred to papers by Khalil et al. (2019) and Pandey
et al. (2019), for comprehensive reviews of deep learn-
ing techniques and their applications to speech emotion
recognition.

In the traditional methods used for speech emotion
recognition, a classical two-stage machine-learning
topology is used. It consists of an audio feature
extractor followed by a classification algorithm. The
features derived in the feature extractor typically
include Mel-frequency cepstral coefficients (MFCC),
linear predictive coding (LPC) coefficients, signal en-

Table 1. Overview of the traditional methods used for speech emotions recognition since the year 2005
(in chronological order).

Reference Model Model input data Corpus
Number

of emotions

Reported
accuracy

[%]

Lin, Wei

(2005)

HMM
F0, energy, F1-4, MFCC1-2,
MBE1-5 with SFS selection DES 5

99.5

SVM MEDC 88.9

Majkowski et al.
(2016)

KNN RMS, energy, MFCC1-12,
delta features, ZCR, F0, SCG,
SF, SRO with SFS selection

Polish radio broadcasts 6

75.6

LDA 80.5

SVM 79.2

Ghaleb et al.
(2019)

SVM
low-level energy descriptors,

spectral, vocal delta coefficients

CREMA-D
6

56.2

eNTERFACE 55.9

Shahin

(2020)

HMM
(two-stage)

MFCC in Arabic 6

72.8

GMM 63.3

SVM 64.5

VQ 61.5

Abdel-Hamid

(2020)

SVM pitch, intensity, formants,
MFCC, LTAS, wavelet features

EYASE 4
66.8

KNN 61.7

Seknedy, Fawzi

(2021)

MLP

RMS, MFCC1-12, ZCR,
voicing probability, F0

RAVDESS 8

64.93

SVM 70.56

RF 59.31

LR 62.64

Seknedy, Fawzi

(2022)

MLP
MFCC1-40,

Mel-spectrogram1-128,
Chroma1-12, Tonnetz,

Contrast1-8, RMS

EYASE 4

62.4

SVM 50.6

RF 62.4

LR 62.9

MLP + SVM
+ RT + LR
(ensemble)

65.1

Omman, Eldho

(2022)
SVM (ensemble)

MFCC, ∆MFCC,
∆∆MFCC,

spectral subband centroids,
logfbank

RAVDESS 8 80.07

Cao et al.
(2022)

Hessian-based
subspace learning
+ domain adaption

MFCC, ∆MFCC,
∆∆MFCC, LPC, LAFC,

Philips fingerprint,
spectral entropy

EMO-DB, NNIME,
IEMOCAP,

MSP-IMPROV,
MSP-PODCAST

4 54.93

ergy, fundamental frequency (F0), and zero-crossing
rate (ZCR), as exemplified in the third column in
Table 1. The classical machine learning algorithms
are commonly utilized as classifiers, most notably
support vector machines (SVM), random forests (RF),
multilayer perceptrons (MLP), Gaussian mixture
models (GMM), techniques employing linear discrimi-
nant analysis (LDA), hidden Markov models (HMM),
dynamic time-warping (DT), and K-nearest neighbors
(KNN) (cf. the second column in Table 1). The most
recent studies in the area of speech emotion recogni-
tion have demonstrated that the performance of the
traditional methods could be improved by the incorpo-
ration of the ensemble of classifiers (Seknedy, Fawzi,
2022; Omman, Eldho, 2022). Moreover, evolutionary
algorithms, such as genetic algorithms, could be
successfully used to further enhance their performance
(Wang, Huo, 2019; Liu et al., 2018). However, as al-
ready emphasized in Sec. 1, the genetic algorithms are
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predominantly used for feature selection (Kanwal,
Asghar, 2021; Yildirim et al., 2021; Sidorov et al.,
2014), whereas in our study they were employed to
optimize the parameters of the feature extractors.

Note that the emotion recognition accuracy re-
ported by an early work of Lin and Wei (2005) (cf. top
row of Table 1) exceeds the accuracy levels reported by
many other authors, including the most recent work of
Cao et al. (2022) (cf. the bottom row of the table).
This observation highlights the difficulty in the direct
comparison across the studies, caused by the differen-
ces in the number of investigated emotions, differences
in speech corpora characteristics, or differences in test-
ing procedures (e.g., dissimilar proportions between
the train and test sets), just to mention a few factors.
Therefore, caution has to be exercised when compar-
ing the methods based on a single accuracy metric or
a particular testing procedure.

The speech corpora used for evaluation of the
methods can be divided into three groups according
to the way the emotions were evoked, namely: acted,
elicited, and natural. See the work of Basu et al. (2017)

Table 2. Overview of the speech corpora employed in this study.

Corpus Reference
Number

of speakers
Number

of utterances

Duration
of utterances

[s]
Emotion
categories

Emotion
types

Min. Mean Max

CREMA-D
Cao et al.

(2014)
92 7441 0.59 2.19 5.00

Happiness (1271)∗

Sadness (1270)
Fear (1271)

Anger (1271)
Disgust (1271)
Neutral (1087)

acted

RAVDESS
Livingstone, Russo

(2018)
24 1248 1.00 1.74 4.21

Happiness (192)
Sadness (192)
Surprise (192)

Fear (192)
Anger (192)
Disgust (192)
Neutral (96)

acted

SAVEE
Haq, Jackson

(2011)
4 480 0.86 3.22 7.14

Happiness (60)
Sadness (60)
Surprise (60)

Fear (60)
Anger (60)
Disgust (60)
Neutral (120)

acted

TESS
Pichora-Fuller, Dupuis

(2020)
2 2800 1.13 1.90 2.86

Happiness (400)
Sadness (400)
Surprise (400)

Fear (400)
Anger (400)
Disgust (400)
Neutral (400)

acted

eNTERFACE
Martin et al.

(2006)
10 1287 0.71 2.11 6.30

Happiness (212)
Sadness (215)
Surprise (215)

Fear (215)
Anger (215)
Disgust (215)

elicited

∗ Number of recordings representing a given emotion category.

for the differentiation between these three groups. The
speech corpora overviewed in Table 1 (fourth column)
predominantly represent acted emotions (Lin, Wei,
2005; Ghaleb et al., 2019; Abdel-Hamid, 2020;
Seknedy, Fawzi, 2021; 2022; Omman, Eldho, 2022;
Cao et al., 2022). In the studies of Ghaleb et al.
(2019) and Cao et al. (2022) in addition to the
datasets incorporating acted emotions, the corpora
employing elicited emotions were used as well. The
remaining studies presented in Table 1 used either
private corpora with an unknown type of emotions
or corpora in which types of emotions are mixed or
hard to verify (e.g., broadcasts). As mentioned earlier,
the differences in the characteristics between the
speech corpora could constitute a confounding factor
when comparing the results. Therefore, it is imperative
to employ several corpora when evaluating a given
method. One of the most challenging evaluation
scenarios involves testing new methods using corpora
that were not “seen” during the training procedure
(cross-corpus tests), including corpora representing
different demographic, social, cultural, or language
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characteristics (Su, Lee, 2021; Seknedy, Fawzi, 2021;
Tamulevičius et al., 2020; Milner et al., 2019;
Kaya, Karpov, 2018; Cao et al., 2022). In line with
the abovementioned observations, in the present study,
five following corpora were used, namely: CREMA-D
(7441 utterances, 44 female and 48 male speakers),
RAVDESS (1248 utterances, 12 female and 12 male
speakers), SAVEE (480 utterances, 4 male speakers),
TESS (2800 utterances, 2 female speakers), and eN-
TERFACE (1,287 utterances, 5 female and 5 male
speakers). All of these datasets were recorded in En-
glish. Only the eNTERFACE dataset contained record-
ings of elicited emotions, as the other four corpora
represented acted emotions obtained from amateur or
professional voice actors. Table 2 provides a detailed
overview of the five corpora used in this study. In ad-
dition to speaker-dependent and speaker-independent
tests, a cross-corpus test was also included in the eval-
uation procedure.

3. Method

The conceptual topology of the proposed algorithm
is shown in Fig. 1a. It consists of an ensemble of the fea-
ture extractors (FE) coupled with the individual SVM
classifiers. The prediction of the emotion category is
undertaken using the ensemble voting model. The dis-
tinct aspect of the proposed method is that the feature
extraction procedure is concurrently undertaken using
long-term, mid-term, and short-term time windows, as
depicted in the figure. Their duration is adjusted adap-
tively, depending on the duration of the original ex-
cerpts, although it does not exceed 7 s for long-term
windows, 2.33 s for mid-term windows, and 0.7 s for
short-term windows.

The algorithm depicted in Fig. 1a is computation-
ally inefficient since for the long-term, mid-term, and
short-term windows, the same set of the “primary” fea-
tures has to be calculated. The phrase “primary featu-
res” is used in this paper to denote the metrics calcu-
lated in the feature extractors such as the zero-crossing
rate, whereas the expression “secondary features” rep-
resents the statistics derived from the primary featu-
res. A computationally optimized topology of the pro-
posed method is illustrated in Fig. 1b. It consists of
the single feature extractor (FE), providing a set of pri-
mary features, and the ensemble of the feature aggrega-
tors (FA) coupled with the individual SVM classifiers.
The role of the feature aggregators (FA) is to convert
specific parts of primary features into secondary sta-
tistical features.

In this study, a computationally optimized version
of the algorithm has been implemented (Fig. 1b). Its
constituent blocks are described in detail in the sub-
sequent sections. More information on the MTS ap-
proach proposed in this study is provided in Sub-
sec. 3.3.

a)

Predicted 
emotion 
category

Long-term window ∆tLT

SVM LTFELT

Mid-term windows  ∆tMT

SVM MT1FEMT1

SVM MT2FEMT2

SVM MT3FEMT3

Short-term windows ∆tST

SVM ST1FEST1

SVM ST2FEST2

SVM ST3FEST3
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model

Speech 
signal

b)

Predicted 
emotion 
category

Long-term window ∆tLT

FA LT

Mid-term windows ∆tMT

FA MT1

FA MT2

FA MT3
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FA ST1
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SVM ST2

SVM ST3

SVM ST10

Fig. 1. Multi time-scale speech emotion classification
method: a) conceptual algorithm; b) computationally op-

timized algorithm.

The number of recognizable emotion classes de-
pended on the dataset used in the training stage. In
this work, the focus has been put on the Ekman ba-
sic emotion set, comprising such emotion categories as
anger, joy, disgust, sadness, fear, and surprise (Ek-
man, 1992), with the addition of the “neutral” emotion
class representing utterances that were not emotio-
nally charged, resulting in maximum of 7 classes in
total. In some evaluation cases, a subset of this basic
emotion set has been taken into consideration due to
the dataset limitations (but never being smaller than
5 emotion classes).

3.1. Feature extraction

Prior to undertaking the feature extraction proce-
dure, essential pre-processing tasks were carried out.
Namely, the leading and the trailing silence of every
recording was trimmed. The silence cutoff point in
each recording was the first sample of which the ab-
solute value exceeded 5% of the maximum absolute
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value of all samples in the recording. To equalize the
audio signals’ variance, each recording has been further
z-standardized. Since the sample rate in the proposed
algorithms was set to 44 100 Hz, all the audio record-
ings with a miss-matched sample rate were resampled
accordingly.

For each recording, the signal was divided into
time-frames of 1102 samples each, with an overlap of
827 samples. Such unusual values were adopted in this
study, since the employed genetic algorithm (described
in Subsec. 3.2) proved those values to be the best in
the context of this experiment. Since the sample rate
of the audio signals equaled 44 100 Hz, the duration of
a single time-frame amounted to approximately 25 ms
of which around 19 ms overlapped with the neighbor-
ing frame. The Hann window was applied to the sig-
nals in each frame. Similarly as before, the choice of the
window-type was determined by the genetic algorithm.
Finally, the features were extracted for each frame.

The following features have been taken into ac-
count: MFCC (20 coefficients), ZCR coefficient, fun-
damental frequency, and spectral flux, yielding 23
features in total. Additionally, the delta and delta-
delta values were computed for ZCR, fundamental fre-
quency, and spectral flux, respectively, as they provide
information on abrupt changes and transitions of those
features. Ultimately, for each audio frame, a prima-
ry feature vector of size 29 was computed. All of the
features were calculated using the Essentia toolbox
(Bogdanov et al., 2013). For all the configuration pa-
rameters unspecified in this paper, default values pro-
vided by the toolbox were used.

3.2. Genetic algorithm

While most of the features were relatively straight-
forward to calculate, the estimation of MFCC turned
out to be a more demanding task. The Essentia MFCC
extractor takes 13 different parameters, including the

Table 3. Parameters of the MFCC extraction algorithm optimized by the genetic algorithm.

Parameter Considered values Genetic algorithm results

Number of Mel coefficients 10, 13, 20, 40, 80, 120 20

Frame size (in samples) 512, 756, 1024, 1102 1102

Window type Hamming, Hann Hann

Mel scale implementation method
Auditory Toolbox (Slaney, 1998),
HTK toolkit (Young et al., 2006)

Auditory Toolbox

Logarithmic compression type Natural, power, magnitudes, logarithmic Magnitudes

Discrete cosine transform type II, III III

Normalization method Unit sum, unit triangle, unit max Unit triangle

The upper bound of the frequency range [Hz] 6000, 8000, 16 000, 20 000 16 000

The lower bound of the frequency range [Hz] 0, 50, 100, 200, 500 50

The number of Mel-bands in the filter 26, 128 128

Type of weighting function for determining triangle area Warping, linear Warping

Type of spectrum Magnitude, power Power

The liftering coefficient 0, 22, 10, 40, 100 40

number of Mel-frequency coefficients, the number of
Mel-frequency bands, upper and lower bounds of the
frequency range, discrete cosine transform type, type
of spectrum, and the liftering coefficient. Hence, man-
ual tuning proved to be a challenge and a need for an
appropriate optimization method arose. The complete
list of the optimized parameters is provided in Table 3.

While the popular greedy optimization algorithm
Grid Search is usually very effective for parameter tun-
ing, for this exact problem its computational complex-
ity turned out to be impractical. Therefore, an alter-
native optimization method was utilized, namely the
Genetic algorithm (Mitchel, 1996). In the context of
this study, it is more computationally efficient than
Grid Search as it avoids undertaking checks for every
possible solution. According to the literature, genetic
algorithms are most often utilized in the feature se-
lection process and classifier hyperparameter optimi-
zation (Kanwal, Asghar, 2021; Wang, Huo, 2019).
By contrast, in this study, a genetic algorithm has
been deployed to tune the parameters of the MFCC
extractor. The parameter values determined during
this search were subsequently used in the Essentia ex-
tractor to calculate the MFCC coefficients. The ge-
netic algorithm was implemented by the first author as
a multithreaded Python script. For reproducibility of
the research, the developed code is included in the pub-
licly available repository at GitHub (Stefanowska,
Zieliński, 2023).

The properties of the implemented genetic algo-
rithm are overviewed in Table 4. A specimen in this
problem is understood to be a specific parameter value
combination from the set of considered values for each
parameter. The fitness value for each specimen is calcu-
lated by extracting MFCC using its parameter values,
training a single SVM classifier with those extracted
coefficients, and checking its accuracy on a validation
set. All the fitness values were calculated using
the RAVDESS dataset (Livingstone, Russo, 2018)
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Table 4. Properties of the genetic algorithm.

Property Value

Maximum population size 10

Potential parent selection method 3-way tournament

Potential parent number 5

Crossover probability 0.7

Mutation probability 0.5

and then cached to save the computational power in
case of reoccurring specimens. The basic properties of
the genetic algorithm were picked based on how effec-
tively they seemed to perform in the few initial itera-
tions (Table 4). A relatively high mutation probability
proved to help with reaching more effective specimens
quicker.

For every parameter, a finite set of possible values
was specified (Table 3). Certain parameters were nu-
merical and their possible values were selected empir-
ically, others were categorical (e.g., the Mel scale im-
plementation method), and their possible values were
already provided by the toolbox. The best set of fi-
nal parameter values (see the last column in Table 3)
was determined after 120 iterations of the genetic al-
gorithm. A properly tuned MFCC extractor proved
to significantly increase the accuracy of the trained
model, as illustrated in Fig. 2.

Fig. 2. Example learning curve of the genetic algorithm.

3.3. Multi-time-scale approach to feature aggregation

The primary features calculated by the FE, as de-
scribed in the previous sections, are then processed us-
ing an ensemble of the FA. Each feature aggregator
takes a specific “slice” of the primary features, accord-
ing to the size of the corresponding time window. The
following statistics are calculated in the process of
the feature aggregation: mean values, standard devia-
tions, minimum and maximum values, as well as lower
and upper quartiles, yielding the set of 203 secondary
features at the output of each feature aggregator. In ac-
cordance with the typical practice in machine audi-
tion, the secondary features are further z-standardized
(Kreyszig, 1979).

According to the proposed topology, the algorithm
consists of the three blocks signified by the shaded ar-
eas in Fig. 1b, each utilizing a different time window
length. The top-most block comprises a single feature
aggregator FALT connected to its associated classi-
fier (SVMLT). A long-term window ∆tLT of the fea-
ture aggregation is used in this block. The duration
of the time-window is in this case set to the dura-
tion of the whole utterance, constrained to 7 s maxi-
mum. In other words, the primary features are ag-
gregated for the initial 7 s of each utterance. If the
recording exceeds that limit, it is trimmed to the maxi-
mum permissible length of 7 s. It is presumed that the
top-most block is responsible for capturing and pro-
cessing the prosodic features from the whole speech
utterance. Note that the way the signal is processed
using the top-block (in isolation from the remaining
two blocks) could be considered as the standard ap-
proach, commonly applied by the researchers in the
field of speech emotion recognition (Omman, Eldho,
2022; Seknedy, Fawzi, 2022; Abdel-Hamid, 2020;
Ghaleb et al., 2019). Therefore, in this study this part
of the algorithm is considered as the “baseline” method.

In the middle block depicted in Fig. 1b, the
long-term window is divided into the three overlap-
ping mid-term windows of maximum duration equal
to ∆tMT = 2.33 s each, with an overlap of approxi-
mately 0.1 s. These windows are responsible for divid-
ing all the primary features into the ones representing
the initial, middle, and ending part of each utterance,
respectively. The primary features from these three
mid-term time windows are then processed individu-
ally by the three feature aggregators. The statistics
calculated by the feature aggregators are the same as
the ones described above in the case of the long-term
window. In the next step, the secondary features de-
rived by the feature aggregators are fed to the three
SVM classifiers. Due to the shorter length of the win-
dow of analysis, it could be supposed that the middle
block would better utilize information conveyed by in-
dividual words.

The finest temporal resolution is exhibited by the
bottom-block shown in Fig. 1b. In this case the long-
term window of analysis is divided into ten overlap-
ping short-term windows. Consequently, the window
of analysis is further reduced down to ∆tST = 0.7 s at
most, with an overlap of 0.05 s. The primary features
encompassed by each of the ten short-term windows
are processed independently by the ten feature aggre-
gators, and then the ten classifiers. Out of the three
blocks included in the algorithm, the bottom one is the
most complex, as it consists of the ten feature aggrega-
tors combined with the ten associated SVM classifiers.
It could be hypothesized that the bottom-block would
be particularly efficient in capturing and processing in-
formation represented by short words or syllables. In
total, each speech utterance is concurrently analyzed
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and classified using 14 time windows (one long-term,
three mid-term, and ten short-term windows).

3.4. Classification algorithm

The support vector machine (SVM) classifier was
selected as the base model for the proposed method.
SVM is one of the most commonly used traditional
machine learning techniques, which despite being po-
tentially less effective than modern deep learning mod-
els, still prove advantageous in certain cases – es-
pecially when available datasets are sparse or too
small to train effective deep models (Omman, Eldho,
2022; Seknedy, Fawzi, 2022; Abdel-Hamid, 2020;
Ghaleb et al., 2019; Shahin, 2020). In the proposed
method, the SVM’s hyperparameters are optimized us-
ing the Grid Search algorithm. The parameters cho-
sen for tuning include the SVM’s C coefficient with
possible values of 0.1, 1, and 10; gamma coefficient
with possible values of 1

feature number
×0.1, 1

feature number
,

1

feature number
× 10; and the Kernel function that might

be chosen to be linear, polynomial of the 3rd degree,
or radial basis function (RBF).

Another parameter that gets optimized by the Grid
Search algorithm, yet does not belong to SVM’s hyper-
parameters, is the number of selected features that are
used as the final input vector. The list of possibilities
include: X = 100, 90, 50 or 25% of all the original fea-
tures. This optimized value is used at the feature selec-
tion stage, which consists of filtering out all the con-
stants and then utilizing the selection method based
on the ANOVAF statistic from the scikit-learn library
(Pedregosa et al., 2011). A rank of features is cre-
ated, of which only top X features with the best score
get selected (as mentioned previously, the X value is
determined by the optimization algorithm). The se-
quential process of parameter tuning, feature selection
and classifier training were managed with the use of
the pipeline tool from the scikit-learn toolbox (Pe-
dregosa et al., 2011).

3.5. Ensemble voting model

To make use of all the micro and macro informa-
tion contained in each of the statistical feature vectors
obtained as described in the previous sections, they
were used as inputs for separate SVM classifiers which
were then combined into an ensemble voting classifier
(cf. Fig. 1). The final assembling stage involved build-
ing the voting classifier. The soft voting method was
utilized. The winning class is the one with the great-
est total sum of probability of occurring in each com-
ponent classifier. Additionally, every probability was
weighted based on how well the classifier performed
on the validation dataset during the tuning phase. In
summary, the score for each class was calculated using
the equation:

sc =

N

∑
i=0

wi ∗ pc,i, (1)

where sc – score of the emotion class c; wi – voting
weight of the i-th classifier (its accuracy on the valida-
tion dataset during the tuning stage); pc,i – probability
of the emotion class c in the i-th classifier; N – num-
ber of classifiers.

The emotion class with the maximum score is con-
sidered to be the final ‘decision’ of the ensemble voting
classifier.

3.6. Data augmentation

In order to enhance the generalization property of
the classification model, all the speech recordings went
through the data augmentation process. Simple pitch
shifting and time stretching operations available in the
librosa toolbox (McFee et al., 2015) were applied to
enrich the existing datasets. Introducing pitch shift-
ing and time stretching effects to speech signals in-
fluences the overall prosody of the utterance. Conse-
quently, such processes may modify emotional expres-
sions. However, the authors assumed that the origi-
nal emotional characteristics of the speech recordings
would be preserved if these effects were applied cau-
tiously, that is using conservative pitch shifting and
time stretching limits. This assumption is in accor-
dance with the research in the area of speech emo-
tion recognition (Mohino-Herranz et al., 2014; Tao
et al., 2023). In line with the above considerations,
the pitch has been shifted up and then down by three
semitones whereas the audio signals have been sped
up and slowed down by 25%, respectively, resulting
in four new audio files for each existing audio file.
All the augmented recordings were further used only
in the training sets (the test sets comprised solely the
original recordings).

The developed method was implemented in Python.
The code was made publicly available at GitHub
repository (Stefanowska, Zieliński, 2023).

4. Results

The performance of the developed method was
evaluated in five experiments. The comparisons were
made both against the traditional algorithms as well
as the deep learning techniques, published recently in
the literature. Three different experimental method-
ologies have been considered, including speaker-depen-
dent tests, speaker-independent tests, and cross-corpus
tests.

4.1. Speaker-dependent tests

In this approach, recordings coming from the same
speakers can appear in validation, training, and test-
ing sets. The speaker-dependent tests were conducted
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for a single speaker using the TESS dataset. In
this case, only samples belonging to the younger ac-
tress were utilized. In total, 1400 audio recordings
were employed, representing seven emotion categories
(200 recordings per emotion). Moreover, additional
5 600 augmented excerpts were utilized in this ex-
periment. The tests followed the methodology from
the work of Chatterjee et al. (2021). The dataset
was split with a 65/15/20 percentage ratio in or-
der to obtain the training, validation, and test sub-
sets, respectively. For the sake of comparison, aside
from testing only the main proposed method utiliz-
ing an ensemble of SVM classifiers with the MTS ap-
proach and data augmentation (MTS+Aug), a variant
without data augmentation (MTS), as well as vari-
ants based on a single SVM classifier with augmenta-
tion (SVM+Aug) and without it (SVM), were tested
too, which resulted in four test cases. All the ex-
periments were repeated 30 times with different ran-
domization seeds and the final result was the mean
value of all the individual accuracy values obtained in
the repeated trials. Those results were presented on
the mean accuracy chart along with the correspond-
ing standard deviations (Fig. 3). It can be seen that
the proposed ensemble classifier with the MTS ap-
proach, labeled as MTS in the figure, outperformed
the method proposed by Chatterjee et al. (2021).
This outcome was statistically significant, based on the
one sample t-test (p-value was less than 10−4 for the
dependent t-test with a 0.05 alpha level). It also per-
formed better than the single SVM with the use of
augmented data (p < 10−4). Moreover, it outperformed
the standard SVM algorithm without data augmenta-
tion (p-value was approximately equal to 10−4). Hence,
the addition of the augmented data for the training
stages did not improve the accuracy for this case. Fig-
ure 4 shows the accuracy of recognition of the indi-
vidual emotions for the TESS dataset. It can be seen

CHATTERJEE et al.

Fig. 3. Accuracy chart for the TESS 65/15/20 split ratio
experiment with the speaker-dependent testing approach –
only younger actress’ samples were used. The results rep-
resent the mean accuracy values and associated standard

deviations.

Fig. 4. Accuracy of recognition of individual emotions for
the TESS 65/15/20 split ratio experiment with the speaker-
dependent testing approach – only younger actress’ samples
were used. The results represent the mean accuracy values

and associated standard deviations.

that all the emotions were identified with almost 100%
accuracy using the proposed MTS approach, except
for the “surprise” category, which was recognized with
98.67% (SD 1.7%) accuracy.

A separate experiment involving a speaker-depen-
dent test of the proposed MTS method was performed.
It was based on the 10-fold cross-validation procedure,
conducted using the RAVDESS dataset. It contained
192 recordings per emotion, apart from the neutral
state, which was represented by 96 excerpts, giving
1248 audio files in total (plus the addition of 4992 aug-
mented samples). The results showed that the class
that was relatively the hardest one to classify was
the neutral emotional state (Fig. 5a). It was often mis-
taken with sadness. Another class often mistaken with
sadness was fear. Classes that seemed to be the most
recognizable by the proposed method were anger and
disgust – they also tended to be mistaken with each
other more than with any other emotion.

4.2. Speaker-independent tests

In this experiment, the first test with the speaker-
independent constraint was a 10-fold cross-validation
and it was conducted using the eNTERFACE dataset
with 6 emotion classes. For this repository, each emo-
tion was represented by 215 recordings except happi-
ness which was exemplified by 212 audio excerpts. The
reported results are the average values of the accura-
cies from all the folds. Corresponding standard devia-
tions were also calculated. The literature reference was
a method based on a SVM classifier, utilizing mul-
timodal inputs (Ghaleb et al., 2019). For compari-
son purposes, solely audio-only average accuracy was
taken into account. The obtained results are presented
in Fig. 6. In this case, a single SVM classifier trained
with the aid of the augmented data (SVM+Aug) per-
formed better than a single SVM with no augmenta-
tion (p = 0.0045). Similarly, the proposed MTS model
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a)

b)

c)

Fig. 5. Classification accuracy tests results for the devel-
oped model presented as confusion matrices. Three differ-
ent testing approaches: a) speaker-dependent; b) speaker-

independent; c) corpus-independent.

GHALEP et al.

Fig. 6. Accuracy chart for the eNTERFACE cross-vali-
dation experiment with the speaker-independent testing
approach. The results represent the mean accuracy values

and associated standard deviations.

using the augmented data (MTS+Aug) performed
better than the same model not utilizing it (MTS)
(p = 0.0036). The advantage of using MTS model with
the augmented data over the literature example could
not be verified as the p-value for the one sample t-test
was equal to 0.0773, unlike the advantage of exploit-
ing a single SVM classifier with the use of the aug-
mented data (SVM+Aug) (p = 0.03). The reasons for
such a high accuracy of a single SVM classifier trained
using the augmented data could be attributed to prop-
erly tuned MFCC extractor and model’s hyperparam-
eters. For this amount of data, a properly tuned single
classifier proved to be sufficient. As the advantage of
the proposed MTS method over the literature example
could not be verified (p = 0.9227), the results were sta-
tistically comparable. According to both the results ob-
tained for the single SVM classification algorithm and
the MTS ensemble method, the chosen augmentation
procedure substantially improved the accuracy using
the selected dataset. Figure 7 shows the accuracy of

Fig. 7. Accuracy of recognition of individual emotions
for the eNTERFACE cross-validation experiment with the
speaker-independent testing approach. The results repre-
sent the mean accuracy values and associated standard de-

viations.
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recognition of the individual emotions for the eNTER-
FACE dataset. It can be seen that the anger category
is recognized with the highest accuracy, reaching al-
most 76%, whereas the fear and surprise categories are
identified with the lowest accuracy at a level ranging
from 41% to 53%.

The second test set was based on the same liter-
ature reference. In this case, it was conducted on the
CREMA-D dataset with 6 emotion classes. Due to time
constraints, in this experiment 996 samples were ran-
domly chosen from the complete dataset while main-
taining the original distribution of speakers and emo-
tions, which resulted in the repository of 166 utter-
ances per emotion class. The results are presented
in Fig. 8. It can be seen that a single SVM classi-
fier performed better with the aid of augmented data
(p = 0.0072) and that the MTS ensemble model with
the augmented data performed better than the same
model without it (p = 0.0002). The advantage of the lit-
erature example over the proposed method turned out
not to be statistically significant (p = 0.2385), therefore
two methods seem to be comparable. Figure 9 shows

GHALEP et al.

Fig. 8. Accuracy chart for the CREMA-D cross-validation
experiment with the speaker-independent testing approach.
The results represent the mean accuracy values and asso-

ciated standard deviations.

Fig. 9. Accuracy of recognition of individual emotions
for the CREMA-D cross-validation experiment with the
speaker-independent testing approach. The results repre-
sent the mean accuracy values and associated standard de-

viations.

the accuracy of recognition of the individual emo-
tions for the CREMA-D dataset. Similar to the previ-
ous experiment employing the eNTERFACE dataset,
the anger category is recognized with the highest accu-
racy, reaching 76%. The disgust and fear categories are
identified with the lowest accuracy at a level ranging
from 38 to 45%.

The third test set was based on the work of Guizzo
et al. (2020), who developed an advanced model em-
ploying convolutional neural networks. Their model
was trained on the RAVDESS dataset, comprising 192
recordings for each emotion (96 for neutral state), as
mentioned before. The results reported by the quoted
authors constitute the average accuracy values ob-
tained from a 4-fold cross-validation test. The cited
work also utilized the MTS approach by introducing
multiple convolution kernels and obtaining differently
scaled feature maps that were all used as the model
input. The dataset was split with an approximate ra-
tio of 70/20/10 into training, validation, and testing
subsets, respectively. In this study, the test was re-
peated 30 times, and the final result was estimated
as the mean value of all the individual accuracy val-
ues. According to the obtained results (see Fig. 10), the
MTS ensemble model performed better than the single
SVM classifier for the case without the use of the aug-
mented data (p = 8×10−4). The advantage of using the
augmentation process in this case could not be statisti-
cally verified. Importantly, the difference between the
result reached by Guizzo et al. (2020) and that ob-
tained using the proposed MTS method (MTS+Aug)
was not statistically significant (p = 0.2875). Conse-
quently, it could be concluded that the accuracy of
the proposed MTS method proved to be comparable
to the one reached using a state-of-the-art deep learn-
ing technique applied to the RAVDESS data set. Fig-
ure 11 shows the accuracy of recognition of the indi-
vidual emotions for the RAVDESS dataset. Similar to
the results obtained in the previous two experiments,

GUIZZO et al.

Fig. 10. Accuracy chart for the RAVDESS 70/20/10 split
ratio experiment with the speaker-independent testing ap-
proach. The results represent the mean accuracy values and

associated standard deviations.
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Fig. 11. Accuracy of recognition of individual emotions for
the RAVDESS 70/20/10 split ratio experiment with the
speaker-independent testing approach. The results repre-
sent the mean accuracy values and associated standard de-

viations.

the anger category was recognized with the highest ac-
curacy, reaching approximately 69%. The neutral cat-
egory was identified with the lowest accuracy at a level
ranging from 26 to 33%.

For the 10-fold speaker-independent cross-valida-
tion test using the RAVDESS dataset, similarly to
the previously discussed speaker-dependent evaluation
(see Subsec. 4.1), a neutral emotional state turned out
to be the class with the lowest accuracy (Fig. 5b). Like-
wise, it was often mistaken with sadness, although this
time even more frequently. As the overall accuracy is
substantially lower than that obtained for the speaker-
dependent case, the system mixes up emotional states
much more often. However, the anger emotion still ex-
hibits a relatively high recognition rate.

4.3. Cross-corpus tests

For the cross-corpus test of the proposed MTS
method, a leave-one-corpus-out cross-validation exper-
iment was conducted. For this purpose, the following
English datasets were used: CREMA-D, RAVDESS,
SAVEE, TESS, and eNTERFACE. The selected cor-
pora represented different but overlapping sets of emo-
tions and contained vastly different number of record-
ings (see Table 2). Due to the above factors, the
datasets were unified. Namely, the files with emotions
that were not present in every corpus were discarded
(neutral and surprise), which resulted in five common
emotional classes – happiness, sadness, fear, anger, and
disgust. The remaining recordings were sampled (while
maintaining the original distribution of emotions and
sexes) so that all the datasets were of the same size –
300 recordings each, which was the size of the small-
est dataset (SAVEE). Considering that each repository
was balanced in terms of the number of recordings rep-
resenting each emotion, the number of recordings ta-
ken from every dataset representing a given emotion
equaled 60. With the addition of the augmented files

(1200 for each corpus), the total number of files was
equal to 7500. In each iteration one corpus became
a testing set, another one was selected as a validation
dataset, whereas the remaining three datasets were
used for training.

Even with the reduced number of emotional classes,
the corpus-independent test turned out to give the low-
est overall accuracy so far, being equal to 32.33%. Nev-
ertheless, this value was still statistically greater than
the chance level, which in the experiment amounted
to 20% (p = 0.0035). Despite this outcome, sadness
turned out to be recognized comparatively often, with
the classification accuracy reaching as much as 48.33%.
As shown in Fig. 12, its recognition rate turned out
to be comparable to the recognition rate of sad-
ness in the speaker-independent test on a single corpus.
It was, however, often mistaken with fear and disgust
(Fig. 5c). Unlike in previous tests, for the cross-corpus
test, anger and disgust were the hardest emotions to
classify.

Fig. 12. Classification accuracy tests results obtained us-
ing the proposed MTS model under the three testing
conditions: speaker-dependent, speaker-independent, and
corpus-independent. Note that the corpus-independent ap-
proach applies only to five out of seven emotions considered

in the remaining tests (see the text for details).

5. Discussion

Out of the four experiments conducted in this
study, the two experiments proved that the multi-
time scale approach to feature aggregation yields
better classification results compared to the conven-
tional techniques. These two experiments were based
on the TESS and RAVDESS speech corpora, respec-
tively. Moreover, in one of the experiments, involv-
ing the RAVDESS corpus, the MTS method achieved
a very similar classification accuracy level compared to
the one obtained using the state-of-the-art deep learn-
ing technique (Guizzo et al., 2020), as illustrated in
Fig. 10. Furthermore, the acquired results highlight
the benefits of using a data augmentation technique
(Figs. 6 and 8).

There are two recent studies resembling our work
as they also employed the ensembles of classifiers.
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In the work by Seknedy and Fawzi (2022), an ensem-
ble of four different classification algorithms was used,
reaching a maximum classification accuracy of 65.1%.
In their work, they utilized an Arabic speech cor-
pus. Therefore, due to the linguistic mismatch, our
method cannot be directly (and fairly) compared to
the aforementioned one. In their recent work, Om-
man and Eldho (2022) have employed an ensemble of
20 SVM classifiers. They used a bootstrap aggregat-
ing technique to train their ensemble model, reaching
an accuracy of 80.07% when tested on the RAVDESS
corpus, outperforming our method by 3 percentage
points. While this outcome may indicate an inferiority
of our method, the cited authors did not provide suffi-
cient details regarding their testing methodology (e.g.,
whether the tests were speaker-independent), prevent-
ing other researchers from a rigorous comparison of the
results.

According to the results of the fifth experiment,
involving the cross-corpus test (Subsec. 4.3), the clas-
sification accuracy of the proposed method was sub-
stantially lower than the accuracy levels obtained
within the selected corpora using speaker-dependent
and speaker-independent tests, respectively. This out-
come does not invalidate the proposed method but in-
dicates that its generalization property needs to be im-
proved. Note, that the cross-corpus tests are still very
rare in the literature as they constitute the most rig-
orous way of testing the speech emotions recognition
systems (Tamulevičius et al., 2020). The recent study
by Cao et al. (2022) confirms that the average accu-
racy for this testing approach remains relatively low,
especially for the simpler methods.

The presented results indicate that the proposed
MTS method has an advantage over the baseline tech-
nique employing a single classifier with a fixed time-
window applied during the feature aggregation. It is,
however, more computationally complex, as it utilizes
multiple classifiers instead of one. For example, it took
2.73 ms for a single SVM model to classify one record-
ing. Compared to that, using the MTS model for clas-
sification took about 5.86 times longer (16 ms). There
was also a significant difference between the total du-
ration time of tuning and training. Namely, tuning and
training a single SVM classifier on 4160 training files
and 260 validation files took in total 8.37 s. In con-
trast, tuning and training an MTS model on the same
dataset took 8 min 33 s and, consequently, it requires
more resources. The training of a genetic algorithm it-
self to tune the feature extractor took 12 h 11 min 47 s,
which is the reason why it was not used as a part of
a training pipeline but constituted a separate proce-
dure conducted once. All the calculations were carried
out using parallel processing on 8 threads of the Intel
Core i5 1.6G Hz processor.

There are some limitations of this study that need
to be acknowledged. Firstly, the undertaken experi-

ments were based on only five datasets. Broader con-
clusions could be reached if more corpora were taken
into consideration. Secondly, due to the data storage
and computation constraints of the hardware used,
a subset of the CREMA-D corpus was employed, as
described in Subsec. 4.2. Thirdly, the feature extractor
tuning procedure was performed using a single speech
corpus (RAVDESS), potentially biasing the model to-
wards the selected data set. Fourthly, the duration of
the long-term window applied for the feature aggrega-
tion was limited to 7 s. In retrospect, the above con-
straint could be too short for some applications, po-
tentially causing the method to discard important in-
formation conveyed by the prosodic characteristics at
the ending parts of the sentences. In the present study,
this issue affected only one recording belonging to the
SAVEE repository (the audio excerpt was trimmed
as its duration exceeded the limit). Optimization of
the long-term window applied for the feature aggrega-
tion as well as the exploration of different optimization
strategies for the feature extraction may constitute the
subject of future work.

6. Conclusions

This study presents an improved method of speech
emotions recognition using an ensemble of SVM clas-
sification algorithms. The novelty of the proposed
method consists in using a MTS approach to the fea-
ture aggregation procedure. Another distinct aspect of
the proposed technique is the application of the ge-
netic algorithm to optimize the feature extraction pro-
cess. Out of the four experiments conducted in this
study, the two experiments support the hypothesis that
the MTS approach to feature aggregation yields bet-
ter classification results compared to the conventional
way of feature aggregation based on a fixed-duration
time window. This implies that the proposed MTS ap-
proach is not always superior compared to the con-
ventional technique. Nevertheless, it exhibits satisfac-
tory performance for the selected datasets, matching or
outperforming the recently published methods. Inter-
estingly, in one of the experiments conducted within
this study, the results obtained using the proposed
MTS method proved to be comparable to the ones
achieved by means of the state-of-the-art deep learn-
ing technique. This outcome indicates that a properly
developed traditional classification method could be
competitive to a deep learning algorithm. As a side
observation, the obtained results exemplified the ben-
efits of data augmentation. The technique of data aug-
mentation is commonly used for the training of deep
learning models (Milner et al., 2019). However, this
study demonstrated the advantages of applying such
a technique during the development of the traditional
model. Future work may be focused on testing the
MTS method using a broader scope of speech corpora,
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with the aim of gaining knowledge as to how to fur-
ther optimize the technique within individual data sets
while still maintaining a satisfactory cross-corpus gen-
eralization property.
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Obstructive sleep apnea-hypopnea syndrome (OSAHS) is a common and high-risk sleep-related breathing
disorder. Snoring detection is a simple and non-invasive method. In many studies, the feature maps are obtained
by applying a short-time Fourier transform (STFT) and feeding the model with single-channel input tensors.
However, this approach may limit the potential of convolutional networks to learn diverse representations of
snore signals. This paper proposes a snoring sound detection algorithm using a multi-channel spectrogram
and convolutional neural network (CNN). The sleep recordings from 30 subjects at the hospital were col-
lected, and four different feature maps were extracted from them as model input, including spectrogram,
Mel-spectrogram, continuous wavelet transform (CWT), and multi-channel spectrogram composed of the three
single-channel maps. Three methods of data set partitioning are used to evaluate the performance of feature
maps. The proposed feature maps were compared through the training set and test set of independent subjects
by using a CNN model. The results show that the accuracy of the multi-channel spectrogram reaches 94.18%,
surpassing that of the Mel-spectrogram that exhibits the best performance among the single-channel spectro-
grams. This study optimizes the system in the feature extraction stage to adapt to the superior feature learning
capability of the deep learning model, providing a more effective feature map for snoring detection.

Keywords: obstructive sleep apnea-hypopnea syndrome; snoring; convolutional neural network; multi-channel
spectrogram.
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1. Introduction

Obstructive sleep apnea-hypopnea syndrome (OS-
AHS) is a sleep respiratory disease characterized by
the repeated collapse and blockage of the upper
airway during sleep, resulting in apnea or hypop-
nea (Strollo, Rogers, 1996). Obstructive breath-
ing leads to instinctive body responses, such as brain
arousal, sympathetic activation, and decreased blood
oxygen saturation. Seriously interrupted and non-
restorative sleep will occur, causing most patients
with OSAHS to suffer from morning headaches and
daytime somnolence. Long-term poor sleep can even
lead to a series of complications, such as abnormal
metabolism, neurocognitive dysfunction, and cardio-

vascular disease (Young et al., 2002). Surveys show
that the overall prevalence of OSAHS in the general
adult population ranges from 6 to 17%, with the preva-
lence increasing significantly with age (Senaratna
et al., 2017).

Polysomnography (PSG) is the gold standard for
diagnosing OSAHS patients (Ahmadi et al., 2009;
Mendonça et al., 2019). Subjects are required to wear
contact-type monitoring instruments throughout the
night. The PSG signal obtained from these instruments
is used by professional doctors to determine whether
the subjects suffer from OSAHS. Although reliable re-
sults can be obtained, patients may have to bear the
burden of expensive fees and endure discomfort from
physically attached sensors (Mendonça et al., 2019).

https://acoustics.ippt.pan.pl/index.php/aa/index
mailto:phjxpeng@scut.edu.cn
https://creativecommons.org/licenses/by/4.0/
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Therefore, there is an urgent need to seek a low-cost,
easy-to-operate, and non-contact method to assist in
the diagnosis of OSAHS. Snoring is the most distinc-
tive clinical feature of OSAHS, occurring in 70–90%
of patients with OSAHS (Karunajeewa et al., 2008;
Maimon, Hanly, 2010). The acoustic characteristics
of snoring reflect changes in the structure of the upper
airway. Moreover, snoring analysis offers the advan-
tages of being non-contact, simple, and reliable, mak-
ing it feasible to identify patients by analyzing the
acoustic characteristics of snoring (Won et al., 2012;
Fiz et al., 1996; Pevernagie et al., 2010; Beck et al.,
1995; Ip et al., 2002; Perez-Padilla et al., 1993;
Sola-Soler et al., 2003; Ng et al., 2008).

In order to improve the initial screening of OSAHS,
an increasing number of scientists are dedicated to de-
veloping new technologies that can achieve a more ac-
curate clinical diagnosis of OSAHS in a simpler manner
(Yadollahi, Moussavi, 2010; Ankişhan, Ari, 2011;
Ankışhan, Yılmaz, 2013). So far, there have been nu-
merous studies on the identification technology of OS-
AHS. Duckitt et al. (2006) extracted 39-dimensional
Mel-frequency cepstral coefficients (MFCC) from sleep
sound recordings of six subjects and classified the sig-
nals into snoring, breathing, duvet noise, and other
noises based on hidden Markov model (HMM). The
recognition rate for snoring can reach the range of
82–89%. Cavusoglu et al. (2007) selected recording
signals from 18 simple snorers and 12 OSAHS pa-
tients to cut the voiced segments by a double threshold
method. Then, the authors calculated the sub-band
energy distribution of the sound segments and used
principal component analysis (PCA) for feature reduc-
tion. Finally, robust linear regression was used to clas-
sify these sound segments into snoring and non-snoring
sounds with an accuracy of 90.2%.

Dafna et al. (2013) adopted a feature selection al-
gorithm to filter the 34 most discriminative features
from 127 time-domain and frequency-domain features,
and then used AdaBoost to construct a snoring recog-
nition model, obtaining an average detection rate of
98.2%, a sensitivity of 98%, and specificity of 98.3%
with a cross-validation method. In a study by Cheng
et al. (2022), a multi-input model based on long short-
term memory (LSTM) was proposed, which can accept
various audio features to synthesize information for
snoring identification. Furthermore, MFCC, Mel filter
banks (Fbanks), linear prediction coefficient (LPC),
and short-term energy were extracted as the input of
the model, finally achieving 95.3% accuracy. With the
development of the field of artificial intelligence, deep
learning models are gradually applied to the classifica-
tion task of snoring and non-snoring.

Khan (2019) developed a deep learning model for
snoring detection and transferred it to an embedded
system that can be connected to a smartphone app
using home Wi-Fi. In Khan’s study, 1000 sound sam-

ples were used to calculate the MFCC images, then
the images were fed into a convolutional neural net-
work (CNN) model, resulting in a snoring recognition
rate of 96%. The spectrogram, Mel-spectrogram, and
constant-Q transformation (CQT) spectrogram col-
lected from the recordings of 15 subjects were used
to classify snoring and non-snoring by Jiang et al.
(2020). The results indicated that the accuracy of Mel-
spectrogram in each group reached 95.07%. The ad-
vantage of the deep learning model is to learn increas-
ingly complex data samples. Previous studies (Khan,
2019; Jiang et al., 2020; Xie et al., 2021) used single-
channel spectrogram as input. However, it is important
to note that different feature maps only contain limited
frequency-domain information, which could potentially
restrict the model’s ability to learn diverse represen-
tations of audio recordings. Therefore, input features
should provide more information about snoring.

In our work, a multi-channel feature map based on
the fusion of Mel-spectrogram, spectrogram, and con-
tinuous wavelet transform (CWT) is proposed. Three
spectrograms of each sound signal are employed as
three channels of the red-green-blue (RGB) image to
construct the feature map. A CNN model is utilized
to perform the classification tasks. In addition, spectro-
gram, Mel-spectrogram, and CWT are used for com-
parative experiments. The comparison of the classifi-
cation performance between the multi-channel spec-
trogram with that of the single-channel spectrogram is
conducted to achieve higher resolution.

2. Methods

2.1. Data acquisition

This study was approved by the Ethics Committee
of Guangzhou Medical University (Reference Number
2019-73), and informed consent was obtained from all
participants.

Thirty subjects who underwent PSG at the First
Affiliated Hospital of Guangzhou Medical University
were selected to obtain snoring sounds throughout the
night. The recording time for each subject’s sleep snor-
ing sounds was not less than 6 hours. The most impor-
tant indicator for PSG detection to assess the severity
of OSAHS is the apnea-hypopnea index (AHI), which
is defined as the average number of sleep apnea or hy-
popnea per hour. It is divided into four categories: sim-
ple, mild, moderate, and severe, based on the follow-
ing ranges: AHI < 5, 5 ≤AHI <15, 15 ≤AHI <30, and
AHI ≥ 30 (Maimon, Hanly, 2010). Table 1 lists sta-
tistical information on the subjects’ gender, age, body
mass index (BMI), AHI, and the severity of OSAHS for
each participant. For recording snoring sounds, a digi-
tal audio recorder (Roland, Edirol R-44, Japan), with
a frequency response range of 40–20 000 Hz and a mi-
crophone (RODE, NTG-3, Sydney, Australia) hanging
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Table 1. Statistical information of subjects.

Parameter Data

Male/female 27/3

Age (years) 44± 13 (range: 23–70)

BMI [kg/m2] 26.7± 2.8 (range: 20.8–31.9)

AHI [events/h] 40.8± 28.3 (range: 3.2–91.1)

OSAHS [y/n] 28/2

vertically on the heads of patients, positioned about
45 cm above the mouth and nose were used. The orig-
inal sleep sound signals were recorded by the micro-
phone. PSG device (Alice-5, Pittsburgh, Pennsylvania,
USA) was used to monitor PSG signals. The recorded
sound was digitized at a sampling rate of 44 100 Hz
and a resolution of 16 bits.

2.2. Feature extraction

2.2.1. Spectrogram

A snoring sound is a one-dimensional time-domain
signal, making it challenging to observe the frequency
conversion pattern. While the frequency distribution of
the signal can be viewed by Fourier transform, time-
domain information is lost. Many time-frequency ana-
lysis methods have emerged to address this problem.
Short-time Fourier transform (STFT) is the most clas-
sical time-frequency analysis method in speech and au-
dio processing applications and offers minimal calcu-
lation and low cost. First, the audio signal is framed
into a short time window. In this work, the size of
windows is 25 ms with 50% overlap. Next, the Ham-
ming window is applied to each frame signal, and fol-
lowed by the fast Fourier transform (FFT) to obtain
its power spectrum (Rabiner et al., 1975). Each frame
is then spliced along the time dimension to form a two-
dimensional signal map called the spectrogram.

2.2.2. Mel-spectrogram

While the frequency of the spectrogram is linearly
distributed, the extracted features may not be useful
for signals with an inhomogeneous frequency distri-
bution. The Mel-scale filter banks are used to trans-
form the spectrogram into the Mel-spectrogram (Peng
et al., 2019; Winursito et al., 2018), where the Mel-
scale describes the nonlinear characteristics of human
ear frequency, and its relationship with frequency can
be approximately expressed by the equation:

Mel(f) = 2595 × log (1 + f

700
). (1)

In this study, features are calculated using frames
of 25 ms frame size with 50% overlap. The Mel-
spectrogram is computed using a group of 128 triangu-
lar filters in the Mel-scale based on the STFT, and the
logarithm of the filtered signal is determined. Figure 1
shows the triangular filter banks used in this study.

Frequency [Hz]

Am
pl

itu
de

Fig. 1. 128 triangular filters in the Mel-scale applied to the
STFT for obtaining the Mel-spectrogram.

2.2.3. Continuous wavelet transform

The time and frequency resolutions of STFT are
determined by the size and time shift of the window.
A small window size can lead to poorer frequency res-
olution. Compared to STFT, CWT has the character-
istics of window adaptation, enabling high-frequency
values to have high-frequency resolution and low time
resolution (Qian et al., 2019).

CWT uses wavelet basis functions to decompose
signals, and is defined as:

CWT(τs) = 1√
s

+∞

∫
−∞

x(t)ψ ( t − τ
s
) dt, (2)

where x(t) is the audio signal, ψ(x) is the mother
wavelet (Morlet wavelet in this study), and τ and s,

respectively, represent displacement and scale.
Usually, when analyzing time series, it is expected

to obtain smooth and continuous wavelet amplitude,
so a non-orthogonal wavelet function is more suitable.
In addition, to include the information of both ampli-
tude and phase of the time series, a complex-valued
wavelet should be selected, because the complex-va-
lued wavelet has an imaginary part and can express
the phase very well. The Morlet wavelet is not only
non-orthogonal, but also exponential complex-valued
wavelet, so it is used in this experiment to obtain the
information of both amplitude and phase.

2.2.4. Multi-channel spectrogram

Multi-channel spectrogram has been used in speech
recognition with beneficial effects (Adavanne et al.,
2018; Xu et al., 2018; Arias-Vergara et al., 2021).

The spectrogram, Mel-spectrogram, and CWT,
each with a size of 224× 224× 3, were extracted from
each audio segment. Figure 2 shows the above three
feature maps of a snore signal. Subsequently, they
are normalized to fall between −1 and 1, serving as
three channels of the RGB image to construct the
multi-channel spectrogram with a size of 224× 224× 3.
In this construction, the spectrogram is the first chan-
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Fig. 2. Feature maps of a snore segment from an OSAHS
patient: a) spectrogram; b) Mel-spectrogram; c) CWT.

Input Convolutional and pooling layers

Target

Dense layer

Fig. 3. Process of feeding the multi-spectrogram to a deep learning model (CNN).

Table 2. Structure of CNN.

Layer (type) Input shape Output shape Params

Conv2D (None, 224, 224, 32) (None, 222, 222, 32) 896

MaxPooling2D (None, 222, 222, 32) (None, 111, 111, 32) 0

Conv2D (None, 111, 111, 32) (None, 109, 109, 64) 18 496

MaxPooling2D (None, 109, 109, 64) (None, 54, 54, 64) 0

Conv2D (None, 54, 54, 64) (None, 52, 52, 128) 73 856

MaxPooling2D (None, 52, 52, 128) (None, 26, 26, 128) 0

Flatten (None, 26, 26, 128) (None, 86 528) 0

Dense (None, 86 528) (None, 128) 11 075 712

Dense (None, 128) (None, 2) 258

nel, the CWT is the second channel, and the Mel-
spectrogram is the third channel. When the input data
contains multiple channels, the number of input chan-
nels of the convolutional kernel in the model is the
same as that of the input data. In this way, the convo-
lutional kernel of different channels can perform cross-
correlation operations with the input data of differ-
ent channels, and the multi-channel input will enable
CNN to supplement information from two other time-
frequency representations.

2.3. Model architecture

In order to obtain reasonable results, the classifier
must be matched with a suitable input representation.
Manual features such as MFCC were used with the
traditional machine learning model, which effectively
decorrelates features (Adavanne et al., 2018). On the
contrary, the advantage of CNN lies in their ability
to learn spectral time characteristics of the spectrum
through weight sharing and pooling technology. Pre-
vious studies have applied CNN to speech recognition
with good effects (Abdel-Hamid et al., 2012; 2014).
For this experiment, a CNN model was designed, con-
taining an input layer, three convolution layers with
rectified linear unit (ReLu) activation functions. The
size of the convolution kernel was multiplied layer by
layer, leading to 256 neurons activated by ReLu, and
the output layer was activated by a softmax function.
The incorporated dropout layer will randomly discard
some weights in the training process to suppress over-
fitting, and the dropout ratio is 0.5 (Hinton et al.,
2012). Figure 3 shows the process of feeding the multi-
channel spectrogram into the CNN. The model param-
eters are presented in Table 2.
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For excellent training results, the Adam optimizer
is used for training, with a learning rate of CNN set to
0.0001. In our experiments, categorical cross-entropy
was chosen as the loss function, and each model was
trained for 200 epochs on an NVIDIA GTX 1080Ti
with a batch size of 128.

2.4. Validation method

In this study, the adaptive threshold method is used
to segment the audio sounds from all recording sub-
jects to obtain sound fragments that are subsequently
labeled as either snoring or non-snoring under the guid-
ance of ear-nose-throat (ENT) experts. Only sound
segments less than 4 seconds long are retained, and
two adjacent sound segments less than 0.02 seconds
apart are merged. A total of 59 293 sound segments
are obtained, consisting of 29 789 snore segments, and
29 504 non-snoring segments, which included sounds
of footsteps, speech, breathing, coughing, door closing,
and other environmental sounds. In order to evaluate
the performance of different spectra, three experiments
were designed: independent split training set and test
set, leave-one-subject-out cross-validation (LOSOCV),
and training set and test set containing all subjects.
Table 3 shows the details of the data partition.

Experiment 1 : the dataset of 30 subjects was di-
vided into a validation set with 4 subjects, a test set
with 4 subjects, and training set with the remaining
22 subjects, and the subjects in the training set, the
test set, and the validation set were independent. For
the purpose of eliminating the contingency of the ex-
periment, five different partition methods were applied
to the data set, and the model was trained on each
divided dataset. Finally, the average and standard de-
viation were taken as the results.

Experiment 2 : in a dataset containing 30 subjects,
an independent test set and training set were con-
structed for each participant using the LOSOCV strat-
egy. The data of one subject was selected as the test
set, and the data of the remaining 29 subjects were
used as the training set. This process is repeated 30
times and the average accuracy is calculated. This
maximizes the use of data while ensuring that the sub-
jects in the training set and the test set are from dif-
ferent independent subjects.

Experiment 3 : the sound clips of all subjects are
combined into a whole dataset, which is then divided
into training, validation and test set, with a ratio
of 6:1:3.

Table 3. Data distribution of training, validation, and test sets in experiments.

Experiment 1 Experiment 2 Experiment 3

Train Validation Test Train Test Train Validation Test

Subject 22 4 4 29 1 30

Snore 23 767 3117 2905 LOSOCV 19 133 2872 7784

No-snore 21 971 4094 3439 16 443 3057 10 004

2.5. Model evaluation

The classification effect of each feature map can
be evaluated by multiple indicators, including accu-
racy, precision, recall, F1-score, and the area under
the curve (AUC) calculated from the receiver operat-
ing characteristic (ROC). Accuracy is the proportion of
correct samples to the total number of samples. Pre-
cision relates to the ratio of the number of positive
samples correctly classified by the classifier to the num-
ber of all positive samples classified by the classifier.
Recall rate refers to the ratio of the number of posi-
tive samples correctly classified by the classifier to the
number of all positive samples. F1-score is the harmo-
nic mean of precision rate and recall rate. The AUC
is meant by the area under the ROC curve, represent-
ing the probability that the predicted positive cases
rank higher than the negative ones, ranging from 0.5
to 1. The calculation equation is:

Accuracy =
TP +TN

TP +TN +FP +FN
, (3)

Precision =
TP

TP +FP
, (4)

Recall =
TP

TP +FN
, (5)

F1score =
2Precision ⋅Recall

Precision +Recall
, (6)

where TP, TN, FP, and FN represent true positive,
true negative, false positive, and false negative, respec-
tively.

3. Results

To evaluate the classification performance, four
different feature maps are imported into the model
to compare which feature map is more discriminative
for snoring. The CNN model is established by the
validation set and evaluated on the test set. According
to the data set division rules of experiment 1, the
classification results are presented in Table 4. In terms
of single-channel spectrograms, the classification per-
formance of Mel-spectrogram was superior to those of
spectrogram and CWT, with an accuracy of 91.58%,
precision of 92.09%, sensitivity of 86.57%, F1-score of
88.85%, and AUC of 0.9614. The PPV of the spec-
trogram and Mel-spectrogram reached more than 90%,



174 Archives of Acoustics – Volume 49, Number 2, 2024

Table 4. Classification results of experiment 1.

Map type Accuracy [%] Precision [%] Recall [%] F1-score [%] AUC

Mel-spectrogram 91.58 92.09 86.57 88.85 0.9614

Spectrogram 88.33 91.23 81.56 85.56 0.9448

CWT 85.24 81.78 85.10 83.00 0.9192

Multi-channel spectrogram 94.16 92.64 93.35 92.93 0.9730

indicating that the recognition of the snore fragments
was reliable.

Figure 4 shows that the classification of the multi-
channel spectrogram is significantly improved com-
pared to that of the single-channel spectrogram, and
it has an accuracy of 94.16%, which was 2.58% higher
than that of Mel-spectrogram with the best effect in
single-channel spectrograms. Other classification in-
dexes were increased, respectively, by 0.55% (PPV),
6.78% (Recall), and 4.08% (F1-score). Although there
was little difference in PPV between the two fea-
ture maps, the Recall of the multi-channel spectro-
gram classification was significantly higher than that
of the Mel-spectrogram, which is beneficial for detect-
ing the snoring segments of the patients throughout
the entire night and further evaluating the severity of
OSAHS patients.

Accuracy

[%
]

Precision Recall F1-score

Multi-channel spectogram
Mel-spectogram

Fig. 4. Comparison histogram of Mel-spectrogram
and multi-spectrogram in experiment 1.

Table 5. Classification results of experiment 2.

Map type Accuracy [%] Precision [%] Recall [%] F1-score [%] AUC

Mel-spectrogram 90.51 90.83 93.08 91.94 0.9511

Spectrogram 89.36 93.18 88.85 90.97 0.9599

CWT 85.38 89.51 84.82 87.10 0.9191

Multi-channel spectrogram 93.10 92.28 96.66 94.42 0.9774

Table 6. Classification results of experiment 3.

Map type Accuracy [%] Precision [%] Recall [%] F1-score [%] AUC

Mel-spectrogram 93.67 98.28 91.44 94.74 0.9817

Spectrogram 91.76 93.03 93.34 93.19 0.9717

CWT 88.99 91.74 89.84 90.78 0.9569

Multi-channel spectrogram 97.80 97.14 99.18 98.15 0.9979

Tables 5 and 6 show the classification results
for experiments 2 and 3. The results show that the
recognition effect of the multi-channel spectrogram
is consistently better than that of the single-channel
spectrogram when using different dataset partitioning
methods.

4. Discussion

In this study, the performance of Mel-spectrogram,
spectrogram, CWT, and multi-channel spectrogram in
classifying snoring and the non-snoring sound was in-
vestigated. The results show that the Mel-spectrogram
has the best recognition effect when the single-channel
spectrograms were used as input, which is in agreement
with the results of the study by Jiang (2020). The en-
ergy peak frequency of the snoring sounds mentioned
in the study is 250 Hz, and most of the energy is dis-
tributed below 1000 Hz, while the energy of respiratory
sounds and other noise is distributed above 1000 Hz
(Pevernagie et al., 2010; Jiang et al., 2020). The fre-
quency of the spectrogram is linear distribution, which
leads to the insufficient frequency resolution in the low-
frequency part, making it challenging to detect some
weak snoring changes. The Mel-spectrogram converts
the linear frequency into the Mel frequency, offering
detailed representation of the low-frequency informa-
tion and rough representation of the high-frequency
information, which aligns with the energy distribution
of the snoring spectrogram.

Apart from Spectrogram and Mel-spectrogram, which
are computed based on STFT, the CWT commonly
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used in speech recognition is also imported into the
same CNN model. A study by Huzaifah (2017) proved
that CWT performs significantly worse than spectro-
gram and Mel-spectrogram when employed in a CNN
to classify various environmental sounds. The same re-
sult was obtained when the three feature maps were
applied to snoring and non-snoring sound classifica-
tion. It means that CWT cannot provide more snoring
sounds details in the low frequency compared to the
other two maps. However, it is premature to conclude
that CWT is always inferior to the feature maps based
on STFT, because the experiment may be influenced
by parameter settings for map extraction and model
structure.

It should be pointed out that the peak energy fre-
quency of snoring sound among different people is not
consistent, and even the snoring of the same person
is different. Jiang et al. (2020) analyzed the energy
distributions in snoring and non-snoring sub-bands of
subjects and found that 60% of the snoring spectral en-
ergy was distributed between 100 and 300 Hz, and 40%
of it was also distributed in each frequency band above
300 Hz. The information contained in a single-channel
input may be restricted, which can limit the poten-
tial of the deep learning model to learn more compli-
cated representations from snoring sound signals. The
multi-channel map was used to overcome the limita-
tion of a single-channel input in speech recognition.
Various methods were used to construct multi-channel
maps in such studies. Adavanne et al. (2018) proposed
a method where multi-channel could be extracted from
the same signal recorded by different microphones. An-
other approach by Fu et al. (2017) involved comput-
ing the real and imaginary parts of the STFT to form
a 2D-channel spectrogram.

Arias-Vergara et al. (2021) computed CWT, Mel-
spectrogram, and gammatone spectrogram from the
audio signal and combined them into a 3D-channel

Table 7. Summary of previous studies on snoring detection.

Author Subjects Datasets Features Methods Result [%]

Khan (2019) 1000 MFCC image CNN Accuracy: 96

Jiang et al. (2020) 15 12 457 Mel-spectrogram CNN+LSTM+DNN
Accuracy: 95.07
PPV: 94.62
Sensitivity: 95.42

Cheng et al. (2022) 43 15 520
MFCC, Fbanks,

Short-time average energy, LPC
A multi-input

model based on LSTM

Accuracy: 95.3
PPV: 95.7
Sensitivity: 94.9

Dafna et al. (2013) 67 281 953
Time-related features,

Spectral-related features
AdaBoost

Accuracy: 98.2
Sensitivity: 98.1

Cavusoglu et al. (2007) 30 9000
Average normalized energy

in each subband
Robust linear regression

Accuracy: 90.2
PPV: 98.7

Sun et al. (2022) 24 36 938
Bark sub-band feature,

MFCC, LPC, etc.
XGBoost

Accuracy: 87.22
PPV: 95.09
Sensitivity: 87.16

This work 30 59 293 Multi-spectrogram CNN
Accuracy: 94.16
PPV: 92.64
Sensitivity: 93.35

spectrogram. Compared with single-channel maps, the
performance of these multi-channel maps with a CNN
model was improved. In our work, when a multi-chan-
nel spectrogram was used as the model input to iden-
tify snoring sounds, the result was consistent with
the expectation, which was better than the Mel-
spectrogram with the best classification effect of sin-
gle-channel feature maps. This suggests that the multi-
channel spectrogram contains more spectrum infor-
mation than a single spectrum. The CNN model can
capture more feature information from the fusion map
than from a single-channel feature map through multi-
layer convolution layers.

Many researchers have proposed a variety of exper-
imental methods to classify snoring and non-snoring.
Table 7 compares the research methods in related fields
with the current experiment. Khan (2019) collected
online snoring resources as datasets, extracted MFCC
images, and input them into a CNN model training
and obtained a 96% accuracy. However, the number of
experimental samples was only 1000, and the source of
snoring sound was singular. In our experiment, 59 293
sound samples were extracted from 30 subjects with
better generalization ability, and three different verifi-
cation methods were used to evaluate the performance
of the feature map, resulting in the generalization of
the results. Jiang et al. (2020) used two classifiers,
CNNs-DNNs and CNNs-LSTMs-DNNs, to identify
snores from sound fragments, including spectrogram,
Mel-spectrogram, and CQT-spectrogram. The results
demonstrate that the combination of Mel spectrogram
and CNNs-LSTMs-DNNs was well suited for the task.
However, the input images contained limited infor-
mation from single-channel spectrogram. Moreover,
the data of the training set and the test set are not
independent and using this model to detect individual
snore fragments throughout entire night may lead to
deviation. Cheng et al. (2022) designed a multi-input
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model based on LSTM and extracted MFCC, Fbanks,
short-term energy, and LPC as four branches of the in-
put layer. After integration, ANN was used as the clas-
sifier, and finally, a 95.3% snoring recognition rate was
obtained, an improvement compared with a single fea-
ture processing network. Nevertheless, the model’s in-
put layer has multiple parallel input branches, and the
network structure is relatively complex.

In their experiment, the fusion feature maps were
employed in feature extraction, and only one entry
was needed for model input. In Dafna et al. (2013),
127 features from both the time domain and fre-
quency domain were extracted. Using a feature selec-
tion method, 34 most effective features were selected
objectively, and the AdaBoost classifier was used and
yielded a 98.2% recognition rate. However, the extrac-
tion process involved various features, making the pro-
cess of feature extraction complicated.

Cavusoglu et al. (2007) divided the frequency
range of snoring sounds (0–7500 Hz) into 500 Hz sub-
bands and calculated the average normalized energy in
each sub-band to obtain spectral characteristics. The
linear regression model was used and a 90.2% accuracy
was obtained. However, the energy distribution of snor-
ing was mainly concentrated in the low frequency and
the band division of equal intervals may lead to insuf-
ficient low-frequency resolution. Sun et al. (2022) pro-
posed a snoring detection algorithm based on acoustic
features and XGBoost. Various training and test data
splitting methods were used to evaluate model perfor-
mance, and the results showed that when the training
set and test set are from all subjects, the classification
performance was better than that of the training set
and test set from different independent subjects.

In terms of experimental accuracy, the method pro-
posed in this work is significantly improved compared
with 90.2% reported by Cavusoglu et al. (2007) and
92.78% obtained by Sun et al. (2022). However, it is
important to acknowledge that different research sam-
ples are distinct, the subjective standards of labeled
samples are different, and the methods of splitting data
sets are also different. It is therefore difficult to com-
pare the classification results to make a unified judg-
ment. The multi-channel spectrogram proposed in this
study has more than 92% in all evaluation indexes on
the CNN model, indicating that this method can effec-
tively detect snoring sound.

5. Conclusion

This study explored a classification method for
distinguishing between snoring and non-snoring using
a CNN model with a focus on a multi-channel spec-
trogram with a CNN model. Mel-spectrogram, spectro-
gram, and CWT were used as three channels for con-
structing multi-channel maps. The four feature maps
of the snoring sound signals of 30 subjects were ex-

tracted for training and testing, and the results demon-
strate that the classification performance indicators of
the multi-channel spectrogram are improved compared
with single-channel spectrograms. The main contri-
bution of this work lies in proposing a multi-chan-
nel spectrogram based on the fusion of a single-channel
spectrogram for snoring detection. The study also com-
pared the classification performance of each feature
map under the same network model.

This work focused on improving the feature ex-
traction stage, extracting the feature maps contain-
ing more time and frequency domain information, to
adapt to the strong fitting ability of the deep learn-
ing model. Future work can be carried out in differ-
ent directions. Firstly, a comparison of diverse types
of multi-channel spectrograms combined with various
classification networks could be explored to further im-
prove the accuracy of current snoring detection algo-
rithms. Another direction is to explore how snoring
sound detection contributes to the task of detecting
OSAHS. This experiment can be used as the first step
in OSAHS detection because snoring events are closely
related to apnea. In addition, the snoring sound iden-
tified by this model could be further used to quantita-
tively evaluate the severity of OSAHS.

However, the snoring data collected in this exper-
iment is limited to a hospital environment. Differ-
ent recording environments have different background
noise, which cannot guarantee the performance of the
model in other recording settings. Therefore, more
recording data in diverse environments (bedroom, dor-
mitory, hotel, etc.) is needed to obtain a more reliable
snoring recognition model and make it more robust
and generalized. In addition, it is necessary to pay at-
tention to the computational efficiency and memory
overhead of the model to ensure that model meets the
requirements for mobile deployment.
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Previous research has utilized the duration ratio and occasionally the duration difference as single-value
metrics to measure and compare the temporal acoustics of durationally contrastive vocalics (short vs. long
vowels), which allow researchers to reduce two values (short and long) to one, but express a relationship
instead of representing the vocalic duration values directly. The duration ratio may even be misleading when
comparing two languages or dialects, as it is possible to exhibit a similar ratio but differ in durational acoustics,
or vice versa. The current study proposes two alternative statistical metrics: a duration metric and a difference
metric. The duration metric is an intermediate (mean-like) value between the duration of the short and long
vocalics, and the difference metric is a ± value that can be added to or subtracted from the duration metric
to obtain the duration of long or short vocalics. We conduct a production experiment on Arabic and Japanese
vocalics and analyze the data using both traditional measures and the proposed metrics. The findings show
that the proposed metrics better predict the language from which the vocalic duration values were obtained.
Such results suggest that the proposed metrics are better candidates for measuring and comparing the temporal
acoustics of vocalics.
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1. Introduction

The durationally contrastive vocalics1 (i.e., short
and long vowels) in natural and synthetic speech have
been investigated in research on both native vs. non-
native and normal vs. impaired production and per-
ception in languages with durationally contrastive vo-
calics, such as Arabic. Most of the early research
took a theoretical perspective and focused on the ob-
servation that, as in other Semitic languages such
as Hebrew, a vocalic duration is inherently phone-
mically contrastive in Arabic (e.g., Harris, 1942;
Cantineau, 1956; Ferguson, 1957; Cowan, 1970).
Subsequent studies employed experimental or obser-

1Note that “vocalics” and “temporal acoustics” are used as
two general terms throughout the paper. The former refers to
vowels regardless of length and type, and the latter refers
to all durational aspects regardless of tool (e.g., duration dif-
ference, duration ratio...). Specific terms are used instead when
applicable.

vational methods to examine the temporal acous-
tics of Arabic vocalics acoustically, perceptually, or
acoustically-perceptually for both normal and im-
paired speakers (e.g., Al-Ani, 1970; Mitleb, 1984;
Alghamdi, 1998; Tsukada, 2009; 2011; 2012a; 2012b;
2013; Amir et al., 2014; Kalaldeh, 2018; Aldholmi
et al., 2021). This phenomenon has been explored
in Arabic varieties including Iraqi (Hassan, 1981),
Jordanian (Mitleb, 1984), Saudi, Sudanese, Egyp-
tian (e.g., Alghamdi, 1998), Moroccan (Al-Tamimi,
Barkat-Defradas, 2003), Libyan (Ahmed, 2008),
Cairene (Kotby et al., 2011), Palestinian (Saadah,
2011), Syrian (Almbark, Hellmuth, 2015), and
Modern Standard Arabic (MSA) (Kalaldeh, 2018;
Aldholmi, 2022), as well as other varieties spo-
ken in non-Arab regions such as the Kassem/Kfar
Barra/Jaljulia dialects in Israel (Amir et al., 2012),
Galilee and the Triangle (Muthallath) regions in Israel
(Amir et al., 2014), and Malaysia (Abd Almisreb
et al., 2016).

https://acoustics.ippt.pan.pl/index.php/aa/index
mailto:yaldholmi@ksu.edu.sa
https://creativecommons.org/licenses/by/4.0/
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Most of the aforementioned studies have docu-
mented and characterized the temporal acoustics of
Arabic vocalics and the short-to-long duration ra-
tio thereof both interdialectally and cross-dialectally.
Other studies sought to compare and contrast the Ara-
bic native production of vocalic duration with that of
other Semitic languages that exhibit vocalic durational
contrast, such as Hebrew (e.g., Amir et al., 2012), and
non-Semitic languages that either feature durational
contrast, such as Japanese and Thai (Tsukada, 2009),
or do not, such as English (Mitleb, 1984). Other stud-
ies examined non-native production and perception
of vocalic duration by speakers of Arabic as a sec-
ond language (L2) whose native language (L1) was
Japanese (Tsukada, 2012a; 2012b), English (Flege,
Port, 1981; Lababidi, Park, 2014), Korean (Hong,
Sarmah, 2009), or Hebrew (Zaltz, Segal, 2021).

To this end, researchers have utilized both the du-
ration difference and the duration ratio in dialect and
language comparisons. For instance, some Arabic di-
alects, specifically Jordanian, have been reported to
have a short-to-long duration ratio of 0.65 (Mitleb,
1984), while others have demonstrated a consider-
ably smaller ratio, for example, 0.39 in Palestinian
(Saadah, 2011). This discrepancy may not necessar-
ily be due to the use of different stimuli or methods
but rather due to actual interdialectal variations, as
the duration ratio does not truly convey much about
vocalic duration in one dialect or another, nor does it
allow for a clear cross-dialect or cross-language com-
parison.

The duration ratio does not directly express vocalic
duration in time units (e.g., ms); instead, it shows only
how large or small a value is in relation to another
value. That is, the duration ratio of 100 to 200 ms is
exactly the same as that of 200 to 400 ms (0.5 in both),
which makes this measure unhelpful when comparing
two language varieties. The duration difference only
shows the quantitative relationship between two given
vocalics as short in duration and long in duration,
rather than reflecting the actual duration acoustics of
the segments under investigation. In addition, some-
times, the short version becomes too long or the long
version becomes too short, which results in a negative
duration difference value when calculating the differ-
ence for each minimal pair (e.g., 70 − 100 = −30 ms).
Considering that individual value (rather than the
overall mean difference), the difference between two
positive values should be any nonnegative value (in-
cluding zero), but a negative duration ratio value will
be uninterpretable. There are a few potential solutions
to this particular issue, but each has its own problems.
For instance, we could transform and normalize data
to be at or above zero, but this would increase the
overall mean duration difference.

Hence, this study proposes two statistical metrics
to allow for direct comparison between different vari-

eties in terms of vocalic duration. The first section pro-
vides background and describes the two metrics, the
duration metric and the difference metric, that can be
used instead of the duration difference or duration ra-
tio values reported in previous studies. The two metrics
are illustrated using available data from relevant liter-
ature. In the second section, a production experiment
is conducted to test the two alternative metrics, using
data from Arabic and Japanese as two languages that
have been repeatedly compared and contrasted in the
literature (e.g., Tsukada, 2009) because they share
similar durationally contrastive vocalics (e.g., Ald-
holmi, 2022).

2. Traditional measures vs. proposed metrics

2.1. Traditional measures

As reported in some previous studies, the tradi-
tional method for obtaining a short-long duration ra-
tio divides the mean duration of the short vowels by
that of the long vowels. For instance, Mitleb (1984)
reported a ratio of 0.65, calculated as (Eq. (1)):

ratio =
mean short vowels

mean long vowels
,

0.65 =
83 ms

128 ms
.

(1)

In some cases, the duration difference is reported
instead of the duration ratio. The duration difference is
simply the difference between the mean duration of the
long vowels and that of the short vowels, as shown in
Eq. (2). Mitleb (1984) reported a duration difference
of 45 ms:

difference =mean long vowels −mean short vowels,

45 = 128 ms − 83 ms.
(2)

The duration ratio is sometimes reported in qual-
itative rather than numerical form. For instance,
Tsukada (2011) stated that “long [Arabic] vowels are
twice as long as their short counterparts” (p. 989),
while “long Japanese vowels tend to be more than twice
as long as their short counterparts” (p. 990). Regard-
less, both the duration ratio and the duration differ-
ence depend on the range of the two values, specifi-
cally the mean short vowel duration and the mean long
vowel duration, which on their own are insufficient to
precisely quantify the vocalic duration in a given di-
alect. For example, suppose that in one Arabic dialect
the mean duration of two short vocalics (65 + 75 ms)
is 70 ms while the mean duration of two long vocalics
(165+175 ms) is 170 ms, and in another Arabic dialect
the mean duration of two short vocalics (115+125 ms)
is 120 ms while the mean duration of two long vocalics
(285+295 ms) is 290 ms. In both scenarios, the ratio is
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approximately 0.41, but the difference is 100 ms in the
first and 170 ms in the second. Using a duration ra-
tio value makes the two dialects seem similar, but the
range of the values and the difference do not.

2.2. Proposed metrics

The proposed duration difference is similar to
the formant spacing – compact-diffuse (C-D) mea-
sure used in some studies in which the first formant
(F1, a smaller value) is subtracted from the second
formant (F2, a larger value) (e.g., Blomgren et al.,
1998; Kent, Vorperian, 2018). Although computing
the C-D value has a different purpose, namely, to eval-
uate tongue elevation (e.g., Jakobson et al., 1963),
it reduces the two values into a single value that can
be used for statistical description and inference. An-
other formant spacing value is the so-called grave-acute
(G-A) measure (Kent, Vorperian, 2018), which de-
scribes tongue advancement (Jakobson et al., 1963;
Blomgren et al., 1998). The G-A value has been com-
puted according to Eq. (3), where X = each individual
vocalic, and n = the total number of data points (vo-
calics):

G-A =
1

n
∑ (F1 of vocalic X + F2 of vocalic X)

2
. (3)

This method can form the basis of a new, alternative
metric that can be used to describe the vocalic dura-
tion and the vowel difference in languages where the
vocalic duration is contrastive. The proposed metric
can be calculated by the given equation (Eq. (4)):

duration metric =
1

n
∑ (short + long)

2
. (4)

The output provides us with one value that lies be-
tween the original value of the short vowel and that of
the long vowel, but it should better inform us about
how short or long the two contrastive vocalics are in
a given dialect or language. To illustrate this, consider
the previous two scenarios, calculated as (a) and (b)
for convenience. Note that we treat the mean durations
as single data points for two individual vocalics:

a) duration metric = 1

2
(65+165

2
+ 75+175

2
) = 120 ms,

b) duration metric = 1

2
(115+285

2
+ 125+295

2
) = 205 ms.

The two obtained values indicate that the first di-
alect has notably smaller short and long vocalic du-
rations than the second dialect. In other words, the
overall duration of vocalics in the second dialect is ap-
proximately 42% longer than that in the first dialect.
Neither the duration ratio, which is identical in both
dialects (0.41), nor the duration difference, which al-
ways depends on the distance between the short and
long vowel durations, will provide a unified metric that

allows for a direct comparison between the two dialects
or languages. Nevertheless, the proposed duration met-
ric here still does not show how far the duration value
is from the original short and long durations. Hence,
one further step is needed, which is to calculate the
difference metric (Eqs. (5) and (6)):

difference metric = duration metric

± (duration metric − short vocalic) (5)

or

difference metric = duration metric

± (long vocalic − duration metric). (6)

Note that Eqs. (5) and (6) provide the exact value.
Consider the vowel difference computed for the afore-
mentioned scenarios:

a) difference metric=120 ms ± (65+75

2
=70)=50 ms,

b) difference metric=205 ms±(115+125

2
=120)=85 ms.

The ± value is the difference metric that we can add to
or subtract from the vowel duration metric to obtain
the duration of the short vocalic or of the long vocalic.
In the first scenario, 120 ms± 50 ms = 70 or 170 to
yield the durations of the short and long vocalics, re-
spectively. The difference metric shows that the differ-
ence between the short and long vowels is smaller in
the first dialect than in the second dialect. The same
applies to the second scenario.

Thus, the duration metric provides us with one
value that represents both short and long vocalics. This
cannot be achieved via the traditional duration differ-
ence (where the short duration is subtracted from the
long duration) because the short and long vowels can
have large values (e.g., 200 and 250 ms, respectively),
but the duration difference, which will be 50 ms in this
case, cannot be used to calculate the exact duration of
either vocalic. Similarly, two smaller values for short
and long vowels (e.g., 50 and 110 ms) can have a larger
duration difference, calculated here as 60 ms, but this
value also indicates nothing about the duration of the
short and long vocalics. The proposed duration metric
does provide information about how long the short and
long vocalics are. To illustrate this with a real-world
example, we analyze data from Tsukada (2011).

2.3. An example from Arabic and Japanese

The short vocalic /a/ in trial 1 has a relatively
small duration ratio (0.37) compared to its long coun-
terpart, which is below the lowest value reported in the
literature on Arabic (0.39), while the short vocalic /u/
in trial 1 has a relatively larger duration ratio (0.51),
which is above the frequently reported range (39–45)
in the literature (e.g., Tsukada, 2011). Nevertheless,
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Table 1. Duration [in ms], difference [in ms], and ratio in Arabic (data adopted from Tsukada, 2011, p. 992).

Trial/item
Long
vowels

Long vowels
duration

Short
vowels

Short vowels
duration

Duration
ratio

Duration
difference

Short + long
Duration
metric

Difference
metric

1 /aa/ 307.00 /a/ 114.00 0.37 193.00 421.00 210.50 ±96.50

2 /aa/ 190.00 /a/ 96.00 0.51 94.00 286.00 143.00 ±47.00

1 /ii/ 235.00 /i/ 103.00 0.44 132.00 338.00 169.00 ±66.00

2 /ii/ 173.00 /i/ 87.00 0.50 86.00 260.00 130.00 ±43.00

1 /uu/ 212.00 /u/ 109.00 0.51 103.00 321.00 160.50 ±51.50

2 /uu/ 183.00 /u/ 88.00 0.48 95.00 271.00 135.50 ±47.50

Mean All 216.67 All 99.50 0.47 117.17 316.17 158.08 ±58.58

Table 2. Duration [in ms], difference [in ms], and ratio in Japanese (data adopted from Tsukada, 2011, p. 992).

Trial/item
Long
vowels

Long vowels
duration

Short
vowels

Short vowels
duration

Duration
ratio

Duration
difference

Short + long
Duration
metric

Difference
metric

1 /aa/ 190.00 /a/ 67.00 0.35 123.00 257.00 128.50 ±61.50

2 /aa/ 166.00 /a/ 65.00 0.39 101.00 231.00 115.50 ±50.50

1 /ee/ 182.00 /e/ 88.00 0.48 94.00 270.00 135.00 ±47.00

2 /ee/ 159.00 /e/ 79.00 0.50 80.00 238.00 119.00 ±40.00

1 /ii/ 195.00 /i/ 80.00 0.41 115.00 275.00 137.50 ±57.50

2 /ii/ 176.00 /i/ 69.00 0.39 107.00 245.00 122.50 ±53.50

1 /oo/ 181.00 /o/ 84.00 0.46 97.00 265.00 132.50 ±48.50

2 /oo/ 156.00 /o/ 75.00 0.48 81.00 231.00 115.50 ±40.50

1 /uu/ 179.00 /u/ 59.00 0.33 120.00 238.00 119.00 ±60.00

2 /uu/ 152.00 /u/ 61.00 0.40 91.00 213.00 106.50 ±45.50

Mean All 173.60 All 72.70 0.42 100.90 246.30 123.15 ±50.45

the actual durations of both short vocalics are 114 ms
and 109 ms, respectively, which exhibit only a negligi-
ble difference (114 − 109 = 5 ms). The overall dura-
tion ratio (0.47) and the overall duration difference
(117.17 ms) do not indicate the actual magnitude of
the durations of short and long vocalics in Arabic. In
contrast, the duration metric does show that Arabic
short vocalics are generally shorter and Arabic long
vocalics longer than 158.08 ms and that the distance
between short or long vowels and this metric value is
±58.58 ms overall.

Table 2 shows a duration metric in Japanese of
123.15 ms and a difference metric of ±50.45 ms, sug-
gesting that Japanese vocalics generally tend to be
shorter than Arabic vocalics (123.15 vs. 158.08 ms, re-
spectively) and that the difference (not the ratio) be-
tween short and long vocalics in Japanese is smaller
than that in Arabic (50.45 vs. 58.58 ms, respectively).
Inspection of the means for both Arabic and Japanese
short and long vowels supports this conclusion.

3. Duration metric and difference metric tested:

An experiment

The current experiment utilizes the proposed dura-
tion and difference metrics for statistical analysis and

compares them with the traditional duration differ-
ence and the duration ratio measures in Arabic and
Japanese.

3.1. Methodology

The stimuli for this study consist of 18 MSA
CVCVC vs. CV:CVC words and 18 Japanese CVCV
vs. CV:CV words. The Arabic items selected for this
experiment were inspired by (but not taken from) Has-
san (2002), while the Japanese items were selected
from Tsukada (2012b). The target vocalic in the stim-
uli from both languages was the first rather than the
second/final vocalic because the final vocalic is subject
to certain phonological processes such as shortening
and lengthening (see Aldholmi, 2022). Following the
same protocol by Aldholmi (2022), 22 male and 18 fe-
male native speakers of Arabic (n = 40) produced the
items using an Arabic carrier sentence (/ʔ anaa ʔ ak-
tubu ʔ aidʕan/ “I write as well”). The Arabic
participants spoke different Arabic dialects, including
Najdi (Qassimi, n = 8), Hijazi (Jeddah and Madinah,
n = 11), Southern (Faifa and Abha, n = 12), and North-
ern (Northern Borders, n = 9) dialects. The Arabic
participants met face-to-face with the experimenter or
other linguists who had volunteered to help the re-
searcher collect the data at different Saudi institutions.
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Twenty-four male and 162 female native speakers
of Japanese (n = 40; the initial sample comprised 41
participants, but one was excluded for unclear speech)
produced the Japanese items using a Japanese car-
rier sentence adopted from Tsukada (2011, p. 991)
(/tsugiwa to iimasu/ “Next I say the word ”) and
performed the task entirely online (using Phonic.ai,
2023). Approximately half of the Japanese participants
(n = 19) came from Osaka, while the rest did not
specify their origin. The target vocalics were isolated
from the adjacent consonants by the experimenter, us-
ing both visual and auditory judgements for all items.
Praat (Boersma, Weenink, 2021) was used for seg-
menting and marking the boundaries of segments for
all items.

3.2. Results

As shown in Figs. 1 and 2 and Table 3, Arabic has
larger means and greater variability for both short and
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Fig. 1. Short vocalic durations in Arabic and Japanese.
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Fig. 2. Long vocalic durations in Arabic and Japanese.

2It would have been desirable to maintain gender balance for
both Arabic and Japanese speakers, had the Japanese speakers
been as accessible to the researcher as the Arabic speakers were.
Nonetheless, an attempt was made to maintain a similar female-
to-male ratio in both groups, although previous studies did not
always have gender-balanced groups. For instance, Tsukada had
7 Arabic speakers (4 male and 3 female) in some studies (e.g.,
Tsukada, 2011) and 9 Arabic speakers (6 male and 3 female)
in some other studies (e.g., Tsukada, 2012a). It should also be
recalled that speakers maintain duration distinction in languages
that exhibit durationally contrastive vocalics such as Hebrew
regardless of gender (e.g., Amir et al., 2012).

Table 3. Short and long vocalic means [ms], SDs, minimums
and maximums of durations in Arabic and Japanese.

Length Language Mean SD Minimum Maximum

Short
Arabic 108.95 42.43 50.00 254.63

Japanese 60.51 14.56 27.00 97.00

Long
Arabic 237.11 52.55 27.00 413.94

Japanese 161.88 17.37 120.00 205.00

long vocalics (short: M = 108.95, SD = 42.43; long: M =
237.11, SD = 52.55) than Japanese (short: M = 60.51,
SD = 14.56; long: M = 161.88, SD = 17.37).

The repeated-measures ANOVA with the vocalic
length (short vs. long) as a within-subject factor and
language as a between-subject factor was performed to
test mean differences. As detailed in Table 4, the test
provided evidence for a statistically significant differ-
ence between short and long vocalics with a very large
effect size, F (1, 78) = 2047.16, p < 0.001, ω2 = 0.86, and
between Arabic and Japanese, also with a large effect
size, F (1, 78) = 182.51, p < 0.001, ω2 = 0.53. There
was also a statistically significant interaction between
the two factors with an intermediate effect, F (1, 78) =
27.89, p < 0.001, ω2 = 0.07.

Table 4. Repeated-measures ANOVA results.

Factors df F p ω2

Vocalic length 1 2047.16 <.001 0.86

Language 1 182.51 <.001 0.53

Vocalic length ∗ language 1 27.89 <.001 0.07

Thus, we have strong evidence that Arabic and Ja-
panese differ significantly in terms of duration for both
short and long vocalics and that, within each language,
short vocalics are shorter than their counterparts. Ta-
ble 5 presents the duration differences and duration
ratios for both languages. The duration difference for
Arabic (128.16 ms) and for Japanese (101.82 ms) and
the duration ratio for Arabic (0.48) and Japanese
(0.37) are similar to those calculated and obtained
from the data provided in (Tsukada, 2011). Hence,
the duration difference may be misinterpreted as in-
dicative of an overall similarity between the vocalic du-
ration in Arabic and Japanese, which is not precisely
the case.

Table 5. Duration differences and duration ratios
in Arabic and Japanese.

Language Mean SD Minimum Maximum

Duration
difference

[ms]

Arabic 128.16 54.20 −167.47∗ 329.84

Japanese 101.82 19.45 45.00 294.00

Duration
ratio

Arabic 0.48 0.29 0.20 3.04

Japanese 0.37 0.06 0.20 0.54

∗Note that the negative value is one of the issues caused by
using the duration difference, as explained in the introduction.
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Now consider both the proposed duration metric
and the difference metric in Table 6. The duration met-
ric for Arabic (173.03 ms) was substantially larger than
that for Japanese (111.20 ms). Likewise, the difference
metric for Arabic (64.08 ms) was considerably greater
than that for Japanese (51.30 ms).

Table 6. Duration metrics and difference metrics
in Arabic and Japanese.

Language Mean SD Minimum Maximum

Duration
metric [ms]

Arabic 173.03 39.32 42.50 283.54

Japanese 111.20 14.85 74.50 145.50

Difference
metric [ms]

Arabic 64.08 42.43 50.00 254.63

Japanese 51.30 28.31 −52.00 259.00

Thus, based on the aformentioned data, we obser-
ve that the duration metric and the difference met-
ric better represent the vocalic duration facts in both
languages. The values are re-reported side-by-side in
Table 7, which arguably illustrates how the substan-
tial dissimilarity between Arabic and Japanese and be-
tween short and long vocalics is reflected more clearly
in the duration metric and the difference metric than in
the duration difference and the duration ratio. To sup-
port this claim, an inverse regression was performed
to test which of the four variables (duration differ-
ence, duration ratio, duration metric, or difference
metric) would most accurately predict the language.
We first compare the duration difference and the du-
ration metric, as these two are similar; both inform us
about the actual duration of the short vs. long vowels.
Next, we compare the duration ratio and the differ-
ence metric, as these two are also similar; both inform

Table 7. Vocalic durations, duration differences, duration ratios, duration metrics,
and difference metrics in Arabic and Japanese.

Short
duration

[ms]

Long
duration

[ms]

Duration
difference

[ms]

Duration
ratio

Duration
metric
[ms]

Difference
metric
[ms]

Arabic Japanese Arabic Japanese Arabic Japanese Arabic Japanese Arabic Japanese Arabic Japanese

Mean 108.95 60.51 237.11 161.88 128.16 101.82 0.48 0.37 173.03 111.20 64.08 51.30

SD 42.43 14.56 52.55 17.37 54.20 19.45 0.29 0.06 39.32 14.85 42.43 28.31

Table 8. The −2LL and pseudo-R2 values for model 1.

χ2 df p −2LL Nagelkerke R2 Tjur R2 Cox and Snell R2 McFadden R2

Model 79.58 1 <.001 918.55 0.14 0.12 0.10 0.08

Duration difference 60.60 1 <.001

Table 9. Confusion matrix (sensitivity and specificity rates) and accuracy rate of model 1.

Observed

Predicted

Language Percentage
correctArabic Japanese

Language
Arabic 240 120 66.70

Japanese 77 283 78.60

Overall percentage (accuracy) 72.60

us about the relationship between two values. Despite
the similarity in purpose between the members of each
group, the difference metric and duration metric both
have the added benefit of being able to inform us about
the mean vocalic duration measures as well.

We fitted an inverse binary logistic regression mo-
del, first using the duration difference as a predictor
variable and the language as a predicted variable. The
results indicated a significant improvement in fit rela-
tive to an intercept-only model, χ2(1) = 79.58, p < .001,
and that the duration difference was a statistically sig-
nificant predictor of language, χ2(1) = 60.60, p < .001.
Table 8 shows the −2 log-likelihood (−2LL) and the
pseudo-R2 values of the first model (model 1). As
shown, in order from the largest pseudo-R2 value to
the smallest, the Nagelkerke R2, Tjur R2, Cox and
Snell R2, and McFadden R2 exhibited relatively sim-
ilar, low values. These values become important later
when we compare with another predictor variable.

Table 9 shows that the sensitivity of the model was
78.60%, the specificity of the model was 66.70%, and
the overall accuracy was 72.60%.

The model was re-fitted using the duration metric
value as a predictor variable. The results again showed
a significant improvement in fit for the second model
(model 2) relative to an intercept-only model, χ2(1) =
572.06, p < .001, and that duration metric was a sta-
tistically significant predictor of the language, χ2(1) =
159.56, p < .001. When the duration difference was
used as a predictor for the language, the –2LL value
was lower while the pseudo-R2 values (Table 10) were
higher than those obtained in the previous model,
demonstrating the development of better fit in model 2.
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Table 10. The −2LL and pseudo-R2 values for model 2.

χ2 df p −2LL Nagelkerke R2 Tjur R2 McFadden R2 Cox and Snell R2

Model 572.06 1 <.001 426.06 0.73 0.65 0.57 0.54

Duration metric 159.56 1 <.001

As shown in Table 11, the sensitivity (85.30%),
specificity (92.80%), and overall accuracy (89.00%) all
improved in model 2.

Thus, all indicators demonstrated that the dura-
tion metric proposed in the current study is a better
alternative to the duration difference used in previ-
ous studies. We compare the two other indicators (the
duration ratio vs. the difference metric), following the
same steps used in comparing the duration difference
and the duration metric.

An inverse binary logistic regression model
(model 3) was performed with the duration ratio as
a predictor and the language as a predicted variable.
The output showed that, compared to an intercept-
only model, model 3 demonstrated a significant im-
provement in fit, χ2(1) = 101.92, p < .001, and that
duration ratio was a statistically significant predictor
of the language, χ2(1) = 68.31, p < .001. The −2LL
value (896.20) and the pseudo-R2 values (Cox and
Snell R2 = 0.17, Nagelkerke R2 = 0.13, Tjur R2 = 0.12,
and McFadden R2 = 0.10) were very similar (Table 12)

Table 11. Confusion matrix (sensitivity and specificity rates) and accuracy rate of model 2.

Observed

Predicted

Language Percentage
correctArabic Japanese

Language
Arabic 307 53 85.30

Japanese 26 334 92.80

Overall percentage (accuracy) 89.00

Table 12. The −2LL and pseudo-R2 values for model 3.

χ2 df p −2LL Cox and Snell R2 Nagelkerke R2 Tjur R2 McFadden R2

Model 101.92 1 <.001 896.20 0.17 0.13 0.12 0.10

Duration ratio 68.31 1 <.001

Table 13. Confusion matrix (sensitivity and specificity rates) and accuracy rate of model 3.

Observed

Predicted

Language Percentage
correctArabic Japanese

Language
Arabic 215 145 59.70

Japanese 105 225 70.80

Overall percentage (accuracy) 65.30

Table 14. The −2LL and pseudo-R2 values for model 4.

χ2 df p −2LL Nagelkerke R2 Tjur R2 Cox and Snell R2 McFadden R2

Model 537.29 1 <.001 460.84 0.71 0.60 0.53 0.52

Duration metric 167.56 1 <.001

to those obtained when the duration difference was
used as an indicator.

The sensitivity (59.7%), specificity (70.8%), and
overall accuracy (65.3%) of the model, as shown in
Table 13, indicated that this model exhibited poor sen-
sitivity and slightly poor overall accuracy.

Running the model again with the difference met-
ric as a predictor, model 4 showed a significant im-
provement in fit relative to the intercept-only model,
χ2(1) = 537.29, p < .001. It also indicated the dif-
ference metric as a statistically significant predictor
of the language, χ2(1) = 167.56, p < .001. The −2LL
value (460.84) and the pseudo-R2 values (Nagelkerke
R2 = 0.71, Tjur R2 = 0.60, Cox and Snell R2 = 0.53, and
McFadden R2 = 0.52) were highly similar (Table 14) to
those obtained when using the duration metric as an
indicator.

The sensitivity (87.2%), specificity (84.2%), and
overall accuracy (85.7%) of the model, as shown in Ta-
ble 15, were notably higher than those in the previous
model and indicated good fit. Thus, running the model



186 Archives of Acoustics – Volume 49, Number 2, 2024

Table 15. Confusion matrix (sensitivity and specificity rates) and accuracy rate of model 4.

Observed

Predicted

Language Percentage
correctArabic Japanese

Language
Arabic 314 46 87.20

Japanese 57 303 84.20

Overall percentage (accuracy) 85.70

again with the difference metric as a predictor signifi-
cantly improved the model’s goodness of fit compared
to using the duration ratio as a predictor.

4. Discussion and conclusion

The findings above agree with a large body of lit-
erature that has shown that Arabic and Japanese con-
trast short and long vowels (e.g., Tsukada, 2013), as
well as with previous observations that Arabic short
vowels weigh approximately 50% of their long coun-
terparts while Japanese short vowels weigh less than
50% of their long counterparts (e.g., Tsukada, 2011).
The duration difference and the duration ratio were,
respectively, 128.16 and 0.48 for Arabic vocalics and
were, respectively, 101.82 and 0.37 for Japanese vocal-
ics. The duration differences (128.16 and 101.82 ms)
do not reflect the short and long durations in Arabic
or Japanese; Arabic short vowels are approximately
55% longer than Japanese short vowels, Arabic long
vowels are approximately 65% longer than Japanese
long vowels, and, overall, Arabic vocalics are approxi-
mately 60% longer than Japanese vocalics. Likewise,
the duration ratio does not convey much informa-
tion about vocalic duration within-language (e.g., Ara-
bic or Japanese) or between the two languages (Arabic
and Japanese) nor in comparison with other languages.
Based on the data we obtained in this experiment, the
duration ratios in Arabic and Japanese are relatively
similar: 0.48 in Arabic and 0.37 in Japanese. That is,
the durations of short and long vowels in Arabic are
nearly double those in Japanese, but we cannot deduce
this from the duration ratio.

In comparison, the duration metric (173.03 ms) and
difference metric in Arabic (±64.08 ms) diverged from
the duration metric (111.20 ms) and the difference
metric in Japanese (±51.30 ms). The duration metric
shows the average length of both short and long vowels;
we can see clearly that Arabic vocalics are consider-
ably longer than Japanese vocalics. The duration met-
ric shows the extent to which short vocalics and long
vocalics are similar or different within and between
Arabic and Japanese, and we can ascertain that the
difference between short and long vocalics in Arabic is
greater than that in Japanese and that, moreover, that
duration is more variable in Arabic than in Japanese.
The two metrics together show that the duration met-
ric of short and long vocalics in Arabic (173.3 ms) is

very close to the duration of long vocalics in Japanese
(111.20± 51.30 = 162 ms) and that the duration met-
ric of short and long vocalics in Japanese (111.20 ms)
is also similar to the duration of short vowels in Arabic
(173.03 − 64.08 = 108.95 ms).

Neither the duration difference nor the duration ra-
tio is a factual duration unit. Unlike the duration met-
ric, the duration difference does not provide the actual
duration of vocalics in Arabic vs. Japanese. Likewise,
the duration ratio is a completely different measure-
ment unit that no longer expresses the duration in time
units and cannot indicate the duration of short vow-
els relative to long ones in Arabic vs. Japanese. The
duration ratio cannot be used to compare vocalic du-
rations between dialects or languages, because two dif-
ferent languages that have two distinct duration mea-
surements for short and long vocalics may still have
similar or even identical duration ratios. For instance,
the duration ratio for Palestinian vocalics is approxi-
mately 0.39 (Saadah, 2011) and for Japanese vocalics
in the current experiment was 0.37. These two val-
ues are extremely similar, but overall, Palestinian short
and long vocalics are both longer than their Japanese
counterparts. Using the actual vocalic duration mea-
surements in a statistical test to compare vocalics in
Palestinian and Japanese should reveal a significant
difference, while using the duration ratio is unlikely
to reveal any differences. This is probably the reason
why the duration and difference metrics were better
predictors of the language.

To summarize, this paper shows how the duration
difference and duration ratio measures used in previ-
ous studies are not optimal metrics for comparing vo-
calic duration within and across languages. We pro-
pose two alternative metrics: the duration metric and
the difference metric. Using data from a previous study
(Tsukada, 2011), we illustrate the difference between
the duration ratio and the duration difference, on the
one hand, and between the duration metric and dif-
ference metric, on the other hand. We then conduct
an experiment to examine the new metrics. The find-
ings show that short and long vocalic durations dif-
fer in both Arabic and Japanese and that Arabic and
Japanese also differ in terms of short and long vowel
durations. More importantly, the key finding is that
the proposed metrics were better predictors of the lan-
guage than the traditional measures. This finding in-
vites researchers on the vocalic duration, whether pho-



Y. Aldholmi – Statistical Metrics for the Temporal Acoustics of Durationally Contrastive Vocalics. . . 187

neticians, language acquisitionists, or speech patholo-
gists, to consider using (and testing) of the proposed
metrics. We also call for a revisiting of the findings es-
tablished in previous literature, especially those studies
that compared several languages or dialects (e.g., Al-
ghamdi, 1998). Future research can survey languages
and dialects that have shown similar or dissimilar dura-
tion ratios and examine whether the proposed metrics
will reveal patterns that differ from those revealed by
the traditional duration ratio and duration difference
measures.
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1. Introduction

Sound quality or the quality of an instrument is
an essential consideration for musicians and those in-
volved in instrument construction and maintenance.
In the case of musical instruments made primarily of
wood, the physical condition of this material is essen-
tial. It is described by some parameters, among which
moisture content is one of the most important. This
is because wood contains a high percentage of lignin,
which is very hygroscopic (Gordobil et al., 2021).
A change in wood moisture content causes a change
in acoustic parameters, e.g., density, Young’s modu-
lus, and other physical parameters. Changes also affect
the structure of the wood itself, as very dry wood may
crack easily (Rath, Staudinger, 2001). The problems
mentioned have a significant impact on the musical in-
strument sound and its overall condition.

The acoustic guitar is an instrument made primar-
ily of wood. The tree species used in the instrument are
primarily spruce, cedar, and mahogany (Gore, 2011).
Humidity affects not only the sound but also the tun-
ing of this instrument. When the wood is too dry, the

neck’s geometry changes, causing out-of-tune sounds
on the frets (Wrzeciono et al., 2018). In addition,
the moisture content of the wood in a guitar may vary
with the season. For example, in Poland, wood drying
is most noticeable during winter conditions (Wrze-
ciono et al., 2018).

Luthiers deal with this problem in different ways.
One solution is presented in the paper (Wrzeciono
et al., 2018), where a parametric analysis of guitar
sound before and after humidification was performed.
As a result, it was possible to determine several pa-
rameters, including the time of sustain, which varied
significantly depending on the instrument’s condition.
However, linking the audible change in the swell to the
measurement results remained a challenge. In this pa-
per, we present methods to solve the mentioned prob-
lem.

During the experiments, the evaluation of the in-
strument’s sound quality was carried out by its owner.
However, the humidification process was conducted
in the luthier’s workshop, where the instrument was
serviced due to excessively low wood moisture con-
tent. In such a situation, there is a possibility that
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the measured sound parameters do not support the
subjective assessment made by the instrument owner.
Conducting a double-blind test under such circum-
stances was impossible. So, measurements and ana-
lysis of the results had to be performed to deter-
mine whether a trend would correlate with the mu-
sicians’ perceptions. A detailed study of changes was
described in the paper by Wrzeciono et al. (2018).
Through this study it was found that the most sig-
nificant changes perceived in sound are related to the
sounding time.

The objective of our study closely aligned with the
evaluation procedures employed by musicians in as-
sessing the sound quality of an instrument, where in
normal operational conditions, musicians leverage the
phenomenon of mutual excitation of strings. Conse-
quently, it was necessary to conduct experiments with
all strings attached. Therefore, our study aimed not to
eliminate this phenomenon but to examine its quanti-
tative changes.

2. Materials and methods

In a pilot study related to the parametric analy-
sis of guitars, about 60 instruments were used before
proceeding to a systematic multi-day experiment. All
of the instruments tested had new strings attached.
The tuning process was carried out using a special-
ized luthier’s device that tunes an empty string to an
accuracy of 0.1 cents.

Typically, moisturizing a guitar usually takes
a week, and the effects of humidification are monitored
daily (Wrzeciono et al., 2018).

The measurement setup included a chamber sound
box isolating the guitar from its surroundings, along
with a microphone unit. The strings were excited by
a free-falling arm containing a handle to prevent the
arm from rebounding. Measurements of the sound
level obtained by striking the strings with the arm
were conducted with a set of microphones placed on
the axis of the sound hole, at a distance of 15 cm
from the guitar. The primary measurement was made
with a PreSonus PRM1 microphone calibrated with
a Sonopan KA-50 calibrator. In addition, the Rode
NT1 microphone was employed as the second one to
record guitar sounds with a low noise level.

The microphones were connected to a Focusrite
Scarlett 2i2 2Gen audio interface, and the measure-
ment system was calibrated with a signal from a 94 dB
acoustic calibrator (Sonopan KA-50). Then, a record-
ing of the guitar sound was made after striking the
strings with the arm. A single recording consisted of
ten strokes made every 60 seconds. The recordings were
made at a sampling rate of 96 kHz and a bit resolution
of 24 bits. Infrasound components were removed from
the calibration and measurement signals by the Octave
program’s digital filter. The signal from the PRM1

microphone was used as a reference to calculate the
sound level of the tested guitar. A detailed descrip-
tion of the measurement method and measuring in-
struments is presented in the paper by Wrzeciono
et al. (2018).

Several parameters describing the guitar sound
were also defined in that work. However, the sounding
guitar time, denoted as T40, was the most important
one. The T40 parameter is the interval of time in which
the sound level of the guitar, after impulse excitation,
drops by 40 dB. A time window of 10 ms was used
in the signal power calculation. In addition, infrasonic
components were previously removed from the signal.
However, the T40 parameter alone does not account for
the change in the decay’s nature (Wrzeciono et al.,
2018).

Therefore, further analytical work was undertaken
to reconstruct the auditory impression. The study in-
volved qualitative and quantitative analysis. Higuchi
fractal dimension (HFD) and symbolic analysis were
chosen as qualitative analysis, while empirical mode
decomposition (EMD) was selected as the quantitative
analysis.

Both HFD and symbolic method have been used
to analyze biomedical signals for medical diagnosis
and treatment evaluation efficacy (Gladun, 2020; Go-
molka et al., 2018; Pierzchalski et al., 2011; Sto-
jadinović et al., 2020). Therefore, using these meth-
ods to analyze a relatively uncomplicated signal, such
as the sound level of a guitar, should yield intriguing
results. The problem of evaluating the effectiveness of
the humidification process is analogous to assess the ef-
fectiveness of therapy. At its core, conditioning serves
as therapy for the instrument.

The fractal dimension and the characteristics of the
symbolic analysis allow, based on the analyzed signal,
to determine the state in which the system generat-
ing the signal is present, thus enabling the detection of
state changes. These methods allow to track changes in
long signals through the use of moving window tech-
nique. Since the waveforms of sound levels concern-
ing the registration of physiological signals are short,
global (for the whole signal) values of fractal dimen-
sion and symbolic parameter were calculated. These
calculated parameters give general information about
the changes in guitar sound.

On the other hand, EMD is currently used in a wide
range of topics in geophysics (Huang, Wu, 2008),
oceanology (Zhou et al., 2021), biomedicine (Khan,
Pachori, 2021; Li et al., 2021; Pierzchalski et al.,
2011), and engineering (Zheng et al., 2021). The de-
sign of the EMD method gives a broader picture of
the changes in the system under study. It is multi-
parametric and thus less synthetic than the previously
discussed methods. The original decomposition into
modes and the residue allow us to observe precisely
what occurs in the sound level signal.
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3. Signal processing

3.1. Brief introduction to methods of analysis

The humidification process significantly changes
the shape and complexity of the sound pressure level
(SPL) curve. Therefore, employing signal complex-
ity analysis methods is justified. Three methods have
been proposed and used here: HFD, symbolic analy-
sis, and EMD. They represent different approaches to
signal analysis. HFD is based on scaling law; symbolic
analysis uses statistics; EMD is an iterative decom-
position procedure. Thus, the convergence of results
obtained by these methods confirms the notion of SPL
analysis as a complex signal. Furthermore, the agree-
ment of these results with listening evaluations vali-
dates the use of these methods for automatic evalua-
tion and control of the humidification process.

HFD and symbolic measure are global. Their val-
ues allow determining only the level of complexity of
the signal. On the other hand, EMD analysis provides
more profound information about the changes that oc-
cur in the signal.

3.2. Higuchi’s fractal dimension

HFD of the signal curve (Higuchi, 1988) measures
the signal’s waveform complexity and should not be
confused with the fractal dimension in phase space
(Mandelbrot, 1967). HFD, denoted as Df , typically
ranges from 1.0 (for a straight line or straight Eu-
clidean curve) to 2.0 (for a curve with random am-
plitudes). The only parameter of Higuchi’s algorithm
is kmax. It is the maximal rescale (time delay) integer
parameter, which depends on the sampling frequency
and signal length (Spasić et al., 2005). In our study,
the optimal value of kmax has a value of eight, because
Df has the least variance at this parameter setting.

From sampled in time signal: X(1),X(2), ...,X(N),
the algorithm constructs k new series Xk

m: X(m),
X(m+k), ...,X (m+int((N−m)/k)k) for m = 1,2, ..., k,
where m is the initial time, k is the delay, and int(r)
is the integer part of a real number r.

For every k = 1,2, ..., kmax the difference between
shifted samples starting from the following m is calcu-
lated as:

Lm(k) = 1

k

⎛⎜⎝
int(N−m

k
)∑

i=1

∣X (m + ik) −X (m + (i − 1)k)∣⎞⎟⎠
⋅ N − 1

int (N−m
k

)k , (1)

where N is the total number of samples.
Next, the mean of the k values Lm(k) for m = 1,

2, ..., k is calculated as:

L(k) = 1

k

k∑
m=1

Lm(k). (2)

L(k) satisfies the scaling law:

L(k)∝ k−Df , (3)

where exponent Df is HFD. This relationship is re-
duced to linear form:

log (L(k))∝Df log ( 1

k
). (4)

Hence, the value of the fractal dimension Df is calcu-
lated by a least-squares linear best-fitting procedure.

3.3. Symbolic analysis

The symbolic analysis uses the methodology ap-
plied in information theory (Stone, 2022), which de-
fines many parameters of signal complexity, i.e., en-
tropies and related measures (Ribeiro et al., 2012;
2017). However, in this paper, we propose to use a more
specific parameter whose mathematical description is
close to the average codeword length (Johnson Jr
et al., 2003).

The construction of the parameter uses the statis-
tical distribution of symbol sequence representing the
falling and rising slope of the signal (Stepien, 2011).
The general idea is to encode the changes in signal
between successive samples with symbols “0” and “1”:

c(i) = { 1 if X(i) ≥X(i − 1),
0 if X(i) <X(i − 1). (5)

The symbol “1” denotes an amplitude increase,
while the symbol “0” denotes an amplitude decrease
between successive signal samples. Thus, rising edges
of the signal correspond to “1” sequences, and falling
edges to “0” sequences. In this way, the monotonic-
ity of the signal is encoded. Hence, sequences compris-
ing only “1” or “0” symbols are called mono-sequences
here. We denote the length of the mono-sequence cor-
responding to the rising slope by l({1}∗), while that
of the falling slope by l({0}∗).

To estimate the probabilities p (l({1}∗)) and
p (l({0}∗)) of occurrence of mono-sequences of consec-
utive lengths let us encode the signal according to the
rule (Eq. (5)). Then, count the encoded signal’s mono-
sequences according to their length and divide by the
total number of mono-sequences of a given type.

Our signal characteristic is the sum of mean values
of mono-sequences’ lengths in the coded signal, which
are calculated as:

L1 =
lmax∑
l=1

p (l ({1}∗)) l ({1}∗),
L0 =

lmax∑
l=1

p (l ({0}∗)) l ({0}∗).
(6)

Finally, we obtain a parameter called the sum of
mean lengths (SML), which measures the complexity
of the signal:

SML = L0 +L1. (7)
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The SML parameter is the sum of the mean values
and, as such, is an average measure. However, unlike
entropy per symbol, it is not a measure that directly
characterizes the source of the signal but rather a mea-
sure of the complexity of the signal itself and, indi-
rectly, its source.

In addition to providing overall signal characteris-
tics, this parameter can be used to track the evolution
of signal complexity, e.g., using the moving window
technique.

3.4. Empirical mode decomposition

EMD decomposes multi-component signals into
their mono-components, as proposed by Huang et al.
(1998). EMD is a data-driven algorithm that does not
depend on any predefined basis function. Such mono-
components are called intrinsic mode functions (IMFs).
An IMF is a signal that fulfills the following condi-
tions: the number of extrema and the number of zero
crossings of the IMF are either the same or their dif-
ference is 1; the signal has “zero mean” – meaning the
mean value of the envelope determined by the maxima
and the envelope defined by the minima is equal to 0
at every point.

The above conditions suggest that EMD – non-
stationary signal is decomposed into stationary, sym-
metric signals (modes) that are easy to analyze.

The crucial step of EMD is extracting extrema from
the original signal x(t) end creating the upper envelope
emax and the lower envelope emin by cubic spline inter-
polation (de Boor, 1978) of the maxima and minima,
respectively. Then, the mean value of the two envelopes
is computed as:

m(t) = emax − emin

2
. (8)

The value m(t) is subtracted from the primary sig-
nal x(t) resulting in:

imf1(t) = x(t) −m(t). (9)

This is called the sifting process (Fig. 1).
In an ideal case, imf1(t) could be the first mode

IMF1, but it usually remains an asymmetric signal. In
such a case, we need to repeat the above procedure,
treating imf1(t) as the input data for the subsequent
sifting process, so the mean valuem(t) of the envelopes
of imf1(t) is calculated, and this value is subtracted
from imf1(t):

imf1(t) ∶= imf1(t) −m(t). (10)

In Eq. (10), the sign “ ∶=” denotes “becomes,” that is,
in the programming loop, the right-hand side is substi-
tuted for the left-hand side. This procedure is repeated
until imf1(t) meets the conditions of an IMF signal

Start

End

Spline interpolation of
maximas: emax(t) and minimas: emin(t)

m(t)=
emax(t)−emin(t)

2

imf i(t):=imf i(t)−m(t)

m(t)≈0

r( t) :=r( t)−imf i( t)

r(t)≈0 i : = i+ 1

r ( t ) =x ( t ) ;  i= 1

imf i( t)=r( t)

imf i( t)

Legend:
x – original data
imf – table of IFM’s
r – residue
i – decomposition iteration

IMF’s decomposition loop

Sifting loop
True

True

False

False

Fig. 1. Block diagram of sifting process
(from (Pierzchalski et al., 2011)).

(m(t) ≈ 0). After the extraction of IMF1, the original
data is reduced by the ultimate value of imf1(t):

r(t) = x(t) − imf1(t). (11)

The residue r(t) is treated as input for extracting
the subsequent IMF (next sifting loop).

a)

original signal - IMF1

Am
pl

itu
de

Am
pl

itu
de

Am
pl

itu
de

envelope 
envelopes' mean

IMF1 
envelope 
envelopes' mean

original signal 
envelope 
envelopes' mean

Time [s]

b)

c)

Fig. 2. EMD decomposition: a) start; b) end of the decom-
position of the first IMF; c) start of the decomposition for

the second IMF (from (Pierzchalski et al., 2011)).
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The procedure is looped to obtain all IMFs (Figs. 1
and 2). Decomposition is finished when either the i-th
residue ri(t) = ri−1(t)−imfi(t) has less than three ex-
trema or all its points are equal to zero.

The sum of all IMF components (modes) and the
residue is equal to the original signal:

rn + n∑
m=1

IMFm(t) = x(t), (12)

where n is the number of modes.
In most analyzes using EMD, researchers focus

on the modes themselves, ignoring the residue, which
for many complex signals, has tiny amplitudes. How-
ever, in this study, the amplitudes of the residues
are much higher than the amplitudes of the modes.
Thus, the residues give the most crucial information
about the signal.

4. Results

The results presented here are for five guitars
that underwent the humidification process for nearly
a week. The guitar designations are random and do not
refer to any specific type or model of guitar. The ana-
lyzed data were obtained using the measurement and
processing methods described in (Wrzeciono et al.,
2018).

4.1. Analysis of sound level during sustain
by Higuchi’s fractal dimension

Table 1 shows the derived fractal dimension values
for the instruments before and after moisturizing. All
tested guitars exhibited a higher fractal dimension af-
ter the humidification process than before. This means
that the SPL curve for the instrument after humidifi-
cation is more complex than before.

Table 1. HDF for five guitars before and after
humidification.

The guitar ID Before moisturizing After moisturizing

110 2.12 2.18

111 2.08 2.17

112 2.01 2.2

113 2.08 2.12

114 2.19 2.22

It should be noted that the levels of fractal dimen-
sion values attained by guitars depend not only on
their initial condition but also on individual features
of their construction. For example, the fractal dimen-
sion value for guitar 110 before humidification is the
same as for the fractal dimension of guitar 113 after hu-
midification. However, after humidification, the fractal
dimension for guitar 110 reaches the level of this value
for guitar 114.

Moreover, it is observed that the level of increment
in fractal dimension depends on the guitar’s starting
condition and susceptibility to moisturizing. The most
significant increases in fractal dimension occurred for
guitars 112 and 111, while for guitars 113 and 114, the
increment was the smallest.

It is also intriguing that the fractal dimension val-
ues exceed the value of 2. This is probably due to the
properties of the curve of the sound level during sus-
tain, where a strong nonlinear trend is superimposed
on a rapidly varying oscillation. This trend is essen-
tial in interpreting how we hear the guitar sound. We
write about this further in the results section on EMD
analysis.

4.2. Symbolic analysis of sustain curve

The sum of the means lengths of mono-sequences
(SML), similarly to HFD, records the difference before
and after conditioning the instrument (Fig. 3). For this
parameter, we observe a decrease in value after condi-
tioning. This means that the amplitudes of the fast
oscillations are statistically shorter and become more
uniform after humidification. The complexity of sus-
tain curves grows after moisturizing, which agrees with
the results obtained with HFD.
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Fig. 3. Values of SML score for five instruments.

Using SML, we tracked the changes in guitars dur-
ing the humidification process. Figure 4 shows the evo-
lution of the SML scores for guitars from the first be-
fore conditioning to the last after an entire humidifi-
cation cycle.

The effect of the instrument humidification process
is irregular – improvement is followed by deterioration.
This agrees with listening observations. The evolution
during conditioning resembles a fading oscillation, in-
dicating that guitars are moving towards their charac-
teristic equilibrium points.
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Fig. 4. Evolution of SML scores during instrument
humidification.

4.3. EMD decomposition of the sound level in sustain

EMD decomposed the sound level during sustain
of the guitar before and during the moisturizing pro-
cedure. Figure 5 presents the decomposition of the SPL
curve for guitar 112 before and after the complete cycle
of moisturizing.

For guitar 112, the number of modes did not
change. However, evident changes can be seen in the
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Fig. 5. EMD decomposition of the SPL for guitar 112: a) before moisturizing; b) after moisturizing.

shape of the mode waveforms. Here, the shape of the
sustain signal is mainly affected by mode IMF5. The
bulges observed in the sustain signal of the guitar be-
fore the humidification process, audible as long ripples
of sound, are associated with mode IMF5.

In the seven decompositions, the final number of
modes was five; in two cases, it was six, and in one case,
it was four. Thus, for two guitars, after conditioning,
the number of modes increased from five to six (gui-
tar 111) and four to five (guitar 113, see Fig. 6); for
one guitar, it decreased from six to five (guitar 114).

Especially interesting are the results of the residue
decomposition of the signal. For example, residues of
SPL measurements before and after humidification for
guitar 110 are presented in Fig. 7.

Figure 8 shows the changes in the shapes of the
residue curves determined for the instruments during
the humidification process.

The shape of these curves matches the listening ex-
perience and confirms the irregular changes in instru-
ment sound quality during humidification. In addition,
an identical irregularity was observed for the previ-
ously determined SML parameter.

Through our investigation, we observed significant
alterations in the playability of instruments follow-
ing the humidification process, as indicated by all the
methods employed.
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Fig. 7. Residues and sustain of 110 guitar (a) before moisturizing and (b) after moisturizing.
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model is established to represent the micro-Doppler features based on the single-highlight model. Subsequently,
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long pulse detection signal, precise representation is achieved by setting motion positions and calculating time
delays within the model. The results represent the echoes of moving targets with multiple highlights and micro-
motions. Finally, a time-frequency analysis method is employed to extract motion features and estimate target
parameters, thereby validating the accuracy and effectiveness of the proposed model. This research provides
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1. Introduction

Existing studies have shown that underwater tar-
gets, during navigation or operational activities, ex-
hibit periodic micro-motions such as vibrations and ro-
tations alongside their translation (Clemente et al.,
2013; Hanif et al., 2022). Micro-Doppler features,
serving as a crucial representation of target motion
states, are particularly important in high-speed tar-
get detection. By extracting micro-Doppler features
from complex echo signals, it is possible to estimate
motion parameters of the high-speed target’s micro-
motion components, which is of great significance for
target detection and identification.

In the field of radar detection, extensive research
has been conducted on target micro-motion fea-
tures, micro-motion feature extraction, and classifi-
cation, leading to valuable achievements (Clemente
et al., 2013; Hanif et al., 2022). Chen et al. (2003)

elucidated the frequency modulation effect caused
by target micro-motion, known as micro-Doppler.
Micro-Doppler features have been used for classify-
ing various human activities. By using raw micro-
Doppler signatures as features, detection and recogni-
tion of various human activities can be achieved (Kim,
Ling, 2009; Kim, Moon, 2016). Wang et al. (2023)
employed time-frequency analysis to extract micro-
Doppler features from radar signals to identify the
indoor activities of elderly people, enabling an effec-
tive assessment of potential risks in their daily rou-
tines. Zhao and Su (2023) decomposed Doppler sig-
nals from the echo of small unmanned aerial vehicles
based on the micro-Doppler effect of rotating targets.
They further extracted motion parameters from the
residual rotating signals, achieving efficient identifica-
tion of LSS UAVs. In addition to civilian applications,
relevant research has also been conducted in the mili-
tary domain. For instance, based on the estimation of
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4. Simulation and discussion

In the simulation, all the array elements are con-
sidered to be omnidirectional. The center angle be-
tween each element is 10○, the center frequency of the
signal is f0 = 50 kHz, the speed of sound in water
is c = 1500 m/s, and the radius of the arc is r = 0.08 m.
For simplicity, let us consider the directivity of the ar-
ray as the incidence direction of the signal to be set
at 0○ and the range of angles as [−60○, 60○], while the
SNR is varied to −5, 0, 5, 10, 20, and 30 dB.

The initial values of parameters used in the simu-
lation are shown in Table 1.

Figure 3 shows the convergence of the cost func-
tion and the temperature throughout the iterative pro-
cess for the simulation using the proposed method. The
temperature drastically reduces until 2000-th iteration
and then gradually converges to 0. It can be seen that
the convergence process of the cost function exhibits
a local minimum around 1445-th iteration, and this is
due to the nature of the SAA, which deviates from
the local minimum and then converges to the global
minimum.

Figure 4 shows the directivity of the arc array
obtained by applying various weighting methods and
compares them with the proposed method. The side
lobe level of the directivity function using the proposed
method is −16.6 dB, even for an SNR of −5 dB, but it
is about −10 dB for the other methods. It can be seen
that the proposed method is effective in side lobe level

Table 1. The initial values of parameters.

Parameters Initial values

Initial temperature T0 1

Final temperature Te 1e-8

Maximum number of trials at a given temperature (MaxTryT) 3000

Maximum Success at a given temperature (MaxScT) 40

Maximum rejection number (MaxRej) 1000

[α, β] [1, 1]
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Fig. 3. Convergence of the cost function and the temperature throughout the iterative process:
a) convergence; b) temperature.

reduction and powerful over noise suppression, even at
low SNRs.

Table 2 presents the weighting factor vectors cal-
culated by the proposed method and the weighting
factor values calculated by different methods. Table 3
provides a comparison of different weighting methods
with the proposed method for the main lobe width and
side lobe level of array directivity at different SNRs. In
Table 3, the front values in each column are the 6 dB
beam width in degrees, followed by the maximum side
lobe levels in dB. From Table 3, it can be seen that
at low SNRs below 0 dB, the proposed method min-
imizes the main lobe width increase, while the side
lobe level is the smallest among the seven methods.
Furthermore, the main lobe width and the side lobe
level do not change significantly at various SNRs. This
indicates that the proposed method exhibits high noise
robustness.

Table 4 shows the main lobe width (6 dB beam
width) and the maximum lobe level of the array di-
rectivity with varying values of α and β. From Ta-
ble 4, it is evident that the main lobe width decreases
and the maximum side lobe level increases as β in-
creases.

Figure 5 shows the comparison between the pro-
posed method and various weighting methods using
the cost function for different SNRs. Only the maxi-
mum side lobe level is used. As shown, the proposed
method maintains a constant cost function value, re-
gardless of the SNR change.
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Fig. 4. Comparison between the proposed method and various weighting methodsfor the different SNRs:
a) −5 dB; b) 0 dB; c) 5 dB; d) 10 dB; e) 20 dB; f) 30 dB.
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