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Summary: Objectives. Classifying strain in the singing voice can help protect professional singers from vocal 
overuse and support singing training. This study investigates whether machine learning can automatically 
classify singing voices into two levels of perceived strain. The singing samples represent two genres: classical and 
contemporary commercial music (CCM). 
Methods. A total of 324 singing voice samples from 15 professional normophonic singers (nine female, six 
male) were analyzed. Nine singers were classical, and six were CCM singers. The samples consisted of syllable 
strings produced at three to six pitches and three loudness levels. Based on expert auditory-perceptual ratings, 
the samples were categorized into two strain levels: normal-mild and moderate-severe. Three acoustic feature sets 
(mel-frequency cepstral coefficients (MFCCs), the extended Geneva Minimalistic Acoustic Parameter Set 
(eGeMAPS), and wavelet scattering features) were compared using two classifier models [support vector ma
chine (SVM) and multilayer perceptron (MLP)]. Feature selection was performed using recursive feature 
elimination, and the Mann-Whitney U test was used to assess the discriminative power of the selected features.
Results. The highest classification accuracy of 86.1% was achieved using a subset of wavelet scattering features 
with the MLP classifier. A comparison between individual features showed that the first MFCC coefficient, 
representing spectral tilt, exhibited the greatest between-class separation.
Conclusion. This study demonstrates that machine learning models utilizing selected acoustic features can 
classify perceptual strain of singing voices automatically with high accuracy. These preliminary findings 
highlight the potential for larger studies involving more diverse singer groups across different genres.
Key Words: Auditive-perceptual evaluation—Support vector machine—Multiple layer perceptron—Fisher 
vector—Wavelet scattering coefficients—Mel-frequency cepstral coefficients.  

INTRODUCTION
Background
Voice production involves a complex interplay of physio
logical processes primarily within the respiratory system, 
larynx, and vocal tract.1 To evaluate voice quality, various 
auditory-perceptual scales have been developed, primarily 
to identify vocal abnormalities that may signal organic or 
functional voice disorders. Among these, GRBAS and 
CAPE-V2 are two of the most widely used clinical tools for 
assessing characteristics such as roughness, breathiness, 

and strain. Strain is described as a psychoacoustic im
pression of hyperfunctional phonation.3

Vocal hyperfunction is defined as excessive or imbalanced 
muscle activity4 and is often considered the primary cause of 
vocal fold traumas, such as polyps and nodules, due to the 
excessive tissue loading it induces.5 Strain may be further 
conceptualized as the auditory perception of effort in voi
cing,6,7 whereas vocal effort refers to the self-perceived ex
ertion during voicing.8 Some researchers use the term strain 
synonymously with vocal overloading.9,10

Impact stress, the pressure per unit area during vocal 
fold collision, is regarded as the most damaging mechanical 
factor in voice production, acting perpendicular to the 
vocal fold tissue fibers.11 Impact stress increases with fun
damental frequency (F0), intensity, and adduction.12

Singing involves much wider F0 and intensity ranges than 
speech, and different singing styles vary in phonation types 
along a continuum from breathy (low adduction) to 
pressed (high adduction).13,14 Sonninen et al identified 
imbalanced muscle function related to register control as a 
vocal loading factor.15 They viewed “open singing”—
singing at high pitches without adequately reducing the 
vibrating mass of the vocal folds through thyroarytenoid 
muscle activity—as particularly hazardous for vocal health. 
Their X-ray studies revealed that “open singing” involves 
greater vocal fold strain (ie, increased fold length per pitch 
rise) compared to “covered singing,” a technique typical of 
classically trained singers.16 A loud, yell-like singing style 
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known as belting13,14 exemplifies “open singing.” A review 
in17 discussed the pathology of singing voices from both 
scientific and artistic perspectives, concluding that vocal 
problems among singers often stem from incorrect tech
nique or vocal abuse. Even minor voice pathologies can 
severely impact professional singers, with strained singing 
manifesting as hoarseness, reduced vocal range, timbre 
changes, fatigue, and throat pain. In summary, strain in the 
singing voice is likely greater and poses a higher risk of 
vocal fold damage than strain in speaking voices. However, 
research on singing voice strain remains sparse.

Belting has been characterized as employing a more 
strained or pressed voice quality than neutral or classical 
singing.18 This difference appears linked to higher sub
glottic pressure and specific voice source characteristics, 
such as a longer glottal closed time, shorter glottal closing 
phase, and smaller spectral tilt.19 Belting is often associated 
with voice disturbances,20 although singers and singing 
teachers distinguish between healthy and unhealthy pro
duction methods for belting.21 This raises an intriguing 
question: can automatically extracted acoustic features in
dicate whether a singing voice is produced with excessive 
strain, irrespective of pitch, loudness, or genre-related 
timbre differences? Early recognition and management of 
voice strain could help singers prevent further damage, 
maintain vocal health, and improve their technique. Au
tomatic classification of singing voice strain (eg, mild vs. 
severe) could significantly benefit singers by optimizing 
performance and facilitating effective learning.

According to a comprehensive review,22 voice research 
has primarily focused on breathiness and roughness. 
Meanwhile, voice quality evaluation has predominantly 
studied healthy and pathological speaking voices,23 leaving 
the singing voice less explored. The following section pre
sents a brief review of acoustic features and machine 
learning techniques employed in the automatic assessment 
of strain, breathiness, and other voice quality dimensions in 
speaking voices.

Previous work
Automatic voice analysis was investigated in24 using a 
multiple linear regression model to predict auditory-per
ceptual breathiness ratings. The study analyzed over 900 
voice samples, comprising voiced segments from con
tinuous speech and sustained vowel /a/ samples produced 
by both healthy and dysphonic speakers. A total of 28 
acoustic features were compared. Statistical analysis re
vealed that cepstral peak prominence (CPP) had the highest 
correlation with breathiness ratings, followed by glottal-to- 
noise excitation (GNE). To predict breathiness ratings, a 
multiple linear regression model was developed using nine 
features: high-frequency noise level, amplitude difference 
between the first and second harmonics (H1-H2), CPP, 
harmonics-to-noise ratio (HNR), period standard devia
tion, GNE, jitter, and shimmer. The model demonstrated a 
strong correlation between its predictions and the expert- 
assigned ground truth breathiness ratings.

A small-scale study in22 analyzed 28 dysphonic vowel 
samples, revealing a strong correlation between perceptual 
ratings of voice strain and acoustic features such as CPP, 
sharpness, and several spectral measurements. Similarly,25

explored the acoustic correlates of self-perceived and au
ditorily perceived effort (ie, strain) in untrained speakers. 
Their findings indicated that the most reliable acoustic 
correlates were sound pressure level (SPL), low-to-high 
spectral ratio, and HNR.

In,26 spectral and cepstral features were extracted from 
sustained vowels and continuous speech produced by 23 
dysphonic speakers, whose dysphonia was primarily char
acterized by strained voice quality, and 23 healthy 
speakers. The results indicated that the acoustic features 
demonstrated moderate to high correlations with percep
tual ratings of strain severity in the voice samples. The 
study concluded that the spectral and cepstral features ef
fectively differentiated between strained and normal voices.

In,27 an automatic voice assessment system was devel
oped to classify pathological and healthy voices into four 
levels of grade, one of the five perceptual items in the 
GRBAS scale. A total of 65 acoustic features were utilized, 
including traditional methods such as mel-frequency ceps
tral coefficients (MFCCs) and GNE, as well as nonlinear 
dynamical analyses. To reduce feature redundancy, four 
feature selection techniques were applied. Multiclass clas
sification was performed using support vector machines 
(SVM) and extreme learning machine (ELM) classifiers, 
yielding moderate correlation with expert grade ratings.

The same task was investigated in,28 which employed 44 
acoustic features (including MFCCs, CPPs, and long-term 
average spectrum) and a deep belief network to classify 
sustained vowels and running speech samples into four 
voice severity categories as defined by GRBAS. The results 
demonstrated a moderate correlation between acoustic 
features and overall dysphonia severity.

In,29 linear regression was used to explore the relation
ship between auditory-perceptual ratings of voice quality 
(breathiness, roughness, and strain) and acoustic features 
such as HNR, CPP, and low-to-high spectral ratio (L/H 
ratio). The voice samples consisted of sustained vowels and 
passage readings from patients with muscle tension voice 
disorders and healthy speakers. The study found that the L/ 
H ratio effectively predicted strain.

Recent machine learning studies have also utilized raw 
voice waveforms as classifier inputs, bypassing the need for 
handcrafted acoustic features. A notable example is,30

where a one-dimensional convolutional neural network 
was employed to predict GRBAS scores from pathological 
voice samples. Among the GRBAS items, strain prediction 
achieved the highest accuracy and F1-score.

Goals
Signal processing and ML techniques have been success
fully applied to the automatic assessment of perceptual 
ratings in the speaking voice. This study explores whether 
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these techniques can also be used to classify the level of 
strain in the singing voice. Specifically, the study aims to:

1) Determine whether automatic ML classifiers can dis
tinguish between singing voices with normal to mild 
strain (normal-mild) and those with moderate to severe 
strain (moderate-severe).

2) Apply a feature selection algorithm to identify the 
optimal subset of acoustic features for classification 
and compare the distributions of individual features 
across the two strain classes. The results demonstrate 
that strain levels in singing voices can be automatically 
classified with relatively high accuracy.

The paper is structured as follows: Section 2 describes 
the singing voice dataset used in this study. Section 3
outlines the methods. Experimental results are presented in 
Section 4. Section 5 analyzes the acoustic features in
vestigated. Discussions are provided in Section 6, and 
conclusions are drawn in Section 7.

DATA
Voice recording
The singing voice samples used in this study were sourced 
from the Multiple Modality Singing Voice Database 
(MMSVD), which was collected at the Speech and Voice 
Research Laboratory of Tampere University. MMSVD 
contains multi-channel recordings of singing, including 
acoustic voice, oral air pressure, oral flow, and electro
glottography (EGG) signals. These signals were recorded 
from 15 trained singers, of whom nine were classically 
trained (two males, seven females) and six were con
temporary commercial music (CCM) singers (four males, 
two females). The participants’ ages ranged from 25 to 
77 years (mean = 49.7 years, SD = 14.9 years), and all were 
vocally healthy according to their own reports and their 

Voice Handicap Index sum scores. The singers were re
cruited via social media, and all participated voluntarily, 
providing written consent.

The singers sang a syllable string consisting of five utter
ances of one consonant-vowel syllable (/pa/, /pe/, and /po/), 
for example, a singing syllable string of “pa pa pa pa pa”. 
Each string was repeated twice in three different pitches, one 
octave apart, covering a total pitch range of two octaves. 
The pitches used by each singer are shown in Table 1. The 
F0 range of the samples was 186-816 Hz for the females and 
94-656 Hz for the males. The singing tasks were first per
formed at the lowest perceivable loudness (phonation 
threshold) that the singer could produce. Thereafter the 
singers produced the tasks in medium loudness and in loud 
stage voice (mezzoforte and forte in music terms). The 
singers were instructed to evenly stress each of the five re
peated syllables and to keep the tempo between 120 and 180 
syllables per minute. A reference tempo was provided by one 
of the authors using a metronome.

During the singing task, the singers wore the Glottal 
Enterprise MA-1 (large) flow mask over their mouth and nose 
to record aerodynamic data for other studies. The acoustic 
voice was recorded using a Brüel and Kjaer 4188 microphone 
connected to a Brüel and Kjaer Mediator 2238 sound level 
meter. The microphone was positioned 30 cm from the 
singer’s lips. To measure SPL, a calibration tone generated by 
a Brüel and Kjaer 4230 calibrator was recorded. The signals 
were recorded using KAY CSL MODEL 4500 software and 
converted to wav format for later analysis. The recordings 
were made with a sampling frequency of 44.1 kHz and a re
solution of 16 bits. For the current study, all recorded voice 
signals were downsampled to 22.05 kHz.

Perceptual rating of the level of strain
The level of strain of each recorded syllable string was 
perceptually assessed by two raters. Both raters were 

TABLE 1.  
Participants and Their Singing Pitches 

Singer Pitch 1 Pitch 2 Pitch 3 Pitch 4 Pitch 5 Pitch 6

CCM M1 C#4 G4
CCM M2 G#2 D3 G#3 D4 A4
CCM M3 A2 A3 A4
CCM M4 A#2 E3 A#3 E4 A#4 E5
CCM F1 G3 G4 G5
CCM F2 G3 G4 G5
Classical M1 A2 D#3 A3 D#4 A4
Classical M2 G2 G3 D#4 F#4
Classical F1 G3 G4 G5
Classical F2 G3 G4 G5
Classical F3 G3 G4 G5
Classical F4 G3 G4 G5
Classical F5 G3 G4 G5
Classical F6 G3 G4 G5
Classical F7 G3 G4 G5

CCM refers to a singer with a contemporary commercial music background and Classical refers to a singer with a background in classical music.
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university-educated vocologists with PhDs in vocology and 
a strong background in singing. One rater was a profes
sional CCM singer and singing teacher, while the other one 
had extensive training in classical singing and worked as a 
professional voice trainer. The selection criteria for the 
raters included: (a) extensive training in voice science and 
significant experience in perceptual analysis, (b) a back
ground in singing, and (c) representation of different mu
sical genres (classical operatic and CCM - pop/jazz, rhythm 
music). The raters evaluated the strain level of each re
corded syllable string using a discrete scale from 0 to 5, 
where 0 = no strain at all, and 1 = mild, 2 = rather mild, 
3 = moderate, 4 = severe, or 5 = extreme strain. Each rater 
scored the voices twice in two separate sessions on different 
days. Both the intra-rater reliability (consistency between 
the first and second rating for each rater) and the inter- 
rater reliability between the raters was studied with an in
traclass correlation coefficient (ICC). Intra-rater reliability 
analysis yielded ICC 0.895 for one rater (95% Confidence 
Interval (CI) 0.869-0.915, P <  0.001) and ICC 0.891 for the 
other (CI 0.864-0.912, P <  0.001). For average consistency 
between the raters the ICC was 0.715 (CI 0.646-0.771, 
P  <  0.001). The final strain score for each sample was 
calculated as the mean of the ratings from both raters 
across the two sessions. The distribution of mean strain 
scores is illustrated in Figure 1.

For the purposes of this study, the voice samples were 
divided into two classes based on their mean strain scores: 
normal-mild, syllable strings with mean strain score be
tween 0.0 and 2.0 (exclusive); moderate-severe, syllable 
strings with mean strain scores between 2.0 and 5.0 (in
clusive). The normal-mild class contained 169 syllable 
strings from 14 singers (95 by female singers and 74 by male 
singers). The moderate-severe class included 155 syllable 
strings from 15 singers (67 by female singers and 88 by male 
singers). The duration of all the 324 voices ranged from 1.4 
to 6.2 seconds, with an average of 2.9 seconds.

METHODS
To investigate the automatic classification of strain in the 
singing voices, automatic ML systems were developed fol
lowing a conventional pipeline architecture, consisting of 
three main components: feature extraction, classifier, and 
feature selection. Each component plays a critical role in 
ensuring the system’s effectiveness. This section provides a 
detailed description of these three components.

Feature extraction
Three acoustic feature sets were compared in the study, as 
presented in Sections 3.1.1, 3.1.2, and 3.1.3. All features 
were initially computed on a frame-wise basis and subse
quently aggregated into fixed-length feature vectors for 
each syllable string using temporal statistical functionals. 
In addition to commonly used temporal functionals (eg, 
mean, standard deviation), frame-wise features were also 
combined into syllable-wise feature vectors through the 
Fisher vector encoding,31 as described in Section 3.1.4.

MFCCs
As discusses in Section 1.2, MFCCs have been widely uti
lized in numerous studies on speech and voice research, 
making them one of the feature sets selected for compar
ison in this study. MFCCs provide a compressed, percep
tually-driven representation of the short-term power 
spectrum of sound,32 as they are derived using the mel 
scale, which models human auditory perception by em
phasizing lower frequencies where the ear is more sensitive 
for frequency discrimination. In this work, the first 13 
MFCCs were extracted, and are denoted by MFCC0, 
MFCC1, …, MFCC12, respectively. The MFCC0 re
presents the overall energy of the signal, and MFCC1 
corresponds to spectral tilt (balance of energy between low 
and high frequencies). The other coefficients (MFCC1- 
MFCC12) capture different aspects of the sound’s timbre 
and quality, which are essential for distinguishing between 
various types of voices or speech sounds. In this work, 13 
MFCCs were computed using a frame length of 25 ms, a 
hop length of 10 ms, and a Hann window, following the 
MFCC implementation from the librosa library.33 The 
Hann window was applied during the short-time spectral 
analysis to minimize spectral leakage, which helps maintain 
frequency resolution by reducing the effect of abrupt signal 
truncation. The frame-level MFCCs were smoothed by a 
moving average filter with a window size of three frames. 
From the smoothed frame-level MFCCs, temporal statis
tical functionals (mean, standard deviation, skewness, and 
kurtosis) were computed, resulting in a 52-dimensional 
vector per syllable string. Since the mean is a temporal 
statistical functional commonly used in previous stu
dies,27,34 MFCC features were also computed using the 
mean as the sole functional, producing in a 13-dimensional 
feature vector per syllable string. This MFCC feature is 
referred to as MFCC_mean in this study.

FIGURE 1. Histogram of the mean strain scores for all singing 
voice samples.
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Extended Geneva minimalistic acoustic parameter set 
(eGeMAPS)
The second feature set used in this study was the 
eGeMAPS.35 The eGeMAPS set consists of a variety of 
time-domain and frequency-domain parameters, such as 
F0, jitter, shimmer, HNR, formants, and spectral slope, 
which are considered robust indicators of voice perturba
tions. These parameters, referred to as 25 low-level de
scriptors (LLDs), are computed frame-wise in eGeMAPS 
using a frame length of 25 ms and a hop length of 10 ms. To 
derive fixed-length feature vectors for each syllable string, 
the frame-wise computed parameters were aggregated 
using various temporal statistical functionals, including 
arithmetic mean, coefficient of variation, and percentiles. 
This process resulted in an 88-dimensional feature vector 
per syllable string. In the present work, the eGeMAPS 
features were extracted using the Python package open
SMILE,36 a widely used toolkit for speech analysis. 
OpenSMILE provides a standardized approach to extract 
prosodic (eg, pitch, intensity, duration) and spectral (eg, 
formants) characteristics of speech and voice signals, which 
are crucial, for example, in voice quality assessment.

Wavelet scattering coefficients (WSCs)
The third feature type selected in this study was based on 
the wavelet scattering network.37 These features are re
ferred to as the WSCs. The wavelet scattering network 
provides a time-frequency representation that is invariant 
to translation, stable under time-warping deformations, 
and minimizes within-class variations while preserving 
discriminability across classes.38 The network processes 
input signals through stages, each consists of a cascade of 
wavelet transform, complex modulus, and low-pass fil
tering operations.38 The scattering coefficients produced at 
each stage exhibit local stability and translation invariance, 
which are crucial for classification tasks.38 The use of 
scattering coefficients has demonstrated high performance 
in various applications, such as phoneme recognition and 
the detection and classification of pathological speech.38–40

WSCs are particularly useful for capturing fine-grained 
pitch variations and subtle articulation differences, making 
them well-suited for analyzing singing voices and voice 
disorders.

In principle, the scattering network can include multiple 
stages. However, a two-stage scattering network is typically 
sufficient for most audio applications, as higher-order 
scattering coefficients generally contain negligible en
ergy.38,39,41 Therefore, a two-stage scattering network was 
employed in this study. The two key parameters of the 
network are: (i) the number of wavelets per octave in the 
filterbanks used for computing the wavelet transform at 
each stage, and (ii) the invariance scale. Scattering coeffi
cients were extracted using an invariance scale of 150 ms, 
with four filters per octave in the first stage and one filter 
per octave in the second stage. Based on empirical testing, 
the invariance scale was set to 150 ms, which provided the 

best classification performance in our study. The scattering 
features were computed using Matlab. The scattering net
work generated an N × P feature matrix, where P re
presents the number of time windows (or frames) and N is 
the fixed number of scattering coefficients per time window. 
The scattering coefficients were log-transformed and aver
aged along the time axis to produce a 158-dimensional 
feature vector for each syllable string.

Fisher vector encoding
The Fisher vector (FV) encoding is a powerful technique 
widely used in image and audio research to transform 
variable-length feature sets into fixed-length vectors, en
abling their application in standard ML models. By mod
eling the distribution of local descriptors (such as MFCCs) 
using a Gaussian Mixture Model (GMM), the FV encoding 
captures higher-order statistics, including the mean and 
covariance deviations of the descriptors from the GMM 
components. This results in a rich representation that ef
fectively encodes the underlying structure and variability 
within the data. FV encoding has been successfully applied 
to various tasks, such as action and event recognition,42

emotion recognition,43 speaker verification,44 and speech 
recognition.45

In this work, we explored FV encoding as an alternative 
to the statistical temporal functionals to aggregate frame- 
wise MFCCs, eGeMAPS LLDs, and WSCs into syllable- 
level vectors, as described in Section 3.1.1, 3.1.2, and 3.1.3. 
The FV encoding was computed by partitioning the singing 
voice data into training and testing sets using a leave-one- 
singer-out cross validation (LOSO-CV) procedure. In 
LOSO-CV approach, the syllable strings of 14 singers were 
used as the training set, while the samples of the remaining 
singer were served as the test set. This process was repeated 
until every singer had been tested. This LOSO-CV proce
dure was consistently applied for the feature selection 
(Section 3.2) and classification experiments (Sections 3.3
and 4).

To compute the FV encoding, a GMM with two 
Gaussians was first trained. Then FVs were then derived 
form the GMM for both the training and test sets. A 
classifier for strain level prediction was trained with the 
training set FVs and evaluated on the test set FVs. This 
procedure was repeated for each singer, and the overall 
classification accuracy was calculated by aggregating the 
predictions from all 15 singers along with their corre
sponding strain level labels. The dimensionality of the FV- 
encoded feature vectors per syllable string was 54 for 
MFCCs, 102 for eGeMAPS, and 634 for WSCs when the 
FV encoding was applied to frame-level features.

Feature selection
To identify the most effective features for the classification 
task, feature selection was performed using the recursive 
feature elimination (RFE) algorithm.46 RFE begins with 
the complete feature set and iteratively removes the least 
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important features until the desired number of features is 
obtained. In this process, a Ridge classifier47 was employed 
to determine feature importance.

The Ridge classifier applies Ridge regression by first 
converting binary class labels to {− 1, 1}, treating the task 
as a regression problem. The model optimizes its coeffi
cients to minimize a penalized residual sum of squares 
between the observed targets and the predicted targets from 
a linear approximation.48 The resulting optimal model 
coefficients are then used to eliminate the least important 
features. The RFE implementation from the Python library 
scikit-learn was used in this study.

Figure 2 illustrates the RFE-based feature selection 
process conducted in this study. RFE was performed by 
varying the number of selected features (K) from 2 to D−1, 
where D is the full dimensionality of the feature set (eg, 
D = 52 for the MFCCs). Using the LOSO-CV approach 
described in Section 3.1.4, K features were first selected for 
each of the 15 singers through RFE, resulting in 15 subsets 
with the dimensionality of K. From these subsets, the K 
features with the highest occurrences were finally chosen. 
The procedure was repeated for each of the four full feature 
sets described in Sections 3.1.1–3.1.3. The resulting four 
feature sets with dimensionality of K were used for classifier 
training and testing with the LOSO-CV approach described 
in Section 3.1.4.

Classifiers
This study compared two widely-used and powerful ML 
models: SVMs and multilayer perceptrons (MLPs). Both 
classifiers were evaluated by partitioning the singing voice 
data into training and testing sets using the LOSO-CV 
approach described in Section 3.1.4. Performance is re
ported as the overall accuracy computed over the voices of 
all 15 singers.

SVM
SVMs have been proven to be highly effective for binary 
classification, particularly when high-dimensional feature 

representations are used in conjunction with small training 
datasets, such as in the automatic assessment of pathological 
voices.49 In this study, SVMs with a nonlinear radial basis 
function (RBF) kernel were employed. The RBF kernel is 
defined by the formula K x x exp x x( , ) ( )2= , 
where x and x are two samples in dataset X. The kernel 
coefficient γ was set as d1 ( * )X

2= , where d represents the 
feature dimensionality and X

2 is the variance of dataset X. 
The regularization parameter C was set as 1.0.

MLP
MLPs are another classifier type widely used in voice and 
speech research. For example, a one-hidden-layer MLP was 
used to detect pathological voices in.50 In,51 two-hidden-layer 
MLPs were trained with wavelet packet transform features 
successfully detected voice disorders characterized by rough
ness, breathiness, and strain, separately, which achieved good 
classification accuracies. In this study, MLPs with one hidden 
layer were utilized. The number of hidden neurons was set to 
one less than twice the input dimensionality. For example, for 
the eGeMAPS festure set, the number of hidden neurons was 
calculated as: 2 × 88 − 1 = 175. Tanh was used as the activa
tion function, as it allows for faster learning by centering 
values around zero and helps capture both positive and ne
gative variations in singing voice data. The models were 
trained until numerical convergence was detected (no sig
nificant change of training loss) or until a predefined max
imum number of epochs was reached. The optimizer used was 
Adam with its default learning rate of 0.001, as provided by 
scikit-learn. Adam is well-suited for training deep learning 
models as it adapts learning rates for different parameters, 
improving stability and convergence.

CLASSIFICATION RESULTS
Classification accuracy for the RFE-selected feature sets is 
presented in Tables 2 and 3 for the SVM and MLP clas
sifier, respectively. Both tables also show the dimension
ality (ie, parameter K) of the optimal subset selected by the 

FIGURE 2. A schematic view of the process to select K best features using Leave-One-Singer-Out (LOSO) and Recursive Feature 
Elimination (RFE).
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RFE procedure for each of the four feature sets. The results 
demonstrate that the MLP classifier constantly achieved 
higher accuracy across all four feature sets. The highest 
accuracy 86.1% was obtained using the MLP classifier with 
the RFE-selected WSCs feature set. Similarly, the WSCs 
feature set yielded the best accuracy (of 85.5%) for the 
SVM classifier. As noted in Section 3.1.4, the FV encodings 
varied across the LOSO-CV folds, rendering the RFE- 
based feature selection method inapplicable for the FV- 
encoded features.

Confusion matrices for the classifications performed by 
the best classifier (ie, MLP) are shown for the RFE-selected 
MFCC_mean, MFCCs, eGeMAPS, and WSCs features in 
Tables 4, 5, 6, and 7, respectively. The confusion matrices 
reveal that the superior accuracy provided by the WSCs 
features is primarily attributed to the lower number of 
misclassifications in the moderate-severe class (14 in 
Table 7).

Table 8 presents the classification accuracy of the two 
classifiers when using the original full feature sets. A 
comparison of these results with the accuracy values re
ported in Tables 2 and 3 reveals that the RFE-based feature 
selection approach significantly improved classification 
performance across all feature sets and for both classifiers. 
For instance, the classification accuracy of the MFCC 
features improved from 80.6% to 84.3% with SVM and 

from 77.2% to 84.6% with MLP when RFE-based feature 
selection was applied. For reference, the results using the 
FV encoding as an alternative to traditional temporal 
functionals are also introduced in Table 8. The FV en
coding did not demonstrate any clear advantages over 
traditional temporal functionals. Furthermore, increasing 
the number of GMM components for FV computation did 
not yield any performance improvements.

RANKING OF INDIVIDUAL FEATURES
The results presented in Section 4 demonstrate that the 
RFE-based feature selection improved the accuracy of the 
automatic strain level classification systems compared to 

TABLE 2.  
Classification Accuracy (%) for the RFE-Selected Feature 
Sets Using the SVM Classifier 

Feature Dimensionality Accuracy

MFCC_mean 5 82.4
MFCCs 14 84.3
eGeMAPS 79 82.7
WSCs 107 85.5

TABLE 3.  
Classification Accuracy (%) for the RFE-Selected Feature 
Sets Using the MLP Classifier 

Feature Dimensionality Accuracy

MFCC_mean 3 84.3
MFCCs 23 84.6
eGeMAPS 19 84.6
WSCs 21 86.1

TABLE 4.  
Confusion Matrix for the RFE-Selected MFCC_Mean 
Feature Set Using the MLP Classifier (Accuracy = 84.3%) 

Predicted
True normal-mild moderate-severe

normal-mild 139 30
moderate-severe 21 134

TABLE 5.  
Confusion Matrix for the RFE-Selected MFCCs Feature 
Set Using the MLP Classifier (Accuracy = 84.6%) 

Predicted
True normal-mild moderate-severe

normal-mild 142 27
moderate-severe 23 132

TABLE 6.  
Confusion Matrix for the RFE-Selected eGeMAPS 
Feature Set Using the MLP Classifier (Accuracy = 84.6%) 

Predicted
True normal-mild moderate-severe

normal-mild 140 29
moderate-severe 21 134

TABLE 7.  
Confusion Matrix for the RFE-Selected WSCs Feature 
Set Using the MLP Classifier (Accuracy = 86.1%). 

Predicted
True normal-mild moderate-severe

normal-mild 138 31
moderate-severe 14 141

TABLE 8.  
Classification Accuracies (%) of Both Classifiers Using 
the Original Full Feature Sets Without the RFE Feature 
Selection 

Feature Dimensionality SVM MLP

MFCC_mean 13 81.5 75.0
MFCCs 52 80.6 77.2
eGeMAPS 88 76.9 81.5
WSCs 158 84.3 75.9
FV_MFCC 54 80.2 75.3
FV_eGeMAPS(LLD) 102 77.2 77.8
FV_WSC 634 79.6 78.7
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using the full feature sets. This section provides further 
analysis of the selected features by studying their rankings 
within each of the four full sets. Additionally, class separ
ability achieved by the highest-ranking individual feature 
of each set is visualized by feature value histograms and 
quantified by statistical tests.

Feature rankings for each feature set were determined 
using the RFE procedure and the LOSO-CV approach 
described in Section 3.2. The ranking procedure consisted 
of the following steps: 

• Initial ranking per fold: For a feature set with a di
mensionality of D (eg, D = 88 for the eGeMAPS set), 
each feature was assigned a rank, represented by an 
integer between 1 and D, in each LOSO-CV fold using 
the RFE procedure.

• Averaging across folds: The ranks obtained in all the 
15 LOSO-CV folds were averaged to compute a real- 
valued mean rank for each feature in the set.

• Final ranking: Based on the mean rank, the features 
were arranged in a descending order. The obtained 
final rankings are presented in Tables 9, 10, 11, 12 for 
the RFE-selected MFCC_mean, MFCCs, eGeMAPS, 
and WSCs features, respectively.

Additionally, statistical analysis of feature values be
tween the two strain classes was conducted using the 
Mann-Whitney U test (also known as the Wilcoxon rank- 
sum test).52 The null hypothesis was rejected at P  <  0.05. 
For each feature, the Mann-Whitney U test provided three 
values: effect size (r), significance (p), and z-score (z). These 
parameters are given in the third, fourth, and fifth columns 
of Tables 9, 10, 11, 12. It is worth noting that features can 
also be ranked based on the effect size (r) from the Mann- 
Whitney U test, with larger r values indicating higher fea
ture importance.

Figure 3 presents the histograms of the top-ranking in
dividual feature of the MFCC_mean, MFCCs, eGeMAPS, 
and WSCs feature sets, along with their respective effect 
size (r) and P value given by the Mann-Whitney U test. 
These histograms show that the best-performing features in 
the MFCC_mean, MFCCs, and eGeMAPS sets demon
strate clear separation between the two strain classes. Ad
ditionally, these features exhibit high r values (ranging 

from 0.550 to 0.610) with statistically significant differences 
between classes.

In contrast, the best ranking WSC feature shows con
siderable overlap between the two classes, a low r value 
(0.070), and no statistically significant difference. Poor 
class separability given by the best-ranked WSC feature is 
contrary to what might be expected by the results reported 
in Section 4, which show that the WSC features showed the 
highest accuracy in the automatic classification of strain. 
This suggests that the information regarding strain is dis
tributed across many WSC feature dimensions that jointly 
contribute to accurate classification.

DISCUSSION
This study investigated the automatic classification of the 
level of strain in singing voices. Feature set dimensionalities 
were reduced using the RFE technique to identify the best- 
functioning feature sets. The highest classification accuracy 
(86.1%) was obtained using the WSC feature set, whose di
mension was reduced with RFE, and using the MLP clas
sifier. The other feature set. al.o resulted in high accuracy 
(≥84.3%) with the MLP. The RFE-based ranking between 
individual features revealed that the MFCC1 feature was 

TABLE 9.  
The Three Best Features From the MFCC_mean Set, as 
Identified by RFE With the MLP Classifier 

Feature Mean Rank r P z

MFCC2_mean 1.0 0.551 < 0.001 9.916
MFCC4_mean 2.0 0.475 < 0.001 8.544
MFCC6_mean 3.2 0.260 < 0.001 4.682

The 2nd column shows the mean feauture rank across all folds in the 
LOSO-CV, and the remaining columns denote the effect size (r), P value 
(P), and z score (z) from the Mann-Whitney U test when comparing the 
features across the classes.

TABLE 10.  
The 23 Selected Features of the MFCC Set, Computed by 
the RFE Procedure 

Feature Mean Rank r P z

MFCC1_mean 2.3 0.562 < 0.001 10.116
MFCC4_mean 3.3 0.475 < 0.001 8.544
MFCC0_var 3.5 0.356 < 0.001 6.406
MFCC0_kurt 6.1 0.037 0.509 −0.661
MFCC2_mean 6.3 0.551 < 0.001 9.916
MFCC1_kurt 7.5 0.101 0.070 −1.811
MFCC1_var 9.1 0.312 < 0.001 −5.621
MFCC3_skew 9.3 0.399 < 0.001 −7.180
MFCC0_skew 11.5 0.148 0.008 2.664
MFCC9_skew 11.5 0.288 < 0.001 5.179
MFCC8_skew 13.1 0.153 0.006 2.751
MFCC9_kurt 13.1 0.117 0.036 2.097
MFCC1_skew 16.0 0.431 < 0.001 −7.752
MFCC6_mean 17.5 0.260 < 0.001 4.682
MFCC0_mean 18.9 0.316 < 0.001 −5.684
MFCC6_kurt 19.5 0.007 0.905 −0.121
MFCC2_skew 19.5 0.340 < 0.001 −6.122
MFCC8_kurt 21.3 0.090 0.105 −1.620
MFCC11_var 21.9 0.229 < 0.001 −4.116
MFCC4_var 24.1 0.023 0.682 0.410
MFCC7_mean 25.1 0.051 0.357 0.922
MFCC10_kurt 25.5 0.217 < 0.001 3.905
MFCC7_skew 29.2 0.097 0.080 1.749

These features achieved an accuracy of 84.6% with the MLP classifier. 
The 2nd column shows the mean rank across all folds in LOSO-CV. For 
the MFCCs, “mean,” “var,” “skew,” “kurt” refer to the mean, variance, 
skewness, and kurtosis, respectively. In this table, r, P, z represent the 
effect size, significance, and z-score of U statistic of the Mann-Whitney U 
test for each feature, respectively, comparing the normal-mild and 
moderate-severe classes.
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ranked as the best individual feature in two of the studied 
sets (the RFE-reduced MFCCs and eGeMAPS sets).

Wavelet scattering provides a rich time-frequency re
presentation that preserves critical signal structures across 
multiple scales, making it robust to pitch and timbre var
iations in singing.53 In comparison, MFCCs primarily 
capture the overall spectral shape, often at the expense of 
finer temporal details essential for identifying subtle vocal 
strain.54 Designed for general perceptual audio analysis, 
MFCCs can overlook transient features critical in strain 
detection. Despite this limitation, the MFCC model de
monstrated remarkable efficiency, achieving an accuracy of 
84.3% using just three selected features. This indicates that 
MFCCs, while compact, can still effectively represent vocal 
strain characteristics when coupled with an appropriate 
feature selection algorithm like RFE. Similarly, while 
eGeMAPS encompasses a broad range of voice character
istics,35 it appears slightly less effective than scattering 
coefficients in capturing intricate patterns of vocal strain. 
However, its performance (84.6% with 19 features) remains 
competitive and demonstrates the utility of feature sets that 
combine a diverse range of acoustic measures. The findings 
suggest that while wavelet scattering offers the most com
prehensive representation for this classification task, 
MFCCs remain a powerful and efficient alternative, par
ticularly in scenarios where simplicity and computational 
efficiency are prioritized.

The RFE algorithm improved performance across all 
feature sets by selecting the most important features. For 

TABLE 11.  
The 19 Selected Features of the eGeMAPS Set, Computed By the RFE Procedure 

Feature Mean Rank r P z

mfcc1V_sma3nz_amean 2.7 0.610 < 0.001 10.986
F3amplitudeLogRelF0_sma3nz_stddevNorm 6.3 0.493 < 0.001 8.875
spectralFlux_sma3_amean 6.4 0.189 0.001 −3.407
spectralFluxV_sma3nz_amean 8.2 0.198 < 0.001 −3.559
loudness_sma3_meanRisingSlope 8.6 0.327 < 0.001 −5.892
equivalentSoundLevel_dBp 8.7 0.276 < 0.001 −4.968
loudness_sma3_percentile20.0 10.0 0.200 < 0.001 −3.607
MeanVoicedSegmentLengthSec 11.8 0.069 0.215 −1.240
mfcc3_sma3_amean 13.3 0.502 < 0.001 9.039
F2bandwidth_sma3nz_stddevNorm 14.4 0.197 < 0.001 −3.552
F2frequency_sma3nz_amean 15.1 0.283 < 0.001 −5.095
F1frequency_sma3nz_amean 16.9 0.306 < 0.001 −5.515
mfcc4V_sma3nz_amean 17.5 0.251 < 0.001 4.522
F2amplitudeLogRelF0_sma3nz_stddevNorm 18.7 0.473 < 0.001 8.511
F1frequency_sma3nz_stddevNorm 19.0 0.177 0.002 −3.181
mfcc3V_sma3nz_amean 19.1 0.479 < 0.001 8.630
slopeV0-500_sma3nz_amean 19.9 0.112 0.044 −2.014
F2frequency_sma3nz_stddevNorm 20.6 0.057 0.304 −1.028
F0semitoneFrom27.5Hz_sma3nz_stddevFallingSlope 23.4 0.173 0.002 −3.111

These features achieved an accuracy of 84.6% with the MLP classifier. The 2nd column shows the mean rank across all folds in LOSO-CV. For detailed 
descriptions of each parameter, the reader is referred to.35 In this table, r, P, z represent the effect size, significance, and z-score of U statistic from the Mann- 
Whitney U test for each feature, respectively, comparing the normal-mild and moderate-severe classes.

TABLE 12.  
The 21 Selected Features of the WSCs Set, Computed By 
the RFE Procedure 

Feature Mean Rank r P z

para136 5.9 0.070 0.209 −1.258
para137 6.5 0.028 0.617 −0.500
para25 7.5 0.315 < 0.001 5.678
para157 8.5 0.257 < 0.001 4.630
para77 9.0 0.571 < 0.001 −10.287
para146 9.0 0.221 < 0.001 3.974
para20 9.5 0.246 < 0.001 4.429
para66 12.4 0.466 < 0.001 −8.384
para68 16.1 0.464 < 0.001 −8.353
para121 17.3 0.367 < 0.001 −6.615
para73 19.3 0.406 < 0.001 −7.302
para129 21.2 0.392 < 0.001 −7.055
para148 22.1 0.160 0.004 2.876
para128 27.6 0.380 < 0.001 −6.832
para38 29.2 0.354 < 0.001 −6.380
para44 32.5 0.446 < 0.001 −8.032
para40 39.2 0.439 < 0.001 −7.910
para75 39.6 0.462 < 0.001 −8.310
para19 41.1 0.264 < 0.001 4.752
para43 45.9 0.462 < 0.001 −8.312
para13 52.1 0.427 < 0.001 −7.691

These features achieved an accuracy of 86.1% with the MLP classifier. 
The 2nd column shows the mean rank across all folds in LOSO-CV. The 
158 features of the WSC set are labeled as “para0 − para157.” The r, P, 
and z represent the effect size, significance, and z-score of U statistic 
from the Mann-Whitney U test for each feature, respectively, when 
comparing the normal-mild and moderate-severe classes.
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the WSC features, the best-performing model retained 21 
features, while MFCCs and eGeMAPS models retained 
only 3 and 19 features, respectively. The larger number of 
relevant features for WSCs suggests that they encode 
complementary aspects of the voice that together char
acterize strain in voice, potentially requiring their non- 
linear combination for effective class separation (as learned 
by the SVM and MLP classifiers during training). 
Although the MFCC model achieved strong results with 
just three features, they likely fail to capture some of the 
nuances in voice encoded by the scattering coefficients.

Further insights into the acoustic characteristics of 
strained voices emerge from the feature distributions 
shown in Figure 3. MFCC1 plays a key role in identifying 
vocal strain levels, as shown in Figure 3(b)-(c), where lower 
MFCC1 values are associated with moderate-severe strain. 
Since MFCC1 reflects spectral tilt, or the balance between 
low and high-frequency energy, lower values suggest that 
strained voices have more high-frequency energy. This is in 
line with the results in,55 where perception of synthetic 
stimuli was studied. An increase in the spectral center of 
gravity and an increase in the amplitude of higher 

harmonics and spectral slope have been related to the 
perception of strain.56 A relatively strong energy con
centration in the high-frequency range, as such, is a ne
cessity for genre-typical voice timbre and well-projecting 
voice both in classical opera voice and in many CCM 
styles, particularly in the so called belting which was re
presented among the samples of the present study. In op
eratic voice, the energy concentration is found in the 2- 
4 kHz range (singer’s formant cluster), depending on sex 
and voice type,57,58 and in the 1-1.7 kHz range in belting.14

Further studies should aim to develop genre-specific 
thresholds for excessive strain, which singers could use to 
adjust their technique, aiming for a more balanced energy 
distribution and reducing the risk of excessive vocal 
loading.

Additionally, in voices with moderate-severe strain, the 
spectral envelope often appears flatter, with less pro
nounced peaks and valleys. This results in lower MFCC2 
values, as shown in Figure 3(a). The reduced curvature in 
the spectral envelope may indicate not only a gentle spec
tral slope but also formants which are of higher energy and 
located more close to each other. This in turn may be 

FIGURE 3. Histograms of the best-ranked features from each feature sets for (a) MFCC_mean, (b) MFCCs, (c) eGeMAPS, and (d) 
WSCs. r represents the effect size (“class separation”) and P the P value calculated by the Mann-Whitney U test for the feature under 
comparison between the normal-mild and moderate-severe classes. The solid curves denote smoothed distributions using kernel density 
estimation.
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related to the raised larynx and narrowed pharynx.59

Higher F1 and F2 frequencies have been found to be re
lated to the perception of pressedness (strain).60 While a 
high laryngeal position and pharyngeal constriction is often 
seen in patients with muscle tension dysphonia,61,62 these 
characteristics are also voluntarily used in belting.63,64

Further studies should investigate closer the differences 
between dysphonic strain and strain-resembling character
istics exploited in artistic voice use.

Among the selected MFCC features listed in Tables 9
and 10, MFCC0_var, MFCC4_mean, and MFCC6_mean 
were also highly ranked. MFCC0 represents the log energy 
of the signal, indicating how strong or weak the sound is. 
By checking the feature distributions, we found that 
strained voices likely have a larger MFCC0_mean but a 
smaller MFCC0_var (variance), which indicates that 
singers (especially CCM singers) who sounded more 
strained tended to produce more consistent energy and 
have reduced intensity variation. In general, the higher- 
order MFCCs are not easy to interpret in terms of physical 
meaning. Like the selected MFCC4 and MFCC6 of this 
study, they capture finer details in the spectral envelope and 
variations, which may reflect subtle irregularities in vocal 
fold vibration and phonatory stability under strain. To
gether, these patterns underline how subtle spectral fea
tures can effectively differentiate strain levels when paired 
with robust classification methods.

Among the 19 selected eGeMAPS features, eight are re
lated to F0 and the first three formants (F1-F3). As such F0 
and its variations reflect laryngeal muscle tension and less 
phonatory stability, which can be indicators of vocal strain. 
Synthesized samples with higher pitch received higher rat
ings of pressedness (strain) in.65 Samples with higher pitch 
sound brighter66 which relates higher pitch with perception 
of strain due to stronger high-frequency harmonics. Fur
thermore, higher pitch requires larger subglottic pressure, 
which has been found to correlate with the perception of 
pressedness.60 The amplitude, frequency, and bandwidth of 
formants can indicate altered vocal tract configurations and 
vocal fold vibrations due to muscle tension. The other se
lected features include four MFCCs, three loudness or 
sound level features, two spectral flux measurements, and 
one slope measure of the voiced segment. Spectral flux 
measures the rate of change in the spectrum of a voice signal 
over time, where a higher value indicates a more prominent 
change in the spectrum, often correlating with more dy
namic or rapidly changing sounds. The slope feature mea
sures the change in energy in the frequency range of 0- 
500 Hz between two adjacent time frames.

Among the various feature sets tested, the selected 21 
WSCs in Table 12 demonstrated the most effective per
formance in classifying strain levels. However, establishing 
a clear and direct relationship between each individual 
WSC feature and the presence of vocal strain is challen
ging, requiring further investigation.

In terms of classifiers, MLP consistently outperformed 
SVM across all feature sets, highlighting its ability to model 

complex, nonlinear relationships in high-dimensional fea
ture spaces, particularly for the WSC features. In all cases, 
the application of the RFE-based feature selection im
proved classification performance from using the original 
higher-dimensional feature sets with both classifiers. The 
system based on the WSC features and the MLP classifier 
achieved the highest accuracy (86.1%), highlighting the 
ability of this combination to provide a comprehensive 
representation of vocal strain in singing voices.

The findings discussed above emphasize the importance 
of selecting complementary feature sets and classifiers. The 
success show by the system, which combined the WSC 
features with the MLP classifier, suggests the promising 
potential for further research into vocal health monitoring 
and singing analysis.

While the current study offers promising results, several 
limitations should be acknowledged. The dataset was rela
tively small, with 324 samples, 15 singers, and two listeners, 
which limits generalizability. However, the data covered 
diverse vowels, pitches, intensities, and genres, providing a 
broad range of valuable acoustic variation. Additionally, the 
listeners brought a mix of vocological expertise and back
ground knowledge of the two genres studied. The inter- and 
intra-rater reliabilities in the evaluation were satisfactory 
(Spearman’s rho 0.60, P  <  0.001 and rho 0.79, P  <  0.001, 
respectively), which is noteworthy result in perceptual voice 
analysis,67 especially in the evaluation of the midrange and 
in the perception of strain.68,69 Given these factors, the 
findings from this study are promising.

Since the acoustic voice data used in this work were re
corded while wearing an airflow mask, the classifier models 
trained on the current data may not generalize well to voice 
samples recorded without using a flow mask. However, the 
presence of mask in the recordings does not compromise 
the general findings presented in this study, as the effects of 
the mask are the same for all compared samples, and hence 
cannot result in higher-than-normal classification accuracy 
or differences in features across strain levels. In any case, 
further research is required to replicate the current ex
periment with singing samples recorded in the free field 
without using a flow mask.

Further studies should also aim to include a larger 
number of singers, a greater variety of perceptual ratings 
from expert listeners, and a more extensive dataset. One 
promising direction involves incorporating biodata, such as 
EGG signals and self-assessment of vocal ease and quality, 
as done in.70,71 The current data originates from a project 
that also captured EGG and aerodynamic variables (eg, 
subglottic air pressure and airflow), along with partici
pants’ self-assessments, which will allow for expanding the 
sample size and improving data diversity for future ma
chine learning applications. A vision for the future is that it 
would be possible to relate acoustic signal—as the easiest 
signal to collect—closely to the measurement of impact 
stress. This would allow automatic detection of vocal 
loading, thereby avoiding the inaccuracies and individual 
differences in the subjective perceptual voice assessment, as 
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caused by, eg, different voice timbre ideals in different song 
genres or differences between singing schools and in
dividual teachers.

CONCLUSION
This study explored the automatic classification of vocal strain 
levels in singing voices using machine learning approaches. The 
analysis demonstrated that WSCs, combined with a MLPs 
classifier, achieved the highest accuracy (86.1%) in distin
guishing normal-mild from moderate-severe strain levels. 
MFCCs and eGeMAPS also showed strong performance 
(84.6% each) when paired with MLP and feature selection. 
This highlights the potential of both traditional and advanced 
acoustic representations for vocal strain classification.

The findings also demonstrate the importance of se
lecting complementary feature-classifier combinations, 
with the WSC features and the MLP classifier emerging as 
particularly effective for capturing complex vocal patterns. 
At the same time, the strong performance of MFCCs with 
a small feature subset emphasizes the value of efficient 
feature sets in achieving competitive results.

These results lay a foundation for further research into 
automated vocal health monitoring. Expanding the da
taset, refining annotation practices, and exploring multi
modal approaches that integrate acoustic, physiological, 
and self-assessment data will be key to advancing the field 
and enabling practical applications of these methods in 
singing voice analysis.
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