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ABSTRACT Parkinson’s disease (PD) is a neurodegenerative disorder that affects more than 10 million
people worldwide. Despite its prevalence, the detection of PD remains a complicated task, as no gold
standard test has yet been developed to provide an accurate diagnosis. In this context, many recent studies
have focused on the automatic detection and progression tracking of PD from voice-related characteristics,
being feature engineering the most common approach. This work intends to address an existing research
gap by introducing a novel strategy that analyzes raw voice waveforms. Despite recent advancements, one
of the significant hurdles is still the lack of extensive and diverse datasets. This article also implements
a data augmentation solution. Big Vocoder Slicing Adversarial Network (BigVSAN) is used to generate
synthetic voice data that mimics the characteristics of real patients and healthy subjects. For the PD detection
task, deep learning models such as ResNet, LSTM-FCN, InceptionTime, and CDIL-CNN are used. The
experiments were performed using the speech task of sustained vowel /a/ in the PC-GITA database, which
contains the recordings of healthy and PD subjects. CDIL-CNN achieves the best results, improving the
accuracy by 15.87% (8.96%) compared to the model that does not use augmented data (from the best method
found in the literature that uses voice waveforms). The results of this study indicate that models trained with
raw waveforms showcase modest but promising performance, underlying the potential of audio analysis to
improve the early detection of PD, providing a non-invasive and potentially remotely applicable method.

INDEX TERMS Deep learning, generative adversarial networks, Parkinson’s disease, vocal signal analysis.

I. INTRODUCTION
Parkinson’s disease (PD) is the second most common neu-
rodegenerative disorder after Alzheimer’s disease. There are
more than 10 million people estimated to live with it world-
wide [1], and its prevalence is rising due to population
aging [2].

PD is characterized by the gradual death of dopamine-
producing neurons in the sustantia nigra pars compacta, a
region of the brain that regulates motor coordination and
movement control. Thus, dopamine deficiency leads to signifi-
cant physical and neurological impairments [3]. Clinically, the

disorder is identified by resting tremor, rigidity, bradykinesia,
and gait impairments, and, in addition, it may manifest other
features such as postural instability, speech difficulties, auto-
nomic disturbances, sensory changes, mood disorders, sleep
dysfunction, cognitive impairment, or dementia [3].

The neurodegenerative processes in PD are thought to start
a few years before the motor symptoms that serve as the
basis for the diagnosis. There is no gold standard test in the
diagnosis of PD. As a result, detection is made through clin-
ical evaluation, by history-taking, and physical examination
of the signs and symptoms of the patient. This evaluation is
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subjective and susceptible to human error and can take from
months to years [4]. These difficulties in the diagnosis mo-
tivate the development of methods for early detection of the
prodromal phase of the disease, which have gained particular
interest in recent years [5].

Speech production is affected in PD subjects, so voice and
speech articulation are thought to be suitable options for PD
detection [6]. Even in the early stages of PD, patients may
exhibit noticeable changes in vocal characteristics, collec-
tively known as hypokinetic dysarthria. These changes can
manifest in every domain of human speech production, with
more emphasis on the areas of articulation, phonation, speech
fluency, and facial movements. Observed impairments include
decreased vocal intensity, harsh and breathy voice quality,
heightened voice nasality, monotonous speech, reduction of
loudness, involuntary pauses, imprecise consonant articula-
tion, and disturbances in speech rate [7]. The presence of
recognizable speech disorders in PD patients is driving the
development of non-invasive voice-based assessment tech-
nologies that enable early diagnosis and remote monitoring
of hypokinetic dysarthria [8], [9].

Numerous studies have been published recently that point
to the possibility of using voice features as biomarkers in the
creation of automated PD screening tools [10]. The acoustic
analysis may be applied to the classification task to distinguish
between speech recordings representing healthy controls (HC)
or PD cases. Recent advancements in artificial intelligence
have led to increased interest in applying diverse machine
learning techniques to analyze speech data for PD detec-
tion, reducing diagnostic time and associated costs. Such
techniques may include the application of Support Vector
Machines, K-Nearest Neighbors, Naive Bayes classifiers, or
Decision Trees [11], [12]. Of particular interest are Deep Neu-
ral Networks (DNNs), primarily employed due to their ability
to model complex patterns and dependencies in data [13].

Whereas traditional approaches in voice-based PD detec-
tion have primarily focused on feature engineering, such as
extracting spectrograms [14], [15] or other statistical features
from voice recordings [16], [17], little research has been done
on the direct analysis of raw Time Series (TS) data from
speech recordings [18], which has created a significant re-
search gap. TS analysis could potentially reveal more intricate
patterns in the speech of PD patients that have not been
captured by previously studied methods, which motivates the
exploitation of raw speech data without relying on extensive
feature extraction.

In spite of these recent advancements, one of the main
impediments to the development of robust voice-based di-
agnostic tools for PD is still the scarcity of extensive and
diverse datasets [19]. Most existing databases are constrained
by the number of individuals, and subject to strict privacy
regulations, which limit the variability of recording condi-
tions, producing a lack of meaningful data capturing disease
progression. These limitations restrict the ability of DNNs to
generalize well beyond their training data, leading to models

that may perform well in controlled experimental settings but
fail in real-world applications [20].

Motivated by the challenge of limited labeled data, which
can significantly degrade the performance of classification
models, this work proposes using Generative Adversar-
ial Networks (GANs) for data augmentation. Traditional
augmentation methods are limited to producing lower-quality
samples based on simple transformations. In contrast, GANs
can generate synthetic voice data that mimics real patient
recordings, providing a more diverse and richer dataset with-
out relying on predetermined augmentation techniques. By
enhancing the dataset with realistic, artificially created voice
samples, the robustness and accuracy of PD detection models
can be significantly improved.

The main contributions of this work can be summarized as
follows:
� Provide an alternative approach for PD detection by us-

ing raw voice signals as biomarkers.
� Implement a novel pipeline that combines the generation

of synthetic data using GANs with raw waveform classi-
fication.

� Demonstrate that the data generated mimic the vocal
characteristics of patients with PD and can improve the
generalizability of the models in real scenarios.

� Validate different DNN architectures for speech classifi-
cation on this particular task.

The remainder of the article is organized as follows. Sec-
tion II discusses the related work. Section III describes the
data used, its preprocessing, and the proposed methodology
both for data augmentation and PD detection. Section IV
summarizes the results obtained throughout the work. Finally,
the main conclusions extracted are in Section V.

II. RELATED WORK
The vast majority of strategies found so far extract temporal
features from the raw audio signals or convert the temporal
signals into a time-frequency domain by representing it with
spectrograms or some variations such as mel-spectrograms,
or even extract spectral characteristics, such as Bark Spec-
trogram Cepstral Coefficients, Mel Spectrogram Cepstral
Coefficients, Bark Frequency Cepstral Coefficients or Mel-
Frequency Cepstral Coefficients [21]. A hybrid U-lossian
DNN was proposed in [22] for PD screening and detec-
tion, converting the voice signals into spectrograms, and
then extracting the Mel-Frequency Cepstral Coefficients. Two
datasets were employed, Italian PVS [23] and Lithuanian PD
voice dataset. In [24], Hilbert Cepstral Coefficients were in-
vestigated as new features, and evaluated using vowels and
words from the PC-GITA database, which includes a bal-
anced number of recordings. The Hilbert Cepstral Coefficients
were utilized for classification using a Multi-Layer Perceptron
(MLP) model evaluated with the vowel /a/ the word /apto/.

Regarding the use of vocal features, a novel hybrid tech-
nique for early detection of PD was presented in [25]. Data
was retrieved from 68 participants from the UCI Machine
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Learning Repository [26]. Weights from an MLP were used
for feature selection. Posteriorly, these selected features were
input into a Lagrangian Support Vector Machine for classi-
fication. In [16], two approaches using Convolutional Neural
Networks (CNNs) with 9 layers were presented. In the first
approach, different vocal feature sets were combined before
feeding them as input to the network. In the second, the fea-
ture sets were passed through parallel input layers connected
to convolutional layers, and the obtained features from each
branch were then combined. In [27], the goal was to extract
dynamic time features from speech signals by using a bidi-
rectional Long Short-Term Memory (LSTM) to improve PD
detection accuracy compared to approaches using static fea-
tures. A voice-based diagnosis model for PD was introduced
in [28] using a Recurrent Neural Network (RNN) with 300
vocal features from 252 subjects of the UCI ML Repository
as input.

Several studies have also explored the use of spectrograms
for PD detection, by converting the audio signals into time-
frequency representations. Spectrograms can be considered
as images and used as input for popular image classifica-
tion models. A novel method was presented in [14] that
uses spectrogram representations as input for the ResNet ar-
chitecture. The model was first pretrained on the ImageNet
database and Saarbruecken Voice Database and the PD data
was sourced from the PC-GITA database. A framework that
utilizes time-distributed 2D-CNNs followed by a 1D-CNN
was proposed in [29] to extract dynamic features from TS
data and then capture dependencies between them. Data was
extracted from sustained vowel /a/ sounds belonging to two
databases, PC-GITA and another collected in GYENNO SCI-
ENCE Parkinson’s Disease Research Center. The work of [30]
introduced a novel approach for detecting PD using mel-
spectrograms derived from denoised speech signals of the
PC-GITA database, processed with Variational Mode De-
composition. ResNet-18, ResNet-50, and ResNet-101 models
were used as pretrained deep learning models to extract fea-
tures from the mel-spectrogram representations, and then,
those features were passed to the LSTM model for the final
classification stage. In [31], a hybrid model that performed
dynamic feature extraction from mel-spectrograms with a
pretrained CNN model, ResNet-50 was used, and then, an
LSTM network was applied for the final classification [31].
A CNN-LSTM hybrid model to facilitate the detection of PD
was proposed in [32], extracting spectrogram representations
from 22 HC and 28 PD patients of the Italian PVS database.

To date, the effectiveness of deep learning models for Time
Series Classification (TSC) using raw audio signals (sustained
vowels, words, or sentences) as input, and without performing
any transformations on them, has not been properly studied.
To the best of the author’s knowledge, only one study has
been reported that uses the raw speech signal as input for a
model to detect PD [33]. This approach uses deep learning
models trained on raw speech and raw voice source wave-
forms. Raw speech waveforms refer to recordings of patients
with sustained phonations, reading words, short sentences,

or monologues. On the other hand, the authors also utilized
glottal flow waveforms extracted through different filtering
methods that process the voice source waveforms. The pro-
posed architecture combined CNNs and one MLP.

III. METHODOLOGY
In this section, the proposed methodological framework is
explained, as depicted in Fig. 1. It includes three separate
parts: first, the dataset used and the preprocessing techniques
applied are explained; then, the methodology used for data
augmentation through data synthesis is presented; finally, the
approach used for PD detection is described. The proposed
methodology is implemented in a computer with a Nvidia
A100 GPU with 80GB of memory.

A. DATASET AND PREPROCESSING
1) DATASET DESCRIPTION
The PC-GITA [34] speech database was specifically designed
to analyze the speech of individuals with PD. The database
includes voice recordings in Spanish from 100 Colombian
speakers, containing 50 PD patients (25 men, age = 62.2
± 11.2 years; 25 women, age = 60.1 ± 7.8 years) and 50
HC speakers matched in age and gender (25 men, age =
61.2 ± 11.3 years; 25 women, age = 60.7 ± 7.7 years). All
participants signed an informed consent.

The voice recordings were conducted under controlled
noise conditions using a soundproof booth with a Shure
SM63L microphone and a professional audio card. Data
was obtained with a sampling frequency of 44.1 kHz and a
resolution of 16 bits. Participants with PD were diagnosed
by neurologists and then classified according to the Uni-
fied Parkinson’s Disease Rating Scale, and subjects with HC
showed no symptoms of PD or other neurological diseases.

2) PREPROCESSING
The sustained phonations of the vowel /a/ have been con-
sidered. The data consists of 300 instances, comprising the
recordings of 100 participants who repeated the phonation
task three times.

The first step includes reducing the sampling frequency of
all recordings. The original recordings were obtained at a
sampling frequency of 44.1 kHz, but the generative model
works with 22 kHz or 24 kHz. Therefore, it is decided to
use the maximum possible value, downsampling the signals
from 44.1 kHz to 24 kHz. The second task involves ensuring
that all recordings have the same duration, so the information
obtained from them is comparable to each other. Hence, the
shortest duration among all the audio recordings is sought and
all the data are trimmed to that length. The shortest duration
corresponds to 480 milliseconds, so, all 300 recordings are ad-
justed to that length, obtaining 11,520 timesteps per sequence.

A visual study of amplitude differences between HC and
PD subjects is also conducted, and the mean of each ampli-
tude distribution in every sample data is calculated. Fig. 2
illustrates in boxplots the distribution of these amplitudes,
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FIGURE 1. Methodological framework overview.

FIGURE 2. Boxplots representing amplitude distributions in (a) women
and (b) men for HC and PD. Orange line represents the median; green and
purple squares, the respective means; horizontal lines, the upper and
lower quartiles.

segregated by patient type (HC or PD) and gender (female
or male). PD patients show, in general, a lower amplitude
range in both males and females. In the case of HC men,
the majority of the recordings are observed to exhibit a low
amplitude compared to PD. The remaining, in comparison,
have a very high mean amplitude, which are regarded as out-
liers. Despite the visible variations in amplitude distributions,
it can be inferred that these differences are influenced by the
recording conditions and the inherent voice volume of each
subject. Therefore, it is decided that each audio sample should
be individually normalized using min-max normalization to
avoid the influence of the voice volume of each subject.

Finally, given that the recordings were made in a controlled
recording environment, it is assumed that a further prepro-
cessing step to remove noise is not necessary, since external
noise and environmental disturbances were already addressed.
An analysis of the waveforms is conducted, where it is re-
vealed that the normalized amplitude after preprocessing is

still significantly higher for the HC cases, demonstrating vocal
strength. A more complex and dense pattern is observed, with
more variability, and a greater number of peaks, which may be
indicative of a clearer vocalization. In contrast, PD waveforms
showcase lower variability, resulting in a more monotonous
sound and difficulties in vocalization, reflecting possible trou-
bles in sound production. The mentioned observations are
consistent across both genders, in line with studies on the
impact of PD on voice production [35], [36].

B. DATA AUGMENTATION WITH GENERATIVE
ADVERSARIAL NETWORK
1) BIGVSAN
BigVSAN is a generative model designed for high-fidelity au-
dio synthesis [37]. The generator function, denoted as G: S →
X̂ converts the mel-spectrogram s ∈ S input into a waveform
signal x̂ ∈ X̂ . BigVSAN generator is made up of a series of
blocks to increase the time resolution of the mel-spectrogram
and synthesize a high-quality audio signal. The main steps of
the generator include:

1) Periodic Activation: The Snake periodic activation func-
tion is used, defined as:

fα (x) = x + 1

α
sin2(αx), (1)

where α is a trainable parameter that controls the fre-
quency of the periodic component and x is the input to
the activation function.

2) Anti-aliased Multi-periodicity Composition (AMP):
This module aggregates various signal components us-
ing learnable periodicities and applies a low-pass filter
to reduce high-frequency artifacts. It consists of residual
dilated convolutional layers with Snake activations.
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3) Upsampling: The generator increases the temporal res-
olution of the signal through 1D transposed convolution
blocks followed by AMP layers.

The discriminator takes real x and generates x̂ input wave-
forms, transforms it into a mel-spectrogram representation s
and outputs the waveform together with the probability dis-
tribution. It is composed of a combination of discriminators
operating in different waveform resolution windows:
� Multi-period discriminator (MPD): Reorganizes the 1D

signals into 2D representations with varying sizes to
identify multiple periodic structures with 2D convolu-
tions.

� Multi-resolution discriminator (MRD): Applies discrim-
inators in the time-frequency domain using linear spec-
trograms of different Short-Time Fourier Transform
(STFT) resolutions.

For an individual ground-truth waveform x and mel-
spectrogram s, the general objective functions are denoted as
LG for the generator, which is to be minimized, and LD for
the discriminator, which is to be maximized:

LG =
K∑

k=1

[Ladv(G; Dk ) + λfmLfm(G; Dk )]

+ λmelLmel(G), (2)

LD =
K∑

k=1

Ladv(Dk; G), (3)

where Dk denotes the k-th MPD or MRD submodules. The
global generator loss is composed of three losses. Lfm is the
feature matching loss, Lmel represents the mel-spectrogram
loss and Ladv is the general adversarial loss. The scalar param-
eters λfm and λmel balance the GAN losses. The least-square
GAN is included in the original adversarial loss Ladv as fol-
lows:

Ladv(G; Dk ) = Es
[
(Dk (G(s)) − 1)2] , (4)

Ladv(Dk; G) = E(x,s)
[
(Dk (x) − 1)2 + (Dk (G(s)))2] . (5)

BigVSAN introduces a soft monotonization technique using
the softplus function ζ (·), i.e. ζ (a) = log(1 + ea), to convert
least-squares GAN to least-squares Slicing Adversarial Net-
work (SAN), enhancing the discriminative capacity of the
model.

The final min-max objectives are constructed for least-
squares SAN by adding softplus function to the adversarial
losses, modifying (4) and (5) as:

Ladv(G; Dk ) = Es
[
ζ (Dk (G(s)) − 1)2] , (6)

Ladv(Dk; G) = E(x,s)
[
ζ (Dk (x) − 1)2

+ζ (Dk (G(s)))2] . (7)

2) GAN EVALUATION METRICS
The objective metrics for evaluating the BigVSAN model are
designed to compare the generated data to the ground-truth

audios across various types of distances, assessing the qual-
ity of the generated data. The five metrics proposed for the
evaluation are the following:
� Multi-resolution short-time Fourier Transform (M-

STFT) measures spectral distances across multiple reso-
lutions, computing the STFT several times with varying
parameters such as the window size or frameshift [38]:

LM-STFT (G) = 1

N

N∑
i=1

L(i)
s (G), (8)

where Ls represents a single STFT loss in the generator
and N is the number of calculated losses. M-STFT values
are always positive and unbounded, with values closer to
0 indicating better performance.

� Perceptual Evaluation of Speech Quality (PESQ) pro-
vides an automated assessment of generated signal per-
ceived quality with the original reference signal by mod-
eling the perceptions of the human ear and brain [39]. It
aligns the signals in time, transforms them into percep-
tual domains, calculates the disturbance parameters, and
aggregates all parameters into a mean opinion score:

PESQ MOS = 4.5 − 0.1 × dSYM − 0.0309 × dASYM,

(9)
where dSYM and dASYM are symmetric and asymmetric
disturbances, respectively. It ranges from −0.5 to 4.5,
and higher values indicate better-perceived voice quality.

� Mel-Cepstral Distortion (MCD) is a distance that mea-
sures the difference between the mel-cepstral coeffi-
cients extracted from the original and the generated
audio [40].

MCD = 10

ln 10

√
2

∑N

i=1
(ci − ĉi )2, (10)

where ci and ĉi represent the i-th coefficients of the refer-
ence and generated signals respectively. Positive values
with no upper bound are obtained, seeking smaller val-
ues.

� Periodicity error: The periodicity of a signal represents
the regularity in the repetition of patterns. Thus, the
periodicity error measures the differences between the
periodicity of the original speech signal and the gener-
ated one [41]:

Periodicity Error = 1

N

N∑
i=1

|pi − p̂i| , (11)

where pi and p̂i represent the periodicity measures of
the original and generated signals respectively, and N ,
the number of measures taken. Periodicity error takes
positive, unbounded values, seeking values closer to 0.

� F1-score of Voiced/Unvoiced Classification (V/UV F1)
measures the effectiveness of the model in distinguishing
voiced sounds (containing a clear fundamental fre-
quency) or unvoiced sounds (with less regular patterns,
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and less clear fundamental frequency) [41]. V/UV F1
values range from 0 to 1, where higher results are sought.

3) EXPERIMENTAL SETUP
In traditional GANs, the input consists of a noise vector that
is modeled by the generator to output the desired vector.
However, in BigVSAN, real data has a twofold function since
it is used as input for the generator and also as a reference
for the discriminator. The input for the generator is a mel-
spectrogram representation, transformed from the input audio.
This transformation is straightforward. However, the chal-
lenge of the generator lies in learning to reconstruct the audio
sample from the mel-spectrogram provided. This is not a
simple task, since the time-frequency representation of sounds
lacks certain key aspects needed to reconstruct high-quality
audio. The generative model is used independently to generate
the HC and PD data.

For this study, a pretrained BigVSAN model is used to
generate new audio samples of the HC and PD subjects.
BigVSAN model was trained in the work of [37] for 10 mil-
lion steps on the LibriTTS dataset [42] at a sampling rate of
24 kHz taking a full 100-band mel-spectrogram as input.

During the synthesis process, a mel-spectrogram is calcu-
lated from each true audio of the loaded PC-GITA dataset. The
generated mel-spectrograms are then fed into the BigVSAN
model, which processes them and reconstructs the audio sam-
ples.

Since the pretrained BigVSAN model is already providing
consistent results, only an inference process is conducted in
this study, with no fine-tuning of the model on the PC-GITA
dataset required. Conversely, when the same checkpoints are
loaded and the same input audio files are used, the generated
audio recordings will be identical, as different noise vectors
cannot be introduced at each iteration. Therefore, the GAN
can only generate a number of synthetic samples equal to that
of the input data. To address this problem, two approaches are
proposed:
� Randomization factor: A randomization factor (μ) that

modifies the pretrained weights has been introduced:

W ′ = W + μ · N (0, 1), (12)

where W represents the original weights of the model,
N (0, 1) is the Gaussian noise and W ′ denotes the new
adjusted weights after noise is added. These small, con-
trolled perturbations are temporary and do not perma-
nently alter the weights learned in the training process,
but only affect their use during the inference process.
This approach allows repeating the inference process as
many times as needed, generating slightly different ver-
sions of each input audio file. Multiple synthetic audio
samples can be generated from the same input dataset,
enriching the dataset available for the posterior model
training and evaluation. This method increases the diver-
sity of the dataset but the randomization factor has to be
precisely adjusted.

� Sequential generation: All the real audio files of a certain
group are introduced in the first round. Subsequently,
each batch of generated audio serves as input for gener-
ating the next batch. This strategy introduces controlled
variability and ensures a gradual diversification of the
dataset.

C. PARKINSON’S DISEASE DETECTION
1) RESNET
ResNet network was first introduced for image recognition
tasks, but posteriorly adapted for TSC [43]. Its architecture
contains skip connections that appear between consecutive
convolutional layers, facilitating the gradient flow to be trans-
mitted directly through these connections, aimed at reducing
the vanishing gradient problem, and enhancing feature extrac-
tion capabilities for complex TS patterns. ResNet model is
composed of three residual blocks, each of which contains
three convolutional layers with varying units. These blocks
are then followed by a Global Average Pooling layer and a
final softmax classifier.

2) LSTM-FCN
The LSTM-FCN architecture combines two main blocks:
a Fully Convolutional Network (FCN) with an LSTM net-
work [44]. The FCN block treats the TS of length T as
a univariate series with T timesteps. In contrast, when the
LSTM block receives the univariate TS with T timesteps,
its performance decreases considerably due to fast overfitting
when dealing with short sequences and difficulty in learn-
ing long-term dependencies on datasets with long sequences.
Thus, in this architecture, it receives the input TS as a multi-
variate TS with one timestep, employing a dimension-shifting
layer, which transposes the time dimension of the sequence.
This way, a univariate series of length T , after the transforma-
tion, can be interpreted as a multivariate TS with T variables
with a single timestep.

3) INCEPTIONTIME
InceptionTime model is inspired by the Inception architec-
ture [45], initially developed for image classification [46].
InceptionTime consists of a set of five Inception networks,
to reduce the variability in performance and improve the ac-
curacy of the model. The architecture of all the networks is
identical, differing only in the initialization of their weights.
The output prediction of each of the five networks is given
the same importance, with all predictions being averaged to
produce the final prediction of the classifier. Every Inception
network classifier contains two residual blocks, each contain-
ing three Inception modules. Every module applies multiple
filters of varying lengths simultaneously to the input TS.
Additionally, every module includes a bottleneck layer that
reduces the dimensionality of the input sequence.
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4) CDIL-CNN
The Circular Dilated Convolutional Neural Network (CDIL-
CNN) incorporates symmetric dilated convolutions, that allow
the reception of any information extracted by previous lay-
ers [47]. The dilation sizes increase exponentially with the
depth of the network, allowing the receptive field to expand
rapidly and the network to scale to very long sequences.
CDIL-CNN applies circular mixing, which allows a signal at
one end to be mixed with signals at the other end, making the
model more robust to changes in information position, thus
preventing it from focusing only on local information. Each
block contains mainly a circular dilated convolutional layer
and a residual connection. The number of total convolutional
layers L in the network depends on the length of the input
sequence. Ensemble learning is applied to all positions in the
final convolutional layer to achieve better performance.

5) CLASSIFICATION EVALUATION METRICS
The metrics used to evaluate the performance of the classifi-
cation models are accuracy, sensitivity, specificity, F1-score,
and AUC. The associated formulas are given below:

Accuracy = TP + TN

TP + TN + FP + FN
, (13)

Sensitivity = TP

TP + FN
, (14)

Specificity = TN

TN + FP
, (15)

F1-score = 2 · TP

2 · TP + FP + FN
, (16)

where TP is the number of True Positives, TN is the number
of True Negatives, FP is the number of False Positives, and
FN is the number of False Negatives.

Since the data used in the study belongs to a restricted
set of subjects, the evaluation metrics can vary significantly
between the different folds. Therefore, using the Coefficient
of variation (CV) gives a better idea of the consistency of the
results obtained, measuring the relative variability in perfor-
mance metrics. The CV is a standardized, unitless metric that
measures the variability of the results [48]. A low CV result
indicates that the performance metrics are more evenly dis-
tributed near the average, and therefore, are more consistent.
For a specific performance metric, the CV is calculated as the
ratio of the standard deviation (σ ) to the mean (μ):

CV(%) = σ

μ
· 100 (17)

6) EXPERIMENTAL SETUP
For the experiments conducted in this study, a speaker-
independent stratified 5-fold cross-validation strategy has
been followed, ensuring that there was no overlap of speakers
between folds. The original dataset with 100 speakers has
been divided into these 5 folds, with three separate recordings,
resulting in a total support of 300. Since there are only 50
patients in each group, a 60-20-20 split has been chosen,

allowing 10 patients from each group to be evaluated in the
final test.

For training and validation, synthetic data generated with
BigVSAN have been used. The training process used 3,600
recordings from each group (equivalent to 30 speakers), and
the validation set consisted of 1,200 recordings from each
group (10 speakers). For the final test, only the real data
have been used, providing an accurate estimate of the overall
performance of the models.

Before incorporating the synthetic data, a preliminary ex-
periment is performed with all four models following the
splitting strategy described above but considering only the 300
samples that correspond to the real data. It is intended that
these tests serve as a reference to analyze the improvement of
each model when incorporating the data augmentation strat-
egy. Then, an ablation test is also performed on all models,
where the data augmentation strategy is incorporated, and the
same hyperparameter settings selected in the preliminary ex-
periment are used, thus providing a fair comparison. Finally,
Experiments 1 to 3 consist of several tests in which the model
configuration is adjusted for better performance.

IV. RESULTS AND DISCUSSION
This section discusses the experimental results obtained
throughout the study, evaluating the audio generation strategy
and conducting comparative evaluations of the PD detection
models.

A. AUDIO SYNTHESIS PERFORMANCE
To evaluate the performance of the BigVSAN model, initial
results are obtained without any iterative processes, gener-
ating only 150 recordings for HC and 150 for PD. For the
HC (PD) group, the M-STFT is 0.72 (0.73), the PESQ is 4.21
(4.17), the MCD is 0.38 (0.27), the Periodicity is 0.09 (0.14),
and the V/UV F1 score is 0.98 (0.97).

The following experiments involve 40 iterations, generating
6,000 synthetic samples that represent HC samples and as
many for PD subjects.

The optimization of the randomization factor, μ, proceeds
as follows: first, various pretrained weight instances are an-
alyzed to determine their approximate order of magnitude,
which is found to be around 10−2. Based on this information,
several randomization factors are selected for evaluation to
analyze their respective impacts. Table 1 summarizes the per-
formance comparison of different randomization factors for
distorting the learned parameters, along with the sequential
approach.

The results obtained in Table 1 indicate that the addition
of controlled randomness, at small levels such as 10−5 fac-
tor can generate beneficial variability in the training data
while maintaining high quality in the generated voice samples.
However, although an even smaller factor, 10−6, preserves
the quality of the data, the provided variability is insufficient.
On the other hand, higher levels of randomization, such as
10−3, introduce excessive noise, significantly compromising
audio quality. Experiments using the sequential approach have
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TABLE 1. Objective Evaluations of BigVSAN Using the Randomization Factors and Sequential Approach for HC and PD Groups

FIGURE 3. Waveforms comparison. (a) Ground-truth example for PD. (b) Corresponding PD-generated audio with the selected configuration. (c)
Ground-truth example for HC. (d) Corresponding HC-generated audio with the selected configuration.

demonstrated that as the iterations progress, the quality of
the audio deteriorates. This is because the model attempts to
replicate as closely as possible the input provided, but over
time, small imperfections and distortions are accumulated,
resulting in generated samples that are increasingly different
from their corresponding original.

The final selected configuration implements a random-
ization factor of 10−5 since it is considered to provide an
appropriate trade-off between maintaining high quality in the
generated data and introducing minimal perturbations to pro-
mote sufficient variability, giving rise to a more diverse dataset
that improves the posterior generalization capacity of the clas-
sification model.

A visual comparison of the generated waveforms against
the real ones is depicted in Fig. 3, including an example
both for PD and HC cases. The generated waveforms closely
resemble the real ones, showing comparable amplitude pat-
terns and peaks. This similarity demonstrates the effectiveness
of the BigVSAN model in generating high-quality synthetic

recordings that maintain the fundamental features character-
izing the sounds of PD patients and healthy individuals.

B. CLASSIFICATION PERFORMANCE
The performance of the PD detection models has been evalu-
ated in different experiments using varying configurations for
their architecture, summarized in Table 2. In all experiments,
the models have been trained for 500 epochs, using the Re-
duce LR OnPlateau technique with a 0.5-factor decrease in 30
epochs and with an early stopping at 50 epochs, and monitor-
ing both the decrease in validation loss and the improvement
in validation accuracy. The associated results can be found in
Table 3.

For the ResNet model, when data augmentation is applied,
it is revealed a trend of improvement in the classification
metrics as the complexity of the experiments increases, in-
creasing the baseline accuracy result by 12.90%. In general,
improvements are observed in the means of accuracy,
specificity, and AUC with each successive experiment,
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TABLE 2. Selected Hyperparameters for the Different Experiments Using the PC-GITA Dataset

although sensitivity does not follow this trend and shows a
decrease in the most complex experiment. In addition, the CV
also improves, especially for the accuracy and AUC values,
indicating that the obtained results are more consistent and
robust across the different folds of the training process.

When data augmentation is applied in the LSTM-FCN
model, results reveal a general improvement in classification
metrics as the complexity of the model increases, enhancing
the baseline accuracy by 16.12%. In the first and second
experiments, a notable discrepancy between sensitivity and
specificity is observed. However, in the following experi-
ments, this imbalance is progressively reduced. CV values
do not have such a clear trend. The values for accuracy and
AUC reflect greater consistency in the results. However, other
metrics suggest less robustness, reflected by slightly higher
CV values.

The InceptionTime model also improves its performance
when adding the data augmentation strategy, reaching a
15% increase in accuracy. The trend of improvement in the
classification metrics corresponds with the decrease in the
complexity of the model, employing a smaller bottleneck and
using smaller filters. In the first, second, and third experi-
ments, a notable mismatch is observed between sensitivity
and specificity, and, in the case of the first experiment, a high
variability in specificity is also observed (56%), indicating
inconsistent performance in identifying the HC cases. In the
last experiment, this imbalance is reduced, as both metrics are
more balanced.

The CDIL-CNN model obtained a 15.87% improvement
over the baseline model due to the data augmentation tech-
nique. The best result is obtained by finding a balance in
the complexity of its architecture, using 32 units in each
convolutional layer. In all experiments, a notable mismatch
between sensitivity and specificity is observed, indicating a
high performance in the detection of PD individuals compared
to the HC cases. Even so, throughout the experiments, this
difference is slightly mitigated. Additionally, the CV remains
at acceptable values, very similar throughout the different
tests.

The best overall results among all models are obtained
using CDIL-CNN, obtaining an accuracy of 0.73. It is also
important to note that the LSTM-FCN model takes up to five
times less time to train than CDIL-CNN, due to its simpler
architecture, but still achieves very similar results, reaching
an accuracy of 0.72.

It can be confirmed that the use of the data augmentation
technique is beneficial, significantly enhancing the perfor-
mance of all models when trained with a larger number of
data compared to the baseline models, which demonstrate
limited learning capacity using only the 300 real recordings.
The overall accuracy increased by approximately 15.87%,
sensitivity by 6.49%, and specificity had the largest improve-
ment with a 28.57% increase. In addition, baseline models
showed greater variability between folds, suggesting less
consistency and reliability in their performance compared to
those using data augmentation.
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TABLE 3. Mean (CV%) Results for the Different Experiments Following a 5-Fold Cross-Validation With the PC-GITA Dataset

Classification models for TS have significant limitations
when dealing with sequences that contain a large number
of timesteps. Another limiting factor in the experiments is
the nature and amount of data available. The limited dataset
size, with only 50 patients per group, restricts the diversity
of speech disturbances associated with PD. This limitation
may prevent the model from learning less common vocal fea-
tures, reducing its robustness. While data augmentation with
BigVSAN has effectively increased the sample count, the high
similarity between the synthetic and original samples could
constrain the learning capacity of the classifiers. This lack of
diversity may result in models with limited generalizability,
making them less adaptive and robust in practical applications.

Future proposals to enrich the dataset could involve mixed
data augmentation techniques, combining GAN-generated
samples with traditionally augmented data through transfor-
mations like filtering or noise addition.

Additionally, incorporating other databases that use the sus-
tained vowel /a/ protocol alongside PC-GITA could further
enhance dataset diversity. Integrating multiple databases that
use the same phonation protocol, would allow for the gen-
eration of synthetic data that capture specific variations to
each database, enabling the model to learn broader patterns.
Expanding the dataset with samples from diverse populations

and varying recording conditions would further increase vari-
ability without losing the distinctive features between PD and
HC subjects. By training the classifier on synthetic data from a
wide range of sources, the model gains a richer representation
of vocal features, enhancing its generalizability and robust-
ness for real-world applications.

C. ABLATION EXPERIMENTS
To validate the effectiveness of the proposed data augmenta-
tion technique using GANs, a set of ablation experiments are
carried out, shown in Table 3. In these two sets of experiments,
referred to as Baseline with and without Data Augmentation,
respectively, the results obtained using only real data are com-
pared to those obtained with synthetic data under the same
conditions, presented in Table 2.

By analyzing each of the four models individually, it can be
seen that they all show improvements after incorporating the
data augmentation strategy, highlighting the positive impact
of using synthetic data on PD detection: ResNet improved
by 9.67%, LSTM-FCN had a 4.83% increase, Inception-
Time showed an improvement of 11.66%, and CDIL-CNN
increased its performance by 7.93%.

This additional study proposed to validate the GANs-based
approach showed that the use of synthetic data improves
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the performance of all models under the same experimental
conditions, underlying the potential of this technique in over-
coming the limitations of models when dealing with small
datasets, promoting better generalization and preventing over-
fitting, thus improving their ability to detect PD from speech
waveforms.

D. COMPUTATIONAL TIME
To evaluate the practical feasibility of the proposed approach,
the entire performance of the pipeline was assessed by esti-
mating the total time required for generating and classifying
the audio samples.

The BigVSAN inference process synthesizes 6,000 sam-
ples for both PD and HC groups, with an average generation
time of 50 milliseconds per audio, demonstrating the capabil-
ity of the model to produce large data volumes efficiently.

Since this study leverages a pretrained model, assessing its
full training time is unnecessary. However, if the entire model
were to be trained from scratch, it would take approximately
15 days on an Nvidia A100 GPU, underscoring the computa-
tional benefits of using a pretrained model and enhancing the
feasibility of the approach in clinical environments.

Table 3 presents the training times for each of the four clas-
sifiers, focusing solely on training duration, as the prediction
time is negligible.

For the complete pipeline, which includes using BigVSAN
to generate 12,000 audio samples, training the CDIL-CNN
on this data, and subsequently evaluating 300 real samples,
the total estimated time is approximately 10 minutes for data
generation with BigVSAN and 120 minutes for training the
CDIL-CNN classifier. This aggregate time of 130 minutes
highlights the practicality of the pipeline for real-world ap-
plications.

E. COMPARISON
Despite the increasing attention to the use of vocal features for
PD detection, there is still a scarcity of comparable studies in
the literature that analyze raw voice signals with an approach
comparable to this work.

Consequently, the obtained results can be solely compared
to those found in [33]. This approach uses as input the raw
speech signal waveforms from the PC-GITA database but the
analyzed information comes from words, short sentences, or
monologues, instead of sustained vowels. Since sequences are
longer, they are segmented into 250 milliseconds frames with
50 milliseconds shifts. The reported results indicate an accu-
racy of nearly 0.67, with 0.58 sensitivity. Compared to them,
the experiments carried out in this work achieve higher perfor-
mance, with an 8.96% improvement in accuracy and 41.38%
in sensitivity, showcasing the power of more complex models
also focused on TS and the benefit of data augmentation.
This improvement could be further enhanced by incorporating
various phonation protocols based on words or phrases, as
they can bring additional information to that provided by the
sustained vowel /a/.

V. CONCLUSION
In this research, an alternative approach for PD detection that
uses voice as a biomarker was presented. It provides an inno-
vative pipeline that combines GANs as a data augmentation
technique and DNNs as TS classifiers, an integration that has
so far been underexplored in this task. The conducted study
has focused on exploiting intrinsic voice features present in
their waveform representation, through the temporal analysis
of raw audio signals, addressing an existing gap in current
research.

GANs have demonstrated to be a robust alternative for
audio-type data generation for PD detection purposes, exhibit-
ing strong performance in reconstructing voice samples from
their input spectrogram representation. It has also been shown
that using synthetic data generated by GANs can improve
the robustness and generalization of deep learning models,
allowing their application in real-world scenarios. The best
overall accuracy was obtained with the CDIL-CNN model,
while LSTM-CNN followed closely, and required five times
less time to train.

Although models trained with waveforms have shown
promising performance, they still do not reach the accuracy
obtained with spectrogram representations due to the inherent
complexity of audio TS data. However, it is worth exploring
this approach, which with further development of TSC mod-
els could lead to better results. The findings underline the
potential of raw audio waveform analysis to improve early
detection of PD, opening up new lines for research and clinical
applications. Additionally, this strategy provides an objective,
non-invasive, low-cost, and potentially remotely applicable
method that could have a significant impact on improving the
diagnosis and monitoring of the disease.
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