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Abstract: Dysarthric speech is an important
biomarker for clinical assessment and diagnostic
support in neurological diseases. However, speech
recordings are often collected in uncontrolled and
noisy environments, such as clinics and home
settings. Speech enhancement and denoising tools
can help with this challenge, but their effects on
important acoustic features, like fundamental
frequency (Fo) and the first two formants (Fi1, F2),
are not well understood. This uncertainty raises
concerns about possible distortions. To address this,
a Graphical User Interface (GUI) was developed to
create synthetic American English vowels with
predefined fundamental frequency and first two
formants, providing a controlled ground-truth
reference. The fundamental frequency is derived
from Gaussian distributions. The first and second
formants are sampled using a kernel density
estimation technique to ensure physiologically
plausible vowels. The glottal source is modulated
with jitter and shimmer to mimic variations in
speech. The GUI allows flexible control over vowel
type, noise condition, signal duration, and
modulation parameters. This enables reproducible
benchmarking of speech processing algorithms
under controlled noise scenarios. Planned
extensions include adding support for Italian
vowels, higher-order formants, and validating
quality indices for signal denoising and speech
enhancement algorithms.
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I. INTRODUCTION

Neurological diseases such as Parkinson’s disease
(PD) and amyotrophic lateral sclerosis (ALS)
commonly lead to dysarthria, a motor speech disorder
characterized by impaired speech execution [1], [2].
Acoustic  parameters, particularly  fundamental
frequency (Fo) and formants (Fi, F»), serve as valuable
biomarkers for monitoring disease progression [3].
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Fo reflects the periodic vibration of the vocal folds
and differs between males and females. In contrast, F;
and F, correspond to vocal tract resonances during
phonation, characterizing different vowels. These
formants are strongly correlated with jaw and tongue
muscular activity, making them sensitive indicators of
neuromotor degeneration [4]. By mapping vowels in
the Fi—F, plane, it is possible to derive the vowel space
area (VSA), which is a critical acoustic biomarker for
monitoring neurological diseases due to its sensitivity
to articulatory impairments. Patients with PD and ALS
typically present a reduced VSA relative to healthy
controls [5], [6].

Estimating these parameters in patients with
neurological diseases presents significant challenges.
The inherent variability in neurological voice signals,
especially when affected by dysarthria, necessitates
robust analysis methods that can accommodate
irregular  vocal  patterns  while  maintaining
measurement accuracy. Furthermore, audio recordings
are typically acquired in noisy environments (e.g.,
hospitals or at home), where background noise from
medical equipment or power lines can corrupt the
voice signal [7].

Recent advances in machine learning and deep learning
have improved speech signal analysis [8]. For instance,
Jolad & Khanai proposed a Competitive Crow Search
Algorithm-based Speech Enhancement Generative
Adversarial Network (FCCSA-SEGAN) to enhance
dysarthric speech, boosting quality and intelligibility
across noise conditions [9], while Wang et al. used a
Convolutional Neural Network (CNN) to improve the
intelligibility of dysarthric speech, achieving over 10%
improvement in automatic speech recognition (ASR)
and subjective human intelligibility tests [10].
Nonetheless, evaluating the performance of these
algorithms remains challenging, as it requires
simultaneous consideration of multiple factors.
Traditional metrics such as Signal-to-Noise Ratio
(SNR) are insufficient because they are too general and
can apply to non-speech signals. A comprehensive
evaluation should consider various metrics including
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Perceptual Evaluation of Speech Quality (PESQ), and
Short-Time Objective Intelligibility (STOI), as
different algorithms excel in different aspects [11].

The analysis of acoustic features is further complicated
by the absence of ground-truth clean signals for direct
comparison. Although tools such as Praat and
BioVoice can estimate Foand formants [12], [13], these
remain approximations and do not address the absence
of reference data. Importantly, vowel segments are
especially critical for speech assessment, but among
the most challenging signals to denoise. Vowel spectral
envelopes are affected by noise, particularly in the
mid-frequency band (1-2.7 kHz), which includes the
third formant band. This sensitivity makes vowels
more susceptible to distortion and harder to recover
accurately in noisy conditions [14]. To overcome this
limitation, we present a vowel synthesizer that
produces controlled vowel signals with known acoustic
parameters, thereby enabling the creation of a reliable
ground-truth  database for benchmarking speech
processing algorithms. Building on the work of Orlandi
et al. [15], which employed synthetic signals of infant
cries to evaluate and compare various analysis
methods, the present study employed a public dataset
of American English vowels collected by Hillenbrand
[16]. This dataset includes acoustic measurements of
Fo, Fi, and F» for male, female, and child speakers, and
was used as a reference for generating synthetic
signals. Specifically, we developed a MATLAB-based
Graphical User Interface (GUI) that allows users to
select vowels within the Fi-F, plane, control signal
duration, and introduce realistic sources such as power
line (50 Hz) and fan noise, and a theoretical one (i.e.,
white noise). The vowel space is sampled via kernel
density estimation (KDE) to constrain synthesized
vowels to physiologically plausible regions, resulting
in a synthetic database with known ground-truth
parameters. This tool provides a flexible framework to
compare denoising algorithms and conduct controlled
studies on vowel acoustics.

II. METHODS

According to the source—filter theory [17], the glottal
acoustic signal is filtered by the resonant properties of
the vocal tract, producing the characteristic formants of
speech sounds. To parameterize the synthesizer, we
relied on the widely used dataset of American English
vowels [18], which reports acoustic measures of Fo, F,
and F, for men, women, and children. In this
preliminary study, we focused exclusively on adult
speakers. To simulate realistic recording conditions,
additive noise was included in the model according to:

y[k]=s[k]+n[k], k = 1,...., N (1)

where y[k] is the noisy speech signal, s/k/is the clean
synthesized vowel signal, n[k] is one of the three types
of additive noise, and N is the number of samples.

Each formant was modeled as a second-order band-
pass filter. Variations in speech were simulated by
introducing jitter and shimmer, which reflect relevant
characteristics for pathological speech [19]. Candidate
values of F; and F, were initially sampled uniformly
within the observed ranges of the dataset. A KDE
model, fitted on the original data, was then used to
evaluate the likelihood of each (Fi, F») pair in the
vowel space. Only candidates exceeding the 95-th
percentile of the KDE distribution were retained,
ensuring that synthesized vowels remained within
high-probability regions of the acoustic space. From
the accepted points, a single pair was randomly
selected for synthesis. Corresponding values for Fo
were  sampled from  Gaussian  distributions
parameterized by the mean and standard deviation of
the respective vowel in the original dataset, with
clamping applied to maintain  physiological
plausibility.

III. RESULTS

Fig. 1 shows the GUI. Users select the vowel to
synthesize, the sex of the speaker, set the duration of
the signal, and optionally introduce shimmer and jitter.
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Fig. 1: Graphical User Interface for vowel synthesis.

A noise level slider lets users add background noise
from a predefined library. When the “Synthesize
Vowel” button is pressed, the GUI selects formant
values from the dataset, generates an excitation signal,
applies the chosen parameters, and synthesizes the
vowel through the resonator model described in the
previous section. It then saves both clean and noisy
audio and updates interactive plots displaying the
vowel space and the selected vowel detail.

Fig. 2 shows F;-F, plane for male speakers in the
Hillenbrand dataset. By sampling F; and F, values
using the KDE approach, the synthesized vowels are
constrained to high-probability regions, closely
reflecting the distributions observed in real speakers.
The legend is reported in [PA (International Phonetic



Alphabet), which for American English includes 11
phonemes for vowels (/i/, /i/, /e/, /e/, /34, /ee/, /a/, /o),
/o/, 10/, u/).
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Fig. 2: FI-F> plane for male speakers in the dataset. Each
marker represents a different vowel. The red marker
indicates the synthetically generated vowel.

Table 1 reports the mean and standard deviation of Fo,
Fi, and F; values for 48 women and 45 men from the
dataset, which were used as reference parameters for
generating the synthesized vowels.

Table 1. Mean and standard deviation (in Hz) of fundamental
frequency (Fo) and formants (F1—F>) for female and male
speakers.

Parameter (Hz) Male Female
Fo 131 +£22 220 +£23
F 515+123 602 + 160
F, 1538 +499 1795 + 623

IV. DISCUSSION

Neurological diseases often lead to speech impairments
such as dysarthria, which compromise communication.
Acoustic markers, including formant-related measures,
have proven valuable for tracking disease severity and
progression. However, their extraction from natural
recordings remains challenging, as speech signals are
often corrupted by environmental noise, such as
background sounds from medical equipment or
household environments.

In this paper, we presented an easy tool for generating
synthetic vowels with known acoustic parameters to
create a synthetic Fi-F2> plane. In this direction the
proposed tool enables controlled testing of denoising
algorithms by isolating variables such as SNR and
noise type, providing a reliable framework for
algorithm evaluation under controlled conditions.
Previous works have also explored vowel synthesis for
the analysis of pathological voices. In [20], the authors
proposed a model that reproduces alterations in
acoustic parameters such as jitter and shimmer, using
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sustained vowels from a database of speakers without
speech impairments and individuals affected by
various voice disorders. Their method focuses on
capturing irregularities in phonation to simulate
pathological conditions and evaluate acoustic
correlations of vocal disorders. By contrast, our
approach does not aim to reproduce pathology-related
perturbations but rather to generate clean, parameter-
controlled vowels that can be subsequently corrupted
with realistic noise sources. More recently, VSpace, a
browser-based tool for vowel synthesis, was presented
in [21]. It allows exploration of the universal vowel
space by selecting formant frequencies within a
trapezoid scaled to different speaker ranges. While this
tool is valuable for educational and perceptual studies,
its design primarily focuses on accessibility and
interactive exploration rather than systematic dataset
generation. Conversely, in this work we sample the
vowel space through a KDE strategy, ensuring that
synthesized vowels remain within physiologically
plausible regions. This enables the construction of a
synthetic =~ database = with known  ground-truth
parameters, specifically tailored for benchmarking
denoising and speech enhancement algorithms under
controlled conditions. The proposed tool is publicly
available on  GitHub (https:/github.com/Gasp-
sh/VowelSynthGUI. git).

V. CONCLUSION

This work presents a simple vowel synthesizer
designed to evaluate algorithms developed for
neurological patients with speech impairments. The
database is based on real male and female American
English speakers and employs a KDE-based approach
to generate realistic vowel signals. By allowing precise
control over synthesis parameters, including SNR and
noise type, the tool provides a reproducible framework
for benchmarking of denoising and speech
enhancement algorithms under controlled conditions. It
is important to note that this framework is currently
limited to vowels and the first two formants. While it
allows controlled testing of algorithms on synthetic
signals, whether the same algorithms perform similarly
on natural speech from patients remains to be
evaluated. Nevertheless, the tool could represent a
promising starting point for controlled evaluations, and
future work will extend the synthesis to higher-order
formants and additional languages, such as Italian.
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