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Abstract — The human voice is generated through a highly coordinated vocal production mechanism that enables individuals to
regulate pitch, loudness, and speech quality. Various using machine learning techniques. The survey examines widely used voice
disorder databases, commonly adopted feature extraction methods, and various ML algorithms employed for detecting and
classifying pathological voice conditions. Furthermore, the strengths, limitations, and performance of different computational
approaches are discussed to provide a better understanding of current developments in this field. The review highlights the
growing significance of intelligent voice analysis systems and identifies future research directions for developing accurate,
reliable, and efficient automated voice disorder detection frameworks.
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I. INTRODUCTION

The human voice serves as one of the most essential forms
of communication, allowing individuals to express
thoughts, emotions, and information through coordinated
speech production. The generation of voice depends on the
synchronized functioning of the respiratory system, vocal
folds, larynx, and articulatory organs. During phonation,
airflow from the lungs causes the vocal folds to vibrate,
producing sound that is subsequently shaped into speech.
Any abnormality affecting these physiological mechanisms
can alter voice quality, pitch, loudness, or flexibility,
leading to various voice disorders. Although these
disorders are not generally life-threatening, they can
significantly influence an individual's social interactions,
professional performance, and overall quality of life.

Voice disorders may arise due to several factors, including
excessive vocal strain, structural abnormalities of the vocal
folds, neurological diseases, inflammation, infections,
trauma, and psychological conditions. Common
pathological conditions include dysphonia, aphonia, vocal
nodules, vocal polyps, muscle tension dysphonia, and
laryngitis. Early identification of these abnormalities is
extremely important because delayed diagnosis may result
in progressive deterioration of vocal function and
increased treatment complexity. Consequently, reliable
diagnostic techniques capable of identifying pathological
voices during the early stages have become an important
research area in speech processing and medical
informatics.

Traditional diagnosis of voice disorders primarily depends
on clinical examinations performed by speech-language
pathologists and laryngologists. Diagnostic procedures
such as laryngoscopy, perceptual voice assessment,

aerodynamic evaluation, and acoustic analysis provide
valuable clinical information regarding wvocal fold
abnormalities. However, many of these methods require
specialized equipment, trained medical professionals, and
invasive examination procedures. These limitations have
encouraged  researchers to  develop  automated
computational systems capable of performing objective
voice analysis with reduced cost, faster diagnosis, and
improved accessibility.

speech signals. Machine learning algorithms are capable
of extracting meaningful acoustic information directly
from recorded speech and identifying subtle differences
between healthy and pathological voices. This which
integrate digital signal processing, feature extraction,
feature selection, and intelligent classification techniques
to assist clinicians in diagnosing vocal disorders. Such
systems provide objective decision support while reducing
dependence on manual interpretation.

A typical AVDD system consists of multiple processing
stages, including speech acquisition, preprocessing,
acoustic feature extraction, feature optimization, model
training, and classification. Commonly employedand K-
Means Clustering to accurately distinguish normal voices
from pathological speech.

This paper presents a comprehensive overview of machine
learning techniques used for automated voice disorder
detection. The review summarizes commonly utilized
speech databases, feature extraction methodologies, and
classification algorithms while discussing their advantages,
limitations, and diagnostic performance. By examining
recent developments in intelligent voice analysis, this
survey provides useful insights for researchers and
healthcare professionals working toward the development
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of efficient, reliable, and accurate automated voice
disorder detection systems.

Il. LITERATURE SURVEY

Automatic Voice Disorder Detection (AVDD) has
attracted considerable research attention due to its
potential to provide early, objective, and non-invasive
diagnosis of pathological voice conditions. Recent studies
have combined digital signal processing with speech
recordings and distinguish healthy voices from abnormal
vocal patterns. The overall objective of these
investigations has been to improve diagnostic accuracy
while reducing dependence on invasive clinical
examinations and subjective perceptual assessments.

Several researchers have investigated the physiological
characteristics of speech production and their relationship
with vocal disorders. Studies on vocal hyperfunction,
dysphonia, aphonia, and structural abnormalities of the
vocal folds have demonstrated that pathological conditions
produce measurable changes in acoustic characteristics
such as pitch, intensity, harmonic structure, and spectral
distribution. identifying voice abnormalities directly from
speech recordings.

Feature extraction plays a fundamental role in AVDD
systems because classification performance depends
largely on the quality of the extracted speech
characteristics. Mel-Frequency Cepstral Coefficients
(MFCC) are among the most widely adopted features
because they effectively represent the perceptual properties
of human speech. Linear Predictive Coefficients (LPC)
estimate vocal tract characteristics and formant
information, whereas the Discrete Wavelet Transform
(DWT) provides simultaneous time-frequency analysis
suitable for non-stationary voice signals. Researchers have
also utilized glottal flow parameters to evaluate vocal fold
vibration characteristics. Furthermore, feature selection

techniques includingfeature redundancy and improve
classification accuracy.
Variou successfully applied to pathological voice

classification. Support Vector Machines (SVM) have
consistently  demonstrated  excellent  classification
performance because of their ability to construct optimal
decision boundaries for complex speech datasets. strong
capability in learning nonlinear relationships among
acoustic features. Similarly, K-Nearest Neighbors (KNN),
Decision Trees, Linear Classifiers, and K-Means
Clustering have been utilized for classifying multiple
categories of voice disorders with encouraging diagnostic
accuracy. Comparative studies indicate that the
combination of robust feature extraction and appropriate
machine learning algorithms significantly improves voice
disorder detection performance.

Although considerable progress has been achieved,
existing AVDD systems continue to face challenges related
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to recording variability, environmental noise, speaker
diversity, and limited pathological datasets. Consequently,
researchers continue exploring advanced machine learning
models, improved acoustic representations, and larger
speech databases to enhance system robustness and clinical
reliability. These ongoing developments are expected to
contribute toward more efficient, accurate, and practical
automated voice disorder diagnosis systems suitable for
real-world healthcare applications.

I11. PROPOSED METHODOLOGY

The proposed framework presents a generalized
Automated Voice Disorder Detection (AVDD) system that
integrates speech acquisition, acoustic feature extraction,
feature optimization, and machine learning-based
classification for the early identification of pathological
voice conditions. The objective of the framework is not to
introduce a new machine learning algorithm but to
summarize the standard processing pipeline commonly
adopted in recent AVDD research. The overall system
enables automatic discrimination between healthy and
pathological voice samples using intelligent computational
techniques while supporting clinicians in early diagnosis
and treatment planning.

The process begins with the collection of speech
recordings from healthy individuals and patients exhibiting
various voice disorders. These recordings are first
subjected to preprocessing operations that remove
background noise, normalize signal amplitude, and
segment continuous speech into short analysis frames
suitable for digital signal processing. Proper preprocessing
ensures consistent input quality and improves.

Finally, the classification performance is assessed using
appropriate predicted output identifies whether the
analyzed speech sample corresponds to a healthy voice or
a pathological voice, thereby assisting clinicians in
objective diagnosis and clinical decision-making. Overall,
the proposed AVDD framework combines speech signal
processing with intelligent machine learning techniques to
provide an efficient, reliable, and non-invasive approach
for early voice disorder detection and automated clinical
support.

Proposed Architecture of the Machine Learning-Based Automated Voice Disorder Detection System
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Fig. 1. Proposed System Architecture for Machine
Learning-Based Automated Voice Disorder Detection
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IV. FEATURE EXTRACTION
TECHNIQUES

relevance of the extracted speech characteristics. Raw
voice recordings contain large amounts of information,
including both useful acoustic features and irrelevant
noise. Therefore, digital signal processing techniques are
employed to transform speech signals into representative
feature vectors that effectively capture the physiological
and acoustic properties associated with normal and
pathological voices. These extracted features provide the
input for subsequent machine learning classification
algorithms.

1. Acoustic Analysis

Acoustic analysis forms the initial stage of feature
extraction by measuring various speech characteristics
directly from recorded voice signals. The speech
waveform is first divided into short frames to ensure that
each segment remains approximately stationary during
analysis.  Important  acoustic  parameters include
fundamental frequency (pitch), maximum amplitude, voice
perturbation, cycle-to-cycle waveform variations, average
spectral characteristics, and transition-related features.
These measurements provide valuable information
regarding abnormalities in vocal fold vibration and are
widely used to distinguish healthy speech from
pathological voice conditions.

2. Mel-Frequency Cepstral Coefficients (MFCC)
Theprocessing because it closely models the perceptual
characteristics of the human auditory system. The
procedure initially computes the Fast Fourier Transform
(FFT) of each speech frame, followed by filtering using
Mel-scale triangular filter banks. The energy values o
generate compact cepstral coefficients. These coefficients
effectively represent speech spectral information while
minimizing redundancy, making MFCC highly suitable for
automatic voice disorder detection.

3. Linear Predictive Coefficients (LPC)

LPC analysis predicts the current speech sample based on
previous samples, enabling efficient representation of
formant frequencies and vocal tract characteristics. The
extracted LPC coefficients provide useful information
regarding vocal fold behavior and have been widely
applied in pathological voice analysis because of their
capability to identify structural changes affecting speech
production.

4. Discrete Wavelet Transform (DWT)

The Discrete Wavelet Transform (DWT) is particularly
effective for analyzing non-stationary speech signals
because it simultaneously represents both temporal and
frequency information. DWT decomposes voice signals
into multiple frequency sub-bands, allowing detailed
examination of transient speech characteristics and high-
frequency components that may indicate pathological
conditions. This multiresolution analysis enables improved
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detection of abnormal vocal behaviors that may not be
evident using conventional spectral analysis techniques.

5. Glottal Flow Signal Parameters

Glottal flow analysis focuses on estimating the airflow
passing through the vocal folds during phonation. By
applying inverse filtering techniques to recorded speech
signals, several physiological parameters can be extracted,
including opening phase, closing phase, open quotient,
closed quotient, velocity, harmonic richness factor, and
harmonic amplitude relationships. These parameters
provide important insights into vocal fold vibration
patterns and assist in distinguishing pathological voices
from normal speech.

6. Feature Selection and Dimensionality Reduction

Following feature extraction, feature optimization
techniques are employed to eliminate redundant
information and improve computational efficiency.

Methods such as enhances the overall performance of
machine learning algorithms used in Automated Voice
Disorder Detection systems.
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Fig. 2. Activity Diagram of the Automated Voice Disorder
Detection Process

V. MACHINE LEARNING ALGORITHMS
FOR VOICE DISORDER DETECTION

Machine learning algorithms play a central role in
Automated Voice Disorder Detection by learning
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discriminative patterns from extracted acoustic features
and classifying speech samples into healthy or pathological
categories. The effectiveness of an AVDD system largely
depends on selecting an appropriate classification
algorithm capable of accurately recognizing subtle
differences in speech characteristics. investigated for
pathological voice detection, each offering unique
advantages with respect to classification accuracy,
computational efficiency, and robustness.

maximizes the separation between healthy and
pathological speech samples. Because of its strong
generalization capability and effectiveness in high-
dimensional feature spaces, SVM has demonstrated
excellent classification performance across multiple
pathological voice datasets. Several studies have reported
high diagnostic accuracy using MFCC, wavelet-based
features, and spectral characteristics combined with SVM
classifiers.

Simulate the learning behavior of biological neural
systems through interconnected processing units organized
into input, hidden, and output layers. Among ANN
architectures, the Multilayer Perceptron (MLP) has been
extensively applied to voice disorder detection because of
its ability to model complex nonlinear relationships among
acoustic features. Various investigations utilizing MFCC,
wavelet coefficients, temporal speech features, and glottal
parameters have demonstrated that ANN models achieve
reliable classification performance for identifying different
pathological voice conditions.

K-Nearest Neighbors (KNN)

The K-Nearest Neighbors (KNN) algorithm classifies
unknown speech samples by comparing their similarity to
neighboring instances within the training datasetclass
among the nearest neighbors. Owing to its simplicity and
effectiveness, KNN has been successfully applied to
multiple voice disorder classification problems involving
acoustic and spectral speech features.

Decision Trees

Decision Tree classifiers generate hierarchical decision
structures based on feature values extracted from speech
signals. Internal nodes represent decision rules, while
terminal nodes correspond to final class labels. Ensemble
variants such as trained on randomly selected data subsets.
These approaches provide interpretable classification
models while maintaining robust performance for
pathological voice recognition tasks.

Linear Classifier

Linear classifiers separate healthy and pathological speech
samples using linear decision boundaries derived from
extracted feature vectors. Several studies have employed
empirical mode decomposition, cepstral features, and
temporal speech parameters together with linear
classification models to distinguish multiple categories of
voice disorders. Although computationally efficient, their
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performance depends on the linear separability of the
selected acoustic features.

Ks speech samples according to similarity measured using
Euclidean distance. Unlike supervised classifiers, K-Means
does not require labeled training data and is primarily
utilized for discovering hidden structures within voice
datasets. Research has shown that combining K-Means
clustering with advanced feature extraction methods can
effectively differentiate pathological voice samples while
achieving high classification performance for specific
benchmark datasets.

VI. COMPARATIVE ANALYSIS AND
DISCUSSION

The performance of an Automated Voice Disorder
Detection (AVDD) system is primarily influenced by three
major factors: the quality of the speech dataset, the
effectiveness of the extracted acoustic features, and the
capability of the selected machine learning classifier.
Numerous studies have demonstrated that combining
appropriate feature extraction techniques with robust
classification algorithms significantly improves the
accuracy of pathological voice recognition. However,
differences in speech databases, recording environments,
feature representations, and evaluation methodologies
often result in variations in classification performance
across different research investigations.

Among the various remain the most frequently adopted
technique because they effectively represent the perceptual
characteristics of human speech while providing compact
feature vectors suitable for machine learning algorithms.
Linear Predictive Coefficients (LPC) offer valuable
information regarding vocal tract behavior, whereas the
Discrete  Wavelet Transform (DWT) captures both
temporal and frequency-domain information, making it
highly suitable for analyzing non-stationary pathological
voice signals. Glottal flow parameters further contribute
physiological information associated with vocal fold
vibration, thereby improving the discrimination between
healthy and abnormal speech. In addition, feature
optimization methodsselecting the most discriminative
speech characteristics.

Machine learning algorithms also exhibit varying
classification capabilities depending on the characteristics
of the extracted features and available training data.
Support Vector Machines (SVM) consistently achieve high
classification accuracy because of their Decision Trees and
Random Forests offer interpretable classification models
with competitive predictive performance. Furthermore,
unsupervised methods such as K-Means Clustering enable
automatic grouping of speech samples without requiring
labeled datasets, making them suitable for exploratory
analysis and feature organization.
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Although significant improvements have been achieved in
voice disorder detection, several practical challenges
remain. Variability in speaker age, gender, language,
recording conditions, background noise, and disease
severity can considerably influence classification
performance. In addition, many publicly available speech
databases contain limited pathological samples, restricting
the larger and more diverse speech datasets, improved
acoustic feature representations, and more robust
classification algorithms capable of maintaining consistent
performance under real-world clinical conditions.

Overall, existing studies demonstrate that integrating
advanced acoustic feature extraction with intelligent
machine learning techniques provides an efficient and
objective approach for pathological voice analysis.
Continued advancements in speech processing, artificial
intelligence, and computational healthcare are e of
Automated Voice Disorder Detection systems, enabling
earlier diagnosis and more effective treatment of voice
disorders.

VIl. FUTURE ENHANCEMENT

Although current Automated Voice Disorder Detection
(AVDD) systems have demonstrated promising
performance, several opportunities remain for improving
their diagnostic capability and clinical applicability. Future
research may focus on developing larger and more diverse
voice disorder databases that include speakers of different
age groups, languages, genders, and pathological
conditions to improve model generalization. The
integration of advanced deep learning architectures, hybrid
machine learning models, and multimodal speech analysis
techniques may further enhance classification accuracy
while reducing dependence on manually engineered
acoustic features. In addition, incorporating cloud-based
healthcare platforms, mobile diagnostic applications, and
real-time voice monitoring systems can facilitate
continuous patient assessment and remote clinical support.
Further investigation into robust feature extraction
methods, adaptive feature selection algorithms, and noise-
resistant speech processing techniques will improve system
reliability under practical recording conditions. These
advancements are expected to contribute toward
intelligent, accurate, and accessible voice disorder
diagnosis systems capable of supporting clinicians

VIll. CONCLUSION

This paper presented a comprehensive review of Machine
Learning (ML) techniques employed for Automated Voice
Disorder Detection (AVDD). The study examined various
categories of voice disorders, commonly used speech
databases, acoustic feature extraction techniques, feature
optimization methods, and machine learning algorithms
applied to pathological voice classification. Feature
extraction approaches such as Mel-Frequency Cepstral
Coefficients (MFCC), Linear Predictive Coefficients
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(LPC), Discrete Wavelet Transform (DWT), and glottal
flow analysis were discussed together with feature
selection methods including Principal Component Analysis
(PCA) and Linear Discriminant Analysis (LDA).
Furthermore, the survey analyzed the performance of
several machine learning classifiers, including Support
Vector Machines (SVM), Artificial Neural Networks
(ANN), K-Nearest Neighbors (KNN), Decision Trees,
Linear Classifiers, and K-Means Clustering, highlighting
their strengths and limitations in pathological voice
detection. The review indicates that combining robust
acoustic feature extraction with suitable machine learning
algorithms enables accurate, objective, and non-invasive
identification of voice disorders. As machine learning and
speech processing technologies continue to evolve,
Automated Voice Disorder Detection systems are expected
to play an increasingly important role in supporting
clinicians through early diagnosis, efficient clinical
decision-making, and improved patient care.
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