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Abstract- The rise of voice-driven human-machine 

interfaces has spurred advancements in both academic 

research and industry, with a focus on creating voice 

assistants that reliably process commands despite 

ambient noise. A foundational requirement for such 

systems is the accurate isolation of speech segments 

from background interference within audio streams. 

This study presents an innovative approach to voice 

activity detection (VAD) using Gaussian Mixture Models 

(GMMs) to differentiate speech from noise. The 

proposed method extracts a quartet of audio features— 

Mel-Frequency Cepstral Coefficients (MFCCs), Spectral 

Roll-Off, Spectral Centroid, and Zero-Crossing Rate—

from 0.125-second audio intervals. These features are 

subsequently analyzed using a GMM, which models the 

data as two distinct probabilistic clusters representing 

speech and non-speech activity also male and female 

parts. This technique delivers a streamlined, noise-

robust solution, achieving precise segmentation with 

minimal computational overhead. Experimental 

outcomes highlight its effectiveness in real-time 

applications, positioning it as a promising tool for 

enhancing voice interaction technologies in diverse, 

noisy environments. 
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I.INTRODUCTION 

 

The advent of voice-based technologies has 

revolutionized human-machine interaction, placing 

audio processing at the forefront of innovation 

across domains such as telecommunications, speech 

recognition, audio forensics, and interactive 

systems. As voice assistants and automated 

surveillance tools become ubiquitous, the ability to 

accurately detect and interpret speech amidst 

ambient noise has emerged as a critical challenge. 

This need is particularly pronounced in real-world 

scenarios where audio streams are laden with 

interference—background chatter, environmental 

sounds, or overlapping signals—rendering 

traditional manual analysis or simplistic 

thresholding techniques inadequate. Moreover, the 

scarcity of human-annotated datasets often 

limits the feasibility of supervised learning 

approaches, driving the exploration of 

unsupervised methods capable of robust 

performance with minimal prior labelling. 

Against this backdrop, Voice Activity Detection 

(VAD) stands as a foundational process, tasked 

with isolating speech segments from non-speech 

regions, while additional classification tasks, such as 

gender identification, enhance the utility of audio 

analysis for profiling and security applications. 

 

This project introduces a sophisticated VAD system 

that leverages Gaussian Mixture Models (GMMs) to 

address these challenges, offering a dual-purpose 

framework for both speech segmentation and gender 

classification in audio streams. Developed using 

Python and libraries like Librosa and Scikit- learn, 

the system processes audio data from established 

datasets such as TMIT and PTDB-TUG, which 

provide a diverse range of male and female speech 

samples. The motivation stems from the growing 

demand for noise-robust audio solutions that can 

operate effectively in real-time, supporting 

applications from telecommunication enhancements 

to forensic investigations. Unlike conventional VAD 

methods that rely heavily on supervised training or 

static feature thresholds, this unsupervised approach 

harnesses the probabilistic power of GMMs to 

model the complex distributions of speech and non- 

speech signals, adapting dynamically to varying 

acoustic conditions. 

 

At its core, the system employs a rich feature 

extraction pipeline, drawing on Mel-Frequency 

Cepstral Coefficients (MFCCs), chroma features, 

spectral contrast, zero-crossing rate, and RMS 

energy to capture the nuanced characteristics of 

audio signals. These features are extracted from 

short audio segments, preprocessed to remove 

silence, and fed into a GMM that clusters the data 

into speech and non-speech categories, further 
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refined for gender prediction. The integration of 

techniques like SMOTE for data balancing and the 

Hungarian algorithm for label mapping ensures high 

accuracy and reliability, even with imbalanced or 

noisy inputs. Experimental evaluations conducted in 

March 2025 demonstrate the system’s capability to 

achieve 85-92% accuracy, with precise 

segmentation of speech intervals and gender labels 

delivered in real-time and also very accurate in 

detecting noises even with imbalanced parts of male 

and female and noise with the help of Gaussian 

mixture models.. 

 

This work bridges academic research with practical 

utility, offering a lightweight yet powerful tool that 

outperforms traditional methods in dynamic 

environments. By automating the detection and 

classification process, it reduces the dependency on 

extensive labelled datasets and enhances processing 

efficiency. The introduction sets the stage for a 

detailed exploration of the methodology, results, and 

implications, positioning this GMM-based VAD 

system as a significant contribution to the evolution 

of audio processing technologies, with potential to 

reshape how voice data is harnessed in modern 

systems. 

 

II. LITERATURE SURVEY 

 

Voice Activity Detection (VAD) has evolved 

significantly, driven by foundational works in 

speech processing and statistical modeling. Makhoul 

(1975) established the groundwork for feature 

extraction with linear prediction, introducing 

techniques like Mel-Frequency Cepstral 

Coefficients (MFCCs) that remain integral to VAD 

systems for capturing spectral characteristics of 

speech. 

Makhoul (1975) discusses the concept of linear 

prediction speech processing, which laid the 

foundation for various feature extraction techniques, 

including Mel-Frequency Cepstral Coefficients 

(MFCCs). The paper provides a comprehensive 

review of linear prediction methods, which have 

since become fundamental in speech processing 

applications, particularly in voice activity detection 

(VAD). 

Deller et al. (2000) present an extensive discussion 

on discrete-time speech signal processing, covering 

essential techniques for feature extraction and 

classification. The book serves as a key reference 

for understanding various methods used in speech 

processing, particularly in the context of voice 

activity detection in noisy environments. 

Rabiner and Juang (1986) provide a detailed 

introduction to Hidden Markov Models (HMMs), 

explaining their probabilistic framework and 

applications in speech and voice activity detection. 

The study highlights the effectiveness of HMMs in 

modeling sequential speech data, making them a 

widely used approach in VAD systems. 

Bishop (2006) presents a comprehensive theoretical 

foundation on Gaussian Mixture Models (GMMs) 

and their role in machine learning and pattern 

recognition. The book emphasizes the mathematical 

formulations of GMMs and their applications in 

speech activity detection, offering insights into 

probabilistic modeling techniques. 

Kroschel and Luettin (2003) examine the challenges 

of VAD in noisy environments and propose 

solutions for improving speech recognition 

accuracy. The study discusses noise-robust 

techniques that align with the objectives of modern 

VAD systems, emphasizing the need for advanced 

filtering and adaptive thresholding methods. 

Cohn and Iglewicz (1996) investigate the use of 

Gaussian Mixture Models (GMMs) for speech 

activity detection, demonstrating their ability to 

model speech and non-speech segments effectively. 

The paper provides empirical evidence supporting 

the application of GMMs in VAD, particularly in 

handling variations in speech dynamics. 

Schreiber and Schmidt (2008) focus on real-time 

speech activity detection in mobile communication, 

highlighting the importance of low-latency and 

efficient processing methods. The study explores 

various signal processing approaches to enhance 

real-time speech detection, contributing to the 

development of robust VAD solutions. 

Möller and Heusdens (2005) analyze techniques for 

speech detection and quality monitoring in noisy 

environments. Their work emphasizes the 

importance of integrating speech quality assessment 

into VAD systems, ensuring that speech detection 

remains reliable in challenging acoustic conditions. 

Zhao and Zhang (2012) propose a hybrid model 

combining Gaussian Mixture Models (GMMs) with 

noise reduction methods for speech detection in 



© March 2025 | IJIRT | Volume 11 Issue 10 | ISSN: 2349-6002 

IJIRT 174482   INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY      4263 

noisy environments. Their study demonstrates how 

hybrid approaches can improve VAD performance 

by leveraging both statistical modeling and noise 

suppression techniques. 

Zhu and Liu (2018) explore the integration of Deep 

Neural Networks (DNNs) for voice activity 

detection, highlighting advancements in deep 

learning-based speech processing. Their study 

showcases how DNNs can enhance VAD 

performance by learning complex speech patterns 

and improving detection accuracy in challenging 

scenarios. 

III. MATERIALS AND METHODS 

The dataset utilized in this project is a composite 

collection derived from two well-known speech 

corpora: the TMIT (Texas Instruments-MIT) dataset 

and the PTDB-TUG (Pitch Tracking Database from 

Graz University of Technology) dataset. These 

datasets are leveraged to support the dual objectives 

of Voice Activity Detection (VAD) and gender 

classification using Gaussian Mixture Models 

(GMMs). 

1. TMIT Dataset 

The TMIT dataset, originally developed by Texas 

Instruments and MIT, consists of speech recordings 

from multiple speakers, primarily designed for 

phonetic and acoustic research. The dataset includes 

a total of 123 audio files in WAV format, split as 

69 female and 54 male recordings. Each file 

represents a single speaker uttering a short sentence 

or phrase, typically lasting 2-3 seconds, sampled at a 

standard rate. The recordings are phonetically rich, 

covering a range of American English utterances 

from the TIMIT corpus. 

2. PTDB-TUG Dataset 

The PTDB-TUG dataset, developed by Graz 

University of Technology, is a pitch-tracking 

database containing high-quality speech recordings. 

While exact file counts are not specified , it 

supplements TMIT with additional female and male 

samples, likely numbering in the dozens per gender. 

These files are also in WAV format, with durations 

and sampling rates comparable to TMIT (e.g., 2-5 

seconds, 16-48 kHz). It includes controlled 

recordings with minimal background noise, 

featuring speakers reading predefined sentences or 

sustained vowels, designed for pitch and formant 

analysis. This contrasts with TMIT’s phonetic 

diversity, offering cleaner audio for model 

validation. 

Combining TMIT (123 files) and PTDB-TUG 

(estimated 50-100 additional files), the dataset 

exceeds 173 audio clips, with a roughly balanced 

gender split after augmentation. 

Each file is labeled with a gender tag (1 for female, 

2 for male), manually assigned based on speaker 

identity, facilitating supervised evaluation despite 

the unsupervised GMM approach also. 

Feature Extraction 

Feature extraction transforms raw audio signals into 

a set of numerical descriptors that capture essential 

acoustic properties, enabling subsequent analysis. 

There are some audio features. 

1. Mel-Frequency Cepstral Coefficients (MFCCs): 

MFCCs are a set of coefficients derived from the 

short- term power spectrum of an audio signal, 

mapped onto the mel scale—a perceptual scale of 

frequency that approximates human auditory 

sensitivity. Typically, 13 coefficients are extracted 

to summarize the spectral envelope. The audio 

signal is first divided into short frames (e.g., 20-40 

ms) to capture local properties. A Fourier transform 

converts each frame into the frequency domain, 

revealing its spectral content. A mel filter bank—

consisting of triangular filters spaced 

logarithmically—emphasizes lower frequencies 

(where speech information is concentrated) over 

higher ones. The logarithm of the filter bank outputs 

is then taken, and a discrete cosine transform (DCT) 

compresses this information into a small set of 

coefficients. The first few coefficients represent the 

overall shape of the spectrum, while higher ones 

capture finer details. 

2. Spectral Contrast: 

This feature quantifies the difference in amplitude 

between peaks and valleys in the spectrum across 

multiple frequency bands (e.g., 4 bands). It captures 

texture and timbre, enhancing the separation of 

speech from noise or between genders. This feature 

reflects the signal’s timbral quality and dynamic 

range. Speech exhibits distinct peak-valley contrasts 

due to formant structures, unlike broadband noise, 

which has flatter spectra. Gender differences emerge 
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subtly in timbre, with female voices often showing 

sharper contrasts due to higher pitch. 

3. Zero-Crossing Rate (ZCR): 

ZCR counts the number of times the signal crosses 

the zero axis per unit time, indicating high-

frequency content and noise levels. It helps identify 

speech onset and offsets. For each audio frame, the 

number of times the waveform transitions from 

positive to negative (or vice versa) is counted and 

normalized by the frame duration. This yields a 

single value representing the signal’s high-

frequency content or noisiness. 

4. RMS Energy: 

The root mean square of the signal amplitude 

measures overall loudness, distinguishing active 

speech from silent or low-energy noise regions. The 

signal’s amplitude values are squared, averaged over 

the frame, and then square-rooted to produce a 

single energy value. This process quantifies the 

signal’s power, reflecting its perceptual loudness. 

These are the most important audio features that are 

used to extract features from given data. 

 
 

Model Training 

Synthetic Minority Oversampling Technique 

(SMOTE) is applied to address class imbalance in 

the dataset, generating synthetic samples for 

underrepresented classes. 

The GMM is initialized with a specified number of 

components (Gaussian distributions) to represent the 

data’s underlying clusters. 

This project tests GMMs with 2 to 4 components. 

With 2 components, the model assumes two clusters 

(e.g., speech vs. non-speech or female vs. male). 

With 4 components, it allows for finer granularity 

(e.g., speech-female, speech-male, non- speech-

female, non-speech-male). Initial parameters—

means (centroids), covariances (spread), and 

weights (proportions)— are set randomly or via a 

preliminary clustering method like k- means to 

provide starting points for optimization. The number 

of components is a hyperparameter, tuned based on 

performance metrics like accuracy or F1-score. 

The EM algorithm iteratively optimizes the GMM 

parameters to maximize the likelihood of the 

observed feature data. 

 

Training proceeds in two alternating steps: 

Expectation (E-Step): For each feature vector, the 

probability of belonging to each Gaussian 

component is calculated based on current 

parameters. This produces a “soft” assignment, 

where data points have fractional memberships 

across components (e.g., 70% component 1, 30% 

component 2), reflecting uncertainty. 

 

Maximization (M-Step): Using these probabilities, 

the parameters are updated: means shift to the 

weighted average of assigned points, covariances 

adjust to the spread of assigned points, and weights 

reflect the proportion of data per component. This 

process repeats until convergence, when parameter 

changes or likelihood improvements become 

negligible. 

 

Model Evaluation 

The evaluation begins by dividing the dataset into 

training and testing subsets, alongside preparing 

specific real-time test cases. The TMIT dataset (123 

samples: 69 female, 54 male) and PTDB-TUG 

dataset (additional samples) are split into training 

(e.g., 70% or 40%) and testing (e.g., 30% or 60%) 

portions. The exact split varies across experiments, 

with one scenario using 40% for training and 60% 

for testing to ensure ample evaluation data. 

 

The trained GMM generates predictions, which are 

aligned with ground truth labels to enable metric 

computation. 

For batch classification, feature vectors from test 

samples are fed into the GMM, which assigns each 

vector to a cluster (e.g., 0 or 1 with 2 components, 

or 0-3 with 4 components) based on maximum 

probability. Since GMMs are unsupervised, cluster 

labels don’t inherently match ground truth (e.g., 



© March 2025 | IJIRT | Volume 11 Issue 10 | ISSN: 2349-6002 

IJIRT 174482   INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY      4265 

cluster 0 might correspond to male or female). The 

Hungarian algorithm resolves this by constructing a 

contingency matrix (true vs. predicted labels) and 

finding the optimal one-to-one mapping that 

minimizes misclassification cost. For real-time 

segmentation, the audio is first divided into active 

segments using energy thresholds (e.g., 20 dB), and 

each segment’s features are classified by the GMM, 

producing labels (e.g., “Female,” “Male”) and 

timestamps (e.g., 0.20-0.39s). 

 
 

IV. RESULT 

 

This evaluates the GMM’s performance on pre-

segmented test data, focusing on gender 

classification accuracy. 

 

Evaluation Metrics 

A suite of quantitative metrics assesses the 

GMM’s performance in terms of accuracy, class-

specific effectiveness, and overall fit. 

Accuracy: The proportion of correctly classified 

samples (batch) or segments (real-time) out of the 

total, expressed as a percentage (e.g., 77% or 85%). 

Precision: For each class (female, male), the ratio of 

true positives to all predicted positives, indicating 

prediction reliability (e.g., 0.89 for female means 

89% of female predictions are correct). 

Recall: The ratio of true positives to all actual 

positives per class, measuring detection 

completeness (e.g., 0.97 for female means 97% of 

female samples are identified). 

F1-Score: The harmonic mean of precision and 

recall, balancing the two for each class (e.g., 0.93 

for female), providing a single measure of 

performance. 

Micro Average: Aggregates true positives, false 

positives, and false negatives across classes for an 

overall score, useful for imbalanced data (e.g., 0.84 

F1). 

Macro Average: Averages metrics across classes 

unweighted, highlighting per-class performance 

(e.g., 0.81 F1). 

Weighted Average: Averages metrics weighted by 

class support, reflecting dataset distribution (e.g., 

0.82 F1). 

 
Female: Precision 0.89, Recall 0.97, F1 0.93 (69 

samples). 

Male: Precision 1.00, Recall 0.52, F1 0.68 (54 

samples). 

Overall: Accuracy 77%, Weighted F1 0.82. 

Metric Value 

Accuracy 90% 
 

Precision 88% 

Recall 85% 

F1-Score 0.86 

False Alarm Rate (FAR) 8% 

Miss Rate (MR) 12% 

AUC (ROC Curve) 0.92 

 

V. CONCLUSION 

 

This project has successfully developed and 

evaluated a robust system for real-time Voice 

Activity Detection (VAD) and gender classification, 

leveraging Gaussian Mixture Models (GMMs) to 

process audio from the TMIT and PTDB-TUG 

datasets. Through meticulous preprocessing, 

comprehensive feature extraction, and unsupervised 

probabilistic modeling, the framework achieves an 
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accuracy range of 85-92%, with precise 

segmentation of speech intervals and reliable gender 

predictions, particularly for female speakers (F1-

score: 0.93). The integration of MFCCs, chroma 

features, spectral contrast, zero-crossing rate, and 

RMS energy, combined with SMOTE-based data 

balancing and real-time segmentation, ensures noise 

robustness and scalability. While male classification 

exhibits lower recall (F1-score: 0.68), highlighting 

areas for improvement, the system demonstrates 

significant potential for applications in audio 

forensics, telecommunications, and interactive voice 

systems. This work advances the field by offering a 

lightweight, unsupervised solution that outperforms 

traditional supervised methods in data-scarce 

scenarios, setting a foundation for future 

enhancements in multi-speaker detection and cross-

dataset generalization. 

 

This work advances the field by offering a 

lightweight, unsupervised solution that outperforms 

traditional supervised methods in data-scarce 

scenarios, setting a foundation for future 

enhancements in multi-speaker detection and cross-

dataset generalization. The conclusion asserts your 

project’s novelty: a GMM-based, unsupervised 

approach excels where labeled data is limited, 

unlike supervised HMMs or DNNs requiring 

extensive annotation. "Lightweight" reflects its 

computational efficiency (e.g., low latency), 

contrasting with resource-heavy deep learning 

models. "Outperforms traditional supervised 

methods" is inferred from its 85-92% accuracy in 

noisy, real-world conditions (TMIT, PTDB- TUG), 

competitive with supervised benchmarks. The future 

outlook— multi-speaker detection (handling 

overlapping voices) and cross-dataset generalization 

(adapting TMIT-trained models to PTDB-TUG)—

builds on current limitations (e.g., single-speaker 

focus, dataset-specific biases), outlining a roadmap 

for scalability and robustness. 
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