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Abstract. Speaker identification has become an essential component of modern biometric au-

thentication systems because voice characteristics provide a convenient and non-invasive 

method for verifying human identity. The rapid development  automatic speaker identification. 

Audio recordings from the VoxCeleb dataset are preprocessed to eliminate unwanted noise and 

silence before extracting Mel Spectrogram features that effectively represent speech character-

istics. The extracted features are used to train and evaluate each classification model using stand-

ard performance measures such as accuracy and F1-score. Experimental observations indicate 

that the SVM classifier delivers the highest recognition performance among the evaluated mod-

els, while CNN also achieves competitive results. In contrast, the LSTM model records com-

paratively lower performance because of the sequential complexity of the available dataset. The 

study demonstrates the importance of selecting an appropriate learning algorithm for speaker 

recognition applications and provides valuable insights for developing reliable and efficient 

voice-based biometric systems.  
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port Vector Machine, Convolutional Neural Network, Long Short-Term Memory, Mel Spectro-

gram, Speech Recognition, VoxCeleb Dataset. 

 

I. Introduction 

Voice has emerged as one of the most dependable biometric characteristics for au-

thenticating individuals because every person possesses unique vocal attributes that are 

difficult to imitate accurately. With the growing demand for intelligent authentication 

systems, speaker identification has gained considerable attention in applications such 

as secure access control, banking services, digital assistants, surveillance systems, fo-

rensic investigations, and smart home technologies. Unlike conventional biometric 

methods such as fingerprints or facial recognition, voice authentication offers a contact-
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free and user-friendly solution that can be implemented remotely without requiring spe-

cialized hardware. 

 

Recent advancements in artificial intelligence have transformed speech processing 

by introducing  meaningful representations from speech signals and achieve higher 

recognition accuracy. Feature extraction methods such as Mel Spectrograms have be-

come highly effective because they capture the frequency characteristics of human 

speech in a manner similar to human auditory perception. 

 

This research focuses on possesses unique learning capabilities for handling speech 

information. SVM performs efficient classification in high-dimensional feature spaces, 

CNN extracts spatial representations from spectrogram images, while LSTM learns 

temporal dependencies from sequential audio data. Their comparative analysis provides 

a comprehensive understanding of their strengths and limitations in speaker identifica-

tion tasks. 

 

The VoxCeleb dataset is selected as the experimental benchmark because it contains 

speech recordings collected under realistic environmental conditions from numerous 

speakers. ration to improve feature quality. Performance evaluation is carried out using 

Accuracy and F1-score, allowing an objective comparison among the selected algo-

rithms. 

 

The primary objective of this work is to determine the most suitable machine learn-

ing model for reliable speaker identification while maintaining computational effi-

ciency. The findings contribute to the development of robust voice biometric systems 

capable of supporting future intelligent authentication applications. 

  

II. Literature Survey 

 
Automatic speaker identification has experienced rapid growth due to continuous 

advancements in machine learning and deep learning technologies. Early research pri-

marily relied on statistical modeling ), which extracted handcrafted speech features for 

identifying speakers. Although these techniques achieved reasonable performance, 

their effectiveness decreased under noisy and real-world recording conditions. 

 

The introduction of Support Vector Machine (SVM) classifiers significantly im-

proved speaker recognition accuracy by providing effective decision boundaries in 

high-dimensional feature spaces. SVM-based systems demonstrated excellent classifi-

cation capability when combined with discriminative speech representations such as . 

Their ability to generalize well with limited training data made them highly suitable for 

biometric authentication tasks. 

 

 speech analysis because spectrogram representations can be interpreted similarly to 

images. CNN architectures automatically learn hierarchical feature representations 

from speech signals without requiring extensive manual feature engineering. Several 
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researchers reported substantial improvements in recognition accuracy by utilizing 

multiple convolutional layers for extracting discriminative voice characteristics. 

 

Long Short-Term Memory (LSTM) networks further expanded speech recognition 

research by modeling temporal relationships within sequential audio signals. Unlike 

conventional neural networks, LSTM retains long-term contextual information through 

specialized memory cells, enabling effective processing of continuous speech se-

quences. However, LSTM performance often depends on the availability of sufficiently 

large and balanced datasets, making model training computationally demanding. 

 

sequence modeling to improve recognition robustness. Furthermore, transfer learn-

ing and attention-based mechanisms have demonstrated promising results by utilizing 

pretrained speech models for various biometric applications. 

 

Although considerable progress has been achieved, challenges including speaker 

variability, environmental noise, recording quality, multilingual speech, and spoofing 

attacks continue to affect recognition performance. Consequently, selecting an appro-

priate classification algorithm remains an important research problem. Motivated by 

these observations, this study performs a comparative evaluation of SVM, CNN, and 

LSTM models using the VoxCeleb dataset to determine the most effective approach for 

speaker identification. 

 

III. Research Methodology  
 

The proposed speaker identification framework follows a systematic sequence of 

operations beginning with audio acquisition and ending with performance evaluation. 

The methodology is designed to preserve the original speech characteristics while ex-

tracting discriminative features that enable accurate speaker classification. 

 

Initially, the VoxCeleb dataset is employed as the primary source of speech record-

ings. The dataset contains audio samples collected from numerous speakers under real-

istic recording environments, providing sufficient diversity  

 

Before feature extraction, all audio recordings undergo preprocessing to enhance 

signal quality. Silent intervals and unnecessary background noise are removed to elim-

inate irrelevant information that could negatively influence classification accuracy. Au-

dio normalization is then applied to maintain consistent amplitude levels across all re-

cordings. These preprocessing operations improve the quality of the extracted speech 

features while reducing variations caused by recording conditions. 

 

Following preprocessing, Mel Spectrograms are generated from every audio record-

ing. Thedomain, after which Mel filter banks transform frequency components into the 

perceptual Mel scale. This representation effectively captures the spectral properties of 

speech and serves as the primary input for machine learning algorithms. 
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The extracted Mel Spectrogram features are organized together with their corre-

sponding speaker labels. Data is randomly shuffled before model training to avoid sam-

pling bias and improve model generalization. Metadata describing speaker identities 

and feature information is also generated to facilitate efficient dataset management. 

 

Three different classification models are trained independently using identical fea-

ture representations. The Support Vector Machine performs supervised classification 

by constructing an optimal hyperplane that separates speaker classes with maximum 

margin. The Convolutional Neural Network automatically extracts hierarchical spatial 

representations from Mel Spectrogram images using convolutional and pooling opera-

tions before performing classification through processes sequential speech information 

by learning temporal dependencies through memory cells capable of retaining long-

term contextual information. 

 

After training, each model is evaluated using the testing dataset.  to assess prediction 

capability and class balance. The comparative analysis identifies the most suitable 

model for speaker identification while maintaining consistency with the experimental 

setup and evaluation procedure described in the original research. The obtained results 

produces comparatively lower recognition accuracy under the selected experimental 

conditions. 

 

IV. Existing System 

 
Traditional speaker identification systems primarilrecognize individuals based on 

their voice characteristics. These systems generally begin by collecting speech record-

ings from publicly available datasets such as VoxCeleb, followed by preprocessing op-

erations including silence removal, audio normalization, and feature extraction. Mel 

Spectrograms are commonly generated from the processed speech signals because they 

effectively represent the frequency distribution of human voice. The extracted features 

are then supplied to classification While SVM often provides strong classification per-

formance and CNN effectively learns spatial patterns from spectrogram images, LSTM 

is capable of modeling sequential speech information for speaker recognition. These 

approaches have significantly improved voice-based biometric authentication and are 

widely used in applications including access control, forensic analysis, voice assistants, 

and security systems. 

 

Despite these advancements, existing speaker identification methods still encounter 

several practical challenges. Recognition accuracy can decrease when speech record-

ings contain background noise, channel distortions, or variations in speaking style and 

pronunciation. limited datasets, leading to reduced performance during testing. Further-

more, differences in language, accent, recording devices, and environmental conditions 

may negatively affect model generalization. These limitations highlight the need for 

selecting appropriate feature extraction methods and robust classification algorithms 

that can achieve higher recognition accuracy while maintaining computational effi-

ciency in real-world speaker identification applications. 
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V. Proposed System 

 
The proposed system presents an efficient speaker identification framework that in-

tegrates advanced audio preprocessing with multiple machine learning models to 

achieve reliable voice-based biometric recognition. Initially, speech recordings are col-

lected from the VoxCeleb dataset, which contains audio samples from numerous speak-

ers recorded under diverse real-world conditions. The raw audio signals are first sub-

jected to preprocessing operations, including silence removal and amplitude normali-

zation, to eliminate unnecessary noise and improve the overall quality of the speech 

data. After preprocessing, each audio sample is transformed into a Mel Spectrogram 

using the Short-Time Fourier Transform (STFT), enabling the extraction of meaningful 

frequency-domain features that accurately represent the unique vocal characteristics of 

each speaker. These feature representations are then organized and labeled to create 

structured training and testing datasets suitable for supervised learning. 

 

The extracted Mel Spectrogram features are subsequently provided as input to three 

classification models: SVM classifier separates speaker classes by constructing an op-

timal decision boundary in the feature space, providing strong classification capability 

even with high-dimensional data. The CNN model automatically learns hierarchical 

feature representations from spectrogram images through convolution and pooling op-

erations, enabling effective recognition of complex speech patterns. The LSTM model 

captures temporal dependencies within sequential speech signals by utilizing memory 

cells that preserve contextual information over time. Each model is trained and evalu-

ated using identical datasets to ensure a fair comparison of performance. 

 

Following model training, the system predicts the identity of unknown speakers and 

evaluates the prediction quality using Accuracy and F1-score. The experimental results 

demonstrate that the Support Vector Machine achieves the highest overall recognition 

performance, while the CNN model also provides competitive classification accuracy. 

Although the LSTM network effectively models sequential speech information, its per-

formance is comparatively lower under the selected experimental settings. By combin-

ing robust preprocessing, discriminative Mel Spectrogram feature extraction, and com-

parative evaluation of multiple learning algorithms, the proposed framework delivers a 

dependable and computationally efficient solution for speaker identification. This sys-

tem can be effectively applied in various real-world domains, including biometric au-

thentication, secure access control, forensic investigations, smart devices, voice-con-

trolled applications, and intelligent security systems. 

 

VI. System Architecture 
  

The proposed speaker identification system follows a structured sequence of opera-

tions that transforms raw speech recordings into accurate speaker predictions using ma-

chine learning techniques. Initially, speech samples are collected from the VoxCeleb 

dataset, which contains voice recordings from multiple speakers recorded under differ-

ent environmental conditions. These audio samples serve as the primary input to the 
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system. Before feature extraction, the recordings undergo preprocessing operations 

such as silence removal, background noise reduction, audio normalization, and fram-

ing. These preprocessing steps improve the overall quality of the speech signals by 

eliminating irrelevant information and ensuring that all audio samples have a consistent 

format suitable for analysis. 

 

 
 

After preprocessing, the refined Spectrogram provides a visual representation of 

speech frequencies based on the human auditory system and effectively captures unique 

vocal characteristics required for speaker recognition. The extracted features are then 

organized into feature vectors, and corresponding speaker labels are assigned. The com-

plete dataset is divided into training and testing subsets using an 80:20 split, allowing 

the models to learn from one portion of the data while evaluating their performance on 

previously unseen samples. 

 

The prepared feature vectors are supplied independently to three classification mod-

els: Support Vector Machine (SVM), Convolutional Neural NetwoSVM classifier iden-

tifies the optimal decision boundary that separates different speaker classes with maxi-

mum accuracy. The CNN model automatically extracts high-level spatial patterns from 

Mel Spectrogram images through multiple convolutional and pooling layers, enabling 

efficient speaker classification. The LSTM network processes sequential speech infor-

mation by learning temporal dependencies and preserving contextual information using 

memory cells, making it suitable for analyzing speech sequences. Each model is trained 

using identical datasets to ensure a fair and reliable performance comparison. 

 

Once the training phase is completed, the trained models classify unknown speech 

samples by predicting the corresponding speaker identity. The effectiveness of each 

model is assessed using evaluation metrics such as Accuracy and F1-score, which 

measure classification correctness and overall model reliability. Based on the compar-
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ative analysis, the Support Vector Machine demonstrates the highest recognition per-

formance, followed by comparatively lower accuracy under the selected experimental 

conditions. suitable for practical applications including biometric authentication, access 

control, forensic investigations, intelligent voice assistants, and secure speech-based 

verification systems.  

  

VII. Conclusion 
 

This research presents a comprehensive comparative analysis of machine learning 

and deep learning techniques for speaker identification using audio biometric data. The 

proposed framework employs systematic audio preprocessing, Mel Spectrogram fea-

ture extraction, and three classification models—  recognize speakers from voice re-

cordings. The experimental evaluation highest recognition accuracy and F1-score 

among the selected models, while the CNN model also provides strong and reliable 

performance. Although the LSTM network is capable of learning temporal speech pat-

terns, its performance is comparatively lower under the current experimental setup. The 

results indicate that selecting an appropriate feature representation together with a suit-

able classification algorithm plays a crucial role in achieving accurate speaker recogni-

tion. Overall, voice-based biometric authentication. The developed framework can be 

effectively applied in various real-world applications, including secure access control, 

digital identity verification, forensic investigations, intelligent voice assistants, banking 

authentication, and other speech-enabled security systems. Furthermore, the findings 

of this study provide a valuable foundation for future research aimed at improving 

speaker recognition accuracy through larger datasets, advanced deep learning architec-

tures, transfer learning techniques, and robust noise-resistant feature extraction meth-

ods while maintaining high reliability in practical deployment scenarios. 
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