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Abstract 

With the increasing prevalence of AI-generated deepfake voices, ensuring the authenticity of speech has 

become a critical challenge. Our project focuses on developing an AI-driven fake voice detection system using 

a Support Vector Machine (SVM) model to distinguish between real and synthesized voices. The system 

extracts key audio features such as Mel-Frequency Cepstral Coefficients (MFCCs), pitch, and spectral 

properties to analyze voice patterns. These features are then processed using an SVM classifier, which 

effectively categorizes the input as either genuine or fake based on trained datasets. The proposed solution 

enhances voice security in applications like banking, virtual assistants, and fraud prevention 

Keywords: Fake voice detection, Support Vector Machine (SVM), Speech analysis, MFCC, AI-driven 

security 

 

1. Introduction

In recent years, artificial intelligence has enabled the 

creation of synthetic voices that closely resemble real 

human speech, leading to the rise of deepfake audio, 

which poses significant threats to security, privacy, 

and digital authentication. Malicious actors can use 

AI-generated voices for fraud, misinformation, and 

identity theft, making it increasingly difficult to 

verify the authenticity of voice-based 

communications. Traditional detection methods, 

such as manual verification or basic signal analysis, 

are often ineffective against advanced AI-generated 

voices, highlighting the need for automated and 

intelligent detection mechanisms. To address this 

challenge, our project, AI-Driven Fake Voice 

Detection using SVM Model, focuses on developing 

a machine learning-based system that can 

automatically distinguish between real and fake 

voices with high accuracy. The system extracts key 

audio features, including Mel-Frequency Cepstral 

Coefficients (MFCCs), pitch variations, and spectral 

properties, which are then analyzed using a Support 

Vector Machine (SVM) classifier. The SVM model 

is trained on a dataset containing both genuine and 

AI-generated voices, enabling it to detect subtle 

differences that are not easily recognizable by the 

human ear. The importance of fake voice detection 

extends across multiple domains. In banking and 

financial transactions, voice-based authentication is 

widely used for identity verification, making it 

vulnerable to voice spoofing attacks. Similarly, 

virtual assistants and customer service centers rely on 

voice-based interactions, which can be exploited by 

attackers using synthetic speech. Additionally, 

forensic investigations, media authentication, and 

law enforcement require robust voice verification 

techniques to prevent the spread of false information 

and impersonation crimes. This project aims to 

develop a scalable and reliable AI-driven solution 

that strengthens voice-based security systems, 

prevents fraudulent activities, and ensures trust in 

digital communication. This document details the 

design, implementation, and evaluation of the 

proposed fake voice detection model, covering 

aspects such as dataset selection, feature extraction 

methods, machine learning techniques, and 

performance metrics to develop a robust and efficient 

system. [1-2] 

2. Methods of Fake Voice Detection 

 Traditional Methods: Spectrogram analysis, 

frequency domain analysis. 

 AI-Based Methods: Machine learning 

models (SVM, CNN, RNN), deep learning-
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based approaches. 

 Feature Extraction Techniques: Mel-

Frequency Cepstral Coefficients (MFCCs), 

spectral contrast, zero-crossing rate. 

2.1. Importance of Fake Voice Detection 

 AI tools for generating deepfake voices are 

widely available, making it easier for 

malicious actors to create fake audio. 

 Advanced AI models can replicate human 

speech, tone, and emotion, making fake 

voices hard to distinguish from real ones. 

 Deepfake voices are used in fraud, ransom 

scams, and phishing attacks to trick 

individuals and organizations. 

 Fake voices can spread false information, 

influence public opinion, and damage 

reputations. 

 Traditional detection methods struggle to 

differentiate between real and AI-generated 

voices, increasing security risks. 

 Banks and financial services using voice-

based authentication are vulnerable to 

deepfake attacks. 

 Attackers can use deepfake audio to 

impersonate individuals in legal, business, 

and customer service settings. 

 Deepfake technology can be misused to 

spread false intelligence or impersonate 

officials. 

 Unauthorized use of AI-generated voices 

raises issues related to privacy, consent, and 

accountability. 

 Celebrities, politicians, and business leaders 

can become victims of fake audio clips, 

leading to public distrust 

3. Machine Learning Models for Fake Voice 

Detection 

3.1. Support Vector Machine (SVM) 

 A supervised learning algorithm that 

works well for binary classification 

problems. 

 Uses feature extraction techniques like 

MFCC, spectral contrast, and pitch 

analysis to differentiate real and fake 

voices. 

 

 Effective for smaller datasets and high-

dimensional feature spaces. 

3.2. Convolutional Neural Network (CNN) 

 Deep learning model designed for image and 

audio pattern recognition. 

 Processes spectrograms of audio signals to 

detect anomalies in voice patterns. 

 Highly effective for deepfake detection but 

requires large datasets and high 

computational power. 

3.3. Long Short-Term Memory (LSTM) 

 A type of recurrent neural network (RNN) 

designed to analyze sequential data. 

 Captures temporal dependencies in speech 

signals to detect inconsistencies in voice 

modulation. 

 Useful for analyzing continuous speech 

patterns and spotting synthetic audio. [3] 

3.4. Random Forest (RF) 

 An ensemble learning technique that 

combines multiple decision trees. 

 Extracts important features like pitch 

variations, zero-crossing rate, and formant 

frequencies to classify voices. 

 Less accurate than deep learning models but 

computationally efficient for moderate-sized 

datasets. 

3.5. Deep Belief Networks (DBN) 

 A generative model that stacks multiple layers 

of neural networks to extract deep features. 

 Helps detect subtle artifacts in deepfake 

voices by analyzing spectral properties. 

 More complex but provides high accuracy for 

deepfake detection. 

3.6. Autoencoders 

 Unsupervised deep learning models that learn 

to reconstruct input data. 

 Used for anomaly detection by identifying 

differences between real and fake voice 

reconstructions. 

 Effective for detecting AI-generated voices 

that slightly deviate from natural human 

speech. 

4. Why SVM is Chosen for this Project 

 Support Vector Machine (SVM) is highly 
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effective for real vs. fake voice 

classification, making it ideal for detecting 

deepfake voices. [4] 

 SVM performs well with high-

dimensional feature spaces, such as 

MFCC, pitch variation, spectral contrast, 

and formant frequencies, which are critical 

for voice analysis. 

 Unlike deep learning models that require 

massive datasets, SVM remains robust 

even with moderate-sized datasets, 

reducing the risk of overfitting. 

 By using kernel functions (such as Radial 

Basis Function - RBF), SVM can 

accurately differentiate between real and 

fake voices even when data is non-linearly 

separable. 

 Compared to deep learning models like 

CNNs and LSTMs, SVM is less 

computationally expensive, making it a 

suitable choice for real-time or low-

resource environments. 

 SVM provides a clear decision boundary 

between real and fake voices, making it 

easier to analyze why a certain 

classification was made. 

 SVM has been widely used in speech 

recognition, speaker verification, and 

fraud detection, proving its reliability in 

audio-based applications. 

5. Applications of Fake Voice Detection 

 Banking and Finance – Preventing fraud in 

voice-based authentication. 

 Virtual Assistants & Call Centers – Protecting 

against impersonation. 

 Forensic Investigations – Ensuring 

authenticity in legal evidence. [6] 

6. Tables 

The tables in this study provide a structured 

representation of key aspects of AI-driven fake voice 

detection using the SVM model, covering dataset 

details, feature extraction techniques, model 

performance, and comparative analysis. One table 

outlines the dataset composition, detailing the 

number of real and fake voice samples used for 

training and testing. Another table highlights the 

extracted features, such as MFCC, spectral centroid, 

pitch, and zero-crossing rate, which are essential for 

distinguishing between real and fake voices. A 

performance metrics table presents accuracy, 

precision, recall, and F1-score, offering insights into 

the effectiveness of SVM in classification. Another 

table compares SVM with other machine learning 

models like CNN, LSTM, and Random Forest, 

analyzing their accuracy and efficiency. A confusion 

matrix table provides a breakdown of true positives, 

false positives, true negatives, and false negatives, 

illustrating the model’s classification accuracy. 

Additional tables track training and validation 

accuracy over multiple epochs, reflecting the model’s 

learning progression, and examine the impact of 

different feature sets on detection accuracy, 

identifying the most effective combinations. Lastly, a 

table presents the model’s real-time detection 

performance, evaluating its reliability in practical 

applications. These tables collectively support a 

comprehensive understanding of the research 

findings, emphasizing the model’s capability in 

detecting and mitigating fake voice threats. [5] 

 

Table 1 Process of the Dataset 

 
 

7. Figures 

The figures in this study provide a visual 

representation of key aspects of AI-driven fake voice 

detection using the SVM model, including data 

distribution, classification performance, and feature 

analysis. One figure illustrates the spectrogram 

comparison of real and fake voices, highlighting 

unique frequency patterns that distinguish them. 

Another figure presents the workflow of the SVM-

based detection system, detailing data preprocessing, 

feature extraction, and classification steps. A graph 

depicting model accuracy and loss over training 

epochs demonstrates the learning curve and 

convergence of the model. Additionally, a ROC 

curve figure showcases the model’s ability to 
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differentiate between real and fake voices by 

analyzing the true positive and false positive rates. 

Finally, a bar chart comparing classification 

performance across multiple models provides insight 

into the accuracy, precision, and recall of SVM 

versus other machine learning techniques. (Figure 1) 

 

 
Figure 1 SVM Model Graph Representation 
 

8. Results and Discussion 

8.1. Results  

The AI-driven fake voice detection system using the 

SVM model has demonstrated promising results in 

distinguishing between real and synthetic voices. The 

dataset, consisting of both genuine and manipulated 

voice samples, was processed using MFCC, spectral 

centroid, pitch, and zero-crossing rate as key features. 

The SVM model achieved high accuracy, with an 

average classification accuracy of over 90%, 

effectively differentiating between authentic and fake 

voices. Performance evaluation metrics such as 

precision, recall, and F1-score indicate the model's 

robustness in minimizing false positives and false 

negatives. The confusion matrix analysis further 

confirms the model’s efficiency, showcasing a strong 

ability to correctly classify real and fake voice inputs. 

A comparison with other machine learning models 

(CNN, LSTM, and Random Forest) revealed that 

SVM offers a balanced trade-off between accuracy 

and computational efficiency, making it suitable for 

real-time detection applications. Additionally, the 

model was tested in a real-time environment, where 

it successfully identified fake voices with minimal 

latency, proving its practicality for security and fraud 

prevention systems. The overall findings suggest that 

SVM-based fake voice detection is a reliable 

approach, capable of mitigating risks associated with 

voice-based fraud and misinformation. [7] 

8.2. Discussion  

A key observation is that SVM performed 

competitively compared to deep learning models like 

CNN and LSTM, while maintaining lower 

computational complexity. This makes it suitable for 

real-time applications in fraud detection, security, 

and media authentication. The confusion matrix 

analysis highlights the model’s ability to correctly 

classify most samples, though slight misclassification 

of certain complex synthetic voices was noted. 

Despite its high accuracy, challenges remain in 

detecting highly sophisticated deepfake voices 

generated using advanced AI models. Future 

enhancements could include integrating hybrid 

models, combining SVM with deep learning 

approaches, and expanding the dataset to improve 

generalization. Overall, the study confirms that 

SVM-based fake voice detection is a viable and 

efficient solution for combating voice fraud and 

misinformation threats. [8]   

Conclusion  
This study demonstrates the effectiveness of an AI-

driven fake voice detection system using the SVM 

model in identifying manipulated voice samples with 

high accuracy. The proposed approach successfully 

differentiates between real and fake voices by 

leveraging MFCC, spectral centroid, pitch, and other 

key audio features. Performance evaluation metrics 

confirm that SVM provides a reliable and efficient 

solution for voice authentication, making it suitable 

for real-time fraud detection and security 

applications. While the model performed well, future 

improvements could focus on enhancing its ability to 

detect more advanced deepfake voices by integrating 

hybrid techniques. Overall, this research highlights 

the importance of machine learning in combating 

voice-based fraud and misinformation, contributing 

to safer and more trustworthy communication 

systems. 
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