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[bookmark: _Toc708139284]1. Introduction
Over the past decade, Artificial Intelligence (AI) has had a significant impact on the way that multimedia is generated, as it has enabled the creation of more realistic digital content. Early AI generated media was mostly text and images, but recent development of deep learning, specifically generative adversarial networks (GANs), Variational Autoencoders (VAEs) and diffusion-based architectures, has accelerated the development of high-fidelity audio synthesis. One of the most notable results is AI synthesized voice cloning, more commonly known as deep-fake audio. These systems now simulate the human voice with great accuracy. 
Voice cloning is the creation of an artificial counterpart of someone's voice that can speak entirely new content in the speaker's way. Modern systems can reproduce such distinctive vocal relationships as timbre, accent, intonation, pacing, and emotional cadence. With powerful open-source tools such as VITS, Tacotron2, FastSpeech2 and StyleTTS2, and commercial APIs such as ElevenLabs and Microsoft Azure Neural Voice, it now takes only a matter of seconds of audio to generate a realistic voice clone. This accessibility has democratized the voice synthesis capabilities, making it available to the public that previously were only available to experts and those with access to large datasets. 
While these technologies facilitate a variety of useful applications, such as personalized text-to-speech, assistive devices for people with disabilities, dubbing, games, and improving human-computer interaction, they also pose a significant risk. Malicious applications of voice cloning have already appeared in financial fraud, identity theft, harassment, misinformation, and voice-based phishing (vishing). Recent examples include criminals cloning the voices of executives to authorize fraudulent transactions and mimicking the voices of celebrities to circulate false information on the internet. 
As these threats become more sophisticated and more common, the need for effective ways to detect them has become an urgent need. Traditional voice authentication systems were not designed to counter generative attacks, which makes institutions and individuals much more vulnerable. Deepfake audio can potentially compromise voice-controlled security, create fake evidence and undermine trust in audio communication - a worrisome situation considering that human voices tend to be deeply correlated with authenticity and emotional credibility. 
Detection, however, is hard to keep up with the fast and furious development of the models for synthesis. Many detectors will do well on specific generative methods that they were trained on and will fail to generalize new or unseen models. Real world conditions, such as compression, noise, and obfuscation, were also used to create a mess in detection. 
This research focuses on building powerful deep-fake audio detection approaches based on cutting-edge architectures such as CNNs, recurrent networks, and transformer-based models such as wav2vec 2.0, HuBERT, WavLM, and AST. By detecting subtle spectral and temporal cues in the audio that can differentiate synthetic audio from real human audio, the study aims to enhance cybersecurity, digital forensics, and trust in audio communication. Proactive steps in detecting are key to safeguarding identity, ensuring authenticity, and promoting the ethical use of generative technologies.
[bookmark: _Toc813467568]2. Background and Motivation
[bookmark: _Toc1847595884]2.1 Growth of Voice Cloning Technologies
Earlier speech synthesis methods like the concatenative synthesis or the classical parametric synthesis were rigid and unnatural sounding. Speech synthesis based on deep learning principles has revolutionized the field by considering the high-level linguistic structure, the acoustic features, and the prosody
Key developments include:
· WaveNet (2016) - Autoregressive neural vocoder that can produce high-quality audio waveforms
· Tacotron & Tacotron2 (2017–2018) – Encoder–decoder architectures converting text to mel-spectrograms with natural prosody.
· FastSpeech/FastSpeech2 – Non-autoregressive models enabling faster inference.
· Neural vocoders (HiFi-GAN, MelGAN) – High-fidelity waveform generation.
· VITS/VITS2 – End-to-end TTS that jointly learns text-to-waveform mapping.
· Diffusion based TTS - New family of models resulting in extremely natural speech through iterative denoising. 

· One-shot and zero-shot voice cloning - Systems like YourTTS, SpeechT5, and meta-learning systems that can imitate a speaker that only needs seconds of audio. 

The availability of these techniques makes high-quality voice synthesis available to the masses. Free and low-cost tools are available to individuals who have little technical knowledge to make voice clones.
[bookmark: _Toc1381338853]2.2 Risks and Threats of Deepfake Audio
Voice cloning creates many security challenges:
[bookmark: _Toc695470477]2.2.1 Fraud and Financial Scams
One of the first high profile cases was scammers using the cloned voice of a CEO to order a financial officer to wire $243,000. More advanced attacks may be used to circumvent voice-based authentication systems employed by banks and enterprises.
[bookmark: _Toc1969921596]2.2.2 Political Manipulation
Deepfake voice technology can be potentially used to create fake speeches, statements, or conversations from political leaders. Unlike videos, audio deepfakes can be transmitted via phone calls, podcasts, or radio, making it more difficult to put into perspective.
[bookmark: _Toc1881771486]2.2.3 Personal Harassment and Blackmail
Attackers might play the role of a victim's family member or even manipulate the voice to deceive or bully people. 

[bookmark: _Toc1156548641]2.2.4 Misinformation Campaigns
Synthetic audio clips can be shared online to generate panic, cause distrust, and manipulate public opinion. 

[bookmark: _Toc312488644]2.2.5 Compromising Speaker Verification Systems
Voice biometrics are now being used more widely in customer service and passport verification as well as secure access systems. AI generated audio is a direct threat to these systems. The rapid progress in voice synthesis makes it a necessary and strong force in the detection of fake audio that can distinguish between the original voice and the synthesized one, even as deepfake generation techniques evolve.
[bookmark: _Toc455303922]3. Problem Statement
Most of the current audio deepfake detection techniques have several limitations: 
1. Lack of generalization across unseen models.
 Many detectors do well on only the voices or generator architectures they were trained in (e.g. GANs vs. vocoders vs. diffusion models).
2. Sensitivity to environmental distortion.
 Real-world conditions introduce:
a. background noise,
b. reverberation,
c. compression artifacts from phone lines (telephony-grade 8 kHz),
d. environmental echoes.
Detection models usually degrade dramatically in these conditions.
3. Vulnerability to adversarial attacks.
Manipulated deep-fake audio can be post-processed, and these artifacts can be masked.
4. Lack of standardized benchmarks.
 Datasets often fail to capture the diversity of languages, accents, genders, and synthesis techniques.
5. Limited exploration of transformer-based models.
Transformers are good at sequence modeling, and have transformed speech recognition (wav2vec 2.0), but they have not been extensively studied for deepfake detection. 
The challenge at the heart of this is the construction of a robust, scalable, and generalizable detection system that would be able to identify deep fakes of audio created from unknown or future voice cloning models.


[bookmark: _Toc737582640]4. Research Aim and Objectives
[bookmark: _Toc614702078]4.1 Aim
To design, develop and evaluate a new advanced deep learning-based system for the accurate detection of AI-synthesized voice cloning (deepfake audio) in conditions and languages of great variation in synthesis.
[bookmark: _Toc1994513630]4.2 Objectives
1. Conduct a comprehensive literature review of methods of voice cloning and the detection of audio deepfakes.
2. Construct a variety of benchmark data containing real speech and fake speech from several TTS and voice cloning systems. 
3. Extract informative features such as spectral, temporal, and phasic based features and prosodic features.
4. Implement and compare several architectures of detection (CNNs, CRNNs, and transformers-based models (wav2vec 2.0, WavLM, Audio Spectrogram Transformer).
5. Take performance evaluation of noisy, compressed, and adversarial perturbed audio.
6. Benchmark generalization of unseen synthesis techniques.
7. Propose deployment strategies and ethical guidelines for real-world applications.
[bookmark: _Toc1948897863]5. Research Questions
1. What are the aspects of acoustic features to differentiate deep-fake audio from human speech based on various synthesis techniques?
2. Is it possible for transformer-based architectures to be better than classic CNN- and RNN-based models for the detection of synthetic audio?
3. How well do detection models generalize those unknown or emerging deep fake generation models? 
4. What does noise, compression, and adversarial perturbations damage the performance of detection? 
5. Ethical and practical implications of using such detection systems in real world environments are to be considered.
[bookmark: _Toc1802379622]6. Literature Review
The rapid acceleration in the development of deep learning powered speech synthesis has led to a parallel explosion in research for the recognition and countermeasures of deep-fake audio. This literature review focuses on three major areas that are key to this proposal: (1) technologies of voice cloning and speech synthesis, (2) deepfake audio detection techniques and limitations, and (3) technological gaps, challenges, and research opportunities. Together, these areas provide the basis for the knowledge of both the complexity of existing voice synthesis models and the dire need for more robust detection architectures.
[bookmark: _Toc712264795]6.1 Voice Synthesis and Cloning Techniques
The first big area in literature is about the development of technologies for voice cloning. Early speech synthesis was heavily based on concatenative and parametric methods such as unit selection, HMM-based synthesis, and formant modeling. These systems generated understandable but robotic sounding speech. A transformative breakthrough has been with the introduction of deep neural networks, in particular sequence-to-sequence (seq2seq) architectures.
6.1.1 Sequence-to-Sequence Models
Deep-learning TTS models take in text-rendered speech waveforms as an input. Key models include:
· Tacotron2: text mel-spectrograms.
· FastSpeech2: generative model with improved speed.
· VITS: end-to-end generative TTS model combining text, prosody, and waveform prediction.
[bookmark: _Toc218213398]6.1.2 Neural Vocoders
Neural vocoders are used to convert mel-spectrograms to waveform audio.
 Key examples include:
· WaveNet (autoregressive, high fidelity but slow),
· WaveRNN (faster, compact model),
· HiFi-GAN (non-autoregressive, state-of-the-art efficiency and realism),
· WaveGlow (flow-based synthesis).
HiFi-GAN worked wonders in terms of making cloned voices sound much more natural by reducing noise and enhancing the naturalness of formants, harmonics, and transient sounds.

[bookmark: _Toc1866188952]6.1.3 Zero-Shot and Few-Shot Voice Cloning
The most worrisome as far as security goes, is the advent of zero-shot cloning, wherein systems such as SpeechT5, XTTS, and Meta's Voice box can imitate a speaker by using only a few seconds of audio. These systems are accent, language, and emotional tone general and frequently surpass those trained under supervision.
[bookmark: _Toc530123682]6.1.4 End-to-End Voice Cloning Models
Recently, fully end-to-end architectures have been proposed including VITS, VITS2, and YourTTS in which all stages of features extraction, spectrogram generation, and waveform synthesis are integrated into unified architectures. These models incorporate:
· Variational autoencoders (VAEs),
· Adversarial training,
· Normalizing flows,
· Style-based embeddings.
These methods make it possible to perform high-quality voice cloning with very few recorded samples of the target speaker.
6.1.5. Commercial APIs
Platforms like ElevenLabs, Amazon Polly, Google TTS and Azure Neural Voice offer non-experts the opportunity to access near-professional-grade cloning tools. Their accessibility, ease of use, and low cost greatly increase the attack surface for malicious attacks. 
 
These developments collectively show that voice cloning is now democratized and has become dangerously realistic, in which case detection mechanisms capable of following the pace of evolution of synthesis technologies are urgently required.
[bookmark: _Toc2115599427]6.2 Audio Deepfake Detection Techniques
[bookmark: _Toc641822112]6.2.1 Traditional Feature Engineering
Earlier detection methods used:
· MFCC (Mel-frequency cepstral coefficients)
· CQCC (constant-Q cepstral coefficients)
· LFCC (linear-frequency cepstral coefficients)
· Phase-based features such as group delay
While simple and lightweight, these do not generalize well.
[bookmark: _Toc1936822114]6.2.2 Deep Learning–Based Approaches
Modern systems rely on:
· Convolutional Neural Networks (LCNN, ResNet variants)
· Recurrent Neural Networks (BiLSTM, GRU)
· Hybrid Convolutional-Recurrent Networks (CRNN)
· Attention mechanisms
These methods automatically learn patterns that distinguish real from synthetic audio.
[bookmark: _Toc999971]6.2.3 Transformer Models
Transformers excel at capturing long-range dependencies and have redefined speech processing:
· wav2vec 2.0: self-supervised speech representation model.
· WavLM: a pre-trained model that teaches speech, semantics and acoustics.
· Audio Spectrogram Transformer (AST): adapts the Vision Transformer to spectrograms.
Little research has applied these architectures extensively to deepfake audio detection.
[bookmark: _Toc1279009310]6.3 Challenges Identified in Literature
1. Deepfake detection models frequently overfit specific generators.
2. Current models are not robust to telephony compression or background noise.
3. Adversarial examples can bypass models.
4. No unified dataset exists combining many voice cloning technologies.
5. Transformers remain underexplored for synthetic speech detection.
These gaps justify the proposed research.
[bookmark: _Toc1590153169]7. Methodology
This section describes the methodical approach for designing, implementing and testing a strong system for detecting AI-synthesized voice cloning (deepfake audio). The methodology is divided into five major components namely dataset collection, preprocessing, feature extraction, model development, evaluation & robustness testing. Together, these components constitute a holistic pipeline that can handle the issues that we identified in the literature -- especially generalization, adversarial robustness, environmental noise, and cross-model variability.
[bookmark: _Toc1886971426]7.1 Research Design Overview
This research takes a comparative experimental research design with integration of quantitative evaluation, machine learning experimentation, and systematic benchmarking between different model architectures. The research is based on finding the best possible method to detect deepfake audio using a variety of different speech datasets and various AI state-of-the-art detection methods. 
A mixed-model approach is followed where traditional feature engineering practices are combined with new modern self-supervised learning and transformer-based practices. The system is evaluated in clean, noisy, and adversarial conditions to simulate real world deployments. Emphasis is placed on generalization to unseen voice synthesis methods, which is a major gap in the current literature.
[bookmark: _Toc384366494]7.2 Dataset Collection and Construction
Dataset construction is a critical step because deep-fake detection performance is highly sensitive to the diversity and quality of audio samples. To ensure that the proposed detection system generalizes well across real and synthetic speech scenarios, the dataset will be compiled from multiple high-quality speech corpora and state-of-the-art voice cloning systems.
[bookmark: _Toc192960346]7.2.1 Real Speech Datasets
Actual human speech will be taken from public domain, ethically compliant corpora, including:
· LibriSpeech Hundreds of hours of high-quality audiobook recordings with diverse speakers.
· VCTK Corpus: Over 100 speakers with different accents, ideal for multi-accent training.
· Common Voice (Mozilla): Crowd-sourced dataset representing global linguistic diversity.
· AISHELL(Mandarin) IndicTTS (Indian languages) for Multilingual Coverage.
These corpora ensure variability in:
· gender,
· age,
· accent,
· speaking style,
· recording conditions.
[bookmark: _Toc1310321307]7.2.2 Synthetic Speech Datasets
To generate the synthetical part of the data set, speech will be generated with state-of-the-art voice cloning and text-to-speech (TTS) models:
[bookmark: _Toc166011250]Open-source voice cloning models:
· Tacotron 2 + HiFi-GAN
· VITS / VITS2
· FastSpeech 2
· YourTTS / XTTS
· StyleTTS2
· Diffusion-based TTS models
[bookmark: _Toc1826492178]Commercial systems:
Where permitted, audio will also be generated using:
· ElevenLabs Voice AI
· Azure Neural Voice
· Google Text-to-Speech
· Amazon Polly
This makes sure the dataset will reflect real world data, which is often publicly available for synthesis systems exploited by malicious actors.
[bookmark: _Toc1412511875]7.2.3 Target Design Considerations
The dataset will be constructed to reflect:
· Zero-shot cloning samples (mimicking a target speaker with <5 seconds of audio)
· Few-shot samples (30–90 seconds of training speech)
· Multilingual synthetic speech
· Voice style and emotion variations
[bookmark: _Toc1750642394]7.2.4 Data Augmentation and Real-World Distortion Simulation
Because deepfake audio is typically used in noisy environments (phone calls, messaging apps), the dataset will be augmented to simulate:
· background noise (street noise, office noise, static),
· telephony compression (8kHz, GSM),
· lossy codecs (MP3, AAC, Opus),
· reverberation effects,
· clipping and microphone distortion.
These augmentations address the common limitation where detection systems fail outside clean-lab conditions.
[bookmark: _Toc1668198051]7.3 Data Preprocessing
Preprocessing ensures data consistency and reliability across training and evaluation.
[bookmark: _Toc1331104977]7.3.1 Standardization of Audio Format
All audio samples will be converted to:
· 16-bit PCM WAV
· 16 kHz sampling rate
· Mono channel
This normalization allows for consistent feature extraction and model training.
[bookmark: _Toc1669312016]7.3.2 Silence and Noise Removal
· Non-speech segments longer than a certain occurrence will be removed.
· Short silences are preserved because there are natural pauses and synthetic pauses, and these might be useful detection cues.
[bookmark: _Toc977167547]7.3.3 Volume Normalization
Loudness will be standardized using RMS normalization to avoid amplitude-based bias during model training.
[bookmark: _Toc1578957001]7.4 Feature Extraction
Feature extraction is conducted in a multi-stream fashion, so that the system makes use of different acoustic cues. Engineered characteristics and learned representations will both be tested.
[bookmark: _Toc684970037]7.4.1 Spectral Features
These features capture broad speech characteristics and form the basis of many classical detection models.
· Mel-Frequency Cepstral Coefficients (MFCCs)
· Linear-Frequency Cepstral Coefficients (LFCCs)
· Constant-Q Cepstral Coefficients (CQCCs)
· Log-Mel Spectrograms
· Spectral Centroid, Bandwidth, Flux, Rolloff
Spectral features detect common vocoder artifacts, such as:
· over-smoothed harmonics,
· unnatural high-frequency content,
· deviation in formant transitions.
[bookmark: _Toc1593974873]7.4.2 Phase-Based Features
Phase continuity and periodicity are often poorly reproduced in synthetic speech.
Extracted features include:
· Instantaneous frequency,
· Group delay,
· Phase deviation measures.
These features provide strong cues for detecting neural vocoder synthesis.
[bookmark: _Toc619192628]7.4.3 Prosodic and Voice Quality Features
Prosody captures long-term acoustic patterns that neural TTS systems often struggle to replicate authentically.
Key features:
· Pitch contour,
· Intonation and stress patterns,
· Jitter (frequency variation),
· Shimmer (amplitude variation),
· Harmonics-to-noise ratio.
[bookmark: _Toc1171184622]7.4.4 Self-Supervised Embeddings
Self-supervised learning (SSL) models are included due to their superior performance:
· Wav2Vec 2.0
· HuBERT
· WavLM
· Data2Vec Audio
These models provide highly robust representations learned from massive unlabeled corpora and are resilient to noise and compression distortions.
[bookmark: _Toc558664546]7.4.5 Multi-Stream Feature Fusion
A hybrid feature pipeline will be tested, combining:
· spectral features,
· phase features,
· prosodic cues,
· SSL embeddings.
This hybrid approach is expected to improve generalization, aligning with recent findings in anti-spoofing research.
[bookmark: _Toc1441657135]7.5 Model Development
The essence of the methodology is the training and testing of several deep learning architectures. 
Convolutional Neural Networks (CNNs) 
Architectures based on LCNN, MobileNet and ResNet architectures will be trained on spectrograms. CNNs are good at spatial pattern recognition; however, they possibly have difficulties with temporal dependencies. 
CRNN Models 
CNN feature extraction and LSTM/GRU sequence modeling will be combined to learn both spectral and temporal features.
[bookmark: _Toc1001552018]7.5.1 Advanced Deep Learning Models
[bookmark: _Toc55615297]Transformer-Based Architectures
Transformers have recently outperformed CNNs in audio classification.
Key transformer models include:
· Audio Spectrogram Transformer (AST)
· Wav2Vec 2.0 Fine-Tuned
· HuBERT-Large Fine-Tuned
· WavLM-Large
These models capture both:
· short-term acoustic patterns, and
· long-range dependencies across speech segments.
Their self-attention mechanisms are particularly suited for detecting:
· subtle inconsistencies in prosody,
· unnatural transitional patterns,
· hidden vocoder artifacts.
[bookmark: _Toc1923926664]7.5.2 Raw Waveform Models
Models such as RawNet2 and Waveform-CNNs will be included to evaluate whether detecting artifacts in raw audio can outperform spectrogram-based approaches.
[bookmark: _Toc1568099224]7.5.3 Ensemble Models
Ensemble approaches will be explored, including:
· Late fusion of classifier outputs,
· Feature-level fusion,
· Hybrid CNN–Transformer cascades.
Ensemble learning is expected to improve generalization across synthesis models.
[bookmark: _Toc1414679788]7.6 Model Training Procedures
[bookmark: _Toc1997129982]7.6.1 Train–Validation–Test Split
To ensure fair evaluation:
· 70% of data for training,
· 15% for validation,
· 15% for testing.
Critically, data from certain synthesis models will be excluded from training to evaluate cross-model generalization.
[bookmark: _Toc1753261642]7.6.2 Hyperparameter Optimization
Hyperparameters optimized using:
· grid search,
· Bayesian search (Optuna),
· learning rate warm-up and decay schedules.
[bookmark: _Toc545880224]7.6.3 Regularization Methods
To prevent overfitting:
· early stopping,
· dropout,
· data augmentation,
· label smoothing,
· weight decay.
[bookmark: _Toc249332081]7.6.4 Training Environment
Training will be executed on GPU-equipped systems with frameworks such as PyTorch or TensorFlow.
[bookmark: _Toc1145938948]7.7 Evaluation Metrics
Multiple metrics will be used to evaluate detection performance:
· Accuracy
· Precision, Recall, F1-score
· Equal Error Rate (EER)
· Receiver Operating Characteristic (ROC) curve & AUC
· Confusion Matrix Analysis
EER and AUC are particularly important for anti-spoofing detection.
[bookmark: _Toc938573624]7.8 Robustness Testing
Real-world deep-fake detection requires resilience in non-ideal conditions.
[bookmark: _Toc580476745]7.8.1 Noise Robustness Testing
Performance will be tested under:
· additive noise at various SNR levels,
· environmental background sounds,
· white noise and pink noise.
[bookmark: _Toc622219771]7.8.2 Compression Robustness Testing
Testing under common codecs:
· MP3,
· AAC,
· GSM (telephony),
· Opus.
These simulate real transmission channels.
[bookmark: _Toc1376823659]7.8.3 Adversarial Attack Testing
Models will be tested against:
· FGSM (Fast Gradient Sign Method),
· PGD (Projected Gradient Descent),
· Audio filtering attacks,
· Re-vibration attacks.
This evaluates resilience to targeted evasion techniques.
[bookmark: _Toc550780290]7.9 Ethical Considerations
Ethical guidelines include:
· use of publicly licensed speech datasets,
· no generation of synthetic speech without consent,
· compliance with data protection standards,
· avoidance of misuse risks by restricting released materials.
[bookmark: _Toc1855868556]8. Expected Outcomes
1. A strong deep-fake audio detection model, which can detect synthetic speech in a cross-domain with respect to the language, speaker, and synthesis method. 
2. Feature analysis in finding the most discriminative cues: 
a. unnatural prosody,  
b. spectral inconsistencies,  
c. vocoder artifacts, 
d. Phase distortions. 
3. Model comparison indicating whether transformer models are superior to CNN models in generalization ability. 
4. A benchmark dataset from various deep-fake generation methods that are publicly available. 
5. Evaluation of robustness in the real world, i.e. the system's performance in telephony compression, background noise, and adversarial conditions. 
6. Guidelines and best practices for deploying detection systems in industry environments such as banks, call centers, and government agencies.
[bookmark: _Toc1222526165]9. Significance of the Study
[bookmark: _Toc1600071294]9.1 Contribution to Cybersecurity
The project enhances protection against social engineering, identity theft, and financial fraud facilitated by synthetic audio.
[bookmark: _Toc1736071655]9.2 Societal Impact
Deepfake audio threatens public trust in media and communication systems. A detection framework helps restore credibility.
[bookmark: _Toc961491334]9.3 Academic Relevance
Provides new insights into:
· generalizable detection,
· feature robustness,
· transformer-based models for synthetic speech detection.
[bookmark: _Toc237011759]9.4 Industrial Applications
Industries that benefit from detection include:
· banking and finance (anti-fraud),
· telecommunications (caller verification),
· government agencies (digital identity),
· social media platforms (content moderation).
[bookmark: _Toc1435998175]10. Ethical Considerations
[bookmark: _Toc1637692188]10.1 Data Usage
All datasets will use publicly licensed speech or speech generated with consent.
[bookmark: _Toc1816202473]10.2 Avoiding Harmful Use
The aim is detection, not creating deepfakes. Synthetic audio will be used strictly for research and not disseminated publicly.
[bookmark: _Toc91114260]10.3 Transparency
Results and methodology will be documented clearly to avoid ambiguity.
[bookmark: _Toc906153527]10.4 Privacy
Voice data will be anonymized when necessary to protect identities.
[bookmark: _Toc1974747796]11. Project Timeline
	Phase
	Tasks
	Duration

	1
	Literature review, requirements analysis
	3 weeks

	2
	Dataset collection, synthesis, preprocessing
	4 weeks

	3
	Feature extraction & model development
	6 weeks

	4
	Model training & evaluations
	4 weeks

	5
	Robustness testing
	3 weeks

	6
	Documentation, results, conclusion
	2 weeks


Table 11.1. Total Estimated Duration: 22 weeks (~5 months)
[bookmark: _Toc1993293550]12. Conclusion
As voice cloning generated by AI is increasingly becoming more realistic and accessible, the threat of deep-fake audio becomes much more rapid. Existing detection systems have difficulty in generalization in terms of synthesis models, languages, and environmental conditions. This research is aimed at proposing an all-inclusive approach that integrates various datasets, advanced feature extraction methods, and transformer-based deep learning architectures to develop a robust and scalable detection framework. 
The research makes significant contributions in the areas of cybersecurity, media authentication and digital trust, and presents effective methods for industry and academia. The project does not just focus on keeping up with the threats of deepfakes but rather prepares future developments in the field of speech synthesis technology. Through the creation of a resilient and generalizable detection system, this research helps to enable safer types of communication systems, as well as mitigate the harmful effects of synthetic audio manipulation.
[bookmark: _Toc1018008260]13. References
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