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Abstract:  

The rapid advancement of deepfake technology has introduced significant challenges to digital 

forensics, especially within law enforcement agencies. Deepfakes— manipulated audio, video, and 

image content that appears authentic but is entirely fabricated—pose serious risks to investigations, 

public trust, and security. To address this growing concern, the development of an integrated 

software solution for deepfake detection in audio, video, and image formats is crucial for cyber 

police departments. This software will utilize advanced Machine Learning algorithms, Artificial 

Intelligence, and forensic analysis techniques to identify signs of tampering and manipulation across 

various forms of media. The proposed software will feature a multi-layered detection system 

capable of analyzing pixel abnormalities and auditory cues. Leveraging Deep Learning and Neural 

Networks, the software will be trained on large datasets to accurately detect deepfake patterns and 

differentiate them from genuine media. By using deep learning models like CNNs for visual feature 

extraction and RNNs for audio feature extraction, this approach improves the detection of 

inconsistencies in deepfake videos, making it an effective solution in the fight against 

misinformation. Additionally, the system will integrate with existing digital forensics tools to 

support police investigations, allowing officers to quickly verify the authenticity of digital 

evidence. By providing police departments with cutting-edge detection capabilities, this solution 

aims to combat the misuse of deepfake technology in criminal activities such as fraud, identity 

theft, blackmail, and misinformation campaigns 
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1. INTRODUCTION 

The rise of deepfake technology has introduced serious risks across various domains, including 

politics, cybersecurity, and personal privacy. One of the most alarming threats is the spread of 

misinformation, where deepfake videos and audio clips can be used to fabricate speeches, manipulate 

public figures, and distort reality. These manipulated audio and video clips often appear highly 

realistic, making manual detection extremely difficult. Deep learning, a subset of machine 

learning that mimics the human brain through neural networks, has emerged as a powerful tool 

to counter this challenge. 

This has the potential to undermine trust in news sources, influence elections, and incite social 

unrest. Moreover, deepfakes have been exploited for financial fraud, with cybercriminals using AI-
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generated voices to impersonate executives in phishing scams or fake biometric authentication. 

On a personal level, individuals have been targeted with deepfake-based identity theft, blackmail, 

and non-consensual explicit content, causing significant psychological and reputational harm. 

The sophistication of modern deepfake models makes them increasingly difficult to detect, as they 

can accurately replicate facial expressions, voice tones, and subtle movements that once served as 

telltale signs of forgery. Additionally, the accessibility of deepfake- generating tools has lowered 

the barrier for malicious actors, allowing even those with limited technical expertise to create 

highly convincing fake media. 

By leveraging Deep Learning models such as Convolutional Neural Networks (CNNs) for visual 

analysis and Recurrent Neural Networks (RNNs) for audio examination, the system will detect subtle 

inconsistencies indicative of deepfake manipulation. The software will integrate with existing 

digital forensic tools used by law enforcement agencies, enabling quick and efficient verification 

of digital evidence in criminal investigations. A user-friendly interface will allow police officers to 

conduct real-time deepfake analysis, providing automated detection and instant reports to aid in 

decision-making during time sensitive cases. This solution aims to enhance cybersecurity and public 

trust by equipping law enforcement with state-of-the-art tools to combat digital crimes such as 

fraud, identity theft, and misinformation. 

 

2. BACKGROUND AND CONTEXT 

Deepfake technology change audio and video making it look real even when it's made up or changed. 

The word "deepfake" comes from deep learning, a part of machine learning that uses neural 

networks to make very realistic but fake media. While people can use deepfakes for fun and 

creative things and they also bring big risks. These include spreading false information, stealing 

identities, and hurting people's reputations. 

A. Deep Learning -An overview 

Deep Learning is a subset of Machine Learning that focuses on training Artificial Neural networks 

to recognize patterns, make decisions, and generate predictions based on large datasets. Inspired by 

the structure and functioning of the human brain, Deep Learning models consist of multiple layers 

of artificial neurons that process and transform input data through weighted connections. These 

Deep Neural Networks can automatically extract meaningful features from raw data, eliminating the 

need for manual feature engineering.  

One of the key advantages of Deep Learning is its ability to handle complex and high-dimensional 

data, making it highly effective for tasks such as image and speech recognition, Natural Language 

Processing, and autonomous decision-making. 

Deep Learning architectures, such as Convolutional Neural Networks (CNNs), Recurrent Neural 

Networks (RNNs), and transformers, have revolutionized fields like computer vision, medical 

diagnostics, and self-driving technology. CNNs are particularly powerful in analyzing visual data, 

enabling applications like facial recognition, object detection, and medical image analysis. RNNs 

and their advanced variants, such as long short-term memory networks, are well-suited for sequential 

data processing, allowing for advancements in speech recognition and language modeling. Deep 

Learning's success is largely driven by the availability of massive datasets, increased computational 

power through GPUs and TPUs, and advancements in optimization techniques such as 

backpropagation and gradient descent. However, despite its remarkable capabilities, Deep Learning 
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faces challenges such as high computational costs, data dependency, and lack of interpretability. 

 

 
Fig 1: AI,M, DL relationship 

 

B. Significance of Deep learning in deepfakes 

Deep Learning plays a dual role in the deepfake ecosystem—it is both the driving force behind the 

creation of highly realistic deepfakes and the primary method for detecting them. Deepfake 

generation relies on deep learning models like Generative Adversarial Networks (GANs) and 

Autoencoders, which can synthesize hyper-realistic fake videos and audio by learning patterns 

from real data. These models enable seamless face swapping, voice cloning, and even lip-syncing 

in videos, making it increasingly difficult for humans to differentiate between real and fake media. 

The rapid advancements in deep learning have led to deepfakes that are almost indistinguishable from 

authentic content, raising significant concerns about misinformation, fraud, and digital identity 

theft. 

On the detection side, deep learning provides powerful tools to combat the spread of deepfakes. 

Convolutional Neural Networks (CNNs) analyze spatial inconsistencies in deepfake videos, such as 

unnatural facial expressions, pixelation artifacts, and lighting mismatches. Recurrent Neural 

Networks (RNNs) and Transformers detect anomalies in sequential data, making them effective in 

identifying unnatural speech patterns in deepfake audio. Furthermore, Audio-Visual Feature 

Fusion (AVFF) models combine both sound and video cues to improve detection accuracy. Deep 

learning models can learn subtle details that human eyes and ears might miss, making them 

indispensable for automated deepfake detection. As deepfake technology evolves, deep learning-

based detection methods must continuously improve to stay ahead of more sophisticated fake 

generation techniques. 

Deep Learning has also enabled the development of multimodal detection techniques, which 

combine multiple sources of information, such as facial expressions, lip movements, and voice 

characteristics, to identify inconsistencies in deepfake content. For example, an Audio-Visual Feature 

Fusion (AVFF) model can detect mismatches between a person's speech and their lip movements, 

which are often present in manipulated videos. Additionally, deep learning models can be trained 

to recognize physiological signals, such as micro-expressions and eye-blinking patterns, that are 

difficult for deepfake algorithms to replicate accurately. These advanced techniques make Deep 

Learning a crucial tool in forensic investigations, social media moderation, and cybersecurity, 
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helping to identify and mitigate the risks associated with deepfake content. Despite its effectiveness, 

Deep Learning-based deepfake detection faces several challenges, including the continuous evolution 

of deepfake generation methods and the arms race between forgers and detectors. As generative 

models become more sophisticated, detection models must adapt quickly to recognize new 

manipulation techniques. Another challenge is the availability of high-quality datasets, as Deep 

Learning models require large, diverse, and well-annotated datasets to generalize effectively across 

different types of deepfakes. Moreover, Deep Learning models can sometimes struggle with 

generalization, meaning that a model trained on one type of deepfake might not perform well on 

another. To address these challenges, researchers are exploring techniques such as adversarial 

training, where detection models are trained alongside generative models to improve robustness, and 

explainable AI (XAI), which provides insights into how detection models make decisions. These 

innovations will help deep learning remain at the forefront of deepfake detection as the technology 

continues to evolve. 

C. Applications of Deep Learning in deepfakes 

1. Face swapping and video manipulation 

Face swapping and video manipulation are among the most well-known applications of deepfake 

technology, powered by deep learning models like Generative Adversarial Networks (GANs) and 

Autoencoders. These techniques allow for seamless replacement of one person’s face with another 

in videos while preserving facial expressions, lighting, and movements, making the swap appear 

highly realistic. Face-swapping is widely used in the entertainment industry for movie special 

effects, de-aging actors, and digital doubles, as seen in films where actors' faces are altered or 

recreated. 

2. Synthetic voice cloning 

Synthetic voice cloning, powered by deep learning models like WaveNet, Tacotron, and 

Transformer-based architectures, enables the precise replication of a person’s voice using a small 

amount of recorded audio. These models analyze speech patterns, tone, and pronunciation to 

generate natural-sounding synthetic speech that closely mimics the original speaker. Voice cloning 

has numerous applications, including personalized virtual assistants, audiobook narration, dubbing 

in films, and helping individuals who have lost their voice due to medical conditions. 

3. Lip-syncing and motion transfer 

Lip-syncing and motion transfer, driven by deep learning techniques like GANs and neural 

motion models, enable the synchronization of lip movements with synthetic or altered speech and 

the transfer of facial expressions or body movements from one person to another. This technology 

is widely used in film dubbing, virtual avatars, and AI-powered content creation, allowing 

characters or digital personas to speak in multiple languages while maintaining realistic mouth 

movements. Motion transfer extends this capability by capturing and mapping facial expressions 

or full-body gestures onto another individual or animated character, making it valuable in gaming, 

virtual reality (VR), and digital entertainment. 

4. Social media monitoring 

Social media monitoring using Deep Learning-based deepfake detection is essential for identifying 

and mitigating the spread of manipulated content on platforms like Facebook, Twitter, TikTok, 

and YouTube. Platforms employ convolutional neural networks (CNNs), recurrent neural networks 

(RNNs), and transformer-based models to automatically flag suspicious content, helping to combat 
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misinformation, identity fraud, and malicious impersonation. 

D. Deepfake detection and role of deep learning 

Deepfake detection is a critical field aimed at identifying manipulated media, including synthetic 

videos, audio, and images created using AI-driven techniques. As deepfake technology advances, 

traditional detection methods relying on manual inspection or simple forensic analysis have 

become insufficient. Deepfake detection now heavily depends on automated AI-driven solutions 

that can analyze minute inconsistencies in facial movements, lip synchronization, voice modulation, 

and even pixel-level artifacts. Given the potential misuse of deepfakes in misinformation, fraud, 

and cybersecurity threats, accurate and efficient detection methods are essential for law enforcement, 

media organizations, and online platforms to combat digital deception. 

Deep Learning plays a pivotal role in deepfake detection by leveraging advanced neural networks 

capable of analyzing large datasets and detecting subtle patterns imperceptible to the human eye. 

Convolutional Neural Networks (CNNs) are widely used for image and video analysis, identifying 

inconsistencies in facial features, lighting, and pixel structures that may indicate manipulation. 

Recurrent Neural Networks (RNNs) and Transformer models are effective in detecting deepfake 

audio, analyzing unnatural speech patterns, pauses, and waveform distortions. Additionally, Audio-

Visual Feature Fusion (AVFF) models combine both video and audio cues to improve detection 

accuracy. Researchers are also exploring adversarial training, where detection models are 

continuously trained against evolving deepfake generation techniques, ensuring their robustness 

against more sophisticated forgeries. As deepfake technology evolves, deep learning-based detection 

systems will remain essential in the ongoing battle against digital misinformation and synthetic 

media fraud. 

 

3. RELATED WORK 

Deepfakes have been exploited for financial fraud, with cybercriminals using AI-generated voices to 

impersonate executives in phishing scams or fake biometric authentication. On a personal level, 

individuals have been targeted with deepfake-based identity theft, blackmail, and non-consensual 

explicit content, causing significant psychological and reputational harm. The sophistication of 

modern deepfake models makes them increasingly difficult to detect, as they can accurately 

replicate facial expressions, voice tones, and subtle movements that once served as telltale signs 

of forgery 

The paper [1] contains most deepfake detection models and are found to be poor in uncovering 

unseen or new data essentially because they are built on particular distributions that might not be 

identical to real-world data. The study has proposed a new stance for solving the domain 

generalization problem that deals with detecting fake and real sounds in a more effective way. 

This can be done by making a deep network to separate audio signals that are fake from those 

that are real. 

The paper [2] is about a multi-perspective approach to detecting deepfake audios by using a lot 

of features from the audio recordings. A method that this study takes a step further from 

traditional methods which are based on a single feature and uses various morphological, acoustic, 

and Spectro-temporal feature extraction techniques that include spectrograms, mel-frequency 

cepstral coefficients (MFCC), and frequency-domain characteristics for comprehensive analysis of 

the audio signal. The paper [3] gives a novel deepfake detection system using the conformer-based 
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method, and it is proposed that with the help of hierarchical pooling and multilevel classification 

token aggregation, the performance of the system can be enhanced. In this conformer architecture, 

which is a combination of both convolutional and transformer-based models, local and global signal 

dependencies are covered and this is why it becomes the current best candidate for the detection of 

deepfake manipulations. 

In paper [4] it aims at the implementation of a one-shot learning method to find out audio files 

made by a deepfake, that is voice biometrics security. In particular, the traditional detection methods 

of different types of deepfake with the absence of labeled datasets require the humans to 

communicate with labels but the document proposes a new technique called Siamese network and 

prototypical network to get higher detection accuracies with less training data. Due to the fact 

that one-shot learning technique lack of quantity the model is able to identify digital audio illicit 

of the many samples of the same file, then it is only comparing these selected samples with a very 

small number of authenticated audio files. Furthermore, the study of contrastive loss functions 

affected techniques aimed at discriminating real and synthetic speech. As it comes out from the 

conducted examinations, the approach of the proposed one-shot learning reaches good 

performance which it proves that it can be a practical during the process of detecting the deepfake 

in the voice in real. In paper [5] introduces an ensemble learning framework which is a combination 

of different detection models using weighted averaging and boosting techniques to optimize 

classification performance. Furthermore, the research highlights the importance of diverse training 

datasets to achieve the sustainability of the model in relation to diversity against completely new 

deepfake manifestations. Such an approach proposed, as a result of which, becomes the root cause 

of the change in one's approach: it is not only capable of improving accuracy but also essentially 

eliminates the false positives, thus making it all the more applicable in forensic and cybersecurity 

contexts. This study is a useful guide on how the integration of algorithms can fortify deepfake 

detection systems and represents a promising avenue for further research in the audio forensic 

field. The paper[6] reveals a way to uncover forged audio by using self-supervised learning with 

WAVLM (Waveform-to-Latent Model) method and a multifusion attentive classifier. The self-

supervised speech representation model WAVLM captures the complicated speech patterns so it 

is a good option to the identification of a synthetic audio. 

In paper [7] gives a full rundown of different methods used to spot fake audio deepfakes. It covers 

old machine learning deep learning, and mixed approaches. The paper groups detection methods 

by how they pull out features, like looking at sound waves modeling waveforms, and using neural 

networks to make embeddings. It talks about how fake audio creation has gotten better over time 

with text-to-speech and voice changing tech. The paper [8] examines a method to detect deepfake 

audio that relies on feature engineering and classic Machine Learning. It looks at various handmade 

audio features, like Mel-Frequency Cepstral Coefficients (MFCCs), pitch contours, spectral 

centroid, and energy-based features, to spot differences between real and fake voices. The paper 

[9] combines methods to explain AI with ways to spot fake audio making it easier to understand 

and trust forensic analysis. The system uses deep learning models like CNNs and RNNs to sort 

audio as real or fake and explain why. It uses tools such as SHAP and Grad-CAM to point out 

which parts of the audio led to the decision helping experts check the results. The paper [10] 

discusses a multimodal deepfake detection method that utilizes both visual and audio features to 

increase detection accuracy. Because deepfake videos tend to have longer inconsistencies in both 
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modalities, the combination of both offers a richer analysis. The work utilizes Convolutional Neural 

Networks (CNNs) for visual feature extraction and Long Short-Term Memory (LSTM) networks for 

audio feature analysis.The paper [11] discusses the application of Mel-Frequency Cepstral 

Coefficients (MFCCs) as the feature representation of choice for deepfake audio detection with 

Machine Learning approaches. MFCCs represent the spectral features of speech and are thus a 

good choice for distinguishing between real and fake voices. The paper [12] examines how Deep 

Learning methods affect deepfake audio detection in digital forensic examinations. The research 

contrasts various neural network structures, such as Convolutional Neural Networks (CNNs), 

Recurrent Neural Networks (RNNs), and Transformers, in order to study fake and natural speech 

patterns. In paper [13] it targets deepfake audio detection in group conversations, a challenging but 

significant area of digital forensics and security. Employing speaker recognition models and 

temporal analysis, the system determines voice identity discrepancies, speech rhythm anomalies, and 

artificial transitions between speakers. In paper[14] it proposes a domain-invariant feature 

extraction method that enables the model to learn invariant representations generalizing across 

various datasets. By employing Contrastive Learning and Data Augmentation, the framework 

enhances the model's capability to identify deepfake speech in various domains. The experiments 

indicate dramatic accuracy gains in cross-dataset tests. Yet, the research also identifies difficulties in 

fine-tuning the trade-off between feature generalization and specificity. This work is vital for 

deepening real-world usability of deepfake detection systems. In paper [15] it examines the issue 

of using only one dataset or one deepfake synthesis technique for training models that would still 

provide strong detection performance. The research employs spectral and waveform-based features 

in combination with deep learning models like CNNs and Autoencoders. The findings point out that 

well-designed training approaches, data augmentation, and feature engineering can greatly enhance 

model performance, even in single-domain settings. 

The paper [16] introduced as a targeted dataset aimed to enhance audio deepfake detection research. 

The dataset consists of speech samples synthesized via various voice synthesis and voice conversion 

methods. In paper [17] the research utilizes domain generalization methods, data augmentation, 

and adversarial training to enhance robustness. The findings show that attack-agnostic training 

remarkably improves detection accuracy for various types of deepfakes. The paper [18] it is a low-

complexity and high-speed deepfake audio detector model that utilizes spectrogram-based neural 

networks for the sake of boosting speed and accessibility. Unlike regular deep learning models, 

which tend to be computationally costly, SpecRNet is developed with low-resource settings in mind, 

thus making it viable for real-time and edge computing systems. The paper [19] presents defense 

strategies like adversarial training, noise injection, and spectral filtering to augment resistance to 

such attacks. The experimental results show that adversarial training improves robustness 

substantially with high detection accuracy. The paper [20] introduces an original method for detecting 

audio deepfakes by taking advantage of stereo sound properties in speech synthesis. The research 

formulates a Mono-to-Stereo Conversion (MTSC) approach, in which deepfake audio—usually 

synthesized in mono—is processed and analyzed under the application of stereo-based models. 

The paper [21] presents the largest Chinese dataset to date that is specially designed for detecting 

fake songs. Both real and AI-generated songs are included in FSD, which spans a wide range of 

deepfake audio synthesis methods. The authors train CNNs and RNNs using this dataset to test 

their efficacy in detecting fake songs versus authentic ones. 

https://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR250348749 Volume 7, Issue 3, May-June 2025 8 

 

The paper [22] The AVFF model architecture, describing how it addresses the fusion of features 

using a multi-stream neural network architecture. The model processes audio and visual features 

separately before they are fused in a single representation. The authors illustrate in extensive 

experiments that their method significantly surpasses standard single-stream detection models. 

They demonstrate that adding audio features, like speech pattern irregularities or lip movement 

versus sound synchronization errors, can improve the robustness and reliability of deepfake 

detection considerably. The paper[23] aims to minimize computational costs while ensuring high 

accuracy in deepfake detection. Conventional deepfake detection models tend to be 

computationally costly, involving large energy consumption and processing power. It suggests 

lightweight neural structures, knowledge distillation methods, and low-power feature extraction 

strategies to reduce power consumption without compromising detection performance. The paper 

[24] suggests an ensemble of several WavLM models to improve the system's performance in 

detecting artificial audio. WavLM has been shown to be particularly strong in speech 

representation learning, thus being very good at detecting anomalies in speech signals. The 

ensemble method blends various versions of WavLM, which are trained on diverse datasets and 

synthesis processes, to enhance generalization across various deepfake generation methods. The 

paper [25] presents CLAD (Contrastive Learning for Audio Deepfake detection), a new 

framework proposed to enhance resistance to adversarial and post-processing attacks. Numerous 

deepfake detectors are unsuccessful if audio is compressed, edited, or tampered with using noise, 

pitch manipulation, or speed modification. CLAD exploits the contrastive learning method that 

better enables a model to distinguish real from synthetic audio even in cases of multiple 

transformations. 

 

4. COMPARISON AND RESULTS 

 

Ref Nos. Techniques Merits Demerits 

Xie et al. 

[1] 

Aggregation and separation 

domain 

generalization(ASDG) 

Lightweight 

convolutional Neural 

network(LCNN) 

Enhanced feature 

discrimination. 

Adaptable to new 

deepfake 

technique. 

Computational 

complexity 

Implementation complexity 

Yang et al. 

[2] 

Hidden-unit 

BERT(HUBERT) 

XLS-Robust(XLR-R) 

WavLM 

Multi-view feature 

fusion 

Increased detection 

accuracy 

The multi-view 

feature approach 

increases computational complexity 

and may require more resources 

for training 

Shin et al. 

[3] 

Hierarchical pooling 

Multi-level classification 

token aggregation (MCA) 

Effective temporal 

modelling. 

Scalability 

Making it less suitable for real-time or 

resource constrained applications 

Khan et al. 

[4] 

Uses one shot combined 

with metric learning 

technique 

Quick deployment 

Data efficiency 

It heavily relies on the quality and 

diversity of training dataset 
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Borade et 

al. 

[5] 

Mel-frequency 

Cepstral 

Coefficients(MFCCs) 

Convolutional 

neural network(CNN)with 

attention mechanism 

Combines multiple 

algorithms 

Robust detection 

Method may struggle to generalize 

across highly diverse where deepfake 

techniques vary significantly 

Guo et al. 

[6] 

Feature extraction with 

WAVLM 

Multi-fusion 

attentive(MFA) 

classifier 

Joint training and fine 

tuning 

Leverages self 

supervised learning 

Multi-fusion 

approach 

It focuses on WAVLM and a specific 

classifier design which might limit its 

adaptability to future advancements. 

Wang et 

al. 

[7] 

Feature extraction 

Machine Learning 

classifiers 

Deep learning models and 

self supervised learning 

models 

Bench marking 

competitions 

Dataset analysis 

It lacks the empirical results or a clear 

unified framework for comparing 

different detection methods. 

Iqbal et al. 

[8] 

Feature engineering 

Machine learning models 

Classifier training 

Data preprocessing 

Handling large 

datasets. 

Limited ability 

to handle complex and diverse audio 

patterns effectively. 

Govindu 

et al. 

[9] 

Deep learning models 

Generative Adversarial 

networks 

Feature engineering 

Explainable AI(XAI) 

Enhanced 

interpretability 

Increased 

trustworthiness 

Methods may struggle to generalize to 

real world scenarios with diverse and 

noisy data, limited practical 

effectiveness. 

Zhang et 

al. 

[10] 

Multitask learning 

Feature fusion and score 

fusion 

backbones for feature 

learning 

Improved accuracy 

Real-world 

applicability 

Performance can degrade when 

detecting cross domain deepfakes or 

when faced with datasets that differ 

from those used in training 

Hamza et 

al. 

[11] 

MFCC 

Machine learning models-

Semirandom forest and 

Neural networks 

preprocessing 

Higher detection 

accuracy 

Practical for real 

time use 

Models can struggle with high false 

positive rates and are sensitive to 

background noise and variation in audio 

quality. 

Mcuba et 

al. 

[12] 

Feature extraction 

Deep learning architectures 

Custom architectures 

Effective for digital 

investigation 

Advanced detection 

techniques 

Focus on specific feature types and 

architectures may limit the 

generalization of results to other audio 

datasets. 
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Wijethung

a et al. 

[13] 

Speech denoising 

Speaker diarization 

Text conversion 

Improved 

robustness 

Focus on group 

conversations 

It lacks specific accuracy metrices and 

does not fully evaluate the systems 

performance. 

Xie et al. 

[14] 

W2V2 front-end 

Aggregation and separation 

domain 

generalization(ASDG) 

Gradient Reversal 

layer(GRL) 

Efficient and 

scalable 

Improved 

performance 

It may require significant computational 

resources for training the model, which 

can limit its practical applicability in 

resource constrained environments. 

Xie et al. 

[15] 

Domain invariant 

Domain adversarial training 

Regularization technique 

and 

data augmentation 

SM-ASDG 

Improved Detection 

Performance in a 

Controlled Domain 

It focuses on detecting audio deepfake 

in a single domain which may limit the 

model’s ability to generalize effectively 

new, unseen domains in deepfake 

techniques 

Frank et 

al. 

[16] 

WaveFake dataset 

Audio synthesis 

Data augmentation 

High quality data 

Focused on audio 

deepfakes 

Real-world 

applicability 

It focuses mainly on dataset creation 

and does not explore or evaluate 

specific deepfake detection models in 

detail 

Kawa et 

al. 

[17] 

Attack -Agnostic dataset 

creation 

Cross-attack generalization 

Stabilization of detection 

models 

Proposed model based on 

LCNN with LFCC and mel 

spectrogram front-end 

Improved 

generalization 

Attack-agnostic 

dataset 

Enhanced model 

robustness 

Without offering detailed insights into 

the underlying algorithms or specific 

improvements in detection models 

Plaga et al. 

[18] 

SpecRNet Architecture 

Spectrogram based feature 

Real time detection 

Faster detection 

Accessibility 

It focuses on speed and accessibility it 

may sacrifice some detection 

performance compared to more 

complex models 

Syga et al. 

[19] 

Adversarial defense 

techniques 

Data augmentation 

Model regularization 

Robust training 

Adversarial attack 

protection 

Improved security 

Increased model 

reliability 

It primarily focuses on defending 

against adversarial attacks and does 

address improvements in overall 

detection accuracy of audio deepfake. 

Liu et al. 

[20] 

Mono-_to stereo conversion 

Feature extraction 

Deep learning model 

Efficient usage of 

audio channels 

Improved detection 

sensitivity 

It relies on converting mono audio to 

stereo which may increase 

computational complexity and may not 

be suitable for Realtime application 
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Xie et al. 

[21] 

Text to speech(TTS)& 

voice conversion 

MFCCs 

Supports song 

manipulation 

detection 

It focuses mainly on creating the FSD 

dataset and does not provide in depth 

analysis 

Oorloff et 

al. 

[22] 

Audio-Visual Feature 

Fusion (AVFF) 

- Multi-stream neural 

network model 

Detects deepfakes 

more accurately by 

analysing both audio 

and video. 

elements. 

Works well on 

various datasets and 

deepfake types. 

More computationally intensive due to 

processing both audio and video. 

May require more data for training 

compared to single-modality models. 

Saha et al. 

[23] 

ASVspoof 

Anti-spoofing 

Self supervised learning 

Energy efficient model 

Green AI framework 

Faster processing 

Cost reduction 

Wider accessibility 

It prioritizes energy efficiency over 

detection accuracy which may lead to 

reduced performance in deepfake 

detection tasks. 

Combei et 

al. 

[24] 

pretrained models 

Fine tuning 

Data augmentation 

Model ensemble 

Better 

generalization 

Enhanced 

performance 

It limit the generalizability of the results 

to results to real world scenarios where 

such conditions might not be present. 

Chen et al. 

[25] 

Contrastive learning 

Length loss 

Evaluation against 

manipulations 

Resilience to 

adversarial attacks 

Contrastive learning 

Enhanced 

robustness 

Limited scope validation 

complexity of Contrastive learning 

 

5. CONCLUSION 

The rapid proliferation of deepfake technology necessitates a proactive approach to detection and 

mitigation, particularly within law enforcement and digital forensics. The proposed deepfake 

detection software provides a robust solution by leveraging advanced AI techniques, including Deep 

Learning models for both visual and audio analysis. By integrating this software into forensic 

workflows, law enforcement agencies can strengthen their ability to authenticate digital media, 

ultimately enhancing investigative accuracy and reducing the risk of misinformation and fraudulent 

activities. Furthermore, this solution plays a crucial role in upholding public trust and security by 

equipping law enforcement with the necessary tools to combat digital deception. As deepfake 

technology continues to evolve, ongoing research, model updates, and data expansion will be 

essential to maintaining detection accuracy and reliability. By staying ahead of emerging deepfake 

threats, this initiative ensures that cyber police departments remain well-prepared to address the 

challenges posed by synthetic media, thereby contributing to a more secure and trustworthy digital 

landscape. The implementation of this deepfake detection system fosters collaboration among 

cybersecurity experts, forensic analysts, and AI researchers, further strengthening the technological 

defenses against digital manipulation. By promoting interdisciplinary efforts, this project not only 

enhances law enforcement capabilities but also sets a foundation for future advancements in digital 
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forensic methodologies. As the threat of deepfakes continues to grow, continuous innovation and 

adaptation will be key to sustaining the effectiveness of detection systems and ensuring the integrity 

of digital evidence in legal and investigative contexts. 
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