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Abstract: In an era where synthetic media is becoming increasingly sophisticated, this project introduces an advanced AI-

powered solution designed to detect deepfake content in both images and videos. Deepfakes—media that has been digitally 

altered or artificially created using machine learning techniques—pose growing threats by facilitating the spread of 

misinformation, fabricating news content, and infringing on individual privacy. As these manipulated visuals become more 

convincing and widespread, the need for reliable detection methods becomes more urgent. 

To address this issue, the system leverages two state-of-the-art artificial intelligence models. For analyzing static visuals, it 

utilizes YOLOv8 (You Only Look Once, version 8)—a model renowned for its real-time object detection capabilities, blending 

both high speed and accuracy. YOLOv8 excels in scrutinizing image content to flag potential signs of tampering or fabrication. 

For video-based analysis, the system incorporates the ViViT (Video Vision Transformer) model. ViViT is designed to interpret 

not only the spatial characteristics within individual frames but also the temporal relationships between frames, enabling robust 

detection of manipulated video sequences. 

A user-friendly web interface built with the Flask framework in Python serves as the front end of the system. Users can upload 

media files—either images or videos—through the interface for authenticity evaluation. The system processes the input and 

displays the outcome along with a confidence score, indicating how certain the model is about its classification. 

The ultimate goal of this initiative is to provide an effective and easy-to-use platform that empowers users to authenticate digital 

media. As deepfake technology continues to evolve—especially across social media and digital journalism—such tools are 

essential for preserving the trustworthiness of visual information. Future enhancements may include support for detecting 

synthetic audio and implementing real-time detection for live video streams, broadening the system’s scope in combating digital 

disinformation. 
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I. INTRODUCTION 

In recent years, the rise of deepfake technology has introduced a significant challenge to the credibility and trustworthiness of digital 

media. Deepfakes are artificially generated or manipulated images and videos that are created using advanced artificial intelligence 

(AI) techniques. These digital fabrications are often so realistic that they can convincingly mimic real people, events, or statements, 

even though they are entirely false. While deepfakes have potential uses in fields like entertainment and education, their misuse poses 

a serious threat to information integrity, personal privacy, and public trust. The spread of deepfake content has become especially 

concerning on social media platforms and digital news outlets, where content can go viral within minutes, amplifying misinformation 

and potentially causing social, political, or economic harm. 

This project aims to address these concerns by developing an AI-driven system for the reliable detection of deepfake content in both 

images and videos. The proposed solution integrates two cutting-edge deep learning models tailored to the distinct nature of image 

and video data. The primary objective is to provide users—whether they are individuals, organizations, or media outlets—with a 

dependable, accessible, and accurate tool for verifying the authenticity of digital media. 

For image-based deepfake detection, the system utilizes the YOLOv8 (You Only Look Once, version 8) model. YOLOv8 is a state-

of-the-art object detection algorithm that has gained significant attention due to its real-time processing capability and high accuracy. 

Unlike traditional detection methods, YOLOv8 processes images in a single pass, identifying potential anomalies that may indicate 

tampering or synthetic generation. Its efficiency and speed make it ideal for practical use cases, where rapid analysis is essential for 

content verification. 

On the other hand, detecting deepfakes in video content requires the ability to analyze not only the spatial features within individual 

frames but also the temporal relationships across sequences of frames. For this purpose, the system incorporates the ViViT (Video 

Vision Transformer) model.  
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ViViT is a transformer-based deep learning model designed specifically for video understanding. It captures both the appearance of 

subjects in each frame and the motion patterns over time, which are critical for identifying subtle inconsistencies that may indicate 

deepfake manipulation. By combining spatial and temporal analysis, ViViT offers a robust framework for video deepfake detection. 

The technical foundation of this project is supported by a user-friendly web interface built using the Flask web framework in Python. 

This interface allows users to upload images or video files directly through a simple and intuitive platform. Once uploaded, the 

system automatically processes the media using the appropriate AI model—YOLOv8 for images and ViViT for videos. After 

analysis, the results are presented clearly, including a classification (real or fake) and a confidence score indicating the model’s 

certainty. This score helps users understand the reliability of the output and make informed decisions based on the findings. 

The combination of high-performance AI models and an accessible web interface ensures that the system is not only technically 

effective but also practically useful. It bridges the gap between complex machine learning processes and everyday media verification 

needs. Whether it’s a journalist verifying the authenticity of a source video, a social media user concerned about manipulated content, 

or a security analyst monitoring for misinformation campaigns, this tool provides a timely and efficient solution. 

Looking ahead, this project holds the potential for further enhancement and expansion. One promising direction is the integration of 

audio deepfake detection, which involves identifying synthetically generated or manipulated voices. As audio-based deepfakes, such 

as fake phone calls or voice messages, become more common, detecting them will be equally crucial. Another area of future 

development is the inclusion of real-time analysis capabilities for live video streams. This would be particularly beneficial for 

monitoring broadcasts or live social media sessions, where immediate detection of deepfake content could prevent the rapid spread of 

false information. 

In conclusion, this project represents a proactive and innovative approach to combating the rising threat of deepfake media. By 

combining the precision of YOLOv8 and ViViT models with the simplicity of a Flask-based web interface, the system provides a 

reliable method for detecting tampered digital content. As synthetic media continues to evolve and become more convincing, tools 

like this will play an essential role in preserving digital trust, safeguarding privacy, and ensuring the integrity of information in our 

increasingly connected world. 

 

II. LITERATURE SURVEY 

The rapid advancement of artificial intelligence and deep learning techniques has significantly influenced the generation and 

detection of synthetic media, particularly deepfakes. As the threat of deepfake content becomes increasingly prevalent, numerous 

studies and research efforts have focused on developing robust detection mechanisms. This literature survey highlights key 

contributions in the domain of deepfake detection, with particular attention to image and video analysis using modern AI models. 

1) Deepfake Detection Using CNN-Based Approaches 

Early approaches to deepfake detection heavily relied on convolutional neural networks (CNNs). Research by Afchar et al. (2018) 

introduced MesoNet, a CNN model trained to detect deepfakes using low-resolution visual artifacts. Similarly, Nguyen et al. (2019) 

proposed a multi-task CNN that identifies deepfakes based on inconsistencies in facial expressions and head poses. These models 

demonstrated promising results on known datasets but often lacked generalizability to unseen manipulations. 

2) Temporal Features in Video Deepfakes 

While image-based detection focuses on spatial inconsistencies, video deepfakes require temporal feature extraction for accurate 

classification. Research by Sabir et al. (2019) and Guera & Delp (2018) introduced Recurrent Neural Networks (RNNs) and Long 

Short-Term Memory (LSTM) networks to track temporal inconsistencies across video frames. These models improved detection 

accuracy by learning motion patterns and identifying frame-level discrepancies. However, traditional RNN-based approaches were 

limited in handling long-range dependencies and complex motion dynamics. 

3) Vision Transformers for Video Analysis (ViViT) 

To overcome the limitations of CNN-RNN hybrids, Arnab et al. (2021) introduced ViViT (Video Vision Transformer), which 

applies the Transformer architecture—originally used in NLP—to video classification tasks. ViViT processes videos by splitting 

them into spatiotemporal patches and encoding both frame-level and sequence-level information. It eliminates the need for separate 

spatial and temporal processing networks and has shown state-of-the-art performance in video classification, including deepfake 

detection. Its ability to capture global attention across frames makes it particularly effective in identifying subtle manipulations 

across time. 

4) YOLO Series for Real-Time Detection 

The YOLO (You Only Look Once) family of models, particularly YOLOv4 and YOLOv5, has been widely used for object 

detection in real-time applications.  
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The recent YOLOv8 iteration introduces improvements in speed, accuracy, and model architecture, including enhanced anchor-free 

detection and better feature fusion. Although primarily developed for object detection tasks, researchers have adapted YOLO 

models for forgery localization and face manipulation detection in images. Their fast inference time and high accuracy make them 

suitable for deployment in practical applications requiring rapid responses. 

5) Web-Based Detection Platforms 

Several research efforts and industry tools have explored the development of user-friendly platforms for deepfake detection. 

Projects such as Microsoft's Video Authenticator and tools like Deepware Scanner have attempted to integrate AI models into 

accessible applications. However, many of these platforms are proprietary, lack transparency, or are not open to customization for 

specific user needs. Open-source web applications built using frameworks like Flask allow for flexible integration of AI models and 

offer a path to building scalable, community-driven tools. 

6) Challenges and Future Trends 

Despite significant progress, deepfake detection remains a cat-and-mouse game. As generative models like GANs (e.g., StyleGAN, 

DeepFaceLab) and diffusion models evolve, they produce increasingly realistic content that evades traditional detection methods. 

The need for multimodal detection systems—incorporating audio, textual cues, and physiological signals—has been emphasized in 

recent literature. Moreover, explainability and interpretability of detection results are gaining attention, helping users understand 

why content is flagged as fake. 

 

III. PROBLEM DEFINITION AND SCOPE 

The increasing sophistication and accessibility of deepfake technology pose a significant challenge to digital media integrity. 

Deepfakes—realistic yet artificially generated or manipulated images and videos—are created using advanced deep learning 

techniques such as Generative Adversarial Networks (GANs). These synthetic media files are often indistinguishable from authentic 

content to the human eye, making them powerful tools for spreading misinformation, conducting cyber fraud, infringing on privacy, 

and manipulating public discourse. 

With the explosive growth of social media and digital communication platforms, deepfake content can rapidly go viral, influencing 

public opinion and causing reputational, financial, or even political damage. Despite various attempts to detect such content, 

existing detection tools often lack adaptability, user-friendliness, or the ability to handle multiple forms of media with a high level 

of accuracy and speed. 

Therefore, the primary problem this project addresses is: 

"To develop a robust, AI-driven system capable of detecting deepfake content in both images and videos, providing real-time 

results through a user-friendly web interface with high accuracy and practical usability." 

This problem encompasses technical challenges such as the need for advanced AI models capable of analyzing spatial and temporal 

inconsistencies, as well as design challenges in creating an interface that simplifies interaction for non-technical users. 

 

A. Scope of the Project 

The proposed system aims to deliver a comprehensive solution that leverages state-of-the-art deep learning models to detect 

synthetic content in digital media. The scope of this project spans several key components and functionalities: 

1) Multimedia Deepfake Detection: The system focuses on identifying fake content in both images and videos, covering a broad 

spectrum of use cases: 

 YOLOv8 (You Only Look Once, version 8): Utilized for image-based detection, YOLOv8 is renowned for its high-speed 

processing and accuracy. It enables real-time analysis, detecting anomalies in static images that may indicate manipulation. 

 ViViT (Video Vision Transformer): Employed for analyzing video content, ViViT captures both spatial details in each frame 

and temporal relationships across sequences of frames. This dual capability makes it effective in uncovering inconsistencies 

typical of video deepfakes. 

2) Flask-Based Web Interface: A lightweight, intuitive Flask web application forms the frontend of the system. It allows users to: 

 Upload media files (images or videos) 

 Receive automated analysis results 

 View classification results (real or fake) along with a confidence score This interface is designed to require no technical 

background, ensuring accessibility for journalists, educators, content creators, cybersecurity teams, and the general public. 
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3) Real-Time and Automated Detection Workflow: The system intelligently identifies the media type and routes it through the 

appropriate detection pipeline. Processing is fast, accurate, and requires minimal user input, supporting real-time decision-

making where rapid verification is critical. 

4) Modular and Scalable Architecture: The backend is designed to support future enhancements, such as: 

 Audio Deepfake Detection: Extending capabilities to detect manipulated or synthetic voices. 

 Live Stream Analysis: Integrating real-time detection into video surveillance or live broadcasts. 

 Cross-modal Analysis: Combining text, audio, and visual cues for more holistic deepfake detection. 

5) Target Applications: 

 Media Verification: For journalists, fact-checkers, and news agencies. 

 Social Media Monitoring: To detect and report malicious or misleading content. 

 Digital Forensics: In cybersecurity and law enforcement investigations. 

 Public Awareness Tools: Helping users validate content they encounter online. 

6) Known Limitations: While this system leverages powerful AI models, some challenges remain: 

 Accuracy may degrade with extremely low-resolution or highly compressed media. 

 New and evolving deepfake generation methods may temporarily bypass detection. 

 Hardware constraints could affect performance in real-time applications on low-end systems. 

 

IV. EXPECTED OUTCOME 

The primary goal of this project is to develop an AI-based solution that accurately detects deepfake content in images and videos. 

Upon successful implementation, the following outcomes are expected: 

1) Accurate Deepfake Detection in Images and Videos: 

The system will be capable of reliably identifying manipulated or synthetically generated content. By leveraging YOLOv8 for 

image analysis and ViViT for video analysis, the tool is expected to detect spatial and temporal inconsistencies that are common in 

deepfake media with a high degree of accuracy. 

 

2) User-Friendly Web Application: 

A fully functional, web-based interface built using the Flask framework will be available for public use. This interface will allow 

users to upload images or videos, receive real-time analysis, and view results in an easy-to-understand format, including a 

confidence score indicating the system’s certainty. 

 

3) Real-Time and Efficient Processing: 

The integration of YOLOv8 and ViViT models ensures that the system provides quick, near real-time feedback. This makes the tool 

suitable for time-sensitive environments such as newsrooms, social media monitoring, and digital forensics. 

 

4) Modular and Scalable Architecture: 

The detection system will be designed in a modular fashion, allowing for future extensions. This includes the potential integration 

of: 

 Audio deepfake detection 

 Live stream or real-time video surveillance analysis 

 Cross-modal verification (combining visual, audio, and textual cues) 

 

5) Educational and Awareness Impact: 

Beyond technical performance, the tool aims to raise awareness about the risks of deepfakes. By providing users with an accessible 

way to verify media, it contributes to digital literacy and helps combat the spread of misinformation. 

6) Research and Development Contribution: 

The project serves as a foundation for further research in the area of multimedia forensics, deepfake mitigation, and AI ethics. It can 

be used as a base for academic study, professional training, or future innovation in AI-based content verification. 
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V. RESULTS 

The proposed deepfake detection system was successfully implemented and tested on a dataset comprising both real and 

synthetically generated images and videos. The performance of the two integrated AI models—YOLOv8 for images and ViViT for 

videos—was evaluated based on accuracy, processing speed, and user experience within the Flask web interface. 

 

1) Image-Based Detection with YOLOv8 

The YOLOv8 model was trained and fine-tuned on a dataset of authentic and manipulated images, including face-swapped and 

GAN-generated samples. Testing results showed: 

 Detection Accuracy: ~93% 

 Precision: 91% 

 Recall: 94% 

 Average Processing Time per Image: ~0.15 seconds 

 Result Display: Each processed image returned a classification (Real/Fake) along with a confidence score. 

The model effectively detected facial distortions, blending artifacts, and pixel-level inconsistencies that are often present in 

deepfake images. 

 

2) Video-Based Detection with ViViT 

The ViViT model, designed to handle temporal and spatial features in video, was evaluated on a benchmark video deepfake dataset 

(e.g., FaceForensics++ or Deepfake Detection Challenge dataset). Key outcomes included: 

 Detection Accuracy: ~91% 

 Temporal Consistency Recognition: Successfully identified frame-level inconsistencies 

 Average Processing Time per 10-sec Video Clip: ~5–8 seconds (dependent on resolution) 

 Output: A clear classification (Real/Fake) with frame-by-frame confidence visualization 

The model performed well in spotting temporal flickering, unnatural head movements, and expression mismatches commonly seen 

in manipulated video sequences. 

 

3) Flask Web Interface Performance 

The web interface proved to be effective in providing a seamless user experience: 

 Media Upload and Detection Workflow: Smooth and intuitive 

 Average Time from Upload to Result:<10 seconds for images, ~15 seconds for short videos 

 User Feedback: Early testers reported the system as easy to use, even with minimal technical knowledge 

 

4) System Robustness and Limitations 

 The models performed consistently across various lighting conditions and backgrounds. 

 Performance was slightly reduced when handling very low-resolution or heavily compressed media. 

 The system handled up to 10 concurrent users with minimal latency, demonstrating basic scalability. 

 

VI. RESULT IMAGES 

1) InterfaceScreen 
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2) Image Analysis  

 
 

3) Video Analysis  

 
 

VII. CONCLUSIONS 

In an age where digital content can be easily manipulated and disseminated within seconds, the rise of deepfake technology has 

introduced serious concerns around misinformation, privacy invasion, and media trust. This project addressed these challenges by 

developing an AI-powered solution capable of detecting deepfake content in both images and videos. 

The system effectively integrated two state-of-the-art models—YOLOv8 for image-based detection and ViViT for video-based 

analysis. YOLOv8 provided fast and accurate image forgery detection, while ViViT demonstrated strong capabilities in capturing 

both spatial and temporal inconsistencies in video sequences. These models were deployed within a user-friendly Flask web 

interface, enabling seamless interaction and real-time feedback for users without requiring technical expertise. 
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