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Abstract: In recent years, the availability of free deep learning tools has significantly simplified the creation of highly realistic 

face-swapped videos, commonly known as DeepFake (DF) videos. Although video manipulation techniques have existed for many 

years, recent advancements in deep learning have greatly enhanced the realism of such content while also making it more 

accessible to generate. These AI-synthesized videos can now be produced with ease using various artificial intelligence-based 

applications. Despite their growing prevalence, detecting DeepFake videos remains a complex challenge. Developing reliable 

algorithms for their identification is difficult due to the high level of visual realism. To address this issue, a detection system based 

on Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks has been proposed. In this approach, 

the CNN is used to extract spatial features from individual video frames, which are then fed into an LSTM-based Recurrent 

Neural Network (RNN) to capture temporal dependencies across frames and determine whether the video is authentic or 

manipulated. The model focuses on identifying temporal inconsistencies that are often introduced during the DeepFake generation 

process. The proposed system has been evaluated on a large dataset of manipulated videos and demonstrates competitive 

performance, even with a relatively simple architecture, highlighting its effectiveness in detecting DeepFake content. 

Keywords: DeepFake Detection, Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), Long Short-Term 

Memory (LSTM). 
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I. INTRODUCTION 

The growing sophistication of smartphone cameras and widespread 

internet access has significantly increased the popularity of social 

media and video-sharing platforms. This has made creating and 

sharing digital videos easier than ever before. At the same time, 

advancements in computational power and deep learning have 

enabled technologies once thought impossible. However, like any 

transformative technology, this has introduced new challenges. 

One such challenge is the creation of "DeepFake" (DF) videos 

using Generative Adversarial Networks (GANs). These videos 

manipulate video and audio to produce highly realistic but fake 

content. The spread of DFs on social media has become common, 

often leading to misinformation, threats, and confusion among the 

public. To tackle this issue, detecting and preventing DFs is crucial. 

We propose a deep learning-based method to effectively 

distinguish AI-generated DF videos from real ones. Understanding 

how GANs create DFs is key to detection. A GAN takes an input 

video and an image of a person (the "target") and generates a new 

video where the target's face is replaced with someone else’s (the 

"source"). This process involves splitting the video into frames, 

replacing the face in each frame with the source’s face, and 

reconstructing the video. GANs often rely on autoencoders to 

achieve this. With proper post-processing, these videos can look 

highly realistic. 

However, due to limitations in computational resources and 

production time, GANs synthesize faces at a fixed resolution. 

These faces must then be warped to match the target's face 

configuration in the video, leading to artifacts such as resolution 

inconsistencies between the warped face and the surrounding 

regions. 

Our method detects these artifacts by analyzing the differences 

between the generated face areas and their surrounding regions. 

The process involves splitting the video into frames and extracting 

features using a ResNeXt Convolutional Neural Network (CNN). 

These features are then fed into a Recurrent Neural Network 

(RNN) with Long Short-Term Memory (LSTM) units, which 

capture temporal inconsistencies introduced by GANs during the 

video reconstruction process. 
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To make the detection process efficient, we simulate resolution 

inconsistencies caused by affine face warping during training. Our 

system successfully identifies these artifacts and can effectively 

distinguish DF videos from real ones, helping to prevent their 

spread on the internet 

II. LITERATURE REVIEW 

Research in deepfake detection highlights the evolving landscape 

of challenges and solutions in this domain. 

2.1 Deepfake Detection Techniques 

Deepfake detection has become a critical field of research as the 

technology behind creating fake videos becomes more 

sophisticated. Singh et al. (2024) highlight the effectiveness of 

convolutional neural networks (CNNs) in identifying subtle pixel- 

level inconsistencies in manipulated videos. CNNs can analyze 

visual features and detect unnatural patterns that are often invisible 

to the human eye. Additionally, techniques like Optical Flow 

Analysis, which examines the motion between frames in a video, 

help identify temporal anomalies that indicate tampering. GAN 

Fingerprinting is another approach used to detect unique artifacts 

left by Generative Adversarial Networks (GANs) during the 

creation of deepfake videos. These methods, combined, form a 

robust foundation for identifying manipulated content. However, 

as deepfake techniques evolve, these methods must adapt to 

maintain their effectiveness. 

2.2 Application of AI and Machine Learning 

The integration of AI and machine learning models has 

significantly advanced the field of deepfake detection. Chen et al. 

(2023) emphasize the use of specialized AI architectures like 

XceptionNet and EfficientNet for high-accuracy detection. These 

models are designed to focus on fine-grained details in images and 

videos, making them particularly effective for spotting 

manipulations. Transformer-based models, such as Vision 

Transformers (ViTs), have also shown promise in this domain. 

ViTs excel at identifying patterns across the entire frame, allowing 

for a comprehensive analysis of manipulated videos. These AI- 

driven methods continuously improve their detection capabilities 

by learning from large datasets of real and fake content, ensuring 

their relevance in combating the latest deepfake techniques. 

2.3 Real-Time Video Processing 

Real-time deepfake detection is a growing necessity, particularly 

with the widespread use of social media and live video platforms. 

Zhou et al. (2024) explore the use of GPU acceleration and parallel 

processing to achieve faster video analysis. These technologies 

enable the system to process and analyze large volumes of video 

content in real-time, identifying manipulated frames almost 

instantaneously. This capability is especially important for 

platforms that host live streams or time-sensitive content, where 

delays in detection could have significant consequences. Real-time 

processing ensures that deepfakes are flagged and addressed before 

they can cause harm, enhancing the overall trustworthiness of digital 

platforms. 

2.4 Ethical Considerations 

Ethical considerations are integral to the development of deepfake 
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detection systems. Khan et al. (2024) highlight the 

importance of designing AI systems that are unbiased and 

compliant with privacy standards. For instance, the use of 

anonymized datasets ensures that the privacy of individuals 

featured in training data is protected. Moreover, adherence to 

ethical guidelines fosters trust and credibility among users, 

ensuring that the technology is used responsibly. Developers 

must also consider the potential misuse of detection tools and 

implement safeguards to prevent their exploitation for 

malicious purposes. Balancing the ethical and technical 

aspects of deepfake detection is crucial for creating solutions 

that are both effective and trustworthy. 

2.5 Gaps and Future Directions 

Despite significant advancements, existing deepfake 

detection systems face challenges in identifying highly 

sophisticated deepfakes created using advanced GAN 

models. These models often produce content with minimal 

detectable artifacts, making traditional detection methods less 

effective. Future research should focus on developing 

adaptive detection models that can learn from evolving 

manipulation techniques. This includes creating systems 

capable of identifying new types of deepfakes as they 

emerge, ensuring consistent accuracy and reliability. 

Additionally, integrating multimodal analysis, which 

combines audio and visual cues, could enhance detection 

capabilities. Addressing these gaps will require ongoing 

collaboration between researchers, industry professionals, and 

policymakers to stay ahead of deepfake creators and protect 

digital integrity. 

III. METHODOLOGY 

The proposed Deepfake Video Detection System is designed 

to detect, analyze, and report deepfake content with high 

efficiency and accuracy. The system architecture ensures 

modularity, scalability, and real-time processing capabilities. 

It is tailored to address the growing challenges posed by 

advanced video manipulation techniques, ensuring robust 

detection and reporting mechanisms. 

3.1 Conceptual Framework 

The system comprises multiple interconnected modules that 

streamline video preprocessing, feature extraction, and 

classification. Users can seamlessly upload videos for analysis, 

and the system quickly identifies and flags deepfake content. 

Real-time alerts are generated for flagged videos, 

accompanied by comprehensive reports detailing the findings. 

These reports include insights into tampered areas, detection 

confidence levels, and metadata information. 

3.2 Functional Architecture 

The platform’s architecture is organized into the following 

core components: 

1. User Management: Role-based access control ensures that 

only authorized users, such as administrators, reviewers, 

and general users, can upload and analyze videos. This 

promotes secure and structured access to the system. 

2. Video Upload and Preprocessing: Videos uploaded to the 

system are standardized in terms of resolution, frame rate, 



2026, Vol 9 Issue 1 | 157 Received: 02-02-2026 | Accepted: 09-03-2026 | Published: 17-03-2026  

 

International Journal of 

AI Electronics and Nexus Energy 
Peer Reviewed, Referred & Indexed Journal 

                                                    ISSN: 3070-0515                                      www.zesterapublications.com                                    Original Research Paper 

 

 

and format. This preprocessing step ensures uniformity 

and optimizes the input for subsequent analysis. 

3. Feature Extraction Module: Leveraging advanced deep 

learning algorithms, this module extracts critical features 

such as facial landmarks, motion patterns, and texture 

inconsistencies. These features are vital for identifying 

manipulated frames in videos. 

4. Deepfake Detection Module: Combining CNN-based 

classifiers and Vision Transformers (ViTs), this module 

analyzes frames to identify tampered content. A 

confidence score is assigned to each video, indicating the 

likelihood of manipulation. 

5. Reporting and Alerts: The system generates detailed 

reports that highlight tampered regions, provide metadata, 

and specify confidence levels. Real-time notifications are 

sent to users when suspicious content is detected. 

3.3 System Architecture 

This section presents a detailed diagram and description of the 

system architecture, showing the relationship between various 

modules and their interactions. The architecture is designed to 

handle video uploads, preprocessing, feature extraction, deepfake 

detection, and reporting efficiently. Below is an overview of the 

modules in the system: 

 

 

Fig:1 

3.4 Workflow Overview 

The workflow is designed for simplicity and efficiency, ensuring 

a seamless user experience: 

1. Users upload a video file through the system’s user- 

friendly interface. 

2. The preprocessing module standardizes the video and 

extracts individual frames for analysis. 

3. Feature extraction algorithms process the frames to 

identify anomalies. 
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4. The detection module classifies the video as either 

real or fake, providing a confidence score for 

transparency. 

5. Users receive a detailed report, and if the video is 

flagged, they are notified through real-time alerts. 

3.5 Algorithms Used 

The system employs cutting-edge algorithms to enhance detection 

capabilities: 

1. CNN-Based Classifiers: Identify pixel-level 

anomalies within video frames. 

2. Vision Transformers (ViTs): Detect context-

aware patterns in video sequences, improving 

accuracy. 

3. Optical Flow Analysis: Analyze motion patterns to 

detect unnatural transitions, often indicative of 

manipulation. 

4. GAN Fingerprinting: Identify unique artifacts 

left by generative models, aiding in deepfake 

detection. 

5. SHA-256 Encryption: Secure user data and video 

content, ensuring privacy and data integrity. 

3.6 Technical Features 

Key technical features enhance the system’s performance and 

reliability: 

1. Real-Time Processing: GPU acceleration ensures 

rapid video analysis, even for high-resolution 

content. 

2. AI Integration: The system uses pre-trained AI 

models fine-tuned on domain-specific datasets for 

improved accuracy. 

3. Scalable Architecture: A microservices-based 

architecture allows dynamic scaling to accommodate 

varying user demands. 

4. Security Compliance: The system adheres to global 

data privacy standards, ensuring secure handling and 

storage of video content. 

3. 7 Scalability and Maintenance 

The system’s design ensures adaptability and 

ease of maintenance: 

1. Modular Design: Each module operates 

independently, enabling straightforward scaling and 

updates without impacting other components. 

2. Cloud Deployment: The system leverages cloud 

infrastructure to handle high workloads efficiently, 

minimizing latency. 

3. Continuous Learning: AI models are periodically 

updated to adapt to new and advanced deepfake 

techniques, maintaining high detection accuracy. 

RESULT 

The output of the model is going to be whether the video is 

deepfake or a real video along with the confidence of the model. 

One example is shown in the fig 3 
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Fig:3 

IV.IMPLEMENTATION AND FEATURES 

4.1 User Authentication and Role Management 

The system employs secure authentication mechanisms to ensure that only 

authorized users, such as journalists, law enforcement officials, and 

content moderators, can access the detection tool. Each user has a detailed 

profile that includes their role, activity logs, and access levels to ensure 

proper monitoring and accountability. 

4.2 Detection Algorithms and Analysis Tools 

The core of the system is its AI-powered detection engine. It integrates: 

Convolutional Neural Networks (CNNs): For pixel-level artifact 

detection in videos. 

GAN Fingerprinting: To identify unique traces left by deepfake- 

generating GANs. 

Temporal Analysis: Optical flow methods to detect frame-level 

inconsistencies in video manipulation. 

Multimodal Integration: Combines audio and visual cues for enhanced 

detection accuracy 

4.3 Real-Time Video Analysis 

The platform is equipped with GPU-accelerated processing to analyze 

video content in real time. This ensures that manipulated frames in live 

streams or uploaded videos are flagged almost instantaneously. Real-time 

detection capabilities are especially vital for platforms that handle 

sensitive or time-critical content. 

4.4 News Verification Dashboard 

This feature allows users to upload video content for authenticity 

verification. The dashboard provides detailed results, including: 

1. Probability scores for manipulation detection. 

2. Highlighted regions of suspected tampering. 

3. Recommendations for further investigation. 

4.5 Continuous Integration/Continuous Deployment (CI/CD) 

To ensure the system remains up-to-date with the latest advancements in 

deepfake technology, it employs CI/CD pipelines. This enables rapid 

deployment of updates, integration of new detection techniques, and 

seamless addition of datasets for retraining models. 

4.6 Reporting and Feedback Mechanisms 

The platform provides detailed reports on detected manipulations, 

including timestamps and nature of the edits. Users can also submit feedback 

on detection results to improve future performance and accuracy. 

These features ensure the Deepfake Detection System is comprehensive, user-

friendly, and capable of adapting to the ever-evolving landscape of 

manipulated media. 
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Advanced AI Models: Explore transformer-based models like GPT 

variants for better context understanding. 

V.CONCLUSION 

The Deepfake Detection System represents a robust approach to 

addressing the growing threat posed by manipulated video content. 

By leveraging advanced AI techniques, including convolutional 

neural networks (CNNs), GAN fingerprinting, and multimodal 

analysis, the system demonstrates a high degree of accuracy in 

identifying fake videos. The incorporation of real-time processing 

capabilities and ethical AI practices further enhances its relevance in 

combating deepfake technology in critical domains like journalism, 

law enforcement, and social media. 

The use of a microservices-based architecture ensures scalability, 

while the inclusion of temporal and spatial analysis strengthens 

detection accuracy across diverse datasets. This framework not only 

addresses the challenges posed by increasingly sophisticated 

deepfake generation techniques but also provides a foundation for 

further innovation. 
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