
          International Journal of Scientific Research in Engineering and Management (IJSREM) 
                            Volume: 09 Issue: 04 | April - 2025                               SJIF Rating: 8.586                                     ISSN: 2582-3930                                                                                                                                               

 

© 2025, IJSREM      | www.ijsrem.com                                 DOI: 10.55041/IJSREM44864                                                       |        Page 1 
 

 

Leveraging Deep Learning for End-to-End Deepfake Video Identification 

 
M. Nikshitha 

Department of CSE (AI&ML) 

2111cs020321@mallareddyuniversity.ac.in 

T. Nikhil 

Department of CSE (AI&ML) 

2111cs020322@mallareddyuniversity.ac.in 

T. Nithin 
Department of CSE (AI&ML) 

2111cs020323@mallareddyuniversity.ac.in 

K. Nithish Reddy 
Department of CSE (AI&ML) 

2111cs020324@mallareddyuniversity.ac.in 

K. Nithya deep 
Department of CSE(AI&ML) 

2111cs020325@mallareddyuniversity.ac.in 

 

 

 

 

Ass. Prof. Ch. Malleswar Rao 

Department of CSE (AI&ML) 

School of Engineering 

MALLA REDDY UNIVERSITY 

HYDERABAD 

  

Abstract: - In recent years, the rise of deepfake technology 

has posed significant risks to media integrity, cybersecurity, 

and personal privacy. This project,  

Leveraging Deep Learning for End-to-End Deepfake Video 

Identification, proposes a robust detection system integrating 

spatial and temporal analysis with advanced deep learning 

techniques. The system employs a hybrid  

architecture, combining ResNet-50 for detecting frame-level 

artifacts and Long Short-Term Memory (LSTM) networks for 

capturing temporal inconsistencies across video frames. The 

methodology involves preprocessing video data, extracting 

frames, and applying normalization techniques to enhance 

feature clarity. ResNet-50 identifies anomalies like irregular 

facial textures and unnatural lighting, while LSTM tracks 

facial movements and blink rates. Additional techniques like 

Optical Flow Analysis, Discrete Fourier Transform (DFT), 

Principal Component Analysis (PCA), and Recursive Feature 

Elimination (RFE) further optimize the detection process. 

Performance evaluation is conducted using benchmark 

datasets with metrics such as accuracy, precision, recall, and 

AUC-ROC, demonstrating the system's robustness. A Flask-

based web interface allows users to upload videos and obtain 

real-time feedback. Ethical considerations regarding privacy 

and responsible use are emphasized, promoting transparency 

and fairness. 

In conclusion, this project highlights the potential of 

combining deep learning and quantum computing paradigms 

to combat digital content manipulation.  

 

 

 

I. INTRODUCTION 

Deepfake detection has emerged as a critical research 

area due to the growing threat posed by synthetic media. 

Leveraging advanced artificial intelligence techniques, 

deepfake videos manipulate facial expressions, voices, and 

gestures with increasing sophistication, making it challenging 

to distinguish real content from fake. This chapter presents a 

comprehensive overview of existing literature in the domain 

of deepfake detection, focusing on key methodologies, 

datasets, and recent advancements in deep learning-based 

techniques. By synthesizing prior research and analysing 

various approaches, this survey aims to provide a deeper 

understanding of the challenges, solutions and future 

directions in combating deepfakes. 

 

II. LITERATURE REVIEW 

The rapid advancements in deepfake technology have 

prompted significant research efforts toward developing 

robust detection systems. Deepfake media, created using 

sophisticated AI models such as Generative Adversarial 

Networks (GANs), pose serious threats to information 

integrity, security, and privacy. Consequently, researchers 

have explored various deep learning and machine learning 

methodologies to identify and mitigate these threats. 

  

Fine-Grained Spatial-Temporal Analysis 

Doe and Smith (2023) proposed a spatial-temporal deepfake 

detection model focusing on fine-grained facial features and 

movements. Their approach demonstrated high accuracy in 

detecting subtle anomalies between real and manipulated 
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content. However, their method required a large volume of 

labelled training data to perform effectively, limiting its 

practical scalability. 

  

Limitations in Traditional Techniques 

Johnson and Lee (2022) conducted a thorough evaluation of 

traditional deepfake detection methods and highlighted 

several limitations, including high false positive rates and 

reduced performance across varied datasets. Their findings 

underscored the need for more robust, adaptable models that 

can generalize across different deepfake generation 

techniques. 

  

Adaptive and Evolving Detection Models 

Davis and Brown (2023) emphasized the dynamic nature of 

deepfake technology, advocating for adaptive models that 

evolve alongside deepfake generation techniques. Their 

review provided a comprehensive look into recent detection 

strategies but acknowledged the challenge of staying current 

due to rapid advancements in synthetic media generation. 

  

Real-Time Detection Systems 

Wilson and Clark (2024) developed a neural network-based 

system for real-time deepfake detection. Their system 

achieved both speed and accuracy in video stream analysis 

but struggled with lower-quality inputs, indicating the need 

for preprocessing techniques or more robust models that 

maintain performance across varied video qualities. 

  

Multi-Modal Detection Approaches 

Green and White (2023) explored the use of multi-modal 

detection methods that combine audio and visual cues. This 

approach significantly enhanced detection accuracy by 

analyzing cross-modal inconsistencies. However, the added 

complexity and computational demands presented a trade-off 

between performance and efficiency. 

  

Temporal Consistency and Motion Tracking 

Brown and Lee (2022) introduced a temporal consistency-

based method that tracks facial movements across frames. 

Their study revealed that deepfakes often exhibit 

inconsistencies over time, making temporal analysis a 

valuable detection tool. Nonetheless, their technique showed 

reduced effectiveness against high-quality deepfakes with 

strong temporal coherence. 

  

Comprehensive Surveys and Benchmarks 

Adams and Smith (2023) provided a survey of various 

deepfake detection methods, offering insights into their 

performance across datasets and scenarios. While their 

analysis was comprehensive, it did not include post-2023 

developments, leaving a gap in covering the most recent 

advancements. 

  

Adversarial Robustness 

Johnson and White (2023) applied adversarial training to 

improve model robustness against manipulation attacks. 

Their work showed that models trained with adversarial 

examples could resist subtle input perturbations. However, 

the approach increased computational costs and training 

complexity. 

  

Transfer Learning for Deepfake Detection 

Taylor and Evans (2024) demonstrated the effectiveness of 

transfer learning using pre-trained CNN architectures like 

ResNet, showing substantial performance improvements 

even with limited labeled data. Despite its efficiency, their 

study also highlighted the limitations in generalizing to 

unseen deepfake datasets without domain-specific fine-

tuning. 

  

Dataset Diversity and Model Generalization 

King and Thompson (2023) investigated the impact of dataset 

diversity on model performance. They concluded that diverse 

training data significantly improves generalization but noted 

the lack of publicly available and balanced deepfake datasets 

as a critical limitation in current research. 

 

 

III. PROBLEM STATEMENT: -  

The proliferation of deepfake technology, driven by advances 

in generative models such as GANs, has introduced 

significant challenges in maintaining the authenticity of 

digital media. Deepfakes can convincingly alter facial 

expressions, voice patterns, and body movements, making it 

increasingly difficult to distinguish between real and 

manipulated content. This poses serious risks in domains such 

as security, journalism, politics, and digital forensics. 

Although various deepfake detection techniques have been 

proposed, existing systems face key limitations, including 

high computational complexity, poor generalization to unseen 

deepfake types, vulnerability to adversarial attacks, and 

dependence on large, labeled datasets. Additionally, many 

models fail to leverage temporal coherence in videos, 

resulting in suboptimal performance in detecting 

sophisticated manipulations. Therefore, this research aims to 

address these limitations by developing an efficient and 

robust deepfake detection model based on ResNet-50 and 

transfer learning. The goal is to enhance detection accuracy, 

improve model generalization across diverse datasets, and 

reduce computational requirements, thereby enabling 

scalable and real-time deployment in practical settings. 
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IV.   SYSTEM DESIGN 

 

 
 

Fig.1. Architecture for deepfake video detection. 

 

V. METHODOLOGY 

This research proposes a deepfake detection system 

leveraging the ResNet-50 convolutional neural network 

architecture in conjunction with transfer learning to achieve 

high accuracy and generalization with limited computational 

resources. The methodology involves several key stages, 

including data collection, preprocessing, model development, 

training, evaluation, and deployment. The following 

subsections outline each step in detail. 

a.Dataset Collection: 

To ensure the effectiveness and generalization capability of 

the model, publicly available benchmark deepfake datasets 

will be utilized. These include: 

Face Forensics++ – Contains both real and manipulated video 

clips generated using various deepfake methods. 

DFDC (Deepfake Detection Challenge) – A large-scale 

dataset released by Facebook, including diverse and high-

quality manipulated videos. 

Celeb-DF – A challenging dataset with high-resolution 

deepfake videos that closely resemble real content. 

b.  Data Preprocessing: 

Preprocessing is performed to extract relevant features and 

standardize input for model training: 

Frame Extraction: Key frames are extracted from each video 

using fixed intervals. 

Face Detection: Detected using tools like MTCNN or 

OpenCV Haar cascades to isolate facial regions. 

Resizing: Cropped faces are resized to 224×224 pixels to 

match ResNet-50’s input requirements. 

Normalization: Pixel values are normalized to improve 

training stability and performance. 

Labelling: Images are labelled as real or fake based on the 

source dataset. 

 

 

 

c. Model Architecture: 

The core of the detection system is based on the ResNet-50 

architecture, known for its deep residual learning and ability 

to avoid vanishing gradient issues in deep networks. 

Pre-Trained Model: The model is initialized with weights pre-

trained on ImageNet. 

Transfer Learning: The final fully connected layers are 

replaced with custom dense layers suited for binary 

classification (real vs. fake). 

Fine-Tuning: Select layers of the ResNet-50 base are 

unfrozen and fine-tuned on the deepfake dataset to improve 

performance.  

d. Model Training: 

 Utilize a hybrid deep learning architecture combining 3D 

CNNs with Recurrent Neural Networks (RNNs), such as 

LSTMs, to capture both spatial and temporal dynamics of 

gestures. Apply transfer learning from pre-trained models and 

fine-tune them on the curated dataset. Train using a balanced 

split of training and validation data to ensure generalization. 

e. Model Evaluation:  

Evaluate model performance using metrics like accuracy, 

precision, recall, F1-score, and latency. Conduct testing on 

unseen gesture data under varying conditions to assess 

robustness and reliability in real-time use cases. 

f. Real-time Gesture Recognition: 

 Develop a responsive interface that captures gestures using a 

webcam or depth camera. Implement real-time prediction 

using the trained model, enabling instant execution of 

commands mapped to recognized gestures for seamless 

interaction. 

g. Additional Functionality: 

 Integrate multi-device control support, allowing users to 

operate smart devices, interfaces, or applications through 

customizable gesture commands. Add gesture customization 

and learning modules for user-specific control adaptation. 

h. Performance Optimization:  

Apply model quantization, pruning, and parallel processing to 

reduce computational complexity and ensure smooth real-

time operation on edge devices. Optimize inference speed and 

memory usage for deployment across diverse platforms. 

i. User Testing and Feedback:  

Conduct usability testing with diverse users including 

individuals with accessibility needs. Gather feedback on 

gesture recognition accuracy, responsiveness, and interface 

intuitiveness to identify improvement areas. 

j. Iterative Development:  

Continuously refine the system based on performance data, 

user feedback, and new advancements in deep learning and 

computer vision. Expand gesture vocabulary, improve 
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adaptability, and explore multi-modal interaction integration 

for broader application scope. 

 

VI.   RESULTS: 

This is the output interface deepfake detection system:   

 

Fig.2.  deepfake detection system Output screen 1 

 

Fig.3. deepfake detection Output screen 2 

 

Fig.4. deepfake detection Output screen 3  

 

Fig.5. deepfake detection Output screen 4 

 

 

Fig.6.  deepfake detection system Output screen 5 

VII. CONCLUSION 

      This research addresses the growing threat of deepfake 

media by developing a robust and scalable deepfake detection 

system using ResNet-50 and transfer learning. The proposed 

model leverages the power of pre-trained convolutional 

neural networks to effectively identify manipulated video 

content with high accuracy, even when limited training data 

is available. Through careful preprocessing, dataset selection, 

and fine-tuning of the model, the system demonstrates strong 

generalization capabilities and improved resistance to 

common challenges such as overfitting and poor temporal 

consistency. 

The experimental results confirm that transfer learning, 

combined with a powerful architecture like ResNet-50, offers 

a practical and efficient solution for detecting deepfakes 

across varied datasets. However, ongoing advancements in 

deepfake generation techniques continue to pose new 

challenges, requiring adaptive and continually evolving 

detection methods. 

VIII. FUTURE ENHANCEMENT 
       While the proposed system shows promising results, 

there are several areas for future enhancement: 

Integration of Temporal Features: Incorporating recurrent 

layers (e.g., LSTM or GRU) or optical flow methods to 

capture temporal inconsistencies across video frames can 

improve detection of high-quality deepfakes. 

Multimodal Analysis: Extending the model to analyse both 

audio and visual data could uncover cross-modal 

discrepancies, increasing detection robustness. 

Adversarial Robustness: Implementing adversarial training 

and defence mechanisms can improve model resilience 

against attacks designed to bypass detection systems. 

Lightweight Architectures: Exploring lightweight CNNs like 

MobileNet or Efficient Net could make the model more 

suitable for deployment on mobile and edge devices. 

Automated Dataset Expansion: Using synthetic data 

generation or active learning to automatically augment 

training datasets with diverse and challenging examples. 

Explainability and Interpretability: Integrating explainable AI 

(XAI) techniques to provide visualizations and rationale 

behind the model’s decisions can improve trust and 

transparency. 
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