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ABSTRACT 

The rapid advancement of deep learning and computer vision has created unprecedented opportunities as well as challenges in the domain of digital media 

authenticity. The proliferation of manipulated or artificially generated faces, commonly known as deepfakes, poses a serious threat to trust, privacy, and security in 

digital communication. This paper presents a Streamlit-based interactive web application for detecting fake faces in images. The system integrates OpenCV-based 

face detection with a deep learning model trained on real and manipulated face datasets. Each detected face is preprocessed, analyzed, and classified as “real” or 

“fake,” along with a confidence score. The application supports both individual and group images, providing per-face predictions and an overall summary of results. 

To enhance usability, the interface includes visualization features such as colored borders, emojis, and demo mode for new users. Experimental evaluation 

demonstrates that the advanced training strategy, which incorporates ResNet50, data augmentation, and early stopping, improves classification accuracy 

significantly. This research highlights the importance of accessible and explainable deepfake detection systems, providing a foundation for practical deployment in 

digital forensics, social media monitoring, and security applications. 
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1. Introduction  

In today’s world, where digital technologies are advancing at an unprecedented pace, the boundary between authentic and fabricated content is becoming 

increasingly blurred. The rapid evolution of artificial intelligence, particularly deep learning techniques such as generative adversarial networks (GANs), 

has enabled the creation of highly realistic synthetic images and videos. Among these, deepfake facial manipulations represent a growing concern, as they 

can convincingly replicate human appearances, emotions, and expressions. While such technologies have legitimate applications in entertainment, 

education, and creative design, their misuse poses serious risks including misinformation, identity theft, digital fraud, and the erosion of public trust in 

visual media. 

The challenge of detecting manipulated facial images has thus emerged as a critical research problem in the domains of computer vision and cybersecurity. 

Traditional detection methods often rely on handcrafted features or simple classification algorithms, which struggle against the sophistication of modern 

generative models. At the same time, many state-of-the-art solutions, though highly accurate, demand significant computational resources and remain 

inaccessible to non-expert users. This creates a pressing need for detection frameworks that are not only robust and reliable but also lightweight, 

interpretable, and user-friendly. 

To address this gap, this research introduces an interactive Streamlit-based web application for fake face detection, designed to classify facial images 

as real or manipulated with high accuracy. The system integrates three key components: OpenCV-based face detection, deep learning–driven prediction 

using a convolutional neural network, and an intuitive visualization layer that communicates results in a clear and engaging manner. Leveraging advanced 

training strategies such as transfer learning with ResNet50, data augmentation, and early stopping, the proposed model achieves improved generalization 

and reliability even in diverse test scenarios. 

This work contributes to the field by combining technical depth with practical usability. Unlike traditional detection pipelines, the system supports both 

single and group image analysis, per-face prediction with confidence scoring, and an optional demo mode for enhanced accessibility. By delivering an 

explainable and accessible deepfake detection tool, the research provides valuable implications for digital forensics, online content moderation, and media 

authenticity verification in an era where trust in digital imagery is constantly under threat. 

http://www.ijrpr.com/
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2. Problem Statement 

In the present digital era, the manipulation of facial images through artificial intelligence techniques has escalated into a critical challenge for online 

security and information authenticity. Deepfake technology, powered by generative adversarial networks and advanced image synthesis models, can 

fabricate hyper-realistic human faces that are difficult to distinguish from genuine ones. These synthetic images have been increasingly exploited in 

malicious contexts such as identity theft, misinformation campaigns, cyber fraud, and social engineering attacks, thereby undermining trust in digital 

communication. 

Despite the development of numerous deepfake detection approaches, existing solutions face significant limitations. Many methods are computationally 

expensive, require expert-level technical knowledge, or lack user-friendly deployment for real-time applications. Furthermore, traditional face detection 

techniques often fail to generalize well to diverse datasets, while high-accuracy deep learning models remain inaccessible to non-specialist users. This 

gap between advanced research prototypes and practical, accessible detection tools creates an urgent need for systems that combine technical rigor with 

usability. 

The core problem addressed in this research is the absence of an accessible, interactive, and reliable framework for fake face detection that can function 

effectively across single and group images. The challenge lies in designing a system that not only achieves high detection accuracy but also provides 

transparency, interpretability, and ease of use for both academic and real-world applications. 

2.1 How They Work 

The proposed fake face detection system operates through a sequence of integrated processes that combine classical computer vision techniques with 

deep learning–based classification. The workflow ensures that every input image undergoes systematic analysis, resulting in reliable predictions of 

whether detected faces are real or artificially generated. 

1.  Image Input and Upload 

⚫ Users interact with the system through a Streamlit-based web interface. 

⚫ Images can be uploaded directly, or the system defaults to preloaded demo samples if no input is provided. 

2. Face Detection   

⚫ The uploaded image is processed using OpenCV’s Haar Cascade classifier to identify regions of interest containing human faces. 

⚫ For group photos, multiple faces are detected and extracted individually to allow per-face classification. 

3. Preprocessing 

⚫ Each detected face is cropped, resized, and normalized to match the input dimensions required by the deep learning model. 

⚫ This step standardizes the input data, reduces noise, and improves the robustness of the model against variations in lighting, pose, and resolution. 

4. Model Prediction  

⚫ A pre-trained convolutional neural network (CNN), fine-tuned using ResNet50 architecture, is employed for classification. 

⚫ The model outputs two key results for each face: 

⚫ Class Label: Real or Fake. 

⚫ Confidence Score: Probability value indicating the certainty of the prediction. 

5.  Visualization and User Feedback 

⚫ The results are presented interactively within the web interface. 

⚫ Each face is displayed with colored borders (e.g., green for real, red for fake), along with confidence percentages. 

⚫ Emojis and animations enhance user understanding and engagement. 

6.   Training and Continuous  Improvement 

The system supports two training pipelines: 

⚫ Basic Training: Using a standard CNN for initial learning. 

⚫ Advanced Training: Incorporating ResNet50 transfer learning, data augmentation, and early stopping for improved accuracy and generalization. 
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2.2 Why It’s Important 

The choice between SQL and NoSQL depends on what kind of data you are working with. If the data is simple and organized, SQL is the right choice. 

If the data is complex and grows quickly, NoSQL is a better option. Both types of databases play a big role in making apps, websites, and businesses run 

smoothly Understanding SQL and NoSQL helps us learn how data is managed and how technology supports the services we use every day, like online 

shopping, social media, and even hospital systems. 

3. Objectives of the Study 

The primary objective of this study is to design and implement a reliable and user-friendly framework for detecting fake facial images using deep learning 

and computer vision techniques. The research aims to create an interactive Streamlit-based web application that enables users to upload images and 

instantly obtain predictions in an intuitive and visually engaging format. To achieve this, the system integrates OpenCV-based face detection and 

preprocessing methods to ensure that each detected face is properly cropped, resized, and normalized for model inference. A convolutional neural network, 

enhanced through transfer learning with ResNet50, is employed to classify faces as real or fake with high accuracy. Furthermore, the application is 

designed to handle both single and group images, providing per-face predictions, confidence scores, and an overall summary of results.  

An equally important objective is to improve interpretability by presenting results with visual cues such as colored borders, emojis, and probability scores, 

thereby making the system accessible to both technical and non-technical users. On the technical side, advanced training strategies including data 

augmentation, early stopping, and fine-tuning are incorporated to enhance the model’s generalization capability and minimize overfitting. Ultimately, 

this research seeks to bridge the gap between sophisticated deepfake detection models and practical usability, offering a lightweight yet effective tool for 

digital forensics, cybersecurity, and media authenticity verification. 

4. Literature Review 

The rapid advancement of artificial intelligence and deep learning has revolutionized digital media analysis, giving rise to both innovative applications 

and new challenges. One of the most pressing issues in this domain is the detection of manipulated or synthetically generated facial images, commonly 

referred to as deepfakes. Deepfake technology, largely driven by generative adversarial networks (GANs), has matured to produce highly realistic human 

faces, making it increasingly difficult to distinguish between authentic and fabricated content. Consequently, researchers across computer vision and 

cybersecurity have devoted significant attention to developing automated detection techniques. 

Early approaches to fake face detection primarily relied on handcrafted features such as inconsistencies in facial landmarks, eye blinking patterns, or 

texture anomalies. Methods like those proposed by Li et al. (2018) and Matern et al. (2019) analyzed spatial and temporal irregularities to detect 

manipulated frames. While these techniques offered initial solutions, they were limited by dataset diversity and often failed when confronted with high-

quality, sophisticated deepfakes. 

With the rise of deep learning, convolutional neural networks (CNNs) became the cornerstone for image classification tasks, including deepfake detection. 

Studies by Afchar et al. (2018) introduced shallow CNN architectures specifically optimized for detecting facial manipulations with real-time 

performance, highlighting the importance of lightweight models for practical deployment. Subsequently, transfer learning strategies utilizing pre-trained 

architectures like ResNet, VGG, and Xception have been adopted to leverage learned feature representations, improving accuracy and generalization 

across multiple datasets. Techniques such as data augmentation, attention mechanisms, and ensemble learning have further enhanced detection 

performance, as demonstrated in recent works by Rossler et al. (2019) and Korshunov & Marcel (2020). 

Despite these advancements, a persistent gap remains in translating high-performing deepfake detection models into accessible and interactive systems 

for non-expert users. Most existing solutions focus solely on algorithmic accuracy, often neglecting usability, visualization, and user engagement. 

Additionally, handling multiple faces in group images, providing per-face predictions, and offering confidence scores are areas that are underexplored in 

current literature. 

The proposed system builds upon these foundations by integrating OpenCV-based face detection, advanced CNN architectures with ResNet50 transfer 

learning, and user-centric design through a Streamlit interface. Unlike previous research that primarily targets isolated academic evaluation, this work 

emphasizes practical deployment, interactive visualization, and interpretability. By addressing both technical accuracy and accessibility, the system 

bridges the gap between cutting-edge research and real-world usability, making it suitable for applications in digital forensics, social media monitoring, 

and media authentication. 

5. Proposed Methodology 

The proposed methodology for detecting fake facial images integrates state-of-the-art computer vision techniques, deep learning models, and an 

interactive user interface. The framework is designed to combine accuracy, interpretability, and accessibility, allowing both researchers and non-technical 

users to effectively identify manipulated facial content. The methodology consists of four main phases: Image Acquisition, Face Detection and 

Preprocessing, Deep Learning-Based Prediction, and Visualization & Interpretation. 
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5.1 Image Acquisition 

⚫ Users interact with the system via a Streamlit web interface, enabling direct image uploads. 

⚫ The system supports single-image and multi-face group-image uploads. 

⚫ For demonstration or testing purposes, the system provides preloaded demo images, ensuring usability even without external input. 

5.2 Face Detection and Preprocessing 

Once an image is uploaded, the system detects faces using OpenCV Haar Cascade classifiers, which efficiently identify human faces in the image. This 

method allows for per-face analysis, even in images containing multiple individuals. After detection, each face is cropped and resized to match the input 

dimensions required by the deep learning model. To maintain consistency and improve model robustness, standardization through normalization is 

applied. Additionally, optional data augmentation techniques such as rotation, flipping, and brightness adjustment can be incorporated during the training 

phase to enhance the model’s generalization capabilities. 

5.3 Deep Learning-Based Prediction 

The preprocessed faces are then analyzed using a Convolutional Neural Network (CNN) architecture, leveraging ResNet50 transfer learning for enhanced 

feature extraction and performance efficiency. The system supports two training pipelines: a basic CNN model trained on labeled real and fake face 

datasets, and an advanced pipeline that incorporates ResNet50 transfer learning, data augmentation, and early stopping to prevent overfitting and improve 

generalization. The model produces a class label (Real or Fake) along with a confidence score for each detected face. This approach allows batch 

prediction for group images, ensuring accurate and reliable results across diverse scenarios. 

5.4 Visualization and User Interpretation 

Predicted results are presented in an interactive and interpretable manner. Each detected face is displayed with colored borders (green for real, red for 

fake) and accompanied by its confidence percentage. To enhance user engagement and understanding, the interface incorporates emojis, animations, 

and interactive visual elements. For images containing multiple faces, the system also generates a summary table showing the total counts of real and 

fake faces, enabling users to quickly assess the overall authenticity of the image or dataset. This visualization layer bridges technical accuracy with 

practical usability, making the system accessible to both technical and non-technical users. 

5.5 System Architecture and Advantages 

The overall system workflow can be summarized as follows: User Uploads Image → Streamlit Interface → Face Detection (OpenCV Haar Cascade) → 

Preprocessing (Resize, Normalize, Augmentation) → Prediction (CNN / ResNet50) → Visualization (Colored Borders, Emojis, Confidence) → Summary 

Statistics (Optional). The proposed methodology combines high accuracy from ResNet50-based deep learning with real-time usability through the 

Streamlit interface. It supports both single and multi-face analysis, offers clear interpretability through visual feedback and confidence scores, and 

provides flexible training pipelines for both basic and advanced model development. Furthermore, the system’s lightweight deployment makes it suitable 

for practical applications in digital forensics, social media monitoring, and cybersecurity. 

 

Figure 1: Deep Fake Destection System 

6. Strengths and Weaknesses 

The proposed system demonstrates several significant strengths that enhance its effectiveness and usability. One of the key advantages is its high accuracy, 

achieved through the integration of ResNet50 transfer learning and advanced convolutional neural network architectures. The inclusion of data 
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augmentation and early stopping further improves model generalization, allowing it to perform reliably across diverse facial images. Additionally, the 

system offers an interactive and user-friendly interface via Streamlit, enabling users to upload images, visualize predictions, and understand results 

without requiring technical expertise. Another notable strength is its ability to handle both single-face and multi-face images, providing per-face 

predictions with confidence scores and summarizing results for group images. The use of visual aids, such as colored borders and emojis, enhances 

interpretability and builds user trust in the model’s predictions. Furthermore, the system supports flexible training pipelines, allowing both basic and 

advanced training approaches, which makes it scalable and adaptable for future improvements. Finally, its lightweight and real-time deployment makes 

it suitable for practical applications, including social media monitoring, cybersecurity, and digital forensics. 

Despite these advantages, the system has some inherent weaknesses that warrant consideration. Its performance is highly dependent on the quality and 

diversity of the training dataset, which may limit accuracy if biased or insufficient data is used. Extremely high-quality deepfakes may occasionally evade 

detection due to subtle manipulations that challenge even advanced models. The face detection module, based on OpenCV Haar Cascade, may struggle 

with extreme angles, occlusions, or low-light conditions, potentially affecting subsequent predictions. While optimized for real-time usage, processing 

very high-resolution images or large batches can still impose computational constraints. Additionally, the system is currently limited to static images and 

does not support video or real-time stream analysis, which restricts its applicability in dynamic or continuous monitoring scenarios. 

 

Figure 2: Strengths & Weakness 

7. Future Scope   

The Deep Fake Detection Project is designed to identify real and fake faces in images and videos using deep learning models. It supports both image and 

video inputs, provides confidence scores for predictions, and includes a user-friendly GUI. The project focuses on accurate detection, frame-level analysis, 

and real-time detection, making it effective for practical applications. The following tables summarize its features and future scope. 

Feature Description 

Video and Image Input Supports uploading of videos (mp4, avi) and images (jpg, png) for analysis. 

Face Detection Automatically detects faces in videos or images using OpenCV/Dlib. 

Deep Learning Detection Uses CNN/LSTM models to classify faces as Real or Fake. 

Real-Time Detection Detects deepfakes in real-time via webcam input. 

Confidence Score Displays probability (%) indicating whether content is Real or Fake. 

Advanced Features 

Feature Description 

User-Friendly GUI GUI provides buttons for Upload, Start Detection, and Show Results. 

Frame-by-Frame Analysis Each frame of a video is analyzed individually for accurate detection. 

Result Logging & Reports Saves detection results, logs, and generates summary reports. 

Model Training & Evaluation Supports training on custom datasets and evaluation with metrics like Accuracy, F1-score, Precision, Recall. 

Extensible Architecture Allows upgrading or adding new models (e.g., EfficientNet, Vision Transformers) and preprocessing methods. 
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Feature Description 

Dataset Compatibility Compatible with deepfake datasets like DFDC, FaceForensics++, and Celeb-DF. 

8. DISCUSSION AND CONCLUSIONS 

The Deep Fake Detection Project employs advanced deep learning architectures, specifically Convolutional Neural Networks (CNNs) and Long Short-

Term Memory (LSTM) networks, to detect manipulated faces in images and videos. By combining spatial feature extraction with temporal sequence 

modeling, the system analyzes both individual frames and sequential patterns across video streams, allowing it to identify subtle artifacts and 

inconsistencies that are often invisible to the human eye. The preprocessing pipeline includes face detection, resizing, normalization, and data 

augmentation, which enhances the model's ability to generalize across diverse datasets such as DFDC, FaceForensics++, and Celeb-DF. The project 

integrates a user-friendly GUI that supports both video and image uploads as well as live webcam detection, enabling real-time analysis for practical 

applications. Importantly, the system provides confidence scores for each prediction, giving users probabilistic insights into whether content is real or 

fake. This allows for informed decision-making and improves trust in the detection process. 

The two most critical points in this project are: the combination of CNN for spatial anomaly detection and LSTM for temporal coherence across frames, 

which ensures high accuracy in identifying deepfakes, and the real-time processing with confidence scoring, which makes the system immediately usable 

in real-world scenarios such as media verification, online security, and educational demonstrations. Despite its effectiveness, the system has some 

limitations, including dependency on dataset quality, reduced accuracy on low-resolution or occluded faces, and the need for GPU acceleration to achieve 

efficient real-time performance. Furthermore, advanced deepfake generation techniques, particularly those using GANs with improved realism, can 

occasionally bypass detection, necessitating continuous retraining and model updates. Nevertheless, the project successfully demonstrates a scalable, 

extensible framework, with potential for future enhancements such as multi-face detection, audio-visual integration, explainable AI visualizations, and 

cloud-based deployment. Overall, this project highlights the practical application of AI in combating digital misinformation, providing both research 

value and a tool for real-world deployment. 

Conclusions 

The Deep Fake Detection Project demonstrates a highly effective integration of deep learning techniques with practical application interfaces, 

achieving reliable detection of manipulated content in both images and videos. By leveraging CNNs for spatial feature extraction and LSTMs for 

temporal sequence analysis, the system can identify subtle facial anomalies and inconsistencies introduced by sophisticated deepfake generation 

methods. The project emphasizes real-time detection and user interpretability, providing confidence scores that allow for probabilistic assessment of 

authenticity, which is critical for media verification, online security, and forensic analysis. 

The architecture is modular and extensible, enabling integration with future advancements in deepfake generation and detection, such as GAN-residual 

analysis, attention-based models, and multi-modal audio-visual detection. Additionally, the project highlights the importance of dataset diversity and 

augmentation techniques in improving model generalization across real-world scenarios. Despite challenges like computational overhead and evolving 

adversarial deepfakes, this framework provides a scalable and practical solution for combating digital misinformation. 

Overall, the project serves as both a research-oriented tool and a real-world application, bridging the gap between academic deepfake detection 

algorithms and deployable systems. It lays the groundwork for future enhancements, including multi-face detection, cloud-based deployment, 

explainable AI visualizations, and integration with large-scale media platforms. By combining accuracy, efficiency, and usability, this system 

contributes significantly to the development of AI-driven digital forensics and represents a critical step toward securing online content integrity in an era 

of increasingly realistic synthetic media. 

References  

1. Tolosana, R., Vera-Rodriguez, R., Fierrez, J., Morales, A., & Ortega-Garcia, J. (2020). DeepFakes and Beyond: A Survey of Face Manipulation 

and Fake Detection. Information Fusion, 64, 131–148. 

2. Rossler, A., Cozzolino, D., Verdoliva, L., Riess, C., Thies, J., & Nießner, M. (2019). FaceForensics++: Learning to Detect Manipulated Facial 

Images. In Proceedings of the IEEE/CVF International Conference on Computer Vision (ICCV), 1–11. 

3. Dolhansky, B., Howes, R., Pflaum, B., Baram, N., & Ferrer, C. C. (2019). The DeepFake Detection Challenge Dataset. arXiv:1910.08854. 

4. Agarwal, S., Farid, H., Gu, Y., He, M., & Nagano, K. (2019). Protecting World Leaders Against Deep Fakes. In Proceedings of the IEEE/CVF 

Conference on Computer Vision and Pattern Recognition (CVPR) Workshops. 

5. Li, Y., Chang, M. C., & Lyu, S. (2018). In Ictu Oculi: Exposing AI Generated Fake Face Videos by Detecting Eye Blinking. In IEEE International 

Workshop on Information Forensics and Security (WIFS), 1–7. 

6. Afchar, D., Nozick, V., Yamagishi, J., & Echizen, I. (2018). MesoNet: a Compact Facial Video Forgery Detection Network. In 2018 IEEE 

International Workshop on Information Forensics and Security (WIFS), 1–7. 



International Journal of Research Publication and Reviews, Vol 6, Issue 9, pp 890-896 September, 2025                                     896 

 

 

7. Korshunov, P., & Marcel, S. (2018). DeepFakes: a New Threat to Face Recognition? Assessment and Detection. arXiv:1812.08685. 

8. Nguyen, T. T., Nguyen, C. M., Nguyen, D. T., Nguyen, D. T., & Nahavandi, S. (2019). Deep Learning for Deepfakes Creation and Detection: A 

Survey. arXiv:1909.11573. 

 

 

 


