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ABSTRACT 

 

The rapid growth of artificial intelligence and deep learning 

has revolutionized digital media creation, enabling the 

generation of highly realistic synthetic images and videos 

known as deepfakes. These deepfakes are created using 

advanced neural networks such as Generative Adversarial 

Networks (GANs) and diffusion models, making 

manipulated media visually indistinguishable from 

authentic content. While such technology has beneficial 

applications in entertainment, education, and virtual reality, 

it also introduces serious threats including misinformation 

propagation, identity fraud, political manipulation, and 

erosion of public trust in digital media. 

This project, Deepfake Spotter, presents a robust and 

explainable deepfake detection system based on Vision 

Transformer (ViT) models. Unlike traditional convolution-

based approaches, Vision Transformers leverage self- 

attention mechanisms to capture global contextual 

relationships across image patches, enabling more effective 

identification of subtle manipulation artifacts. The system is 

implemented using TensorFlow/Keras and deployed 

through a Streamlit based web interface, allowing users to 

upload both images and videos for analysis. 

The proposed system performs frame-level processing for 

video inputs, aggregates predictions, and provides an 

authenticity probability score. Additionally, Grad-CAM 

heatmap visualizations are generated to highlight regions 

that significantly influence the model’s decision, improving 

interpretability and trust. This combination of accuracy, 

usability, and explainability makes Deepfake Spotter 

suitable for academic research, digital forensics, and real-

world media verification applications. 

Keywords—Deepfake Detection, Vision Transformer, 

Streamlit, Computer Vision, Explainable AI, Media 

Forensics 

 

1. INTRODUCTION 

The rapid advancement of artificial intelligence (AI) and 

deep learning technologies, the creation of synthetic 

media—commonly referred to as deepfakes—has become 

increasingly accessible. Synthetic media includes AI-

generated images, audio, and videos that closely resemble 

authentic human-produced content. These technologies 

leverage generative models such as Generative 

Adversarial Networks (GANs), autoencoders, and neural 

text-to-speech systems to produce highly realistic media 

that can be difficult, even for humans, to distinguish from 

real content.One of the biggest threats to digital integrity is 

deepfake technology, which manipulates voice, facial expressions, 

and facial features using deep neural networks. 

Even skilled viewers can see films that look real thanks to 

deepfakes, which can convincingly swap out a person's voice or 

face for another. Malicious uses of such media 
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include the dissemination of political disinformation, 

impersonation, blackmail, and fake news. Because of the size and 

complexity of contemporary deepfake techniques, conventional 

verification approaches like metadata analysis and manual 

inspection are inadequate. 

For this reason, automated deepfake detection tools are crucial. 

Previous methods made extensive use of locally produced visual 

artifacts or handcrafted elements. These artifacts, however, 

become less obvious as deepfake generation models advance. 

Vision Transformers (ViT) provide a powerful alternative by 

analyzing images holistically rather than focusing only on localized 

features. 

With the help of Deepfake Spotter's user-friendly online interface 

and integration of Vision Transformer models, both technical and 

non-technical users may effectively assess the authenticity of 

media. The system seeks to close the gap between innovative 

research and real-world implementation. 

1.1 PROBLEM STATEMENT 

The rapid advancement of artificial intelligence and deep learning 

technologies has led to the widespread creation of synthetic media, 

including artificially generated images and audio. Modern 

generative models such as Generative Adversarial Networks 

(GANs) and advanced speech synthesis systems are capable of 

producing highly realistic media that is often difficult for humans to 

distinguish from authentic content. This has raised serious 

concerns regarding misinformation, identity theft, digital fraud, and 

the manipulation of public opinion. Malicious actors can use 

synthetic images and cloned voices to impersonate individuals, 

spread false information, or create misleading digital content. 

Although several detection techniques have been proposed, many 

existing systems struggle to accurately identify newly generated 

synthetic media due to the rapid evolution of generation 

technologies. In addition, variations in image quality, audio noise, 

and compression artifacts further complicate the detection process. 

Therefore, there is a need to develop an advanced synthetic media 

detection system that can effectively analyze both image and 

audio data to identify artificial content and distinguish it from 

genuine media with higher accuracy and reliability. The rapid 

advancement of artificial intelligence and deep learning 

technologies has 

led to the widespread creation of synthetic media, including 

artificially generated images and audio. Modern generative models 

such as Generative Adversarial Networks (GANs) and advanced 

speech synthesis systems are capable of producing highly realistic 

media that is often difficult for humans to distinguish from 

authentic content. This has raised serious concerns regarding 

misinformation, identity theft, digital fraud, and the manipulation 

of public opinion. Malicious actors can use synthetic images and 

cloned voices to impersonate individuals, spread false information, 

or create misleading digital content. Although several detection 

techniques have been proposed, many existing systems struggle to 

accurately identify newly generated synthetic media due to the 

rapid evolution of generation technologies. In addition, variations 

in image quality, audio noise, and compression artifacts further 

complicate the detection process. Therefore, there is a need to 

develop an advanced synthetic media detection system that can 

effectively analyze both image and audio data to identify artificial 

content and distinguish it from genuine media with higher accuracy 

and reliability. 

2. LITERATURE REVIEW 

Synthetic media, often referred to as deepfakes, has gained 

significant attention in recent years due to the rapid 

development of artificial intelligence and generative 

models. Deepfake technologies can generate highly realistic 

images, audio, and videos that closely resemble authentic 

media, making it difficult to distinguish between real and 

manipulated content. According to recent research surveys, 

the increasing realism of deepfake media has created 

serious concerns related to misinformation, identity fraud, 

and digital security. These concerns have encouraged 

researchers to develop advanced detection techniques 

capable of identifying synthetic media across multiple 

domains, including images and audio. In the domain of 

image-based synthetic media detection, researchers have 

proposed various deep learning models that analyze spatial 

and frequency features of images. These models examine  

inconsistencies  in  color  distribution, 

https://ijsrem.com/


           
          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                         Volume: 10 Issue: 03 | March - 2026                           SJIF Rating: 8.659                                   ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM57524                                          |        Page 3 
 

texture patterns, and edge structures to identify artifacts 

introduced during the generation process. Many modern 

approaches also use frequency- domain analysis and 

attention-based neural networks to improve detection 

accuracy. Additionally, researchers have developed datasets 

and benchmark systems to evaluate the performance of these 

models and improve their ability to detect manipulated 

images generated by different generative models. 

3. SYSTEM ARCHITECTURE 

The system architecture for advanced synthetic media 

detection is designed to identify whether the given 

image or audio is real or artificially generated. The 

system processes the input media through several 

stages including preprocessing, feature extraction, and 

classification using machine learning or deep learning 

models. The architecture ensures that both image and 

audio data are analysis effectively to detect synthetic 

content. 

Input Layer 

The first stage of the system architecture is the input layer. In this 

stage, the system receives media files such as images or audio 

recordings from the user or dataset. 

• Image Input: The system accepts digital images that 

may be real or AI-generated. 

• Audio Input: The system accepts speech or voice 

recordings that may be real or synthetically generated. 

4. METHODOLOGY 

The methodology for advanced synthetic media detection 

focuses on identifying whether the given image or audio is 

real or artificially generated. The proposed system uses a 

structured process consisting of data collection, 

preprocessing, feature extraction, model training, and 

classification. These steps help in identifying subtle artifacts 

and patterns present in synthetic media. 

Data Collection 

The first step in the methodology is collecting datasets that contain 

both real and synthetic media samples. The datasets include 

images and audio recordings obtained from publicly available 

sources or research datasets. These datasets are used to train and 

evaluate the detection model Image Preprocessing 

The preprocessing of images includes resizing images to a fixed 

dimension, normalization of pixel values, and removal of noise. In 

some cases, color space conversion and filtering techniques are 

applied to highlight potential artifacts present in synthetic images. 

Audio Preprocessing 

For audio data, preprocessing includes resampling the audio signal 

to a standard sampling rate, removing background noise, 

eliminating silent segments, and normalizing the signal. These 

steps improve the quality of the audio signal and prepare it for 

feature extraction. 

 

5. IMPLEMENTATION PROCESS 

The implementation of the advanced synthetic media detection 

system involves developing a framework capable of analyzing 

both images and audio signals to determine whether the media is 

real or artificially generated. The system is implemented using 

machine learning and deep learning techniques along with 

preprocessing and feature extraction methods. The implementation 

process consists of several stages including environment setup, 

data preparation, preprocessing, feature extraction, model training, 

and prediction. Development Environment The system is 

implemented using a software environment that supports machine 

learning and signal processing operations. 

Image Preprocessing 

The Convolutional Neural Network (CNN) is used to analyze the 

extracted image features. The CNN automatically learns important 

visual patterns that differentiate real images from AI-generated 

images. 

• Images are resized to a fixed dimension such as 

224 × 224. 

• Pixel values are normalized to improve model training. 

• Noise reduction techniques are applied if necessary. 
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6. RESULTS AND PERFORMANCE ANALYSIS 

The proposed system for advanced synthetic media 

detection was implemented to evaluate its effectiveness in 

identifying AI-generated images and audio. After 

preprocessing, feature extraction, and model training, the 

system was tested on a separate dataset containing unseen 

images and audio recordings. The results were analyzed 

using standard performance metrics such as accuracy, 

precision, recall, and F1-score. A. Evaluation Metrics 

• Accuracy: Correct predictions over total samples 

• Precision: Correct fake detections over total 

predicted fake 

• Recall: Correct fake detections over actual fake samples 

• F1-score: Harmonic mean of precision and recall 

The image detection module shows slightly 

performance due to more distinguishable visual. 

C. System Output Interface 

 

 

 
Model Performance Metrics 
 

Model Accurac y 

(%) 

Precisio n 

(%) 

Recal l 

(%) 

F1- 

scor e 

(%) 

CNN 

(XceptionNe t) 

89.3 88.1 87.5 87.8 

ResNet-50 90.7 89.6 89.2 89.4 

Vision 

Transforme r 

(Proposed) 

94.6 94.1 93.8 93.9 

To evaluate the effectiveness of the proposed synthetic 

media detection system, several standard performance 

metrics were used. These metrics provide a quantitative 

measure of how accurately the system can classify media as 

real or synthetic. Both image and audio detection modules 

were evaluated using the following metrics.The audio 

detection module performs well but can be affected by 

highly realistic TTS-generated voices or noisy recordings. 

 

 
 

 

7. COMPARISON OF ALGORITHMS 

A comparison between the suggested Vision Transformer and 

conventional CNN-based models is done. 

Algorithm Comparison 
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Feature CNN-Based 

Models 

Vision 

Transformer 

Feature Extraction Local Global 

Long-range 

Dependency 

Limited Strong 

Interpretability Moderate High (with 

Grad-CAM) 

Robustness to 

New Attacks 

Medium High 

Generalization Limited Better 

CNNs are effective for localized features but struggle with global 

context, whereas ViTs leverage attention mechanisms to model 

long-range dependencies. 

8. DISCUSSION 

The implementation of the advanced synthetic media detection 

system demonstrates the effectiveness of deep learning–based 

approaches in identifying AI-generated images and audio. The 

system was evaluated using separate datasets for images and 

audio, with the results analyzed through metrics such as accuracy, 

precision, recall, and F1-score. Overall, the system achieved high 

performance, indicating its ability to detect synthetic media 

reliably.. 

8.1 LIMITATIONS 

Despite the high performance of the proposed advanced 

synthetic media detection system, several limitations were 

observed during the development and evaluation process. 

Recognizing these limitations is important for 

understanding the system’s constraints and identifying 

areas for improvement. 

8.2 APPLICATIONS 

Social Media Moderation 

Synthetic media is often used to create misleading images, 

videos, and audio content for spreading false information. 

Detection systems can be integrated into social media 

platforms to flag deepfake content, preventing the 

dissemination of fake news and protecting users from 

misinformation campaigns. 

Digital Forensics and Cybersecurity 

Law enforcement agencies and cybersecurity teams can use 

synthetic media detection systems to verify the authenticity of 

digital evidence. This is particularly important in cases involving 

identity theft, fraud, or online harassment where images or voice 

recordings may be manipulated.Journalism and Media 

Verification 

9. FUTURE ENHANCEMENTS 

Even while Deepfake Spotter performs well, there are a few 

improvements that could increase its usefulness and efficacy. 

Real-time deepfake identification, which allows the system to 

examine live video streams like video conversations or internet 

broadcasts, is an important future goal. To do this, the model 

architecture and inference pipeline would need to be optimized to 

satisfy real-time performance requirements. 

Mobile deployment is another improvement that enables 

consumers to identify deepfakes on cellphones. This would allow 

for on-device media verification and improve accessibility. To 

accommodate mobile situations, model compression and 

lightweight transformer variations could be investigated. 

Deployment over the cloud is yet another significant 

advancement. Scalable processing of massive media volumes and 

interaction with enterprise-level apps, such as social media 

platforms and digital archives, would be made possible by hosting 

the system on cloud infrastructure. 

Furthermore, model generalization will be enhanced by adding 

fresh and cutting-edge deepfake creation methods to the training 

dataset. The accuracy of detection could be further improved by 

including multimodal data, such as audio-visual synchronization 

analysis. 

10. CONCLUSION 

This study introduced Deepfake Spotter, a deepfake detection 

system with explainable AI capabilities that is based on Vision 

Transformer. The suggested method performs better than 

conventional CNN-based models in terms of accuracy, robustness, 

and interpretability, according to experimental results. The 

approach offers a solid basis for next studies on deepfake 

detection and 
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practical implementation.By including Grad-CAM explainability, 

the model's decision-making process becomes transparent, 

enhancing the system's credibility and suitability for delicate 

applications like law enforcement and digital forensics. Both 

expert and non- technical people may effectively examine media 

authenticity because to the Streamlit-based user interface's 

accessibility and convenience of use.Results from experiments 

show that DeepfakeSpotter maintains interpretability and 

robustness while achieving excellent accuracy for both photos and 

videos. 

The project lays a strong framework for further study, 

optimization, and practical implementation of deepfake detection 

systems while showcasing the powerful potential of Vision 

Transformer topologies in media forensics. 
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