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ABSTRACT 

The rapid advancement of artificial intelligence (AI) has led to the proliferation of AI-generated images, 

raising concerns about the potential misuse and dissemination of fraudulent content. In response to this, 

our project, titled "AI GenDetect," endeavors to develop a robust model for the detection of AI-

generated images. Spearheaded by Harsh Chouksey and Abi Pateriya, and guided by Dr. Anshika 

Shrivastava, our objective is to provide a solution that aids in identifying and mitigating the risks 

associated with fake images. 

 

To train our model effectively, we curated a diverse dataset, combining the Casia dataset from Kaggle, 

which includes authentic and tampered images, with additional images captured from a Samsung 

Galaxy M52. Employing advanced image processing techniques, including Error Level Analysis 

(ELA), we prepared the dataset for training. 

 

The Convolutional Neural Network (CNN) architecture was chosen as the foundation of our model, 

utilizing Python, TensorFlow, and Keras. The model exhibited impressive performance during training, 

achieving an accuracy of 91.83% in just 9 epochs with early stopping. 

 

Testing our model on a variety of real and fake images yielded promising results, confirming its ability 

to discern between authentic and AI-generated content. This project contributes to the ongoing efforts 

to safeguard individuals and organizations from the potential risks posed by the increasing prevalence 

of AI-generated images. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 



VI 
 

सार 

कृत्रिम बुद्धिमत्ता (एआई) की तेजी से प्रगत्रत के कारण एआई-जत्रित छत्रिय ों का प्रसार हुआ है, त्रजससे ध खाधडी 

िाली सामग्री के सोंभात्रित दुरुपय ग और प्रसार के बारे में त्र ोंताएों  बढ़ गई हैं। इसके जिाब में, "एआई जेित्रिटेक्ट" 

िामक हमारा प्र जेक्ट एआई-जिरेटेि छत्रिय ों का पता लगािे के त्रलए एक मजबूत मॉिल त्रिकत्रसत करिे का 

प्रयास करता है। हर्ष  ौकसे और अबी पटेररया के िेतृत्व में और िॉ. अोंत्रिका श्रीिास्ति द्वारा त्रिदेत्रित, हमारा 

उदे्दश्य एक ऐसा समाधाि प्रदाि करिा है ज  िकली छत्रिय ों से जुडे ज द्धखम ों क  पह ाििे और कम करिे में 

सहायता करता है। 

 

अपिे मॉिल क  प्रभािी ढोंग से प्रत्रित्रित करिे के त्रलए, हमिे कागल के कैत्रसया िेटासेट क  त्रमलाकर एक त्रित्रिध 

िेटासेट तैयार त्रकया, त्रजसमें सैमसोंग गैलेक्सी एम52 से कैप् र की गई अत्रतररक्त छत्रिय ों के साथ प्रामात्रणक और 

छेडछाड की गई छत्रियाों िात्रमल हैं। िुत्रट स्तर त्रिशे्लर्ण (ईएलए) सत्रहत उन्नत छत्रि प्रसोंस्करण तकिीक ों का 

उपय ग करते हुए, हमिे प्रत्रििण के त्रलए िेटासेट तैयार त्रकया। 

 

हमारे मॉिल की िी ोंि के रूप में कने्वन्ििल नू्यरल िेटिकष  (सीएिएि) आत्रकष टेक्चर क   ुिा गया था, त्रजसमें 

पाइथि, टेंसरफ्ल  और केरस का उपय ग त्रकया गया था। मॉिल िे प्रत्रििण के दौराि प्रभाििाली प्रदिषि त्रकया 

और िुरुआती रुकािट के साथ केिल 9 युग ों में 91.83% की सटीकता हात्रसल की। 

 

त्रित्रभन्न िास्तत्रिक और िकली छत्रिय ों पर हमारे मॉिल का परीिण करिे से आिाजिक पररणाम त्रमले, त्रजससे 

प्रामात्रणक और एआई-जत्रित सामग्री के बी  अोंतर करिे की इसकी िमता की पुत्रि हुई। यह पररय जिा व्यद्धक्तय ों 

और सोंगठि ों क  एआई-जत्रित छत्रिय ों के बढ़ते प्र लि से उत्पन्न सोंभात्रित ज द्धखम ों से ब ािे के त्रलए  ल रहे 

प्रयास ों में य गदाि देती है। 
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Chapter 1: PROJECT OVERVIEW 

1.1. Introduction 

The Era of AI-Generated Images 

In the rapidly evolving landscape of digital media, the emergence of Artificial Intelligence (AI) has 

ushered in a transformative era. This era is marked by a groundbreaking capability—the creation of 

images that are remarkably realistic yet entirely artificial. As technology advances, the power to 

generate convincing visual content raises profound challenges, particularly in the realms of 

misinformation, fraud, and the potential manipulation of digital narratives. 

Motivation for AI GenDetect 

The AI GenDetect project arises from a recognition of the challenges posed by the increasing prevalence 

of AI-generated images. The potential consequences, ranging from deceptive propaganda to privacy 

breaches, underscore the need for proactive measures. Motivated by this, AI GenDetect is an initiative 

to develop a sophisticated model capable of detecting AI-generated images. 

Addressing the Threat of Fake Images 

Our project seeks to provide a robust solution to the challenges posed by fake images. By developing 

an effective image detection model, we aim to empower individuals and organizations to discern 

between authentic and AI-generated content. The underlying goal is to contribute to the larger discourse 

on digital media authenticity and to provide users with a tool to mitigate the risks associated with the 

proliferation of AI-generated content. 

Defining the Scope 

As we embark on this journey, it is crucial to define the scope of AI GenDetect. This involves 

understanding the specific goals and limitations of the project, ensuring a focused and impactful 

approach to image detection. 

Project Objectives 

The primary objectives of AI GenDetect include: 

• Developing a model for accurate detection of AI-generated images. 

• Mitigating the risks associated with the proliferation of fake images. 

• Providing a reliable tool for individuals and organizations to distinguish between authentic and 

AI-generated content. 
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Through this introduction, we lay the groundwork for a comprehensive exploration of the project's 

goals, features, feasibility, and system requirements. Subsequent sections will delve into the finer details 

of our methodology, challenges encountered, and the ultimate conclusions drawn from the AI 

GenDetect project. 

 

1.2. Objectives and Scope 

1.2.1.  Project Objectives: 

The AI GenDetect project is driven by a set of clear and defined objectives: 

 

Develop a Model for Accurate Detection 

The primary objective is to develop a sophisticated model capable of accurately detecting AI-generated 

images. This involves leveraging advanced technologies and methodologies in the field of image 

recognition and machine learning. 

 

Mitigate Risks of Proliferation 

Our aim is to mitigate the risks associated with the widespread use of AI-generated images. By 

developing a reliable detection model, we intend to curb potential threats such as misinformation, 

fraudulent activities, and unauthorized manipulation of digital content. 

 

Provide a Reliable Distinguishing Tool 

A fundamental objective is to provide a reliable tool for individuals and organizations to distinguish 

between authentic and AI-generated content. This tool should be accessible, user-friendly, and capable 

of making real-time distinctions to ensure its practicality in various contexts. 

 

1.2.2.  Project Scope: 

Defining the scope of the AI GenDetect project is essential to guide its implementation effectively. The 

project's scope includes: 

Comprehensive Dataset Creation 

The project involves the creation of a comprehensive dataset, combining publicly available datasets like 

Casia with additional images captured from a real-world device, Samsung Galaxy M52. 

Implementation of Advanced Preprocessing Techniques 

To enhance model accuracy, advanced preprocessing techniques, including Error Level Analysis 

(ELA), are employed to extract features and labels from the dataset. 
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Utilization of Convolutional Neural Network (CNN) Architecture 

The project utilizes a Convolutional Neural Network (CNN) architecture, implemented using Python, 

TensorFlow, and Keras, to perform image classification and detection. 

Training the Model 

Training the model involves exposing it to 80% of the dataset, optimizing its parameters through epochs, 

and implementing early stopping to ensure efficiency. 

These defined objectives and the scope provide a roadmap for the subsequent chapters, where we will 

delve into the intricacies of dataset creation, preprocessing, model architecture, and the training process. 

Each aspect contributes to the overarching goals of AI GenDetect, aligning with the project's vision and 

objectives. 

 

1.3. Project Features 

1.3.1. Dataset Collection 

 

Utilizing Casia Dataset 

The project's dataset is curated using the Casia dataset from Kaggle, comprising 7492 authentic and 

5124 tampered images. This dataset serves as a foundational element for training the model, ensuring a 

diverse and representative collection of images. 

 

Integration of Real-World Images 

To enhance the diversity and precision of the dataset, approximately 3000 images captured from a 

Samsung Galaxy M52 are added. This integration provides a real-world context, making the model 

more adept at handling a broader range of images. 

 

1.3.2. Dataset Preprocessing 

 

Feature and Label Creation 

Prior to model training, the dataset undergoes preprocessing where features and labels are created. This 

step involves extracting essential information from the images, setting the stage for effective model 

training. 
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Error Level Analysis (ELA) 

Implementing advanced techniques such as Error Level Analysis (ELA), we analyze the images by 

subtracting them from their own replicas at 90% quality. This process helps identify overexposed 

textures and artificial elements, contributing to a more refined dataset. 

 

1.3.3.  Model Architecture 

Convolutional Neural Network (CNN) 

Python, TensorFlow, and Keras are employed to build a Convolutional Neural Network (CNN) for 

image classification. The model architecture includes convolutional layers, max-pooling layers, dropout 

layers, and fully connected dense layers, enabling effective feature extraction and pattern recognition. 

 

 

Fig 1.1 – CNN Model Architecture 

 

1.3.4.  Model Training and Evaluation: 

 

The model undergoes training with 80% of the dataset over multiple epochs. During this process, 

parameters are optimized to improve accuracy, and the inclusion of early stopping ensures efficient 

convergence, achieving an impressive accuracy of 91.83% in just 9 epochs. 

 

These features collectively contribute to the efficacy of AI GenDetect in distinguishing between real 

and AI-generated images. The meticulous dataset curation, preprocessing techniques, and the chosen 

model architecture form the backbone of the project's capabilities. In the subsequent chapters, we will 

delve into the model's training results, analyses, applications, challenges faced, and conclude with 

reflections on limitations and future work. 
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1.4. Feasibility 

1.4.1.  Technical Feasibility: 

 

The technical feasibility of the AI GenDetect project is evident in the selection of programming 

language and libraries. Python, a widely-used language, provides a user-friendly interface for 

implementing machine learning models. The integration of TensorFlow and Keras aligns with industry 

standards, ensuring the technical viability of our chosen tools. 

 

1.4.2.  Economic Feasibility: 

 

The project embraces economic feasibility through the utilization of open-source tools and datasets. 

Python, TensorFlow, and Keras are freely available, minimizing software acquisition costs. The Casia 

dataset, along with additional images, adds to the project's economic efficiency by providing diverse 

data without incurring significant expenses. 

 

1.5. System Requirements 

1.5.1.  Computational Resources: 

Adequate computational resources are essential for training the model effectively. The availability of a 

computer with a suitable GPU facilitates faster processing, optimizing the training phase. The following 

are the recommended hardware requirements: 

• Processor: Quad-core processor or higher for efficient data processing during training and 

inference. 

• Memory (RAM): 8 GB or more to handle the computational demands of the machine learning 

model. 

• Storage: Adequate storage capacity to accommodate the dataset and model files. 

 

1.5.2.  Software Requirements: 

To facilitate seamless development and execution, the project relies on the following software 

components: 

• Python: The primary programming language for the implementation of data processing, 

machine learning model creation, and evaluation. 

• TensorFlow with Keras: Leveraged for developing and training the Convolutional Neural 

Network model. 
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• Numpy: Used for numerical operations and efficient data handling during preprocessing. 

• Matplotlib: Employed for visualizations and data exploration. 

 

 

1.5.3.  Storage Capacity: 

Given the dataset's size, sufficient storage capacity is required to accommodate both the Casia dataset 

and additional images. This ensures seamless access to data during the training and testing phases. 

This delineation of technical and economic feasibility, coupled with system requirements, establishes 

the groundwork for the subsequent chapters. As we progress, we will delve into a comprehensive 

literature review, the preliminary design of the project, and conclude with a final analysis, drawing 

insights from results, challenges, and future considerations. 
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Chapter 2: LITERATURE REVIEW 

 

2.1. Overview of AI-Generated Image Detection 

2.1.1. Historical Context: 

AI-generated image detection stands at the forefront of technological challenges, given the increasing 

sophistication of AI in creating realistic yet artificial images. Researchers and practitioners globally 

have dedicated efforts to develop robust methods for detecting such content. This subsection provides 

a comprehensive overview of the methodologies, techniques, and breakthroughs in the field. 

2.1.2. Advancements in AI-Generated Image Detection: 

The review will highlight recent advancements, exploring how machine learning and artificial 

intelligence have evolved to address the challenges posed by AI-generated images. This involves 

examining the application of deep learning techniques and neural networks in image detection. 

2.1.3. Methodologies Employed: 

A critical aspect of the overview is understanding the various methodologies employed in AI-generated 

image detection. This could include feature extraction, pattern recognition, and the utilization of 

advanced algorithms to distinguish between authentic and generated images. 

2.1.4. Applications in Real-world Scenarios: 

The literature review will also touch upon the real-world applications of AI-generated image detection. 

Understanding how these technologies are implemented in different domains provides insights into their 

practical significance and potential impact. 

2.1.5. Key Research Findings: 

Summarizing key research findings from recent publications, academic papers, and industry reports will 

be crucial. This will involve synthesizing information on successful models, challenges faced, and the 

overall progress in the realm of AI-generated image detection. 

2.1.6. Emerging Trends: 

The subsection will conclude by highlighting emerging trends in AI-generated image detection. This 

may encompass the integration of new technologies, the exploration of interdisciplinary approaches, or 

novel applications of AI in this domain. 
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This overview sets the stage for a deeper exploration of the historical evolution of AI-generated image 

detection in the subsequent subsection. If you have specific points or themes you'd like to emphasize in 

this overview, please let me know, and I can tailor the content accordingly. 

 

2.2. Historical Perspective 

2.2.1. Early Evolution of AI-Generated Image Detection: 

Understanding the historical perspective of AI-generated image detection provides valuable insights 

into the evolution of methodologies and the challenges encountered over time. This section aims to: 

• Trace the Origins: Exploring the early attempts and research initiatives that laid the 

groundwork for AI-generated image detection. This could include seminal papers, projects, or 

milestones that marked the inception of this field. 

• Historical Challenges: Examining the challenges researchers faced in the early stages and how 

these challenges shaped the development of subsequent methodologies. Understanding the 

historical context helps in appreciating the iterative nature of research. 

2.2.2. Milestones and Breakthroughs: 

• Key Milestones: Highlighting significant milestones in the development of AI-generated 

image detection. This could include the introduction of pivotal algorithms, the release of 

benchmark datasets, or breakthroughs that propelled the field forward. 

• Technological Advancements: Exploring how technological advancements, both in hardware 

and software, have influenced the capabilities of AI in image detection. This could involve the 

advent of more powerful GPUs, the rise of distributed computing, or innovations in neural 

network architectures. 

2.2.3. Impact on Other Disciplines: 

• Interdisciplinary Connections: Investigating the interdisciplinary nature of AI-generated 

image detection. How have findings and methodologies in this field influenced or been 

influenced by related disciplines such as computer vision, cybersecurity, or cognitive science? 

• Real-world Applications: Exploring early applications of AI-generated image detection in 

practical scenarios. This could involve industries such as media forensics, security, or content 

moderation. 
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2.3. Current State of AI in Image Authentication 

2.3.1. Exploration of Current Technologies: 

Several existing models and technologies play a pivotal role in the current landscape of image 

authentication. Deep learning-based approaches, particularly CNNs, have demonstrated remarkable 

success in discerning subtle alterations and irregularities in images. Additionally, ensemble methods 

and adversarial training techniques contribute to enhancing the robustness of image authentication 

models. 

2.3.2. Challenges and Opportunities: 

• Adversarial Attacks: The susceptibility of image authentication models to adversarial attacks 

remains a critical challenge. Malicious actors continually devise new strategies to deceive 

models, emphasizing the need for robust defenses against adversarial manipulations. 

• Interpretable Models: The lack of interpretability in deep learning models poses challenges 

for understanding the decision-making processes behind image authentication. Achieving 

transparency in model outputs is essential for building trust and facilitating broader adoption. 

• Advancements in Deep Learning: Ongoing advancements in deep learning techniques, 

particularly convolutional neural networks (CNNs), provide opportunities to enhance the 

accuracy and robustness of image authentication models. Continued research and innovation 

contribute to refining existing methods. 

• Collaboration and Knowledge Sharing: Opportunities for collaboration between researchers, 

industry experts, and institutions pave the way for collective problem-solving. Knowledge 

sharing and collaborative efforts contribute to a shared understanding of challenges and the 

development of effective solutions. 

2.3.3. Ethical Considerations: 

• Data Privacy: The collection and use of image data for training authentication models raise 

privacy concerns. Implementing robust data anonymization techniques and ensuring 

compliance with privacy regulations are imperative. 

• Algorithmic Bias: The potential for algorithmic bias in image authentication models 

necessitates diligent efforts to identify and mitigate biases. Ethical considerations involve 

ensuring fairness and preventing discriminatory outcomes. 

• Model Accountability: Establishing accountability for the decisions made by image 

authentication models is essential. Transparent reporting of model performance, limitations, 

and potential risks contributes to responsible deployment. 
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2.3.4. Interplay with AI-Generated Image Detection: 

The interplay between AI in image authentication and AI-generated image detection is integral to 

addressing the challenges posed by manipulated content. 

• Enhanced Detection Capabilities: Integration with AI-generated image detection techniques 

enhances the overall detection capabilities of image authentication models. Combining 

methodologies allows for a comprehensive approach to identifying manipulated content. 

• Versatility in Application: The techniques developed for image authentication find 

application beyond the realm of security, including content moderation, copyright protection, 

and ensuring the integrity of digital archives. 

This exploration of the current state of AI in image authentication sets the stage for a deeper dive into 

existing models and technologies in the subsequent subsection.  

2.4. Existing Models and Technologies  

2.4.1. Convolutional Neural Networks (CNNs): 

• Dominance of CNNs: Exploring the prevalence of Convolutional Neural Networks (CNNs) in 

image authentication. CNNs have proven highly effective in image-related tasks, and 

understanding their application in authentication is crucial. 

• Architectural Variations: Examining variations in CNN architectures used for image 

authentication. This could include the exploration of specific layers, activation functions, and 

other architectural nuances. 

 

Fig 2.1 – Convolutional Neural Networks model  

2.4.2. Generative Adversarial Networks (GANs): 

• Role of GANs: Knowing the role of Generative Adversarial Networks (GANs) in image 

authentication. GANs, known for their generative capabilities, can also impact the 

authentication process. 
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• Challenges Posed by GANs: Identifying challenges and vulnerabilities introduced by GANs 

in the context of image authentication. Understanding these challenges is crucial for developing 

robust detection mechanisms. 

 

Fig 2.2 – Generative Adversarial Networks 

 

2.4.3. Ensemble Approaches: 

• Integration of Ensemble Models: Exploring how ensemble approaches, combining multiple 

models for enhanced performance, are employed in image authentication. This could involve 

the fusion of different algorithms or the ensemble of multiple CNNs. 

 

Fig 2.3 – Ensemble Approaches 

2.4.4. Deep Learning Techniques: 

• Beyond CNNs and GANs: There are other deep learning techniques utilized in image 

authentication. This might include recurrent neural networks (RNNs), long short-term memory 

networks (LSTMs), or attention mechanisms. 
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Fig 2.4 – Recurrent Neural Network 

 

2.5 Gaps in Current Approaches 

2.5.1. Vulnerabilities to Adversarial Attacks: 

• One significant limitation lies in the model's vulnerability to adversarial attacks. Adversarial 

actors employ sophisticated techniques to manipulate images subtly, leading to 

misclassifications by the model. This highlights the ongoing challenge of fortifying the model 

against evolving adversarial strategies. 

2.5.2. Scalability and Resource Requirements: 

• Another limitation involves the scalability and resource requirements of the current model. The 

computational demands for training and deployment may pose challenges, particularly for users 

with limited resources. Optimizing the model for scalability while maintaining its effectiveness 

is a critical area for future improvement. 

2.5.3. Domain-Specific Challenges: 

• The model may encounter challenges in adapting to specific domains or industries. Variations 

in image characteristics, content nuances, or contextual differences may impact the model's 

performance. Addressing domain-specific challenges requires tailoring the model to diverse 

use cases for broader applicability.  

2.5.4. User-Friendly Implementations: 

• The model may encounter challenges in adapting to specific domains or industries. Variations 

in image characteristics, content nuances, or contextual differences may impact the model's 

performance. Addressing domain-specific challenges requires tailoring the model to diverse 

use cases for broader applicability. 
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Chapter 3: PRELIMINARY DESIGN: 

3.1 Dataset Collection: 

Comprehensive Dataset Curation 

• Casia Dataset Integration 

Our dataset is meticulously curated, integrating the Casia dataset from Kaggle. This dataset 

comprises 7492 authentic images labeled as 'au' and 5124 tampered images labeled as 'tp.' The 

inclusion of the Casia dataset provides a foundational set of images for training and testing our 

AI GenDetect model. 

 

Fig 3.1 – Dataset from Kaggle 

 

• Real-World Image Addition 

To enhance the dataset's diversity and precision, approximately 3000 images captured from a 

Samsung Galaxy M52 are incorporated. This real-world addition ensures the model encounters 

a broader range of images, making it more robust in distinguishing between authentic and AI-

generated content. 

 

3.2 Dataset Preprocessing: 

• Feature and Label Creation 

Before model training, the dataset undergoes preprocessing to create essential features and 

labels. This process involves extracting pertinent information from the images, establishing the 

groundwork for effective model training. 
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• Error Level Analysis (ELA) 

Implementing advanced techniques such as Error Level Analysis (ELA), we analyze images by 

subtracting them from their replicas at 90% quality. This method identifies overexposed 

textures and artificial elements, contributing to a more refined dataset. 

 

 

Fig 3.2 – Image 

 

Fig 3.3 – Image after ELA 

 

3.3 Model Architecture: 

Convolutional Neural Network (CNN) 

Our model is constructed using Python, TensorFlow, and Keras, employing a Convolutional Neural 

Network (CNN) architecture. The design includes convolutional layers, max-pooling layers, dropout 

layers, and fully connected dense layers, facilitating robust feature extraction and pattern recognition. 
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Fig 3.4 - Model Architecture 

 

 

Fig 3.5 - CNN Model Structure 

 

3.4 Training Process: 

Epoch-Based Training 

During the training phase, 80% of the dataset is exposed to the model over multiple epochs. This 

iterative process optimizes parameters for enhanced accuracy. The inclusion of early stopping ensures 

efficiency, leading to a notable accuracy of 91.83% achieved in just 9 epochs. 
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Fig 3.6 – Model Training  
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Chapter 4: FINAL ANALYSIS AND DESIGN: 

4.1 Result Overview: 

• Model Training Results 

The AI GenDetect model demonstrates robust performance during training, achieving an 

impressive accuracy of 91.83% in just 9 epochs. This section provides a comprehensive 

overview of the results obtained during the model training phase. 

 

 

Fig 4.1 – History loss & Accuracy Curve 

 

4.2 Result Analysis: 

• Precision and Recall Metrics 

A detailed analysis of precision and recall metrics is conducted to evaluate the model's 

performance in distinguishing between authentic and AI-generated images. This includes a 

breakdown of true positives, true negatives, false positives, and false negatives. 
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• Confusion Matrix 

The confusion matrix provides a visual representation of the model's performance, illustrating 

the number of correctly and incorrectly classified instances. This analysis aids in identifying 

areas of strength and potential areas for improvement. The model demonstrated commendable 

accuracy in distinguishing between authentic and AI-generated images: 

• True Positives (TP): Successfully identified 1331 AI-generated images. 

• True Negatives (TN): Accurately recognized 922 authentic images. 

• False Positives (FP): Incorrectly classified 194 authentic images as AI-generated. 

• False Negatives (FN): Mislabelled 76 AI-generated images as authentic. 

 

 

Fig 4.2 – Confusion Matrix 

 

 

4.3 Application of the Model: 

• Real-World Testing 

The AI GenDetect model is subjected to real-world testing, where it encounters a diverse set of 

images. This section explores the model's adaptability and reliability in scenarios beyond the 

training dataset, showcasing its practical applications. 
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Fig 4.3 – Real Image detected 

 

Fig 4.4 – Fake Image detected 

 

Fig 4.5 – Real Image detected 
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4.4 Challenges and Problems Faced: 

The implementation and deployment of AI GenDetect were met with various challenges and 

complexities inherent in the intricate landscape of image authentication. Identifying and addressing 

these challenges proved integral to refining the model and enhancing its real-world applicability. The 

following are the key challenges encountered during the development and deployment of AI GenDetect: 

4.4.1. Variations in Lighting Conditions 

One notable challenge involved accommodating variations in lighting conditions within images. AI 

GenDetect, although robust, faced instances where subtle alterations in lighting affected the model’s 

ability to accurately distinguish between AI-generated and authentic images. Mitigating this challenge 

required fine-tuning the model’s sensitivity to varying levels of brightness, ensuring consistent 

performance across diverse lighting scenarios. 

4.4.2. Diverse Image Resolutions 

The diversity in image resolutions posed another challenge. Images captured from different sources 

exhibited variations in resolution, impacting the model's capacity to maintain a consistent level of 

accuracy. Adapting AI GenDetect to handle images with varying resolutions necessitated additional 

preprocessing techniques and adjustments in the model architecture to ensure optimal performance 

across a spectrum of image qualities. 

4.4.3. Continuous Model Adaptation 

The dynamic nature of AI algorithms and evolving techniques for image generation presented an 

ongoing challenge. AI GenDetect needed to adapt continuously to stay ahead of emerging trends in AI-

generated image manipulation. Regular updates to the model architecture, incorporating new features, 

and refining the training dataset became imperative to ensure the model's relevance and effectiveness 

over time. 

4.4.4. Dependency on Training Dataset Diversity 

The effectiveness of AI GenDetect was closely tied to the diversity of the training dataset. Challenges 

arose when the model encountered AI-generated images that deviated significantly from those present 

in the training data. Expanding the dataset to encompass a broader spectrum of AI-generated content 

emerged as an ongoing effort to enhance the model's adaptability and broaden its capabilities. 

4.5 Limitations: 

• Computational Resource Intensiveness: The training and deployment of AI GenDetect 

demand substantial computational resources, particularly during the training phase. This 

resource intensiveness may limit the accessibility of the model to individuals or organizations 
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with limited computational capabilities. Optimizing the model for more efficient resource 

utilization is an avenue for future work. 

 

• Interpretability Challenges: The inherent complexity of deep learning models, including 

CNNs, poses challenges in terms of interpretability. Understanding the decision-making 

process of AI GenDetect and elucidating the specific features that contribute to classifications 

remain areas where interpretability Every model has limitations, and this section transparently 

discusses the constraints and boundaries of the AI GenDetect model. This includes scenarios 

where the model may exhibit suboptimal performance. 
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Chapter 5: CONCLUSION AND FUTURE WORK: 

5.1 Conclusion: 

AI GenDetect represents a significant advancement in image authentication, providing a robust solution 

for detecting AI-generated content. The model's high accuracy in training, demonstrated adaptability in 

real-world scenarios, and meticulous analysis of results showcase its effectiveness in distinguishing 

between authentic and manipulated images. While the model exhibits notable strengths, it is essential 

to acknowledge the identified limitations, including occasional misclassifications in subtle 

manipulations and dependency on training dataset diversity. 

AI GenDetect not only serves as a practical tool for image authentication but also catalyzes ongoing 

research and innovation in the dynamic landscape of digital media. Its adaptability and collaboration 

potential with various industries position it as a key player in the pursuit of a more trustworthy and 

authentic digital environment. As we navigate the complexities of the digital age, AI GenDetect stands 

as a testament to the intersection of technology and security, shaping a future where the authenticity of 

visual content is safeguarded. 

 

5.2 Future Work: 

• Dataset Expansion: To enhance the model's adaptability, continuous efforts will be directed 

towards expanding the dataset. Incorporating a more extensive range of AI-generated images 

and ensuring a representative sample of potential variations will contribute to improved model 

performance across diverse scenarios. 

 

• Optimization for Computational Efficiency: Implementing strategies for real-time 

adaptation can be explored, allowing the model to dynamically adjust to varying musical 

contexts. This could involve recurrent neural network (RNN) architectures or adaptive learning 

mechanism 

 

• Advancements in Interpretability: Improving the interpretability of AI GenDetect is a 

significant avenue for future research. Exploring techniques such as attention mechanisms or 

model-agnostic interpretability methods can provide insights into the decision-making process 

of the model, enhancing trust and transparency. 
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• User-Friendly Applications: The AI GenDetect model holds promising future applications 

across diverse domains. It could be integrated into social media platforms to automatically 

identify deceptive images, contribute to the security of e-commerce by verifying product 

authenticity, and assist in forensic investigations for law enforcement. Its role in content 

moderation, educational resources, and cybersecurity further extends its impact. The model's 

adaptability allows for customization in various industries, fostering collaboration with 

businesses and organizations. Additionally, continuous research and development will ensure 

its relevance in addressing emerging challenges related to AI-generated content, contributing 

to advancements in image authentication technology. 
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APPENDIX 

A.1 Convolutional Neural Networks (CNNs) 

A.1.1 Overview 

Convolutional Neural Networks (CNNs) form the foundational architecture for image processing 

tasks. They are designed to automatically and adaptively learn spatial hierarchies of features from 

input data. 

 

A.1.2 Architecture 

A typical CNN architecture consists of convolutional layers, pooling layers, and fully connected 

layers. These layers work collaboratively to extract hierarchical representations of features, allowing 

the model to discern patterns in images. 

 

A.2 Error Level Analysis (ELA) 

A.2.1 Purpose 

Error Level Analysis (ELA) is a forensic method used to identify areas of images that may have 

undergone digital manipulation. By subtracting an image from its compressed version, overexposed 

and artificial textures become more apparent. 

 

A.2.2 Application 

In the context of AI GenDetect, ELA is employed during dataset preprocessing to enhance the 

identification of manipulated or AI-generated images. 

 

A.3 TensorFlow and Keras 

A.3.1 TensorFlow 

TensorFlow is an open-source machine learning framework that facilitates the development and 

training of machine learning models, providing comprehensive support for deep learning tasks. 

 

A.3.2 Keras 

Keras is a high-level neural networks API, written in Python and capable of running on top of 

TensorFlow. It simplifies the process of building and experimenting with neural network models. 


