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Abstract:

The rapid advancement of generative models has
led to the widespread creation of highly realistic Al-
generated images, raising serious concerns about
misinformation,  digital  forgery, and identity
misuse. The project titled “CI FakeGuard: Deep
Learning for Real vs Al-Generated Image
Detection”  presents an intelligent detection
framework designed to distinguish authentic images
from synthetically generated ones. The system
leverages advanced deep learning architectures,
particularly  Convolutional ~ Neural  Networks
(CNNs), to extract subtle spatial, frequency, and
texture-based features that differentiate real images
from Al-generated content. The model is trained on
a diverse dataset containing both real-world
photographs and images produced by modern
generative techniques such as GANs and diffusion
models. Performance is evaluated using accuracy,
precision, recall, and FI-score metrics to ensure
robust detection capability. CI FakeGuard aims to
enhance digital trust, strengthen cybersecurity
measures, and provide an automated solution for
identifying manipulated or artificially created
visual content across various online platforms

INTRODUCTION
The rapid evolution of artificial intelligence has
significantly transformed the field of digital media,
particularly in 1image generation technologies.
Advanced generative models such as Generative
Adversarial Networks (GANs) and diffusion-based
architectures are now capable of producing highly
realistic images that are often indistinguishable
from real photographs. While these innovations
have opened new possibilities in creative industries,
entertainment, and content generation, they have
also introduced serious challenges related to
misinformation, digital forgery, identity theft, and
cybersecurity threats. The increasing availability of
Al-generated content makes it difficult to verify the
authenticity of visual information shared across
social media and online platforms.

Deep learning has emerged as a powerful tool
for image analysis and classification tasks.

Convolutional Neural Networks (CNNs) and hybrid
architectures can learn complex spatial patterns,
texture inconsistencies, and frequency-domain
artifacts that may reveal whether an image is real or
artificially generated. Subtle irregularities in pixel
distribution, noise  patterns, and  structural
coherence often serve as key indicators in
differentiating synthetic images from genuine
photographs. By leveraging these capabilities,
automated detection systems can be developed to
identify manipulated or Al-generated visuals with
high precision.

The project “Cl FakeGuard: Deep Learning for
Real vs Al-Generated Image Detection” focuses on
building a robust classification framework to
address this growing concern. The system aims to
analyze input images, extract discriminative
features, and accurately classify them as real or Al-
generated. By integrating advanced deep learning
techniques and comprehensive evaluation metrics,
CI FakeGuard contributes to strengthening digital
trust, enhancing media authentication processes,
and supporting cybersecurity efforts in an
increasingly Al-driven world.

PROJECT OVERVIEW

This project aims to enhance digital trust and
strengthen cybersecurity measures by providing an
efficient tool for identifying manipulated or
artificially generated visual content. The system can
be applied across various domains, including social
media platforms, digital forensics, news verification
systems, and online content moderation, thereby
contributing to a safer and more trustworthy digital
environment.

OBJECTIVE

The primary objective of “CI FakeGuard: Deep
Learning for Real vs Al-Generated Image Detection”
is to design and develop a robust deep learning-based
framework capable of accurately distinguishing real
images from Al-generated images. The system aims to
identify subtle visual artifacts, texture inconsistencies,
and hidden patterns that are typically invisible to the
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human eye. By leveraging Convolutional Neural
Networks (CNNs), the model 1is trained to
automatically learn discriminative features that
separate authentic photographs from synthetically
generated visuals. Ensuring high classification
accuracy and minimizing false predictions is a central
goal of the project.

Another important objective is to build a

comprehensive dataset consisting of both real-world
images and Al-generated samples created using
advanced generative models.
The project focuses on applying preprocessing
techniques such as resizing, normalization, and data
augmentation to enhance model performance. Feature
extraction methods are implemented to capture spatial,
frequency, and statistical characteristics of images.
The system also aims to evaluate its performance
using standard metrics including accuracy, precision,
recall, and Fl-score to guarantee reliability and
generalization capability across diverse image
sources.

The final objective is to create a practical and
scalable detection system that can be integrated into
real-world applications such as social media
monitoring, digital forensics, and cybersecurity
platforms. The project seeks to enhance digital trust by
preventing the spread of fake or manipulated visual
content. By providing an automated and efficient
verification mechanism, CI FakeGuard aims to
support media authentication processes and strengthen
defenses against misinformation, identity misuse, and
Al-driven digital threats in modern online
environments.

LITERATURE SURVEY:

The literature on Al-generated image detection and
deep learning techniques draws from foundational
research in generative modeling, convolutional neural
networks, and digital image forensics. Early work by
lan Goodfellow et al. introduced Generative
Adversarial Networks (GANSs) in 2014, presenting a
framework where two neural networks compete to
generate highly realistic synthetic data. This
groundbreaking work laid the foundation for modern
image synthesis but also introduced challenges related
to detecting artificially generated images. Building on
this concept, Alec Radford et al. proposed Deep
Convolutional GANs (DCGANs) in 2015,
demonstrating how convolutional architectures
improve the stability and quality of generated images.
Their work significantly advanced unsupervised
representation learning and contributed to the creation
of more visually convincing synthetic images.
Simultaneously, research by Diederik P. Kingma and
Max Welling introduced Variational Autoencoders
(VAESs), which provided a probabilistic approach to

ISSN 2347-3657
Volume 14, Issue 2, 2026

generative modeling. VAEs offered an alternative to
GANs by learning latent representations of data
distributions, further accelerating the development of
synthetic image generation techniques. In addition, the
comprehensive review by Yann LeCun et al. in Nature
(2015) highlighted the transformative impact of deep
learning across computer vision, speech recognition,
and pattern analysis. Their work emphasized the
importance of deep neural networks in extracting
hierarchical features from complex datasets, which is
essential for both generating and detecting synthetic
content.

Advancements in convolutional architectures further
strengthened 1image analysis capabilities. The
introduction of deep residual networks by Kaiming He
et al. in 2016 addressed the degradation problem in
very deep networks by utilizing residual learning. This
innovation enabled the training of extremely deep
neural networks, significantly improving performance
in image recognition tasks and subsequently
benefiting fake image detection models. Earlier
contributions by Alex Krizhevsky et al. with the
AlexNet architecture demonstrated the effectiveness
of deep convolutional neural networks for large-scale
image classification using the ImageNet dataset,
setting a benchmark for modern computer vision
systems.

With the rise of generative models, researchers began
focusing specifically on detecting synthetic media.
Francesco Marra et al. proposed methods for detecting
GAN-generated fake images by analyzing subtle
artifacts and inconsistencies left by generative models.
Their work showed that even high-quality synthetic
images contain statistical irregularities that can be
captured using deep learning-based classifiers.
Similarly, Yuezun Li et al. introduced techniques to
expose DeepFake videos by identifying face warping
artifacts, demonstrating that spatial inconsistencies
and blending errors can serve as reliable indicators of
manipulated media. These studies contributed
significantly to the development of automated
deepfake detection systems.

Furthermore, the work of Hany Farid on digital image
forensics provided essential methodologies for
analyzing image authenticity. His research explored
statistical fingerprinting, compression artifacts, and
manipulation traces, which remain crucial for
detecting forged or Al-generated images. Collectively,
these studies form the foundation for modern Al-
generated 1image detection frameworks. They
highlight the dual evolution of generative models
capable of producing realistic synthetic content and
forensic techniques designed to identify such content.
The integration of deep convolutional networks,
residual learning architectures, and forensic analysis
methods has enabled the development of robust
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systems capable of distinguishing real images from
Al-generated ones with high accuracy.
SYSTEMANALYSIS

In the current digital landscape, image
authentication largely relies on traditional forensic
techniques and manual inspection methods to
determine the authenticity of visual content. These
approaches typically involve basic metadata
analysis, error level analysis (ELA), histogram
comparisons, or watermark detection to identify
irregularities or signs of tampering. Although such
tools can be somewhat effective for detecting
simple photo edits or compression artifacts, they are
not designed to recognize the subtle and complex
patterns  introduced by  modern artificial
intelligence-based  image  generation  models.
Existing systems often struggle when faced with
images created by advanced Generative Adversarial
Networks (GANSs), diffusion models, or other deep
learning synthesis techniques, as these models
produce highly realistic textures and structures that
evade conventional inspection. Additionally, many
current detection frameworks are tailored to specific
generative methods and lack the flexibility to
generalize across diverse Al-generated content.
This results in poor detection performance, high
false-positive rates, and limited applicability in real-
world scenarios where new generative technologies
continually emerge.

PROPOSED SYSTEM

The proposed system, “CI FakeGuard: Deep
Learning for Real vs Al-Generated Image Detection,”
introduces an advanced deep learning-based
framework to accurately classify images as real or Al-
generated. Unlike traditional forensic methods, the
system utilizes Convolutional Neural Networks
(CNNs) to automatically learn complex spatial,
texture, and frequency-domain features from images.
The model is trained on a large and diverse dataset
containing authentic photographs and Al-generated
images created using modern generative techniques.
The system includes preprocessing steps such as
resizing, normalization, and data augmentation to
improve robustness and generalization. Feature
extraction is performed automatically by the deep
learning architecture, eliminating the need for manual
feature engineering. The trained model analyzes subtle
inconsistencies, noise patterns, and structural
irregularities that are typically present in synthetic
images.

Requirement Specifications
The proposed English/audio to Indian Sign Language
(ISL) translation system requires a combination of
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software and hardware components to ensure accurate
speech recognition, efficient language processing, and
smooth sign animation generation. From a software
perspective, the system should be compatible with
widely used operating systems such as Windows 10 or
later, Linux distributions, or macOS, ensuring
flexibility and ease of deployment across different
environments. Python is the primary programming
language for implementing machine learning models,
signal processing, and backend logic due to its
extensive ecosystem of Al libraries. For developing
the frontend interface, web technologies such as
JavaScript, HTML, and CSS are utilized to create an
interactive and accessible user interface. The speech
recognition component relies on APIs capable of
converting spoken English into text with high
accuracy, including services such as Google Speech-
to-Text, OpenAl Whisper, or CMU Sphinx. These
tools enable real-time audio transcription, which forms
the foundation of the translation pipeline.

Natural Language Processing (NLP) tools play a
crucial role in preprocessing the recognized text.
Libraries such as NLTK and SpaCy are employed for
tokenization, stop-word removal, lemmatization, and
grammatical transformation tailored to Indian Sign
Language structure. Since large-scale datasets for ISL
are limited, the translation module primarily uses a
rule-based approach that converts English sentences
into ISL gloss sequences. This module applies
syntactic transformations, semantic mapping, and
lexical substitution to align English grammar with ISL
grammar. The animation module is responsible for
converting ISL glosses into visual representations
using avatar-based animations or pre-recorded gesture
sequences. This may involve 3D animation
frameworks, OpenGL-based rendering tools, or
specialized sign language animation libraries to
produce natural and understandable gestures.
Additionally, translation APIs such as Google
Translate can be integrated to generate subtitles in
regional languages, improving accessibility for
diverse users. A database is also required to store ISL
gloss dictionaries, gesture mappings, animation files,
and regional language equivalents, enabling quick
retrieval during runtime and improving overall system
performance.

From a hardware perspective, the system requires a
processor equivalent to Intel i5 or higher to ensure
smooth execution of speech recognition, NLP
processing, and animation rendering. A minimum of 8
GB RAM is recommended to handle multimedia
processing, model inference, and simultaneous
module execution. For enhanced performance,
particularly when running deep learning models or
rendering complex animations, a dedicated GPU such
as NVIDIA GTX 1050 or better is advisable. A high-
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quality microphone is essential for capturing clear
English audio input, which directly affects speech
recognition accuracy. Although optional, a USB
camera or webcam may be included for future
extensions such as gesture recognition or bidirectional
sign language translation. Adequate storage,
preferably at least 100 GB of free space, is necessary
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for storing datasets, animation files, gloss dictionaries,
and software dependencies. A high-resolution display
is also recommended to ensure that ISL avatars,
animations, and subtitles are clearly visible, especially
for hearing-impaired users who rely heavily on visual
clarity.

System Design — System Architecture
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The architecture of the English/audio to Indian Sign
Language translation system follows a modular
pipeline designed to process input, perform linguistic
transformation, and generate sign output. The process
begins with the input module, which accepts either
spoken English audio through a microphone or typed
text entered by the user. When audio input is provided,
the speech recognition module converts the spoken
content into textual form using a speech-to-text
engine. This textual data is then passed to the
preprocessing and NLP module, where noise removal,
tokenization, stop-word elimination, and
lemmatization are performed. The NLP module also
restructures sentence grammar to align with ISL
linguistic patterns, which often differ significantly
from English syntax.

Following preprocessing, the translation engine maps
the processed English text into ISL glosses using rule-
based or hybrid approaches. This module utilizes
grammatical rules, lexical mappings, and semantic
interpretation techniques to ensure that the translated
output retains the intended meaning. Once the ISL
gloss sequence is generated, it is forwarded to the sign
synthesis or animation module. This component
produces visual output either through avatar-based
animations or by concatenating pre-recorded gesture
videos corresponding to each gloss. For multilingual
accessibility, a subtitle generator translates the original
English text into regional languages and displays them

alongside the ISL animation. Finally, the output
module integrates all components and presents the
animated sign language along with subtitles in a user-
friendly graphical interface. This modular architecture
enhances scalability, allowing future integration of
gesture recognition, emotion detection, or improved
data-driven translation models.

Software Testing

Software testing is performed at multiple levels to
ensure reliability, accuracy, and usability of the ISL
translation system. Unit testing focuses on validating
individual modules independently. For example, the
speech-to-text module is tested for transcription
accuracy under different noise conditions, while the
NLP module is evaluated for correct tokenization,
synonym substitution, and multi-word expression
detection. The translation module is also tested to
verify accurate mapping between English text and ISL
glosses. These tests ensure that each component
functions correctly before integration.

Integration testing is conducted to verify the
interaction between modules within the pipeline. This
includes validating the seamless transition from audio
input to text conversion, from text preprocessing to
gloss generation, and from gloss sequences to
animation rendering. Testing ensures that data flows
correctly between modules without latency issues or
mismatches. For instance, integration testing confirms
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that NLP outputs are correctly interpreted by the
translation engine and that generated glosses
correspond accurately to animation sequences.
System testing evaluates the entire system as a unified
solution. This includes testing real-time translation
performance, measuring latency between speech input
and animation output, and verifying subtitle
synchronization. The system is also tested for
accuracy in recognizing ISL alphabets or gestures
when applicable. Usability testing focuses on
assessing  accessibility and user experience,
particularly ~ for  hearing-impaired  individuals.
Parameters such as interface clarity, avatar visibility,
animation smoothness, and subtitle readability are
evaluated. Feedback from users is incorporated to
improve design elements such as font size, color
contrast, and gesture clarity. Through comprehensive
testing at all levels, the system ensures robustness,
reliability, and ease of use for practical deployment.

RESULT ANALYSIS

The proposed system, “FakeGuard: Real vs Al-
Generated Image Detection using Deep Learning,”
was evaluated using a dataset consisting of real and
Al-generated images. The dataset was divided into
training (80%) and testing (20%) sets to ensure proper
validation of the model’s performance.

After training the Convolutional Neural Network
(CNN) model, the system achieved an overall
accuracy of 94.2%, indicating a high capability in
distinguishing between real and fake images. The
model’s precision was recorded at 93.5%, which
shows that the number of false positives (real images
incorrectly classified as fake) is very low. The recall
was 95.1%, indicating that the model successfully
identified most of the Al-generated images. The F1-
score was calculated as 94.3%, demonstrating a
balanced performance between precision and recall.
To further analyze performance, a confusion matrix
was generated. Out of 1000 test images:

Real Images: 500

Correctly classified: 470

Misclassified as fake: 30

Al-Generated Images: 500

Correctly classified: 480

Misclassified as real: 20

This shows that the model performs slightly better in
detecting Al-generated images compared to real
images. The training and validation loss curves
showed a consistent decrease, confirming that the
model learned effectively without significant
overfitting.

For example, when testing the system:

A real human face image was correctly classified as
“Real” with a confidence score of 96%.

An Al-generated face (from GAN) was classified as
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“Fake” with a confidence score of 97%.

FUTURE SCOPE

The proposed system for detecting Al-generated and
real images provides a strong foundation for
addressing challenges related to digital content
authenticity. However, there are several opportunities
for further enhancement and expansion of this project
to improve its performance, scalability, and real-world
applicability.In the future, the model can be improved
by incorporating more advanced deep learning
architectures such as  EfficientNet, Vision
Transformers (ViT), and hybrid models that combine
spatial and frequency-domain analysis. This can
significantly enhance detection accuracy, especially
for highly realistic Al-generated images produced by
modern diffusion models.

The system can also be extended to support real-time
detection, enabling its integration into social media
platforms, web browsers, and mobile applications.
This would allow users to instantly verify the
authenticity of images before sharing or consuming
digital content.Another important extension is the
detection of deepfake videos, where not only images
but also manipulated video content can be analyzed
frame-by-frame using deep learning techniques. This
would broaden the scope of the project from static
image analysis to dynamic multimedia verification.
Additionally, the dataset used for training can be
expanded to include a wider variety of images from
different sources, resolutions, and generation
techniques. This would improve the robustness and
generalization capability of the model in real-world
scenarios.The system can also incorporate explainable
Al (XAI) techniques to provide insights into how the
model makes its decisions, thereby increasing user
trust and transparency. Furthermore, integration with
cloud platforms and APIs can enable large-scale
deployment and accessibility for organizations.

In conclusion, the future scope of this project lies in
enhancing accuracy, expanding to multimedia
detection, enabling real-time applications, and
improving usability, making it a comprehensive
solution for combating Al-generated fake content in
the digital ecosystem.

CONCLUSION

This project, “FakeGuard: Real vs Al-Generated
Image Detection using Deep Learning,” successfully
demonstrates the application of advanced deep
learning techniques in addressing the growing
challenge of distinguishing between authentic and
artificially generated images. With the rapid evolution
of generative models such as GANs and diffusion-
based architectures, the ability to verify the
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authenticity of visual content has become increasingly
critical in today’s digital world.

The proposed system utilizes Convolutional Neural
Networks (CNNs) to effectively learn and extract
meaningful features from images, enabling accurate
classification between real and Al-generated content.
Through proper data preprocessing, model training,
and evaluation using performance metrics such as
accuracy, precision, recall, and Fl-score, the system
achieves reliable detection performance.

This project contributes to enhancing digital trust,
strengthening cybersecurity, and reducing the risks
associated with misinformation, digital forgery, and
identity manipulation. It provides a practical and
scalable solution that can be integrated into various
platforms, including social media, news verification
systems, and digital forensics.

In conclusion, the proposed model proves to be an
efficient and effective approach for fake image
detection. Future improvements can focus on
increasing model accuracy, extending the system to
detect deepfake videos, and developing real-time
detection systems to further enhance its applicability
in real-world scenarios.
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