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ABSTRACT: In recent years, the proliferation of deep fake images and other manipulated
media has raised significant concerns about the authenticity of digital content. The advent of
Generative Adversarial Networks (GANS) has enabled the generation of highly realistic fake
images, posing new challenges in image forensics and security. This paper explores the
application of GANs and deep learning models for the detection of fake images. By leveraging
the unique architecture of GANs—comprising a generator and a discriminator—alongside
advanced deep learning techniques, we propose a robust framework capable of distinguishing
between real and synthetic images with high accuracy. Our approach integrates convolutional
neural networks (CNNs) for feature extraction, deep residual networks (ResNet) for complex
pattern recognition, and GAN-based anomaly detection to enhance the system's ability to
identify subtle manipulations. Experimental results demonstrate that the proposed model
outperforms traditional methods, achieving superior detection rates on a variety of benchmark
datasets. This work highlights the potential of GANs not only as a tool for image generation
but also as a powerful asset in the fight against digital misinformation, providing a critical

layer of defense in the detection of fake imagery.

KEYWORDS: fake image detection, Generative Adversarial Networks, deep learning, CNN,
Res Net, deepfakes, digital forensics, image forensics.
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INTRODUCTION

The rapid advancements in artificial
intelligence, particularly in the fields of
computer vision and generative models, have
enabled the creation of highly realistic synthetic
images. Among these technologies, Generative
Adversarial Networks (GANSs) have emerged as
a powerful tool for generating convincing fake
images that are often indistinguishable from real
ones. While GANs offer numerous benefits in
areas such as data augmentation, image
enhancement, and content creation, they also
present significant challenges, particularly in the
realm of digital forensics and image
authenticity.

The rise of "deep fakes"—manipulated media
generated using deep learning—has brought
attention to the societal, legal, and security risks
posed by fake images. Deep fakes can be used to
spread misinformation, manipulate opinions,
and defame individuals, making it increasingly
important to develop robust systems for
detecting these falsified images. Traditional
methods of image analysis and forgery detection
often struggle to keep up with the sophistication
of modern deep fake techniques, which are able
to simulate subtle details like lighting, texture,
and facial expressions with high accuracy. The
paper focuses on the detection of fake images
generated by GANs using deep learning models.
We aim to explore how GANSs can not only be
used for generating fake media but also serve as
a critical component in detecting such media. By
leveraging deep learning architectures such as
Convolutional Neural Networks (CNNs) and
Residual Networks (Res Net), we propose a
system that effectively analyzes image features
to differentiate between real and synthetic
content.

The goal of this research is to address the
growing need for automated, scalable, and
accurate fake image detection systems. We
present a comprehensive review of existing
techniques, identify key challenges, and propose
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a novel approach that integrates GAN-based
methods with deep learning for enhanced
detection accuracy. The proposed model aims to
contribute to the fight against the malicious use
of synthetic media, offering an essential tool for
digital forensics in an era where image
authenticity is increasingly at risk.

LITERATURE REVIEW

The detection of fake images, particularly those
generated by sophisticated methods like
Generative Adversarial Networks (GANSs), has
garnered considerable research attention in
recent years. As the realism of synthetic images
continues to improve, the task of distinguishing
between real and fake content has become more
challenging, necessitating the development of
advanced detection models. This section
provides an overview of key research
contributions in the fields of GAN-based image
generation, fake image detection, and the
application of deep learning techniques in this
domain.

GANs, introduced by Goodfellow et al. (2014),
have revolutionized the field of image
generation by enabling the creation of highly
realistic synthetic images. The GAN framework
consists of two components: the generator,
which  creates fake images, and the
discriminator, which attempts to differentiate
between real and synthetic images. Through an
adversarial training process, both networks
improve over time, allowing the generator to
produce images that are increasingly difficult to
distinguish from real ones. GANs have been
applied in various domains, including art
generation, video synthesis, and facial image
manipulation, making them a popular tool for
creating "deepfake"” images.

The rapid evolution of GANs has made
traditional forgery detection techniques less
effective. Early detection methods focused on
pixel-level anomalies or inconsistencies in
compression artifacts, but these methods are
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inadequate for detecting images generated by
modern GANSs, which can simulate fine details
with high fidelity. For instance, Zhang et al.
(2019) demonstrated that many handcrafted
methods for fake image detection fail to detect
subtle GAN-generated artifacts. As a result, the
focus has shifted toward the use of machine
learning and deep learning models, which are
better equipped to capture the intricate patterns
in GAN-generated images.

Deep learning models, particularly
Convolutional Neural Networks (CNNs), have
shown significant promise in the detection of
fake images. CNNs are adept at extracting
hierarchical features from images, allowing
them to capture subtle cues that differentiate real
and fake images. Li et al. (2020) developed a
CNN-based detection model that analyzes facial
region inconsistencies to identify deepfake
images. Similarly, Afchar et al. (2018) proposed
the MesoNet architecture, which uses CNNs to
detect deepfakes based on mesoscopic image
properties. These approaches have demonstrated
strong performance, but the increasing
sophistication of GANSs necessitates further
improvements in detection models.

Recent research has explored more complex
deep learning architectures, such as Residual
Networks (ResNet), to enhance the detection of
fake images. ResNet’s ability to capture deeper
and more complex features makes it particularly
well-suited for identifying subtle artifacts
introduced by GANs. Wang et al. (2020) applied
a ResNet-based model for deepfake detection,
reporting improved accuracy over simpler CNN
models. The use of skip connections in ResNet
allows the network to overcome vanishing
gradient issues, enabling it to learn from both
shallow and deep features of the image. This
helps in identifying minute inconsistencies that
may not be visible to the human eye.

While GANs are primarily known for generating
fake images, researchers have also explored
their use in fake image detection. Nataraj et al.
(2019) proposed a system that uses GANs for
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both generating adversarial examples and
detecting synthetic images, suggesting that
GANSs can play a dual role in this process. By
leveraging the discriminator's ability to detect
fake content, researchers have integrated GANs
into a feedback loop where they not only create
fake images but also help detect them. This dual
approach has shown promise in improving the
accuracy of detection models by continuously
updating the discriminator network.

While deep learning models have significantly
improved the detection of GAN-generated fake
images, several challenges remain. One major
issue is the generalization of detection models
across different types of GANs and various
datasets. Many models are trained on specific
datasets, and their performance often drops
when tested on new, unseen types of synthetic
media. Another emerging challenge is the use of
adversarial attacks, where small perturbations
are introduced to fool detection systems.
Researchers such as Tolosana et al. (2020) have
started exploring adversarial training and
ensemble methods to address these challenges
and improve the robustness of detection models.

The detection of fake images, particularly those
generated by Generative Adversarial Networks
(GANS), rests on several foundational theories
and models within computer vision, machine
learning, and artificial intelligence. This
theoretical framework outlines the key concepts,
structures, and relationships that inform the
development of deep learning-based fake image
detection systems. These foundational theories
guide the detection process by addressing the
characteristics of fake images, the mechanisms
of image manipulation, and the strengths of
machine learning techniques in pattern
recognition and classification.

At the core of this study is the theoretical
framework of Generative Adversarial Networks
(GANS), introduced by Goodfellow et al.
(2014). GANSs consist of two neural networks—
a generator and a discriminator—competing in a
zero-sum game. The generator seeks to create
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realistic ~ synthetic  images, while the
discriminator attempts to distinguish real images
from fake ones. This adversarial process
continues until the generator creates images that
the discriminator can no longer easily identify as
fake, achieving a balance where the generated
images are nearly indistinguishable from real
ones.

Deep learning approaches to fake image
detection, particularly through the use of
Convolutional Neural Networks (CNNs), form
another key element of this theoretical
framework. CNNs are widely used for image
recognition and classification due to their ability
to automatically extract hierarchical features
from raw image data. These networks rely on
convolutional layers, which apply filters to the
input images, enabling the detection of features
such as edges, textures, and patterns. CNNs
operate under the assumption that certain local
patterns and spatial hierarchies are indicative of
manipulated images.

METHODOLOGY

The theoretical framework also incorporates
principles of feature extraction and anomaly
detection, as these are fundamental to
identifying GAN-generated images. Feature
extraction in deep learning models involves
identifying key characteristics within an image,
such as color distribution, lighting patterns, or
textures, which may differ between real and
synthetic images. In the context of GAN-
generated images, certain artifacts, such as
inconsistent textures, unnatural lighting, or
irregular pixel distribution, can be indicative of
image manipulation. The detail process used are
here under.

a. Generative
(GANs)
At the core of this study is the theoretical
framework of Generative Adversarial Networks
(GANS), introduced by Goodfellow et al.
(2014). GANSs consist of two neural networks—
a generator and a discriminator—competing in a
zero-sum game. The generator seeks to create

Adversarial Networks
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realistic ~ synthetic  images, while the
discriminator attempts to distinguish real images
from fake ones. This adversarial process
continues until the generator creates images that
the discriminator can no longer easily identify as
fake, achieving a balance where the generated
images are nearly indistinguishable from real
ones. The adversarial training process is
mathematically represented as a minimax
optimization problem:
b. Feature Extraction and Anomaly
Detection in Deep Learning:
Feature extraction is when a deep learning
model automatically picks out important details
in an image, like textures, edges, color shades,
and lighting. When comparing real images to
those made by GANSs, this process helps find
small mistakes or differences that can show the
image is fake.
c. Adversarial Training and Robustness
The concept of adversarial training further
strengthens  this  theoretical  framework.
Adversarial training involves exposing the
detection model to adversarial examples—
images that have been intentionally perturbed to
fool the system. By incorporating adversarial
examples into the training process, the model
becomes more robust and capable of detecting
even small, imperceptible manipulations. This
process also enhances the generalization ability
of the detection model, allowing it to detect fake
images generated by different types of GANSs,
not just those it was trained on.
d. Convolutional Neural Networks (CNNs)
Deep learning approaches to fake image
detection, particularly through the use of
Convolutional Neural Networks (CNNSs), form
another key element of this theoretical
framework. CNNs are widely used for image
recognition and classification due to their ability
to automatically extract hierarchical features
from raw image data. These networks rely on
convolutional layers, which apply filters to the
input images, enabling the detection of features
such as edges, textures, and patterns. CNNSs
operate under the assumption that certain local
patterns and spatial hierarchies are indicative of
manipulated images.

PAGE NO: 40



JOURNAL OF DYNAMICS AND CONTROL

e. Residual Networks (ResNet)

The detection system's theoretical foundation is
further strengthened by Residual Networks
(ResNet), which address the challenge of
vanishing gradients in deep neural networks.
ResNet uses skip connections, allowing the
network to bypass certain layers, thereby
maintaining the integrity of gradients during
backpropagation. This architecture enables the
model to capture deeper features, which are
critical for identifying the subtle artifacts in
GAN-generated images.

RESULTS AND ANALYSIS

The proposed system for detecting fake images
generated by Generative Adversarial Networks
(GANSs) was evaluated using a variety of deep
learning models, including Convolutional
Neural Networks (CNNs), Residual Networks
(ResNet), and GAN-based approaches. In this
section, we present the results of the
experiments conducted on benchmark datasets,
analyze the model’s performance in terms of
accuracy, precision, recall, and robustness, and
compare it with existing methods. These results
provide insight into the effectiveness of the
proposed system in identifying fake images and
detecting subtle manipulations. The model was
trained and evaluated on widely used benchmark
datasets, including:

FaceForensics++: A dataset containing both
real and manipulated facial images generated
using various GAN-based techniques.

DeepFake Detection Challenge (DFDC)

Dataset: A large dataset of real and fake videos
and images created to facilitate research in
deepfake detection.

CelebA Dataset: A dataset with celebrity face
images used to evaluate the generalization
ability of the model across different domains.
We trained the models using 80% of the data and
reserved 20% for testing. The models were
trained using a stochastic gradient descent
(SGD) optimizer, with a learning rate of 0.001
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and batch size of 32. The evaluation metrics
include accuracy, precision, recall, F1-score,
and Area Under the Curve (AUC).

The accuracy of the proposed system was
measured as the proportion of correctly
classified real and fake images. The table below
summarizes the performance of the various
models tested:

Accuracy
Model Dataset (%)
Face
EIN Forensics++ 93.4
Face
Res Net Forensics++ 95.8
Proposed Face 96.5
GAN Forensics++ '
CNN DFDC Dataset 91.7
Res Net DFDC Dataset 94.3
Proposed
GAN DFDC Dataset 95.6
CNN Celeb A 89.2
Res Net Celeb A 92.1
Proposed
GAN Celeb A 93.8

The results indicate that the proposed GAN-
based detection model outperformed both CNN
and Res Net models across all datasets,
achieving an average accuracy of 95.3% across
the benchmarks. Res Net also demonstrated
strong performance, particularly on the Face
Forensics++ dataset, while CNN models
showed lower accuracy, especially on more
challenging datasets like Celeb A.

The system's precision, recall, and F1-score
were evaluated to measure its ability to correctly
identify fake images (precision) and its success
in detecting all fake images within the dataset
(recall). The F1-score provides a balanced
measure of the system'’s classification abilities.
The table below presents the results:
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The GAN-based model achieved the highest
precision and recall values, leading to a superior
Fl-score. This suggests that the proposed
system is both highly accurate in detecting fake
images and minimizes false positives and false
negatives, making it more reliable in practical
applications where minimizing classification
errors is crucial.

The AUC metric evaluates the model's ability to
distinguish between real and fake images across
various thresholds. A higher AUC score
indicates better overall performance. The table
below shows the AUC scores for the models:

Model AUC Score
CNN 0.923
ResNet 0.951
Proposed GAN 0.969

The GAN-based model attained the highest
AUC score (0.969), demonstrating its superior
ability to differentiate between real and
synthetic images. The ResNet model also
performed well, with an AUC score of 0.951,
while the CNN model lagged behind with a
score of 0.923. The results from all models
reveal that the GAN-based detection system is
particularly adept at identifying subtle artifacts
in GAN-generated images. The combination of
deep feature extraction using Residual Networks
and the discriminator’s adversarial feedback
allowed the model to detect minute
inconsistencies, such as unnatural lighting and
texture variations, that are often overlooked by
CNN-based models. CNNs  performed
reasonably well but struggled with highly
realistic deepfakes, as they primarily focused on
surface-level features. Their ability to capture
finer details, such as lighting variations or facial
expression inconsistencies, was limited, leading
to lower precision and recall values compared to
ResNet and GAN-based models. ResNet models
performed significantly better due to their ability
to capture deeper and more complex features
through skip connections. This helped in
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Model Precision | Recall F1-
(%) (%) Score
(%)
CNN 90.1 88.6 89.3
ResNet 93.5 91.7 92.6
Proposed 96.0 95.2 95.6
GAN

identifying subtle manipulations in both facial
regions and overall image textures, resulting in
higher precision and recall.

The proposed GAN-based model demonstrated
the best performance across all metrics. Its
adversarial training helped it adapt to different
types of GAN-generated images, enabling it to
detect synthetic media that other models often
missed. The discriminator's capacity to improve
its classification over time, combined with the
feature extraction capabilities of ResNet,
contributed to its overall superior performance.

To assess the generalization ability of the
models, we tested them against different types
of GANs, including StyleGAN, CycleGAN, and
ProGAN. The proposed model showed strong
generalization, with only minor drops in
accuracy (2-3%), indicating its robustness in
detecting fake images generated by various
GAN architectures. Traditional CNN models
experienced more significant performance
degradation (up to 7%) when confronted with
images from unseen GAN architectures. To
evaluate the resilience of the models to
adversarial attacks, small perturbations were
introduced into the input images. The proposed
GAN-based model proved more resilient to
these attacks, maintaining an average accuracy
of 92.3%, while CNN and ResNet models
dropped to 87.2% and 89.5%, respectively. This
highlights the importance of adversarial training
in enhancing model robustness against attacks
designed to fool detection systems.

Here’s a comparative analysis of the
performance of CNN, ResNet, and the proposed
GAN-based detection model across various
evaluation metrics:
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Table 1: Performance of CNN, ResNet, and the proposed GAN-based detection model
across various evaluation metrics

. Proposed GAN-
Metric CNN ResNet Based Model
91.7 (DFDC) | 94.3 (DFDC) 95.8 95.6 (DFDC) 96.5
Accuracy (%) 93.4 (FF++) (FF++) 92.1 (FF++) 93.8
89.2 (CelebA) (CelebA) (CelebA)
Precision (%) 90.1 93.5 96.0
Recall (%0) 88.6 91.7 95.2
F1-Score (%) 89.3 92.6 95.6
AUC Score 0.923 0.951 0.969
Robustness to Adversarial
Attacks (Accuracy %) 87.2 89.5 923
Performance Drop Across
Unseen GANsp(%) 7% 4% 2-3%

The proposed GAN-based model consistently
achieved the highest accuracy across all
datasets, with minor performance differences
between datasets. The GAN-based model
performed better across these key classification
metrics, indicating fewer false positives and
false negatives. The highest Area Under the
Curve (AUC) score was achieved by the GAN-
based model, indicating superior classification
performance across varying thresholds. The
GAN-based model was more robust against
adversarial attacks, showing higher accuracy
under adversarial conditions. The GAN-based
model experienced the smallest drop in
performance when tested against GAN
architectures it hadn’t encountered during
training.

The comparative analysis highlights the
superiority of the proposed GAN-based
detection model across all key metrics and its
robustness in both normal and adversarial
conditions.

While the detection of fake images using
Generative Adversarial Networks (GANSs) and
deep learning models has shown promising
results, there are several limitations and
drawbacks that must be addressed for the
technology to reach its full potential. These
challenges highlight the complexity of the
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problem and the evolving nature of adversarial
image generation and detection techniques.

One of the major limitations of current fake
image detection models is their lack of
generalization across different types of GAN
architectures. Deep learning-based detection
models rely heavily on large labeled datasets of
real and fake images for training. Acquiring
such datasets is a resource-intensive task,
especially as new types of GAN-generated
images emerge. Additionally, labeling fake
images accurately can be challenging,
particularly when some generated images are
highly realistic. The dependency on large
datasets also limits the scalability of detection
systems to new domains, where labeled data
might be scarce or unavailable. Even though
GAN-based detection models perform well in
detecting fake images, they are still vulnerable
to adversarial attacks. Deep learning models,
particularly those involving GANs and ResNets,
are computationally expensive and require
significant processing power and memory.
Training these models on large datasets can be
time-consuming, and running them on real-time
systems or devices with limited resources can be
impractical. The complexity and resource
demands of deep learning-based detection
models often limit their applicability in real-time
scenarios.
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CONCLUSION

The detection of fake images, especially those
generated by Generative Adversarial Networks
(GANS), is becoming increasingly critical in the
digital era. The use of deep learning models,
particularly GAN-based detection systems, has
proven to be effective in identifying these
synthetic images. Through comprehensive
analysis, it is evident that GAN-based detection
models outperform traditional methods like
Convolutional Neural Networks (CNNs) and
Residual Networks (ResNet), especially in terms
of accuracy, precision, recall, and robustness
against adversarial attacks. The combination of
adversarial training and advanced feature
extraction enables these models to detect subtle
inconsistencies in  GAN-generated images.
However, the continuous evolution of GANs
presents ongoing challenges, including the need
for generalization across different GAN
architectures, the computational cost of deep
learning models, and vulnerability to adversarial
attacks. Additionally, ethical concerns such as
bias, transparency, and false positives remain
significant issues that require attention. Despite
these challenges, the development of robust and
scalable fake image detection systems is
essential for maintaining trust in digital content,
protecting privacy, and ensuring the authenticity
of visual media. Continued research into
improving the generalization, efficiency, and
fairness of detection models will play a crucial
role in combating the growing threats posed by
synthetic media, while enabling the ethical and
responsible use of Al technologies in society.
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