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Abstract

The rapid advancement of image generation and manipulation techniques has signifi-
cantly increased the prevalence of highly realistic fake imagery, posing critical challenges
for applications that rely on the integrity of remote sensing data. Detecting such manip-
ulations is particularly difficult due to the heterogeneous nature of forgery mechanisms,
which introduce fundamentally different and often non-overlapping artefacts.

This thesis investigates the detection of fake remote sensing images from a representation-
driven perspective. Challenging the conventional assumption that all manipulated images
share common detectable patterns, this work demonstrates that different manipulation
types—specifically GAN-generated images and copy-move forgery (CMF)—exhibit dis-
tinct characteristics that require fundamentally different feature representations. Through
systematic analysis using frequency-domain (FFT), wavelet-based, and data-driven de-
composition methods, it is shown that detection performance is strongly dependent on
the alignment between feature representation and manipulation characteristics.

To explore this dependency, multiple models are employed, including representation-
specific ResNet architectures and the interpretable Geo-DefakeHop framework. Experi-
mental results reveal that detection models do not fail randomly; instead, their failures are
structured and directly linked to the type of representation they employ. Models trained
on specific manipulation types exhibit limited generalisation due to a fundamental mis-
match between the learned features and the underlying artefacts.

To address this limitation, a representation-aware hierarchical ensemble framework is
proposed. The framework integrates multiple specialised models through a conditional
decision mechanism that adaptively selects and combines representations based on input
characteristics. Unlike conventional ensemble methods, this approach explicitly accounts
for representation compatibility, enabling the system to leverage complementary strengths
while reducing conflicting predictions. As a result, the proposed framework achieves more
robust and balanced performance across diverse manipulation types without requiring
prior knowledge of the forgery type.

Overall, this work establishes that fake image detection is inherently a multi-characteristic
and representation-dependent problem. It provides both empirical evidence and a princi-
pled framework for transitioning from single-model detection to adaptive, representation-
aware systems, offering improved robustness, interpretability, and generalisation in re-
mote sensing image forensics.
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1. Introduction

1.1. Introduction

The rapid advancement of image generation and manipulation techniques has led to a
signi�cant increase in the availability of highly realistic fake imagery. This development
poses serious risks in domains where visual data integrity is critical, such as remote sens-
ing, security, and digital forensics. In these applications, incorrect interpretation of manip-
ulated imagery may lead to faulty decision-making with potentially severe consequences.
In remote sensing, where imagery serves as a primary source for environmental monitor-
ing, border security, and strategic intelligence, the emergence of highly realistic, manipu-
lated geospatial imagery could pose signi�cant geopolitical risks or compromise disaster
response efforts. Unlike natural images, multispectral, high-resolution remote sensing im-
ages demand a level of integrity that current single-domain detectors cannot guarantee.

Despite substantial progress in fake image detection, existing approaches largely rely
on a single model or a �xed feature representation. These methods implicitly assume that
all types of manipulated images share common detectable characteristics. However, this
assumption does not hold in practice.

Different manipulation techniques introduce fundamentally different artefacts. For in-
stance, GAN-generated images often exhibit subtle inconsistencies in the frequency do-
main due to the underlying generation process, whereas copy-move forgery (CMF) pro-
duces spatially localised duplications that preserve global image statistics. As a result,
detection performance becomes highly dependent on the compatibility between the cho-
sen feature representation and the underlying manipulation characteristics.

This thesis is built on the central hypothesis that fake image detection is strongly dependent
on the choice of feature representation. In other words, detection models do not fail randomly;
instead, their failures are systematic and directly linked to the type of features they are de-
signed to capture. Models that rely on frequency-domain representations perform well on
GAN-generated images but fail to detect spatial manipulations such as CMF. Conversely,
spatially focused models succeed in detecting CMF but struggle with GAN-based arte-
facts.

To investigate this hypothesis, this work conducts a systematic analysis of multiple rep-
resentation strategies, including frequency-domain, wavelet-based, and data-driven fea-
ture decomposition methods. The analysis reveals that each model captures only a subset
of manipulation characteristics, leading to complementary strengths and weaknesses. This
observation highlights a fundamental limitation of current approaches and motivates the
need for adaptive detection strategies. The primary goal of this thesis is to bridge the gap
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1. Introduction

between speci�c manipulation types and their optimal feature representations. By system-
atically deconstructing the failure modes of current models, this work aims to transition
from universal yet limited detection to an adaptive, robust hierarchical framework that
operates without prior knowledge of the manipulation type.

Motivated by these �ndings, this thesis proposes a representation-aware hierarchical
ensemble framework for fake image detection. Instead of relying on a single model, the
proposed approach introduces a conditional decision mechanism that adaptively selects
and combines models based on the characteristics of the input image. This enables the
system to leverage complementary representations and improve robustness across diverse
manipulation types without requiring prior knowledge of the forgery type.

1.2. Thesis Contribution

The main contributions of this thesis are summarised as follows:

• Development and Analysis of Two Detection Approaches: Two complementary
methods for fake remote sensing image detection are implemented and analysed,
namely (i) ResNet-based models operating on frequency representations, and (ii) the
Geo-DefakeHop framework for interpretable, channel-wise analysis.

• Proposal of a Representation-Aware Hierarchical Ensemble: An ensemble frame-
work is proposed to combine complementary models and improve robustness across
different manipulation types.

• Framework Implementation and Reproducibility: All proposed methods and ex-
perimental pipelines are implemented and integrated into a uni�ed framework, and
contributed to a GitHub repository.

• Systematic Documentation and Analysis of Experiments: All conducted experi-
ments are thoroughly documented and analysed across multiple datasets, supported
by interpretability techniques such as Grad-CAM and patch-level visualisations to
explain model behaviour.

Importantly, this work not only improves detection performance but also provides in-
sight into why models succeed or fail under different manipulation scenarios.

Overall, this work challenges the conventional assumption that a single model can ro-
bustly detect all types of fake images. Instead, it shows that fake image detection should
be treated as a multi-characteristic problem, requiring adaptive, representation-aware so-
lutions.

The remainder of this thesis is structured as follows: Chapter  2 reviews the literature on
remote sensing analysis and forgery detection. Chapter  3 describes the datasets and their
spectral characteristics. The proposed methodology, including ResNet-based and Geo-
DefakeHop frameworks, is detailed in Chapter  4 . Chapter  5 presents the experimental
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1.2. Thesis Contribution

results, interpretability analyses, and cross-dataset evaluations. Finally, Chapter  7 sum-
marises the key �ndings and outlines future research directions. Together, these chapters
provide a comprehensive analysis of representation-dependent behaviour and motivate
the proposed ensemble framework.
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2. Literature Review

2.1. Challenges in Multispectral Remote Sensing Image Forensics

Remote sensing (RS) images play a critical role in applications such as environmental mon-
itoring, urban planning, and security analysis. Due to their high spatial resolution, multi-
band structure, and large coverage areas, RS images contain complex patterns and rich
semantic information. However, these same properties also increase their vulnerability to
manipulation and make reliable analysis signi�cantly more challenging [ 14 ].

Unlike natural images, remote sensing imagery introduces additional complexities for
forgery detection. These include signi�cant variations in scale and viewpoint, heteroge-
neous spectral characteristics, and numerous small objects distributed over wide spatial
regions[ 38 ]. Such properties fundamentally differ from those of conventional natural im-
age datasets, leading to a mismatch between the assumptions underlying traditional image
forensics methods and the characteristics of RS data. As a result, many existing approaches
struggle to generalise effectively when applied to remote sensing imagery[ 4 ].

Furthermore, the limited availability of large-scale RS forgery datasets restricts the ef-
fectiveness of data-driven methods and further exacerbates generalisation issues [ 4 ]. This
scarcity not only affects model performance but also limits the ability to learn robust and
transferable manipulation features.

Overall, the challenges in remote sensing image analysis primarily stem from the com-
plexity and heterogeneity of the data itself. This data-centric dif�culty is further ampli�ed
by the diversity of manipulation mechanisms, which introduce fundamentally different
types of artefacts[ 6 ].

2.2. Fake Image Generation Methods

The diversity of manipulation mechanisms plays a central role in the dif�culty of detecting
fake images.

Fake image generation methods can be broadly categorised into learning-based manipu-
lation techniques and region-based manipulation techniques, which differ not only in how fake
content is produced but also in the nature of the artefacts they introduce[ 35 ]. Among these
categories, GAN-based methods represent the most prominent class of learning-based ma-
nipulations, while copy-move forgery (CMF) is a representative example of region-based
manipulation. These two paradigms are particularly important as they introduce funda-
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2. Literature Review

mentally different artefact characteristics, making them suitable for analysing the chal-
lenges of fake image detection.

Generative Adversarial Networks (GANs) are among the most in�uential frameworks
for synthetic image generation. Models such as CycleGAN enable unpaired image-to-
image translation through cycle-consistency constraints, allowing realistic transformations
between domains[ 4 ]. Despite their high visual quality, GAN-generated images often ex-
hibit subtle inconsistencies in texture and high-frequency details. Even advanced models
such as StyleGAN2, which reduce visible artefacts and improve visual realism, do not
fully capture natural frequency distributions, particularly in high-frequency components,
resulting in detectable spectral discrepancies [ 22 ].

These inconsistencies are largely attributed to up-sampling operations in generative net-
works, which introduce systematic distortions in the frequency domain [ 36 ]. Additionally,
GANs exhibit a frequency bias, prioritising low-frequency content while underrepresent-
ing �ne-grained details. As a result, GAN-generated images are primarily characterised
by global frequency-domain artefacts.

In contrast, copy-move forgery (CMF) is a classical manipulation technique in which a
region of an image is duplicated within the same image. Since the copied region shares
identical colour, texture, and noise properties with the original content, CMF does not in-
troduce new synthetic information. Instead, it alters the image's spatial structure, making
detection inherently challenging [ 2 ].

Unlike GAN-based methods, CMF preserves global image statistics while introducing
localised structural inconsistencies in the form of duplicated or transformed regions. As a
result, CMF detection relies on identifying intra-image similarity rather than global sta-
tistical deviations[ 8 ]. Overall, GAN-based generation and CMF represent fundamentally
different manipulation paradigms, introducing largely distinct artefact characteristics.

2.3. Fake Image Detection Methods

2.3.1. GAN-generated Image Detection

The increasing realism of GAN-generated images has motivated extensive research on de-
tection methods. Early approaches primarily focus on spatial artefacts, such as colour
inconsistencies, checkerboard patterns, and structural irregularities introduced during im-
age generation. While effective for earlier GAN models, these artefacts have become in-
creasingly less reliable as modern architectures produce more visually realistic outputs[ 30 ].

To address this limitation, more recent approaches shift towards frequency-domain anal-
ysis. It has been shown that GAN-generated images exhibit systematic discrepancies in
high-frequency components, which can serve as reliable forensic cues. These spectral
artefacts arise from limitations of generative models, particularly their inability to accu-
rately reproduce natural image statistics. As a result, frequency-based representations
have emerged as a powerful tool for detecting GAN-generated content[ 12 ].
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2.3. Fake Image Detection Methods

Recent studies have speci�cally tailored these frequency-domain insights to the unique
challenges of remote sensing data. For instance, a neural network-based spectral detec-
tor was investigated, designed to identify artefacts produced by the upsampling blocks
inherent in most generative adversarial networks (GANs). Their work emphasises that
although many detectors are tested on fully forged images, detecting partial inpainting in
RS imagery—where only speci�c regions are counterfeited—remains a more complex and
practically relevant challenge. By utilising a ResNet-34 architecture trained on amplitude-
spectrum-derived spectral features, their approach demonstrated strong performance in
detecting localised forgeries produced by advanced generators, such as those employing
dedicated edge-learning subnets. This further underscores the potency of spectral analysis
in bridging the gap between general image forensics and the high-resolution requirements
of remote sensing analysis[ 13 ].

Another important observation is the spectral bias of neural networks, where models
tend to prioritise learning low-frequency components over high-frequency details [ 29 ].
This bias further ampli�es the distinction between real and generated images, as GAN-
generated images often fail to capture �ne-grained high-frequency structures. Conse-
quently, detection methods that explicitly leverage frequency-domain information can bet-
ter exploit these inconsistencies.

In addition to frequency-based approaches, several methods focus on identifying model-
speci�c �ngerprints embedded in generated images. These �ngerprints arise from archi-
tectural design choices and training dynamics, enabling not only detection but also attri-
bution to speci�c generative models [ 25 ].

Although certain artefact patterns may be shared across some GAN models, their char-
acteristics often vary depending on the underlying architecture and generation process. As
a result, their performance may degrade when applied to images generated by unseen or
more advanced models. This lack of generalisation suggests that many approaches implic-
itly rely on speci�c artefact patterns rather than learning robust, manipulation-invariant
representations[ 13 ].

Furthermore, most detection methods are designed under the assumption that GAN-
generated images share common and, detectable characteristics[  41 ]. However, as dis-
cussed in the previous section, manipulation artefacts vary signi�cantly across different
generation mechanisms and model architectures. This mismatch between assumed and
actual artefact distributions limits the effectiveness of single-representation approaches.

Overall, these �ndings indicate that while frequency-based and �ngerprint-based meth-
ods are effective within speci�c settings, they have limited ability to generalise across
diverse generative models. This limitation suggests that GAN detection appears to be
representation-dependent, motivating the exploration of more adaptive and complemen-
tary detection strategies.
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2. Literature Review

2.3.2. Copy-Move Forgery Detection Methods

Copy-move forgery detection (CMFD) is a fundamental problem in digital image foren-
sics, particularly challenging due to the high similarity between the source and duplicated
regions[ 21 ]. Unlike generative manipulations, CMF does not introduce new content but
instead reuses existing image regions, preserving global image statistics while altering
spatial structure[ 28 ]. This makes detection inherently dif�cult, as the manipulation is of-
ten visually indistinguishable from authentic content.

Existing CMFD methods can be broadly categorised into three groups: keypoint-based,
block-based, and deep learning-based approaches, each targeting different aspects of sim-
ilarity detection[ 34 ].

Keypoint-based Methods

Keypoint-based methods extract distinctive local features, such as SIFT or SURF, and per-
form matching across the image to identify duplicated regions[ 15 ]. These approaches are
computationally ef�cient and robust to geometric transformations such as rotation and
scaling. However, their effectiveness is limited in smooth or low-texture regions where
distinctive keypoints are scarce[ 16 ]. As a result, they tend to struggle to detect forgeries in
homogeneous areas, which is common in remote sensing imagery[ 40 ].

Block-based Methods

Block-based methods divide the image into overlapping or non-overlapping regions and
extract features such as DCT coef�cients, PCA components, or wavelet representations[ 21 ].
These methods are better suited for detecting duplicated regions in low-texture areas and
can handle certain post-processing operations, such as compression and noise reduction.
However, block-based approaches suffer from high computational complexity due to ex-
haustive matching and are sensitive to geometric transformations such as scaling and
rotation[ 18 ]. Furthermore, their reliance on local similarity makes them vulnerable to false
positives when naturally repetitive patterns are present.

Deep Learning-based Methods

Deep learning approaches have signi�cantly improved CMFD performance by enabling
automatic feature extraction and end-to-end learning. Convolutional Neural Networks
(CNNs), segmentation-based architectures, and multi-scale models are widely used for
detecting and localising forged regions[ 1 ].

Recent methods formulate CMFD as a dense prediction or segmentation problem, allow-
ing pixel-level localisation of tampered regions[ 37 ][ 33 ]. Advanced architectures incorpo-
rate multi-branch designs, attention mechanisms, and feature fusion strategies to enhance
robustness and detection accuracy [ 28 ].
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2.4. Limitations and Challenges

Despite these advances, deep learning-based CMFD methods exhibit several limitations.
They require large-scale annotated datasets, which are often scarce in remote sensing sce-
narios, and their performance is highly dependent on the characteristics of the training
data[ 42 ]. Moreover, these models tend to learn similarity patterns speci�c to particular
datasets, leading to limited generalisation across different manipulation settings[ 44 ].

More fundamentally, many CMFD approaches rely on detecting intra-image similarity
as the primary cue for forgery. While effective for identifying duplicated regions, this
strategy introduces ambiguity, as natural images often contain repetitive structures that
resemble manipulated patterns[ 44 ]. As a result, models may produce false positives in
real images or struggle to detect subtle manipulations when similarity cues are weak.

Overall, these limitations indicate that CMF detection is primarily driven by spatial
similarity rather than global statistical inconsistencies. This distinguishes it from GAN-
generated image detection and suggests that detection methods bene�t from relying on
representation strategies that emphasise local structural relationships[ 14 ][ 35 ]. Consequently,
approaches designed for frequency-based artefact detection may have limited transferabil-
ity to CMF, further highlighting the need for representation-aware and complementary
detection frameworks[ 11 ].

2.4. Limitations and Challenges

Despite signi�cant progress, fake image detection remains a challenging problem due to
several fundamental limitations that are closely tied to the nature of manipulation artefacts
and feature representations.

• Limited Generalisation: Detection models are typically trained on speci�c manip-
ulation types and tend to learn artefact patterns that are characteristic of the train-
ing data[ 13 ]. As a result, their performance may degrade when applied to unseen
manipulation types or images generated by different models. This suggests that
many approaches rely on manipulation-speci�c cues rather than learning general-
isable representations.

• Data Dependency: Deep learning-based methods require large-scale annotated datasets
to achieve strong performance[ 42 ]. However, in specialised domains such as remote
sensing, such datasets are limited in size and diversity. This restricts models' ability
to learn robust, transferable features, further exacerbating generalisation issues.

• Frequency Bias: Neural networks exhibit a well-known bias towards low-frequency
components, often neglecting high-frequency details [ 41 ]. While high-frequency arte-
facts are critical for detecting GAN-generated images, this bias can limit the effective-
ness of standard deep learning approaches unless explicitly addressed.

• Heterogeneity of Forgeries: Different manipulation techniques introduce funda-
mentally different types of artefacts. GAN-generated images are characterised by
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global frequency inconsistencies[ 41 ], whereas copy-move forgery relies on localised
spatial duplication[ 44 ]. These differences suggest that a single feature representation
may not be suf�cient to effectively capture all types of manipulation.

More importantly, these challenges are not independent but are intrinsically connected
through the concept of representation. The limited ability of models to generalise, their
sensitivity to data distribution, and their dependence on speci�c artefact types all sug-
gest a mismatch between the chosen feature representation and the underlying manipula-
tion characteristics. This highlights an important limitation of many existing approaches,
which often assume that a single model or representation can effectively capture differ-
ent types of manipulation artefacts. However, as discussed in the previous sections, this
assumption may not always hold in practice [ 13 ].

Therefore, effective fake image detection calls for adaptive strategies that explicitly ac-
count for the diversity of manipulation mechanisms and the representation-dependent
nature of detection[ 14 ]. This motivates approaches that combine complementary feature
representations and leverage their strengths in a structured manner[ 35 ].

2.5. Motivation for Multi-Model Approaches

GAN-generated images can be more effectively detected using frequency-domain repre-
sentations [ 41 ], whereas copy-move forgery (CMF) relies on spatial-similarity analysis [ 44 ].
This observation highlights a key limitation of existing approaches: many detection meth-
ods rely on a single model and a �xed feature representation, implicitly assuming that all
manipulation types share similar detectable patterns. However, as discussed in the previ-
ous sections, this assumption may not always hold in practice and can lead to performance
degradation when models are applied to heterogeneous manipulation types [ 25 ,  13 ].

To address this limitation, multi-model or ensemble-based frameworks have been pro-
posed to combine complementary detection strategies[ 28 ]. By integrating deep learning,
frequency-domain analysis, and statistical methods, these systems aim to leverage diverse
feature representations and improve robustness across different manipulation scenarios.

However, existing ensemble approaches often combine models in a uniform or parallel
manner, without explicitly considering the relationship between feature representations
and manipulation characteristics[  28 ]. As a result, they may fail to fully exploit the comple-
mentary nature of different models, leading to inconsistent or con�icting predictions.

These limitations suggest the need for more structured and adaptive ensemble strategies[ 35 ].
In particular, hierarchical and conditional frameworks enable dynamic model selection
based on input characteristics, allowing the system to prioritise the most relevant repre-
sentation for a given manipulation type.

Therefore, effective fake image detection bene�ts from not only combining multiple
models but also explicitly aligning model selection with manipulation-speci�c character-
istics. This perspective motivates the development of representation-aware multi-model
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frameworks, where complementary models are integrated in a structured and adaptive
manner with the goal of improving robustness and generalisation.
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3. Datasets

The datasets used in this study are selected for their relevance to state-of-the-art (SOTA)
research on fake remote sensing image detection. In particular, the selected datasets are
widely used in the literature and serve as benchmarks in recent studies.

This choice ensures that the experimental evaluation aligns with current research prac-
tices and enables meaningful comparison with existing approaches. Additionally, the
datasets represent different manipulation paradigms, including both generative model-
based synthesis and spatial manipulation-based forgery, re�ecting the diversity of scenar-
ios addressed in prior work.

Due to the limited availability of publicly accessible remote sensing forgery datasets, a
set of representative and widely used datasets is selected to balance diversity and experi-
mental feasibility.

3.1. Selected Datasets

The datasets used in this study include the FSI dataset, the DM-AER dataset, and a copy-
move forgery (CMF) dataset derived from the RSCMQA framework. These datasets are
selected to re�ect different manipulation mechanisms and to enable a comparative analysis
of their characteristic artefacts.

3.1.1. The Fake Satellite Imagery Dataset

The FSI dataset[ 43 ] consists of 2,032 real and 2,032 fake images generated using Cycle-
GAN. The generated images introduce subtle inconsistencies, particularly in frequency
distributions.

As shown in Figure  3.1 , the FSI dataset contains both real and CycleGAN-generated
satellite images. Although the fake images appear visually realistic, they may contain
subtle inconsistencies that are not easily observable in the spatial domain.

3.1.2. The DeepMedia Aerial Deepfake Dataset

Similar to the FSI dataset, the DM-AER dataset[ 9 ] contains aerial imagery generated us-
ing StyleGAN2 under diverse environmental conditions[  9 ]. To maintain computational
feasibility and class balance, a subset of 4,000 images (2,000 real and 2,000 fake) is used.
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3. Datasets

Figure 3.1.: Example images from the FSI (Fake Satellite Imagery) dataset. (a) Original map
tile, (b) corresponding real satellite image, and (c)-(d) CycleGAN-generated
fake images incorporating visual patterns from different geographic regions.
Adapted from [ 43 ].

As shown in Figure  3.2 , the DM-AER dataset includes both real and StyleGAN2-generated
aerial images. The generated samples closely resemble real images in terms of visual ap-
pearance, re�ecting the high quality of modern generative models.

3.1.3. Copy-Move Forgery Dataset

In contrast to GAN-based datasets, the CMF dataset is constructed from real remote sens-
ing imagery, where manipulation is introduced by duplicating regions within the same
image.

CMF datasets involve duplicating image regions, resulting in manipulated areas that
share visual characteristics with the original content. This makes them suitable for evalu-
ating spatially localised representations.

As shown in Figure  3.3 , CMF images are created by duplicating regions within the same
image. As a result, the duplicated areas preserve similar colour, texture, and structural
properties as the original content.

Although these datasets are introduced individually, they can be grouped based on their
underlying manipulation mechanisms. Speci�cally, FSI and DM-AER represent generative
model-based manipulations, whereas the CMF dataset represents spatial manipulation-
based forgery.
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(a) Real (b) Fake (StyleGAN2)

(c) Real (d) Fake (StyleGAN2)

Figure 3.2.: Example images from the DM-AER dataset. Each row presents a real aerial
image (left) and a corresponding StyleGAN2-generated fake image (right).

The selection of these datasets is directly motivated by the central hypothesis of this the-
sis. Each dataset represents a distinct type of manipulation with fundamentally different
characteristic properties.

GAN-generated datasets introduce globally distributed artefacts, particularly in the fre-
quency domain, as a result of the generative process. In contrast, CMF datasets preserve
global image statistics while introducing localised structural inconsistencies through re-
gion duplication.

Although both FSI and DM-AER datasets are GAN-generated, they are produced using
different generative models, namely CycleGAN and StyleGAN2, which rely on distinct
generation mechanisms. As a result, they exhibit different artefact characteristics despite
belonging to the same manipulation category.

Together, these differences enable a systematic investigation of how different feature
representations respond to different manipulation characteristics. This design is essential
for analysing whether detection models learn generalisable features or remain dependent
on speci�c manipulation types.

Table  3.1 summarises the datasets used in this study.
To enable a fair and controlled comparison, all datasets are balanced with equal numbers

of real and fake samples. This reduces potential bias toward a particular class and helps

21



3. Datasets

(a) Real (b) Fake (Copy-Move)

(c) Real (d) Fake (Copy-Move)

Figure 3.3.: Example images from the CMF dataset. Each row presents a real image (left)
and a corresponding copy-move manipulated image (right).

Table 3.1.: Summary of datasets used in this study
Dataset Manipulation Type Real Fake Total
FSI CycleGAN 2,032 2,032 4,064
DM-AER (subset) StyleGAN2 2,000 2,000 4,000
CMF (RSCMQA-based) Copy-Move 2,000 2,000 4,000
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ensure that performance differences are primarily attributable to representation compati-
bility rather than class imbalance.

3.2. Dataset Characteristics

Understanding the differences among manipulation types is important for analysing the
role of feature representation in fake image detection. To examine these differences, frequency-
domain representations are analysed using the Discrete Cosine Transform (DCT).

Previous studies suggest that GAN-generated images may exhibit irregularities in mid-
and high-frequency regions due to the generative process, resulting in non-uniform spec-
tral responses [ 36 ]. In contrast, real images typically exhibit smoother, more natural fre-
quency distributions.

As illustrated in Figure  3.4 , GAN-generated images tend to exhibit stronger and more
irregular energy distributions in high-frequency regions, which may re�ect artefacts in-
troduced during image synthesis. In contrast, real images exhibit a more balanced and
smoothly decaying frequency distribution.

For CMF images, no signi�cant global deviation is typically observed in the frequency
domain. Since manipulated regions originate from the same image, the overall frequency
distribution remains largely unchanged, making global frequency-based cues less infor-
mative.

To better capture CMF characteristics, wavelet-based representations are considered.
Unlike FFT and DCT, which provide global frequency analysis, the Discrete Wavelet Trans-
form (DWT) captures both spatial and frequency localisation [ 23 ]. This has the potential
to detect localised structural inconsistencies introduced by region duplication.

These observations suggest that different manipulation types may bene�t from different
feature representations. While GAN-generated images can be analysed using frequency-
domain cues [ 41 ], CMF manipulations may require representations that capture spatially
localised patterns [ 26 ].

Cross-Dataset Characteristic Differences A comparison between GAN-based and CMF
datasets highlights key differences in the nature of manipulation artefacts:

• Global vs Local Artefacts: GAN-generated images tend to introduce globally dis-
tributed artefacts [ 41 ], whereas CMF manipulations result in localised inconsisten-
cies [ 21 ].

• Frequency vs Spatial Patterns: GAN artefacts are often re�ected in the frequency
domain[ 41 ], while CMF artefacts are characterised by spatial duplication and struc-
tural similarity[ 44 ].

• Statistical vs Structural Irregularities: GAN-generated images may deviate from
natural image statistics[ 36 ], whereas CMF images tend to preserve global statistics
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