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Abstract—The proliferation of advanced image editing tools
poses an escalating threat to the integrity of biomedical imaging,
where accurate diagnosis relies on authentic microscopic evidence.
Existing detection approaches, whether Convolutional Neural
Network (CNN)-based or generic transformer models, fail to
simultaneously capture subtle local manipulation artifacts and
global contextual inconsistencies in the visually homogeneous
domain of parasitic egg microscopy. To address this gap, we
propose ForgEgg-ViT, a domain-adapted FatFormer, a forgery-
aware Vision Transformer originally developed for natural
images, tailored for copy-move forgery detection in parasitic egg
microscopy. The model integrates a Forgery-Aware Adapter (FAA)
for dual spatial-frequency manipulation trace detection and a
Language-Guided Alignment (LGA) module to localize semantic
inconsistencies between duplicated and authentic regions. Domain
adaptation is achieved through selective layer unfreezing, Focal
Loss with label smoothing, and a Weighted Random Sampler.
ForgEgg-ViT achieves 98.40% accuracy, 99.33% recall, and an F1-
score of 0.984, outperforming both an adapted BusterNet baseline
and CMSeg-Net without any pixel-level supervision, establishing a
scalable, annotation-efficient framework for securing biomedical
images against sophisticated manipulation.

Index Terms—Copy-move forgery detection, parasitic egg
microscopy, FatFormer, Vision Transformer, domain adaptation,
biomedical image forensics.

I. INTRODUCTION

Scientific progress rests on a foundational assumption: that
experimental images faithfully represent observed biological
reality. This assumption currently faces increasing opposition.
The past decade has revealed through high-profile misconduct
cases which included systematic image duplication in cancer
research and falsified Alzheimer’s imagery and integrity-related
academic resignations that image fraud constitutes a major
problem in biomedical publications. Large-scale analyses of
biomedical literature indicate that a non-negligible fraction of
published articles contain inappropriate image duplications [1]
which include copy-move manipulation [2] as one of the most
common methods.

Beyond technical considerations, this issue is driven by
structural incentives within the scientific ecosystem. The pres-
sure to publish statistically significant and visually compelling
results, combined with career and funding constraints, creates
implicit motivations for subtle image manipulation. Rather
than fabricating entire experiments, manipulations often involve
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localized operations such as Copy-Move Forgery (CMF), where
regions are duplicated and repositioned within the same image
to enhance visual evidence.

The implications of such falsifications extend beyond aca-
demic credibility. Manipulated microscopic images can distort
clinical decision-making, contaminate medical Al training
datasets, and ultimately impact patient safety [3], [4]. These
challenges are particularly critical in parasitology, where
microscopic identification of parasitic eggs directly informs
diagnosis and treatment for hundreds of millions of patients
worldwide.

Parasitic egg micrographs present unique challenges for
Copy Move Forgery Detection (CMFD). Eggs from different
species exhibit highly similar shapes, colors, and sizes, allowing
duplicated regions to blend seamlessly into the image. Complex
backgrounds containing biological artifacts closely resemble
foreground structures, making manipulated regions difficult to
distinguish. These forgeries are often performed with deliberate
adversarial intent, employing smoothing and boundary blending
to evade detection [5], [6].

Figure 1 illustrates a typical CMF encountered in this domain.
The forged image (a) shows a parasitic egg duplicated to
simulate a higher parasite load; the ground truth mask (b)
highlights the manipulated region.
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(a) Forged image

(b) Ground truth mask
Fig. 1: Example of CMF in parasitic egg microscopy

Existing detection methods struggle to address these com-
pounded challenges. Traditional feature-based approaches rely
on strong texture patterns absent in homogeneous egg interiors.
Convolutional Neural Networks (CNN) are inherently limited
by fixed receptive fields, restricting their capacity to capture
global contextual inconsistencies. Most critically, the absence
of dedicated biomedical CMFD datasets has systematically



hindered the development of robust detectors adapted to this

domain.

To address these limitations, we propose ForgEgg-ViT (A
Forgery-Aware Adaptive Transformer for CMFD in Parasitic
Egg Microscopy) and make the following contributions:

o Adaptation of forgery-aware adaptive transformers to biomed-
ical microscopy. We propose ForgEgg-ViT, a domain-adapted
forgery-aware adaptive transformer for CMFD in parasitic
egg images, where homogeneous textures, small objects, and
complex backgrounds present unique forensic challenges.

o A specialized training pipeline for biomedical forgery de-
tection. We introduce a training methodology combining
selective fine-tuning, Focal Loss with label smoothing, and
a weighted random sampler, each component designed to
address the unique forensic challenges of parasitic egg
microscopy.

This paper is arranged as follows. Related work is discussed
in Section II. Section III presents the proposed methodology.
Experimental results are reported in Section IV. Finally, Section
V concludes the study and suggests future research avenues.

II. RELATED WORK

A. Traditional CMFD Methods

Traditional approaches to CMFD depend on handcrafted
feature extraction [7] with similarity-based matching. Block-
based strategies partition images into overlapping or non-
overlapping blocks, then compare descriptors from transforms
including Discrete Cosine Transform (DCT), Principal Compo-
nent Analysis (PCA), and Local Binary Patterns (LBP) [8], [9].
Keypoint-oriented methods identify local features using Scale-
Invariant Feature Transform (SIFT) or Speeded-Up Robust
Features (SURF), then match features to locate duplicated
regions [10], [11]. While effective under controlled conditions,
they show limited resilience to geometric distortions, noise,
and post-processing. More critically, their reliance on low-level
texture fails in parasitic egg microscopy, where egg interiors are
uniform and species differences subtle. Consequently, traditional
CMEFD approaches generally fail to generalize in complex real-
world scenarios, especially biomedical imagery [12].

B. Deep Learning-Based Methods

To overcome the limitations of handcrafted features, deep
learning-based approaches have been introduced. CNNs leverage
hierarchical feature extraction to capture multi-scale patterns
and are widely used for CMFD. BusterNet [13] introduced a
dual-branch design combining manipulation feature extraction
with self-correlation computation. Dense-InceptionNet [14]
integrated multi-scale dense features for improved correlation
matching. Recent works incorporate attention mechanisms [15]
and generative models [16] to enhance detection. Lightweight
architectures have also been explored for efficient CMFD [17]-
[19].

Despite these advances, CNN-based methods remain limited
by their local receptive fields, restricting their ability to capture
long-range dependencies needed for detecting subtle copy-move
manipulations. This limitation is particularly critical in CMFD,
where duplicated regions may appear at different points in the
same image. Consequently, CNN-based approaches often fail
to detect global contextual differences, especially in visually

similar biomedical images.

C. Transformer-Based Methods

Transformer architectures have recently emerged as powerful
alternatives due to their ability to model global contextual
relationships via self-attention. Vision Transformer (ViT) [20]
and its variants show outstanding results in various computer
vision tasks. Hybrid CNN-transformer architectures like Object-
Former [21] and CNN-Transformer GAN models [22] integrate
local feature extraction with global reasoning. More recently,
FatFormer [23], a forgery-aware transformer, introduced spe-
cialized modules to capture manipulation traces in spatial
and frequency domains while leveraging semantic alignment.
Though these methods outperform CNN-based approaches
via global reasoning, most are developed and evaluated on
natural image datasets. Consequently, their effectiveness in
biomedical imaging remains uncertain due to the substantial
domain gap, characterized by low texture diversity, small object
structures, and complex biological backgrounds. Therefore,
directly applying these models to biomedical microscopy
without domain adaptation may lead to suboptimal performance.
In particular, adapting forgery-aware transformer architectures
to biomedical data remains largely unexplored.

D. Biomedical Image Forgery Detection

Forgery detection in biomedical imaging remains rela-
tively underexplored. Recent efforts introduced domain-specific
datasets such as FakeParaEgg [24], highlighting the unique
challenges of detecting copy-move manipulations in parasitic
egg microscopy. CMSeg-Net [25], the only previous research
dedicated to this dataset, solves the problem via a pixel-based co-
saliency segmentation method and achieves strong localization
performance.

However, segmentation-based approaches require pixel-level
annotations, which are costly and time-consuming to obtain,
limiting their scalability in real-world forensic applications.
Moreover, biomedical images present distinct challenges com-
pared to natural images: homogeneous textures, subtle manip-
ulation artifacts, high inter-class similarity, and small object
structures, making CMFD significantly more difficult.

These limitations highlight a critical gap: the absence of
an image-level, forgery-aware framework specifically adapted
to biomedical microscopy that can effectively capture both
local inconsistencies and global contextual relationships without
relying on pixel-level annotations. This gap motivates the
proposed approach.

III. METHODOLOGY

This approach aims to detect CMF in parasitic egg mi-
croscopy images using image classification to determine whether
each image is authentic or forged. By adapting FatFormer
[23], a forgery-aware adaptive transformer pre-trained on
natural images, through a specialized fine-tuning pipeline,
this methodology effectively transfers manipulation-sensitive
representations to the biomedical domain.
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Fig. 2: Overall framework of the proposed ForgEgg-ViT for
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As shown in Fig. 2, the proposed framework integrates spatial
and frequency-aware modules within a transformer backbone
to effectively capture both local inconsistencies and global
contextual relationships, a critical capability for CMFD in
parasitic egg microscopy.

A. Backbone: FatFormer

FatFormer [23] is built upon the Contrastive Language-Image
Pre-training (CLIP) ViT-L/14 image encoder [26] and extends
it with two core components specifically designed for forgery
detection.

1) Forgery-Aware Adapter (FAA)

The FAA captures manipulation traces in both spatial and
frequency domains using a lightweight convolutional module
and a Discrete Wavelet Transform (DWT)-based attention
mechanism. This dual-domain approach is particularly effective
for parasitic egg microscopy because CMF often leaves subtle
fingerprints in both domains: spatially, duplicated regions may
exhibit imperceptible boundary artifacts or texture discontinu-
ities; in the frequency domain, manipulation introduces high-
frequency inconsistencies that are invisible to the human eye but
detectable through wavelet analysis. The outputs from spatial
and frequency branches are fused through a learnable scale
factor A that adaptively balances their contributions based on

the input image characteristics as described in Equation (1):
¥ = 400 + X+ G (M
2) Language-Guided Alignment (LGA)

The LGA module improves forgery detection through its
ability to connect local image patch tokens with global image
embeddings using cross-attention mechanism. This mechanism
directs the encoder to concentrate on areas which contain forgery
evidence through semantic matching. The intuition is that
manipulated regions, while visually similar to authentic areas,
often exhibit subtle semantic inconsistencies when compared
to the global context of the image. For example, a forged
egg may be perfectly duplicated in terms of texture, but its
spatial relationship with surrounding biological structures may
be semantically inconsistent. The LGA module leverages CLIP’s
pre-trained language-image alignment capabilities to learn
these semantic relationships, effectively directing the model’s
attention to regions where local-global semantic coherence is
disrupted. The final prediction probability is given by Equation
(2):

piy _ _exp((80 +59)/7) @
3 exp((S® + 50 /7)
where S() is the cosine similarity between the image CLS
token and the i-th class embedding, S’(*) is the average patch-
level similarity, and 7 is the temperature parameter. The sum in
the denominator runs over all classes k. The model is initialized
from the publicly available checkpoint pre-trained on 4-class
Progressive Growing of GANs (ProGAN) data.

B. Selective Fine-Tuning Strategy for Biomedical Domain

Adaptation

To transfer forgery-sensitive representations from natural
images to biomedical microscopy while avoiding catastrophic
forgetting, all parameters of the ViT-L/14 encoder are frozen
except for the last six Transformer blocks (residual blocks
18-23), which are selectively unfrozen to enable high-level
semantic adaptation. This selective approach is motivated by the
observation that shallow layers capture generic visual features
(edges, textures, simple patterns) that transfer well across
domains, while deeper layers encode task-specific represen-
tations that require adaptation to the unique characteristics of
parasitic egg images: homogeneous egg interiors, subtle texture
variations, and complex biological backgrounds. All FAA and
LGA modules remain fully trainable. A differential learning
rate is applied: 5 x 107 for the unfrozen encoder blocks and
5 x 1072 for the FAA, LGA, and remaining adapter modules,
ensuring that pre-trained representations are only minimally
adjusted while meaningful domain adaptation is achieved.

C. Training Configuration for Biomedical Forgery Detection
To address the inherent challenges of biomedical forgery
detection, we implement a specialized training configuration
comprising three key components.
1) Weighted Random Sampler
The Weighted Random Sampler gives authentic-class samples
a sampling weight of 1.5, which increases their likelihood of
being selected. The dataset maintains an equal 50/50 distribution,
yet authentic images remain simpler to identify than expert
forgeries. The sampler controls which authentic samples the



model will see during training, and this process helps the
model learn to identify real images while reducing the risk of
authentic images being misidentified as forged, which is vital
for preserving trust in forensic work.
2) Focal Loss with Label Smoothing
Focal Loss [27] with label smoothing is adopted as the
training objective to focus learning on hard-to-classify examples
as expressed in Equation (3):
1N
_N {yiaforged(l - pi)ﬂy log p;
i=1

£foca1 =
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where v = 2.0 controls the focusing strength, agorgeq = 1.0 for
the forged class, uuthentic = 1.5 for the authentic class, and
label smoothing ¢ = 0.05 prevents overconfidence.
3) Optimization and Regularization

Optimization is performed using Adam with weight decay
(AdamW) [28] with weight decay 10~* and a CosineAnnealing-
WarmRestarts scheduler. Gradient clipping with max norm 1.0
stabilizes training. The batch size is set to 8, with a maximum
of 15 epochs and early stopping after 5 consecutive epochs
without improvement.

IV. EXPERIMENTS AND RESULTS

A. Dataset

The assessment uses a balanced dataset which combines
two data sources that are available to the public. Authentic
images are drawn from the Chula-ParasiteEgg-11 dataset [29],
which contains 13,200 microscopic images of parasitic eggs
across 11 species. Forged images are sourced from FakeParaEgg
[24], comprising 1,500 copy-move forged microscopic images
augmented through data augmentation techniques that include
rotation, affine transformations, color jittering, and grayscale
conversion to 7,500 samples. The resulting balanced dataset
of 15,000 images is divided into three splits: training (9,000
images), validation (3,000 images), and testing (3,000 images),
each maintaining a strict 50/50 class balance. Table I summa-
rizes the dataset distribution.

TABLE I: Dataset Distribution

Split Authentic Forged Total
Train 4,500 4500 9,000
Validation 1,500 1,500 3,000
Test 1,500 1,500 3,000
ofal , g ]

Fig. 3 shows two examples from the used FakeParaEgg
dataset.

(a) Forged
image
Fig. 3: Examples from the FakeParaEgg dataset

(b) Ground
truth mask

(c) Forged
image

(d) Ground
truth mask

B. Evaluation Metrics

We use multiple metrics [30] to evaluate the proposed
ForgEgg-ViT model, including Precision, Recall, F1-Score,
and Accuracy. These metrics are derived from the confusion

matrix, which defines True Positives (TP, forged correctly
detected), True Negatives (TN, authentic correctly identified),
False Positives (FP, authentic misclassified as forged), and False
Negatives (FN, forged missed).

Precision, which is given by Equation (4), measures the
proportion of correctly detected forgeries among all images
predicted as forged. Recall (Equation (5)) quantifies the model’s
ability to identify all actual forged images. The FI1-Score
(Equation (6)) provides a harmonic mean of precision and
recall. Accuracy (Equation (7)) represents the overall correct
classification rate.

Precision = L @
TP ;PFP
Recall = %7” - 5)
recision X Reca
F1-Score = 2 x Pre ;igon ;J\]}ecall ©
Accuracy:TP+TNiFP+FN @

C. Implementation Details

All experiments are implemented in PyTorch and run on
an NVIDIA A6000 GPU. The model is initialized from the
official FatFormer checkpoint pre-trained on 4-class ProGAN
data. Input images are resized to 256 x 256 pixels using bicubic
interpolation and normalized using CLIP pre-training statistics
(1 =10.481,0.458,0.408], ¢ = [0.269,0.261, 0.276]). A center
crop to 224 x 224 is applied at test time.

The key hyperparameters used in this work are summarized
in Table II.

TABLE II: Summary of Training Hyperparameters

Parameter Value
Input size 224 x 224
Optimizer AdamW
Weight decay 1x107*
Ir (encoder blocks 18-23) 5x 1077
Ir (FAA, LGA, adapters) 5x107°

Scheduler CosineAnnealingWarmRestarts
To 5

T;nult 2

TImin 1x 1078

Batch size 8

Max epochs 15

Early stopping patience 5

Gradient clipping 1.0

Label smoothing ¢ 0.05

Focal loss y 2.0

Class weight (forged) forged 1.0
Class weight (authentic) authentic | 1.5

D. Results

Table III presents the image-level classification performance
of ForgEgg-ViT on the test set comprising 3,000 images. The
model achieves 98.40% accuracy, 97.51% precision, 99.33%
recall, and an Fl-score of 0.984.
TABLE III: Detection Performance of the Proposed ForgEgg-
ViT Model

Metric Accuracy Precision Recall F1-Score

98.40%  97.51% 99.33%  0.984

Value




Figure 4 shows the confusion matrix of the proposed ForgEgg-
ViT. The results demonstrate that 1,490 out of 1,500 authentic
images and 1,462 out of 1,500 forged images are correctly
classified, with only 10 false positives and 38 false negatives.

Confusion Matrix
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Fig. 4: Confusion matrix of the proposed ForgEgg-ViT model

To situate ForgEgg-ViT within the existing literature, two
baselines are considered. CMSeg-Net [25] is the only prior
work designed and evaluated on the FakeParaEgg dataset.
It frames copy-move detection as a pixel-level co-saliency
segmentation task and requires dense ground-truth masks for
training. To provide a strong CNN-based image-level reference
point, BusterNet [13] is adapted for binary classification: its
dual-branch VGG-based architecture, which jointly models
manipulation cues and self-correlation across image regions,
is preserved in full, while its pixel-level localization outputs
are replaced by a global average pooling layer followed by a
binary classification head. This architectural adaptation shifts
the model from segmentation to image-level forgery decision
without altering its core feature learning capacity. To ensure a
strictly fair comparison, the adapted BusterNet is trained on the
same dataset, the same splits, and under the same optimization
strategy as ForgEgg-ViT.

Figure 5 benchmarks ForgEgg-ViT against CMSeg-Net
[25] and the adapted BusterNet baseline across the three
metrics shared between pixel-level and image-level methods
(F1, Precision, Recall), providing a cross-paradigm assessment
of detection capability on the FakeParaEgg dataset.
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Fig. 5: Comparison with state-of-the-art methods on

FakeParaEgg dataset

ForgEgg-ViT outperforms both baselines across all shared
metrics, achieving a +3.9% F1 and +4.8% recall gain over
BusterNet, and a +6.2% F1 and +9.7% precision gain over
CMSeg-Net. Remarkably, while CMSeg-Net is a pixel-level
segmentation method trained with dense ground-truth masks,
ForgEgg-ViT exceeds it on every shared detection metric
operating solely at the image level, with no pixel-level
annotations, which are costly, time-consuming, and rarely
available at scale in the medical domain. Unlike CMSeg-
Net, which relies on CNN-based segmentation with limited
receptive fields, and BusterNet, whose dual-branch correlation
architecture was designed for natural-image localization and
struggles with the homogeneous textures and subtle inter-class
differences of parasitic egg microscopy, ForgEgg-ViT leverages
the Vision Transformer’s self-attention mechanism to capture
long-range dependencies between spatially distant duplicated
regions, a capability that is precisely what copy-move detection
demands. These results demonstrate that adapting forgery-aware
Transformers to biomedical imaging is not only feasible but
also highly effective, offering a robust and scalable framework
for securing biomedical images against advanced tampering
attempts.

Table IV compares the confusion matrix metrics of proposed
ForgEgg-ViT and adapted BusterNet. Adapted BusterNet mis-
classifies 153 forged images as authentic (FN) and 12 authentic
images as forged (FP), revealing the inherent difficulty CNN-
based architectures face in this domain. In contrast, proposed
ForgEgg-ViT produces only 38 false negatives and 10 false pos-
itives on the same test set, confirming its substantially stronger
sensitivity to copy-move manipulations while maintaining a
very low false alarm rate, a critical requirement in biomedical
forensic applications.

TABLE IV: Comparison of confusion matrix metrics on the
test set (1500 authentic, 1500 forged).

TP TN FP FN

Model

Proposed ForgEgg-ViT 1462 1490 10 38
Adapted BusterNet 1347 1488 12 153

E. Discussion

ForgEgg-ViT demonstrates strong performance in CMFD
for parasitic egg microscopy, showing the effectiveness of
transformer-based architectures in biomedical image forensics.
The model’s success is driven by its ability to jointly model
local manipulation artifacts and global contextual relationships.
The FAA detects subtle spatial and frequency inconsistencies,
while the LGA enhances sensitivity to semantic discrepancies.
The selective fine-tuning strategy effectively transfers forgery-
aware representations from natural images to the biomedical
domain. The image-level classification approach enables the
model to avoid costly pixel-level annotations while achieving
better system scalability. Nevertheless, the proposed approach
presents certain limitations. The model is evaluated on a single
dataset, which may limit generalization to other biomedical
imaging modalities. Furthermore, the computational complexity
of the ViT-L/14 backbone raises concerns regarding model size,
inference time, and memory footprint in resource-constrained
clinical environments.



V. CONCLUSION

This study presented ForgEgg-ViT, a domain-adapted forgery-
aware adaptive Transformer for CMFD in parasitic egg mi-
croscopy. By combining transformer-based global modeling
with a tailored adaptation and training strategy, the model
achieves effective detection of subtle manipulation artifacts in
biomedical images. Experimental results demonstrate strong
performance, achieving 98.40% accuracy and an Fl-score of
0.984, outperforming both CMSeg-Net and an adapted Buster-
Net baseline without pixel-level annotations, demonstrating the
capacity of transformer-based models for scalable biomedical
image forensics.

This performance implies that automated forensic screening
can reliably flag tampered microscopic images in clinical
diagnostics and scholarly peer review, reducing misdiagnosis
risks and upholding research integrity at scale.

Future work will focus on extending the method to more
complex forgery types such as retouching and splicing, im-
proving generalization across diverse datasets, and investigating
model compression and distillation strategies to reduce model
size, inference time, and memory footprint for real-time clinical
deployment.
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