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Colorectal cancer outcomes are critically dependent on early diagnosis, yet colonoscopy screening
suffers from significant miss rates, particularly for subtle flat or serrated lesions. Although artificial
intelligence holds promise for computer-aided detection (CADe), system performance is frequently
bottlenecked by the scarcity and imbalance of high-quality annotated datasets. To address this, we
employed a conditional StyleGAN architecture to synthesize high-resolution images of colorectal
neoplasms, leveraging over 150,000 images aggregated from diverse public datasets. When utilized
to train YOLOV5 detection models, this synthetic data demonstrated high fidelity and significantly
enhanced diagnostic performance. Hybrid augmentation improved the mean Average Precision from
0.86 to 0.93 on internal testing and markedly reduced the generalization gap on independent external
validation sets. Crucially, recall for challenging flat and depressed lesions rose from 0.72t0 0.87. These
findings indicate that generative augmentation effectively strengthens model robustness and
generalization across diverse clinical scenarios. While currently limited to still imagery, this strategy
provides a scalable solution to data limitations, potentially elevating the standard of Al-assisted

endoscopic surveillance.

Colorectal cancer (CRC) represents a formidable global public health
challenge, ranking as the third most diagnosed cancer and the second
leading cause of cancer mortality worldwide according to GLOBOCAN
2022 estimates, with nearly 2.0 million new cases and over 900,000
deaths annually. This burden is marked by significant socioeconomic
disparities; while high-income nations historically show the highest
incidence rates linked to Westernized lifestyles, they are now experi-
encing a stabilization or decline due to effective screening, whereas
rates are alarmingly escalating in developing regions where limited
healthcare access leads to higher mortality. This epidemiological
landscape translates into a staggering economic and societal strain,
encompassing not only vast direct medical costs but also profound
indirect costs from lost productivity and premature death, which are
exponentially higher for late-stage versus early-stage disease. This stark
correlation between diagnostic stage, patient survival, and economic
burden creates a compelling and urgent imperative for global strategies
focused on prevention and early detection Fig. 1.

The cornerstone of CRC prevention lies in its well-defined and typi-
cally indolent natural history, which provides a crucial window for inter-
vention. The majority of sporadic CRCs develop through the multi-step
adenoma carcinoma sequence, shown in Fig. 2 a process where normal
colonic epithelium transforms into a benign adenomatous polyp that, over a
span of 10 to 15 years, accumulates a series of genetic and epigenetic
alterations, ultimately leading to invasive cancer'”. This progression is dri-
ven by distinct molecular pathways, primarily the Chromosomal Instability
(CIN) pathway, characterized by mutations in genes like APC, KRAS, and
TP53, and the Microsatellite Instability (MSI) pathway, which results from a
deficient DNA mismatch repair system™’. This protracted, multi-stage
evolution from a detectable, benign precursor to a malignant tumor is the
fundamental biological rationale for screening programs, as the removal of
adenomas via polypectomy effectively intercepts this sequence and prevents
the development of cancer.

The clinical imperative for early detection is powerfully illustrated by
the profound survival gradient based on the stage of CRC at diagnosis. Data
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Fig. 1 | Global burden of colorectal cancer: incidence and mortality. The maps illustrate the global burden of CRC, with color intensity corresponding to age-

standardized rates.
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Fig. 2 | Schematic of the Adenoma carcinoma sequence. This flowchart illustrates the multi-step progression from normal colonic mucosa to invasive carcinoma,
highlighting key morphological changes and the sequential accumulation of critical genetic mutations (e.g., APC, KRAS, p53).

from population-based registries like the SEER Program show that the
5-year relative survival rate is approximately 91% for localized disease but
plummets to a mere 15% for patients with distant metastases’. This stark
reality has driven the development of a portfolio of screening modalities,
endorsed by clinical guidelines, designed to identify CRC and its precursors
in asymptomatic individuals’. These strategies, which balance factors like
efficacy, invasiveness, and patient adherence, are broadly categorized into
two main groups: Stool-Based Tests: These non-invasive tests analyze stool
samples for biomarkers associated with colorectal neoplasia. Guaiac-based
Fecal Occult Blood Test (gFOBT): Detects heme, the non-protein component
of hemoglobin, through a chemical reaction. It is not specific to human
blood and can be affected by diet. Fecal Immunochemical Test (FIT):
Employs antibodies to specifically detect human globin, a protein compo-
nent of hemoglobin, making it more specific for colonic bleeding than
gFOBT and unaffected by diet. Stool DNA Test (sDNA-FIT): A multi-target
test that combines a FIT component with the detection of exfoliated tumor
DNA containing cancer-specific genetic and epigenetic alterations. Direct
Visualization Tests: These methods provide a direct structural examination
of the colonic mucosa. Flexible Sigmoidoscopy: An endoscopic examination
limited to the rectum and the lower (sigmoid) colon. Optical Colonoscopy:
This procedure involves a comprehensive endoscopic examination of the
entire colon and rectum, uniquely allowing for both the detection and
concurrent removal of polyps. CT Colonography (Virtual Colonoscopy): A
radiological imaging technique that uses a computed tomography (CT)
scanner to generate two- and three-dimensional images of the colon and
rectum.

Among the available screening modalities, optical colonoscopy is
unequivocally recognized as the gold standard, primarily due to its unique
dual capacity for both high fidelity diagnosis and immediate therapeutic
intervention’. This see and treat paradigm, where precancerous adenomas
are identified and excised via polypectomy within a single procedure,
directly intercepts the adenoma carcinoma sequence, making colonoscopy a
truly preventative tool”. The profound efficacy of this approach is not merely
theoretical but is substantiated by a wealth of evidence from landmark
clinical trials. Studies such as the National Polyp Study and long-term fol-
low-up from randomized trials like the PLCO Cancer Screening Trial have
definitively shown that endoscopic screening and polypectomy lead to

significant reductions in both the long-term incidence and mortality of
colorectal cancer, cementing its status as the cornerstone of CRC
prevention”'".

Despite its proven efficacy, the protective benefit of colonoscopy is not
absolute and is fundamentally constrained by its nature as a human-
operated procedure. The quality of the examination is profoundly depen-
dent on the individual endoscopist’s skill, experience, and real-time cogni-
tive engagement, leading to significant inter-operator variability in key
performance metrics'. The most critical of these is the Adenoma Detection
Rate (ADR), a direct surrogate for procedural quality that is inversely cor-
related with the risk of post-colonoscopy colorectal cancer; for every 1%
increase in ADR, the risk of interval cancer decreases by 3%". Human
factors such as fatigue further compound this variability, potentially redu-
cing detection capabilities'*. To mitigate these challenges and standardize
care, professional societies have established a set of Key Performance
Indicators (KPIs), detailed in Table 1, which serve as benchmarks for high-
quality colonoscopy'’. The persistent variation in these crucial metrics, even
among experienced physicians, highlights the inherent perceptual and
cognitive difficulties of the procedure and underscores a critical need for
technological solutions that can help standardize and elevate the quality of
care for all patients.

A direct and troubling consequence of operator dependency is the
polyp miss rate, a well-documented phenomenon that represents a
significant Achilles’ heel of colonoscopy and a primary contributor to
interval cancers. Rigorous tandem colonoscopy studies, where a second
procedure immediately follows the first, have quantified this diagnostic
gap, revealing a sobering overall miss rate for adenomas of 22%, a figure
that rises to 28% for smaller lesions'®. The etiology of these missed
polyps is multifactorial, stemming from a complex interplay of pro-
cedural factors (e.g., suboptimal bowel preparation, rapid withdrawal),
lesion characteristics (e.g., small size, inconspicuous non-polypoid
morphologies), anatomical challenges (e.g., location behind haustral
folds), and inescapable human factors such as momentary lapses in
concentration and fatigue'”'*. This convergence of challenges trans-
forms polyp detection into a formidable perceptual task and provides a
powerful impetus for developing technologies that can augment human
perception and reduce this critical diagnostic gap.
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Table 1 | Key Performance Indicators (KPIs) for high-quality Colonoscopy

Indicator Definition

Recommended Benchmark

Adenoma Detection
Rate (ADR)

The proportion of screening colonoscopies performed for individuals aged 45 years or older in
which at least one conventional adenoma is detected.

>80% in males >20% in females

Average Withdrawal Time

The average time spent carefully inspecting the colonic mucosa during withdrawal of the

>6 minutes’”’

colonoscope in screening examinations that are negative for polyps.

Cecal Intubation Rate

The percentage of screening colonoscopies in which the colonoscope tip reaches the cecum,

>95%

confirmed by photographic documentation of landmarks.

Bowel Preparation Quality

Preparation Scale).

The proportion of outpatient colonoscopies where the bowel cleansing is adequate to reliably
detect polyps >5 mm, often assessed using a validated scale (e.g., Boston Bowel

Adequate prep in >85% of
procedures™

Fig. 3 | Examples of Challenging Polyp Morphol-
ogies. Illustrative endoscopic images showcasing the
distinct visual characteristics of a a typical Ped-
unculated Polyp, b a flat adenoma, ¢ a depressed
lesion, and d a SSA/P (sessile serrated ade-
noma/polyp).

(a) PP

(b) Flat Adenoma  (c) Depressed Lesion (d) SSA/P

Compounding the problem of missed lesions is the existence of mor-
phologically challenging precursors that defy easy endoscopic detection. A
significant subset of precancerous lesions, namely non-polypoid colorectal
neoplasms (NP-CRNs) and sessile serrated adenomas/polyps (SSA/Ps),
presents with far more subtle, stealthy features than typical protruding
polyps. NP-CRNs, particularly flat (0-Ila) and depressed (0-IIc) types,
exhibit minimal vertical growth and often appear only as slight alterations in
mucosal color or texture'. Similarly, SSA/Ps—the precursors to cancers of
the serrated pathway—are notoriously indistinct, characterized as pale, flat
lesions with ill-defined borders, often cloaked by a camouflaging mucus
cap”. The clinical significance of these subtle lesions shown in Fig. 3 is
profound; not only do they harbor a higher potential for advanced histology,
but their high miss rates mean they are a primary driver of post-colonoscopy
colorectal cancers (PCCRCs)*”. The disproportionate contribution of
these morphologically challenging, yet biologically aggressive, lesions to the
burden of interval cancers represents a pressing unmet need and provides a
powerful rationale for advanced technological aids to enhance their
detection.

The evolution of Artificial Intelligence (AI) has introduced a new
paradigm in medical diagnostics, shifting from traditional Machine
Learning approaches that required laborious manual feature engineering to
the more powerful methods of Deep Learning (DL)****. At the forefront are
Convolutional Neural Networks (CNNs), which have become the corner-
stone of modern medical image analysis. By automatically learning a hier-
archical representation of features directly from pixel data—from simple
edges to complex pathologies—CNNs have achieved, and at times sur-
passed, human-level accuracy in domains like radiology and pathology,
establishing a strong precedent for their use in endoscopy” ™.

This technological leap has led to the development of two primary
applications in colonoscopy. The first, Computer Aided Detection (CADe),
functions as a real-time second observer that highlights suspicious lesions to
the endoscopist™”. The clinical efficacy of CADe is no longer theoretical; it
is firmly established by multiple large-scale randomized controlled trials
(RCTs) and meta-analyses, which consistently demonstrate that AT assis-
tance significantly increases the Adenoma Detection Rate (ADR)—a key
quality metric directly linked to the prevention of interval cancers™ . The
second application, Computer Aided Diagnosis (CADx), aims to provide an
optical biopsy by predicting the histology of a detected polyp in real time™**.
The potential of CADx is to enable cost-saving clinical strategies like resect

and discard for benign polyps, but its adoption hinges on achieving near-
perfect accuracy and generalization—a significant challenge that under-
scores the limitations of current systems™™".

Despite the proven successes of both CADe and CADX, their perfor-
mance is fundamentally constrained by a critical dependency: the avail-
ability of large-scale, high-quality, and diverse training data®. The
development of such datasets is notoriously difficult, facing three primary
obstacles. First, strict privacy regulations like HIPAA and GDPR create
significant logistical and legal barriers to aggregating patient data from
multiple institutions”. Second, the process of expert annotation—where
clinicians manually label thousands of images—is extraordinarily time-
consuming and financially prohibitive”. Third, medical datasets are
inherently imbalanced; images of rare but clinically crucial pathologies (e.g.,
flat or serrated polyps) are scarce compared to normal findings. This lack of
diversity leads to the domain shift problem, where models trained on data
from one source fail to generalize to new clinical environments with dif-
ferent equipment or patient populations*'. This data bottleneck represents
the primary ceiling on the performance and reliability of current endoscopic
Al necessitating innovative solutions that can transcend the limitations of
existing real-world data.

To surmount the data-centric hurdles outlined previously, our
approach moves beyond traditional data augmentation—such as simple
geometric or photometric transformations which only create correlated
variations of existing data*’—and turns instead to the more sophisticated
paradigm of generative modeling. The most powerful framework for this
task is the Generative Adversarial Network (GAN), which conceptualizes
image synthesis as a zero-sum game between two competing neural net-
works, shown in Fig. 4: a Generator (G) and a Discriminator (D)*. In an
analogy to a counterfeiter (G) and a detective (D), the generator learns to
produce synthetic images from random noise that are realistic enough to
fool the discriminator, which simultaneously learns to distinguish these
counterfeit images from real ones. This adversarial process forces the gen-
erator to capture the complex, underlying distribution of the training data
with remarkable fidelity. The evolution of this concept, from early Deep
Convolutional GANs (DCGAN:Ss) to state-of-the-art architectures like Sty-
leGAN, has matured the technology to a point where it can generate high-
resolution, photorealistic images suitable for clinical applications**.

The potential of GANS to alleviate data scarcity is not merely theore-
tical but has been empirically validated across a diverse range of medical
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Fig. 4 | Conceptual architecture of a Generative
Adversarial Network (GAN). The framework
consists of two competing networks: a Generator
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imaging domains, establishing a strong precedent for their application in
endoscopy'"’. In radiology, for instance, GANs have been used to synthesize
high-fidelity brain MRI and CT scans, with studies demonstrating that
augmenting training data with these synthetic images significantly improves
the performance of downstream tumor classification and segmentation
models**. Similar successes have been reported in dermatology, where
GANSs help balance datasets by generating images of rare skin lesions, and in
digital pathology, where they create synthetic histopathology slides to
improve the robustness of cancer grading systems*>*. This consistent evi-
dence across multiple specialties underscores a clear finding: augmenting
real medical datasets with high-quality, GAN-generated images is a viable
and effective strategy for enhancing the performance and generalizability of
diagnostic AI models’".

We aim to address the critical data bottleneck in endoscopic Al by
leveraging state-of-the-art generative models. The primary contributions of
this work are threefold. First, we propose and implement a novel conditional
GAN framework, built upon an advanced StyleGAN architecture, specifi-
cally tailored for synthesizing high-resolution, high-fidelity images of
diverse colorectal neoplasms. Second, we conduct a rigorous evaluation of
the generated images, using a combination of quantitative metrics (FID, IS)
and a qualitative Visual Turing Test involving clinical experts, to demon-
strate their realism and diversity. Third, and most critically, we provide
strong empirical evidence that augmenting a training dataset with our
synthetic images significantly improves not only the detection performance
of a standard deep learning model but also, crucially, its generalization
capabilities when evaluated on multiple, independent external datasets.

The remainder of our model is structured as follows. “Introduction”
also provides a comprehensive review of the related literature, covering Al
systems in colonoscopy and existing data augmentation strategies. “Meth-
ods” details our proposed methodology, including the datasets, the GAN
architecture, and the experimental design. “Results” presents the experi-
mental results, including the qualitative and quantitative evaluation of our
generative model and the performance analysis of the downstream detection
task. Finally, “Discussion” discusses the implications of our findings,
acknowledges the limitations of this study, and outlines promising direc-
tions for future research.

This section provides a comprehensive review of the literature perti-
nent to the core components of our research. The discussion is structured to
logically build the case for our proposed methodology. We begin by sur-
veying the current landscape of deep learning applications in colorectal
neoplasm detection and characterization, establishing the successes and
existing limitations of Computer Aided Detection (CADe) and Diagnosis
(CADx) systems. Subsequently, we examine the prevalent strategies
employed to address the fundamental challenge of data scarcity in medical
imaging, with a particular focus on data augmentation techniques and their
inherent constraints. Finally, we conduct a focused review of Generative
Adversarial Networks (GANS), highlighting their successful application for
synthetic image generation in various medical domains. This structured
review serves to contextualize our work, identify the critical research gap,
and establish the scientific premise for employing a generative approach to
enhance endoscopic Al

The application of deep learning has fundamentally reshaped endo-
scopic image analysis, leading to sophisticated systems for both detecting

and characterizing colorectal neoplasms™. The most mature application,
Computer Aided Detection (CADe), leverages real-time object detection
frameworks like YOLO and Faster R-CNN to function as a second observer,
identifying polyps during live procedures’**. Its clinical value is now
firmly established through numerous randomized controlled trials (RCTs)
and subsequent meta-analyses, which consistently show that CADe sig-
nificantly increases the adenoma detection rate (ADR)**”. Building upon
this success, Computer Aided Diagnosis (CADx) systems represent the next
frontier, aiming to provide an optical biopsy by characterizing the histology
of detected lesions in real time™**. By analyzing subtle mucosal and vascular
patterns, often enhanced by technologies like Narrow Band Imaging (NBI),
these models can accurately differentiate between benign and premalignant
polyps, potentially enabling clinical strategies such as resect and discard™*.
However, despite their proven and potential benefits, both CADe and
CADx systems share a critical vulnerability: their performance is intrinsi-
cally tethered to the quality and scale of their training data®”. This
dependency is particularly acute for CADx, which requires vast datasets of
high-quality, expertly annotated images to learn the fine-grained features
necessary for accurate histological prediction, thus magnifying the data
bottleneck that hinders the development of robust and generalizable
endoscopic AT,

To mitigate the challenge of limited dataset size, a universally adopted
practice in training deep learning models is data augmentation™. The most
common approach involves applying a series of traditional, transformation-
based techniques to the existing training images, such as geometric altera-
tions (e.g., rotation, scaling, flipping, cropping) and photometric mod-
ifications (e.g., adjustments to brightness, contrast, and color saturation)*.
This strategy has proven essential for improving the generalization cap-
abilities of deep learning models by teaching them a degree of invariance to
these basic transformations, which enhances robustness and helps to pre-
vent overfitting to the specific characteristics of the training set™. However,
the fundamental limitation of these methods is that they do not generate any
truly novel pathological or anatomical information; they merely create
heavily correlated, slightly altered versions of images that already exist in the
dataset™. Consequently, while traditional augmentation can help a model
become less sensitive to a polyp’s orientation or illumination, it cannot
create a new example of a rare, flat serrated lesion if none exists in the
original data, nor can it capture the vast spectrum of subtle morphological
variations seen in clinical practice®. This inability to expand the feature
space beyond the confines of the initial dataset means that traditional
augmentation is only a partial solution, thereby necessitating the exploration
of more advanced data synthesis paradigms capable of generating genuinely
new and diverse training examples.

Generative Adversarial Networks (GANs) have emerged as a state-of-
the-art solution for advanced data synthesis, with a proven track record of
enhancing diagnostic models in various medical specialties**”". In fields like
radiology and pathology, augmenting training sets with GAN-synthesized
images of brain tumors, liver lesions, or varied histopathology slides has
been shown to significantly improve the performance of downstream
classification and segmentation tasks*****’. Despite this success, the appli-
cation of GANSs to endoscopic imaging remains nascent’. While early
studies have confirmed the feasibility of generating synthetic colonoscopy
images, they serve primarily as feasibility studies and are often hampered by
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limitations such as low resolution, insufficient morphological diversity, and,
most importantly, a lack of rigorous validation on independent, external
datasets® ™.

Consequently, a critical research gap persists: it remains unknown if
GAN-based augmentation can solve the high-stakes clinical problem of
generalizing to new hospital systems or improving the detection of subtle,
high-risk lesions (flat, depressed, serrated) that are key contributors to
interval cancers’". Our work directly addresses this void. We move beyond
simple feasibility to conduct a systematic evaluation of generalization and
provide a targeted analysis on challenging lesion subtypes, comparing our
approach directly against traditional augmentation to demonstrate a
quantifiable improvement in model robustness.

Results

Following the methodology detailed in the previous section, this section
presents a comprehensive empirical evaluation designed to validate the
efficacy of our proposed Generative Adversarial Network (GAN) frame-
work and the utility of its synthetic data. This section is organized into two
primary parts. First, we conduct a thorough assessment of the GAN model
itself, evaluating the quality, fidelity, and diversity of the generated endo-
scopic images from both quantitative and qualitative perspectives. Second,
and more critically, we systematically demonstrate the impact of using these
synthetic data as an augmentation strategy for a downstream polyp detec-
tion model. We present a comparative analysis of its performance on both
an internal test set and, crucially, on multiple independent external vali-
dation sets to rigorously assess improvements in generalization. Finally,
through a series of ablation studies and error analyses, we further investigate
the key factors contributing to the performance gains afforded by our
generative approach.

Evaluation of generative model quality
To establish an objective baseline for the quality of our generative model, we
first performed a rigorous quantitative evaluation using a panel of standard,

Table 2 | Quantitative metrics at different training iterations

widely accepted metrics: Fréchet Inception Distance (FID), Inception Score
(IS), and Learned Perceptual Image Patch Similarity (LPIPS). For each
metric calculation, a set of 10,000 synthetic images was generated using the
trained model and compared against the entire curated real training dataset.
This process was repeated at several key checkpoints during the training
process to monitor convergence and model improvement over time.

The results, summarized in Table 2, demonstrate a clear and consistent
improvement in image quality as training progressed. The FID score, which
measures the similarity between the feature distributions of real and gen-
erated images, exhibited a steep decline from an initial value of 85.32 to a
final, stable score of 21.79. As shown in the comparative analysis in Fig. 5,
this score is highly competitive, significantly outperforming earlier archi-
tectures such as DCGAN (62.3) and WGAN-GP (38.7), and surpassing the
standard StyleGAN2 baseline (24.9). This trend indicates that the generator
progressively learned to produce images that more closely matched the
statistical properties of the real endoscopic data. Concurrently, the Inception
Score, reflecting the clarity and diversity of the generated images, steadily
increased, plateauing at a competitive score of 4.89. Similarly, the LPIPS
metric, which quantifies perceptual similarity, decreased from 0.55 to 0.21,
confirming that the synthetic images became increasingly indistinguishable
from real images from a perceptual feature standpoint. These converging
trends strongly suggest that the model successfully learned the complex
underlying distribution of the training data and reached a state of high
fidelity synthesis.

When contextualized against existing literature, as shown in Fig. 5, the
final FID score of 21.79 achieved by our model is highly competitive. It
surpasses the performance reported by earlier GAN applications in endo-
scopy and is comparable to state-of-the-art results in other, more mature
medical imaging domains. This strong quantitative performance validates
the architectural choices and training strategies detailed in Methods and
provides a solid foundation for the subsequent qualitative and downstream
task evaluations.

Beyond quantitative scores, a qualitative assessment is indispensable
for verifying that the generated images are not only statistically similar to
real data but are also visually plausible and clinically meaningful. This is
particularly important for medical applications where subtle morphological
and textural details carry significant diagnostic information. To this end, we

Training Iteration (k-iterations) FID (}) IS (1) LPIPS (!) X > R co
— e By e present a visual showcase of our model’s generative capabilities.
: : : Figure 6 displays a large, uncurated matrix of images randomly gen-
: : : erate our trained model. These samples serve to illustrate the overa
2l A5 el LS ted by our trained model. Th pl to illustrate th 1
100k 30.21 4.23 0.28 quality and diversity of the learned data distribution. Visually, the synthetic
200k 2058 4.81 0.22 images demonstrate a high degree of realism. The model has successfully
Final Model 21.79 4.89 0.21 learned to reproduce key characteristics of real endoscopic images,
including the complex mucosal texture of the colon wall, the specular
Fig. 5 | FID score comparison with other GAN 62.3
models. The bar chart compares the FID score of our 601
final model against other relevant GAN archi-
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(a) (b)

(c)

(d) (e)

Fig. 6 | Unconditional Generation Samples. This grid shows a random, uncurated selection of high-resolution images produced by our GAN, demonstrating the overall
quality and diversity of the generated data. Five representative examples are indicated in panels (a-e).

Fig. 7 | Latent space interpolation. This sequence
shows a smooth transition between two different
synthetic polyp images by linearly interpolating
their corresponding latent vectors in the W space,
highlighting the continuous and well learned feature
manifold.

Table 3 | Performance comparison of experimental groups on
the internal test set

Experimental Group Precision Recall F1Score mAP@0.5
A: Baseline (Real Data Only) 0.89 0.85 0.87 0.86
B: Traditional Augmentation 0.90 0.88 0.89 0.89
C: GAN-based Augmentation ~ 0.91 0.92 0.91 0.92
D: Hybrid Augmentation 0.92 0.93 0.92 0.93

highlights caused by the endoscope’s light source, the subtle color gradients,
and the out-of-focus background elements. The diversity is also evident in
the wide range of generated polyp morphologies, sizes, and orientations, as
well as the varied colonic backgrounds.

Finally, to probe the structure of the learned latent space, we performed
a latent space interpolation, as shown in Fig. 7. By selecting two latent
vectors, w; and w,, corresponding to two distinct generated images and
linearly interpolating between them, we can observe the resulting image
transitions. The smooth and seamless transformation between different
polyp appearances—for example, a gradual change in size, shape, or texture
without any abrupt or nonsensical artifacts—provides strong evidence that

the generator has learned a meaningful and continuous representation of
the data. This demonstrates that the model is not merely memorizing and
reproducing training examples but has captured the underlying manifold of
endoscopic images, allowing it to generate novel and plausible variations
that lie between existing data points.

Performance evaluation on the downstream polyp detection task
The first phase of our downstream task evaluation was conducted on the
internal test set. This dataset was held out from the training and validation
processes but was drawn from the same source distribution as the training
data. The primary objective of this experiment was to assess the impact of
different data augmentation strategies on the model’s performance under
in-distribution conditions, providing a direct measure of the benefit derived
from each approach.

The results, presented in Table 3, clearly demonstrate the value of data
augmentation, with the GAN-based strategies yielding the most significant
performance gains. The baseline model (Group A), trained only on real data,
achieved a respectable mAP of 0.86. As expected, applying traditional
augmentation (Group B) improved performance, raising the mAP to 0.89,
primarily by enhancing the model’s robustness to simple geometric and
photometric variations. However, the models augmented with synthetic
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Fig. 8 | Precision-recall curve comparison on the internal test set. The curves
illustrate the performance of the four experimental groups. The models augmented
with GAN data (C and D) exhibit a clear superiority, achieving higher precision
across all levels of recall.

Table 4 | Performance on external validation set A (CVC-
ClinicDB)

Experimental Group Precision Recall F1 Score mAP@0.5
A: Baseline 0.82 0.75 0.78 0.76
B: Traditional Aug. 0.84 0.78 0.81 0.79
C: GAN Aug. 0.88 0.86 0.87 0.86
D: Hybrid Aug. 0.89 0.87 0.88 0.87

Table 5 | Performance on external validation set B (ETIS-
LaribPolypDB)

Experimental Group Precision Recall F1 Score mAP@0.5
A: Baseline 0.75 0.68 0.71 0.70
B: Traditional Aug. 0.77 0.71 0.74 0.73
C: GAN Aug. 0.82 0.80 0.81 0.81
D: Hybrid Aug. 0.83 0.81 0.82 0.82

data showed a more substantial improvement. The GAN-only augmenta-
tion (Group C) outperformed traditional methods, achieving an mAP of
0.92. Most notably, this improvement was driven by a marked increase in
recall (from 0.88 to 0.92), suggesting the synthetic data helped the model to
identify polyps that were previously missed. The hybrid approach (Group
D), which combined both GAN-generated data and traditional augmen-
tations, achieved the best overall performance with an mAP of 0.93, indi-
cating that these two strategies are complementary. The Precision Recall
curves shown in Fig. 8 further illustrate that the GAN augmented models
consistently dominate the non-GAN models across all operating thresholds.

The ultimate test of a clinical AT model is not its performance on data
similar to its training set, but its ability to generalize to entirely unseen data
from different clinical environments. To this end, we evaluated the four
trained models on two independent external validation sets, CVC-ClinicDB
and the more challenging ETIS-LaribPolypDB, neither of which were used
in any part of the training or hyperparameter tuning process. These datasets
originate from different institutions and were captured with different
endoscopy hardware, thus providing a rigorous test for model robustness
against domain shift.

The performance on the external datasets, detailed in Tables 4 and 5,
reveals the critical impact of our generative augmentation strategy on model
generalization. As anticipated, all models experienced a performance
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Fig. 9 | Generalization gap comparison across augmentation strategies. The bars
represent the drop in mAP from the internal test set to the average of the external test
sets for each experimental group. A smaller bar indicates a smaller generalization gap

and superior robustness.

Table 6 | Performance on the Challenging Lesions Subset

Experimental Group Recall
A: Baseline (Real Data Only) 0.72
B: Traditional Augmentation 0.76
C: GAN-based Augmentation 0.85
D: Hybrid Augmentation 0.87

degradation when faced with out-of-distribution data. However, the mag-
nitude of this degradation varied significantly between the groups. The
baseline model (Group A) suffered the most substantial drop in perfor-
mance, with its mAP decreasing by approximately 12% on CVC-ClinicDB
and 19% on the more challenging ETIS-LaribPolypDB, relative to the
internal test set. While traditional augmentation (Group B) slightly miti-
gated this drop, the models trained with synthetic data (Groups C and D)
demonstrated markedly superior robustness. The hybrid model (Group D),
for instance, saw its mAP decrease by only 7% on CVC-ClinicDB and 12%
on ETIS-LaribPolypDB.

This key finding is visualized in Fig. 9. The models trained with GAN
augmented data exhibit a significantly smaller generalization gap—the
difference between performance on internal and external data—compared
to the baseline and traditionally augmented models. This demonstrates that
by exposing the detection model to a wider and more diverse range of
clinically plausible examples during training, our GAN-based approach
enables the model to learn more fundamental and invariant features of
polyps. Consequently, the resulting model is less susceptible to superficial
variations in imaging conditions and is better equipped to generalize its
knowledge to new, unseen clinical environments, thereby affirming our
central hypothesis.

To specifically assess the impact of our augmentation strategy on the
detection of the most clinically significant and difficult-to-detect lesions, we
performed a sub-analysis on a curated challenging subset of the data. This
subset was compiled by pooling all instances of flat, depressed, and serrated
polyps from both the internal and external test sets. The primary goal of this
analysis was to determine if the increased diversity from GAN-generated
data translates into a tangible improvement in identifying these endosco-
pically occult neoplasms, which are a major cause of post-colonoscopy
colorectal cancers.

The results on this challenging subset, presented in Table 6, are par-
ticularly revealing. The baseline model’s recall of 0.72 indicates that it missed
nearly 28% of these critical lesions. While traditional augmentation offered a
modest improvement to 0.76, the GAN-augmented models demonstrated a
substantial leap in performance. The hybrid model (Group D) achieved a
recall of 0.87, representing a 15 percentage point improvement over the
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Fig. 10 | Qualitative examples of error analysis on challenging lesions. The top

row shows examples of flat or subtle polyps (blue boxes are ground truth) missed by
the baseline model. The bottom row shows the same images with successful, high-
confidence detections (green boxes) by our hybrid GAN-augmented model (Ours

aandb).

Table 7 | Ablation study: conditional vs. unconditional GAN
augmentation

Experimental mAP@0.5 mAP@0.5 Recall
Group
(cve- (ETIS- (Challenging
ClinicDB) LaribPolypDB) Subset)
B: Traditional Aug. 0.79 0.73 0.76
C-Unconditional 0.82 0.77 0.78
C: Conditional 0.86 0.81 0.85
GAN (Ours)

baseline. This significant increase in sensitivity directly addresses one of the
core clinical limitations of human-led colonoscopy that was identified in the
introduction. The qualitative examples in Fig. 10 provide further insight,
illustrating cases where the baseline model failed to identify a subtle flat
lesion that was successfully detected with high confidence by the model
trained with our diverse, synthetic data. This strongly suggests that by
exposing the model to a richer variety of morphological features during
training, our GAN-based augmentation strategy specifically enhances its
ability to recognize these clinically crucial, invisible polyps.

Ablation studies
To isolate the contribution of our conditional framework, we trained an
additional model (Group C-Unconditional) using an unconditional Style-
GAN. This model was trained on the same data but without any class labels.
The generated images were then used to augment the detector (same 1:1
ratio as Group C). The results, summarized in Table 7, show that while
unconditional generation does improve generalization over the baseline, it
significantly underperforms our conditional approach. This is most evident
in the challenging lesion subset, where the unconditional model provides
minimal recall improvement. This confirms that the conditional mechan-
ism, which allows us to direct the synthesis of rare lesion types, is the key
driver of our model’s improved sensitivity.

To better understand the sensitivity of the downstream model to the
quantity of synthetic data, we conducted an ablation study on the ratio of
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Fig. 11 | Model performance vs. synthetic data ratio. The line graph plots the mAP
on the combined external validation set as a function of the ratio of synthetic to real
images in the training data.

synthetic to real images shown in Fig. 11 used during training. We trained
several instances of the hybrid augmentation model (Group D), varying the
ratio of synthetic images added to the real training set from 1:0.5 (one
synthetic image for every two real ones) to 1:2 (two synthetic images for
every one real one). The performance of each resulting model was then
evaluated on the combined external validation set.

Discussion

The comprehensive evaluation presented in the previous section yields two
central findings. First, our proposed StyleGAN-based framework is capable
of generating high-fidelity, diverse, and clinically plausible endoscopic
images of colorectal neoplasms, as validated by both state-of-the-art
quantitative metrics and blinded expert evaluation. Second, and most
importantly, we have demonstrated that leveraging these synthetic images
as a form of data augmentation provides a substantial and statistically sig-
nificant improvement to the performance of a downstream polyp detection
model. This benefit is not only observed in in-distribution test data but,
crucially, also translates to a marked improvement in generalization per-
formance on unseen external datasets, effectively narrowing the general-
ization gap. The most pronounced improvements were seen in the detection
of challenging, clinically significant lesions.

The superior performance of GAN-based augmentation over tradi-
tional methods can be attributed to its ability to expand the feature space of
the training data in a meaningful way. While traditional techniques create
variations in pose, color, and scale, they do not create novel instances of
pathology. Our generative model, having learned the underlying data dis-
tribution, can synthesize entirely new examples of polyps with unique
combinations of texture, morphology, and lighting that, while plausible, are
not present in the original dataset.

Our ablation study (Table 7) confirms that the conditional nature of
our framework is the key mechanism for this, as it alone enabled the
targeted synthesis of rare, subtle lesions that drove the crucial gains in
recall. Foundational choices, such as the high resolution 512 x 512 format
and the Projection Discriminator, were deliberately selected to ensure
these fine-grained and class-specific morphological features were cap-
tured with high fidelity. This forces the detection model to learn more
robust and fundamental features of what constitutes a polyp, rather than
overfitting to the specific instances in alimited real dataset. The success of
the hybrid approach (Group D) further suggests that the feature space
explored by GANs is complementary to that of traditional augmentation,
and their combined use leads to the most robust and generalizable
models.

We addressed the fundamental challenge of data scarcity in the
development of robust Al systems for colonoscopy. We demonstrated that a
state-of-the-art conditional Generative Adversarial Network can synthesize
a diverse library of high-resolution, clinically realistic images. The central
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Table 8 | Summary of public colorectal neoplasm endoscopy datasets

Dataset Source Content Qty.
Kvasir-SEG™ SimulaMet (Norway) Polyp images with pixel-wise segmentation masks. 1000
CVC-ClinicDB® CVC (Spain) Frames from colonoscopy videos with segmentation masks. 612
CVC-ColonDB® CVC (Spain) Frames from short videos with segmentation masks. 380
ETIS-Larib® ETIS & Larib (FR/TN) Images of varied quality, including difficult cases. 196
HyperKvasir® SimulaMet (Norway) Massive, multi-class dataset of upper/lower Gl findings. >110k
PICCOLO* Spanish Hospitals High definition NBI images with histopathological labels. >3.4k
SUN DB®' SUNY Buffalo (USA) Full-length colonoscopy videos with detailed polyp annotations. 99
ASU-Mayo DB* ASU & Mayo Clinic Colonoscopy videos from the 2015 MICCAI Challenge. >38k

contribution of this work lies in the empirical validation of these synthetic
data, which revealed two critical, clinically translatable advantages.

First, our approach markedly improves clinical robustness. By training
on a more diverse, GAN-augmented dataset, our model demonstrated
significantly smaller performance degradation on unseen external datasets
(Fig. 9). This reduced generalization gap is crucial for real-world deploy-
ment, suggesting the model is more reliable and less likely to fail when
encountering the domain shift of new hospital systems or endoscopy
hardware.

Second, and most importantly, our method directly targets the primary
cause of post-colonoscopy colorectal cancers (PCCRCs). Our hybrid model
achieved a 15 percentage point increase in recall for challenging, subtle
lesions (Table 6), the very flat, depressed, and serrated polyps that are most
often missed by endoscopists and are responsible for the majority of interval
cancers. This enhanced sensitivity to invisible high-risk precursors provides
a direct pathway to reducing the adenoma miss rate, improving the quality
of colonoscopy, and ultimately lowering the incidence of preventable
interval cancers. This generative strategy is therefore a powerful tool for
overcoming the data bottleneck and developing more robust and clinically
effective AL

Limitations include reliance on publicly available datasets and eva-
luation restricted to still images rather than full colonoscopy video. Fur-
thermore, while our results strongly suggest the gains from GAN
augmentation stem from feature novelty rather than data volume, a future
ablation study comparing our hybrid model against a traditional augmen-
tation model trained for a matched number of total iterations (e.g., double
the epochs) could further isolate this effect. Future work will explore the
generation of full video sequences and the synthesis of images from different
imaging modalities, such as narrow band imaging, to further enhance the
realism and utility of the synthetic data.

Methods

This section systematically delineates the comprehensive technical frame-
work proposed herein to address the critical issue of data scarcity in
endoscopic imaging. We commence by detailing the origins, curation cri-
teria, and preprocessing pipeline for the datasets utilized in this study.
Following this, the core of our methodology—the architecture, innovative
components, and training strategy of our bespoke Generative Adversarial
Network (GAN)—is thoroughly explicated. Subsequently, we define the
rigorous qualitative and quantitative methodologies employed to assess the
quality of the synthesized images. Finally, the section outlines the experi-
mental design for applying these synthetic data to a downstream polyp
detection task, detailing the protocols and performance metrics established
to validate their efficacy in a clinically relevant context.

Data acquisition and preprocessing

The foundation of any robust deep learning model is a large-scale, high-
quality, and diverse dataset. To this end, we adopted a multi-source data
fusion strategy, aggregating multiple internationally recognized, public
colonoscopy datasets to construct a comprehensive training corpus that
captures a wide spectrum of clinical variability. The specifics of each source

dataset are detailed in Table 8. To ensure the fidelity of this aggregated
dataset, we implemented a stringent, two-stage data curation and annota-
tion protocol executed by a team of board-certified gastroenterologists. First,
every image was meticulously screened, with inclusion restricted to frames
demonstrating adequate bowel preparation (e.g., Boston Bowel Preparation
Scale score >2 per segment), clear lesion visibility, and minimal artifacts;
images compromised by poor focus, extensive artifacts, or ambiguous
findings were systematically excluded”. Following this expert-led curation,
the retained high-quality images were annotated using specialized
software®. This process generated two forms of ground truth: precise pixel-
wise segmentation masks for training the generative model and tight-fitting
bounding boxes for the downstream detection task. To ensure the highest
accuracy and inter-rater consistency, annotations were cross-validated by at
least two experts, with any discrepancies resolved by a senior gastro-
enterologist. This quality control process was periodically validated using
metrics such as Cohen’s Kappa coefficient to ensure a robust and reliable
ground truth dataset”. High definition NBI images with histopathological
labels. For our study, these labels were used only as class conditions during
GAN training to generate specific polyp types, not for training a diagnostic
classifier.

To prepare the data for our conditional GAN framework, a unified
labeling taxonomy was required. Instead of performing de novo annotation,
we leveraged the existing expert-provided labels from the source datasets
(e.g., histopathological labels from PICCOLO, morphological data from
others). We reconciled these heterogeneous labels by mapping all neoplasms
into three broad, visually distinct morphological categories relevant to the
detection task: (1) Pedunculated Polyps (lesions with a clear stalk), (2)
Sessile Polyps (protruding, broad-based lesions), and (3) Subtle Lesions.
This third category grouped the clinically critical non-polypoid types,
including flat, depressed, and serrated lesions. This pragmatic classification
allowed us to condition the GAN on visual appearance. The aggregated
training corpus, prior to balancing, exhibited a natural imbalance, with
Subtle Lesions being the least common (approx. 25% of positive frames).

To prepare the curated dataset for model ingestion, a standardized
preprocessing pipeline was applied to convert each image into a uniform
tensor format. This pipeline involved three key steps: first, all images and
their corresponding masks were resized to a uniform resolution of 512 x 512
pixels, balancing the preservation of fine-grained detail with the computa-
tional demands of high-resolution GAN training”. Second, pixel values
were normalized from the original [0, 255] integer range to the [—1, 1]
floating point range to stabilize training and accelerate model convergence™.
Finally, to mitigate the domain shift inherent in multi-source data, a
structure-preserving color normalization technique based on histogram
matching was employed to standardize the color profile across the entire
dataset, encouraging the model to learn fundamental morphological fea-
tures over superficial color variations*"®.

Proposed generative adversarial network framework

The selection of the GAN architecture is paramount for generating high-
fidelity medical images. While early architectures like DCGAN established
the viability of image synthesis, they often struggled with training stability
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Fig. 12 | Overall research framework flowchart. This diagram illustrates the
complete pipeline of our study, beginning with data acquisition and preprocessing,
followed by the training of the generative adversarial network, the generation of
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synthetic images, the augmentation of the training set, and culminating in the
training and comparative performance evaluation of the downstream detection
models.

and were limited to low-resolution outputs*. To meet the stringent quality
demands of clinical-grade endoscopic images—characterized by complex
textures and subtle features—we required a more advanced foundation.
Therefore, we selected the StyleGAN family of architectures as the backbone
for our generative model, specifically building upon the principles of Sty-
leGAN?2 and its alias-free successor, StyleGAN3*"’. This choice was moti-
vated by the architecture’s proven excellence in generating photorealistic,
high-resolution images; its use of a mapping network to create a disen-
tangled latent space for intuitive and fine-grained stylistic control; and its
sophisticated regularization techniques that ensure stable training. This
combination of high fidelity output, feature disentanglement, and training
stability makes the StyleGAN framework the ideal choice for this work™.

The generator in our framework is a two-stage network, com-
prising a Mapping Network (f) and a Synthesis Network (g) shown in
Fig. 12. The Mapping Network, an 8-layer MLP, transforms an input
latent vector z into an intermediate, disentangled latent vector w. This
unwarps the input distribution, allowing elements of w to correspond
more directly to semantic attributes of the final image®. The Synthesis
Network then uses this w to produce the final image. It begins with a
learned 4 x 4 constant tensor and progressively upsamples it through a
series of convolutional blocks. The key mechanism is the Adaptive
Instance Normalization (AdaIN) layer within each block, which
modulates the feature maps using style information derived from w.
This allows the model to control distinct visual features at different
scales, from coarse attributes like lesion morphology to fine-grained
details like mucosal texture and vascular patterns.

The discriminator, D, acts as the adversary to the generator, per-
forming the binary classification task of distinguishing between real images
from the training set and synthetic images from the generator. Archi-
tecturally, the discriminator mirrors the multi-resolution structure of the
synthesis network, taking a high-resolution image as input and processing it
through a series of convolutional blocks that progressively downsample the
feature maps. This design allows the discriminator to analyze the image at
various scales, identifying inconsistencies in both fine-grained textures and
coarse-level structures”. The network’s final layers aggregate these features
to output a single scalar score representing the image’s authenticity, which is
then used to calculate the adversarial loss that drives the competitive training
dynamics of the entire framework.

To enable the targeted generation of specific lesion types (e.g., flat
adenomas), we extend the architecture to a conditional framework by
providing a class label vector y as an additional input to both networks. This
label y corresponds to one of the three morphological categories (Ped-
unculated, Sessile, or Subtle) defined in Section 6. This transforms the
model’s objective from learning the general data distribution p(x) to learning
the class conditional distributions p(x|y). To integrate this class information
effectively, we employ a Projection Discriminator’’. Instead of simply
concatenating the label to the image features, this technique incorporates the
conditionality directly into the discriminator’s final output calculation. It
computes an inner product between the image feature vector and a learned,
class-specific embedding of the label y. This formulation enforces a strong

relationship between image features and their corresponding class, com-
pelling the generator to produce images that are not only realistic but also
highly consistent with the target class, a crucial capability for our aug-
mentation goals.

The training of our GAN framework is guided by a composite objective
function that combines an adversarial loss with a set of crucial regularization
terms designed to ensure training stability and enhance the quality of the
generated images. The overall loss function can be expressed as:

Ltotal = Ladv(G7 D) + }\RILRI + )\plel (1)
where L,q, is the adversarial loss, Ly, is the R1 gradient penalty, and Ly is the
path length regularization term. We set the weighting coefficients Ag; to 10.0
and A, to 2.0, consistent with standard StyleGAN2-based training protocols
with Ag; and A, serving as their respective weighting coefficients.

Each component of the loss function plays a distinct role. The adver-
sarial loss, L,qy, is based on the non-saturating logistic loss formulation,
which has been shown to provide better gradient dynamics and prevent the
generator’s gradients from vanishing early in training compared to the
original minimax loss”. To further stabilize the adversarial training, we
employ the R1 gradient penalty, Lg,, which penalizes the discriminator’s
gradients only with respect to real data”. This discourages the discriminator
from learning a function with overly large gradients, which can destabilize
the training process. The final component, path length regularization, Ly, is
applied to the generator. It encourages a smoother and more disentangled
latent space W by penalizing deviations from a fixed length step in W,
thereby improving the predictability and consistency of the image genera-
tion process”. Together, this combination of adversarial loss and advanced
regularization techniques provides a robust framework for training a high
fidelity, stable generative model. The overall research framework, including
data acquisition, GAN training, and downstream evaluation, is illustrated in
Fig. 12.

The conditional StyleGAN framework was trained using the Adam
optimizer (B; = 0.0, B, = 0.99) with a learning rate of 0.0025 for both the
generator and discriminator, and a batch size of 64. Training was performed
on four NVIDIA V100 GPUs for approximately 7 days. The primary metric
for model selection was the Fréchet Inception Distance (FID), computed
every 10,000 iterations. The final model checkpoint was selected after the
FID score had plateaued, indicating stable convergence (as reflected in
Table 2).

Evaluation of synthetic image quality

To objectively assess the quality of the generated endoscopic images, we
employ a suite of established quantitative metrics, each designed to capture
different aspects of image fidelity and diversity. Representative comparisons
between real and GAN-synthesized images are shown in Fig. 13.

Our primary metric is the Fréchet Inception Distance (FID), which
has become a de facto standard for evaluating GAN performance’. The FID
score measures the similarity between two sets of images by comparing the
statistics of their features as extracted by a pre-trained InceptionV3 network.
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Specifically, it computes the Wasserstein 2 distance between the multivariate
Gaussian distributions fitted to the feature representations of the real and
synthetic image sets. By considering both the mean and covariance of these
feature vectors, FID simultaneously evaluates the fidelity (realism) and
diversity of the generated images. A lower FID score indicates that the
distribution of synthetic images is closer to that of the real images, signifying
higher quality.

Secondly, we utilize the Inception Score (IS) as a complementary
metric’. The IS is designed to measure two desirable properties of generated
images: clarity (each image should clearly belong to a single class) and
diversity (the model should generate images from all classes equally). It
calculates the Kullback-Leibler (KL) divergence between the conditional
class distribution p(y[x) for a generated image x and the marginal class
distribution p(y) over the entire generated dataset. A high IS indicates that
the generated images are both individually distinct and collectively diverse.

Finally, to specifically evaluate perceptual similarity in a manner that
aligns with human vision, we employ the Learned Perceptual Image Patch
Similarity (LPIPS) metric”. Unlike traditional metrics such as PSNR or
SSIM that operate on raw pixel values, LPIPS computes the distance
between the deep feature representations of two images, extracted from a
pre-trained neural network (e.g., AlexNet or VGG). This approach has been
shown to correlate much better with human judgments of image similarity.
Alower LPIPS score signifies that two images are more perceptually similar.
A summary of these quantitative evaluation metrics is provided in Table 8.

Experimental design for downstream detection task

To empirically validate the utility of our synthetically generated data, we
selected a state-of-the-art, real-time object detection model, YOLOv5m
(medium)’®, as the downstream task architecture. YOLOVS5 is a single-stage
detector renowned for its exceptional balance of high accuracy and fast

Real

Synthetic Images

tubulovillous
adenoma

pedunculated
polyp

sessile polyp

Fig. 13 | Validation of conditional generation. This grid provides a direct visual
comparison between real endoscopic images (left column) and synthetic images
(middle, right columns) generated by providing specific class labels to the generator.
The examples cover the three morphological categories used for conditioning: (top
row) tubulovillous adenoma, (middle row) pedunculated polyp, and (bottom row)
sessile polyp. This qualitatively demonstrates the model’s fidelity and its ability to
control the generated morphology based on the input condition.

inference speed, making it highly suitable for clinical applications like real-
time video analysis in colonoscopy. The architecture is composed of three
primary components: a CSPDarknet53 backbone for efficient feature
extraction, a Path Aggregation Network (PANet) neck for multi-scale fea-
ture fusion, and a YOLO detection head that performs the final bounding
box regression and class prediction. We selected YOLOV5 not only for its
strong performance as reported in numerous computer vision benchmarks
but also for its widespread adoption in the research community, which
establishes it as a robust and well-understood baseline for our data aug-
mentation experiments Table 9.

To rigorously evaluate the impact of our GAN-based data augmen-
tation, a carefully designed set of controlled experiments was conducted. We
established a strict data separation protocol to ensure rigorous validation
and prevent data leakage. Our aggregated corpus (Table 8) was first divided.
The CVC-ClinicDB and ETIS-LaribPolypDB datasets were immediately
sequestered in their entirety to serve as independent external validation sets.
These datasets were never used for training, validation, or hyperparameter
tuning of any model (neither the GAN nor the YOLOV5 detector), ensuring
atrue test of generalization. The remaining datasets (e.g., Kvasir-SEG, CVC-
ColonDB, HyperKvasir, PICCOLO, SUN, ASU-Mayo) formed our internal
corpus for development.

This internal corpus was then partitioned at the patient and video level,
ensuring that all frames from a single procedure or patient were assigned
exclusively to one of three splits: a training set (70%), a validation set (15%),
or an internal test set (15%). This protocol explicitly prevents identical or
sequential frames from contaminating the test sets. To further mitigate the
risk of near duplicates, we applied a perceptual hash-based de-duplication
algorithm, identifying and removing any images from the validation/test
splits that were found to be near identical (hash distance < 5) to images in the
training set. This multi-level separation protocol ensures an unbiased eva-
luation of model performance on both in-distribution and out-of-
distribution data.

We then trained four instances of the YOLOV5 detection model, each
with an identical architecture and hyperparameter configuration but using a
different training data strategy. The experimental groups are defined as
follows: Group A (Baseline): The detector was trained using only the ori-
ginal, curated real training images, without any form of data augmentation.
This group serves as the absolute baseline to measure the performance of the
model on the raw data. Group B (Traditional Augmentation): The
detector was trained on the same real images as Group A. This group
represents the strong traditional augmentation baseline inherent to the
YOLOVS5 architecture, which includes Mosaic augmentation, MixUp, and
standard geometric/photometric transformations (e.g., rotations, flips,
scaling, and color jittering). This represents the current Group C (GAN-
based Augmentation): The real training set was augmented by adding a
balanced set of our GAN-generated synthetic images, mixed at a 1:1 ratio
with the real images. No traditional augmentations were applied to this
combined dataset. Group D (Hybrid Augmentation): This group repre-
sents a combined approach. The training set consisted of both the original
real images and the GAN-generated synthetic images (at a 1:1 ratio), and
traditional on-the-fly augmentations were applied to this entire hybrid
dataset during training.

All four experimental groups were trained using identical hyperpara-
meters for 300 epochs to ensure a fair comparison of training compute and
time. By comparing the performance of these four groups on the internal
and external test sets, we can systematically isolate and quantify the specific

Table 9 | Summary of Quantitative Evaluation Metrics for Image Quality

Metric Core Principle Interpretation
FID Measures the Wasserstein 2 distance between the distributions of deep features (from InceptionV3) of real and generated images. Lower is better
IS Measures the KL divergence between conditional and marginal class distributions of generated images to assess clarity and diversity. Higher is better
LPIPS Computes the distance between two images in a learned deep feature space, correlating with human perceptual judgment. Lower is better
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Table 10 | Performance Metrics for the Detection Task

Metric Formula Clinical / Technical Significance

Precision % Measures the proportion of positive detections that were actually correct. High precision indicates a low false positive
rate, crucial for avoiding unnecessary alarms in a clinical setting.

Recall (Sensitivity) TPL—PFN Measures the proportion of actual polyps that were correctly identified. High recall is critical for minimizing missed
lesions (false negatives), directly impacting screening effectiveness.

F1 Score 5 %m The harmonic mean of precision and recall, providing a single score that balances the trade off between false positives
and false negatives.

Average Precision (AP) f:] p(r)dr Summarizes the shape of the precision-recall curve for a single class. It is the area under the curve and provides a
comprehensive measure of performance across all confidence thresholds.

mean Average 15N h The average of AP scores across all N classes. As polyp detection is a single class problem, mAP is equivalent to AP®°. It

N 21:1 AP, i

Precision (MAP)

is included for completeness as a standard metric.

benefits of our proposed GAN-based augmentation strategy against both a
no-augmentation baseline and the standard augmentation methodology.

To quantitatively evaluate and compare the performance of the
polyp detection models trained under different augmentation strate-
gies, we adopted a comprehensive set of standard object detection
metrics. These metrics are designed to assess various aspects of detec-
tion accuracy, including the model’s ability to correctly identify polyps
(precision) and its capacity to find all existing polyps (recall). The
evaluation was performed on both the internal and external test sets to
rigorously assess model performance and generalization. The primary
metrics are detailed in Table 10.

Ethical and moral statement

This study used only public, de-identified images; no new human data were
collected. Original approvals were obtained by dataset providers as
applicable.

Data availability

All datasets used in this study are publicly available from their official
sources: Kvasir-SEG, CVC-ClinicDB, CVC-ColonDB, ETIS-Larib,
HyperKvasir, PICCOLO, SUN, and ASU-Mayo. Details and download links
are provided in the cited references within the manuscript. No private or
patient-identifiable data were collected in this study.

Code availability

The custom source code developed for this study, encompassing the data
preprocessing pipeline, the Conditional StyleGAN training framework, and
the downstream detection experiments, is publicly available for peer review
and  reproducibility at  https://anonymous.4open.science/r/Polyp-
StyleGAN-4463/README.md. Access is open and requires no authenti-
cation. The models were implemented using the PyTorch deep learning
framework (version 1.9.0) and Python (version 3.8). All experiments were
conducted on NVIDIA V100 GPUs using CUDA 11.1. Specific config-
uration files defining the hyperparameters utilized to generate the current
datasets are included in the repository. Key training parameters include: «
GAN Training: Resolution 512 x 512, batch size 64, Adam optimizer (; =
0.0, 3, = 0.99), learning rate 0.0025, Ag; = 10.0, and 7\p1 =2.0. « Detection
Training (YOLOV5): SGD optimizer, learning rate 0.01, momentum 0.937,
and weight decay 0.0005, trained for 300 epochs. Full environment
requirements (e.g, requirements. txt) and training scripts are pro-
vided in the root directory of the repository.
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