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Abstract: The lack of extensive, varied, and thoroughly annotated datasets impedes the
advancement of artificial intelligence (Al) for medical applications, especially colorectal can-
cer detection. Models trained with limited diversity often display biases, especially when
utilized on disadvantaged groups. Generative models (e.g., DALL-E 2, Vector-Quantized
Generative Adversarial Network (VQ-GAN)) have been used to generate images but not
colonoscopy data for intelligent data augmentation. This study developed an effective
method for producing synthetic colonoscopy image data, which can be used to train ad-
vanced medical diagnostic models for robust colorectal cancer detection and treatment.
Text-to-image synthesis was performed using fine-tuned Visual Large Language Models
(LLMs). Stable Diffusion and DreamBooth Low-Rank Adaptation produce images that look
authentic, with an average Inception score of 2.36 across three datasets. The validation
accuracy of various classification models Big Transfer (BiT), Fixed Resolution Residual
Next Generation Network (FixResNeXt), and Efficient Neural Network (EfficientNet) were
92%, 91%, and 86%, respectively. Vision Transformer (ViT) and Data-Efficient Image Trans-
formers (DeiT) had an accuracy rate of 93%. Secondly, for the segmentation of polyps,
the ground truth masks are generated using Segment Anything Model (SAM). Then, five
segmentation models (U-Net, Pyramid Scene Parsing Network (PSNet), Feature Pyramid
Network (FPN), Link Network (LinkNet), and Multi-scale Attention Network (MANet))
were adopted. FPN produced excellent results, with an Intersection Over Union (IoU)
of 0.64, an F1 score of 0.78, a recall of 0.75, and a Dice coefficient of 0.77. This demon-
strates strong performance in terms of both segmentation accuracy and overlap metrics,
with particularly robust results in balanced detection capability as shown by the high F1
score and Dice coefficient. This highlights how Al-generated medical images can improve
colonoscopy analysis, which is critical for early colorectal cancer detection.

Keywords: medical imaging synthesis; polyp detection; text-to-image generation; image
segmentation; generative Al; medical image synthesis; colorectal cancer detection; data
augmentation; synthetic colonoscopy images; text-to-image generation; DreamBooth; Stable
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1. Introduction

Artificial intelligence (AI) has initiated substantial transformations in the analysis of
medical imaging. In gastroenterology, the scientific study of the health and diseases of
the stomach, small intestine, colon, and rectum, Al-assisted colonoscopy has shown the
potential to improve the diagnosis of colon cancer and reduce the incidence of colorectal
cancer (CRC) [1]. The efficacy of artificial intelligence models is fundamentally depen-
dent on the quantity and quality of training image data for colon cancer. A fundamental
drawback in the advancement of successful models for medical imaging and image inter-
pretation is the lack of sufficient training and testing data. The challenges of generating
large datasets include privacy concerns, invasive methodologies, and the labor-intensive
nature of professional data annotation [2].

The absence of extensive, varied, and thoroughly annotated datasets hinders the
training and development of sophisticated Al-assisted colonoscopy technologies [3,4].
The inaccessibility of data in this context leads to the creation of severely defective AI mod-
els or algorithms with intrinsic bias when used for vulnerable populations [5]. The scarcity
of ample high-quality training data undermines Al’s efficacy in improving the identifi-
cation and prevention of colorectal cancer, particularly among groups facing health care
disparities. Like prior research, there has been an effort to utilize generative adversarial
networks (GANSs) for the synthesis of text-to-image mapping, among other methodolo-
gies [6-8]. Recent evaluations have emphasized the refinement of large language models
based on vision, including Stable Diffusion (SD), Contrastive Language-Image Pre-training
(CLIP), and DreamBooth + Low-Rank Adaptation (DB+LoRa), for the creation of medical
images [9]. However, the application of these algorithms to generate a comprehensive array
of high-quality colonoscopy images remains unexplored. The issue is the lack of a robust
framework for generating synthetic colonoscopy images to enhance training data for more
effective diagnostic algorithms.

Researchers are exploring various approaches (GANs, VQGAN, CLIP, Bootstrapping
Language-Image Pre-training (BLIP)) to address these issues by improving and diversifying
medical imaging databases [10-12]. This study examines the use of artificial intelligence
for text-to-image synthesis and intelligent data augmentation to improve Al models and
promote demographic equity. Inception score (IS) and Fréchet Inception Distance (FID) are
utilized to evaluate synthetic images generated by fine-tuning the SD, CLIP and DB + LoRa
models. In addition, advanced classification models such as BiT, ViT, FixResNeXt, Efficient-
Net, and DeiT are employed to train the generated images. Assessments of these models
are based on standard metrics, including the F1 score, accuracy, precision, recall, and Area
Under Curve (AUC), among others. All of this manifests itself as a structured plan to
improve the standards of imaging and medical diagnosis.

2. Related Work

In recent years, artificial intelligence has demonstrated potential in medical image
processing, improving the precision and efficacy of various diagnostic procedures, includ-
ing colonoscopy [1]. Recent advances in Al for medical imaging have shown promising
developments in various approaches. Pengxiao et al. [13] introduced X. Latent-based Diffu-
sion Model for Long-tailed Recognition (LDMLR), which addresses long-tailed recognition
challenges through latent-based diffusion models. Du et al. [14] developed Adaptive Refine-
ment Semantic Diffusion Models (ArSDM)), focusing on the scarcity of annotated medical
image data through adaptive refinement semantic diffusion. Earlier work by Ku et al. [15]
established TextControlGAN to improve image quality with text control. In 2024, Ejiga
Peter et al. [9] conducted a comparative analysis of multiple approaches, including CLIP
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and Stable Diffusion, while Igbal et al. [16] developed a Conditional Generative Adversarial
Network (GAN) for facial expressions.

In the specific domain of gastrointestinal imaging, several notable contributions
emerged. Shin et al. [17] and Qadir et al. [18] implemented Convolutional Neural Net-
work (CNN)-based approaches for polyp detection, while Dong et al. [19] introduced a
transformer-based solution. Clinical applications have shown remarkable progress, with
Repici et al. [20] demonstrating the efficacy of GI-Genius in colonoscopy and Kudo et al. [21]
developing EndoBRAIN for polyp detection. Zhou et al. [22] contributed ENDOANGEL
for real-time assessment, while Mahmood et al. [23] focused on depth estimation in en-
doscopy. Goceri [24] provided a comprehensive review of data augmentation techniques
across different medical imaging modalities. This work investigates generative artificial
intelligence in the context of colonoscopy imaging interpretation, specifically focusing on
text-to-image generation and advanced data augmentation techniques. Early detection
during colonoscopy is crucial to avert colon cancer, a major global health problem [5].

Kim et al. [3] investigated the generation of synthetic image data within a scientific
framework, specifically focusing on medical image diagnostics and laboratory techniques,
using the OpenAl DALL-E 3. However, the model exhibited low precision due to in-
trinsic bias within the system. They additionally examined the ethical implications of
producing synthetic data. This research was constrained by the lack of an iterative gener-
ation process, which included erroneous or extraneous features, duplication of existing
images, and reliance on proxy features. In a similar vein, Yang et al. [25] created an
Al-generated image model to serve as a data source for synthetic data. Upon thorough
examination, Yang et al. [25] employed CovNets and transformer-based models. Convolu-
tional neural network models, such as ResNet-50 and ResNet-101, demonstrate substantial
improvements. Transformers demonstrate improvements in ViT-S/16, DeiT-S, and DeiT-B.
The larger versions typically exhibit superior overall performance. Our strategy emphasizes
text-to-image synthesis utilizing fine-tuned Large Language models for the development
of synthetic colonoscopy images and Classification models for polyp detection, facilitating
the early identification of colorectal cancer.

Cao et al. [26] examined Al-generated content (AIGC) and its historical evolution from
Generative Adversarial Networks (GANSs) to contemporary ChatGPT, emphasizing the
unimodality and multimodality of generative Al models. Bandi et al. [27] conducted a
survey of various GAN-based designs for AIGC and examined the fundamental needs for
the development of AIGC, including the input-output format of the model, the evaluation
metrics, and the associated obstacles. However, the analyses presented in both [26] and
Bandi et al. [27] were purely theoretical and devoid of practical application; therefore, our
research transcends qualitative examination by incorporating the practical implementation
of AIGC with cutting-edge models such as SD. Bendel [28] examined image synthesis
(image production) from an ethical perspective. Elements of creation can also facilitate
destruction, which is why Bendel [28] advocated the ethical application of generative Al in
image synthesis. The significant potential of image synthesis models entails a considerable
duty to guarantee ethical utilization. Bendel [28] used the Midjourney, SD, and DALL-E2
models to analyze the topic from the point of view of risk and opportunity. In a comparable
context, Ray et al. [28] addressed the meticulous supervision required to realize the potential
of generative Al in precise medical diagnostics and neurointerventional surgery while
mitigating the risk of encountering pitfalls. Both works lack practical application and
are purely theoretical. However, ethical considerations were implemented during the
construction and testing of the models in our research.

Derevyanko et al. [29] conducted a comparative examination of SD, Midjourney,
and DALL-E, advocating for their implementation due to their educational use. The study
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demonstrated that neural network applications can improve the teaching of students
in design-related fields. Mahmood et al. Al [23] developed a depth estimator utilizing
an extensive dataset of synthetic images produced through a precise forward model of
an endoscope and an anatomically accurate colon. Their studies revealed the following
enhancements in porcine colon data: an 88% improvement in Structural Similarity Index
Measure (SSIM) for depth estimation, a 48% improvement in SSIM for phantom colon
data depth estimation, and approximately a 125% improvement compared to the prior
dictionary learning method. Additional validation of various medical imaging tasks and
modalities would enhance the broader application.

Igbal et al. [16] developed a synthetic image generation model using Conditional
GAN for single-sample face images. The research achieved an initial accuracy of 76% on
individual neutral images and a final accuracy of 99% after the fine-tuning of synthetic
expressions, representing a 23% improvement over the original accuracy recorded. This
method presents possibilities to address the difficulty of Single Sample Per Person (SSPP) in
facial recognition systems. However, it is limited solely to variations in expression and can
necessitate the integration of additional motions to capture other forms of facial alterations
for applicability in different contexts.

Du et al. [14] used the Adaptive refinement semantic diffusion model for the synthesis
of colonoscopy images. Polyp segmentation exhibited the greatest enhancement with
PraNet (6.0% mDice, 5.7% mloU), succeeded by SANet and Polyp-PVT. CenterNet demon-
strated the most significant gain in average precision (9.1%) and the greatest improvement
in the F1 score (6.1%) for the diagnosis of polyps. The research indicates that the use of
synthetic images generated by ArSDM for training significantly enhances the results in both
polyp segmentation and detection tasks. The methodology effectively addresses weakly
annotated medical imaging data.

Ku et al. [15] present a novel methodology for text-to-image synthesis that improves
image quality and adherence to textual descriptions compared to previous methods. Com-
pared to the Caltech-UCSD Birds-200-2011 (CUB) dataset, the model improved the Inception
score by 17.6% and decreased the Fréchet Inception Distance by 36.6% relative to the GAN-
INT-CLS model based on cGAN. The model is limited to bird images at a relatively low
resolution (128 x 128) and was assessed only on a single dataset, CUB.

Ejiga Peter et al. [9] employed three methodologies for medical image synthesis:
DB + LoRA, fine-tuned SD, and CLIP. They analyzed numerous advanced strategies and
tackled the need for dynamic generation of medical images from textual descriptions.
The models were evaluated using single-center and multicenter datasets. SD beat other
Fréchet Inception Distance techniques. The highest multicenter score of 0.064 indicated
excellent image quality. DB + LoRA outperformed CLIP (1.568) and SD (2.362) in the
initial score. SD produced diversified and high-quality images efficiently, beating FID
and competing in IS. Their analysis did not evaluate the images generated clinically or
diagnostically. The research shows the potential of Al-generated medical imaging, but it
also stresses the need for clinical trials and ethical considerations.

Sanchez et al. [30] explored how deep learning has improved colonoscopy polyp iden-
tification. The CNN is the most popular architecture for end-to-end applications; hybrid
methods are less popular. The biggest issues are large, annotated datasets and inconsistent
evaluation metrics. Their research shows that these methods can improve the identification
of adenoma but require clinical validation. Standardization of assessment methods, semisu-
pervised learning, elimination of Histogram of Displacement (HD) colonoscopy images,
and improved access to large public datasets can result.

Goceri [24] conducted an extensive evaluation of data enhancement methodologies
for medical imaging. The efficacy of augmentation techniques varies according to the
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specific medical imaging modality used. Shearing and translation proved to be most
effective for brain Magnetic Resonance Imaging (MRI), lung Computed Tomography (CT),
and breast mammography, but noise-based methods often faltered. The most precise
components of brain MRI were translation, shearing, and rotation, with an accuracy of
88.24%. Translation by shearing exhibited optimal performance on lung CT at 85.74%.
Translation, shearing, and rotation were the most beneficial for breast mammography
(83.34%). The results for color shift, sharpening, and contrast modification were most
pronounced in the classification of the eye fundus, with a precision of 88.24%. Shearing
and noise performed poorly, but the combinations performed better. Fundus images had
the greatest improvement in color and contrast. GAN-based methods are more diverse, yet
suffer from gradient vanishing [31,32]. The assessment stresses image categorization and
the selection of task-related augmentation techniques.

Wang et al. [33] used deep learning in real time to identify colonoscopy polyps. In ad-
dition to 27,113 images and videos, 1290 patient records confirmed findings. The approach
performed well in datasets, with per-image sensitivity from 88.24% to 94.38% and speci-
ficity from 95.40% to 95.92%. Please note that the confirmed polyp videos were 100%
sensitive. The gadget can handle 25 frames per second with low latency for real-time
clinical applications. This method allows endoscopists to test their polyp-detecting skills.

This pilot study by Misawa et al. [34] evaluates a computer-aided detection (CADe)
system for the real-time identification of polyps during colonoscopy. Although previous
CADe systems were capable of recognizing over 90% static images and 70% videos, the ex-
tract failed to include the performance characteristics of the system. Expanding datasets
and including video-based analysis could improve the practical importance of this research.
The absence of performance metrics in the passage is concerning. The initiative aims to
reduce human error in polyp detection, thus improving adenoma diagnosis and perhaps
decreasing the rates of colorectal cancer in intervals.

Dong et al. [19] used Polyp-olyp Pyramid Vision Transformer(PVT) and a transformer
encoder that incorporates Context Feature Module (CEM), Cross-interaction Module (CIM),
and SAM segment polyps, achieving a score of 0.900 Dice and 0.833 IoU on the Endoscene
dataset, surpassing previous approaches in five datasets. The models appear to be resilient
to variations in appearance, tiny objects, and rotation, demonstrating strong performance
on hitherto unseen data. The limits of polyps are difficult to see due to overlapping light
and shadow, as well as numerous false positives from the reflection point. The model
surpasses polyp segmentation techniques in recommended colonoscopy applications.

Guo et al. [35] introduced Dilated ResFCN and SE-Unet, two innovative fully convolu-
tional neural network (FCNN) architectures for the segmentation of colonoscopy polyps.
The average Dice score was 0.8343, the standard deviation was 0.1837, and only three
polyps were overlooked. The strategies mentioned above secured victories in the Gas-
trointestinal Image ANAlysis (GIANA) tournaments in 2017 and 2018. The study was
beneficial; however, the temporal dependencies of colonoscopy records should enhance
future research.

Qadr et al. [18] used Mask R-CNN to identify and segment colonoscopy polyps to re-
duce the physician 25% missed rate. Multiple CNN feature extractors and additional
training data were evaluated to construct Mask R-CNN. An ensemble method for en-
hancement was proposed. The segmentation of the leading model was performed on the
2015 Medical Image Computing and Computer Assisted Intervention (MICCAI) dataset,
with the following results: recall 72.59%, accuracy 80%, Dice coefficient 70.42%, and Jac-
card index 61.24%. The study elucidates the trade-offs between model complexity and
dataset quality for better polyp identification and segmentation. The results are promising,
but automated polyp recognition should be improved.
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Borgli et al. [36] tested CNN architectures for gastrointestinal endoscopy using
110,079 images and 374 movies for multiclass classification. Size, diversity, segmenta-
tion masks, and bounding boxes help, but class imbalance and interobserver variability
hurt. ResNet-152 and DenseNet-161 achieved amazing results with microaveraged F1
scores of 0.910, macroaverages of 0.617, and Matthews Correlation Coefficients of 0.902.
Despite its appeal, the model struggled to distinguish esophagitis from ulcerative coli-
tis. The material is suitable for Al-assisted gastrointestinal endoscopic diagnostic tools;
however, classification accuracy needs to be improved.

Kudo et al. [21] used a large training dataset to test EndoBRAIN, an Al system that
detects colorectal polyps from endocytoscopic images. The model outperformed the
trainee and professional endoscopists in stained image analysis with 96.9% sensitivity,
100% specificity, and 98% precision. Size and various imaging modalities are benefits,
but retrospective design and Japanese center concentration are weaknesses. EndoBRAIN’s
100% positive and 94.6% negative predictive scores improve colorectal polyp diagnosis.
More prospective trials are needed to prove that Al can improve endoscopic diagnostics.

Zhou et al. [22] developed ENDOANGEL, a deep convolutional neural network-
based method to assess the quality of intestinal preparation through precise image and
video analysis. This model surpassed human endoscopists, achieving 93.33% accuracy
on conventional images and 80.00% accuracy on bubble images. The video examination
demonstrated an accuracy of 89.04%. The benefits of ENDOANGEL include an objective
and consistent evaluation, immediate colonoscopy scoring, and enhanced image and
video quality. The study had limitations, including the use of retrospective data collection
for training and restricted video assessment. The reproducible evaluation of intestinal
preparation as a continuous variable during colonoscopy withdrawal is an innovative
approach that enhances the potential to improve colonoscopy results and standardize the
evaluation of stool preparation quality.

The literature review shows that Al for colonoscopy analysis, particularly polyp
detection and categorization, has advanced. However, significant gaps and constraints
remain due to the bias of the models resulting from the reduced variability of the training
dataset [3,25]. Some studies have examined novel Al-generative systems for the generation
of medical images [9,14]. The lack of comprehensive systems that incorporate segmentation,
classification, and image creation for colonoscopy analysis [14,25] and the lack of studies on
artificial data augmentation and model fairness among demographic groups [30] are major
problems. The study is expected to contribute significantly to Al-assisted colonoscopy
analysis, as these prospects fit with the research objectives and questions.

3. Materials and Methods

The research technique employs a complete framework for the interpretation of medi-
cal images, with a specific emphasis on colonoscopy imaging. This framework incorpo-
rates three fundamental components: image production and augmentation, classification,
and segmentation, utilizing cutting-edge deep learning models to establish a resilient sys-
tem for colonoscopy image processing and analysis. Our methodology integrates contem-
porary artificial intelligence tools with conventional medical imaging practices to improve
the detection and categorization of polyps in colonoscopy images, as seen in Figure 1. Orig-
inally trained on the LAION-5B dataset [37], the SD model offers a wealth of information
from a wide spectrum of image-text combinations. Comprising 5.85 billion CLIP-filtered
image-text pairs (2.3 billion English samples, 2.2 billion from more than 100 additional
languages) and 1 billion with language-agnostic text, LAIONSB is a vast collection.
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Dataset Preparation
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Figure 1. Comprehensive flow diagram of the research methodology, illustrating the sequential
process from dataset preparation through model development and evaluation.

3.1. Dataset Description

The study uses the Conference and Labs of the Evaluation Forum (CLEF) dataset for
the image generation task, which contains 2000 colonoscopy images paired with 20,242 train-
ing prompts and 5000 non-image test prompts to train and evaluate CLIP, SD, and DB
LoRa. Research evaluates the ability of models to generate medical images from textual
descriptions [9]. This study uses a dataset of 15,428 images classified into three main groups.
The initial dataset comprises 5914 images obtained from reputable medical imaging reposi-
tories that include the CLEF Image [38], Cerebral Palsy-Comprehensive Health Index of
Limb Disorders (CP-CHILD) [39], and binary polyp data [40]. To enhance the diversity
and robustness of the dataset, we sampled 1800 synthetic images using fine-tuned Stable
Diffusion and created 7714 augmented images through various data augmentation meth-
ods. The Classification Model Dataset contains 2946 original polyp and 2967 polyp images,
supplemented with 900 polyp and non-polyp synthetic images. When combined with
the original dataset, this creates an augmented dataset of 3846 non-polyp and 3867 polyp
images, enhancing the diversity and balance of the training data. The complete dataset is
partitioned using a 70-20-10 split ratio for training, testing, and validation, respectively,
ensuring an equitable distribution of polyp and non-polyp images in each segment to pro-
mote impartial model training and assessment. The 70:20:10 split allocates 70% for training
data to learn patterns, 20% for validation to adjust hyperparameters and prevent overfitting,
and 10% for testing to evaluate the performance of the final model. This balanced ratio
ensures sufficient training while maintaining independent validation and testing sets.

For the image segmentation task, the dataset contains 1824 images distributed in four
distinct folders. The real-world data are stored in two folders: real_images, which con-
tains 612 original colonoscopy images, and real_masks, which contain their corresponding
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612 segmentation masks. The synthetic data, generated using Fine-tuned Stable Diffusion
and DreamBooth LoRa, are organized in mdpi_syn with 300 synthetic colonoscopy images
and mdpi_masks with their 300 corresponding segmentation masks.

The image generation pipeline uses stable diffusion 1.5, obtained by Hugging Face
(Hugging Face, New York, USA), as its principal model. The system employs two advanced
fine-tuning methodologies: DreamBooth (DB) for subject-specific customization and Low-
Rank Adaptation (LoRA) for efficient parameter modifications. Our training parameters
used a 4-step batch size with 8-bit Adam optimization, integrating gradient checkpointing
and bfloat16 precision. The training procedure executes for 1000 iterations utilizing logit
normal weighting to guarantee optimal convergence. To improve contextual awareness
and the quality of image formation, we used the Contrastive Language Image Pre-training
(CLIP) method, using its zero shot transfer abilities and natural language supervision
attributes. See Figure 2.

Fine-Tunin Inference

Input g Output
Images (~3-5) + 4Uniqlue

subject’s class name identifier

)
" Generate an

” [\/]71 image ining a > FEo
[V] Polyp .

——

- DreamBooth > —

, el "Generate an ‘ » '
T‘ L image with a polyp =9 |Personalized Text-to-Image
: . of size >20mm. " - -

—

Pretraind Personalized
Text-to-Image Text-to-Image
model model

Figure 2. DB fine-tunes text-to-image model with few polyp images to generate personalized
colonoscopy images.

3.2. Training Pipeline

The image processing pipeline starts with a thorough standardization procedure,
in which all images are resized to 256 x 256 pixels with LANCZQOS resampling, sub-
sequently converting them to RGB color space. Resizing to 256 x 256 ensures consis-
tent memory usage and fixed network inputs while preserving features for subsequent
224 x 224 random cropping during training. All images are stored in PNG format to
preserve image quality through lossless compression. The training set is subjected to
further augmentation techniques, including color jittering, random rotation of +15 degrees,
random horizontal flipping, and random scaled cropping to 224 x 224 pixels. The model
sees slightly different versions of the same image during training, improving its robustness
and generalization capabilities. All images are subsequently normalized using standard
ImageNet normalization parameters and processed in batches via PyTorch python library
Dataloader with a batch size of 32 for optimal training efficiency. Pytorch was created from
Facebook’s Al Research lab (FAIR), Menlo Park, California, USA. PyTorch 2.2.x was used in
this research.

We executed and assessed five cutting-edge models for classification tasks: Vision
Transformer (ViT), Big Transfer (BiT), FixResNeXt, Data-efficient Image Transformer (DeiT)
and EfficientNet. Each model possesses distinct advantages for the classification challenge,
with transformers that deliver strong feature extraction skills and convolutional networks
that facilitate effective spatial relationship processing. The segmentation component of our
approach employs five distinct architectures, U-Net, PSPNet, Feature Pyramid Network
(FPN), LinkNet, and MANet. The models were chosen for their demonstrated efficacy in
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segmenting medical images and their ability to address the unique problems posed by
colonoscopy images.

The training methodology utilizes the AdamW optimizer with weight decay and Cross
Entropy Loss as a loss function. To avoid overfitting and guarantee optimal model perfor-
mance, we established an early stopping mechanism based on the plateau of validation
loss, consistently retaining the best validation model weights during the training phase.
This method guarantees that our models preserve their generalizability while attaining
superior performance on the designated task. The binary cross-entropy loss function for
classification is defined as

zZ

1
Lpce = — 55 L[yilog(#:) + (1 —yi) log(1 —7i)] @

1

I
—_

where N represents the number of samples, y; is the true label, and §; is the predicted
probability for the positive class. For the LoRA adaptation process, the weight matrix
transformation is computed as:

W =Wy + BA = Wy + AW )

where Wy represents the original weight matrix, B and A are low-rank decomposition ma-
trices and AW is the update matrix. The Dice coefficient, used for evaluating segmentation
performance, is calculated as:

_2IXnY| 2TP

Dice = -
T IX[F Y] T 2TP+ FP + EN

3)

where X and Y represent the predicted segmentation masks and ground truth, respectively,
TP denotes true positives, FP denotes false positives and FN denotes false negatives. Our
evaluation approach integrates many metrics to thoroughly evaluate distinct facets of the
system’s performance. The quality of images is assessed by the Inception score (IS) and
Fréchet Inception Distance (FID), which offer quantifiable metrics for the caliber of synthetic
image synthesis. Classification performance is evaluated using many metrics, such as
accuracy, precision, recall (sensitivity), F1 score, and area under the ROC curve (AUC-ROC).
For segmentation tasks, we assess quality by Intersection over Union (IoU), Dice coefficient,
Peak Signal-to-Noise Ratio (PSNR), and Structural Similarity Index (SS5IM), guaranteeing a
comprehensive evaluation of segmentation precision and dependability [41-47]. The CLEF
data comprise text-image pairs, as seen in Figure 3.

Figure 3 displays image-text pairs in which a number of descriptive text prompts
are paired with each colonoscopy image. In addition to having distinct labels (such as
064086616.png and 040086376.png), each image features a set of text questions that offer
several approaches to describing or creating comparable medical situations. This pairing
structure produces a comprehensive dataset with detailed descriptions of every medical
image from various textual perspectives. The instructions in each image addresses a variety
of topics related to the medical scene, from identifying locations and image features to
describing apparent instruments and discoveries. This creates a rich image-text relationship
in which a single medical image is connected to multiple relevant text descriptions, each
highlighting different aspects of the same clinical scenario.
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Image: 064086616.png

Prompt 2: an image metal clip.
Prompt 3: Generate an image with no findings.
Prompt 4: Generate an image with 3 instruments.

Prompt 5: Generate an image with no polyps.

Prompt 6: Generate an image not ag box
Prompt 7: Generate an image not containing text.
Prompt 8: Generate an image from a colonoscopy procedure.

Prompt 9: Generate an image with an an instrument located in the center, upper-left, center-left
and upper-center.

Image: 040086376.png

Prompt 2: an image ining a polyp.
Prompt 3: Generate an image containing biopsy forceps.
Prompt 4: Generate an image with 2 findings.

Prompt 5: Generate an image with 1 instrument.

Prompt 6: Generate an image with 1 polyp.

Prompt 7: Generate an image not ining a gr box

Prompt 8: an image ining text.
Prompt 9: Generate an image with an abnormality with the colors red, brown, pink and orange.
Prompt 10: Generate an image with a polyp of size 11-20mm.

Prompt 11: Generate a polyp of type paris ip.

Prompt 12: Generate an image from a colonoscopy procedure.

Prompt 13: Generate an image with an an abnormality located in the center and lower-center.

Prompt 14: Generate an image with an an instrument located in the lower-right and lower-center.

Figure 3. The dataset shows image—text pairs where each colonoscopy image is matched with
multiple descriptive text prompt images.

3.3. Algorithm

The preprocessing pipeline coordinates the data preprocessing process through a
strategic multihierarchical procedure. The first step is to turn the file that contains image
locations and prompts into a structured framework using the pandas library by sorting
out the data for polyps and non-polyps. This becomes the structural format of organized
data that can feed other pre-processing and training model data stages. In the data parti-
tioning process, random shuffling is used to have equal distribution over training, testing,
and validation. The images are analyzed using the Python Imaging Library and each step
of the pipeline is designed to support different classification models to achieve the best
performance. The process of synthesizing colonoscopy images and training classification
and segmentation models is formalized in Algorithm 1.

This algorithm presents the complete pipeline of our methodology, from data prepa-
ration through model training and evaluation. The algorithm takes as input colonoscopy
images, custom prompts, and pre-trained models and outputs the best performing classifier
and segmentation model along with their respective performance metrics. Each function in
the algorithm represents a distinct phase in our pipeline, with the main process divided into
the data preparation, synthesis, classification training, and segmentation model training
stages. For reproducibility and convenience in the case of further investigations of this
topic, all code, including models, training procedure scripts, and assessment schemes—
is committed to the repository [48]. The datasets included in this study are available
through their respective platforms, CLEF [38], CP-CHILD [39], and binary polyp data [40].
The synthesized images produced and their associated prompts can be accessed in [48].
The repository contains a detailed documentation of all implementation specifics, including
hyperparameters and model setups, to facilitate the replication of our results and the
advancement of the approach.
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Algorithm 1 Colonoscopy Image analysis through text-to-image synthesis using genera-
tive Al

1.  Input: Colonoscopy images, Custom prompts, Pre-trained Stable Diffusion 1.5, SAM
model

2. Output: Best classifier C, Accuracy Acc, Best segmentation model S, Performance
Perf

3. Dataset Preparation:

(a) Dyyig — PrepareDataset (images, prompts)
(b) Gyt < FineTuneStable (Diffusion 1.5, Dyyjg)
(o) Dy < Synthesizelmages (G, prompts, 5000)
(d) Dysyn_mask < GenerateMasks (Dsyn, SAM)
(e) Dyg < SampleBalancedDataset (Doyig, Dsyn_mask, 1000)
4.  Classifier Training:
(a) for each M in {ViT, BiT, FixResNeXt, DeiT, EfficientNet} do

i. Cym « TrainClassifier (M, Dy,;)
ii. Accyr < EvaluateClassifier (Cps, Dpap)

5. Segmentation Model Training:
(a) for each S in {U-Net, PSPNet, FPN, LinkNet, MANet} do

i. Strained < TrainSegmentation (S, Dy,)
ii. Per fs < EvaluateSegmentation (S,gined, Dpar)

6.  return Best classifier C, Accuracy Acc, Best segmentation model S, Performance Per f

Helper Functions:

FineTune (G, D): Fine-tune model using DreamBooth and LoRA
Synthesizelmages (G, prompts, n1):  Generate n images using G

GenerateMasks (D, SAM): Generate masks for images in D using SAM
TrainClassifier (M, D): Train classifier M on dataset D
EvaluateClassifier (C, D): Evaluate classifier C

TrainSegmentation (S, D): Train segmentation model S on dataset D
EvaluateSegmentation (S, D): Evaluate segmentation model S

3.4. Software and Hardware Requirements

Python 3.10 programming language was used to implement all algorithms. The
code was developed and executed using Anaconda 2023.09 distribution for environment
management, Google Colab Pro (subscription-based), and Vertex Workbench 1.11 cloud
platforms. We utilized various libraries including accelerate 0.16.0, PyTorch 2.0.1, torch-
vision 0.15.2, transformers 4.25.1, huggingface hub 0.15.1, diffusers 0.14.0, xformers 0.0.20,
and bitsandbytes 0.37.0. Computations were performed on high-performance hardware: g2-
standard-48 machines (4 NVIDIA 14 GPUs, 48 vCPUs, 192 GB RAM) and a 40 GB NVIDIA
A100 GPU. The system utilized 83.5 GB of total RAM (with 2.2 GB utilized during the
experiments) and 40.0 GB of GPU RAM, with a storage capacity of 235.7 GB (100 GB data
disk + 150 GB boot disk). With pretrained Stable Diffusion 1.5 and SAM models for image
synthesis and segmentation, this configuration facilitated a complete colonoscopy analysis
pipeline that was evaluated using a variety of classifier architectures (ViT, BiT, FixResNeXt,
DeiT, EfficientNet) and segmentation models (U-Net, PSPNet, FPN, LinkNet, MANet).

4. Results

The results and a discussion of the research are presented in this chapter, which details
both software and hardware specifications. Table 1 presents a comparison of performance
metrics (FID scores and average inception scores) in three different models (CLIP, SD and
DB + LoRa) in three different datasets (single, multi and both). The FID scores range from
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0.06 to 0.12, with SD showing the best performance (lowest FID scores) in all datasets.
For Inception scores (IS avg), DB + LoRa consistently achieves the highest values (2.36),
followed by SD (2.33), while CLIP shows the lowest IS avg (1.57). Each model maintains
consistent performance across different datasets, with only minor variations in FID scores.

Table 1. Performance comparison of different models across datasets. The evaluation metrics include
FID score (lower is better) and Inception score (IS) measurements, including average (avg), standard
deviation (std), and median (med) values.

Dataset Model FID IS avg IS std IS med
single CLIP 0.11 1.57 0.03 1.56
multi CLIP 0.11 1.57 0.03 1.56
both CLIP 0.12 1.57 0.03 1.56
single SD 0.06 2.33 0.07 2.34
multi SD 0.06 2.33 0.07 2.34
both SD 0.07 2.33 0.07 2.34
single DB+LoRa 0.11 2.36 0.05 2.36
multi DB+LoRa 0.07 2.36 0.05 2.36
both DB+LoRa 0.08 2.36 0.05 2.36

Table 2 presents a detailed evaluation of model performance using Inception Score
Groups (G1-G10) in three different models (CLIP, SD, and DB+LoRa) and three dataset
configurations (single, multi, and both).

Table 2. Detailed Inception score evaluation across different groups (G1-G10) for each model and
dataset combination. Groups represent different aspects of image quality assessment, showing model
consistency across evaluation dimensions.

Dataset Model Gl G2 G3 G4 G5 G6 G7 G8 G9 GI10

single CLIP 156 155 155 157 155 155 154 154 156 1.51
multi CLIP 156 155 155 157 155 155 154 154 156 1.51
both CLIP 156 155 155 157 155 155 154 154 156 1.1
single SD 237 240 240 239 224 226 231 222 225 277
multi SD 237 240 240 239 224 226 231 222 225 277
both SD 237 240 240 239 224 226 231 222 225 277

single DB+LoRa 235 227 239 241 231 233 234 236 246 238
multi DB+LoRa 235 227 239 241 231 233 234 236 246 238
both DB+LoRa 235 227 239 241 231 233 234 236 246 238

The scores show that CLIP consistently maintains lower values (around 1.51-1.57)
across all groups, while SD and DB+LoRa achieve higher scores (ranging from 2.22-2.77).
In particular, SD shows greater variability with peaks in G2-G4 (=~ 2.40) and G10 (2.77),
while DB+LoRa demonstrates more stable performance between groups with slight im-
provements in G4 (2.41) and G9 (2.46).

4.1. Image Generation Results

The synthesized images were measured using the inception score and the Fréchet
Inception Distance. Among the three models, CLIP has the highest Fréchet FID score:
0.114 for 0.128 and 0.124 for three (3) datasets [9]. These higher ratings indicate poorer
image quality and realism as CLIP-generated images seem less like real photos than other
models. Figure 4 shows the final image. The higher FID score for the multicenter dataset
indicates that CLIP struggles to create realistic images when trained on a diverse dataset
from numerous medical facilities. High FID scores indicate that in this case, CLIP is not the
best approach to obtain high-quality medical images. The images in Figure 4 demonstrate
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CLIP’s capability to generate synthetic colonoscopy images from textual descriptions,
though with notable quality limitations when trained on diverse medical facility datasets.

Real Patient Image Real Patient Image

Real Patient Image

Synthetic Image

Generate an image from a colonoscopy procedure Small polyp-Generate an image with a polyp Generate an image with no instruments
containing a polyp (Large polyp) of size 20mm (Small Polyp) or polyp (No polyp)

Figure 4. CLIP text-to-image-based colonoscopy image generation. Comparison between real patient
colonoscopy images (top row) and synthetic images generated using CLIP (bottom row) based
on text prompts. Left: Generation of a large polyp. Center: Generation of a small 20mm polyp.
Right: Generation of a normal colon view without instruments or polyps.

The implementation combines Stable Diffusion pre-trained, DreamBooth, and LoRA
for the synthesis of colonoscopy images, optimized with a resolution of 512 pixels, a learning
rate of 1 x e~#4, and specialized medical prompts. This architecture efficiently handles
medical imaging complexity while minimizing computational resources through LoRA’s
targeted modifications and DreamBooth’s instance-specific adaptations. Indicating better
image quality and realism, the lowest FID scores for fine-tuned SD are “0.099” (single
center), “0.064” (multicenter), and “0.067” (combined datasets) [9]. The reduced score of the
multicenter dataset implies better performance of healthcare facilities. Although somewhat
inferior to fine-tuned DB + LoRa, SD offers a high amount of visual diversity and quality,
averaging “2.33” in all datasets. The consistency of SD across datasets shows its ability to
function regardless of the data source. In general, fine-tuned SD produces high-quality,
diversified medical images. Figure 5 shows the synthetic images that demonstrate SD’s
ability to generate diverse high-quality medical images with FID scores of 0.064-0.099
across different datasets, showing consistent performance regardless of data source.

The FID scores of “0.11” (single center), “0.073” (multicenter), and “0.076” (combined
datasets) obtained by fine-tuning DB + LoRa show a high level of image quality and
accuracy. With a wider range of training data, the multicenter score is more favorable.
However, scores are higher than for SD, which has been fine-tuned, indicating a good level
of quality overall. Regardless of the data source, the Inception score of “2.36” remains
constant across all datasets, indicating strong image diversity and quality [9]. Figure 6
shows the result of the text-to-image synthesis using DB and LoRa. The synthetic images
demonstrate the model’s ability to generate colonoscopy images in response to specific text
prompts, with each pair showing the relationship between real patient images and their
synthetic counterparts.
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Real Patient Image

Real Patient Image

Real Patient Image

Generate an image from a colonoscopy procedure Small polyp-Generate an image with a polyp Generate an image with no instruments
containing a polyp (Large polyp) of size 20mm (Small Polyp) or polyp (No polyp)

Figure 5. Fine-tuned SD text-to-image-based colonoscopy image generation. Comparison between
real patient colonoscopy images (top row) and synthetic images generated using fine-tuned Stable
Diffusion (bottom row). The image pairs show three scenarios: (left) a large polyp visualization,
(center) a small 20mm polyp, and (right) normal colon without instruments or polyps.

Real Patient Image Real Patient Image

Real Patient Image

Synthetic Image

/uw'n- .u \\
o

Generate an image from a colonoscopy procedure Small polyp-Generate an image with a polyp Generate an image with no instruments
containing a polyp (Large polyp) of size 20mm (Small Polyp) or polyp (No polyp)

Figure 6. DB and LoRa text-to-image-based colonoscopy image generation. Comparison of real
patient colonoscopy images (top row) with synthetic images generated using DB and LoRa models
(bottom row). Three clinical scenarios are presented: (left) colonoscopy procedure showing a
large polyp, (center) visualization of a small 20mm polyp, and (right) normal colon view without

instruments or polyps.

In terms of image variety and value, these scores are slightly better than those of
SD. Fine-tuned SD achieves higher FID scores, but fine-tuned DB + LoRA strikes a better
balance between diversity and realism, potentially making it the best choice for medical
imaging tasks that require high-quality and diverse image generation.

4.2. Model Comparison
Figures 7 and 8 show the evaluation of each visual generative Al model in terms of
FID and IS in three datasets.
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FID Scores by Dataset and Model
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Figure 7. FID comparison across three models and three datasets.

While fine-tuned DB and LoRa produce high-quality, lifelike images, fine-tuned SD
beats CLIP and fine-tuned DB in generating such images. Its superiority is shown by
producing the lowest FID values among all tests. With an average Inception score of 2.36,
the DB + LoRa model ranks highest followed by fine-tuned SD, with an average of 2.33.
The average starting score for CLIP is the lowest. However, fine-tuned DB + LoRA achieves
a better balance between diversity and realism, so it may be the perfect solution for medical
imaging positions that require both high-quality and diverse image generation.

Average Inception Scores by Dataset and Model
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Figure 8. IS comparison across three models and three datasets.

4.3. Image Segmentation Results

This section comprises two primary tasks, namely image mask generation and image
segmentation. The dataset contains 1824 images: 612 real colonoscopy images with masks
and 300 synthetic images with masks. A pretrained faster R-CNN with ResNet50 backbone
first classifies and localizes polyp regions using bounding boxes, which then guide the SAM
model for precise mask generation. Image masks were created for shapes identified with
the Segment Anything Model (SAM) [49]. The technique starts with initializing SAM with a
pre-trained checkpoint and finds circles and outlines in the input image that mimic polyps.



Algorithms 2025, 18, 155

16 of 29

Input points are produced along the boundary of every form found. Figure 9 shows the
location of the polyp in both real and Al-generated endoscopic views, highlighting the simi-
larity between actual and synthetic medical imaging data. Following mask generation with
the Segment Anything Model (SAM), we performed manual visual screening of all masks
generated. This validation process involved systematic examination of each image-mask
pair to verify accuracy and alignment with anatomical boundaries. Masks that exhibited
inaccuracies or did not properly delineate the target structures were excluded from further
analysis, ensuring that the dataset contained only precisely segmented regions for sub-
sequent processing. For model training and evaluation, a standard 80:20 train—test split
was applied. This approach ensures robust model development by allocating 80% of the
data for training and reserving 20% for independent testing, allowing for a comprehensive
assessment of the performance and generalizability of the segmentation models.

Real Mask

Real Image Real Overlay

Synthetic Image Synthetic Mask

Figure 9. Comparison of real and synthetic colonoscopy images with polyp detection. Top row
shows a real colonoscopy image with its corresponding binary mask and region overlay. Bottom row
displays a synthetic colonoscopy image with its binary mask and region overlay.

The analyses of the five segmentation models showed that the metrics had varying
effects on each model’s performance. With the highest IoU (0.65), UNet showed strong
performance in many metrics, particularly achieving the highest recall (0.85) and Dice coef-
ficient (0.78). FPN demonstrated solid results with the highest precision (0.77) and PSNR
(7.21). LinkNet achieved the highest F1 score (0.78) among all models, although its other
metrics were comparable to its peers. PSPNet showed slightly lower overall performance,
with the lowest IoU (0.63) and PSNR (6.64). MANet’s performance was middle of the
pack across most metrics, with values generally similar to FPN and LinkNet. Regarding
structural similarity, all models showed relatively low SSIM scores ranging from 0.44 to
0.49, with UNet and FPN tied for the highest at 0.49. The PSNR values were consistently in
the range of 6-7 in all models, with the FPN achieving the highest at 7.21.

Figures 10 and 11 show the segmentation findings for real and synthentic colonoscopy
image polyp images.

A pink growth is shown against a crimson intestinal lining in the original photograph.
The real mask displays the polyp area as white. The segmentation of the UNet is shown
in black on the expected mask. Green indicates a valid identification, red indicates a
missing area, and yellow indicates a false positive. The overlay contrasts the results. UNet
accurately depicts the polyp’s form and position but overestimates its size, especially
around the edges. UNet’s multiscale feature recognition and over-segmentation are shown
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here. Perhaps fine-tuning or postprocessing could sharpen edges. The results of this study
are shown in Table 3. Table 3 shows the Dice coefficients. The five segmentation algorithms
were thoroughly evaluated using the synthetic colonoscopy dataset, yielding the following
results: UNet demonstrated better overall performance, achieving the highest scores in IoU
(0.65), F1 score (0.76), and Dice coefficient (0.78), as seen in Table 3.

Original Image UNet Overlay PSPNet Overlay FPN Overlay LinkNet Overlay

&/

MANet Overlay

Ground Truth UNet Prediction PSPNet Prediction FPN Prediction LinkNet Prediction MANet Prediction

m .‘. -k mn
. A - LY

Figure 10. Comparison of polyp segmentation performance across different deep learning architec-

tures. Top row shows overlay visualizations on the original (synthetic) colonoscopy image, while
bottom row presents binary mask predictions. From left to right: original image, UNet, PSPNet,
FPN, LinkNet, and MANet segmentation results, with ground truth mask for reference. The overlays
(red regions) and binary predictions demonstrate varying segmentation accuracies and boundary
detection capabilities across the different network architectures.

UNet Overlay PSPNet Overlay FPN Overlay
Dice: 0.831, loU: 0.711 Dice: 0.663, IoU: 0.496 Dice: 0.944, 10U: 0.893

LinkNet Overlay MANet Overlay
Dice: 0.739, loU: 0.586 Dice: 0.896, loU: 0.812

Original Image

Ground Truth UNet Prediction PSPNet Prediction FPN Prediction LinkNet Prediction MANet Prediction

Figure 11. Comparison of polyp segmentation performance across different deep learning archi-
tectures. Top row shows the original (real) endoscopic image with model overlay predictions in
red (UNet, PSPNet, FPN, LinkNet, and MANet). Bottom row displays the corresponding binary
segmentation masks, with ground truth (leftmost) and model predictions, demonstrating the relative
accuracy of each architecture in polyp region identification and boundary delineation.

Table 3. Comprehensive performance evaluation of segmentation models with results demonstrating
varying capabilities across different architectures with UNet achieving superior performance in
most metrics.

Model IoU F1 Score Precision Recall PSNR SSIM (]j)(:::
UNet[50] 0.65 0.76 0.74 0.85 7.05 0.49 0.78
PSPNet [51] 0.63 0.76 0.71 0.84 6.64 0.44 0.77
FPN [52] 0.64 0.77 0.77 0.78 7.21 0.49 0.77
LinkNet [53] 0.64 0.78 0.73 0.83 7.01 0.47 0.77

MANet [54] 0.64 0.77 0.75 0.80 7.07 0.48 0.77
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The models demonstrate consistently strong performance with minimal variation
across metrics. UNet achieves a notably higher IoU of 0.65 compared to 0.63-0.64 for other
models, indicating superior segmentation accuracy. The Dice coefficients range from 0.77
to 0.78, indicating an excellent overlap between predicted and ground truth segmentations.
LinkNet shows the highest F1 score at 0.78, while FPN achieves the best PSNR at 7.21. SSIM
values range from 0.44 to 0.49, with UNet and FPN tied for the highest structural similarity.
Precision varies from 0.71 to 0.77, and recall ranges from 0.78 to 0.85, demonstrating a
good balance between accuracy and completeness across all architectures. The result
demonstrates a significant improvement over the results from [55].

4.4. Image Classification Results

The dataset used for classification consists of three sources: the original image dataset
contains 1184 test images, 4138 training images, and 592 validation images; the synthetic
image dataset has 358 test images, 1260 training images, and 182 validation images; and the
augmented dataset comprises 1542 test images, 5398 training images, and 774 validation
images. Advanced classification models, including ViT, BiT, FixResNeXt, DeiT, and Ef-
ficientNet, were trained using images generated from this investigation. Conventional
metrics were used to evaluate these models. This comprehensive strategy aims to improve
medical diagnosis and imaging technology. Figure 12 illustrates a 5 x 2 grid of original
colonoscopy data randomly selected. Figure 13 illustrates the results of the models based
on the original data.

Figure 12. Endoscopic views from a colonoscopy procedure showing various segments and mucosal
patterns of the colon interior.

EfficientNet has a pronounced superiority in all performance criteria used. Each metric
confirmed that EfficientNet has one of the highest validation accuracy values of 97% and
an F1 measures of 96.79% and is superior to all the models used. FixResNeXt was slightly
less successful with a maximum validation accuracy of 86% and an F1 score of 85.95%.
ViT’s results are the second best of all networks, although they are far less impressive than
EfficientNet’s 96.79% AUC ratings.

Loss measurements shed more light on this discrepancy in performance: FixResNeXt
has a validation loss of 0.36, while the remaining models have even higher levels of loss.
The validation loss of EfficientNet is 0.11, making it the best performing model. Precision
and recall also retain the same traits and are presented as follows. Validation precision
and recall of EfficientNet: 96.8%, 96.8%; validation of the second best model, FixResNeXt:
86.2%, 85.9%. Specifically, most of the models demonstrate low discrepancies between the
training and validation performance. EfficientNet demonstrates better adaptability to the
data of this set, as well as higher efficiency in terms of all scores. The large accuracy margin
points to the fact that the EfficientNet architecture is learning features and patterns in the
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data that other architectures are unable to, thereby making EfficientNet suitable for tasks
such as the ones used in this initial dataset.

Performance Metrics for Original Dataset
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ViT BiT FixResNeXt DeiT EfficientNet
Models
Figure 13. Performance comparison of deep learning and transformer-based models across multiple
evaluation metrics, showing EfficientNet achieving superior performance across all measures on the
original image dataset.

Figure 14 shows a 5 x 2 grid of randomly sampled synthetic colonoscopy data. Look-
ing at the metrics in Figure 15, EfficientNet is smoother in almost all metrics, although not
as dominant as it was with the initial data.

Figure 14. Synthetic endoscopic images generated to simulate various views and conditions encoun-
tered during medical endoscopy procedures.

The percentage accuracy of the training was 80 %, the accuracy of the validation was
79 %, and the F1 scores for the training and validation were 79.9% and 79.1%, respectively,
which are comparatively lower than the scores obtained on the original data. Other
models demonstrate better relative performance, specifically based on the metrics from the
validation sets. FixResNeXt takes second place with the best validation accuracy of 71%,
and an F1 score of 70.8%. BiT achieved a fantastic validation precision of 75.64% and ViT
achieved a validation precision of 75.47%, which is higher than the training precisions of
64.98% and 61.46%, respectively.

Loss metrics further illustrate the narrowed gap: FixResNeXt’s 0.58 loss and other
models’ losses are much closer to the validation loss of 0.5133, which belongs to EfficientNet.
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Performance Metrics for Synthetic Dataset
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Figure 15. Performance evaluation of five deep learning and transformer-based models on Al-
generated colonoscopy data, demonstrating generally lower but more consistent performance across
models compared to original data, with EfficientNet maintaining superior accuracy but showing
more metric variation.

An evaluation of overall performance highlights the fact that, with most models
obtaining percentage scores within the range of 60-70% for the different evaluation criteria,
synthetic data seem more difficult. This results from heightened complexity, variety,
and noise in the synthetic data production process. The results indicate that the performance
discrepancies between the models and the synthetic data stem from possible deficiencies
not present in the actual data. Synthetic data may effectively enhance the evaluation of a
model’s robustness and its ability to generalize to novel occurrences.

Figure 16 shows a 5 x 5 grid of randomly sampled augmented colonoscopy data
(combination of original and synthetic data). The augmented dataset causes a significant
reversal in the performance of the various models and shows the variation in the data
characteristics that affect the model performance. In this case, DeiT and ViT are the best that
demonstrate high accuracy and F1 score, as well as the lowest error rate. Training precision
of 98% was achieved, with a validation accuracy of 93%, while F1 scores achieved 97.94% in
training and 92.89% in validation. The DeiT has shown the following performance, which
shows a great improvement compared to the previous models. ViT achieved 93% validation
accuracy and a 92.51% F1 score; in contrast, BiT achieved 92% validation accuracy with
a 92.38% F1 score. This shows that the augmented dataset is well suited for transformer-
based architectures.

Figure 16. Combined dataset of real and synthetically generated endoscopic images, demonstrating the
visual similarity between actual endoscopic findings and artificially generated medical imaging data.
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In contrast, EfficientNet outperformed all other models in the previous datasets but
has the lowest validation in this case, which is a precision score 86%. This change in the
improvement rate is stark and underlines the importance of specific dataset attributes for
model effectiveness. Loss metrics also point to these performance changes. Figure 17 shows
that DeiT validation loss is 0.20, which is less than Efficient Net’s 0.38 and the opposite of
what has been seen in previous datasets. Relative performance can also be seen in the AUC
scores, where DeiT achieved 92.90%, while EfficientNet achieved 86.05%.

Performance Metrics for Augmented Dataset
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Figure 17. Performance evaluation of deep learning models on an augmented endoscopic dataset,
showing substantially improved and more uniform performance across all models and metrics
compared to both original and synthetic datasets, with most models achieving approximately 90%
across all evaluation measures.

One unique feature of the intelligent data results is that most models had validation
scores greater than 90% (EfficientNet not included). Training and validation performance
are also closely matched for the top models with relatively little gap. For example, the train-
ing accuracy of 98% compared to the validation accuracy of 93% shows that DeiT and ViT
have great generalization as seen in Figure 17.

These results indicate that the intelligent dataset contains distinguishable patterns,
which makes transformer-based models highly effective. The high overall scores, as well
as the proximity to the training validation performance, indicate that this dataset is more
‘teachable’ in gross terms, but with certain attributes that tend to benefit a given architectural
design. This scenario shows that the structure of the model should correspond to the type
of data and the qualitative difference that occurs in the work of the model in different sets.

This research captures major variations in the performance of the various models.
Looking at the performance of the models in the original dataset, EfficientNet has the
highest accuracy score and the highest F1 score (97% accuracy, 96.79% F1). FixResNeXt
comes next in a short time, followed by other models that range from at most 75-80% on
most of the metrics.

In the case of the synthetic dataset, overall model performances were comparatively
lower than those achieved on the original dataset. EfficientNet retains a sample advantage
over FixRexNet, although the score boundaries are significantly lower (79% validation accu-
racy). The performance difference decreases with FixResNeXt and VIT as close competitors,
but there are differences in the validation precision: 71% for FixResNeXt and 75.47% for
VIT, as seen in Figures 18 and 19.
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Validation Accuracy Comparison Across Datasets
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Figure 18. Validated accuracy comparison across the 3 datasets.

The augmented dataset shows a complete transition. The result shows that ViT and
DeiT are the most accurate models with a validation accuracy of 93% and having the highest
f1 score of 92.89%.

Validation F1 Score Comparison Across Datasets
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Figure 19. Validated F1 Score comparison across the 3 datasets.

The other two architectures, FixResNeXt and BiT, follow slightly behind ViT and DeiT.
In contrast, here the validation metrics look worse for the accuracy of EfficientNet (86%).
In particular, most customer variants demonstrate improved accuracy in the augmented
dataset compared to the synthetic and original datasets, thus containing more learnable
patterns. The Vision Transformer (ViT) demonstrates remarkable proficiency in polyp
detection in both real and synthetic colonoscopy images, as shown in the figure. The model,
trained on an augmented dataset that combined real colonoscopy images and synthetic
data generated through fine-tuned Stable Diffusion, processes the input images by dividing
them into fixed-size patches that are linearly embedded and processed through transformer
encoder blocks. This training approach enables the ViT to learn robust features common
to both real and synthetic polyps, preventing overfitting to specific real-world image
characteristics. The model’s effectiveness is evident in its high-confidence predictions:
accurately identifying a subtle polyp in the real image with 0.95 confidence and a more
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prominent polyp in the synthetic image with 0.99 confidence. The ViT generates appropriate
bounding boxes in both cases, a smaller and precise box for the real polyp and a larger box
that encompasses the full structure of the synthetic polyp, validating the effectiveness of
synthetic data enhancement in medical image analysis, as seen in Figure 20.

Real Prediction
Confidence: 0.95

Real Image Real Mask

=3 Boundary

Synthetic Prediction

Synthetic Image Synthetic Mask Confidence: 0.99

=1 Boundary

ol
Figure 20. Visual comparison of ViT-based polyp detection performance on real and synthetic

colonoscopy images, demonstrating high confidence predictions (0.95 and 0.99, respectively) with
accurate boundary box localization.

The difference between training and validation scores, which affect a model’s capacity
to generalize, is the smallest for the augmented dataset. By comparing the outcomes,
the results show that EfficientNet, one of the most variable networks, performs worst in
intelligent dataset but better in the original dataset. Conversely, in the augmented dataset,
the transformer-based structure (DeiT, ViT) performs much better overall. Intelligent Data
Augmentation produced the best overall results for the following reasons:

1. High Performance
The augmented dataset demonstrated exceptional performance, consistently achieving
accuracy metrics above 92% in different models and evaluation metrics. This indicates
robust and reliable model behavior across various architectural implementations.

2. Performance Consistency
A notable pattern emerged in the comparative analysis. The original dataset showed
inconsistent performance, with only one model achieving high accuracy (EfficientNet
with 97% validation accuracy). The synthetic dataset consistently showed lower
performance across all models. In contrast, the augmented dataset maintained con-
sistently high performance across multiple architectures, indicating improved data
quality and representation.

3.  Strong Generalization
The minimal gap between training and validation accuracy in the augmented dataset
(typically within 2-3 percentage points) indicates effective knowledge transfer, re-
duced overfitting, and robust model generalization capabilities.

4. Architecture-Agnostic Performance
Unlike the original and synthetic datasets, which showed significant performance
variations between different architectures, the augmented dataset demonstrated more
balanced performance. This indicates reduced architecture-specific bias in the learn-
ing process.
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5. Enhanced Model Applicability
The consistent high performance across diverse architectural approaches indicates that
the knowledge extracted from the augmented dataset is more universally applicable.
The learned features are more generalizable across different model architectures,
and the dataset provides robust training signals for various deep learning approaches.

Although the score accrued from the initial dataset was the maximum (97% for Effi-
cientNet), intelligent data offered the highest precision of performance with model con-
sistency and generic precision. This makes it the most valuable from a machine learning
perspective because in addition to offering a clear separation for analyzing the data, it can
also inform the best choice for model selection and could translate to superior accuracy in
real-world applications.

5. Discussion

This study created a novel strategy to address the lack of medical imaging data, espe-
cially when it comes to colonoscopy operations for underrepresented groups. The main
objective of the study was to improve the detection models of CRC by combining various
data augmentation approaches with sophisticated machine learning and deep learning
techniques to synthesize colonoscopy images. To produce realistic artificial colonoscopy
images, the researchers modified and improved several visual generative Al models, such
as CLIP, Stable Diffusion (SD), and DreamBooth (DB) with LoRA. The Fréchet Inception
Distance and Inception score were used to thoroughly assess the quality of these pro-
duced images. The research used several models for image classification tasks, including
EfficientNet, FixResNeXt, Big Transfer, Vision Transformer, and Data-efficient Image Trans-
formers. The study used original, augmented, and synthetic datasets for testing and
training. And also for image segmentation tasks, the study implemented U-Net, PSNet,
FPN, LinkNet, and MANet. With lower FID scores across all datasets, the results showed
that DreamBooth in conjunction with LoRA created the most realistic photos. ViT and
DeiT models achieved 93% validation precision and 92.89% F1 scores in classification
tasks, according to the expanded dataset. This showed that creating synthetic images from
high-quality data can improve model performance and generalizability across various
demographic subgroups.

The CLIP, SD, and DB LoRa models were all successfully used for colonoscopy image
generation in the study. Fine-tuned SD and DB LoRa produced the lowest FID scores
for the datasets in terms of image originality and quality. The adapted models achieved
optimal results when generating several images of synthetic colonoscopy. Inception scores
were used to prove the diversity and realism of the generated image. DB LoRa received
the highest average IS value of 2.36 for all datasets, indicating good image variety and
quality. The quality and clinical usefulness of the images generated have therefore been
quantitatively assessed using FID and IS metrics. The FID scores remained below 15 while
the IS values were above 2 in all different datasets, which is an indication of the high
quality and diversification of the images synthesized. The researchers were able to train
and test the ViT, BiT, FixResNeXt, DeiT, and EfficientNet models using synthetic, original,
and augmented data. The augmented data strengthened the results in addition to obtaining
a higher validation precision with ViT and DeiT both having a precision of 93% and an F1
score of 92.89%, which means that synthetic data enhancement is effective. For the image
segmentation task, the study adopted and assessed the performance of U-Net, PSNet, FPN,
LinkNet, and MANet. FPN produced excellent results, with an IoU of 0.64, an F1 score of
0.78, a recall of 0.75, and a Dice coefficient of 0.77.

This study clearly showed both improved performance and fairness of the model
with augmented synthetic data. The augmented dataset performed steadily better than
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the original and synthetic datasets for all models and measures, indicating lower bias and
better generalization. All research objectives were met systematically, indicating general
research contributions in the areas of synthetic image generation, improved model perfor-
mance, and possible elimination of bias when using Al-enabled analysis of colonoscopy
images. By improving Al-based colonoscopy screening with improved training datasets,
this study significantly reduces health disparities in CRC therapy outcomes. In addition to
demonstrating how artificial data augmentation can improve the effectiveness and equity
of Al models for polyp recognition and classification, this study advances the field of
generative Al in medical imaging. The innovative approach to medical picture synthesis,
extensive evaluation techniques, improved model performance, and important implications
for healthcare equity are just a few of its strengths. This study extensively evaluated a
number of state-of-the-art models in a variety of fields and showed increased validation
accuracy using better datasets. However, this study also has drawbacks, especially when it
comes to a thorough clinical validation and moral issues around the use of artificial data in
healthcare settings, which need further investigation before practical implementation.

6. Conclusions

In conclusion, this work has shown that generative Al, text-to-image synthesis, and in-
telligent data augmentation can be applied to overcome limitations arising from a limited
number of colonoscopy images and data bias. This study demonstrated a novel way to
generate a diverse and realistic number of synthetic colonoscopy images that could reflect
a rather wide range of patients by improving state-of-the-art models such as CLIP, DB
LoRa and SD. The comparative analysis of these synthetic images computed via FID and
IS metrics, as well as the outcome of classification and segmentation models trained to
utilize augmented datasets, prove the critical enhancements in AI model effectiveness and
non-bias. The proposed augmentation method using original and synthetic images showed
better performance than original and purely synthetic datasets for several models and
evaluation metrics. This study helps address the problem of minority representation in
both the identification and treatment of CRC by improving the training datasets of Al-
supported colonoscopy technologies. It also pushes the point of generative Al in analyzing
colonoscopy and medical imaging at large, moving with more than colonoscopy applica-
tions. However, some limitations must be investigated in subsequent studies, for example,
the requirement for clinical evaluation of synthesized images and some ethical concerns
about incorporating Al-generated medical data. However, this work sets a robust frame-
work upon which future studies can build to enhance the efficiency of applying artificial
intelligence to the analysis of medical images and to overcome disparities affecting health
in different countries. This study recommends the use of augmented datasets in Al model
training for colonoscopy assistance tools, as synthetic image generation has produced
promising results. Augmented data sets improve developer resources, model accuracy,
and generalization while also reducing discrimination caused by the underrepresentation
of racial minorities in medical imaging data. A notable limitation of this study is the
absence of human evaluation through blinded evaluation. Future work would benefit from
having experienced medical professionals perform blinded comparisons between real and
synthetic colonoscopy images. This expert evaluation would provide valuable information
on the clinical viability of the generated images and help validate whether the synthetic
data could effectively supplement medical training datasets. Clinical validation studies
in real world settings are critical to determining the effectiveness of these methods and
addressing potential risks before deployment. Future research should focus on large-scale
clinical validation of AI models trained on augmented datasets, the development of ethical
guidelines for the use of synthetic medical images in clinical and training settings, and the
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application of synthetic data augmentation techniques to other medical imaging modalities
besides colonoscopy. General implementation requires careful consideration of practical
challenges, approval processes, and integration into existing ones.
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BiT Big Transfer

BLIP Bootstrapping Language-Image Pre-training
CADe Computer-Aided Detection

CFM Cross Fusion Module

cGAN Conditional Generative Adversarial Network
CIM Cross Interaction Module

CLIP Contrastive Language-Image Pre-Training
CNN Convolutional Neural Network

CRC Colorectal Cancer

DB DreamBooth
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DeiT Data-Efficient Image Transformers

DL Deep Learning

DR Adenoma Detecting Rate

FCNN Fully Convolutional Neural Network

FID Fréchet Inception Distance

FPN Feature Pyramid Network

GANs Generative Adversarial Networks

HD High Definition

IS Inception Score

LDM Latent Diffusion Model

LinkNet Link Network

LoRA Low-Rank Adaptation

MANet Multi-Scale Attention Network

Mask R-CNN  Mask Region-based Convolutional Neural Network

mDice Mean Dice Coefficient

mloU Mean Intersection over Union

ML Machine Learning

Polyp-PVT Polyp Pyramid Vision Transformer

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses

PSPNet Pyramid Scene Parsing Network

SAM Spatial Attention Module

SD Stable Diffusion

SspPpP Single Sample Per Person

U-Net U-Shaped Network

VQGAN Vector-Quantized Generative Adversarial Network
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