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ABSTRACT

Osteosarcoma is an aggressive primary bone malignancy, and the accurate segmentation of technical regions in medical
imaging is critical for diagnosing, treatment planning, and prognosis. Yet the lack of annotated data for medical imaging is
a key bottleneck for building strong deep learning models. To solve this, we introduce GAN-OSMOSIS, a novel Generative
Adversarial Network (GAN)-based framework for enhanced optimized osteosarcoma segmentation and multimetric
assessment (MME) via synthetic imaging assist. We used a U-Net-based generator to perform semantic segmentation and a
PatchGAN discriminator that classifies images as real or fake based on overlapping patches. Moreover, a Conditional GAN
(cGAN) structure is utilized to synthesize high-quality tumour images that imitate real data distributions more closely,
improving data diversity and reducing overfitting. A mixture of Binary Cross-Entropy loss, L1 reconstruction loss, and
adversarial loss are employed to train the GAN-OSMOSIS framework, balancing segmentation performance with fidelity
of the output image [5]. By employing five principal performance metrics Dice Coefficient (0.92), Intersection over Union
(loU = 0.88), Sensitivity (0.91), Structural Similarity Index (SSIM = 0.94), and Fréchet Inception Distance (FID = 12.7) the
system was thoroughly and extensively validated on five publicly available medical datasets. The new model also performed
better than classical methods and showed higher generalization through 5-fold cross validation. The results confirm GAN-
OSMOSIS as a solution for rare cancer segmentation, and present a scalable avenue for synthetic data augmentation in
medical imaging research.

Keywords: Data Augmentation, Generative Adversarial Networks (GANs), Medical Image Segmentation, Osteosarcoma,
PatchGAN Discriminator, U-Net Architecture

INTRODUCTION

Osteosarcoma, a rare and aggressive type of primary bone cancer, occurs primarily in adolescents and young adults.
Accurate detection and segmentation of osteosarcoma tumors from medical images like MRI or CT scan are essential for
accurate diagnosis, surgical planning, and post-treatment monitoring. Manual of segmentation techniques are widely used
but are time-consuming, suffer from high inter-observer variability, and require expert radiological knowledge. These
limitations emphasize the need for automated techniques that can improve the precision and efficiency of segmentation with
less manual involvement.

Deep learning techniques, particularly Convolutional Neural Networks (CNNs) and U-Net architectures, have shown
promise in automating medical image segmentation. However, their performance heavily depends on the availability of large,
annotated datasets, which is often a challenge in rare diseases like osteosarcoma. To overcome data scarcity and improve
model generalization, synthetic data generation using Generative Adversarial Networks (GANS) has emerged as a compelling
solution. GANs can generate high-fidelity synthetic medical images that resemble real ones, thus augmenting the training
datasets and enhancing the robustness of segmentation models.

In this work, we propose GAN-OSMOSIS, a GAN-based learning framework that performs dual tasks: precise tumour
segmentation and synthetic data augmentation for osteosarcoma detection. Our model integrates a U-Net-based generator
with a PatchGAN discriminator and is optimized using adversarial loss, segmentation loss (Dice and BCE), and image
reconstruction loss (L1). We validate our framework on publicly available osteosarcoma imaging datasets using a
comprehensive set of evaluation metrics including Dice Coefficient, loU, Sensitivity, SSIM, and FID. Prior studies have also
demonstrated that GAN-based approaches improve both segmentation and augmentation performance in cancer imaging
tasks, as shown by Han et al., where a GAN-based augmentation strategy led to significant improvement in osteosarcoma
MRI segmentation accuracy [1].
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Despite the rapid advancement of deep learning in the medical domain, applying such techniques to rare cancers
like osteosarcoma remains challenging due to the heterogeneity in tumour appearance and the limited number of high-quality
labelled datasets. Tumour shapes and textures vary significantly across patients, which makes generalization difficult for
standard CNN models. GAN-based methods, especially those employing conditional GANs (cGANS), offer an advantage by
learning data distributions conditioned on class labels or masks, thus enabling more controlled and realistic generation of
pathological features. This is particularly useful in osteosarcoma imaging, where lesion boundaries may be diffused or
irregular, requiring models that are not only accurate but also capable of learning contextual variability.

Additionally, embedding GANs with segmentation frameworks forms a potent joint learning paradigm to optimize
the image synthesis and the segmentation jointly. Training a U-Net generator to output both segmentation maps and realistic
images and iteratively improving this using a discriminator’s results makes the model robust to small amounts of training
data. This adversarial training has demonstrated strength in a number of areas, including liver, brain and musculoskeletal
tumours segmentation. For example, Frid-Adar et al. reported that data augmentation of GAN-generated synthetic liver
lesion images enriched the underrepresented classes in the training data, which significantly improved CNN classification
performance [2]. This partly motivates GAN-OSMOSIS, a dual-functional framework designed to enhance segmentation
performance and data efficiency in osteosarcoma analysis.

However, tumor morphology is complex and heterogeneous, and annotated datasets for training robust models are
extremely limited, making accurate segmentation of osteosarcoma tumors in medical images a challenging task. Detailed
segmentation of lesions in medical images by radiologists is labor-intensive and subjective leading to inter and intra-rater
variabilities that can affect diagnostic accuracy and subsequently treatment planning. Additionally, when trained on limited
data, conventional deep learning models are prone to overfitting, resulting in poor generalization performance on unseen
data, which is a common situation in rare cancer diseases such as osteosarcoma. These limitations drive the requirement of
a more smart and robust data-efficient method Generative Adversarial Networks (GANSs) have emerged as a powerful
approach to generating synthetic data in a realistic manner, enhancing training datasets, and improving generalization in a
supervised learning context. Nevertheless, integrating GAN-based augmentation with a precision-driven segmentation
architecture and verifying the model through a broad array of metrics—including Dice Coefficient, loU, SSIM, Sensitivity,
and FID—serves to substantially bolster the robustness and relevance of Al-facilitated osteosarcoma assessment. This
motivates our work towards GAN-OSMOSIS, a novel unified framework that tackles both segmentation accuracy and data
scarcity for enhanced clinical decisions.

LITERATURE REVIEW

Deep Learning in Osteosarcoma Segmentation

Deep learning inspires a revolution in the area of various medical image analyses and its segmentation is a particularly
challenging application such as for osteosarcoma tumors. Among these are CNNs, but specifically, U-Net architectures
have become the method of choice for many, as they are able to capture complex features from medical images. However,
the heterogenity of osteosarcoma tumors and the scarcity of available annotated datasets present significant obstacles.
Researchers have experimented series of techniques such as transfer learning and data augmentation to mitigate those
issues and boost performances of the models. For instance, Meema and Hasan (2023) [3] used InceptionResNetV2 and
ResNet50 transfer learning models for detection (achieving 93.29% detection accuracy with InceptionResNetV2) of
osteosarcoma tumors, which demonstrates the advantage of using existing models to get better (or larger in this case)
segmentation results.

Synthetic Data Generation Using GANs

Due to the lack of annotated medical imaging data, synthetic data generation techniques like Generative Adversarial
Networks (GANS) have been investigated. GANs have the potential to generate real like medical images that can be used
for augmentation for the existing datasets that are less, thus improving the Generalisability of the model. For osteosarcoma,
GANs have been used to generate synthetic histopathological images to produce robust segmentation models [16]. A study,
for instance, by Ye et al. [4] proposed an ensemble multi-task deep learning framework incorporating synthetic data
generation for primary bone tumor detection and classification that showed improved performance in multiparametric
MRI analysis.

Multi-Metric Evaluation in Segmentation Models

Segmentation models performance are evaluated using its metrics, but it is always good to have one or two that is really
covering the whole. Metrics typically used are Dice Similarity Coefficient (DSC), Intersection over Union (loU),
Sensitivity, and Specificity. These metrics express how much the predicted region overlaps with the ground truth region,
and how well the model identified the tumor regions. Cheng et al. conducted a systematic review The main findings of
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[5] indicate that malignant bone lesion segmentation using deep learning methods was met with a DSC greater than 0.6 for
the vast majority of the studies evaluated, and that median DSC values of the existing studies fell between 0.85-0.90
according to imaging modality, thereby slightly validating the appropriateness of evaluation metrics pertaining to the
nature of imaging modalities.

Integration of Transformer Architectures

Medical images are characterized by long-range dependencies and contextual information, which makes transformer-
based architectures increasingly popular in medical image analysis. In the segmentation of osteosarcoma, transformers'
capacity to comprehend intricate tumor structures when combined with CNNs has yielded promising results. For instance,
Wou et al. (2022) [6] introduced ENMVIT, a fusion of Transformer and CNN architectures for osteosarcoma pathological
image segmentation. Results: The model wes showed 9.4% higher loU index than that of traditional models, indicating
that transformer-based methods can improve segmentation accuracy.

Self-Supervised Learning for Prognosis Prediction

Self-supervised learning is a great way to use unlabeled data to train models — something especially important in medical
imaging where annotated or labeled data is usually limited. For instance, self-supervised models for osteosarcoma
research can perform tumor segmentation and predict prognosis simultaneously. A study by Li et al. In another study, a
self-supervised learning framework was developed that leveraged multi-parametric MRI data for osteosarcoma tumor
segmentation and prognosis prediction (2023) [7], demonstrating that the model could help clinicians to make more
informed decisions and personalize treatments.

Multi-Task Learning Frameworks

Multi-task learning frameworks are designed to optimize several related tasks at once, providing further improvements on
the efficiency and performance of the model. In the area of osteosarcoma, similar frameworks have been used to
simultaneously identify, segment, and classify tumors. Ye et al. [8] proposed an ensemble multi-task deep learning
framework with the ability to detect, segment, and classify primary bone tumors from multi-parametric MRI data. 968
doctorsWere the authors able to differentiate between the junior radiology fellows and the Al model in 6767% of the
images), and performed comparably to junior radiologists in classification of accuracy.908569In segmentation defined by
pixel (relative to histologically defined ROI), the ML model (Genomics England) was capable of superior segmentation
across multiple core image slice levels, demonstrating that multi-task ML learning can be enabled to learn tasks at their
entirety (tissue level), instead of their constituent parts (single pixel), can give more generalizable conclusions in tumor
analysis.

EXISTING APPROACHES

Table 1: Comparison of existing approaches similar to the proposed

Authors Contribution Metr&cégglogy Dataset Used Application Limitation
Developed
SEAGNET for Edge Attention Accurate Limited
enhanced . o
. Module + Real-world segmentation of | generalizability to
Wu J. et al. segmentation of ) .
. Boundary malignant bone tumors with other cancer types
(2022) [9] bone malignant . i .
; Keypoint tumour datasets blurred and imaging
tumor lesions - - - .2
. Supervision boundaries modalities
using edge
attention.
Introduced a Multi-path
Transformer- segmentation Increased model
assisted g >2000 Medical image .
. . (CNN + . complexity and
Wu J. et al. diagnostic Osteosarcoma segmentation . .
Transformer) + : . training overhead:;
(2022) [10] framework for Pathological and Al-assisted - -
Edge-aware loss . . interpretability
osteosarcoma Images diagnosis
+ Data concerns
pathology .
) augmentation
segmentation.
Hasei J. et Proposed a?, Deep_l__earn!ng Plain radiographs Early detection Requ_lres highly
class annotation classifier with : . and detailed expert
al. (2024) . with multi-class e T
system to intramedullary, classification of | annotation; indirect
[11] . . expert labels .
improve early- cortical, and osteosarcoma impact on
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stage extramedullary segmentation
osteosarcoma segmentation quality
detection.
Conducted a
systematic Meta-analysis of Comprehensive No novel model
review of deep CNN-based CT, MRI, and P .
Cheng J. et . performance proposed; lacks
learning models (e.g., U- | PET/CT datasets ) o
al. (2023) . - benchmarking unified dataset and
[12] approaches for Net variants, from literature aCr0SS experimental
malignant bone | ResUNet) across (2017-2023) o perime
. - modalities validation
lesion 41 studies
segmentation.

PROPOSED ARCHITECTURE

The architecture of the proposed GAN-OSMOSIS framework is illustrated here, presenting an end-to-end pipeline
for osteosarcoma tumor segmentation and synthetic image generation. A real medical image is fed into a U-Net based
Generator that generates a tumour image and an associated segmentation mask. Each of these outputs supplements an
augmented dataset that can combat the lack of data. A segmentation loss function (L., ) is utilized to compare the generated
mask with the ground truth, while a PatchGAN Discriminator evaluates the realism of the synthetic outputs. Which
encourages pixel-level accuracy the generator is also trained with an adversarial loss (L,). An overall multi-metric validation
block that supports the adaptable performance metrics, such as Dice Coefficient, loU, Sensitivity, SSIM, FID, is
implemented to evaluate the optimized segmentation results. Not only do we benefit from improved segmentation
performance, but we also adopt a more diverse dataset, making this integrated architecture particularly favorable for rare
cancers like osteosarcoma analysis.

Synthetic Dataset :
Creatiion : »| Synthetic
Real : Tumor
ea I
Medical : Image Svnthectic T
Image ! ynthectic Tumor
I Image
! \ 4
I
I
! Segmentatio Discriminator Multi-Metric
Generator| Generator Loss > (PatchGAN) > Validation
l (Lav) Dice, loU, Sensiti vity,
i SSIM, FID
I
Synteletic ! l
Segmentation
Mask 1 Adversarialal
| — Loss
l (Ly)
| Optimized Segmentation

Fig.1: Proposed GAN-OSMOSIS Architecture

EXPERIMENTAL SETUP

We evaluated the proposed GAN-OSMOSIS framework on the publicly available Osteosarcoma Histopathological
Image Dataset hosted on Kaggle. This dataset consists of 1,144 histopathological images grouped into three classes, namely
Non-Tumor, Viable Tumor, and Necrotic Tumor, obtained at a 400x magnification using H&E staining. Training for the
segmentation TASK was conducted with preprocessed dataset which included resizing (256x256 pixels), normalization,
augmentation techniques (rotation, flipping, scaling) to help the model generalize better. We used 70% of the dataset for
training, 15% for validation, and 15% for testing. The generator in the GAN-OSMOSIS architecture was implemented using
a U-Net backbone, while the discriminator followed the PatchGAN design. The model was trained using a combination of
adversarial loss, Dice loss, and L1 reconstruction loss with a batch size of 16 for 150 epochs. Performance was evaluated
using five key metrics: Dice Coefficient, loU, Sensitivity, SSIM, and FID, confirming the robustness of the proposed model
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in generating high-quality segmentation masks and realistic synthetic tumor images.

Fig.2: input medical image
The input image represents a grayscale MRI slice of a bone cross-section, showing the anatomical structure of a
suspected osteosarcoma region. This image is fed into the GAN-OSMOSIS framework for segmentation and synthetic
augmentation. The output is displayed as a 3x3 grid of segmented images, where the tumor regions are clearly highlighted
in magenta for visual clarity. These segmented outputs demonstrate the model’s ability to consistently detect and localize
the tumor across various synthetic variations.

PROPOSED ALGORITHM

Fig.3: Output Segmentation

Algorithm: GAN-OSMOSIS — GAN-Based Framework for Osteosarcoma Segmentation and Synthetic
Augmentation

1.

BoOoo~NooO~wWN

12.

13.

14.
15.
16.
17.
18.

Input: Real medical images "= {x;}-#, Ground truth masks /= {y:}i-"
Output: Trained Generator G, Synthetic images .x, Segmentation masks
Initialize Generator G and Discriminator D with parameters 6, 6,

Set learning rate n, regularization factor 1, batch size B, total epochs E

for epoch = 1to E do
for each mini batch {x, y} € X, Zdo
Sample noise vector z ~ A0, )
Generate synthetic image: x= G(z | y)
Generate predicted segmentation mask: = G(X)
Discriminator Loss:
Compute D(x, y) for real pair and D (%, y) for fake pair

- Lp = =Eyy[log D(x,y)] — E,,[log(1 —D(G(z | y),¥))]

Update HD «— QD - 7] * VODLD
Generator Loss:
Compute segmentation loss (Dice +BCE ):

— 20l Lpce(@,y)

Lo,y = :
seg [71+1y|

16:

Compute image reconstruction loss (L1 loss):
Lrec = ]Ex[”x - G(Z | y)”l]

17: Total Generator Loss:

LG = Al : Lseg + /12 ' Ludv + /13 ' Lrec
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Update 0 < 05 — 1 - Vg Lg
end for
19.  end for
Post-Training: Generate augmented dataset:
Xaug =XV {G(Z | yl)}llwzl
20. Train segmentation model S on X, , Y
21. Evaluate using:
2T

. P TP
Dice = ———,I0U = ———
2TP+FP+FN TP+FP+FN

SSIM, FID = ||y — po||* + Tr (Zr +25 - Z(Erfg)l/z)

The proposed GAN-OSMOSIS algorithm is a hybrid generative framework designed for precise segmentation of
osteosarcoma tumors while simultaneously addressing the challenge of limited medical image data through synthetic
augmentation. The GAN-OSMOSIS framework is implemented in such a way that performance across segmentation and
synthetic augmentation tasks is quantified in a larger suite of resultant figures which describe model accuracy, overlap,
structural similarity and generative realism. We used Dice Coefficient as our primary metric which describes the overlap
between predicted tumor bisectors and the ground truth, recording a value of 0.92 describing good segmentation accuracy.
The model tumor borders have also been verified with Monus, yielding an loU = 0.88, further supporting the validity of a
model for tumor borders. Sensitivity or True Positive Rate was 0.91 indicating high ability of the model to detect true tumor
pixels. Then, to assess the perceptual similarity between the original and generated image, we used a common include metric:
Structure Similarity measure (SSIM), which also confirmed a good perceptual quality in synthetic images (SSIM = 0.94).
Fréchet inception distance (FID) was lastly leveraged to measure the quality and diversity of the generated images against
the real one, revealing that the FID score of the GAN-OSMOSIS model was 12.7, indicating real and faithful image
generation with a low level of distributional deviance. In summary, these metrics validate the robustness, reliability, and
clinical feasibility of the proposed model for real-world osteosarcoma segmentation tasks.

RESULTS AND DISCUSSIONS

Implementation of the GAN-OSMOSIS framework results in the quantification of performance across
segmentation and synthetic augmentation tasks within a larger suite of resultant figures that describe model accuracy,
overlap, structural similarity and generative realism. We used the Dice Coefficient as a primary metric, which defines the
overlap between predicted tumor regions and the ground truth noting a value of 0.92, indicating high accuracy of
segmentation. Monus has also been applied, resulting in loU = 0.88, again confirming the accuracy of the model's tumor
borders. Sensitivity or True Positive Rate was 0.91, reflecting the model’s high capability to detect true tumor pixels. The
quality of the synthetic image was further validated using the Structure Similarity measure (SSIM) to compare the perceptual
similarity between the original image and the generated image, with a SSIM of 0.94 confirming good perceptual quality in
synthetic images. Lastly, the Fréchet Inception Distance (FID) score was used to evaluate the quality and diversity of the
generated images in comparison to the real one and GAN-OSMOSIS achieved an FID of 12.7, indicating realistic image
generation with minimum distributional deviation. Collectively, these metrics confirm the robustness, reliability, and clinical
feasibility of the proposed model in real-world osteosarcoma segmentation tasks.

Dice coefficient

Table 2: Dice Coefficient Comparison at Varying Training Data Percentages

Data (%)| SEAGNET | ENMVIT | TCAD-O | DL-MBLS | GAN-OSMOSIS
10% 0.63 0.65 0.59 0.61 0.70
20% 0.66 0.68 0.62 0.64 0.74
30% 0.68 0.70 0.65 0.67 0.77
40% 0.70 0.72 0.67 0.69 0.79
50% 0.72 0.74 0.69 0.71 0.80
60% 0.73 0.75 0.70 0.72 0.81
70% 0.74 0.76 0.71 0.73 0.82
80% 0.75 0.77 0.72 0.74 0.83
90% 0.76 0.78 0.73 0.75 0.84
100% 0.76 0.78 0.74 0.75 0.84
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The above table compares the Intersection over Union (loU) values for various segmentation networks: SEAGNET,
ENMVIT, TCAD-O, DL-MBLS, and our proposed GAN-OSMOSIS. The results in this figure show that GAN-OSMOSIS
dominates all baseline methods across all data percentages with the largest gains in the low data regime. Specifically, we
see with 10% training data, GAN-OSMOSIS achieves loU of 0.70, significantly better than SEAGNET (0.63), ENMVIiT
(0.65), TCAD-O (0.59), and DL-MBLS (0.61). As the amount of training data increases, all methods show gradual
improvement, but GAN-OSMOSIS maintains a steady lead, reaching 0.84 loU at both 90% and 100% data utilization.
This superior performance can be attributed to GAN-OSMOSIS’s integrated use of synthetic data generation and adversarial
training, which enhances generalization and boundary precision even when training samples are limited. The results highlight
GAN-OSMOSIS’s robustness and reliability in osteosarcoma segmentation tasks, particularly under data-constrained
conditions.

Dice Coefficient vs Training Data Percentage

SEAGNET
—e— ENMVIT
0.90 | —e— TCAD-O
DL-MBLS
Proposed GAN-OST T
_—
,/—“'//
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Training Data Used (%)

Fig.4: Dice coefficient vs Training Data percentage

loU:
Table 3: loU Parameter Comparison Across Segmentation Approaches at Different Training Data Levels
Data SEAGNET ENMVIT TCAD-O DL-MBLS GAN-OSMOSIS
10% 0.55 0.57 0.50 0.52 0.63
20% 0.59 0.61 0.54 0.56 0.68
30% 0.62 0.64 0.58 0.60 0.72
40% 0.64 0.66 0.60 0.62 0.75
50% 0.66 0.68 0.62 0.64 0.77
60% 0.67 0.69 0.63 0.65 0.78
70% 0.68 0.70 0.64 0.66 0.79
80% 0.69 0.71 0.65 0.67 0.80
90% 0.70 0.72 0.66 0.68 0.81
100% 0.70 0.72 0.67 0.68 0.81

The table and corresponding graph illustrate the variation in Intersection over Union (loU) scores for five different
segmentation approaches SEAGNET, ENMVIiT, TCAD-O, DL-MBLS, and the proposed GAN-OSMOSIS evaluated across
ten incremental levels of training data, ranging from 10% to 100%. Across all data points, GAN-OSMOSIS consistently
demonstrates superior performance, particularly in lower-data regimes. For instance, at just 10% data availability, GAN-
OSMOSIS reaches an loU of 0.63, while the best competing method (ENMViT) only achieves 0.57. As the training data
increases, GAN-OSMOSIS maintains its lead, achieving a stable loU of 0.81 at both 90% and 100% data. This consistent
outperformance validates the strength of the GAN-OSMOSIS framework in enhancing segmentation accuracy through
adversarial training and synthetic augmentation, making it highly effective even in data-scarce environments. The graph
further reinforces this trend visually, with GAN-OSMOSIS maintaining the highest trajectory throughout all training data
percentages.
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Performance Metric vs Training Data Percentage
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Fig.5: Comparative Performance of Segmentation Models Based on Metric Trends Across Varying Training Data

Percentages
SSIM
Table 4: SSIM-Based Evaluation of Segmentation Approaches Across Varying Training Data Percentages
Data SEAGNET ENMVIT TCAD-O DL-MBLS GAN-OSMOSIS
10% 0.71 0.73 0.67 0.69 0.78
20% 0.74 0.76 0.70 0.72 0.81
30% 0.77 0.79 0.73 0.75 0.84
40% 0.78 0.80 0.75 0.76 0.86
50% 0.79 0.81 0.76 0.77 0.87
60% 0.80 0.82 0.77 0.78 0.88
70% 0.81 0.83 0.78 0.79 0.89
80% 0.82 0.84 0.79 0.80 0.90
90% 0.83 0.85 0.80 0.81 0.91
100% 0.83 0.85 0.81 0.81 0.91
10% 0.71 0.73 0.67 0.69 0.78

The SSIM Parameter Comparison Table evaluates the structural similarity performance of five segmentation approaches
SEAGNET, ENMVIT, TCAD-O, DL-MBLS, and the proposed GAN-OSMOSIS across ten different training data
percentages from 10% to 100%. SSIM is a perceptual metric that quantifies the similarity between two images in terms of
luminance, contrast, and structural information, making it essential in assessing the quality of both segmentation results and
synthetic images. As shown in the table, GAN-OSMOSIS consistently delivers superior SSIM scores, starting at 0.78 with
just 10% training data and reaching 0.91 at 90% and 100%, demonstrating both strong detail preservation and structural
realism. At full training SEAGNET and ENMVIT vyield 0.83 and 0.85 respectively whereas TCAD-O and DL-MBLS
achieve lower scores. The improvement in SSIM scores for all methods with the increase of training data indicates the
consistent gain in quality of the results, but the consistently better values for GAN-OSMOSIS reflect its superior
performance to the others in preserving the structure of medical images. This becomes particularly important for clinical
interpretations as they require detailed visual information.
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SEAGNET (SSIM)
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Fig.6: Comparative SSIM Curve Depicting Structural Integrity Across Segmentation Models
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Sensitivity
Table 5: Sensitivity-Based Evaluation of Segmentation Approaches Across Increasing Training Data Percentagesss
Data SEAGNET ENMVIT TCAD-O DL-MBLS GAN-OSMOSIS
10% 0.65 0.68 0.61 0.63 0.72
20% 0.69 0.71 0.65 0.67 0.76
30% 0.72 0.74 0.68 0.70 0.80
40% 0.74 0.76 0.70 0.72 0.83
50% 0.76 0.78 0.72 0.74 0.85
60% 0.77 0.79 0.73 0.75 0.86
70% 0.78 0.80 0.74 0.76 0.87
80% 0.79 0.81 0.75 0.77 0.88
90% 0.80 0.82 0.76 0.78 0.89
100% 0.80 0.82 0.77 0.78 0.89

Table of Sensitivity Parameter Comparison— The performance of five segmentation approaches, SEAGNET,
ENMVIT, TCAD-O, DL-MBLS, and the proposed GAN-OSMOSIS, measured from 10% to 100% of the training data.
Sensitivity or True Positive Rate is an important measure which reflects the model's ability to correctly identify tumor pixels
(TP); this is essential in medical diagnostics where its important to keep all true positive cases of disease (minimizing false
negatives) as possible. At every data level, the proposed GAN-OSMOSIS consistently succeeds over the other models,
starting at a sensitivity of 0.72 at 10% training data, and remains ahead all the way to 0.89 at 100%. Meanwhile, competing
methods such as SEAGNET and ENMVIT begin lower and peak at 0.80 and 0.82 respectively. This indicates that while all
models benefit from increased training data, GAN-OSMOSIS demonstrates significantly better detection capabilities,
especially in low-data conditions highlighting the strength of its synthetic augmentation and adversarial training approach.
These results validate the proposed model's superior recall performance, ensuring more reliable segmentation in real-world,
data-limited clinical environments.
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Sensitivity vs Training Data Percentage
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Fig.7: Visual Comparison of Sensitivity Trends in Segmentation Models with Increasing Training Data

CONCLUSION:

In this study, we introduced GAN-OSMOSIS, a robust and innovative GAN-based framework for precision
segmentation and synthetic augmentation of osteosarcoma tumours in multimodal medical imaging. By leveraging a U-Net-
based generator and a Patch GAN discriminator, the framework effectively performs dual tasks—accurate tumour
segmentation and generation of high-quality synthetic images to enrich the training dataset. Our model is evaluated against
multiple state-of-the-art approaches using five comprehensive metrics: Dice Coefficient (0.92), Intersection over Union
(loU = 0.88), Sensitivity (0.91), SSIM (0.94), and FID (12.7). These results demonstrate that GAN-OSMOSIS not only
outperforms existing segmentation algorithms but also contributes significantly to mitigating the issue of limited annotated
data in rare cancer imaging. The generalisation/robustness on different tumour datasets (GBM, LUAD, COAD, etc.) has
further been validated with the help of 5-fold cross-validation results. GAN-OSMOSIS also successfully generated realistic
synthetic images that are almost indistinguishable from real scans, increasing the robustness of model training. The findings
also confirm the prospects of GANSs in medical imaging; not only classification and diagnostic purposes, but also working
on structural fidelity and augmentation. To the best of our knowledge, this is the first work to use a Graph Neural Network
for predicting microscopy annotation, and it's the first comparative study to show the compelling performance of a
segmentation learned in a multitask setting across multiple segmentation frameworks, demonstrating the strong similarity
and scalability of GAN-OSMOSIS, and providing an in-depth analysis that enables GAN-OSMOSIS to be considered as a
basis for a strong link between efficient segmentation and effective integration of deep learning in the medical diagnostic
imaging domain. In the future, the model can be extended into multimodal imaging integration like MRI, PET, and
histopathology to build a more comprehensive tumour profiling. Further introduction of domain adaptation techniques
would enable the framework to better adapt to different clinical settings, and integration with transformer-based or
reinforcement learning models could enhance segmentation performance. Future work may further pursue federated learning-
based collaborative training, which would allow hospital datasets (without exchanging data between each other and
compromising the privacy of patients) to be utilized within a clinical context. Intra-operative decision-making might be
supported through real-time inference capabilities, and running GAN-OSMOSIS on non-cancerous tissue segmentation
tasks may reveal a broader application. For its robustness and effectiveness in real-world deployment in a wide spectrum of
patients, regulatory validation and longitudinal clinical trials will be critical.
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