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Abstracts

The performance of deep learning models in medical image classification is often limited by data
scarcity, class imbalance and privacy constraints. This paper proposes a generative data augmentation
framework that integrates Deep Convolutional Generative Adversarial Networks (DCGAN) and
Diffusion Models to enhance brain tumour MRI and chest X ray classification tasks. Synthetic images
are generated using both models and combined with real datasets to improve training diversity. The
quality of generated images is quantitatively evaluated using Frechet Inception Distance (FID) and
Structural Similarity Index (SSIM). A ResNet-50 classifier is trained on original and augmented datasets
to assess improvements in diagnostic performance. Experimental results demonstrate that diffusion
based augmentation achieves superior image fidelity and improved classification robustness, while
DCGAN provides computational efficiency. The proposed framework effectively mitigates data scarcity
and enhances medical image classification reliability.
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I. Introduction

Medical imaging plays a critical role in the early detection, diagnosis, and treatment planning of various
life-threatening diseases. Brain tumor identification using Magnetic Resonance Imaging (MRI) and
pulmonary disease detection using Chest X-ray imaging are among the most widely studied applications
in computer-aided diagnosis systems. In recent years, deep learning models, particularly convolutional
neural networks (CNNs), have demonstrated remarkable performance in automated medical image
classification tasks. However, their success heavily depends on the availability of large, diverse, and
well-annotated datasets.

Despite rapid advancements in medical imaging technologies, obtaining large-scale labeled medical
datasets remains a significant challenge due to privacy regulations, ethical constraints, limited expert
annotations, and institutional data silos. Additionally, medical datasets often suffer from class
imbalance, where abnormal or rare disease cases are underrepresented. These limitations negatively
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impact the generalisation capability and robustness of deep learning models, leading to reduced
diagnostic reliability in real-world clinical environments.
To address data scarcity and imbalance issues, data augmentation techniques are commonly employed.
Traditional augmentation methods such as rotation, flipping, scaling, and cropping introduce geometric
transformations but fail to generate new anatomical variations. Recently, generative artificial
intelligence (AI) models have emerged as powerful tools for synthesizing realistic medical images.
Among them, Deep Convolutional GAN and Denoising Diffusion Probabilistic Model have shown
significant promise in medical image synthesis and enhancement.
DCGAN leverages adversarial learning between a generator and a discriminator network to produce
realistic synthetic images. It has been widely applied in medical imaging for tumor augmentation,
anomaly detection, and image enhancement. However, GAN-based approaches may suffer from training
instability and mode collapse, limiting diversity in generated samples. On the other hand, diffusion
models follow a probabilistic noise-to-data generation process, gradually denoising random noise to
synthesize high-fidelity images. Recent studies indicate that diffusion-based models achieve superior
image realism, lower Fréchet Inception Distance (FID), and improved structural consistency compared
to traditional GAN architectures.
Although both DCGAN and diffusion models have independently demonstrated strong performance in
medical image generation, a systematic comparative evaluation of their impact on downstream
classification tasks particularly for brain tumor MRI and chest X-ray datasets remains limited.
Furthermore, there is a need for a unified framework that integrates generative augmentation with
diagnostic classification to quantitatively evaluate improvements in accuracy, robustness, and
generalization.
In this paper, we propose a generative data augmentation framework that integrates DCGAN and
diffusion models for enhancing brain tumor and chest X-ray classification. Synthetic images generated
by both models are combined with real datasets to improve training diversity. The quality of generated
images is assessed using quantitative metrics such as Fréchet Inception Distance (FID) and Structural
Similarity Index (SSIM). A deep convolutional classifier is trained on original and augmented datasets
to evaluate improvements in classification performance, including accuracy, precision, recall, and F1-
score.
The main contributions of this work are summarized as follows:
1. Development of a unified generative data augmentation framework integrating DCGAN and
diffusion models for medical image classification.
2. Quantitative comparison of synthetic image quality using FID and SSIM metrics.
3. Experimental evaluation of classification performance on brain tumor MRI and chest X-ray datasets
using augmented data.
4. Robustness analysis to assess the effectiveness of generative augmentation in mitigating data scarcity
and class imbalance.
The remainder of this paper is organized as follows: Section II reviews related work in generative
medical imaging. Section III describes the proposed methodology. Section IV presents experimental
results and analysis. Section V concludes the paper and outlines future research directions.

II. Related Work
Generative artificial intelligence has gained significant attention in medical imaging for addressing data
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scarcity, class imbalance, and privacy concerns. This section reviews prior research in three major areas:
(A) deep learning for medical image classification, (B) GAN-based medical image synthesis, and (C)
diffusion-based generative modeling in healthcare.

A. Deep Learning in Medical Image Classification

Deep convolutional neural networks (CNNs) have achieved state-of-the-art performance in various
medical image analysis tasks, including brain tumor detection, lung disease classification, and diabetic
retinopathy screening. Pre-trained architectures such as ResNet, DenseNet, and VGG have been widely
adopted for feature extraction and classification in MRI and chest X-ray datasets.

Several studies demonstrate that transfer learning significantly improves diagnostic accuracy when
labeled data are limited. However, CNN-based classifiers require large, diverse training datasets to
achieve robust generalization. In clinical practice, medical datasets are often small, imbalanced, and
heterogeneous across institutions, limiting the performance of purely discriminative models. These
limitations have motivated the exploration of generative models for data augmentation.

B. GAN-Based Medical Image Generation

The introduction of Generative Adversarial Networks (GANs) revolutionized synthetic image
generation. The foundational adversarial learning framework proposed by Goodfellow et al. enabled
realistic image synthesis through competition between generator and discriminator networks.
Subsequently, the Deep Convolutional GAN architecture improved training stability by incorporating
convolutional layers and batch normalization.

In medical imaging, GANs have been applied for:

Brain tumor MRI augmentation

Chest X-ray synthesis

Image super-resolution

Noise reduction

Cross-modality translation (e.g., CT-to-MRI)

Studles report that GAN-based augmentation improves classification accuracy by 8%—-20% across
various disease detection tasks. Conditional GAN variants further enhance control over class-specific

N

image generation, improving minority class representation.

However, GAN-based approaches face notable limitations, including:

1. Mode collapse

2. Training instability

3. Limited sample diversity

4. Sensitivity to hyper parameter tuning

These issues may restrict clinical reliability, especially when synthetic images lack sufficient anatomical
variation.

C. Diffusion Models in Medical Imaging

Recently, diffusion-based generative models have emerged as a powerful alternative to GANs. The
Denoising Diffusion Probabilistic Model introduced a probabilistic framework that generates images by
learning the reverse of a gradual noise addition process. Unlike GANSs, diffusion models optimize a
stable likelihood-based objective, leading to improved training stability and diversity.

In medical image applications, diffusion models have demonstrated:

Superior structural preservation

Lower Fréchet Inception Distance (FID)
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Higher Structural Similarity Index (SSIM)

Enhanced anatomical consistency

Latent diffusion approaches further reduce computational complexity while maintaining high-quality
synthesis. Recent studies show that diffusion-based augmentation provides better downstream
classification improvements compared to GAN-based augmentation in tasks such as tumor detection and
pulmonary disease classification.

Despite these advantages, diffusion models require higher computational resources and longer training
times, limiting their practical deployment in resource-constrained environments.

D. Research Gap

Although both DCGAN and diffusion models have been extensively studied independently, there
remains limited comparative analysis evaluating their effectiveness within a unified augmentation
framework for multi-modal medical image classification. In particular:

Few studies directly compare DCGAN and diffusion models using consistent datasets and evaluation
metrics.Limited research investigates their relative impact on downstream classification
robustness.Comprehensive evaluation using both image quality metrics (FID, SSIM) and diagnostic
performance metrics remains insufficient. Therefore, a systematic comparative framework integrating
both generative approaches for brain tumor MRI and chest X-ray classification is necessary to determine
the most reliable and clinically applicable augmentation strategy.

This work addresses the above gap by developing a unified generative data augmentation framework and
conducting a quantitative evaluation of DCGAN and diffusion models for medical image classification.

III. Proposed Methodology

This section presents the proposed generative data augmentation framework for brain tumor MRI and
chest X-ray classification. The framework consists of three major components:

1. Data preprocessing

2. Synthetic image generation using DCGAN and Diffusion Models

3. Classification and performance evaluation
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Fig.1.Proposed Methodology
A block diagram of the proposed system includes real dataset input, generative augmentation, dataset
fusion, and classifier training.
Figure 1 illustrates the overall workflow of the proposed medical image classification framework. The
system initially acquires Brain Tumor MRI and Chest X-ray datasets containing normal and abnormal
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disease samples. The input images are processed through two generative augmentation techniques:
DCGAN and Diffusion Models. The DCGAN module consists of generator and discriminator networks
that produce realistic synthetic medical images, while the diffusion model generates high-quality images
through iterative denoising and reconstruction processes.

The synthetic images generated by both models are combined using an image fusion stage to construct
an augmented dataset with improved diversity and class balance. The augmented dataset is then supplied
to a CNN-based classifier for disease prediction and evaluation. Finally, the classification performance
is assessed using standard evaluation metrics such as Accuracy, Precision, Recall, and F1-Score. The
proposed framework enhances diagnostic reliability by improving training data diversity and reducing
overfitting in medical image classification tasks.

The proposed methodology consists of the following major stages:

Medical image preprocessing

Synthetic image generation using DCGAN

Synthetic image generation using Diffusion Models

Image fusion and augmented dataset construction

CNN-based classification and performance evaluation

A. Medical Image Acquisition and Preprocessing

The framework utilizes two medical imaging datasets:

Brain Tumor MRI images

Chest X-ray images

Each dataset contains normal and abnormal classes for disease classification. Before training, all images
undergo preprocessing to improve data consistency and model performance.

The preprocessing steps include:

Image Resizing:

All medical images are resized to a fixed resolution of 128 x 128 pixels to ensure uniform input
dimensions for deep learning models.

Normalization:

Pixel intensity values are normalized to improve convergence during training and reduce computational
complexity.

Noise Reduction:

Basic filtering techniques are applied to remove unwanted artifacts and improve image clarity.
Standardization:

Images are converted into grayscale or RGB format depending on the imaging modality and model
requirements.

These preprocessing operations enhance image quality and improve the effectiveness of generative
augmentation and classification models.

B. DCGAN-Based Synthetic Image Generation

The first augmentation approach employs a Deep Convolutional Generative Adversarial Network
(DCGAN) to generate realistic synthetic medical images.

The DCGAN architecture consists of two major components:

Generator Network

Discriminator Network

The generator learns to create synthetic MRI and chest X-ray images from random noise inputs, while
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the discriminator distinguishes between real and generated images. Through adversarial learning, the
generator progressively improves the quality and realism of the synthesized medical images.

After training, the DCGAN model generates additional synthetic samples for minority disease classes.
These generated images increase dataset diversity and help reduce class imbalance problems commonly
found in medical datasets.

The generated DCGAN images preserve essential anatomical patterns while introducing new variations
that improve classifier generalization.

C. Diffusion-Based Synthetic Image Generation

To further enhance image realism and structural consistency, diffusion-based generative models are
incorporated into the framework.

The diffusion model gradually learns to reconstruct medical images from noisy representations through
an iterative denoising process. Unlike GAN-based approaches, diffusion models provide more stable
training and generate high-quality images with improved anatomical consistency.

The diffusion-based augmentation process includes:

Progressive noise addition during training

Learning the reverse denoising process

Iterative reconstruction of synthetic medical images

The generated diffusion images exhibit:

Improved structural preservation

Better texture reconstruction

Enhanced anatomical realism

Higher visual fidelity

These characteristics make diffusion models highly suitable for medical image augmentation tasks
where structural accuracy is critical.

D. Image Fusion and Augmented Dataset Construction

The synthetic images generated using DCGAN and Diffusion Models are combined with the original
datasets to create an augmented medical imaging dataset.

The image fusion process integrates:

Original medical images

DCGAN-generated synthetic images

Diffusion-generated synthetic images

This augmented dataset improves:

Data diversity

Class balance

Feature representation

Model robustness

By increasing the number of training samples, the framework reduces overfitting and improves the
ability of the classifier to generalize across unseen medical images.

E. CNN-Based Classification Network

A deep convolutional neural network (CNN), specifically ResNet-50, is employed for disease
classification.

The CNN classifier is trained using:

Original dataset
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DCGAN-augmented dataset

Diffusion-augmented dataset

The classifier learns discriminative features from both real and synthetic medical images to identify
disease conditions accurately.

The classification framework supports:

Brain tumor detection from MRI images

Pneumonia/COVID-19 detection from chest X-ray images

The trained model predicts disease classes along with confidence scores, enabling reliable diagnostic
analysis.

F. Performance Evaluation Metrics

The proposed framework is evaluated using both image quality metrics and classification performance
metrics.

1) Image Quality Evaluation

The realism and structural quality of generated images are evaluated using:

Fréchet Inception Distance (FID)

Structural Similarity Index (SSIM)

Lower FID values indicate better similarity between real and generated images, while higher SSIM
values indicate improved structural preservation.

2) Classification Performance Evaluation

The classification performance is measured using:

Accuracy

Precision

Recall

F1-Score\

These metrics are used to compare the effectiveness of:

Original dataset training

DCGAN-based augmentation

Diffusion-based augmentation

G. Overall Framework Workflow

1. Preprocess MRI and Chest X-ray datasets

Train DCGAN and Diffusion models

Generate synthetic images

Construct augmented datasets

Train classifier on:

Original dataset

DCGAN-augmented dataset

Diffusion-augmented dataset

NO 00 LA WN

Compare performance metrics

IV. EXPERIMENTAL RESULTS AND DISCUSSION
This section presents the experimental evaluation of the proposed generative data augmentation
framework for brain tumor MRI and chest X-ray classification. The performance of DCGAN and
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Diffusion-based augmentation is quantitatively analyzed in terms of image quality and classification

improvement.

A. Experimental Setup

1) Dataset Description

Experiments were conducted on:

e Brain Tumor MRI dataset (Normal vs Tumor)

e Chest X-Ray dataset (Normal vs Pneumonia)

e FEach dataset was divided into training and testing sets using an 80:20 split. Images were resized to
128%128 pixels and normalized before training.

2) Implementation Details

Framework: PyTorch

GPU: NVIDIA (8GB VRAM)

Optimizer: Adam

Learning rate: 0.0001

Batch size: 32

Classifier: ResNet-50

Evaluation metrics: FID, SSIM, Accuracy, Precision, Recall, F1-score

DCGAN and Diffusion models were trained for 100 epochs. Synthetic images were generated for

minority classes to balance the dataset.

B. Image Quality Evaluation

To assess synthetic image realism, Fréchet Inception Distance (FID) and Structural Similarity Index

(SSIM) were computed.

Table I: Image Quality Comparison

Model  FID | SSIM 1

DCGAN 38.42 0.812

Diffusion 21.75 0.904

Discussion
The diffusion model achieves significantly lower FID scores, indicating closer distributional similarity
to real medical images. Additionally, higher SSIM values demonstrate improved structural preservation

e ol

of anatomical features.

DCGAN produces visually realistic images but exhibits minor artifacts and limited structural diversity.
Diffusion-based generation shows better anatomical consistency and smoother texture reconstruction.

C. Classification Performance Evaluation

The ResNet-50 classifier was trained under three conditions:

1. Original dataset (no augmentation)

2. DCGAN-augmented dataset

3. Diffusion-augmented dataset

Table II: Brain Tumor MRI Classification Performance

Dataset Type Accuracy (%) | Precision | Recall | Fl-score
Original 88.6 0.87 0.86 |0.86
DCGAN Augmented | 92.4 0.91 092 | 0091
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Table III: Chest X-Ray Classification Performance

Dataset Type Accuracy (%) | Precision | Recall | Fl-score
Original 86.3 0.85 0.84 |0.84
DCGAN Augmented | 90.7 0.89 0.90 |0.89
Diffusion Augmented | 93.8 0.93 0.93 0.93

D. Comparative Analysis

The experimental results demonstrate:

1. Generative augmentation significantly improves classification performance.

2. Diffusion-based augmentation consistently outperforms DCGAN.

3. Accuracy improvement ranges from 4% 9% compared to baseline.

4. Diffusion augmentation yields better recall, indicating improved detection of positive (disease)
cases.

DCGAN provides moderate improvement with lower computational cost. However, diffusion models
generate more diverse and structurally consistent samples, leading to improved classifier generalization.
E. Robustness and Generalisation Analysis

To evaluate robustness, additional testing was performed on unseen validation subsets. Models trained
with diffusion-augmented data exhibited:

1. Lower variance in predictions

2. Improved sensitivity for minority classes

3. Better generalization across imaging modalities

These findings indicate that diffusion-based augmentation enhances feature diversity and reduces
overfitting.

F. Computational Complexity Analysis

Although diffusion models provide superior image quality and classification improvement, they require:
1. Longer training time

2. Higher GPU memory

3. More computational iterations

DCGAN is computationally efficient and suitable for resource-constrained environments. Therefore,
model selection depends on the trade-off between performance and computational resources.

G. Key Observations

1. Synthetic data improves diagnostic reliability.

Diffusion models produce higher-fidelity images.

Classification accuracy improves by up to 9%.

Augmentation mitigates class imbalance effectively.

Diffusion-based augmentation provides better generalization.

Implementation Results

To validate the practical applicability of the proposed generative augmentation framework, a real-time
medical image analysis interface was developed using deep learning-based classification integrated with
DCGAN and Diffusion-generated image enhancement modules. The implemented system supports both
Brain Tumor MRI analysis and Chest X-ray COVID-19 detection.

The graphical user interface (GUI) allows users to:

Al o
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Upload medical images

Perform preprocessing

Generate enhanced synthetic representations using DCGAN and Diffusion models

Predict disease conditions

Display diagnostic confidence scores

Generate downloadable medical reports

The implementation was carried out using Python, PyTorch, OpenCV, and a web-based frontend
interface. The developed system demonstrates the integration of generative Al with medical image
diagnostics in a user-friendly clinical environment.

1) Chest X-ray COVID-19 Detection Results

The implemented framework successfully analyzed chest X-ray images for COVID-19 detection. After
preprocessing and generative augmentation, the classifier predicted COVID-positive cases with high
confidence.

Observed Results

Prediction Confidence: 94.18%

Accuracy: 97.2%

Precision: 95.4%

Recall: 94.8%

F1-Score: 95.1%

The interface also displays:

Original X-ray image

Preprocessed image

DCGAN-generated synthetic image

Diffusion model reconstruction image

The diffusion-generated image preserved structural lung features more effectively compared to DCGAN
outputs, resulting in improved diagnostic confidence.

Fig. 2. Implementation result for Chest X-ray COVID-19 detection using DCGAN and Diffusion-
based augmentation.

Figure 2 presents the implementation output of the proposed Al-based medical image analysis system
for Chest X-ray COVID-19 detection. The developed interface accepts patient information and uploaded
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chest X-ray images as input for automated diagnosis. The uploaded X-ray image undergoes
preprocessing and enhancement before being processed through DCGAN and Diffusion-based
augmentation modules.The interface visually displays the original image, preprocessed image, DCGAN-
generated image, and diffusion-generated image for comparative analysis. The diffusion-generated
image demonstrates improved structural clarity and enhanced anatomical preservation compared to the
DCGAN output.

The trained CNN classifier predicts the presence of COVID-19 infection with a high confidence score
and provides important performance metrics including Accuracy, Precision, Recall, and F1-Score. The
implementation results demonstrate that the proposed augmentation framework improves classification
reliability and enhances diagnostic performance for chest disease detection applications.

2) Brain Tumor MRI Classification Results

The proposed framework was further evaluated on brain tumor MRI images. The system successfully
detected abnormal tumor regions and generated classification predictions with high reliability.

Observed Results

Tumor Detection Confidence: 96.72%

Accuracy: 97.2%

Precision: 95.4%

Recall: 94.8%

F1-Score: 95.1%

The implementation interface visually compares:

Original MRI image

Preprocessed MRI image

DCGAN-generated image

Diffusion-generated image

Experimental observation indicates that diffusion-based generation produced smoother anatomical

reconstruction and improved feature preservation, which enhanced classification robustness.
o \ o

Fig. 3. Implementation result for Brain Tumor MRI classification using the proposed generative
augmentation framework.
Overall Discussion
The experimental results validate the effectiveness of the proposed generative data augmentation
framework. Both DCGAN and Diffusion models improve medical image classification performance;
however, diffusion-based augmentation achieves superior image realism and diagnostic robustness.
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The framework successfully addresses data scarcity and imbalance challenges in brain tumor MRI and
chest X-ray datasets, demonstrating its potential for scalable clinical Al deployment.

V. CONCLUSION AND FUTURE WORK

A. Conclusion

This paper presented a generative data augmentation framework for Brain Tumor MRI and Chest X-ray

classification using DCGAN and Diffusion Models. The proposed approach improved dataset diversity

and enhanced medical image classification performance. Experimental results demonstrated that both

augmentation techniques improved Accuracy, Precision, Recall, and F1-Score compared to the original

dataset, while diffusion-based augmentation achieved superior image quality and better diagnostic

performance. The implementation results validated the effectiveness of the proposed framework for

reliable Al-assisted medical diagnosis and healthcare applications.

B. Future Work

Although the proposed framework demonstrates promising results, several extensions can further

enhance its clinical applicability:

1. Conditional Generative Modeling: Incorporating class-conditional diffusion or GAN models to
generate disease-specific synthetic samples with finer control.

2. Explainable Al Integration: Combining generative augmentation with interpretability techniques
such as Grad-CAM to improve transparency and clinician trust.

3. Multi-Class and Multi-Modal Extension: Expanding the framework to handle multi-class tumor
grading and additional imaging modalities such as CT and PET scans.

4. Federated Learning Integration: Deploying generative augmentation in a federated learning
environment to preserve privacy across distributed medical institutions.

5. Computational Optimization: Developing lightweight diffusion architectures to reduce
computational cost and enable real-time clinical deployment.

6. Clinical Validation: Conducting cross-institutional validation studies with radiologist evaluation to
assess real-world diagnostic reliability.

Future research focusing on these directions can improve robustness, scalability, and regulatory

readiness of generative Al systems in healthcare.
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