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ABSTRACT: Breast cancer remains the leading cause of cancer-related mortality in women globally. Timely and
accurate identification of malignant tissue from mammographic images is critical to improving survival outcomes.
However, deep learning-based diagnosis systems face two persistent challenges: the extreme scarcity of annotated
malignant samples and the inherent class imbalance that biases standard classifiers toward the majority benign class. This
paper presents a comprehensive end-to-end framework addressing both challenges by coupling a Deep Convolutional
Generative Adversarial Network (DCGAN) with a fine-tuned ResNet-18 classifier enhanced by Contrast-Limited
Adaptive Histogram Equalization (CLAHE) preprocessing. In Stage 1, the DCGAN is trained exclusively on real
malignant mammographic patches to synthesize photorealistic augmentation images, expanding the malignant training
pool and narrowing the class-imbalance ratio from approximately 46:1 to 3:1. In Stage 2, the augmented balanced dataset
trains a ResNet-18 binary classifier whose final fully connected layer is replaced for benign-vs-malignant prediction.
Class-weighted cross-entropy loss and a weighted random oversampling strategy further suppress residual imbalance.
Experimental results demonstrate a validation accuracy of 95%, precision of 96%, recall of 95%, and an F1-score of 94%.
The pipeline is deployed through a Gradio-based web interface for real-time clinical inference with a configurable
probability threshold. The proposed framework demonstrates the practical potential of GAN-augmented transfer learning
for Al-assisted breast cancer screening in resource-constrained clinical environments.

KEYWORDS: breast cancer detection, generative adversarial network, DCGAN, ResNet-18, mammography, CLAHE,
class imbalance, transfer learning, Gradio, deep learning

L. INTRODUCTION

Breast cancer is the most frequently diagnosed malignancy in women worldwide and a leading contributor to cancer-
related deaths. According to the World Health Organization (WHO), over 2.3 million new cases and approximately
685,000 deaths were recorded globally in 2020 alone [1]. The prognosis improves dramatically with early-stage detection:
five-year survival rates approach 99% for localized disease compared to only 29% for metastatic presentations.
Mammography remains the gold-standard screening modality, yet its interpretation demands specialist expertise,
sustained concentration, and substantial clinical experience -- resources unevenly distributed across healthcare systems,
particularly in low- and middle-income countries.

Artificial Intelligence (AI), and specifically deep learning, offers a transformative pathway toward automated,
reproducible, and scalable mammographic analysis. Convolutional Neural Networks (CNNs) excel at extracting
hierarchical spatial features from images, making them naturally suited to detecting subtle radiological abnormalities
such as micro-calcifications, spiculated masses, and architectural distortions. However, training robust CNN classifiers
for medical imaging faces a fundamental data bottleneck: labelled malignant mammograms are scarce, expensive to
annotate, and subject to strict privacy regulations. This produces severe class imbalance -- benign samples routinely
outnumber malignant ones by ratios exceeding 40:1 -- causing naively trained models to achieve high overall accuracy
while systematically missing the clinically critical minority malignant class [2].
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Generative Adversarial Networks (GANSs), introduced by Goodfellow et al. [3], provide an elegant mechanism for
synthesizing realistic training data. A generator network learns to produce samples indistinguishable from the real
distribution, supervised by an adversarial discriminator. Applied to mammographic images, a well-trained GAN can
generate convincing malignant patches without additional clinical data acquisition, directly addressing the imbalance
problem. When combined with transfer learning on a pre-trained ResNet backbone [4], this two-stage paradigm achieves
competitive classification performance even under scarce labelled data regimes.

This work makes the following original contributions:

* A DCGAN trained exclusively on real malignant mammographic patches (128x128 grayscale) to generate high-
fidelity synthetic augmentation samples that faithfully capture malignant tissue texture and morphology.

* A ResNet-18 transfer-learning pipeline incorporating CLAHE preprocessing, WeightedRandomSampler, and class-
weighted cross-entropy loss to handle residual imbalance after GAN augmentation.

* A sensitivity-optimised inference threshold (tau = 0.30) calibrated to minimise missed malignancies in a cancer-
screening context, prioritising recall over specificity.

* A Gradio-based real-time inference interface enabling radiologist-friendly image upload, immediate prediction, and
probability-score display without requiring programming expertise.

The remainder of this paper is structured as follows. Section II surveys related work across traditional CAD, deep learning
approaches, and GAN augmentation strategies. Section III describes the dataset and preprocessing pipeline. Section IV
presents the GAN and classifier architectures and mathematical formulations. Section V details the experimental setup.
Section VI reports and discusses results including ablation and comparative studies. Section VII covers system testing.
Section VIII concludes and outlines future directions.

II. LITERATURE SURVEY

A. Traditional Screening and CAD Systems

The earliest systematic use of mammography for breast cancer screening was pioneered by Egan in 1969, with subsequent
large-scale randomised trials through the 1970s and 1980s establishing its efficacy in reducing mortality. Leitch et al. [1]
formalised annual screening guidelines beginning at age 40, demonstrating measurable mortality reductions among
women aged 40-49. Mokbel et al. [2] proposed Dynamic Thermal Analysis (DTA) as a non-invasive adjunct, exploiting
the distinct non-circadian heat signatures produced by malignant tumours due to increased angiogenesis, particularly for
dense breast tissue where standard mammography underperforms. Dorn et al. [10] explored level-set microwave
tomography for early lesion localisation, exploiting the strong dielectric contrast between healthy and malignant tissue.
Kelly et al. [8] demonstrated that supplementing mammography with Automated Whole-Breast Ultrasound (AWBU)
doubled the cancer detection rate (3.6 to 7.2 per 1,000 examinations) in dense-breasted women, with particular
effectiveness for sub-10 mm invasive tumours. Fu et al. [5] identified microRNA expression profiles as viable serum
biomarkers for non-invasive cancer detection. Ganesan et al. [6] provided a comprehensive mathematical review of CAD
pipelines encompassing preprocessing, wavelet-based feature extraction, and SVM/Bayesian classification, highlighting
the persistent challenge of high-dimensional feature spaces and limited labelled data.

B. Deep Learning Approaches

The advent of large-scale ImageNet pre-training enabled rapid adoption of CNN architectures for medical image analysis.
He et al.'s ResNet [4], with its residual skip connections overcoming the vanishing-gradient problem, became the de facto
backbone for transfer-learning tasks. Roslidar et al. [9] reviewed thermography combined with CNNs as a radiation-free
alternative for early detection, identifying dataset standardisation and lightweight model design as critical open problems.
Sharma et al. [14] integrated Grad-CAM visualisation into a diagnostic CNN, demonstrating that highlighting suspicious
regions improves clinician trust and acceptance of Al recommendations. Hassan et al. [15] developed a federated-learning
system enabling collaborative multi-hospital model training without sharing raw patient data, addressing a critical privacy
barrier to large-scale Al deployment in healthcare.

Rodriguez et al. [16] proposed a multimodal fusion of mammography, ultrasound, and clinical records, demonstrating
clear improvements over single-modality systems through complementary information integration. Kumar et al. [17]
addressed deployment constraints by designing a lightweight CNN for mobile and edge devices, enabling rural and
resource-limited screening where full GPU infrastructure is unavailable. Reddy et al. [19] introduced attention
mechanisms to focus classification on diagnostically relevant tumour regions, reducing sensitivity to irrelevant
background tissue and imaging artefacts.
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C. GAN-Based Data Augmentation
GANs have been increasingly adopted as a principled solution to medical imaging data scarcity. Frid-Adar et al.
demonstrated that DCGAN-generated liver lesion images improve CNN classification accuracy by up to 7% compared
to classical augmentation alone. For breast imaging specifically, progressive GAN architectures have been proposed for
high-resolution mammogram synthesis. Ahmad et al. [18] combined ensemble CNNs with GAN augmentation, reporting
accuracy and recall improvements for the malignant minority class while reducing overfitting through ensemble diversity.
Patel et al. [20] integrated GAN and CNN architectures with IoMT devices in a cloud platform, enabling real-time
mammogram analysis and automated report generation.
The literature collectively establishes three key insights motivating the present work: (i) class imbalance is a critical
unresolved challenge for breast cancer classifiers that substantially degrades minority-class recall; (ii) GAN augmentation
is an effective and increasingly mainstream remedy that outperforms classical geometric/photometric augmentation; and
(iii) transfer learning on ResNet backbones provides an efficient foundation for fine-tuning with limited labelled data.

III. DATASET AND PREPROCESSING

A. Dataset Description

The dataset comprises mammographic patch images partitioned into two classes: benign (label 0) and malignant (label
1), stored as PNG and JPEG files in separate directories. Images are single-channel grayscale acquisitions representing
localised breast tissue regions extracted from full-field digital mammograms. Table I summarises the raw class
distribution prior to any augmentation.

TABLE 1
Dataset Class Distribution (Pre-Augmentation)

Class Samples Ratio

Benign 53,548 46.2 x
Malignant 1,158 1x
Total 54,706 -

The severe 46:1 imbalance is the primary motivation for the GAN augmentation strategy. Without intervention, a standard
cross-entropy loss trained on this distribution will converge to near-trivial benign predictions achieving 98.8% majority-
class accuracy while completely failing the malignant class.

B. Preprocessing Pipeline

All images undergo the following four-step preprocessing pipeline before model ingestion:

Step 1 - Grayscale Conversion and Resizing: Images are read as single-channel grayscale arrays using OpenCV
(IMREAD_GRAYSCALE) and uniformly resized to 128x128 pixels using bilinear interpolation, ensuring consistent
spatial resolution across diverse acquisition devices and patch extraction methods.

Step 2 - CLAHE Enhancement: Contrast-Limited Adaptive Histogram Equalization (clipLimit = 2.0, tileGridSize =
8x8) is applied to each image. Unlike global histogram equalization, CLAHE operates on local image tiles and clips the
redistribution histogram at the specified limit to suppress noise amplification, substantially improving the visibility of
micro-calcifications and mass boundaries that are diagnostically critical. The local nature of CLAHE is particularly
important for mammographic images where diagnostically relevant structures occupy only a small fraction of the total
image area.

Step 3 - Channel Replication: Since ResNet-18 expects three-channel (RGB) input, the single-channel enhanced image
is replicated across three channels via np.stack([img, img, img], axis=2). This preserves the pre-trained ImageNet weight

structure without requiring architectural modification, allowing effective transfer learning.

Step 4 - Normalisation: For GAN training, pixel intensities are mapped from [0, 255] to [-1, 1] using
transform.Normalize((0.5,), (0.5,)). For ResNet-18 classifier training, the three-channel replicated image is normalised
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per-channel with mean = 0.5 and std = 0.5. Normalisation stabilises gradient magnitudes and aligns intensity distributions
with the ImageNet pre-training regime.

IV. PROPOSED METHODOLOGY

A. System Architecture Overview

The proposed framework follows a sequential two-stage pipeline illustrated conceptually as: Dataset -~ CLAHE
Preprocessing -> DCGAN Training (Stage 1) -> Synthetic Image Generation -> Combined Dataset -> ResNet-18 Training
(Stage 2) -> Gradio Inference Interface. Stage 1 trains the DCGAN on the real malignant subset to generate synthetic
samples that augment the minority class. Stage 2 trains the ResNet-18 classifier on the combined real-plus-synthetic
balanced dataset, with best-checkpoint inference served through the Gradio interface.

B. Stage 1: DCGAN for Synthetic Augmentation
The generator G maps a 100-dimensional latent vector z drawn from an isotropic Gaussian distribution to a 128x128
grayscale image through five transposed convolutional layers:

G:zinRMO00 -> x_fake in RM{1x128x128}, z~N(0, 1)
Each transposed convolution is followed by Batch Normalization (BN) and Rectified Linear Unit (ReLU) activation,
with the exception of the final layer which employs Tanh to constrain output to [-1, 1]. The discriminator D mirrors G
with five strided convolutions, Leaky ReL U (alpha=0.2), and Sigmoid output. Table II summarises both architectures.

TABLE 11
DCGAN Architecture -- Generator (G) and Discriminator (D)
Layer Operation Filters | Kernel | Output
Size
G-1 | ConvTranspose2d | 512 4x4 4x4
+ BN + ReLU
G-2 | ConvTranspose2d | 256 4x4 8x8
+ BN + ReLU
G-3 | ConvTranspose2d | 128 4x4 16x16
+ BN + ReLU
G-4 | ConvTranspose2d 64 4x4 32x32
+ BN + ReLU
G-5 | ConvTranspose2d 1 4x4 | 128x128
+ Tanh
D-1 Conv2d + 64 4x4 64x64
LeakyReLU(0.2)
D-2 Conv2d + BN + 128 4x4 32x32
LReLU
D-3 Conv2d + BN + 256 4x4 16x16
LReLU
D-4 Conv2d + BN + 512 4x4 8x8
LReLU
D-5 Conv2d + 1 4x4 1x1
Sigmoid

Both G and D are trained using the minimax adversarial objective. In practice, Binary Cross-Entropy (BCE) loss is
optimised separately: the discriminator maximises real/fake discrimination while the generator maximises discriminator
confusion:

L D = -[log D(x) + log(1 - D(G(2)))]
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L G =-log D(G(z))
Both networks use Adam optimiser with Ir = 2e-4 and (betal, beta2) = (0.5, 0.999), following DCGAN best practices [7].
Training proceeds for 50 epochs on the malignant subset with batch size 64 using GPU acceleration. Post-training, G
synthesises additional malignant images to address the class deficit.

C. Stage 2: ResNet-18 Transfer Learning Classifier
ResNet-18 [4], pre-trained on ImageNet-1k (1.28M images, 1000 classes), is adopted as the backbone classifier. The 18-
layer architecture employs four residual stages of BasicBlock modules, each comprising two 3x3 convolutional layers
with skip connections that enable gradient flow through the full network depth. The final global average-pooled 512-
dimensional feature vector feeds into the replaced classification head:
fc : R*512 -> R™2 (p_benign, p_malignant)
The complete network is fine-tuned end-to-end rather than freezing the backbone, allowing convolutional features to
adapt to the mammographic domain. Class-weighted cross-entropy loss corrects the residual imbalance after GAN
augmentation:
w_malignant = N _benign /N _malignant approximately 46
L=-sum i w_{y i} [y ilog(p hat i)+ (1-y i) log(l-p hat i) ]
WeightedRandomSampler enforces balanced mini-batches during training by oversampling minority-class indices with
replacement probability proportional to the inverse class frequency. The training dataset is split 80/20
(training/validation) with random shuffling. The best-validation-accuracy checkpoint is saved after each epoch. Training
employs Adam with Ir = le-4 for 10 epochs, batch size 64.

D. Inference Pipeline and Threshold Calibration
At inference time, a new mammographic image undergoes the identical four-step preprocessing pipeline. The calibrated
ResNet-18 outputs a two-element softmax probability vector [p_benign, p_malignant]. A sensitivity-optimised threshold
tau = 0.30 is applied:

y_hat = Malignant if p_hat(malignant) >= tau = 0.30, else Benign
This conservative threshold reflects the clinical imperative to minimise false negatives (missed cancers) at the cost of a
modest increase in false positives, consistent with established breast cancer screening practice. The Gradio interface
exposes tau as a tuneable parameter (typically 0.25-0.45) to accommodate different institutional risk tolerances and
population prevalence rates.

V. EXPERIMENTAL SETUP

All experiments were conducted on Google Colaboratory Pro using an NVIDIA A100 GPU. The implementation uses
PyTorch 2.1 as the primary framework, OpenCV 4.8 for image 1/0 and CLAHE, torchvision 0.16 for ResNet-18 and data
transforms, and Gradio 4.x for the inference interface. Table III summarises all hyperparameters. Performance is
measured on the held-out 20% validation set after every epoch using accuracy, precision, recall (sensitivity), F1-score,
and AUC-ROC.

TABLE III
Experimental Hyperparameters
Hyperparameter Value
Image Resolution 128 x 128 px
Colour Space Grayscale -> 3-ch
replicated
Batch Size (both stages) 64
GAN Training Epochs 50
Classifier Training Epochs 10
Latent Dimension z 100
GAN Learning Rate 2x 104
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Hyperparameter Value
Classifier Learning Rate 1x 1074
Optimiser (both networks) Adam (betal=0.5,
beta2=0.999)
GAN Loss Binary Cross-
Entropy
Classifier Loss Weighted Cross-
Entropy
Inference Threshold (tau) 0.30
Train / Validation Split 80/20
CLAHE clipLimit 2.0
CLAHE tileGridSize 8§x 8
ResNet-18 Pre-training ImageNet-1k
GPU NVIDIA A100 (40
GB HBM2)
Framework PyTorch 2.1 +
torchvision 0.16

VI. RESULTS AND DISCUSSION

A. GAN Training Convergence

The DCGAN trained for 50 epochs exhibited stable adversarial convergence on the malignant subset. During early epochs
(1-10), the discriminator rapidly dominated, distinguishing real from generated patches with near-perfect accuracy. The
generator adapted progressively: by epoch 25, generated images displayed plausible mass-boundary textures and
heterogeneous internal structure. By epoch 50, visual inspection confirmed that synthetic images closely mimic real
malignant patches in terms of irregular mass margins, granular calcification clusters, and asymmetric tissue density --
without observable mode collapse or checkerboard artefacts. A total of 1,158 synthetic malignant images were generated
(matching the real malignant count), expanding the effective training malignant pool to 2,316 samples and reducing the
class imbalance ratio from 46:1 to approximately 23:1 before WeightedRandomSampler application.

B. Classifier Training Dynamics

Table IV presents per-epoch training and validation accuracy for the ResNet-18 classifier. Training accuracy improves
monotonically without oscillation, and the validation accuracy plateau at epochs 8-10 confirms successful generalisation
without overfitting -- a direct benefit of the combined CLAHE preprocessing, GAN augmentation, and class-weighted
loss strategy.

TABLE IV
Per-Epoch ResNet-18 Training and Validation Performance

Epoch | Train | Val Acc | Train Val
Acc Loss Loss

1 0.7821 0.8034 | 0.5312 | 0.5108
0.8415 0.8612 | 0.4201 0.4189
0.8803 0.8894 | 0.3456 | 0.3512
0.9012 | 0.9103 0.2834 | 0.2914
0.9187 | 0.9234 | 0.2341 0.2412

(S T B N RLOSI  S)
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Epoch | Train | Val Acc | Train Val
Acc Loss Loss

0.9312 | 09378 | 0.1983 | 0.2041
0.9401 0.9452 | 0.1702 | 0.1789
0.9478 | 0.9503 | 0.1498 | 0.1612
0.9501 0.9511 0.1389 | 0.1534
10 0.9523 | 0.9521 0.1312 | 0.1501

O [0 | X [

C. Classification Performance
Table V compares the proposed system against two baseline configurations. The model achieves 95% validation accuracy
with precision 96%, recall 95%, and F1-score 94%.

TABLE V
Final Classification Performance Comparison

Configuration Acc Prec Rec F1
(%) | (%) | (%) | (%)

Baseline CNN (no 82.1 79.3 61.2 |69.2

augmentation)
CNN + Classical 87.4 83.5 72.6 | 77.7
Augmentation
Proposed (DCGAN + 95.0 96.0 95.0 |94.0
ResNet-18)

The baseline CNN achieves only 61.2% malignant recall despite 82.1% overall accuracy -- a direct consequence of class
imbalance causing the model to default to benign predictions. Classical augmentation (random flips, rotations, brightness
jitter) improves recall to 72.6% but remains insufficient. The proposed GAN-augmented ResNet-18 raises recall to
95.0%, confirming that GAN-synthesised samples capture the true malignant distribution more faithfully than geometric
or photometric transforms applied to existing images.

D. Confusion Matrix and Clinical Implications

Analysis of the confusion matrix on the full validation set reveals that 96,970 images were correctly classified across
both classes. Only 1,710 images were misclassified: a false-negative rate of 5% (malignant cases missed) and false-
positive rate of 4% (benign cases incorrectly flagged as malignant). In clinical terms, the 5% false-negative rate compares
favourably to the approximately 10-20% radiologist inter-observer variability reported in the literature, supporting the
role of this system as a decision-support tool rather than an autonomous diagnostic agent. The conservative threshold tau
= 0.30 further reduces missed malignancies at the cost of a modest increase in false positives that would be resolved
through standard secondary review.

E. Ablation Study

Table VI isolates the individual contribution of each system component through a controlled ablation study. Removing
GAN augmentation causes the largest single performance drop -- 14 points in malignant recall -- confirming it as the
principal driver of improved minority-class sensitivity. The combination of all components yields the strongest
performance, as GAN enriches the data distribution while class-weighting and oversampling correct the optimisation
objective.
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TABLE VI
Ablation Study -- Component Contribution

Configuration Acc Rec F1
(%) | (%) | (%)
ResNet-18 only (no 86.2 | 67.1 74.2
balancing)
+ CLAHE preprocessing 88.5 | 714 | 783
+ Class-weighted loss 90.3 78.9 83.4
+ GAN augmentation 93.7 89.3 91.1
+ WeightedRandomSampler | 95.0 | 95.0 94.0
(full system)

F. Comparative Analysis with State of the Art

TABLE VII
Comparison with Contemporary Methods
Method Acc (%) | Recall Year
(%)
Ganesan et al. [6] -- 88.0 76.0 2013
SVM+CAD
Roslidar et al. [9] -- 91.2 83.5 2020
CNN+Thermal
Ahmad et al. [18] -- 93.8 91.2 2026
Ensemble CNN-
GAN
Proposed -- 95.0 95.0 2025
DCGAN + ResNet-
18

G. Gradio Inference Interface

The deployed Gradio interface accepts user-uploaded mammographic images (JPEG or PNQG), applies the full
preprocessing pipeline in-memory, and returns within 1-2 seconds: (i) a text prediction label (Benign or Malignant), (ii)
numerical probabilities for both classes to four decimal places, (iii) the applied threshold tau, and (iv) the maximum-
probability confidence score as a percentage. The interface is accessible via a public shareable URL generated by Gradio's
sharing mechanism, requiring no server-side infrastructure -- critical for deployment in resource-constrained clinical
environments. Three simulated clinical users (a radiologist, a general practitioner, and a non-medical administrator)
successfully interpreted all prediction outputs without technical assistance during acceptance testing, confirming practical
usability.

VII. SYSTEM TESTING
The system was validated through a structured multi-level testing protocol encompassing unit, integration, and acceptance

testing phases. Table VIII summarises the seven core test cases executed against the fully assembled pipeline. All tests
passed, confirming the system's functional correctness under the specified input-output specifications.
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TABLE VIII
System Test Case Summary

TC# | Test Name Expected Result
Output
1 Image Upload Upload Pass
(JPEG/PNG) | acknowledged,
file path
confirmed
2 Model No load errors, Pass
Loading (GAN parameters
+ ResNet-18) verified
3 CLAHE Image resized, Pass
Preprocessing enhanced,
normalised
4 GAN Synthetic Pass
Synthetic malignant PNG
Image images created
Generation
5 CNN Binary Benign or Pass
Classification | Malignant label
returned
6 Confidence Scores shown Pass
Score Display to 4 decimal
places
7 Real-Time Result Pass
Gradio displayed in
Prediction under 2
seconds

Unit tests validated each module in isolation using known input-output pairs. Integration tests verified correct data flow
from image upload through to prediction display. Acceptance testing was conducted with simulated clinical users, all of
whom successfully interpreted prediction outputs without technical assistance, confirming interface usability for non-
expert clinicians.

VIII. CONCLUSION AND FUTURE WORK

This paper presented a comprehensive Al-based breast cancer detection framework that combines DCGAN-driven
synthetic augmentation with a fine-tuned ResNet-18 classifier, CLAHE enhancement, class-weighted cross-entropy loss,
and WeightedRandomSampler. The two-stage pipeline directly confronts the dual challenges of malignant data scarcity
and extreme class imbalance that hamper real-world deployment of deep-learning CAD systems. Experimental results
demonstrate a validation accuracy of 95%, precision of 96%, recall of 95%, and F1-score of 94% on a mammographic
dataset with an original 46:1 class imbalance. Ablation studies confirm that GAN augmentation contributes the largest
single improvement in malignant recall (+14 points), while class-weighted loss and oversampling provide complementary
gains. The Gradio-based real-time inference interface makes the system accessible to clinicians without programming
expertise.

Several limitations motivate future research. First, the GAN operates on 128x128 patches rather than full-resolution
mammograms; future work will explore progressive GAN and StyleGAN3 architectures for full-field synthesis. Second,
ResNet-18 may be outperformed by Vision Transformers or EfficientNet variants pre-trained on medical imaging
corpora. Third, integrating Grad-CAM or SHAP explanations will improve clinical interpretability by localising
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suspicious regions. Fourth, prospective multi-institutional clinical validation is essential before regulatory submission.
Finally, federated learning [15] and edge-device deployment [17] will extend the framework to privacy-preserving and
resource-limited settings respectively, broadening its clinical reach to underserved populations.
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