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Abstract

Histopathological image analysis is vital for cancer diagnosis,
but faces challenges from limited annotated data, high inter-
class similarity, and the need for interpretability. We propose a
novel convolutional neural network (CNN) architecture
enhanced with a Global Context Attention Block (GCAB) and
GAN-based data augmentation. Our approach achieves state-of-
the-art accuracy on multiple public and curated datasets,
demonstrates robust patient-level diagnostic consistency, and
enables efficient deployment on edge devices. Extensive
experiments and ablation studies validate the clinical relevance
and efficiency of our method.

1. INTRODUCTION

Automated histopathology image classification has the potential
to revolutionize cancer diagnostics by providing rapid,
consistent, and scalable analyses. However, the field is hindered
by the limited availability of annotated medical images, domain
mismatch when using pre-trained models, and the need for
explainable Al to gain clinical trust. In this work, we address
these challenges by integrating a lightweight, attention-guided
CNN architecture with GAN-based data augmentation and a
robust patient-level voting mechanism.

Contributions:

A novel Global Context Attention Block (GCAB) that
efficiently fuses global and local features, improving
discrimination between histologically similar subtypes.

Introduction of a GAN-augmented dataset (GGLCI) with
histopathologist-curated labels, mitigating data scarcity and
class imbalance.

Implementation of a patient-level majority voting scheme to
enhance diagnostic reliability.

Demonstration of state-of-the-art accuracy and efficiency on
multiple benchmark datasets and validation of model
interpretability via Grad-CAM.

2. RELATED WORK
2.1 Transfer Learning and CNN Models

Pre-trained architectures such as VGG-16, ResNet-50, and
InceptionV3 are widely used for histopathology classification
due to their powerful feature extraction capabilities. However,
their high parameter counts (e.g., ResNet-50: 23.5M) lead to
computational inefficiency and risk of overfitting on small
medical datasets. Dependency on large-scale datasets like
ImageNet also introduces domain mismatch, often resulting in
5-8% accuracy drops on niche medical tasks without extensive
fine-tuning. Recent efforts to develop lightweight CNNs using
separable convolutions or pruning have reduced model size but
often at the cost of classification accuracy.

2.2 Attention Mechanisms

Channel and spatial attention modules, such as CBAM and SE-
Net, enhance feature selectivity and have improved performance
in medical image segmentation. However, these methods often
lack global context, leading to misclassification of histologically
similar subtypes (e.g., lung adenocarcinoma vs. squamous cell
carcinoma). Attempts to integrate global context using non-local
networks improve accuracy but increase computational
overhead by approximately 30%. Our GCAB addresses this by
employing an efficient pooling-concatenation fusion strategy.

2.3 Data Augmentation Using GANs

Generative Adversarial Networks (GANS), including DCGAN
and StyleGAN2, have been used to synthesize realistic
histopathology patches. However, issues such as mode collapse
and visual artifacts limit their utility. Conditional GANs
(cGANS) can preserve class-specific features but require expert
validation to ensure clinical relevance. Our GGLCI dataset
leverages GANs and is curated by histopathologists to ensure
high-quality, clinically meaningful augmentation.
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2.4 Interpretability with Grad-CAM

Interpretability is essential for clinical adoption. Grad-CAM
provides visual explanations by highlighting regions associated
with malignancy, such as nuclear pleomorphism. However,
standard Grad-CAM heatmaps can be coarse and may overlook
subtle features. Our model refines interpretability by integrating
GCAB’s semantic guidance, producing more precise and
clinically relevant explanations.

2.5 Gaps in Patient-Level Analysis

Most studies report per-slide accuracy, neglecting patient-level
consistency, which is crucial for clinical deployment. For
example, several studies report 95% per-slide accuracy but do
not address patient-level diagnostic reliability. Our work
introduces a majority-voting mechanism across a patient’s
slides, improving diagnostic consistency and reliability.

3. PROPOSED METHODOLOGY
3.1 Stage-Based Image Enhancement

To address variable staining and imaging artifacts, we employ a
two-stage image enhancement pipeline:

Histogram Equalization:

Uniformly redistributes pixel intensities (Equation 1), enhancing
low-contrast regions and increasing image entropy from 6.80 to
7.78.

Gaussian Filtering:

Applies a Gaussian kernel (6=1.5, Equation 2) to reduce noise
while preserving glandular structures, achieving a PSNR of
12.98.

3.2 CNN Architecture Design

Our backbone consists of three residual blocks with GeLU
activation (Equation 4) and information-centric (IC) layers to
reduce mutual information (p2=0.2025 for dropout=0.45).
Separable convolutions reduce the parameter count by 60%
compared to standard convolutions, enabling efficient
deployment.

3.3 Global Context Attention Block (GCAB)

The GCAB integrates global and local contextual information
via:

Global Pooling Branch:

Compresses spatial dimensions to 1x1xC (Equation 5),
capturing organ-level semantics.

CBAM Branch:

Applies spatial and channel attention to highlight malignant
nuclei and stain-specific features.

Fusion:

Concatenates outputs (Equation 7) and applies a 1x1
convolution (Equation 8) for seamless integration.

3.4 GAN-Based Data Augmentation
Our GAN comprises:
Generator:

Three deconvolutional layers (kernel: 5x5) transform 100D
noise vectors into 64x64 RGB images.

Discriminator:

Trained with Jensen-Shannon divergence (Equation 9),
stabilizing training and achieving a Fréchet Inception Distance
(FID) of 28.7 on GGLCI.

3.5 Classification and Optimization

Loss Function:

Categorical cross-entropy with label smoothing (e=0.1,
Equation 19).

One-Cycle Policy:

Cyclical learning rate (5e—4—5e—5) and momentum

(0.95—0.85) accelerate convergence (32 vs. 110 epochs).

4, EXPERIMENTAL SETUP
4.1 Datasets

Dataset Classes Samples Resolution

LC25000 5 (e.g., Lung ACA) 25,000 768x768
CRAG 2 (Colon Benign/Malignant) 193 512x512
GGLCI (Ours) 5 (GAN-augmented) 2,500 64x64

All datasets were split into training, validation, and test sets,
ensuring no patient overlap.

4.2 Evaluation Metrics
Patient-Level Accuracy:

Majority vote across all slides per patient (Equation 18).

Efficiency:
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FLOPs (Equation 15) and MACs (Equation 16) measured via
TensorFlow Profiler.

4.3 Hardware
GPU: NVIDIA RTX 3050 (4GB VRAM).

Training Time: ~4.2 hours for 110 epochs.

4.4 Hyperparameters

Parameter Value Tuning Method
Batch Size 256 Grid search (128, 256, 512)
Dropout 0.45 Ablation (0.4-0.5)

Learning Rate  1e—3 LR range test

5. RESULTS AND DISCUSSION
5.1 Quantitative Performance

Image-Level:

Achieved 99.76%
(96.92%).

accuracy, outperforming CNN+CBAM

Patient-Level:
Achieved 96.5% accuracy, critical for clinical adoption.
Efficiency:

0.95s inference time per image (RTX 3050), supporting real-
time use.

5.2 Ablation Studies
Component Removed Accuracy Drop FLOPs Increase

GC Module 2.84% +10.54M

GAN Augmentation 3.11% N/A

GCAB and GAN-based augmentation are both essential for
optimal performance.

5.3 Limitations
Adenosquamous Exclusion:

This subtype was unavailable in the training data; future work
will incorporate it.

Resolution Trade-off:

Downsampling to 64x64 may lose subtle features; future work
will explore hybrid multi-scale approaches.

5.4 Clinical Implications
Mobile Deployment:

Model size (1.34M parameters) enables deployment on edge
devices for rural diagnostics.

Interpretability:

Grad-CAM aligns with pathologists’ annotations in 92% of
cases, supporting clinical trust.

6. CONCLUSION

We present a robust, efficient, and interpretable framework for
histopathology image classification. By integrating global
context attention, GAN-based data augmentation, and patient-
level voting, our approach sets a new benchmark for accuracy,
efficiency, and clinical relevance. Future work will address
additional subtypes and multi-scale modeling for even greater
diagnostic power.
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