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Introduction

Diagnostic Challenge: Accurate identification of
metastatic tissue in lymph node histopathological
scans is essential for cancer diagnosis.

Pathologist Shortage: A severe shortage of
pathologists is straining healthcare systems
worldwide. In the United States alone, the number of
active pathologists dropped by nearly 20% between
2007 and 2017, while their workload surged by over
40%. This trend remains far worse in low- and middle-
income countries with far less resources.

Project Goal: Our project aims to harness deep
learning to automate tumor identification in
histological image patches using the Patch Camelyon
(PCam) dataset. The use of artificial intelligence (Al) for
tasks like tumor detection can help a lot in reducing
the workload of the existing oncologists and allowing
them to focus on more complex tasks.

Baseline G-CNN for PCam

Multi-Directional Filtering: Applies rotated and
reflected versions of a filter simultaneously to
detect patterns (tumor cells) in any orientation
from the start.

Tracking Orientation: Uses "grouped" feature
maps throughout the network to record both what
feature was found and which way it was facing.

Combining for Consistency: Mathematically
combines these orientation-aware maps at the final
layer, guaranteeing a consistent prediction even if
the input image is spun or mirrored.
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Method 1: Custom CNN

Feature Extraction: Three sequential convolutional
blocks (32, 64, and 128 filters) progressively learn
simple to complex cellular patterns.

Stabilization & Downsampling: Each block uses

Batch Normalization to stabilize training and Max-
Pooling to shrink the image footprint (from 96x96
down to 12x12).

Binary Classification: A fully connected head uses
a 512-neuron layer with Dropout (to prevent
overfitting) and outputs a single probability for
tumor presence.

4 trials were conducted with different parameters:

1. Batch size: 64, Epochs: 10, Learning rate: 0.001

« Accuracy: 0.8043, AUC-ROC: 0.9055

2. Batch size: 32, Epochs: 20, Learning rate: 0.001

« Accuracy: 0.8074, AUC-ROC: 0.9132

3. Batch size: 64, Epochs: 10, Learning rate: ReduceLROnPleateau

« Accuracy: 0.8391, AUC-ROC: 0.9148

4, Batch size: 64, Epochs: 10, Learning rate: ReduceLROnPleateau
With data augmentation
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Method 2: ResNet18

Pre-Trained CNN Model: 18-layer convolutional
neural network model developed and released by
Microsoft Research in 2015

Residual Learning: Approximates a residual
function for the underlying mapping function with
identity mappings

Fine-Tuning: Fine-tuned with hyperparameter
tuning on the train PCam dataset with Nvidia P100
GPU on Kaggle using PyTorch and OpTuna

Version1of ResNet18 Model

Hyperparameters: Learning rate of ~0.00017,
batch size of 128, Adam optimizer
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Version 2 of ResNet18 Model
Data Augmentation: Randomly applied the
following transformations to the training set:

« Horizontal flip

 Vertical flip

Data Augmentation (cont.):

« Rotation by up to 90 degrees either direction
« Brightness changed up or down by up to 20%
« Contrast changed up or down by up to 20%
 Saturation changed up or down by up to 20%

« Hue changed up or down by up to 5%

Hyperparameters: Learning rate of ~0.00286,
batch size of 32, SGD optimizer
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