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Abstract

In this thesis I present a deep learning based approach to segment epithelial and stromal regions in H&E images. The approach used here is a generalized method which
can perform well on datasets other than on which it was trained. The novel idea of structure preserved color normalization has been incorporated into the pipeline followed by
a simple 5 layer Convolutional Neural Network (ConvNet). The identification of epithelial or stromal region is complex due to its diversity across images. The ConvNet helps
us learn the complex local receptive field information to distinguish between epithelial and stromal region which is not easily differentiable from naked eye. This segmentation
paves way for separately detecting nuclei in epithelial and stromal region from which the geometrical and textural features can be calculated for various diagnosis tasks. An
application of these nuclei features of the 2 regions is in prediction of cancer recurrence.

Segmentation Pipeline

The segmentation pipeline
is dissected into 3 compo-
nents. Input to the pipeline
is a RGB H&E image and
corresponding output is a
binary map where white re-
gion represents epithelium
and black region represents
stroma. The segmentation actually takes place via pixel wise binary classification of
the input image. The flowchart for this pipeline is shown on the right.

Structure Preserved Color Normalization

A target image is chosen manually from the dataset which has good color contrast.
The target image need not change with dataset and hence it is not a limitation in this
approach and rather generalizes the proposed method. The color normalization step
improves color contrast of images. It is a crucial pre-processing step before binary
classification because it helps decrease the amount of variability that ConvNet has to
handle.

Convolutional Neural Network

The proposed ConvNet architecture takes small image patches with a binary (0-
stroma/1-epithelium) label associated to it and learns unknown parameters (weights
and bias) to make prediction on fresh input patches. There are 2 conv-pool layers and
2 hidden layers with a final softmax layer in the proposed ConvNet. There are 20 and
40 filters in 1st and 2nd convolution layer respectively. In the presented architecture,
output of every intermediate layer serves as the input for next layer.
Training is carried out over minibatches of size 500. The parameters to be learned
are optimized using gradient descent algorithm with momentum updates. The initial
learning rate and momentum is 0.1 and 0.6 respectively. The learning rate decays
on every epoch by 0.1% meanwhile momentum increments by 2% of the difference
between pre-determined maximum value and current value of momentum.Dropout, a
regularization technique has been incorporated in each layer of the neural network. The
idea behind dropout is to randomly dropping units from the conv-pool layer to prevent
overfitting. Since it is a pixel wise classification problem so for a given input image
patches are extracted for each pixel of the input image. For every pixel p, a 31 × 31
neighbourhood patch is extracted with pixel p as the center pixel of this patch. The
patch size indicates the local receptive field on which ConvNet has to learn the feature
maps.
Validation is achieved by 3-fold cross validation strategy. The predicted probabilities
for all pixels are used to reconstruct a grayscale image called probability map. The
probability map represents one-to-one correspondence to input image replacing the
pixel value with its predicted probability. If the probability is closer to 1 the pixel has
been classified as epithelial and if it closer to zero it has been classified as stromal.

Post Processing

The probability map generated by ConvNet will always contain some false positive and
false negative predictions. Since our goal is segmentation of epithelial and stromal re-
gions so these false regions need to be removed for clean, consistent and distinctive
segmentation. The false positives are mostly tiny patches surrounded by true negative
region. The false negatives are small holes in true positive region. Post-processing of
the probability maps by morphological operation like erosion is used to remove such
defects/false patches. Bright and dark grayscale region are eroded by a disk structur-
ing element and then closing is performed by reconstruction to make the probability
map smooth. Finally, the binary map is generated by applying a threshold of 0.5 on
probability map.

ConvNet 1.0

ConvNet 2.0

Results

For training ConvNet 1.0, 20 images from CPCTR dataset are chosen. From each im-
age in train set, 10000 sample patches aree randomly chosen with equal number of
epithelial and stromal samples. The parameters were learned over 200 epochs of train-
ing. The best validation accuracy is calculated to be 94.8%. The test set is composed
of 100000 random samples from 10 images. The test accuracy is calculated to be 92%.
For training ConvNet 2.0, 24 images from CPCTR dataset are chosen. From each
image in train set, 8000 sample patches are randomly chosen with equal number of
epithelial and stromal samples. The parameters were learned over 500 epochs of train-
ing. The best validation accuracy is calculated to be 96.8%. The test set is composed
of 32000 random samples from 4 images. The test accuracy is calculated to be 93%.
The segmented stroma seems to have some falsely classified epithelium regions in it.
Apart from epithelial and stromal regions in image, there are white regions which are
simply devoid of stain and have high luminosity. They are segmented as epithelium
because most of the white region is from the lumen within glandular structures and the
annotations are such that entire glandular structures are marked as epithelium regions.

Future Work

The direction sought in the proposed method is encouraging. There is scope for work-
ing on how to use more local information for classification by the ConvNets. The future
work along the lines of propose pipeline can involve three class classification by the
ConvNets where white regions forms the third distinguishable class of the image.
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