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Abstract

In recent years, machine learning has been
used increasingly more often in most areas
of science and engineering. One such area
is the analysis of data from the medical
environment. This master thesis is con-
cerned with the application of machine
learning on the analysis of histopatholog-
ical images. The main challenge of the
analysis of such images is their size. Each
image has a size of up to a few gigabytes.
For this reason, it is not possible to use
conventional methods of machine learn-
ing for their analysis. In this work, we
propose a robust classifier, which can de-
tect tumours in the images and classify
them, despite the challenges that come
with it. To reach this goal, data prepro-
cessing as well as deep learning and mul-
tiple instance learning methods are used.
The implementation of used methods has
been verified on known datasets.

Keywords: Digital Pathology, Deep
Learning, Machine learning, Whole Slide
Images

Supervisor: prof. Dr. Ing. Jan Kybic

Abstrakt

V poslední době stoupá frekvence použití
strojového učení v celé řadě oblastí vědy a
techniky. Jednou z těchto oblastí je i ana-
lýza dat z medicinského prostředí. Tato
diplomová práce se zabývá využitím stro-
jového učení k analýze histopatologických
snímků. Hlavní výzvou při zpracování digi-
tálních histopatologických snímků je jejich
velikost. Každý snímek dosahuje velikosti
až několik gigabytů. Z tohoto důvodu není
možné použít k jejich analýze konvenční
metody strojového učení. Cílem práce je
navrhnout a naimplementovat robustní
klasifikátor, který zvládne ve snímcích de-
tekovat a klasifikovat nádory, navzdory
výzvám, které jsou s tím spjaty. K dosa-
žení cíle je využíváno předzpracování dat,
prvky hlubokého učení a metoda "mul-
tiple instance learning". Implementace po-
užitích metod byly ověřeny na známých
datasetech.

Klíčová slova: Digitální patologie,
Hluboké učení, Strojové učení,
Histopatologické snímky

Překlad názvu: Klasifikace typu
nádoru z histopatologických obrazů
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Chapter 1

Introduction

Gigapixel image analysis is the task of analysing images with more than
a billion pixels. This is by no means a trivial task, mainly because of the
sheer size of each image. Such a large size prevents the use of conventional
machine learning methods, such as the direct use of convolutional neural
networks, which have been the leading instrument in automatic segmentation
and classi�cation of images in recent years [56, 29].

One type of gigapixel images is the Whole-slide images (or WSIs). A WSI is
a high-resolution image of a whole microscope slide. This format is often used
in histopathology and many other areas of medicine such as neuroanatomy,
proteomics(the large-scale study of proteins), connectomics(the study of maps
of connections in an organism's neural system) and genomics(the study of
the function, structure and editing of genes) [11]. The analysis of whole-
slide images is one of the leading challenges in computer vision in medicine.
Competitions are held yearly to evaluate existing and new algorithms for their
classi�cation and segmentation[3]. The state-of-the-art algorithms that are
devised in these competitions have the potential to make predictions about
these images faster and more precisely.

The PETACC3 trial was a phase III trial (a trial where the new drug is
compared to the standard-of-care drug) with random assignment of treatment
in multiple medical centers to test the e�ectivity of the addition of irinotecan
to other forms of medication for patients with stage 3 colorectal cancer [3].
In this thesis, we are working with microscopy images extracted during this
trial.
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1. Introduction .....................................
1.1 Task De�nition

Given the histological microscopy images from the PETACC3 trial, the goal
of this thesis is de�ned as to:

. Get acquainted with the data and the related software. Perform literature
survey on CNN-based image segmentation and classi�cation methods.

. Design, implement and evaluate a method for segmenting the images
into normal tissue, tumour tissue and background.

. Design, implement and evaluate a method for classifying the images
according to tumour type, i.e. whether it is mucinous, serrated or
Crohn-like.

In order to accomplish this task, we propose an extensive survey of state-
of-the-art methods of image segmentation and WSI analysis. Then, we adopt
some of these methods and implement them. Finally, experiments are done
to evaluate the performance of these methods on the PETACC3 dataset. An
example image from the dataset can be seen in Figure 1.1.

Figure 1.1: Example WSI from the PETACC3 dataset.
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................................... 1.2. Thesis Structure

1.2 Thesis Structure

Chapter 2: Literature Review
This chapter contains an overview of modern image segmentation and
classi�cation methods, focusing on convolutional neural networks. The
aspects of Whole Slide Imaging are also reviewed in this chapter.

Chapter 3: Essential Algorithms and Structures
This chapter contains descriptions of the algorithms and structures used
in this thesis. A more in-depth approach is taken to acquaint the reader
with the methods used in this thesis.

Chapter 4: Methodology of WSI Segmentation into Tumour and Normal Tissue

The proposed methods for WSI segmentation into tumorous and normal
tissue are discussed in this chapter.

Chapter 5: Methodology
The proposed methods for WSI segmentation as well as the proposed
methods of classifying the WSIs according to tumour type is presented
in this chapter.

Chapter 5: Experiments
We propose several experiments to evaluate the performance of our
proposed method in this chapter

Chapter 6: Conclusion and Future Work
Conclusions are made about the results of our experiments. Future work
on this subject is also discussed.
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Chapter 2

Literature review

Whole-slide imaging is the process of digitising an entire microscopy slide into
a single image �le. With the emerging of this method using the appropriate
scanners, digital images have seen a substantial increase in use in pathology
and other areas of medicine and medical research [79]. Many studies have
shown the feasibility of using these images in practical use[14, 78]. The main
bene�ts of digital images in pathology are their remote accessibility, the
possibility of easy, long-term storage, and, with the development of machine
learning algorithms for image processing, their automatic processing and
analysis.

2.1 Digital Imaging in Medicine

The practical use of digital imaging comes with many challenges. First of
all, scanners that are used for image digitisation have to be approved by
regulatory institutes in each respective country. For example, in the United
States of America, only one such scanner has been approved to date for
primary diagnosis [2]. Even with approved scanners, introducing digitisation
is always very expensive. Each scanner goes for as much as hundreds of
thousands of US dollars [45]. Further costs come from training the sta� to
operate these scanners and obtaining new hardware for storing and processing
these images. Despite these challenges, most modern medical facilities are
using some digitisation. Often, the digital images are used for second opinions,
long-term storage, or teaching purposes [45, 79].

5



2. Literature review...................................
2.2 Aspects of Whole Slide Imaging

In the last decade, WSI has shown promise as a base for the analysis of
pathological images by deep learning algorithms. Deep learning has stood
as the best means of automatic image analysis for some time since the
introduction of convolutional neural networks at the end of the last century
[48, 49, 29]. Applying such a powerful tool to WSIs has the potential to
make very fast, precise and robust predictions about these digital images.
However, to successfully design and implement such an algorithm, we must
�rst understand what features, challenges and anomalies can occur when
dealing with digital histological images. Many such challenges occur, especially
when aiming for clinical relevance [40, 52, 69, 70]. Essential challenges and
their solutions or workarounds are mentioned in this section.

2.2.1 Data Availability

When using DL algorithms, a su�cient amount of training samples is necessary
for achieving high accuracy [85, 50, 35]. Ideally, these samples should also
be well-annotated by experts. However, labelling histopathological images
is a very long, costly and tiresome process, especially when dealing with
more complex classes (e.g. mucinous), as opposed to binary classi�cation (e.g.
existence of a tumour anywhere in the image) [40, 70]. Furthermore, medical
data is often under restrictions due to its sensitive and private nature[10].

In spite of these aspects, labelled rich datasets have started emerging in
the last couple of years. To name a few:

. CAMELYON: 1399 H&E-stained (Hematoxylin and eosin) sentinel lymph
node sections of breast cancer patients [51]

. BACH: 400 H&E stained breast histology microscopy and whole-slide
images used for the ICIAR 18 challenge [1]

. BreCaHAD: a dataset for breast cancer histopathological annotation and
diagnosis [13]

6



............................ 2.2. Aspects of Whole Slide Imaging

2.2.2 Data Variability and Artefacts

There is a high level of variability when it comes to WSI datasets. This is the
case for two reasons. Firstly, a WSI dataset can come from multiple sources
at once. For this reason, each image might have been obtained using di�erent
methods speci�c to the source (e.g. di�erent staining methods, di�erent
scanning device). Secondly, artefacts are often introduced when the images
are being processed. This includes, but is not limited to uneven illumination
and focus, tissue tears and fold, and pen marks[26, 70]. This variability needs
to be addressed when dealing with such datasets, and proper generalisation
must be ensured.

Kothari, Phan and Wang in [ 42] suggest the use of saturation and intensity
values to classify each pixel of the image and detect tissue folds in this manner.
They show a signi�cant increase in the performance of cancer detection models
after applying their method to WSIs.

Figure 2.1: An example of artefact detection in WSI. Source:[12]

2.2.3 Large Data Size

With a typical resolution of 100 000x100 000 pixels and a typical size of a few
gigabytes, WSIs become di�cult to analyse. This di�culty applies to both
classi�cation and segmentation. Such a size prevents the use of conventional
DL methods (e.g. the direct use of convolutional neural networks), due to
hardware limitations. Instead, some workarounds need to be implemented[26].

7



2. Literature review...................................
The most common way of dealing with this issue is the patch extraction

method. Many researchers have used this method to achieve state-of-the-art
results [16, 18, 19]. By using this method, the image is split into smaller,
square patches(typically 200-1000 pixels in each dimension).

Figure 2.2: An example of patch extraction. Images were created using the
PETACC3 dataset [72]. A WSI from the dataset on the left, extracted patches
on the right.

2.2.4 Low Signal to Noise Ratio

WSIs often have a low signal to noise ratio. Only a small part of the image is
linked to the image label (e.g. malignant cells), while the rest of the image is
irrelevant (e.g. background, healthy cells). The image's spatial distribution
can also be important but can be lost when making simplifying assumptions
about the task[26, 69]. This limits the use of the patch method, described in
the previous section, and assumptions have to be made about the images.

One such assumption is that each extracted patch shares its label with the
image. This leads to a naive solution, where many labelled small images are
classi�ed with an implemented classi�er, and then the whole WSI is classi�ed,
using some prediction rule [69]. However, for this assumption to be feasible,
the work of an expert is required, who needs to provide pixel-level annotations
to training data. Methods using these strongly annotated patches are known
to achieve an impressive prediction accuracy [74, 64]. Very often, however,
we have to work with weakly annotated data, where the label is provided
only on the image level. In this case, we can not make the same assumption
without the loss of performance.

In the weakly annotated case, researchers have made a di�erent assump-
tion. They assumed that although the labelled aspect of the image is not
recognisable in all of its extracted patches, it is still recognisable in some of

8



....................... 2.3. Deep Learning Methods for Image Analysis

them. This leads to solutions in the multiple instance learning algorithms,
which have also shown impressive results [77, 71].

The patch extraction method has been proven to be a very powerful tool
in the WSI analysis. Nevertheless, spatial information about the image is
always lost in the process. For this reason, other means of dimensionality
reduction are being researched. In the scope of pathology, this is especially
important for the detection of metastasis, which is usually not detectable
using the patch extraction method [40]. Tellez et al., 2019 [69] suggest the
use of neural image compression, which is the technique of mapping WIS to
a higher-level latent space. The researchers in [41] propose the use of their
novel network Spatio-Net, which uses a CNN to compress each patch and a
2D-Long-Short Term Memory network to classify all the compressed patches.
Li and Ping, 2018 [74] make use of a neural conditional random �eld to take
advantage of the spatial information in WSIs.

2.2.5 Low Interpretability of DL Methods

Finally, it is not easy to extract clinically relevant results from DL methods.
Due to their low interpretability, deep neural networks are often treated as
black boxes [21]. In other words, DL methods might provide seemingly very
accurate predictions and features; however, interpreting them can very often
be near impossible. For this reason, their application in the medical �eld might
be di�cult to employ completely and independently, as providing reasoning
behind decisions is often required in the medical �eld [40, 70]. Methods
of interpreting arti�cial neural network decisions are being researched (e.g.
[57, 62, 82]), however, their applicability in medical decisions is still unclear
[21].

2.3 Deep Learning Methods for Image Analysis

With the introduction of convolutional neural networks, deep learning methods
have taken over as state of the art in image classi�cation, and analysis [56].
What follows in this section is a brief history of CNNs, a summary of modern
innovations, and a short survey of methods of their use in image segmentation.

9



2. Literature review...................................
2.3.1 History of Convolutional Neural Networks

One of the �rst introductions of a convolutional neural network was done
in the late 1980s by Yann Lecun et al. [48], using backpropagation for
recognition of handwritten characters. In 1998, Lecun et al. showed that
their CNN LeNet-5 outperformed other techniques of handwritten character
recognition [49]. However, CNNs require scaling, if they are to be applied
to high-resolution images, which was not possible with the hardware at the
time.

Figure 2.3: LeNet-5 architecture Source: [49]

The popularity of convolutional neural networks rose signi�cantly with
their reimplementation for Graphics Processing Units (GPUs) by Chellapilla
et al. in 2006 [22]. The authors also introduced more e�cient methods
of the implementation of convolution, using matrix multiplications. The
combination of this and the use of a GPU decreased the learning wall clock
time 3-4 times. It was also predicted that this could increase signi�cantly
with larger networks.

With the establishment of the immense ImageNet database [25], and the
corresponding annual ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) [ 6], where new algorithms for object detection and image classi�ca-
tion are evaluated, the superiority of CNNs became clear. In 2012, AlexNet, a
deep convolutional neural network architecture designed by Alex Krizhevsky
[43], won the competition, beating its runner ups by more than 10% on the
top-5 error [4]. Two years later, during the ILSVRC 2014, GoogLeNet [67]
and its close runner up VGG-16 [63] achieved near human-level accuracy of
6.66% and 7.32% respectively [5] on the top-5 error.

Finally, at ILSVRC 2015, ResNet was introduced. This deep convolutional
neural network architecture had 152 layers (as opposed to GoogleNet and
VGG-16 with 19 and 16 respectively[67, 63]), and contained skip connections
to reduce spatial complexity, with only 25.5 million parameters, roughly �ve

10



....................... 2.3. Deep Learning Methods for Image Analysis

times less than VGG-16 [33]. This network achieved a classi�cation error of
only 3.57%, beating human experts for the �rst time [7].

Till this day, VGG-16 and GoogleNet (and its newer iterations InceptionV2
and InceptionV3 [68]), remain the most used deep convolutional neural net-
work architectures, due to their simple design with a high level of performance.

2.3.2 CNN Innovations

In the last couple of years, many new innovations in convolutional neural
networks have been popping up, which make clever use of spatial properties,
data �ows and residual links (a.k.a. skip connections). What follows is a table
summarising these innovative network architectures, adopted from Khan et al.
2020 [39], including previously mentioned CNN architectures for comparison.

Architecture Name Year Main contribution Ref
LeNet 1998 First popular CNN architecture [49]

AlexNet 2012 Deeper and wider than the LeNet [43]
ZfNet 2014 Visualisation of intermediate layers [83]
VGG 2014 Homogenous topology, Small kernels [63]

GoogLeNet 2015 Split transform and merge idea [67]
InceptionV3 2015 Handles representational bottleneck [68]
InceptionV4 2016 Uses asymmetric �lters [66]

Inception-ResNet 2016 Split transform and merge + res. links [66]
ResNet 2016 Identity mapping based skip connections [33]

DelugeNet 2016 Cross layer information �ow [44]
FractalNet 2016 Multi-path architecture without residuals [47]

WideResNet 2016 Incresed width, decreased depth [81]
Xception 2017 Depth wise conv followed by point wise conv [24]
DenseNet 2017 Cross-layer information �ow [37]
PolyNet 2017 Structural diversity, generalised residual units [84]

PyramidalNet 2017 Gradual increase in width per unit [32]

Figure 2.4: CNN architectures. Adapted from: [39]

2.3.3 CNN-based Image Segmentation Methods

With the establishment of CNNs as state of the art in image classi�cation,
researchers have studied ways of their application in image segmentation.
Many such novel methods have been derived [56]. Some of these methods are
described in the next sections. Speci�cally, we talk about:

11



2. Literature review...................................
. Fully Convolutional Networks

. Convolutional Models With Graphical Models

. Deep Encoder-Decoder Models

. U-net and V-net architectures

2.3.4 Fully Convolutional Networks

One of the architectures for image segmentation that was derived from the
CNNs are the Fully convolutional networks (FCN). This architecture is used
for semantic segmentation, which means the output of the network is the same
size as its input, mapping each pixel to a single class. The FCN architecture
was �rst proposed by Long at al. in 2015 [54], who implemented FCNs by
modifying existing CNN architectures, namely the aforementioned Alexnet,
GoogLeNet and VGG-16 architectures.

As the name implies, Fully convolutional networks do not have any fully
connected layers, and therefore only consist of convolutional and pooling layers.
Such a network must, therefore, also have a spatial output. When modifying
existing classi�ers, the author �rst uses a process called convolutionalisation,
where they replace all fully connected layers by convolutional layers with
a kernel size equal to the size of the entire input. An output layer is then
added, in the form of a convolutional layer with a kernel size of 1x1 and
channel size equal to the number of classes + 1 for the background which
represents scores for each class. Finally, a backwards convolutional layer can
be added to upsample the output back to the original image size. A backwards
convolutional layer is a convolutional layer that has had its backwards and
forwards message switched, resulting in convolution with a stride of 1/f . The
whole network is then trained using a standard Stochastic Gradient Descent
algorithm.

Fully convolutional neural networks were shown to achieve great perfor-
mance for image segmentation, achieving a relative 20% increase in accuracy
on the PASCAL VOC 2011 and 2012 challenge datasets [9, 8] compared to
state of the art. They have also been used to tackle several computer vision
tasks, including the segmentation of medical images [75, 55].
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