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In recent times there have been many advancements in the field of digital pathology, owing

to the use of Whole Slide Imaging (WSI) technology and the availability of high-resolution
imaging sensors. However, there is still a lot that needs to be done to revolutionize diagno-
sis. There has been a growing demand for faster and more affordable diagnoses of chronic
diseases like cancer, and the field of medicine could benefit from the use of automated
systems that aid the screening and evaluation of tissue samples taken from patients. Ad-
ditionally, the general trends in pathological analysis favour shifting to a digital platform,
but the overwhelming size of datasets created by the generation of high-resolution medical
images is a huge deterrent. In accordance with said requirements, this study has proposed
an approach to medical image analysis with the help of a parallel computing framework
(MapReduce) and unsupervised clustering methods. The experiments in the proposed
system utilize a dataset of prostate tissue images. Due to parallel processing abilities,
this system can process and extract quantifiable features from the image in significantly
smaller amounts of time than traditional systems. The features extracted using the above
framework are robust to changes in positioning and noise and eliminate redundancy of
information presented by them. The system is successfully able to distinguish between
two separate categories of prostate tissue based on learning from the extracted feature
vector.
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Chapter 1
Introduction

We live in a world which generates an overwhelmingly large amount of data every day, data
which must be stored, processed, analysed and have information extracted from them.
Digital images happen to be one of the primary types of data generated, their popularity
compounded by the abundance of imaging devices available today. Additionally, the fact
that they are an ideal format for storing information that the human brain can process

e ciently make images an accepted format of knowledge representation. Visual perception
is one of the senses that humans rely on most - one glance at an image, and the brain
registers multiple descriptors and facets of the information contained within. It is no
wonder then that a considerable e ort was put into improving the digitisation process
and respective analysis of images - the applications of which are seen everywhere today,
be it in the eld of arts, engineering or medicine. Today, image processing techniques
are being used for capturing data that cannot be processed by human eyes, gathering
scienti ¢ knowledge, restoration purposes and medical diagnostics. Moving images to the
digital platform has enabled humankind to take leaps that were earlier inconceivable.

As with any other process being carried out on an industrial scale, automation has
become a necessity in the eld of image analysis as well. The huge volumes of imaging
data being generated keeps adding on to the issues related to storage and retrieval of
these les, and the manual analysis of these images, if required, proves to be tedious. The
human visual system is prone to reporting erroneous knowledge when exhausted. This
has led to the development of systems that aid in the visual analysis of images - softwares
like Google Lens, developed by Google, aids users in the identi cation of everyday objects
they encounter and come up with relevant search results. There are several bene ts
to automating the image analysis process - a big one being that systems built for these
purposes consistently perform to the best of their ability, unlike their human counterparts.
Additional bene ts include better and more e cient storage/ retrieval systems and cutting



down the costs involved in more traditional methods of analysis.

As mentioned previously, image analysis has also found its use in the medical domain,
particularly for pathological analysis of samples taken from patients. Expert pathologists
are able to assess certain attributes like structure, patterns, hue and texture of the sample
taken from an individual and then diagnose them. The digital format of glass slide images
enables them to analyse the sample in a much more convenient and e ective manner by
helping them focus on the region of interest and achieve better magni cation. The analysis
of pathological images can be divided into several stages - (1) obtaining high-resolution
images of samples, (2) extracting relevant features from each of the images and then
(3) using these features to diagnose and evaluate the health conditions of the patient.
Obtaining these images is not an extremely challenging task in today's day and age -
the advent of Whole Slide Imaging (WSI) technology has enabled professionals to take
scans of entire slides of biological samples and convert them into high-resolution images.
However, a signi cant roadblock in the e orts being made to digitise pathological analysis
seems to be the processing required to extract features from the images. Both the choice
of descriptors and tools used for this process are of critical importance, and currently
available technology is either computationally expensive, time-consuming, inaccurate or
both.

There has been substantial research in the attempt to automate the diagnosis of med-
ical conditions through the help of image data and machine learning algorithms as well.
Systems have been developed using the concepts in these research works, and they have
shown signi cantly good results. However, there is not much room for error in the eld of
pathology. A single misdiagnosed case is equivalent to a lost life, making it an error that
can't be undone. As such, automated systems in medical image analysis can be used for
screening purposes at best, leaving the diagnosis to human experts. Time is also of the
essence in this whole process, and without e cient systems for the storage and processing
of these images for extraction of features, it is unrealistic to expect that computer-based
systems will ever replace traditional human analysis in the eld of medicine.

Therefore, this work has attempted to provide solutions to the problems mentioned
above based on the available work done for managing Big Data and machine learning-
based classi cation/clustering approaches to analyse the data at hand. This work gives
an insight into the current state-of-the-art of the methods used in the proposed system
and builds upon them to develop a more e cient and robust model.



1.1 Problem De nition

As outlined in the previous section, several problems emerge when discussing the digiti-
sation of medical image analysis. The pipeline of medical image analysis can be divided
into the following four stages:

1. Image Acquisition - Involves the collection of medical tissue or cell samples,
followed by the process of digitisation using WSI technology.

2. Image Storage and Retrieval - Using storage systems and frameworks for the
storage of large datasets of high-resolution images and e cient retrieval.

3. Feature Extraction - The process of nding quanti able (or other) attributes and
extracting them from the image for a better description of each sample.

4. Analysis and Diagnosis - The nal stage, where the extracted features are exam-
ined to nd any abnormalities in structure or appearance, and a respective diagnosis
is suggested.

All these stages require a lot of e ort and research to better understand and imple-
ment a computer-based system that facilitates automated screening and diagnosis. The
acquisition process will always require some human intervention - after all, bodily sam-
ples from a living individual are being collected. The storage and retrieval process can be
handled by modern Big Data management systems - there are several alternatives avail-
able out there today. However, things start getting more complicated when one arrives
at the feature extraction and analysis stages. Several questions arise when choosing the
approach to both these steps:

1. What is the best way to represent an image so that it encompasses all the relevant
features of the sample in a machine-readable format?

2. What methods can be utilised to extract said features from the images in the most
economical and time-e cient manner?

3. How can the extracted features be analysed in an e cient manner to distinguish
between healthy and sick samples?

For the representation of features in tissue and cell images, it makes sense to segment
iImages and extract the region of interest. This could include the tissue formation patterns,
nuclei of the cell, lobule structure, etc. However, a system focusing on these types of
features will have di erent input requirements for di erent types of samples, and the
solution will not be generic. The structural makeup of the sample can also be examined,
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but it is important to consider the colour and hue information encoded in the image for
better understanding.

Even if the optimal choice of descriptors is identi ed, extracting them as a numerical
vector for classi cation models to process can be a time-intensive task. The use of such
descriptors requires lengthy calculations to be performed, which are also computationally
expensive. Given that medical images are large les with sizes in the range of terabytes,
the data being processed is so huge that they add on to the delay in processing times.
This is undesirable in the medical domain as diagnosis needs to be fast and a ordable for
the general bene t of the public.

As for the third aspect of this problem, the choice of the type of classi er is critical in
deciding the accuracy of the system. Given the right set of features, a classi cation system
can help in making the right distinction between healthy and sick samples. However,
the model chosen must be a right t for the data at hand and the requirements of the
system. The samples collected initially are never labelled as they have not undergone
evaluation by an expert. While supervised methods of clustering are preferred for the ease
of training and performance assessment, they wouldn't exactly be suitable for working
with unlabelled data. Unsupervised methods are best suited for these purposes, but their
evaluation is slightly more complex.

1.2 Contributions

The key contribution of this work is an approach to medical image analysis using a
parallel computing framework and clustering methods. The proposed approach allows for
the streamlined extraction of a global set of features from the images and then utilises
these features to analyse the images for any irregularities. The highlights of this work are
listed down below:

1. The method of feature extraction proposed in this approach uses a parallel com-
puting paradigm to maximise the performance of the computational resources used.
It aims to cut down processing time and costs involved in the digital analysis of
medical samples.

2. The methods chosen for the description of images in the form of a numerical vector
are derived from averaging methods over pixel intensities - ensuring that they are
representative of the global features of the image.



3. The results of the analysis through clustering algorithms are easily understood; the
utilisation of various visualisations gives a concise yet thorough insight into the
precision of the system. Evaluation of the feature extraction method is done in a
similar fashion.

Technical contributions aside, this study also provides valuable insights into the histopathol-
ogy domain. The current procedures and evaluation standards are brought forward, and
their limitations are discussed through various referenced works.

1.3 Structure of the Dissertation

The following portion of this dissertation report is divided into four chapters. The next
chapter, Chapter 2, brie y discusses the main concepts and current state-of-the-art work
which have inspired this research. It further presents several studies that have successfully
integrated said concepts in their research in diverse elds. Chapter 3 details the method-
ology behind the proposed system, discussing the choice and functioning of the several
components of the system. The knowledge domain is discussed as well, followed by data
acquisition and sources. The architecture design and the technology used to implement
the proposed systems are discussed in chapter 4, followed by evaluation of the approach
under various scenarios. Chapter 5 concludes this report, outlining the limitations and
discussing the scope for future work.



Chapter 2
Literature Review

This chapter elaborates on the motivation behind the work done in this dissertation. It
further discusses the related work that has been referenced to gather the concepts used
in this dissertation, giving a concise overview of the data that we are working with and
the evaluation techniques to be used.

2.1 Motivation

Studies suggest that prostate cancer is the"2 most life-threatening form of cancer for
men after lung cancer [1]. It is estimated that in Ireland, 3,890 males get diagnosed with
prostate cancer annually. This indicates that 1 in 7 men in Ireland will develop prostate
cancer at some point in their lives [2]. The current screening process varies across various
geographic regions, and there is a clear di erence in incidence rates in di erent regions
of the world. Some studies [3] attribute it to PSA testing, which is a screening process
involving a blood test to check the prostate specic antigen (PSA) levels in a person's
blood. Due to extensive PSA testing in the USA and Europe, it is estimated that almost
20-40% cases reported in these regions are due to overdiagnosis [1][4] [5].

Currently, diagnosis involves the use of biomarkers, which are essentially molecules
produced by the body of cancer-in icted individuals. Biomarkers can be of several types,
including but not limited to DNA, RNA, protein or metabolic pro les. PSA levels are also
a type of biomarker { and a PSA test happens to be the most cost-e ective biomarker test
available today. However, it is reported that only 3% of all PSA-screened men actually
have a lethal condition, leading to an overestimation of the threat prostate cancer poses
to men worldwide [6]. Alternative biomarker tests happen to be expensive and time-
consuming, leading to delays in the commencement of treatment. They can often be an
uneconomical expense incurred by labs, making them an unpopular choice.
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Figure 2.1: Incidence rates of prostate cancer across the world in 2018, as per data
collected from Globocan 2018 [1]

In recent years there have been a lot of advancements in the eld of histopathology
through the use of digital imaging techniques. The digitization of cell and tissue samples
currently involves the use of Whole Slide Imaging (WSI) technology. This has potential
use in diagnosing and screening several diseases like cancers through analysis of cell and
tissue samples taken from the patient. The collection of these digitized samples from
patients is relatively simple and inexpensive. However, the major concern with WSI
images is that they happen to be very high-resolution images, and as such, they tend to
consume a lot of memory for storage, with database sizes going up to several terabytes.
Also, the analysis of these images would require focusing on particular aspects or features
of the tissue sample, and given the volume of data being generated due to extensive
testing, it makes manual examination a very tedious task. This is an issue even with the
current standard biomarker tests, which take considerable time when evaluated by human
experts. Several works [7][8][9] have proposed ML and image-processing based systems to
automate the evaluation aspect of the screening process. But to integrate these systems
into current pathological institutions, the volume of medical data to be analyzed must be
taken into consideration.

2.2 Literature Review

This section showcases the speci cs of studies carried out using various research method-
ologies, highlighting the major di culties encountered and their respective bene ts, which
serve as the inspiration for this work. The literature review has been divided into subsec-
tions based on how closely the research and methodologies of the works under examination
are related.



2.2.1 Data Management

The analysis of medical images involves the storage and processing of large amounts of
data, like high resolution images { the sizes of which may go up to several gigapixels.
There are several storage solutions for a database this size and services like AWS S3 and
Microsoft Azure Blob are a viable option for this purpose. However, the main issue to be
addressed is the processing time that these sets of images will take for any transformation
to be applied. A majority of the processing time goes into the feature set extraction from
the images, the details of which will be covered later in this report. In this case, a parallel
processing framework like MapReduce is a good way to reduce computation overhead on
a local system.

The authors in [10] have proposed an innovative MapReduce based framework for the
analysis of high resolution WSI images. Taking into consideration the memory require-
ments of such images, the authors have designed a feature extraction model, aiming to
extract the boundaries of the nuclei in each image sample using MapReduce. In the pro-
posed method, rasterized image segments or tiles are rst extracted from the complete
WSI. These tiles serve as an input to the MapReduce framework, where they undergo
image processing, and then aggregation to obtain an output set of combined fragments
of the image. The mapper phase of this stage segments the tile to identify di erent types
of objects within the sample, then turns them into boundary vectors or polygons. The
reducer phase, using the image ID and object type as the composite key, aggregates the
objects of similar types obtained from a single WSI into a single vector. On evaluation,
the authors found that the MaRela's performance scales almost linearly with the size of
the dataset.

In[11], the authors have demonstrated the use of MapReduce framework in the analysis
of a large dataset of ngerprint images. The objective is to extract a set of features from
the images for further use. These features include important identifying attributes of
each ngerprint like morphological thinning, ridge ending and bifurcation, each of which
is calculated in the mapper function. These features are then aggregated and returned
as a set of features by the reducer function. Following this approach, it was observed
that the time taken to extract features from a random subset of the ngerprint dataset
reduced to half of what it took originally. It is also seen that the processing time per
image decreases as the number of images being loaded to the mapper increases, i.e., the
performance of MapReduce scaled with the volume of data being processed.



2.2.2 Image Features for Analysis

There are several established methods to convert high resolution pathological images into
feature vectors, containing numerical descriptors to better help the classi er distinguish
between samples. One of them is SIFT (Scale Invariant Feature Transform), which was
proposed by D. G. Lowe in 1999. The SIFT descriptors of an image are basically a local
group of features which are scaling, rotation and translation invariant [12]. Additionally,
they are robust towards changes in illumination and noise. In this paper the experiments
performed use SIFT descriptors to create an object recognition model. Further, these
SIFT descriptors are used in another study [13] in combination with Gamma Mixture
model to t a classi cation model for medical images with texture. In experiments, it was
determined that the resulting feature set, called the GCD-GMM features, in combination
with SVM or KNN outperformed the state-of-art methods in two datasets [13].

However, it is usually more suitable to take into account the global features of an
image when analyzing medical samples so that the gross aspect of the image is preserved
[14]. Zernike moments, proposed by Zhang and Lu in [15] are a scaling, rotation and
translation invariant feature set derived from orthogonal Zernike polynomials mapped
over the unit circle. In [15] the global nature of the features is demonstrated as the
computation involves statistically aggregating information from all pixels in the region.
Zernike moments have been seen to be more robust towards distortion and noise in studies
[16] and have been used in earlier studies related to medical imagery [17][18][19].

2.2.3 Learning methods

The Kohonen Self organizing map, proposed by T. Kohonen [20] is an unsupervised arti-
cial neural network that can be used for clustering unlabeled data. Self-organizing maps
operate by creating a projection of a complex set of features (of the input data) into low
dimensional, discretized maps. This reduction of dimensionality makes it easier to process
the data and reduces computational load, while keeping the topological structure of the
data intact.

The work done in [21] describes the design of a content-based image retrieval system
for medical images, using SOM as the underlying clustering model to group relevant
search results. The dataset used consists of brain MRI images and the features taken into
consideration are the color, shape and texture of the images. The query results obtained
from this model show a match accuracy of 93.33% on an average. The authors in [22] have
focused the development of a Computer Aided Diagnosis (CAD) system, focusing on the



diagnosis of breast cancer. They have proposed an alternative to hematoxylin and eosin
stained biopsy images in the form of a feature set generated by a pre-trained Convolutional
Neural Network (CNN). The resulting feature vector is used to train a Support Vector
Machine (SVM) classi cation model to predict carcinoma. The objective is to classify the
images into four categories - normal tissue, benign lesion, in situ carcinoma and invasive
carcinoma [22]. Through experiments it was observed that this model was 83.3% accurate
in predicting carcinoma/non-carcinoma.

2.2.4 Related Work

In a recent piece of work done by Google Research [23], the authors have developed
a content-based image retrieval system that works similar to the google reverse image
search, but speci cally for medical images. Similar Medical Images Like Yours (SMILY)
was developed speci cally to medical health professionals in tissue sample analysis. The
feature vector of each image is generated through a pre-trained convolutional neural net-
work, which returns a set of numerical values that describe the images. These numerical
descriptors are called \embeddings”. The query consists of an image, the embeddings of
which are compared with the embeddings of the rest of the images in the database to
return the k most relevant results (where k is customizable).

The authors have taken into account that analysis of medical images requires looking
at specic regions of the tissue sample. The images acquired can be very large in size
and visual analysis of the images requires looking at di erent aspects of the cell or tissue.
Hence the tool provides options to select speci ¢ regions of the image to retrieve similar
images. Users can also specify the preferred axis of similarity like histologic feature or
tumor grade to retrieve images.

Google SMILY is not open source as of now. On reaching out to the authors of the
paper, it was found that there are no plans of releasing the software or source code yet.

The authors in [7] have proposed a content-based image retrieval system, by the use of
SIFT descriptors as feature vectors for medical images. The proposed system is targeted
towards pathologists and it allows them to select specic regions of the sample being
analyzed. This is done to provide more control over the granularity of the search. This
system is called \sCBIR", short for content-based sub-image retrieval system and it allows
the user to focus more on speci ¢ structures in the sample rather than the entire image
as a whole. After obtaining the resultant SIFT features, a model based on k-nearest
neighbors is used to calculate the similarity between the query image and the images in
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the database for retrieval. On evaluation it was found that results from manual search
and sCBIR had an 80% match on a dataset consisting of 50 stained high-resolution images
of prostate tissue.

Structural Similarity Index Metric (SSIM) is a metric proposed by the authors in [8]
that assesses the visual impact of three characteristics of an image: luminance, contrast
and structure. As such, it works best with grayscale images and doesn't take into account
the color channels or hues of the image when computing the index. SSIM index is mainly
used for image quality assessment, using another image as reference. The values range
between 0-1 - values closer to 1 indicate more similarity to the reference image than values
closer to 0. In the original work, the SSIM index was used to compare the relative quality
of 344 JPEG and JPEG 2000 images. On evaluation, SSIM outperformed all the other
models in a comparative analysis.

This has potential use in the analysis of medical images, as in works like [9],[24],[25]
and [26]. In [9] the authors have used the SSIM characteristics of image samples as a
feature to analyze a dataset of mammograms and predict the probability of a sample
being benign. In [25], a model is proposed to computerize the Hematoxylin and eosin
staining (H&E) of pathological tissue samples. This model can also reconstruct a de-
stained image from a stained sample. SSIM has been used in this study to evaluate
the performance of this model by quantifying the similarity of computer-stained images
with manually stained tissue samples. The de-stained images were evaluated in a similar
fashion. As with the original paper [8], the work done in [26] also compares the image
guality of images at di erent compression ratios. In this work, the goal is to nd out what
compression ratio is the most optimal for storage and analysis of whole slide images so
that storage and transmission are e cient and image quality is good enough for medical
evaluation. SSIM was used to compute the loss in structure and de nition in the images
at di erent compression levels.

2.3 Conclusion

The above chapter discusses the literature about the several concepts involved in the
development of this thesis, giving an insight into the application of these concepts in

various related works. The design aspect of this work is greatly in uenced by the papers

examined in the above sections. This review has greatly helped in the analysis of the
strengths and weaknesses of each of the components of this work, which in turn allowed
for a better evaluation of the model.
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Chapter 3

Methodology

3.1 Introduction

The era of medical imaging began much earlier than most can people anticipate; it can
be said that it started around the 1960s when the rst telepathology experiments took
place. However, it is in the 90s that signi cant digitization e orts began, leading to the
birth of the term \digital pathology" - indicating the shift of traditional histopathology

to a more computerized platform.

At the same time, there have been major developments in the eld of image process-
ing and machine learning models focusing on image analysis. The combination of the
developments in these two areas has shown immense potential in the development of tools
and techniques that aid the eld of medicine, and several works have demonstrated this
further (as mentioned in chapter 2). From the study of new drugs to its application in
the case of long-distance consulting of telepathology, the usefulness of digital pathology
in this day and age is quite signi cant.

Digitization e orts over the past few decades include converting patient health records
into electronic health records (EHR), and trends indicate that their prevalence increased
by up to 4 folds between 2007 and 2012 [27]. Another major development towards digiti-
zation has been the introduction of WSI (Whole-Slide Imaging), which involves scanning
glass slides to produce images of samples being studied [28]. This is also known as virtual
microscopy, and it is gaining popularity as an alternative to the traditional optical mi-
croscope. The WSI technology has made several aspects of medical analysis much more
straightforward than traditional microscopy, be it portability, ease of transfer, images
retrieval, workload balancing, or sample analysis [28]. Recent studies [25] have even pro-
posed models to automate the Hematoxylin and eosin staining of tissue samples by means
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of image processing and machine learning models. The idea is to replicate the staining
e ect on whole slide images using an image mask.

Recent years have also seen a spike in the reported cases of diseases related to cell and
tissue abnormalities, particularly cancer. This can be attributed to rigorous testing in
certain geographic regions and an increase in awareness amongst the general population.
This has inevitably led to the generation of huge volumes of medical samples which have
to be stored, processed and analyzed by experts. The current protocol and procedures
for diagnosing these diseases are increasingly becoming infeasible as the time and costs
involved are huge. The need of the hour is to scale up the medical diagnostics framework
to allow for a more e cient and streamlined diagnosis of patients. The progress made
in the area of \digital pathology"”, from WSI samples to cloud storage solutions, is a
promising venture in that direction. This allows for a much more detailed analysis of
images by quantifying their features and applying state-of-the-art algorithms to extract
further information, something which was never possible with traditional microscopic
imaging.

Figure 3.1 brie y describes the operations involved in the pipeline of the proposed
model.

Figure 3.1. Work ow Diagram of Proposed System
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The rest of the chapter is organized as follows: Section 3.2 explains the dataset features
and steps involving dataset acquisition, while the next section (section 3.3) elaborates on
the image pre-processing done on the dataset to enhance its feature. The transformation
of image dataset into a quanti able feature vector is explained in the next section (section
3.4) followed by the methods utilized to extract these features from the images (section
3.5). Finally, the clustering approach used in this work is discussed (section 3.6) along
with evaluation (section 3.7) and conclusion (section 3.8) of this chapter.

3.2 Domain Knowledge and Data Acquisition

The rst step toward analyzing data is gathering knowledge about the dataset itself.
Without su cient information about the domain, it is impossible to determine what
features have to be extracted from the data to be passed as an input to the clustering
model. It is equally important to know the data source and understand the conditions
under which the samples were taken. This would help identify any irregularities or outliers
in the dataset and, if possible, nd methods to eliminate them. The evaluation of the
system performance is also hugely dependent on these aspects of the research.

The domain that we are working with in this study is medical image analysis { to be
specic, it's the analysis of prostate tissues. As such, the dataset that we are working
with comprises entirely of high-resolution WSI images of Hematoxylin and Eosin stained
prostate tissue. In a previous study [29] that used a similarly-sourced dataset as this
work, interviews were conducted with experts to understand the dataset at hand and the
challenges faced by human pathology experts in evaluating this kind of data. This sub-
section discusses the major highlights of these interviews and in the process, supplements
the understanding of the domain that is the focus of this research.

As per [29], there are certain factors taken into consideration during the histopatho-
logical analysis of prostate tissues, some of which are outlined below:

1. The principal stain used in the obtained tissue samples is the Hematoxylin and Eosin
stain, also called H&e stain. Staining of samples is usually done to highlight certain
features of the sample like nuclei and cytoplasm. H&e staining is very common in
the analysis of tumour tissue microscopic analysis { the hematoxylin dyes the nuclei
blue by binding with the DNA, and eosin dyes other parts of the tissue like stroma
and cytoplasm pink, in addition to turning the red blood cells dark red [30]. This
facilitates better visual analysis of samples by enhancing the distinguishing features

14



of the sample. In the case of cancer tissues, this stain gives a bluish tint to secretions
in the lumen and sometimes pink crystalline structures are observed.

2. From a pathologist's point of view, that analysis of H&e stained prostate tissue
involves looking at certain structural features of the WSI. These include { small
glands in front of large glands, haphazard distribution, high density of nuclei and/or
large nuclei and presence of prominent nucleoli.

3. H&e tissue analysis requires experts to examine samples under 40x-400x zoom de-
pending on the complexity of the features.

4. One of the methods of evaluating the severity of a diagnosed prostate cancer case is
the Gleason grading system. Gleason scores are assigned based on the histological
patterns observed in the gland tissue structure. The scores can range from 1 to 5
based on the type of growth pattern observed in the tumour biopsy, 1 being the
most favourable prognosis indicating malignancy and 5 being the least favourable
indicating aggressive cancer. The total score is the sum of the scores obtained
through the grading of the two most predominant patterns observed in the sample
{ e.g. a score of 3+4 = 7 indicates an overall Gleason grade of 7, 3 being the score
of the primary pattern and 4 being the score assigned to the secondary pattern. If
there is no secondary pattern, the score of the primary pattern is added up twice,
for e.g. 3+3 = 6, where 3 is the score of the primary pattern.

3.2.1 Data Acquisition

The dataset used in this study was directly provided by Dr Aamir Ahmed, Head of the
Stem Cell and Prostate Cancer Group at King's College London. The primary research
interests of Dr Aamir lie in the Wnt signalling network and the role it plays in prostate
cancer and prostate stem cells. Through his group's research, a new class of drugs termed
membrane potential regulating compounds (MPRCs) have been identi ed, which are cur-
rently in use for the treatment of diseases other than cancer and have potential use in the
treatment of prostate cancer. For research purposes, the group has used high resolution,
high throughput tissue imaging in combination with a gene, single-molecule RNA and
protein immunochemistry, and machine learning for the identi cation of biomarkers that

aid the diagnosis of prostate cancer[31][32][33].

The dataset consists of 111 high-resolution Whole Slide Images of prostate tissue,
collected anonymously for research purposes. Slides were magnied at 40x with the
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Figure 3.2: The Gleason Scale indicating di erent grades of cancer corresponding to
di erent tissue structures

Nanozoomer slide scanner (Hammamatsu Photonics UK Ltd, Welwyn Garden City, UK),
a high-resolution scanner, to produce these images and digitize them. This kind of tech-
nology allows for extremely high-resolution images giving a digital magni cation of up
to 60x, contributing to the large le size of the images. The tissue samples used had
undergone h&e staining before the scan to bring out the distinguishing features of the
samples.

3.3 Image Pre-processing

Many studies dealing with the analysis of images nd it useful to apply pre-processing of
some kind to them before examination. This is done in order to either denoise the image,
correct distortions, preserve structural or colour information or enhance certain features
contained within the image.
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In this study as well, the application of pre-processing techniques has the potential to
greatly improve the overall performance of the proposed clustering system. The images
in the prostate tissue dataset are high-resolution images containing several uniform or
non-uniform structural patterns. A lot of the features of these images are also described
by the colour information present in them. If this dataset is directly used as an input to
a clustering model, there is bound to be some loss of information during the vectorization
process, and the model may perform poorly because certain distinguishing attributes were
eliminated from the input.

To counter these abnormalities, this study could benet from certain image pre-
processing techniques, one of them being the RGB to HSV colour channel transformation.
Several studies have indicated that the HSV encoding is much better in preserving infor-
mation intrinsic to the colour characteristics of an image [34]. This kind of augmentation
also helps provide better contrast and colour representation. Figure 3.3a and gure 3.3b
highlight the visual di erences after changing channel encoding.

(a) RGB encoded image sample (b) HSV encoded image sample

Figure 3.3: RGB vs HSV encoded prostate tissue samples

On observing the image samples, it is evident that there is a clear distinction between
the foreground and the background. The objective of the study is to analyze prostate
tissue, which constitutes the foreground of the image, meaning that that background has
no contribution whatsoever to the feature vector. Naturally, it makes sense to remove
the background pixels altogether, which in turn will reduce image size and cut down
processing time. This can be achieved through several methods, one of them being image
segmentation. There are several ways of segmenting images, like thresholding, edge-based
segmentation, region-based segmentation or clustering-based segmentation.
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Studies have been done that indicate the ine cacy of thresholding and edge-based
segmentation methods, in that they are unable to properly segment images with irregular
edges [35]. Since we have image samples with tissue structures ranging from what can be
described as well-formed uniform (healthy tissues) to very distorted and poorly formed
(cancerous tissues), these two methods are not suitable for this purpose. Thresholding also
doesn't guarantee that the segmented regions are contiguous [35], and for the purposes
of this study, this is not ideal. Region-based approaches happen to be computationally
expensive and time-consuming and require the manual selection of seed regions based on
which regions are determined. This is ine cient as it does not fall in line with this work's
objective of automating the entire analysis process. This leaves clustering-based methods,
which is what has been used in this study.

K-means clustering is a popular method for segmenting colour images. It is a relatively
simple algorithm with a low computational overhead, and the segments produced by this
algorithm have no overlap. K-means clustering is an unsupervised clustering algorithm. In
its application in image segmentation, it is able to cluster similar pixels together, making
it ideal for the separation of foreground from background in the images used in this work.
Other authors have cited the use of this algorithm for image segmentation in medical
images owing to the fact that the re nement of the segmentation can be customized by
specifying the number of clusters prior to execution [36] [37].

In this study, however, segmentation using k-means clustering requires only two non-
overlapping segments of the image { namely, the foreground and the background. Thus,
only two clusters are speci ed. Figure 3.4 shows the results of this segmentation process.
These images indicate clear segmentation between foreground and background, and the
background pixels are completely removed after this step. The segmentation results are
accurate irrespective of the shape or structure of the tissue.

3.4 Image Representation as Feature Vector

Post the enhancement of image features using pre-processing techniques, there is a need
to convert these images into numerical feature vectors. This is done in order to be fed
as an input into the clustering model, as raw images cannot be read directly by these
systems. There are several ways to quantify image features and combine them to form a
vector { a rudimentary approach to do so would be by looking at descriptive attributes
like pixel intensities, luminance, shape, texture, etc. However, these attributes are not
true descriptors of any image as they do not capture all the details contained within
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