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ABSTRACT

IMAGE PROCESSING ALGORITHMS FOR
HISTOPATHOLOGICAL IMAGES

Oguzhan Oguz
M.S. in Electrical and Electronics Engineering
Advisor: Ahmet Enis Cetin
March 2016

Conventionally, a pathologist examines cancer cell morphologies under mi-
croscope. This process takes a lot of time and is subject to human mistakes.
Computer aided diagnosis (CAD) systems and modules aim to help pathologists
in their work to decrease the time consumption and the human mistakes. This
thesis proposes a CAD module and algorithms which assist the pathologist in seg-
mentation, detection and the classification problems in histopatholgic images. A
multi-resolution super-pixel based segmentation algorithm is developed to mea-
sure the cell size, count the number of cells and track the motion of cells in
Mesenchymal Stem Cell (MSC) images. The proposed algorithm is compared
with Simple Linear Iterative Clustering (SLIC) algorithm. It is experimentally
observed that in the segmentation stage, the cell detection rate is increased by
7% and the false alarm is decreased by 5%. In addition to this, two novel decision
rules for merging similar neighboring super-pixels are proposed. One dimensional
version of the Scale Invariant Feature Transform (SIFT) based merging algorithm
is developed and applied to the histograms of the neighboring super-pixels to de-
termine the similar regions. It is also shown that the merging process can be
made with the use of wavelets. Moreover, it is shown that region covariance and
codifference matrices can be used in detection of cancer stem cells (CSC) and
a CAD module for the CSC detection in liver cancer tissue images are devel-
oped. The system locates CSCs in CD13 stained liver tissue images. The method
has an online learning approach which improves the accuracy of detection. It is
experimentally shown that, applying the proposed approach with the user guid-
ance,increases the overall detection quality and accuracy up to 25% compared to
using region descriptors alone. Also, the proposed module is compared with the
similar plug-ins of ImageJ and Fiji. It is shown that, when the similar features are
used, the implemented module achieves approximately 20% better classification

il



v

results compared to the plug-ins of Imagej and Fiji. Furthermore, the proposed
1-D SIFT algorithm is expanded and used in classification of the cancer tissues
images stained with Hematoxylin and Eosin (H&E) stain, which is a cost effective
routine compared to the immunohistochemistry (IHC) procedure. The 1-D SIFT
algorithm is able to classify healthy and cancerous tissue images with up to 91%
accuracy in H&E stained images in our data set.

Keywords: Super-Pixel, 1-D SIFT, Wavelet Transform, Region Covariance Ma-
trix, Region Co-difference Matrix, Cancer Stem Cells, CD13 Stain, H&E Stain.



OZET

HISTOPATOLOJIK IMGELER ICIN IMGE ISLEME
ALGORITMALARI

Oguzhan Oguz
Elektrik ve Elektronik Miihendisligi, Yiksek Lisans
Tez Danigmani: Ahmet Enis Cetin
Mart 2016

Pataloglar hiicre morfolojilerini mikroskop altinda incelemektedirler. Bu iglem za-
man almasinin yan sira insan kaynakli hatalara da aciktir. Bilgisayar tabanlh tam
sistemleri ve modiilleri, pataloglara bu agir iste yardimei olarak harcanan zamani
ve insan kaynakli hatalar1 azaltmaktadir. Bu tezde, histopatholojik imgelerdeki
boliitleme, saptama ve ayrigtirma sorunlarinda pataloglara yardm etmek amaciyla
bilgisayar tabanl bir tan1 modiilii ve algoritmalar geligtirilmigtir. Mezenki-
mal kok hiicrelerinin (MKH) boyutunun 6lgiilmesi, sayimi ve hareketlerinin
takip edilmesi amaciyla ¢ok ¢oziintirliikli siiper piksel algoritmasi sunulmustur.
Sunulan bu algoritma, Basit Dogrusal Doniigiimlii Gruplandirma (SLIC) al-
goritmasi ile karsilastirilmis ve hiicrelerin bulunmasinda %7 oraninda bir atis
yakalanirken, %5 daha az yanhs alarm oram elde edilmistir. Ayrica ben-
zer komsgu siiper pikselleri birlegtiren 0zgiin iki yeni karar verme algoritmalari
sunulmustur. Skaladan Bagimsiz Ozellik Transformunun (SIFT) tek boyutaki
versiyonu gelistirilmig ve benzer bolgelerin bulunmasi amaciyla komsu stiper pik-
sellerin histogramlarina uygulanmigtir. Ayni birlegtirme igleminin dalgacik teo-
remi kullanilarak da yapilabilinecegi gosterilmigtir. Bahsedilenlere ek olarak, ko-
varyans ve ortak fark matrikslerinin kanser kok hiicrelerinin (KKH) bulunmasinda
kullanilabilinecegi gosterilmis ve karaciger imgelerindeki ayni hiicrelerin sezimlen-
mesi i¢in bir bilgisayar tabanli tan1 modiili geligtirilmistir. Geligtirilen algoritma,
CD13 boyamast ile boyanmig karaciger kanseri imgelerdeki kanser kok hiicrelerini
bulmaktadir. Sistemin gergek zamanli 6grenmeye agik yapisi ile saptama bagaris
arttirilmigtir. Sunulan algoritma kullanici yonlendirmesi ile ¢alistiginda, sadece
bolge tanimlayicilar: kullanilarak elde edilen sonuclara nazaran ortalama bulma
kalitesinin ve dogrulugun 25% oraninda yiikseldigi deneysel olarak gosterilmistir.
Ayrica, sunulan bu modiil, ImageJ ve Fiji programlarmin yakin eklentileri

ile kargilagtirilmig ve benzer oOznitelikler kullanildiginda, sunulan modiilii ile,
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eklentilere gore yaklagik %20 daha bagarili ayrigtirma sonuclarn elde edildigi
gosterilmigtir. Sunulan sistem ile beraber daha 6nce bahsedilen tek boyutlu
SIFT algoritmasi geligtirilerek immiinohistokimyasal prosediirlere gore masrafsiz
bir boyama olan Hematoksilen-Eozin (H&E) boyamas: ile boyanmig kanserli
imgelerin ayrigtirilmasinda kullanilmigtir. Onerilen yontem ile H&E boyamast
uygulanmig normal ve kanserli dokularin ayrigtirilmasinda %91 gibi bir basar:

yiizdesi elde edilmistir.

Anahtar sozciikler: Siiper Piksel, 1-D SIFT, Dalgacik Dontigtimii, Bolge Ko-
varyans Matrisi, Bolge Ortak Fark Matrisi, Kanser Kok Hiicreleri, CD13 Boya-
masi, H&E Boyamast..
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Chapter 1

Introduction

Cancer is considered to be one of the most lethal diseases in the world. According
to the World Cancer Report published by the International Agency for Research
on Cancer in 2014 [1], approximately 14 million people experience this disease
every year and almost 8 million people have died of it. As a term, ”cancer” is
a common name for malignant tumors. These tumors grow rapidly and abnor-
mally. Then they spread to different organs and tissues. This invasion is called
metastatic invasion. It is important to observe the level of metastasis in a tissue

because the metastasis itself is one of the major reasons of the deaths.

A pathologist can grade the level of metastasis under a microscope with the
help of certain tissue stains. He or she first takes tissue samples from the patient
and then slices thin layers from the sample. Staining the layers before inves-
tigating under the microscope helps to highlight the related parts and makes
the cancerous cell distinguishable. Hematoxylin and Eosin (H&E) staining is a
commonly used procedure to this end. It is possible to observe cancer cells in a
tissue stained with H&E staining. In order to increase the reliability, computer
based algorithms are also developed for this purpose. Many studies have been
conducted with H&E stain. In [2], H&E stained prostate cancer images are seg-
mented and morphological features of the segmented areas are extracted. The

classification process is done with the use of random Markov fields. In [3], H&E



stained breast cancer tissues are used as a data set. After extracting graph based
architectural features such as Voronoid diagram [4], Delanuay triangulation [5],
minimum spanning tree [6] etc., they perform classification using Support Vec-
tor Machines (SVM). It is also important to detect the cancer stem cells (CSC)
in a tissue because these cells stimulate the reproduction of the malignant tu-
mors. More detailed information about histopathologic image analysis can be
found in [7]. However, it is not possible to observe the CSCs in H&E stained
images. The CD13 stain is one of the markers used for visualizing CSCs. For
a pathologist it is perceptually easier to detect the CSCs in microscopic images
of the tissues stained with CD13 antibodies by immunohistochemstry. On the
other hand, staining with CD13 antibodies is costly compared to the prevalent
Hematoxylin and Eosin (H&E) staining.

In contrast to the devastating effects of cancer stem cells and malignant tumors,
Mesenchymal Stem Cells (MSC) are used for healing purposes. In the case of
tissue injury, these cells travel to the damaged site and help tissue to heal without
causing a reaction in the immune system. MSCs are commonly used in cellular
therapies. These cells are visualized with the use of fluorescent microscope. The
fluorescent microscope is generally used to examine examples using re-radiation

occurrence of fluorescence [8-11].

As mentioned, cancer tissue grading, cancer stem cell information, analysis of
metastatic invasion, detection and tracking mesenchymal stem cells etc. can be
acquired from the microscopic images with the help of a pathologist. Recently de-
veloped computer assisted digital pathology systems can help pathologists in these
time consuming processes. By using a proper computer-aided diagnosis (CAD)
system and modules, not only the diagnosis time but also human based errors can
be significantly reduced. There are some commercial and non-commercial CAD
system packages which aim to facilitate the use of different CAD modules in one
software. ImagelJ [12] is a Java based open source application which enables users
to perform various biomedical image processing procedures. Fiji [13], which is an
advanced version of ImageJ, combines the different plug-in libraries of ImagelJ.
Cell Profiler [14] is a MATLAB® based CAD system. It is useful for cell count-

ing, cell shape and texture analysis, revealing cell pathways targeted by different
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drugs. As an important open source environment Open Microscopy Environment
(OME) [15,16] and its image data management tool OMERO [17] aim to stan-
dardize image information, extraction and transfer. Although it does not directly
aim to serve as a CAD system with its plug-ins like WND-CHARM [18], many
image processing applications can be performed. Detailed information about
other CAD systems such as V3D, Icy and KNIME can be found in [19-21]. More

detailed information about CAD systems and modules can be found in [11].

This thesis proposes a CAD module and algorithms for classification, seg-
mentation, and detection of both mesenchymal and cancer stem cells in certain
histopathological images. The outline of the thesis is as follows: In Chapter 2, a
new super-pixel algorithm is proposed to segment MSC in fluorescent microscopy
images with varying super-pixel sizes. Also, a Scale Invariant Feature Transform
(SIFT) [22] and wavelet based merging methods are proposed to merge similar
neighboring super-pixels. In Chapter 3, a CAD system for CSC detection in
CD13 stained liver tissue images are developed. It is shown that CSCs in CD13
stained tissue images can be automatically identified using region covariance and
co-difference descriptors [23-25]. Later, CSCs in CD13 stained liver tissue images
are located using an online learning algorithm by combining several learners. Ini-
tially, this algorithm linearly combines region covariance, co-difference and color
descriptors. Based on the feedback from a pathologist, the algorithm updates
the weights of individual descriptors. This weight update strategy is similar to
the least mean square (LMS) based online decision fusion strategy used in some
other image and video processing problems [26,27]. In Chapter 3, a texture anal-
ysis based image classification algorithm is proposed for H&E stained images of
liver tissues. The algorithm analyzes H&E images using one-dimensional Scale
Invariant Feature Transform (1-D SIFT) features. Conclusions and contributions

are given in Chapter 4.



Chapter 2

Applications on Fluorescent

Mesenchymal Stem Cells Images

The aim of the super-pixel algorithms is to divide images into small groups of
similar pixels for further high level processing. Super-pixels are used for object
tracking [28], body pose estimation [29] and three-dimensional (3D) applications
[30].

Super-pixel algorithms start by dividing the image into uniform segments. It-
erative algorithms are used to modify the uniform segments into regions that
try to cover similar pixels. Similarity measures include a combination of pixel
distance in coordinates and color distance in various color spaces. In some im-
plementations the contribution of each distance measure has normalized weights.
In [31], the weights are updated adaptively. Depending on the aim, different color

spaces such as L,a,b [31] or ordinary red, green, blue (r,g,b) are used.



2.1 Multi-resolution Super-Pixels

The multi-resolution super-pixel algorithm can be based on any other super-
pixel method. In this thesis, Simple Linear Iterative Clustering (SLIC) [31]
method is used as the underlying super-pixel method. In a typical super-pixel
method, initial seed positions are uniformly placed throughout the image. As a
result, initial super-pixel regions have honeycomb shapes. On the other hand,
the proposed algorithm starts with a non-uniform distribution of seed locations,
which are determined according to the local wavelet domain energy of the im-
age. Around the edges the wavelet energy representing high frequency activity is
higher than smooth areas. Therefore, it is expected to have more super-pixels in

high-frequency regions of a given image.

Let x[nq, ny] be a 2-D microscopic image. It is processed by a wavelet high-pass
filter both vertically and horizontally. Let yp,[n1,ns] be the horizontally filtered

image, which is obtained as:

~

ynlng, o) = g z[l —ny,ne] * All] (2.1)

Il
o

where h[l] is a half-band wavelet high-pass filter (HPF) with length L. The

impulse response of the HPF is hl] = (=1, —1). In a similar manner, y,[n;, no]
is obtained by vertical filtering as:
L-1
Yo[ni,me) = ) x[ng, I —mng] xA[l] . (2.2)

l

Il
o

Both y, and y, contain undecimated wavelet coefficients. This process is ap-
plied to all three color channels of the image. An image v., representing the edge

information of the original image x is obtained by:

Ye = |yh,r| + ‘yh,g + |yh,b| + |yv,r| + ’yv,g| + ‘yv,b‘ 9 (23)

where the subscripts r, g, and b represent red, green and blue channels respec-
tively, and h and v represent horizontal and vertical high-pass filtering respec-

tively.



Uniform placement of initial seeds in ordinary super-pixel algorithms leads to
honeycomb shaped super-pixels regions on the image. In the proposed approach,
additional seeds are placed between two connected seeds when a region between
them has high wavelet energy values. To do this, two positions on the connecting
line between the two seed locations are checked for their high frequency content.
The two positions correspond to 1/4th and 3/4th of the length of each connecting
line. A threshold is applied to y.[n1,n2] components to decide whether to place

a new seed in the midpoint of two connected seeds. This threshold is calculated

t= i(max(ye[nl, ns|) + min(ye[ni, nal))
2.4
4o (O (el nal)) Y

ni,n2

where N is the number of image pixels.

Figure 2.1: Seeding according to wavelet energy. (a) A MSC image, (b) wavelet

energy image of (a), (c) seeded image according to wavelet energy.
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This procedure can be repeated iteratively to increase the number of resolu-
tions. However it is necessary to stop at some level otherwise we end up with
too many small super-pixels with very few number of pixels. We can limit the
number of pixels in a given image. As a result the threshold defined in Equation

2.4 can be increased or decreased according to a prespecified number of pixels.

In this work, two resolution levels are considered in which, super-pixel reso-
lution is increased by four where average pixel resolution of each super-pixel is
reduced to 1/4th of the original size as shown in Figure 2.2 (¢). After this new
seeding process, initial super-pixel groups are created by assigning pixels to the
nearest cluster centers. In this thesis, a modified version of the SLIC clustering
method [31] is used to read only the super-pixel boundaries. Similarly, the two

distance measures in the SLIC algorithm are defined as:

d. = \/(pl - m1)2 + (pz - m2)2 + (p3 i m3)2 ) (2-5)

and

dy =/ (pr = )2 + (9, — )2 (2.6)

where d. and d; are the distances of a pixel p and super-pixel center in terms of
color and position, in Equation 2.5 and 2.6 respectively. In Equation 2.5, py, po
and ps are the color values of pixel p, mq, mo and ms are mean color values of the
current super-pixel values, respectively. In Equation 2.6, p, and p, are the x and
y position values of pixel p in the image and m, and m,, are the x and y position
values of center of the given super-pixel, respectively. A weighted sum of d. and

d; are used as a distance measure of each pixel into the center of super-pixels as

d=\/d+kdc | (2.7)

where k is a weight that calibrates the color and coordinate ranges. c is the initial

follows:

area property of the super-pixel and used in order to maintain the original size
of the super-pixel. For each individual super-pixel, ¢ is calculated in the first

iteration as:

(2.8)



Figure 2.2: Comparison of [SLIC](b) and proposed multi-resolution super-pixels
algorithm (c).

For the image shown in Figure 2.2 (a), the result of the multi-resolution super-

pixel clustering algorithm is shown in Figure 2.2 (c) for 200 initial seeds.
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2.2 Merging Algorithms for Super-Pixels

Merging algorithms for super-pixels are built for the unnecessary super-pixels in
the image background. As it can be seen from Figures 2.2 and 2.3, super-pixels
regions in the black background are unrelated with the cells. Therefore, two
algorithms are implemented in order to get meaningful segmentation results by

merging the similar super-pixels.

2.2.1 Merging Super-Pixels Using 1-D SIFT

SIFT [22], is a well known algorithm used in many computer vision applications
[32-36]. The algorithm relies on extraction of local extrema and minima values.
Images are filtered with Gaussian filters and the extrema points are obtained
from Difference-of-Gaussian (DoG) images. Such extrema and minima points
are used for the feature extraction process in many detection and restoration

applications [37].

In the proposed approach, the aim is to merge similar super-pixels to determine
the background of MSCs images. By differentiating background from the MSCs
stem cells, these cells and their nuclei can be represented accurately. Therefore, an
algorithm with the ability to match 1-D r,g,b color histograms to merge similar
super-pixels is needed. A novel decision rule for merging neighboring super-
pixels is developed using 1-D version of the SIFT algorithm. As in the 2-D SIFT
method, 1-D histograms are filtered with 1-D Difference of Gaussian filters and
local extrema locations are determined. The 32-binned histograms are compared
to each other according to local extrema locations of DoG signals. The detection
procedure of local extrema is similar to 2D SIFT. A point x on a Difference of
Gaussian scale is said to be an extrema if it is greater than the surrounding 8

points as shown in Figure 2.4 (in 2-D SIFT this number is 26).

10
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Figure 2.4: Extraction of extrema points in DoG histograms. After filtering the
histograms with the Gaussian filters, a subtraction process took place and the

DoG signals are constructed. Then a point x is compared with its eight neighbors.

The matching criteria of neighboring super-pixels is to have similar SIFT ex-
trema points in their histograms. Two super-pixels are considered to be similar
as long as indexes of DoG extrema points are similar to each other. As a result,
a 1-D SIFT based super-pixel or image region similarity method is developed.
All one has to do is to set the number of matching extrema points for region

similarity. In this way, a threshold-free similarity measurement becomes possible.
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Figure 2.5: 1-D SIFT merging result.
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2.2.2 Merging Super-Pixels Using Wavelets

Similar super-pixel regions can also be merged with the use of wavelets without
using any threshold. Wavelets have many applications in image processing due to
their ability to find frequency values without losing the time information [38-43].
In this study, histograms of color channels are used as input to compute the
wavelet decomposition coefficients. In wavelet decomposition, low frequencies
are generally calculated by projections onto scaling functions. On each level,
input signals are projected onto a lower subspace. In the final level the wavelet

coefficient that is found for each channel is the DC value of the input signal.

When the histogram of color channel values of a constant number of pixels
are used, it is expected that this DC value will be equal for every super-pixel
regardless of the super-pixel colors. On lower levels of wavelet decomposition,
these values vary depending on the color distribution. For two super-pixels with
similar color distribution, it is expected for wavelet decomposition of their his-
tograms to be similar in every level. Similarity of such super-pixels are measured
by comparing the wavelet coefficient index of the largest wavelet coefficient in
each level. Therefore on a wavelet decomposition level, the same indices of the
largest wavelet coefficients of two super-pixels imply similarity. As the wavelet
decomposition level decreases, the certainty of the similarity increases. It is also
expected that if on a wavelet decomposition level, indices of the largest wavelet
coefficients are the same for two super-pixels, such indices should be the same for

higher levels of decomposition.

A histogram of R,G,B channel values for each super-pixel is calculated with 2V
bins. Having larger N reduces the chances of the similarity index to be the same
in lower levels (Here N = 5 is used). A histogram of each channel is processed
separately. After dividing the color histograms of the two neighboring super-
pixels into 2V bins, we apply a low-pass filter (LPF) to all three color channels

histograms:
111
—f{- - 1 2.
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It is not necessary to check the gain of such low pass filters since this algorithm
compares only the index of the largest element in the wavelet coefficient series.
If the index of the maximum value is equal for all three color channels, these two
super-pixels will merge, if not, we decimate the histograms again and apply the

same procedure.

Figure 2.6: Wavelet merging result.
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2.3 Experimental Results

Mesenchymal Stem Cell images used in this thesis are obtained by the Molecular

Biology Department at Bilkent University.

The process of image acquisition is as follows: Bone marrow derived Mesenchy-
mal Stem Cells (MSCs) were isolated from C56/BL6 mice. To label these cells,
a new class of water-dispersible nanoparticle (CPN) was used. After 24 hour in-
cubation of CPN, MSCs were fixed and visualized with fluorescence microscopy.
The photos were taken with 10X-20X-40X magnification and the nucleus counter
staining was done with DAPI. To have a more detailed perspective, a 40X magni-
fication is used in general, however experiments for 10X and 20X are also consid-
ered. In the resulting images, green regions indicate cellular bodies (cytoplasm )

and blue regions indicate nucleus.

(a) A MSC image (b) The ground truth image of (a)

Figure 2.7: MSC image and the ground truth image of the same image.

First, MSC images are segmented into super-pixels by using the super-pixel
algorithm in [31] and the proposed method. The initial number of super-pixels are
given to be 100 for both algorithms. Detection and false alarm rates for each cell,
nucleus and cytoplasm are calculated by comparing the results of the proposed
algorithm and SLIC in [31] with manually marked regions of MSC images as
ground-truth. 13 different MSC images are tested with an average resolution of
1000x800. Super-pixels are classified as cell-type or background-type depending

on the region they cover in the ground-truth image. As shown in Figures 2.5

15



2.6, some cell-type super-pixels occupy background regions as well. Therefore, a
super-pixel covering a larger background than the actual cell region is registered

as background and vice versa.

B

|:|\; Nucleus

E / cytoplasm

Figure 2.8: A MSC image taken under the fluorescence microscope. The green

regions indicate cellular bodies (cytoplasm ) and the blue regions indicate nucleus.

The cell region detection accuracy of the proposed method is compared to the
SLIC method [31] in Table 2.1.
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Table 2.1: Comparison of cell detection in MSC images using multi-resolution

super-pixels and SLIC.

Multi-resolution SP SLIC

Detection rate (%)/ | Detection rate (%)/
MSCs Image | False Alarm rate (%) | False Alarm rate (%)
Image 1 90.51 / 2.06 93.23 / 3.01
Image 2 94.31 / 8.39 83.90 / 3.60
Image 3 81.39 / 1.30 81.16 / 3.00
Image 4 87.890 / 7.42 87.84 / 5.78
Image 5 83.84 / 10.01 82.46 / 13.73
Image 6 85.90 / 8.89 79.46 / 10.40
Image 7 85.58 / 0.11 87.34 / 4.89
Image 8 84.32 / 8.99 92.30 / 21.88
Image 9 82.53 / 0.38 63.06 / 6.23
Image 10 86.72 / 0.96 72.58 / 19.92
Image 11 92.66 / 6.50 74.60 / 8.08
Image 12 80.64 / 8.26 78.99 / 26.84
Image 13 93.58 / 15.45 66.69 / 18.26
Average 86.91 / 6.05 80.04 / 11.20

As shown in Table 2.1, the proposed multi-resolution super-pixel algorithm is
better in covering the cell region in MSC images. False alarm rates in Table 2.1
indicate that the SLIC algorithm cannot adapt to the changes in the cell borders.
This is due to the fact that the contrast between the cells and the background is
low at cell boundaries. The SLIC algorithm cannot detect such transitions. On
the other hand, the proposed method can produce better results because of its

multi-resolution nature. Nuclei detection results in MSC images are presented in
Table 2.2.
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Table 2.2: Nucleus region detection accuracy of the multi-resolution super-pixels
method compared to the SLIC method.

Multi-resolution SP SLIC

Detection rate (%)/ | Detection rate (%)/
MSCs Image | False Alarm rate (%) | False Alarm rate (%)
Image 1 91.10 / 1.23 51.29 / 0.81
Image 2 81.63 / 0.32 91.15 / 1.97
Image 3 92.10 / 1.75 28.26 / 0.96
Image 4 95.30 / 1.13 80.30 / 3.71
Image 5 62.84 / 0.27 68.24 / 43.67
Image 6 69.56 / 16.02 59.65 / 16.89
Image 7 77.75 / 1.43 83.23 / 8.76
Image 8 88.12 / 11.28 90.71/19.84
Image 9 61.21 / 3.83 46.31 / 6.73
Image 10 64.06 / 0.01 61.06 / 19.08
Image 11 90.05 / 7.52 72.51 / 7.54
Image 12 79.23 / 20.99 81.55 / 51.61
Image 13 89.90 / 23.57 62.72 / 26.33
Average 80.21 / 6.87 67.46 / 15.99

In Table 2.2 it is observed that success rates of the multi-resolution super-
pixel algorithm is greater then the success rates of the SLIC algorithm in nucleus
detection. This is due to the advantage of starting with smaller super-pixels in

the regions with high frequency components.

In addition to the comparison of the multi-resolution super-pixels with the
SLIC algorithm, the 1-D SIFT and the wavelet merging algorithms are also com-
pared. First, the ground truth images of the related MSC images are constructed.
Then, these ground truth images are compared with the results of the 1-D SIF'T
and the wavelet merging algorithms separately. As a quality measure, Matthews
Correlation Coefficient (MCC) results [44] are used. MCC is a balanced measure
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for binary classification and can be used with different class sizes. In a sim-
ple manner it calculates the correlation between the observed and the predicted
classification. It varies between minus one and one where one means perfect
correlation and minus one means no correlation. MCC can be calculated as:

MOC — (TP)(TN)—(FP)(FN) (2.10)
\/ (TP+FP)(TP+FN)(IN+FP)(TN+FN) '

where FP,FN TP and TN stands for false positive, false negative, true positive

and true negative respectively.

The balanced F1 measure [45] is used to compare the accuracies of both meth-
ods. It is a harmonic mean of Precision and Recall where values of the score vary

between zero and one. Balanced F1 score can be defined as:

. Precistonx Recall
Fl=2xX Precision+Recall (2.11)
where precision and recall are defined as:
.. o TP
Precision = 75755 (2.12)
Recall = TPZ% : (2.13)

In addition to the metrics above,both specificity and accuracy of each merging

method are calculated. Specificity and accuracy are obtained as :

. . . TP
Specificity = 7pipp (2.14)
_ TP+TN
Accuracy = tpppipNTTN - (2.15)

19



Figure 2.9: (a) MSC image # 10, (b) the ground truth image of (a), (¢) 1-D SIFT
merging result, (d) area captured after 1-D SIFT merging, (e) Wavelet merging

result, (f) area captured after wavelet merging.
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Table 2.3: 1-D SIFT merging results for MSC images.

Image MCC | F1 | Specificity | Recall | Precision | Accuracy
Image 1 0.65 | 0.67 0.98 0.59 0.77 92.55
Image 2 | 0.72 | 0.72 0.99 0.61 0.89 92.70
Image 3 | 0.72 | 0.75 0.90 0.95 0.62 82.37
Image 4 | 0.56 | 0.56 0.86 0.95 0.39 75.16
Image 5 0.71 | 0.74 0.97 0.72 0.76 89.36
Image 6 0.69 | 0.73 0.94 0.77 0.70 84.28
Image 7 | 0.83 | 0.87 0.99 0.78 0.98 84.60
Image 8 | 0.82 | 0.84 0.98 0.77 0.92 91.31
Image 9 | 0.76 | 0.76 0.99 0.62 0.98 89.68
Image 10 | 0.82 | 0.84 0.99 0.75 0.94 92.04
Image 11 | 0.90 | 0.90 0.99 0.85 0.95 98.53
Image 12 | 0.61 | 0.59 0.98 0.44 0.88 94.79
Image 13 | 0.88 | 0.88 0.99 0.87 0.90 96.84

Table 2.4: Wavelet merging results for MSC images.

Image MCC | F1 | Specificity | Recall | Precision | Accuracy (%)
Image 1 | 0.63 | 0.64 0.98 0.55 0.78 92.28
Image 2 | 0.73 | 0.73 0.99 0.59 0.95 93.18
Image 3 | 0.76 | 0.78 0.99 0.66 0.94 89.41
Image 4 | 0.85 | 0.86 0.99 0.76 0.98 95.92
Image 5 | 0.74 | 0.75 0.99 0.65 0.90 91.02
Image 6 | 0.81 | 0.82 0.99 0.73 0.95 91.21
Image 7 | 0.86 | 0.89 0.99 0.81 0.99 87.24
Image 8 | 0.80 | 0.82 0.99 0.73 0.94 90.71
Image 9 | 0.76 | 0.76 0.99 0.62 0.98 89.68
Image 10 | 0.81 | 0.82 0.99 0.72 0.96 91.67
Image 11 | 0.90 | 0.90 0.99 0.85 0.95 98.53
Image 12 | 0.61 | 0.59 0.99 0.85 0.95 98.53
Image 13 | 0.88 | 0.88 0.99 0.87 0.90 96.84

In Tables 2.3 and 2.4, MCC, F1, Specificity, Recall, Precision and Accuracy
results are given for both merging methods. Although, both methods have very
close results, the wavelet merging algorithm gives better performance in MCC

and F1 scores.
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Chapter 3

Applications on CD13 and H&E

Stained Cancer Tissue Images

3.1 Detection of Cancer Stem Cells in Micro-

scopic Images by Using Region Covariance

and Co-difference Method

In this thesis, co-difference and covariance methods are used as image region
descriptors. The region covariance method for feature extraction is a well studied
method for human detection, object detection and image retrieval [23, 46-49].
In [23], it is shown that covariance matrix method can be used as an image
region descriptor and gives better performance than the previous approaches to
detection and recognition problems. In [50], eigenvalues of the covariance matrix

are used for corner detection.

The co-difference method is the modified version of the covariance method [24].
Instead of using multiplication, it uses its own novel vector product definition that

permits a multiplier-free implementation to overcome the multiplication cost. It
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is shown that this method can be used for constructing a so-called region co-
difference matrix that has very similar properties to the region covariance matrix

and can be used in many different applications [51-53].

3.1.1 Covariance Region Descriptor

Let fi be the feature vector of a pixel I(z,y) with the dimension of d. When we
index the image pixel with a single index k, with the assumption that we have N
number of pixels in a given region, the index k takes the values k = 1....N. The

covariance descriptor for this image is calculated as:

N
1 _ _
CV:mZ(fk_H) X (fe—m)" (3.1)
k=1
The mean vector, [ is the vector where the mean values of the extracted feature
vectors are kept. Since the covariance matrix is symmetric, the number of the

independent variables are d(d + 1)/2 [24].

3.1.2 Co-difference Region Descriptor

Although the calculation cost of a single covariance matrix is not too high, as
the number of covariance matrices increase, it escalates. The co-difference matrix

presented in [24] reduces this cost. That is:

Cp = s (e W & (e~ i) (32)

k=1

The operator "@” is defined in [24] as an additive operator which is used
instead of the scalar multiplication used in Equation 3.1. Loosely speaking, it
behaves like a matrix multiplication operation, despite being an addition opera-

tion. Due to the sign of the outcome, it acts like a multiplication operation. The
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operation ”@” between real numbers a and b is defined as in [24] below:

(a—kb ifa>0and b>0

a—>b ifa<0Oand b>0
a®b= < , (3.3)
—a+b ifa>0andb<0

\—a—b fa<0Qand b<0

where Equation 3.3 can be expressed as follows:

a®b=sign(a xb)(|la] + |b]) . (3.4)

Like the covariance matrix, the co-difference matrix is symmetric due to the
symmetry property of & operator, where a®b = b®a. Also, if the two values have

the same sign, the co-difference between them will be positive and vice versa.

3.1.3 Feature Extraction from Image Regions

A feature vector is extracted from each pixel and used in construction of the region
covariance and the co-difference matrices. The feature vectors are extracted from
overlapping windows of size 11x11 pixels. The structure of the feature vector is

defined as:

de ~  dy T da? 7 dy? ’
(3.5)

fk = [R($,y),G($,y),B(l’,y),

where R(z,y), G(z,y) and B(z,y) are the pixel values at (z,y) positions in red,
green and blue channels, respectively. The last four elements of the feature vector
are the first and second derivatives of the red channel with respect to x and y
coordinates. Our aim is to find CSC’s in CD13 stained images. In these images
CSC appear as a dark brown color. Since the brown color is dependent on the red

channel more than the other two channels, we consider the red channel derivatives
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in our feature vector. Covariance , Cy, and co-difference, C'p, matrices are derived

from the extracted feature vector as in Equation 3.1 and 3.2.

In Equation 3.1 and 3.2, N is the total number of pixels in a window. That

makes 121 for a given 11x11 window. The mean vector, i, is defined as follows:

i i), ) (i, G0 O, G W)

(3.6)

where I, I, Ig represents the image pixels in the red, green, and blue channels.
The mean operation, u : Z?> — Z, takes the mean of given pixels. The extracted

mean values are kept as a vector ji.

After the feature vectors are extracted from the pixels, corresponding covari-

ance and co-difference matrices are constructed.

Cror= 1| : . (3.7)
Cra - Cog

In Equation 3.7, C'roy represents the calculated C'y or C'p matrices. Here only
the lower triangle values are taken into account because of the symmetry. The
values of the lower triangle area are placed into a vector with the size of 1 x 28.

The 11x11 regions are represented with this z; vector. Where z; is defined as:

2 = [C11,C21,C52,C31,C59,C33-+- ,Cr6,Crr] . (3.8)

To increase accuracy we add the mean color values to the end of the feature

vector:

2 = [C11,C21,Cog, -+, Crg, pi(Ig), p(la), p(IB)] . (3.9)
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3.1.4 Experimental Results

In the experimental process, liver cancer tissue images which stained with CD13
dye are used. In these images, cancer stem cells have unique dark brown colors

where cancer cells have bright blue colors as shown in Figure 3.1.

Figure 3.1: A liver cancer tissue stained using CD13 primary antibodies.

Our CSC image data set is constructed as follows: In total 600 cell images
are taken from three CD13 images, both for stem cells and for the other image
regions. 11x11 windows are used to select these regions. The feature vectors of
121 pixels are calculated separately and then for each cell window, covariance and
the co-difference descriptors are constructed. In the end, we get 600 covariance
and 600 co-difference data matrices. z,’s are calculated from this data and used

as a ground truth.

The ground truth data is mapped between [0-1] and then fed into SVM [54].
Since we only have two classes it is a binary classification problem and models
are trained with the LIBSVM [55] tool with the Radial Basis Function (RBF)
kernel. The best gamma and C parameters of the RBF kernel are selected via
grid search. We used 70% of our ground truth data for training and 30% for

testing our models. Testing accuracies for our two models are given in Table 3.1
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below.

Table 3.1: SVM test accuracies.

Co-difference Model

Covariance Model

Accuracy (%)

99.79

96.66

A sliding window model with size 11x11 is constructed. While the overlapping
window sweeps through the image, the data inside the window is processed with
both methods. Processed data is predicted with the models separately. According
to the prediction result, the predicted window is marked. In Table 3.2 marked

cells are counted and compared with the ground truth image.

Table 3.2: Number of detected cells by each method.

Detected Detected False CoD [ False CoV
Image # True CSC | by CoD by CoV Detection | Detection
CD13-1 38 37 37 88 75
CD13-2 63 59 62 50 52
CD13-3 37 28 28 27 48
CD13-4 76 73 75 65 69
CD13-5 24 24 24 49 54
CD13-6 52 52 52 68 79
CD13-7 114 106 111
CD13-8 66 64 66 8 5
CD13-9 78 55 67
CD13-10 92 71 81 37 45
CD13-11 23 16 17 4 14
CD13-12 64 21 44 4 169
CD13-13 64 58 60 118 116

In Table 3.2, for the CD13-10 image, the co-difference method finds a total of
108 cell of which 71 are true detection. For the same image, the covariance method
finds 126 cells of which 45 are false detection. In Figure 3.2, the CD13-10 image
and its predicted versions are shown. Clearly, although the covariance method

seems to detect more cells, the true detection rate is low. Thus, to measure the
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quality and the accuracy in a more meaningful manner, Matthews Correlation

Coefficient (MCC) and F1 scores are used as explained in Chapter 2.

(c) Co-difference method result for CD13-10 (d) Covariance method result for CD13-10

Figure 3.2: Comparison of covariance and co-difference algorithms. A CD13
stained image (a), its ground truth image marked by a pathologist (b), the result

of the co-difference method (c),the result of the covariance method (d).
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Table 3.3: MCC scores of the images.

Co-difference MCC | Covariance MCC
CD13-1 0.23 0.23
CD13-2 0.42 0.40
CD13-3 0.43 0.39
CD13-4 0.41 0.34
CD13-5 0.40 0.39
CD13-6 0.40 0.37
CD13-7 0.43 0.39
CD13-8 0.47 0.41
CD13-9 0.41 0.44
CD13-10 0.44 0.41
CD13-11 0.54 0.53
CD13-12 0.23 0.21
CD13-13 0.23 0.22
CD13-14 0.36 0.36
CD13-15 0.60 0.60
CD13-16 0.77 0.76
CD13-17 0.79 0.80
CD13-18 0.77 0.76

MCC score results for both methods are compared and shown in Table 3.3. As

it can be seen from the Table 3.3 that, co-difference method achieves finer results

than covariance method.

In Table 3.4, F1 scores of both methods are compared. It is observed that

using the co-difference method leads to better results by means of F1 score (13

out of 18).
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Table 3.4: F1 scores of the images.

Co-difference F1 | Covariance F1
CD13-1 0.13 0.13
CD13-2 0.37 0.32
CD13-3 0.41 0.30
CD13-4 0.38 0.32
CD13-5 0.31 0.29
CD13-6 0.32 0.28
CD13-7 0.40 0.28
CD13-8 0.41 0.35
CD13-9 0.49 0.46
CD13-10 0.46 0.38
CD13-11 0.55 0.52
CD13-12 0.14 0.14
CD13-13 0.13 0.12
CD13-14 0.26 0.25
CD13-15 0.66 0.66
CD13-16 0.80 0.81
CD13-17 0.82 0.67
CD13-18 0.81 0.80

3.2 Mixture of Online Learners for Cancer Stem

Cell Detection in CD13 Stained Microscopic

Images

Pathologists can detect cancer stem cells from immunohistochemical cancer tissue
slides stained with CD13 marker under the microscope. The microscopic images
of CSCs and cancer cells appear as dark brown and blue respectively. These
regions are indicated in Figure 3.3. Pathologists identify the CSCs to determine

the severity of the cancer. The purpose is to make this process more reliable
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and reduce human based errors. Implemented algorithm linearly combines the
results of region covariance and region co-difference algorithms, and displays CSC
marked regions to the pathologist. Since the tissue microarray (TMA) images are
large, only a small portion of the tissue is displayed on the monitor. If the pathol-
ogists want to correct the automatically marked regions, they mark incorrectly
determined CSC regions and/or undetected CSC regions on the screen manually.
Based on the feedback given by the pathologists, weights of the individual learners
are updated using a Least Mean Square (LMS) based online learning algorithm.
Then, the entire tissue image is marked and quantified again using the updated

weights.

Figure 3.3: Immunohistochemistry (IHC) images of liver cancer tissue stained

using CD13 primary antibodies.
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3.2.1 Feature Extraction

Similar to Section 3.1 region covariance and region co-difference descriptors are
used for representing the image regions. A feature vector is extracted from each
pixel and used in construction of the region covariance and the co-difference
matrices. Again, the feature vectors are extracted from overlapping windows of

size 11x11 pixels. The structure of the feature vector is as follows:

de  ~  dy 7 dx? 7 dy? ’
(3.10)

fk: [R(x,y), G(I‘,y), B(I,y),

where R(z,y), G(z,y) and B(z,y) are the pixel values at (z,y) positions in red,
green and blue channels, respectively. The last four elements of the feature vector
are the first and second derivatives of the red channel with respect to x and y.
The covariance matrix, C'y, and codifference, Cp, are derived from the extracted

feature vector as in Equation 3.11 and 3.12:

Cy = ﬁ;m —wx (- )T (3.11)
Cp = s (e W @ (e~ i) (312)

B
Il
—

In Equation 3.11 and 3.12, N is the number of pixels. This is 121 for given a

11x11 window. The mean vector, i, is defined as:

) dlp dlp 21, 1
_ R 3.13
p=1[0, 0, 0, u )l dy), wlgz)s m i )], (3.13)

where [g represents the image pixels in the red channel. The mean operation,

i Z2 — 7, computes the mean of pixels in a given window. The extracted mean
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values are kept as a vector . The first three elements of i are taken as zero in
order to preserve the pixel color information after the extraction in Equation 3.11.
It is experimentally observed that constructing ji as in Equation 3.13 produces

better detection results.

As in Section 3.1, the C'ro; matrix, which represents the calculated Cy or C'p
matrices is calculated and the values of the lower triangle area are again used to
construct the feature vector with the size of 1 x 28. The regions are represented

with this z; vector as:

R = [01,17 C9,1,C22,031,C39,C33--+,Crg, 07,7] . (3.14)

Note that color mean values are not added at the end of z, as in Section 3.1. In
addition to the region covariance and the co-difference descriptors, mean values
of R, G, B, Y, Ch, Cr, H ,S, V, channels are also extracted from corresponding
11x11 windows and used as feature vectors. To sum up, from a 11x11 window
we extract five feature vectors: z;’s for both the covariance and the co-difference
region descriptors and three separate mean value feature vectors corresponding

to each color space.

3.2.2 Mixture of Learners (MoL) Algorithm

The Mixture of Learners (MoL) method combines the trained machine learning
models to achieve the best CSC classification in CD13 images. First, the entire
image is scanned with an overlapping window of size 11x11 pixels. The feature
vectors mentioned in Section 3.2.1 are obtained from these windows. The size
of the feature vector depends on the region description method. These feature
vectors of the same type are concatenated to construct a feature matrix which
represents the whole image. Therefore, five different feature matrices are con-
structed for a single image. Each row of these matrices are fed into the learners
shown as Learner N in Figure 3.4. The predictions, L,(n),n € (1, ..., N), for each

window are obtained separately. L,(n) is one for positive detection and minus
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one for otherwise. In our implementation we have ten learners, thus the number

of maximum learners N is 10.

Wi (1)

Lo(1) |

—>| Learnerl | » (X

Image Feature )

Window ”| Extraction ; We(N)

. i Lp(N) l

—>| Learner N | —>»( X

: -

Figure 3.4: Mixture of learners block diagram.

In Figure 3.4, the block diagram of Mol algorithm is presented. In the MoL
algorithm, the feature vectors are extracted from the image windows and fed into
the related prediction model. Prediction results of the each model are multiplied
with an initial weight vector W, and then linearly combined as LTW,. After the
first run, the predicted image is shown to the user via Graphical User Interface
(GUI). The user indicates the incorrectly marked regions with a marking tool
in the GUI. According to this feedback of the user y,;, the system updates the
weights of individual learners W;. A gradient descent type algorithm is used to

update the weights as follows:

&
Wt+1 - Wt + —2L 5 (315)

IL]
where Wiy1 = [wiy11,- .., wir110)" is the updated weight vector at time ¢ + 1,
Wy = [w, ... ,wmo]T is the current weight vector at time t. L is the decision

vector of the learners defined as L = [L,(1), L,(2), ..., L,(10)] and e, is the loss

(or error) which is defined as:
e =y — Y (3.16)
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where the y; is the current predicted value calculated from LW, as shown in
Figure 3.4. The algorithm works with the updated weights and repeats until the

user decides to stop this process.

Figure 3.5: The implemented graphical user interface (GUI).

In some cases the weight update process fails to classify some regions indicated
by the user of the GUI. In order to achieve the desired output, L is expanded
with additional information. The additional information represents a distance
measure between that region and all regions in the image. The distance between

two regions is calculated using co-difference values in [56]:

P

_ \01 Ca(i, J)|
d(cl,og)_Z[ 2 +02( 5| (3.17)

=1

After the distances between the desired region, which could not be correctly
classified and all other regions are calculated, a sigmoid function is used to map

the distances to values (v) between 0 and 1 and defined as:

1
14+ e—a(z—c)
where ¢ = 0.5 and a = —8. However, the desired region could be not a CSC

(label : -1) or CSC' (label : 1) region. Thus, v is multiplied by the desired label

sigm(d) = , (3.18)
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to indicate the class information. This information is then added to the decision
vector L. The new column added to L and a weight that is independent from
the weight update process is assigned to it. Moreover, the co-difference values of
the desired region, which could not be correctly classified are saved along with
the desired label. This is necessary to be able to compute the distances when

another image is used as input to the system.

3.2.3 Experimental Setup and Results

The serial sections of tissue marker array (TMA) samples of liver cancer were
purchased from US BioMAX (http://www.biomax.us/tissue-arrays). The
paraffin embedded TMA tissues were deparaffinized and stained with a Dako En-
Vision kit using CD13 primary antibodies in 1:500 dilutions. Finally, immuno-
histochemistry stained TMA samples were analyzed under a light microscope
(EUROMEX-Oxion). The images which are utilized in ground truth data ex-
traction are in 20X magnification with the size 600x600 pixels. Our CSC data
set is constructed as follows: In total 840 windowed regions from seven CD13
images are taken for both CSC and other image regions. Images are normalized
between zero and one. Since the co-difference operation is a non-linear operation,
it causes loss of information after the normalization. Therefore, the normaliza-
tion is done for all feature extraction cases except for the co-difference case. In
Support Vector Machines (SVM), Radial Basis Function (RBF') kernel and 5-fold
cross validation is applied by using the LiBSVM tool [55]. The best parameters
for RBF kernel such as C' and ~ are selected via grid search. Neural Networks
(NN) are built with the MATLAB®’s Artificial Neural Networks (ANN) applica-
tion for pattern recognition. The number of hidden layers in the NN are taken
as 10 and scaled conjugate gradient back propagation is used. We divide 60% of

our data for training, 20% for cross-validation and 20% for the test phase.
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Table 3.5: SVM model information of the region descriptors.

Method Accuracy (%)
Covariance SVM 97.61
Co-Difference SVM 98.08
RGB-Mean SVM 98.21
YCbCr-Mean SVM 95.83
HSV-Mean SVM 97.61

Table 3.6: Neural network model information of the region descriptors.

Method Accuracy (%) | Cross Entropy
Covariance NN 97.00 2.97461
Co-Difference NN 96.40 1.68052
RGB-Mean NN 98.20 2.17499
YCbCr-Mean NN 97.00 2.63928
HSV-Mean NN 98.80 2.15902

Accuracies of the trained models in the test set are shown in Tables 3.5 and 3.6.
To measure the test quality and test accuracy Matthews Correlation Coefficient

(MCC) [44] and F1 score [45] are used respectively.
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Table 3.7: Average classification results.

Method MCC F1 Specificity | Recall | Precision
Co-Difference SVM 0.2916 | 0.2720 0.9743 0.3019 | 0.4219
Covariance SVM 0.4175 | 0.3883 0.9757 0.4062 | 0.5774
Co-Difference NN 0.3444 | 0.2977 0.9964 0.2164 | 0.6581
Covariance NN 0.2251 | 0.2298 0.9510 0.3750 | 0.1798
RGB-Mean SVM 0.4463 | 0.4255 0.9605 0.5155 | 0.5074
RGB-Mean NN 0.4090 | 0.3622 0.9947 0.2858 | 0.7216
YCbCr-Mean SVM 0.4407 | 0.4173 0.9654 0.4843 | 0.5316
YCbCr-Mean NN 0.4341 | 0.4024 0.9913 0.3513 | 0.6619
HSV-Mean SVM 0.4278 | 0.3961 0.9892 0.3546 | 0.6471
HSV-Mean NN 0.4046 | 0.3636 0.9935 0.2941 | 0.6987
Initial Weight Combination Result | 0.4586 | 0.4369 0.9875 0.4117 | 0.6153
User Guided Result 0.6330 | 0.6284 0.9787 0.7997 | 0.5232

Individual learner results are shown in Table 3.7. The values in Table 3.7 are
the average classification results of 19 CD13 images. Initial weight combination
results indicate the first combined outcome with the initial weights. The User
Guided Result row in Table 3.7 shows the results of the updated system after the

user feedback.
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Figure 3.6: A CD13 stained image (a), its ground truth image marked by a
pathologist (b), first result of the MoL algorithm (c), the image obtained after

user feedbacks.

An output of the proposed algorithm is demonstrated in Figure 3.6. A CD13
image given in Figure 3.6 (a) is fed to the learning algorithm. The ground truth
labels are shown in Figure 3.6 (b). The output obtained with the initial weights
is shown in Figure 3.6 (c). The misdetected regions can be observed in 3.6
(c). In Figure 3.6 (d), the result obtained from the updated system with the
user feedbacks is presented. It is evident from the figure that the number of

misdetected regions are decreased.

In addition to the comparison of the MoL algorithm with the individual region
descriptors, the MoL algorithm is compared with the Color Segmentation plug-
in of ImageJ (http://bigwww.epfl.ch/sage/soft/colorsegmentation/) [57].
This plug-in allows user to select the desired regions for segmentation process.
User can select up to 10 clusters and two different segmentation methods. These
methods are the K-Means and Hidden Markov Models (HMM) clustering al-

gorithms. However, for each image, the region selection process must be made
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individually and it is not possible to undo the last selection. Since, HMM method
adds spatial constraints into account, experiments are conducted with HMM and

both independent and joint color data organizations are used.

Table 3.8: MoL vs ImageJ color segmentation plug-in.

Image # Mixture of Learners Hidden Markov M. Ind. Color Hidden Markov M. Joint Color
MCC | F1 Score | Specificity | MCC | F1 Score | Specificity | MCC | F1 Score | Specificity
CD13-1 | 0.61 0.64 0.95 0.35 0.33 0.99 0.35 0.33 0.99
CD13-2 | 0.61 0.61 0.96 0.40 0.47 0.97 0.40 0.47 0.97
CD13-3 | 0.68 0.68 0.96 0.45 0.45 0.97 0.45 0.45 0.98
CD13-4 | 0.63 0.62 0.96 0.43 0.45 0.97 0.48 0.47 0.99
CD13-5 | 0.60 0.61 0.95 0.46 0.46 0.98 0.48 0.49 0.99
CD13-6 | 0.63 0.63 0.95 0.46 0.48 0.97 0.47 0.48 0.98
CD13-7 | 0.58 0.56 0.95 0.48 0.49 0.97 0.47 0.48 0.98
CD13-8 | 0.53 0.52 0.98 0.37 0.38 0.99 0.40 0.39 0.99
CD13-9 | 0.58 0.58 0.99 0.44 0.45 0.99 0.42 0.41 0.98
CD13-10 | 0.65 0.65 0.99 0.43 0.43 0.98 0.42 0.43 0.98
CD13-11 | 0.63 0.63 0.99 0.55 0.55 0.99 0.44 0.44 0.99
CD13-12 | 0.70 0.69 0.99 0.48 0.49 0.99 0.45 0.44 0.98
CD13-13 | 0.63 0.61 0.98 0.46 0.45 0.98 0.49 0.46 0.99
CD13-14 | 0.59 0.59 0.99 0.35 0.30 0.97 0.23 0.17 0.96
CD13-15 | 0.60 0.60 0.99 0.27 0.20 0.99 0.41 0.39 0.98
CD13-16 | 0.67 0.65 0.97 0.61 0.62 0.98 0.56 0.56 0.97
CD13-17 | 0.68 0.67 0.98 0.42 0.42 0.98 0.28 0.24 0.94
CD13-18 | 0.63 0.61 0.99 0.43 0.44 0.99 0.39 0.39 0.99

As it is shown in Table 3.8, the MoL algorithm achieves better classifica-
tion results compared to the ImageJ Color Segmentation plug-in. However, it
is not possible to train a classifier with the ImageJ Color Segmentation plug-in.
Trainable Weka Segmentation (TWS) (http://imagej.net/Trainable_Weka_
Segmentation) plug-in in Fiji [13] is used at this end. The aim of the TWS
plug-in is to combine the machine learning power of Weka [58] with the Fiji [13].
It allows user to select different feature extraction methods with many machine
learning algorithms. In TWS, sample regions are selected by the user and the
features are extracted from these regions. Then, a classifier is trained and used
in segmentation of similar images. The user guided results of the MoL algorithm
are compared with the TWS plug-in results. In TWS, mean and derivative values

of the related regions (CSC and other regions.) are extracted as features and the

40



Fast-Random Forest method is used for classification. The Fast-Random Forest is
the default classifier of the TWS and it is initialized with 200 trees and 2 random
features per node. Detailed information about the TWS plug-in can be found at:

(http://imagej.net/Trainable_Weka_Segmentation).

Table 3.9: MoL vs Trainable Weka Segmentation (TWS).

Image # | Mixture of Learners TWS Fast-Random Forest
MCC | F1 Score MCC F1 Score
CD13-1 | 0.61 0.64 0.36 0.36
CD13-2 | 0.61 0.61 0.42 0.44
CD13-3 | 0.68 0.68 0.46 0.48
CD134 | 0.63 0.62 0.46 0.48
CD13-5 | 0.60 0.61 0.48 0.49
CD13-6 | 0.63 0.63 0.46 0.47
CD13-7 | 0.58 0.56 0.47 0.49
CD13-8 | 0.53 0.52 0.38 0.38
CD13-9 | 0.58 0.58 0.25 0.19
CD13-10 | 0.65 0.65 0.22 0.18
CD13-11 | 0.63 0.63 0.55 0.56
CD13-12 | 0.70 0.69 0.56 0.56
CD13-13 | 0.63 0.61 0.60 0.61
CD13-14 | 0.59 0.59 0.54 0.54
CD13-15 | 0.60 0.60 0.63 0.64
CD13-16 | 0.67 0.65 0.63 0.42
CD13-17 | 0.68 0.67 0.60 0.61
CD13-18 | 0.63 0.61 0.17 0.12

In Table 3.9 MCC and F1 scores of the MoL algorithm and the TWS plug-in
are shown. MCC and F1 are defined in Chapter 2. As it can be observed from the
Table 3.9 that in some cases when the TWS plug-in is used very poor classification
scores are achieved. It is because of the reason that, in TWS plug-in classifiers
are trained with only one image. Thus, the trained classifier fails to classify an
image which has different background color. However, the MoL algorithm is more

robust to such changes and gives much better segmentation results than TWS.
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3.3 Classification of H&E Images by Using 1-D
SIFT Method

H&E stain is a cost effective routine histopathological technique [59-63]. Unlike
CD13 images, it is difficult to distinguish CSCs in H&E images. CSCs appear in
dark brown colors and can be easily noticed in a CD13 stained image. Thus, a
method which can classify H&E images according to CSC densities would make
this process cheaper and more accessible. The aim of this section is to present an

algorithm to classify H&E images according to their CSC densities.

Before presenting the algorithm, it is necessary to briefly explain the relative
parts of acquisition of these microscopic images from the patients. First, a sample
tissue is taken from the patient and it is finely sliced in very thin layers (tissue
sections). The adjacent sections look very similar but actually they are not
exactly the same layer. Subsequently, the sections are stained with either H&E
or CD13 stain. Note that an already stained section cannot be stained again
with another dye/marker. For that reason, it is not possible to have both CD13
and H&E stained images of exactly the same tissue section. To overcome this
problem, adjacent sections of the same tissue are stained with different stains
assuming that they have similar cancer properties. Based on this assumption,
CSC density calculated on a CD13 stained section image is associated with its
adjacent layer which is stained with H&E. Therefore, ground truth information

for H&E images is created.
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Figure 3.7: CD13 (left) and H&E (right) stained serial section tissue images of

the same patient.

In Figure 3.7, the adjacent sections for the same tissue are shown. Various
collocating regions of these images are chosen. CSC densities in the chosen regions
are calculated as a percentage of CSCs to all cells. This process is carried out on
the chosen image region of CD13 stained tissue. The calculated density also gives
that of corresponding H&E regions. The ratio which gives us the CSC density in

the chosen region is as follows:

ST COSC

C’ellRatzo = m

x 100 . (3.19)
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Figure 3.8: Corresponding regions of H&E (left) and CD13 (right) stained tissue

images.

According to this ratio, a grading scheme is defined. If the Cell Ratio is less
than 5%, that region is considered to have a low-grade and labeled as Grade-I.
If it is greater or equal to 5%, it is labeled as a Grade-II meaning that it is a
high-grade cancer region. It is noteworthy to remember that CD13 images are
only used for labeling H&E images. They are not involved in the training stage

in any way.
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Normal H&E Grade-1 H&E Image: Low CSC ratio Grade-Il H&E Image: High CSC ratio

Figure 3.9: CD13 and H&E image examples according to estimated CSC levels.

In Figure 3.9 example images for normal, Grade-I and Grade-II are shown.
These H&E images are fed into the 1-D SIFT algorithm, which is explained in
the following Section 3.3.1.

3.3.1 1-D SIFT Algorithm

In [64] , 1-D SIFT algorithm is presented. It is inspired from famous the SIFT [22]
algorithm and utilized in merging super pixels. However, steps like key point
detection, feature vector extraction and matching are disregarded. In this work,
1-D SIFT algorithm is expanded to incorporate these steps and applied to an

image classification problem.

In SIFT [22] , identical key points are extracted from 2-D images. The 1-D
SIFT algorithm extracts the key points from the images color histograms. As in
the 2-D SIFT method, 1-D histograms are filtered with 1-D difference of Gaussian
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filters. Then, local extrema and minima locations are determined. Footprints of
these extrema and minima points are backtracked from the lowest scale to the
highest scale. If it is possible to backtrack an extrema or a minima location from
coarsest level to the highest level, that location is taken as a key point. After
the key point indexes are found, the gradient of the color histogram is calculated.
Eight neighboring gradient values around the key points are taken. According to

their magnitudes, they are placed into a feature vector.
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Figure 3.10: Feature vector extraction process in 1-D SIFT algorithm.
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In Figure 3.10, the feature vector extraction process for the 1-D SIFT algorithm
is graphically explained. A key point location is shown with a red dot on the 32-
binned RGB histogram at index 120. Gradient values are paired together and
according to their signs and their magnitudes placed into feature vector. The
negative values are summed and inserted into the first element where positive
ones are also summed and placed into the second element of the feature vector.
Thus, a feature vector with four pairs is constructed. This process is applied to

the all images in our data set.

3.3.2 Experimental Results

Serial sections of the same TMA samples stained with CD13 were deparaffinized
and stained with Hematoxylin (Harris Hematoxylin)/Eosin-phloxine according
to manufacturers protocol (Harris). H&E stained TMA samples are analyzed
under a light microscope (EUROMEX-Oxion) and images are acquired with 20X
objectives. Our image data set contains 454 H&E stained liver images which
were taken from 56 different patients. 184 of these samples are from healthy
patients and the other 270 images are taken from patients diagnosed with cancer.
According to our grading ratio defined in Equation 3.19, 119 out of 270 are labeled

as Grade-I and the tile size of the images are chosen as 300x300 pixels.

Several experiments are conducted in order to find the best way for the clas-
sification process. Since we do not have only one image for each patient, in each
experiment, we follow ”"The Leave One Person Out” approach. First, we focus

on differentiating normal images from cancerous images.

In our first experiment, Principal Component Analysis (PCA) is applied to
the extracted feature vectors. The first eigenvectors are taken and fed into k-NN
algorithm. The number of neighbors k is taken as three. As a second experiment,
the weighted combination of the first four eigenvectors and their linear combina-
tions are computed. Best classification accuracy is obtained when five times of
the first eigenvector is combined with the third eigenvector itself. Lastly, match-

ing algorithms presented in Section 7.1 and 7.2 [65] of SIFT [22] are carried out.
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In section 7.1 of [22], for each key point, a ratio between the distances of the first
and second closest key point matches is calculated. The key points with ratios
larger than 0.8 are disregarded. In section 7.2 of [22] the Best Bin First (BBF)
algorithm is used for key point matching. An image classification is concluded

after applying a majority voting decision rule on key point matches.

Table 3.10: Cancer vs normal image classification accuracies of conducted exper-

iments.
Experiment Unnormalized (%) | Normalized (%)
PCA 79.30 77.53
PCA Linear Combination 78.63 81.50
Keypoint Matching (Section 7.1) 86.50 82.81
Efficient Nearest Neighbor Indexing 86.56 82.81

In Table 3.10, classification accuracies of conducted experiments are presented.
In the normalized case, feature vector entities are normalized by dividing each
element L, norm of the feature vector. These experiments are carried out on
feature vectors extracted from RGB histogram. To observe the effect of the
different color spaces in our classification problem, similar experiments are applied
for both HSV and YCbCr color histograms. To be consistent with the SIFT
algorithm [22] | only the Keypoint Matching and the Efficient Nearest Neighbor

Indexing (BBF) experiments are taken into consideration.

Table 3.11: Cancer vs normal image classification accuracies of conducted exper-

iments in different color spaces with unnormalized feature vectors.

Experiment (Unnormalized) HSV (%) | YCbCr (%) | RGB (%)
Keypoint Matching 88.54 89.86 86.50
Efficient Nearest Neighbor Indexing 88.54 89.86 86.50
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Table 3.12: Cancer vs normal image classification accuracies of conducted exper-

iments in different color spaces with normalized feature vectors.

Experiment (Normalized) HSV (%) | YCbCr (%) | RGB (%)
Keypoint Matching 85.02 81.27 82.81
Efficient Nearest Neighbor Indexing 85.02 81.27 82.81

As it can be seen from Tables 3.11 and 3.12, in the feature vector extraction
stage, using different color space histograms has a positive effect on classification
results. Also, applying normalization on the extracted feature vectors affects
the accuracies of the classification results negatively. Experiments are expanded
by combining different color channels. Since YCbCr color domain gives the best
classification results so far, channels of HSV and RGB color domains are combined

with the YCbCr color histogram.

Table 3.13: Constructed combinations with different color domains. Experiments

are conducted with keypoint matching algorithm.

Combination Unnormalized (%) | Normalized (%)
YCbCr+H 89.42 81.27
YCbCr+S 90.08 79.73
YCbCr+V 90.52 81.27

YCbCr+V+R 89.20 78.41
YCbCr+V+G 90.96 80.39
YCbCr+V+G+S 89.86 79.95
YCbCr+V+G+H 87.44 79.07
YCbCr+V+G+B 90.74 80.39
YCbCr+HSV+RGB 89.42 80.39
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Table 3.14: Constructed combinations with different color domains. Experiments

are conducted with efficient nearest neighbor indexing (BBF) method.

Combination Unnormalized (%) | Normalized (%)
YCbCr+H 89.42 81.27
YCbCr+S 90.30 79.51
YCbCr+V 90.74 81.05

YCbCr+V+R 89.20 78.63
YCbCr+V+G 90.96 80.83
YCbCr+V+G+S 90.08 80.17
YCbCr+V+G+H 87.44 79.07
YCbCr+V+G+B 90.74 80.61
YCbCr+HSV+RGB 89.42 80.39

As it is shown in Tables 3.13 and 3.14, using the YCbCr+V+G color histogram
combination gives the best classification accuracy in the classification of normal

and cancerous images.

Table 3.15: Confusion matrix of YCbCr+V+G.

Class Normal | Cancerous
Normal 147 37
Cancerous 4 266

Table 3.16: Grade-I vs Grade-II: Confusion matrix of YCbCr+V+G.

Class Grade-I | Grade-I1
Grade-1 20 99
Grade-I1 34 117
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Table 3.17: Confusion matrix of YCbCr+V+G case in three class classification

problem.
Class Normal | Grade-I | Grade-11
Normal 173 2 9
Grade-1 17 20 82
Grade-11 27 27 97

In Table 3.15, the confusion matrix of the YCbCr+V+G case is given. Since
the best classification result is achieved with YCbCr+V+G combination, in the
classification of Grade-I and Grade-II images the same combination is used. How-
ever, with the chosen color histogram combination we achieve 51% classification
accuracy. In Tables 3.16 and 3.17, confusion matrices of the related problem are
shown. Although it can distinguish normal from cancerous tissue images, the 1-D

SIFT algorithm fails to differentiate between Grade-I and Grade-II images.

In addition to experiments carried out with the unnormalized YCbCr case,
experiments with the normalized HSV color histograms are also conducted. As
it can be seen from the Table 3.12, HSV color space has the highest score in
normalized case. Thus, the same matching algorithms are applied to the HSV
color histogram combined with the YCbCr and the RGB channels.
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Table 3.18: Constructed HSV histogram combinations with different color do-

mains.

Combination | Keypoint Matching (%) | BBF (%)
HSV+R 82.59 82.59
HSV+G 85.46 85.46
HSV+B 83.03 83.03
HSV+Y 83.70 83.70
HSV+Cb 83.03 83.03
HSV+Cr 86.56 86.56

HSV+G+Cb 83.03 83.03

HSV+G+Y 84.58 84.58

HSV+G+R 83.70 83.70

HSV+G+B 83.48 83.48

HSV+Cr+-G 85.24 85.24

HSV+Cr+B 83.03 83.03

HSV+Cr+R 85.02 85.02

Table 3.19: Confusion matrix of HSV+Cr case in three class classification prob-

lem.
Class Normal | Grade-I | Grade-11
Normal 160 7 17
Grade-1 24 20 75
Grade-11 33 43 75

In Table 3.18, the best classification result is achieved when HSV color his-
togram is combined with Cr channel. However, as it is shown in In Table 3.19,
when the same color histogram combination is used for the classification of Grade-

I and Grade-II images, the algorithm fails.
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Chapter 4

Conclusion

In this thesis, a variety of algorithms for stem cell detection, segmentation and
classification of the cancerous images are presented. With the implemented algo-

rithms, this thesis aims to help pathologists in their tedious work.

In Chapter 2, a new multi-resolution super-pixel method is proposed. The
purpose is to represent a Mesenchymal Stem Cell (MSC) using a couple of
super-pixels because super-pixels give reliable segmentation results. Initial seed
locations of the multi-resolution super-pixels are determined according to lo-
cal wavelet energy of the image rather than Simple Linear Iterative Clustering
method (SLIC). It is experimentally shown that when the implemented algorithm
was used instead of the SLIC algorithm, the cell detection rate increased by 7%
and the false alarm rate in the same stage decreased by 5%. In addition to the
multi-resolution super-pixel algorithm, two super-pixel merging algorithms are
presented. The first algorithm was a 1-D version of the well-known SIFT algo-
rithm which is designed for matching 2-D image regions. The proposed 1-D SIF'T
algorithm is the first approach in the literature which takes advantage of SIFT in
one dimension. 1-D SIFT features are the indexes, which are the extrema of the
Difference of Gaussians (DoG) occurring at multiple resolution scales of color his-
tograms. When the indexes of color histograms match, the corresponding regions

are identified as similar regions and merged. Thus, more apparent representation
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of stem cells is achieved. It is also shown that super-pixel regions can be merged
with the use of wavelets. It is experimentally observed that, both merging meth-
ods are able to achieve high MCC and F1 scores. Although, both methods have
very close results, the wavelet merging algorithm gives better performance. With
these merging algorithms, it is possible to determine the background and identify

cell nuclei as well as cytoplasm in MSCs images without using any threshold.

In Chapter 3, it is shown that the region co-difference and the region covari-
ance methods can be used for cancer stem cell detection in CD13 stained tissue
images. Although these two methods are used in many other applications, they
have not been employed for detection of cancer stem cells in such images. These
methods are compared using both F1 score and MCC. From both comparison
methods we can conclude that although the covariance method has close scores,
the co-difference method gives better F1 and Matthews Correlation Coefficient
(MCC) scores in 13 out of 18 images. In Section 3.2, a CAD module with an on-
line decision fusion strategy is presented. Prediction results of the several region
descriptors are linearly combined and the predicted image shown to the user via
GUI. It is experimentally shown that instead of using region descriptors individ-
ually, using the proposed approach leads to an approximate 25% increase in both
F1 and MCC scores. Also, the proposed module is compared with the similar
plug-ins of ImageJ and Fiji. It is shown that, when the similar features are used,
the implemented module achieves approximately 20% better classification results
compared to the plug-ins of Imagej and Fiji. Moreover, the aforementioned 1-D
SIFT algorithm is expanded and it is experimentally shown that the expanded
1-D SIFT algorithm is able to classify healthy and cancerous tissues with up to
91% accuracy in H&E stained images. Although it is able to classify normal
and cancerous tissues with a high accuracy, the algorithm fails to differentiate
between Grade-I and Grade-II cancerous images. The reason might be that he
feature parameters used in this thesis are not fine enough to find the faint differ-
ences. However, it is possible to classify them with 75% accuracy using different

approaches [66].
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