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ABSTRACT

AUTOMATIC SEGMENTATION OF CRISTAE MEMBRANES IN 3D
ELECTRONMICROSCOPY TOMOGRAPHY IMAGES USING ARTIFICIAL
NEURAL NETWORKS

Karadeniz Merih Alphan
MSc. Department of Health Informatics
Supervisor: Prof. Dr.; nal Er kan Mumcuoj |l u

Septembe016,99 pages

Electron Microscopy Tomography (EMT) technique producesirBRges of cells
comprising hundreds of slices of high resolution frames. Segmentation of mesbrane
in these images are necessary in order to reveal the relations between the structural
components of the cell and its behaviour. The playsbape of the @gtawhich is a
membrane of the mitochondria has been hypostatized for being an early indicator for
many diseaseor mitochondrial dysfunctisy Automatic segmentation of cristae in

EMT images are necessary since it needs a huge human effort to mangraknse
these membranes. In this study, a method for automatic bastreegmentation of the

crista membrane in mitochondria is proposed. The method incorporates-a pre
processing stage in which a bilateral image smoothing is applied for noise removal
while preserving the crista membrane boundaries. The cristae membranes are first
detected by an artificial neural network (ANN) trained on cropped mitochondria
images from three different data sets. When a portion of the membrane boundary is
almost or totally inisible, ANN may produce disconnected segmentation. In order to
overcome this issue and increase the final performance by means of detecting the
barely invisible membrane boundaries and decreasing false alarms, a boundary
gr owi ng me dirbctiothalgcomwihgd eds 6 pr oposed. The met hod
examples from four different data sets and numerical and visual analysis of the results
are conducted.

Keywords Cristae Segmentation, Artificial Neural Networks, Electron Microscopy
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1 ¢ BOYUTLU ELEKTRON MKKROSKOPK TOMOC
G¥R| NT] LERKNDEKK KRKSTA MEMBRANLARI NI N
AJLARI KULLANILARAK B¥L| TLENMESK

Karadeniz, Merih Alphan
Y ¢ ks ek Slaijslagnks BB il I¢imk,i mi
Tez Y©°rPeftDrciisnal Erkan Mumcuoj |l u

E y 12016,99 sayfa

El ektron Mi kroskop Tomogr afi ( EMT) t ekni
karelerden olukan g°re¢nt el er ¢retir. He¢cr
araseéenda il i kkinin ortaya -ékareéel abi |l me
bel ¢tl emesi °nem arz etmektedir. Mi t okon
Keklinin bir-ok hastaleék ve mitokondr.i f
ol duj u hi potezi ortaya at él mekter . EMT
bol ¢t enmeaszil a- ok kt ar da i nsan gé¢cC ¢ ger ekt
boel ¢tl emesi -ok °nem arz etmektedir. Bu
ot omati k bol ¢tl eme gyi°mit @ meear] il lanyedli®taekdeinrb.i r
gor¢nt ¢l erdeki g¢mdlltagreagral gigdersinlt me i |it i
bir °n I K| eme akamaseé@ I -ermektedir. Kri
kerpelarak el de edil mik mitokondri g°r¢n
il e tespit edil mektadém. k&npar!| i e keresda
go°r ¢é¢nmez ise YSA kopuk bir krista bol ¢
kaldermak ve az g°r¢nen kenarl aré tespi't
performansé artérmak i-iny®mpecanseerli | bnd kdti
Y°nt d¢fnrt far kl é ver.i setinde test edi |
ger-eklextirilmiktir.

Anaht ar St oarakt li &kr :Kr i st a Bl ¢tl emesi , Y a
Mikroskopi
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CHAPTER 1

INTRODUCTION

Mitochondria is known as the energy source of the cell. This energy production is
achieved by means of ATP synthesizes which is done by the use of dietary calories
(Zick, Rabl, & Reichert, 2009)The force behinthe production of ATP from ADP is

the constitution of an electrochemical gradient on inner mitochondrial membrane by
which the cristae is formgdick, Rabl, & Reichert, 2009)

Although mitochondria synthesizes 95% of cellutagtabolic energy, recent studies
like (McBride, Neuspiel, & Wasiak, 2006)Zick, Rabl, & Reichert, 2009and
(Scheffler, 2008)evealed that it takes critical roles on controlling various metabolic
functions such as regulation of cellular life and dédbhmcuoglu, et al., 20123nd

cell degeneratiomegeneratiof T a kK e | HDAPropoSal, 2012

Mitochondria have double membrane structure where the outer membrane forms
external shape and the inner membrane forms cristae by means of invagiastions

seen in Figure .1Since the detailed very first observation of mitochondmaer

el ectron microscope by Prof. Geyaddgoe Pal a
work together but both made outstanding contributions to science of the
mitochondrion), many unknowns about the function of mitochondria has been revealed

or at leat hypothesized. In these studies many evidence showethé¢hatmay be a

link between mitochondrial function and its physical strucfur€é a k e | , Mu mc u o
Hassanpour, & Perkins, 2016)

ATP synthase particles

Intermembrane space
Matrix

Cristae

e

Ribosome

Sranules

Inner membrane
Outer membrane

Deoxyribonucleic acid (DNA)

Figurel. Diagram of the Mitochondriar{image taken from:
https://simple.wikipedia.org/wiki/Mitochondrid ast seen at 25.07.2016
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Although dectron microscopys a promising technique in order to reveal the relations
between the physical structuaed functional behaviowf the mitochondriathere still

exists obstacles to overcorbecauselectron microscopproduces 3D stack images
consisting of hundreds oframes which makes thenorphological analysis of
mitochondria very difficult. In order to overcome this issuanual segmentation tools
such as IMOD(Kremer, Mastronarde, & Mcintosh, 199@8)d Amira are proposed
Once the maral segmentation isbtainedthese tools allow to model and analyse the
3D structure of electron microscopy images3D computer aided environment
Analysing the 3D models of EM images in computer environment is certainly required
because only then it @ossible to measure many features of mitochondria in massive
numbers of imagesAs well as segmentation with these tools still requires a huge
human effort, the produced 3D models may include nfiamy results due to human
error because the manual marking of aogé stacks of images requirbghly
concentrated spedists with dedicated attentiofthese problems directed scientist to
develop automatic algorithnaming toproduce 3D models ofM images consisting
segmented mitochondria boundariéth these systemésundreds of 3D EM images
consisting of hundreds of frames in each would be automatically segmented into
required regions and so that it would be possible to test the hypgbhegised by
many scientist about the relation between many disease and shape of the
mitochondrion.

Many studies (which are explained in the reminder of this chaptpothesized that

the physical shape dfristaeis also an important indicatofor many diseaes or
mitochondrialdysfunctions Problemsarising whenanalysinghundreds oftacks of

EM images are valid for cristae alsenalysing the morphology of cristae by means

of manual methodis amore difficulttask tharanalysing thenitochondriasincethere

exist many times more cristae than mitochondria in each image and each of tke crista
may ke formed in various different shapes

Although tere exist many studies for the automatic segmentationto¢mondria in

the literaturethis is not true focristae. There exists only a limited numbers of studies
that address the automatic segmentatiooristae In the study by Narasimha et al.
(Rajesh, Ouyan, Gray, McLaughlin, & Subramaniam, 2080%xtonbased joint
classifiation and segmentation algorithm that deals with the whole cell image is
proposed. Thelat setthey usedn their studywas obtained by scanning electron
microscopy (SEM}po te resolutiorwaslow andthe boundaries of the cristaethe
images coulde seerasa single thick lineln another study by Bazan et é8azan,

Miller, & Blomgren, 2009)a level set algorithm subsequent to a novel noise removal
pre-processing is applied. Although promising resalts achievedtheytested their
algorithm with asingleand very cleaimage(where all membrane boundaries were
clearly visible)obtained by electron microscopy tomography (EMT) technitua

work by Sancheet al. (MartinezSanchez, Garcia, &ernandez, 2011)membrane
segmentation including mitochondria and cristae electron tomography images is
aimed. They proposed a generic algorithm that can be used for segmentation of all
membranes in the cell includiigplgi apparatusmitochondriaandits inner structure.
Although they showed that their algorithm performs well on various data sets, the
single tomogram image they used in order to present their result for mitochondria and
cristae segmentation was$ very low resolutiorsothe cristaeseened as a thick and
single line so that their method can be seen more of a mitochondria boundary detector

2



instead.Methods developed for mitochondrauter membrane detectiarannot be
effectivelyused forthe segmentation afristaebecause it differérom mitochondria

in two points (i) cristae can be in various forms of shape and size and (ii) there exists
many disconnected cristae membranes that shall automatically be connected and
segmentedThis study aims tpropose a method which airtiee automat and robust
segmentation obnly the cristae membrane in mitochondri@ince this study is
concerned on the segmentation of only the cristae membranes, it is expeicted tha
proposed method will ovperform the antecedents which are not specializedstae
membranes.

1.1.Biological Background

When mitochondriorwas first identified under light microscaopi was seeras a
bacteria living in the cell which was indeed far ahead from its (Beteffler, 2008)

Today itsrelation to prokaryotes is recognized, but it is clearly known that they cannot
reproduce independently outside the ¢8ktheffler, 2008)After the use of electron
microscopy the mitochondria research boosted rapidly. Elechicroscopy let the
researchers to visually observe the intercellular structures of the mitochondria so that
it induced novel understanding about the morphology and functionality of the
mitochondria.Sample slices of mitochondria from various types ofsagdn be seen

in Figure2 & Figure 3.

Figure2. Scanning electron microscopy images of mitochon@fiann, 2014, p. 25)



Figure3. Transmission electron microscopyages of mitochondrigimage are taken from the data
set used in this study)

Palade unveiled the ultrastructure of mitochondrial membranes inRa&Rie, 1953)

by the use of thin sectioning electron microscofiyer this study, the morphology of

the inner mitochondria could be obserwedetailand only then it was discovered that

the inner membrane of the mitochondria forms convolutions. These convolutions were
proposed to provide an increase for the caipanf oxidative phosphorylatio(Zick,

Rabl, & Reichert, 2009)

In order to express the mphological organization of the intercellular membrane of

the mitochondri a, PalasdeenimpFigordaadssaggasdi Baf f | e
thatthe inner membrane of the mitochondria is folded into a new component which

was named as fAcr i(Palada, 4953 atf of cl heo mtordiedhe eé smip | i e s
mitochondrial inner membrane is convoluted in a bdile manner with broad

openings towards the intracristal spaegard the cristae as invaginations of the inner

memlrane with rather broad openinig&ick, Rabl, & Reichert2009)

Anothermodetwh i ch i s ¢ al -foette mborplelpdical organizhtoh o
inner membranes is proposed(bys ] © s t r arhisimodels@esFgy)rel) implies
that the septa increases the total surtaea of the inner membraifgick, Rabl, &
Reichert, 2009)

In 1966, after the investigation of thin serial section images obtained by means of
transmission electron microscopy, a new model that identifies the presence of the

4
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st uctures call ed 6 c rni(Caenms & Wisse, A966] hisomodeld i
(see Figured4) could not achieve strong acceptance until electnoioroscopy
tomography(EMT) method is used for imaging the ultrastructuréhef mitochondria
(Zick, Rabl, & Reichert, 2009)n (Manella, Marco, Penczek, Bernard, & Frank, 1994)
EMT is usedo visualize the rat liver mitochondria atieeyshowed that the cristae is
connectedo inner boundary of the mitochondria with narrow tubular structures which
was named as pediculi cristaetire work by Daems at gDaems & Wisse, 1966)

A Baffle

B Septa

C Crista junction

Figure4. Prgposed Models for Inside dhe MitochondrigZick, Rabl, & Reichert, 2009)

All the proposednodels indeed explain the same general basic pattern consisting of
an outer boundary membran®BM) which is also limiting the size of the
mitochondria, an inndroundarynembrangIBM), just peripheral to outer membrane,
which surrounds the matrix of the mitochondria, and different sized membranous
structureswvhich arenamed as cristae mithochondria{dtunn, 2014) The OBM and

the IBM formthe double layer envelop@Rabl, 2009)of the mitochondrias seen in
Figure5.

Cristae in mitocbhndria can appear either freeattached to the inner membrane with
the structures called Cristae junctiqianella, Marco, Penczek, Bernard, & Frank,
1994) (Frey, Renken, & Perkins, 200}ristae junctions are small narrow tudul
structural openingthat are attached to IBM armkhibit sizesranging from 12 to 40
nm (Zick, Rabl, & Reichert, 2009)
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The space inside the cristae is called intracristal space while the space between the
outer and the inndboundarymembransis called peripheral spa¢®lunn, 2014)

The structural explanatiosf the mitochondria can be seen in Figbire

»
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Figureb. Structural componesbf the Mitochondria.

1.2. Mitochondrion and Cristaeand Their Relation to Many Disease

The correlation of structural status and the function of the mitochondria atinabt

interest as the relation between the mitochondria and degenerative disorders such as

Al zhei mer 6s andarélevealed Maweebs Mumeasglu, Hassa
Perkins, 2016)

In the work by Gabor et a(Gabor & Kunz, 2013)many evidence that unveil the
connection between the functionally deceived mitochondria and neurodegenerative
disorders have been studiethey also mentionethe quality control roleof the
mitochondria in neurons:

In addition to the quality contrain the protein level, recent evidence suggests also
the operation of a quality control on organelle level. The prerequisite of a functional
organellelevel quality control is that neurons must be able to distinguish between
66i ntact 66 an delleé. dhisadistinctiendisdapparentlygbased on the
potential of he mitochondrial inner membramad the rate of generation of reactive
oxygen species (RPE&abor & Kunz, 2013)

It was shown that mutations in mitochondrial DNAuses early ageing in mice
(Trifunovi, et al., 2004) This result deduces persuasive evidence that the loss of
mitochondrial functionality shall be considered as a causative factor instead
predecessor in aging of mammgl8ick, Rabl, & Reichert, 2009)
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It has been known thattractural alterations in the intercellular mitochondrial
structures are associated to several diseases in h@genRabl, & Reichert, 2009)

One important example is the structural alterations obseore@8arth syndrome
patients. The size of the mitochondria of lymphoblasts of these patients enlarges while
surface of the cristae considerably shrifksehan, Xu, Strokes, &chlame, 2007)

Another disease in which mitochondrial morphology alterations are observed is the

Al zhei mer 6s di s e a sse;.mitochondria lappdae swollddiclh, s d i s e
Rabl, & Reichert, 2009and the cristae mdmanes are arranged in parallel stacks or

in concentric position@Baloyannis, 2006)Structural alteration of mitochondria is also
observed i n P@arnnmem2@Wnhos di sease

In another study is observed that several functional changes occur in cancer cells and
this reveal the evidence that the mitochondria may be responsible in tumour formation
by me amativeooikygef species (ROS), decreased oxidative phosphorylation,
and acorrespondopy i ncr e as e (Merschopr ef a.,R2018)s i s 0

Consequently the functional significance of the mitochondrial structure iarstien
issue

1.3. Motivation: Importance of Automatic Cristae Membrane Segmentation

Imaging thantercellular structures of mitochondria by the help of electron microscopy
has boosted the knowledge about the mitochondria and revealed many unknowns for
the internal structure of mitochondri@lthough electron microscopy imaging
techniques allow manyawvel insights for many details of the mitochondria and its
structure, it is still a challenging task to reveal the underlying mechanisms that drive
many diseaseinside mitochondriaWith the use of electron microscopy imaging
techniques many studies attapt to reveal the relation between morphological
properties ghape size, fragmentation, elongation etof)the mitochondria, cristae,

and cristae junctions and many disease like Barth synd{aoshan, Xu, Strokes, &
Schlame, 2007(Brandner, et al., 2005yarious types of cancéHan, et al., 2006)
(Exner, et al.,, 2007) Par ki ns (Emrners et d.j 20@7p\®I&Hirschhorn
syndrome(Dimmer, et al., 2008)Autosomal dominant optic atropliplexander, et

al., 2000) etc.

In mostof these studiementioned abovea massive amount of humafifort were
required in order toeveal the proposeahderlying mechanisms for related diseases.

In electron microscopy imaging it is desired to obtain the image resolution as high as
possible to let the specialist investigate as much detail as possible. But since
mitochondriahas a large shape when compared to its intercellular structures, it is a
difficult taskif not possibleto make simultaneous analysis of large volumes of 3D
mitochondria imaged his brings forth the neeaf massivdabourdependent and time
conaiming effortfor marking the membranes in images before the analysis of the
scientists.

The automatic segmentation of the membranes of mitochondria can resolve this
problem and let the scientisimultaneouslyreview andanalysethe structure of
mitochondria with the help of 3D computer aided modelisgvell as mine data to
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infer statistical resultdHopefully this will help the scientist to enlighten many hidden
morphological mechanisms that are dilecelated to disese asA | z h e j Qarcer 6 s

et ce

1.4.Current Electron Microscopy Imaging Techniques

Thet er m At omographyo is

wi del vy

used

encompass

literally means visualization of slices used to reconstruct the interior of an object from

its projections (Frank, 1992)

The novel and modern insights into the intercellular structure of mitochondria could
only beunderstoodafter the use of electron microscopy 195G and by thenhe
mitochondrial research is boostgtick, Rabl, & Reichert, 2009)

In electron microscopy a beam of electrons are used to visualize the spdamen
methodically prepared before the visualization process. Electieroscope has

greater resolving power thdight microscope, allowing the specialists to observe the

very  fine details of micro azed

pre-prepared

specimens

(https://www.jic.ac.uk/microscopy/intro_ EM.htmlBasically there are two types of
electron microscopy:Transmission Electron Microscope and Scanning Electron

Microscope.

In TEM technique the electron beam is transmitted through arthitrapecimemand
it interacts with specimen as it passes through the specimen. The result of the
interaction of the elemdns transmitted through the specimen is used to compute and

reconstruct the slicemage of the specimen as seenFigure 6. The transmitted

electrons are magnified and focused onto an imaging device, such as a fluorescent
screen, a photographic film, archargeetoupled device (CCD) sens@¢han, 2012)

DIRECTIONS OF VIEW \

TRANSMISSION IMAGE
IS A PROJECTION

t /
iy}
7L\

LN
M~

FOURIER TRANSFORMATION UFK"'H._I
A PROJECTION GIVES
COEFFICIENTS IN A
SECTION OF "FOURIER SPACE™

RECONSTRUCTION BY
FOURIER SYNTHESIS

USING ALL SECTIONS '

£ - vl s
)
=

Figure6. Prindple of twodimensional reconstruction in tomograpfiyank, 1992)
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EM tomography allows théhreedimensional reconstruction of volumes of rather
thick sections@0 . 5 € m) . For this a series of ele
the sample is tilted over a wide range of an@fesk, Rabl, & Reichert, 2009)

In TEM, an electron gun produces the electron beam which is directed by lenses and
electric field. The image is formed once the electron beam passes through the
specimen. The projected electron intensity is measured by a detector. The intensity on

the imageis proportional to the amount of electron absorption by the tissue. The
process is repeated for different tilt a
Proposal, 2012). Finally the total absorption of each tilt angle is presented in a
sonogrardike data as seen in Figure 6. The images are then reconstructed by means

of back projection techniques.

AThe projection angles are physically 1
separation of each cons-2Aut iThitemcabgeect i o
some reconstruction artefacts such that particles may appear elongated in the direction
normal to the surface of the specimen. Another limitation is the thickness of the
specimen that must allow sufficient penetration. The 3D image obtdipnetis

technique is typically large in two dimensions but thin in the third dimension.
Therefore, a single mitochondrion may no:
F. S., PHD Proposal, 2012).

Electron gun

Condenser 1 :

SifLil
Condenser 2

Specimen

Objective
Objective diaphragm

Selector diaphragm
Intermediate
lens

Projector
lens

Image

Electron-
energy-loss
spectrometer

Figure7. Schematic ray path for a transmission electron microscope equipped for addiiapand
electron energyoss spectroscopiKohl & Reimer, 2008)
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Aln SEM technique, t he sur f(saecFgur@®)fThes peci men

electron beam is focused on the specimen and deflected by the electric field which is
generated by the scanning coil&e electrons hit the surface of specimen and scatter.
The intensity of electrons badcattered from the surface is measurec lagtector.

In order to obtain a 2D image, electron beams are deflected onto different locations to
scan the whole surface. Imaging a 3D volume can be achieved by utilizing a special
type of SEM technique which is called Serial Bldeékce Scanning Electron
Microscopy (SBFSEM). In SBFSEM technique, a stack of 2D images are obtained by
cutting ultrathin sections from the surface using a diamond knife and then imaging by
SEM (see Figur®@). This technique supplies 3D volumetric data formed by a series of
2D images each associated to a single slice. On the contrary to TEM tomography, the
slice thickness is higher than the lateral resolution. But, there is no limitation for the

number dfTaxleicé&s0o S., .PHD Proposal, 2012)

CATHODE
WEHNELT CYLINDER

L T_‘,/ ANODE

Peeseay)
SPRAY APERTURE

E 5/ FIRST CONDENSER LENS

/‘ SECOND CONDENSER LENS
E:: ﬁ DOUBLE DEFLECTION COIL
STIGMATOR

FINAL (OBJECTIVE) LENS
/ BEAM LIMITING APERTURE

7
&7

X-RAY DETECTOR
(WDS OR EDS)

PMT AMP

SCAN GENERATO?

SPECIMEN

SECONDARY ELECTRON
DETECTOR

TO DOUBLE — ¢
DEFLECTION COIL

MAGNIFICATION CONTROL

Figure8. Schematic diagram of the parts of the electron col(tyman, Newburry, Goldstein,
Williams, & Roming, 2012)
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Incident electron beam

» 4 Scattered .
w N S Knife
N\ | -7 electrons

Scanning Cutting " Scanning " Cutting.
Figure9. Scanning and cutting phases in SBFSENM a kK e | F. S., PHD Proposa
On the contrary to TEM imaging, SEM produces images with itireensional
appearance of the specim@ee Figure 10since this technique has the capability of

imaging with large depth of field and shadow relief effect of the secondary and
backscattered electron contréStodstein, et al., 2012)

Figure10. Skeleton of small marine organism (the radiolarian Trochodiscus longisgihes)pper
image shows the skeleton viewed with a light microscope and the lower image shows the same
skeleton viewed with SENGlodstein, et al., 2012)
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1.5.Aim and Scope

As mentioned in the previous chapteasalysing the EM images in 3D computer
environment is critical in order to enlighten the unknowns lying behind the mechanism
of the shape of the mitochondria and the cristae and infer some resué#tiotvathe

early detection of many disease.

The automatic segmentation of mitochondriia EM images has beestudied many

ti mes and satisfying results are obtained. F
inner and outer boundary has successfully been accomplishgldiroguoglu et al.
(Mumcuoglu, et al., 2013ndTaseletall Takel , Mumcuogl u, Hassanpol

2016) Butthere exists a small number of studies aimintg@asegmentation of cristae

In this study it is aimed to developrabust and automatic segmentation methad fo
cristae membrarsavhich may beully or partially seeninsidethe mitochondria. The
proposed method will be automatic because there will be no human intervention in any
step of the method. The method proposedEaused for many different types of cells
since the development and the testing will be done for cristae with different types and
shapes. Also the discrimination of the cristae from other intercellular structures will be
ensured so that the false postrate can be minimised.

1.6. Contributions

This study attempts to accomplish the automatic segmentation of cristaabgythe
power of ANNs andproposing a method to increase the performance obtained from
the trained ANNIn order to achieve a robust solutjowvo problems shall be overcome
oneof which is that the cristae can be in various siaad shapg This problem is
overcome with the ability of neural networks to maal@erywide range of noittinear
variation in the data. The second problem is thahy portios of cristamembrane
boundary may be disconnected or barely visible due to limitations in imaging
technique and equipmer8ince atificial neural networks may underperfoimthese
regions, a method that attempts to connect these disconbectediaries by means of
directional growing is developed.

The proposed method is applied to electron microscopy tomography images and the
results and the performanaspresented
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CHAPTER 2

RELATED WORK

Introduction

In this chapter basic image segmentation methods are roughly explained. These
methods are either directly used lmnefitted from in the pipeline of the proposed
algorithm. In the second section of this chaaeificial neural networks are explained

in detail It is important to understand every detail of the networks and the derivation
of backpropagation algorithm in order to build an effective architecture that can
perform well on the data to be used. And finally a limited portion of the literature
seach done during this study is presented in the final section.

2.1.Image Segmentation

Al mage segmentation i s the tasKk(Szliski,findir
2010) The aimin segmentations to distinguish anmage into one or more labels
depending on one or more features of related rediRaogowska, 2000rom point

of statistics, segmentation problem is referred as cluster analysis and is a widely
studied area with hundreds offfdrent algorithms(Szeliski, 2010) From the very
beginning of the computer vision science; segmentation problems have been studied
widely (Brice & Fennema, 1970)Salotti, 2001) (Rosenfeld & Davis, 1979)
Historically, the developmemirocesf segmentation algorithntan be divided into

two stages. In the early stage, divisive and agglomerative algorithms, which are based
on region spliting and merging techniques, were widely used; but more recently
algorithms often depending on the optimization of a global criterion has been used
(Szeliski, 2010, p. 237)Another approach for categorizing the segmentation
algorithms is based on the basic properties of intensity values by means of
discontinuity and similarity. Discontinuity categoig/based on the detection of the
sudden changes in the images. In the shibylaapproach, the image segmented
depending on a predetermined featurgGeinzalez & Woods, 2002, p. 690deed,
segmentation techniques can be categoiiizedany waysdepending on the point of

view (Rogowska, 2000)f the categorization is done based on the human interaction,
the techniques can be divided as; manual, serumatic, and automat{&hareef,
Wang, & Yagel, 1999)Although there exists a vieamount of different techniques in

the literatureimportant segmentation methods include; thresholfagic, adaptive,

Ot s)udulgedetection operatoréSobe] Prewitt, Roberts, Robinson, Kirsh, Frei
Chen, Laplacian, Laplacian of Gaussian)etitheredge detection methods likéarr

and Hildreth(Marr & Hildreth, 1980)andCanny(Canny, 1986)SnakegKass, Witkin,

& Terzopoulos, 1988)Active Shape Model¢Cootes, Taylor, Cooper, & Graham,
1995) level set§Cremers, Rousson, & Deriche, 200f@gion splitting and merging
(Felzenszwalb & Huttenlocher, Efficient graphsed imagesegmentation, 2004)
mean shiffComaniciu & Meer, 2002and mode findingBishop, 2006)normalized
cuts(Malik, Belongie, Leung, & Shi, 2001yraph cut¢Boykov & FunkalLea, 2006)
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2.1.1. Thresholding

There exists many thresholding methods based on different features extracted from
the image such as; images histogram, mean intensity value, standard deviation of
intensity values or local gradient. But amongst all different thresholding methods
global tlresholding is the most intuitive approg&ogowska, 2000)

In global thresholding it is assumed that the image has a bimodal histéggam
Figure 1) so that the desired object can be extracted from the image by means of
comparing the intensity values with a threshold véRegowska, 2000)

A

background

_lIJ hJJ_’_Ll_I_IJ_\_IJ_-

mea, ol pivaeds

FHAgE DRMEHSHTY
Figure1ll An example for bimodal histogra(Rogowska, 2000)

The thresholding operatiomhich produces a binary imagedefined as

e R QOdG Y
O GEAOXEOA @)

Where | is the image to be threshdldghw is theintensity value at locationdto
andT is the threshold value.

2.1.2. Edge Detection

Edge detection is the most frequently used approach in for segmenting the images
based on locals intensity chang&®nzalez & Woods, 2002).ocal intensity changes

are determined by the gradient of the pixel by considering the neighbouofiood
related pixel. The first order derivative approximation of the image intensity changes
are called first gradient while second order derivative appraton yields to second
gradient. The direct application of continuous differentiation is not possible on
discrete nature of digital image so that the gradient of an image is computed by means
of differencing approach(Rogowska, 200). There exist many different
approximations for the calculation of gradient of an image. In order to obtain the
gradient of an image the partial derivatives at each pixel shall be coni@aezilez

& Woods, 2002) A basc approximation of the partial derivative of a pixel over its
neighbourhood is given by;
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But for computing the edge direction, it is more common to use symmetric masks
about the centre point for which the gradient is being computed. These masks reveal
more information regarding the direction of the edge because they allow to compute
the data on gposite sides of the pixel that is being considdf@onzalez & Woods,

2002) Some common masks used for edge detection can be seen in Bigure 1

Roberts

Sobel

Figure12. Commonly used mask for computing tiadient at a point.

The 3x3 masks shown in Figur® Above involve convolutional calculations by
means of summation of weightpiel intensities with the constants in maskisere
exist various gradient operators used for edge detection. Some of tbpSola!,
Roberts, Prewitt, Robinson, Krisch, F@hen.

The above methds are simply filters the imadpy means of masking operators. $ae

filters operate on the imagé@thout any provisions being made for the characteristics

of edges and noisgonzalez & Woods, 2002But the noise content in the image
highly effect the performance of gradient based edge detection methods. In order to
overcome noise issue and improve the performance of gradient based methods,
method such agMarr & Hildreth, 1980)and (Canny, 1986)re proposed. These
methods take into account factors such as image noise and the nature of edges
themselves
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2.1.3. Active Contours

Every object in thenatural environment have cusseorresponding to their
boundaries. Detecting and locating thesgvesplay such an important role on
detection or recognition of desirembjects Active contours are used to locate such
boundary curvein images.While there exist different active contour metrsychll
methods iteratively move towards their final solution under the combination of image
and optional useguidance forces.

One of the most famous active contour method is called sriilass, Witkin, &
Terzopoulos, 1988)in snakes method a two dimensional spline curve is iteratively
movestowards some defined image featuf®zeliski, 2010)

2.1.4. Region Based Region Splitting and Merging

Region based algithms attempt to segment the image by directly finding the
regions of interesiGonzalez & Woods, 2002Dne of the two main approaches in
region based segmentation is region growing while the second is split and merge
approad.

In the region growing approach a set of seed points are selected and neighbouring
pixels of these seed points that have predefined properties are added to the region
(Gonzalez & Woods, 2002)

Split and merge algorithms work in two different types; by recursively splitting the
whole image into pieces based on region statistics or merging pixels and regions
together in a hierarchical manr(@zeliski, 2010)Also thee are methods that use

the advantage of both approackidsrowitz & Pavlidis, 1976)An image is divided

into a set of arbitrary, disjoint regions and then merge or split the regions that satisfy
the predefinedonditions.

2.1.5. Image Segmentation in Medical Imaging

In medical imagingsegmentation is widely used labellingthe images depending
on the anatomical featursgchas blood vesse(sloover, Kouznetsova, & Goldbaum,
2000) (Soares, Leandro, Cesar, Jelinek, & Cree, 20R6pashi, Kamiura, Hata, &
Miyawaki, 2001) (Frangi A. , Niessen, Vincken, & Viergever, 1998}jernalorgans
like liver (Masomi, Behrad, Pourmina, & Roosta, 204®)ventricular(Paragios,
2003) musclegKwok, 2004) and bons (Sebastian, Tek, Crisco, & Kimia, 2003)
(Suzuki, Abe, MacMahon, & Doi, 2006) It is also used for classifying the
pathological regionsuchas lesionfumourboundary detectiofZhu & Yan, 1997)
detection of mammographic calcifiaats (Shen, Rangayyan, & Desautels, 1998)
tissue deformities in medical imagé@dogowska, 2000)

With the use of 3D imaging technigusesgmentation has gained more importance for
the construction of 3D computer modal tbe scanned volumé&omputer Aided
Analysis(CAA) of these medical imagés very important since modern 3D imaging
modalities (such as Computer Tomography, Magnetic Reasce Imaging, and
Electron Microscopy etchave reached a very high quality and resolution lesels
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that an extensively large volume of data is produced. Examininguzadgsingthis
massive data is a very hard task, if not possiblehdonan specialts

Some important studies that show the diverse applications of segmentation in 3D
Electron Microscopymage analysis arepomputerized detection of mitochondria on

electron microscope imagdsT a K e | Mu mc u o g IParkins, 2@l6§)s an p oL
(Mumcuoglu, et al., 2012)(Lucchi, Smith, Achanta, Knott, & Fua, 2012)
(Seyedhosseini, Ellisman, & Tasdizen, 2013, Apitil automation of recotrsction

of neural tissue in serial section transmission electron microgr@pisichenko,

2009) segmentation of neuronal membranes in electron microscope if@GigEsan,

Giusti, Gambardella, & Schmidber, 2012)Jurrus, et al., 2010)

Figurel13. Various segmentation results of medical images from-sfatiee art studiega) and(b)
show the original and the resultant image of mitochondria detectiormira Kk e | , Mumcuogl u,
Hassanpour, & Perkins, 2016(c) and (d) show of the vessel enhancement method developed in
(Frangi A. , Nessen, Vincken, & Viergever, 1998) aortoiliac MRA. The neuronal membrane
segmentation applications; (e) and (f) with deep neural netwGikssan, Giusti, Gambardella, &
Schmidhuber, 2012nd (g) and (h) with serial neural netwo(Barrus, et al., 2010)

Consequentlyin medical image analysis, segmentation play critical role including for
various measurements, visualization of mdlthensional images, androputer aided
diagnosis.

2.2.Supervised Learning and Artificial Neural Networks
The origin of the motivationor developing neural systergees down to the effort of

McCulloch and Pitt$McCulloch & Pitts, 1943) anblebb(Hebb, 1949) for modelling
the brain. Their approach includes independent units that process the inputs and return
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a simple function of the total input. They proposed the most prevailing paradigm in
neurascience that the power of the brain lie in the emtions of neurons instead the
power of individual neurons (Dunne, 2007, p. 1). On the path that (McCulloch & Pitts,
1943) and (Hebb, 1949penedneural networks evolved the machineshatmodel

the problems and tasksst as the brain dodsut by the use oélectronic components
andsoftware on digital computers insteaithiological metabolism@Haykin, 2009, p.

2).

Multilayer neural networksare most widely used for function approximation and
pattern classifiation because they are very powerful tools for modelling very complex
nonlinear problemgKrawczak, 2013, p. V)Especially forthelast two decadeshey

have been used in many fields mostly for the problems of pattern recognition.
Although many different types and architectuffes different kind of problem$ have

been proposed(Bengio, Courville, & Vincent, 2013) feedforward network
architectures such as the md#tyer perceptron and the radial basis function network
becane the most popular ones amongst otliBrshop, 2006, p. preface)hese are

very general frameworks that mageveral input variables to several output variables
by means of many parameters which are adjusted depending on the problem itself.
This adjusting process is callgdining (Bishop, 2006)

Simon Haykin(Haykin, 2009, p.2l e f i ned a n e amaasdivelyparallelo r k
distributed processor made up of simple processgmits that has a natural propensity
for storing experiential knowledge and making it availdbleuse.

Neural networks are composed of many information processing elements called
neurons. A neuron model many of which is used for designing various types of
artificial neural nawvorks can be seen in Figure.14

Activation
function

i) f—

Summing
junction

Synaptic
weights

Figurel4. The neuron model for the kth neuron in an imaginary network. (Image takeHeyrin,
2009)

There exist three basic components in a neuron model. First, there are linking elements
or synapses which connect the input signalthe summing component of the neuron.
Each connection in a neuron model has a coefficient which determines the strength of
its own (Haykin, 2009, p. 10kince the related input signal is multiplied by this
coefficient so that the contribution of the input signal is determined. If the weight of
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the link is very small then it means that the related input has a small contribution to
the output of that neurohe multiplied input signals are summedamadding unit

which is the secondasiccomponent in the nean model proposed in Figure .Ithe

third main component is the activation function also called the squashing function
which is used for limiting thamplitude of the neurofHaykin, 2009, p. 10)There

also exist a bias input component to the summing component. Bias increase or decrease
the total input of the activation function depending on its gitaykin, 2009, p. 11)

The neuron model is mathematically expressed as;

O 0w & 4)

and

@ e+ 0 (5)

where(s the index number of the input signaldw 8 o ando b B O

are the synaptic weights of input signals respectively. It shall be noticed that the
weightsb ) B arebelongto®Rkneur on as @dko denotes
neuron (thez exist only one neuron in thégre 14 abovewhich is the K one) & is

the bias and 0 s the activation function whose output produces the final output,

« , of the neuron. The biad may be viewed as thiixed coefficient foran affine
transfornation (see Figure 350 the outpub B 0  inthe linear combiner
(summing component of the neuron).

Induced
local
field vy

/e

&
&

#
&
#
#
td
# /

Bias by = 0

Linear combiner
output iy

Figurel5. The transformation applied tbe output of linear combined, , so that graph aj versus
0 doesnot pass through the origin.

The linear combinations of the input signals are transformed by activation functions,
denoted a2 U in Equation 6 There exist many different types of activation
functions including; step function which is also known as Heaviside function in
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engineering community, ramp function, sigmoid function, and Gaussian furtsten.
function is defined as in Equati@and graphed as in Figure.16
L p QW T
v T QW 1 ©)
A neuron that use threshold function in its activation layer is refas@dcCulloch

Pitts model due to their cuttirggudy accomplished in 194@/cCulloch & Pitts,
1943)

wlv)

| | | 1 1 1
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Figure16. Heaviside (threshold) functidimage taken fronfHaykin, 2009)

Another commonly used activation function is the sigmoid function. The graph of the
sigmoid function is in the form of ASO0 as
elegant balance between linear and nonlinear behagtaykin, 2009) A typical
example for the sigmoid function is the logistic function which is defined as;

* U

p
50 )

The graph of the sigmoid functi@an be seen in Figure 17. In Figureti& behaviour
of the function asois increased can be seen.
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Figurel?. The sigmoid functiomsd@dis increasedimage taken fronjHaykin, 2009).

2.2.1. Feedbrward Neural Networks
Feedorward neural networks are commonly used multilayer neural network

frameworks modelling the linear or ndinear mappings between input and output
variables(Bishop, 2006) Feedorward multilayer neural networks are capable of
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approximating anyf uncti on with sigmoid or i near
activation functions in the hidden layers on‘closed and bounde(Dsrise, 2007, p.
37). For'@y © 'Y, for aclosed, boundad O'Y & & Q T there exist & that

AQow T oA -Hovd (8)
where"Qm is the real output of function aimed to be modelted{G  is the output
of the functionThis result is presented iornik, Stinchcombe, & White, 198@nd
(Funahashi, 1989hdependent of each other.

In a feedforward networkhe input signals projects directly to the next layer of the
network (which is the output layer in a single layer network and the next hidden layer

in a multilayer network). Each signal passes through the network only towards the
forward direction withou@ctivating any backward signals. Multilayer feedforward
networks have hidden layers between the input and the output lelydden layers

mediate between the external input and the network output so that the network can
extract higheforder statistics fnm its input(Haykin, 2009, p. 22)Because of the
increase in synaptic connections and neu.l
more global perspectiv§Churchland & Sejnowski, 1992fespite its local
connectivity.

The hidden nodes in a neural networks plays an important role during the learning
processsuch as deducing the features that enables the network to use the extracted
features that characterize the training data. They transfioe input data to a new
space so that the discrimination between the patterns can be accomplished more easily
(Haykin, 2009, p. 126)

For the learning process of a neural network the pacgagation algorithm is one of

the most commonly used algorithm. The backpropagation algorithm proceeds in two
stages: the forward and the backward stage. In the forward stage, the input signal is
pas&d through each neuron in the next layer by meameing multiplied with the
corresponding weights of the neurons until the output |&yeexampleof theforward

run calculationfor one hidden neural networks in Figure 18are shown in the
eguations blow.

0 0 o g 0
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In the beginning of the second stage, the output obtained after the forward run is
compared with the ground truth of the related pattern which is used as the input vector
in the first stage and an error signal is obtained. This signal is then passet theoug
network in the backward direction and the weight adjustments are accomplished in this
stage as tminimize the calculated error which is defined as;

0t Q& ot (10)
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where’Q ¢ is the desired response (ground truth) of theytput nerron in the
networkwhen i pattern is used as inpuit.

W1

Vi pal) YO

Wot

W12
Tl o0 e

W2

W3 Vi pal.) vy

Figure18. A multilayer neural network with 3 input elements, one hidden layer withd2sand one
output node in the output layer.

The adjustment in each neuron is made by the help of gradient descent algorithm which
is used to seek a direction through which the weights are updated so that the value of
the error is reducegHaykin, 2009, p. 131)Thecorrection value in thévinput of the

j" neuron is defined as

o
KR (13

. €& isthe total instantaneous error energy of the whole netaradk is the learning
rate parameteiThe Ejuation (1) depicts that the weightt is updated with a rate

which is proportional to the partial derivative-e——. Translation of the d&l rule

Yo ¢

expressed in Equation (Lt that; once the direction of the change for the total error
with respect to that weight is fodnthen make the adjustment on that weight through
the opposite direction so that the total error shall reduce. The magnitude of the
adjustment tdoemade is determined by the learning rai®,

According to the chain rule of calcultiee gradient can bepressed as
w € . €TQETwe TL ¢
TT (12
TO ¢ TQelwe'tluvetlu ¢

This derivative calculated in Equation (Ldetermineghe direction of search for the

weight to be adjusted in the in the weight sp@taykin, 2009) Notations in Equation
(12) are shown in Figur&9.

The total instantaneous error energy is definggHagkin, 2009)
. P
To € C Q ¢ (13
whereQ ¢ is defined in Equatio (10 and C is the neurons in the output layer
Differentiating both sides of the equation above gives:
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From Equation (10
TQ¢E
Sincew ¢ " 0 ¢
Toe
O E U € (16)
And finally
To ¢ o
o E w € a7

Sincev ¢ B 0 & w& where mis the number of input applied to the |
neuron andQ Ttstands for the bias.

So the correction value for the weight yields
Yo ¢ Q¢ " D& ¢ (18)
Meuron

yo=+1

yyln)

wy(n) = bin) d{n)

viln) (-] ¥iln) -1
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Figure19. The flow in neuron {Image taken fronfHaykin, 2009)

The correction value in Equanh (18 can be defined in terms twfcal gradient as in
Equation (19 below.

Yo & 9 £0¢ (19
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Local gradient ¢ is defined by

T & Q& "
7 o e 2F
Since there is no desired response for the neurons in the hidden layer, the error signal
can be calculateit terms of the errors of the neurons that are connected to that neuron
which is in the hidden laygHaykin, 2009) The flow at the hidde layer can be seen
in Figure 20below.The local gradient can be redefined as

O & (20)

1 L ThE 1. ETD &
"0 E TUE 0 ET0E (22)
Where
1.og 10 ¢

L - S (22
Finally the equation for the local gradient in the hidden layer yields to;

1T o0& 1 &0 & 23

(24)

Neuron j Neuron k

yo = +1 +1

wi(n) = b(n)
o) i dg(n)

ve(n) @(+) yeln) —1 o e,(n)
k

win) v{n) @e(-)  yin) wWy:{n)

Figure20. Flow of from hidden neuron j to output neuron k. (Image taken {idaykin, 2009)
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2.2.2. Neural Networks used forEM Image Segmentation

In the paper by Ciresan et &Ciresan, Giusti, Gambardella, & Schmidhuber, 2012)
neuronal structures in stacks of electron microscopy images are attempt to be
automatically segmeed by means of a deep neural network which is used for labelling
of each pixelTheir network uses the image intensities as the input extracted from a
pre-defined input window centred on the pixel to be classifidd.training set they

used TEM image awsisting of 30 images with a resolution of 512x512. All pixels
belonging to the neuronal membranes are used as positive examples, and the same
number of negative examples are randomly selected from remainingerbrane
pixels. This yield to 3 million p&trns in total to be used in training where both labels
(membrane and nemembrane) are equally represented to the network during
training. They also mirrored and/or rotdte y  He&iD patterrat the beginning of

each epochThe input data is manipulated by means of foveation anelndorm
samplingwhich makes the input windows carrying more information. Since different
architectures of networks performs different for different parts of images, they average
the calibratedutputs of the neural networks trained. An output from their method can
be seen in Figurl.

Figure21. The original image and corresponding output of the proposed met@icgan eal.
(Ciresan,Giusti, Gambardella, & Schmidhuber, 2012)

In another studyJurrus, et al., 2013D images obtained by the use of Sesttion
Transmission Electron Microscopy (ssTEM) and Serial Block Face Scanning Electron
Microscopy(SSBFSEM) techniques are used in order to segment neuron boundaries
in these imageThey proposed a serial neural network architecture and trained the
networkwith a 2D input stencil. The Figur22 shows the diagram for the serial neural
network they trained.
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Figure22. Serial neural network architecture pospd inJurrus et al(Jurrus, et al., 2013)l is the
input image, S is the intensityalues of the image | extracted with the help of input stencil. Ml is the
classifier and C is the output of the classifier in each step.

The trained serial neural network is then used to segment 3 subsequent images from
3D stacks of images. A sequentsaction serial network is trained with the inputs
obtained from a 3[nput stencil which spans 3 imagd&sie images used for training
sequential section serial network are the resultant image from serial classifiers from
the first stage. The diagram derstrating the framework can be seen in Figz8e

[I_‘;_r]—r Serial ANN

-

Sequential e

[IT—J_’ Serial ANN Section ANN N3

LI ;-1 —»| Serial ANN

Figure23. The final flowchart of serial neural networks trainedimrus et.al(Jurrus, et al., 2013)

In the study by Middleton and Dampéviiddleton & Damper, 2004}jhe binary
classification results of a trained neural network are asedternal energy function

for a snake in order to segment the lungs from multiple MR slices. A multilayer
perceptron is trainedith error backpropagation algorithis the input values to the
network, the normalised intensity values of the image within a 7x7 input window are
used for the network which consists of output layer with one node, one hidden layer
with 30 nodes and inpdayer with 49 input elements. They used a fixed number of
1000 epoch as the stopping criteria of the training. This approach is not suggested since
it does not guarantee the convergence of the error performance to the global minimum.
The fixed number oépoch approach may also lead to overfittfBig.ce the multilayer
neur al net workos resultant i mage consists of
active contour model as the pgsbcessing step in order to obtain closed lung
boundaries.

2.3.Current Research onAutomatic Mitochondria and Cristae
Segmentation

In the work by Mumcuoglu et ajlMumcuoglu, et al., 2013} is aimed to detect and
segment the mitochondria on electron microscope images including partially seen
boundariesFour different data sets provided fiyational Center for Microscopy and
Imaging Research U Sv&ré used for their experimentShe promsed method
includes two phases. In the first stage the detection of mitochondria boundary is done
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depending on the two properties of the mitochondnmstochondriapossessan

elliptical shape and the boundary of the mitochondria contag@uble membrane
geometry. Some important geometrical properties of the mitochondria that they
considered are; mitochondria can be global or elongated, the diameter (smallest cross
section) of the mitochondria is wusually
crosssection) can be up to 20em or even | on
4nm and 6nm for different cell types in conventional tomogramdthe gap between

the double membrane (inner and outer membrane) structure in healthy cells is almost
uniform anddiffer from 10nm to 36nmTlhe proposed algorithm basically possess two
phases: the detection and the segmentation pHasi first stage of thdetection
phasenoise reduction, contrast enhancement and normalization is done. Once the pre
processingin the first stage is accomplished, a double ridge energy function is
computed for each pixel prior to connected component analysis and morphological
operations in which it is aimed to determine the probable double membrane regions.
Found probable double membrane regions are used in an ellipse detection operation so
that many ellipses in different sizes and orientations are detected around the double
membrane boundaries. At the end of the detection phase, merge and split methods are
used to obtain the mitochondria detections from many detected ellifsdbe
detection phase of the algorithm, the approximate boundary positions of the
mitochondria are obtained. For a complete and robust segmentagi@ahgorithm first

refines the iitial detected boundaries by means of active contiouitse first stage of

the segmentation phasstill the results of active contours method may produce
boundaries that are misaligned with the detected mitochondria. In order to overcome
this issuea madified live-wire graph search algorithm is used in order to finalize the
segmentation. An automatic seed point selection algorithm is used for selection of
robust seed poiato be used by the liverire algorithm.Although satisfying results

are obtainedhe proposed method is depentto the successful removal of cristae

order to locate the peripheral mitochondrial membrared a Kk e | , Mu mc u o
Hassanpour, & Perkins, 2016)
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Figure24. Results of the method in Mumcuoglu et(@l) shows the original tested image; (b) shows
the double ridge energy image where the darker pixels points the double ridge locations; (c) the image
on which the thresholding morphological filtering and connectedponent analysis applied; (d) first
detection of ellipses; (e) ellipses that are merged from (d); (f) the results of active contour algorithm
and the automatically selected seed points (red pp{gisthe results of livevire contour tracking
algorithm (Mumcuoglu, et al., 2012)

Ina study by Thaaweé¢!l &Mumaluogl u, Ha,sobusthn pour , &
segmentation of mitochondria boundary membrane is aimed as their previous attempt
in (Mumcuoglu, et al., 2012)

In the proposedmethod, a ridge detectionalgorithm is appliedfollowing a pre
processing which includes autontrast adjustment, resampling, and smoothilmg.
ridge detectiorstep membrandike structures arebtained bya constructedHessian
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based ridge detector. They constructed the detector based on the observation that
membrans possess a brigittark-bright trarsition profile. The eigenvalues of the
Hessian Matrix are used imder to define the ridge energy of each pixel. The Hessian
matrix is defined as:

~ 0 0

(@] 0 O (25
"O O HO RO are the second order Gaussian derivatives of the interaditgs of
each pixel in the imag&he eigenvalues are interpreted as in Fi@eAccording to
this interpretationa valleylike structure is observed when| S sand a saddle
point in the valley is obtained when| ttand_ L tton whichthe point belongs to
a weak point in the membranglso they mentioned that the point corresponds to a

dark blobwhen_  _ | 1t Consequently, they define the ridge energy as:
5 _ _ Q0 nmwtQ m
1 _h _ MNMO nmweQ 0 (26)
T EMMiI 0QI Q
Az

S

Figure25. Topographic shapes theigenvalues of Hessian matrix poiGtsT a Kk e | Mumcuogl u
Hassanpour, & Perkins, 2016)

Once the ridge energy image is ob&rby the formula ifcquation (26, an energy
mapping algorithm isapplied to ridge energy image since the classification of
mitochondria cannot be accomplished only with the ridge energy image. The energy
map is constructed on the observation that peripheral membranes have low curvature
and are longer structures.paralolic arc model which utilizes the ridge energy maps

is then adopted and used with curve fitting and filtering algorithm in order to obtain
the membrandike patternsDue to weak membrane regions the ridge detection may
be inaccurate. At these circumstamceurve fitting algorithm fails. In order to
overcome this issue another step sHa&sed shape extraction is implemented. At the
final stage a validator mechanism is built for separating the possible outliers. The
validator function depends on the factgtt a mitochondrion has an enclosing
membrane and cristae insidgitochondria segmentation results of the proposed
method can be seen in Figla@
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Figure26. Results of the method in Tasel etMitochondria segmentation resu(tsT a Kk e |
Mumcuoglu, Hassanpour, & Perkins, 2016)

In another studyseyedhosseini et alSeyedhosseini, Ellisman, & Tasdizen, 2013,
April) attempt to segment the mitochondria in electron microscopy images used the
advantage of algebraic curves. They extract textural features and shape information
from images and used the power of algebraic curves for boundary detection of
mitochondria in clttered electron microscopy images. The method proposed include
four stages. In the first stage thie proposeanethod arotation and scale invariant
different degrees of polynomialirve fittingoperation is applied on anwe image

patch. In the secw stage a relatively complex set of features are extracted from the
inside of the fitted curve on image patches. The features extracted from the inside
region of the curve include; entropy of the pixel intensities, skewness, kurtosis,
var i anc e jant mam&rgs, andinveanr These features correspond to the textural
information of the patch. Also some additional features that correspond to the shape
of the curve are extractedhese include; the average intensity value of pixels on the
fitted curve H us@Gnvariantmoments of the curve, and ratio of the number of pixels in
the inner area to the curve lendthFigure27 below, input patches, fitted polynomials

and the selected fitted curve can be seen.
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Figure27. The fitted polynomials of the method in Seyedhosseini dtagd.left twoimagesare two
patches belonging to a mitochondrion and top riglat are normitochondron patches. Fitted forth
degreepolynomiak to the related patches (same column upper imaged)e seen in the middle row.
The fitted curves are seen at the bottom r@eyedhosseini, Ellisman, & Tasdizen, 2013, April)

A binary random forest classifier is trained by using the features extracted. The trained
random forest is used to label the pixels weather they belong to a mitochondria or not.
At the final stage of the method; is the patch that is passed through thenrfondst

is classified as positive then all the pixels that lay on the fitted curve are marked as
mitochondria.

(e) ()

Figure28. The fitted polynomials of the method in Seyedhosseini éaphnd (b) show two different
test EM images. (c) and (d) are the segmentation results of the proposed method while (e) and (f) are
the related ground truths of the images in (a) and 8&yedhosseini, Ellisman, & Tasdizen, 2013,
April)
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In the work by Sanchez and Fernand®fartinezSanchez, Garcia, & Fernandez,
2011) a segmentation method targeted at membrane detection is propbséd.
method which is based on local differential structure and a Gatld®amembrane
modelwhich defines the natural limits of compartments within biological specimens.
Their method include two main stages. In the first stage they produng@ut ma

that describes how well a point in the image belongs to a boundary. Then by using this
output map the final segmentation is obtainédey proposed that thmtensity
variation across a membrane section shows the characteristics of a Gaussian function.
So they expressed tloensity variation acrossmembranes:

O —\3 Q (27)
nc* .,

They didtheinferencein Equation (2 depending on the observation that the density
along the normal direction to the curve of the membrane progressively decreases as
the distance to the centring element of the membrane incréaseder to determine
the curve direction, the eigenvectorgtod Hessian matrix of the image is us@dce
the direction is determinethey calculated the Hessian matrix of the membrane model
(which is calculated in the first stage) with direction of¢heve and then a membrane
strength is defined by using thesult ofthe gauge defined in Equation j2&Ilow.

y ¥ o-- k2w (29)

Figure29. Results of the method in Sanchez effale original EMT image is seen in (a). The 3D
view of the membrane which are segmented by the proposed method is seen in (b). (c) and (d) are the
membrane strength image and the result of hysteresis thresholding respedfisginezSanchez,
Garcia, & Fernandez, 2011)
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Subsequent to membrane strength detection by using a@hgeg(R) obtained in
Equation (28a hysteresis thresholding is applied. For finalization of the segmentation,
the size (i.e. the number of voxels of the component) of detected membranes are
calculated and only the one that are larger than @gir¢hreshold are selected. In
Figure29 alove the result of theimethodcan be seen.
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CHAPTER 3

PROPOSED WORK / METHODS

3.1. Data

As mentioned befre the aim of this study is the automatic segmentation of cristae
boundaries on TEM images. SinceastBtudy aims to achieve the segmentatién
cristae membranesithout any dependency on the cBlpe the datausedshall be
collected from various different cell typss that the generalization could be achieved
in the targeted scope

A neural networkIisall have enough number of nodes and hidden layers to approximate
complex functions. If the number of nodes are too small then the network may not
have enough representative power to model the (Haia2015) A neural network
aiming at modelling relatively simple problemsu@gs smaller number of parameters
(smaller degree of freedom) which requires smaller data sets for tréi@in@015)

The sameuggestioris valid from the opposite sidéthe problem to be approximated

is relatively complex than the size of the neural netwdnen the number of
parameters to be trained are increased@ingly, bigger datesare required in order

to ensure that the generalization is achie\&dce he segmentation of the cristae
membranes can be seen as a multidimensional and highlljmean classification
problem, huge numbers of patterns representing the whole input and output space are
required.

3.1.1. Data Sets

The dataset used in this study is ai¢d from the Cell Centered Database (CCDB).
The CCDB is a web accessible database for high resolution data from light and electron
microscopy and supported Byational Center for Microscopy and Imaging Research

U S Aand also is a part of the Cell Imagérary.

Four dataset including variosszedcristae membranes and show diversity in image
contrast are selected. Each dataset differs in resolution of the images and size of the
voxel (see Table 1).

Tablel. Propertiesofl at asets used in the experiments. Tabl
Hassanpour, & Perkins, 2016)

Datasename Image size Number of Voxel size (nm)
(width |1 slices X1 YI 2
6_22.sub 1960 1 91 1.1 1T 1.
bclpb-d.sub 720 1 61 241 2. 4
cone.sub 736 1 1 97 2.4 1 2.
gap18_sub 350 1 54 2.2 1 2.

Cone.sub set which obtained by using a conventionakwagshted EMT technique
is formed from a mouse retiwne cel( T a kK e |  HPropoSal, 2012 e Dther
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sets belong to a mouse retira cell and are collected with a slegan CCD camera
(Takel F. S., .PHD Proposal, 2012)

Electron microscopy tomographmage examples from each dataset can be seen in
Figure30.

Figure30. Mitochondria examples from different datasets used. (a) from {sthklb, (b) from
cone_sub.sub, (c) from gap18_sub, (d) from 6_22.sub

3.1.2. Ground Truth

In this study the ground truth for training and testing the neural networks and
evaluating the results is obtained by manually marking the data set which is provided
by the National Centre for Microscopy and Imaging Research, University of
California, San Diego, &, USA. Since manual marking of TEM images is a highly
labour dependent effort due to large number of images and pixels, vast amount of this
thesis study was spent for manually marking the cristae membranes. Although it is a
common approach to obtain theognd truth by averaging the markings of many
specialist, in this study markiegre donenly by the writer of this thesis due limited
meansof specialistsso that ground truth may contain erroneous maskgigce the

writer of this thesis imnot competen in the cell morphology science. Also is
important to note that marking such a big ground truth database requires an outstanding
labour dependerand time consuming effort.
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It shall be mentioned that Sub_6.22 data set which is one of the four data sets used in
this study were marked by the National Centre for Microscopy and Imaging Research,
University of California, San Diego, CA, USA. However the markings were roughly
donesuch agmisalighed markingon cristae membrane boundar{ese Figuredl),

they provide an initial truth for fine tuning thé&ub_6.22 data set and a directive
example while marking the other data stsh as cone_sub, bchoband gap 18
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Figure31. Misalignedmarkings of the ground truth provided by the National Centre for Microscopy
and Imaging Researan the left hand side of the figufRetraced examples for a better ground truth
for 6.22_sub data set.

Because the scope of this study only covers to segment the cristae membranes, the
mitochondria boundaries are not marked on data sets-ticipine _sub, and gap 18
as well as not refined on data set sub_6.22.

Boundaries of cristae membranes are carefuligetd by using théMOD tool
(Kremer, Mastronarde, & Mcintosh, 199@he thickness of the boundaries are set to

3 as itis observed that this size fits best to the thickness of cristae boundaries. Although
the thickness of thboundaries may vary through the periphery of a single cristae,
marking is done with a fixed thickness size because the 3D mode software do not allow
to draw a boundary with variable thickness siaélable 2below, the numbers for the
ground truth markig study can beeen.
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Table2. Summary of the effort spent for manual marking of ground truth.

Data Data Set # of inner # of ROl size | total # | total# | #used | # used
Set No Name mitochondria| slices of of slices slices
marked cristae | pixels for for
marked | marked | training | testing
/ slice
1 Cone_sub 1 6 428x497| ~43 90000 2 1
2 6.22 sub 1 8 371x496| -~39 88800
3 bclpb 2 2 393x350| ~34 18000 1
d_sub
4 gapl8_sub 2 2 161x241| -~19 8000 0 1

3.1.3. Preparation of the Data for Training and Testing

It is aknown fact that the machine learning algorithms perform different depending on
the selection of the features that represent the (Yatshua, Courville, & Vincent,

2013) This requires dabour intensive effort and human interventeomd shows the
inability of the algorithm to obtain the discriminative information from the row data
and make the suitable inferend@oshua, Courville, & Vincent, 2013)n orderto

design systems that are not directly dependent on the data and are easy to apply on
data obtained on different conditiontsmay be the best way to use the very low level
data without applying any feature extraction. From the point of this apptbachput

space shall be formed with the intensity values of the pixels imthge since they

are the very na data of an image.

In order to achieve a neural network that can identify all the various patterns in the
target space from the given input spde¢a, the training set shall contanfficient
numbers ofll possible types of input patterfar all differenttypes of outputabels.
Multilayer Neural Networks cannot extrapolate beyond the range of the training set so
that the training data shall spall the range of the input spa(®eale, Hagan, &
Demuth, 2014)

There are two different approaches in the literature in order to guarantee that the input
patterns in the training set cover all the range of the input space when dealing with
images. In the first approach, where the aim is usually to classify the wiaaje,iall

the pixels in the image is used for the training of the neural network. In the second
approach only a region in the image is considered for the classification purpose and
intrinsically the number of the input space is dramatically decreasedcehgrared

to the first approach. The neural networks trained with this approach has the ability to
classify only the related region or the pixel insteadhe whole image so that this
approach isnore widelyusedwhen the aim to segment a region or a phdan image.

If the data to be classified is pixelstime image then the input vector to the network
may be formed of features extracted from thatesl pixelor directly the intensity
values of the related pixel and its neighbourhpizéls One can als usethe intensity
values of the pixel to be classified and its neighbouring pixels in additiom to a
extracted set of features as inputs to the neural netwoilishchenko, 2009)n
addition to 3x3neighbourhood of theelated pixel Gaussian Smoothed Hessian
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eigenvalues are usedin studies like(Suzuki, Horiba, Sugie, & Nanki, 2004)
(Middleton & Damper, 2004)Ciresan, Giusti, Gambarda] & Schmidhuber, 2012)

a squareinput window covering the intensity values of neighbouring pixels is
transformed to input vector and used as input for the neural networks.

TRAINING IMAGES MxMN
e ____ nxn , |

Single Input Vector

Figure32. Input Windows and the whole trainipgtterrs for an image.

Depending on the classification task, the shape of the input window can be modified.
Using a square input windowith size ofnxnis a common approachAn illustration

that explains the procedure of obtaining the training pattemsagitare input window

can be seen in FiguB2. In studies such gJurrus, et al., 2010§Jurrus, et al., 2013)

an input stencil window is usgds can be seen in Figus8, in order to keephe input
vectoras small as possible while still keeping the generalization performance in hand.
This type of neighbourhood sampling technique is used when a large area is needed
for the segmentation of related pixBifferent input windowsdepending ornhe type

of the classification purpose, resolution of the images, and size of the training set has
been used with many different artificial neural network models and architectures in the
literature. The main objective for selecting different input windiaessand shapeis

to optimize the number of input layen the neural networlSince thetraining process

of the neural netwoskusually includes iterative error minimizatiothe size of the

input spaceshall be kept minimum being formed of limited numbers of carefully
selected input elementsThis input window shall provide enough contextual
information about the pattern of the pixel to be classified. Of course this contextual
information approach foraining neural networks is useful only when the local image
features are sufficient for the segmentation purposes.
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Figure33. Input stencil versus square path); a square input window with 25 input features (which
are the intasity values of the pixel). (b); an example of stencil input window which contains 25 input
features as (a) but cover a larger neighboodharea around the centre pixel. (Image taken from
(Jurrus, et al., 2010)

As it is acommon and convenient approach when working with high resolution image
data, the input vector for training the neural networks is limited to a considerably small
numbers of pixels covering the neighbourhood of size w (window size of the input
vector) of tke centre pixel to be classified. Otherwise the use of all pixels of the image
in a single input would be impractical due to the huge computation power astvena
numbers of training imageseeded.For instance, a 512x512 image has a total of
262144 pixelslf we tend to train the network with an input vector of size 262144 then
we would have a very large NN to train which gives 262144 weights plus 1 bias for
each neuron in the first hidden layer. This consequence implies that a very large
training set andhuge computational resources would be needed. In practice such an
approach is impracticalBecause #arge w(it is the whole image when w equals the
width of theimagé results in much bigger networks, which take longer to train and,
at least in theoryrequire larger amounts of training data to retain their generalization
ability (Ciresan, Giusti, Gambardella, & Schmidhuber, 2012) addition to
computational power problem; the increased input window size can cause modelling
the noise. In massive training of ANNSs, the size of the input window determines the
number of features used for modelling the desired function. The feature size shall be
big enough to let the ANN model the function but more than this will tend to memorize
the data as mentioned {(hawrance, Giles, & Tsoi, 1996Yhis problem is more
commonly known as overfitting.

In this study segmentation of cristae boundaries by means of ANN will be
accomplished by means of massiveinireg. Massive training with many input
windows are introduced in many works lik¢Suzuki, Amato Ill, Li, Sone, & Doai,
Massive training artificial neural network (MTANN) for reduction of false positives
in computerized detection afng nodules in londose computed tomography, 2003)
(Middleton & Damper, 2004)Ciresan, Giusti, Gambardella, & Schmidhuber, 2012)
(Jurrus, et al., 201@nd many others.

In massive training hundreds of thousands of input windows are used to represent all
the useful patterns in a data set in order to let the network model the desired function.
Each input window, in which enough information to be able to segrhentristae
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boundaries shall be contained, represents a small regitre @fhole image The
information contained by the input window is determined by the size of the input
window. The more the size is increased the more information is carriebheutiev

of the cristae boundaries inside different simégidows can be seen in Figuré. 3

iw:9x9 iw:15x15

Original Image.
Size:1176x847

iw:21x21 iw:27x27

Figure34. | mages fr om 0 c dfferent Szeobirputdiadbves s et wi t h

In Figure 31, one can observe that although it seemsiptesto identify the boundary
even with the smallest input windowt is impossible to differentiate whether it is
mitochondria and cristae boundary. In order to differentiate whether the boundary
belongs to cristae or not, the input window shall cover alttistae. This is possible
only by increasing the size of the input windowm (Mumcuoglu, et al., 2012Zhe
mitochondria boundary is effectively segment8ohce the aim of this study is to only
segment the cristae boundariteg problem arose from the difficulty of discriminating

the mitochondria and the cristae boundaries can be ignored.

But the size of the input window still effects therformanceof the trained neural
networks when the intezellular structureg mitochordrion except cristae membranes
taken into consideratiomhis problem is described in Figud®. In Figure 35-(a) a
small portion of a section from Sub_6.22 data set is §¥eithe left hand side, a crista
boundary is seen with different size input windomhile on the right views of different
input windows belonging to a nanembrane area can be se&igure 35 below
reveals thatit is impossible todistinguish the cristae membraaeea from non
membrane area when the input window size is 8%3he input window size increases
it becomes clear that the images c, e arlgelpng to normembrane area in the
mitochondria.
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Figure35. The views of membrane (on the left) and membrane (on the right) areas with different
size inputwindows.

Since the scope of this study is to segment the cristae boundaries inside the
mitochondria, only the area remaining within the mitochondria inner membranes shall
be used for training and testing. Because the slices in the data set includes many other
cell structures like nucleus, endoplasmic reticulum btsides mitochondria, the
slices to be used for training and testing are cropgesken in Figure 36
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Figure36. Cropped image of the mitochondriach slice to be used in itneng of the networks are
cropped and cleaned.

There exists a huge number of negative exampleen compared to positive ones
since the positive examples in a slice are only the membrane boundfaaikshe
patterns in the image is used, the network will see many times more negative examples
than positives during the training. This turns out thattrained networwill be prone

to classify the massive number of pixels as negative so thati$eaégativerate will

be unacceptably high. In order to overcome this issue, the ratio between the number of
positive and ngative examples are arrangedrbBynovingthe determined numbers of
randomly selectedegative examples from the training set.

The pxels falling into the membrarie non membrane transition area are difficult to

label since they represent the features between membrane andendrane
structure. These pixels may decrease the training performance of the networks. In order
to determine he effect of this phenomenon different training sets both including and
excluding (without the pixels adjacent to membrane boundarieg)iteés in this
transition zone are prepared and used for training the netwidresnetworks trained

with thesetsek | udi ng t hese pixels are reported

3.1.4. Pre-processing

EMT images may contaisome artefacts includingxtremely dark or bright intensity

values duedo theimagingtechnique, limitation of the equipment, weak or very

strong membrane edgdsTak e | , Mumcuogl u, Hassnhanpour
addition to the artefacts of the EMT, the technique may produce noisy is@ et
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noise removal is recommended when working with eleaecroscopy datéBazan,

Miller, & Blomgren, 2009) (Mumcuoglu, et al., 2012 Takel , Mumcuogl u,
Hassanpour, & Perkins, 2018Jhese characteristics on the input imageymause

undesirable or insufficient findings on the output segmentation results.

As mentioned before the method proposed in this study aims to operate on different
data sets whichreobtained from different types of cells. This turns out that each data
set has different pixel size which originates the problem of parameter tuning since the
features used for segmentation of the membranes are not invariant to tlaadcabe

of theviewed and analyseditochondriain the image

In order to overcome the possible effects of these issues on the results,-the pre

processed images obtained with the application of the procedure proptsedtundy

by Tak@dkelt, aMumcuog!l u, Hasiswalpheariginal & Per ki n:
and the preorocessed image can be seen in Fi@Tterhe preprocessed images are

provided byDr.Ser dar Takel . At the fir sontrastt age of t
adjustment ispplied on the data set. Direct normalization cannot be applied since it
cancausesubstantial degradation in image contrast due to extreme changes in image

intensity levels which may arise due to gold markers utilized@ys and other flaws

in CCD seners( Takel , Mumcuogl u, H a sAuta-coptrast r , & Per|
adjustment@ssumes that there exist extreme points in the intensity histogram so that

the algorithm can reormalize the intensity distribution to a certaange( Ta kK e |
Mumcuoglu, Hassanpour, & Perkins, 2018ubsequent to auttntrast adjustment,

images are resampled so that all thiekness of cristae membrairedifferentdata

sets are set to a fixed pixel size. The typm@bchondria membrane thickness ranges

from 4nm to 6nm(Rog, et al., 2009and the resampling is achieved by means of

interpolating the image to 8@m pixel size which prevents any data loss for the

mitochondria membrane duringsamplingIn the end of th@re-processing, the noise

removal operation is applied by means of bilateral smoothing tech(iqueasi &

Manduchi, 1998, Januaryyhich preserves edge while removing the noise in the

image. This technique is also useful for removing themembrandike structures

while conserving thenembrane¢ Takel , Mumcuogl u, Hassanpour,
In Figure J, it is seen that the application of bilateral smoothing makes imagerclear

while preserving the membranes with very limited data loss.
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Figure37. The preprocessed image processed by the method propo¢ediak el , Mumcuogl u
Hassanpour, & Perkins, 2016)

3.2.Segmentation in TweDimensions

In many studieg Tak el , Mumcuogl u, Ha Vsmcooglo, etr , & |
al., 2012)(MartinezSanchez, Garcia, & Fernandez, 20itlhas been attempted to

segment the inner and the outer membrane dbamondria. Although the
mitochondriaboundarieshave successfully segmented in these studies, there exists
limited number of studies for the problem of segmentation of the cristae membranes.

In this study we aim to segment only the inside regibthe mitochondria@xcluding
the boundary membranes. These include the cristae and other intercellular structures
inside mitochondria.

As a simple approach we firs{Camnyg 86 d 06Ca
which is known to be one of the best methods for edge detection with connectivity.
The Figure bel ow shows t.MeseendrgnuthetFigureof t h
that although the method is capable of detecting many of the edges, still it shows
consideably low performance on detecting weak boundary edges and false positive

rate.
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Figure38. Result of Canny edgeetkction method.

The proposed method for the segmentation of cristae membrane from the inner
mitochondria images ihedes two main stageafter the preprocessing step is

accomplished. In the first stagbe image transformed to tivgput vectos obtained

as described in Section 3.lIs3used fortraining aneuralnetwork. The output of the

network poduces theprobability valueswhether the centring pixel of the input

window from which the input vector is obtained belongs to a cristae membrane or not.

In the following stage the result of the neural networks are refined by means of a

specialme t h o d nDRiretBodalHessianfRidg&rowingg. The fl owchart of
proposed methodan be seen in Figur®.3
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Figure39. Flowchart of the proposedethod

Althoughthe segmentation of cristae in hundreds of slices of EMT images has a critical
importancein order to reveal theole of thecristae in many diseaseithin its
morphologyas mentioned Section there exist a limited number of studies in the
literature fo the automatic segmentation of the cristeambrane in thenitochondria

In this study, only the interior region of the mitochondria is considered as the analysing
data leaning on the fact that the segmentation of boundary membrane of the
mitochondria has successfully been accomplished by the studi¢bilikecuoglu, et

al.,, 2012y Takel , Mumcuogl uns, 26i6)Sosttee mpgesion whick Per |}
the proposed method applied are the images that includes only the region that is
bounded by the inner boundary membrane of the mitochondria where the inner
boundary is excluded. The remaining section of the images@ped out.

3.2.1. SegmentationUsing Classical Feed-orward Neural Networks

In order to start to train the neural network once the data is readychitecture that

let the network to represent all the input patterns in the data while not overfitting the
data shall be selected. The parametersdbéihe the architecture of the netwaie

the number of hidden layers, the size of the input layer, the number of hidden nodes in
each hidden layer, and the size of the output layer. A fully connected feedforward
networkexample can be ea in Figure 40The size of the input layer is defined by

the size of theniput vectors as seen in Figw@ This turns out that the selection of
input window stencil which is described in Section 3.1.3 defines the size of the input
layer.We aim to decide whether a pixel belongsatmembrane boundary or nat, s

that there exist only one node in the output layer.
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Figure4O0. lllustration of a feedforward neural netwofkmage taken froniHaykin, 2009)

The remaining parameters in order to definedrwhitecture of the network are the
number of hidden layers and hidden nodes in the hidden layersietérmination of

the number of hidden layers and the number of hidden nodgs hiddenlayers is

not a straightforward task. Even thouthlere exist rany proposed rutef-thumbs, it

a very common approach to determine them by trial and error. Starting with a very
small network may result networks that do not have enough power to represent all
useful patterns in the input. This phenomenon is known &sliiég. On the contrary,

if a very largenetworkis used, then the network may be trained to model the noise and
overfit the data. This phenomenon is known as highance(Lai, 2015) As a
common approach many different networks with varying numbers of hidders laye
and hidden nodes are trained

Another issue that characterizes the performance of the networks is the choice of the
activation functions in the neurong&or pattern recogniin problems sigmoid
activation functions are often us@8eale, Hagan, & Demuth, 2014incewe want

to obtain outputs falling between 0 and 1, sigmoid activation function is used in both
the hidden and the output lager

3.2.2. Training

The training phase of a neural network can be defined as the process of estimating the
values of adjustable parameters which define the characteristics of the classification
model depending on the data @ishop, 2006, p. 5)

In the training phase of the neural network, the whole datarsetdemlydivided into

three subsets: training set, validation set, and the test set. The trainugcbas %70

of the whole seis used to update the weights and biases asasetomputing the
gradient of the error function. The validations#ich is %15 of the whole s&t used

to decide the moment that the network begins to model the noise in the training set
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which is called overfitting.And finally the test setvhich is %15of the whole sets

used to represent tipeesent performance of the current trained network and compare
with different networks. Theeceiver operating characteristR@C) curves and the
confusion matrix which are useful tools in order to measure the performance of the
networkand select the best oaee formed with the test data.

Before the division of the training set into three different parts, a normalization
operations applied to the input vectors, which compsigee intensity values of input
window or patch, so that the input values are mapped in the range betwaash 1
with the formula defined in Equation (29
. . ;
o () ‘w ‘ W o 29
() ()

Wherewis the normalized intensity value, pho p,w andw are
the minimum and maximum intensity values in the image respectively.

The reasorfor the normalization operation on the input patterns lay behind the
saturation behaviour of the sigmoid functiofhe sigmoid functions used in the
activation of each neuron are saturated by approaching the limit values of the functions
when the net outfiwf the neuron is greater thasgecificvalue.For instancelet the
sigmoid function used defined as;

P
o Q 30
Where"Qw is the output of a neuron andais the sum of all inputs multiplied by the
weights plus the bia#f.the summed output of the neurs® (four) then the output of
the activation function approach to the upper limit of the fund¢twom the Kuation
(30)form T, Qw 1o Y Q. This means that the gradient will becotne small
sothatthe progressfahe learningwill be limited. In order to avoid the phenomenon
explained below either the weights shall be extremely very small or the input shall be
normalized in a relatively small range.

w

Before starting the training, the paramsterbe adjusted wich are weights and bias

shall be initialized As it is a very common approach the initializatiém madeby

means of randomly selected small values. The selection of random values for weights
and bias guarantees the avoidance of the problems due to symmetries in the network
and the selection of small valugovides that the sigmoid activation functions ase n
driven intothe saturation regionfBishop, 2006, p. 261)

As the initial weights directly define the course of the training (minimum error rate
achieved, training time, total iterations) and the performance of thitargsuetwork,

it is a common approach to train the network for many times and to select the best
network by comparing their performances by the use of the data setisvshatiused

for training and reserved for independent tes{Bighop, 2006)

Perrone and Coopé€Perrone & Cooper, 1993roposed anethodwhich may result
networks withimproved performancas combining these trained networks to form a
commitiee. In this study the best performing network is selected amsogstrained
networks. It shall be noticed that selecting a single network amongst many tnagsed
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has an disadvantage along witlasting the effort paid for training the remaining
networks: tle network which has the best performance on one single selected test set
may not be the best performing network for new data sets because the test set selected
possess random components due to the (Bisbop, 2006, p. 364)n ourstudy, each
network (with a different architecturay trained for 10 timesOnceeach training is
completed with one of the stopping criteria defibelow, the trained network is tested

on a completely different imag@ising itsground truth. Input vectors whose sige
depend on the shape of the input stencil are obtainedaébrcentringpixel and its
neighbourhood from the test imagehen the input patterns are passed through the
network and the resugltare compared with the ground trutinageby the help of
metrics like true positive rate (TPR)hich is also called recaltrue negative rate
(FPR)which is also calledpecificity, precision and a kind of effectivity metric defined

in (Middleton & Damper, 2004 hese meics are defined in Equation (BRAlthough

many metris are computedTPR metric is used for the selection of the best neural
networkfrom 10 trained networks
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(31

In the training set theiis an orders of magnitude highemmber of negative examples

as compared with thegositive examples since gntristae boundaries are considered

as positives. Thisaturally causean importantssuethat TPR, FPR and precision
measures cannot effectivelgpresenthe performance ahe networks trained. The
denominators of FPR and TPR metric are significantly different and consequently
tenderness of these two measures against changes are not comparable. Thus a small
change in the false positive error rate is relatively more importantalcomparable

change in the false negative error rate, leading to difficulties in interpretation
(Middleton & Damper, 2004)

For the learning of the parameters in the network, ltheenbergMarquardt [

(Levenberg, 1944(Marquardt, 1963)optimizationalgorithmwhich is also known as
dampedeastsquaresis used instead of standard gradient descent algorithm.
LevenbergMarquardt method s a compr omi s e hoa &ind grédeent Ne wt on 6 s
descent method#laykin, 2009)as described in Section 2.2

It has not been proven that the backpropagation algorithm can converge, likewise no
golden standard stopping criteria for its operation has been proféagkin, 2009,

p. 139) But there exist some criteria thate usedfor the termination of training
processuch acheckng the rate of change tifie average squared error per epoch. In
this approachif the derivative of the average squared error with respect to epoch
number is sufficiently smalthen the training istespped(Haykin, 2009, p. 139)This
approach may cause to premature stopping if the error function temporarily stick
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around a local miniméBishop, 2006, p. 262Also the error value itffecan be used

as the training is terminated when it falls below a specified threshold value. But this
time the specified threshold may never be readuetthat some additional limits like
processing time or maximum iterations may be requiBéshop, 2006, p. 262)

I n this study, in addition to fAmaxi mum
functiono checks for the ter rAsthearainingn ,
progressthe validaion set is passed through the present trained netwarkder to
validate the model onnatherdata which is different from one used for parameter
adjustmeniHaykin, 2009, p. 171)During the training process the traigiset error
decreases as well as the validation set ewfith the use of validation stop criterion

the training is stopped when the validation set error starts to increase which is the
moment the network starts to overfit the training data. In orddretsure that
overfitting is started the validation errehall be increasing simultaneously in each
new iteration If the validation error increases for 6 consecutive epadhish is
empirically determined in this studhen the training is stopped and the network
(weights and biases) is saved at the minimum of the validation set error which is 6
epochs before. This is called the validation stop criteria in the neural networks
literature.The graphical explanation of th&ining and validation erroofmation can

be seen iM1l From Figure 4 it can be observed that although the training error
decreaseshroughout the proces#he error computed with the validation set data
which is not used for updating the weiglstats to increase at moment where the
network starts to lose its generalization ability.

Mean-
square
error

Validation-sample
Crror

Early- Training-sample
‘5[0]) pmg error
point

0 Number of epochs

Figure4l. The error formation during training process of a neural network. The dashed line shows the
moment that the overfitting begindmage taken from(Haykin, 2009, p. 174)

Although there are studies in the literature which trainsnetevorkswith a fixed
number of epochs, in our studfyxed epoch numbers approach is not employed
because if the neural network converges the desired performance much fathzefore
pre-set number of epochs then the network will start to model the noise in the data set
because the training is not stopped.tBe use of decreasing validation performance
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check approach, training is stopped just when the neural network starts to memorize
the data.

As mentioned beforén the weight adjustment stage of the backpropagation algorithm
the error function is used ascost function to be minimized. There exist® tmain
appro@hes in the literature for training of the synaptic weights during this stage of the
backpropagation algorithm. In the first approach, the weights are updated just after
each pattern is shown tiee network. This type of learning is called online learning.

In the second approadhet adjustments of the weights and bias are performed after all
the patterns in the data set (which is catiedepoch of the trainingHaykin, 2009, p.
127) are shown to the network. This type of learning is called batch legBisttpp,
2006, p. 146)In this approach the learning is progesthroughan epoch by epoch
basis. Since the adjustmsrdf the weights are done afeachepoch is completed, the
error function is defined as the average error function,as defind in Equation 82).

P .
UT J €& (32)

whereN is the number of patterns in the training setarid is the error of nth pattern.

Due to its advantages of accurate estimation of the gradient vector and parallelization
of the learning procegslaykin, 2009, p. 128xhe batch learning approach is used in
this study.

The learning rate parameter in the learning algorithcostrols the level of the
adjustment applied to the weight at each iteratdren standard gradient descent
algorithm is usedif it is selected too small then the minimization of the dunction

will be slightly slow while the training may not converge to a minimum gioothe
opposite case (if it is selected too largi®)ergent oscillations may occyBishop,
2006) The LevenbergMarquardt algorithms a composed versioof the gradient
descent and Gaudéewton algorithm, no learning rate is used in steps of the iteration.

The flowchart of the training proceappliedfor theone hidden layeredetworks can

be seen in Figure 4Zhe neural network toolbox of thé A T L A B ED16@software

is used since it offers wide range of access and control to the parameter of the networks
including the ones explained above.
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Figure42. Flowchart of the training process. Each pattern mmprtsed of the centringixel with its
neighbourhood. The pairing target values of the patterns form a matrix withf dixBattern_No.

3.3. Segmentation in ThreeDimensions

Although three dimensional electron microscopy dasaastused in this study, the
useful information that lays in the third directi@ine thickness of the celbf the
images are not benefitted in the first section of the study.

Membrane boundaries in the data set may appear disconwaededlooking at a
sinde slice of imageBut one may observe that these disconnected boundaries are
connected when the following sections are analyd#dle it is impossible to specify

the boundary on only one section of the imageay be easier when the following
sectiorsin the z direction of the 3D imageeconsidered becausiee boundaryf the
membraneausually becomeapparent in the neighbouring sectiohkis phenomenon

can be observed in Figud&.
AN ¥ D )

Figure43. Appearing boundaries in 3D sectiohsthe very left image the indicated region of the
boundary is disconnected while it becomes apparent in following sections.

In addition to the phenomenon indicated in FigtBethere also exist marpoundary
like structuresthat do not belong to a membraneghe imageThese structures usually
appear and disappear one or two sections. When only one slice of image is
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investigated, thesstructuresmay beclassifiedas a part of boundary of a cristhe
information tha these structures are not continuous through the thickness of the cell
can only be ingested to the network with the use of 3D input patterns sbdbat t
deceptive artefacts can be truly classified Figure 44 below a disappearing nen
membrane structarcan be seen. On the very left image, the indicated structure can be
classified as a part of the crista. But the following section reveal that it is a not.

Figure44.l Discrimination of noAmembrane structures in 3D sectioRer many casesom-membrane
structures can only be truly classified by the observation of the thickness of the cell.

Since the aim lays beneath the 3D extension of the methodigetbe information
which is hidden in the neighbouring imagssnply,the input stencil or window used

in the 2D training section is enlarged to 3D by means of adding pixel intensities of
neighbouring pixels of the centring pixel in the following images through z direction
By this the training is accomplished including tB® information so that the
performane of the algorithm is enhancefh input stencil example witthe depth of
threecan be seen iRigure %&-b. On the left sidéFigure %&-a) an input stencil used

for extracting input features from a single 2D imagelzaseen while on the right side
the same input stencil is tripled through z axis. With the use of this 3D input stencil,
the intensity values of the neighbouring pixels including the centring image and its
neigtbouring pixel can be obtained.
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Figure45. Examples of 2D and 3D input stencila) shows the standard input stencil used for 2D
training (on one section). (b) Shows the same input stencil but extended to 3D so that the training
section thickness becomes three.

3.4. Directional Hessian RidgeGrowing Method

In the first stage of the proposed method, vast majority of cristae boundaries are
segmented except areas where the gradient of the membrane is relatively small (which
means the intensity value of the boundariesadmeost same as theon-membrane

area¥ when compared to neighbouring cell fluid region of related boundary. In these
zones the neural networks cannot produce significantly different intensity values to
discriminate the membrane from darker cell fluid ioeg In these areas the
segmentation cannot be accomplished by means of direct thresholding nfeflies
output stageand consequently disconnected boundaries are obsertlesiresults
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Figure46. The flowchart of théterative directionahessiargrowing method

In order to enhance the performance of the results obtained from neural networks, a
method which grows the previously segmented membranes and attempts to connect
the disconected boundaries is proposddhe prompsed method is inspired by the
Canny(Canny, 1986inethod in which edge growing through a hysteresis thresholding

is applied. The proposed method used the advantage of hysteresis thresholding in order
to determine the real and candidate ridggsaratelyust as Canny didThe flowchart

of the method came seen in Figurd6 above Below theexamples from theub
outputs of the algorithrwhich are numbered in Figure d6ove can be seen in Figure
47-b-c-d. Image in Figure 4D form the base for the resat image. Pixels in Figure

47-d are added to resaht image if they are located in the search window are of the
pixels in b and satisfy the rules explained in the remainder of this section.

56



(d)

Figure47. Suboutputs of the directional hessian growing methadlis the outpuimage of the
network (b) is the strong membrane boundary image that forms the base for the growing operation,
(c) is the weak boundapixels that are used to obtdhre candidate pixels in (d).

The proposed method takes advantage of two basic assungiimrtthe membranes

that were successfully segmented in the previous stage depending on the fact that the
intensity values shall remain similar through the memé@nnectivity direction and
increase through both orthogonal (opposite to each otherjidirec

1. However the intensity value produced bytleéworkis almost similar or lower
when comparetb many noamembrane areas in the cell, if the analysed pixel
is part of acristae membrane, stilt shall have amallerintensity (where a
%2100 possibility of belonging a membrane boundary is represented with an
intensity value of Oyalue than the vast majority of the norembrane aresa
and possesses visually observalabey-like intensity transition zones.

2. If the observed pixeln a weakvalleylike transition zone is a membrane
structure, then the curvature direction of the zone around that pixel shall be
similar to the direction of the curvature of naguring strongly classified as
membrane structureghich fall into strong alley-like transition zones.
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In order to check the first assumpti@goublethresholding operation is appliest
thatthe continuous result of the network is divided into two binary imafj@gich

one contains th@ixels that strongly belong ta membrae structure The pixels
belonging to strong boundaries are classified as membrane boundary pixels at this
stageand this decision is not changedhe following stages of the algorithm. This is
accomplished by means of applying a bakresholding asiEquation 83).

- ph Oty YR B 4 Q

O Ww  x joeAoxeoA

In Equation(33)0 is a binary image where only the reaimost likelymembrane
structures exists. In order to determine the optift¥&@ (X¢ & 'Q value; various
different threshold values are applied to resultant imagestaforksand an optimal
threshold value which maximizes the TPR while minimizing the FPR is empirically
determined.

The second binary image obtained in teiage(double thresholdingyontains the
weak boundary pixels thatere eliminated in the first thresholding stage but at#
candidates to bapart ofamembrane boundary. This image is usedonnecting the
disconnected membrane structud@sorde to obtainthe weak candidate membrane
pixels, a higher threshold (for selecting both the strand the weak pixels) is applied:

s ph "Oofro "YR @ aQ
oo S 34
© m | OEAOxEOA (34
where;
O o O dvo O ot (35)

In Equation(35), O ¢ is the image thatontains weak candidate membrane
pixels. In order to discriminate the weak membrane strustireen nonmembrane
structures the second assumption is assured by using the information that the
eigenvectors of the Hessian Matrix provide. In this method; eachmamled as In

the'O  binary image is marked as membranddth ofthese two conditions are
satisfied;

1. Ther exists at least ori® "1Q p within a neighbouringareadefined
by the input window withige nxn.

2. The similarity metric (S) of the eigenvector'®  afto andO "WQis
greater tharsimilarity threshold(which is set empiricallyjor at least one of
the 'O "tIQ in the nxn neighbouring windovaround the weak pixel
location O  afw).
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The similarity metric in theecond condition is defined as:

(08 "0d O oQ 2 Q
i Qd Qa W Qo
Q 240 s (36)
where;Q is the eigenvector that correspondshe greatest eigenvalue of the
Hessian matrix (Hyvhich isshown in Euation (37.
0 O ;
0 O (37

The members of the Heianmatrix shown in Equation (3are thesecond ordepartial
derivatives of) EE in the imagewhere i and j are the row and column of the image
pixel. The gradient ofthe pixel) EE through directios x and yarecalculated as in
Equation (38
"0 HQ 0GQ p  OEQ p 39)
"0 '3Q '0OQ phQ '0Q phQ
The second order derivatives asdaulated as in Equation (39
"0 WQ 0WQ p 0@ p (39)
"0 @Q O Q phQ O Q phQ
And the diagonal element® and’O is calculated as in Equation (40
'O W O "AQ "0 Q phQ O Q phQ (40

The process explained above is iterated until the desired performance is aabieved
explained in Figure@above
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CHAPTER 4

RESULTS

Introduction

Although the data obtained from the Cell Centered Database (CCDB) is a huge data
set i ncluding total of 24€80sbetse}, (bat yn
number of slices could be used because of the restrictions nsmgffe limited power

of processor and memory used -subdbhdat at s
two slices from the ficone su-do data set
selected and used for training of the neural networks. The tragtearks are tested

with slices that are not used during the training ph&ke.2D networks are trained

only with one single slice of training image while the 3D networks are trained with
stacks of neighbouring slices through z direction (thickness @indctwhere the
segmentation is done on the centring slice.

The image to be tested is transfornieb input vectors which are formed from the
intensity values of the pixels obtained with the input stencil window each input

window is paired with thearresponding target value which is tgeund truth In

order to evaluatthe performance of the networkset ri cs descri bed i n
Trainingo are calculated with the result
true positives, false positive, true negatives, and false negatives are computed by
comparing the resultant image and the relatedrgtdruth. Ground truth image is a

binary imag which is composed of positiyenembrane boundaries) and negative
(everything else in the imagk@belswhile the row output of the networkésntinuous

since the activation function in the output layer presduwalues between 0 and 1 where

avalue near to O corresponds to negative classification while 1 corresponds to positive.

In order to obtain the exact binary classification, a threshold operation is applied to the
output image. Although the balance betwéle@ number of positive and negative
examples used in the training may affect the selection of the threshold value used in
this step as discussedthre work by Middletor(Middleton & Damper, 2004Xhis is

ignored in this stug and a threshold value of 0.5 is used Hwany of thenetworks

trained.

4.1.Tests for Selection of Neural Network Parameters

As described in section fi3.1.3. Preparat
balance between the negative and positivaeler of training patterns are arranged so

that the trained networks do not tend to produce too much false negatitreswork

by Ciresan et alCiresan, Giusti, Gambardella, & Schmidhuber, 2GEHihe amount

of positive examles are randomly selected from all negative examples while in
another workJurrus, et al., 2013he number of randomly selected negative examples

are two times more than the positigres When the aim is to segment the cristae
membrane boundaries in electron microscopy images, using more negative examples
makes sense since there exists relatively much more negative examples that represent
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the nonmembrane pixels. In order to observe tffeat of the ratio to be used during

the training Figure48can be viewed where a specific network is trained with different
training sets which are composed of; (i) the same number of negative and positive
examples, (ii) the number of negative examptestiaree times more than the positive
ones, (iii) and all the negative and positive patterns in the images without decreasing
the number of negatives. In the case (i), the total number of examples are 2x48550; in
the case (ii) the number of negative exéaps 145650 (3x48550); and in the final
case the number of negative examples is 263430 while the positives are 48550. The
width of the network used here is 1 which means that the segmentation is done in 2D.
It is seen from the Figure that the best trosifive rate can be obtained with equal
number of positive and negative triaig examples are used (FiguredB8 But as true
positive rate increases false positive rate is also increaskss a result the minimum

false positive rate is obtained in Figui8-a.

Figure48. Results from the networks trained with different numbers of negative training examples.
Remarkable differenceseapointed with black arrows.oBitive examples = 48550 in all caséée
number of negativpatterns are; 48550 in (a), 145650 in (b), 263430 K®twork properties: Input
Stencil Size =15, Centring Square Patch = 9, Width = 1 (2D network); Hidden nodes = 55, Pixels
adjacent to positives are not used, balance ratio oftlorees andno ratiois used for training set in
row one, two, and three respectivgly.

The performaoe metrics can be seen in TableA3 described above, TPR decreases
as thenumber ohegative conditioned examples in the training set increases. Although
effectivity metric hasapproachedhe higheswvaluewhereall the negative examples
areused it will not be used during the preparation of training sets in the remainder of
this studybecause the TPR is too low to be acceptable while the aim of this study is to
segment the cristae membrane boundaries.
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Table3. Performance metrics of the networks traimgth different numbers of negative training
exampledor the comparison of the effect of the number of negative conditioned examples versus
positive ones. (The network properties: Input Stencil Size =15, Centring Square Patch =9, Width =1
(2D network); Hidden nodes = 55, Pixels adjacent to positives are nothadadce ratio of one,

three andno ratiois used for training set in row one, two, and three respectively.

TPR | TNR | precision | effectivity
NNZLiwl-15-HN55W1-B1-WOA 85% | 98% | 76% | 80%
NNZLiwl-15-HN-55W1-B3-WOA 79%| 99%| 83% | 81%
NNZLiwl-15-HN55W1-BalFWOA 77%|99%| 86% | 82%

I n section A3.2.2.1 Sedmemtaatdi NeruUailndiNeC!
was described that there are no gold standard methods in the literature for determining

the number of hidden layers and nodes while designinartiecture of the network.

In order to observe the effect of the number of hidden layers, two networks trained
under the same conditions (i.e: input nodes, activation functions, training set). The

only difference is that one of them has one hidden leydle the other one has two

hidden layers. The resultant imagesetworks can be seen in Figure 4t shall be

noted that the initial weights in the beginning of two training were not the same but

this can be ignored because each training is done fiim#8 so that the effect of the

weight initialization is discarded.

eL0:
oy

Figure49. The comparison of the result of one and two hidden layer netwarksne hidden layer, b:

two hidden layer)(The network properties: Input Sten8ilze =15, Centring Square Patch = 9, Width

= 1 (2D network); Hidden nodes in the first hidden layer=HiBiden nodes in the second layer = 10,
Pixels adjacent to positives are not used, balance ratio of one used for tsaij)ing

(b)
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From the Table #elow, it can be seen that no significant performance changePR
and TNRoccurswhile the effectivity performance is decreaséth additional hidden
layers.

Table4. Performance metrics of one and two hidden networks.fiFst one f first row) is trained
with one hidden layer while the second with two hidden layers. (The network properties: Input Stencil
Size =15, Centring Square Patch = 9, Width = 1 (2D network); Hidden nodes in the first hidden layer=
55, Hidden nodes in the seablayer = 10, Pixels adjacent to positives are not used, balance ratio of
one used for training set)

TPR | TNR | precision | effectivity
NNZLiwl-15-HN55W1-B2-WOA 79% | 99% [ 83% |81%
NNZiwl-15-HN155HN210-W1-B2WOA 79% [99% | 82% | 80%

In Figure50, two networks whose number of nodes in the hidden layer are different
from each other can be seen. From the results it can be seen that the increase in the
number of hidden nodes in hidden layer does not significantly affeciNkeand
effectivity performance of the netwotiutincreaseahe TPR metric for %0.5

F ;D'Q

Figure50. The comparison of the result of identical networks except whose number of nodes in the
hidden layer is different. The number of nodes is 55 in (a) arid @).(The network properties:
Input Stencil Size =15, Centring Square Patch = 9, Width = 1 (2D network); Pixels adjacent to
positives are not used, balance ratio of one used for training set)

The performance metrics in Tablesérifies the results seen in Figus@above.

Table5. Performance metrics of the networks trained with 55 and 20 number of nodes in the hidden
layer in the first and the second row respectively. All other parameters of the netwotke and
training set are identical. (The network properties: Input Stencil Size =15, Centring Square Patch =9,
Width = 1 (2D network); Pixels adjacent to positives are not used, balance ratio of one used for
training set)

TPR | TNR | precision | effectivity
NNZLiwl-15-HN55W1-B1-WOA 85% | 98% | 76% | 80%
NNZiwl-15HN-20-W1-B1-WOA 84% | 98% | 75% | 80%
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In Figure51 the effect of not using the negative patterns {m@mbrane) that are
adjacent to the positive examples (cristae membrane) during the training can be seen.
It is seenthat the method used in Figus@-b during preparation of the training set
effected theperformance of the training so that the network produced thicker
membrane boundaries when comgzhFigurebl-a. This result make sense because in

the training set prepared with the method in Fidiirb, there are no patterns that can
teach the network ndd mark the negative patterns that are adjacent to the membrane
boundaries and as a result these pixels are marked as membrane boundaries which
yields to highetruepositive ratesBut thenumber otruenegativesire decreasedlith

Owi t hout ealdsj6a caepnptr opai cxh

Figure51. Resultsfor the comparison of training without the adjacent pixels to positingg) the
result of the network trained with the examples including the negative ones that are adjacent to the
positive ones. In (b) the patterns mentioned in (a) are not included in training set of the n@terk.
network properties: Input Stencil Siz&5, Centring Square Patch = 9, Hidden nodes in the first
hidden layer= 55, Width = 1 (2D network))

The effect of producing thicker membrane boundaries can be seen ir6 Thatehe
true negative rate (TNR$ decreased for %The TPR increased dranclly so that
the effectivity metric is increasefbr %4 although the precision mat has been
decreased due to %ecrease in TNR.

Table6. Per formance metrics of the networks trained
fiwit hout adjacent pixels (WOA)O approaches expl ai
Size =15, Centring Square Patch = 9, Hidden nodes in hidden layer= 20, Width = 1 (2D network))

TPR | TNR | precision | effectivity
NNZLiwl-15-HN20-W1-B1 73% |99% [ 79% |76%
NNZLiwl-15-HN20-W1-B1-WOA 84% |98% | 75% | 80%
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Another important issue is to select the size of the input window which indeed defines
the number of elements in the input layer of the network trained. imd®@g a basic
comparison of two networks one of which is trained with a relatively smaller size of
input window than the other one.
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Figure52. The result of the networks trained in order to reveal the effect afpléewindowsize.
The size of the input layer is 41 in (a) and 97 in (b). (a) and (b) are the resultant images and (c) and (d)
are related input windows used to obtain the input vegfdh& network properties: Hidden nodes in
hidden layer= 20, Width = 1 (2D network), Big adjacent to positives are not used)

It seems there is no significant difference between the network trained with the smaller
seized window and the other one. This result is can be obseitvetthe metrics seen

in Table 7 This result reveal that theput window covering around 9 pixels contains
enough information for segmenting the membrane boundaries.
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Table7. Performance metrics of the networks trained with the use of small and large input stencil
windows where input steilgize is 9 and centring square patch is 5 in the first row and input stencil
size is 15 and centring square patch is 9 in the second row (The network properties: Hidden nodes in

hidden layer= 20, Width = 1 (2D network), Pixels adjacent to positivesoanesed)

TPR | TNR | precision| effectivity

NNZLiwl-9-HN-20-W1-B1-WOACP5 84%| 98%| 78% 81%
NNZLiwl-15-HN-20-W1-B1-WOACP9 84% | 98%| 75% | 80%
As described in section nA3.1. 3. Preparat.i

networks that have the same architecture are trained with the training sets that were
prepared with two different input window shapes (square and stencil patch) imoorder
observe the effect on the classification performance. Almost no change is observed in
the performance except little changes as marked with black arrows in Egure
although additional 16 input features are used with the use of input stencil window
during the training phase.
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Figure53. The result of the networks trained in order to determine the effect of stencil window
approach. The sizd the input layer is 81 in (a) and 97 in (b). (&) and (b) are the resultant images and
(c) and (d) are related input windows used to obtain the input ve€Tbes network properties:
Hidden nodes in hidden layer= 20, Width = 1 (2D network), Pixels adjtazgositives are not used)
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The situation observed in Figus& above can be viewed in Tal8eThe test results
show that stencil window approach do not increase the performance of the network

Table8. Performance metrics of tmetworks trained with the use of stencil and square window
approaches where input stencil and centring square patch size is 9 in the first row and input stencil
size is 15 and centring square patch is 9 in the second row. (The network properties: biitidein n
hidden layer= 20, Width = 1 (2D network), Pixels adjacent to positives are not used)

TPR | TNR | precision| effectivity

NNZLiwl-9-HN-20-W1-B1-WOACP9 84%| 98%| 78% 81%
NNZiw1-15-HN-20-W1-B1-WOACP9 84% | 98%| 75% 80%

Electron Microscopy Tomography imaging provides 3D volumetric data that contain

many information that would make the performance of the cristae membrane
segmentation better as mentioned - in secti
Di me n s i Fgare5d, twoitlentical networks one of which trained with a training

set obtained from single 2D slices while the other one is trained with volumetric data

with a width of 5 slices. Networks trained with 3D data are better at segmenting
disconnected membrane boundaasswell as not segmenting darker boundiey

norrmembrane regions as seen from the figure below.

@ (b)

Figure54The compari son of 2D (aeiganetgork&dnedwith2®eimgles 6 r esul t s
slices. (b) is a network tnaéd with5 slices ofvolumetric 3D data(The network properties: Input
Stencil Size =15, Centring Square Patch = 9, Hidden nodes = 55, Pixels adjacent to positives are not
used, balance ratio of one is used).

The performance metrics of the networks trained above verifies the inferences made
from the resultant images. In Table @ is seen that both the precision and the
effectivity metrics are increased. Also the TNR is increased for %1. It shall be noted
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thata very small change in TNR corresponds to a very big change in the performance
of the network when compared to TPR since there exist alrtbstdes more negative
patterns than positive ones in a test image. With the use of advantage of 3D volumetric
dat, all four performance metric have reached the best performance.

Table9. Performance mgts of the networks trained with 2D versus 3D training ddthe network
properties: Input Stencil Size =15, Centring Square Patch = 9, Hidden nodes = 20, Pixels adjacent to
positives are not used, balance ratio of one is used).

TPR | TNR | precision| effectivity

NNZiw1-15-HN-20-W1-B1-WOACP9 84%| 98%| 75% 80%
NNZLiwl-15-HN-20-W5-B1-WOACP9 84%| 99%| 81% 82%

4.2. Quantitative Evaluation of Results

There exist various segmentation techniques and proposed methods in the literature as
reviewed in sectiomi2. 1 | mage Segmentationodo and A
Aut omati c Mi t ochondr i a BatmsegmeGtationsdf EMT Se gm
images by means of neural networks gained importance because they produce
promising results in the studies likEiresan, Giusti, Gambardella, & Schmidhuber,

2012) (Jurrus, et al., 2013and(Jain, et al., 2007, October)

In the previous section, the effort made in order to select the estthvé and the
parameters of the network to be trained is explained. Once the architecture is selected
and the parameters are determined, the data set to be used for training is prepared as
described in section A3.1.8ndPTe@ithemag © on
training set preparation phase, a challenging problem arose: Determination of the
balance ratio between the negative and positive samples in the trainitigiset.
common approach to train the networks with same numbers of pasitivaegative
examplegCiresan, Giusti, Gambardella, & Schmidhuber, 20R)rrus, et al., 2013)

But since each class is not equally represented in the testing data, the networks trained
with this approach tend to overestimate the membrane probaffllitgsan, Giusti,
Gambardella, & Schmidhuber, 201@sulting with low TNR while maximizing the
TPR.As there exist much more numbers of negative pixetse images aintkto be
segmentegequal representation of two classes in the training set approach yields to a
decrease in the effectivity metric due to the decrease in the TNR metric. The TNR
performance can be reached to an acceptable value with increasing the nofimbers
negative examples in the training set. But this time the TPR performance deaseases
FNR is increasedln Table 10 the numbers for the classification results of two
networks where the one in the first row is trained with equally representation of both
classes. The second network is trained with three times more number of negative
examples than positives. As seefith the use ofhree times more number of negative
examples than positivésthe training se& number of 80true positive classifications

are sacrificed in order to obtain a number &2 @noretrue negativelassifications
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Tablel0. Results of two networks trained witifferent number of negative examples. The first row;
equal repesentation of two classes and the second Botimes more representation of negative
examples in the training set. (Note that a threshold value of 0.5 is used.) (The network properties:
Input Stencil Size =15, Centring Square Patch = 9, Hidden nodesi@b, = 5 (3D network),
Pixels adjacent to positives are not used).

TP [TN FP [FN
NN Ziw1-15-HN-20-W5-B1-WOACP9 | 9320| 170737/ 2148 1811
NN Ziw1-15-HN-20-W5-B3WOACP9 | 8440| 171789| 1096 2691

The threshold value applied (0.5 (1ig870-255] range) in th&able 10above) can be
arranged as a solution to i nc4Hdwé&-a5HB- t he
200W5-B3-WOA-CP 9 0 . | f 499 is aded ér tlwdsholding then the
classification table for the second network (NMAL-15-HN-20-W5-B3-WOA-CP9)
becomes as seen in Table 1tlis seen that the adjustment of threshold value is not a
solution to this problem since the network produces more false positives although the
number of true positives are equalized.

Tablell. The efct of thresholding operatio@lassification results of the network in Talile@above
when threshold value is set to 199. (The network properties: Input Stencil Size =15, Centring Square
Patch = 9, Hidden nodes = 20, Width =5 (3D network), Pixels adjaz@ositives are not used).

TP |[TN FP [FN
NNZiw1-15-HN-20-W5-B3WOACP9 | 9318 170711 2174| 1813

In Figure55, the resultantmages of the networks in Table 4Bove can be seert.i$

seen that the cristae boundaries that relatively easy to discrinmnétie original
image in Figuré5-acan be strongly segmented in both cases. But the problem arises
for the ones that are represented with a very weadtignt (almost imisible) orseem
totally obscure In EMT images this may occur isome portion of membrane
boundaries. These portion of membraae=also produced as weak boundaries in the
output continuous images of the network. Detection of disconnected boundaries that
usually are represented with weak values is a very challenging profleis
phenomenoran be observed in Figus&i (c) (red arrows) In Figure55-c, the result

of the network trained with the set in which there exist three times more number of
negativeexamples than the number of positices be seerThe red arrows in Figure

55-c show the boundaries where the network could radyare strong enough results
when compared to boundarigs Figure 55-b in which the networkis trained with

equal represertian of both classesThe boundaries arelassified with stronger
intensities (red arrowsn Figure55-b. But this time many pixels that belong to ron
boundary regions are represented with more probability for belonging to membrane
boundary regiongshown with blue arrows in Figuéb).
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Figure55.The comparison of result images of two networks. (a) the original image to be segmented,

(b) the result of network trained with equal representation of two classes in the tegihargl (c) the
result of network trained with three times more representation of negatives in the trairfitgeset.
network in b and ¢ are NNitv1-15-HN-20-W5-B1-WOA-CP9 and NN4iw1-15-HN-20-W5-B3-

WOA-CP9 respectivelywhere NN1iw1-15HN-20-W5-B1-WOA-CP9represents the network

properties: Input Stencil Size =15, Centring Square Patch = 9, Hidden nodes = 20, Width =5 (3D

network), Pixels adjacent to positives are not used, balance ratio of one is used amd NISTHN-

20-W5-B3-WOA-CP9 represent the sametwork except balance ratio of three is uged.

As seen in Figuré5 above, the etworks produce continuous outputs since the
activation function in the output layer is a continuous differentiable sigmoid function.
It is a common approach to apply thresltagy operation to the outputs of the networks
in order to obtain binary classification results of the netwMKsle the determination

of the threshold value cabe done by means of different adaptive methods or
polynomial posfprocessor functionCiresan, Giusti, Gambardella, & Schmidhuber,
2012) in this study empirically determined threshold valusedn order to obtain
binary resultsThe threshold application is shown in Eq (*) below.

o~ ph Ody Y

G 1 OEAOXEOA @)
where T is the threshold valaedOafto  p represents the negative (Rbaundary)
classificationsSince a value of 0 (zero) is an absolute boundary (%100 positive) with
zero probability of belonging to ndroundary region in theontinuous output images,
the number of positives increase as the threshold value T is incréasadesulthe
selected threshold value determinesliblance between TPR and TNR perfanoe
of the network. In Figur&6 below, the binary results obtashevith the application of
different thresholds can be sewhere the threshold value is increased from left to
right. As the threshold value is increasatdich more number of pixels fall behind the
threshold value so that the number of positivekedupixds increase. In Figurg6-a,
some wealor disconnectethoundaries are marked as negative wiml€igure56-c
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many of them are markess positive But as theweak or disconnected boundaries
marked, the number of false positives are increased.

(a) (b)

Figure56. The effect of threshold operation on the performance of detecting weak or disconnected
boundaries. The threshold values used are 100, 127, &ndsf#ectively. The network (NN1iw1-
15-HN-20-W5-B3-WOA-CP9) properties: Input 8mcil Size =15, Centring Square Patch = 9, Hidden
nodes = 20, Width = 5 (3D network), Pixels adjacent to positives are not used, balance ratio of three is
used

It shall be noted that the weak boundaries mention above are the membranes that are
almost invsible on the original image. The 3D neural networks trained are capable of
detecting the sersweak membragboundaries as seen in FigbiEbelow.
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Figure57. The neural networks can successfully detect sesaik boundaries.

A specialapproacHor the posiprocessing phases a substitute of threshold operation

is proposed in order to overcome the problems raised afeerethresholding is used.

With this method, iis aimed to increase the number of true positives vigtping

the increase ithe number of false positives relativébyv. The method as explained

i n A S e chiractomal H8ssiahRidge Gr o w iiterajively enlarges the strong
boundaries through the ridge direction so that the weak boundaries that cannot be
detected with basic threshold operation can be segmented.

As the method needthe selection of parameters like two threshold values for
hysteresis thresholding, similarity metric threshold, input window size, and number of
iterations; many experiments are done and the values for related parameters are
determined empirically.

In Figure 58 below, a comparison of the proposed method lwarseenin (b), the

bi nary image in which thresholding is apftg
one can observe from the comparison between the ground truth image in (d) and (b),
many boundaes cannot be detected and a couple of cristae seem to be disconnected.
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The application of directional growing method almost connected the big gaps on the
disconnected regions of cristae.

Figure58. The comparison of the performarmghresholding and directional growimgethods. (a);
the original output of the network, NN#v1-15-HN-20-W5-B3-WOA-CP9. (b); the thresholded
image with value, 127. (c); the resultant image after directional growintgpehejpplied with the

parameters; thresholds for hysteresis thresholding: 40 @hdnplit window size: Bsimilarity metric

threshold: 0.88, and number of iterations: 3@l) is the ground truth image.

In Figure59 below benefits of the method can beeatsd much clearly that the small
gaps between disconnected cristae boundaries are filled and the cristae which are
disconnected with big gaps are almost connected.

While the gaps betweerhe disconnected cristae boundaries are filled with this
method still the method can produce false alarms in the areas where the output of the
network fall behind the threshold with which the strong boundaries are selected. The
method may cause to grow these regions.
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Figure59. Detail view ofthe resultsisown in Figure 580n the left side the results of thresholding
method is seen. On right side it is seen thabthendariesmreconnectedr at least big gaps are closed
with the proposed metho{Results fronNN1-iw1-15-HN-20-W5-B3-WOA-CP9network is used)

One way to make a fair comparison between the thresholding operation and the
directional growing, the threshold value can be arranged so that the number of true
positives in the ttesholded image become equalite number of true posigsin the
directional growing result. The threshold value that produces almasanthe number
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of true positives is determined empirically (th€19Vhen parameter of both methods
are set to produce the same number of TPs, it is clearly seen that ttiorhite
growing method over performs the thresholding method as seen inlPaivid Figure
59.

Table12 The comparison of directional growing method versus basic thresholding-i{ikNI5-
HN-20-W5-B3-WOA-CP9network is used for both of the resdl{fParameters of directional growing
method: thresholds for hysteresis thresholding: 40 (strong boundaries) and 210 (weak boundaries),
input window size: 5, similarity metric threshold: 0.84, and number of iteratBihs

TP | TN [ FP [ FN
NNZ1-iw1-15-HN-20-W5-B3-WOA-CP9
Thresholdvalue = 199 9318| 170711 2174|1813

DirGrow-thH-212-thL-40-iw-5-sim-0.828 | 9323| 170883 2002| 1808

In Figure 60, the first two images are obtained by means of thresbpétation

(threshold values 199 nd 127 respectively) imageathe net wor
the very right sidef the figureis obtainedoy means of directional growing method.

Figure60-(a) and (c) has the same number of true positives (~1034t@x) produced

a much more noisy and dirty result which includes significantly much more false

positives.The coloured boundaries seen intermittently on cristae membaamdise

ground truth of the image and shows the regions that could not be detected.

Figure60. A fair comparison between threshoithéges ina & b) and directional growinfimage in
¢) methodswhere the coloured boundaries are the ground truth markings and black boundaries are the
produced segmentatian@ hreshold valug199& 127 respectivelyNN1-iwl-15-HN-20-W5-B3-
WOA-CP9network is used for all of the resulBarameters of directional growing method: thresholds
for hysteresis thresholding: 40 (strong boundaries) a@d#éak boundaries), input windosize: 5,
similarity metric threshold: 028, and number of iterations: 30.)
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As mentioned in the beginning of thekapter, equal representation of two classes in
the training set maximizes the effectivity metric defined in the previous chapters. But
it was also shown that the TNR is decreased while TRRamized.Figure61 can

be viewedm order to compare the result of best performing neuralankt(by which

the effectivity metricis maximized)with the results obtain from direction growing
method. It is seen from the figure that theultsof directional growing metho@vhich

is shown in Figuré1-b) are better fronthe resultwhich is shown in Figurél-a)
obtained with the best performimgtwork (NNtiw1-15HN-20-W5-B1-WOA-CP9)
especially for connecting the disconnected membrdreggons pointed with red
arrows) Also as seen in the regions covered with red sketches, the directional growing
met hod produces muc hasdthelTHRRr er 6 resul t s

(a) (b)

Figure61. The canparison of the results of the best performing network (a) and directional growing
method (bwhere the coloured boundaries are the ground truth markings and black boundaries are the
produced segmentations.hd@ network in (a) is NNAw1-15-HN-20-W5-B1-WOA-CP9, the
threshold value used is 127. The network in (b) is NMIl-15-HN-20-W5-B3-WOA-CP9 and
parameters of directional growing method are; thresholds for hysteresis thresholding: 40 (strong
boundaries) and 210 (weak boundaries), input window size: 5, similarity metric threshold: 0.828, and
number of iterations: 30

As Figure61 above reveals theenefits of directinal growing method, from Table 13
below, it is seen that the directional growing method increases the effectivity and
precision metric witlonly a value of %1. If Figurélis investigated in detail, one can
see that the boundaries guwed by directional growing method are thicker than the
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networks output since the regional growing occurs also on the edges of detected
boundaries. This increases the number of false positives and approximates the
performance of two methods.

Tablel13. Binary classification results of the best performing network and directional growing

method.
TP FP | TPR | TNR | Precision| Effectivity
NN1-iwl-15-HN-20-WS-B1- 9320 2148 | 84%| 99% | 81% | 82%

WOA-CP9

DirGrow-thH-212thL-404W-5- | g353| 5002 | 849%| 9996| 82% | 83%
sim-0.828

In Figure 62 below the results of the algorithms applied to an example from the

cone.suldata set can be seen. It is seen that while the result of the neural network

produces satisfactory results for segmenting the cristae membrane, it also produces

many false positives. The directional growing method decreases the number of false
posivesad produces much more O6cleanerd resultan

Figure62. Resultsfrom conedata set(a) is the original imaggrom cone data set amttained by
means of cropping around mitochondria inner membrane) that is used as input to the trained network
which produced the result in (c). (i8)the ground truth image and)(d the result of directional
growing method which used the grayscale iogrof the network result seen in (c).
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