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Abstract

The identification and confirmation of protein irdaetions significantly challenges the
field of systems biology and related bio-computadioefforts. The identification of
protein-protein interactions along with their sphtind temporal localization is useful for
assigning functional information to proteins. Flescence microscopy is an ideal method
for assessing protein localization and interactiass number of techniques and reagents
have been described. Historically, data sets obthirom fluorescence microscopy have
been analyzed manually, a process that is both tomsuming and tedious. The
development of an automated system that can mediserécation and dynamics of
interacting proteins inside a live cell is of higiriority. This paper describes an
automated image analysis system used to identifptanaction between two proteins of
interest. These proteins are fused to either GFdgorescent Protein (GFP) or DivIVA,
a bacterial cell division protein that localizesth® cell poles. Upon induction of the
DivIVA fusion protein, the GFP-fusion protein iscreited to the cell poles if a positive

interaction occurs.

There were many problems that came into the pictiumeng the development for an

automated system to identify these positive inteyas. There were basic segmentation
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Abstract

and edge detection problems and the problems cagedclusion bodies (will be

discussed in the sections to follow). Different ¥umoprocedures to obtain thresholds, and
edges were evaluated and the apt ones for oursasiahgre implemented. A proper flow
of advanced image processing and feature extraatgorithms was laid out. These steps
were used to analyze the datasets of acquired snagarious methods applied are
discussed in detail. The experiments conductedgaleith the results generated are
discussed extensively. A statistical feature setduso quantify the image based

information and to aid in the determination of @ifige interaction is developed.

Various image processing and feature extractioardlgns used to analyze fluorescence
microscopic images were also applied to Atomic éongicroscopic images with a few
modifications. There was a basic problem of unelankground noise and this was
removed using a common procedure that is usedntowe uneven illumination in DIC
images. These AFM images were analyzed and qudntigeng numerical descriptors

defined during the analysis of fluorescent micrgscamages.
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Chapter 1

Introduction

This thesis is the result of work in the field afagtitative automated image analysis of
fluorescence and atomic force microscopic imagescus was channeled towards
development and implementation of robust algorithionsguantitative feature extraction

enabling the automated image analysis of variolis aad their structure.

1.1. Motivation

Knowledge of the cell its structure and its funotibty forms the basic motivation of the
field of biotechnology. A “proteome” is defined e total set of proteins expressed in a
given cell at a given time and ‘Proteomics’ reféosthe science and the process of
analyzing and cataloging all the proteins encoded lgenome. Functional and location
proteomics with their high content information &veolutionizing current research in the
post genomic era [Dav 04]. A Protein is charactstidy its structure, sequence,

expression level, activity and location. The logatof a protein in particular is pretty
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Introduction

useful in understanding its function. An area ajtpin characterization that is still in its
fledgling stages but likely to be extremely useifulthe post-genomic era is that of
protein sub-cellular localization that essentialgscribes the location within a particular
cell type where one finds a given protein. The pajl@ where the protein is located gives
a context for it to carry out its role. Each ordémerovides a different biochemical
environment that influences the associations thatodein may form and the reactions

that it may carry out. Thus the knowledge of suatactould be invaluable to us.

The identification of protein-protein interactiorsong with spatial and temporal
localization data is vital for assigning functionaformation to proteins. There are
greater than 30,000 genes of the human genomehagydate speculated to give rise to
about 1x168 proteins through a series of post-translationaldifizations and gene
splicing mechanisms [Pen 03]. Majority of them expected to operate in concert with
other proteins in complexes and networks to orcagstthe myriad of processes that
impact cellular structure and function. Implicasoof these studies are based on the
premise that the function of unknown proteins maydscovered if captured through

their interaction with a known protein target oblkwn function.

Undertaking a comprehensive study of protein laediion and interactions typically
involves the analysis of huge datasets of imagestottally, these datasets have been

analyzed manually, a process that is found to lghlyibiased, time consuming and

-2-
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inconsistent. Thus the explosive need for automaipproaches to experimentally
identify positive protein-protein interactions aodalizations is exposed. The motivation
is thus to develop software with generic algorittmautomatically quantify and analyze

image based information.

1.2. Objective

The objective of work leading to this thesis wasatdomate the process of identifying
positive interactions between two proteins of iegin fluorescence microscopic images.
These proteins are fused to either Green fluorégwetein (GFP) or DivIVA, a bacterial
cell division protein that localizes to the celllg® [Din 02] . Upon induction of the
DivIVA fusion protein, the GFP-fusion protein iscreited to the cell poles if a positive
interaction occurs. This included the use of emgstalgorithms in image analysis and
when required, the development of a sequential amaibn of techniques to obtain

satisfying results.

A significant part of the algorithm development wdesvoted to various preprocessing
steps used to define cell boundaries and segment fftom background. This appended
with advanced feature extracting algorithms weredu® assemble a complete chain of
processing steps to obtain an automated systembleap# identify positive protein

interactions in fluorescent microscopic images. T¢wmme algorithms with minor
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modifications were used to extract quantitativelaites of a specimen under study from

atomic force microscopy images.

1.3. Contribution

The current thesis works contributions are focusedhe field of automated image
analyses for fluorescent microscopic images andnigtdorce microscopic images.
Contributions pertaining to the specific reseanehas follows:
» Using the Differential interface contrast (DIC) igeato define cell contours and
corresponding localized image enhancement of tlhedkcence image.
» Successful statistical feature extraction.
» ldentify and quantify positive protein localizatispots.
» Extending the same algorithm with a few modificaioto images from other
modalities (AFM).
* A logical way of avoiding the problem of inclusidodies in automating the

process for this specific case.

Combinations of various known techniques are engaojo obtain image based

statistical parameters attributing the specimereustudy.
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1.4. Thesis outline

The thesis is organized as follows: chapter 1 stsof the basic objective, motivation
and contribution of this thesis. Chapter 2 givésiaf background for the work done with
a focus on the basic biology required to understaedwork and the different types of
microscopy and some amount of detail on digital gemanalysis. It is followed by

chapter 3 that describes the various method emgloyéhe work and the materials used
for the same (will elaborate after writing the cteap Chapter 4 contains the results
observed during various stages of the work andolkved by chapter 5 giving

concluding remarks that includes the discussiarsidlts and future work in the field.



Chapter 2

Background

2.1. The cell

The structure and composition of living organisnayvvastly, from a single celled

bacterium to complex multi-cellular organisms withfferentiated cell types and

interconnected organ systems. There are myriacgmsgsthat act in concert with each
other to produce and sustain a living organismcabse cells are the ‘basic units of life’,
the study of cells, cytology, can be considered ohdhe most important areas of
biological research. Though we have known abous det over three centuries, we are
still discovering new structures and moleculeshient. The knowledge of these various
organelles and their respective functions has lleercynosure of much research in the

last few decades.
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Figure 2.1. An animation of the cell [Hus 95]

Figure 2.1 illustrates the various parts of a deflormation required by a living cell to

exist resides inside the “nucleus” of every celiese instructions tell the cell what role it
is to play in the body. They are in the form of alecule called the De-oxyribonucleic
acid (DNA) that acts like a blueprint with a setimdtructions. A DNA strand is made of

letters which form words and which in turn form sa1tes. Such sentences are “genes”.

Genes are instruction manuals for the body as ¢beyain the directions for building all
the proteins that essentially make our body fumctiStudy of genes, Genomics, has
gained high prominence as it allows a means of toacting biological pathways by
integrating information in order to identify keyraponents within those pathways. Each
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DNA fragment is one gene and each gene has a mpewfruction to carry so as to

produce a protein.

Proteins are responsible for every function of th @ed are very small and are usually
difficult to see even with the best microscopesiath Specific machinery inside the cell
reads a gene and creates a ribonucleic acid (RMN&tydime there is a need to produce a
protein. RNA moves from nucleus to cytoplasm andcemehthe protein manufacturing
machinery - Ribosome, reads the message and podym®tein as per the specifications
sent out by the gene. Thus to make one proteinneedl a number of other highly

specialized proteins and thus the humungous nuofljoteins.

The identification of protein-protein interactiorsdlong with spatial and temporal
localization data is vital for assigning functionaformation to proteins. There are
greater than 30,000 genes of the human genomehagdate speculated to give rise to
about 1x18 proteins through a series of post-translationaldifications and gene
splicing mechanisms [Pen 03]. Majority of them arpected to operate in concert with
other proteins in complexes and networks to orchsstthe myriad of processes that
impact cellular structure and function. Implicasoof these studies are based on the
premise that the function of unknown proteins maydiscovered if captured through

their interaction with a known protein target ookmn function.
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2.2. Microscopy

2.2.1. Fluorescence microscopy

The fluorescence emitted when a cell exposed twdkcent dyes tagged to biologically
active contents of it, like the proteins, is a veandy tool to observe and analyze various
reactions and interactions. This is callfdorescence microscopyand the study of
protein interactions is a field where this procedbecomes very useful and is gaining a

high priority [Dav 04].

The first compound light microscope, invented byclZaias Jansen in 1595, has gone
through enormous evolution. The modern light micope is a versatile instrument for
microscopic analysis. The construction of the firspi-illuminated fluorescence
microscope by Ploem, made the light microscope edulisnstrument for fluorescence

microscopy. Figure 2.2 illustrates a schematic wide-field fluorescence microscope.

When fluorescent molecules absorb a photon of aifsp@nergy for an electron in a

given orbital, the electron rises to a higher epdeyel which is a highly unstable state
for an electron. Thus, it tries to come back todheund state by releasing energy in the
form of light and heat. This emitted light is flescence. In this procedure, cells are
tagged with a fluorescent dye like the Green Flsoeat Protein (GFP) and then

illuminated with filtered light. Light emitted frorthe dye is viewed using a filter. Thus,
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Figure 2.2. Schematic diagram of conventional wide-field fluorecence

specific parts of a cell can be viewed by taggihgm with specific fluorescent dyes
allowing for a quantitative evaluation of multiplparts simultaneously. In epi-

illumination, the illumination of the sample andettetection of its emitted fluorescence
light are done using the same objective lens. ®tisngly reduces penetration of
illumination light in the detection light path, vdhi makes the detection of the weak
fluorescence light feasible. A strong charactarisfi the epi-fluorescence microscope is
its wide-field illumination, which enables the siltameous imaging of the entire focal

plane. Modern scientific grade fluorescence miaopss are excellent tools for acquiring

microscope [Kem 99]

microscopic images of two dimensional samples witdiscriminating power of well

below one micrometer. The wide-field illuminaticuris out to be a major drawback of
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the microscope. Since the whole sample is illun@daimultaneously, it will not only
excite fluophores in the focal plane but also ia tlut-of-focus regions of the sample as
well. When a fluorescence sample is illuminatechvight of the proper wavelength (in
the absorption spectrum of the fluorescence moésgulit emits light of a longer
wavelength. This emitted light can then be deteatndg, for example, a CCD camera. A
camera will acquire a two-dimensional image of thitted light intensity. The
acquisition of both the in-focus and out-of-focught, results in poor resolution of a
conventional wide-field fluorescence microscopengldhe optical axis which, can be

overcome by various de-convolution techniques [Bigle

2.2.2. Atomic force microscopy

AFM has found extensive use in many areas of cellraolecular biology as it is one of
the most powerful tools for determining the surfamgology of bio-molecules at a sub-
nanometer resolution [Jur 96]. Unlike X-ray crykigtaphy and electron microscopy
(EM), the AFM allows bio-molecules to be imaged rmily under physiological

conditions, but also while biological processesatrevork. AFM operates by measuring
attractive or repulsive forces between a tip arel shmple [Bin 86]. In its repulsive
"contact” mode, the instrument lightly touches @ &t the end of a leaf spring or

"cantilever" to the sample.

-11 -
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Figure 2.3. Atomic force microscope schematic [Mic 03]

As a raster-scan drags the tip over the samplee sam of detection apparatus measures
the vertical deflection of the cantilever, whicldicates the local sample height. Thus, in
contact mode the AFM measures hard-sphere repulsioes between the tip and the

sample. Figure 2.3 illustrates a schematic of amid¢ force microscope.

In non-contact mode, the AFM derives topographiages from measurements of
attractive forces; the tip does not touch the sanjplb 91]. An AFM can achieve a
resolution of 10 pm, and unlike electron micros&@an image samples in air and under

liquids.
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2.3. Literature review - automated sub-cellular localizaion

The technique used to develop applications sucbubscellular protein localization of
late is drawn from the fields of fluorescence msoapy, pattern recognition and machine
learning. The goal is to develop methods that alfowthe numerical description and
subsequent classification of the patterns founfiumrescent light microscope images of
cells. Such images are obtained by labeling onenore sub-cellular structures with
fluorescent dyes and then collecting images oféiselting pattern of fluorescence using
a microscope, which in turn leads to the problendedcribing these patterns in a way

that is acquiescent to further processing [Bol 97].

There are quite a few advantages of automated alildec localization. The most
important being that the quantitative descriptibmnmages facilitates standardization that
was not previously possible. An immediate comparisd a new pattern with many
existing patterns from the database so construmettd be of immense potential. The
same goes with studying protein-protein interaciofVe would be in a better position to
obtain an insight into the complex protein intei@ctand localization mechanisms with

such a system at our disposal.

Initially, Zernike moments [Zer 34] and Haralicktere [Har 79] features were used to
guantify images, as they were invariant to trammtaénd rotation of the cells within the
filed of view. They would also serve as a completgneral set of descriptors and allow

-13 -
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adding additional image classes without redesignthg basic feature set. The
classification system then used with the featuras avclassification tree, as implemented
in S-Plus (Mathsoft Seattle, WA USA) tree() funatid his implementation was based on
Classification and Regression Trees (CART) and s$keeond classifier was back
propagation neural network and was implementedguBiDP++. The image feature data
were separated into distinct training and test setas to assess the performance of the
two classifiers. The classification tree had arnuaacy of 69% [Jur 9GBol 97] and the
back propagation network was accurate to about B4¥06] [Bol 97]. Chinese Hamster

Ovary (CHO) cells were used for experiments in Fir[Bol 99].

When the above procedure was applied to a largetbeu of patterns in HelLa cells,
many of the patterns could not be distinguishecenrim [Bol 01], a set of new features
were added to the existing list to address thelemgé of distinguishing all major classes
of localization patterns. Various image processmgines were carried out using various
MATLAB functions but the single cells still are isted by manually defined polygons.
The new feature set that was added comprised opmétogical and statistical features.
Classification was carried out by using back-pr@tieg neural networks (BPNN) using
the NETLAB (http://www.ncrg.aston.ac.uk/) scripter f MATLAB. The mean and
standard deviation of the training data were useabtrmalize the train and test sets. One
of the most vital steps in pattern recognition s appropriate choice of features to

represent an image. In an attempt to optimize éimees a subset of features was selected

-14 -
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from the available ones by employing the stepwisertninant analysis [Jen 77] using
the STEPDISC function of SAS (SAS Institute, Ca¥{;, USA). Neural networks were
chosen owing to the failure of other approachetudiog linear discriminant analysis,
decision trees, and k-nearest neighbor classifiére. classifier so described in [Bol 01]
was able to correctly recognize 83% of previoushgaen cells and 98% accuracy on

homogeneously prepared cells.

Later, in [Hua 02], a pattern analysis method tmpare sets of fluorescence microscope
images was developed essentially to evaluate tfferetices in protein sub-cellular
distribution in an objective fashion. They presedrdéemethod for quantifying changes in
sub-cellular protein distributions and applied ansliard statistical test to determine the
significance of those changes. In that work, thraesaet of features discussed previously
were used to compare two sets of images (e.g. éefod after treatment with a drug)
with the task being to determine if these matrivesre statistically different. A
multivariate statistical approach called the Hatgll T>-test was used for the above
defined purpose. The system so developed in [Rpquds able to distinguish between
two sets of images that were previously indistisgable by visual analysis and also

could identify situations in which two patters shiogvthe same distribution.

A Protein Sub-cellular Image Database (PSLID) wascdbed i® that collects and

structures 2-D through 5-D fluorescence microsciopgges, annotations, and derived
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features in a relational schema. Image interpatatvas achieved using Sub-cellular
Location Features that have previously shown capalblrecognizing all major sub-
cellular structures and of resolving patterns ttetnot be distinguished by eye. The
paper used previously devised numerical descripimrsompare and classify protein
patterns. The previous work was incorporated into SLIP

(http://murphylab.web.cmu.edu/) to provide a corhpresive application incorporating
relational database machine learning and statisinfarence. It was an example of

applying data mining on top of a relational dat&basd achieving query interpretation.

An improved set of numeric features for descrilimgges that are fairly robust to image
intensity binning and spatial resolution was ddxdiin [Mur 03]. The features were
used to train neural networks and were validatedhayfact that they can accurately
recognize all major sub-cellular patterns with aacy higher than those reported earlier.
The features were subsequently used to create aedulbar location trees that group

similar proteins and provide a systematic frameworldescribing the same.

Results obtained for multi-cell images were desatilin [Hua 04], thus suggesting a
classification technique for sub-cellular pattemmgissue images. Since texture features
essentially represent repetitive local patternsamimage, they are invariant of the

number of cells and should also work for partidlsce
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2.4. Image analysis

The human visual system is quite complicated akag a continuous transfer of
information between the system itself and the brAmimage captured by the eye is sent
to the brain for analyzing the same. The brain y@®s and interprets data from the
image. The field of machine vision deals with tlevelopment of a system to replicate
the above described one. The visual system can nexkellent qualitative and
guantitative judgments from a field of view. To é&p a system with similar attributes
along with actual numerical descriptors accentgatite quantitative judgments made by
it is the basic driving force for the work descdbi@ this thesis. For example, a human
visual system can count the number of cells inva@mimicroscopic image and probably
identify positive protein interactions with some @mt of pre determined knowledge.

How do we make a machine do the same for us?

A digital image represents an image as an arraynuwhbers. It could be a two-

dimensional array like an ordinary gray scale petwr a three-dimensional array like a
stack of images combined together to give voluniermation. There can be a four-
dimensional image with a time series of images Withfourth dimension being the time
itself. There are images that represent wavelerighshe color image that comprises of
three different images in three channels: the rgaten and the blue channel,

corresponding to the fact that the human eye retias three cones to sense color.
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Though higher dimensions are not common, the ustrek-dimensional images has

become quite a common feature in the field of #sgcence microscopy.

Each element of a 2D array is called a ‘pixel’ (sHform for picture element) and the
corresponding terminology for a 3D image is a ‘MboXeolume picture element). The
process of manipulating an image is called imagegssing where the input image is
changed to suit the needs for a particular analy$is basic difference between an image
processing system and an image analyzing onetigeinoutputs as the former gives out
an improved image and the latter has a set of noalefata attributing the input image.
There are various image analysis problems but pftenst of them share common
formulations and solutions although the specifigoathm used maybe quite different.
The methodology employed remains mostly consistemtjuding in general six
processing stages: sample preparation, image #onguismage pre-processing, image

segmentation, feature extraction, pattern clasdibo, and evaluation.
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Chapter 3

Materials and Methods

This chapter gives an overview of the various méshemployed throughout the work
leading to this thesis. The basic inevitable stepsany image analytic system include,
sample preparation, image acquisition, image raBtor / image pre-processing,
segmentation, feature extraction and pattern ratogn Figure 3.1 shows different

blocks of an automated image analytic system.

3.1. Sample preparation and image acquisition

Careful planning and selection of imaging modditiand staining methods can
significantly reduce complexity of the image anaysrocedure that follows. Procedures

that could avoid redundant or disturbing backgrociaa be very vital.
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Image Acquisition

Epi-fluorescence microscopy, confocal
microscopy and other fluorescence imaging
technigues Atomic force microscopy

Image restoration/
Pre-processing

Correction of uneven illumination, Computationat de
convolution, Background subtraction etc...

Segmentation
Identification of individual objects of intereste(ts)

Feature Extraction
Morphological, texture and Moment-based featurgs

é Pattern Analysis

Pattern recognition / classification, Using neural
networks or
Support vector machines (SVM) etc...

-

Figure 3.1. A flow chart for automated image analysis
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Most of the work in this thesis was done on fluoerg images of Escherichia coli.
Escherichia coli strain BL21-DE3 (Invitrogen, Cédsl, CO) was co-transformed with
two compatible vectors encoding pairs of potentiahlteracting proteins from R.
palustris fused to either DivIVA or green fluorestprotein (GFP). The R. palustris gene
products tested in this study includes GroES1 (RR2A), GroES2 (RPA2165), GroEL1
(RPA1140), and GroEL2 (RPA2164) [Lar 04]. For tassay, expression of the DivIVA
fusion protein is tightly regulated by an arabinasgucible promoter [Guz 95] and the
GFP fusion protein is expressed constitutively fram7 promoter. Co-transformed cells
were grown for at least 6 hours at 30°C or 37°G.Bimedium containing 5Qg/ml
ampicillin and 15ug/ml chloramphenical to maintain plasmid selectima then imaged
using a Leica SP2 confocal laser scanning micrasdopdetermine the localization
pattern of the GFP-fusion protein. After assessnw@nthe baseline pattern of GFP
localization, arabinose was added to the mediuma ftnal concentration of 0.2% to
induce expression of the DivIVA-fusion protein. Thells were incubated for an
additional hour at 30°C or 37°C. Following indectiof the DivIVA-fusion protein, the
cells were imaged again to determine if a changthénpattern of GFP-fusion protein
localization occurred. If the GFP-fusion protesnrecruited to the cell poles following
expression of the DivIVA-fusion protein, the datimterpreted as showing a positive
interaction between the two proteins of interestages were acquired using Leica

Confocal Software (LCS).
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To stain cell membranes, E. coli cells were growrdiquid LB medium as described
above. Approximately 15 minutes prior to harvestthg cells, 200 ng/ml FM5-95
(Molecular Probes, Eugene, OR) was added direatlythe culture to stain the
membranes. The cells were then harvested by fiegdtion, washed two times with
phosphate buffered saline, and prepared for miompscA set of fluorescent and its

corresponding differential interference contradt@bimages are then acquired.

3.2. Image preprocessing / restoration

This step is where we tend to employ various impgeessing algorithms to help us
interpret the images acquired in a better fashitvese steps try and reduce imperfections
caused during image acquisition procedures leasirgptter looking image for further
segmentation procedures whose complexity is pratigh proportional to the amount of
distortions or noise present in the image. Figug ifBustrates a flow chart with basic

image processing steps.

Preprocessing steps typically include simple y&tatifve techniques such as smoothing
and histogram based processing (e.g. Histogramliggtian), or complex algorithms

such as de-convolution to reduce the effect of ghing. Background subtraction is
usually a vital step of this procedure as it helpsrowing down the region of interest

(ROI).
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Image acquisition after
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Figure 3.2. Flow chart describing the various image processinglgorithms
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The algorithm implemented in this thesis uses @msee and consequently labeled DIC
images to identify ROI in the fluorescent imagesc8 the DIC images are essentially
used to mark ROI (area corresponding to cells)luoréscent images, we needed to
define cell boundaries in it. From observationyés evident that the DIC images were
slightly blurred and the gradients along cell boanes needed some amount of
enhancement in order to extract their boundariggyusegmentation procedures. For this
purpose, the DIC images underwent a de-convolufioiiowed by a histogram

equalization procedure.

De-convolution is a procedure to recover an imagenfits degraded observation by
assuminga priori knowledge of the type of degradation and blinccdevolution obtains
and estimate of the original image without assunaingd prior knowledge of the method
of degradation. This by itself is a huge area eéegch and has many complex algorithms
dedicated to it [Nee 04]. Since this de-convolutst@p in our algorithm is used to just
enhance the edge based information in the imagescyaRichardsorjLuc 79] [Ric 72]
filler provided by MATLAB was used over more compl@pproaches. This de-
convolution restores an image that was degradeddmyolution with a point-spread
function (PSF). The type of degradation occurredinduimage acquisition from the
microscope is assumed to a particular value angitheess of de-convolution is carried

out. The algorithm is based on maximizing the lik@bd of the de-convolved resultant
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image being an instance of the original image urRt@sson statistics. In our case, the
PSF is assumed to be Gaussian with a mask sizépf33and a sigma of 0.5.
De-convolution was followed by a contrast adjustieghnique, popularly known as
histogram equalization. Though simple, it couldi¢a interesting results in many cases.
It employs a monotonic, non-linear mapping thassegms intensity values of pixels in
the input image such that the output image containsiform distribution of intensities.
This, results in a flat histogram with the dynamaage of grayscale intensities stretched
over the entire spectrum of 0-255 for an 8-bit imaghus the small intensity difference
along the boundaries is enhanced and made obvidhs. process of histogram

equalization is illustrated in Figure 3.3.

3.3. Image segmentation

The segmentation problem has been present sindetiening of image analysis, where
one tries to find object boundaries within an imagegmentation in image processing is
considered to be one of the most important andaisoof the most difficult tasks. In this
section we describe in detail, some of the methomssidered during our work and
discuss briefly a few other methods that are pemtinto Cytometry. Segmentation
techniques can be classified into region-based eatgk-based ones where edge-based
methods try and connect boundaries or edges ottsbje create enclosed regions and

region-based methods find connected regions ofiforend and split these up into
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Crriginal image Histogram equalized image

Criginal histogram Equalized histogram
15000
10000 10000
S000 anao
] 100 200 u] 100 200

Figure 3.3. Histogram equalization

individual objects. Segmentation is basically thet af separating an image into
foreground and background, where the edge-basedongtrace a border between the
two and the region based ones try to find a prgpeérat separates the two in a well-
behaved manner. A concert of edge-based and régised methods can be aptly applied
in some cases to obtain good segmentation resttis. imaging conditions and the

staining methods employed could play a vital rolesélecting a segmentation technique

thus making the ‘optimum method’, highly image degent.
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Since the DIC images have a high contrast alongelidoundaries, edge-based methods
are used to segment cells from the background snoe she protein localization spots
within fluorescent images display a significanfeliénce from their background, region-
based segmentation is applied. Images with fuzzddys but significantly varying
objects and background, divert our attention towaed region-based segmentation

algorithm and thresholding is one such application.

3.3.1. Thresholding

A simple thresholding operation can most of theesnachieve this separation of an
image into foreground and background. Despite (@haps, due to) its simplicity,
thresholding can be a very powerful method to sdpdoreground from background but
the choice of the threshold itself remains a cingie In the simplest case everything in
the image that is brighter or darker than the tiwkk belongs to the object and the rest
belongs to the background. This is called a gldabedshold; however, the use of local
thresholds is typically more sensitive to noisey A@ature, for example, color, texture or
shape, that essentially separates the field of imeevforeground and background can be
employed to perform the function of thresholding.

There are quite plenty of methods that can helgeesde on a specific threshold, none of
them being perfect in all circumstances. Theretlaeepopular histogram-based methods
[Ros 83] [Sez 85], but other methods incorporatsmatial information[Pal89] and

various other parameters [Kap 85] [Tsa 85] of tmage are also quite common. The
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most popular ways to threshold an image is to inthinimum in the histogram that
corresponds to the most stable point. That is, ngpthe threshold up or down will affect
a minimum number of pixels at that point. This [ &hen there is just one global
minima in the histogram of an image but problemi®rmgain the presence of more than
one minima or if there is no significant minimummixmodal). The problem of more than
one minimum can be solved in a relatively easishifan by iterative smoothing until
only one minimum remains or to directly pick theegest minimum in some sense. The
second problem is much more difficult to solve witle use of different transformations
applied to the data in such a way that the histagis no longer uni-modal, but this
method also increases the instability of the thokklpoint. There are other common
methods as that of Otsu [Ots 79] or the equivaikemative version proposed by Ridler
and Calvard [Rid 78]. These methods split the gigtm into two parts, so that the
threshold is located in the middle between the mexdirihe two classes. This works well
if the distribution is made up of two classes oti@gvariance which usually does not
happen that often. But in our case as the de-ndisetdescence image contains two
distinct peaks (background (0) and GFP), the algwriworks pretty well and thus has

been employed to obtain corresponding binary tlolesimages (Figure 3.4).

3.3.2. Edge based methods

There are various edge-based segmentation teclnijaehave been proposed and like

the thresholding algorithms, none is optimum fokadds of images. One such edge
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L 1 L
50 100 150 200 250

Figure 3.4. De-noised GFP image and its histogram

a. De-noised GFP image b. Histogram (observe the backdjie made zero) and fore ground is the
remaining pixels

detectors is th€annyedge detector [Can 86]. It initially identifiesnchdate edge pixels
through a set of edge-detection criteria; the imiageonvolved with two square masks
(highpass filter), producing estimates of the hamial and vertical components of the
brightness gradient at every pixel. The intensitydgent at each pixel location can then
be estimated by taking the linear combination @s#hdirectional values, providing an
estimated magnitude and directiéior all pixels, “non-maximum suppression” based on
the gradient magnitude is performed by exploringhi direction of steepest gradient. A
pixel is kept as a possible edge point only ifasha larger gradient than its neighbors
located in the direction closest to that of thedggat, and than its neighbors located in the

opposite direction. The remaining local maxima hglto one-pixel-wide edge segments.
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Thresholding based on gradient magnitude is thefoqmeed on these points. Any point
above a high threshold is kept, as well as any segitonnected to it which consists of
points above a lower threshold, reducing the priibabf subdividing a segment whose
magnitude fluctuates near the high thresholdCakinyedge detector is used to identify

the edges of individual cells in our algorithm.

Edge-based methods are built on differences owvaktres, in the image thus making
them more sensitive to noise. A purely edge-basethod faces the problem of
connecting edges to form connected boundary ofttdpnd thus is often combined with
region based methods, to distinguish between tjezband the background.

Another method of segmentation starts with conmketgges and then try to find their
correct position, as is done, e.g., when usingesfikas 88] or active shape models [Coo
95]. The time complexity of these segmentation @llgms is a primary factor in deciding
to opt for the apt one and it is the main reasoy wk did not pursue with iteratively
refined active shape models or active contourschvitend to be orders of magnitude

slower than the more direct methods that we hapéep

3.3.3. Connected component labeling

Once the foreground has been separated from th&gtmamd, the next step in

segmentation is that of object identification dvdlng the region of interest (ROI). But
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before this, the image foreground needs to be pestkso as to avoid stray pixels from

getting labeled as individual objects and the corgdave to be smoothened.

Morphological operators

Morphology is an image processing technique baseshapes of objects observed in an
image. The value of each pixel in the output im&géased on a comparison of the
corresponding pixel in the input image with its gidors. The size and shape of the
neighborhood is defined as a structuring elemehis €an take many different shapes,
e.g. disk, diamond, rectangle, line, etc. Thisatring element can be used to construct
a morphological operation that is sensitive tospecific shape and size in the input
image. There are a number of operations that aed.us few of them aresrosion

dilation, opening closing etc.

Erosion: The output pixel value is determined as the mininafrall the pixels lying in
the neighborhood (defined by the structuring eleneh the input pixel in the input
image. That is, in a binary image if any of thegiéxin the defined neighborhood of the
input pixel is 0, the output pixel value is setdt is essentially computed by taking the

minimum of a set of differences.

Dilation: The output pixel value is determined as the maxinofirall the pixels lying in

the neighborhood (defined by the structuring eletineh the input pixel in the input
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image. That is, in a binary image if any of thegiéxin the defined neighborhood of the
input pixel is 1, the output pixel value is setltolt is basically computed by taking the
maximum of a set of sums.

Erosion and dilation are dual operators but in ganare not the inverse operation of

each other.

Opening and closingAs can be understood from Figure 3.5, erosion Bhrand image

and dilation expands the same. The process of ngeaniclosing and image are used to
smooth object contours, but in different approackgsening is basically defined as the
dilation of an eroded function (image in our caaey it tends to smooth the object
contour by breaking down narrow isthmuses and aheais thin protrusion. The closing
operation is basically defined as the erosion difated function and tends to fuse narrow
breaks, long thin gulfs and typically fills gaps time contour. All these operations are

again based on the neighborhood defined by thetsting element.

Experiments with these morphological operatorstaedbtained results are illustrated in
Figure 3.5. The operation of closing is used to piete the cell contours and these are
filled using a binary fill option in MATLAB. This imary image is then labeled using a
labeling function provided by MATLAB a$®wlabel [Har 92] that tags independent
groups of objects in the image with a unique lafdlis works on the principle of

neighborhood similar to the region growing techeigas it tags the neighboring (4 or 8
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b. 1 1] 1| 1] 1| orgin
v

Figure 3.5. Morphological operations
a. Given input image b. Structuring elemetiskradius = 3) c. Erode operation
d. Dilate operation e. Closing operation f. Opening ajam
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neighborhood) pixels with the same label. A freabel is assigned to the next set of
neighbors while scanning the entire image. The maqgical operators are also used to
improve the de-noised GFP image. The GFP image aftsitains background noise

(Figure 3.6.a), which can be removed by considejusg the area occupied by the cell
(Figure 3.6.b). This is obtained from the correspog labeled DIC image as explained
above. Now, the fluorescent image is devoid of bagkground noise and an automated
global threshold described above is applied ord#iaocised fluorescence image to obtain
its binary image. The same set of morphologicalraipes of opening and closing were

used to remove any speckle noise that might beeptaa the de-noised, binary GFP

image. This binary fluorescent image was then syesstly labeled to identify

localization spots as positive objects.

Figure 3.6. GFP image de-noising

a. GFP fluorescence image before De-noising b. GFP fluoiesaaage after De-noising
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3.4. Feature extraction

A list of relevant features that can be obtainesnfifluorescence microscopic images of
cells is described in [chap 2 r6f. Features relevant to this study were selectetl an
include:

* Number of cells in an imageThis is calculated by counting the number of
labels obtained from the DIC image using the fuorctbwlabel provided in
MATLAB.

* Area occupied by individual cellsThis is calculated by counting the number of
pixels under each filled contour label.

» Perimeter of individual cells This is calculated by counting the number of
pixels under each edge label.

» Diameter of individual cells Biameter is calculated as the value of the greates
eccentricity, i.e. longest distance between any pwimts in an edge image as
shown in Figure 3.7.

* Roundness factorFhis feature quantifies the shape of an object €& with

respect to a circle. It is calculated as follows,

(perimeter%rea)— a4

» Center of gravity (COG) of cells and center of fescence (COF) of GFP

localization -These features use a common equation stated aw/$oll
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PX /7Q

Figure 3.7. Diameter
= >3 X, (r%
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wherei is the cell counts andy are the coordinates for COG of the object (in our
case, a labeled cell)(r,c) is the image intensity at the locatifrc) andA is the
area of the" cell. These are used to localize fluorescenceimtie cell.
Distance of GFP localization regions from the COGhe cell -This feature is
obtained by calculating the Euclidean distance betwthe COG and COF'’s
within the cell which provides us with another dqiaive measurement with
respect to the orientation of the GFP-fusion protecalization sites within the
cell.
Percentage area occupied by protein clusters witbach cell -This is
calculated from the ratio of areas of GFP-fusiooigin localization sites within
a cell and that of the cell itself. It is givenfaows,

Areaof GFPlocalizatbnsiteswithin acell
Areaof thecell

Percentagareaoccupancy-
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* Number of regions of GFP-fusion protein localizatwithin each cell This is
the feature that quantifies the success of theocahkation. It is extracted by
treating each cell as an individual entity and lagethe sites of GFP-fusion
protein localization within it. This gives the nuarhof localization sites within
each cell. Ideally, this number would be 2 for tast system. The possibility of
other values is discussed in the next section.

» Percentage of cells with desired localization retowithin an image - This
feature calculates the percentage of cells thapldis the desired GFP-fusion
protein localization pattern using the number oflisge the number of
localization sites within each cell, and their resfive distances from the center

of gravity of the cell to determine the result.

3.5. Pattern recognition

3.5.1. Positive localization spots

This is an integral part of an automated imageyaimbkystem, where features extracted
by using the above procedures are put to use taifggatterns. The pattern pertinent to
the current experiment is observing two localizatgpots, one at each pole of the cell.
This is the ideal case and should be identifiedasstive localization. A third localization
spot at the centre of the cell is observed dutrgpirocess of cleavage of the cell and this

has to be considered as a positive interaction b simple pattern can be marred by
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confusion when more than two or three localizatgpots are identified within the
boundaries of a single object (cell or cells?3Jitierent orientations.

The task is thus to identify the number of locdl@a spots and their location within the
cell. The case of two localization spots is eagigntified as a positive interaction, but in
the case of three localization spots, there is sameunt of ambiguity. Three localization
spots within a cell can illustrate that the celuisdergoing the process of cleavage and
can be considered as a positive interaction oreticeuld be more than one cell in the
labeled object overlapping each other or thereccbel a possibility of the cell being out
of focus during image acquisition procedure. Thadglitional information supporting the
decision of a positive or a negative interactios tabe obtained. Upon observation, it
was found that cells that undergo the processeafvege tend to have a higher roundness
factor as compared to the normal ones. This ooitewas used to ascertain the presence
of a positive interaction in the case of 3 identifiocalization spots.

Distance from the center of cell t the centre ofPGBcalization spots was used as a

metric to identify location of these spots withiretcell.

Number of regions of GFP-fusion protein localizatiwithin each cell is obtained by
treating each cell as an individual entity and lalgethe sites of GFP-fusion protein
localization within it. This gives the number ofcldization sites within each cell. As

discussed above, ideally this number would be »iwrtest system.
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3.5.2.  Inclusion bodies

The presence of inclusion bodies in the sampleniexperimental problem that can be
inherent to the biological system under study. Heaveit acts as a hurdle to automating
the process of image analyses. A unique, logicahatk of avoiding the problem of
inclusion bodies due to GFP-fusion protein over regpion in bacterial cells is
implemented here. It is achieved by identifying firesence of inclusion bodies in the
sample before induction of the DivIVA-fusion protddy acquiring a set of images (DIC
and fluorescence) before induction. These imagehigagh the same set of image pre-
processing, segmentation and feature extractiorcepgiores discussed above. The
percentage area occupied by the localized fluorescevithin each cell is calculated,
which after experimentation and observation wasidoto be less than 60% for images
with inclusion bodies. If inclusion bodies are messbefore induction of the DivIVA-
fusion protein, the sample is not analyzed furtfi&e flow of procedure followed to test
for the presence of inclusion bodes is given inuFeég3.8.Sample test images with and

without inclusion bodies are shown in Figure 3.9.

! Intracellular protein aggregates that are usuatiserved in bacteria upon protein over expression.
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Sample preparation and

< ) image acquisition

Image processing and
seamentatic

v

Feature extraction,
area of GFP inside ce

Test for
inclusion bodies

Induce cells and
acquire images

Figure 3.8. Chart describing the flow of procedure for testingthe presence
of inclusion bodies
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Figure 3.9. Visual similarity between image of a positive inteaction and
inclusion bodies

a. Cells with GFP-fusion protein localization at fioles corresponding to a positive protein-protei
interaction b. Cells displaying inclusion bodiefdre induction c. Cells showing cytoplasmic GFP-
fusion protein localization before induction
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3.6. Background separation for AFM images

A typical AFM image (Figure 3.10.a) contains baakgrd features that can easily be
mistaken for valid object features. A simple buteefive technique that employs
morphological operators is used to estimate th&dracnd (Figure 3.10.b) of the image

and subtract the same.

A structuring elementdisc with radius = 10) that is bigger (too large a stming

element gives a very poor estimate of the backgt@mnu a very small element gives rise
to a dark image after background subtraction) ttm@nobject of interest is defined. An
openingoperation as described in the previous sectioransed on the image using the
defined structuring element. This gives a roughnmesdion of the background and this
image is subtracted from the original to obtainimage devoid of background noise.
This image is agaiopenedusing a small structuring element (disc shapedt vatius =

1) to clear noise (Figure 3.10.d).

Once the background and foreground (object of @st@rare separated, the objects of

interest have to be properly marked and labelecsimple thresholding function, as

described in section 3.3.1 can be used to obthinay image with desired objects.
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- i —

(b) Gray scale image of the given imge

- a —

@) n AFM image of E.Coli B
spheroplasts (cells with their outer wall
enzymatically digested away)

(c) Estimated background of the image  (b) Background subtracted and opened
image

Figure 3.10. AFM image background estimation and removal
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Different objects from this binary image are lalel®ith unique numbers using the
connected component labeling operation describegdtion 3.3.3. This labeled image is
used as an input for further feature extractiom@llgms describe in the previous sections

where simple morphological features are calcul&i@u the labeled binary image.
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Chapter 4

Discussion — Analysis of Results

The previous chapter dealt with the details ofedéht strategies used in the work of this
thesis. This chapter discusses the implementationh® strategies mentioned, and
analyzes the obtained results. The various expetsneonsidered and the involving
discussion along with the criteria of selecting omethod over another are laid out in this

chapter.

4.1. Experimental image dataset

Once the sample is prepared, it is placed on a ghde and it is mounted on to the
optical Leica microscope fitted with a 64x objeetikens. An appropriate field of view
with the desired specimen is selected by browshrgugh the slide using the stage
movement knobs provided. We can then zoom in orsirtg the software provided by
the microscope and adjust the focus while viewimg field of view for clarity which is

defined by the user’s discretion. Once the focusesg it is usually locked and the
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brightness of the fluorescence image or the cantrfathe DIC image can be adjusted to
appropriate values as per the user’s discretioerélfare no fixed values as they vary
over the field of view with respect to the GFP esgwion level or the focal plane etc. The
Lieca Confocal Software (LCS) provides us withwofescent and its corresponding DIC

image.

The experiments are carried on a set of images wksimp of fluorescent and
corresponding DIC image. In fluorescence microscapg DIC images are usually not
vital but in our approach, the DIC images play ayvinportant role in defining the
boundaries of the cell. Thus, care has to be tdkeing the acquisition of these images to
provide them with good contrast as the parametsed in edge detection depend on the
contrast level of the DIC images. The essentiarimition obtained from the DIC image
is the cell shape and its boundary that can idertié contour of a cell and thereby

making the analysis of its corresponding fluoreseemage localized to those contours.

Since the person acquiring images may not be tme same analyzing the data, there is a
need for defining an ideal DIC image to help redtive complexity in the analyses
domain. There are no fixed parameters to defineleal DIC image but there are a few
guidelines that can be followed so that the consefjprocessing part is made easy.

Clumps of cells are avoided while choosing thelfigfl view as there would be hundreds
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Figure 4.1. DIC images

a. DIC image with adjoining cells but evident edgfermation that can be easily extracted

b. DIC image with adjoining cells but marred edgiimation that is very difficult to extract

of cells in the sample under view and most impdlyarthe boundaries of cells in the
DIC image should be clearly visible. Figure 4.lslrates an example for a usable and an
unusable DIC image. Once a good contrast imagdtaired, a high threshold can be

applied to achieve useful edge information.

4.2. Performance metrics

The basic idea of our analysis is to identify pesitlocalization patterns (one GFP
localization spot at each of the poles) in eachaf&dr inducing them. Ideally there have

to be one at each pole of the cell but often, ithisot the case. Quite a few cells in the
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field of view could be out of focus and thus digpjast one spot or no spots at all. The
number of cells with positive localization pattenas calculated using the developed

automated system and the same was obtained froob#egvations of an expert.

From the test images that were analyzed, the pegenof positive interactions
calculated by our automated system was in closeeagent with the observations of an
expert. The percentage of positive interactiondeiined as the ratio of number of cells
with positive localization patterns (localizatioposs, one at each pole) to the total

number of cells in the image.

4.3. Experimental steps

The edge feature from the DIC images becomes diffito extract when there are
overlapping cells and cells that lie in close pnoity to each other. The occlusion
problem caused by overlapping cells is compromisedvoiding such images during the
acquisition period. Cells in close proximity weristohguished from each other as the
DIC images typically gave a thick boundary and tthesinner contour of the boundaries
were used to isolate cells from each other. Onee ibundaries are extracted, the
fluorescence image is used to identify and labelsites of GFP localization. A common

problem with fluorescent images is the presendsokground signal.

Each image processing step described in the prewbapter has a specific application
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and a reason behind its application in our analy$ie experiments and logic leading the

choice of these methods are discussed in thisosecti

4.3.1. Preprocessing

The purpose of DIC images in our analysis as stabeve is to identify cell contours in
the spatial domain. Most of the images require s&md of preprocessing to enhance
edge information. There are various methods foriouar kinds of images. De-
convolution and histogram equalization of the Ditage were found to be useful for
obtaining sharp edge features. De-convolution bglfitis a major field of research and
improved techniques that output very sharp flueaseémages from dull, blurred ones
are available, but often are quite expensive. Sthistep in our analysis is applied to
merely enhance the ability of DIC images to outpetter edges, simple and effective de-
convolution algorithms offered by MATLAB as built functions were considered. From
the list of available de-convolution functions irAVILAB, both blind de-convolution and
Lucy-Richardson algorithms worked well on the tesaiges and had similar outputs,
whereas regularized and Wiener de-convolution gese to poor resultant edge
information (Figure 4.2). Lucy-Richardson was stdddor our analyses as it processed
images much faster than blind de-convolution atbari This step is followed by
histogram equalization which basically stretches ghayscale values of the DIC image

over the entire dynamic range (0-255 for an 8rhage).
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Figure 4.2. Experiment results with de-convolution

Edge information (usin@annyfilter) obtained after restoring the DIC imagenggi

a. Regularized filter b. Wiener filter

Figure 4.3 illustrates the importance of de-contioluand histogram equalization on test

DIC images during our analysis.

4.3.2. Extracting edges

The cell boundaries can be visualized by seveddnigues. We evaluated the use of a

membrane dye and the DIC image. While both metkad&ed, the use of DIC images
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(a) Given DIC image (b) Edge information withoustoigram

equalization

(c) Edge information with histogram equalizatioman (b) Edge information with Histogram equalization
without De-convolution and de-convolution

Figure 4.3. Edge information (obtained usingCanny filter) results from a

sample DIC image illustrating the importance of hisogram equalization
and de-convolution
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proved to be more robust for defining the cell mgthwvhen examining images of clumped
cells as shown in Figure 4.4. The use of imagdh atiained membranes gave a fair
indication of the cell boundaries for isolated selh addition, the use of DIC images had
the experimental advantage of not requiring an tedil incubation step and the
difference in intensity gradients along the celltlioe enabled definition and
identification of regions for further analyses. anDIC image, rapid increase of the
difference in intensity gradient along the inneubdary of cells was used. Thus, as long
as the inner boundaries of any two cells do notrlape they can be evaluated
successfully as two separate cells. Analysis ofl@ ilhage was chosen over the use of
images of membrane staining dyes to determineboelhdaries after evaluating different
approaches including the use of active contours\amtus edge detectors. Effective
determination of cell boundaries is mandatory @tenitifying the localization pattern of
the GFP—fusion protein inside the cell. There aagious types of edge detection
techniques and their suitability often dependslendhosen application. Eannyedge
detector, aSobeledge detector and the procedure of active contimatsis commonly
used in the segmentation of images obtained frorascopy, were considered for

extracting edge information.

There were two major constraints with the activetoar approach. The first one was that

of initializing thesnake Since we intended the entire process to be adéainand most
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(a) RFP image

(b) Edge information from RFP image

(a) DIC image (b) Edge information from DIC image

Figure 4.4. RFP membrane dye image Vs DIC image for an edge astor
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of the active contour methods described manualaliziation of thesnakes it was a
major set back. Another constraint was that of dp@éis method of obtaining cell
contours produced good results for images withlsinglls but took nearly 25 seconds on
an Intel 1.6 GHz processor with a 512 MB RAM. A moromplex active contour
algorithm was required to overcome the problemsotating individual cells from an

image containing a group of closely associatedcell

We chose to employ simple edge detectors likeSbbeland Canny filters after the
preprocessing steps mentioned above as they weptesand faster to implement, on the
order of 2-3 seconds on the same machine. Somerarabtrial and error was done to
determine the threshold level used in the detectord care was taken to remove
unwanted information (weak edges). Of the deteaweduatedCannyfilters were found
to be the most versatile with respect to our dateweng to their sensitivity as thgobel

filter failed to capture many vital edges and ttuas not used in our analysis.

The DIC image shows a thick boundary to the céiss producing a ring-like binary
image. Upon observation that the inner side ofrihg led to more consistent boundary
determination, the weak outer edges were discangidaeping about 10% of the lowest

intensity value by using a high threshold in @ennydetector.
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4.3.3. Morphological operations

While performing morphological operations, partauattention was taken in choosing
an appropriate structuring element. The choicespafameters for morphological
operations that follow are made in accordance wighresolution of images. The shape
and size of the structuring element is definedh®ydbject features (cell contours) under
study. The resolution of the image determines thetial dimensions of objects in an
image and this, in turn, determines the parame#daiting to the structuring element used
for morphological operations. For this reason, cawest be taken while choosing the
structuring element and its dimensions to avoidlapping of closely spaced cells in the
final image. Since these cells possessed smootherradisk shaped structuring
element was employed and a radius of 3 pixels \wasen, taking into consideration the
spatial dimensions (in pixels) of the cell. A higloe lower dimension for the structuring
element would tend to disrupt the information iniarage by adding or removing vital

information, depending on the morphological functemployed.

4.3.4. Data structure

The resultant binary images contain relevant daspacific spatial locations while the

rest of the image is featureless and can be ignorddrther processing steps. This is
achieved by tabulating spatial coordinates of theous features from the labeled image,
thereby enhancing the speed of subsequent opesdtoming a three-dimensional data

matrix as mentioned in the previous chapter. Thises computational time by ignoring
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the null values in each image and thus is a vialgonent of the algorithm. An example

of the data matrix is shown in Figure 4.5.

4.3.5. Fluorescence images

As described earlier, fluorescence images underdifferent set of preprocessing steps
but follow a similar procedure to label images éoeation of a data matrix. A unique
aspect of our algorithm is its ability to discamlyableeding of the fluorescent signal.
Potential noise derived from background fluoreseemmcareas near the cell features is
limited with the use of a data matrix.

This saves computation time and acts as a simpleffieient noise limiting technique.

Inclusion bodies are metabolically inactive matsnaithin the cytoplasm or nucleus of a

Forn labels in an image

X y label
label

100 20 1

101 20 1 2

100 21 1 9 X y label

101 21 11 2 500 40 n

” . 2 501 40 n

2 500 41 n

501 41 n
- - n

Figure 4.5. A sample data structure (3 dimensional 3 column) ntax for n

labels in an image
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cell. In this particular assay, over-expressiorihef GFP-fusion protein can lead to the
formation of inclusion bodies. Unfortunately, thaaclusion bodies have a tendency to
accumulate at the poles &. coli cells and look very similar to the sites of GFP
localization associated with a positive proteintpio interaction. Distinguishing

inclusion bodies from localization sites is impaitdor reducing the number of false
positive results associated with this assay. k@& teason, experimental testing for
inclusion bodies was conducted before computatipiieised assessment of sub-cellular

protein localization.

This problem is specific to this particular assag anay not be a consideration for other
types of cells, labels, or protein localization esiments. Upon the observation of GFP
localization at the poles in the images taken leefmduction of the DivIVA fusion

protein, the sample is presumed to contain includdodies and discarded, thereby
nullifying its effect in the next stage of the syudit present, this is our best defense
against misinterpretation of the data caused blysnan bodies. A set of features that can

be ascribed to inclusion bodies will be discussefiiure work.

The results obtained after morphological and lalgebperations are displayed in Figure

4.6.
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Figure 4.6. Image processing steps leading to a final pseudolaed image
from sample DIC and fluorescent images of E. coliatls expressing a GFP-
fusion protein

(a) Original DIC image; (b) Original fluorescenagage; (c) Cell contours (from DIC image) obtained
using after morphological operations (d) Identifica of GFP-fusion protein localization sites using
thresholding and morphological operations
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4.4. Pattern recognition

In the case of this assay, we know the desired sifeprotein localization and have
designed the algorithm to determine whether the BE&lization occurs at the cell poles
as expected for a positive protein-protein intecect Once the number of GFP
localization sites in each cell is identified, thistance between their respective COF’s
and COG is calculated and compared with the diameftehe cell. This procedure
segments the cell into three parts (Figure 4. M@atbe diameter, where the first and third
segments are considered to be the cell poles. imber of segments is limited to three
due to the small size of bacterial cells and timétd of optical resolution. The presence of
localized GFP in the first and third segments iasttered a positive result (protein-

protein interaction) and other patterns are cometla negative result (no interaction).

Figure 4.7. Pseudo colored image of a cell showing it dividedto 3 parts
along its diameter.

Blue — Diameter of the cell; Green — Hypothetidaé$ drawn at 1/3distance from either end of the
diameter; Red — Cell contour from Canny edge detgt¥hite — Center of gravity of the cell
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A negative result having one or three sites of Gf€Rlization may be interpreted several
ways. For example, a cell showing localizatioralinthree segments may be undergoing
division as DivIVA is known to localize to the matiregion of the cell during this stage
of the cell cycle [16]. Alternatively, this resuthay occur if multiple cells are
overlapping each other but have been identified simgle cell. Likewise, localization in
only one segment may suggest that the cell undsereation is slightly out of focus (a
problem with the image acquisition procedure). They, cells with GFP localization
patterns not in the first and third segments aseatded as ambiguous results owing to
improper segmentation of cells or overlapping disce&ells with uniform fluorescence
in all segments are considered a negative reshé.presence of inclusion bodies could
generate visually positive but technically negatigsults, also leading to an ambiguity

and are therefore evaluated before the inductiddiviVA fusion protein expression.

The Roundness factatescribed in the previous chapter acts as a tadetatify dividing
cells and other cells displaying ambiguous reshltsst cells in these classes display a
different shape (dumbbell) than non-dividing cdlifssuch a situation, a dividing cell can
be identified with a high roundness factor. Thenaness factor is calculated using
values obtained for area and perimeter of the aglshown in equation Thus, the
various features extracted are put to use to egh#me quality of interpretation. The

statistical features extracted from the data usargous algorithms discussed in
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Figure 4.8. Final pseudo colored image

Final Pseudo colored image showing cell boundaciglsdiameter, sites of GFP-fusion protein

localization, and cell labels (numbers) at the eenbf gravity of each cell.

chapter 3 were used to characterize a pair of sartgdt images. These results are
tabulated in Table 1. A final image (Figure 4.8attmepresents individual features in

different color channels is generated by pseudortw the target locations.

4.5. AFM image analyses

Once an AFM image of the sample under study isieeguit goes through various image

processing algorithms mentioned in the previouptEhabefore it can be converted to its
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Table 1. Statistical Features of cells shown in &ure 4.8

Number
ﬁf)l.l Area Per Diameter ngggss GOIEP COG
spots
1 1491 148 67 135.433 2 178 114
2 1461 141 67 128.433 2 131 142
3 1460 147 66 134.433 2 196 154
4 1876 167 86 154.433 3 183 225
5 1270 132 58 119.433 2 160 258
6 1595 150 71 137.433 3 371 218
7 1843 177 87 164.433 3 165 311
8 1872 166 81 153.433 3 385 308
9 1540 181 89 168.433 0 202 344
10 1256 143 66 130.433 2 237 336
11 922 113 56 100.433 2 173 343
12 1414 142 68 129.433 2 208 398
13 2163 192 92 179.433 3 432 427

Area, perimeter and diameter are given in pixels.
Percentage positive interactions in figure 4.8 -684.1 out of 13)

corresponding feature space. Segmentation of #ienref interest is vital as it defines
the area of desired objects within the image. Tlaeeea number of different features that
can be extracted from a certain image but notrallrecessarily pertinent. The selection
of a set of pertinent features used to describémeaye is by itself a huge task and
obviously is application dependent. Sample AFM iesagf Sample AFM image (Figure
4.9.a) of E.Coli spheroplasts (cells with theireyuivall enzymatically digested away)
and Staphlococcus acquired at the Oak Ridge Naticmaoratories were used for our

experiments.
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a. Given AFM image of Staphlococcus b, Gray scale image

d. Pseudo colored labeled image

c. Background subtracted

Figure 4.9. AFM image analysis
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Table 2. Statistical Features of the spheroplastegmented from image 4.9.a

Center of
Object Perimeter Diameter
Area (micron2 Thinness Ratip gravity
No. (microns) (nanometers)
xy)
1 9.09126 2.43622 950.72 28.4336 136 (10
2 9.56662 2.43622 1010.14 28.433638 16 (17
3 5.46662 1.42608 713.04 11.43367 158 24
4 7.7246 2.19854 950.72 24.43363 122 B2
5 11.8840 2.73332 1188.4 33.4336 105 |76
6 7.4375 2.25796 950.72 25.43363 130 |79
7 11.11154 2.61448 1069.56 31.43368 37 38
8 11.40864 2.6739 1128.98 32.433638 72 100

Simple morphological and shape defining featur&e lihe number of objects in the
image, individual areas, diameter, perimeter amth#ss ratio are calculated in terms of

the number of pixels.

These numerical descriptors are converted phygigahtities and converted to a physical

guantity (Angstroms) form the raw data generatethbyAFM (Table-2).
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Chapter 5

Conclusion and Future work

This chapter summarizes basic contributions of wlek discussed in this thesis. A

discussion of future work based on these resulits presented.

5.1. Contributions and conclusions

Assigning functional information to the large numloé proteins is a major concern in
the field of proteomics. A direction towards thabay) is to analyze protein-protein
interactions, which often involves large sets ofiofescence microscopy images.
Automated analyses of these large data sets caroweaphe speed, accuracy, and
consistency of such analyses and a step towarddethelopment of such a system was
achieved by this work. A system for quantifying dadentifying the location patterns of
labeled proteins in live cells was successfullyedeped via algorithms implemented in
MATLAB. Unique solutions to solve problems due te tambiguity arising from cells

undergoing division, adjoining cells, and the pervb$ caused by background
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fluorescence have been offered. This automate@rsyachieved a percentage of about
84.6% in identifying the number of cells with posi interactions which was in close

agreement with the one observed by an expert. Adfsgtatistical descriptors were used
to quantify the images to allow a provision for tant base image retrieval system. AFM
images were successfully analyzed, and quantifedguvarious image processing and
feature extraction algorithms developed in this kvdarhe task here was to identify the

objects of interest and extract statistical infotiora from them and this was achieved

successfully.

During this work, many problems were encountered @@ solutions offered could be
used to more or less similar image analysis prejeGeneral solutions such as image
thresholding methods, edge detection techniquesnzoré specific solutions pertaining
to connected component labeling and unique feaguteaction techniques have been
discussed and can be applied to various kinds ag@s. All methods developed in this

work are applicable to real world images.

5.2. Future work

Work presented in this thesis is by no means d folution to the problems behind its
motivation. Results obtained from the work desdibethis thesis, are the foundation for
further research focusing on the analysis of unknpvotein interactions and setting up a

database for localization patterns from many oginetein-protein interactions.
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The algorithm developed for this study can be gasitended to other applications
involving multiple fluorescent labels or other inmag modalities with slight

modifications. Such an algorithm can also be engaoyo reduce the size of image
datasets by selecting those that possess desatdds, such as positive interactions or

specific location patterns.

In future, paths that mix the work done so far watttive shape models [Coo 95] and
those that dig deeper into the connections ofaligiorphology and statistical descriptors
would be interesting to tread upon. Automated asedyfor AFM images is a field with
wide scope for research and the work presenteaisrttiesis can be used as the first step
towards the same. Developing algorithms to extraote vital statistical information
from AFM images and to fuse such information witlattextracted from other channels
of the AFM is an interesting challenge. Combiningese possibilities with the
opportunity of applying the methods developed mfibld of proteomics and the field of

biomedicine in general seems like an ideal extensfdhe work done in this thesis.

A paper titled “Automated image analysis of fluarest microscopic images to identify
protein-protein interactions” by the author hasrbselected at the IEEEnNgineering in
medicine and biology societsgnd also has been short listed for the studenerpap

competition. (will add the bioinformatics paperaltt once we send it out).
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