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Abstract

One of the fields where image processing finds its application but that remains as an 
unexplored territory is the analysis of cell morphology. This master thesis proposes a system 
to carry out this research and sets the necessary technical basis to make it feasible, ranging 
from the processing of time-lapse sequences using image segmentation to the representation, 
description and classification of cells in terms of morphology.

Due to the highly variability of cell morphological characteristics several segmentation 
methods have been implemented to face each of the problems encountered: Edge-detection, 
region-growing and marked watershed were found to be successful processing algorithms. 
This variability inherent to cells and the fact that human eye has a natural disposition to solve 
segmentation  problems  finally  lead  to  the  development  of  a  user-friendly  interactive 
application, the Time Lapse Sequence Processor (TLSP). Although it was initially considered 
as  a  mere  interface  to  perform  cell  segmentation,  TLSP  concept  has  evolved  into  the 
construction  of  a  complete  multifunction  tool  to  perform  cell  morphology  analysis: 
segmentation,  morphological  data  extraction,  analysis  and  management,  cell  tracking  and 
recognition system, etc. In its last version, TLSP v0.2 Alpha contains several segmentation 
tools, improved user interface and, data extraction and management capabilities.

The fact that cells can be defined in terms of their morphological characteristics has 
been proved through the analysis of different representations and the extraction of both shape 
and texture  descriptors.  In  addition,  the  outlines  for  a  cell  recognition  system have  been 
analyzed,  and  a  simple  example  of  a  decision-theoretic  recognition  system  based  on 
previously extracted cell descriptors has been developed.

Finally,  a  wide  set  of  recommendations  and  improvements  have  been  discussed, 
pointing the path for future development in this area.
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Previous Notes

Before  the  reader  proceeds  to  advance  further  in  this  document,  there  are  two 
terminology  considerations  that  deserve  to  be  treated  in  order  to  prevent  confusions  and 
seeking a better global understanding.

First of all, the cell morphology research is tightly linked to the construction of a cell 
morphology research system, so that, it will be common that both terminologies are used for 
the same purpose. In occasions, it may appear that the achievements are made within the cell 
morphology research instead of  in  the system construction,  purpose of this  master  thesis. 
However, it is inevitable to advance a little in the cell morphology area whilst constructing a 
system that is meant to analyse it. I beg pardon to the reader if any misunderstanding may 
arise from here.

The second point is related with the term morphology itself. In this master thesis this 
concept  will  be  used  not  only  referring  to  cell  shape  and  structure  but  also  to  its  inner 
intensity characteristics, where by intensity we understand the intensity of light in a grayscale 
imaging context.

I hope you enjoy the reading.

Jaime González.
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1. Aims and Objectives

The  objective  of  this  master  thesis  is  inevitably  linked  to  the  purpose  of  the  cell 
morphology research project.  The intention of the cell  morphology research is to attain  a 
better  understanding  of  the cell  differentiation  process  and its  possible  relations  with cell 
morphological features, focusing on two main goals: the first one, to find out if cells, whether 
stem  or  differentiated,  can  be  defined  by  a  certain  number  of  intrinsic  morphological 
characteristics.  The  second  one,  to  translate  this  cell  morphology  analysis  into  the  cell 
differentiation  field,  in order  to  discover  a  pattern  or  several  characteristic  morphological 
states, that may assure, till some point of certainty,  that a specific stem cell will become a 
specific full differentiated and specialized cell. In other words, try to find out if there is a 
relationship  between  cell  differentiation  and  cell  morphology  in  order  to  use  this  last  to 
predict cell behavior.

The main aim of this master thesis project is to build a system that sets the basis to 
perform this  research,  providing  the  necessary  technical  information  and  tools  to  extract 
useful cell morphology related data.
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2. Introduction

Understanding life has always been one of the main interests of mankind. Since the 
beginning of times, human-being has questioned himself about the mechanisms of his own 
existence and through the ages has unveiled some of the mysteries that surround life on earth 
leading to the discovery of the cell, the basic component of every living creature. From the 
smallest and simplest single-cellular beings to the most complex organisms like the human-
being  – a  compound  of  millions  of  cells  interacting,  communicating  and  performing  an 
infinite number of different tasks – all living creature share this basis in common. It seems 
natural then, the importance of seeking a better and deeper understanding of its characteristics 
and behavior.

The greatest achievements in biology research have been made during the last century. 
Starting in 1838 with the postulation of cell theory, that is, that every living organism is built 
of cells, a number of startling breakthroughs have soon followed: the isolation of DNA, the 
chromosome theory of heredity, the discovery of DNA's double helix structure, the success in 
cloning and the draft  of  human genome are  just  some examples.  All  this  newly acquired 
knowledge has cleared the present path of research into two principal ways leading the efforts 
of scientists throughout the world into the research of human genome – the biological 'code' 
that defines the human-being as it is – and stem cells – cells with the extraordinary capability 
of dividing indefinitely and differentiate in order to become any kind of tissue in human body. 
It is in this last field in which the current project has its use and purpose.

(a) (b)

Figure 2.1 :  Human stem cells. (a) Embryonic stem cell. (b) Bone marrow 
adult stem cell. Pictures courtesy of [1] and [2].
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Stem cells can be divided into two big groups or categories, “embryonic” and “adult”. 
ES cells, also called “pluripotent”, are created in the human embryo and have the capacity to 
grow in culture indefinitely and to differentiate into all tissues in human body. Adult stem 
cells, on the other hand, are contained in several tissues in the adult human body and have 
similar characteristics to ES cells but being able to differentiate only in a range of specific 
tissues – this is the reason why they are given the name of “multipotent”. Due to this special 
features these kind of cells posses, scientists have started to experiment with them in order to 
create human cells and tissues on demand. The advantages and possibilities of this practice 
are huge and have a wide area of application: neural cells to repair damaged brains, muscular 
tissues and organs for transplants, etc.

Present studies pursue the understanding of the process of differentiation,  trying to 
discover which factors trigger the behavior of cells in one way or another. Although different 
stem cells  behave  in  different  ways,  the  experimenting  process  usually  follows the  same 
general  steps:  During the first  stage the stem cells  are  isolated from the embryo  or adult 
specimen and stored in a controlled media. Then a growth factor is applied to them so they 
won't differentiate but will start dividing and growing in number to become a colony. Finally 
a number of chemical stimulations are used to induce the cells to differentiate. The whole 
process is controlled using powerful microscopes which take images from the cell colonies in 
certain  periods  of  time,  building  time-lapse  sequences  –  sequences  of  images  with  low 
frequency sampling that allow to see long-term changes - being of the highest importance to 
identify and track cells in order to obtain the biggest amount of information.

Staining is the most usual method used for marking, tracking and identifying cells, but 
applying it usually results in the death of most of the cell colony, hence, new methods less 
aggressive would be most welcome. It is here where computer science finds its application 
through the field of Image processing. The huge calculation power of computers allows to 
apply complex algorithms on time-lapse sequences successfully marking and tracking cells. 
But  can  cells  be  identified  by  their  morphological  features?  And  moreover,  can  the 
differentiation process be divided into several stages according to cell morphology changes? 
These are the main questions the cell morphology project tries to find an answer for, and the 
main focus of this research.

2.1. Project Background

OBOE is a strategic research center for Organic Bioelectronics founded and formed 
by  Karolinska  institutet, Linköpings  universitet  and Acreo, whose  main  purpose  is  to 
strengthen relationships between engineers and scientists in order to provide this last with the 
technical  oriented  support  they  need  to  improve  their  research  environment.  OBOE  is 
presently engaged with several dozens of projects in this field of research and this master 
thesis belongs to one of them: The Cell Lineage Analysis project.

The Cell lineage Analysis project pursues the attainment of a better understanding of 
how cells control their development from the very initial stage of the stem cell to the final 
stage  of  a  full  differentiated  cell.  In  order  to  achieve  this  goal,  researchers  build  system 
theoretical models of cells, combining observations and experiments on live stem cells with 
system theory.  Under this conditions and in addition to other behavior theories, cells may 
reflex  their  development  and  differentiation  in  their  morphology,  suffering  different 
morphological well defined states throughout the whole process. This hypothesis will be the 
starting point of this thesis.
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(a) (b)

Figure 2.2 :  (a)  C.  Briggsae  and  (b)  C.  elegans.  Free-living  nematodes  
(roundworms) of about 1 mm length which live in temperate  
soil  environments.  Their  cell  lineage  has  been  completely  
determined,  thus,  they  have  proven  to  be  very  useful  in  the  
study of cell differentiation. The cell lineage analysis project is  
presently centered in the development of a system model for c.  
elegans lineage. Pictures courtesy of [3] and [4].

The very basic source of information for this master thesis comes from KI scientists 
not only in the form of time-lapse sequences – raw data that represents the first stone in any 
carried  image processing  task – but  also  as  feedback and biological  consulting.  It  seems 
logical then to introduce briefly their aims and work in order to get a better understanding of 
the foundations of this project.

KI researchers confront the problem from the biological view, seeking to understand 
the  molecular  players  involved  in  maintaining  stem  cells  self-renewal  versus  the 
differentiation process. Neural stem cells, a subset of undifferentiated progenitors that retain 
the ability to give rise to either neuronal or glial lineages, provide a useful model in which to 
elucidate the control mechanisms regulating these cell fate decisions. These are useful not 
only because they involve a small number of very well-known cells, but also because of the 
importance of these very same cells  and the huge progress it  would mean improving  the 
understanding of their process of differentiation: regeneration of cells in neurodegenerative 
diseases such as Parkinson, better understanding of the cancer stem cells that give rise to brain 
tumors, etc. KI is also involved in the research of other families of stem cells such as smooth 
muscle stem cells providing the master thesis with a rich variety of morphologically different 
cells. [5]
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Experiments have been mostly made extracting stem cells from rat embryos but, as it 
is  believed  cells  from different  organism will  behave  in  an  analogous  way  to  the  same 
stimulus, the results will be generalized and applied to the C. elegans system model. [6]

The figure below shows some examples of cells contained in the time-lapse sequences 
provided by KI. 

(a) (b)

Figure 2.3 :  Cell examples provided by KI. (a) Astrocytes. Glial cells that  
provide support  and nutrition in the nervous system and (b)  
Smooth muscle cell.

2.2. Time-Lapse Imaging

Formerly  a  cinematography technique  where  frames  are  sampled  or  captured  at  a 
lower  frequency than  the  one  they  will  be  played  back  at,  time-lapse  imaging  has  been 
employed to analyze nature and biological phenomenons: Cloud celestial observation, plant 
growth and flourishing, city life and activity are some very familiar and famous examples. 
However, the one really interesting application in this case is the observation of cell colonies. 
Slow dynamic long-term phenomenons that can appear subtle or even static to the human-eye 
become very pronounced and easier to study. Hence, cell activity, that would look at a first 
glance and through regular means too complex to analyze becomes naturally understandable.

Nevertheless,  the  task  of  capturing  cell  colony  images  and  building  time-lapse 
sequences  is  still  a  difficult  and  complex  one.  Special  systems  are  required  not  only  for 
acquiring the images but also for maintaining cell environment under control. Microscopes 
have to fulfill a set of proper conditions in order to guarantee enough quality in the images 
that will be later used for processing, a matter of the highest importance, as good quality time-
lapse  sequences  will  not  only make  the  posterior  processing  easier  but  also  increase  the 
validity of the later results. Cells also have to be kept under special conditions adequate for 
them to perform whichever phenomenon is wanted to be studied, so that, they will carry out 
their task normally and live long enough to fulfill it.
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The final result of this previous stage is the main source of data of this master thesis 
project, this is, the time-lapse sequences of the cultured cells. A example of these images is 
shown in Figure 2.3. Note that from here, the term time-lapse sequence will be only used in 
tight relation with cell cultures.

2.3. Image Segmentation in Cell Morphology

When taking into consideration the analysis  of cell  morphology the first  and more 
suitable  method  that  comes  to  mind  is  Image  Segmentation.  Image  Segmentation  is  the 
process by which means ordinary images can be divided into their constituent elements or 
regions, which are, in the case of a frame from a time-lapse sequence, the same cells subject 
of the present study.

The higher the image complexity the more difficult to develop accurate algorithms and 
models to properly carry out the segmentation. Anyhow, a lot of research has been made in 
this area and, at present, there are several reliable methods that, as will be shown later in this 
paper, will allow time-lapse sequence processing.

Generally, segmentation algorithms can be divided into two big groups, each of them 
regarding  one  of  these  following  basic  properties  of  the  intensity  values  in  images: 
discontinuity and similarity. This has a very logical foundation as elements in an image can be 
distinguished by these two means: by discontinuities, because it is supposed that the elements 
are  going  to  present  differences  between  each  other,  thus,  there  will  be  discontinuities 
between their boundaries. And by similarities, because a particular element will have certain 
homogeneous qualities that will define it and identify it as different from the other elements in 
any image (Note that the background is also considered an element, and one very important, 
of any image). Consequently, the first group pursues to divide images basing its procedures 
on abrupt changes such as edges, while the second group tries to partition the images into 
regions that are similar according to a set of predefined criteria. The biggest representative of 
the  first  category  are  edge-based  algorithms  while  region-based  algorithms  are,  from the 
second one.

Edge-based algorithms assume that region boundaries within an image are abrupt and 
different enough from each other and the background, to allow boundary detection based on 
local discontinuities in intensity. These methods use derivatives of first and second order as 
mathematical  approximations  of  the  abrupt  changes  that  are  looking  for.  Two  of  these 
methods are used in this project: the Sobel and Canny algorithms.

Region-based algorithms, on the other hand, partition the image into regions of similar 
properties or features according to a predefined criteria. The region-growing and the marked 
watershed algorithms  are two of these methods which are used in the present project. In the 
region-growing  algorithm,  regions  are  generally  seeded  a  priori  and  then  subjected  to  a 
growing iterative algorithm based on neighbor pixel intensity similarity. The final result is a 
partitioned  image  whose  elements  have  the  same  intensity  characteristics.  In  marked 
watershed,  physical  principles  are  used  to  perform  a  complex  segmentation  procedure, 
resulting, again, in a partitioned image whose elements share likeness criteria.
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For further information in this area, Appendix I, “A Brief Note About Segmentation”, 
takes a deeper view of image segmentation, and the processes that have been used along the 
project.

2.4. A starting path

The analysis of cell morphology covers a wide area of research and thus it is needed to 
select or outline a path to approach the problem properly.  In this case, the first stage will 
involve the implementation of simple cell segmentation algorithms to be applied on the very 
basic element of the study, that is, a single cell. 

The idea consists in starting from a simple segmentation method that satisfactorily 
obtains cell shape, and from there increase its complexity both to improve the quality of this 
first approximation and also to solve the strictly cell segmentation related problems. Once an 
adequate algorithm has been obtained for this purpose, its use will be extended to a cluster of 
cells – the most common display in cell cultures and therefore a common problem in time-
lapse sequence processing – and, as new problems will arise, new approaches will be needed.

Finally,  in  order  to  complete  the  proposed  cell  morphology  research  system, 
segmented  cells  will  be  represented  and  defined  by  a  finite  series  of  morphological 
parameters  extracted  directly  from  the  segmented  regions  or  through  the  application  of 
algorithms  made  for  such  purpose  .  On the  other  hand,  the  analysis  of  cell  morphology 
through time by means of the development of a cell migration model, lies beyond the scope of 
this master thesis project.

Appendix III, “General Research Overview”, shows a schematic summary of the cell 
morphology research from a global scope, the results achieved during the development of this 
master thesis and its current status.
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3. Methodology

The methods used to perform the research are shown and explained in this chapter. 
Starting with the acquisition of time-lapse sequences the research process follows the steps 
shown in Figure 3.1.

Figure 3.1 :  Block diagram of the general research procedure, common for  
all segmentation algorithms.

3.1. Time-Lapse Imaging

The data acquisition has been performed by the researchers at the Karolinska Institute 
following the process shown in Figure 3.2 and described below. Note that,  the procedure 
explained  here  is  related  to  the  extraction  of  embryonic  neural  stem cells.  Nevertheless, 
although the process may slightly vary depending on the kind of cells that are extracted, the 
main process steps that are described here generally remain the same.

 In a first stage, cells are extracted from the cortex of rat embryos at day 15.5 and 
platted into petri dishes. These cells are then treated with a growth factor FGF – (Fibroblast 
Growth Factor) - to keep them undifferentiated and make them keen to divide. Cells are let 
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free to divide but when they start to grow in a confluent layer they are dissociated from the 
plate and diluted in new ones. To grow the cells in this way makes them become a more 
homogeneous population than when they are taken from the embryo. 

Once the growth stage has ended and just before time lapse sequences are taken, the 
researchers  subject  the  cells  to  chemical  treatments  to  analyze  how  cells  behave  in  the 
presence of different molecules and also to obtain known cell properties like staining. For 
example,  several  of  the  time  lapse  sequences  under  research  have  been  subjected  to  cell 
nucleofection with plasmids - pieces of DNA coding for different things - in this case, the 
Green Fluorescent Protein (GFP) allowing a better identification and control of cells. Despite 
the application of this protein, only some cells will take up the plasmid and show the green 
color. After nucleofection the cells need to rest for some time so time lapse sequence images 
are taken one day after this process takes place.

Since it is wanted to take films of differentiating cells, new medium with new growth 
factors is added just before starting the time-lapse extraction. The time-lapse sequences are 
taken  using  a  Zeiss  observer  Z1  inverted  microscope  built  into  a  box  with  controlled 
temperature and pH – adjusting the CO2 levels to 5% - both factors of extreme importance for 
cell survival. The images are taken using the Axiovision program, usually with one image per 
15 min. So far there have been some problems with taking really long sequences but 72 hour-
long sequences are possible. Depending on whether images are taken only with phase contrast 
or whether fluorescence is also used, cells are exposed to UV light which is damaging. The 
survival  of  the cells  in  the  microscope  is  the  limiting  factor.  For  long sequences  growth 
factors need to be added to the medium every 24 hours as well as changed every 48 hours 
which can cause shifts in the position of the cell plate. [7]

Figure 3.2 :  Block diagram of the Data Acquisition stage. The results are  
the  time-lapse  sequences,  main  data  input  for  the  image  
segmentation stage.

At Linköping University the time-lapse sequences are preprocessed before the real 
image processing. As mentioned in the introduction, single stem cells are favorably selected 
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as a first approach to the morphology analysis problem, making the study as easy as possible 
while maintaining its validity.

It is to be noted though, that two main different kinds of resource images were used as 
two different source acquisition systems were applied during the development of the project. 
Both have quite different characteristics as shown in Figure 3.3.

(a) (b)

(c) (d)

Figure 3.3 :  Samples of cell cultures and isolated cells from the time-lapse  
Sequences. (a) and (c) belong to the first set of images. Taken  
by  Joel  Zupicich.  (b)  and  (d)  belong  to  the   second  set  of  
images.  Taken  by  Tobias  Lilja.  Both  sets  present  obvious 
differences  which  will  translate  into  different  segmentation  
problems to deal with.

Most of the methods – the Sobel&Canny algorithm, the Region-growing algorithm 
and TLSP - were developed studying the first set of cells and fitted to the problems relating its 
segmentation. Anyhow, the same algorithms have been used on the second set of cells and 
they do work properly, achieving convenient results only by changing the former algorithms 
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slightly.  Hence,  the  results  obtained  using  the  different  segmentation  techniques  will  be 
shown using images from both sets indistinctly.

3.2. Cell Morphology Analysis, MATLAB® and Other Applications.

The  main  platform  used  throughout  the  research  has  been  MATLAB® and  its 
corresponding Image processing Toolbox. The choice was made not so much because of the 
specific capacity of MATLAB® to perform the kind of tasks this sort of research requires but 
because the familiarity the author has with its use. Anyhow, this platform has shown to be a 
very good choice, first of all, because MATLAB® system design is focused to work with 
matrices.  This results  in  a high computational  speed in solving algorithms  operating with 
these kind of expressions which are, at the same time, the natural mathematical representation 
of images – a grayscale image is a NxM matrix of pixels where each element represents light 
intensities. But its advantages are not only limited to the way MATLAB engine works as the 
Image  processing  Toolbox  provides  the  user  with  the  means  to  carry  out  any  image 
processing task, and to develop further complex algorithms if needed. Moreover, MATLAB® 
also includes GUIDE, an interactive application that allows the creation of user interfaces so 
that,  algorithms  and  processing  code  can  be  embedded  into  attractive  and  user-intended 
programs.  This  is  a  superb  way  to  separate  the  technical  issues  of  the  project  from the 
biological ones, providing the possibility of building transparent biological applications of 
easy use. Furthermore, MATLAB® offers the possibility of building standalone applications, 
independent from MATLAB® engine, allowing the distribution of the implemented programs 
to end users who will not require to have MATLAB® in their system. On the other hand, 
MATLAB® application  will  still  be  needed  for  the  creation  and further  updating  of  the 
developed programs with the big drawback of its expensive license.

In some occasions during the beginning of the project it was also necessary to use 
Image J – free source-code image processing application –, and its LOCI Bio-formats plug-in 
to properly retrieve time lapse sequences from the proprietary format they were stored in, into 
a standard format more suitable for image processing under MATLAB® environment, such as 
AVI and JPEG.

3.3. Cell Image Segmentation Algorithms.

Image segmentation is a well known field of image processing. As in this case, it will 
be applied on cell images, it seems inevitable to think about the intrinsic characteristics of 
such images in order to select and implement an optimal algorithm to study cell morphology. 
The following paragraphs will describe that problem and the solutions that lead to the final 
chosen path. It is to be noted that, though previous analysis were held before the formal start 
of the project, many decisions had to be taken a posteriori as new problems and challenges 
arose. Also, as the author was completely unfamiliar with image segmentation before the start 
of the project, the degree of complexity of the algorithms increases from the beginning to the 
end. If the reader is interested in obtaining more information about the technical basis of the 
segmentation  algorithms  used  in  this  project,  Appendix  I,  “A  Brief  Note  About  
Segmentation”, is recommended as a small compendium of such knowledge.
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3.3.1. Segmentation Pre-processing

Techniques  of  variable  complexity  which  are  used  to  prepare  or  better  adapt  the 
images before the real core image processing, receive the name of pre-processing methods. 
Generally much simpler than the core procedure, its use usually enhances the final results and 
decreases the main processing algorithm computational cost and time. Several of them have 
been used along the project and some of them are explained in this section.

The cell  images  used in  the present  project  are  mainly  gray-scale  images,  that  is, 
images whose pixel values are intensity values that represent a scale of gray colors, whose 
accuracy depends on the number of bits used to quantify them – generally 8 bits – and whose 
range goes from black to white – black would be the hexadecimal  0x00 and white 0xFF. 
According to [8], there are several characteristics common to cell images that can be easily 
seen when a close look is taken over the image, its horizontal profile and its histogram, as 
shown in Figure 3.4.

(a)

(b) (c)

Figure 3.4 :  Cell image characteristics. (b) Horizontal profile (center cut)  
and (c) histogram of the cell image in (a).
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(1) The dynamic range is quite short, that is, most pixel values belong to a 
short range of gray colors.  This characteristic makes the analysis difficult 
as the borders of cells will have proximal values to the contour. This low 
contrast can be easily seen in the histogram shown in the figure above 
(Figure 3.4c) that  only has a recognizable  maximum while in the ideal 
case, it would have had two maximums, one for the background and one 
for the cell, respectively.

(2) As  shown  in  the  horizontal  profile  (Figure  3.4b),  the  intensity  of  the 
background is, generally, not uniform along the image, and presents low 
intensity variations.

(3) The variation of intensities is higher within the cells and their boundaries 
than in the background. The high intensity variations within a cell points 
out  to  its  heavily  patterned  characteristics,  feature  that  might  cause 
problems  in  cell  segmentation  as  they  might  be  confused  with  cell 
boundaries.

(4) The optical  phenomenons that  take place during the extraction  of time 
lapse sequences may result in different effects in the obtained cell images, 
such as bright halos surrounding cells or blending between the cell and the 
background, increasing the complexity of finding the real boundaries of 
cells.

These  very  characteristics,  generally  shared  by  most  cell  images,  bring  forward  the 
complexity of cell segmentation, and the necessity of appropriate measures if the task of cell 
morphology analysis is to be taken seriously. In order to increase or emphasize the differences 
between cells and their contours, images have been adjusted using a simple intensity mapping 
function. This transformation saturates the lowest and highest parts of the histogram (1%) to 
finally stretch it obtaining some improvement in contrast.

Other methods were considered for this task, one example is histogram equalization. 
This method allows to enhance the contrast of images by stretching their respective histogram 
– obtaining a uniform distributed histogram in the optimal theoretical case. However, in this 
case the results are not adequate at all, as the resulting cell contour is slightly transformed and 
the unwanted background is emphasized. 

Mapping functions, histogram equalization and their basis are properly explained in 
Appendix I. Figure 3.5 shows an example cell image treated with these processes and the 
histograms of both the original and the treated image.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.5 :  Histogram processing. Cell  in (a)  is  treated using histogram 
cropping and histogram equalization resulting in cells in (c)  
and (e).(b), (d) and (f) are their respective histograms.

It seems also interesting to show how this process has been applied on the second set 
of  images  mentioned  before.  Figure  3.6  illustrates  the  improvement  of  cell/background 
contrast this method entails, much pronounced, if possible, in this second set of time lapse 
sequences.
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(a) (b)

Figure 3.6 :  Histogram adjusting on second set of time lapse sequences. (a)  
Original image. (b) Treated image.

Another common pre-processing step concerns background/foreground separation. In 
this  first  approximation  to  segmentation,  this  is  already  made  in  some  measure  by  the 
previous contrast adjusting method, and, at this stage of the projects, it was found that there 
was no necessity for further development in this area. Nevertheless, it will be discussed later 
in  this  document,  as  new and  more  complex  algorithms  might  require  this  stage.  As  an 
preview, local variance filters might show to be useful in this task due to their capacity to 
discriminate local high variations – those belonging to the cell – from the local low variations 
inherent to the background, while spatial  smoothing filters, would decrease local intensity 
variations like the ones relative to cell texture and background.

3.3.2. Edge Finding Method. Sobel & Canny Algorithm

The first approach to the segmentation process has been to use edge-based detection 
methods in an attempt to discover if these simple algorithms are capable of extracting the cell 
morphological characteristics.

As the results of algorithms such as Sobel and Canny [9]-[11] are just a set of edges, 
post-processing based on several morphological operations is required in order to faithfully 
obtain cell boundaries – this means that the goal of the morphological operations is to reduce 
the previous set of edges into only those edges which constitute the cell boundaries. Figure 
3.7 illustrates the whole process.

In summary,  the process followed is to subject the time lapse sequence to an edge 
detection algorithm resulting in a binary image containing a set of edges – normally quite 
numerous due to the fact that cell images are heavily patterned and textured. The next step is 
to dilate these edges, that is, make them thicker, and then, fill in the holes inside the cell body, 
to finally, erode the image, sharpening the outer boundaries of the cell and reverting, in some 
way, the previous dilation process for these outer edges. During this process those objects 
which are in contact with the borders of the image are also eliminated and in the end the cell 
is selected from all the elements in the image as that one with the largest area.
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Figure 3.7:  Block diagram of the Segmentation algorithm. The Algorithm 
takes the pre-processed time lapse sequences and segments the  
image, extracting the cell shape from it. The final results are  
this  same  image  and  a  set  of  several  data  parameters  of  
interest extracted from it.

The  following  paragraphs  will  attempt  to  make  a  deeper  description  of  the 
segmentation procedure: The first step of the process then, will be to run the edge-detection 
algorithms on the pre-processed time-lapse sequences. After several experiments it was found 
that  the  best  approach  for  these  problem was  to  use  both  Sobel  and  Canny  methods  to 
emphasize the edges  so that the next processing – the morphological operations – would be 
able  to  conveniently  find  the  cell  boundaries.  Figure  3.8  illustrates  the  results  of  edge-
detection for different methods. 

(a) (b)
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(c) (d)

(e) (f)

Figure 3.8 :  Edge-detection methods. (a), (c) , and (e) represent the result of  
the  edge-detection  using  Sobel,  Canny  and  Sobel&Canny  
algorithms respectively . (b), (d), and (f) show the final result  
for  each  one  of  them.  As  it  can  be  seen  the  method  in  (e)  
constitutes  a big improvement compared to the other ones.

Once the edges have been found, the next step is the application of the morphological 
operations. Through dilation the edges are widened with the purpose of connecting them one 
to another, resulting in the first approximation of the cell as one unique element . As the edges 
of the cell resemble lines, the structure elements selected for carrying out such a process are 
two lines: one vertical and another horizontal. Once the dilation has taken place, the gaps of 
the image are  filled – gaps are understood as those pixels belonging to the background that 
cannot be reached when the image is filled from the edge of the image.

Next stage consists in clearing the borders, this is, deleting from the binary image all 
the elements that  are connected to the edges of the image.  The purpose of this  step is to 
simplify the computational weight of the upcoming steps – erosion, max area object selection 
- as there will be less elements within the image to work with. The serious drawback of this 
stage is that, if the cell subjected to study is connected to any border of the image it will be 
eliminated,  making  it  serious  to  consider  this  step  as  optional,  either  avoiding  its  use  or 
keeping tight control on the cells in the input time lapse sequences.

Erosion phase  seeks  to  return  cell  outer  boundaries  to  their  former  state.  To 
accomplish this, successive erosion operations have been used on the image using diamond-
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shaped structuring elements – specifically it was found that two erosion operations using a 1-
pixel radius diamond recovered the borders with the required quality.

(a) (b)

(c) (d)

(e) (f)

Figure 3.9 :  Edge-based  segmentation  algorithm  step  by  step.  (a)  edge-
processed  image.  (b)  Dilation.  (c)  Filling  in.  (d)  Clearing 
Borders. (e) Erosion. (f) Final result after cell selection.

Finally, the  area of all the elements left in the image is measured, the one with the 
highest  area  is  considered  to  be the  cell  and the  rest  are  deleted.  The  final  result  of  the 
segmentation  then,  will  be  a  binary  image  containing  the  cell  surface  –  note  that  the 
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transformation from the cell surface to the cell boundaries is automatic. Figures 3.9 and 3.10 
illustrate the whole segmentation process step by step for two images of the same time lapse 
sequence taken from the same cell at different time frames.

(a) (b)

(c) (d)

(e) (f)

Figure 3.10:  Edge-based  segmentation  algorithm  step  by  step.  (a)  edge-
processed  image.  (b)  Dilation.  (c)  Filling  in.  (d)  Clearing 
Borders. (e) Erosion. (f) Final result after cell selection.

Further experiments regarding edge-based segmentation led to a better management of 
the morphological operations and finally to the development of an optimal algorithm using 
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only the Canny edge-detector and thus saving the computational expenses of using also Sobel 
algorithm. Figure 3.10 shows a comparison between results from the Sobel&Canny method 
and the Canny edge detector alone.

(a) (b)

Figure 3.10 : Ultimate edge-detection methods. In (a) Canny method presents  
very similar results to (b) Sobel&Canny method output.

Figure 3.11 shows the behavior of the segmentation algorithm with the second set of 
images.

(a) (b)

(c) (d)
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(e) (f)

Figure 3.11 :  Edge-detection method applied on the second set of images.
(a), (c), (e) input cell images and (b), (d), (f) resulting images.

The results  for  both sets  of  time-lapse sequences  are  quite  good, segmenting  with 
success the cell in each case, and separating it from the background and surroundings, even 
with a degree of detail, with the capacity of capturing cell features such as outgrowth – in 
form of appendices. However, the results are not yet good enough as in some occasions the 
method seems unable to extract the boundaries with the required precision. Furthermore, it 
has a very marked limitation as it cannot operate with cell clusters: Due to the procedure of 
segmentation itself,  if  a cluster  of cells  was subjected to  the Canny&Sobel  algorithm the 
result would most likely be the same cluster segmented as one single cell.  This important 
limitation  relegates  the  use  of  this  algorithm  to  the  analysis  of  isolated  cells,  making 
impossible its generalization into the cell colonies field and leaving still the door open to a 
solution for analyzing cell clusters, problem that will be later discussed in Section 3.3.5.

The remaining step, described in Figure 3.7 as the block “Cell Data Extraction” is 
related with extracting or collecting a series of parameters that can extend the description of 
the cell and also represent it, along with the segmented image, by means of morphology. The 
parameters of interest will be discussed below in Section 3.4.

3.3.3. Region Growing Algorithm

Once this first attempt of segmentation was carried out with tolerable success, the next 
step  ought  to  be  improving  the  quality  of  the  process  itself,  pursuing  a  more  faithful 
representation of the cell. Concretely, it was found that some of the cells under analysis were 
surrounded with a white bright halo whose cause was related to the illumination mechanisms 
of  the  cultured  cells  in  the  previous  image  capture  stage.  The  next  step  then,  will  be  to 
eliminate this halo from the results provided by the process developed in the last section, 
obtaining a much nearer representation of the original cell.  Region growing [12],[13] is a 
natural choice to solve this problem as these bright areas are well defined and share obvious 
similarities in intensity.

Jaime González García. Linköping 2008 31



“Proposal for a vision-based cell morphology analysis system” Methodology

In this case, the region growing process will not be a segmenting algorithm itself, but 
an addition to the previous one with a very specific purpose, thus, a simple region growing 
algorithm with very specialized characteristics has been developed. The main features of the 
algorithm are exposed below:

1. Automatic massive seeding. All pixels whose intensity is higher than an 
intensity threshold T will be considered as seeds

2. Constant intensity criterion. The similarity criterion will be simply based 
on the intensity of the pixels, i.e. , a pixel will be considered part of a 
region if the difference between its intensity, and that of the seed is less 
than a fixed value  I .

3. Variable  connectivity. The  algorithm  has  been  implemented  with  the 
option of using 4- and 8-pixel neighborhood connectivity.

Before describing the operation of the algorithm, a few notes regarding these three 
features will help the reader to understand the whole process better. 

The selection of massive seeds in the beginning of the algorithm has the advantage of 
starting with what could be called “seeding regions”, and saves the computational work of 
growing the usually single-pixel seed to the size of that very region. This is a very good 
approach as the regions to eliminate have very high and near values of intensity, so that, the 
algorithm starts from a very advanced point and needs very few iterations to reach the final 
result regions. 

The  constant intensity criterion is not only very simple to implement, but also very 
adequate. As it was mentioned before, the region treated has very high intensity pixels, this 
means  that,  if  an average was used,  the region-growing algorithm would not be sensitive 
enough. To prevent this from happening, treated pixels are compared in intensity to those 
pixels in the outer parts of the region, achieving an improved performance. 

Finally, the possibility of selecting between 4 and 8 pixel connectivity offers a degree 
of freedom between computational cost and performance. However, it has been proved that 
generally the algorithm with 8-pixel connectivity converges in less iterations and with better 
results  that  the  one  with  4-pixel  connectivity,  thus,  this  would be  the  better  choice  as  it 
presents a significant improvement in both speed and quality. 

Figure 3.12 illustrates schematically the stages the process goes through.
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Figure 3.12 : Block diagram of the new segmentation algorithm.

The first step of the algorithm consists in selecting the seeds from the input image. For 
this  purpose,  all  pixels  are  evaluated  and those  whose intensity  is  higher  than  a  selected 
threshold T are labeled as seeds, and thus, as part of the region – note that, this algorithm will 
result in only two regions, the pixels belonging to the bright areas (halo) and the pixels that do 
not belong to it. The result of this first step will be a binary image with 1's representing the 
seeds and 0's in the rest of the pixels. An iterative process will be applied then in all the pixels 
of the image with the following structure:

Let f be the input image. Then for every pair x , y  :

1. If the pixel x , y  is a seed then go to 2. if not continue searching.

2. Obtain  neighborhood n i= f x i , y i – 4 or  8  members  –  of  the  pixel 
x , y  .

3. For each neighbor. If it is:

1. A seed, then follow to the next neighbor.

2. Not a seed, then compare intensity values between pixel x , y  and 
neighbor using the expression below, if it is fulfilled then the neighbor 
is labeled as a seed:

∣ f x , y  − ni∣≤ I

3. When no more neighbors are available return to 1.

When  the  iteration  has  been  done  without  any  change  in  the  labeled  image,  the 
algorithm will stop and the output of the process will be a binary image containing the “halo” 
regions of the input cell image. It will only be needed then, to subtract this region from the 
result image of the edge-detection algorithm discussed earlier. Figure 3.13 shows the growing 
process within an example image step by step.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)
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Figure 3.13 :  Examples from the growing process of a cell using 4- and 8-
pixel connectivity.  (a),  (c),  (e)  and (g) belong to the process  
with 4-pixel connectivity and (b), (d), (f) and (h) belong to the  
process with 8-pixel connectivity.

From  this  last  figure  several  conclusions  can  be  drawn.  In  relation  with  the 
connectivity,  the 8-pixel connectivity not only achieves better results but also has a faster 
convergence,  that  is,  it  achieves  better  results  than  the  same  algorithm  with  4-pixel 
connectivity in less iterations, and thus, less time. The images also calls the attention to the 
fact that, after several iterations the areas of interest  – “halo” of the cell –  stop growing, 
being those of non-interest the ones that will prevent the algorithm of stopping. This means a 
useless waste of time and computational resources and can be fixed just by using the results of 
the edge-detection segmentation algorithm as a mask for the input image limiting the region-
growing algorithm to the areas of interest. Implementing this improvement has reduced the 
iteration stages of the last processed images from 9 to 4, thus, reducing the computational 
time by more than a half.

It is also to be noted that, instead of applying the changes on the growing region after 
each iteration, the new values are updated within each iteration as new pixels are defined as 
members of the mentioned region. This way of processing the region growing algorithm is 
only valid due to the fact that it is the intensity of the border pixels and not the intensity of the 
region the one that  is  used as  likeness  comparison criteria.  This change in the  algorithm 
processing has resulted in a drastic increase in the computation speed.

(a) (b) (c)

(d) (e) (f)

Figure 3.14 :  Region growing results. Final results of the application of the 
algorithm on the previous images using 4-pixel connectivity (a)  
and (d),  8-pixel connectivity (b) and (e),  and thresholding (c)  
and (f).  As expected the use of 8-pixel neighborhood slightly  
improves the results from the 4-pixel one.
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Figure 3.14 shows the results of the addition of this region growing stage to the edge-
detection algorithm for 4-, 8-pixel connectivity and also by the use of thresholding (analogous 
process to the first seeding stage of the region growing algorithm).

As a final step of image post-processing, the holes of the resulting binary image can be 
filled again and this one can optionally be treated with an opening operation to eliminate 
“impurities” and smooth cell boundaries, obtaining an improved result as shown in Figure 
3.15.  The  opening  operation  is  regarded  as  optional  as,  in  some  cases,  it  might  delete 
important morphological features of the cell boundaries. 

(a) (b)

(c)

Figure 3.15 :  Region growing results after filling  and opening output image.  
Image in (a) is filled (b) and processed using a morphological  
opening operation (c).

Figures  3.16 and 3.17 show the application  of this  algorithm to the second set  of 
images,  where  some  parameters  –  seeding  threshold  and  similarity  criterion  –  had  to  be 
adjusted  due  to  the  completely  different  intensity  ranges  present  in  both  of  them.  This 
character can be seen very clearly in the region growing process, hardly appreciated  with the 
previous set, but very pronounced in this case.
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(a) (b)

(c) (d)

Figure 3.16 :  Examples  from  the  growing  process  for  the  second  set  of  
images. (a), (b), (c), (d) are steps of the region growing with 4-
pixel connectivity. It has been selected because the growth is  
more pronounced than in the 8-pixel case, taking 12 iterations  
for the 6 of the last.

(a) (b)
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(c)

Figure 3.17 :  Region growing results for second set of images. (a) Output  
image  using  4-pixel  connectivity.  (b)  Output  image  using  8-
pixel connectivity.  (c)  Output image with 8-pixel connectivity  
and a post-processing opening operation.

There are many different kinds of cells with different morphology, and even the same 
cell can go through very different morphological states, thus, the algorithm just developed 
may be of use with most of the cells, but there might be exceptions where it could not be of 
any use. One example of these last are globular cells as the one in Figure 3.18(a),  a very 
common cell state, that due to its characteristics – those of a high intensity globule – won't be 
properly processed. As it can be easily predicted, the last algorithm will delete the same very 
cell from the results of the edge-detection algorithm. The first option selected to solve this 
problem would be to rely on the edge-detection algorithm itself obtaining the results in Figure 
3.18(c). However, it has been found that it is much better to take advantage of the natural 
disposition to solve this kind of segmentation problem, the simple region growing algorithm 
has. Figure 3.18(d) illustrates the result of applying this last algorithm directly on the time 
lapse image.

(a)
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(b) (c) (d)

Figure 3.18 :  Application  of  the  region  growing  algorithm  in  lobule-like  
cells.  (a)  Original  Image.  (b)  Output  image  of  the  edge-
detection plus region growing algorithm. (c) Output image of  
the  edge-detection  algorithm.  (d)  Result  using  the  region 
growing algorithm directly on the image on (a).

3.3.4. Late Improvements

Region-growing algorithm generalization. Average criterion improvement.

As  it  has  been  seen  before,  the  region-growing  algorithm  can  successfully  solve 
segmentation problems that the former Sobel & Canny method cannot, or even improve the 
results in certain special cases. 

It seems interesting then, to attempt to improve it and make it more independent to 
extend its use as a segmentation process itself. The natural process to achieve this purpose is 
to extend the basic characteristics of the region-growing algorithm for its use in more general 
situations.

The first step in this case, will be to redefine the  likeness criteria, that is, the way 
pixels  are compared and selected as members  of a specific  region.  There are two related 
parameters  that  can  be  varied  in  order  to  improve  the  global  algorithm  behavior:  the 
comparing threshold between pixel and region intensities, and the composed intensity of the 
region. The first parameter illustrates how similar or alike, the pixel and the region have to be 
to consider this first one as a part of the region, while the second represents the way the 
region  is  characterized  by  its  constituent  elements,  i.e.,  the  influence  of  each  pixel 
contribution to the global intensity area. For this intended improved algorithm, the likeness 
threshold will be considered variable depending on each case of cell segmentation but the 
region intensity will  be considered from a different  point of view than before:  As region 
growing processing work is based upon similarity, the best choice for this criteria would be to 
calculate the mean value of the intensity of the pixels that belong to the area, so that the 
characterization of each region will change and adapt itself dynamically.

The second step to generalize the use of the algorithm would be to change the seeding 
policy. As a first approach, the algorithm will use a manual seeding on a single cell in order to 
analyze its performance capabilities  in the segmentation of different cells.  Figures 3.19-22 
show the behavior of this newly improved algorithm.
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(a)

(b) (c)

Figure  3.19 :  Application  of  the  improved  region  growing  algorithm  on  
globule-like cells. Cell in (a) is segmented using former simple  
region growing algorithm (b) and improved one (c).

As it  was expected,  in  the case of  globule cells,  the high intensities  of  the pixels 
belonging to the seeded regions increase the intensity mean that characterizes the region and 
makes it impossible for it to grow. However if the seed selected lies in the center of the lobule 
cell the results improve perceptively as seen in the Figure 3.20 below.

(a) (b)
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(c) (d)

Figure 3.20 :  Application  of  the  improved  region  growing  algorithm  on  
globule-like  cells  with  manual  seed  selection.  The  seeding  
region is selected using a polygonal selection tool in (a). The  
improved region algorithm presents now better results (b) than 
its former simple counterpart (d). (c) Shows he final result of  
the  segmentation  after  post-processing  (filling  holes  and 
smoothing).

The algorithm has been also tested in other kind of cells from both sets of time lapse 
sequences  with different  results  as  shown in the  Figures  3.21-22 displayed  below.  These 
experiences have lead to several conclusions: the region growing is highly dependent of the 
seeding point selected in the beginning of the segmentation process even when it lies within 
the same cell, leading to a highly varied set of results. Generally, the results will be better the 
less patterned the analyzed cells are, hence, it seems interesting to consider a pre-processing 
operation to reduce the textures and patterns within the cell as a possible future improvement 
of the algorithm. 

(a) (b) (c)
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(d) (e) (f)

Figure  3.21 :  Effect of different seeding in the processing of the improved  
region-growing algorithm. (a), (b), (c) illustrate the selection of  
the seeding region and (d), (e) and (f) the resulted segmented 
areas.

Another  other  parameter  to  take  in  count  is  the  likeness  criteria:  the  higher  this 
parameter  is  the  faster  the  algorithm  will  converge  but  the  higher  the  risk  of  a  bad 
segmentation, as the whole image can end up being considered as the segmented cell. As a 
final consideration, the computational cost will be much higher than in the edge-detection 
method as the region grows iteratively, needing of more iterations and thus, more time, the 
bigger the region processed is.

(a) (b)

Figure  3.22 :  Application of the improved region-growing algorithm in the 
second  set  of  images.  Image  in  (a)  is  processed  obtaining  
segmented cell in (b).

The natural tendency now that a region growing algorithm has been developed and 
proven useful for the analysis of single cells, is to extend this concept to the cell colony and 
the cell cluster problem. One implementation could be to manually seed the cells but this can 
be a very troublesome work when facing the regular time lapse image with dozens of cells, 
thus the real challenge lies in the development of an algorithm that can find these cells in the 
image and start the region growing by itself. Another problem to consider is what happens 
when two regions merge, that is, to consider if they belong to the same cell of if they are 
different cells that collide. Finally, it was decided that, due to the extremely high computation 
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times of the region growing algorithm for one single cell, its expected increased computation 
cost  if  extended  to  a  cell  colony  would  not  make  it  an  attractive  choice  for  further 
development.  Instead,  the  implementation  of  new  segmentation  processes  was  redirected 
towards the development of a more complex region based technique: the marked watershed 
algorithm that will be deeply discussed in next section.

3.3.5. Complex Algorithms: Marked Watershed Segmentation

Although several segmentation algorithms have been developed and tested with quite 
success,  they have been mainly focused in processing a single cell,  thus one of the main 
problems of cell segmentation, the clustering behavior of cells, still remains unsolved. The 
focus of this section is then, to implement an algorithm that is capable of dealing with this 
problem.

A concept  in  segmentation  processing  that  has  proven to  achieve  good  results  in 
solving cell cluster problems is the use of morphological watersheds [14]-[17]. 

3.3.5.1 Background: Setting up the Cell Watershed Problem

Morphological  watershed segmentation  is  based in  the utilization  of  a topographic 
interpretation  for  gray  scale  images,  considering  them  as  three  dimensional  spaces:  two 
spatial coordinates versus intensity. In this representation, the image can be divided in three 
types of points: (a) those belonging to a regional minimum, (b) points at which a drop of 
water,  if  placed  at  the  location  of  any such points,  would  fall  with  certainty  to  a  single 
minimum – called watershed of that minimum –, and finally (c) points at which water would 
be equally likely to fall to more than one such minimum – called watershed lines. 

The main aim of segmentation algorithms based in the watershed concept is to find the 
watershed lines, this is, those points that form crest lines on the topographic surface. In order 
to find these lines, a simple procedure is followed: a hole is made in every regional minimum 
and water is pumped inside the image, flooding the whole topography from below by letting 
water  rise through the holes at  a uniform rate.  When the rising water from two different 
watersheds, reaches the necessary level to merge them, a dam is built to prevent the merging. 
This process is followed until the water reaches the highest intensity of the original image, 
resulting in an image that contains dams that have prevented each watershed from merging, 
which are, non other than the wanted watershed lines [12],[18].

If a time-lapse image is represented through its gradient, this is, a representation of the 
intensity variation of the original image,  and this gradient considered from the mentioned 
topographical view. Then, the watershed lines will coincide with the boundaries of the cells, 
as these ones generally represent the highest intensity variation in time lapse images, and the 
cell  segmentation problem will  be successfully set  out in morphological  watershed terms. 
Figure 3.23 illustrates this approach to the cell cluster segmentation problem using different 
representations.
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(a) (b)

(c) (d)

Figure  3. 23:  Cell watershed segmentation problem.(a) Original time-lapse  
image. (b) Image that represents the gradient obtained from the  
original  image.  (c)  3-D  representation  of  this  gradient.  (d)  
Topographic  representation  of  the  gradient  (The  gradient  
image has been resampled to make the topography clearer).

The figure above, and specially Figure3.23c, illustrates perfectly how the watershed 
segmentation process is to be faced. The regional minimums appear clearly in the center of 
the cells and in the background while “mountains” and “ridges” represent cell boundaries. 
Flooding the image from below rising water from the regional minimums would most likely 
end up with the  segmentation  of  the  cell  image.  However,  there  are  two main  problems 
related  with  cell  images  and  with  the  morphological  watershed  theory  that  may  cause 
problems during the segmentation process. First of all, the fact that the cells in the images are 
heavily patterned, characteristic already mentioned in Section 3.2.1, results in high intensity 
variations  inside  cells  that  might  cause  the  malfunction  of  the  segmentation  algorithm, 
specially when the ridges inside the cell are higher than those lying on the boundaries. In 
addition, the own definition of the morphological watershed segmentation problem will result 
in the selection of a huge number of regional minimum in the background and also within the 
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same cell due to noise and local irregularities of the gradient.  This will  finally render the 
results into oversegmentation, i.e., in a large number of segmented regions.

Image preprocessing may be the answer to the first problem, limiting the intensity 
variations to cell boundaries using local smoothing and variance filters [8] and will be studied 
in the section below.

The answer to  oversegmentation  is  one of  the main  contributions  to  segmentation 
theory that enhances the response of watershed segmentation and places it over other image 
segmentation methods: the incorporation of knowledge or intelligence in the segmentation 
process a priori in the form of markers. 

Markers are connected components that belong to an image and are used to limit the 
number of allowable regions before performing the segmentation processing. Internal markers 
will be associated with the objects of interest of an image, this is, the cells, while external 
markers will be related with the background. The combination of markers with the watershed 
segmentation technique results in the marked watershed algorithm that will be used to solve 
the cell cluster problem, and that is further discussed in next section. It is to be noted that in 
this document, the internal markers will be generally cited as foreground markers while the 
external markers will receive the name of background markers.

3.3.5.2 Marked Watershed Algorithm.

As it was mentioned in the previous section, there are two main issues to take care of 
when confronting marked watershed segmentation: First, to adapt or prepare the time-lapse 
images before applying the watershed processing in order to emphasize those features that 
may aid the segmentation process. This means to highlight the intensity variations in favor of 
cell boundaries and reducing those that take place inside cells using preprocessing algorithms. 
And second, develop a marking system based upon the morphological characteristics of the 
cells to be segmented. The high variety of types of cells induces to think that several different 
approaches will be needed in order to process morphologically different cells.

This section will discuss some of the approaches that have been made when facing the 
cell marked watershed algorithm, starting from a simple case where a rough edge-detection 
marking system has been used and advancing into more complex procedures. Figure 3.24 
illustrates schematically the general segmentation process followed in this case.
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Figure 3.24:  Block  diagram  of  the  marked  watershed  segmentation  
algorithm. The markers obtained from the marking system are 
imposed  as  regional  minimums in  the  segmentation  function 
and processed with the watershed segmentation algorithm.

Smoothing preprocessing and edge-detection marking system

The  idea  for  the  first  test  of  the  marked  watershed  segmentation  technique  is  to 
combine  it  with  some  of  the  algorithms  that  have  been  developed  so  far.  Edge-finding 
algorithm seems to be a good starting point due to its capacity to detect cells in a time lapse 
image, but with the known drawback regarding its incapability of differing between clustering 
cells. Anyhow, it will be a convenient base and first step into the development path of an 
appropriate marked watershed segmentation algorithm.

As  it  has  been  mentioned  repeatedly  during  the  project,  a  pre-processing  step  to 
prepare the cell images before the core image processing takes place will save processing time 
and improve the final results. In this case, the objective is to minimize the intensity variations 
within the cells in order to avoid high intensity ridges that might lead to obtain undesired 
segmentation results.  Smoothing filters may proved to be useful for this task due to their 
effectiveness to minimize the effect of small spatial detail [12]. These kind of filters perform 
an spatial averaging of the processed image acting as a lowpass filter for sharp transitions in 
intensities,  thus,  removing  the  irrelevant  detail  within  cells.  Figure  3.25  illustrates  the 
application of the smoothing pre-processing stage a specific cell cluster time lapse image and 
its effect in the respective gradient image.
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(a) (b)

(c) (d)

(e) (f)

Figure  3.25 :  Effect of smoothing pre-processing on gradient image. Image  
in (a)  has been treated using smooth filters 5x5 successively  
resulting in images (c) and (e). Images in (b), (d) and (f) result  
of calculating the gradient from (a), (c) and (e) respectively.

Jaime González García. Linköping 2008 47



“Proposal for a vision-based cell morphology analysis system” Methodology

As is it  shown in the Figure above, the smoothing filters manage to remove small 
detail within the cell but with two big inconveniences: first, the highest variations within the 
cell are emphasized, and second, the outer boundaries of the cell are expanded. While this last 
drawback can be ignored if the size and the use of smooth filters is limited, the increase of the 
inner intensity variation significance becomes a real problem as this was the characteristic 
that  was  mean  to  be  reduced.  However,  another  effect  of  smoothing  filters  may  help  to 
surpass this unwanted result. A second look to the image shows that this high variances of 
intensity  within  the  image  are  not  only  emphasized  but  also  widened.  This  widening 
characteristic  would  prove to  be  a  interesting  feature  that  may improve  the segmentation 
results in relation with the lack of pre-processing, if an appropriate marking system is used. 
Indeed, Figure 3.26 illustrates how the segmentation results were improved taking advantage 
of the mentioned characteristic.

(a) (b)

(c) (d)
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Figure  3. 26:  Example  of  the  results  improvement  related  to  the  use  of  
smoothing filters.

Once the  time-lapse  image  has  been  conveniently  prepared  to  be  subjected  to  the 
segmentation procedure, the next step lies in the selection of those regions of the image that 
are going to be processed using the segmentation procedure. In this first occasion, the method 
used  to  perform the  foreground marking  is  a  simple  Canny Edge-detection  segmentation 
algorithm as it was explained in Section 3.3.2 followed by a strong eroding operation to limit 
the  selected  marks  to  the  inner  parts  of  the  cells.  The  background markers  are  obtained 
processing  the  original  time  lapse  image  using  the  watershed  algorithm  imposing  the 
previously  obtained  foreground  markers  are  regional  minimums.  Using  this  procedure  to 
obtain background markers will result in a series of lines that limit  the regions where the 
foreground markers  are  placed.  Finally,  applying  the watershed algorithm on the  original 
image imposing both foreground and background markers as regional minimum will result in 
the segmentation of the cells within the image. Figure 3.27 illustrates the discussed procedure.

(a)

(b) (c)
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Figure  3. 27:  Marked  watershed  process  using  smoothing  filter  5x5  and 
edge-detection  marking  system.  Time-lapse image in  (a)  has  
been  processed  obtaining  segmenting  results  in  (c).  (b)  
Gradient image showing foreground and background markers  
in white.

From this  results  obtained  through  watershed  segmentation  and  a  simple  marking 
system,  it  is  clear  to  see the limitations  of  the  algorithm when facing  the  cell  clustering 
behavior.  Limitations  that  were  anticipated  in  the  beginning  of  this  section  and  that  are 
derived  from  the  use  of  edge-detection.  Clearly,  this  algorithm  will  fail  in  segmenting 
clustered cells although it does obtain appropriate results will near cells, slight improvement, 
nevertheless, from the sole application of edge-detection algorithms in cell colonies, as it is 
illustrated in the next Figure 3.28.

(a) (b)

Figure  3.28 :  Edge-detection segmentation vs marked watershed. (a) Results  
using edge-detection process.  (b)  Results using the discussed  
marked watershed segmentation.

Several remarkable conclusions can be drawn from this comparative: Edge-detection 
seems to have better results when applied on isolated cells, but it does not have the capacity to 
discriminate proximal or clustered cells. On the other hand, this marked watershed process 
may have poor  results  with some isolated  cells  due to  the definition  of the segmentation 
function, this is, the image that is going to be treated by the watershed algorithm. Finally, the 
algorithm seems to be able to discriminate proximal cells but its marking system lacks the 
required complexity to be able to differ clustered cells. 

These conclusions give birth to some interesting ideas: The fact that edge detection 
has generally better results when applied on isolated cells opens a path of development related 
with  watershed  segmentation.  As  it  was  mentioned  before  in  this  section  during  the 
segmentation procedure explanation,  the foreground markers  are subjected to  a  watershed 
process to divide the time-lapse image in areas each of them containing one cell. This means 
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that the former cell colony problem can be divided into the simple problem of a single cell per 
region and, thus, surpass the incapacity of edge-detection to discriminate proximal cells. In 
other  order  of  things  and  related  with  the  results  of  the  implemented  marked  watershed 
algorithm, it seems clear that both the representation of the time lapse image prior processing 
and the marking system need to be improved deeply in order to obtain better results.

In  next  sections  the  master  thesis  research  focuses  in  the  development  of  better 
marking system that seek to faithfully segment clustered cells. The representation of the time 
lapse image will  be maintained due to its certain theoretical  basis, attributing the error in 
segmentation to the failure of the time lapse imaging extraction system (wrong illumination, 
noise, etc). However, the development of new pre-processing algorithms may help to reduce 
these negative effects and will be considered as future work.

Smoothing preprocessing and interactive seed selection

The first attempt to improve the marking system consists in taking advantage of the 
tools  MATLAB® offers  to  interact  with images  and build  binary masks.  Using a simple 
polygonal  mask the  whole  inner  part  of  the  analyzed  cells  can  be selected  as  a  regional 
minimum  avoiding  the  well  known  problems  of  high  intensity  ridges  within  cells  and 
obtaining the results shown in Figure 3.29.

(a) (b)

Figure  3.29 :  Marked  watershed  with  interactive  marking  system.  (a)  
Polygonal foreground markers and linear background markers  
superimposed  on  gradient  image.  (b)  Resulting  boundaries.  
Contours  are  shown  in  red  to  emphasize  borders  between 
clustered cells.

Unlike the previous algorithm, the marked watershed method with interactive marking 
system is able to discriminate cells both proximal and joined. The cell cluster problem is then, 
solved with the inconvenient of the necessity of human interaction: By using this scheme the 
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core segmentation process would be most likely done by the user and the image processing 
would be limited to improve or refine that first rough segmentation. 

Although this procedure obtains successfully cell  contours, its extensive use would 
result  awkward  and  increasingly  uncomfortable  as  cell  numbers  grow  within  time-lapse 
images. Hence, the necessity of developing an automatic algorithm that could match these 
results seems obvious and is discussed in next section. The utilization of interactive marked 
watershed should be limited to those cases were the automatic seeding cannot be performed.

There  is  also one conceptual  error  regarding the background marking  process  that 
deserves  to  be  commented  and  that  can  be  clearly  seen  in  Figure  3.30.  The  fact  that 
foreground  markers  are  used  together  with  the  watershed  segmentation  algorithm  to 
determine the background markers as those lines in the image that divide regions between 
cells,  results  in  the  erroneous  definition  of  the  space  between  cells  as  belonging  to  the 
background. In order to solve this small conceptual problem, next section will not only be 
dedicated  to the development  of an automatic  marking  system for cells  but will  also pay 
attention to the design of a improved background selection procedure.

Complex marked watershed algorithm

Making  a  more  complex  marking  system  lies  on  two  main  pillars:  (1)  The 
development  of a procedure to separate the background of the image from the objects  of 
interest, this is, a method that improves the background mark and makes it independent from 
the foreground marks, and (2) the implementation of an automatic cell locating system based 
on the morphological features of the cells that are to be segmented.

In previous sections the watershed algorithm was applied on the foreground markers to 
obtain the background marker. This process was not only time expensive but also had the 
unwanted  effect  of  defining  specific  cell  areas  as  part  of  the  background.  In  the  next 
paragraphs,  two  simpler  and  more  effective  procedures  that  seek  the  same  objective  are 
discussed. These processes use two different approaches through the application of smoothing 
and variance filters.

Spatial smoothing filters, as mentioned before, have the capacity of reducing the small 
detail in images. The bigger the size of the filter, the bigger the data from the image that will 
be considered as “small detail”. This means that, if a mask big enough is used on a time-lapse 
image, the small objects will blend with the background and the image will blur till only the 
biggest  significant  objects  will  be recognizable.  This  very property is  very useful  for the 
purpose that is being discussed, as a thresholding operation over the blurred image results in 
the  desired  background  marker.  Figure  3.31  illustrates  this  process.  The  thresholding 
procedure used a threshold obtained by the application of Otsu's principles [19].
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(a) (b)

Figure  3.31 :  Use of smoothing spatial filters to separate background from 
foreground. (a) Blurred Image using a smoothing filter of size  
30x30. (b) Thresholding result using Otsu's method.

In the beginning of the segmentation section, the analysis of the characteristics of the 
time-lapse sequences lead to the conclusion that the background of the studied time-lapse 
images generally presents low intensity variance while the boundaries and the regions inside 
cells show high intensity variations. Hence, a local variance filter as the one proposed by Wu 
[8], and extensively used in cell imaging segmentation [14]-[16],[20],[21], should be able to 
discriminate  background  from foreground  objects.  The  separation  procedure  is  somewhat 
analogous to the used before in the case of the smoothing filter: a filtering process followed 
by thresholding. Figure 3.32 illustrates how to obtain a background marker for the same time-
lapse image that has been studied so far.

(a) (b)
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Figure  3.32 :  Use  of  local  variance  filter  to  separate  background  from 
foreground.  (a)  Result  image after the application of  a local  
variance filter 7x7.  The image has been displayed using the  
natural logarithmic scale. (b) Thresholding result using Otsu's 
method.

Figure 3.33 shows a comparison between the results obtained using both techniques. 
Generally,  the local  variance filter  will  obtain  better  results,  more  faithful  to  the original 
image. The results reached through spatial smoothing filtering will be highly dependent on the 
intensities  of  the  objects  of  interest,  varying  in  quality,  matching  in  some  occasions  the 
variance processing and, in others, with worse results as it is shown in the figure. However, 
there is a drawback in the implemented local variance algorithm: the calculation of the local 
variance is made iteratively pixel by pixel, causing a drastic global time increase when using 
this technique.

(a) (b)

Figure  3. 33:  Comparative of spatial smoothing and local variance filters.
(a) Background marker in gray superimposed on the original  
time  lapse  image.  The  background  marker  was  obtained 
eroding the image in Figure *b repeatedly. (b) Same as in (a)  
but superimposing mask in Figure *b. The eroding stage was  
not needed.

Once the background marker has been defined using any of the discussed methods, the 
next step lies in the design of the foreground marking system. This will be the real complex 
part of the development of the automatic marked watershed algorithm due to the reason that 
will  be soon exposed.  Typically,  the way to confront the planning of the seeding process 
consists in the definition of a set of criteria that the markers must satisfy. In the case of cell 
segmentation, the high variety of cells, and thus, cell morphology features makes virtually 
impossible to define a unique set of criteria that will lead to an appropriate marker selection. 
This means that, for each kind of cells, it will be necessary to define a set of criteria linked to 
their own characteristic morphological features. Time-lapse image in Figure 3.34 shows a cell 
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culture  composed  by  globular  cells  that  will  serve  as  a  step-by-step  example  of  the 
development of a foreground marking system. 

(a)

Figure  3.34 :  Globular cell culture time-lapse image.

Through the analysis of the morphological and intensity related features of this type of 
cells, the following criteria has been defined in order to locate and mark the objects that are 
supposed to be segmented: 

● Globular cells generally posses a circular or globular shape.

● They present a marked regional minimum within the center of the cell.

● This regional minimum is surrounded by a regional maxima.

These  last  two  characteristics  can  be  used  in  combination  with  h-maxima/h-minima 
transformations  [12],[22]  followed  by a  series  of  morphological  operations,  to  obtain  the 
desired marks. Figure 3.35 illustrates the process used to obtain the foreground markers using 
a  h-maxima  transformation  (the  procedure  using  h-minima  transformation  is  completely 
analogous).
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(a) (b)

(c) (d)

Figure  3.35 :  Process  for  obtaining  foreground  markers  using  h-maxima 
transformation. (a) H-maxima transformation using h = 100.  
(b) Binary Image that shows regional maxima. (c) Image in (b)  
is processed with a closing operation. The foreground markers  
will be the areas within white regions. (d) Foreground markers  
in gray superimposed to the original image.

The final  marking  system is  complete  by just  combining the two seen techniques. 
Figure 3.36 shows the whole watershed segmentation process for this specific cell family.
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(a) (b)

(c) (d)

Figure  3. 36:  Marked  watershed  segmentation  with  automatic  marking  
system  using  h-maxima  transformation.  (a)  Markers 
superimposed  on  the  gradient  image.  Background  marker 
obtained using spatial smoothing filter. (c) Same as in (a) using  
local variance filter to obtain background marker. Images in  
(b) and (d) show the results of the segmentation using markers  
in (a) and (c) respectively.

Although the markers have been placed conveniently in the images shown above, the 
segmentation of clustered cells  is not done properly.  The reason is the inadequacy of the 
segmentation function (the gradient image) in this particular case. To surpass this problem, 
the  original  image  will  be  used  as  the  segmentation  function:  the  high  intensity  ridges 
surrounding the regional minimum inside cells makes this very image a good choice when 
performing  the  segmentation  of  globular  cells.  Figure  3.37  shows,  effectively,  how  this 
change results in the appropriate segmentation of the cells.

Another interesting conclusion that can be drawn from the figure above is the fact that 
the  background  marking  method  using  local  variance  filters  is  more  sensitive  that  its 
counterpart the spatial smoothing filter. This can be taken advantage of in two ways: Using 
the smoothing method to separate the objects of interest from the background and other non-
interest objects, or the variance method, if the sensitivity is the factor that is required.
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(a) (b)

Figure  3. 37:  Marked  watershed  algorithm  using  the  original  image  as  
segmentation function. (a) Background marker with Smoothing  
method. (b) Background  marker with variance method.

This automatic marked watershed algorithm puts an end to the segmentation research 
done in this master thesis after successfully solving the cell clustering problem, and setting an 
example that may be used in further research in this area. The next step from here, would lie 
in the implementation of new marking systems adapted to each cell morphological features.

Further in this document, Section 5.2 pretends to point out possible improvements and 
new paths of research into the cell segmentation field.

3.4. Cell Morphology Representation and Description.

The application of segmentation techniques on time-lapse images results in regions 
and boundaries,  both representations of the morphology of cells  that  are not really useful 
alone by themselves. The present section assumes the challenge of finding more suitable ways 
to  represent  and  describe  cell  morphology  so  that  it  can  be  easily  used  in  computer 
processing.

3.4.1. A Brief Note About Image Representation and Description

When choosing a way to represent a region, there are usually two paths to follow: 
Represent  the  region  in  terms  of  its  external  characteristics,  boundaries  and  shape  or, 
represent it in terms of its internal characteristics, these are, the characteristics of the pixels 
that are contained in the region. The choice depends on those morphological features that are 
really useful for the case under analysis. Once a representation has been selected, the next step 
is  to  describe the region  based on the  chosen representation.  For  instance,  if  a  region is 
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represented by its  boundary,  this boundary can be described by characteristics such as its 
length, the length and orientation of the straight line joining its extreme points, etc.[12]

In the case of cell morphology, the interesting characteristics are those related to the 
shape, boundaries and the distribution of the area: the internal characteristics are so influenced 
by the time-lapse imaging extraction system – illumination, optical phenomenons, etc – that 
its value is scarce in comparison. Furthermore, the real interesting features will be those that 
may allow to differ between cells in terms of morphology. For instance, the area of cells is 
generally between the same known limits  and should not be a parameter to take in count, 
while the distribution of this area, i.e., how this area is distributed in the space, the appendices 
or outgrowth ratio, etc, does differ greatly from one kind of cell to another, and may be a 
parameter of the highest interest.

The  next  sections  will  discuss  ways  and  methods  to  represent  and  describe  the 
morphological characteristics that may be of some utility for the cell morphology research. 
Figure 3.38 illustrates the extraction of a series of morphological descriptors using TLSP tool.

Figure  3.38 :  Example of cell morphological data extraction.

3.4.2. Shape Related Cell Morphological Attributes

3.4.2.1 Shape Representation: Chain Codes.

The objective of finding a different representation for cell boundaries than that one 
given  by the  results  of  the  segmentation  process,  is  to  define  a  more  compact,  easier  to 
manage scheme that may facilitate the computation of descriptors. It will be also interesting to 
establish  a  boundary  representation  as  independent  as  possible  from  variations  in  size, 
translation and rotation, this means, to set a scheme where characteristics such as the position 
of the cell in the image and its size will not reflect in the representation.
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The  use  of  chain  codes  offers  the  possibility  of  representing  a  boundary  by  a 
connected  sequence  of  straight-line  segments  of  a  given  length  and  direction.  The  used 
representation is based in 8-connectivity and is obtained using the algorithm detailed below:

Let f be the input binary image containing the boundary of a specific region 
and let bk be the set of points of f that belong to the mentioned boundary :

1. Resample f using  a  shrinking  operation.  This  will  result  in  the 
transformation of bk into a reduced set of points bk

' .

2. Order  the  elements  of  the  resampled  boundary bk
' starting  from  the 

topmost,  leftmost  points  using  the  Moore  boundary  tracking  
algorithm[12]. Let ok be the resulting set.

3. Represent ok using a 8-directional chain code.

4. Normalize  the  code  respect  to  the  starting  point  using  the  integer  of 
minimum magnitude criteria.

5. Normalize respect rotation using the first difference criteria.

When representing a boundary of a segmented object, the small directional variations, 
which are typically caused by noise or imperfect segmentation results, have to be minimized 
in order to emphasize the significant shape features of the boundary. That is why, the first 
stage of the chain code extraction consists in the application of a resampling operation on the 
boundary image: By shrinking this image, the points that belong to the boundary are reduced 
to those that really represent the shape of the object, resulting in a more compact and reliable 
boundary representation.

Before the application of the algorithm that represents the boundary pixels in terms of 
directional changes takes place, these ones need to be ordered in a certain way, establishing a 
basic  procedure  common to  all  the  analyzed  boundaries  that  will  give  the  representation 
system consistence, and will make possible to perform comparisons between boundaries of 
different  objects.  The implemented algorithm is  the one proposed by Moore [12],  and its 
further  explained  in  Appendix I.  Once  the  pixels  have  been  ordered,  the  mask  shown in 
Figure 3.39b is applied on every single of them obtaining a collection of numbers, each of 
them, representing a segment in the direction given by the chain code.

(a) (b)
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Figure  3.39 :  Chain codes. (a) 4-pixel neighborhood chain code. (b) 8-pixel  
neighborhood chain code.

The final stage of the algorithm of representation is to normalize the obtained code so 
that it will be more insensitive to rotation operations. Note that, the transformation from the 
ordered pixels to the directional changes has already made the new boundary representation 
independent of the translation of the segmented object, while the shrinking operation restricts 
the influence of the resizing. These normalizations consists in: (1) Setting a new normalized 
starting point ; the chain code of a boundary depends on the starting point, so that, when a 
image is rotated, the uppermost leftmost pixel that has been used in the ordering algorithm 
will vary and so will the resulting chain code. To prevent this, the starting point is selected so 
that, the value of the obtain chain code will be the integer of minimum magnitude. And (2), 
using the first different of the chain code instead of the code itself. Note that, when an image 
is rotated, the chain code of the boundary changes as so do the directional changes of the 
pixels that belong to the boundary. However, the first difference remains constant.

The final result will reduce the 2-D boundary representation to a compact and stable 
sequence  of  numbers,  a  convenient  low-weight  representation  appropriate  for  further 
computer  processing.  Figure  3.40  shows  an  example  of  the  results  obtained  using  the 
developed chain code algorithm.

(a) (b)

(c)

Jaime González García. Linköping 2008 61



“Proposal for a vision-based cell morphology analysis system” Methodology

Chain code 075766757767666644442355657655666422123
454521012344233453323210000770001300100
1222232

Integer

Min. Mag.

000077000130010012222320757667577676666
444423556576556664221234545210123442334
5332321

First

Difference

200010100123011010001101221012201110002
000212011211010022011111113111111021011
1101111

(d)

Figure  3. 40:  Freeman chain code algorithm results. (a) Original boundary.  
(b) Resampled boundary, shows maintaining original size. (c)  
Resampled boundary, showing only the boundary points to be  
coded. (d) Chain codes and normalizations.

It is also to be noted that, although the chain code representation is a highly compact 
and stable representation, it will be exact only if the boundaries themselves are invariant to 
rotation – when an image is rotated the required transformation and the pixel interpolation 
may vary the boundary of an object. In the present case, the analysis of cell morphology, this 
will  not  matter  as  operations  such  as  rotation  will  not  be  necessary.  Chain  coding  will 
faithfully represent cell boundaries eliminating all the unwanted information related with the 
cell position in space.

 

3.4.2.2 Shape Description

As it was mentioned before in this section, once a representation has been chosen, the 
next step is to describe it using a series of descriptors that might be useful for the application 
in course. These descriptors, should be again, as insensitive as possible to operations such as 
resizing, translation and rotation. The present section tries to give a example of a series of 
descriptors of interest related to the previously discussed boundary representations.

The  original  2-D  representation  of  the  boundary,  result  obtained  from  the 
segmentation of cell, can be easily processed to obtain a series of simple descriptors that are 
explained  below.  Likewise,  the chain  code  representation  can  be described  using what  is 
know as shape numbers, concept that is also explained within this section.

Simple descriptors
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These series of descriptors are called simple descriptors because they are obtained 
directly from the result segmented object without the need of further processing.

● Boundary  Length.  Generally  expressed  as  the  number  of  pixels  that 
belong to the boundary of the segmented region, it can also be defined 
more accurately as the number of vertical and horizontal components plus
2 the times of diagonal components.

● Diameter/Length of the major axis. The diameter of a boundary B is 
defined by the expression:

DiamB=maxi , j[D  p i , p j]

where D is  a  distance  measure  and p i and p j are  points  on  the 
boundary. The major axis of the boundary is then defined as the line that 
connects its two extreme points.

● Length  of  the  minor  axis. The  minor  axis  is  defined  as  the  line 
perpendicular  to  the major  axis,  and of such length that  a box passing 
through the outer four points of intersection of the boundary with the two 
axes completely encloses the boundary.

● Basic  rectangle/Bounding  Box. Smallest  rectangle  containing  the 
boundary, same box mentioned in paragraph above.

● Eccentricity. Ratio of the major to the minor axis.

● Curvature. Defined as the rate of change of slope.

Shape Numbers

The  shape  number  of  a  specific  chain-coded  boundary  is  not  other  that  the  first 
difference of smallest magnitude. The order n of this shape number, that is the number of 
digits in its representation, is even and its value limits the number of different possible shapes. 
Figure 3.41 shows the shape number of the previous obtained chain code.

First

Difference

200010100123011010001101221012201110002
000212011211010022011111113111111021011
1101111

Shape 
Number

000101001230110100011012210122011100020
002120112110100220111111131111110210111
1011112

Figure  3.41 :  Example of the calculation of the Shape Number or order 85.
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Both shape number and shape order can be considered as descriptors  of the chain 
code.  Moreover,  they can be used to introduce a new degree of normalization that would 
allow a more faithful comparison between chain-coded cell boundaries, by aligning the grid 
of  the  chain-code  boundary  with  the  one  of  the  cell  –  defined  by  its  eccentricity.  This 
normalization algorithm will remain as future work.

3.4.3. Internal Cell Morphological Attributes

In the case of internal cell morphology the representation of the region will be given 
by the pixels that are contained in the region itself. Sections below will discuss a series of 
simple regional morphological descriptors. Again, note that, in cell morphology, the internal 
cell morphology attributes are not as important and representative as the external ones, due to 
the high dependency between those attributes and the time-lapse imaging extraction system. 
However,  it  is  always  interesting  to  have  more  data  at  disposal  and  the  morphological 
description model will  be more complete when described using both external and internal 
descriptors.

3.4.3.1 Regional Descriptors

Due to  its  relative  unimportance  character  only  some  very  simple  descriptors  are 
explained in this section. Again, the are called simple descriptors because they are obtained 
directly  from  the  segmented  image  without  the  need  of  any  further  processing.  The 
description  of  information  relative  with  cell  texture  is  also  briefly  commented  as  an 
interesting approach to internal cell description.

Simple Descriptors

● Area. Although it is not a very significant cell feature, as most cells share 
the same area values, the easiness of its extraction makes it be one of the 
selected values to describe the shape of a cell. It is typically measured as 
the number of pixels belonging to the segmented region.

● Equivalent diameter. The diameter of the circle with the same area than 
the segmented region.

● Perimeter. The perimeter of a region is the length of its boundary. This 
descriptor is shared by both external and internal models.

● Compactness. Parameter defined as Perimeter2/ Area . Insensitive to 
uniform scale and orientation changes.

● Circularity ratio. Ratio of the area of a region to the area of a circle – the 
most compact shape - having the same perimeter.

Rc=
4 PIA

P2
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● Minimum and maximum intensity levels. 
● Mean intensity value. Rough description of the texture of the region.

Texture Descriptors

As explained in the Appendix I, Section 6.1.1.1 histograms can be seen as a statistical 
representation of the distribution of the intensity values in an image. This statistical character 
of the histogram makes possible to define a simple description of the texture of a region using 
the statistical moments of its intensity histogram. [12]

The interesting moments for this purpose are discussed in the box below:

● Second moment (Variance). The second moment of a region histogram is 
a measure of intensity contrast and can be used to establish descriptors of 
relative  smoothness.  The  next  expression  R z   –  where z is  a 
random variable  denoting  intensity  and  z2 denotes  the  variance  – 
results interesting for representing intuitively texture variability.

R z =1− 1
1 z 2

R z  will present values near to 0 for areas of nearly constant intensity 
and 1 for large values of variance.

● Third moment. Measure of the skewness.

● Fourth moment. Measure of the relative flatness.

Other texture relative descriptors based in histograms are:

● Uniformity. Measure of the texture uniformity of a region.

● Entropy. Measure of the variability of the texture of a region.

Appendix  I,  Section  6.4.2.  extends  the  information  relative  to  texture  description. 
Figure 3.42 shows the values of these parameters for several different cells. It is to be noted 
that, when calculating these texture descriptors, the intensity values of the background pixels 
were set to 0, thus, the value z=0 will be suppressed from the calculations. This will not 
take away the validity of the results as the minimum value of the intensities of the pixels that 
belong to the regions of interest, these are, those within the cell, is typically higher than 0. (40 
in the analyzed cases).
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(a) (b)

(c) (d)

Mean St. Dev.  R 3rd Mom. 4th Mom. Uniform. Entropy

Cell (a) 183.62 62.18 0.056 -0.009 0.0086 0.0169 6.891

Cell (b) 145.62 63.33 0.058 0.001 0.0083 0.0079 7.397

Cell (c) 58.80 66.86 0.0643 0.0273 0.0127 0.0154 6.262

Cell (d) 57.17 74.54 0.0787 0.0350 0.0161 0.0145 6.297

(e)

Figure  3.42:  Texture descriptors for two sets of cells. Textures descriptors  
in (e) have been taken from globular cells (a) and (b) and cells  
in (c) and (d).

The similarities  between cells  of the same kind in some of the texture descriptors 
shown in the  figure above may prove texture  as  a  good addition  for  the  cell  description 
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system. Note that, this will only be valid if the time-lapse imaging extraction system preserves 
the same characteristics for all the time-lapse sequences under analysis.

3.4.4.  Other interesting parameters in cell morphology: Cell Outgrowth.

One interesting feature in the study of cell morphology is the one related with cell 
outgrowth, this is, the relation between the cell body and its appendices. Its principal interest 
lies in the fact that cells can be differentiated in terms of this feature. The present section 
proposes several approaches to the extraction of outgrowth related information.

Cell Outgrowth Extraction Algorithms

The outgrowth ratio and the number of appendixes need of the development of an algorithm 
for their extraction. The proposed algorithm is detailed below:

1. Calculate the center of mass of the cell.

2. Build an ellipse centered in the center of mass of the cell and containing 
the cell completely.

3. Reduce the size of the ellipse in a specific percentage and use it as a mask 
to separate the body of the cell from the appendixes.

4. Use a series of morphological operations in order to improve the selection 
of the appendixes.

5. Calculate outgrowth ratio as the relation between the area of the cell and 
the area of the appendixes. Calculate also the number of appendixes.

Figure 3.43 illustrates the application of the implemented algorithm on the resulting 
segmented images of previous sections step by step.

(a) (b)
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(c) (d)

(e)

Figure  3.43:  Outgrowth extraction algorithm step by step. The ellipse has 
been reduced 35% of its original size.

As is seen the biggest problem is to fit the ellipse correctly in order to faithfully extract the 
appendixes from the cell  image.  However, as this algorithm does not allow to change the 
inclination degree of the ellipse, some part of the body of the cell will be always extracted 
along with the real appendixes. It has been thought then, that a good improvement would be 
to implement the inclination of the ellipse in order to approach its major edge to the one 
equivalent of the cell. Figure 3.44 shows the result of this method.

(a) (b)
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(c) (d)

Figure  3.44:  Comparison between original  algorithm in pictures (a)  and  
(c), and the new algorithm with inclination implementation in  
(b) and (d).

Although  the  best  interest  lies  in  the  development  of  an  automatic  algorithm  for 
calculating the outgrowth, the results obtained until this moment are far from being optimal. 
To represent a more idealistic model MATLAB® offers the possibility of using a series of 
interactive tools to select regions that allow the user to separate manually the body of the cell 
from the appendices. A polygonal selection tool is used in Figure 3.45 below in contrast with 
the previous developed algorithm. 

(a) (b)

Figure  3.45:  Outgrowth manual selection algorithm.

Since the interest of the research is to find out whether or not a cell can be defined by 
its morphological features the manual polygonal algorithm will be used to extract the needed 
characteristics from the cell as it will obtain the best results, while the development of an 
automatic optimal algorithm for outgrowth extraction will be considered as future work.

It is to be noted also that, once the binary image containing the appendixes has been 
extracted, it is not only possible to obtain the mentioned outgrowth information, but also all 
kind  of  data  related  with  each  of  the  appendices,  as  they  can  be  considered  as  new 
independent  segmented  regions.  Hence,  they  can  be  represented  using  chain  codes,  and 
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described using parameters that have been studied in previous sections. In this case, unlike 
with the former cell description, the information related with the inclination or orientation of 
the appendix, and its relation to the original cell may be of interest.

3.4.5. Future Development

Section  5.2  discusses  the  development  of  new  methods  to  extract  interesting 
representations and descriptors of cell morphology.

3.5. Integrating the Cell  Morphology Research Algorithms Into an 
Application: TLSP. Time Lapse Sequence Processor

The  present  section  discusses  which  were  the  reasons  that  finally  lead  to  the 
development of a cell morphology research application, its aims and basic characteristics, and 
it  serves  as  a  initial  contact  with  TLSP application.  For  further  information,  Section  4.3 
analyzes the results achieved so far in this field, Section 5.2 discusses which are the paths that 
the development of the application should follow and Appendix II shows a more source-code 
oriented vision.

3.5.1. Background

At this point, after having worked for several months with the segmentation of cells in 
different  time  lapse  sequences  and  developed  a  series  of  algorithm  to  confront  the 
segmentation task, some conclusions regarding cell morphology and its research have been 
drawn. That there are many different kind of cells each of them with its own morphological 
characteristics  is  obvious,  and even the same cell  goes  through significant  morphological 
changes  during  its  own  development.  This  implies  that  methods  that  might  successfully 
segment specific cells in an image, might not accomplish this task with other kind of cells – 
this assertion being supported by the study made so far with many examples. Given the case 
that the universal algorithm of segmentation could not be implemented, it was thought that an 
interesting choice in order to confront this problem was to build an interactive application. 
This application would allow the user to perform the segmentation,  in a simple,  easy and 
completely  transparent  way,  that  is,  without  the  need  of  any  technical  or  programming 
knowledge. This is how the idea of TLSP, the Time Lapse Sequence Processor was born.

3.5.2. Initial Aims

The initial  objective  of  TLSP,  as  mentioned  before,  is  to  constitute  an  interactive 
application with the capacity to perform the image segmentation on time lapse sequences in 
an easy and fast way. It was firstly build to speed up image processing, so that, cell research 
wouldn't have to rely on a constant battle with the source code on MATLAB® but on several 
parameters on which the segmentation process depends, such as thresholds or connectivity 
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features. Furthermore, it was also considered as a possible application for biologists to use in 
their research, so that, they could, interactively and without need of any kind of knowledge in 
image  processing,  analyze  cell  morphology with  the  clear  advantage  of  their  background 
knowledge in the area of stem cells.

3.5.3. Application Attributes

The application desired basic attributes are detailed below:

● Automatic time lapse sequence  loading and importing.

● Interactive user-friendly time lapse sequence processing.

● Automatic extraction of morphological parameters of interest.

● Possibility of saving work.

● Possibility of exporting results in different formats.

A specific display of these attributes has been made with the first version of TLSP, 
v0.1 BETA, and is further discussed in Section 4.3.1. Section 4.3.2 focuses in the last version 
released TLSP v0.2, advanced and improved example of the application. Finally, Appendix II, 
Section 7.3 analyzes the programming structure of TLSP.

Figure  3.46: TLSP logo.

3.5.4. Extended goals: Future Development

The future development of this application is opened to a multitude of possibilities. 
The final goal lies in the implementation of a multifunction tool that would be able to make 
an  automatic  processing  of  the  time  lapse  sequence,  obtaining  optimal  segmentation  and 
extracting data from the result that would be also compared and analyzed within the same 
tool. A first step into this field has been taken through the development of the last version of 
the application  TLSP v0.2 whose characteristics  are discussed in  Section 4.3.2.  However, 
there is still a lot of research and work to be done in this area: Section 5.2 tries to delineate the 
path of this future development.
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4. Results

This master thesis has attempted to develop a method to study cell morphology, from 
the  very  basis  of  designing  suitable  cell  segmentation  algorithms,  to  the  definition  and 
extraction of cell  characteristic morphological features and the development of a series of 
graphic interface tools to carry out the cell morphology research.

The  main  problem  of  the  project  has  been  to  implement  adequate  segmentation 
algorithms  adapted  to  the  characteristics  of  cell  culture  images  which  would  provide  a 
convenient base for a faithful morphology study. Several approaches have been taken each of 
them  with  its  own  characteristics,  advantages  and  disadvantages.  Section  4.1  intends  to 
measure the validity and compare the qualities of each method developed.

Another problem that arises from the cell morphology analysis itself is to define and 
extract  a  series  of  morphological  features  which  can properly define  the cell  in  terms  of 
morphology and set a basis for cell description and recognition.  Section 4.2 discusses the 
feasibility of building a cell recognition system using the parameters showed in Section 3.5.

The  analysis  of  cell  morphology  and  segmentation  lead  to  the  development  of  a 
graphic interface application, the Time Lapse Sequence Processor, whose first intention was 
to ease and speed up the segmentation process but whose final scope is to become a complete 
tool to carry out the present morphology research. Section 4.3 shows a brief description of the 
current  versions of this  tool  while  Section 7.3 deepens in  the programming structure and 
program behavior.

4.1. Cell Segmentation

4.1.1. Time-Lapse Image Analysis

One of the main focus of the master thesis during the cell morphology research, and 
concretely when confronting the development of cell segmentation techniques, was to study 
the characteristics of cell time-lapse images. It was found that several characteristics were 
typically common to most of them: 

● Low contrast between cell and background.

● Background presents low variance.

● Cell boundaries and region within cell presents high variance.

● Physical optical phenomenons produce unwanted effects on image.
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Characteristics that made the segmentation processing of cells a complex and difficult task, 
and  highlighting  the  clear  necessity  of  pre-processing  algorithms  prior  the  segmentation 
procedure.

Taking  this  in  count,  several  pre-processing  algorithms  were  implemented 
successfully, each of them closely linked to a specific segmentation process and with the clear 
purpose  of  improving  the  segmentation  results:  histogram  cropping  and  equalization  to 
perform contrast  improvements,  spatial  smoothing  filters  to  minimize  small  detail  and  to 
separate background from foreground and local variance filters for perform also this last task.

An important conclusion drawn from the experience in the analyze and processing of 
cell time-lapse images is the huge importance of the time-lapse extraction procedure, and its 
influence  in  the  posterior  segmentation  procedures.  This  procedure  should  be  carefully 
controlled and focused in the path of image processing, minimizing, as far as possible, those 
terrible characteristics, that have been mentioned throughout the development of the project, 
and that increase incredibly the difficulty of the segmentation algorithms.

The  research  path  is  opened  in  this  field  then,  to  the  development  of  new  pre-
processing algorithms and to the improvement of the time-lapse imaging extraction system.

4.1.2. Edge-detection Methods

The first approach to the cell segmentation problem was through the development of 
edge-detection segmentation techniques. Several algorithms were developed combining edge-
detection  operators  with  morphological  operations:  The  Sobel,  Canny,  and  Sobel&Canny 
methods.  In  their  last  implementation,  within  TLSP  v0.2  alpha,  all  of  them  cover  the 
expectations that laid on them, successfully performing the segmentation of isolated cells.

Although each of them is capable of processing isolated cells they still present slightly 
different characteristics: the Sobel&Canny method is the most sensitive of them but with a 
slightly superior  computational  cost,  while  the Sobel  method is  the less sensitive and the 
simplest.

The inclusion of a interactive selectable threshold for each of the developed algorithms 
was a big advance improving the segmentation results greatly and was included in last version 
of TLSP.

The research path in this field lies in the substitution of the morphological operations, 
that  at  present  follow  to  the  application  of  the  edge-finding  operators,  for  other  image 
processing methods that would allow the segmentation of cell clusters using edge-detection 
techniques.

4.1.3. Region-growing Methods

The starting point of the development of region-growing methods was its use in a very 
specific and specialized task: the elimination of the bright halo that generally surround cells in 
time-lapse  images.  For  this  purpose,  the  simple  region  growing  algorithm,  a  highly 
specialized version of the general region growing algorithm was developed. It introduced two 
interesting features to counter the high computational cost of the region growing algorithm: 
the massive seeding procedure, and the utilization of border pixel intensity as comparison 
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pattern,  feature   that  finally  allowed  a  different  time-saving  focus  of  the  algorithm. 
Concluding, it completely fulfilled its purpose as a post-processing procedure applicable after 
the edge-detection segmentation, eliminating cell halos in a very short computational time.

The region growing algorithm was then intended to be a segmentation algorithm by 
itself,  considered as a first approach to the segmentation of cell  clusters, and subjected to 
analysis in Section 3.3.4. The studies showed several characteristics detailed below:

● The results show a high dependency on the seeding point.

● The  computational  time  of  the  algorithm  is  typically  very  high  and 
depends on the size of the region and on the placement of the seeding 
point.

● The increase of the Llikeness factor can boost the speed of the algorithm 
but it can result in errors in segmentation.

Anyhow, its slowness was considered a great disadvantage and its development was halted in 
favor of the research of the morphological watershed approach.

Further research in this field may be focused in the research of new ways to implement 
the region growing procedure to decrease the computational cost and make it an attractive and 
feasible cell segmentation procedure. 

4.1.4. Morphological Watershed Methods

The  necessity  of  solving  the  segmentation  of  cell  clusters  finally  lead  to  the 
development of marked watershed segmentation algorithms. The research regarding this kind 
of algorithms was mainly based in the implementation of useful pre-processing algorithms, a 
convenient representation of the segmentation function – the one that is processed using the 
watershed algorithm, generally the gradient – and suitable marking systems. 

Three  main  watershed  segmentation  algorithms  were  implemented  with  different 
degrees of success: Marked watershed with edge-detection, interactive and automatic marking 
systems.

The  first  approach  intended  to  analyze  the  general  behavior  of  the  segmentation 
algorithm using a rough marking system based on edge-detection. Due to the incapability of 
this  marking  system to differ  between clustering  cells  the application of this  algorithm is 
limited to colonies of isolated cells. 

The  next  approach  implemented  used  an  interactive  marking  system and  obtained 
tolerable results. The big drawback of this method is the requirement of human interaction, 
fact that can be very inconvenient in the case of extensive cell morphology analysis. During 
the analysis of these results the necessity of better preprocessing algorithms became clear.

The intention of the final version of the marked watershed algorithm was to become a 
complete  automatic  segmentation  procedure  that  successfully  obtained  cell  boundaries 
through  the  application  of  the  watershed  concept.  The  first  step  was  to  improve  the 
background marker  using pre-processing algorithms based on spatial  smoothing and local 
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variance filtering. Both procedures obtained good results in this area. However, the second 
step,  the  implementation  of  an  algorithm that  would  automatically  obtain  the  foreground 
markers proved to be a very difficult  task. The fact  that  this algorithm has to be in tight 
relation with the morphological characteristic of the analyzed cells,  and the existence of a 
wide variety of them, makes virtually impossible to develop one unique algorithm. As an 
example,  a  marking  system for  globular  cells  was  developed  taking  advantage  of  the  h-
maxima transform. Using this foreground marking algorithm the automatic marked watershed 
segmentation procedure successfully solved the segmentation of cell clusters.

Further research in this area will imply: (1) The study of better segmentation functions 
obtained with improved pre-processing algorithms, in order to improve the final segmentation 
results, and (2) the development of new marking systems adapted to the wide variety of cell 
families, in order to extend the use of the segmentation algorithm.

4.1.5. Summary

This  section  pretends  to  be  a  summary  regarding  each  implemented  method 
characteristics, strengths and weaknesses, and a guide to which segmentation technique use in 
which case.

In general,  the edge-detection  methods have a  lower computational  cost  than their 
region-based  counterparts:  the  region  growing  and  watershed  methods.  Moreover,  they 
present more faithful segmentation results when processing isolated cells. In this case, any of 
the  edge-detection  algorithms  should  be  used:  Sobel  firstly  and preferably,  for  being  the 
simplest and fastest, and then the Canny, and Canny&Sobel algorithms if better results are 
required. If the user wants to eliminate the halos, the simple region growing algorithm can be 
used as a post-processing stage with a very small increase in computational time. 

If  it  is  wanted  to  perform the  segmentation  of  clustering  cells  the  edge-detection 
methods  are  automatically  excluded  in  favor  of  the  marked  watershed  algorithm  with 
interactive and automatic marking systems. At the present moment, the automatic watershed 
algorithm is  capable  of  segmenting  globular  cells  and  those  cells  that  share  the  features 
discussed  in  section  3.5.2,  this  is,  a  defined  minimum  inside  the  cell  surrounded  by  a 
maximum. Hence, this algorithm should be used when confronting the segmentation of these 
kinds of cells. In all the other cases, the interactive marked watershed algorithm should be 
able to perform the segmentation of any cluster of cells of any kind. The remaining marked 
watershed algorithm – with edge-detection markers – could be used in those cases in which 
the isolated cells are too close to each other, these are, those cases where the edge-detection 
methods are not able to differ cells.

Finally, the implemented region growing algorithm should never be used due to its, 
already mentioned, high computational cost, and dubious and non-uniform results.
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4.2. Cell Morphology Representation and Description. Outlines For 
a Cell Recognition System

In Section 3.4 segmented cells were represented using different approaches and were 
reduced to a set of morphological descriptors, transforming the 2-D representation obtained 
through  the  segmentation  process  into  a  series  of  values  of  interest  in  terms  of  cell 
morphology.

By itself,  the  extracted  data  has  no  use  apart  from attesting  to  the  possibility  of 
describing  cells  in  terms  of  their  morphological  characteristics  and  draw  some  first 
conclusions about the suitability of the discussed descriptors to attain such purpose. The real 
challenge consists in making this information useful for the cell morphology research. This 
can be achieved by building a system that allows the researchers to classify cells in terms of 
morphology into a series of known cell classes or types, a system that recognizes cells by 
their shape and texture features.

This  section  intends  to  explain  the  general  lines  of  how  to  build  a  simple  cell 
recognition system based on the morphological parameters discussed in Section 3.4.

4.2.1. A Brief Introduction to Pattern Recognition Theory

Two  basic  concepts  are  managed  in  cell  recognition  theory:  patterns  and  pattern 
classes. A pattern can be defined as an arrangement of descriptors, while group of patterns 
that share common characteristics can be considered a pattern class. The objective of pattern 
recognition is to  develop techniques that are capable of successfully assigning patterns to 
their respective classes. 

This assignment problem can be analyzed from two different points of view depending 
on the properties of the patterns under study: if the patterns are best described by quantitative 
descriptors,  such  as  boundary length,  area,  etc,  then  the  approach is  the  use of  decision-
theoretic methods. On the other hand, if the patterns are best described through qualitative 
descriptors, such as shape numbers, then the pattern recognition system must be based on 
structural methods.

Next section will briefly discuss different approaches to the cell recognition system 
using both decision-theoretic and structural methods based on the previously extracted cell 
morphological parameters: Pattern matching will be used to compare the defined qualitative 
descriptors, and shape number matching will take advantage of the directional relationship 
between pixels in a boundary to apply structural pattern recognition. 

For  extended  information,  references  [12]  and  [18]  gather  the  basis  of  these 
procedures. In addition, Section 5.2 will discuss further development in this part of the cell 
morphology research system.

4.2.2. Pattern Recognition Theory Applied to Cell Morphology
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4.2.2.1 Cell quantitative features and pattern matching

In qualitative pattern recognition, the most common arrangement of patterns is the use 
of vectors. These vectors would contain the qualitative descriptors that, in this case, will be 
the morphological features extracted from the segmented cells in previous sections.

Suppose that a cell pattern is then represented by a vector x size Nx1:

x=[ x1

x2

...
xN
]

where x i , i=1,2 , ... , N represents  the  selected  descriptors  that  define  the  pattern. 
Consider that there are W pattern classes w1, w 2,... ,wW , this is, W different cell families or 
groups in which classify the upcoming patterns. Then, the recognition problem would lie in 
the correct  classification of each analyzed cell  pattern into one of the defined cell  pattern 
classes.

In pattern matching techniques, the N selected descriptors determine a N-dimensional 
space with a defined metric. In this spatial context, pattern classes are determined by a single 
prototype vector and divide the space in as many partitions as the number of classes. A new 
unknown pattern will be then classified as belonging to a specific pattern class to which it is 
closest  in  terms  of  the  predefined  metric.  The  most  common approach is  the  use  of  the 
minimum distance classifier, that computes the Euclidean distance between the unknown cell 
pattern and each of the cell prototype vectors and chooses the smallest distance to make a 
decision.

Figure 4.1 illustrates the results of a very simplistic recognition system in which cell 
patterns are described by two descriptors: boundary length and region intensity mean. Only 
two cell pattern classes were used, those in Section 3.4.3.1 with two examples from each. The 
study continues with the assignation of two new unknown cells to their respective classes. 
The prototype vector of a class was calculated using the mean of the pattern vectors defined 
by:

m j=
1

N j
∑
x∈w j

x j ; j=1,2,... , W

and the measure of the distance was done by the utilization of the Euclidean distance:

D j x=∥x−m j∥; j=1, 2, ... ,W

where ∥a∥=aT a 1 /2 denotes the Euclidean norm.

Jaime González García. Linköping 2008 77



“Proposal for a vision-based cell morphology analysis system” Results

(a) (b)

(c)

Figure  4.1:   Simplistic  example  of  pattern  matching  recognition  system.  
Cells in (a)  and (b) are classified in their respective pattern 
classes defined by their prototype vectors that are represented  
by a cross and a circle in (c).

The figure above shows a 2-D space determined by the two selected descriptors. It is 
obvious to see how the cell patterns that belong to a specific pattern class or cell family, group 
surrounding their respective prototype vectors. It is also clear to see how new analyzed cells – 
represented by a green and red diamond – are successfully classified into their  respective 
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pattern classes by measuring their  distance to each of the prototypes  – in the figure they 
appear much more nearer to their respective pattern class prototype.

The analyzed system was a very simple version of the cell recognition system were the 
descriptors were chosen because they constitute a good example to show the possibilities and 
characteristics of pattern matching, and because they are easy extracted from segmented cells. 
However,  the  selection  of  the  suitable  descriptors  should  not  be  taken  so  lightly  as  it 
constitutes the most important part in the construction of a pattern matching cell recognition 
system: Class separability depends entirely in this selection, and should be the subject of a 
profound study.

The next step then,  would be to confront this  descriptor study and find  N suitable 
descriptors  that  would  allow  the  construction  of  a  proper  cell  recognition  system.  The 
objective should be to select those descriptors that would result in a system where the distance 
between the means that determine the pattern classes is large in comparison to the spread or 
randomness of each class with respect to its mean.

4.2.2.2 Cell qualitative features and shape number matching

The method discussed in the previous section was entirely focused in the analysis of 
quantitative features ignoring completely any qualitative characteristic of cell descriptors. The 
present section will try to add a new degree of complexity to the cell recognition system, from 
a different  point  of view,  taking  advantage of  the structural  relationships  inherent  to  cell 
shape.

Shape numbers matching, takes advantage of the structural relations within the shape 
numbers obtained from cells as discussed in Section 3.4.3.1 and establishes a way to measure 
similarity  between  them.  The  main  aim  of  this  technique  is  to  reproduce  the  minimum 
distance concept introduced in the past section, in terms of shape numbers and is fulfilled 
through the expression:

D a ,b=1
k

that satisfies the following properties:

D a ,b0

D a ,b=0 if a=b

D a , cmax [D a ,b , Db , c  ]

where  k is the degree of similarity between two specific boundaries, defined as the largest 
order for which their shape numbers still coincide.

Once these concepts are known, the cell recognition system is defined by a series of 
shape numbers that represent each pattern class or cell family. When a new cell is meant to be 
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classified as belonging to one or other classes, its shape number is obtained and compared to 
those of the different classes. The studied cell will belong to the class to which it presents the 
highest degree of similarity k, or the smallest distance D.

The complex  design problem for  this  case,  would be the decision of which shape 
numbers are supposed to become the references that represent each of the pattern classes, and 
thus, each cell family.

4.3. TLSP

The present section discusses the results  obtained in the development  of the Time 
Lapse Sequence Processor, from the very first simple version TLSP v0.1 Beta, a complete 
segmentation tool that offers complete functionality with edge-detection and region-growing 
algorithms to the most complex TLSP v0.2 Alpha, whose purpose is to become a complete 
tool for cell morphology research.

4.3.1. TLSP v0.1 BETA

TLSP v0.1 BETA constitutes  the first  approach to  the optimal  interactive  tool  for 
segmentation and morphological analysis. It served both as an example of how segmentation 
algorithms  can  be  embedded  into  an  interactive  context,  but  also  as  a  testing  field  of 
MATLAB® capability for building user-interface applications – an intensive training for the 
author of this master thesis.

This  first  version  of  TLSP  is  based  on  the  embedding  of  the  early  developed 
algorithms  into  an  user-friendly  interface  context.  TLSP  Allows  the  user  to  apply  the 
algorithm and the parameters he considers adequate for each specific time-lapse image, and 
displays the results of segmentation and a series of statistical parameters extracted from the 
segmented image.  These results  can then be saved for further  processing,  in JPG format, 
video or MATLAB meta-code files.  Figure 4.2 shows some examples of the looks of the 
application.
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(a)

(b)
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(c)

Figure  4.2:  Examples of TLSP environment.

A good way to get to know the application in depth is to follow the procedure of 
segmentation step by step. The following paragraphs will give a closer look on the different 
elements that compound the program. 

The first step of the segmentation process relies on loading the time lapse sequences 
into the application environment. TLSP v0.1 supports JPEG and TIFF as image formats and 
AVI as video coding. In order to save time, the application has been designed so that it is only 
needed to select one image of the sequence as the program will automatically load all the 
images in the same folder of the chosen one.

(a)
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(b)

Figure  4.3:  TLSP. Time lapse sequence loading.

Once the sequences have been loaded, the images are displayed in the “TLS Image” 
window  and  two  new  windows  are  created.  One  of  them  is  associated  with  the  image 
properties and the other shows the pixel information contained in the same image. The pixel 
information displayed in this last window can be controlled from a selection rectangular tool 
placed  inside  the  “TLS Image”  window.  In  order  to  select  which  image  to  display  and 
process, the loaded time-lapse sequences are shown in the window “Time-Lapse Sequence 
Selection”.

(a)

(b)
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(c)

(d)

Figure  :4.4   Once the time lapse sequence is loaded the selected images in 
(d)  are  displayed  in  the  “TLS  Image”  window  (a).  The  
rectangular  selection tool  in  this  window controls  the  pixels  
displayed in the “Pixel Region” window (b). Each image has  
also associated an information window (c).

The  next  step  consists  in  the  processing  of  the  images  using  one  of  the  methods 
implemented in the application. TLSP supports both edge-detection methods (Sobel, Canny 
and Sobel&Canny) and region-based methods (region-growing algorithm), and in addition, it 
is also possible to use a combination of both as discussed in Section 3.3.3. 

The selection of the algorithm is done in the “Working mode” selection window and 
activates the controller window of each processing algorithm, “Edge-Finding” and “Region 
Growing” respectively.
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(b)

(a)

Figure  4.5:   The “Working Mode” window (a)  allows the user to select  
which kind of processing to use on the Time Lapse Sequences  
and activates the access to the “Edge Finding” and “Region  
Growing” control windows (b).

When the edge-detection method is selected there are three possible algorithms: Sobel, 
Canny and a combination of these two. Although most of the processing is automatic it is 
possible to vary the parameters of the thresholding step using the editable text windows. If 
they are  left  empty or  unedited  the  program will  extract  the optimal  thresholds  from the 
image. Once the desired parameters have been selected the process begins with the “Start” 
button.
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(a)

(b)

(c)

(d)

Figure  4.6:   The segmentation of the cells is controlled using the “Edge  
detection” window (a). If the region growing button is disabled  
the resulting binary image is displayed in the “ES Cell Binary 
Image”  window (b)  and  the  final  result  in  the  “TLS  Result  
Image” window (c). A set of statistical data are also calculated  
and shown in the “Statistical Information” window (d).
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The resulting processed image and the resulting binary image are displayed in the 
“TLS Result  Image”  and “ES Cell  Binary Image” windows respectively.  In case that  the 
region  growing  algorithm  has  been  enabled,  a  series  of  new  parameter  controllers  are 
activated allowing the user to select the neighborhood characteristics of the algorithm, the 
likeness factor and the base threshold (see Section 3.3.3). The resulting region growing image 
is displayed in the “Region Growing Image” window. In every case, a series of statistical 
parameters are extracted from the results: the area, from the binary segmented cell, and the 
Intensity  mean,  standard  deviation  and  variance  from the  segmented  cell  in  the  original 
image.

(a)

(b)

(c)

Figure  4.7:   When region growing is combined with edge-detection in the  
“Edge Detection” window (a),  the resulting binary image is  
shown in the “Region Growing” window (b). The final result Is  
displayed in the “TLS Result Image” window (c).

When the working mode of the application is set to region growing the time lapse 
sequences are processed using directly the implemented region-growing algorithm discussed 
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in  section  3.3.3.  Again  the  parameters  to  configure  this  algorithm are  the  neighborhood 
characteristic, the likeness factor and the base threshold.

(a)
(b)

(c)
(d)

Figure  4.8:   When the Region Growing process is selected in the “Working  
Mode” window, the “Region Growing” window is enabled (b)  
and  allows  the  user  to  perform  segmentation  based  on  the  
region-growing algorithm. The binary image resulting of this  
process is displayed in the “Region Growing Image” window 
(c) and the final result in the “TLS Result Image” window (d).

Finally, once the time-lapse sequence has been processed the resulting information can 
be stored in several different ways. The session can be saved using the command “Save as” 
in the  “File” menu but it can also be exported into a portable format using the command 
“Export” of the same menu. If this option is selected the program will create a directory in 
which it will store all the processed images in  .JPG format, a video of the processed time 
lapse sequence in .AVI format and the statistical data of the sequence in  .MAT format. As 
another option, it is also possible to save only the statistical data of each time-lapse image in a 
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.MAT file using the  “Export” button in the “Statistical Information” window. Appendix II, 
section 7.3.1 tackles TLSP application from a programming related point of view.

4.3.2. TLSP v0.2

Currently under development, TLSP v0.2 represents a step more in the implementation 
of an application for time-lapse sequence processing. After having proved that MATLAB ® 
can be an attractive environment for building a tool of this characteristics, TLSP v0.2 pretends 
to  extend  the  scope  of  the  TLSP application  further  away than  the  simple  segmentation 
processing into a multifunction tool capable of carrying the whole cell morphology research. 
This  means  that  this  new version  will  not  only  implement  the  algorithms  to  extract  the 
morphology features of the cells, but also offer the means to process this data. TLSP v0.2 
functionality is divided in three sections detailed below and illustrated in Figure 4.9:

● Time Lapse Sequence Processor

● Data Library

● Data Analysis

Figure  4.9:   TLSP v0.2 main menu.

The Time Lapse Sequence Processor is an extension of the former TLSP v0.1 whose 
most important advances are a huge increase in interactivity and the capability of performing 
the segmentation of multiple clustered cells. It allows the possibility of selecting between an 
automatic and a manual processing tool. While the automatic option, in which the application 
is supposed to perform the segmentation process optimally in an automatic way, remains as 
future work, the manual option is partially developed and mainly seeks an increase in the user 
interactivity from the former version, as well as to introduce all the new developed algorithms 
and the latest improvements in those previously implemented.

The Data Library  follows the policy of building a fully-independent and global tool 
for cell morphology research and pretends to become a tool where the user can perform the 
management of all the data belonging to the project. Either organize the different data files, 
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select  the  directories  in  which  to  store  the  information,  export  and  import  data,  or  also 
perform data format conversions, crop the time-lapse sequence images, etc.

The  Data Analysis tool adds a new dimension to the TLSP application allowing the 
user to work with the data retrieved from the time-lapse sequences. The intention for this tool 
is to make it capable of performing the cell morphology research in all those fields that are 
tackled in this project: train the application and provide it with intelligence to discern between 
different kind of cells, analyze the relationship between cell morphological changes as cells 
evolve in their differentiation process, try to find whether or not they undergo the previously 
mentioned morphological states and if they do identify them, etc.

TLSP v0.2 is a very complex application whose development requires a huge amount 
of time and effort. Hence, this project will only focus in implementing some of its tools and 
functions, improving the former time-lapse sequence processor and scheming the rest of the 
components of the application.  Appendix II,  section 7.3.2 details  the programming related 
issues of the development of TLSP v0.2.

4.3.2.1 TLSP v0.2 Alpha

The  last  release  of  TLSP,  version  0.2  Alpha,  involves  the  first  step  into  the 
development  of  the multifunctional  cell  morphology research application  and it  is  mainly 
focused in the improvement  of the image processing tool seeking both an increase in the 
interactivity with the user and a general improvement in the segmentation performance. This 
section purpose is to take a close look into this new release, discussing its new structure and 
capacities.

Generalities

One of  the  conclusions  drawn during  the  development  of  the  first  version  of  the 
application was the increasing source-code management difficulty of the application as this 
one grows. Thus, in this occasion, and from the very beginning of the development, there was 
a clear inclination and emphasis in application modularization and into building a program 
with a very well defined structure. As it will be seen from this moment, all singular tools have 
one defined purpose from the starting menus to the very processing tools.

TLSP Sequence Processor

The TLSP sequence processor is the segmentation tool of the application. Its purpose 
is  to  unite  all  possible  cell  segmentation  related  processing  into  one  unique  tool.  In  this 
version two operating modes are offered: Automatic and Manual Processing. The Automatic 
processing tool, that is yet under development, offers the possibility of a full automatic image 
segmentation by just selecting the cell that is desired to be segmented within a specific time 
lapse  sequence.  On the  other  hand,  the  manual  processing  tool  offers  full  capabilities  to 
perform  segmentation  processing,  but  this  time,  giving  the  user  control  over  the  whole 
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segmentation procedure from the first preprocessing stages to later segmentation configure 
tasks. Figure 4.10 shows the TLSP sequence processor menu.

Figure  4.10:  TLSP sequence processor menu.

TLSP Manual Sequence Processor

The manual sequence processor tool is divide into several source-code files: the TLSP 
Manual  processor  menu,  the  TLSP  Manual  processor  display  and  the  displays  for  each 
segmentation method.

The  purpose  of  separating  the  menu  from  the  displays  is  to  separate  the  data 
management tasks from the image processing ones. This means that all management tasks: 
opening, saving, exporting, importing will be limited only to one file, the one that contains the 
menu source-code, while the image processing will rely on each segmentation display. Figure 
4.11 shows the TLSP manual processing menu. 
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Figure  4.11:  TLSP manual processor menu.

As in the previous version, TLSP v0.2 offers capabilities to load time-lapse sequences 
from JPG and AVI formatted sources. It also offers the possibility of opening previous work 
containing  previously  processed  time-lapse  images  and  an  improved  saving  option  that 
activates when a modification has been made in the present segmentation work. However, the 
options for opening and saving work from and to the tool library remains as future work – as 
this part of the application is yet undone -  as so do the exporting option. The menu window is 
also intended to show some basic information from the opened files, such as the length of the 
sequence, format, size, etc.

When a file is loaded the main TLSP manual processor display is opened as shown in 
Figure 4.12a. This main display objective is to offer the possibility of selecting the time-lapse 
image to process and the desired segmentation method, but also to show the results of the 
segmentation and a series of simple morphological data. So far, Edge-detection and marked 
watershed have been successfully included in the application. If wanted, the user can find help 
regarding the segmentation algorithms using the help button in the lowermost leftmost part of 
the display window. Figure 4.12b shows the appearance of the help window. 
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(a)

(b)

Figure  4.12:  TLSP  manual  processing  display.  (a)  Initial  display  after  
opening a new time lapse image. (b) Help window for edge-
detection segmentation.

When  the  edge-detection  segmentation  method  is  selected,  the  edge-detection 
processing window is opened. This new tool could be seen as the same TLSP v0.1 improved, 
with increased interactivity and the capabilities shown in the table below:

● Pixel information Tool. Information tool that shows the intensity value of 
the selected pixels.

● Interactive pre-processing.  The user can choose to pre-process the time-
lapse  image  using  smoothing  filtering,  variance  filtering,  histogram 
equalization and histogram cropping. The size of the mask for smoothing 
and variance filtering can be modified using an edit  text box. The pre-
processing transformations are accumulative by using the “Apply” button 
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as many times as wanted. The “Reset” button returns the pre-processed 
image to the original values.

● Several Edge-detection operators. The edge-detection segmentation tool 
offers  the  possibility  of  choosing  between  Sobel,  Canny  and 
Sobel&Canny segmentation algorithms.

● Optional  region-growing algorithm for bright halo elimination. If  the 
cell is surrounded by an unwanted bright halo, the user can apply an extra 
region-growing  processing  stage  to  eliminate  it.  The  region-growing 
algorithm is fully customizable with two likeness criteria: high-intensity 
and  mean  intensity;  and  modifiable  likeness  and  base  threshold 
parameters.

● Selectable thresholding level. Finally,  the edge-detection algorithms are 
used with a wide range of threshold values. The results of each processing 
can be selected using a slider.  This solves the problem of  finding the 
optimal threshold as the user can select the best result between those that 
are offered.

Figure  4.13:  TLSP edge-detection segmentation tool.

Once  the  segmentation  process  is  finished  the  user  can  either  save  the  results  or 
discard them. Two options still remain as future work: the automatic processing button, that 
would perform automatically the process for the selected image, and the graphic plot button, 
that would show a window with all the images of interest of the segmentation procedure.

When the marked watershed segmentation algorithm is selected the marked watershed 
processing  tool  is  opened  as  shown  in  Figure  4.14.  This  tool  presents  the  following 
characteristics:
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● Pixel  information  Tool.  Analogous  to  the  edge-detection  segmentation 
tool.

● Interactive  pre-processing.  Again,  analogous  to  the  edge-detection 
segmentation tool.

● Selectable marking system. The user can choose between the previously 
discussed edge-detection and interactive marking systems.

● Selectable result display. Once the time-lapse image has been processed 
the  results  are  shown in  the  “TLS Result  Image”  panel.  The  user  can 
choose either to see a representation of the boundaries or a representation 
of the segmented regions.

Figure  4.14:  TLSP marked watershed segmentation tool. Use of automatic  
edge-detection marking system.

Two important issues are to be noted: First, the complex marking system discussed in 
Section 3.3.5.2 still  has to be implemented in the application, and second, the background 
marking used in both implemented marking systems obtains the background marker from the 
previously  obtained  foreground  markers.  In  other  order  of  things,  when  the  interactive 
marking system is selected to perform the watershed segmentation, the interactive marking 
tool is loaded as shown in Figure 4.15. This tool permits  the user to select  and indefinite 
number of marks on the time lapse image: the user just have to push the “New Mark” button 
and select the place where he wants the marker, and the application will dilate this point and 
place it in the markers mask.

Again,  as  it  happened  with  the  edge-detection  segmentation  tool  the  “automatic 
processing” and “graphic plots” buttons remain inactive. 
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Figure  4.15:  TLSP marked watershed interactive marking tool.

When the time-lapse image has been processed either in the edge-detection or in the 
marked watershed segmentation tools and it is saved, the results are transferred to the display 
of  the  TLSP  manual  processor  as  shown  in  Figure  4.16.   The  user  can  then  see  the 
morphological information from any desired cell by just selecting it in the “Cell Selection” 
panel. As it was mentioned before, the saving option will also activate allowing the user to 
save all the processed data.

(a)
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(b)

Figure  4.16:  TLSP  manual  display.  (a)  TLSP  manual  display  when  an 
image has been processed.  (b) Cell selection window.

Finally,  when  all  the  time-lapse  images  within  a  time-lapse  sequence  have  been 
processed,  the  “Video”  panel  is  activated,  and  the  user  can  select  to  see  a  video  of  the 
processed time lapse sequence if  wanted.  Figure 4.17 shows the appearance  of  the video 
preview tool.
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Figure  4.17:  TLSP processor video preview tool.

TLSP Automatic Sequence Processor

The purpose of the automatic processor is to be a mere introduction to what TLSP can 
be  capable  of.  Its  functionality  is  limited  to  the  selection  of  one  cell  and  its  automatic 
segmentation along a specific time lapse sequence. The results time-lapse sequence frames are 
shown in the “Resulting Time-Lapse Sequence” panel and can be navigated using a slider. As 
it happened with the manual processor the user can also choose to display a video of the 
results. Figure 4.18 below, shows the looks of this tool.

Figure  4.18:  TLSP automatic processor.
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5. Conclusions

The  research  and work  of  this  master  thesis  have  finally  laid  the  foundations  for 
performing  the  cell  morphology research,  providing  not  only  the  means  to  easy  perform 
segmentation and data extraction tasks through the use of the TLSP application, but also a 
theoretical  background  for  the  description  of  cells  in  terms  of  morphology,  and  for  the 
development of a cell recognition system.

The development of this cell  morphology research system has proven that,  indeed, 
cells can be represented by a set of morphological characteristics, and opens an interesting 
path for further research in this field. Furthermore, it sets the basis for the expansion of the 
cell  morphology  analysis  into  the  domain  of  time,  second  main  aim of  the  morphology 
research project.

The next sections pretend to make a summary of the conclusions reached through the 
development of the master thesis and gather a set of recommendations for future research in 
the area.

5.1. Cell Morphology Research and Cell Image Segmentation

The main conclusions drawn from every step that compounded the building of the cell 
morphology research system are detailed in the paragraphs below:

● Time-lapse Imaging. Time-lapse imaging,  the image extraction process 
that  results  in  the  data  source  of  the  cell  morphology  research  is  of 
extreme importance. Any small error during this procedure will result in a 
notorious increase of further image processing tasks and will decrease the 
validity of the segmentation results. Hence, its design and operation ought 
to be subjects of primary attention. Furthermore, the extraction of time-
lapse  sequences  should  be  focused  and  adapted  to  the  later  image 
processing stages.

● Cell  Segmentation.  Image  segmentation  has  proved  to  be  an  image 
processing procedure that successfully extracts cell morphology from the 
source time-lapse sequences. The pre-processing algorithms have not only 
shown  useful  but  essential  for  confronting  the  segmentation  of  cells, 
minimizing  the  errors  and  unwanted  features  inherent  to  time-lapse 
images, and emphasizing those characteristics that enhance the results of 
the  core  segmentation  processing.  Regarding  these  last  procedures,  the 
addition  of  information a  priori  in  the  form  of  cell  and  background 
location, has clearly been a great advance that sets the marked watershed 
algorithm as the best choice for performing cell segmentation, and points 
to the future path of development in this area.
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● Cell  Representation  and Description.  The extraction  of  numerous  cell 
morphological  features  has  proven that  cells  can  indeed  be  defined  in 
terms of morphology. Moreover, and against first considerations, texture 
descriptors might show to be a great addition to this field, highlighting the 
advantages and power of computing processing over the human eye.

● Cell Recognition System. Both decision-theoretic and structural methods 
may  show  useful  in  the  building  of  a  cell  recognition  system.  The 
selection of the right descriptors emphasizing class separability will be the 
main  problem in the case of the quantitative  analysis  and must  be the 
subject  of  a  extended  research.  In  the  field  of  qualitative  analysis,  a 
suitable rule to represent pattern classes through shape numbers must be 
established.

Anyhow, a most general conclusion is that there is still a lot of work to do in this area. 
I hope that the reader has found enjoyable to wander through the lines of this master thesis 
and this last one to serve and be helpful as a guide and first stone for further research in the 
field.

5.2. Future Work and Possible Improvements

The  present  section  pretends  to  become  a  small  guide  that  points  to  the  possible 
improvements and new research paths, that may be sought in future works relative to cell 
morphology studies.

5.2.1. Cell segmentation

5.2.1.1 Pre-processing algorithms

 As  it  was  mentioned  before,  the  pre-processing  algorithms  have  been  of  great 
importance  during the development  of the master  thesis.  Hence,  further  work within pre-
processing algorithms that prepared time-lapse images before the segmentation procedures 
will  be  most  welcome.  For  instance,  a  remaining  issue  in  this  master  thesis  was  the 
development  of  a  pre-processing  algorithm  that  resulted  in  an  improved  segmentation 
function for the marked-watershed algorithm.

Another source of problems that would make use of pre-processing algorithms would 
be the minimization of the unwanted effects of the time-lapse imaging extraction stage. A 
good example would be an algorithm that corrected the effects of uneven illumination, used in 
other cell segmentation studies as in [14], [15], [23], that could be implemented using top-hat 
and bottom-hat transformations. [12]
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Finally, another interesting path of research that could yield good results both in the 
form of an improved time-lapse imaging extraction system and also in the implementation of 
better adapting pre-processing algorithms would be the study of the image formation of the 
cells within time-lapse microscopy from a physical point of view, as the one done in [24].

5.2.1.2 Segmentation techniques

The segmentation research was one of the main focus and time-consuming tasks of 
this master thesis. Further research in this area should lie either in the improvement of the 
programmed algorithms or in the implementation of new segmentation methods.

The improvement of the edge-detection algorithms would lie in the substitution of the 
last morphological operation stage in favor of techniques that would allow this approach to 
perform the segmentation of clustered cells. The proposed techniques would use edge linking 
and boundary detection to find the boundaries of the cells without the need of performing 
dilation operations that would result in the merging of cells.

As it  was  discussed before,  the main  problem of  region  growing algorithm is  the 
computational time. Improvements in this field would be to implement new ways to deal with 
region  growing  that  would  reduce  its  computational  cost,  perhaps,  taking  advantage  of 
MATLAB® operations with matrices, etc.

The  main  breakthrough  in  this  master  thesis  regarding  segmentation,  was  the 
implementation of the marked watershed algorithm. However, its results are far from been 
optimal and further study in this area would focus in the development of algorithms to better 
represent the segmentation function – already mentioned in previous section as part of the 
pre-processing stage – and the implementation and design of new automatic marking systems. 
This  would  inevitably  require  a  deep  study  of  each  cell  family  morphology,  and  those 
morphological characteristics inherent to those cells that would need to be analyzed. 

New research in the segmentation would rely in the implementation of flexible shape 
extraction methods,  for example,  active contours, algorithm used in [14] and theoretically 
detailed in [13].

5.2.1.3 Other processing algorithms

Another field that has only been circumstantially treated in this master thesis, but that 
it also has great importance is the use of post-processing algorithms to, once more, improve 
the obtained results.

In the case of this master thesis, several small procedures were used in order to slightly 
improve  segmentation  results,  such  as  smoothing  cell  boundaries  or  making  them  more 
rounded.  However,  more  complex  procedures  can  be  implemented  to  complete  the 
segmentation task of the core segmentation algorithms. For instance, in [16], post-processing 
algorithms  are  used  to  complete  the  segmentation  of  neural  stem  cells  performed  by 
watershed segmentation studying the obtained boundaries and merging those with low values, 
called as “weak borders”. Moreover, phD. Thesis [14] regards its post-processing growing 
and pruning,  procedure to enhance segmentation  results  correcting under-segmentation,  as 
their most important contribution to the segmentation field.
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5.2.2. Cell Representation and Description

The  present  master  thesis  proposed  several  representations  and  descriptors  that 
reduced the information contained in the 2-D segmented cells and made them more suitable 
for further computer processing. However, there are many more interesting ways to represent 
and describe cells. Next two sections pretend to direct the efforts of further research in this 
field.

5.2.2.1 Cell Representation

The  new interesting  approaches  regarding  shape  representation  are  detailed  in  the 
points below:

● Polygonal Approximations. An interesting approach for maintaining the 
2-D  representation  of  the  cell  boundaries  but  minimizing  as  much  as 
possible  the  useful  shape  information  would  lie  in  the  utilization  of 
polygonal  approximations.  An example of this  approach are  minimum-
perimeter polygons detailed in [12].

● Skeletons. An interesting way to represent cell morphology, emphasizing 
the presence of the appendices, already regarded as a very important cell 
morphology characteristic, would be through the use of skeletons. They 
may be obtained using thinning algorithms as discussed in [12].

● Signatures.  Signatures are a 1-D representation of the boundary, mainly 
attractive because of their simplicity and the reduction of information they 
represent from the one obtained after segmentation. Again they are further 
detailed in [12].

5.2.2.2 Cell Descriptors

Further  research  in  cell  descriptors  would  lie  in  two  main  paths:  First,  the 
implementation of algorithms to extract and work with Fourier descriptors, and second the 
extensive study of texture descriptors.

Fourier descriptors are deeply studied in [13] and represent a great advance in shape 
description as they significantly reduce shape information size maintaining its value, and they 
offer incremented operational capabilities.

Texture descriptors have shown that they may be useful to describe cells in terms of 
morphology. However, this master thesis has only began to scratch the surface in its analysis. 
Hence,  a  deep  research  in  this  area  may  result  in  great  advances  in  cell  morphology 
description. Again, a detailed description and study of these descriptors is undertaken in [12] 
and [13].
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5.2.3. Cell Recognition System

This master thesis has only proposed certain outlines for the development of a cell 
recognition system and, thus, there is still a lot of work to be done in this area. In the case of 
the decision-theoretic approach,  and, as it  has been mentioned before, a research studying 
which descriptors should be chosen to represent a cell pattern ought to be done. At the same 
time, in the shape number matching method, a extended study should conclude in a way to 
represent pattern classes using a suitable shape number.

Further development in the area would lie in obtaining a better theoretical background, 
basing the decision-theoretic method in probability theory and demonstrating that the use of 
minimum euclidean distance is a optimum statistical classifier. [12]

Another interesting and completely different approach to the cell recognition system 
would be to increase the complexity of the system in one degree by implementing a neural 
network. References [12], [25] and [26] extend the information about this topic. 

5.2.4. The Cell Lineage Project. Cell Morphology Through Time

One  very  important  and  needed  improvement,  in  tight  relation  with  the  cell 
morphology research,  is  to  extend the  morphology analysis  that  has  been  studied  in  this 
master thesis into the dimension of time.

This can be achieved by the implementation of a tracking system, that, at the same 
time, will be based in a cell migration model like those described in [15], which uses Kalman 
filtering, and [14] that relies on a hidden Markov model.

In  addition,  the  extra  data  obtained  from the  use  of  motion  in  segmentation  can 
improve the previously obtained results [12].

5.2.5. TLSP

Finally, the last issue that remains as future work is the finalization of the development 
of  the TLSP application.  The  present  section  summarizes  the  possible  characteristics  and 
improvements that the ending version of TLSP should contain.

5.2.5.1 TLSP v0.2

TLSP Sequence Processor

Improvements within this tool can be classified into two groups: Short and long-term 
improvements. Short-term improvements would be the inclusion of those algorithms that have 
already been programmed but that are not still embedded within the last TLSP release, these 
are,  for  instance,  the  marked  watershed  with  automatic  marking  system,  the  improved 
background marking algorithms, etc. The long-term improvements would be related to the 
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implementation of new segmentation algorithms within the tool, and also with the completing 
of the automatic processing tool. 

The  points  below  summarize  some  of  the  numerous  possible  changes  and 
improvements:

● Addition of automatic marked watershed.
● Addition of selectable background marking algorithms.
● Addition of  customizable interactive  marking system.  This  tool  would 

allow to customize the selection tool (point, polygon, ellipse, etc) and its 
size within the interactive marking tool.

● Addition of the mentioned “Automatic Processing” and “Graphic Plot”  
functionalities.

● Addition  of  new segmentation  algorithm and their  respective  control 
displays.

● Implementation of the final automatic processing tool.

TLSP Data Library

The implementation of the whole data library still remains as future work. The purpose 
of this tool, as it was mentioned before, is to centralize the management of all the files that are 
related  to  the cell  morphology research,  thus  making possible  to  perform any simple  file 
relative task within the same tool context. A summary of the possible functions of this tool is 
detailed below:

● Management and control of the files of the cell morphology research. 
This would mean to store all the files related with the research in a well 
structured way, keeping chronological control and commentaries of every 
session  and  processing  procedure  that  has  been  done  within  the 
application.

● Exporting/Importing new files out/into the tool.
● Performing format conversions.
● Performing  transformations  within  the  time-lapse  sequences. 

Transformations such as resizing, cropping, color mapping, etc.

TLSP Data Analysis

Finally, the other core tool of the TLSP would be the Data Analysis tool. This tool will 
implement numerous important functions from the extraction of complex cell morphological 
characteristics to the cell recognition and tracking systems. This, would be, without doubt the 
most complex tool of the application. A summary of its possible functions is detailed below:
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● Extraction of cell morphological features.
● Cell recognition system. The cell recognition system would allow the user 

to define the patterns from a number of selectable descriptors and also the 
pattern  classes,  either  from  terminal  differentiated  cells  or  from  the 
defined  morphological  states  mentioned  before  in  the  aims  of  the  cell 
morphology research. Its main function would be to classify cell patterns 
into pattern classes, or just perform simple comparison operations.

● Cell tracking system. The tracking system would not only allow to follow 
every  cell  along  the  time-lapse  sequences  but  also  store  all  their 
morphological characteristics as they go changing in time, and compare 
them using the cell recognition system.

5.3. Other Possible Applications

Although all the algorithms and techniques developed in the present master thesis are 
oriented to the cell morphology analysis, they could also find other very different fields of 
application. The methods implemented for obtaining the shapes of cells would likely extract 
the shape of cars in a traffic control system or the boundaries of metal parts in a production 
line control system. Representations and descriptors could be used to measure the extracted 
objects or any parameter of interest in order to know, for instance, if a specific produced part 
has an appropriate  size.  Finally,  recognition  techniques  could be used to add a  degree of 
intelligence to the analysed images: find cars with specific characteristics, count the produced 
metal parts of different kinds, etc.
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6. Appendix I. A Brief Note About Segmentation

Image segmentation has been the main technical issue during the development of this 
master thesis project. This Appendix tries to gather some of the most important information 
regarding segmentation theory that has been used so far, and means to serve as a inevitable 
and helping companion of the thesis throughout the segmentation process.

Pursuing to reach a better and easier understanding, the appendix has been divided into 
three main sections: A first one regarding basic image processing operations, and two more 
whose purpose is to  make a deeper review of segmentation processes: edge-based and region-
based models.

It is to be noted that most of the information of this appendix has been taken and 
summarized from [12] and [13].

6.1. Basic Image Processing Operations

A common classification for image processing operations is the one regarding their 
domain of application, that is, point operations, if they obtain new image points as a function 
of the point at the same place in the original image or, group operations, if the new image 
points are calculated as a function of the neighborhood of the point at the same place in the 
original image. Table 6.1 shows some of these operations that will be treated below in this 
appendix.

Basic image processing

Point operations Histogram normalization

Histogram equalization

Thresholding

Group operations Morphological operations

● Erosion

● Dilation

● Opening and closing

Spatial filtering
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Table 6.1  :  Basic  image  processing  methods  used  in  the  master  thesis  
project.

6.1.1. Point operations. 

6.1.1.1 Histogram Processing

The histogram of a specific digital image with a finite number of intensity values I is 
the discrete function:

h r k  = nk ; k = 0, 1, 2,... , ´ I−1  (6.1-1)

where rk is the k-th intensity and nk is the number of pixels in the image with intensity rk. This 
resulting function can be seen as a statistical representation of the distribution of the intensity 
values in an image. 

Generally histograms are normalized dividing the function h(rk) by the total number of 
pixels in the image – if it represented by a matrix MxN then the total number of pixels will be 
MN – resulting on the expression:

p r k  =
nk

MN
; k = 0, 1, 2,... , ´ I−1  (6.1-2)

which represents the probability of occurrence of pixels with intensity level rk in the image.

In addition of providing useful image statistics, the information within histograms can 
be used for several tasks in image processing such as image enhancement, compression and 
image segmentation.

Several  histograms  are  displayed  in Figure  6.1 in  order  to  obtain  a  better 
understanding of histogram utility and information. They belong to the same image which 
will present different intensity characteristics: a dark image, a light one and finally the same 
image with low and high contrast. The explanation of the image histograms is quite simple: 
For  dark  images,  the  intensity  of  the  pixels  is  distributed  among  the  lowest  part  of  the 
histogram, this  is,  most pixels present low intensity levels.  For light images,  on the other 
hand,  the intensity is  distributed  in the highest  part  of the histogram as pixels  have high 
intensity  levels.  Low-contrast  images  have  a  narrow  histogram  usually  centered  in  the 
intensity scale,  which means that pixels  have a very short  range of intensity values,  thus, 
making difficult to distinguish the elements contained in them. Finally, high contrast images 
have a spread and wide histogram, with an approximately uniform pixel distribution among 
intensity  levels,  implying  that  if  it  is  wanted  for  an  image  to  have  a  high  contrast,  one 
approximation would be to develop and implement  methods which take advantage of this 
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very quality, seeking to obtain a uniform distributed histogram. Achieving this goal will be 
the purpose of the algorithms in next sections.

(a) (b)

(c) (d)

(e) (f)
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(g) (h)

Figure 6.1:  Some examples of Image histograms. (a) and (b) dark image 
and  its  respective  histogram.  (c)  and  (d)  light  image  and  
histogram. (e) and (f) low-contrast image and histogram. (g)  
and (h) high-contrast image and histogram.

6.1.1.2 Intensity mapping

The  most  basic  operation  regarding  histograms  are  the  intensity  mapping 
transformations. These operations consist in assigning new intensity values to the pixels of an 
image depending of its  former values and will  be the mean to obtain uniform distributed 
histograms. They are described by the expression:

s = T r  ; 0  r  I−1  (6.1-3)

where r are the intensity values of the image, s the new intensity values and T(r) the operator 
that determines every mapping transformation having to assure that:

(1) s = T(r) is strictly positive – as there are no possible negative intensity 
values.

(2) 0  s I−1

For example, in order to obtain a brighter image it would be enough with multiplying 
all the pixel intensity values by an scalar, and to do the opposite would imply divide the same 
also by an scalar. Figure 6.2 shows some intensity mapping transformations.

Jaime González García. Linköping 2008 109



“Proposal for a vision-based cell morphology analysis system” Appendix I. A Brief Note
About Segmentation

(a) (b)

(c) (d)

Figure 6.2 :  Examples  of  mapping functions.  Transformation (a)  makes  a 
copy  of  the  input  image.  Transformation  (b)  results  in  the  
inversion of the brightness. Transformation (c) adds brightness.  
Finally, transformation (d) scales the brightness of the image  
by multiplication.

6.1.1.3 Intensity normalization

The  intention  of  using  the  histogram  characteristics  and  information  to  enhance 
images  or prepare them for image processing,  lead us to the goal of obtaining a uniform 
distributed  histogram.  A  first  step  to  achieve  this  aim  may  be  done  using  intensity 
normalization also known as histogram normalization,  process that stretches and shifts ill-
distributed histograms, so that they will spread through all the possible intensity values. This 
can be done just by scaling the input intensity values using this intensity mapping operation:

si , j =
smax − smin

r max − r min
× ri , j − r min   smin ; ∀ i , j  (6.1-4)
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where ri,j and si,j represent the former and new intensity values for pixel i , j  , and rmax, rmin, 
smax,  smin the maximum and minimum values contained in the former and new histograms 
respectively. Figure 6.3 shows the results of this operation.

(a) (b)

(c) (d)

Figure 6.3 :  Histogram  normalization.  Image  in  (a)  is  subjected  to  
histogram normalization resulting in the image in (c). (b) and  
(d) are their respective histograms. 

6.1.1.4 Histogram Equalization

A  method  that  theoretically  achieves  the  wanted  histogram  is  the  histogram 
equalization.  It  is  a  non-linear  process  aimed  to  highlight  image  brightness  in  a  way 
particularly  switched  to  human  visual  analysis.  Histogram equalization  aims  to  change a 
picture in such a way as to produce a picture with a flatter histogram, where all levels are 
equiprobable such as in Figure 6.4.
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(a) (b)

Figure 6.4 :  Histogram equalization process.  From an specific  histogram 
(a) it is wanted to obtain a uniform distributed histogram (b).

An approximation  to  the  problem will  be  made  firstly  in  the  continuous  space  to 
translate it afterwards to the discrete domain in which image processing has its application.

Consider continuous intensity values and the now familiar intensity mapping function

s = T r  ; 0  r  I−1  (6.1-5)

where  r and  s represent the intensity values of the pixels in the former and the new image 
respectively, and T the operator of the transformation. Consider now the following properties:

(5)   T(r) is a monotically increasing function in the interval 0rI−1

(6) 0T r  I−1 for 0rI−1

(7) Defined r = T  s−1 ; 0  s I−1 then T(r) is a strictly monotically 
function in the interval 0rI−1

The property (1) guarantees that output intensity will never be less than corresponding 
input  values,  thus  preventing  new elements  to  be created  in  the  image from reversals  of 
intensity. The property (2) guarantees that the range of output intensities is the same as the 
one of the input. Finally, property adds another limiting factor to condition (1), and it is that, 
the relationship between values of input and output is made one-to-one, hence preventing 
ambiguities.

In  the  continuous  domain  the  one-to-one  relationship  doesn't  yield  a  problem, 
however, in the context of image processing the main domain will be discrete, that is, the 
possible  intensity  values  are  going  to  belong  to  a  finite  limited  range  of  values  that,  in 
addition will be integers. This means that all results will need to be rounded to the nearest 
integer values,  thus preventing the fulfilment  of condition (3) as several  input values will 
become the same output value. Therefore, in this case, strict monotocity won't be satisfied and 
the problem of a non-unique inverse transformation will be addressed.
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The intensity  levels  in  an  image  may be  seen  as  random variables  in  the interval 
[0, I−1 ] . A fundamental descriptor of a random variable is its probability density function 

(PDF).  Let  pr(r) and  ps(s) denote  the  probability  functions  of  r and  s,  respectively.  A 
fundamental result from basic probability theory is that if pr(r) and T(r) are known, and T(r) is 
continuous  and  differentiable  over  the  range  of  values  of  interest,  then  the  PDF  of  the 
transformed (mapped) variable s can be obtained using the following expression:

ps s  = pr r ∣
dr
ds
∣

 (6.1-6)

Hence, the PDF of the output intensity variable, s, is determined by the PDF of the input 
intensities and the transformation function  T(r) – as the second term  dr/ds depends of this 
very mapping function.

The transformation function mathematical  description of the histogram equalization 
has the form:

s= T  r  =  I−1∫r

0
prd   (6.1-7)

where ω is a dummy variable of integration. The right side of this equation is recognized as 
the cumulative distribution function (CDF) of the random variable r. Because the probability 
density functions are always positive, and recalling that the integral of a function is the area 
under  this  very  same  function,  it  follows  that  the  transformation  operation  satisfies  the 
condition (1) because the area under the curve cannot decrease as r increases. When the upper 
limit in this equations is r = I−1 , the integral result is 1, so the maximum value of  s  is

I−1 and condition (2) is also satisfied.

To find the ps(s) that corresponds to the transformation just discussed it is just needed 
to rely on equation (6.1-6). According to Leibniz's rule in basic calculus, the derivative of a 
definite integral with respect to its upper limit is the integrand evaluated at the limit. That is,

ds
dr
=

dT r 
dr

=  I−1 d
dr [∫0

r
pr d ]= I−1 pr r   (6.1-8)

Substituting the result in equation (6.1-6), and keeping in mind that all probabilities 
are positive:

ps s  = pr r ∣dr
ds∣= pr r ∣

1
 I−1 pr r 

∣= 1
I−1

; 0 s I−1  (6.1-9)
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The result for ps(s) is not other than an uniform probability density function. This brief 
steps show how performing an intensity transformation results in the obtaining of a random 
variable s characterized by a uniform PDF. Is is important to conclude from the results of this 
demonstration that while T(r) depends on pr(r) but, the resulting ps(s) is always uniform and 
independent of pr(r).

The discrete form of this transformation – equation (6.1-7) - is

sk= T r k  =  I−1∑
j= 0

k

pr r j =
I−1
MN ∑j= 0

k

n j ; k = 0, 1,... , I−1  (6.1-10)

Thus, a processed image is obtained by mapping each pixel in the input image with 
intensity rk into a corresponding pixel with level sk in the output image. This transformation is 
called histogram equalization or histogram linearization transformation.

However, because an histogram is an approximation to a PDF, and no new allowed 
intensity  levels  are  created  in  the  process,  perfectly  flat  histograms  are  rare  in  practical 
applications of histogram equalization. Thus, unlike its continuous counterpart, it cannot be 
proved  (in  general)  that  discrete  histogram  equalization  results  in  a  uniform  histogram. 
However, using the equation usually results in a tendency to spread the histogram of the input 
image so that  the  intensity  levels  of  the resulting  image will  span into  a  wider  range  of 
intensity scale. The net result is a contrast enhancement.

It is to be noted that the process is completely automatic and very simple to implement 
as it only relies in the application of equation, based on information taken from the same 
image to process, without the need of further parameter specifications. Figure 6.5 shows the 
results of histogram equalization applied on the images of Figure 6.1.

(a) (b) (c)
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(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 6.5 :  Histogram  equalization.  (b),  (e),  (h)  and  (k)  are  the  result  
images of applying the histogram equalization process on the  
images  in  (a),  (d),  (g),  (j)  –  pictures  which  characteristic  
features  have been discussed before  at  the  beginning of  this  
section. The resulting histograms - (c) , (f),  (I) and (l) – are  
clearly flatter and better distributed than the ones in Figure  
6.1.
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6.1.1.5 Thresholding

Thresholding  is  a  fundamental  process  in  image segmentation.  Due to  its  intuitive 
properties, simplicity of implementation and computational speed image, thresholding is used 
in a lot of different applications into this context. Though it can be a segmentation method 
itself,  the  present  appendix  will  only  provide  an  overview  of  the  thresholding  process 
considering it as a post-processing step in more complex algorithms like Sobel and Canny 
edge-detectors that will be explained later in this document.

Thresholding is a technique that allows to partition images directly into regions based 
on intensity values and/or properties of these values. It will be seen as an element of the point 
operations group as it works with the intensity of each pixel in order to determine if it belongs 
to one or another region.

Suppose an image f x , y  composed of light objects on a dark background, in such 
a way that object and background pixels have intensity values grouped into two dominant 
modes. One obvious way to extract the objects from the background is to select a threshold, 
T, that separates these modes. Then, any point x , y  in the image at with f x , y   T  
is called object point; otherwise, the point is called a background point. In other words, the 
segmented image, g  x , y , is given by:

g  x , y = {1 if f x , y   T
0 if f x , y   T }  (6.1-11)

When  T is  a  constant  applicable  over  an  entire  image,  the  process  given  in  this 
equation is referred to as global thresholding. If T is not constant the thresholding process is 
more complex, however, lies outside of the study of the present project and it will not be 
discussed here. As a last note, multiple threshold can also be used resulting in a more rich 
segmentation with multiple regions, this process receives the name of multiple thresholding. 
Figure 6.6 illustrate a very simple example of thresholding.

(a) (b)
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Figure 6.6 :  Global Thresholding. Setting an specific threshold image in (a)  
results in the binary image in (b)

6.1.1.6 Otsu's Thresholding

The thresholding problem can be viewed from a statistical point of view as a decision 
problem whose objective is to minimize the average error incurred in assigning pixels to two 
or more classes.

Otsu's thresholding method is an attractive approach to this decision problem optimal 
in the sense that maximizes the between-class variance. The basic idea lies in the fact that 
well-thresholded classes should be distinct with respect to the intensity values of their pixels, 
and conversely, that a threshold giving the best separation between classes in terms of their 
intensity values would be the optimum threshold. In addition to its optimality, Otsu's method 
presents another attractive characteristic: it is based entirely in 1-D computations performed 
on the histogram of an image.

For further information of the intrinsics of the optimal threshold selection algorithm 
see [12 pp. 742-747].

6.1.2. Group Operations. 

6.1.2.1 Basic Morphological Operations

As it was mentioned earlier in this document, group operations calculate new image 
points as a function of the neighbourhood of the point at the same place in the original image. 
Morphological operations are a branch from this group, related with the morphology of the 
elements belonging to a specific image, that is, a morphology in terms of mathematics that 
manages  useful  concepts  in  the  representation  and  description  of  region  shape  such  as 
boundaries, skeletons, etc.

The mathematical context in which image morphology finds its place is set theory, that 
is, algebra. As such, morphology offers a unified and powerful approach to numerous image 
processing problems. Sets in mathematical  morphology represent objects in an image.  For 
example, the set of all white pixels in a binary image is a complete morphological description 
of the image. In binary images, that are the sphere in which morphological operations are 
used in this project, the sets in question are members of the 2-D integer space ℤ2 , where 
each element of a set is a tuple (2-D vector) whose coordinates are x , y  coordinates of 
a white (or black, depending in the convention) pixel in the image.

For the processing of both  dilation and  erosion, it is first required to understand the 
operations performed during these processes in the space  ℤ2 .  This operations are  the 
reflection and translation  of sets.

The reflection of a set B, denoted B , is defined as:

Jaime González García. Linköping 2008 117



“Proposal for a vision-based cell morphology analysis system” Appendix I. A Brief Note
About Segmentation

B = {w∣w=−b , for b∈B}  (6.1-12)

This means that if B is the set of pixels (2-D points) representing an object in an image, the
B is  simply  the  set  of  points  in  B whose x , y  coordinates  have  been  replaced  by
−x ,− y  . Figure 6.7 shows a simple set and the result of its reflection.

(a) (b)

Figure 6.7 :  Set Reflection. The original set (a) is reflected taking the origin  
of coordinates as reference, resulting in set in (b).

The translation of a set  B by point z= z1 , z2 , denoted  Bz , is defined by the 
expression:

Bz = {c∣c = b  z , for b∈B}  (6.1-13)

Where B is the set of pixels representing an object in an image, and Bz is the set of points 
in B whose x , y  coordinates have been replaced by xz1 , xz 2 . Figure 6.8 shows an 
example of a set translation.
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(a) (b)

Figure 6.8 :  Set  Translation.  Set  in  (a)  is  translated  to  the  point 
z =  z1 , z2  resulting in set in (b).

Set reflection and translation are not only used in erosion and dilation but also in most 
of the morphological operations.  They formulate operations based on  structuring elements 
(SE) – small sets or subimages used to probe an image under study for properties of interest. 
Figure 6.9  shows some example of structuring elements. The pixels shaded in gray express 
that  the  pixel  belongs  to  the  structuring  element  while  the  white  pixels  are  part  of  the 
background and are used because of the necessity of SE elements of being rectangular arrays 
–  as  images  will  be  represented  as  matrices.  The  black  dot  represents  the  origin  of  the 
structuring  element,  and  it  is  usually  placed  in  its  center  of  gravity.  To  summarize,  the 
morphological operations will be the result of  applying an specific structuring element in 
certain way to an image in order to perform a desired operation or obtain a wanted result.

Figure 6.9 :  Examples of structuring elements. Several structuring elements  
in the upper row are completed with white pixels in the second  
row to  become rectangular-shaped in  order  to  operate  with 
images, whose natural mathematic representation are matrices.

Erosion
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With A and B as sets in ℤ2 , the erosion of A by B, denoted A−−B , is defined 
as:

A−−B = {z∣ Bz⊆A}  (6.1-14)

This expression indicates that the erosion of  A by  B is the set of all points  z  such that  B, 
translated by  z,  is contained in  A.  In general,  it  will be assumed that  B is the structuring 
element and  A the image in which it is wanted to apply the erosion processing.  In easier 
words, the operation of eroding consists in setting the analyzed pixel to a 0 if there is any 
point  of  its  neighborhood  with  such  value,  the  neighborhood  being  determined  by  the 
structuring element. This means that the basic function of eroding is to eliminate pixels from 
the boundaries of elements within an image. Figure 6.10 shows illustrates an example of the 
application of erosion.

(a) (b)

(c) (d)

Figure 6.10 :  Examples of erosion. Square in (a) is eroded using structuring 
elements in (a)  – small  square – and (c)  – long rectangle –  
resulting in images in (b) and (d) respectively.

Dilation

With A and B as sets in ℤ2 , the dilation of A by B, denoted AB , is defined as:
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AB = {z∣ Bz∩A≠ ∅}  (6.1-15)

This equation is based on reflecting B about its origin, and shifting this reflection by z. The 
dilation of A by B then is the set of all displacements z, such that B and A overlap by at least 
one element. It is assumed again that B will be an structuring element and A the image subject 
of  the  operation.  Again,  in  easier  words,  the  operation  of  dilation  consists  in  setting  the 
analyzed  pixel  to  a  1  if  there  is  any  point  of  its  neighborhood  with  such  value,  the 
neighborhood being determined by the structuring element. This means that the basic function 
of dilation is to add pixels  to the boundaries of elements within the image,  making them 
“grow”. Figure 6.11 shows an application of this process.

(a) (b)

(c) (d)

Figure 6.11 :  Examples of dilation. Square in (a) is dilated using structuring  
elements in (a)  – small  square – and (c)  – long rectangle –  
resulting in images in (b) and (d) respectively.

Opening and closing

Opening and closing operations belong, together with erosion and dilation, to the set 
of  the  very  basic  morphological  operations.  They  both  share  the  similarity  of  being 
compounded by erosion and dilation operations, but in different order. This means that, the 
opening of A by B is the erosion of A by B, followed by the dilation of the result by B, while 
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the closing of A by B is the inverted operation, this is, the dilation of A by B, followed by the 
erosion of the result by B.

In terms of its effects on images, opening operation generally smooths the contour of 
an object,  breaks narrow isthmuses,  and eliminates thin protrusions. Closing also tends to 
smooth sections of contours but, on the other hand and in opposition to opening, it generally 
fuses narrow breaks and long thin gulfs, eliminates small holes and fills gaps in the contours. 
These qualities of the operations of opening and closing can be seen clearly in Figure 6.12 in 
which they are applied on the same geometrical object.

(a)

(b)

(c)
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Figure 6.12 :  Opening and closing operations. Geometrical element in (a) is  
subjected  to  opening  and  closing  processes  in  (b)  and  (c)  
respectively. Opening and closing qualities mentioned earlier  
can be clearly seen.

6.1.2.2 Smoothing Spatial Filters

The main purpose of the smoothing spatial  filters  is to perform blurring and noise 
reduction in images. In this master thesis, this blurring effect is used in pre-processing tasks, 
such as low detail minimization and low detail removal prior object extraction.

Technically,  the  output  of  the  smoothing  filter  for  each  pixel  in  the  image  is  the 
average of the of the intensities of this pixel and its neighborhood, determined by the size of 
the smoothing filter mask. The smoothing filter, due to its averaging quality, can be seen as a 
lowpass filter, as it reduces sharp transitions in an image. 

Because  random  noise  typically  produces  sharp  transitions  in  intensity,  the  most 
natural application of the smoothing filters is to reduce this noise. However, smoothing filters 
can also have and undesired effect in the blurring of image edges as this objects also present 
sharp intensity transitions. Anyhow, the main use of this kind of filters in this master thesis is 
focused in a different direction, the reduction of irrelevant detail in an image, task achieved 
by using filters whose masks are big in comparison with the size of the detail considered. In 
addition, the smoothing filter can also be used to completely remove small objects and favor 
the extraction of object of interest by the addition of a post-processing thresholding stage.

Figure 6.13 show two of the most common smoothing masks. Figure 6.13a represents 
the most typically used smoothing filter with an uniform average of the pixels ,while Figure 
6.13b  shows  an  interesting  case  were  pixels  are  weighted  differently,  thus  giving  more 
importance to those pixels that are nearer to the central one. This weighted average, giving 
more importance to the pixels in the center and reducing its importance with the distance 
results in the reduction of the image blurring.

(a) (b)
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Figure 6. :     Masks used in smoothing filtering. (a) Uniform average mask.  
(b) Weighted average mask.

6.2. Edge-based Models

Edge detection  is  one of  the possible  approaches  for  the  solution  of  segmentation 
problems. It is based in the notion that, within an image, different elements are separated by 
well known boundaries characterized by abrupt changes in intensity. These sharp changes can 
take the form of isolated points – edge pixels  -,  lines and edges.  Where edges – or edge 
segments -  are sets of connected edge pixels and lines are those edge segments in which the 
intensity of the background on either side of the line is either much higher or much lower than 
the intensity of the line pixels.

6.2.1. Basic Concepts

The mathematical approximation for the detection of local changes in intensity are the 
derivative of first and second order due to their inherent properties that will be shown below. 
As digital processing takes place in a discrete domain, the derivative is expressed in terms of 
differences. For the first derivative, the discrete approximation has to fulfill:

(1) Must be zero in areas of constant intensity.

(2) Must be nonzero at the onset of an intensity step or ramp.

(3) Must be nonzero at points along an intensity ramp.

 

It  is  to  be  noted  that  because  digital  quantities  have  finite  values,  the  maximum 
possible intensity change is also finite,  and the shortest distance over which a change can 
occur is between adjacent pixels.

The approximation then, for the first-order derivative at point x of a one-dimensional 
function f(x) is obtained by expanding the function f x   x   into a Taylor series about 
x, letting  x = 1 and keeping only the linear terms. The result of this calculation is:

 f
 x
= f ' x  = f  x  1 − f x 

 (6.2-1)

The  use  of  the  partial  derivative  is  applied  because  the  natural  extension  for  this 
definition in digital image processing will be the two-dimensional domain f x , y , and 
thus, the application of partial derivatives for x and y.

The second derivative has to fulfill these requirements:
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(1) Must be zero in areas of constant intensity.

(2) Must be nonzero at the onset and end of an intensity step or ramp.

(3) Must be zero along intensity ramps.

The  discrete  counterpart  of  the  second  derivative  is  easy  to  obtain  from  the 
differentiation of the equation (6.2-1), resulting in:

2 f
 x2 =

 f ' x 
 x

=

= f ' x  1 − f ' x  = f  x  2 − 2f x  1  f x 

2 f
 x2 = f ' '  x  = f x  1  f  x − 1 − 2f  x 

 

(6.2-2)

(6.2-3)

where (6.2-2) is the approximation of the second derivative around the point x  1 directly 
obtained from the first derivative approximation and (6.2-3) is the final expression at point x.

The suitability of the derivatives  for edge detection  will  be illustrated  through the 
analysis of an example: Figure 6.14(a) shows an image which contains various solid objects, a 
line, and a single noise point. Figure 6.14(b) shows a horizontal intensity profile of the image 
approximately in  the center,  including  the isolated point.  Finally Figure 6.14(c)   shows a 
simplification of the profile with enough points to make it possible to analyze numerically 
how  the  first-  and  second-order  derivatives  behave  as  they  encounter  different  intensity 
changes.
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Figure 6.14 :  The edge detection problem and the derivatives.  The image 
that displays different kind of objects is (a). The image next to  
this one and the one below are the intensity profile and one  
approximation – (b) - made in order to calculate the derivatives  
in an easier way.  The last  two rows show the results  of  the  
derivatives – (c) - when applied on the intensity profile.

Considering the properties of the first and second-order derivatives as the intensity 
profile is traversed: Initially, the first-order derivative is nonzero at the onset and along the 
entire intensity ramp, while the second-order derivative is nonzero only at the onset and end 
of the same ramp. Because edges resemble this type of transition, as a first conclusion, first-
order derivatives produce “thick” edges and second-order derivatives much finer ones. Next 
object encountered is the isolated point, which represents and impulsive increase in intensity. 
Here, the magnitude of the response at the point is much stronger for the second- that for the 
first-order  derivative.  This  is  not  unexpected,  as  second-order  derivatives  are  much more 
aggressive than a first-order one in enhancing sharp changes. Thus, it is to be expected that 
second-order derivatives will enhance fine detail (including noise) much more than first-order 
derivatives. This same behavior is shown in the next object to be encountered in the intensity 
profile, a thin line, that will be much pronounced when the second-order derivative is used. 
The  final  object  to  be  found is  an intensity  step which  will  be similarly  treated  by both 
derivatives. It is to be noted though, in this step and on the other objects, the second-order 
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derivative has opposite signs as it transitions into and out of an edge. This feature will be an 
important  characteristic  when  seeking  to  find  the  edges  of  an  image,  and  also  to  know 
whether the transition is from light to dark (negative second derivative) or vice versa (positive 
second derivate), where the sign is to be observed as the path follows into the edge.

Summarizing:

● First-order derivatives generally produces thicker edges in an image.

● Second-order derivatives have a stronger response to fine detail, such as 
thin lines, isolated points or noise.

● Second-order  derivatives  produce  a  double-edge  response  at  ramp  and 
step transition in intensity.

● The sign of the second derivative can be used to determine  whether  a 
transition into an edge is from light to dark or dark to light.

The  approach  of  choice  for  computing  first  and  second derivatives  at  every pixel 
location  in  an  image  is  to  use  spatial  filters.  Figure  6.15  shows  a  3x3  filter  mask.  The 
procedure lies on computing the values on the mask with the intensity values corresponding to 
the pixels in the image. The resulting response of the mask at the center point of the region is:

R =∑
k = 1

9

wk z k  (6.2-4)

where zk is the intensity of the pixel whose spatial location corresponds to the location of the 
k-th coefficient in the mask.

Figure 6.15 :  Scheme  of  a  3x3  filter  mask  that  will  be  used  in  many  
segmentation applications.

6.2.2. Point, Line and Edge detection
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This section will be centered in edge detection as point and line detection are simpler 
cases that can be contained into edge detection.

Before entering in the analysis of edge detection methods the first step lies in building 
mathematical models which describe the edges themselves. These models will be classified 
according to their intensity profiles: A step edge, involves a transition between two intensity 
levels occurring ideally over the distance of one pixel. This is, however, a ideal edge model 
and few will be the cases in real applications that edges will fit to its properties. Generally, in 
practice,  digital  images have edges that are blurred and noisy,  with the degree of blurring 
determined  principally  by  limitations  in  the  focusing  mechanism,  and  the  noise  level 
determined  principally  by  the  electronic  components  of  the  imaging  system.  In  such 
situations, edges are more closely modeled by the ramp edge model, this is, that case where 
the edge has an intensity ramp profile. The slope of the ramp will be inversely proportional to 
the degree of blurring of the edge, the less the blurriness the highest the slope and the nearer 
the approximation from this model to the step edge one. In this case, where the edge extends 
itself  along the  ramp,  the  former  edge  point  from the  step  edge  model  (one  pixel  long) 
becomes  an  edge  segment.  A  third  model,  will  be  the  roof  edge,  which  mathematical 
representation can be represented by a triangular pulse. It is used as model of lines through a 
region. With the base (width) of a roof edge being determined by the thickness and sharpness 
of the line. Figure 6.16 illustrates these three models.

The purpose of these models is to allow the writing of mathematical expression for 
edges in the development of image processing algorithms, whose performance will depend on 
the similarities and differences between the real edges and the models.

(a) (b) (c)

Figure 6.16 :  Edge models. Functions represented in (a), (b) and (c) serve to  
model different types of edges in an image: step edges, ramp 
edges and roof edges respectively.

Figure 6.17 shows an example in which the ramp model can be used to illustrate the 
intensity changes of the image, and the results of the application of the first and second-order 
derivative. As it can be seen, the first-order derivative is positive in the onset of the ramp and 
during its points, and zero at points of constant intensity, thus, providing a suitable method for 
edge detection. Meanwhile, the second-order derivative only presents two values: a positive 
one in the onset of the ramp and a negative one at the end of this same ramp. The sign of the 
onset of the ramp can be used to determine whether an edge pixel lies on the dark or light side 
of  an  edge.  In  addition  the  second-order  derivative  also  presents  two  properties:  first,  it 
produces two values for every edge of the image (unwanted behavior) and second, the zero 
crossings – determined by the zero intensity axis and a hypothetical line between the extrema 
of the second derivative marks – can be used for locating the centers of thick edges.
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Figure 6.17 :  Ramp edge model. Result of the application of the first- and 
second-order derivatives.

Note that, although the analysis have been made with 1-D horizontal profile, a similar 
argument can be used for an edge located in any orientation in an image, defining a profile 
perpendicular to the wanted edge direction.

Till this point, edges analyzed have been free of noise.  Figure 6.18 shows the effect 
that  noise  within  an  image  can  have  in  the  derivatives  of  first-  and  second-order.  The 
conclusion draw from these representations is that the derivatives are very sensitive to noise – 
even to almost imperceptible noise. The fact that  such little  visual noise can have such a 
significant  impact  in  the  derivatives  –  that  is,  the  basic  techniques  for  edge  detecting  – 
underlines the importance of finding methods that can minimize this kind of degradations. In 
particular,  image  smoothing  should  be  a  serious  consideration  prior  to  the  use  of  any 
derivative in any application where noise is to be taken in count.

Concluding, every edge detection technique has to perform this main three steps:

1. Image smoothing for noise reduction.
2. Detection of edge points. Local operation that extracts from an image all 

points that are potential candidates to become edge points.

3. Edge localization. Selection from the potential candidates of those that are 
truly points comprising an edge.
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Next sections will review some of these techniques and the way they deal with this 
fundamental steps and the general problem of edge-detection.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)
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(j) (k) (l)

Figure 6.18 :  Noise effect in first- and second-order derivatives. (a), (d), (g)  
and (j) represent a ramp edge with different contributions of  
Gaussian noise of zero mean and standard deviation 0.0, 0.1,  
1.0 and 10 respectively. The second and third rows show how  
sensitive  the  first-  and  second-order  derivatives  are  to  this  
noise additions almost imperceptible in the images.

6.2.3. Basic Edge Detection: The Sobel Operator.

Basic edge detection methods use the first-order derivative as a mean to perform the 
calculation  of  the  edges  of  an  image.  The  tool  of  choice  for  finding  edge  strength  and 
direction at location x , y  of an image f, is the gradient of f, define as the vector:

∇ f ≡ grad  f  ≡ [ g x

g y]≡ [ f
 x
 f
 y ]

 

(6.2-5)

This vector has the important geometrical property that it points in the direction of the 
greatest rate of change of f at location x , y  , thus in the edge finding context, the gradient 
will be perpendicular to any of the edges of the image.

The magnitude of vector ∇ f will be :

M x , y  = mag ∇ f  =  g x
2  g y

2  (6.2-6)

which represents the value of the rate of change in the direction of the gradient vector, where 
gx, gy and M(x, y) are images of the same size as the original created when x and y are 
allowed to var over all pixel locations in f. The addition and square operations considered in 
the equation are array operations – matrix are treated pixel-by-pixel.

The direction of the gradient vector is given by the angle :
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x , y  = arctan 
g y

g x
  (6.2-7)

measured  with respect  to the  x-axis.  x , y  is  also an image of  the same size as the 
original and as it has been advanced the direction of an edge at an arbitrary point x , y  is 
orthogonal to the direction of the gradient vector at the point. Figure 6.19 shows an example 
of the use of the gradient in the edge-finding context.

Figure 6.19  :  Example  of  the  use  of  the  gradient  operator  as  an  edge-
detector.

Obtaining the gradient of an image requires computing the partial derivatives in a two-
dimensional space at every pixel location of the image. As images are digital, it is required an 
approximation of the partial  derivatives over a neighborhood about a point.  From section, 
6.2.1 and extending to the two-dimensional case:

g x=
 f x , y 
 x

= f x  1, y − f x , y 

g y =
 f  x , y
 y

= f  x , y  1 − f x , y 

 (6.2-8)

 

 (6.2-9)

These  two  equations  can  be  implemented  for  all  values  of  x  and  y  by  filtering
f x , y  with the 1-D masks of Figure 6.20.
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Figure 6.20 :  1-D masks used for vertical and horizontal implementation of  
the gradient operator.

However, when diagonal edge direction is of interest 2-D masks are required. Figure 
6.21 shows some of them, and the one of best interest in this project, the Sobel operator. 

Figure 6.21 :  2-D 2x2 and 3x3 masks used for vertical and horizontal  
implementation of the gradient operator.

Masks of 2x2 – Roberts cross-gradient operators are an example of these group – are 
not as useful for computing edge direction as masks that are symmetric about the center point, 
the smallest of which are of size 3x3. These masks take into account the nature of the data on 
opposite sides of the center point and thus carry more information regarding the direction of 
an edge. The simplest  version of these masks are the Prewitt operators show, but a slight 
variation on these ones, using a 2 in the center locations, enhances the performance of edge 
detection providing image smoothing and the correspondent noise-suppression. Note that all 
masks in Figure 6.22 sum to zero, thus giving a response of zero in areas of constant intensity, 
as  expected  of  a  derivative  operator.  The  Prewitt  operators  with  this  variation  are  the 
mentioned Sobel operators, that are mathematically represented by expressions:
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g x =
 f  x , y 
 x

=  z7 2z8 z 9 −  z 1 2z2  z3

g y =
 f  x , y 
 y

=  z3  2z6 z9 −  z1 2z4 z7

 (6.2-11)

 

 (6.2-12)

These masks are then used to obtain the gradient components gx and gy at every pixel 
location in an image. These two partial derivatives are then used to estimate edge strength and 
direction.  Computing  the magnitude  of the gradient  requires  combining  gx and  gy as  it  is 
shown in expression (6.2-6). However,  this  implementation entails  the use of squares and 
roots,  calculations  not  desirable  because  of  their  computational  burden,  hence,  an 
approximation frequently used will be:

M x , y  ≈ ∣g x∣ ∣g y∣  (6.2-13)

Expression  that  eases  the  mentioned  computational  trouble.  The  drawback  of  this 
implementation will be that the filters will not be isotropic – invariant to rotation – in general. 
However, this is not an issue as masks such as the Prewitt and Sobel operators as this mask 
only give isotropic results for vertical and horizontal edges. Results would be isotropic only 
for edges in those two directions, regardless of which of the two equations is used.

It is also possible to modify Prewitt and Sobel masks so that they have their strongest 
response along the diagonal  directions  instead of  the  horizontal  and vertical  ones  as  is  it 
shown in Figure 6.22. Finally, Figure 6.23 illustrates an example of the use of the gradient as 
edge detector.

Figure 6.21 :  2-D 3x3 masks used for edge-finding in diagonal directions.  
They complement those ones in Figure 6.20.
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(a) (b)

(c) (d)

Figure 6.23 :  Simple  edge-finding  detector  using  gradient  operator.  (a)  
represents the original image. (b) is the component g x of the  
gradient in the x-direction obtained using the Sobel mask. (c) is  
the component g y of the gradient in the y-direction obtained  
in the same way. (d) is the final resulting gradient combining 
(b) and (c) arithmetically g xg y .

Results shown in this figure are very detailed, but this high-level detailed often acts as 
undesirable noise in the edge detection process. Edge detection can be made more selective 
by adding a prior smoothing step to these simple edge detection methods as it is shown in 
Figure 6.24(b). Another step useful at achieving this effect is the thresholding of the gradient 
image, that is, the selection of the pixels of the gradient image that have a higher value that an 
specific threshold. The result of the application of thresholding can be seen in Figure 6.24(c).

When the interest lies in both highlighting the principal edges and also maintaining as 
much connectivity as possible both smoothing and thresholding should be used.
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(a)

(b) (c)

Figure 6.24 :  Simple  edge-finding  detector  using  gradient  operator.  (a)  
shows  the  gradient  calculated  in  Figure  6.22.  In  (b)  a  
smoothing process have been performed before calculating the  
gradient while in (c) the final result has been processed using  
thresholding with a threshold equal to 33% of the highest value  
in that image.

6.2.4. Advance Edge Detection. The Canny Edge Detector

The edge-detection methods discussed so far are based simply in filtering an image 
with one or more masks, with no other considerations regarding edge characteristics or noise 
content. The canny edge detector represents a step more in edge detection making an attempt 
in improving simple edge-detection methods by analyzing both the nature inherent to edges 
and the effects on edge-detection of the presence of noise in an image.

Canny edge detector is based on three fundamental objectives:

1. Low  error  rate. All  edges  should  be  found,  and  there  should  be  no 
spurious responses. That is, edges detected must be as close as possible to 
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true edges.

2. Edge points should be well localized. The edges must be located as close 
as possible to the true edges. That is, the distance between a point marked 
as  an  edge  by  the  detector  and  the  center  of  the  true  edge  should  be 
minimum.

3. Single edge point response. The detector should return only one point per 
each true edge point. That is, the number of local maxima around the true 
edge should be minimum. This means that the detector should not identify 
multiple edge pixels where only a single edge point exists.

John Canny the developer of these algorithm worked on the mathematical expression of these 
criteria  and on the research of finding optimal  solutions  for them. In general,  it  is nearly 
impossible  to  find  such  a  solution  for  the  three  objectives  at  the  same  time.  However, 
experimenting with numerical optimization with 1-D step edges corrupted by Gaussian noise, 
he was lead to the conclusion that a good approximation to the optimal step edge detector is 
the first derivative of a Gaussian:

dG x
dx

= d
dx

e
− x2

22

= −x2

2 e
− x2

22  (6.2-14)

Extending this expression into a two-dimensional involves recognizing that the 1-D 
approach still applies in the direction of the edge normal. Because the direction of the edge 
normal  is  unknown beforehand,  this  would require  applying  the 1-D edge detector  in  all 
possible  directions.  This  task  can  be  approximated  by  first  smoothing  the  image  with  a 
circular  2-D Gaussian  function,  computing  the  gradient  of  the  result,  and  then  using  the 
gradient magnitude and direction to estimate edge strength and direction at every point.

If f x , y  denotes the input image and G  x , y denotes the Gaussian function:

G  x , y  = e
− x2 y2

22

 (6.2-15)

The smoothed image f s x , y  is the result of the convolution of G and f:

f s x , y  =G x , y ∗ f x , y   (6.2-16)

This  operation  is  followed by computing  the magnitude  and direction  as  it  was  made  in 
previous section 6.2.3:

M x , y =  g x
2  g y

2  (6.2-17)
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x , y = arctan 
g y

g x
  (6.2-18)

where now gx and gy are referred to the function  fs. Any of the filter mask pairs used in the 
basic edge detecting methods discussed in section 6.2.3 can be applied to obtain gx and gy. On 
the other hand, equation (6.2-15) is implemented using an n x n Gaussian mask whose size is 
discussed below. It is to be noted that both M x , y  and x , y have the same size as 
the image from which they are computed.

Because it is generated using the gradient, M x , y  typically contains wide ridges 
around local maxima. The next step is to thin those ridges. One approach will be to use non-
maxima suppression. This can be done in several ways but the essence of the approach is to 
specify a number of discrete orientations of the edge normal (gradient vector). In the case of a 
3 x 3 region four orientations can be defined: horizontal, vertical and +-45º.  Figure 6.25(a) 
shows  the  situation  for  the  two  possible  orientations  of  a  horizontal  edge.  Because  all 
directions have to be quantized into four, a range of directions over which a specific direction 
is considered horizontal must be selected. The edge direction is determined using the edge 
normal,  obtained  directly  form  the  image  applying  equation  (6.2-18).  Figure  6.25(b) 
illustrates how the problem of the direction assignation is solved for an horizontal edge and 
Figure 6.25(c) shows the quantization of the whole space.

If the possible directions for a 3x3 region are denoted by  d1,  d2,  d3 and  d4, the non-
maxima suppression scheme will follow the steps described below:

1. Find the direction d k  that is closest to x , y  .

2. If the value of M x , y  is less than at least  one of its two neighbors 
along  d k ,  let  g N x , y  = 0 (suppression);  otherwise,  let 

g N x , y  = M  x , y .

where g N x , y  is the non-maxima-suppressed image. For example, with reference to Fig 
6.16a, letting x , y  be at p5 and assuming a horizontal edge through p5, the pixels in which 
we would be interested in Step 2 are p2 and p8. Image g N x , y  contains only the thinned 
edges; it is equal to M x , y  with the non-maxima edge points suppressed.
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(a) (b)

(c)

Figure 6.25 :   Nonmaxima suppression. Division of the space into a number  
of  discrete  orientations.  (a)  shows  two  of  the  possible 
orientations  of  a  horizontal  edge  (in  gray)  in  a  3x3  
neighborhood. (b) shows the partition made to assume whether  
an edge is horizontal or not, in relation to the angle of the edge  
normal. (c) shows the partition for all directions, each of them, 
with two ranges.

The final operation is to threshold g N x , y  to reduce false edge points. A single 
threshold  was  used  in  simple  edge  finding  algorithms  encountering  the  following 
inconvenient: If the threshold is set too low, there will still be some false edges (called false 
positives).  If  it  is  set  too  high,  then  actual  valid  edge  points  will  be  eliminated  (false 
negatives).  Canny's  algorithm attempts to improve these situation by the use of hysteresis 
thresholding which will use two thresholds: a low and a high one, TL and TH. Experimentally 
it was found that the ratio between both should be 2:1 or 3:1 from high to low.

Thresholding can be visualized as the creation of two additional images:

g NH x , y  = g N  x , y  T H

g NLx , y = g N x , y   T L

 (6.2-19)

 (6.2-20)

where initially both gNH and gNL are set to 0. After thresholding, gNH will have fewer nonzero 
pixels than gNL in general, but all nonzero pixels in gNH will be contained in gNL because the 
latter image is formed with a lower threshold. We eliminate from gNL all the nonzero pixels 
from g NH x , y  by letting:
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g NLx , y = g NLx , y  − g NH x , y  (6.2-21)

The nonzero pixels in gNH and gNL may be viewed as being “strong” and “weak” edge 
pixels, respectively.

After the thresholding operations, all strong pixels in gNH are assumed to be real valid 
edge pixels and are so marked immediately. Depending on the value of the highest threshold 
TH, the edges in gNH usually have gaps. The procedure now will be to fill in those gaps using 
the “weak” edge pixels from gNH:

1. Locate the next unvisited edge pixel, p, in gNH.

2. Mark as valid edge pixels all the weak pixels in gNL that are connected to p 
using, say, 8 connectivity.

3. If all nonzero pixels in gNH have been visited go to next step. Else, return 
to first step.

4. Set to zero all pixels in gNL that were not marked as valid edge pixels.

At the end of this procedure, the final image output by the Canny algorithm is formed 
by appending to gNH all the nonzero pixels from gNL.

Summarizing, the Canny edge detector consists on the steps below:

1. Smooth the input image with a Gaussian filter.

2. Compute the gradient magnitude and direction/angle images.

3. Apply non-maxima suppression to the magnitude image.

4. Use double thresholding and connectivity analysis to detect and link the 
edges.

Figure 6.26 shows the same familiar image from section 6.2 (Figures 6.23 and 6.24) and the 
results of the application of Canny method on it.

(a)
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(b) (c)

Figure 6.26 :  Canny edge-detector applied on image in (a),  seen before in  
Figures 6.22 and 6.23. (b) shows the result of the thresholded  
gradient  of  the  smoothed  image  in  (a).  (c)  Image  obtained  
using the Canny algorithm.

6.3. Region-based Models

The other segmentation approach that will be used in this project consists in the use of 
region-based models. So far, the segmentation problem has been managed by attempting to 
find boundaries between the regions based on discontinuities in intensity levels. Region-based 
models will try to find the regions directly, taking advantage of the similarity inherent to the 
pixels of the same region.

6.3.1. Region-growing

Region-growing is a procedure that groups pixels  or subregions into larger regions 
based on predefined criteria for growth. The basic approach is to start with a set of “seed” 
points and from these grow regions by appending to each seed those neighboring pixels that 
have predefined properties similar to the seed (such as specific ranges of intensity or color).

The first step will be then to select a criteria of comparison between pixels. This must 
be done both taking into account the characteristics of the problem to face and also the type of 
image data available.  For example,  criteria such as intensity values, texture, and color are 
local in nature, and do not take into account the “history” of region growth. Additional criteria 
that increase the power of region-growing algorithm would be those that utilize the concept of 
size, likeness between a candidate pixel and the pixels grown so far – comparing the intensity 
of the candidate pixel with the average of those compounding the region –, and the shape of 
the region been grown. The use of theses types of descriptors is based on the assumption that 
a model of expected results is at least partially available.

 Other  important  fundamental  aspects  that  influence  the performance  of the region-
growing algorithm are  the  management  of  neighborhoods,  which  will  determine  how the 
growing algorithm is applied and how regions grow, and also, the formulation of the stopping 
rule, normally when no more pixels satisfy the criteria for inclusion in a specific region.
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A basic region-growing algorithm will follow these steps:

Let f x , y  denote  an  input  image  array; S x , y denote  a  seed  array 
containing 1's at the locations of seed points and 0's elsewhere; and  Q denote a 
predicate to be applied at each location x , y  . Array f and S are assumed to be 
of the same size. The connectivity will be supposed of 8-pixel neighborhood.

1. Find all  connected  components  in S x , y and  erode  each  connected 
component to one pixel; label all such pixels found as 1. All other pixels 
in S are labeled 0.

2. Form  an  image fQ such  that,  at  a  pair  of  coordinates x , y  ,  let 
f Q x , y = 1  if  the  input  image  satisfies  the  given predicate,  Q,  at 

those coordinates otherwise, f Q x , y = 0 .

3. Let g be an image formed by appending to each seed point in S all the 1-
valued points in fQ that are 8-connected to that seed point.

4. Label each connected component in g with a different region label (e.g., 1, 
2, 3,... ). This is the segmented image obtained by region growing.

An example of the application of this algorithm is shown in Figure 6.27.

(a) (b) (c)

Figure 6.27 :  Example of region-growing algorithm.

6.3.2. Use of morphological watersheds

The background and basis of the use of morphological watersheds in segmentation 
were already discussed in Section 3.3.5. The present section will focus in the technical related 
characteristics  of  watershed  segmentation:  the  segmentation  algorithm itself  and  the  dam 
construction process.
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The Watershed Segmentation Algorithm

As it was mentioned before the watershed segmentation algorithm mainly consists in 
flooding the topographic from below, and through the regional minimums at an uniform rate. 
When the water reaches a certain intensity level when two or more regions that belong to 
different regional minimums merge, dams are built to prevent this merging resulting in the 
wanted watershed lines and thus, in the segmentation of the objects of interest. This algorithm 
is explained deeply in the following paragraphs:

Let M 1, M 2, ... , M R be a set of coordinates of the points in the regional minima 
of  an  image g  x , y ,  typically  a  gradient  image.  Let C M i be  a  set 
denoting the watersheds associated with regional minimum M i . Finally , let

T [n ] represent the set of coordinates  s ,t  for which g  s , t n :

T [n ]=s ,t ∣g s ,t n (6.3-1)

Geometrically, T [n ] is the set of coordinates of points in the image lying below 
the plane g  x , y=n .

The topography will be flooded in integer flood increments from n=min1 to
n=max1 , where min and max denote the minimum and maximum value of
g  x , y .

Let CnM i denote the set of coordinates of points in the watershed associated 
with the minimum M i that are flooded at stage n . CnM i may be view as 
a  binary  image  with CnM i=1 at  location x , y  if x , y ∈C Mi AND 
x , y ∈T [n ] ; otherwise CnM i=0 . This is given by:

CnM i=C M i∩T [n ] (6.3-2)

Next, let C[n] denote the union of the flooded watersheds at stage n:

C [n ]=U i=1
R C nM i (6.3-3)

Then C [max1]  is the union of all watersheds:

C [max1]=U i=1
R C M i (6.3-4)

As the level of the water increases in each iteration the elements in the watersheds 
either  increase  or  remain  the  same,  thus,  the  elements  in  both CnMi and
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T [n ] are never replaced during the execution of the algorithm. Moreover, it 
follows  that C [n−1] is  a  subset  of C [n] ,  and,  according  to  (6.3-2)  and 
(6.3-3) C [n] is  a  subset  of T [n ] .  As  a  result C [n−1] is  a  subset  of

T [n ] .  From  this  it  can  be  assured  that  each  connected  component  of
C [n−1] is contained in exactly one connected component of T [n ] .

Once  these  claims  have  been  stated  the  watershed  segmentation  algorithm is 
initialized with C [min1]=T [min1] . The algorithms proceeds recursively, 
computing C [n] from C [n−1] as  follows.   If Q denotes  the  set  of 
connected components in T [n ] . Then, for each of these connected components

q∈Q [n] , there are three possibilities:

1. q∩C [n−1] is empty.

2. q∩C [n−1] contains one connected component of C [n−1] .

3. q∩C [n−1] contains more than one connected component of
C [n−1] .

The  construction  of C [n] from C [n−1] depends  on  which  of  these  three 
conditions is fulfilled. In the first case, a new minimum has been encountered in 
which  case  connected  component q is  incorporated  into C [n−1] to  form

C [n] . In the second case, q lies within the watershed of one of the regional 
minimums  of C [n−1] ,  the  solution  consists  then,  in  incorporate  q  into

C [n−1]  to  form C [n] .  Finally,  the  third  case  takes  place  when  two 
watersheds are about to merge.  In this case, a dam to prevent this event from 
happening must be built. The segmentation algorithm would follow the process 
evaluating every q for every level of flooding till n=max1 , and resulting 
in the segmented image.

As a final note, the whole performance of the algorithm can be improved if the 
flooding increments are only evaluated from the intensity values present in image 

g  x , y .

Figure 6.28 illustrates the procedure of watershed segmentation.
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(a) (b)

(c) (d)

Figure 6.28 :   Watershed segmentation algorithm.

A Note About Building Dams Process

One of the technical issues of the watershed algorithm is to define the procedure of 
building  the  dams  that  will  prevent  two watersheds  from merging.  The  simplest  way to 
confront this problem is through the use of morphological dilation.

The process is very simple:

Consider  two  regional  minimums M 1 and M 2 each  of  the  with  its  own 
respective watershed denoted by C M 1 and C M 2 . At level n−1 , just 
before  the  merging  situation,  the  watersheds  of  each  element  are  denoted  by 

Cn−1M 1 and Cn−1M 2 .  Let  now, C [n−1] denote  the  union  of  these 
two sets. When the flooding procedure follows in the stage n the two watersheds 
merge becoming one only connected component that will be denoted by q .
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Suppose now that each of the connected components in stage n−1 is dilated by 
an structuring element consisting in a 3x3 matrix containing ones, subjected to 
two conditions:

1. The  dilation  has  to  be  constrained  to q ,  this  is,  the  center  of  the 
structuring element can be located only at points in q during the dilation.

2. The dilation  cannot  be  performed  on  points  that  would  cause  the  sets 
being dilated to merge.

The pixels that satisfy this two conditions, this is, those pixels that belong to q
but  if  subjected  to  dilation  would  cause  the  merging  of  the  connected 
components,   will  describe  the  1-pixel-thick  connected  path  that  becomes  the 
dam. The last steps consists in giving the dam a level of intensity equal to the 
maximum allowed by the image plus  one,  preventing the water  to  cross over 
already constructed dams.

6.4. Object Representation and Description

A clear necessity after  the segmentation procedure is to represent and describe the 
segmented objects in a suitable way for further computer processing, this is, find ways to 
represent these objects far better than the obtained 2-D regions and boundaries.

This section will be limited to treat two aspects into this field, in order to clarify some 
of the work done in this project relative to object representation and description. The first 
aspect  is  one  of  the  basic  operations  in  shape  representation,  operation  that  has  to  be 
performed prior the application of most representation algorithms and whose purpose is to 
establish  a  clockwise  (or  counterclockwise)  order  for  the  pixels  that  belong to  a  specific 
boundary.  The  second  aspect  is  regarding  internal  description  and how to  define  texture 
within an image in a series of parameters.

6.4.1. The Moore Boundary Tracking Algorithm

Moore boundary tracking algorithm is an example of  a simple ordering algorithm that 
successfully orders the pixels that belong to a specific boundary into a clockwise sequence of 
points starting from the uppermost, leftmost pixel.

Before the application of this algorithm it is assumed that: (1) The processed images 
are binary images in which object and background points are labeled 1 and 0 respectively, and 
(2)  that  images  are  padded with a  border of 0's  to  eliminate  the possibility  of  the  object 
merging with the border of the image.  Finally,  it  has to be considered that the algorithm 
explained below it is fitted for the case of one single region, but it can be extended to the case 
of multiple, separated regions. Figure 6.29 illustrates the algorithm process.

Given a binary region R or its boundary the discussed algorithm is as follows:

1. Let the starting point, b0 , be the uppermost, leftmost point in the image 
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that is labeled 1. Denote by c0 the west neighbor of b0 . Clearly c0  
always  will  be a  background point.  Then,  examine  the  8 neighbors  of

b0 ,  starting  at c0 and  proceeding  in  clockwise  direction.  Let b1  
denote the first  pixel encountered whose value is 1, and let c1 be the 
points immediately preceding b1 in the sequence. Store the location of

b0  and b1 .

2. Let b=b1 and c=c1 .

3. Let the 8 neighbors of b , starting at c and proceeding in a clockwise 
direction be denoted by n1, n2,... , nk . Find the first nk whose value is 1.

4. Let b=nk and c=nk−1 .

5. Repeat steps 3 and 4 until b=b0 and the next boundary point found is 
b1 .

The sequence of b points found when the algorithm stops constitutes the set of 
ordered boundary points. This algorithm receives the name of  Moore boundary 
tracking algorithm after Moore [1968].

(a) (b)

(c) (d)

Figure 6.29 :   Moore boundary following algorithm.

6.4.2. Texture Descriptors

As it was discussed previously in this chapter, the histogram of an image can be seen 
as  a  statistical  representation  of  the  distribution  of  the  intensity  values  within  an  image 
(6.1-1), furthermore, if an histogram is normalized dividing its function by the total number of 
pixels in the image, the resulting expression (6.1-2) will be the probability of occurrence of 
pixels with a specific intensity level.

Jaime González García. Linköping 2008 147



“Proposal for a vision-based cell morphology analysis system” Appendix I. A Brief Note
About Segmentation

This statistical character of the histogram allows to describe the texture within a region 
by obtaining and analyzing the statistical moments of the histogram.

Let z be a random variable denoting intensity and let p  zi= , i=0,1,2,.... , L –1 , be 
the corresponding normalized histogram, where L  is the number of distinct intensity levels, 
then, the nth moment of z about the mean is

n z =∑
i=0

L−1

 zi−mn p  z i  (6.4-1)

Where m is the mean value of z, this is, the average of the intensity and it is expressed as:

m=∑
i=0

L−1

z i p  z i  (6.4-2)

The  first  characteristic  of  interest  for  the  analysis  of  region  texture  is  the  second 
statistical moment of the histogram n=2 , this is, the variance  2 z =

2 z  . It is a 
measure of intensity contrast that can be used to establish descriptors of relative smoothness. 
For example, the measure R

R=1− 1
12 z  (6.4-3)

is a intuitive characteristic relative to the variance, as it will present values near 0 for areas of 
constant intensity (variance near 0) and will approach 1 for large values of the variance.

It is to be noted too, that a good measure to take is to normalize all obtained moments 
in the range 0 to 255 into the interval [0,1] to prevent very high values that are difficult to 
compare and analyze. This can be easily than just by scaling the results dividing the values 
obtained for each statistical moment by 255n where n is the order of the moment.

The  standard deviation, is also frequently used as a measure of texture because its 
values tend to be more intuitive to many people.

The third moment, 3 z  , is a measure of the skewness of the histogram while the 
fourth moment, 4 z  , is a measure of its relative flatness.

Another useful additional texture measures based on histograms include the measure 
of uniformity given by the expression:

U=∑
i=0

L−1

p2  z i  (6.4-4)
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and an average entropy measure:

E=∑
i=0

L−1

p  z ilog2  p  zi  (6.4-5)

Because the probability of occurrence of a pixel with a specific intensity range from 0 to 1 
and their sum equals 1, measure U is maximum for an image in which all intensity levels are 
equal  (maximally  uniform),  and  decreases  from  there.  Entropy,  on  the  other  hand,  is  a 
measure of variability and is 0 for a constant image.
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7. Appendix II. Project Source Code Library

The present appendix intends to make a compendium or a reference to all the source 
code  implemented  during  the  development  of  the  project  and,  in  the  case  of  the  TLSP 
application, also give another point of view than those shown so far, and take a deeper look 
into the programming structure and code-related problems.

7.1. Segmentation Algorithms

7.1.1. Edge-Based Segmentation

GetBoundaries.m

First  developed  function  for  edge-detection  segmentation  algorithm.  Use  of  Sobel 
algorithm with different thresholding values plus morphological operations. Not very 
good results.

GetBoundariesB.m

Continuation of the line of research started with GetBoundaries.m. Experimentation 
with subtraction of edges images obtained using different parameters in thresholding 
process.

GetBoundariesC.m

Thresholding segmentation method.  Segmentation of the time lapse sequence using 
exclusively a simple thresholding method. Not good results either.

GetBoundariesCanny.m

Segmentation  method  using  Canny  edge-detection  plus  morphological  operations. 
First  algorithm  in  the  line  of  research  that  ended  with  the  final  solution.  Also 
implements subtraction of edges from different edge images obtained using different 
thresholding parameters. Average results.
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GetBoundariesComb.m

Segmentation  method  using  Canny  and  Sobel  edge-detection  plus  morphological 
operations.  Implements  subtraction  of  edges  from  different  edge  images  obtained 
using different thresholding parameters. Average Results.

BoundariesCombEasy.m

Basic function for edge-based segmentation. Segmentation method using Canny and 
Sobel edge-detection plus morphological operations. Good results. Late improvements 
showed that the same results can be obtained using only the Canny edge-detection 
algorithm and better tuned morphological operations.

BoundariesCombEasy2.m

Edge-detection algorithm with image filling improvement. (See Section 5.2.1)

7.1.2. Region Growing Segmentation

GetIntenseReg.m

function [seg,label] = getIntenseReg(img)

Automatic seeding function that selects those points of high intensity value as seeding 
region of the region-growing algorithm. Calls region_growing_basic to perform the 
region-growing operation.

region_growing_basic.m

function [seg] = region_growing_basic(img,label,nb,t)

Basic function that implements  the simple region growing algorithm.

GetIntenseRegT.m

function [seg,label] = getIntenseRegT(img)

Automatic seeding function that selects those points of high intensity value as seeding 
region  of  the  region-growing  algorithm.  Calls  region_growing_basic_threshold  to 
perform the region-growing operation.
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region_growing_threshold.m

Slightly  improved  Simple  region  growing  algorithm.  Addition  of  threshold  that 
represents  the  lowest  possible  intensity  value  needed  for  a  pixel  to  belong  to  the 
segmented region.

Get4ngb.m

function ngb = get4ngb(m,n,rows,cols)

Function that gets the pixels in the neighborhood of the pixel in the position (m,n). 
Returns the pixels on top, under, at the right and at the left of the selected pixel.

Get8ngb.m

function ngb = get8ngb(m,n,rows,cols)

Function that gets the pixels in the neighborhood of the pixel in the position (m,n). 
Returns the pixels on top, under, at the right, at the left and plus the ones in diagonal 
directions of the selected pixel.

RegionGrowingAnalysis.m

Simple region growing analysis

GetIntenseReg_improved.m

function [seg, label] = getIntenseReg_improved(img,nb,t)

Automatic  Seeding  of  high intensity  regions.  Improved  simpler  source  code from 
getIntenseReg.m.  This  function calls  region_growing_basic_average  to  perform the 
region-growing process.

RegionGrowing_SingleSeed.m

function [seg,label] = RegionGrowing_SingleSeed(img, nb, t)

Manual  Seeding  using  a  polygonal  selection  tool.  This  function  calls 
region_growing_basic_average to perform the region-growing process.

Region_growing_basic_average.m

function [seg] = region_growing_basic_average(img,label,nb,t)

Region growing algorithm with mean intensity value for the region to grow.
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CalculateRegionMeanIntensity.m

function NewRegionIntensityMean = CalculateRegionMeanIntensity(OldValue, 
Intensity, NumPix)

Function which calculates the mean intensity value of the seeding region when a new 
pixel is added.

CalculateRegionMeanIntensityStart.m

function RegionIntensityMean = CalculateRegionMeanIntensityStart(image, label)

Function which calculates the mean intensity value of the starting seeding region.

7.1.3. Marked Watershed Algorithm

GetBoundariesWatershed1.m

Early study of the marked watershed segmentation algorithm.

GetBoundariesWatershed2.m

Marked  watershed  segmentation  algorithm using  interactive  marking  system with 
elliptical selection tool.

GetBoundariesWatershed3.m

Marked watershed segmentation algorithm using edge-detection marking system.

GetBoundariesWatershed4.m

Marked  watershed  segmentation  algorithm  with  automatic  marking  system  for 
globular cells using h-maxima transform and with both smoothing and variance filters 
for obtaining background marker.
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7.2. Cell Representation and Description

OutgrowthExtraction.m

Algorithm for outgrowth extraction using an ellipse shaped mask.

SelectMaxAreaObject.m

function  [MaxAreaImage, MaxArea] = SelectMaxAreaObject(image)

Function that receives  a specific binary image and returns an image containing the 
element of highest area of the input image and the value of its area.

AreaThresholding.m

function ResultImage = AreaThresholding(image, threshold)

Function that eliminates the elements in a binary image 'image' whose area is smaller 
than a threshold 'threshold'.

OutgrowthExtraction2.m

Algorithm for outgrowth extraction using an ellipse shaped mask with its inclination 
implemented.

OutgrowthExtraction3.m

Algorithm for outgrowth extraction using the smaller polygon that can contain the 
cell.

OutgrowthExtraction4.m

Algorithm for outgrowth extraction using the manual polygonal area selection tool.
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CalculateMooreBoundary.m

function MooreBoundary = CalculateMooreBoundary(bwBoundary)

Function  that  calculates  the  Moore  ordered  boundary.  Makes  use  of 
get8ngbClockWise.m and SearchBoundary.m.

get8ngbClockWise.m

function ngb = get8ngbClockWise( CenterPosition, StartPosition)

Function that calculates the clockwise ordered neighborhood of a determined pixel 
specified by the input CenterPosition starting from the pixel specified by the input 
StartPosition.

SearchBoundary.m

function [b,c] = SearchBoundary(bwBoundary, ngb)

Function that searches the neighborhood of a determined pixel for the next pixel in the 
boundary.

Boundary2FreemanChainCode.m

function ChainCode = Boundary2FreemanChainCode(MooreBoundary)

Function that calculates the Freeman chain code from the moore ordered boundary.

Calculate_MinimumInteger.m

function ChainCode_MI = Calculate_MinimumInteger(ChainCode)

Function  that  calculates  the  chain  code  using  the  integer  of  minimum  magnitude 
criteria.

Calculate_FirstDifference.m

function FirstDiff = Calculate_FirstDifference(ChainCode)

Function that calculates the first difference of a determined chain code.

Calculate_ShapeNumber.m

function [ShapeNumber, Order]= Calculate_ShapeNumber(FirstDifference)

Function that calculates the shape number of a specific chain code first difference and 
its order.
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Calculate_Mean_Special.m

function mean = Calculate_Mean_Special(Image, mask)

Function that calculates the intensity mean from a specific segmented cell.

Calculate_Moment_Special.m

function Moment = Calculate_Moment_Special(mean, histz, order)

Function that calculates the “order” order statistical moment from the histogram and 
intensity mean of a specific segmented cell.

Calculate_Uniformity.m

function U = Calculate_Uniformity(Histz)

Function that calculates the uniformity descriptor from the histogram of a specific 
segmented cell.

Calculate_Entropy.m

function E = Calculate_Entropy(Histz)

Function  that  calculates  the  entropy  descriptor  from  the  histogram  of  a  specific 
segmented cell.

7.3. General-Use Functions

MaxAreaObject.m

function [maxArea,result] = maxAreaObject(img)

Function that selects the object with the highest area of those within a specific binary 
image 'img'. Returns an image with the selected object 'result' and the Area of this 
object 'maxArea'. Deprecated in favor of 'regionprops' MATLAB ® function.

FillImage.m

function FilledImage = FillImage(Image, diameter)

Function that fills holes in a specific binary image 'Image'.  This functions only fills 
those whole whose area is smaller that the area of the circle of diameter 'diameter'. 
Returns the processed image 'FilledImage'.
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7.3.1. Histogram-related Functions

Documentacion_histogram_equalization.m

Test of histogram equalization method.

Calculate_Hist_Matrix.m

function M_hist = Calculate_hist_matrix(Y, levels)

Function that calculates the histogram of the data contained in a specific matrix 'Y'. 
In this case the matrix will represent an image. The numbers of levels of the histogram 
can be varied using the 'levels' input. Returns the histogram 'M_hist'.

7.3.2. Testing Functions

Test1.m

Test of edge-detection methods using the different operators that MATLAB ® Image 
Processing Toolbox provides.

Test2.m

Test of edge-detection methods. Focus on Sobel and Canny operators.

Test3.m

Test  of  the  behavior  of  edge-detection  methods  when  a  preprocessing  based  on 
background subtracting is used.

TestReg1.m

Test of region growing algorithm 'region_grow2.m'.
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TestReg2.m

First test of region_growing_basic.m algorithm. 

TestReg3.m

Test  of  Sobel&Canny  method  plus  region  growing  algorithm.  Comparison  of  the 
results using region growing with 4 and 8 pixel neighborhood and thresholding.

TestReg4.m

Same than TestReg3.m but with thresholding parameters adapted for the second set of 
images.

TestReg5.m

Test of region growing algorithm with mean intensity for the segmented region. Makes 
use of the functions getIntesityReg_improved.m and region_growing_basic_average.m

TestReg6.m

Test  of  basic  region growing algorithm with lower threshold for region members. 
Makes use of getIntensityRegT.m and region_growing_basic_threshold.m.

TestReg7.m

Test  of  region  growing  algorithm  with  manual  seeding.  Makes  use  of 
RegionGrowing_SingleSeed.m and region_growing_basic_average.m.

Test_BoundaryFollowing.m

Test  of  the  boundary  representation  methods  using  moore  boundary  following 
algorithm  and  freeman  chain  code  algorithm.  Makes  use  of 
CalculateMooreBoundary.m and Boundary2FreemanChainCode.m
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Test_TextureDescriptors.m

Test  of  texture  descriptors  extraction.  Makes  use  of  Calculate_Mean_Special.m, 
Calculate_Moment_Special.m, Calculate_Uniformity.m and Calculate_Entropy.m.

Test_PatternMatching.m

Test of pattern matching recognition system.

Test_Image_Characteristics.m

Test  of  image  characteristics  that  obtain  histogram and horizontal  profile  from a 
specific time-lapse image.

7.4. Time Lapse Sequence Processor

The present section intends to enlighten the reader a little more with the programming 
related questions that an application like TLSP may cause.

7.4.1. TLSP v0.1

7.4.1.1 Application Structure

The application interface is wholly programmed in one single file TLSP.m and makes 
use of other  files to  perform procedures  alien to it,  such as segmentation or file  loading, 
saving  and  exporting.  The  main  choice  regarding  structure  was  the  selection  of  a  data 
structure for the storage and processing of the time-lapse sequences. The system selected was 
the use of 3-D vectors, this is, two dimensions regarding the (x,y) coordinates of a single 
image and the third regarding the frames of the time-lapse sequence. The main reason to have 
chosen  this  representation  for  time-lapse  sequences  is  MATLAB's  capability  to  perform 
image processing on image sequences, thus taking advantage of its increased speed in dealing 
with matrices  and saving the precious time that would be otherwise wasted if images are 
processed one by one. However, it presents an inconvenient as all loaded images ought to 
have the same size.
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7.4.1.2 Function Reference

TLSP v0.1 BETA main interface is programmed in one sole file:  TLSP.m. The table 
below contains a list of the functions implemented.

Function List

TLSP.m

Contains all necessary functions to control the elements in the interface plus the following 
functions:

function handles = loadSD(hObject, handles)

function loadSelection(handles)

function handles = loadTLSImage(hObject, handles)

function handles = loadTLSProcessedImages(hObject, handles)

function handles = resetGUI(hObject, handles)

function handles = updateStatus(hObject, commandLine, handles)

GetImagesFromJPG.m

Function to load time-lapse sequences stored in JPG format.

function [fileTags,raw_images] = getImagesFromJPG(path)

GetImagesFromVideo.m

Function to load time-lapse sequences stored in AVI format.

function [fileTags,raw_images] = getImagesFromVideo(path)

GetpImageStruct.m

Function that creates the processed image structure.

function processedImages = getpImageStruct(rawImages)

SobelnCanny.m

Function that performs the Sobel&Canny segmentation process.

function [BwImage, TLSResultImage] = SobelnCanny(I, thS, th1, th2, fudF, fudF2)

SobelnCannyRG.m

Function that performs the Sobel&Canny plus Region-growing segmentation process.

function [BwImage, RGImage, TLSResultImage] = SobelnCannyRG(I, thS, th1, th2, fudF,  
fudF2, ngb, like, bTh)
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RegionGrowing.m

Function that performs the Region-growing segmentation process.

function [RGImageRG, TLSResultImageRG] = RegionGrowing (I, ngb, like, bTh)

CalculateSData.m

Function that calculates the statistical data related to a specific segmented cell.

function handles = calculateSData(handles)

7.4.2. TLSP v0.2

7.4.2.1 Application Structure

As  it  was  mentioned  before  TLSPv0.2  puts  an  special  emphasis  in  application 
modularization. In this case, in huge contrast with the previous version, all interface elements 
are  divided  according  to  their  specific  functions.  Figure  7.1 illustrates  a  tree  structure of 
TLSPv0.2:

Figure 7.1 :   TLSP v0.2 interface structure.
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Not only the interface possess a tree structure but also the files that compound the 
application are contained in a well defined, tree folder structure, illustrated by Figure 7.2:

Figure 7.2 :   TLSP v0.2 file distribution.

7.4.2.2 Function Reference

The  increased  complexity,  functionality  and  modularity  of  TLSPv0.2  results  in  a 
enormous  amount  of  functions.  Hence,  this  section  will  just  list  the  most  important  and 
representative of them. Note that the functions that have already been implemented in the 
previous version of TLSP will not appear in this listing.

Function List

TLSPv02.m

Main interface menu

TLSPprocessor.m

Main processing interface menu.

TLSPAutomaticProcessing.m

Main automatic processing interface display.

TLSPManualProcessing.m

Main manual processing interface menu.
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TLSPManualProcessingDisplay.m

Main manual processing interface display.

TLSPProcessingSimpleSegmentation.m

Edge-detection segmentation display.

TLSPProcessingMarkedWatershed.m

Marked watershed segmentation display.

TLSPInteractiveMarkingInterface.m

Interactive marking interface display.

TLSPHelpDialog.m

Help dialog window.

TLSPUnderConstruction.m

Under construction window.

ShowVideo.m

Video preview display.

SaveQuestionDialog.m

Save question dialog window.

EdgeDetectionAutomaticSequence.m

Function that performs the automatic segmentation of a specific time-lapse sequence using 
an edge-detection algorithm.

function [ResultImages] = EdgeDetectionAutomaticSequence(InputImages)

SobelEdgeDetection.m

Function  that  performs  Sobel  edge-detection  segmentation  and,  if  selected,  bright  halo 
elimination through the application of the simple region growing algorithm.

function ProcessedImageSet  = SobelEdgeDetection(InputImage,  RegionGrowingEnabled,  
RGParameters)

CannyEdgeDetection.m

Function that  performs  Canny edge-detection segmentation and,  if  selected,  bright  halo 
elimination through the application of the simple region growing algorithm.
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function ProcessedImageSet = CannyEdgeDetection(InputImage, RegionGrowingEnabled,  
RGParameters)

SobelCannyEdgeDetection.m

Function  that  performs  Sobel&Canny  edge-detection  and,  if  selected,  bright  halo 
elimination through the application of the simple region growing algorithm.

function ProcessedImageSet  =  SobelCannyEdgeDetection(InputImage,  
RegionGrowingEnabled, RGParameters)

MarkedWatershedSegmentation.m

Function that performs the marked watershed segmentation.

function [MarkedImage,  ProcessedImageLabeled]  = 
MarkedWatershedSegmentation(InputImage, MarkingType)

PreprocessingVariance.m

Function that performs the pre-processing variance filtering procedure.

function ProcessedImage = PreprocessingVariance(InputImage)

PreprocessingSmoothing.m

Function that performs the pre-processing smoothing filtering procedure.

function SmoothedImage = PreprocessingSmoothing(InputImage, Size)

PreprocessingHistEq.m

Function that performs the pre-processing histogram equalization procedure.

function ProcessedImage = PreprocessingHistEq(InputImage)

PreprocessingHistCropping.m

Function that performs the pre-processing histogram cropping procedure.

function ProcessedImage = PreprocessingHistCropping(InputImage)

CalculateVariance.m

Function that calculates the local variance of a specific image.

function VarianceM = CalculateVariance(Matrix)
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