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stract 

We describe a system to estimate the lengths of telomere repeat DNA 

sequences in individual chromosomes of ceils. Conventional systems based on 

gel electrophoresis of digested DNA can ody determine the telomere length 

distribution of a population of cells but cannot provide estimation of telomere 

lengths of individual chromosomes using a limited nurnber of ceils. Our 

method is based on analyzing microscopy images of metaphase chromosomes 

prepared using fluorescence in-situ hybridization technology. In order to obtain 

reliable and reproducible images for measurements, we have developed and 

optimized an image acquisition system specifically for this purpose using 

comrnercially available components. 

In this study, two types of images are used. The first image highlights 

the chromosome regions. The second highlights only the telomere regions and 

consists of a set of multi-focus plane images. We first perform segmentation on 

the acquired multi-focus plane images in order to determine the region that 

each telomere occupies. For each telomere region determuied, the total 

integrated fluorescence intensity (IFI) is obtained. This calculated IF1 value is 

normalized for spatial unevenness in illumination in the field of view as well as  

the day to day variation in the illumination intensity. The acquired 

chromosome image is then segmented using novel and simple algorithms 

developed for such purpose. The location of the segmented telomere and 

chromosome boundaries are then overlaid onto the chromosome image. 

Different colour boundaries are used to highlight and identifv different 



telomeres within a chromosome as well as the number of telomeres detected 

within each chromosome. The resulting image and the calculated telomere IF1 

values for each chromosome are then presented on the cornputer screen for 

user verification and editing as  required. 

The algorithms described in this thesis are presently being used on a 

daily basis to coliect data on telomeres and to study the role telomeres play in 

the biology of celis. Our method of analysis has made it possible to generate 

reliable estimates of the length of telomeres in individual chromosome arms 

using a limited number of cells. In addition, Our automation of the analysis 

has ~ i ~ c a n t l y  reduced the user interaction time for editing and verification 

of the results. To date, at least two different biological studies of telomeres 

have been completed on the systern we developed. 
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Chapter 1. 
Introduction 

1.1. Document Introduction and Overvïew 

This thesis describes a new method for detennuiing the length of 

telomeres in a ceU. Telomeres are nucleo-protein complexes containing specific 

DNA repeat sequences found at the ends of each of the 46 chromosomes in a 

human ceil. These repeat sequences represent approximately one ten 

thousandths of the total DNA in the ceil. Due to their minute size, the task of 

quantifying the number of repeat sequences at individual chromosome ends 

has not been accomplished before. The method we developed has made it 

possible to estimate the length of individual telomeres and to perforrn new 

studies in telomere biology. 

All cells, including human, are known to divide. Each time cells divide, 

their number doubles. In most somatic cells, the maximum number of times 

the cell-division cycle can repeat itself is estimated to be 70 to 100 times. After 

that, cells die or become senescent: they consume less food and their 

membranes deteriorate; a process that is very similar to aging. To study the 

basis of cellular aging and mortality, curent studies focus on a small area at 

each tip of each chromosome which is called the telomere (from telos = end and 

meros = part). A telomere consists of repetitive sequences of base pairs which 

do not appear to code for any traits and associated proteins. The repetitive 

DNA sequences appear to protect the ends of chromosomes and provide a cap. 



Each time a ce11 divides, some of the repeats are lost and the telomeres in the 

daughter cells become shorter. Findy, when the telomeres reach a critical 

length, the ce11 stops dividing (typically after 50 to 100 rephcation rounds). 

Some researchers theorize that when the telomere reaches its critical length, 

certain genes become active and produce proteins that trigger tissue 

deterioration associated with aging. While almost every cell in the human body 

exhibits telomere loss, a few such as sperm, egg, and cancer cells do not. Such 

cells are characterized by their ability to divide not just 100 times but 

thousands. Researchers are using what they know so far about telomeres and 

other cellular mechanisms to attack the diseases that keep the very old from 

becoming even older. Other researchers are studying how to block the 

telornerase RNA enzyme (which helps to lengthen telomeres) in cancer cells, 

leading to withering of telomeres and the death of the no longer so prolific cells. 

In his recent new novel, "Holyfire", science fiction author Bmce Sterling 

popularized telomeres. He describes a procedure by which his heroine, a very 

rich 95 year old woman, gets a cornplete cellular makeover in which the 

telomeres within every cell of her body were lengthened. A s  a result, she was 

transformed into a healthy 20 year old young woman. Although this 

phenornena is not likely to occur in the near future, this thesis will give 

researchers a tool which can help better study the role of telomeres in biology 

and perhaps, get them closer to this goal. Alternatively, new facts about 

telomeres uncovered by such studies may rejuvenate enthusiasm in biological 

sciences. 



Our method for determining telomere length is based on applying image 

analysis techniques to microscope images of chromosomes prepared using 

fluorescence in-situ hybridization (FISH). Our method provides more detailed 

information about telomere length and is considerably more sensitive than the 

conventional method based on gel electrophoresis. In addition, Our technique 

enables studies on telomeres of single chromosomes and on telomere length 

distributions within cells. Based on this thesis work, telomere length 

variations wittiin individual chromosomes and amongst M e r e n t  chromosomes 

in cells, can now, for the first time, be conveniently deterrnined. Information 

about telomere lengths is used in various studies to investigate the role of 

telomeres in the biology (aging and malignant transformation) of cells from 

human and other species. 

Besides describing the importance of this research, the present chapter 

gives an o v e ~ e w  of the thesis. It describes what telomeres are and how the 

technology described in this thesis can help researchers to further understand 

the role of telomeres in basic cell biology and molecular genetics. I t  introduces 

our technique for detecting individual telomeres and measuring their lengths 

using fluorescence microscope imaging and image analysis systems. The 

objectives of this research are also presented in this chapter. Chapter 2 

presents the background of imaging systems and image analysis algorithms for 

cell analysis. The accuracy of identifving and quantifjmg the chromosomes 

and the telomeres is highly dependent on the focus position of objects in the 

microscope images. Hence, background on three dimensional (xy-spatial and 

z-focus plane) image analysis techniques are also covered in this chapter. 



Chapter 3 describes the image acquisition system that we developed and used 

in this research. As  there are no commerciaily available systems for this work, 

the rationale behind our selection of components is described with emphasis 

on the key components in the system. Image calibration of the acquired 

images is also covered in this section. Chapter 4 presents a new and more 

accurate method for analyzing and formulating the characteristics of the 

hardware system. We derive the characteristics of the system and compare 

them with the experimental results. Chapter 5 describes the theory and 

algorithms used to quantify telornere lengths/fluorescence in the three- 

dimensional plane. The theoretical anaiysis leads to a new and sirnplified 

method for accurate telomere quantification. Our new method directly extracts 

information from the multi-focus plane images of the telomeres without having 

to perform 3D image reconstruction. Chapter 6 outlines a novel chromosome 

segmentation process which yields a good approximation to the border of 

chromosomes (including those which are touching). For this purpose, we 

developed a new algorithm called the Rank Difference Filter. This filter can act 

as an edge detection filter a s  weli a s  a selective morphologie dilating/erosion 

filter. The results from the telomere segmentation are then W e d  to the 

chromosome segmentation results and presented to the user for verification 

and editing. Finally, Chapter 7 summarizes the conclusions of this research 

and outlines possible areas for future investigation. 

The recent advances in the fluorescence in-situ hybridization (FISH) 

technology has made it possible to quantitatively stain specific gene sequences 

such as  those in telomeres. Emphasis of this thesis will concentrate on the 



engineering aspects of the project. A bnef description of the biological aspects 

is presented for better comprehension of the project. Specificdy, the 

description of the telomeres and the FISH technology are presented in this 

Chapter. 

1.2. Telomeres and Their Function in The Ce11 

Telomeres contain proteins and specific DNA sequences found at the 

natural ends of chromosomes in eukaryotic (nucleated) ceils (Figure 1.1). DNA 

is composed of a unique sequence of base-pairs which enables differentiation of 

individuals within a single species. Each base-pair can be one of the thymine 

(T), adenine (A), cystosine (C), or guanine (G) nucleic acids, paired with its 

counterparts (A with T, and C with G). Specifically, telomenc DNA consists of 

highly repetitive base-pair sequences which are uniike the rest of the DNA 

sequences in the chromosome. (Benbow, 1992; Wilson et al., 1993) 

Depending on the species, a single telomeric DNA contains around 20 to 

15,000 base-pairs consisting of repetitive 6 to 8 base-pair sequences c d e d  

repeats. Within a single species, however, the length of the telomeric sequence 

is closely controiled. In humans for example, the repetitive sequence is 6 base- 

pairs long and consists of TTAGGG. The length of the human telomere ranges 

from around 1000 to 15,000 base-pairs (1/ 10000 of the total DNA). In total, 

there are 46 chromosomes in a human ceil. Sirice each chromosome has a 

telomere at each end, there are 92 telorneres in each cell. A s  chromosomes are 

most often studied after duplication but before separation (metaphase 

chromosomes), a total of 184 (twice the number) telomeres can be observed in 
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typical chromosome slide preparations of single cells. (Benbow, 1992; Wilson et 

ai., 1993) 

Chromosome 

w 
Figure 1.1. Diagram of telomere location in a metaphase chromosome. 
Telomeres are located at the ends of chromosomes. In condensed 
chromosomes, they may appear to only occupy a portion of the chromosome 
tip . 

Telomeres are known to play and are postulated to have a number of 

roles in the function of the ce11 (Benbow, 1992; Wilson et al., 1993). The basic 

function of the telomere is to cap and protect the ends of chromosomes. This 

function is mediated by specific repeat sequences of the telomere which are not 

present in the rest of the DNA. Hence, the cell is able to differentiate between 

the ends of a chromosome and a break within. By detecting the break 

(telomere repeat sequence not present at the chromosome end), the ce11 can 

appropriately initiate its repair mechanisrn to repair the damage. Telomeres 

also appear to play a role in the nuclear architecture of the cell. Specific 



proteins interact with the telomere and attach each chromosome to particular 

sites on proteins of the nuclear rnatrix. The specific locaiization of each 

chromosome within the cell may determine how each chromosome functions. 

hirthermore, during meiosis (a special form of cell division giving nse to sperm 

or egg cells), the telomeres attach themselves to the nuclear envelope, resulting 

in a stage that promotes proper chromosome pairing. Telomeres may play a 

role in gene regulation as well. It has been postulated that the length of the 

telomere may determine if particular genes in that chromosome are e-qressed 

or depressed. 

Telomeres also play an important role in normal cell division. As  shown 

in Figure 1.2, an RNA primer first attaches itself within the first 200 base-pairs 

a t  the 3' (G-riched) end of a single strand of chromosome. After the primer has 

been attached, the rest of the chromosome is transcribed or replicated joining 

each nucleic acid with its complement (A with Tl and C with G) by DNA 

polymerase enzymes which can only duplicate DNA in the 5' to 3' direction of 

the newly formed strand. At the end of the process, the RNA primer is cleaved 

or removed. As a result, a portion of the parent 3' telomere strand may not be 

fully replicated in the daughter cell. An enzyme. telornerase, can increase the 

3' length of telomeres but is generdy not expressed in normal somatic (non- 

germ h e )  celis. It has been recently shown that telomere lengths shorten with 

age until the telomeres reach a certain length which prevents the cell from 

dividing (Harley et al. 1990; Ailsopp et al. 1992; Levy et al. 1992; Va- et al. 

1994). The relationship of telomere lengths and its relationship with cancer 



and with age is an active research area (Hastie et al. 1990; de Lange 1995; 

Lansdorp et al. 1996; Lundblûd and Wright, 1396). 

CL 

(b) Replicated Strands < 
1 .. -- -----...... - . .-. 

m 
--.--.---+.-ne ..........#~vu"uiru< -.-.--. - - ----..- 

rC 1 5' 

3' 

Two Sister Chromosomes 

Figure 1.2. Telomere length during chromosome duplication prior to cell 
division. a) An RNA primer attaches anywhere within the fvst 50 to 200 base- 
pairs of the 3' end. b) Once the primer is attached, the chromosome replicates. 
c) At the end of the replication process, the RNA primer is removed. The 
resulting sister chromosomes would then have shorter telorneres than the 
parent. 



1.3. Telomere Quantification Methods 

1.3.1. Conventionaï Technique: Southem Analysis 

The conventional technique for measuring the length of telomere repeat 

sequences is based on a method called Southem analysis (AUshire et al. 1988; 

de Lange et al. 1990). In this technique, DNA is fmst digested by enzymes to 

obtain segments containhg the telomeric repeats. The resulting fragments are 

deposited ont0 a gei and the process of electrophoresis is initiated. The smaller 

DNA fragments move further in the gel than the larger ones. The distance 

these fragments move in the gel, under the force of the electric field, has  a 

logarithmic relationship to the size of the DNA fragments (telorneres). A 

radiolabelled probe specific for the 'ITAGGG telomenc repeat sequence is then 

allowed to hybridize (bind) to the telomeric repeats in the (blotted) gel. After 

washing off the excess, the presence of radiolabelled probe can be visualized on 

an X-ray plate to record the fmd destination of the telomenc repeat segments 

ont0 fh. The distribution of telomere lengths within a sample can then be 

obtained. The size distribution of telomere segments can be determined from 

the spot signal intensities and their respective distance from the starting point. 

There are a number of drawbacks to this technique. First, a t  least 

100,000 ceils are required to give enough DNA to obtain a good representation 

of the telomenc lengths within a sample. Second, the size of the telornere may 

be over-estimated. The digestive enzymes used iypically cleaves at  the sub- 

telomenc region resulting in telomeric segments with additional base-pairs that 

do not have the telomenc repeat sequence. Hence the apparent telomere size is  



increased and over-estimated. Even if the same erizyme is used, the amount of 

non-telomere repeats withiri the segments may vaxy from chromosome to 

chromosome. Lastly, the size and nurnber of short telomeres in the sample are 

under-represented. Short telomeres of similar lengths are more dispersed in 

the gel compared to the longer telomeres because of the logarithmic size 

relationship. Hence, a larger number of short telomeres are required to 

generate the same or similar signal intensities as those generated by long 

telomeres. Due to the limited dynamic range of the film, the transducers and 

the logarithmic representation of telomere size, longer telomeres are favored as 

their signals are stronger and the short telomeres become under-represented. 

The system descnbed below overcomes these difficulties. Instead of 

around 100,000 cells, less than 30 cells are required to measure the telomere 

length distribution. The size of the teIomeres obtained is not under or over- 

estimated and the obtained telomere signals are not biased in their lengths. 

Although our system cannot analyze ceiîs which do not divide (e.g. senescent 

cells), many other biological studies on telomeres can still be carried out using 

the system we developed. 

1.3 .S. New Technique: Quantitative FISH and Image Analysis 

A new technique based on the fhorescence in-situ hybndization (FISH) 

protocol has been developed to measure telomere lengths (Lansdorp et al. 

1996). FISH technology relies on probes (nucleic acid sequences) that can 

hybridize (bind base-pairs) to specif'ic sites in denatured chromosomes. By 

attaching a fluorescence label ont0 the probe, the location of specific sites in 



the chromosome c m  be idenaed under a fluorescence microscope. Although 

the FISH technique has been around for the past 10-15 years, it is not until 

recently that probes have been developed which hybridize to telomeres with 

suficient efficiency such that quantitative analysis of FISH images can be 

considered. Synthetic peptide nucleic acid (PNA) oglionucleotide probes are 

used for this purpose. It was found that such probes can hybndize under 

conditions that do not favor DNA to DNA and DNA to RNA hybndization 

(Nielsen e t  aI. 1991; Egholm et al. 1993). As a result, these new probes do not 

need to compete with the surrounding DNA or RNA to bind to the telomenc 

repeat sites. 

In our study, two types of images of the cell are used. The first one is an 

image (or images a t  different focal planes) of the telomeres only. From this 

image(s), the fluorescence intensity of every telornere is determined. However, 

to determine which telomere belongs to which chromosome, we use a second 

image which is an image of the chromosomes without the telomeres. To obtain 

the f r s t  image, a fluorescent probe (PNA sequence of (CCCTAA)3) is used for 

the detection of the TTAGGG repeats in the telomeres. Since, there are no 

other sequences present in the cell which compete with the binding of this 

probe, the resultant image acquired highlights only the telomere signals. 

Because in general, the length of a telomere is correlated vew well with the 

number of fiuorescently Iabeled probes attached to it, the measured 

fluorescence intensity of the telomere provide information about the length of 

the telomere. By combining multiple measurements, randorn variations in 



fluorescence measurements are filtered out and reliable estimates of telomere 

length c m  be obtained. 

A meren t  coloured fluorescence label can also be used to highlight an 

entire chromosome. A s  a result, a second image of only chromosomes (without 

telomeres) is then obtained. The telomere image can then be superimposed 

ont0 the chromosome image to help determine which telomere belongs to which 

chromosome (Figure 1.3). By identifying each chromosome in a ce& telomere 

length distribution of each chromosome in a particular cell type may be 

obtained. Initially, FITC and PI probes were used for marking the telomere and 

chromosome respectively. Currently, CY3 and DAPI probes are used instead of 

FITC and PI probes respectively. The currently used probes are better for this 

analysis because i) there is less spectral overlap between the probes used, ii) 

the CY3 probe photobleaches less than the FITC probe and iii) the DAPI probe 

highlights the bands within the chromosome which facilitates karyotyping 

(identification and differentiation of chromosome types in the ceil). 

1.4. Objectives 

The hypothesis of this thesis is that the length of individual telomeres in 

a particular cell type can be determined from fluorescence microscope images 

of the telomeres in a iimited set of metaphase chromosome spreads of that cell 

type. In order to test this hypothesis, we had to adapt existing microscope 

techniques and deveiop new image analysis algorithms. Because the 

hypothesis is based on new DNA detection methods, the corresponding tasks 

have not been accomplished before. A s  a result, comparisons with existing 



Figure 1.3. Fluorescence image of telomeres and chromosomes. The pseudo- 
colour image is generated by supenmposing the red, CY3 labeled telomere 
image ont0 the blue DAPI labeled chromosome image. 



techniques are not straight fonvard. Conventional systems using Southern 

analysis can only determine the distribution of telomere lengths in a 

population of cells and not the telomere lengths of individual chromosomes or 

cells. The goal of this thesis is to prove our hypothesis by developing a 

fluorescence microscope irnaging and analysis system to quanti.@ the telomere 

fluorescence and thereby the telomere lengths in individual chromosomes. We 

will use the break-through offered by the PNA-FISH technology (Lansdorp et 

al., 1996) to quantitatively highlight individual telomeres of the ceU. Since the 

telomeres and their attached fluorescence probes occupy a 3-dimensional 

space, we s h d  use 3-dimensional images in our analysis. To achieve Our goal, 

the tasks needed are: 

to build the fluorescence microscope imaging and analysis system; 

to develop programs for acquiring images of telomeres and 

chromosomes; 

to calibrate the acquired telomere images for illumination unevenness, 

optical aberrations, camera defects, and photobleaching effects; 

to detect and segment telomeres from the acquired 3-dimensional (x,y,z) 

telomere images; 

to obtain a reliable estimate of the length of every telomere from the 

telomere images by r n e a s u ~ g  the telomere's integrated fluorescence 

intensities (IFI) in multiple metaphase cells; 

to detect and segment chromosomes fiom the chromosomes image; and 

to associate every telomere (and its calculated telomere IF1 value) with 

the corresponding segmented chromosome in the images and present 

the results to the user for editing and verification. 



Chapter 2. 
Background 

2.1. Lmaging Systems 

The application of machine vision and robotics to microscopy began in 

the early 1950s with the introduction of blood celi analyzers (Young and 

Roberts, 195 1; Walton, 1952). Since then, many applications of machine vision 

to other areas of cell biology have been developed. These include applications 

in c e ~ c a l  cell screening (e-g. Bengtsson et al., 1979; Tucker, 1979; Shoemaker 

et al., 1982, Palcic et al., 1992) and in the analysis of chromosomes (e.g. 

Preston, 1976; Philips and Lundsteen, 1985). Currently, there are a number of 

commercially available irnaging systems for general cell analysis, such as those 

from Becton Dickinson Incorporated and Oncor Instrument Systems. 

Current imaging systems specifically developed for the analysis of 

chromosomes include those developed by Applied Imaging Inc., Biological 

Detection Systems Inc., Vysis Inc., and Perceptive Scientific Instruments Inc. 

AU of these systems have the capability to manipulate and work with multi- 

spectral images. The applications they are designed for include spot counting, 

comparative genomic hybridization and karyotyping, chromosome probe 

mapping, and intensity and morphometric measurements. In general, al1 these 

systerns require human interaction to v e w  and correct the results generated. 



Although there are many capabilities built into these imaging systems, these 

systems do not support new areas of chromosome research as in the topic of 

this project. As these systems are application specific, proprietary and are not 

"open systems", it is difficult to integrate new algorithms, mod* existing 

algorithms and incorporate new components into them to perform Our 

research. The source code of these programs is huge and difEcult to obtain. 

Even when the source code is made available, there is Little technical support 

provided. Thus, many researchers resort to develop their own in-house 

systerns for addressing new research application areas (e-g. Lockett et al. 1990; 

P o u b  et al., 1989, Nederlof et al., 1992). 

Hence, we decided to design and develop Our own system for telomere 

image acquisition and analysis. This would give us the ease and flexibility to 

implement algorithms which need to be tailored to our specific area of research. 

In designing the acquisition system, a good understanding of the properties, 

characteristics, and tradeoffs of the diverse selection of components is 

required. Using this Imowledge, the appropriate components can then be 

selected such that the integration of these components are optimal for the 

intended telomere application (Chapter 3). An o v e ~ e w  of the differexit 

components of the acquisition system is described below. 

Although many image cytometry (cell measurernent) systems have been 

developed, they are all very similar in design and operation. The basic system 

consists of an illumination source, microscope optics, a mechanical stage. a 

camera, digitizing circuitry, image memory, a display monitor, and processors 

(Figure 2.1). The stage which holds the samples is capable of moving objects in 



the x and y directions (in a plane pardel to the detector's field of view). In 

sorne systems, a motorized z direction is provided for automated focussing 

purposes. Light is first transmitted from the illumination source to the sample. 

An image of the sample is then acquired by the camera detector. The detected 

image is transfonned into a digital image by the digitizing circuitry. The 

resulting digital image is then stored in cornputer memory from where it can be 

displayed on the monitor and/or processed and analyzed by the cornputer. 

This technology has brought accuracy , uniformiq, reproducibility , and a 

control level of quality to microscope analysis. 
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Figure 2.1. Block diagram of a Spicd imaging system. 

The major differences amongst these imaging systems are the optics and 

transducers (detector) employed and the rnethod used in scanning. The rnost 



important component in the optical systern is the objective lens of the 

microscope. This lens determines the magnification of the sample (the object) 

and the spatial resolution of the image produced. These lenses are not perfect 

and generally introduce distortions, aberrations, and shading effects. Another 

important factor in the optical system is the arrangements of the optics and 

components in the microscope. The most common optics arrangement for 

looking at samples are found in widefield microscopes. Confocal microscopes 

may dso be used, particularly in situations where out-of-focus blur is a 

pro blem. 

In imaging systems such as the ones descnbed above, the quality of the 

output image is dependent not only on the type of optics used but also on the 

transducer and electronic (digitizing) circuitry. The function of the transducer 

is to convert the optical image to an electronic form. Most systems use a two 

dimensional detector such as those found in tube cameras or a two 

dimensional array charge coupled device (CCD) cameras (e.g. Tucker, 1979; 

Jaggi et al., 1987, 1988, 1990). Video cameras scan and sample the sensor to 

obtain a signal in an anaiog (video) format which then requires sampling by a 

computer to convert it to a digital form. Very few systems use linear detectors 

such as CCD or diode arrays (e.g. Bengtsson et ai., 1979; Jaggi e t  al. 1985, 

1986, Palcic et al., 1987; Tucker et al., 1987). In these systems, a digitized 

image is obtained by moving the sample across the sensor and then piecing 

together the image lines in the computer. The advantage of linear scanners is 

that they, in general, have more sensor elements than a single row or a single 

colurnn in a two dimensional detector and hence provide a wider field of view. 



Another advantage is that the elements of the sensor are digitized and 

transmitted a s  digital data. The disadvantages of such a system, for the 

purpose of acquiring high resolution 2-dimensional images, are i) the 

requirements for a precise mechanical scanning system to move the linear 

sensor across the image and ii) the increase in time for acquisition. Systems 

which use a combination of the linear and rnatrix (video) detectors (e.g. 

Graham and Norgen, 1980) d s o  exist. Here, objects detected by the linear 

array are moved into the field of view of the two dimensional detector where a 

higher resolution image is acquired through a higher magnification lens. There 

are also systems which use a one element detector such as a photomultiplier or 

a photodiode (e.g. Ingram and Preston, 1970; Shoemaker et al., 1982). In these 

systems, a &or is used to deflect the laser spot to scan the object and the 

corresponding signal from each spot is assembled in the cornputer to create the 

image. 

Most cameras today are built for the television broadcast community 

where the image detected by the transducer is converted to an analog signal. 

This signal, representing the image, is later digitized (at a pixel grid which is 

generally different from that of the sensor) for machine analysis. A s  a result, 

some information is lost due to the indirect image sampling and reIated errors. 

Better noise performance cameras directly sample and digitize the sensor image 

into digital data for machine analysis. They are however more expensive and 

do not conform to a fixed standard of data transmission. Regardless of the 

components used in the system, distortions introduced by the optics, 



transducer and digitizing circuitxy should be compensated for, to heip simpMy 

the andysis process and obtain more accurate results. 

2.1.2. Wide-field Microscopes 

The wide-field microscope is  the basic instrument used to obtain a 

magnified view of the sample. The basic components of the wide-field 

microscope are i) the illumination source, ü) the objectives, and iii) the viewing 

apparatus. The illumination source supplies the medium (light) which is 

modifïed and transported from one component to the next. The source consists 

of some light generation rnechariism and a focussing media to direct the light to 

the sample as either coherent or incoherent illumination. The light measured 

can arise from light which is i) transmitted through the sample (as in bright- 

field microscopy), ii) reflected off the sample (as in reflectance rnicroscopy), or 

iii) absorbed by the sample and re-emitted at a different wavelength (as in 

fluorescence microscopy, the mode used in Our study). The transmitted, 

reflected or re-emitted light is focussed by the objectives and possibly other 

lenses to produce a rnagnrfied image a t  the viewing surface such as the oculars 

and/or a transducer. The transducer converts the light to an electronic signal 

which can then be digitized and stored in a cornputer for further analysis. 

For the wide-field microscope, the limiting resohtion depends mainly on 

the optics of the system. The limiting resolution of a system defmes the 

distance by which two points can be resolved. Let the xy-plane be 

perpendicular to the direction of the focal axis z. It c m  be shown from 

Raleigh's criterion that the x and y resolution of the microscope is proportional 



to the wavelength of light (A) used and inversely proportional to the numerical 

apel-hire (NA) of the system. In the z direction, Francon's critenon States that 

the resolution is proportional to the wavelength and the index of refraction (n) 

of the medium and inversely proportional to the square of the numerical 

aperture. (houe,  1986). That is, 

where du is the limiting resolution in the x-y plane, and 

dz is the limiting resolution in the z direction and is often referred to as 

the depth of field of microscopes. 

Sheppard (1988) has also characterized the depth of field of microscopes 

that have high numencal aperture objectives in an air medium. He has derived 

a number of different expressions based on diffraction optics. These include i) 

a divergent beam, ü) a divergent beam in (the more realistic) aplanatic systems 

where the beam is focussed to a plane wave, and iii) a paraxial approximation 

to the aplanatic system. These expressions result in depth of field values 

which are closed to Francon's criterion (stated above) for low numerical 

aperture (c 0.6) objectives and is 50 to 75% of Francon's criterion for numencal 

aperture approaching 1 .O. 



Using equations 2-1 and 2-2, the limit of resolution in the x (or y) and z 

plane for a wavelength of 600nm and for a numerical aperture of 1 -4 with an oil 

medium index of refraction of 1.5 (conditions which are used in Our research), 

are 0.26 and 0.46 microns respectively. The telomeres and chromosomes in 

the samples we used generally lie at different focal planes spanning a depth 

which can be thicker than the resolution limit in the z direction. A s  a result, 

out-of-focus blur from planes above and below the focal plane are present in 

the acquired image. Thus, more than one image plane (as shown later in 

Chapter 5) are required to obtaùled a more accurate representation of the 

telomere length. 

Microscope 
C haracteristics 

Figure 2.2. Mode1 of a microscope system. The image of the 
modified by the microscope to result in the observed image. 

sample is 

We need to characterize the system in order to understand its behaviour. 

The general characterization is given below, while the details specific to Our 

system will be elaborated upon in Chapter 4. The image formed at the 

transducer can be characterized using a simplified mode1 of the microscope 



(Figure 2.2). In this model, the charactenstics of the light source, tenses, and 

transducer are combined into a "black box" with the sample image as the 

system input and the observed image as the system output. The analysis of 

such system is c h e d  in the three spatial dimensions to correspond to the 

three dimensional nature of objects. Thus, in the mathematical formulation, 

the sample is described as s(x,y,z). This sample image is modified by the 

objectives and other lenses of the system and its characteristics can be 

represented by a transfer function in the form of a three dimensional point 

spread function (PSF), h(x,y,z). The observed image, however, is a two 

dimensional one, o(x,y). Albeit, a three dimensional image, o(x,y,z) can be 

obtained by acquiring and storing several xy-plane images at varying focal 

levels (2-direction of the microscope). The resulting three dimensional image 

can be described as the 3-dimensional convolution of the system PSF with the 

sample, i.e.: 

where 63 denotes the convolution operator. In the Fourier domain, the 

observed image spectrum, O(u,v,w), is the multiplication of the dcroscopes 

optical (contrast) transfer function (OTF), H(u,v,w), with the image spectrum of 

the sample, S(u ,v,w) . 

The OTF of the microscope can be determined theoretically. Hopkins 

(1955) has derived the OTF function for a general optical system with a circular 



aperture and incoherent illumination. Later, Stokseth (1969) has introduced 

an approximation to the equation for large amounts of defocus. In addition, 

Goodman (1968), Castlema? (1979), and others have aven a general 

description on this topic and defined the function for different shape apertures. 

Many assumptions of ideality are used in the derivations, but these do not hold 

for hi& numerical aperture objectives (e-g. the approximation of sin0 with 8 

when 0 is large). For image reconstruction, some researchers use the 

experimentally detennined three dimensional OTF (Agard et al. 1989), while 

others use the theoretical OTF (Erhardt et al., 1985). One experimental 

method to detennine the OTF is to use s m d  fluorescent beads as  point 

sources of light and apply Fourier transforms to the observed varying focal 

depth images (Hiraoka et al. 1990). 

2.1.3. Confocal Microscopes 

The confocal microscope is an aiternate choice of microscope for 

capturing fluorescence images used in our study. It c m  produce higher 

resohtion images than the wide-field microscopes but has other drawbacks. 

The confocd microscope is originally proposed by Minsb (1957). The principle 

of its operation (Figure 2.3) is that the illumination source is focused to a single 

point on the sarnple (the illumination pinhole) and the light from this point is 

focussed and detected by the transducer through the detector pinhole. Only a 

portion of the information (mostly il-focus) at the illuminated point is ailowed 

to pass through the pinhole while most of the out-of-focus information is 

blocked. Consequently, the resulting image is of high lateral and axial 



resolution. A three dimensional image can be generated by rnoving the 

iUumination and detection pinholes using mirrors and/or moving the sample 

using the microscope stage to scan the object. The speed in which an image is 

acquired is governed by how fast the scanning takes place and how long a spot 

must be illuminated in order to generate enough photons for detection. Thus 

an intense illumination source such as  a laser or mercury arc lamp is often 

used. 
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illumination condenser O bject ob'ective detecfor 
pinhole lens \en, pinhole 

Figure 2.3. Principle of confocal microscopy. A point source of light is used to 
illuminate the sample. The out-of-focus image is blocked and only the 
in-focus image is observed through the detector pinhole. 

In confocal microscopes, it is critical that the illumination and detection 

light paths behave similarly such that a focused image is seen at the detector 

pinhole. There can be variations in lenses as one lens is likely to behave 

differently than another. To overcome these variations, the objective and 



condenser lenses are generaUy the same lens. In this instance (and also in 

wide-field fluorescence rnicroscopy), a dichroic mirror is used to deflect the 

illumination to the sample and the emitted light is passed through to the 

detector. In biological work, the confocal microscope is u s u d y  used for 

fluorescence imaging where light a t  a particular wavelength is used to excite 

the sample. The components which are excited by the light wiil fluoresce (emit) 

Light at a different wavelength. The spectral selection of specific components is 

particularly useful for extracting and identifjmg the objects of interest. 

As in the case of wide-field microscope, the PSF or OTF of the confocal 

microscope can aiso be characterized. The characteristics of the confocal 

microscope has been described by (houe, 1986; Pluta, 1988: van der Voort et 

al., 1988). In the ideal case where the pinhole is infkitely small, the system 

PSF can be described by the square of the PSF of the wide-field microscope 

(Wilson and Sheppard, 1988) and is given by 

As a result of the squaring function, the PSF of the confocal system is 

much sharper than that of the wide-field microscope and thus i s  of higher 

spatial and axial resolution. In practice, however, the confocal microscope is 

rarely used in its ideal state. GeneraUy, the pinhole has a certain diameter and 

is adjustable to compensate for the faint light reflected or emitted from the 

sample. Hence the PSF or OTF of the system should be experimentdy 

determined for each given setup. 



Because of the time it takes to scan a single point over an area of the 

sample, faster confocal microscopes are desired. This has been realized using 

i) a tandem scanning microscope (Inoue, 1989), ii) the linear scanning 

microscope (Wilson and Hewlett, 1990), or acousto-optic scanning microscope 

(Goldstein et al., 1990). In the tandem scanning microscope, a large number of 

spati- separated pinholes on a disk (Nipkow disk) are used such that more 

than a single point can be imaged without interference from neighbourhg 

points a t  a given time. A s  the disk is  rotated, a different set of points are 

imaged and hence the entire image can be composed at a faster rate. In the 

linear scanning microscope, a slit shaped illumination and the corresponding 

Iine rather than a point detector is used. This results in hi& resolution in one 

direction (e.g. x) similar to that of confocal and lower resolution in the others 

(e.g. y and z) compared to that of confocal. The resolution of this system is still 

better than that of the wide-field microscope. 

The reason why we chose the wide-field microscope in this study is 

because confocal microscopes often have a more intense illumination source 

which can cause higher sample photobleaching. In addition, the acquisition 

time in confocal microscopes is simcantly increased if high spatial resolution 

is to be maintained. Long exposure times, up to los, are Wically required to 

capture the weak telomere signals. To reduce the acquisition time in confocal 

microscopes, a sub-region of the image is typically used for object focussing 

before the entire image is captured. As a result, this sub-region will exhibit 

higher photobleaching effects because it is exposed to more light during the 

focussing process than the rest of the image. 



2.2. Image Analysis 

A typical process for analyzing ceiis and chromosomes involves the 

following six steps: i) acquisition of images, ii) pre-processing the acquired 

images, iii) segmentation of the cells in the scene, iv) post-processing the 

segmented regions, v) extraction and quantification of features, and vi) 

classification of the segrnented objects (Liedtke et al., 1987; Poon et al., 1989a, 

1992c, 1993a) (Figure 2.4). The first two steps, acquiring and pre-processing 

the images, are critical since high quality input images do sirnplify and reduce 

the amount of processing required in the later stages of the analysis. Quality of 

the sarnple preparation and acquisition system is thus very important. The 

next step segments or defmes the regions of interest in the image, such as the 

objects from the background. Post-processing (either autornatically or 

interactively) of the defined regions is required to fine-tune the mask of each 

region. Features are then calculated based on the defmed region boundaries. 

The objects in the scene are then classified based on the values of the features 

and/or the segrnented results. 
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Figure 2.4. Process for cell analysis. 

In our analysis, we perform a similar process as descnbed above. 

However, the specific algorithms and methods used are tailored for Our 

telomere and chromosome segmentation and the extraction of the IF1 value. 

These algonthms will be discussed in Chapters 5 and 6. A general description 

of some basic pre-processing and segmentation algorithms is given below. 



2.2.2. Image Pre-Processing 

Image acquisition and pre-processing are key steps in the anaiysis 

process for obtaining consistent and repeatable results. Images of the same 

sample may be different depending on i) the consistency in preparing the 

sample within the same batch and amongst batches, ii) the location of the 

object on the slide, iii) the location of the object in the microscope's field of view 

(x, y, and focus), and iv) the time the image is acquired (illumination stability, 

aging and photobleaching effects). Sample preparation differences can be 

compensated for by calibrating the cells of interest to sirnilar stained 

objects/cells with known characteristics on the same slide (Palcic et al., 1992). 

Pre-processing techniques have been developed over the years, to correct for 

differences in illumination, sensor, and optics aberrations at different x, y 

locations (Poulin et al.. 19%). Amongst these techniques are background 

subtraction methods (Castleman, 1979), flat-field compensation methods 

(Poulin et al., lW4), wavelength compensation methods (Castleman, 1993). 

and photobleaching methods (Rigaut et ai. 1990, 1991). These methods are 

briefly described below. Some of these methods or variations of them are used 

as applicable in Our algorithm (Chapter 3). 

2.2.2.1. Background Subtraction 

One method of correcthg for the shading and aberration effects is to 

perform background subtraction. In this method, the local difference in the 

field of view (represented by the bright background image, B(x,y)) is subtracted 

from the acquired image, I(x,y), resulting in the corrected image, C(x,y): 



A constant value, K, equal to the average value of the bright image is added 

such that the range of grey levels in the corrected image is similar to that of the 

acquired image. As no multiplications or divisions are used in this method, 

truncation errors are minimal. 

2.2.2.2. Flat-field Compensation 

A more accurate method than the background subtraction correction is 

to use flat-field compensation. This compensation attempts to scale the 

acquired image depending on the local bright background image. This method 

is based on the conversion of the light transmittance (which is detected by the 

sensor) to optical densiw values by taking the logarithms of the pixel values. 

The optical density values can then be added and subtracted to simulate the 

physical properties of the system. The conversion operation is detennined as 

follows: 

This equation can be converted to the following flat-field compensation 

equation by removing the logarithms and subtracting a dark background 

image, D(x,y), from the measured images (i.e. I(x,y) = It(x,y) - D(x,y) and B(x,y) 



A s  division is used in this technique, tnincation enors are likely to distort the 

distribution of (discretely binned) grey levels. 

2.2.2.3. Wavelength Compensation 

Multiple probes are often used in microscopy imaging. This generally 

requires acquiring images a t  different wavelengths to highlight different 

features of the celi or tissue. Depending on the probe used and their spectral 

charactenstics, there can be an overlap in the spectral properties of the probes 

used. Castleman (1993) has developed a method of compensating for the 

overlap effects and isolating the signals from each probe using mat- algebra. 

In this method, the spectral response of each probe at each of the observed 

wavelengths can be represented by a vector in matrix C. For example, probe X 

may have normalized responses of 0.1, 0.7, and 0.2 at wavelengths h l ,  &, and 

A,, respectively. The response of each probe (vector R) can be calculated from 

the obsenred spectral images (vector 1) as follows: 

2.2.2.4. Photobleaching Compensation 

Photobleaching of the sample, particularly in acquiring fluorescence 

images, cari have a considerable effect on the intensity of images taken over 

t h e .  Each time the sample is illuminated, the amount of fluorophores which 

can be excited is reduced resulting in a less intense emission. Hence, the 

intensity of the image may Vary depending on the tirne required to focus the 



image before acquisition takes place and/or the tirne the image is acquired in 

the 3D (multiple focus plane) image acquisition cycle. Anti- photo bleaching 

agents are generally being used in sample preparation to reduce the effects of 

photobleaching. However, there is usualiy some reminance photobleaching 

effect (of approximately a few percent) over minutes of exposure. Rigaut et al. 

(1990, 1991) have proposed methods to apply reconstruction techniques to 

correct images in confocal rnicroscopy for effects of optics and photobleaching. 

These rnethods typically use an exponential tirne decay function to simulate the 

photobleaching effects. 

2.2.3. Focus and Three Dimensional Reconstruction 

Generdy, it is assumed that the image taken contains objects which are 

all in-focus or near focus. This assumption is not necessary true. As we have 

shown earlier, images of sufficient detaii and clarity are required in quantitative 

microscopy to obtain consistency in object classification and discrimination 

(Poon et al, 1987, 1989b, Spadinger et al., 1989, 1990, Poon and Palcic, 199 1). 

To see the details, these images are often taken with higher magnification and 

numencal aperture objective lenses. These lenses have a lower depth of focus 

and as a result, the details of the entire object can not be captured in one focus 

plane. In addition, objects in a scene and even the details in the objects 

themselves are not al1 at  the same focal plane. Therefore, we have s h o w  that 

these objects must be individually focussed before they are arialyzed (Poon et 

al., 1989b, 199 1, 1992a,b,c). For correct and consistent object segmentation 

and feature calculation, an objective method in focussing all objects of interest 



in the sample is necessary. In some situations, 3D (x,y and z-focus) image 

reconstruction is initially performed. 

Several methods have been developed to solve the three dimensional 

problem of reconstructing the in-focus image from the observed images which 

contains both in-focus and out-of-focus information. Castleman (1979) have 

proposed methods of using i) inverse filtering, ii) simultaneous equations, or iii) 

nearest neighbour approximation. Agard's group (1984, 1989, 1990) later 

modified some of Castleman's work and introduced the solution of iterative 

constrained deconvolution with a non-negativity constraint. Carrington's 

group ( 1987, 1989, 1995) analyzed the inverse and iterative constrained 

deconvolution techniques and proposed the constrained least squares 

technique as a solution. Hohes' group (1989a, 1989b, 1991) rnaxirnized the 

log-likelihood function of the system with respect to the object's optical density 

for object reconstruction. 

Due to limitations in the detector and optics, higher resolution images 

are desired for detailed image andysis. Bertero et al. (1987, 1989, 1990) and 

Sheppard ( 1988) proposed methods for obtaining "super" resolution from 

images taken fiom a confocal microscope. In this system, a two dimensional 

CCD detector is used instead of a single element photomultiplier to detect the 

image created by a single point of illumination. As  the point illumination is 

scanned over the image, a 2-dimensional image response rather than a single 

value is obtained for each point illumination. This extra information at each 

pixel is used to help reconstruct an image with higher resolution. 
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2.2.4. Image Segmentation 

2.2.4.1. Overview 

The most difficult step in automating the analysis process is to define 

the regions which belong to the object. Unlike feature extraction where only 

mathematical computation over the defmed region wiU suffice, segmentation 

also requires prior knowledge of the geometrical, morphological, and topological 

properties of the objects in the scene as  well as a heuristic approach for 

analyzing the problem. Since object classification is based on feature values 

which are derived from the segrnented regions, segmentation is crucial for the 

correct interpretation of the objects in the scene. 

Many segmentation techniques have been developed over the past 

several decades (e.g. Davis, 2975; Fu and Mui, 1981, Mantaz, 1987, MacAulay 

et al., 1988). These methods can be categorized into three different classes: i) 

characteristic feature thresholding or ciustering, ii) edge detection, and iii) 

region extraction. A single algorithm generaily cannot segment a particular 

scene and hence a combination of segmentation processes is often used. 

Generally these processes perform well in some applications but may fail in 

others. Detded descriptions of the different classes of known segmentation 

dgorithms are discussed in the following sections. 



Thresholding is a cornmon technique used in segmenting regions in a 

scene. The process assigns distinct labels to areas based on some properties of 

the image. A property may be a characteristic feature such as the image grey 

levels or may be of local nature such as  the gradient or Laplacian of the grey 

levels. In aU cases, a specified range of values of a given property is used to 

defme the pixels in the image which belong to the same region. Often, a 

histogram of an image property is used to determine the thresholds for each 

region. These histograms are generally smoothed to remove noise. Care must 

be taken, however, to avoid smoothing out smail but valid minima or maxima. 

A thresholding technique which can be applied to grey level histograms 

is the mode method. This type of histogram gives an indication of the number 

of pixels which have the same grey level in the image. Each peak (mode) of the 

histogram represents areas where large number of pixels have a similar 

intensity level. A boundary is then placed at the valley between peaks to 

separate the regions. The rationale for choosing such points is to minirnize the 

probability of misclassi~4ng each region. Since the number of pixels at the 

valley compared to the peaks is relatively smail, misplacement of the threshold 

from the exact location has relatively Little noticeable effect on the resulting 

image. For example, Poon et al. ( 1 9 9 2 ~ ~  1993a) used this technique to segment 

the blood cells from the background of the image. 

A diüerent technique is used for thresholding gradient histograms . 

Since these histograms represent the sum of the magnitude of gradients a t  a 



given grey level, the boundary is placed at the highest point in the histogram. 

This point signifies the location of the largest intensity differences (the edges) of 

the image. This method works well with some images but fails in others. For 

images where there are many similar intensity pixels with a small gradient, 

their sum may overmask the sum generated at  the edge of rare objects and 

hence a wrong threshold level is generated. 

CIustering extends the technique of thesholding to the multi- 

dimensional space. This technique is used when a single feature yields poor 

discrimination regions whiie distinct regions can be seen in histograms of two 

or more characteristic features (e.g. cluster plots). Any feature which is usefiil 

for segmenting a region, such as the grey levels of images seen through 

different spectral filters, gradients, texture features, etc., can be used. Poon et 

al. (1992c, 1993a) used the green and blue image components of the image to 

separate the nucleated cells from the red blood cells. Algonthrns for cluster 

analysis have been available for locating the decision boundary between 

regions in a multi-dimensiond space (Amadasun and King, 1988; Umesh, 

1988). To reduce the amount of computations required in the analysis, the 

smdes t  number of features which can discriminate the regions is employed. 

Thresholding and clustering techniques are global operators which use 

some aggregate properties of different features. These features are very 

dependent on the type of regions which are segmented in the image. Although 

the segmented regions are closed, some images may require srnoothing to 

eliminate the noisy boundaries. Since no spatial information is used in the 

selection of the threshold, the resulting regions may not be contiguous. 



2.2.4.3. Edge Detection 

Edge detection algonthms use the information of edge points to 

determine the boundary between objects. The edge points are located where 

there is an abrupt change in grey levels in the image. In this technique, the 

elements which are candidates to belong to an edge are first extracted and then 

combined to fonn the boundary. 

The extraction of edge pixels requires a measure which corresponds to 

the change in grey value of the pixel with its surrounding. Various methods, 

such as the gradient, Sobel, Kirsch, and Rewitt operators (Rosenfeld and K a k ,  

1982; Young and Fu, 1986), have been developed for this purpose. These 

operators can be implemented as a senes of image convolutions where the 

weights in the convolution kemel are different for each filter. The resulting 

value of the convolution at a pixel gives an indication of the strength of the 

changes around the pixel. The edge points are then extracted by thresholding 

the processed image. M a r r  (1982) has developed a Laplacian of a Gaussian 

edge filter. In this method, the zero-crossings of the filter correspond to the 

edges of the structures which have a space constant greater than (or a lower 

spatial frequency than) a selected value used in the Gaussian blumng process. 

Canny (1983, 1986) developed a good edge detector which convolves the noisy 

image with a spatial function (representative of the result) and then Ends the 

maxima values in the resulting convolution. 

There are several problems with edge detection techniques. First, the 

transition from one region of the image to the other sometimes occurs over 



several pixels and is then not abrupt enough. Second, the contours produced 

from thresholding edge information are generally more than one pixel wide and 

not necessarily closed. Hence, some post-processing using thinning and 

contour-closing algorithms are required. Another problem is  that the texture of 

some regions is signtficant enough to be thresholded and interpreted as edge 

points, resulting in erroneous image segmentation. Nevertheless, the results 

from the edge detection techniques can be used in conjunction with other 

methods in determinirig particular regions. 

2.2.4.4. Region Extraction 

Another segmentation approach is to group pixels with similar 

properties, such as  grey levels, texnire. color information, etc., into regions. 

These region extraction techniques can be separated into three categories: 

region merging, region splitting, and a combination of region merging and 

splitting (Ohlander et al. 1978; Garbay et al., 1986). 

In region rnerging or growing techniques, the image is initially divided 

into many s m d  regions such as a pixel or a s m d  neighbourhood of pixels. 

Various properties that refiect the characteristics of the object are computed for 

each region. The charactenstics of each region are compared with its 

neighbouring regions. If the properties of the adjacent regions are sirnilar, 

these regions are combined or merged into one. This process is iterated by 

recomputing the object membership properties for each enlarged region and 

merging the regions which have similar characteristics. The segmentation is 



completed when all adjacent regions have signincantly different properties such 

that no merge can further be made. 

The region splitting or dividing techniques begh with the entire image 

instead of many small regions. A predicate describing the various properties of 

the object is evaluated from the entire region. An example is to determine if all 

pixels in the region have grey levels which do not differ by a certain amount. If 

the predicate is not satisfied, the region is divided into smaller regions and the 

predicate for each of the sub-regions is recomputed. The process continues 

until the predicates for all regions are satisfied. 

The split and merge technique uses a combination of region mermg and 

splitting to obtain regions of similar properties. Regions are merged when 

adjacent regions have similar properties and are split when the predicate 

describing the property is not satisfied. Liedtke et al. (1987) used this 

technique on microscope images of blood cells to extract the primitives used in 

his segmentation method. 

Region extraction techniques utilize the local properties of the image 

directly. Aithough they produce closed and contiguous regions, the drawback 

is that these algorithms are computationally intensive. 



Chapter 3. 
Imaging System 

This chapter describes in detail the imaging system that we developed 

for this project. A s  mentioned eariier in Chapter 2, there is no commercidy 

available system that is capable of performing the required task, nor is there 

any system where modifications can easily be made. Hence, we built the 

imaging system for this project by selecting and integrating basic commercial 

components and developing the aigonthms and software (as descnbed later in 

this chapter). This imaging system performs two basic functions. First, it 

acquires images and stores them into files. Second, it analyzes the acquired 

images and generates telomere length information for each detected 

chromosome. The fïst function requires developing image acquisition 

hardware and software while the second function primarily involves developing 

the analysis software. Rather than combining both functions irito one program 

and one system (as is done in most commercial systems), we developed 

separate software programs for the acquisition and for the analysis. The 

acquisition software can only operate with the hardware of the acquisition 

system. The analysis software, on the other hand, do not depend on the 

dedicated acquisition hardware and a darkened room to operate. Since, the 

analysis systems are less costly to build and operate than the acquisition 

system, the separation into two software programs results in a more 



economicai and efficient use of our hardware resources. Given the high 

demand for the use of the systems for biological studies, we bu* one 

acquisition system and multiple analysis systems and operated them 

independently. After the images are acquired, the images are transferred frorn 

the acquisition system to the analysis system via a computer network. The 

telomere/chromosorne image analysis can then be performed in the analysis 

system. 

This chapter f r s t  describes the components of Our acquisition system. I t  

then outlines the algorithms we developed for acquiring the multi-focus plane 

images. Lastiy, this chapter describes Our analysis system and the algorithms 

we developed for pre-processing the acquired images. 

3.2. Image Acquisition Hardware 

3.2.1. Ovenriew 

A block diagram of our image acquisition system is shown in Figure 3.1. 

The major components of this system are i) the microscope, ii) the focussing 

mechanism, iii) the camera, and iv) the cornputhg system. The rnotorized 

focussing rnechanism varies the focus of the objects placed on the microscope. 

This allows the acquisition of a senes of 2-dimensional images of the object 

where the focus position of each image with respect to that of another in the 

series is computer controlled and known. A 3-dimensional image 

representation of the object is thus obtained. The camera transforms the image 

in the microscope into digital form and this image can be displayed in the 
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computing system. The computing system controls the entire process and 

stores the multi-focus plane images for later processing. 

Camera 
r -  - - - - - - - - - - - - - .  

) ; CCD Sensor - Digitizer ' 1 

j llluminatioh : ~ i c r o s c o p e /  
Source Optics 

1 I I 

; Microscope; 
Microscope : Stage I 

$ 

' I l : Image i ; Display i 
Memory - l , Monitor 

: Cornputer 1 Processor i 

Figure 3.1. Block diagram of the imagmg system. The major components are 
the microscope, focussing mechanism, camera, and the computing 
system. 

3.2.2. Fluorescence Microscope 

The fluorescence microscope is the key component of the imaging 

system. I t  transforms and magmfies the telorneres and chromosomes for 

visualization. We chose the widefield microscope over the confocai microscope 

for this application to avoid photobleaching (fading of the fluorescence probe 



caused by the illumination source and the long acquisition tirne) as weii a s  cost 

considerations. 

Fluorescence microscopes from brand-name manufacturers (e.g. Leitz, 

Nikon, Olympus, and Zeiss) ail have comparable performance. We used the 

Zeiss Axioplan fluorescence microscope for this project because of its 

availability in the laboratory. The major components of the fluorescence 

microscope are i) the illumination source, ii) the excitation and emission filters, 

iii) the objectives, and iv) the microscope stage. An important restriction in the 

selection process of each of these components is that the component must be 

compatible for use with Our chosen Zeiss microscope. 

Before discussing the selection of components, the basic operation of the 

fluorescence microscope is described. A fluorescence microscope generally has 

a number of dots for fdters and dichroic mirror block assemblies. First, a 

selected wavelength of light from the illumination source is passed through an 

excitation filter. The selected iight is  reflected off the dichroic mirror to the 

sample via the objective lens. The sites within the sample which are excited by 

the selected wavelength of light will emit light a t  a higher wavelength (lower 

energy). The emitted light signals are focussed and magnified by the objective 

lens of the microscope. The emission filter then allows orily a selected 

wavelength of the emitted light from the sample to pass through and blocks 

other wavelengths of the light including the reflected light at the excitation 

wavelength. The resulting image of the selected sites are then visualized 

through the dichroic mirror and onto the oculars of the microscope or ont0 a 

camera for display on a rnonitor. Thus, the choice of excitation, dichroic, and 



ernission filters are important for determining which fluorescence labeled probe 

is desired to be seen in the image of the object. The objective lens and 

illumination source are also important in quantitative imaging because they 

govern the image magnifcation, distortions, stabdiv, and intensity. 

3.2.2.1. Iiimnination Source 

The choice of the illumination source is dependent on the fluorescence 

spectral characteristics of the sample. An ideal illumination source is  one 

which i) gives even (unifomly distributed) illumination, ii) has sufficient 

intensity in the desired excitation wavelength, and iii) does not fluctuate over 

time. By careful adjustment and alignment of the illumination source for 

Koehler illumination, a fairly even illumination around the center field of view 

(5% variation) can be obtained. mically, fluorescence microscopy 

illumination sources are based on either mercury or xenon. Mercury (200W, 

Zeiss) tends to have a number of intensiv peaks including the wavelengths at 

405nm and 546n.m. These two intensity peaks can be used to excite the DAPI 

and CY3 probes used in this project, respectively. Xenon (150W, Zeiss) tends 

to be less intense at these wavelengths but has better temporal stability than 

that of mercury. In addition, the lifetime of xenon bulbs is longer than that of 

mercury (500 hours compared to 200 hours). However, the xenon lamp is not 

suitable for this project because it does not give sufficient intensity for CY3 

excitation. Fortunately, a hybrid mercury/xenon lamp (200W, OptiQuip 

distributed by Zeiss) is commercially available. This hybnd lamp fluctuates 

less than the mercury lamp in t h e  and is more intense than the xenon lamp at 



the wavelengths of interest. Its spectral characteristics is very similar to that of 

the mercuxy lamp but has a much longer bulb lifethne (2000 hours). Hence, 

we chose this lamp for this project. The results and analysis of the temporal 

stability of the hybrid lamp used are discussed later in this Chapter. 

3.2.2.2. Excitation and Emission Filters 

As mentioned earlier, the choice of the excitation and emission fdters 

and the dichroic mirror plays an important role in what is seen in the resulting 

image. Filters and dichroic block assemblies are then selected to match the 

properties of the fluorescence probes used in the experiment. For example, one 

probe highlights the entire object while other probes, with different 

fluorescence spectral characteristics, highlight specifk sites within the object. 

As the block assernblies are interchanged throughout the experiment, the 

alignment of these blocks with each other and with its previous position in the 

imaging path may vary. Consequently, the problem of image registration of 

multiple probe images results (up to 10 pixels shift). 

Fortunately, new types of Filters have been developed in the last five 

years to minimize the image registration problem. We used one type of these 

filters in this project. A s  in conventional systems, the excitation filter in this 

filter system selects and allows a specific wavelength of light to pass through to 

the object. Instead of allowing only one wavelength to pass, the emission frlter 

we used d o w s  multiple bands of wavelengths of light to pass. Hence, with 

multiple excitation filters and only one emission fdter, objects labeled with 

multiple fluorescence probes can be independently imaged. 



The spectral characteristics of the filters used in this project are shown 

in Figure 3.2. In our filter system, the mechanical selection of excitation is 

performed o d y  in the illumination path using a filter wheel (Pacific Scientifîc 

Inc.) which has openings for 8 different excitation filters. A single multi- 

spectrum dichroic mirror and emission filter assembly i s  then used to Mage al1 

probes in the experiment. The excitation and emission filters are selected in 

conjunction with the appropriately matched probes to minirnize spectral 

crosstak in the observed image. Since no optical components are moved in the 

imaging path, the shift between multi-spectrum images is small and is less 

than 2 pixels. There are 2 drawbacks in using this Srpe of filter system which 

cari be compensated for with adequate intensity illumination and appropriate 

selection of filters and probes. First, the amount of light that is allowed to pass 

through, a t  a selected wavelength, is diminished by approximately 10-50% 

compared to single bandpass emission filters. Second, more noise is present 

as undesired light from other wavelengths, although minimal in most cases, is 

allowed to pass through. 

3.2.2.3. Objective Lens 

The objective lens i s  perhaps the most important component in the 

microscope. It plays an important role in determining i) the spatial resolution, 

ii) the chromatic response, iii) the chromatic and sp herical aberrations, and iv) 

the intensity of light in the system. Spatial resolution in the objective lens is 

dependent on the wavelength as well as the numencal aperture of the objective 

lens (Section 2.1.2). Sphencai aberration relates to consistency in the size of 
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Figure 3.2. Block diagram of the excitation and emission fiter system. An 8- 
position filter wheel is used to select the excitation wavelength in the 
illumination path. A double band pass dichroic and emission filter is 
used in the imaging path. 

the object at dflerent points in the field of view. Chromatic abernation relates 

to the size of an object when seen under different wavelengths. The object size 

varies because the focal point changes with different wavelengths. For high 

quality objective lenses, such as the ones we used, sphencal and chromatic 

aberrations are relatively s m d  in the central field of view where the objects lie 



and thus cari be ignored. LastLy, the amount of light loss through the objective 

lens is of particular importance in fluorescence as the signal intensities are 

low. 

The process of chromosome imaging typicaiiy requires high 

ma@ications and hi& numerical aperture objectives. We used the 

fluorescence 63x magrdication objective lens with a numerical aperture of 1.4 

(Plan Apochromat 63x/1.4, Zeiss) for this project. This objective lens was 

found to exhibit the best ail around performance over other (Zeiss) 63x and 

lOOx magrifkation objectives for imaging chromosomes and telomeres. 

3.2.3. Focussing Mechanism 

We incorporated an automated focussing mechanism into the system for 

two reasons. First, the telomeres and chromosomes do not all faU at the same 

focus plane. Second, the focus depth of the objective is smalier than the size of 

the objects being studied (Le. the entire object is not captured by the lens). The 

motor (ZSS 43-200-1.2, Phyptron, Germany) and controller (MAC4000, 

Marzhauser, Germany) used can move the focus position in step size 

increments of 0.1 W. However, the backiash or hysteresis effects inherent in 

the mechanics of the microscope (for moving the focus position in a direction 

that is opposite from its previous movement) can range up to 0.3 k m .  A simple 

technique is then employed to obtain the multiple focus position 2-dimensional 

images such that the spacing in the z-direction is consistent. In our technique, 

images are acquired by fist moving the objects so they are out-of-focus and 

then acquiring multiple images a s  the focus position is stepped in equal 



i n t e d s  in the opposite direction passing through the focus point of the object. 

As a result, the acquired multi-focus plane images are evenly spaced from each 

other. The exceptions are in the first couple of images where the focus spacing 

can be different because of the backlash/hysteresis effects. Hence, these fiirst 

couple of images in the senes are not used in the analysis. 

3.2.4. High Resolution Camera 

The quality of the image acquired is highly dependent on the camera 

used. Hence, we based our selection of the camera on a number of key 

considerations which are desirable for quantitative fluorescence microscopy. 

These considerations resulted in selecting a camera which have the following 

requirements: i) high spatial resolution and large field of view, ii) suficient 

photometric resolution, high sensitiviw, and large dynamic range, and iü) 

multi-spectrai image acquisition capability and relatively fast readout rates 

(Jaggi et al., 1993; Pontifex et al., 1994, Poon and Hunter, 1994, Vrolijk et al. 

1994). We chose the MicroIrnager MI 1400- 12 digital camera (Xillix 

Technologies Corp.) for this project as it meets these requirements. Other 

cameras which employ the same CCD sensor and meet these requirements are 

available from other manufacturers (e.g. Photornetrics Ltd. or Princeton 

Instruments 1nc.j but are more expensive. 

For the first requirernent stated above, it is desirable to have a detector 

which can sample a t  a rate which is at  least twice the resolution of the rest of 

the system such that aliasing effects do not occur. This translates to a sensor 

with a pixel spacing of less than 7 microns. Given such a small pixel size, the 



detector should have approximately 1OOOxlOOO pixels so that it can capture 

the entire ceii (metaphase chromosornesf with sufficient detail and resolution in 

one Mage. Square and 100% fiil factor pixels detectors are used in the Xillix 

camera. This eliminates the need for geometrical pixel compensations and 

increases the pixel sensitivity a s  the entire pixel region (rather than a portion) 

is sensitive to light. 

The second requirement dictates the use of hi& dynamic range cameras 

with sufficient photometric resolutions and sensitivity. In fluorescence 

microscopy, signals may range over several orders of magnitudes in intensities 

(0.0001 - 1 lux). Typically, variable exposure time (less than 10s to avoid 

sigmficant photobleaching effects) cameras combined with a dynamic range of 

10 or more pue bits (>IO24 grey levels or >60dB signal to dark-noise ratio) are 

used in fluorescence microscopy imaging. Generdy, a photometric resolution 

of only 8 tnie bits (256 grey levels) of information will suffice especially when 

fluorescence images are typically fairly noisy. Hence, the eight most simcant 

bits of high resolution cameras (e.g. Xillix 12 bits or 4096 levels camera) are 

typically used to represent the image stored in the cornputer. Alternatively, for 

less intense images, a sub-region of the sensof s dynamic range may be used to 

obtain the same photometric resolution data (256 levels) without the need to 

increase the exposure and acquisition times. In this instance, a selected 

portion of the 4096 grey levels of the camera is linearly mapped to 256 grey 

levels. The remainder of the 4096 grey levels are then set to O or 255 

depending on whether the respective grey level is below or above the selected 

portion. 



Lastly, the camera must be able to capture images over a broad 

spectrum of visible light and acquired images a t  sufficient rates. Although the 

fîters in the fluorescence microscope are used to select the wavelength of light 

for imaging, the sensor must also be sensitive to light in this range. Most CCD 

detectors are made from silicon and these exhibit a higher quantum efkiency 

in the red region than that in the blue. The favoured red region corresponds to 

the emission wavelength of the CY3 probe used for labeling telomeres in this 

project. Readout rates is an issue in megapixel cameras a s  each new object 

needs to be re-focused. Too fast a readout rate (30MHz) c m  pose a strain on 

the sensor and degrade the signal-to-noise performance. As a compromise, we 

use the binning and the 8MHz readout rate features of the Xillix camera for 

focussing purposes. In the binning mode, several pixels are combined together 

before they are readout. This increases the sensitivity and reduces the total 

nurnber of pixels in the image. As a result, shorter readout and exposure times 

are required to obtain a similar intensity image in the normal (not binned) 

mode. 

3.2.5. Computing System 

Our computing system is similar to the one which was developed for 

general imaging by Xillix Technology Corp. (Jaggi et al., 1991). This system 

was chosen because of its availability, Our familiariw with the system, and the 

availability of the source code to facilitate modifications as required. The 

computing system consists of i) a host 486-based personal cornputer, ii) 1 

gigabyte mass storage disk space, iii) high resolution image acquisition and 



display card (1280x1024~24 bits), and iv) a corresponding high resolution 

monitor. 

3.3. System Temporal Stability and Aberrations 

3.3.1. Overview 

It is important to ensure that the images can be and are calibrated such 

that the results from within an experiment and from different experiments cari 

be compared in a rneaningful way. In order to determine what corrections and 

compensations are required on the acquired data and generated results, we 

performed a number of experiments on the system. These experiments and 

their results are descnbed in the following sections. The analysis of the data 

from these experiments is then used to justify what pre-processing algorithms 

are required for data correction and compensation. 

3.3.2. Temporal Fluctuations in Illumination 

The sim here is  to ensure that accurate measurements of telomeres are 

made irrespective of when these images are acquired. The illumination source 

is the major cause for temporal variations in the acquired image. The Light 

intensity emitted by the lamp will vary due to the variations in the power 

supplied. In addition, the light intensity wiU change over t h e  as the light bulb 

ages. Although we have selected a hybrid mercury-xenon lamp which exhibits 

good temporal stabiiity properties, we wouId still need to characterize its 



stability such that appropriate measures for image normalization and 

corrections can be developed and implemented. 

For characterizhg the fluctuations in the illumination source, we chose 

a coloured plastic (acrylic) slide a s  the test object. This plastic exhibits similar 

fluorescence characteristics as telomeres by giving off a faint red fluorescence 

when it is illuminated with green iight. Simiiar filter settings were used to 

acquire images of the plastic and those of telomeres. Images of the plastic 

sample were then acquired at  different time intervals to determine the stability 

of the illumination source over tirne. The images were acquired in binning 

mode to reduce the number of pixels to process and store, that is, every 2x2 

pixel in the image was combined into one pixel. Hence, the acquired image 

was reduced to 640x512 pixels in size. For each acquired image, we calculated 

the average of the measured fluorescence intensity in the central 512 x 512 

pixel region. The averaging helps to smooth out the spatial non-uniformities 

and noise over the region. If we assume that the fluorescence emission of the 

sample is directly proportional to the intensity of excitation, the average value 

then gives an indication of the amount of light emitted by the illumination 

source. 

The distribution of the mean scene intensity as a function of time is 

shown in Figure 3.3. It can be seen that the lamp intensity can change 

drastically over t h e .  This can be explained by changes that have been made 

to the illumination source during the course of its use. The changes may 

include centering/focussing the Light bulb, replacing fdters in the light path, 

etc. I t  is also noticed that the lamp does remain constant over several hours of 



use a t  a tirne. Thus, the illumination can be assumed to be constant for each 

acquisition session which takes 2 to 3 hours to complete as long as no changes 

are made to the system during the experiment. 

Time (hours 1 

Figure 3.3. Illumination variations over tirne. The illumination remains 
constant during the duration of the (2-3 hour) experiment. The illumination 
level can Vary in between experiments as the optics may be moved or changed 
during such time (represented by the discontinuous horizontal lines). 

Based on the above experiment, a calibration method for variation in 

illumination was developed. First, an average of 10 fluorescence intensity 

measurements of the acrylic test sample was made at  the beginning of each 

"telomere" experiment. The averaging helps to compensate for the temporal 

noise in image acquisition. This average intensity value sigmtXes the amount of 

luminance of the light source for each experiment. Hence, the data from each 

experiment can then be scaied appropriately by comparing the average acrylic 

fluorescence values and appropriately scaling the telomere results amongst 

experiments. 



3.3.3. Photobleaching Effects 

Photobleaching (fading) is another important aspect to consider in 

quantitative fluorescence microscopy. Anti-bleaching agents are often used to 

minimize the fading effects of the probes used. If a sample was signifïcantly 

photobleached (i.e. the sample fluorescence ernitted was reduced as a function 

of light exposure), a method will need to be developed to detemine the amount 

or the stage of photobleaching in this sample so that the results generated 

could be conelated or compared with another sample. 

The distribution of the normalized maximum intensity of telorneres over 

exposure t h e  is shown in Figure 3.4. A similar distribution for 0.1 pm 

fluorescence beads is shown in Figure 3.5. 

Figure 3.4. Photobleaching effects on telomere fluorescence. 
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Figure 3.5. Photobleaching effects on bead fluorescence. 

It c m  be seen from Figure 3.4 that the fluorescence decay is 

approximately 1% over minutes of light exposure. The fluorescence decay of 

beads is higher a t  approximately 3% per minute. In Our experirnents, we 

decided not to compensate for photobleaching effects. The reason is that the 

variation due to photobleaching (approximated by the h e  in Figure 3.4) is 

much less than the variation in acquiring an image (represented by the 

difference between consecutive sample points in Figure 3.4). The latter 

variation c m  be up to 10% from the expected (line) value. The estimated 

temporal variance in the intensities of the acquired images due to 

photobleaching is 1% as  it takes 2-3 minutes (with excitation light exposure) to 



setup and focus the telomere image and approximately another 1-2 minute to 

capture the series of multiple plane images. 

3.3.4. Uneven Iiïuminated Field of View 

We next investigate the unevenness of sample illumination. It can be 

seen from Figure 3.6 that there is a variation of illumination over the field of 

view. The bright spots in the image corresponds to the image of the arc of the 

bulb. The ~ g - l i k e  contours of equal intensities show that the intensity 

decrease away from the bnght spot. The intensity difference between the 

bnghtest and dimmest spot in the field of view is approximately 10%. 

To correct for this spatiai variation, we chose the flat-field compensation 

method (mentioned in Section 2.2.2.2). As shown in Chapter 2, the derivation 

for the flat-field compensation involves taking the logarithm of the 

transmittance to obtain the optical density values. However, the integrated 

fluorescence intensiq (FI)  value in fluorescence microscopy is proportional to 

the fluorescence intensity and not the logarithm of the intensity. b e n  though 

no logarithm conversion is required, this compensation is still valid. Our 

reason for this c m  be explained by the unevenness in illumination in the field 

of view as shown below. 



Figure 3.6. Illumination variation over the field of view. The image shows a 
contour map of the variations in light intensities. There is a two grey level 
difference between two adjacent regions. The brightest spot in the image is 
represented by the grey intensity region near the center. The light intensities 
decrease towards the edges of the Mage. 

If the illumination at  the center of the field of view generates an object 

fluorescence of intensity & - D (where D is the f i ed  offset value which is 

independent of the level of illumination), then a different intensity in 

illumination scaled by a factor of s, will generate a scaied object fluorescence of 

intensity sç -D= I, -D. If the scaled illumination is not in the center of the field 

of view, the fluorescence intensity a t  the off-centered position is still a scaled 

version of the center intensity. Hence, each measured fluorescence value I(x,y) 



in the image can be scaled by the appropnate scaling factor s(x,y) 

(correspondhg to illumination differences in the field of view) a t  that pixel to 

generate a compensated fluorescence value C(x,y). This is expressed as: 

The scale factor s(x,y) at each point can be obtained from an 

homogeneous fluorescence material placed in the microscope. If the 

fluorescence response of the background matenal at  each point is B(x,zJ) - D 

and the fluorescence at the center of the field of view is B, - D (constant k), the 

scale factor at  each point is given by: 

By inserthg this scale factor into equation (3-1)) the following result 

which is similar to the known flat-field compensation formula (Section 2.2.2.2) 

is obtained: 

The above flat-field compensation method involves division operations 

which will generate real (rather than integer) numbers. Since images are stored 

in integer numbers (8 bits), tancation or quantization errors will arise. Hence, 

this flat-field compensation image is not carried at this stage. Instead, we 



performed flat-field compensation later and only on those pixels which are used 

in calculating the IF1 value of the telorneres. 

The results and discussions of this compensation method is presented 

below. 

3 -3.5. Flat -Field Compensation Result ri 

The fluorescence acrylic sample that is used earlier for the temporal 

fluctuations in illumination experiment is used for flat-field compensation 

measurements. In this experiment, images are acquired at different 

illumination levels (inserting neutral density filters in the illumination path). 

The bnghtest image is used as the background reference image and the other 

images are processed using the flat-field compensation method of Chapter 

3.3.4. A cross-section of the intensiv distribution in the central row of pixels 

of the field of view, before and after the flat-field compensation algorithm is 

shown in Figure 3.7 and 3.8 respectively. 

Using flat-field compensation, it c m  be seen (Figure 3.8) that a linear 

response can be obtained over the field of view (standard deviation of less than 

1 grey level) for dflerent levels of intensiw of illumination. 
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Figure 3.7. Intensities of the central row of pixels of a homogenous sample. 
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Figure 3.8. Flat field compensation for spatial illumination variations. 
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3.4. Image Acquisition Software 

The "SSM" program which we used in our acquisition system was 

developed by Wix Technologies Corp. for acquiring, storing, and rnanipulating 

the images acquired by the MicroIrnager camera. This program runs under the 

Microsoft DOS operating system. It has the capabiiities to control aU camera 

functions but does not have all the functions which we need for this project. 

Hence, we modified the program to allow for i) automatic camera exposure tirne 

and photornetric range selection, ü) integration of multiple focus plane 

acquisition, and iii) corrections for pixel defects. 

3 -4.2. Image Exposure and Photometric Range Selection 

We implernented automatic exposure tirne and photometric range 

selection functions into the program to control the camera. These functions 

maximize the dynamic range of the image such that the grey level in the 

acquired image span over most of the 256 levels. The automation of these 

functions also simplifies the setup process for image acquisition and reduces 

the tirne required for adjustment. The linearity of the camera as a function of 

exposure time and photometric response makes the automation algorithm 

simple and easy to implement. In the program, the photometric range is 

implemented by a lookup table which maps the camera's 0-4095 grey levels 

scale to the computer memory's 0-255 grey levels. In this algorithm, al1 grey 

levels below the chosen minimum value in the camera is set to O in the 



cornputer mernosr. Similarly, aii grey levels above the chosen maximum value 

in the camera are set to 255 in the computer. The range in-between the 

minimum and maximum values is then linearly mapped to the closest integer 

in the range of 0-255. In addition, the range between the chosen minimum 

and maximum levels is set to a multiple of 256. This avoids a bias in mapping 

more levels in the camera to a gwen level (between and not including O to 255) 

in the computer. The resulting grey level histogram of the image would then be 

smooth and would not have peaks at the bias locations. 

The image exposure time and the chosen values for the minimum and 

maximum levels are based on information in the image. Initidy, an image is 

acquired with an exposure time of 1s and with a linear mapping of the 0-4096 

range to the 0-255 range. The intensity distribution of the image is evaluated 

and the exposure t h e  is adjusted (down to a minimum of the 30ms limit and 

u p  to a maximum of the 10s b i t  of the camera). The aim is to obtain an 

image which i) has the brightest pixel with an intensity value of greater than 

230 grey levels, ii) has less than 10 pixels set to a grey level of 255 (i.e. to avoid 

image saturation), and iii) has the dark region set to within the grey levels of O- 

50. If the selected exposure time does not give +he desired Mage intensity 

distribution, the minimum and maximum values for the mapping function are 

adjusted accordingly. 

3.4.3. Image Pre-Processing: Sensor Defects 

Megapixel CCD cameras often have a number of inherently defective 

pixels. These pixel defects are largely caused by the local accumulation of dark 



current. As the size of the accumulated dark current is related to the 

temperature of the sensor, some cameras employ cooling to reduce the size and 

number of such defects. These defects iypicaiiy appear as  bnght spots or lines 

in the image. They are not a problem a t  low integration times. However, a t  

long integration times (more than 3s and longer for cameras where the CCD is 

cooled), the defective pixels may become saturated even when no light is 

present. As the information in these pixels are lost, the only rnethod is to fmd 

an approximate value for the pixel. We used the average of the surrounding 

non-defective pixel intensities as the replacement intensity value. As these 

defects only pose a problem at  long integration times, the defective pixels in the 

image are replaced only if an integration time of greater than 2 s  is used to 

acquire the image. 

3.5. Image Analysis System 

3.5.1. Image Analysis Hardware 

The image analysis hardware consists of just a computing system. The 

requirements for this computing system are less stringent than those of the 

acquisition system. We chose both Pentium and 486-based personal 

cornputers for this purpose. The Pentium based machines are strictly used for 

data analysis. The slower 486-based systems can be used for image analysis 

when it is not being used for image acquisition. We also chose commerciaily 

avaiiable displays (e.g. NEC 3D) and display cards (e.g. AT1 VGA Wonder) 



capable of handling a minimum resolution of 640~400x8 bits. Typically, a 

resolution of 1024x768 is used. 

3.5.2. Image Anaiysis Software 

The analysis software f r s t  reads the image files acquired from the 

acquisitions systern into the computer memory. I t  then performs the 

segmentation and generates the results for interactive ~ e ~ c a t i o n  and editing. 

We developed this program to operate in the Microsoft Windows Version 3.1 

operating system environment. The results of the telomere and chromosome 

analysis is shown in Figure 3.9. 

The key user-interaction features which were required as defmed in 

consultation with the users are implemented into the analysis prograrn. These 

factors are: i) displaying an enhanced view of the banding structure in the 

chromosome for ease in karyotyping (chromosome classification), ii) displaying 

the relative telomere positions on the chromosome image, iii) marking and 

labeling each telomere in a chromosome, iv) displaying the segmentation 

results, v) marking and labeling each chromosome, vi) displaying the results of 

the quantification (chromosome number, number assigned, telomere IF1 for 

each chromosome, chromosome IF1 and area feature values), vii) sorting the 

chromosome list based on the selected feature, and viü) editing capabilities. 

The resulting implementation is shown in Figure 3.9. 





The resulting image displayed shows the borders of the telomeres 

overlaid ont0 the processed chromosome image. To accomplish this, the image 

of the chromosome is first thresholded such that the background pixels are set 

to a mid-intensity grey level of 128. This grey level allows the chromosome 

borders and both dark and bnght intensity bands in the chromosomes to be 

seen on a grey background. The image is  then inverted (linear map of 0-255 to 

255-0). Contrast stretching is then performed on the chromosome to enhance 

the details of its bandhg structures. 

The image of the telomere objects are next processed (as descnbed later 

in Chapter 5). To ensure that the telomeres lie a t  the ends of the chromosomes 

in the superimposed telomere-chromosome image, a pattern matching 

algorithm is then used to determine the placement of the detected telomere 

borders ont0 the chromosome image. In this matchhg algorithm, the telomere 

image is fust shifted, pixel by pixel, from the chromosome image. For each 

pixel shift location, the number of detected telomeres that are wi thh  the 

borders of the detected chromosomes is determined. The pixel shift value (x,y) 

which generates the highest number of telomere/chromosome object matches 

becomes the pixel shift value for aligning the two images. The border of the 

telomeres are then superimposed ont0 the enhanced chromosome image. A 

different color is assigned to each of the telomeres in the chromosome for ease 

of user recognition (purple, red, blue, cyan, orange, and green are assigned to 

telomere number 1, 2, 3, 4, 5, and 6 or more). Although there are only 4 

telomeres in each chromosome, 2 additional colors are used to facilitate the 



editing of the detected telomere resuits and to identify other non-telomenc 

probes (e.g. centromere of chromosome 17). 

Finally, the border of the chromosomes are overlaid on the enhanced 

chromosome image with the highlighted telomere borders. Again, a ditferent 

color is used to indicate the number of "telomere" objects in the chromosome 

(cyan, green, and yeilow are assigned to 3 or less, 4 and 5 or more "telomere" 

objects, respectively). Each chromosome objects are then labeled with a 

unique number. 

A correspondhg list of chromosome and telomere IFI can be displayed in 

a window beside the image. An enlarged sub-region of the image cari also be 

displayed to aid in visuaiizirig the details of the image. The user can then edit 

the information displayed. The editing capabilities include i) the joining of 

chromosomes (which are improperly segrnented), ii) splitting "telomere" objects 

(touching telomeres), iii) reassigning the telomere number in the chromosome 

(pair sister telomeres: 1 with 2 and 3 with 4), iv) ranking the chromosomes 

based on its size or IF1 value, v) assigning a chromosome number to each 

chromosome (for karyotyping purposes), and vi) adding a comment to the data. 



Chapter 4. 
Acquisition System Characteristics 

4.1. Background 

A n  understanding of the characteristics of the acquisition system would 

give insight into how images are formed and how telomere fluorescence 

measurements could be evaluated. This system characteristics can be 

represented mathematicaliy. A s  mentioned in Chapter 2 (equation 2-3), the 

input object is modified by the transfer function of the system to result in an 

output image. In our system, the image is affected by the components in both 

the microscope and the carnera. If we assume linearity and space invariance in 

the system, the overail optical transfer function, OTF,,,, will consist of the 

continuous transfer function of the microscope, OTF,,,, multiplied by the 

transfer function of the discretizing camera, OTFc,. 

The transfer function of the microscope can be derived based on 

geornevic and Fourier optics theory. If iight is considered to be composed of 

many point rays, the incoherent illumination used in the fluorescence 

microscope would then be cornposed of point Iight rays where the phase of 

each point varies independently of one another. The incoherent PSF is then 

represented by the power spectrum of the pupil function of the system 

(Goodman 1988). Thus, if the pupil function p(x, y) of the system is 



represented by the system's aperture, the pupil function a t  the image plane (at 

d distance from the aperture of the objective lens) is then represented by 

p(Adx, Ady), where A is the wavelength of light The PSFOp, of the microscope is 

then the Fourier transform of the pupil function and is given by: 

The normalized incoherent OTFo,, can then be determined from the 

normalized auto-correlation of the pupil function and is given by: 

Hopkins (1955) was the f i s t  to theoretically detemine the OTF of an 

incoherent illuminated system for both the out-of-focus and in-focus cases. In 

his derivation, the out-of-focus pupil function for a circular aperture system of 

radius A (as shown in Figure 4.1) observed at plane d, when the object is at 

n1 n, - 1 distance do and the in-focus pupil function is at plane di (i.e. - + - - - 
do d, f 

where fis the focal length of the lens and nl and n, are the refractive indices in 

the object and image sides of the lens) is given by: 



p(r)  = rect - exp jkw - 
( 2 2  [ (3) 

where 

r e d ( x )  = 1 if x 5 l and = O othenviçe 

di = location of the focussed image of object at distance do 

di + 6,  = d, 
=location of the focussed image of object at distance d, 

Notice that if 6 ,  = O ,  then w = O and the pupil function p(r) becomes the 

system's aperture function. 

By substituting the pupil function into equation 4-3 and the spatial 

frequencies (u,v) with (s) , the resulting OTF,,, becomes: 

where (4-5) 

a = 2kws p = cos-1 5 s = 
2 JZ7 

2 f c 
f, = spatial cutoff frequency. 



Refractive Index 

"1 
n 
2 

In-focus O biect 
Plane, 

1 1 -& +$ =f 
1 2 

Image 1 Detector 
Plane 

Figure 4.1. Relationship of the in-focus and defocus distances in the object 
and image side of the objective lens. 

This derivation takes into account both the x,y spatial (s) and defocus 

error (w) effects. The resulting OTF is not a simple function and takes a long 

M e  to cornpute. Stokseth (1969) later produced an approximation of this OTF 

which takes less time to compute. Stokseth's approximation for a defocus 

error of w is given by: 

where 



J I  (4 jinc(x) = 2 - for I s ~  c 2 
X 

J, ( x )  = the f i s t  order Bessel function of x. 

Castlernan (1979) found a more accurate version of Stokseth's 

approximation for small values of defocus error W. For Castleman's method, 

the polynomial in Stokseth's approximation is replaced by an in-focus OTF 
1 

term ( - ( 2 ~  - s in2~))  multiplied by a defocus effect (jinc(xJ term which is a 
X: 

function of the spatial frequencies, u and v, and the defocus value, w). Hence, 

at  a focus plane d, (out-of-focus distance of amount 6,) from the in-focus 

image at distance di in Figure 4.1) and with a lens system havuig an aperture 

of radius A, the OTF is given by: 

1 
OTF,, (q ,  w )  -s - ( 2 ~  - s in2~)  jinc 

X 

where 

The above OTF,,, represents the transfer function for general defocus 

optic systems. For the special case of concem which is the microscope system, 

Erhardt [1985] and others used a similar version of the above formula. They 

expressed the theoretical OTF in terms of the parameters of the microscope 

system. For example, Erhardt's derivation of the system OTF is based on 

Stokseth's rnethod and is given by: 



where 
f ( p )  = 1 - 1.38~ + 0.03p2 + 0.344p3 

NA = numerical aperture of the objective. 

In Erhardt's derivation, the variables are based on the parameter 4 
which is on the object side of the lens. The defocus error, here, is assumed to 

be the out-of-focus distance 4. Because J,(dJ/& or jinc(tiJ is symmetrical 

about %=O, the OTF values at the positive defocus distance 4 is the same as 

that a t  the negative defocus distance -4 (Le. OTF,, (p, d, ) = OTFop, (p, -d, )). 

This symrnetry charactenstic, however, is not true in reality. In what follows, 

we fmd the OTF which shows its asyrnmetric nature. 

4.2. Our Derivation of the System OTF 

In our system, as with most microscopes including Erhardt's, the 

location of the sensor from the objective Lens, distance 4, is f i e d  and the 

sample is moved in relationship to the objectives (Figure 4.1). When the 

system is in-focus, an object point source in the object plane d, produces a 

point source in the imaging (sensor) plane 4. When the object point source is 

moved by a distance 4 to the out-of-focus plane 4, a point source a t  distance 

di results and the response observed at the sensor plane d, (given by equation 

4-9) is a blurred image. By moving the object point source to many different 



positions around the distance dl and dong the optic axis, and by determining 

the OTF values at  the detector plane for each of these object positions, the 3- 

dimensional OTF of the system can be obtained. I t  c m  be deduced from 

n1 +--- n, - (refer to Figure 4.1) that the variable 4, and thuç 6, and 
dl + d ,  di f 
COS u vary as  the defocus amount 4 varies. These variables are used to 

calculate the defocus error, w (equation 4-4). 

We now consider Castieman's approximation for the OTF of 

microscope for small defocus amounts (equation 4-7): 

1 
OTF,, (u ,  v ,  w )  = - ( 2 ~  - s i n 2 ~ )  jinc 

x 

the 

where w, the defocus error, is defmed in equation 4-4. For positive and 

negative defocus amounts, 14, the calculated values for the defocus error, w, 

are not the same. Hence, the PSF is asymmetric (i.e. has different values at 

equal positive and negative defocus distances 4 from the focal point). Thus, 

we shall use equation (4-9) to represent the OTF of the microscope. Our next 

step is to defiie expressions for the di, 6,, and cos a terms and use these t e m s  

to evaluate the defocus error, w, and then OTF,,, of equation 4-9. 

To find the relationship between the in-focus and defocus distances 6,,. 

we write the relationship between the object plane distance and that of the 

image plane (as indicated in Figure 4.1) a s  determined from Lens law. The 

relationship of the in-focus position is: 



and that of the out-of-focus is 

where the distance d, is generally fbced in a microscope system. 

The two equations in (4-10 and 4-1 1) are then equated (dropping the 

focal length term). The terms in the equation are then rearranged such that the 

change of focus in the image side is expressed in terms of i) the change in the 

object side (4). U) the refractive indexes of the media on both side of the 

objectives (n,, %), iii) the distance of the sensor from the objectives (4). and iv) 

the ma@cation (M) of the objectives. This expression is given by: 

where 

There remain two other variables in the general equation (4-4), the 

aperture A and angle a, which need to be expressed in the more commonly 

known parameters of the microscope system. First, the aperture, A, of the 

system can be derived from geometry and equated to the numerical aperture, 

NA, of the objective lens. This is given by: 



In the derivation of the OTF (equation 4-91, it was assumed that A d,. 

Hence, equation (4- 13) can be approximated by: 

Rearranging equation (4- 14) for A and expressing the distance d, in 

terms of the distance of the imaging plane from the lens 4 results in the 

foilowing expression for A: 

Second, the term cos a, can also be derived from geometry and is given 

b y: 

where di = d, - 6,. The values for 6, and A can be evaluated from equations 

(4-12) and (4-15) respectively. The expressions defved for di, 6,, and COS a, 

cari then be used in equation 4-9 to evaluate OTF,,, 

Now that the OTF of the microscope is determined, the next step in 

determining the OTF of the system is to derive the transfer function of the 



camera. CCD cameras are comrnonly used for quantitative microscopy 

imaging. The photons (light), which reaches the CCD and have sufficient 

energy, will generate electrons in the CCD. In the active sensing area of the 

CCD, the electron (or the corresponding hole) charges will be trapped in the 

potential wells (pixels). in the non-sensing area, the electrons are absorbed by 

the sensor and does not contribute to the charges in the potential well. Hence, 

the camera samples and integrates the light which only fails in the active 

sensing area of each pixel. If the area of the sensing element is rectangular, 

and if the response to light over the entire area of the pixel dose not v q ,  then 

the resulting point spread function, PSF, is the convolution of the sampling 

function, sampo, and the recto function. This can be written as: 

-- rect l - I i 

where 
p K ,  py = size of pixel in the x and y direction respectively 

A, , A, = sarnple spacing in the x and y direction respectively. 

For our camera, the pixel size and the spacing between any 2 pixels are 

essentiaiiy the same in both the x and y directions and may be replaced by p 

(i.e. p = p, = p, = A, = A,). If we assume that the x and y directions are 

independent of each other, then the OTF of the camera which is just the 

Fourier transform of the PSF and is given by: 



Previously, only the transfer function of the microscope and the 

sampling properties of the camera have been used for image reconstniction 

purposes (Erhardt et al. 1985) and the integration process at each sample 

point is ignored. If Our addition of the pixel sensing area is taken into account 

in the derivation (as shown above), the resulting theoretical transfer function 

(given by equation 4-1) should better resemble the experimentally deterrnined 

function (Le. the desired OTF,,,) . 

4.3. Theoretical OTF and PSF Results 

The images of Our theoretical system OTFs are shown in Figure 4.2. The 

calculation for the OTFs are based on the derivations in Section 4.2. These 

OTFs are evaluated with an objective lens having a magrdlcation of 63x and a 

numencal aperture of 1.4 and located at a distance of 150mm from the camera 

detector, an oil medium with a refractive index of 1.515 between the objective 

lens and the sample, an emission wavelength of 570nm, z-spacings of O. 1 jm, 

and a detector pixel size of 6.8x6.8pm2. A point source object is positioned at 

focus plane z=0. Starting at an out-of-focus position of - 1 . 6 p ,  a 32x32 pixel 

image of the OTF distribution is generated. The out-of-focus position is 

subsequently increased by O. l p  and another image of the OTF is generated. 

The process of generating OTF images a t  O. 1 p  z-spacing is then repeated until 

a total of 32 OTF images are generated ranging from - 1 . 6 ~  to 1 . 5 ~  (Figure 



4.2). The corresponding calcdated images of the system PSFs are shown in 

Figure 4.3. Each of the 32 Mages of the PSF is obtained from the inverse 

Fourier transfomi of the corresponding OTF image in Figure 4.2. The system 

PSF in the x (or y), z-plane is displayed in Figure 4.4. Lastly, a plot of the 

system (radial xy) PSF distribution at varyhg z-spacings (focus levels) is shown 

in Figure 4.5. 

Figure 4.2. Theoretical OTFs of the system in the xy-plane. Each OTF image 
is evaluated at O. lm in the z-direction from its neighbouring images. 



Figure 4.3. Theoretical PSFs of the system in the xy-plane. Each PSF image 
is evaluated at O. l p m  in the z-direction fkom its neighbouring images. 

Figure 4.4. Theoretical PSF of the system in the xz-plane. Image (b) is a 
logarithmic scaled version of image (a). The pixel spacing in the z-direction is 
O. I p n .  





It can be seen from the images of the system OTFs and PSFs that their 

responses appear circular symmetric in the xy-plane; this is as expected since 

the active sensing element and pixel areas have the same x and y dimensions. 

The intensiq of the 3D PSF is highest a t  the central point (in the xyz-space). 

The intensity decreases as the distance from the central point is increased in 

the x, y directions. From Figure 4.4, it can be seen that the width of the spot in 

the x (or y) direction is half that of the z direction. Hence, a s  estimated in 

Section 2.1.2, the x (or y) direction is twice the resolution of the z direction. 

Within approximately 0 . 6 ~  (the location comesponding to the cutoff 

frequency) in the z-direction from the central point, the intensity also decreases 

with increasing distance from the central point. At above H l . 6 ~  in the z- 

direction, however, altemathg dark and bright rings (intensities) begins to 

appear in the OTF (Figure 4.2) and PSF (Figure 4.3) images. This is caused by 

the oscillatory effects of the Bessel function in the equation of the theoretical 

OTF. 

It can also be seen from the images that the PSFs and OTFs at  equal 

distances in the positive and negative z-directions (about the central point) are 

similar (particularly within kû . 6 p  range). At approximately +0.6p,  slight 

difference in the PSFs in the positive and negative z-directions begins to 

become apparent in the image. It appears that the negative z-direction appears 

to decrease in magnitude slightly faster than in the positive direction. The 

asyrnrnetries of the PSF in the z-direction is the result of the non-linear 

mapping of the positive and negative z-movements as discussed in Section 4.2. 



It can be seen from Figure 4.5 that the asymmetries between positive and 

negative focus amounts are present even at  small defocus amounts (< 0 . 6 ~ ) .  

An interesting point to note from the theoretical PSF image (Figure 4.3) 

is that the sum of intensity values over the 32x32 pixel (x,y) area for each focus 

plane is the same. That is, the total intensity information can be obtained from 

either the "sharp" in-focus image or the "very blurred" out of focus image (e.g. 

a t  1 . 5 ~ )  where the point source is hardly seen. The intensity sum variations 

are in the order of 2%. These variations result from tnuication errors (256 grey 

level images) and because the 32x32 pixel area is not large enough to 

encompass the entire function. Although the intensiv information is present in 

the out-of-focus Mage, it is very difficult to extract such information since the 

boundary of the point source cannot be easily detected. When there are other 

objects nearby, the segmentation problem at out-of-focus planes becomes more 

difficult. As seen later in Chapter 5, we have developed a segmentation and 

intensity extraction method to estimate the total intensity information from the 

spot. 

4.4. Initial OTF/ PSF Comparative Study 

An initial study was carried out to compare the theoretical PSF,,, with 

the experimental PSF,,, of the system. Two dinerent experimental approaches 

in obtaining the PSF,, of the system were taken (Poon et al. 1993b). Our first 

approach utilized s m d  fluorescent beads to simulate point sources of light. 

The resulting 3 D  images acquired wiii then represent the PSF of the system. In 

this method, 0 . 1 5 p  fluoresbrite beads (Polyscience Inc. Warrington, PA) were 



used. These beads were excited with blue light and emitted light in the green 

(51 5nm) spectrum. These beads were s m d e r  than the resolving resolution of 

the microscope, but yet large enough to enable detection by the sensors. Sets 

of 50 images taken at  O. 1 pn z-spacing were acquired. Because the fluoresbrite 

beads photobleaches, the images acquired were corrected (restored), to 

compensate for the decrease in signal intensity as a function of tirne. The 

correction was based on the assumption that the fractional reduction in 

intensity in sequential images is a constant (Lockett et ai., 1994). After the 

correction, the highest intensity pixel in the stack of images was chosen as the 

center of the bead. Each xy-plane image in the z-stack was then rad idy  

transformed to produce the radial distribution of intensity levels about the 

center point. The radial distribution was later used for cornparison with other 

theoretical and experimental PSF of the system. 

Our second approach for determining the PSF uses a step edge to denve 

the line spread function, LSF, of the system (Tatian, 1965; Castlernan, 1979). 

The LSF can be obtained by differentiating the image of a step image response 

(since the denvative of a step function has an Srnite value at the point of the 

edge and zero elsewhere). The LSF is then rotated to give the PSF (i.e. 

PSF( J x 2  + y2 ) = LSF(x)). The test target slide for the step edge consists of 

chrome evaporated onto glass (Edmund Scientifrc Company) to produce an 

opaque area on the slide. Like the bead images, sets of 50 images were 

acquired at  0 . 1 ~  z-spacings. From each xy-plane image, the central point of 

each line perpendicular to the edge was determined. The central point is the 

location where the intensity is half way between the bright and dark regions of 



the line profile. Each line in the xy-plane image was then aligned with others 

at their corresponding center points. The respective values dong the aligned 

lines were summed and averaged. The resulting step function was then 

median filtered, by a fdter of 5 pixels in width, to remove sharp peaks and 

vdeys  in the function. The step function was then diuerentiated using a 

difference kemel of 1-1, 11, to generate the PSF of the system. 

The in-focus (z=O) system responses for various objective lenses 

(20x/0.70 NA, 40x/0.85 NA, 60x/ 1.40 NA, and 100x/ 1.40 NA, Nikon) are 

shown in Figure 4.6. For each objective lens used, a cornparison is made 

amongst i) the experimental PSF from bead images, ii) the experimental PSF 

from step edge images, iii) the theoretical PSF based on Erhardt, and iv) the 

theoretical PSF we derived. Both the bead and step edge images are acquired 

through a 5 15nm band pass fdter. 

It can be seen that the measured and theoretical system responses are 

very similar in shape. For all objective lenses, the PSF obtained from the step 

edge has the widest response, followed by the bead PSF, our theoretical PSF, 

and then Erhardt's PSF. The results for this sequence can be explained by the 

following. The step edge is not infinitesimdy thin but has some thickness 

which is larger than the size of the beads. In tum, the beads although small 

are of firiite size, and hence they are ody approximate point sources. Our PSF 

is wider than Erhardt's because we took into consideration the integrating 

effects of the camera sensor in our derivation. Hence, our PSF is more 

representative of the behaviour of the system as it is doser to the experimental 

resuits. 
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Figure 4.6. In-focus system response for various objectives. 

It can also be seen that our theoretical PSF is very sirnilar to the 

experimental bead results. This is especidy tme for the 40x and lOOx 



rnagnifkation objective lenses. A s  the beads are smaller than the resolution of 

the microscope and hence can be considered as point sources, our theoretical 

PSF gives a very good approximation to the characteristics of the microscope 

system. 

Of the two experimentd approached canied, the step edge images are 

easier to acquire. They can be performed in brightfield microscopy. Thus, they 

require less exposure t h e  for image acquisition and hence less noise is 

generated in the images. Due to the thickness of the chrome in the step edge 

and the jagged looking edge at  high magnifcations, however, the system 

response generated is not as good a s  the response of the beads. Hence, the 

fluorescent beads a t  a similar wavelength to that of the CY3 telomere probe are 

used for further cornparison (mainly the values of the PSF in the z-direction) on 

the system PSF. 

4.5. Cornparison With Experimental PSF 

In the following experiment, we again use beads a s  test objects for 

cornparison with the theoreticai PSF. This tirne, however, the beads are 

acquired under the sirnilar conditions a s  those used for telomere acquisition. 

That is, the beads are acquired under the same rnagmfïcation and spectral 

wavelength used for acquiring telomere images. We used the 63x ma@cation 

objective with a numerical aperture of 1.4 and the green excitation and the 

hybnd red (570nm) emission filters. To simulate point sources of light, beads 

of 0.1 and 0 . 2 ~  in diameter are used a s  test objects. The images acquired 

from these beads wiU then be an approximation to the PSF of the system. 



Smaller size beads are more representative of point sources but are harder to 

manufacture consistently and have a weak fluorescence signal which could not 

be reîiably detected by our imaging system. Multi-focus plane images of a 

number of 0.1 p beads at z-spacings of O. 1pm are shown in Figure 4.7. 

It  can be seen from the bead images that their responses resemble that 

of the theoretical results (Figure 4.3). They ail have circular symmetric 

responses in the xy-plane. Unlike the theoretical results, the images of the 

beads occupy over approximately twice the distance in the z-plane. This 

difference can be more easily seen in the intensity profde of the bead over 

different focus levels (Figure 4.8). 

Figure 4.7. Typicai images of four 0 . 1 ~  beads acquired at different focus 
spacings. Each image is spaced O. lpm in the z-direction from its neighbouring 
images. 
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Figure 4.8. Comparison of experimental and theoretical PSF distributions as 
a function of z-focus position. A typical 0 . 1 ~  bead is used to represent the 
experimental PSF. 

The intensity distribution of the bead is broader than that of the 

theoretical PSF. This is caused by the additional bluning effect introduced 

when the beads are imaged through materials with different refractive index. 

In preparing the sample, the beads are first placed ont0 the glass slide (which 

has a refractive index of 1.5. A mounthg medium solution is then placed over 

the beads. This solution contains the anti-photobleaching agent, Vectorshield, 

and has a refractive index of 1.45. The thickness of this solution can Vary from 

50 to 100pm. A glass coverslip of refractive index of 1.5 is then placed over 

the solution. Immersion oii of refractive index of 1.5 is then placed in between 



the coverslip and the objective lens. Because of the difference in the refractive 

index between the rnounting medium and the rest of the material in the 

imaging path, light from a point source object is refracted when it hits the 

refractive surface interface. Thus, from the objective lens, it appears that the 

light rays that passes through originate from a number of diDTerent point 

sources at  different focus planes. This bluning effect has been recognized by a 

number of investigators (Vander-Voort and Brakenhoff 1990; Sheppard and 

Cogswell, 199 1, Carlsson, 199 1, Visser et al., 199 1, 1992; and Heli et al. 1993, 

1995). 

We did not take into account the mounting medium in the derivation of 

the theoretical PSF because the thickness of the mounting medium is variable 

and is not fixed from sample to sample. Hence, the amount of refraction and 

the resulting blurring will be difTerent from image to image. In addition, it is 

difficult to predict the reflection of the fluorescence signals from the glass 

surface on which they lie as the distance of the object from the surface may 

vary over 0 . 5 p .  This phenornena is seen in Figure 4.8 where another 

intensity peak is observed in the negative focus position. This secondary peak 

is denved from the additional light which is partiaily reflected from the bottom 

glass surface. Since the intensity and distribution of the reflection signais are 

governed by how far the object is and what reflective index is at the mounting 

medium and glass interface, a generaihtion for the theoretical PSF would be 

difficult to generate. 

In summaq, if the mounting medium has the sarne refractive index as 

the other material in the imaging path, then Our theoretical PSF gives a good 



approximation to the response function of the system (Figure 4.6). This, 

however, is not the case with Our telomere study. Nevertheless, we used our 

theoretical PSF to generate images of sirnulated objects such that we c m  

evaluate the robustness of Our IF1 algorithm (Section 5.5) to objects of varying 

intensities and shapes. As shown Iater in Section 5.2, the IF1 value of the 

object calculated from the image generated using our theoretical PSF will be 

similar to that calculated from the image obtained using the true PSF of the 

system. 



Chapter 5. 
Telomere Segmentation and Integrated 
Fluorescence Intensity Measurements 

This chapter descnbes the method we developed to calculate the 

integrated fluorescence intensity (IFI) of telomeres in fluorescence microscope 

images. The IF1 value is a rneasure of the total amount of fluorescence emitted 

from the object and is correlated to the length of the telomere. For our study, 

we use a number of images acquired at  different focus planes. The IF1 values 

are first determined for each of the multiple-focus plane images. These IF1 

values are then combined in a number of different ways and the results are 

cornpared to determine the best combination scheme to evaluate the IF1 value 

of the object. 

Traditionally, most of the research in the quantifcation of FISH images 

involve spot counting, relative distance measurements, and event 

enumerations. With the introduction of more accurate and efficient 

quantification probes, and better microscope systems and anti-photobleaching 

agents, new biological studies to determine the fluorescence intensity of the 

probes are being camied out. Typicaily, only one image for each probe/spectral 

wavelength at the best focus level is analyzed to extract the relevant 

information. This "best" focus level is often chosen manudy.  That is, the 
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sharpest looking image is visudy selected as the focus is manually varied. A 

different method of locating the "best" focus location is to automate the "best" 

focus selection process. In this case, the "best" focus level is chosen by 

minimizing or maximizing a particular feature. However, as we have shown in 

an eariier study (Poon et al. 1992a,b), the optimal focus level for one feature 

may not be the optimum one for other features. Furthermore, the z-distance 

between optimal focus level of different features within one celi differs from ce11 

to ceil. In that study, we have aiso found that a tighter feature distribution c m  

be obtained if more than one image around the "best" focus position is acquired 

and the feature values are accumulated over these planes. We have aiso 

shown in the study that a tighter distribution of feature vaiues can be obtained 

if the feature calculations are performed on processed images where out-of- 

focus blur are iirst removed. 

As  mentioned earlier, most quantitative FISH image research use only 

one image, the best focussed image, at each wavelength of light. In some 

cases, more than one image acquired at different focal planes are used. For 

multiple focus plane andysis, the tendency has been to f r s t  reconstruct the 3 D  

image. In this instance, the blur of the multi-focus plane images is removed 

before extracting the features. Unlike our present research, in the traditional 

applications of FISH imaging, the values of the fluorescence intensities do not 

have to be accurately known. In those applications, the resolution in the 

quantification can be coarse but within b i t s  which enable detection of the 

location of the fluorescence spots or objects. A high degree of accuracy, 

however, is required in Our present work in detennining the IF1 since the 



amount of fluorescence detected is used to estimate the length of telomeres and 

the distribution of their lengths in a chromosome. Recently, a study which 

required much higher degree of accuracy than those of traditional applications 

and which determine the IF1 has been investigated (Lansdorp et al., 1996). 

This chapter first descnbes the theoretical analysis for calculating the 

IF1 of an object. It then discusses our method for calculating and determining 

the IF1 values of the objects. Our telomere segmentation algorithm and Our 

method for determinhg the number of focal planes required for the IF1 

quantification are also descnbed. Fhally, a number of rnethods to validate our 

results are discussed. 

5.2. Theory in IF1 Quantification 

In fluorescence microscopy, the IF1 of an object is the total fluorescence 

detected from the object, o(x,y,z). Hence, the IF1 of a fluorescence object, is the 

total intensity of the object and can be represented by the integral of intensity 

at each point of the object (in the x,y,z plane) and is given by: 

A s  mentioned in Section 2.2.3, the original object can be reconstructed 

from the observed image, i(x,y,z), by convolving the latter with a reconstruction 

fiter, g(x,y,z), i.e. o(x, y, 2) = i ( x ,  y, z) 8 g(x, y, z) , and thus, 



where €3 represents the convolution operator. 

Equation (5-2) cari be simplifed by replacing the convolution operator 

with its multiplication counterpart as follows: 

FI = JJJ JJJi(x,y,z).g(u-x,v- y,w-z).dudvdwdwdydz 

where K is the integrai over the entire range of the reconstruction frlter. This 

integral value, K, is a constant and does not vary with the image. Since we are 

only interested in the relative or normaiized IF1 value of objects, it is not 

necessary to determine the value of K a s  it wiil be factored out in the 

normalization process. It is shown in equation (5-3) that the IF1 of the object is 

proportional to the IF1 caiculated from the observed image. Hence to calculate 

the relative IF1 of the object, it is not necessary to fust reconstruct the observed 

image i(x,y,z) to obtain o(x,y,z). 

The IF1 of the object can also be calculated from a transformed image 

~ ( x ,  y,z) obtained by coiivolving the observed image i(x,y,z) with some filter, 

p(x,y,z), (whether it is reconstnictive or not). To show this, we define FI' as: 



From a similar analysis as above, the result of the convolution in 

equation (5-4) is a constant factor multiplied by the IF1 of the object. 

This means that if the IF1 is difficult to cdculate from the observed 

image, the observed image can be transformed into another image where the 

IF1 calculations can be more readily determined. 

The above analysis shows that the IF1 of an object can be caiculated 

from the observed 3 D  image of the object according to equation (5-3). In Our 

system, the 3D image is obtained by acquiring and combining a series of 

different focus level images as seen on the image detector piane. The image at 

the detector plane, i(x,y,zd), contains either an in-focus or out-of-focus object. 

When the object is in-focus, most of ttie signal intensities will be localized in a 

srnall region. When the object is out-of-focus, the observed intensities are 

dispersed over a larger region a s  the image is altered by the out-of-focus PSF. 

It can be seen from the previous chapter that the magnitudes of the central 

frequencies of the OTF of an image at any z location are the same. That is, 



This then implies that the total intensiv of the PSF in the xy-plane is the 

same for aU z-focus values: 

As shown in equation 5-7, the total intensity obsenred in the detector 

plane (assuming that the image is large enough to capture the intensity 

variations) is the same for in-focus or out-of-focus objects. 

This can also be explained from a geometric perspective. It is known 

that the intensity of light observed at a distance from the point source varies 

inversely with the square of the distance. If we place an aperture in the light 

path, only the light that enters the aperture of the objective lens i s  allowed to 

pass through. If we look at the amount of light which hits the image plane 

when the latter is at a distance located close to the aperture, the light will be 

dispersed over an area similar to the size of the aperture. If the image plane is 

moved further away, the light observed will be less intense but would cover a 

larger area which increases by the square of the distance from the point 

source. The total light observed in both instances is the same. In Our system, 

we assumed that the changes in focus is small compared to the distance of the 

object to the objective. Hence, the amount of light which passes through the 

aperture can be assumed to be invariant with respect to s m d  focus changes. 

This analysis is valid if we also assumed that the light losses in the optic path 

(e.g. filters, objectives, cover slip, oïi, mounting medium, etc.) are invariant with 

focus changes. 



The calculation of the IF1 c m  then be simplified to calculations 

performed on only one image plane (since similar intensity sums are present in 

other focus planes). Equation (5-3) becomes: 

where Z is a constant representing the number of 2-focus planes of the 

obsenred object. 

5.3. Segmentation and IF1 Quantification Algorithm 

From the above analysis, the IF1 of the object cari be simply obtained if 

their observed intensities are summed over the entire region in which they 

occupied regardless of which focus plane the image is  taken. The di f f ïcu l~  lies 

in determining the region in which to perform the integration/sumrnation. 

Telorneres are generally not isolated from one another such that the signal 

intensities of one do not interfere with that of another. When they are in-focus, 

most of the telomere signal intensities are concentrated in a spot whde the rest 

of the signal is dispersed in the surrounding which may contain other 

telomeres. When they are out-of-focus, the telomere signal intensities are 

spread over a larger region and hence is more likely to interfere with the signals 

of other telomeres making it more difficult to determine the IF1 of each 

tefomere. 



Thus, the major problem in accurately quantmg the IF1 of telomeres 

lies in their segmentation, i.e. determining the exact boundaries of each 

telomere. Most telomeres are relatively easy to detect since they appear a s  

bright spots. Approlàmate locations of these spots can be found by 

thresholding or edge detection methods (e.g. Section 2.2.4). However, a 

problem arises when fmding the exact location of the borders. Figure 5.1 

shows the (two possible) borders BI and B2 of a cross section of a telomere. If 

the estimated telomere borders are closer to their centre intensiv (B,), the IF1 

value will be under-estimated. Conversely, if too much background intensity is 

included in the estimated border (B,), the IF1 value will be over-estimated. 

There is also the problem of segmenting telomeres which are close to each other 

and determining which pixels belong to which telomere. In addition, not ail 

telomeres lie in the same focus plane. Hence, segmentation in 3D space (which 

is rarely done in biological irnaging) may be required. 

The relationship between the hue IF1 of the object and that calculated 

from the segrnented object from a given 2D image assuming the level for the 

background intensity is BWd (Figure 5.1) can be represented by the following 

equation: 

= f l I R = , , w *  + E B ~ " ~ . R ~ ~  + &out + Q E  (5-9) 

where 
F I R e g , , , , ,  = the calculated value of the IF1 of the segmented region 

calculated a t  the given background (Bgnd) level and over 

the defuied region (Reg) 
s B g n d , R c g  =the error in selecting the background level 



E ~ , ,  = the error consisting of IF1 caiculated outside the defmed volume 

QE = the emor in quantizing the signal into discrete values. 

Intensii 
Profile 

Bgnd 

E 
 rue boundary 

Bgnd,Reg of  telomere 

Cross section o f  telomere 

Figure 5.1. Errors in calculating the object IFI. 

The inherent noise in the system (optics and illumination aberrations, camera 

noise, sample preparation noise, etc.) and neighbouring telorneres make it 

diffiicult to defme the "true" background level and segmented region for the IF1 

calculation. It can be seen frorn equation (5-9) that there is a compromise in 



selecting the segmentation area and background level such that the total of al 

IF1 errors is small. 

It c m  also be seen that it is easier to estimate the true b o u n d q  of the 

telomere if it is in-focus rather than out-of-focus. A s  a result, the errors of the 

IF1 calculation are smaller for in-focus objects. Not ail telomeres are a t  the 

same focus level and have the same shape. Thus, segmentation over different 

focus planes are required. 

The first step of O u r  segmentation algorithm is to fmd the location of 

each telomere in the x, y, as wel as the z-directions sirice telomeres have 

v-ng lengths and distributions in all directions. This is  accomplished by 

fust s e a r c h g  and recording the locations of the different local bnght spots 

(center parts of telomeres) in each of the different focus plane (x,y) Mages. 

These spot locations are then compared to their corresponding spot locations in 

other images of different neighbouring focus planes. For each spot location, 

the image at the focus (2) plane which has the brightest spot intensity is 

considered to be the z-plane containing the center of the spot. Once the center 

of a telomere spot is found, the extent of that spot in 3 D  space is then 

determined by using the algorithm described later in Section 5.4. 

The segmentation algorithm we used to find the spot in each of the 

multi-focus level xy planes is similar to that of the Laplacian filter (Russ, 

1990). For each pixel, the average intensity value of its surrounding pixels is 

subtracted from its intensity, I(x, y] to generate an edge image, E(x, y), that is: 
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We named this operation the Average Difference filter and its operation 

(in one dimensional space) is Uustrated in Figure 5.2. 

If the resulting E(x,y) value is above a threshold level, the pixel is 

considered to be a telomere pixel. Otherwise, it is considered as a background 

or  boundaxy pixel. The algorithm just described eliminates noise by using a 

threshold above the noise Ievel and detects intensity peaks. At the center 

portion of a telomere, the average value of the sumounding pixels is generally 

less intense and hence the vaiue E(x,y) is positive and large. At the edges of 

the telomere, the average vaiue of the surrounding pixels is generally the same 

as the pixel value since on average, half of the surrounding pixels have lower 

intensities than the central pixel and the other half have higher intensities. As 

a result, the value E(x, y) is small and near zero. Similarly, at the background 

region, the average value of the surrounding pixels is similar to that of the 

pixel. Hence, by using thresholding, the noise pixels in the background and 

the edge pixels of the telomeres are removed. Telorneres which are close to 

each other can also be separated using this technique. The reason is  that the 

v d e y  in between two nearby telomeres is lower in intensity than the average 

surrounding and thus can be removed by thresholding. An example of the use 

of Our segmentation method on a typicai telomere image is shown in Figure 5.3. 
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Figure 5.2. Application of the average Merence filter. The Average Difference 
fiter is fxst applied to the simulated signals of the telomere spots. A threshold 
above the Average Difference operation t ' e n  defmes the centers of spots 
(shaded in the diagram) detected by the algorithm. 



Figure 5.3. Process of segrnenting a Srpicai telomere image. A typical 
fluorescence image of the telomeres (a) is processed with the Average-Difference 
filter to generate image (b). A threshold level is then selected from the 
histogram of the processed image and this threshold is applied to 5.3b to 
generate a binary image (c) of the telomeres. The resulting bright spots in 5 . 3 ~  
are first labeled and then dilated to generate the final mask image for the 
telomeres. The boundaries of the segmentation results (d) are then generated. 



The threshold level for the segmentation is chosen such that most of the 

background noise are eliminated by thresholding. If the distribution of noise is 

assumed to be Gaussian, the peak value wil l  correspond to the central point in 

the Gaussian distribution. Since most of the pixels in a telornere image belong 

to background pixels, the maximum peak of the histogram corresponds to the 

background level. The value a t  5% of the peak value corresponds to the point 

at 1 .?a of the Gaussian distribution. Hence, al1 points less than 1.70 value 

from the peak corresponds to approlamately 95% of the points in the Gaussian 

distribution. The search for the point corresponding to 5% of peak value is 

made a t  the left of the peak (lower intensity values) in the histogram. This side 

of the histogram peak is used (instead of the higher intensiq side) because the 

interference from the telomere signals which are located at higher intensity 

values would be less. The 1.70 point to the right of the peak can then be 

calculated. The distance of this point from the peak is then added to the peak 

point to obtain the threshold level which eiiminates approximately 95% of the 

background pixels. This level seems to be the optimal for removing 

background noise pixels and also preserving the relevant telomere peaks. 

Objects which are too smaU and whose intensities are similar to the 

background level (those objects pointed out Sy the arrows in Figure 5 . 3 ~ )  are 

classified a s  artifacts and rejected from further analysis. 

The above algorithm removes the edges of telomeres. To recover these 

edges, we fvst need to dilate (Figure 5.3d). However, this will combine or fuse 

multiple telomeres into one. To overcome this problem, we first perform 

labeling. In the labeling process, each continuous connected object is given a 



unique number and then the size of each telomere mask is dilated by one to 

recover the lost edges of that telomere. Note that if dilation was perfoxmed 

before the labeling, objects which are closed together may be connected and 

considered a s  one object by the labeling process (those objects pointed out by 

the arrows in Figure 5.3d). 

5.4. Number of Focus Planes Required 

It was shown in Section 5.2 that only a single image from a single focus 

plane is required to represent the IF1 value of the object (see Section 5.8). 

However, from Section 5.3, it can be seen that if the objects are out-of-focus, 

more errors are introduced in the IF1 value due to segmentation errors (i.e. 

defining the region for the IF1 calculation and the intensity of the background). 

Hence, the best focus image should be used for determining the IF1 value of the 

object. In a given image, however, not al1 objects are at their corresponding 

best focus. Telomeres can be located a t  different focus levels and they can 

have varyhg lengths and distributions in the z-direction. In humans, 

chromosomes on a microscope slide are typically 0 . 5 ~  thick in the z-direction 

(the approximate size of the chromosome tip). Telomeres range in size from 0.1 

to 0 . 3 ~  in diameter and can lie anywhere within the tip of the chromosome. 

Hence, to accurately quantify the telorneres, images from multiple focus planes 

should be examined. 

To experimentaiiy determine the number of planes required for 

calculating the telomere IF1 values, approximately 20 images at 0.lp.m spacing 



are acquired. One of the central images in this series contains the "best" focus 

image. The est  and last few images in this 20 image series are blurry but are 

still disceniible images of the telomeres. A z-spacing of O. 1 p m  is used because 

it is the approximate limit of the step size of the z-drive motor. It also 

corresponds to the size of the smallest telomere, and corresponds to at most 

20% of the sampling resolution in the z-direction of the objective lens Le. we 

are over sampling. 

Three difTerent methods for calculating the IF1 of a telomere are 

performed. The results of these are then compared to determine which is the 

best method to use. One method uses the image plane which appears to be at 

the best focus to calculate the IF1 of each telomere in the image. Not al1 

telomeres in the Mage are in-focus in a single image plane. Hence, the 

calculated IF1 values for out-of-focus telomeres is lower in value from the 

corresponding IF1 calculated at the best focus position for that telomere. The 

second method utilizes a number of different focus plane images and selects 

the best focus (highest evaluated IF1 value) image to calculate the IFI value for 

each telomere in the image. In the last method of IF1 calculation, the IF1 value 

of each telomere in the image is determined from the sum of the corresponding 

telomere IF1 values calculated at each of the multi-focus plane images. The 

methods are elaborated upon below. 

For each image acquired, the telomere segmentation and the IF1 

calculation measurements are performed. Each telomere in each image is then 

matched with each of its corresponding telomere in the other multi-focus plane 



Mages and is given a unique label. Since the sample is  only moved in the z- 

direction (no other optical component is moved during the acquisition 

sequence), there is  Little registration error. Hence, no correction in the x-y shift 

is  required in the multiple plane Mages. There can be, however, some 

differences in the location of the x-y center of a telomere spot in different z- 

plane images. This is because telomeres can be irregularly shaped and cari lie 

in any orientation in 3-dimensional space. Thus, the center of each telomere 

spot in a particular focus plane image may be ditrerent from its neighbouring 

planes. To match telomeres at different focus planes, the telomere center at a 

given focus plane should correspond to a point not necessarily the center but 

inside the area of the corresponding telomere in an adjacent focus-plane image. 

Two nearby telomeres c m  also be segmented by Our algorithm. As a 

telomere becomes out-of-focus, it gets blurred and gradually fades into the 

background. Hence, when two nearby telomeres are in-focus, they may be 

detected as two individual objects by our segmentation algorithm. However, 

when they are out-of-focus, they get blurred and thus may be detected as a 

single telomere. To overcome this problem, the area of each telomere is 

calculated as well as its IF1 value for each focus plane. If the area of a detected 

telomere in one image is greater tkian twice that of a corresponding telomere in 

another focus-plane image, then two (or more) telomeres must be present. In 

this instance, the area corresponding to the telomere in the image with the 

highest IF1 value (in-focus image) will define the area from which the IF1 is 

recdculated in the other image plane (out-of-focus image). This would reduce 

the area with which the IF1 should be calculated. Thus the IF1 calculated 



would be smaller than the "actual" value. Nevertheless, it would be better to 

segment nearby telorneres and estimate their IF1 values than not to include this 

data in the total IF1 calculation for multiple focus plane images. 

The IF1 values calculated for a telomere from aLl images at different focus 

planes are then summed to obtain the summed IF1 value of that telomere. The 

above method is not practical to perform in most situations because of the 

large number of images required for each celi. Handhg these images would 

then require large disk storage space and long image acquisition and 

processing times. To reduce the amount of data and acquisition t h e ,  the 

number of planes acquired needs to be reduced. To accomplish this, we may 

keep the same 0 . 1 ~  spacing between images but o d y  acquire the centrai 

images of the 2 p  span. This method must accommodate for a large variation 

in telomere sizes and z-focus positions. Another method of reducing the data is 

to acquire images at higher sampling spacïngs (e.g. 0.2pm, 0.3pm, ...) but over 

the 2p.m span. In this case, it then becornes a matter of determinhg the 

highest sampling spacing that do not ~ i ~ c a n t l y  increase the error in the IF1 

calculation of the telomere. Theoretically, if we sample a t  half the resolution of 

the objective lens, the images acquired should be representative of the object. 

This corresponds to a sampling spacing of no more than 0 . 3 ~ .  This spacing 

is experimentaliy explored below. 
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5 S. Algorithm Evaluation And Validation 

In this section, we first estirnate the spatial resolution yielded by Our 

algorithm. This evaluation gives an indication of how far apart two telomeres 

have to be before they are classifîed as two distinct objects by Our telornere 

segmentation algorithm. 

We then test the validity of Our IF1 quantification method. For this, we 

use test objects with known IF1 values. A theoretical analysis is not easy to 

perform because of the non-iinearities in the segmentation step (the IF1 values 

are based on the area defmed by the segmentation result). We use 3 dilferent 

methods outiined below to validate our results. The results and discussions of 

the methods are covered below. 

One method for validation is to use simulation, i.e. to construct 

simulated objects with known IF1 values and shapes and convolve these objects 

with the PSF of the system. The various IF1 quantification aigorithms are then 

applied to the generated images. The theoretical PSF of the system dthough 

similar to that of the microscope system used, may not be an accurate 

representation. Nevertheless, this PSF is sufficient for validation purposes 

since the function used for the system PSF needs only be spatially invariant as 

shown in equation 5-5. Using this method, we must choose objects which are 

representative of the shapes and distributions of telomeres. 



Another method for validating our quantification method is to use 

different sizes of s m d  fluorescence beads as test objects. The images of these 

beads are acquired and our IF1 quan-g process is applied. The measured 

IF1 values are then compared with the estimated IFI of the beads based on the 

assumption that the IF1 of the bead is proportional to its volume. A precaution 

in using this method is that the telomeres unlike beads are generally not 

spherical in shape. 

Another approach for validation is to use telomere objects of known 

lengths. Plasmids (circular pieces of DNA) cari be used for this purpose. DNA 

with telomere sequences ('ITAGGG repeats) of h o w n  lengths and up to 3200 

base-pairs can be inserted into a plasmid. A precaution of this approach is 

that these telomere lengths are much smailer than those in human 

chromosomes. As a result, the fluorescence signals are weaker, harder to 

detect, and may not span over a similar number of focus planes. Another 

precaution is due to other variations in the system (such as biological and 

sample preparation variations) which may interfere with the accuracy of the 

validation process. 



5.5.2. Spatial Resolution of IF1 Segmentation 

Simulated test objects are used to estimate the spatial resolution of 

ushg our algorithm to separate two nearby telorneres (Figure 5.4). We use the 

theoretical PSF of the system and convolve it with our simulated test objects to 

generate the images of the test objects. The test objects consists of two point 

sources which are incrementally moved apart from one another in steps 

corresponding to one pixel spacing of the detector. Our algorithm is then 

applied to the generated objects to determine how far the test objects have to 

be away from each other before they are treated as being two objects, It can be 

seen that one can just visually distinguish 2 points in the simulated images 

when the points sources are 4 pixels (the approximate resolution of Our 

microscope and camera system) away from each other. At 5 pixels away from 

each other, the human eye and Our algorithm can both cleariy separate the two 

objects. This distance corresponds to approximately 0.54- in the object 

plane a t  63x magrdication. This distance is also twice the theoretical 

resolution of just the microscope. Thus, it i s  estimated that our segmentation 

algorithm can separate objects that are 5 or more pixels (> 0 . 5 4 ~ )  apart. 



Figure 5.4. Simulated test objects for spatial resolution estimates. The top 
row shows the characteristics of the test objects. The middle row shows the 
calculated in-focus image. The last row shows the borders of our telomere 
segmentation algorithm. Our algorithm separates the two point sources when 
they are at least 4 pixels apart. 

5.5.3. Simulated Objects 

To validate Our telomere F I  quantification algorithm, we used different 

sirnulated test objects where the relative IF1 value of each is known. The 

simulated objects have vaqing shapes and intensity distributions (to simulate 

varying shape and intensity of telorneres) but the same IF1 value. These objects 

are used to test the robustness of Our IF1 aigorithm to see if similar IF1 values 

are generated. The simulated objects consist of i) a single point source whose 

dimensions are 1 pixel (object #1 in Figure 5.5), and ii) point sources whose 

dimensions are greater than 1 pixel in the x directions (objects #2, #3, and #4 



in Figure 5.5) and greater than 1 pixel in the x and y directions (object #S in 

Figure 5.5) and greater than 1 pixel in the z direction (objects #6, #7, #8, and 

#9 in Figure 5.5). Simulated images were generated by convolving test objects 

with the theoretical PSF of the system as described in Chapter 5.3. While the 

spatiaI distribution of each simulated object is different from the others, its IF1 

value is the same as the others (Le. the sum of pixel intensity values for each 

object is the same as the sum of pixel intensity values for other objects). The 

values and shapes of the simulated test objects (in the x-z plane) are shown in 

Figure 5.5. The results of the IF1 calculations (using equation 5-9) a t  each 

differently focus image are shown in Table 5.1. A plot of the IF1 variations for 

some of these simulated objects as a function of focus is shown in Figure 5.6. 

The total IF1 estimation of each object is then determined from the surn of the 

IF1 values over different focus images (surn of row values in Table 5.1) and are 

shown in Table 5.2. 

First, the single point source Mage is chosen as a reference for 

comparing IF1 values. After normalization, the IF1 of the in-focus image of this 

single point object is set to 100%. From the results (Table 5.1 and Figure 5.6), 

it can be seen that the IF1 value calculated (at the best focus plane) of each 

simulated object can Vary by 9% amongst objects. The variation of the IF1 of 

an object over a. 1p.m from its best focus plane can be a s  high as 10% (e.g. 

object #6). The variation are higher at higher de-focus amounts. At M.2p.m 

de-focus (a typical z-distance for metaphase telorneres prepared on a slide), the 

calculated IF1 can be high (approlcimately 30%). From the theory (equation 

5.71, the IFI calculation at  any focus plane (2, of i) should be the same. 
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However, due to the dificulty in defuiing the exact border of the telomere 

objects in different images as the objects becorne out-of-focus, the calculated 

IF1 values are different. 

Thus, the results suggest that the focus plane from which the image of 

the object is captured plays an important role in the accuracy of measuring the 

IF1 value of the object. If the IF1 vaiue obtained at each focus plane (calculated 

using equation 5.9) is summed to give the total IF1 value for the object (e.g. 

column 1 of Table 5.2), then the variation in the total IF1 value is only 3%. 

Thus, summing individual IF1 values calculated from a series of Mages 

captured a t  different focus planes generates more precise results than the IF1 

value calculated from an image captured a t  only a single focus plane. 

Instead of summing planar IF1 values of images taken a t  ail O. l p m  z- 

spacings, the summed IF1 values are calculated from images captured at larger 

sample spacings (e.g. 0.2, 0.3, and 0 . 4 ~  z-focus apart). As less z-focus 

planes are used in the summation, the resulting IF1 value will be 

proportionately srnalier (e.g. ody  half of the O.1pm z-spacing Mages are used 

in the 0 . 2 ~  sample spacing calculation and hence the generated IF1 sum is 

half that of the 0 . 1 ~  sample spacing calculation). Hence, the summed values 

are multiplied by the sampling frequency (e.g. 2, 3, and 4, respectively) to 

result in a similar magnitude in total IF1 as that of the 0 . 1 ~  spacing. The 

results of different vaxiations of the sampling just described are summarized in 

Table 5.2. 
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Object # I 
- -  

Object #2 

Object #3 

Object #4 

Object #5 

Object #6 

- - 

Object #7 

Object #8 

Figure 5.5. Simulated test object values and shapes. For dl objects, 
the horizontal direction represent the extent of luminance in the x- 
direction. For object #5, the vertical direction represent the extent of 
luminance in the y-direction. For objects #6, #7, #8, and #9, the 
vertical direction represent the extent of luminance in the z-direction. 



Table 5.1. IF1 values of Spical human telorneres at different focus levels. 
The bold face values represent the highest IF1 values over the range of focus 
levels for each telomere. 
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Figure 5.6. Normalized IF1 values at varying focus of different objects. 
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I t  c a n  be seen that if the IF1 calculation were summed over every other 

0.2 or 0.3 pn z-spaced images, the summed IF1 value can Vary by 5% amongst 

objects. The variation in the sum increased to 9% when every other 0.4 z- 

spaced images are summed. This suggests that images can be spaced at  up to 

0.3 p m  apart from one another without significantly increasing the error in the 

calculation of the summed IF1 value of the simulated object. 

Table 5.2. IF1 values of simulated test objects calculated at  different focus 
level sampling spacings. The summed value is obtained by including images 
spaced at 1, 2, 3, or 4 (0,lp.m) z-focus spacings. The first number in 
parenthesis (in the column heading) represents the z-focus spacing used to 
generate the summed value. The second number in parenthesis represent 
difierent starting point or offset (for each focus spacing) in which the sum is 
calculated. 

Obj. 

# 

1 
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5.5.4. Fluorescent Beads 

Images of difTerent size fluorescence beads (0.1, 0.2, 0.5, and 1.0 p) 

are acquired and the IF1 vatue at each focus plane and the total IF1 value of aii 

focus planes are generated for each bead. If we assume that the fluorescence 

intensity of the bead is related to the 3-dimensional size of the bead, then the 

IF1 of the bead would be proportional to the cube of its 1-dimensional size 

(diameter). The results of this experiment and the normalized expected 

theoretical IF1 values are sumrnarized in Table 5.3 and plotted in Figure 5.7. 

Diameter 
of Bead 

(P) 

0.1 

0.2 

0.5 

Table 5.3 IF1 values of difTerent size beads. 
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It can be seen from the graph (Figure 5.7) that the caiculated IF1 values 

for the beads correspond closely to the theoretical IF1 values. It can also be 
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seen that the IF1 value calculated at the best focus plane gives slightly more 

accurate results than the summed vaiue for ail focus planes in the cases of the 

larger size beads (0.5 and 1.0 p) The results show that our IF1 algorithm 

gives a good estimate of the IF1 of the bead. 
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Figure 5.7. IF1 distribution of different size beads. 

Similar to the analysis for the beads, images of different size telorneres 

within plasmids (150, 400, 800, and 1600 base-pairs) are acquired and the 

total IF1 value is generated for each plasmid. If we assume that the 



fluorescence intensity of the plasmid is related to the number of telomere base- 

pairs present jlike Our assumption for telomeres in chromosomes), then the IF1 

of the plasmid would be proportional to the number of base-pairs in the 

plasmid. The results of this experiment and the normalized expected 

theoretical IF1 values are sumrnarized in Table 5.4 and plotted in Figure 5.8. 
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Table 5.4 IF1 values of different size plasmids. 

Again, as with the results with the beads, the plasmid results also show 

good correlation between the calculated and the expected theoretical values 

(compare columns 4 or 6 with column 2 of Table 5.4). That is, our IF1 

algorithm gives a good estimate of the length of telomeres. The best focus IF1 

values are better matched to the theoretical values than the summed value for 

d focus planes. The variance of the calculated values are higher for the 
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smaller plasmids. This suggests that there are larger variation in the size of 

the telomere repeat sequence in srnalier plasmids. 
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Figure 5.8. IF1 Distribution of Different Size Plasmids. 

5.5.6. Summary of Algorithm Validation Results 

The previous three methods used to evaluate the IF1 value of the object 

showed that the IF1 of the object should be evaluated using images captured at 

difierent focus planes. The IF1 value evaluated using the IF1 value from the 

best focus plane image for the object produced similar results to the IF1 value 

evaluated using the sum of IF1 values from images at different focus planes. 

For the simulated objects, the best focus method results in 3% variation in IF1 

value amongst different objects while the summed IF1 values (up to sample 

spacing of 0 . 3 p )  from multiple focus plane method results in 5% variation. 
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For the beads and plasmids, both methods produce similar results. As there 

are more variabiiity in the smaller size beads and plasmids compared to the 

larger objects, the variations in their sizes are also higher. 

If only one image near the best focus plane for aU objects is used, the 

focus of individual objects in the image can be k 0 . 2 ~  from the best focus 

position for that object (as shown in Figure 5.6 for the simulated objects, Table 

5.5 for the beads and plasmids, and later in Table 5.6 for the telomeres). The 

IF1 value evaluated from a single image plane could then v a q  by 20% from the 

IFI value estimated from the best focus image. 

I 
- -- --- IO bject Z-focus position (microns) 1 

0.1 l m  bead 

0.2pm bead 
- -  - 

0.5pm bead 

1 .Opm bead 

150bp plasmid 

400bp plasmid 

800bp plasrnid 

1600bp plasmid 

Table 5.5 Nonnalized IF1 values of objects at different focus positions. 

These different methods of IF1 calculation is next applied to telomere 

images to see if similar results are obtained. 
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5.6. Human Telorneres Results 

5.6.1. Number of Focus Planes Required 

A similar type of analysis as that performed on the sirnulated objects is 

made on the telomere images (using equation 5-9 for each focus plane). Multi- 

focus plane images of telomeres are acquired at 0 . 1 ~  z-spacing. There were 

125 telomeres analyzed from the images. The IF1 for each focus plane for each 

telomere is generated. The results of some of the 125 telomere IFI's are shown 

in Table 5.6. 

1 Telomere 1 Z-Position (microns) 1 

Table 5.6. IF1 values of typical human telomeres at different focus levels. 
The bold face values represent the highest IF1 values over the range of focus 
levels for each telomere. 



It can be seen in Table 5.6 that the position of the in-focus plane 

(highest IF1 value) for each telomere in a metaphase chromosome sample varies 

by at least 0 . 4 ~ .  In addition, there is at  least a three fold difference between 

the lowest and highest value amongst the telomeres in the example. 

Figure 5.9. IF1 of typical human telomeres at different focus levels. 

The IF1 values a t  different focus planes are then normalized so that they 

can be compared with those of other telomeres. To nomaiize the IF1 values, 

the highest IF1 value for each telomere is set to 1.00. The IF1 values a t  other 

focus planes are then divided by the highest IF1 value for that telomere to give 



the nomalized results. A plot of the IF1 variations for the average of 125 

normaiized telomere IF1 values as a function of focus is shown in Figure 5.9. 

It can be seen from Figure 5.9 that if a single focus plane is used to 

represent the IF1 value of the telomere, there can be at least 10% error in the 

calculated IF1 if the telomere is 0 . 2 ~  out-of-focus. That is, if a single image is 

used to represent the best focus image for al1 telomeres, there can be some 

telomeres which are 0 . 2 ~  out-of-focus (Table 5.6). Hence, the calculated 

telomere IF1 value could be 10% less than their in-focus value. 

Sirnilar to the simulated objects, the total IF1 is calculated as the sum of 

values at three differently spaced z-intervals (0.2, 0.3, and 0 . 4 ~ ) .  The results 

of different variations of the sampling for the telomeres are surnmarized in 

Table 5.7. 

It c m  be seen from Table 5.7 that the standard deviation of the total IF1 

values for the 125 telomeres is approximately 18% of the average IF1 value. 

This implies that if the total IF1 is not cdculated over multiple focus planes, 

there can be 18% dflerence between the multi-focus plane IF1 value and the 

best focus IF1 value. The difference would be higher if the cornparison is made 

with the IF1 value calculated from the image where the telomere is 0 . 2 ~  out- 

of-focus (Le. if only one image plane is used in the analysis as in most 

quantitative cytometry studies). It can  also be seen that summing Mages at 

evmy 0.2 or 0 . 3 ~  z-spacing produce similar results with error of 

approxixnately 1.5% of the total IF1 value. The error more than doubles to 

3.8% when the summing step size is increased to 0 . 4 p .  Hence, a 0 . 3 ~  step 



size as predicted in Section 5.4 is used for acquiring multi-plane telomere 

images. The totai IF1 values for each telomere can then be obtained from these 

images. Altematively, a s  shown in the 3 IF1 validation experiments, the best 

focus image (selected as being the focus plane that gives the highest IF1 value 

for that object over 0 . 1 ~  z-spaced images) could be used to calculate the 

representative IF1 of the object. 

Table 5.7. IF1 values of human telorneres calculated at different focus level 
s a m p h g  spacings. For each z-spacing, there can be a number of different 
starting points or offsets from which the sum is generated. The summed IF1 
value is generated by summing the IF1 values fkom images at different z- 
spacings for each teIomere. The average of 125 summed IF1 values is 
calculated. For each z-spacing category, the average coefficient of variation 
(CV) is calculated (i.e. CV is the difference between the standard deviation and 
its mean standard deviation determined from within the z-spacing group 
divided by the mean standard deviation). 

2-Spacing 
(Pd 

Average 
IF1 

Offset 
(w) 

Standard 
Deviation 

T 

Average 
CV 



5.6.2. Telomere Distribution in Cells 

The distribution of telomere IF1 values in a cell is shown in Figure 5.10. 

It cari be seen that the plot is asymrnetric about its peak and resembles a 

Poisson distribution rather than a Gaussian distribution. An explanation for 

this is that there are variations in telomere lengths in a given ce11 a s  shown 

previously using the Southern analysis (Allshire et al. 1988). Even if all 

telomeres in the ce11 have the same telomere length to begin with, after a 

number of cell division, the rnajoriv of the telomere lengths wili be at around 

the same value. There are however, others which do not have a sirnilar rate of 

reduction in telomere lengths. Thus, a spread of long telomeres can be 

observed. The number of very short telomeres compared to the majority of 

telomeres in the cell is small because the cell has reached its cntical state and 

tends not to divide. If the normal cell happens to divide, only those cells which 

have longer telomeres wiil tend to survive. 

By analyzing less than 30 metaphases samples, a statistical 

interpretation of the IF1 distribution of the cell population can be obtained. 

Previously, using the Southern andysis, approximately 100,000 cells were 

required to give sirnilar resd ts  as ours. In addition, our IF1 analysis can give 

idormation of the IF1 distribution within each individual cells. If karyotyping 

(the identification/classification of each chromosome within a cell) is perf'ormed 

on the chromosomes, the IF1 of each of the 24 dif'ferent types of chromosomes 

in the cell and in a population of cells can be obtained. We have performed 



these studies on mouse telomeres (Zijirnans et al.; 1997) and the p-arm of 

chromosome 17 (Martens et ai; 1997). 

I 
IF1 Value (grey levels) 

Figure 5.10. Telomere IF1 distribution in a cell. 

5.7. Chapter Summary 

In this Chapter, we described what the IF1 of an object is and how it can 

be theoretically evaluated. We have shown that although objects occupy a 3D 

space, only one image obtained at  the focus plane is suffkient to determine the 

IF1 of the object. We next descnbed the diffculty in calculating the IF1 value as 

telomeres are in close vicinity of one another and hence their signal intensities 

overlap. The errors in IF1 caiculation as a result of segmentation are then 

discussed. 



We then introduced Our telomere segmentation algorithm. This 

algorithm is capable of separating images of point sources whose locations are 

4 pixels apart from one ariother. Our algorithm also segments objects over 

noisy and varying (not flat or similar in intensity) background intensities. 

Three methods of evaluating the IF1 value of an object are introduced. 

The first calculates the IF1 value of every objects within the image using the 

same focus plane image. The latter two rnethods use images captured from 

multi-focus planes. One rnethod selects the best focus (highest IF1 value) 

image for every telomere to evaluate the IF1 of the object. The other rnethod 

evaluates the IF1 value of the object as the sum of the correspondhg IF1 values 

for the object determined from images at equally spaced multi-focus planes. 

We used simulated objects, beads, and plasmids to evaluate and 

validate our IF1 segmentation and quantification methods. We then applied our 

IF1 algorithm on telorneres and compared the results. We have shown that our 

IF1 quantification algorithm can be used to estimate the lengths of telorneres 

(verified by the beads and plasmid experiments). We have also shown that 

images from more than one focus plane are required to reduce the errors in the 

IF1 calculation. The best focus IF1 value or the sum of IF1 values evaluated 

from multi-focus plane images give similar acceptable results. 
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Chapter 6. 
Segmentation of Chromosomes 

This chapter describes how we segment fluorescence microscopy images 

of metaphase (chromosomes which have duplicated but have not separated in a 

dividing ceil) chromosomes. The objective here is to determine the regions 

occupied by each chromosome in the image. By segmenting the chromosomes, 

the telomere IF1 values (obtained from Chapter 5) can be luiked to specific 

segmented chromosome objects. The user can then classify the chromosome 

type and the length of the telomeres of each chromosome can be obtained. The 

variabiliv in the chromosome texture (intensity) within individual 

chromosomes and amongst different chromosomes make it diflicult to find the 

exact borders of each chromosome. In addition, the high noise levels 

associated with low light level fluorescence images pose another difficulty for 

segmentation. Yet another segmentation difficulty lies in defining the 

boundaries of touching and overlapping chromosomes. Although one can 

select metaphases where all the chromosomes are isolated from one another, 

such images are rare to fmd. Hence, one typically scans a slide to fmd a 

metaphase where most of the chromosomes are isolated from one another and 

some of which are touching or overlapping. Images of these are then acquired 

and used for our analysis. 



We have applied several known edge detection filters to segment 

chromosomes. The edge detection filters tried included the traditional 

difference of Gaussians (DoG) filter ( M a n  1982) and the Canny fdter (1983). 

These edge detectors generate incomplete or discontinuous edge boundaries a s  

well as edges within and outside the chromosome region. Furthermore, 

additional processing (which can be quite computationally involved) are 

required to select and fine tune the edge pixels to form a continuous edge 

around each object. Thus, we developed a method which remedies the 

boundary discontinuity problem and give the required chromosome 

boundaries. Our method employs only integer operations and hence is faster 

to compute. This method involves a novel fiiter cailed the Rank Difierence fiter 

which can be used as an edge detector or a morphologicd filter. 

Due to the difficulties in chromosome segmentation mentioned above, 

there are no single or combination of segmentation techniques which can 

correctly segment ali chromosomes. J i  (1994) developed a method to segment 

chromosome images from brightfïeld microscopy (which has  better contrast and 

less noise than images from fluorescence rnicroscopy, the microscopy mode 

used in Our study). His method uses an iterative rule-based approach to 

obtain the required number of segmented chromosomes per image. We did not 

use Ji 's method because it can take a long time to compute (as many iterations 

may be required) and his method is not designed for chromosomes which has 

been stained to highlight their banding structures (such as the fluorescence 

DAPI stain that is used in Our study). We require this banding structure 

information for karyotyping (iden- the type of chromosome in a cell) such 
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that telomere length information of a particular chromosome in a ceii can be 

obtained. 

Commercial chromosome analysis systems (Applied Imaging Inc., 

Biological Detection Systems Inc., Vysis Inc., and Oncor I n s a m e n t  Systems) 

tend to use a simple semi-automated segmentation aigorithm to generate an 

initial estimate of the chromosome borders. The dgorithms iypicdy used for 

this step consists of fust interactively or automatically thresholding the image 

and then extracting the chromosomes borders from the thresholded image. 

Once the initial borders are found, researchers then rnanually ve* and 

correct the segmentation results. By using Our method, most of the 

chromosomes are correctly segmented. Hence, less user interaction is  required 

in the manual verificatior? process resulting in a less tedious and a more 

economical ove rd  interactive analysis. 

Our chromosome segmentation algorithm consists of a combination of 

different segmentation methods since a single technique does not produce good 

results. Each method or step in the sequence improves on the results obtained 

by the previous step. Thresholding is first used to defme the first 

approximation of the regions occupied by chromosomes. Texture information 

in the segmented region is then used to generate the second approximation of 

the chromosome region. In this step, we first detect the local high intensity 

pixels. We then use our Rank Difference filter as a morphological operator to 

merge detected pixels into different chromosome regions and at the same t h e  

separate touching chromosomes. Standard dilation and erosion morphological 

fdters were not used in this step because they do not perform a s  weii as our 
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filter for both merging and separating the ditferent chromosome regions. The 

final step fxst fmds the edges of the chromosome regions using Our Rank 

Difference fdter again, but this time it functions as an edge detector. Our Rank 

Dinerence fiter is simple, employing only integer operations, to implement and 

generates results comparable to or better than the more complex edge detectors 

(difference of Gaussian and Canny). The edges are then used to refme the 

borders for each detected chromosome region. Feature values are extracted 

from each chromosome region and these extracted values are used to reject 

objects whose signal intensities are too weak and whose sizes are too srnall to 

be chromosomes. Finally, the segmented telomere image is used to confirm 

that the segmented regions are indeed chromosomes with telorneres located at 

their ends. 

As the Rank  Difference fiter is used in two stages of Our segmentation 

a lgo r i t h ,  we first describe the formulation and usefulness of this fiiter 

(Section 6.2). We then compare the edge detection properties of our Rank 

Difference filter with those of traditional edge detectors (Section 6.3). Finally, 

we describe the details of our chromosome segmentation algorithm as outlined 

above (Section 6.4-6.8). 

6.2. Rank Difference Filter 

Our Rank Difference filter is formed from a difference of two rank filters. 

Rank filters are widely used in image processing. A popular and commonly 

used rank fdter, the median filter, removes random noise and preserves edges 

in images (Huang, 1979, Russ and Russ, 1986). Another commonly used rank 
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fdter, the maximum or minimum rank flilter, is used to obtain smooth 

background regions (Bright and Steel, 1986). By cornbining the maximum and 

minimum rank fitered images and calculating the difference, another image 

containhg the maximum local contrast in the original image (Russ, 1990) is 

generated. From this latter filter, we obtain the R a n k  Difference füter by 

extending the choice of rank filters in the difference to include those in between 

the minimum and maximum ranked values. As a result (as shown later in this 

section), the choice of rank filters to use in the merence determines the fiter's 

tolerance to random noise in the image. I t  is also shown later in this section 

that Our Rank Difference filter can be used as a selective morphologie fiter. 

This fîlter has  properties which out-performs those of other filters for use in 

chromosome segmentation. 

In formulating the Rank Difference fdter, we fiist d e f i e  a region S(i(x, y)) 

in the image i(x,y) containhg a total of v pixels and a pixel (x, y) which may or 

may not be inside S(i(x,y)). The magnitudes of the pixels in S(i(x,y)) are 

ordered such that the smallest value is denoted by R,[S(i(x,y))] and the largest 

value is denoted by R,,[S(i(x, y))]. The rank fdter R,[S(i(x, y))] is the filter whose 

output is the iCh s rnaes t  value of the pixels in S(i(x,y)). Our Rank Difference 

filter Ru, ,[S(i(x, y))] simply combines the difference of two rank filters, an upper 

rank R,[S(i(x,y))] and a lower one R,[S(x, y)], into one fdter as follows: 



The output value of the Rank Dlfference füter is thus the difference 

between the uth srnailest value and the P smaUest value of the pixels in 

S(i(x, y)). This value is assigned to the corresponding pixel (x, y) in the filtered 

image. The Rank Difference filter image is then generated by performing the 

above operation on all pixels in the image. 

The behaviour of this fiter is govemed by a number of parameters: i) the 

location of pixel (x, y) in the region S(i(x,y)), ii) the shape and size of S(i(x, y)), 

and iii) the values of the upper and lower r a d  numbers u and 2. First, the 

location of pixel (.,y) with respect to the region S(i(x, y)) determines the location 

of the resulting edge in the generated edge image with respect to those in the 

original image. This phenornena is illustrated in Figure 6.1. Pixel (x,y) can be 

located anywhere within or outside S(i(x,y)). This füter treats ail locations in 

S(i(x,,yl) equaliy since only the magnitudes of the intensities in S('(x,y)) 

determine the outcome. For the generated edges to be weil registered with 

respect to the original image, (x,y) should be located as close to the center of 

S(i(x, y)) a s  possible (Figure 6.1 b). In this case, the magnitudes of the pixels in 

the vicinity surrounding the pixel (x,y) determines the fate of that pixel and 

hence, there is no pixel shift in the resulting edge. If the pixel (x,y) is away 

from the central point of the region S(i(x,y)) (i.e. outside the region), then an 

image shift occurs in the result (Figure 6 .1~) .  In this instance, pixel (x,y)  is 

replaced by the result of the Rank difference operation calculated over a region 

which does not include pixel @,y). 
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Central Pixel 
(x,y 

Filter Operation 

Region S(i(x,y)) 

Figure 6.1. Central pixel of rank difference filter. 

Second, the shape of region S(i(x,y)) determines which spatial orientation 

of edges are emphasized more than others. This region can assume any shape. 

With a square shaped region, the fiter emphasizes those edges which are at an 

angle more than those edges which are perpendicular or parallel to the square 

edges. This phenornena is iiiustrated in Figure 6.2 where circular and 

rectangular test objects located at dzerent angles from the horizontal axis are 

used. Hence, a square shaped region would be useful for detecting objects in 

the image which lie in one general orientation (Figure 6.2b). With a circular 

shaped region, edges in ail direction will be equaily emphasized (Figure 6 . 2 ~ ) .  



TELOMERE LENGTH MEASUREMENTS USLNG FLUORESCENCE IU~CROSCOPY 140 

That is the detected edges of the circle and diagonal lines have sirnilar widths. 

Since the chromosomes in Our analysis cari lie in any orientation, a circular 

region is preferred. 

Central Pixel 1 

Filter Operation 

Region SMx,  y) 

Figure 6.2. Shape of rank difTerence fdter region. 
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(ii) ( i i i )  (iv) 

Figure 6.3. Size of rank difference füter region. The original image is in row 
(a). Operations with the 3x3, 5x5, and 7x7 fdter regions are shown in rows (b- 
d),  respectively. Column (i) shows the füter region. Column (ii) i s  the original 
image. Column (iii) and (iv) have added uniform noise of standard deviation of 
0.5 and 5.0 added, respectively. 
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The size of the region s(x,y) is found to determine the spatial resolution 

of the details/edges in the image. For example, in a 3x3 square pixel region, 

edges which span over 3 or kss pixels wide can be detected. Smail region sizes 

are preferred over larger ones because they require less tirne to process. With a 

smaller region size, however, it is more difficult to obtain a circular looking 

region in a rectangular pixel grid. For example, in a 3x3 pixel rectangular area, 

all 9 pixels in the square region would be used to approximate a circular 

shape. Hence, there is a compromise as to which füter size should be used in a 

given application. Figure 6.3 shows the results of applying different size filter 

regions to the test image. With noise free images a s  shown in Figure 6.3ü, the 

edges in the resulting Mage tend to be thick and similar in width to that of the 

filter's size. With noisy images, the larger size fdters tends to do a better job of 

seleceing the edges (Figure 6.3iii and iv). For example, even when uniform 

noise of standard deviation of 5.0 is added to the test image such that the 

objects cannot be visu- identify amongst the noise in the image, Our 7x7 

Rank Difference fdter is able to ident@ the edges (Figure 6.3d,iv) 

The upper and lower rank numbers, u and 2, determines the filter's 

tolerance to noise in the image and the thickness of the edge in the resulting 

image. By choosing the highest number ( v )  for the upper rank and the lowest 

number (1) for the lower rank number, the füter generates an image consisting 

of the largest local intensity differences (Figure 6.4). This special case of Our 

Rank Difference filter becomes the filter used by Russ (1990). As the upper 

and lower rank numbers are moved away from their extrerne values, the edges 

generated by the fiter are thinner and less intense (Figure 6 .4~) .  There is a 

point when the edges become too thin that they disappear resulting in a 
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discontinuous border around the object (Figure 6.4d). If the maximum and 

middle rank numbers are used as the upper and lower rank numbers in the 

Rank Difference filter, the outer edge of the object (increased by haM the width 

of the filter) results (Figure 6.4e). Similarly, if the middle and lowest rank 

numbers are used, the ùiner edge of the object results (Figure 6.40. This is 

true even in the presence of noise as shown in Figure 6.5. 

Figure 6.4. Effect of varying upper and lower rank numbers. The original 
image is shown in (a). A circular 7x7 Rank Difference is applied (as 
shown in Figure 6.3di). The maximum rads of 37 and minimum rank of 
1 is used in (b). The upper and lower rank numbers are (29,9), (22, l6), 
(37,30) and (8,l) for (c) , (d) , (e), and ( f )  , respectively. 
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Figure 6.5. Effect of additive noise and varying upper and lower 
numbers. Unifonn noise of standard deviation of 1.0 is added to the 
original image and the result is shown in (a). A 3x3 Rank Difference is 
applied. The maximum rank of 9 and minimum rank of 1 is used in (b). 
The upper and lower rank numbers are (7,3), (6,4), (93) and (5,l) for (c), 
(d), (e),  and (0, respectively. 

6.3. Cornparison of Edge Detectors 

In this section, the performance of Our Rank Difference filter is 

compared with other edge detectors: the difierence or Laplacian of Gaussians 

and the Canny. A variety of different test images are used in the cornparison. 

The fist test image consists of rectangular and circular shaped objects. As 
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explained in section 6.2 (Figure 6.2), the rectangular objects are oriented at 

vaxying angles from the horizontal axis of the pixel grid such that the fifiter's 

performance to edge orientation can be tested. The results of the edge 

detection filters are shown in Figure 6.6. It can be seen that the DoG fdter 

performs the best in d e f i g  the edges of the test object. Our Rank Difference 

filter performs similarly with edges which are slightly wider (2 to 3 pixels in 

width) than that of the DoG result. The Canny filter did not perform as weU as 

the others in defining the corners of the square and rectangular objects. 

Figure 6.6. Performance of edge fllters on test object. The original image is 
shown in (a). The results of the 3x3 median and then Rank Difference 
filter, R(8,2) ,  is shown in (b). The results of the D o G  (O = 16) and Canny 
(O = 3) füters are shown in (c) and (d), respectively. 
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Figure 6.7. Performance of edge detectors in presence of noise added to the 
test object. The top row represent the original test objects. From left to 
right, the images contains additive Gaussian noise of 0.5 and 1.0 
standard deviation, and additive unifom noise of 1.0 and 7.0, 
respectively. The second row is the results of applying the median and 
Our Rank Difference fïilter (7x7 circular R(3 1,7), 7x7 circular R(3 1,7), 3x3 
square R(9,1), 7x7 circular ( 3 7 4  The third and fourth rows are the 
results of the DoG (o = 16, 16, 14, 16) and Camy (a = 3, 4, 4, 5) fdters, 
resp ectively. 



Random noise is then added to this image to test the filter's tolerance 

level to noise. The results are shown in Figure 6.7. To filter some of the noise 

in the images, we first applied a similar size median filter before we applied our 

Rank Difference füter. The use of the median filter significantly reduce the 

number of false edges introduce by our frlter. From the results shown in Figure 

6.7, it can be seen that the DoG fdter performs the worst in defiking the edges 

of objects. The Canny filter perform the best on images with additive Gaussian 

noise. O n  the other hand, Our Rank Difference filter performs the best in 

situations where uniform noise is added to the original image. The corners of 

the objects are generaLly more preserved using our filter. Our fdter was also 

able to detect most of the edges in the noisy uniform image where it is even 

difficult for the eye to distinguish ail +he edges (Figure 6.7, top 2, right images). 

Images of real objects are then used to evduate the performance of the 

edge fùters. First, an image of peppers is used to compare the various edge 

fdters (Figure 6.8). The DoG filter again has the worst pedormance. The 

location of the edges do not exactly correspond to the location of the edges iri 

the image but are in the vicini@ of the true edges. The Canny filter performs 

the best. Sharp, single pixel wide borders in the resulting image correspond 

closely to the true edges of the image. Our R a n k  Difference fïiter performs 

almost a s  good as  the Canny filter. The edges are wider and more fuzzy and 

they also match the location of the txue edges in the original image. 
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Figure 6.8. Performance of edge detectors on the peppers image. The original 
image is  shown in (a). The results of our 3x3 Rank Difference (R(9, l)), 
the DoG (a =20), and the Canny (0 = 1) filters are shown in (b), (c) ,  and 
(d) , respectively. 
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The effects of the filters performance to additive Gaussian noise are then 

examined (Figure 6.9). A degradation in defining most of the edges and their 

true locations is evident compared to the fdters' performance on the original 

image. More false edges (as a result of the added noise) are aiso detected. This 

is especially true for our Rank Difference fdter. Again, the Canny flilter perform 

the best in definùlg the major edges of the image. Our Rank Difference fdter, 

however, does a better job of defuiing the true location of the borders as seen in 

the border between the long pepper and the light coloured pepper. I t  is also 

observed that more noise in the image typically requires more pre-ritering. 

That is the noise parameter needs to be increased in the DoG and Canny f'ilters 

and the kemel size needs to be increased in our R a n k  Difference fiiter to obtain 

favourable segmentation results. 

The effects in the performance of the frlters to additive uniform noise is 

also examined (Figure 6.10). A similar result is seen as that for the case of 

additive Gaussian noise. The exception is that our Rank Difference filter 

performs better with additive uniform noise than Gaussian noise. In  this 

instance, more pronounced edge pixels correspond closely to the exact 

positions of the edges in the original image. 



Figure 6.9. Edge filter performance of peppers image with additive Gaussian 
noise. Gaussian noise of standard deviation of 0.5 is added to the 
original image to result in (a). The results of the median and our 7x7 
circular Rank Difference (R(3 1,7)), the DoG (a =24), and the Canny (O = 

3) filters are shown in (b), (c) ,  and (d), respectively. 



Figure 6.10. Edge fdter performance of peppers image with additive uniform 
noise. Uniform noise of standard deviation of 3 is added to the original 
image to result in (a). The results of the median and our 7x7 circular 
Rank DifEerence (R(374, the DoG (a =25), and the Canny (a = 6) fdters 
are shown in (b), (c) ,  and (d), respectively. 
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An image of metaphase chromosomes is then used to compare the edge 

fdters (Figure 6.11). Also shown in this figure are the filters performance on 

the Gaussian and uniform noise added to the original image. Like the other 

examples, the Canny fdter performs the best overd in terms of detecting the 

chromosome edges. Our Rank Difference filter gives thicker boundaries and 

also has better localkation of the tnie edges of the chromosomes in the image. 

Our Rank Dzerence filter aIso perform weii on images with additive uniform 

noise and not as  weU on images with additive Gaussian noise. 

With ail three filters, as more noise is added to the image, more 

processing t h e  is required. Larger fdter sizes are generaiiy required to smooth 

out the noise in the image. As the filter size increases, the processing time also 

increases in a relationship of approxkately the square of the size of the fdter. 

The operations in the Rank Difference filter are based rnainly on the sorting of 

integers. On the other hand, both the DoG and Canny filter utilizes floating 

point arithmetic which takes much longer time to process. 

Although the Canny filter generates the best edges of the three edge 

detectors tried, the results are not good enough for our purpose as many 

touching chromosomes are not properly segmented and many edges are not 

connected (discontinuous object boundaries). Thus, we have to develop a 

better technique which overcornes these problems. Our technique contains a 

number of segmentation steps and includes the use of Our Rank Difference 

frlter in two of these steps. 



Figure 6.1 1. Edge flter performance on chromosome image. The onginai 
images are shown in the top left. The top right image have Gaussian 
noise with a standard deviation of 0.3 added. The second row are the 
corresponding results of the Rank DBerence filter (3x3 square R(7 ,3 )  
and 7x7 circular R(31,7)). The third row are the corresponding results of 
the DoG filter (a =5 and 11) .  Finally, the last row are the results of the 
Canny filter (O = 1 and 3). 
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6.4. First Approximation to Edges: Thresholding 

In this and the following two sections, we describe the details of each of 

the three steps of Our segmentation algorithm. The first step in Our 

segmentation algorithm generates an approximate chromosome region or mask 

by determining which pixels belong to the background. These pixels are then 

excluded from further anaiysis. Thresholding is chosen for this step because it 

is simple to implement. Thresholding performs weii on most isolated 

chromosomes but behaves poorly in segmentkg touching and almost touching 

chromosomes (Figure 6.12f,g,h). The chromosome regions are faded into the 

background as the threshold level is increased. It cari be seen that no one 

threshold can be used to segment all chromosomes, especially those which are 

touching. Even adaptive thresholding does not separate nearby chromosomes 

as the intensiv levels of the overlapping and touching pixels are much similar 

in values to those pixels within the chromosomes. This similarity in ïntensity 

levels can be seen in Figure 6.12 where the original image is thresholded to 

generate thresholded images a t  various intensity levels. A s  seen in the 

thresholded images, no single threshold can be used to separate al1 

chromosomes. As we are only interested in an approximation of the 

chromosome region in this step, we chose a conservative threshold level such 

that the background region constitute a large portion but more importantly no 

chromosome region is eliminated from the thresholding process. 
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Figure 6.12. Chromosome image at various thresholds. The original image (a) 
is thresholded at 90 to 150 in increments of 10 grey levels to generate 
binary images (b) to (h). In the binary images, gray levels above the 
threshold are represented by white. image (i) shows the result of setting 
all values of the original image which are below the threshold of 110 grey 
level to a value of 1 10. 
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To obtain the vdue of the threshold, a histogram of intensity levels of the 

chromosome image is first generated. Traditional thresholding techniques 

generaliy search for the v d e y  between the peaks in the histogram or for a 

location at a certain distance fkom a defmed location of the maximum peak. 

These traditional techniques can not be used for the chromosome images 

because of the following reasons. First, even if smoothing is applied to remove 

the noise in the image, the histogram may contain more than 2 peaks. Second, 

the histogram rnay contain only one peak, a s  the chromosome pixels are 

spread almost uniformly over the intensity scale. Lastly, the maximum peak in 

the histogram do not always correspond to the mode of the background pixels, 

but can represent different chromosome regions (i.e. dark or bright bands in 

the chromosome). Hence, we use a different technique in obtaining the 

threshold level. In our method, we First defme the range in which the 

chrornosorne and background pixels lie. Most artifact and extrerne noise pixels 

are fust rejected from this range. The minimum Ievel is then the Ievel where 

approximately 0.2% of the total number of pixels in the image have lower 

intensities. Sirnilarly, the maximum level is the level where approxixnately 

0.2% of the total number of pixels in the image have higher intensities. The 

selected minimum and maximum intensiv levels then defme the range of 

intensities corresponding to approximately 99.6% of the total pixels in the 

image. A threshold level, T, is then set at 315 of the intensity range from the 

minimum intensity level. This threshold Zevel was found to work best for 

images acquired under a number of different situations. This Ievel corresponds 

mostly to those background pixels which are near the borders of chromosomes. 

The pixels away from the chromosomes generdiy have intensiw values below 



this level. As there are relatively few pixels in the image at or near the 

threshold level, an error of approximately 10% in the exact location of +he 

threshold level would result in approximately 1 pixel shift in the borders of the 

segmentation result (Figure 6.lOc,d,e). This shift is not significant since the 

purpose of this step is to remove the pixels in the background which are away 

from the chromosomes. Those background pixels which are close to the 

chromosomes would be segmented in later steps. The fist approximation 

image to the chromosome regions i,(x,y) is then the thresholded version of the 

chromosome image i(x, y) and is given by the following: 

Once the threshold value is found, all pixels in the image which are 

below the threshold are set to the threshold (background) level (Figure 6.10). 

Note that this f rs t  approximation of the segmentation may contain a few 

erroneous pixels both wittiiri and outside the chromosome. 

6.5. Second Approximation to Edges: Texture 

Detection 

The second step in our segmentation algorithm refines the chromosome 

regions obtained from the f r s t  approximation. In this step, we search in the 

previously defmed regions for texture infoxmation which is characteristic of the 

banding structures and the texture in the chromosomes of fluorescence images. 

This search process is divided into two parts. The f i s t  part imds points in the 
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approximated region with hi& local intensities. The second part then expands 

these points into their neighbours to defrne the chromosome regions. 

To fmd the local high intensity points, we use the Average Difference 

frlter descnbed earlier in Section 5.3. This tune, instead of using a 3x3 region, 

the value of the l o c d y  averaged image at (x,y) is the average value of the 

intensities over a 5x5 square neighbourhood region center about (xJy). This 

larger filter region smoothes out more noise and texture that are present in the 

chromosome images. We then impose a non-negative constraint on the 

difference image. The entire process is formulated as foilows: 

(b) ifj(x,y)~0,replacebyj(x3y)=0 
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Figure 6.13. Second approximation to edges: texture detection. The 
thresholded image is generated from the first approximation step and is shown 
in (a). A 5x5 average fiter is then applied to result in (b). The average 
difference is then generated by subtracting Mage (b) from (a) to result in image 
(c) .  The background has a value of O . Darker regions represents negative 
values while brighter regions represent positive values. The positive values of 
image (c) is then shown in (d). 



As a result of this operation, the background regions, which are close to 

the chromosomes, and most of the chromosome edges are set to O because its 

resulting intensity is beiow the local average of the first approximate 

segmentation (6.13). The isolated background regions where variation in 

intensity can result in positive difference values are not considered because 

these points have been rejected by thresholding in the previous step. Detected 

points (those set above 0) are found scattered further inside the chromosome 

as the image intensity difference begins to fluctuate between positive and 

negative values (Figure 6.13d). This fluctuation is due to the banding 

structures of the cfiromosome and the random noise in areas where the 

chromosome intensities are similar. These cluster of detected points are 

usually less than 2 pixels wide. Most of the points in-between t o u c h g  

chromosomes are also eliminated, since they have negative difference values. 

The second part in the texture detection algorithm is to expand and 

connect the detected texture points into chromosome regions. Morphological 

filters (dilation filter and combination of erosion and dilation fiiters) are the 

obvious choice of algorithms to use. For example, in a 3x3 dilation filter, the 

value of the pixel is set to 255 if a selected number of the pixel's 

neighbourhood has a value of 255. Otherwise, the pixel value is set  to O as 

most of the neighbours have a value of O. Hence, the gaps in between detected 

chromosome points which are mostiy 2 or less pixels wide are fded and set to 

a value of 255. This filter also fills the region between touching chromosomes. 

If the erosion filter (the fdter where pixel values are set to O if some of its 

neighbours are O and to 255 otherwise) is used prior to the dilation fdter for the 
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purpose of separating chromosomes, the chromosome itself (clustered points 

mentioned above) may become separated by the process. 

We overcome this challenge of joining chromosome points and still be 

capable of separating touchuig chromosomes by using our Rank Difference 

fiter which we developed and described earlier in Section 6.2. As the gaps to 

be f i e d  are 2 or less pixels wide, a 3x3 neighbourhood region So(x,y)) is 

chosen. Larger neighbourhoods will increase the processing time with no 

signifkant improvement on the results. An upper and lower rank number of 7 

and 1, respectively is chosen. The Rank Difference image is then binarized by 

s e t h g  all negative values to O and all others to 255. The resulting image 

iî(x, Y) (Figure 6.14b) is the second approximation to the chromosome region 

and is given by: 

4 i2 k Y) = Sl ik  Y)))] 
b) ifi2(x,y)~O,replacei2(x,y]with255 

otherwise replace i,(x, y) with O 



Figure 6.14. Rank merence  of the average difference image. The positive 
portion of average difference image is shown in (a). The thresholded Rank 
Difference operation on (a) is shown in (b). 

This selection of rank numbers and binarizing dictate that if +here are 3 

or more pixels in the 3x3 neighbourhood which have a value greater than the 

lowest value in the region, the value of the pixel is set to 255. Otherwise, the 

pixel value is set to O. Hence, this idter behaves like a selective dilation and 

erosion filter. It is identical to the dilation fiter if the lowest value is always O 

(which is not the case in Our images) and aLi other values are binarized to 255. 

Points with similar edge magnitudes in a neighbourhood are eroded and set to 

zero (e.g. edges of chromosomes and some areas in between chromosomes). 

Conversely, varying magnitude points are dilated and set to 255 (e.g. areas 

within the chromosome). The result is a more refined mask of the chromosome 

region. It resembles a skeleton outline of chromosomes as only the intenor of 
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the chromosome is  present and most of the edge pixels are eliminated. Almost 

all background regions and regions in between touching chromosomes are 

removed by this Rank Dinerence fdter operation. 

6.6. Third Approximation to Edges: Region 

Refinement and Labeling 

The fuial step in determinhg the chromosome region is to refme the 

results of the previous approximation to obtain a better estimate of the 

chromosome border and to label or distinguish the region of one chromosome 

from another. At this stage, we can use either the Difference of Gaussian, 

C a m y  or Rank Difference filter since for binary pictures (Figure 6.6), they ail 

produce good results. We chose to use Our R a n k  Difference filter because of 

the following reasons. First, the algorithm is already avaiiable within the 

program. Second, the algorithm uses only integer operations and is less 

complex and hence it is faster to cornpute. Last and most importantly, the 

Rank Difference fdter gives thick edges at the appropriate locations such that 

some of the remaining touching chromosomes which are not segmented in 

previous approximations can be separated. In this instance, the Rank 

Difference Filter is used as an edge detector instead of a selective dilation fdter. 

The purpose of this filter operation is to determine the borders of the 

chromosome regions. This filter operates over a 3x3 neighbourhood using 9 

and 1 a s  the upper and lower rank numbers, respectively. This frlter generates 

the boundary image b(x,y) which is defmed as follows: 
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Since the input image is binary, the resulting image is also binary 

(values of O and 255). The fdter generates thick edges (approxixnately 3 pixels 

wide) around the boundaries of the chromosome. Pixels in between touching 

chromosomes which have 4 or less continuous pixels now becorne an edge 

pixel and are set to 255. A logical arithmetic operation is then employed to 

separate the touching chromosomes. In this operation, a new chromosome 

region, m(x,y) i s  generated based on the logicai AND (O) of the previous 

chromosome approximation region, i,(x) y), with the logical NOT (-)of the newly 

calculated boundary image, b(x, y) a s  follows: 

The resulting image, m(x,y) then contains regions defmed by the second 

approximation image i2(xJ y) less those boundary pixels which Lie in both i& y) 

and b(x,y). Although the regions found are smaller than the actual regions of 

the chromosomes, they are mostly distinct and isolated from one another. 

Each object is next labeled such that each isolated region is given a distinct 

number. The size of the region of each labeled object is  then increased such 

that it is representative of the size of the chromosomes. This increasing 

process is accomplished by dilating each labeled region twice using a 3x3 

dilation fiiter. In this dilation process, the center pixel in the 3x3 region is set 

ta 255 if any of the pixels in the region has a value of 255. Othenvise, the 

center pixel is set to O. As different label numbers are used in the dilation 

process, regions which touch one another &ter the dilation are kept distinct 

with different label numbers. 
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Figure 6.15. Thud approximation to edges: region refmement and labeling. A 
3x3 R(9,l) Rank Difierence füter is applied to the result of the second 
approximation step (Figure 6.14b) and is shown in (a). A n  inverse of image (a) 
is generated and shown in (b). A logical AND is performed on the image from 
the second approximation step (Figure 6.14b) and the image in (b) to give 
image (c).  Objects which touches the edges of the image are deleted. The 
image is then labeled and dilated. A border is then placed around each labeled 
chromosome to result in image (d). 
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6.7. Feature Extraction and Artifact Removal 

In all previous steps, no a-priori morphological idormation about the  

chromosome is used. In  this step, we utilize features of the ttchromosome" 

objects as parameters for rejecting artifacts from the detected objects from the 

third approximation image. Chromosome objects are generally more intense 

than artifact objects which have intensities simitar to that of the background. 

Hence, the IF1 over the defmed area of the object can help in object 

discrimination. The area i s  calculated from the total number of pixels within 

the labeled object. The IF1 is calculated by first summïng the intensities of al1 

pixels in the detected object and then subtracting the average background 

intensity multiplied by the number of pixels in the detected region. The 

background is calculated by determinhg the average intens iw of the pixels 

which lie just outside the object region. Finally, the decision for rejection is 

then to eliminate objects which are dim and have an average of 5 or less gray 

levels above the background intensity level. 

6.8. Associate Telomere with Chromosome 

To further r e f i e  both the telomere and chromosome regions, both the 

telomere and chromosome images are used. Other chromosome segmentation 

algonthms do not have our added advantage of having corresponding telomere 

images which can help in defining the ends of the chromosomes. As there are 

no corresponding reference points in the telomere and chromosome images for 

image registration, a probabilistic matching of the two images i s  first 

perfomed. The telomere image is shifted at 2 pixel steps in both the x and y 
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directions from the chromosome image. At each shZt position, the number of 

telomeres that are located within the chromosome regions are determined. The 

shift number which corresponds to the largest number of telomeres found 

becomes the chosen shift value. 

Once the shift values have been found, the number of telomeres within 

each labeled chromosome can then be cdculated. As there can oniy be four 

telomeres in a chromosome, telomeres or chromosomes which do not follow 

this mle are highlighted accordingly such that they can be easily seen during 

the manual edituig and verification stage. Those telomeres which are more 

than 2 pixels away from any chromosome mask are treated a s  artifacts and are 

rejected from further analysis. An example of the results of overlaying the 

telomere borders ont0 the chromosome image and segmented results are shown 

in Figure 6.16. In this image, the details within the chromosomes are 

enhanced by contrast stretching such that they can be more readily seen. The 

background is also set to a gray colour (instead of the normal black) for visual 

enhancement of the details. It can be seen from the image that some of the 

telomeres are lying partiaily or just outside the chromosome border (e.g. 

chromosomes #6 and #7 in Figure 6.16). These telomeres are properly 

associated with the correct chromosome. 
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Figure 6.16. Chromosome and telomere segmentation results. The borders of 
the chromosomes and telorneres are shown in black. The background of the 
original image is changed from black to gray and the intensities within the 
chromosome are contrast enhanced and inverted to help visualize the details 
within. Chromosomes which lie on the boundary of the image are not 
segmented in the algorithm but theù telomere results which do not lie on the 
image boundary is shown. 

6.9. Segmentation Pedormance 

Our segmentation method described is compared to the best of the 

different edge filters previously descnbed, the Canny filter, for chromosome 
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segmentation. Sample chromosome segmentation results from the Canny and 

our method are shown in Figure 6.17. 

Figure 6.17. Cornparison of our segmentation algorithm to the Canny fiter. 
The original Mage is shown in (a). The results of the Camy filter is shown in 
(b). The results of our algorithm is shown in (c).  In OUT algorithm, al1 
chromosomes have closed boundaries and chromosomes which touch the edge 
of the image are discarded. 

It can be seen that our method gives superior results compared to the 

Canny filter. The borders in our method encornpasses the outer edge of the 

chromosome. The larger mask would help in associating individual telomeres, 

which can f d  outside the chromosome region, to the corresponding 

chromosome. The borders shown are continuous and they properly describe 

the region occupied by the chromosome. Even the background in between the 

arms of chromosomes are marked a s  not being part of the chromosome. in the 

Canny image however, some of the chromosomes (in particularly the smailer 

ones) do not have continuous boundaries. The edges within the chrornosomes 

are dso  not properly joined such that these background regions are properly 

classified. 
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It is dinicult to accurately quanti@ the performance of our aigorithm. 

There are a number of reasons for this. First, metaphase chromosomes are 

manuaiiy selected. Hence, the performance of Our aigorithms is largely 

dependent on which metaphases are selected for the analysis. Second, we do 

not have access to commercial chromosome segmentation packages from which 

we can compare our results. Lastly, there are cases where visually, it is 

difficult to distinguish which portion of a touching or an overlapping 

chromosome belongs to which of the two chromosome. 

Thus, we performed a qualitative evaluation of our segmentation 

algorithm. From the hundreds of metaphase chromosomes analyzed, there are 

a number of different types of errors obsewed. Most of these errors can be 

subsequently corrected by interactively editing the generated results. First, 

errors may arise when some touching or overlapping chromosomes are not 

properly separated. In these instances, the intensities at the borders resemble 

those withùi the chromosomes. Thus, we included a utility to force regions to 

split by drawing cutting lines in the image before the segmentation is 

performed. Second, chromosomes may be improperly separated. This usuaily 

occurs at  the boundaq of chromosomes where the observed intensities in the 

overlapping region are more intense than those observed in non-overlapping 

regions. This split can also occur in an ann of the chromosome where a 

substantially wide dark band is present. These split regions can be joined 

together d u ~ g  the interactive editing phase. Third, telorneres may be 

assigned to the wrong chromosome as they are more in the vicinity of another 

neighbouring chromosome or are outside the borders of the telomere search 

region. Finally, telorneres may not be properly paired and ordered within the 
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chromosome. With the editing features, proper pairing and labeling of each of 

the telorneres in the p and q arms of the chromosome can be made. 

Although there may be some errors in segmentation using Our 

segmentation aigorîthm, there are considerable regions which are correctly 

segmented. As our segmentation aigorithm is used to pre-process the acquired 

images before manuai editing, substantial savings in time have resulted as a 

majority of chromosomes are correctly segmented. With the interactive editing 

features, nearly ali chromosomes cari be separated and analyzed. 



Chapter 7. 
Conclusion and Future Suggestions 

We have accomplished the objectives set forth for this project. Based on 

the work described in this thesis, our original hypothesis, which postulates 

that the length of individual telomeres in a cell can be determined from digital 

images of fluorescence in situ hybridization prepared ceiis, is accepted. This 

conclusion is based on our studies described in Section 7.3. In order to 

perform these studies, we had to develop the hardware system, algorithrns, and 

software to aliow for reliable measurements. Conventional systems using the 

Southem analysis can only determine the average length of telomeres of a 

population of ceus, but can not determine the length of individual telomeres 

belonging to every chromosome in a cell. A summary of our work and the 

performance of our system are discussed in Section 7.2. Our system is 

currently being used in the Terry Fox Laboratory at the B.C. Cancer Research 

Centre and in the Netherlands on a routine basis to study the behaviour and 

role of telomeres in cells. Two such studies are described in Section 7.3. There 

are also plans to utilize our analysis system and extend the telomere studies 

into Germany and the United Kïngdom. Improvements to the system and other 

areas of development are discussed in Section 7.4. 
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7.2. System Performance 

With the telomere anaiysis system that we developed, the distribution of 

telomere lengths of the cells under study can be generated (Lansdorp et al., 

1997). The advantage of our system is that significantly fewer ceiis (less than 

30 cells) are required to obtain results compared to the conventional Southem 

analysis which requires andysis of approximately 100,000 cells. This makes it 

possible to c a r y  biological studies when only a limited number of cells are 

available for analysis. In  addition, telomere length studies can now be carried 

out on individual cells as well as individual chromosomes in every celI. 

No other method is currently available to determine the length of 

individual telomeres. Hence, no direct method for ve-g the accuracy of our 

algorithms for telomere length measurements is available. For this reason, we 

resorted to indirect methods to validate our fluorescence measurements. For 

this purpose, we used objects of known fluorescence intensities which 

resemble telomeres. These objects included i) simulated objects of different 

shapes and sizes, ii) fluorescence beads of known size and relative fluorescence 

intensities, and iii) plasmids with known telomere insert lengths (which are 

typically an order of magnitude less in length than the telomeres in the cells). 

Our algorithm estimated the integrated fluorescence intensity (IFI) of simulated 

objects of varying shapes and sizes to within &3%. The estimated mean IF1 

values correlated weil (correlation coefficient of 0.99) with the size of the 

fluorescence beads and with the length of telomere insert in plasmids (Martens 

et al., 1997). The standard deviation in the estimation ranged from 2% for the 

lpm beads to 13% for the 0 . 2 ~  beads to 29% for the O. l p  beads. The 



standard deviation was larger for the s m d e r  beads because it is more difficult 

to fabricate them. The standard deviation for telomere inserts in plasmids was 

around 20% of the mean estimated IF1 value. This variance is most likely due 

to the variable eniciency of the hybridization procedure (binding of the probe). 

We observed a similar variation in hybridization on chromosomes after 

hybndization with probes specific for centrornere repeat sequences of invariable 

length. Although the variation appears to be large, we observed that by 

averaging the results of 10 or more ceus, a good indication of the telomere 

length on a particular chromosome arm in a population of ceLis can be 

obtained. That is, with results from 10 or more ceUs (>40 telomeres), the 

Wilcoxon-rank-sum test showed a simcance level of less than 0.05 in 

differentiating between telomere lengths of chromosome groups. I t  is important 

to note that there are no other methods which can produce similar, let alone 

better results. 

In Our analysis of each cell, we need to capture multi-focus plane images 

containing only telomere sigllals and a single image containing only 

chromosome signals. The images of telomeres are used to evaiuate the 

telomere IF1 values which give an estimate of the telomere lengths in the cell. 

The corresponding image of the chromosome is required to identify the regions 

occupied by the chromosomes. By identifwig and classrfying each 

chromosome in the image and associating it to its corresponding telomere, an 

estimate of the length of every telomere of each chromosome in the ceU is 

obtained. From analyzing a number of cells, the telomere fluorescence 

distribution for each type of chromosome in the ceLi is realized. Our algorithm 
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for telomere segmentation, telomere fluorescence measurement, and 

chromosome segmentation for each metaphase chromosome sample takes less 

than 1 minute to perform on a lOOMHz Pentium-based microcornputer. 

In accomplishing our major goal for the project, we have built and 

uniquely characterized a fluorescence microscopy imaging system for capturing 

images of metaphase chromosomes and multi-focus plane images of telorneres. 

The characterization of the system was then used to generate simulated images 

of the different shape and size test objects. 

In order to compare data acquired at different intervals in time and 

space, we have developed image processing techniques to compensate for the 

spatial and temporal distortions introduced by the acquisition system. The 

temporal distortions is a result of the decay in fluorescence intensity of the 

probe attached to the object. We have also developed novel techniques to 

analyze telorneres and chromosomes. In these developments, we have 

introduced algorithms to fxst segment multi-focus plane images of telorneres 

and then extract the integrated fluorescence intensity (IFI) values for each 

detected telomere. The IF1 value is proportional to the telornere length. In 

addition, we have developed algorithms to segment chromosomes including 

those which are just touching. The segmentation results and the caiculated 

telomere IF1 values are then presented to the user for verification and editing. 

The automation of the telomere and chromosome extraction and IF1 calculation 

process has simplified the user verification and editing process. On average, 

over 90% of the chromosomes are segmented properly. The success rate in 

segmentation is dependent on the metaphase sample which typically contains a 



few overlapping chromosomes. The irnproperly segmented chromosomes can 

be corrected within 5 minutes by the user. In addition, the user does not need 

to perform the tedious task of d e f i i g  the exact border for every telomere 

which is required to obtain a consistent telomere IF1 value. 

7.2.1. Imaging system 

We have successfully developed and built an imaging system for 

fluorescence microscopy. This system is capable of acquiring a large range of 

signal intensities (0.00001 to 100 lux) from very faint  to strong signals. The 

system can also acquire images at difTerent focus planes spaced at O. l p  or 

more from each other. 

The critical elements of our systern, which we paid special attention to 

during the component evaluation and selection process are the illumination 

source, fluorescence excitation and emission filters, objective lens and high 

resolution integration camera. The components were selected such that the 

qualiw of the captured image is sufficiently high and thus very Little pre- 

processing is required to correct or compensate for the aberrations in the 

images. The pre-processing and other functional algonthms which we 

determineci to be essential to incorporate into the arialysis included faulty pixel 

correction, flat-field correction, automatic selection of integration time and 

lookup table selection, and multi-focus plane image acquisition. 
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7.2.2. System Characteristics 

We developed a new method for characterizing the response of Our 

microscope imaging system. We based Our method on Castleman's derivation 

and incorporated the contribution of the response function of the image 

detector. Our results are more representative of the system behaviour than 

those using Erhardt's method. Our theoretical PSF, however, is  only an 

estunate and does not properly characterize the system response of Our system. 

This is because the solution used to fix the chromosome ont0 the microscope 

siide (and to prevent photobleaching of the fluorescent probe) has a refractive 

index which is different from that of the cover slip for the slide and the 

immersion oil. As the location (2-direction) of the telomere varies within the 

solution, the extent of the blurring effects caused by the difference in refractive 

indices can not be predicted for each telomere. Hence, Our theoretical PSF 

function is only used for generating simulated objects to test the telomere IF1 

algorithms. 

7.2.3. Telomere IFI Value 

We first performed an analysis to gain a n  understanding of what the IF1 

value represents and how this value can be theoreticaily cdculated. The IF1 

value was found to be proportional to the sum of all Iight intensities that 

originate from the object. We determined that this value needs not be summed 

over a 3D space but can be obtained from a single image plane as long as a 

s ~ ~ c i e n t l y  large region is used. The practicalities in the sample preparation 

and system such as close proximity of telorneres, quantkation lirnit and errors 



in the detector, noise in the image and problems in segmentation limited u s  to 

such an analysis. We thus resorted to analyze multiple focus plane images to 

estimate the telomere IF1 value. 

We have developed a telomere and IF1 quantification algorithm which 

can segment objects which are spaced at distances greater than 0 . 5 4 ~  fkom 

each other in the system. We compared Our IF1 algorithm with simulated test 

objects as weU as  with experimental results using beads and plasmids where 

the relative fluorescence intensities are presumably known. Our results 

correlated weii with the results of these experiments. We observed that better 

results can be obtained if the IF1 vaiue is chosen from the best focussed image 

(i.e. image with the highest IF1 value) for each object in the set of multi-focus 

plane images. A 20% reduction in the IF1 vaiue from the best focus vaiue can 

result if only a single image is used in the analysis since an image can contain 

objects which are k 0 . 2 p  in z-focus away from the best focus image. 

Alternatively, results within OUT acceptable accuracy M t  can also be obtained 

if the sum of the IF1 values from a stack of images spaced no more than 0 . 3 ~  

from each other is calculated. 

7.2.4. Chromosome Segmentation 

We have developed a chromosome segmentation algorithm which is  

successful in determining the regions which belong to chromosomes. The 

resulting automation in the segmentation eliminates the lengthy time required 

by the user to rnanudy defme the borders of each chromosome in the image. 

Once the image is segmented, karyotyping (chromosome type identification) can 
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be performed. In conjunction with the telomere IF1 results obtained earlier, the 

length of every telomere in each chromosome in the cell is obtained. 

For our segmentation algorithrn, we first introduced the R a n k  Difference 

fiiter which is used in each of the two steps of Our segmentation algorithm. 

This R a n k  Difference filter can act a s  an edge detector or a rnorphological filter. 

As an edge detector, Our Rank Difference fiter gives better localization of the 

edges than the Difference of Gaussians or Canny fdters. I t  also performs better 

than the other fdters on images with additive uniform noise. 

For chromosome images, Our segmentation algorithm outperforms other 

edge detectors in defining continuous regions and in separating touching 

chromosomes. Since our algorithm uses only integer operations, it performs 

iaster than the Difference of Gaussians or Canny filters which use floating 

point arithmetic. As a vast majority of chromosomes (typicaily ~ 9 0 % )  are 

properly separated by our aigorithm. less user interaction is required to correct 

and edit those chromosomes which are improperly segrnented by the algorithm. 

Hence, greater productivity in the analysis is obtained. 

7.3. Current Biological Studies 

The system is currently being used on a daily basis to analyze telorneres 

a t  the Teny Fox Laboratory of the B.C. Cancer Research Centre. A dedicated 

system is used for acquiring the telomere and chromosome images. At least 

two other processing systems are being used to anaiyze the acquired images 

using Our analysis software. 
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Two biological studies have been completed to-date using Our system. 

The first study (Zijlrnans et al. 1997) investigates the telomere length 

distribution in mice. Previous studies in this area have shown that mice have 

long telomeres which do not appear to shorten as they age. This phenornena 

contradicts the concept that telomeres shorten with age. Using our analysis 

system, we have found that there is a large variation in the telomere lengths in 

mouse cells. We also observed that there are specific chromosomes in bone 

marrow and skin fibroblast ceUs in individual mice which have similar telomere 

lengths. We also observed the presence of very short telomeres which may be 

the critical link in limiting the cell replication process (aging process) in mice. 

The second study (Martens et al. 1997) investigates the telomere length 

distributions in human cells. The results of the analysis of one of the 

metaphase samples is shown in Figure 7.1. Our image analysis generates the 

borders of the telomeres from the telomere (figure labeled CY3) images and the 

borders of the chrornosomes from the chromosome (figure labeled DAPI) image- 

The segmentation results are superimposed ont0 the processed chromosome 

image (figure labeled Image Analysis). The " X  chromosome is highlighted in 

the example to illustrate its telomere IF1 values on the p and q chromosome 

arms. A Pseudo-Colour image is also generated from the chromosome and 

telomere image. This pseudo-Colour image is then used to generate the 

Karyogram Mage which sorts and identifies the different chromosome types 

(chromosomes #1 to #22 and chromosomes X and Y). The respective telomere 

IF1 values of each chromosome arrn is also generated (figure labeled with 

Telomere Karyogram) to facilitate in the biological analysis and interpretation. 



Figure 7.1. Telomere lengths of individual chromosomes in a cell. 
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In this second study, we found that for an individual, the telomere 

lengths in a specific chromosome from a certain tissues are very similar to 

those of other tissues. However, the telomere lengths do vary from an 

individual to another. We also noted fkom a study of 1 1  unrelated individuals 

that the telomeres on the arms of chromosome 17p are consistently among the 

shorter telomeres in the cell. Studies in this area may give an insight into why 

cancer cells frequently lose the ends of chromosome 17p. 

Using Our telomere analysis system, other experiments and 

investigations can now be performed to study and determine the role telomeres 

play in the aging process and in patients with cancer or genetic disorders. 

7.4. Future Suggestions and Applications 

Although the system is currently used on a d d y  basis, there are a 

number of irnprovements which can be made to the system. In terms of the 

hardware, a cooled integrating CCD camera would be useful in obtaining better 

quality images. With such a camera, less faulty pixels would be present. 

Hence, the accuracy of the IF1 algorithm would be improved since it is no 

longer necessary to estimate the value of the faulty pixel by taking the average 

of its surroundings. Another hardware component which would benefit the 

systern and improve the calculated IF1 value is a more accurate and repeatable 

z-focussing mechanism. We recently acquired a piezo-electric motion controller 

which adjust the position of the objective lens. This systern has less backiash 

and is more accurate than the existing mechanical motor attached to the 

focussing knob of the microscope. 



One method of improving the throughput of analyzing specimens is to 

automate the kaxyotyping process. This process is currently the most time 

consuming step as each chromosome image is manually sorted by a 

cytogenetics technician. The automated process developed should be such that 

the sorted chromosomes is easier to link to the corresponding telomere IF1 

value generated by the current program. 

Fin*, research into segmenting telorneres in interphase nuclei (a 

circular shaped nucleus where chromosomes are clumped and are 

indistinguishable from one another] would significantly increase the number of 

samples which can be analyzed. In addition, the time to acquire images would 

be reduced as it is no longer necessary to only scan and select metaphase 

chromosomes from the siide. 
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