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Abstract—Classification of homologous chromosomes is essen- Talomeres l,s‘l
tial to advanced studies of cancer genetics. Centromere intensities ‘q'\_
are believed to be an important differentiating feature between

homologs. Therefore, segmentation of centromeres is a major

step toward the realization of homolog classification. This paper

describes an iterative fuzzy algorithm which successfully segments

centromeres from images of human chromosomes prepared using

fluorescence in-situ hybridization technique. The algorithm is

based on assigning a fuzzy membership value to each pixel in

the centromere image. An iterative algorithm then updates and 3
minimizes a defined error function. Chromosome 22, a highly

heteromorphic chromosome, is used to verify the centromere

segmentation method. Homologs of this chromosome are classified ’
based on their segmented centromere intensities as well as their Chromatid-arms
morphological differences. The classification results of these two

methods agree completely and are used to validate our developedFig. 1.  Structure of a human chromosome.
algorithm.

Index Terms—Centromere segmentation, fuzzy logic, homolog
classification, human chromosomes.

chromosome abnormalities. To study the characteristics of can-
cerous cells, it is essential to have the ability to analyze separate
homologs [1].

I. INTRODUCTION The structure of a metaphase chromosome is shown in Fig. 1.

n T present, advances in cancer research are |argg1§seen from this figure, a metaphase chromosome consists of

dependent on developments in image processing tefO Sister chromatids with four arms, known Rsarms and?
niques. This is partly due to the advent of fluoresceinesitu  &MS- The sister chromatids are simply duplicates and identical
hybridization (FISH) technology which makes acquirin ost of the time. The center of the chromosome is known as the

microscopy images of human chromosomes with quantitatije€ntromere” and “Telomeres” form the ends of theand @

information feasible arms. Telomere lengths are believed to have an important role
The nucleus of cells in the human body are made up of ypcell life-span and development of cancerous cells. Cancer is

pairs of chromosomes. In each pair, one chromosome is inh&pOWN as a somatic genetic disease, in which an abnormal form

ited from the mother known as the maternal homolog and tR&@ gene suddenly appears in some part of the body. The first

other chromosome is inherited from the father known as the f2Eduired genetic abnormality provides some growth advantage

ternal homolog. Scientists believe cancer is related to specfftthe cells. Upon each round of cell division, telomeres shorten
until one telomere reaches a critical length. At this point a DNA
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(b)

Fig. 2. Snapshots of a metaphase image prepared using (a) DAPI- and (b) FITC-centromere probes.

are inherited as abnormal genes. In addition, in certain casesThe layout of the paper is as follows. In Section I, we give
the statistics also indicate the possibility of cancer being an ian overview of the data-base preparation and image acquisition
herited genetic disease. In order to get reliable quantitative jpprocedures. Section Ill discusses the centromere segmentation
formation on cancer as an inherited genetic disease, it is impalgorithm. In Section IV, we present the results of this algorithm
tant to differentiate between maternal and paternal homologswell as homolog classification for chromosome 22. The con-
and trace the genes responsible for cancer back into past gduasion of the paper is presented in Section V.

erations. Until now, all chromosome specific telomere length
analysis have been done on pooled homologs.

Despite the vast amount of research conducted on analyzing
chromosome images for karyotyping purposes [3]-[5], it has A slide of metaphase chromosomes is treated with certain
only been a few years since the problem of homolog classifiypes of PNA and DNA probes. Probes are fluorescent nucleic
cation (into maternal and paternal classes) has been addressgdisegments that bind to specific sites (substructures) on chro-
[1], [2], [6], [7]. Microscopy images of chromosomes availablenosomes and make these sites observable. Twelve images of
in the past did not contain enough quantitative information. Rtite prepared slide are then taken by a fluorescence microscope
cently, however, with the development of novel peptide nucle{@Videfield Zeiss Axioplan) and preprocessed prior to use. As
acid (PNA) probes, some at the Terry Fox laboratory of the B@obes are fluorescent, only the strings the probes bind to are
Cancer Research Center (BCCRC), chromosome images witsualized by the fluorescence microscope [1]. The probes used
high quantitative information are provided [8]. for preparing our database are&Diamidino-2-phenylindole

In this paper, a new algorithm is proposed for centrome(®API) and Fluorescein isothiocyanate-centromere (FITC)
(central part of chromosome) segmentation. The algorithpnobes. DAPI has a blue appearance, highlights the whole
is based on fuzzy set theory and gradient descent methodromosome, and is excited at a wavelength of 405 nm. FITC,
Centromeres of human chromosomes are segmented andthe other hand, has a green appearance, makes only the
distinguished from their background using this algorithm. Anentromeres of the chromosomes visible and is excited at a
intensity feature is then calculated from the segmented cewavelength of 490 nm (see Fig. 2). In preparing multiprobe
tromere areas. Homologs of chromosome 22 are next classifisthges, care is taken to choose probes that have little spectral
into two classes of maternal and paternal chromosomes baseerlap. In addition, to further minimize the effect of this
on the differences in their calculated centromere intensity feaverlap, multiple filters are used prior to image acquisition.
ture. There is no biological method to verify the segmentatidtiowever, there still exists some spectral leakage of the DAPI
results; however, for the specific chromosome 22, paternal anthge into other image planes.
maternal homologs are differentiable due to morphological The image acquisition system is divided into three subsys-
variations. We use this information to validate our segmentatitems as follows: 1) A fluorescence microscope which produces
algorithm. Homologs of chromosome 22 are classified bastte images of the prepared slide; 2) A CCD camera to capture
on the results of our segmentation algorithm as well as theind digitize the image; and 3) A computer system which stores
morphological differences. The results of the two classificatidhe images, sends instructions to the microscope stage and is
methods are compared to confirm our segmentation algorithensed in the preprocessing of the stored images. Preprocessing is

Il. IMAGE ACQUISITION AND DATABASE PREPARATION
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an important stage in preparing our images. Acquired images 00 01 02 08 04 05 06 07 08 09 10 .

a single slide may differ from one another due to a number 10 ¢

factors such as the preparing conditions of the slide, the locati ,, °°

of the slide in the field of view of the microscope, the illumi-F °° |

nation stability and photobleaching. Preprocessing eliminal-&

most of these effects and enables us to have consistent ou £ os

images. The algorithms used at this stage include backgrot § o4 |

subtraction, wavelength compensation, and photobleaching ¢ 9 ZZ ]

rection methods [6]. €04 L
Once images of metaphase chromosomes have been oo}

quired, karyotyping is performed using a seml-gqtomat o o1 os o5 o1 o0sTos o7 o5 oo 1o

procedure. Karyotyping is the process of recognizing ar Normalized gray-level

categorizing the 23 different chromosome types from images

of metaphase spreads. For karyotyping, we use a software frém3. Fuzzy membership function.

Metasystems corporation [9]. This software partially automates

the karyotyping process and a technician then completes th&nsities of the surrounding pixels as well as the gray level

procedure. The software also generates a table that contaiaisie of that particular pixel. A neighborhood mask is used for

the coordinates of all chromosomes and their karyotype nufiis purpose. Centromere segmentation is performed in three

bers. The data-base is created by cutting out (isolating) evefgps described in Sections 1lI-A—C.

homologous chromosome pair (from the DAPI image) as well

as its corresponding centromeres (from the FITC image) aAd Image Normalization and Neighborhood Mask

forming separate images for each. We developed an automateg, acquired microscopy images of centromeres are indexed
algorithm for this purpose. The algorithm uses the table gf,,qes with a gray-level range of 0—255. Each image is initially

coordinates of chromosomes to find and cut out each Chro%’nverted to an intensity image by determining the minimum

some and its corresponding centromere as a rectangular regm maximum gray levels of the image and normalizing all the
These rectangular regions are saved as images that mak

oS dit %i%gl values in the image to a number between 0.0 and 1.0.
our data-base. The objective is to segment all the centromere\ meantioned above, for determining the membership of a

images from their background and extract features from thg o) 4 the centromere, the surrounding pixels of that partic-

segmented cer.wt.ronjeres for homolog classification (specific Yar pixel need to be examined. Therefore ya3neighborhood

homolog classification of chromosome 22) purposes. mask, centered at the pixel of interest, with distinct weight co-
efficients is defined as

1. CENTROMERE SEGMENTATION W (i, 5) = exp <_ ||('L,J)||>
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1)
Although centromeres in the FITC images have higher

intensities than their backgrounds, segmentation is notWAere| (¢, j)|| is the Euclidean distance between positiary)

straightforward task. The boundaries of centromeres in nand the center of the mask [11]. The constantontrols the

croscopy images are not well defined and have extreméljape of the exponential and is set to two.

gradual transitions; therefore, simple thresholding methods are )

not successful in segmenting them from their background. Fuzzy Membership Values

In addition, the techniques for preparing and acquiring chro- We define a fuzzy seA as

mosome images are changing rapidly. This in turn results in

centromere image databases that are acquired under different

conditions with variable qualities, intensities and contrast8. sigmoid fuzzy membership function is applied to the cen-

Human beings seem to be able to resolve objects in imperfécmere image assigning a membership value taAs&ir each

or variable images such as centromere images. To percgdeel of the image (Fig. 3).

objects in imperfect images, it appears that humans are apThe fuzzy membership value of each pixel determines its de-

plying heuristic algorithms to understand such images [1@ree of membership to the centromére) or to the background

In order to systematically characterize the heuristic procesgés- A). In Fig. 3, for example, an image pixel with a gray level

implemented by the human visual system, we suggest fuzeyensity of 0.9 will be member of the centromere with a proba-

segmentation. Fuzzy centromere segmentation is a suitabilé&y of more than 90%. On the other hand, a pixel with a gray

framework for expressing the heuristic process applied kevel intensity of 0.1 is part of the centromere with a probability

variable and imperfect data such as centromere images. Asdiitess than 5%, that is a background pixel with a probability of

centromeres have unclear boundaries, the fuzzy set appro@so.

makes the process of assigning a pixel to the centromere otn the sigmoid membership function, the threshdld, is

the background region more accurate. In addition, sometimabyays the gray-level value corresponding to the membership

there exists a small spectral overlap of DAPI images in thalue of 0.5. In other words, the location ®f relative to the

FITC-centromere image. In order to determine whether or nianction curve is fixed, i.e., a largér shifts the membership

a pixel belongs to the centromere, we need to examine tluaction to the right while a smalléF shifts the membership

A = {centromere pixels of an FITC imaje (2
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function to the left. For segmentation purposes, usually tiehere the formula shown at the bottom of the page holds. Equa-
threshold,T’, is chosen in the valley between the two peak#on (7) makes a quick decision for pixels with fuzzy values
of the image histogram[12]; however, for our images this idose to zero or one (becauge(k,!) — 0.5) has a large value),
not applicable. The histograms of centromere images do rtt for a fuzzier pixel (O(k,1) — 0.5) closer to zero), there is
have two peaks. This is due to the low number of centromegiesmaller change in its intensity, causing a delay in segmenta-
pixels in the image as well as the gray level distribution dfon of the pixel. Therefore, for pixels with gray level intensities
the centromere images. In our application, we chdBsa# a close to the original threshold"), the algorithm has high tol-
gray level corresponding to the lowest number of pixels, riglerance and precision in segmenting them with resp€ett to

after the peak of the image histogram (local minimum). In a
database of centromere images of chromosomes, this threshold
is calculated for each centromere image and the calculated
threshold values are averaged to one valueTherefore, in As described in Section lll, a segmentation algorithm was
the database of chromosome 22 imagdEsis calculated by developed based on fuzzy sets theory and error back-propaga-
averaging the threshold from all centromere images in titien. The algorithm was implemented and used to segment the
database. By averaging the values, we deterriine 0.3 for centromeres from their background for all chromosomes in the

IV. RESULTS AND DISCUSSION

this case. prepared data-base. The size of the neighborhood Mgsk;)
. _ is an important variable in the segmentation algorithm. Several
C. Error Calculation and Updating experiments were performed with different mask sizes &

After assigning a membership value to each pixel, an iteratibe< 5 and 7x 7). As the size of the neighborhood mask in-
process updates and finally determines the membership of eG&#RSES, the area of th_e segmented cent_romere deqrease_:s. This
pixel to the centromere. The error function is defined as [11] is due to the fact that with a larger mask size more bright pixels

. . are needed around a certain pixel for it to be segmented as cen-
— .11 — P . ;
E EJ: O, )(1 = 06, 5) 3) tromere. Therefore, some edge pixels in the FITC-centromere
whereO(4, j) is the fuzzy membership value of the image pix |[nage will be eliminated d“”r?g segmentation. The 3 neigh- .
. . . C e GIgorhood mask was the best size and was chosen as the algorithm
(¢,4). The error,E, is a nonnegative number and is minimize : .
default. Segmentation results, for a pair of homologous chromo-

only if the fuzzy membership valu€)(i, j), of eachimage pixel (o, using different neighborhood mask sizes are shown in
is either one or zero. Inspired by the gradient method and ba?_% 4 '

propagation algorithm, the updating rule is written as Segmentation was performed successfully on all of the cen-

O*(i,§) = O(i, j)+n <_ aE(Z,’j,))-O(i,j)(l—O(i,j)) (4) tromere images in the database. Examples of the centromere
90(i, j) segmentation for two homologs of chromosome 22 and chro-
where E(i, j) is the error caused by pix¢t, j) andn is the  mosome 19 is shown in Fig. 5. The original, normalized, and
learning rate. In order to include the role of neighboring pixelfegmented centromeres for the two homologs of chromosome
in defining a pixel as centromere, using (1), (4) is rewritten a2 and chromosome 19 are shown in the top and bottom parts
OE(k,1) of this figure, respectively.
O%(i,7) = 0@, ) +n Z Wk, 1) <— aO(k’ l)) As mentioned before, there is no biological method to
k,ICNO ’ validate our segmentation results. In addition, the PNA cen-
-0(i,5)(1 = O(i,j)) (5) tromere probes are quite new and manual segmentation of the

whereW (k, 1) are the weight coefficients of the mask defining gentromeres by a cytotechnician is not a standard procedure

neighborhoodV® around(i, ;). After substituting (3), the latter Y&!- HOWever as a crude verification, we first compared our
becomes segmentation results with those of manual segmentation of a

cytotechnician on the prepared database. To further verify our
O%(i,7) = O(i,5) + 2 Z W (k, [)(O(k, 1) — 0.5) results, we used chromosomes 22 as for these chromosomes

it is possible to classify their paternal and maternal homologs
. . using differences in their DAPI images. Segmentation results
| . 'O('L,J)'(l - O(i, ). (6) using our method above) of the FITC images are also used
Note that pixels with fuzzy membership values close to “Ggq classify chromosomes 22 into two classes. This is done by
(background) or “1” (centromere) are highly unlikely to beggiculating an intensity feature, the integrated fluorescence
come members of region “1” (centromere) or “0” (backgroundistensity (IFI), over the resultant segmented area of every
Therefore, the updating process can be accelerated by apphdRgomosome and studying the differences in the values of this
this information. To do so, (6) is changed to feature. The classification results of the two methods should

O™ (4,7) = O(i, j) + AO(4, 5) (7) agree.

k,leNO

(o 0(i,7) < 0.150r > 0.9
AO(f) = § 9, [Ek,zem W (k, [)(O(k, 1) — 0.5)} , otherwise
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Fig. 5. Centromere segmentation for homologs of chromosome 22 (top) and
chromosome 19 (bottom) in a metaphase spread.
TABLE |
THE IFI (OVER THE SEGMENTED AREA) VALUES FOR SEGMENTED
FITC-CENTROMERES OFHOMOLOGOUS CHROMOSOMES22 FROM THE
DATABASE (NOT-NORMALIZED VALUES)

. ) ) Ch 22 || 1 1|1 2 I 3 i 4
Fig. 4. Segmentation of centromeres for a pair of homologous chromosome t?mosome || Imagel [ Imaged | Image3 | Tmage
22 using three different neighborhood mask sizes. with P-arm 11881 10712 7157 6421
without P-arm 7356 7525 4687 5166

Chromosome 22 H Image5 | Image6 l Image7 | Image8
A. IFI with P-arm 7348 5619 7656 8513

. . ithout P- 5403 4181 134 491

The overall intensity seems to be a natural feature to be Cw}i = 3"2“2 — 5 R 513 —— 9 312
computed for the segmented centromere. All of the quantitative ————— [| mageg | Tmagel0 | Imagell | Image
intensity measurements carried out on the chromosome image — -2 2433 AL o818 57
[ y 0€ —ithout P-arm 5029 4753 5206 1827

are indeed measurements of the IFI values. IFl is a measure
of the total amount of fluorescence emitted from an object

O(z,y, ) [6], in other words ferentz positions on the focal axis. In addition, ttugal intensity

of the captured chromosome images at diffecefdcal levels,
IFI = / / / O(z,y, z)(dz)(dy)(dz). (8) L. ’ i(z,y, %), are all equal [1], [6]. Hence, the total light inten-
Iy Sz sity over the two planes placedatandz, are equal, that is

In [1], we show that the IFI of an object is proportional to the

IFI of the observed three—dimensional (3-D) imade, v, =) of //i(x,y, z1)(dz)(dy) =//i(x,y,z2)(dx)(dy). (20)
that object, that is zJy zJy

) From (9) and (10) we, therefore, conclude that IFl is propor-
IFl = K/w//’(x’y’z)(dx)(dy)(dz)' ) tionalto the integral of intensities of the 2-D observed image, or

Yy z

The 3-D image of an object is reconstructed from a series p
of two-dimensional (2-D) images taken from that object, at dif- IFL o LLL(x’y’ZQ)(dx)(dy)' (11)
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Chr 22 w p—arm zeq. Cent. IFl=55.7 Chr.22 w p-arm seq. Cent IF1=32 1

Chr.22 wio p—arm sag. Cent. IFI=73.6 Chr.22 w'o p-arm seg, Cent, IFl=32 7

ER Qg ¢

Chr.22 w p=arm sag. Cenk. IFI=37.7 Chr.22 w p—arm seq, Cent, [Fi=31.7

Chr.22 wio p-arm seqg. Cent. IFl=34.3 Chr.22 wio p—arm seg. Cent.IFl=24.5

Fig. 6. DAPI and segmented centromeres (from FITC-centromere images) for four pairs of homologous Chromosome 22.

B. Homolog Classification of Chromosome 22 Chromosomes 22 are classified into two classes representing
maternal and paternal homologs.

Once the centromere regions in the FITC images are sega challenge in development of homolog classification
mented for all chromosomes 22, the total IFl is calculated f@fgorithms is to overcome the noise introduced during slide
each centromere. The IFI values are computed for the two hgeparation and image acquisition stages. Despite the precau-
mologs of chromosome 22, for twelve metaphase images Ofighs taken in the fore-mentioned stages, our segmentation
patient (in the prepared database), using the above method ghod should perform well in the presence of acceptable
the results are shown in Table I. Homologs of chromosome g3jse. In addition, acquiring large databases of chromosome
are classified into two groups based on the differences in thﬁi’fages is a very lengthy process and can be expensive. In order
IFI values. to provide a larger database but still be able to cross validate

On the other hand, chromosome 22 is highly heteromorphisur results with ground truth, we added different amounts of
The two homologs of chromosome 22 have apparent differengaadom noise to the original centromere images to create new
in their upper armsk arms) in DAPI images (see Fig. 6). Onemages. The database preparation procedure (including slide
homolog has short> arms (top left in each section of Fig. 6)preparation, and image acquisition) is a dynamic process, can
while the other homolog has nB arms (bottom left in each be variable and includes a great deal of human interaction.
section of Fig. 6). Homologs of chromosome 22 are also clas$herefore, generating simulated centromere data by modeling
fied using this heteromorphic difference. the inverse dynamics of the procedure is very difficult if not

In Fig. 6, examples of four pairs of chromosome 22 homologwpossible. In Section IV-C, we model the total noise with
with and withoutP arms as well as their segmented centromerasGaussian distribution function [13] and generate 1200 new
and total IFI values are shown. As seen from this figure amm@ntromere images. We then study the performance of the
Table I, homologs withP arms have higher IFI values than hosegmentation algorithm on the noisy images. Finally, we cross
mologs withoutP arms. Homolog classification is performedvalidate the segmentation results by classifying chromosomes
successfully using both the difference in tharms and the dif- 22 into two parental homolog classes using 1) the centromere
ference in centromere IFI values. The results of the two methddgensity differences calculated following segmentation and
comply perfectly and the accuracy of the classification is 100%) the differences in chromosomes 22arms. Based on this
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Fig. 7. Scatter-plots of relative changes in segmented centromere areas versus additive Gaussian noise.

cross validation, we can also measure the tolerance of 1 “r'inali=age i e v
segmentation and classification algorithms to noise.
C. Simulated Database and Noise Tolerance ~ L™ -
Gaussian noise is the simplest form of additive random noi
whose probability distribution function is defined as
Naoles Wirlanos = 000 Maiss Virienos = 005 Ha b Varisrncs = 0.02
(z — Nw)2:|
P(z) = exp | — 12
()= e |- 12)
L3 - .

whereu.x ando—g( are the mean and variance of the Gaussic
noise, respectively [13], [14]. In order to generate new ce
tromere images as well as to test the tolerance of our segme|pciss varanes « 0.0 HMoiss Variance = 0,04 Hoiss ¥arianoe = 05
tion algorithm to noise, we started with adding Gaussian noi
with zero mean and 0.001 variance to our original centrome ;
images. The variance of noise was gradually increased first # ﬁ ! ‘
smaller steps (0.001) and later in larger steps (0.005 and 0.( ] ; - I
Centromeres were segmented from the noisy images using : FEELLm
segmentation algorithm and the relative changes in the total in-
tensities of the segmented areas were measured. Chromosdrige& An example of the original and noisy centromere images for additive
e Gaussian noise with different variances.
22 were classified into two classes of maternal and paternal ho-
mologs based on the intensity differences of their segmented
centromeres. These results were cross validated by classifyingncreasing the amount of the Gaussian noise in the image, the
homologs of chromosome 22 based on théarm differences relative change in the centromere intensity increases as well.
aswell. InFig. 7(a) and (b), the scatter-plots for relative chang€he scatter plot and polynomial approximation to this plot is
in segmented centromere area versus additive Gaussian nefsavn in Fig. 7(b) for noise variances up to 0.06. Increasing
are shown for new centromere images. In Fig. 7(a), the vatiie noise variance up to 0.6, the scatter-plot can eventually be
ance of noise is between, 0.0 and 0.01. We fitted the best limgproximated by an exponential function.
to the scatter plot in Fig. 7(a). As seen from this figure, the av- An example of a centromere image and the noisy images re-
erage amount of change in centromere intensity is quite losulting from additive Gaussian noise with different variances
This change is about 2.5% for Gaussian noise with 0.001 vaare shown in Fig. 8. As seen in this image, noise with a vari-
ance and 6% for Gaussian noise with 0.01 variance. Thisamoante of more than 0.01, distorts the centromere image exten-
is very low compared with typical centromere differences isively. The distortion is obvious to the naked eye and the shape
homologous chromosomes which is approximately 30% (setthe centromere changes. These images, if produced during
Table 1). Homologs of most of the newly generated chromthe image acquisition procedure, can be easily distinguished
somes 22 (variances up to 0.01) are successfully classified iatad discarded by the technician. Therefore, although high rel-
parental classes using the results of the developed segmentadinre-changes occur in segmented centromere areas with noise
algorithm and the classification is cross validated. variance>0.01, our segmentation algorithm will not be dealing
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with these images at all. On the other hand, the segmentatiqmo] T.Law, K. Yamada, D. Shibata, T. Nakamura, L. He, and H. Itoh, “Edge
is successful in the presence of low amounts of noise and the extraction using fuzzy reasoning,” Boft Computing for Image Pro-

cessingS. K. Pal, Ed. New York: Physica-Verlag, 2000.

changes in the §egm_ented area are acceptable. In _addition, $8 M. Sameti and R. K. Ward, “A fuzzy segmentation algorithm for
developed algorithm is further evaluated by segmenting the new  mammogram partitioning,” iigital Mammography'96K. Doi, M. L.
Centromere Images and CIass|fy|ng parental homologs of Chro_ Glger, R. M. N|Sh|kaWa, and R. A. SChm|dt, EdS, New York: Elsevier

Science B.V., 1996.

mosome 22. [12] M. J. T. Smith and A. DocefA Study Guide for Digital Image Pro-

In this paper, an iterative fuzzy segmentation algorithm was

cessing Carmel, IN: Scientific, 1997.
[13] E. Kreyszig,Advanced Engineering Mathemati@&h ed. New York:
Wiley, 1998.
V. CoNcLUSION [14] A. Papoulis,Probability, Random Variables, and Stochastic Processes
3rd ed. New York: McGraw Hill, 1991.

implemented and applied to FITC-centromere images of chro-

mosomes. Using this algorithm, the centromeres were success-
fully segmented from their backgrounds. To verify the segme
tation results, the total IFI of the segmented regions were ¢
culated for chromosome 22 and the homologs of this chrormr
some were classified into two groups of maternal and paten
classes. Since chromosomes 22 show morphological differen
between homologs in the DAPI images, we used this criteria
classify chromosome 22 into parental homolog classes as w
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segmentation algorithm was successful in segmenting the cen-

tromeres from their backgrounds. The results of this paper con-

stitute a major contribution to multifeature analysis of chromg
some images for homolog classification purposes.

Cancer is known as a somatic genetic disease characteri
by specific mutations and genetic instability. Studies ha
shown various predispositions to cancer are inherited
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familial cancers. Following the approaches described, t
results of this paper will allow classification of homologou
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