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Abstract - Chromosomes contain genes that provide the coded
information for human beings to grow, develop and function.
Any change in the number, size or structure of the
chromosome leads to chromosomal abnormalities which will
cause birth defects. However many of these defects are
preventable, if detected earlier. The main objective of this
work is to determine good features to classify human
chromosomes and to detect chromosomal abnormalities from
G-Band chromosome images. As a first step, chromosome
images are analyzed using Discrete Wavelet Transform (DWT)
to get coefficients which contain information about the banding
pattern. The banding patterns allow a chromosome to be
reliably differentiated from other chromosomes of same size
and centromere position. From the coefficients, statistical
features are calculated. A neural network may be used for
further classification using these features.

Index Terms- Chromosome, DWT, Statistical Features, Neural
Networks, Chromosomal abnormalities

1. INTRODUCTION

Globally, at least 7.6 million children are born annually with
severe genetic or congenital malformations. 90 % of these are born
in mid and low income countries. The genetic and congenital
disorder is the second most common cause of infant and childhood
mortality and occurs with a prevalence of 25-60 per 1000 births.
Genetic diseases can vary in severity, from being fatal before birth
to requiring continuous management; their onset covers all life
stages from infancy to old age [1]. In India 25 million births occur
annually. Chromosomal abnormalities form a major part of genetic
disease burden in India. Nearly 5,00,000 babies are born with
some form of birth defects every year. It occurs when an individual
is affected by a change in the number, size or structure of his or her
chromosomes.

Down syndrome is the most common genetic disorder caused
by a chromosomal abnormality. It affects 1 out of every 800 to
1,000 babies. It occurs when some or all of a person’s cells have an
extra full or partial copy of chromosome 21.The most common
form of Down syndrome is known as Trisomy 21. Individuals with
Trisomy 21 have 47 chromosomes instead of the usual 46 in each

of their cells.Only two other trisomies have been observed in
babies born alive (trisomies 13 and 18), but babies born with these
trisomies have only a 5% chance of surviving longer than one
year[1]. Chromosomal abnormality is an important cause of mental
retardation. Apart from sex specific genes present on X and Y
chromosomes some autosomal genes also play a role in sex
determination. Any alteration in the genes, gene dosage or the sex
chromosomes lead to abnormalities of sexual development,
ranging from complete sex reversal to hermaphroditism [2].

Many genetic disorders or possible abnormalities that may
occur in future generations can be predicted by analyzing the shape
and morphological characteristics of chromosomes[3]. Automated
chromosome classification is an essential task in cytogenetics and
has been an important pattern recognition problem. Numerous
attempts are being made to characterize chromosomes for the
purpose of clinical and cancer cytogenetic research.

It is important to determine good features for chromosome
classification. Centromere intensities are believed to be important
differentiating features of homologous chromosomes[4]. Each
chromosome displays a unique banding pattern. Specific pairs of
chromosomes can be identified using the centromere position and
arm ratios. Inevitably several pairs of chromosomes appear
identical by these criteria and some of the chromosomes are also
overlapped. Many algorithms have been tried in the past to
separate  the touching chromosomes and overlapping
chromosomes[5],[6].

The concept of automated chromosome classification has
been under research for many years [7],[8]. Commercial systems
available now are very costly. It is not possible for common people
to make use of this facility in developing countries. Moreover there
is a scope to improve the recognition rate and accuracy [9]. Hence
an effort is made in this work to develop a cost effective automated
classifier for chromosomes using G-Band chromosome images.

G-Band is the most common type of banding. It generates a
distinct transverse banding pattern characteristic of each class
which is an important feature for chromosome classification and
pairing The idea of using G-band images is that, it helps to identify
even tiny abnormalities [10].
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II. SPATIAL DOMAIN ANALYSIS

A. Length of Chromosome

Centromere divides the chromosome into two ‘arms’: the
short arm, called the "p’ arm, and a long arm called the "q” arm.
The relative position of the centromere is constant, which means
that the ratio of the lengths of the two arms is constant for each
chromosome. This ratio is an important parameter for chromosome
identification, and also, the ratio of lengths of the two arms allows
classification of chromosomes. The length decreases from
chromosome 1 to 23. But some of the chromosomes have same
length and variation is also very less.

B. Properties of Chromosome Image

For a bending chromosome, it is very difficult to measure the
length unless it is straightened. So, the image is converted as a
binary image as shown in the Fig. 1
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Fig. 1. Input image and Binary image
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Fig. 2. Comparison of area
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Fig. 3. Comparison of perimeter

Properties like area and perimeter are calculated for the
chromosomes 1 to 22, X and Y and the comparison is given in Fig.
2 and Fig. 3 respectively. It is observed from the comparison that
both values of area and perimeter are decreasing for the autosomes
1 to 22. But still some of the chromosomes have same values. The
values of sex chromosomes X and Y are overlapping with the
autosomes.

C. Banding Pattern

It is clear from the comparison, that properties alone cannot
be used to classify the chromosomes. So, the banding pattern of
chromosomes is analysed. Fig. 4 shows the intensity profile of the
banding pattern of a straight chromosome. Fig. 5 shows the
intensity profile of the banding pattern of a bending chromosome.
The intensity profile gives the variation of gray levels with respect
to the pixels along the axis in spatial domain. Each peak in the
graph represents the corresponding white band and each valley
represents the corresponding black band of the chromosome image.
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Fig. 4. Intensity profile of a straight chromosome
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Fig. 5. Intensity profile of a bending chromosome

The banding pattern can be analyzed effectively for a straight
chromosome using this intensity profile. In case of a bending
chromosome, analysis of banding pattern using the intensity profile
is complicated in the spatial domain as shown in Fig. 5. Therefore,
in this work banding pattern is analysed in the transform domain
using Discret Wavelet Transform(DWT).

III. PROPOSED SYSTEM

The process of extracting features from the chromosome
images for classification process is automated by the proposed
system shown in Fig. 6. The extracted features may be given to a
classifier for further classification using a neural network [11].
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Fig. 6. Wavelet based classifier

A. Preprocessing

Chromosome bands are not clearly visible in the input
chromosome images. In preprocessing, contrast of the chromosome
image is improved to differentiate the bands clearly. First the color
image is converted to a grayscale image. Histogram equalization
and other enhancement techniques are tried on the input image to
increase the contrast. These methods remove the banding pattern
which is the unique feature to identify a particular chromosome. So
contrast of the image is increased without affecting the banding
pattern.

B. Discrete Wavelet Transform

Unlike the Fourier transform, whose basis functions are
sinusoids, wavelet functions are based on small waves, called
wavelets, of varying frequency and limited duration. In the
previous works Discrete Cosine Transform is used for boundary
mapping and classification of chromosome spread images [12]. In
DCT, the basis function is fixed, where as in DWT different basis
functions are available depending upon the choice of the wavelet.
DWT can be applied to an entire image without imposing block
structure as used by the DCT, thereby reducing blocking artifact.
This allows them to provide localization in both the spatial and
frequency domain. Also multiresolution is possible with DWT.
Thus DWT gives higher flexibility than DCT and provides better
identification of which data is relevant to human perception. In this
work Discrete Wavelet Transform is used to analyze the
chromosome images in the frequency domain and to compress the
frequency components [13]. ]. It decomposes an image into a set of
different resolution sub-images, corresponding to the various
frequency bands. DWT of an image f(x,y) of size MxN is given by
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where
i={HV,D}
Wi(jo,m,n) - coefficients define an approximation of
f(x,y) at scale jo

Wy(j,m,n) — coefficients add horizontal(H), vertical(V)
and diagonal(D) details for scales j > jo.

At first, the input chromosome image is analyzed using
Symlets, short for symmetrical wavelets and Daubechies wavelets
and the analysis is to be continued with other wavelets to identify
the best. Symlets are designed to have the least asymmetry and
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highest number of vanishing moments for a given compact support
which is the interval in which the function has non zero values.
This compactly supported nature enables temporal localization of
features. Daubechies wavelets are a family of orthonormal,
compactly supported scaling and wavelet functions that have
maximum regularity. The image is decomposed into four bands
namely Wo- coefficients of approximation (LL), W!- coefficients
of horizontal details(LH), Wy - coefficients of vertical details(HL)
and W,P- coefficients of diagonal details (HH) using equations (1)
and (2). The first level decomposition of chromosome 1 using
these wavelets is shown in the Fig. 7

Fig. 7. Decomposition using symlets and daubechies

C. Statistical Features

Using the coefficients of first level decomposition, statistical
features Mean, Mode and Standard Deviation (SD) are calculated
using the equations (3), (4) and (5).
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The features are calculated using the coefficients of
approximation, horizontal, vertical and diagonal details of both

first level and second level decompositions. By analyzing the
features, it is observed that the values of the features of
approximation get multiplied by 2 for each level and the features of
details are very less or negative values. Statistical features of the
coefficients of approximation W, are taken for further analysis as
most of the information is contained in that. These features can be
given as inputs to the classifier for classifying and pairing
chromosomes [14], [15].

TABLE 1
STATISTICAL FEATURES OF CHROMOSOME 1

Sample db4 sym4
Mean Mode SD Mean | Mode SD
1 488.2 511.1 | 59.36 | 488.2 | 508.5 | 59.35
2 483.8 513.5 | 69.51 | 483.8 | 513.5 | 69.49
3 486.2 512.6 | 70.73 | 486.2 | 506.3 | 70.73
4 488.5 507.3 | 63.77 | 488.6 | 506.4 | 63.78
5 4933 509.1 | 58.03 | 493.3 508 58.01
6 4953 508 50.36 | 4953 | 508.2 | 50.37
7 487.7 509.2 | 69.58 | 487.7 | 509.7 | 69.58
8 487.3 5123 | 68.92 | 487.3 | 509.9 | 68.92
9 495.2 513.7 | 52.66 | 4953 | 512.2 | 52.66
10 494.6 510.3 | 53.33 | 494.6 | 513.7 | 53.33
11 497.2 509.2 | 48.14 | 497.2 | 508.6 | 52.09
12 496.8 508.8 | 49.22 | 4969 | 510.6 | 49.21
13 489.3 514.1 | 57.92 | 4893 | 5114 | 57.91
14 484.9 508 66.09 | 4849 | 505.9 | 66.11
15 487.4 5074 | 60.24 | 487.4 | 508.3 | 60.24
16 489.8 506.3 | 70.01 | 489.8 | 515.1 | 70.01
17 491.1 506.5 | 63.56 | 491.1 | 507.5 | 63.56
18 492.8 512.1 | 68.96 | 492.8 | 507.3 | 68.96
19 492.4 5119 | 63.16 | 492.5 | 5159 | 63.16
20 491 510.5 | 65.39 491 510.1 | 65.39
21 490 508.5 | 58.59 490 512.3 | 58.59
22 484.1 512.7 | 68.77 | 484.1 | 510.2 | 68.78
23 485.1 509.5 | 65.03 | 485.1 | 5104 | 65.03
24 487.5 510.6 | 64.01 | 487.5 | 511.8 | 64.01
25 490.3 512 58.67 | 4903 | 511.2 | 58.67
26 488.9 510 62.89 | 4889 | 506.1 | 62.91
27 490.1 511.6 | 65.65 | 490.1 | 513.9 | 65.65
28 494.8 5149 | 62.17 | 4948 | 513.5 | 62.17
29 496 508.2 | 53.98 496 510.4 | 53.98
30 494.6 510.7 | 60.59 | 494.6 | 511.3 | 60.6
IV. RESULTS

Input images are prepared from the karyotyped G band
chromosome images of size 768 x 576. 30 samples of chromosome
1 and a set of images for chromosome 1 to 22, X and Y are taken
for analysis. After preprocessing, the chromosme image is divided
into subbands of coefficients using Symlets and Daubechies
wavelets. A set of statistical features Mean, Mode and SD obtained
using Symlet (sym4) and Daubechies wavelets (db4) for 30
samples of chromosome 1 is given in the Table. 1 Comparison of
features obtained using symlets and daubechies wavelets is shown
in the Fig. 8 and Fig. 9 respectively.
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Fig. 8. Features of chromosome 1(Symlet)
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Fig. 9. Features of chromosome 1(Daubechies)

It is found from the Table 1, Fig. 8 and Fig. 9, that the
features mean and SD are same for both the wavelets, but the
values of mode are different with a marginal difference. Symlets
give close values of mode for equal values of mean than
Daubechies. The values of the features mean and mode lie in a
narrow band for all 30 samples of chromosome land they can be
used to classify chromosome 1 from others. The observations are
seen true from the Fig. 10 where the features obtained using
Symlets and Daubechies have overlapped.

Another set of chromosomes 1 to 22, X and Y taken from the
same karyotyped image are analysed using the Symlets and the
statistical features are calculated. Variation in the values of mean
and mode between the 22 autosomes and sex chromosomes X and
Y is shown in the Fig.11. Vaiation in the Standard Deviation(SD)
is shown in the Fig. 12.
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Fig. 10. Features of chromosome 1(Symlets & Daubechies)
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Fig. 11. Mean and Mode values of chromosomes 1t022, X & Y
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Fig. 12. SD values for chromosomes 1 to 22, X and Y
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It is clear from the Fig. 11 and Fig. 12 that the value of mean
is increasing continuously and the value of SD is decreasing with
the chromosome number for the autosomes 1 to 22. The valley and
peak points are due to X chromosome, as its features overlap with
the autosomes.

V. CONCLUSION

A method is proposed to extract features for classification of
the human chromosomes from G band metaphase images using
Discrete Wavelet Transform. Initially chromosome images are
converted to binary images in the spatial domain and features like
area and perimeter are measured. As several chromosomes appear
identical with these features and banding pattern is completely
removed in the binary image, it is insufficient to classify the
chromosomes. Banding pattern is analyzed again by plotting the
But that is bending
chromosomes. So the banding pattern which is a unique feature of
chromosomes is taken to transform domain and the frequency

intensity  profile. complicated for

components are analyzed by applying Discrete Wavelet Transform
using Symmetrical and Daubechies wavelets. Statistical features
mean, mode and standard deviation (SD) are calculated from the
coefficients of approximation. Features are analyzed and compared
for different sets of chromosome images. The mode values do not
show any significant difference between the different
chromosomes and hence it cannot be used as a good feature to
classify the chromosomes.The features mean and SD can be used
further for classification as they show good variations between the
chromosomes.

Future work will focus on further testing of the proposed
method in a larger image dataset to validate the features and
analyze the chromosome images using other wavelets, wavelet
packets and multi wavelets to determine new features for
classification of human chromosomes.
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