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ABSTRACT Chromosome classification has a vital role to play in achieving karyotype. Generally, human
chromosomes consists of 46 chromosomes. Karyotyping is the important clinical procedure for screening and
diagnosing genetic disorders and cancer. Manual karyotyping is a labor-insensitive and time-consuming task hence,
developing automated computer-assisted systems have gained importance. In past decade, chromosome length and
centromere positions were considered for classification. In chromosome analysis it is essential to segment the
object of interest from the background. This object often consists of two or more chromosomes, either touching,
overlapping or multiple overlapping with each other. In this paper, dataset of 1000 touching chromosomes, 1000
overlapping and 500 multiple overlapping chromosomes are taken for the study. SVM and Probabilistic Neural
Network (PNN)-based classification is carried out and compared with other classifiers. PNN provides ninety-seven

percent of classification accuracy and proves to be better compared to other classifiers.

INTRODUCTION

Karyotyping is performed with new technol -
ogies using different dying process. In biotech-
nology, research is carried out to find the new
additivesfor better analysis of chromosomesto
attain karyotype. In another end, newer image
processing tools and algorithms are devel oped
to obtain the perfect karyotyping. In these de-
velopments, chromosome and its characteriza-
tion play amajor role to find out the disorders
through karyotype. Chromosome classification
has a key role for attaining karyotyping. Many
parametersare used to classify the human chro-
mosomes. Few parameters are standard to ob-
tain the perfect classification and karyotyping.
Based on the chromosome length and cen-
tromere position. Granlund (1976) initialized a
work in chromosomes based on integrated den-
sity profiles which classifies the chromosomes
astouching, overlaping, bend, and heavily bend
categoriesusing Fourier descriptors. Initialy the
method provides seventy-five percent accura-
cy in classification. Lerner (1998) has investi-
gated the application of neural networks (NN’s)
for automatic analysis of chromosome images.
NN’shave been applied to perform all major stag-
es of automatic human chromosome analysis,

namely feature extraction, image segmentation,
and classification. By applying MLP based hier-
archical classification strategies to a well-ex-
plored chromosome database, a classification
performance of 83.6 percent wasachieved. This
is higher than ever published on this database
and an improvement of morethan ten percentin
the error rate. Therefore, chromosome analysis
based on the NN-based techniques that are de-
veloped in this research leads towards a com-
pletely automatic human chromosome analysis.
Stanley et al. (1998) presented a technique for
similarity matching for chromosomeidentifica-
tion based on the specific classes, banding pat-
tern and centromereindex using neural network.
Prototype chromosome images can be quantita-
tively synthesized from a subspace to objec-
tively represent the chromosome images of a
given type or population, and the transforma-
tion in the subspace can be utilized as the ex-
tracted feature measurements for classification
purposes. In particular the formation of three
well-known subspaces, namely the ones derived
from Principal Component Analysis 19 (PCA),
Fisher’s Linear Discriminant Analysis, and the
Discrete Cosine Transform (DCT) are examined.
Experimental results show that previously un-
seen prototype chromosome image of high vi-
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sual quality can be synthesized using the pro-
posed subspace-based method, and that PCA
and the DCT significantly outperform the well-
known benchmark technique of weighted den-
sty distribution functionsin classifying 2-D chro-
mosomeimages. Cho (2000) presented amethod
for automated chromosome karyotyping using
atwo-layer classification platform. The hypoth-
eses is that by selecting most effective feature
setsand adaptively optimizing classifiersfor the
different groups of chromosomes with similar
image characteristics reduces the compl exity of
the automated karyotyping scheme and improve
its performance and robustness. So, an image
database involving chromosomes is assembled
and implemented with a genetic algorithm to
optimize the topology of multi-feature based
Artificial Neural Networks (ANN). In the first
layer of the scheme, asingleANN wasemployed
to classify 24 chromosomes into seven classes.
Inthe second layer, seven ANNswere adaptive-
ly optimized for seven classes to identify indi-
vidual chromosomes. The schemewas optimized
and evaluated using a “training-testing-valida-
tion” method. Inthefirst layer, the classification
accuracy of the validation dataset was 92.9 per-
cent. In the second layer, classification accura-
cy of seven ANNSs ranged from 67.5 percent to
97.5 percent, in which six ANNs achieved accu-
racy above 93.7 percent. The maximum differ-
encein classification accuracy between thetest-
ing and validation datasetsis <1.7 percent. The
study demonstrates that this new scheme
achieves higher and robust performancein clas-
sifying chromosomes. Classification isnot based
on the chromosome length. Conroy et al. (2000)
presented a study for classification based on
neural network, singular value decomposition
and Fisher discriminant analysis. In this, Hid-
den markov model isused. Mousavi et al. (2000)
introduced amulti-classfeature anaysisfor chro-
mosomes based on the centromere position. In
this, chromosomes are initially segmented us-
ing fuzzy algorithm and gradient method where
the heteromorphic chromosome are classified.
Karveliset al. (2009) presented atechnique for
classification method of M-Fish chromosome
images using region Bayes classifier and vector
median filtering. This method outperforms com-
pared to pixel by pixel classifier. Thea gorithm
was tested over 183 six channel chromosome
M-Fish imagesand itsaccuracy ismorethan ten
percent compared to existing methods and arti-
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facts are removed using binarization method.
Wang et al. (2009) devel oped automated classi-
fication scheme for chromosomes using multi-
feature based two-layer Artificial Neural Net-
works. Thisschemeisvalidated with an accura-
cy of ninety-three percent. This method istest-
ed over 6900 chromosomes and classified into
seven classes. The proposed method used dif-
ferent groups of chromosomes with similar im-
age characteristics. This study considered and
tested for metaphase chromosomes with normal
samples. Ming and Tian (2010) explained the
concept of pattern extraction and classification
based on multi-scale wavel ets Bi-spline. Inthis,
pale-path algorithm is introduced for the seg-
mentation of touching and overlapping chro-
mosomes. Middle point algorithmisused to de-
tect the medial axis in chromosomes and the
method used for evaluation are average gray
profile, gradient profile and shape profile.
Weighted density distribution algorithmisused
aschromosome classifier. Recent worksfor chro-
mosome classification using wavel et neural net-
work is discussed by Oskouei and Shanbehza-
deh (2010), pixel based analysisis carried out
using Band analysis discussed by Soma-
sundaram (2016), VL S| based karyotyping meth-
odology proposed by Abid et al. (2017), and
Kusakci et al. (2017) discussed amethod for au-
tonomous human chromosome system using
CSVMT. Limitationsin the processing of multi-
color chromosomes are discussed by Lee et al.
(2001).

Objectives

Chromosomes are classified based on shape
descriptors, chromosomelength, and centromere
index and band patterns. The features consid-
ered are, size and banding pattern. Sizeisone of
the parameter to differentiate two normal chro-
mosomes. Banding pattern is dark and bright
bands formed on chromosome that depends on
the type of dye used for staining. There are dif-
ferent staining procedures to form the bands.

In this paper, SYM and PNN based classifi-
cation method for human chromosomesare dis-
cussed. For the classification, parameters like
centromere position, p-arm, g-arm and total
length of chromosomes are considered. Addi-
tionally, structural similarity isused to identify
each chromosome.
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Fig. 1. Proposed method

METHODOLOGY

Over al proposed method for chromosome
analysisisshowninFigurel. Initialy, metaspread
chromosome image is taken for analysis. Pre-
processing steps are carried out for the
metaspread chromosome images. In this, medi-
an filter isapplied to reduce the noise and mor-
phological operationsare carried out for theim-
age. Themorphological operationsinclude ero-
sion, dilation, opening and closing operations.
Various segmentation algorithms are carried out
to separate the chromosomes from metaspread
chromosomes. The methodol ogy usesMOGAC
method to segment the chromosomes from
metaspread. After obtaining individual chromo-
somes, few chromosomes are perfectly separat-
ed but few chromosomes have the problem of
overlapping and touching chromosomes. Hy-
pothesis analysis is used for separating over-
lapping chromosomes to single chromosomes.
After successful separation of chromosomes,
the classification of these chromosomesis nec-
essary to obtain karyotyping.

This can be done using parameter analysis,
like measuring of length of the chromosome,
centromere position and area of chromosomes.
These parameters are major and mandatory pro-
cessto categorize chromosomes. Still some chal-
lenges are there to identify the chromosomes.
For the better identification of chromosomes,
Riesz transform is used for additional support.
Previously, methods for morphological opera-
tions and parameter evaluations are well ex-
plained in the literature. In this section, profile
extraction, centromereindex calculation, length
of chromosome measurement and structural Sm-
ilarity are explained.

First, the scheme computes the size and the
length of each chromosome by counting the to-
tal number of pixelscomprising the chromosome
and the number of pixels along the detected
medial axis, respectively. Second, the scheme
computestwo feature profilesfor each individu-
al chromosome. Third, the scheme extracts the
features of these profiles and adaptively selects
effective ones for different types of chromo-
somes. The two computed feature profiles are
described below:

ShapeProfile

A perpendicular line with weighted widthis
taken vertically acrossthe medial axisof theim-
age and a profile is drawn and formulation is
given below:

Zin:l(gi Xdiz)/Zin:ldiz’ (1)

Where, g, isthegray valueand d; is Euclid-
ean distance. Shape profile is obtained by sum-
ming the product of every gray valuewith Euclid-
ean distance corresponding to the medial axisby
its distance sum. A sample for the shape profile
of the chromosomeisshown in Figure 2a

HeF 4

A A

Fig. 2a Fig. 2b

Fig. 2a, Fig. 2b. Shape and density profile for chromo-
some 10
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Density Profile

Perpendicular lines are drawn across the
medial axisand corresponding averagegray val-
ue of every perpendicular line givesdensity pro-
fileand isgiyen as:

D)=L, 9, ()11, @

Where, gf is the gray value and n is pixel
count in every perpendicular line. The density
profile is shown in Figure 2b. Filtering is per-

formed to reduce impul se and noisesin the pro-
file. Filter used hereismedian filter.

Centromerelndex | dentification

The centromereindex iscomputed asthera-
tio of the length of a shorter arm to the total
length of the chromosome. Therefore, thelength
of the p-arm and the total length are cal culated.
The centromericindex isdefined as:

Centromere  Length of the short arm (p am) 100 (3
index ~ Total length of chromosome X100 3
Then the chromosome length (p-arm and g-

arm) and centromere index is calculated by us-

ing the medial axis transformation. The length
and centromere index values for some of the

chromosomes are shown in Table 1.

Table 1: Results for length and centromere index

Chromosome p-arm g-arm  Total Centromere
number length  length length index
2 176 51 227 77.53
5 121 12 133 90.97
8 125 8 132 93.98
10 73 37 110 66.36
11 93 19 112 83.03
ChromosomeL ength

Medial axisisobtained for all chromosomes
andthelengthiscalculated. Theimagesare nor-
malized to removethedifferent scale problemin
the image and the length values are compared.
Standardized length formulation is given as:

Len= & o

Where, L is the length of the chromosome
and L isthe average length of the metaphase.

Extraction of PC and GM

In chromosome images, image intensity has
sharp changes and directly considered as fea-
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tures. The PC (Phase Congruency) attained in
that points and the phase is maximum in that
Fourier modules. These features are biological-
ly believable model asdescribed in[16-17]. This
PC isadimensionless measurement for individ-
ual chromosome structure. Each structureisdi-
vided into two parts, oneiseven symmetric and
another one is odd symmetric. This can be rep-
resented as.

[en (x), 0, ()] = [g(x) » M5, g(g) = MZ] (O
Me -isevensymmetric, M° -isodd symmetric
Local amplitude on scaleis described as,

An () = Ver ()2 + 0, (x)? ©
For PC calculation
Let F) = Z, () ad H) =3, 0,0 (1)

Phase Congruency (PC) (x) = %

Where, E(x) = /FZ(x) + H2(x) ®
Transfer function of alog-Gahor filter in the
frequency domainis

G(w) = exp (—(log(w/wo))z/ZarZ) )
2-D Gabor functionis,

(100 (2))

207

en(-C22Y) @O

Gy(w,6) =exp| —

Modulating 00 and 6] and convolving G2 with
the 2D image, [en, 6, )% 0,, 6, (X)Z]
The local amplitude and local energy on
scale n and orientation 0j is,

A6 = e 6002 +0,, 6000 @

Ep,(X) = /Fej (X)% + Hp, (X)? 12

Where, F, (X)= 2 e 6(X) H, (X)= 2 0,6(X)

For Chromosome I mage Phase Congruency is,
2 Eo, (X)

£t 2,3 An, 6, (K) @3

Gradient Magnitude of chromosomeis,

GM= / G2+ G2 14

Riesz Transform based Similarity
M easur ement

PCyp(X) =

The spatial representation of the Riesz ker-
nelis,
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(R0 R, 0) = (o5 ) @

X = (x,y)eR?
Transfer function in the Fourier domainis,

_ u .y
(1,0, 1,(0) = (=i, i )

u = (u,v)eR? (16)

Chromosomeimagef(x), themonogenic sig-

nal is defined as the combination of f and its
Riesz transformis,

fu @O = (FOO.RAAXR M) (A7)
fM(X)Z(f'Rx*f'Ry*f) (18)

Local orientation of each chromosomeiscal-
culated using equation 19,

R,{f}
RZ{f} ,0€[0, ) 19

Local phase and amplitude can be calculat-

ed using, 1 f(tcOSG tSmH)
IChy = f)O)] = |—— | ——F——

6 = arctan

|(20)
o = atanz  [R¥(fY+RHS), f) 0e[0,) (21)

Local amplitude of achromosomeimageis,

A= @01 = 2+ RUA+ R @
Similarity locations of each chromosome are
calculated using equation 23,

_ Zﬁ(x»Y)-gi(x»Y)+C (23)
di(x,y) = fA(x,y) + g2 (x,y) + ¢
22 di(x,y).M(x,y)

XXM(x,y)
Similarity matrix iscalculated using,

Similarityindex= IT}_, D,
1
f(x) =P (E - m) + Bax + Bs (24)
Similarity measurement istaken for all pos-
sible combinations of chromosomes. Chromo-
somes are classified based on the basic parame-
tersusing two kinds of classifiers:
1. Support Vector Machine (SVM)
2. Probabilistic Neural network (PNN)
Classfiersareexplainedinthefollowing section.

Support Vector M achine Based Chromosome
Classification

Let{pi.qi} beaset of N data Vectorswith
pi€ Ry, qie (+1,-1), i=1,..N.

Di=

p, isthei™ data vectors belongs to a binary
Classq The objective of training 2v-SVM isto
find the hyper-plane that separates two classes
with the widest margins, that is,

w()+b=0 (25

Subject to

q(wo(P)+b)=(p—6,),6,=20 (26)
Tominimize
Sl — Zicvp— 6) @)

Where, pmarginisposition and g(p) iserror
factor. isthe mapping function of feature spac-
es where mapping of data space is done and
gives a decision function which need not be
linear for any training set data.C, (vp-0) is the
cost function. W is normal vector, b the bias,
and 0, isslack variablefor classification errors,
v is the error parameter computed by viand v.
and v _training the positive and negative classes
are done respectively.

2v,v_

v = ,0<v+<1and0<v_<1(28)
vy +v_
Error penalty C iscalculated as,
C= {C+, if pi=+1 (29
e, if qi=-
Where,
v\ (30)
o= [ (1+3)]
-\1 71 3L
c.=[n (1) ®
Uy

And n_and n. are the number of training
points for the positive and negative classes, re-
spectively. 2v-SVM training can thus be formu-
lated as,

1
Max(«) {‘E Zijocio qiq;K (Pipi)} (32)

Where0<ec, < C, Xi o q=0, Zi o<, >,

i,j € 1,..N, e, o] arethe Lagrange multipli-
ersand kernel functionis,

K(pip;) = 9o ®)) (33

Decomposition of Imagel,

(Lais Inis Ivis In;] = RDWT(I) (34

Where, i = 1, 2, 3 representsthe level of de-
composition and A, H, V and D represent the
approximation, horizontal, vertical and diagonal
bands respectively. Approximation and detailed
bands at each decomposition level are used to
compute the quality factor of the bands.
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Let QA, QH, QV, and QD bethequality fac-
tor for the approximation, horizontal, vertical and
diagonal bands respectively. The quality factor
for each bandis:
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that they reflect the correl ation among pixelswith-
inanimage. Chromosomelengthisextracted from
each image using morphological operations. Fea-
tures are extracted from the images and given as

Qs = Y31 X0 imy Lu (e, D, @  inputtothe SVM linear classifier. Inthis, 20 sam-
plesfor each chromosome aretaken, for 23 chro-

Qn = Xiz1 Xk j=1 i (6, 1), @  mosomes overall 460 chromosomes are consid-
s won ered for normal male chromosomes, and 230 fe-

Qv = Xi=1 Ziej=1 vk, D), @) malenormal chromosomes are taken. For abnor-
0p = Y5, 50 1.(k, D) c:) mality, in each category 10 maleand female chro-
b i=1£4ik,j=17Dik% mosomesaretaken, intotal 460 chromosomesare

Further, these quality factors are combined
to compute the quality score Q of imagel,

0= myQu + myQy + myQy +mpQp @
my +mH +mV +mD

Where, mA, mH, mV, and mD aretheweight
factors computed using the following equations:

taken for training. In SVM, Training set of 690
normal chromosomes and 460 abnormal chromo-
somes are given asinput to the SVM.

Probabilistic Neur al Networ k Based
Chromosome Classification

s 1 In this, chromosome length, perimeter and

my =3 I : , @)  centromere position are considered as features

L Rjm Vi D) for classification. Based on the length, cen-

. 1 tromere position and perimeter, chromosomes

my =3, g areclassified into 12 classes, which are used to
S O1+YF . VU (kL - 0 .

’ Zij=1 Vi Gk, 1) @) train the PNN network. This PNN network is

s 1 designed with these input parameters to seg-

my = 2 " : g ment and separate the overlapped chromosomes

P R Vi (ke ) @ and also used to classify the class of separated

s 1 chromosomes with its statistical values. In the

T STy V(i (kDY @  PNN architecture each class is given to input

Where, i represent the level of decomposi-
tion and v represent the gradient operation. The
weight factors ensure proper weight assignment
to all bands depending on the information con-
tained in each of the bands.

FeatureExtraction and I nput Datafor SVM

Inthe chromosome classification, feature ex-
traction isobtained using statistical featuressuch
aschromosomelength, centromereindex and sm-
ilarity index. The advantage of these featuresis

layer. The significant advantages of the PNN
classifier areits speed and simplicity of thetrain-
ing process. The training process is simply to
select a kernel function and its smoothing pa-
rameter. Thereisno need for weight adaptation
asin other neural networks. Similarity measure-
ment of male chromosomesasshownin Table 1.
Human chromosomes are classified into seven
groups based on the centromere position and
chromosome length as shown in Table 3. Based
on the classification, 12 classes are selected to
train the PNN network. Twelve (12) classes of
chromosome and its parametersare shownin Ta-

Table 2: Similarity measurement of male chromosomes (1 to 8 chromosomes)

Chromosome 1 2 3 4 5 6 7 8

1 1 0.00215 0.0015 0.00205 0.00603 0.00102 0.00875 0.00138
2 0.00215 1 0.00849 0.00285 0.00256 0.0022 0.00715 0.00198
3 0.0015 0.00849 1 0.00279 0.00663 0.00195 0.00786 0.00766
4 0.00205 0.00285 0.0279 1 0.00501 0.00132 0.00953 0.00770
5 0.00603 0.00256 0.00663 0.00501 1 0.00326 0.0024 0.0012
6 0.00102 0.0022 0.00195 0.00132 0.00326 1 0.00404 0.0013
7 0.00875 0.00715 0.00786  0.00953 0.0024 0.00404 1 0.0014
8 0.00138 0.00198 0.00766 0.00770 0.0012 0.0013 0.0014 1
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Table 3: Chromosome classification based on cen-
tromere position

Chromosome p-arm g-arm Group  Type of
number length  length of chromo-
(in pixel) (in pixel) chromo- some
some
CH 1A 77 77 A Metacentric
CH 1B 82 101 A Acrocentric
CH 2A 63 91 A Acrocentric
CH 2B 79 60 A Acrocentric
CH 3A 62 84 A Acrocentric
CH 3B 51 81 A Acrocentric
CH 4A 33 80 B Acrocentric
CH 4B 30 37 B Sub
metacentric
CH 5A 89 43 B Acrocentric
CH 6A 60 38 C Acrocentric
CH 7A 48 32 C Acrocentric
CH 7B 44 37 C Sub
metacentric
CH 8A 33 60 C Acrocentric
CH 8B 28 47 C Acrocentric

ble4. After training the PNN network, overlapped
chromosomes are given as input to the network.
Segmentation of the chromosome occurs based
on the concave and convex points and interest-
ing points are identified. Centromere point and
chromosome length are calculated based on the
shape and density profile. P-arm, g-arm length
and centromere index is taken as feature and to
improve the classification, perimeter is consid-
ered additionally.

Overlapped chromosomeis shownin Figure
3. Inthis, input classishaving two chromosomes.

Initially, the overlapping needs to be separated
to classify each chromosome.

RESULTS AND DISCUSSION

Linear Kernel Support Vector Machineisused
for the classification. In this, normal and abnor-
mal classificationisanalyzed using the length of
the chromosomes. Above classificationiscarried
out in MATLAB environment and a Graphical
user interfaceis created for this classification as
shown in Figure 4. This GUI contains two phas-
es, Training phase and Test phase. In training
phase, each male and female dataset were given
to train the neura network. In the testing phase
of chromosome, random selections from the un-
known chromosomeimagesare considered. Sim-
ilarity generated input for each chromosome is
given in Table 2 for entire 46 chromosomes. In
this, identical chromosomessimilarity isunity and
othershavedifferent combinationsaslisted. Four
kinds of chromosomes are considered such as
metacentric, sub-metacentric, acrocentric, sub-
acrocentric chromosomes. These chromosomes
are classified based on the centromere position
of each chromosomes.

In overlapped chromosome, input class is
having two chromosomes. Initially, the overlap-
ping needsto be separated to classify each chro-
mosome as shown in Figure 5.

Each concave and convex points in each
separated chromosome is shown in Figure 5.

From each concave and convex points, pos-
sible separation lines are drawn over the chro-

Fig. 3. Metaspread and overlapped chromosome image
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Table 4: Chromosome classes with parameters

Chromosome Length Perimeter
classes (pixels) (pixels)
Class la 168 343
Class 1b 142 317
Class 2a 146 304
Class 2b 139 298
Class 3a 128 267
Class 3b 121 255
Class4 a 104 241
Class 4b 113 213
Class 5a 85 215
Class 5b 83 203
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Testing phase
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Chromosomein normal

Preprocessed Image 2

Contour plot

Possible lines

Overlapped chromosome belongsto class 3.
Thus, the PNN network classified each chromo-
some with its parameter values such as length
and perimeter. ThisPNN Classification provides
ninety-seven percent accuracy in classification
of human chromosomes. Overall comparisonis
shownin Table5.

Principal Component Analysis (PCA), Dis-
crete Wavelet Transform (DWT), Singular Value
Decomposition (SVD) and Support Vector Ma-
chine (SVM) methods are compared with Proba-
bilistic Neural Network (PNN). Among these,
SVM and PNN provide better resultsfor normal
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Fig. 6. Separated chromosome

mosomes. Based on this, the separation of the
overlapped chromosomeis carried out. The ex-
tracted chromosomes are shown in Figure 6.
chromosomes and PNN outperforms for abnor-
mal chromosomes.

Table 5: Chromosome classifier comparisons

Classifiers Accuracy (%) Error (%)
Normal  Abnormal Nor-  Abnor-
chromo-  chromo-  mal mal

somes somes

PCA 87 81 13 19

DWT-KPCA 90 85 10 15

SvD 94 89 6 11

SVM 96 92 4 8

PNN 97 93 3 7

CONCLUSON

Chromosome classification methods such as
Principal Component Analysis, Discrete Wave-
let Transform Principal Component Analysis,
Support Vector Machine based classification and
Probabilistic Neural Network (PNN) based clas-
sification are analyzed. In this, PNN provides
better classification accuracy. Theclassification
resultsfrom the Riesz transform based structur-
al similarity index and SVM were better than other
neural networksand fuzzy logic algorithms. This
method outperforms when chromosome images
are distorted in nature. Many methods fail when
uncertainty or inadequateinformationisinvolved.
This proposed method overcomes the low-level
identification problem and constitute successful

D. SOMASUNDARAM, N.KUMARESAN, VINODHINI SUBRAMANIAN ET AL.

Separated Chromosome

’ Length: 131 pixels

g’!y- Peremeter: 260 pixels

information compaction. Proposed method brings
the more efficient classification of chromosome
images. This method provides ninety-seven per-
cent of classification accuracy among the normal
and abnormal chromosomes.

RECOMMENDATIONS

The proposed classification method is best
suited for normal and abnormal chromosomeclas-
sifications. Thisstudy further extended towards
the highly degraded chromosomes to increase
the classification accuracy.
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