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1 Introduction

A chromosome is a thread-like structure that carries the 
genetic information of an individual. It is made up of DNA 
(deoxyribonucleic acid) which is tightly packed around the 
specific type of proteins known as histones that support the 
structure of the chromosome [3]. A healthy human has 23 
chromosome pairs, comprising of 22 autosomes and two 
sex chromosomes [15]. Since the chromosomes carry the 
DNA, which in turn have the instructions for the synthesis 
of proteins. The proteins in turn help in movement of mol-
ecules, help to break the toxins and do many other main-
tenance and structure building activities [14]. The muta-
tion or a change in the gene can change the instructions for 
making a particular type of protein [1]. That may cause the 
malfunctioning of the protein or absence of the gene. This 
can result in a medical condition that is known as genetic 
disorder. One can get the genetic mutation from either one 
parent or both the parents; moreover, during lifetime also 
mutation may occur. The alteration in either the number of 
chromosomes or the structure of the chromosomes leads to 
genetic defects.

A laboratory procedure named as karyotyping is used to 
study the chromosomes in the cell sample. The karyotype 
is an organized arrangement of chromosomes that has the 
chromosome pairs in decreasing order of length [25]. Kar-
yotypes are studied to find out the genetic abnormalities, 
and there may be some missing chromosome or an extra 
chromosome or a deletion of a part of a chromosome or 
duplication [38].

A cytogeneticist is the person who detects and interprets 
the chromosome abnormalities. For detecting genetic dis-
eases, automatic scanning of specimens is quite important 
as it greatly reduces the work load of the cytogeneticists 
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[11]. It helps in selecting the specimens that are analyzable. 
The cytogeneticists generally use commercially available 
image scanners 10x for screening and 100x for acquisition 
[50].

Optical microscopes are mainly used for image selection 
and analysis. The condenser of the microscope is respon-
sible for the quality of the image acquired as it controls 
the illumination and the angle at which the light enters the 
front lens [37]. It has been observed that by adjusting the 
aperture of the condenser, we can obtain more analyzable 
chromosome images.

During cell division, the morphological structure of the 
chromosomes changes in various stages. Interphase stage 
has chromosomes inside the cell nucleus for DNA dupli-
cation. The next stage is mitosis, in which each chromo-
some is split into two identical daughter cells. The mitosis 
stage is a combination of many steps, out of which meta-
phase is of much importance, in which the daughter cells 
are attached at the centromere [34]. In this stage, chromo-
somes have the best morphological features and are studied 
for diagnosis purpose [17].

For the purpose of diagnosis, the metaphase chromo-
somes are imaged using samples of bone marrow [36], 
peripheral blood [51], product of conception, amniotic fluid 
[35], etc.

The metaphase chromosomes are extracted from the 
samples by the process outlined in Fig. 1. The collected 
sample is first incubated for some days, and during that 
period, it is treated with phytoagglutinins which leads to 
increased cell reproduction rate. Toward the end of incu-
bation, the cell division is stopped by treating the sam-
ple with colchicines, so as to increase the count of usable 
metaphase chromosomes. In the second state, the sample 
is treated with mixture of glacial acid and carbinol so as 
to fix the cells at a one particular stage of cell division. 
After this stage, the microscopic slides are taken and the 

chromosomes are spread for the purpose of observation 
[34].

The chromosomes obtained above are transparent bod-
ies. So in order to analyze them, they are treated by a dye, 

Fig. 1  Metaphase chromosome 
extraction process

Fig. 2  G-banded metaphase chromosome images

Fig. 3  A karyogram of G-banded chromosomes
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so that visible bands appear on the chromosomes and thus 
they can be distinguished based upon the band patterns. 
Generally, chromosomes are stained with giemsa dye, and 
they are known as G-banded chromosomes [28]. Figure 2 
shows the meta spread image of G-banded chromosomes.

The captured images have all the 46 chromosomes ran-
domly placed. All the metaphase chromosome images 
are not suitable for analysis purpose as they may contain 
touching or overlapping chromosomes [29]. The cytogenet-
icists need to check and detect the metaphase chromosome 
images before proceeding with karyotyping [18]. Since 
4 % of the slides contain metaphase chromosomes, few of 
those are analyzable. Figure 3 shows the karyogram of the 
G-banded chromosomes.

Based upon the type of the sample, the cytogeneticists 
need different number of analyzable metaphase chromosome 
images. For bone marrow samples, they need minimum of 
20 analyzable images, as a specimen will be diagnosed posi-
tive if three or more cells are found to be affected. For the 
blood samples, 20 analyzable images are taken, out of which 
17 are used for counting the chromosomes and 3 are used for 
finding the structural and numerical abnormalities [50].

The first ever genetic disorder named as Philadelphia 
translocation was reported in 1959 by Novell and Hunger-
ford [50]. The abnormalities related to chromosomes can be 
of two broad types, namely structural and numerical [28], 
and Philadelphia translocation is an example of structural 
abnormality in which there is translocation between 9th and 
22nd chromosome, whereas Down’s syndrome is an exam-
ple of numerical abnormality in which there is an extra 21st 
chromosome. Various types of leukemia’s are marked by the 
presence of a single 16th, 18th or 22nd chromosome.

The karyotyping is generally performed manually in 
hospitals, in which visual inspection is very laborious and 
time-consuming. Apart from that, it results in difference of 
opinion and thus incorrect or biased results [21, 30]. There-
fore, there is a need for an automatic solution.

The selected metaphase chromosome images are used 
for segmentation of the chromosomes, and then, further 
each segmented chromosome is classified into one of the 22 
classes or X or Y sex chromosomes [20]. Many automatic 
tools for segmenting and classifying the chromosomes have 
been developed [2, 6, 7, 9, 10, 19, 22, 26, 32, 41]. But the 
big challenge for all these tools is that the chromosomes 
are non-rigid objects and they do not always occur straight-
ened, but they are present in different orientations, they 
may be bent, they may be touching one another, or they are 
overlapping, thus forming clusters [17].

In order to resolve the issue of touching, overlapping 
and bent chromosomes, the researchers have given many 
approximate solutions using geometric and band-based 
features of the chromosomes [24, 31, 33, 40, 42–45, 49]. 
But all these methods are based upon heuristics and do not 

give 100 % accurate results. The biometric points of each 
chromosome were calculated for the identification of chro-
mosome pairs using the parameters of band gap between 
each chromosome band and band lengths [8]. A re-segmen-
tation approach has been proposed to increase the accuracy 
of segmentation and classification [27]. Recently, a novel 
imaging method of ptychography has been developed for 
karyotyping human chromosomes by using optical and 
X-ray ptychography-based methods [39].

In addition to this, the metaphase chromosome images 
may also contain some artifacts that are not chromosomes. So 
all these things make the task of automatic segmentation and 
classification of human chromosomes into a karyotype a tedi-
ous process. In order to get an accurate karyotype, the meta-
phase chromosome image that is selected for segmentation and 
classification of chromosomes should have more of individual 
chromosomes that have clear band patterns and have straight 
orientations and are not touching or overlapping. Figure 4 illus-
trates the four steps of the karyogram generation process.

To automate the process of karyotyping, hundreds of 
metaphase chromosome images need to be physically exam-
ined by an experienced cytogeneticist, which may require a 
lot of time and effort [5]. The mood of the cytogeneticist 
may also effect the selection of the metaphase chromosome 
images. So a cytogeneticist may select few images and leave 
the remaining images that may contain vital information, so 
this method of manual selection may not result in selection 
of the best metaphase chromosome images. In this study, 
the various automatic techniques for automatic metaphase 
chromosome image selection are studied and compared.

The paper is organized as follows: Sect. 2 contains the 
various methods for metaphase chromosome image selection, 
Sect. 3 contains the comparative analysis, Sect. 4 contains dis-
cussion and future directions, and Sect. 5 contains conclusion.

2  Methods for metaphase chromosome image 
selection

2.1  R Huber’s method

In this approach, a three-phase detection method is 
used to find the metaphase chromosome image. In the 

Chromosome Image Selection

Segmentation of Chromosomes from Selected Image

Feature Extraction from Individual Chromosomes

Classification of the Chromosomes in 24 Classes

Fig. 4  Karyogram generation process
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starting phase, analysis is performed on values of the fil-
tered objects count (FOC) that have gone through band 
pass [16]. An analyzable metaphase chromosome image is 
possible if it shows sequential high values. In the middle 
phase, FOC is considered for horizontal distribution. If in 
this phase it gets consecutive high values, this indicates a 
possible analyzable metaphase chromosome image. In the 
third phase, a contour following method is applied to com-
pletely analyze the image. Thresholding is applied to the 
image before extraction of the features.

Following features are extracted:

(1) Count of filtered FOC values pertaining to rectangle.
(2) Count of objects inside the rectangle that satisfy the 

criteria of threshold.
(3) Selected objects average area.
(4) Average length of contour.
(5) Average quotient of length of contour and area.
(6) Ratio of squared total contour length and total area.
(7) Summation of the product of the area of the object and 

the object distance from center of other objects.
(8) Summation of all distances of objects in comparison 

with the center.
(9) Ratio of summation of distance from center and sum-

mation squared distances from center.

The images are classified as metaphase images and non-
metaphase images using multivariate classifier.

This method is very time-consuming and tedious. It does 
not consider the quality of the metaphase chromosome 
image being selected. It is not usable for the metaphase 
chromosome images that have touching and overlapping 
chromosomes.

2.2  Victor Gajendran’s method

In this work, system is proposed that automatically counts 
the chromosomes in digital images. This system has two 
phases, namely preprocessing and counting phase. In the 
preprocessing phase, hysteresis thresholding segments 
the chromosome objects from the background. Further 
median filtering method is used to remove salt and pep-
per noise and also filling the holes of chromosomes and to 
smoothen the chromosome contours so that when thinning 
is applied, then extra branches are not created [13]. Thin-
ning operation is performed to obtain the single pixel width 
skeletons of chromosomes or their clusters. After this the 
average width of all the skeletons is calculated. It has been 
observed that all the chromosomes have consistent width. 
So all those skeletons that are less than the average width 
of the skeletons are treated as noise and are not considered. 
Based upon the same lines, the slight connections are also 
removed.

The counting phase takes the noise-free and skeletonized 
metaphase chromosome images as input, and it labels all 
the skeletons present in the input metaphase chromosome 
image. Then, for each component, the end points and cross-
overs are identified. The raster scanning method is used for 
finding the first end point, and it is traced until next end 
point is reached and if a crossover is reached, then the path 
that first appears is taken. While tracking the skeleton all 
other pixels are deleted except for the crossover pixels. 
The count of chromosomes is incremented by one for each 
component, and all the above steps are repeated till all the 
end points are traced.

This method is just usable to count the number of chro-
mosomes in the metaphase chromosome image. This 
method counts the touching and overlapping chromosomes 
as well. It is efficient as the error rate is just 6 %. The main 
drawback of the proposed method is that it does not rank 
the metaphase chromosome images.

2.3  Wang X’s method

This method classifies the metaphase chromosome 
images into two categories, viz. analyzable metaphase 
cells and non-analyzable metaphase cells [50]. It is a 
five-step process. In the first step, they have taken a digi-
tal image and the image quality is enhanced using median 
filtering. In the second step, the thresholding is applied to 
remove the high gray values. Third step is region labe-
ling to find connected components, and individual pixels 
are deleted. The fourth step takes the labeled components 
and computes the features. The five features to be com-
puted are:

1. The count of the labeled components (Nm) is computed 
for each metaphase chromosome image.

2. The pixels present in each labeled component is 
counted (Si × Nm)

3. The circularity of each labeled component is calculated 
as Ci =

Nc

Nm
, where Nc count of pixels located in the cir-

cle and region contour and Nm stores the count of pix-
els inside the labeled component.

4. Each labeled components average gray value is com-
puted as (Iave = 1

n

∑n
1 Ii.)

5. The length between the center of the cell (xc, yc) and 
each labeled region (xk, yk) is calculated. 

Then, in the fifth step, the computed features are passed 
to two machine-learning-based classifiers, namely decision 
trees and artificial neural networks, and the results are fur-
ther optimized.

Lk =

√

(xc − xk)
2 + (yc − yk)

2



1151Med Biol Eng Comput (2016) 54:1147–1157 

1 3

This method considers the quality of the image. But it 
cannot be used in images with touching and overlapping 
chromosomes. It is slow and does not rank the chromosome 
images.

2.4  Yan Wenzhong’s method

In this work, an attempt has been made to extract the count 
of chromosomes from a metaphase chromosome image that 
has overlapping chromosomes. For selecting the images, 
firstly they have used histogram equalization to enhance 
the image contrast [52]. Then, a binary image is created 
by using thresholding. In order to remove light and small 
objects, the binary image has been eroded.

Let Ak be an image that is being eroded kth time

where B represent structure element, ⊗ represent erosion 
element. Yk is a subset of connected components in one part 
of Ak if l > k. Ak will disappear from Al

Then, Yk = Ak − Uk, where ⊕ denotes dilation operator
If the image has many connected components, then they 

are denoted as

m represents the count of erosion operation.
The overlapping chromosomes were counted by the fol-

lowing method:

1. Initially, it is assumed that there is only one chromo-
somes in the cluster.

 Max = 1
2. Structure element (B) of radius 3 with Euclid disk is 

used.
3. Erode image using B
4. Eight-connected component method is used to label the 

components, and m represents the count of chromo-
somes.

5. The nonzero num variable is compared with max.
6. Max is assigned num if num exceeds max.
7. If num is less, then max go to step 3.
8. If num = 0, then max is equated to number of chro-

mosomes in the overlapping metaphase chromosome 
image.

The proposed method is fast, and it considers the quality 
of the image. It does not rank the metaphase chromosome 
images.

Ak = A⊗ kB

Uk = (Ak+1⊕{B});Ak

Y =
⋃

k=1,m

Yk

2.5  Ravi Uttamatanin’s MetaSel method

They have taken the metaphase chromosome images, and 
prior to analysis, they have defined the objects of the meta-
phase chromosome spread into four different classes. The 
class 1 is assigned to objects that are straight and are sepa-
rate distinguishable entities, class 2 is assigned to objects 
that are either bent or skewed entities, class 3 is assigned 
to objects that are clusters of touching or overlapping enti-
ties, whereas class 4 is assigned to leftovers of the cell or 
artifacts [46, 47].

Their work aims at automatically choosing a high-qual-
ity metaphase chromosome spread image so as to make 
the task of automatic karyotyping simpler and more accu-
rate. They have preprocessed the metaphase chromosome 
images using Otsu’s automatic thresholding [37] to seg-
ment the chromosome images from the background. The 
classification of the chromosomes has been done using 
width, height and its ratio, so as to categorize the objects 
into four classes as defined above.

where Ar is count of pixels in the enclosing rectangle 
(Wrect × Hrect) of extracted component and Ao represents 
pixels of extracted component. Wrect and Hrect represent 
width and height of rectangle. Area ratio can be used to 
check whether the chromosome is straight. Kernel density 
model-based empirical probability density function was 
calculated. Then, a Gaussian-based method was used to 
find the minimum threshold value pertaining to the ratio of 
area and was used to classify the chromosome into class 1. 
But this may also contain some cell residue or artifacts. In 
order to remove them, it was observed that the width of the 
chromosomes is consistent, so the objects classified as class 
1 can be considered as cell residues or artifacts, and if their 
width is not consistent, then they can be assigned class to 4. 
If the width of the object is 1.5 times the average width of 
class 1 objects, then those objects are not considered.

Ow represents the objects that has width <1 and a half 
times total average width. The individual objects width is 
defined as:

Average width can be calculated as

Rectangle width ratio can be calculated as

Arearatio =
Ao

Ar

Wi =
Total number of pixels in chromosome

Hrect

Wavg =

∑

i∈Ow
Wi

|Ow|

Wrectratio =
Wrect

Wavg
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So if Wrectratio for an object is less than the threshold value, 
then it can be classified into class 2, class 3 or class 4 
categories.

To differentiate among classes, height is considered.

The ratio between height (Hi) and height of rectangle (Hrect) 
is compared using height ratio (Hiratio).

Using empirical density function and Gaussian model, 
it was found that the objects having Hiratio are less than a 
threshold value where considered as class 4 objects.

Now in order to distinguish between class 2 and class 3 
objects, one more parameter was computed, i.e., maximum 
width ratio (Wmaxratio).

The empirical probability density function and Gauss-
ian method were deployed for separating threshold for 
class 2 and class 3 objects. When Wmaxratio will be greater 
than threshold, the object will be classified as class 3 
object and the one with lesser will be classified as class 2 
object.

The simple rule-based Gaussian classification techniques 
can rank the metaphase chromosome images depending 
upon the count of objects belonging to each class. The 
metaphase chromosome images with largest count of class 
1 objects are considered as the best candidates to be cho-
sen for further automatic segmentation and classification of 
chromosomes for karyotype generation.

This method considers the quality of the chromosome 
images, is fast, can count touching and overlapping chro-
mosomes as well, and above all, it ranks the metaphase 
chromosome images. It is a computationally expensive 
approach.

2.6  Ravi Uttamatanin’s band classification method

In this work, they have classified the chromosome meta-
phase images into low and high band resolution consider-
ing the shape of chromosomes [48]. In the low band reso-
lution chromosomes are small in size and are well spread 
and there is no touching or overlapping, so it is suitable for 
counting the number of chromosomes. In the case of high 
band resolution, the chromosomes are long, they may be 
bent or overlapping so these band chromosomes are used 
for detecting structural abnormalities. The metaphase chro-
mosome image with low band resolution is used for count-
ing the number of chromosomes, whereas the high band 

Hi =
Ao

Wavg

Hiratio =
Hi

Hrect

Wmaxratio
=

Wmax

Wavg

resolution images are considered for structural abnormality 
checking.

In order to classify the metaphase chromosome images 
based upon resolution of bands, the metaphase chromo-
some images are preprocessed based upon gray-level 
adjustment and Otsu’s thresholding, to separate the fore-
ground and background objects. After segmenting the fore-
ground and background objects, the segmented objects are 
rotated so that they are vertical. After this preprocessing, 
the parameters of the individual chromosomes are calcu-
lated such as area ratio (Arearatio), average width (Wavg), 
width of each object [Width(Wi)], ratio of width and aver-
age width (Wrectratio), height (Hi), height ratio (Hiratio), maxi-
mum width ratio (Wmaxratio), length (L).

Then, based upon the following algorithm, the chromo-
somes are classified as low band resolution and high band 
resolution.

1. Image parameters such as area ratio (Arearatio), average 
width (Wavg), width of each object [Width(Wi)], ratio of 
width and average width (Wrectratio), height (Hi), height 
ratio (Hiratio), maximum width ratio (Wmaxratio), length 
(L) are calculated.

2. If the area ratio > threshold, the objects are classified 
as other objects, else they are classified as straight 
chromosomes.

3. For straight chromosomes, Wavg is calculated, and then 
compared with min Wrectratio, if it is less than threshold, 
then the objects are classified as small artifacts, and if 
that is more than the max threshold, then they are clas-
sified as large artifacts, else they are classified as indi-
vidual chromosomes.

4. For other objects, Hiratio is calculated, if it is less than a 
threshold value, then they are classified as small arti-
facts, else the Wmaxratio is calculated, and if it is greater 
than the threshold, then the objects are classified as 
large artifacts, otherwise they are classified as individ-
ual chromosomes.

5. For the individual chromosomes, the length is calcu-
lated.

6. If length is greater than a minimum value of thresh-
old, then the image is assigned as high band resolution 
image, else it is assigned as low band resolution image.

This method is fast and considers geometric and band 
features, but it does not count the number of individual or 
touching chromosomes.

2.7  Yuchem Qui’s method

They have developed a fully automatic microscope-based 
image selection system which is based upon the scanning 
concept of time-delay integration (TDI) [36]. They have 
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continuously scanned the image, while the object is mov-
ing. The blur is removed by dividing the long exposure 
time to short exposures. The TDI-based scanning produces 
high-resolution images. In order to find out analyzable met-
aphase chromosome images, it is necessary to automati-
cally locate region of interests (ROI).

They have applied two methods to detect ROI’s, viz. 
online method and offline method. The online method 
saves the ROI’s during scanning process only for those 
metaphase chromosome images that are suspected to 
be analyzable, whereas in case of offline method, each 
scanned image is first saved and then processed to detect, if 
it contains analyzable chromosomes or not.

The ROIs are segmented and labeled by region growing 
and labeling algorithms. The labeled regions are discarded 
based upon the threshold values of size and circularity. 
The remaining labeled regions are analyzed for average 
intensity, area circularity, radial length of the center. Based 
upon the above features of the labeled regions, the images 
are classified as analyzable and non-analyzable. The pro-
posed method can find out more analyzable metaphase 
chromosome images and has more efficiency, and the sys-
tem can directly provide the high-resolution images to the 
computer.

This method is fast and considers geometric and inten-
sity-based features [23]. It does not consider touching and 
overlapping chromosomes, error rate is higher, and it does 
not rank the metaphase chromosome images.

3  Comparative analysis

The task of automatic karyotyping of human chromosomes 
is very challenging. The chromosomes are non-rigid bod-
ies which are scanned using a microscope and are vis-
ible as distinct bodies only toward the end of cell division 
[12]. The metaphase chromosome images contain the vis-
ible chromosomes. But these chromosomes may be bent, 
touching or overlapping. Thus, studying the characteristic 
features of an individual chromosome is a tedious process. 
After 46 years of long research, the task of automatic chro-
mosome segmentation and classification is still an open 
issue.

After reviewing the literature and work done by vari-
ous researchers in the field of automatic karyotyping, it has 
been concluded that owing to the non-rigid nature of chro-
mosomes, the segmentation of touching and overlapping 
chromosomes cannot guarantee 100 % accurate feature 
extraction by automated means.

So it is suggested to take up those metaphase chromo-
some images only for analysis or study purpose for auto-
matic karyotyping that have least amount of bent, touching 

or overlapping chromosomes, so that the chances of inac-
curacies are minimized.

Most of the works for automatic segmentation and clas-
sification of human chromosomes rely on manual selection 
of metaphase chromosome images. The manual selection is 
very time-consuming process. The efficiency of the process 
depends upon the human behavior and the time constraints. 
So the search results may be biased or not up to the mark, 
or it may be that whole of the search space is not explored.

So there is a strong need to automate the process of 
metaphase chromosome image selection prior to automated 
segmentation and classification of the chromosomes. Few 
researchers have worked in this area and have come for-
ward with methods by which they can classify the meta-
phase chromosome images into analyzable and non-analyz-
able categories, and some have tried to rank the metaphase 
images in order of most analyzable to least analyzable 
depending upon the number of individual chromosomes, 
bent, touching or overlapping chromosomes present in the 
meta spread.

To date, very less focus has been given to automate the 
process of automatic metaphase chromosome image selec-
tion. The automatic selection of metaphase chromosome 
images will be beneficial in two ways; firstly, it will reduce 
the time of cytogeneticist to select the metaphase chromo-
some image manually, and secondly, it will save the time 
while processing and analyzing the metaphase chromo-
some image for segmentation and classification purpose.

In the year 1995, Huber et al. [16] proposed a method 
that classifies the input image as metaphase chromosome 
image or a non-metaphase chromosome image considering 
nine geometric features, but his method has no control over 
quality of metaphase chromosome images, it is a slow pro-
cess, it is not useful if the image contains touching, over-
lapping or bent chromosomes, no ranking of the metaphase 
chromosome images is done, and it considers only the geo-
metric features.

In 2004, Gajendran and Rodriguez [13] proposed a 
method that helps to count number of chromosomes in a 
metaphase chromosome image, it considered three geomet-
ric features to count the chromosomes, and it was capable 
of counting touching and overlapping chromosomes as 
well. It is a slow process, and above all it does not classify 
the images.

In 2008, Wang et al. [50] proposed a method that con-
siders five geometric and intensity features, to classify the 
metaphase chromosome image as analyzable or non-ana-
lyzable. It is not capable of handling the touching or over-
lapping chromosomes. It does not rank the images.

In 2009, Wenzhang [52] proposed a method that is sim-
ple and fast, and it counts chromosomes based upon con-
nected components. It is workable in case of touching 
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and overlapping chromosomes, but it does not classify the 
image.

In 2013, Uttamatanin et al. [47] proposed a MetaSel 
method that can classify and rank metaphase chromosome 
images based upon 8 geometric features. It is workable for 
touching, overlapping and bent chromosomes. The only 
drawback of the technique is that it is computationally 
expensive, as it considers all the metaphase chromosome 
images and then ranks them.

In 2013, Uttamatanin et al. [48] proposed a band clas-
sification method that can classify the metaphase chromo-
some images as low band resolution and high band resolu-
tion images. The low band resolution images can be used 
for counting the chromosomes, whereas high band resolu-
tion images can be used for finding structural anomalies.

In 2014, Qiu et al. [36] has proposed a image selection 
technique based upon the scanning concept of time-delay 
integration. The region of interest is detected using online 
and offline methods. They have considered 5 geometric and 
intensity-based features to classify the images into either 
analyzable or non-analyzable. But their method cannot 
handle touching and overlapping chromosomes.

In this paper, an effort has been made to compare most 
of the proposed metaphase chromosome image selection 
techniques. The comparison has been done based upon 12 
parameters that can compare the reported metaphase chro-
mosome image selection techniques. The parameters con-
sidered for the comparative analysis of metaphase chromo-
some image selection techniques are: number of classes 
that is how many groups are being formed for the purpose 
of classification, control over quality of images it assesses 
whether preprocessing is being done to enhance the image 
quality or not, speed parameter judges how fast the pro-
cess can execute, does it rank images parameter compares 
if the considered images are being ranked for the purpose 
of selection or not, features considered parameter compares 
the method based upon the type of features that are con-
sidered while classifying the images, error rate states the 
efficiency of the method, counts number of chromosomes 
parameter sees whether the proposed method counts the 
number of chromosomes present in the image under con-
sideration or not, counts number of overlapping chromo-
somes parameter compares the methods if they can count 
the number of overlapping chromosomes, number of fea-
tures parameter counts the number of features considered 
for the purpose of classification, classifier used sees which 
classification technique has been used to classify the meta-
phase chromosome images, workable in case of touching 
and overlapping chromosome parameter tells whether the 
method will work in case the input image has touching or 
overlapping chromosomes and workable when the chromo-
somes are thin and long parameter compares the methods 
for their capability to analyze thin and long chromosomes.

Every proposed method has its own set of features. In 
the below Table 1, all the methods are compared against a 
set of parameters. The comparative analysis suggests that 
the best method so far is the Ravi Uttamatanin’s MetaSel 
method [47], as it ranks the metaphase chromosome images 
based upon the objects present, thereby making the task of 
karyotype generation very easy and efficient. Other meth-
ods are not much efficient as they just either counts the 
chromosomes or they just suggest whether the metaphase 
chromosome images are analyzable or not.

4  Discussion and future directions

All the methods so far proposed for automatic metaphase 
chromosome image selection have focused much effort on 
segmenting the objects from all the metaphase chromosome 
images, whereas only few images are to be selected for the 
actual analysis purpose. Therefore, the task of segmenting 
the objects becomes time-consuming. Time and effort are 
being spent on those images that have no potential to be 
selected as analyzable chromosome images.

Secondly, each stored image needs significant stor-
age space; all the images are stored irrespective of the fact 
whether they fulfill the minimum criteria of number of 
objects present in the image. Therefore, a method needs 
to be integrated within the scanner, so that at the time of 
scanning only those images should be saved for future pro-
cessing that satisfy minimum criteria of number of distinct 
objects present in the scanned image.

Thirdly, none of the reported studies have tested and 
validated their proposed approaches on standard datasets. 
So the results are not directly comparable. Each one has 
proposed their own approach without comparing with the 
existing methods.

All the methods for metaphase chromosome segmenta-
tion and classification are based upon the approximation of 
the segmentation results for touching and overlapping chro-
mosomes [4]. The approximate results are not good enough 
to be considered for the purpose of diagnosis of a medi-
cal condition. So a method needs to be developed that gives 
accurate results.

So far no work has been carried out to emulate the image 
selection criteria of the human cytogeneticists.

5  Conclusion

Based upon the comparative analysis and the above dis-
cussion, it can be concluded that the Ravi Uttamatanim’s 
MetaSel [47] method is the best possible approach so far as 
it can be used to rank the metaphase chromosome images. 
This method further helps in reducing the complexity of 
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automatic segmentation and classification and make the 
task simpler and efficient.

The automation of the metaphase chromosome image 
selection process can enhance the efficiency of the auto-
matic karyotype generation process. It can remove the reli-
ance on the experienced cytogeneticist, thereby creating a 
fully automatic system for automatic karyotype generation.
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